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Abstract.    A nonlinear mathematical model of  pattern perception is presented, which describes stepwise transitions  
of the internal perception model from one pattern sketch to another in the course of the solution of purpose-oriented  
problems. A series of sketches of different generality for an arbitrary pattern are uniquely formed on the basis of an  
inductive recurrent scheme of limiting generalizations, which is based on a complete system of iterating contractive  
mappings. The limit of generalization is finite sketches, i.e. sketches that vanish on application of any of the iterating  
mappings. Different patterns are compared starting with finite sketches. If the sketches at the last level of the patterns  
under comparison coincide,  the  comparison  is  continued  at  the last  but  one  level,  and so on,  until  a  solution is  
obtained. A program that illustrates this approach is developed.
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1 Introduction 

Jeff Hawkins in his book [1] writes that recollections should be kept in invariant form so that a knowledge of past 
events could be applied to new situations, which are similar to, but not identical with the past. According to him, the 
cortex is organized as a repetitive hierarchy, and the brain “draws” answers to problems from the memory rather than 
“computing” them. The model of intelligence proposed by Jeff Hawkins has been termed “memory – prediction”. 

Daniel Dennett has proposed the «model of multiple sketches»,  according to which mental activity in the brain 
proceeds  in  the  form  of  parallel  and  crossing  processes  of  selection,  revision  and  interpretation  of  the  sensory 
information being perceived [2]. Each interpretation is hypothetical and can instantly give place to another one which is 
more adequate to the real  situation. Yu. Valkman also considers the synthesis and analysis  of pattern series in the 
knowledge base to be the critical component. Without implementing these operations in computer technologies, creative 
thinking can hardly be simulated [3].

This paper presents a model of automatic formation of abstract, hierarchical systematized internal information on 
the most essential general features of a pattern. The model is based on generalization–abstracting iterations. 

2 Multilevel Pattern Sketches

Let U be an infinite N-dimensional universe made up of uniform discrete elements u containing codes  u. All or 
nearly all elements of U belong to the background. A finite number of elements of U may belong to a pattern О. Thus 
each element of the universe contains either the background code (u = f), or a code of the pattern O. The pattern codes 
correspond to a certain characteristic of the pattern and belong to an alphabet L. The number of the pattern elements is |
O|.

Let  us introduce an observer using a local system of coordinates fixed to the pattern O. If  the local system of 
coordinates can be introduced in a number of ways, one of them is selected. Different patterns will be considered as 
identical if they coincide in the local system of coordinates.  

Pattern sketches, finite sketches, system of iterating contractive 
mappings, principle of limiting generalizations
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Let  us introduce  a set  of  contractive  mappings  {T: U  → U}.  The mappings T can change the codes of  some 
elements of the universe U (in local systems of coordinates prior to and after the transformation). Let T(O) be the set of  
elements of U other than the background obtained by the transformation T of U containing the pattern O. The set T(O) 
will be called a sketch. The original pattern О is a sketch too. Let T satisfy four conditions:

1) if no sketch  P is present, then T(U) ≡ U;

2) if a sketch P is present, then  T is fixed to the local system of coordinates of the sketch;

3) ∀u ∈ T(P), u ∈ L;

4) | T(P)| < |P|.

The mappings T∈{T} differ from one another both in the contraction coefficient and in the affixment to the local 
system of coordinates. Some mappings T can be classed as generalization–abstracting operations. 

Let us select from the set {T} a subset of generalization–abstracting mappings {T}’ that have the same contraction 
scheme (contraction coefficient) and differ only in the affixment to the local system of coordinates of a sketch. Let us 
assume that the number of different affixments is finite, and thus {T}’ can be the full set of contractive single-type 
generalization–abstracting mappings. In what follows, without loss of generality, {T}’ will be identified with {T}.

Assume that a primary pattern O is given and {T} is fixed. The primary pattern will be considered to be a 0th-layer 
sketch F0. Sketches of the next layers will be constructed by induction: 1st-layer sketches

F1 = ∪T∈ {T} T(O);                                                                           (1)

(k+1)th-layer sketches 

Fk+1 = ∪T∈ {T} T(Fk),                                                                        (2)

where Fj is the set of all sketches of the j-th  layer, and T(Fj) is the application of the mapping T to each of the 
sketches of the j-th layer.

It is easy to see that for any pattern O ∃ K: FK ≠ ∅, but FK+1 = ∅. The proof follows from the finiteness of the pattern 
and the condition (4) the mappings must satisfy. 

The number K(O) is a constant of the pattern O (at fixed {T}). The last layer FK is made up only of finite sketches, 
i.e. sketches that “vanish” on application of any T∈{T}, i.e. if P is a finite sketch, then  ∀ T∈{T}, |T(P)| = 0. Finite 
sketches may be present in other layers too. Let FS(O) be the set of all differing finite sketches. If F1 = ∅, then K(O) = 
0 and FS(O) ≡ O, i.e. the set FS(O) cannot be empty.

Finite sketches are attractors of the iterative process of generalization–abstracting of any pattern. Arbitrary sketches 
may play the role of internal codes of different layers of generalization–abstracting for the primary pattern O. The level 
of generalization–abstracting of a sketch P is determined by the layer number: level(P). Note that a sketch can belong to 
different layers: ∀P → {level(P)}. High-level sketches are invariant with respect to a multitude of details. 

The pattern constants other than K(O) are the total number of sketches in all layers Kp(O), the number of unique 
sketches and the number of sketches in each layer. 

