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Abstract we presenta cognitively inspired mathematical learning frameworalled Neural
Modeling FielddNMF) We apply itto learning and recognitiorof situations composed of
objects NMF successfully overcomes the combinatorial complexityaesociating subsets of
objects with situationsand demonstrates fast and reliableooivergence.

[. INTRODUCTION

The field of Artificial Neural Networks has been dramatically expanding ovpasielecadeg¢Bishop,
1996;Haykin, 1999; Perlovsky, 200Neural networks have beegstablishedas powerful tools in the
areas of patterrrecognition, function approximation, and control, to name just a f8ke latest
expansion is mostly due to the advances in the development of efficient learning algorithms for feed
forward and recurrent architecturedDespite the successes, the neurahworksrun into serious
limitations as the size of problems being tackiecreases (Perlovsky, 204)6

The exponential growth of the number of data samples necessary for adequate training is one of the
limitations. Part ofrecentneural networks resealchas been focused on overcomitigs growthby

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
recogntion task addressed in (LeCun, 1989). Another example is the application of cellular recurrent
neural network toamaze navigation task (llin et al, 2008). These attempts exploit specific a priori
knowledge about the problem before trying to solve it.

Data association is another severe limitatiomhe tuman 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 asite different subsets of the input data with different
patterns. The number of subsets tme consideredy the network grows exponentially with the input
size. Preprocessing steps in image analysis such as segmentation are used to overcome thfg.diffic
However they danot offer a comprehensive solution to the fundamental problem of recognizing
multiple patterns in noisy environmesit

In a general casehé neural networls along with many other learning paradigms such as rule based
systems anduzzy systems encounténe combinatorial complexity adearning. Combinatorial

explosion is a direct consequence of using Aristotelian logic as the foundation of all learning systems
(Perlovsky1996,1998,2006g).



Unlike many other neural networks tideural Modeling Fields techniqusf{lH combinesthe
connectionist paradigm wita model based approach taigher level cognitive processdsusesthe
Dynamic Logi(DL)described in (Perlovsky, 200Whichovercomescombinatorial complexity bg

LIN2E OS&da a7FNRY Thd malezSare iniallyvagliedahdéae associated with the entire input
data set. In the process of Dynamic Logic the models and the data associations becometdtigper a
same time. The i&l of precision in the data association matches the leverefision 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 overdlbsity between the input data and the
internal models.

The DL process can be described as interaction between batfpsignals coming from the data and
top-down signals coming from the model§he perceptiomand cognition areesults of matching

between topdown and bottomup signals.The meeting point is the realization of the abstract concept
into aconcrete perception.From the neurephysiological point of view, thedttom-up signalflows of
neural activations, for example from the retina to thisual cortex, have been known for a long time.
Alsothe existence of toglown flows of neural activations Isbeen corsideredby neuroscientists
(Grossberg, 1982; Schacter, 1987; Kosslyn,)1984 recent study (Bar et al, 2006), it has been
discoveredhat the object recognition by human subjects occurring in the temporal cortex is facilitated
by the topbottom signals originating in the orbitofrontal cortelitial top-down signalsepresent the

low spatial frequencies in the imageT hissupports theDynamic Logibypothesis that the toglown
signals in the brain contain vague representations of the image.

The idea of matching abstract concepts with concrete percepts caelbed(i 2 ! NAa G20t SQa
C2NXY&d I NRA &niddastil8e’ the akisteP@ N prdrFFonid, 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 througtieegiey the

matter. Aristotle emphasized that initial states of Forms, Foam®otentialities, are not logical (i.e.

vague), but their final forms, forrmas-actualities, attained in the result of learning, are logic@his
Aristotelian description avesponds 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 NMFand Dynamic Logic providemathematical description of the procesan algorithm for
perceptionof multiple patterns in the environmentlt goes on to postulate this algorithm as a universal
mechanism of the min¢Perlovsky, 200Perlovsky, 2006tPerlosky and Kozma, 20Q7he mind is
considered as a layered system with thedelsof each layesending signals to thiayerabove. The

bottom layersin the mind hierarchy recognizebjects in the outside world.Higherlayers above contain
abstractmodds and recognize more abstract concepts and situations.

