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MUTLI PURPOSE CRITERIA BASED
ADAPTIVE TRAINING SYSTEM

BACKGROUND

[0001] Prior learning systems have attempted to use elec-
tric signals, such as electroencephalogram signals to control
the difficulty of the material presented to a student. Such
systems have had some success in improving the efficiency of
learning. These systems are usually designed to work exclu-
sively with a set of goals for training.

SUMMARY

[0002] A system and method include a computer imple-
mented training framework that adapts its behavior to differ-
ent types of training goals. The system utilizes a measured
neuro-physiological state of a student to provide both self
regulation feedback and training environment feedback to
optimize a learning experience for one or more different types
of scenarios.

BRIEF DESCRIPTION OF THE DRAWINGS

[0003] FIG. 1 is a block diagram of a learning system
utilizing biofeedback according to an example embodiment.
[0004] FIG. 2 is a flowchart indicating a method of provid-
ing multiple levels of feedback in a training environment
according to an example embodiment.

[0005] FIG. 3 is a block architectural diagram of a mental
state assessor according to an example embodiment.

[0006] FIG. 4 is a block diagram of a specifically pro-
grammed computer system for executing methods and algo-
rithms according to an example embodiment.

[0007] FIG. 5 presents a graphical illustration of finding a
solution as a function of scenario and specific training objec-
tive according to an example embodiment.

DETAILED DESCRIPTION

[0008] In the following description, reference is made to
the accompanying drawings that form a part hereof, and in
which is shown by way of illustration specific embodiments
which may be practiced. These embodiments are described in
sufficient detail to enable those skilled in the art to practice the
invention, and it is to be understood that other embodiments
may be utilized and that structural, logical and electrical
changes may be made without departing from the scope of the
present invention. The following description of example
embodiments is, therefore, not to be taken in a limited sense,
and the scope of the present invention is defined by the
appended claims.

[0009] The functions or algorithms described herein may
be implemented in software or a combination of software and
human implemented procedures in one embodiment. The
software may consist of computer executable instructions
stored on computer readable media such as memory or other
type of storage devices. Further, such functions correspond to
modules, which are software, hardware, firmware or any
combination thereof. Multiple functions may be performed in
one or more modules as desired, and the embodiments
described are merely examples. The software may be
executed on a digital signal processor, ASIC, microprocessor,
or other type of processor operating on a computer system,
such as a personal computer, server or other computer system.
[0010] A system and method utilize a measured neuro-
physiological state of a student to provide both self regulation
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feedback and learning intensity feedback to optimize a learn-
ing experience. The system also works with a variety of
objective functions. Each objective function of the training
may have a different associated desired neuro-physiological
state of the student in order to optimize the cost and effec-
tiveness of the training according to the objectives of the
training.

[0011] In various embodiments, sensors may be used to
provide signals representative of the neuro-physiological
state of the student to an input. Such signals are converted to
digital representations corresponding to whether the student
is in a desired learning zone, which is a function ofthe desired
objective function of the training. Self-regulation feedback
may be provided to the student to allow the student to modify
their own behavior to return to a desired learning zone. In
addition, lesson intensity values may be modified based on a
current state of the student and historical state. The lesson
intensity values may then be used to control the intensity of a
learning experience being provided to the student. The sys-
tem provides adaptive and accelerated training by customiz-
ing a training experience to an individual’s neurological and
physiological response in conjunction with the different
objective training functions. Better training may be provided
in a faster, lower cost manner. Instructors have a direct indi-
cation of off-task students. Instructors may also be remote
from students.

[0012] Some examples of the different objective functions
of the training include: 1. Given a fixed lesson duration,
maximizing the amount of processed information; 2. Mini-
mize lesson duration, while maintaining the probability of
passing examination on certain passing grade level. 3. Train
the student to reach the best possible result of an exercise. 4.
Parametric optimization to keep the student within a certain
range of parameters, such as keeping brainwaves within a
certain range. 5. Best behavior optimization such as a best
behavior trajectory recorded earlier by a domain expert or
student.

