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Abstract

In this paper, we address the optimal joint control of inventory and transshipment for a firm
that produces in two locations and faces capacity uncertainty. Capacity uncertainty (e.g., due
to downtime, quality problems, yield, etc.) is a common feature of many production systems
but its effects have not been explored in the context of a firm that has multiple production
facilities. We first characterize the optimal production and transshipment policies and show
that uncertain capacity leads the firm to ration the inventory that is available for transshipment
to the other location and characterize the structure of this rationing policy. Then we characterize
the optimal production policies at both locations which are defined by state-dependent produce-
up-to thresholds. We also describe sensitivity of the optimal production and transshipment
policies to problem parameters and, in particular, explain how uncertain capacity can lead
to counterintuitive behavior, such as produce-up-to limits decreasing for locations that face
stochastically higher demand. We finally explore, through a numerical study, when applying
the optimal policy is most likely to yield significant benefits compared to simple policies. In
particular, we consider two simple straw policies: 1) a policy that disallows transshipment and
2) a policy that disallows rationing and forces the two locations to transship inventory to satisfy

the other location’s shortage.

1 Introduction

Consider a firm that produces the same product in multiple locations, but faces demand and
capacity uncertainty. The capacity uncertainty is caused by factors such as downtime, quality
problems, yield, etc. The firm faces two related decisions: 1) how much should it produce at each
location and 2) how much should it transship from one location to another? Even though the
literature on transshipment is rich, it usually ignores the effects of capacity uncertainty and our
aim is to gain insight into how capacity uncertainty affects both these decisions.

The problem we describe is very common in industry. For example, we recently worked with a
diesel engine manufacturer that has multiple locations where castings are made. The capacity of
the plants making the castings in any week was random due to quality problems and, therefore,

the company was exploring transshipment from one location to another to satisfy engine plants’



demands for castings. We observed similar issues in the case of a major paper manufacturer
that produces paper cups in multiple locations in the U.S., as well as a major newspaper ink
manufacturer with over 20 plants in the U.S. In all cases, products would be transshipped from one
plant to another plant’s markets, when capacity in a plant was low in a given period. However, we
observed that the actual production policies of the plants did not take into account the fact that
such transshipments may occur. In some situations, we also observed that plant management was
reluctant to transship beyond a certain amount, due to fear that they may face a shortage next
period if their inventory levels are down significantly. All of these observations motivated us to
explore how optimal transshipment and production decisions should be made jointly and how the
level of demand and capacity uncertainty affects the behavior of optimal policies.

We consider a centralized system with two facilities that operate in two markets, produce the
same product, and sell it at constant prices. Both facilities, in addition to demand uncertainty,
face uncertain production capacities. Inventory can be held from period to period, but unsatisfied
demand is lost. All decisions are made by a central planner, who has full access to the stock
status at the two facilities. Her objective is to maximize the expected discounted joint profits
over a finite horizon. At the beginning of any period, she determines the production quantities for
both facilities. After the production and demand uncertainties are revealed, she decides how much
inventory should be transshipped from one location to another. Demands are satisfied after the
transshipment.

We examine the structure of the optimal production and transhipment policies for both facilities
and find it different from the previous research. Under various assumptions, Robinson [32], Tagaras
[35], and others verify optimality of the “complete pooling” policy for transshipment: transshipment
occurs when one location has excess stock and the other is short and the transshipped quantity is
equal to minimum of the surplus and the shortage. Due to uncertain capacity in our setting, even
when all the “complete pooling” assumptions (listed at the end of Section 4.1) are satisfied, the
optimal transshipment follows a floor-rationing policy. In other words, the whole system may be
better off with one facility keeping some safety stock and not satisfying the shortage of the other
facility. Also, it may be beneficial to ship some inventory from the facility with higher holding cost
to the other one, even when the latter does not need it, in order to decrease holding cost across
multiple periods.

Unlike the base-stock policy established in the literature, our optimal production policies for
two facilities are based on switching curves — each facility’s production quantity is a non-increasing
function of the other facility’s starting inventory — and may also depend on its own starting inven-
tory. In the special case when one of the facilities has infinite capacity, the optimal policy for that
facility is an up-to level. The up-to level is decreasing in the inventory level of the facility facing
uncertain capacity. For another special case, when both facilities have deterministic but limited
capacities, we show that modified order-up-to policies are optimal. In addition to showing that
the uncertainty in capacity changes the structure of the optimal production policy, we also show
that optimal policies behave differently (sometimes counterintuitively) in the presence of uncertain

capacity — e.g., stochastically larger demand, lower holding costs, or higher revenue may result in



strictly lower production targets. In our numerical study, we examine both the direction and size
of impact that different parameters have on the policy and on the total profit. Since the optimal
policy is fairly complicated, we consider two simple straw policies (often used in practice) and
compare them to the optimal policy, which allows us to describe when the optimal policy is most
beneficial and when simple policies perform well.

We review the literature in Section 2 and state the assumptions and formulate the model in
Section 3. In Section 4 we establish the structure of the optimal transshipment and production
policies. Then, we derive analytical results for the sensitivity of the optimal policy in Section 5. In
Section 6 we use a numerical study to describe additional properties of the optimal policy. Finally,

in Section 7, we discuss possible extensions.

2 Literature Review

In multi-location stochastic inventory systems, lateral transshipment across locations allows one
to better match supply and demand. Typically, transshipment helps a firm to deal with poten-
tial shortage of products and takes place after demand is realized but before it is satisfied. The
commonly considered costs include linear production, holding, shortage, and transshipment costs.
Krishnan and Rao [27] study a single-period two-location problem and include an extension to
N-location scenario. The costs at all locations are equal. Robinson [32] extends their work to
the multi-period multi-location case, with varying costs across the outlets. Tagaras [35] considers
a similar model and focuses on the pooling effects created by allowing transshipment, on service
levels in a two-location system. He also establishes a set of assumptions to guarantee the complete
pooling (i.e., complete transshipment without rationing).

Gross [18] may be the first to consider a two-location problem in which transshipment occurs
before the demand realization. The corresponding multi-period multi-location problem is studied by
Karmarkar and Patel [26], Showers [34], and Karmarkar [25]. Das [7] allows one-time transshipment
in the middle of the period when demand is partially disclosed. Lee [28] and Axsater [4] examine
a continuous-review system with transshipment triggered by stockouts. Archibald, Sassen, and
Thomas [1] combine Das’ [7] work with Lee’s [28] and Axsater’s [4] to a multi-period two-location
periodic-review model in which demand is disclosed continuously during the review period and the
transshipment or emergency-order decision is made whenever stockout occurs.

A number of extensions have been studied in the literature. Fixed joint replenishment costs
are explicitly considered by Herer and Rashit [21] in a two-location single-period problem. Tagaras
and Cohen [36] study the effect of replenishment lead times. Axsater [5] considers a centralized
system with more than two locations and develops an effective heuristic decision rule for lateral
transshipment. The first paper, we are aware of, that considers decentralized decision makers is
Rudi, Kapur, and Pyke [33]. They analyze a two-location single-period model where each location
maximizes its own profits. The authors identify transshipment prices which induce both locations
to choose inventory levels consistent with joint-profit maximization. Anupindi et al [2] addresses a

similar problem. More general multiple location decentralized distribution systems are studied by



Anupindi et al [3], Granot and Sosic [17], and Zhao et al [39].

All of the above papers consider stochastic demand and assume that replenishment capacity
is infinite and certain. Capacitated inventory systems and systems with uncertain capacity are
considered in a separate group of papers, but these papers do not consider transshipment among
locations. We first list papers that consider deterministic but limited capacity. Federgruen and
Zipkin [11][12] study a system with the stationary stochastic demand and capacity restrictions and
show that order-up-to policies are optimal for the infinite-horizon case. Glasserman and Tayur
[14][15][16] assume order-up-to policies for a multi-echelon system and describe how to find optimal
up-to levels. Parker and Kapuscinski [31] show that up-to policy is optimal for a 2-echelon ca-
pacitated system. Kapuscinski and Tayur [24] consider a capacitated production-inventory system
with non-stationary demand. A multiproduct version is analyzed by DeCroix and Arreola-Risa [8].
None of these papers considers multiple locations.

Capacity /production uncertainty has been modeled in two different ways. One approach has
been heavily influenced by yield issues in electronics manufacturing and uses the concept of stochas-
tically proportional yield or random yield, as defined in Henig and Gerchak [20]. The other approach
regards the capacity in a given time interval as a random variable. Random-yield models assume
that a random fraction of a quantity ordered (or attempted to produce) is actually good (Henig
and Gerchak). This is an appropriate model when the uncertainty is due to uncertain quality of
individual items produced in a batch. Lee and Yano [30] extend the approach to multi-echelon
systems with yield losses. Lee [29] and Gerchak, Wang, and Yano [13] consider the case when
components are assembled and the suppliers have uncertain yields. Yano [37] allows for random
lead times. Grosfeld-Nir, Gerchak, and He [19] take inspection of the possibly defective units into
account. Yano and Lee [38] provide an excellent review of random yield literature in the context
of lot sizing.

Ciarallo et al [6] and Duenyas et al [10] regard capacity in a given time interval as a random
variable, i.e., maximum production in any given time interval is uncertain. These papers, however,
do not consider lateral transshipment. In a chapter of a recent dissertation, Zhao [40] allows for
transshipment between two M/M/1 queues and characterizes optimal policies.

In this paper, we focus on an inventory/production model with general demand and capacity
distributions. We follow the approach in Ciarallo et al, and Duenyas et al and model the firm’s
capacity every period as a random variable. Unlike in those two papers however, we focus on a
firm that produces in two locations instead of one. Our aim is to explore how the level of capacity
uncertainty affects optimal transshipment decisions and optimal production when goods can be

transshipped.

3 The Model

We consider two manufacturing facilities, each serving its individual market, through multiple time
periods. The facilities face uncertain capacity — they do not know with certainty how much they

will be able to produce in any given period (e.g., due to machine downtime or quality and yield



issues). The uncertain capacities in each facility are characterized by capacity distributions which
are independent in time and of each other. The facilities also face demand uncertainty. The
stochastic demand distributions are independent in time but can be correlated for any given period
across the two facilities. This assumption is relaxed in Section 7 by allowing dependence across the
time periods (using a Markov-Modulated process).

In any period, production decisions are made first: the firm decides how much it will attempt
to produce in each of the facilities that period. Then, the capacities and demands are realized
for both facilities. The actual production is the minimum of planned production and the realized
capacity. Finally, decisions are made regarding transshipment of inventory between facilities. We
assume that demand that is unsatisfied after transshipment is lost. The firm earns linear revenues
on satisfied demand and incurs linear production, holding, and transshipment costs. The objective

is to maximize the joint discounted profit for both facilities. Let 7,7 = 1,2 denote the facilities and
¢; = variable production cost for facility ¢;
h; = variable holding cost for facility ¢;
sij = variable transshipment cost from facility 7 to j, i # j;
r; = unit revenue for facility .

We assume that marginal profit is always higher when using a unit to satisfy demand at the

facility where it was produced rather than transhipping to satisfy demand at the other facility i.e.,
rg —s12 — 11 < 0, r1—s21 — 12 < 0.

(This assumption is a subset of a bigger set of “complete pooling” assumptions made in other
work, e.g. Tagaras [35], and it only slightly influences our results. In Section 7, we present a
more-detailed discussion of this assumption.) Obviously, in any specific period we do not transship
in both directions and, thus, the cost of transshipment can be expressed as a function of the change
in the inventory before and after transshipment.

We use boldface notation to represent two-dimensional vectors. Consider N + 1 periods, where

the ending period is NV + 1. For facility ¢ and period k we denote:

:vf: starting inventory level;
yf: planned production target (starting inventory + planned production);
Tik: stochastic capacity with pdf ff and cdf Fik;

y; = achieved target, i.e., gf’ is the realization of Yf = yf’ A (a:f + Tf),

DF= stochastic demand, with pdf qf and cdf Qf;

zf= intermediate inventory position after demand is realized but before transhipment,
i.e., zf is the realization of Zf = )_/Zk — DZ’-“;

= inventory position after transshipment, i.e., 2§ + 25 = 28 + 25 and (2F — 2F)* is

the quantity transshipped from facility ¢ to the other one;



ap= discount rate, 0 < oy < 1.

