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Abstract

Poor inventory management negatively affects a company’s profits. Too little stock limits potential
sales and customer satisfaction while too much stock increases storage costs and potential damage.
Company X distributes butter in a multi-echelon supply chain consisting of multiple entities such
as a manufacturing plant, distribution centre and retailers before reaching the customer. For every
1% of the demand that is not met, revenue in excess of R18 million is lost per year. This study
aims to use machine learning methods (supervised and reinforcement learning) for optimal
decision making that maximizes profits. Supervised learning methods (random forest, recurrent
neural network and support vector machines) were used to forecast the demand based on historical
data. Thereafter, deep reinforcement learning (DRL) was used to train an agent to decide when and
how much to order over a period of a year. Various algorithms (PPO and DDPG) and unique
reward functions were tested and the performance was compared to a benchmark heuristic that
stocks inventory based on a sum of the forecasted demand. The random forest algorithm performed
the best at predicting the forecasted demand. The DRL model using a continuous action and state
space together with the DDPG algorithm and a reward function based on a combination of the
current profit, order fulfilment rate, units available and units unsatisfied performed the best. The
DDPG algorithm outperformed the PPO algorithm with the DDPG model being able to provide a
21% increase in net profit over the benchmark heuristic when the production and warehouse
facilities of the supply chain were merged. The DRL models were not able to provide a higher
order fulfilment rate compared to the benchmark heuristic but they were able to provide better
asset utilization by sending full trucks and minimizing the inventory held to maximize the
profitability in the supply chain. The results suggest that RL has potential of better handling the
stochastic constraints (demand and lead times) in real supply chains to automate the ordering
process. It was found that increasing the order fulfilment rate does not necessarily lead to higher
profits and the reward function has a significant effect on the net profit which can be further
optimized in the future.
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1 Introduction

This research aims to explore the possibility of developing an automated model using machine
learning techniques to determine an optimal ordering strategy that maximizes the profitability and

order fulfilment rate in a particular supply chain.

1.1 Research background

A supply chain is a sequential network of processes involved in the production and sale of a
product. Inventory management is a strategy used to manage the planning, manufacture and
distribution of goods in a supply chain to ensure optimal amounts of goods are stored to meet
customer demand while maximizing profits [1]. Inventory is stored to respond to fluctuations in
demand and supply, accounting for seasonal trends as well as taking advantage of economies of
scale related to purchasing, transportation and manufacturing. An inventory policy is a guideline
regarding what to manufacture or purchase, when to order, in what quantity and where the products
should be located geographically [1]. The order fulfilment rate or fill rate is the percentage of
customer demand that is satisfied from inventory on hand. By holding more inventory, a higher fill
rate can be attained but the inventory costs also increase hence, the optimal balance between
inventory costs and the fill rate is required.

Many inventory control problems limit the efficiency of supply chains. A bullwhip effect is a
common phenomenon caused by the fluctuating demand at the customer end of a supply chain.
Figure 1 shows that when the customer demand increases, the retailer overestimates the customer
demand causing the retailer to increase their orders. This results in the supplier overestimating the
retailer demand causing the supplier to overproduce their products. Similarly, when the customer
demand decreases, it leads to the retailer decreasing their orders and the supplier underproducing
their products. Customer demand uncertainty increases upstream of the supply chain resulting in a
larger shortage or excess of goods. Poor communication and incorrect demand forecasts create an
imbalance between supply and demand which is amplified at each step moving upstream of the
supply chain. Shorter product cycles in recent times due to technological advancements, changing
trends and competition cause larger fluctuations in shorter periods of time making it more difficult
to predict the future demand. Manual stock-taking and the use of outdated software is time-
consuming and can lead to inaccurate records of stock being available at various positions of the
supply chain resulting in larger lead times and storage costs [3]. Stock such as food items requires
careful and frequent control to ensure good quality and safety [3]. Unclear communication and a
lack of expertise can harm employee relationships affecting their productivity with larger
probabilities of placing incorrect orders, late deliveries, and damage to goods [3].



Bullwhip Effect

v

A

Retailer R

O :

A

B

I

L

I

Customer T

Starts the variable demand | Y
at the retailer end. Wholesaler <

Manufacturer

Figure 1: Diagram showing the bullwhip effect in supply chains [2].

Research shows that manual inventory tracking is still conducted by 43% of small businesses as
of the year 2017 which can be time-consuming and susceptible to human errors [4]. Most
companies have 20-40% of their working capital attached to inventory which lead to large revenue
losses if inventory is poorly managed [5]. 34% of businesses miss a shipment deadline because
they sell a product that was out of stock limiting their profitability [6]. Future supply chains need
to be more agile, adaptable and aligned (Triple-A supply chain framework) through clear visibility

and constant supervision to minimize wastage and increase revenue of businesses.

1.2 Case description

This research considers inventory management for company X that produces and distributes butter.
Due to confidentiality, the real name is not mentioned but real data was used from the company.
The supply chain structure of this company is shown in Figure 2 which consists of a single
production unit (butter blocks are produced in the factory), a single warehouse (mass storage
location for the butter blocks) and five outlet stores (different locations from which customer
demand is satisfied) with delivery trucks in operation between the various locations in the supply
chain. The warehouse facility receives finished goods from the production facility whereas the five
outlet stores can be supplied from either the production or warehouse facility. Customers can place
orders at the warehouse or any of the five outlet stores. To perform inventory management, relevant
supply chain data was obtained including historical customer demand, product price and lifespan,
costs (manufacture, storage, and transport), limits on production sizes, capacity (storage and truck)
constraints, and lead times (processing and transport). Company X wants to find the optimal way to
produce, distribute, and store butter to maximize profits. Relevant supply chain parameters and their
corresponding values from Company X that are used in this research are included in Appendix A.



Outlet 1

Outlet 2

.
-
Production = pEr——e====e= R Outlet 3
~ -
-~

Outlet 4

Outlet 5

Figure 2: Diagram showing the supply chain of Company X.

A heuristic is a practical strategy used to solve problems and make observations quickly and
efficiently [7]. Company X uses a heuristic that involves storing inventory at each stock point based
on the sum of forecasted demand for the next few days. For each of the outlets, seven days of their
respective forecasted demand was used while the warehouse was based on its twelve-day forecasted
demand. This guides stock replenishment processes at each timestep in an attempt to maximize
profit. However, this method can potentially be improved upon by using machine learning
approaches that incorporate the stochastic nature of components in the supply chain to determine
a variable inventory policy (optimal order quantities at each timestep) that will maximize profits
[8]. A modification of the supply chain structure such as merging the production and warehouse
facility also has the potential to reduce logistics costs and improve customer accommodation and

will be tested in silico to determine if it can further improve the net profit.

Some interesting statistics regarding the supply chain of Company X include:

e The storage cost of each butter block in the production facility of the company is R0.11 per
week and the storage capacity is 3, 175, 200 units, hence if the storage cost can be reduced
by even 1%, it provides a significant saving of money of approximately R3, 500 each week
which is approximately R182, 000 for a year. Using a similar approach, the storage cost for
the entire supply chain reduces by approximately R500, 000 for every 1% reduction in
storage costs.

e Historic demand data (sales) for the past year (361 days) is available with the total units
sold amounting to 73, 266, 690 units providing a total revenue of R1, 831, 667, 250 using
a selling price of R25 per unit. For every 1% of the demand that is not met, revenue in

excess of R18 million is lost for a year, hence accurate forecasting and inventory



management have the potential for achieving significant increases in profits. The current
fill rate in the company is approximately 95%, based on the current heuristic.

e The trend of the historical demand for a single outlet (Pretoria) can be observed in Figure
3. Promotions are run at various periods leading to large fluctuations which can be taken
advantage of to maximize the service level and profitability of the company. For example,
a large spike in the graph can be observed in the month of November which could

potentially be linked to Black Friday deals.

Demand forecast for the Pretoria outlet over a period of a year
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Figure 3: Actual historic demand for the Pretoria outlet.

1.3 Problem description

The problem statement can be summarized as follows: poor inventory management can negatively
affect a company’s profits. Poor demand forecasting and inefficient inventory policies (when and
how much to order) cause a bullwhip effect reducing the stability of supply chains. Having too little
stock on hand can lead to a loss of potential sales and customer satisfaction while too much stock
can lead to increased storage costs, wastage and potential damage of goods. Traditional inventory
control methods, mathematical models and heuristics have provided effective methods to improve
inventory management in the past. However, it was difficult to incorporate stochastic supply chain
constraints (demand and lead times) causing the methods to become too complex and time-

consuming relying heavily on assumptions/simplifications making them less realistic.

1.4 Artificial Intelligence

The current trends in supply chain management include going green, circular supply chains,
increased supply chain integrations, shorter product lifecycles, elastic logistics, better
transparency, blockchain tools, robotic automation and artificial intelligence [9]. Artificial

Intelligence (Al) is the ability of digital system to mimic human-like behaviour by performing
4



tasks such as learning, reasoning and acting in an environment to accomplish a particular goal. Al
technology aims to enhance productivity and performance by automating tasks that previously
required a human element. Al has shown to outperform human abilities at natural language and
image processing making it the future of all complex decision making as it has the potential to
achieve goals more easily, quickly and effectively [10]. Al is currently the main trend in supply
chain management as it has the potential of managing large amounts of stochastic supply chain
data in real time [11]. It also allows for testing of different scenarios to determine an optimal
ordering strategy for a particular supply chain. Machine Learning (ML) is a subset of Al that uses
data and algorithms to create models which allow a machine to conduct human-like tasks such as
identifying patterns, analysing/categorizing data and making predictions about new data. An
increase in data, computational power and development of new techniques enhances the power of
solving complex problems and discovering new insights. ML can be used in supply chains to assist
with inventory management by accounting for various constraints (capacity, cost, lead times,
product lifespan) and forecasting the demand to learn how operations should be planned ahead of

time to maximize profits.

ML is divided into supervised, unsupervised and reinforcement learning depending on the type of
feedback and goal of the learning process. Figure 4 illustrates that supervised learning is like
learning from a teacher who guides your learning, unsupervised groups the observed data
according to similarities and differences and reinforcement learning involves an autonomous agent
learning to perform a task through trial and error in an interactive environment. Supervised learning
utilizes matched pairs of input and output data (labelled data) to predict and forecast the trends of
a specific topic whereas unsupervised learning attempts to find patterns in uncategorized data
(unlabelled data) [12]. Supervised learning is most commonly used in classification and regression
analyses whereas unsupervised learning is typically used in association and clustering applications.
Reinforcement learning (RL) uses a continuous feedback loop incorporating an agent (such as the
supply chain manager), actions (such as the amount of stock replenishment), states (such as the
position within the supply chain including the availability and position of stock, etc) and rewards
(such as the extent of profit or loss achieved) indicating how good/bad the action was in an
environment (such as the representation of the inventory system in a supply chain) [12]. It is able to
handle large and stochastic input datasets in complex environments in which the model learns [13].
RL can learn to take sequential actions to maximize returns (which are accumulated rewards) [13]
providing recommendations on when and how much stock to replenish at each timestep thereby

finding the balance between inventory costs and the fill rate to maximize profit.



Machine Learning

Raward

Supervised Learning Unsupervised Learning Reinforcement Learning

Figure 4: Different ML techniques [14].

RL uses a similar method in which humans learn and have shown promising results in other fields
such as computer chess players and autonomous vehicles [15]. RL and humans both use feedback,
learn from trial and error and adapt their strategies based on changing environments. However, RL
may not be able to capture all the complexities of reality, can struggle to generalize information
requiring large amounts of data and time to learn effectively. Additionally, computers act logically
without the effect of negative factors such as hype, greed, indecisiveness and other human emotions.
In 2016, Google’s AlphaGo RL model was able to defeat the world’s best human player at the game
of go [16]. This shows RL’s capabilities of determining brand new solutions that is outside of the
input dataset (which is used to train the RL model) making it a promising technique for this research.
Forecasted demand data can assist with storing optimal units, cost savings, promotional planning
and overall supply chain efficiency. Supervised learning techniques is used to forecast the demand
which then forms the input of the baseline heuristic model (to calculate the inventory target) and
a RL model (part of the state space) to learn an optimal ordering strategy. Further investigation is
required to test whether RL can improve inventory management in the supply chain of Company X

throughout a year to maximize profits.

1.5 Research Question

How does the net profit of a reinforcement learning approach compare to the heuristics technique
when applied to the supply chain of company X and to a modification of the supply chain structure
(merging the production and warehouse facility) to improve inventory management over a period of

a year?



1.6 Research Objectives

The overall objective of this research is to apply reinforcement learning for inventory management

(when and how much to order) in the supply chain of company X to maximize profits and compare

its net profit achieved over a period of a year with the heuristic technique. The sub-objectives of this

research include:

To predict the forecasted demand using a supervised learning model based on actual historic
sales data.

To compare the net profit of the reinforcement learning model with the heuristics technique
when applied to the supply chain of Company X in its current state.

To merge the production and warehouse facility in the supply chain of Company X and
compare the net profit achieved using the reinforcement learning model with the heuristic

technique.

1.7 Contribution to literature

The following contributions are made in this research in the fields of inventory management and

deep reinforcement learning:

A combination of supervised learning and reinforcement learning was applied to an inventory
management system.

Reinforcement learning is applied to a case that has not been considered before using a unique
combination of real supply chain parameters (Section 1) and unique action, state and reward
variables (Section 3). This adds value to the inventory management community as it allows
for a more complex supply chain to be modelled using real supply chain data from a
company. This also adds value to the reinforcement learning community indicating useful
supply chain parameters to include in the action, state and reward function of an inventory
management RL environment.

To the best of our knowledge, this is the first research that applied the Deep Deterministic
Policy Gradient algorithm to a multi-echelon inventory system with a general network
structure (stock points having many successors and many predecessors) using real supply
chain data (Section 2). The DDPG model achieved a marginally lower net profit but utilized
approximately half of the supply chain compared to the benchmark heuristic.

RL helps determine what aspects of a supply chain is working well and what is not with the
potential of advising certain business decisions in the future relating to supply chain
structure, pricing and distribution of goods based on current trends (Section 4). For

example, the production storage costs were too high resulting in very little units being
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available at the warehouse. Thus, a RL model can be simulated with a reduction in
production storage costs and optimized in the future to determine whether the profitability
increases.

