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ABSTRACT

In supply chain management (SCM), effective resource utilization is the key to
achieving certain strategic benefits such as minimizing costs, increasing service
levels, reducing inventories, increasing responsiveness, and finally improving cus-
tomer satisfaction. Collaborative approaches among supply chain entities have
become increasingly popular to increase resource utilization. In this thesis, we
analyze a collaborative production setting where several companies facing varying
demands throughout a finite planning horizon attempt to reduce their procure-
ment costs by ordering from a common supplier. As the capacity of the common
supplier is better utilized in such a collaborative solution, it will yield benefits that
will be shared by the collaborators. Our objective is to design a cost allocation
framework to ensure the sustainability of the collaborative purchasing organiza-
tion. We propose various methods, including novel and computationally efficient
machine learning based methods, using two different architectures, gradient boost-
ing mechanism, and artificial neural networks which ensure the scalability of the
proposed framework. We perform an extensive computational study and observe
that our proposed method significantly outperforms the generic methods in the
literature in terms of solution quality and computation time.

Keywords: Economic Lot Sizing Problem; Capacity; Cost Allocation; Back-

order; Machine Learning; Cooperative Game Theory
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OZETCE

Tedarik zinciri yonetiminde (TZY), etkin kaynak kullanimi, maliyetlerin en aza in-
dirilmesi, hizmet diizeylerinin artirilmasi, stoklarin azaltilmasi, yanit verme hizinin
artirilmasi ve son olarak miisteri memnuniyetinin artirilmasi gibi belirli strate-
jik faydalarin elde edilmesinin anahtaridir. Tedarik zinciri kurulusglar1 arasindaki
igbirlik¢i yaklagimlar, kaynak kullanimini artirmak i¢in giderek daha popiiler hale
geldi. Yapilan bu tez caligmasi ile sinirli bir planlama ufku boyunca degigen
taleplerle karsilasan birkag sirketin ortak bir tedarikciden siparig vererek tedarik
maliyetlerini diigirmeye ¢aligtig1 ortak bir iiretim ortamini analiz ediyoruz. Or-
tak tedarikcinin kapasitesi boyle bir igbirlikci ¢oziimde daha iyi kullanildigindan,
igbirlikciler tarafindan paylasilacak cesitli faydalar saglayacaktir. Amacimiz, or-
tak satin alma organizasyonunun stirdiiriilebilirligini saglamak icin bir maliyet
dagitim cercevesi tasarlamaktir. Onerilen cercevenin 6lgeklenebilirligini saglamak
icin iki farkli algoritma, gradient boosting ve yapay sinir aglari, kullanan yeni
ve hesaplama acisindan verimli makine 6grenimi tabanli yontemler de dahil ol-
mak lzere gesitli yontemler oOneriyoruz. Bahsedilen yontemlerle, kapsamli bir
hesaplama c¢alismasi gerceklestiriyoruz ve onerilen yontemimizin, ¢oziim kalitesi
ve hesaplama siireleri agisindan literatiirdeki jenerik yontemlerden 6nemli ol¢lide
daha iyi performans gosterdigini gozlemliyoruz.

Anahtar Kelimeler: Ekonomik Parti Biiyiikliigii Problemi; Kapasite; Maliyet

Dagilimi; Siparis Bakiyesi; Makine Ogrenmesi; Isbirlikli Oyun Teorisi
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CHAPTER I

INTRODUCTION

In supply chain management (SCM), effective resource utilization is the key to
achieving certain strategic benefits such as minimizing costs, increasing service
levels, reducing inventories, increasing responsiveness, and finally improving cus-
tomer satisfaction. There exist several initiatives implemented in SCM to make
the most of available resources including material, labor, machinery, vehicles, en-
ergy, and capital. The main focus of all of these initiatives is to eliminate the
operational inefficiencies caused by the characteristics of supply chain operations
such as demand fluctuations, capacity restrictions, uncertainties in manufactur-
ing/transportation/economical conditions, and information asymmetries among
supply chain partners, etc. While some of these initiatives can be undertaken by a
single supply chain entity, the others require a coordinated effort between supply
chain partners in order to realize the benefits.

Collaborative procurement/group purchasing organizations (especially in health-
care supply chains), airline alliances, road transportation alliances, and ocean
shipping alliances are some examples of coordination among supply chain part-
ners. From both practical and theoretical perspectives, it has been proven that
such collaborative initiatives offer significant potential benefits to the participants.
As in all such initiatives, there is a synergistic gain such as more efficient utiliza-
tion of the production/transportation capacity, better management of inventories,
better planning against uncertainties, etc., which supposedly lead to the famous
win-win type equilibrium in strategic interactions among the individuals. Un-
fortunately, this is only one side of the coin. The other side of the coin is in
such collaborations there are several coordination issues, conflicts of interests, and

trust issues among participants, which might limit the potential benefits or even



destroy them entirely. For instance, a group purchasing organization in essence
aims to better utilize the production capacity of a common supplier, which leads
to lower procurement costs for the participants. However, at the same time, these
companies might battle for the same common capacity especially when the pro-
duction capacity of the supplier is rather limited and the demand must be met in
a timely manner. Therefore, a successful coordination mechanism to govern such
collaborative operations is crucial to keep such collaborations intact.

One important aspect of designing such a coordination mechanism is to keep
all participants financially satisfied as it boils down to increasing profits for most
supply chain stakeholders and potential conflicts arise mostly due to monetary
issues. This might seem straightforward at first as the collaboration will offer fi-
nancial benefits to the entire collaboration. Since there exists such a surplus over
the non-collaborative alternative, it should be relatively easy to identify common
grounds to keep every participant content in the collaboration. However, it turns
out that it is in fact not the case in many supply chain coordinations. The reason is
mainly the dynamics/characteristics of the supply chain operations and potential
coordination opportunities. For instance, while trying to utilize a common truck
capacity in milk run type freight transportation, conflicts might arise among col-
laborators on the fraction of capacity used by each customer or on the order of
deliveries to the customers. Similarly, in airline alliances one flight leg might be
in high demand due to seasonality, flight network characteristics, etc. and several
members of the alliances might request to book seats on that particular flight.
However, the operating airline can only supply a limited number of seating due
to the aircraft’s capacity restriction. In such cases, a collaborative solution might
be appealing to some participants whereas the others might reject such solutions.
The key is to identify a solution that all participants agree to and yields positive
benefits to overall collaboration.

