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                     Overview

➢ Problem definition: Scalability in Safe Policy Improvement

➢ Our contribution: Monte Carlo Tree Search SPIBB (MCTS-SPIBB)

➢ Results: convergence, safety, scalability
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Safe Policy Improvement (SPI)
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Safe Policy Improvement (SPI)

Goal
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Safe Policy Improvement with Baseline Bootstrapping (SPIBB) [Laroche et al., 2019]
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Problem: SPIBB complexity is O(|S|2 * |A|), hence it cannot scale to large environments.
How can we make SPIBB scale?
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           Monte Carlo Tree Search SPIBB (MCTS-SPIBB)



                     MCTS-SPIBB: Main Idea

SPIBB

MCTS

+ = MCTS-SPIBB

● MCTS-SPIBB uses Monte Carlo Tree Search (MCTS) to scale to large domains

● Complexity: depends on the number of simulations performed to generate the tree

● Main contribution: integration of the SPIBB approach in UCT by means of a suitable 
action selection strategy



                     MCTS-SPIBB: Action Selection Strategy

Main contribution: This strategy is proved to make MCTS-SPIBB converge to SPIBB 
when the number of simulations tends to infinity



                     MCTS-SPIBB: Algorithm

See the full MCTS-SPIBB algorithm in the paper
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                     Take Home Message

MCTS-SPIBB allows to scale SPI to very large domains. 

This is an important result towards applying SPI to real-world problems.



Thank you!
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