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Chapter 1

Introduction

Inventory management plays a fundamental role in the life of manufacturing or-
ganizations. Not only does its efficiency highly affect the profitability, but also
determines quality of service and the overall adaptability of the whole company.

There are three main purposes why a company holds an inventory[2]. The
first one is that materials has to be transported between different locations of
the supply chain. Therefore, every stage has to hold certain amount of inventory
to cover its needs until the next transport arrives. The second one is to deal
with the uncertainty of the external demand. Finally, maintaining an inventory
may cut down costs in terms of logistic.

An inventory can either be a single entity or — in case of large production
and distribution organizations — a complex multi-stage and multi-location sys-
tem. Operation of a single stage inventory is already a difficult but well studied
topic, interested readers are referred to e.g. [1] for a detailed introduction to
known approaches. Optimal running of multi-stage is even more difficult.

There are two basic approaches to minimize the costs in a multi-stage in-
ventory. The first one tries to plan an optimal supply network and reduce
the cost of manufacturing by placing the factories and warehouses at the right
places. The second approach applies various inventory holding policies to min-
imize the costs for an already given network. In fact, these are complementary
approaches. Obviously, the first one may result in higher savings for a green
field supply network establishment. However, in many cases there is an already
established supply chain or there may be external constraints determining the
main structure and parameters of the network. Then, the second approach has
a significant role to play in reducing the operational cost of a supply chain.

A prominent work by Stephen C. Graves and Sean P. Willems in 1998 [3]
(later revised in 2005 [4]) introduces a flexible model to the second approach, i.e.



it assumes an already existing supply network and strictly bounded demands,
then computes the optimal internal service times minimizing the overall opera-
tional cost of the full system. They and later S. Humair and Willems[13] gave
efficient algorithms for finding the optimal solutions for special supply network,
while E. Lesnaia, I. Vasilescu, and Graves[14] proved that the problem is NP-
hard for general directed acyclic graphs. On the positive side, T. L. Magnanti
et al.[16] and Graves and Lesnaia[l7] gave practically efficient approximating
solutions for this general case. A further generalization assuming capacity con-
straints is discussed by T. Schoenmeyr and Graves[19].

This thesis gives an overview of the works above and — as new results —
discusses the analogous questions results in the case when non-uniform service
times are allowed. Finally, the appendix shortly summarizes notations most
frequently used throughout the thesis.
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Chapter 2

Supply chains with
guaranteed service times

This chapter introduces the basic model and the different algorithms developed
by Stephen C. Graves, Sean P. Willems[3] and others.

2.1 The model and assumptions

The supply chain is modelled as a directed acyclic graph, where a node represent
a stage at the chain and an edge induce a customer - supplier relationship. A
stage is a part of the chain where some relevant process happens. Practically
that can almost be anything including assembly, distribution or row material
pre-processing. We assume that external demand occurs only at nodes have
zero outdegree. We call this kind of nodes demand nodes.

We are given a scalar ¢,, associated to every arc (uv), which means node v
needs ¢, unit of component from node v to produce its own product. Another
two scalars are associated to nodes. The first is T3, which denotes production
time. If node w got all the subcomponents from its suppliers, it takes T, time to
manufacture its product. The second is h,, which is the holding cost per unit
at node u.

So far, we have a directed acyclic graph with a scalar field ¢,, on the arcs,
and two scalar fields, namely T, and h, on the nodes. Let us introduce the
basic assumptions.

e Bounded External Demand: We assume there are given a D,,(7) function,
which is the upper bound for demand for any 7 long period for every
demand node u. So a demand sequence of length 7, namely d,,(t), d,, (t—1),




...dy(t — 7+ 1) at node u is valid if and only if
dy(t) +dy(t—1)+...dy(t —7+1) < Dy(7) (2.1)
holds.

e Guaranteed Service Time: One of the most important assumptions. Each
node (both demand nodes and internal nodes) quotes a services time (out-
bound service time) S, to their customers, and guarantees it will fulfil
every valid demand occurred at time t at time ¢ + S,. The task is to
determine these outbound service times. In this chapter, we assume each
node guarantees the same service time to all of its customers.

e Maximized service time for demand nodes: There is a given s,, > 0, which
maximizes the service time of node u for every demand node.

e Periodic-Review Base-Stock Replenishment Policy: The last assumption
says all of the stages operate with periodic-review policy with a common
review period. The stages also places the same demand (multiplied by the
scalar ¢, ) on their suppliers than they observes at the period. So if an
external demand occurs at a demand node u at time ¢ all of the supplier
sub-chain see the demand.

The first assumption do not say anything about internal demands, but ac-
cording to the last one

(uv)eA

therefore

DU(T) = Z (qbuv : Dv(T)) (23>

(uwv)eA

is a demand bound for internal node u.

Remark Graves and Willems also assume D, (7) to be concave and monotoni-
cally increasing with 7, but some of the following algorithms work perfectly well
without these assumptions. However some of them uses them, therefore we will
note every time these are relevant.

Observation If the demand bounds of demand nodes are concave and mono-
tonically increasing, D, (7) is concave and monotonically increasing with 7 for
all nodes, because it is the sum of some concave and monotonically increasing
functions.



2.1.1 Single stage model
This and the next subsection shows how to build the model step by step.

Consider a single stage (node u) with some inbound and some outbound
arcs, and also consider this stage quotes service time S, to its customers. Let

IS, = max {S,}

(vu)eE
be the inbound service time of node u. If the stage observes demand d,(t), it
also places the equivalent demand on its suppliers at time ¢. So it will get all
the parts necessary to begin the production at time ¢ + 1.5,,, thus complete the
production at time ¢t + IS, + T,,. Meanwhile it needs to fulfil demand d,,(t) at
time ¢t 4+ S,. So if IS, + T, > Sy, stage u needs to store certain amount of
already processed stock to be able to satisfy the guaranteed service time it has
quoted.

Let I,(t) denote the inventory held at sage u at time ¢. Because orders
observed at time (¢t — S,,) need to be fulfilled while orders placed on suppliers at
time (¢t — I.S,,) arrived and are available T;, periods later, this value can easily
be determined by the following recursive form.