Increasing the fill rate in the supply chain does not necessarily lead to higher profits which
was shown in Section 4.



2 Literature review

This section provides detailed information about the machine learning techniques and the Python
software that will be used in this research. Prior works are also presented that shows related work

performed on the subject in the past.

2.1 Supervised learning

Supervised learning was briefly discussed in Section 1.4 and was used to forecast the demand in this
research. The supervised learning workflow is shown in Figure 5 which usually involves obtaining
raw data, pre-processing the data and splitting it into a training and validation set [17]. Different
algorithms are used to build models on the training set with their performance compared on the
validation set. The model with the best performing algorithm is used to make predictions on new
data to achieve the goal providing a benefit (profit). Algorithms attempt to imitate intelligent human
behaviour of decision making with hyperparameter tuning being performed to optimize their
performance. Linear Regression, K-Nearest Neighbors Regression, Random Forest and Support
Vector Regression was considered in this study as they are the most common regression algorithms
[18].

Training
Set
Scaled

Data
Validation

Set

Validate

Figure 5: Supervised Learning Workflow [17].

2.2 Supervised learning algorithms
2.2.1 Linear Regression (LR) model

LR is a parametric model since it assumes the functional form to be linear and consists of a finite
number of parameters. A straight-line function, hg, is fit with the aim of estimating the weight
parameters, theta, 8, for each training feature as shown in Equation 1 that best represents the general
trend of the dataset. During training, the theta coefficients are continually iterated such that the mean
squared-error (MSE) between the actual y-values of the data points and the predicted y-values on the

straight line is minimized [19]. This is a simple ML model with little complexity making it the



baseline model for this application even though the dataset is nonlinear as it consists of seasonal

demand with fluctuations based on many external factors.
hg = 90 + 91x1 + 92x2 + - (1)

2.2.2 K-Nearest Neighbors (KNN) Regression model

KNN is a non-parametric model since it does not assume a fixed functional form and the number of
parameters increases as the training dataset increases. Predictions are made based on taking the
average of the output values from the nearest data points with ‘k’ referring to the number of neighbors
considered [20]. An example is shown in Figure 6a where the y-value for x = 4 is predicted using
the blue dots which represent the input training data [21]. Using k = 1, the nearest neighbour on the
x-axis is X = 3.2 which has a corresponding y-value of 6. Thus, the predicted y-value for x = 4 is 6.
Using k = 2, the nearest neighbours on the x-axis is x = 3.2 and x = 5 with corresponding y-values
of 6 and 3 respectively. Thus, the predicted y-value is calculated by averaging the two y-values
amounting to 4.5. Similarly, using k = 3, the predicted y value for x = 4 is 3.8. It is noticed that
increasing the k-value does not necessarily lead to improved performance but rather there exists an
optimal ‘k’ value that provides the most accurate prediction. During training, a range of k-values is
defined (for example 1 to 10), cross validation is used to test each k-value by splitting the training
data into multiple folds and training the model on each fold while validating on the remaining data
using a performance metric such as MSE. The optimal k value is the one that has the minimum error
on the validation set. This model is expected to provide improved performance over linear regression
as it should be able to account for some nonlinear effects in the dataset as shown by the non-linear
red line in Figure 6b.
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Figure 6: K-Nearest Neighbours regression models [21].
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2.2.3 Random Forest (RF) Regression model

A decision tree model’s decision and their potential consequences by splitting the data into subsets
based on a feature to maximize the separation of the target variable. The goal is to select an attribute
that reduces uncertainty (entropy) the most after the split. The attribute with the highest information
gain (largest reduction in entropy) is selected as the splitting criterion. It can provide better
interpretability of data, capture non-linear effects and provide insights into feature importance. RF
is an ensemble of decision trees that uses the bootstrapping technique whereby each decision tree
has a bootstrap sample that is randomly selected with replacement from the training dataset. Each
decision tree is trained independently and the out-of-bag sample (data not included in the bootstrap
sample) is used to evaluate the performance of the tree. Each tree consists of nodes representing a
decision, branches representing the outcomes of the decision and leaf nodes indicating the final
prediction. The final results from each tree are averaged to provide the overall prediction. Figure 7
illustrates multiple decision trees, each consisting of a random subset from the input dataset with
orange dots representing the selected decision at each node with the prediction from each tree being
averaged to determine the overall prediction [22]. An ensemble of decision trees using random
bootstrap samples provides the opportunity to consider diverse trees which can allow for complex
relationships to be captured more effectively compared to a single decision tree as well as reduce the

impact of noise, variance and overfitting of the data [22].
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Figure 7: Random Forest regression model [22].

2.2.4 Support Vector Regression (SVR) model

SVR attempts to find a hyperplane that is closest to most of the data points within a particular
tolerance level (decision boundary) as shown in Figure 8 [23]. This model is useful for handling
complex nonlinear relationships but is vulnerable to noise and very sensitive to its hyperparameters.
SVR uses the e-insensitive loss function where the loss is zero if the predicted value lies within a

margin, €, while deviations from the margin contribute to the loss. This leads to a “tube” around the
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regression line with support vectors being the data points that lie on the boundary of the e-tube or

outside it which influence the final regression function.

Decision Boundary

Hyperplane

Decision Boundary

Figure 8: Support Vector Regression model [23].

2.3 Supervised learning evaluation

Evaluation metrics are required to evaluate different models, compare their performance and
determine the practicality of the ML solution. The mean absolute error (MAE) calculates the average
magnitude of the errors between the actual and predicted values without considering their direction
as shown in Equation 2 where N is the number of data points, y; is the actual value and J; is the
predicted value [24]. The absolute value treats all errors equally without significantly penalizing
larger errors. The mean squared error (MSE) calculates the average of the squared errors between
the actual and predicted values as shown in Equation 3 [24]. Squaring the differences penalizes larger
errors more but also provides a smooth gradient for better optimization in training models. The root
mean squared error (RMSE) as shown in Equation 4 calculates the square root of the MSE providing
an absolute error with the same units as the original data making it easier to interpret [24]. The
coefficient of determination (r2) indicates the proportion of the variance in the dependent variable
as predicted by the independent variables as shown in Equation 5 where y is the mean of the actual
values [24]. It shows how well the predictions approximate the actual values but does not provide
information about the size of the errors. These 4 metrics were used in this research to quantify the
demand forecast accuracy.

MAE =~ y; — 9 2)
MSE =~ 3, (yi = 9)* (3)
MSE = [0 - 902 @
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For each of the supervised learning models, k-fold cross validation and hyperparameter tuning was
performed to balance the bias-variance trade-off to prevent the model from underfitting (high bias,
low variance) or overfitting (low bias, high variance) the training data [25]. K-fold cross validation
involves splitting the training dataset into ‘k’ folds with training being performed on the k-1 set and
testing on the remaining set as shown in Figure 9. The model is run through all k-1 sets until it has
trained and tested on all the data with the average performance being recorded. K-fold cross
validation is more useful to evaluate the training of different models as it provides a more robust and
reliable estimate of model performance, assists in parameter tuning, and allows for improved
utilization of data. Hyperparameter tuning involves testing different hyperparameter combinations
to improve the learning process of the models by minimizing the loss function to maximize the
accuracy. The randomized search cross validation method was used to select the best
hyperparameters as literature shows that it is usually able to provide models that are as good or even
better than the grid search method over the same domain with a reduced computational time [26].
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Figure 9: Process of K-fold cross validation [25].
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2.4 Reinforcement learning
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Figure 10: Reinforcement learning feedback loop [27].

Supervised learning was briefly discussed in section 1.3 and is used to determine the forecasted
demand. The forecasted demand then forms an input to determine an optimal ordering strategy that
maximizes profits in the supply chain by incorporating the RL feedback loop as shown in Figure 10.
RL involves an agent making decisions in an environment to maximize a goal. Depending on the
current state of the environment, S, the agent selects a particular action, A;, receives feedback in the
form of a reward, R, ., and transitions to a new state, S;,, within the environment. The agent trains
through many iterations using rewards which indicate how good or bad the actions are in each state.
The goal is for the agent to learn a policy that indicates the best actions to take in a given state of the
environment. The Markov property is an important concept in RL stating that the future state of a
model only depends on the current state and action taken with no consideration to the preceding
events. Thus, the state includes all relevant information required to make a future prediction. A
Markov Decision Process (MDP) is a mathematical framework used to model decision-making in
scenarios where the outcomes are partly under the control of the decision-maker and partly random.
It includes components such as states, actions, rewards, probabilities, policies, etc which are
explained in this section. Relevant terminology when discussing RL is presented in this section and

the RL algorithms are presented in the next section.

2.4.1 Agent

The agent is the decision-making entity that operates in an environment to learn a strategy and
achieve a specific goal. A single agent analysis involves taking one action whereas a multi-agent
analysis involves multiple actions being taken within an environment simultaneously at each
timestep [28]. A single agent analysis, such as a supply chain manager overlooking the entire supply
chain or a multi-agent analysis, such as having a supply chain manager for each facility in the supply
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chain can be used. Multi agent analysis reduces the size of the action space for each agent but
increases the overall state-action space as the interactions between the agents increase making it
usually more difficult to train and tune as compared to single-agent RL models [73], since the success
of the entire model depends on good training and tuning of every agent, and also on the cooperation
between agents. Since the overall profitability and fill rate needs to be maximized in this research, a
single agent analysis that focuses on achieving a global optimum is preferred over a multi-agent
analysis that focuses on a local optimum of each facility in the supply chain.

2.4.2 Environment

The environment is the external structure with which an RL agent interacts [28]. It contains the agent,
action space, state space and rewards to achieve a particular goal. For this research, a custom
inventory management environment was developed incorporating the stochastic demand, parameters

and operation of this unique supply chain to replicate a realistic scenario.

2.4.3 Action space

The action space is a set of all actions that are allowed in the environment such as the ordering
quantity from an upstream facility in a supply chain. These can either be discrete action spaces,
where agents could decide to order in fixed quantities or they can be continuous action spaces where
agents could decide on the rate of ordering or production with any value being selected within a
certain range [28]. A continuous action space is preferred for this application as it has the potential
to allow the agent to adapt its actions to the specific demands and conditions of the environment to
maximize profitability. Additionally, a continuous action space can be used on larger action spaces
making it more scalable.

2.4.4 State/Observation space

A state is a partial or full description of the environment in which the agent is operating in at a
particular timestep [28]. The state of the current environment is dependent on the previous state and
the previous action. The state space needs to be carefully defined to provide an efficient decision-
making process for the agent. It can include any combination of the supply chain variables and

parameters used in the environment such as the forecasted demand, current profit, etc.

2.4.5 Rewards

Rewards are used to assist the RL model with achieving the overall objective such as maximizing
profits in this study. Rewards can be positive (such as an increase in current profit) or negative (such

as a decrease in current profit) depending on the consequence of taking a particular action at a given
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state within the environment [28]. Reward shaping can be applied which tests reward functions using
a rating based on a sliding scale indicating that some scenarios are more beneficial than others [29].
In the field of inventory management, reward functions can be based on current profit per timestep,
fill rate, units available, etc. Different combinations of these can be used to test the RL model with
their effectiveness compared to one another [28]. The reward function has a significant effect on the
learned policy as the agent aims to maximize cumulative rewards during training. The Return is the
cumulative reward received by the agent over a single episode [28]. Equation 6 summarizes this
where R, is the return; t, is the specific time step in the episode; N, is the termination timestep; r; is
the reward at timestep t, and y, is the discount factor which determines the importance of future

rewards.

R = thv=o Vtrt (6)

2.4.6 Timesteps and Episodes

RL models learn using a trial and error process with each timestep representing one increment as the
agent takes an action in a given state and receives a reward to reach a new state within the
environment [28]. More training timesteps usually produce an improved learning process but at the
expense of higher computing power and longer simulation times especially with larger datasets in
complex environments. An episode is one iteration of the agent starting from an initial state in the
environment, such as starting at day 0, until it reaches a terminal state in the environment, such as

reaching a period of a year.

2.4.7 Exploration and Exploitation

During each timestep within an episode, the agent either explores or exploits the environment.
Exploring involves selecting an action randomly to try new decisions that may lead to better
outcomes in the future while exploitation involves selecting the best action based on current
information and past experiences [30]. An epsilon greedy approach is commonly used to balance the
trade-off between exploration and exploitation using an exploration rate, € [30]. This parameter has
a value between 0 and 1 with a higher value encouraging exploration. An agent selects a random
action with probability e (exploration) and the best action according to the current learned policy

with a probability of 1 — e (exploitation).

2.4.8 Policy

A policy is a rule that an agent uses to determine what action to select at a given state and is based

on the weights and biases of a NN in Deep Reinforcement Learning (DRL) which is updated during

16



the training process [28]. RL algorithms are used to perform this process which is explained in the
next section. RL agents can learn by observing the rewards and punishments received for taking a
set of actions to determine an optimal policy which is a unique sequence of actions that maximizes
long-term rewards [28]. This is the main goal of a RL model which determines how successful it is

for a specific task.
2.5 Reinforcement learning algorithms

A neural network (NN) is computational model that is inspired by the human brain as signals are
sent from one neuron to another to process and analyze complex data. An artificial neuron is shown
in Figure 11 which is the building block of a NN [31]. A NN consists of weights which represent the
importance of data transfer from one neuron to the next and biases which provide a trainable constant
to allow the model to better fit the data [28]. Figure 12 shows the structure of an artificial neural
network (ANN) where input values are propagated from the input layer through the hidden layers to
the output layer using the current weights and biases (Forward pass) [32]. During the training
process, the model alters its weights and biases (backpropagation) using optimization techniques
(Gradient ascent/descent) to minimize the difference between the actual and predicted output
(loss/error) [28]. This involves determining the derivative (gradient) with respect to the loss function
and then using the derivate to maximize (gradient ascent) or minimize (gradient descent) the

function.

(Inputs)— — > — ypred

(Activation function)

Figure 11: Components of the basic Artificial Neuron [31].
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Figure 12: Structure of an ANN model [32].
RL algorithms aim to maximize the return over an episode by adjusting the weights and biases of its
NN in a different way during the training process depending on how the optimal policy is
approximated, the exploration strategy, and the method used to update the network parameters. A
discount factor, y, has a value between 0 and 1 with a higher value placing more value on future
rewards compared to current ones [28]. A learning rate parameter, «, is also used which has a value
between 0 and 1 with a higher value representing an increased rate at which the weights and biases

of a NN are updated [28]. The two main approaches used to train RL algorithms are value learning

such as Q-learning and policy learning such as policy optimization.

