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EVOLVED MACHINE LEARNING MODELS

CROSS REFERENCE TO OTHER APPLICATIONS

[0001] This application claims priority to U.S. Provisional Patent Application No.
62/648,203 (Attorney Docket No. H201P004+) entitled EVOLVED MACHINE LEARNING
MODELS filed March 26, 2018, which is incorporated herein by reference for all purposes.

BACKGROUND OF THE INVENTION

[0002] Machine learning is a field of computer science that gives computers the ability to
learn without being explicitly programmed. A machine learning model (MLM) can be trained to
implement a complex function is configured to generate one or more predictions based on a set of
inputs. Once trained, the MLM acts like a black box: it receives a set of inputs, the set of inputs
are applied to the complex function, and one or more predictions are outputted. However, the
accuracy of such predictions is limited based on the specifics of the model and the initial features

included in the set of inputs.

BRIEF DESCRIPTION OF THE DRAWINGS

[0003] Various embodiments of the invention are disclosed in the following detailed

description and the accompanying drawings.

[0004] Figure 1 is a block diagram illustrating an embodiment of a system for generating

evolved machine learning models.

[0005] Figure 2A is a diagram illustrating an embodiment of an input dataset.
[0006] Figure 2B is a diagram illustrating an embodiment of an input dataset.
[0007] Figure 3 is a flow chart illustrating an embodiment of a process for generating an

evolved machine learning model.

[0008] Figure 4 is a flow chart illustrating an embodiment of a process for determining a

plurality of initial machine learning models.

[0009] Figure 5 is a flow chart illustrating an embodiment of a process for filtering models.
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[0010] Figure 6 is a flow chart illustrating a process for generating an evolved machine

learning model.
[0011] Figure 7 is a diagram illustrating an embodiment of training and validation datasets.

[0012] Figure 8 is a flow chart illustrating an embodiment of a process for generating an

ensemble model.

DETAILED DESCRIPTION

[0013] The invention can be implemented in numerous ways, including as a process; an
apparatus; a system; a composition of matter; a computer program product embodied on a computer
readable storage medium; and/or a processor, such as a processor configured to execute instructions
stored on and/or provided by a memory coupled to the processor. In this specification, these
implementations, or any other form that the invention may take, may be referred to as techniques.
In general, the order of the steps of disclosed processes may be altered within the scope of the
invention. Unless stated otherwise, a component such as a processor or a memory described as
being configured to perform a task may be implemented as a general component that is temporarily
configured to perform the task at a given time or a specific component that is manufactured to
perform the task. As used herein, the term ‘processor’ refers to one or more devices, circuits,

and/or processing cores configured to process data, such as computer program instructions.

[0014] A detailed description of one or more embodiments of the invention is provided
below along with accompanying figures that illustrate the principles of the invention. The
invention is described in connection with such embodiments, but the invention is not limited to any
embodiment. The scope of the invention is limited only by the claims and the invention
encompasses numerous alternatives, modifications and equivalents. Numerous specific details are
set forth in the following description in order to provide a thorough understanding of the invention.
These details are provided for the purpose of example and the invention may be practiced
according to the claims without some or all of these specific details. For the purpose of clarity,
technical material that is known in the technical fields related to the invention has not been

described in detail so that the invention is not unnecessarily obscured.

[0015] An evolutionary machine learning model technique is disclosed. A set of input data
is received. The input data is comprised of a plurality of entries. Each entry is associated with a
plurality of features and corresponding feature values. The input data may be split into training

data and validation data. In some embodiments, a feature of the plurality of features is selected. In
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other embodiments, a feature not included in the plurality of features is selected. The selected
feature is a feature for which a machine learning model will be trained to predict a corresponding

feature label (e.g., feature value).

[0016] A plurality of initial machine learning models are trained using the training data to
provide the prediction. Each initial machine learning model may be trained using a subset of the
features. An initial machine learning model may be generated using a machine learning algorithm,
such as decision trees, naive Bayes classification, least squares regression, logistic regression,
support vector machines, neural networks, deep learning, etc. The predicted feature label of an
initial machine learning model is compared to the actual feature value of the training data. The
initial machine learning model may be adjusted based on the comparison. For example, one or
more weights associated with the one or more features included in the initial machine learning

model may be adjusted to improve the accuracy of the initial machine learning model.

[0017] The plurality of initial machine learning models may be validated using the
validation data. The predicted feature label of an initial machine learning model is compared to the
actual feature value. The plurality of initial machine learning models are scored based at least in

part on a validation score.

[0018] In some embodiments, a validation score of an initial machine learning model is
determined by computing the difference between the predicted feature label and the actual feature
value for an entry. The validation score of the machine learning model for an entry (e.g. accuracy

for the entry) may be determined as:
Validation Score = Loss(Actual, Predicted) (D

[0019] The overall validation score of the machine learning model for all the entries (e.g.,

overall accuracy) may be determined as:

. . Validation Score for each Entr,
Overall Validation Score = & f. i (2)
# of Entries

[0020] In other embodiments, a sampled validation score of the initial machine learning
model is determined by computing the difference between the predicted feature label of the actual
feature value for a first plurality of random entries of the validation data. The validation score for
each of the random entries may be computed using equation (1). An overall validation score of the
random entries may be computed using equation (2). A second plurality of random entries of the

validation data may be sampled. The second plurality of random entries may include one or more
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entries included in the first plurality of random entries. The validation score for each of the random
entries included in the second plurality may be computed using equation (1). An overall validation
score of the random entries may be computed using equation (2). The process of selecting a
plurality of random entries, computing an entry validation score, and an overall validation score for
the plurality of random entries may be repeated until a stopping condition has been reached (e.g.,

threshold number of iterations, duration). A sampled validation score may be determined as:

Sampled Validation Score

_ Y. Overall Validation Score for each plurality of random entries

# of pluralities

&)

[0021] The plurality of initial machine learning models may be ranked based on the scores.
The plurality of initial machine learning models may be filtered based on the ranking. In some
embodiments, the top performing initial machine learning models (e.g., top half, top number, i.c.,
top 2, top percentage) are retained as one or more surviving machine learning models and half of
the non-top performing initial machine learning models are discarded, based on a pair-wise

elimination after random pair assignment.

[0022] One or more evolved machine learning models may be generated. An evolved
machine learning model is a machine learning model that includes one or more new features that
are based on one or more important features of the one or more surviving machine learning models.
One or more important features of the one or more surviving machine learning models may be

determined.

[0023] In some embodiments, the one or more important features are determined based on
the number of times a feature is used to split a decision tree. The one or more important features
may be determined based on a location of the feature within the decision tree split. For example, a
feature that is used to split a decision tree at the top of the decision tree may be more important than

a feature that is used to split a decision tree at the bottom of the decision tree.

