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Abstract

Electronic commerce and the vast amounts of real-time in-
formation available through means of EDI and the Internet
are reshaping the way enterprises conduct business. A new
computational infrastructure and models are needed for a
business to gain a competitive edge through effective use of
this information base. In this paper, we develop a model of
inter-organizational electronic commerce that explores vari-
ous new choices and opportunities that the electronic mar-
ketplace offers. We explicitly address two major perfor-
mance measures of supply chains—time and cost—in a uni-
fied fashion. In our work, we model different business en-
tities as autonomous software agents interconnected via the
Internet. The main research focus of our efforts is how to co-
ordinate software agents in supply chains dynamically and
flexibly such that goods and services can be delivered at the
right time in a cost-effective manner.

1 Introduction

Supply chain management is very different from managing
one isolated site. Business entities operating in various sup-
ply chains usually have complex interdependencies and in-
terrelationships. Lee and Billington described many pitfalls
of managing supply chains, one of which is directly related
with “inefficient information systems” [18].

Thanks to the recent spectacular and fast-paced develop-
ment of computing and network technology such as Internet
and Software Agents, these deficiencies in enterprise infor-
mation systems are quickly disappearing. Electronic com-
merce and the vast amounts of real-time information readily
available from internal and external data sources are reshap-
ing the way that enterprises conduct business [7, 16, 21].
From the business perspective, electronic commerce pro-
vides many new opportunities:

� Electronic commerce provides a new media for market-
ing and selling products or services. Web-based mar-
keting and on-line shopping are two prominent exam-
ples.

� Locating product and service providers is much easier
and more efficient in the electronic marketplace. Many
online businesses specialize in delivering electronic
catalog services and performing other intermediary
functions such as business and product yellow-pages
and matchmaking. Emerging computing paradigms
such as Internet-based software agents also makes lo-
cating and accessing information increasingly easier.
These software agents are able to proactively search
various information sources according to the user’s
or business’ specifications or preferences, to monitor
these sources for new changes and developments, and
to integrate information from various sources into a
consistent set of results to be reported to the user [24].
This ease and efficiency in information search and re-
trieval contribute to the decrease in transaction costs.

� The electronic marketplace enables fast, easy, and re-
liable communication of data between different sites.
It provides information infrastructure for business-to-
business cooperation. In addition to support for simple
transactional data exchange, the electronic marketplace
and its associated network infrastructure and software
specifications make it possible for businesses to form
strategic alliance and share information and collaborate
on a real-time basis [15]. With the emergence of the
software agent based system development paradigm,
the interoperability among distributed decision support
systems (these systems may be developed and deployed
by different businesses) becomes less of a problem.

How to take full advantage of these new opportunities and
compete effectively in the electronic marketplace poses sig-
nificant challenges to practitioners and researchers. In this



paper, we focus on inter-organizational electronic commerce
in the context of supply chain management. In our study, we
explicitly consider multiple decision criteria including both
leadtime and cost. Our model is partially motivated by the
observation made by many researchers and practitioners that
the nature of competition in electronic commerce does not
resemble undifferentiated Bertrand competition. By lead-
time, we mean the amount of time that elapses from the in-
stant that an order (or service request) is placed until it ar-
rives. By cost, we mean the sum of the costs of all activities
required to satisfy the order (or deliver the service). Some
examples of these supply chain activities and decisions are
supplier selection, subcontracting, transportation mode se-
lection, production rate decision, etc.

In our study, we model different business entities as
autonomous software agents interconnected via the In-
ternet. These agents act on behalf of their human
users/organizations in order to perform laborious informa-
tion gathering tasks, such as locating and accessing infor-
mation from various on-line information sources, filter away
irrelevant or unwanted information, and provide decision
support. Section 1.1 discusses some of the related litera-
ture. Section 2 presents a brief description of an AND/OR
network-based supply chain model. This model needs to
be integrated with other operational level decision making
models such as inventory management to enable intelligent
agents to make the full range of supply chain decisions. We
present in Section 3 this integrated model and a computa-
tional study of making inventory decisions that take advan-
tage of multiple leadtime/cost options. We conclude the pa-
per in Section 4 by summarizing the results and pointing out
other extensions to our agent-based multi-issue supply chain
model.