2.5.1 Value learning

In value learning, the value function indicates how well the action taken by the agent in a given state
is and an estimate of the expected return from a given state. The Bellman equation is used to
iteratively compute the state-value function, V™ (s), under the policy, m, until convergence is reached
as shown in Equation 7 where E is the expectation, y, is the discount factor, R;,,, is the reward for
taking an action in the current state, s, leading to the next state, S;, ;. The optimal value of any state
is calculated using the Bellman optimality equation as shown in Equation 8 where V*(s), is the
optimal value of the state; r(s, a), is the reward obtained for taking action, a, in a state, s, according
to the optimal policy *; V*(s") is the optimal value of the next state s’ and y, is the discount factor
[28]. Figure 13 shows an example from literature indicating the general value of the states before
(left) and after (right) the Bellman equations are used. The state-value, V, represents the quality of
the state in terms of how close it is to reaching the goal (trophy) and avoiding failure (fire) within an

environment. This helps the agent choose an optimal path that maximize cumulative rewards.
VT(s) = Ex[Res1 + ¥V (Se+ IS = 5] (7

V*(s) = max{r(s,a) + y{V"(sH}} (8)
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Figure 13: State values before (left) and after (right) using the Bellman equation [33].

Q-learning aims to approximate the optimal action-value function represented by Q(s,a) where Q-
values represent the quality of a specific action, a, in a given state, s. [34]. A Q-value exists for each
action in a given state showing the importance of different actions. The Q-values are updated using
the update equation as shown in Equation 9 where Q(s;, a;) and r; are the Q-value of the state action
pair and the reward at a particular timestep, t, respectively. The discount factor, y, and the learning
rate parameter, «, are also included. In tabular methods such as Q-learning, y, is used to update the
Q-values based on the discounted value of the highest future Q-value. The maximum expected future
reward, max,Q(s, b), is the largest Q-value for all possible actions, b, in the next state, s’ [35]. The
Q-values are stored in a Q-table and are optimized to extract the optimal policy by selecting the
action with the highest Q-value in each state. The learning takes place off-policy as the NN learns
using data obtained in the current or previous policy. Q-learning is usually more sample efficient
(faster learning and improved convergence) but tend to be less stable compared to policy
optimization methods (discussed in Section 2.5.2) due to the variance in data between past and
present policies [34]. Deep Q-Network (DQN) is the most common Q-learning algorithm which
combines Q-learning with neural networks to handle complex relationships in the data [34]. The
inclusion of the neural network allows for continuous and larger state spaces to be modelled more
effectively. In neural network methods such as DQN, the target Q-value function includes y, to
discount the future predicted rewards which guides the process of minimizing the loss function to
optimize the RL agent to learn to take the best action in any possible state and follow the optimal

policy.
Q(sp,ap) « Q(sp,ap) + a- [r;+ vy maxpQ(s’,b) — Q(sp, ar)] (9)

2.5.2 Policy learning

Policy learning directly learns a policy by mapping states to actions to maximize a long-term reward
[34]. In policy methods, a state is used as an input to directly predict the best action whereas in Q-
learning, the input state predicts a distribution of Q-values and the action with the largest Q-value is
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selected. A stochastic policy maps states to probability distributions over actions whereas a
deterministic policy maps states directly to particular actions [28]. Policy optimization is a subset of
policy learning that uses an iterative process by altering the parameters within a policy to maximize
the expected reward thereby improving an existing policy [34]. Policy optimization methods directly
optimize an objective function by using gradient ascent/descent to update the weights and biases of
the NN to learn an optimal policy without first learning the optimal action-value function [34].
Gradient ascent is used to maximize the expected return whereas gradient descent minimizes the loss
function. The learning takes place on-policy as the NN learns using data only from the current policy.
Policy optimization provides better stability and convergence as they directly optimize a policy but
are less sample efficient as less exploration of the environment occurs compared to Q-learning [36]
[37]. Proximal Policy Optimization (PPO) is the most common policy optimization algorithm. Deep
Deterministic Policy Optimization (DDPG) is a popular algorithm that combines both Q-learning

and policy optimization.

Policy optimization methods usually perform better with continuous action spaces, highly stochastic
environments and situations where fine control of the policy is required making it a better option for
this application [38]. However, it is also useful to test DDPG to determine whether elements of Q-
learning provide good performance in this application. Thus, PPO and DDPG algorithms will be

researched further and tested in this application.

2.5.3 Proximal Policy Optimization (PPO)

PPO is designed for optimizing policy functions and was introduced by Schulman et al. (2017), from
OpenAl [39]. PPO has been shown to outperform the DQN algorithm of Mnih et al. (2015) in
numerous cases by making more efficient samples and being less computationally intensive [40].
The PPO algorithm consists of an Actor NN which is a policy method and a Critic NN which is a
value method making it a combination of policy and value learning [39]. The Actor NN determines
what action to take in a particular state. For a continuous action space, it uses an input state and
outputs a standard deviation, o, and a mean, u, for every potential action. A normal distribution is
then used to select an action. The Actor NN begins with higher exploration when the mean is
unknown and the standard deviation is large to understand different actions and find which ones
provide higher rewards in particular states. Exploration gradually reduces as the NN better predicts
the standard deviation and the mean. The Critic NN takes an input state and outputs a state value.
Each NN is updated during training using an objective function. The Log-Likelihood function is

used for PPO which determines the probability of taking a specific action, a, in a given state, s. This
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is represented in Equation 10 where In, is the natural logarithm; In(al|s), is the Log-Likelihood

function; u, is the mean and o, is the standard deviation of the Actor NN [39] [41].

In(als) = - ((“"”2) — ~In(2m0?) (10)

o2

Since PPO is updated on-policy, the NN only trains on the current episode’s data which can make it
challenging for the NN to generalize to all states. A very large learning rate can cause the NN to
overfit while a very small learning rate can cause the NN to not capture relevant trends. The
motivation for PPO is the desire to prevent large policy updates (weights and biases of NN) during
training that can lead to instability by introducing a "proximal” term that limits the size of policy
updates while allowing an episode’s experiences to be trained upon multiple times [39]. Equation 11
shows the adapted objective function where In,.,, (a|s) and In,4(a|s) is the Log-Likelihood of
selecting action, a, in state, s, in the current and previous policy respectively [39]. The exponential
of the ratio of the new to the old Log-Likelihood is represented by r,. The advantage, A, is the
difference between the actual and predicted value of the state-action pair (s, a) as shown in Equation
12 where Q(s, a) is the estimated expected return for following the policy after selecting action, a,
in state, s, and V (s) is the estimated expected return from state, s, while following the current policy
[28]. The advantage, A, indicates how much better it is to take a specific action, a, in a state, s, over
randomly selecting an action according to the policy, (- |s). The expectation, E, over the trajectories

of state-action pairs is used as the objective function is determined after multiple iterations [41].

Objective function = E[exp(%)A(s, a)] = E[r,A(s,a)] (11)
A(s,a) = Q(s,a) = V(s) (12)

The A and r, values determine the allowable change of the weights and biases of the Actor NN during
training as shown in Figure 14 [39]. A positive advantage (actual action value is better than predicted
for the state-action pair) in Equation 12 causes the value of the objective function of the Actor NN
to be clipped to a maximum when the value of r, is above 1 + &, where & represents the small
allowable change of the Actor NN during each update. However, a negative advantage causes the
objective value to be clipped to a maximum when the value of ., is less than 1 — €. The final

objective function is summarized in Equation 13 [41].
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Figure 14: Clipping of the objective function for a positive (a) and negative (b) advantage [39].

Objective function = E[min{r,A(s, a), clip(r,,1 — &, 1 + €)A(s,a)}] (13)

Gradient ascent is used to maximize the objective function and update the weights and biases of the
Actor NN appropriately [39]. The Actor NN is updated using the Critic NN hence, the Critic NN
also has to be updated. The mean-squared error (MSE) is the objective function that is used to update

the Critic NN. This is shown in Equation 14 where V'(s), is the actual state value calculated using

rewards from the current episode’s experiences and V (s), is the predicted state value from the Critic

NN [39]. Gradient descent is used to minimize this error with the weights and biases of the Critic

NN being updated appropriately [41].

error = [V'(s) — V(s)]? (14)

The most important hyperparameters of the PPO algorithm are shown in Table 1:

Table 1: Hyperparameters of the PPO algorithm [42].

Hyperparameter

Description

Entropy coefficient

This balances the trade-off between exploration and exploitation with
a higher value encouraging exploration. If the value is too high, the
policy can become random and if the value is too low, the agent can

miss out on finding better policies.

Learning rate (a)

This determines the step size at which the model parameters are
updated with each iteration to minimize the loss function. If the value
is too high, the algorithm can diverge and if the value is too low, little

to no learning can take place.
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Clip range This determines the maximum allowable change during each policy
update. A larger value can speed up learning but introduce instability

while a lower value can improve stability but slow down learning.

Number of steps per This determines the number of steps taken in the environment before
update (Horizon) a policy update occurs. A larger value can provide more accurate
estimates but slow down learning while a smaller number can provide

more frequent updates but lead to a larger variance.

Batch size This determines the number of samples used in the optimization
process with each iteration with a larger value providing more stability

but requires more computation.

Number of epochs This indicates the number of times the policy will be optimized over
the collected data. A high value can result in overfitting of the training
data.

Discount factor (y) This indicates the importance of future rewards with a higher value

encouraging long-term rewards.

2.5.4 Deep Deterministic Policy Gradient (DDPG)

DDPG is designed to handle continuous action spaces by combining Q-learning and policy
optimization methods to learn deterministic policies. It also uses an Actor and Critic NN but returns
different outputs compared to the PPO algorithm. The Actor NN uses an input state and returns a
continuous value for each possible action [43]. This differs from the Actor NN in PPO where the
mean and standard deviation is output allowing for exploration in the initial training stages. The
Ornstein-Uhlenbeck process generates temporally correlated exploration noise that is less volatile
by using a continuous-time process that tends to return towards a mean over time making it useful
for environments where consistency of actions is required. Noise either through the Ornstein-
Uhlenbeck process or a sample from a normal distribution is added to the DDPG algorithm to account
for exploration in the initial training stages which gradually decreases as the agent learns the optimal
policy [44]. It is preferred to use noise that is sampled from a normal distribution since it is simpler
to execute while obtaining similar results [45]. A state-action pair is used as input to the Critic NN
with a state-action value (Q-value) being returned [43]. PPO is an on-policy algorithm whereas
DDPG is an off-policy algorithm that utilizes a replay buffer to store past experiences so that past
and present policies can be used during training. This stabilizes model training allowing the NN to

learn from the same experience multiple times [41] [43].
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The objective function represented by the mean-squared error between the predicted and the target
state-action value is used to update the Critic NN. The target state-action value is predicted using a
target NN with the weights and biases of this NN staying relatively constant during training for better
stability. The same NN cannot be utilized to estimate the target state-action value as it would result
in the NN attempting to chase a moving target since the target state-action value keeps varying
causing training to be unstable. A target NN is also used for the Actor NN hence, the DDPG
algorithm involves training four NN’s. The target Actor NN uses the next state, s’, as input to return
the next action, a' during training. The next state and action from the target Actor NN are used as
input to the target Critic NN which returns the target state-action value for the next state and action,
Q(s',a"). This process is shown in Figure 15. The target state-action value is discounted (using the
discount factor, y) to the current state and included in the reward, r(s, a), obtained from selecting
action, a, in state, s. The predicted state-action value, Q (s, a), is obtained from the trained Critic NN.

The objective function (error) is shown in Equation 15 [41] [46].

error = [r(s,a) + yQ(s’,a’) — Q(s, )] (15)

Target Actor NN
Target Cnitic NN

Figure 15: Process of determining the target state-action value for the next state-action pair.

The error is minimized using gradient descent with the weights and biases of the Critic NN updated
appropriately. The Actor NN is updated using an objective function represented by the state-action
function. The states from a batch are passed through the training Actor NN to calculate the output of
the objective function. The actions that would have been taken by the Actor NN in those states are
then given to the Critic NN along with the states. For each state-action pair, (s, a), in a batch, the
Critic NN returns a state-action value, Q(s,a), as shown in Equation 16 and in Figure 16. The
expectation, E, is used as the average of the state-action values is calculated after multiple iterations
of a batch [41] [46].

objective function = E[Q(s,a)] (16)

Figure 16: Process of determining the objective function of the Actor NN.
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Gradient ascent is used to maximize the objective function with the weights and biases of the Actor

NN updated appropriately. After the Actor and Critic NN’s are updated, the weights and biases of

the target Actor and Critic NN’s are updated gradually using Equation 17 where 8* and 6 are the

weights and biases of the old and new target NN’s respectively. The update constant is represented

by T and 8’ represents the weights and biases of the training NN [41] [46].

0=1(0)+(1-1)0" (17)

The most important hyperparameters of the DDPG algorithm are shown in Table 2.

Table 2: Hyperparameter of the DDPG algorithm [47].

Hyperparameter

Description

Learning rate

This determines the step size at which the model parameters are
updated with each iteration to minimize the loss function. If the value
is too high, the algorithm can diverge and if the value is too low, little

to no learning can take place.

Buffer size This indicates the size of the experience replay buffer which stores
previous training experiences of the networks.
Batch size This indicated the amount of experiences extracted from the replay

buffer for every training iteration.

Soft update rate ()

This indicates the rate at which the target networks are updated which

helps stabilize the training process.

Discount factor (y)

This indicates the importance of future rewards with a higher value

encouraging long-term rewards.

A summary of the differences between PPO and DDPG are shown in Table 3.

Table 3: Differences between the PPO and DDPG algorithms.

Criteria

PPO DDPG

Stability

Usually more stable due to the
constraint placed on the policy
update preventing large policy
changes [48].

Can have instability and convergence
problems due to hyperparameter
sensitivity and  correlation  in

experience replay [48].

Sample efficiency

Usually sample efficient since it

uses the current policy’s data more

effectively [49].

It has the advantage of reusing past
experiences (off-policy) but with the

potential for overestimating the Q-
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values. This bias may result in more
samples being required to learn an
optimal policy [49].