[0024] In other embodiments, the one or more important features are determined by
randomly rearranging the feature values corresponding to a feature and comparing the predictions
of the machine learning model with the randomly rearranged feature values with the predictions of

the machine learning model without the randomly rearranged feature values. In the event the
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validation score of the prediction of the machine learning model improves with the random feature
data, the feature is determined to be an untrustworthy feature and not to be an important feature. In
the event the validation score of the prediction of the machine learning model does not change
within a threshold statistical amount (e.g., 5%) with the random feature data, the feature is
determined not to be an important feature. In the event the validation score of the prediction of the
machine learning model decreases more than a threshold statistical amount (e.g., 5%) with the

random feature data, the feature is determined to be an important feature.

[0025] The one or more new features may be generated at least in part by performing a

transformation on at least one of the one or more important features.

[0026] In some embodiments, the one or more important features include one or more
important features of one of the surviving machine learning models. In other embodiments, the one
or more important features include one or more important features of any of the surviving machine
learning models. In some embodiments, the one or more important features include a feature that is
important to a plurality of the surviving machine learning models (i.e., a feature is identified as an
important feature for multiple surviving machine learning models). In some embodiments, the one
or more important features includes a combination of important features from different surviving
machine learning models (e.g., feature X is an important feature for surviving machine learning

model A and feature Y is an important feature for surviving machine learning model B).

[0027] A transformation performs an operation on one or more features to create a new
feature. For example, a transformation may perform an operation that combines the features values
associated with two different features to create a new feature. The transformation may be selected
based on a data type associated with a feature value of the one or more important features. A data
type associated with a feature value may be a float value, an integer value, an ordinal value, a
categorical value, a string, etc. A transformation may use a string as an input and an important
feature that has a string value for a feature value may be selected. The transformation may be

randomly selected.

[0028] The one or more evolved machine learning models are trained using the training
data. An evolved machine learning model may be trained using one or more new features and a
subset of the original features. In some embodiments, the subset of the original features does not
include the one or more original features of which the one or more new features are based. The
subset of original features does not include the feature for which a prediction is to be made. An

evolved machine learning model may be generated using the same machine learning algorithm as a
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surviving machine learning model or a different machine learning algorithm. The predicted feature
label of an evolved machine learning model is compared to the actual feature value of the training
data. The evolved machine learning model may be adjusted based on the comparison. For
example, one or more weights associated with the one or more features included in the evolved
machine learning model may be adjusted to improve the validation score of the feature value

prediction.

[0029] The one or more of evolved machine learning models may be validated using the
validation data. The predicted feature label of an evolved machine learning model is compared to
the actual feature value. The plurality of evolved machine learning models are scored based at least

in part on the prediction validation score.

[0030] In some embodiments, the validation score of an evolved machine learning model is

determined by computing (1) and (2).

[0031] In other embodiments, a sampled validation score of the evolved machine learning
model is determined by computing the difference between the predicted feature label of the actual
feature value for a first plurality of random entries of the validation data. The validation score for
cach of the random entries may be computed using equation (1). An overall validation score of the
random entries may be computed using equation (2). A second plurality of random entries of the
validation data may be sampled. The second plurality of random entries may include one or more
entries included in the first plurality of random entries. The validation score for each of the random
entries included in the second plurality may be computed using equation (1). An overall validation
score of the random entries included in the second plurality may be computed using equation (2).
A sampled validation score may be determined by using equation (3). The process of selecting a
random entries, computing an entry level validation score, and an overall validation score for the
plurality of random entries may be repeated until a stopping condition has been reached (e.g.,

threshold number of iterations, duration).

[0032] In the event the stopping condition has not been reached, the prediction validation
score of an evolved machine learning model is compared to the prediction validation score
associated with the one or more surviving machine learning models. Each evolved machine
learning model is scored based on the prediction validation score. The overall validation score of
an evolved machine learning model may be compared to the overall validation score of the
surviving machine learning models. In some embodiments, the top performing one or more

evolved machine learning models and one or more surviving machine learning models (e.g., top
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half, top number, i.c., top 2, top percentage) are retained as one or more surviving machine learning
models and non-top performing evolved machine learning models and surviving machine learning
models are discarded, based in part on a pair-wise elimination after random pair assignment. In
other embodiments, an evolved machine learning model is paired with a surviving machine
learning model. In some embodiments, between the evolved machine learning model and the
surviving machine learning model, the machine learning model with the higher overall validation
score is retained as the surviving machine learning model and the machine learning model with the
lower overall validation score is discarded. In other embodiments, the overall validation score of
the evolved machine learning model must be greater than a statistical measure (e.g., outside the
range of entry validation scores) of the of the surviving machine learning model in order to retain
the evolved machine learning model as the surviving machine learning model. This may prevent

overfitting of the model to a set of features.

[0033] The one or more surviving machine learning models and one or more evolved
machine learning models may be filtered based on the ranking. The top performing machine
learning models (e.g., top half, top number) may be retained as surviving machine learning models
and half of the non-top performing machine learning models may be discarded, based in part on a

pair-wise elimination after random pair assignment.

[0034] In the event the stopping condition has been reached, the remaining machine

learning models are scored and ranked.

[0035] The process of generating one or more evolved machine learning models and
comparing the evolved machine learning models to one or more surviving machine learning models
is an improvement to the field of machine learning. Instead of being limited to the features that are
included in an input dataset, a machine learning model may evolve and improve its prediction by
generating one or more new features. The process repeats itself until a stopping condition has been
reached. As a result, the process seeks to improve the prediction of the machine learning model

with each iteration.

[0036] In some embodiments, an ensemble model is generated. An ensemble model is
comprised of a plurality of machine learning models. A plurality of versions of the input data may
be created. Each version of the input data has corresponding training data and validation data.
Some or none of the training data and/or validation data may overlap between versions. A plurality
of machine learning models are generated and validated for each version of input data. A

validation data set may be applied to each of the plurality of machine learning models and a
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validation score is determined for each machine learning model. An overall score may be
determined for the ensemble model based on each of the validation scores of the machine learning
models. The overall score may be used to adjust a weight associated with a machine learning
model. The weight may be an overall weight associated with the machine learning model. The
weight may be an individual weight associated with one of the internal weights associated with the
machine learning model. By adjusting a weight associated with a machine learning model, the
influence of the machine learning model on the overall score for the ensemble may be limited and

the overall accuracy of the ensemble model predictions may be improved.

[0037] Figure 1 is a block diagram illustrating an embodiment of a system for generating
evolved machine learning models. In the example shown, system 100 includes a server 102, a

network 112, and a client device 122.

[0038] Server 102 includes a plurality of machine learning models 104, training data 106,
validation data 108, and transformations 110. Server 102 may receive input data. The input data
may be received from client device 122 or another device connected to the server 102 via network
112. The input data is comprised of a plurality of entries. Each entry is associated with a plurality
of original features and corresponding feature values. The input data may be split into training data
106 and validation data 108. The training data 106 includes a first plurality of entries and the
validation data 108 includes a second plurality of entries. The input data may be split in different

versions of training data and different versions of validation data.

