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1. Introduction

Alan Greenspan was puzzled by the data on his computer screen.
Capital expenditures in high technology were rising sharply, unemploy-
ment was declining, prices were holding steady and profits were ris-
ing. At the same time, the Labor Department’s statistics showed that
productivity had decreased by one percent during the second quarter.
Greenspan did not agree with the productivity data. He found the miss-
ing link in the Survey of Current Business from the Bureau of Labor
Statistics, Woodward [44], which indicated that business inventories were
shrinking significantly while the economy was growing. This suggested
that new computer technology was allowing just-in-time orders. Instead
of stocking products weeks or months in advance, businesses could keep
detailed track of what was needed and order within days, while com-
petitive pressures were forcing quality control. Greenspan eventually
became convinced by this argument and voiced it publicly in the State
of the Economy address before the Committee on Ways and Means, U.S.
House of Representatives, January 20, 1999.


John Doe
Note
THIS CHAPTER APPEARED IN

SUPPLY CHAIN STRUCTURES: COORDINATION, INFORMATION AND OPTIMIZATION. EDITED BY J. SONG AND D. YAO. 2002, KLUWER ACADEMIC PUBLISHERS


120 SUPPLY CHAIN STRUCTURES

Are companies really using demand information optimally to manage
inventories? If so, what models are driving these decisions? Anecdotal
evidence suggest that the implementation of Enterprise Resource Plan-
ning (ERP) software, such as SAP, Baan has allowed companies to inte-
grate data bases and greatly improve the quality of the data that resides
therein. In addition, the purchase and implementation of numerous ERP
bolt-ons, such as i2 and Manugistics, were justified, at least in part, in in-
tegrating manufacturing and replenishment decisions with key suppliers
and basing these decisions on customers’ needs.

Capital investments in information technology have certainly provided
members of supply chain networks with more timely and better quality
data than ever before. As members of supply networks, inventory man-
agers need to decide what data to collect, request, or buy from their
customers, and what data to pass on, or sell to their suppliers. In addi-
tion, inventory managers need to develop effective replenishment policies
that make full use of demand information.

This chapter is concerned with models where current demand infor-
mation is used to drive inventory replenishment policies in distributed
decision making settings and with advance demand information mod-
els where customers place orders in anticipation of future requirements.
The problem of using current demand information on single echelon sys-
tems has been studied extensively and reviewed by Scarf [38], Veinott
[43], and Porteus [35]. Recent papers in this area are concerned with the
use of current demand information in a supply chain context. A typical
example is a retailer having point of sale (POS) information that is valu-
able to his supplier. Questions that arise include: What is the optimal
policy for the supplier when he only sees orders from the retailer? What
is the optimal policy for the supplier when in addition to retail orders he
has access to POS information? What is the value of POS information
to the supplier? Is the retailer better off by sharing POS information?
If not, can POS information be traded so that both the retailer and the
supplier are better off? Authors that have studied different versions of
this problem include Bourland et al. [4], Chen [6], Gallego et al. [16],
Gavirneni et al. [21], and Lee et al. [30].

Models of advance demand information assume that the total demand\
for a period can be expressed as the sum of orders placed over a cer-
tain horizon prior to the period. For example, the total demand for
period five may be the sum of orders placed in periods two, three, four,
and five. There are two motivations for studying demand models of
this form. First, under long term contracts, downstream supply chain
partners often agree to forecast and update future requirements and to
freeze orders within a certain time window. Ford Motor Company, for
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example, issues orders and updates these orders for the next few weeks
to its catalytic converter supplier as discussed in the Harvard Business
Yehool teaching case “Corning Glass Works” (1991). Long term con-
tracts, however, are not the only way companies get advance demand
information. Advance demand information also occurs when customers
place orders in advance, perhaps through the Internet, for customized
products such as a upscale furniture and computer equipment.

The second reason to study models with advance demand information
is that there is a growing consensus, Sec Appell et al. [1], that manu~
facturers can benefit from having a portfolio of customers with different
demand leadtimes'. A portfolio of customers with different demand lead-
times can enable better capacity utilization, higher and more consistent
revenues and better customer service.

Customers often need to be induced to place advance orders. Chen [7]
provides an example where market segmentation is used to gain advance
demand information. The problem of finding price structures to induce
advance bookings has a revenue management flavor, Gallego and van
Ryzin [20], and is outside the scope of this chapter. Advance demand
information inventory models, however, are very complementary to the
problem of finding effective incentives for customers to book in advance.
Indeed, the advance demand information models studied in this chapter
are about finding effective inventory policies and about evaluating the
cost benefits of advance demand information. Without the ability to
assess the cost benefits of advance demand information it is very difficult
to design cost effective incentives to induce advance bookings. Authors
who have studied models related to the concept of advance demand
information include Gallego and Ozer [17], (18], Gallego and Toktay
(19], Graves et al. [22], Giilli (23], [24], Hariharan and Zipkin 126], Heat
and Jackson [28], Toktay and Wein [42], Ozer [33] Schwarz, et al. [40],
and Sethi et al. [41].

The aim of this chapter is to summarize the result in Gallego, et al.
[16], Gallego and Ozer [17]. [18], and Ozer [33]. In the course of sum-
marizing these papers we also review the work of other authors that
has contributed to our understanding of these problems. Section 2 deals
with models using current demand information, while Section 3 deals
with models using advance demand information.

2, Using Current Demand Information

This section will deal mostly with multi-location models using cur-
rent demand information. However, we start our discussion with a
single location model due to Herbert Scarf. His model is an example
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where demand information is used to decide whether or not to exercise
an option. After presenting Scarf’s.model we will discuss papers by
Bourland et al. [4], Chen [6], Gavirneni et al. [21], Gallego et al. [16],
and Lee et al. [30]. These authors find that sharing current demand
information in supply chains is valuable when order cycles are asyn-
chronous, when information is centralized in a vertically integrated sys-
tem, when capacity is limited, when the retailer orders in batches to
take advantage of economies of scales, and when the demand process is
autocorrelated.

2.1. Optimal inventory policies when
sales are discretionary

Herbert Scarf is well know for his early contributions to inventory
theory, see Clark and Scarf [11], Scarf [37], and [38]. After a 40 years
hiatus, Scarf [39] returns to the field to investigate the nature of optimal
policies when sales are discretionary, i.e., when the inventory manager
can choose to meet a fraction of the demand that arises during any given
period. Inventory managers may exercise the discretionary sales option
in anticipation of higher prices or higher costs.

In Scarf’s model the horizon is assumed to be finite, ordering costs
are fixed plus linear, lead times are zero, and unsatisfied demands are
lost. The demand during the period is a random variable D. The special
feature of this model is that the manager may choose to sell any quantity
» with 0 < z < minly, D] at the market price p where y is the period’s
starting inventory after ordering. The ordering cost, selling price and
demand distributions can be time varying aside from the requirement
that the set-up costs decrease monotonically over time. The objective is
to maximize expected discounted profit.

Scarf’s analysis makes use of a novel property of K-concave functions?.
Scarf shows that if d > 0 is a constant, f is a K-concave function defined
on [0, c0) with a finite number of local maxima,

9(y) = oo B fly = 2),
and z(y) is the largest minimizer of f(y—z) subject to 0 < 2z = minly, dJ,
then g is K-concave and y — z(y) is monotonically increasing in y.

Scarf uses this property to show that policy that maximizes the ex-
pected discounted profit is of the (s, S) form. Under this policy the in-
ventory manager observes the inventory = and places an order for 5 — =z
units if z < s and does not order otherwise. After observing the demand,
say d, during the period, the inventory manager sells z(y) € [0, min(y, d)]
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and keeps y — z(y) units for the next period. While speculating with
inventories is rarely seen in stationary environments, this behavior is
typical in inflationary environments and in environments where there is
significant price and or cost volatility.

2.2. The value of demand information when
order cycles are asynchronous

Bourland et al. [4] consider a two stage serial system where each stage
follows a periodic review base-stock policy. Each stage is assumed fo
have ordering periods of equal length. The authors investigate the ben-
efits of sharing customer demand information through EDI when the
ordering cycles are not synchronized. As an example, consider a sup-
plier and a retailer making ordering decisions on a weekly basis. Assume
the retailer places orders every Thursday and the supplier places orders
every Monday. Assume that the supplier incurs linear holding and back-
order costs. In the absence of demand information the retailer faces a
periodic review inventory problem with iid demands. Under this condi-
tion the supplier’s expected cost is proportional to standard deviation
of the weekly demand. Suppose, instead, that on Mondays the sup-
plier obtains information from the sales experienced by the retailer since
Thursday. Thus, at the time of placing the order, the supplier only faces
uncertainty about the demand for Monday, Tuesday, and Wednesday.
The cost to the supplier is now proportional to the standard deviation
of the demand over these three days. If the demand is uniform over
the week then the expected cost under demand information sharing is
65.4% (\/ﬁ) of the expected cost in the absence of demand information
sharing.

2.3. The value of demand information
when capacity is limited

Gavirneni et al. [21] study the holding and penalty cost of a f{inite ca-
pacity supplier facing demands from a single retailer following an (s,.5)
policy. The authors assume that the retailer’s lead time is zero and that
the retailer can immediately procure units from an alternative source if
the supplier is not capable of filling an order. The supplier absorbs the
assumned linear cost of procuring such units. Under these assumptions,
the authors compare the costs with and without information sharing,
and report significant savings for the supplier from demand informa-
tion sharing. The savings come from the supphier’s increased ability
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to anticipate the timing and the magnitude of the next order from the
retailer.

2.4. The value of demand information when
the retailer batches orders

Gallego et al. [16] assess the benefits of sharing demand information
in a supply chain consisting of a single supplier and a single retailer. The
retailer faces Poisson demands at rate A, economies of scale in ordering,
and places orders from the supplier according to a (@, r) policy where Q)
is fixed.? The supplier orders from an outside source with ample stock
and incurs linear holding and backlogging costs at rates h and p respec-
tively. Units ordered from the outside source arrive at the supplier after
L units of time, where L is a known constant. The supplier’s problem is
to minimize the expected holding and backorder penalty costs with or
without retail demand information. The authors show that the supplier’s
optimal policy under demand information sharing calls for monitoring
the retailer’s inventory position and results in a cost that is indepen-
dent of the order size @. In the absence of demand information they
show that a modified base-stock policy where the supplier introduces
a random delay after receiving the order from the retailer is optimal.
The authors then investigate whether or not the retailer is better off by
voluntarily sharing demand information. When this is not the case, the
authors identify conditions under which information can be traded, i.e.,
purchased by the supplier.

