AFRL-RY-HS-TR-2011-0016

Computational Intelligence Applications for Defense

Leonid I. Perlovsky
AFRL/RYHE

80 Scott Drive
Hanscom AFB , MA 01731

18 February 2011

Final Report

APPROVED FOR PUBLIC RELEASE; DISTRIBUTION UNLIMITED

AIR FORCE RESEARCH LABORATORY
Sensors Directorate

Electromagnetics Technology Division

80 Scott Drive

Hanscom AFB MA 01731-2909




NOTICE AND SIGNATURE PAGE

Distribution: Unlimited, Statement A

NOTICE

USING GOVERNMENT DRAWINGS, SPECIFICATIONS, OR OTHER DATA
INCLUDED IN THIS DOCUMENT FOR ANY PURPOSE OTHER THAN GOVERNMENT
PROCUREMENT DOES NOT IN ANY WAY OBLIGATE THE US GOVERNMENT. THE
FACT THAT THE GOVERNMENT FORMULATED OR SUPPLIED THE DRAWINGS,
SPECIFICATIONS, OR OTHER DATA DOES NOT LICENSE THE HOLDER OR ANY
OTHER PERSON OR CORPORATION; OR CONVEY ANY RIGHTS OR PERMISSION
TO MANUFACTURE, USE, OR SELL ANY PATENTED INVENTION THAT MAY
RELATE TO THEM.

THIS TECHNICAL REPORT WAS CLEARED FOR PUBLIC RELEASE BY THE
ELECTRONICS SYSTEMS CENTER PUBLIC AFFAIRS OFFICE FOR THE AIR FORCE
RESEARCH LABORATORY ELECTROMAGNETICS TECHNOLOGY DIVISION AND
IS AVAILABLE TO THE GENERAL PUBLIC, INCLUDING FOREIGN NATIONALS.
COPIES MAY BE OBTAINED FROM THE DEFENSE TECHNICAL INFROMATION

CENTER (DTIC) (http://www.dtic.mil)

AFRL-RY-HS-TR-2011-0016 HAS BEEN REVIEWED AND IS APPROVED FOR
PUBLICATION IN ACCORDANCE WITH ASSIGNED DISTRIBUTION STATEMENT.

J@A«L

LE ONID 1. PERLOVSKY
Senior Physicist
Electromagnetic Scattering Branch

BERTUS WEIJERS
Branch Chief
Electromagnetic Scattering Branch

‘Robit V. e Hahan

ROBERT V. McGAHAN
Technical Communication Advisor
Electromagnetics Technology Division

This report is published in the interest of scientific and technical information exchange and does
not constitute the Government’s approval or disapproval of its ideas or findings.




Form Approved
REPORT DOCUMENTATION PAGE OMB e 188

The public reporting burden for this collection of information is estimated to average 1 hour per response, including the time for reviewing instructions, searching existing data sources,
gathering and maintaining the data needed, and completing and reviewing the collection of information. Send comments regarding this burden estimate or any other aspect of this collection of
information, including suggestions for reducing the burden, to Department of Defense, Washington Headquarters Services, Directorate for Information Operations and Reports (0704-0188),
1215 Jefferson Davis Highway, Suite 1204, Arlington, VA 22202-4302. Respondents should be aware that notwithstanding any other provision of law, no person shall be subject to any
penalty for failing to comply with a collection of information if it does not display a currently valid OMB control number.

PLEASE DO NOT RETURN YOUR FORM TO THE ABOVE ADDRESS.

1. REPORT DATE (DD-MM-YYYY) | 2. REPORT TYPE 3. DATES COVERED (From - To)
18-02-2011 FINAL REPORT 1 OCT2006- 30 SEP2010
4. TITLE AND SUBTITLE 5a. CONTRACT NUMBER
ComputationalntelligenceApplicationsfor Defense N/A
5b. GRANT NUMBER
N/A
5c. PROGRAM ELEMENT NUMBER
61102F
6. AUTHORI(S) 5d. PROJECT NUMBER
Leonidl. Perlovsky 2311
Ge. TASK NUMBER
HE
5f. WORK UNIT NUMBER
03
7. PERFORMING ORGANIZATION NAME(S) AND ADDRESS(ES) 8. PERFORMING ORGANIZATION
. . REPORT NUMBER
ElectromagnetiScatteringBranch
Air ForceResearch.aboratory Sensordirectorate AFRL-RY-HS-TR-2011-0016
80 ScottDrive
HanscomAFB, MA 01731-2909
9. SPONSORING/MONITORING AGENCY NAME(S) AND ADDRESS(ES) 10. SPONSOR/MONITOR'S ACRONYM(S)
Electromagnetic§echnologyDivision SC:437490 AFRL-RY-HS
Sensordirectorate
Air ForceResearch.aboratory 11. SPONSOR/MONITOR'S REPORT
80 ScottDrive HanscomAFB, MA 01731-2909 NUMBER(S)
N/A

12. DISTRIBUTION/AVAILABILITY STATEMENT
PUBLIC RELEASE- ESCPUBLIC APPROVAL 66ABW-2011-0895

13. SUPPLEMENTARY NOTES
N/A

14. ABSTRACT

This reportreviewsthe prioritiesanddiscussesognitivealgorithmsresultingin breakthroughin defenseapplicationsandmaking
progresdowardachievingAF goals.The mathematicalechnique®f dynamiclogic andneuralmodelingfields modelaspect®f the
functionality of the mind: perceptiongcognition,andhighercognitivefunctions.This leadsto a significantimprovementn classical
signalprocessingpplicationsjncludingdetectionfracking,andfusionin noiseandclutter,makingautonomousituational
awarenespossible Thefirst partof this reportdescribegpastdifficulties, why theseproblemshavenot beensolvedfor decadesand
thegist of the currentapproacheslhe secondoartof this reportaddressetitureresearcltirections:theaugmentatiomf human
performancehroughimprovementsn man-machinénterfacesThis includesmodelingof languagenteractingwith cognition.In
future systemscomputerawill learnfrom humansandhumanswill operatemachinedy languageandthoughts..

