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Abstractτwe present a cognitively inspired mathematical learning framework called Neural 

Modeling Fields (NMF).  We apply it to learning and recognition of situations composed of 

objects.  NMF successfully overcomes the combinatorial complexity of associating subsets of 

objects with situations and demonstrates fast and reliable convergence.    

I. INTRODUCTION 

The field of Artificial Neural Networks has been dramatically expanding over the past decades (Bishop, 

1996; Haykin, 1999; Perlovsky, 2001).  Neural networks have been established as powerful tools in the 

areas of pattern recognition, function approximation, and control, to name just a few.  The latest 

expansion is mostly due to the advances in the development of efficient learning algorithms for feed-

forward and recurrent architectures.  Despite the successes, the neural networks run into serious 

limitations as the size of problems being tackled increases (Perlovsky, 2006a). 

The exponential growth of the number of data samples necessary for adequate training is one of the 

limitations.  Part of recent neural networks research has been focused on overcoming this growth by 

exploring the particularities of specific problems.   Symmetry of the problem can be exploited by 

introducing weight sharing into the network.  An example of such approach can be found in the Zip Code 

recognition task addressed in (LeCun, 1989).  Another example is the application of cellular recurrent 

neural network to a maze navigation task (Ilin et al, 2008).  These attempts exploit specific a priori 

knowledge about the problem before trying to solve it.    

Data association is another severe limitation.   The human brain is not restricted to recognizing one 

pattern at a time.   It has to recognize multiple patterns intermixed with noise.  Under such operating 

conditions the neural network has to learn to associate different subsets of the input data with different 

patterns.  The number of subsets to be considered by the network grows exponentially with the input 

size.  Preprocessing steps in image analysis such as segmentation are used to overcome this difficulty.  

However they do not offer a comprehensive solution to the fundamental problem of recognizing 

multiple patterns in noisy environments.     

In a general case, the neural networks along with many other learning paradigms such as rule based 

systems and fuzzy systems encounter the combinatorial complexity of learning.  Combinatorial 

explosion is a direct consequence of using Aristotelian logic as the foundation of all learning systems 

(Perlovsky, 1996, 1998, 2006a).       



Unlike many other neural networks the Neural Modeling Fields technique (NMF) combines the 

connectionist paradigm with a model based approach to higher level cognitive processes. It uses the 

Dynamic Logic (DL) described in (Perlovsky, 2001), which overcomes combinatorial complexity by a 

ǇǊƻŎŜǎǎ άŦǊƻƳ ǾŀƎǳŜ ǘƻ ŎǊƛǎǇέΦ   The models are initially vague and are associated with the entire input 

data set.  In the process of Dynamic Logic the models and the data associations become crisper at the 

same time.  The level of precision in the data association matches the level of precision of the models.  

At the end of the process correct associations are formed and the models are adjusted to the input data.  

The process is guided by the goal of maximizing the overall similarity between the input data and the 

internal models.   

The DL process can be described as interaction between bottom-up signals coming from the data and 

top-down signals coming from the models.   The perception and cognition are results of matching 

between top-down and bottom-up signals.  The meeting point is the realization of the abstract concept 

into a concrete perception.  From the neuro-physiological point of view, the bottom-up signal flows of 

neural activations, for example from the retina to the visual cortex, have been known for a long time.  

Also the existence of top-down flows of neural activations has been considered by neuroscientists 

(Grossberg, 1982; Schacter, 1987; Kosslyn, 1994).  In a recent study (Bar et al, 2006), it has been 

discovered that the object recognition by human subjects occurring in the temporal cortex is facilitated 

by the top-bottom signals originating in the orbitofrontal cortex. Initial top-down signals represent the 

low spatial frequencies in the image.   This supports the Dynamic Logic hypothesis that the top-down 

signals in the brain contain vague representations of the image. 