In the absence of demand information the supplier only observes or-
ders of size Q from the retailer. The time between orders observed by
the supplier is an Erlang random variable, say T, with parameters Q
and \. The authors assume that the supplier knows the distributional
form of Tg or equivalently that the supplier knows, or can accurately es-
timate, the demand rate A. The expected cost of the supplier’s optimal
base-stock policy is given by min H{(mQ) where the minimization is done
over integer values of m, H(y) = hE(y — Nt +pE(Np —y)*" and Ny
denotes a Poisson random variable with parameter At. They show that
the largest optimal base stock level is S = my,@Q where m, is given by

1 (m+1)Q ’
M, = min {m ‘me ZT, @- Z P(Np < k) > 7[—%} (5.1)
k=mQ+1

The case Q = 1 is of special interest, since in this case the retail orders
coincide with the demand seen by the retailer. Thus, in this case, the
supplier has full demand information. The optimal base stock level, say
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S*, is given by the smallest integer S satisfying
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Obviously, H(S*) < H(m,Q) for all @ > 1. In fact H(S") is a lower
bound on the optimal with respect to all policies for all @, even if the
supplier has full demand information.

2.4.1 Optimal policies under demand information sharing.
When the retailer shares demand information with the supplier, the
supplier’s optimal policy consists of monitoring the retailer’s inventory
position and placing an order of size  when the retailer’s inventory
position drops to r 4 n where n = §* — (m — 1)Q and m is an integer
such that (m — 1)Q < S* < m@. The expected cost to the supplier
under this policy is shown to be equal to H(S*), and is independent
of Q. A numerical comparison shows that the cost of this policy can
be significantly lower than the cost of the best base-stock policy. For
example, for A = 20, L = 1, h = 1, and p = 9, 5* = 26, and H(26) =
8.19. On the other hand, for Q = 15, m, = 2 and H(30) = 10.32 while
for Q = 20, m, = 1 and H(20) = 17.77.

2.4.2 Optimal policies without demand information
sharing. The optimal policy under demand information sharing
delays the placement of orders until @ — n units are demanded. This
suggest that expanding the class of base-stock policies by allowing the
supplier to delay orders. We first consider base-stock policies with fixed
and then random delays. Gallego et al. show that random delay base-
stock policies are optimal.

If the supplier delays orders arriving from the retailer by 7 units of
time then the system behaves as if the lead thue was L+ 7 instead of
L. We can write the cost of delayed base-stock policies as H{m@,7) =
hE[y — Npo)™ + pE[Np- — y]". Fixed delay basc-stock policies were
recently proposed by Moinzadeh [31]. He computes the optimal delay ~
for a fixed order size m(@ for the case where the inter-order distribution
is normal and for the case where only the mean and variance of the
interorder distribution is known. Let

My = min {m € Z7 P(Np <m@Q) = Pltmg > L) > - i) } (5.3)
- p

Corresponding to every integer m > m there is a anique 7, > 0
such that (m@, 7,) is a stationary point. The existence of a countable
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number of stationary points lead Moinzadeh to an extensive computa-
tional search for an optimal solution. Gallego et al. show that it is
enough to consider only the points (e, 0) and (my,71) where 71 is the
unique positive root of P(tmg > L + 7) = P(Npyr < mQ) = 355

2.4.3 Random delay base-stock policies. The authors con-
sider a policy that terminates the delay if the next order from the retailer
arrives before the fixed delay. Let v be the fixed delay and T the time
until the next order from the retailer. Under the random delay base-
stock policy, the supplier delays her order by min(v, 7). By the reward
renewal theorem the average cost of this policy can be written as

G(mQ,v)
= h/\E(T(mQUQ-*L—%”(TQ~T)+)++p/\E(L”T(m~1)Q‘(TQ"T)+)+
= hE[(m-1)Q =N +(Q—N,)* " +pE[NL—(m~-1)Q~ (Q@—N)H™
Notice that if v = 0 then
G(mQ,0) = H(mQ,0) = hE[mQ — Ni]* +pE[N, —mQ]™.

Thus, the largest optimal m for v = 0 is m, as defined by (5.1). We need
to compare the cost G(mo@,0) = H(moQ, 0) to the cost of the best pol-
icy with a positive delay. Recall the definition of my in equation (5.3).
Let v; be the unique solution to

P(Np + N, < mQ|N, < Q) = (5.4)

h+p
The authors show that the pair (mi@Q,v1) is the only strictly interior
stationary point of G(m@,v). Thus, to find the optimal random delay
base-stock policy we only need to compare G(mo.Q,0) and G(mi1@, vy).
Let (m*@,v*) denote the pair with lower cost among these two candidate
solutions. The authors also show that policy (m*Q,v*) minimizes the
supplier’s long run average holding and penalty cost among all possible
policies by using arguments due to Katircioglu [25].

Although the random delay base-stock policy has the virtue of being
provably optimal, our computations indicate that the savings relative to
the fixed delay base-stock policy are almost always negligible. The only
case where there was a small, but a significant, difference in cost was
for ) = 20 where vy = 0.6279. This case resulted in an average cost of
$10.19, which is a slight improvement over the cost $10.33 of using the
fixed delay 71 = 0.6069. As a final observation, note that random delay
policies are unlikely to be significantly better than fixed delay policies
for small and large values of Q. Indeed, for small values of ¢ we almost
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have retail demand information, whereas for large Q) values T becomes
Jarge and almost deterministic.

Q 7 m*Q | G(m.Q,0) | Gim"Q, vy um“oco(l—fé((:; )

110 26 8.19 8.19 -

510 25 8.31 8.31 -

10 1 0.1615 30 10.32 8.83 14.44%

15 | 0.1615 30 10.32 8.83 14.44%

20 | 0.6279 40 17.77 10.19 42.66%

25 | 0 25 8.31 8.31 -

30 | 0.1615 30 10.32 8.83 14.44%

40 | 0.6069 40 20.00 10.33 48.35%

50 | 1.059 50 30.00 11.64 61.21%
2.4.4 To share or not to share demand information.

Suppose it takes [ units of time for a shipment to get from the supplier
to the retailer. If we take the view that stockouts at the supplier cause
shipment delays to the retailer, then the retailer’s lead time demand
under demand information sharing is

Ni+ (Np =57,

where §* is given by (5.2). On the other hand, the retailer’s lead time
demand without information sharing is

Ny (Ng = (m = 1)@ = (@ = N )"

where (m*@Q,v*) minimizes G.

The retailer needs to compute his cost under each of these lead time
demands to decide whether or not it is in his best interest to share de-
mand information. For example, when Q = 20, the retailer would be
willing to share demand information. This is a win-win situation since
both the retailer and the wholesaler benefit from sharing demand infor-
mation. On the other hand, for @ = 10 the retailer will be unwilling to
share demand information. A similar situation arrises when () =15 and
when ) = 30. If the retailer is worse off sharing dentand information, the
supplier may be willing to buy this informa ion from the retailer if the
expected gain to the supplier exceeds the expected cost to the retailer.
Although we are not aware of any practical instance where the retailer
sells demand information for a fee, therc may he an hmplicit cost paid
by the supplier in the form of lower unit prices. Morcover, as retailers
become more powerful, they may soon be in a position of actually de-
manding payment for demand information. Iinally, if neither selling nor
sharing demand is jointly profitable. the supplicr and the retailer may
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attempt to jointly optimize the sum of their costs and then find a way
to share the savings. We note, however, that moving from distributed
to centralized decision making is nontrivial since it entails sharing cost
structures which may be misrepresented.

2.5. The value of centralized demand
information in vertically integrated firms

Chen [6] considers a continuous—time model of a vertically integrated
serial supply chain where the demand process at the downstream stage is
compound Poisson. Each stage ‘s assumed to follow a (nQ,r) replenish-
ment policy with given batch sizes. Reorder points are computed based
on echelon (centralized) and on local (decentralized) information with
the objective of minimizing system wide expected costs. It is known that
the cost difference is zero when demand is Poisson and the batch sizes
are all one, but Chen's is the first comprehensive numerical study to in-
vestigate the cost difference under compound Poisson and arbitrary, but
fixed, batch sizes. Surprisingly, the cost difference is fairly small, 1.75%
on the average, and a maximum of 9%. The cost seems to be larger
the longer the lead time, the larger the batch sizes, and the greater the
number of echelons in the chain. We remark that the policies found by
Chen are optimal among the class of (nQ,r) policies he considers. It is
quite possible that the idea of delaying orders, described in the previ-
ous section, may provide a strict improvement over the class of (nQ,r)
policies, but more research is needed to assess the extent to which delay
policies are beneficial in this setting.

2.6. The value of demand information when
demand is autocorrelated

Lee et al. [30] study the benefit of demand information sharing to the
manufacturer in a two stage supply chain consisting of a single manu-
facturer and a single retailer facing an autocorrelated demand process.
The manufacturer and the retailer incur linear holding and backlogging
costs, experience constant lead times, and follow base-stock policies.
The authors assume that the manufacturer immediately ships retail or-
ders, instantly procuring from an alternative source at a linear penalty
cost in the case of a shortfall. The authors report large savings for the
manufacturer when the autocorrelation coefficient p € (—1,1) is high.
These savings are computed under the assumption that the manufac-
turer knows the parameters of the demand process, observes only retail
orders, and makes forecasts based only on the last retail order.
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The demand process is assumed to be given by
Dy =d-+ pDi_1 + e,

where d > 0, —1 < p < 1, and ¢ is 1id normally distributed with mean
zero and variance o

Let S; denote the order-up-to Jevel in period t. At the end of time ¢
the retailer orders

Y} = le + (St * ngl>

which represents the demand during period ¢ plus the change made in
the order-up-to level. The authors acknowledge that it is possible to
have Y; < 0 but they assume o < d so that P(Y; < 0) is negligible.
The authors show that the conditional expectation and the conditional
variance of the total lead time demand are given by

my = a + 0Dy,

and

v = Co’,
where « is a constant that depends on d, p and [, while ¢ and ¢ are
constants that depend only on p and the length of the lead time [.
Consequently,

S; = my + ko,
and
Vi = Dy + 0Dy — D),

where k is the p/(h + p) percentile of the standard normal distribution.

The authors then solve the manufacturers problem under both infor-
mation sharing and no information sharing. The authors assume that,
in the case of no information sharing, the manufacturer estimates the
conditional mean and variance of his lead time demand based on ¥, only,
as opposed to D in the case of demand information sharing. It is as-
cumed that the manufacturer knows d, p, and o. The conditional mean
and variance of the manufacturer’s lead time demand is then used to
et the manufacturer’s order-up-to levels. The authors attribute very
large savings to the manufacturer’s long run average cost, especially for
o > 0.5, to demand information sharing.

