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SYSTEMS AND METHODS FOR MACHINE LEARNING
Related Application
[0001]

This application claims the benefit under 35 U.S.C. § 119(e) of U.S. Provisional

Application No. 62/209,799 filed August 25, 2015, which is incorporated by reference herein
in its entirety.

Technical Field
[0002]

The present disclosure relates to artificial intelligence and/or machine learning.

That is, the ability for a computing device to learn based on feedback or predetermined ideal
results rather than through explicit programming.

Traditional approaches to artificial

intelligence and/or machine learning rely on random convergence of a series of weights.
Such approaches require large amounts of computational resources (e.g., processing power)

and/or time resources, often both.

Accordingly, systems and methods are needed for

improving artificial intelligence and/or machine learning.
Brief Description of the Drawings
[0003]

FIG. 1 is a block diagram illustrating one example of a traditional neural network.

[0004]

FIG. 2 is a block diagram illustrating one example of a traditional neuron.

[0005]

FIG. 3 is a block diagram illustrating one example of a decision making neuron in

accordance with the described systems and methods.
[0006]

FIG. 4 is a block diagram illustrating one example of a decision making module.

[0007]

FIG. 5 is a block diagram of an example of a neural network module.

[0008]

FIG. 6 is a block diagram illustrating one example of a network of decision

making neurons that are each associated with a unique input value combination where each
input value combination is distinct.
[0009]

FIG. 7 is a block diagram illustrating another example of a network of decision

making neurons that are each associated with a unique input value combination and some of
the input value combinations are linear while others are distinct.
[0010]

FIG. 8 is a flow diagram of a method for machine learning.

[0011]

FIG. 9 is a flow diagram of a method for machine learning.

[0012]

FIG. 10 is a flow diagram of a method for machine learning.

[0013]

FIG. 11 depicts a block diagram of a computer system suitable for implementing

the present systems and methods.

Detailed Description
[0014]

A detailed description of systems and methods consistent with embodiments of

the present disclosure is provided below. While several embodiments are described, it should
be understood that the disclosure is not limited to any one embodiment, but instead
encompasses numerous alternatives, modifications, and equivalents.

In addition, while

numerous specific details are set forth in the following description in order to provide a
thorough understanding of the embodiments disclosed herein, some embodiments can be
practiced without some or all of these details. Moreover, for the purpose of clarity, certain
technical material that is known in the related art has not been described in detail in order to
avoid unnecessarily obscuring the disclosure.
[0015]

Machine learning is a known discipline in the art of computer science, as is neural

networking, which is a type of machine learning. Machine learning systems may be used to
solve problems or find patterns faster or with more accuracy than they could be solved by
using other technologies or systems.
[0016]

The present systems and methods describe various techniques for machine

learning. That is, the process of how a machine learns based on its own experiences (i.e.,
without explicit programming).

As used herein, learning encompasses many specific

learning applications including, for example, recognition (e.g., pattern, speech, object, etc.)
and problem solving (e.g., solving a maze, playing a game, determining possible outcomes,
predicting best outcomes, limit detection, etc.).
[0017]

FIG. 1 is a block diagram illustrating one example of a traditional neural network

100. As illustrated, a traditional neural network 100 includes one or more inputs 105 (e.g.,

inputs 105A and 105B) and one or more outputs 115 (e.g., 115A and 115B) separated by one
or more neuron layers 110 (e.g., neuron layer 110A-N) which optionally include one or more
hidden layers (e.g., neuron layer 110AA-NN (not labeled) and neuron layer 110AAA-NNN).
[0018]

Each neuron layer includes a large number of traditional neurons 110 (e.g., 110A-

11ON). Although the traditional neural network 100 is illustrated as having N traditional
neurons in each layer, it is understood that different neuron layers may have different
numbers of traditional neurons 110.
[0019]

FIG. 2 is a block diagram illustrating one example 200 of a traditional neuron 110.

As illustrated, the traditional neuron 110 includes a first weighting 210 that weights a first
input 205A based on a first random generator 230 (e.g., random number generator) and a
second weighting 220 that weights a second input 205B based on an (unrelated) second
random generator 235. The weighted first input and weighted second input are input to a

threshold 225 that generates output 215 based on some threshold of the weighted inputs. In
other words, the output 215 of each traditional neuron 110 is determined as follows: input
values (e.g., inputs 205 A and 205B) are received, these values are altered according to the
stored weights (e.g., weightings 210, 220) associated with them, and the combination of all
inputs after being passed through weights go to the threshold 225, which may be a
mathematical equation or any other means of aggregating the total values of the inputs 105
combined with their weightings 210, 220 to achieve an output 215.
[0020]

For example, if the first input 205 A has a value of 1.0 and the second input 205B

has a value of 2.0, the weight 210 for the first input 205A has a value of -1.0 and the weight
for the second input 205B has a value of 1.0, the post-weighted value for the first input 205 A
will be "-1.0" (1.0 * -1.0 = -1.0) and the post-weighted value for the second input 205B will
be "2.0" (2.0 * 1.0 = 2.0). In this example, the threshold 225 simply sends out positive
numbers and changes negative numbers to zero. So in this example, the output 215 would be
the average of the post-weighted values -1.0 and 2.0 above and since this average of 0.5 is
above the threshold of 0, an output value of 0.5 is sent to the output 215.
[0021]

Thus, traditional neural networks 100 use a system of weights 210, 220 assigned

to each of the traditional neuron's 110 incoming links from inputs 105 or other neurons 110
to generate an output 215. The traditional neuron's 110 resulting output signal 215 is sent to
network outputs 115 (e.g., 115A, 115B) or other neurons 110 (as illustrated). The traditional
neural network 100 attempts to learn by adjusting weights. These weights are adjusted either
randomly or based upon feedback provided by the user or an external process.

The

traditional neural network 100 identifies patterns (e.g., learns) as outputs 115 converge. That
is, the process for learning in traditional neural networks 100 involves random input value

convergence.
[0022]

In general, neural networks receive information, which will be processed by the

network of neurons through what is known as training sessions.

During these training

sessions, the network processes or "solves" the problem or detects the patterns.

Once

learning is complete the network may be used to predict outputs based upon a given set of
inputs.
[0023]

For example, a set of inputs 105 could represent a city and its employment levels.

In one example, the network 100 may be designed to find geographic trends in economic data
(i.e., the n). In this example, the output 115 may be a set of geographical regions and a

number representing the network's 100 prediction for economic success for that city in the

corresponding geographical region.

