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(57) ABSTRACT

Collaborative-filtered content recommendations with justi-
fication in real-time is described. A recommendation system
determines these recommendations, in part, by identifying
digital content items of a catalog that are associated with a
single attribute used to describe digital content. The attribute
used for the identification is based on affinity scores com-
puted for a client device user to which the recommendations
are being provided. These affinity scores indicate the client
device user’s affinity for different attributes used to describe
the digital content. Once the digital content items are iden-
tified based on the one attribute, the recommendation system
is then limited to ranking and selecting from the identified
digital content items to provide the recommendations. The
recommendation system does not process the entire catalog
of digital content items at once to rank and select the items.
Due to this, the described recommendation system performs
less computing and is therefore faster than conventional
recommendation systems.
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COLLABORATIVE-FILTERED CONTENT
RECOMMENDATIONS WITH
JUSTIFICATION IN REAL-TIME

BACKGROUND

[0001] Advances in computing systems enable content to
be produced easily and also to be distributed to end users
through a variety of channels, e.g., different web sites,
different applications on a variety of devices, and so on. As
a result, the amount of content available to users is not only
is staggeringly large, but also continues to grow. Given the
amount of available content, users are unlikely to know
about the entirety of this content. To this extent, recommen-
dation systems provide digital content recommendations to
users for items these systems predict the users will like.
These recommendation systems provide digital content rec-
ommendations for a variety of items including, but not
limited to, videos, music, audiobooks, e-books or periodi-
cals, news articles, products or services, and so forth.
[0002] Broadly speaking, there are two types of conven-
tional recommendation systems. The first type of recom-
mendation systems are item-based. Item-based recommen-
dation systems generally provide a same recommendation to
different client device users that consume a same digital
content item. For instance, if two different users view a same
video, item-based recommendation systems recommend a
same set of videos to watch next. This approach does not
personalize recommendations, however. Typically, person-
alized recommendations lead to higher user engagement and
retention than non-personalized recommendations. The sec-
ond type of conventional systems, user-based recommenda-
tion systems, can provide personalized recommendations. In
general, user-based recommendation systems learn a model
for a given user’s behavior, e.g., based on the given user’s
interaction history with digital content items, purchase his-
tory, and so forth. In particular, these user-based recommen-
dation systems learn this model in the form of latent factors.
While such latent factors capture some aspect of user
behavior, the captured aspect is often computer, but not
human, interpretable. Due to capturing aspects that are not
human-interpretable, the recommendations of user-based
systems cannot be provided with corresponding human-
interpretable justifications that explain why the recommen-
dations are provided. Though these recommendations rec-
ommend items that client device users may find more
interesting than other items, if the recommendations are
heeded, client device users may not be comfortable inter-
acting with such recommendations because they lack cor-
responding justifications. Accordingly, client device users
may not interact with recommendations provided using
these conventional techniques.

SUMMARY

[0003] To overcome these problems, collaborative-filtered
content recommendations with justification in real-time is
leveraged in a digital medium environment. A recommen-
dation system determines these recommendations, in part,
by identifying digital content items of a catalog that are
associated with a single attribute that is usable to describe
digital content. The attribute used for the identification is
based on affinity scores that are computed for a client device
user to which the recommendations are being provided.
These affinity scores indicate the client device user’s affinity
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for different attributes that can be used to describe the digital
content. Once the digital content items of the catalog are
identified based on the one attribute, the recommendation
system is then limited to ranking and selecting from the
identified digital content items to provide the recommenda-
tions. The recommendation system does not process the
entire catalog of digital content items at once to rank and
select the items. Due to this, the described recommendation
system performs less computing than conventional recom-
mendation systems and is therefore able to provide recom-
mendations faster than these systems.

[0004] This Summary introduces a selection of concepts in
a simplified form that are further described below in the
Detailed Description. As such, this Summary is not intended
to identify essential features of the claimed subject matter,
nor is it intended to be used as an aid in determining the
scope of the claimed subject matter.

BRIEF DESCRIPTION OF THE DRAWINGS

[0005] The detailed description is described with refer-
ence to the accompanying figures.

[0006] FIG. 1 is an illustration of an environment in an
example implementation that is operable to employ tech-
niques described herein.

[0007] FIG. 2 depicts an example implementation in
which a digital content delivery system of FIG. 1 provides
digital content recommendations with justifications explain-
ing why the recommendations are provided.

[0008] FIGS. 3A and 3B depict examples of user-to-
content and content-to-attribute mappings, respectively.
[0009] FIG. 4 depicts an example user interface config-
ured to present the digital content recommendations with the
justifications.

[0010] FIG. 5 depicts a procedure in an example imple-
mentation in which digital content recommendations are
provided with justifications to a client device.

[0011] FIGS. 6A and 6B depict a procedure in an example
implementation in which scores indicative of affinities of
client device users for content having different attributes are
computed and in which these affinity scores are used to
collaboratively filter digital content of a catalog for recom-
mendation to the client device users.

[0012] FIG. 7 illustrates an example system including
various components of an example device that can be
implemented as any type of computing device as described
and/or utilized with reference to FIGS. 1-6 to implement
embodiments of the techniques described herein.

DETAILED DESCRIPTION

[0013] Overview

[0014] As a result of advances in computing systems, the
amount of content available to users is not only is stagger-
ingly large, but also continues to grow. Given the amount of
available content, users are unlikely to know about the
entirety of this content. To this extent, recommendation
systems provide digital content recommendations to users
for items these systems predict the users will like. However,
conventional recommendation systems suffer from a variety
of drawbacks. One type of these systems, item-based rec-
ommendation systems, generally provide a same recommen-
dation to different client device users that consume a same
digital content item. Accordingly, this approach does not
personalize recommendations, though personalized recom-
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mendations lead to higher user engagement and retention
than non-personalized recommendations. Another type of
these systems, user-based recommendation systems, provide
personalized recommendations, but do so using latent fac-
tors that capture some aspect of user behavior, which is often
computer, but not human, interpretable. Consequently, rec-
ommendations from this second type of system cannot be
provided with corresponding human-interpretable justifica-
tions that explain why the recommendations are actually
provided. Due to these drawbacks, client device users may
not interact with recommendations provided using these
conventional techniques.