The idea of matching abstract concepts with concrete percepts can be related ǘƻ !ǊƛǎǘƻǘƭŜΩǎ ǘƘŜƻǊȅ ƻŦ 

CƻǊƳǎΦ   !ǊƛǎǘƻǘƭŜΩǎ ǘƘŜƻǊȅ ƻŦ Ƴƛnd postulates the existence of a priori Forms, which are abstract 

concepts that exist in the mind.  We are able to perceive only concrete ideas; however the Forms exist 

inside our minds, according to Aristotle.  They acquire concrete existence through experiencing the 

matter.  Aristotle emphasized that initial states of Forms, Forms-as-Potentialities, are not logical (i.e. 

vague), but their final forms, forms-as-actualities, attained in the result of learning, are logical.   This 

Aristotelian description corresponds to the Dynamic Logic process.   

The mechanism implementing the above process must be efficient not only in matching the abstract 

models to their concrete instances but also in associating various parts of the input data with its model.  

The NMF and Dynamic Logic provide a mathematical description of the process, an algorithm for 

perception of multiple patterns in the environment.  It goes on to postulate this algorithm as a universal 

mechanism of the mind (Perlovsky, 2001; Perlovsky, 2006b; Perlovsky and Kozma, 2007).  The mind is 

considered as a layered system with the models of each layer sending signals to the layer above.  The 

bottom layers in the mind hierarchy recognize objects in the outside world.   Higher layers above contain 

abstract models and recognize more abstract concepts and situations.   

Previous works have demonstrated how the NMF is utilized in perceptual tasks such as object 

recognition (Deming, 1998; Deming et al, 2007; Kozma et al, 2007; Linnehan et al, 2007; Perlovsky et 

al, 2007).   In this contribution we demonstrate how the NMF can operate on a more abstract level of 

recognizing situations involving multiple objects.  The rest of the paper is organized as follow.  Part II 



gives an overview of the NMF.  Part III extends the NMF to the problem of situation recognition.  Part IV 

describes the results of numeric simulations.  Part V provides a summary and conclusions. 

 

II.  NEURAL MODELING FIELDS (NMF) 

NMF is developed in (Perlovsky, 1987; Perlovsky & McManus, 1991; Perlovsky, 2001) as a model based 

neural network modeling perception process in the mind.  NMF finds the best match between the 

models and the data while avoiding computational complexity.   We will describe the mathematics 

behind NMF in this section.   

Let us denote the data element by xn,n=1..N. They represent bottom-up signals.  The number of models 

is denoted by H and an individual model is denoted by Mh.  We define a similarity function l(n,h), which 

indicates how well the data element xn matches the model  Mh.  The total similarity between the data 

and the models is given by the following formula. 
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Here the similarity for each data element is summed over all possible models with a weight coefficient 

r(h).  The single data element similarities for the entire input data are then multiplied together.   The 

weight parameter r(h) is interpreted as the prior class probability of the model h.  The following 

condition must hold (Perlovsky, 2001). 
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This condition is included in the total similarity by means of a Lagrange multiplier. The best match 

between the data and the models will result from maximizing the following function. 
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Here we take the logarithm of the total similarity L and add a term with a Lagrange multiplier to enforce 

the constraint (2). 



Dynamic Logic (Perlovsky, 2001) is a process of maximizing the total similarity given by (3) (or (1) in the 

general case) achieved in a special way described below.  Note that the similarity is a function of the 

ƳƻŘŜƭǎΩ ǇŀǊŀƳŜǘŜǊǎΣ ǿƘƛŎƘ ǿƛƭƭ ōŜ ŘŜƴƻǘŜŘ ōȅ {h.  Setting the gradient of the total similarity with 

respect to the parameters to zero will result in finding the (possibly local) maximum of the similarity.   In 

most cases the analytical solution is not possible.  The following iterative procedure consisting of 

repeated evaluations of equations (4) and (5) has been shown to converge to the local maximum 

(Perlovsky, 2001). 
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Model parameters are estimated by setting the gradient of the total similarity L to zero in (5).  The 

gradient is expressed using the association weight functions f(h|n) given by (4).  These functions 

themselves depend on the parameters.  The iterations over (4) and (5) converge to a (local) maximum.            