Iu(t) = Lu(t — 1) — du(t — Su) + du(t — IS, — T0) (2.4)

By definition I, (t) > 0 at any time. Using Equation (2.4) recursively

=S,
0< L) =LO)— >  d) (2.5)
i=t—18,—T,

must hold for every valid demand sequence d,, (1), d(2), ..., du(t — Su)-
Rearranging Inequality (2.5) and using the fact

t_Su

> du(i) < Du(ISy + Ty — Su) Vit

i=t—18,—T,

we get the following
I,(0) > Dy(I1Sy, + Ty — Su)- (2.6)

This is a necessary and sufficient condition to satisfy the guaranteed service
time model.

2.1.2 Multi stage model

At this general case we are given a directed acyclic graph D = (V, A) with node
set V and arc set A. If we associate a service time S, to every node and define



IS, as the single stage model, then using Inequality (2.6), we can calculate the
minimal inventory that is sufficient to satisfy the assumptions.

1.(0) > Dy (IS, + Ty — S.) Yu eV

As h,, is the holding cost per unit, the minimal inventory value held at node u
is
ueV

Now, we can formulate the optimization problem as a NLP.

Problem 1.
min Y (hy - Du(1Sy + Tu — Su))
ueV
s.t.:
1S, + T, > Sy, YueV
1S, > S, YoeV: (vu) € A
Su€Z, 20 YueV
Su < 84 Yu € V, demand node

Observation One may assume .S = 0 for all nodes with zero indegree.

Observation Nodes with zero indegree can not quote higher service times to
their customers than their production times. Since for these kind of nodes
IS =0, they have to hold D, (T, —S.) processed stock, which is zero if T,, = S,
and is out of range D,(7) if T, < S,,. Along this line we can define a maximal
possible service time for every node as follows. Let M, = T, for every node
with zero indegree, and

M, = max (M,) + T. (2.8)

(vu)eA

Repeating the previous argument no node can quote a service time, which is
higher than M, to its customers in an optimal solution to Problem 1. This
observation will be used in the next section.

If we suppose the demand bound functions to be concave, Problem 1 is a concave
optimization problem over linear constraints which is known to be NP-hard in
the general case. Graves and Willems developed a polynomial algorithm for
trees[3], Humair and Willems introduced a little bit more general algorithm for
graphs with Clusters of Commonality[13] which is exponential in terms of the
number of vertices in a cluster, while Lesnaia, Vasilescu and Graves proved the
general problem is NP-hard[14]. The next sections of this chapter introduce
these results, while the next chapter introduces two approximating algorithms
developed by Magnanti, Zuo-Jun Max Shen, Jia Shu, David Simchi-Levi, Chung-
Piaw Teo [16] and Graves and Lesnaia[17].



Figure 2.1: Labelling algorithm for trees.
i=1
while V # () do
Label an arbitrary leaf node with ¢, and remove it from graph D.
1:=1+ 1.
end while

2.2 Algorithm for trees

Graves and Willems developed a dynamic programming method to solve Prob-
lem 1 if the underlying directed graph D is a tree. First they label the nodes
with integers such a way that all nodes has at most one neighbour with higher
label. An easy way to do that to use the algorithm presented in Figure 2.1.

Definition Such a labelling of nodes is called leaf ordering.
e

ORO
T ®
Figure 2.2: A proper leaf ordering of a tree

This leaf ordering is used to decompose the problem into sub-problems in
the following way.

Let |[V| = N, and I(v) be the label of node v. Thus 1 <[(v) < N Vv € V.
Call node v the parent of node w if I(v) > I(u) and (uv) € A or (vu) € A.
Similarly, v is child of w if I(v) < I(u) and (uv) € A or (vu) € A. So every
node apart from the one with I(v) = N has exactly one parent but can have
several children. Denote the set of children of w by ch(u) and the parent by
p(u). Define sub-graph N, of D the following way:

e V(N,) :={v} U, V(N,), where u is a child of v.



Definition f,(z) is the optimal inventory holding cost for N, supposing S, <
x.

Similarly

Definition g, (z) is the optimal inventory holding cost for N,, supposing 1.5, >
x.

Let ¢,(Sy,1S,) be the following.

C'u(‘svalsv) :hU'DU([Sv+Tv_Sv)+ Z gu(Sv)+

u € ch(v)
(vu) € A

+ Y fulIS) (29)
w € ch(v)
(wv) € A

It is easy to see ¢,(S,,1S,) is the optimal inventory holding cost for N, sup-
posing the inbound service time of v is IS, and outbound service time is S,.

Lemma 1. If (p(v)v) € A, then

go(x) = ¢y (Sy, ISy) (2.10)

min min
2<ISy,<M,—T, 0<S, <M,

fu(z) = o (Sy, ISy) (2.11)

min min
0<S, <z 0<IS,<M,—T,
Proof. 1t is straightforward from the definition of ¢, (S, I.S,). O

With Lemma 1, one can calculate the function f or g for every node one-
by-one according to the leaf ordering.

Since there exists no node guaranteeing service time higher than its M, and
gets service time higher than M — T' it is enough to minimize the expressions
over the [0, M, ] interval. Hence the minimization can be done in (M, — T, —
x) - (M, + 1) steps by simply computing all the possible values. Since M, <
max,cy (T,) - |V| the enumeration of g,(z) takes O(|V|?) steps. The same is
true for f,(x) as well.

Figure 2.3 summarizes the algorithm. The variable opt contains the optimal
solution to Problem 1 at the end of the algorithm.
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Figure 2.3: The dynamic programming method for trees
fori=1— N—-1do

if [(v) =i and (p(v)v) € A then
calculate g,(z) forx =0,1... (M, —T,)
end if

if [(v) =i and (vp(v)) € A then
calculate f,(x) for x =0,1 ... M,

end if
end for
opt := min (co(1Sy,Sy))
OSIST) SM'U_TU
0<5, <M,

2.3 Algorithm for graphs with Clusters of Com-
monality

The tree structure is often insufficient to accurately model more complex supply
chains. This chapter relaxes the tree assumption and introduce an algorithm,
that optimizes the safety stock in more complex networks, namely networks
with Clusters of Commonality.