Continuous action

Less suitable for high-dimensional

Specifically designed for continuous

spaces action spaces due to discretization | action spaces using a deterministic
issues. A surrogate objective | policy which allows the agent to select
encouraging small policy updates | precise actions. However, this may not
is used making it challenging to | be suitable in certain stochastic
handle the infinite nature of real | environments [49].
numbers. It uses a stochastic
policy with inherent exploration
capabilities [49].
Exploration- Limited exploration in complex | The use of noise addition has the
exploitation environments since the current | potential to explore the action space
balance policy distribution is only used | more effectively [49].
[49].
Model complexity | Usually more  difficult  to | Simpler architecture with less tuning of

implement with more complex | hyperparameters required [50].

hyperparameters [50].

2.6 Reinforcement learning evaluation

Unlike supervised learning, RL typically does not use a separate test set to evaluate its performance
but rather it is tested by how well the model is able to generalize to new states within an environment
[51]. RL uses sequential actions where each action influences the next state of the environment using
rewards as feedback rather than labelled data hence, a static test set may not capture changing trends.
It is rather evaluated based on its ability to learn good policies, convergent behaviour and sample
efficiency. Metrics relating to entropy, episode reward, policy standard deviation, learning curves,
and the exploration-exploitation trade-off helps quantify the training performance using multiple
episodes. An effective model will lead towards a stable learning curve, increasing episode rewards
(improving net profit and fill rate), gradually decreasing entropy and standard deviation and
transitioning from exploration to exploitation. This is further explained in the next section.
Hyperparameters also control the learning process of RL models and are tuned to optimize the

performance of the model. RL models are compared to a baseline approach to determine its relative
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performance. In the field of inventory management, net profit and fill rate are primarily used to

quantify the performance of the RL model.

2.7 Python Software

Python is an open source programming language that consists of a simple structure and syntax
making it easy to use. It has an interpreter system providing quick prototyping and assists with
debugging operations [52]. Python is the most popular programming language used for web/software
development, data science and ML. It consists of many libraries which are collections of pre-written
code that can be used to programme more efficiently in specific applications as required. These
libraries are able to provide good functionality and flexibility to analyse various forms of data and
process complex operations [53]. The following libraries are useful to introduce for this research:

e The NumPy library consists of in-built mathematical functions that can support multi-
dimensional data and eases mathematical computations [54].

e The Pandas library consists of flexible data structures that can make data analysis and data
conversion easier [54] which is helpful when reading large and complex supply chain data.

e The Matplotlib and Tensorboard libraries are useful for plotting numerical data in different
forms [54] allowing for supply chain trends to be visualized.

e The Scikit-learn library consists of a wide range of algorithms and is useful for data
processing, model selection and evaluation. It can be used to import the supervised learning
algorithms and evaluation metrics to compare the performance of different regression
models.

e PyTorch is a deep learning framework that is used for developing and training neural

networks with better flexibility, graph analysis and ease of use.

An agent and an environment need to be created to perform the RL process. OpenAl Gym and Stable
Baselines are useful Python libraries used to create the RL environment and obtain the agent

(algorithm) respectively.

2.7.1 OpenAl Gym

OpenAl Gym provides the framework that allows RL environments to be developed, altered and
compared to one another. The library provides a simulation environment in which an agent can take
relevant actions and receive observations and rewards as a result of taking a specific action [55].
This library also provides a structural layout framework that can be used to create and test a unique
custom environment as shown in Figure 17. For every step (action) taken by the agent, the

environment returns the following [55]:
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e observation, representing the state of the environment.

e reward, representing the score received from taking the previous action.

e done, representing whether a terminal state has been reached in which case the environment
IS reset.

¢ info, representing useful information for debugging purposes.

import gym
from gym import spaces

class CustomEnv{gym.Env):
"""Custom Environment that follows gym interface"™"
metadata = {'render.modes': ['human']}

def init (self, argl, arg2, ...):
super{CustomEnv, self). init ()
# Define action and observation space
# They must be gym.spaces objects
# Example when using discrete actions:
self.action space = spaces.Discrete(N _DISCRETE ACTIONS)
# Example for using image as input:
self.observation space = spaces.Box(low=8, high=255, shape=
(HEIGHT, WIDTH, N_CHANMELS), dtype=np.uints)

def step(self, action):
# Execute one time step within the environment

def reset(self):
# Reset the state of the environment to an initial state

def render(self, mode="human', close=False):
# Render the environment to the screen

Figure 17: Layout of a RL environment using the Open Al gym package [56].

A custom environment can be developed by implementing unique code within each function to

simulate an inventory management environment and test various actions, state and reward functions.

2.7.2 Stable-Baselines3 (SB3)

SB3 consists of a set of reliable and improved implementations of RL algorithms in Pytorch such as
more efficient computation, consistent results, ability to monitor the training process, integration
with other libraries, etc [55]. It can be used as a framewaork for which new ideas and refinements can
easily be integrated. SB3 is used by importing different algorithms (such as PPO and DQN) and
applying them to a RL environment to create a model which can learn an optimal policy. An example
of this general process in python code is shown in Figure 18. SB3 utilizes the Multi-Layer Perceptron

(MLP) policy which is a feedforward NN that handles all the data useful for training [57] and is
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based on the Actor-Critic method where the Actor decides what action to take and the Critic informs

how good the action was with temporal difference (TD) being used to provide feedback from the

environment to improve the learning process [58].

from stable baselines3.common.env_util import make_vec_env
from stable baselines3 import A2C,PPO,DQN

env = gym.make( CustomEnv', «..)
env_malker = lambda: gym.make( ' CustomEnv', ...}
env = make vec env(lambda: env_maker())

model = PPO( 'MlpPolicy',env,verbose=1)
model.learn(total timesteps=18888&)

Figure 18: Testing of an algorithm in a RL environment using the SB3 package [56].

The SB3 library produces useful information in each training cycle to update the performance of the

model including [57]:

The approx_kl parameter indicates the approximate Kullback-Leibler (KL) divergence
between old and new policy distributions. It is used to prevent large policy updates between
old and new polices to maintain stability during training.
The clip fraction parameter indicates the fraction of policy updates that are clipped (when
the policy update is restricted within a certain range) during the training process.
The clip range parameter indicates the maximum allowable change during each policy
update.
The entropy loss parameter indicates the negative entropy of the policy distribution and is
used to balance exploration and exploitation with a higher value encouraging exploration
which should gradually decrease as the model trains and learns a deterministic policy.
The explained variance parameter indicates how well the value function (Critic NN) predicts
the actual rewards in the environment with a higher value indicating a better fit of the value
function to the data allowing for a better prediction.
The learning rate parameter indicates the amount and frequency at which the policy and
value functions are updated and controls the rate of learning and convergence.
The loss parameter indicates the overall loss obtained during the policy (policy gradient loss)
and value (value loss) function updates.
The n_updates parameter indicates the number of updates in the policy and value functions
during the training process.
The std (standard deviation) parameter indicates the spread/variability of the returns obtained
in different episodes during training. A lower value indicates better stability but a higher
value can also be linked to the agent exploring different strategies.
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e The policy_gradient_loss parameter indicates the difference between the policy followed by
the agent with a more optimal policy that leads to higher expected returns with a lower value
driving the policy to improved performance.

e The value_loss parameter indicates the difference between the actual and predicted value of
the state with a lower value representing a better value function approximation.

e The actor loss parameter indicates the negative expected return for the current state-action
pair with the goal of maximizing the expected return so that actions are selected that provide
higher rewards.

e The critic loss parameter indicates the MSE between the predicted and target Q-values with

a lower value representing more accurate estimates of the Q-values.

2.8 Prior works
2.8.1 Traditional inventory control methods

Just-in-time (JIT) management orders and receives goods as needed rather than ordering too much
at a single point in time [59]. It has the potential to reduce inventory costs and reduce wastage but is
risky as a sudden spike in demand or small delays can reduce customer service level. The reorder
point (ROP) inventory management style is based on placing an order when a certain minimum unit
quantity is reached in a company [59]. It allows for products to usually arrive before stockouts occur
but does not optimize the inventory turnover or the order quantity which can reduce the profitability
and cash flow of the company. Days Sales of Inventory (DSI) is a financial ratio indicating the
average days of inventory on hand [59]. It is able to visualize the speed of inventory movement and
inventory turnover efficiency but treats all products equally irrespective of value and demand and
does not consider supply chain factors such as lead time or production constraints. The Economic
Order Quantity (EOQ) model is a traditional inventory method that assumes constant demand with
complete information being available about the supply chain to provide rapid solutions [60].
However, real supply chains usually consist of fluctuating demands, uncertain lead times and only
partial information being available about the supply chain causing demand and performance cycle
uncertainty (time to replenish inventory with customers) making traditional inventory management
styles less realistic and practical. RL has the potential to learn adaptive ordering strategies based on

the current inventory position of a supply chain providing a more realistic solution.

2.8.2 Machine learning applications in supply chains

Figure 19a shows that 63% of the RL models focus on inventory management by training an agent

to optimally control the ordering, storing and flow of inventory at various stages in the supply chain
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[60]. This indicates that inventory management is complex and still a growing field with significant
potential to further improve supply chain management. Figure 19b shows that the Q-learning
algorithm is the most common since a model of the specific environment is not required (model free)
allowing RL agents to quickly sample and learn using the expected rewards for various state and
action combinations [60]. In Q-learning, Q-values converge to optimal values independent of how
the RL agent performs while data is obtained. This exploration insensitive property of Q-learning
makes it very popular [61]. However, Deep Reinforcement Learning (DRL) algorithms such as
Proximal Policy Optimization (PPO), Advantage Actor Critic (A2C) and Deep Q-Network (DQN)
are more recently used which incorporate artificial neural networks allowing RL agents to handle
large and unstructured input data. This indicates that DRL agents can be applied to more complex
supply chains and provide a more efficient and effective training process.

Inventory Q-learning

EM

Other \ SMART

Pricing Evolutionary
A2CA3C

SARSA
Policy Gradient

Sourcing
PPO

Information Transportation DQN

(a) Supply chain drivers (n=103). (b) Algorithms (n=61).
Figure 19: Statistics showing the most common application of RL (a) and algorithm used (b) in

supply chains [60].

Useful data of a supply chain that can be used to design the actions, rewards and environment for an
RL agent include the supply chain network structure, lead times, forecasted demand, suppliers
available, costs and any other constraints. Figure 20a shows that artificial data (fictitious) is most
commonly used for the RL model due to a lack of real supply chain data being available [60].
Artificial data contains many assumptions and simplifications making it less realistic. The
application of RL using real supply chain data has the opportunity to improve on the conceptual level
of design in past research sources to indicate whether the RL model is worth implementing in reality.
Industry provides the most realistic data considering various requirements and constraints of a supply
chain. Figure 20b shows that generic settings are most commonly used which are simple supply
chains consisting of a few systems, little uncertainty and limited constraints reducing the complexity
of real-world supply chains [60]. Manufacturing and retail supply chains are specific industrial

31



sectors that are most commonly considered but very limited research has been performed in this

regard.

Artificial

Generic

Other

Institutional

Retail
FPublie Manufacturing
(a) Data sources (n=04). (b} Industrial sectors (n=96).

Figure 20: Statistics showing the type of data sources (a) and industrial sectors (b) that are most

commonly used in literature [60].

2.8.3 Q-learning for inventory management

Table 4 presents how the Q-learning algorithm has been applied to the field of inventory management
in literature. Three papers considered a linear supply chain network (every stock point has only one
predecessor and one successor), three papers considered a divergent network structure (stock points
having multiple successors but only one predecessor) and one paper considered a general network
structure (stock points having many successors and many predecessors). Five of the seven papers
considered a single product in the supply chain and used an infinite time horizon (simulate a very
long period to obtain improved parameters for a predefined inventory policy). Most papers used an
artificial demand dataset as input for the model with lost sales occurring in the case of unsatisfied
demand (insufficient inventory to meet all demand at a specific time). Most papers focus on either
minimizing costs or maximizing profits while one paper focuses on reaching the target service level.
Q-learning was able to provide an adequate learning process with results comparable to benchmark
models and heuristics but they do not converge to an optimal policy all the time. The recent
advancements of DRL using neural networks have however, shown to provide improved

performance in complex environments with fewer assumptions and simplifications being made.

Table 4: RL applications using Q-learning for inventory management.

Paper Network Number of | Unsatisfied Goal Horizon
structure products demand

[62] Linear Single Backorders Minimize costs Finite

[63] General Multiple Lost sales Minimize costs Infinite
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[64] Divergent Single Lost sales Maximize profit Infinite
[65] Divergent Single Lost sales Maximize profit Infinite
[66] Divergent Multiple Lost sales Maximize profits Infinite
[67] Linear Single Backorders Minimize costs Finite

[68] Linear Single - Target service level | Infinite

2.8.4 Deep reinforcement learning for inventory management

The following literature sources present how DRL has been applied to multi-echelon (optimization
of inventory levels across all stock points in a supply chain) supply chains. The state variable was
based on the inventory position, the action variable was based on the order quantity and the reward
variable was based on profit increase or decrease at each timestep. At each timestep, the produced
units are received from upstream, customer orders are received from downstream, current orders are
fulfilled from inventory on hand if possible and finally a stock replenishment order is placed

upstream. Various inventory costs (holding, ordering) and capacity constraints were considered.

Gijsbrechts et al. [69] used the Asynchronous Advantage Actor Critic (A3C) algorithm, a type of
actor critic model, since it was the most popular at that time (July 2019) providing good performance
with fast training times. The A3C algorithm showed improved performance of approximately 9%
over the base stock policy. However, PPO is a more recently advanced algorithm that provides a
more stable and convergent training process. Hubbs et al. [70] used the PPO algorithm with an
existing RL environment named InvManagement-vl from the OR-GYM library. The RL model
showed improved performance by 11% on average over the Derivative Free Optimization (DFO)
method (which uses a fixed re-order policy) indicating the potential for RL in improving supply
chain management. Xie et al. [71] also used the PPO algorithm to train a RL model and the results
were compared to the (s, S) policy where s signifies the reorder point and S signifies the order-up-to
level. This RL model improved the profit by approximately 18% over the (s, S) policy across 100
demand datasets. However, all three papers used a normal probability distribution with a certain
mean and standard deviation to represent the customer demand and lead time making them
unrealistic as they do not consider natural events and external factors. Xie et al. incorporated domain
randomization to the demand dataset to experience situations that relate closer to the real world and

the RL model was able to better generalize and produce higher profits.