Realizations of Df and of T are denoted by df” and tf.
We analyze the problem using two-stage backward induction and denote G¥(x*) as the optimal

discounted profit-to-go from period k with starting inventory x*. We can formulate the model as

follows:
Stage One: GH(x")= max Bpv i Loy A 4T XD GA T DY) (1)
Stage Two: G¥(z*)= 7max G (2", 2F) (2)
ghpzh=2b 2k
where G¥(2*,2%) = —r(2F)” — h(z")T — s(z" — 2M)" + . GFTL((EMT) (3)

and GNT1(xN+)=0.

In stage one, production quantities are decided by choosing inventory target y* > x¥. The
first term on the right hand side of (1) is the production cost that the firm incurs given how much
it produces once the two facilities realize their capacities. rDF represents the full revenue for any
realized demands (the revenue for the unsatisfied demands is deducted later in stage two). Once the
firm realizes its demands, it has the intermediate inventory position z*, which is the realization of
y* A (x¥ 4+ T*) — D*, and needs to decide on transhipment quantities. In stage two, the firm decides
on final inventory positions after transhipment (or equivalently on transhipment quantities). The
firm deducts revenue for each unit of demand it is unable to satisfy, incurs holding costs for each
unit of inventory it carries and transhipment costs for each unit transhipped. Note that the profit

function for stage one is based on optimal decisions in stage two and is expressed using G%(z*).

4 Optimal Policy

We now characterize the structure of the optimal policy for the model given in (1)-(3). We will
divide our analysis into two subsections. The first one (4.1) contains a full characterization of the
structure of the transshipment policy (Theorem 1) and a derivation of some properties of the value
function G¥(z*) which is used in the second subsection (4.2). We characterize the structure of the
optimal production policy in each facility in the second subsection (Theorems 2-4) and show how the
structure changes depending on whether each of the facilities faces uncertain capacity. Theorems 1
to 4 along with our sensitivity results in Section 5 clarify the role that capacity uncertainty plays in
production and transshipment planning, which has not been addressed in the previous literature.
We prove the structure of the optimal policy by induction. As a part of our inductional step,

we assume that, from period k + 1 on, the profit-to-go function G¥*!(x**!) has the following
K(y) and

three properties. (We denote the partial derivatives of function K(y) as K.(y) =

2
Kii(y) = ﬁf((y})
ARFL L GEHL (xFH1) s jointly concave in x

i

k+1 and

(GEHH M) < (GEFH T (x ), (G5 (x ) < (G5 (x4



AETL L GEHL(xFH1) s submodular and (GEF1),(xFH) = (GRS, (xFH1);

ARFL (GEHDY (xR <y, for i = 1,2,

Notice that joint concavity of GE*!(x**1) implies the existence and continuity of one-sided first
and second derivatives everywhere except on a set of measure 0. Whenever one-sided derivatives
are not equal, all of the inequalities hold for the sets of supergradients. (In order to show concavity,
in our inductional step we prove that the first derivative is non-increasing, even at the discontinuity
points.)

Properties Alfﬂ to A]§+1 guarantee that profit function behaves predictably, even though the
function maximized in Stage 1 is not concave in y*. Using them, we first derive the optimal
transshipment and production policies for period k, and then prove that the same properties also
hold for the profit-to-go function G¥(x¥). Notice that for the ending period N + 1, all three
properties trivially hold.

4.1 Transshipment Policy

Let the current period be k and assume that A}, A}, and A} hold, for i = k+1,...,N + 1. The
optimal transshipment policy for given z* is identified by solving (2). Hence, it is critical to specify
the first derivative of G*(z*,2*), defined in (3), with respect to z¥. Notice that 2¥ and 2} are
related through #F + 25 = 2§ + 2§ and we always consider only one of them (depending on the

scenario) as a decision variable. We have the following first derivatives of G¥(z*,2%) (i = 1,2):

=[=hi + (G @) )] zrs0y + [ha—i — ar(GE5 (@M D)1z g

+rilgzecoy = Ta—ilysr <oy T Sis—iliah shzoy — $3-iilizh sk o) (4)
The policy defined below is the basic structure of the optimal transshipment policy for our model:

Definition 1 Consider intermediate inventories (z1, z2), with z = z1 + 2z2. Define

(a) state-dependent rationing policy for facility i, SRi(x;(z)), as follows: Facility i trans-
ships (z; — xi(2))T to facility 3 —i.

(b) floor-rationing policy for facility i, FRZ'(L.,)_Q(Z)), as a state-dependent rationing policy
SRi(xi(z)) where x; is a constant, and x;(z) = x, for z < x,, and xi(z) = X;(2) for = > x,. We

refer to X, as facility i’s floor.

Before formally presenting Theorem 1, first observe that under our assumptions, given produc-
tion decision y*, a facility will never tranship if 1) its intermediate inventory position is negative
(by our assumption on revenues, it is better to satisfy first all of its own demand than to tranship)
or 2) the intermediate inventory position of the other facility is positive and it costs the same or
more to hold inventory in the other facility. Equivalently, once production decisions are made, fa-
cilities will consider transhipping only if they have surplus inventory and 1) the other facility needs

the inventory to satisfy an immediate demand in the present period, i.e., negative intermediate



inventory position or 2) the other facility does not need the inventory to satisfy demand this period
but is a cheaper place to hold inventory.
For the remainder of Section 4, we assume hq > ho. For he > hq, all the statements and the

arguments hold symmetrically.

Theorem 1 (Optimal transhipment for multi-period problem, hy > hgy)
In period k, let the total intermediate inventories be 2~ = Z]f —1—212“. The optimal transshipment policy
1s defined by floor rationing policies, FRI(X]f,)ZIf(zk)) for facility 1, and FRQ(X];, 2F) for facility 2,

where

1. For zF > X’f, le < XK (%) < 2F; particularly, if hy = ha, X¥(2F) = 2.
a—k
20 <L

QJ

3. Xf 1§ non-increasing in the current-period h; and r3—;, non-decreasing in the current-period

si,3—i, and independent of current-period hz—;, v, and s3_; ;.

4. )Zlf(zk) 18 non-increasing in the current-period hi and non-decreasing in the current-period hs

and s19.
Proof: First of all we observe that G*(z*,z*) is concave in (2*,2z*). It suffices to justify that
function —r1(2F)™ — r2(25)™ + apGETL((28)F, (25)) is jointly concave in 2*, which is guaranteed
by inductional hypothesis A]fH and Ag“.

Now we characterize the optimal transshipment from facility 1 to 2. As we have observed above,
we only need to consider the case where z¥ > 0. From (4), the first derivative of G¥(z*, 2%) w.r.t.

2% becomes

—h1 — 12 + s12 + ap(GETYH EF,0) if 28 <0 (ie., 2f > (2F)T)
g1(2",2") = § —h1 + hy + s12 + RG] EF 25 — 28 — apGEFDEEE 22 — 2D)
if 28>0 (ie., 0 < 2F < 2F)

Clearly, since G*(2*,2z*) is concave in (2*,2%), g1(z*,2*) is non-increasing in 2} for given 2*.
Denote gi(2F) = —hy — 72 + s12 + ap(GFH{(EF,0) and then let Xl = oo if g1(2F) > 0 for all
2k otherwise Xl = min{2¥ > 0| ¢} (2¥) < 0}. Furthermore, denote 91( 2F) = —hy + ha + s12 +

apGFHO EE 2P — 28 — apGFFHLEF,2F — 28) and then let yF(2F) = 2F, if ¢2(2%, 2F) > 0, for all
2k € [0, 2%, otherwise x}(2%) = min{2F| g?(2F, 2F) <0, 2§ € [0, 2¥]}.

Given a 2¥,

since g1 (z*,2") is independent of 2}, X’f is facility 1’s optimal rationing level when
2k < X]f and x}(z¥) is facility 1’s optimal rationing level when z¥ > le' Thus, FRl(K]f,)ZIf(zk))

describes the optimal policy.

The following is the justification for 1-4:

1. X¥(2F) < 2* holds trivially due to definition of x¥(2*). From A% and AFT! g?(2F 2F) is

non-decreasing in z¥, hence, as z¥ > 2F, g1 (2F) < g?(3F, 2F) < g?(2F, 2F). Therefore, substituting



= X]f, we have that g} (le) < g%(zk,xlf), which implies that for z* > le’ XE(2F) > le' When

h1 = hs, facility 1 transships nothing when 25 > 0. Hence, )Z’f(zk) = 2.

2. According to the definition of );(C'f(zk), since g?(2", 2¥) is non-decreasing in z¥, ¥¥(2*) is also
ox X
non-decreasing in zF. Thus, 0 < 87?2(’1 To prove 872(’1 < 1, consider function g?(z*, zF — 25) for

28 > 0. Define 23(2*) as the optimal inventory position at facility 2 after transshipment. Clearly,
25k (2F) = 28 — xF(2%), and 23%(2%) is either the point that satisfies g?(2%, 28 — 258 (2%)) = 0 or is
one the end points of [0,2¥]. From A¥! and AET! g2(2F 2F — 25) is non—kdecreasing in 2§ and
%]
, implying 1 — ——== > 0.
plying 1 — =% >

3. Immediately follows since le is determined by g%(if), which is a non-increasing function of

non-increasing in z*. Thus, 25%(2*) is non-decreasing in z*

h1, 2, non-decreasing function of s12, and independent of hs, r1, and so1.

4. It follows since g%(zk, élf) is non-increasing in h; and non-decreasing in he and sis.

Now, consider transshipment policy for facility 2. All the arguments are symmetric. Since ho < hq,
by our observations, transshipment is used only to eliminate potential shortages and we immediately
have that 5 (2%) = 2* for 2% > X’;. u

Theorem 1 implies that it may be profitable to ship inventory that is not immediately needed
from higher holding cost facility 1 to facility 2. At the same time, both facilities may also have an
incentive to ration their inventory. What makes this problem interesting is that depending on the
intermediate inventory (after production and demands are realized), a range of behaviors may be
optimal: rationing, transshipping full needed amounts, and transshipping inventory even though

none is immediately needed by the other facility. Figure 1 illustrates the optimal transshipment

k
Z
.2

‘zé‘(zk)
O

Transship from 2 to 1

N \Z

Transship from 1 to 2

Figure 1: The optimal transshipment policy as a function of intermediate inventory positions.

policy. For each facility, the optimal rationing level Xf(zk) is composed of the floor X? and a non-
decreasing function y#¥(2*). (For lower-holding-cost facility, x¥(z¥) = 2*.) If intermediate inventory
level exceeds the rationing level, transshipment down-to that level will be made. The two optimal
rationing levels divide the space of (z’f, z§) into three areas — I: tranship from 1 to 2, corresponding
to 28 > x¥(2¥); II: tranship from 2 to 1, when 2§ > x%(2*); and III: do not tranship, 2§ < x¥(z¥)



and zé“ < X’g(zk). By inserting the optimal transshipment policy for each area, we can rewrite the

stage-two value function G%(z*) in (2) as follows:

Gg(zk)zl{zfpxlf}[*hlxlf — ha(21 + 25 —xD)* —ra(ef + 25 — XI) T —s12(2f —x1)
FanGEFL O, (o + 25 = D))
+1{z§>x§}[_ haX5— r1(21+25—x5) " —s21(25 — x5) +aGET (21 + 21 — x5) ™, Xé)}
+1{zf§x’f}1{z§§><§}[ —h(z")" —r(2")” + G ()T (5)

The following Proposition 1 describes the properties of quf (z*), which we use in our proof of the

structure of the optimal production policy in the next subsection.

Proposition 1 G¥(z*) has the following properties (i = 1,2):
1. G%(z%) is concave in z* and lim_x_,__ G¥(2F) = —c0 (i = 1,2).

