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Abstract— We study a feedforward supply network that involves
assemblyoperations. We compute optimal stock levels which minimize
inventory costsand maintain stockout probabilities below given desirable
levels (service-level constraints). To that end, we develop large deviations
approximations for inventory costs and service level constraints and
formulate the stock level selectionproblem as a nonlinear programming
problem which can be solved using standard techniques.This results in
signi�cant computational savings when compared to exhaustive search
using simulation. Our distrib utional assumptionsare general enough to
include temporal dependenciesin the demand and production processes.
We leverage the solution of the inventory control problem in the design
of supply contracts under explicit service-level constraints.

Index Terms— Supply chain management,Assemblysystems,Inventory
control, Service levels, Supply Contracts, Lar ge Deviations.

I . INTRODUCTION

We study supply networks that involve assemblyoperations.For
brevity, we will refer to thesesystemsas assemblynetworks. Our
primary objective is to develop ef�cient supplier inventory control
policies that provide explicit buyer satisfactionguarantees.

We adopt a modi�ed echelon base-stock policy and seek to
optimizeechelonstocklevels in orderto minimize supplierexpected
inventory costs while providing to the buyer Quality of Service
(QoS)guarantees.QoSis capturedby introducinga constraintin the
inventorycostminimizationproblemrequiringstockout probabilities
to be below a given desirablelevel. We refer to suchconstraintsas
QoS or service-level constraints.Our analysisallows demandand
production to be modeledby autocorrelated stochasticprocesses;
thus,capturingstrongtemporal dependenciesthatareoftenobserved
in theseprocesses.We rely on large deviations techniqueswhich
yield asymptoticallytight approximationsof thestockoutprobabilities
as they approachzero.Large deviations for suchgeneralstochastic
processeshave alreadybeenemployed by Paschalidisand Liu [1]
andBertsimasandPaschalidis[2] in relatedinventorycontrolsettings
(refer to thesepapersfor an extensive literaturereview).

The outcomeof our approachis a deterministic(nonlinear)op-
timization problem whose objective function (inventory cost) and
constraints(service-level constraints)are given by closed-forman-
alytical expressionsobtainedby large deviations asymptoticsand
limited simulation.Solving this problemusingstandardoptimization
techniquesyields the echelonstock levels we seek. In short, our
approachreducesa complex stochasticoptimizationprobleminto a
deterministicoptimizationproblemwhich canbe solved by standard
techniques.Building on thesolutionof thesupplierinventorycontrol
problem, we approachthe problem of designing optimal supply
contractswhereQoSguaranteesarepart of the contractagreements
(seeCorbett and Tang [3]). From the analytical expressionof the
supplier inventory problem we are able to estimatethe derivative
of the inventory cost with respectto demandmodel parametersand
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Fig. 1. A supplychainwith assemblyoperations.

use it to evaluatecontractincentives in order to achieve a demand
con�guration that can lead to lower overall supplychaincosts.

Among the main contributions of our work we consider: (i)
extendingtheresultsof PaschalidisandLiu [1] to assemblynetworks
where correlationamongstagesmakes the stockout analysismore
complex (seealsoSonget al. [4]); (ii ) enablingthe optimizationof
supplycontractparametersto bene�t both thesupplierandthebuyer.

The remainderof this paperis organizedasfollows: in SectionII,
we provide thedetailedmodelwe consider. In SectionIII, we present
our main large deviations result and formulatethe inventorycontrol
problemasa deterministicoptimizationproblem.Thesupplycontract
model is describedin Sec.IV andconclusionsare in Sec.V.

I I . THE MODEL OF THE ASSEMBLY NETWORK

Thesupplier's productionprocessconsistsof anassemblynetwork
that producesa single product and is formed by N production
facilities or stages(Fig. 1). Buyer demandis met from the �nished
goodsinventorymaintainedin front of stage1 andis backorderedif
inventoryis not available.Eachstagehasexactly onesuccessorstage
so that the assemblysystemforms a tree rootedat stage1. Except
from the most upstreamstages(the leaves of the tree) which are
fed with an in�nite supplyof raw material,every stagerequiresone
unit of intermediateproduct(i.e., a component)from eachimmediate
predecessorstagein order to assembleoneproductunit.

