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TRAINING A NEURAL NETWORK USING ANOTHER NEURAL
NETWORK

{00011 This PCT application claims the benefit of the filing date of U S,
Patent Application Serial No. 15,168,750, filed May 31, 2016 and to U.5. Patent
Application Serial No. 15,169,063, filed May 31, 2016, the entire content of

gach of these applications is incorporated herein by reference.

TECHNICAL FIELD
{8602} The present disclosure generally relates to computer technology for
solving technical challenges in machine learning. More specifically, the present

disclosure relates to training a neural neiwork using another neural network.

BACKGROUND
[B003] The nise of the Internet has given rise to an increase in the use of
digital images in which to convey aspects of people. One conumnon use of digital
photos 1s in creating a protile on social networks. More and more commonly,
social ngtworks are used to engage in professional, as opposed to personal,
communications and research. For example, it is common for certain social
network members to create profiles listing their professional accomplishments,
i a sinular manner to g resume, and to divect, invite, or at feast make available
to potential emplovers to visit the social network profile. It is beconming more
and more comumen for the member to place some photos of themselves on such
member profile.
0004} An issue that arises with the use of photos in such a professional
capacity is that it can be ¢asy for a member 1o use a photo on their member
protile page that is not of the highest quality, either because the photographic
techniques mvolved in takimg the photo were not of the highest quality (¢.g., bad
highting, poor framing of the subject, poor shading, etc.}, or because the sabject
matter riself was lacking in some regard {¢.g., the angle of the head 1 unusual,
the clothes worn are too casual, the background scene 1s too casual, eic.). These

problems are often caused by the fact that many digital photos are now taken
1
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using non-professional camera equipment {e.g., a smartphone} by non-
professionals {¢.g., the member taking a se¢lfie, or a friend taking a quick shot).
While certain technical details of a photograph can be guantified to dentity the
"mage quality,” it is difficult to extend the image quality to the somewhat more
nebulous idea of "professionalism” of the image. For example, a photo may
indeed be perfectly shot, with perfect ighting and shading, but the subject of the
photo may be wearing a stained t-shirt mstead of a suit and tie, ormay be in a
suit and tic but failing to look into the camera. It becomes even more
challenging when recognizing that there are potentially an unlimited nomber of
these small detatls about a photograph that can imply a professionalism level on
the subject, and these unlimited number of small details can evolve over time as
standards change, and can also change based on factors such as industry and
location {¢.g., wearing a t-shirt may be acceptably professional if the subject is a
computer progranuncr working in Silicon Valley, but not if the subjectis a

financial advisor in New York).

BRIEF DESCRIPTION OF THE DRAWINGS
0005} Some embodiments of the technology are ilustrated, by way of
example and not limitation, in the figures of the accompanying drawings.
[0006] FIG. 1 is a block diagram illustrating a client-server system, in
accordance with an example embodiment.
D007 FI1(3. 2 is a block diagram showing the functional components of a
social networking service, including a data processing module referred to hercin
as a search engine, for use in generating and providing search results for a search
query, consistent with some embodiments of the present disclosure.
{0008} FIG. 3 is a block diagram illustrating the application server module of
FIG. 2 in more detail.
[B009] FIG. 419 a diagram stlustrating a Deep Convolutional Neural
Network (DCNN), in accordance with an example embodiment,
06016} FI1G. 5 is a flow diagram illustrating a method of training a DUNN, in

accordance with an example embodiment,
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EBRE FI1G. 61s a flow diagram dhustrating a method of assigning a
professionalism score to an image, in accordance with an example embodiment.
10612} F1G. 7 1s a block diagram illustrating an image transtormation
component in greater detal.

0613} FIG. 8 15 a diagram dlustrating an example onigial image that has
been scored for professionalism by the BUNN, in accordance with an example
cmbodiment.

[0014] FIG. 915 a diagram illustrating various different possible croppings
attempted by the cropping transformation component, as instructed by the
optimization problem solving component.

0015} FIG. 10 13 a diagram illustrating a selected optimal cropping, in
accordance with an example embodiment.

{0016} FIG. 11 15 a diagram illustrating various different possible rotations
atteropted by the rotation transformation component, as instructed by the
optimization problem solving component.

j0017] FIG. 12 15 a diagram illustrating a selected optimal rotation in
accordance with an example crbodiment.

{06018] FIG. 13 1s a flow diagram illustrating a method for automatically
cropping a digital image to improve percetved professionalism of a subject of the
image, in accordance with an example embodiment.

[0019] FIG. 14 1s a flow diagram illusirating a method for automatically
performing an image transformation on a digital image to improve perceived
professionalism of a subject of the 1mage, 1n accordance with an example
embodiment.

100241 FIG. 15 15 a flow diagram illustrating a method for filtering out
outliers in a Stochastic Grandient Descent optimization in a BDCNN, in
accordance with an example embodiment.

[0021] FIG. 16 15 a flow diagram illustrating a method for training a DCNN,
in accordance with an example embodiment.

6022} FI1(G. 17 1s a block diagram illustrating the application service module
after a switchover to a sccond DUNN has occurred, in accordance with an

example embodiment.
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{6023} FI1G. 18 15 a flow diagram illustrating a method of training and
utilizing DUNNs, in accordance with an example embodiment.

[06G24] FI1G. 19 15 a tlow diagram dllustrating a method for changing a system
over from a first BCNN to a second DUNN, m accordance with an example
embodiment.

{0025} FIG. 20 15 a block diagram illustrating a representative software
architecture, which may be used in conjunction with various hardware
architectures herem described.

[60206] FIG. 21 15 a block diagram illustrating components of a machine,
according to some example embodiments, able to read mstructions from a
machine-readable medium (e.g., a machine-readable storage medium}) and

perform any one or more of the methodologies discussed hercin,

DETAILED DESCRIPTION
OVERVIEW
0027 The present disclosure describes, among other things, methods,
systems, and computer program products. In the following description, for
purposes of explanation, numerous specific details are set forth m order to
provide a thorough understanding of the various aspects of different
embodiments of the present disclosure. It will be evident, however, to one
skilled in the art, that the present disclosure may be practiced without all of the
specific details,
10028] In an example embodiment, a DCNN is used to generate
professionalism scores for digital images. The DCNN uses information about
digital images previously categorized with professionalism scores or labels
indicating a level of professionalism to train the DUNN to identify relevant
featurcs of input images. Relevant features may mclude any features that the
DCNN deems important to a determunation of the professionalism (e.g., useful in
calculating a professionalism score} of an mput image. The DUNN 1s able to
self-identify these relevant features, without the need for a human to
predetermine which features may be important and instruct a machine leaming

algorithm to extract and examine such features, as 1s necessary i more
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traditional machine learning technigues. As such, the DCNN is free to identify
any feature that tends to be shared among images of high professionalism,
regardiess of whether one would ordinanily think of such a feature as one that
might pertain to professionalism. For example, while image lighting, clothing of
subject matter, and angle of head may be features that one might expect to affect
the perceived professionalism of a subject in an image, features such as how the
image is cropped, color balance, and depth of field might not. The DUNN is
able to itself determine that these features, even if they are subtle and perhaps
not even detectable by a human, are important to a perception of professionalism
and adjust its model accordingly.

{8629} As will be described in more detail below, one technical challenge
encountered in implementing a DCNN for this purpose is that it sometimes can
require a computationally-intensive process for determining an optimal
transformation, such as a crop, to be performed on an image based on the
professionalism score for the image calculated by the DONN, While some
solutions are described below with respect to solving such an "optimization
problem,” all of them stil require some level of trial and error, where multiple
different transtormation possibilities for the image are attempted, fed back mn to
the DCNN, and scored. Therefore, in an example embodiment, the cutput from
the DCNN 15 used to train another DCNN to output an optimal transformation.
Eventunally, the original DCNN may then be phased out and replaced by the later
trained DONN. In this manner, a first DONN may be used to tramn a second
DCNN.

[3039] It should be noted that while embodiments are descrbed herein that
are specific to using the second DUNN for image transformation or selection, the
concept of using one BUNN to train another DUNN can be applied in many
different ficlds of computer science and should not be limited to the image
transformation/selection embodiment.

{6031} FIG. 115 a block diagram illustrating a client-server system 100, in
accordance with an example embodiment. A networked system 102 provides
server-side functionality via a network 104 (c.g., the Internet or a wide arca

network (WAN)} to one or more clients. FIG. 1 illustrates, for example, a web
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client 106 (¢.g.. a browser} and a programmatic chient 108 executing on
respective client machines 116 and 112,

{0032} An application program interface (API) scrver 114 and a web server
116 are coupled to, and provide programmatic and web terfaces respectively
to, one or more application servers 118, The application server(s) 118 host ong
or more applications 120. The application server(s) 118 are, in turn, shown to be
coupled to onc or more database servers 124 that facilitate access to one or more
databases 126, While the application{s) 120 are shown in FIG. 1 to form part of
the networked system 102, it will be appreciated that, in alternative
embodiments, the application(s) 120 may form part of a service that is separate
and distinet from the networked system 102

{60633} Further, while the client-server system 100 shown in FIG. 1 employs
a client-server architecture, the present disclosure is, of course, not Hmited to
such an architecture, and could equally well find application 1 a distributed, or
peer-to-peer, archifecture system, for example. The various applications 120
could also be implemented as standalone software programs, which do not
necessarily have networking capabilitics.

{6634} The web client 106 accesses the varous apphications 120 via the web
mterface supported by the web server 116, Similarly, the programmatic client
108 accesses the vartous services and functions provided by the application(s)
120 via the programmatic interface provided by the APl server 114

[B035] FIG. 1 also iltustrates a third party application 128, executing on a
third party server 130, as having programmatic access to the networked system
102 via the programmatic inierface provided by the API server 114, For
example, the third party application 128 may, utilizing information retrieved
from the networked system 102, support one or more features or fiunctions on a
website hosted by a third party. The third party website may, for example,
provide one or more functions that are supported by the relevant applications
120 of the networked system 102,

[B8036] In some embodiments, any website referred to herein may comprise
online content that may be rendered on a vanety of devices mncluding, but not
himited to, a desktop personal computer (PC), a laptop, and a mobile device {e.g.,

a tablet computer, smartphone, etc.). In this respect, any of these devices may be
6



WO 2017/210174 PCT/US2017/034972

employed by a user to use the features of the present disclosure. In some
embodiments, a user can use a mobile app on a mobile device (any of the
machines 1190, 112 and the third party server 130 mav be a mobile device) to
access and browse online content, such as any of the online content disclosed
herein. A mobile server {e.g., APl server 114} may communicate with the
mobile app and the application server(s) 118 in order to make the features of the
present disclosure available on the mobile device.

j3037] In some embodiments, the networked system 102 may comprise
functional components of a social networking service. FHG. 2 is a block diagram
showing the functional componenis of a social networking service, meluding a
data processing module referred to herein as a scarch engine 216, foruse n
generating and providing search results for a search query, consistent with some
embodiments of the present disclosure. In some embodiments, the search engine
216 may reside on the application server(s) 118 in FIG. 1. However, itis
contemplated that other configurations are also within the scope of the present
disclosure.

{0038} As shown in FIG. 2, a front end may comprisc a user interface
module {¢.g., a web server 116) 212, which receives requests from various client
computing devices, and communicates appropriate responses to the requesting
chient devices. For example, the user interface moduleds) 212 may receive
requests in the form of Hypertext Transfer Protocol (HTTP) requests or other
web-based API requests. In addition, a member interaction detection module
213 may be provided to detect various interactions that members have with
different applications 129, services, and content presented. As shown in FIG. 2,
upon detecting a particular interaction, the member interaction detection module
213 logs the interaction, including the type of interaction and any metadata
relating 1o the interaction, in a member activity and behavior database 222.
[0039] An application logic layer may nclude onc or more various
application server modules 214, which, in conjunction with the user interface
module(s} 212, generate vanous user interfaces (e.g., web pages) with data
retrieved from various data sources in a data layer. In some embodiments,

mdividual apphication server modules 214 are used to implement the

~{
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functionality associated with various applications 120 and/or services provided
bv the social networking service.

{0646} As shown in FIG. 2, the data laver may include several databases,
such as a profile database 218 for storing profile data, including both member
profile data and profile data for varous orgamzations (¢.g., companies, schools,
etc.). Consistent with some embodiments, when a person inttially registers o
become a member of the social networking service, the person will be prompted
to provide some personal information, such as his or her name, age (e.g.,
birthdate}, gender, mterests, contact information, home town, address, spouse’s
and/or family members’ names, educational background {(¢.g ., schools, majors,
matriculation and/or graduation dates, etc ), employment history, skills,
professional orgamizations, and so on. This information is stored, for example,
in the profile database 218. Sinularly, when a representative of an organization
mttially registers the organmization with the social networking service, the
representative may be prompted to provide certan information about the
organization. This information may be stored, for example, in the profile
database 218, or ancther database {not shown}. In some embodiments, the
profile data may be processed {¢.g., 1n the background or offline) to generate
various derived profile data. For example, if a member has provided information
about various job titles that the member has held with the same organization or
different organizations, and for how long, this information can be used to infor
or derive a member profile attribute mndicating the member’s overall seniornity
tevel, or sentority level within a particular organization. In some embodiments,
unporting or otherwise accessing data from one or more extemnally hosted data
sources may enrich profile data for both members and organizations. For
mstance, with organizations i particular, financial data mayv be mported from
one or more external data sources and made part of an organization’s profile.
This importation of organization data and enrichment of the data will be
described in more detad later 1n this document.

0041} Oncee registered, a member may invite other members, or be mvited
bv other members, to connect via the social networking service. A “connection”
may constitute a bilateral agreement by the members, such that both members

acknowledge the establishment of the connection. Similarly, i some
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embodiments, a member may elect to “follow™ another member. In contrast to
establishing a connection, the concept of “following™ another mermber typically
15 a unilateral operation and, at least in some embodiments, docs not reguire
acknowledgement or approval by the member that is being followed. When one
member follows another, the member who 1s following may recetve status
updates {¢.g., in an activity or content stream) or other messages published by
the member being followed, or relating to various activitics undertaken by the
member being followed. Similarly, when a member follows an organization, the
member bacomes cligible to receive messages or status updates published on
behalf of the organization. For instance, messages or status updates published
on behalf of an organization that a member is following will appear in the
member’s personalized data feed, commonly referred to as an activity strean or
content stream. In any case, the various associations and relationships that the
members gstablish with other members, or with other entitics and objects, arc
stored and mamtained within a social graph in a social graph database 220,
06042} As members interact with the various applications 120, services, and
content made available via the social networking service, the members’
mteractions and behavior (e.g., content viewed, hinks or buttons selected,
messages responded to, ete.) may be tracked, and information concerning the
members” activities and behavior may be logged or stored, for example, as
mdicated v F1G. 2, by the member activity and bchavior database 222. This
logged activity information may then be used by the search engine 216 to
determing search results for a search query.

