NEURAL NETWORK SYSTEMS
FIELD
[0001] The subject matter described herein relates thcgtineural networks.
BACKGROUND

[0002] Neural networks can be used to analyze images Yariaty of purposes. For
example, some neural networks can examine imagesier to identify objects depicted
in the images. The neural networks can be traiaetetect various objects in images by
providing the neural networks with labeled trainingages. The labeled training images
include images having known objects depicted in ithages, with each pixel in the
labeled training images identified according to twblaject or type of object the pixel at

least partially represents.

[0003] Additionally, complex neural networks pre-traineth ¢arge data sets are
available. For example, the complex neural netwariay be configured to classify
images in over 1000 categories. The complex newgalorks are proven to be good
initialization of other models and can be trangdrvia fine tuning techniques for many
other tasks. However, the complex-performing nek&care usually very wide (i.e.,

many neurons per layer) and deep (i.e., many layew®Ilving numerous parameters.
The parameters represent a different number of M®igepresenting the over 1000
categories the complex neural network can classifipue to a large number of

computations, such complex networks can resulteiry ¥ime consuming operations at
inference time. Additionally, having large amounfsparameters or categories of the

complex neural network requires a larger memorstaoe the different parameters.
BRIEF DESCRIPTION

[0004] In an embodiment, a method (e.g., to compresschéeanetwork) is provided.

The method includes obtaining a teacher network itidudes artificial neural layers



configured to automatically identify one or morgemts in an image examined by the
artificial neural layers, receiving a set of taskages at the teacher network, examining
the set of task images with the teacher networéntifiing a subset of the artificial
neural layers that are utilized during examinatanthe set of task images with the
teacher network, and defining a student networletbasn the set of task images. The
student network is configured to automatically ifgrone or more objects in an image

examined by the subset.

[0005] In an embodiment a system (e.g., a compressioreraysis provided. The
system includes a memory configured to store ahtyanetwork, task images, and a
student network. The system further includes aroblar circuit. The controller circuit

is configured to obtain a teacher network thatudek artificial neural layers configured
to automatically identify one or more objects in iamge examined by the artificial
neural layers, receive a set of task images atetheher network, examine the set of task
images with the teacher network, identify a sulsdehe artificial neural layers that are
utilized during examination of the set of task iragvith the teacher network, and define
a student network based on the set of task imags. student network is configured to

automatically identify one or more objects in amge examined by the subset.

[0006] In an embodiment, a method (e.g., to compresschéeanetwork) is provided.
The method includes obtaining a teacher network itihdudes artificial neural layers
configured to automatically identify one or morgemts in an image examined by the
artificial neural layers, receiving a set of taskages at the teacher network, examining
the set of task images with the teacher netword,identifying a subset of the artificial
neural layers that are utilized during examinatainthe set of task images with the
teacher network. The method further includes dedira student network based on the
set of task images by: (i) adjusting a weight vadfi@t least one of the artificial neural
layers to zero that are not a part of the subsdti)@emoving at least one of the artificial

neural layers not a part of the subset. The stutgework is configured to automatically



identify one or more objects in an image examingdhe subset of the artificial neural

layers.
BRIEF DESCRIPTION OF THE DRAWINGS

[0007] The present inventive subject matter will be bettederstood from reading the
following description of non-limiting embodimentsyith reference to the attached

drawings, wherein below:

[0008] Figure 1 illustrates an embodiment of a compressgstem for a neural

network;
[0009] Figure 2 illustrates an embodiment of a teachenou;

[0010] Figure 3 illustrates a flowchart of an embodimehaanethod to compress the

teacher network shown in Figure 2;

[0011] Figure 4 illustrates an embodiment of a teacheroskdt with identified subset of

artificial neural layers based on a set of taskgesaand
[0012] Figures 5A-B illustrate embodiments of a studertivoek.
DETAILED DESCRIPTION

[0013] The systems and methods described herein relatenbpressing one or more
artificial neural networks. For example, a compi@s system is configured to compress
the one or more neural networks (e.g., a teachtvonk) by reducing a number of
artificial neural layers to form a student networkhe teacher network may represent a
complex neural network that has already been tdaioelassify objects within images in
over 1000 different categories. For example, dzether network can be trained using a
plurality of images having a plurality of objects define artificial neural layers. The
artificial neural layers are tailored to calculprameters or weight values representing a

likelihood or probability that a pixel within thenages corresponds to an object. The



probabilities are calculated when the images asenaxed at the teacher network. Based
on the weight values and the probabilities relativeeach other, the teacher network is
configured to classify objects within the input geabased on the calculated weight

values determined at the artificial neural layers.

[0014] The compression system is configured to compresseticher network to form
a student network based on a task. The task magspmnd to a common object within
one or more images. The common object may cornesfat least one of the categories
of the teacher network represented by one or mbteeartificial neural layers. For
example, the common object may be a crack andéoy teee, a human face, and/or the

like shown in the one or more images representiegdsk.