We find, however, that the manufacturer can estimate D, as follows:

Let D, = T’CLZT and for t > 0 let

sy V/ - (7)191*1
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Let e; = Dy — D, be the estimation error in period ¢. A little algebra
reveals that

A b N
Dy — Dy = ——(Dy1 — D
¢ t 1+b( =1 1)
b
= et
T+b
:Atﬁlelv
where A = T% = P—?—fﬁ%{l € (-1,1), which implies that e; — 0 as.

+ — 00. Since D, is the unconditional mean of Dy, it follows that e; = €1
is normal with mean zero and variance o2, Thus the absolute value of
the initial error is, with very high probability, bounded by 30 < d. As
an example, assume that p = 0.6, d = 100, 1 = 5, and o = 10. Then
a large initial error of 3¢ = 30 is 15% of the mean demand. After 5
weeks the error is 1.8% of the mean demand, and after 12 weeks the
error is negligible. Armed with the estimate D, the manufacturer can
do as well as under demand information sharing after 12 periods. This
analysis shows that the savings in average costs reported by the authors
are only transient and are zero in the long run. Demand information
sharing is valuable when the manufacturer cannot infer current demand
from the order history. This would be the case, for example, if demand
were driven, in part, by pricing and promotion activities.

3. Using Advance Demand Information

Hariharan and Zipkin [26] incorporate advance demand information
in a single echelon continuous review system by introducing the concept
of demand leadtimes. In their model customers place orders [ periods in
advance of their requirements. As a consequence, the inventory manager
has perfect information about future demand. For fixed demand lead
time, Lp, they prove the optimality of base stock policies and show that
demand lead times directly offset supply Jeadtimes. As an example,
consider the case where the supply lead time is L. 1f0< Lp < L the
system with demand leadtimes behaves as a system with supply lead
time L — Lp. As Lp approaches L the system moves from make-to-
stock to make-to-order. If Lp > L, then the system is make-to-order
and it is optimal for the inventory manager to delay orders by Lp — L
units of time.

There have been a number of attempts to generalize the results of
Hariharan and Zipkin to the case where advance demand information 1s
not perfect. Schwarz et al. [40] consider a periodic review model where a
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retailer has imperfect demand information over the demand leadtime L p.
To better understand their model, consider the special case (Lp,L) =
(1,2). At the beginning of a period, the inventory manager observes the
potential demand Z = z for the next period. The demand, say X, that
materializes in the following period depends on z. For example, Z may
be Poisson with parameter A/(1 — p) and X binomial with parameters
7 = zand 1 —p € [0,1] where p is the cancelation rate. Schwarz et al.
consider the problem of maximizing the total expected discounted profit
over an infinite horizon for a problem with stationary cost parameters
and a stationary demand process under the assumption that inventory
manager can order or dispose units at a linear cost. They show that a
state dependent base stock policy Is optimal where the state is the vector
of demand signals over the demand leadtime. The authors compare
systems with imperfect information, 0 < p < 1 to the extreme cases
of perfect and no information, and provide insights about the nature of
the optimal policies and the corresponding expected discounted profits.
Notice that the sequence of demand forecasts namely, A, Z(1—p)and X
forms a martingale since E[Z(1—p)] = A and E[X[Z(1 - p)] = Z(1—-p)
with E[X] = E[E[X|Z]] = E[Z(1 - p)] = \. Viewed this way, the work
of Schwarz et al. is best examined in the light of earlier results dealing
with demand forecast revisions.

Work on demand forecast revisions include Hausman [27], Heat and
Jackson [28], Graves et al. [22], and Gilla 23], [24], Gallego and Toktay
[19], and Toktay and Wein [42]. Hausman [27] models the evolution of
forecast as a quasi-Markovian or Markovian process. He suggests that
ratios of successive forecasts can be modeled as independent lognormal
variates and incorporated into sequential decislon problems. Heat and
Jackson [28] model the evolution of forecast using martingales. They
name their model the Martingale Method of Forecast Evolution (MMFE)
and use it to generate forecasts for a simulation model and to analyze
economic safety stock levels for a multi-product multi-facility production
system. Graves et al. 22] independently model a single itemn version of
MMPEE and use it to analyze a two stage production planning system.
Giillii [23] determines the form of the optimal policy that arises un-
der MMFE for a capacitated single item/single facility inventory system
with zero set up cost and instantaneous delivery. He shows that the sys-
tem, which employs demand forecast one period in the future, attains
lower expected minimum cost than a system that doces not incorporate
future demand information. This result is a precursor to Schwarz et al.
i the context of cost minimization that docs not make the disposal
assumption.  Giilli [24] studies the hehavior of the optimal order up
(o policy with respect to capacity levels andd the forecast state. Gallego
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and Toktay [19] study a production problem with demand updates where
capacity is limited and the fixed cost is large enough to justify an all
or nothing production policy. Under such a policy, production in a
given period is either zero or the maximum capacity. They show that
a state dependent threshold policy is optimal. Toktay and Wein [42]
model a setting where the production stage is modeled as a single-server
discrete-time continuous-state queue. They use heavy traffic and ran-
dom walk theory to obtain a closed form approximation for the forecast
adapted base stock policies where forecasts are updated as in MMFE.
Sethi et al. [41] study & model of forecast evolution with zero setup costs
and multiple delivery modes and show that a state dependent policy is
optimal.

The work that we review in this section, Callego and Ozer [17], Gallego
and Ogzer [18], and Ozer (33], deal respectively, with single location,
serial, and distribution systems under a model of advance demand in-
formation. The advance demand information model is a discrete time
generalization of Hariharan and Zipkin, and fits into the MMFE frame-
work in a very explicit way. The idea is that total demand for any given
period is the sum of customer commitments made over a certain horizon.
For example, the total demand for period five is the sum of commitments
made by customers in periods three, four, and five. This generalizes the
idea of Hariharan and Zipkin in that part of the demand is known in
advance. Our model, unlike that of Schwarz, Petruzzi and Wee, does
not allow for cancelations. While this is a limiting factor, as stated in
the introduction, there are two reasons to study these models. First,
some manufacturers have long term price agreements with customers
that place firm orders in advance. Second, there is a growing consensus
that manufacturers can benefit from having a portfolio of customers with
different demand lead times. Such portfolios lead naturally to inventory
systems with advance demand information.

3.1. Advance demand information model

In this section we present the advance demand information model in
detail. To model advance demand information, we assume that cus-
tomers place orders during a period. Such orders may be either for
immediate delivery or to be delivered at a specified period in the near
future. To be more precise, we assuime that during period t we observe

the demand vector

Dt - (Dt,tv - '7Dt,t+N)-,
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where D; ; represents orders placed by customers during period ¢ for peri-
ods s € {t,...,t+ N}, where N represents the length of the information
horizon. N = 0 represents the classical case of no advance demand
information.

At the beginning of period ¢, the demand to prevail in period s > ¢
can be divided into two parts: The observed part that is known to us

t—1
Ot,sE Z Dr,m (5'5)

re=s—N

and the part that is unobserved and not yet known to us
8
Ut,s = Z Dr,s~ (56)
r==t

We define Oy s = 0 for s = 1+ N. At the beginning of period t, we know
(Ot Otgan—1)-

Example: Assume that N = 2. At the beginning of period ¢, Ot =
Doy + Di_1t, Ot,t+1 = Dy 141 and Ot,t+2 = 0, while Ut,t = Dt,u
U1 = D41 + Dig1441, and Upipo = Dy ty2 + Dipig+2 + Dyyotya-
Notice that Oy s + Uts = Z?:o Ds_js for s € {t,t+ 1,1+ 2}. Ds—js =0
for i = 1,2 models the case of no advance demand information, while
the case Ds s = 0 models the case where all the demand information is
obtained at least one period in advance.

We assume throughout that there is a centralized decision maker who
has the opportunity to decide at the beginning of each period how much
to order/produce and when and where to ship goods taking into account
the advance demand information at hand. The objective is to establish
an optimal control mechanism to minimize the expected discounted cost
of managing the production/distribution system over a finite or infinite
horizon. Since decisions are sequential and made under uncertainty, the
problems will be formulated using dynamic programming.

3.2. Single location models

In this section, we consider a single location inventory model with
fixed lead time L under advance demand information. At the beginning
of each period the inventory manager has to decide whether or not to
order and how much to order from its supplier in light of the advance
demand information.
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At the beginning of period ¢, the inventory manager knows

I; . inventory on hand
By : number of backorders
zg : pipeline inventory s € {t — L,...,t — 1}
Ot : observed part of demand for periods s € {t,...,t + N —1}.

We assume that the unsatisfied demands are backordered and satisfied
as inventory is available. After observing the inventory on hand, the
number of backorders, the pipeline inventory, and the advance demand
information the manager places an order of size z; > 0. This order will
arrive at the beginning of period t + L. We assume that the cost of
ordering z > 0 units in period ¢ is given by K6(2t) + ¢tze where Ky > 0
is the set-up cost and 6(z:) = 1 if 2z > 0 and zero otherwise. This
cost is realized whenever the order is placed. This assumption can be
easily modified to incorporate other cases, including that where the cost
is realized at the time of delivery. After the ordering decision is made,
the demand vector D; is realized. Demand is satisfied from on-hand
inventory given priority to existing backorders, if any. At the end of
each period, holding cost is charged based on the inventory on hand, if
there is any. Otherwise, a penalty cost is charged based on the number
of backorders.
The net inventory at the end of period t + L is given by

t—1 :
It + Z Zs"Bt'*"Zt‘“DtLv
gz=t—L

where DtL is the total demand realized during the periods ¢, +1,...,
¢+ L. We use the term protection period demand to refer to the demand
over these periods. Some authors follow a different convention and refer
to DF as the lead time demand. Notice that viewed from the beginning
of period t, we can divide the protection period demand into the observed
part

t+L

OF = Oy,
gzt

and the unobserved part

t+L

UtL = Z U{;,SK
s=1
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This suggests a way to summarize the state space. Let

z¢ : modified inventory position before the ordering decision is made =
t—1
L+ Y z-B-0f,
g==t-I
y¢ + modified inventory position after the ordering decision is made =

Tt + 2

We use the term modified to distinguish the definition from the classical
definition of inventory position, which does not subsume the observed
part of the protection period demand. In addition to z;, we have to keep
track of the observations beyond the protection period,

Ot = (OtjtL41, - -, Opppn—1).-

To summarize, the state of the system is given by (z¢, O;). Notice that
the vector Oy is meaningful only if N > L+1. Consequently, if N < L—+1
the state space is given solely by the modified inventory position.