[0013] The system and method may be used in many dif-
ferent learning environments, such as in flight simulators and
other virtual environments, training systems, class rooms
with instructors, military training exercises, systems for treat-
ment of post traumatic stress disorder (PTSD), system for
rehabilitation traumatic brain injury patients and many other
training environments, and may be optimized based on objec-
tive functions specific to desired goals of the training.
[0014] FIG. 1 is a block diagram of a system 100 that
provides a measured neuro-physiological state of a student to
provide both self regulation feedback and learning intensity
feedback to optimize a learning experience. System 100 also
utilizes objective functions of training to modify the desired
neuro-physiological state of the student and corresponding
optimization of the learning experience. In one embodiment,
the system may be referred to as a multi-purpose criteria
based adaptive training system (MPCBATS). A student 105 in
one embodiment is monitored by a sensor 110. In various
embodiments, sensor 110 may measure multiple neuro-
physiological signals of the student 105. Sensor 110 in one
embodiment includes one or more sensors such as an electro-
encephalograph (EEG), electrocardiograph (ECG), galvanic
skin response (GSR), heart rate variability (HRV), pupilom-
etry, etc. Multiple sensors may be used to decrease noise/
signal ratio and improve pattern recognition.

[0015] Signals from the sensor 110, are provided atan input
115 to a conversion to learning zone parameters converter
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120, which converts the signals to a digital format corre-
sponding to a learning zone. A learning zone may be defined
as function of a student’s neuro-physiological parameters and
range of values for such parameters, where learning is opti-
mal. Deviation from the range may reduce speed and quality
of leaming. The neuro-physiological output provided at input
115 from the student 105 is converted to student cognitive
parameters, such as level of cognitive workload, level of
engagement, alertness, visual engagement, focus, distraction,
drowsiness, level of cognitive fatigue, etc. Patterns of the
input 115 may be correlated to previous known patterns of an
individual student, or even from a group of students to deter-
mine the cognitive state of the user to determine whether the
student 105 is functioning within a desired learning zone.
Such correlation in one embodiment may be done by a con-
troller 125 that is coupled to receive the digital output of
converter 120.

[0016] Controller 125 in one embodiment performs the
above pattern recognition to determine the cognitive/neuro-
physiological state of the student 105. In one embodiment,
the patterns may comprise up to 10 or more dimensions of
neuro-physiological parameters. Other algorithms may be
used, such as lookup tables indexed by the digital values, or
equations developed based on a history of collected data for
individual students or groups of students.

[0017] Inoneembodiment, controller 125 implements con-
trol block algorithms that may be recalculated for each dif-
ferent set of objective functions for various training goals.
The learning zone may be different for the different objective
functions, in both the way in which the learning zone param-
eters are calculated, and the desired values for the learning
zone parameters. In one embodiment, the control algorithms
are recalculated in block 145 based on training scenarios
input by an instructor or high level system at 147 and objec-
tive functions set by an instructor or high level system at 148.
[0018] A first feedback loop is indicated at 130. The cog-
nitive/neuro-physiological state may be presented to the stu-
dent 105 via feedback loop 130, allowing the student to
understand what state they are in and use self control in an
attempt to alter their state. The controller 125 may provide the
state information in the form of a communication, such as
visual text, symbols, sound, or other physical stimulus if
desired. In addition, the communication may provide sugges-
tions, such as breathing exercises, relaxation techniques, or
other suggestions based on standard known self regulation
techniques or student specific techniques that have worked. In
oneembodiment, the communication may just tell the student
to “wake up”, or “concentrate”. Such communications in one
embodiment may be provided based on alpha/beta ratios from
EEC sensors.

[0019] Controller 125 also utilizes the physiological/psy-
chological state signals to determine the cognitive state cor-
responding to the user’s position in relation to the learning
zone, and to derive training environment control signals as
indicated at 140. Control signals 140 form the start of a
second feedback loop. The training environment control sig-
nals may have a value indicating that lesson intensity should
be decreased or increased depending on the change in learn-
ing zone over time and whether the student responded to the
feedback 130.