10043} In some embodiments, the databases 218, 220, and 222 may be
mcorporated mio the database(s} 126 in FIG. 1. However, other configurations
are also within the scope of the present disclosure.

{0044} Although not shown, in some embodiments, the social networking
service svstem 210 provides an API module via which applications 120 and
services can access various data and services provided or maintained by the
social networking service. For example, using an APL, an application may be
able to request and/or receive one or more navigation recommendations. Such
applications 120 may be browser-based applications 120, or may be operating

system-specific. In particular, some applications 120 may reside and execute (at
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least partially) on one or more mobile devices {e.g., phone or tablet computing
devices) with a mobile operating systemn. Furthermore, while in many cases the
applications 120, or services that leverage the APIL may be applications 120 and
services that are developed and maintained by the entity operating the social
networking service, nothing other than data privacy concemns prevents the APE
from being provided to the public or to certain third parties under special
arrangements, thereby making the navigation recommendations available to third
party applications 128 and services,

[0045] Although the search engine 216 is referred to herein as being used in
the context of a social networking service, it is contemplated that it may also be
emploved in the context of any website or online services. Additionally,
although featores of the present disclosure are referred to herein as being used or
presented in the context of a web page, it is contemplated that any user interface
view {¢.g., a user interface on a mobile device or on deskiop software) is within
the scope of the present disclosure.

06046} In an example embodiment, when member profiles are indexed,
forward search indexes arc created and stored. The secarch engine 216 facilitates
the mdexing and searching for content within the social networking service, such
as the indexing and scarching for data or information contained in the data layer,
such as profile data (stored. ¢.g., in the profile database 218), social graph data
{stored. ¢.g., in the social graph database 220), and member activity and
behavior data (stored, ¢.g., in the member activity and behavior database 222).
The scarch engine 216 may collect, parse, and/or store data in an index or other
stmilar structure to facilitate the entification and retrieval of information in
response to received queries for information. This may include, but is not
Emited to, forward search indexes, imverted indexes, N-gram indexes, and sc on.
{0047} FIG. 3 is a block diagram ilustrating application server module 214
of FIG. 2 in more detail. While in many embodiments the application server
module 214 will contain many subcomponents used to perform various different
actions within the social networking system, only those components that are
relevant to the present disclosure are depicted in FIG. 3. An image ingestion
component 300 obtains images from profile database 218, These images may

be, for example, images uploaded by members {o their own member profiles. In
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some example embodiments, the image ingestion component 300 may obtain the
mmages directly from the member via a user nterface, rather than the images
being first stored tn the profile database 218,

{0048} An image preprocessing component 302 takes cach image from the
image igestion component 300 and preprocesses it. This may include, as will
be described in more detail below, normalizing certain aspects (such as aspect
ratio, length, width, color channels, etc.) of the image. Each preprocessed image
ts then passed to a first DONN 304, which has been trained using traiming
mmages to analvze the preprocessed image and produce a professionalism score
that indicates a level of protessionalism m the content of the image. This
process will be described i more detail below. This professionalism score will
then be used by an image transformation component 306 o transform some
aspect of the image, such as cropping, rotation, lighting, shading, sharpness, and
the hike based on the professionalism score to improve the professionalism of the
subject of the image. This will also be described in more detail below. The
transformed image may then be stored in the profile database 218,

[0049] The tirst DCNN 304 1s a machine-learning model that effectively
mfers non-hinear relationships between a homogeneous mput field and desired
outputs, which are either categorical classes or scalars. The first BCNN 304 15 a
model that maps nputs to cutputs using a sequence of so-called convolutional
layers of artificial neurons. The fust DCNN 304 may be trained by presenting it
with a large number {¢.g., greater than 10,000) of sample images and labels {(e.g.,
"professional” or "not professional”) or scores (e.g., professionalism score of
76/100} associated with the sample images. It is trained to minimize the
discrepancy {or "loss") between the mode's output and the desired output. After
the training, the model may be applied to new input tmages to produce a useful
prediction of the professionalism levels of the new input images.

[0050] The first DCNN 304 performs better when the mput images have
been normalized, and so a preprocessing operation may be performed by the
tmage preprocessing component 302 on both the sample images and the input
images to normalize them. This normalization may inchide, for example,
altering all images to be of a consistent size {¢.g., 250 x 250 pixels) and of

congistent color channels {e.g., 3 color channels of red-green-bluey. The first

11
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DCNN 304 also performs better when the inputs are homogenous, meaning that
the mputs have a uniform meaning (¢.g., cach pixel reprosents intensity), and
neighborhood relationships in the input are well defined (¢ g., pixels adjacent 1o
cach other represent physically close locations).

{6651} The first BCNN 304 is designed to learn not only
classifications/professionalism scores for images, but also to learn the feature
hierarchy, all the way from pixels to classifier, by defining a number of layers.
The process of inference involves taking a given mput, applving a sequence of
mathematical functions called layers, and calculating the functions on the input
mmages. Fach layer extracts features from the output of a previous laver, and all
lavers are trained jointly. The layer-based architecture is why itistermed a
"deep” convolutional neural network,

{0652} In an example embodiment, five different types of layers are utilized,
The first four lavers are the convolutional layver, the nonlincarity layer, the
pooling layer, and the classification layer (although the classification is justa
apecial case of convolution followed by “softmax™). These first four layers may
be considered to be a stage, and the first DCNN 304 may actually be designed to
have any number of these stages. Once the stages are all complete, a loss laver
is used. FIG. 4 is a diagram lustrating a first DCNN 400, in accordance with an
example embodiment. The first DUNN 400 may be, in some example
embodiments, the DUNN 304 of FIG. 3. Here, two stages 4024, 4028 are
depicted.

j3B53] The convolutional lavers 404A, 404B are the core of the first DCNN
400. Their parameters include a set of leamable filters that have a small
receptive field, but extend through the full depth of the fuput image. In other
words, for color images, each filter may look at a relatively small number of
pixels in each image but look at all the colors in that area. During a forward pass
in a convolutional laver 4044, 4048, cach filter is convolved across the width
and height of the mput image, computing the dot product between the entries of
the filter and the input and producing a two-dimensional activation map of that
filter. As aresult, the first BCNN 400 leams filters that activate when they see

some specific type of feature at some spatial position in the mput image.
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EEEY The feature maps for all filters can be stacked along the depth
dimension to form the full volume output of the convolutional lavers 404A,
4048.

{8055] The convolutional layers 404 A, 4048 apply mathematical operations
called convolutional. For two spatial dimensions and an indeterminate amount
of non-spatial dimensions (referred to as "channels"}, the convolutional is

defined using the * operator as follows:

j=Mk=N

y{ﬁ)rn)d} = X *f = Z Z x[n,m,a}fd[nwk_,m-—j,a}

o j=—Mi=—N
{0656} The convolutional layvers 404A 4048 will typically have some very
small support, e.g., N=1 and M=1, such that gin,m,d} = 0if |n| > 1 or jm| >
1.
{0657} It should be noted that the filters used in the convolutional layers
404 A, 4048 may be activated in a first iteration of the first DCNN 400 and
refined prior to each additional iteration, based on actions taken m other lavers in
the previous iteration, antil some error term 13 nunimized below a particular
threshold. In one example embodiment, this may be accomplished through back
propagation, which is described in more detail below.
{0058} The output of the convolutional layers 404A, 404B are sets of arrays
called feature maps 406A-406C. Each feature map 400A-406C may be
produced by a different filter and modified based on various functions in each
stage. For example, if the mput is a color image, cach feature map 406A-406C
may be a two-dimensional array of some aggregation of all color channel
mformation. At the output, cach feature map 406A-406C represents a particular
feature extracted at all locations on the input and conditioned. The example in
FIG. 4 1s of a two-stage system, although one of ordmary skill in the art will
recognize that more or fower stages could be used while still being consistent
with the present disclosure, and indeed as will be seen 1o an example
embodiment, the number of stages may be dynamucally deternined at runtime to
optimize results,
00591 The nondinearity layers 408A, 408B give the first DCNN 400 greater

exXpressive power i uncovering nonlinear relationships between mput and
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cutput. Many different nonlinearities could be used in the nonlinearity layer,
mncluding sigmoid, tanh, and rectified linear function. For brevity, one example
of nonlincarity will be described here: the rectified inear function. This
function 1s defined by the following:

_(xifx >0
y<x)“{0ifx<:@

{8069] The pooling lavers 410A, 410B are applied to lower the input image's
spatial dimensions while preserving some information from the input image. In
other words, the pooling favers 410A, 4108 do not actually do any of the
learning; in other words, they arc a fixed predetined operation that docs not
change as training progresses. Instead, they are used the spatial dimensions of
the problem. In one example embodiment, a decimation approach could be
followed, where one out of every N samples along a spatial dimension is kept
out. In another example embodiment, some local statistics may be used for
pooling, such as max pooling, defined as:

- !’ . -
Yin,md] = |, max xin+n,m+m, d]
[n j<NJm (<M -~

where N=M=2.

0061} When all the stages 402A, 4028 are complete, a classification layer
412 15 used to classify the image using the cutput of the final pooling layer
410B. As stated above, the classification layer 412 is actually a specialized
convolutional laver containing a filter designed to produce the classification
score from the volume output of the final pooling layer 410B. This filter applies
a classification function having weights that may be refined in the same manner
as the weights in the functions of the filters of the normal convolutional lavers
404, 4048,
[03062] Back propagation involves calculating a gradient of a loss function
{(defined later) in a loss layer 414, with respect to a number of weights 1o the first
DONN 400, The gradient is then fod to a method that updates the weights tor
the next iteration of the traming of the first DCNN 400 in an attempt to minimize
the foss function, which uses a different plurality of sample mmages (unless there
14
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is a need to repeat, such as running out of sample 1mages}y. Back propagation
uses the labeled sample timages in a batch of sample images that have been
passed through the stages 4024, 4028 in order to calculate the loss function
gradient for the samples as a group (although, as will be seen later, the loss
function may be modificd dynamically to eliminate some of the samples from
consideration).

[0063] Back propagation may include two aspects: propagation and weight
update. In the propagation aspect, forward propagation of a traming pattern's
mnput images is performed through the first DUNN 400 in order to gencrate the
propagation’s output activations (i.¢., the images are passed through the stages
407A, 402B). Then, backward propagation of the propagation's output
activations are performed through the DCNN 400 using a target specified by the
traiming pattern i order to gencrate the deltas of all output.

[0064] In the weight update aspect, for cach weight of each filter, the output
delta and 1nput activation are multiplied to obtain the gradient of the weight, and
then a ratio of the gradient 1s sabtracted from the weight. The ratio influences
speed and quality of learning. The higher the ratio, the faster the traming, but at
the expense of accuracy.

{0065} Thus, these two aspects, including both the forward pass and the
backward pass through the stages 402A. 4028 are performed repeatedly untii the
crror rate 1s below a particular threshold. An example of back propagation
algorithms compatible with the first DCNN 400 mclude, for example, gradient
descent.

{(3066] The use of the back propagation may be predicated on whether or not
the combined error of the classification of the images n the batch of labeled
sample 1images transgressed a preset error threshold. If the combined error 15 too
great, then back propagation should occur to update and hopefully minimize the
crror for the next iteration, and a next iteration is performed with a subsequent
batch ot labeled sample images, uniil the combined error does not transgress the
threshold.

[3067) As described above, the labeled output may be a professionalism
score for the image, or may be a categorical varable {(e.g., high professionality,

medium professionality, or low professionality). In the former, the first DCNN
15
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400 gutputs a vector that may be compared to the desired output of some loss

function, such as the sum square error function:

loss = Z(f\ Zi)z
i

[(3068] For classification problems, the possible N output categories may be
enumerated as integers, and the desired output mayv be represented as a binary
feature vector, such as (0, 1, 0 ... 0) to represent output label J= 2. Thus, for
classification problems, the DUNN 13 trained to output a vector which represents
the probability of every class, and some probabilistic loss function, such as the

known entry cost function, may be used as follows:
loss = Z Llog{T) + (1 = IDlog(t = 1)

where I, is the CDNN’s output for the i'th element, and I; is 0 for all T excopt the
correct category.

[6669] Referning back to FIG. 3, the output from the first DUNN 304 may be
passed to an image transformation component 306 that acts to transform a
candidate image based on the professionalism score of the image {(as well as
potentially professionalism scores of various transformed versions of the unage}.
This process will be described in more detail below.

[G376] In an example embodiment, the transformed image from the image
transformation component 306 can be used as a profile image and thus stored in
profile databasc 218, as well as being used to train a second DCNN 308, The
second DCNN 308 may be constructed m a simifar fashion as the first DCNN
304, except that it is trained to cutput a single “optimal™ transformation for an
nput image, as opposed to outputting a professionalism score for an output. The
exact manner of this output may differ based on the type of transformation for
which the second DCNN 308 is trained. For example, if the sccond DCNN 308
1s trained to perform an optimal crop of an input image, then the training data
may comprise sample output croppings from image transformation component
306 as performed on candidate images based on the professionalism scores from
the first DUNN 304, but the second DCNN 308 may output
coordinates/description of a rectangle used to crop the input image {e.g., fora
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given input tmage, the rectangle formed by starting at position x, v and having a
width w and a height b should be the area that is left after the cropping; thus, the
ouiput 18 {x, v, w, h}).
10071} As desenbed above, the process of traiming the first DCNN 400
includes a number of different operations. FIG. 5 is a flow diagram illustrating a
method 500 of training a first BCNN 400, 1n accordance with an example
cmbodiment. At operation 502, a batch of sample labeled images are fed to the
first BCNN 400 and the current model of the first BCNN 400 produces an
cutput. This output may be, for example, a classification of professionalism ora
professionalism score tor cach samaple labeled image. At operation 504, the loss
laver 414 of the first DCNN 400 calculates the error for the batch of sample
labeled mmages. This error may be, for example, a combination of the individual
errors for cach of the mdividual sample labeled images. At operation 306,
weights inside the filters in the convolutional layers 4044, 404B (which also
mclude the classification layer 412) are updated to nunimize the loss, m
accordance with the loss function defined m the loss layer 414, At operation
508, 1t 18 determined if the crror has been minimiuzed, based on a defined
validation set. This defined validation set may mclude an ervor threshold, and if
that error threshold has been transgressed, then the ervor has not been minimized
and the process repeats back to operation 502 for the next batch of sample
labeled images. If the error has been mintmized (the threshold has not been
transgressed), then the DCNN has been trained.
6072} In an example embodiment, the defined vahidation set is based on a
stochastic gradient descent (SGD) function. SGD comprises the followmg steps:

1. Randomly select a small number of samples from the traning set:

2. Feed the selected samples through all of the layers 406-412 1 the
first BCNN 400 until the current error is calculated for each feature map 406A-
406C;

3. Update the weights n the convolutional layer 406 with a gradient
descent role:

Woow = Woig — aVerror{w, i}

where w is the weight.
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jG373] FI1G. 6 ig a flow diagram tHhustrating a method 600 of assigning a
professionalism score to an image, in accordance with an example embodiment.
In this context, the professionalism refers to a perceived protfessionalism of the
subject of the image, with the subject being a human {¢.g., how professional the
human appears i hig or her job), as opposed to, for example, the professionalism
of how the subject was photographed.