The single period cost charged to period ¢ is the discounted expected
holding and penalty cost at the end of period ¢t + L. This is given by

Gi(y) = " Eg;(ys — UE),

where o < 1 is the discount factor, g¢(-) is the holding and penalty cost
function, and the expectation is taken with respect to the unobserved
part of the protection period demand Uf. For each t, we assume that
(¢) gt is convex, (1) lim|g).o g(z) = 00 and (iii) E(Dy,)? < oo for some
o > 1. These are classical assumptions in inventory literature. All these
assumptions are satisfied when the holding and backorder penalty costs
are linear, e.g., at rates h; and p; respectively.
After observing Dy = (Dyy,. .., Dign) the modified inventory posi-
tion is updated by '
‘ L1
Tip1 = Ty +2p — Dyy — Z Dis = Ot pqp41 (5.7)
s==t41

and the vector of observed demand beyond the protection period by
Ot+1 = (Otg1,6+242, - -+, Ot 1,04 N) (5.8)

where Ot+175 = Ot,s -+ Dt,s-
A rigorous proof of the state space reduction is given in Ozer [34].

N = 0 is the classical case studied extensively in inventory theory, see
Scarf [37], Veinott [43], and Zheng [45].
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For 1 < N < L + 1, although there is non-trivial information about
future demands, it is subsumed in the modified inventory position so all
the classical results described for the case N = 0 apply! In addition,
if ordering takes place in a period then the order quantity is increasing
in the observed protection period demand. Brown et al.[5] consider this
case and restrict the information horizon to be, at most, the length of
the protection period.

We let T denote the length of the horizon when it is finite. We assume
that inventory leftovers at the end of the planning horizon are salvaged at
unit rate .. Final backorders (if there are any) are satisfied by a final
procurement at unit rate cr41. Our final assumption is that discounted
set-up costs are non-increasing. More formally, we assume that afir <
K, holds for all ¢t where « Is the discount rate. None of these assumptions
are stronger than the assumptions of classical inventory problems, see
Scarf [37], Veinott [43].

3.2.1 Inventory problems with positive set-up costs.

This section focuses on problems with positive set up costs, Ky > 0,
where the information horizon satisfies N > L+ 1. We first characterize
the form of optimal policies for the finite horizon case and then for the
infinite horizon case. Recall that Oy is known at the beginning of period
¢. From now on we denote random variables or random vectors by lower
case letters when their realization is known, e.g., O; = oy when Oy is

known.
The optimal cost-to-go function satisfies the dynamic program

Jo(@e, 00) = min {K;8(ye — z¢) + Ve, 04)} (5.9)
Yt 2Tt

where Jr1(-,+) =0,
Vi(ye, 00) = Ge(ye) + aBJp1(Teg1, O41), (5.10)

and G¢(y) = (¢t —aci )y+ ot Eg(y— UF). The expectation in (5.10) is
with respect to the vector Dy = (D, Degas - - ,Diryn). An intuitive
explanation of this dynamic program is as follows: If the decision is
to order y; > x¢ than we incur fixed and variable ordering costs plus
cost of managing the system for a single period plus cost of managing
this systern starting from the next period to the end of the planning
horizon T. Notice that we have subsumed the terminal condition into
the dynamic program itself which results in a dynamic program with
sero terminal cost. A formal construction of this DP can be found in
Gallego and Ozer [17].
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Equation (5.9) can be expressed as
Ji(zs, 00) = Vi(zy, 0r) + min{ He(zs, ot),0}

where Ht(il?t, Ot) == Kt -+ minytzmt X/t(yta Ot> - ‘/g($g, Ot>. If Ht<$t7 Ot> < O,
then it is optimal to order. On the other hand, if Hy(z¢,0:) > 0, it is not
optimal to order. If H,(-,0;) has a unique sign change from — to + for
every o; then the policy has a simple form: an interval in which ordering
is optimal followed by an interval in which ordering is not optimal. 1t can
be shown, by contradiction and induction arguments and the definition
of K-Convexity, that Hi(-,0¢) has a unique sign change form — to +.
The following result establishes the optimality of state dependent (s,5)
policies.

Theorem 5.1 The following statements are true for any fized vector 04
1 Vi(-,01) is Ki-convez and lim;miﬁw%(x,ot) = 00.

2 An optimal policy is defined by a state dependent (s¢(0:), St(0t))-
policy where

Si(0;) = min{y : Vi(y,0) < Vi(z,0¢) for all x},
si(0;) = max{z : Hi(z,0t) < 0}

3 Ji(-,0,) is Ki-convexr and liMg oo Jt(T,00) =00, liMg— 0o
Ji(z,0) = Vi(se(or), 01).

Thus, it is optimal to order up to Si(o¢) only if the modified inventory
position is below s¢(o¢). Notice that these critical levels depend on the
observation beyond the lead times.

3.2.2 Stationary problems. We refer to an inventory problem
as stationary if the demand and the cost parameters are stationary, l.e.
G=c¢ gt =g, =« and K; = K and we also drop the subscript from
single period cost function (. Let us define for stationary problems

S* = min{y: G(y) < G(z) for all z}
sf=max{y < S :Gy) = K+ G(5")}
S = min{y > S*: G(y) > G(57) +aK}

The pair (s*,5*) is a myopic policy for the positive set-up cost case.
Such a policy ignores the impact of current decisions to future and also
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does not depend on advance demand information. Myopic policies for
non-stationary problems are defined similarly but they are time depen-
dent. The points above exist since G is convex with respect to y and
Jinmy| oo G(y) = oo.

The following Lemma shows that optimal policies are, in a sense,
bounded by myopic policies.

Lemma 5.2 For all t and any fized vector Ot 5% < Si(or) < S and
s* < s¢(01)-

We remark that our proofs do not require the underlying functions to
be continuous and differentiable. Our arguments are based on the study
of first differences and allow us to COVer demand processes with integer
domains.

The next Theorem provides a horizon result that sheds more light on
the structure of optimal policies under advance demand information.

Theorem 5.3 For finite horizon stationary problems, if (8 —s%) <
Ot t+L+1s then St(Ot) = S*.

This result shows that once the observed demand for period t+ L +1
exceeds S — s*, the myopic order-up-to level is optimal for the stationary
positive set-up cost problems. The threshold level is a function of the
lower bound for the reorder point and the upper bound for the order-
up-to level. Tighter bounds result in a lower threshold level. As the
set-up cost increases the observed demands for the immediate period
beyond the protection period need to be higher for the horizon result to
hold. This result has both managerial and computational implications.
Management can ignore advance demand information beyond period ¢+
L + 1 if the observed demand for period t 4+ L + 118 sufficiently high.
In particular, management should concentrate on ordering, if needed, to
satisfy the demand for period t + L, knowing that a new order will be
placed in period £+ 1. The horizon result limits the need to search for
state dependent policies, when the observed demand for period t-+L+1
is sufficiently large, making it easier to compute optimal policies.

Theorem 5.4 The results obtained for the stationary finite horizon
problem with positive set-up cost also hold for stationary infinite horizon

problems.

3.2.3 Inventory problems with zero set-up costs. The
functional equation for the zero set-up cost case is given by equation (5.9)
with K; = 0 for all t. Using similar arguments as in the case of positive
set up cost, we obtain the following results for the finite horizon zero
set-up cost case.
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Theorem 5.5 The following statements are true for any vector o;:
1 Vi(+,00) is conver and limjg o0 Vi(Z, 0¢) = 00.

2 An optimal ordering policy is a state dependent base-stock policy
where the order-up-to level is given by the smallest minimizer of

W(',Ot% i.e.

yi(oy) = min{y :Vily, 0) = mzin V}(w,ot)}. (5.11)

8 Ji(-,0¢) is increasing CONveT.

4 Vi(z, o) has decreasing differences* in (z,0).

(

(
5 yi(oy) ts increasing in oy.
6 Ji(z,0¢) has decreasing differences in (z,0¢).

This indicates that an optimal policy is to order whenever the modified
inventory position falls below a state dependent base stock level. The
fifth statement shows that systems maintain higher order-up-to levels,
hence higher average inventory levels, as the observed demand beyond
the protection period increases.

3.2.4 Stationary policies. The following result is necessary
to establish optimal policies for the stationarity zero set-up cost infinite
horizon case.

Lemma 5.6 For all t and any wvector (z,0), Vi-1(z,0)>Vi(z,0),
yi-1(0) < y(0), Je-1(z,0) = Ji(z,0).

A myopic policy ignores the effect of upcoming periods and focuses
on minimizing the expected cost for the current period. Thus a myopic
policy for the zero set-up cost case is any minimizer of Gy, ie., any

Y € (Yin> Ymae) Where
Yinin = min {y : Gily) = min Ge(a) },
e
y:na:z: = max {y : Gt(y) = mzln Gt(ft)}

Notice that the range collapses into a unique point when Gy(+) is strictly
convex.

Theorem 5.7 For a stationary problem any base stock policy, where
the base stock level y* is € (Yrin, Yiae), 18 optimal for the finite horizon
problem. '
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This result shows that information beyond the protection period does
not affect the order-up-to level when we assume stationary costs and
demand distributions. Intuitively, it makes sense to order only to cover
for the protection period demand in the absence of fixed costs. This
result significantly reduces the computational effort since the state space
collapses to a single dimension. It also implies that management does
not need to obtain advance demand information beyond the protection
period for inventory control purposes. As with the case of positive set
up cost the results carry over to the infinite horizon.

3.2.5 Numerical study. We use a backward induction al-
gorithm to solve the functional equation (5.9). For the purpose of our
numerical study we assume L = 0 and N = 2. This is the simplest case
for which the problem is non-trivial and is general enough to capture the
main ideas. We model Dy .y; as Poisson with parameter At = 0,1,2.
Notice that o = D1 ¢41-

Figure 5.1 depict the relationship between x; and y; with respect to
ot = D¢_1 441, the observed demand information beyond the protection

K=100, h=3, p=9, 7\,0 =4, X1 =1, 7x2 = 1

60
50 ..
40

30

10 ..
100

1,141

Figure 5.1. Positive set-up cost
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period. Notice that order-up-to level increases as the level of observed
demand increases for large set-up costs. We find counter examples,
however, which show that this monotonistic behavior is not a general
property. On the other hand, our extensive experiments indicate that
reorder point s;(Di—14+1) decreases as D;_j ++1 increases. We found
this observation surprising, because intuition suggests that the reorder
point, 8¢(D¢—1,+1), should be increasing in Dy 141 making it more
likely to place an order to cope with large observed demands. Careful
thought, however, reveals a more complete story. First, notice that if
z; is not too low, the holding and penalty cost of not ordering may be
lower than the cost of ordering and carrying Di—1,¢+1 for one period.
This suggests that at high values of Di—j t+1, it may be better to incur a
shortage cost now rather than to place an order and carry inventory for
the next period. On the other hand, for sufficiently low values of z; and
very high values of Di—1,¢41 it is best to place two consecutive orders,
which is shown in Theorem 5.3. In this case, it is optimal to raise the
modified inventory position of the first order to minimize current costs,
e, Se(Di—1441) = S* when Di_1t41 2 5 — s*. A sharp decline of
order-up-to-level in Figure 5.1 depicts this result.

