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Abstract communication to the fusion system should also be

reserved. Scheduling measurements will not be of any use

Combinatorial Auctions (CAs), where users bid on to the consumers unless bandwidth to communicate the
combination of itemS, have emerged as a useful tool formeasurements is also available. Combinatorial auctions

resource allocation in distributed systems. However, two ¢an be used in such environments to allow bidders to
main difficulties exist to the adoption of CAs in time- €xpress such synergistic relationships between goods.
constrained environments. The first difficulty involves the Combinatorial auctions have been used for resource
Computational Comp|exity of winner determination. The allocation in a number of domains with strict real time
second difficulty entails the computational complexity of constraints, like sensor management (SM) [2, 3], supply
eliciting utility valuations for all possible combinatioof ~ chain management [4] and computer grids [5]. However,
resources to different tasks. To address both issues, wév0 issues have acted as stumbling blocks to the
deve|oped a new a|gorithm, Seeded Genetic A|gorithmadaptati0n of CA in time constrained environments. The
(SGA) for finding high quality solutions quickly. SGA first is the computational complexity of finding the
uses a novel representational schema that produces onl@ptimal allocation in the combinatorial auction, aka
feasible solutions. We compare the winner determinationwinner determination problem, which is NP-hard [6].
performance of our algorithm with Casanova, another The second is the computational complexity of eliciting
local stochastic search procedure, on typ|ca||y hard-to- valuations for all pOSSibIe combination of resources to
solve bid distributions. We show that SGA converges to different tasks/users. In this paper, we propose
better solution than Casanova for large problem sizes.approximate algorithms that reduce the overall
However, for many bid distributions, exact winner computational complexity of using CA’s for resource
determination using integer programming approaches is allocation to polynomial run times.

very fast, even for large problem sizes. In these cases, Recentyears have seen great strides in the research of
SGA can still provide significant time savings by Wwinner determination in  combinatorial auctions.

eliminating the requirement for formulating all possible Depending on the distribution from which the bids are
bids. generated, either the algorithm CABOB [7] or Integer

Programming approaches using a standard commercial

software package such as CPLEX [8], have been found to

give the best real-time performance. For many realistic
h distributions, CPLEX and CABOB perform extremely
well with average running times of less than a second for
problem sizes with thousands of bids. However, for
certain complex bid distributions, neither CPLEX nor
|CABOB's real-time performance may be adequate in

economies to solve distributed resource allocation enV|ror|1ments W'thd étFr:'c_:tEXreaI;jtlme .conlstralnts.' Forf
problems. In standard auction mechanisms, individual €XamMp'e, We teste and our implementation o

goods are auctioned independently of each other. ThesgABQB. on these_ “hard’_’ bic.j d_istri_butions”_ (see [7] for
ldescnpnon of various bid distributions) with a problem

size of 1000 bids and recorded up to 10,000 seconds

1. Introduction

An auction can be defined as “a market institution wit
an explicit set of rules determining resource allocation
and prices on the basis of bids from the market
participants” [1]. Market-oriented programming uses
market mechanisms like auctions to build computationa

utilities for various goods show strong complementarities. . : ;
Combinatorial auctions allow agents to bid on a MYMNNJ time. Note that our version of CABO.B may not
combination of items, and express any complementaritieé)te asdefflmfent as tth% orlngal,tbut Wg are mainly Ioolkmgl
directly. For example, consider resource allocation in a8t order-oi-magnitude - efiects. asanova, a ‘oca
sensor network, where the available resources must bétOChaSt'C search procedure, is an approximate winner

allocated to different target tracks. To maintain a targetdmermmat'o_n algorithm, pased on Novelty+_ [9, 10].
track, not only should measurements be scheduled ove asanova gives good qugllty solutions, very qwckly even
or fairly large problem instances on a variety of bid

the various sensors, but bandwidth for measuremen



distributions. However, in our experiments, we found that This pro_blem can be_ solved as a mixed integer
Casanova’s performance falls significantly with increase programming problem using standard MIP software like
in problem sizes. CPLEX. Another example of exact winner determination

