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Abstract

In this paper we are interested in the decision problem faced by an agent when requesting bids for collections of tasks
with complex time constraints and interdependencies. In particular, we study the problem of specifying an appropriate
schedule for the tasks in the request for bids. We expect bids to require resource commitments, so we expect different
settings of time windows to solicit different bids and different costs. The agent is interested in soliciting “desirable”
bids, where desirable means bids that can be feasibly combined in a low-cost combination that covers the entire
collection of tasks. Since the request for bids has to be issued before the agent can see any bids, in this decision process
there is a probability of loss as well as a probability of gain. This requires the decision process to deal with the risk
posture of the person or organization on whose behalf the agent is acting. We describe a model based on Expected
Utility Theory and show how an agent can attempt to maximize its profits while managing its financial risk exposure.
We illustrate the operation and properties of the model and discuss what assumptions are required for its successful
integration in multiagent contracting applications.
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1. INTRODUCTION may produce a cascade of devastating effects. Unfortu-
nately, current auction-based systems do not have any no-

E-commerce technology has the potential to benefit societyion of time. Handling auctions for tasks with time constraints
by reducing the cost of buying and selling and by openings beyond the capabilities of current e-commerce systems.
new market opportunities. We envision an auction-based We present the results of a study of how an autonomous
approach to the management of agile and dynamic supplggent can maximize its profits while predicting and manag-
chains, in which autonomous, self-interested agents negang its financial risk exposure when requesting bids for tasks
tiate on behalf of organizations and individuals to organizewith complex time constraints. We show how this can be
coordinated activities. This is an area in which the potentiatlone by specifying appropriate time windows for tasks when
payoff is very high, given the projected size of the businesssoliciting bids and by using received bids effectively in
to business and make to order e-commerce markets. building a final work schedule.

More production processes are being outsourced to out-
side contractors, making supply chains longer and more
convoluted. This increased complexity is compounded byz- MAGNET, A MULTIAGENT NEGOTIATION
increasing competitive pressure and accelerated production TESTBED FOR CONTRACTING TASKS
schedules that demand tight integration of all processes. WITH TEMPORAL AND PRECEDENCE
Finding potential suppliers is only one step in the process CONSTRAINTS

of producing g_oods. Time dependencies among operationpyg study is a part of the MAGNETmultiagent nego-
make scheduling a major factor. A late delivery of a Partiation testbedl research projectCollins et al., 2002
MAGNET agents participate in first-price, sealed-bid com-
_ binatorial auctions over collections of tasks with prece-
Reprint requests to: Alexander Babanov, Department of Computer Sci- . . . .
ence and Engineering, University of Minnesota, 4-192 E&ci, 200 Union dence relations and time constraints. MAGNET promises

Street SE, Minneapolis, MN 55455, E-mail: babanov@cs.umn.edu to increase the efficiency of current markets by shifting
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much of the burden of market exploration, auction han- e When the supplier completes a task, the customer pays

dling, and preliminary decision analysis from human deci- the remainder of the price.

sion makers to a network of heterogeneous agents. o If the supplier fails to complete a task, the price is
We distinguish between two agertles, the Customer forfeited and the deposit must be returned to the cus-

and theSupplier(see Fig. 1 A customer has a set of tasks tomer. A penalty may also be levied for nonperfor-

to be performed, with complex dependencies among the  mance, or a leveled-commitment proto¢Sandholm,
tasks. When a customer lacks the resources to carry out its 1996 may be used. The customer decides whether to
own tasks, it may solicit resources from suppliers by pre- handle the failure by replanning or rebidding the failed
senting arequest for quotegRFQ) through an agent- task(s).

mediated market. Supplier agents may offer to provide the

requ(_a_sted_resourges or services, for specified _prices_, overy A motivating example

specified time periods. Once the customer receives bids, it

evaluates them to select an optimal set of bids and create/s an example, imagine that we need to construct a garage.
work schedule. This paper deals with decision problems irfFigure 2 shows the tasks needed to complete the construc-

the Bid Manager component of the Customer Agent. tion. The tasks are represented inaak network where
This is a schematic outline of the main interactions amondinks indicate precedence constraints. The first decision we
agents: are faced with is how to sequence the tasks in the RFQ and

how much time to allocate to each of them. For instance,
e A customer issues an RFQ that specifies tasks, theifye could reduce the number of parallel tasks, allocate more
precedence relations, and a timeline for the biddingime to tasks with higher variability in duration or for which
process. For each task, a time window is specified givthere is a shortage of laborers, or allow more slack time.
ing the earliest time the task can start and the latest A sample RFQ is shown in Figure 2. Note that the time
time it can end. windows in the RFQ do not need to obey the precedence
e Suppliers submit bids. A bid includes a set of tasks, aconstraints; the only requirement is that the accepted bids
price, a portion of the price to be paid as a nonrefund-ppey them. We assume that the supplier is more likely to
able deposit, and estimated duration and time windovwpid, and submit a lower-cost bid, if it is given a greater
data that reflect supplier resource availability and con-lexibility in scheduling its resources. It is up to the cus-

strain the customer’s scheduling process. tomer to find a bid combination that forms a feasible
e The customer decides which bids to accept. Each taskchedule.