1.1 Related Literature

Effective use of the Internet by individual users, organiza-
tions, or decision support machine systems has been ham-
pered by some dominant characteristics of the Infosphere.
Information available from the net is unorganized, error-
prone, multi-modal, and distributed on server sites all over
the world. The notion of Intelligent Software Agents (e.g.,
[26, 24]) has been proposed to address this challenge. In
this paper, we model a supply chain as a multi-agent sys-
tem where different business entities interact with one an-
other through intelligent software agents that act on their
behalf. In general, multi-agent systems can compartmen-
talize specialized task knowledge, organize themselves to
avoid processing bottlenecks, and can be built expressly to
deal with dynamic changes in the agent and information-
source landscape. In addition, multiple intelligent agents are
ideally suited to the predominant characteristics of the In-
fosphere (and in particular supply chain management), such

as the heterogeneity of the information sources, the diver-
sity of information gathering and decision support tasks that
the gathered information supports, and the presence of mul-
tiple users/organizations with related information and deci-
sion aiding needs.

In order for autonomous software agents to make sensi-
ble decisions in any nontrivial domain such as supply chain
management, they need to have access to domain-specific
decision making models and related computational mecha-
nisms [19, 23, 6, 25, 27]. We briefly survey some of these
models in literature that are most relevant to multi-issue
(time and cost) supply chain management.

In manufacturing, the current focus on time-based com-
petition strongly suggests the importance of and substantial
interest in tradeoffs between time and cost [3, 4]. Time-
based competitors focus on the entire value-delivery system.
Porter offers insightful conceptualization of value chains
[20]. He argues that competitive advantage lies not only in
activities themselves but in the way activities relate to each
other, to supplier activities, and to customer activities. Time
responsiveness is an essential part of companies’ core com-
petitive strategies.

The first models that consider the possibility of purchas-
ing shorter leadtimes at a premium cost appeared in [5] and
[9], among others. The main objective of these papers is
to find the optimal ordering policy that minimizes ordering,
holding and penalty costs when subject to random demand.
Structural results regarding the optimal replenishment pol-
icy were established when there are only two options and
the leadtimes of the two options differ by one time unit.

Song and others in [22] studied the impact of stochastic
leadtimeson the optimal inventory decisions and the optimal
cost in a base-stock inventory model. The focus there is to
evaluate the impact of the variability of leadtimes but not to
derive an inventory policy which makes use of the availabil-
ity of multiple leadtime/cost options. In [17] Lau and Zhao
considered the order splitting between two suppliers that of-
fer different leadtime with uncertainty. The authors assumed
a constant splitting ratio among two suppliers and developed
computational methods to compute the optimal ratio, order-
ing quantities and reordering point in a continuous review
inventory setting. Several papers (e.g., [2]) deal with situa-
tions where leadtime is one of the decision variables. Their
assumption is that by paying “leadtime crashing cost” lead-
time reduction can be achieved. The goal of these papers is
to find the single best leadtime option under single sourcing.



2 An AND/OR Network-based Sup-
ply Chain Model

We have developed a supply chain model, called LCT, based
on an AND/OR network representation [13, 14]. This model
is capable of capturing a variety of supply chain activities
and decisions.

In LCT, a supply chain is modeled as a directed acyclic
graph with parallel arcs. The model follows an activity-on-
arc representation where each arc corresponds to a partic-
ular supply chain activity (production, transportation, sub-
contracting, etc.). Each activity/arc has two performance
measures: leadtime and cost. In this supply chain network,
nodes represent completion of activities and may be used to
establish precedent constraints among activities. The graph
is directed towards one particular “root node”. The root
node corresponds to the retailer of the product that the sup-
ply chain produces. End customers interact with the root
node only. Two types of nodes are defined to specify condi-
tions for satisfying prior activities:conjunctionanddisjunc-
tion nodes. Conjunction nodes or AND nodes are nodes for
whichall the activities that correspond to the incoming arcs
must be accomplished before the outgoing activities can be-
gin; whereas disjunction nodes or OR nodes requires thatat
least oneof the incoming activities must be finished before
the outgoing activities can begin.