[0015] The method for compression of the teacher netwedcibed herein focuses a
framework of distillation to modify the teacher wetrk based on the task to form the
student network. For example, the compressionbeabased on identifying artificial

neural layers when the one or more images of thke #@e examined by the teacher
network. The identified artificial neural layersayncorrespond to layers of the teacher
network that calculate a probability of an objedthim the one or more images of the
task. The identified artificial neural layers che transferred and/or used to form the
student network, while the remaining artificial nuayers of the teacher network may
be disabled and/or removed. For example, the iftehtartificial neural layers may be

transferred from the teacher network by the congioessystem to define a new student

network.

[0016] The distilling may represent a method of disabliagd/or removing the
remaining artificial neural layers of the teachetwork used to form the student network.
For example, the compression system may be coefiglar introduce auxiliary variables
into the teacher network. The auxiliary variabfeay adjust the weight values of the
remaining artificial neural layers to remain atzeBased on the adjusted weight values,
the remaining artificial neural layers are effeetivswitched-off during examination of

the one or more images. For example, during exatioim of the one or more images the



disabled artificial neural layers are skipped by cedculating a weight for identifying an
object within the one or more images. The reductio a number of artificial neural
layers of the student network relative to the teactetwork can reduce the processing by
the compression system to examine the one or moegds at the student network
(relative to the teacher network). Additionally aternatively, the distilling can delete
the remaining artificial neural layers to form thident network. For example, the
compression system may be configured to automBbtioainove the remaining artificial
neural layers of the teacher network to form tlhelsnt network. It may be noted that the
model distilling further reduces an amount of steraspace of the student network
relative to the teacher network. For example, rdraoval of the remaining artificial
neural layers of the teacher network to form thelent network reduces an amount of
storage space needed for the student networkvelttithe teacher network. In another
example, by setting the weights of the remainirtgieal neural layers to zero reduces
an amount of storage space needed for the studsmiork relative to the teacher

network.

[0017] At least one technical effect of at least one enthedt described herein

provides a system and method that automaticallneefa student network according to
the identified artificial neural layers of the tbac network. At least one technical effect
of at least one embodiment described herein previdedel distilling to compress one or

more neural networks method to reduce processidgt@mage space based on a task.

[0018] Figure 1 illustrates an embodiment of a compressigstem 100 for a neural
network. The compression system 100 may includerdroller circuit 102 operably
coupled to a communication circuit 104. Optionatlye compression system 100 may
include a display 110, a user interface 108, arafmemory 106.

[0019] The controller circuit 102 is configured to contrtle operation of the
compression system 100. The controller circuit &@% include one or more processors.
Optionally, the controller circuit 102 may includecentral processing unit (CPU), one or

more microprocessors, a graphics processing unRU(G or any other electronic



component capable of processing inputted data dicapto specific logical instructions.
Optionally, the controller circuit 102 may includad/or represent one or more hardware
circuits or circuitry that include, are connectedthw or that both include and are
connected with one or more processors, controleamd/or other hardware logic-based
devices. Additionally or alternatively, the conkeo circuit 102 may execute instructions
stored on a tangible and non-transitory computadable medium (e.g., the memory
106).

[0020] The controller circuit 102 may be operably coupked and/or control the
communication circuit 104. The communication circl04 is configured to receive
and/or transmit information with one or more altdive compression systems, a remote
server, and/or the like along a bi-directional camioation link. For example, the
communication circuit 104 may receive the teachetwork via the bi-directional
communication link. The remote server may represerdatabase of one or more
complex neural networks (e.g., teacher networksgtaf tasks and/or sets of task images
to be performed by the compression system 1000arndé like. The communication
circuit 104 may represent hardware that is usdchtesmit and/or receive data along a bi-
directional communication link. The communicatiaircuit 104 may include a
transceiver, receiver, transceiver and/or the dikd associated circuitry (e.g., antennas)
for wired and/or wirelessly communicating (e.gansmitting and/or receiving) with the
one or more alternative compression systems, thmtee server, and/or the like. For
example, protocol firmware for transmitting andveceiving data along the bi-directional
communication link may be stored in the memory 1G@ich is accessed by the
controller circuit 102. The protocol firmware pides the network protocol syntax for
the controller circuit 102 to assemble data packewtablish and/or partition data

received along the bi-directional communicatiok$inand/or the like.

[0021] The bi-directional communication link may be a wirée.g., via a physical
conductor) and/or wireless communication (e.glizitig radio frequency (RF)) link for

exchanging data (e.g., data packets) between teeoomore alternative compression



systems, the remote server, and/or the like. Tbréctional communication link may
be based on a standard communication protocol, asi&tthernet, TCP/IP, WiFi, 802.11,

a customized communication protocol, Bluetooth/anthe like.