It should be appreciated that this is a very simple

example and actual machine learning networks 100 are commonly more complex.
The described systems and methods do not use the weights and thresholds system

[0024]

used in traditional neural networks (as discussed above), that is, a simple system of weights
and aggregation. The described systems and methods, instead, achieve improved efficiency
by embedding more decision making systems into each neuron, which reduces both the
number of neurons required to solve a problem and the amount of learning required to solve a
problem.
[0025]

FIG. 3 is a block diagram illustrating one example 300 of a decision making

neuron 305 in accordance with the described systems and methods.

As illustrated, the

decision making neuron 305 includes a first input 105A and a second input 105B which are
passed directly into a decision making module 310 (without any weighting or thresholding,
for example). Although only two inputs are shown, it is understood that more or less may be
used without departing from the scope of the present systems and methods.
[0026]

115.

The decision making module 310 makes a decision which is output to an output
In one example, the decision making module 310 makes a decision based on the

received inputs 105 (e.g., inputs 105A, 105B). In another example, the decision making
module 310 may make a decision that does not consider the received inputs 105.

For

instance, the decision making module 310 may make a completely random decision, a
decision based on one or more previously made decisions, a decision based on one or more
previously made decisions made by one or more other decision making neurons 305, a
decision based on an algorithm (e.g., learned algorithm), etc., or any combination of the
above. For instance, the decision making module 310 may make a random decision based on
a best known previous decision (by the decision making neuron 305 and/or another decision
making neuron 305, for example).
[0027]

The decision making module 310 may have a connection 320 to a neural network

module 315 and/or one or more other decision making neurons 305 (i.e., decision making
modules 310) within the neural network. Thus, the decision making module 310 can make
decisions independently, based on the collective information obtained by other decision
making neurons 305, and/or in coordination with the neural network (e.g., other decision
making neurons 305) as a system.
[0028]

The neural network module 315 may provide system (e.g., network) level

management, coordination, and/or control of a plurality of decision making neurons 305. The
neural network module 315 may identify data types of inputs and may pair unique input value

combinations together.

In one example, the neural network module 315 may pair input

values together so that every possible input value combination is represented.

In some

embodiments, the neural network module 315 may wait to create (e.g., instantiate) a decision
making neuron 305 until the specific input value pair associated with a possible decision
making neuron 305 is received.

This may allow for more efficient memory usage. For

example, if a problem is solved without considering every possible input value combination.
The neural network module 315 may manage system level parameters including whether
inputs are linear or distinct, the tolerance of linearity between inputs, a number of total
number of cycles, and/or any global outputs.
[0029]

FIG. 4 is a block diagram illustrating one example 400 of a decision making

module 310. The decision making module 310 may be an example of the decision making
module 310 illustrated in FIG. 3 . The decision making module 310 includes a creativity
module 405, a feedback module 410, a storage module 425, a pattern/trend detection module
430, a best decision module 435, a neuron communication module 440, and a decision

selection module 445.
[0030]

The creativity module 405 may use randomness to add creativity to the decision

making.

In one example, the creativity module 405 may generate a completely random

decision (regardless of the inputs, for example). In another example, the creativity module
405 may add randomness to a best known decision to see if a better decision can be realized.

The amount of creativity that is incorporated into the decision making may be based on a
randomness value. The randomness value may be managed locally at the decision making
module 310 and/or managed for the network as a system by the neural network module 315.
The randomness factor may decrease from one cycle to another cycle so that a training
process can move from creative possibilities to a solution. In some cases, the randomness
factor may increase at times to determine if a decision or result can be improved by creatively
considering some additional options.
[0031]

The feedback module 410 provides feedback to the decision making module 310

for smart decision making. This feedback enables the decision making module 310 to learn
from its experiences. That is learn what decisions are more successful or less successful for
obtaining a desired solution. The feedback module 410 may include a cycle feedback module
415 and a global feedback module 420.
[0032]

The cycle feedback module 415 provides feedback on the output 115 that was

generated from the decision making module 310.

This includes the output 115 of the

decision itself as well as any other meta data associated with the output 115. For example,

where the output was provided to (e.g., another decision making neuron or a final output) and
the results of any subsequent processing.
[0033]

The global feedback module 420 may provide global outputs (e.g., an output of

one or more decision making neurons over the course of one or more cycles).

In one

example, the global output represents the attempted solution to the problem. Accordingly,
the global output may be used to determine if a decision contributed to or detracted from a
particular global output. In one example, the global feedback module 420 may obtain the
global output from the neural network module 315. In some cases, a pre-populated known

solutions may be used as an alternative to using feedback. This arrangement is often referred
to as supervised learning.

In unsupervised learning arrangements, feedback (e.g., global

feedback is used).
[0034]

The storage module 425 may store the inputs, the decision, and/or any feedback

associated with the decision (e.g., the cycle output, any global output, and any metadata).
This data may be stored so that it is accessible to the decision making module 310 to aid in
future decision making. In particular, this feedback and storage aspect enables the decision
making module 310 to make smart decisions because it can use what it has learned from any
or all of the previous cycles to aid in the decision making in the current cycle.
[0035]

The pattern/trend detection module 430 may identify patterns and/or trends based

on decisions and any feedback from those decisions. Examples of trends include critical data

points, desirable results, etc. In one example, the global output feedback may be used to
identify a trend of decisions and their resulting outputs that lead to desirable outputs (e.g.,
desirable global outputs). In another example, differing cycle outcomes based on similar
decisions may be used to identify a critical data point (e.g., a data point that results in
different outcomes based on what side of the data point an output (e.g., cycle output) is). In
some cases, the pattern/trend detection module may identify trends based on decisions and/or

feedback from other (e.g., linear related) decision making neurons. It is understood that
patterns and trends may be identified based on a variety of factors, including simply based on
resulting cycle output values from previously made decisions.

It is appreciated that the

creativity module 405 may aid in providing creativity testing results that facilitate the
determination of patterns and trends.
[0036]

The best decision module 435 may determine a best decision based on a plurality

of decisions and the resulting feedback from those decisions. In some cases, the best decision
may be determined based on patterns or trends detected/identified by the pattern/trend

detection module 430. The best decision may be determined based on decisions and the

resulting feedback of just the decision making module 310 or based on the decisions and
resulting feedback of other decision making neurons 305 and or the system (e.g., network) as
a whole.
[0037]

The neuron communication module 440 may allow for decisions and the resulting

feedback of other decision making neurons 305 and/or parameters and network level
parameters and metadata to be accessed by the decision making module 310.