Zi —00 v

2. Its first derivatives satisfy:

(a) (Gy)i(z") <.

For period k’s holding cost h?, revenue rf, and transshipping cost 5?,3—1';
9 kN (. k 0 k\/ k
(b) W(Gv)i(z ) < W(Gv)Zi—i(z ) < 0.
9 kN (kK 9 ky\/ k
(c) w(Gv)i(Z ) = %(Gv)?)—z(z ) =0
(@) 5 (G <0, (@) > 0
635,3% v - 83?73% vIs—i

3. Its second derivatives satisfy:

(a) (Gy)i(2") < (GD)y(2") = (G (2*) < 0.

) 0 0
(b) @(Gﬁ)g(zk) > adlg_'(ij);(Zk) = ﬁ(@’f)é—i(zk) > 0.
Proof: See Appendix. -

Before we discuss the production policy, we note that our floor-rationing policy is different from
results in Tagaras [35] and Robinson [32]. Under a set of “complete pooling” conditions, these
papers show that the transshipment takes place only when one facility has excess inventory and the
other is short, and that the transshipped quantity is the minimum of the surplus and the shortage
quantity. Thus, in all of these papers, a facility that has excess inventory always satisfies as much
of the shortage in the other facility as it can and no rationing takes place. The assumptions made
in those papers correspond to the following for our model h; +r3_; —s;3-; > 0, c3—; —¢; —si3—; < 0,

h3—i—hi—si3—; <0,and r3_;j—r;—s;3-; <0, (i = 1,2). As we emphasized before, we only use the
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last of these assumptions. However, a unique feature of our paper is our consideration of uncertain
capacity. Thus, even if all of the above assumptions were satisfied, this still does not result in
complete pooling when capacity is uncertain. For instance, consider a 5-period two-facility system,
with ¢; = co =1, hy = he = 0.005, 71 = r9 = 1.11, and s12 = s91 = 0.1. Both facilities face demand
(0,1,2) with probabilities (0.2,0.6,0.2), and capacity (1,2,3) with probabilities (0.8,0.1,0.1). It
is easy to see that all of the above “complete pooling” assumptions are satisfied. However, the
transshipment policy for facility 7 is FRi(1, z), where z is the sum of the intermediate inventories,
i.e., either facility always uses rationing such that it will reserve 1 unit and never ship this unit to

the other facility, even when the other facility is short.

4.2 Production Policy

In this section, we characterize the optimal production policy. The production decisions are based
on the structure of function G¥(z*), which is the profit function, with the revenue for actual
demand excluded. The optimal production targets are determined by (1). By defining G*(y*) =
Ep:[GE(y* — DF) +rD*] — cy”, (1) can be expressed as:
GH(xF) = max EpG*(y" A (xF+TF)) + ex*.
yh>xk

It is easy to check that all the properties listed in Proposition 1 also apply to G* (yk) w.r.t. y*,
except 2(a) becomes (G¥)i(y*) < 7; — ¢;. Due to capacity uncertainties, the objective function
EreG*(y* A (xF4+TF)) 4 cx* is not concave in y*. We prove, however, that it is unimodal in y*.
Let us define function G1%(x*, y*) := ETI;QGk(yIf A (zh + TF),95) and set A1%(x*) = {(y}, 25 v
95 (Y [G1F (xE, yf, 95 (yh)) = max G1E(xF, y®), yf > b}, as well as symmetric G2F(x*, y*) and
A2F(x*) in the same way. We have the following:

Proposition 2 (a) The objective function of (1) is unimodal in y*. (b) AF(xF) := A1¥(x¥F) N
A2k (xF) is not empty and is a subset of (1)’s mazimizers. (c) y*™* € A¥(xF) < y** satisfies (6) to

(9):

AP, y*) o= B (GM (03", 53" A (2 + T3)) <0 (6)

A5 (x",y**) = Epp (GR)(y7* A (aF + TT), 13%) <0 (7)

yi* > @ and (yi* — PN (x", y**)=0 8)

ys" > af and (y3" — 25) A5 (x", y)=0 (9)

Proof: See Appendix. u

KKT conditions can be obtained from conditions (6) to (9) by multiplying (8) and (9) by

1— EFF(y¥ —2%). Thus, as long as the optimal production quantity y* —x*

is reachable with positive
probability, conditions (6) to (9) are not only sufficient, but also necessary. In the remainder of

the paper, we use the fact that (6) to (9) define the set A*(x¥). Since set A¥(x*) may have

11



multiple elements, for the purpose of consistency, let us consider a specific maximizer y**(x*) :=

arg max{arg max A*(x)}.
k k
Y2 Y1

The following Proposition 3 derives properties of the optimal solution y** which we will use in

proving the optimal production policy.

Proposition 3 Consider period k. The optimal solution of (1), y*(= y**), has the following
properties (i = 1,2):

O 1< M g g 0%

x, O0xg_,; x, Ox,

1. -1 <

2. For a given x° and the corresponding y**(x°):

(a) If either
(i) F;(y?* — 29) =0 (facility i can reach yY* with probability 1), or
(ii) y3*; = 23_, (optimal policy at 3 — i is to produce nothing),

then for all z; > 29, we have yi = y¥* V xz; (produce up to yd*).

17
(b) If F5_ ,-(yg”‘Z — 129 ) =1 (facility 3 —i’s capaczty does not exceed y$*, — a3_,), then for

all z; < 2, we have y = y?* (produce up to yP*).

17
3. For a given x° and the corresponding y**(x°):

If Fi(y?* — 29) = 0 (case a(i) above), then for all 29 < z; < y¥*, we have yi_, = y5* ;.
Proof: See Appendix. n

Essentially, Proposition 3 shows that if the desired inventory targets are reachable with prob-
ability 1, then the optimal production policies become up-to policies. Obviously, when capacity is
uncertain, the facility may not reach its target, and we therefore need to characterize further the
policy in that situation. Before doing so, to complete the inductional proof, we need establish the

following Proposition 4 which verifies that all of the inductional assumptions A'f , AS, and A’?‘f hold.

Proposition 4 G¥(x*) has the following properties: (i = 1,2)
Ak GF(xF) is jointly concave in (2%, 25) and (GF)"(x*) < (G )“ 4(xF);
AL - GE(xF) is submodular and (GF)y(xF) = (GF)Y, (xF);
AL (GRYU(xF) <7y, fori=1,2.

Proof: See Appendix. .

We are now ready to characterize the structure of the optimal production policy completely. We
are interested in how our results depend on the capacity distribution. We define uncertain capacity
as the most general case where capacity is stochastic. We define certain-limited capacity as the
case where capacity in every period is deterministic but finite. Finally, the third case is where we

assume no capacity limitation, i.e., infinite capacity. We divide our characterization into several

12



cases: (1) when both facilities have uncertain capacity and (2), when one facility has uncertain
capacity and the other has infinite capacity. Finally, we note two interesting special cases: (3)
when both facilities have certain-limited capacities and (4) both facilities have infinite capacities

(previously addressed in the literature).

Two Facilities with Uncertain Capacities
Consider first the general case where both facilities may have uncertain capacities, i.e., Pr(Tfc =
o0) < 1.

Theorem 2 The optimal production policy at facility i is a function of the other facility’s inventory

x3 ; and is defined by two thresholds :c < x , (also functions of x3 E
7y = o (of_)=(inf{af : Ff(y;* —af) = 0}) A (inf{af : y3%; = 25_,})
ﬁf —ﬁf(ffg—i)zsup{% ¢F3—i(l/3 i l"lz)f i) =1}AZ (1‘3 i)

two order-up-to levels gz‘k < gj;‘k, and one function yjk(xk) such that
ook k sk
1. if xf < 7, then produce up-to Y
koo mk ek
2. if xi >z, then produce up-to y;*~;

3. if ¥ <k < F% then produce to yF(x").

Furthermore, all thresholds, up-to levels, and y;*(x*) are non-increasing in z%_., y:*(x*) is non-

decreasing in x , but y; k(xk) — x; is mon-increasing in xy .

Proof: We only consider i = 2. Clearly, from the definition of z&, 2§ < z%. g;k < g5k follows
1mmed1ately from Proposition 3 property 1 and xQ < 3:2

1. o5 < 2%, Note that 2§ < sup{a} : FF(yi* — %) = 1}. Since y* is non-increasing in x5, for
any 25 < 2%, the corresponding FF(y:* — 2¥) = 1. Hence, from 2(b) of Proposition 3, facility 2
produces up to y;k .

2. x5 > z5. Consider each of the two cases: 1) If 5 = inf{a} : yi¥ = 2%}, since yi* is non-

increasing in & (from Proposition 3 point 1), then as x% increases from 75 to oo, y1 = o¥. Thus,
from Proposition 3 2(a )i, facility 2 produces up to g3¥. 2) If 75 = inf{z} : F¥(y3* —2%) = 0}, since
y3¥ — 2k is non-increasing in z& (from Proposition 3 point 1), for any x5 > &, the corresponding
F¥(ysF — 25) = 0. Hence, from Proposition 3 2(a)i, facility 2 produces up to 73*.
3. follows directly from Proposition 3 property 1.

Note that the properties of y;‘k(xk) follow from Proposition 3 property I. Now we prove that all the
thresholds and up-to levels are non—increasing in z¥. For the up-to levels, the conclusion immediately
follows since y* is non-increasing in :cl (Proposition 3 property ). For the thresholds, suppose
&k > 2. Tt suffices to show that {z% : F§(y3k(ak, 2k) —2%) = 0} C {ak : FF(ysk(ah, 28) — 25) = 0},
{af : yih(af,28) = «f} C {af : yi* (2}, 25) = 21}, and {af : FI(yi* (@, 28) — 21) = 1} C {af

Linf ) = supR = oo and sup @ = inf R = 0.
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FF(yik(ah 28) — 2¥) = 1}. We present the verification of {2} : F¥(y3 (xlf,xé:) — k) =0} C {oh:
FF(ysk(ah, o5) — o) = 0}. Let zb satisfy FF(ys%(ab, 25) — 24) = 0. y3* is non-increasing in x¥

(from Proposition 3 point 1), implies 0 = Fy(y3¥(a%, 28) — 28) > FF(ysk 3k, 25) - xg) > 0 and
0
ok € {ok : FF(ysk (2%, 2k) — 2%) = 0}. The other two subset inequalities ?jz:lk <1l. =
1

Figure 2 illustrates the structure of the optimal production policy for one of the facilities when
both facilities have uncertain capacities. The solid lines in Figure 2 correspond to the two thresholds
and the dotted lines correspond to the up-to-levels. Consider a fixed initial inventory at location
1, 1 = a. For the initial inventory of supplier 2, x9, below z5(a) and above Zs(a) the optimal
production is up to g;k(a) and 73¥(a), respectively.

The logic for both cases bears some similarities. In general, the target is a function of both
locations’ starting inventories 1 = a and x2. However, when zy < z,(a), x4(a) is such that
supplier 1 can never reach her desired target and will produce as much as capacity allows. Thus,
given fixed initial inventory (and all possible realizations of capacity) of supplier 1, the objective
function depends solely on the ending inventory of supplier 2 and the best such level is supplier 2’s
up-to level. (This is illustrated by starting points (a,b;) and (a, b2) in Figure 2 where in both cases,
the up-to-level for supplier 2 is Q;k(a)) On the other hand, when 29 > Z2(a), either supplier 1 does
not need to produce or supplier 2 can surely reach her desired target. When supplier 1 does not
produce and supplier 2 is the sole source, the intuition is exactly the same as above. When supplier
2 can surely reach her desired level, the situation is equivalent to having infinite capacity in the
current period. Consider starting inventories of (a, bs) and the corresponding optimal targets, with
the lowest total cost. Decreasing starting inventory at location 2, from by to b3 does not disable
supplier 2 from reaching the same target point (which has the lowest cost). Finally, if the starting
inventory is between the two solid lines (representing the thresholds), then the policy is to try to
bring the inventory to y*(x*) (not shown in Figure 2).