Standard winner determination algorithms require bids Procedure is CABOB, which uses a specialized depth first
on sets of resources as input. But bid-formulation is alsoS&&rch that branches on bids. CABOB construdiida

potentially computationally expensive [11, 12]. For draphwith each bid in the set of bidsas the vertex of
example, if there are n tasks and m goods, W(Pbids the graph and edges between vertices only when they

may have to be formulated for computing the optimal have items in common. CABOB then uses a separate
y puting op depth-first search (DFS) to find the optimal solutioBy
allocation. Researchers have experimented with man

: : . yselecting an initial bid as being IN a possible allocation,
approaches to tackle the complexity of bid formulation e yemaining bids with items that do not overlap this

aka preference elicitation (see [13] for an exhaustivepiq can also be IN the allocation and are considered for

survey). However, except under very restrictive gjlocation in a particular search path of the DFS.

assumptions, preference elicitation is exponential in CABOB bounds the DFS by pruning paths that have

complexity. Particularly, in technical domains like sensor already been dominated.

fusion where human participation in bidding process is The approximate winner determination search

absent, the cognitive limitations that prevent buyers from procedure, Casanova, is based on local stochastic search.

bidding on exponentially-many bundles are also not Casanova starts with an empty allocation and bids are

present. In these domains, restricted preference elicitatiorchosen from the unsatisfied bids randomly and added to

techniques do not work. the allocation vector. The probability that a bid is chosen
To overcome the above mentioned shortcomings, weis determined using its normalized score, calculated as

formulated a novel genetic algorithm based searchthe bid price divided by the product of the number of

procedure, SGA (Seeded Genetic algorithm), for goods the bid consumes, the bid’s age, and the number of

approximate winner determination in combinatorial steps since it has last been chosen to be added to the

auctions. This paper is organized as follows. Section twoallocation vector.

presents the algorithm details. In the results section, we

compare the performance of SGA with other winner 2.2, SGA

determination algorithms, both in terms of real-time

performance and optimality. The final section describes Genetic algorithms (GAs) are stochastic and

our conclusions and directions for future work. polynomial in the number of bids, rather than
exponential. To design a fast genetic algorithm based
2. SGA description algorithm for combinatorial auctions, we initially

experimented with a binary string representation for the
This section provides an explanation of the winner GA chromosome. In this representation, a solution is

determination algorithm and provides a brief overview of €0ded as a binary string with length equal to the number

some previous algorithms, before discussing SGA in©f Pids in the problem instance. A binary string is
detail. decoded into an allocation vector as follows: a bid is

labeledwinning, if the corresponding string bit is one and

. — . as losing otherwise. However, this schema produces

2.1. Winner determination for resource allocation infeasible solutions where multiple bids containing a

using CAs common item are marked as winning. The genetic
algorithm has poor convergence, in spite of the use of
penalty functions to penalize infeasible allocations. To

Assume that the auctioneer has a senha@foodsG = overcome this problem, we devised a novel

{91,-.., gv} to sell, and a set ofi bids B ={by,... b} representational schema based on a ranking scheme that

Bidders offer bids of the formB= <b;, p>, where bis produces only feasible solutions that is described below.

the bundle of goods ang is the price the bidder is

willing to pay for. The winner determination problem is 2.2.1. Representational Schema. In the ranking-based

to find an allocation of goods that maximizes the overall representation schema, a chromosome is represented by a

utility, given the constraint that each good can be sold tostring of numbers, where each number corresponds to the

no more than one bid. Formally, this problem can berank of the corresponding bid. The solution represented

characterized as [6]: by a chromosome is decoded in the following manner:
n
maxz P; X S-t-z x < 17100 {1..m} 1. |Initialize solution with the lowest ranking bid.
j=1 jIos; 2. Select bid with the next highest rank. Add it to
wherex; is 1 if the bid is accepted to the final allocation the solution if it does not create an infeasible
and 0 otherwise. solution, otherwise, proceed to the next highest

ranking bid.