15. SUBJECT TERMS
Cognitivealgorithms dynamiclogic, neuralmodelingfields

16. SECURITY CLASSIFICATION OF: 17. LIMITATION OF [18. NUMBER [19a. NAME OF RESPONSIBLE PERSON
a. REPORT |b. ABSTRACT | c. THIS PAGE ABSTRACT SEGES LeonidPerlovsky
U U U uu 8 19b. TELEPHONE NUMBER (/nclude area code)

Standard Form 298 (Rev. 8/98)
Reset | prescribed by ANSI Std. 239.18



Table of Contents

R L30T 1017 5[ ) & 1
2. Past difficulties: complexity and logic...........covveiiiiiiiiii e 3
3. Cognitive mechanisms: mathematical models and experimental evidence..................... 4
4. Applications of DL-NMF to classical previously unsolved problems........................... 7
5. Cognition and lan@UaZe. ........ouuiniiiet ittt 13
6. CONCIUSIONS. . .. ettt e e e e 18

i



List of Figures

Fig.1. An example of NMF-DL perception of ‘smile’ and ‘frown’ objects in clutter in 2-dimensional
space: (a) true ‘smile’ and ‘frown’ patterns are shown without clutter; (b) actual image available for
recognition (signal is below clutter, S/C ~ 0.5); (c) an initial fuzzy blob-model, the fuzziness corresponds
to uncertainty of knowledge; (d) through (h) show improved models at various iteration stages (total of 22
iterations). The improvement over the previous state of the art is 7,000% in S/C........................ 8

Fig. 2. Joint detection and tracking of objects below clutter using NMF-DL: (a) true track positions in 1
km x 1 km data set; (b) actual data available for detection and tracking. Evolution of the NMF-DL is
illustrated in (c)—(h), where (c) shows the initial, uncertain model and (h) shows the model upon
convergence after 20 iterations. Converged models are close to the truth (a)................cooooiiiiiiiii. 9

Fig.3. Illustrates NMF-DL joint detection, tracking, and fusion of sensors from 3 platforms. The figure
shows for each sensor: four true tracks, 1 scan, where targets are not seen under clutter, and several
iterations of DL. In this case targets cannot be detected from a single sensor, therefore joint fusion,
tracking, and detection have to be performed concurrently. In addition, GPS does not give enough
accuracy for triangulation, therefore, relative target localization has to be performed concurrently with

101 113 03 (6T o1] 1 7.0 10

Fig. 4. Learning situations; white dots show present objects and black dots correspond to absent objects.
Vertical axes show 1000 objects, horizontal axes show 10 situations each containing 10 relevant objects
and 40 random ones; in addition there 5000 “clutter” situations containing only random objects. Fig. 4a
shows situations sorted along horizontal axis, hence there horizontal lines corresponding to relevant
objects (the right half contains only random noise). Fig 4b shows the same situations in random order,
which 100ks 1iKe random NOISE. .. .......ueuiei e 11

Figure 5. (a) shows DL initiation (random) and the first three iterations (Fig. 5a); the vertical axis shows
objects and the horizontal axis shows models (from 1 to 20). The problem is approximately solved by the
third iteration. This is illustrated in Fig 5b, where the error is shown on the vertical error. The correct
situations are chosen by minimizing the error. The error does not go to 0 for numerical reasons as
QISCUSSEA 1N [50] .. ettt e e 12

Fig. 6. Parallel hierarchies of language and cognition consist of lower level concepts (like situations
consist of objects). A set of objects (or lower level concepts) relevant to a situation (or higher level
concept) should be learned among practically infinite number of possible random subsets (as discussed,
larger than the Universe). No amount of experience would be sufficient for learning useful subsets from
random ones. The previous section overcame combinatorial complexity of learning, given that the
sufficient information is present. However, mathematical linguistic theories offer no explanation where
this information would come from. ... ... ..ot 15

il



1. Introduction

Every decade the Department of Defense determines its technical challenges for the next
10 to 20 years. The top Air Force (AF) priorities identified in 2010 allocate a prominent role to
computational intelligence. This article reviews those priorities and discusses cognitive
algorithms resulting in breakthroughs in defense applications, and making progress toward
achieving the AF goals. The mathematical techniques of dynamic logic and neural modeling
fields model aspects of the functionality of the mind: perception, cognition, and higher cognitive
functions. This leads to a significant improvement in classical signal processing applications,
including detection, tracking, and fusion in noise and clutter, making autonomous situational
awareness possible. The first part of this paper describes past difficulties, why these problems
have not been solved for decades, and the gist of the current approaches. The second part of this
paper addresses future research directions: the augmentation of human performance through
improvements in man-machine interfaces. This includes modeling of language interacting with
cognition. In future systems, computers will learn from humans, and humans will operate
machines by language and thoughts.

The 2010 report “Technical Horizons” by the Chief Scientist of the US Air Force
analyzes many details of the technical challenges faced by the Air Force over the next 20 years
[1]. Among three most essential focus areas, the first two identify a need for autonomous
systems and augmentation of human performance. The most important technologies include the
need for processing of the overwhelming amount of signals collected by diverse sensors.

The brain works better than computers. Therefore, computational intelligence attempts to
model brain mechanisms and to apply these models to developing cognitive algorithms, which

would bring computer system performance closer to the performance of the brain-mind [2].



These attempts began in the 1950s, and the first designers of computational intelligence were
sure that soon computers would overtake human intelligence. Yet modeling the brain-mind
turned out to be much more challenging than expected. Computers still cannot do what is easily
done by children and animals. The Chief Scientist of the Air Force has identified the improving
of computer abilities as the most important technical horizon for USAF research over the time
span 2010-30. Section II discusses specific mathematical reasons, which made computational
intelligence a far more difficult problem than originally expected. We also touch on fundamental
psychological mechanisms that have diverted outstanding scientists from looking in promising
directions to solve these problems.

Experimental neuroimaging and cognitive neuroscience discovered several fundamental
principles of the brain-mind organization. Among these are interactions between bottom-up and
top-down signals [3,4,5,6], a theory of instincts and emotions [7], the knowledge instinct and
aesthetic emotions [8,9,10,11,12,13] extending the previous reference [7] to higher cognitive
functions, and to mechanisms of “vague-to crisp” transformation of initially vague and
unconscious states of top-down projections [14]. Section III describes these experimental
findings, mathematical models of these processes, dynamic logic (DL), neural modeling fields
(NMF), and their fundamental role in overcoming past difficulties as discussed in the previous
section.

Section IV describes applications of DL-NMF to classical signal processing problems,
detection, tracking, and fusion of sensor signals from multiple platforms in strong clutter. These
problems have not been solved for decades. Also autonomous learning of situations is addressed,
which is a problem of the next level of complexity. Section V addresses an emerging engineering
problem of learning language, and interaction between language and cognition. This is crucial
for the augmentation of human performance through the improvement of the human-computer

interactions. Section VI discusses future research and development directions.



2. Past difficulties: complexity and logic

The perception and cognition abilities of computers still cannot compete with those of
kids and animals [15]. Most algorithms and neural networks suggested since the 1950s for
modeling perception and cognition, as discussed in [16,17,18,19], faced the difficulty of
combinatorial complexity (CC). Rule systems of artificial intelligence in the presence of
variability have grown in complexity: rules have become contingent on other rules, and rule
systems faced CC. Learning algorithms and neural networks have to be trained to understand not
only individual objects, but also combinations of objects, and thus, faced CC of training. Fuzzy
systems required a fuzziness level to be set appropriately in different parts of the systems, also
degrees of fuzziness vary in time, and attempts to select efficient levels of fuzziness would lead
to CC.