[0020] The training environment control signals are pro-
vided to a training environment 160, completing a second
feedback loop 155. The training environment 160 is repre-
sentative of any environment where training/learning is
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desired. Training environment 160 includes virtual environ-
ments, such as flight simulators, class rooms with one or more
students and a teacher, field exercises, etc. The training envi-
ronment control signals may be processed to change the
speed of the learning experience, change the difficulty of
material presented, change the volume or brightness, or con-
trol any other controllable parameter of the learning environ-
ment to optimize a learning experience.

[0021] Generally, if a student is found to be in an optimal
learning zone as defined by the control algorithms for a
desired training objective, more material may be learned, and
the lesson intensity value may be increased until the user
begins to transition out of the optimal learning zone. The
particular training environment controls may be applied as a
function of a goal of optimizing desired parameters to best
accomplish the objective functions of the particular training
goals. As the user begins to transition out of the optimal
learning zone, the first feedback loop 130 may be used to
attempt to keep the user in the optimal learning zone prior to
modifying the training environment. The use of the first feed-
back loop 130 and second feedback loop 140, 155 may pro-
vide an optimized learning experience tailored to the desired
objective function of the particular training desired.

[0022] In one embodiment, feedback loop 130 shows stu-
dent 105 that their parameters deviate from their optimal
learning zone, defined as a subset in the individual student’s
multidimensional physiological/psychological space. The
system 100 may suggest actions to try to correct the observ-
able deviation, if any, by having the student use advance
self-regulating strategies. Lesson intensity or other training
environment factors, such as lighting, sound, and other
parameters, may be automatically corrected via a set of intel-
ligent adaptive algorithms based on information from cap-
tured real-time training feedback and the student’s real-time
deviation from the optimal learning zone.

[0023] In one example situation where system 100 senses
that a student’s measure of cognitive workload is not optimal,
the system 100 will consider the student’s physiological/
psychological state in relation to his or her own optimal
learning zone, and the history/current state of the student’s
attempts to stay inside that zone. Based on this information,
the system 100 will adjust the lesson by either increasing or
decreasing the intensity of the lesson to bring the student into
their optimal learning zone.

[0024] During training, students may acquire habits of self-
regulation, such as the early recognition the symptoms of
deviation from optimal learning zone/stress/mental fatigue,
together with the application of corresponding mitigation
strategies.

[0025] Insome embodiments, the system may use task and
user-independent algorithms to convert physiological data
into multiple gauge readings, which show second by second
variations in mental activity. These mental state gauges,
which currently include cognitive workload, distraction,
engagement, and drowsiness, provide insight into an indi-
vidual’s mental processing. The system thus provides objec-
tive measures at a rate of once per second that show mental
state(s) without interrupting performance.

[0026] Each training system satisfies some set of goals. For
example, a student’s goal may be to retain certain percent of
knowledge/skills at the end of a lesson or pass the exam, while
the system’s goal may be to do the above with minimal cost.
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[0027] The above may be mathematically expressed as an
optimization problem:

. — — —
Find values of vectors T oypt)=T vy (1), Z poslt)=

— L — — f L
7 gxs Oy L zone()= L zopg (t) that minimize value of the
objective cost function

1 1 1
‘P(TENV . Loows(th Zgys @) = M

min (Teny (D, Luome(D), Zgxs (D)
g n S EV (D), Loone(D), Zgxs (1)
TENY ZEXS Lone

[0028] Subject to the following constraint:

— — -
Gr{ T gniD), L zonell), Z pxst)>A, 2

Where:
[0029]

— — —
T o T o’ B0, T ons? Z2¥(1))—vector describing
training environment (e.g., virtual, immersive, field exercise,
etc.). Tt consists of two parts—permanent and variable. Vari-
able parts may be independently changed during exercise/
lesson (e.g., control system parameters, etc.)