Based on LCT we have developed efficient computation
methods to identify the entire efficient frontier between lead-
time and cost in supply chains. This efficient frontier at the
“root node” of the supply chain, i.e., the retailer point, com-
pactly represents all the undominated, feasible combinations
of supply chain activities. By a feasible combination of sup-
ply chain activities, we mean the set of activities that guaran-
tee the availability of goods or services at the root node. We
say a combination dominates the other when the former of-
fers cheaper cost and shorter leadtime than the latter. Given
the efficient frontier coupled with the market demand profile
and pricing strategy at the root node, management can con-
verge on the optimal tradeoff point specifying a particular
supply chain configuration.

One of the limitations of the basic LCT model is that
the model does not explicitly consider inventory. The LCT
model suffices for “one-shot” scenarios in which at each
decision-making episode only single-period demand is taken
into account. In cases where multi-period or stochastic de-
mand is considered, holding inventory at one or more places
in the supply chain clearly has the potential of improving the
performance of the whole system. We discuss the integration
of the LCT model with inventory management in Section 3.

3 Leadtime-Cost Tradeoffs in A
Stochastic Inventory Model

For simplicity, we assume that inventory can be held only at
the root node of the supply chain network. In other words,
we are concerned with managing inventory at a single eche-
lon within the context of the LCT model. Since we only add
the inventory capacity at the root node, the entire leadtime
cost efficient frontier for the supply chain remains the same.
We are interested in ways through which the end product
retailer (and his agent) can take advantage of the availabil-
ity of multiple efficient supply chain configurations offering
various leadtimes and costs.

Integrating LCT with inventory models with constant de-
mand rates such as EOQ types of models can be easily done.
When we consider inventory management with uncertain de-
mand, however, the situation changes dramatically. In this
section, we first present a formal formulation of the prob-
lem.

As is standard practice in the inventory literature, we start
with the finite horizon case. We study anN -period stochas-
tic inventory problem in which there arem different order-
ing options. These options represent different leadtime and
cost tradeoffs which can be computed using the LCT model
given the network topology of a supply chain and time/cost
information for the supply chain activities. We ignore the
setup cost in this study1. We use the following notation in
our study.

N = the number of periods in the planning horizon.

m = the number of ordering/delivery options.

�i = the leadtime associated with optioni, i = 1; 2; : : : ;m.
We assume that these leadtimes are deterministic.
Without loss of generality, we assume that�i < �j
wheni < j.

� = the maximum leadtime from all possible ordering op-
tions,� = �m.

ci = the unit ordering cost with optioni, i = 1; 2; : : : ;m.
Without loss of generality, We assume thatci > cj
wheni < j.

T = the random demand for the item during each time pe-
riod. We assume that the demand is stationary and fol-
lows a known probability distributionf(�). Further, we
assume that the demand is nonnegative and the demand
distribution has a finite mean. We denote byt a generic
value sampled from this demand distribution.

� = the one-period discount factor.

1This is not entirely arbitrary since electronic commerce contributes to
the setup cost reduction.



x0 = the current stock level (on-hand inventory).

x1; x2; : : : ; x��1 = the pipeline inventory from orders al-
ready placed. They are the outstanding orders such that
x1 is due at the start of the next period,x2 is to be de-
livered two periods hence, etc.

zi = the amount of goods to be ordered at the start of the
present period using optioni, i = 1; 2; : : : ;m. These
are the inventory decision variables.

L(x) = the expected operational costs during the period,
exclusive of ordering costs, with respect to the stock
on hand before the demand occurs.

L(x) =

� R
x

0
h(x� t)f(t)dt+

R1
x

p(t � x)f(t)dt x > 0;R
1
0

p(t� x)f(t)dt x � 0

(1)

We assume that the holding costh(�) and penalty cost
p(�) are nondecreasing and convex. The unfulfilled or-
ders are backlogged. Since integration preserves the
convexity, the convexity ofL(x) is easily seen.