We now illustrate how our model quantifies the trade off between the
benefits of advance demand information and the cost of implementing
a pricing strategy that induces advance bookings. Recall that the total
s demand for period s is given by Ds = Dsos+ Ds—1s + Dsps. In
Table 5.1, we fix the expected total demand for a period to be 6(=
Ao+ A1+A2) and increase A9 while decreasing Ao (This allows us to model
when the inventory manager has more advance demand information).
Assume that a brand manager is trying to acquire advance demand
information through pricing strategies. She is willing to reduce the price
of the product if customers are willing to book early. Strategies one

Table 5.1. Optimal (s, 5) levels with respect to advance demand information

K=100,h= l,ng,st(Dg..l,H.l),St(Dtml,H.l) for Di~1,4+1 € {O,. Ly 15},T: 12

# | Do, 21,09 | [0 1 ... 14 5] (55,5 [ 10,0 [71(0, 10)

1 (5,1,0) S()y]3 3 ... 49 80 (—7,8,110) | 418.81 | 427.80
(12 2 ... 0 0

5T 4L1) || S()] 33 34 ... 47 48 || (~8,7,108) | 415.81 | 420.12
s()y;p 11 ... =1 -1

3 (1,1,4) Sy 127 28 ... 41 42 (—11,2,104) | 379.77 | 386.85
s(y | -2 -2 ... -3 -3

4 (0,1,5) S(yl25 26 ... 39 40 (-12,0,100) | 353.91 | 375.67
s()|-3 -3 ... -4 -4
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through four in Table 5.1 model different Jevels of aggressiveness in the
pricing strategy to induce advance bookings. The last two columns in
Table 5.1 show the reduction in costs for two initial states. Notice that
expected cost decreases as more and more customers are induced to book
early. More examples can be tound in Gallego and Ozer [17]. Tt s also
evident from this table that the order-up-to level and the reorder point
decrease as more customers place advance orders, suggesting a reduction
in average inventory level.

3.3. Multi-stage serial systems

In this section, we incorporate advance demand information for a
multi-stage serial system and establish that state dependent base stock
policies are optimal. Consider a production/ distribution system with J
stages. External demand occurs only at stage J. Stage j = 2 satisfies
its requirements from Stage 7 — 1. The first stage orders from an out-
side supplier with ample stock. Shipments arrive after exogenous, stage
specific, lead times. Replenishment decisions are centralized and based
on system wide inventory information. The objective is to minimize the
expected discounted cost of managing the system over & finite horizon.
A two stage serial system can be interpreted as a manufacturer and a
retailer. The retailer procures from the manufacturer to satisfy an un-
certain demand process. The manufacturer satisfies its own requirement
from an outside supplier. A centralized decision maker has to decide
when and how much to procure from the outside supplier and when and
how much to ship to the retailer to minimize the holding and penalty
cost of managing the system over a finite horizon in light of advance de-
mand information. The infinite horizon problem is essentially a limiting
case of the finite horizon problem. More details can be found in Gallego
and Ozer [18]. »

Clark and Scarf [11] show that the problem without advance demand
information decomposes into single stage problems and prove the opti-
mality of base stock policies. Federgruen and Zipkin [13] extend these
results for stationary infinite horizon problems. Chen and Zheng [9]
establish lower bounds on the cost of managing the infinite horizon in-
ventory problems for the average cost criteria and construct feasible
policies that achieve these lower bounds. Chen and Song [8] is the only
paper to establish the form of optimal policies for the infinite horizon
case with non-stationary demands. In their model, demand is governed
by a Markov modulated Poisson process. They prove the optimality of
state dependent echelon base stock policies and provide an algorithm
to calculate these policies. Rosling [36] shows the equivalence of series
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and assembly systems under a mild assumption-long run balance—on
the initial stock levels. We refer the reader to Federgruen [12] for a fur-
ther discussion on the relation among series, distribution and assembly

systems.

3.3.1 Impact of advance demand information. The de-
mand process is as described in section 3.1. At the beginning of each
period, after receiving previously placed orders and/or scheduled ship-
ments, the decision maker decides how much to order, say z; > 0, from
an outside supplier and how much to ship, say z; > 0, to Stage 7 €
{2,...,J} from Stage j — 1. A linear ordering/shipping cost Z;’zl CjtZj
is charged to period t. An order from the outside supplier placed at the
beginning of period t arrives at Stage 1 at the beginning of period t+ L1.
Similarly, a shipment to Stage j € {2,...,J} placed at the beginning of
period ¢ arrives at the beginning of period t + Lj.

At the beginning of period ¢, in addition to the on hand inventory Ij,
at stage j = 1,...,J, and the backorders B; at Stage J, the decision
maker also knows

Ot = (Ot,t7 vy Ot,t-f‘Nwl)
Zi = (Zjl, cee Zﬂli) trans-shipments to Stage j

forallj € {1,...,J}and L; = L;—1. Here O, is the observed part of the
demand over periods {t,...,t + N — 1}, zjs is the shipment dispatched
from Stage j — 1 to Stage j at the beginning of period t —s. The echelon
net inventory includes shipments placed a lead time earlier and received
at the beginning of the period. Under this convention, Zj is irrelevant
whenever L; € {0,1}. We define

% ;; = echelon net inventory at Stage 7

z ;¢ = echelon inventory position at Stage j

m?tj — modified echelon inventory position at Stage j

the echelon net inventory Z;; to be the inventory on hand at the begin-
ning of period t at stages {J,7 + 1.+, J} plus the inventory in tran-
sit between these stages minus the backorder at Stage J. The eche-
lon inventory position at Stage j 1is the echelon net inventory at stage
j plus inventories in transit to Stage j. Notice that £y = I — By,
T = T+ 2121 zj and T = Tj41e + L for j € {1,...,J — 1}. Fi-
nally, in order to reduce the dimension of the state space we define, for
each stage, the modified echelon inventory position as the echelon inven-
tory position minus the observed part of the protection period demand
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corresponding to that stage, 1.e.,
L L; .
IjtJ:l‘jt“Ot’ for j € {1,...,J}

L; t+L - : 1L t+ L
where O;7 =3 ;7 O . For convenience we alsodefine U, 7 =% /" Uss.

For each period t the system has the following cost parameters:

pe = penalty cost (at Stage J) per unit,
h;t — local inventory holding cost at Stage j per unit,
h;t = echelon holding cost at Stage j per unit
= hy — hiyforj e {2,...,J} and hy = R,
¢;¢ = shipment cost per unit in period t.

The holding and penalty costs for a period are based on the inventory
levels at the end of the period. We assume that the echelon holding costs
are strictly positive.

The period t holding and penalty cost is given by

J-1
S R ggen — o] T oy (1]t + pelEoen)”
j=1
J
= Z hjtdj i1 + [pr + R Zge]”
i=1
where [z]* = max(z,0) and [z]” = max(—=,0). Notice that shipments

in transit to Stage j + 1 are charged at Stage j’s holding cost rate. At
the end of period ¢t the updates are given by

Ot+1 = (Oﬁ+1,i+17 L ’Ot“%*l,t+1’\[>
2j:t+1 = (Z_77 Zjl, e Z]L/ _‘1>

Tjpe1 = Eje + 20, — Ot Dy

Tjidl = Tyt + 25 — Ot Dyt

t+Lj+l
b =a 4z Dy~ O
Tite1 = Tt + 25— te — Ut L+l
s=1

For finite horizon problems, we assume a linear terminal condition of the
form — 23.]:1 cjz;j. The economic interpretation is that of a salvage value
if z; is positive, and an acquisition cost if z; is negative. Notice that the
¢;’s are actually echelon costs so the terminal condition makes economic
sense. To our knowledge, all other papers in the literature charge zero
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terminal costs. Linear terminal costs are more realistic and allows us to
show that myopic policies are optimal for finite horizon problems with
stationary costs and demand distributions; a result that fails to hold
under zero terminal costs.

To simplify the exposition of the results we assume J = 2. At theend
of this section we discuss briefly the extention for more than two stages.
The problem in this case is to manage the two stage series inventory
system for periods {t,...., T} Asin single location problem, we use
dynamic programming to solve the multi-locations in series. The last
order for Stage 1 is dispatched at the beginning of period 7', and arrives
to Stage 1 at the beginning of period T + L;. The last shipment to
Stage 2, initiated at the beginning of period T + L1, arrives at Stage 2
at the beginning of period T+ L1 + L. Thus, for t > T + L there will
not be any inventory on order between the supplier and the first stage.
Likewise, all the shipments would have arrived to the second stage by
the beginning of period T+ L1 + Lo. We assume that cost continues to
accrue up to period T+ L1 + Lz. All holding and penalty costs after time
T + Ly + Ly + 1 are assumed to be zero. Also, Orap,+L,+1 = 0. This
means that we take advance information up to the period T+ L+ Lo
only. The state space will be initially defined by (14, Z1¢, 2t Zag, Os).
As in the single location case we denote random vectors by lower case
when their realization is known, e.g. ét = §; when @t is known.

The optimal cost-to-go starting from period t is given by,

Ju(#1¢, Z1t, Tot, Zot, Ot)
= min {ciz1+ corzz + h BT + Egi(&2,041)

(z1,22)€A’
+0-Ejt+1(551,t+h51,t+1,532,t+1,52,t+1,6t+1)} (5.12)
where Jrip,+L,41 (&1, 82, ) = —cd1 — Caly, gi(z) = hoelz] + (pr +

tolz)™, and A" = {(z1,22) € 722, > 0,29 > 0, and oo + 20 < T1i )
Notice that shipment constraint To: + z2 < F14 is equivalent to zz < Iy,
meaning that shipments to Stage 2 are bounded by the inventory on
hand at Stage 1. Notice also that g; is a convex function and that
lim|g|—co gi(z) = oo.

The dynamic program can be ,decompcsed into two simpler problems.
First, by virtue of zg; = 532t+21[21 zo;, and standard cost accounting ma-
nipulations, the state space reduces to (£1¢, 21¢, Tot, 01 ), SO We don’t need
to keep track of the vector 2o of shipments from Stage 1 to Stage 2. This
yields a dynamic program with cost-to-go Jiy(Z1s, 211, T2¢, 0¢).  Second,
this program can be decomposed into two simpler dynamic programs:

Je(Z1¢, 214, Tot, Or) = Vi (814, 21, 00) + V2 (z9s, 0t).
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We will not define these intermediate dynamic programs here since we
can further reduce the dimension of each of these programs by using the
modified inventory position concept.”

Theorem 5.8 The dynamic program for the series system decomposes
into two simpler dynamic programs given by equation (5.13) and (5.14)
(defined below), which can be interpreted as single location problems un-
der advance demand information.