?EXS(t):(fEXSVAR(t),fEXSP ERM(t))—vector of lesson/ex-
ercise parameters. Permanent part of the vector consists of
sensory-motor scenario components and cognitive scenario
components multiplied by corresponding weight coefficients.

t—time;

-
For example, 7 ,,J7%"=(0.8%sensor-motor, _0.1*atten-

tion, _ 0.1*alertness_) describes scenario with prevailing

sensory-motor physical activity, while
—
7 s FRM=(0.2%sensor-motor, _0.8*alertness_) describes

military convoy scenario that requires high levels of alertness

—
as cognitive component. Variable vector part Z .=

includes parameters describing independent optimization
variables such as lesson speed level, level of complexity, etc;

fzosz(t):(fzoszWLR(t)s fzozxfEPEM/I(t))f\’eCtor describ-
ing optimal learning zone. The learning zone is a subset in
student’s multidimensional physiological/psychological
space and expressed by system of inequality equations

LB()<=PH(\)<=HB({)i=1,2...,n o)

[0030] Each equation defines separate components of the
learning zone, where LB(i), HB(i)—values of high and lower
border for parameter PH(i). Values LB(i), HB(i) may be cal-
culated based on exercise type (e.g., for scenario with high
level of alertness students will be required to produce differ-
ent levels of a, 6 brainwaves compare with scenario with
prevailing sensory-motor components).

[0031] Theobjective cost function (1) (])(? ), fzone(t),

.
7 (1)) defines the cost of training/lesson unit. For simplic-
ity, duration of an exercise/lesson to be minimized may be
expressed as:

— — — i
Duration( T gyp(t), L zonelt), Z pxst)) (14)

— — —
Constrain function (2) Gr(T gyt), Lol Z gxs(t)
defines a student’s grades dependency from system vectors.
Symbol A denotes a passing grade value.
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[0032] System 100 works with variety of objectives func-
tions. The following is a list of some of the objective functions
that may be handled by system 100. Others may also be
handled by system 100.

[0033] A first objective function presented by equation
(1-1A) is designed to minimize lesson duration, while main-
taining the probability of passing examination on certain
passing grade level (2).

[0034] A second objective function is dictated by a fixed
lesson duration value and a desire to maximize the amount of
processed information. For this objective function, the opti-
mization will may be mathematically represented as: Find

values of vectors ?ENP’(t):?ENVl(t)a ?EXS(t):?EXSl(t)a

— —
L Lone(O=L Lonz' () that maximize value of the following
objective function

1 ot 1 4
(T (0. Lyone (0, Zpys 0. T) = @

maxy Ty (0), Loone(D), Zgxs(), T)
_VAR VAR _VAR
TENV-ZEXS L zone

Subject to the same constraint (2):
Gr (:?ENV(Z)=z)zone(l)>_Z)EXS(l))>Ax

Where function 1( . . . ) calculates amount of processed
information, and symbol T denotes fixed value of lesson
duration.

[0035]

a different part of the learning zone, f zongelt) compared, for
example, with a more standard situation described by equa-
tions (1)-(1A), (2).

[0036] A third objective function results from the desire to
train a student to reach the best possible results of an exercise.
In this case, the optimization problem may be mathematically
represented as:

To satisfv such criteria, a student needs to operate in

. — — —
Find values of vectors T oy{0=T gt (D), Z pyps(D)=

— —_— — . .
Z s (0, L yone(F L song (1) that maximize value of the
A in equation (2):

1 St
6T (0. Lo 0), Zpys )=
- maxGr Ty (@), Loon (D), Zgxs (@)
_VAR VAR _VAR
BNV ZEXS Lzone

[0037] A fourth object function involves parametric opti-
mization. A lesson’s goal involves the student being required
to keep neuro/physiologically values in certain range of val-

ues of one to a few T Evill) or fZONE(t) parameters. For
example, as part of self-regulation training, student will be
required keep values a, 0 brainwaves in a certain range. The
mathematical representation is a quadratic optimization prob-
lem.

[0038] A fifth objective function involves best behavior
optimization. A student may be required to follow a best
behavior trajectory recorded earlier by a domain expert or by
the student or another student in previous exercises. The
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.
objective function in case of recorded L 5 z(1) trajectory
may be expressed mathematically as:

ul — BEST 12 Q]
nﬁn}] (Zoome (8T) = Ly G6T)) =0, 1, .. | N
i=0
VAR VAR VAR
TENVZEXS rLaone

[0039] Further objective functions may involve team exer-
cises or any other function designed to achieve a desired
training result. There are many different possibilities for tai-
loring the system 100 to accomplish desired training objec-
tives utilizing many different training environments.

