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Abstract 
 

Combinatorial Auctions (CAs), where users bid on 
combination of items, have emerged as a useful tool for 
resource allocation in distributed systems. However, two 
main difficulties exist to the adoption of CAs in time-
constrained environments.  The first difficulty involves the 
computational complexity of winner determination.  The 
second difficulty entails the computational complexity of 
eliciting utility valuations for all possible combinations of 
resources to different tasks.  To address both issues, we 
developed a new algorithm, Seeded Genetic Algorithm 
(SGA) for finding high quality solutions quickly. SGA 
uses a novel representational schema that produces only 
feasible solutions. We compare the winner determination 
performance of our algorithm with Casanova, another 
local stochastic search procedure, on typically hard-to-
solve bid distributions. We show that SGA converges to a 
better solution than Casanova for large problem sizes. 
However, for many bid distributions, exact winner 
determination using integer programming approaches is 
very fast, even for large problem sizes.  In these cases, 
SGA can still provide significant time savings by 
eliminating the requirement for formulating all possible 
bids.  
 
1. Introduction  
     
   An auction can be defined as “a market institution with 
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 computational 
economies to solve distributed resource allocation 
problems.  In standard auction mechanisms, individual 
goods are auctioned independently of each other.  These 
mechanisms can lead to inefficient allocations when agent 
utilities for various goods show strong complementarities. 
Combinatorial auctions allow agents to bid on a 
combination of items, and express any complementarities 
directly.  For example, consider resource allocation in a 
sensor network, where the available resources must be 
allocated to different target tracks. To maintain a target 
track, not only should measurements be scheduled over 
the various sensors, but bandwidth for measurement 

communication to the fusion system should also be 
reserved. Scheduling measurements will not be of any use 
to the consumers unless bandwidth to communicate the 
measurements is also available. Combinatorial auctions 
can be used in such environments to allow bidders to 
express such synergistic relationships between goods.  
Combinatorial auctions have been used for resource 
allocation in a number of domains with strict real time 
constraints, like sensor management (SM) [2, 3], supply 
chain management [4] and computer grids [5].  However, 
two issues have acted as stumbling blocks to the 
adaptation of CA in time constrained environments. The 
first is the computational complexity of finding the 
optimal allocation in the combinatorial auction, aka 
winner determination problem, which is NP-hard [6].  
The second is the computational complexity of eliciting 
valuations for all possible combination of resources to 
different tasks/users. In this paper, we propose 
approximate algorithms that reduce the overall 
computational complexity of using CA’s for resource 
allocation to polynomial run times.   
      Recent years have seen great strides in the research of 
winner determination in combinatorial auctions.   
Depending on the distribution from which the bids are 
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 
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 
environments with strict real-time constraints. For 
example, we tested CPLEX and our implementation of 
CABOB on these “hard” bid distributions” (see [7] for 
description of various bid distributions) with a problem 
size of 1000 bids and recorded up to 10,000 seconds 
running time. Note that our version of CABOB may not 
be as efficient as the original, but we are mainly looking 
at order-of-magnitude effects.  Casanova, a local 
stochastic search procedure, is an approximate winner 
determination algorithm, based on Novelty+ [9, 10]. 
Casanova gives good quality solutions, very quickly even 
for fairly large problem instances on a variety of bid 



distributions. However, in our experiments, we found that 
Casanova’s performance falls significantly with increase 
in problem sizes. 

Standard winner determination algorithms require bids 
on sets of resources as input. But bid-formulation is also 
potentially computationally expensive [11, 12]. For 
example, if there are n tasks and m goods, n*(2m-1) bids 
may have to be formulated for computing the optimal 
allocation. Researchers have experimented with many 
approaches to tackle the complexity of bid formulation 
aka preference elicitation (see [13] for an exhaustive 
survey). However, except under very restrictive 
assumptions, preference elicitation is exponential in 
complexity.  Particularly, in technical domains like sensor 
fusion where human participation in bidding process is 
absent, the cognitive limitations that prevent buyers from 
bidding on exponentially-many bundles are also not 
present. In these domains, restricted preference elicitation 
techniques do not work.  

To overcome the above mentioned shortcomings, we 
formulated a novel genetic algorithm based search 
procedure, SGA (Seeded Genetic algorithm), for 
approximate winner determination in combinatorial 
auctions. This paper is organized as follows. Section two 
presents the algorithm details. In the results section, we 
compare the performance of SGA with other winner 
determination algorithms, both in terms of real-time 
performance and optimality.   The final section describes 
our conclusions and directions for future work.  
 