[0039] Server 102 may receive a selection of a feature of the input data for which a
prediction is to be made. Server 102 is configured to generate a machine learning model that
predicts a feature label for a feature based on a set of selected features and corresponding feature
values associated with an entry. The set of selected features comprise a subset of the input data
features. The subset of input data features may comprise some or all of the features except for the

selected feature for which a prediction is to be made.

[0040] Server 102 may be configured to generate a plurality of machine learning models
based on the training data. A machine learning model may be generated using a machine learning
algorithm, such as decision trees, naive Bayes classification, least squares regression, logistic
regression, support vector machines, neural networks, deep learning, etc. A machine learning
model may be trained using the same set of features as another machine learning model, but use a

different machine learning algorithm. A machine learning model may be trained using the same
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machine learning algorithm as a different machine learning model, but trained using a different

subset of features.

[0041] Server 102 is configured to store a plurality of transformations 110. In some
embodiments, a combination of one or more original features may undergo a transformation by a
transformer. In other embodiments, a combination of one or more new features and one or more
original features may undergo a transformation by a transformer. In other embodiments, a

combination of one or more new features may undergo a transformation by a transformer.

[0042] The transformers may include a filter transformet, a frequent transformer, a bulk
interactions transformer, a truncated SVD numeric transformer, a cross validation target encoding
transformer, cross validation categorical to numeric encoding transformer, a dates transformer, a
date polar transformer, a text transformer, a categorical target encoding transformer, a numeric to
categorical target encoding transformer, a cluster target encoding transformet, a cluster distance

transformer, a weight of evidence, and/or a numeric to categorical weight of evidence transformer.

[0043] Consider an example dataset:
Date Built Square # Beds # Baths State Price
Footage
01/01/1920 1700 3 2 NY 700,000
[0044] The filter transformer may pass through a numeric feature in the dataset. For

example, a filter transformer takes the price column in the dataset and outputs the price column

unaltered.

[0045] The frequent transformer may count each value in the categorical column. This
count can be either the raw count or the normalized count. For example, the example dataset can

be transformed to be:

Date Built | Square # Beds # Baths State Price Freq_State
Footage
01/01/1920 | 1700 3 2 NY 700,000 4,500
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This transformation indicates that there are 4,500 properties in this dataset with state = NY.

[0046] The bulk interactions transformer may add, divide, multiply, and/or subtract two

columns in the feature dataset. For example, the example dataset can be transformed to be:

Date Built | Square | # Beds | # Baths | State | Price Interaction #Beds-#Baths
Footage
01/01/1920 | 1700 3 2 NY 700,000 |1

This transformation indicates that there is one more bedroom than there are number of bathrooms

for this property.

[0047] The truncated singular value decomposition (SVD) numeric transformer may train
on a selected numeric columns in the dataset. The components of the truncated SVD will be new

features. For example, the example dataset can be transformed to be:

Date Built | Square | # # State | Price TruncSVD_Price #Beds_#Baths 1
Footage | Beds | Baths

01/01/1920 | 1700 3 2 NY 700,000 | 0.632

The first component of the truncated SVD of the columns Price, Number of Beds, Number of

Baths.

[0048] The label encoding transformer may convert a categorical column to a numeric
column by creating a lexicographic mapping of categorical values to enumerated integers. For
example, the example dataset may include a “type” feature column for a property and include a

29 .

value of “condo,” “townhouse,” or “single-detached.” The label encoding transformer may convert

2 ¢

“condo,” “townhouse,” and “single-detached” to be “1,” “2,” and “3”, respectively.

[0049] The dates transformer may retrieve any data values (e.g., year, quarter, month, day,
day of year, week, week day, hour, minute, second, etc.). For example, the example dataset can be

transformed to be:

10



WO 2019/190696 PCT/US2019/020112

Date Built | Square # Beds # Baths State Price DateBuilt Month
Footage
01/01/1920 | 1700 3 2 NY 700,000 1

This indicates that the home was built in the month of January.

[0050] The date polar transformer may expand the date using polar coordinates. The date
transformer will only expand the date into different units, for example month. This does not capture
the similarity between the months December and January (12 and 1) or the hours 23 and 0. The
polar coordinates capture the similarity between these cases by representing the unit of the data as a
point in a cycle. For example, the polar units of: get minute in hour, would be the minute position

ona clock. For example, the example dataset can be transformed to be:

Date | Square |# Beds | # State | Price | DeteBuilt MonthInYear X | DateBuilt MonthInYear Y
Built | Footage Baths

01/01 | 1700 3 2 NY |700, |0.5 1

/1920 000

The polar coordinates of the month January in year is (0.5, 1). This allows the model to catch the
similarities between January and December. This information was not captured in the sample Date

Transformer.

[0051] The text transformer may transform a text column using TFIDF (term frequency-
inverse document frequency) or count (count of the word). This may be followed by

dimensionality reduction using truncated SVD.

[0052] The categorical target encoding transformer may perform cross validation target

encoding on a categorical column. For example, the example dataset can be transformed to be:

Date Built | Square # Beds # Baths State Price CV_TE State
Footage

11
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01/01/1920 | 1700 3 2 NY 700,000 550,000

The average price of properties in NY state is $550,000. In order to prevent overfitting, the average

on out-of-fold data is computed using cross validation.

[0053] The numeric to categorical target encoding transformer may convert a numeric
column to categorical by binning. Cross validation target encoding is done on the binned numeric

column. For example, the example dataset can be transformed to be:

Date Built | Square # Beds # Baths | State Price CV_TE SquareFootage
Footage
01/01/1920 | 1700 3 2 NY 700,000 345,000

The column “Square Footage™ has been bucketed into 10 equally populated bins. This property lies
in the “Square Footage™ bucket 1,572 to 1,749. The average price of properties with this range of
square footage is $345,000. In order to prevent overfitting, Driverless Al calculates this average on

out-of-fold data using cross validation.

[0054] The cluster target encoding transformer may cluster selected columns in the data and
target encoding is done on the cluster ID. For example, the example dataset can be transformed to
be:

Date Built Square #Beds | # Baths | State Price ClusterTE_4 #Beds #Baths SquareFootage
Footage
01/01/1920 | 1700 3 2 NY 700,000 | 450,000

The columns “#Beds,” “#Baths,” and “Square Footage™ have been segmented into four clusters.
The average price of properties in the same cluster as the selected property is $450,000. In order to

prevent overfitting, Driverless Al calculates this average on out-of-fold data using cross validation.

[0055] The cluster distance transformer may cluster selected columns in the data and the
distance to a chosen cluster center is calculated. For example, the example dataset can be

transformed to be:

12



WO 2019/190696 PCT/US2019/020112

Date Built Square # # State | Price ClusterDist_4_#Beds_#Baths_SquareFootage 1
Footage | Beds | Baths

01/01/1920 | 1700 3 2 NY 700,000 | 0.83

The columns “#Beds,” “#Baths,” and “Square Footage™ have been segmented into four clusters.

The difference from this record to Cluster 1 is 0.83.