These CC difficulties were related to Godelian limitations of logic; they were
manifestations of logic inconsistency in finite systems [8,20]. Even approaches designed
specifically to overcome logic limitations, such as fuzzy logic and neural networks, encountered
logical steps in their operations: neural networks are trained using logical procedures (e.g. “this
is a chair”), and fuzzy systems required logical selection of the degree of fuzziness.

Millennia logic was associated with the essence of mind mechanisms. Near the beginning
of the 20th century, Hilbert was sure that his logical theory also described the mechanisms of the
mind: “The fundamental idea of my proof theory is none other than to describe the activity of our
understanding, to make a protocol of the rules according to which our thinking actually
proceeds” [21]. This vision of logic modeling the mind was shattered by Godel’s discoveries in
the 1930s [22]. But why 25 years after Godel, in the 1950s, where the founders of artificial

intelligence sure that logic is adequate for modeling of the mind?



The reason for the fascination by logic is fundamental to science, engineering, and related
to the mechanisms of the mind was only understood recently [4,8,14,23]. Most of the mind’s
mechanisms are usually inaccessible to consciousness, e.g., we are not conscious about the
individual neural firings and intermediate signal processing steps. Only the “final results” of
perception and cognition, nearly crisp logic-like perceptions and thoughts, are available to
consciousness. These “final results” approximately obey the rules of logic. Logical conscious
states are like islands in the ocean of unconsciousness. But in our consciousness there are only
crisp logical results, and consciousness works so that, while jumping through oceans of
unconsciousness, we subjectively feel as if we smoothly flow from one conscious logical state to
the next. Our intuitions about the mind, including scientific intuitions are strongly biased towards
logic. This is why, most algorithms and neural networks (even if purposefully designed to
oppose logic) use logic in a fundamental way. Due to scientific findings we know today that

logic is not a fundamental mechanism of the mind.

3. Cognitive mechanisms: mathematical models and experimental evidence

Cognitive, neurological and neuroimaging studies [6,8,14] demonstrated that the mind
understands the world by modeling it. Here the word “model” is used in two distinct meanings.
First, the mind models the world; second, the article describes mathematical processes that
model these mechanisms of the mind. So we talk about mental models of the world and
mathematical models of the mind. The mind models the world using mental representations, or
models of the world. Consider a simplified process of visual perception. To perceive an object, a
mental representation of this object in our memory should be matched to patterns in sensor

signals corresponding to the object. During this matching process, the retina projects sensor



signals onto the visual cortex; these projections are called bottom-up signals. In parallel, object
representations in memory (mental models) send top-down signals (projections) to the visual
cortex [4,8,14]. The mind is organized in a multi-level, approximately-hierarchical structure.
Higher level cognition involves higher levels; matching bottom-up and top-down signals
between adjacent levels is the mechanism of cognition.

Neuroimaging studies [14] have demonstrated that conscious perceptions are preceded by
activation of cortex areas, where the top-down signals originate. Experiments also demonstrated
that the initial top-down projections are vague and unconscious (or less conscious) than
perceptions of objects at the end of the matching process. As discussed in this article, these
mechanisms are fundamental for the functioning of the mind; they enable the mind to overcome
difficulties of the mathematical models discussed in the previous sections [8,24,25,26]. The
mathematical models of the mind mechanisms help in understanding properties of the mind that
previously seemed mysterious. They also lead to cognitive algorithms, which significantly
outperform the previous state of the art [8]. Mathematical models of these processes, dynamic
logic (DL) and neural modeling fields (NMF) are discussed below.

NMF mathematically describes multi-level, approximately-hierarchical structure of the
mind [8] discussed above. At each level in NMF, there are mathematical models of mental
representations, M(m) (called models, m = 1,... M) and mathematical description of the
matching process. Representations, M(m), encapsulate the mind’s knowledge. As discussed, they
generate top-down neural signals, interacting with bottom-up signals, X(n). Models M(m)
predict patterns in signals X(n), which correspond to object m. They depend on parameters, Sy,
characterizing a particular view of the object m (distance, angles, lightings, etc.). Interactions
between signals are governed by the knowledge instinct, which drives the matching of bottom-up
and top-down signals. In this matching process, multiple vague models compete with each other

and are modified for better matching patterns in bottom-up signals. This constitutes learning,



adaptation, and if needed, formation of new models for better correspondence to the input
signals.
A mathematical model of the knowledge instinct is described as maximization of a similarity

measure, L, between bottom-up and top-down signals, [8,17].

L=]] eX@); eX@) =2 t(m)e(Xm) | M(m)). (1)

neN meM

Here, ¢ (X(n) | M(m)) or ¢ (njm) for shortness is a similarity of signal, X(n), “conditional” on
object m being present, [8]. Therefore, when combining these quantities into the overall
similarity measure, L, they are multiplied by rates r(m), which represent a probabilistic measure
of object m actually being present; rates, r(m), are unknown parameters along with S;,.
The learning, or matching bottom-up and top-down signals, consists of associating signals, n,
with concepts, m, and estimating model parameters, S, by maximizing similarity L. Note that all
possible combinations of signals and models are accounted for in similarity (1). This can be seen
by expanding a sum in (1), and multiplying all the terms which would result in a huge number of
M items. This is the number of combinations between all signals, N, and all models, M. Here is
the source of CC of many algorithms used in the past. NMF solves this problem by using
dynamic logic (DL) [17,20]. An important aspect of DL is matching vagueness or fuzziness of
similarity measures to the uncertainty of models. Initially, parameter values are not known, and
uncertainty of the models is high; so is the fuzziness of the similarity measures. In the process of
learning, the models become more accurate, the similarity measure more crisp and the value of
the similarity increases. This is the mechanism of DL.

Mathematically it is described as follows. First, assign any values to unknown

parameters, S,. Then, compute association variables f(m|n),
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DL is defined as follows,

ds,/dt=>" f(m[n)[&Inknjm)/6M, JoM._/6S,, 3)
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Parameter t is the time of the internal dynamics of the NMF system, like a number of iterations,
if solving (3) by iterative steps. On every iteration, new values of parameters are substituted in
eq.(2). The above procedure has been proven to converge [8]. Local maxima are avoided due to
DL beginning with vague similarity measures, which smooth local maxima over [25,27,23]. This
process “from vague to crisp” is the essence of DL. Various possible neural mechanisms of DL

in the brain are discussed in [28,29,30].

4. Applications of DL-NMF to classical previously unsolved problems

NMF-DL was applied to a number of complicated problems fundamental for defense
applications in signal processing, detection, and clustering problems [8,9,23,27,31,32,33,34,35,
36,37,38], which could not have been solved previously because of strong clutter interfering with
signals. Obtained solutions often approach information-theoretic performance bounds and
therefore are the best possible [39,40,41,42,43]. Here, we briefly illustrate three problems:
detection, tracking, fusion in strong clutter [44,45,46,47,48]. We also describe a solution to a

longstanding unsolved problem of autonomous situational awareness.