2. SGA description 
 

This section provides an explanation of the winner 
determination algorithm and provides a brief overview of 
some previous algorithms, before discussing SGA in 
detail. 

 
2.1. Winner determination for resource allocation 
using CAs 
 
 
 Assume that the auctioneer has a set of m goods G = 
{g1,…, gm} to sell, and a set of n bids B ={b1,… bn}.  
Bidders offer bids of the form Bi= <b i, pi> , where bi is 
the bundle of goods and pi is the price the bidder is 
willing to pay for.   The winner determination problem is 
to find an allocation of goods that maximizes the overall 
utility, given the constraint that each good can be sold to 
no more than one bid.  Formally, this problem can be 
characterized as [6]: 
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where xj is 1 if the bid is accepted to the final allocation 
and 0 otherwise.  

  This problem can be solved as a mixed integer 
programming problem using standard MIP software like 
CPLEX. Another example of exact winner determination 
procedure is CABOB, which uses a specialized depth first 
search that branches on bids. CABOB constructs a bid-
graph with each bid in the set of bids B as the vertex of 
the graph and edges between vertices only when they 
have items in common.  CABOB then uses a separate 
depth-first search (DFS) to find the optimal solution.   By 
selecting an initial bid as being IN a possible allocation, 
then remaining bids with items that do not overlap this 
bid can also be IN the allocation and are considered for 
allocation in a particular search path of the DFS.  
CABOB bounds the DFS by pruning paths that have 
already been dominated.  
      The approximate winner determination search 
procedure, Casanova, is based on local stochastic search. 
Casanova starts with an empty allocation and bids are 
chosen from the unsatisfied bids randomly and added to 
the allocation vector.  The probability that a bid is chosen 
is determined using  its normalized score, calculated as  
the bid price divided by the product of the number of 
goods the bid consumes, the bid’s age, and the number of 
steps since it has last been chosen to be added to the 
allocation vector.  
 
2.2. SGA  
 
 Genetic algorithms (GAs) are stochastic and 
polynomial in the number of bids, rather than 
exponential.  To design a fast genetic algorithm based 
algorithm for combinatorial auctions, we initially 
experimented with a binary string representation for the 
GA chromosome. In this representation, a solution is 
coded as a binary string with length equal to the number 
of bids in the problem instance. A binary string is 
decoded into an allocation vector as follows:  a bid is 
labeled winning, if the corresponding string bit is one and 
as losing, otherwise. However, this schema produces 
infeasible solutions where multiple bids containing a 
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 
overcome this problem, we devised a novel 
representational schema based on a ranking scheme that 
produces only feasible solutions that is described below. 
  
2.2.1. Representational Schema. In the ranking-based 
representation schema, a chromosome is represented by a 
string of numbers, where each number corresponds to the 
rank of the corresponding bid. The solution represented 
by a chromosome is decoded in the following manner: 
 

1. Initialize solution with the lowest ranking bid.  
2. Select bid with the next highest rank.  Add it to 

the solution if it does not create an infeasible 
solution, otherwise, proceed to the next highest 
ranking bid.  



3. Continue till no bid can be added without 
creating an infeasible solution.  

    For example, consider the following scenario with 4 
bids and 4 items (table 1).  Decoding the allocation vector 
associated with the chromosome “2-1-3-4” is done as 
follows. The initial allocation vector is empty.  Since, the 
lowest ranking bid is bid 2 (with rank 1), bid 2 is added to 
the allocation vector.  The next lowest ranking bid is bid 
1 (rank 2). However, bid 1 has item a, which is also 
present in bid 2.  Since bid 2 has already been labeled as 
winning, bid 1 is labeled as losing. The procedure is 
repeated until the status of the highest ranking bid (bid 4 
in this case) is determined.  Thus, the above chromosome 
corresponds to a solution where bids 2 and 4 are marked 
as winning and the rest are marked as “losing”. 
 