needs to be mapped to exactly one fié., no free
disposal; Nisan, 1999 and the constraints of all

awarded bids must be satisfied in the final work 2.2. Experiences and observations

Domain

schedule. We have showr(Collins et al., 2001 that the time con-
¢ When the customer awards a bid, it pays a deposit andtraints specified in the RFQ can affect the customer’s out-
specifies the work schedule. come in two major ways:
. Customer
5 Agent
‘Top level preee R
............ \ : Supplier
Market - Agent

Model

Bid
Manager

Market
Ontology

.. [ Market | Bid : Commltm(?ms
Statistics— I . . :
| Statistics |- Protocol ,: .| .. .
: : Availability .

, : Bid
‘\ Re bid Task . Protocol
! Assignment !

N :
~] Execution |
Manager |

Domain
Model

' ‘

Resource
Session Manager

Events and
Responses

Events and
Responses

Fig. 1. The MAGNET architecture.
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Fig. 2. Atask network example and a corresponding RFQ.

1. by affecting the number, price, and time windows of In the next section we propose a principled method for
bids. We assume that bids will reflect supplier re- generating RFQs that takes into account the agent’s risk
source commitments, and therefore larger time win-posture and available market statistics to produce a sched-
dows will result in more bids and better utilization of ule that optimizes the agent’s expected utility.
resources, in turn leading to lower pricéSollins,

2002. However, an RFQ with overlapping time win-

dows makes the process of winner determination morg' EXPECTED UTILITY APPROACH

complex(Collins, 2002. Another less obvious prob- |n this section we describe a new approach to the construc-
lem is that every extra bid over the minimum neededtion of optimal RFQs that employs the Expected Utility
to cover all tasks adds one more rejected bid. Ulti-Theory to reduce the likelihood of receiving unattractive
mately, a large percentage of rejections will reducebids while maximizing the number of bids that are likely to
the customer agent’s credibility, which, after repeatedbe awarded. This approach was originally suggested in our
interactions in the market, will result in fewer bids previous work(Babanov, Collins, et al., 2002In this work
and/or higher costs. we extend it and pay special attention to the relation be-

2. by affecting the financial exposure of the customertween the size of RFQ time windows and the number of
agent(Collins et al., 2001 We assume nonrefundable €xpected bids by investigating the balance between the quan-
deposits are paid to secure awarded bids, and payity and the quality of expected bids.
ments for each task are made as the tasks are com-
pleted. The payoff for the customer occurs only at the .
completion of all the tasks. Once a task is completedg'l' Terminology
in the time period specified, the customer is liable for A task networksee Fig. 2is a tuple(N, <) of a setN of
its full cost, regardless of whether other tasks havandividual tasks and strict partial ordering on them, such
failed in the meantime. If a task is not completed bythat for anyi, j € N, i < j implies that task immediately
the supplier, the customer is not liable for its cost, butprecedes task We also us& to denote the number of tasks
this failure can ruin other parts of the plan. Slack in where appropriate.
the schedule increases the probability that tasks will A task network is characterized bystart time(t®) and a
be completed or that there will be enough time tofinish time(t"), which delimit the interval of time when
recover if any fail. However, slack extends the com-tasks can be scheduled. The placement of task the
pletion time and so reduces the payoff. In many busi-schedule is characterized task n start timét;) andtask n
ness situations, the speed is the key; the value of théinish time(t), subject to the following constraints:
final payoff may drop off very steeply with time.

ts=tl=t5, VmeP(n) and ti=t5=tf, ¥Yme S(n),

The agent needs to issue the RFQ before having received

any bid, so the process of deciding how to schedule thevhereP,(n) is the a set oimmediate predecessods n,
different tasks and how much time to allocate to each tasl;(n) = {m € N|m < n}, andS;(n) is defined similarly to
involves a probability of loss, as well as a probability of be the set ofmmediate successoos taskn.

gain. This requires the decision process to deal with the risk The probability of task ncompletion by timet, condi-
posture of the person or organization on whose behalf théonal on the ultimate successful completion of taskis
agent is acting. distributed according to the cumulative distribution func-

The agent can use information available from the marketion (CDF) @, = ®,(t3;t), lim_,., ®,(t5;t) = 1. Observe

on expected costs, probability of completion of tasks withinthat @, is defined to be explicitly dependent on ttie To

a time window, and expected numbers of bidders to guideee the rationale, consider the probability of successful mail
its decision on how to sequence the tasks and how muctelivery inx days for packages that were mailed on differ-
time to allocate to each. ent days of a week.
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etary term$ form of the utility forr < 0 is a trade-off for
_________________________ simple notation.