[0056] A weight of evidence may create log-likelihood type of features using the weights of
evidence (WOE) transformation method. The weight of evidence tells the predictive power of an
independent variable in relation to the dependent variable, for example, the measure of good

customers in relations to bad customers. WOE = IN (Distribution of Goods/Distribution of Bads).

[0057] The numeric to categorical weight of evidence transformer may convert a numeric
column to categorical by binning and then creates the likelihood type of features using the WOE

transformation method.

[0058] Server 102 may be implemented using one or more computing devices such as a
computer, a multi-processor system, a microprocessor-based system, a special purpose device, a
distributed computing environment including any of the foregoing systems or devices, or other

appropriate hardware/software/firmware combination that includes one or more processors, and

memory coupled to the processors and configured to provide the processors with instructions.

[0059] Network 112 connects server 102 to client device 122. Network 112 comprises one
or more of the following: a local area network, a wide area network, a wired network, a wireless

network, the Internet, an intranet, or any other appropriate communication network.

[0060] Client Device 122 includes a web browser or other client application 124 that is
accessible by a user of the client device 122. Examples of client device 240 include a computer, a
laptop, a desktop, a tablet, a mobile device, a PDA, or any other device that operates a web browser

or client application.

[0061] A user of client device 122 may enter a selection via GUI interface 126 to select a
feature of the input data for which a prediction is to be made. The selection may be provided from
application 124 to server 102 via network 112. After a prediction has been made, client device 122

may receive from server 102 a prediction for the selected feature.

13
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[0062] Figure 2A is a diagram illustrating an embodiment of an input dataset. Input dataset
200 may be implemented by a server, such as server 102. Input dataset 200 may be used to

generate an initial machine learning model.

[0063] In the example shown, input dataset 200 includes entries A1, Az...An. Each entry is
comprised of one or more features having a corresponding feature value. For example, entry A1 is
comprised of features F1, Fa...Fn that have corresponding feature values of X1, Y1...Z1. Entry Az is
comprised of features F1, Fa...Fn that have corresponding feature values of X2, Y2...Z2. Entry Anx is
comprised of features F1, F2.. Fn that have corresponding feature values of X, Yn... Zn. In some
embodiments, a feature value may correspond to the actual value of a feature (e.g., temperature =
98°). In other embodiments, a feature value may correspond to one of the ranges of values (e.g., a
value of “2” indicates a temperature range of 20-40). In other embodiments, a feature value may

“17’ —

correspond to one of the possible non-numerical values (e.g, “0” = male, = female). In other

embodiments, the feature value may be a text string (e.g., “red,” “yellow™).

[0064] A machine learning model, such as machine learning model 104, may be configured
to perform a prediction for a selected feature based on the other features and their corresponding
feature values. For example, a model may be configured to output a prediction for F1 based at least
in part on some of the features F2...Fn and their corresponding feature values. The machine
learning model is configured to output a prediction of P1, P2...Px for entries A1, Az...An,
respectively. In some embodiments, the prediction is a predicted feature label for the selected
feature. In some embodiments, the prediction is a predicted feature label for the selected feature
and provided with a statistical confidence (e.g., 90% confident). In some embodiments, the
predication is a predicted value for the selected feature and provided with a range (e.g., 120 mph +

15 mph.)

[0065] The validation score of the machine learning model may be determined from the
predictions. For example, the difference between the predicted feature label and the actual feature
value may be determined for an entry. The validation score of the machine learning model for an
entry may be determined by computing (1). The overall validation score of the machine learning

model for all the entries may be determined by computing (2).

[0066] Figure 2B is a diagram illustrating an embodiment of an input dataset. In the
example shown, input dataset 250 may be implemented by a system, such as server 102. Input

dataset 250 may be a dataset used to generate an evolved machine learning model.

14
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[0067] In the example shown, input dataset 250 includes entries A1, Az...An. The entries
for input dataset 250 are the same entries for input dataset 200, except for one or more features
have been transformed based on the original features (F1, F2...Fn). A combination of the original
features may undergo a transformation by a transformer. The transformers may include a filter
transformer, a frequent transformer, a bulk interactions transformer, a truncated SVD numeric
transformer, a cross validation target encoding, cross validation categorical to numeric encoding
transformer, a dates transformer, a date polar transformer, a text transformer, a categorical target
encoding transformer, a numeric to categorical target encoding transformer, a cluster target
encoding transformer, a cluster distance transformer, a weight of evidence, and/or a numeric to

categorical weight of evidence transformer.

[0068] In some embodiments, input dataset 250 is updated to include an additional column
for a new feature. In other embodiments, the new feature is computed without having to store the

value in the input dataset 250.

[0069] A machine learning model, such as one of the machine learning models 104, may be
configured to perform a prediction based on a combination of at least one original feature and its
corresponding value and the one or more new features and their corresponding values. For
example, a machine learning model may output a prediction label of P1°, P2...Pn for inputs A1,
Aa...An, respectively. The prediction may be a predicted feature label for the selected feature. The
prediction may be a predicted feature label for the selected feature and provided with a statistical
confidence (e.g., 90% confident). The predication may be a predicted label for the selected feature
and provided with a range (e.g., 120 mph £ 15 mph.)

[0070] The validation score of the evolved machine learning model may be determined
from the predictions. For example, the difference between the predicted feature label and the actual
feature value may be determined for an entry. The validation score of the evolved machine
learning model for an entry may be determined by computing (1). The overall validation score of

the evolved machine learning model for all the entries may be determined by computing (2).

[0071] In some embodiments, the overall validation score of an evolved machine learning
model is compared to the overall validation score of a surviving machine learning model. In some
embodiments, the evolved machine learning model is determined to be more valid (e.g., more
accurate) than the surviving machine learning model in the event the overall validation score of the
evolved machine learning model is greater than the overall validation score of the surviving

machine learning model. In other embodiments, the overall validation score of the evolved

15
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machine learning model is compared to the entry validation scores of the surviving machine
learning model. In the event the overall validation score of the evolved machine learning model is
within the range of entry validation scores of the surviving machine learning model, then the
evolved machine learning model is determined not to be more valid (e.g., not as accurate) than the
surviving machine learning model. In the event the overall validation score of the evolved machine
learning model exceeds the range of entry validation scores of the surviving machine learning
model, then the evolved machine learning model is determine to be more valid (e.g., more accurate)

than the surviving machine learning model.

[0072] Figure 3 is a flow chart illustrating an embodiment of a process for generating an
evolved machine learning model. Process 300 may be implemented by a server, such as server

102.

[0073] At 302, a plurality of initial machine learning models are determined. The plurality
of initial machine learning models may be configured to output a prediction associated with one of
the features included in a dataset based on a plurality of other features included in the dataset and
their corresponding feature values. For example, a feature included in the dataset may be “age.”
An initial machine learning model, given a set of other features and corresponding feature values,
may be configured to predict the “age™ associated with an entry. In some embodiments, the
prediction label is provided with a statistical confidence value (e.g., 90% confident). In other

embodiments, the prediction label is provided with a range (e.g., 18 years + 5 years).

