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»Real time (on-demand)

»Complexity

=Large State Space
=Demand Uncertainty

DeepPool: Distributed Model-free Algorithm tor
Ride-sharing using Deep Reinforcement Learning
Abubakr Alabbasi, Arnob Gosh, and Vaneet Aggarwal
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State: A three tuple to capture the system
updates at time s;: (Xt, Vitior, Diir)

JAction: Where each vehicle should go in the next
time slot.
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1. Minimize the difference between demand and supply for
vehicles.

2. Minimize the dispatch time and the expected travel time
between zones.

3. Minimize the total extra travel overhead time due to
detour/ride-sharing.

4. Minimize the total number of used resources/vehicles.
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rate versus the days of the
week.

 DeepPool utilizes the vehicles capacity better and thus reduce the number of
active/used vehicles.

 DeepPool learns the optimal policy for an individual vehicle, so every
vehicle aims to take the best action to maximize its own reward.

 DeepPool tries to fairly distribute the rewards across the different vehicles.
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