Oroojlooyjadid et al. [72] used the DQN algorithm with a finite time horizon. This model was tested
using input demand data from literature sources and two real world demand datasets. On average,

the RL agent obtained lower costs in 75% of the cases compared to a fixed base-stock policy with
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the best performing model able to reduce costs by approximately 13% compared to a base agent.
Geevers et al. [73] conducted research on a particular company that is interested in lowering their
inventory costs (holding and backorder costs), while maintaining a fill rate of 98%. Real historic
demand data was extracted from the Enterprise Resource Planning (ERP) system of the CardBoard
Company (CBC). The PPO algorithm was used with an infinite time horizon and a continuous action
space. The results varied significantly (Figure 21) showing that the model is unstable as correct
actions were learnt only about 50% of the time. Some simulations performed better than the heuristic
benchmark by producing lower holding and backorder costs showing better distribution of its
inventory. The best simulation was able to reduce total costs by approximately 20% compared to the
benchmark. It was observed that the model was not able to observe the interval of the action set
effectively. Both papers applied a multi-agent analysis to optimize the order quantity for each stock

point independently considering the capacity constraints at each level.

Case DRL Benchmark

CBC 8,402 - 1,252,400 10,467

Figure 21: Total costs incurred using the DRL method and the benchmark heuristic (lower is
better).

2.9 Proposed research approach

Considerable research has been performed on inventory management using RL yet, it remains
difficult to determine when and how much to order due to the curse of dimensionality (exponential
increase in data and computation as the number of variables increase). Most literature sources use
many assumptions and simplifications such as artificial demand datasets, constant lead times, limited
stock points (simple/linear supply chain network) and do not include their code making them less
reproducible. DRL is a relatively new and advanced approach which has not been applied widely,
hence the Q-learning algorithm was most frequently used. Heuristics are frequently used to manage

and optimize inventory with the base-stock policy being the most common.

This research considers real supply chain data (customer demand and lead time) of a butter company
in order to predict the forecasted demand which is used as input to a RL model. The company consists
of a multi-echelon supply chain with a general network structure. A single product (butter) was
considered in this research with the goal of simultaneously minimizing costs, maximizing profits and
the order fill rate. A finite time horizon, continuous action space and a single-agent analysis was

used which streamlines the RL model (fewer variables and dependencies) resulting in a more scalable
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neural network which means it can efficiently handle an increase in size and complexity of the data.
A custom RL environment using unique state, action and reward variables was created together with
DRL algorithms (PPO and DDPG) to train an agent more effectively than existing RL environments

in an attempt to improve the inventory management of the company.
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3 Methodology

The following methodology as represented in Figure 22 was used including:

e Supervised learning to perform demand forecasting by learning the trends and features of the
historical sales dataset. The demand forecasts provide useful input data to both the heuristic
and RL models to help plan inventory ahead of time.

e Incorporating the company heuristic to the supply chain workflow to obtain a baseline
inventory management model.

e Developing a custom RL environment with specific algorithms to plan, track and optimize

inventory in the supply chain to maximize profits.

Demand Forecasting: ﬁ
This involves predicting future
demand for products based on
historical data and market trends.
Bla_sl_s

Inventory Planning:

This involves determining how
much inventory to order and
when to order it.

Inventory tracking:

This involves monitoring inventory
levels and movements in real-time.

balance between inventory levels
and customer service levels.

- Inventory optimization:
% This involves finding the right
i

Figure 22: Key activities in inventory management [75].

3.1 Hardware and software used in this research

The hardware used was a Hewlett-Packard (HP) laptop with a Windows 10 operating system, 11th
Gen Intel(R) Core(TM) i5-1135G7 @ 2.40GHz processor and a Random-Access Memory (RAM)
of 16 GB. PyCharm developed by JetBrains was used which is an integrated development
environment in which the Python programming language can be used to develop unique code. It
provides a platform for python code to be easily be written, tested and altered. Version 2023.2
(Community Edition) of PyCharm is used incorporating version 3.11 of the Python programming
software.
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3.2 Supervised learning for demand forecasting

Supervised (labelled data) regression (continuous output) ML models were developed to determine
the forecasted demand using the following process:

1. The raw time series data were pre-processed so that it is converted into a suitable form that can
be understood by ML models.

e An Excel file consisting of the input data is read into PyCharm using the pandas python
library which helps with easily importing and managing datasets.

e The dataset only had a date column and a demand (sales) column making it a univariate time
series analysis. The date is used as an index and the sales column as the output label. Input
labels were required for the model to learn relationships between the input and output data.
The sales for the previous days were used to form the input label at each timestep in order to
predict the output label which was the current demand. This type of model is known as auto-
regression since a variable’s past values are used to predict the future values. Two techniques
are applied to determine a suitable length for the input label:

o Auto correlation is used to identify a relationship of a variable with its previous time
period values and is quantified using the Pearson’s correlation coefficient which
ranges between -1 (strong negative correlation) and 1 (strong positive correlation).
The partial auto-correlation function (Figure 23) is used for auto-regression models
by measuring only the direct effects of values in previous time lags. The y-axis
represents the Pearson’s correlation coefficient and the x-axis represents previous
time lags [76]. Correlation values in the blue band are statistically insignificant and
do not need to be considered. Hence the partial autocorrelation plot suggests that the
previous three days is the most relevant and best to use as the input length for making

future predictions.
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Figure 23: The partial autocorrelation relationship of the dataset.
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o The Auto Regression Integrated Moving Average (ARIMA) model converts non-
stationary time series data into stationary time series data [77]. The auto ARIMA
python function was used which automatically attempts different combinations of
orders to minimize an error. Once it converges, it presents the order values of the best
model. The order of the AR model indicates how many past values to consider to
make a future prediction which again amounted to three for this dataset.

Since the demand for the previous three days were used as input labels, missing data arises
in the first three rows of the dataset. The missing data was handled by completely removing
the incomplete rows using the fillna python function. The dataset is fairly large and stochastic
making the process of deleting the incomplete rows suitable.

The range of values in the input data are very large which can cause some features to
dominate others. Normalization is used to address this issue by transforming features to be
on a similar range and scale which helps improve the performance and training of the model.
The preprocessing python function from the sklearn library was used to perform the
normalization.

The entire dataset was split into a training dataset, validation dataset and a test dataset to try
make the ML model perform well on both existing and new data reducing the chances of
underfitting or overfitting the data. As a common convention, approximately 80% of the data
was used for training and the remaining 20% was used for testing.

A pair plot was created using the seaborn python library to explore the distribution and
relationships between the input variables in the dataset. It is shown in Figure 24 that there are
mostly weak correlations (no fixed trend) between them linked to the highly stochastic nature
of the dataset. Additionally, it indicates that none of the features are redundant allowing for

a more efficient learning process.
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Figure 24: Pair plot showing the relationship between the input variables of the dataset.

2. Supervised learning algorithms are imported from the sklearn python library. A separate model
was created using each of the algorithms. K-fold cross validation and randomized search cross
validation was used to determine the best hyperparameters of each model based on the training
dataset.

3. For each algorithm, the best hyperparameters were used to predict the demand based on the input
of the test dataset. The MSE, RMSE, MAE and r? was calculated and compared for each model
using the sklearn python library.

The demand forecasts are used as input when modelling the supply chain as indicated in the next

section.

3.3 Modelling the particular supply chain

The general supply chain workflow that was used in the heuristic and RL models is shown in Figure
25. The production facility produces a certain number of units in between the minimum and
maximum production limit while considering its storage capacity and the production processing time
before they turn into finished inventory. The warehouse orders a certain number of units from the
production facility whereas the outlets order a certain number of units from either the warehouse or
the production facility. The order quantity considers the units available at the upstream location,
storage capacity of the warehouse/outlet, truck capacity and transport time between the respective

facilities. The orders that are placed from a stock point to an upstream facility is placed in a backlog
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variable as units can only be sent when the upstream facility has sufficient units available. Revenue
is gained by fulfilling customer demand at the warehouse and each of the outlets. The product
lifespan of available inventory is reduced and any obsolete inventory is discarded. Due to the
perishable nature of the product, the First In, First Out (FIFO) inventory method was applied with
the aim of reducing the chances for obsolete inventory to occur. The overall cost including
manufacture, delivery and storage costs is calculated and finally the overall net profit and fill rate is
calculated. Various assumptions about this particular supply chain were made including:

e Unlimited raw material supply

o A fixed sales price

e Single butter product type

e Perpetual inventory control (Fast-Moving Consumer Goods (FMCG) style)

e Backorders not considered

e Quality maintained
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3.4 Benchmark heuristic for inventory management

A heuristic model was developed using the unique supply chain workflow from Figure 25 together
with the company heuristic involving storing inventory based on the sum of the demand for next few
days at each stock point. For each of the outlets, seven days of their respective forecasted demand
was used while the warehouse was based on its twelve-day forecasted demand. This replicates the
current approach used in the company. The initial units available at each of the outlets and the
warehouse on day 1 to begin the simulation was based on the same idea.

3.5 Reinforcement learning for inventory management

The OpenAl Gym structure was used to create a custom RL environment incorporating the supply
chain workflow as shown in Figure 25. The same starting conditions, supply chain parameters and
operations were used as the heuristic to allow both methods to be comparable. Multiprocessing in
SB3 was used to run multiple instances of the environment simultaneously to speed up training and
decrease the overall computational time. A random seed was defined to provide reproducibility of

results.

3.5.1 Action space

Every time step, an ordering quantity (action) is placed from the warehouse and each of the outlets
to an upstream facility in the supply chain whereas the production decides on a certain number of
units to produce (action). These actions are based on the learned policy of the RL models. The
number of units produced at the production is scaled between the minimum and maximum
production limit and also depends on the units available at the production facility and the storage
capacity of the production unit as shown in pseudocode (Equation 18).

Production action = (production action * (maximum production limit —

minimum production limit)) + minimum production limit

if production units available + production action > production storage capacity:
production action = production storage capacity — production units available
if production action < minimum production limit:

production action = 0 (18)

A random choice based on the probabilities in Table A.5 was used to determine whether the outlets
order from the production or the warehouse. The orders are placed in a backlog and only processed

when the upstream facility has sufficient units and the addition of units does not exceed the storage
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capacity of the facility. A simple example using the Pretoria outlet in pseudocode is shown in

Equation 19 but the warehouse and the remaining outlets follow a similar approach.

Pretoria choice = random value from 0 to 100
if Pretoria choice > distribution percent Production for Pretoria:

send units (Pretoria action) from warehouse to Pretoria
if Pretoria choice < distribution percent Production:

send units (Pretoria action) from production to Pretoria
Backlog += Pretoria action
if upstream facility has suf ficient units and if Pretoria action
+ Pretoria units available < Pretoria storage capacity:

Send units from upstream facility to Pretoria (19)

A continuous action space is used that outputs a normalized value between 0 and 1 hence, it needs
to be scaled up to represent a realistic ordering quantity. Different methods based on the average
demand, storage capacity, truck capacity or unique optimization can be used to determine the scaling

factor for the warehouse and each outlet as summarized in Table 5.

Table 5: Methods used to define the action space of the RL models.

Option Action space

Average demand of the facility

Storage capacity of the facility

Truck capacity

Al w| M| R

Unique value for each facility

3.5.2 State space

Table 6 shows relevant supply chain parameters including current inventory levels, demand
information, order information, cost information and truck utilization that were included in the state
space one at a time to determine the optimal combination that provides the highest net profit for this

research.
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Table 6: Methods used to define the state space of the RL models.

Option State space

Units available at each facility

Choice of ordering from production or warehouse

Number of trucks in operation between the facilities

Units in transit between the facilities

Historic and forecasted demand

Number of units in the backlog

Fill rate

Current profit, revenue gained

©O©| O Nl O O &l W N -

Current day

Current units satisfied/unsatisfied

=
o

-
-

Current storage/manufacture/delivery cost

=
N

Units expiring in 1, 2, 3 days

3.5.3 Reward function

The objective of the RL model is to maximize the profits in the supply chain of Company X. Different

methods were used to develop and test the reward function including profit per timestep (Equation

20), fill rate (Equation 21), maximizing number of units sold (Equation 22), minimizing unsatisfied

demand (Equation 23), minimizing number of units available (Equation 24) and minimizing obsolete

inventory (Equation 25) as summarized in Table 7. Reward shaping is applied by including scaling

factors to each reward to give priority to certain scenarios. Different combinations of these reward

functions with unique reward shaping were tested to find the best reward function that provides the

highest net profit for this research.
reward += current revenue — current cost

if order fulfilment rate > 90%

reward += order fulfilment rate
reward += current units satisfied at each facility
reward —= current units unsatisfied at each facility

reward —= units available at each facility

(20)

(21)
(22)
(23)

(24)
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reward —= obsolete inventory (25)

Table 7: Methods used to define the reward function of the RL models.

Option Reward function

Profit per timestep

Fill rate

Maximizing number of units sold

Minimizing unsatisfied demand

Minimizing number of units available

o O Bl W N

Minimizing obsolete inventory

Extremely large values in the state space and reward function can lead to unstable and unpredictable
behaviour causing high variance which makes it difficult for the agent to learn and generalize to new
conditions [78]. It can also cause numerical instability in the algorithms potentially leading to large
errors. Hence, the variables used in the state space and the reward function are normalized using
min-max normalization into a fixed range so that they are well-scaled to provide a balanced signal
allowing for a more efficient training process. The hyperparameters of the PPO and DDPG
algorithms used in this research were tuned in an attempt to improve the performance of the RL

model.

3.5.4 Hyperparameters

The most important hyperparameters of the PPO and DDPG algorithms that were presented in
Section 2.5.3 and Section 2.5.4 respectively were tuned to improve the performance of the RL model.
Table 8 and 9 show the different hyperparameters and their ranges that were tested for the PPO and
DDPG models respectively to optimize their performance. The randomized search cross validation
technique was used to test different hyperparameter combinations from Table 8 and 9.

Table 8: Different hyperparameters and the ranges in which they were altered to potentially

improve the performance for the PPO model.

