A Stochastic Vendor Managed Inventory Problem and Its
Variations

A Thesis
Presented to
The Academic Faculty

by
Pairote Balun

In Partial Fulfillment
of the Requirements for the Degree
Doctor of Philosophy

School of Industrial and Systems Engineering
Georgia Institute of Technology
April 23, 2004



A Stochastic Vendor Managed Inventory Problem and Its

Variations
Approved by:
Chelsea C. White Ill, Advisor Martin W. P. Savelsbergh
Hayriye Ayhan Richard F. Serfozo

Mark E. Ferguson
(Dupree College of Management)

Date Approved




ACKNOWLEDGEMENTS

| would like to thank Professor Chip White, my advisor, for his guidance and support
throughout the course of this research. Several friends and colleagues have provided their
inputs. Two of them are Tiravat Assavapokee, at Geogia Tech, and Hyun-soo Ahn, formerly
at the University of Michigan, Ann Arbor.

| am grateful for the contributions of all members of the dissertation committee. Their

meaningful questions and comments have made this dissertation significantly better.

PAIROTE BALUN



TABLE OF CONTENTS

ACKNOWLEDGEMENTS iii

LIST OF TABLES viii

LIST OF FIGURES IX

SUMMARY X

INTRODUCTION 1

11
1.2
1.3

1.4

Preliminary Remarks . . . . . . . . .. . .. .. ... .. ... 3
Related Applications . . . . . . . . . . . . . .. . 4
Previewofthe Chapters . . . . . . . . . . . . ... . ... 5
1.3.1 The Stochastic Vendor Managed Inventory Problem . . . . . . .. 6
1.3.2 Infinite Horizon Periodic Markov Decision Processes . . . . . . . 7
1.3.3 Suboptimal Solutions of the SVMI Problem . . . . .. ... ... 7
1.3.4 \Variations of the SVMI Problem . . . . ... ... ........ 7
1.3.5 The Coca-Cola Distribution Problem: A Case Study . . . . . . .. 8

1.3.6 A Numerical Study of the Performance Measures in the SVMI
Problem . . . . . . . . . ... 9

Literature Review . . . . . . . . . . e 9

Il THE STOCHASTIC VENDOR MANAGED INVENTORY PROBLEM 13

2.1
2.2
2.3
2.4

2.5

Problem Description . . . . . . . . . ... 13
Problem Formulation . . . . . .. ... ... .. .. .. ... . 15
Preliminaries . . . . . . . . . . . . . . e 19
Structural Results for Vehicle Routing . . . . . . ... ... ... .... 25
2.4.1 Sufficient Conditions for the Structural Results . . . . . ... .. 25
2.4.2 Sufficient Conditions on the Problem Parameters . . . . . . . .. 30
2.4.3 Summary of the Structural Results . . . . ... ... ... .... 33
Structural Results for Inventory Control . . . . . . ... ... ....... 34
2.5.1 Sufficient Conditions for the Structural Results . . . . . ... .. 34



\Y

Vv

2.5.2 Sufficient Conditions on the Problem Parameters . . . . ... .. 39

2.5.3 Summary of the StructuralResults . . . . . . ... ... ..... 41
2.6 Applications of the StructuralResults . . . . . ... ... ... ...... 42
2.7 NumericalResults . . . . . . .. .. . ... 42
2.8 Distribution Problems with Multiple Vehicles . . . . .. ... ... ... 46
2.9 Conclusionsand Future Research . . . . ... .. ... ... ....... 46

INFINITE HORIZON PERIODIC MARKQOV DECISION PROCESSES 48

3.1 Finite Horizon Non-Homogeneous Markov Decision Problem . . . . . . . 48
3.2 Infinite Horizon Periodic Markov Decision Problem . . . . . . . ... .. 49
3.3 TheoreticalResults . . . . ... ... ... 51
3.4 Multiperiod and Infinite Horizon SVMI Problems . . . . . ... ... .. 52
3.5 Conclusions . . . . .. 54
SUBOPTIMAL SOLUTIONS OF THE SVMI PROBLEM 55

4.1 Suboptimal Solutions Based on the Structural Results for Inventory Control 55

4.1.1 Solution Approach . . .. ... .. ... ... ... ...... 56
41.2 NumericalResults . . . . ... ... ... 57
4.2 Suboptimal Solutions with Base-Stock Inventory Policy . . . . . .. ... 58
4.2.1 Determination of Base-Stock Inventory Levels . . . . . .. .. .. 58
4.2.2 NumericalResults . . . . .. ... ... ... ... 61
4.3 Myopic Solutions of the Infinite Horizon SVMI Problem . . . . ... .. 62
4.3.1 Myopic Reward vs. Optimal Average Reward . . . . . ... ... 63
4.3.2 NumericalResults . . . . ... ... .. ... . 63
4.4 Conclusions and Future Research . . . . . .. ... ... ... ...... 64
VARIATIONS OF THE SVMI PROBLEM 66
5.1 Introduction . . . . . . . . . . . 66
5.2 Variation I: The SVMI Problem with Fixed Vehicle Route and Delayed
State Information . . . .. ... 68
5.2.1 Problem Formulation . . . .. ... ... .. ... .. ... .. 68
5.2.2 TheoreticalResults . . . . ... ... ... ... ... ... ... 70



5.3

5.4

5.5

5.6
5.7
5.8

Variation Il: The SVMI Problem with Fixed Vehicle Route . . ... . ..

5.3.1 Problem Formulation . . .. ... ... ... ... .. ... ...

5.3.2 TheoreticalResults . . . . . . . . . ... . ... ...
Variation lll: The SVMI Problem with Pre-Determined Vehicle Route . . .

541 ProblemFormulation . ... ... ... ... ... .. ... ...

542 TheoreticalResults . . . . . . . . . . . . ... ... .

Variation IV: The SVMI Problem with Route-Variable Intersections . . . .

5.5.1 Problem Formulation . . .. .. ... ... ............
55.2 TheoreticalResults . . . . ... ... ... .. ... ..
NumericalResults . . . . . . . . .. .. . .. .. .
DISCUSSION . . . . . o

Conclusions and Future Research . . . . . . . . . . .. ... ......

VI THE COCA-COLA DISTRIBUTION PROBLEM: A CASE STUDY 91

6.1
6.2
6.3
6.4

6.5

Problem Description . . . . . . . . . . ... .
Problem Formulation . . . . ... ... .. ... .. .. ... .. ...
PreliminaryResults . . . . . . . . .. .. ... .. ... .. .. ...
Structural Results for Delivery Control . . . . . . .. ... ... .....
6.4.1 Sufficient Conditions for the Structural Results . . . . . . . ..

6.4.2 Sufficient Conditions on the Problem Parameters . . . . . . ..
6.4.3 Summary of the Structural Results . . . . ... ... ......

Conclusions and Future Research . . . . . . . . . ... .. .. .....

VII ANUMERICAL STUDY OF THE PERFORMANCE MEASURES IN THE
SVMI PROBLEM 103

7.1
7.2
7.3
7.4

7.5

The Effect of Reward Parameters on Customer Service Level . . . . .
The Effect of Demand Variance on the Optimal Expected Total Reward .
The Effect of Distance from the Depot on Customer Service Level

The Effect of Distance from the Depot on the Optimal Expected Total
Reward . . . . . . . . .

Conclusions . . . . . .

Vi

. 108
. 110



VIIICONCLUSIONS AND FUTURE RESEARCH 114

8.1 Conclusions . . . . . . . ... 114

8.2 FutureResearch . . . ... .. ... .. ... ... 117
APPENDIXA — THE SVMI PROBLEM WITH BACKLOGGING 119
APPENDIXB — APPLICABLE DEMAND PROCESSES 124
APPENDIXC — ADDITIONAL NUMERICAL EXAMPLES 126
APPENDIXD — PARAMETERS FOR THE NUMERICAL EXAMPLES 128

REFERENCES 135

Vil



© 00 N O

11
12
13
14
15
16
17

18

LIST OF TABLES

The vehicle’s optimal destinations from the depot for the two-retailer SVMI

problem . . . . .. e 43
Optimal inventory actions for the two-retailer SVMI problem . . . . . . .. 44
Computational measures for the SVMI problem with three retailers . . . . . 45
Computational measures for the SVMI problems with two, three, and four
retailers . . . . . L e 45
Computational measures for the SVMI problems with three retailers and
differentcapacities . . . . . . . .. 46
Solutions based on the structural results for Problem | . . . . ... ... .. 57
Solutions based on the structural results for Problem 1l . . . .. ... ... 57
Solutions with base-stock inventory policy for Problem 1l . . . . . .. . .. 62
Solutions with base-stock inventory policy for Problem il . . . . . . . .. 62
Infinite horizon myopic solutions for Problem IV . . . . . ... ... ... 64
Optimal expected total rewards for the SVMI problem and its variations . . 87

The effect of margin ratio on customer service level (empty starting state) . 106

The effect of margin ratio on customer service level (full starting state) . . . 107
The effect of demand variance on the optimal expected total reward . . . . 108
The effect of distance from the depot on customer service level . . . . . .. 110

The effect of distance from the depot on the optimal expected total reward . 112

The vehicle’s optimal destinations from the depot for the two-retailer SVMI
problem with Assumption2.4.1. . . . . . .. .. ... . ... ... ... 126

The vehicle’s optimal destinations from the depot for the two-retailer SVMI
problem without Assumption2.4.1 . . . . . . . . . ... ... ... . ... 127

viii



aa A W N P

LIST OF FIGURES

Optimal expected total rewards for the SVMI problem and its variations . . 88
The effect of margin ratio on customer servicelevel . . . . ... ... ... 107
The effect of demand variance on the optimal expected total reward . . . . 109
The effect of distance from the depot on customer service level . . . . . . . 111

The effect of distance from the depot on the optimal expected total reward . 112



SUMMARY

We analyze the problem of distributing units of a product from one storage location (de-
pot) to multiple retailers, which face stochastic demand. A capacitated vehicle is employed
to transport the product from the depot to the retailers. We assume that the decision maker
has available current inventory levels of the retailers and that of the vehicle. Moreover, the
vehicle can travel freely between inventory locations. Whenever a retailer is visited, the
decision maker must decide how many units of the product to leave and which location to
visit next. Because of the stochastic demand and centralized inventory control, we refer to

this problem as the stochastic vendor managed invei§®vI) problem.

We formulate the SVMI problem as a finite horizon non-homogeneous Markov decision
process. Based on the single-crossing property, we show how a particular retailer continues
to be a vehicle’s optimal destination as inventory levels of the retailers vary. Furthermore,
based on the super-additive and sub-additive properties, an optimal number of units of the
product to deposit at the current retailer is shown to have monotone relations with the inven-
tory levels. We provide conditions on the problem parameters that are sufficient for these
structural results. The multiperiod SVMI problem and the infinite horizon SVMI problem
with periodic reward and transition structures are analyzed. For computational efficiency,
we develop three suboptimal solution procedures, including one that takes advantage of
the structural results. Additionally, we present a numerical study of the performance mea-
sures in the SVMI problem and a case study, which involves a distribution problem at the
Coca-Cola Enterprises, Inc.

We consider four variations of the SVMI problem. These variations differ in either one

or both of the available state information and the vehicle routing procedure. Analytically,



we compare the optimal expected total rewards for the SVMI problem and its variations.
Our computational experience suggests a complementary relationship between the quality

of state information and the size of the set of retailers that the vehicle can visit.

Xi



CHAPTER |

INTRODUCTION

We consider a distribution system that has a depot and multiple retailers and is managed
by a single vendor. We assume that there is only one vehicle used to distribute units of
one product from the depot to the retailers. The demand processes for the product at the
retailers are assumed to be independent of each other. At each retailer, the demand process
is stochastic, time-dependent, and history-independent. The vehicle is allowed to travel
freely between inventory locations. Once the vehicle arrives at an inventory location (the
depot or one of the retailers), the decision maker is informed of the current inventory levels

of the retailers and that of the vehicle. The decision maker then decides how many units
of the product to deposit at the current retailer, or pick up at the depot, and which location

to visit next. We refer to this problem as the stochastic vendor managed invéBiail)

problem.

We formulate the SVMI problem as a finite horizon non-homogeneous Markov decision
process. Subsequently, we establish monotone relations between the optimal vehicle rout-
ing and inventory actions and inventory levels of the retailers. These results are extended
to the multiperiod SVMI problem and to the infinite horizon SVMI problem with periodic
reward and transition structures. To make the SVMI problem less computationally demand-
ing, we develop a heuristic solution procedure based on the structural results for inventory
control. There is also a heuristic procedure where the inventory decisions are based on a
base-stock inventory policy. Additionally, myopic solutions of the infinite horizon SVMI
problem are discussed. We present a numerical analysis of the performance measures in
the SVMI problem. There is also a case study, which involves a distribution problem at

the Coca-Cola Enterprises, Inc. For the case study, we establish structural results similar to



those for the SVMI problem.

It is interesting to analyze how the quality of state information and the flexibility in
vehicle routing procedure can affect the operating performance of the distribution system.
To that goal, we consider four variations of the SVMI problem and present an analytical
comparison of their optimal expected total rewards. Based on the theoretical results, the
optimal expected total reward increases as the state information improves and/or the vehi-
cle routing procedure becomes more flexible (there are more retailers that the vehicle can
visit next). Furthermore, sample numerical results suggest a complementary relationship
between the quality of state information and the size of the set of locations that may be
visited next.

The contributions presented in this dissertation are as follows. We determine the ex-
istence of monotone optimal policies for the SVMI problem based on the single-crossing,
super-additive, and sub-additive properties. An analytical comparison of the optimal ex-
pected total rewards for different Markov decision process (MDP) models is included. The
SVMI problem has several potential applications, which we shall mention later. Further-
more, computationally useful procedures are presented. These include a heuristic solution
procedure based on the structural results and alternative value iteration algorithms for mul-
tiperiod and infinite horizon periodic Markov decision problems. Finally, further insights
for the SVMI problem are gained from the numerical study of some performance measures
in the SVMI problem.

The sections of this chapter begin with some preliminary remarks and related appli-
cations. Then there is a preview of subsequent chapters, which are the SVMI problem,
infinite horizon periodic Markov decision processes, suboptimal solutions and then varia-
tions of the SVMI problem, the case study, and the numerical study. Finally, we present

the literature review.



1.1 Preliminary Remarks

Integrating transportation and inventory problems in distribution logistics is not a new re-
search topic. Over twenty years ago, the two problems were treated mostly separately.
Since then the focus has shifted toward the integration of the two problems. However,
much of the obtained results are based on deterministic models. Heuristic algorithms are a
common path to the solutions, such as optimal lot sizes and shipping frequencies. On the
other hand, we study the problem in a relatively high level of detail. Our solutions specify
optimal inventory and vehicle routing actions at each decision epoch, which may occur
frequently.

The MDP model of the SVMI problem becomes much more computationally demand-
ing as the problem size increases. In this case, the growth in size of the problem comes
primarily from the increases in the number of retailers and in the capacities of the retail-
ers and the vehicle. Meanwhile, a longer planning horizon also induces more computa-
tional requirements, though not as significantly as the aforementioned factors. Despite
these computational implications, we believe the results we present here are widely appli-
cable. A vendor may have a significant number of retailers to manage; however, it likely
has also several depots or distribution centers. In that case, we may decompose the original
problem into subproblems, in which each depot serves only a limited number of retailers.
Furthermore, the vehicle routing procedure in the SVMI problem is very flexible. In many
instances, this may imply less need for the retailers to have high capacities.

In the next chapter, we show that monotone backward induction algorithms based on
the structural results reduce the run time in solving the SVMI problem by alfidst
Furthermore, in Chapter 4, heuristic solution procedures are shown to further improve
the computational efficiency while, especially for the first heuristic algorithm, maintaining
great quality of the resulting solutions. Specifically, the expected total reward of the best
heuristic solution is only).3% less than that of the optimal one. This suggests that more

aggressive use of the theoretical basis for that solution approach is still a viable option.



For a distribution problem with multiple vehicles, it is reasonable to assume that we
can assign the vehicles to non-intersecting groups of retailers. The result is multiple SVMI
problems. In fact, the finite horizon in the SVMI problem is intended to represent a working
day. In some instances, two or more vehicles are not needed to service a retailer in such a
short period of time. One way to decompose the distribution problem with multiple vehicles
into multiple one-vehicle problems is to solve an instance of the assignment problem in
combinatorial optimization. This approach may not be optimal for the expected total reward
criterion. However, it allows the decision maker to consider other factors, such as travel
distances and drivers’ hours, when he or she assigns the retailers to each vehicle.

In the SVMI problem and most of its variations, we assume that current inventory infor-
mation is available. Given the current state of technology, we believe that this is a reason-
able assumption. Researchers of supply chains made this assumption as far back as several
years ago. Among other tools, electronic data interchange (EDI) has been mentioned fre-
guently in research papers as the provider of up-to-date demand information. References
include Hammond (1993) and Srinivasan et al. (1994), which discuss the benefits of EDI

in the apparel industry and manufacturing sector, respectively.

1.2 Related Applications

Possible applications of the SVMI problem include deliveries of liquids or gases to multiple
tanks at various locations. It is undesirable or even dangerous to store too much of these
products at a single location. This is especially true for a residential area or university
campus, where such storage tanks are often used. The vendor can use sophisticated gauges
to remotely monitor inventory levels of these tanks. As a result, timely deliveries of the
products to these tanks are possible.

A soft-drink company may also be interested in applying the results that we have ob-
tained for the SVMI problem. We are aware of available technology that helps the company

monitor inventory levels of vending machines and soft-drink retailers. According to Gillies



et al. (1997), Coca-Cola Enterprises, Inc., considered implementing such technology from
Harvest Electronics (U.S.A.) in 1996. Clearly, it is desirable for the company to avoid ex-
periencing stock-outs or having expired soda cans. With such monitoring system in place,
the vendor can profitably manage the inventory levels of soft-dink products at the retail
locations.

The SVMI problem can also be applied on a factory floor. A certain part may be needed
in multiple manufacturing cells. Because of its confined space, only a limited number of
units of the part can be stored in each cell. As a result, deliveries of the part to these cells
are necessary. It is reasonable to assume that current inventory information is available. In
this case, the uncertainty in productivity levels in the manufacturing cells gives rise to the
randomness in demand rates for the part.

Another application of the SVMI problem is in the distribution of money to banks and
automated teller machines. In this setting, current inventory levels can be made readily
available. Because of security concerns, a limited amount of money should be kept at
these retail locations. On the other hand, customers must be able to access their money on
demand. Therefore, timely deliveries of the money to these retail locations are necessary.

This distribution problem can be formulated as an instance of the SVMI problem.

1.3 Preview of the Chapters

In this section, we briefly introduce each of the upcoming chapters. The primary problem is
introduced first. It is followed by the infinite horizon periodic Markov decision processes,
suboptimal solutions, and then variations of the SVMI problem. We then preview our case

study and, finally, introduce the numerical analysis.



1.3.1 The Stochastic Vendor Managed Inventory Problem

The SVMI problem presented and analyzed in Chapter 2 is essentially a stochastic opti-
mization problem that integrates the vehicle routing and inventory control. Physical com-
ponents of the problem include a depot and multiple retailers. A single vehicle transports
units of a product from the depot to the retailers. We assume that the depot holds a count-
ably infinite number of units of the product. The retailers and the vehicle have finite capac-
ities. Demands at the retailers are independent and, at each retailer, demand is stochastic
and time-dependent. We formulate the SVMI problem as a finite horizon non-homogeneous
Markov decision process. At each decision epoch, the information available to the decision
maker includes current inventory levels of the retailers, the vehicle’s location, and its in-
ventory level. The decision maker decides how many units of the product to drop off at the
current retailer, or pick up at the depot, and which inventory location (the depot or one of
the retailers) the vehicle will travel to next. The vehicle can stay at its current location. Af-
ter the vehicle has arrived at its destination and current state information becomes known,
another decision epoch occurs. The problem objective is to maximize the expected total
reward, which takes both inventory and transportation costs into account.

Theoretical results for the SVMI problem include structural results for both the vehi-
cle routing and inventory control. Precisely, assuming equal travel times and a relatively
weak condition on the demand distributions, a particular retailer continues to be an optimal
vehicle’s destination (from the depot) as inventory level of that retailer decreases and/or
inventory levels of the other retailers increase. This result is based on the single-crossing
property. With regard to inventory control, we establish monotone relations between an
optimal number of units of the product to deposit at the current retailer and inventory levels
of all retailers. The assumption on travel times is not required for the results on inventory
control. Our numerical examples show that the structural results for vehicle routing and

inventory control help reduce the run time in solving the SVMI problem by alr@st



1.3.2 Infinite Horizon Periodic Markov Decision Processes

In Chapter 2, the SVMI problem is formulated as a finite horizon non-homogeneous Markov
decision process. By assuming that this stochastic process repeats itself infinitely, we ob-
tain the infinite horizon periodic Markov decision process. In Chapter 3, we describe this
class of Markov decision processes and study the existence and convergence of their solu-
tions. Results for the infinite horizon SVMI problem are included. In particular, we extend
the algorithms and structural results for the SVMI problem to the infinite horizon version

of the problem. Here only the expected total discounted reward criterion is considered. It
is relatively straightforward to show that the structural results for the SVMI problem are

applicable in the multiperiod SVMI problem.
1.3.3 Suboptimal Solutions of the SVMI Problem

In Chapter 4, we present three heuristic solution procedures for the SVMI problem. The
first is a solution approach based on the structural results for inventory control that we have
previously established. It gives us near-optimal solutions and reasonable computational
efficiency in solving our sample problems. In the second heuristic, inventory actions are
chosen according to a base-stock policy. The base-stock inventory levels are determined
according to a formula equivalent to that of the Newsvender’s problem. This approach
provides greater computational efficiency but lower expected total rewards of the solutions
than the first heuristic. Finally, we study the performance of myopic policies in the infinite

horizon SVMI problem.
1.3.4 Variations of the SVMI Problem

Four variations of the SVMI problem are investigated in Chapter 5. The distinguishing
features between these variations are the available state information and how the vehicle
route is selected. In particular, the first variation is the case in which there is a delay in

obtaining state information and the vehicle visits the retailers in a fixed order. The second



variation is similar to the first one but without the delay in state information. Meanwhile,

in the third variation, the order of the retailers may be varied but only before the vehicle
departs the depot at the start of each round of service. In all three variations, at each non-
final retailer, the vehicle has the option of making a stop at the depot for replenishment
before travelling to the next retailer in the order. Finally, we study a variation of the SVMI
problem featuring an intersection between each pair of inventory locations. At each inter-
section, the decision maker receives current state information and determines which of the
two inventory locations accessible from that intersection to visit next.

Analytically, we compare the optimal expected total rewards for the SVMI problem
and its four variations. The results are intuitive and sample numerical results confirm our
findings. Altogether, the theoretical results imply that the optimal expected total reward
increases as the state information improves and/or the vehicle routing procedure becomes
more flexible (more choices of retailers for the vehicle to visit next). Based on our com-
putational experience, we propose a hypothesis that there is a complementary relationship
between the quality of state information and the flexibility in vehicle routing procedure

towards improving the operating performance of the distribution system.
1.3.5 The Coca-Cola Distribution Problem: A Case Study

Based on our telephone conversations with the logistics team at the Coca-Cola Enterprises,
Inc., we decided to study a distribution problem facing the company. This problem shares
some characteristics with the SVMI problem and its variations. In particular, it involves
the production and packaging of soda cans at the cannery and transporting the products
to the distribution centers, which face stochastic demand. We simplify the vehicle routing
by considering only one distribution center. For the inventory control, we establish mono-
tone relations between the optimal delivery actions and inventory levels of the soft-drink

products at the distribution center.



1.3.6 A Numerical Study of the Performance Measures in the SVMI Problem

In Chapter 7, we study how certain parameters in the SVMI problem affects the customer
service level and the optimal expected total reward. Both of these performance measures
are important in many businesses in the retail industry. The problem parameters that we
study include reward parameters, such as revenue and costs per unit, demand variance, and
distance from the depot. In order to better represent real problems, we solve almost one
thousand instances of the SVMI problem in that chapter. The results obtained are gener-
ally intuitive. In particular, we observe a positive correlation between profit margin and
customer service level. Meanwhile, demand variance has both positive and negative cor-
relations with the optimal expected total reward. Additionally, as expected, our numerical
results show that longer distance from the depot reduces both customer service level and

the optimal expected total reward.

1.4 Literature Review

Review of related literature is as follows. The structural results that we establish in Chapter
2 are based primarily on results found in Section 4.7 of Puterman (1994). In Puterman’s
book, it is shown that the optimality of monotone policies follows from the super-additive
property of the reward function. The paper by Serfozo (1976) provides the basis for this
result. Meanwhile, the single-crossing property of multivariate functions, also essential
in our structural results, belongs to the book by Topkis (1998). White and White (1989)
present a helpful review of Markov decision processes.

The paper by Yang et al. (2000) is a recent study on the stochastic vehicle routing prob-
lem that has some characteristics similar to our SVMI problem. In the distribution problem
investigated by the authors, which is referred to as the stochastic vehicle routing problem
(SVRP) with restocking, physical components include a depot and multiple retailers. The

problem objective is to determine an optimal route for the vehicle to visit the retailers and,



in that route, the time(s) at which the vehicle goes back to the depot for replenishment be-
fore proceeding to the next retailer. Costs under consideration are the transportation cost,
the replenishment cost, and the cost of emergency replenishment when the vehicle inven-
tory is exhausted. Heuristics algorithms to identify superior routes are developed for the

single-vehicle and the multiple-vehicle cases.

The differences between the SVRP with restocking and our SVMI problem are in the
available state information and the way vehicle routes are selected. In the SVRP, the vehicle
route, which includes trip(s) to the depot for replenishment, is specified before the vehicle’s
first departure from the depot. On the other hand, in our SVMI problem, from its current
location, the vehicle is allowed to travel to any inventory location. Furthermore, current
inventory levels of all retailers are available at each decision epoch, as suppose to only that
of the current retailer in the SVRP with restocking.

The SVRP is a special case of the well-studied vehicle routing problem (VRP). Unlike
our SVMI problem, the VRP generally focuses on designing optimal delivery or collec-
tion routes, where vehicles originate from a single depot and visit multiple geographically
scattered locations. The inventory problem is usually either ignored or simplified. De-
terministic models of the VRP are investigated in Christofides (1985), Golden and Assad
(1988), and Laporte (1992). In Bertsimas (1992), the stochastic VRP is considered. In the
paper, demands are assumed to be random and the objective is to find the vehicle route that
minimizes the total distance traveled. The solution technique involves updating the vehicle
route as demand information becomes available, without re-optimization. Computational
approaches for the stochastic VRP are discussed in Bertsimas et al. (1995).

Gendreau et al. (1995) solve the stochastic VRP, in which each customer is randomly
present and has random demand. Before the set of customers is known, planned collection
routes are chosen. Then, in each collection route, absent customers are simply skipped. The
stochastic VRP is formulated as a mixed integer program and solved by an integer L-shaped

method. A tabu-search heuristic algorithm is developed for the problem in the follow-up

10



paper, Gendreau et al. (1996). In a recent paper, Kleywegt et al. (2002), a variation of the
VRP, which is referred to as the inventory routing problem (IRP), is formulated as a Markov
decision process. Approximation methods for solving the stochastic IRP are proposed. For
the case that only one customer is visited on a vehicle route, namely the stochastic IRP
with direct deliveries, computational results are presented.