In this thesis, we analyze a collaborative production setting where several

companies which are facing varying demands throughout a finite planning horizon



attempt to reduce their procurement costs by ordering from a common supplier.
As the capacity of the common supplier is better utilized in such a collaborative
solution, it will yield benefits that will be shared by the collaborators. The under-
lying optimization problem that determines the minimum joint cost solution for
the collaboration is referred to Joint Economic Lot Sizing Problem in the litera-
ture. The joint costs include the fixed ordering costs associated with each order,
the variable cost of production, inventory holding costs, and finally backorder-
ing costs of unfulfilled demand. This multi-period production planning problem
is a complex problem and proved to be NP-Hard under production capacity re-
strictions. The difficulty of the problem is further increased when cost values are
also non-stationary besides the demand values, as the timing of the productions
becomes much more critical.

Provided that the most cost-effective solution to the collaborative purchasing
problem is determined, the next step is to share the responsibilities among the
participants. Unfortunately, this is where the conflicts among the participants
threaten the sustainability of the collaboration. The presence of the fixed cost
and the non-stationary nature of the problem significantly contribute to these
conflicts as the participants prefer to be least responsible for the inefficiencies
of the purchasing process such as inventory holding/backorder costs and a por-
tion of the fixed costs. Ideally, any company would prefer not to pay inventory
holding/backorder costs however, this may not be possible due to the produc-
tion capacity constraints and in fact, it may be even preferable due to the non-
stationary production costs (if production costs in the previous and subsequent
periods are so low that the companies might prefer keeping inventories or back-
ordering the customer demand). Inclusion of the possibility of backordering, the
demand backorder complicates the underlying optimization problem as the solu-
tion space becomes larger, however from the perspective of cost allocation having

more options generally leads to better solutions.



Our objective is to design a cost allocation framework to ensure the sustain-
ability of the collaborative purchasing organization. We model the problem as
a cooperative game among the retailers with a common goal of minimizing the
total purchasing cost. In line with the related literature, when allocating cost
responsibilities we consider two major criteria: (i) total cost is shared among the
participants (budget balanced allocation), and (ii) no participant has a better op-
tion for individual collaborative (stable allocation). In the literature, cooperative
lot sizing games have been studied in varying settings. Most of these works as-
sume an uncapacitated production process where a budget balanced and stable
(which is referred to as core) allocation can be identified rather trivially. Under
a production capacity restriction, such solutions may not exist, as participants
might battle for the same production capacity based on the relative cost figures.

The main contribution of this work is the scalability of the allocation frame-
works. In the literature, several generic allocation methods have been proposed
for economic games such as the Shapley value and nucleolus that require exten-
sive computations limiting their scalability. Therefore, we also propose novel and
computationally efficient machine learning based methods, using two different ar-
chitectures, gradient boosting mechanism, and artificial neural networks. These
machine learning approaches enable us to predict the synergies of sub-coalitions
without explicitly computing them and hence significantly improve the scalability
of the cost allocation framework.

Machine learning based methods have been proven quite powerful in predic-
tion especially when the right method is chosen among a variety of alternative
methods. Nevertheless, it is also important to note that predicting the optimal
objective function value of a combinatorial optimization problem presents a much
greater challenge compared to the regular machine learning prediction tasks such
as customer churn prediction, and house price estimation. The real challenge lies
within the fact that in a combinatorial optimization setting the optimality condi-

tions are based on a very intrinsic relationship based on the problem parameters,



constraints, and objectives. Therefore, it is relatively difficult to represent these
in a learning-based framework even though a very complex and non-linear model
is used in the learning process. Motivated by this, two completely different ar-
chitectures and even include some variations in them to design a well-performing
prediction routine are developed.

The remainder of this thesis is organized as follows: in Chapter 2, the related
literature will be reviewed. In Chapter 3, the problem will be defined, the dataset
will be introduced and the model results will be compared as a computational

study. Concluding remarks are provided in Chapter 4.



CHAPTER 11

LITERATURE REVIEW

In this chapter, we briefly review the related work in the literature. There are
three main streams of literature that are relevant to our work: studies on lot

sizing problem, cooperative games, and finally machine learning methods.

2.1 Lot Sizing Problem

There is a large body of literature on the lot sizing problem since its introduction
[1]. Even though the base setting considering fixed, variable, and holding costs is
proven to be polynomially solvable, the introduction of the capacity restriction, as
is the case in our setting, makes the problem variant NP-Hard [2], [3]. Besides the
capacity constraint, several additional properties/restrictions have been studied in
the literature (backordering, inventory capacity, timing restrictions, perishability,
multi-products, etc.). We refer the reader to Brahimi et al. [4], Buschkuhl et al.
[5] and Brahimi et al. [6] for thorough reviews of lot sizing problem variants and

the proposed solution methodologies.

2.2 Cooperative Games

The next stream of literature closely related to our work is the literature on co-
operative games. Cooperative games refer to the strategic interactions among a
group of individuals (players) that put a coordinated effort to achieve a common
objective (i.e. maximization of the total profit, minimization of the joint costs).
In that aspect, the entire set of players is referred to as the collaboration (or the
grand coalition) and the subsets of the collaboration are referred to as coalitions.

In the literature, the studies on the cooperative game theory methods applied
to the cooperative dynamic lot sizing problem are the closest studies to our work

even though the number of such studies is rather limited. Van den Heuvel et al.