As noted

above, this information may be used to improve the speed and efficiency associated with the
learning process.
[0038]

The decision selection module 445 may make a decision based on any (or all) of

the information accessible to the decision making module 310 (as provided by/through the
various modules discussed above, for example). Thus, the decision that is selected for use by
the decision making module 310 may be completely random, partially random, based on only
local results, based on only results from other decision making neurons 305, based on a

combination of results from both the decision making neuron 305 and other decision making
neurons 305, based on determined trends and/or patterns, and/or any combination of the
above. This flexibility in decision making allows the creativity and/or number of cycles be

tailored to the unique specifications of the problem being solved.
[0039]

FIG. 5 is a block diagram of an example 500 of a neural network module 315.

The neural network module 315 may be one example of the neural network module 315
illustrated with respect to FIG. 3 . The neural network module 315 includes a node pairing
module 505, a neuron selection module 520, a global output determination module 525, a
global output association module 530, and a neuron interaction module 535.
[0040]

The node pairing module 505 may determine a finite number of possible input

values for each input. For example, a Boolean input has two possible input values (e.g., 0
and 1) whereas an integer between 3 and 6 has four possible input values (e.g., 3, 4, 5, and 6).

In one embodiment, the pairing may be represented as a 2x4 matrix (representing eight
unique combinations/pairings of the inputs) with the respective Boolean values representing
the rows of the matrix and the respective integer values representing the columns of the
matrix. Each pairing (e.g., each row/column combination) may be associated with a potential

decision making neuron 305. An example matrix, illustrating this example, is illustrated in
FIG. 6 .
[0041]

The node pairing module 505 includes a first data type detection module 510 and

a second data type detection module 515. While only two data type detection modules are
shown, it is understood that more or less detection modules may be used depending on the

number of inputs to the problem to be solved. Regardless of the number of inputs, the data
type detection modules may determine the data type of each input and the associated finite
possible values associated with that identified data type (as discussed above). This pairing of
unique input value combinations with unique decision making neurons 305 allows the
decision making of each decision making neuron 305 to be uniquely tailored to the unique
combination of input values. The result of this pairing enables for both faster learning and a
faster learning process.
[0042]

The neuron selection module 520 determines a received input value combination

and selects the particular decision making neuron that is associated with that specific pairing
(e.g., input value combination). In some cases, a problem may be solved without considering

every possible input value combination. Accordingly, in one embodiment, an actual decision
making neuron 305 may not be created (e.g., instantiated, powered on) until that potential
decision making neuron is selected (an input value combination associated with that
(potential) decision making neuron 305 has been obtained).
[0043]

The global output determination module 525 may determine a global output

associated with the neural network. In one example, a global output may be the result of one
or more cycles performed by one or more decision making neurons 305. For instance, a
given input combination may result in a selection of decision making neurons 305, each
performing a cycle that combine to form a global output (e.g., a global score associated with
the problem, for example).
[0044]

The global output association module 530 may provide the global output to one or

more of the decision making neurons 305. For example, the global output association module
530 may provide the global output to each decision making neuron 305 that made decisions

that contributed to the global output. In one example, the global output association module
530 may associate the global output with a particular decision and/or resulting cycle output of

a decision making neuron that participated in a global output.
[0045]

The neuron interaction module 535 may determine whether an input is related

(e.g., linearly related) to another input and allow for different levels of interaction based on

the relationship. In one example, inputs are distinct and the neuron interaction module 535
configures the distinct decision making neurons to operate in a distinct mode 540. In the
distinct mode, the decision making neurons operate independently from each other. That is,
they do not consider other decision making neuron's decisions when making a decision. In
another example, inputs are related such that there is a relationship between decisions and
resulting cycle outputs made by one or more other decision making neurons 305 and the

decisions and resulting cycle outputs of another decision making neuron 305. In the case of
related inputs, the neuron interaction module 535 configures the related decision making
neurons to operate in a linear mode 545.

That is, they consider other decision making

neuron's decisions when making a decision. The selection of distinct mode 540 or linear
mode 545 is input specific and therefore is determined individually for each decision making
neuron 305 based on the input values that are provided to that decision making neuron 305.
[0046]

It is should be noted that during training, neural networks may at times make

decisions completely randomly. This randomness allows the network to attempt a greater
variety of solutions and is used in some forms of training. Note that the processes discussed
herein are referring to times when the decision making neurons 305 are responsible for
generating outputs and not the times when random values are generated.

In some

embodiments, during this random mode, the decision making neuron's 305 operations are
bypassed completely and the output 115 may be generated completely randomly (regardless
of the inputs, for example).
[0047]

Thus, a decision making neuron 305 processes inputs in a completely different

way than traditional neurons 110. Instead of using simple weights, the decision making
neurons 305 use large amounts of data to arrive at a "best" decision for an output 115. This
includes all data from previous events. So every input, output, decision, feedback, and other
historical data can be accessed to recall which previous decisions had positive or negative
feedback. This includes decisions made by other decision making neurons in the network
where a relationship exists such that a decision made with similar inputs may have a similar
result. Decisions may also be made based upon previously identified patterns (e.g., patterns

that the network has already identified, stored, and for which known outputs have been
identified. In addition, decisions may take into consideration metadata associated with the
inputs 105, explained more below. Other information may be taken into consideration during
the decision process as well (e.g., user settings, user inputted patterns or any other known
data).
[0048]

The decision making module 310 has access to a wide range of data and can be

programmed to make a very accurate decision. Since the present systems and methods have
the benefit of a vast array of data, including previous decisions and their results, it is able to
generate a more refined output value.

This more refined value results in more accurate

results and allows for more timely results using fewer neurons (e.g., decision making neurons
305).

[0049]

Metadata may include different information to give the network hints that allow it

to process a problem faster.