20N C_IJ_ (_té '_t_) _" We assume that a future state of the world can be de-
Prniln; scribed in terms of potential money transfers and the corre-
- sponding probabilities. Accordingly, we defimambleto

be a set of payoff—probability pair& = {(x;, p;);} S-t.
Fig. 3. The unconditional distribution for the successful completion p; > 0, Vi and X; p; = 1. The expectation of the utility
probability. function over a gambl& is theexpected utility EU):

EU[G]:= > pu(x).

(X, p)EG

There is an associated unconditiopabbability of suc-
cess p € [0, 1] characterizing the percentage of tasks thatThe certainty equivalen{CE) of a gambleG is defined as
are successfully completed given infinite tirteme Fig. 3. the single payoff value whose utility matches the expected
In the empirical support of work we assumed Weibull prob-utility of the entire gamblé&, thatis,u(CE[G]) := EU[G].
ability distribution for®,; however, the form of the distri- Hence, under our assumptions
bution is not tied in the theory. In fact, we expect that the
success probabilities will be derived from the available mar-
ket information.

Task n bears an associatemst* We assume the total
cost of taskn has two parts: a deposit, which is paid whenand
the bid is accepted, and a cagt which is due some time
after successful completion of Because deposits are as- CE(G)= > px forr=0.
sumed to be paid up front, the amount does not change (x.p)EG

between schedules and we can assume without loss of gen- luati iterion is based . |
erality the sum of deposits to be 0. Our evaluation criterion is based upon comparing CE val-

There is a singldinal reward V scheduled at the plan ues, because they represent money transfers in certain and

finish time t' and paid conditional on all tasks M being current money. Because of this interpretation the CE val-
successfully completed by that time ues, unlike utilities, can be compared across various risk

For each cost and reward. there is an associgttiof aversities and alternative schedules, even between different
return? g, that is used to calculate thiiscounted present Plans. Naturally, the agent will not be willing to accept

value(PV) for payoff (c.) due at timet as gambles with a negative certainty equivalent and higher
" values of the certainty equivalent will correspond to more

attractive gambles.

To illustrate the concept, Figure 4 shows how the CE
depends on the risk aversityof an agent. In this figure we
We associate the rate of retugrwith the final payoffV. consider a gamble that brings the agent either 100 or noth-
ing with equal probabilities. Agents with positivevalues
are risk averse; those with negativealues are risk loving.
Agents with risk aversity close to zero, that is, almost risk

We represent the customer agent's preferences over payoffi¢utral, have a CE equal to the gamble’s weighted mean
by the von Neumann—Morgenstern utility functiotMas—  (50).

Colell et al., 1995 We further assume that the absolute
risk-aversion coefficient := —u”/u’ of u is constant for
any value of its argument; hencecan be represented as
follows:

-1
CE(G)=—1log > pexp{-rx;} forr+0
r (X, p)EG

PV(cn;t) i==cy(1+q,) "

3.2. Expected utility and certainty equivalent

100

CE({(100,1/2),(0,1/2)})

u(x) = —exp{—rx} forr#0 and u(x)=x forr=0. 757

It is imperative to note here that we do not compare utility 50t -+ - oo -----------------------
values directly; the counterintuitiee., decreasing in mon- :

25¢
IHereafter we use the words “cost” and “reward” to denote some mon-
etary value, while referring the same value as “payment” or “payoff” 0 . ; ) r
whenever it is scheduled at some time -0.1 -0.05 0 0.05 0.1
2The reason for having multiplg, values is that individual tasks can
be financed from different sources, thus affecting task scheduling. Fig. 4. The CE of a simple gamble as a function of the risk aversity.
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Fig. 5. The CE maximizing time allocations for the plan in Figure 2 for —0.01(left) andr = 0.02(right).

3.3. Cumulative probabilities 3.4. Example and discussion

To compute the certainty equivalent of a gamble we need t jj|ystrate the definitions above, let us return to the task
determine a schedule for the tasks and compute the payoffatwork in Figure 2 and consider the sample task schedules

probability pairs. _ _ shown in Figure 5. In this figure theaxis is time and thg
We assume that the, for taskn is scheduled af,, soits  axis shows both the task numbers and the cumulative dis-
present valugc, is tribution of the unconditional probability of completion
(compare to Fig. B Circle markers showg. Crosses indi-
o= Ch(1+ q,) cate botht! and success probabilitigs, (numbers next to

each point Square markers denote that the corresponding
We define the conditional probability of tasksuccess as  task cannot span past this point due to precedence con-
straints. The thick part of each CDF shows the time allo-
D= Pa®n(tS:th). cated to each task.
The customer agent needs a way of collecting the market