[0074] At operation 602, the image is passed to a convolutional laver of a
DICNN, gencrating output. At operation 604, the cutput from the convolutional
layer is passed to a nonlinearity laver, generating output. At operation 608, the
output from the nonlincarity layer is passed to a pooling layer, generating output.
At operation 608, the output from the nonlinearity layer is passed to a
classification layer, generating a professionalism score for the digital image. It
should be noted that in this rentime process where a professionalism score is
assigned to an unlabeled image, there is no need to utilize a loss laver (indeed,
use of the loss layer would not make sense as there 1s no label for the image to
be used to determine the error level).

[0075] Referring back to FIG. 3, the professionalism score generated by the
DCNN 304 for an 1mage may be used by the image transformation component
306 m performing one or more transformations on the image. These
transformations include, but are not limited to, cropping, rotating, lighting
compensation, edge enhancing filtering, blur filtering, and spatially varving blur
filtering,

[38376] FI1G. 7 is a block diagram tllustrating an image transformation
component 306 in greater detail. An optimization problem solving component
700 acts to solve an optimization problem.  An optimization problem is the
problem of finding a best solation from all feasible solutions. In the case of
cropping, the optimization problem mav be one with discrete variables, and thus
is known as a combinatorial optinization problem. This is because the
optimization problem attempts to find the best transformation among all the
possible transformations of the mput image. The optimization problem solving
component 700 attempts to solve the optimization problem using an optimization
algorithm. Examples of optimization algorithms for discrete vanables include

deterministic optimization algorithms such as Gauss-Newton, Levenberg-
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Marquardt, (Quasi-Newton, Nonhinear Conjugate Gradient, and Step-size 1, as

well as stochastic algorithms such as SGD, Robbin-Monro, and decaving

SequUence
106771 For the other image transtormations, a continuous optinuzation

problem algorithm may be utilized. Examples of optimization algorithms for
continuous variables include unconstrained optimization algorithms, such as
derivative-free aigorithms, line-scarch methods, gradient methods, Newton and
trust region methods, and algorithms based on conjugate directions, as well as
constrained optimization algorithms, such as lincar optimization {pivoting
algorithms and mterior point methods), convex quadratic optimization, and
general nonlmear optinuzation algorithms (duality theory, reduced gradient
methods, and barricr methods).

{0678} Whatever the optimization algorithm selected, the optimization
problem solving component 700 will interact with the DCNN 304 for feedback
as 1o the effect of various different possible transformations on an image, which
arc defined by the various individual transformation components 702A-702F.
These mdividual transformation components 702A-702F cach applv a difforent
type of transformation to the image, using parameters specified by the
optimization problem solving component 700. In that manner, the individual
transformation components 702A-702F do not need to cach run every possible
transformation of the appropriate type on the image. For example, it is not
necessary for the cropping transformation component 702A to perform all the
possible different ways to crop a particular image so that each of those possible
crops can be assigned a professionalism score by the DUNN 304 so that the
optimization problem solving component 700 can select the cropping that
increases the professionalism score the most, but rather the ophimization problem
solving component 700 can s¢lect certain particular croppings having the highest
likelihood of success and request only those croppings be investigated further by
specifving them in parameters to the cropping transformation component 7024,
[B079] The cropping transformation component 702A acts to perform
cropping transformations on input images, in accordance with parameters
specified by the optimization problem solving component 700. FIG. 8 isa

diagram illastrating an example original image 800 that has been scored for
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professionalism by the BCNN 304, in accordance with an example embodiment.
The optimization problem solving component 700 may undertake to determine
the optimal crop of this original image 800 so as to maximize the
professionalism score. FIG. 9 1s a diagram illustrating various different possible
croppings attempted by the cropping transformation component 7024, as
instructed by the optimization probicm solving component 700. Each of these
different possible croppings may be scored by the DCNN 304, and the
optimization problem solving component 700 selects the cropping that increases
the professionalism score the most. FIG. 10 is a diagram iHustrating a selected
optimal cropping 1000, in accordance with an example embodiment. It should
be noted that while in some mnstances the result of the optimization problem may
be the selection of an optimal cropping that 1s similar to what would be selected
as an optimal cropping if a different parameter were being examined, such as
quality of the tmage itself, 1n many cases the professionalism score will result in
a completely different selection than these other tvpes of parameters. For
example, the optimal croppimg for professionalism may be a tighter head shot
than the optimal cropping for image quality, which might be more interested in
centering the subject in the shot than on the amount of or lack of background
imagery in the shot.

{0080 In another example embodiment, the automatic cropping process
described above may be improved by training a separate neural net that sees a
picture as an input and outputs the best rectangle from the picture. In this
manner, it 18 not necessary 1o have a human annotate images for the "best
rectangle " Instead, the automatic cropping process is used to find a crop that
maximizes the score, and that crop is used as the "truth” that the other neural net
is training for. In a sense, the output of one DUNN is used as a label for input to
train a different neural net. Using this technique, it 1s possible for the second
neural net to express learning rules such as "usually the object of interest is
around the nuddle of the image" or "the object of mterest should never have a
very small width or height.” This improves performance over a process that
scores rectangles without spatial context.

16681} The rotation transformation component 702B acts to perform rotation

transformations on mput images, in accordance with parameters specified by the
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optimization problem solving component 700, FIG. 11 1s a diagram illustrating
varigus different possible rotations attempted by the rotation transformation
component 7028, as instructed by the optumization problem solving component
700. Each of these different possible rotations may be scored by the DUNN 304,
and the optimization problem solving component 700 selects the rotation that
increases the professionalism score the most. FIG. 12 15 a diagram illusteating a
selected optimal rotation 1200, in accordance with an example embodiment.
[B082] The lighting compensation transformation component 702C acts to
perform lighting compensation transformations on input images, in accordance
with parameters specified by the optimization problem solving component 700,
These lighting compensation transformations may include lightening or
darkening arcas of the image. The edge enhancing filtering transformation
component 702D acts to perform edge enhancement filtering on input images, in
accordance with parameters specified by the optimization problen solving
component 700, Edge enhancement filtering enhances the edge contrast of an
Hmage i an attempt o improve tis sharpness. The filter works by identifying
sharp edge boundaries in the image, such as the edge between a subject and the
background, and ncreasing the image contrast in the area immediately around
the edge.

{0083} The blur filtering transformation component 702E acts to perform
blur filtering transformations on input images, in accordance with parameters
gpecified by the optimization problem solving component 700. Here, the blur
filtening transformations are designed to smooth out skin texture. The spatially
varying blar filtering transformation component 702F acts to perform spatially
varving blur filtering transformations on input images, in accordance with
parameters specified by the optimization problem solving component 700, Here
spatially varying blur filtering involves blurring out the background, but not the
subject.

6084} It should be noted that while six different individual transformation
components 702 A-702F are depicted here, it is not necessary that all six be
present in a single embodiment. Any combination of individual transformation
components 702A-702F may be utilized depending on implementation.

Additionally, the optimization problem solving component 700 can interact with
21



WO 2017/210174 PCT/US2017/034972

each of the individual ransformation components 702A-702F individually, or
alternatively may interact with groupings of the individual transformation
components 702 A-702F simultancously. For example, if the optimization
problem solving component 700 wishes to determine the best combination of
cropping and rotation that can be performed on the image in order to tmprove the
professionalism the most, the optimization problem solving component 700 can
interact with both the cropping transformation component 702A and the rotation
transformation component 702B simultancously to arrive at a joint result of the
best cropping/rotation combination, or may interact with each wndividually,
producing an independent answer for best cropping and for best rotation.

0085} it should be noted that the aspects described above with respect {o the
image transformation component 306 need not necessarnily operate in
conjunction with a first DCNN 304. In some example embodiments, a different
machine leaming componcut may be utilized to generate professionalism scores
used by the image transformation component 306 in determining the best
transformation to perform on an image.

{0086} it should also be noted that the image transformations performed by
the various DUNNs in the instant document are not imited to the examples
described. Indeed, any image transformation, such as generic transformation f|
M = f{I} may be performed, which is a mapping of all of the pixels in the image I
to a new image N. This could, for example, tweak all of the pixels in the image,
with some regularized term, to "improve” the picture,

[B087T] FIG. 13 15 a flow diagram dlustrating a method 1300 for
automatically cropping a digital image to improve perceived professionalism of
a subject of the image, m accordance with an example embodiment. At
operation 1302, a machine leaming algorithm 1s used to generate a
professionalism score for the digital image. wtilizing a machine learning
algorithm comprising: a training mode where a plurality of sample tmages with
tabeled professionalism scores are used to train a classification function in a
mode] that produces a professionalism score as output; and an analysis mode
where the model is used to generate a professionalism score for the digital
mmage. In an example embodiment, this machine learming algorithm may be the

DONN 304 or 400 described above, although this is not mandatory. At
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operation 1304, the professionalism score is used as an mput to a discrete
variable optimization algorithm to determing an optimal cropped version of the
digital 1mage from a plurality of possible cropped versions of the digital image
using the classification function.

{0083} FIG. 14 15 a flow diagram illustrating a method 1400 for
automatically performing an image transformation on a digital image to improve
perceived professionalism of a subject of the image, 1n accordance with an
example embodiment. At operation 1402, a machine learmning algorithm is used
to generate a professionalism score for the digital image, utilizing a machine
lcarning algorithm comprising: a training mode where a plurality of sample
images with labeled professionalism scores are used to train a classification
function in a2 model that produces a professionalism score as output; and an
analysis mode where the model is used to generate a professionalism score for
the digital image. In an example embodiment, this machine learning algorithm
may be the DONN 304 or 400 described above, although this is not mandatory.
At operation 1404, the professionalism score ts used as an mput to a contingous
variable optimization algorithm to determine an optimal version of the digital
mmage from a plurality of possible versions of the digital image on which one or
more image transformations have been performed, using the classification
function.

[B089] In another example embodiment, the professionalism scores produced
bv the model may be used to identify the best image from a group of images for
a member to use as a profile pictare. For example, a system may be designed to
automatically browse through images on the user's device and select an image
showing the member, with the 1mage selected being the one with the highest
professionaliam score. In some example embodiments, this may be performed
by lmiting the image search to images labeled "selfie” such as by being stored in
a directory with the name "sclfic” in it. In another example embodiment, the
selfies themselves may be identified using a machine leaming algonthm. This
process may also be combined with one or more of the other use cases described
above {¢.g., cropping) to provide a high quality, highly professional image fora

user profile without requiring user input.
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j3390] In a further example embodiment, social network information from,
for example, the profile database 218 may be used in conjunction with the first
DCNN 304 described above with respect to the professionalism of images
posted or uploaded to the social network service. Social networks often have
very abondant mformation that can be used to aid in the training of the first
DCNN 304, as not only image mformation is available but also various picces of
mformation about the subject of the images is also available, such as job title,
experience level, skills, age, and so forth. This information can be quite useful
i aiding of labelling training mmages with professionalism scores or
categorizations, so that a human doces not need to label cach tmage from scratch.
For example, an automatic labelling component may be added to the system
described above m FIG. 3 and the corresponding text to apply automatic labels
to sample images based on various signals taken from a social networking
profile associated with cach sample tmage. The automatic labelling component
may parse tields on the social networking profile to deduce a level of
professionalism for the corresponding member, exclusive of any images. Fields
that generally may be used to deduce a level of professionalism melude title,
skills, experience, and what tvpes of other social networking members are linked
to the social networking profile, among others. Indeed, in some example
embodiments, the automatic labelling component may use its swn machine
learning algorithm to train a mode! to assign a level of professionalism to social
media profiles to which one or more sample images are linked. The machine
learning algorithm may be sclected from among many different potential
supervised machine learing algorithms. Examples of supervised learning
algorithms include Bavesian networks, instance-based leaming, support vector
machines, random forests, linear classifiers, quadratic clagsifiers, k-nearest
neighbor, decision trees, and hidden Markov models.

[0091] It should be noted that the automatic labelling component may simply
make a recommendation to a classifier as to a label to apply to an image. In
some example embodiments, the classifier may still need to approve the
recommendation in order for if to be applied to the tmage, and the classifier may

overnide the recommendation.
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[B092] While the automatic labelling component can use mformation from
the social media profiles to improve labelling, the social media profiles often can
be rife with outliers and incorrect information {e¢.g., members claiming to be 130
vears old, merely because they did not want to put in a birthdate). This gives
rise to a need to avtomatically ignore such outliers during traming and zoom in
on a correct solution 1n g robust way that does not require human handling to
cxclude the outhiers. it may also be difficult for the automatic labelling
component to compensate for these crrors, or otherwise be modified to handle
these errors.

{0093} Thus, in order to effectively filter out outliers in the context of, for
example, SGD, a specialized procedure may be implemented in the loss layer
414 of the first DCNN 400, As described above, the loss laver 414 mmght
ordinarily apply a static loss function {o its input. in an example embodiment,
however, the loss laver 414 13 modified to include a dvnamically changing
function that adjusts based on statistical analysis of the sampies.

j3394] FI1G. 15 15 a flow diagram llustrating a method 1500 for filtering out
outhiers m a SGD optimization in a DONN, mn accordance with an example
embodiment. At operation 1502, a batch of N samples fed to the BCNN are
randomly selected. At operation 1504, the DONN is utilized to make an
asscssment of professionalism of each of the N samples. At operation 1506, for
cach sample, a static loss function may be applied (called fossin}).

095} At operation 1508, the calculated losses are sorted and enumerated n
tuples of (rank, loss). At operation 1510, a modified loss function {k(rank, /oss})
i introduced that is dynamic and applied to the losses, producing

{newloss{n} rank) = (k{rank, lossy rank).

06096} In a relatively simple example, the dyoamic loss fimetion may be as

follows:
ki(rank loss) =loss  ifrank/N > 0.8,
k{rank,loss} =0 otherwise.
{0097] This would result in ignoring the top 20% worst samples i the

statistics. In other example embodiments, however, the dynamic loss function

may be more nuanced, applving statistical tests. For example, a Gaussian
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distribution of errors may be assumed, and the samples weighted by their
chances of viclating the Gaussian assumption. This means the mean p, standard
deviation ¢ in the current batch, and the measurements may be normalized ags
follows:

z = (loss — u}/oc
and the samples may be weighted by their probability of not belonging to the
¢rrot statistics:

k{loss, rank) = loss = {1 — erf(z)).

{6698} The result is that the loss function 1s dynamically updated in cach
stage of the DUNN based on statistical analysis of which sample images showed
the most deviation between their assigned professionalism score and an expected
professionalism score.