[7] is the first study to analyze the economic lot sizing game with fixed costs. The
authors consider that a group of retailers that come together and order the same
product from a common supplier and show that the game is balanced and that
the core allocation set of this game is non-empty, by using the Bondareva-Shapley
theorem. Xu and Yang [8] propose a cross-monotonic and approximate budget
balanced cost-sharing method for a collaborative lot sizing game and numerically
demonstrate the effectiveness of the proposed method. In this study, there is an
option of backordering of the demand. Gopaladesikan et al. [9] examine the col-
laborative lot sizing game under general concave order cost functions and propose
a combinatorial primal-dual algorithm in order to find a solution in the nucleo-
lus in polynomial time. Toriello and Uhan [10] propose a method to compute a
dynamic cost allocation in the strong sequential core of the game under concave
ordering costs and finite planning horizon. The definition of a strong sequential
core corresponds to the allocation that is budget balanced and stable over time.
Chen and Zhang [11] show for the collaborative lot sizing game under general con-
cave costs and backordering always has a non-empty core and such an allocation
can be computed in polynomial time by solving a modified dual problem. They
also prove that not all dual solutions correspond to a solution in the core contrary
to the similar results in the literature. Finally, Drechsel and Kimms [12] exam-
ine the cooperative lot sizing problem under the capacity constraint. In order to
find a stable and fair cost allocation, they propose solution approaches based on
mathematical modeling. The proposed method is a constraint generation based
algorithm, which is similar to the algorithm used to calculate the approximate
nucleolus in the literature. Although these algorithms offer effective solutions for
this kind of problem, they are not numerically efficient algorithms due to their
enumerative nature, and hence they may not scale up for large-scale problems.
The authors also claim that the proposed algorithm can handle the case with

backorders even though they do not consider backorders explicitly in that study.



2.3 Machine Learning Methods

Improvements in machine learning algorithms are usually implemented for single
target problems. Then, its improvements are applied to multi-target problems.
The implementations of the algorithms for multi-target problems with high de-
pendency among targets will be followed. The impact of high dependency among
targets will be explained further. In the literature review below, similar improve-

ment steps will be observed for the algorithms which will be applied in the thesis.

2.3.1 XGBoost with Chained Regression
2.3.1.1 Tree boosting algorithms and XGBoost

Tree boosting algorithms are ensemble methods that apply weak learners, which
are decision trees, to reach a stronger learner by learning from errors with each new
tree to improve model results [13]. The performance of tree boosting algorithms is
dependent on the data and the weak learner [13]. Insufficient data, overly complex
weak hypotheses, and noise in data can lead to failures to perform well [13]. On
the other hand, tree boosting algorithms can perform significantly good results
in extensive experiments on a wide range of problems with sufficient and well-
constructed data [14]. The potential of tree-boosting algorithms makes them a
possible best algorithm for the problem among the candidates.

XGBoost (Extreme Gradient Boosting) is an open-source machine learning
system for tree boosting in predictive regression or classification problems. A ma-
chine learning competition site, Kaggle published that 17 of 25 top-3 challenge
winning solutions for all competitions during 2015 applied XGBoost as the algo-
rithm [14]. XGBoost’s success is recognized in the machine learning community.
Besides high predictive capability, shorter execution speeds, thanks to the multi-
threaded approach of CPU cores, make XGBoost more popular for larger and
more complex datasets [15]. This popularity makes XGBoost a usual benchmark
for model comparisons in classification and regression problems. XGBoost will be

reviewed as the first candidate as a tree boosting algorithm to compare with the



optimization results.
2.3.1.2  Multi-label predictions and chain transformation

XGBoost is mainly developed for single-label predictions. For multi-label prob-
lems, objectives are considered independent. For independent objectives, the value
of each objective does not relate to the other objectives’ values. However, in our
case, each objective has a dependency on the other objectives with certain con-
straints. To reflect objective dependencies, model predictions for each objective
should communicate with each other.

In multi-label classification literature, label correlations (i.e., dependencies)
are crucial to consider for multi-label classification problems [16]. Modeling by
taking the label correlations into the account improves the predictions. For this
reason, a technique is needed to apply to the algorithms which do not take into
the account the label dependency. Classifier chain transformation for multi-label
classification problems is an approach to reflect label correlations with many ad-
vantages including reduced computational complexity and improved performance
[16]. Chain transformation converts multi-dimensional dependency space into less
complex problems. By providing logical ordering to the chain, predictive perfor-
mance can be improved.

The multi-label classifier chain transformation method is also proposed to deal
with multi-target regression problems with dependencies among targets [17]. En-
semble of regression chains (ERC) is one of the suggested approaches inspired
by the classifier chains method. The idea is to develop different models for each
target. According to the order of the developments, each output will be used in
the next target’s model development as an input. Based on problem subjects and
relationships among targets, the order of chains can be random or ordered specif-
ically. If there is a meaningful order among targets, deciding the order manually
can be more beneficial to improving predictions. Otherwise, different randomness
structures can be set to decide the order of model chains. For each target, a sep-

arate XGBoost regression model is developed in this study. After the first model



in the chain, the following models use previous models’ outputs as inputs in their
models besides the inputs from the dataset. Therefore, the following models carry
multi-target dependencies from previous models to their models. The predictive
performance of ERC can vary according to selected chain ordering. For this reason,

different ordering combinations may return significantly different predictions.
2.3.1.83  Hyperparameter tuning

Tree boosting algorithms need hyperparameter tuning for optimal performance.
The results vary according to applied hyperparameters. Finding a good hyper-
parameter set make the difference between the good and the bad models [18].
XGBoost also has several hyperparameters which define the structure of trees ap-
plied in models such as the number of estimators (i.e., trees), maximum depth of
each tree, and learning rate [19]. Grid search is a popular method to get optimal
hyperparameter set by searching through a manually defined subset of hyperpa-
rameters for the concerned machine learning algorithm [20]. However, finding
optimal values may not be time-efficient empirically. Grid search has substantial
computational costs depending on the dimension of the hyperparameter subset,
which rises exponentially with the number of hyperparameters because each com-
bination requires the training of a new model [20].

Bergstra and Bengio [21] proposed that randomly chosen trials from hyper-
parameter space are more efficient than grid search, especially for larger datasets
and hyperparameter value sets. An XGBoost model can return performant pre-
dictions if enough iterations are applied for a random search. It is difficult to reach
global optimum hyperparameter combinations with a random search. However,
computational power and global optimum trade-off can find an adequate hyper-
parameter set with a random search. Therefore, random search is applied for the

hyperparameter optimization stage for each single model in regression chains.
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2.3.2 Multi-target Artificial Neural Networks
2.3.2.1 Artificial Neural Networks

Artificial Neural Networks (i.e., ANN) is a popular approach in artificial intelli-
gence for classification, clustering, pattern recognition, and prediction [22]. ANN
tries to learn data patterns by using nodes as neurons in a biological human brain.
A node in an ANN model processes information to the next nodes in the structure
by applying a simple mathematical function, which tries to mimic the learning
process in biology. A significant difference between ANN and XGBoost models is
that ANN models have a non-parametric environment [23]. This helps to develop
models without prior knowledge about the distribution of data. The structure of
the ANN models is important to find higher predictive performance.