Hyperparameter Range
Entropy coefficient [0.005, 0.01, 0.05, 0.1, 0.3]
Learning rate [0.0001, 0.001, 0.003, 0.005, 0.01, 0.1]
Clip range [0.1,0.2,0.3]
Number of steps [32, 128, 256, 512, 2048, 5000]
Batch size [32, 64, 128, 4096]
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Number of epochs [3,5, 8, 10, 30]
Discount factor (gamma) | [0.9, 0.95, 0.99]

Table 9: Different hyperparameters and the ranges in which they were altered to potentially

improve the performance for the DDPG model.

Hyperparameter Range
Learning rate [1le-4, 1le-3, 1e-2]
Buffer size [1le4, 1e5, 1e6]
Batch size [32, 64, 100, 128]
Tau [0.001, 0.005, 0.01]
Discount factor (gamma) | [0.9, 0.95, 0.99]




4 Results and Discussion

4.1 Results of the demand forecasting process

Figure 26 shows the performance comparison of different supervised learning models on the
validation dataset after k-fold cross validation and hyperparameter tuning were performed. The
validation dataset used to evaluate the models was from a similar distribution (mean, variance) to
the training dataset. It can be seen that most of the models were able to predict a similar trend to the
actual values indicating that the models are potentially capturing the essential patterns in the data.
The RF model was able to best predict the demand by achieving the closest trend and the least error
for most of the evaluation metrics (MSE, RMSE, r2) as shown in Table 10. The MAE is less sensitive
to outliers compared to the MSE. The MAE of the RF model was marginally higher than the SVR
model which possibly indicates that the SVR model is marginally more conservative with the RF
model willing to take higher risks. The exploratory nature of RF could ultimately be a better choice
for a stochastic dataset such as the one in this research. However, both the RF and SVR models
outperformed the other models as expected based on their abilities of better handling non-linear
effects in a dataset. The 2 value was not very high because of the non-linear nature of the dataset
but the RF model did show a 79% improvement in explaining the variance over the baseline LR

model.

Comparison of predicted vs actual sales for different ML models
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Figure 26: Performance of different ML models on the validation dataset for the Pretoria outlet.
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Table 10: Evaluation metrics for the various regression models on the validation dataset for the
Pretoria outlet.

Model MSE RMSE MAE r?
LR 1156 705 | 1076 937 0.075
KNN 1087652 | 1043 864 0.130
RF 810 042 900 741 0.352
SVR 856 255 925 735 0.315

The training and validation datasets were combined for the final training (including k-fold cross
validation and hyperparameter tuning) of the RF model and fit to the test dataset with the trend shown
in Figure 27 and the evaluation metrics shown in Table 11. Once again, the model was able to follow
a similar trend to the actual values but large evaluation metrics (errors) were observed which are due
to the highly stochastic nature of the dataset, consideration of a short time period and the inclusion
of a sudden fluctuation of high amplitude which could possibly have been a random promotion for
the product in the company. Possible reasons for the large difference between the actual and
predicted sales on day 17 may include:

e The large fluctuation in demand may not be well-represented in the training data making the
model unable to learn such extreme events accurately. This indicates the limitation of
attempting to make future predictions based only on the historical time series data. In future,
real-time demand data and its relationship with market trends, company status, seasonal
patterns, etc can be obtained directly from the ERP system of the company together with
relevant websites.

e The predictions of the RF model are bound by the highest and lowest values in the training
dataset with the model unable to extrapolate.

e RF tends to smooth out noise in a dataset making it less sensitive to sudden fluctuations.

e The predictions from each tree of the RF algorithm can result in decision boundaries that

make it challenging to predict large fluctuations.
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Figure 27: Performance of the RF model on the test dataset for the Pretoria outlet.

Table 11: Evaluation metrics for the RF model on the test dataset for the Pretoria outlet.

Model MSE RMSE | MAE r?
RF 5382070 | 2320 1346 | 0.347

The RF algorithm was shown to best predict the forecasted demand for a single outlet (Pretoria) and
was hence, used to determine the forecasted demand for the remaining facilities for consistency.
Additionally, supervised learning was not the main focus in this research hence, all the algorithms
were not tested at every location in the supply chain. The comparison between the actual and
predicted sales over the period of a year at each location using the RF algorithm is shown in

Appendix B.

Recurrent neural networks (RNN) are acknowledged as state-of-the-art for predicting time-series
data but due to time constraints, computational costs and the need for further optimization, it was
not a feasible option for this study. RNNs also require large datasets for effective training and usually
do not perform well with smaller datasets. Since the time series data is limited to one year in this
study, the RF algorithm was an effective starting point. RF was also observed to be more
interpretable than RNN which can have an effect on the efficiency of the RL model. The main focus
for this research was to test and optimize various RL models to possibly improve the inventory
management process. However, in the future with more powerful machines and larger input datasets,

RNN would definitely be tested as it has the potential to provide more accurate demand forecasts.
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4.2 Benchmark heuristic results

The value of the minimum production limit used in the company was found to be excessive for the
way the supply chain was modelled in this research using the heuristic technique. The original
minimum production limit of 30 000 units each day led to a large number of units being available at
the production facility reaching the production storage capacity. This increased the storage costs and
obsolete inventory which significantly limited the net profit. Table 12 shows the demand information
at each location of the supply chain. The sum of the average demand across all the locations was
6 765 units which was much lower than the original minimum production limit resulting in excessive
units being available. The high values in the sample standard deviation and maximum demand
columns emphasize the high variance and stochastic nature of the demand dataset. A value of 5000

units for the minimum production limit provided the best performance for the heuristic model.

Table 12: Demand information at each location.

Location Average demand Sample standard | Maximum demand
(units) deviation (units)
Bloemfontein 1077 824 3903
Durban 766 297 1437
Cape Town 112 117 867
East London 223 187 1318
Pretoria 2 403 2374 17 125
Johannesburg 2184 2 250 13939
Total 6 765

4.3 RL results
4.3.1 State space

Using cumulative variables in the state space were found to be ineffective as they result in an infinite
state space leading to an inefficient learning process. Variables based on the current value for
example, current profit as opposed to overall profit as shown in Figure 28 was more practical to use
as they are bounded allowing the RL agent to experience similar states more frequently during
training. Table 13 shows the variables that were found to be useful to include in the state space. Other
variables were also tested as shown in Appendix C but these were found to be ineffective in this

particular RL model.
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Figure 28: Comparison of the (a) overall net profit with the (b) current profit at each timestep.

Table 13: Variables included in the state space.

Variables that provided good performance Variable benefits

Units available at each stock point.

This gave the model an idea of how much
demand can be fulfilled from on-hand inventory.

The choice of ordering from either the

production or the warehouse from each outlet.

This gave the model an idea of which upstream
location is better to order from based on units

available, lead times and costs.

Number of trucks in operation between

production, warehouse and each of the outlets.

This gave the model an idea of how consolidated

the shipments are.

Number of units in transit between production,

warehouse and each of the outlets.

This gave the model an idea of how much
inventory will arrive after the lead time has

elapsed.

The demand for the previous 4 days and the

This gave the model an idea of the current trend

in demand for each location.

forecasted 4 days at each location.

4.3.2 Reward function

It was investigated whether there was a difference between maximizing a positive reward and
minimizing a negative reward. Attempts were made to maximize a positive reward by adding the
current units satisfied to the reward function but it did not provide any performance improvement.
However, subtracting the current units unsatisfied provided improved performance. Hence, it was
concluded that it was better to minimize a negative reward in the RL model for this application. A
reward function based on a combination of profit per timestep, fill rate, units available on hand and

units unsatisfied provided the highest net profit at the end of the year. It was also found that using a
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constant reward value for a particular range of states was not always effective as static conditions

can become highly non-linear. Thus, unique scaling factors (reward shaping) were used in the reward

function to indicate certain scenarios were better than others which proved to be effective in

improving the net profit of the RL model. However, the reward function was very sensitive and had

a significant effect on the performance of the RL models. The final reward function is shown in

pseudocode (Equation 26).
reward += current revenue — current cost

if fill rate > 90:
reward += fill rate
elseif fill rate > 80:
reward += 50
elseif fill rate > 70:
reward += 0
elseif fill rate > 60:
reward —= 10
elseif fill rate > 50:
reward —= 20
elseif fill rate > 40:
reward —= 30
elseif fill rate > 30:
reward —= 40
elseif fill rate > 20:
reward —= 50
elseif fill rate > 0:

reward —= 100

reward —= Bloemfontein units available

reward —= Current Bloemfontein units unsatisfied
reward —= Cape Town units available * 2

reward —= Current Cape Town units unsatisfied
reward —= Durban units available

reward —= Current Durban units unsatisfied * 10
reward —= East London units available
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reward —= Current East London units unsatisfied

reward —= Pretoria units available

reward —= Current Pretoria units unsatisfied

reward —= Warehouse units available

reward —= Current Warehouse units unsatisfied

reward —= Production units available/1000 (26)
4.3.3 Action space

Scaling up of the action space was tested using the value of the storage/truck capacity and a factor
of the average demand at each location. Using a factor of the storage/truck capacity provided a higher
fill rate but achieved a lower net profit when compared to using a factor of the average demand. The
RL code was highly sensitive to the upscaling of the action space due to the current profit being
included in the reward function. The RL agent learns to send consolidated trucks most of the time to
save on costs as delivery costs usually exceed storage costs on a single day. A challenge was that
large amounts of time are required before upstream locations store sufficient goods in order to send
full trucks thereby, reducing the fill rate. Possible solutions included increasing the starting
inventory, increasing the minimum production limit, altering the reward function and using a unique
scale up of the action space for each location. The RL model was run multiple times by changing the
scaling factor for one facility while keeping the others constant. Once the best scaling factor was
found for the first facility, the process was repeated for the remaining facilities. A unique scale up
of the action space for each location provided the best performance with the scaling factors shown
in Table 14.

Table 14: Optimized action scaling factor results.

Facility Action scaling factor for both
PPO and DDPG models
Warehouse 28 000

Bloemfontein | 10 000

Durban 5000

East London 10 000

Cape Town 1000

Pretoria 10 000
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4.3.4 Hyperparameters

Hyperparameter tuning was performed using the random search method where hyperparameters
were randomly sampled from a defined distribution. The final hyperparameter values for the PPO
and DDPG models are presented in Table 15. The entropy coefficient of PPO and the learning rate
and discount factor of both PPO and DDPG were the most sensitive to the model’s performance.
Since hyperparameter tuning was not the main focus of this research and the results of the
optimization were lengthy, the final values are only presented in this research.

Table 15: Optimized hyperparameter results.

PPO hyperparameter | Value | DDPG hyperparameter | Value
Entropy coefficient 0.1 Learning rate 0.003
Learning rate 0.005 | Buffer size 1e6
Clip range 0.2 Batch size 100
Number of steps 2048 Tau 0.005
Batch size 64 Discount factor (gamma) | 0.99
Number of epochs 10
Discount factor (gamma) | 0.99

4.4 Comparing the heuristic and RL model results for scenario 1: Supply chain structure in its

current state

Table 16 shows that there were significantly less units unsatisfied and obsolete inventory occurring
resulting in a higher fill rate in the heuristic model compared to the PPO and DDPG models. Both
PPO and DDPG models achieved a marginally lower net profit but at a significantly lower fill rate
compared to the heuristic model. Further increasing or decreasing the fill rate in the PPO and DDPG
models resulted in a decrease in net profit being achieved. This indicates that the optimal condition
was reached and that a higher fill rate in a supply chain does not necessarily lead to a higher net
profit. The extremely high number of units unsatisfied in the PPO and DDPG models limited their
profitability but it was interesting to note that it still achieved a net profit relatively close to the
heuristic model. However, the PPO and DDPG models can help optimize the supply chain structure,
operation and parameters to potentially further increase the net profit beyond that of the heuristic in
the future. The heuristic model improved the net profit by 17% and 8% compared to the PPO and
DDPG model respectively. DDPG achieved a higher net profit compared to the PPO model but
detailed results regarding each model are presented in the following sections.
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Table 16: Comparison of overall performance between different models in scenario 1.

Heuristic PPO DDPG
Net profit R11 042 078 R9 125 155 R10 149 107
Fill rate 97.41% 64.90% 55.37%
Obsolete inventory 56 945 228 858 224 000
Units unsatisfied 62 315 811 399 1 030 000

4.4.1 Results showing the comparison of actions used in the heuristic and RL models

The results for a single outlet (Pretoria) in the heuristic model are presented in Figure 29, with the

remaining outlets functioning in a similar way achieving a good overall fill rate and net profit. On

each day, the outlet satisfies customer demand which reduces the number of units available. An

inventory target was calculated based on the sum of the forecasted demand for the next seven days

and an order (action) was placed upstream based on the difference between the inventory target and

the units available. There was a large fluctuation in demand on day 135 possibly due to a promotion

in the company. However, the results also indicate that the model calculates a larger inventory target

and orders more units before day 135 in an attempt to store sufficient units to satisfy the large

fluctuation in demand.
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Figure 29: Results showing the (a) current demand, (b) units available, (c) inventory target and (d)

order quantity of the Pretoria outlet in the heuristic model.

The results for the RL model using the PPO algorithm are shown below. The Bloemfontein and Cape
Town outlets had similar results achieving a 100% fill rate but store too many excess units. The
Pretoria and East London outlets achieved a fill rate of between 95-98% while attempting to store
fewer units to save on storage costs. The Durban outlet only achieved a fill rate of approximately
66% since it stored very few units. The results for the Bloemfontein, Pretoria and Durban outlets is
shown in Figure 30, Figure 31 and Figure 32 respectively. The inclusion of the current profit in the
reward function caused the RL models to learn to order either O units or the maximum ordering
quantity to save on delivery costs for each outlet as delivery costs exceeded storage costs (Table
A.4). This is in contrast to the ordering quantity of the outlets in the heuristic model where the

ordering quantity fluctuated daily.
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Figure 30: Results showing the (a) order quantity, (b) current demand, (c) units available and (d)

fill rate of the Bloemfontein outlet in the PPO model.
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Figure 31: Results showing the (a) order quantity, (b) current demand, (c) units available and (d)
fill rate of the Pretoria outlet in the PPO model.
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Figure 32: Results showing the (a) order quantity, (b) current demand, (c) units available and (d)

fill rate of the Durban outlet in the PPO model.