We also define therecursorsof taskn as a set of tasks that information necessary to build and use the probability model.

finish before task starts in a schedule, that is, The probability of success is relatively easy to observe in
the market. This is the reason for introducing the cumula-
B(n) := {me N|t!, = ts}. tive probability of succes®,, and probability of success,,

instead of the average project life span or probability of
The unconditional probability that taskwill be completed ~ failure. Indeed, it is rational for the supplier to report a
successfully is successful completion immediately in order to maximize
the present value of a payment. In addition, it is rational not
_ to report a failure until the last possible moment, because of
’:)n_pn>< H pm- . .
mEP(n) a possibility of earning the payment by rescheduling, out-
sourcing, or fixing the problem in some way.
That is, the probability of successful completion of every
precursor and of taskitself are considered as independent
events. The reason this is calculated in such form is be3.5. Gamble calculation algorithm
cause, if any task ifP(n) fails to be completed, there is no and maximization
need to execute task
The probability of receiving the final rewakdis therefore ~ Given a schedule like the one shown in Figure 5, we need to
compute the payoff probability and then maximize the CE
p=TI pn. for the gamble. Writing an explicit description of the ex-
neN pected utility as a function of gambles is overly compli-
cated and relies on the order of task completions. Instead,
s , o , we propose a simple recursive algorithm that creates these
Hereafter we use the tilde to distinguish variables that depend on the L
current task schedule, while omitting corresponding indices for the sake Ogambles. We then maximize the CE over the space of all
notational simplicity. feasible schedules and the corresponding gambles.
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Algorithm: G < calcGambl€T, D)
RequiresT “tasks to process,” D “processed tasks”
Returns: G “subtree gamble”
M« {me T|P(m) C D}
if M # J “it's a branch”
n « first{M} “according to some ordering”
T« T\{n}
G«
E « calcGambl¢T, D) “follow - - -
forall (x,p) € E
G GU{Xxpx(1-p)hH
endfor
| < calcGambl¢T, D U {n}) “follow --- — n path”
forall (x, p) €1
G GU{(x+ ¢, pxpn}
endfor
return G “subtree is processed”

else “it's a leaf”
if N = D “all tasks are done”
return{(V,1)}
else “some task failed”
return{(0,1)}
endif

endif

— n path”

In the first call, the algorithm receives a “todo” task [ist

A. Babanov et al.

trees were built for the time allocations in Figure 5 and
reflect the precursor relations for each case.

Considering the more sequential schedule on the right,
we note that with probability - p, ask 1 fails, and the
customer agent does not pay or receive anything and stops
the execution(path 1 in the right tre¢ With probability
p$ = p, the agent proceeds with task8ath 1 in the trep
In turn, task 3 either fails with probabilify; X (1 — p3), in
which case the agent ends up stopping the plan and paying
a total ofc, (path 1— 3), or it is completed with the cor-
responding probabilitps = p, X ps. In the case where both
1 and 3 are completed, the agent starts both 2 and 4 in
parallel and becomes liable for payig andc,, respec-
tively, even if the other task failgpaths 1— 3 — 2 — 4 and
1— 3 — 2 4). If both 2 and 4 fail, the resulting path in
the tree is 1» 3 — 2 — 4 and the corresponding payoff—
probability pair is framed in the figure.

The algorithm’s complexity i©(2€~* x N), whereK is
the maximum number of tasks that are scheduled to be ex-
ecuted in parallel. Reducing the complexitycaficGamble
is critical, because it will be executed in the inner loop of
any CE maximization procedure, unless we somehow fix
precursor relations and, consequently, a tree structure. In
commercial projects the ratik/N is likely to be low, be-
cause few of these exhibit a high degree of parallelism. Our
preliminary experiments allow us to conclude that K&
ratio is lower for risk-averse agenggsresumably, business-

N and a “done” task lisb = (J. All the subsequent calls are peoplg than for risk loverggambler$. These two consid-
recursive. To illustrate the idea behind this algorithm, weerations may reduce the need for a faster algorithm, although
refer to the payoff—probability trees in Figure 6. These twoadditional work to improve the algorithm is planned.
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Fig. 6. Payoff—probability trees for the time allocations in Figure 5.
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3.6. Experimental results

We have conducted a set of experiments on CE maximiza-
tion in a variety of task networks. Some of the results for
our reference six-task network are summarized in Figure 7.
In this figure, they axis shows 11 different risk-aversity
settings, and the bottom axis is timet in the plan. The
rounded horizontal bars in each of 11 sections denote time
allocations for each of six tasks, with task 1 on top. Sec-
tionsr = —0.01 andr = 0.02 correspond to schedules in
Figure 5a and b, respectively. Finally, the vertical bars show
the maximum CE values on the taxis for eaclr setting.

