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Artificial Game Playing (GP) defines one of the fundamental branches of Artificial 
Intelligence (AI). Recent achievements in the most popular two-player board games, such as 
chess - defeating G. Kasparov – the Chess World Champion and one of the strongest chess 
players ever lived - by Deep Blue supercomputer in 1997, or checkers - Chinook program 
playing to a draw in the first six games with checkers absolute genius and former world 
champion M. Tinsley in 1994 (Tinsley resigned after the sixth game due to health reasons and 
died soon after) are unquestionable successful examples of traditional AI approach, which in 
general is focused on development of efficient game tree search algorithms, improvement of 
games’ representations, careful design and tuning of evaluation functions, and development of 
openings and endgame databases. 

Quite different approach to GP domain is presented in Machine Learning (ML) and 
Computational Intelligence (CI) methods, where the main focus is on development and 
implementation of “intelligent” ways of solving problems, including self-learning systems, 
which given some expert knowledge in a preliminary stage of design are capable to improve 
their performance based on experience. The first well-known example of this type was 
Samuel’s checkers program (1959), which equipped with a priori defined set of expert 
features presumably relevant for building board evaluation function, through a carefully 
designed process of self-playing was able to successfully define the appropriate subset of 
essential features together with their weights and form a polynomial evaluation function 
allowing for an expert level of play. More recent examples include neural network based TD-
Gammon program (1992) – playing BackGammon at the level competitive to the best human 
players, Logistello (1997) – the 6:0 winner of the match with World Othello Champion T. 
Murakami, KnightCap (2000) – playing Turbo Chess, TDL-Chinook (2001) – playing 
checkers, or Anaconda (2000) – the checkers playing program, presented in the second 
chapter of the book, developed based on artificial neural networks and evolutionary 
programming. 

 
Computational Intelligence in Games is devoted to presentation of recent advances in 

ML and CI approaches to GP domain. The book begins with a preface which outlines the 
book’s scope and summarizes its content chapter by chapter, followed by 6 chapters, each of 
which presenting a separate piece of research and allowing for reading in isolation. 

Chapter 1 is intended as an introduction to the field of Computational Intelligence. The 
authors managed to touch almost all relevant subfields of CI, however, due to a limited size of 
the chapter were unable to go into any detail. Perhaps a concise description of successful GP 
approaches within ML, CI and traditional AI would have been more beneficial for potential 
reader, presumably interested in GP domain. 

Chapter 2 presents the aforementioned checkers playing program – Anaconda (also 
named Blondie24). The main ideas together with several technical details of the successful 
story of Blondie24 are presented in the chapter. Using solely CI techniques, namely the 



evolutionary process over the ensemble of neural networks, without any built-in human expert 
knowledge Blondie24 was able to achieve the rating of an expert player on the internet 
checkers playing site (where it pretended to be a good-looking and apparently very smart, 
blonde 24-year old female). Anaconda is an apparent, successful example of autonomous, 
self-improving system capable of learning from scratch. 

Chapter 3 aims at comparing the Retrograde Analysis technique versus 
Metaprogramming method in the game of Hex. The two methods discussed in the chapter can 
be complementarily used to build and represent abstract concepts defining the game. 
Retrograde Analysis is a pattern recognition technique which relies on defining base subgoals 
represented as specific configurations of stones which are relevant in game evaluation. 
Evaluation of game position is based on checking whether a pattern on the board belongs to 
the database. The Metaprogramming approach allows representation of abstract concepts in 
the form of AND-OR trees. OR nodes are used to represent tactical goals of the player, 
whereas AND ones represent the information that prevents the opponent from reaching his 
tactical goals. Both AND and OR rules (logic theorems) are generated automatically as short 
programs written in a metalanguage. 

Chapter 4, which provides a comprehensive description of the experiment with 
training neural networks to evaluate Go positions with the use of TD-learning, is an 
interesting example of synergy between ML and CI. After initial unsuccessful attempt to 
straight apply the TD-Gammon training method, the authors proposed several modifications 
including the use of structured network’s architecture, implementation of local reinforcement 
signal assigned to particular points and positions on the board instead of using one signal 
scoring overall board, representation of symmetries of the board (used in the playing mode) 
and more sophisticated training strategy based mainly on a careful choice and enough 
diversity of the training opponents. The last issue seems to play a key role in the success of 
the experiment. 

The aim of Chapter 5 is comparison of three methods applied to solving the problem 
of building teams of cooperative agents for 1-player and 3-player soccer game, played in a 
discrete time, discrete action and continuous space simulator. The chapter includes short, well 
written introduction to the Reinforcement Learning paradigms, and especially the Q-learning 
method. The models under comparison are: CMAC (Cerebellar Model Articulation 
Controller), CMAC-Q(lambda) – being a combination of CMAC and Q(lambda)-learning 
method, and PIPE (Probabilistic Incremental Program Evaluation). The CMAC models 
appear to be the most efficient for the task considered. 

In Chapter 6 a fuzzy-rule based strategy for a Market Selection Game (MSG) is 
introduced. MSG is a simple game, in which several players simultaneously and 
independently make decisions concerning the choice of the most profitable market for selling 
their goods based on linear constraints defining the expected payoff. The approach invented 
by the authors is a combination of fuzzy if-then rules and Q-learning method. It is 
demonstrated that fuzzy Q-learning can be successfully applied to predicting the behavior of 
the other (competitive) players, hence to improve player’s own strategy. 

In summary, the main advantage of the book is variety of games considered and the 
diversity of learning techniques presented. The in-depth presentation of some of the 
experiments allows the reader to follow the intrinsic features of particular CI and ML learning 
techniques. The book deserves recommendation to anyone interested in application of 
Computational Intelligence methods in Game Playing domain. Due to clear presentation of its 
scope Computational Intelligence in Games can be read also by non-experts. 
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