[0040] An events sequence during initial scenario entry or
on system startup is illustrated in flowchart 200 form in FIG.
2. In one embodiment, the method 200 is implemented by a
computer system. After an instructor or high level system
enters a new scenario and chosen objective function at 205,

the system recalculates control block algorithms, fZONE(t)
parameters, etc., at 207.

[0041] At 210, biosignals representative of a neuro-physi-
ological state of a student are received. A current neuro-
physiological state is determined at 215 using the received
biosignals. In various embodiments, the biosignals include
many different measurements of the physiological and psy-
chological state of the student. At 220, feedback is provided to
the student as a function of the neuro-physiological state of
the student as determined from the biosignals. The feedback
is also a function of the objective functions defined for the
particular exercise. If the neuro-physiological state of the
student has changed as indicated at 225 following provision
of the feedback, further feedback may be provided by modi-
fying training environment factors, such as a lesson intensity
value as a function of the neuro-physiological state of the
student at 230 and providing the modified lesson intensity
value to the training environment 160. Both feedback loops
are controlled by the particular control algorithms developed
to meet the objective functions of one of several different sets
of objective functions.

[0042] Several variations may be seen in further embodi-
ments. If the student maintains an optimal learning cognitive
state, no feedback may be provided. Alternatively, the student
may be provided feedback about his or her cognitive state so
that they understand they are in a good state. The intensity
level may also be manipulated in some embodiments such
that it gradually increases to further optimize the learning
experience. The gradual increase may continue until a detri-
mental change in the cognitive state is detected, at which
point cognitive state feedback may be provided to the user
followed by a reduction in intensity if the detrimental change
in cognitive state does not improve. Alternatively, if the cog-
nitive state feedback worked to return the student to an opti-
mal learning cognitive state, a training environment param-
eter such as intensity may again be increased, or held constant
if desired.

[0043] In further embodiments, natural biorhythms of stu-
dents may be taken into account in both determining the
cognitive state of the student and in providing cognitive state
feedback and learning intensity feedback. Providing both
types of feedback enables the use of many different control
algorithms which may utilize one or more biosignals. Great
flexibility in the algorithms may be provided in various
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embodiments. The algorithms may be generated in one
embodiment by performing regression analysis of multiple
parameters that are relevant in the optimizations for each
overall objective function. This results in different control
algorithms for each objective function to be accomplished.
[0044] FIG. 3 is a block diagram of a sensor based mental
assessment system 300 according to an example embodi-
ment. Physiological sensor data is generated or received at
310 and provided to the system 300. In various embodiments,
the sensor data may include one or more of EEG, EKG, GSR
and pupilometry. Other sensors may be used in further
embodiments, such as body temperatures, oxygen levels,
blood sugar levels, and many others if desired.

[0045] System 300 includes a mental state assessor 320 that
receives the sensor data and assesses the mental state repre-
sented by the sensor data. The mental state may be determined
by many different algorithms, including the use of empirical
observations of students and correlating such observations to
the sensor data. The mental state may be tailored to each
individual student in one embodiment. Mental state gauges
may be provided at a monitoring module 325, which may
provide graphical indications of different mental states, such
as cognitive workload, visual engagement, distraction,
drowsiness and others. At a configuration module 330, the
system 300 may be configured to allow operators, via an
operator interface 335 to manually enter non-logged events in
real time, and to set objectives at 337 and input scenarios at
338. The ability to set objectives and input scenarios allows
different objective functions of training to be identified and
system control algorithms to be modified according to the
scenarios and objective functions.

[0046] Many different data preparation and reporting func-
tions may be available as indicated at 340 to provide summary
reports 350, sensor logs 355 and application/prototype logs
360. In one embodiment, a real-time estimate of cognitive
workload may be provided.

[0047] In one embodiment, learning optimization may be
provided based on a student’s state of cognitive workload
value W(t), t—time, in accordance with the objective func-
tions and corresponding optimizations.

[0048] Intensity of lessons may be a function of the number
of tasks given to a student per a certain time period. A new set
of tasks appears on the screen after the time period expires. In
one example, there may be 10 levels of intensity. Level one
consists of a single task; level two consists of two tasks, and
$0 on.