Note that if only one of the facilities faces an uncertain capacity and the other has infinite
capacity, the optimal policy is simplified considerably. It corresponds to having a single up-to

curve, as illustrated in Figure 3 and described below.

One Facility with Uncertain Capacity

Theorem 3 Let facility 1 have uncertain capacity and facility 2 have infinite capacity.

1. Facility 1’s optimal policy is exactly as defined in Theorem 2 with g’{k =0 and g’l‘k = 0.
Furthermore, when :1:2 < y3k(a¥), production target of facility 1 is independent of facility 2’s

starting inventory ac2.
2. Facility 2 produces up to y%‘k(x’f), and ygk(x’f) decreases in facility 1’s inventory x’f

Proof: Facility 2 has infinite capacity. Since P’I“(TQk = o0) = 1, from definition of f’; and 212“, we
have a7:12C = a:'z‘“' = 0. Hence, facility 2’s optimal policy is an order-up-to policy, which is a function
of facility 1’s starting inventory z%. Slmllarly, we know z¥ = 0 and y = 0. From Proposition 3
property 3, clearly, when z§ < 3% (2%), ¥ is independent of 5.
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Figure 2: Facility 2’s thresholds and up-to Figure 3: The up-to levels of facility 2 (with
levels (with uncertain capacity). infinity capacity).
L]

Figure 3 illustrates the production policy for facility 2 (with infinite capacity). Theorem 3 also
shows that the production policy of the facility facing uncertain capacity is basically determined
by whether or not the other facility needs to produce. If facility 2 (with infinite capacity) already
has sufficient or excess inventory (i.e., z& > y3¥(2¥)), then facility 1’s policy is to take this excess
into account and to try to produce up to gj{k(xg). However, if the reverse is true, then facility 2
is below its target and since it can produce any quantity with probability 1, then facility 1 does
not need to take into account the starting inventory in facility 2 when making its own production

decision.

Two Facilities with Certain-Limited Capacities

Let now both facilities have deterministic capacities and facility i’s capacity is limited to C’i’C in
period k, that is, Pr(]}k = Czk) = 1 for + = 1,2. This may be viewed as a special case of the
scenario with both facilities having uncertain capacities. By Proposition 3 point 2, modified order-

up-to policies, similar to that in Kapuscinski and Tayur [24], is optimal:

Theorem 4 Consider two facilities with certain-limited capacities Cf (i = 1,2). The optimal
policy is defined by modified order-up-to levels which are functions of the other facility’s starting
inventory, i.e., facility i produces min((y;*(z5_;) —aF)*, CF).

Two Facilities with Infinite Capacities
The case when both facilities have infinite capacities has been well studied. Robinson [32] shows
that each facility uses a base stock policy, and can ignore the other facility’s inventory level in

determining its production quantity, as long as both starting levels are below the base stocks.
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5 Sensitivity of Optimal Policy

In this section we discuss how the facilities’ capacity and demand levels, and cost and revenue
coefficients affect the optimal policy. While we address the optimal policy for the multi-period case,
we analyze changes in capacity and demand, cost and revenue coefficients only in a single period
and, without loss of generality, only at facility 1. We are particularly interested in how changes
in these variables affect the optimal inventory levels in each of these facilities. For example, does
higher unit holding cost in a facility imply that target inventory levels at that facility should drop?
Although this would be intuitive, and it is actually true if both facilities have infinite or certain-
limited capacities, this turns out not necessarily to be the case when capacities are uncertain. This
is why we formally analyze the effect of stochastically higher demand or capacity, higher holding
costs, higher revenues, and higher production and transshipment costs on the parameters of the
optimal policy.

All of our analysis relies on the following technical result. Consider a problem FP,:

(P) Ki(a,y)=0
“ Ks(a,y) =0

and denote its solution set as A(a) = {y(a) = (§1(a),92(a))|(Pa)}. If solution set A(a) is convex
(which is always the case in the propositions below), then choose y*(a) := arg maxy, {arg max;, A(a)}

to analyze how y*(a) is changed by changing parameter a.
Proposition 5 Suppose problem P, satisfies
vii(a,y) < viz—i(a,y) <0, (10)

where vij(a,y) = Ki(a,y) (i,j = 1,2), and its solution set is convex. Denote v;j = vi;j(a,y*)

9y,
and u; = ui(a,y*) = %Ki(a,yﬂy:y*.

1. If Ki(a,y) is non-increasing (non-decreasing) in a and Ko(a,y) is non-decreasing (non-

increasing) in a, then yi(a) is non-increasing (non-decreasing) in a and y3(a) is non-decreasing

(non-increasing) in a.

2. If both Ki(a,y) and Ka(a,y) are non-increasing (non-decreasing) in a, then yi(a) + yi(a)
is non-increasing (non-decreasing) in a. Furthermore, if there exist 3; > 0, such that (P,)
satisfies

Bivii < F3-iV3—4i (11)

then

(a) if Bilui| > Balual, yi(a) is non-increasing (non-decreasing) in a.

(b) if Bilui| < Ba|uz|, y;3(a) is non-increasing (non-decreasing) in a.
Proof: See Appendix. u
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In the remainder of this section, K;(a,y*) = A\l (x*,y*), where Al (x*,y*) is defined in (6) and
(7) and is a function of parameter a which will be the parameter that we are interested in changing
in our sensitivity analysis. For example, a is capacity distribution le in Section 5.1, demand

distribution D]f in Section 5.2, and any of cost or revenue coefficients, hy, 1 ¢1 and s12, in Section

5.3. Hence, v;j(a,y") = (fk)\};(xk,yk). From Proposition 1 point 3(a), (10) clearly holds. Let
Yj

Bi =1— FF(yr* — 2¥) > 0, for i = 1,2. We have

*k—l‘k

Y2 2
Brvin = B182(GH) (y*) + ﬁl/O(Gk)/ﬁ (yi*, b +t5) < B152(GF)5, (y™) = Bavar.

Thus, (11) holds for ¢ = 1. Inequality for i = 2 holds by symmetry. Also note that for K;(a,y*) =
AL (x*, y*) solution set to (P,) is guaranteed to be convex due to Theorem 2(a). In the remainder

of this section, we use “increase” and “decrease” in the non-strict sense.

5.1 Sensitivity to Capacity

Since transshipment decisions are made after both capacity and demand are realized, capacity
uncertainty in the current period has no effect on the current-period transshipment policy. It,

however, influences both facilities’ current-period optimal production policy.

Proposition 6 If in the current period k, facility 1’°s capacity stochastically increases, then facility

1’s optimal inventory target increases and facility 2’s target decreases.

Proof: Consider the optimal production targets satisfying conditions (6) to (9). Notice that facility
1’s capacity distribution appears only in (7). Assume first that “=” does not hold in (7), i.e.,
M (xF ik ak) < 0 and y3* = 25. Suppose (yi*, %) satisfies (6) and (8). Then any stochastic
increase in facility 1’s capacity guarantees A\?(x*,y*, z5) < 0, since G*(y*) is submodular in y*,
while expressions (6) and (8) are not influenced. Thus, (y;*, z%) satisfies (6) to (9) and remains the
optimal target.

Let “=" hold in (7). Denote K;(TF,y**) = i (x*,y**). The optimal production targets for
both facilities y* must satisfy K1(TF,y**) =0 (or y¥ = 2%) and Ko(TF,y**) = A} (x*,y**) = 0,
where facility 1’s capacity distribution le is the parameter in K7 and Ks. As le stochastically
increases, the value of Ko(TF,y*) decreases, and the value of K1(T},y*) remains the same, since
T 1k does not appear in its formulation. Since (10) holds, from Proposition 5 point 1, y}‘k increases

and y3* decreases. "

5.2 Sensitivity to Demand

Now we consider how the current-period demand influences the optimal policy. Once again, optimal
transshipment policy is not influenced. Consider facility 1’s demand distribution to be stochastically
increased, while facility 2’s demand distribution is unchanged. Intuitively, we expect facility 1 to

raise its inventory target and the sum of the two facilities’ targets to increase.
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We find that while an increase in demand always increases the sum of the two facilities’ inventory
targets, the facility that experiences the increased demand may actually lower its inventory target.

However, this cannot happen when the facility has infinite or certain-limited capacity.

Proposition 7 If facility 1’s demand stochastically increases in the current period k, then the sum
of the production targets at the two facilities is increased. Furthermore, if facility 1 has infinite or

certain-limited capacity, its production target is increased.

Proof: Note that for given 3%, we can define a function ¢ (y%) such that (§¥(y%),y5) satisfies (6)
891 (92) )

and (8). It is easy to prove that —1 < < 0. Symmetrically, from (7) and (9), we can define
y2
nk ok 8y2 (yl) : : N N .
95 (yy) and — —=->= < 0. Then, the intersection of yj(ys) and y;(y;) is the optimal target
Z/1

y** satisfying (6) to (9). Since §F(y5_,) (i = 1,2) and y** are also functions of demand distribution
D¥ ie., gF(D¥, v5 ) and y**(D¥), it suffices to discuss how these functions change when demand
distribution stochastically decreases from D¥ to D¥, i.e., D¥ >, D¥
Let K;(D},y*) = M(x*,y*), (10) holds and K(Dl,y ) > Ki(D¥,y*) (from Proposition 1
point 3(b)). Hence, we know that gF(D¥, vy ) > 9F(D¥, 9% ;) (from (10), K; decreases in y¥). To
prove the proposition, we consider two cases:
1) If either K1 (D¥,y**(D¥)) < 0 or Ko(D¥,y**(D¥)) < 0, then either y¥(D¥,y5) = 2% or
95 (D%, y¥) = 5. Without loss of generality, suppose §5(D¥,y5) = $1, then for Df <, D¥ we
have GF(DE b)Y = % and 95 (D¥,y5) < g5 (DF,yF), and clearly, yi*(DF) = yi*(D¥) = % and
ys" (DY) < y3*(DY).
2) If K;(D¥,y**(D¥)) =0 for i = 1,2, then
1. The monotonicity of the sum of the targets follows from Proposition 5 point 2.
2. Suppose that facility 1 has infinite capacity, we have either Fi¥ (y3¥ —25) < 1 or F¥F(y3* —x2)
1. Consider first F¥(y3* — 25) < 1. Letting 81 = 1 — Ff(yi* — 2%) = 1 and B = 1 — F¥(y3F — 25),
(11) follows. From Proposition 1 3(b), we have

0 0
Epk WGﬁ(yk - Dk) EDk D’“a kG ( D1a?/2 Dé)
Y1
0 6
zEDkWGﬁ(y’f —DF) —Ep Dk gk kG (y¥ — DE yk — D5y >0,
Y

which implies 41 [K1(D¥, y**) — K1(D},y*™*)] > Ba2[Kao(D¥, y**) — Ko(D¥, y**)]. Thus, from Propo-
sition 5 point 2(a), yi*(D¥) > yi*(D¥). Consider now F¥(y3F — x%) = 1, i.e., facility 2 reaches
its capacity limit. We reverse the comparison and consider stochastically increasing D¥. From 1,
k4 y3F increases. In this case, y3* remains the same for D¥ and D¥, and therefore yi* must
increase.
Finally suppose that facility 1 has a certain capacity limit Cf, then (6) can be rewritten as:
AP F, y ™, ) o= Ep (GM)1 (0%, 93% A (05 +T5)) — pf <0, and pf > 0, uf x (y7* —af — CF) = 0.
It suffices to consider the scenario that y*(D}) — 2¥ = CF. Using A¥, it is straightforward to
verify that (CF + x%, g5(D¥, OF + 2%)) also satisfies (6) to (9), hence 3% does not decrease when

demand stochastically increases from D} to D¥. 18



To show that Proposition 7 fails when facility 1 has uncertain capacity, consider the situation
where facility 2 has stochastically larger capacity than facility 1. Facing stochastically larger de-
mand, it may be optimal for facility 1 to rely on facility 2’s capacity to help deal with production
uncertainty. This may result in pushing down facility 1’s target and pushing up facility 2’s target.

Below we show how to generate a class of examples that result in this behavior.