Previous studies of integrated inventory and transportation problems focus on deter-
ministic models. We shall refer interested readers to the survey by Bertazzi and Speranza
(21999). Inthe survey, the authors classify these problems into continuous-time and discrete-
time models. Further classifications are based on the numbers of origins and destinations
in the logistics problems. For instance, the SVMI problem would be regarded as a discrete
time, one origin-multiple destinations case.

The paper by Federgruen and Zipkin (1984a) was among the first studies on stochastic
models of the integrated inventory and transportation problems. In that setting, demand is
random. Results presented in the paper include an algorithm that solves the inventory and
routing problems separately and later combines the two solutions. The inventory allocation
problem is formulated as a constrained non-linear optimization problem. This problem is
solved repeatedly as part of the algorithm that solves the original integrated inventory and
transportation problem.

Chien et al. (1989) study a combined inventory allocation and vehicle routing problem
as a mixed integer program. This is the problem of delivering a limited amount of inven-
tory from a single depot to multiple customers using a fleet of vehicles. A Lagrangian-
relaxation-based procedure is developed to solve the mixed integer program. According to
the authors, the heuristic algorithm performs well in several cases.

In the paper by Cetinkaya and Lee (2000), a renewal model is used in the study of
stock replenishment and shipment scheduling for vendor managed inventory systems. In
that setting, customer demand is random. The objective is to determine the replenishment

guantity and shipment-release policy. The vehicle routing is not considered. Therefore, the

11



distribution problem studied in the paper is simpler than our SVMI problem.

An application of integrated inventory and transportation problems is presented in the
paper by Dror and Ball (1987). In the paper, the authors investigate the problem of dis-
tributing heating oil among customers using a fleet of vehicles. The problem objective is
to minimize the annual delivery and stock-out costs. Both the deterministic and stochastic
demand cases are studied. A heuristic algorithm was developed based on an interchange
procedure and an LP-based assignment algorithm. According to the authors, the algorithm
provides an increase in performance of 25 percent over a previous one.

Review of relatively recent literature on the effect of information sharing in supply
chains is as follows. Gavirneni et al. (1999) consider a two-echelon capacitated supply
chain model with three levels of information sharing between the supplier and retailer.
Numerical results are used to study the relationships between the value of information
and the supplier's capacity, inventory, and information, and the retailer’'s order quantity
and demand distribution. In Lee et al. (2000), analytical results for a two-level supply
chain show that the benefits of information sharing can be significantly high when demand
is correlated over time. Cachon and Fisher (2000) study the inventory model with one
supplier and multiple retailers. Each retailer faces stationary stochastic demand. Their
numerical results suggest that information is significantly more valuable when it is used to
reduce lead time and batch size than when it is simply shared with the supplier. There are
numerous other papers on supply chains with one depot and multiple retailers. However,
none that we know of has studied the relationship between state information quality and

vehicle routing strategy in improving the operating performance of the distribution system.
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CHAPTER II

THE STOCHASTIC VENDOR MANAGED

INVENTORY PROBLEM

The integrated vehicle routing and inventory control problem that we study involves a de-
pot, multiple retailers, and a single vehicle. The vehicle is used to transport units of a
product from the depot to the retailers. We assume that the demand processes for the prod-
uct at the retailers are independent of each other. At each retailer, the demand process is
history-independent, stochastic, and time-dependent. We shall study five different models
of this distribution problem. These models differ in the available state information and/or
how the vehicle route is selected. The primary model is the topic of this chapter. In this
setting, we assume that, at each decision epoch, the decision maker has available current
inventory levels of the retailers and that of the vehicle. Furthermore, the vehicle can travel
freely between all inventory locations (the depot and the retailers). We refer to this problem

as the stochastic vendor managed inven{&yMI) problem.

In the next two sections, we describe and formulate the SVMI problem. Preliminary
results are presented in Section 2.3. In the two sections that follow, we establish structural
results for the vehicle routing and inventory control. Sufficient conditions on the problem
parameters are provided for both sets of structural results. In Section 2.6, we mention some
applications of the structural results. Numerical examples are presented in Section 2.7.

Subsequently, we briefly discuss distribution problems with multiple vehicles.

2.1 Problem Description

We assume that the depot holds a countably infinite number of units of the product. The

vehicle and the retailers have finite capacities. A decision epoch occurs when the vehicle

13



arrives at an inventory location (the depot or one of the retailers). The time between the
current and the next decision epochs equals the time required for the vehicle to travel from
its current location to its chosen destination. If the vehicle’s destination is its current loca-
tion, then the next decision epoch occurs one time unit from the current time. We assume
that the travel time between any two inventory locations is deterministic.

At each decision epoch, the decision maker is assumed to have available the demand
distribution for each retailer. These demand distributions depend only on the current time
and the time until the next decision epoch. The sufficient conditions for the structural
results to be established later in this chapter are based on this assumption. To satisfy this
assumption, the number of orders that arrive at each retailer between any two successive
decision epoches must be history-independent.

By definition, the SVMI problem has history-independent demand processes. In par-
ticular, the demand at each retailer is such that the demands in disjoint time intervals are
independent (the demands have independent increments that need not be stationary). This
allows the demand in an interval to depend on the location of the interval in time as well
as the length of the interval. For instance, the demand might be a time-dependent Poisson
process or time-dependent compound Poisson process. Our assumption rules out renewal
processes since they do not have independent increments. In Appendix B, we claim that
any demand processes that have independent increments are history-independent. We re-
mark that the history-independent property of the demand processes also implies that the
SVMI problem is Markovian.

We assume that over the finite problem horizon, the (capacitated) vehicle picks up units
of the product at the depot and deposits them at the retailers. The vehicle is not allowed
to pick up units of the product at the retailers. At each decision epoch, the decision maker

selects two actions:

1. the amount of inventory to leave (if the vehicle is at a retailer) or pick up (if the

vehicle is at the depot);
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2. the location to visit next.

We refer to the two actions above as the inventacsion and the vehicle routingction,

respectively. The decision maker selects these actions based on the current location of
the vehicle, the vehicle’s current inventory level, and the current inventory levels of the
retailers. Before the end of the problem horizon, at each decision epoch, we assume that
the vehicle can stay at its current location or travel to any one of the retailers or to the
depot. Thus, a vehicle routing action prior to the end of the horizon can be any one of the
locations. After the end of the horizon, the vehicle must return to the depot.

The net reward accrued between two successive decision epochs is the sum of the net
rewards for the retailers minus the transportation cost for the vehicle. The costs and revenue
generated at each retailer include a holding cost for current inventory, a revenue from filling
orders, and a penalty cost for lost orders. There is no backlogging. In Appendix A, we
discuss how our theoretical results would change if unfilled orders are backlogged. The
retailer also incurs a per-unit procurement cost when the vehicle drops off non-zero units
of the product. The net reward for each retailer is defined as the revenue minus the sum of
the penalty cost, the holding cost, and, where applicable, the procurement cost. There is no

discounting in the finite horizon problem.

2.2 Problem Formulation

We formulate the SVMI problem as follows. We assume that the depot holds a countably
infinite number of units of the product. There akeretailers, each of which has finite
capacity, and a vehicle, also with finite capacity. We define= {0,1,2,..., N} as the
set of all inventory locations, where locationrepresents the depot and location- 0
represents retailer Letg,;, fori = 1,2,..., N, be the capacity of retailer Also, letg,
denote the capacity of the vehicle.

We assume that there is a route between each pair of the locations. Assume that the

problem horizon is finite and of length. Let¢; be the time of the/™" decision epoch,
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wheret; = 1. Let J be the random integer such thgt < 7 andt¢;,; > T. We note
that if the vehicle is at locatiohat time¢; and, from there, it travels to location then
tix1 = t; + di,, Wheredy, is the time required for the vehicle to travel franto £. We
assume thal < d;, < oo, forall [,k € K.

We define the state at tint@ss; = (z, x,, 1), wherex is the vector of current inventory
levels of the retailersy, is the current inventory level of the vehicle, ahts the current
location of the vehicle. Thusy; = (zy,z9,...,xzy), in Whichz;, fori = 1,2,..., N, is
the inventory level of retailei. Also,! € K = {0,1,2,...,N}. We have that:, €
X, = {0,1,2,...,q,} andz € X = X; x Xy x ... x Xy, where, fori = 1,2,..., N,
X;=1{0,1,2,...,q}.

Suppose the vehicle arrives at locatiaat timet. The state information is immediately
revealed and the inventory and vehicle routing decisions are then made. Let imteger
represent the inventory action. df > 0, thena units of inventory are removed from the
vehicle and dropped off at the current location, which must be one of the retailers. No
inventory action is taken ik = 0. On the other hand, i < 0, then—a units of inventory
are picked up by the vehicle at the current location, which must be the depot. We assume
that inventory cannot be removed from the retailers. We defirie, x,,[) as the set of
inventory actions available at a decision epoch at tirgdven that the state of the system

iS s; = (z,zy, (). It follows that, forl = 0,
Az, zp, ) ={a: —(qy — x,) < a <0}
and, forl > 0,
Az, x,l) ={a: 0 <a<min{q — x;,x,}}.

The corresponding set of vehicle routing action&jéz, =, ). Since the vehicle can travel
to any locationK(x, z,,l) = K, fort = 1,2,...,T. At a decision epoch after timg, the
vehicle must return directly to the depot.

Let ¢ be a decision epoch. We defing(z, x,,1), a, k) as the reward accrued between
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time ¢t and timet + d;,, wherea is the inventory action taken at timeandk is the next
location to visit. Letri(x;, [, k) and7i(x;, 1, a, k) be the net rewards for the non-current
retailer: and the current retailér respectively. Fot = 0,
ri((x, zy,1),a, k) = Z (i, 1, k) — e,
1<i<N

wherec;;, represents the cost of travelling frdno k, for [,k € K. If [ > 0,

ri((z, 20, 1), a, k) = 7z, 1, a, k) + Z (2, k) — o

i€K\{0,1}

Additional parameters are defined as follows. Fer1,2, ..., N, h; is the inventory holding
cost per unit per unit timé;, is the revenue per unit solét is the penalty cost per unfilled
order, andy? is the procurement cost per unit. We assume thdt, 52,53 > 0. Let ¥,
a random variable with known distribution, represent the number of units demanded at

retailer: between time and timet + d;.. Then,
ri(zi, 1, k) = —hidya; + b Elmin{ Dy¥, 2;}] — b? E[max{0, D;¥ — x;}]
and, wherer; = x; + a,
i@, 1, a,k) = —hdydy + by Elmin{ Dy}, #;}] — b E[maz{0, Dy} — #;}] — ba.

By convention, we denote any tinte> 7" by 7" + 1. The time-invariant terminal reward
accrued attim@ + 1 is
Tri1(x, x,,l) = Z (ej — hjT)z; — crp,
1<j<N
wheree; is the per unit salvage value at retailgrr is the holding period before salvage
values are realized, ang is the the transportation cost for the vehicle to return to the depot
from its current location. We assume that> h;7, forj =1,2,..., N.
The transition structure is as follows. For= (21, xa,...,xn), y = (Y1, Y2, ..., yn) @nd

a decision epoch at time < 7', we definep,(y|(z, z,,1), a, k) as the probability that the
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vector of inventory levels of the retailers at time- dy;. IS y, given that the state at tintas
s¢ = (z,x,,1) and actions: andk are taken. By independence, o« 0,

pt(y|(:1:,xv,l),a,k): H pi(yimivl?k)'

1<i<N

Forl > 0,
_ i
pt(:yl(xwrml)aa? k) _pt(yl‘xl—i_aul?k) H pt(yllxzahk)
1€ K\{0,l}
In these two equations, for=1,2, ..., N, p{(yﬂx;, [, k) is the probability that the inventory
level at retailerj at timet + dy is y}, given that the inventory level at this retailer after
inventory action is taken at timeis 2. This probability can be determined from the

distribution ofDﬁ;f. In particular, given that actionsandk are taken at time,
x(t + dig) = maz{x,(t) +a — Di’f, 0},

and fori € K\{0, 1},

x;i(t + dig) = max{x;(t) — Dif, 0}.

We note thatDijf is history-independent. It follows that this model of the SVMI problem
is Markovian.

We calld, : X x X, x K — A, x K, adecision rule, wherd, = | J__,A,(z,z,,1)

T2,
andK; = U, ., (2, 0, 1). A policy 7 is defined as a sequence of decision rutes;

{61, 02, ..., 67 }. Any policy = € TI, wherell is the set of all deterministic Markov policies.
Because the state and action sets are finite and the model is Markovian, we can restrict our
attention to only this set of policies. For a proof, see Section 4.4 of Puterman (1994). We

define the problem criterion as follows:

vp(s1) = EZI{ZISjSJth(Stjyatj, ktj) + Try1(s741)}

That is,v7.(s;1) is the expected total reward over the finite time horizon, given that policy
m is followed and that the state at time= 1 is s;. We say that a policy* is optimal if

VI (s1) > vi(sy), forall r € 1.
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2.3 Preliminaries

By convention, we denote any tintie> 7' by 7" + 1. We write the optimality equations,
including the boundary condition, for the SVMI problem as follows:

fort < T,

ut((l‘y Ly, l)a k) = MATac Ay (x,24,1) {Tt((xv Ly, l)? a, k)

+ Zpt<y’(x7 Loy l)a a, k)u:—&-dlk (y7 Ty — a, k)}

uy (x, Ty, 1) = maxgex {us((z, zy, 1), k) }

foranyt > T,

Wy (T, @y, 1) = P (2, 2, 1) = Z (ej — h;T)x; — o

1<j<N

From above, we may conclude that the value function of the problem satisfies the optimality
equations. We shall refer to an optimal inventory action in the first optimality equation as
a*(k) for the statgz, z,, ). Fori € {1,2,..., N}, letx; be the inventory level of interest.
We may writex asx = (x;, z5), wherex is the row vector of inventory levels at retailers
j € {1,2,..,N}, 7 # i. As aresult, the first two equations above may be written as

follows:

Ut ((('T“xz) ZUU,Z) k) maxaEAt((xlw ),Zw,l {rt«(xh'rz) xml)vaa k)

+ Z pt yluyz xlv z) xwl)aa?k)u;rdlk((yi?yic)axv_av k>}

(Yi,95)

(2.3.1)
ug (i, 25), T0, 1) = mazgex {ue(((i, 27), 20, 1), k) } (2.3.2)
Since the ranges of andy; are independent, we may write equation 2.3.1 as

Ut (((Z‘Z, $z) Ly, l)? k) = maxaeAz((xi,xf)wv,l){Tt(((‘rla Iz) Ly, l), a, k)

"‘Zzpt ymyz xzy z) xvvl)7a7k)u:-}-dlk((yi)yz{:)axv_a'vk)}'
Yi

’L

(2.3.3)
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Let w,(((z4, x¢), x,,1), a, k) be defined as follows:

we(((xg, x5),20, 1), a, k) = 1 (24, 25), T, 1), a, k)

+ Z Zpt((yia yzc)‘«xlv ZIJS), Lo, l)v a, k)“ﬁdl,c((%, yz‘c)a Ty — @, k)

y§ Yi

Consequently, equation 2.3.3 is the same as

ut((<xi7 *Tf)? Ly, l)a k) = m@xaeAi((aﬁi,xf),zv,l){wt(((xia :L,Zc)’ Ly, l)a a, k)} (234)

For the rest of this section, we state definitions, properties, and concepts that will be
important in establishing the structural results for the SVMI problem. We say<thsia
binary relation on a sét if, for all v/, v” € V, the statement’ < v” is either true or false.

If v < v” andv’ #£ V", we writev’ < v”. A partially ordered set is defined next.

Definition 2.3.1. A partially ordered sets a setl” on which there is a binary relatior

that has the following properties:
1. v<v,forallv eV,
2. v < 0" andv” < v imply thatv’ = v”, forall v',v” € V, and
3. v v andv” < v imply thaty’ < ", forall v/, 0", 0" € V.

The single-crossing property is defined next. This definition is derived from the one in

Topkis (1998). LetRk denote the set of real numbers.

Definition 2.3.2. (Topkis) Assume that,T" are partially ordered sets with binary relations
=<, and =y, respectively. Lef(v,t) be a function from subset of V' x 7" into R. Then

f(v,t) satisfies the single-crossing propeity(v,¢) on S if and only if, for allv’,v” € V

andt’,t" € T withv' <; v” andt’ <, t”, and{v’,v"} x {t',t"} being a subset of, the

following two conditions hold:
L) < fR7 ) = f0LE7) < fR7, 1)
L) < f7, 1) = f(0 1) < f(7, 1)
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We may write the two conditions above as follows:
FWL ) < (QF ") = f(0,17) < (<) f 7,1,
which is equivalent to
fL ) = ()" 17) = [0 1) = (5) (0", 1)

Throughout the next section and beyond, we refer to the super-additive property, which
is defined below. This definition is the same as the one given in Section 4.7 of Puterman

(1994).

Definition 2.3.3. (Puterman) Assume that, 7" are partially ordered sets with binary rela-
tions <; and <, respectively. Ley(v,t) be a function from” x T into R. We say that
g(v,t) is super-additiven (v,¢) onV x T if and only if, for allv’,v” € V andt',t" € T

withv' <; 0" andt’ <5 t”,
(W' ) + g(W",t") > g(o' ") + g(o", 1), (2.3.5)

When the inequality 2.3.5 is reversed, we say t#at ¢) is sub-additivein (v,¢) on

V x T. Clearly, the inequality 2.3.5 is the same as
g(vﬂa t”) - g(?}/, t//) Z g(vﬂa t/> - g(vl7 t/>
This proves the following lemma.

Lemma 2.3.4.1f g(v, t) is super-additive ifv, t) onV x T', theng(v, t) satisfies the single-
crossing property ifv,t)onV x T.

The following lemma establishes useful results on the single-crossing property and the
super-additive property.

Lemma 2.3.5. Assume that” andT" are partially ordered sets with binary relations;
and=<,, respectively. Letl be a finite set. Also, assume that the functfonV x T) — R
has the single-crossing property im,t) on V' x T. Finally, assume that the function

g: (V xT)— Rissuper-additive ifv,t) onV x T'. Then,
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1. af(v,t), witha > 0, and
2' f(v7 t) + g(”? t)!
have the single-crossing property(in,¢) onV x T.

Proof. First,a.f(v,t), with « > 0, has the single-crossing property. This follows from the
definition of single-crossing property.

We now show thaff (v, t) + g(v,t) has the single-crossing property. Becayise, t) has
the single-crossing property, the following conditions hold#orn” € V andt’,t” € T

such that’ <, v" andt’ <5 t”:
FW ) < F@1E) = F(0,17) < F@ ) (2.3.6)

FWL ) < 1) = fWLt") < F(, 1) (2.3.7)

Also, g(v, t) is super-additive irfv, t) on'V' x T'means that the following inequality holds:
g )+ g(", ") > g(v', t") + g(v", 1) (2.3.8)
This is equivalent to
g(",t") = g(v', ") = g(v", ") — g(v/,t"). (2.3.9)
Conditions (2.3.6) and (2.3.9) imply the following result:

f(vl,t/)_f—g(/l]/,t/) S f(U”7t,) —l—g(v”,t,) = f(vl,t//)_’_g(/l]/,t//) S f(vl/’t//)+g<vll7tl/>
(2.3.10)
Similarly, (2.3.7) and (2.3.9) imply the next result:

f('l}l,t/) +g(vl,t1) < f(U//,t/) +g(U”7t/) :> f('l)/,t”> +g(?}l7t//) < f('U//,t”> +g(?)l/,t/,>
(2.3.11)
From the last two results, it follows thg{v, t) + g(v,t) has the single-crossing property.

]
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Lemma 2.3.6 and Lemma 2.3.7 state the key results of super-additive property and
sub-additive property, respectively. The following lemma is a variation of Lemma 4.7.1 in

Puterman (1994).

Lemma 2.3.6.Let VV and T be partially ordered sets with binary relationts; and <,
respectively. Furthermore, the sEtis finite. Assume that(v, t) is a function froml” x T
into R and thatg(v, t) has super-additive property ifv,t) onV x T. For eachv € V,

assume thataz,crg(v,t) exists. Then
maz{argmaz,erg(v”, t)} > maz{argmaz,crg(v' )},
forall v/ <, 0", v, 0" € V.

Proof. Since the set is finite, max{argmaz,crg(v,t)} exists for allv € V. Let f(v) =
max{argmaz,erg(v,t)}. Forv’ =<y v” andt’ <5 f(v'), by the super-additive property of

g(v,t), we have that

and that
g, 1) + g(0", f(v)) Z g(v', f(V)) + (0", 1).
The second inequality is the same as
g(", f() = [g(@", f(v')) = g(v, )] + g(v", 1").
From the first inequality above, it follows that
g(", f(v) = g(v", 1),

forall ¢/ <, f(v'). As aresult,f(v”) > f(¢v). This is the same as the assertion of the

lemma. OJ

Lemma 2.3.7.Let V and T be partially ordered sets with binary relations; and <,

respectively. Furthermore, the sEtis finite. Assume thai(v, ¢) is a function froml” x T
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into R and thatg(v,t) has sub-additive property ifw,¢) on V' x T. For eachv € V,

assume thataz,7g(v, t) exists. Then
min{argmaxierg(v',t)} > min{argmaz,erg(v” )},
forall o' <y 0", v, 0" € V.

Proof. Without loss of generality, le§(v,t) = —g(v,t), whereg(v,t) is defined in the
previous lemma. By an analogous proof to that of the previous lemma, the desired result

holds. O]

As shown below, the ordering of vehicle destinations, excluding the depot, is defined

with respect to a particular retailer.

Definition 2.3.8. For eachi € {1,2,..., N} andk’, k" € K\{0}, we say that’ <; k" if
and only ift’ € K/ andk” € K!', whereK! = {i} and K" = K\{0,i}.

The following definition of the single-crossing property shall be used in the structural

results for vehicle routing.

Definition 2.3.9. For eachi € {1,2, ..., N}, we say that a functioff : K x X; — R has
single-crossing property w.r.t. retailerin (k, z;) on K x X; if and only if, for each pair
of £/, k" € K such thatt’ <; k" and for each pair ofc, 2/ € X, such that;, < z7, the

1) 7

following condition holds:
F ) < (Q)F (K", 2f) = f(K,2]) < (<) f (K", 2).

The following well-known lemma, from Section 4.7 of Puterman (1994) among others,

will be referred to frequently later in this chapter.

Lemma 2.3.10.Assume that;,; > v;, fori = {1,2,..., M — 1} and that, for real-valued
and non-negative sequenaesanda;, > ;i i > > o s for all &, with equality

holding fork = 0. Then)_, _,_,, cwvi 2> D0 ;o pp Qi0s.

24



Finally, we define a property that will be part of the sufficient conditions for a structure

in the optimal inventory actions.

Definition 2.3.11. For a discrete random variablé’ having {0,1,2,...} as its domain
space, we say thdf has non-increasing probability mass function if and only if, for any

non-negative integers;, z, such that:; < z,, Pr(Z = z1) > Pr(Z = z).

2.4 Structural Results for Vehicle Routing

We now examine how the optimal destination of the vehicle varies with inventory levels
of the retailers, assuming all travel times are identical. We begin by making the following

assumption.
Assumption 2.4.1.Forall [,k € K, dy;, = 1.

We remark that there is no loss of generality between this assumption and the assump-
tion that, for alll, &k € K, d;;, = 7, whereT is a positive real number. Assumption 2.4.1
applies to this section only. Numerical examples that suggest the importance of this as-
sumption in the structural results for vehicle routing are presented in Appendix C.

Next we establish an interesting relation between the optimal destination of the vehicle
(from the depot) and inventory levels of the retailers. First, in Subsection 2.4.1, the struc-
tural results and their sufficient conditions are presented. Then, in Subsection 2.4.2, we
show how these conditions hold in terms of the parameters of the SVMI problem. Finally,

we summarize the results of the first two subsections.
2.4.1 Sufficient Conditions for the Structural Results

Proposition 2.4.2 specifies the property of the optimal value function which implies the

desired structure in the optimal vehicle routing actions when the vehicle is at the depot.

Proposition 2.4.2. Leti € {1,2,..., N} andl = 0, assume that,(((x;, z5), z,, 1), k) has

7

the single-crossing property w.r.t. retailérin (k,z;) on K x X;. At the depot, if an

25



optimal (vehicle routing) action for the stat¢ = ((z7, z¢), x,, ) is to go to retaileri, then

1%

1)

an optimal action for state, = ((z}, z¢), x,, 1), in whichz, < 7, is to go to retaileri or

the depot.

Proof. By assumption, for each pair of, 2 € X; such thate; < z and for each pair of

K k" € K\{0} such that’ <, k", the following condition holds:

ut(((‘r/‘/ l‘?),l’v,l),k,) Z (>)Ut<<(l’/f ZL’g),ZEU,l),]{?H)

7% 1%

= ut(((@n;v xzc)v Loy l)? k/) > (>)ut((('x;7 xf)? Ly, l)v k//)v
wherek’ = i andk” € K\{0,i}. Thatis, retailer is still preferred to other retailers, as
the vehicle’s destination, when its inventory level decreases. The depot is not part of this

argument. So it could still be an optimal destination. O

The next proposition specifies the structural result for vehicle routing when the optimal

value function has the single-crossing property w.r.t. all retailers.

Proposition 2.4.3.For [ = 0 andforalln € {1,2,..., N}, assume that;(((z,, <), x,,1), k)

n

has the single-crossing property w.r.t. retailein (k, z,,) on K x X,,. At the depot, if, for
ani € {1,2,..., N}, an optimal (vehicle routing) action for the state= ((Z;, Z¢), z,, ()
iS to go to retailer:, then an optimal action for state = ((x;, z5), z,, (), in whichz; < z;

andz; > z;,forall j € {1,2,..., N}, j # 1, is to go to retaileri or the depot.

Proof. By assumption, for alh € {1,2,..., N}, for each pair ofe/,, 2/ € X, such that

n»'n

x,, <z and for each pair of’, k" € K\{0} such that’ <,, k", the following condition

holds:

ut(((x/ ZEC),ZL‘U,Z),/{P/) < <<)ut(((‘rl ZEC),ZL‘U,Z),]{?”)

n»“*'n n»'n

= w (2!, 28), 20, 1), k') < (Que(((2, 25), 24, 1), k")

n»'n n»'n

Equivalently, we may write the above condition as

ut(((x// ZIJC),ZL’U,Z),]C/) Z (>)ut(((x// ZL‘C),ZI}U,Z),]CH)

n’»*rn n’»r'n

= ut(((l';,l'%),l'v,l),k/) Z (>)ut((<x/ :EC),:L'U,Z),]C”).

n»rn
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Letn = j, forallj € {1,2,...,N}, j # i, in the first condition above, and let = i

in the second condition. Let us recall thdt <,, £” if and only if ¥ = n andk” €

Ky, = K\{0,n}. This implies that, for, j € {1,2,..., N}, (1, K} = {i}. Precisely, the

first condition states that as inventory levels of retailers {1, 2, ..., N}, j # i increase,
retaileri is still preferred to other retailers as the vehicle’s destination. From the second
condition, in whichn = 4, it follows that retailer; continues to be the preferred destination
as inventory level of retailer decreases. The depot is not part of these arguments. So it

could still be an optimal destination. O

Proposition 2.4.4 specifies sufficient conditions for the optimal value function to be

non-decreasing im;. This result is equivalent to Proposition 4.7.3 in Puterman’s book.
Proposition 2.4.4.Leti € {1,2, ..., N}, assume that the following conditions are satisfied:

1. r(((z4, 2$), 2y, 1), k) is non-decreasing im;, for all a € A,((x;, z5), x,, 1), for all

%

ke K,andfort =1,2,...,T,
2. 71 ((m, x5), xy, 1) is non-decreasing im;, and

3. 2 m<yi<a Pe((Wi, y9) | (2, 75), 20, 1), a, k) is non-decreasing in;, for all m € X;,

forall a € Ai((zy,25), z,,1), forall k € K, for all y¢, and fort = 1,2, ..., T.
Thenu; ((z;, x5), z,, 1) is non-decreasing im;, fort = 1,2, ..., T.