Cn(x0; x1; � � � ; x��1) = the minimum expected cost fol-
lowing an optimal policy, given that onlyn future pe-
riods are to be taken into account. The state vector
(x0; x1; : : : ; x��1) represents all the information about
the current stock level as well as the amounts of goods
whose orders have been submitted and are to be deliv-
ered during the following� � 1 periods.

The state space for this inventory problem with multiple
ordering options is

f(x0; x1; : : : ; x��1) j x0 2 R; xi 2 R+ for i = 1; : : : ; � � 1g

where the set of real numbers is denoted byR and the set
of nonnegative real numbers is denoted byR+. The control
space is

f(z1; z2; : : : ; zm) j zi 2 R+ for i = 1; : : : ;mg

Given this system dynamics, the functional equation for
Cn(�) is:

Cn(x0; x1; : : : ; x��1) = min
zi�0; for 1 � i � m

� mX
i=1

cizi+L(x0+y0)+

��

Z
1

0

Cn�1(x0+y0�t+x1+y1; x2+y2; � � � ; x��1+y��1; y� )f(t)dt

�

(2)

whereyj is defined as follows:

yj =

�
zi if j = �i;
0 otherwise

(3)

We useyj to indicate the amount of goods to be delivered
j periods into the future which can be positive only if there
exists an ordering modei that offers that leadtime optionj.

For this stochastic inventory model with multiple lead-
time/cost replenishment options, we can prove the convexity
of the value function [29]. Nevertheless, it seems extremely
difficult to identify any simple structures from optimal re-
plenishment policies. The complexity of the problem stems
from the fact that although the convexity of the value func-
tion holds, the optimal controls appear to depend on all the
xi for i = 0; : : : ; � � 1 rather than depend on some aggre-
gated state such as the echelon inventory level

P��1
i=0 xi.

Using the value iteration approaches in dynamic program-
ming, we can compute the optimal control policies regard-
less of whether they follow the order-up-to structure or not.
However, these value iterations approaches are almost im-
possible to scale up since the size of state space itself is ex-
ponential with respect to the maximum leadtime. For prac-
tical purposes, we need to find other more efficient algo-
rithms.

To address these computational issues, we have developed
several suboptimal polices that are easy to compute. Our
primary interest is to optimize infinite-horizon average cost
per stage. In Section 3.1, we report these policies and an
experimental evaluation of their performances.

3.1 Inventory Policies with Multiple Lead-
time/Cost Options

One way of avoiding representing the exponentially large
state space is to apply the idea ofparameterizing the control
policies. We consider a class of control policies that can be
characterized by a small number of parameters. Based on
these parameters, we can easily deduce the corresponding
control for any given arbitrary state. For instance, consider
a one ordering option inventory model, the optimal policy—
order-up-to policy—is characterized by one parameter—
order-up-to levelS. For our generalm-mode inventory
problems, the order-up-to policy or its variants have been
proved nonoptimal. The simplicity of the order-up-to policy
and its wide acceptance in practice, however, have rendered
itself as a good candidate suboptimal policy. In our study, we
consider the following policy fashioned after the order-up-to
policy.

zi = (Si �

�iX
j=0

xj �

i�1X
j=1

zj)
+ for i = 1; : : : ;m� 1 (4)

zm = (Sm �

��1X
j=0

xj �

m�1X
j=1

zj)
+ (5)



We call this an “echelon order-up-to policy” due to the
similarity between this policy and the policies developed in
multi-echelon inventory research [8]. Intuitively, we can
imagine that for each leadtime option, there is an “order-
up-to” level that guarantees that the sum of future arrivals
and committed orders using the current mode and quicker
options reaches a predetermined level. The rationale behind
this is similar to that behind Fukuda’s policy for two adja-
cent (in terms of leadtimes) options [9].