6099} As an example, assume that there are five samples per batch, Ina
given stage, the DCNN may cutput professionalism scores of (1.1, 1.2, 2, 2, and
97) for the five samples, but the labels for the images were assigned as (1, 1, 2,
2, 1). Hthe static loss function 1s absclute error {prediction-correct}, then the
losses from the static foss function are (0.1, 0.2, 0, 8, 96}, The ranking of the
samples is then (3, 4, 1, 2, 5). as 5 was cleady the most imprecise im comparison
to its expected value. Ifthe simple dynamic loss function described above,
which tgnores the top 20% worst samples, 1s applied, then the dynamic loss
function would filter out the result for sample 5 in the above batch, since it is
among the 20% with the lowest rank. Thus, the results from the modified
dynamic loss function are (0.1, 0.2, 0, 0, 0). As such, the outlying sample docs
not motivate any changes in the model to accommodate it.

[B6106]  In another example embodiment, the dynamic loss function approach
may be extended by calculating the error statistics on multiple recent batches
together as opposed to the current bateh only. For example, N recent batches
may be used for statistical purposes, with N=4_ This means that the last 20
sample 1images are run through the algorithm above, and a ranking of the last 20
sample 1mages is provided. Then the dvnamic loss function 1s applied using

these statistics (the rankings), but only on the most recent batch. Thus, for
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example, for 20 samples, the top 20% worst would be the 4 worst samples.
These 4 worst samples may all come from the most recent batch, may not come
from the most recont bateh at all, or may partially come from the most recent
batch. I thev all come from the most recent batch, then four of the five samples
in the most recent batch would be ignored. If none of them come from the most
recent batch, then none of the five samples in the most recent batch would be
ignored. H some of them come from the most recent batch, only those that are in
the most recent batch would be ignored. Thus, the determination of which
sarples 10 a most recent batch to ignore by the dynamic logs function ig
determined based on statistic information from the last N batches, where N is
greater than 1.

{86101}  In another example embodiment, a schedule of stricter outher
thresholds is introduced as the training progresses {such that outliers are not
ignored when the model starts learning, and progressively more aggressively
ignored as the traming process contains}. Namely k{loss, rank, batch_{}, with
batch 1 representing the current iteration of the traming process.

[66102] It should be noted that this modified dynamic loss function approach
may be taken with respect to any DUNN and not just a DONN being trained to
output professionalisi scores as described above.

{86163} FIG. 1615 a flow diagram illustrating a method 1600 for traiming a
DCNN, in accordance with an example embodiment. The DCNN in this method
1600 may or may not be the first DCNN 304 or 400, or the sccond DUNN 308
described above. In other words, the method 1600 may utilize a DCNN that is
deigned to output a professionalism score for an image, or may utilize a BUCNN
that 1s designed to output any other sort of classification on any other type of
put.

{86104} At operation 1602, a current plurality of samples 1s mput to the
DONN, with gach of the samples having a label, and the inpuiting including, for
cach sample, running operations 1604A-1604E. Operation 1604 A involves
passing the sample to a convolutional laver of the DCNN, with the convolutional
layer comprising one or more filters having dynamically adjustable weights, and
the one or more filters configured to filter the sample to produce an output

volume for the corresponding sample, with the output volume comprising a

27



WO 2017/210174 PCT/US2017/034972

different feature map for each of the one or more filters. Operation 1604B
mnvolves passing the cutput volume from the convohitional layer through a
nonlincarity faver, with the nonlinearity layer applving a nonlinearity function to
the output volume from the convolutional laver. Operation 1604C nvolves
passing the output volume from the nonlinearity layer through a pooling layer,
with the pooling layer lowering spatial dimensions of the cutput volume from
the nonlincarity laver. Operation 16041 involves passing the output volume
from the pooling laver through a classification layer, with the classification laver
comprising a specialized convolational layer having a filter designed to output a
prediction for the sample based on the output volume from the pooling laver.
Operation 1604E involves passing the sample through a loss layer, with the loss
laver applying a loss function to the sample, resulting in an indication of a level
of error in the prediction from the classification layer in comparison o the label
of the sample.

[B8105] At operation 1606, each of the current plurality of samples 1s ranked
based on its corresponding level of error. At operation 1608, a dvnamic loss
function is applied to the current plurality of samples to climinate lower ranked
sampies from consideration. The dynamic loss function may be based on
statistics regarding the current plurality of samples, or may be based on statistics
regarding a combimation of the current plurality of samples and one or more
previous plurality of samples used previously to train the DCNN. The dynamic
loss function may be designed to become auntomatically stricter as more
ticrations of the training occor. At operation 16190, it is determined whether a
combination of the levels of error for the current plurality of samples not
climinated from consideration by the dynamic loss function fransgresses a preset
threshold. If so, then at operation 1612, weights of the one or more filters in the
convolutional layers (including the classification layery of the BCNN are
updated to reduce the combination of the levels of error. Then the method 1600
loops back to operation 1602 to repeat the traming with a next plurality of
samples.

106106}  Reforring back to FIG. 3, as described easlier, the cutput from the
mmage transformation component 306 may be used to train a second DCNN 308

to perform image transformation without the same computationally intensive
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processes used by the image transformation component 306. It should be noted
that because the second BCNN 308 is trained to perform a specific type of
transtormation (¢.g. cropping}, there may be, in some cxample erabodiments,
multiple “second” DCNNs, each trained to perform a different transtormation.
However, for simplicity, only a single second DCNN 308 will be described
herein, and it will be described in the context of the cropping operation.

[66107]  Training the second DCNN 308 is beneficial from the technical point
of view because the image transformation component 306 may be designed to
perform its transformations withowut the benefit of contextual information about
the image. For example, in the case of croppings, the image transformation
component 306 cssentially attempts multiple different croppings and scores each
one. While the croppings selected to be attempted may not exactly be random
{see¢ the discussion about the optimization problen: solving above), they are not
selected based on contextual information about the image. For example, often
the image preprocessing component 302, in an effort to standardize the size of
tmages passed to the first DCNN 304, will stretch or shrink one or both
dimensions of an image. The image transformation component 306 then docs
not have information about whether the image it 1s transforming has been
stretched or not, and this information may be useful in determining what is an
optimal crop for the image (a cropping that results in a warped picture, for
example, will not be optimal). Additionally, there are certain sizes of croppings
that simply do not make sense given the size of an image or the subject matter.
If we are dealing with profile pictures (and thus, subjects’ faces}, rectangles that
are too short in comparison with their width or two narrow in comparison with
their height are likely not to be good selections, nor are rectangles that are
simply too small {e.g., 3 pixels x 4 pixels). By traming the DCNN 308 to
perform image transformations without image preprocessing, the DUNN 308 1s
able to learn contextual-based features of not just the potential cropping area but
also surrounding areas, making it able to select the optimal crop guicker, and
thus without using as many processing eycles.

{0198}  Once the second DCNN 308 has been trained, a “switchover” may
occur where new candidate images are passed to the second DUNN 308 rather

than being passed to the image preprocessing component 302, first DUNN 304,
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and image transformation component 306, In an example embodiment, a BCNN
selector 310 may make this determination as to whether the second DCNN 308
has been trained enough to make the switchover occur. The decision-making
process of the DCNN selector 310 will be described in more detail below.
[86109]  FIG. 17 15 a block diagram Hustrating apphication service module
214 after a switchover to a second DCNN 308 has occurred, in accordance with
an cxample embodiment. Here, the second DCNN 308 has been fully trained,
and thus candidate images are passed directly from the image mgestion
component 300 to the second DUNN 308, bypassing the image preprocessing
component 302, first DCNN 304, and image transformation component 306, K
should be noted that while this figure depicts the image processing component
302, first BCNN 304, and image transformation component 306 as being
bypassed, in some example embodiments, this bypassing may only be occurring
for the particular tvpe of transformation that the second DUNN 308 has been
trained for. For example, if the second DUNN 308 has been trained for
cropping, then cropping on tmages may occur directly from the image ingestion
component 300 using the second DUNN 308, but other types of transformations
{c.g., rotations, hghting adjustments, etc.) may continue to be performed by the
image transformation component 306 via the image preprocessing component
302 and first DCNN 304, as described above with regpect to FIG. 3.

{86116} The DUNN selector 310 may deternuine that it is time to switch over
from the first DCNN 304 1o the second DCNN 308 by utilizing one or more
metrics to gvaluate the cutput of the first DCNN 304 and the second DUNN 308,
In an example embodiment, the metric used is actually the professionalism score
output by the first DCNN 304, Specifically, the image transformation
component 306 may already have obtained a professionalism score for the
cropping that it felt was the optimal cropping for a particular image, given that
the professionalism score is how it determines optimal transformations. Thus,
the image transformation component 306 already has a professionalism score for
the optimal croppimg produced by the first DCNN 304 route (for simplicity
called the “first optimal cropping™). The DCNN selector 310 can then take, for
the same mput image, the optimal cropping output by the second DCNN 308 (for
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simplicity called the “second optimal cropping”} and feed that mto the first
DCNN 304 to produce a professionalism score

for the second optimal cropping. These scores may then be compared. If the
professionalism score for the second optimal cropping exceeds the
professionalism score for the first optimal cropping, then, for that particular
image at least, the second BUNN 308 has performed better than the first DCNN
308, If this occurs for enough input images {¢.g., an average may be taken over
time}, then the DUNN selector 310 determine that it 1s time to changeover from
the first DCNN 304 io the sccond DCNN 308.

{66111}  In some cxample embodiments, the DUNN selector 310 may go a
step further. It should be appreciated that, imdependent of accuracy m selecting
the optimal cropping, use of the second DCNN 308 13 much less computing and
resource intensive than use of the first DCNN 304, Ag such, #t may not be
necessary to wait until professionalism scores for the second optimal croppings
ouiput by the second DCNN 308 1o exceed the professionalism scores for the
first optimal croppings from the first DCNN 304, ¥t may be encugh to come
“close enough” such that the benefits in saving computing resources oxceed the
dechine 1 accuracy from using the second DONN 304, As such, a formula may
be used by the BCNN selector 310 such as changing over when the following

formula is deemed true:

Professionalism Scorerit < Professionalism Scoresecons + Distance Factor

where Professionalism Scorerirs is the professionalism score for a cropping
generated by the first DOCNN 304 path, Professionalism Scoresecond 18 the
professionaliam score for a eropping generated by the second DCNN 308 path,
and Distance Factor is a value given to the benefit of saving computing
resources through use of the second BCNN 308,

[B8112]  This formula may be tweaked based on implementation. For
example, if multiple {e.g,, #) tmages are used in this testing process, the average
differential between the first DONN 304 path and second DCNN 308 path may

be used as follows:
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and if this calealation is greater than 0, the DCNN selector 310 determines that it
is time o changeover to the second DCNN 308,

{66113}  In another example crabodiment, one or more other metrics, cither in
ieu of or in conpunction with the professionalism scores described above, may
be utilized by the DUNN selector 310, In one example embodiment, this metric
is a measure of how stmilar two separate outputs for different areas of the same
mput image are for the second DCNN 308, The more similar the outputs, the
more likely it is that the second DUNN 308 path 1s “ready” to be used and
changeover can occur. For example, for a given tmage, two different versions of
the mmage with overlapping arcas may be fed to the second BCNN 308, For
example, one of these versions may be the left 75% of the image (with the nght
25% missing), while the second of the versions may be the right 75% of the
image {with the left 253% missing), with the known optimal cropping being a part
in the middle (somewhere in the middie 50% of the image). [f the second
DCNN 308 1s “ready,” it should output the same optimal cropping for both of
these test versions.

106114} FIG. 1815 a flow diagram lustrating a method 1800 of trainimg and
utihizing DCNNs, in accordance with an example embodiment. At operation
1802, a first DUNN 1s trained to output a value for a first metric by mputting a
plurality of sample documents to the first BCNN. Each of the sample
documents may have been labeled with a value for the first metric. Inan
example embodiment, the documents described herein may be images, although
this disclosure 18 not himited to embodiments where the documents are images.
{00115} At operation 1804, at some point after the first BCNN has been
trained, a plurality of possible transformations of a first input document are fed
to the first DONN, obtaining a value for the first metric for cach of the plurality
of possible transformations. At operation 1806, a first tranaformation is selected
from the plurality of possible transformations hased on the values for the first

metric for each of the plurality of possible transformations.
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[86116] At operation 1808, a second DUNN is trained to output a
transformation for a document by inputting the selected first transformation and
tts corresponding value for the first metric to the second DUNN. At operation
1810, at some point afier the second DCNN has been trained, a second input
document is fed to the second DCNN, obtaining a second transformation of the
second aput document,

{66117} FIG. 19 s a flow diagram illustrating a method 1900 for changing a
system over from a first BCNN o a second DCNN, in accordance with an
example embodiment. A loop is begun for each of one or more input
documents. At operation 1902, a first value for a first metric for a first
transformation of the mput document 1s determined by passing the first
transformation to the first DUNN. At operation 1904, a second transformation
of the input document is obtained by passing the mput document to the second
DONN. Then, at operation 1906, the second transformation of the input
document 1s passed to the first DCNN, obtaining a second value for the first
metric for the second transformation of the mput document. Notably, the first
and second transtormations are of the same first transformation type. At
operation 1908, a difference 13 determined between the first value and the second
value.

{86118} At 1910, it is determined if this is the last of the one or more input
documents. {fnot, the method 1900 loops back to operation 1902, 1f so, then at
operation 1912 1t 1s determined whether to change the system over from the first
DOCNN to the second DUNN, based on the difference between the first value and
the second value for each of the one or more input documents. If it is
determined that the changeover should not occur, the method loops back to
operation 1902 for a different set of input documents. I it is determined that a
changeover should oocur, then at operation 1914, for transformations of the first
transformation type, new input documents to the system are caused to be passed

to the second DONN in licu of being passed to the fivst DCNN.

Examples:

33



WO 2017/210174 PCT/US2017/034972

Example 1. A computerized method of training and utilizing deep
convolutional neural networks (DCNNs}, the method comprising:

training a first DCNN to output a value for a first metric by inputting a
plurality of sample documents to the first DCNN, cach of the sample documents
having been labeled with a valug for the first metric;

feeding a plurality of possible transformations of a first input document
to the first DCNN, obtaining a value for the first metric for cach of the plurality
of possible transformations;

sclecting a first transformation from the plurality of possible
transtormations based on the values for the first metric for cach of the plurality
of possible transformations;

training a second DCNN to cutput a transformation for a document by
inputting the selected first transformation and the corresponding value for the
first metric to the second DCNN; and

feeding a second input document to the second DCNN, obtaining a

second transformation of the second input document.

Example 2. The method of Example 1, wherein the sample documents and the

first and second input docoments are images.