Chromosome :  2-1-3-4 

Bid No. Items State 

1 {a} Lose 

2 {a,b} Win 

3 {b,c} Lose 

4 {c,d} Win 
 

Table 1. Example Scenario  
 

2.2.2. SGA operators.  We used the standard crossover, 
mutation and tournament selection operators in the 
genetic algorithm. The crossover operator produces two 
offspring chromosomes by swapping randomly chosen 
crossover segments between two parent chromosomes.  
The mutation operator changes the rank of a randomly 
chosen bid to a random value.  The tournament selection 
operator replaces all the chromosomes in a given group 
with equal number of replicas of the chromosome with 
the highest fitness from the group.  
   The starting population used in SGA, consists of strings 
in which the integers, 1 to the number of bids, are 
randomly allocated to the different bids.  In addition to 
these operators, to prevent degeneracy in the chromosome 
population, we added an operator called regenerator. To 
understand the requirement for this operator, consider the 
crossover operation between the following two 
chromosomes of length four: 
a. chromosome A:  2--1--3---4 
b. chromosome B:  3--2-- 4---1 
 
If the crossover segment is of length two and the 
crossover point is chosen to be two, the offspring 
chromosomes produced from the crossover operation are  
c. chromosome  C1:  2--2--4---4 
d. chromosome  C2:  3--1--3---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 

example, assign a unique number bidID, to each bid. If 
two bids have the same rank, only add the bid with the 
lower bidID to the allocation vector. However, as the 
genetic algorithm evolves and the number of generation 
increases, the degeneracy in the chromosomes increases. 
The genetic algorithm might then prematurely converge, 
since the chromosomes lose the strength to produce high 
quality solutions with limited variability in the bid ranks. 
To avoid this problem, we devised the regenerator 
operator.  The regenerator takes a degenerate 
chromosome and produces a healthy chromosome, in 
which no rank is repeated. The algorithm used by the 
regenerator operator is as follows: 
 
        i =  0; r = 1; 
       do while (r < no. of bids) { 
  i =   i + 1; 

 B = set of bids with rank = = i; 
 while ( B is not empty) { 
  b  =  bid with lowest bidID from B 
                 rank of b = r; 
                 remove b from  B; 
                 r = r+ 1; 
  }} 
 

    The computational complexity of the regenerator 
operator is linear in the length of the chromosome. The 
regenerator operator ensures that each bid in the 
chromosomes has a unique rank and these ranks are 
distributed between one and the number of bids in the 
problem instance. This has an added advantage.  
Regeneration makes the computational complexity of 
chromosome sorting for the purpose of decoding the 
allocation associated with it linear in the length of the 
chromosome. This greatly increases the speed of the 
genetic algorithm.  
 
2.3. Seeding the GA 
 
     If an initial high quality solution is available, the 
solution can be used to seed the genetic algorithm by 
initializing some of the initial random population to the 
high quality solution.  A seed chromosome, seed, is 
created from an initial solution as follows  

n = size of initial solution. 
for each bid  b 

 if(b belongs to the  initial solution)  
seed[b] = random number between n 
and (no of bids + 1) 

else 
seek[b] = random number between  1 
and  (n + 1) 

Regenarate(seed) 
 



     If the GA is seeded with a high quality initial solution, 
it converges very rapidly, often improving on the initial 
seed.  Seeding has two utilities: 
1. If a faster, but less efficient approximate winner 
determination algorithm is available, the solution 
provided by this algorithm can be used as a seed for the 
GA, enabling it to converge more rapidly. 
2. Seeding can be used for approximate incremental 
winner determination.  Assume that the auctioneer has 
calculated an optimal (or a high quality solution) for the 
bids it has received. If certain bids are retracted or new 
bids are added (as can happen in the SM scenario), the 
auctioneer can use the original solution as a seed to obtain 
high quality solutions to the new problem very quickly.  

 Linear programming can be used to obtain a quick 
lower bound for the winner determination problem [7].  
For certain bid distributions, this lower bound gives a 
very quality solution.  For example, for CAT distributions 
and weighted random distribution [7], the linear 
programming solution is usually close in value to the 
optimal allocation.  

 
2.4 Avoiding Explicit Bid Formulation 
 

Consider a resource allocation problem with m 
resources R = {r1… rm} and n tasks {t1…tn}. Let  Θ  = 
{ 1θ , 2θ ,...}, be the power-set of R. To use standard 

combinatorial auction based approach for allocating  
resources to the various tasks, bids of the form bij < iθ � 

tj, uij > where uij is the utility of allocating resource set iθ  

to task tj should be formulated as a preprocessing step. 
This is infeasible when the number of items to be 
allocated is large and the real-time constraints are strict. 
The representation schema used by SGA can be modified 
to avoid explicit bid formulations.  The representation 
schema used by SGA, for these problems, is as follows: 

The chromosome is represented by a string of length 
m. Each chromosome member is a number between 1 and 
n. For example, consider a three-task, four-item example. 
The chromosome “2-1-3-2” represents an allocation in 
which the bid on task II with items one and four, bid on 
task I with item 2 and bid on task III with item 4 are 
labeled as ‘winning’. For evaluating the fitness of the 
chromosome, only the utilities of these three bids need to 
be calculated.    