[0022] The controller circuit 102 is operably coupled ke tisplay 110 and the user
interface 108. The display 110 may include onemore liquid crystal displays (e.g.,
light emitting diode (LED) backlight), organic liglemitting diode (OLED) displays,
plasma displays, CRT displays, and/or the like.e Hisplay 110 may display input
images and/or output images stored in the memo8y 40d/or the like received by the

display 110 from the controller circuit 102.

[0023] The user interface 108 is configured to control rappens of the controller
circuit 102 and the compression system 100. Thee uerface 108 is configured to
receive inputs from the user and/or operator ofatpression system 100. The user
interface 108 may include a keyboard, a mouse,uahfwad, one or more physical
buttons, and/or the like. Optionally, the dispth¥0 may be a touch screen display,

which includes at least a portion of the user fatzr 108.

[0024] The memory 106 includes parameters, algorithmsy dalues, and/or the like
utilized by the controller circuit 102 to performeor more operations described herein.
The memory 106 may be a tangible and non-transttorgputer readable medium such
as flash memory, RAM, ROM, EEPROM, and/or the lik€éhe memory 106 may be
configured to store the teacher network, the studetwork, a set of task images, and/or
the like. The set of task images may represeru@lly of images having a common
object. For example, the common object may baaaed/or crack, a human face, a tree,
a car, and/or the like. The common object maynotided in the categories of objects

the teacher network is configured to classify.

[0025] Figure 2 illustrates an embodiment of the teactetwaork 202. The teacher
network may be a neural network as described iI8. BProvisional Application No.
62/466,777, entitled, “IMAGE ANALYSIS NEURAL NETWOR SYSTEMS”; Charles



R. Qi, et al, _PointNet: Deep Learning on Point S&is 3D Classification and

Segmentation; Shunsuke Saito, et al., Real-TiméaF&egmentation and Performance

Capture from RGB Input; and Seyed-Mohsen Moosawfdai, et al.,_DeepFool: A

Simple and Accurate Method to Fool Deep Neural Neks. The teacher network 202

includes a set of artificial neural layers 204.r Egample, the teacher network 202 may
be formed by one or more processors (e.g., micogssDrs, integrated circuits, field
programmable gate arrays, or the like) based otuiljpy of training images. The
training images may include a plurality of diffeteabjects, which are used to define the

artificial neural layers 204.

[0026] The teacher network 202 includes artificial neurarshodes, that receive input
images 206 and perform operations (e.g., functiemsjhe images, selectively passing
the results on to other neurons. Weight valuesisseciated with each vector and neuron
in the teacher network 202, and the weight valessitain how input images 206 are
related to outputs of the neurons. For example,tédacher network 202 based on the
artificial neural layers 204 is configured to autdioally identify one or more objects in
the input image 206 examined by the artificial @dlmyers 204. Weight values can be
determined by the iterative flow of training dataaugh the teacher network 202. For
example, weight values are established during iaitiga phase in which the teacher
network 202 learns how to identify particular oljedasses by typical input data

characteristics of the objects in the training issg

[0027] The teacher network 202 is divided into two or miagers 204, such as an
input layer that receives an input image 206, aputdayer that outputs an output image
208, and one or more intermediate layers. Ther$a284 of the teacher network 202
represent different groups or sets of artificiaumads, which can represent different
functions performed by the controller circuit 108 the input image 206 to identify
objects within the input image 206. The artifiarurons apply different weights in the
functions applied to the input image 206 to attemopidentify the objects in the input
image 206. The output image 208 is generated éyehcher network 202 by assigning



or associating different pixels in the output ima2@8 with different object classes
(described below) based on analysis of charaadteyisf the pixels. Because the teacher
network 202 may not be 100% accurate in predictumgit objects are represented by
different pixels, the output image 208 may not ¢éyaesemble or depict the objects in

the input image 206, as shown in Figure 2.

[0028] The artificial neuron layers 204 of the teacherwoek 202 can examine
individual pixels 214 in the input image 206. Tdwntroller circuit 102 executing and/or
examining the artificial neuron layers 204 can lusear classification to calculate scores
for different categories of objects (referred tode as “classes”), such as a tree, a car, a
person, spalling of a thermal barrier coating, &krin a surface, a sign, a crack, a tear,
and/or the like. For example, the teacher netwaflR may be configured to calculate
scores for over 1000 different categories of olsjecfThese scores can indicate the
probability that the pixel 214 represents differelaisses. For example, the score for the
pixel 214 can be represented as one or more ofdti®rs. The one or more vectoash

¢ d] may be associated with probabilities that theepnepresents various different object
classes, where the values &fb, ¢, andd indicate the probability of the pixel 214

representing each of a different classes of objarctisings.

