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TECHNOLOGIES FOR PLATFORM-TARGETED MACHINE LEARNING
CROSS-REFERENCE TO RELATED U.S. PATENT APPLICATION

[0001] The present application claims priority to U.S. Utility Patent Application Serial
No. 14/866,895, entitled “TECHNOLOGIES FOR PLATFORM-TARGETED MACHINE
LEARNING,” which was filed on September 26, 2015.

BACKGROUND

[0002] Machine learning involves the construction and use of algorithms to perform
pattern recognition and other functions to, for example, form and make predictions on a set of
data. In particular, machine learning may be used to find the parameters of a program that
optimize the classification of an unknown input into a set of desired classes.

[0003] Embedded programs typically have two phases of development. In particular, a
classification algorithm that meets a set of accuracy requirements is developed, and then the
classification algorithm is attempted to be mapped to a specific computing platform intended to
execute the algorithm (e.g., rewriting the algorithms as embedded code within the resource
constraints of the computing platform). If the algorithm does not appropriately “fit” the
resources of the computing platform, the developer may iteratively modify the algorithm and

attempt to map it until the algorithm can run within the resources of the hardware.

BRIEF DESCRIPTION OF THE DRAWINGS

[0004] The concepts described herein are illustrated by way of example and not by way
of limitation in the accompanying figures. For simplicity and clarity of illustration, elements
illustrated in the figures are not necessarily drawn to scale. Where considered appropriate,
reference labels have been repeated among the figures to indicate corresponding or analogous
elements.

[0005] FIG. 1 is a simplified block diagram of at least one embodiment of a computing
device for platform-targeted machine learning;

[0006] FIG. 2 is a simplified block diagram of at least one embodiment of an
environment of the computing device of FIG. 1;

[0007] FIG. 3 is a simplified flow diagram of at least one embodiment of a method for
platform-targeted machine learning that may be executed by the computing device of FIG. 1;
[0008] FIG. 4 is a simplified flow diagram of at least one embodiment of a method for

determining a feature cost matrix that may be executed by the computing device of FIG. 1;
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[0009] FIG. 5 is a simplified flow diagram of at least one embodiment of a method for
generating a reduced feature set that may be executed by the computing device of FIG. 1;

[0010] FIG. 6 is a simplified flow diagram of at least one embodiment of a method for
performing unsupervised feature selection that may be executed by the computing device of
FIG. 1;

[0011] FIG. 7 is a simplified flow diagram of at least one embodiment of a method for
performing supervised feature selection that may be executed by the computing device of FIG.
1; and

[0012] FIG. 8 is a simplified flow diagram of at least one embodiment of a method for

generating and selecting a model that may be executed by the computing device of FIG. 1.

DETAILED DESCRIPTION OF THE DRAWINGS

[0013] While the concepts of the present disclosure are susceptible to various
modifications and alternative forms, specific embodiments thereof have been shown by way of
example in the drawings and will be described herein in detail. It should be understood,
however, that there is no intent to limit the concepts of the present disclosure to the particular
forms disclosed, but on the contrary, the intention is to cover all modifications, equivalents, and
alternatives consistent with the present disclosure and the appended claims.

e

[0014] References in the specification to “one embodiment,” “an embodiment,” “an
illustrative embodiment,” etc., indicate that the embodiment described may include a particular
feature, structure, or characteristic, but every embodiment may or may not necessarily include
that particular feature, structure, or characteristic. Moreover, such phrases are not necessarily
referring to the same embodiment. Further, when a particular feature, structure, or
characteristic is described in connection with an embodiment, it is submitted that it is within the
knowledge of one skilled in the art to effect such feature, structure, or characteristic in
connection with other embodiments whether or not explicitly described. Additionally, it should
be appreciated that items included in a list in the form of “at least one A, B, and C” can mean
(A); (B); (C): (A and B); (B and C); (A and C); or (A, B, and C). Similarly, items listed in the
form of “at least one of A, B, or C” can mean (A); (B); (C): (A and B); (B and C); (A and C); or
(A, B, and C).

[0015] The disclosed embodiments may be implemented, in some cases, in hardware,
firmware, software, or any combination thereof. The disclosed embodiments may also be

implemented as instructions carried by or stored on one or more transitory or non-transitory

machine-readable (e.g., computer-readable) storage medium, which may be read and executed
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by one or more processors. A machine-readable storage medium may be embodied as any
storage device, mechanism, or other physical structure for storing or transmitting information in
a form readable by a machine (e.g., a volatile or non-volatile memory, a media disc, or other
media device).

[0016] In the drawings, some structural or method features may be shown in specific
arrangements and/or orderings. However, it should be appreciated that such specific
arrangements and/or orderings may not be required. Rather, in some embodiments, such
features may be arranged in a different manner and/or order than shown in the illustrative
figures. Additionally, the inclusion of a structural or method feature in a particular figure is not
meant to imply that such feature is required in all embodiments and, in some embodiments, may
not be included or may be combined with other features.

[0017] Referring now to FIG. 1, a computing device 100 for platform-targeted machine
learning is shown. As described in detail below, the computing device 100 is configured to
generate a machine learning algorithm model for classification of input data that balances
accuracy of the classification and an estimate of resource utilization on a target platform to
implement the model. In doing so, in the illustrative embodiment, the computing device 100
may map the model to hardware code for execution on the target platform through a translation
(e.g., instead of complex and time-consuming iterative mapping by a developer). In some
embodiments, the computing device 100 may determine and/or analyze a cost matrix for one or
more prospective target platforms for a set of features (e.g., indicative of an accuracy of the
feature and/or an implementation cost of the feature) and/or refine a set of features by
eliminating more costly but highly correlated features (e.g., via unsupervised and/or supervised
feature selection). Further, in some embodiments, the computing device 100 may determine the
particular clusters to be used for classification (e.g., from training data) by balancing the
accuracy of the classification and a hardware or implementation cost (e.g., the hardware
resource cost of utilizing an additional cluster).

[0018] The computing device 100 may be embodied as any type of computing device or
system capable of performing the functions described herein. For example, in some
embodiments, the computing device 100 may be embodied as a desktop computer, laptop
computer, tablet computer, notebook, netbook, Ultrabook™, smartphone, cellular phone,
wearable computing device, personal digital assistant, mobile Internet device, smart device,
server, router, switch, Hybrid device, and/or any other computing/communication device. As
shown in FIG. 1, the illustrative computing device 100 includes a processor 110, an

input/output (“I/O”) subsystem 112, a memory 114, a data storage 116, a communication
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circuitry 118, one or more sensors 120, and one or more peripheral devices 122. Of course, the
computing device 100 may include other or additional components, such as those commonly
found in a typical computing device (e.g., various input/output devices and/or other
components), in other embodiments. Additionally, in some embodiments, one or more of the
illustrative components may be incorporated in, or otherwise form a portion of, another
component. For example, the memory 114, or portions thereof, may be incorporated in the
processor 110 in some embodiments.

