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§' Why is it a hard?

© Unknown Model

& Stochastic Environment
& Large State Space

& Limited Online Computation
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Q’ Contributions

& Introduced Incremental Feature Dependency
Discovery GFDD) as a novel feature
expansion method

& Provided asymptotic convergence analysis

& Empirically showed the scalability of the new
approach in problems with =108 possibilities
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&- Control Loop:
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§' Sarsa
w > St+1

-’ 4

Q Temporal Difference (TD) Error
575 = T+ + ﬂYV(St—I—l) — V(St)

&) Linear Function Approximation

Qt—l—l — ‘9t -+ Oét¢(8t)5t(V).
[Sutton 881
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&‘ Sources of TD Error

& Incorrect Weights

Q Stochasticity
-
1EFDD

. Underpowered Representation

),
~ _~ Most accumulated error = where
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~p7  the representation should grow.
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'Q' Empirical Results

& Representations used with Sarsa
& 1initial
© 1FDD
‘J AT C ['Whiteson et al. 2007}
IJ SDM [Ratitch et al. 2004]
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« » iFDD Theory

w TD-1FDD will provide the best possible

approximation given the initial set of features.

« Given initial features with sparse outputs, the

per-time-step computational complexity of
iFDD is independent of the total number of
features.



Q' Contributions

© Introduced 1iFDD as a novel feature
expansion method

& Provided asymptotic convergence analysis

& Empirically showed the scalability of the
new approach in problem sizes ~108
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LFA: Example

Feature = Weight Value
e (s) 0t

V(s) =20+10+I0

=4O
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Algorithm 1:Discover

“.» Input: ¢(s),d:, &, F, ¢
Output: F, ¢
foreach (g, h) € {(4,7)[¢i(s)¢;(s) =1} do
f<gANh
if f ¢ F then
Wy by + [0]
if 1) > £ then
‘ F+FU/f

end

end
end




|

Algorithm 2: Activate Features

“““ . Input: ¢°(s),F
Output: ¢(s)
d(s) + 0
activelnitialFeatures < {i|¢; (s) = 1}
Candidates < gp(activelnitialFeatures) (*sorted by set size)
while activelnitialFeatures # () do
f < Candidates.next()
if f € F then
activelnitialFeatures <— activelnitialFeatures — f

Pr(s) < 1

end

end
return ¢(s)
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¥ Comparison with
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! ARIFDD

iFDD is ARiFDD with SplitThreshold of .

For each basic tile, weighted pn and ¢ are stored
incrementally.

Empirical results suggest cutting through the
dimension with the least variance works best.
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Vo, €

l Rate of Convergence

HV*—\N/'H:x>O

R™ 2 B = Z(¢;,0) < cos™(7)

EER:VT = V|| —[[V" = (V +&oy)|| = Ca,
|V =IOV - [[VT —II'VT[| > ¢

[Parr et al. 2007}



’ Proot Sketch

[Parr et al. 2007}



! Selection Mechanism

ZSESamples,¢f (s)=1 5(8)

f* — ALBIAX ¢cpgir(F)

\/ZSESamples ¢f(5) =1
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1 Adaptive Tile Coding
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[Whiteson et al. 2007]
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