[0029] For example, a pixel labeled as [1 0 0 O] can mdicthat there is a 100%
probability that the pixel represents at least gipo of an object of a first class (e.qg.,
object class human body represented by probala)ity zero probability that the pixel
represents at least a portion of an object of gemiht, second class (e.g., object class
automobile represented by probabilidy a zero probability that the pixel represents at
least a portion of an object of a different, thatdss (e.g., object class ground represented
by probabilityc), and a zero probability that the pixel representieast a portion of an
object of a different, fourth class (e.g., objdeiss tree represented by probabitlyy

[0030] Each artificial neuron layer 204 can apply a mathggral function, such as an
activation function, to the same pixel, with thendtions applied by different neurons
impacting the functions applied by other neurornd @ifferent neurons applying different



weights to different terms in the functions thanreoor more, or all other neurons.
Application of the functions generates the clasatfon scores for the pixels 214, which

can be used to identify the objects in the inputgs206.

[0031] In an embodiment, the input image 206 is providethe teacher network 202
from an image sensor, such as a camera (not shoaajg the bi-directional

communication link (e.g., the remote server), themary 106, and/or the like. The
neurons in the artificial neuron layers 204 of thacher network 202 are configured to
examine the characteristics of the pixels 214, aaglthe intensities, colors, gradients,
histograms, and/or the like, to determine the scdoe the various pixels 214. The
teacher network 202 examines the score vector ofi @ixel 214 after the artificial

neuron layers 204 of the teacher network 202 haterchined the score vectors for the
pixels 214 and determines which object class hashibhest probability for each pixel
214 or which object class has a higher probabilign one or more, or all, other object

classes for each pixel 214.

[0032] For example, a first pixel 214 having a score veab[0.6 0.15 0.05 0.2]
indicates that the teacher network 202 calculatéd% probability that the first pixel 214
represents a first object class (e.g., a human bogherson), a 15% probability that the
first pixel 214 represents a second object clagg, (@ car), a 5% probability that the first
pixel 214 represents a third object class (e.trea), and a 20% probability that the first
pixel 214 represents a fourth object class (ebg,ground). These probabilities can be
represented by the output image 208, with differamtas 216, 218 representative of
different objects based on these calculated préibabi The areas 216, 218 may slightly
represent the objects 210, 212, but may not acyratpresent or indicate the objects
210, 212 due to the probabilities being less tH@0%4. The controller circuit 102 may be
configured to determine that the pixel 214 represéme object class having the greatest
or largest of these probabilities. For example,dbntroller circuit may be configured to

determine that the pixel 214 represents a humaopetue to the 60% probability. This

-10-



process can be repeated by the controller cir@atfar several, or all, other pixels 214 of

the input image 206.

[0033] The controller circuit 102 may be configured to goass the teacher network
202 to form the student network. The compressioth® teacher network 202 may be
based on a task defined by the set of task imagkes.set of task images may include one
or more images having at least one common objEaé at least one common object may
include a crack and/or tear along a housing, sarémea, and/or the like. The at least one
common object may represent the task of the stuakemiork to identify and/or classify
the at least one common object. For example, tindest network is configured by the
controller circuit 102 such that the at least onenmon object within the set of task
images can be classified by the student netwotke Set of task images may be selected
by the user based on selections received by th&atien circuit 102 from the user
interface 108. For example, the user may seleet ahleast one common object
representing the task. Based on the at least@menon object, the controller circuit 102
may select the set of task images having the at ts@e common object from a plurality
of images stored in the memory 106. Additionallyatternatively, the set of task images
may be received from the remote server along thdirectional communication link,
select the set of task images from the pluralityinodges stored in the memory 106,
and/or the like. Optionally, the set of task imageay be acquired by the user using an

image source, such as a camera (not shown).

[0034] The compression by the controller circuit 102 mayblased on identifying one

or more artificial neural layers 204 of the teachetwork 202 that calculates a weight
value greater for pixels of the set of task imagesr example, the controller circuit 102
may be configured to examine the set of task imagdke teacher network 202. The
controller circuit 102 may monitor the artificiabaral layers 204 during the examination
of the set of task images for probability valuesager than zero. A subset of the artificial

neural layers 204 that calculate the probabilitlugagreater than zero are identified by
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the controller circuit 102. The subset of thefimitil neural layers 204 are used by the

controller circuit 102 to form the student network.

[0035] In connection with Figure 3, the controller circdi®2 may use distillation to

disable and/or remove the artificial neural lay2@4 not in the subset. For example, the
controller circuit 102 may transfer the artificrs@ural layers 204 in the subset to form the
student network and remove the artificial neurgkta 204 not in the subset. In another
example, the controller circuit 102 may adjust #ntficial neural layers 204 not in the

subset by adding auxiliary variables. The auxligariables may adjust the weight
values of the remaining artificial neural layersreamain at zero. For example, the
auxiliary variables are configured to adjust thethmenatical function of the artificial

neural layers 204 not in the subset to continuzdlgulate a probability of zero regardless
of the image input at the student network. Basedhe adjusted weight values, the
remaining artificial neural layers are effectivedyitched-off during examination of the

set of task images. For example, during examinatibthe one or more images the
disabled artificial neural layers are skipped andi@es not take processing time by not
calculating a weight for identifying an object withthe input image at the student

network.

