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Learning evaluation functions of Go from combination of states

YUsaku MANDAIY3?)  ToMoYUKI KANEKO?4

Abstract: This paper proposes a new learning method for evaluation functions of Go, which learns from
combination of states. Recently a number of new neural network architectures are proposed and some of
them take multiple feature vectors as input. Such neural networks are called ’Siamese network’ and there
are many applications of the networks. One of the advantages of the neural networks is that the number of
training instances can be increased thanks to the combination of inputs. In this paper we proposed a new
training method for evaluation functions of Go by combining the existing training method for state-value
function and RankNet, which is framework of learning to rank.

We compare the performance of our proposal and the existing value function training method, however, the
results showed that no significant improvements are archived in terms of accuracies, losses, and strength in

matches.
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Table 1 Best epochs of each ValueNet

epoch  validation loss  loss

ValueNet-10k 203 0.61 0.56
ValueNet-100k 172 0.45 0.32
ValueNet-200k 158 0.40 0.31
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Table 2 Breakdown of positions used in training, validation,

and test
black win ~ white win  black lose = white lose
train 10k 1894 2118 2219 1781
train 100k 18571 21441 21571 18403
train 200k 37047 42691 43298 36667
validation 1888 2194 2090 1821
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Table 3 Match results against GnuGo 3.8. Figures inside

parentheses indicate standard errors

Win ratio (%) Score

RankNet-10k 0 (0.0) -76.6 (1.1)
RankNet-100k 0 (0.0) -73.5 (3.1)
RankNet-200k  16.7 (8.8)  -58.4 (7.0)
ValueNet-10k 0 (0.0) -74.3 (2.2)
ValueNet-100k 25 (7.2) -46.2(5.7)
ValueNet-200k 60 (8.9) -16 (6.2)
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Table 4 Breakdown of positions used in training and test

(Endgames only)

black win ~ white win  black lose  white lose
train 12315 14160 13967 11669
test 637 690 659 571
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Table 5 Perforamnce of networks in endgames

test loss  test accuracy
RankNet-200k_endgame 0.166 0.993
ValueNet-200k 0.175 0.995
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