The dynamic program for stage two is given by

VtQ (;Ij%t?’()%) = mCthé’tQ + lglglil {Ht (y,o?)} (513)
Tof Y

where Hy(y,0?) = cay + Ge(y) + aBVZ (25%,,,0%), this function is

convex and goes to infinity as [y| tends to infinity, V*Jz+L1+Lz+l<$L2* D=
—cozt? and o? = (Ot t+Lo+1r- - ,Ot,t+N~1>- Let ygt(og) denote the small-
est minimizer of Hi(:, 0?).

Observe that the above dynamic program is similar to single location
problem for which the optimal policy is a state dependent base stock
policy. Under this policy the manager orders up to yo (0?) if the modified
inventory position is below this level to achieve the minimum of function
H,(-,0?). In a two stage series system, however, the ordering decision will
be constrained by the available inventory at the first stage. Hence, if the
first stage turns out to be a bottle neck, it should bare the consequences.
Let IP(z,0?) = Ht(min{m,ygt(of)},of) — Hy(y2:(0%), 0?). This implicit
cost function appears in the dynamic program for stage one. Let

V2 (zt),0f) = —eypait o+ min {cuy+Cily, o) +aEV, CHEE 0L}

Y2Ty¢

(5.14)

1 Ly - L1 1 =
Where VT+L1+1(CE1 i’=> = ““Clxl 5 Ot = (Ot‘t+L1+1,‘ L. 7Ot,t+]\/'w1)7

Ct (y, 0t1> = QLLECHIA(Q - LTtL1=O§+L1>> and
Ct(l/a of) = hiey + aEIP1 (v, Ot1+1)’

Let yi:(o}) denote the smallest minimizer of the function inside the
{e1ey + Ciy, 0}) + @Evti»ﬂfihp Ops1)}. To summarize, the problem
of finding an optimal policy for a series system under advance demand
information reduces to solving two simpler, single stage, dynamic pro-
grams. The state space for these programs is 1+ (N — Lj — 1)* for
j=1,2.
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Theorem 5.9 An echelon state dependent base stock policy is optimal
for a two stage system in series. In particular, an optimal base stock
level for stage j at time t is given by yjt(oi) forj =1,2.

The argument to establish the optimality for J > 2 stages requires
a recursive application of the decomposition argument until system is
decomposed into single stage problems. Then we use the modified in-
ventory position to further reduce the state space for each of the single

stage problems.

3.3.2 Myopic policies. In this section, we counstruct myopic
policies for the two-stage serial system. We assume that costs are sta-
tionary hence we drop the ¢ from cost parameters, for example hy: = My
for all . We further assume that D, is a stationary vector.

Let y5* be the smallest minimizer of

Lo(y) = (1 — a)eay + G(y)-

Notice that Ly is convex and limy o Lo(y) = oo, so y5* is finite. We
refer to the policy that orders up to the base stock level y3* as the myopic

policy for Stage 2.
Next, we define the myopic implicit penalty cost function and related

cost functions

IP™(z) = Lg(min{ygn,:v}) - Eg(yén)
C™(z) = aLlE[hl (m — UtLI) + o:[Pm(sc — UtL‘ﬂ
Li(y) = (1 —a)ay + C™(y).

Let yJ* be the smallest minimizer of £;. Notice that £y is convex and
limy| o0 £1(y) = 00, 50 yT" is also finite. We refer to the policy that
orders up to the base stock level y7* as the myopic policy for Stage 1.
Finally, we refer to the policy that orders up to yi"* for Stage 1 and up
to yZ* for Stage 2 as the myopic policy.

Theorem 5.10 Under stationary demand and cost parameters the my-
opic policy is optimal for finite horizon problems.

3.3.3 Numerical study. We assume for our numerical study
that L, = Lo = 1 and that N = 3. Recall that the dimension of the state
space is for Stage 7is 1+(N —L; — 1)*". Consequently, the state space is
two dimensional for both stages. We will assume that Dy 1+ is Poisson
with parameter Ay = w;Ay, where w; > 0, and Z?:o w; = 1. Hence A.
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Table 5.2. Optimal echelon base stock levels (A = 3)

By =1, ho =3, c1 = 10, ¢c2 = 30, p= 19

No. (wo,wl,wz,wa) (ylt,yzt) No. (wo;wx«,w’z,ws) (yliyy%)
1 | (1.0,00,0.0,00) | (158) 4 1(08,02,00,00) (157)
2 (0.4, 0.3, 0.2, 0.1) (11,4) 5 (0.8, 0.0, 0.2, 0.0) (14,7)
3 1 (01,0203, 04) (9,2) 6 | (0.8,0.0,0.0,02) | (13,7)

is average number of customers placing orders at time ¢, of which, on
average, Ay place their orders to be delivered 1 periods later. By chang-
ing the weights, w;, we can model the degree to which customers place
orders in advance of their needs. Notice also that o} and of are scalars.

The first experiment in Table 5.2 corresponds to customers requir-
ing immediate delivery. The next two experiments represent the case
where the manager obtains more advance demand information perhaps
by inducing customers to place orders for future periods. The eche-
lon base stock levels for both stages decrease as more of the demand
is known in advance. Experiment No. 4-6 yield similar observations.
Figure 5.2, exhibits the optimal echelon base stock levels through each
period for a stationary demand process where the mean is Ay = 2 for

hi=1, h2=3, p=19, ¢1=10, ¢2=30 —eo—y_1t(0)
—i—y _2t(0)
lambda |
10 2.5
9 - GGG 4 G GG GG
8 2
)
T 7
B
= 61 + 158
wd -
g 57 £
& 3
5 4 + 1
§3~A:._:,mﬂ A e—fic a2
2 4 + 0.5
1 |
0 ; ‘ — 0
0 5 10 15 20
Period

Figure 5.2. Stationary demand case
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all t = {1,...,20}. We observe that the myopic policies are stationary
and optimal. Similarly, Figure 5.3 exhibits the optimal echelon base
stock levels for a ramp-up demand process. We observe the optimality
of myopic base stock levels which are non-decreasing, see also Table 5.3.
This result can also be established analytically. Thus, advance demand
information beyond the protection period has no operational value for
both the stationary and the ramp up demand process.

3.4. One-warechouse multi-retailer systems

In this section, we study a periodic-review distribution system consist-
ing of a central depot and J retailers under advance demand information

;
hl=1, h2=3, p=19, ¢1=10, ¢2=30 —e—y_1t(0)
—&—y 2t(0)
20 lambda
18 4
§ 16 4 35
14 - P
> 3.0
@ 12 - 3
7 53
10 4
g 0§
& 8- -
g & 5
@
% 4 n N 10
F=l
2 - 0.5
0 ‘ ; : - 0.0
0 5 10 15 20
Period
Figure 5.3. Ramp-up demand case
Tuble 5.53. Optimal echelon base stock levels
1- | Stationary Demand Case || Ramp-Up Demand Case i
Dy ep 0 1 2 3 4 51y o 1 2 3 4 5 yi
e(Deaen1) 19 9 9 9 9 919 8 8 & 8 8 81 8
y2t<Dt_‘1,:+1> 3 3 3 3 3 3 3 3 3 3 3 3 3 3

Note that Of = O? = Diqpu1 since Ly = Lo =1
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and centralized control. We assume first that the depot is a coordination
and re-packaging center so it does not hold any inventory. The uncertain
demand is satisfied through the retailers and each retailer replenishes
their inventory through a central depot. The depot satisfles its own re-
quirement from an outside supplier with ample stock. Orders placed by
the depot arrive after an exogenously specified fixed lead time L. Ship-
ments to the retailers arrive after an exogenously specified fixed lead
time |. Customers are satisfied from on hand inventory at the retailers
and unsatisfied orders are backlogged. In section 3.4.3, we discuss briefly
how to extend the results for systems where the central depot is allowed
to carry inventories.

If holding inventory at the warehouse is not allowed, then the decision
maker has to decide (i) whether or not to place an order from an outside
supplier, and (ii) how to allocate the incoming order to the retailers to
minimize the expected holding and shortage cost over a finite horizon. If
central inventory is allowed, the decision maker must decide (i) whether
or not to order, (ii) how much to withdraw from the warehouse and
(iii) how to allocate the withdrawn amount to the retailers. We remark
that the structure, if any, of optimal policies for distribution systems
is unknown even in the absence of advance demand information. We,
therefore, use a relaxation method to simplify the problem and use the
solution to the relaxed problem to develop a heuristic that incorporates
advance demand information. Our numerical study suggests that the
heuristic performs well.

The distribution system described above can also be interpreted as a
multi-item production/distribution system with a common intermediate
product. In this interpretation, the depot represents the differentiation
point. During the first phase of the production period, L, a common
batch is produced. At the end of this period the manager has to decide
how much of each item to produce from the batch that has just arrived.
This interpretation forms the basis of postponement strategies, see for
example Lee et al. [29], Aviv and Federgruen [2]. Through a numerical
example we illustrate that advance demand information increases the
benefit gained through postponement strategies and that the benefit ob-
tained through advance demand information may far exceed the benefit
of postponement strategies.

3.4.1 Warehouse as coordination center. During time
period ¢ at each retailer j we observe the demand vector

d{ = (dg,t: s sd'j,t—:»N])
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where d{‘s represents the demand for period s observed during period t
at retailer j. Customers place order at retailer j € {1,...,J} for future
periods s € {t,...,t+NN;} where N; < 00 is the length of the information
horizon for each retailer.

Demand at each retailer is satisfied from on-hand inventory, if any.
Unsatisfed demand is backlogged. At the beginning of each period t,
the manager reviews the on hand inventory, the pipeline inventory, back-
orders and the advance demand information at each retailer. He/she
decides whether or not to place an order, say w; > 0, from an outside
supplier. The orders arrive after a positive fixed lead time, L = 0.
Simultaneously, the orders placed in period ¢ — I, arrive to depot at the
beginning of period t. The decision maker also decides how to allocate
this batch to retailers, say z; > 0. Clearly, we want total shipments to
the retailers equal to the incoming orders to the depot, Z}'le 2] = wir.
Shipments to retailers arrive after a positive lead time, [ > 0. A linear
shipping cost of corwe + }:le c] z] is charged to period ¢ where ¢ is the
variable shipping cost rate for retailer j € 1,.. ., J and cp; is the variable
ordering cost rate from the outside supplier. Demands and costs are
not necessarily stationary. The aim is to minimize the expected cost of
managing this system over a finite horizon.