Let us examine the relative placement of time allocations
as a function of. For this example we chose two tasks, 3
and 4, which have similar positions in the task network.
Task 3(black horizontal bapshas a lower probability of
success in the infinite horizon than taskwhite barg, as
well as a higher variance of the probability of success dis-
tribution. In addition, the cost of task 3 is twice the cost of
task 4.

Given this setup, we observed four distinct cases in the
experimental data:

1. Risk-loving agents tend to schedule tasks in parallel
and late in time in order to maximize the present value

179

of the expected difference between reward and pay-
offs to suppliers. This confirms the intuitive observa-
tion from Figure 4 that risk lovers lean toward receiving
high, risky payoffs rather than low, certain payoffs.

. Risk neutral and minimally risk-averse agents place

risky task 3 first to make sure that any failure does not
happen too far into the project. Note that they still
keep task 2 in parallel so in case 2 fails, they are liable
for paying the supplier of task 4 on success. One can
consider those agents as somewhat optimistic.

. Moderately risk-averse agents try to dodge the situa-

tion above by scheduling task 3 after task 2 is fin-
ished. These agents are willing to accept the plan, but
their expectations are quite pessimistic.

. Highly risk-averse agents shrink the task 1 interval to

zero, thus “cheating” to avoid covering any costs. One
may interpret this as a way of signaling a refusal to
accept the plan. Indeed, the assignment of zero dura-
tion to a precursor-less task ensures zero probability
of completion and hence zero CE, even in the cases
where any nondegenerate schedule has a negative CE
value.

0 1 2 3 4 5

6 7 8 9 10

Fig. 7. The CE maximizing schedules and CE values for the plan in Figure 2 anhf~0.03, 0.07.
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Fig. 8. The CEty) graphs for the corresponding reasonable schedules in Figure 5.

4. GENERATION OF RATIONAL RFQ 4.1. CE Sensitivity to schedule changes

In the previous sections we have shown a way of generatingve propose measuring the sensitivity of CE by investigat-
a CE maximizing schedule of task execution, which weing how CE values change with variations of a single task
hereafter refer to as thheasonable schedul&or a chosen  start time(t3) in the reasonable schedule. For the sake of
risk-aversity value and known market statistics, the reasonprevity the resulting dependency of CE values is denoted
able schedule ensures the highest expected quality of thgy CE(t$). Figure 8 shows CHS),n = 1. - -6 for our six-
bids that satisfy it. Byjuality, we assume some function of task sample problem for= —0.01 and 0.02, respectively.
the expectations over the cost, the probability of successfuh the figure, they axis of each horizontal stripe repre-
completion, and the profitability of the incoming bids in sents the percentage of the maximum CE valug garies,
their feasible combinations with other bids. thex axis representts, and the horizontal lines with circle
The reasonable schedule, however, cannot serve as a ignd cross ends show the corresponding reasonable schedules.
tional RFQ, because it is unlikely that bids will be available  Tasks 1, 3, and 5 in the right graph are relatively restric-
to cover precisely the same intervals as mandated by the Cfive to the start times of the bids that can be bundled with
maximizing schedule. In order to construct a viable RFQthe reasonable bids without considerably impairing the re-
using the reasonable schedule as a basis, the customer ageiking bundle’s value. However, the fact that task 2 in the
might choose to lower its expectations of the bid quality toright graph is more flexible does not guarantee that it will
some level by widening the RFQ time windows around theattract a higher number of bids, because the latter depend
time windows in the reasonable schedule, thus incredsinghoth on the size of the corresponding time window and on
the expected number of incoming bids. In this section wethe market properties of the task: resource availability, num-
discuss criteria that allow for rationalizing the selectionper of prospective bidders, seasonal changes, and so forth.

among all such RFQs. . We assert that for the purpose of creating a rational RFQ,
We approach the individually rationdl.e., agent- it is admissible to choose time windows based on the sen-
dependentRFQ generation as follows: sitivity of CE to deviations of a single time constraint from

the reasonable schedule. The rationale is that the relations
1. Measure the sensitivity of the expected bid quality tobetween tasks are already encapsulated in the calculations

deviations from the CE maximizing schedule. of CE, so the change of one constraint will approximate the
2. Derive the relationship between the quality of incom-rescheduling of several related tasks in the neighborhood of
ing bids and the size of RFQ time windows. the reasonable schedule.

3. Choose a rational quality—quantity combination.

» ) 4.2. Quality versus quantity
In addition, we search for a solution concept that gener-

ates viable RFQandis comprehensible to a human user of Observe that the time window for the tagKtS| CE(tS) = x},

the system. grows as the lowest expected CE valx¢ decreases. The
relation between these two variables for the tasks 3 and 4 of

B , _ the test problem is shown in Figure 9. The corresponding

At least to some extent, because there is a fair chance that the number , ..

of the incoming bids will cease to increase whenever RFQ time windowd €lation between the lowest expected CE value and the ex-

become too large to inspire confidence on the part of suppliers. pected number of bids as a function of the window size is
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Fig. 9. The relationship between the RFQ window sfaaits of time onx
axis) and the lowest admissible percentage of the maximum CE value.

shown in Figure 10. In the right graph we assumed, for th

sake of example, that the supply of task 3 in the market i
higher than task 4, hence the difference in relative positions

of task 3 and task 4 graphs in the two figures.