Values r(h) correspond to the frequency of occurrence of class h.  If this frequency is not known in 

advance the values r(h) can be added to the set of model parameters. It has been shown (Perlovsky, 

2001) that these quantities depend on the association weights as follows.  
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In this case the Dynamic Logic iterations will also include equation 6.  It is easy to see that (6) satisfies 

the condition (2) 



 

Figure 1 

NMF system governed by equations 4 and 5.  Three functional parts of the system are Input Data, Models, and 

Weights.    The weights f(h|n) depend on partial similarities l(n|h) between the models and the data elements.  

The model parameters Sh in turn depend on the weights forming a recurrent loop.  The simultaneous adaptation of 

weights and models is the embodiment of the process of Dynamic Logic.    

 

The functions f(h|n) are interpreted as fuzzy association weights between the models and the data 

elements.  The form of (4) makes it is clear that the sum of f(h|n) over h will always equal to 1.  When 

the data element n is correctly associated with its model h, the value of f(h|n) will be close to 1 for this 

model and close to zero for all other models.  Initially the system does not know which model the data 

element belongs to and it associates every data element with every model.  In the process of iterations 

between (4) and (5) the association functions change to result in correct data-model association.  This 

process is a mathematical description of the process of matching abstract cognitive models to concrete 

ƻōƧŜŎǘǎ ƛƴ ǘƘŜ ǿƻǊƭŘΦ   ¢ƘŜ Ŧƛƴŀƭ ǊŜǎǳƭǘ ƻŦ ǘƘŜ ǇǊƻŎŜǎǎ ƛǎ ŀ ǎŜǘ ƻŦ ƭƻƎƛŎŀƭ ǎǘŀǘŜƳŜƴǘǎ ǎǳŎƘ ŀǎ άǘƘƛǎ subset of 

the Řŀǘŀ ōŜƭƻƴƎǎ ǘƻ ǘƘƛǎ ƳƻŘŜƭέΦ  IƻǿŜǾŜǊ ƛƴ ǘƘŜ ōŜƎƛƴƴƛƴƎ ƻŦ ǘƘŜ ǇǊƻŎŜǎǎ ǘƘŜ ŜƴǘƛǊŜ Řŀǘŀ ƛǎ ŀǎǎƻŎƛŀǘŜŘ 

with each and every model.  The uniqueness of the NMF approach is in simultaneous matching of data 



to models and model adaptation.  Thus classical logic appears from vague-fuzzy concept models as a 

result of Dynamic Logic. 

The NMF is a generic biologically motivated framework.  In order to apply it to concrete problems, 

models and similarity measures specific to the task at hand need to be introduced.  Two similarity 

measures that have been used in the past are related to likelihood and information (Perlovsky, 2001).   

 

III.  NMF FOR SETS OF OBJECTS 

 

In this section the general formulation of NMF is extended to the case of learning and recognizing 

scenes from constituting objects.   We will refer to the set of objects essential for creating a meaning of 

the observed scene as a situation.  For example the presence of paved roads and tall buildings in the 

scene means that the agent is looking at an urban landscape.  The presence of tables, chairs, plates, 

forks and spoons is enough to create a restaurant situation.   The essential objects are intermixed with 

other objects that do not contribute to the meaning.  These objects play the role of noise by making 

recognition of situations difficult.     

We denote by D the total number of objects that exist in the world.  This is a large but finite number.    

The agent can perceive Np objects in the scene.   This is a much smaller number compared to D.  Each 

situation is characterized by the presence of Ns objects where Ns is smaller than Np.  The sets of objects 

that constitute different situations may overlap, with some objects being essential to more than one 

situation.  We assume that each object is encountered in the scene only one time.  This simplification is 

not essential since we can consider sets of similar objŜŎǘǎ ŀǎ ŀ ƴŜǿ ƻōƧŜŎǘ ǘȅǇŜΦ  CƻǊ ŜȄŀƳǇƭŜΣ άōƻƻƪέ ƛǎ 