[0015] To overcome these problems, collaborative-filtered
content recommendations with justification in real-time is
leveraged in a digital medium environment. In accordance
with the described techniques, a recommendation system
determines recommendations for a client device user, in part,
by identifying digital content items of a catalog that are
associated with a single attribute that can describe digital
content. The attribute used for the identification is based on
affinity scores computed for the client device user, e.g., the
attribute having the highest affinity score. Broadly speaking,
the affinity scores indicate the client device user’s demon-
strated affinity for different attributes that can be used to
describe digital content. By way of example, attributes of
videos may correspond to genres, e.g., comedy, action,
drama, romance, and so on. Accordingly, affinity scores may
be computed that indicate the client device user’s affinity for
comedy videos, action videos, drama videos, romance vid-
eos, and so forth. As discussed below, the attributes may
describe a variety of characteristics of recommendable items
without departing from the spirit or scope of the described
techniques.

[0016] In any case, the recommendation system may ini-
tially compute affinity scores for a client device user based
on interactions of the user with different content items. In
one or more implementations, the recommendation system
generates a matrix that plots client device users against
digital content items of a content catalog. The recommen-
dation system populates cells of this matrix with strength-
of-interest measures for the digital content items the client
device users have interacted with. These strength-of-interest
measures represent a demonstrated interest of the client
device users with a particular content item. A demonstrated
interest may be explicit (e.g., user-provided ratings), or may
be estimated (e.g., based on an amount of interaction time
with the content item). In addition to this user-item matrix,
the recommendation system generates a matrix that plots the
digital content items against the different attributes that are
used to describe the digital content. The recommendation
system populates this matrix with indications (e.g., ‘1* or
0’) that indicate whether a digital content item is associated
with a given attribute (e.g., “1’) or not (e.g., ‘0’). Based on
these matrices, the recommendation system computes the
affinity scores, as described in more detail below.

[0017] Given the affinity scores, the recommendation sys-
tem is able to determine attributes of the digital content
items in which a client device user demonstrates the most
interest, e.g., the attributes corresponding to the highest
affinity scores. Based on this knowledge, the recommenda-
tion system initially identifies the digital content items of the
content catalog that are associated with one of the different
attributes, such as the attribute corresponding to a highest
affinity score of a client device user. Once the digital content
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items associated with this one attribute are identified, the
recommendation system ranks the identified digital content
items—the recommendation system is limited to ranking
solely the identified content items. In so doing, the recom-
mendation system avoids ranking the entire catalog of
digital content items at once. The recommendation system
then selects a subset of the digital content items to recom-
mend to the client device user based on the ranking, e.g., the
top-k digital content items. The recommendation system can
repeat this identifying, ranking, and selecting for additional
attributes—one attribute at a time—according to a request
specifying a number of recommendations associated with a
number of attributes.

[0018] In addition, the recommendation system generates
justifications for recommended items based on the attribute
used to identify them. Consider a scenario in which the
recommendation system identifies digital content items that
are associated with an ‘Action’ attribute, for instance,
because affinity scores of a client device user indicate a
demonstrated affinity for items associated with the ‘Action’
attribute. This may occur when the highest affinity score
computed for the client device user corresponds to the
‘Action’ attribute. In this scenario, the recommendation
system can generate a justification for the recommended
items such as “Because you liked action items.” Obviously,
this is merely an example, and justifications can be gener-
ated to describe why a user is presented with recommenda-
tions in a variety of ways that indicate the attribute used to
identify the recommended items. Regardless of the particu-
lar attribute used for the identification, the recommendation
system provides a justification with the selected subset of
content items based on the attribute used.

[0019] Accordingly, the described recommendation sys-
tem supports several advantages. One advantage is that the
recommendation system supports collaborative filtering to
provide recommendations that are diverse, personalized for
a particular client device user, and serendipitous. Addition-
ally, the techniques deployed by the recommendation system
enable the system to provide human-interpretable justifica-
tions explaining why these recommendations are provided.
Due to this, the described recommendation system may
provide recommendations that client device users are more
comfortable interacting with (resulting in conversion) than
recommendations provided by conventional techniques.
Moreover, the recommendations provided by the described
recommendation system may result in higher user engage-
ment and retention than those provided by conventional
systems. Further, the described recommendation system
performs less computing than conventional recommendation
systems because it ranks and selects items identified based
on a single attribute at a time. The described recommenda-
tion system is thus able to provide recommendations after a
request is received in substantially real time, which is faster
than conventional systems.

[0020]

[0021] As used herein, the term “justification” refers to a
human-interpretable explanation describing why a recom-
mendation is provided. In one or more implementations,
justifications are configured as text strings explaining why
particular recommendations are selected for provision to a
client device user.

[0022] As used herein, the term “serendipitous™ refers to
a recommendation for an item a client device user has not

Term Descriptions
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demonstrated a particular affinity toward but which the
client device user does like, e.g., when the client device user
consumes the digital content.

