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Online Planning in L3P

L3P leverages temporal abstraction to facilitate making progress towards the

% i%id ismi o> im e @ e Each sub-goal is kept fixed for the estimated number of steps to get there.

e To avoid getting stuck (continuing pursuing an unsuccessful sub-goal), it
removes the immediate previous goal from the node list when running graph
search to propose the next goal.

Latent Clustering Latent Landmarks World Model

Learned transition quickly diverges from reality when the planning
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Graph-structured world models can facilitate temporally extended We also want to marginalize over the actions and directly estimate the number of longer-horizon goal at test time.
planning in RL. steps, V, it takes the policy to go from one goal to another. e [3P also works well on robotic manipulation tasks, where prior RL + Graph
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e Humans are able to plan days or months ahead, by planning on a more abstract
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level that operates on a more temporally extended scale. V

e We seek to build the type of planning that would analyze the structure of a
problem in the large, and decompose it into interrelated sub-problems.

What design choices are important?

Functions D and V provide the edges of the world model graph.
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Huang et al, "Mapping State Space using Landmarks for Universal Goal Reaching,” NeurlPS 2019. where p(C) s set to be a uniform prior, and q(c ‘ Z) s calculated using Bayes Rule.
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