[0036] Figure 3 illustrates a flowchart of an embodimeh& eanethod 300 to compress
the teacher network 202. The method 300, for exampay employ structures or
aspects of various embodiments (e.g., systems ramaéthods) discussed herein. In
various embodiments, certain steps (or operatioas) be omitted or added, certain steps
may be combined, certain steps may be performedltsineously, certain steps may be
performed concurrently, certain steps may be ggiit multiple steps, certain steps may
be performed in a different order, or certain stepseries of steps may be re-performed
in an iterative fashion. In various embodimentsitipns, aspects, and/or variations of
the method 300 may be used as one or more algaithmirect hardware to perform one

or more operations described herein.
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[0037] Beginning at 302, the controller circuit 102 may dmnfigured to obtain the
teacher network 202 (Figure 2) that includes artfineural layers 204. For example,
the teacher network 202 may be received by theralet circuit 102 along the bi-
directional communication link from the remote serwia the communication circuit
104. Optionally, the teacher network 202 may Wendd by the controller circuit 102 as

described herein based on a plurality of trainiatacand stored in the memory 106.

[0038] At 304, the controller circuit 102 may be configlired receive a set of task
images at the teacher network 202. The set of itasiges may include one or more
images having at least one common object. Theast bne common object may include
a crack and/or tear, surface area, and/or the likee at least one common object may
represent the task of the student network to iflerand/or classify the at least one
common object. The set of task images may beteeldxy the user based on selections
received by the controller circuit 102 from the musegerface 108. For example, the user
may select the at least one common object repiiegetite task. Based on the at least
one common object, the controller circuit 102 mayoenatically select the set of task
images having the at least one common object frgutuiality of images stored in the
memory 106. Additionally or alternatively, the séttask images may be received from
the remote server along the bi-directional commatioa link, select the set of task
images from the plurality of images stored in thenmry 106, and/or the like.
Optionally, the set of task images may be acquimgdhe user using an image source,

such as a camera (not shown).

[0039] In connection with Figure 4, the set of task imag@2 may be received at the
teacher network 202. For example, the controliecu@ 102 may be configured to
execute the teacher network 202 by inputting theobéask images 402 to the teacher
network 202.

[0040] At 306, the controller circuit 102 may be configiit® examine a selected task
image 406 with the teacher network 202. Figurdlustrates an embodiment of the
teacher network 202. The controller circuit 102ynit@ratively input (e.g., repeating
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operations 308-314) each of the set of task imd@@sto be examined by the teacher
network 202. For example, the controller circli2Imay select the selected task image
406 as a selected task image. The selected tagieid06 depicts an object 410, which
can be a tear and/or crack on a surface area ahbpactt 412. The object 410 may
represent the at least one common object of thefdatk images 402. Optionally, the at
least one common object may be another type ofttshjsuch as a tree, a car, a tower, a
person, a face, and/or the like. The controllecwi 102 may execute the teacher
network 202 to identify and/or classify the objedtd, 412 of the selected task image
406.

[0041] For example, the controller circuit 102 may be uned to examine the
different pixels of the selected task image 40@dlrulate scores based on the artificial
neuron layers 204 of the teacher network 202 proguan output images 408. The
output image 408 is generated by the teacher nkt@@2 by assigning or associating
different pixels in the output image 408 with diffat object classes (described below)
based on analysis of characteristics of the pixBlased on the objects 410, 412 detected
or identified by the teacher network 202 within tbelected task image 406, only a
portion of the artificial neuron layers 204 may adeen utilized. For example, a subset
404 of the artificial neural layers 204 may havdcaated a weight value and/or
probability that the pixels within the selectedktamage 406 represent the objects 410,
412. The subset 404 representing the artificiaraldayers 204 that have calculated the
weight value and/or probability of the pixels withihe selected task image 406 were
utilized. The remaining artificial neural layer84£ not within the subset 404 shown as
artificial neural layers 414, may not have calcedba probability for the pixels and were

not utilized during the examination of the seledisk image 406.

[0042] Optionally, the controller circuit 102 may verifjdt the at least one common
object representing the task was classified byteaeher network 202. For example, the
controller circuit 102 may compare the object aasglentified by the teacher network

202 with the at least one common object. If thelealst one common object was
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misidentified as a second object, the controllecwi 102 may adjust the mathematical
function corresponding to the artificial neural éay204 of the second object. For
example, the controller circuit 102 may add auryli@ariables to adjust the mathematical
function. Additionally or alternatively, the coatler circuit 102 may flag the task image
resulting in identification of the second obje@ptionally, the controller circuit 102 may
select the artificial neural layer 204 identifyitige second object to be distilled when

forming the student network.