[0023] As used herein, a “strength-of-interaction mea-
sure” refers to a measured amount that a client device user
demonstrates interest in or likes an item. A strength-of-
interest measure may be based on an explicit indication of
the client device user’s interest, such as a user-provided
rating of the item. An example of this is selection of a
number of stars out of a possible number of selectable stars.
Alternately or in addition, a strength-of-interest measure
may implicitly measure the client device user’s interest
based on behavior of the client device user toward an item.
Examples of this include, but are not limited to, an amount
of time spent consuming (e.g., watching, listening to, and so
on) a digital content item, a percentage of time spent
consuming the digital content item, a number of times the
user consumes the digital content item, and so forth.
[0024] As used herein, the term “attribute” of a digital
content item refers to a characteristic of the digital content
item that is describable in human language. By way of
example, attributes for recommendable video include
genres, such as action, comedy, drama, romance, and so on.
Accordingly, a video can be associated with a ‘Comedy’
attribute, e.g., when the video is relatively funny. In the
following discussion, this video is said to be “associated
with” the ‘Comedy’ attribute or “has the” ‘Comedy’ attri-
bute. Indeed, a video may be associated with multiple genre
attributes, such as ‘Action’ and ‘Comedy’. Moreover, videos
may be associated with other attributes that describe char-
acteristics of the videos, such as describing subject matter of
the videos, actors appearing in the videos, types of videos,
awards received, and so on. Indeed, the attributes used to
describe videos may be different than enumerated herein
without departing from the spirit or scope of the described
techniques. Further still, various attributes may be used to
describe different types of recommendable items, e.g.,
audiobooks, e-books, products or services, music, and so
forth, without departing from the spirit or scope of the
techniques described herein.

[0025] As used herein, the term “content tag” refers to data
that is usable to describe an attribute of a recommendable
item and/or data that associates an attribute with a recom-
mendable item. An example of a content tag is a text string,
in metadata of a digital content item or associated with the
digital content item in some other way, that is indicative of
the attribute. For instance, an action video may have in its
metadata a text string ‘Action’; the presence of this text
string being effective to associate the video with the ‘Action’
attribute. Content tags may associate attributes with recom-
mendable items in different ways without departing from the
spirit or scope of the described techniques.

[0026] In the following discussion, an example environ-
ment is first described that may employ the techniques
described herein. Example implementation details and pro-
cedures are then described which may be performed in the
example environment as well as other environments. Con-
sequently, performance of the example procedures is not
limited to the example environment and the example envi-
ronment is not limited to performance of the example
procedures.

[0027] Example Environment

[0028] FIG. 1 is an illustration of an environment 100 in
an example implementation that is operable to employ
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collaborative-filtered content recommendations with justifi-
cation in real-time as described herein. The illustrated envi-
ronment 100 includes a service provider system 102, client
device 104, and digital content delivery system 106 that are
communicatively coupled, one to another, via a network
108.

[0029] Computing devices that are usable to implement
the service provider system 102, client device 104, and
digital content delivery system 106 may be configured in a
variety of ways. A computing device, for instance, may be
configured as a desktop computer, a laptop computer, a
mobile device (e.g., assuming a handheld configuration such
as a tablet or mobile phone), and so forth. Thus, the
computing device may range from full resource devices with
substantial memory and processor resources (e.g., personal
computers, game consoles) to a low-resource device with
limited memory and/or processing resources (e.g., mobile
devices). Additionally, a computing device may be repre-
sentative of a plurality of different devices, such as multiple
servers utilized by a business to perform operations “over
the cloud” as further described in relation to FIG. 7.
[0030] The service provider system 102 is illustrated as
including a service manager module 110 that is representa-
tive of functionality to provide services accessible via the
network 108 that are usable to make products or services
available to consumers. The service manager module 110,
for instance, may expose a website or other functionality that
is accessible via the network 108 by a communication
module 112 of the client device 104. The communication
module 112, for instance, may be configured as a browser,
a network-enabled application, and so on that obtains data
from the service provider system 102 via the network 108.
This data is employed by the communication module 112 to
enable a user of the client device 104 to communicate with
the service provider system 102 to obtain information cor-
responding to the products or services, e.g., web pages with
digital videos when the service provider system 102 is a
video platform service.

[0031] In order to personalize the information provided to
the client device users, the service provider system 102 may
employ a digital content delivery system 106. Although
functionality of the digital content delivery system 106 is
illustrated as separate from the service provider system 102,
this functionality may also be incorporated as part of the
service provider system 102, further divided among other
entities, and so forth. The digital content delivery system
106 includes a recommendation manager module 114 that is
implemented at least partially in hardware of a computing
device to provide recommendations 116 of digital content
with justifications 118 for those recommendations to the
client device 104. The justifications 118 indicate why the
recommendations 116 are provided, e.g., “These video rec-
ommendations are provided because User has demonstrated
an interest in comedy videos.” The digital content delivery
system 106 delivers the recommendations 116 and the
justifications 118 by configuring and transmitting commu-
nication 120. In general, the communication 120 is config-
ured as data that can be processed by the client device 104
to incorporate the recommendations 116 and the justifica-
tions 118 into a user interface for output, e.g., via a display
of the client device 104, via speakers associated with the
client device 104, and so forth.

[0032] The recommendation manager module 114 is illus-
trated with affinity module 122 and recommendations gen-
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eration module 124. The affinity module 122 and the rec-
ommendations  generation module 124  represent
functionality to carry out aspects of recommendation—and
justification—provision based on digital content of digital
content catalog 126 and user data 128, which are illustrated
in storages 130, 132, respectively. Here, the digital content
catalog 126 is illustrated with digital content item 134
having content tags 136. The digital content catalog 126 is
further depicted with ellipses to represent that the digital
content delivery system 106 includes or has access to
multiple digital content items 134.

[0033] In accordance with the described techniques, the
digital content items 134 may assume a variety of forms,
including, but not limited to digital content including videos,
music, audiobooks, digital books or periodicals, news
articles, web pages for products or services, advertisement
components for products or services, and so forth. To this
end, the recommendations 116 are each configured to rec-
ommend to a user of the client device 104 a respective video,
song, audiobook, digital book or periodical, news article,
product or service, and so on. The content tags 136 represent
information describing the respective digital content item
134, such as categories for describing digital content of a
type or other pertinent information. In connection with
videos, for instance, the content tags 136 can be configured
to describe categories such as genre (e.g., comedy, action,
and romance), subject matter (e.g., floods, cats, and dogs),
type (e.g., movie, television, and news video), and so forth.
The content tags 136 can also be configured to describe other
aspects of videos, such as actors, directors, producers,
reviews, length, and so on. Indeed, the content tags 136 can
be formatted in different ways and used to describe a variety
of attributes of digital content items 134 without departing
from the spirit or scope of the techniques described herein.