Theorem 1. The vertex set of a graph G = (V, E) has a unique partition Vi,
Vo ..., Vi such that for everyi € {1,2 ..., k} the induced graph of V; is 2-edge-
connected. Furthermore if the vertexes in these sets are pinched the resultant
graph is a tree. O

Definition The D = (V, A) directed graph is a graph with Clusters of Common-
ality (CoC) if its 2-edge-connected components are directed bipartite graphs,
and all the edges inside a 2-edge-connected component are directed towards the
same partition.

Remark Humair and Willems define the Clusters of Commonality in a some-
what different but more complicated way.

Observation A graph with Clusters of Commonality is acyclic. O

The algorithm developed by Humair and Willems[13] for solving Problem 1
for graphs with Clusters of Commonality is an extension of the one introduced
in the previous section. Similarly to the tree case this also has two main phase

11



with an additional phase 0 which verify if the graph is a CoC network. The first
one labels the nodes, the second calculates the optimal safety stock for different
sub-graphs at the order of labels.

Phase 0 - verifying if the network is CoC:

e Start a depth first search with arbitrary root node.

e If a circle is found contract it. (These nodes belong to the same 2-edge-
connected component.)

With appropriate data structure the depth-first search does not need to be
restarted after a circle is contracted, so the identification of the 2 edge-connected
components can be done in linear time.

e Check if the 2-edge-connected components are bipartite.

e Check if every 2-edge-connected component has one node partition with
p(v) =0 in the induced graph.

Phase 1 - labelling the nodes:

e Contract every 2-edge-connected component. (This results a tree: D'.)

e Number the nodes in the graph D’ the same way as in the tree case.
Suppose a 2-edge-connected component has label £ and n nodes.

e Add n — 1 to every label which is greater than k.

e Assign number k + n — 1 to the node adjacent to node (or component)
labelled with k + n (originally k + 1). We call this node the root of the
component.

e Assign arbitrary numbers from interval [k, k +n — 2] to other nodes in the
component.

Observation For every cluster the cluster root has the greatest label.

Let us denote the clusters by Vi, Va ...V, the head of cluster V; by Vj+, the
source by V;” and define the children function:

e For cluster root v from cluster V;

ch(v) ={u: (uwv) or (vu) € A and l(u) < l(v)} UV}

12



e For a non cluster root w in cluster V; :
ch(w) = {u : (uw)or (wu) € A,/ l(u) < l(v)andu ¢ V;}

Phase 2 - calculate optimal safety stock:

e If node v is not a cluster root, let ¢, (S,,S,) be

0 (Su, 1S0) = Dy(ISy + Ty — So)+
+ Y wS)+ Y RS (212

u € ch(v) w € ch(v)
(vu) € A (wv) € A

and evaluate f,(z) or g,(z) as in the previous section.

e If node v is a cluster root of V; we have to keep an eye on the constraints
belong to the arcs in the cluster (the f and g functions of the children are
not independent), therefore suppose v € V;” and let us define

hy (S, 1Sy) := min( Z fu(wy) + Z G (Yw)) (2.13)

ueV;” wEVj+
s.t.:
Yuw = Sy V(vw) € A, v,w €V}
Y = Ty, V(uw) € A, u,w €V
and
co(8y,1Sy) == Dy (IS, + Ty — S,) + > Gu(Sy)+
u € ch(v) \'V;
(vu) € A
Y fulS) +hi (S0, 18). (214)
w € ch(v) \'V;
(wv) € A

Ifve ij+ let us define

13



Wi (S, 18,) ==min( Y ful@u) + Y guwlvw)) (2.15)

ueV;” w€VjJr
s.t.:
1S, > =z, Y(uv) € A, u,v €V
Yu 2 Ty V(iww) € A, u,w €V
and
o(Sy, 1S,) := Dy (IS, + T, — Sy,) + > 9u(Su)+
u € ch(v)\'V;
(vu) € A
LY S+ RE(S.IS,). (216
w € ch(v)\'V;
(wv) € A

After the ¢, function is computed the computation of the desired f, or g,
function can be done in linear time.

Unfortunately the computation of h, or h} and therefore the computation
of ¢, is exponential in the terms of the size of the clusters. Note that Humair and
Willems introduced two enumeration schemes[13], which improve the running
time, but those algorithms are still exponential.

2.4 The complexity of the general case

This section proves that Problem 1 is NP-hard. The section is a clarified ver-
sion of the original paper of Ekaterina Lesnaia, Iuliu Vasilescu and Stephen C.
Graves [14]. The key idea is to convert the vertex cover problem into Problem 1.

Problem 2. We are given a simple undirected G = (V, E) graph. Search for a
set of vertexes S which satisfy the following to statement:

I.Vw)€E:ueSorvels

2. If some S satisfies statement 1, then |S| < |S]

This problem is called the vertex cover problem.

14



This problem is known to be NP-complete[15], so, if for every simple undi-
rected graph this problem is convertible into a minimal safety stock problem,
that proofs Problem 1 is NP-hard.

Construct a minimal safety stock problem:

1.
2.

8.

Consider graph G = (V, E). |V| = N.
Make all of the edges directed acyclically.

Add a new node P and new arcs (vP) for all v € V' if v is not a demand
node.

Call the new graph D = (V U {P}, A) and the set of demand nodes in D
Vb

Let the demand bound function be

0, ifr=0
D”(T):{l, ifr>1

for all nodes in V. It is easy to see that all demand bound functions have

the form:
0, ifr=0
Dv(T):{ ko, ifT>1

for some k,.

Set the per unit hold cost scalar

ho— é, ifv#P
Y N+1, ifv=P

Set the production times

|1, ifv#P
T”{ 0, ifv=P

Set the upper bound of service time for demand nodes equal to 1.

Note that the largest safety stock value that a node can hold is equal to 1 if the
node is not equal to P. Node P can hold safety stock for zero or N 4+ 1. It is
easy to give a feasible solution to the problem. For example, let S, = 1 for all
veVU{P}

Lemma 2. S, < 1 holds for every non-demand node w in D for all optimal
solution.

15



Proof. Consider a non-demand node v quotes service time greater than 1, namely
Sy > 2. Hence (vP) € A, ISp > 2. The amount of safety stock node P have to
hold is Dp(ISp +Tp — Sp) > Dp(2+0— 1) = 1. So the value of the safety
stock held at node P is N + 1.