3. Continue till no bid can be added without example, assign a unique numtmdID, to each bid. If
creating an infeasible solution. two bids have the same rank, only add the bid with the
For example, consider the following scenario with 4 lower bidID to the allocation vector. However, as the

bids and 4 items (table 1). Decoding the allocation vectorgenetic algorithm evolves and the number of generation
associated with the chromosome “2-1-3-4” is done asincreases, the degeneracy in the chromosomes increases.
follows. The initial allocation vector is empty. Since, the The genetic algorithm might then prematurely converge,
lowest ranking bid is bid 2 (with rank 1), bid 2 is addo since the chromosomes lose the strength to produce high
the allocation vector. The next lowest ranking bid is bid quality solutions with limited variability in the bid rkes
1 (rank 2). However, bid 1 has item which is also  To avoid this problem, we devised thegenerator
present in bid 2. Since bid 2 has already been labeled asperator. The regenerator takes degenerate
winning, bid 1 is labeled as losing. The procedure is chromosome and produces healthy chromosome, in
repeated until the status of the highest ranking bid (bid 4which no rank is repeated. The algorithm used by the
in this case) is determined. Thus, the above chromosomeegenerator operator is as follows:
corresponds to a solution where bids 2 and 4 are marked

as winning and the rest are marked as “losing”. i=0;r=1;
do while (r < no. of bids) {
Chromosome : 2-1-3-4 i= i+1;
: B = set of bids with rank = = ;
Bid No. Items State while ( B is not empty) {
b = bid with lowesbidID from B
1 {a} Lose rank of b =r;
2 {a,b} Win remove b from B;
r=r+1;

3 {b,c} Lose 1
4 {c,d} Win

The computational complexity of the regenerator
operator is linear in the length of the chromosome. The
regenerator operator ensures that each bid in the
2.2.2. SGA operators. We used the standamiossover chromosomes has a unique rank and these ranks are
mutation and tournament selectionoperators in the distributed between one and the number of bids in the
genetic algorithm. The crossover operator produces twoProblem instance. This has an added advantage.
offspring chromosomes by swapping randomly chosenRegeneration makes the computational complexity of
crossover segments between two parent chromosomes:hromosome sorting for the purpose of decoding the
The mutation operator changes the rank of a randomlyallocation associated with it linear in the length of the
chosen bid to a random value. The tournament selectiorthromosome. This greatly increases the speed of the
operator replaces all the chromosomes in a given groumenetic algorithm.
with equal number of replicas of the chromosome with
the highest fitness from the group. _ ~ 2.3. Seading the GA

The starting population used in SGA, consists ofigsri
in which the integers, 1 to the number of bids, are ¢ oy jnitial high quality solution is available, the

randomly allocated to the different bIdS'. In addition to solution can be used to seed the genetic algorithm by
these operators, to prevent degeneracy in the chromosome. . ".". P )
population, we added an operator calledenerator To |n'|t|aI|zmg.some qf the initial random population to the
understand the requirement for this operator, consider th@Igh quality sol_ut_lc_)n. A_seed chromosomszed is
crossover operation between the following two Ccreated froman initial solution as follows

Table 1. Example Scenario

chromosomes of length four: n = size of initial solution.
a. chromosome A: 2--1--3---4 for each bid b
b. chromosome B: 3--2-- 4---1 if(b belongs to the initial solution)
seed[b] = random number between n
If the crossover segment is of length two and the and (no of bids + 1)
crossover point is chosen to be two, the offspring else
chromosomes produced from the crossover operation are seek[b] = random number between 1
c. chromosome C1: 2--2--4---4 and (n + 1)

As shown, mutation and crossover operators lead to
having multiple copies of the same bid in a chromosome.
These chromosomes can be decoded using heuristics. For



If the GA is seeded with a high quality initial saat auctioneer. To prevent this communication load, users
it converges very rapidly, often improving on the initial could be made to submit their utility functign(s) as
seed. Seeding has two utilities: their bid at the start of the auction, whgres)is thei-th