Example 1 Consider a single-period problem where facility 2 has infinite capacity. Let holding
costs be h = hy = hy > 0, production costs be ca > ¢; = 0, shipping costs be s13 > s91 = 0 (with

S12 > ¢g — €1 = ¢3), and revenues be r = 11 = ry > co. Denote § = Qfl(m). Facility 2 has fixed

demand Dy = v > 0. Two demand distributions Dy (edf Q1) and D1 (edf Q1) at facility 1 satisfy:
e Vdy >6,1—Q1(d1) =1—Q1(dr),
e VO < dl < 5, 1-— Ql(dl) > 1-— Ql(dl).

Clearly, Dy >4 D;. Under this setting, transshipment occurs only from facility 2 to 1, y3 >+, and
the rationing levels are 0, since only a single period is considered. The total profit function is as
follows (¢ = s21 = 0):

max —ca(y2 — x2) + By p, [r(D1+7) —h(yr A (21 +T1) +y2 — D1 — )"

—r(yr A (z1 +T1) +y2 — D1 — )]

This scenario is a special case of problem considered in Hu at el [23], where facility 2 is an outsourcer.
Based on Proposition 8 in [23], y* := y] +v3 = § + 7 is the same for both Dy and D;. Taking

derivatives w.r.t. yo, we obtain:

/0 R Qi — ARG = e

The LHS is a non-increasing function of yy (for given y). For D; instead of D;, we have y3(D1) >
y3(D1) and for appropriate chosen cy the inequality is strict. Consequently, yi(D1) < yi(D1). =

5.3 Sensitivity to Cost and Revenue Coeflicients

Even though the transhipment decision is independent of current-period demand and capacity
distributions, changes in the current-period cost and revenue coefficients influence both the trans-
shipment policy and production policy. The effect of individual changes in the revenue and cost
coefficients on the transshipment policy is transparent (see Theorem 1). The following subsections

evaluate the sensitivity of optimal production policy to each of the cost and revenue coeflicients.
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5.3.1 Sensitivity to Holding Cost

Assume facility 2’s holding cost does not exceed that of facility 1’s, ho < hy. If facility 1’s holding
cost increases, we expect its inventory target to decrease. With uncertain capacity, the opposite
may be the case. The following proposition is a counterpart of Proposition 7 showing the result is
“intuitive” when the facility has infinite or finite-limited capacity while Example 2 demonstrates
that an increase in holding cost may actually increase the inventory target at the facility with

uncertain capacity.

Proposition 8 As facility 1’s current-period holding cost increases,
1. the sum of the production targets at both facilities is decreased;

2. if facility 1 has infinite or certain-limited capacity, then facility 1’s production target decreases.

Proof: Let K;(h},y*) = )\};(xk,yk), i = 1,2. Using Proposition 1 point 2(b), the proof is similar

to the proof of Proposition 7 and is omitted for space. u

The following example shows that if facility 1 has uncertain capacity, increasing its holding cost

may lead to a higher production target at facility 1:

Example 2 Consider a single-period problem where facility 2 has infinite capacity, and stochastic
demand, while facility 1 has uncertain capacity and faces no demand. Let facility 1’s capacity
be (0,1,2) with probabilities (0.2,0.6,0.2) and facility 2’s demand be (0,1,2) with probabilities
(0.28,0.22,0.5). Furthermore, let ¢; =0, ca =0.9, r; =13 = 1.5, s19 = 85291 = 1 (c2 — s12 — ¢1 < 0),
he = 0.1. Table 1 illustrates the profit for the system as a function of inventory targets, and (in
bold face) the optimal profits for hy = 0.1 and hy = 0.4. When h; = 0.1, the optimal production
quantities are (y;,y5) = (1,1) with profit 0.312. For h; = 0.4 (note that hy — sj2 — ha < 0 still
holds), we have (y7,v3) = (2,0) with profit 0.2084.

Y2

U1 hl =0.1 hl =04

0 1 2 0 1 2

0 0 0.152 | -0.048 0 0.152 | -0.048
1 |0.2656 | 0.312 | -0.128 | 0.1984 | 0.192 | -0.368
2 1 0.3056 | 0.292 | -0.148 | 0.2084 | 0.112 | -0.448

Table 1: Production quantities and profits under different holding costs.

To explain this behavior, note that due to uncertain capacity, increased target production level
at facility 1 may result in lower total expected remaining inventory in the system. Let us compare
the two scenarios (y1,y2) = (2,0) and (1, 1), with the sum of production levels equal to 2. For the
case of (2,0), facility 1’s expected remaining inventory is 0.324 and facility 2’s expected remaining

inventory is 0. For the case of (1,1), facility 1’s expected remaining inventory is 0.4 and facility

20



2’s expected remaining inventory is 0.28. Thus, with higher target at facility 1, in scenario (2,0),
the remaining inventory is lower (due to uncertain capacity). Hence, the expected total holding
costs increase when shifting from the target of (2,0) to (1,1), but when h; = 0.4 the increase is
larger than that when hy = 0.1. On the other hand, given the policy (2,0) (or (1, 1)), the expected
revenue, incurred transshipment costs and production costs when h; = 0.4 is the same as for
h1 = 0.1. Therefore, the change in revenues and production and transshipment costs, by shifting
from the policy (2,0) to the policy (1, 1), is the same for holding cost hy = 0.1 and for hy = 0.4.
As a result, when hy = 0.4, (2,0) is a more profitable policy than (1,1).

5.3.2 Sensitivity to Revenue

Intuitively, a facility’s inventory target should be increasing in its revenue, but uncertainty in
capacity complicates this effect. Similar as before, the inventory target of a facility with infinite
or certain-limited capacity increases in its revenue. The sum of the inventory targets is always
increased with increasing revenue, as shown below in Proposition 9. A facility with uncertain

capacity, however, may decrease its inventory target (see Example 3).

Proposition 9 As facility 1’s current-period revenue increases,

1. the sum of the inventory targets at both facilities is increased;
2. if facility 1 has infinite or certain-limited capacity, then its inventory target is increased.

Proof: Let K;(r1,y*) = Af(x*,y*). Proposition 9 follows from Proposition 1 2(c) and the logic

similar to that in the proof of Proposition 7. .

Example 3 Consider a single-period problem where facility 1 has uncertain capacity and facility
2 has infinite capacity. Assume also, equal holding costs h; = ho > 0, production costs co > ¢; = 0,

shipping costs s12 > so1 = 0 (c2 < s12), equal revenues r > cg, stochastic demand D; at facility
1, and fixed zero demand Dy = 0 at facility 2. Let ' > r, and denote 6 = . j_ N and &' = T’i .
Suppose the cdf Q1 “jumps over???? ¢ and ', i.e., {d1|Q1(d1) < 6} = {d1|Q1(d1) < ¢'}. Then
v =y s = (Q1) 71 (6) = (Q1) (). As in Example 1, y3(r) must satisfy:

/0 D QU+ ) () db = e

The LHS is a non-increasing function of y, and non-decreasing function of r, implying y3(r) < y5(r’)

with strict inequality for some r’. Hence, yi(r) > yi(r’).

5.3.3 Sensitivity to Production and Transshipment Costs

In the previous subsections, we showed how inventory target could move in one direction with
changes in a parameter when the facility has infinite or certain-limited capacity but in the other
direction when capacity is uncertain. However, when production and transshipment costs are

changed, we do not see nonintuitive behavior.
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Proposition 10 Facility 1’s current-period production cost and transshipment cost have the fol-

lowing effects:

1. If facility 1’s production cost is increased, then (1) both facilities’ transshipment policies
remain the same, (2) facility 1’s inventory target is decreased, and (3) facility 2’s inventory

target is increased.

2. If facility 1’s transshipment cost is increased, then (1) facility 1’s inventory target is decreased

and (2) facility 2’s inventory target is increased.

Proof: 1. Consider K;(c1,y*) = i (x*,y*). From G*(y*) = Epx[GE(y" — D*) + rD*] — cy” and

(5), Ki(c1,y") is decreasing in ¢; and Ka(c1,y") is independent of ¢;. Hence, 1. follows from
Proposition 5 point 1.

2. Consider K;(s12,y*) = AL(x*,y*). From Proposition 1 2(d) and Proposition 5 point 1, 2

"

follows.

6 The Benefits of the Optimal Policy

In the previous sections we have characterized how a firm can coordinate two facilities with un-
certain capacity through the use of optimal production planning and transshipment. However, the
policies described in Section 4 are fairly complex as they require judicious use of transshipment
and rationing. That is, the firm has to decide when units can be transshipped and when it has to
keep units at its own location to ensure that the facility can meet future demand.

In this section, we explore how significant (and when) this coordination relying on transship-
ment and production is. We do this through comparing the optimal policy against two simple straw
policies. To understand the value of transshipment, we first explore a simple “no transshipment”
policy — the facilities are separate from each other and cannot aid each other. When no transship-
ment is possible, it is straightforward to show that both facilities attempt to bring their inventory
to a base stock level each period. The second straw policy is a “no rationing” policy, where facilities
are not allowed to ration and transshipment takes place whenever there is any surplus at one facility
and shortage at the other. Unlike the optimal policy established in Section 4, the transshipment
is enforced, and the facility that has the surplus cannot reserve any inventory for future period as
long as the other facility needs it. When making production decisions for both facilities, the central
planner should take into account the fact that rationing is not allowed and adjust the inventory
level for each facility appropriately.

We first focus on symmetric systems, where the two facilities face the same capacity and demand
distributions, as well as identical cost/revenue coefficients, and explore the benefits of transship-
ment. We then investigate the benefits of rationing in asymmetric systems. The benefits of trans-
shipment (or rationing) are evaluated as a relative profit decrease from the profit of the optimal
policy to that of no transshipment (or no rationing) policy, as follows:

profit(Optimal) — profit(Straw Policy)

profit(Optimal) (12)
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All three policies (optimal, no transshipment, and no rationing) and their profits are determined by
solving 10-period dynamic programs using backward induction, with starting inventory of 0 at both
facilities. In each period, a 2-step backward induction takes place. First, the optimal transshipment
policy is calculated for any realization of demand and capacity, and then the inventory targets at
both facilities are computed. Based on these two steps, the value function is computed.

Table 2 shows the parameters of demand and capacity distributions we use. Both capacity

Demand Capacity
mean | stand. devi. | variability | mean | variability | utilization
1.8 0.1 30 0.1 0.6
5.4 0.3 22.5 0.3 0.8
18 10.8 0.6 20 0.6 0.9
16.2 0.9 18 0.9 1.0
21.6 1.2 15 1.2 1.2

Table 2: Demand and capacity distributions.

and demand are triangular non-negative integer random variables (we use inverted triangle to
achieve high standard deviations). The mean demand is fixed at 18 and we generate the triangular
distributions with values between 0 and 68 and with the desired coefficient of variability. For each
of the demand distributions, we adjust the capacity distribution to achieve the desired system
utilizations and capacity variabilities. The capacity distribution is also triangular with values
between 0 and 114. We fix the production cost at 1. We define nominal service level (NSL) as

follows: .
revenue — production cost

NSL = (13)

revenue — production cost + holding cost
Note that this is the service level that a facility will aim at if no transshipment was allowed and
capacity was infinite. Thus, changes in NSL for fixed holding and transshipment costs are used to
evaluate the effects of changes in revenue on transshipment and rationing. Table 3 lists the values

of NSL, holding cost, and transshipment cost. In total, we ran 24,000 experiments comparing the

Nominal Service Level (NSL) | 0.4, 0.5, 0.8, 0.9, 0.95, 0.99
Holding Cost | 0.005, 0.02, 0.08, 0.32
Transshipment Cost | 0.1, 0.3, 0.5, 0.7

Table 3: Nominal service level (NSL), holding cost, and transshipment cost.

no transshipment and no rationing policies with the optimal policy.

6.1 The Benefits of Transshipment

By comparing the optimal policy and the no transshipment policy, we identify when transshipment

is most beneficial. The benefits vary across the range of parameters studied with the averages
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between 0% and 14%. We observe that, as expected, increased capacity variability and demand

variability lead to increased benefits. The effect of NSL is, however, slightly more complicated.