On the other hand, if every non-demand node quotes service time less than 2,
IS, <1and h, - D,(IS, + T, — Sy) < hy - Dy(1) = 1 for each node v # P,
while hp - Dp(ISp +Tp — Sp) < Dp(0) = 0 holds for node P. The total value
of safety stock in this case is at most V. O

Lemma 3. If (uv) € A, at least one in the two nodes holds safety stock in every
optimal solution.

Proof. By contradiction, suppose there is a node pair u and v such that (uv) € A
and none of them holds safety stock. If node u does not hold safety stock, then
hy - Dy(ISy + Ty, — Su) = 0. Therefore D, (IS, + T, — Sy) = 0, which is true
only if 1S, + T, — S, = 0. The same holds for node v. Hence

T,=1T, =1,
OSIS’U7 IS'U? Su7 S’l)Sl?
Sua SU = 17
1S,, IS, =0
must hold.
But since (uv) € A IS, > S, which is a contradiction. O

From Lemma 3 it follows if we solve the optimal safety stock problem for D,
and choose the nodes which hold safety stock, we get a vertex cover for graph G.
Furthermore, the cardinality of such a vertex covering set is equal to the optimal
safety stock value. To complete the proof, we only need to verify that we can
assign a solution to Problem 1 with safety stock value equal to the cardinality
of the vertex covering set to every vertex cover problem.

Lemma 4. If S CV is a vertex covering set, there exist a solution {S, : v € V}
to Problem 1 where each node v holds safety stock if and only if v € S.

Proof. Set S, =0, 1S, = 1forallv e S, Sp =1, ISp = 1 for node P and
Sy =1,18,=0for all v ¢ SU{P}.

Check if this solution is feasible:

e S, <1 for all demand nodes.

e No service time is greater than 1 so IS, > Sheighbour of » holds for v € S
orv=RP.

16



o If v ¢ SU{P}, all of the neighbours of v are in S therefore all of its
neighbours service time is equal to 0, so IS, > Sheighbour of v holds for
veSs

Hence IS, +T,— 5, > 0if and only if v € S the total safety stock value is equal
to |S]. O

Lemma 3 and Lemma 4 together proof the safety stock problem is NP-hard.

17



Chapter 3

Two approximating
algorithms

After proving the optimal safety stock problem is NP-hard a natural question
arises. What should we do if we have to optimize inventory for a company.
A lot of algorithms were developed that solves NP-hard problems by relaxing
either the constraint on the running time or the constraint of optimality. That
means, they are either not polynomial at worst case, but solves some types of the
given problem fast, or they are polynomial but usually can not find the optimal
solution, just a solution which is relatively close to the optimal one. These are
the approximating algorithms. This chapter introduce two of them to solve the
safety stock problem. The first was developed by Magnanti et al.[16] while the
second by Stephen C. Graves, and Ekaterina Lesnaia.[17]

3.1 Generate strong flow cover cuts with CPLEX

This section presents the approximating algorithm developed by Magnanti et
al.[16] This algorithm supposes the demand bound functions to be concave and
monotonically increasing. They approximate the optimal solution with two
steps. At first, they suppose the demand bound function D, (7) is piecewise
linear for every v € V. They add redundant inequalities to the problem to
make the CPLEX]20] optimization tool generate strong flow cuts to improve on
the run time. Afterwards applying the previous results they approximate the
original concave demand bound function with piecewise linear functions, and
iterate this step until the gap between the approximated and optimal solution
is sufficiently small.

Consider a piecewise linear concave function ¢(z), z > 0. Denote the number
of breakpoints by R, the n'? breakpoint by N,,, the gradient of the n'" piece by

18



a, and the intersection of the extension of the n*® piece with the y coordinate
line by f,, see Figure 3.1. Using the multiple-choice approach we can calculate

the value of ¢(z) with the following formula:

R
¢(z) =min Y _(fiu; + aiz)

i=1

s.t.

-M?J
£
IA
—

N
Il
_

Zi =X

-

Il
-

K3

Ni_qu; < 2z < Ny,

u; € {0, 1} Vi. (3.1)

Supposing all of the demand bound functions are piecewise linear Problem 1

can be written as

a

M, M, X

Figure 3.1: Piecewise linear function
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Problem 3.

RU
min Y (hy - Y (ffuf +af2)))
veV =1
s.t.

R

Zuf <1 YoeV
i=1

R

Z zi = X" YvoeV
i=1

NP qjui <z < NPu? Vi, Yo eV
uy € {0, 1} Vi, YoeV
X' =18,+T,—- S, YoeV
18, +T, > S, YveV
IS, > S, Yo,weV: (wv) € E
Sy, €Z, >0 YveV
Sy > 8y Yv € V, demand node

Lemma 5.
D X"z ) (T) = s,
veEP veP
holds for all path P = {v1, va ...v;} where v1 is a source and v; is a sink.

Proof. By substituting XV with IS, + T,, — S,, and using the following in-
equalities to give an upper estimation for the left hand side

S, < IS,
Sy, 2 Su;

Yv; € P

i4+1

we get the following inequality

STXU I8, + D (T) — s,

veP veP
Since vy is a source, IS, = 0 stands which gives the desired result:

E:AXw Z 2:(7L)"5W

veEP veEP

O

_ Denote Problem 3 with all the redundant inequalities Lemma 5 induce by
P. The CPLEX optimization tool uses the embedded inequalities to generate

20



Q.

"
Q\S, \t

Figure 3.2: Flow cover

flow cover cuts[18] and improves the running time.

Flow cover cut inequality: Consider a node with some inbound arcs @ with
capacities m; and two outbound arcs with capacities t and b. We can formulate
a single node flow inequality with these parameters.

Zl’i—t:b,

0 < < myy;
t>0
yi € {0, 1} (3.2)

y; = 1 means the i*" inbound arc is open.

Definition Consider a subset of inbound arcs J C . We call J a flow cover if

ij:b+>\

jeJ

for some A > 0.

Consider a flow cover J. Let S C J and close arcs in S.