1. If a faster, but less efficient approximate winner , . i
determination algorithm is available, the solution US€rs reported utility for resource s8t This bidding

provided by this algorithm can be used as a seed for th@rocedure is similar to General Vickrey Auction
GA, enabling it to converge more rapidly. mephamsm [14]. Approximate techniques like function-
2. Seeding can be used for approximate incrementafStimation neural-networks can be used to evaluate
winner determination. Assume that the auctioneer has®:(S) in polynomial run-time, when exact formulation
calculated an optimal (or a high quality solution) for the is computationally expensive. For illustration of how
bids it has received. If certain bids are retracted or newmachine learning algorithms have been used to estimate
bids are added (as can happen in the SM scenario), thg, (S) in sensor networks, using domain-specific

auctioneer can use the original solution as a seed to obtaiRpowledge, refer to [15]. It should be noted that there is

high quality solutions to the new problem very quickly.  ng straightforward method to adapt Casanova to avoid an
Linear programming can be used to obtain a quick gxhaustive bid formulation stage.

lower bound for the winner determination problem [7].
For certain bid distributions, this lower bound gives a 3 Reqults
very quality solution. For example, for CAT distriburtfo

and weighted random distribution [7], the linear \ye performed two sets of experiments to validate the
programming solution is usually close in value to the performance of SGA. The first set of experiments

optimal allocation. compares the performance of SGA and Casanovemah
o o ] bid distributions, which are difficult for exact winner
2.4 Avoiding Explicit Bid Formulation determination algorithms (see section 3.1 for details). The

, i ] second set of experiments compares SGA’s performance
Consider a resource allocation problem with m {5 cpLEX onsoft bid distributions, which are easy for
resources R = {r.. ry} and n tasks {t..t.}. Let © = exact winner determination techniques (see section 3.2

{6,.6,,..}, be the power-set of R. To use standard for details).

combinatorial auction based approach for allocating _ .
resources to the various tasks, bids of the formé -> 3.1 Comparison with Casanova

b, > where y is the utility of allocating resource sgt For our experiments on hard distributions, we selected

to task t should be formulated as a preprocessing step.two distributions from Sandholm’s bid distributiofs]

This is infeasible when the number of items to be that proved to be the toughest for the exact winner

allocated is large and the real-time constraints are strictdetermination algorithms, which are

The representation schema used by SGA can be modified a. Uniform (n, m A) distribution which consists of

to avoid explicit bid formulations. The representation ' bids eac,h with X items chosen without

schema used by SGA, for these problems, is as follows: replécement from the m items. Price is chosen
The chromosome is represented by a string of length randomly from a uniform distribﬁtion oo, 1]

m. Each chromosome member is a number between 1 and For our experiments. we used = n/lOandA :'

n. For example, consider a three-task, four-item example. 5, as in [7] P '

The chromosome “2-1-3-2" represents an allocation in ’ : 1 12

which the bid on task Il with items one and four, bid on b. Boupded 0. m A", A7) where the. probllem

consists ofn bids. The number of itemk is

task | with item 2 and bid on task Il with item 4 are
labeled as ‘winning’. For evaluating the fithess of the randomly chosen between a lower bourfdnd

chromosome, only the utilities of these three bids need to an upper bound? The price is chosen from a
be calculated. uniform  distribution on [0,A/. For our

If the size of the population used in the SGAJjand egperiments, we used = n/10 and\' = 1 and
the number of generations that SGA is run fot,jshe A“=5,asin[7]

total number of bids that need to be evaluated for this These distributions were the hardest for both CABOB
representation schema ig* 4,*m. For the standard and CPLEX. For example, CPLEX took an average of
formulation,n(2™1) utility computations are required. In 4300 (757) seconds on a 2.8 GHz Pentium IV processor
a distributed environment, where task utility information for problem sizes of 900 bids for uniform (bounded)

is not available to the resource allocating algorithm, SGA gistributions. For larger problems, the run time was much
involves the users submittingl,* A,*m bids to the  pigher, For a sample run, a problem size of 1000 bids



with uniform distribution took more than 13 CPU haurs 13X10

The parameters used for SGA are shown in table 2. 1
121
11t
3
Population size (> 1400 bids) 6500 =
Population size (<= 1400 bids) 6000 =
Tour size 2 ool
Crossover probability 0.995
Mutation probability 0.02 o8t H
07 . . . . . . d ]
Table 2 SGA parameters 450 500 550 600 Mo g?%.ds 700 750 800 850

Figure 1. Regression line for average optimality versus

Our implementation of CABOB was slower than problem size for uniform distribution.