We will use the following notation. S(i) denotes the unique
immediatesuccessorof stagei, i = 1; : : : ;N, where S(1) = 0. A(i)
denotesthe set of all successors(immediateand more downstream)
of stagei, where A(1) = f 0g. P(i) denotesthe set of immediate
predecessorsof stagei, whereP(i) = ? for all stagesi thatareleaves
of the tree.B(i) denotesthe set of all predecessors(immediateand
moreupstream)of stagei, whereagain B(i) = ? for all leaf stagesi.
F denotesthesetof all leaf stagesandwe assumethat it containsat
leaststageN. Finally, N = f 1; : : : ;Ng denotesthe setof all stages.

We assumea periodic review policy where time is divided into
timesslotsof equalduration.Bi

n denotesthe amountthat the facility
of stagei canproduceduring time slot n. D1

n denotesthe amountof
externalordersarriving at stage1 during time slot n. Eachstagehas
aninventorybuffer for its �nal productandfrom which thesuccessor
stagedraws materialfor its production.We let I i

n denotetheinventory
in front of stagei at the beginning of time slot n. In intermediate
stages,i = 2; : : : ;N, the inventory is constrainedto be nonnegative.
Inventoryat stage1 can take negative valuesto denotebackordered
demand.We denoteby Xi

n the sum of the inventory of stagei and
of all its successorsat time n, i.e., X i

n = I i
n + å k2A(i) Ik

n. We will refer
to this quantityas the stage-i echelon inventory. We assumethat all
stagesadopta modi�ed echelonbase-stockpolicy: stagei produces
whenXi

n falls below a certainthresholdwi andidles otherwise.It is
implied that wi � wk for all i 2 N andk 2 P(i).

The demandprocessf D1
ng and the productioncapacityprocesses

f Bi
ng are mutually independent,possibly autocorrelated,arbitrary
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Fig. 2. A two-level graphfor the systemof Fig. 1.

stationarystochasticprocessessatisfyingcertainmild technicalcon-
ditions(a largedeviationsprinciple),thathold for renewal processes,
Markov-modulatedprocesses,and, in general,stationaryprocesses
with mild mixing conditions.For stability purposeswe assumethat

E[D1
n] < min

i= 1;::;N
E[Bi

n]: (1)

We seek safety stocks wi for each stage in order to minimize
supplier expectedinventory costsand guaranteethat for all stages
i the steady-statestockout probabilitiesP[X i

n � 0], at somearbitrary
time slot n, do not exceeddesirablesmall valuesei , respectively.

We de�ne the shortfall of the echeloninventoryas:Yi
n = wi � Xi

n,
for all i 2 N . The dynamicsof the systemcanbe written as:

Yi
n+ 1 = maxf 0;Yi

n + D1
n � Bi

n;

max
k2P(i)

f Yk
n + D1

n � (wk � wi)gg; i 2 N nF ; (2)

Yi
n+ 1 = maxf 0;Yi

n + D1
n � Bi

ng; i 2 F : (3)

I I I . LARGE DEVIATION ANALYSIS

Next, we establisha large deviations result for the steadystate
probability P[Y1 � w1], which is equal to the steady-statestockout
probabilityP[X1 � 0]. Theline of developmentfollows [1], it is how-
ever more involved due to the assemblyoperations.On a notational
remark,L X(�) andL �

X(�) denotethe limiting log-momentgenerating
function and the large deviations rate function, respectively, of the
processX. L � + (a) (resp.,L �� (a)) denotesthefunctionwhich equals
L � (a) for a above (resp.,below) the meanof X andzerootherwise.

A. Samplepath characterizationof stockout events

In whatfollows we will bedroppingthesubscriptn whenreferring
to steady-statequantitiesandwe will be using

Oi =
n

(xi ;xA(i)) j xi 2 [0;1];xA(i) 2 [0;1]jA(i)j ;xi + x0
A(i)e= 1

o

for all i 2 N ,wherejA(i)j denotesthe cardinality of the set A(i), e
is the vectorof all ones,andprime denotestranspose.

Supposethat at time 0, the �nished goods inventory and the
componentsinventoryareall equalto thesafetystocklevel, i.e.,Yi

0 =
0 for all i 2 N . After somealgebraonecanshow thattheshortfall for
eachstagei at time 2 satis�esYi

2 = maxf 0;D1
1 � r i

2;1;D1
0+ D1

1 � r i
2;2g:

Fig. 2 depicts a two-level graph for the systemof Fig. 1. Points
1; : : : ;7 at the bottom of the graph correspondto stagesof the
assemblysystem.Thequantitiesr i

2;m canbe interpretedasthe length
of the shortestpath from point i at level 0 to level m. Generalizing,
the shortfall of stage1 at time slot n is given by:

