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Abstract: Since the application applied TD learning in Connect6 game is almost in blank,
this paper reports the relevant staggered results achieved. A method using Temporal Difference
(Abbr. TD) learning algorithm to adjust the weights of evaluation function in Connect6 is
proposed, which also makes such adjustment process can be done automatically. In comparison,
the traditional method to adjust weights of the evaluation function must be manual intervention,
which is still a monotonous, endless, and error-prone procedure. After 10020 self-learning training,
the program, TDLConn6, increased its winning rate with 8% around, which is a good result.
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Fig.1 Procedure illustrating the position evolution in Connect6 game
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. move_list := GenAllMove(p);
k := Min(TOP-K, num_of_moves);
best k_list := SelectBestK(k, move_list);
for (i=1; i <k; ++i) {
probability[i] = P’(best_k_list[i]|p);

= SelectOneMoveAtRandom(probability, k);
:= MakeMove(p, best_k_list[x]);
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Fig2. The algorithm to extend the training set at random
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