[0049] For calculating student’s state of cognitive work-
load, a set of EEG sensors may be placed on student’s scalp.
A raw EEG signal, polled with frequency 256 Hz, after fil-
tration and removal artificial effects (e.g., eyes blinking), is
converted to values of amplitudes for different frequencies by
using a FFT (Fast Fourier Transformation) algorithm.
[0050] Inoneembodiment, the following standard frequen-
cies: a is in the range 8-12 Hz, 3 is the range of 12-30 Hz, y is
the range of 30-100 Hz, 0 is the range of 4-7 Hz and d is the
range 0-4 Hz may be used. Conversion to a value of workload
W(t) may be done according to the following formula:

W-n)= M
kia(t=n)+ kB —n) + kyy(t — n) + ka0t = n) + kgo(z = n) +

kst —n) [0 —n) + key(1—m) /a0y, n =0, 1,2, ... ,m
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-continued

W = Zr,W(t— i)
i=0

i

Where—k,—conversion coeflicients for different
frequencies a(t), f(1), y(1), 0(t), 8(1); r,—weight coeflicients.
[0051] Forregulationlesson’s intensity level a proportional
integral controller may be used:

Y(n) =k (Win) - Wye) + Z k(W (i) = Weq)
i=0

Where Y(n) corresponds to a lesson’s intensity on step n,
W(n) corresponds to a measured value of workload on step n;
W, corresponds to an initial workload value, k,, k, are coef-
ficients for proportional and integral parts of the controller.
Discrete integer values of intensity are obtained by rounding
output Y(t) to the integer value: Y,,,,.,,~ROUND(Y(n)),
where ROUND( ) is the standard rounding function.

[0052] Block 145 recalculates values of learning zone
parameters, training environment parameters and algorithm’s
parameters based oninput 148 of objective function and input
147 of a scenario. In one example, consider objective function
is used, that minimizes lesson duration, while maintaining the
probability of passing examination with certain passing grade
level defined by functions (1A), (2). In one embodiment gen-
eral objective function (1A) is represented by the following
empirical equation:

erm

‘ . e 1 (3A
%n(klexp{(kz Zoys e~ ks (Zoys 1o ))—(}] )

[0053] Grade passing zone formula (2) is replaced by the
following system of equations:

1 (3B)
o> k4ln(k5‘u—]
X

1
o< k4ll{k5p—] +ks
X

Where: k, coefficients, u—scenario’s starting set level of
intensity (e.g. complexity, speed, etc.), 0-a,, 8 brainwaves
ratio (it best correlates with student’s attention level—one of
important parameter of learning zone). Coefficients k, (

— —
Z o), Ky (Z g ™) are functions of vector

=
7 s P —permanent part of vector of lesson/exercise

parameters.

[0054] The above optimization problem (3A-B) has a
numerical solution with good initial approximation defined
by finding local maximum of (3A), y—student’s capability
index defined in relation to standard Bell curve and based on
the student’s corresponding historical data.

[0055] The whole system functions in the following way:
First, after input of an objective function and a scenario, block
145 calculates optimal values of learning zone parameters,
training environment parameters and, in some cases, algo-
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rithms parameters. In case of embodiment, defined by equa-
tions (3A), (3B) block 145 calculates values of learning zone
parameter alpha/theta denoted by symbol o and initial value
of lesson’s intensity . After setting these values the system
automatically turned on.

[0056] If the system detects a change in workload value
W(t), then in the case where workload W(t) is going down
during specified time period P and passes through a threshold
value T RH: W(t)-W(t+P)>=TRS, then the system turns on
the controller. As a result, a lesson’s intensity will be
increased and, with delay workload value W(t) will also
increase.

[0057] In case if W(t) is going up: W(t+P)-W(t)>=TRS,
then the system will send a message to the student about
increasing workload value in the form of a text message/
graphic icon with numerical or symbolic value on computer
screen overlay and/or sound.

