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Depth-First UCT and Its Application to Go

HARUHIRO YOSHIMOTO ,t* AKIHIRO KISHIMOTO ,12
ToMoOYUKI KANEKO = and KAZUKI YOSHIZOE t4

The UCT algorithm is a representative best-first search algorithm that has been popularly
used in Monte Carlo Go. This paper presents the DFUCT (Depth-First UCT) algorithm,
which is an efficient depth-first variant of UCT. Experimental results in Go show that DFUCT
achieves 3% improvement in running time, while the solving abilities of DFUCT and UCT

are comparable.
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#000000000000O0O0O0000
cond = Array.new()
#0000000000 UCBOOOOOOOOO
#000000O0OO0O0O0OCOO
#000:0000000000000000
def checkAndUpdateCond(win_or_loss)
coumter = 0
cond.each{ |c|
counter +=1
#00000000000
c.best.win.update(win_or_loss)
c.total +=1
#00 UCBOOOOOOOOOOOOOOOOO
ucb_best = calculateUcbValue(c.best,c.total)
#0000 UCBOOODOOOODODOOOODOODOO
ucb_second = calclulateUcbValue(c.second,c.total)
if ucb_second > ucb_best
#0000000 UCBOOOOODOOOODO
#00000000000000000000
return cond.size() - counter
end
}
#00000000000
return 0
end

# DFUCTOOOODO

def search(node)
#00000000000000
moves = node.getValidMoves
#0000000000000DODODODO
while node.childNodes.size < moves.size

#00000000000000

newnode = node.makeMove(
moves[node.childNodes.size])

# 0000000000000 : :itrue, OO :false
win_or_loss = newnode.doMonteCarloSimulation()
#0000000000OO0OO00O0OOO

newnode.win.update(win-or_loss)
#000000000
newnode.nb = 1
#00000000000000
node.addChildNode(newnode)
#00000000000000
node.win.update(win_or_loss)
#0000000000000008
node.nb +=1
#0000000000000C0O0000O0
rollback = checkAndUpdateCond(win_or_loss)
if rollback > 0
cond.pop()
#00000000000000
return rollback - 1
end
end
while true
total = node.childNodes.sumOfNb()
#00 UCBOOOOOOOOOOOO
best = node.childNodes.
bestUcbNode(total)
#0000 UCBOOOOOOOOOOOO
second = node.childNodes.
secondBestUcbNode(total)
#00000000000
newcond = makeNewCondition(
best,second,total)
cond.push(newcond)
#UCBOOOOOOOOOOOOOO
rollback = search(best)
if rollback > 0
#0000000000000O0
cond.pop()
return rollback - 1
end
end
end
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