[0034] Data may also be generated based on the provision
of the digital content items 134 to describe which users
received these items as well as interactions of the users with
the items. This generated data may be included in user
profile 138, for example. The user profile 138 represents a
single client device user, e.g., a client device user having a
user account with the digital content delivery system 106, a
client device user authenticated to the client device 104,
and/or a client device user the digital content delivery
system 106 otherwise tracks across various interactions with
the client device 104. The user data 128 is depicted with
ellipses to indicate that the storage 132 is configured to store
information about multiple users. As described herein, the
affinity module 122 and the recommendations generation
module 124 use the interaction information 140 along with
the content tags 136 of the digital content items 134 to
determine the digital content items 134 to recommend and
the justifications 118 for recommending the recommended
items.

[0035] In particular, these modules use a strength-of-
interaction measure 142 to carry out the functionality
described above and below. Broadly speaking, the strength-
of-interaction measure 142 measures an amount that a client
device user demonstrates interest in or likes a digital content
item 134. By way of example, the strength-of-interaction
measure 142 may be based on an explicit indication of a
client device user’s interest, such as a user-provided rating,
e.g., a number of stars out of a possible number of stars.
Alternately or in addition, the strength-of-interaction mea-
sure 142 may implicitly measure interest based on behavior
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of a client device user, such as based on an amount of time
spent consuming (e.g., watching, listening to, and so on) a
digital content item, a percentage of time spent consuming
the digital content item, a number of times the user con-
sumes the digital content item, and so forth. In one or more
implementations, the strength-of-interaction measure 142
may be a combination of multiple different aspects indica-
tive of a client device user’s interest in a digital content item.
Accordingly, the strength-of-interaction measure 142 may
measure or estimate user interest in a digital content item in
a variety of ways without departing from the spirit or scope
of the techniques described herein.

[0036] To generate the recommendations 116 and the
justifications 118 for a particular user, initially the affinity
module 122 determines or otherwise obtains the strength-
of-interaction measure 142 for each of the digital content
items the particular user has consumed. These strength-of-
interaction measures 142 are determined for digital content
items that are pertinent to the digital content being recom-
mended. If the digital content being recommended is videos,
for instance, then the strength-of-interaction measures 142
are determined for videos the particular user has previously
watched. Similarly, if the digital content being recom-
mended is audiobooks, then the strength-of-interaction mea-
sures 142 are determined for audiobooks to which the
particular user has previously listened.

[0037] In one or more implementations, the affinity mod-
ule 122 generates a matrix based on these strength-of-
interaction measures 142, such that the rows of the matrix
correspond to client device users and the columns corre-
spond to digital content items. Alternately, the columns of
the matrix correspond to the client device users and the rows
correspond to the digital content items. Here, the cells of the
matrix are the strength-of-interaction measures 142. Accord-
ingly, when the rows correspond to client device users and
the columns correspond to digital content items, a row
indicative of an individual user will include the strength-of-
interaction measures 142 determined for the individual user
in relation to each of the digital content items, and another
row indicative of a different individual user will include the
strength-of-interaction measures 142 determined for the
different individual user in relation to each of the digital
content items. It follows then that a column indicative of an
individual digital content item includes the strength-of-
interaction measures 142 for each of the client device users
that consumed the item.

[0038] The affinity module 122 also generates a mapping
of selected content attributes to the digital content items 134
of the digital content catalog 126 based on the content tags
136. Consider an example in which the affinity module 122
generates the mapping to map a catalog of digital movies to
categories indicated by the content tags 136, such as genre
and actors appearing in the videos. In this example, the
videos may be associated with content tags such as ‘action,’
drama,“romance,” as indicative of genre and tags such as
‘Sarah Jessica Parker,” ‘Hugh Jackman,” as indicative of
actors appearing in the videos. In a similar fashion as the
strength-of-interaction measures 142 are mapped to users
using a matrix, in one or more implementations, the selected
attributes are also mapped to the digital content items 134
using a matrix.

[0039] Referring again to the video example, the affinity
module 122 generates a second matrix based on the digital
content items 134 and the respective content tags 136. The
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affinity module 122 can configure this second matrix such
that the rows of the matrix correspond to the digital content
items 134 of the digital content catalog 126 and the columns
correspond to the selected attributes. Alternately, the affinity
module 122 can configure this second matrix such that the
columns of the matrix correspond to the selected attributes
and the rows correspond to the digital content items 134.
Here, the cells of the matrix may simply be indications
regarding whether the digital content items have a tag that
indicates association with each of the attributes or not, e.g.,
the value of a cell may be ‘1’ to indicate that a digital content
item 134 has a content tag 136 indicative of the attribute (the
presence of a tag describing a video as an ‘action’ video
results in a ‘1’ for an action-attribute column) and a ‘0’ to
indicate that the digital content item does not have a content
tag 136 indicative of the attribute (the absence of a tag
describing a video as an ‘action’ video results in a ‘0’ for the
action-attribute column). The association or non-association
with an attribute can be indicated in other ways than one and
zero, respectively, without departing from the spirit or scope
of the techniques described herein.