[0074] The plurality of initial machine learning models may be configured to output a
prediction associated with a feature not included in the dataset based on the plurality of features
included in the dataset and their corresponding values. For example, a feature not included in the
dataset may be “maximum speed.” However, the dataset may include “make” and “model”
features. An initial machine learning model, given a set of features and corresponding feature
values, may be configured to predict the “maximum speed” associated with an entry. In some
embodiments, the prediction label is provided with a statistical confidence value (e.g., 90%
confident). In other embodiments, the prediction label is provided with a range (e.g., 120 mph £ 15

mph).

[0075] The feature and corresponding feature value for which a prediction is made may be
selected by a user. For example, a user may select “age” or “maximum speed” as the feature for

which a corresponding prediction is to be made.
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[0076] A set of input data is received. The input data is comprised of a plurality of entries.
Each entry is comprised of a plurality of features and corresponding feature values. The input data
is split into training data and validation data. Each initial machine learning model may be trained
using a subset of the plurality of features. The subset of features of a first initial machine learning
model may use all, some, or none of the features associated with the subset of features of a second

initial machine learning model.

[0077] The initial machine learning models may be generated based on a machine learning
algorithm (e.g., decision trees, naive Bayes classification, least squares regression, logistic
regression, support vector machines, neural networks, deep learning, etc.). In some embodiments, a
first initial machine learning model is generated using the same machine learning algorithm type as
another initial machine learning model, but the subset of features associated with the first initial
machine learning model is different than the subset of features associated with the second initial
machine learning model. In other embodiments, the first initial machine learning model is
generated using a different machine learning algorithm type as another initial machine learning
models. In some embodiments, the first initial machine learning model may generated based on the
same subset of features as a second initial machine learning model, but the first and second initial

machine learning models are generated using different machine learning algorithm types.

[0078] The plurality of initial machine learning models may trained using the training data
to output a predicted feature label for a feature. The training data may be used to adjust the plurality

of initial machine learning models.

[0079] The plurality of initial machine learning models may be validated using the
validation data. Each initial machine learning model may be assigned a score based on the

validation.

[0080] In some embodiments, the score of an initial machine learning model is the overall
validation score of the initial machine learning model. The validation data is comprised of a
plurality of entries. For each entry of the validation data, the predicted feature label outputted by
an initial machine learning model may be compared to the actual feature value. For example, the
predicted feature label for a feature “age” may be “21” and the actual feature value for the feature
“age” is “18.” The validation score of a prediction associated with an entry may be determined by
computing (1). The overall validation score of the initial machine learning model may be

determined by computing (2).
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[0081] In other embodiments, the validation score of the initial machine learning model is a
sampled validation of the initial machine learning model. The validation data is comprised of a
plurality of entries. A first subset of the plurality of entries (e.g., predetermined number) may be
randomly selected. The validation score of the prediction associated with each entry of the subset
of the plurality of entries may be determined by computing (1). The overall validation score for a
subset of the plurality of entries may be determined by computing (2). A second subset of the
plurality of entries (e.g., predetermined number) may be randomly selected. The second subset
may include some or none of the entries included in the first subset of the plurality of entries. The
validation score of the prediction associated with each entry of the second subset of the plurality of
entries may be determined by computing (1). The overall validation score for the second subset of
the plurality of entries may be determined by computing (2). A predetermined number of subsets
and corresponding overall subset validation scores may be determined. The sampled validation

score of the initial machine learning model may be determined as:

__ xoverall validation for each Subset

[0082] Sampled Validation Score ¥ of Subsets

4).
[0083] The plurality of initial machine learning models may be ranked based on the score.
For example, four different machine learning models may be generated and ranked based on their

corresponding scores.

[0084] At 304, the plurality of machine learning models are filtered based on their

corresponding scores.

[0085] For the first iteration, the plurality of machine learning models may be comprised of
the plurality of initial machine learning models. In some embodiments, the top performing
machine learning models (e.g., top half, top number, top 10%, etc.) of the plurality of initial
machine learning models are retained as surviving machine learning models and the non-top
performing machine learning models (e.g., bottom half, all models except for the top two, bottom
90%, etc.) of the plurality of initial machine learning models are discarded, based in part on a pair-
wise elimination after random pair assignment. For example, the plurality of initial machine
learning models may be comprised of four different machine learning models. The top two
machine learning models may be retained and the non-top two machine learning models may be
discarded. In other embodiments, an initial machine learning model is paired with another initial
machine learning model and the two initial machine learning models are compared with each other

(i.e., head-to-head). For example, a first initial machine learning model is paired with a second
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initial machine learning model and a third initial machine learning model is paired with a fourth
initial machine learning model. Between the first initial machine learning model and the second
initial learning model, the machine learning model with the higher overall validation score may be
retained as a surviving machine learning model and the lower overall validation score may be
discarded. Between the third initial machine learning model and the fourth initial learning model,
the machine learning model with the higher overall validation score may be retained as a surviving
machine learning model and the machine learning model with the lower overall validation score

may be discarded.

[0086] For subsequent iterations, the plurality of machine learning models may be
comprised of one or more surviving machine learning models and one or more evolved machine
learning models. In some embodiments, the top performing machine learning models (e.g., top
half, top number, top 10%, etc.) of the one or more surviving machine learning models and the one
or more evolved machine learning models are retained as surviving machine learning models and
the non-top performing machine learning models (e.g., bottom half, all models except for the top
two, bottom 90%, etc.) the one or more surviving machine learning models and the one or more
evolved machine learning models are discarded, based in part on a pair-wise elimination after
random pair assignment. For example, the plurality of machine learning models may be comprised
of two surviving machine learning models and two evolved machine learning models. The top two
machine learning models (a surviving machine learning model or an evolved machine learning
model) may be retained as a surviving machine learning model and the non-top two machine
learning models may be discarded, based in part on a pair-wise elimination after random pair
assignment. In other embodiments, the one or more surviving machine learning models are paired
with a respective evolved machine learning model and the two machine learning models are
compared with each other (i.e., head-to-head). For example, a first surviving machine learning
model is paired with a first evolved machine learning model and a second surviving machine
learning model is paired with a second evolved machine learning model. Between the first
surviving machine learning model and the first evolved machine learning model, the machine
learning model with the higher overall validation score may be retained a surviving machine
learning model and the machine learning model with the lower overall validation score may be
discarded. Between the second surviving machine learning model and the second evolved machine
learning model, the machine learning model with the higher overall validation score may be
retained a surviving machine learning model and the machine learning model with the lower overall
validation score may be discarded. In some embodiments, the evolved machine learning model

must have an overall validation score that is greater than a threshold statistical measure in order to
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replace the surviving machine learning model. For example, the overall validation score of the
evolved machine learning model must be greater than all of the entry validation scores of a
surviving machine learning model. This reduces overfitting of the data that may occur by

generating the evolved machine learning machines.