Figure 4 illustrates the effects of capacity variability and of demand variability. Each point
represents the average relative benefit across all utilizations and values of NSL in Table 2 and
Table 3. As capacity variability or demand variability increases, the benefits of transshipment
increase. For low capacity variability, e.g., around 0.1, the benefits span the range of 0-11%. As

capacity variability increases, the benefits are higher; however, their range shrinks.

capacity variability capacity variability

4%, —0.1--03-—06--09—12 16% - —0.1--03—06 - 09—1.2

12% -
%100/3, %120/0’
S 8% g
£ 2 8% -
3 %1 5
o o, =

4% 1 S 4% -

2%

00/0 T T T 1 00/0 T T 1

0 0.3 0.6 0.9 1.2 0.4 0.6 0.8
demand variability nominal service level (NSL)

Figure 4: Effects of capacity variability and Figure 5: Effects of nominal service level.

demand variability.

The reasons for this behavior are the same when considering capacity or demand variability. The
uncertainties in capacity and demand increase the chances of lost sales and necessitate inventory
to be held. The transshipment between two facilities helps them pool their capacities and demands
together and therefore reduce both uncertainties. The larger the uncertainties, the larger are the
benefits of transshipment.

Figure 5 shows the effects of the nominal service level on the benefits of transshipment. These
benefits increase first and then decrease. Recall that a low value of NSL implies a low value of
revenue compared to costs and in this situation, transshipping to save one unit of demand from
being lost is not that valuable. As NSL increases, the unit revenue is higher relative to unit cost
and transshipment becomes more appealing. However, at very high service levels, losing a customer
implies such a big revenue loss (relative to cost) that each facility carries a lot of inventory and
does not have to rely as much on transshipment in the first place, thereby decreasing the relative

value of transshipment.

6.2 The Benefits of Rationing

Rationing is caused by a facility’s need to protect itself from capacity uncertainty. By rationing, the
firm gives up the current-period revenue that would be generated by satisfying the current-period
demand shortage. But at the same time, the facility that rations hedges against its future capacity
shortage, caused either by unexpected capacity failure or demand surge. Clearly, the benefits of

rationing increase in demand variability (see Figure 6), capacity variability (see Figure 8), and
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Figure 6: Effects of demand variability. Figure 7: Effects of utilization.

utilization (see Figure 7). The effect of utilization is, however, fairly insignificant compared to the

effects of demand variability or capacity variability.

capacity variability
—0.1--03—06--09—1.2
60% -
[0]
(7]
S 40%
(0]
©
u‘g 20%
a
00/0 T T T T 1
0.5 0.6 0.7 0.8 0.9 1
NSL at facility 2

Figure 8: Effects of nominal service level and capacity variability.

Note that a high NSL translates into a high unit revenue, and therefore a stronger incentive for
the facility not to ration. Hence, the benefits of rationing decrease in NSL. This behavior can be
observed in Figure 8 where facility 1 has fixed NSL of 90%, and both facilities have h; = hy = 0.02,
s12 = s91 = 0.5, as well as identical demand and capacity variability and utilization. As facility
2’s NSL increases from 50% to 95% (and the corresponding revenue increases from 1.02 to 1.38),
the benefits of rationing keeps decreasing, but even at the lowest capacity variability of 0.1, we can
still observe a significant 7% benefit.

Figures 4 through 8 show how transshipment and rationing used optimally in a supply chain with
capacity uncertainty can lead to significantly increased profits. Therefore, the policies described in

Section 4 can have a significant impact, especially as capacity and demand variability increase.

7 Discussion and Extensions

Our model considers optimal production and transshipment control in a centralized system with

stationary linear cost and revenue coefficients and lost sales. As compared to other papers, our
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model is much more general. We impose only one assumption on the facilities’ revenues, ry — s19 —
r1 < 0 and r; — s91 — ro < 0, compared to several assumptions in Tagaras [35], Robinson [32],
and Rudi et al [33], etc., and even this assumption does not influence the structure of our optimal
policy. In fact, the same structure also holds with a model that allows backlogging, nonstationary
and some nonlinear cost-revenue coefficients. The model can also be generalized to allow Markov-
Modulated capacity and demand processes. Therefore, we now discuss how the model in Section 4

can be generalized in multiple dimensions while still resulting in the same optimal structure.

1. Revenue assumption.

As mentioned in Section 3, the assumption 79 — s19 — 71 < 0 and r; — 891 — ro < 0 can be
relaxed. Without loss of generality, we consider that ro — s15 — 1 > 0, which, under our lost-sale
setting, implies that it is always beneficial to satisfy facility 2’s demand prior to facility 1’s demand.
As 11 — s91 — ro < 0 still holds, transshipment from facility 2 to 1 occurs only when facility 2’s
own demand is fully satisfied by its own inventory. Consequently, Ag“ (for ¢ = 1) is replaced
by (GF+H1)](xF+1) < ry — 519, where AR for i = 2 remains (GF1))(x**1) < r9. This condition
guarantees concavity of the problem (A’IfJrl and Ag“ remain the same). It is easy to argue by
induction that facility 1 rations nothing and satisfies facility 2s shortage before its own demand,
that the transshipment policy for facility 2 is FRQ(XS, X5(2%)), and that the optimal production

policy for both facilities has the same structure.

2. Non-stationary or non-linear cost-revenue coefficients.

Stationarity of the cost coefficients, h;, ¢;, and s; 3_;, is not essential to establish the structure
of the optimal transshipment and production policy, since none of the cost coefficients plays any
role in determining the concavity and submodularity of the model. However, under the lost-sale
setting, it is critical to have (G¥)i(x*) < r¥ to ensure the concavity of the problem. Hence, we
require either a stationary revenue coefficient r; or non-increasing ordered rf’s: > > T{V +1,
For the structure of the production policy, linearity of the production cost ¢; is fundamental, since
it allows the inventory target y; to be independent of initial inventory x;. Linearity of revenue r;
and transshipment cost s;3_; is important to establish the structure of the transshipment policy.
We can relax the linear holding cost h; to any convex and non-decreasing holding cost function

without changing the structure of the transshipment policy.

3. Backlogging.

Allowing for backlogging makes the problem much easier and the needed concavity holds with-
out A’g. Based on AIfH and A’;H, we can verify that the transshipment policy for facility ¢ is
SRi(x*(z*)), and the structure of the optimal production policy for both facilities is the same as
under lost-sale setting. The only assumption we require is the linearity of transshipment cost 3?,34
and production cost cf, as well as convexity of holding cost function and concavity of revenue

function.

4. Markov-Modulated Process.

The assumption of demand and capacity independence across the periods can be relaxed if we

allow a Markov chain driving demand and capacity distributions. Suppose there are L states of
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the world with Markov transition matrix [p(l,1’)] and corresponding demands D!, and capacities
T!,1=1,2,---,L. Based on (1)—(3), the model can be reformulated as follows:
Stage One: G%(l,x")= max Equ pu{-c(y A +T)=x"HrD™ G (1, y AxST™)-D')}
yk>xk
Stage Two: G¥(1,z°)= max  G*(l,2",2F)
Bl sh=zhq ok
L
where G*(1,2%,2F) = —r(2")” —h(2") T —s(z" = 2") "+ "app(l,1)GET (I, (2F)T)
=1
and GNt1(,xN+t1) =0,1=1,2,---, L.
By the same arguments used for the basic model, we can justify that in period k, given state of
the world [, the structure of optimal production and transshipment policies remains the same as
in Section 4. Obviously, parameters of the optimal polices would now depend on the state of the

world 1.
Appendix: Proofs of Propositions

Proposition 1

G¥(2%) has the following properties:
1. G¥(z*) is concave in z* and Hm_ e o Gk (zF) = —00 (1 = 1,2).
2. Its first derivatives (i = 1,2) satisfy:

(a) (GY)i(z") <ri.

For period k’s holding cost h , revenue r , and transshipping cost sZ 3_s

(0) 75 (Gi(E") < —7(G)5_(2") < 0.

(¢) 5(GR)i(z") >

(d)
3. Its second derivatives (i = 1,2) satisfy:

(a) (G’“)Z(Z’“) < (G)fa(2*) = (G3)5(2") < 0.

o 9
(b) W(G’f)( ) 2 5 (CDNE") = 5ar(C5i(@) 2 0.

—i
Proof: The properties hold for both ¢ = 1,2. We present only the case i = 1, since the other case
can be justified using symmetric logic.

1. Concavity.
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Joint concavity of G¥(2*,z¥) in ¥, z*, is a sufficient condition for concavity of G¥(z*), see Heyman
and Sobel [22], Property B-4, page 525. To justify concavity of G¥(2*,z*), it suffices to show that
function —r1(2%)™ — ro(25)™ + arx GFHL((2F)T, (25)1) is jointly concave in 2*, which is guaranteed
by inductional hypothesis Alfﬂ and A§+1.

Given 2%, as 2f — oo, from Theorem 1, we have 2f > y} and either y; — oo or 2§ + 25 — \} — occ.

Gk (z%) = —o0 follows.

2. Properties of G(z*)’s first derivatives.

Hence, according to (5), hmzf—m

(a) is straightforward since the profit from any additional inventory never surpasses its revenue.

The first derivatives of G¥(z*) (see (5)) w.r.t. z§ and 2§ are evaluated based on definition of x¥
and x5 and, after some algebra, result in intuitive expressions, as shown in Figure 9. Note that

different forms of x¥ (2} + 2&) translate into different formulae for the derivatives.

k

—]’12 +85+ 4 )
4 (GEN), (0, 2f +25)
, 7 + )
—hy+ e (GE (2, )

—hy + 55,
4, (GE, 0,20 |

‘ V%) . 2

,,,,,,,,,,,,,,,,,,,, & |

L S -k S (GED (o 2 -

i e (G (2,0 N e (GEY (2 + 25, 0)
7]11 \\
+o, (G (x5 00,
k
—]’LZ + AZZ
@ (GE, (0,2 +25)
7z +25)
N —hy + a4, (G, 2
a, (G0, 280 p

72 ' — - —

—h, + 0, (GF),(0, 25) xk Sty o (GEY (kL -k 2

—h+s),

e (GE), (2 + 25,00
7 N

I+ 51, .
+0u, (GED), (x> 0),

Figure 9: First derivatives of G¥(z*) w.r.t. 2§ (above) and w.r.t. 25 (below).

(b) Consider (G¥)i(z*) as a function of the current-period holding costs h and denote it as
(GRF);(h, 2%). Tt suffices to prove that (Gh¥)1(hy, ho, 2") — (GhF)1(h1, he, 2F) < (GhE)y(hy, ha, 2*) —
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(GhE)a(hy, he,2*) < 0, for any hy < hy. From Theorem 1, X]f(hl) > X]f(ﬁl), xX¥(h1) > x%(hy), and
x5(h1) = x5 (h1). When 2 <0, from Figure 9, (GhY);(h1, ha,2*) — (GhE);(h1, he,2z*) = 0. Hence,
we concentrate on z} > 0.

