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A Simple Analysis of AlphaGo

TIAN Yuan-Dong!

Abstract In March 2016, the AlphaGo system from Google DeepMind beat the World Go Champion Lee Sedol 4:1 in
a historic five-game match. This is a giant leap filling the gap between Go Al and top human professional players, which

was once regarded to be filled in at least 10~ 30 years. In this paper, based on published results [Silver et al., 2016], i

analyze the components of AlphaGo and predict its potential technical weakness based on the public games of AlphaGo.
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Table 1 Input features for rollout and tree policy

Feature # of patterns Description
Response 1 Whether move matches one or more response pattern features
Save atari 1 Move saves stone(s) from capture
Neighbour 8 Move is 8-connected to previous move
Nakade 8192 Move matches a nakade pattern at captured stone
Response pattern 32207 Move matches 12-point diamond pattern near previous move
Non-response pattern 69 338 Move matches 3 x 3 pattern around move
Self-atari 1 Move allows stones to be captured
Last move distance 34 Manhattan distance to previous two moves
Non-response pattern 32207 Move matches 12-point diamond pattern centred around move

(Features used by the rollout pollcy (the first set) and tree policy (the first and second sets). Patterns are based on stone colour

(black/white/empty) and liberties (1, 2, > 3) at each intersection of the pattern.)
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Table 2 Results of a tournament between different variants of AlphaGo

Short Policy Value Rollouts Mixing Policy Value Elo

name network network constant GPUs GPUs rating
Qrop Po Vg Pr A=0.5 2 6 2890
Qyp Po Vg - A=0 2 6 2177
Qrp Do - D A=1 8 0 2416
Qo [p-] Ve P A=0.5 0 8 2077
a, [p-] Vg - A=0 0 8 1655
a, [p-] - Pr A=1 0 0 1457
ap Do - - - 0 0 1517

Evaluating positions using rollouts only (a..p, @), value nets only (ap, @y ), or mixing both (at.yp, @y ); either using the policy

network po (Qrvp, Owp, arp) or no policy network (etrvp, Qup, @rp), that is, instead using the placeholder probabilities from the

tree policy p, throughout. Each program used 5s per move on a single machine with 48 CPUs and 8 GPUs. Elo ratings were

computed by BayesElo.
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