A series of sketch layers can be represented as an oriented sketch graph G(O). Two sketches are connected with a 
rib if one changes to the other on generalization–abstracting (on application of one of the mappings {T}). Note that for 
any sketch P∈G(O) the graph G(P) is similar to the graph G(O). Thus the graph G(O) may be an exact fragment 
(subgraph) of the pattern graph constructed for a more detailed pattern. 

Moving in the graph  G(O) from more general sketches to more detailed ones makes it possible to implement the 
prediction and replacement of patterns in the process of cognition. When a pattern is replaced with another, intelligence 
“makes up” for missing information. Predictions are the primary function and foundation of intelligence [1].

3 Cognitive model of pattern recognition 

The cognitive model of pattern recognition is based on several schemes. 

Scheme 1 uses pattern constants (K(O), Kp(O), and others). Let patterns {O’} with known constants be stored in a 
database. It is desired to classify an input pattern O for which all constants or part thereof, i.e. K(O) can be calculated. 
A pattern O’ whose constants coincide with the known constants of the pattern O is taken as the solution. Thus a bus 
and a car can only be distinguished based on the comparison K. A man uses a similar principle when recognizing 
distant objects. 
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In scheme 2, pattern comparison starts with the last layer in the sketch series of each pattern. If  the sketches of 
patterns O and O’ in the last layer fully coincide, then the similarity measure Sim1(O,O’) = 1, otherwise Sim1(O,O’) = 0. 
If  Sim1(O,O’)  = 1, then the sketch sets of the last but one layer are compared: if the sets fully coincide,  then the 
similarity measure Sim2(O,O’) = 1, otherwise Sim2(O,O’) = 0, and so on. If the patterns differ, there exists level k+1 
such that Simk(O,O’) = 1 but Simk+1(O,O’) = 0. In this case the patterns O and O’ will be said to have the k-th similarity 
measure.

In a modified version of scheme 2, pattern comparison starts with the sets of finite sketches FS. If the finite sketches 
coincide, a parallel motion (along al arcs) is performed in a backward direction along the arcs of the oriented graphs of 
each pattern until differing sketches are found. 

Scheme 3 is based on scheme 2 on condition that all codes in the sketches are replaced with a distinguished code. 
This replacement allows one to identify structurally similar objects. In this case the patterns O and O’ will be said to 
have the k-th degree of structural  similarity.  Patterns that differ  only in color gamut have the maximum degree of 
structural similarity. 

If it is desired to restore a pattern O for which only some sketches {P} are known (e.g. the last layers of the sketch 
series), then a set {O’} such that ∀O’, {P}∈ G(O’) is taken as the solution.

By  analogy  with  the  method  of  limiting  generalizations  [4],  we  can  formulate  the  problem  of  limiting 
generalization–abstracting of patterns:

Given: {O}. Desired: to find for any O∈{O} sketches {P}O   such that:

1) {P}O ⊂ G(O);

2) ∀O’ ∈{O} & O’ ≠ O ⇒ ¬ ({P}O ⊂ G(O’));

3) ∀P∈{P}O ⇒ ¬ (∃P’∈{P}O: max level(P’)  > max level(P)).

This problem allows one to find the invariant  codes of patterns which have the maximum level  of generalization–
abstracting. A program that solves this program automatically has been developed. 

When intelligence interacts with reality, a huge number of predictions (which develop beyond comprehension) are 
realized on the basis of {G(O)}. But when a pattern whose sketches are lacking comes, the prediction is affected, and 
the error attracts attention [1].

4 Inductive Recurrent Scheme

Suppose we have an infinite field made up of identical squares. Each square has a definite color. Let two colors be  
distinguished: a background color and an indefinite color. Without a pattern, all squares are of the background color. An 
arbitrary graphic pattern O is a finite set of squares whose color is other than the background. Let us define a grid that 
consists of macromeshes of size M×L squares each. The total number of squares in a mesh is N = M×L. There exist 
precisely N independent arrangements of the grid. The i-th arrangement, i = 1,…,N, corresponds to a mapping Ti.

The scheme of iterative generalization-abstracting Σ[N:P] is as follows.

1. When generalizing in the framework of any Ti, the set of the squares of each mesh is transformed into a square of 
the next-level sketch, and its color is determined as follows: if P squares of the mesh are of like color (which may be the 
background color), the square of the new sketch takes the same color, otherwise it takes the indefinite color.

2. All mappings Ti (i=1,…,N) are applied to the original pattern. As a result, N first-layer sketches are formed. We 
leave only differing sketches in the first layer and apply all mappings Ti (i=1,…,N) to each of them to obtain second- 
layer sketches. Then we leave only unique sketches in the second layer. The iterative process is repeated until no sketch 
is found in some step.

Some sketches for the original pattern “umbrella” are shown in Fig. 1 (scheme Σ[4:3], K(O) = 6, Kp(O) = 62).

An example of a sketch graph is shown in Fig. 2.

5 Conclusions 
According to the proposed model, the problem of recognition and multilayer classification of reality in the process of 
perception  understood  in  a  broad  sense  reduces  to  a  relatively  simple  strategy  based  on  an  iterative  system  of 
generalizing  transformations  of  any  pattern.  It  should  be  noted  that  the  proposed  strategy  features  a  low  error 
probability. 
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Fig. 1. Fragments of sketches in different layers.

Fig. 2. Example of a sketch graph. The black node is the original pattern. 
The finite sketches are marked in red.  К=4.
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