Proof. We use induction to prove the proposition. At the end of the horizon,

u;+1<($i7 xf)? Ty, l) = 77T-i-l((:ljiv lf)v Ly, l)

By (2), w1 ((w:, 25), ., 1) is non-decreasing im;. Assume that.}, ((xz;, %), ., () is non-

decreasing ing;, forn = 7,7 — 1,...,t + 1. We shall show that;((z;, x¢), x,,1) is
non-decreasing im;. This will complete the proof of the proposition.
Let us recall the optimality equations 2.3.3 and 2.3.4. If we can showtf@t:;, z5), z,, 1), k)

is non-decreasing im;, for all £ € K, thenu;((x;, x{), x,,1) is non-decreasing im;. Let
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a*(k) € Ai((z4, 25), z,, 1) be such that the following equation holds:
Uy (((xw IL’,L) Ly, l)> k) =T (((I‘Z,.%Z) Lu, Z) CL*(/{), k)

3T S e 09 (s ), 0, 0,0 (), K (31 95), 50 — a7 (K), )
yl Yi

Condition (3) states that, ., . p:((vi, ¥9)|((wi, ), 20, 1), a, k) is non-decreasing in;,
forallm € X; anda € Ai((z;, z5), z,, ). Fromthe induction hypothesis; | ((z;, %), x,, )

is non-decreasing in;, for all k € K. Lemma 2.3.10 then implies that

Zpt y27y7, 3727 1) mml) a*(k)ak)u:+1<<yi7yic)axv _a*(k>7k)

is non-decreasing im;. Since this result holds for ajf, it follows that
Z Zpt Yi, yz xw 1) Ly, l)v a*(k)v k)“:—l—l((yi? yf), Ly — a*(k)7 k)

is non-decreasing in;. Because the sum of two non-decreasing functions is non-decreasing,
this result and condition (1) above imply that ((x;, z5), x,, ), k) is non-decreasing in;,

for all k£ € K. This completes the proof of the proposition. O

We now show why the vehicle should be replenished to its full capacity. This result is
important in establishing the single-crossing property (w.r.t. retaitetk, =;) on K x X;)
of w(((z4, x5), v, 1), k), for I = 0. We remark that this result holds without Assumption

2.4.1.
Proposition 2.4.5. At the depot, it is always optimal to refill the vehicle to its full capacity.
Proof. We note that, foi € {1,2,..., N},

1 ri(((z4,28), 20, 1), a, k),

2. 1 (g, x5), xy, 1), and

3. ngyigqipt((yiayz'c)‘«xl?xz) Jiv,l),a, k)’for a”yic!
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are independent im,. These results can be verified by inspecting the definitions of

C

Tt(((xiaxi)vxvvl>7a7 k)! fT+1(($iang)7xv7l)l andpt((ywyf”((zi?ng)7xv7l)7a7 k) in SeC-
tion 2.2. Furthermore, fot > 0, the setA;((x;, x¢), x,,1) IS non-decreasing im,. In

7

particular, forz? > x!,

Ai((xg,x5), 20, 1) C Ap((xg, x5), 20 1).

i/ Hur i/ Fu

At the depot, the quantities in (1), (2), and (3) are independedmt Bbr these reasons, it is
relatively straight-forward to show, by induction, thgt((z;, z5), z,, [) is non-decreasing
inz,, fort =1,2,...,T.

Consider the first optimality equation fbe= 0. At the depot, the quantities in (1), (2), and
(3) are independent of Furthermorey;,, (y,r,—a, k) is non-decreasing in, —a. The

assertion of the proposition follows. O

The next theorem specifies the sufficient conditions that imply the desired structural

result in the vehicle routing problem.

Theorem 2.4.6.Leti € {1,2,...,N} andl/ = 0, assume that the conditions of Proposi-
tion 2.4.4 hold. Furthermore, assume thaf((z;, x¢), z,, (), a, k) has the single-crossing
property w.r.t. retaileri in (k,z;) on K x X;, forall a € A;((x;,x5), x,,1). If an optimal
(vehicle routing) action for the stat¢ = ((«7, z5), z,, () is to go retaileri, then an optimal
action for states; = ((«, x5), x,, 1), iIn whichz < 2, is to go to retaileri or the depot.
Proof. Consider the optimality equation 2.3.4. If we can show th&t(z;, ©5), ©,, 1), a, k)

has the single-crossing property w.r.t. retailer (k, z;) on K x X;, foralla € A;((z;, x§), zy, 1),
thenu, (((z;, x§), z,, 1), k) has the same property. This is because, by Proposition 2.4.5, the
only optimal inventory action at the depot-ig¢, — x,), which is independent df andz;.

The assertion of the theorem then follows from Proposition 2.4.2.

When its conditions are satisfied, Proposition 2.4.4 impliesdhétz;, x$), z,, () iS non-

decreasing in;, fort = 1,2, ..., T. Furthermore, by Assumption 2.4.1,
pt(<yi7 yzc>|((x’w :Bzc)v Loy, l)a a, k)
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is independent irt. It can be shown that these two results and Lemma 2.3.10 imply that
SN ol v (@ 25), 2o, 1), 0y k)ug (3, 45), 20 — a, k)
v wi
is super-additive irfk, z;) on K x X;.
By assumptiony;((x;, x5), x,, 1), a, k) has the single-crossing property w.r.t. retailén
(k,xz;)on K x X;, foralla € Ai((z;,25),x,,1). By Lemma 2.3.4 and Lemma 2.3.5(2), we
have thato, (((x;, z5), ., 1), a, k) has the single-crossing property w.r.t. retailer (k, z;)

onK x X, foralla € Ay((x;, x5), x,,1). This completes the proof of the theorem. [

When the conditions of Theorem 2.4.6 are satisfied for all{1, 2, ..., N}, the condi-
tions of Proposition 2.4.3 hold and its result follows. Theorem 2.4.7, stated here without

proof, formalizes this statement.

Theorem 2.4.7.For [ = 0, assume that the conditions of Proposition 2.4.4 hold foi &ll

{1,2, ..., N}. Furthermore, assume that, for alle {1,2,..., N}, r.(((zs, 2%), 2y, 1), a, k)

has the single-crossing property w.r.t. retaiten (k, z;) on K x X;, forall a € A;((z;, x5), .y, ).
If an optimal (vehicle routing) action for the state = ((z;, 7¢), z,, () is to go retailers,
then an optimal action for state = ((x;, z5), ., (), in whichz; < z; andz; > z;, for all

1

j€e{1,2,..,N},j #1i,isto go to retailer; or the depot.
2.4.2 Sufficient Conditions on the Problem Parameters

We have presented sufficient conditions for the structural results for vehicle routing. It is
relatively straightforward to show that, with few additional assumptions, the parameters of
the SVMI problem satisfy these conditions. The following corollary shows that the reward

structure of the SVMI problem has the super-additivity property.

Corollary 2.4.8. For all i € {1,2,...., N}, r(((z;, x5), xy,1),a, k) is super-additive in

(2

(k,xz;) on K x X;, forall a € Ay((x;,x5), x,,1), forall k € K, and fort =1,2,...,T.
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Proof. For! = 0,

Tt((<xia$z¢>7mval)aa7k) = Z Tz(xjal7k) — Clk,

1<j<N
and forl > 0,
ri( (w5, 25), T, 1), a, k) = 7i(xy, 1, a, k) + Z ] (25,1, k) — cu.
JEK\{0,1}
By Assumption 2.4.137(z;, 1, k) and#(z;, 1, a, k) are independent ih. Moreover,cy, is
independent of;. Therefores] (z;,1, k), 7 (x1,1,a, k), and—c;, have the super-additive

property and, as a result, so does their sum. The assertion of the proposition follaws.

Note that, by Lemma 2.3.4, the above result impliesth@tx;, =), z,, ), a, k) has the
single-crossing property ifk, x;) on K x X;. The next three results, i.e., Proposition 2.4.9,
Corollary 2.4.10, and Corollary 2.4.11, hold without Assumption 2.4.1A¢{z;) = 1 —
F{F(x;), forz; € X;, whereF,{ denotes the cumulative probability distribution function of
Dif. The following proposition specifies a sufficient condition fa( (z;, z5), ©,, 1), a, k)

to be non-decreasing ir.

Proposition 2.4.9.Leti € {1,2,.., N}, assume thab! + v?)F'*(¢;) > hidy. Then,

ri(((z4, 25), 2y, 1), a, k) is non-decreasing in;, for all a € Ay((x;, x5), 2y, 1).

(2

Proof. We shall show that it} +b7) F}.(¢;) > hidy., thenry(xz;, [, k) andri(z;, [, a, k) are
non-decreasing im;. From this and the definition of (((z;, z¢), z,, 1), a, k), the assertion

of the proposition then follows. Let(d) be the probability that the number of orders that

arrive at retailet, from timet to timet + dj., isd. Then,
iz, 1, k) = —hidya; + b}E[mm{Dif, z;}] — b2 E[max{0, Dif — z;}]

= —hydyz; + by Z p(d)(min{d, z;}) — b? Z p(d)(maz{0,d — x;})

0<d<oo 0<d<oo
= —hidyz; + by Z p(d)[min{d, z;} — (b7 /b})maz{0,d — x;}]
0<d<oo

= ~hidpa; +0; Y p(d)[min{d, x;} —max{0, (6 /b})(d — )},

0<d<oo
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and

z; <d<oo

= (b; + 1) Z p(d) — hidu,

z; <d<oo
= (b + b?)ﬁelzk(mz) — hidg.
Note that if (b} + b2)F;(q;) > hidu, then (b} + b2)F)F(z;) > hidy, for all z; € X;.
Thereforeyi(z;+1,1, k) —ri(z;, 1, k) > 0, forall z; € X,. Thatis,(b}-+b2)F}'F (g;) > hid,

implies thatri(x;, [, k) is non-decreasing im,. Similarly, it can be shown that
iz + 1,0, a,k) — 7y(2q, 1, a, k) = (b + b)) F)F () — hidy.
So the same condition applies here. This completes the proof of the proposition. [

To interpret the condition of Proposition 2.4.9, we rewrite it as
Ftlzk((h) > hidy./ (b} + b).

We observe that the left hand side of the above inequality is the probability that the demand
at retaileri from timet to timet + d;;, exceeds the capacity of the retailer. On the right hand
side, the numerator and denominator represents the potential cost and reward, respectively,
of having one more unit of inventory at retailenn general, the quantity on the right hand

side is very small.

Corollary 2.4.10 shows that the transition structure of the SVMI problem has the desired

property.

Corollary 2.4.10. For all i € {1,2,.., N}, >, o, <. Pe((vi, ¥9) | (i, 75), 20, 1), @, k) 1S

2

non-decreasing in;, for all a € A;((z;, x§), zy, 1), k € K, y§, m, and fort = 1,2, ..., T.

Proof. Fori € K\{0,(}, it can be shown that

Z pt((yi,yf)|((mi,xf),xv,1),a, k) - Ftl:zk(xz - m)

m<y;<q;
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Similarly, for the case = |,
Z pt((yivyic)‘((xivxﬂ?xv? l)v a, k) - Ftl,’z'k(lii +a— m)
m<y;<q;

Clearly, in both cases, the result follows. m
The following corollary proves the non-decreasing property of the terminal reward.
Corollary 2.4.11. 7ry 4 ((x;, x5), x,, 1) IS non-decreasing in;.

Proof. By definition, 7.1 ((z;, 7), v, 1) = 3, < ;< (€5 — hjT)x; — cio. The result follows

from the assumption; > h;7, forall j € {1,2,..., N}. O

Given that its condition is satisfied, Proposition 2.4.9, along with Corollary 2.4.10, and
Corollary 2.4.11 imply the conditions of Proposition 2.4.4. This result and Corollary 2.4.8
then imply the conditions of Theorem 2.4.6. We may conclude that, with few additional
assumptions, the parameters of the SVMI problem satisfy the sufficient conditions for the

structural results for vehicle routing.
2.4.3 Summary of the Structural Results

Theorem 2.4.12 summarizes the structural results for vehicle routing. This result is based

on Assumption 2.4.1, and the results in Subsection 2.4.1 and Subsection 2.4.2.

Theorem 2.4.12.For all [,k € K, letd;, = 1. Furthermore, for alln € {1,2,..., N},
assume that

(b}L + bi>FtZ’k(Qn) Z hndlka

v

forall [,k € K, and fort = 1,2,...,7. At the depot, if, for an € {1,2,..., N}, an
optimal (vehicle routing) action for the state = ((z;, Z5), x,, [) is to go to retaileri, then
an optimal action for state;, = ((z;, z§), z,,1), in whichz; < z; andz; > z;, for all

7

je{1,2,..,N},j #1i,isto go to retailer; or the depot.
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In summary, the main structural result for vehicle routing states (informally) that, when
the vehicle is at the depot, a particular retailer continues to be preferred to other retailers
as the vehicle’s destination if the inventory level of that retailer decreases and/or inventory

levels of the other retailers increase.

2.5 Structural Results for Inventory Control

We now establish monotone relations between the optimal inventory action and inventory
levels of the retailers. In particular, we show that the optimal number of units to deposit at
the current retailer is non-decreasing in inventory levels of the other retailers. Additionally,
with a stronger assumption on the demand distribution at the current retailer, the optimal
inventory action is shown to be non-increasing in inventory level of the current retailer.
Note that Assumption 2.4.1 is not applied here, and hence, fore K, we allow the
travel time from locatiori to locationk, d;., to be dependent drandk.

We first present sufficient conditions for the structural results for inventory control. In
the subsection that follows, we show how the parameters of the SVMI problem satisfy these
conditions. Finally, in Subsection 2.5.3, we summarize the structural results for inventory

control.
2.5.1 Sufficient Conditions for the Structural Results

The following proposition establishes the first structural result for inventory control.

Proposition 2.5.1. Let! € {1,2,..., N}, assume thatv,(((z;, z%), z,, 1), a, k) iS super-

additive in(z;,a) on X; x Ay((x;, x5), x,,1), forani € K\{0,!}. Then there exists*(k)

for the states, = ((x;, x5), x,, l) which is non-decreasing in,.
Proof. By assumption, for each pair of, 2 € X; such that:; < 2/ and for each pair of
a,a € {A((x}, 25), 2y, 1) N Ay((2}, 25), 2, 1)} such thata > a, the following inequality

1) 7
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holds:

we (2!, x5), 20, 1), a, k) — we (2], 25), 20, 1), a, k)

1% 1)

Z wt(((l‘/‘ l‘q),xv,l),d, k) - wt(((x/‘ x‘»:),xv,l),a, k)

177 1)

By Lemma 2.3.6, for alk! > 2,

max{ar gmataea, (2 29),z ) We( (27, 25), 70, 1), a, k) }

17

> max{a'r’gmaxaeAt((x;,xzqmml)wt(((:c'- xf), xy, 1), a, k)}.

Note thatA;((z}, x5), x,, 1) = A((2}, z5), z,,[). The assertion of the proposition follows.

O

Corollary 2.5.2, stated here without proof, follows from Proposition 2.5.1 when its

condition holds for ali € K'\{0,1}.

Corollary 2.5.2. Letl € {1,2, ..., N}, assume thab;(((z;, z5), ., ), a, k) is super-additive

in (z;,a), forall i € K\{0,l}. Then there exists*(k) for the states, = ((x;, z5), x,,1)

%

which is non-decreasing in;.

Proposition 2.5.3 specifies the sufficient conditions for the optimal value function,

uf((z4, x§), zy, 1), to be non-decreasing iry. This result is analogous to Proposition 4.7.3

)

in Puterman (1994).
Proposition 2.5.3.Leti € {1,2,..., N}, assume that the following conditions are satisfied:

1. ri(((z4, 25), x40, 1), k) is non-decreasing im;, for all a € A;((x;, z5), x,, 1), for all

(2

ke K,andfort =1,2,....T,
2. o1 ((m, x5), xy, 1) is non-decreasing in;, and

3.3 meyi<a P ¥ (25, 25), 24, 1), a, k) is non-decreasing in:;, for all m € X;,

)

forall a € Ai((x;,x5), zy, 1), forall k € K, for all y¢, and fort = 1,2,...,T.

Thenu; ((x;, x¢), z,, 1) is non-decreasing in;, fort = 1,2, ..., T.
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Proof. The proof is analogous to that of Proposition 2.4.4. In particular, Assumption 2.4.1

is not required in the proof of Proposition 2.4.4. ]

The above result is needed in the following theorem, whose result follows from Propo-

sition 2.5.1. Theorem 2.5.4 is similar to Theorem 4.7.4 in Puterman’s book.

Theorem 2.5.4.Letl € {1,2,..., N}, assume that the conditions of Proposition 2.5.3 hold
forani € K\{0,l}. Furthermore, assume that, for all € A,((x;,z5),x,,1), for all

ke K,andfort =1,2,....T,

1. ri(((z4, 2%), 24, 1), a, k) is super-additive ifz;, a),

2. Zyic > m<yi<q P Y| ((w3, 25), 0, 1), @, k), for all m, is super-additive irfz;, a).
Then there exists* (k) for the states, = ((x;, z5), x,, ) which is non-decreasing in;.
Proof. By definition,

wi(((xg, x5), 4, 1), a,k) = ri(((z4, 25), 20, 1), a, k)

+Zzpt ymyz xza z) .IU,Z),CL, kj)u;—dlk((yhyf)axv - a, k)
Yi

’L

Given that its conditions hold far Proposition 2.5.3 implies thag ((z;, z5), ., () is non-
decreasing in;, fort = 1,2, ..., T. This result along with condition (2) and Lemma 2.3.10

then imply that

Zzpt yzayz xzy 7,) x?nl)7a7k)u:+dlk((yiayic)axv_a7k)

is super-additive ifx;, a). Because the sum of super-additive functions is super-additive,
condition (1) then imply that, (((z;, ¢), x,, 1), a, k) is super-additive ifz;, a). The result

of the theorem follows from Proposition 2.5.1. m

When the conditions of Theorem 2.5.4 hold for alke K\{0,!}, the result of the

following theorem, stated here without proof, follows from Corollary 2.5.2.
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Theorem 2.5.5.Letl € {1,2,..., N}, assume that the conditions of Proposition 2.5.3 hold
for all i € K\{0,l}. Furthermore, assume that, for all € A,((x;,z5),x,,1), for all

ke K,andfort =1,2,...,T,

1. r(((xy, 25), 2y, 1), a, k) is super-additive ifx;, a),

2.3 e Yomeica P v (21, 29), 2, 1), a, k), for all m, is super-additive infz;, a).

Then there exita*(k) for the states; = ((x;, 5), x,, [) which is non-decreasing irf.

i

In the next proposition, we show how the optimal number of units to deposit at the
current retailer can be non-increasing in inventory level of the retailer. This is the second

structural result for inventory control.

Proposition 2.5.6.Letl € {1,2,..., N}, assume that, (((z;, x{), z,, 1), a, k) is sub-additive
in (27, a). Then there exists* (k) for the states; = ((x;, z{), x,, [) which is non-increasing

in xy.

Proof. By assumptionw;(((x;, xf), z,, 1), a, k) is sub-additive inz;, a). That is, for each
pair of z}, ] € X, such thatr; < z} and for each pair ofi,a € {A:((z],z5), zy, 1) N
Ai((z], x5), xy, 1)} such thatt > a, the following inequality holds:
wt(((xgv C("lc)a Lu, l)? a, k) - wt(((‘%? x?)? Lo, l)? a, k)
> wt(((:pglv $f), Lo, Z)v a, k) - wt(((x;,7 If)v Ly, l)v a, k)

By Lemma 2.3.7,

min{argmaxaeAt((x;,xf),xv,l)wt(((xg7 xlc)v Ly, l), a, k)}
> min{ar gmazae a, (o} a5)aot)We (27, 27), 70, 1), 0, k) }.

Note thatA,((z}, z7), z,, 1) C A(z], x5), zy, [). The result of the proposition follows. [

Theorem 2.5.7 specifies sufficient conditions that imply the conditions and, therefore,

result of Proposition 2.5.6.
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Theorem 2.5.7.Letl € {1,2,..., N}, assume that the conditions of Proposition 2.5.3 hold

for ¢« = [. Furthermore, assume that, for dlle K,

1. (2, 2f), 20, 1), a, k), and

2. Zy? > mey<q WL YD (21, 27), 20, 1), @, k), for all m,
are sub-additive in(z;, a). Then there exists*(k) for the states; = ((zy, §), z,, [) which
iS non-increasing in;.
Proof. By assumptiony,(((x;, xf), z,, 1), a, k) is sub-additive inx;, a). Proposition 2.5.3
implies thatuy, , ((vi,yf), v» — a, k) is non-decreasing ip, for all yf, fort = 1,2, ..., T

By Lemma 2.3.10 and assumption (2) above, we have that

Z Zpt((yla ylc>|(($lv xlc)v L, l)? a, k)u:-&-dlk.((yl’ ylc>7 Ly — @, k)

vi o w
is sub-additive inz;, a). Since the sum of sub-additive functions is sub-additive, it follows
that w, (((x;, xf), z,, 1), a, k) is sub-additive in(z;, a). The result of the theorem follows

from Proposition 2.5.6. ]
Combining Theorem 2.5.5 and Theorem 2.5.7 gives us the following result.

Theorem 2.5.8.Let! € {1,2,..., N}, assume that the conditions of Proposition 2.5.3 hold
for all i« € K\{0,l}. Furthermore, assume that, for all € A,((x;,z5),x,,1), for all

ke K,andfort =1,2,....,T + 1,
1. ri(((z4, 25), 20, 1), a, k) is super-additive ir{z;, a),
2. > e Domzyi<a P Wi Y (24, 25), w0, 1), a, k), for all m, is super-additive ifz;, ),
3. re(((xy, x5), w0, 1), a, k) is sub-additive inz;, a), and
4. Zy? > m<m<q P YD) ((21, 27), 20, 1), a, k), for all m, is sub-additive iz, a).
Then there exists*(k) for the states; = ((z;, z7), x,, [) which is non-decreasing inf and

non-increasing ing;.
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2.5.2 Sufficient Conditions on the Problem Parameters

One of the sufficient conditions for the first structural result for inventory control is that
re(((x4, 25), 2, 1), a, k) is super-additive ifjz;, a), in whichi € K\{0,[}. Corollary 2.5.9

shows that this is the case.

Corollary 2.5.9. For all I € {1,2,...., N}, r(((x;, x5), xy, 1), a, k) is super-additive in
(x;,a), foralli € K\{0,l}, forall k € K,andfort =1,2,...,T.

Proof. Forl € {1,2,..., N},
(w5, 25), T, 1), a, k) = 7i(xy, L a, k) + ri(zg, 1L k) + Z ] (2,1, k) —
jeK\{0,l,:}
Sinceri(x;, 1, k) is independent of;, it is super-additive ir{z;, a). Similarly, 7 (z;, 1, a, k)
is independent of; and, thus, super-additive {n;, ). The last two terms on the right hand
side of the above equation need not be considered because both of them are independent of

x; anda. Since the sum of super-additive functions is super-additive, the result follaws.
The next result shows that the transition structure has the super-additive property.

Corollary 2.5.10. Forall [ € {1,2,..., N},

> ()@ 25), 20,1), 0, k)

y m<y;<qi
is super-additive inz;, a), for all i € K\{0,[}, for all m, for all k¥ € K, and fort =
1,2,..,T.

Proof. It can be shown that

Z Z pt ywyz CCZ, z) ZED,Z),CL,/{Z>: Z pi(yi‘xhl?k)

yi m<y;<q; m<y;<q;

= Ftl,’f(fi —m).

Fi’f(mi—m) is independent af and, thus, super-additive (m;, a). The result follows. [
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Assumption 2.4.1 is not required in the proofs of Proposition 2.4.9, Corollary 2.4.10,

and Corollary 2.4.11. These results are as follows:

1. leti € {1,2,..., N}, assume tha®! +b?) F} ' (¢;) > hidu. Thenry(((z;, 28), 2y, 1), a, k)

i

is non-decreasing im;, for all a € A;((x;, x5), zy, 1);

2. foralli e {1,2,..., N}, 32, o) <o (Wi )| (2, 25), 24, 1), a, k) is non-decreasing

)

inx;, foralla € Ay((x;,x5), zy, 1), k € K, y§, m,and fort =1,2,.... T}

3. Fre1((x;, x5), x,, 1) iIs non-decreasing im;, forall i € {1,2,..., N}.

For the second structural result for vehicle routing, the next corollary establishes the

sub-additive property of the reward function.
Corollary 2.5.11. For all k € K, r.(((x;, x7), x4, 1), a, k) is sub-additive inz;, a).

Proof. Forl € {1,2,...,N},

(20, 25), 24, 1), @, k) = 7 (21,1, a, k) + Z ] (25,1, k) — cu-
jeK\{0,l}

It can be shown that
a4+ 1,1, a, k) — iz, 1, a, k) = —hydye + (b + b?)Fi’lk(xl).

Because this quantity is independent«@fwe have that;(((z;, z¥), z,, 1), a, k) is sub-

additive in(z;, a). O

In Proposition 2.5.12, we show how the sub-additive property of the transition proba-
bility at the current retailer follows from the non-increasing property of the demand distri-
bution. The latter property was first introduced in Definition 2.3.11.

Proposition 2.5.12. Assume that, for alk € K, the demand at retailel between time

andt + dy, that isDif, has non-increasing probability mass function. Then

Z Z pt((yl’ylc)’((%,:L‘lc),l'v,l),&, k)

yy m<y<q

is sub-additive inx;, a), for all m.
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Proof. It can be shown that

Z Pe((y, )| (@1, 27), 0, 1), 0, k) = Ftl,’lk(xl +a—m),

my<q
whereF} " is the cumulative probability distribution function &f;F. By assumption]D;;

has non-increasing probability mass function. As a result, it can be shown that

Fl’lk(xl +a+1—m)— Fé’lk(xl +a—m)

t?

IS hon-increasing in;. Thus,
Zpt((yh yf)|((xlv xlc)v Ly, l)’ a, k)
Y1

is sub-additive in(z;, a), for all yf. The assertion of the proposition follows. N
2.5.3 Summary of the Structural Results

Based on the results of Subsections 2.5.1 and 2.5.2, we summarize the two main structural
results for inventory control in Theorem 2.5.13 and Theorem 2.5.14. In Theorem 2.5.13, an
optimal inventory action at a particular retailer is shown to be non-decreasing in inventory

levels of the other retailers.
Theorem 2.5.13.Forall n € {1,2,..., N}, assume that
(b + b2)F} ¥ (qn) = hndi,

for all [,k € K, and fort = 1,2,....,7. Then there exita*(k) for the states, =

((x;, x5), x,, 1) which is non-decreasing inf.

The next theorem summarizes the sufficient conditions for an optimal inventory action

to be non-increasing in inventory level of the current retailer.