We first prove (GhF);(h1, ha,2*) — (GhE);(h1, he,2*) < 0. Figure 10 illustrates how the holding
cost affects x¥(2*). In the shaded areas the expression for (Gh¥)|(hy, h-,z*) changes when hy is

&) A ()
)

4

(@) 2

Figure 10: Effects of h; on X]f and )Z’f.

replaced with h;. Hence, we prove the inequality for two cases: i) if the formulae do not change

when moving from hy to hy ii) if the formulae change (the shaded areas).

i) From Figure 9 (above), the two regions with

(GREY (hy, ha,2¥) = —hy + o (GFHD)) (Xl(hl) ) and

(GhE) (P, hay 2°) = —ha + ag (G (X (), 21 + 25 — X5 (M)

are the only ones where monotonicity w.r.t. h; is not trivial. For the first of them note that
—hy1 + ap(GF)] (Xl(hl) 0) = ro — s12 (: const) due to definition of Xk For the second one,
from definition of x¥, —hy + ax(GEH] (¢F,2F + 22 ) = —ho—s12+ Oek(GkH) Yh,2N + 2h — xh.
Hence, it suffices to show that (GET1)5 (x5 (hy), 2¥ + 25 — ¥¥(h1)) is non-increasing, which follows

since x¥(h1) is non-increasing and A¥! implies that (G¥+1), (2%, 2F — 2) is non-decreasing in 2¥.

ii) Now, for each of the shaded regions a, b, ¢, and d we justify (Gh¥)1(h1, ha,z*)—(GhE)1(hy, ho, 2F) <

0. Inregion a, X’f(ﬁl) <2 < Xk(hl) Definition of)(’llC implies that, for X’f(l_zl) < 2F (GhF)1(h1, ha,2%) =
—hi+ap(GE] (Xl (h1),0) = ro—s12, and for 2§ < Xl(hl) (GhE)1(hy, ha, 2°) = —hy+ap(GEFY)(2F,0) >
r9 —s12. For the same reasons, in region b, Xl(hl) < 27 4—:475€ <X k(hy) implies —hy +ag(GET)] (25 +
250) <7y — 8120 = —hy + ap(GFY)] (Xl(hl) 0). In region c,

1(XT (M), 21 + 25 — X ()
—hg — s12 + aR(GETL (KT (h1), 21 + 25 — XV (h1))<—ha — s12 + ap(GET)5 (21 + 25,0)
—h1 + ap(GET (2 + 25, 0),

where the “=" is based on definition of Y}, the following “<” is due to x§(h1) < 2 + 2§ and
function (GF+1)5(2%, 28 — 2F) non-decreasing in 2¥, the last “<” is implied by ¥¥(h1) = 2§ + 25.

Similarly, in region d,

/
1
—hy — s12 + aR(GETH (X5 (h), 2F + 25 — (hl)) —hy — s12 + a(GET(2F, 25)
—hy +Oék(Gl:H)1(Zlf7Z§)-
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The comparison between (GhE)a(hy, ha,z") and (Gh¥)a(hy, he, z*) are very similar and omitted.

To prove (GhE)1(hy, ha,2*) — (GhE)1(hy, ha, 2¥) < (GhE)a(hy, ha,2) — (GAE)a(hy, ha, 2¥), consider
first the area {z*| 0 < 2¥ < x¥(h1)}. From Figure 9 (above), (GhF)1(h1, ha,z¥)—(GhE)1(h1, he,2*) <
0 and from Figure 9 (below), (Gh¥)a(hy, ha,z¥) — (GhF)a(hy, he,z") = 0. In all the remaining areas,

the two differences are equal.
(c) and (d) The proofs proceed similarly to those for (b) and are omitted.

3. Properties of G¥(2z*)’s second derivatives.

AZ;‘
k+1y" k k
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(G, (2 ) = oy (GE* )y, (2, 2h)

7 - _..ork
y O b
. -
" #r Gz o+ =2 -F)
0 o, (GE™), (zf +25.0)
k
22
o, (GE1), (0, 2 +25)
5 +25)
o, (GEY);, (2 25)
Gy ok ko k ok O
Zé{ Zlk ak(G* )11(7(1 4 L X y Zlk
" " " % 1% 671{
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Figure 11: Second cross derivatives (ij);’&l(zk) (above) and (GF)Y,(z") (below).

It suffices to prove (a). (b) immediately follows since zF = g¥ — d¥.

Based on the first derivatives in Figure 9, Figure 11 (above) shows the second cross derivatives
ok

of G¥(z*). From AEL (GFY/,(z%) = (G)4,(2*). By AM! and AT and using 8X’l“ > 0 and
z

1—

oxr

aﬁ >0, (GF)5,(z¥) < 0 in part (a) immediately follows.
To prove (GF)Y,(z*) < (Gﬁ);’ﬁ_i(zk), we need to consider 2§ = 0 separately, since (G¥)](z") is
not continuous there. For z§ # 0, comparing (G¥)”, .(z*), Figure 11 (above), with (G¥)7,(z*) Fig-

i,3—i
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ure 11 (below), A¥™ implies that (GE)Y, (z¥) < (GF)! 5_i(z z") in all regions. For 2§ = 0, it is sufficient
to show that, for e~ < 0 < e sufficiently close to 0, (Gﬁ)l( 2B~ (GEY (7, 28) < (GR)o(et, 25) —

(GF)o(e7,25). Since (GF)4(2") is continuous in 2F, it suffices to show that hrél (GHY} (e,zé) <
GE%_(Gk)I(G 2K). For 25 < X from Figure 9 (above), li%1+(G’;) (€, 25) = —h1+ai(GFTHL(0, (z5)1)
and El_i)l((l)li(Gk) (e,25) = 1. AkH implies that the desired inequality holds. When z&§ > X’;,
Jim (G"’) (€,25) = —hy 4+ o (GET1)[(0, 25) and Jim (GRY1 (€, 25) = —ha + 591 + ap(GFTH5(0, 25).
Optlmahty of X2 1mphes —ho+hy+so1+ag(GF, (28 +25 — x5, X5) —an (GETY | (2 + 25 — x5, ¥5) >

0. Since X2 = zl + 22, the desired inequality holds. "

Proposition 2 (a) The objective function of (1) is unimodal in y*. (b) A¥(xF) := A1¥(xF) N
A2F(xF) is not empty and is a subset of (1)’s mazimizers. (c¢) y** € AF(x*) o y** satisfies (6) to

(9):

(%, y*) = Eqp (GF)1 (5", 93" A (a5 + T3)) <0 (6)
N5 (x*, %) = By (G)a(yi™ A (o + T1), 55°) <0 (7)
yi® > af and (yi* — 2H)N (x*, y ) =0 (8)
y3* > af and (y3* — 25) N5 (x*, y**)=0 (9)

Proof:For the simplicity of notation, in this proof, we skip the period superscript k. Since our
conclusions hold for any given x, we also abbreviate Gi(x,y) to Gi(y), Ai(x) to Ai (i = 1,2), A(x)
to A, and the objective function of (1) is denoted as G(y) = ExG(y A (T + x)) + cx.

(a) Recall that a function defined on a convex set is unimodal if its set of local maxima is
convex. To prove unimodality of G(y), we first justify its unimodality in y, for given y;. For
that purpose we use G'1(y), which allows us to define the maximizer g2(y1). Then, to show joint
unimodality, we prove that G (y1,92(y1)) is unimodal in y;.

Clearly, G1(y) is concave in yo. Suppose §2(y1) is a maximizer of G1(y). (Whenever the context
is clear, we abbreviate g2(y1) to go2.) Since T} and T, are independent, for any realization to of T5,
92(y1) is also one of the maximizers of G1(y1,y2 A (t2 + x2)). For ya < g2, G1(y) is concave and
non-decreasing in ys, which implies that G1(y1,y2 A (t2 + z2)) is also concave and non-decreasing.
For y2 > {2, G1(y) is non-increasing implying that G1(y1,y2 A (t2 + x2)) is also non-increasing.
Thus, G(y) is unimodal in g, with the maximizer being o (y1).

Suppose T has pdf (f1, f2) and cdf (Fi1,F>). From definition of §2(y1), En Gh(y1 A (Ty +

xl),ng) = 0. Thus, G’Z(yl,gjg) = (1—FQ(Q2 - xg))ETlGlg(yl VAN (Tl + Il),gg) = 0. Hence, treat-

ing 72 as an implicit function and using envelope theorem, we have d—é’(yl,gjg) = G/l (y1,92) =
Y1

(1—-F(y1 — 21))En, G (y1, 92 A (Ta + 22)). In order to show unimodality in yy, it suffices to justify

that Ex, G (y1, 92 A (T2 + x2)) is non-increasing in y;. First note that

d . .. dg
Gy G 02 A (T + 22))=(1= Fa(f = 2)) (Gl 52) + Glalun: 12) 3 )

2—X2
+/”1 Gy (g1, ta + x2) fo(ta)dts.
o
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By taking derivatives of G”Q(y) with respect to y; and ys, we obtain:

dga _ GYi(y1,40) _ (1=Fi(y1 — 21))G% (11, )

dyr G (yr,ye) =t (1-Fi(y1 — 21)) Gl (y1, o) H " Gly(ts + m1, 92) f1(t1)dty
G5 (y1,92)
Gy (Y1, 92)
Since G is defined in terms of G, using the above inequalities, concavity of G,, and 3(a) of

Proposition 1, we have

d dgo

qy G B2 A (T 22)) S (=B = 22)) (G (11, 2) + Gy, 62) )
~ . . G// , ~
<(1-F2(fp — 22)) <G,1/1(?ley2) — Ga(y1, yz)M)
22 )
<0,

which ends our proof of (a).
(b) Suppose there exists y* € A1 N A2, then y;_, maximizes Gi(y) on the set of y > x, given
fixed value of y;. Continuing with the same ¥, point y;_; also maximizes G (y) on the set of y > x.

* is one of the maximizers of G(y)

Since G(y) is defined on the convex set and unimodal in y, y
on the set of y > x. Hence, A is a subset of (1)’s maximizers.

Now we prove that A # (). Since G1(y) is concave in yo and limy, .. G1(y) = —oo (due to

point 1. of Proposition 1), we have Al # (). If there exists any pair (y1,25 V §2) € Al such that
Er, G} (y1, (z5Vi2) A(Ta+z2)) = 0 (including the supergradients), then due to concavity of G2(y) in
y1, G2(y) is maximized at this y; for this given x5V 2 and (y1, 2V g2) € A2, which implies A # ().
If, on the other hand, no (y1,z2 V g2(y1)) makes Ep, G’ (y1, (x2 V §2) A (T2 + 22)) = 0, then since
E7n, G (y1, 92 A (T2 +22)) is non-increasing in y; (proved in (a)) and lim,, .o, G1(y) = —o0, we have
that for all y1 > z1, En, G (y1, (x2 V §2) A (T2 + 22)) < 0. Correspondingly, given yo = x2 V §2(z1),
G2(y) is maximized at y; = 1. Hence, (z1,22 V §2(x1)) € A2 and A # () follows.

(¢) Since G1(y) is concave in y2, §2(y1) is in the set of its maximizers if and only if (G1)5(x, y1,§2(y1)) =
0,1i.e., Aa(x,y1,92(y1)) = En, Gy (y1A(21+T1), 92(y1)) = 0. Hence, A1 = {(y1, 22Vy2(y1))[A2(x, 91, 92(y1)) =
0,y1 > x1}. Let y5(y1) = 22Vy2(y1). (We omit the obvious dependence of y5 on x.) Using this redef-
inition, we have A1 = {(y1,y5(y1))[X2(%, y1,¥5(y1)) < 0,95(y1) > 22, (y5(y1)—z2) Aa(x, Y1, 92(y1)) =
0,y1 > x1}, which is equivalent to (7) and (9), with added constraint y; > ;.

Symmetrically, we define yi(y2) = 1 V §1(y2). This implies A2 = {(y}(y2), y2)|
M (%, 91 (y2), y2) < 0,y5(y2) > 21, (¥1 (y2) — z1) M (%, ¥ (y2), y2) = 0,y2 > x2}, which is equivalent
to (6)and (8), with extra condition y2 > x2. Combining these two results, y* € A(x) < y* satisfies
(6) to (9). .

Proposition 3 Consider period k. The optimal solution of (1), y*(= y**), has the following
properties (i = 1,2):
9y | Oys

oy* oy*
1< S d ==+ 2= <0.
oz, = By 0 an oz, =+ o, = 0

)

1. -1<
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2. For a given x° and the corresponding y**(x°):

(a) If either
(i) F;(y9* — 29) = 0 (facility i can reach y{* with probability 1), or
(ii) y3* ; = 23_, (optimal policy at 3 — i is to produce nothing),
then for all x; > 29, we have y; = y>* V x; (produce up to yP*).
(b) If F5_ i(yg*l 2y ) =1 (faczlzty 3 —i’s capacity does not exceed y3*, — x3_;), then for
all x; < 29, we have y; = y¥* (produce up to yP*).