[0087] At 306, one or more evolved machine learning models are generated. An evolved
machine learning model is a model that may be based on a surviving machine learning model. The
evolved machine learning model is configured make a prediction for the same feature that the
surviving machine learning model is configured to make. A surviving machine learning model is a
model that was not filtered out at 304. One or more important features of which the surviving
machine learning model is based may be determined and used to generate one or more new features

that are not included in the input data.

[0088] An important feature may be determined based on the number of times a feature is
used to split a decision tree. An important feature may be determined based on a location of the
feature within the decision tree split. For example, a feature that is used to split a decision tree at
the top of the decision tree may be more important than a feature that is used to split a decision tree
at the bottom of the decision tree. In some embodiments, the feature values corresponding to the
feature of the input data are randomly rearranged and the predictions of a machine learning model
that is based at least in part on the feature are repeated. In the event the validation score of the
machine learning model improves with the random feature data, the feature is determined to be an
untrustworthy feature and not to be an important feature. In the event the validation score of the
machine learning model does not change within a threshold statistical amount (e.g., 5%) with the
random feature data, the feature is determined not to be an important feature. In the event the
validation score of the machine learning model decreases more than a threshold statistical amount

(e.g., 5%) with the random feature data, the feature is determined to be an important feature.

[0089] The one or more new features may be generated using a transformation. The
transformation may combine two or more features into a single feature. The transformers may
include a filter transformer, a frequent transformer, a bulk interactions transformer, a truncated
SVD numeric transformer, a cross validation target encoding, a label encoding transformer, a dates
transformer, a date polar transformer, a text transformer, a categorical target encoding transformer,
a numeric to categorical target encoding transformer, a cluster target encoding transformer, a
cluster distance transformer, a weight of evidence, and/or a numeric to categorical weight of
evidence transformer. In some embodiments, a transformer is randomly selected. In other

embodiments, a transformer is selected based on a data type associated with a feature. For
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example, a feature value may be a numerical value, a categorical value (e.g, Male/Female,
Red/Blue, Sunny/Rainy, etc.), an ordinal value (first, second, third, etc.), etc. A transformer that
receives a numerical value and a categorical value as input may be selected in the event the
surviving machine learning model is based on a plurality of features where at least one feature

value type is a numerical value and at least one feature value type is a categorical value.

[0090] The one or more new features may be used to generate an evolved machine learning
model. In some embodiments, the evolved machine learning model is similar to a surviving
machine learning model except that the evolved machine learning model includes the one or more
new features and excludes the one or more features of which the one or more new features are
based. In other embodiments, the evolved machine learning model is based on the one or more

new features and one or more original features.

[0091] One or more evolved machine learning models may be generated. The evolved
machine learning models may be generated based on a machine learning algorithm (e.g., decision
trees, naive Bayes classification, least squares regression, logistic regression, support vector
machines, neural networks, deep learning, etc.). In some embodiments, an evolved machine
learning model is generated using the same machine learning algorithm type as a surviving machine
learning model and/or other evolved machine learning models, but the subset of features associated
with the evolved machine learning model is different than the subset of features associated with the
surviving machine learning model and the subset of features associated with the other evolved
machine learning models. In other embodiments, the evolved machine learning model is generated
using a different machine learning algorithm type as other surviving machine learning models
and/or evolved machine learning models. In some embodiments, the evolved machine learning
model may generated based on the same subset of features as a second evolved machine learning
model, but the first and second evolved machine learning models are generated using different

machine learning algorithm types.

[0092] The overall validation score (e.g., overall accuracy) of each evolved machine
learning model may be determined. The overall validation score of the evolved machine learning
models may be compared to the overall validation score of the surviving machine learning models.
In some embodiments, the top performing machine learning models (e.g., top half, top number, top
10%, etc.) of the one or more surviving machine learning models and the one or more evolved
machine learning models are retained as surviving machine learning models and the non-top
performing machine learning models (e.g., bottom half, all models except for the top two, bottom

90%, etc.) the one or more surviving machine learning models and the one or more evolved
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machine learning models are discarded or replaced with one or more evolved machine learning
models. For example, the plurality of machine learning models may be comprised of two surviving
machine learning models and two evolved machine learning models. The top two machine learning
models (a surviving machine learning model or an evolved machine learning model) may be
retained as a surviving machine learning model and the non-top two machine learning models may
be discarded or replaced with an evolved machine learning model. In other embodiments, the one
or more surviving machine learning models are paired with a respective evolved machine learning
model and the two machine learning models are compared with each other (i.e., head-to-head). For
example, a first surviving machine learning model is paired with a first evolved machine learning
model and a second surviving machine learning model is paired with a second evolved machine
learning model. Between the first surviving machine learning model and the first evolved machine
learning model, the machine learning model with the higher overall validation score may be
retained a surviving machine learning model and the machine learning model with the lower overall
validation score may be replaced with an evolved machine learning model. Between the second
surviving machine learning model and the second evolved machine learning model, the machine
learning model with the higher overall validation score may be retained a surviving machine
learning model and the machine learning model with the lower overall validation score may be
replaced with an evolved machine learning model. In some embodiments, the evolved machine
learning model must have an overall validation score that is greater than a threshold statistical
measure in order to replace the surviving machine learning model. For example, the surviving
machine learning model has an entry validation score associated with each entry of the validation
data. In some embodiments, the overall validation score of the evolved machine learning model
must be outside the distribution of the entry validation scores to be considered an improvement

over the surviving machine learning model.

[0093] At 308, it is determined whether a stopping condition has been reached. In some
embodiments, a stopping condition is a number of iterations (e.g., 5000). In other embodiments, a

stopping condition is a duration (e.g., 10 minutes).

[0094] In the event the stopping condition has not been reached, process 300 returns to 304.
In the event the stopping condition has been reached, process 300 proceeds to 310 and the one or

more surviving machine learning models are retained.

[0095] The iterative process of comparing evolved machine learning models to surviving
machine learning models improves the feature value prediction accuracy because the process seeks

to improve the prediction with cach iteration. The machine learning models that are retained at 310
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will provide a better prediction (i.e., more accurate) for the feature than the initial machine learning

models.

[0096] Figure 4 is a flow chart illustrating an embodiment of a process for determining a
plurality of initial machine learning models. Process 400 may be implemented by a server, such as
server 102. In some embodiments, process 400 is used to perform some or all of 302 of process
300.

[0097] At 402, input data is received. The input data is comprised of a plurality of entries.
Each entry is associated with a plurality of features and corresponding feature values. For example,
input data may be in the form of a dataset, such as input dataset 200. The input data may be

received from a client, such as client 122, or a remote device.

[0098] At 404, input data is split into training data and validation data. Training data may
be used to train a machine learning model. Validation data may be used to validate the trained
machine learning model. In some embodiments, the training data includes more entries of the input
data than the validation data (e.g., 80% of the entries are used for training data, 20% of the entries
are used for validation data). In other embodiments, the training data includes an equal number of
entries of the input data as the validation data (e.g., 50% of the entries are used for training data,
50% of the entries are used for validation data). In other embodiments, the training data includes
less entries of the input data than the validation data (e.g., 40 % of the entries are used for training

data, 60% of the entries are used for validation data).