Theorem 2.5.14.Forall n € {1,2,..., N}, assume that

(0L + 02)E) ¥ (gn) > hud,

n
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forall [,k € K, and fort = 1,2,...,T. Furthermore, assume that, for al € K, the
demand at retailet between time andt + dy;, that isDﬁ’f, has non-increasing probability
mass function. Then there existyk) for the states;, = ((zy, z{), x,, () which is non-

decreasing inc$ and non-increasing in;;.

2.6 Applications of the Structural Results

We have presented the structural results for vehicle routing and inventory control in the
SVMI problem. It is often the case that structural results lead to computational simplifi-
cations. We can now develop monotone backward induction algorithms to solve several
instances of the SVMI problem. In the next section, we show how effective the algorithms
are and how the effectiveness varies with the problem size and its specifications.

For larger problems, heuristic solution procedures based on the structural results that
we have obtained can be developed. One such method assumes that the monotone relations
in the optimal inventory actions are piecewise linear. We investigate this solution technique
and present our findings in Chapter 4. The heuristic solution procedure helps reduce the
computational requirement in solving the SVMI problem noticeably.

Other potential benefits of the structural results include the insight and intuition for
management. This would help the decision makers improve the operating performance of
their distribution systems. Practically, structured policies are relatively easy to implement.

This, by itself, may have important implications in reducing operating costs for the vendor.

2.7 Numerical Results

In this section, we first present a set of optimal vehicle routing and inventory actions for a
sample SVMI problem with two retailers. The parameters for this sample problem satisfy
the sufficient conditions for both sets of structural results. In this case, each of the two
retailers has ten-unit capacity. Demands for the product at the two retailers have the same

distribution (a discrete version of an exponential distribution). We define the revenue and
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cost parameters such that the second retailer is much more profitable than the first one.
Table 1 presents optimal vehicle routing actions for different inventory levels of the
retailers {; andzxy), when the vehicle is at the depot and its capacity level is 20 units. The
structural result for vehicle routing holds here. In particular, each retailer continues to be
an optimal destination for the vehicle as its inventory level decreases and/or inventory level
of the other retailer increases. Here we also observe the effect of each retailer’s profitability
on whether or not the retailer is an optimal destination. If the revenue and cost parameters
for both retailers are the same, then, as we have verified, the results in Table 1 will be

symmetric.

Table 1: The vehicle’s optimal destinations from the depot for the two-retailer SVMI
problem
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R R RN NN NN NN o
Rl R R RN N N NN N~
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RR PR R R R NN N e

O RN W h| OO || ©

Optimal inventory actions are presented in Table 2. In this case, the vehicle, with 14
units of inventory, is currently at the first retailer and the decision maker is considering
the second retailer as a destination. It is easy to verify that the first and second structural
results for inventory control hold in Table 2. Specifically, an optimal inventory action is
non-decreasing in inventory level of the second retailer and non-increasing in the inventory

level of the first retailer.
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Table 2: Optimal inventory actions for the two-retailer SVMI problem
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Next we examine the direct computational advantage of the structural results in back-
ward induction (BI) algorithms. The computational measures of interest include the num-
ber of vehicle routing actions evaluated, the number of inventory actions evaluated, and
the run time (CPU time). In addition, we study how the computational advantage of struc-
tured solutions varies with certain parameters of the problem. These parameters include
the number of retailers, the capacities of the retailers, and the capacity of the vehicle.

In Table 3, we show how each structural result improves the computational measures of
interest. The numerical examples were done on a SUN Ultra 60 workstation. Let us recall
that Theorem 2.4.7 establishes the structure in the optimal vehicle routing actions (SV).
Meanwhile, Theorem 2.5.5 and Theorem 2.5.7, specifies the first and second structural re-
sults for inventory control (SIA and SIB), respectively. Theorem 2.5.8 combines these two
results (Sl). Based on the numerical results, we may conclude that each of these structures
reduces run time by about a third. When they are applied simultaneously, these structures
reduce run time by about one half.

Table 4 illustrates how the computational advantage of the structural result for vehicle
routing varies with the number of retailers. We present numerical results for the SVMI

problems with two, three, and four retailers. In this case, the run time reduction varies from
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Table 3: Computational measures for the SVMI problem with three retailers
Inventory Vehicle Actions Run time| Run time
actions routing (x1000) (seconds) | reduction
(x1000) actions

(x1000)
Bl 4,125 598 4,723 817 -
BI-SV 2,659 345 3,004 540 33.90%
BI-SIA 2,789 598 3,387 551 32.56%
BI-SIB 2,794 598 3,393 561 31.33%
BI-SI 2,595 598 3,198 524 35.86%
BI-SV-SI 2,096 336 2,432 433 47.00%

28 percent to 33 percent and, finally, to 48 percent. We may conclude that the computational

advantage increases with the number of retailers.

Table 4: Computational measures for the SVMI problems with two, three, and four retail-

ers
Number | Solution | Inventory | Vehicle Actions Run time| Run time
of retail- | procedure| actions routing (x1000) | (seconds)| reduction
ers (x1000) | actions

(x1000)

2 Bl 435 50 484 12.27 -
2 BI-SV 357 38 395 8.81 28.20%
3 Bl 4,125 598 4,723 817 -
3 BI-SV 2,659 345 3,004 540 33.90%
4 Bl 35,759 5,988 41,746 63,788 -
4 BI-SV 19,697 2,971 22,698 38,049 40.35%

The capacities of the vehicle and the retailers directly affect the computational advan-
tage of the structural results for inventory control. Table 5 presents supporting numerical
examples. From the table, it is clear that the computational efficiency increases with these
capacities. Specifically, as the capacities get larger, the run time reduction varies from 34

percent to 36 percent and, finally, to 38 percent.
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Table 5: Computational measures for the SVMI problems with three retailers and different

capacities

Retailer | Vehicle | Solution | Inventory Vehicle | Actions | Run Run

capacity | capacity | proce- | actions | routing | (x1000) | time time re-
dure (x1000) | actions (sec- duction

(x1000) onds)

3 12 Bl 510 110 620 209 -

3 12 BI-SI 329 110 439 137 34.45%

5 20 Bl 4,125 598 4,723 1,689 -

5 20 BI-SI 2,595 598 3,193 1,082 35.94%

7 28 BI 17,910 | 1,960 19,870 | 7,436 -

7 28 BI-SI 11,106 | 1,960 13,066 | 4,585 38.34%

2.8 Distribution Problems with Multiple Vehicles

Actual distribution problems normally involves multiple vehicles. It is reasonable to solve
such problems in two stages. First, the vehicles are assigned to non-intersecting groups of
retailers. In other words, each retailer is assigned to a vehicle and no retailer is assigned
to more than one vehicle. This is an instance of the assignment problem in combinatorial
optimization. After it is solved, we will have multiple SVMI problems and each can be
solved by the approach that we have discussed in this chapter. Balinski (1986) and Gold-
farb (1985) present polynomial-time dual network simplex algorithm for the assignment
problem. This approach may not be optimal for the expected total reward criterion. How-
ever, it allows the decision maker to consider other factors, such as travel distances and

drivers’ hours, when he or she assigns the retailers to each vehicle.

2.9 Conclusions and Future Research

We have formulated and analyzed an MDP model of the SVMI problem. By assuming cer-
tain conditions on the demand distributions at the retailers, we established structural results
for vehicle routing and inventory control. These results helped reduce the computational
requirement in solving the problem noticeably. In the next chapter, we extend the struc-

tural results, plus the algorithms, to the multiperiod SVMI problem and the infinite horizon
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SVMI problem.

An interesting extension of the SVMI problem is the case in which the vehicle is al-
lowed to pick up the product at the retailers. This increases the replenishment flexibility.
For geographical reasons, it might be less expensive to replenish inventory at a retailer with
units of the product from a nearby retailer than by requiring the vehicle to return to the de-
pot. This extension of the SVMI problem is suitable for a distribution system with multiple
clusters of retailers.

It is interesting to see how suboptimal solution procedures perform for the SVMI prob-
lem. These solution techniques may include myopic policies, base-stock inventory policies,
and heuristic solution procedures based on the structural results for inventory control that
we have obtained. We investigate these alternative solution approaches and present our
findings in Chapter 4.

We also study the operating performance of variations of the SVMI problem. These
variations differ in the available state information and how the vehicle route is selected. We
are particularly interested in how the quality of state information and the flexibility in the
vehicle routing procedure (or the size of the set of inventory locations that the vehicle can
visit next) help improve the operating performance of the distribution system. The results

are presented in Chapter 5.
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CHAPTER Il

INFINITE HORIZON PERIODIC MARKQOV DECISION

PROCESSES

In the preceding chapter, we formulate the stochastic vendor managed inventory (SVMI)
problem as a finite horizon non-homogeneous Markov decision process. By assuming peri-
odic reward and transition structures in the infinite problem horizon, we obtain an instance
of the infinite horizon periodic Markov decision process. This class of stochastic processes
is the topic of this chapter. In particular, we formulate the infinite horizon periodic Markov
decision problem and study the existence and convergence of its solutions. We focus on the
expected total discounted reward criterion. Relevant results for the infinite horizon SVMI
problem (with periodic reward and transition structures) are emphasized. Subsequently, we
discuss how the structural results and algorithms for the SVMI problem can be extended to
the multiperiod and infinite horizon versions of the problem.

The finite horizon non-homogeneous Markov decision problem and the infinite hori-
zon periodic Markov decision problem are formulated next. For the latter, we show that
there is an equivalent infinite horizon stationary Markov decision problem. In Section 3.3,
we present theoretical results for the expected total discounted reward model of the infi-
nite horizon periodic Markov decision problem. A discussion on the infinite horizon and

multiperiod SVMI problems then follows in Section 3.4.

3.1 Finite Horizon Non-Homogeneous Markov Decision Prob-
lem

We defineS as the set of states afldas the length of the problem horizon. The process

is{s(t),t = 1,2,....,T}, wheres(t) € S. We assume thaf is a finite set and’ is finite.
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The transition structure of the Markov process is described by the following conditional

transition probabilities:
pe(jli, a) = Prs(t +1) = jls(t) =i, a(t) = da],

wherea € A,(7). We defineA, (i) as the set of actions available at timiéthe state at time
tisi. Fort =1,2,...,T, A, (i) C A, whereA is the finite set of actions. We defingi, a)
as the reward accumulated from tih® timet + 1 if the state at time is < and actioru is
chosen at time. Additionally, 77, (¢) is defined as the terminal reward to be accumulated
attime7 + 1 if the state at timd” + 1 is .

A decision ruled; specifies an action to take at timagiven the state of the system. That
is, d; iIs a mapping front to A. A policy J is a sequence of decision rules from time 1
totimet =T, = (dy, ds, ...,dr). We defineA as the set of deterministic Markov policies
for the finite horizon non-homogeneous Markov decision problem. Because of the finite
state and action sets, we can restrict our attention to this type of policies. The optimality
criterion for the problem is the expected total reward accumulated from¢tiné to time
t=1T+1:

VR() = E) ) ri(s(t),a(t) + fraa (s(T + 1))

1<t<T

That is, V(i) is the expected total reward if the state at time: 1 is i and policyd is
followed. The problem objective is to find a policy from the fetthat maximizes the

optimality criterion.

3.2 Infinite Horizon Periodic Markov Decision Problem

Unless specified otherwise, the parameters that appear here are defined as in the previ-
ous section. The process{s(t),t = 1,2,...}, wheres(t) € S. The reward function,
r(i,a), and the transition probability;;(j|i, ), are defined as in the finite horizon non-
homogeneous Markov decision problem. We assume thaty fer 1,2, ..., r(i,a) =

Torat(i,a), pe(7l, @) = pure(jli, a), and A (i) = A7 (7). Furthermore, after every
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time periods, there is a reward accrued as a function of the state of the system. We de-

note this reward by, (i), forn = 1,2, ..., and remark that it may be different from the

terminal reward'; (¢) for the finite horizon non-homogeneous Markov decision problem.
Because of the periodicity in the reward and transition structures, we can formulate an

equivalent infinite horizon stationary Markov decision problem.#er 1,2, ..., let A, be

the set of actions for the stationary problem. In this case, an actigmiserea € A,,. We

note that this action is a policy for the finite horizon non-homogeneous Markov decision

problem. The reward and transition structures for the stationary process are as follows:

R,(i,a) = Z Tart(S(nT 4+ 1), a(nT + 1)) + Fnyyre1(s((n +1)T + 1))

1<¢<T
P,(jli,a) = Pr[s((n+ 1)T) = jls(nT) = i,a(nT) = a|

Clearly, these two parameters can be determined from the relevant parameters of the finite
horizon non-homogeneous Markov decision process. Because of the periodic reward and
transition structures, fon = 1,2, ..., we have thatd, (i) = A, R,(i,a) = R(i,a), and
P,(jli,a) = P(jli,a). We assume thaR(i,a)| < oo, foralli € S anda € A.

A policy 7 is defined ast = (a1, a9, ...). We have thatr € II, wherell is the set
of all deterministic Markov policies for this problem. Lgtbe the discount factor, where
0 < B < 1. Given thats(1) = s, the expected total discounted reward criterion is

Vir(s) = E5{ Y B"R(s(nT),a(nT))}.

0<n<oo

Under this criterion, we say that a poliey is optimal if, for alls € S and allr € II,
Vir(s) > Vip(s).
Given thats(1) = s, the average reward criterion is
g7 (s) = limy_oo(1/N)VT(5),

where

Vi(s) = E7{ Y R(s(nT),a(nT))}.

0<n<N
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We say that a policyt* is optimal if, for alls € S and allr € 11,
Umin f oo (1/N)YVT () > limsupn o0 (1/N)VE(s).

3.3 Theoretical Results

In this section, we present the theoretical results for the infinite horizon periodic Markov
decision process, particularly for the expected total discounted reward criterion.

By assumption, we have that< § < 1 and|R(i,a)| < oo, foralli € S anda € A.
The setsS and A are finite. The optimality equation for the infinite horizon stationary
Markov decision problem is as follows:

0(i) = mazee i {R(,0) + 8 ) P(jli, a)v(5)}

J

Standard value iteration algorithm, such as Algorithm 3.2.1 below, is a common ap-
proach to solve the optimality equations in the above form. We défiraes the set of
bounded real-valued functions ¢h Additionally, ||v]| = maz;es{v(i)} andd, is the
e-optimal decision rule.

For this problem, the set could be very large and, thus, render the algorithm compu-
tationally intractable. We propose an alternative value iteration algorithm, i.e., Algorithm
3.2.2. Herel! is thee-optimal decision rule at time It follows thatd, = (d}, &, ..., d").

We now show that Algorithm 3.2.1 and Algorithm 3.2.2 are equivalent.

Theorem 3.3.1.The value iteration algorithm and the alternative value iteration algorithm

for the infinite horizon stationary Markov decision problem are equivalent.

Proof. To show that the two algorithms are equivalent is the same as showing that, for
n=1,2..,9" =u}. Theorem 4.5.1(b) in Puterman (1994) states that a policy consisting
of the optimal decision rules, as determined by backward induction, for a finite horizon
Markov decision process is optimal. By definitiaft, = u{. It follows from the theorem

thatv! = u{, and then? = 2, and so on. O
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Algorithm 3.3.1 Value iteration algorithm
0. Select® € V and set» = 0. Also, specifye > 0.

1. For each € S, compute

V@) = mazge {R(,a) + 8 Y PGl @) ()}

J
2. 1f |0t — o™ < (1 = B3)/(28), go to step 3.
Otherwise, set = n + 1 and go to step 1.
3. For eachi € S, choose

d.(i) = argmaz, 3 {R(i,a) + ﬂz P(jli,a)v" 1 (5)}.

J

Algorithm 3.3.2 Alternative value iteration algorithm
0. Setn = 0 and select)? = v° € V. Specifye > 0.

1. Computeu ) (i) = Fr1(i) + Bu (i), for eachi € S.
2. Fort=T,T —1,...,1, and for each € S, compute
n+l/\ . .- n+1y -
upt (i) = mazaea o {rii, @) + Y pili, ) ()}
JES
3.0 |luf ™ —u?|| < (1 - B)/(286), go to step 4.
Otherwise, set = n + 1 and return to step 1.
4. Fort =1,2,...,T, and for each € S, select

di(i) = argmazaea,;{ri(i,a) + Y pi(jli, a)us (7)}.
JjeSs

3.4 Multiperiod and Infinite Horizon SVMI Problems

We intend the horizon of the SVMI problem to represent a working day. (There are other

possibilities.) Let us refer to the length of the horizon as period. Then multiperiod SVMI
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problems have a horizon that spans two or more days. We may solve these problems by
a value iteration algorithm that finds the optimal set of decision rules for one period at a
time. In fact, the step in the value iteration algorithm that solves each period of the problem
is essentially the same as the backward induction algorithm for the SVMI problem. It is
relatively straightforward to show that the structural results that we have presented apply
to each period of the multiperiod SVMI problem.

In Chapter 2, we formulate the SVMI problem as a finite horizon non-homogeneous
Markov decision process. By assuming periodic reward and transition structures in the
infinite problem horizon, we have that the infinite horizon SVMI problem is an instance of
the infinite horizon periodic Markov decision problem that we have studied in this chapter.
The expected total discounted reward criterion and, thus, the results in the previous section,
are applicable to the infinite horizon SVMI problem.

We have some remarks on the expected total discounted reward criterion. We use the
finite horizon to represent a working day. This implies that, when the expected total dis-
counted reward criterion is used in the problem formulation of the infinite horizon SVMI
problem, the discount factor should be very close to unity. In our model of the SVMI
problem, the finite horizon represents a working day. Time-value of reward can be signif-
icant when the problem horizon in the infinite horizon SVMI problem spans over several
months. In that case, the expected total discounted reward criterion should be preferred to
the average reward criterion.

In the previous section, we use the backward induction algorithm for the finite horizon
non-homogeneous Markov decision problem to develop the value iteration algorithm for
the infinite horizon periodic Markov decision problem. We obtain the alternative value
iteration algorithms for the expected total discounted reward model. These results directly
apply to the MDP model of the infinite horizon SVMI problem.

Let us consider the alternative value iteration algorithms. Assume that the sufficient

conditions for the structural results in the (finite horizon) SVMI problem are satisfied. From
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the periodicity in the reward and transition structures, it follows that these structural results
also hold in the infinite horizon SVMI problem. This can be shown by direct reasoning
or induction. Therefore, we can use the monotone value iteration algorithms based on
the structural results in Chapter 2 to solve the MDP model of the infinite horizon SVMI

problem.

3.5 Conclusions

In this chapter, we have described the infinite horizon periodic Markov decision processes
and present relevant theoretical results. By assuming periodicity in the reward and transi-
tion structures, we have that the MDP model of the infinite horizon SVMI problem belongs
to this class of stochastic processes. For the infinite horizon periodic Markov decision prob-
lem, we developed an alternative value iteration algorithm that is based on the backward
induction algorithm for the finite horizon non-homogeneous Markov decision problem.
This allows us to extend the structural results and algorithms for the MDP model of the
(finite horizon) SVMI problem to the MDP model of the infinite horizon version of the

problem.
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CHAPTER IV

SUBOPTIMAL SOLUTIONS OF THE SVMI PROBLEM

In this chapter, we develop suboptimal solution procedures for the SVMI problem and study
their computational advantages over the optimal one. Detailed description of the SVMI
problem can be found in Chapter 2. Three suboptimal solution procedures (or heuristics)
are considered. First, we develop a heuristic based on the structural results for inventory
control. These previously established structural results specify monotone relations between
the optimal inventory action and inventory levels of the retailers. The second heuristic has
base-stock inventory policy. In this case, the base-stock inventory levels are determined via
a formula equivalent to that of the Newsvendor’s problem. Finally, we study how myopic
policies perform in the infinite horizon SVMI problem. As the name implies, we define
myopic policy as the result of solving the infinite horizon SVMI problem one finite horizon
(or period) at a time.

The first and second heuristic solution procedures are investigated in Section 4.1 and
Section 4.2, respectively. In Section 4.3, we study myopic solutions of the infinite horizon
SVMI problem. We include sample numerical results in each of the three sections on

suboptimal solution procedures.

4.1 Suboptimal Solutions Based on the Structural Results
for Inventory Control

In Chapter 2, we establish the structural results for vehicle routing and inventory control
in the SVMI problem. The structural results for inventory control are restated below, with
the sufficient conditions on the problem parameters included. Unless stated otherwise, the

parameters in this chapter are defined as in Chapter 2. Let us recaflthat 1 — F,f,
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whereF}{ is the cumulative probability distribution db,. Also, note that we can write
the vectorr asx = (z;, 2$), fori = 1,2, ..., N. Theorem 4.1.1 specifies monotone relations
between the optimal inventory action at the current retailer and inventory levels of the non-

current retailers.

Theorem 4.1.1. (Inventory control) Fort = 1,2,....,7, anl € {1,2,...,N}, ani €
K\{0,l}, and allk € K, assume that

(bi + b?)FZ:f(Qi) > hidi.
Then there exists* (k) for the states;((z;, x¢), z,, [) which is non-decreasing in;.

In this section, we develop a heuristic solution procedure based on the monotone re-
lations between the optimal inventory action and inventory levels of the retailers. The

solution approach is described next. Subsequently, we present sample numerical results.
4.1.1 Solution Approach

Consider a structural result which states that the optimal inventory actigris non-
decreasing in inventory level of retailer denoted byr;. Based on this result, we can
develop a heuristic in which optimal inventory actions are determined for states with cer-
tain values ofr;. Inventory actions for states with the remaining values;@re selected by
assuming piecewise-linear relationship betwetandzx;. We expect the resulting policy

to have the expected total reward that is closer to that of the optimal one as we increase the
number of inventory actions optimally determined.

For the SVMI problem, Theorem 4.1.1 provides us with the monotone relations be-
tween the optimal inventory action and inventory levels of the retailers that we can use
in the heuristic solution procedure as described above. Computational results for some
sample problems are presented next. For this heuristic, it is obvious that the more linear
sections used in the solution the better the solution will be. On the other hand, increasing

the number of linear sections in the heuristic solution requires longer computational time.
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4.1.2 Numerical Results

Numerical results for the heuristic solution procedure are presented in Table 6 and Table
7. To measure the computational efficiency of the heuristic, we set the efficiency of the
optimal solution (by direct backward induction) to &% and that of the efficient solution

to be100%. The efficient solution gives a lower bound on the run time by randomly as-
signing inventory and vehicle routing actions at each decision epoch. However, as in the
heuristic solution, when the vehicle is at the depot, inventory and vehicle routing actions

are optimally computed.

Table 6: Solutions based on the structural results for Problem |

Expected | Quality Run time| Efficiency
total (min.)
reward
Optimal | 9,220.42 | 100% 1,571 0%
solution
Efficient | - - 867 100%
solution
Solution | 9,190.78 | 99.68% 1,120 64.06%
I-A
Solution | 9,193.74 | 99.71% 1,141 61.08%
I-B

Table 7: Solutions based on the structural results for Problem I

Expected | Quality Run time| Efficiency
total (sec.)
reward
Optimal | 571.14 100% 5,443 0%
solution
Efficient | - - 2,699 100%
solution
Solution | 564.80 98.89% | 3,786 60.38%
lI-A
Solution | 564.80 98.89% | 3,862 57.62%
11-B
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The results in Table 6 are for a four-retailer SVMI problem (Problem I). The two heuris-
tic solutions for Problem | are referred to as solutions I-A and I-B. In solution I-A, one in
ten inventory actions are optimal. In solution I-B, the ratio is two in ten. That is, solution
I-B has twice as many linear sections as solution I-A. From the results, it is clear that both
heuristic solutions are near optimal, with the first solution slightly better than the second.
The efficiency measures for solutions I-A and |-B are altddt and61%, respectively.

In Table 7, we present the corresponding results for Problem I, which is a three-retailer
SVMI problem. It is worth noting that solution 1I-A gives the same expected total reward
as solution II-B. That is, for this example, a change in the number of optimal inventory

actions computed does not affect the quality of the heuristic solution.

4.2 Suboptimal Solutions with Base-Stock Inventory Policy

Base-stock inventory policy is attractive to practitioners of inventory control because it
is relatively easy to implement and yet optimal in various situations. In this section, we
first describe how a base-stock policy can be used in the SVMI problem. Computational

examples then follow.
4.2.1 Determination of Base-Stock Inventory Levels

In the SVMI problem, it is not clear when the vehicle will return to the current retailer
since the vehicle’s next destination is optimally determined at each decision epoch. At the
current decision epoch at tinieassume that we know the time until the next visit to the
current retailer (retailef). Furthermore, let us suppose that the optimal inventory action
is base-stock in nature. That is, there is a target inventory Igvelich that the optimal
inventory action is

a* = min{z,, maz{0,S! — 2;}}.
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Then the inventory control problem is a variation of the classic Newsvendor’s problem.
Consequently, the target inventory lev&lcan be determined based on the demand distri-
bution at the current retailer.

We shall proceed to identify the target inventory level as follows.IFoK 1,2, ..., N},
assume that the time until the next visit to this retailer is known t6. @éhen, the expected

reward for the current retailéfrom timet until time¢ + ¢ is
gi(T1, 1) = —ld%; + by Eimin{Q}, &, }] — b; E[maz{0, Q} — &;}] — b} (& — xy),

wherez; = z; + a and@' is the demand at retailérfrom time¢ until time ¢ + §. It will
later be shown thaj; (z;, z;) is concave irn;.
Solely for the purpose of determining the target inventory level, it is reasonable to
estimate the time until the next visit to the current retailer. Hét= 1 — H!, where H!
is the cumulative demand distribution at the current retailer from tiongil the next visit
to this retailer. The following theorem provides us with the formula to compute the target

inventory level,S..

Theorem 4.2.1.Assume tha#f! and ¢;(7;, ;) are known. Then the optimal base-stock

inventory level for this retailet!, is such that
H(S;) = (lud +07) /(b + 7).

Proof. Let p(d) be the probability thaf)! = d. The expected reward for the current retailer
[ from timet until the next visit is
9(Zy, 1) = —h63 + b Elmin{Q., #;}] — b} E[max{0, Q. — &;}] — b} (Z — =)

= —hdE +b > pld)(min{d, &}) =6 > p(d)(max{0,d - F}) — b} (& — z)

0<d<oo 0<d<oo

= —h0F; + b} Z p(d)[min{d, 7} — (b7 /b )max{0,d — ;}] — b} (F — x;)
0<d<oo

— hi ST pld)min{d, 7} — mar{0, (F/6)(d — 5)}] — B(E — )
0<d<oo
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It follows that

(T + 1,21) — gi(T, 1) = by Z p(d) (1 + (b /by)) — Tud — b

T <d<o0

= +b) Y pld)— b -5}

#<d<oo
= (b + b)) Hy(&1) — hud — b}

This quantity is non-increasing ). Thus,g;(7;, z;) is concave irx;. As a result, the value

of Z; such that the above quantity is zero maximigg$;, z;). Let S! be this value off;.

The assertion of the proposition follows. O

Note that, since)! is a discrete random variable, there is almost alwayshthat
satisfies the equation in the above theorem. Therefore, we may choose the V&lsadi
that H!(S!) is closest tq 5 + b}) /(b + b?).

It can be shown that the result of Theorem 4.2.1 is equivalent to that of the Newsven-

dor’s problem with the following underage cost, and overage cost,.
Cu = b + b7 — o — b},

and

Co — hlé + b?

Algorithm 4.2.1 Base-stock inventory algorithm
1. At current timet, estimate the time until the next visit to current retailand call it§.