In the first example, NMF-DL is detecting ‘smile’ and ‘frown’ patterns in noise shown in
Fig.1a without clutter, and in Fig.1b with clutter, as actually measured [233]. This example is
beyond the capabilities of previously existing techniques because of the computational
complexity. The DL complexity in this example is equal 10°, so that a problem, previously

unsolvable due to complexity, has been solved using NMF-DL.

Fig.1. An example of NMF-DL perception of ‘smile’ and ‘frown’ objects in clutter in 2-dimensional space: (a) true

‘smile’ and ‘frown’ patterns are shown without clutter; (b) actual image available for recognition (signal is below
clutter, S/C ~ 0.5); (c) an initial fuzzy blob-model, the fuzziness corresponds to uncertainty of knowledge; (d)
through (h) show improved models at various iteration stages (total of 22 iterations). The improvement over the

previous state of the art is 7,000% in S/C.
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Fig. 2. Joint detection and tracking of objects below clutter using NMF-DL: (a) true track positions in 1 km x 1 km
data set; (b) actual data available for detection and tracking. Evolution of the NMF-DL is illustrated in (c)—(h),
where (c) shows the initial, uncertain model and (h) shows the model upon convergence after 20 iterations.

Converged models are close to the truth (a).

The second example, Fig. 2, shows NMF-DL joint detection and tracking of targets
below clutter. The third axis, time, is perpendicular to the page; 6 time scans are shown collapsed
on top of each other, details of this example are discussed in [27]. In this example, targets cannot
be detected on a single scan, therefore detection and tracking have to be performed
simultaneously (“track before detect”); in terms of S/C ratio the improvement is approximately
8,000%.

The third example, Fig.3, shows NMF-DL joint detection, tracking, and fusion of sensors
from three platforms [38]. Fig.3 shows 1 scan from each sensor and several DL iterations. In this
case, because of low signal to clutter ratio, S/C, targets cannot be detected from a single sensor,

therefore, joint fusion, tracking, and detection have to be performed concurrently. In addition,



GPS does not give enough accuracy for triangulation, therefore, relative target localization has to
be performed concurrently with other processing. Problems of this complexity have not been

previously solved.

n

Fig.3.1, sensor 1 Fig.3.2, sensor 2 Fig.3.3, sensor 3
Fig.3. Illustrates NMF-DL joint detection, tracking, and fusion of sensors from 3 platforms. The figure shows for
each sensor: four true tracks, 1 scan, where targets are not seen under clutter, and several iterations of DL. In this
case targets cannot be detected from a single sensor, therefore joint fusion, tracking, and detection have to be

performed concurrently. In addition, GPS does not give enough accuracy for triangulation, therefore, relative target

localization has to be performed concurrently with other processing.

The fourth example, Figs. 4 through 6, illustrates autonomous learning of situations, a
problem of the next level of complexity comparative to the previously considered. Autonomous
learning of situations was recognized as an important military problem for decades, however it
was not solved. It is difficult because every situation contains several objects relevant to this

particular situation, and a large number of irrelevant objects. The data are shown in Fig. 4.
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objects
objects

Situations (sorted) Situations (random)

a b
Fig. 4. Learning situations; white dots show present objects and black dots correspond to absent objects. Vertical
axes show 1000 objects, horizontal axes show 10 situations each containing 10 relevant objects and 40 random
ones; in addition there 5000 “clutter” situations containing only random objects. Fig. 4a shows situations sorted
along horizontal axis, hence there horizontal lines corresponding to relevant objects (the right half contains only

random noise). Fig 4b shows the same situations in random order, which looks like random noise.

In real life, situations are often coming in random order, without a teacher pointing to a
particular object indicating situations like in Fig. 4b. To find situations, say by sorting along
horizontal axes, until horizontal lines appear as in Fig. 4a, would take about M" operations;
assuming, say, M=20 situations, the number of operations is ~ 10"*°”°, NMF-DL solves the
problem as described in [49,50]. The solution and the low level of errors are illustrated in Fig. 5.
Fig. 5a illustrates DL iterations beginning with random association of objects and (arbitrary
taken) 20 situations. Fig. 5b illustrate that errors quickly go to a small value. After the problem
of associating objects and situations are solved by using DL, the correct situations are chosen by
matching to the known data. The error does not go to 0 for numerical reasons as discussed in

[50].
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Figure 5. (a) shows DL initiation (random) and the first three iterations (Fig. 5a); the vertical axis shows objects and
the horizontal axis shows models (from 1 to 20). The problem is approximately solved by the third iteration. This is
illustrated in Fig Sb, where the error is shown on the vertical error. The correct situations are chosen by minimizing

the error. The error does not go to 0 for numerical reasons as discussed in [50].

In the above example, relationships (such as on-the-left-of, or under) have not been
explicitly considered. They can be easily included. Every relation and object can include a
marker, pointing what relates to what. These markers are learned the same way as objects
[49,50].

Solving problems like detection, tracking, and fusion require models matching the
problem, which is described in the given references. The problem of learning situations is a
general one, it is appropriate for matching the bottom-up and top-down signals at every level in
the approximate hierarchy of the mind. Following sections describe how it can be applied to

solving new emerging class of engineering problems, including interaction between language

and cognition.
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5. Cognition and language

As discussed, augmentation of human performance by computers has been identified by
the AF as a top priority. This goal faces the bottleneck of the human-machine interface [51,52].
Overcoming this bottleneck is possible by mathematically modeling interaction between
language and cognition [53,54,24]. Before attempting mathematical modeling of language, one
needs to understand why previous decades of research in this direction have not succeeded.
Therefore, this section begins with the mysteries facing this problem so far, and how cognitive
computational intelligence building on NMF-DL promises to resolve them. These mysteries
include the following: In what way is language and cognition similar and different? Do we think
with words? Or do we use words for communicating completed thoughts? Why children learn
language by 5 years of age and can talk practically about the entire contents of culture, but
cannot act like adults? Why are there no animals thinking like humans and speaking no human-
like language?

Consider first how is it possible to learn which words correspond to which objects?
Contemporary psycholinguists follow the ancient Locke idea, Associationsim: associations
between words and object are just remembered. But this is mathematically impossible. The
number of combinations among 100 words and 100 objects is larger than all the elementary
particle interactions in the Universe. Combinations of 30,000 words and objects are practically
infinite. Mathematical linguists did not offer any solution. NMF-DL solves this problem using
the dual model [55,56,57]. Every mental representation consists of a pair of two models, or two
model aspects, cognitive and language. Mathematically, every concept-model My, has two parts,

linguistic ML, and cognitive MC,,:

M, = { MI—ma I\/Icm }; (4)
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This dual-model equation suggests that the connection between language and cognitive models is
inborn. In a newborn’s mind, both types of models are vague placeholders for future cognitive
and language contents. An image, say of a chair, and the sound “chair,” do not exist in a
newborn’s mind. But the neural connections between the two types of models are inborn;
therefore the brain does not have to learn associations between words and objects - which
concrete word goes with which concrete object. Models acquire specific contents in the process
of growing up and learning, linguistic and cognitive contents are always staying properly
connected. Zillions of combinations need not be considered. The initial implementations of these
ideas lead to encouraging results [58,59,60,61,62,63].