[0099] At 406, the input data is analyzed for data type. A feature value may be a numerical
value, a categorical value (e.g., Male/Female, Red/Blue, Sunny/Rainy, etc.), an ordinal value (first,
second, third, etc.), etc. The data type associated with a feature value (e.g., float, integer, string,
etc.) is determined. In some embodiments, a string feature value is transformed into a numerical
value. For example, a feature of “gender” and a feature value of “male” or “female” may be

transformed into a numerical value of “1” and “0”, respectively.

[0100] At 408, a selection of a feature for which a prediction is to be made is received. In
some embodiments, the selected feature is one of the features included in the input data. In some
embodiments, the selected feature is a feature that is not included in the input data. The selection
may be received from a client device, such as client device 122. The selected feature is a feature

for which all initial machine learning models will be trained to predict.
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[0101] At 410, an initial set of features are selected for each initial machine learning model.
An initial set of features may include some or all of the features of the input data. The initial set of
features does not included the selected feature. In some embodiments, the initial set of features are
randomly selected. In other embodiments, the initial set of features are selected by an algorithm.
The initial set of features for a first initial machine learning model may include none, some, or all

of the same features as the initial set of features for a second initial machine learning model.

[0102] At 412, a plurality of initial machine learning models are generated based on the
training data. The initial machine learning models may be generated based on a machine learning
algorithm (e.g., decision trees, naive Bayes classification, least squares regression, logistic
regression, support vector machines, neural networks, deep learning, etc.). Some of the machine
learning models may use the same machine learning algorithm, while others may use different
algorithms. Given the initial set of features and corresponding feature values, the machine learning
model is configured to output a predicted feature label for the selected feature. In some
embodiments, the machine learning model outputs a predicted value for the selected feature. In
other embodiments, the machine learning model is configured to output the predicted label for the
selected feature and a confidence value associated with the predicted value. In other embodiments,
the machine learning model is configured to output the predicted label for the selected feature and a

range associated with the predicted value (e.g., £ 5).

[0103] Once an initial machine learning model has been trained, the predicted label for the
selected feature can be compared to the actual value of the selected feature. The machine learning
model may be retrained based on the comparison, for example, to fine tune the machine learning
model to make a more accurate prediction. In some embodiments, one or more weights associated
with the machine learning model are adjusted to improve the accuracy of the machine learning

model.

[0104] At 414, the initial machine learning models are validated using the validation data.
The validation data is inputted to a machine learning model. Given the features associated with a
machine learning model and corresponding feature values are provided to a machine learning
model. The machine learning model is configured to output a predicted label for the selected
feature based on the associated validation features and corresponding feature values. A score can
be assigned to a machine learning model based on a validation score associated with the machine

learning model.
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[0105] In some embodiments, the score of an initial machine learning model is the overall
validation score (e.g., overall accuracy) of the initial machine learning model. The validation data
is comprised of a plurality of entries. For each entry of the validation data, the predicted feature
label outputted by an initial machine learning model may be compared to the actual feature value.
For example, the predicted feature label for a feature “age” may be “21” and the actual feature
value for the feature “age” is “18.” The validation score of a prediction associated with an entry
may be determined by computing (1). The overall validation score of the initial machine learning

model may be determined by computing (2).

[0106] In other embodiments, the score of the initial machine learning model is a sampled
validation score of the initial machine learning model. The validation data is comprised of a
plurality of entries. A first subset of the plurality of entries (e.g., predetermined number) may be
randomly selected. The validation score of the prediction associated with each entry of the subset
of the plurality of entries may be determined. The overall validation score for a subset of the
plurality of entries may be determined. A second subset of the plurality of entries (e.g.,
predetermined number) may be randomly selected. The second subset may include some or none
of the entries included in the first subset of the plurality of entries. The validation score of the
prediction associated with each entry of the second subset of the plurality of entries may be
determined. The overall validation score for the second subset of the plurality of entries may be
determined. A predetermined number of subsets and corresponding overall subset validation scores
may be determined. The sampled validation of the initial machine learning model may be

determined as:

. . __ Xoverall validation score for each Subset
[0107] Sampled Validation Score = W of Subsets .
[0108] At 416, the initial machine learning models are ranked based on the corresponding
scores.
[0109] Figure S is a flow chart illustrating an embodiment of a process for filtering models.

Process 500 may be implemented by a server, such as server 102. In some embodiments, process

500 is used to perform some or all of 304 of process 300.

[0110] At 502, a predetermined number of entries are randomly selected. In some
embodiments, the predetermined number of entries are selected from training data. In other

embodiments, the predetermined number of entries are selected from validation data. In other
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embodiments, the predetermined number of entries are selected from a combination of training data

and validation data.

[0111] At 504, a score is computed for each entry. The score may represent an accuracy of
the machine learning model for that particular entry. A machine learning model is configured to
output a predicted label for a feature. The actual value of the feature is known from the input data.

The validation score (e.g., accuracy) for an entry may be determined by computing (1).

[0112] At 506, a statistical metric is computed for all of the randomly selected entries. The
statistical metric may be the overall validation score of the machine learning model for all entries.

The overall validation score may be determined by computing (2).

[0113] At 508, it is determined whether a stopping condition has been reached. In some
embodiments, a stopping condition is a threshold number of iterations. In other embodiments, a
stopping condition is a duration. In the event the stopping condition has not been reached, process
500 proceeds to 502 where a predetermined number of entries may be randomly selected again.
The predetermined number of entries may include entries that were used in a previous iteration to
compute a validation score (e.g., accuracy) of the machine learning model. In the event the

stopping condition has been reached, process 500 proceeds to 510.

[0114] At 510, one or more statistical measures of the statistical metric are determined. In
some embodiments, a statistical measure is a distribution of the validation scores. In other
embodiments, a statistical measure is an average of the overall validation scores that were

computed.

[0115] At 512, the determined statistical metric is compared with a reference metric of
another machine learning model. In some embodiments, the other machine learning model is a
surviving machine learning model. In other embodiments, the other machine learning model is an
evolved machine learning model. For example, the average of the overall accuracies may be
compared to a distribution of the entry validation scores of another model. It may be determined
whether the average of the overall accuracies exceeds the distribution of the entry validation scores
of another model. In the event the average of the overall accuracies exceeds the distribution of the
entry validation scores of another model, the model is determined to be an improvement of the

other model and replaces the other model as a surviving machine learning model.
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[0116] Figure 6 is a flow chart illustrating a process for generating an evolved machine
learning model. Process 600 may be implemented by a server, such as server 102. In some

embodiments, process 600 is used to perform some or all of 306 of process 300.

[0117] At 602, one or more important features of one or more surviving machine learning

models are identified.

