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Games have been developed as a genre of entertainment to give humans a lot of fun.
Humans feel enjoyment with games in many ways, for example by competing against
opponent players that have almost the same strength, by improving their skills with
lessons, or by fighting against various types of tactics in the games. Most human players
prefer to be matched against opponents that are almost as strong as them rather than
opponents being too strong or too weak. Also, human players, especially in the case of
beginners, tend to enjoy their improvement through some lessons to improve their play at
the game. Nowadays, many computer players are used as teachers or enjoyable opponents
instead of other human players.

Computer players as opponents or teachers for human players need to be strong to some
extent. Thus, many researchers have researched about strong computer game players.
Some computer players are already strong enough to win against human expert players in
some perfect information games, such as Shogi or Go. Therefore, research about enjoyable
computer players is now attracting more attention than before for those games.

On the other hand, there are imperfect information games in which strong computer
players are still difficult to develop, for example Mahjong and Poker. One reason of this
difficulty is that conventional Min-Max tree search cannot be applied naively in such
games, contrary to perfect information games such as Shogi or Go. Thus, it is still a
challenging problem to develop strong computer players in such imperfect information
games.

In Mahjong, players should decide their strategies according to the global game situ-
ation, and they should avoid using short-sighted strategies focusing only on completing
a winning-hand immediately. Strategies with long-term goals lead more surely to a win
in the long run. For example, players sometimes give up completing a winning-hand if
they can prevent another player from completing his winning-hand, leading more surely
to a win in the end. For another example, they sometimes miss the chance of completing
their winning-hand immediately on purpose in order to try to complete another form of
winning-hand with a higher score. In such cases, the player goal is mainly to exceed their
opponent scores at the end of the games.

Therefore, it is important to analyze game situations from multiple aspects and decide
a strategy suitable to the whole aspects. To make such decisions, we need to approach
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multiple sub-problems required for the decision making, such as the problem of predicting
opponents ’winning tiles or the problem of predicting the score that an opponent will
obtain by completing his winning hand. After that, we can develop a computer player
that make decisions considering various information obtained from those sub-problems.

We conducted experiments by applying machine learning methods for predicting the
opponents winning score after the completion of their hand. We employed the same
settings as Mizukami et al. for our experiments, that is, game records from an online
Mahjong site“Tenhoh”as the learning data. We tried machine learning techniques with
modified types of information as input by grouping game state features to enhance the
generalization performance, while existing works applied machine learning with simpler
forms of information as input. The grouping in our method is controlled by a Local
Search method. Moreover, we adopt a machine learning approach with multiple layer
neural networks using Deep Learning Tools on the same prediction problem, and we
compared the performances.

At first, we describe the grouping of game state features with the Local Search method
to achieve higher generalization performance. We applied the grouping of features to
decrease the dimension of the state space and reduce the amount unnecessary information.
Usually, game state features used in machine learning are selected manually before the
machine learning. But sometimes it is difficult to decide the most suitable style of feature
sets for the learning beforehand. For example, if we try to introduce a feature about the
number of elapsed turns since the game started, we have multiple options. We can use
the number as it is for the input, or we can use groups of numbers (say,“ from 1 to 20”,
and“ from 21 to 40”) for the input. It is difficult to know beforehand which option
is better. Furthermore, the best option might vary according to changes of the learning
conditions. Therefore, we employed a method that tries many possible feature sets and
suggests automatically a feature set that seems to be suitable for the learning conditions.

We did experiments about this grouping approach. We started by optimizing parameters
in a linear combination model with the gradient descent method, without any grouping
of the game features. As a result, we confirmed that the generalization performance
improved, especially when using a larger set of training data. Next, we employed grouped
game state features. The grouping is controlled by a local search method, and we obtained
better generalization performance with this grouping. Additionally, we observed that the
grouping of features occurred more frequently in the local search when the amount of
training data is decreased. This observation implies that grouping of features is an effective
approach, especially if we cannot prepare a lot of game records or if there is a too large
number of game features. Moreover, we tested the performance with a combination of
the features obtained after the grouping. Enhanced performance was obtained with the
combination. The combination approach increases the number of feature sets used for
machine learning, so this approach should be effective if we can prepare a large amount
of training data. The larger number of feature sets created by the combination method
do not harm the generalization performance if the amount of training data is sufficient.

Next, we explain about the attempt to enhance the generalizing performance by employ-
ing multi- layered neural networks for the machine learning. We evaluated the performance
by comparing with the performance achieved by a simpler architecture.

In the experiments, firstly, we checked the generalization performance when changing
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the parameters of the multi-layered neural network, such as the number of training data,
the number of hidden layers, or the number of hidden layer neurons. As the result, we
confirmed that the performance improved with an increase of the number of hidden layers
or the number of hidden layer neurons. Though, a too high number led to overfitting
in the learning process. Secondly, we compared the generalization performances between
the multi-layered network approach and the simple linear combination approach. The
multi-layered network led to higher performance in most cases, but the linear combina-
tion worked better when the amount of training data is limited. Finally, we compared the
performance obtained in this research with the performance obtained in an existing re-
search by Mizukami et al. We confirmed that our approach achieved higher performance.
Thus, we conclude that complex models are better for machine learning in the game of
Mahjong rather than simpler models.
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