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We are investigating the use of genetic algorithms (GAs) to steer system models into anti-optimal behav-
ioral directions. In this example, we demonstrate the application of our ideas to search for performance
degradation in Koala, an IaaS (Infrastructure-as-a-Service) cloud simulator. We adopt the proportion of
users not served as a measure of anti-fitness and use a GA to steer a population of Koala simulators,
over 500 generations, into scenarios that maximize anti-fitness. We show that the proportion of users
not served is > 0.50 for about 75% of the 100,000 scenarios explored. We plan to apply cluster analysis

and other multidimensional data analysis techniques to identify causes of performance degradations.
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