The graph in Figure 10 is an example of the relation
between the quality and the quantity of bids for which we
are searching. Indeed, the only independent variable in thi
graph ist;. The quantity of bids depends on the size and

positions of RFQ time windows that, in turn, depend on th
decision about the lowest acceptable CE value. The quali

of bids is a function of the RFQ choice and the properties o

the plan. Finally, it is expected that the customer agent wi

prefer a point on the graph to any point below and to the leff

of it; thus, the best choice should lie on the graph.

4.3. Rational quality—quantity choice and RFQ

We illustrate the decision process of the customer agent

Figure 11, where the customer agent’'s preferences ov

% of max CE
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60
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20f

0 L
0 1

Fig. 10. The relationship between the expected number of bidaxis)
and the lowest admissible percentage of the maximum CE value.
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quality—quantity combinations are represented by a family
of indifference curves and the graph of underlying quality—
guantity relationship is as derived in the previous section.
Each indifference curve shows quality—quantity pairs that
are equivalent from the agent’s point of view. In particular,
points A, B, and C are considered to be equally attractive.
The intuition is that, although in point A the agent receives
a much smaller number of bids to compare with C and is
exposed to a higher risk of not covering some tasks, this is
offset by a positive effect of a lower percentage of bid re-
jections on the agent’s reputation. In addition, the winner
determination problem is exponentially easier to sgvel-

lins, 2002 for the lower expected number of bids in point A.

For all points below the maximum expected quality line

(Fig. 11, dashed lineagent’s preferences increase in the
direction of point M. Thus, a curve through point D is pre-
ferred over one through point C and even more so over one
through point E. The rational choice belongs to the inter-
section of the quality—quantity graph and the highest indif-
ierence curvépoint B).
After the rational choice of the quality—quantity combi-
nations for all tasks in the plan is revealed, we proceed with
constructing the RFQ time windows. The choice of early
start time(t$S) and late start timét/S) are determined by
ghe value of the reciprocal of the CE) at the minimum
admissible CE choice for task The late finish timdt)\) is
chosen to be at the reasonable time window length distance
tf om t/s. Figure 12 shows two sample RFQs for the garage
guilding example. The start time intervalgtss, t']), late
IIfinish timet!, and the corresponding reasonable schedules
re presented in the figure.

Our choice of the RFQ may not be optimal in the quan-
titative sense. However, it is individually rational for the
customer agent, fast to compute, and, arguably, easily grasped
by a human user of the system. It should be emphasized
irqere that the choice of the RFQ is based on the uncertain
market information; hence, any quantitatively “optimal” so-
Gilrjtion is itself a compromise.

5. OPEN ISSUES AND FURTHER RESEARCH

In this section we outline two major issues that arise when
we employ the expected utility approach to generate ratio-
nal RFQs. The first issue concerns the CE maximization in
the domain with temporal and precedence constraints. The
second issue is the assessment of the EU approach and,
ultimately, the MAGNET system itself in the absence of the
real-world data for the domain of interest.

5.1. Multiple local maxima

One of the most important issues related to CE maximiza-
tion is the presence of multiple local maxima of CE, evenin
cases where task networks are fairly simple. We argue that
this property is partially due to the relative positioning of
the tasks off the critical path. Any two tasks that are not
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direction of increasing
preferences

expected quality of bids

expected quantity of bids

Fig. 11. A quality—quantity graph with three—) indifference curves(——- the maximum expected quality line.

ordered by the precedence constraints can be scheduled ine local maxima are due to different scheduling order of
three ways: parallel and two sequential. Scheduling tasksin  tasks off the critical path;

parallel increases the probability of successful completion, e groups of local maxima have similar CE values; and
whereas sequential scheduling minimizes overall payments ¢ an RFQ based on the global maximum can be overly
in case one of the tasks fails. In cases where extra slack restrictive.

allows for sequential scheduling, it turns out that parallelThe properties of the domain frame the properties of the

and sequentlall ppsmonlng.s of two independent IndlV'du"’“search algorithm that we design to fit this domain. Namely,
tasks lead to similar resulting CE values.