[0043] At 308, the controller circuit 102 may be configii® identify the subset 404
of the artificial neural layers 204 that are uglizduring the examination of the selected
task image 406 with the teacher network 202. Famle, the controller circuit 102
may be configured to identify the subset 404 cquesing to artificial neural layers 204
that calculated a probability greater than zerodixels in the selected task image 406
when classifying the objects 410, 412. Converstlg, artificial neural layers 204 that
calculated a probability of zero, such as the aldaryers 414, is indicative of not being
needed for classifying the objects 410, 412 ofsibteof task images 402.

[0044] At 310, the controller circuit 102 may be configlir® determine whether the
set of task images have been examined by the teaetwork 202. For example, the
controller circuit 102 may count a number of outpnages 408 of the teacher network
202. If a number of images of the set of task iesag02 is not equal to the number of
output images 408, the controller circuit 102 magtedmine that not all of the task

images have been examined by the teacher netw@rk 20

[0045] If the set of task images have not been examirtexh &t 312, the controller
circuit 102 may be configured to select anotherxangned task image for examination
by the teacher network 202. For example, the odatrcircuit 102 may be configured to

successively select image of the set of task imédg2s
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[0046] At 314, the controller circuit 102 may be configlite® examine the task image
selected at 312 with the teacher network 202. éxample, the controller circuit 102

may examine task image selected at 312 at thedeaetwork 202.

[0047] If the set of task images 402 have been examireh &t 316, the controller
circuit 202 may be configured to define a studeztivork 502 based on the set of task
images 402. Similar to the teacher network 202 stiadent network 502 is configured to
automatically identify one or more objects in omarmre input image examined by the
subset 404 of the artificial neural layers 204guiFé 5A-B illustrate embodiments of the
student network 502. The controller circuit 102yndzfine the student network 502 by
distilling the artificial neural layers 204 of tibeacher network 202 not in the subset 404.
For example, the controller circuit 102 may transfe artificial neural layers 204 in the
subset 404 to form the student network 502 andldis¢ artificial neural layers 414 not
in the subset 404. The artificial neural layerd #0the subset 404 were utilized during
the examination of the set of task images 402 blgutating weight values or
probabilities of the pixels in the set of task ireag02. Conversely, the artificial neural
layers 414 were not utilized during the examinatbrthe set of task images 402 by not
calculating probabilities for the pixels in the séttask images 402. In connection with
Figures 5A-B, the controller circuit 102 may distile artificial neural layers 204 of the

teacher network 202 using two methods.

[0048] In connection with Figure 5A, the controller circdD2 may adjust the artificial
neural layers 414 not in the subset 404 by addingliary variables. The auxiliary
variables may adjust the weight values of the iaiif neural layers 414 by fixing the
probability or weight value to a reduced value (esgich as zero). The reduced value
may assure the artificial neural layers 414 areatt¢ to classify pixels of one or more
input images at the student network 502 to classifypbject. For example, the auxiliary
variables are configured to adjust the mathematicaition of the artificial neural layers
414 to continually calculate a probability of zeepardless of the input image at the

student network 502. Based on the adjusted wemhtes, the artificial neural layers 414
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are effectively switched-off during examination input images of the student network
502. For example, during examination of the onenore images the disabled artificial
neural layers are skipped and/or does not takeepsing time of the controller circuit
102 by not calculating a weight for identifying abject within the input image at the

student network 502.

[0049] In connection with Figure 5B, the controller circdi02 may remove the

artificial neural layers 414 to define the studesetwork 502. For example, the controller
circuit 102 may be configured to transfer the il neural layers 204 corresponding to
the subset 404 from the teacher network 202 to therstudent network 502. In another
example, the controller circuit 102 may be confeguito remove at least one of the
artificial neural layers 204 not a part of the stb#04 of the teacher network 202 to form
the student network 502. Based on the removd#hefartificial neural layers 414, the
student network 502 include less artificial neueslers relative to the teacher network
202. For example, the controller circuit 102 masnove the artificial neural layers 414

of the teacher network 202 not utilized when exangithe set of task images 402.

[0050] At 318, the controller circuit 102 may be configiireo transmit the student
network 502 to the remote server. For example, dfugelent network 502 may be
transmitted along the bi-directional communicatidimk to the remote server.

Additionally or alternatively, the student netwd@®2 may be stored in the memory 106.

[0051] Optionally, based on the classification of objastgin the input images of the
student network 502, the controller circuit 102 miag configured to automatically
perform a remedial action. For example, the attleae common object, representing the
task, of the student network may represent damsyeh as a tear and/or crack. The
controller circuit 102 may examine one or more inpuages at the student network 502.
The student network 502, based on the subset 4@dtiitial neural layers 204, may
classify an object of an input image at the studettvork 502 represents a tear and/or
crack. The classification of the object may berespnted in the output image of the
student network 502. The controller circuit 102yrba configured to identify the at least
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one common object, representing damage, based emutput image of the student
network 502. The controller circuit 102 may be fagured to automatically transmit an
alert along the bi-directional communication liksplay an alert on the display, and/or
the like.