The simplest form of ANN is shown in the Figure 1 [24]. There are three layers

of ANN structure:
e Input Layer,
e Hidden Layer,
e Output Layer.

Each layer has nodes to transform information. Each node in the input layer
represents an input variable to use in the model. The hidden layer connects to
nodes in the input layer. More hidden layers and nodes increase the complexity of
the model. The complexity of hidden layers helps to identify patterns in data to
better predict multi-label outputs. However, a complex layer structure may cause
overfitting. It is important to find a decent hidden layer structure to get better
results in an ANN model. In the simplest form of ANN, the hidden layer connects
to the one-node output layer, which is the output of the model. In our case, we
have a multi-label regression problem. The number of nodes in the output layer

will be equal to the number of the prediction labels.

11



Hidden layer

Output layer

Figure 1: Simple artificial neural network (ANN)

A feedforward neural network (FFNN) is a machine learning algorithm in which
each node in a layer connects to all the other nodes in the following layer [22].
Each connection has a weight, which represents the amount of information to carry
from the current node to the next layers. The process continues in the forward
direction from the input to the output by using the hidden layers. The information
is not carried back to previous nodes in a feedforward neural network. Single-layer
perceptron is the simplest FFNN technique. In a single-layer perceptron, layers
are limited to input and output layers [25]. However, in a multilayer perceptron,
there is a mapping between input and output vectors with hidden layers, which is
different than a single-layer perceptron. Hidden layers in a multilayer perceptron
can help to learn different data patterns.

The nodes of each hidden layer have an activation function, which is a map-
ping of summed weighted input to the next nodes [26]. Rectified Linear Unit (i.e.,
ReLU) is one of the most popular activation functions. ReLU speeds up learn-
ing convergence in the neural network [27]. ReLU is a piecewise linear function
that returns 0 if the input is less than 0, otherwise, it returns the input directly

(Equation 1) [28].

g(z) = max(0, z) (1)

12



Goodfellow et al.[28] state that ReLU is linear for positive inputs, which makes
models easier to optimize with gradient-based methods. This provides an oppor-
tunity to try different shapes of hidden layer structures in a given period. More
hidden layers or more nodes in a hidden layer can be applied to compare the
predictive performance of the different models.

To benefit from mentioned characteristics of ANN, Keras library will be ap-
plied [29]. Keras is an open-sourced deep learning library written in Python to
develop ANN models. Keras is an easy-to-use and fast library with an application
programming interface (i.e., API), which helps to try several structures in a short

time. There are two main APIs in Keras:
e the sequential API,
e the functional API.

In the next sections, the differences between the sequential and the functional

API will be explained.

2.3.2.2  Artificial Neural Networks with Sequential API

The sequential API in Keras allows the development of layer-by-layer models for
multilayer network with the linear stack of layers [30]. A sequential model is
created by adding layers that can have their activation functions.

ANN natively supports multi-label regression problems. ANN works well if
the relationships between variables need to be understood [31]. In our case, a
strong dependency is expected due to the nature of the problem. For example,
an increase in variable cost on Day 1 impacts Allocation on Day 2 because it
would be more beneficial to postpone a part of allocation from Day 1 to Day
2. ANN with multi-layer network can be a potential alternative for the solution.
Multilayer network models will be developed with the sequential API in Keras.
The sequential API will use all inputs to predict all the outputs. It is a simple
way to apply ANN for prediction. The results will represent the strength of ANN

to predict the multi-targets with high dependency even in the simplest form.
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2.3.2.8 Artificial Neural Networks with Functional API

The functional API is another approach provided by Keras. It supports a more
flexible hidden layer structure compared to the sequential API. The functional
API offers more control over the layers compared to the sequential API. Multiple
inputs can be part of different outputs’ predictions. Therefore, the inputs will be
applied only to the outputs with a certain level of relevancy.

Different hidden layers can be built for each output in a multi-label output re-
gression problem [30]. Each input can be mapped to hidden layers separately. The
information, which is not related to an output from the multi-output problem, can
be ignored for this output directly at the beginning. In other words, the functional
API allows fine-grained control of the structure of each layer and node. All inputs
in the hidden layers can impact the predictions of all outputs in the sequential
API. Input sets can be dedicated to the specific outputs with the functional API.
The main advantage of this approach instead of creating separate models is to
build joint models to predict multi-labels at the same time [30]. The multi-labels
are dependent on each other due to the constraint function, so the model perfor-
mance is expected to be improved with the functional API because the functional
APT allows for the creation of custom layer structures with dedicated input sets.

The data has information from different days as an input set from Day 1 to
Day 10. Information from day 10 may be irrelevant to the output from day 1.
For this reason, using inputs from day 10 to predict Allocation on day 1 may
create noise in the model. A well-designed model with the functional API can
keep dependencies among outputs without creating such input noise. Also, it may
help to reach better results without computing unrelated inputs for each output.
In the model, different day-range will be specified to get only relevant input data.
In the sequential API, only one dataset is applied as the input with the data from
day 1 to day 10. However, in the functional API, 10 different input datasets are
created. Each dataset has different days as input, which is pre-defined as day

range and targets one-day allocation. These day ranges will be used as the input
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layer for each output of a given day. After certain hidden layer combinations,

outputs will be combined in further layers to keep dependencies among outputs.
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Figure 2: An example for the functional API neural networks structure

Figure 2 shows the example layer structure with the functional API. In the
example, the model has 10 days of Allocation to predict. For example, if the
day range is set to 2, Input_3 is an input layer and has information only from
day 1 to day 5. This input dataset does not have any information from day 6
onwards. For this reason, dense_11, 12 and 13 hidden layers will only use data
from day 1 to 5 and predict Allocation on day 3. After dense_13, predictions
will be combined with the other days and continue to dense_35, 36, 37, and 38
to learn dependencies among targets. At the last layer, the model returns 10-day
outputs as predictions. The predictions are expected to have higher accuracy in
the functional API compared to the sequential API. Each model will be predicted
with its relevant inputs in the first layers and the dependency among the targets
will be learned in the latest layers. For this reason, the model will process more

relevant information at each step.
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CHAPTER III

COMPUTATIONAL STUDY

3.1 Datasets and Experimental Setup
3.1.1 Data

For the experiments, two datasets are created with and without the Inventory
Capacity column to see the benefits of the information from the capacity at day
0. All model alternatives are applied to both datasets. Both datasets are created

10 days range data with 35000 different observations (Table 1).