2. Compute the cumulative distribution ©f, namelyH.

3. DetermineS! such that

H{(S) = (o + b))/ (b + 7).

4. The base-stock inventory actioni§S!) = min{x,, maz{0, S — z;}}.

Algorithm 4.2.1 summarizes how we apply the result of Theorem 4.2.1 to determine

the base-stock inventory actions in the SVMI problem.
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4.2.2 Numerical Results

We present numerical results for the heuristic solution procedure in Table 8 and Table 9.
The results in Table 8 are for the same three-retailer SVMI problem as that in Table 7
(Problem II). This allows us to compare the performance of this heuristic with the previous
one, which is based on the structural results for inventory control. In Table 8, the solution
quality varies noticeably with the base-stock inventory level. The highest quality level is
almost94%. Meanwhile, the computational efficiency at arowlids is good. Note that

the efficiency levels for the three solutions are the same because they involve the same
procedure.

Let us recall that, in the algorithm for this heuristic, we first estimate the time until the
next visit to this retailer. In this three-retailer case, we assumelthat 1, forall [, k£ € K,
whered;;, is the travel time from locatiohto locationk. At current timet, we assume that
the vehicle visits the current retailer again at titne 4. This implicitly assumes that the
vehicle visits the depot once during a round of service in which all retailers are visited.
From the numerical results, the quality level increases with the base-stock inventory level.
This implies that we may have underestimated the time until the next visit to the current
retailer. That is, the vehicle may visit the depot more than once during each round of
service.

When we compare Table 8 with Table 7, it is clear that the solution quality of this
heuristic is less than that of the first one. On the other hand, the computational efficiency of
this heuristic is better than that of the first one. These observations are intuitive. In partic-
ular, once based-stock inventory levels are known, inventory actions are easily determined.
But this convenience comes with a loss in the quality of the solution.

Table 9 presents the corresponding results for a two-retailer SVMI problem (Problem
ll). Clearly, the quality and efficiency measures are quite similar to those in the previous
table. This may imply that the performance of this heuristic is independent of the number

of retailers.
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Table 8: Solutions with base-stock inventory policy for Problem Il

Expected | Quality Run time| Efficiency | Base-
total (sec.) Stock
reward level

Optimal | 517.14 100% 5,443 0% -

solution

Efficient | - - 2,699 100% -

solution

Solution | 514.34 90.05% | 3,216 81.16% |7

I-C

Solution | 488.55 85.54% | 3,217 81.12% |6

[I-D

Solution | 534.54 93.59% | 3,217 81.12% | 8

II-E

Table 9: Solutions with base-stock inventory policy for Problem Il

Expected | Quality Run time| Efficiency | Base-
total (sec.) Stock
reward level

Optimal | 477.96 100% 20.96 0% -

solution

Efficient | - - 10.75 100% -

solution

Solution | 433.24 90.05% | 12.81 79.48% | 6

l-A

Solution | 418.31 87.52% | 12.78 79.78% |5

I-B

Solution | 439.45 91.94% | 12.77 79.88% |7

l-C

4.3 Myopic Solutions of the Infinite Horizon SVMI Problem

In this section, we study how well myopic solutions perform in the infinite horizon SVMI
problem under the average reward criterion. Next we describe how we compute the myopic

reward and the optimal average reward. Relevant numerical results then follow.
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4.3.1 Myopic Reward vs. Optimal Average Reward

We assume that the infinite horizon SVMI problem has periodic reward and transition struc-
tures. To study how well myopic solutions perform in the infinite horizon SVMI problem,

we compare the optimal average reward of the infinite horizon SVMI problem with the
optimal expected total reward for the finite horizon SVMI problem. The latter quantity
represents the average reward for the infinite horizon SVMI problem when it is solved
myopically (i.e., one finite horizon at a time). Therefore, standard backward induction al-
gorithm can be used to compute the myopic reward. To obtain the optimal average reward,
we use an equivalent of Algorithm 3.3.2. The parameters of these numerical examples are
chosen such that the algorithm converges. In both cases, we assign different salvage value

functions and observe how they affect the relative performance of the myopic policies.
4.3.2 Numerical Results

We present computational results for the myopic solutions of an instance of the infinite
horizon SVMI problem with two retailers (Problem IV) in Table 10. Hereepresents

the unit salvage value at the retailefsjs the unit holding cost per unit time, is the

unit procurement cost, andis the time until the salvage value of remaining inventory is
realized from the end of the horizon. In this case, we assumeéth&at(0.5c¢.

For the myopic policy, by definition, the salvage value is included in the average re-
ward. On the other hand, in calculating the optimal average reward, the salvage value is
realized only once at the end of the infinite horizon. This difference gives rise to the bias
towards myopic policy and this bias becomes greater as the salvage value increases. Table
10 illustrates this behavior. The cages hr ande = c represent low and high salvage val-
ues, respectively. When the salvage value is what we would expect, in particalarc,
the quality level of myopic policy for the sample problem is clos®3t. Based on our
computational experience, there is another interesting observation which is not shown here.

In particular, when myopic policy is employed and the salvage value is in normal range,
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there tend to be less inventory left at the retailers at the end of each finite horizon.

Table 10: Infinite horizon myopic solutions for Problem IV

Myopic average Optimal average Quality
reward reward
e=hr 1,135.00 1,234.79 91.92%
e =0.5¢ 1,147.05 1,237.82 92.67%
e=c 1,181.86 1,246.64 94.80%

The computational efficiency of myopic solutions depends on how many iterations are
required by the algorithm that determines the optimal policy. Only one iteration is needed
to find the best myopic policy. However, the procedure needs to be done every period. On
the other hand, computing the optimal policy takes several iterations but, theoretically, this
is done only once. In general, a multi-period problem is solved myopically because data for
future periods are difficult to obtain. Reducing the computational requirement in solving
the problem is rarely a reason for using the solution approach. For these reasons, we shall

not discuss the computational efficiency of myopic solutions.

4.4 Conclusions and Future Research

In this chapter, we have presented three heuristic solution procedures for the SVMI prob-
lem. First, the heuristic based on the structural results for inventory control, gives us great
solution quality and reasonable computational efficiency in solving our sample problems.
Meanwhile, the second heuristic, which has base-stock inventory policy, provides greater
efficiency but less quality than the first one. Finally, we studied the performance of myopic
solutions in the infinite horizon SVMI problem and illustrate the potential bias towards
these solutions as a result of the salvage value of remaining inventory at the retailers.
Though the reductions in computational requirement by the suboptimal solution pro-
cedures for the SVMI problems are significant, more may be needed. One promising idea
involves more aggressive partition of the state space according to strong structural results.

Based on our numerical examples, the suboptimal solutions based on the structural results
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for inventory control still maintain great quality. This implies that further use of the struc-

tures may still be beneficial. We plan to investigate this idea further.
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CHAPTER V

VARIATIONS OF THE SVMI PROBLEM

5.1 Introduction

Many supply chains have as their components a depot, multiple retailers, and a vehicle,
which transports units of a product from the depot to the retailers. A distribution prob-
lem with more than one vehicles can be transformed into multiple one-vehicle problems
by, for example, solving an instance of the assignment problem in combinatorial optimiza-
tion. In this chapter, we consider a distribution system of this nature and study how state
information quality and vehicle routing strategy affect the operating performance of the
distribution system. To do so, we first formulate the SVMI problem and its four varia-
tions as finite horizon non-homogeneous Markov decision processes. Then we compare
their optimal expected total rewards analytically. For the five problems, the quality of state
information ranges from one with delay to one that is current and almost always avail-
able. The vehicle route varies from one with a fixed order of retailers to one that can be
determined at intersections between inventory locations. Demands for the product at the re-
tailers are independent and random with known distributions. Furthermore, these demands
are time-dependent. We use the finite horizon to represent a working day. Thus, the time
dependency of demand represents the varying rate of order arrivals throughout the day.

In the SVMI problem, we assume that current inventory levels of the retailers and the
vehicle are available at each decision epoch. The decision maker then decides how many
units of the product to drop off at the current retailer, or pick up at the depot, and which
inventory location (the depot or one of the retailers) the vehicle will visit next. The vehicle
can travel to any one of the inventory locations or stay where it is. Inventory costs under

consideration include the holding cost, penalty cost for lost order, and procurement cost.

66



There is also a transportation cost for the vehicle to travel from one inventory location to
another. Finally, revenue is accrued for each filled order.

We investigate four variations of the SVMI problem. The distinguishing features among
these variations are the available state information, particularly the inventory levels of the
retailers, and how the vehicle route is selected. In particular, the first variation is the case
in which there is a delay in obtaining state information and the vehicle visits the retailers in
a fixed order. The second variation is similar to the first one but without the delay in state
information. Meanwhile, in the third variation, the order of the retailers may be varied but
only before the vehicle departs the depot at the start of each round of service. In these three
variations, the vehicle has the option of making a stop at the depot for replenishment before
travelling to the next retailer in the order. Finally, we study a variation of the SVMI problem
featuring an intersection between each pair of inventory locations. At each intersection,
the decision maker receives current state information and determines which of the two
inventory locations accessible from that intersection to visit next.

In Chapter 2, we establish monotone relations between the optimal vehicle routing and
inventory actions and inventory levels of the retailers in the SVMI problem. In this chap-
ter, for the first two variations, we show how the optimal replenishment decision varies
with inventory level of the vehicle. Then, analytically, we compare the optimal expected
total rewards for the SVMI problem and its variations. As expected, improved state in-
formation and/or higher flexibility in the vehicle routing procedure increase the optimal
expected total reward. Numerical results confirm our findings. Subsequently, we introduce
the following notion of complementarity, as defined in Topkis (1998): two products are

considered complementaifyhaving more of one product increases the marginal value of

having more of the other product. Based on our numerical results, we discuss the hypothe-
sis that suggests a complementary relationship between the quality of state information and
the flexibility in vehicle routing procedure towards improving the operating performance

of the distribution system.
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Given the current state of information technology, it is reasonable to assume that the
vendor has access to current state information before inventory and transportation deci-
sions are made. There has not been much study on the effects of state information quality
and vehicle routing strategy on the operating performance of the distribution system. We
expect this topic to be increasingly relevant as information technology keeps improving
and companies thrive for even higher levels of efficiency.

This chapter is organized as follows. In the next four sections, variations of the SVMI
problem are formulated and relevant theoretical results presented. Section 5.6 has the nu-

merical results. Our discussion on the numerical results then follows in Section 5.7.

5.2 Variation I: The SVMI Problem with Fixed Vehicle Route
and Delayed State Information

For this variation, we assume that there is a delay of one period in the state information and
the vehicle visits the retailers in a fixed order. Specifically, the vehicle routing procedure
is simplified as follows. At the beginning of the trip, the vehicle departs the depot for
the first retailer. From each of the non-final retailers, the vehicle can either proceed to
the next retailer directly or make a stop at the depot for replenishment before doing so.
The vehicle returns to the depot once the final retailer is visited. Another round of service
then begins. Next we formulate the problem and present some theoretical results. Unless
specified otherwise, the parameters that appear in this section are defined as in the problem

formulation of the SVMI problem, which is included in Chapter 2.
5.2.1 Problem Formulation

The state at a decision epoch at tinies, = (z, Ly, 1, z),wheres; € S = X x K x X, x

K x Z. We definet as the row vector of inventory levels of the retailers after the inventory
action was taken at the previous decision epoch. This reflects the one-period delay in the
state information available to the decision maker. Wé Hgnote the vehicle’s location at

the previous decision epoch. As in the SVMI problem,and/ are the current inventory
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level and current location of the vehicle, respectively. We defiaethe number of retailers
that have been visited on the current trip. It follows that Z = {0, 1,2,..., N}.

The set of inventory actions is as follows: fio 0,
At(*%a lNa [Ev,l, Z) = {CL : _<QU - J:v) <a< 0}7

and forl > 0,

Ad(#, 1, 20,1, 2) = {a: 0 < a < min{q — &, z,} }.

The set of vehicle routing actions is such that, at the depot; fer0, K,(z, I, Zo, 1, z) =
{1}, and forz > 0, Ky(&,1,2,,0,2) = {z + 1}. At the retailers, forl < [ < N,
Ky(#,1,2,,1,2) = {0, 2+ 1}, and forl = N, K,(&,1,x,,1,2) = {0}.

We definep, (x|, 1, 1) as the probability that the vector of current inventory levels of
the retailers at time is + = (z1,29,...,xy), given that the vector of inventory levels
after inventory action was taken at the previous decision epoch (time;) wasz =
(%1, Za, ..., Tn). By independence, it follows that

plelz, ) = ] wielzn o).
1<i<N
Wherepi(xiu:i,f, [), fori = 1,2,..., N, is the transition probability for retailer This
probability can be determined from the distribution of demand at retadaring the time
between the previous and current decision epochs.

Conditioning on the current inventory levels of the retailers and the vehicle, the reward
structure for this problem is equivalent to that of the SVMI problem. In particular, assume
that the vector of current inventory levels of the retailers is (z1, x5, ...,xy). Then, for
=0,

Tt<<xaxval)>a7 k) = Z Ti(l’i,l,k) — Cik,

1<i<N

and forl > 0,

ri((2, 0, 1), a, k) = 7i(2y, 1, a, k) + Z (2, k) — e
i€ K\{0,}
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By convention, we denote any time> T by T + 1. The time-invariant terminal reward is
Tr1(T, 2y, 1, 2) = —Cpo.

The parameters in the reward structure are defined as in the SVMI problem.
We define a decision rulg asd;, : X x K x X, x K x Z — A, x K;, where

Ay = Usfan 1. A(@, 1, 20,1, 2) and K, = | Ky(#,1,2,,1,2). A policy 7 is defined

Z,l,xy,l,2

asm = (01,0,...,07). Herer € I14, wherell” is the set of all deterministic Markov

policies for this problem. The objective is to find a policy that maximizes the criterion:

vi(51) = Egl{ Z Tt (gt]-7atj7 k’tj) + Fry1(sre1)},

1<5<J
wheres; is the state at timeé = 1 (or t;) andg,, fort = 1,2,...,T + 1, is the vector
(x,l,z,,1,0). To compute the value of the criterion, we need the conditional probability of

z givenz, that isp, (|, 1, 1).
5.2.2 Theoretical Results

Letz’ andz’ be the updated value ofas a result of the inventory action being evaluated and
the updated value afas a result of the vehicle routing action being evaluated, respectively.

The optimality equations, including the boundary condition, for this problem are as follows:

(2,1, w0, 1, 2), k) = maxaeAt(m%lvz){Zpt(q:\:%,Z, DAz, 2,1, 2),a, k) },
where
ftA(([L’, I, Ty, 1, 2),a, k) = r((x,2,1),a, k) + u;“+dlk(x” Iz, —a,k,z'),

u(z, L2y, 1, z) = maxkeKt(ﬂv%lvz){&f((i, L2yl 2),k)},

and

P
up, (T, 1, 20,1, 2) = —cpo.

Next we show that the optimal value function is non-decreasing in the vehicle’s inven-

tory level. The subsequent corollary then shows that, at the depot, the vehicle is always
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replenished to its full capacity. In the theorem that follows, we establish a desirable struc-

ture for the vehicle routing problem in this variation.
Proposition 5.2.1. u#(7, I, 2,1, z) is non-decreasing in,, fort = 1,2, ..., 7 + 1.

Proof. Consider the following optimality equation:

G (3,120, 1,2), k) = Mazae g 3700100 D Pe(@|T, L fA (0,1 20,1, 2), 0, k) ),

x

where
A, 1z, 1, 2), a0 k) = r((z, 20,1, 2), a, k) + uf+dlk(x’, Lz, —a,k,z).

Sinceu? (7, Ly, 1, z) = —qp, it is non-decreasing im,, for all z, [, z,,] andz. Assume
thatu?(2',1,z, — a,k,2') is non-decreasing i, forn = 7,7 — 1,7 — 2, ...t + 1.
We now show thau(i, 1, z,,1, z) is non-decreasing im,. By definition, for alla e
Al(Z, 1 2,1, 2), ri((z, zy, 1, 2),a, k) is independent and, therefore, non-decreasing,in
Also, p,(z|Z,1,1) is independent of,,. Furthermore, the set,(,[, z,,1, z) is such that,
for 7/ > !, there existss” € A,(z,1,2",1,z) such thate” — o’ > 2/, — o/, for all

a € A&, 1,21, 2). Itfollows thati*((z,1, z,, 1, z), k) is non-decreasing in,, for all k.

3 Uy Ly Uy

This completes the induction. The desired result follows. O

The next corollary establishes an intuitive result that follows from Proposition 5.2.1.
Corollary 5.2.2. At the depot, it is always optimal to replenish the vehicle to its full capac-
ity.
Proof. Consider the following optimality equation:

(@120, 1, 2), k) = M0T e, 30y (O Pl LD (@, L2, 1, 2), 0, K)
where

A, 1 xy, 1, 2), a, k) = (0, 20, 1), a, k) + uﬁrdlk(:p', Lz, —a,k,2").
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By Proposition 5.2.1, it follows that;“+dlk(:c’, l,z, — a,k,2') is non-decreasing im, — a.
Furthermore, at the depot,((z, x,,1), a, k) is independent of. As a result,
S o2l 11 fA(, 1, 20, 1, 2), a, k) is non-decreasing im, — a. The assertion of the

proposition follows. O

The result of Corollary 5.2.2 can be shown to hold in the SVMI problem. Theorem
5.2.3 establishes the relationship between the optimal destination of the vehicle, when it is

at one of the non-final retailers, and its inventory level.

Theorem 5.2.3.For the states, = (&, 1, z,,, 1, z), in whichl € K\{0, N}, assume that it is
optimal for the vehicle to proceed directly to the next retailer, instead of making a stop at
the depot for replenishment first. Then for the stdte- (z,1, 4,1, z), in whichz, > =,

it is also optimal for the vehicle to proceed directly to the next retailer.
Proof. Forl <1 < N, K,(i,1,z,,1,z) = {0,z + 1}. Therefore,
u(z, [, o, 1, z) = maz{u((Z, L, 2y, 1, 2),0), @ ((%, Ly, 1, z),z+ 1)}

Corollary 5.2.2 states that, at the depot, the vehicle is always replenished to its full capacity.

Thus, we may write

al((z, L, 2y,1, 2),0) = maa:aeAt(iJ’xmlvz){Zpt(x\j, l, Dw?((x, L, y,1, z),a,0)},

x

where

wy (2,1, 1,2),0,0) = (2,20, 1),0,0) + Y pilyle,1,0)ax (y. 1,40, 0, ),

Y
in which
w}?(ya l, Qv O, Z) = rt+dlo((y7 Qv 0)7 Gy — Ty + a,z + 1) + uﬁy—dlo(ya l, Quv, % + 17 z+ 1)

Meanwhile,

ﬂ?(('i;? i7 Ly, la Z)a Z+ ]-) - maxaeAt(f,ﬂxmLz){Zp<x|‘%7 l~7 l)wtl«x?xw la Z)v a, z + 1)}7

xT
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where
w (2, 24,1,2),a, 2+ 1) = r((x,1,,0),a,2 + 1) + uﬁdl(ZH)(x’, Lz, —a,z+ 1,2+ 1),

in which 2z’ is the updated value of as a result of the inventory action being evaluated. It
can be shown that, for all € A,(z,1, x,,1, 2), @ ((Z,1, x,,1, 2), z+1) is non-decreasing in

z, andi((#,1,z,,1, 2),0) is independent of,,. The assertion of the theorem followsl]

5.3 Variation II: The SVMI Problem with Fixed VVehicle Route

This variation is similar to the previous one except that, in this case, there is no delay
in state information. We first formulate the problem and then present theoretical results.
Similar results to those for Variation | are included. Additionally, we compare the optimal
expected total rewards for the two variations. Unless specified otherwise, the parameters

that appear in this section are defined as in the problem formulation of the SVMI problem.
5.3.1 Problem Formulation

The state at a decision epoch at timis s, = (z,z,,[, 2), wheres, € S = X x X, x
K x Z. As in the SVMI problemy is the vector of current inventory levels of the retailers.
Furthermorey, and/ are the current inventory level and current location of the vehicle,
respectively. As in Variation Iz is the number of retailers that have been visited on the
current trip, where € Z = {0, 1,2, ..., N}.

The inventory and vehicle routing action sets(z, x,,, [, z) andK(z, x,, [, z), respec-

tively, are as follows. Fof = 0,
Az, zy,0,2) ={a: —(q — xy) < a <0},

and forl > 0,
Az, 2y, 0,2) ={a: 0 < a<min{qg — z,x,}}
At the depot, forz = 0, K(z,z,,l,2z) = {1} and, forz > 0, K;(x,x,,l,z) = {z + 1}.

At the last retailer,K;(x, z,,[,z) = {0}. Finally, fori € K\{0, N}, Ki(x,z,,[,2z) =

73



{0,z + 1}.
The reward and transition structures are independent®b they are the same as those

for the SVMI problem. In particular, far= 0,

rt((x,xv,l),a, k) = Z Ti(xiahk) — Cik;,

1<i<N

and, forl > 0,

Tt((xaxva l)7aa k) = lef(xla lvav k) + Z Tz(xul; k) — Cik-
1€ K\{0,l}

LetT + 1 denote any time > 7'. The terminal reward is

Tr (T, Ty, 1, 2) = —cpp.

The transition probability is such that, fore 0,

piyl(w wo, D)0 k) = T piwiles k),

1<i<N

and forl > 0,

pt(y|<l’,$v,l),(l, k) :pf‘,(yl‘xl—i_aul?k) H pi(%’l’z;l,k)
1€ K\{0,l}

Letd, be adecision rule, whefe : X x X, x KxZ — A;xK;, A, = | Az, 20,1, 2),

T,Ty,l,2
and K, = Ux,xv,l,th(xVT’U’l?Z)' A policy 7 is defined asr = (4, ds, ..., d7), where
7 € II8. We definell” as the set of all deterministic Markov policies for this problem.

The objective is to find a policy that maximizes the expected total reward:

Ug(sl) = E;Tl{ Z th (Stj7 atja kt]’) + 77T+1<8T+1)}7

1<j<J

wheres; is the state at time =1 (or t,).

5.3.2 Theoretical Results

Let 2’ be the updated value afas a result of the vehicle routing action being evaluated.

The optimality equations for this problem are as follows:

atB((l'7 Ly, la Z)v k) = maxaEAt(x@v,Lz){rt((xa Ly, l)7 a, k)

+ Zpt(y‘<x7 Ly, l)a a, k)uﬁ—dlk (ya Ly — @, k? Zl)})

Y
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utB(xa Ly, l7 Z) = maxkEKt(I,xv,l,Z) {ﬂtB((xa Ly, l7 Z)a k)}u

and
U?Jrl(x’ Ly, l’ Z) = fT+1(x7 Ly, l? Z) = —Co-

Next we state the theoretical results similar to those for Variation I. Their proofs are

also similar and, thus, omitted.

Proposition 5.3.1.v”(z, z,,, z) is non-decreasing im,, fort = 1,2, ..., T

Corollary 5.3.2. At the depot, it is always optimal to replenish the vehicle to its full capac-
ity.

Theorem 5.3.3.For the states, = (x,x,,1, z), in whichl € K\{0, N}, assume that the
optimal destination of the vehicle is the next retailer, instead of the depot. Then the optimal
destination of the vehicle for the state= (z, z.,l, z), in whichz! > z,, is also the next

retailer.

We definezr as the row vector of inventory levels of the retailers after inventory action
was taken at the previous decision epoch. Alstenotes the vehicle’s previous location.
We definew?(z, Lz, z) as the optimal expected reward from timhé the end of the

horizon for Variation I. It follows that

wf(i,i, Ty, l,2) = utA(i’,Z, Ty, l, 2).

Letw?(z, I,x,,1,z) be the optimal expected reward from timeo the end of the horizon
for Variation Il, givenz and{. Since current inventory levels of the retailers are available

in Variation Il, we have that
wP (&1, 2,1, 2) = Zpt(x\j,i, DuP(z, 2,1, 2).

The following proposition compares/ (i, [, z,, [, z) andw? (z,1, z,,, z).
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Proposition 5.3.4.Fort =1,2,....,T,T + 1,
wf‘(:i‘,l: z,,1,2) < wP(z, l, Ty, 1, 2),
forall 7,1, x,, [, andz.

Proof. We shall prove this proposition by induction. At tirfie+ 1, both quantities are the
same, so the inequality holds. Assume that the inequality holds for fiiyies- 1, ..., ¢+ 1,

we will show that it also holds at timeé Let 2’ and 2’ be the updated value af as a
result of the inventory action being evaluated and the updated valua®f result of the
vehicle routing action being evaluated, respectively. By their definitions, we may write

wi(7, L, 20,1, z) andw?(z, z,, 1, z) as follows:

wi (7, I, 20,1, z) = maaem%i’wl?z){ma:vaeAt(ﬂ’xml,z){Z (|, l, Dg((z,14,1,2),a,k)}},
: (5.3.1)

where
g ((z, 20,1, 2), 0, k) = r((x, 24, 1), a, k) + w{idlk(x/, Lz, —a,k, 2"
and

th(:i'7 lNa Ly, l> Z) = Zpt(:ﬂja Za l)[maxkEKt(x,xv,l,z){maxaGAt(x,zv,l,z){gtB((‘ra Ly, l7 Z)7 a, k)}}]a
: (5.3.2)

where
g2 (x, 20,1, 2),a, k) = r((x, 2, 1), a, k) + widlk(x/,xv —a,k,2).
For the induction hypothesis, it follows that
g ((z, 10,1, 2),a, k) < g2 ((x, 20,1, 2),a, k),

for all

ke {K/(&,1,2,,1,2) N K(x, 2,1, 2)},
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and all

a € {AE, 1y, 1, 2) N A, 2,1, 2)}

We note that
Kt(:i',i, T, l, 2) = Ki(z, 30,1, 2),

and

At(:E,Z, Ty, 1, 2) C Ay(z, 20, 1, 2).

By inspecting equation 5.3.1 and equation 5.3.2, we have that
wf(i",lN,xU,l,z) <wp(7, l~7xv,l,z).
This completes the induction. ]

By definition,v% (x, z,, [, 2) is the optimal expected total reward for Variation Il, given

that the current state of the system at the beginning of the horizon (%) is, [, z).

Let the same quantity for Variation | b€ ((#,1,z,,1, z)|z). In these two quantities;

is the vector of inventory levels of the retailers at the beginning of the horizorzasd

the vector of inventory levels of the retailers before the beginning of the horizon (t=0).
Also, we definew?((z,1,z.,1, z)|z) as the previously defined quantity®(z, [, z,, 1, z),
given that the vector of inventory levels of the retailers at time 1 is z. Similarly, let
wM(%,1, z.,1, 2)|z) denote the quantity:!(z, [, x., I, z), given that the vector of inventory
levels of the retailers at = 1 is x. Theorem 5.3.5 compares the optimal expected total

rewards for Variation | and Variation Il.

Theorem 5.3.5.Given the same state at the beginning of the horizon, the optimal expected

total reward for Variation | is not greater than that for Variation II.

Proof. It can be shown that

vg(x,xy,l,z) = wf((i,[, Ty, 1, 2)|x),
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and that

VL (&, 1,20, 1, 2)|2) = @i (2,1, 20,1, 2)|2).

From Proposition 5.3.4, it follows that
o (2,1, 20,1, 2)|2) < OP (2,1, 0, 1, 2)|2).

Consequently,

Vi (3,1, 20,1, 2)|2) < F (2, 20,1, 2).

