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Problem description

Figure: Go 9x9 game state

Combinatorial Games:

Zero-sum
Perfect information
Sequential

Determinist
Discrete

The game of Go:

Huge space state [Bouzy and Cazenave, 2001]

19x19 ' 10160, 9x9 ' 1040

No simple in-game evaluation
[Wang and Gelly, 2007]

High volume & Complex data
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Domain expert knowledge

Figure: Go domain knowledge

“Low level” knowledge ' Moves

Spatial stone disposition (patterns)

Automatic reply (opening book)

“High level” knowledge ' Concepts

Complex stone structure (group,eye)

Tactical objective (atari rule, semeai)

More knowledge ⇒ less effective
“ ‘improving a program’ by adding knowledge
makes it weaker in practice” [Müller, 2002]
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Self-acquired knowledge

Learning methods and data

Off-line : game databases, simulations
TD(λ), Bayesian learn [Stern et al., 2006]

On-line : current game, simulations
TD(λ), MCTS [Coulom, 2007b]

Monte Carlo Tree Search

Tree Search 1 node = 1 future state

•relative to the current state
•fine grained
•low level

Monte Carlo = node evaluation

•Mean (standard estimate)
•UCB (balance EvE)

[Kocsis and Szepesvári, 2006]

•RAVE (fast convergence)
[Gelly and Silver, 2011]
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Learning policy iteration

MCTS iteration

1 Descent
2 Roll-out
3 Update
4 Growth

Interest
Consistency
Aheuristic
Anytime
Asymmetric
Parallel

Limitations
No capitalization
“Horyzon effect”
Irrelevant roll-out
Scale limited

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

Figure: MCTS procedure
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Expert Roll-out policy

Figure: MCTS with expert K

Go expert knowledge

Stone patterns [Wang and Gelly, 2007]

Tactical rules [Enzenberger et al., 2009]

Amateur level −→ Professional level

Limitations
Heavy Roll-out ⇒ bad learning
Static knowledge
Difficult to tune

“Adding further Go knowledge [. . . ] has
proven to be surprisingly difficult.”

[Silver and Tesauro, 2009]
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Enhanced Roll-out policy

Figure: MCTS with game relative K

Automatic tuning methods

Go expert K Simulation Balancing
[Huang et al., 2011]

Game relative knowledge methods

Tree search K Pool RAVE [Rimmel et al., 2011]

New K forms CMC [Rimmel and Teytaud, 2010]

LGRF [Baier and Drake, 2010]

Limitations
Low level K
Limited scope K structure
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Reverse tree search structure

future game state → sequence of action preceeding a reply

Background History Reply tree

Reply tree 1 root = 1 reply

Background History node = sequence
•low level
•heavy grained

Evaluation Mean, UCB

Figure: Background History Reply tree

Background History Reply Forest

n actions possible = forest
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Knowledge exploitation

MCTS iteration
1 Descent

2 Roll-out

Roll-out policy

1 Whole board legal moves
2 Longest matching sequence
3 UCB based selection

Interest
Global search - context
Diversity and exploration
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Knowledge accumulation

MCTS iteration
1 Descent
2 Roll-out

3 Update
4 Growth

Update and Growth policy

Descent sequence

Progressive growth

Interest
Extract tree K incrementally
Capitalization
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Model validation

Figure: MCTS with BHRF

Model parameters

MCTS : MC → K consistence

BHRF : α → K exploitation
depth → K pertinence

Experimental setup

Fuego [Enzenberger et al., 2009]

MCTS + BHRF vs MCTS
no expert knowledge

9x9 Goban - 1 thread

Results
Outperform plain UCT (High MC)

Time execution (10 × more)
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Future works

Temporal (history sequences)

Spatial (emergent pattern)

Rule-based (life and death)

Super-structure

MCTS ⇒ generates its own traces

Aims and directions
Autocatalytic learning
Towards high level K (emerging K ?)

Questions ?
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Experimental results
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Figure: BHRF success rate over α
MC =10000, depth=2

MCTS parameter (depth = 2)

MC=1000 : no improvement
MC=10000 : improvement over α

BHRF scales with consistent K

BHRF parameters (MC = 10000)

α : softmax policy −→ exploration

depth : not significant (α=100)

BHRF K improves baseline MCTS

Limitations
Time execution (up to 10 times slower)

BHRF depth −→ policy ?
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