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1. Introduction 3. Humans vs. Optimization Algorithms 4. EXps 2-6: Interpolation, Extrapolation, and Optimization Il 6. Exp 7: Optimization lll expioration vs. Exploitation)
Humans utilize sophisticated sequential decision-making strategies for solving In the 1st-level analysis, we perform a grid search over algorithm parameters Stimuli: Polynomials of degree 2, 3, and 5. Subjects completed 10 training The task was similar to Optimization |, but here functions were
real-world problems, but what algorithm do they use? This problem has to sample the hit-rate vs. function-calls plane. Two stopping conditions were trials followed by 30 test trials. sampled from a Gaussian process with predetermined parameters.
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