This is exactly the assertion of the theorem. O

5.4 Variation Ill; The SVMI Problem with Pre-Determined
Vehicle Route

This variation is similar to Variation |l except that, in this case, the order of the retailers
is not always fixed. In particular, the order of the retailers is chosen and then fixed before
the vehicle departs the depot at the beginning of each round of service. The problem for-
mulation is presented next. Then, we compare the optimal expected total reward of this
variation with those of Variation Il and the SVMI problem. Unless specified otherwise,
the parameters that appear in this section are defined as in the problem formulation of the

SVMI problem.
5.4.1 Problem Formulation

The state at a decision epoch at timis s, = (z,z,,[,z), wheres, € S = X x X, X

K x Z. As in the SVMI problemy is the vector of current inventory levels of the retailers.
Additionally, x,, and! are the current inventory level and current location of the vehicle,
respectively. We defineas the number of retailers that have been visited during the current
round of service, wheree Z ={0,1,2,..., N}.

The set of inventory actions!,(z, x,, [, z), is such that, fot = 0,
Az, xy, 1 2) ={a: —(q, — x,) < a <0},
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and forl > 0,

Az, xy,l,2) ={a: 0 <a<min{q —x,z,}}.

To specify the set of vehicle routing actions, we first defirses a permissible sequence

of retailers. Leti(i) denote the” retailer in sequenck. The set of: is

~

K ={k=(k(1),k(2), ... k(N)|k(G) € {1,2, ..., N},Vi: k(i) # k(j),Vi # j}.

Practically, the sefs could be much smaller than what the definition implies because cer-
tain sequences may be ruled out for various reasonsz(et, x,, 1, z) be the set of all
permissible sequences for stdte =, [, z). The sequence of retailers is determined be-
fore the vehicle departs the depot for each round of service. Thereforeot = 0,
K(x,z,,1,2) = K. Otherwise K,(z,z,,l,z) = 0. The set of vehicle routing actions,
which clearly depends o is as follows. Fof = z = 0, K;((z, 2,1, 2), k) = {k(1)}. For

~
Y

I=0andz > 0, K,((z, 2,1, 2), k) = {k(z + 1)}. Meanwhile,K,((z, z,,1,z), k) = {0

—

for | = k(N). Finally, K,((z, z,,1, 2), k) = {0, k(z + 1)}, for I € K\ {0, k(N)}.
The reward and transition structures are independentaoidk. So they are similar to

those for the SVMI problem. In particular, for= 0,

Tt((l',._'lfv,l)7a, k) = Z ri(xiahk) — Cik,

1<i<N

and forl > 0,

ri((z,24,1), a0, k) = iz, 1, a, k) + Z (i, 1, k) — .
1€ K\{0,l}

We denote any timé> T by T+ 1. The terminal reward is
Tri1(x, Ty, 1, 2) = —cpo.

The transition probability is as follows: fér= 0,

pt(y‘(x7xv7l)>a7k): H pff(yl"xlvl?k)?

1<i<N
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and forl > 0,

]%(yl(l',ﬂ?v,l),(l, k) :pi(yl‘xl—i_aul?k) H pi(yllxlahk)

1€ K\{0,l}
Letd, be a decision rule, whefig : X x X, x KxZ — Ayx Ky, Ay = U, , A2, 20,1, 2),
and K, = Umvvl%th((x,xU,l,z),l%). A policy 7 is defined asr = (01, 0o, ..., 07). Let

7 € 11, wherell is the set of all deterministic policies for this problem. The objective is

to find a policy that maximizes the expected total reward:

ve(s1) = Eg{ Z Ti(St;, gy kiy) + Pria(sT41) }

1<j<J

wheres; is the state at time= 1.
5.4.2 Theoretical Results

Let 2’ be the updated value ofas a result of the vehicle routing action evaluated. We now

present the optimality equations for this variation. Far K\ {0, k(N)},

ﬁ’f((wivvhz)aéal{:) = mawaeAt(z,xv,l,z){wt((xaxv7l7z)7fﬁka U,)},

where

~

wi((z, 20,1, 2), k, kya) =r((x, 20, 1), a, k)

+ Zpt<y’(x7 Ly, l)? a, k)/atc;rdlk(<y7 Ty — QA k? Z/)a I%)a
Y

and

atc((x’ Lv, l’ Z>’ ]%) = mawkeKt((x,xv,l,z)J%){atc((x7 Lo, lv 2)7 12:7 k)}
Forl = k(N),

ﬁ’tc((xv Ty, 1, Z)a ]%7 k) = mazaeAt(m,xv,l,z){wt((l', Ty, L, Z), if), k, CL)},
where

wt((xa Loy l? Z)a 1%7 ka CZ) = 7}((.’13, Ly, l)7 a, k)+zpt(y|(x7 Ly, l)a a, k)“tc-;-dlk (ya Ty—a, k? Z/),

Yy
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and

ﬂf((:)ﬁ, T, 1, Z), k) = mamkeKd(a:,u,l,z)J%){atc((xa Ly, L, Z)7 k, k)}

Finally, forl = 0,

ac .CE,ZL'U,Z,Z,];’,]C = AT aecA¢(z,20,l,2 U_}t xaxlnl?z?]%?kua 9
t t(,v,y)

al (2, 2,1, 2), k) = maxkeKt((z7%7l7z)’,;){&f((w, Ty, 2), k, k) ),

and
C

uy (z, 20,1, 2) = mam,;ekt(x’xmhz){ﬂf((x,xv, l,z),k)}.

At the end of the horizon,
ug+1<x7 Ly, l? Z) - ﬂg+1(($, Ly, lv Z)? ]%) - 7:T+1(I, Ly, l7 Z) = —Co-

Next we compare the optimal expected total reward for this variation with that for Vari-

ation Il and the SVMI problem.

Theorem 5.4.1.Given the same state at the beginning of the horizon, the optimal expected

total reward for Variation Il is not greater than that for Variation Ill.

Proof. For eachr € IIZ, there exists an equivalent poliay € I1¢. That is,I1? C II¢.
One way to show this is to Iek,(x, 2,1, z) = {(1,2,..., N)}, for[ = z = 0 in Variation
lll. That is, the vehicle visits the same (fixed) order of retailers as in Variation II. The

assertion of the proposition follows. ]

Theorem 5.4.2.Given the same state at the beginning of the horizon, the optimal expected

total reward for Variation Il in not greater than that for the SVMI problem.

Proof. It can be shown that the the sets of inventory actions for both problems are the same.
However, the set of vehicle routing actions for Variation Il is a subset of that for the SVMI

problem. As a resulfI¢ C II. The result follows. O
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5.5 Variation IV: The SVMI Problem with Route-Variable
Intersections

In this setting, we assume that there is an intersection between each pair of inventory lo-
cations. When the vehicle is at each intersection, current inventory levels of the retailers
are available. The decision maker then decides where the vehicle will travel to next. This
must be one of the two inventory locations accessible from the intersection. No inventory
is taken at an intersection. Current inventory levels are also available when the vehicle is
at each of the inventory locations. Here inventory action is taken and then the vehicle can
travel to any one of the intersections. The problem formulation is presented next. Sub-
sequently, we compare the optimal expected total reward of this variation with that of the
SVMI problem. Unless specified otherwise, the parameters that appear in this section are

defined as in the problem formulation of the SVMI problem.
5.5.1 Problem Formulation

The state at a decision epoch at time s, = (z, z,,[), wheres, € S = X x X, x L. As
in the SVMI problemz is the vector of current inventory levels of the retailers. Moreover,
x, andl are the current inventory level and current location of the vehicle, respectively. We
define the set of locations ds = K U I, whereK is the set of inventory locations and
I is the set of intersections. We assume that there is an intersection between each pair of
inventory locations. In particulat, = {i;.|j, k € K}.

Based on the vehicle’s location, there are two types of decision epochs. To help us
distinguish them, we define as the time of thg?" decision epoch at which the vehicle is
at an inventory location. Let, wheret; < t; < t;,,, be the time of thg'" decision epoch
at which the vehicle is at an intersection. Let us recall thatfor [, k € K, is the travel
time from inventory locatiori to inventory locationt. Thus, if the vehicle is at inventory
location/ at timet;, then, at time!’;, it will be at an intersection. If, at tim&, inventory

locationk is chosen as the vehicle destination, then the next decision epoch will occur at
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timet; =t + dy.

Beyond this point, a decision epoch that occurs at tinmaplies that the vehicle is
at one of the inventory locations. Furthermore, from timéhe next decision epoch will
occur at timet’ and the vehicle will be at an intersection. Létbe the random integer
such that; < 7 andt;,; > T. Consequently, the decision epochs for this problem are
it b, thy oty 1)

We now specify the action sets. Since no inventory action is taken at an intersection,

for [ € I, we have thatd, (x, z,,1) = 0. Forl € K,if | =0,
Az, zy, 1) = {a: —(q, — x,) < a <0},

and ifl > 0,

Az, x,l) ={a: 0 <a<min{qg —x;,x,}}.

For! € K, the set of vehicle routing actions is”(x,z,,1) = I. We assume that the
vehicle returns to the depot at timg, ;. When the vehicle is at an intersection, gay
i;x € I, then the set vehicle routing actionsig? (z, z,,l) = {j,k}. Thatis, from an
intersection, the vehicle can travel to only the two inventory locations associated with that
intersection.

Let us recall thaty, for [,k € K, denotes the transportation cost for the vehicle to
travel from inventory locationto inventory locatiork. We make the following assumption

regardingc;, anddy, forl, k € K.

Assumption 5.5.1.For all j,k,1 € K, suppose that the vehicle travels from inventory

location! to intersection;;. Thenc;; = ¢, andd;; = dyy.

Suppose the vehicle is at inventory locatioat timet;. By the above assumption, the
vehicle routing action taken at the subsequent intersection (atttinumes not affect the
reward accrued during the current interval (between tiiand timet; ;). So we may

assume that this reward is accrued before the vehicle arrives at the intersection. As a result,
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the reward structure for this problem is similar to that for the SVMI problem. In partic-
ular, from inventory locatior, if intersection:,,, is visited next, then the reward accrued
during the interval is((x, z,,1),a,k) = r((z,x,,1),a,7). As in the SVMI problem,
ri((z,zy,1),a, k) is the reward accrued between timand timet + dj;, wherea is the
inventory action taken at timg andk is the next inventory location to visit. For= 0,

rt((x,xv,l),a, k) = Z Ti(xiahk) — Cik-

1<i<N
Forl >0,
ri((z,2y,1), a0, k) = 7z, 1, a0, k) + Z (i, 1, k) — .
1€ K\{0,l}

By convention, we denote any time> 7" as7T + 1. The terminal reward is

Tra1(x, 2y, 1, 2) = —cpp.

Forl € K, we definep} (y|(x,z,,1),a, k) as the probability that the vector of inven-
tory levels of the retailers at timé is y, given that the state at timeis (z,x,,!) and
inventory actiona and vehicle routing actiok (an intersection) are taken. Meanwhile,
P2 (y|(x,z,,1), k), in whichl € I, is defined as the probability that, at time- d;, the
vector of inventory levels of the retailersysgiven that the state at timéis (z, z,, () and
vehicle routing actiort (an inventory location) is chosen. Fo+ 0,

pi(l(,x,0),a,k) =[] pilyiles, 1 k),
1<i<N
wherep! (y;|z;, [, k) is the transition probability at retailéfrom timet¢ to timet’. Forl > 0,
pi(l(z xo, 1), 0. k) = piwlaer + o, LK) [ pilvilei 1 k),
i€eK\{0,}
wherep! (y|z; + a,l, k) is the transition probability at the current retailer from time
timet’. Meanwhile,

p%(y|(l’,[[’v,l),kf): H pi’(ylkp’nlvk)v

1<i<N
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wherep!, (y;|z;, k) is the transition probability for retailérfrom time¢’ to timet + d..
Letd, : X x X, x K — A, x K, be a decision rule for the decision epoch at which

the vehicle is at an inventory location. In this cask, = U Ay(z, x,,1) and K, =

T,Ly,l
Uz, K7 (2,20, 1). A decision rule for the decision epoch at which the vehicle is at an
intersection is defined a% : X x X, x I — Ky, whereK, = {J,, , KP(z,2,,1). A
policy 7 is defined as

™ = (51,51/,52,52/, ---75T75T’)-

Letr € 112, wherell” is the set of all deterministic Markov policies for this problem. The

objective is to find a policy that maximize the following criterion:

vp(s1) = B3 { Z Tt; (St @ty k) + Proa(sria) )

1<j<J

wheres; is the state at time =1 (or t,).
5.5.2 Theoretical Results

We now present the optimality equations for this problem./Ferk,

a?((l,’ Ly l)a ij) = mamaeAt(x,xv,l){Tt((xv Ly, l)v ayj)

+ Zpi(y[(a:, Ly, l)a a, ij)ug(ya Ty — @, ijk)};
)

and
u? (x, w0, 1) = maz;,, cxp oo, {0 (2, 20,1), %)}
Forl e I,
ay (@20, 0),k) = Y ph(yl(e, 20, 1), k)ugl g, (v, 20, k),
Y
and

ut]?(x,xv, l) = maxkEKg(x,xv,l){ai’)((xv Ly, l)? k>}

At the end of the horizon,

u$+1($7$vyl) = fT+1($7$v,l) = —C0.
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The following theorem compares the optimal expected reward for Variation IV with

that for the SVMI problem.

Theorem 5.5.2.Given the same state at the beginning of the horizon, the optimal expected

total reward for Variation IV in not less than that for the SVMI problem.

Proof. Let us refer tou; (z, z,,!) in the optimality equations for the SVMI problem. We

shall prove that, for = 1,2,..., T + 1,
* D
up (2, xy, 1) < uy (2,20, 1).

This implies the assertion of the theorem. We shall prove the inequality by induction. By
the boundary conditions for both problems, the inequality holds for fime 1. Assume
that it holds for timed",T' — 1, ..., t + 1. We shall prove that the inequality is true for time

t. We may writeu; (x, z,, 1) as

’U,:(l', Ly, l) = makaKt(x,mu,l){maxaeAt(m,zv,l){wt((xa Ly, l), a, k)}},

where

wi((x, 2y,1),a, k) = ry((z,2,1),a, k) + Zpt(y|(a7,xv, 0),a, k)uiyq, (y, 0y —a,k).

Y

Meanwhile,

uf) ($? Loy, l) = m&xijkeKtD(xwv,l){maxaEAz(r,wml){w?((mv Ly, l)? a, ijk)}>

where

th((x,xU,l),a, ij) - T’t((I7$U,l),a, k) + Zp%(x’“x,xv,l), a7ijk)gtD(Ilaxv - a, ij)7

x/

in which

gtD(x/? Ly — @, Z]k) = maxkEKf,’(x’,zv—a,ijk){Z p?’ (y| (xlv Ly —a, k)? ijk)uﬂdlk (yv Ty —a, k)}
Yy
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Because no inventory action is taken at an intersection,
Py, w0, 1), 0, k) = py (@) (2,20, 1), @, k)P (y] (2 2, — a, ), ).
The induction hypothesis and the above results imply that
wy (2, 20, 1), a, k) < maz{w,((z,z,,1),a,7), w((z,1,,1),a,k)} <wP((x,z,, 1),a,ij),

forall ij, € KP(z,,,1).
It follows that

uy (2, xy,1) < utD(x, Ty, 1).

This completes the induction. ]

5.6 Numerical Results

In this section, we present numerical results that compare the optimal expected total re-
wards for the SVMI problem and its variations. In all five problems, we consider a dis-

tribution system with three retailers. Two demand distributions are applied. They are the
uniform and discrete normal distributions. We present the optimal expected total rewards

for the five problems in Table 11 and Figure 1.

Table 11: Optimal expected total rewards for the SVMI problem and its variations

Optimal expected tor

tal reward for uni-
form demand

Optimal expected tor
tal reward for dis-
crete normal deman

Variation | 3,323.25 3,055.15
Variation Il 4,149.50 3,868.70
Variation Il 4,156.27 3,869.14
SVMI Problem 4,605.36 4,276.06
Variation IV 4,716.38 4,337.65

From the numerical results, the optimal expected total rewards for the five problems
rank in the order that we expected. In particular, in ascending order, there are the optimal

expected total rewards for Variation I, Variation Il, Variation Ill, the SVMI problem, and
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Figure 1: Optimal expected total rewards for the SVMI problem and its variations

Variation IV. This supports our analytical results which imply that the optimal expected
total reward increases as the quality of state information and/or the flexibility in vehicle
routing procedure increase.

There is another interesting observation of the numerical results: the difference between
the rewards for Variation | and Variation Il and the difference between the rewards for
Variation 11l and the SVMI problem are relatively large. We shall discuss this observation
further in the next section. For each of the five problems, the optimal expected total reward
for the uniform demand is greater than that for the discrete normal demand. This supports
the generally-true hypothesis for inventory problems that the optimal expected total reward

IS nhon-increasing in the demand variability.

*Exceptions to this hypothesis are rare. For interested readers, Ridder et al. (1998) present sufficient
conditions for the cost to decrease as the demand variability increases in the Newsvendor’s problem.
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5.7 Discussion

Based on the above numerical results, we shall attempt to establish a qualitative relationship
between state information quality and vehicle routing strategy in the distribution system
that we have described. Let us propose the following hypothesis: in general, the greater
use of improved state information, particularly by adding more flexibility to the vehicle
routing procedure, results in increasingly better operating performance of the distribution
system. In this case, we use the optimal expected total reward as the measure of operating
performance of the distribution system.

The numerical results are used as evidence that supports, but does not proves, the above
hypothesis. From Figure 1, the difference between the optimal expected total rewards for
Variation Il and Variation 11l is small relative to the difference between those for Variation
[l and the SVMI problem. In all four problems, current inventory levels of the retailers are
available at each decision epoch. Meanwhile, the vehicle routing procedure in the SVMI
problem is much more flexible than that in Variation 111, which is slightly more flexible than
that in Variation Il. This shows that our numerical examples supports the above hypothesis.

Even though the vehicle routing procedure in Variation 1V is somewhat more flexible
than that of the SVMI problem, the difference between the optimal expected total rewards
for the two problems are relatively small. This represents a limit in the use of better state
information to improve the operating performance of the distribution system. In practice,
whether or not Variation IV will be implemented would depend on the projected operating
costs and benefits.

Finally, it can be argued that eliminating the delay in state information improves the op-
erating performance of the distribution system significantly. This is because of the marked
difference between the optimal expected total reward for Variation | and that for Variation
. In this case, a delay of one period in the state information has strong negative impact on

the value of the optimality criterion.
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5.8 Conclusions and Future Research

In this chapter, we have shown how state information quality and vehicle routing strategy
affect the operating performance of a distribution system. In particular, improved state
information and increased flexibility in the vehicle routing procedure both result in higher
optimal expected total reward for the distribution problem. Furthermore, based on our
numerical results, it can be argued that there is a complementary relationship between the
two factors. However, there is a limit to the use of better state information to increase
the optimal expected total reward via increased flexibility in the vehicle routing procedure.
Finally, our numerical examples implies that delay in state information has strong negative
impact on the operating performance of the distribution system.

More numerical examples are needed to support our hypothesis. It is interesting to find
out if we can prove this result analytically. Another interesting question is how significant
our theoretical results will be in actual distribution systems. In practice, we expect to expe-
rience issues beyond those considered in our study that affect management’s decisions on
the appropriate state information system and vehicle routing strategy for their distribution

system.
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CHAPTER VI

THE COCA-COLA DISTRIBUTION PROBLEM: A

CASE STUDY

Although the stochastic vendor managed inventory (SVMI) problem is rather general and
applicable in practice, we believe it is important that an actual distribution problem is in-
cluded in our study. We are particularly interested in showing that structural results similar
to those for the SVMI problem can be established in an actual distribution problem. This
led us to consider local companies that could provide us with such example. Subsequently,
we had telephone conversations with the logistics team at the Coca-Cola Enterprises, Inc.
about their distribution problems. One of the problems facing the company shares some
characteristics with the SVMI problem and its variations. The problem is studied in this
chapter. In particular, we consider the problem of producing soft-drink products at the can-
nery and then delivering them to the distribution centers, which face stochastic demands.
We formulate the problem as a finite horizon non-homogeneous Markov decision process.
The problem objective is to find a policy that maximizes the expected total reward, which
includes revenue, transportation cost, and inventory costs. We simplify the vehicle routing
procedure by considering only one distribution center. For the inventory control, we show
that the optimal delivery actions vary monotonically with inventory levels of the products
at the distribution center.

This chapter is organized as follows. First, we provide more details of the problem in
Section 6.1. Section 6.2 is the problem formulation. In the subsequent sections, we present
theoretical results, which include the optimality equations and structural results for delivery

control.
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6.1 Problem Description

There is a cannery, where soda cans are produced and packaged into six-packs and twelve-
packs. We shall restrict our attention to only the two types of products. From the cannery,
a vehicle transports the products to the distribution center. In practice, a cannery serves
multiple distribution centers. However, for reasons to be specified later, we will include
only one distribution center in our analysis. Demand for each product (from retail outlets)
at the distribution center is history-independent, stochastic, and time-dependent.

The actual distribution problem facing the company also involves the delivery of prod-
ucts to the retail outlets. However, because of the following reasons, we shall not consider
this part of the problem. First of all, each retailer manages its own inventory and indepen-
dently incurs the associated costs. Also, as we were told, the vehicle that delivers soft-drink
products to the retailers usually follows a fixed route and pre-determined replenishment
times. Finally, the vehicle operator knows in advance the order quantities for the products
from each retailer. As a result, we shall focus our attention on the two-level supply chain,
consisting of the cannery and the distribution center.

Based on our conversations with the company’s logistics team, deliveries of the six-
packs and twelve-packs from the cannery to the distribution centers are made on a periodic
basis. In particular, each distribution center receives a shipment every few days and the
delivery vehicle follows a fixed route. Because of this predictability, we can simplifly the
problem by including only one distribution center in the problem formulation. This is
a reasonable assumption because, from the decision maker’s perspective, the distribution
centers are treated almost identically. The assumption helps us focus our attention on the
inventory decisions. In particular, the resulting problem involves managing the inventories
of soda cans at the cannery, soft-drink products at the cannery, and soft-drink products at
the distribution center.

We now describe the series of events in each time period. At the cannery, the decision
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maker decides whether or not to begin production of soda cans in the current period. Pro-
duction occurs in a fixed lot size and takes less than one period to complete. We refer to
the required amount of time as the production delay. From the available soda cans, deci-
sions are made on how many six-packs and twelve-packs to be packaged and how many
units of each product to deliver to the distribution center. Packaging and delivery take less
than one period to complete. We refer to the lead times as packaging and delivery delays,

correspondingly.

6.2 Problem Formulation

Because of the production, packaging, and delivery delays, the state for the Coca-Cola dis-
tribution problem includes the numbers of cans being produced, units of each product being
packaged, and units of each product being delivered to the distribution center. We define
the state at time ass, = (i, §), wherei = (i€, S, i%,, i, i%) andg = (¢, q5, ¢%, g2, q%).

Here:¢ is the inventory level of soda cans at the cann€fy;s,) is the inventory level of
six-packs (twelve-packs) at the cannery, @&hd{,) is the inventory level of the six-packs
(twelve-packs) at the distribution center. Meanwhilgis the number of soda cans being
producedg’ (¢4,) is the number of six-packs (twelve-packs) being packaged at the cannery,
andqd (¢%,) is the number of six-packs (twelve-packs) being delivered to the distribution
center.

We defineM?, for z € {¢,6,12} andy € {c,d}, as the capacity for produat at
locationy. Specifically, as in the definitions ofand g, productc means the soda cans,
product6 means the six-packs, and produ@tmeans the twelve-packs. Meanwhile, lo-
cation ¢ is the cannery and locatiod is the distribution center. Leti,j) € I x Q,
wherel = I¢ x I§ x IS, x I¢ x I%,. Herel¢ = {0,1,2,..., M}, I¢ = {0,1,2, ..., M§},

If, = {0,1,2, ..., M5}, Ig = {0,1,2,..., Mg}, andI{, = {0,1,2, ..., M{,}. Meanwhile,
Q = {0,b} x Q% x Q, x Q2 x Qf,, whereb is the fixed production lot siz&); = I¢,

QY = Iy, Qi = I¢, andQf, = If,.
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Inventory decisions are made at the cannery. They are the production (canning), pack-
aging, and delivery actions. Lef be a production action. Precisely, = 1 (a; = 0)
means production starts (does not start) in the current period. We assume that production
occurs in a fixed lot size df soda cans. Let us recall th&f denotes the maximum ca-
pacity for the soda cans at the cannery. The set;pflenoted byA! (i, §), is such that
Al(1,4) = {0,1}, if ¢¢ = 0 andi¢ < M¢ — b. Otherwise,Al(i,§) = {0}. We definea,
(b2) as the number of six-packs (twelve-packs) to be packaged at the cannery. As afore-
mentioned,M§ (M7,) represents the storage capacity for the six-packs (twelve-packs) at

this location. The set of packaging actions are as follows:
ay € AX(1,4) = {0,1,2, ..., min{|i/6], M — i§ — ¢} },

and
b2 S Bt2<%7 (j7 a’2) = {07 17 27 ,mm{ L(ZZ - a2>/12J7M162 - 252 - q(1:2}}

Note thatB? is dependent on,. Let as (bs) be the number of six-packs (twelve-packs)
to be delivered from the cannery to the distribution center. We have defiifed/,) as
the storage capacity for the six-packs (twelve-packs) at the distribution center. The sets of

delivery actions are
as € A2(1,q) = {0,1,2, ..., min{i§, MZ — il — ¢i}},
and
b3 € B?(%7 qA) = {07 ]-7 27 (AR mzn{li% M1d2 - Z(1i2 - Qii2}}

Costs (per unit) under consideration include the production cost (c), packaging costs
(96, 912), delivery costs dg, d1»), holding costs K¢, h§, hS,, hE, hd,), and shortage costs
(s6, s12)- Revenues per unit for the six-packs and twelve-packs are denotegldoydw,,,

respectively. Given that the state at tirrig (z, §) and the set of actioris= (ay, as, by, as, bs)
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is taken, the reward accrued between tinaad timet + 1 is
r((,4), @) = — car — goas — Graba — doaz — diabs — ho(i€ + q¢ — 6ay — 12by)
- hg(ig + qg —ag) — hiy(ify + q]f2 —b3) — hg@g + qg) - hil2<iil2 + Qf2)
+weBlmin{(i§ + q5), D }] + wia Blmin{(if; + i), D;*}]
— seE[max{ D — (i§ + ¢5), 0}] — s1aE[maz{D;?* — (if, + qi3), 0},
wherea = (ay, as, by, az, b3) and a random integer variabigf (D}?) is the number of six-

packs (twelve-packs) demanded at the distribution center between éinaktimer + 1. At

the end of the horizon, the terminal reward is

— 2o\ coc c:c c ¢ d:d d -d
Try1(i, Q) = egiy + egig + 1517, + egig + e1aia,

wheree?, for x € {c, 6,12} andy € {c,d}, is the per-unit salvage value for producat
locationy.

Let j = (<, 4¢, 755, 74, 3%). We definep,(j|(2, ), @) as the probability that the vector
of inventory levels at timeg + 1 is j, given that the state at timeis (i, §) and the set
of actionsa = (ay,as,bs,as, bs) is taken. The transitions af and some elements in
are deterministic. In particular, at timet 1, ¢¢ = ab, ¢5 = as, ¢§, = bo, ¢¢ = a3, and
¢, = bs. Furthermorej¢ = i€+ ¢¢ — 6ay — 12b13, j& = iS4 - —as, andjé, = i, +q¢%, — bs.

