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General scheme
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An improved reward function for discrete optimization problems

Try to find the state with minimum cost c¢(§,) reachable from the start state.

o(s) what we care about Usual reward: 7, = ¢(5,,.) — c(§,)
Normal RL minimizes cost at end of the trajectory.

We care about the minimum cost at any point of the trajectory, i.e.
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Toy example
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Robotics (DIFFSHARPE is cumulative approximation)