CPLEX for the above distributions. This is consistent
with the reported results for CABOB and CPLEX [7]. We
used the same parameters for all the experiments, excef " x 10°
the population size. For problem sizes with less than 140C
bids, we used a population size of 6000 chromosomes ant  ss|
for larger problems, we used a population size of 6500.
For Casanova, we used the parameters suggested by tt sr
authors in the original paper. However, we found that
changing the walk probability to 0.4 gives better results
and hence wp = 0.4 was used. We tested both Casanov B
and SGA on large problem sizes, varying the number of

Optimality
ey
[4]
T

bids from 1000 to 2000 bids. 3s|
To accurately compare SGA's real-time performance to
the optimal solution requires first finding the solution 350 500 550 600 650 700 750 800 850

Mo. of Bids

using an exact winner determination algorithm. _. . , .
However, given our large problem sizes, the exact winner 19Uré 2. Regression line for average optimality versus
determination algorithms took days to find the optimal Problem size for bounded distribution.

solution. Instead, we adopt a statistical approach to ) L .

estimate the quality of the solutions generated by SGA_ 'S extrapolation is reasonable, since there was no
and Casanova. We postulated that the average optimality/’c€asing trend in variation of the optimality from the
for a particular distribution and a given problem size mean optimality with increase in problem sizes. Figures 3

(fixed number of bids and items) is directly proportional (Figureé 4) gives the average estimated optimality,
to the number of items in the auction. We tested thisOPt@ined using SGA and Casanova on uniform (bounded)

hypothesis for problem sizes of 500 to 800 bids fohbot bid distribution. To generate_these results, SGA and
distributions using the following approach. For each Casanova were run on 50 different randomly selected
problem size, we generated 20 random problems andProblems, for each problem size. The average optimality

calculated the average value of the optimal solution. TheOf the problems d(s;., is calculated by extrapolation
R-square of the least squares regression line with the’Sing Figure 1 (Figure 2). For calculating the percentage

problem size (number of bids) as the estimator and theOPtimality yielded by SGA and Casanova, we divide the
average optimality as the regressor was greater than 0.9§'€an outcome of the approximate algorithms for a
for both the distributions. Hence, the linear relation Particular problem size withs.e Since these results are
between the estimator and the regressor is fairly strongnot exact and depend on the robustness of the
Figure 1 (Figure 2) shows the regression line and the€xtrapolation method used, we also show the 95%
optimality values of all the points generated for the confidence interval of the optimal solution for each
uniform (bounded) distribution. We did not notice any problem size. The 95% confidence interval is calculated
particular trend in the variation of the optimality froneth using the 95% confidence interval fds,. This is
mean optimality based on problem size. For calculatingcalculated assuming that standard deviatioHf does

the average optimality of a given problem siheg,§), we not depend on problem size (which is consistent with our

extrapolate the regression lines in Figure 1 (Figure 2). ~ experiment results). Figures 1 and 2 show that Casanova
is better for smaller problems, while SGA gives better

results for larger problem sizes. This is because Casanova



search is primarily memory-less. It discards solutions o0
generated in the past periodically and restarts search 100/
every few seconds. Though the highly greedy approach

used by Casanova is advantageous for smaller problems,c .. |

a memoryless search does not work as well for Iargerg
problem sizes. Since SGA and Casanova are stochasticy

140000 -

136000 -

algorithms, we also show the scatter plot of the results
obtained for a particular size for bounded distribution in

Figure 5. For a large percentage of problems, we find that

SGA gives better results than Casanova.
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Figure 3. Estimated percentage optimality (with their 95%
confidence intervals) versus problem size for uniform
distribution. We used a cut-off time of 200 CPU-Sec on
2.8 GHz Pentium IV processor.
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Figure 4. Estimated percentage optimality (with their 95%
confidence intervals) versus problem size for bounded
distribution. We used a cut-off time of 200 CPU-Sec on
2.8 GHz Pentium IV processor
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Figure 5. Correlation of revenue obtained by SGA and
Casanova for bounded distribution with problem size of
2000 bids. The line shows of ratio of 1 when comparing
the revenues.