Table 1: Basic information of Datasets

Dataset | Number of | Number of | Total Number
Name Rows Inputs of Target Days Description

Data without
information from

Dataset 1 35000 61 10 Day 0
Data with
Inventory Capacity
Dataset 2 35000 62 10 information from Day 0

In the Table 2, the definitions of all columns can be examined. Dataset 1 has
61 potential input columns. Dataset 2 has the same columns and the Inventory
Capacity column as an extra. Both datasets have 10 target columns (Allocation).
The decision of distribution of production amounts for 7" number of days in a
production line is a computationally costly optimization problem. Cost is a con-
straint for the multi-number days in the optimization problem. The complexity
of the problem increases as the number of days to predict increases. Each day has
information about certain areas. These are Demand, Fixed Cost, Variable Cost,
Holding Cost, Backorder Cost, and Capacity for the given number of days. In

addition, Inventory Capacity is an input to reflect the capacity condition only at
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day 0. So, for T number of days, we have 6x T+2 number of input variables
and T Allocation variables as output, where plus 2 indicates Cost and Inventory
Capacity. As the number of days goes up, the complexity of the problem increases

because new relations appear between inputs from different days with outputs.

Table 2: Column Definitions for total 7" number of days prediction

Column Column
Name Description
Allocationt Number of allocation for each day ¢ (target variable)
Cost Cost as the constraint in total 7" days
Demandt Demand for production for each day ¢
FixedCostt Fixed cost spent even for no production for each day ¢

VariableCostt | Variable cost for each unit in production for each day ¢

HoldingCostt Storage cost of each unit for each day ¢

BackorderCostt Cost of delay in production of order for each day ¢

Capacityt Capacity to keep in storage for each day ¢

InvCapacity | Inventory capacity condition at day 0 (the 2nd dataset)

3.1.2 Mean Squared Error

Mean squared error (i.e., MSE) is one of the most commonly used loss functions
[32]. It is a popular method to try in all kinds of regression problems. Regression
models try to minimize MSE. MSE is the mean of the squared differences between

true and predicted values (Equation 2).

N

Ly.9) = > (i — i) (2)

1=0

where y is the true value and ¢ is the predicted value.
MSE is sensitive to outlier values and it is important to penalize outliers more.
The target values in the optimization have normal or normal-like distributions

(e.g., Figure 3). For normal distributions, it is beneficial to penalize larger errors

17



more compared to smaller errors because the optimal prediction will be close to
the mean. In the XGBoost model, MSE will be applied as the objective function

to minimize the error.

Target Name:Allocation0

0175 4

0.150 1

0.125 A

0100 4

Freguency

0075 4
0050 4

0.025
= Normal dist.imu = 14.48 and sigma = 2.33}

0.000 T T T T T T T —
5.0 15 00 125 150 175 200 25

Allocation0

Figure 3: Normal distribution example for Allocation( in Dataset 2

3.1.3 Data Exploration

The optimization problem is to predict Allocationl to AllocationT, where T de-
notes the total number of days, with a given input set with the constraint in the
Equation 3.

T-1

Cost = Z Allocation; x Demand, (3)

t=0

Allocation denotes the Allocation amount in a given day and Demand denotes
Demand input in a given day.

In addition to reaching high accuracy predictions by optimizing the evaluation
metrics, the equation for the constraint should be checked. In the constraint, cost
value and demand values from day 1 to day T are given. Allocation prediction
sets must take the constraint into account while optimizing the predictions.

The target variables (i.e., Allocation), Holding Cost, and Backorder Cost are
float values. The rest of the data is integer values. The characteristics of Allocation
values differ in datasets 1 and 2. Allocation values in the dataset 2 are more spread

with lower minimum (i.e., min), and higher maximum (i.e., max) and standard
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deviation (i.e., std) values in the Table 4 compared to the same statistics for
dataset 1 in the Table 3. This difference is the impact of Inventory Capacity in
dataset 2. Thanks to Inventory Capacity, the optimization model can reach higher

allocation numbers even at the same Cost level.

Table 3: Descriptive statistics for Allocation values in Dataset 1

Target Day | count | mean | std | min | 25% | 50% | 75% | max

Allocation0 | 35000 | 13.35 | 2.01 | 8.67 | 11.82 | 13.46 | 14.85 | 19.69

Allocationl | 35000 | 12.01 | 1.42 | 8.63 | 10.97 | 11.94 | 12.98 | 17.57

Allocation2 | 35000 | 12.14 | 1.41 | 8.53 | 11.13 | 12.14 | 13.13 | 17.02

Allocation3 | 35000 | 12.11 | 1.37 | 8.62 | 11.1 | 12.11 | 13.09 | 16.91

Allocationd | 35000 | 12.1 | 1.37 | 8.61 | 11.11 | 12.1 | 13.08 | 17.05

Allocation5 | 35000 | 12.1 | 1.35| 855 | 11.12 | 12.1 | 13.06 | 17.47

Allocation6 | 35000 | 12.14 | 1.37 | 8.56 | 11.15 | 12.16 | 13.12 | 17.28

Allocation7 | 35000 | 12.1 | 1.39 | 8.25 | 11.07 | 12.1 | 13.1 | 17.19

Allocation8 | 35000 | 11.88 | 1.27 | 7.68 | 10.99 | 11.85 | 12.76 | 16.68

Allocation9 | 35000 | 12.83 | 1.26 | 8.73 | 11.95 | 12.82 | 13.71 | 17.38
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Table 4: Descriptive statistics for Allocation values in Dataset 2