At the beginning of each time period ¢, the demand to be realized
at retailer j during a future period s € {¢t,...,t + N;j — 1} is equal to
the sum of the part that is observed and known to the decision maker
o{xs = Zi;ls_Nj di s, and the part that is unobserved and unknown to
the decision maker u{)s = }:i:t dﬁ’s. Hence, at the beginning of period
¢, the decision maker knows I} on hand inventory, B] backorders, o]
cumulative observed part of the demand for periods s € {t,t+1,. .. ,t%t
Nj — 1} for each retailer j = 1,.. ., J.

After reviewing this information and receiving the order w;_y, the
inventory manager decides on (i) whether or not to place an order from
outside supplier, w; > 0 and (ii) how to allocate the incoming order
w;y_p among the retailers. Each of these allocations, 27, arrives after an
exogenously specified fixed lead time [. Hence the inventory manager
should protect the retailers against the unobserved part of the demand
that is to prevail during the next [ + 1 periods, l.e. over periods {t,t +
1,...,t+1}. We refer to these periods as the protection period. Notice
that we can divide the protection period demand into two parts: The
observed part O = Ziﬁt Ofvs and the unobserved part U;Z’l = Zt;lf u{s
The expected holding and penalty cost charged to period ¢ is based on
the net inventory (inventory on hand minus the backorders) at the end
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of period t -+ [. Let,

a:{ = modified inventory position before shipment decision is made
t-1
=+ > zs— Bl Ol forallje{l,....J}
s=t—|
y] = modified inventory position after shipment decision is made

=a] +2 forall je{1,...,J}

We refer to these variables as modified since they both net the observed
part of the demand information for the next | periods, hence they differ
from the classical definition of inventory position. The net inventory at
the end of period t + ([ at retailer j is given by zl + 2 — Ug‘l. Thus, the
expected holding and penalty cost charged to period ¢ for retailer j is
given by GJ(y]) = o' Egl (y] — Uty where o is the discount factor and
the expectation is with respect to the unobserved part of the protection
period demand.

The state space for the exact dynamic programming formulation of
this problem is J + L + Z;-]:l(Nj —{—1)" dimensional. It is impractical
to deal with such a large state space. Hence, we develop a lower bound
approximation by relaxing the constraints y] > z from the feasible ac-
tion set. This relaxation is equivalent to assuming that excess inventory
at one retailer can be transfered to other retailers without any cost. Also
advance orders of a customer can be satisfied through the other retail-
ers. Intuition suggests that under this relaxation all retailers collapses
into a single retailer, e.g. single location problem with advance demand
information. The state space of the relaxed problem will be based on
aggregate quantities. Clearly the optimal solution to this relaxation will
be a lower bound. We also apply the same accounting device used for
single location problem to subsume the pipeline inventory. We define
next the aggregate quantities

J J t+L~1
. . A :
Dy s = Zd{)s., Ots = Zo“;s, X7 = Zd | Z Wt
G=1 j=1 j=1 s=t
N = max{Nj,...,Ny}. This relaxation yields the following dynamic

program:

A A : A L
%(Xt ,Ot> = cor X4 +Y£n1§A{c0th + o ERyy (Vi)
>
t T i

+Q’EVt+1<X{i1= Ot+1)} (5.15)
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_ UA L1 rl+1 tL—1
where Vri1 = 0, YVH—L - Yi “ Zr:t s=T DT:S . ZS:t OS,S+Z'%1

and the update for X{-}H =Y/A tsizfl Dy s — Opqiv1 and

J J
R(Y) = {min E e (y€> :s.t. E yl = Y}. (5.16)
vt ;
=1 J=1

We established earlier the optimality of base stock policies for single
stage problems under advance demand information. Equation (5.15)
Las the same structure as the single location problem. Function Ry(Y)
is convex and limjy|—c Ry(Y) = oo. It inherits these properties from

Gi(yi). Hence, for any fixed vector O¢ there exists a y;(O¢), which is
defined as the smallest minimizer of function Hy (Y2, 0:) = cot VP +
CXLERt+L<§/%+L) + &E‘/i.g_l(Xﬁ_l, Ot+1>. ThUS, a base stock pOhCy with
base stock level yF(O;) is optimal for the lower bound problem.

We can now propose a heuristic. Base stock policy solves the lower
bound approximation. We solve equation (5.15) to decide how much
to order from an outside supplier. The aggregate order quantity then
is given by w¢(O:) = yi(O¢) — XA, Next we have to decide how to
allocate the incoming order, wi—L. We propose an allocation based on

the solution of the following problem:

J
min { ZG;(@/E) HICR A Z (yg - 73%) = wt“[ﬁyg > x{'ﬁ/j} (5.17)
j=1

J=1

which is similar to equation (5.16) with an additional constraint y; > :ci
We call this allocation strategy as myopic since 1t minimizes the total
expected cost of managing the retailer inventories at the end of period
t -+ [ (the period when the allocations are available for customers) and
ignores the future impact of this allocation.

In our numerical study we use a greedy algorithm while evaluating
the function R(Y) and the equation (5.17). Let *y! be the minimum of
GJ(-) and ¥}" = ijl*yi‘ The solution to the problem R(Y;*) is trivial
since the constraint allows an allocation such that the minimum of G ()
is attained for all j. We use this as our initial search point. To evaluate
Ri(Y) given Ry(Yy") we allocate the difference Y — Yi¥, if positive, one
unit at a time to the jth retailer with the smallest current value of
first difference, i.e. choose the min; {G{(y + 1) — GJ(y)}. Otherwise,
we reduce the amount allocated (dis-allocate) one unit at a time from
the jth retailer with the largest current value of the first difference,
ie. choose the max;{Gi(y) — Gi(y — 1)}. The solution to the myopic
allocation, see equation (5.17), is similar. In this case we start with
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y¢ = z} and allocate one unit at a time to the jth retailer with the
smallest current value of the first difference until all w;_ 1 is allocated.

3.4.2 Numerical study. The computational study focuses
on identical retailers, whose demand distribution and cost parameters
are equal and stationary. We compare the solution of the lower bound
(LB) problem to the solution of the proposed heuristic (UB) for different
instances of the model. We report the difference as percentage error,
¢% = (UB — LB) /LB, which is a measure of the sub-optimality for the
proposed heuristic.

To solve the lower bound problem given in equation (5.15), we use
s backward induction algorithm as in the single location problem and
obtain the base stock level y;(O). We model the components of the
demand vector as Poisson random variables, specifically di)t 4, 18 Poisson
with mean M,. The mean )}, represents the average number of customers
who place their orders during time period t to be delivered n periods
later. We simulate the system to estimate the cost under the proposed
heuristic. We run several replications of each instance to have small
sampling errors and sufficiently narrow confidence intervals.

Over 84 simulations, the maximum error was 3.35%, the minimum
error was 0.5% and the average was 1.48%. Our numerical study also
indicates that optimality gap is insensitive with respect to the num-
ber of retailers and the lead times, see Ozer [33] for more numerical
examples.

One benefit of advance demand information is the resulting decline in
inventory levels and inventory related costs. In Table 5.4, the percentage
decrease in cost due to advance demand information between the first
experiment (in which none of the customers place orders in advance)
and the fifth experiment (in which all customers place orders 3 periods
in advance) is 13.15%. Notice also that the system maintains lower
inventory levels as we incorporate advance demand information. This

Table 5.4. Cost of LB and UB for two retailers with L = 1,1 =2

h=1p=19,c= 10 Lower Bound Simulation Ug-LEy
No. | (AeAnAzAsra) y:(0) Cost Cost Gap
1 (2,0,0,0, 0) 25 5218.43 5273.58 + 13.04 1.06%
2 (0,2,0,0, 0) 20 5122.59 5201.65 + 13.46 1.54%
3 (0,0,2,0, 0) 14 5023.45 5110.63 4+ 14.49 1.74%
4 (0,0,0,2, 0) 8 4862.93 5017.27 + 15.82 3.17%
5 (0,0,0,0, 2) 0 4612.00 1| 4646.28 £ 16.05 0.74%
E is based on 95% confidence interval
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suggests that advance demand information enables a fundamental shift
in production philosophy from build-to-stock to build-to-order.

This distribution system can also be interpreted as a multi-item pro-
duction system with a common intermediate product. The depot in this
case represents the differentiation point. During the first L periods a
common batch is produced. At the end of this period the manager has
to decide how much of each item to produce and it takes [ periods to
produce each of these units. In our numerical analysis we also address
the impact of advance demand information to postponement strategies.
We do this by fixing the information horizon and the total production
time to 3 periods N = 3, L +1 = 3. Each of the columns in Table 5.5
represent a different differentiation point. As we move from the first col-
umn (in which we have immediate differentiation) to the third (in which
we do not differentiate till the last period), we observe a reduction in
both the base stock levels and the cost of managing this system. Each
of the rows represent a different advance demand information scenario.
In terms of reduction in inventory levels and inventory related costs,
the impact of advance demand information is more significant than the
postponement strategies, which are more difficult to implement. The
last column of Table 5.5 shows that cost reduction due to postponement
strategies is higher as we incorporate more advance demand information.
Advance demand information enhances the outcome of a postponement
strategy.

3.4.3 Warehouse as stocking point. If the warehouse is
allowed to hold inventories then similar relaxation approach discussed
previously yields a two stage serial system under advance demand in-
formation. In previous sections we incorporated advance demand infor-
mation and established the optimality of state dependent echelon base
stock policy for multi-echelons in series. We also provided an algorithm
to calculate the echelon state dependent base stock levels for each stage.

Table 5.5. Advance demand information versus postponement
y:(0) Cost of LB, W
L=0 L=1 L=2 L=0 L=1 L=2
(Mo A1 A2.23) =3 [=2 I=1 l=3 =2 [=1 %
(1.0,0,0) 14 13 13 0000 99.03  98.02 || 2.02%
(0,1,0,0) 10 10 10 97.36 9630 95.01 2.47%
(0,0,1,0) 8 7 7 G137 9310 91.25 || 3.42%
{0,0,0,1) 4 4 4 90.01 8847 87.76 || 3.59%
N =23 h=1c=10,p=9 and Index 100.00 corresponds to 2809.94




156 SUPPLY CHAIN STRUCTURES

The solution to this relaxed problem yields an optimal base stock level
for the first stage, which can be used to decide how much and when to or-
der from outside supplier. Likewise, base stock level for the second stage
can be used to decide on how much to withdraw from the warehouse.
We would continue to allocate based on the solution of equation (5.17).
We conjecture that a numerical study will illustrate that this heuristic
is also close-to-optimal.

4. Directions for Future Research

Research on the optimal use of demand information in supply chains is
in its infancy and there are many fertile opportunities for research in this
area. For single location models, research opportunities exist whenever
the inventory manager has an option whose realization is based on the
demand stream. We mentioned the models by Scarf and by Gallego as
two examples of this idea. Additional research opportunities include the
option of purchasing through futures markets, and for finite capacity
manufacturers the option of selling capacity in futures markets. These
ideas can also be extended to multi-echelon settings.