3.1.1. Real-Time Performance. We compared the real-
time performance of SGA and Casanova for the uniform
bid distribution with problem size = 2000 bids (Figé)e

We found similar results for the bounded distribution.
The highly greedy approach used by Casanova, results in
better real-time performance initially. SGA starts with a
randomly initialized population and evolution of good
quality solutions requires a fair amount of computation.
However, SGA is better than Casanova given longer time
scales and converges to better optimality. The advantages
of SGA and Casanova can be combined by using
Casanova to seed SGA. Casanova can be made to run for
sufficient time, till it reaches a plateau in its performance.
The high quality solutions provide by Casanova can then
be used to seed SGA. Figure 6 shows the real-time
performance of SGA and Casanova when run separately.
Figure 7 shows the comparative real time performance of
Casanova and SGA, when Casanova is used to seed SGA
(att =70 CPU-Secs).

— — GA
Casanova
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Figure 6. Real-time performance of GA and Casanova on
a 2.8GHz Pentium-1V processor (averaged over 20 runs)
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Figure 7. Real-time performance of SGA (seeded with
Casanova) and Casanova on a 2.8GHz Pentium-1V

processor (averaged over 20 runs)

20 40 60

As Figure 7 shows, the combined algorithm has better,
or at least equivalent, real-time performance for all times
when compared to Casanova and also converges to bette
optimality. It is interesting to note that SGA as a stand-
alone algorithm has better overall convergence than SGA
seeded with Casanova. This happens because the hig
quality solutions provided by Casanova lead to premature
convergence in SGA.

3.2 Comparison to CPLEX

For many realistic bid distributions, exact winner
determination using CPLEX based IP formulation is very
fast, even for large problems [7, 8] to test performance of
SGA on such *“soft” bid distributions, we used the
resource allocation problems generated by MASM [2, 3].
MASM is a market-based sensor resource allocation
mechanism where the sensor manager generate
combinatorial bids for every possible combination of
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Figure 8. Time required for bid formulation (averaged

over 10 runs)

08
0.7 o
0.6 o
0.5 A
0.4
0.3
0.2 4
0.1 o

CPU Seconds on 2.8 GHz
Pentium IV processor

10000 12000 14000 16000 18000 20000
Mo of Resource Bids

Figure 9. Time required for winner determination using
CPLEX (averaged over 10 runs)
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sensors for each task. Due to space constraints, details qtjgyre 10.Comparison of time requirements of SGA and

MASM and the underlying resource allocation problem
are not explained, but are available in [15]. The time-
taken for bid-formulation and for winner determination

using CPLEX are given in Figures 8 and 9 respectively.
Clearly, the bottleneck of using CAs in this domain is the
bid formulation step that maps from tasks to sensor
resources.

For SGA, a population size of 150 and the number of
generations equal to (#bids/1000) was used. The othe
parameters are as shown in table 2. Figure 10 shows th
comparison of the total time required for resource
allocation using the CPLEX-based approach and SGA-

CPLEX-based optimization (averaged over 10 runs)

0.995 4
099 +
0.985
0.98 4

Average Optimality

0.975 A

0.57

10000 12000 14000 16000 18000 20000

HNo of Resource Bids

based approach. Figure 11 shows the average optimalitfFigure 11. Optimality achieved by SGA (averaged over

SGA achieved using CPLEX. Clearly, for a modest loss
of optimality, SGA provides significant savings in real-
time requirements of the allocation algorithms.

10 runs)
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