Y1
n = max

(

0; max
1� m� n

"
m

å
j= 1

D1
n� j � r1

n;m

#)

;

wherer1
n;m is the lengthof the shortestpath from point 1 at level 0

to level m in a correspondingn level graphconstructedasFig. 2.
Let us denote by f D̂1

ng the time reversed stochasticprocess
obtainedfrom the demandprocessf D1

ng. In particularfor any k 2 Z,
(D̂1

1; D̂1
2; : : : D̂1

k) hasthe samedistribution as(D1
k;D1

k� 1; : : :D1
1). Sim-

ilarly, let f B̂i
ng, i = 1;2; : : : ;N, denotethe time reversedproduction

processes.Then, it can be shown that Y1
n hasthe samedistribution

as the right handsideof the following equation:

Y1
n

D= max

(

0; max
1� m� n

"
m

å
j= 1

D̂1
j �

min
å N

i= 1(mi+ å h2P(i) lh)= m
0� mi � m; lh2f 0;1g

lh= 0) mh= 0; mk;lk= 0 8k2B(h)
8i lh= 1; h2P(i)) lk= 0 8k2P(i)nf hg

 
m1

å
i= 1

B̂1
i + å

h2P(1)
lh(wh � w1)

+
k2+ m2

å
i= k2+ 1

B̂2
i + å

h2P(2)
lh(wh � w2) + � � � +

kN+ mN

å
i= kN+ 1

B̂N
i

! #)

; (4)

where “ D= ” denotes equality in distribution, and ki = jA(i)j +
å j2A(i) mj (with k1 , 0). The last constraint in the minimization
above has the following interpretation:for any stagei and for any
stageh which is a predecessorof i, lh = 1 implies lk = 0 for all other
stagesk that are also predecessorsof stagei (k 2 P(i) n f hg). Due
to (1) a steady-statedistribution exists for Y1

n ; let Y1 be distributed
accordingto this distribution. In particular, Y1

n converges to Y1 as
n ! ¥ . In the sequel,we will denoteby Gm the argumentof the
maximum,i.e., Y1 = max

m� 0
Gm.

B. Lower Bound

For any stagei let A(i) = f 1; : : : ; jA(i)jg; we will be also writing
xA(i) for the vector (x1; : : : ;xjA(i)j).

Proposition III.1 Assumethe hedgingpoints w1;w2; : : : ;wN satisfy
wi = biw1, i = 2; : : : ;N, where bi are constantsand 1 � bh � bi for
all h 2 A(i) (b1 , 1). Thesteadystateshortfall Y1 satis�es

lim inf
w1! ¥

1
w1 logP[Y1 � w1] � � q �

G;1; (5)

q �
G;1 = min

�
inf
a> 0

1
a

inf
x0� x1= a

(L � +
D1 (x0) + L ��

B1 (x1)) ;

min
2� i� N

�
inf
a> 0

1
a

inf
x0� å h2A(i) xhxh� xixi= abi

(xi ;x A(i) )2O i

�
L � +

D1 (x0)+

å
h2A(i)

xhL ��
Bh (xh) + xiL ��

Bi (xi)
���

: (6)

Proof: (Outline) For any m� 0 we have

1
w1 logP[Y1 � w1] =

1
w1 logP[max

m� 0
Gm � w1] �

1
w1 logP[Gm � w1]:

Choosea > 0 and write w1 = ma. Then for any node i we have
wh � wi = m(bh � bi)a for all h 2 P(i). We obtain

1
w1 logP[Y1 � w1] �

1
ma

logP[Gm � ma]; (7)

andsincewe are interestedin the regime wherew1 ! ¥ , it suf�ces
to analyzethe behavior of the right handsideof (7) for large values
of m. To that end,selectxi � 0, lh 2 f 0;1g, and0 � mi � m; for all
i 2 N andh 2 P(i) suchthat å N

i= 1(mi + å h2P(i) lh) = m,
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mx0 � m1x1 � å
h2P(1)

lhm(bh � 1)a� m2x2+

� å
h2P(2)

lhm(bh � b2)a� � � � � mNxN = ma; (8)

lh = 0 implies mh = 0 and mk = 0; lk = 0 for all k 2 B(h), and for
any stagei and h 2 P(i) for which lh = 1 it is implied that lk = 0
for all k 2 P(i) nf hg. To obtain a lower boundon P[Gm � ma] we
constructparticularsamplepathscenarioscharacterizedby xi , l i and
mi that leadto Gm � ma. For eachsamplepathwe determinea lower
boundfor the stockout probability (see[1]); after somealgebra,the
tightestlower boundreducesto (5).