[0019] The processor 110 may be embodied as any type of processor capable of
performing the functions described herein. For example, the processor 110 may be embodied
as a single or multi-core processor(s), digital signal processor, microcontroller, or other
processor or processing/controlling circuit. Similarly, the memory 114 may be embodied as
any type of volatile or non-volatile memory or data storage capable of performing the functions
described herein. In operation, the memory 114 may store various data and software used
during operation of the computing device 100 such as operating systems, applications,
programs, libraries, and drivers. The memory 114 is communicatively coupled to the processor
110 via the I/O subsystem 112, which may be embodied as circuitry and/or components to
facilitate input/output operations with the processor 110, the memory 114, and other
components of the computing device 100. For example, the I/O subsystem 112 may be
embodied as, or otherwise include, memory controller hubs, input/output control hubs,
firmware devices, communication links (i.e., point-to-point links, bus links, wires, cables, light
guides, printed circuit board traces, etc.) and/or other components and subsystems to facilitate
the input/output operations. In some embodiments, the I/O subsystem 112 may form a portion
of a system-on-a-chip (SoC) and be incorporated, along with the processor 110, the memory
114, and other components of the computing device 100, on a single integrated circuit chip.
[0020] The data storage 116 may be embodied as any type of device or devices
configured for short-term or long-term storage of data such as, for example, memory devices
and circuits, memory cards, hard disk drives, solid-state drives, or other data storage devices.
The data storage 116 and/or the memory 114 may store various data during operation of the
computing device 100 as described herein.

[0021] The communication circuitry 118 may be embodied as any communication
circuit, device, or collection thereof, capable of enabling communications between the
computing device 100 and other remote devices over a network. For example, in some
embodiments, the computing device 100 may receive user input data, training data, and/or other

useful data for performing the functions described herein from a remote computing device. The
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communication circuitry 118 may be configured to use any one or more communication
technologies (e.g., wireless or wired communications) and associated protocols (e.g., Ethernet,
Bluetooth®, Wi—Fi®, WiIMAX, LTE, 5G, etc.) to effect such communication.

[0022] The sensors 120 may be embodied as any one or more sensors configured to
generate data/signals indicative of an environment or context of the computing device 100. In
various embodiments, the sensors 120 may be embodied as, or otherwise include, for example,
inertial sensors, position sensors, location sensors, proximity sensors, optical sensors, light
sensors, audio sensors, temperature sensors, motion sensors, piezoelectric sensors, cameras,
and/or other types of sensors. Of course, the computing device 100 may also include
components and/or devices configured to facilitate the use of the sensor(s) 120. Depending on
the particular embodiment, the sensors 120 may include hardware sensors and/or software
sensors (e.g., software sensors to identify software applications executed at a particular point in
time).

[0023] The peripheral devices 122 may include any number of additional peripheral or
interface devices, such as speakers, microphones, additional storage devices, and so forth. The
particular devices included in the peripheral devices 122 may depend on, for example, the type
and/or intended use of the computing device 100.

[0024] Referring now to FIG. 2, in use, the computing device 100 established an
environment 200 for platform-targeted machine learning. The illustrative environment 200
includes a sensor processing module 202, a model determination module 204, a hardware
translation module 206, a hardware classification module 208, and a communication module
210. Additionally, in the illustrative embodiments, the model determination module 204
includes a feature computation module 212, a feature selection module 214, and a model
generation and selection module 216. The various modules of the environment 200 may be
embodied as hardware, software, firmware, or a combination thereof. For example, the various
modules, logic, and other components of the environment 200 may form a portion of, or
otherwise be established by, the processor 110 or other hardware components of the computing
device 100. As such, in some embodiments, one or more of the modules of the environment
200 may be embodied as circuitry or collection of electrical devices (e.g., a sensor processing
circuitry 202, a model determination circuitry 204, a hardware translation circuitry 206, a
hardware classification circuitry 208, a communication circuitry 210, a feature computation
circuitry 212, a feature selection circuitry 214, and a model generation and selection circuitry
216). It should be appreciated that, in such embodiments, one or more of the sensor processing

circuitry 202, the model determination circuitry 204, the hardware translation circuitry 206, the
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hardware classification circuitry 208, the communication circuitry 210, the feature computation
circuitry 212, the feature selection circuitry 214, and/or the model generation and selection
circuitry 216 may form a portion of one or more of the processor 110, the I/O subsystem 112,
the memory 114, the data storage 116, the communication circuitry 118, the sensors 120, and/or
the peripheral devices 122. Additionally, in some embodiments, one or more of the illustrative
modules may form a portion of another module and/or one or more of the illustrative modules
may be independent of one another.

[0025] The sensor processing module 202 interprets, analyzes, and/or otherwise
processes the data collected/generated by the sensors 120. For example, in some embodiments,
the sensor processing module 202 may pre-process raw data generated by the sensors 120 to
generate sensor data in a format usable by the computing device 100 (e.g., for a particular
purpose).

[0026] The model determination module 204 (e.g., a cost-and-quality-informed model
determination model) is configured to generate a machine learning algorithm model that
balances accuracy of classification with the implementation cost associated with executing
corresponding hardware code (e.g., embedded code) on a particular device (i.e., the target
platform) or component. It should be appreciated that the feature(s) defined in the model are
configured to be applied to a user input to be classified (e.g., from sensor data) in order to
identify the class (i.e., defined in the model) of the particular user input. As described below,
the model determination module 204 may eliminate features that are highly correlated with
other features used for classification and/or select a model size in favor of a reduction in
hardware/resource cost. It should be further appreciated that, in the illustrative embodiment,
the co-optimization of accuracy and computational resource utilization in the target platform
enables automation (instead of manual developer-based iterations) of the target architecture as
the compiled code is effectively ensured to “fit” on the platform and operate within the
particular resource constraints of that platform.

[0027] As indicated above, the model determination module 204 includes the feature
computation module 212, the feature selection module 214, and the model generation and
selection module 216. The feature computation module 212 is configured to
determine/compute and store a cost metric and/or cost matrix for each candidate feature (e.g., a
feature transform) of a feature list for one or more given target platforms. It should be
appreciated that the features utilized by the feature computation module 212 may vary and may
be predefined or user-defined depending on the particular embodiment. For example, in an

embodiment, the features may include calculation of the average of user inputs (e.g., sensor

-6-



WO 2017/052999 PCT/US2016/048945

data), application of a Fast Fourier Transform (FFT) to a set of input data, and/or another
suitable function of the input data. Further, in some embodiments, the features may be applied
in parallel to process multiple data streams. As described herein, in the illustrative
embodiment, the cost metrics utilized by the feature computation module 212 incorporate an
implementation cost of the corresponding feature on a particular target platform. In some
embodiments, the feature computation module 212 may compute the cost metrics (e.g., in the
background) using simulation, cross-compilation, and/or heuristic-based analysis. It should be
appreciated that the cost metrics may allow the computing device 100 to automatically prune
features that do not meet the target platform resource budget (e.g., maximum time to compute,
buffer size, code size, code instructions, etc.) rather than making such determinations in an ad
hoc, manual, and/or iterative manner. Accordingly, the developer may rely on more than mere
intuition in balancing the implementation cost with classification accuracy.

