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879
s(S). goal_clear(X) : clear(S, A), clear(S, B), above(S, A, X) — move(A, B)
(). goalclear(X) : random block(X). random_block(Y') — move(A. B)
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MASTER Overview

“Transferring instances for Model-Based Reinforcement
Learning”, Taylor et al., 2008

ModelinaApproximateState Transitions byExploitina Rearession
e Goals

— Learn inter-task mapping between tasks

— Minimize data complexity

— No background knowledge needed

* Overview
1. Record data in source task
2. Record small amount of data in target task
3. Analyze data off-line to determine best mapping
4. Use mapping in target task
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Observations

* Pros:
e Very little target task data needezh(nple complexily
« Analysis for discovering mappingsa$f-line

* Cons
e Exponentiain # of state variables and actions

MASTER Algorithm

Record observedi(, .o 8ource S'sourcd tUples insourcetask
Record small number 0f{ge; &arger S'arged tUPlES intargettask

Learn one-step transition model, (%), for the target task:
M(s(argel aiarge) S target

for every possible action mapping
for every possible state variable mapping
Transform recorded source task tuples
Calculate the error of the transformed source task tupléiseo
target taSk mOdek (M(Sransformed atransformeA _Sytransformeaz

return 5, xwith lowest error
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Transfer in 3D Mountain Car
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