Because orders for the two products arrive at the distribution center, we have that
pt(ﬂ(%? q),a) = ﬁt(jgﬁg + qg)ﬁt(jfﬂflg + qu),

wherep, (5¢|i¢ + ¢¢) andp; (54, ]id, + qf,) are the transition probabilities at the distribution
center of the six-packs and twelve-packs, respectively.
Letd, : I x Q — A be a decision rule, where
A=JAG ) x A6, 9) x B7(i,4) x AY(i,4) x B(i,q).
t,9,q4
In particular,oit(%, q) = (dtay, dtay, dtby, dtas, dtbs), wheredta, specifiess; (the produc-

tion action),dta, specifiesi; (the packaging action for the six-packs), and so on. A policy
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7 is defined asr = (d,, ds, ..., dr). An optimal policy maximizes the following criterion:
given that the state at time= 1 is (i1, §;),
U%@l; q1) = Z Tt((%t; Gr); Qr) + fT+1(%T+1,(jT+1)-
1<¢<T
It follows from the history-indenpendent property of the demands that the model is Marko-
vian. Furthermore, the state space and the action sets are finite. As a result, we can restrict

our attention to deterministic Markov policies.

6.3 Preliminary Results

Let ¢’ be the updated value @f for the next period. The optimality equations for this

problem are as follows:

u?((qu)ﬂllua%b?) max((lg b3) €A (1,G) x B3 (1,4) {Tt Z q +Zpt j‘ Z q utJrl(j Q)}

u((2,4), a1) = max(ag,bg)eAf(%,(j)XBf(%,@,ag){u?((i> q), a1, az,bs)}

ul:fl (%’ qA) = ma'raleAtl(i,cj){th((%) qA)v al)}
U%F-&-l(%a q) = 77T+1(%7 q) = egig + egig + elaiis + 6626 + 6?2 6112
We shall denote an optimal pair of delivery actions, which are determined in the first
optimality equation, as((i, §), ai, as, by) andbi((z, §), a1, az, by). Similarly, a3((z, §), a1)
and b;((%, q),a,) represent optimal packaging actions for the six-packs and twelve-packs

in the second optimality equation. Finaltg,(%, ¢) denotes an optimal production action as

determined in the third optimality equation. Let
w((i,4), a) = ri((i +Zm! 1), @)up (7. 4).
It follows that

wt ((2,4), a1, a2, ba) = Maz g, e a3,y <3G, wr (1, 4), @)}
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Because the demands for the two products at the distribution center are independent,
a;';((%, q), a1, as,by) andb;((%, q), a1, a9, by) are independent of each other. Therefore, they
can be determined independently. On the other hatdj, G), a,) andbi((z,4), a,) are
dependent because a packaging action for the six-packs affects the set of packaging actions
for the twelve-packs. Finally, optimal packaging and delivery actions affect the production
decision. We shall not attempt to establish structural result for production control as there

are only two possible production actions.

6.4 Structural Results for Delivery Control

In this section, we show how the optimal delivery actiahgndb; vary withi¢ andig,, re-
spectively. The structural results and their sufficient conditions are presented in Subsection
6.4.1. Then, in Subsection 6.4.2, we show how the parameters of the distribution problem
satisfy these sufficient conditions. Finally, we summarize the structural results for delivery

control in Subsection 6.4.3.
6.4.1 Sufficient Conditions for the Structural Results

Proposition 6.4.1 specifies how optimal delivery actions vary with inventory levels of the

products at the distribution center, given that a conditiompf(z, §), @) is satisfied.

Proposition 6.4.1. Assume thatv}((z, ), @) is sub-additive in(i¢, a;). Then there exists

a;i((%, q), a1, as, by) which is non-increasing iv.

Proof. By assumption, for each pair ¢ = ' andi¢ = " such that” > i’ and for each
pair of

ay, ay € {AF((6, 15, 15, 7', 1%), @) N AZ (6, 35, 15, 4", i12), )}
such that}, > af, we have that

w?(((zgv Zga i§27 7:/7 i(112)7 qA)a ay, ag, an a'gv b3) - w?(((zi, Zga iiQa Z./a Z.CllQ)v Cj)a ai, as, b27 aéa b3>

2 w?(((zga Zga Z€27 i//a i?2>7 qA)a ay, ag, b27 aga b3) - w?(((zgv Z(Cn ii?a i/,v i(112)7 Cj), ay, a2, b27 aéa b3)
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By Lemma 2.3.7,

. 3 ¢ Cc :C i d A~
mzn{argmaxag€A§((ig,ig,ifgyilviiiQ)qu)wt (((ch 16y 21950, Z12)7 Q), ay, ag, b27 as, bd)}
. 3 .c ¢ ¢ M d ~
2 mm{argmal‘agef\f((ig,z‘g,i§2,z‘",if2),q)wt (((75, 76,192, 1",112), 4), a1, a2, b2, a3, bs) }.
We note that

A?((Za igv ng i”’ i(fQ)a Cj) g A?((Ziv ig’ Z€2a i/’ icllQ)v (j)

Furthermore, as aforementioned( (i, §), ai, as, bo) andbi((i, §), a1, az, by) can be deter-
mined independently. It follows that the arguments in this proof hold regardless of the value

of b3. The assertion of the proposition follows. O

Let) = (¢, 48, 955, 7&, 7%,). Theorem 6.4.2 states the sufficient conditions for the above
structural result on the reward and transition structures of the distribution problem. This

result is comparable to Theorem 4.7.4 in Puterman’s book.
Theorem 6.4.2. Assume that the following conditions hold:
1. r((z,4), &) is non-decreasing g, for all a3, fort =1,2,..., T,
2. Y i p:(j)(3, q), @) is non-decreasing iff, for all k, for all as, fort = 1,2, ..., T,
3. 7r41(4, §) is non-decreasing ir.,
4. r,((1,4),a) is sub-additive ini¢, as), fort = 1,2, ..., T, and
5. 2 ejicne Pi(7](0, 4), @) is sub-additive inig, as), for all k, fort = 1,2, ..., T.
Then there exists;((i, §), a1, as, by) Which is non-increasing .

Proof. First, by induction ort, we show that:! (7, ') is non-decreasing igf. By (iii),
uk., (i, §) is non-decreasing iif. Assume that this is true for tim@s 7 —1,7—2, ..., t+1.
This with condition (i) and Lemma 2.3.10 in Chapter 2 imply that

> pe(Jl(i, ), @)uiy, (7, ¢') is non-decreasing iff. Condition (i) then implies that} (j, )

is non-decreasing iff. By this result, condition (v), and Lemma 2.3.10 in Chapter 2, we
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have that the second term in the definitionugf((, ¢), @) is sub-additive in(i¢, as). This
and condition (iv) then implies that}((z, §), @) is sub-additive ir(i¢, as). The result of the

theorem follows from Proposition 6.4.1. ]

The following results establish monotone relations between the optimal delivery action
for the twelve-packs);, and inventory level of the twelve-packs at the distribution center,
i¢,. Proposition 6.4.3 and Theorem 6.4.4 are equivalent to Proposition 6.4.1 and Theorem

6.4.2, respectively. Their proofs are analogous and, thus, omitted.

Proposition 6.4.3. Assume thatv?((i, §), @) is sub-additive in(i%,, bs). Then there exists

v:((i,§), a1, as, by) which is non-increasing i,
Theorem 6.4.4.Assume that the following conditions hold:
1. r((i, ), @) is non-decreasing iif,, for all b, fort = 1,2, ..., T,

2. Y pcja<are, 1(J](3,9), @) is non-decreasing inif,, for all k, for all bs, for ¢ =

1,2,..,T,
3. 7141 (1, ) is non-decreasing it
4. r,((i,4), a) is sub-additive ini%,, bs), fort = 1,2, ..., T, and
5. Y ke, <nig, Pi(71(i, ), @) is sub-additive inif,, bs), for all k, for ¢t = 1,2,.., T.
Then there exists;((z, 4), a1, as, by) Which is non-increasing iet,.
6.4.2 Sufficient Conditions on the Problem Parameters

Here we establish the sufficient conditions on the problem parameters that imply the con-
ditions of Theorem 6.4.2. Similar conditions for Theorem 6.4.4 can also be established
and shall be omitted here. It is relatively straightforward to show #hat (7, §) is non-
decreasing ind. The following corollary shows that, with a condition on the demand

distribution,,((%, §), @) is non-decreasing iif. Let F5(id) = 1 — FS(id), where FS(if)
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is the cumulative demand distribution for the six-packs at the distribution center between

timet and timet + 1.

Corollary 6.4.5. Assume thaks(M¢) > hd /(we+s6). Theny((i, ), @) is non-decreasing
in id.

Proof. Consider the expression for((z,G),a). Let f,(i¢) = r((z,4), @), with other pa-

rameters beside§ fixed. It can be shown that
fuliig + 1) = fu(ig) = (ws + s6)FY (ig + ¢5) — I

When the condition of the corollary holds, the left hand side of the above equation is non-

negative. The assertion of the proposition follows. O
The next corollary proves that condition (ii) of Theorem 6.4.2 holds.
Corollary 6.4.6. 3=, _ju< p:(7(4,G), @) is non-decreasing i, for all k.

Proof. It can be shown that

k<jd<Mg k<jg<(i§+ag)
The assertion of the corollary follows. O

Corollary 6.4.7 and 6.4.8 prove the sub-additive property of the reward and transition

structures, respectively.
Corollary 6.4.7. r,((i, §), &) is sub-additive ir(i¢, as), fort = 1,2, ..., T.
Proof. From the proof of Corollary 6.4.5, we have that
Jilig + 1) — fi(ig) = (we + s6) P (ig + qf) — hi.
Because the above quantity is independent;pthe result follows. O

Corollary 6.4.8. 32, _ s pe(7)(i,G),a) is sub-additive in(i¢, as), for all k, for t =
1,2,...T.
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Proof. From the proof of Corollary 6.4.6, we have that
k<jd<mg k<jg<(ig+qd)

And sinceFP (id +1+qd— k) — Ff(id+qd—k) is independent of;. The result follows. [
6.4.3 Summary of the Structural Results

In summary, the structural results for delivery control state (informally) that less units of
each product are to be delivered to the distribution center as the inventory level of the
product at the distribution center increases. This result applies to both the six-packs and
twelve-packs. Based on the above results, theorem and Theorem summarize the structural

results for delivery control for the six-packs and twelve-packs, respectively.

Theorem 6.4.9.Assume that? (M) > hd/(ws+s6), fort = 1,2, ..., T. Then there exists

a%((,q), a1, az, by) which is non-increasing ir.

Theorem 6.4.10.Assume that}2( M%) > hdy/(wig + s12), fort = 1,2, ..., T. Then there

existsb:((1,4), a1, as, by) Which is non-increasing iuf,.

6.5 Conclusions and Future Research

In this chapter, we have shown that structural results similar to those for the SVMI problem
can be established in an actual distribution problem, despite the different settings. Further-
more, the resulting sufficient conditions on the problem parameters for the two problems
are similar. This allows us to conclude that the approach we use in proving the structural
results for the SVMI problem, especially those for the inventory control, is robust in the
sense that it can be applied to different distribution problems.

Other research questions were proposed during our conversations with the logistics
team at the Coca-Cola Enterprises, Inc. For instance, we proposed a study on the the ef-

fects of information sharing on the operating performance of the distribution system. In
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particular, under full information sharing environment, we planned to study the improve-
ment in the operating performance of a new distribution system in which the packaging
of soft-drink products is done at the distribution center (instead of the cannery). Another
research question involves how the company can best increase the flexibility of its vehicle
routing procedure. Because of the currently gloomy state of the economy, the company’s
priorities have changed and these research topics are not being attended to. In our view,
these questions will be an important part of any future research on the distribution strategy

of the company.
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CHAPTER VII

A NUMERICAL STUDY OF THE PERFORMANCE

MEASURES IN THE SVMI PROBLEM

In this chapter, we illustrate, by numerous examples, how some problem parameters affect
the customer service level and the optimal expected total reward in the SVMI problem.
These problem parameters include the revenue and costs per unit (reward parameters), de-
mand variance, and distance from the depot. Specifically, we first show how the ratio of
the sum of the revenue and penalty cost to the holding cost affects customer service level.
Then we examine the effect of demand variance on the optimal expected total reward. Ad-
ditionally, we study how the distance from the depot affects both the customer service level
and the optimal expected total reward.

Besides profits, customer service level is very important for many supply chain vendors.
In this chapter, we consider both the optimal expected total reward and customer service
level as the performance measures in our numerical study. In a distribution system with
stochastic demand, the system’s capability to fill customer orders depends largely on the
capacities of the retailers and the vehicle and on the distances between the depot and the
retailers. Meanwhile, reward parameters can determine an optimal customer service level
for the distribution system. Let us recall that, in the SVMI problem, the decision maker
maximizes the expected total reward. In all of our numerical examples, the optimality
criterion is still the optimal expected total reward. Customer service level is just another
performance measure. We solved all of our numerical examples by standard backward
induction algorithms.

The optimal expected total reward for a distribution system depends on the demand
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distribution, e.g., its variance, and the distances from the depot to the retailers. The latter
determines how often the retailers can be replenished, which directly affects the optimal
expected total reward. Our numerical examples will show this relationship. Additionally,
we shall present the numerical results that illustrate both positive and negative correlations
between demand variance and the optimal expected total reward. The positive correlation
occurs when the profit margin of filling an order is very high.

This chapter is organized as follows. The four sections of numerical analysis are pre-
sented in the order described in the first paragraph above. In each of these sections, we
present and discuss our numerical results. In Section 7.5, we add some remarks and sum-

marize the numerical study.

7.1 The Effect of Reward Parameters on Customer Service
Level

For various businesses in the retail industry, customer service level is very important, es-
pecially for highly substitutable products. In this section, we illustrate the relationship
between customer service level and the reward parameters in the SVMI problem. These
parameters include the holding cost, revenue, and penalty cost.

Based on the reward functions first described in Chapter 2, the vendor receives a rev-
enue and avoids a penalty cost for filling an order that arrives at a retailer. This can be
considered as the benefit of having one more unit of inventory. Meanwhile, having an addi-
tional unit of inventory incurs a holding cost. For these reasons, an appropriate parameter
of interest is the ratio of the sum of revenue and penalty cost to the holding cost. We shall

refer to this ratio as the margin ratamd denote it byn,.. That is,
m, = (b* +b*)/h,
whereb! is the revenue per filled ordé¥? is the penalty cost per lost order, ahds the

holding cost per unit of inventory per period.
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We define customer service levél'§ L) as the ratio of the expected total number of
customers servedNC'S) to the sum of ENC'S and the expected total number of cus-

tomers lost ENC'L). Thatis,
CSL=ENCS/(ENCS + ENCL),

whereENC'S and ENC'L are computed in a similar manner to the expected total reward.
That is, the computations of these parameters in the backward induction algorithm are
based on the inventory levels, the inventory action, the realized demand values, and the
probability of those demand values. In particular, let the demand at a (non-current) retailer
1 between the current and next decision epochs be represented by a random variable
Then, at retailei, the number of customers servell'S;) and the number of customers

lost (NC'L;) between the current and next decision epochs are as follows:
NCSZ = min{D,—, [L'i},
and
NCL; = mazx{D; — x;,0},

wherez; is the inventory level of retailer. At the current retailet,
NCS; = min{Dy,z; + a},

and

NCL; = max{D; — (x; + a),0},

wherea is the number of units of inventory added to the current retailer.

To obtain the expected total number of customer serZgd('S) and the expected total
number of customers lost(VC'L), we consider the demand distributions at each retailer
(to get the expected values of the numbers of customers served and lost for that retailer).
Then we consider all retailers together and keep track of these parameters for the entire

length of the problem horizon.
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For the rest of this section, we show, by examples, how the margin ratio affects the cus-
tomer service level, as the decision maker continues to maximize the expected total reward.
The parameters that we use include four sets of demand distributions (four combinations
of discretized uniform and normal distributions), four sets of distances between inventory
locations (four combinations of one and two unit distances), three numbers of retailers
(N € {1,2,3}), and five margin ratiosng, € {0.15,1.5,15,37.5,75}). In order to study
the effect of reward parameters on customer service level, we do not restrict ourselves to
common values of margin ratio. Instead, we use a wide range of values of margin ratio.
This idea is comparable to that for the numerical examples presented in Federgruen and
Zipkin (1984b). We solved all possible combinations of these parameters and measured
the customer service level.

Since the SVMI problem has finite horizon (15 time periods in our examples), the start-
ing state affects the customer service level. Therefore, we present our numerical examples
for both the empty starting state (all retailers are empty, Table 12) and full starting state
(all retailers are full, Table 13). This will allow us to make conclusive statements about our
numerical results. In each of the tables presented in this chapter, we define thastiean

average value of the performance measure of interest for all 240 cases solved in that table.

Table 12: The effect of margin ratio on customer service level (empty starting state)

Margin ratio Cases Customer service Percent of mean
level

0.15 48 0 0

15 48 0.15 33

15 48 0.70 156

37.5 48 0.70 156

75 48 0.70 156

All cases 240 0.45 100

In Table 12, we note that customer service level increases with the margin ratio. The
customer service level of 0 for the margin ratio of 0.15 implies that no inventory is added

to the retailer(s). For the margin ratios of 15, 37.5 and 75, the customer service level at
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0.70 is limited by the distribution system’s capability to replenish the retailer(s) and by the
empty starting state. For the second margin ratio of 1.5, the customer service level of 0.15

implies that units of inventory are added to the retailer(s) in those 48 cases.

Table 13: The effect of margin ratio on customer service level (full starting state)

Margin ratio Cases Customer service Percent of mean
level

0.15 48 0.83 91

15 48 0.83 91

15 48 0.98 106

37.5 48 0.98 106

75 48 0.98 106

All cases 240 0.92 100
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Figure 2: The effect of margin ratio on customer service level

The results in Table 13 are somewhat similar to those in Table 12. Here the margin
ratio also has a positive correlation with customer service level. For the margin ratios of

15, 37.5, and 75, the full starting state helps improve the customer service level to 0.98.
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Additionally, the full starting state also maintains the customer service level for the first two
margin ratios at 0.83, even though no inventory may not have been added to the retailer(s).

Figure 2 illustrates the results in Table 12 and Table 13.

7.2 The Effect of Demand Variance on the Optimal Expected
Total Reward

In this section, we study how the variance of the demand at the retailers affects the optimal
expected total reward. Three numbers of retailers are considdred {1, 2,3}). In each

of the cases below, we assume that the demand distributions at the retailers are the same
discretized normal distribution. Five different demand distributions are used (same mean
but different variances). The mean is two units and the variances are as stated in Table 14.
We state the the mean and the variance for a one-period interval, where an interval is the
time between two successive decision epochs. If an interval is longer than one period, the
appropriate convolution of the demand distribution is computed and applied. To expand
our sample set, we consider four different sets of distances between the inventory locations
and four different sets of reward parameters. As in the previous section, all possible com-
binations of these sets of parameters are solved. We present the numerical results in Table

14 and Figure 3.

Table 14: The effect of demand variance on the optimal expected total reward

Demand variance | Cases Optimal expected Percent of mean
total reward

0 48 988.5 62

2 48 1476.7 92

4 48 1820.9 113

6 48 1884.5 118

8 48 1844.6 115

All cases 240 1603.04 100

For each of the above cases, we computed the optimal expected total reward by aver-

aging the optimal expected total rewards for all possible starting states. At first, the results
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Figure 3: The effect of demand variance on the optimal expected total reward

in Table 14 seem surprising. In particular, for the first four variances, the optimal expected
total reward increases with demand variance. In general, higher demand variance reduces
the effectiveness of the decision maker in making inventory decisions. In our examples,
we set the reward parameters so that the profit margin for filling an order is very high. As
demand variance increases, there is a higher probability that more orders are filled and,
consequently, this increases the optimal expected total reward. However, when the demand
variance increases from 6 to 8, we begins to observe the negative correlation between de-
mand variance and the optimal expected total reward that we initially expected. Some
readers might wonder why our numerical results do not follow the main theoretical result
in White and Harrington (1980), which states that larger demand variance reduces the op-
timal expected total reward. The reason is that the premise of the theoretical result does
not hold in the SVMI problem. Specifically, we do not have a concave expected cost-to-go

function. As a result, our numerical results are different from what the paper implies. This
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is what makes Table 14 interesting.

7.3 The Effect of Distance from the Depot on Customer Ser-
vice Level

How far a retailer is from the depot affects the customer service level at the retailer. In
order to study this relationship, we consider five different distances from the depot. In our
sample sets, three numbers of retailers are uded (1, 2, 3}). In each of the two-retailer

and three-retailer cases, we assume that the retailers are at the same distance from the
depot. Furthermore, our parameters include four different sets of reward parameters and
four different sets of demand distributions (four combinations of discretized uniform and
normal distributions). All combinations of these sets of parameters are solved. We present

the numerical results in Table 15 and Figure 4.

Table 15: The effect of distance from the depot on customer service level

Distance Cases Customer service Percent of mean
level

1 48 0.78 129

2 48 0.75 124

3 48 0.60 99

4 48 0.48 79

5 48 0.42 69

Total 240 0.61 100

In Table 15, we observe a negative correlation between distance from the depot and
customer service level. A direct result of longer distance from the depot to the retailer(s) is
the longer time it takes the vehicle to travel from the depot to the retailer(s) for replenish-
ment. Consequently, more orders are lost. This directly results in lower customer service
level. We would like to point out that, in order to increase the computational efficiency, we
reduced the capacities of the retailers (from 10 units to 7 units) and the vehicle (from 30
units to 21 units) in our sample problems from their original values. This resulted in the

highest customer service level in Table 15 being only 0.78.
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7.4 The Effect of Distance from the Depot on the Optimal
Expected Total Reward

In this section, we present the numerical examples that illustrate how distance from the
depot affects the optimal expected total reward. We use the same sets of parameters as
in the previous section. In particular, the sets of parameters that we use include three
numbers of retailers\ € {1, 2, 3}), four sets of demand distributions, four sets of reward
parameters, and five distances from the depot. The results are presented in Table 16 and
Figure 5.

As in Section 7.2, for each of the above cases, we computed the optimal expected total
reward by averaging the optimal expected total rewards for all possible starting states. The
results in Table 16 are intuitive. Long distance from the depot limits the replenishment
capability of the vehicle. This results in less orders being filled and, ultimately, lower

optimal expected total reward. What may be surprising is the somewhat small (percentage)

111



Table 16: The effect of distance from the depot on the optimal expected total reward

Distance Cases Optimal expected Percent of mean
total reward

1 48 49,903.81 109

2 48 46,576.83 102

3 48 45,492.65 99

4 48 44,033.42 97

5 48 42,064.25 93

All cases 240 45,614.19 100
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Figure 5. The effect of distance from the depot on the optimal expected total reward

reductions in the optimal expected total reward as the distance from the depot increases. In
Table 16, as the distance from the depot doubles (from 2 to 4 units), the optimal expected
total reward decreases by only 5 percentage points (from 102 to 97 percent of the mean
value). This could be because the optimal inventory levels at the retailers are relatively
low. Therefore, the longer distance from the depot does not severely limit the vehicle from

maintaining those inventory levels at the retailers.
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7.5 Conclusions

In general, the numerical results presented in this chapter are intuitive. Specifically, higher
profit margin leads to more orders being filled and, consequently, higher customer service
level. We also observed that high profit margin can lead to the positive correlation between
demand variance and the optimal expected total reward. Additionally, as one would ex-
pect, longer distance from the depot reduces both customer service level and the optimal
expected total reward.

We limited our numerical examples to the SVMI problems with one, two, and three
retailers because of computational reasons. Four-retailer SVMI problems were solved in
Chapter 2 and Chapter 4. It took almost 18 hours of CPU time to solve that problem by
standard backward induction algorithm. Given the number of problems we wanted to solve
in the numerical study, it is simply not practical to include larger problems. For even larger
problems, there is also a coding difficulty. In particular, we used arrays to represent the set
of states. As the problem gets larger, the arrays need to be bigger and this causes a memory
problem in the computer.

The theoretical results that we present in earlier chapters apply to SVMI problems with
any (integral) number of retailers. Some might wonder how the qualitative results of the
numerical study will hold in the SVMI problems with more than three retailers. Our argu-
ment goes as follows. In any SVMI problem, all retailers are similar in the sense that they
are all cost centers. The number of retailers does not change how inventory and vehicle
routing decisions are made. How the reward and cost are computed also remains the same.
There is no reason to expect the qualitative implications of our numerical study to change
significantly as the problem gets larger.

Based on our computational experience, customer service level is not quite as interest-
ing as we first thought. In particular, it is a matter of yes or no but not how much. That is, if
servicing a customer is profitable, the decision maker will do anything to service as many

customers as possible. This is the same thing as maximizing the expected total reward.
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CHAPTER VIII

CONCLUSIONS AND FUTURE RESEARCH

We have presented our study of the stochastic vendor managed inventory (SVMI) problem,
its variations, a related case study, and a numerical study. Specifically, in Chapter 2, we
formulated the finite horizon SVMI problem and showed that the optimal vehicle routing
and inventory actions vary monotonically with inventory levels of the retailers. These re-
sults and the algorithms were extended to the infinite horizon SVMI problem in Chapter 3.
Suboptimal solutions of the SVMI problem are the topic of Chapter 4. These heuristic so-
lution procedures include one based on the structural results for inventory control, another
with base-stock inventory policy, and myopic solutions of the infinite horizon SVMI prob-
lem. In Chapter 5, we investigated four variations of the SVMI problem. Our analytical
results imply that the optimal expected total reward increases as the available state infor-
mation improves and/or the vehicle routing procedure becomes more flexible. In Chapter
6, we presented a case study involving the distribution problem at the Coca-Cola Enter-
prises, Inc. The previous chapter contains a numerical study of the performance measures
in the SVMI problem. In this chapter, we first summarize important results and state our

concluding remarks. Subsequently, some future research questions are proposed.

8.1 Conclusions

The SVMI problem consists of a depot, multiple retailers, and a vehicle. The vehicle is

used to distribute units of a product from the depot to the retailers, which face stochastic
demand. Our primary objective was to study how to manage the integrated vehicle routing
and inventory control problem such that the expected total reward is maximized. To do so,

we formulated the SVMI problem as a finite horizon non-homogeneous Markov decision
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process. Then we established the structural results that would help the decision makers
improve the operating performance of the distribution system. Also important is the com-
putational advantage that these monotone relations provide. Most of the structures for the
inventory control in the SVMI problem invoke relatively weak sufficient conditions on the
problem parameters. Based on our computational experience, these structures help reduce
the run time in solving the SVMI problem by almdsi%.

For the vehicle routing, we showed that the optimal destination of the vehicle (from the
depot) varies monotonically with inventory levels of the retailers. In particular, the main
structural result for vehicle routing states (informally) that a particular retailer continues
to be preferred to other retailers as the vehicle’s destination if the inventory level of that
retailer decreases and/or inventory levels of the other retailers increase. This result is in-
tuitive and its sufficient conditions require the assumption on travel times and a moderate
condition on the demand distributions. In our numerical examples, applying the mono-
tone structure in the backward induction algorithms helps reduce the run time by about one
third.

