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e Stochastic simulation is a technique in the field of operations ™
research that has been widely applied in many industries. - o $ o 5 |
Simulation optimization arises when optimizing some functions 8 — sacee o : =
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number of simulation optimization solvers exist, but little effort has 8 8%
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e We have expanded upon a repository of simulation optimization Fig. 2. SEIR curves w/o testing Fig. 3. SEIR curves when testing once a week Fig. 5. Stochastic Activity Network: (a) Average Performance, (b) Performance Quantiles
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problems that model real-world scenarios. These problems allow Jd The disease progression of the population generally follows the SEIR Ao Gbjectnie Curve 0-5-Quantile Objective Curve

comparisons among solvers, which aim to find optimal solutions curves (Fig.2). S e == —
more efticiently. J Enforcing testing (Fig.3) decreases the total number of infections while ’ ’

slowing down the disease spread.
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Fig. 4. Feasible COVID testing policies and corresponding expected cases and max # of tests
. ® Discussions:
Asymptomatic J Result indicates that there could be less than 60 cases when both
undergraduate and graduate students are tested approximately three J STRONG finds much better solutions and is more stable in
AR AR AR . times a week and faculty/staff are tested twice a week; however, the max high-dimensional problems (Fig.5) than in low-dimensional
_ # of tests per day (around 6700) is close to the testing capacity limit. problems (Fig.6&7)
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J A more realistic situation is when all students are tested twice a week Nelder-Mead has stable performance in all problems an
and faculty/staff are tested once a week, which could lead to more than outperforms Random Search when the dimension is higher (Fig.5).
1400 cases but far fewer tests are needed (less than 4500 max # of tests).
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Fig. 1. Disease progression of an infected individual STRONG Nelder-Mead
¢ Problem Formulation: Stochastic Trust-Region Nelder-Mead Simplex Method is an w
min [E|cases] Response-Surface Method (STRONG) algorithm that maintains a simplex of Funding provided by Meyer A. Gross '58
is a trust-region-based algorithm that  points that moves around the feasible
. fits first- or second-order models region according to certain geometric CONTACT
1eG through function evaluations taken operations: reflection, expansion,
where x is the testing frequency, G is the population groups, P is the within a neighborhood of the contraction, and shrinking [3]. For more information,

population size, and Cis the maximum testing capacity per day. incumbent solution [2]. contact Tinghan (Joe) Ye at ty357@cornell.edu
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