. . the search algorithm must be able to test different orderings
To illustrate the issue, we constructed a sample task ne 9 9

work with two parallel tasks. Task 1 has a higher varianceI c:c cgsnlisa'xisn:]gufngn%v;}ler;%v\getropiéz:g{g QSJL%UUFE ;(J)rfO\S/Ii?;IE;rI-
of completion time probability and lower probability of suc- ternative sch’eduIe’s with CE values c'Iose to the global
cess than task 2; everything else is the same. The resultin aximum

graph of CE is shown in Figure 13. There are three loca We probose a search algorithm based on the ideas of
maxima with positive CE values in this figure: one that imulated annealinReeves, 199and genetic algorithms
corresponds to task 2 being scheduled first in SequemifForrest, 1998 The algorithr,n will combine the stochastic,

gg?sr’ ﬁarr;?tgirdor;ttgigt'gg: rséd?eggrnrt?r?pobnoilhn?a;iste:)sekin emperature-driven nature of simulated annealing with the
9 ' y P g imultaneous search space exploration of genetic algo-

scheduled at time 0 and executed in parallel. The number q

local maxima. arow nsiderably with the number of th rithms. In this section we describe the proposed algorithm
ocal maxima grows considerably € number ot e, 1516 detail and explain the rationale of its design.
tasks that are not restricted by the precedence relationship.

5.1.2. Search algorithm

5.1.1. Domain and algorithm properties The proposed search algorithm explores several alterna-
The following list shows the properties of the domain tive schedules in parallel. The initial set of alternatives can
that influence the search algorithm design: be generated in many ways: random generation, hill climb-
# #
16 I | 1=——¢ |
2 | G i 2 | €] I
3r | [ 3r [Cet— ]
4 I C—t+—x | 4t I CF— |
5 Ce——F—= | 5r (——F—= |
6 , , . C—F——t 6; , , . C———t
0 2 4 6 8 10 0 2 4 6 8 10

Fig. 12. The rational RFQs for the corresponding reasonable schedules in Figure 5 and the maximum CE percentages of 80, 95, 50,
70, 50, and 90%([0) start time intervals(0) late finish times, ando—X) corresponding reasonable schedules.
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groups of similar schedules. We may choose to de-

CE TR N Vﬁ e crease the rate of explosions with the annealing tem-
204 R perature to focus on improving the current set of
_ B = solutions after the search space has been explored to
159 some extent.
104 Implosionmerges two similat schedules in one. It helps
to reduce computational expenses from crowding sev-
54 eral alternative schedules around one maximim
8 — 11). The rate of implosions will change in the
8’ direction opposite to the rate of explosions.

Removaleliminates alternatives that do not score well
task 2 start time 10 10 task 1 start time relative to other§3 — ). This transformation takes
care of the schedules that are stuck in local maxima
with low CE values. The rate of removals grows as the
annealing temperature decreases.

Fig. 13. The local maxima for two parallel tasks.

. o Each of the first five transformations is tested against the
ing from a random schedule, critical path method, and so. . .
simulated annealing temperature rule whenever it leads to a

forth. The execution of the algorithm proceeds in steps bydecrease inthe CE value. In case it is discarded, other trans-

randomly applying one of the six transformation rules to : : .
Y applying formations are chosen at random and applied until one of

h al i hedule. Th iliti f choosi .
each alternative schedule, The probabilities of choosing SOMfem increases the CE or passes the temperature rule.

rule can be adjusted to adjust the algorithm's behavior over The probabilities of transformations and the details of

aw!de range. , the proposed search algorithm’s properties are subject to
Figure 14 illustrates the algorithm for the case of three o .
LI L further research. However, it is reasonable to believe that
pairwise independent tasks. In this figure the columns rep- : :
. : the comprehensive study of the RFQ generation mecha-

resent three consecutive states of the algorithm, and eac . L . :

. : nism is only possible in the dynamic market environment.

column lists several alternative schedules. Arrows and let: ; .
. . In the next section we outline the approach to the large-
ters next to the columns denote various transformations from :
the following list: scale testing of the MAGNET system that we are presently

researching and that will provide us with the necessary data.

Distortion alters start and finish times of one or several
tasks and adjusts the time windows of all related task$.2. Evolutionary framework for large-scale testing
to maintain precedence constraiils— 5, Fig. 14.
Distortion mimics the basic step of the simulated an-
nealing algorithm in continuous\2-dimensional space
of task start and finish times.

We plan to devote efforts to thoroughly test the suggested
CE-based approach of rational RFQ generation. In particu-
lar, we are interested in testing how well individual agents

_ o ) interact in a populated market. The major goals of this part
Gradient followingis one or more steps of a generic Nu- 4 the study would be the following:

merical maximization metho¢% — 9). This step is

very computationally intensive, because it requires ¢ to provide the statistical data necessary for the evalu-
many calls to the calcGamble a|gorithm in the process ation of the theoretical aSSUmptionS and derivations;
of calculating numerical derivatives. By varying the ¢ to facilitate the understanding of the nuances of CE-

relative probabilities of the distortion and gradientfol- ~ based RFQ generation and suggest improvements to
lowing, we may choose the stochastic properties of the  the theory and implementation; and
proposed approach. o to study the relative performance of agents in a simu-

lated market, developing an understanding of the prop-
erties of automated and mixed-initiative combinatorial
auction-based trading societies.