21



Z x; —t < min{b, Zmimes}

JEJI\S icJ seS
< min{b, b— (Z ms — A)}
sES
< b— (Z ms — /\)+
sES
<b—» (ms— A7 (3.3)
sES

holds. This yields to the so-called flow cover inequality.

Doaj—t<b—Y (my—A)t(1-y). (34)

jeJ jeJ

If we look back at problem P we can see the following embedded inequalities.

RY
Z Z 2z, = Z Ty — Ssink(P) for all source-sink path P
veEP r=1 veEP
20 < NPul v, j
z 20 vr,j
’U,? € {Oa 1} VT,j

These are the same as in the flow cover cut problem so inequality (3.4) also
holds (with the appropriate notations).

Now, one is able to apply this result and approximate the general demand
bound functions with piecewise linear ones.

1. The first step is to replace every demand bound function D, (7) by

o Dv<MU) - D’U(O)

- T 4+ D,(0).

2. Solve the 7'M iteration of problem P with the demand bound functions
#! (7). Suppose the optimal values for the decision variables are X! and
NP < X7 < NYys.
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3. If NP = X?P, let ¢S (1) = ¢! (1), otherwise

v,i+1 v, %

Q; =aq; ji<n
=g j<n
it Du(XP) = Dy(N)

n Xv _ Nu

fv, i+1 _ Dv(Xp) —a¥ i+1 . XV

o1 _ Do(Vg) = Do(XP)
e Ny — X7

Fnit = DU el Xy

n

v,1+1 v
J J
fy, +1 _ pv, e
J

\
S

n+1<j.

f v,i+1,.>"A
Nl
oL

wi L
fa

v,i+i
fa

Y

X

Figure 3.3: Approximate with piecewise linear function

4. Terminate if

ho - |05(XY) — Dy(XY)] < W Voev (3.5)

Since the value of ¢i (7) < D,(7), the optimal solution to the original prob-
lem (let us denote it by Opt,) is always greater or equal to the approximated
optimum (Opt,). Namely,

Opt, < Opt, (36)
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On the other hand, using inequality (3.5)

Opto < Z(hv : DU(XZU))

veV
€

< (h - LX) + V] - W
veV

< Opt, + € (3.7)

Inequality (3.6) and (3.7) together induce

Opt, < Opt, < Opty + € (3.8)

So, choosing the terminating criterion appropriately, the algorithm provides
a solution to problem P arbitrary close to the optimal one. Magnanti at al.
showed that this method can significantly improve the computational efficiency.
While for a randomly generated graph with 100 nodes and 142 arcs and also
randomly generated parameters, it took more than one hour to solve the problem
without the redundant inequalities, meanwhile took only 181 seconds with them.
For more computational experiences see[16].

3.2 Branch and bound

The approximation algorithm developed by Stephen C. Graves and Ekaterina
Lesnaia[17] has a branch and bound structure. The branch and bound scheme
requires two main decisions. The first is to determine how to branch, while
the second is how to bound. If this two is determined, a branch and bound
algorithm has the following structure.

Consider we know a feasible solution z.
repeat
Make a branching step according to the branching rules.
Give a lower (or upper, according to the task) bound x1, xs. .., z; for all
the branches.
fori=1—k do
if 2; > 7 then
Do not search for solution in that branch any more.
end if
end for
Refresh =
until z is the optimal solution

Of course, the branch and bound scheme does not guarantee that the al-
gorithm is of polynomial running time, but for different problems e.g. Integer
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Programming it can provide a generally quick and efficient solving method[18].
This section introduce a branch and bound algorithm for Problem 1 developed
by Stephen C. Graves and Ekaterina Lesnaia[17].

In Problem 1, there are two different kinds of decision variables, namely the ser-
vice times quoted by nodes S and the inbound service times I.S. If the variables
of one type are known for an optimal solution, the variable of the other type
can easily be obtained. The following two lemmas show how to do that.

Lemma 6. If there exists an optimal solution to Problem 1 with outbound ser-
vice times {S, : v € V'}, there is an optimal solution with the same outbound
service times and with inbound services times

1S, = Sy
(e {Su}

Proof. 1S, > max(yy)ea{Su.} holds for the given optimal solution, because this
is a constraint of Problem 1

On the other hand, if 1.9, > max(,.)ea{S.} for a node v, IS, —1 also satisfies all
of the constraints and since D, (7) the demand bound function is monotonically
increasing, therefore

hy - Dy(ISy + Ty — Sy) > hy - Dy((ISy, — 1) + T3y — Sy).

So, with IS, := 1.5, — 1 the new feasible solution has not greater objective value
than the original one. O

Lemma 7. If there exists an optimal solution to Problem 1 with inbound service
times {IS, : v € V'}, there is an optimal solution with the same inbound service
times and with outbound services times

S, = i IS,
(min {15}

Proof. The proof of lemma 6 can be modified easily to prove Lemma 7. O

Lemma 8. There always exists an optimal solution to Problem 1 which satisfies
the following claims.

e IS, =0V source node v.

e S, =s, V demand node v.

Proof. The two claims are straightforward, as all the demand bound functions
are monotonically increasing. O
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These results can be used to construct a branch and bound algorithm.

At first, let us define layers. Let layer Ly be the set of source nodes, i.e.
Lo={v|veV, pv)=0}
Define the other layers in the following way
L; = {v € V| the longest directed path between Ly and v has lenght of i}

Label the nodes with integers in such a way that all nodes in L; have larger
numbers than the nodes in L; Vj < 4, and there are not two nodes with the same
number. Practically, we label an arbitrary node in Ly with 1, an other with 2
and so on until all nodes in Ly are labelled, then we move on and continue with
nodes in L; e.t.c. This way, if |V| = N, the nodes are labelled with 1, 2 ... N.
Let Ty = |Lz‘

The next step is to construct the branching tree. If there are outbound ser-
vice times S, assigned to all nodes in layers L;, ¢ < j, all the inbound service
times of the nodes in L; can be defined. This immediately follows from Lemma
6 and the definition of L;. So, supposing the service times of layers L; i < j
are fixed, the resultant sub-problem is also an inventory optimization problem
(Problem 1) with some additional constraints on some inbound service time —
these arise because of arcs between L; ¢ < j and Ly k > j — but this additional
constraints can be easily treated. Therefore a branching step would be to assign
a different service time values to node v supposing all nodes with smaller labels
has a fixed service time.