If the size of the population used in the SGA is 1λ and 

the number of generations that SGA is run for is2λ , the 

total number of bids that need to be evaluated for this 
representation schema is 1λ * 2λ *m.  For the standard 

formulation, n(2m-1) utility computations are required. In 
a distributed environment, where task utility information 
is not available to the resource allocating algorithm, SGA 
involves the users submitting 1λ * 2λ *m bids to the 

auctioneer. To prevent this communication load, users 
could be made to submit their utility function, )(Siϕ  as 

their bid at the start of the auction, where )(Siϕ is the i-th 

user’s reported utility for resource set S. This bidding 
procedure is similar to General Vickrey Auction 
mechanism [14].   Approximate techniques like function-
estimation neural-networks can be used to evaluate 

)(Siϕ  in polynomial run-time, when exact formulation 

is computationally expensive. For illustration of how 
machine learning algorithms have been used to estimate 

)(Siϕ  in sensor networks, using domain-specific 

knowledge, refer to [15]. It should be noted that there is 
no straightforward method to adapt Casanova to avoid an 
exhaustive bid formulation stage. 
 
3. Results 
 

We performed two sets of experiments to validate the 
performance of SGA. The first set of experiments 
compares the performance of SGA and Casanova on hard 
bid distributions, which are difficult for exact winner 
determination algorithms (see section 3.1 for details). The 
second set of experiments compares SGA’s performance 
to CPLEX on soft bid distributions, which are easy for 
exact winner determination techniques (see section 3.2 
for details).  
 
3.1 Comparison with Casanova 
 

For our experiments on hard distributions, we selected 
two distributions from Sandholm’s bid distributions [8] 
that proved to be the toughest for the exact winner 
determination algorithms, which are  

a. Uniform (n, m, λ) distribution which consists of n 
bids, each with λ items chosen without 
replacement from the m items. Price is chosen 
randomly from a uniform distribution on [0, 1]. 
For our experiments, we used m = n/10 and λ = 
5, as in [7]. 

b.  Bounded (n, m, λ1 , λ2  ) where the problem 
consists of n bids.  The number of items λ  is 
randomly chosen between a lower bound λ1and 
an upper bound λ2. The price is chosen from a 
uniform distribution on [0, λ] . For our 
experiments, we used m = n/10   and λ1 = 1 and 
λ2 = 5, as in [7] 

 
These distributions were the hardest for both CABOB 

and CPLEX.  For example, CPLEX took an average of 
4300 (757) seconds on a 2.8 GHz Pentium IV processor 
for problem sizes of 900 bids for uniform (bounded) 
distributions. For larger problems, the run time was much 
higher. For a sample run, a problem size of 1000 bids 



with uniform distribution took more than 13 CPU hours. 
The parameters used for SGA are shown in table 2.   

 
 
 

Population size ( > 1400 bids) 6500 
Population size (<= 1400 bids) 6000 
Tour size 2 
Crossover probability 0.995 
Mutation probability 0.02 

 
Table 2. SGA parameters 

 
Our implementation of CABOB was slower than 

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, except 
the population size. For problem sizes with less than 1400 
bids, we used a population size of 6000 chromosomes and 
for larger problems, we used a population size of 6500. 
For Casanova, we used the parameters suggested by the 
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 Casanova 
and SGA on large problem sizes, varying the number of 
bids from 1000 to 2000 bids.  

To accurately compare SGA’s real-time performance to 
the optimal solution requires first finding the solution 
using an exact winner determination algorithm.  
However, given our large problem sizes, the exact winner 
determination algorithms took days to find the optimal 
solution. Instead, we adopt a statistical approach to 
estimate the quality of the solutions generated by SGA 
and Casanova. We postulated that the average optimality 
for a particular distribution and a given problem size 
(fixed number of bids and items) is directly proportional 
to the number of items in the auction. We tested this 
hypothesis for problem sizes of 500 to 800 bids for both 
distributions using the following approach. For each 
problem size, we generated 20 random problems and 
calculated the average value of the optimal solution.  The 
R-square of the least squares regression line with the 
problem size (number of bids) as the estimator and the 
average optimality as the regressor was greater than 0.99 
for both the distributions. Hence, the linear relation 
between the estimator and the regressor is fairly strong. 
Figure 1 (Figure 2) shows the regression line and the 
optimality values of all the points generated for the 
uniform (bounded) distribution. We did not notice any 
particular trend in the variation of the optimality from the 
mean optimality based on problem size. For calculating 
the average optimality of a given problem size (ϕsize), we 
extrapolate the regression lines in Figure 1 (Figure 2).  