Although the echelon order-up-to policy is easy to com-
pute and can be used to solve large-size problems, the result-
ing solution quality measured by the average per stage cost
is not entirely satisfactory. To achieve lower and closer-to-
optimal costs, we develop the following policy which is a
generalization of the echelon order-up-to policy.

zi = (�i � i(

�iX
j=0

xj +

i�1X
j=1

zj))
+ for i = 1; : : : ;m� 1

(6)

zm = (�m � m(

��1X
j=0

xj +

m�1X
j=1

zj))
+ (7)

Recall that when we follow an echelon order-up-to pol-
icy, we weigh all thexj andzj equally for all the options.
We analyzed a number of the optimal policies (for small-
sized problems) produced by policy iteration or value it-
eration and observed that equally weighingxj and zj for
all the modes clearly violates optimality. In the meantime,
to a large extent, the points in the high-dimensional space
of (x1; x2; : : : ; xm; zj) for j = 1; 2; : : : ;m can be sepa-
rated by hyperplanes. These hyperplanes are not necessarily
parallel. This motivates the development of the separating
plane policy. This policy, like the echelon order-up-to pol-
icy, does not require explicit representation of the state space
and therefore can be used in solving large-size problem in-
stances. The separating plane policy involves more param-
eters than the echelon order-up-to policy and therefore are
more expensive to compute. Note that any echelon order-up-
to policy is a special case of a separating plane policy when
all i are equal to 1. The performance of the best separat-
ing plane policy will be at least as good as the best echelon
order-up-to policy.

3.2 Experimental Comparisons

We use the echelon order-up-to policy computation to illus-
trate the major computational steps in our experiments. The
separating-plane policy computation essentially follow the
same steps.

The objective is to minimize the infinite horizon average
cost per stage. We denote this cost byV . Given a particular

set of echelon order-up-to levels(S1; S2; : : : ; Sm), we know
precisely how much to order using which mode for any ar-
bitrary state. Under mild assumptions,V does not depend
on the initial state. In addition, any meaningful order-up-to
levels have to satisfy non-negativity and monotonicity con-
ditions. Therefore, for the purpose of finding the best ech-
elon order-up-to policy, we are solving the following multi-
dimensional optimization problem:

min
S1;S2;::: ;Sm

V (S1; S2; : : : ; Sm)

subject to: 0 � S1 � S2 � : : : � Sm (8)

Since the analytic form ofV in terms of echelon order-
up-to levels is unknown, we use simulation to evaluate can-
didate order-up-to policies. Within simulation itself, we
use infinitesimal perturbation analysis[10, 12] to obtain esti-
mated sensitivities ofV with respect to(S1; S2; : : : ; Sm).

A modified gradient projection method [11, 1]
is used to carry out the outer loop optimization
over (S1; S2; : : : ; Sm) which in turn uses simu-
lation to obtain estimatedV (S1; S2; : : : ; Sm) and
(@V=@S1; @V=@S2; : : : ; @V=@Sm). It turns out that
V (S1; S2; : : : ; Sm) is neither concave nor convex with
respect to(S1; S2; : : : ; Sm). Our modified gradient projec-
tion method makes use of some simple observations about
the behavior of order-up-to levels to avoid the numerical dif-
ficulties imposed by the nonconvexity of the cost function.
Numerical experience indicates that in most situations, our
method is able to find the best echelon order-up-to policy.

The major focus of our experimental study is to evaluate
the impact of the leadtime-cost efficient frontier on stochas-
tic inventory management and the resulted savings. This
study presents the supply chain managers with managerial
insights as to when it is important to consider flexible supply
chain structuring to realize the potential gains of the flexibil-
ity offered by the conjunctive/disjunctive supply chain net-
work commonly seen in the electronic marketplace.

We simulated four normal demand distributions with the
same mean demand 20 but different standard deviations in-
cluding 1, 2, 6, and 10. The major steps of the simulation
are as follows:

1. For each of the demand profiles, we first computed
a one-mode “iso-utility” curve. This curve is a two-
dimensional curve. Thex-axis is leadtime; they-axis
is the unit ordering cost. A point on this curve(x; y)
represents that there is one ordering option available to
the inventory manager, offering leadtimex and cost-
ing y. All the points on this curve result in exactly the
same infinite horizon average cost if they are used alone



and the optimal inventory policy is followed. This in-
finite horizon average cost includes both inventory op-
erating cost (holding and penalty) and ordering cost.
In other words, if the inventory manager is allowed to
use only one ordering option, then all the points on this
one-mode iso-utility curve are equivalent to him. This
one-mode iso-utility curve establishes our comparison
baseline.