The results for the RL model using the DDPG algorithm are shown below. The Durban, East London
and Cape Town outlets performed in a similar way where no orders were placed causing insufficient
units being available, resulting in low fill rates. This is shown in Figure 33 using the Durban outlet
as an example. A possible reason for this is the higher delivery costs that occur since these three
locations are the furthest from both the production and warehouse in Johannesburg. Additionally,
these three locations have the lowest average demand across the year (Table 12) hence, the model
may have learned that the inventory investment in sending units to these locations exceed the revenue

obtained from satisfying customer demand.
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Figure 33: Results showing the (a) order quantity, (b) current demand, (c) units available and (d)
fill rate of the Durban outlet in the DDPG model.

The Bloemfontein and Pretoria outlets performed in a similar way where a constant order (maximum
ordering quantity) was placed throughout the year. This resulted in these outlets having a 100% fill
rate but the number of units stored gradually increased towards the end of the year. This is shown in
Figure 34 using the Pretoria outlet as an example. The average number of units held by the Pretoria
outlet in the last 100 days for the DDPG model was approximately three times higher than that of
the PPO model. This could have significantly limited the DDPG model from achieving an even
higher net profit and potentially improve on the heuristic. The constant action used in these outlets
differs from the actions used in both the heuristic and RL models with the DDPG algorithm resulting

in unnecessarily high storage costs for these outlets.
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Figure 34: Results showing the (a) order quantity, (b) current demand, (c) units available and (d)
fill rate of the Pretoria outlet in the DDPG model.

4.4.2 Results showing reasons for low fill rate at certain outlets

The Durban outlet performed worse than the remaining outlets in both RL models as it achieved a
lower fill rate. The root cause was linked to this outlet ordering 95% of the time from the warehouse
and the warehouse not having sufficient units to satisfy customer demand and send units to
downstream locations. Possible reasons for this included:

1. The number of times that the Pretoria outlet ordered from the production and warehouse
facilities was almost equal hence, the number of trucks utilized from the production and
warehouse to the Pretoria outlet was analysed. The number of trucks used between the
production unit and Pretoria and between the warehouse and Pretoria are similar for the
heuristic as shown in Figure 35. However, in the PPO (Figure 36) and the DDPG models
(Figure 37), the Pretoria outlet was mostly supplied by the production unit. The RL models

possibly learned that sending units directly from the production unit to the outlets was
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Figure 36: Trucks from (a) production to Pretoria and from (b) warehouse to Pretoria for the PPO
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Figure 37: Trucks from (a) production to Pretoria and from (b) warehouse to Pretoria for the
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DDPG model.

The number of units available at the warehouse and production and the number of trucks in
operation between these two facilities for the heuristic, PPO and DDPG models are shown in
Figure 38, Figure 39 and Figure 40 respectively. The heuristic model stored sufficient units
at the warehouse most of the time but the RL models did not. In the heuristic model, it was
shown that the production unit had sufficient units and sent trucks frequently from the
production unit to the warehouse. However, in the RL models, it was shown that the
production unit did not store sufficient units and could not fill trucks completely hence, very
few trucks were sent from the production unit to the warehouse. The RL models possibly
learned to minimize the number of units stored at the production unit since the storage costs

at the production unit were four times higher than the warehouse (Table A.3).
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Figure 38: (a) Warehouse units available (b) Production units available and (c) Trucks between

Warehouse/Units available

production and warehouse for the heuristic model.
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Figure 39: (a) Warehouse units available (b) Production units available and (c) Trucks between
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Figure 40: (a) Warehouse units available (b) Production units available and (c) Trucks between
production and warehouse for the DDPG model.

4.4.3 Results showing the comparison of units produced in the heuristic and RL models

The units produced at the production unit are compared for the heuristic and RL models as shown in
Figure 41. The DDPG algorithm produced a constant value of 5000 units (minimum production
limit) daily whereas the PPO algorithm produced 150 000 units (value of the maximum production
limit) on day 1 and used that to supply the rest of the supply chain for the rest of the year together
with a constant value of 5000 units being produced daily from day 2. This differed from the heuristic
where the production quantities varied more frequently between the minimum and maximum
production limit. The RL models showed potential to provide a value-add to the company by
consolidating the production through consistent production volumes to provide better asset
utilization (sending full trucks) and cost efficiency (minimizing inventory on hand). However, the
production guantities in the RL models were found to be extremely small resulting in a lower overall

fill rate being achieved in the supply chain.
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Figure 41: Units produced at the production unit for the (a) heuristic model (b) PPO model and (c)
DDPG model.

The RL model using the PPO algorithm was tested again after reducing the production storage cost
by a factor of 4 with the results shown in Figure 42. The results show that the production quantities
varied more frequently and more units became available at the warehouse increasing its fill rate.
Additionally, even though the production unit had sufficient units, the warehouse fill rate was still
not very high. However, this model can be optimized in the future to determine whether it is able to
provide higher profits compared to the original supply chain. Even though this model was not
profitable (possibly due to the extremely high number of units being available at the production unit),
it was concluded that the production storage cost plays a significant role in determining the number

of units being available at the production unit.
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Figure 42: (a) The number of units produced, (b) production units available, (c) warehouse units
available and (d) warehouse fill rate using a quarter of the production storage cost for the PPO

model.

Since the warehouse was not really utilized in the RL models, it was logical to remove it from the
supply chain. The standard deviation of the warehouse was higher than most of the outlets which
means larger fluctuations in demand occur at the warehouse (Table 12). This could have been a
contributing factor to the lower fill rate being achieved by the warehouse. Sending units from the
production unit to the warehouse which are both in the same city could have led to unnecessary
additional delivery and storage costs. The use of two distribution channels to send units to the outlets
and having lots of units held in a backlog could have added additional complexity which makes
training of the model more challenging. Thus, a new scenario was tested where the production and
warehouse facilities were merged to determine whether it is still true that a lower fill rate provides a

higher net profit as well as check if the supply chain is more responsive to the customer demands.

4.5 Comparing the heuristic and RL model results for scenario 2: Merging the production and
warehouse facilities within the supply chain

In scenario 2, the production and warehouse facilities were merged, the customer demand at the
warehouse moved to the production and the parameters related to the production unit were used. The
sum of units in the backlog between each facility in the supply chain was included in the state space.
This provided improved performance as it possibly helped the model better understand the inventory
position of the upstream locations. The action and reward space remained similar but unique action
scaling, reward shaping and hyperparameter tuning were performed to improve the RL models for

this particular scenario.
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Table 17 shows the performance comparison of the RL models in scenario 2 with the benchmark
heuristic. Both PPO and DDPG models obtained a higher fill rate as less units were unsatisfied
compared to scenario 1. This shows that merging the production and warehouse facilities provide
improve customer accommodation. The PPO model in scenario 2 struggled to learn to store an
optimal number of units. A large number of units were stored possibly due to the reduced costs and
time required to transport units to the outlets in this scenario. A large number of units became
obsolete which primarily resulted in an overall loss at the end of the year. However, the DDPG model
learned to store a certain number of units that prevented obsolete inventory from occurring across
the supply chain throughout the year. This primarily resulted in the model achieving a higher fill rate
compared to scenario 1 and the benchmark heuristic. Detailed results regarding the comparison of
the RL models between scenario 1 and scenario 2 are presented in the following sections.

Table 17: Comparison of overall performance between different models in scenario 2.

Heuristic PPO DDPG
Net profit R11 042 078 - R3882116 R14 036 803
Fill rate 97.41% 80.55% 70.60%
Obsolete inventory 56 945 1145234 0
Units unsatisfied 62 315 449 565 679 602

4.5.1 Results showing the comparison of the PPO models between scenario 1 and scenario 2

The fill rate of the Bloemfontein outlet reduced significantly from scenario 1 to scenario 2 as the
model learned to order too much units initially leading to large amounts of stock available. The
production unit then significantly reduced the number of units it produced since there were excess
units across all locations in the supply chain. However, the large number of units at the outlets
eventually turned into obsolete inventory resulting in insufficient units being available to satisfy
customer demand towards the end of the year. This results for the Bloemfontein outlet are shown in

Figure 43 with the Pretoria outlet functioning in a similar way.
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Figure 43: Results showing the (a) order quantity, (b) current demand, (c) units available, (d) fill

rate and (e) obsolete inventory of the Bloemfontein outlet and (f) the number of units produced at

the production unit in the PPO model for scenario 2.

The Durban, Cape Town and East London outlets performed in a similar way achieving a 100% fill

rate but at the expense of storing a significant number of units which eventually turned into obsolete

inventory. The results for the Durban outlet are shown in Figure 44 as an example. The increased
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amount of obsolete inventory occurring in the PPO model of scenario 2 compared to scenario 1 was
the primary reason for the significant drop in net profit. The trend in the order quantity of the outlets
in scenario 2 was similar to scenario 1 where the model attempted to order either O units or the

maximum ordering quantity to save on delivery costs.
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Figure 44: Results showing the (a) order quantity, (b) current demand, (c) units available, (d) fill

rate and (e) obsolete inventory of the Durban outlet in the PPO model for scenario 2.

Figure 45 shows the different approaches used by the production unit between scenario 1 and
scenario 2. In scenario 1, the production unit produced the maximum production capacity on day 1
and the minimum production capacity from day 2 onwards and used that to supply the rest of the
supply chain. In scenario 2, the production unit produced the maximum production capacity a few
times in the first 125 days and the minimum production capacity on every other day. This resulted
in the PPO model in scenario 2 having a higher total manufacturing, delivery and storage cost with
more obsolete inventory occurring compared to the PPO model in scenario 1 as shown in Table 18.
Figure 46 shows that moving customer demand from the warehouse to the production unit increased
the fill rate as it was easier, cheaper and quicker to satisfy the customer demand. This resulted in an
increase in the overall fill rate providing more revenue for the PPO model in scenario 2 compared to

the PPO model in scenario 1.
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Figure 45: Production units available in (a) scenario 1 and (b) scenario 2 for the PPO models.
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Figure 46: The fill rate at the (a) Warehouse in scenario 1 and (b) Production unit in scenario 2 for

the DDPG models.

Table 18: Comparison of performance between the unmerged and merged supply chain using PPO.

Parameter PPO model in scenario 1 | PPO model in scenario 2
(unmerged supply chain) | (merged supply chain)
Revenue [in millions] 37.5 46.5
Total delivery cost [in millions] 6.05 12.1
Total manufacturing cost [in millions] | 22.0 37.6
Total storage cost [in millions] 0.304 0.712
Obsolete inventory [in millions] 0.229 1.15

4.5.2 Results showing the comparison of the DDPG models between scenario 1 and scenario 2

The Durban, East London and Cape Town outlets of the DDPG model performed similar in both
scenario 1 and scenario 2 where no actions were placed resulting in extremely low fill rates for
similar reasons as discussed in Section 4.4.1. The Pretoria and Bloemfontein outlets of the DDPG
model performed similar in both scenario 1 and scenario 2. The fill rate at these two locations
marginally dropped as much fewer units were stored which reduced the storage costs and the amount
of obsolete inventory that occurred. This contributed to the higher overall net profit in the DDPG
model of scenario 2 compared to the DDPG model in scenario 1. Figure 47 shows an example using
the Pretoria outlet of the DDPG model in scenario 2 where the ordering quantity was half compared
to the Pretoria outlet of the DDPG model in scenario 1 (Figure 34). This resulted in less units being
stored while still being able to satisfy most of the customer demand. Similarly, the units available at
the production facility in scenario 2 was significantly less compared to that in scenario 1 as shown

in Figure 48 resulting in lower storage costs and an increase in overall net profit.
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Figure 47: Results showing the (a) order quantity, (b) current demand, (c) units available and (d)

fill rate of the Pretoria outlet in the DDPG model for scenario 2.

Production/Units available Production/Units available
25000 - 4000
20000 -
3000 -
4 2
5 5
2 15000 4 ° |
o |
H £ 2000 -
= =1
@ 2]
10000 [
1000
5000 |
oA I
o E T T T T T T T T T T T T T T T
0 50 100 150 200 250 300 350 0 50 100 150 200 250 300 350
Day Day

Figure 48: Production units available in (a) scenario 1 and (b) scenario 2 for the DDPG models.

The effect of moving the customer demand from the warehouse to the production resulted in a larger
proportion of the customer demand being met contributing to the higher overall fill rate being
achieved in the DDPG model of scenario 2 compared to scenario 1. Figure 49 shows the increase in
fill rate as customer demand moves from the warehouse in scenario 1 to the production unit in
scenario 2. The higher fill rate resulted in higher revenue for the DDPG model in scenario 2 as shown
in Table 19. Smaller shipments were used in the DDPG model in scenario 2 which led to higher
delivery costs. However, this minimized the amount of inventory available throughout the supply
chain which reduced storage costs. Additionally, no obsolete inventory occurred which contributed
to the higher net profit being achieved. The same number of units were manufactured in both

scenarios but scenario 2 managed to distribute the inventory across the supply chain more effectively.
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Figure 49: The fill rate at the (a) Warehouse in scenario 1 and (b) Production unit in scenario 2 for
the DDPG models.

Table 19: Comparison of performance between the unmerged and merged supply chain using

Parameter DDPg[r):c%el in scenario 1 | DDPG model in scenario 2
(unmerged supply chain) (merged supply chain)
Revenue [in millions] 32.0 40.8
Total delivery cost [in millions] 1.20 6.36
Total manufacturing cost [in millions] | 20.3 20.3
Total storage cost [in millions] 0.347 0.101
Obsolete inventory [in millions] 0.224 0

4.6 Training results of PPO and DDPG

The PPO and DDPG models have distinct training metrics which were briefly described in Section
2.7.2. Interesting training charts related to the PPO algorithm are presented in Figure 50. The trends
in the graphs are of primary interest with the values not providing useful information as there is no
baseline for them to be compared to. Others charts were also considered but did not provide useful
insights hence, they are included in Appendix D. Additionally, the training metrics are only presented
for the PPO and DDPG algorithms in scenario 1 as the graphs followed a similar trend in scenario 2
which is included in Appendix E.

The approx_kl parameter was low indicating that large policy updates did not occur which maintains
stability during the training process. The absolute value of the entropy loss parameter gradually
increased with no sudden spikes making the model stable as it balances the exploration-exploitation

trade-off. The entropy loss value did not converge possibly due to the complex and stochastic nature
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of the environment resulting in the model to continue explore different actions. The policy gradient
loss decreased before stabilizing indicating that the model converged to a reasonable policy. The
value of the value loss started off high but the model quickly learned to minimize it. The value loss
decreased and stabilized over time indicating that more reliable predictions of future rewards linked
with different state-action pairs occurred which helped the agent make better decisions. The value
loss was very large which could possibly be linked to a large reward function or the vastness and
complexity of the continuous action and state space making it difficult to experience identical states
frequently. The explained variance attempts to increase allowing for a more accurate prediction but

constantly fluctuates due to the model giving priority to minimize the value loss as it has a much

larger value.
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Figure 50: Various training parameters of the PPO model.