Example 3. The method of Examples 1 or 2, wherein the inputiing the
plurality of sample documents to the first DCNN includes, for cach sample
document:

passing the sample document to a convolutional laver of the first DONN,
the convolutional layer comprising one or more filters having dynamically
adjustable weights, the one or more filters configured to filter the 1mage to
produce an output volume for the corresponding sample document, the output
volume comprising a different feature map for each of the one or more filters;

passing the output volume from the convolutional laver through a
nonlinearity layer, the nonlincarity laver applyving a nonlinearity fimetion to the

output volume from the convolutional laver:
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passing the output volume from the nonlineanty layer through a pooling
layer, the pooling layer lowering spatial dimensions of the output volume from
the nonlinearity layer;
passing the output volume from the pooling laver through a classification
laver, the classification layer comprising a specialized convolutional layer
having a filter designed to output a professionalism score for the sample
document based on the output volume from the pooling laver; and
passing the image through a loss layer, the loss layer applying a loss
function to the samplc document, resulting in an indication of a level of error in
the professionalism score for the samaple document from the classification laver
m comparison to the professionalism score from the label of the sample
document;
determining whether a combination of the levels of error for the plurality
of samplc documents transgresses a preset threshold; and
m response to a deternunation that the combination of the levels of error
transgresses a preset threshold, updating weights of the one or more filters in the
convolutional lavers of the first DCNN 1o reduce the combination of the levels
of error and repeating the traming of the first DCNN using a different plurality

of sample documents and the updated weights;

Example 4. The method of Example 3, wherein the feeding a plurality of
possible transformations of the first input document to the first DCNN includes,
for gach of the phurabity of possible transformations:

passing the transformation to the convolutional layer, generating output;

passing the output from the convolutional laver to the nonhinearnity layer,
generating output;

passing the output from the nonlinearity laver to the pocling layver,
generating output; and

passing output from the nonlinearity layer to the classification layer,

generating a professionalism score for the transformation.

Example 5. The method of any of Examples 1-4, wherein the plurality of

possible transformations are different croppings of an image.
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Example 6. The method of any of Examples 1-5, further comprising:

feeding a second plurality of possible transformations of a first input
document to the first DCNN, obtaining a value for the first metric for cach of the
second plurality of possible transformations, the seccond plurality of possible
transformations being of a different transformation type than the plurality of
possible transformations;

sclecting a third transformation from the second plurality of possible
transformations based on the values for the first metnic for cach of the second
plurality of possible transformations;

training a third DCNN to output another transformation for a document
by inputting the selected third transformation o the second DCNN; and

feeding the second aput document to the third BUNN, obtaming a fourth

transformation of the seccond input document.

Example 7. The method of any of Examples 1-6, wherein the second DCNN
comprises multiple stages, each stage containing a different convolutional layer,

nonlinearity layer, and pooling laver.

Example 8. A sysiem comprising:

a computer readable medium having instructions stored there on, which,
when executed by a processor, cause the system to:

train a first BCNN to output a value for a first metric by inputting a
plurality of sample documents to the first BCNN, each of the sample documents
having been labeled with a value for the first metric;

feed a plarality of possible transformations of a first input document to
the first BUNN, obtaining a value for the first metric for cach of the plurality of
possible transformations;

select a first transformation from the plurality of possible transformations
based on the values for the first metric for cach of the plurality of possible

transformations;
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train a second DUNN to output a transformation for a document by
mnputting the selected first transformation and the corresponding value for the
first metric to the second DCNN; and

feed a second input document to the second DCNN, obtaining a second

transformation of the second input document.

Example 9. The svstem of Example 8, wherein the sample documents and the

first and second input documents are images.

Example 10.  The system of Examples 8 or 9, wherein the mputting the
plurality of sample documents to the first DCNN includes, for each sample
document:

passing the sample document to a convolutional laver of the first DUNN,
the convolutional laver comprising one or more filters having dyonamically
adjustable weights, the one or more tilters configured to filter the image to
produce an output volume for the corresponding sample document, the output
volume comprising a different feature map for cach of the one or more filters;

passing the output volume from the convolutional laver through a
nonlinearity laver, the nonlinearity laver applving a nonlinearity function to the
output volume from the convolutional layer;

passing the output volume from the nonlincarity layer through a pooling
tayer, the pooling layer lowering spatial dimensions of the output volume from
the nonlmeanty layer;

passing the output volume from the pooling layer through a classification
laver, the classification layer comprismg a specialized convolutional laver
having a filter designed to output a professionalism score for the sample
document based on the output volume from the pooling layer; and

passing the tmage through a loss laver, the foss layer applving a loss
function to the sample document, resulting 10 an indication of a level of error in
the professionalism score for the sample document from the classification layer
1 comparison to the professionalism score from the label of the sample

document;
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determining whether a combination of the levels of error for the plurality
of sample documents transgresses a preset threshold; and

1 response to a determination that the combimation of the levels of error
transgresses a preset threshold, updating weights of the one or more filters in the
convohutional layers of the first DUNN to reduce the combination of the levels
of error and repeating the training of the first DUNN using a different plurality

of samplc documents and the updated weights;

Example 11.  The system of Example 10, wherein the feeding a plurality of
possible transformations of the first input document to the first DCNN includes,
for each of the plurality of possible transformations:

passing the transformation o the convolutional layer, generating cutput;

passing the output from the convolutional laver to the nonlinearity laver,
gencrating output;

passing the output from the nonlinearitv fayer to the pooling layer,
generating output; and

passing output from the nonlinearity layer fo the classification layer,

generating a protessionalism score for the transformation.

Example 12.  The system of any of Examples 8-11, wherein the plurality of

possible transformations are different croppings of an image.

Example 13, The svstem of any of Examples 8-12, wherein the instructions
further cause the system fo:

feed a second plurality of possible transformations of a first mput
document to the first BCNN, obtaining a value for the first metric for cach of the
second plurality of possible transformations, the seeond plurality of possible
transformations being of a different transformation type than the plurality of
possible transformations;

sclect a third transformation from the second plurality of possible
transformations based on the values for the first metnic for cach of the second

plurality of possible transtormations;
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train a third BCNN to output another transformation for a document by
mnputting the selected third transformation to the second DUNN; and
feed the second input document to the third DUNN, obtaining a fourth

transformation of the second input document.

Example 14, The system of any of Examples 8-13, wherein the second DCNN
comprises multiple stages, each stage containing a different convolutional faver,

nonlinearity layer, and pooling layer,

Example 15, A non-transitory machine~rcadable storage medium comprising
mstructions, which when implemented by one or more machines, cause the one
or more machines to perform operations comprising:

training a first DONN to output a value for a first metnic by inputting 3
plurality of sample documents to the first DCNN, cach of the sample documents
having been labeled with a value for the first metric;

feeding a plurality of possible transformations of a first input document
to the first DCNN, obtaining a value for the first metric for each of the plurality
of possible transformations;

selecting a first transformation from the plurality of possible
transformations based on the values for the first metric for cach of the plurality
of possible transformations;

training a second DONN to output a transformation for a document by
mputting the selected first transformation and the corresponding value for the
first metric to the second DCNN; and

feeding a second input document to the second BUNN, obtaining a

second transformation of the second input document.
Example 16.  The non-transitory machine-readable storage medinm of Example

15, wherein the sample documents and the first and second input documents are

1Nages.
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Example 17.  The non-transitory machine-readable storage medium of
Examples 15 or 16, wherein the inputting the plurality of sample documents to
the first DCNN includes, for cach sample document:

passing the sample document to a convolutional laver of the first DCNN,
the convolutional laver comprising one or more filters having dynamically
adjustable weights, the one or more filters configured to filter the 1mage to
produce an output volume for the corresponding sample document, the output
volume comprising a different feature map for cach of the one or more filters;

passing the output volume from the conveolutional laver through a
nonlincarity layer, the nonlincarity laver applying a nonlinearity fumetion to the
oufput volume from the convolutional layer;

passing the output volume from the nonlinearity layer through a pooling
laver, the pooling layer lowering spatial dimensions of the output volume from
the nonlincarity laver;

passing the output volume from the pooling laver through a classification
layer, the classification layer comprising a spectalized convolutional layer
having a filter designed to output a professionalism score for the sample
document based on the output volume from the pooling layer; and

passing the tmage through a loss layer, the loss layer applyving a loss
function to the sample document, resulting 1 an ndication of a level of error in
the professionalism score for the sample document from the classification layer
n comparison to the professionalism score from the label of the sample
document;

determining whether a combination of the levels of error for the plurality
of sample documents transgresses a preset threshold; and
in response to a determination that the combination of the levels of error

transgresses a preset throshold, updating weights of the one or more filters in the
convolutional lavers of the first DUNN to reduce the combination of the fevels
of error and repeating the training of the first DCNN using a different plurality

of sample documents and the updated weights;

Example 18.  The non-transitory machine-readable storage mediam of Example

17, wherein the feeding a plurality of possible transformations of the first mput
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document to the first DCNN mceludes, for cach of the plurality of possible
transtormations:

passing the transformation to the convolutional layer, generating output;

passing the output from the convolutional laver to the nonhinearnity layer,
generating output;

passing the output from the nonlinearity laver to the pocling layver,
generating output; and

passing output from the nonhinearity layer to the classification layer,

generating a professionalism score for the transformation.

Example 19, The non-transitory machine-readable storage medium of any of
Examples 15-13, wherein the plorality of possible transformations are different

croppings of an image.

Example 20, The non-transitory machine-readable storage mediom of any of
Examples 15-19, wherein the instructions further cause the one or more
machines to perfornm operations comprising:

feeding a second plurality of possible transtormations of a first input
document to the first BCNN, obtaining a value for the first metric for cach of the
second plurality of possible transformations, the seeond plurality of possible
transformations being of a different transformation type than the plurality of
possible transformations;

sclecting a third transformation from the second plurality of possible
transformations based on the values for the first metnic for cach of the second
plurality of possible transtormations;

training a third BCNN to output another transformation for a document
by mputting the selected third transformation to the second DCNN; and

feeding the second input document to the third DUNN, obtaining a fourth

transformation of the second mput document.

Example 21. A computerized method for changing a system over from a first
deep convolutional neural network (DUNN) to a second DUNN, the first DONN

trained to ovtput a value for a first metric for a document input to the first
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DCNN and the second DCNN trained to output a transformation of a first
transformation type for a document input to the first DUNN, the method
comprising:
for each of one or more nput documents:
determining a first valae for the first metric for a first
transformation of the input document by passing the first transformation
to the first DCNN;
obtaining a second transformation of the input document by
passing the input document to the second BCNN;
passing the sccond transformation of the input document to the
first DCNN, obtaining a second value for the first metric for the second
transtformation of the input document, the first and second
transformations being of the first transformation type;
deternining, for the input document, a difference between the
first value and the second value;
determining whether to change the system over from the first BCNN to
the second DONN based on the difference between the first value and the second
value for cach of the one or more mput documents; and
in response (o a determination that the system should be changed over
from the first DCNN to the second DUNN, causing, for transformations of the
first transformation type, new input documents to the system to be passed to the

second DONN mn licu of being passed to the first DONN.

Example 22.  The method of Example 21, wherein the determining whether to
change the system over includes adding a distance factor to the difference, the
distance factor set based on savings of computational power by virtue of asing

the second DCNN in lieu of the first DCNN.

Example 23, The method of Examples 21 or 22, wherein the first metric is a

professionalism score.

Example 24.  The method of any of Examples 21-23, wherein the deternuning

whether to change the system over includes passing two versions of the same
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mput docoment to the second BCNN and determining whether the second

DCNN outputs the same second transformation for each of the two versions.

Example 25, The method of any of Examples 21-24, wheremn the two versions

of the same input document are partially overlapping portions of a single image.

Example 26.  The method of any of Examples 21-23, wherein the first
transformation 1s obtained by
feeding a phurality of possible transformations of the first input docement to the
first BUNN and, for cach of the plurality of possible transformations, within the
first DCNN:

passing the transformation o the convolutional layer, generating cutput;

passing the output from the convolutional laver to the nonlinearity laver,
generating output;

passing the output from the nonlinearitv fayer to the pooling layer,
generating output; and

passing output from the nonlinearity layver fo the classification layer,

generating a protessionalism score for the transformation.

Example 27. The method of any of Examples 21-26, wherein the

transformation type is a cropping.

Example 28. A system comprising:

a computer readable medium having instructions stored there on, which,
when executed by a processor, cause the system to perform a method for
changing a system over from a first decp convolutional neural network (DCNN)
to a second DCNN, the first DUNN trained to output a value for a first metric for
a document input to the first DUNN and the second DUNN trained to output a
transformation of a first transformation type for a document input to the first
DCNN, by:

for each of ong or more input documents:
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determining a first value for the first metric for a first
transformation of the input document by passing the first transformation
to the first DCNN;
obtaiming a second transformation of the input document by
passing the input document to the sccond DUNN;
passing the second transformation of the input document to the
first DCNN, obtaining a sccond value for the first metric for the second
transformation of the input document, the first and second
transformations being of the first transformation type;
determining, for the input document, a differcnce between the
first value and the second value;
determining whether to change the system over from the first DCKNN to
the second DCNN based on the differonce between the first value and the second
value for each of the one or more mput documents; and
n response (o a deternunation that the system should be changed over
from the first DOCNN to the second DCNN, causing, for transformations of the
first transformation type, new nput documents to the system to be passed to the

second DCNN m hieu of being passed to the first DONN,

Example 29.  The system of Example 28.wherein the deternmining whether to
change the system over includes adding a distance factor to the difference, the
distance factor set based on savings of computational power by virtue of using

the second DCNN in hieu of the first DCNN.

Example 30.  The system of Examples 28 or 29, wherem the tirst metric is a

professionaliam score.

Example 31, The svstem of any of Examples 28-30, whereim the determining
whether to change the system over mcludes passing two versions of the same
mput docoment to the second BCNN and determining whether the second

DCNN outputs the same second transformation for each of the two versions.
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Example 32. The svstem of any of Examples 28-31, wherein the two versions

of the same mput document are partially overlapping portions of a single 1image.

Example 33, The system of any of Examples 28-32, wherein the first
transformation is obtained by feeding a phurality of possible transformations of
the first input document to the first DUNN and, for each of the plurality of
possible transformations, within the first DCNN:

passing the transformation to the convolutional layer, generating output;

passing the output from the convolutional layer to the nonlinearity layer,
generating output;

passing the output from the nonlinearnity layer to the pooling layer,
generating output; and

passing output from the nonlinearnity laver to the classification layer,

generating a professionalism score for the transformation,

Example 34,  The svstem of any of Examples 28-33, wherein the

transtormation type is a cropping.