One example is the use of strongly defined input value

parameters. In traditional neural networks 100 the inputs 105 are typically double floating
point values. A double floating point value can typically range from -10308 through +10308
(according to Institute of Electrical and Electronics Engineers (IEEE) 754) including decimal
values in-between such as 0.123456. This wide range of values is what makes the weights
and thresholds system discussed above capable of solving complex problems. However, this

wide range of values comes at a processing cost. The present systems and methods allow
metadata to contain strongly defined input value parameters. For example, if it is known that
a first input 105 A is a the red value of an RGB color, then the decision making module 310
can consider that only 0 through 254 are possible values for this first input 105 A . Further,

based on this information, the decision making module 310 knows that this first input value
has a close relationship to the green and blue values for the same color. The decision making

module 310 can make more accurate decisions based upon this knowledge.
[0050]

Another example of metadata is the use of text hints. With text hints meta data,

the decision making module 310 may use historical data to correlate a particular learning
session (e.g., a collection of cycles that results in a global output (i.e., session output)) with
associated metadata. For example, if a network of decision making neurons 305 is being
used to read pixels from a picture to find objects, the caption of that picture could be
leveraged as text meta data. Although the caption may not be relevant, the decision making
module 310 may be made more efficient by looking for overlapping text in similar items
(e.g., the word "dog" being present in the metadata could make it more likely that the

decision making module 310 will provide an output 115 associated with dogs.
[0051]

FIG. 6 and FIG 7 illustrate examples of the interaction between neurons

depending on whether inputs are linear or distinct. FIG. 6 and FIG. 7 additionally illustrate
different examples of how unique combinations of input values may be paired and associated
with a unique (possible) decision making neuron 305.
[0052]

As discussed above, an input 115 may be defined (e.g., predefined) as being

distinct or linear. For example, a social security number is distinct. That is, the decision
making module 310 should not make decisions based upon similar social security number
inputs. However, a location might be linear and the decision making module 310 should

consider the decisions and resulting cycle outputs associated with the related inputs. For
example, if one input is being used to identify a person by social security number and another

pair of inputs is being used to define a location of on an X, Y coordinate plane, the decision

making module 310 should make different decisions for the X and Y, which are related, than
it should for the social security number, which is distinct.
[0053]

Historical data can additionally be used to improve the decision making process of

the decision making module 310. When using historical data, the decision making module
310 may try to find historical data that is relevant, even when the input values in the historical

data are not an exact match to the values coming from the inputs 105. In the above example,
marking inputs as distinct or linear allows the decision making module 310 to include similar
inputs for X and Y values while ignoring similar inputs from social security number values.
This reduces processing time and increases accuracy for the neural network.

In some

embodiments, the network of decision making neurons 305 can support an infinite number of
metadata information parameters, so long as each parameter is considered in the logic in the
decision making process.
[0054]

FIG. 6 is a block diagram illustrating one example of a network of decision

making neurons 305 that are each associated with a unique input value combination where
each input value combination is distinct. As discussed above, a first data type may be an
integer between the values of 3 and 6 and a second data type may be Boolean. This results in
eight unique input value combinations as shown, where each unique input value combination
is associated with a particular decision making neuron 305. For instance, if an integer 5 is

received as a first input value and a Boolean 1 is received as a second input value, then the
boxed neuron would be selected to generate a decision and a result output. Since the inputs
are distinct, the selected (boxed) neuron would utilize its own decision making history and
available data that is applicable to the decision making neuron to determine a decision to
make.
[0055]

FIG. 7 is a block diagram illustrating another example of a network of decision

making neurons 305 that are each associated with a unique input value combination and some
of the input value combinations are linear while others are distinct. In this example, the first
data type is an integer between the values of 3 and 6 and the second data type is an integer
between the values of 9 and 12. This results in a 4x4 matrix as illustrated. In this example,
the decision making neurons 305 in the three most right columns are linearly related while
the decision making neurons in the first column are distinct. If a first input value is integer 4
and a second input value is integer 12 and there is 1% linear bracketing tolerance then the
selected decision making neuron 305 (row 4, column 2) may consider the decisions and/or
results of any or all of the boxed decision making neurons that satisfy that tolerance (e.g., a
tolerance of 1%).

[0056]

In one example, tolerances start out larger or are increased when finer tolerance

are not producing better results. In some cases, tolerances are larger in the beginning so as to

use using anything similar while the data set is small (e.g., when the testing is getting
underway), then refine the accuracy by using a more precise tolerance as the testing
progresses.

In some cases, the decision making neuron 310 may in a predetermined or

automatic way, back off the tolerance if the results get worse not better. One example of the
use of tolerances is illustrated in the case of looking for the trajectory to launch a golf ball
towards a hole. In this example, the testing starts out random and a data set is built with the
results of the purely random data. In this early phase of testing a large tolerance is needed to
start so that something 10 feet past the hole and 10 feet before the hole are considered similar
while a trajectory 250 feet past the hole is not considered similar. However, to eventually get
the ball into the hole, the tolerance is made to be finer with time to narrow in on the hole. It
is understood, that the fineness of the tolerance is limited by the amount of data. If there is

enough data to support the finer tolerance, than the tolerance can be reduced. But if there is
not enough data to support the tolerance, than the tolerance will need to be increased until
there is enough data to support the finer tolerance.
[0057]

It is noted that any combination of metadata values can be mixed within the neural

network system of decision making neurons 305. For example, metadata types of linear,
distinct, geolocation, video, picture, etc. could all be mixed in a system. The metadata allows

the neural network to learn faster by understanding what type of data is being processed.
While systems that do not use metadata can still find patterns, a machine learning system that
is designed with processing support for various metadata may process such data more quickly

and with more accuracy.
[0058]

Thus the decision making module 310 and the neural network module 315 are

able to process values differently depending on their metadata. In the example illustrated in
FIG. 6, the decision making neurons 305 involve distinct values and the adjacent decision

making neurons 305 would not be relevant in decision making. In contrast, in the example
illustrated in FIG. 7, some of the inputs are linearly correlated and a range of related decision
making neurons 305 may be selected. In this example, a selected decision making neuron
305 may use information from the entire selected set of neurons to make a decision (based on

a bracketing tolerance, for example).
[0059]

As can be appreciated in the foregoing description neural network layout of the

present systems and methods has a fixed number of decision making neurons 305. It is a
fixed number because the present systems and methods use an assigned set of neurons to

input value combinations. This results in an organized matrix of decision making neurons
305 with each possible combination of input values being assigned to a single decision

making neuron 305. This fixed number of neurons is almost always less than the traditional
network's number of neurons. This reduction in number of needed neurons further adds to
the efficiency associated with the present systems and methods. This is because using extra
neurons takes additional time. This is particularly relevant in the context of traditional neural
networks where all neurons must randomly converge on an input set.
[0060]

FIG. 8 is a flow diagram of a method 800 for machine learning. The method 800

is performed by the decision making neuron 305 and more specifically, the decision making

module 310 illustrated in FIGS. 3 and 4 .