Target Day | count | mean | std | min | 25% | 50% | 75% | max

Allocation0 | 35000 | 14.48 | 2.33 | 4.42 | 12.81 | 14.44 | 16.01 | 22.37

Allocationl | 35000 | 10.91 | 2.2 | 4.87 | 9.19 | 10.84 | 12.44 | 21.06

Allocation2 | 35000 | 12.88 | 1.82 | 3.95 | 11.63 | 12.79 | 14.07 | 22.31

Allocation3 | 35000 | 11.91 | 1.82 | 4.1 | 10.65 | 11.88 | 13.11 | 21.19

Allocationd | 35000 | 12.33 | 1.79 | 3.21 | 11.1 | 12.26 | 13.49 | 22.88

Allocation5 | 35000 | 12.45 | 1.78 | 5.84 | 11.24 | 12.38 | 13.59 | 21.88

Allocation6 | 35000 | 11.78 | 1.8 | 3.29 | 10.55 | 11.74 | 12.95 | 21.16

Allocation7 | 35000 | 13.0 | 1.77 | 6.51 | 11.76 | 12.89 | 14.11 | 21.85

Allocation8 | 35000 | 10.65 | 2.02 | 1.47 | 9.22 | 10.62 | 11.99 | 21.31

Allocation9 | 35000 | 14.17 | 2.06 | 6.68 | 12.67 | 13.99 | 15.49 | 24.05

Due to the constraint of Cost, Allocation and Demand values for the same day
are the counterparts. A lower Demand value for a given day is expected to lead to
a higher Allocation value to check the equation for the Cost. It is less likely that
both Demand and Allocation have higher values for a given Cost. For this reason,
it is expected to observe a negative correlation between Demand and Allocation
for a given day. However, in dataset 1, the expected relationship in terms of the
correlation is limited (Table 5). In dataset 2, the negative Pearson correlations
between Allocation and Demand are more significant for some days (Table 6). This
difference increases the expectation for better predictive performance in dataset

2.
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Table 5: Correlations of Allocation and Demand for the same day in Dataset 1

Target Day | Pearson Correlation
Day 0 -0.14
Day 1 0.02
Day 2 -0.04
Day 3 -0.04
Day 4 -0.04
Day 5 -0.04
Day 6 -0.05
Day 7 -0.02
Day 8 -0.01
Day 9 -0.16

Table 6: Correlations of Allocation and Demand for the same day in Dataset 2

Target Day | Pearson Correlation
Day 0 -0.49
Day 1 0.05
Day 2 -0.34
Day 3 -0.16
Day 4 -0.25
Day 5 -0.26
Day 6 -0.15
Day 7 -0.36
Day 8 0.05
Day 9 -0.55
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Moreover, Pearson correlation values for day ¢ and T - ¢ (T = 9 in this ex-
ample) have similar values. They show some symmetry-like behaviors. They are
more observable in dataset 2. For both datasets, the lowest Pearson correlations
are in the first and the last day (Figure 4 and Figure 5). The highest Pearson
correlations are in the first second and the last second days. This may indicate
that the optimization solution tends to fit the outlier days more in terms of the
constraint. In the following sections, a proposed model that reflects a more com-
prehensive understanding of the constraint might find better results compared to

the optimization solution.

. Il

-0.05

Fearson Correlation

-0.1

-0.15
Day 0 Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7 Day 8 Day 9

Target Day

Figure 4: Correlations of Demand and Allocation in a given day for Dataset 1
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Figure 5: Correlations of Demand and Allocation in a given day for Dataset 2

Before the modeling phases, both datasets 1 and 2 are split into 67%-33%
training-test datasets. The training dataset will be used for the model training.
Then, the predictive performance of the models will be evaluated on the test
datasets.

The thesis aims to solve the problem with machine learning techniques such as
XGBoost and artificial neural networks. 3 alternative solutions to the optimization

technique as follows:
e Chained Regression: XGBoost,
e Artificial Neural Network with the sequential API,
e Artificial Neural Network with the functional API.

3.2 Results of XGBoost with Chained Regression

XGBoost is a tree boosting algorithm, which will be the first solution candidate
for the optimization problem. For modeling purposes, the following steps will be

applied:

e create hyperparameter dictionary,
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e create a machine learning pipeline with regression chains,
e apply XGBoost to the pipeline,
e optimize hyperparameters regarding the evaluation metrics,

e apply a transformation to satisfy the equation.
3.2.1 Hyperparameter Dictionary

XGBoost has several hyperparameters which directly impact the performance of
the model. A hyperparameter dictionary is created to optimize hyperparameters
for better performance. Finding the optimal hyperparameter subset can signifi-
cantly improve the predictive performance of the model, which had been proved
theoretically and empirically [19]. The main disadvantage of searching the optimal
subset is that the process is time-consuming. For this reason, hyperparameter set
should be carefully selected. A random search with many iterations will try to
find the highest predictive performance among the iterations to set a reasonable
time limit for this step. Hyperparameters that will be optimized for the model are

in the Table 7 with the definitions from the XGBoost document [33].
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Table 7: Hyperparameter definitions in XGBoost

Hyperparameter

Description

min_child_weight

Minimum number of instances needed to be in
each node. The larger min_child_weight is, the more

conservative the algorithm will be.

learning_rate (eta)

Regularization parameter to shrink feature weights
in each boosting step. Shrinkage of feature weights
makes the boosting process more conservative.

Minimum loss reduction required to make a further
partition on a leaf node of the tree. The larger gamma

gamma is, the more conservative the algorithm will be.
Subsample ratio of the training instances
subsample for every boosting iteration.

colsample_bytree

The subsample ratio of columns when constructing
every tree.

colsample_bylevel

The subsample ratio of columns for every level.

max_depth

Maximum depth for each tree can grow.
Increasing values may cause overfitting.

n_estimators

Number of decision trees to be boosted.
The lower values may lead to underfitting.

3.2.2 Machine Learning Pipeline

A machine learning pipeline is a workflow to optimize all modeling steps in an
execution [34]. A machine learning pipeline is created with regression chains to
simplify the iterations. Each prediction step in the pipeline is designed to use the
prediction as an input point for the following step in the regression chains. Each

model will have the input dataset and previous models’ predictions as a new input

dataset (Figure 6).