[0058] Inaddition, to the message, the system may provide
suggestions, such as breathing exercises, relaxation tech-
niques, or others. The messages may depend on detected
neuro-physiological states, sensed by other sensors and a
value of W(t) decrement. Then, after giving the student time
period K(t) for normalization of W(t) value. K(t) value
depends on value of W(t) decrement and student’s personal
history. Then if after time period K(t) value W(t) not normal-
ized, the system turned on controller (2), which decrease
lesson’s intensity level.

[0059] Ina further embodiment, learning optimization may
be provided based on states of a student’s cognitive alertness
A(t) and level of engagement E(t), t—time. The only differ-
ences between the embodiment and the previous embodiment
are discussed below.

[0060] For calculating cognitive alertness and level of cog-
nitive engagement, multiple sensors such as EEG, EKG, and
GSR may be used. Conversion to the value of cognitive alert-
ness A(t) may be done in according to the following regres-
sion type formula:

Alt=n) =kt —n) [0t - n) + koy(t —n) [ a(t) + kaekg(1 — n) + 3)
kyekg(t - n)l/z +hsgsr(t—n) +k5gsr(l—n)3, n=0,1,2,... ,m
A = Zr;A(t— h)
i=0

Where—k,—conversion coefficients for different frequen-
cies

a(t), P, y(v), 0(1), 8(1); ekg(t) refer to EKG sensors measure-
ments; gsr(t}—GSR measurements; r—weight coefficients.
We are using similar regression formula for conversion EEG,
EKG, and GSR sensors measurements to level of engagement
E(t) value.

[0061] Based on a student’s cognitive alertness A(t) and
level of engagement E(t) values a student’s position in rela-
tion to optimal learning zone LZ(t) may be calculated by
employing the following regression formula:

] ] @
LZt-n) = Zk;’nA(z —n)" Zkan(t— ",
m=0

m=0

n=0,1,2,... ,s
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-continued

Where—k—regression coefficients, r—weight coefficients.
[0062] An LZ(t) normal range is between LZ,, <=LZ(t)
<=LZ,,.. In one embodiment for regulation of a lesson’s
intensity level, a proportional integral controller may be used:

n ®
Y(0) = ki (LZin) = LZse) + ) kalLZ(0) = LZger)
i=0

[0063] The whole system functioning is in according to the
description for the previous embodiment, where workload
value W(t) is replaced by learning zone value LZ(t).

[0064] FIG. 5 presents a graphical illustration of finding a
solution to the optimization problem in one example embodi-
ment. The vertical axis presents values (lesson’s relative time)
of objective function (3A) at 505 as function of the lesson’s
intensity and alpha/theta brainwaves ratio (attention). The
two vertical shapes 510 and 515 correspond to equations
(3B). All possible solutions of optimization problems belong
to the region of objective function they limit.

[0065] A block diagram of a computer system that executes
programming for performing the above methods and algo-
rithms is shown in FIG. 4. A general computing device in the
form of a computer 410, may include a processing unit 402,
memory 404, removable storage 412, and non-removable
storage 414. Memory 404 may include volatile memory 406
and non-volatile memory 408. Computer 410 may include—
or have access to a computing environment that includes—a
variety of computer-readable media, such as volatile memory
406 and non-volatile memory 408, removable storage 412
and non-removable storage 414. Computer storage includes
random access memory (RAM), read only memory (ROM),
erasable programmable read-only memory (EPROM) & elec-
trically erasable programmable read-only memory (EE-
PROM), flash memory or other memory technologies, com-
pact disc read-only memory (CD ROM), Digital Versatile
Disks (DVD) or other optical disk storage. magnetic cas-
settes, magnetic tape, magnetic disk storage or other mag-
netic storage devices, or any other medium capable of storing
computer-readable instructions. Computer 410 may include
orhave access to a computing environment that includes input
416, output 418, and a communication connection 420. The
computer may operate in a networked environment using a
communication connection to connect to one or more remote
computers. The remote computer may include a personal
computer (PC), server, router, network PC, a peer device or
other common network node, or the like. The communication
connection may include a Local Area Network (LAN), a
Wide Area Network (WAN) or other networks.

[0066] Computer-readable instructions stored on a com-
puter-readable medium are executable by the processing unit
402 of the computer 410. A hard drive, CD-ROM, and RAM
are some examples of articles including a computer-readable
medium.