[0052] In an embodiment, a method (e.g., to compresschéeanetwork) is provided.
The method includes obtaining a teacher network itidudes artificial neural layers
configured to automatically identify one or morgemts in an image examined by the
artificial neural layers, receiving a set of taskages at the teacher network, examining
the set of task images with the teacher networéntifing a subset of the artificial
neural layers that are utilized during examinatainthe set of task images with the
teacher network, and defining a student networletbam the set of task images. The
student network is configured to automatically ifgrone or more objects in an image

examined by the subset.

[0053] Optionally, the defining operation includes adjogta weight value of at least
one of the artificial neural layers not a part loé tsubset. Additionally or alternatively,

the weight value is adjusted to zero.

[0054] Optionally, the defining operation includes remayat least one of the artificial
neural layers not a part of the subset such tleastident network includes less artificial

neural layers relative to the teacher network.

[0055] Optionally, the obtaining operation includes reagvthe teacher network from

a remote server along a bi-directional communicaliik.

[0056] Optionally, a storage size of the student netwarlk imemory is configured to

be lower relative to the teacher network.

[0057] Optionally, the set of task images include a foisgect. The first object being a

crack or a tear.
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[0058] Optionally, the method includes transmitting thedsint network to a remote

Server.

[0059] In an embodiment a system (e.g., a compressioreraysis provided. The
system includes a memory configured to store ahtyanetwork, task images, and a
student network. The system further includes drotlar circuit. The controller circuit

is configured to obtain a teacher network thatudek artificial neural layers configured
to automatically identify one or more objects in iamge examined by the artificial
neural layers, receive a set of task images atetheher network, examine the set of task
images with the teacher network, identify a suladehe artificial neural layers that are
utilized during examination of the set of task ireagvith the teacher network, and define
a student network based on the set of task imag@ase. student network is configured to

automatically identify one or more objects in amge examined by the subset.

[0060] Optionally, the controller circuit is configured &oljust a weight value of at least
one of the artificial neural layers not a part loé tsubset. Additionally or alternatively,

the weight value is adjusted to zero.

[0061] Optionally, the controller circuit is configured temove at least one of the
artificial neural layers not a part of the subseth that the student network includes less

artificial neural layers relative to the teachetwak.

[0062] Optionally, the system includes a communicatioouwtrconfigured to maintain
a bi-directional communication link with a remotenger. The controller circuit is
configured to obtain the teacher network from tmaote server along the bi-directional
communication link. Additionally or alternativelthe controller circuit is configured to

transmit the student network to the remote server.

[0063] Optionally, a storage size of the student netwisrkconfigured to be lower

relative to the teacher network.
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[0064] Optionally, the set of task images include a faisfect. The first object being a
crack or a tear.

[0065] In an embodiment, a method (e.g., to compresschéeanetwork) is provided.
The method includes obtaining a teacher network itidudes artificial neural layers
configured to automatically identify one or morgedts in an image examined by the
artificial neural layers, receiving a set of taskages at the teacher network, examining
the set of task images with the teacher netword, identifying a subset of the artificial
neural layers that are utilized during examinatainthe set of task images with the
teacher network. The method further includes defira student network based on the
set of task images by: (i) adjusting a weight vadfi@t least one of the artificial neural
layers to zero that are not a part of the subsdti)semoving at least one of the artificial
neural layers not a part of the subset. The stutgswork is configured to automatically
identify one or more objects in an image examingdhe subset of the artificial neural

layers.

[0066] Optionally, the obtaining operation includes reagvthe teacher network from

a remote server along a bi-directional communicaliiak.

[0067] Optionally, a storage size of the student netwarlk imemory is configured to

be lower relative to the teacher network.

[0068] Optionally, the set of task images include a folsfect, the first object being a

crack or a tear.

[0069] As used herein, an element or step recited initfgukar and proceeded with the

word “a” or “an” should be understood as not exsigdplural of said elements or steps,
unless such exclusion is explicitly stated. Furti@e, references to “one embodiment”
of the presently described subject matter are mended to be interpreted as excluding
the existence of additional embodiments that alsworporate the recited features.

Moreover, unless explicitly stated to the contragmbodiments “comprising” or
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“having” an element or a plurality of elements hayvi particular property may include

additional such elements not having that property.

[0070] It is to be understood that the above descripsantended to be illustrative, and
not restrictive. For example, the above-descridetbodiments (and/or aspects thereof)
may be used in combination with each other. Initedg many modifications may be
made to adapt a particular situation or materightoteachings of the subject matter set
forth herein without departing from its scope. Whihe dimensions and types of
materials described herein are intended to defieepirameters of the disclosed subject
matter, they are by no means limiting and are exampembodiments. Many other
embodiments will be apparent to those of skill e tart upon reviewing the above
description. The scope of the subject matter desdrherein should, therefore, be
determined with reference to the appended clainsngawith the full scope of
equivalents to which such claims are entitled. e tappended claims, the terms
“‘including” and “in which” are used as the plainglish equivalents of the respective
terms “comprising” and “wherein.” Moreover, in tf@lowing claims, the terms “first,”
“second,” and “third,” etc. are used merely as Ilsband are not intended to impose
numerical requirements on their objects. Furthe limitations of the following claims
are not written in means-plus-function format arelreot intended to be interpreted based
on 35 U.S.C. 8§ 112(f), unless and until such clamtations expressly use the phrase

“means for” followed by a statement of functionda@if further structure.