3. For a given x° and the corresponding y**(x°):

If F;(y?* — 29) = 0 (case a(i) above), then for all 29 < z; < y¥*, we have yi_, = y5* ;.

Proof: 1. We consider four cases of the value of the optimal solution y*, depending on whether
(6) and (7) are binding and y* = x. We assume that all the inequalities in Proposition 1 point
8 are strict, e.g., (GU)ZZ&*%'(Z) < 0 everywhere. For each of the statements, however, if it holds
for functions satisfying strict inequality, then it also holds for the limit of such functions (which
satisfies weak inequality).

A. Assume ‘=" holds in (6) and (7).

Note that we refer to the region in which the above equalities hold as “region A”. Taking derivatives

of (6) and (7) w.r.t. z1, we get:

0= 871:1)\1()(7}’ )=E7,G11(y1,y3 A (T2 + 952))81:11 + [1=Fa(ys —22)|GTa(y )3;
yi 892
ail 914 +a 125 - (14)
0= 871:1)\2(}(7}’ )=[1—Fi(yf —x1)]Gy; (y )(‘) i + EnGo(yi A (Th + xl)’y2)8x21
—X1
Ggl(xl +i1, y2)f1(t1)dt1
* 0
:a2187i21 + az ayQ + ba, (15)

where a11 = E7,GY1 (v, y5 A (Te + 22)), aze = EnGo(yi A (T1 + 1), v3), aiz—i = [1—F3_i(y5_;—

1
23-i)] Gz i(y"), and bzz/y 91(z1+t1,95) f1(t1)dt1. Note that G(y) = Ep[Gu(y — D) +rD] —cy,

0
and from 3(a) of Proposition 1, taking expectations with respect to 73_; and D, we have a;; <

oy a12b ay; —ayb
a;3—; < 0 and by < 0. Hence, bl - 1272 > 0, 2 _ 1172 < 0, and
Bt Oyt Oxq a11a22 — 12021 Oxq a11a22 — 12021
YLy 2 <,
8931 al‘l
oy an b 0 —ag2b 5 22
By symmetry, we have ayQ = 2 and ayl = 2271 , where by = [ GY5(y7, zo+
Tz Q11022 — A12a21 T2 a11022 — a12021

0
t2) fa(t2)dt2. From Proposition 1-3(a), straightforward calculation shows a;; < a;3—; + b < 0.
dyf  Oyr 1) = az—i3—i(@ii — bi) — aiz—i(az—ii + b3—;)
0x3_; ox; G11G22 — @12021

Hence, > 0.
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Thus, 1 holds within region A. Note that for any given z;, as x3_; decreases, (x,y*) remains in
region A.

B. Assume ‘=" holds for (6) and y; = z2.
Within this region (region B), y* is the solution of \i(x,y) =0, y5 — x2 = 0, and Aa(x,y*) < 0.

. : Iy _ 9ys _ : Y _
Since Ai(x,y) and y, — x9 are independent of x1, = —=£ = 0. Since ——= = 1, from the
ox1 o0x1 )
derivative of \i(x,y*) w.r.t. zo: G’l/l(yf,:ng)a—quL I5(yi,22) x 1 = 0, and from Proposition 1
Z2
a * _G// *
property 3(a), we have 29 M € (—1,0) (recall that Proposition 1 property 3(a) also
O 1 (Y1, 2)
holds for function G(y)). Hence, I holds within the region.
8 *
Now consider how the region shifts as x; decreases for any given x3_;. For given z1, —1 < ayl <0
Z2

and Proposition 1 property 3(a) implies,

*

0 . 0 N
E Aa(x, 47, w2) = [1 = Fy(y — 21)]GH1 (U, 22) o2k + B, Gl A (a1 + Th), a2) < 0.

Similarly, for given xs, A2(x,y7,x2) < 0. Hence, for given x;, as x3_; decreases, we remain in

0
Oz,
region B or move to A. Since the intersection of region A and B is not empty, consisting of the
points that make both Ao(x,y*) = 0 and y3 = x2, and the problem we optimize is unimodal, hence
all of the desired inequalities also hold when crossing region A and B.

C. Assume ‘=’ holds for (7) and y} = z1.
oy  0vy; oy

This case is symmetric to case 2: 991 _ 92 _ , Y1
0:1:2 aibz 6:131

D. Assume yj = 71 and y5 = x2.

oy
< 0.
a$1

=1,and -1 <

While y* remains in region D, 1 straightforwardly follows. If y* shift out of D, all of the inequalities
hold since the intersection between D and A (or B or C) is not empty and the optimized problem

itself is unimodal.

Before proving 2 and 3, we first describe how (x,y*) shifts between the above four cases. For given
x2, 1) if (x,y*) is in the region A, then as 1 decreases, it remains in A; 2) when x; is increasing,
then (x,y*) must exit A; 3) increasing x; either keeps (x,y*) in region B or C or moves it into
region D; 4) if (x,y*) is in region D, then as z; increases, it remains in D. Note that when (x,y*)
is outside of A, both y} and y3 are order-up-to levels. Also, due to non-empty intersections among

* is a continuous function of x across the regions.

the “neighboring” regions, y
2. Due to continuity at the intersections of regions and the fact that an order-up-to policy is
optimal in other regions, it is sufficient to justify the property for region A alone. Consider (x?,y%*)

on region A.
a *
Let i = 1. (a)-(i) Since 0 < a—ill <1, F1(y¥* —29) = 0 implies that for z1 > 20, Fy(y; —21) = 0.

Consider x1 > 9 such that (y*,x) is also in region A. Fj(y; — 1) = 0 implies by = 0. Since in A,
oyi a12bo oyt

= , we have
Or1  airaz — ajza9; 0y

(a)-(ii) If y3* = 29, then from 1, for 1 > 29, y5 = xJ. Hence, (x,y*) is in region B or D (where

= 0 (corresponding to an order-up-to policy.)

facility 1’s policy is an order-up-to).
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(b) If Fo(y9* — 29) = 1, from 1, for z; < 29, we have Fy(y5 — 29) = 1. Clearly, (x,y*) must be

in A or C. Since Fg(gé‘ —29) = 1 implies ajs = 0, we have (in A) gyl = 0.
!
3. Note that Fy(y0* — z¥) = 0 implies that for 2¥ < 21 < ¥, Fi(y; — x1) = 0. Consequently,
by =0 and (in A) 04> = —a1b =0. =

31‘1 a11a22 — a12621

Proposition 4 G¥(x*) has the following properties: (i =1,2)

A - GF(x*) is jointly concave in (2}, 25) and (GF)!(xF) < (Gk)” 4 (xF);

AL - GE(xF) is submodular and (GF)]y(xF) = (GF)Y, (xF);

AE - (GR)L(xXF) <7y, fori=1,2.
Proof: We again omit the period label k. Recall that G(y) = Ep[G,(y — D) + rD] — cy, and
Gi(x) = I;l>a))(( ErG(yN(x+T))+cx. By symmetry between z; and x2, we only discuss the properties

with respect to x1. To prove A, notice that 2(a) of Proposition 1 implies G (y) < r1 —¢;. The

first order derivative of G,(x) w.r.t. x; is:

11

(G*)ﬁ(xlafﬂz):l{ypml} Er, Gi@@r+t1,y5 A@atTo))f1 (1)t fyr—o y Ery Gh@n,y5 A @2+ To)He
<1{y >11}F1( 1']1€)(7“1 - Cl)+1{y _xl}(rl — 61) +c <.

and A'g is proved.
When y > x1, we have:

_ o
(G 11 (71, 72) /”1 {1 Fy(y ][G11($1+t17y2)+G12($1+t17y§)&yEi]

+ (331+t1,962+t2)f2(t2)dt2}f1(tl)dtl <0,

— a *
(G)fa(21,2) f {1 Fy(y5 —x2)]GYo (21 +11, ?JQ)ayz
212
+/é'1'2(x1 +t1,l‘2—|—t2)f2(t2)dt2}f1 (tl)dtl <0.
0

When y] = z;1, we have:

(G)1=[1-Fa(y3 )][Gllll(xlvy2)+G,1/2($17y2)87x?]+0 11(21, 22 +t2) fo(t2)dts <0,
0 2,2
(Gi)la=[1=Fa(ys —22)|Gla(w1, y3) 5 = vy (s, ot t2) falt2)dty < 0.
856’2 0
As G(y) = Ep|Gy(y — D) + rD] — ¢y, using Proposition 1 property 3(a), we have (G,)/;(x) <
(Go){5(x) < 0, which used jointly with the symmetric condition, (Gx)5,(x) < (G.)5(x) < 0,

validates A¥ and the first part of A%,
Furthermore, the second part of point A%, (G.)},(x) = (G.)5,(x) is trivial for yf = x1 and

y§ = 2.
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When y7 > z; and y; = z2,

" * "ok ayik T;ml
91(x) = [1=F1(y; —71)] 21(191’952)87614' 91(x1+1t1, 22) f1(t1)dts.
0
oy oyl
Since 2L — 0 and 22 — 1, we have G4, (x) = GY5(x).
x1 Z2

When yi > z; and y5 > x9, it suffices to prove that

T—x1 . i o ) . . o
ﬁl—F2(y2—$2)]G'1'2($1+t17yz)ay2fl(tl)dtlzﬁl—Fl(y1—$1)] 0 (U, o+ t2) 2ok fo(t2)dts.
0 T2 0 0z
oy; a;3—ib3—;

From (14) and (15), we know that
Or;  ;ia3—i3—i — A;3—iA3—i,

with a;3-; = [1—F3_i(y5_;—

52 -1
r3-4)]GY 3 (), blz/'yG'ﬁ(yi‘, Totto) fo(ta)dta, and bo= [ Gb, (z1+t1,v3) f1(t1)dt1. Straightforward
0 0
substitution shows that (G.)/5(x) = (Gx)5;(x). u

Proposition 5 Suppose problem P, satisfies
vii(a,y) <wviz—i(a,y) <0, (10)

where vij(a,y) = Ki(a,y) (i,j = 1,2), and its solution set is convex. Let vij = vj(a,y*) and

9y;

. 0
u; = ui(a,y*) = %Ki(aa}’”y:y*'
1. If Ki(a,y) is non-increasing (non-decreasing) in a and Ky(a,y) is non-decreasing (non-

increasing) in a, then yi(a) is non-increasing (non-decreasing) in a and y;(a) is non-decreasing

(non-increasing) in a.

2. If both K1(a,y) and Ka(a,y) are non-increasing (non-decreasing) in a, then yi(a) + y;(a)
is non-increasing (non-decreasing) in a. Furthermore, if there exist B; > 0, such that (Py)

satisfies
Bivii < B3—iV3—ii (11)
then

(a) if Brlui| > B2luz|, yi(a) is non-increasing (non-decreasing) in a.
(b) if Bilui| < Pa|ua|, y3(a) is non-increasing (non-decreasing) in a.

Proof: Due to convexity of the solution set of (P,) it is sufficient to show the property for a single

point within the set (say, a boundary point). Taking derivative of (P,) with respect to a and

evaluating at y*(a), we have u; + vy 3 L+ vi3- 35372 = 0. Straightforward calculation shows that
a a

Oy; _ Vis—iUiz—i —Us—ig—iti . OUf n Oys _ (vi2 —vni)ug + (v21 — v22)ua

da V11022 — V12021 da  Oa V1122 — V12021
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i oYy oys
< 72 > .
oa’ da 0 and oa — 0

2. Consider the case where both Kj(a,y) and Ks(a,y) are non-increasing, i.e., uy,us < 0.

From (10), aayl %ZQ

0
(a) According to the formula for ayal,

1. uy <0, ug > 0, then from (10) and from the formula for

< 0, which proves the first part of point 2.

from (10), it suffices to prove that visus — voouy < 0.
v _ B

G . From (11) (i = 2), = > —. Thus, ezka)
1 V12 2 V122
and (a) follows. Proof of (b) is similar. u

>1

Since uy,ug < 0, By|ui| > Ba|uz| implies il > =
Ug
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