[0028] The feature selection module 214 is configured to eliminate highly correlated
features of a candidate feature set (e.g., the feature list) to generate a reduced feature set based
on the cost metrics of the features in the candidate feature set for the particular target platform
architecture and/or an implementation budget that indicates, for example, a maximum/available
utilization of one or more resources, a maximum number of features included, and/or other
suitable constraints. For example, the implementation budget may identify a maximum overall
cost to extract the selected features. In some embodiments, the implementation budget may
identify a maximum permissible time to compute the feature (e.g., in clock cycles), a maximum
buffer size used during application of the feature, a maximum code size associated with the
feature extraction, a maximum number of instructions associated with application of the feature,
permissible data formats, and/or other suitable cost constraints. In the illustrative embodiment,
the feature selection module 214 employs one or more feature selection algorithms (e.g.,
supervised or unsupervised feature selection) that take into consideration the cost metrics and/or
implementation budget of the target platform. For example, the feature selection module 214
may utilize an unsupervised feature selection algorithm to identify features that are highly
correlated with one another (e.g., convey the same or similar information) and eliminate one or
more redundant features based on the implementation cost of the features (e.g., eliminating the
more costly feature(s)). More specifically, in an embodiment, the candidate feature set may
include ten features, two of which are highly correlated with one another. Instead of randomly
eliminating one of those two features, for example, the feature selection module 214 may
eliminate the feature having the more costly implementation (e.g., via a cost function embedded

in the framework).
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[0029] The model generation and selection module 216 is configured to determine the
particular classes/clusters involved in classification (e.g., from training data) by balancing the
accuracy of the classes and a hardware or implementation cost (e.g., the hardware resource cost
of utilizing an additional class for classification). It should be appreciated that clustering
algorithms are generally based on distances between sample points alone and involve iteratively
breaking down clusters/classes into smaller clusters until each cluster is homogenous.
However, such techniques often increase the complexity and implementation cost of the
resulting model (e.g., due to additional data storage and/or computational requirements). In the
illustrative embodiment, the model generation and selection module 216 utilizes a cost function
that penalizes an increased number of clusters such that a balance is made between the overall
weighted accuracy of the classification and model complexity.

[0030] The hardware translation module 206 is configured to map the machine learning
algorithm model generated/determined by the model determination module 204 into hardware
code (e.g., binary code, assembly code, or another suitable hardware code) for execution by the
target platform. As described herein, in the illustrative embodiment, various cost and/or
implementation budgets may be used by the computing device 100 to ensure that suitable code
for the model may be embedded on and/or otherwise executed by the target platform.
Accordingly, in some embodiments, mapping the machine learning algorithm model may
involve a simple translation of the model to the hardware code.

[0031] The hardware classification module 208 is configured to execute the algorithm
defined by the model or, more specifically, the translated hardware code to perform hardware-
based classification of sensed data and/or other user inputs (e.g., if the computing device 100 is
the target platform). Of course, in embodiments in which the target platform employs a
different architecture than the computing device 100, the hardware code may be embedded on
and/or executed by that computing device.

[0032] The communication module 210 handles the communication between the
computing device 100 and other computing devices over a network. For example, in some
embodiments, the communication module 210 may transmit the generated hardware code
and/or machine learning algorithm model to the target computing device.

[0033] Referring now to FIG. 3, in use, the computing device 100 may execute a
method 300 for platform-targeted machine learning. The illustrative method 300 begins with
block 302 in which the computing device 100 receives sensor data and/or other input data from

the sensors 120 of the computing device 100. It should be appreciated that, in some
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embodiments, the input data may include training data that includes individual data points with
known classifications.

[0034] In block 304, the computing device 100 generates the machine learning
algorithm model. As indicated above, in the illustrative embodiment, the computing device 100
generates a model that balances accuracy of classification with the implementation cost
associated with execution on a target platform and, in doing so, may consider an
implementation budget that identifies permitted resource utilization by the features of the
model. In particular, in block 306, the computing device 100 may determine a feature cost
matrix or set of feature metrics as shown in FIG. 4 and described below. In other words, the
computing device 100 may compute a cost metric for each candidate feature based on the target
platform(s). In block 308, the computing device 100 may eliminate one or more features (e.g.,
redundant features) from the candidate feature set to generate a reduced feature set. To do so,
the computing device 100 may execute a method 500 as shown in FIG. 5 and described below.
Further, in block 310, the computing device 100 may determine the particular classes/clusters to
be used for classification and, in doing so, balance the accuracy of the classification and the
implementation cost of the model (e.g., the number of classes). To do so, the computing device
100 may execute a method 800 as shown in FIG. 8 and described below.

[0035] In block 312, the computing device 100 is configured to translate the
determined/generated machine learning algorithm model into hardware code (e.g., binary code,
assembly code, or another suitable hardware code) for execution by the target platform. In
some embodiments, in block 314, the computing device 100 may perform hardware-based
classification of the sensed data, other sensed data, and/or other suitable user inputs (e.g., if the
computing device 100 is the target platform or has a similar architecture). In other
embodiments, the computing device 100 may transmit the hardware code, the model, cost
metrics/matrices, and/or other data to the target platform for execution.

[0036] Referring now to FIG. 4, in use, the computing device 100 may execute a
method 400 for determining a feature cost matrix or set of feature metrics (e.g., in block 306 of
the method 300). The illustrative method 400 begins with block 402 in which the computing
device 100 determines a feature list that identifies a set of candidate features and one or more
target platforms for which to compute cost data. As described above, each of the features may
be embodied as any function or algorithm capable of being applied to input data to distinguish
the input data from other data (e.g., other input data). For example, the features may include
calculation of the average of user inputs (e.g., sensor data), identifying a minimum or maximum

of a data set, application of a Fast Fourier Transform (FFT) to a set of input data, and/or another
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suitable function or algorithm capable of being applied to the input data. The features may be
predefined or user-defined depending on the particular embodiment.

[0037] In block 404, the computing device 100 may determine a feature cost matrix or
set of metrics. It should be appreciated that the cost metrics may include data indicative of
various resource requirements of a particular feature. For example, a cost matrix may include
cost metric(s) that indicate a particular feature costs twenty seconds to calculate, requires two
kilobytes of a buffer, requires three hundred bytes of memory to store the code, includes ten
thousand instructions, and/or has other cost-related constraints. In block 406, the computing
device 100 may determine a cost matrix or cost metrics for each candidate feature identified in
the feature list. For example, in some embodiments, the features may be selected from a
predefined library of functions (e.g., digital signal processor (DSP) functions) that identifies an
estimated cost to extract the feature for a particular system architecture (e.g., the target
platform). In other embodiments, the features may be user-defined such that the cost is not
predefined. In such embodiments, the corresponding functions may be compiled (e.g., for a
particular DSP) to estimate the cost of the feature. In block 408, the computing device 100 may
perform simulation, cross-compilation, and/or heuristic-based analysis of the features to
determine the cost metrics and/or cost matrix. Further, in block 410, the computing device 100
may determine a cost matrix or set of cost metrics for each target platform. In other words, in
some embodiments, the cost matrix may include data indicative of a cost of each of the
candidate features for a particular target platform. Although the cost metrics are described
herein as cost matrices, it should be appreciated that a set of cost metrics of the various features
may be represented in any suitable format or data structure. Further, in some embodiments, the
computing device 100 may determine a cost matrix and/or set of cost metrics for a single target
platform.