[0040] In any case, the affinity module 122 is configured
to determine affinities of a user in real-time for the different
selected attributes, e.g., by computing a product of the
above-described user-content matrix and the content-attri-
bute matrix. Based on these determined affinities, the rec-
ommendations generation module 124 determines the digital
content items 134 to provide to the client device 104 as the
recommendations 116. To determine the recommendations
116, the recommendations generation module 124 filters the
digital content items 134 of the digital content catalog 126
based on the determined affinities for the client device user.
In one or more implementations, the recommendations
generation module 124 does this by initially identifying
from the digital content catalog 126 the digital content items
134 having a selected attribute for which the user is deter-
mined to have an affinity, e.g., a selected attribute for which
the user has a highest determined affinity, the top-k selected
attributes according to the determined affinities, the selected
attributes for which the determined affinity meets a prede-
termined threshold, and so forth. Consider an example in
which the affinity module 122 determines that a user of the
client device 104 has a highest affinity for digital content
items 134 with the content tag 136 ‘Finance’. In this
example, the recommendations generation module 124 ini-
tially identifies each of the digital content items 134 having
a ‘Finance’ content tag 136 in real-time. Once these are
identified, the recommendations generation module 124
ranks the identified digital content items 134 in real-time
based on the determined affinities of the client device user
and characteristics of the identified items, as indicated by the
content tags 136.

[0041] Unlike conventional techniques, the described
techniques enable the digital content delivery system 106 to
generate the recommendations 116 using collaborative fil-
tering and also provide the recommendations 116 with the
justifications 118. In contrast to this, conventional recom-
mendation techniques leveraging collaborative filtering are
based on latent factors that are capable of providing recom-
mendations matching a user’s demonstrated tastes but are
not human-interpretable. Consequently, conventional rec-
ommendation techniques that use collaborative filtering do
not also provide justifications—that correspond to the lev-
eraged latent factors—for the recommendations. Because

May 30, 2019

client device users can be leery of interacting with recom-
mended digital content that is not presented with a justifi-
cation, many conventionally configured systems do not
utilize collaborative filtering. These conventional systems
can thus fail to provide recommendations for digital content
that is diverse, personalized for a particular client device
user, and serendipitous. Using the described techniques,
however, the recommendation manager module 114 is able
to generate justifications as human-interpretable language
(e.g., text) for recommendations determined with collabora-
tive filtering, e.g., including recommendations for digital
content that is diverse, personalized for a particular client
device user, and serendipitous. As used herein, “serendipi-
tous” refers to a recommendation for an item a client device
user has not demonstrated a particular affinity toward but
which the client device user does like, e.g., when the client
device user consumes the digital content. Accordingly, the
recommendation manager module 114 may cause more
client device users to interact with the recommendations
provided than conventional recommendation techniques.
[0042] Having considered an example environment, con-
sider now a discussion of some example details of the
techniques for rule determination of collaborative-filtered
content recommendations with justifications in real-time in
a digital medium environment in accordance with one or
more implementations.

[0043] Collaborative-Filtered Content Recommendations
with Justifications

[0044] FIG. 2 depicts an example implementation 200 in
which a digital content delivery system of FIG. 1 provides
digital content as recommendations with justifications
explaining why the recommendations are provided. The
illustrated example 200 includes from FIG. 1 the affinity
module 122 and the recommendations generation module
124.

[0045] The affinity module 122 is depicted obtaining the
strength-of-interaction measures 142 and content tag data
202. The content tag data 202 is indicative of the content
tags 136 with which the digital content items 134 of the
digital content catalog 126 are tagged. In the illustrated
example, the affinity module 122 is depicted with matrix
generation module 204, which represents functionality to
map users to the digital content items 134 of the catalog and
to map selected attributes indicated by the content tags 136
to the digital content items 134. In one or more implemen-
tations, the matrix generation module 204 memorializes
these mappings by generating user-item matrix 206 and
item-attribute matrix 208. In this context, consider FIGS. 3A
and 3B.

[0046] FIGS. 3A and 3B depict at 300 examples of user-
to-content and content-to-attribute mappings. In particular,
FIG. 3A depicts a user-to-content mapping configured as a
first matrix 302 and FIG. 3B depicts a content-to-attribute
mapping configured as a second matrix 304.

[0047] In the illustrated example 300, the rows of the first
matrix 302 correspond to users 306 and the columns corre-
spond to content items 308. In accordance with the described
techniques, the users 306 are each associated with a user
profile 138 and the content items 308 represent the digital
content items 134 of the digital content catalog 126. Accord-
ingly, the interaction information 140 of these users 306
describes interactions with the content items 308. In par-
ticular, the interaction information 140 includes a measure
of the interaction strength, e.g., strength-of-interaction mea-
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sures 142, that indicate a relative strength of a client device
user’s interaction with the different content items 308. As
noted above, the strength-of-interaction measure 142 may be
configured in a variety of ways (e.g., express rating given by
auser, pro-rata amount of consumption, etc.) without depart-
ing from spirit or scope of the techniques described herein.
[0048] Regardless of the particular measure, the cells of
the first matrix 302 represent strength-of-interaction mea-
sures 142 indicated by a respective user’s interaction infor-
mation. For instance, a value of first cell 310 (0.982%)
corresponds to the strength-of-interaction measure 142
included in the user profile 138 of the user *kaa$h17’ for the
content item ‘Content_1’. Similarly, a value of second cell
312 (“0.743’) corresponds to another strength-of-interaction
measure 142 included in the user profile 138 of the user
‘kaa$h17’ for the content item ‘Content_2’. In accordance
with the described techniques, the matrix generation module
204 processes the strength-of-interaction measures 142 to
generate the user-item matrix 206 so that it is configured in
a similar manner as the first matrix 302, e.g., one axis
corresponding to client device users, the other correspond-
ing to items of a catalog, and cells corresponding to respec-
tive strength-of-interaction measures of these client device
users with these items.