Consider language hierarchy higher up from words, Fig. 6. Phrases are made up from
words similar to situations made up from objects. Because of the linear structure, language
actually is simpler than situations; rules of syntax can be learned similar to learning objects and
relations using markers, as described in the previous section. The reason computers do not speak
English used to be the fundamental problem of combinatorial complexity. Now that the
fundamental problem is solved, learning language will be solved in due course. Significant effort
will be required to build machines learning language. However, the principal difficulty has been
solved in the previous section. The mathematical model of learning situations, considered in the
previous section, is similar to learning how phrases are composed from words. Syntax can be
learned similar to relations between objects [49,50,64].

The next step beyond current mathematical linguistics is modeling the interaction
between language and cognition. It is fundamental because cognition cannot be learned without
language. Consider a widely-held belief that cognition can be learned from experience in the

world. This belief is naive and mathematically untenable. The reason is that abstract concepts-
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COGNITION LANGUAGE L ANGUAGE
abstract ideas abstract
words/phrases
language
I I - descriptions
of abstract
thoughts
situations phrases
<::> «— phrases for
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objects words
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Fig. 6. Parallel hierarchies of language and cognition consist of lower level concepts (like situations consist of
objects). A set of objects (or lower level concepts) relevant to a situation (or higher level concept) should be learned
among practically infinite number of possible random subsets (as discussed, larger than the Universe). No amount of
experience would be sufficient for learning useful subsets from random ones. The previous section overcame
combinatorial complexity of learning, given that the sufficient information is present. However, mathematical

linguistic theories offer no explanation where this information would come from.

representations consist of a set of relevant bottom-up signals, which should be learned from a
practically infinite number of possible random subsets (as discussed, a number larger than
particles in the Universe). No amount of experience would be sufficient for learning useful

subsets from random ones. The previous section overcame combinatorial complexity of learning,
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given that the sufficient information is present. However, mathematical linguistic theories offer
no explanation where this information would come from.

NMF-DL with dual model and dual hierarchy suggests that information is coming from
language. This is the reason why no animal without human-type language can achieve human-
level cognition. This is the reason why humans learn language early in life, but learning
cognition (making cognitive representations-models as crisp and conscious as language ones)
takes a lifetime. Information for learning language is coming from the surrounding language at
all levels of the hierarchy. Language model-representations exist in the surrounding language
‘ready-made.’ Learning language is thus grounded in the surrounding language.

For this reason, language models become less vague and more specific by 5 years of age,
and much faster than the corresponding cognitive models for the reason that they are acquired
ready-made from the surrounding language. This is especially true about the contents of abstract
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models, which cannot be directly perceived by the senses, such as “law,” “abstractness,”
“rationality,” etc. While language models are acquired ready-made from the surrounding
language, cognitive models remain vague and gradually acquire more concrete contents
throughout life guided by experience and language. According to the dual-model, this is an
important aspect of the mechanism of what is colloquially called the “acquiring experience.”
Human learning of cognitive models continues throughout the lifetime and is guided by
language models. If we imagine a familiar object with closed eyes, this imagination is not as
clear and conscious as perception with opened eyes. With opened eyes, it is virtually impossible
to remember imaginations. Language plays the role of eyes for abstract thoughts. On one hand,
abstract thoughts are only possible due to language, on the other, language “blinds” our mind to
the vagueness of abstract thoughts. Whenever one talks about an abstract topic, he (or she) might

think that the thought is clear and conscious in his (or her) mind. But the above discussion

suggests that we are conscious about the language models of the dual hierarchy. The cognitive
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models in most cases may remain vague and unconscious. During conversations and thoughts,
the mind smoothly glides among language and cognitive models, using those that are more crisp
and conscious — ‘more available.” Scientists, engineers, and creative people in general are trained
to differentiate between their own thoughts and what they read in a book or paper, but usually
people do not consciously notice if they use representations acquired from personal experiences
and deep thoughts, or from what they have read or heard from teachers or peers. The higher up
in the hierarchy the more vague the contents of abstract cognitive representations are, while due
to the crispness of language models we may remain convinced that these are our own clear
conscious thoughts.

Another mystery of human-cognition, which is not addressed by current mathematical
linguistics, is basic human irrationality. This has been widely discussed and experimentally
demonstrated after discoveries of Tversky and Kahneman [65], leading to the 2002 Nobel Prize,
According to NMF-DL, it originates from the discussed dichotomy between cognition and
language. Language is crisp in the human brain, while cognition might be vague. Yet, collective
wisdom accumulated in language may not be properly adapted to one’s personal circumstances,
and therefore be irrational in a concrete situation. In the 12" century Maimonides wrote that
Adam was expelled from paradise because he refused original thinking using his own cognitive
models, but ate from the tree of knowledge and acquired collective wisdom of language [66].

The dual-model also suggests that the inborn neural connection between cognitive brain
modules and language brain modules (evolving over thousands or millions of years of evolution)
is sufficient to set humans on an evolutionary path separating us from the animal kingdom.
Neural connections between these parts of cortex existed for millions of years ago due to mirror
neuron system, what Arbib called the “language prewired brain” [67].

The combination of NMF-DL and the dual model and hierarchy introduces new

mechanisms of language and its interaction with cognition. These mechanisms suggest solutions

17



to a number of psycholinguistic mysteries, which have not been addressed by mathematical
linguistics. These include fundamental cognitive interaction between cognition and language,
similarities and differences between these two mechanisms; word-object associations; why
children learn language early in life, but cognition is acquired much later; why animals without
human language cannot think like humans. These mechanisms connected language cognition
dichotomy to ‘irrationality’ of the mind discovered by Tversky-Kahneman, and to the story of
the Fall and Original sin.

The mathematical mechanisms of NMF-DL-dual model are relatively simple and follow
eqs. (2) through (4), also see details in the given references. These mathematical mechanisms
correspond to the known structure and experimental data about the brain-mind. In addition to
conceptual mechanisms of cognition, they also describe emotional mechanisms and their
fundamental role in cognition and world understanding, including role of aesthetic emotions,
beautiful, sublime, and musical emotions [68,69,70]. Based on these foundations future defense

applications of cultural models will be developed.