Previous works have demonstrated how tNBIF is utilized in perceptual tasks such as object
recognition(Deming, 1998; Deming et al, 2007; Kozma et al, 200iheharet al, 2007 Perlovskyet
al, 2007. In this contribution we demonstrate how ttNMF can operate oamore abstract level of
recognizing situationsmvolving multiple objectsThe rest of the paper is organized as follow. Part Il



gives an overview of thMF. Part Il exteds theNMF to the problem of situation recognition. Part IV
describes the results of numeric simulations. Pgpotaidesa summary and conclusions

[I. NEURAL MODELING FIELDS (NMF)

NMF is developed i(Perlovsky, 198 Perlovsky & McManyd4991;Perlovsky 2001)as a model based
neural networkmodeling perception process in the minbllIMFfindsthe best match between the
models and the datavhile avoiding computational complexityWe willdescribethe mathematics
behind NMF in this section.

Let us denote the data element by,x=1..N.They represent bottoraup signals The number of models
is denoted by H and an individual model is denoted hy We definea similarity function I(n,h), which
indicates how well the data element matches themodel M, The total similarity between the data
and the models is given by the following formula.

Lk {MD) =X r(hi(nih) 1

n=l h=1

Here the similarity for each data element is summed over all possible models with a weight cdefficien
r(h). The single data element similarities for the entire input data are then multiplied togethiee.

weight parameter r(h) igterpreted as the prior class probability of the model h. The following
condition must holdPerlovsky, 2001)

H

dr(hy=1 @)

h=1

This condition is included in the total similarity by meana bagrange multipliefThe best match
between the data and the models will result from maximizimg following function.

LL = iln [ir(h)l (n| h)} ﬂ(ir(h) —1j @A)

n=1 h=1 h=1

Here we take the logarithm of the totaimilarityLand add a term with a Lagrange multiplier to enforce
the constraint ).



Dynamic Logi¢(Perlovsky, 2001% a process of maximizing the total similarity given®ydr (1) in the
general casgachieved in a special way described beldvote that the similarity is a function of the
Y2RSf aQ LI NI YSGSNERESI gSktinGie gradient bf the Btal BirSilgrgyivithR 6 &  {
respect to the parameters to zero will rdsin 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 agéquations 4) and b) has been shown to converge to the localxinaum

(Perlovsky, 2001)
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(4)

if(hln)—alné(sr:lh)w:sn (5)

Model parameters are estimated by setting the gradient of the total similarity L to zgf).inThe
gradient is expressed usitige association weight functions f(h|n) given B)).(These functions
themselves depend on the parameterfhe iterations over4) and 6) converge to a (local) maximum.

Values r(h) correspond to the frequency of occurrence of class hs fréguency is not known in
advance the values r(h) can be added to the set of model parametéasstieen shown(Perlovsky,
2001)that these quantitieslepend on the association weights as follows.

N
> f(hn)
r(hy="=t— (6
(h) N (6)
In this case the Dynamimgic iterations will also include equationIis easy to see that (6) satissie
the condition (2)
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Figure 1

Weights. Theweights f(h|n) depend on partial similarities I(n|h) between the models and the data elements.

The model parameters,$ turn depend on the weights forming a recurrent loop. The simultaneoustatiap of

weights and models is the embodimenttbe process of Dynamic Logic.

The functions f(h|n) are interpreted as fuzzy association weights between the model$anicdta
elements. The form of} makes it is clear that the sum of f(h|n) ovemlill 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 belomys to and it associates every data element with every model. In the process of iterations

between(4) and 6) the association functions change to result in correct datalel association. This

process is a mathematical description of the process of niagchbstract cognitive models to concrete
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to modekand model adaptation Thus classical logic appears from vafurry concept models as a
result of Dynamic Logic.

TheNMF is a generic biologicalinotivated framework. In order to apply it to concrete problems,
models andsimilarity measures specific to the task at hand need to be introduced. Two similarity
measures that have been used in the past@lated tolikelihood andnformation (Perlogky, 2001).