Example 35, A non-transitory machine-rcadable storage mediom comprising
instructions, which when implemented by one or more machines, cause the one
or more machines to perform operations for changing a systern over from a first
deep convolutional neural network {DCNN) to a second DCNN, the first DONN
trained to output a value for a first metric for 2 document input to the first
DCNN and the second DONN trained to output a transformation of a firgt
transformation type for a document input to the first DCNN, the operations
comprising:
for each of one or more input documents:
determining a first value for the first metric fora first
transformation of the input document by passmg the first transformation
to the first DCNN;
obtaining a second transformation of the input document by

passing the mput document to the sccond DONN;
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passing the second transformation of the input document to the
first DCNN, obtaining a second value for the first metric for the second
transformation of the input document, the first and second
transtormations bemg of the first transformation type;
determining, for the input document, a difference between the
first value and the second value;
determining whether to change the systern over from the first DCNN to
the second DCNN based on the difference between the first value and the second
value for each of the one or more mput documents; and
1 response to a determination that the system should be changed over
from the first DCNN to the second DUNN, causing, for transformations of the
first transformation type, new input documents to the system to be passed to the

second DCNN n lieu of being passed to the first DCNN.

Example 36, The non-transitory machine-readable storage medium of Example
35 wherein the determining whether to change the system over includes adding a
distance factor to the difference, the distance factor st based on savings of
computational power by virtue of using the second DCNN in hieu of the first

DONN.

Example 37 The non-transitory machine-readable storage mediom of

Examples 35 or 36, wherein the first metric is a professionalism score.

Example 38. The non-transitory machine-readable storage medium of any of
Examples 35-37, wherein the determining whether to change the system over
includes passing two versions of the same input document to the second DUNN
and determining whether the second DCNN outputs the same second

transformation for each of the two versions.

Example 39.  The non-transitory machine-readable storage medium of any of
Examples 35-38, wherein the two versions of the same input document are

partially overlapping portions of a single 1mage.
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Example 40.  The non-transitory machine-readable storage medium of any of
Examples 35-39, wherein the first transformation is obtained by

feeding a plurality of possible transformations of the first input document
to the first DONN and, for cach of the plurality of possible transformations,
within the first DOUNN:

passing the transformation to the convolutional layer, generating output;

passing the output from the convolutional layer to the nonlinearity laver,
generating output;

passing the output from the nonlinearity layer to the pooling layer,
generating output; and

passing output from the nonlincanty laver to the classification layer,

generating a professionalism score for the transformation,
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MODULES, COMPONENTS, AND LOGIC
106119}  Certain embodiments are described herein as including logic ora
number of components, modules, or mechanisms. Modules may constitute

cither software modules (e.g., code embodied on a machime-readable medium) or

hardware modules. A “hardware module” is a tangible unit capable of
performing certain operations and may be configured or arranged i a certain
physical manner. In various example embodiments, one or more computer
systems {¢.g., a standalone computer system, a client computer system, or a
SeTVET corapuier system) or one or more hardware modules of a computer system
{c.g., a processor or a group of processors) may be configured by software (e.g.,
an application or application portion) as a hardware module that operates to
perform certain operations as described herein.

[06126] In some embodiments, a hardware module may be implemented
mechanically, clectronically, or anv suitable combination thercof. For example,
a hardware module may include dedicated circuitry or logic that is permanently
configured to perform certain operations. For example, a bardware module may
be a special-purpose processor, such as a Field-Programmable Gate Arrav
{(FPGA) or an Application Specific Integrated Circuit (ASIC). A hardware
module may also include programmable logic or circuitry that is temporarily
configured by software to perform certain operations. For example, a hardware
module may include software executed by a general-purpose processor or other
programmable processor. Once configured by such software, hardware modules
become specific machines {or specific components of a machine} uniguely
tailored to perform the configured tfunctions and are no longer general-purpose
processors. [t will be appreciated that the decision to implement a hardware
module mechanically, in dedicated and permanently configured circuitry, or in
temporanlv configured circuitry {¢.g., configured by software) may be driven by
cost and time considerations.

{00121}  Accordingly, the phrase “hardware module” should be understood to
encompass a tangible entity, be that an entity that is physically constructed,
permanently configured (e.g., hardwired), or temporanly configured {e.g.,

programmed) to operate in a certain marmer or o perform certain operations
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described herein. As used herein, “hardware-implemented module” refers to a
hardware module. Considering embodiments in which hardware modules are
temporarily configured {¢.g., progranmmed), cach of the hardware modules need
not be configured or instantiated at any one instance in time. For example,
where a hardware module comprises a general-purpose processor configured by
software to become a special-purpose processor, the general-purpose processor
may be configured as respectively different special-purpose processors {e.g.,
comprising different hardware modules) at different imes. Software
accordingly configures a particular processor or processors, for example, to
constitute a particular hardware module at one instance of time and to constitute
a different hardware module at a different instance of time,

1861221 Hardware modules can provide information to, and receive
information from, other hardware modules. Accordingly, the described
hardware modules may be regarded as being communicatively coupled. Where
multiple hardware modules exist contemporangously, communications may be
achieved through signal transmission {¢.g., over appropriate circuits and buses)
between or among two or more of the hardware modules. In embodiments in
which multiple hardware modules arc configured or instantiated at different
times, commumications between such hardware modules may be achieved, for
example, through the storage and retrieval of information in memory siruchures
to which the multiple hardware modules have access. For example, one
hardware module may perform an operation and store the output of that
operation in a memory device to which it is commumicatively coupled. A further
hardware module may then, at a later time, access the memory device to retrigve
and process the stored output. Hardware modules may also inifiate
communications with mput or output devices, and can operate on a resource
{¢.g., a collection of information).

{86123} The various operations of example methods described herein may be
performed, at least partially, by one or more processors that are termporanly
configured {e.g., by software} or permanently configured to perform the relevant
operations. Whether temporarily or permanently configured, such processors
may constitute processor-impiemented modules that operate to perform one or

more operations or functions described herein. As osed herein, “processor-
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implemented module™ refers to a hardware module implemented using one or
MO Processors.

[06124]  Similarly, the methods described herein may be at least partially
processor-implemented, with a particular processor or processors being an
example of hardware. For example, at least some of the operations of a method
may be performed by one or more processors or processor-implemented
modules. Moreover, the one or more processors may also operate to support
performance of the relevant operations in a “cloud computing” environment or
as a “software as a service” {Saak). For example, at least some of the operations
may be performed by a group of computers (as examples of machines including
processors), with these operations being accessible via anetwork (e.g., the
Intermnet} and via one or more appropriate interfaces (e.g., an AP

{86125} The performance of certain of the operations may be distributed
among the processors, not only residing within a single machine, but deploved
across a number of machines. In some example embodiments, the processors or
processor-implemented modules may be located i a single geographic location
{c.g., within a home environment, an office environment, or a server farm). In
other example embodiments, the processors or processor-impiemented modules

may be distnibuted across a number of geographic locations.

MACHINE AND SOFTWARE ARCHITECTURE

[B8126] The modules, methods, applications, and so forth described m
conjunction with FIGs. 1-19 are implemented in some embodiments in the
context of a machine and an associated software architecture. The sections
below describe representative software architecture(s) and machine (e.g.,
hardware) architecture(s) that are suitable for use with the disclosed
embodiments.

[86127]  Software architectures are used in conjunction with hardware
architectures o create devices and machines tailored to particular purposes. For
example, a particular hardware architecture coupled with a particular software
architecture will create a mobile device, such as a mobile phone, tablet device, or
so forth. A slightly different hardware and software architecture may vield a

smart device for use in the “internet of things,” while vet another combination
5
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produces a server computer for use within a cloud computing architecture. Not
all combinations of such software and hardware architectures are presented here,
as those of skill in the art can readily understand how to implement the inventive

subject matter in different contexts from the disclosure contamed herein.

SOFTWARE ARCHITECTURE

[00128]  FIG. 20 1s a block diagram 2000 iHustrating a representative software
architecture 2002, which may be used in conjunction with various hardware
architectures herein described. FEG. 20 is merely a non-limiting example of a
sottware architecture, and it will be appreciated that many other architectures
may be implemented to facilitate the functionality described heremm. The
software architecture 2002 may be executing on hardware such as a machine
1800 of FIG. 18 that includes, among other things, processors 1810,
memory/storage 1830, and V0 components 1850, A representative hardware
tayer 2004 is illustrated and can represent, for example, the machine 1800 of
FIG. 18, The representative hardware layer 2004 comprises one or more
processing units 2006 having associated executable instructions 2008, The
executable instructions 2008 represent the executable mnstructions of the
software architecture 2002, mehuding nmplementation of the methods, modules,
and so forth of Fi(ss. 1-19. The hardware layver 2004 also includes memory
and/or storage modules 2010, which also have the exccutable instructions 2008,
The hardware layer 2004 may also comprise other hardware 2012, which
represents any other hardware of the hardware laver 2004, such as the other
hardware illastrated as part of the machine 1800,

{86129} In the example architecture of FIG. 20, the software architecture 2002
may be conceptualized as a stack of layers where cach layer provides particular
functionalitv. For example, the software architecture 2002 may include lavers
such as an operating system 2014, libraries 2016, frameworks/middleware 2018,
applications 2020, and a presentation laver 2044, Operationally, the applications
2020 and/or other components within the layers may invoke API calls 2024
through the software stack and receive responses, returned values, and so forth,
tilustrated as messages 2026, in response to the AP calis 2024, The lavers

tustrated are representative in nature and not all software architectures have all
=
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layers. For example, some mobile or special purpose operating systems may not
provide a laver of frameworks/middleware 2018, while others may provide such
alayer. Other software architectures may include additional or different layers.
{00130}  The operating system 2014 may manage hardware resources and
provide common services. The operating system 2014 may include, for
example, a kemel 2028, services 2030, and drivers 2032, The kernel 2028 may
act as an abstraction layer between the hardware and the other software lavers.
For example, the kernel 2028 may be responsible for memory management,
processor management (e.g.. scheduling), component management, networking,
security settings, and so on. The services 2030 may provide other comnon
services for the other software layers. The drivers 2032 mayv be responsible for
controlling or interfacing with the underlving hardware. For mstance, the
drivers 2032 may include display dnvers, camera drivers, Bhuetooth® drivers,
flash memory drivers, serial convmunication drivers {¢.g., Universal Serial Bus
{USE) dnvers), Wi-F1® drivers, audio drivers, power management drivers, and
a0 forth depending on the hardware configuration.

{66131}  The hibraries 2016 may provide a common infrastructure that may be
utilized by the applications 2020 and/or other components and/or layers. The
hibraries 2016 typically provide functionahity that allows other software modules
to perform tasks in an easier fashion than by interfacing directly with the
underlving operating system 2014 functionality {c.g., kemel 2028, services 2030,
and/or drivers 2032). The hibraries 2016 may include system 2034 libraries (e.g.,
C standard library) that may provide functions such as memory allocation
functions, string manipulation functions, mathematic functions, and the like. In
addition, the hibraries 2016 may include API 2036 libraries such as media
hibraries {e.g., libraries to support presentation and manipulation of various
media formats such as MPEG4, H 264, MP3, AAC, AMR, JPG, PNG), graphics
librarics {c.g., an OpenGL framework that may be used to render 2D and 3D
graphic content on a display}, database hibraries (¢.g., SQLite that may provide
various relational database functions), web bbraries (e.g., WebKit that may
provide web browsing functionality), and the like. The libraries 2016 may also
mclude a wide variety of other libraries 2038 to provide many other APIs to the

applications 2020 and other software components/modules.
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[88132]  The frameworks 2018 {also sometimes referred to as middlewarg)
may provide a higher-level common infrastructure that may be wtilized by the
applications 2020 and/or other software components/modules. For example, the
frameworks 2018 may provide various graphic user mterface (GUI) functions,
high-level resource management, high-level location services, and so forth. The
frameworks 2018 may provide a broad spectram of other APIs that may be
utilized by the applications 2024 and/or other software components/moduies,
some of which may be specific to a particular operating svstem or platform.
106133} The applications 2020 mclode built-in applications 2040 and/or third
party applications 2042, Examples of representative built-in applications 2040
may include, but are not limited to, a contacts application, a browser application,
a book reader application, a location application, a media application, a
messaging application, and/or a game application. The third party applications
2042 may mclude anv of the buwilt-in applications as well as a broad assortment
of other applications. In a specific example, the third party application 2042
{e.g., an application developed using the Android™ or i08™ software
development kit (SDK) by an entity other than the vendor of the particular
platform) may be mobile software running on a mobile operating svstem such as
tO8™ Android™, Windows® Phone, or other mobile operating systems. In
this example, the third party application 2042 may invoke the API calis 2024
provided by the mobile operating svstem such as the operating system 2014 to
facilitate functionality described herein,

[06134]  The applications 2020 may utilize built-in operating system 2014
functions (e.g., kemel 2028, services 2030, and/or drivers 2032), hibraries 2016
{c.g., system 2034, APIs 2036, and other hibraries 2038), and
frameworks/middleware 2018 to create user interfaces to interact with users of
the system. Alternatively, or additionally, in some systems, interactions with a
user may occur through a presentation layer, such as the presentation layver 2044,
In these systems, the application/module “logic” can be separated from the
aspects of the application/module that interact with a user.

{06135] Some software architectures utilize virtual machines. In the example
of FIG. 20, this is illustrated by a virtual machine 2048. A virtual machine

creates a software environment where applications/modules can execute asaf
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they were executing on a hardware maching (such as the machine 1800 of FIG.
18, for example}. A virtual maching is hosted by a host operating system (¢ .g..
operating system 2014 1 FIG. 20} and typically, although not always, has a
virtual machine monitor 2046, which manages the operation of the virtual
machine as well as the interface with the host operating system (e .g., operating
system 2014}, A software architecture executes within the virtual machine 2048,
such as an operating system 2050, libraries 2052, frameworks/middleware 2054,
applications 2036, and/or a presentation laver 2058, These lavers of software
architecture executing within the virtual machine 2048 can be the same as

corresponding layers previously described or may be different.

EXAMPLE MACHINE ARCHITECTURE AND MACHINE-READABLE
MEDIUM

[86136] FIG. 21 is a block diagram iHustrating components of a machine
2100, according to some example embodiments, able to read instructions from a
machine-readable mediom (e.g., a machine-readable storage medium) and
perform any one or more of the methodologies discussed herein. Specifically,
FIG. 21 shows a diagrammatic representation of the machine 2100 in the
example form of a computer system, within which instructions 2116 {e.g.,
software, & program, an application, an applet, an app. or other executable code)
for causing the machine 2100 to perform any one or more of the methodologics
discussed herein may be executed. The structions transform the general, non-
programmed machine into a particular machine programmed to carry out the
described and illustrated functions in the manmner descnbed. In alternative
embodiments, the machine 2100 operates as a standalone device or may be
coupled (e.g., networked) to other machines. In a networked deplovment, the
machine 2100 may operate in the capacity of a server machine or a client
maching in a server-client network environment, or as a peer machine in a pecr-
to-peer (or distributed) network environment. The machine 2100 may comprise,
but not be himited to, a server computer, a client computer, a PC, atablet
computer, a laptop computer, a netbook, a set-top box (STB}. a personal digrtal
assistant (PDA), an entertainment media system, a cellular telephone, a smart

phone, a mobile device, a wearable device (e.g., a smart waich), a smart home
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device {e.g., a smart appliance), other smart devices, a web appliance, a network
router, a network switch, a network bridge, or any machine capable of exgcuting
the mnstructions 2116, sequentially or otherwise, that specify actions 1o be taken
by the machme 2100. Further, while only a single machine 2100 is illustrated,
the term “machine” shall also be taken to include a collection of machines 2100
that individually or jointly execute the instructions 2116 to perform any one or
maore of the methodologies discussed herein.