Input Dataset

e Allocation0 XGBoost Allocation1
el e Predictions LAt Predictions
Allocation0 Allocation1

i)

Figure 6: Example for 2-days Regression Chains structure
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3.2.3 XGBoost and Hyperparameter Optimization

As mentioned earlier, mean squared error (i.e., MSE) will be applied as the ob-
jective function in XGBoost. For each target (10 targets in this experiment), a
different XGBoost model will be developed with a given hyperparameter subset
to minimize MSE. The hyperparameters will be optimized to minimize the error
function MSE of the regression chains with random search iterations. Random
search will be iterated for hundreds of different hyperparameter subsets.

The order of chains might bring different results related to dependencies among
the targets. The time-wise order from Day 1 to Day 10 and the random order are
applied for different iterations. The motivation to try random ordering is that
calculating different points in time range may bring valuable information about
data patterns that we cannot find with the time-wise order. 4-fold cross-validation
is applied with different hyperparameter subsets and regression chains structure
to find the best settings. The lowest MSE performance of the pipeline among

different hyperparameter subsets is selected for the further steps.
3.2.4 Output Transformation

Output transformation is required to satisfy the constraint equation of Cost. An
output transformation function is introduced to apply after the prediction step.
Cost is the constraint (Equation 4) for the optimization problem.

T-1

C:ZAtXDt (4)

=0
where C' denotes Cost input, A; denotes the Allocation amount for the day ¢ and

D, denotes Demand input for the day ¢.

The same equation for Allocation predictions is also introduced (Equation 5).

C =) A xD, ()

where C' is the result of the equation which reflects the predicted Cost regarding

to predicted Allocation, A, is the predictions for the Allocations for the day ¢
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and D; denotes Demand input for the day t. C' must be equal to C to satisfy
the constraint. However, the model predictions can have different values which
causes not satisfying the constraint. To ensure to satisfy the constraint, the output
transformation is introduced (Equation 6).

~ A C
Arans ormed_t — Ay X = 6
transformed_t t & (6)

where Atmm formed_t 15 the transformed predictions for the day ¢ which satisfies the
constraint, A, is the predictions from the model for Allocations for the day ¢ and
D denotes Demand input for the day ¢. fltmns formed+ Values satisfy the constraint.
For this reason, the predicted values from the selected model are transformed with
given transformation function. This transformation step decreases the errors in

the predictions and makes sure the constraint is satisfied.
3.2.5 Result

The best models in terms of the lowest MSE are applied to the stability scoring
method, which is developed for the optimization problem to compare the model
results with the optimization results. A lower stability score means a more stable
and better model result.

As mentioned earlier, two different datasets are created for modeling purposes.
The first dataset is without the Inventory Capacity column, the second dataset is
with it. The difference in the model performances for two different datasets may
help to understand the contribution of the Inventory Capacity to the models.

For the first dataset, which is without the Inventory Capacity information, the
stability scoring of the optimization result is 3.16%. The XGBoost alternatives
perform worse with 5.73%. This means that XGBoost is unable to learn the de-
pendency among days as well as the optimization result. However, with the intro-
duction of the Inventory Capacity, the optimization result performs 17.48% while
XGBoost performs 14.94% in terms of stability score in dataset 2. The Inventory

Capacity provides a better understanding of dependencies among the information
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from different days and helps to decrease the dependency among Allocations on

different days for better XGBoost results.

3.3 Results of Neural Networks with Sequential API

The second candidate for the optimization solution is the sequential neural net-
works approach. Sequential neural networks are the basic artificial neural networks
API by Keras. The following steps are applied to develop models on neural net-

works with the sequential API:

e create hidden layer structure,
e feature transformation,
e necural networks training,

e output transformation.
3.3.1 Hidden Layers

The sequential API allows setting the number of nodes for each hidden layer.
For different iterations, different networks are created with different hidden layer
combinations to balance fitting. The output layer has 10 nodes for the 10-Day
estimation problem, which is one for each target estimation. For example, in
Figure 7, 62 inputs are applied to the model in the input layer. Then, it follows 4
hidden layers with 120, 80, 60, and 30 outputs, respectively. In the output layer,

it returns 10 outputs as the Allocation estimations for each day.
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mput: | [(None, 62)]
dense iput: InputLayer -
output: | [(None, 62)]
mput: | (None, 62)
dense: Dense
output: | (None, 120)
mput: | (None, 120)
denze 1: Dense
output: | (None, 50)
mput: | (None, 80)
dense 2: Dense -
output: | (None, 60)
wmput: one, 60
dense 3: Dense ! ™ )
output: | (None, 30)
input: one, 30
dense_4: Denge ! ul )
- output: | (None, 10)

3.3.2 Feauture Transformation

Xscaled =

maximum values and applies Equation 7.

Figure 7: An example for the sequential API neural networks structure

Data preprocessing has the potential to improve the predictive performance of
the modeling algorithm. Standardization is a technique to transform the dataset
features to scale around a certain value or range [35]. Large ranges in a feature
can impact the evaluation metric dramatically. The standardization process can
decrease this impact and lead to higher performance. For the neural networks
modeling, MinMaxScaler from the Sklearn library is applied to re-scale each input

between 0 and 1 [36]. The scaler calculates each input column’s minimum and

Xmax
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where X denotes the input column, X4 denotes the scaled input column, X,,;,
denotes the minimum value of the input column and X,,,, denotes the maximum
value of the input column. X.4.q is calculated for each input column and used in

the model instead of the original column values.
3.3.3 Neural Networks

Neural networks with the sequential API have some points to be decided before
modeling. ReLU is applied as the activation and MSE is applied as the loss
function. For the initial random weights of the layers, an initializer should be
set. He uniform initializer is applied for the weights of the layers. He uniform
initializer works better with ReLU activation function [37]. He uniform initializer
uses samples from a uniform distribution between + /- limit value where the limit
is in the Equation 8.

limit — % (8)
where inp is the number of input units in the weight tensor.