Now we have to compute a lower bound for the sub-problems. After a
branching step the nodes with given in and outbound service times can be re-
moved as no decision variables are associated with them. Denote the remainder
acyclic graph by D. To set the lower bound, remove some arcs from D until
the remaining graph is a tree. Compute the optimal service times for the tree
according to the algorithm presented in Section 2.2. Hence removing an arc
corresponds to removing a constraint of type

IS, < Sy, (uwv) € A.
Therefore, this optimum is a suitable lower bound for Problem 1 with graph D.
The last step is to compute a solution to every sub-problem. The previously

described method results a solution to a tree. But increasing some inbound
service times result in a feasible solution to the original problem.
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Chapter 4

Supply chains with capacity
constraints

Tor Schoenmeyr and Stephen C. Graves[19] extended the original model by
adding capacity constraints to the stages of the supply chain. This chapter
presents their results.

4.1 Base-Stock Replenishment Policy

Let us formulate a very similar problem to the original one described by Chapter
2, but add a ¢, capacity constraint to every node in V. Suppose node v can
manufacture product more than ¢, at no time interval of length one.

Observation If for some node v
Cy - T < Dy(1) V70 <7< M,,

then the guaranteed service time assumption can not be satisfied.

Therefore we suppose:

YoeV 3Ir: 0<7<M,and ¢, -7 > D,(7)

Since the demand — and therefore the incoming material — can exceed the
production for some short interval, certain amount of unprocessed stock must
be stored (we suppose there is no maintenance cost of these type of stock). This
arrived but due to the capacity constraint unprocessed material is called the
internal queue and denoted at time ¢ by 1Q,(t). We also need another function.
Let R,(t) be the stock, that node v started to process at time ¢t. R,(t) can be
computed as
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Ry(t) = min{IQu(t — 1) + dy(t — IS,); ¢y} (4.1)

while the internal queue is

IQv(t) = IQv(t - 1) + dv(t - ISv) - Rv(t) (4'2)
The total inventory can be computed in the following way

Iv(t) :Iv(t_1)+Rv(t_Tv) _dv(t_Sv) (43)

This equation can be reformulated using Equation (4.2) as

I, () +1Qu(t—T,) = I,(t—1)+I1Qu(t—T, —1)+dy(t—ISy—T,) —dy (t—S,) (4.4)
Now we can recursively replace I,,(t — 1) + IQ,(t — T, — 1) with I, (¢t — 2) +
1Q,(t—T,—2)+d,(t—1S,— T, —1)—d,(t—S, —1), L,(t—2)+1Q,(t —T, —2)

with I,(t —3) + I1Q,(t — T, —3) + dy(t — IS, — T, —2) — dy(t — S, — 2) and so
for, until we get the equation

I,(t) = I,(0) — dy(t — ISy —T)) — -+ — du(t — So) — IQu(t —T,)  (4.5)

For the sake of convenience let us introduce the following notation

Z d(x) = d(z,y)

Using this notation, we get

Lemma 9.

I1Q,(t) = max(d,(t — IS, —n+1,t —15,) —cn) (4.6)

neZy
Proof. Replacing R, (t) with Equation (4.1) in Equation (4.2) we get

1Q,(t) = I1Q,(t — 1) + dy(t — IS,) — min{IQ,(t — 1) + dy,(t — IS,); ¢v}
=max{0; IQ,(t—1)+d,(t —IS,) — ¢y}

Using this recursively
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IQ,(t) = max{0; IQ,(t — 1)+ dy(t — ISy) — ¢y}
= max{0; max{0; IQ,(t —2)+d,(t — IS, —1) — ¢y}
+dy(t —1S,) — ¢cu}
=max{0; d,(t —IS,) — cv; 1Q,(t —2) +d,(t — IS,)
+dy(t—IS, —1)—2¢,}

= max{d,(t — IS, —n+1, t—1S,) — nc,; 0}
neZy

= mea%{dl,(t—ISU —n+1, t—18,) —nc,}

which gives the desired result.
With the previous lemma, Equation (4.5) can be written as

I,(t) =1,(0) —dy(t — IS, — Ty, t — Sy)—
— ma%(dv(t —IS, —T,—n+1,t—I1S, —T,) —cyn) (4.7)
ne

I,(t) > 0 by definition, therefore

I,(0) > dy(t — ISy, — Tyt — Sy)+
+ max(d,(t — 1S, — T, —n+1,t — IS, — T},) — cyn)

ne”Z

for every valid demand and ¢, so

I,(0) > D,(IS, + T, — Sy) + méx%(DU(n) — ¢yn) (4.8)

must hold for every v in V. This term is similar to the one introduced in

Chapter 2. We can formulate an optimization problem with these cost functions
similar to Problem 1. The only difference is the additional term occurred due
to the capacity constraints.

As we mentioned above for the algorithm for trees and clusters of common-

ality the assumption of concavity is not necessary so they work with these cost
functions as well. For a general network the branch and bound algorithm in-
troduced in Section 3.2 uses only the tree algorithm, so it works with capacity
constraints as well.
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4.2 Censored Order Policy

One may note the material hold at the internal queues is a dead load. The
supplier has to ship this mater but the customer does not use it. In fact, it
would be better for the supplier to ship this mater at a later time while from
the point of view of the customer it does not make any difference. Inspired by
this observation this section introduces a new policy which results lower holding
cost for the network.

Suppose demand node v has nothing in its internal queue at time ¢ and
observes d,(t) demand where d,(t) > ¢, the capacity constraint. If this node
places d,(t) demand on its suppliers, at time ¢t + 1.5, it will have more unpro-
cessed material than ¢, so it will have to place d,(t) — ¢, > 0 material into the
internal queue.

Suppose this node places only ¢, order onto its suppliers at time t and
dy(t + 1) + (dy(t) — ¢y) at time ¢ + 1. At this case node v will not have any
unprocessed material in the internal queue at time ¢, its suppliers have to ship
less product at time ¢ and the same amount at the [¢t, ¢+ 1] interval than before.
On the other hand node v will have the same amount of finished product at time
t+T,,t+T,+1e. t. c. So,if node v ”censors” its order and never order more
than the capacity constraint, the guaranteed service times can be hold with the
same S, and the safety stock of the suppliers can be reduced.