{36137  The machine 2100 may include processors 2110, memory/storage
2130, and VO components 2150, which may be configured to communicate with
cach other such as via a bus 2102, In an example embodiment, the processors
2110 {¢.g., a Central Processimg Unit {CPU}, a Reduced Instruction Set
Compating (RISC} processor, a Complex Instruction Set Compauting (CISC)
processor, a Graphics Processing Unit (GPU), a Digital Signal Processor (DSP),
an ASIC, a Radio-Frequency Integrated Circuit (RFIC), another processor, or
any suttable combination thereof) mayv include, for example, a processor 2112
and a processor 2114 that may execute the mstructions 2116, The term
“processor” 1s intended to include multi~core processors that may comprise two
or more independent processors (sometimes referred to as “cores”) that may
execute mstructions contemporancously. Although FIG. 21 shows mudtiple
processors 2110, the machine 2100 may include a single processor with a single
core, a single processor with multiple cores {e.g., a multi-core processor},
multiple processors with a single core, multiple processors with multiples cores,
or any combination thereof.

{00138} The moemory/storage 2130 may inclade a memory 2132, such as a
main memory, or other memory storage, and a storage unit 2136, both accessible
to the processors 2110 sach as via the bus 2102, The storage unit 2136 and
memory 2132 store the instructions 2116 embodying any one or more of the
methodologies or functions described herein. The instructions 2116 may also
reside, completely or partially, within the memory 2132, within the storage unit
2136, within at least one of the processors 2110 {¢.g., within the processor’s
cache memory), or any suitable combination thereof, durning execution thereof by
the machine 2100, Accordingly, the memory 2132, the storage unit 2136, and

the memory of the processors 2110 are examples of machine-readable media.
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[88139]  As used herein, “machme-readable mediunt” means a device able to
store instructions and data temporarily or permanently and may include, but i
not lunited to, random-access memory (RAM), read-only memory (ROM),
buffer memory, flash memory, optical media, magnetic media, cache memory,
other types of storage {¢.g., Erasable Programmable Read-Only Memory
{EEPROM)), and/or any suitable combination thergof. The term “machine-
readable medium” should be taken to include a single medium or multiple media
{e.g., a contralized or distributed database, or associated caches and servers) able
to store the instructions 2116. The term “machine-readable medium™ shall also
be taken to include any medium, or combination of multiple media, that is
capable of storing instructions {¢.g., nstructions 2116) for execution by a
machine {g.g., machine 2100}, such that the instructions, when executed by one
or more processors of the machine {¢.g., processors 2110}, cause the machine to
perform any one or more of the methodologics described herein. Accordingly, a
“machine-readable medium” refers to a single storage apparatus or device, as
well as “cloud-based” storage systems or storage networks that inchude multiple
storage apparatus or devices. The term “machine-rcadablc medum” excludes
signals per se.

[86148] The /O components 2150 may include a wide variety of components
to receive input, provide output, produce cutput, transmit information, exchange
mformation, capture measurements, and so on. The specific /0 componenis
2150 that are included in a particular machine will depend on the type of
machine. For example, portable machines such as mobile phones will likely
mnclude a touch input device or other such input mechanisms, while a headless
server machine will Likely not include such a touch input device. Tt will be
appreciated that the /O components 2150 may include many other components
that are not shown in FIG. 21. The 10 componeunts 2150 are grouped according
to functionality merely for simphifying the following discussion and the grouping
is in no way himiting. In various example embodiments, the I/O componcents
2150 may include cutput components 2152 and nput components 2154, The
cutput components 2152 may mclude visual components {¢.g., a display such as
a plasma display pancl (PDP}, a light emitting diode (LED) display, a hquid

crystal display (LCD), a projector, or a cathode ray tube ({CRT)), acoustic
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components (.g., speakers), haptic components (e.g., a vibratory motor,
resistance mechanisms}, other signal generators, and so forth. The input
components 2154 may include alphanumeric input componenis {e.g., a
kevboard, a touch screen configured to receive alphanumeric input, a photo-
optical kevboard, or other alphanumernic input components}, point based input
components {¢.g., a mouse, a touchpad, a trackball, a jovstick, a motion sensor,
or another pointing instrument), tactile mput components {¢.g., a physical button,
a touch screen that provides location and/or force of touches or touch gestures,
or other tactile input components), audio mput components {¢.g., a microphone),
and the like.

{66141} In further example embodiments, the /O components 2150 may
mehide biometric components 2136, motion components 2158, environmental
components 2160, or position components 2162, among a wide array of other
components. For example, the biomeiric components 2156 may nclude
components to detect expressions {¢.g., hand expressions, facial expressions,
vocal expressions, body gestures, or eve tracking), measure biosignals (e.g.,
blood pressure, heart rate, body temperature, perspiration, or brain waves),
identifv a person {(e.g., voice identification, retinal identification, facial
wdentification, fingerprint identification, or electroencephalogram based
wdentification), and the like. The motion components 2158 may ioclade
acceleration sensor components (¢.g., accelerometer), gravitation sensor
components, rotation sensor components {(e.2., gvroscope), and so forth, The
environmental components 2160 may include, for example, illamination sensor
components (¢.g., photometer), temperature sensor components (€.g., one or
more thermometers that detect ambient temperature), humidity sensor
components, pressure sensor components {¢.g., barometer), acoustic sensor
componegnts {¢.g., one or more microphones that detect background noise),
proximity sensor components (¢.g., infrared sensors that detect nearby objects),
gas sensors {e.g., gas detection sensors to detect concentrations of hazardous
gases for safety or to measure pollutants in the atmosphere}, or other
components that may provide indications, measurements, or signalg
corresponding to a surrounding physical environment. The position components

2162 may include location sensor components {e.g., a Global Position System
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(GPS} receiver component), altitude sensor components {¢.g., altimeters or
barometers that detect air pressure from which altitude may be derived),
oriciiation sensor componenis {e.g., magnetometers), and the like.

{86142} Communication may be implemented using a wide variety of
technologies. The I/0 components 2150 may include communication
components 2164 operable to couple the machine 2100 to a network 2180 or
devices 2170 via a coupling 2182 and a couphing 2172, respectively. For
example, the communication components 2164 may include a network interface
component or other suitable device to mnterface with the network 2130, In
further examples, the conununication compouneris 2164 may include wired
communicaion components, wireless communication components, cellular
communication components, Near Field Communication (NFC) components,
Bluetooth® components {¢.g., Bluctocth® Low Energy), Wi-Fi® components,
and other communication components to provide communication via other
modalities. The devices 2170 may be another machine or any of a wide vanety
of peripheral devices (¢.g., a peripheral device coupled via a USB).

166143} Morcover, the communication components 2 164 may detect
identifiers or include components operable to detect identifiers. For example,
the commupnication components 2164 may include Radio Frequency
Identification (RFID) tag reader components, NFC smart tag detection
components, optical reader components (e.g., an optical sensor to detect one-
dimensional bar codes such as Universal Product Code (UPC) bar code, multi-
dimensional bar codes such as Quick Response (QR} code, Aztee code, Data
Matrix, Dataglyph, MaxiCode, PDF417, Ultra Code, UCC R58-2D bar code,
and other optical codes), or acoustic detection components {e.g., microphones to
identify tagged audio signals). In addition, a variety of information may be
derived via the communication components 2164, such as location via Internet
Protocol (1P} geolocation, location via Wi-Fi® signal triangulation, location via
detecting an NFC beacon signal that may indicate a particular location, and so

forth.

TRANSMISSION MEDIUM
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[03144]  In various example embodiments, one or more portions of the
network 2180 may be an ad hoc network, an wtranet, an extranet, a virtual
private network (VPN}, a local arca network (LAN), a wireless LAN (WLAN), a
WAN, a wireless WAN (WWAN), a metropolitan area network (MAN), the
Internet, a portion of the Internet, a portion of the Public Switched Telephone
Network (PSTN), a plain old telephone service {(POTS) network, a cellular
telephone network, a wireless network, a Wi-Fi® network, another type of
network, or a combination of two or more such ngtworks. For example, the
network 2180 or a portion of the network 2180 may include a wireless or cellular
network and the coupling 2182 may be a Code Division Multiple Access
{CDMA) connection, a Global System for Mobile commumnications (GSM)
connection, or ancther type of cellular or wireless coupling. In this example, the
coupling 2182 may implement any of a varicty of tvpes of data transfer
technology, such as Single Carrier Radio Transmission Technology (IxRTT),
Evolution-Data Optinuzed (EVDO) technology, General Packet Radio Service
(GPRS} technology, Enhanced Data rates for GSM Evolution (EDGE)
technology, third Generation Parinership Project (3GPP) including 3G, fourth
generation wireless (4G) networks, Universal Mobile Telecommunications
Systemn (UMTS), High Speed Packet Access (HSPA), Worldwide
Interoperabihity for Microwave Access (WiMAX), Long Term Evolution (L'TE)
standard, others defined by various standard-setting organizations, other long
range protocols, or other data transfer technology.

[03145]  The instructions 2116 may be transmitied or received over the
network 2180 using a transmission medium via 3 network interface device {e.g.,
a network interface component mncluded m the communication components
2164) and utilizing any one of a number of well-known transfer protocols {e.g.,
HTTP). Similarly, the instructions 2116 may be transmitted or received using a
transmission medium via the coupling 2172 (¢.g.. a peer-to~-peer coupling) to the
devices 2170, The term “transmission medium” shall be taken to include any
intangible medium that s capable of storing, encoding, or carrying the
mnstructions 2116 for execution by the machine 2104, and includes digital or
analog communications signals or other intangible media to facilitate

communication of such software.
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LANGUAGE

{06146}  Throughout this specification, plural instances may implement
components, operations, or structures described as a single instance. Although
mdividual operations of one or more methods are illostrated and described as
separate operations, ong or more of the individual operations may be performed
concurrently, and nothing requires that the operations be performed in the order
tlustrated. Structures and functionality presented as separate components in
example configurations may be implemented as a combined structure or
component. Similarly, structures and functionality presented as a single
component may be implemented as separate components. These and other
vanations, modifications, additions, and improvements fall within the scope of
the subject matter herein.

{66147}  Although an overview of the inventive subject matter has been
described with reference to specific example embodiments, various
modifications and changes may be made to these embodiments without
departing from the broader scope of embodiments of the present disclosure.
Such embodiments of the inventive subject matter may be referred to herein,
mdividually or collectively, by the term “mvention” merely for convenicnee and
without intending to voluntarily limit the scope of this application to anv single
disclosure or mventive concept if more than one is, in fact, disclosed.

[66148] The embodiments illustrated herein are described m sufficient detail
to enable those skilled i the art to practice the teachings disclosed. Other
embodiments may be used and derived therefrom, such that structural and
logical substitutions and changes may be made without departing from the scope
of thig disclosure. The Detaled Description, therefore, tsnot to be taken in a
Emiting sense, and the scope of varicus embodiments is defined only by the
appended claims, along with the full range of equivalents to which such claims
are entitled.

[38149]  As used herein, the term “or” may be construed in etther an inclusive
or exclusive sense. Moreover, plural instances may be provided for rescurces,
operations, or structures described hereimn as a single mstance. Additionally,

boundaries between various resources, operations, modules, engines, and data
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stores are somewhat arbitrary, and particular operations are illustrated in a
context of specific illustrative configurations. (ther allocations of functionality
are envisioned and may fall within a scope of various embodiments of the
present disclosure. In general, structures and functionality presented as separate
resources i the example configurations may be implemented as a combined
struchire or resource. Sinularly, structures and fumetionality presented as a
single resource may be implemented as separate resources. These and other
variagtions, modifications, additions, and improvements fall within a scope of
embodiments of the present disclosure as represented by the appended claims.
The specitication and drawings are, accordingly, 1o be regarded 1n an illustrative

rather than a restrictive sense.
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CLAIMS
What 1s claimed is:
1. A computerized method of traiming and utibzing deep convolutional

neural networks {BUNNsg), the method comprising:

training a first DCNN to output a value for a first metnic by inputting a
plurality of sample documents to the first DCNN| each of the sample documents
having been labeled with a value for the first metric;

feeding a plurality of possible transformations of a first input document
to the first DONN, obtaining a value for the first metric for each of the plurality
of possible transformations;

selecting a first transformation from the plarality of possible
transformations based on the values for the first metric for cach of the plurality
of possible transformations;

training a second DUNN to cutput a transformation for a docoment by
mputting the selected first transformation and the corresponding value for the
first metric to the second DCNN; and

feeding a second input document to the second BCNN, obtaining a

second transtormation of the second inpwt document.

2. The method of claim 1, wherein the sample documents and the first and

second input documents are images.

3. The method of claim 1, wherein the inputting the plurality of sample
documents to the first DCNN includes, for each sample document:

passing the sample document to a convolutional laver of the first DUNN,
the convolutional laver comprising one or more filters having dyonamically
adjustable weights, the one or more tilters configured to filter the image to

produce an output volume for the corresponding sample document, the output

volume comprising a different feature map for cach of the one or more filters;

82



WO 2017/210174 PCT/US2017/034972

passing the output volume from the convolutional laver through a
noplinearity layer, the nonlinearity laver applying a nonlinearity function to the
ouiput volume from the convolutional layer;

passing the output volume from the nonlinearity layer through a pooling
laver, the pooling layer lowering spatial dimensions of the cutput volome from
the nonlinearity laver;

passing the output volume from the pooling laver through a classification
tayer, the classification layer comprising a specialized convolutional layer
having a filter designed to output a professionalism score for the sample
document based on the ouiput volume from the pooling tayer; and

passing the image through a loss layer, the loss layver applying a joss
function to the sample docwment, resulting in an indication of a level of error in
the professionalism seore for the sample document from the classification laver
in comparison to the professionalism score from the label of the sample
document;

determining whether a combination of the levels of error for the plurality
of sample documents transgresses a preset threshold; and

m response to a determination that the combimation of the levels of error
transgresses a preset threshold, updating weights of the one or more filters in the
convohitional layers of the first DUNN to reduce the combination of the levels
of error and repeating the training of the first DUNN using a different plurality
of sample documents and the updated weights;
4, The method of claim 3, wherein the feeding a plurality of possible
transformations ot the first input document to the first DCNN includes, for cach
of the plurality of possible transformations:

passing the transformation to the convolutional layer, generating output;

passing the output from the convolutional layer to the nonlinearity laver,
generating outpui;

passing the output from the nonlinearity layer to the pooling layer,
generating output; and

passing output from the nonlincanty laver to the classification layer,

generating a professionalism score for the transformation,
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5. The method of claim 1, wherein the plurality of possible transformations

are different croppings of an image.