For the optimizer parameter, Adam optimization is selected. Adam optimiza-
tion is a stochastic gradient descent method that is based on the adaptive estima-
tion of first-order and second-order moments. Adam optimization is computation-
ally efficient with lower memory requirement, invariant to diagonal rescaling of
gradients, and is efficient for large datasets and parameters [38]. Neural networks
with the sequential API are trained in several iterations with different hidden layer

structures and given parameters.
3.3.4 Output Transformation

For neural networks with the sequential API, the same output transformation
mentioned in the XGBoost section is applied (Equation 6). Additionally for neural
networks with the sequential API predictions, the output transformation improved

the predictions compared to the predictions before the transformation.
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3.3.5 Result

The best results in the test dataset in terms of the lowest MSE are selected for
stability scoring to compare with the optimization solution and the other offered
models. For the first dataset, which is without Inventory Capacity information,
the stability scoring of the optimization result is 3.16%. The best sequential
neural networks model performs worse than the optimization results with a 4.71%
stability score. Similar to the XGBoost result, with the introduction of Inventory
Capacity, the optimization result performs 17.48% while the best sequential neural
networks model performs 15.53% in terms of stability score. It performs worse than
the XGBoost result but still, better than the optimization result. The Inventory
Capacity feature still plays an important role to understand target dependencies

in the dataset.

3.4 Results of Neural Networks with Functional API

The final alternative for the optimization solution is the functional API neural
networks approach. The functional API neural networks is a customizable API by
Keras. The inputs can be mapped through pre-defined nodes and layers can be
adjusted accordingly. Therefore, the dependencies among the targets can be pre-
dicted better by using the dependencies among the inputs. To predict allocation
on day 1, the sequential method uses all inputs even from day 10. However, a day
range can be set for each target with the functional API. For example, inputs from
day 1 to 3 can be applied for the prediction of allocation on day 1. So, the model
can be more focused to learn the dependencies for the given days. The functional
API follows similar modeling steps to the sequential API. A customization step
will be added while creating the hidden layer structure. The following steps are

applied to develop models on neural networks with the functional API:

e create hidden layer structure,

e feature transformation,
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e neural networks training,

e output transformation.
3.4.1 Hidden Layers

For the 10 days estimation problem, 10 different input datasets are created. Each
input dataset has the information from 2 days before to 2 days later. For example,
for the day 7 allocation, the input dataset has the information from day 5 to day
9 (Figure 8). For the first 2 and the last 2 days, the information and the input

dataset are limited because they have less number of days in their scope.

Day4 |Day5

Figure 8: An example for 10 days inputs datasets in the functional API models

Each input dataset is applied to an input layer. Each input layer follows
3 hidden layers with 40 nodes in each layer independent from the other input
datasets and the neural networks. Then, the estimations are used as the inputs
for the further hidden layers. After three more hidden layers with 20 nodes in
each, the output layer returns 10 output nodes for 10 days of estimation. Each

node represents a one-day prediction in terms of Allocation.
3.4.2 Feauture Transformation

The same technique is applied for the feature transformation step in the functional

API model with the sequential API model. MinMaxScaler scales the input values
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between 0 and 1. This approach is also beneficial in the functional API model.
3.4.3 Neural Networks

Neural networks with the functional API have the same parameters to decide
before modeling as the sequential API. For these decisions, the same functions are
applied. The activation function is ReLLU. The loss function is MSE the same as
the sequential API. He uniform initializer is also applied in the functional API. The
number of inputs is different in the functional API due to the customization of the
nodes to 10 different flows. For this reason, the limits for the He uniform initializer
are wider. Adam optimization is also applied as the optimizer parameter. Neural
networks with the functional API are trained in several iterations with different

hidden layer structures and given parameters.
3.4.4 Output Transformation

The output transformation technique remains the same for neural networks with
the functional API with previous alternatives (Equation 6). The output transfor-
mation is required to check the constraint with the model predictions. For neural
networks with the functional API predictions, the output transformation improved

the predictions compared to the predictions before the transformation.
3.4.5 Result

Neural networks with the functional API approach improved the performance of
the models compared to the sequential neural networks models. For the first
dataset, which is without the Inventory Capacity variable, the best the functional
API model scored 4.57% stability score, which was 3.16% for the optimization,
5.73% for the XGBoost, and 4.71% for the sequential neural network model. The
functional API neural networks performed better than the other alternatives, but
it still scored worse than the optimization solution.

For the second dataset, which includes the Inventory Capacity variable, the
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functional API model scored 15.45%, which was 17.48% for the optimization so-
lution, 14.94% for the XGBoost, and 15.53% for the sequential neural network
model. The functional API performs better than the optimization solution and
the sequential neural network model, but the XGBoost model performed better

than the functional API model.

3.5 Results

As mentioned in the previous sections, each model performs differently in terms
of the stability score with and without the Inventory Capacity variable (Table 8).
For dataset 1, the alternatives cannot overperform the optimization solution. Both
XGBoost and the neural networks solutions cannot learn the dependencies among
the targets as well as the optimization solution. However, the offered solutions
outperform in terms of the stability score in dataset 2. Inventory Capacity helps
to improve the performance of the offered models. Its improvement has different
effects for each model. For the XGBoost result, its impact is much higher than
both the sequential and the functional API neural networks models. Regression
Chains are successful to learn target dependencies with the help of the Inventory

Capacity column.

Table 8: Experiment results based on different models and datasets

Models Dataset 1 | Dataset 2

Optimization Solution | 3.16% 17.49%

XGBoost 5.74% 14.95%
Sequential API 4.72% 15.54 %
Functional API 4.58% 15.45%

For both datasets, the functional API model outperforms the sequential API
model. Modeling each target in the separate neural networks and combining their

outputs improved model performance.
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CHAPTER IV

CONCLUSION

In this thesis, the problem of allocating the joint cost of a capacitated dynamic
lot sizing problem among the companies receiving the product from a common
supplier is considered. Under the capacity restriction, not only the underlying
optimization problem but also the cost allocation problem become much more
complex. We show that by using novel machine learning methods the core of the
corresponding cooperative game might be approximated accurately. Based on a
detailed computational study, we observe that our proposed mechanisms perform
significantly better than the other proposed allocation mechanisms in almost all
criteria under different problem settings with the existence of Inventory Capacity

information.
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