ŀƴ ƻōƧŜŎǘ ǘȅǇŜ ŀƴŘ άōƻƻƪǎέ ƛǎ ŀƴƻǘƘŜǊ ƻōƧŜŎǘ ǘȅǇŜ ǊŜŦŜǊǊƛƴƎ ǘƻ ƳƻǊŜ ǘƘŀƴ ƻƴŜ ōƻƻƪΦ   LŦ ƴŜŎŜǎǎŀǊȅΣ ŀ ƴŜǿ 

object type ς άƭƻǘǎ ƻŦ ōƻƻƪǎέ - can be introduced to refer to a large collection of books as such object 

may be essential to distinguish between ǎƛǘǳŀǘƛƻƴǎ ƭƛƪŜ άƭƛōǊŀǊȅέ and άofficeέΦ 

Perception of objects can be represented as a binary vector xn = (x1 Χ ȄiΧ ȄD).  If the value of xi is one the 

object i is present in the situation and if xi is zero, the corresponding object is not present.   Since D is a 

large number, xn is a large binary vector with most of its element equal to zero. 

We introduce a situation model as a vector of probabilities ph = (pk1 ΧǇhiΧǇhD).  Here phi is the probability 

of object i being part of the situation k.  Thus a situation model contains D unknown parameters.  

Estimating these parameters constitutes learning. 

The similarity between vector xn and model ph representing a situation h is then given by the following 

formula (Duda et al, 2000). 
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We use the formula for the probability of binary vector xn as the measure of similarity between the 

binary vector and its model ph.  This expression vanishes when phi =0 or phi= 1.  In order to avoid 

numerical instabilities we impose limits on phi to always keep it above zero and below one.   

We substitute this similarity measure into (3) to obtain the total similarity for our case.  Taking the 

partial derivative of l(n|h) and substituting it into (5) can be shown to yield the following formula. 
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Setting this expression to zero we obtain the following expression for phi. 
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In the case of situation learning, this expression plays the role of equation 5 in section 2.  Equation 4 

remains the same. 

  



IV.  SIMULATION RESULTS 

 

This section presents the results of numeric experiments.  In this paper we limit our consideration to 

situation learning and recognition,   assuming that the problem of object recognition has been 

addressed. 

We set the total number of objects in the world equal to 100 (D=100).  Note that the true identities of 

the objects are not important in this simulation so we simply use object indexes varying from 1 to 100.  

The situation names are also not important and we use situation indexes.  We define 20 situational 

models and one random noise model to give a total of 21 models (H=21).  The noise model is 

represented by the model with all elements phi equal to 0.5. 

 

Figure 2 

Visualization of the binary data input for the experiments with Np=12.  The object index is shown along the vertical 

axes and the sample index along the horizontal axes.  For each column in this image, bright squares represent 

presence of an object in a sample and dark squares represent the absence of the object.  Each column contains 12 

bright squares.   The data is sorted by situation making repeated objects visible as horizontal lines. 

 



The data is generated by first randomly selecting 10 groups of Ns objects, allowing some overlap 

between the groups.   Next we add Np  - Ns more randomly selected objects to each group.  We also 

generate 10 more groups of Np randomly selected objects to model random perceptions that do not 

correspond to repeated situations.  We generate 25 data samples for each situation resulting in the total 

of 500 data samples.  The input data is visualized in Figures 2 and 3 for the case of Np=12.   The samples 

in Figure 2 are sorted by the situation index.  Since samples from the same situation are located next to 

each other on the plot, the bright spots form horizontal lines corresponding to repeated objects.  After 

the samples are randomly permuted in Figure 3 the lines disappear.  The NMF system can quickly learn 

the locations of the horizontal lines as we will demonstrate below. 

 

 

Figure 3 

Visualization of the binary data input for the experiments with Np=12.  The object index is shown along the vertical 

axes and the sample index along the horizontal axes.  For each column in this image, bright squares represent 

presence of an object in a sample and dark squares represent the absence of the object.  Each column contains 12 

bright squares.   The samples are presented in random order making visual identification of repeated objects 

impossible. 

 