[0118] In some embodiments, the one or more important features are determined based on
the number of times a feature is used to split a decision tree. The one or more important features
may be determined based on a location of the feature within the decision tree split. For example, a
feature that is used to split a decision tree at the top of the decision tree may be more important than

a feature that is used to split a decision tree at the bottom of the decision tree.

[0119] In some embodiments, the feature values corresponding to the feature of the input
data are randomly rearranged and the predictions of a machine learning model that is based at least
in part on the feature are repeated. In the event the validation score of the prediction of the
machine learning model improves with the random feature data, the feature is determined to be an
untrustworthy feature and not to be an important feature. In the event the validation score of the
prediction of the machine learning model does not change within a threshold statistical amount
(e.g., 5%) with the random feature data, the feature is determined not to be an important feature. In
the event the validation score of the prediction of the machine learning model decreases more than
a threshold statistical amount (e.g., 5%) with the random feature data, the feature is determined to

be an important feature.

[0120] At 604, one or more transformations are applied to the identified one or more
important features to generate one or more new features. In some embodiments, a transformation is
applied to one of the identified important features. In some embodiments, a transformation is
applied to a plurality of the identified important features. In other embodiments, a transformation
is applied to at least one of the identified important features and one or more features that were not

identified as being an important feature.

[0121] The one or more new features may be generated using a transformation. The
transformers may include a filter transformer, a frequent transformer, a bulk interactions
transformer, a truncated SVD numeric transformer, a label encoding transformer, cross validation
categorical to numeric encoding transformer, a dates transformer, a date polar transformer, a text

transformer, a categorical target encoding transformer, a numeric to categorical target encoding
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transformer, a cluster target encoding transformer, a cluster distance transformer, a weight of
evidence, and/or a numeric to categorical weight of evidence transformer. In some embodiments, a
transformer is randomly selected. In other embodiments, a transformer is selected based on a data
type associated with a feature. For example, a feature value may be a numerical value, a
categorical value (e.g, Male/Female, Red/Blue, Sunny/Rainy, etc.), an ordinal value (first, second,
third, etc.), etc. A transformer that receives a numerical value and a categorical value as input may
be selected in the event the surviving machine learning model is based on a plurality of features
where at least one feature value type is a numerical value and at least one feature value type is a

categorical value.

[0122] The one or more new features may be used to generate an evolved machine learning
model. In some embodiments, the evolved machine learning model is similar to a surviving
machine learning model except that the evolved machine learning model includes the one or more
new features and excludes the one or more original features of which the one or more new features
are based. In other embodiments, the evolved machine learning model is based on the one or more

new features and one or more original features.

[0123] At 606, the evolved machine learning model is generated using the training data set.
The evolved machine learning model is configured to make a prediction value for the same feature
as an initial machine learning model. One or more evolved machine learning models may be
generated. An evolved machine learning model may be trained using one or more new features and
a subset of the original features. In some embodiments, the subset of the original features does not
include the one or more original features of which the one or more new features are based. An
evolved machine learning model may be generated using the same machine learning algorithm as a
surviving machine learning model or a different machine learning algorithm. The predicted feature
label of an evolved machine learning model is compared to the actual feature value of the training
data. The evolved machine learning model may be adjusted based on the comparison. For
example, one or more weights associated with the one or more features included in the evolved
machine learning model may be adjusted so that the evolved machine learning model provides a

predication that is closer to the actual feature value of the training data.
[0124] Figure 7 is a diagram illustrating an embodiment of training and validation datasets.

[0125] In the example shown, training and validation datasets 710a, 710b, 710¢c, 710d are
examples of input data that is recited by a server, such as server 102. Input data may be split into

different versions of training and validation datasets. Training and validation datasets 710a, 710b,
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710c¢, 710d each include the same set of data, but the manner in which each dataset is divided is
different. Training and validation dataset 610a includes training data 702a and validation data
702b. Training and validation dataset 710b includes training data 704a, validation data 704b, and
training data 704c. Training and validation dataset 710c includes training data 706a, validation
data 706b, and 706¢. Training and validation dataset 710d includes validation data 708a and
training data 708b.

[0126] The validation data for a training and validation dataset may be any portion of the
training and validation dataset. In some embodiments, the number of entries of the validation data
is the same number of entries between a plurality of training and validation datasets. In some
embodiments, the number of entries of the validation data for a training and validation dataset is
less than the number of entries of the training data for the training and validation dataset. In other
embodiments, the number of entries of the validation data is equal to the number of entries of the
training data for a training and validation dataset. In other embodiments, the number of entries of
the validation data is greater than the number of entries of the training data for a training and

validation dataset.

[0127] A plurality of machine learning models may be generated for each training and
validation dataset. A machine learning model may be trained using corresponding training data of
a corresponding training and validation dataset and validated using corresponding validation data of
the corresponding training and validation dataset. For example, a first machine learning model, a
second machine learning model, and a third machine learning model may be generated using
training and validation dataset 710a. A fourth machine learning model, a fifth machine learning
model, and a sixth machine learning model may be generated using training and validation dataset
710b. A seventh machine learning model, a eighth machine learning model, and a ninth machine
learning model may be generated using training and validation dataset 710c. A tenth machine
learning model, an eleventh machine learning model, and a twelfth machine learning model may be

generated using training and validation dataset 71da.

[0128] Figure 8 is a flow chart illustrating an embodiment of a process for generating an

ensemble model. Process 800 may be implemented by a server, such as server 102.

[0129] At 802, test data is applied to each of the machine learning models. Test data
includes data that was not included in a previous dataset. Test data may be comprised of one or

more entries. Each entry includes a plurality of features and corresponding feature values.
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[0130] At 804, a score is generated for each machine learning model. The test data is
inputted to a machine learning model. The test data may be comprised of one or more entries. The
machine learning model is configured to output a prediction label for a particular feature. The
actual value of the particular value is included in the test data. The validation score of a machine

learning model may be determined by computing (1) and/or (2).

[0131] At 806, an overall score is generated for all models. The overall score may be an
overall validation score of the models. For example, the sum of the validation scores for each
machine learning model may be summed and divided over the total number of machine learning

models.

[0132] At 808, the models are tuned using the test data. For example, a weight associated
with one or more of the machine learning models may be adjusted so that the overall score for the
models is increased. For example, the overall score for the models may be computed as:

TitoaiM;
Overall Score = %”

where # is the number of machine learning models, ai is a weight and Mi

is validation score associated with a machine learning model. In other embodiments, one or more
weights associated weights associated with a machine learning model may be adjusted to improve
the accuracy for a particular model. For example, the predicted value for a feature may be
represented as ax + by + ¢z = m. The one or more weights associated with a particular model

may be adjusted such that a; - ax + by + cz = m.

[0133] Although the foregoing embodiments have been described in some detail for
purposes of clarity of understanding, the invention is not limited to the details provided. There are
many alternative ways of implementing the invention. The disclosed embodiments are illustrative

and not restrictive.
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