Although the operations of method 800 are

illustrated as being performed in a particular order, it is understood that the operations of
method 800 may be reordered without departing from the scope of the method.
[0061]

At 805, a first input is obtained. At 810, a second input is obtained. These first

and second inputs may be specific input values (based on the specific values associated with
the particular data type). At 815, a decision for generating a cycle output is selected based on
a randomness factor. The decision is one of a random decision or a best decision based on a
previous cycle. At 820 a cycle output is generated for the first and second inputs using the
selected decision.

In some cases (e.g., in the case of a complete random decision), the

decision may be completely unrelated to the input values. At 825, the selected decision and
the resulting cycle output are stored. In addition, any other metadata, historical data, and/or
beneficial information may be stored.
[0062]

The operations of method 800 may be performed by an application specific

processor, programmable application specific integrated circuit (ASIC), field programmable
gate array (FPGA), or the like.
[0063]

FIG. 9 is a flow diagram of a method 900 for machine learning. The method 900

is performed by the neural network module 315 illustrated in FIGS. 3 and 5 . Although the

operations of method 900 are illustrated as being performed in a particular order, it is
understood that the operations of method 900 may be reordered without departing from the
scope of the method.
[0064]

At 905, a first data associated with a first input is determined. At 910, a second

data type associated with a second input is determined. At 915, a first finite number of first
parameters associated with the first data type are determined. These first parameters may be
the specific finite values associated with the data type (e.g., the specific values for a binary
data type (e.g., 0 and 1)). At 920, a second finite number of second parameters associated

with the second data type are determined. At 925, each of the first parameters is paired with
each of the second parameters.

Each pair of a first parameter and a second parameter is

associated with a pair of inputs to a decision making neuron.
[0065]

The operations of method 900 may be performed by an application specific

processor, programmable application specific integrated circuit (ASIC), field programmable
gate array (FPGA), or the like.
[0066]

FIG. 10 is a flow diagram of a method 1000 for machine learning. The method

1000 is performed by the decision making neuron 305 and more specifically, the decision

making module 310 illustrated in FIGS. 3 and 4 . Although the operations of method 1000 are
illustrated as being performed in a particular order, it is understood that the operations of
method 1000 may be reordered without departing from the scope of the method.
[0067]

At 1005, a first input is obtained. At 1010, a second input is obtained. These first

and second inputs may be specific input values (based on the specific values associated with
the particular data type). At 1015, the first input is identified as having a linear relationship
with a third input. The third input is processed by a second decision making neuron that is
different than the first decision making neuron. At 1020, a plurality of selected decisions and
their resulting cycle outputs are obtained from the second decision making neuron. At 1025,
the obtained selected decisions and their resulting cycle outputs are compared with a plurality
of stored selected decisions and their resulting cycle outputs. At 1030, a decision to use for
generating a cycle output is determined based on the comparison. At 1035, a cycle output for
the first and second inputs is generated using the determined decision. At 1040, the selected
decision and the resulting cycle output are stored.
[0068]

The operations of method 1000 may be performed by an application specific

processor, programmable application specific integrated circuit (ASIC), field programmable
gate array (FPGA), or the like.
[0069]

FIG. 11 depicts a block diagram of a computer system 1100 suitable for

implementing the present systems and methods. Computer system 1100 includes a bus 1105
which interconnects major subsystems of computer system 1100, such as a central processor
1110, a system memory 1115 (typically RAM, but which may also include ROM, flash
RAM, or the like), an input/output (I/O) controller 1120, an external audio device, such as a
speaker system 1125 via an audio output interface 1130, an external device, such as a display
screen 1135 via display adapter 1140, an input device 1145 (e.g., keyboard, touchpad, touch
screen, voice recognition module, etc.) (interfaced with an input controller 1150), an input
device 1155 via a serial interface 1160, a fixed disk (or other storage medium, for example)

1165 via a storage interface 1170, and a network interface 1175 (coupled directly to bus
1105).
[0070]

Bus 1105 allows data communication between central processor 1110 and system

memory 1115, which may include read-only memory (ROM) or flash memory (neither
shown), and random access memory (RAM) (not shown), as previously noted. The RAM is
generally the main memory into which the operating system and application programs are
loaded. The ROM or flash memory can contain, among other code, the Basic Input-Output
system (BIOS) which controls basic hardware operation such as the interaction with
peripheral components or devices.

For example, the decision making neuron 305 (not

shown), the decision making module 310, and the neural network module 315 to implement
the present systems and methods may be stored within the system memory 1115.
Applications resident with computer system 1 100 are generally stored on and accessed via a
non-transitory computer readable medium, such as a hard disk drive (e.g., fixed disk 1165) or
other storage medium.
[0071]

Storage interface 1170, as with the other storage interfaces of computer system

1100, can connect to a standard computer readable medium for storage and/or retrieval of
information, such as a fixed disk drive (e.g., fixed disk 1165). Fixed disk drive may be a part
of computer system 1100 or may be separate and accessed through other interface systems.
Network interface 1175 may provide a direct connection to a remote server via a direct
network link to the Internet. Network interface 1175 may provide such connection using
wireless techniques, including digital cellular telephone connection, Cellular Digital Packet
Data (CDPD) connection, digital satellite data connection, or the like.
[0072]

Many other devices or subsystems (not shown) may be connected in a similar

manner. Conversely, all of the devices shown in FIG. 11 need not be present to practice the
present systems and methods. The devices and subsystems can be interconnected in different
ways from that shown in FIG. 11. The operation of a computer system such as that shown in
FIG. 11 is readily known in the art and is not discussed in detail in this application. Code to
implement the present disclosure can be stored in a non-transitory computer-readable
medium such as one or more of system memory 1115 or fixed disk 1175. The operating
system provided on computer system 700 may be iOS®, ANDROID®, MS-DOS®, MSWINDOWS®, OS/2®, UNIX®, LINUX®, or another known operating system.
[0073]

Moreover, regarding the signals described herein, those skilled in the art will

recognize that a signal can be directly transmitted from a first block to a second block, or a

signal can be modified (e.g., amplified, attenuated, delayed, latched, buffered, inverted,

filtered, or otherwise modified) between the blocks.
[0074]

Although the signals of the above described embodiment are characterized as

transmitted from one block to the next, other embodiments of the present systems and
methods may include modified signals in place of such directly transmitted signals as long as
the informational and/or functional aspect of the signal is transmitted between blocks. To
some extent, a signal input at a second block can be conceptualized as a second signal

derived from a first signal output from a first block due to physical limitations of the circuitry
involved (e.g., there will inevitably be some attenuation and delay).