[0049] In contrast, the rows of the second matrix 304
correspond to the content items 308 and the columns cor-
respond to selected attributes 314 of content items. In
accordance with the described techniques, the selected attri-
butes 314 correspond to attributes of content items that are
describable using the content tags 136. In particular, the
content tags 136 represent the attributes with which a
content item is associated, e.g., if one attribute that can be
used to describe content is ‘Action’, the presence of an
Action’ content tag 136 indicates that the respective content
item is an action content item or has the attribute of being
associated with action. To this end, the cells of the second
matrix 304 include values indicative of whether a corre-
sponding content item 308 is associated with the selected
attributes 314 or not, as indicated by the content tags 136.
[0050] In this example 300, a value of one indicates that
a content item is associated with the attribute and a value of
zero indicates that the content item is not associated with the
attribute. For instance, third cell 316 has a value of one. This
indicates that the content item 308 ‘Content_1" is tagged
with an ‘Action’ content tag 136, which indicates that
‘Content_1" is associated with the action attribute. In con-
trast, fourth cell 318 has a value of zero. This indicates that
the content item 308 ‘Content_1" is not tagged with a
‘Drama’ content tag 136, indicating therefore that ‘Content_
1” is not associated with the drama attribute. In accordance
with the described techniques, the matrix generation module
204 processes the content tag data 202 to generate the
item-attribute matrix 208 so that it is configured in a similar
manner as the second matrix 304, e.g., one axis correspond-
ing to the items of the digital content catalog 126, the other
corresponding to selected attributes that can be used to
describe the items, and cells corresponding to values indica-
tive of association or non-association of the items with the
selected attributes as indicated by the content tags 136.

[0051] The affinity module 122 is further depicted having
user-attribute scoring module 210 in the illustrated example
200. The user-attribute scoring module 210 represents func-
tionality to compute attribute affinity scores 212 for client
device users based on the user-item matrix 206 and the
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item-attribute matrix 208. In general, the attribute affinity
scores 212 represent a given client device user’s affinity for
digital content items associated with a particular attribute.
With reference to the attributes illustrated in FIG. 3B, for
instance, the attribute affinity scores 212 are configured to
indicate a particular user’s affinity for content associated
with the ‘Action’ attribute. To generate these attribute affin-
ity scores 212, the user-attribute scoring module 210 com-
putes a product of the user-item matrix 206 and the item-
attribute matrix 208. In one or more implementations, the
user-attribute scoring module 210 further computes Log-
Likelihood Ratios from the multiplied matrices to derive the
attribute affinity scores 212. The user-attribute scoring mod-
ule 210 also represents functionality to configure the attri-
bute affinity scores 212 as latent factor vectors—generating
one such vector for each client device user. With respect to
FIGS. 3A and 3B, attribute affinity scores configured as
latent factor vectors indicate for each of the users 306 their
affinity scores for ‘Action’, ‘Drama’, ‘Romance’, ‘Sarah
Jessica Parker,” and ‘Attribute_n’.

[0052] The recommendations generation module 124 is
depicted obtaining the attribute affinity scores 212, e.g.,
obtaining the per-user latent factor vectors. From the attri-
bute affinity scores 212, the recommendations generation
module 124 is configured to determine the recommendations
116. To determine the recommendations 116, the recommen-
dations generation module 124 employs collaborative filter-
ing module 214. Initially, the collaborative filtering module
214 identifies the digital content items 134 of the digital
content catalog 126 having a particular attribute, e.g., an
attribute corresponding to a highest attribute affinity score
212 for a client device user under consideration. Consider an
example in which a highest of the attribute affinity scores
212 for a given client device user corresponds to the
‘Action’ attribute. In this scenario, the collaborative filtering
module 214 initially identifies each digital content item of
the digital content catalog 126 having an ‘Action’ content
tag 136. The collaborative filtering module 214 then ranks
the identified digital content items.

[0053] In one or more implementations, the collaborative
filtering module 214 ranks the identified digital content
items based on the attribute affinity scores 212 for the client
device user under consideration and the attributes with
which each of these digital content items is associated, e.g.,
according to the content tags 136. These attribute affinity
scores may be represented, for instance, using the latent
factor vector generated for the client device user under
consideration. The collaborative filtering module 214 may
further utilize latent factor vectors that are generated for the
digital content items from the user-item matrix 206 using a
matrix factorization algorithm, such as Alternating Least
Squares. In such scenarios, the collaborative filtering mod-
ule 214 computes an identified content score as a dot product
of the client device user’s latent factor vector and the latent
factor vector of an identified digital content item. The
collaborative filtering module 214 then ranks the identified
digital content items for the user under consideration accord-
ing to these dot products. For the recommendations 116, the
collaborative filtering module 214 selects the top-k ranking
digital content items.

[0054] These top-k digital content items correspond to
items identified as associated with one particular attribute.
This particular attribute further serves as a basis for gener-
ating the justifications 118 of these top-k items, such that if
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the attribute relative to which these items are initially
identified is ‘Action’ then these items can be presented with
a justification such as ‘Because you demonstrated an interest
in action items’. The number of items selected in relation to
a single attribute may be based on a user interface via which
the items are being presented, e.g., a form factor of the client
device 104, display area of an application’s user interface,
and so forth.

[0055] The collaborative filtering module 214 is capable
of performing this identifying, ranking, and selecting of
content items for each of the different selected content
attributes. However, the collaborative filtering module 214
may limit the identifying, ranking, and selecting to a subset
of the attributes, such as a highest scoring attribute (accord-
ing to the attribute affinity scores), a top-k number of
attributes, and so forth. Like the number of items selected for
recommendation with one particular attribute, a number of
attributes for which items are identified may be based on a
user interface, e.g., a form factor of the client device 104,
display area of an application’s user interface, and so forth.
As items are identified, ranked, and selected for recommen-
dation relative to a particular attribute, the collaborative
filtering module 214 uses that particular attribute to serve as
a basis for generating the corresponding justifications 118.
The recommendations generation module 124 generates the
communication 120 with the recommendations 116 and the
justifications 118 determined in this way.

[0056] In one or more implementations, the recommenda-
tions generation module 124 generates the communication
120 and communicates it to the client device 104 as content
items are recommended in relation to each attribute. Alter-
nately or in addition, the recommendations generation mod-
ule 124 generates the communication 120 and communi-
cates it to the client device 104 for content items
recommended in relation to multiple attributes. In any case,
the communication 120 enables the client device 104 to
present the recommendations 116 with the justifications 118.
In this context, consider FIG. 4.