[0071] This written description uses examples to disclseeral embodiments of the
subject matter set forth herein, including the bastle, and also to enable a person of
ordinary skill in the art to practice the embodirngeof disclosed subject matter, including
making and using the devices or systems and peirigrthe methods. The patentable
scope of the subject matter described herein imelkfoy the claims, and may include
other examples that occur to those of ordinaryl gkithe art. Such other examples are

intended to be within the scope of the claims #ythave structural elements that do not
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differ from the literal language of the claims, ibrthey include equivalent structural

elements with insubstantial differences from tiwerdl languages of the claims.
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WHAT IS CLAIMED IS:
1. A method comprising:

obtaining a teacher network that includes artificiaural layers configured to
automatically identify one or more objects in araga examined by the artificial neural

layers;
receiving a set of task images at the teacher mktwo
examining the set of task images with the teackevaork;

identifying a subset of the artificial neural lagethat are utilized during

examination of the set of task images with theleaoetwork;

defining a student network based on the set of i@siges, wherein the student
network is configured to automatically identify o more objects in an image
examined by the subset.

2. The method of claim 1, wherein the defining @pien includes adjusting

a weight value of at least one of the artificialired layers not a part of the subset.
3. The method of claim 2, wherein the weight vatuadjusted to zero.

4. The method of claim 1, wherein the defining gpien includes removing
at least one of the artificial neural layers ngbaat of the subset such that the student

network includes less artificial neural layers tigkato the teacher network.

5. The method of claim 1, wherein the obtainingrapen includes receiving

the teacher network from a remote server alongdarbctional communication link.

6. The method of claim 1, wherein a storage sizéhefstudent network in a

memory is configured to be lower relative to thecteer network.
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7. The method of claim 1, wherein the set of taslages include a first

object, the first object being a crack or a tear.

8. The method of claim 1, further comprising trarsng the student

network to a remote server.

9. A system comprising:

a memory configured to store a teacher networkg tamges, and a student

network;

a controller circuit configured to:

obtain a teacher network that includes artificialiral layers configured to
automatically identify one or more objects in araga examined by the artificial

neural layers;
receive a set of task images at the teacher netfwork
examine the set of task images with the teachevarkt

identify a subset of the artificial neural layetsatt are utilized during

examination of the set of task images with theheaoetwork;

define a student network based on the set of taslgés, wherein the
student network is configured to automatically idgfgrone or more objects in an
image examined by the subset.

10.  The system of claim 9, wherein the controllecwt is configured to

adjust a weight value of at least one of the aréifineural layers not a part of the subset.

11.  The system of claim 10, wherein the weight @atuadjusted to zero.
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12.  The system of claim 9, wherein the controllecwt is configured to
remove at least one of the artificial neural layeo$ a part of the subset such that the

student network includes less artificial neurakleyrelative to the teacher network.

13. The system of claim 9, further comprising a pamication circuit
configured to maintain a bi-directional communioatlink with a remote server, wherein
the controller circuit is configured to obtain tteacher network from the remote server

along the bi-directional communication link.

14.  The system of claim 13, wherein the controdecuit is configured to

transmit the student network to the remote server.

15.  The system of claim 9, wherein a storage sfzéhe student network is

configured to be lower relative to the teacher oekw

16.  The system of claim 9, wherein the set of tamséges include a first

object, the first object being a crack or a tear.
17. A method comprising:

obtaining a teacher network that includes artificiaural layers configured to
automatically identify one or more objects in araga examined by the artificial neural

layers;
receiving a set of task images at the teacher nktwo
examining the set of task images with the teackevaork;

identifying a subset of the artificial neural lagethat are utilized during

examination of the set of task images with theheaoetwork;

defining a student network based on the set of taslges by (i) adjusting a
weight value of at least one of the artificial rddayers to zero that are not a part of the

subset or (i) removing at least one of the artfineural layers not a part of the subset,
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wherein the student network is configured to autically identify one or more objects

in an image examined by the subset of the artifieéairal layers.

18. The method of claim 17, wherein the obtainingeration includes
receiving the teacher network from a remote seal@ng a bi-directional communication
link.

19. The method of claim 17, wherein a storage gizbe student network in a
memory is configured to be lower relative to thecteer network.

20. The method of claim 17, wherein the set of taséiges include a first

object, the first object being a crack or a tear.
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