Therefore, as used

herein, a second signal derived from a first signal includes the first signal or any

modifications to the first signal whether due to circuit limitations or due to passage through
other circuit elements which do not change the informational and/or final functional aspect of
the first signal.
[0075]

Embodiments and implementations of the systems and methods described herein

may include various operations, which may be embodied in machine-executable instructions

to be executed by a computer system. A computer system may include one or more generalpurpose or special-purpose computers (or other electronic devices). The computer system
may include hardware components that include specific logic for performing the operations

or may include a combination of hardware, software, and/or firmware.
[0076]

Computer systems and the computers in a computer system may be connected via

a network. Suitable networks for configuration and/or use as described herein include one or
more local area networks, wide area networks, metropolitan area networks, and/or Internet or
IP networks, such as the World Wide Web, a private Internet, a secure Internet, a value-added

network, a virtual private network, an extranet, an intranet, or even stand-alone machines
which communicate with other machines by physical transport of media. In particular, a
suitable network may be formed from parts or entireties of two or more other networks,
including networks using disparate hardware and network communication technologies.
[0077]

One suitable network includes a server and one or more clients; other suitable

networks may contain other combinations of servers, clients, and/or peer-to-peer nodes, and a
given computer system may function both as a client and as a server. Each network includes
at least two computers or computer systems, such as the server and/or clients. A computer

system may include a workstation, laptop computer, disconnectable mobile computer, server,

mainframe, cluster, so-called "network computer" or "thin client," tablet, smart phone,

personal digital assistant or other hand-held computing device, "smart" consumer electronics
device or appliance, medical device, or a combination thereof.
[0078]

Suitable networks may include communications or networking software, such as

the software available from Novell®, Microsoft®, and other vendors, and may operate using
TCP/IP, SPX, IPX, and other protocols over twisted pair, coaxial, or optical fiber cables,
telephone lines, radio waves, satellites, microwave relays, modulated AC power lines,
physical media transfer, and/or other data transmission "wires" known to those of skill in the
art. The network may encompass smaller networks and/or be connectable to other networks

through a gateway or similar mechanism.
[0079]

Various techniques, or certain aspects or portions thereof, may take the form of

program code (i.e., instructions) embodied in tangible media, such as floppy diskettes, CDROMs, hard drives, magnetic or optical cards, solid-state memory devices, a non-transitory
computer-readable storage medium, or any other machine-readable storage medium wherein,
when the program code is loaded into and executed by a machine, such as a computer, the
machine becomes an apparatus for practicing the various techniques. In the case of program
code execution on programmable computers, the computing device may include a processor,
a storage medium readable by the processor (including volatile and nonvolatile memory
and/or storage elements), at least one input device, and at least one output device.

The

volatile and nonvolatile memory and/or storage elements may be a RAM, an EPROM, a flash
drive, an optical drive, a magnetic hard drive, or other medium for storing electronic data.
[0080]

One or more programs that may implement or utilize the various techniques

described herein may use an application programming interface (API), reusable controls, and
the like. Such programs may be implemented in a high-level procedural or an object-oriented
programming language to communicate with a computer system. However, the program(s)
may be implemented in assembly or machine language, if desired. In any case, the language
may be a compiled or interpreted language, and combined with hardware implementations.
[0081]

Each computer system includes one or more processors and/or memory; computer

systems may also include various input devices and/or output devices. The processor may
include a general purpose device, such as an Intel®, AMD®, or other "off-the-shelf
microprocessor.

The processor may include a special purpose processing device, such as

ASIC, SoC, SiP, FPGA, PAL, PLA, FPLA, PLD, or other customized or programmable
device. The memory may include static RAM, dynamic RAM, flash memory, one or more

flip-flops, ROM, CD-ROM, DVD, disk, tape, or magnetic, optical, or other computer storage
medium. The input device(s) may include a keyboard, mouse, touch screen, light pen, tablet,

microphone, sensor, or other hardware with accompanying firmware and/or software. The
output device(s) may include a monitor or other display, printer, speech or text synthesizer,
switch, signal line, or other hardware with accompanying firmware and/or software.
[0082]

It should be understood that many of the functional units described in this

specification may be implemented as one or more components, which is a term used to more
particularly emphasize their implementation independence. For example, a component may
be implemented as a hardware circuit comprising custom very large scale integration (VLSI)
circuits or gate arrays, or off-the-shelf semiconductors such as logic chips, transistors, or
other discrete components.

A component may also be implemented in programmable

hardware devices such as field programmable gate arrays, programmable array logic,
programmable logic devices, or the like.
[0083]

Components may also be implemented in software for execution by various types

of processors. An identified component of executable code may, for instance, comprise one
or more physical or logical blocks of computer instructions, which may, for instance, be
organized as an object, a procedure, or a function.

Nevertheless, the executables of an

identified component need not be physically located together, but may comprise disparate
instructions stored in different locations that, when joined logically together, comprise the
component and achieve the stated purpose for the component.
[0084]

Indeed, a component of executable code may be a single instruction, or many

instructions, and may even be distributed over several different code segments, among
different programs, and across several memory devices. Similarly, operational data may be
identified and illustrated herein within components, and may be embodied in any suitable
form and organized within any suitable type of data structure. The operational data may be
collected as a single data set, or may be distributed over different locations including over
different storage devices, and may exist, at least partially, merely as electronic signals on a
system or network. The components may be passive or active, including agents operable to
perform desired functions.
[0085]

Several aspects of the embodiments described will be illustrated as software

modules or components. As used herein, a software module or component may include any
type of computer instruction or computer-executable code located within a memory device.
A software module may, for instance, include one or more physical or logical blocks of
computer instructions, which may be organized as a routine, program, object, component,
data structure, etc., that perform one or more tasks or implement particular data types. It is
appreciated that a software module may be implemented in hardware and/or firmware instead

of or in addition to software. One or more of the functional modules described herein may be
separated into sub-modules and/or combined into a single or smaller number of modules.
[0086]

In certain embodiments, a particular software module may include disparate

instructions stored in different locations of a memory device, different memory devices, or
different computers, which together implement the described functionality of the module.
Indeed, a module may include a single instruction or many instructions, and may be
distributed over several different code segments, among different programs, and across
several memory devices. Some embodiments may be practiced in a distributed computing
environment where tasks are performed by a remote processing device linked through a
communications network. In a distributed computing environment, software modules may be
located in local and/or remote memory storage devices.