6. Conclusions

Computational intelligence is destined to play the most important role in defense
applications for decades to come. Its role is to augment human performance and to automate as
much as possible complex problems of analyzing overwhelming amounts of sensor data coming
from a variety of sources. To achieve this role, cognitive algorithms modeling the performance
of the human mind are being developed. This requires the discovery and modeling the
fundamental “first principles” of the mind operations. Several first principles of the mind-brain

organization have been identified by a number of researchers in the given references, described
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and mathematically modeled in this article. This is leading to a significant improvement in
solving classical engineering problems. Let us summarize these mechanisms here: instincts,
emotions, concepts; bottom-up and top-down neural signals interacting through a vague-to-crisp
process; the knowledge instincts and aesthetic emotions governing this interaction. These
mechanisms are shared with higher animals. Human level cognition requires human language.
The only additional required mechanism, it seems, is the dual model, leading to the dual
hierarchy of language and cognition. Future development in this direction will lead to
cooperative man-machine systems.

To achieve this and develop cooperative human-machine defense applications
augmenting human performance at the level of human-level cognition, the mechanism of joint
language and cognition described above should be implemented in a multi-agent system, where
each agent would possess the dual language-cognition NMF-DL model. Simulations should
demonstrate learning hierarchical language from human language, and then learning hierarchical
cognition from sensor data, and guided by language. The next step will implement this intelligent
multi-agent hierarchical system in cooperative man-machine systems, where computers will
learn from humans and then augment human performance. The described mathematical approach
also will be extended ‘below’ objects to creating object-recognition systems where objects will
be modeled as ‘situations’ of sensory features. Similarly, speech will be modeled by linear
‘situations’ of sounds.

Another approach to human performance augmentation by computers will exploit direct
connection between cognitive states of the mind and computers. Cognitive states of the mind will
be sensed by EEG sensor arrays. The difficulty of this approach is due to noisy contents of EEG
signals. New cognitive algorithms will overcome this difficulty similar to Fig. 1, as discussed in

[71].
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An important defense application is cultural intelligence, which potentially will lead to
improved cultural understanding, improved collaborations of diverse cultures, reduced conflicts
and casualties. Extending the models of language, cognition, and emotions to developing
predictive cultural models might be among the most important emerging engineering directions
in the 21st century. Initial models developed in [72,73,74,75] promise explanation and prediction
of cultural phenomena currently threatening world peace. Improved models will help better
intercultural understanding and achieving peace in the current complicated multi-cultural global

environment.

Acknowledgement

The author is pleased to thank the AFOSR for supporting part of this work.

References

[1] The USAF Chief Scientist, Technical Horizons 2010-2030, Report AF/ST-TR-10-01-PR, 2010.

[2] L. I Perlovsky, web page, http://www.leonid-perlovsky.com, 2010.

[3] G. A. Carpenter & S. Grossberg, “A massively parallel architecture for a self-organizing neural pattern
recognition machine,” Computer Vision, Graphics and Image Processing, 37, 54-115, 1987.

[4] S. Grossberg, Neural Networks and Natural Intelligence. Cambridge, MA: MIT Press, 1988.

[5] S. M. Kosslyn, Image and Brain. Cambridge, MA: MIT Press, 1994.

[6] D.L. Schacter, “Implicit memory: History and current status.” Journal of Experimental Psychology: Learning,
Memory, and Cognition, vol. 13, 501-518, 1987.

[7] S. Grossberg and D. S. Levine. “Neural dynamics of attentionally modulated Pavlovian conditioning: blocking,
inter-stimulus interval, and secondary reinforcement,” Applied Optics, 26, 5015-5030, 1987.

[8] L. L. Perlovsky, Neural Networks and Intellect: Using model based concepts. New York: Oxford University
Press, 2001.

[9] L.I. Perlovsky, “Modeling field theory of higher cognitive functions,” In A. Loula, R. Gudwin, J. Queiroz, Eds.
Artificial cognition systems. Hershey, PA: Idea Group, 64-105, 2007.

[10]L. I. Perlovsky and M. M. McManus, “Maximum Likelihood Neural Networks for Sensor Fusion and Adaptive
Classification,” Neural Networks 4 (1), 89-102, 1991.

[11]L. I. Perlovsky, “Intersections of Mathematical, Cognitive, and Aesthetic Theories of Mind,” Psychology of
Aesthetics, Creativity, and the Arts, 4(1), 11-17, 2010, doi: 10.1037/a0018147.

[12] L. 1. Perlovsky, “Aesthetics and Mathematical Theories of Intellect,” Iskusstvoznanie, 2(02), 558-594,
Moscow, (Russian), 2002.

[13]L. I. Perlovsky, M.-C. Bonniot-Cabanac, and M. Cabanac. “Curiosity and pleasure,” IEEE World Congress on
Computational Intelligence (WCCI’10), Barcelona, Spain, 2010, submitted for journal publication.

20



[14]M. K. Bar, S. Kassam, A. S. Ghuman, , J. Boshyan, A. M. Schmid, A. M. Dale, M. S. Hamalainen, K.
Marinkovic, D.L. Schacter, B.R. Rosen, and E. Halgren. “Top-down facilitation of visual recognition,”
Proceedings of the National Academy of Sciences USA, 103, 449-54, 2006.

[15]L. L. Perlovsky, “The Mind is not a Kludge,” Skeptic, 15(3), 51-55, 2010.

[16]L. L. Perlovsky, “Conundrum of Combinatorial Complexity,” IEEE Trans. PAMI, 20(6), 666-670, 1998.

[17]L. L. Perlovsky, “Toward physics of the mind: Concepts, emotions, consciousness, and symbols,” Physics of
Life Reviews, 3(1), 22-55, 2006.

[18]L. L. Perlovsky, V. H. Webb, S. A. Bradley, C. A. Hansen, “Improved ROTHR Detection and Tracking using
MLANS.” In Probabilistic Multi-Hypothesis Tracking, Ed. R. L. Streit, NUWC Press, Newport, RI, 245-254,
1998.

[19]L. I. Perlovsky, “Sapience, Consciousness, and the Knowledge Instinct (Prolegomena to a Physical Theory),” In
Sapient Systems, Eds. Mayorga, R., L. I. Perlovsky, Springer, London, 2008.

[20]1L. I. Perlovsky, “The Mind vs. Logic: Aristotle and Zadeh,” Society for Mathematics of Uncertainty, Critical
Review, 1(1), 30-33, 2007.

[21]D. Hilbert, “The foundations of mathematics,” In J. van Heijenoort, Ed., From Frege to Godel. Cambridge,
MA: Harvard University Press, 475. 1928/1967

[22] K. Gddel, Kurt Godel collected works, 1. Ed. S. Feferman at al. Oxford University Press, 1986.

[23]L. I. Perlovsky, “Neural Mechanisms of the Mind, Aristotle, Zadeh, & fMRI,” IEEE Trans. Neural Networks,
21(5), 718-33, 2010.