[0038] Referring now to FIG. 5, in use, the computing device 100 may execute a
method 500 for generating a reduced feature set. The illustrative method 500 begins with block
502 in which the computing device 100 identifies, retrieves, or otherwise determines the
candidate feature list and target platform. As discussed above, in the illustrative embodiment,
the computing device 100 utilizes separate cost matrices and/or cost metrics for each potential
target platform. As such, in block 504, the computing device 102 determines/retrieves the cost
matrix and/or cost metrics for the target platform and, in block 506, the computing device 100
determines the implementation budget of the target platform. For example, the implementation
budget may identify a maximum overall cost to extract the selected features. As discussed

above, the implementation budget may indicate, for example, a maximum/available utilization
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of one or more hardware resources, a maximum number of features included, and/or other
suitable constraints associated with the particular target platform. In some embodiments, the
implementation budget may identify a maximum permissible time to compute the feature (e.g.,
in clock cycles), a maximum buffer size used during application of the feature, a maximum
code size associated with the feature extraction, a maximum number of instructions associated
with application of the feature, permissible data formats, and/or other suitable cost constraints.
[0039] In block 508, the computing device 100 generates a reduced feature set based on
the candidate feature set/list, the cost metrics to implement each of the candidate features on the
particular target platform, and the implementation budget for the target platform. In particular,
the computing device 100 may eliminate redundant features in response to identifying highly
correlated features. To do so, the computing device 100 may employ one or more feature
selection algorithms that take into account the cost-related data. For example, in block 510, the
computing device 100 may perform unsupervised feature selection as shown in FIG. 6.
Additionally or alternatively, in block 512, the computing device 100 may perform supervised
feature selection as shown in FIG. 7.

[0040] Referring now to FIG. 6, in use, the computing device 100 may execute a
method 600 for performing unsupervised feature selection. It should be appreciated that the
computing device 100 may utilize any suitable unsupervised feature selection algorithm
consistent with the functions described herein. For example, in some embodiments, the
computing device 100 may utilize variance thresholding or correlation thresholding. The
illustrative method 600 begins with block 602 in which the computing device 100 identifies a
set of highly correlated features from the candidate feature set. It should be appreciated that the
computing device 100 may utilize any suitable technique, mechanism, and/or algorithm for
determining the extent to which two features are correlated with one another. For example, in
block 604, the computing device 100 may calculate the correlation matrix of the candidate
features. Further, in block 606, the computing device 100 may identify features that have
values in the correlation matrix above a predefined threshold as highly correlated features. In
block 608, the computing device 100 retains the feature(s) having the lowest implementation
cost on the target platform and eliminates the redundant feature(s) from the candidate feature
set. More specifically, in block 610, the computing device 100 may sort/rank the highly
correlated features based on the corresponding cost metrics of those features and identify the
feature having the lowest implementation cost. It should be appreciated that the computing
device 100 may prioritize various resources/metrics in determining which feature has the lowest

implementation cost based on the particular implementation. For example, in one embodiment,
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the computing device 100 may sort the highly correlated features based on the number of clock
cycles required to extract the feature and, in another embodiment, the computing device 100
may sort the highly correlated features based on a buffer size required to extract the feature. In
yet another embodiment, the computing device 100 may utilize, for example, a weighted
average or other combinational analytic of multiple metrics in determining which of the highly
correlated features is least costly.

[0041] In block 612, the computing device 100 determines whether to identify other
highly correlated features. That is, in some embodiments, the candidate feature set may include
multiple sets of features that are highly correlated with one another. For example, in one
embodiment, features 1-2 may be highly correlated, features 3-4 may be highly correlated,
features 5-7 may be highly correlated, and features 6-10 may not be highly correlated with any
other feature. In such embodiments, the computing device 100 may execute the method 600 for
each of the sets of highly correlated features (i.e., the set of features 1-2, the set of features 3-4,
and the set of features 5-7). Accordingly, if the computing device 100 determines to identify
whether there are other highly correlated features in block 612, the method 600 returns to block
602.

[0042] Referring now to FIG. 7, in use, the computing device 100 may execute a
method 700 for performing supervised feature selection. It should be appreciated that the
computing device 100 may utilize any suitable supervised feature selection algorithm consistent
with the functions described herein. For example, in some embodiments, the computing device
100 may utilize recursive feature elimination, tree-based feature selection, and/or univariate
feature selection. The illustrative method 700 begins with block 702 in which the computing
device 100 generates a performance metric based on the cost metric and/or other metrics of the
candidate features. In block 704, the computing device 100 ranks the features based on the
performance metric and, in block 706, the computing device 100 retains the highest ranked
feature(s) in the candidate list. It should be appreciated that, depending on the particular
embodiment, the number of features retained by the computing device 100 may vary. For
example, the threshold number of features to be retained may be based on the computational
power or architecture of the computing device 100, selectable by a user, and/or based on some
other criteria. In block 708, the computing device 100 determines whether a budget for feature
extraction has been reached. If not, the method 700 returns to block 702 in which the
computing device 100 generates the performance metric based on the cost metric. In other
words, the computing device 100 may recursively eliminate highly correlated features from the

candidate feature list.
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[0043] Referring now to FIG. 8, in use, the computing device 100 may execute a
method 800 for generating and selecting a model, for example, that meets predefined cost and
quality criteria. The illustrative method 800 begins with block 802 in which the computing
device 100 determines a model size budget and cost function (e.g., a user-defined cost
function). In the illustrative embodiment, the model size budget includes data is indicative of a
maximum number/amount of one or more resources permissible for execution on the target
platform. The cost function may assign different weights to various classification errors (e.g.,
false positives and false negatives) such that the computing device 100 may more appropriately
handle such classification errors depending on the particular embodiment. In the illustrative
embodiment, the cost function further incorporates model complexity metrics such that the cost
function involves a trade-off between loss of accuracy in the classification (e.g., measured as a
weighted cost of “foreign samples” in a cluster) and model complexity (e.g. measured as the
number of cluster centroids).

[0044] In block 804, the computing device 100 may generate a dendogram or other
suitable model-defining structure from training data received by the computing device 100 and,
in block 806, the computing device 100 initializes the model size threshold. For example, in
some embodiments, the model size threshold may be initialized to a maximum value. The
computing device 100 may reduce the model size threshold in block 808 and, in doing so, may
reduce the classification accuracy in block 810. In block 812, the computing device 100 may
compute the cost function based on the training data and compare the cost function value to the
model size threshold. If the computing device 100 determines, in block 814, that the model size
threshold exceeds the cost function value, the computing device 100 determines the resources
and/or model in block 816. In doing so, in block 818, the computing device 100 may
determine, for example, the centroids of the resulting clusters associated with the classes.
Otherwise, the method 800 returns to block 808 in which the computing device 100 reduces the
model size threshold.

[0045] For example, in an embodiment, the computing device 100 may be analyzing ten
training data points (i.e., samples) with eight of those data points belonging to a first class and
the other two being foreign (e.g., belonging to a second class). Initially, the data points may be
collectively assigned to the first class and the computing device 100 determines how to address
the two foreign points. For example, the computing device 100 could assign the two points to
the first class, which would be associated with a particular cost (e.g., from false positives or
false negatives after computing the resulting centroid) based on the cost function. As such, the

cost function may be utilized in determining whether to break the cluster into multiple clusters
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(e.g., to accommodate the foreign samples) or associate the foreign samples with the first
cluster. Of course, it should be appreciated that the parameters of the cost function may affect
such a determination.

