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More knowledge = less effective

“‘improving a program’ by adding knowledge
makes it weaker in practice” [Miiller, 2002]
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Monte Carlo Tree Search

Tree Search 1 node = 1 future state

erelative to the current state

efine grained

e/ow level

Monte Carlo = node evaluation

eMean (standard estimate)
eUCB (balance EVE)

[Kocsis and Szepesvari, 2006]
e RAVE (fast convergence)

[Gelly and Silver, 2011]
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@ No capitalization
@ “Horyzon effect”
@ Irrelevant roll-out

@ Scale limited

[Browne et al., 2012, Drake, 2009, Lee et al., 2010]
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Interest

@ Global search - context

@ Diversity and exploration
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Experimental setup

) Fuego [Enzenberger et al., 2009]
e MCTS + BHRF vs MCTS

no expert knowledge

@ 9x9 Goban - 1 thread
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Problematic State of art Proposal

Model validation

Model parameters

MCTS : MC — K consistence

BHRF : a — K exploitation
depth — K pertinence

/. ,/";mnsknuwledge -\\\\\
\ O\d\(@f. O\::bx Experimental setup

/
/ ] 7777777777 (-] Fuego [Enzenberger et al., 2009]
Y S o MCTS + BHRF vs MCTS
'/' e =7 Kexataton no expert knowledge
\

’ @ 9x9 Goban - 1 thread

v
Results

o Outperform plain UCT  (High MC)

o Time execution (10 x more)
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