[24]L. I. Perlovsky, “Physical Concepts of Intellect,” Proceedings of Russian Academy of Sciences, 354(3), 320-
323, 1997

[25]L. I. Perlovsky, “‘Vague-to-Crisp’ Neural Mechanism of Perception,” IEEE Trans. Neural Networks, 20(8),
1363-1367, 20009.

[26]R. Mayorga, L. I. Perlovsky, Eds. Sapient Systems. Springer, UK: London, 2008.

[27]L. L. Perlovsky and R. W. Deming. “Neural Networks for Improved Tracking,” IEEE Trans. Neural Networks,
18(6), 1854-1857, 2007.

[28]L. I. Perlovsky and R. Kozma. Eds. Neurodynamics of Higher-Level Cognition and Consciousness. Heidelberg,
Germany: Springer-Verlag, 2007.

[29]L. I. Perlovsky, R. Kozma, “Editorial - Neurodynamics of Cognition and Consciousness,” In Neurodynamics of
Cognition and Consciousness, Perlovsky, L., R. Kozma, Eds., Springer Verlag, Heidelberg, Germany, 2007.
[30]L. I. Perlovsky, R. Mayorga, “Preface,” In Sapient Systems, Eds. Mayorga, R., L. I. Perlovsky, Springer,

London, 2008.

[31]L. L. Perlovsky, “Multiple sensor fusion and neural networks,” DARPA Neural Network Study, 1987.

[32]L. I. Perlovsky, “Computational Concepts in Classification: Neural Networks, Statistical Pattern Recognition,
and Model Based Vision,” Journal of Mathematical Imaging and Vision, 4 (1), 81-110, 1994.

[33]L. L. Perlovsky, R. P. Coons, R. L. Streit, T. E. Luginbuhl, S. Greineder, “Application of MLANS to Signal
Classification,” Journal of Underwater Acoustics, 44 (2), 783-809, 1994

[34]L. L. Perlovsky & J. V.Jaskolski, “Maximum Likelihood Adaptive Neural Controller,” Neural Networks, 7 (4),
671-680, 1994.

[35]L. L. Perlovsky, “A Model Based Neural Network for Transient Signal Processing,” Neural Networks, 7(3),
565-572, 1994.

[36]R. Deming, J. Schindler, L. I. Perlovsky, “Multitarget/Multisensor Tracking using only Range and Doppler
Measurements,” IEEE Transactions on Aerospace and Electronic Systems, 45 (2), 593-611, 2009.

[37]L. I. Perlovsky & T. L. Marzetta, “Estimating a Covariance Matrix from Incomplete Independent Realizations
of a Random Vector,” IEEE Trans. on SP, 40 (8), 2097-2100, 1992.

[38]R. W. Deming and L. I. Perlovsky, “Concurrent multi-target localization, data association, and navigation for a
swarm of flying sensors, Information Fusion, 8, 316-330, 2007.

[39]L. I. Perlovsky, “Cramer-Rao Bounds for the Estimation of Means in a Clustering Problem,” Pattern
Recognition Letters 8, 1-3, 1988.

[40]L. L. Perlovsky, “Cramer-Rao Bounds for the Estimation of Normal Mixtures,” Pattern Recognition Letters, 10,
141-148, 1989.

[41]L. I. Perlovsky, “Cramer-Rao Bound for Tracking in Clutter,” In Probabilistic Multi-Hypothesis Tracking, Ed.
R. L. Streit, NUWC Press, Newport, RI, 77-84, 1998.

[42]L. L. Perlovsky, “Cramer-Rao Bound for Tracking in Clutter and Tracking Multiple Objects,” Pattern
Recognition Letters, 18(3), 283-288, 1997.

[43]L. I. Perlovsky, V. H. Webb, S. R. Bradley & C. A. Hansen, “Improved ROTHR Detection and Tracking Using
MLANS,” AGU Radio Science, 33(4), 1034-44, 1998.

21



[44]1L. I. Perlovsky, C. P. Plum, P. R. Franchi, E. J. Tichovolsky, D. S. Choi & B. Weijers, “Einsteinian Neural
Network for Spectrum Estimation,” Neural Networks, 10(9), 1541-46, 1997.

[45]L. L. Perlovsky, J. A. Chernick & W. H. Schoendorf “Multi-Sensor ATR and Identification Friend or Foe Using
MLANS,” Neural Networks, 8 (7/8), 1185-1200, 1995.

[46]L. 1. Perlovsky, W. H. Schoendorf, D. M. Tye, W. Chang, “Concurrent Classification and Tracking Using
Maximum Likelihood Adaptive Neural System,” Journal of Underwater Acoustics, 45(2), 399-414, 1995.

[471L. 1. Perlovsky, W. H. Schoendorf, Garvin, L.C., Chang. “Development of Concurrent Classification and
Tracking for Active Sonar,” Journal of Underwater Acoustics, 47(2), 375-388, 1997.

[48]L. L. Perlovsky, W. H. Schoendorf, B. J. Burdick & D. M. Tye, “Model-Based Neural Network for Target
Detection in SAR Images,” IEEE Trans. on Image Processing, 6(1), 203-216, 1997.

[49]R. llin & L. I. Perlovsky, “Cognitively Inspired Neural Network for Recognition of Situations,” International
Journal of Natural Computing Research, 1(1), 36-55, 2010.

[50]L. I. Perlovsky & R. Ilin “Grounded symbols in the brain,” IEEE World Congress on Computational
Intelligence (WCCI’10), Barcelona, Spain, 2010.

[51] A. Pentland, “Collective intelligence,” IEEE Computational Intelligence Magazine, 1(3), 9-12, 2006.
doi: 10.1109/MCI1.2006.1672982.

[52] A. Nakamura, S. Watanabe, T. Hori, E. McDermott, S. Katagiri, “Advanced computational models and
learning theories for spoken language processing,” IEEE Computational Intelligence Magazine, 1(2), 5-9, 2006.
doi:10.1109/MCI.2006.1626489.

[53]L. I. Perlovsky, “Symbols: Integrated cognition and language. In R. Gudwin, J. Queiroz (Eds.). Semiotics and
intelligent systems development,” Hershey, PA: Idea Group, 121-151, 2007.

[54]L. L. Perlovsky, “Neural Networks, Fuzzy Models and Dynamic Logic,” In Aspects of Automatic Text Analysis
(Festschrift in Honor of Burghard Rieger), Eds. R. Kohler and A. Mehler, Springer, Germany, 363-386. 2007

[55]L. I. Perlovsky, “Integrating Language and Cognition,” IEEE Connections, Feature Article, 2(2), 8-12. 2004

[56]L. I. Perlovsky, “Cognitive high level information fusion,” Information Sciences, 177, 2099-2118. 2007

[57]L. L. Perlovsky, “Language and Cognition,” Neural Networks, 22(3), 247-257, 2009;
doi:10.1016/j.neunet.2009.03.007.