[0046] It should be appreciated that, in some embodiments, any one or more of the
methods 300, 400, 500, 600, 700, and/or 800 may be embodied as various instructions stored on
a computer-readable media, which may be executed by the processor 110 and/or other
components of the computing device 100 to cause the computing device 100 to perform the
respective method 300, 400, 500, 600, 700, and/or 800. The computer-readable media may be
embodied as any type of media capable of being read by the computing device 100 including,
but not limited to, the memory 114, the data storage 116, other memory or data storage devices
of the computing device 100, portable media readable by a peripheral device 122 of the

computing device 100, and/or other media.

EXAMPLES

[0047] Mlustrative examples of the technologies disclosed herein are provided below.
An embodiment of the technologies may include any one or more, and any combination of, the
examples described below.

[0048] Example 1 includes a computing device for platform-targeted machine learning,
the computing device comprising a model determination module to generate a machine learning
algorithm model indicative of a plurality of classes between which a user input is to be
classified, wherein the user input is to be classified as being associated with a particular class
based on an application of one or more features to the user input, and wherein each of the one
or more features has an associated implementation cost indicative of a cost to perform on a
target platform on which the corresponding feature is to be applied to the user input; and a
hardware translation module to translate the machine learning algorithm model into hardware
code for execution on the target platform.

[0049] Example 2 includes the subject matter of Example 1, and wherein the user input
comprises sensor data generated by one or more sensors of the computing device.

[0050] Example 3 includes the subject matter of any of Examples 1 and 2, and wherein
to generate the machine learning algorithm model comprises to determine a set of cost metrics
of a plurality of features, wherein each cost metric of the set of cost metrics is indicative of an
implementation cost of a corresponding feature of the plurality of features on the target

platform.
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[0051] Example 4 includes the subject matter of any of Examples 1-3, and wherein to
determine the set of cost metrics comprises to determine a feature cost matrix based on a list of
features that includes the plurality of features and one or more target platforms.

[0052] Example 5 includes the subject matter of any of Examples 1-4, and wherein to
determine each cost metric comprises to perform at least one of simulation, cross-compilation,
or heuristic-based analysis of the corresponding feature.

[0053] Example 6 includes the subject matter of any of Examples 1-5, and wherein at
least one feature of the plurality of features is a user-defined feature.

[0054] Example 7 includes the subject matter of any of Examples 1-6, and wherein each
feature of the plurality of features is a function of the user input.

[0055] Example 8 includes the subject matter of any of Examples 1-7, and wherein to
generate the machine learning algorithm model comprises to determine a reduced feature set
from a plurality of features; and wherein the model is based on features of the reduced feature
set.

[0056] Example 9 includes the subject matter of any of Examples 1-8, and wherein to
determine the reduced feature set comprises to determine a corresponding cost metric for each
feature of the reduced feature set, wherein each cost metric is indicative of an implementation
cost of the corresponding feature on the target platform; determine an implementation budget
indicative of a maximum usage of a hardware resource; and generate the reduce feature set
based on the cost metrics and the implementation budget.

[0057] Example 10 includes the subject matter of any of Examples 1-9, and wherein to
determine the reduced feature set comprises to perform unsupervised feature selection based on
the plurality of features.

[0058] Example 11 includes the subject matter of any of Examples 1-10, and wherein to
perform the unsupervised feature selection comprises to identify a set of highly correlated
features of the plurality of features; and retain a feature of the set of highly correlated features
having a lowest implementation cost.

[0059] Example 12 includes the subject matter of any of Examples 1-11, and wherein to
identify the set of highly correlated features comprises to calculate a correlation matrix based
on the plurality of features; and identify a set of features above a predefined correlation
threshold.

[0060] Example 13 includes the subject matter of any of Examples 1-12, and wherein to
retain the feature comprises to sort the set of highly correlated features based on corresponding

cost metrics of the highly correlated features.
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[0061] Example 14 includes the subject matter of any of Examples 1-13, and wherein to
perform the unsupervised feature selection comprises to perform at least one of variance
thresholding or correlation thresholding.

[0062] Example 15 includes the subject matter of any of Examples 1-14, and wherein to
determine the reduced feature set comprises to perform supervised feature selection based on
the plurality of features.

[0063] Example 16 includes the subject matter of any of Examples 1-15, and wherein to
perform the supervised feature selection comprises to generate a performance metric based on
corresponding cost metrics of the plurality of features; rank the plurality of features based on
the performance metric; and retain a highest ranked feature of the ranked plurality of features.
[0064] Example 17 includes the subject matter of any of Examples 1-16, and wherein to
generate the machine learning algorithm model comprises to determine the model based on a
cost function that incorporates predefined hardware execution costs to perform a corresponding
classification.

[0065] Example 18 includes the subject matter of any of Examples 1-17, and wherein to
determine the model comprises to compute the cost function based on training data; and
iteratively reduce an accuracy of classification of one or more classes until a threshold is
reached.

[0066] Example 19 includes the subject matter of any of Examples 1-18, and wherein to
translate the machine learning algorithm model into the hardware code comprises to
automatically translate the machine learning algorithm model into the hardware code.

[0067] Example 20 includes the subject matter of any of Examples 1-19, and further
including a hardware classification module to execute the hardware code to perform hardware-
based classification of sensed data.

[0068] Example 21 includes a method for platform-targeted machine learning, the
method comprising generating, by a computing device, a machine learning algorithm model
indicative of a plurality of classes between which a user input is to be classified, wherein the
user input is to be classified as being associated with a particular class based on an application
of one or more features to the user input, and wherein each of the one or more features has an
associated implementation cost indicative of a cost to perform on a target platform on which the
corresponding feature is to be applied to the user input; and translating, by the computing
device, the machine learning algorithm model into hardware code for execution on the target

platform.
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[0069] Example 22 includes the subject matter of Example 21, and wherein the user
input comprises sensor data generated by one or more sensors of the computing device.

[0070] Example 23 includes the subject matter of any of Examples 21 and 22, and
wherein generating the machine learning algorithm model comprises determining a set of cost
metrics of a plurality of features, wherein each cost metric of the set of cost metrics is indicative
of an implementation cost of a corresponding feature of the plurality of features on the target
platform.

[0071] Example 24 includes the subject matter of any of Examples 21-23, and wherein
determining the set of cost metrics comprises determining a feature cost matrix based on a list
of features including the plurality of features and one or more target platforms.

[0072] Example 25 includes the subject matter of any of Examples 21-24, and wherein
determining each cost metric comprises performing at least one of simulation, cross-
compilation, or heuristic-based analysis of the corresponding feature.

[0073] Example 26 includes the subject matter of any of Examples 21-25, and wherein
at least one feature of the plurality of features is a user-defined feature.

[0074] Example 27 includes the subject matter of any of Examples 21-26, and wherein
each feature of the plurality of features is a function of the user input.

[0075] Example 28 includes the subject matter of any of Examples 21-27, and wherein
generating the machine learning algorithm model comprises determining a reduced feature set
from a plurality of features; and wherein the model is based on features of the reduced feature
set.