For multi-location models using current demand information under
distributed decision making, there are research opportunities even for the
serial system with two echelons. For discrete time models, it is frequently
assumed that the retailer can instantaneously procure from a different
source when the supplier is out of stock. Relaxing this assumption may
lead to different results regarding the willingness of the retailer to share
demand information with the supplier.

With regard to advance demand information, the most obvious op-
portunity is in distributed decision making. The simplest model would
include a supplier and a retailer where the retailer obtains advance de-
mand information. Should the retailer share this information with the
supplier? If so, under what conditions? If not, should the supplier buy
this information from the retailer? If so, under what conditions? Ad-
ditional research opportunities exist for serial systems with more than
two echelons, assembly systems, and distribution systems with multiple
retailers.

Notes

1. Hariharan and Zipkin [26] coined the term «demand leadtime.” A customer who places
an order | units of time ahead of his needs is said to have demand leadtime L.

9. A function f is K-concave, if —f is K-convex

3. Under a (Q,r) policy the retailer places an order of size Q whenever the inventory
position drops to 7. For Poisson demands, (@,7) policies are equivalent to (s, S) policies with
s=rand S=r1+Q. .
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4. A function f : R x R™ — R is said to have decreasing differences in (x, 8) if it satisfies
the following inequality. f(z1,0)— Flze,8) < fz1,0") — flz2, ¢’) for all 2y > zp and 6 2 8.
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Inventory position that nets the known requirements.

References

1

2]

[10]

1]

[12]

AppeLL, B., B. GRESSENS, AND C. BROUSSEAU. (2000) The
Value Propositions of Dynamic Pricing in Business-to-Business
E-Commerce. (http://www.CRMproject.Com/crm/wp/appeﬂ.html)
AVIV, Y. AND A. FEDERGRUEN. (1999) Capacitated Multi-Item
Inventory Systems with Random and Seasonally Fluctuating De-
mands: Implication for Postponement Strategies. To Appear in
Management Science.

AXSATER, S. (1993) Using the Deterministic EOQ Formula in
Stochastic Inventory Control. Management Science, 831-834.
BOURLAND, K.E., S.G. POwELL, anD D.F. PYKE. (1996) Ex-
ploiting Timely Demand Information to Reduce Inventories. Buro-
pean Journal of Operations Research, Vol. 92, 239-253.

BrowN, G., T.M. CORCORAN, AND R.M. LLOYD. (1971) Inven-
tory Models with Forecasting and Dependent Demand. Manage-
ment Science, Vol. 17, 498-499.

CHEN, F. (1998) Echelon Reorder Points, Installation Reorder
Points, and Value of Centralized Demand Information. Management
Science, Vol. 44, No. 12, part 2 of 2, §221-s234.

CHEN, F. (1999) Market Segmentation, Advanced Demand Infor-
mation, and Supply Chain Performance. To appear in MS&OM.
CHEN, F. AND J. SONG. (1999) Optimal Policies for Multi-echelon
Inventory Problems with Markov Modulated Demand. Working Pa-
per, Columbia Graduate School of Business.

CHEN, F. AND Y.S. ZHENG. (1994) Lower Bounds for Multi-
Echelon Stochastic Inventory Systcins. Management Science,
Vol. 40, 1426-1443.

Cuen, F., Z. DREZNER, J.K. Rvan, anp D, SiMcHi-LEvI. (2000)

Quantifying the Bullwhip Effect: The hnpact of Forecasting, Lead-
time and Information. Management Scicnee. Vol. 16, 436-443.

CLARK, A. AND H. 5CARF. (1960) Optimal Policies for a Multi-
Echelon Inventory Problem. Managemcnt Scicnees. Vol. 6, 475490,
FEDERGRUEN, A. (1993) Centralized Plaiming Models for Multi-
Echelon Inventory Svstems under Uncertainty. Chapter 3 in Hand-

book in Operations Research and Masageicnd Science, Vol. 4.



158

[13]

[14]

(15]

[16]

[20]

[21]

[23]

[24]

SUPPLY CHAIN STRUCTURES

FEDERGRUEN, A. AND P. ZIPKIN. (19844a) Computational Issues
in an Infinite Horizon, Multi-Echelon Inventory Model. Operations
Research, Vol. 32, 818-836.

FEDERGRUEN, A. AND P. ZIPKIN. (1984B) Approximations of Dy-
namic, Multi location Production and Inventory Problems. Manage-
ment Science, Vol. 30, 69-84.

FRIEDMAN, M. (1953) Essays in the Theory of Positive Economics.
University of Chicago Press, 1953, p. 15.

GaLLEGO, G., Y. Huang, K. KATIRCIOGLU, AND Y.T. LEUNG.
(2000) When to Share Demand Information in a Simple Supply
Chain? Submitted to Management Science.

GaLLEGO, G. anD O. Ozer. (1999) Integrating Replenishment
Decisions With Advance Demand Information. Submitted to Man-
agement Science.

GALLEGO, G. AND O. OzER. (2000) Optimal Replenishment Poli-
cies for Multi-Echelon Inventory Problems under Advance Demand
Information. Submitted to Operations Research.

GALLEGO, G. AND B. TokTAaY. (1999) All-or-Nothing Ordering
under a Capacity Constraint and Forecasts of Stationary Demand.
Working Paper, Columbia University, New York, NY.

GALLEGO, G. AND G. VAN Ryzin. (1997) A Multi-Product Dy-
namic Pricing Model with Applications to Network Yield Manage-
ment. Operations Research, Vol. 45, 24-41.

GAVIRNENI, S., R. KAPUSCINSKI, AND S. TAYUR. (1999) Value of
Information in Capacitated Supply Chains. Management Science,
Vol. 45, 16-24.

GRrAVES, S.C., H.C. MEAL, S. Dasu, aND Y. Qul. (1986) Two
Stage Production Planning In a Dynamic Environment, in Multi
Stage Production Planning and Inventory Control, S. Axséter, C.
Schneeweiss and E. Silver (Eds.), Lecture Notes In Economics and
Mathematical Systems, Springer-Verlag, Berlin, Vol. 266, 9-43.
GULLU, R. (1996) On the Value of Information in Dynamic Pro-
duction/Inventory Problems Under Forecast Evolution. Naval Re-
search Logistics, Vol. 43, 289-303.

GULLU, R. (1998) Optimal Production/Inventory Policies Under
Forecasts and Limited Production Capacity. Working Paper, Middle
East Technical University.

KaTircioGLU, K. AND D. ATKINS. (1998) New Optimal Policies
for A Unit Demand Inventory Problem. Working paper, IBM Re-
search Division, Yorktown Heights, NY.



REFERENCES 199

[26]

[27]

(28]

[29]

[30]

31]

[32]

(33]

[34]

[35]

HARIHARAN, R. AND P. ZIPKIN. (1995) Customer Order Informa-
tion, Lead Times, and Inventories. Management Science, Vol. 41,
1599-1607.

Hausman, W.H. (1969) Sequential Decision Problems: A model
to Exploit Existing Forecasts. Management Science, Vol. 16, B93~
B11il.

HeaT, D. AND P. JACKSON. (1994) Modeling the Evolution of
Demand Forecasts with Application to Safety Stock Analysis in
Production/Distribution Systems. IIE Transactions, Vol. 26, 17~
30.

Lee, H.L., C. BILLINGTON, AND B. CARTER. (1993) Hewlett-
Packard Gains Control of Inventory and Service Through Design
for Localization. Interfaces, Vol. 23, 4 July-August 1-11.

Lee, H.L., K. So, anD C. TANGC. (2000) Information Sharing in
a Two- Level Supply Chain. Management Science, Vol. 46, 626-643.

MoiNzaDEH, K. (1999) An Improved Ordering Policy for Con-
tinuous Review Inventory Systems with Arbitrary Inter- Demand
Time Distributions. Working paper, School of Business. University
of Seattle, WA 98195.

MOINZADEH, K. AND S. Naumias. (1988) A Continuous Review
Model for an Inventory System with Two Supply Modes. Manage-
ment Science, Vol. 34, 761-773.

Ozer, O. (2000) Replenishment Strategies for Distribution Sys-
tems under Advance Demand Information. Working Paper, Stan-
ford University, Department of MS&E.

Hzer, O. (2000) Supply Chain Management With Advance De-
mand Information. Ph.D. Dissertation, Columbia University.
PorTEUS, E.L. (1990) Stochastic Inventory Theory. Chapter 12 in
Handbooks in Operations Research and Management Science, Vol. 2,
605-652.

RosLING, K. (1989) Optimal Inventory Policies for Assembly Sys-
tems Under Random Demands. Operations Rescarch, Vol. 37, 565~
579.

] Scarr, H. (1960) The Optimality of (5. 5) Policies in the Dynamic

Inventory Problem. in: K.A. Arrow. 5. I\(nlm and P. Suppes (Eds.),
Mathematical Methods in the Social Scicnces, St anford University
Press, Stanford, CA.

1 ScarF, H. (1963) A Survey of Analytic Techuiques in Inventory

Theory. Chapter 7 in: Scarf, H.. D.N. Gilford, and M.W. Shelly



160

[39]

[40]

SUPPLY CHAIN STRUCTURES

(Eds.), in Multistage Inventory Models and Techniques, 185225,
Stanford University Press, Stanford, CA.

Scarr, H. (2000) Optimal Inventory Policies when Sales are Dis-
cretionary. Working Paper, Yale University.

ScawaRrz, L.B., PeTRUZZI, N.C., AND K. WEE. (1998) The
Value of Advance-Order Information and the Implication for Man-
aging the Supply Chain: An Information/Control/Buffer Portfolio
Perspective. Working paper, Kranert Graduate School of Manage-
ment, Purdue University.

SETHI, S.P., H. YAN, AND H. ZHANG. (2000) Peeling Layers of
an Onion: An Inventory Model with Multiple Delivery Modes and
Forecast Updates. Working Paper, University of Texas at Dallas,
Richardson, Texas.

TokTay, L.B. AND L.W. WEIN. (1999) Analysis of a Forecasting-
Production-Inventory System with Stationary Demand. Working
Paper, Sloan School of Management, MIT.

VEINOTT, A. (1966) The Status of Mathematical Inventory The-
ory. Management Science, Vol. 12, 745~777.

WOODWARD, ROBERT. (2000) Maestro: Greenspan’s Fed and the
American Boom. Simon and Schuster, New York.

ZHENG, Y.S. (1992) On Properties of Stochastic Inventory Sys-
tems Management Science, Vol. 38, 87-103.

ZIPKIN, P. (1982) Exact and Approximate Cost Functions for
Product Aggregates. Management Science, Vol. 28, 1002-1012.