C. Upper Bound

Proposition III.2 Assumethe hedgingpoints w1;w2; : : : ;wN satisfy
wi = biw1, i = 2; : : : ;N, where bi are constantsand 1 � bh � bi for
all h 2 A(i) (b1 , 1). Thesteadystateshortfall Y1 satis�es

lim sup
w1! ¥

1
w1 logP[Y1 � w1] � � q̄ �

G;1; (9)

q̄ �
G;1 , min(q �

1 ;b2q �
2 ; : : : ;bNq �

N) (10)

q �
i , sup

f q� 0 sup
(xi ;xA(i) )2O i

(L D1 (q)+ å
h2A(i)

xhL Bh (� q)+ xiL Bi (� q))< 0g
q: (11)

Proof: We considerall samplepathsthat can lead to a value
larger than w1. In particular, the �rst suchsamplepath corresponds
to l i = 0 for all i 2 P(1) andtheith samplepathcorrespondsto lh = 1
for all h 2 A(i) and lk = 0 for all k 2 N nA(i). The detailedproof
follows [1] in establishingthe correspondingupperbound.

The following result is due to convex duality; see[1, Prop.5.4].

Proposition III.3 It holdsq �
G;1 = q̄ �

G;1.

D. Main Theorem

SummarizingPropositionsIII.1, III.2, and III.3 we obtain the
following main theorem.

Theorem III.4 Assumethe hedging points w1;w2; : : : ;wN satisfy
wi = biw1, i = 2; : : : ;N, where bi are constantsand 1 � bh � bi for
all h 2 A(i) (b1 , 1). Thesteadystateshortfall Y1 satis�es

lim
w1! ¥

1
w1 logP[Y1 � w1] = � q �

G;1; (12)

where q �
G;1 is givenby either (6) or (10).

Considernext the form of q �
G;1 provided by (10). Considerthe

caseq �
G;1 = biq �

i for some i = 1; : : : ;N, where b1 , 1. To avoid
degeneratecasesassumethatall productionprocessesBi have distinct
log-momentgeneratingfunctionsandthatbi 6= b j for all i; j 2 N . Let
x �

j , j 2 A(i) [ f ig, betheoptimalsolutionof theoptimizationproblem
sup

(xi ;x A(i) )2O i
(L D1(q) + å

h2A(i)
xhL Bh(� q) + xiL Bi (� q)) = 0 at q = q �

i .

It can be seenthat one of the x �
j 's, j 2 A(i) [ f ig is equal to 1. In

particular, x �
i is equalto 1; otherwise,i.e., if x �

j = 1 for somej 2 A(i),
thenq �

j = q �
i andb jq �

j will betheminimizer in thede�nition of q �
G;1

sinceb jq �
j < biq �

i as b j < bi for j 2 A(i). Consequently, q �
i is the

largestroot of the equationL D1(q) + L Bi (� q) = 0. This observation
has an important implication. Speci�cally, the stockout probability
at stage1 is characterizedby the distributions of the demandand
the production processat stagei. We can say that stagei is the
“bottleneck”sinceit is theonewhoseproductionprocessdetermines

the tail of the stockout probability. This is though a “stochastic
bottleneck”sinceit is speci�ed by distributionsratherthanmeans.

Thm. III.4 can be easily generalizedto yield the steady-state
stockout probability of the echeloninventoryat stagesi = 2; : : : ;N.

E. Re�ning the Large DeviationsAsymptotics

Thm. III.4 suggestsan approximationof the stockout probability
at stage1. To make this approximationmoreaccurate,especiallyfor
large stockout probabilities,we introducea prefactor in front of the
exponential.We will usethe following re�ned approximation:

P[Y1 � w1] � f1(w1;b )e� q �
G;1w1

; (13)

where the prefactor f1(w1;b ) is a function of w1 and b =
(b2; : : : ;bN) = ( w2

w1 ; : : : ; wN

w1 ). To compute f1(w1;b ), we evaluateby
simulation the stockout probability P[Y1 � w1] at several sam-
ple safety stock vectors w1; : : : ;wK and set f1(w1

k;bk) = P[Y1 �

w1
k]=e� q �

G;1w1
k ; for eachsamplepoint, whereb k = ( w2

k
w1

k
; : : : ; wN

k
w1

k
). Thus,

we obtain a data set consistingof K pairs ((w1
k;bk); f1(w1

k;bk)) .
Then, we derive a piecewise linear function f1(w1;b ) so that
f1(w1;b )e� q �

G;1w1
“�ts” the true value of P[Y1 � w1] at the points

in the dataset. Somepracticaldetailson the appropriatechoiceof
the samplepoints w1; : : : ;wK and on the selectionof the function
f1(w1;b ) canbe found in [1]; theobservationsreportedtherecanbe
straightforwardly appliedto the assemblysystem.