In addition, data being tied or

rendered together in a database record may be resident in the same memory device, or across
several memory devices, and may be linked together in fields of a record in a database across
a network.
[0087]

Reference throughout this specification to "an example" means that a particular

feature, structure, or characteristic described in connection with the example is included in at
least one embodiment of the present disclosure.

Thus, appearances of the phrase "in an

example" in various places throughout this specification are not necessarily all referring to
the same embodiment.
[0088]

As used herein, a plurality of items, structural elements, compositional elements,

and/or materials may be presented in a common list for convenience. However, these lists
should be construed as though each member of the list is individually identified as a separate
and unique member. Thus, no individual member of such list should be construed as a de

facto equivalent of any other member of the same list solely based on its presentation in a
common group without indications to the contrary. In addition, various embodiments and
examples of the present disclosure may be referred to herein along with alternatives for the
various components thereof.

It is understood that such embodiments, examples, and

alternatives are not to be construed as de facto equivalents of one another, but are to be
considered as separate and autonomous representations of the present disclosure.
[0089]

Furthermore, the described features, structures, or characteristics may be

combined in any suitable manner in one or more embodiments. In the following description,
numerous specific details are provided, such as examples of materials, frequencies, sizes,
lengths, widths, shapes, etc., to provide a thorough understanding of embodiments of the
disclosure. One skilled in the relevant art will recognize, however, that the disclosure may be

practiced without one or more of the specific details, or with other methods, components,
materials, etc. In other instances, well-known structures, materials, or operations are not
shown or described in detail to avoid obscuring aspects of the disclosure.
[0090]

It should be recognized that the systems described herein include descriptions of

specific embodiments. These embodiments can be combined into single systems, partially
combined into other systems, split into multiple systems or divided or combined in other
ways.

In addition, it is contemplated that parameters/attributes/aspects/etc.

of one

embodiment can be used in another embodiment. The parameters/attributes/aspects /etc. are
merely described in one or more embodiments for clarity, and it is recognized that the
parameters/attributes/aspects

/etc.

can

be

combined

with

or

substituted

for

parameters/attributes/etc. of another embodiment unless specifically disclaimed herein.
[0091]

Although the foregoing has been described in some detail for purposes of clarity,

it will be apparent that certain changes and modifications may be made without departing
from the principles thereof.

It should be noted that there are many alternative ways of

implementing both the processes and apparatuses described herein. Accordingly, the present
embodiments are to be considered illustrative and not restrictive, and the disclosure is not to
be limited to the details given herein, but may be modified within the scope and equivalents
of the appended claims.
[0092]

Those having skill in the art will appreciate that many changes may be made to

the details of the above-described embodiments without departing from the underlying
principles of the disclosure.

The scope of the present disclosure should, therefore, be

determined only by the following claims.

Claims

1.

A method by a decision making neuron for machine learning, comprising:

obtaining a first input;
obtaining a second input;
selecting a decision to use for generating a cycle output based on a randomness factor,

wherein the decision is at least one of a random decision and a best decision
from a previous cycle;

generating a cycle output for the first and second inputs using the selected decision;
and

storing the selected decision and the resulting cycle output.
2.

The method of claim

1,

wherein the randomness factor at least one of

increases and decreases from a first cycle to a second cycle based on at least one of a
predetermined number of cycles and a threshold.
3.

The method of claim

1,

further comprising:

determining a best decision based on a plurality of selected decisions and their
resulting cycle outputs.
4.

The method of claim 3, wherein determining the best decision based on the

plurality of selected decisions and their resulting cycle outputs comprises:
determining that the first input has a linear relationship with a third input, wherein the
third input is associated with a second decision making neuron;
obtaining a plurality of selected decisions and their resulting cycle outputs from the
second decision making neuron;

comparing the obtained selected decisions and their resulting cycle outputs with a
plurality of stored selected decisions and their resulting cycle outputs; and
identifying a best decision based on the comparison.
5.

The method of claim 3, wherein determining the best decision based on the

plurality of selected decisions and their resulting cycle outputs comprises:
identifying a critical data point based on the plurality of selected decisions and their
resulting cycle outputs; and
determining the best decision based on the identified critical data point.
6.

The method of claim 3, wherein determining the best decision based on the

plurality of selected decisions and their resulting cycle outputs comprises:

obtaining a plurality of global outputs, wherein a global output is based on at least one
cycle output from at least one decision making neuron, and wherein the at

least one cycle output includes the generated cycle output;
identifying a trend between the stored cycle outputs and the plurality of global
outputs, wherein the trend relates stored cycle outputs with desirable global
outputs; and

determine the best decision based on the identified trend.
The method of claim 6, wherein determining the best decision based on the

7.

identified trend comprises:
identifying a stored decision where the resulting cycle output leads the trend, wherein
the identified decision is the best decision.
8.

The method of claim 6, further comprising:

associating each global output of the plurality of global outputs with its corresponding
stored cycle output.
9.

The method of claim

1,

wherein the random decision is based at least in part

on the best decision.
10.

The method of claim

1,

further comprising:

identifying a first data type for the first input;
identifying a second data type for the second input; and
defining a third data type for the cycle output based on the identified first data type
and the identified second data type.

11 .

The method of claim 10, wherein the first data type, second data type, and

third data type are each selected from the group consisting of:
Boolean,

integer,
integer,
double,

picture,

geolocation, and

user-defined data type; and
wherein the selected data type is within a defined range.
12.

An apparatus for machine learning, comprising:

a processor;
memory in electronic communication with the processor; and

instructions stored in the memory, the instructions being executable by the processor
to:

obtain a first input;
obtain a second input;
select a decision to use for generating a cycle output based on a randomness
factor, wherein the decision is at least one of a random decision and a
best decision from a previous cycle;
generate a cycle output for the first and second inputs using the selected
decision; and
store the selected decision and the resulting cycle output.
13.

The apparatus of claim 12, wherein the randomness factor at least one of

increases and decreases from a first cycle to a second cycle based on a predetermined number
of cycles and a threshold.
14.

The apparatus of claim 12, wherein the instructions are further executable by

the processor to:
determine a best decision based on a plurality of selected decisions and their resulting
cycle outputs.
15.