Optimal inventory actions also have monotone relations with inventory levels of the
retailers. In particular, as inventory levels of the non-current retailers increase, more units
are to be deposited at the current retailer. This result holds with relatively weak sufficient
conditions on the demand distributions. Assuming a stronger condition on the demand at
the current retailer, more units are to be added to the current retailer as inventory level of
the current retailer decreases. When applied simultaneously, these two results help reduce
the run time by about0%.

Assuming periodicity in the reward and transition structures, we formulated the infi-
nite horizon SVMI problem as an infinite horizon periodic Markov decision process. We
showed that this stochastic process has an equivalent infinite horizon stationary Markov de-
cision process. Previously established results for the SVMI problem, plus the algorithms,

were extended to the infinite horizon SVMI problem (with the expected total discounted
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reward criterion). We also discussed the multiperiod SVMI problem, to which most of the
theoretical results for the SVMI problem directly apply.

To further study the computational requirements in solving the SVMI problem, we
developed three heuristic solution procedures. First, based on the structural results for
inventory control, we further assumed that the optimal inventory actions were piecewise
linear in inventory levels of the retailers. The resulting algorithm maintains great solution
quality and provides good computational efficiency in our numerical examples. The sec-
ond heuristic solution has base-stock inventory policy. In this case, the target inventory
levels are determined in a similar manner to that for the Newsboy’s problem. This results
in a more efficient algorithm than the previous heuristic but with less solution quality. Fi-
nally, we studied myopic solutions of the infinite horizon SVMI problem and illustrated the
bias towards myopic policies as a result of the salvage value of remaining inventory at the
retailers.

There are certain characteristics of the SVMI problem that may not be true in practice.
First of all, current state information may not be available. For instance, it could take a
significant amount of time to gather data. The result is a delay in the state information
available to the decision maker. Moreover, in practice, the vehicle routes in many distribu-
tion systems are not allowed to vary as much as that in the SVMI problem. On the other
hand, it is also possible that, with currently available inventory information, the vehicle can
change its route after it has departed an inventory location but not yet arrived at its original
destination. To capture these scenarios, we studied four variations of the SVMI problem
and compared their performances.

We formulated the four variations of the SVMI problem as finite horizon non-homogeneous
Markov decision processes. Then we compared the optimal expected total rewards for the
four variations and the SVMI problem analytically. The results are intuitive and they imply
that if the quality of state information, especially its timeliness and availability, improves

and/or the vehicle routing procedure becomes more flexible, then the optimal expected total
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reward increases. Based on our computational experience, we proposed the hypothesis on
a complementary relationship between the quality of state information and the flexibility in
vehicle routing procedure towards improving the operating performance of the distribution
system.

The distribution problem at the Coca-Cola Enterprises, Inc. gave us an opportunity to
study an actual problem that has some similarities with the SVMI problem and its vari-
ations. In particular, this is a problem of producing soft-drink products at the cannery
and distributing them to the distribution center. By a similar approach to that used in the
SVMI problem, we showed that the optimal delivery actions have monotone relations with
inventory levels of the products at the distribution center.

In Chapter 7, we presented our numerical study of the performance measures in the
SVMI problem. In particular, by solving a large number of instances of the SVMI prob-
lem, we observed the relationship between certain problem parameters and two perfor-
mance measures, which are customer service level and the optimal expected total reward.
Our numerical results are generally intuitive. Precisely, we observed a positive correlation
between the margin ratio and customer service level. Additionally, our numerical exam-
ples illustrate the inverse effects that distance from the depot has on customer service level
and the optimal expected total reward. Meanwhile, demand variance has both positive and

negative correlations with the optimal expected total reward.

8.2 Future Research

For the SVMI problem, the structural results that we have established can provide the in-
sight and intuition for decision makers and the computational benefits for problem solvers.
Even though applying these results reduces the run time by about one half, more savings
may be needed. We believe this can be achieved by some heuristic methods based on the
structural results that we obtained. Further study is needed to determine how best to use

these results to develop new solution techniques.
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We can extend the SVMI problem to allow the vehicle to pick up the product at the
retailers. This increases the replenishment flexibility. In many instances, tt might be less
expensive to replenish inventory at a retailer with units of the product from a nearby retailer
than by requiring the vehicle to return to the depot. We believe that this is an interesting ex-
tension of the SVMI problem and it may be suitable for a distribution system with multiple
clusters of retailers.

Several real-world problems can be modelled as a SVMI problem or one of its varia-
tions. Other researchers will find our results helpful when they study actual distribution
systems or supply chains that have similar characteristics. Future research problems in-
clude the applications that we have mentioned such as industrial gas distribution, money
distribution to banks and automated teller machines, material or part handling on plant
floor, and so on.

Performance comparisons between competing operating strategies are an aspect of our
study that has great potential. When a company decides on its inventory information sys-
tem and vehicle routing strategy, theoretical and numerical results on different operating
strategies similar to ours can be very useful. Based on our numerical results, a delay in the
available state information and certain restrictions on the vehicle route have strong negative
impact on the expected total reward. This observation prompts further study, especially in

quantifying the effects for different distribution systems.
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APPENDIX A

THE SVMI PROBLEM WITH BACKLOGGING

In the SVMI problem that we analyzed in Chapter 2, orders that arrive at an empty store are
lost. In this appendix, we shall consider a variation of the SVMI problem in which unfilled
orders at each retailer are backlogged and then satisfied as units of the product become
available at the retailer. Our primary objective is to identify what the sufficient conditions

on the problem parameters are for the structural results for vehicle routing and inventory
control. We begin by stating the following assumption on the number of orders that can be

backlogged at each retailer.

Assumption A.0.1. For eachi € {1, 2, ..., N}, the maximum number of orders that can be

backlogged at retailei is B;, where0 < B; < oo.

This is a reasonable assumption because it is unrealistic for a retailer with finite capac-
ity, and which is replenished by a vehicle with finite capacity, to satisfy an extremely large
number of orders. Because backlogging is allowed, the inventory level at each retailer can
be negative. However, from the above assumption, it follows that the state space for this
variation of the SVMI problem remains finite. As a result, most of the analyses in Chapter
2 are applicable. Those that may change will be discussed later in the appendix.

Section A.1 is the problem formulation. In Section A.2 and Section A.3, we present the
structural results for vehicle routing and inventory control, respectively. In the latter two
sections, sufficient conditions on the problem parameters are included. In all three sections,
we shall focus on parts of the analyses in Chapter 2 that change as a result of backlogging.

Unless specified otherwise, the parameters that appear here are as defined as in Chapter 2.
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A.1 Problem Formulation

The state at time is s, = (x,x,,l), wherex = (z1,x9,...,zy). In this case, for =
1,2,..,N,z; € X;,whereX;, = {-B;,-B; + 1,...,—1,0,1, ..., ¢;}. By allowing unfilled

orders to be backlogged, the state space becomes significantly bigger. The set of inventory

actions and the set of vehicle routing actions are as previously defined.

Let us recall the following definition of the current reward function. Fer0,

Tt((x7$v7l)>a7 k) = Z ri(wiahk) — Cl,

1<i<N

and forl > 0,

ri((x, 0, 1), a, k) = 7i(2y, 1, a, k) + Z ri(xi, 1, k) — c-
i€ K\{0,l}

If z; <0, then

ri(zi, 1 k) = b E[D;7].
Otherwise, the original definition is true. That is, fgr> 0,
ri(zi, 1, k) = —hidpx; + b}E[mm{Dif, z;}] — b} E[maz{0, Déf — i }.
Similarly, forz;, > 0, wherez; = z; + a,
i@, 1, a,k) = —hdydy + by Elmin{ Dy}, #,}] — b E[maz{0, Dy} — #;}] — ba.

If z <0, then

Pi(z1,1,a,k) = —b; E[Dy}] — bja.

The terminal reward is modified as follows:

Tryr(z, Ty, 1) = Z (ej — hjT)maz{x;,0} — cpp.

1<G<N
The definition ofp;(y|(x, z,, 1), a, k) remains the same. However, the state transitions

change such that, given that actienandk are taken at time,
x(t + di) = max{x(t) + a — Dif, — B},
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and fori € K\{0,1},
xi(t + di,) = max{z;(t) — Dizf, —B;}.

The decision rule, policy, and optimality criterion are as previously defined. We note that,
since the model is Markovian and the state space and action sets are finite, we can restrict

our attention to deterministic Markov policies.

A.2 Structural Results for Vehicle Routing

Backlogging of unfilled orders does not affect the optimality equations for the SVMI prob-
lem. Furthermore, the theoretical results in Subsection 2.4.1 remain valid for the SVMI
problem with backlogging. Finally, the sufficient conditions on the problem parameters, as
presented in Subsection 2.4.2 are not significantly affected by backlogging. We shall dis-
cuss these results one by one next. Subsequently, we shall summarize the structural results
for vehicle routing in the SVMI problem with backlogging.

The proof of Corollary 2.4.8 is still true for the backlogging model. Therefore, this re-
sult remains valid. Similarly, Corollary 2.4.10 still holds for the case of backlogging. Fur-
thermore, for the SVMI problem with backlogging, it can be shownithat ((z;, x¢), z,, ()
is non-decreasing in;, for all i € {1,2, ..., N}.

From Proposition 2.4.9, far; > 0, wherei € {1,2,..., N} andi # [, assume that
(b} + B2)F}F(qi) > hadye. Then,ry(((zi,25), %, 1), a, k) is non-decreasing im;, for all

a € A((x,x5), x,,1). Foraz; <0,

T‘i(l’i, l k) = —ble[Di:f],

which is independent in,. Thus, no additional condition is required fo(((z;, x¢), z,, (), a, k)
to be non-decreasing iny. In conclusion, we may state that(if} + b?)ij(qi) > hdyy,
then,r;(((z;, x5), x,, 1), a, k) is non-decreasing im;, for all a € A;((x;, x5), x,,1). Simi-

% %

larly, because, fog; < 0,

iz, a, k) = —be[Dﬁf] — ba,

121



the above arguments apply for the case!.
In conclusion, the sufficient conditions on the problem parameters remain valid in the
backlogging model. We summarize the structural results for the vehicle routing in the

SVMI problem with backlogging in Theorem A.2.1.

Theorem A.2.1.Forall [,k € K, letd;, = 1. Furthermore, for alln € {1,2,..., N},
assume that

(by, + bi)ptl:(%) > hypdi,

forall [,k € K, and fort = 1,2,...,7. At the depot, if, foran € {1,2,..., N}, an
optimal (vehicle routing) action for the state = ((z;, 75), x,, [) is to go to retaileri, then
an optimal action for state;, = ((z;,z§), z,,1), in whichz; < z; andz; > z;, for all

i

j€e{1,2,..,N},j #1i,isto go to retailer; or the depot.

A.3 Structural Results for Inventory Control

It is relatively straight-forward to verify that the results in Subsection 2.5.1 are applica-
ble to the SVMI problem with backlogging. This is because none of the proofs requires
the inventory levels of the retailers to be non-negative. We shall consider the results in
Subsection 2.5.2 as follows. Corollary 2.5.9 remains valid in this case. That is, for all
le{1,2,..,N}, r(((z4, 25), 20, 1), a, k) is super-additive iffx;, a), for all i € K\{0,1},

forall K € K, and fort = 1,2,...,7. This result requires no condition on the problem
parameters. The proof of Corollary 2.5.10 is true for the backlogging model. Similarly,
it can be shown that Corollary 2.5.11 and Proposition 2.5.12 are still valid. Consequently,
we may conclude that the sufficient conditions on the problem parameters for the structural
results for inventory control are not affected by the backlogging unfilled orders.

Theorem A.3.1 and Theorem A.3.2 summarize the structural results for the SVMI prob-

lem with backlogging.
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Theorem A.3.1.Forall n € {1,2,..., N}, assume that

(0L + b2)ELE (gn) > hodi,

t,n

forall [,k € K, and fort = 1,2,...,7. Then there exita*(k) for the states, =

((x;, x5), x,, 1) which is non-decreasing inf.
Theorem A.3.2.Forall n € {1,2,..., N}, assume that
(by + b2 Fin () = Pndi,

forall [,k € K, and fort = 1,2,...,T. Furthermore, assume that, for all € K, the
demand at retailet between time andt + d;;,, that isD}}, has non-increasing probability
mass function. Then there existyk) for the states;, = ((x;, z{), z,,!) which is non-

decreasing inc and non-increasing in;;.
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APPENDIX B

APPLICABLE DEMAND PROCESSES

In this appendix, we discuss the properties of the demand processes that are sufficient for
the SVMI model to be Markovian. Additionally, we refer to additional properties of the
demand processes that are sufficient conditions for the structural results for vehicle routing
and inventory control. The following definitions are generally well-known. We remark that
Definition B.0.4 is a similar to that for a continuous time stochastic process presented in

Ross (1996).

Definition B.0.3. A discrete time stochastic proce$¢X (¢),¢t = 1,2,...} is said to be

Markovianif
Pr{X(t+1)=j|X(t)=6X({t—-1) =0, X(t —2) =ig,..., X(1) =41} = P;;.

Definition B.0.4. A discrete time stochastic proce§¥ (¢),t = 1,2,...} is said to have

independent incremenits for all t, < ¢; < ... < t,,, the random variables

Y(t) =Y (ty),Y(t2) = Y(t1), ... Y(tn) = Y(tn-1)
are independent.

For the SVMI problem, we assume that demand processes at the retailers are inde-
pendent of each other. At each retailer, the demand process is assumed to be history-
independent. For this assumption to be satisfied, it is sufficient that the stochastic pro-
cess{Y;(t),t = 1,2,...}, whereY;(¢) is the number of orders that arrive at retailédrom
timet¢ = 1 to timet, has independent increments. If the demand processes are history-
independent, then it follows that the state transitions of the SVMI problem are history-

independent. That is, the SVMI model is Markovian.
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In Chapter 2, we establish the structural results for the SVMI problem by specifying
additional properties of the demand processes that are sufficient for those structural results.
In Subsection 2.4.3 (Subsection 2.5.3), we summarize the structural results for vehicle
routing (the structural results for inventory control). Sufficient conditions on the demand

distributions are also included in the two subsections.
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APPENDIX C

ADDITIONAL NUMERICAL EXAMPLES

To consider the importance of Assumption 2.4.1 in the main structural result for vehicle
routing, we now present additional numerical examples. Let us recall that Assumption 2.4.1
implies equal travel times between all pairs of retailers. We consider a simple instance of
the SVMI problem with two retailers, each of which has five-unit capacity. The demand
distributions at the two retailers are the same (time-invariant and uniform between 0 and 6).
Tables 17 and 18 present the optimal vehicle’s destinations for different inventory levels of
the two retailers. In this case, the vehicle’s current location is the depot and its inventory
level is 20 units (its capacity). The decision epoch of interest occurs 10 time units before
the end of the problem horizon.

For the example in Table 18, we assume that the travel time from the depot to the second
retailer is two time units. Other travel times for this example and all travel times for the
example in Table 17 are assumed to be one time unit. Consequently, Assumption 2.4.1
holds in the example in Table 17 but not in the example in Table 18. Both examples have
the same the reward structure. We define the revenue and cost parameters such that the
second retailer is significantly more profitable than the first one.

Table 17: The vehicle’s optimal destinations from the depot for the two-retailer SVMI

problem with Assumption 2.4.1
’ “272:0‘1'2:1‘$2:2‘$2:3‘$2:4‘$2:5‘

r1=5 | 2 2 2 2 2 2
ry =412 2 2 2 2 2
T, = 2 2 2 2 2 1
r1=2 | 2 2 2 2 2 1
ry=112 2 2 2 1 1
=0 | 2 2 2 2 1 1
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Table 18: The vehicle’s optimal destinations from the depot for the two-retailer SVMI
problem without Assumption 2.4.1
’ “172:0‘.%’2:1‘372:2‘.%2:3‘1'2:4‘372:5‘

r1=5 | 2 2 2 2 2 2
ry =412 2 2 2 2 2
r1=3 | 2 2 2 2 2 2
r1=2 |2 2 2 2 2 2
=111 1 1 1 1 2
r1=0 |1 1 1 1 1 1

In Table 17, it is easy to verify that the structural result for vehicle routing holds. In
particular, each retailer continues to be an optimal destination for the vehicle as its inven-
tory level decreases and/or inventory level of the other retailer increases. Meanwhile, there
is a contradiction to the structural result in Table 18. In particular, the optimal destination
of the vehicle changes from retailer 1 to retailer 2, as inventory level of retailer 2 increases
from 4 to 5 units and inventory level of retailer 1 stays at 1 unit. This contradiction suggests

the importance of Assumption 2.4.1 in the structural result for vehicle routing.
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APPENDIX D

PARAMETERS FOR THE NUMERICAL EXAMPLES

We have used numerous numerical examples in this work to support and extend our the-
oretical results. In some cases, the numerical results are significant by themselves. For
reference, the parameters that were used in our numerical examples are summarized here.
The parameters for the numerical results in Chapter 2 (and Appendix C), Chapter 4, Chap-
ter 5, and Chapter 7 are presented in Section D.1, Section D.2, Section D.3, and Section
D.4, respectively. Unless stated otherwise, the parameters in this appendix are defined as

in the chapters that they first appeared.

D.1 Parameters for the Numerical Examples in Chapter 2
and Appendix C

In Table 1 and Table 2, we illustrated the structural results for vehicle routing and inventory

control for the SVMI problem. The following parameters were used:
1. Number of retailer is 2.

2. Demand distribution is the following (the discrete version of an exponential distribu-
tion):
P[0] = 0.3, P[1] = 0.2, P[2] = P[3] = P[4] = P[5] = 0.1, P[6] = P[7] = ... =
P[15] = 0.01.

3. Capacities of the retailers and the vehicle are 10 units and 20 units, respectively.

4. Time horizon length is 15 periods.
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5. The travel distances (or travel times) between all pairs of inventory locations are 1

unit.

6. The reward parameters are as follows: = 30, h; = 0.5, by = 90, by = 200,
bz = 10, andb? = 5, for j € {1,2}.

In Table 3, Table 4, and Table 5, we showed how the structural results for the SVMI
problem help improve the computational efficiency. These numerical examples share the

following parameters:

1. Capacities of the retailers and the vehicle are 5 unitsfaadVv units, respectively.

(/V denotes the number of retailers in each example.)
2. Demand distribution is the discrete version'gp, 6].
3. Time horizon length is 15 periods.

4. The travel distances (or travel times) between all pairs of inventory locations are 1

unit.

5. The reward parameters are as follows:= 30, h; = 0.5, b; = 100, b7 = 10, and

b} =5, forje{1,2,..,N}.

Other parameters for the numerical examples in each table are explicitly stated in that table.

Table 17 and Table 18, in Appendix C, present an example of the case when the struc-
tural result for vehicle routing does not hold, when the assumption on travel distances
between inventory locations is not satisfied. We used the following parameters in the ex-

ample:
1. Number of retailers is 2.
2. Demand distribution is the discrete version'.gp), 6.

3. Capacities of the retailers and the vehicle are 5 units and 20 units, respectively.
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4. Time horizon length is 15 periods.

5. The travel distances (or travel times) between the inventory locations are as stated in

Appendix C.

6. The reward parameters are as follows: = 30, h; = 0.5, b = 90, b} = 200,
b? = 10, andb? = 5, for j € {1, 2}.

D.2 Parameters for the Numerical Examples in Chapter 4

In Chapter 4, we present some heuristics for solving the SVMI problem. For Table 6
and Table 7, which show the computational efficiency of the first heuristic, the following

parameters were used in Problem I:
1. Number of retailers is 4.
2. Capacities of the retailers and the vehicle are 10 units and 24 units, respectively.
3. Demand distribution is the discrete version’gb, 11].

4. The travel distances (or travel times) between all pairs of inventory locations are 1

unit.
5. Time horizon length is 15 units.

6. The reward parameters are as follows:= 15, h; = 1, bj = 24, b; = 2, andb? = 5,

for j € {1,2,3}.
In Problem II, the parameters are as follows:
1. Number of retailers is 3.
2. Capacities of the retailers and the vehicle are 10 units and 30 units, respectively.

3. Demand distribution is the discrete version’gb, 11].
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4. The travel distances (or travel times) between all pairs of inventory locations are 1

unit.
5. Time horizon length is 15 units.

6. The reward parameters are as follows= 15, h; = 1, b; = 24, b? = 2, andb? = 5,

for j = {1,2,3}.

The numerical results in Table 8 involves solving Problem Il, with the above parameters

by the second heuristic. The following parameters were used for Problem Il in Table 9:
1. Number of retailers is 2.
2. Capacities of the retailers and the vehicle are 10 units and 20 units, respectively.
3. Demand distribution is the discrete version’gh, 11].

4. The travel distances (or travel times) between all pairs of inventory locations are 1

unit.
5. Time horizon length is 15 units.

6. The reward parameters are as follows= 15, h; = 1, b; = 24, b? = 2, andb? = 5,

for j € {1,2,3}.

In Table 10, we solved the infinite horizon SVMI problem. The parameters for this

problem are as follows:
1. Number of retailers is 2.
2. Capacities of the retailers and the vehicle are 5 units and 10 units, respectively.

3. The travel distances (or travel times) between all pairs of inventory locations are 1

unit.

4. Demand distribution is the discrete version {0, 6).
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5. The reward parameters are as follows= b7 = 10, h; = 5, b; = 100, andb} = 50,

for j € {1,2}. (The unit salvage values at the two retailers are as stated in Table 10.)

D.3 Parameters for the Numerical Examples in Chapter 5

In Table 11, we compare the optimal expected total rewards of different variations of the

SVMI problem. The following parameters were used in these numerical results:
1. Number of retailers is 3.
2. Capacities of the retailers and the vehicle are 5 units and 20 units, respectively.
3. Demand distribution is the discrete versiorni.gb, 7].

4. The travel distances (or travel times) between all pairs of inventory locations are 1

unit.
5. Time horizon length is 15 units.
6. The reward parameters are as follows:= 30, h; = 0.5, bj = 100, b7 = 10, and
b} =5,forj € {1,2,3}.
D.4 Parameters for the Numerical Examples in Chapter 7

The numerical examples in this chapter share some of the parameters. In particular, the
capacities of the retailers and the vehicle are 10 units’ardL0 units, respectively. Note
that IV is the number of retailers in each example. We use the time horizon length of 15
periods in each of our numerical examples.

Table 12 and Table 13 present the effect of margin ratio on customer service level. The

parameters used in these two tables are as follows:

1. Numbers of retailers are 1,2, and 3.
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2. Sets of distances (or travel times) between inventory locationgdye= 1,4, €
0,1,2,3}, {doo = 1,doy = 2,dpz = 1,dps = 1,dyy = 1,dyy = 1,dy3 = 1,dyy =
Lydys = 1,dss = 1}, {doo = 1,don = 2,dog = 2,do3 = 1,dyy = 1,dyo = 1,d13 =
1,dye = 1,dyz = 1,d33 = 1}, and{doy = 1,dp1 = 2,dpas = 2,do3 = 1,dy; =
1,dis = 2,d13 = 1,de = 1,d3 = 1,d33 = 1}. Note that, forl,k € {0,1,2,3},
dlk = dkl-

3. Sets of demand distributions are (the discrete versions of), wheenotes the
demand distribution at retailer{Q, = U0, 1xd], Q2 = U[0, 1xd], Q3 = U|0, 1xd]},
{Q, = N[0.5%d,0.5%d],Qz = N[0.5xd,0.5xd,Q3 = N[0.5*d, 05 *d|},
{Q, =U[0,1%d],Qy = N[0.5%d,0.5%d],Qs = U[0,1 xd]} and{Q, = N[0.5 *
d,0.5xd|,Qy = U[0,1xd],Q3 = N[0.5xd,0.5xd]}. Hered denotes the travel time

between the current and next inventory location of the vehicle.

4. The margin ratios are 0.1%}( = 2,07 = 1), 1.5 ¢; = 20,b; = 10), 15 ¢} =
200,52 = 100), 37.5 ¢} = 500,4? = 250), and 75 g} = 1000,b? = 500). Other

reward parameters aeg = 5, h; = 20, andb? = 7, for j € {1,2,3}.

In Table 14, the following parameters were used to show the effect of demand variance

on the optimal expected total reward:
1. Numbers of retailers are 1, 2, and 3.

2. Sets of distance (or travel times) between inventory locationd@te= 1,i,j €
0,1,2,3}, {doo = 1,doy = 2,dpz = 1,dos = 1,dyy = 1,dyy = 1,dy3 = 1,dyy =
1,dog = 1,d3g = 1}, {doo = 1,do1 = 2,doa = 2,dp3 = 1,dy1 = 1,d12 = 1,d13 =
1,dys = 1,dy3 = 1,ds3 = 1}, and{doy = 1,dp1 = 2,dpas = 2,do3 = 1,dy; =
1,dis = 2,d13 = 1,dye = 1,d3 = 1,d33 = 1}. Note that, forl,k € {0,1,2,3},
dy, = dyy.

3. Sets of reward parameters &g = 10,07 = 5,0} = 7,¢; = 5,h; = 1}, {b; =
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50,02 = 5,b% = T,¢; = 5,h; = 1}, {b} = 100,62 = 10,b? = 7,e; = 5,h; = 1},
and{b; = 100,07 = 50,b} = 7,¢; = 5,h; = 1}, for j € {1,2,3}.

4. Demand distributions are the discrete versionsVof = d,0 * d|, N[1 % d, 1 x d],
N[1xd,2xd|, N[1x*d,3«d],andN|[l x d,4 = d|. Hered denotes the travel time

between the current and next inventory location of the vehicle.

Table 15 and Table 16 show the effect of distance from the depot on customer service
level and on the optimal expected total reward, respectively. The parameters for those

numerical results are as follows:

1. Numbers of retailers are 1, 2, and 3.

2. Sets of demand distributions are (the discrete versions of), wieenotes the
demand distribution at retailer{Q, = U0, 1xd], Q2 = U[0, 1xd], Q3 = U|0, 1xd]},
{Q, = N[0.5%d,0.5%d],Q2 = N[0.5xd,0.5xd,Q3 = N[05*d,05 *d|},
{Q, =U[0,1%d],Qy = N[0.5%d,0.5%d],Qs = U[0,1 xd]} and{Q, = N[0.5 *
d,0.5xd|,Qy = U[0,1xd],Q3 = N[0.5xd,0.5xd]}. Hered denotes the travel time

between the current and next inventory location of the vehicle.

3. Sets of reward parameters af = 200,07 = 100,03 = 7,e; = 5h; = 1},
{b} = 250,02 = 100,03 = 7,¢; = 5,h; = 1}, {b} = 500,62 = 200,b? = 7,¢; =
5,h; =1}, and{b} = 500,62 = 250,b% = 7,e; = 5,h; = 1}, for j € {1,2,3}.

4. Sets of distances (or travel times) between inventory locationgdye= 1,i,j €
0,1,2,3},{doo = 1,dp1 = 2,dpa = 2,dp3 = 2,dyy = 1,dig = 1,dy3 = 1,dgy =
l,dog = 1,d33 = 1}, {doo = 1,dp1 = 3,dp2 = 3,do3 = 3,d11 = 1,dyp = 1,d43 =
l,doy = 1,dog = 1,d33 = 1}, {doo = 1,do1 = 4,doe = 4,do3 = 4,d11 = 1,dy2 =
1,diz = 1,dyy = 1,dog = 1,d3s = 1}, and{dyy = 1,do1 = 5,dops = 5,dp3 =
5,dyy = 1,dig = 1,d13 = 1,dy = 1,do3 = 1,d33 = 1}. Note that, forl, k €
{0,1,2,3}, dip = dpy-
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