 

 
Figure 1. Regression line for average optimality versus 

problem size for uniform distribution.  
 

 

 
Figure 2. Regression line for average optimality versus 
problem size for bounded distribution. 
 

This extrapolation is reasonable, since there was no 
increasing trend in variation of the optimality from the 
mean optimality with increase in problem sizes. Figures 3 
(Figure 4) gives the average estimated optimality, 
obtained using SGA and Casanova on uniform (bounded) 
bid distribution. To generate these results, SGA and 
Casanova were run on 50 different randomly selected 
problems, for each problem size. The average optimality 
of the problems (ϕsize), is calculated by extrapolation 
using Figure 1 (Figure 2). For calculating the percentage 
optimality yielded by SGA and Casanova, we divide the 
mean outcome of the approximate algorithms for a 
particular problem size with ϕsize. Since these results are 
not exact and depend on the robustness of the 
extrapolation method used, we also show the 95% 
confidence interval of the optimal solution for each 
problem size. The 95% confidence interval is calculated 
using the 95% confidence interval for ϕsize. This is 
calculated assuming that standard deviation of ϕsize does 
not depend on problem size (which is consistent with our 
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 
generated in the past periodically and restarts search 
every few seconds. Though the highly greedy approach 
used by Casanova is advantageous for smaller problems, 
a memoryless search does not work as well for larger 
problem sizes. Since SGA and Casanova are stochastic 
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.  
 

 
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. 
 
 

 
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 (Figure 6). 
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 
(at t = 70 CPU-Secs).  
 
 

 
Figure 6. Real-time performance of GA and Casanova on 
a 2.8GHz Pentium-IV processor (averaged over 20 runs) 
 
 



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

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 better 
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 high 
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 generates 
combinatorial bids for every possible combination of 
sensors for each task. Due to space constraints, details of 
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 other 
parameters are as shown in table 2. Figure 10 shows the 
comparison of the total time required for resource 
allocation using the CPLEX-based approach and SGA-
based approach.  Figure 11 shows the average optimality 
SGA achieved using CPLEX. Clearly, for a modest loss 
of optimality, SGA provides significant savings in real-
time requirements of the allocation algorithms. 
 

 
Figure 8.  Time required for bid formulation (averaged 
over 10 runs) 
 

 
Figure 9.  Time required for winner determination using 
CPLEX (averaged over 10 runs) 
 

 
Figure 10.Comparison of time requirements of  SGA and 
CPLEX-based optimization (averaged over 10 runs) 
 

 
Figure 11. Optimality achieved by SGA (averaged over 
10 runs) 
 
 
 
 



 
4. Conclusions 
 

The successful application of combinatorial auctions to 
environments with very strict real-time constraints is 
contingent on the development of adequate winner 
determination algorithms. Recent years have seen great 
strides in this area. Optimal winner determination for 
fairly large problem instances is now possible within a 
fraction of a second for large problems over various bid 
distributions.  However, if the problem instances are too 
large or if the bid distributions are too difficult for the 
complete algorithms, approximate real-time algorithms 
are alternatives.  

We implemented SGA for real-time approximate 
winner determination in combinatorial auctions and 
compared its performance with a local stochastic search 
procedure, Casanova.  For the tested problem instances, 
we found that SGA, on average, converges to better 
solutions for the larger problem instances. Thus, SGA is a 
better candidate solution for pruning search in complete 
winner determination algorithms.  Regarding real-time 
performance, we found that Casanova performs better in 
the initial stages but is later outperformed by SGA.  Thus, 
the choice between the two algorithms depends on the 
real-time demands of the application domain. However, 
Casanova can be used to seed SGA to generate a hybrid 
algorithm that is better or at least similar to Casanova, for 
all time ranges. 

The main advantage of SGA is that it does not require 
the set of all possible bids as an input. As a result, SGA 
provides significant time-savings over exact winner 
determination algorithms by avoiding the cost of bid 
formulation, as illustrated by the results from MASM.  

A key issue with SGA is its use in strategic 
environments.  Auction methodologies like GVAs are not 
necessarily incentive compatible when approximate 
winner determination techniques are used [16]. Also, in 
strategic environments, privacy concerns might prevent 
agents from revealing their valuation information [14]. 
This could be a problem if SGA requires users to submit 
their utility functions as bids. We are currently 
investigating techniques to add incentive compatible 
measures to approximate winner determination 
algorithms.  
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