4 B
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3 D5(1)=D1(1)+D(1).~
./‘
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27 X e
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/ —~ i
/ - ////——//
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1 . /// 1)
/. T
1 L
745
0 T T T 1
0 0,5 1,0 1,5 2,0

Figure 4.1: The new demand bound
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Since with this policy the nodes will not place the same demand on their
suppliers as they observe, it is convenient to make difference between the two
kinds of demand. Let us denote the observed demand by d2(¢) and the placed
by dP(t). With these notation, the censored order policy means

dP(t) = min{d2(0,t) — dP(0,t — 1); ¢} (4.9)

for every node in V. With this order policy, the observed maximal demand
D¢ (1) for a demand node

Dy (1) = Dy(7) (4.10)

and for a non-demand node u

Dy(r)= > min(Dy(r), ey7). (4.11)
(uwv)eA

Observation 1. The new d®(¢) demands are valid if the original ones are
valid. Namely

T

D d(t+1i) < Dy(r)

i=1
2. D?(7) is concave and monotone if the originals are concave and monotone.
3. With the new demands IQ,(¢t) =0 for Yn € V, t > 0.

4. And the most valuable one

T

> do(t +1i) < DY(r) (4.12)

i=1
Inequality (4.12) induces no node has to hold safety stock more than

D°(IS+T-S)+ ma%(Do(n) —cn) (4.13)
ne
if it has inbound service time IS, outbound service time S, production lead time
T and capacity constraint c¢. Since D9(7) < D,(7) every node has to hold no
more safety stock than they hold without the Censored Order Policy.

This problem can be solved like the Base-Stock Replenishment Policy case,
since the only difference are the demand bound functions. Therefore the dy-
namical programming method for trees, the one for graphs with Clusters of
Commonality, and the branch and bound algorithm is applicable at this case.
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Chapter 5

Supply chains with different
outbound service times

The original model of Humair and Willems|[3] suppose that a node guarantees
the same service time to all of its customers. In this chapter, we construct the
model that allows non-uniform service times and make the original algorithm
for trees applicable at this case. This is an extension of the original model and
a more accurate model of the real problem. It is also useful to the companies,
because this model does not result higher total inventory, and sometimes allows
a lower one.

Section 5.2 introduces an algorithm which solves the non-uniform optimiza-
tion problem for a bipartite graph D = (S, T, A) where all the arc has the
source in the same partition (namely (vwv) € A = u € Sand v eT).

The last section shows the non-uniform case is also NP-hard if we allow ar-
bitrary cost functions.

Suppose node v has costumers ug ...uy, its inbound service time is IS and
has production time T'. Furthermore, suppose u; has demand bound D;(7) and
needs ¢,; unit material from v to produce one unit of product. As we have seen
in Chapter 2, if v quotes S,; service time to u;, it has to hold safety stock equal
t0 @yi - Dy (IS +T — Sy;). If the holding cost of & unit of safety stock at node v
is Cy(z), the total holding cost is

k
c, (Z qu-Di(IS—i—T—Svi)) (5.1)

Let us denote Zle ¢vi - Di(IS+T — Syi) by lf)vv(IS, Sv1y .-y Spk) and the
number of customers of v by §(v). With this notation, the safety stock problem
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with non-uniform service times can be written for graph D = (V, E) as

Problem 4.
min Y (Co(Dy(ISu, Svurs-- -+ Svusy)))
veV
s.t.
IS, +T, > S, Yo,u e V: (vu) € E
1S, > Sy Yo,u e V: (w) € E
Sou €Z, >0 Yo,u € V: (vu) € E
Sy > Sy Yv € V, demand node

Observation For an optimal solution to Problem 4 and for every service time

Sy = min{IS,, IS, + T,}

5.1 Algorithm for trees

Let us suppose the graph is a tree and the cost function is linear just like at the
original uniform case. Namely, C,(z) = hy, - z.

Label the nodes and define the f,(z) and g,(z) functions as in the uniform
case. Namely, let f,(x) be the optimal inventory holding cost for N, supposing
Svp(vy < 2 if (vp(v)) € A and g, () be the optimal inventory holding cost for
N, supposing IS, > z if (p(v)v) € A.

The efficiency of the algorithm depends on how fast we can calculate the
gv(x) and f,(x) functions. If we can do it at polynomial time, the resulting
algorithm is also of polynomial running time, because we iterate on the nodes
only once. To calculate the desired functions we use the following lemma.

Lemma 10. If IS, is given for node v, the optimal safety stock is the sum of
the individual optima of the branches.

Proof.

C’U(fD\:J(ISva Svuly- B Svu(;(v))) = hv : E}(IS'U’ Svula B Svu(;(v))
8(v)
=hy - Y _(Du,(ISy + Ty = Suu,))

i=1
6(v)

= (hy - Dy, (IS, + T, = Suu,))

i=1

Therefore
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min Co(Dy(ISy; Svuys--+s Svugy)) =
S7}u1 EARRS S'U'U/a(,u)

= (min(hy - Dy, (ISy + Ty = Suu,)))

‘ v,
i=1 v

This result can be applied to calculate g, (x).

co(Svurs Souzs -+ Svusys IS0) = ho - Do(ISu, Svus- -y Svugey)+
+ Z Gui (Svu,) + Z fuw(1Sy)
u; € ch(v) w € ch(v)
(vu;) € A (wv) € A
and
go() = e IS EM, ~T, 0< Sy S, co(Su, I5,)
6(v)
= xS[SII,I%IJ\I}[vav ;(Isnvtlj(hv : Du1 (IS'U + T, — Svui,)) + Gu; (Svuq))+

+ Y fuISy)
w € ch(v)
(wv) € A

For simplicity we can assume p(v) = ug(,). Function f,(x) can be obtained
similarly

Jol@) = 0<Summy <2 0<IS <M, T, co(S, ISy)
5(v)—1
= 1 i h’U'Du' I v T’U—S’UU‘ Uq Sﬂ’u.'
oglsvnélz\r/lfv—n z_; (rSIql,lur:( ISy + )+ Gu; (Sou,))+

+ Ogsrﬁ,i(ggw(hv : Du(sw) (IS, + T, — Svuc<c>)) + ogr;flgirllsv ( E):EA Juw(y)
wv
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Although these expressions may seems very complicated, but they can be
enumerated at polynomial time, therefore

Claim 1. The optimal solution can be obtained by enumerating the functions
fo(x) and g,(x) step-by-step at polynomial time.