Shufflingchanges relative scheduling of two or more tasks
wherever it is permitted by the precedence constraints.
It can switch ordering of the task§ — 10), change
the sequential ordering to parallel, or reschedule parThe most compelling approach would be to gather a rich set
allel tasks to be executed sequentialy— 8). The  of statistical data from a commerce domain. That has not
major role of shuffling is to explore local maxima that proven to be feasible for two reasons. First, few industrial
have similar CE values due to different scheduling oforganizations are sufficiently open to expose the type of
tasks off the critical path. data you would need to do that, and we would need data

Explosionadds a copy of the subject schedule to the list

of alternative$2 — 6, 7). Explosion compliments shuf-  sgimiarity is a function of the distance between two schedules, as
fling by allowing for simultaneous exploration of the between two points in theNtdimensional time space.
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Fig. 14. The two steps of the search algorithm execution.

from multiple organizations in a single market. Second,to auction a shared track line for train scheduling. The prob-
data is gathered to serve a purpose, and our experience tellsm is formulated with mixed integer programming with
us that when you attempt to apply existing data to a newmany domain-specific optimizations. Bids are expressed by
purpose, it frequently turns out to be full of inconsistenciesspecifying a price to enter a line and a time window. Time
and methodological problems. slots are used in Wellman et £2001), where a protocol for
In lieu of using real industry data, we are designing adecentralized scheduling is proposed. The study is limited
large-scale test suite atop an abstract domain with controto scheduling a single resource. MAGNET agents deal with
lable statistics, based on the evolutionary approach to ecanultiple resources.
nomic simulation. Evolutionary frameworks have been used Most work in supply-chain management is limited to hi-
extensively in economic&Nelson, 1995; Rode, 1997; Tes- erarchical modeling of the decision making process, which
fatsion, 2001 The framework will allow us to tune the is inadequate for distributed supply chains, where each or-
market by tweaking the frequency of issuing RFQs and willganization is self-interested rather than cooperative. Walsh
allow for the dynamic introduction of new supplier strat- et al.(2000 propose a protocol for combinatorial auctions
egies without imposing any assumptions on the nature ofor supply chain formation, using a game-theoretical per-
strategies. We will later extend the framework to supportspective. They allow complex task networks but do not
trade games played by human subjects. This will be anmnclude time constraints. MAGNET agents must also en-
especially useful tool for teaching and a tool to exploresure the scheduling feasibility of the bids they accept and
strategic behaviors and study the emergence of cooperati@valuate risk. Agents in MASCO{Sadeh et al., 199%0-
(Axelrod, 1984; Axelrod, 19917 ordinate scheduling with the user, but there is no explicit
We suggest detailed reasoning behind our choice of theotion of payments or contracts and no explicit statement
evolutionary approach and describe experimental resultef the criteria for acceptingejecting a bid. Their major
from a pilot model of a trading agent society in our relatedobjective is to show policies that optimize schedules locally
researchBabanov, Ketter, et al., 2002 (Kjenstad, 1998 whereas our objective is to optimize the
customer’s utility.
Different heuristics for scheduling are proposed in Dutta
6. RELATED WORK et al.(200)). The strategies are intended fo supplier agents
that are trying to adjust their schedules to win new awards.
Expected Utility Theory(Pratt, 1964 is a mature field of Inthe work presented here, we are concerned with the sched-
economics that has attracted many supportive and criticalling that customers need to do before requesting bids.
studies, both theoreticaMachina, 1987, 198%nd empir- In MAGNET the agents interact with each other through
ical (Smith & Desvousges, 1987; Jullien & Salani€, 2000 a market. The market infrastructure provides a common
We believe that expected utility will play an increasing role vocabulary, collects statistical information that helps agents
in automated auctions, because it provides a practical wagstimate costs, schedules, and risks, and acts as a trusted
of describing risk estimations and temporal preferences. intermediary during the negotiation process. The market
Despite the abundance of work in auctigihdcAfee & also acts as a matchmak&ycara et al., 1997allowing us
McMillan, 1987), limited attention has been devoted to auc-to ignore the issue of how agents will find each other. For a
tions over tasks with complex time constraints and intersurvey on the use of intelligent agents in manufacturing,
dependencies. Parkes and Un¢2001) propose a method see Shen and Norrid999.
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The determination of winners of combinatorial auctions The work described here is a part of a larger effort at the
(Rothkopf et al., 1998is difficult. Dynamic programming University of Minnesota that aims to study how autono-
(Rothkopf et al., 199Bworks well for small sets of bids, mous or semiautonomous agents can be used in complex
but it does not scale and imposes significant restrictions ocommerce-oriented domains.
the bids. Algorithms such as CABOBSandholm et al.,
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