[0076] Example 29 includes the subject matter of any of Examples 21-28, and wherein
determining the reduced feature set comprises determining a corresponding cost metric for each
feature of the reduced feature set, wherein each cost metric is indicative of an implementation
cost of the corresponding feature on the target platform; determining an implementation budget
indicative of a maximum usage of a hardware resource; and generating the reduce feature set
based on the cost metrics and the implementation budget.

[0077] Example 30 includes the subject matter of any of Examples 21-29, and wherein
determining the reduced feature set comprises performing unsupervised feature selection based
on the plurality of features.

[0078] Example 31 includes the subject matter of any of Examples 21-30, and wherein
performing the unsupervised feature selection comprises identifying a set of highly correlated
features of the plurality of features; and retaining a feature of the set of highly correlated

features having a lowest implementation cost.
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[0079] Example 32 includes the subject matter of any of Examples 21-31, and wherein
identifying the set of highly correlated features comprises calculating a correlation matrix based
on the plurality of features; and identifying a set of features above a predefined correlation
threshold.

[0080] Example 33 includes the subject matter of any of Examples 21-32, and wherein
retaining the feature comprises sorting the set of highly correlated features based on
corresponding cost metrics of the highly correlated features.

[0081] Example 34 includes the subject matter of any of Examples 21-33, and wherein
performing the unsupervised feature selection comprises performing at least one of variance
thresholding or correlation thresholding.

[0082] Example 35 includes the subject matter of any of Examples 21-34, and wherein
determining the reduced feature set comprises performing supervised feature selection based on
the plurality of features.

[0083] Example 36 includes the subject matter of any of Examples 21-35, and wherein
performing the supervised feature selection comprises generating a performance metric based
on corresponding cost metrics of the plurality of features; ranking the plurality of features based
on the performance metric; and retaining a highest ranked feature of the ranked plurality of
features.

[0084] Example 37 includes the subject matter of any of Examples 21-36, and wherein
generating the machine learning algorithm model comprises determining the model based on a
cost function that incorporates predefined hardware execution costs to perform a corresponding
classification.

[0085] Example 38 includes the subject matter of any of Examples 21-37, and wherein
determining the model comprises computing the cost function based on training data; and
iteratively reducing an accuracy of classification of one or more classes until a threshold is
reached.

[0086] Example 39 includes the subject matter of any of Examples 21-38, and wherein
translating the machine learning algorithm model into the hardware code comprises
automatically translating the machine learning algorithm model into the hardware code.

[0087] Example 40 includes the subject matter of any of Examples 21-39, and further
including executing the hardware code to perform hardware-based classification of sensed data.
[0088] Example 41 includes a computing device comprising a processor; and a memory
having stored therein a plurality of instructions that when executed by the processor cause the

computing device to perform the method of any of Examples 21-40.
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[0089] Example 42 includes one or more machine-readable storage media comprising a
plurality of instructions stored thereon that in response to being executed result in a computing
device performing the method of any of Examples 21-40.

[0090] Example 43 includes a computing device comprising means for performing the
method of any of Examples 21-40.

[0091] Example 44 includes a computing device for platform-targeted machine
learning, the computing device comprising means for generating a machine learning algorithm
model indicative of a plurality of classes between which a user input is to be classified, wherein
the user input is to be classified as being associated with a particular class based on an
application of one or more features to the user input, and wherein each of the one or more
features has an associated implementation cost indicative of a cost to perform on a target
platform on which the corresponding feature is to be applied to the user input; and means for
translating the machine learning algorithm model into hardware code for execution on the target
platform.

[0092] Example 45 includes the subject matter of Example 44, and wherein the user
input comprises sensor data generated by one or more sensors of the computing device.

[0093] Example 46 includes the subject matter of any of Examples 44 and 45, and
wherein the means for generating the machine learning algorithm model comprises means for
determining a set of cost metrics of a plurality of features, wherein each cost metric of the set of
cost metrics is indicative of an implementation cost of a corresponding feature of the plurality
of features on the target platform.

[0094] Example 47 includes the subject matter of any of Examples 44-46, and wherein
the means for determining the set of cost metrics comprises means for determining a feature
cost matrix based on a list of features including the plurality of features and one or more target
platforms.

[0095] Example 48 includes the subject matter of any of Examples 44-47, and wherein
the means for determining each cost metric comprises means for performing at least one of
simulation, cross-compilation, or heuristic-based analysis of the corresponding feature.

[0096] Example 49 includes the subject matter of any of Examples 44-48, and wherein
at least one feature of the plurality of features is a user-defined feature.

[0097] Example 50 includes the subject matter of any of Examples 44-49, and wherein
each feature of the plurality of features is a function of the user input.

[0098] Example 51 includes the subject matter of any of Examples 44-50, and wherein

the means for generating the machine learning algorithm model comprises means for
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determining a reduced feature set from a plurality of features; and wherein the model is based
on features of the reduced feature set.

[0099] Example 52 includes the subject matter of any of Examples 44-51, and wherein
the means for determining the reduced feature set comprises means for determining a
corresponding cost metric for each feature of the reduced feature set, wherein each cost metric
is indicative of an implementation cost of the corresponding feature on the target platform;
means for determining an implementation budget indicative of a maximum usage of a hardware
resource; and means for generating the reduce feature set based on the cost metrics and the
implementation budget.

[00100] Example 53 includes the subject matter of any of Examples 44-52, and wherein
the means for determining the reduced feature set comprises means for performing
unsupervised feature selection based on the plurality of features.

[00101] Example 54 includes the subject matter of any of Examples 44-53, and wherein
the means for performing the unsupervised feature selection comprises means for identifying a
set of highly correlated features of the plurality of features; and means for retaining a feature of
the set of highly correlated features having a lowest implementation cost.

[00102] Example 55 includes the subject matter of any of Examples 44-54, and wherein
the means for identifying the set of highly correlated features comprises means for calculating a
correlation matrix based on the plurality of features; and means for identifying a set of features
above a predefined correlation threshold.

[00103] Example 56 includes the subject matter of any of Examples 44-55, and wherein
the means for retaining the feature comprises means for sorting the set of highly correlated
features based on corresponding cost metrics of the highly correlated features.

[00104] Example 57 includes the subject matter of any of Examples 44-56, and wherein
the means for performing the unsupervised feature selection comprises means for performing at
least one of variance thresholding or correlation thresholding.

[00105] Example 58 includes the subject matter of any of Examples 44-57, and wherein
the means for determining the reduced feature set comprises means for performing supervised
feature selection based on the plurality of features.

[00106] Example 59 includes the subject matter of any of Examples 44-58, and wherein
the means for performing the supervised feature selection comprises means for generating a
performance metric based on corresponding cost metrics of the plurality of features; means for
ranking the plurality of features based on the performance metric; and means for retaining a

highest ranked feature of the ranked plurality of features.
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[00107] Example 60 includes the subject matter of any of Examples 44-59, and wherein
the means for generating the machine learning algorithm model comprises means for
determining the model based on a cost function that incorporates predefined hardware
execution costs to perform a corresponding classification.

[00108] Example 61 includes the subject matter of any of Examples 44-60, and wherein
the means for determining the model comprises means for computing the cost function based on
training data; and means for iteratively reducing an accuracy of classification of one or more
classes until a threshold is reached.

[00109] Example 62 includes the subject matter of any of Examples 44-61, and wherein
the means for translating the machine learning algorithm model into the hardware code
comprises means for automatically translating the machine learning algorithm model into the
hardware code.