5.2 Algorithm for bipartite graphs with head
and target partition

Let us investigate the case when the underlying graph is bipartite, D = (S, H, A)
where S and H are the sets of nodes and A is the set of arcs. Moreover suppose
if (xy) € A, then x € S and y € H. Also suppose the cost function is linear for
every node.

Observation The set of the demand nodes is equal to H.
Observation If s € S, then IS, = 0.
Let the ¢p(z) (h € H) function be the following
cn(@) =hn-Dp(@+Th—sn)+ Y (he-dan Dp(max{T, — 2,0})) (5.2)
(sh)eA
We can suppose IS, = max(sp)ca{Ssn} and Sy, = min{ISy,, T} for every

h € H, s € S. Since the cost function is linear,

> (Co(DuISy, Svurs-- -+ Svug)))) =

veESUH
:Z(hslfj;(jsva Ssula"'a Ssug(s)))+ Z(hh'Dh(Ish+Th75h)
ses heH
=3 " he ¢ Dp(Ts = Sen) + Y (hn - Di(ISh + Thy — s1)
s€S (sh)eA heH

= Z Ch(ISh) (53)

heH

Therefore the goal is to minimize ), cn(1Sy). If we take a closer look at
the definition of ¢j (), the value of the inbound service time of another ' € H
does not have any impact on the value of ¢ (x). Therefore the minimization
can be done separately.
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Lemma 11.

i 1Sy) = i 1S
15 gy 2 nISh) = O, minen(ISh)
heH heH
O
To get an algorithm that solves Problem 4 in this case we only have to add

that the minimization of cy(x) is over the [0, max(ss)ca{7Ts}] interval, so the
minima can be enumerated.

5.3 The complexity of the general case

This section proves the following theorem.

Theorem 2. Problem 4 is NP-hard for a general acyclic digraph.

Proof. At fist we choose a special cost function.

h, ifx>0
C”(x):{O =0 YveV (5.4)

Lemma 12. Consider an optimal solution to Problem J with cost functions
defined above and with a node v that guarantees service times Sy, - - - Swé(v)
to its costumers. Then the solution with the same service times, except Syy, =
min{ Sy, - - Svua(v)} s also optimal.

Proof. The value of the safety stock at nodes other than v can not increase,
because their outbound service times are not effected and their inbound service
times are not increased.

For the sake of convenience denote min{Syu,, . Svus, } by S,. If hy = 0 we
are ready. Otherwise

6(v)
> Dy, (IS + Ty = Spu,) > 06 Co(Dy(ISy, Sours- - Svugey)) = ho

i=1
Moreover

3(v)
> Dy, (ISy + Ty = Spu,) =06 ISy + Ty = Syu, =0 Vi

i=1
Therefore

Co(Do(ISu, Suurs---s Svusgny)) =06 Sou; = 1S, + T, Vi
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and at that case

which induce

C’U(,D\:}(ISU7 3\;’---7 ,S:)) :hvﬁcv(Dv(Isva Svu17--~7 S’UU5(U))) :hv

and that proves the lemma.
O

Lemma 13. There exists an optimal solution to Problem 4 with uniform service
times.

Proof. This is a straightforward consequence of lemma 12. O

Let us consider a safety stock optimization problem. Denote the optimum
of the total safety stock by opt, at the uniform case and by opt,, at the non-
uniform case. At the general case

holds. On the other hand Lemma 13 shows at this special case, when the cost
functions have the form of Equation (5.4)

opty = optny, (5.5)

also holds.

Let us specialise the problem a little more. First of all add an extra P node to
the supply chain and arcs (vP) for every non-demand node. Let D' = (V' A')
the resulting graph. Let the demand bound function be

0, ifr=0
D”(T):{L it >1

for all demand nodes including P, and
ho_ 1 ifv#P
v [V fe=P

In Section 2.4, we had shown the uniform case for this problem is equivalent
to the vertex cover problem. Moreover with Lemma 13

T = opty = 0Ptpy (56)

where 7 is the optimal vertex cover of the original non directed graph. This
proves the non-uniform case is also NP-hard. O
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Conclusion

At first, we analysed the original model of Graves and Willems|3], and the
related algorithms for special supply chain networks. Then, we proved that
Problem 1 is NP-hard. In Chapter 3, we presented two approximating algo-
rithms. The first one by Magnanti at al.[16] which uses strong flow cover cuts
and the CPLEX optimization tool. The second one by Graves and Lesnaia[17]
which was a branch and bound algorithm. In Chapter 4, we extended the orig-
inal model, introducing the concept of capacity constraints. Finally, Chapter
5 examined a modified version of the original model where the nodes are per-
mitted to guarantee different service times to their customers. We also gave a
polynomial time algorithm for trees and another one for bipartite graphs with
head and target partition. We also showed this problem is NP-hard for general
graphs.

We finish this thesis with mentioning some future research areas. It would be
interesting to develop different approximating algorithms for the non-uniform
case, and algorithms that can handle non-uniform service times and capacity
constraints simultaneously. Another area is to extend the model. The first way
is to include shipment times. The second way is to let the stages choose supplier
from stages that manufacture the same product.
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Appendix A

Common notations

e V(G) is the node set of graph G.

o A(G) is the arc set of graph G.

e I (V') is the induced arcs of V' in the graph G.
e 0(v) is the outdegree of node v.

e p(v) is the indegree of node v.

e S, is the service time node v guarantees.
e IS, is the inbound service time.

e D,(7) is the demand bound function.

e T, is the production time of node v.

e [(v) is the label of node v.

e M, is the maximal lead time of node v.

e h, is the holding cost per unit for node v.
e N, is the child sub-graph of node v.

e p(v) is the parent function.

e ch(v) is the set of children of node v.
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