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Game Theory has been an object of active research for already 60 years. Forty years 

ago, a new branch emerged on the boundary of Game Theory and Artificial Intelligence, 

namely, the so called "intellectual games” (e.g., [1-4] 

Here we shall give a Generalized Net (GN; see [5]) model of the machine learning of an 

intellectual game, briefly and in principle. The details of each particular intellectual game 

can be interpreted by appropriate sub-nets of the GN from Fig. 1. Here we shall assume 

that there are n players, where n > 1 is determined by the type of the game. Let the :—th 

player is represented by an a;—token (1 <2 <n). This token can have some data on the 

corresponding player as initial characteristics. The a;—token enters the net through place 

a, and passes through places ag, dz, ..., dg. 

On the other hand, the initial and the current status of the game are represented by the 

corresponding characteristics of the unique G—token, which enters the net through place 5; 

and passes through places 62, 63 and 64. 

The game rules determine who of the players should start first, who will play next 

etc.This information can be included in the initial characteristics of the a—tokens, or (and 

this situation is not standard in the traditional games!) as their current characteristic. 

Similarly to the model investigated in the present paper, in future we can develop models 

of some intellectual business-modelling games that cannot be described by ordinary mathe- 

matical means. In this case the players do not play sequentially, following some fixed order, 

but simultaneously (i.e., in parallel). Examples for the last case are discussed in [6-8]. 

The constructed GN-model is capable of modelling a situation in which one or more 

tokens will come into an active state of “playing” (in place a2), while the other will be in 

an inactive state of “waiting” (in place a3). On the other hand, in chess both players may 
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be simultaneously thinking over the situation - one about his move to make and the other 

about the possible moves of his opponent. Therefore, the state of “waiting” can be replaced 

by the state of “active waiting” and the tokens in place a2 can obtain next characteristics 

as well. For this purpose, the tokens (all or some of them) in place a2 will circulate there 

for several time-steps, so as to obtain new characteristics. 

The tokens from place a3 would transfer either into place as if the decision is made by an 

AI algorithm, or into ag if the player is human or the decision is made by some other means 

not involving this model (for the second case, we will use the term indirectly modelled). 

If the token possesses as a characteristic an algorithm for choosing a move and a training 

algorithm, then the token enters place as. If it does not have such an algorithm or it is 

indirectly modelled, the token enters place ag. From as the token transfers into a7 and loops 

there until the last step from the algorithm for choosing a new move is accomplished. For 

example, at each step one can use the following intuitionistic fuzzy appoach 

To each node of the decision three [1] an intuitionistic fuzzy estimation of the move is 

assigned. 

aij = (thi Vij) 

where j4;,; is the degree of usefulness of the move and 1; is the degree of harmfulness of the 

move. and 1 <i < numberof possiblemoves, and 1 <j < numberof forwardinvestigatedmoves 

For this estimation, either static estimation can be used function, or it can be calculated 

on the basis of the estimations of the sub-three of the current node. It is assumed that better 

quality of the game is achieved when deeper investigation of the decision three is made. In 

that case the process of learning can be treated as finding such a static estimation function 

of the game situation that gives as close as possible an estimation to the one obtained by 

investigating the decision three. 

The composite estimation for a sub-tree can be obtained by the min-max method. It 

assumes that the opponent will play the moves with minimal estimation and the AI player 

will play those with maximal estimation. For calculating the overall IF estimation for sub 

- three we can use the following method. 

Firstly we must assign IF estimations to the leaves of the decision tree using static 

estimation function. Then from those nodes we must choose the node with minimal v 

denoted as v* if it is the opponents turn, or the node with maximal p if it is algorithm’s 

turn. Let A; = {(u,v)} is the set of estimations for all possible moves for AI player from 

y—th layer of the decision three 

O(Aj) = (u", Vv")



where 

Vil (i, V;) € A; & pu; < Le, y= V;) 

Similarly, let B; = {(,v)} is the set of estimations for all possible moves for AI player 

from j—th layer of the decision tree 

where 

Ve((pi, vi) © Aj&epu™ = pi, v* < 4%) 

The estimations of the nodes from preceding layer is obtained by operator Fy,+,«(, v) 

by means of which the uncertainty of IF estimation is decreased. 

The static estimation function can be obtained as a superposition of the estimations 

with respect to different criteria for the advantages or the drawbacks to the given move. 

These estimations are strongly related to the game rules and aims, and that is why they 

will not be discussed in the present paper. The example of the construction such functions 

for a Chess game is given in [9]. 

From a7 the token transfers to ag and the changes relevant to the process of learning 

take place during this transfer. Then, the token transfers to place ag, when the planned 

move is executed and the procedure repeats. At this moment the current game-situation 

changes again, and for this reason the G—token transfers parallelly from place b3 to place bq. 

After a certain number of steps, the game is over and the a—tokens leave the GN through 

place a4, while the 8—token leaves the GN through place bg. 

We can generalize the standard idea for a game, assuming that one or more of the players 

may participate simultaneously in several games. In this case we shall use simultaneously 

m in number $—tokens (where m is the number of the parallel games). Also, the number 

of players can vary during the game. Therefore, the capacities of the a—places can be oo, 

while the capacities of the b—places can be m. 

The GN transitions have the following forms: 

Zy = ({1, a2, dg, bi, 64}, {a2, a3, a4, b2, b3},71, Mi, G1), 
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where 

a2 a3 a4 be bs 

a,|Wi&AW3 W,&AW3, Ws false false 

a2|Wi&AW3 Wo&k-W3 W3 ~~ false false 

ag|W,&AW3; W2&-AW3 W3 ~ false false 

by false false false Wy AW, 

b4 false false false Wa AW, 

n= 

and 

W, = “the player must wait”, 

W, = “the player must play”, 

W3 = “the game for the current player is over”, 

W, = “the game is over”, 

G2 a3 4 by bg 

a|~o oo co 0 0 

M, = d2|o co co 0 0 . 

ag}co co co 0 0 

bh |}0 0 0 1 1 

b/0 0 0 1 1 

y= A(V (a1, 42, ag), V(b, b4)). 

In place a2 the tokens are assigned active state of playing and in place a3 they are 

assigned inactive state of waiting. In place a4 they are assigned the characteristic of a 

”winner” or a ”loser”. 

Z2 = ({a3z}, {a5, a6}, 72, M2, V(a3)), 

where 

where 

W; = “the player has a game algorithm”, and 

a5 a6 

Mo => 

a3] CO co 

In as they obtain the characteristic of ”an algorithm for choosing the move and a learning 

algorithm”. In place ag they do not obtain any characteristic. 
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23 = ({as, az}, {a7, as}, "3, Ms, V (as, a7)), 

where 

| az ag 

r3 = as|We 7AWs 

az W, 6 AW, 

where 

Ws, = “the game algorithm has not finished”, and 

In place a7 in the characteristic the state of the learning algorithm and the algorithm for 

choosing a new move is renewed. In the place ag the tokens obtain no new characteristic. 

L4 = ({a6, ds, bs}, {ag, ba}, ra, Ma, D4), 

where 

alg by 

dg| true false 
r= 5 

dg| true false 

b3 | false true 

ag bg 

dg|oo 0 
M, = 

ag|coo 0 

bs | 0 m 

and 

O4= A(V(a6, as), bs). 

The tokens do not obtain any new characteristic in place dg. In place 64 obtain the 

characteristic of the current game-situation. 
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Fig. 1. 
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