[00110] Example 63 includes the subject matter of any of Examples 44-62, and further
including means for executing the hardware code to perform hardware-based classification of

sensed data.
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WHAT IS CLAIMED IS:

1. A computing device for platform-targeted machine learning, the
computing device comprising:

a model determination module to generate a machine learning algorithm model
indicative of a plurality of classes between which a user input is to be classified, wherein the
user input is to be classified as being associated with a particular class based on an application
of one or more features to the user input, and wherein each of the one or more features has an
associated implementation cost indicative of a cost to perform on a target platform on which the
corresponding feature is to be applied to the user input; and

a hardware translation module to translate the machine learning algorithm model

into hardware code for execution on the target platform.

2. The computing device of claim 1, wherein the user input comprises

sensor data generated by one or more sensors of the computing device.

3. The computing device of claim 1, wherein to generate the machine
learning algorithm model comprises to determine a set of cost metrics of a plurality of features,
wherein each cost metric of the set of cost metrics is indicative of an implementation cost of a

corresponding feature of the plurality of features on the target platform.

4. The computing device of claim 3, wherein to determine the set of cost
metrics comprises to determine a feature cost matrix based on a list of features that includes the

plurality of features and one or more target platforms.
5. The computing device of claim 3, wherein to determine each cost metric
comprises to perform at least one of simulation, cross-compilation, or heuristic-based analysis

of the corresponding feature.

6. The computing device of claim 3, wherein at least one feature of the

plurality of features is a user-defined feature.

7. The computing device of claim 3, wherein each feature of the plurality of

features is a function of the user input.
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8. The computing device of claim 1, wherein to generate the machine
learning algorithm model comprises to determine a reduced feature set from a plurality of
features; and

wherein the model is based on features of the reduced feature set.

9. The computing device of claim 8, wherein to determine the reduced
feature set comprises to:

determine a corresponding cost metric for each feature of the reduced feature set,
wherein each cost metric is indicative of an implementation cost of the corresponding feature
on the target platform;

determine an implementation budget indicative of a maximum usage of a
hardware resource; and

generate the reduce feature set based on the cost metrics and the implementation

budget.

10. The computing device of claim 8, wherein to determine the reduced
feature set comprises to perform unsupervised feature selection based on the plurality of

features.

11. The computing device of claim 10, wherein to perform the unsupervised
feature selection comprises to:

identify a set of highly correlated features of the plurality of features; and

retain a feature of the set of highly correlated features having a lowest

implementation cost.

12. The computing device of claim 11, wherein to identify the set of highly
correlated features comprises to:
calculate a correlation matrix based on the plurality of features; and

identify a set of features above a predefined correlation threshold.
13. The computing device of claim 11, wherein to retain the feature

comprises to sort the set of highly correlated features based on corresponding cost metrics of

the highly correlated features.
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14. The computing device of claim 10, wherein to perform the unsupervised
feature selection comprises to perform at least one of variance thresholding or correlation

thresholding.

15. The computing device of claim 8, wherein to determine the reduced

feature set comprises to perform supervised feature selection based on the plurality of features.

16. The computing device of claim 15, wherein to perform the supervised
feature selection comprises to:

generate a performance metric based on corresponding cost metrics of the
plurality of features;

rank the plurality of features based on the performance metric; and

retain a highest ranked feature of the ranked plurality of features.

17. The computing device of claim 1, wherein to generate the machine
learning algorithm model comprises to determine the model based on a cost function that

incorporates predefined hardware execution costs to perform a corresponding classification.

18. The computing device of claim 17, wherein to determine the model
comprises to:

compute the cost function based on training data; and

iteratively reduce an accuracy of classification of one or more classes until a

threshold is reached.

19. A method for platform-targeted machine learning, the method
comprising:

generating, by a computing device, a machine learning algorithm model
indicative of a plurality of classes between which a user input is to be classified, wherein the
user input is to be classified as being associated with a particular class based on an application
of one or more features to the user input, and wherein each of the one or more features has an
associated implementation cost indicative of a cost to perform on a target platform on which the
corresponding feature is to be applied to the user input; and

translating, by the computing device, the machine learning algorithm model into

hardware code for execution on the target platform.
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20. The method of claim 19, wherein generating the machine learning
algorithm model comprises determining a set of cost metrics of a plurality of features, wherein
each cost metric of the set of cost metrics is indicative of an implementation cost of a

corresponding feature of the plurality of features on the target platform.

21. The method of claim 19, wherein generating the machine learning
algorithm model comprises determining a reduced feature set from a plurality of features; and

wherein the model is based on features of the reduced feature set.

22. The method of claim 21, wherein determining the reduced feature set
comprises:

determining a corresponding cost metric for each feature of the reduced feature
set, wherein each cost metric is indicative of an implementation cost of the corresponding
feature on the target platform;

determining an implementation budget indicative of a maximum usage of a
hardware resource; and

generating the reduce feature set based on the cost metrics and the

implementation budget.

23. The method of claim 21, wherein determining the reduced feature set
comprises:

identifying a set of highly correlated features of the plurality of features; and

retaining a feature of the set of highly correlated features having a lowest

implementation cost.

24. The method of claim 19, wherein generating the machine learning
algorithm model comprises determining the model based on a cost function that incorporates

predefined hardware execution costs to perform a corresponding classification.
25. One or more machine-readable storage media comprising a plurality of

instructions stored thereon that in response to being executed result in a computing device

performing the method of any of claims 19-24.

-25 -



PCT/US2016/048945

WO 2017/052999

1/8

l "Old

~
(8)301A3a _
\._ — AHOWAN |~
2. IVHIHdINAd o
\._ (S)dOSN3s —
14} _ WALSASENS
_ o >
AYLINOHID H chl
- _ NOILVOINNININOD
8Ll
\._ AOVHOLS VIVA | _ HOSSIOONd |~
oLl oLl
L J0IA3A ONILNANOD )

N— 00!




PCT/US2016/048945

WO 2017/052999

2/8

¢ Old

J
3IINAOW NOILDT13S
_ ITNAOW NOILYIINNWINOD ANV NOILLVHANZO 13a0N
oz —
oLe—"
IINAOW
NOILO3T13S F¥NLY3S
vz —"
_ ITNAOW NOILYOIHISSV1D
JHVMAVH N
80 — NOILY.LNdWOD I¥N1v3d
2l —
31NAOW NOILYNINYT13a T3A0NW
voz —
I1NAOW
NOILVISNVYL JHVMAHVH
3I1NAOW
90z — ONISSIOONd HOSNIS [ N
202
340INdAd ONILNdNOD AUJ
002



WO 2017/052999 PCT/US2016/048945

3/8

300

~ 302
RECEIVE SENSOR DATA I-/

h 4

GENERATE AND VERIFY MODEL
306
\\ DETERMINE FEATURE COST MATRIX I
308 304
\\ GENERATE REDUCED FEATURE SET I —
310
\\ DETERMINE FEATURE CLASSES I
l 312
TRANSLATE MODEL TO HARDWARE CODE I—/
&

————————— ~ — — —— ——— — — 314
I PERFORM HARDWARE-BASED CLASSIFICATION L~

| OF SENSED DATA |

FIG. 3



WO 2017/052999

400

406

410

FIG. 4

4/8

. 4

DETERMINE FEATURE LIST AND TARGET PLATFORM(S)

\ 4

DETERMINE FEATURE COST MATRIX
DETERMINE COST MATRIX FOR EACH FEATURE
PERFORM SIMULATION, CROSS-

] COMPILATION, AND/OR HEURISTIC-BASED ul

ANALYSIS OF FEATURES

DETERMINE COST MATRIX FOR EACH
TARGET PLATFORM

l

PCT/US2016/048945

402

404

408



WO 2017/052999

500

FIG. 5

510

512

5/8

. 4

PCT/US2016/048945

502

DETERMINE FEATURE LIST AND TARGET PLATFORM

\ 4

504

DETERMINE COST MATRIX FOR TARGET PLATFORM I/

\ 4

506

DETERMINE IMPLEMENTATION BUDGET

I./

. 4

GENERATE REDUCED FEATURE SET

508




WO 2017/052999

600

6/8

PCT/US2016/048945

!