F. Approximatingthe expectedinventorycost

We now turn our attentionto approximatingexpectedinventory
costs.We assumea linearcoststructure.Let hi betheholdingcostfor
echelon-i inventoryfor all i = 1; : : : ;N. Noting thatexpectedechelon-
i inventoryis given by hi(E[I i ]+ å h2A(i)nf 1g E[Ih]+ E[(I1)+ ]) where
(I1)+ = max(I1;0), the total expectedinventorycost is given by:

� N

å
i= 1

hi

�
E[(I1)+ ] +

N

å
i= 2

hi

�
E[I i ] + å

j2A(i)nf 1g
E[I j ]

�
:

We have

E[(I1)+ ] = E[(w1 � Y1)+ ] = w1 � E[Y1] + E[max(0;Y1 � w1)]:

Using the tail distribution of Y1 given in Eq. (13) we obtain

E[max(0;Y1 � w1)] =
Z ¥

0
P[Y1 � w1 > y]dy � f1(w1;b )

e� q �
G;1w1

q �
G;1

:

For all i � 2 we have I i = (wi � Yi) � (wS(i) � Y(S(i)), which implies:

E[I i ] = (wi � E[Yi ]) � (wS(i) � E[YS(i) ])

Thus,expectedinventorycostscanbe approximatedby

N

å
i= 1

hi(wi � E[Yi ]) +
� N

å
i= 1

hi

�
f1(w1;b )

e� q �
G;1w1

q �
G;1

: (14)

To obtainan analyticalapproximationfor the inventorycostwe are
left with computingE[Yi ]. In the following propositionwe establish
somestructuralpropertiesfor E[Yi ]; to this endfor eachstagei (i 2
N ) we de�ne Di , (wi � wS(i)).

Proposition III.5 Considerthe assemblysystemand let w1; : : : ;wN

be the correspondinghedgingpointssatisfying0 � wk � wi with k 2
A(i). For all stagesi which do not haveanypredecessor(i.e., i 2 F ),
E[Yi ] is a constantfunction of (D2; : : : ;DN). Furthermore, for all
stages which haveat least one predecessor(i.e., i 2 N nF ), E[Yi ]
is a functionof Dk for all k 2 B(i), andit is convex andmonotonically
nonincreasingin every coordinate.
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Motivatedby theseproperties,we approximateE[Yi ] by using a
piecewise linear convex function gi which is a function of Dk for all
k 2 B(i). Speci�cally, we use the following approximationE[Yi ] =
gi(DB(i)(1) ; : : : ;DB(i)(jB(i)j) ), where B(i)( j) denotesthe jth elementof
B(i). As we did with the prefactorsof the stockout probabilitieswe
can selecta numberof samplepoints w1; : : : ;wK and constructa
piecewise linear convex function that “�ts” E[Yi ] at thosepoints.

G. The inventoryoptimizationproblem

We can now posethe problemof optimizing expectedinventory
costs subject to maintaining service level constraints.Using the
approximatingexpressionsfor expectedinventory cost and stockout
probabilitieswe have

min
N
å

i= 1
hi(wi � gi(DB(i)(1) ; : : : ;DB(i)(jB(i)j) ))+

�

å N
i= 1hi

�
f1(w1; w2

w1 ; : : : ; wN

w1 ) e
� q�

G;1w1

q �
G;1w1

s.t. fi (wi ; wB(i)(1)

wi ; : : : ; wB(i)(jB(i)j)

wi )e� q �
G;iw

i
� ei ; i = 1; : : : ;N;

wi � wk; 8i and 8k 2 P(i):

(15)

This problem can be solved analytically using standardnonlinear
programmingtechniques.