2. Given this one-mode iso-utility curve, we explored how
much improvement can be made if the inventory man-
ager is given the choice of using two modes simultane-
ously. We fixed one of the two modes to be the mode
that offers leadtime 0 and then we varied the other mode
along the one-mode iso-utility curve. We examined
what two-mode combinations would yield best perfor-
mance and how much gain was realized by using two
modes in comparison with the one-mode cases.

We assumed the following cost structure. The penalty cost
p is set to 30. The holding costh is set to 5. Furthermore,
we fixed the ordering cost of the mode that delivers instan-
taneously to 15. To avoid confusion, we use the following
notation: when we refer to “mode [i]”, we mean the ordering
mode that offers leadtimei.

Figure 1 shows the one-mode iso-utility curves for four
normal demand distributions that we examined. We ob-
serve that the curves corresponding to high-variance de-
mands are below the ones corresponding to low-variance de-
mands. This is quite intuitive since as ordering leadtime in-
creases, high-variance demand results in relatively high in-
ventory operating cost which has to be offset by the decrease
in unit ordering cost. If we are allowed to use only one order-
ing mode, any mode on this curve delivers the same perfor-
mance therefore we are indifferent. If we do have a choice of
using more than one modes, we face the decision scenarios
modeled by the LCT inventory model. To gain insights, we
concentrate on using two modes. Since there are too many
mode combinations to consider, we only focus on a subset
of these combinations where we always use mode[0].

The cost savings of using two modes simultaneously are
quite dramatic as depicted in Figure 2. For instance, us-
ing mode[0] and mode[20] cuts the cost by more than a
half! The experimental results also suggest that (a) it is bet-
ter to couple two modes when their leadtime difference is
substantial; (b) higher variance in demand allows more sav-
ings. In Table 1, we list the performance of echelon order-
up-to policies versus separating plane policies for demand
profile N(20; 102). We note that separating plane policies
performed better when the gap between the two leadtimes
increases. We have experimented with other types of de-
mand profiles and cost structures with similar results.

4 Concluding Remarks

Inter-organizational electronic commerce is reshaping the
way enterprises conduct business. In this paper, we present a
model of supply chain that explicitly addresses time and cost
issues. We have coupled this model with inventory manage-
ment and performed a computational study to find effective
control policies. These models and computational mecha-
nisms are essential for software agents to take advantage of
abundant choices that come with the increasingly accessible
worldwide information infrastructure, and to gain competi-
tive edge in highly dynamic business environments.

We conclude this paper by presenting some of the exten-
sions to our agent-based supply chain model.

� Other performance measures of supply chains such as
product quality, service levels, etc., are not addressed
in our current model. We plan to enrich our model to
address these additional measures.

� In this paper, we discussed how to integrate inventory
decisions into the LCT model. We assumed that inven-
tory is held at the root of the supply chain. We are cur-
rently working on integrating LCT with multi-echelon
production/inventory models.

� In addition to the operational decisions we have dis-
cussed in this paper, we are also interested in strate-
gic aspects of supply chain management. In the re-
search reported in this paper, we assumed that all lead-
time/cost parameters are given. In cases where supply
chain agents are responsible for making these pricing
decisions, strategic interactions among business entities
become critical. We are currently working on extend-
ing our work on learning and negotiation[28] to address
issues arisen from adaptive multi-issue negotiation in
supply chain management and electronic commerce.



Mode paired Order-up-to Separating Plane
with mode 0 Cost Cost

0 376.004 376.004
1 357.291 357.291
2 343.160 341.901
3 330.469 326.879
4 318.175 313.888
5 307.952 302.115
6 297.621 290.526
7 288.249 279.898
8 279.510 269.475
9 270.828 259.631
10 260.568 250.214
11 253.627 241.212
12 244.494 232.395
13 236.939 223.957
14 230.940 215.826
15 224.214 207.857
16 218.939 200.057
17 210.404 192.392
18 201.195 184.935
19 196.657 177.713
20 187.383 170.584

Table 1: Order-up-to vs. Separating Plane Policies for
N(20; 102); h = 5; p = 30
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