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Problem

@ Markov Decision Process (MDP)
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@We focus on online policy evaluation
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Related Work

@ Temporal Difference Learning: TD(0)
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@ Cheap - O(k) per time-step (1)
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@ Relatively Data Inefficient :
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@ Expensive - O(n2) per time-step g
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LSTD @ Data Efficient :
@ Cheap - O(mn+k”2) per time-step
|LSTD @ Data Efficient -

Incremental Least-Square Temporal Difference Learning (iLSTD)
Alborz Geramifard, Michael Bowling, Richard S. Sutton

University of Alberta

New Approach

B~ Wi —=O

S<+— S0, A—0,u<—0,t—0
Initialize @ arbitrarily
repeat

Take action according to 7 and observe r, s’

t—t+1
Ab «— ¢(s)r
AA — ¢(s)(@(s) —vd(s)"
A — A+ AA
p— p+ Ab — (AA)G
for ¢ from 1 to m do

j « argmax(|f;])

0; — 0; + au;

p— p—aujAe;
end for

end repeat

Results
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@ Using Linear Function Approximation
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we assume k features are “on” on each time step

@ Least-Square TD (LSTD)

@Would like to Update O by the sum of the TD updates (;4)

@ Pick the dimension with the largest TD update
@ Descend in that dimension

@ Updates:
pe(0rr1) = p(0r) — A(AGy)
= M1 (0¢) + Aby — (AA4)0;
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I TMaximum number of “on’ features
Number of features

Number of descents per time-step
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