We have comparedthe solution obtained from the above for-
mulation with the one obtainedusing an exhaustive researchover
all possible stock levels in a number of assemblysystems.The
simulationresults,which we omit due to spacelimitations, con�rm
the validity of our approximationsand reveal that our analytical
approachis very accurate.In particular, our policy is on the order
of 1.5% away from the optimal even for ei on the order of 1-5%.
(Dueto thenatureof our approximationstheaccuracy improvesasei
becomesmaller.) Note that to obtainthe basestockpoliciesthrough
simulationit is necessaryto explore all the possiblecombinationsof
wi and selectthe one that yields the lowest cost within the desired
service levels constraints.Since stockouts are controlled by ei to
be relatively rare events, estimatingtheir probability requireslong
simulation runs; from several hours to several days exploring an
interval “centered”at the analyticalsolution.Instead,the solutionof
thenonlinearprogrammingproblemcanbeachievedin no longerthan
a minute for a 5-stageassemblysystem,while the “pre-processing”
operations(the prefactorevaluationandthe approximationof E[Yi ])
tookon theorderof acoupleof hours.Clearlytheproposedanalytical
approachleadsto signi�cant computationalsavings.

IV. THE SUPPLY CONTRACT MODEL

We considera buyer and a supplier that interactas follows. The
buyer determines(a model of) the demandD1

n accordingto market
conditionsand associatesa cost (not necessarilymonetary)to any
changein demandparameters.The supplier productionprocessis
an assemblynetwork following a modi�ed basestock production
policy. Safetystocksare set to minimize inventory costs– the cost
function in problem(15) – usingasinput thebuyer's demandmodel,
the servicelevel agreement– the constraintin problem(15) – and(a
modelof) theproductioncapacitiesBi

n. We will explorehow demand
parameterscanbeadjustedaccordingto bothsupplierandbuyercost
structuresso that any generatedsavings canbe sharedamongthem.

We assumethat the buyer's demand is an m-state Markov-
modulatedprocess(MMP), with transitionprobabilitymatrix PD and
demandlevels at eachstategiven by the vector r D. The supplier's
production capacity at each node i of the assemblynetwork is
modeledby an mi-stateMMP with transitionprobability matrix PBi

andcapacitiesat eachstategiven by the vectorr Bi , i = 1; : : : ;N. We

assumethat any mutually agreedadjustmentsin r D keepthe mean
demandE[D] constant;otherwisethebuyerwouldbeunableto satisfy
demandin the long term. We denoteby E[D] this constantvalue.

Let CR(rD), the buyer costassociatedwith any changeof r D, be

CR(rD) =
m

å
i= 1

zi(rD;i � rD;i )2; (16)

wherezi expressesthe buyer's cost for changingthe demandlevel
in the ith stateof the demandprocess.r D is the vector of demand
levels initially determinedand to which the buyer associateszero
cost.The supplier's inventory cost function,CM(rD), is the optimal
value function of problem(15). Our objective is to �nd the vector
rD that solves the following problem:

min f (rD) = CR(rD) + CM(rD) (17)

over X = f rDj E[D] = E[D]; rD;i � 0 8ig:

Problem(17) is a nonlinearoptimizationproblemover a convex set
andcanbesolvedusingtheconditionalgradientmethod.To thatend,
we needthe cost function gradient.The gradientof the buyer's cost
canbe easilyderived from (16). We canevaluatethe gradientof the
supplierinventorycostsusing �nite differences.

It is interestingto observe thattheabove algorithmcanbeusedin a
distributedfashion.In particular, thebuyercantake chargeof �nding
new demandvectorson feasibledescentdirections.At eachiteration,
the buyer presentsthe supplierwith the new demandlevels r k

D and
thesupplierrespondswith thegradientÑCM(rk

D) of its costfunction.
This gradientinformationcanbeprovided in the form of appropriate
incentives to the buyer. The buyer usesthis gradientinformation to
�nd a feasible direction and computer k+ 1

D . Note that neither the
suppliernor the buyer needto know eachother's coststructures.

V. CONCLUSIONS

We studiedthe inventory control problem for a single classas-
semblynetwork which operatesundera modi�ed echelonbase-stock
policy. We developedan approachto �nd close-to-optimalechelon
stock levels that minimize inventorycostswhile guaranteeingstock-
out probabilitiesstay below someprede�ned levels. Relying upon
large deviationstechniques,we reducedthe safetystockselectionto
a deterministicnonlinearoptimizationproblem.

We also usedour inventory control approachto analyzehow a
suppliercaninteractwith a buyerto reacha mutuallybene�cial mode
of operations.This interactiontakestheform of a supplycontractthat
enforcesexplicit QoS guarantees.The joint optimization algorithm
we proposedcan be usedin a distributed fashionwith neither the
suppliernor the buyer revealing their correspondingcoststructures.
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