[0057] FIG. 4 depicts an example user interface 400 that
is configured to present digital content recommendations
with justifications indicating why the recommendations are
provided. The illustrated example 400 includes recommen-
dation presentation interface 402, which is illustrated as a
graphical user interface though other configurations (e.g.,
audio) are contemplated in the spirit or scope of the tech-
niques described herein.

[0058] In accordance with the described techniques, the
recommendation presentation interface 402 is generated to
present the recommendations 116 along with the justifica-
tions 118. For example, the recommendation presentation
interface 402 includes video recommendations 404 and
video justification 406. The video justification 406 indicates
to a user why the video recommendations 404 are being
presented via the recommendation presentation interface
402. In this case, the video justification 406 indicates that the
video recommendations 404 are presented via the user
interface ‘Because You Liked Comedy’. This represents that
the attribute affinity scores 212 computed for indicated user
408 (‘kaa$h17’) may include a highest affinity score for
‘Comedy’ videos.

[0059] The other recommendations presented via the rec-
ommendation presentation interface 402 also include justi-
fications. The second row of video recommendations, for
instance, is presented with the justification ‘Because You
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Liked Drama’. In contrast to the video justification 406 and
the justification for the second row of videos, the third row
of video recommendations represents a predicted genre of
videos (e.g., romantic comedy “Rom-Com”) with the justi-
fication ‘Because You Liked Comedy & Drama’. This
indicates that the recommendations generation module 124
is configured to predict content for which the indicated user
408 will have an affinity based on a combination of multiple
attributes—in this case the attributes of being associated
with comedy and being associated with drama.

[0060] Broadly speaking the recommendations generation
module 124 is configured to predict content for which a user
will have an affinity but for which the user has not yet
demonstrated an affinity. Invariably, most users will not have
consumed each digital content item 134 of the digital
content catalog 126. As part of predicting attributes (and
thus content) for which a user will have an affinity, the
affinity module 122 augments the user-item matrix 206 to
include strength-of-interaction measures for the digital con-
tent items 134 a user has not yet consumed. In one or more
implementations, the affinity module 122 determines at least
one other user that is similar to a user for which the user-item
matrix 206 is being completed. The affinity module 122
copies strength-of-interaction measures from the at least one
other user’s matrix to the user-item matrix 206 being com-
pleted. The affinity module 122 may augment the user-item
matrix 206 to complete it in other way without departing
from the spirit or scope of the techniques described herein.

[0061] Given this, the user-attribute scoring module 210
can re-compute the attribute affinity scores 212 with the
augmented user-item matrix 206, e.g., by multiplying the
augmented user-item matrix 206 and the item-attribute mat-
ric 208 and computing a Log-Likelihood Ratio based on
these multiplied matrices. The collaborative filtering module
214 can then perform the above described identifying,
ranking, and selecting to predict content a user will like even
though the content has attributes for which the user has not
yet demonstrated an affinity. This enables the recommenda-
tions generation module 124 to provide the recommenda-
tions 116 with the justifications 118 to client device users
that have consumed a relatively small amount of content,
e.g., new users to a platform. This also enables the recom-
mendations generation module 124 to recommend newly
released (e.g., posted, published, and so on) digital content
items, digital content items having an attribute the user is
predicted to have an affinity for, and so forth. This is because
the recommendation manager module 114 exploits the meta-
data (e.g., content tags 136) of recommendable items rather
than recommending items based on numbers of client device
users having consumed the items. Recommending items
based on metadata and determined user affinities can be
especially beneficial for time-sensitive content such as news
content, where items may be considered stale by the time
enough client device users have consumed an item to cause
it to be “popular.”

[0062] As noted above, the collaborative filtering module
214 filters content attribute-by-attribute for recommenda-
tions, e.g., identifying digital content items of the digital
content catalog 126 that are associated with one attribute and
then next attributes (one attribute at a time) if more recom-
mendations are requested. In so doing, the recommendations
generation module 124 avoids computing a dot product or a
custom Foundation Matrix score (FM-score) over an entirety
of the digital content catalog 126. Limiting dot product
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computations to the digital content items associated with one
attribute enables the recommendations generation module
124 to select items for recommendation more efficiently
(reduced computations) and faster than conventional recom-
mendation techniques. This enables the recommendation
manager module 114 to provide the recommendations 116 in
substantially real-time responsive to a request for the rec-
ommendations 116, e.g., a request from the client device 104
made via an application programming interface (API).
Moreover, the reduction in the computations enables the
recommendation manager module 114 to scale its recom-
mendation provision to a larger number of client device
users than conventional techniques while maintaining sub-
stantially real-time delivery.

[0063] Having discussed example details of the techniques
for collaborative-filtered content recommendations with jus-
tification in real-time, consider now some example proce-
dures to illustrate additional aspects of the techniques.
[0064] Example Procedures

[0065] This section describes example procedures for col-
laborative-filtered content recommendations with justifica-
tion in real-time in one or more implementations. Aspects of
the procedures may be implemented in hardware, firmware,
or software, or a combination thereof. The procedures are
shown as a set of blocks that specify operations performed
by one or more devices and are not necessarily limited to the
orders shown for performing the operations by the respec-
tive blocks. In at least some implementations the procedures
are performed by a suitably configured device, such as the
digital content delivery system 106 of FIG. 1 that makes use
of an affinity module 122 and recommendations generation
module 124.

[0066] FIG. 5 depicts an example procedure 500 in which
digital content recommendations are provided with justifi-
cations to a client device. Affinity scores are obtained that
are indicative of a client device user’s affinities for different
attributes of recommendable digital content (block 502). By
way of example, the recommendations generation module
124 obtains the attribute affinity scores 212. As discussed
above, these attribute affinity scores 212 are indicative of a
client device user’s affinities for different attributes of rec-
ommendable digital content, e.g., the digital content items
134 of the digital content catalog 126.