604

606
\

IDENTIFY HIGHLY CORRELATED FEATURES
~ T CALCULATE CORRELATION MATRIX OF |
FEATURES IN FEATURE LIST
| = IDENTIFY FEATURES ABOVE CORRELATION |
THRESHOLD

610
NS

RETAIN FEATURE OF HIGHLY CORRELATED FEATURES
HAVING LOWEST IMPLEMENTATION COST

FIG. 6

612

OTHER

602

608

CORRELATED
EATURES?

YES




WO 2017/052999 PCT/US2016/048945

7/8

700

J: 702

GENERATE PERFORMANCE METRIC BASED ON COST
METRIC AND/OR OTHER METRIC(S)

704
L 2
RANK FEATURES BASED ON PERFORMANCE METRIC I-/

4 706
RETAIN HIGHEST RANKED FEATURE(S) I/

708

BUDGET
REACHED?

NO

FIG. 7



WO 2017/052999 PCT/US2016/048945

8/8

800

l 802

DETERMINE MODEL SIZE BUDGET AND COST FUNCTION

l 804
I/

GENERATE DENDOGRAM BASED ON TRAINING DATA

J, 806
I/

INITIALIZE MODEL SIZE THRESHOLD

!

810 REDUCE MODEL SIZE THRESHOLD 808

~N— REDUCE CLASSIFICATION ACCURACY I —
l 812

COMPUTE COST FUNCTION (CF) BASED ON
TRAINING DATA
814
NO
YES

818 DETERMINE MODEL 816

SN— DETERMINE CLUSTER CENTROIDS I —

l

FIG. 8



INTERNATIONAL SEARCH REPORT International application No.
PCT/US2016/048945

A. CLASSIFICATION OF SUBJECT MATTER
GO6N 99/00(2010.01)i

According to International Patent Classification (IPC) or to both national classification and [PC

B. FIELDS SEARCHED

Minimum documentation searched (classification system followed by classification symbols)
GOO6N 99/00; GOGF 12/16; GO6F 17/50;, GO6F 17/00; GO6F 9/24;, GO5B 19/18; GO6F 15/18

Documentation searched other than minimum documentation to the extent that such documents are included in the fields searched
Korean utility models and applications for utility models

Japanese utility models and applications for utility models

Electronic data base consulted during the international search (name of data base and, where practicable, search terms used)
cKOMPASS(KIPO internal) & keywords: machine learning algorithm, model, platform, cost, hardware translation, feature, classification,
correlation, and similar terms.

C. DOCUMENTS CONSIDERED TO BE RELEVANT

Category™ Citation of document, with indication, where appropriate, of the relevant passages Relevant to claim No.

Y US 7818797 Bl (WEI FAN et al.) 19 October 2010 1-25
See column 6, lines 20-35; column 9, lines 11-57; column 11, line 64 -
column 12, line 2; claims 1, 17; and figures 1-2.

Y US 7007264 Bl (MICHAEL A. BAXTER) 28 February 2006 1-25
See column 5, lines 3-12; claim 1; and figure 2.

Y US 2007-0118487 A1 (ANTHONY J. GRICHNIK et al.) 24 May 2007 11-14,23
See paragraph [0028]; claim 1; and figure 3.

A US 2012-0290131 A1 (AMAR KHOUKHI) 15 November 2012 1-25
See paragraphs [0042]-[0043]; claim 1; and figure 1.

A US 2012-0278263 A1 (ANDREW BORTHWICK et al.) 01 November 2012 1-25
See paragraphs [0054]-[0055]; claim 1; and figure 3.

|:| Further documents are listed in the continuation of Box C. See patent family annex.
* Special categories of cited documents: "T" later document published after the international filing date or priority
"A" document defining the general state of the art which is not considered date and not in conflict with the application but cited to understand
to be of particular relevance the principle or theory underlying the invention
"E" carlier application or patent but published on or after the international "X" document of particular relevance; the claimed invention cannot be
filing date considered novel or cannot be considered to involve an inventive
"L"  document which may throw doubts on priority claim(s) or which is step when the document is taken alone
cited to establish the publication date of another citation or other "Y" document of particular relevance; the claimed invention cannot be
special reason (as specified) considered to involve an inventive step when the document is
"O" document referting to an oral disclosure, use, exhibition or other combined with one or more other such documents,such combination
means being obvious to a person skilled in the art
"P"  document published prior to the international filing date but later "&" document member of the same patent family
than the priority date claimed
Date of the actual completion of the international search Date of mailing of the international search report
02 December 2016 (02.12.2016) 02 December 2016 (02.12.2016)
Name and mailing address of the [SA/KR Authorized officer
International Application Division
¢ Korean Intellectual Property Office BYUN, Sung Cheal

189 Cheongsa-ro, Seo-gu, Daejeon, 35208, Republic of Korea

inb;imile No. +82-42-481-8578 Telephone No. +82-42-481-8262

Form PCT/ISA/210 (second sheet) (January 2015)



INTERNATIONAL SEARCH REPORT International application No.

Information on patent family members PCT/US2016/048945

Patent document Publication Patent family Publication

cited in search report date member(s) date

US 7818797 Bl 19/10/2010 None

US 7007264 Bl 28/02/2006 None

US 2007-0118487 Al 24/05/2007 None

US 2012-0290131 Al 15/11/2012 US 8719212 B2 06/05/2014

US 2012-0278263 Al 01/11/2012 EP 2633445 Al 04/09/2013
US 8949158 B2 03/02/2015
WO 2012-061162 Al 10/05/2012

Form PCT/ISA/210 (patent family annex) (January 2015)



	Page 1 - front-page
	Page 2 - front-page
	Page 3 - description
	Page 4 - description
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - description
	Page 17 - description
	Page 18 - description
	Page 19 - description
	Page 20 - description
	Page 21 - description
	Page 22 - description
	Page 23 - description
	Page 24 - claims
	Page 25 - claims
	Page 26 - claims
	Page 27 - claims
	Page 28 - drawings
	Page 29 - drawings
	Page 30 - drawings
	Page 31 - drawings
	Page 32 - drawings
	Page 33 - drawings
	Page 34 - drawings
	Page 35 - drawings
	Page 36 - wo-search-report
	Page 37 - wo-search-report