I1l. NMF FOR SETS OF OBJECTS

In this section the general formulation of NMF is extended to the cak=aoiing and recognizing

scenes from constitutingbjects We will refer to the set of objects essential for creating a meaning of
the observedsceneasa 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 creaeestaurantsituation. 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 byD the total number of objects that exist in the webrl This is a large but finite number.

Theagent can perceive Jdbjects in the scene. This is a much smaller number compared to D. Each
situationis characterized by the presence of dbjects where Nissmaller thanN,. The sets of objects

that constitute different situationsnayoverlap, 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 essentiakince we cawonsider sets of similardBjOiia +a + yS¢ 202S0G GeLSo
'y 2062S0i0 (GeLS IyR dao6221a¢é¢ Aa Fy20KSNJ 2062800 GeLlsS
objecttypeca f 2 1 & 2 dan b hiofluded to refer to a large collection of books as sugtbb

may be essentidb distinguish betweer A ( dzI (G A 2 y dandicoffiteS ®d f A 6 NI NEB £

Perception obbjectscan be represented as a binary vectpexx X XE p)E If the value ofjis one the
object i is present in the situation and jfixzero, thecorresponding object is not present. Since D is a
large number, xis a large binary vector with most of its element equal to zero.

We introduce a situation model as a vector of probabilitigs ;. X kX Lkd). Here pis the probability
of object ibeing part of the situation k. Thus a situation model contains D unknown parameters.
Estimating these parameters constitutes learning.

Thesimilarity betweervector x and model prepresenting a situation h is then given by the following
formula(Dudaet al, 2000)

D
I(n[h) = prol(x, |h) =] | pi(1- P


http://www.amazon.com/exec/obidos/search-handle-url/ref=ntt_athr_dp_sr_1?%5Fencoding=UTF8&search-type=ss&index=books&field-author=Richard%20O.%20Duda

We use the formula fothe probability ofbinary vector xas the measure of similarity between the
binary vector and its modekp This expression vanishes whapn=0or p,=1. In order to avoid
numerical instabilities wenpo< limits on p, to always keep it above zero and belowne.

We substitute this similarity measure into (3) to obtain the total similarity for our cdsking the
partial derivative of(n|h) and substituting it into (5¢an be shown to yield the following formula.
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Setting this expressh to zero we obtain the following expression fuy.

> f(hinx,
Pu="—— ©
> f(hin

In the case of situation learning, this expression plays the role of equatiogestion 2. Equation 4
remains the same.



V. SIMULATION RESULTS

This section presents the resutiEnumeric experimentsin this paper we limit our consideration to
situation learning and recognition, assuming ttie problemof object recognitiorhas been

addressed.

We set the total number of objects in the wordjual 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 indéXkesdefine 20 situatinal

models and one random noise model to give a total of 21 mg@t21) The noise model is

represented by the model with all elementg@qual to 0.5.
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Figure 2
Visualization of the binary data input for the experiments viNj¥12. The object index is shown along the vertical

axes and thesampleindex along the horizontal axes. For each column in this image, bright squares represent
presence of an object ingampleand dark squares represent the absence of the object. Each column contains 12
bright squares. The data is sorteddipiation making repeated objects visible as horizontal lines.



The data is generated by first randomly selecting 10 groupg albjects, allowing some overlap

between the groups. Next we adg NN; more randomly selected objects to each group. We also
generate 10 more groups of,Kandomly selected objects to model random perceptions that do not
correspond to repeated situations. &\yenerate 25 data samples for each situation resulting in the total
of 500 data samples. The input data is visualized urés3@ and 3 for the case ™,=12. The samples

in Figure2 are sorted by the situatiomdex Since sampgdrom the same sitation are located next to
each other on the plot, the bright spots form horizontal lines corresponding to repedigdts. After

the samples are randomly permuted in FigGrhe lines disappearTheNMF system can quickly learn
the locations of the harontal lines as we will demonstrate below.

Figure 3
Visualization of the binary data input for the experiments wit}¥®. The object index is shown along the vertical

axes and thesampleindex along the horizontal axes. For each column in this image, bright squares represent
presence of an object ingampleand dark squares represent the absence of the object. Each column conains 1
bright squares. The samples are presented in randomder making visual identification of repeated objects
impossible.