The apparatus of claim 14, wherein the instructions to determine the best

decision based on the plurality of selected decisions and their resulting cycle outputs
comprise instructions executable by the processor to:
determine that the first input has a linear relationship with a third input, wherein the
third input is associated with a second decision making neuron;
obtain a plurality of selected decisions and their resulting cycle outputs from the
second decision making neuron;

compare the obtained selected decisions and their resulting cycle outputs with a
plurality of stored selected decisions and their resulting cycle outputs; and
identify a best decision based on the comparison.
16.

The apparatus of claim 14, wherein the instructions to determine the best

decision based on the plurality of selected decisions and their resulting cycle outputs
comprise instructions executable by the processor to:
identify a critical data point based on the plurality of selected decisions and their
resulting cycle outputs; and
determine the best decision based on the identified critical data point.

17.

The apparatus of claim 14, wherein the instructions to determine the best

decision based on the plurality of selected decisions and their resulting cycle outputs
comprise instructions executable by the processor to:
obtain a plurality of global outputs, wherein a global output is based on at least one
cycle output from at least one decision making neuron, and wherein the at

least one cycle output includes the generated cycle output;
identify a trend between the stored cycle outputs and the plurality of global outputs,
wherein the trend relates stored cycle outputs with desirable global outputs;
and

determine the best decision based on the identified trend.
18.

The apparatus of claim 17, wherein the instructions to determine the best

decision based on the identified trend comprise instructions executable by the processor to:
identify a stored decision where the resulting cycle output leads the trend, wherein the
identified decision is the best decision.
19.

The apparatus of claim 17, wherein the instructions are further executable by

the processor to:
associate each global output of the plurality of global outputs with its corresponding
stored cycle output.
20.

The apparatus of claim 12, wherein the random decision is based at least in

part on the best decision.
21.

The apparatus of claim 12, wherein the instructions are further executable by

the processor to:
identify a first data type for the first input;
identify a second data type for the second input; and
define a third data type for the cycle output based on the identified first data type and
the identified second data type.
22.

A method for machine learning, comprising:

determining a first data type associated with a first input;
determining a second data type associated with a second input;
determining a first finite number of first parameters associated with the first data type;
determining a second finite number of second parameters associated with the second
data; and

pairing each of the first parameters with each of the second parameters, wherein each
pair of a first parameter and a second parameter is associated with a pair of
inputs to a decision making neuron.
23.

The method of claim 22, further comprising:

obtaining a first value corresponding to a first parameter and a second value
corresponding to a second parameter; and
creating a decision making neuron for processing the first parameter and the second
parameter, wherein the decision making neuron selects a decision to use for
generating a cycle output based on a randomness factor.
24.

The method of claim 22, further comprising:

obtaining a result based at least on the selected decision;
correlating the obtained results with metadata; and
using the metadata to refine a solution.
25.

A method for machine learning, comprising:

obtaining a first input;
obtaining a second input;
identifying that the first input has a linear relationship with a third input, wherein the
third input is processed by a second decision making neuron that is different
from the first decision making neuron;

obtaining a plurality of selected decisions and their resulting cycle outputs from the
second decision making neuron;

comparing the obtained selected decisions and their resulting cycle outputs with a
plurality of stored selected decisions and their resulting cycle outputs; and
determining a decision to use for generating a cycle output based on the comparison;
generating a cycle output for the first and second inputs using the determined
decision; and

storing the selected decision and the resulting cycle output.
26.

The method of claim 25, wherein determining the decision to use comprises:

identifying a trend between the plurality of stored selected decisions and their
resulting cycle outputs and a plurality of global outputs, wherein the trend
relates cycle outputs with desirable global outputs; and
identifying from the comparison a selected decision where the resulting cycle output
leads the trend, wherein the identified decision comprises the decision.
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from Box III: Observations where unity of invention is lacking-"*-

This application contains the following inventions or groups of inventions which are not so linked as to form a single general inventive
concept under PCT Rule 13.1 . In order for all inventions to be examined, the appropriate additional examination fee must be paid.
Group : Claims 1-21 are directed toward a method and apparatus comprising selecting a random or best decision based on a
randomness factor.
Group II: Claims 22-24 are directed toward a method comprising pairing a number of parameters associated with data types for input to
a decision making neuron.
Group III: Claims 25-26 are directed toward a method comprising identifying a linear relationship between a first input and a third input
processed by a decision making neuron.

The inventions listed as Groups l-lll do not relate to a single general inventive concept under PCT Rule 13.1 because, under PCT Rule
13.2, they lack the same or corresponding special technical features for the following reasons:
The special technical features of Group I include at least an apparatus for machine learning, comprising: a processor; memory in
electronic communication with the processor; and instructions stored in the memory, the instructions being executable by the processor
to: select a random or best decision based on a randomness factor, which are not present in Groups ll-lll.
The special technical features of Group I I include at least determining a first data type; determining a second data type; determining a
first finite number of first parameters associated with the first data type; determining a second finite number of second parameters
associated with the second data; and pairing each of the first parameters with each of the second parameters, wherein each pair of a
first parameter and a second parameter is associated with a pair of inputs to a decision making neuron, which are not present in Groups
I or III.
The special technical features of Group III include at least identifying that the first input has a linear relationship with a third input,
wherein the third input is processed by a second decision making neuron that is different from the first decision making neuron; and
comparing the obtained selected decisions and their resulting cycle outputs with a plurality of stored selected decisions and their
resulting cycle outputs, which are not present in Groups l-ll.

The common technical features shared by Groups l-lll are a method for machine learning, comprising: obtaining a first input; obtaining a
second input; selecting a decision to use for generating a cycle output; generating a cycle output for the first and second inputs using the
selected decision; and storing the selected decision and the resulting cycle output.
However, these common features are previously disclosed by US 7,379,926 B 1 to BELNIAK et al., hereinafter ("Belniak"). Belniak
discloses a method for machine learning, comprising: obtaining a first input; obtaining a second input (obtaining records of data values
for which a decision is to be made (a first and second input); Abstract); selecting a decision to use for generating a cycle output
(conveying a recommended decision to generate a decision output (for generating a cycle output); Abstract); generating a cycle output
for the first and second inputs using the selected decision (a controller uses the transaction input corresponding to the data values (first
and second inputs) to generate decision output (a cycle output) using the recommended decision; Column 8, lines 35-48); and storing
the selected decision and the resulting cycle output (the decision is recorded into a customer database at 7a (storing the selected
decision) as well as the outcome at 8 associated with the decision (resulting cycle output); Figure 3; Column 8, Iines10-14).
Since the common technical features are previously disclosed by the Belniak reference, these common features are not special and so
Groups l-lll lack unity.
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