[0067] The Abstract is provided to comply with 37 C.F.R.
§1.72(b) is submitted with the understanding that it will not
be used to interpret or limit the scope or meaning of the
claims.
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1. A system comprising:

an input to couple to a sensor to detect a neuro-physiologi-
cal state of a student;

a configurator to receive input regarding training objective
functions and to modify control algorithms and system
parameters in accordance with a selected training objec-
tive function; and

a controller coupled to the input to implement the control
algorithms and provide a communication if the student
is outside a desired neuro-physiological state consistent
with a desired learning zone and to provide a lesson
intensity control signal as a function of the provided
communication, sensed neuro-physiological state and
selected training objective function.

2. The system of claim 1 wherein the sensor comprises an

electroencephalograph.

3. The system of claim 1 wherein the input is configurable
to receive input from multiple sensors selected from the group
consisting of an electroencephalograph, electrocardiograph,
galvanic skin response sensor, heart rate variability sensor
and pupilometry sensor.

4. The system of claim 1 and further comprising a converter
to convert the detected neuro-physiological state of the stu-
dent to cognitive parameters.

5. The system of claim 4 wherein the cognitive parameters
are representative of cognitive workload.

6. The system of claim 5 wherein the controller correlates
the cognitive parameters to known patterns of such cognitive
parameters to determine whether the student is within the
desired learning zone consistent with the selected training
objective function.

7. The system of claim 6 wherein the known patterns are
patterns specific to historical performance of the student.

8. The system of claim 1 wherein the communication com-
prises information on self regulation techniques to improve
the neuro-physiological state.

9. The system of claim 8 wherein the controller modifies
the lesson intensity as a function of change in neuro-physi-
ological state over time in response to the communication.

10. The system of claim 9 wherein the lesson intensity
control signal causes modification of at least one of volume or
brightness of a learning environment.

11. The system of claim 1 wherein the selected training
objective functions are switchable between at least two train-
ing objective functions selected from a fixed lesson duration
while maximizing information processed, training to reach
the best possible results of an exercise, optimizing parameters
corresponding to the learning environment or learning zone,
minimizing lesson duration while maintaining a probability
of obtaining desired examination results, and following a best
behavior trajectory training objective function.

12. A system comprising;

an input to receive biosignals representative of a neuro-
physiological state of a student;

a converter coupled to receive the biosignals and to convert
the biosignals to learning zone digital values;

a training environment for the student responsive to lesson
intensity values;

a configurator to receive input regarding training objective
functions and to modify control algorithms in accor-
dance with the training objective functions; and

a controller coupled to the converter to receive learning
zone digital values and to provide a communication to
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the student if the learning zone digital values are indica-
tive of the student being outside a desired neuro-physi-
ological state consistent with the control algorithms and
to modify the training environment as a function of the
control algorithms and sensed neuro-physiological
state.

13. The system of claim 12 wherein the controller provides
lesson intensity values as a function of current and historical
lesson intensity values.

14. The system of claim 12 wherein the training environ-
ment is a computer controlled training environment.

15. The system of claim 12 wherein the training environ-
ment is a computer simulation.

16. The system of claim 12 wherein the training environ-
ment is a classroom.

17. The system of claim 12 wherein the received biosignals
correspond to biosignals generated by multiple sensors
selected from the group consisting of an electroencephalo-
graph, electrocardiograph, galvanic skin response sensor,
heart rate variability sensor and pupilometry sensor.
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18. The system of claim 12 wherein the communication
comprises information on self regulation techniques to
improve the neuro-physiological state of the student.

19. The system of claim 18 wherein the controller modifies
the lesson intensity as a function of change in neuro-physi-
ological state over time in response to the communication.

20. A computer implemented method comprising;

configuring a controller with control algorithms as a func-

tion of a selected objective function and training sce-
nario;

receiving biosignals to produce received biosignals repre-

sentative of a neuro-physiological state of a student;
determining a current neuro-physiological state from the
received biosignals; and

modifying a training environment as a function of the cur-

rent neuro-physiological state of the student based on
the control algorithms.

® ok % ok %
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