6. The method of claim 1, further comprising:

feeding a second plurality of possible transformations of a first input
document to the first DCNN, obtaining a value for the first metric for cach of the
second plurality of possible transformations, the second plurality of possible
transformations being of a different transformation type than the plurality of
possible transformations;

selecting a third transformation from the second plurality of possible
transformations based on the values for the first metric for each of the second
phurality of possible transformations;

training a third DCNN 1o output another transformation for a document
bv mputting the selected third transformation {o the second DUNN; and

feeding the second mput document to the third BCNN, obtaming a fourth

transformation of the second input document.

7. The method of claim 1, wherein the second DONN comprises multiple
stages, each stage containing a different convolutional laver, nonlinearity layer,

and pooling laver.

3. A gystem comprising;

a computer readable medium having instructions stored there on, which,
when executed by a processor, cause the system to:

train g first DCNN to output a value for a first metric by inputting a
plurality of sample documents to the first DCNN, each of the sample documents
having been labeled with a value for the first metric;

feed a pluralitv of possible transformations of a first input document to
the first DCNN, obtaining a value for the first metric for cach of the plurality of

possible transformations;
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sclect a first transformation from the plarality of possible transformations
based on the values for the first metric for each of the plurality of possible
transformations;

train g second DCNN to output a transformation for a document by
mpuiting the selocted first transformation and the corresponding value for the
first metric to the second DCNN; and

feed a second input document to the sccond DCNN, obtaining a second

transformation of the second mput document.

9. The system of claim 8, wherein the sample documents and the first and

second mput documents are images.

10. The system of claim &, wherein the inputting the plurality of sample
documents 1o the first DUNN includes, for cach sample document:

passing the sample document to a convolutional faver of the first DONN,
the convolutional laver comprising one or more filters having dynamically
adjustable weights, the one or more filters configured to filter the image to
produce an output volume for the corresponding sample document, the output
volume comprising a different feature map for each of the one or more filters;

passing the output volume from the convolutional laver through a
nonlinearity layer, the nonlincarnity layer applving a nonlinearity function to the
output volume from the convolutional laver;

passing the output volume from the nonlineanty layer through a pooling
layer, the pooling layer lowering spatial dimensions of the output volume from
the nonlinearity layer;

passing the output volume from the pooling laver through a classification
tayer, the classification laver comprising a specialized convoliutional layer
having a filter designed to output a professionalism score for the sample
document based on the output volume from the pooling laver; and

passing the image throogh a loss laver, the loss layer applving a loss
function to the samplc document, resulting in an indication of a level of error in

the professionalism score for the sample document from the classification laver
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i1 comparison to the professionalism score from the label of the sample
document;

determining whether a combination of the levels of error for the plurality
of sample documents transgresses a preset threshold; and

in response to a determination that the combination of the levels of ervor
transgresses a preset throshold, updating weights of the one or more filters in the
convolutional lavers of the first DUNN to reduce the combination of the fevels
of error and repeating the training of the first DCNN using a different plurality

of sample documents and the updated weights;

11, The system of claim 10, wherein the feeding a plurality of posaible
transformations of the first input document to the first DCNN includes, for each
of the plurality of possible transformations:

passing the transformation to the convolutional laver, gencrating output;

passing the output from the convolutional layer to the nonlinearity laver,
generating output;

passing the output from the nonlinearity layer to the pooling layer,
generating output; and

passing output from the nonlinearity layer to the classification layer,

generating a professionalism score for the transformation.

12. The system of claim 8, wherein the plurality of possible transformations

arc different croppings of an image.

13, The system of claim &, wherein the instructions further cause the system
to:

feed a second plurality of possible transformations of a first mput
document to the first DCNN, obtaining a value for the first metric for cach of the
second plurality of possible transformations, the second plurality of possible
transformations being of a different transformation type than the plurality of

possible transformations;
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select a third transformation from the second plurality of possible
transformations based on the values for the first metnic for cach of the second
plurality of possible transformations;

train g third DCNN to output another transformation for a document by
mpuiting the selocted third transformation to the second DCNN; and

feed the second mput document to the third DUNN, obtaining a fourth

transformation of the seccond input document.

14, The system of claim 8, wherein the second DUNN comprises multiple
stages, each stage containing a diffcrent convolutional layer, nonlinearity laver,

and pooling laver.

15. A non-transitory machine-readable storage medivm comprising
mstructions, which when tmplemented by one or more machines, cause the one
or more machines to perform operations comprising:

training a first DCNN to output a value for a first metric by inputting a
plurality of sample documents to the first DCNN, each of the sample documents
having been labeled with a value for the first metric;

feeding a plurality of possible transformations of a first mput document
to the first DUNN, obtaining a value for the first metric for each of the plurality
of possible transformations;

sclecting a first transformation from the plurality of possible
transformations based on the values for the first metric for cach of the plurality
of possible transformations;

training a second DUNN {o output a transformation for a document by
mpuiting the selected first transformation and the corresponding value for the
first metric to the second DCNN; and

feeding a second input document to the second DCNN, obtaining a

second transformation of the second input document.

16.  The non-transitory machine-readable storage medium of claim 13,
wherein the sample documents and the first and second input documents are

HRages.
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17.  'The non-transitory machine-readable storage medium of claim 13,
wherein the inputting the plurality of sample documents to the first DCNN
includes, for cach sample document:

passing the sample document to a convolutional laver of the first DCNN,
the convolutional laver comprising one or more filters having dynamically
adjustable weights, the one or more filters configured to filter the image to
produce an output volume for the corresponding sample document, the output
volume comprising a different feature map for cach of the one or more filters;

passing the output volume from the convolutional laver through a
nonlinearity laver, the nonlineanty laver applying a nonlinearity function to the
output volume from the convolutional layer;

passing the output volume from the nonlincarity layer through a pooling
layer, the pooling layer lowering spatial dimensions of the output volume from
the nonlinearity laver;

passing the output volume from the pooling layer through a classification
laver, the classification layer comprising a specialized convolutional layer
having a filter designed to output a professionalism score for the sample
document based on the output volume from the pooling layer; and

passing the image through a loss layer, the loss layer applying a loss
function to the sample document, resulting 1n an indication of a level of crror in
the professionalism score for the sample document from the classification layer
i1 comparison to the professionalism score from the label of the sample
document;

determining whether a combination of the levels of error for the plurality
of sample documents transgresses a preset threshold; and
in response to a determination that the combination of the levels of error

transgresses a preset threshold, updating weights of the one or more filters in the
convolutional layers of the first DCNN to reduce the combination of the levels
of error and repeating the training of the first DCNN using a different plurality

of sample documents and the updated weights;
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18.  The non-transitory machine-readable storage medium of claim 17,
wherein the feeding a plurality of possible transformations of the first input
document to the first DCNN includes, for cach of the plurality of possible
transformations:

passing the transformation to the convolutional layer, generating output;

passing the output from the convolutional laver to the nonlinearity laver,
generating output;

passing the output from the nonlinearity layer to the pooling layer,
generating output; and

passing output from the nonlinearity layver fo the classification layer,

generating a protessionalism score for the transformation.

19.  The non-transitory machine-readable storage medium of claim 15,
wherein the plurality of possible transformations are ditferent croppings of an

mage.

20, The non-transitory machine-rcadablc storage medium of claim 15,
wherein the instructions further cause the one or more machines to perform
operations comprising;

feeding a second plurality of possible transformations of a first input
document to the first DCNN, obtaining a value for the first metric for cach of the
second plurality of possible transformations, the second plurality of possible
transformations being of a different transformation type than the plurality of
possible transformations;

selecting a third transformation from the second plurality of possible
transformations based on the values for the first metric for each of the second
phurality of possible transformations;

training a third DCNN 1o output another transformation for a document
bv mputting the selected third transformation {o the second DUNN; and

feeding the second mput document to the third BCNN, obtaming a fourth

transformation of the second input docoment.
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21, A computerized method for changing a system over from a first deep
convolutional neural network (BUNN) to a second DCNN, the first DCNN
trained to output a value for a first metric for a document input to the first
DONN and the second DUNN tramned to output a transformation of a first
transformation type for a document input to the first DCNN, the method
comprising;
for cach of one or more tput documents:
determining a first value for the first metric for a first
transformation of the input document by passing the first transformation
to the first DCNN;
obtaiming a second transformation of the input document by
passing the input document to the sccond DUNN;
passing the second transformation of the input document to the
first DCNN, obtaining a sccond value for the first metric for the second
transformation of the input document, the first and second
transformations being of the first transformation type;
determining, for the input document, a differcnce between the
first value and the second value;
determining whether to change the system over from the first DCKNN to
the second DCNN based on the differonce between the first value and the second
value for cach of the one or more mput documents; and
n response (o a deternunation that the system should be changed over
from the first DOCNN to the second DCNN, causing, for transformations of the
first transformation type, new input documents to the system to be passed to the

second DCNN m hieu of being passed to the first DONN,

22, The method of claim 21 wherein the determining whether to change the

> g &
system over ncludes adding a distance factor to the difference, the distance
factor set based on savings of computational power by virtue of using the second

DCNN in heu of the first DCNN.

23, The method of claim 21, wherein the first metric 1s a professionalism

SCOTe.
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24, The method of claim 21, wherein the determining whether to change the
system over includes passing two versions of the same input document to the
second DCNN and determining whether the second DCNN outputs the same

second transformation for each of the two versions.

25, The method of claim 21, wherein the two versions of the same input

document are partially overlapping portions of a single image.

26.  The method of claim 21, wherein the first transformation is obtamed by
feeding a plurality of possible transformations of the first input document to the
first BCNN and, for each of the plurality of possible transformations, within the
first DCNN:

passing the transformation to the convolutional laver, gencrating output;

passing the output from the convolutional layer to the nonlinearity laver,
generating output;

passing the output from the nonlinearity layer to the pooling layer,
generating output; and

passing output from the nonlinearity layer to the classification layer,

generating a professionalism score for the transformation.

27. The method of claim 21, wherein the transformation tvpe is a cropping.

28, A systom comprising:

a computer readable medium having mstructions stored there on, which,
when executed by a processor, cause the system to perform a method for
changing a system over from a first deep convolutional neural network (DCNN)
to a second DCNN, the first DONN trained to output a value for a first metric for
a document input to the first DCNN and the second DCNN trained to output a
transformation of a first transformation type for a document input to the first
DCNN, by:

for each of one or more nput documents:
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determining a first value for the first metric for a first
transformation of the input document by passing the first transformation
to the first DCNN;
obtaiming a second transformation of the input document by
passing the input document to the sccond DUNN;
passing the second transformation of the input document to the
first DCNN, obtaining a sccond value for the first metric for the second
transformation of the input document, the first and second
transformations being of the first transformation type;
determining, for the input document, a differcnce between the
first value and the second value;
determining whether to change the system over from the first DCKNN to
the second DCNN based on the differonce between the first value and the second
value for each of the one or more mput documents; and
n response (o a deternunation that the system should be changed over
from the first DOCNN to the second DCNN, causing, for transformations of the
first transformation type, new nput documents to the system to be passed to the

second DCNN m hieu of being passed to the first DONN,

29, The system of claim 28 whergin the determining whether to change the
system over ncludes adding a distance factor to the difference, the distance
factor set based on savings of computational power by virtue of using the second

DCNN in heu of the first DCNN.

30.  The system of claim 28, wherein the first metric 1s a professionalism
Score.
31, The system of claim 28, wherein the determining whether to change the

system over mcludes passing two versions of the same input document to the
second DCNN and determiming whether the second DCNN outputs the same

second transformation for each of the two versions.
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32.  The system of claim 28, wherein the two versions of the same inpat

document are partially overlapping portions of a single 1mage.

33, The system of claim 28, wherein the first transformation 1s obtained by
feeding a plurality of possible transformations of the first input document to the
first BCNN and, for each of the plurality of possible transformations, within the
first DCNN:

passing the transformation to the convolutional layer, generating output;

passing the output from the convolutional layer to the nonlinearity layer,
generating output;

passing the output from the nonlinearnity layer to the pooling layer,
generating output; and

passing output from the nonlineanity laver to the classification layer,

generating a professionalism score for the transformation,

34, The system of claim 28, wherein the transformation type 18 a cropping.
35, A non-transttory machine-readable storage medium comprising

mstractions, which when implemented by one or more machines, causce the one
or mor¢ machines to perform operations for changing a syster over from a first
deep convolutional neural network {DCNN) to a second DCNN, the first DONN
trained to output a value for a first metric tor a document input to the first
DCNN and the second DCNN trained to output a transformation of a first
transtormation type for a document input to the first DUNN, the operations
comprising:
for each of one or more input documents:
determining a first value for the first metric for a first
transformation of the input document bv passing the first transformation
to the first DCNN;
obtaining a second transformation of the input document by
passing the input document to the second DUNN;
passing the second transformation of the input document to the

first DCNN, obtaining a second value for the first metrie for the second
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transformation of the input document, the first and second
transformations being of the first transformation type;
determining, for the input document, a differcnce between the

first value and the second value;

determining whether to change the system over from the first DCKNN to
the second DCNN based on the differonce between the first value and the second
value for each of the one or more mput documents; and

in response to a determination that the system should be changed over
from the first DUNN to the second DCNN, causing, for transformations of the
first transformation type, new nput documents to the system to be passed to the

second DCNN m hieu of being passed to the first DONN,

36.  The non-transitory machine-readable storage medium of claim

35, wherein the determining whether to change the svstem over includes adding a
distance factor to the difference, the distance factor set based on savings of
computational power by virtue of using the second DUNN in hieu of the first

DCNN.

37.  The non-transitory machine-readable storage medium of claim 35,

wherein the first metric is a professionalism score.

38, The non-transitory machine-readable storage medium of claim 33,
wherein the determining whether to change the system over includes passing two
versions of the same input document to the second DCNN and determining
whether the second DUNN outputs the same second transformation for cach of

the two versions.

39 The non-transitory machine-readable storage medium of claim 33,
wheremn the two versions of the same input document are partially overlapping

portions of a single image.

40.  The non-transitory machine-readable storage medium of claim 35,

wherein the first transformation is obtained by
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feeding a plurality of possible transformations of the first input document
to the first DCNN and, for each of the plurality of possible transformations,
within the first DCNN:

passing the transformation to the convolutional layer, generating output;

passing the ootput from the convolutional layver to the nonlinearity layer,
generating cutput;

passing the output from the nonlinearity layer to the pooling laver,
generating output; and

passing output from the nonlinearity laver to the classification layer,

generating a professionalism score for the transformation.
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