[58]J. F. Fontanari, V. Tikhanoff, A. Cangelosi, R. Ilin, and L. I. Perlovsky. “Cross-situational learning of object—
word mapping using Neural Modeling Fields,” Neural Networks, 22 (5-6), 579-585, 2009.

[59]J. F. Fontanari and L. I. Perlovsky, “How language can help discrimination in the Neural Modeling Fields
framework,” Neural Networks, 21(2-3), 250-256, 2008.

[60] V. Tikhanoff, J. F. Fontanari, A. Cangelosi & L. I. Perlovsky, “Language and cognition integration through
modeling field theory: category formation for symbol grounding,” In Book Series in Computer Science, v. 4131,
Heidelberg: Springer, 2006.

[61]]. F. Fontanari and L. 1. Perlovsky, “Evolving Compositionality in Evolutionary Language Games,” IEEE
Transactions on Evolutionary Computations, 11(6), 758-769, 2007; doi:10.1109/TEVC.2007.892763

[62]]. F. Fontanari and L. I. Perlovsky, “How language can help discrimination in the Neural Modeling Fields
framework,” Neural Networks, 21(2-3), 250-256, 2008.

[63]J. F. Fontanari and L. I. Perlovsky, “A game theoretical approach to the evolution of structured communication
codes,” Theory in Biosciences, 127, 205-214, 2008; http://dx.doi.org/10.1007/s12064-008-0024-1.

[64]L. I. Perlovsky & R. Ilin, “Neurally and Mathematically Motivated Architecture for Language and Thought,”
Special Issue "Brain and Language Architectures: Where We are Now?" The Open Neuroimaging Journal, 4,
70-80, 2010; http://www.bentham.org/open/tonij/openaccess2.htm

[65]A. Tversky & D. Kahneman, “Judgment under Uncertainty: Heuristics and Biases,” Science, 185, 1124-1131,
1974.

[66]D. S. Levine, L. I. Perlovsky, “Neuroscientific Insights on Biblical Myths: Simplifying Heuristics versus
Careful Thinking: Scientific Analysis of Millennial Spiritual Issues,” Zygon, Journal of Science and Religion,
43(4), 797-821, 2008.

[671M. A. Arbib, “From monkey-like action recognition to human language: An evolutionary framework for
neurolinguistics,” Behavioral and Brain Sciences, 28, 105-167, 2005.

[68]L. L. Perlovsky, “Music — The First Priciple,” Musical Theatre, 2006.
http://www.ceo.spb.ru/libretto/kon_lan/ogl.shtml

[69]L. 1. Perlovsky, “Music and Consciousness,” Leonardo, Journal of Arts, Sciences and Technology, 41(4), 420-
421, 2008.

[70]L. 1. Perlovsky, “Musical emotions: Functions, origin, evolution,” Physics of Life Reviews, 7(1), 2-27, 2009.
doi:10.1016/j.plrev.2009.11.001.

[71]1R. Kozma, M. Puljic, and L. I. Perlovsky, “Modeling goal-oriented decision making through cognitive phase
transitions,” New Mathematics and Natural Computation, 5(1), 143-157, 2009.

22



[72]L. I. Perlovsky, “Evolution of consciousness and music,” Zvezda, 2005(8), 192-223, St. Petersburg (Russian),
2005.

[73]1L. I. Perlovsky, “Evolution of Languages, Consciousness, and Cultures,” IEEE Computational Intelligence
Magazine, 2(3), 25-39, 2007.

[74]L. 1. Perlovsky, “Neural Dynamic Logic of Consciousness: the Knowledge Instinct,” In Neurodynamics of
Higher-Level Cognition and Consciousness, Eds. L. I. Perlovsky, R. Kozma Springer Verlag, Heidelberg,
Germany, 2007.

[75] L. 1. Perlovsky, “Language and Emotions: Emotional Sapir-Whorf Hypothesis,” Neural Networks, 22(5-6);
518-526,2009. doi:10.1016/j.neunet.2009.06.034

23



	2311HE03 - Cover Page - Final Report .pdf
	2311HE03 - Signature Page - Final
	2311HE03 - Form 298 - Final Report - Open
	2311HE03 Final Report - 1AUG11 - Text

	1_REPORT_DATE_DDMMYYYY: 18-02-2011
	2_REPORT_TYPE: FINAL REPORT
	3_DATES_COVERED_From__To: 1 OCT 2006 - 30 SEP 2010
	4_TITLE_AND_SUBTITLE: Computational Intelligence Applications for Defense
	5a_CONTRACT_NUMBER: N/A
	5b_GRANT_NUMBER: N/A
	5c_PROGRAM_ELEMENT_NUMBER: 61102F
	5d_PROJECT_NUMBER: 2311
	5e_TASK_NUMBER: HE
	5f_WORK_UNIT_NUMBER: 03
	6_AUTHORS: Leonid I. Perlovsky
	7_PERFORMING_ORGANIZATION: Electromagnetic Scattering Branch                                 
Air Force Research Laboratory, Sensors Directorate       
80 Scott Drive                                                                
Hanscom AFB, MA 01731-2909 
	8_PERFORMING_ORGANIZATION: AFRL-RY-HS-TR-2011-0016
	9_SPONSORINGMONITORING_AG: Electromagnetics Technology Division                SC: 437490
Sensors Directorate 
Air Force Research Laboratory
80 Scott Drive Hanscom AFB, MA 01731-2909 
	10_SPONSORMONITORS_ACRONY: AFRL-RY-HS
	1_1_SPONSORMONITORS_REPOR: N/A
	12_DISTRIBUTIONAVAILABILI: PUBLIC RELEASE - ESC PUBLIC APPROVAL 66ABW-2011-0895
	13_SUPPLEMENTARY_NOTES: N/A
	14ABSTRACT: This report reviews the priorities and discusses cognitive algorithms resulting in breakthroughs in defense applications, and making progress toward achieving AF goals. The mathematical techniques of dynamic logic and neural modeling fields model aspects of the functionality of the mind: perception, cognition, and higher cognitive functions. This leads to a significant improvement in classical signal processing applications, including detection, tracking, and fusion in noise and clutter, making autonomous situational awareness possible. The first part of this report describes past difficulties, why these problems have not been solved for decades, and the gist of the current approaches. The second part of this report addresses future research directions: the augmentation of human performance through improvements in man-machine interfaces. This includes modeling of language interacting with cognition. In future systems, computers will learn from humans, and humans will operate machines by language and thoughts..


	15_SUBJECT_TERMS: Cognitive algorithms, dynamic logic, neural modeling fields
	a_REPORT: U
	bABSTRACT: U
	c_THIS_PAGE: U
	17_limitation_of_abstract: UU
	number_of_pages: 28
	19a_NAME_OF_RESPONSIBLE_P: Leonid Perlovsky
	19b_TELEPHONE_NUMBER_Incl: 
	Reset: 