The training charts relating to the DDPG model are presented in Figure 51. It is shown in the actor
loss graph that the value of the expected return increased before stabilizing indicating that the model
learned the best actions that maximized the rewards. The critic loss graph indicated that the model
learned to make accurate estimates of the Q-values over time providing better stability and

convergence of the critic NN.
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Figure 51: Training parameters of the DDPG model.
4.7 Comparing the performance between the PPO and DDPG models

A summary of the differences between the PPO and DDPG algorithms are presented in Section 2.5.4.
The training net profit, fill rate and reward graphs are only presented for the PPO (Figure 52) and
DDPG algorithms (Figure 53) in scenario 1 as the graphs followed a similar trend in scenario 2 which
was included in Appendix F. The PPO model was simpler to perform with less complex and sensitive
hyperparameters. Both PPO and DDPG were able to learn a reasonable policy as the training net
profit, fill rate and reward graphs showed convergent behaviour. However, the PPO model was more
stable as the graphs fluctuated less compared to the DDPG model. The PPO model provided a better
balance between the net profit and fill rate whereas the DDPG model exploited the environment by
further increasing the net profit at the expense of a reduction in the fill rate. This showed that the
PPO model provided better customer accommodation whereas the DDPG model prioritized the
profitability of the supply chain. Large fluctuations in the reward graphs indicated that the reward

function was very sensitive which can be optimized further to potentially improve the model’s

performance.
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Figure 52: The training (a) net profit, (b) fill rate and (c) reward graphs of the PPO models.
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Figure 53: The training (a) net profit, (b) fill rate and (c) reward graphs of the DDPG model.

Even though the DDPG model was more sample efficient as it quickly learned a good policy with
less timesteps (interactions within the environment), it was much more time and resource intensive
compared to the PPO model. The off-policy nature of the DDPG algorithm was shown to provide
enhanced sample efficiency in this particular supply chain. The DDPG algorithm’s abilities of better
handling continuous action spaces and enhanced exploration capabilities through noise addition was
evident as it was able to explore the action space more effectively to achieve a higher net profit
compared to the PPO model in both scenarios. It was interesting to note that the deterministic policy
(suited for tasks with precise control) of the DDPG algorithm performed better than the stochastic
policy of the PPO algorithm for the complex supply chain in this study. Stochastic policies usually
perform better in highly uncertain environments but also require large amounts of input data and

training time to converge to an optimal policy which could have been a limitation in this study.
4.8 Comparing the heuristic and RL model results with literature

Literature sources in the field of inventory management simulated unique supply chains with distinct
operations and parameters. Additionally, most literature sources did not provide their final values
for example, the overall net profit and fill rate achieved. This made it difficult to quantitatively
compare this research with prior works. However, certain qualitative comparisons were made. RL
showed potential to improve on traditional inventory control methods by being able to simulate real
and complex supply chain data using less assumptions [60]. The RL model learned a unique ordering
strategy (when and how much stock to order) rather than using a fixed or general inventory
management strategy. This helps maximize the specific goal in a unique supply chain. Past research
indicated that Q-learning struggled to converge to an optimal policy. However, the DRL algorithms
in this research showed abilities of converging to a reasonable policy. Literature showed that the

PPO algorithm had provided improved results (more stable and convergent behaviour) compared to
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other RL algorithms and benchmark models. However, this research showed that the DDPG could
outperform the PPO algorithm by learning aspects of the supply chain more effectively such as
finding profitable locations and minimizing obsolete inventory.

The research by Geevers et al. [73] most closely aligned with this research as real historic demand,
a multi-echelon supply chain, the PPO algorithm and a custom RL environment was used. A
continuous action space representing the ordering quantity was used in both researches but the model
by Geevers et al. struggled to learn the interval of the action space effectively. The PPO model in
this research learned to order either 0 units or the maximum ordering quantity at each outlet whereas
the DDPG model learned to order a constant amount but only at certain outlets to save on delivery
costs. However, the RL models also struggled to vary the actions in this study resulting in large
amounts of inventory stored (storage costs) and obsolete inventory at various locations.

The state space in previous research papers varied based on the amount of supply chain information
that was available. The research by Geevers et al. focused solely on reducing inventory costs hence,
the holding and backorder costs were only included in the reward function. This research aimed to
simultaneously maximize net profit and fill rate in the supply chain without considering backorders.
Thus, the reward function was based on a combination of profit per timestep, fill rate, units available
on hand and units unsatisfied with each contributing towards improved performance. The reward
function of Geevers et al. was also tested in this research using the holding costs and the units
unsatisfied instead of the backorder costs but it was not able to provide better results in this particular
supply chain. However, both researches showed that it was more useful to minimize a negative

reward.

Both researches incorporated the available inventory and the inventory in transit at each point in the
supply chain. However, Geevers et al. further included the total backorders and total inventory in the
supply chain possibly due to a multi-agent analysis being used. This research was based on a single-
agent analysis and it was found that it was not useful to include the total inventory in the supply
chain into the state space. The inclusion of the number of trucks in operation and the number of units
in transit between various locations in this supply chain provided improved performance as it helped
the model understand how best to utilize the trucks. Both researches showed that it was more useful

to use current variables rather than cumulative variables to prevent an infinite state space.

Most literature sources were able to outperform their respective benchmark models as shown in
Table 20. However, the RL models in this research could not outperform the benchmark heuristic in

the original supply chain. This could possibly be due to the highly stochastic nature of the demand
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dataset, simulation of a finite time horizon, the reduction in the minimum production limit and the

complexity of the supply chain network structure. However, RL had shown potential by improving

on the heuristic when a modification to the supply chain structure was simulated. The DDPG

algorithm in scenario 2 was able to achieve a 21% higher net profit compared to the benchmark

heuristic.

Table 20: Comparison of RL models with their respective benchmarks in different research papers.

Research

% improvement of the best RL model

over their respective benchmark model

Gijsbrechts et al. 9

Hubbs et al. 11
Xie et al. 18
Oroojloojadid et al. 13
Geevers et al. 20
This research (DDPG model in scenario 2) | 21
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5 Conclusion and Recommendations

Reinforcement learning has provided an opportunity to learn an ordering strategy to maximize the
net profit and fill rate in a multi-echelon supply chain with stochastic constraints. The DDPG
algorithm has shown improved capabilities of handling an inventory management environment
compared to the PPO algorithm by achieving a higher net profit which could potentially be due to
DDPG’s enhanced exploration capabilities and increased sensitivity to the reward function. The RL
models could not outperform the benchmark heuristic when simulating the supply chain of Company
X in its current state as the heuristic model achieved a 17% and 8% increase in net profit compared
to the PPO and DDPG model respectively. However, RL was able to find that the merged supply
chain improved performance as the DDPG model provided a 21% increase in net profit over the
benchmark heuristic. RL has shown to help identify root causes and challenges in the supply chain
which provide useful information for further areas of improvements in the future. Different
modifications of the supply chain can also be tested to potentially further improve the net profit and
fill rate. The performance of the RL models were also very sensitive to the reward function which

can be further optimized in the future.

5.1 Research insights

The RL model provided certain value-adds for Company X including:
e Product integrity (no expired stock is stored).
¢ Visibility of inventory across the supply chain (transparency).
e Improved asset utilization (production, transportation, inventory).
e Minimal stock outs.
e Minimal wastage of inventory.
e Balancing inventory investment with the return on investment.
¢ Reducing manual stock-taking and assisting with supply chain decision making.

e Improving the inventory turnover by reducing holding costs.

A summary of useful insights obtained from the RL model include:
¢ Shipment consolidation is preferred (ensuring trucks are mostly full when in operation).
e The truck and storage capacity were excessive but this may be due to the company having
other products in their supply chain.
e The minimum production limit was found to be excessive.
e The production storage costs were too high resulting in less units being available and a
reduced overall fill rate in the supply chain.
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Increasing the number of training timesteps improved the performance up to a certain point
after which the performance remained similar.

There was an optimal fill rate that provided the highest net profit. Further increases or
decreases in the fill rate resulted in a loss of profit.

The input supply chain data consisted of decimals which could have added additional
complexity to the RL model. The RL model was tested by removing the decimals but the

performance remained similar.

5.2 Challenges/Limitations

Some challenges that were faced in the RL models of this study include:

The stock points in the supply chain were ordering in minute quantities resulting in
insufficient inventory being available to satisfy customer demand. However, as the amount
of training increased, the models learned to order in larger quantities over time.

The computational time to run the RL models were large however, multiprocessing was used
to speed up the training process.

Using a continuous action space, the actions are normalized to a value between 0 and 1. Thus,
the actions needed to be scaled up to provide a realistic ordering quantity for the supply chain.
Different methods were used to scale up the action space but using a unique value for each
stock point provided the best performance.

Since the current profit was included in the reward function, the stock points decided to order
the maximum action quantity most of the time to save on delivery costs. However, upstream
facilities do not always have sufficient units to satisfy large orders which can delay the
process of units arriving at certain locations.

The RL models were sensitive to multiple parameters simultaneously making it challenging
to optimize their overall performance.

The RL models struggled to learn an adaptive ordering strategy with varying actions which
resulted in excess units being available and large amounts of obsolete inventory occurring at
various locations.

The societal impact and customer perception of the company as a result of the lower fill rate
in the RL models were not considered as it is dependent on many external factors such as
ethical considerations and the control of shareholders which is beyond the scope of this study.
RL was able to perform reasonably well when simulating the supply chain in short term but
there still needs to be an investigation as to how well it can perform in the long term and

directly within the ERP system of the company before it can be applied in reality. However,
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the RL models helped determine root causes (for example, larger production storage costs
led to less units being stored) for the way certain operations take place in the current supply

chain.

5.3 Recommendations

Further research and experimentation based on this study that can be conducted in the future include:

A larger input dataset (historic demand data) can potentially improve the forecasting
accuracy thereby helping the RL models to learn more realistic trends. RNN’s can also be
tested in the future using more powerful computers with an increased number of training
timesteps to potentially provide more accurate time-series predictions.

Additional products in the supply chain of Company X can be incorporated into the RL
models to determine whether it can further improve their profitability.

The performance of the models can be sensitive to the sequence of events in the supply chain
for example, less units may be available to satisfy the final outlet in the simulation. It is very
difficult to simulate the supply chain exactly like real life where events happen at the same
time (“no model is perfect but some are useful”). It can be useful to shuffle the order in which
inventory is sent to the outlets to determine whether it makes a difference. Future extensions
of how components of the supply chain can be modelled to operate synchronously can be
researched.

Test new and more advanced RL algorithms to determine whether they are able to capture
the stochastic trends in the supply chain more effectively. The reward function can also be
further optimized to possibly increase the net profit and fill rate in the future.

Previous research of RL in different applications have reduced the learning rate parameter
with each time step as the model trains. It can be useful to test a similar approach in the RL
models of this study to determine whether the RL models can learn an improved policy.
The choice of ordering from the warehouse or production for each outlet can be included in
the action space to determine whether the model can effectively learn where to order from to
provide better overall supply chain efficiency.

Regularization and random sampling techniques introduce variations and transformations to
the training data. This can be applied to the RL models in the future to determine whether it
can provide a more efficient training process by generalizing better to different scenarios.
Changes to the supply chain structure, pricing and distribution of goods can be tested in the

RL models to advise certain business decisions based on current trends.
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5.4 Data availability

The complete code for the heuristic and RL models is available on the following GitHub page:
arnavgarg25/InventoryManagement (github.com).
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https://github.com/arnavgarg25/InventoryManagement
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Appendix

A. Relevant supply chain parameters and their values of Company X

Table A.1 General parameters of the supply chain

Parameter Value
Small truck capacity (operating between the 14 000 units
production and warehouse facility)
Large truck capacity (operating from the 58 800 units
production/warehouse to each outlet)
Product lifespan 60 days
Selling price R25
1 pallet 70 cases
1 case 30 units

Table A.2 Parameters primarily related to

the production facility of the supply chain

Parameter

Value

Production processing time

2 days

Manufacture cost per pallet

R25 000

Minimum production limit

30 000 units (5 000 units used in this research)

Maximum production limit

150 000 units

Table A.3 Parameters related to storage for each stock point of the supply chain

Location Storage capacity (units) Storage cost per pallet per
week (Rands)

Cape Town 745 500 65.748

Pretoria 3990 000 65.748

Port Elizabeth 987 000 65.748

Warehouse (Johannesburg) 14 175 000 54.79

Durban 630 000 65.748

Bloemfontein 1268 400 65.748

Production (Johannesburg) 3175200 224.29

Table A.4 Parameters related to transport for each stock point of the supply chain

Location Transport time Transport time Transport cost Transport cost
from Production | from Warehouse | from Production | from Warehouse
(days) (days) (Rands) (Rands)

Cape Town 3 3 32 701.39211 32701.39211
Pretoria 1 1 5031.942839 8 739.340276
Port Elizabeth 3 3 27 968.98425 27 968.98425
Warehouse 1 0 5031.942839 0

(Johannesburg)

Durban 2 2 14 042.60801 14 042.60801
Bloemfontein 2 2 16 116.92355 16 116.92355

Table A.5 Parameters related to the probability of sending units from either the production or
warehouse to each outlet in the supply chain

Location % distribution from % distribution from
Production Warehouse

Cape Town 75 25

Pretoria 46 54

XiX



Port Elizabeth 7 93
Durban 5 95
Bloemfontein 18 82

B. Actual vs predicted sales at each of the outlets

Actual vs predicted sales for Johannesburg

Actual vs predicted sales for East London
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C. Variables excluded in the state space

Variables that provided poor/no

improvement in performance

Fill rate

Current profit

Current day
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Current units satisfied/unsatisfied

Current storage/manufacture/delivery cost

Units expiring in 1, 2, 3 days

Current revenue gained

D. Training charts of the PPO algorithm
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Figure D.1: The remaining PPO training charts in scenario 1
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Figure D.3: DDPG training charts of scenario 2
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