[0067] A first set of digital content items of a content
catalog are identified that are associated with a first of the
different attributes (block 504). In accordance with the
principles discussed herein, the digital content items are
identified according to metadata describing these items.
Further, the one attribute used as a basis for identifying these
items is based on the obtained affinity scores, e.g., an
attribute corresponding to the highest affinity score. By way
of example, the collaborative filtering module 214 identifies
one or more of the digital content items 134 of the digital
content catalog 126 that are associated with one of the
different attributes, such as an attribute having a highest of
the attribute affinity scores obtained at block 502. The
collaborative filtering module 214 identifies these digital
content items according to the content tags 136—the iden-
tified items having a content tag that associates the identified
items with the one different attribute.

[0068] The first set of digital content items are ranked
based, in part, on the obtained affinity scores and the
metadata of the first set of digital content items (block 506).
By way of example, the collaborative filtering module 214
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ranks the digital content items identified at block 504. The
collaborative filtering module 214 ranks these identified
items based, in part, on the affinity scores obtained at block
502 and the content tags 136. As discussed above and below,
the affinity scores are indicated by a latent factor vector
computed for the client device user, and the content tags of
the identified items are indicated by latent factor vectors
computed for the identified content items.

[0069] One or more of the first set of digital content items
are selected for recommending to the client device user
based on the ranking (block 508). By way of example, the
collaborative filtering module 214 selects one or more of the
digital content items identified at block 504 based on the
ranking at block 506, such as the top-k ranked items. The
recommendations generation module 124 configures infor-
mation about these items for provision as the recommenda-
tions 116. In other words, the recommendations 116 are
formed to represent the items selected at block 508.

[0070] A justification is generated based on the first attri-
bute and explains why the recommendations are provided
(block 510). In accordance with the principles discussed
herein, the justification is provided with the recommenda-
tions. By way of example, the recommendations generation
module 124 generates the justifications 118 for the items
selected at block 508. The justifications 118 explain why
those items are recommended to the client device user via
the recommendations 116. The recommendations generation
module 124 further provides the justifications 118 with the
recommendations 116, e.g., as part of the communication
120.

[0071] Determine whether more recommendations are
requested (block 512). If a determination is made that more
recommendations are requested (i.e., “YES” at block 512),
the method returns to block 504 to identify at least a second
set of digital content items that are associated with at least
a second of the different attributes, e.g., corresponding to at
least a second-highest affinity score. By way of example, the
recommendations generation module 124 determines that
more recommendations are requested than items selected at
block 508 and the method returns to block 504 to identify
digital content items associated with another attribute, e.g.,
a next-highest scoring attribute. If a determination is made
that more recommendations are not requested (i.e., “NO” at
block 512), however, then the recommendations are pre-
sented with the justifications (block 514). By way of
example, the recommendations generation module 124
determines that more recommendations are not requested,
e.g., the number of items selected equals or exceeds a
number of items requested. The digital content delivery
system 106 delivers the recommendations 116 with the
justifications 118 to the client device 104, which includes
functionality operable to present the recommendations 116
with the justifications 118. For instance, the client device
104 presents the recommendation presentation interface 402
having the video recommendations 404 and the video jus-
tification 406. As discussed above, the recommendations
116 may recommend items other than videos, such as music,
e-books, audiobooks, products and services for purchase,
and so on.

[0072] FIGS. 6A and 6B depict an example procedure 600
in which scores indicative of affinities of client device users
for content having different attributes are computed and in
which these affinity scores are used to collaboratively filter
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digital content of a catalog for providing recommendations
to the client device users in real-time.

[0073] A user-item matrix is generated having cells that
indicate strength-of-interaction measures of client device
users with digital content items of a catalog of the digital
content items (block 602). By way of example, the affinity
module 122 generates the user-item matrix 206 based on the
strength-of-interaction measures 142 taken from the user
data 128. As noted above, the strength-of-interaction mea-
sure 142 measures one or more interactions of a user with a
digital content item 134 of the digital content catalog
126—some measures may correspond to an explicitly
expressed indication (e.g., a rating) of interest in a content
item while other measures estimate the interest in the
content (e.g., a length of time of the interaction).

[0074] An item-attribute matrix is generated having cells
that indicate association of the digital content items of the
catalog with different attributes that can be used to describe
the digital content items (block 604). By way of example,
the affinity module 122 generates the item-attribute matrix
208 for the digital content items 134 of the digital content
catalog 126. Based on the content tags 136, the affinity
module 122 sets cell values of the item-attribute matrix 208
to indicate whether a digital content item is associated with
the different attributes or not.

[0075] The user-item matrix and the item-attribute matrix
are multiplied (block 606). By way of example, the user-
attribute scoring module 210 multiplies the user-item matrix
206 and the item-attribute matrix 208. Attribute affinity
scores are determined for the client device users by com-
puting a Log-Likelihood Ratio (LLR) with the multiplied
matrices (block 608). By way of example, the user-attribute
scoring module 210 determines the attribute affinity scores
212 by computing an LLR with the user-item matrix 206 and
the item-attribute matrix 208 multiplied at block 606.
[0076] Digital content items associated with an attribute
are identified for a particular client device user (block 610).
In accordance with the principles discussed herein, the
attribute has a highest attribute affinity score for the particu-
lar client device user. By way of example, the collaborative
filtering module 214 identifies the digital content items 134
of the digital content catalog 126 that are associated with a
highest-scoring attribute determined for a user of the client
device 104. The procedure 600 continues at ‘A’ from FIG.
6A to FIG. 6B.

[0077] A latent factor vector is determined for the particu-
lar client device user and latent factor vectors are determined
for the identified digital content items (block 612). In
accordance with the principles discussed herein, the latent
factor vector for the particular client device user is deter-
mined based on the attribute affinity scores and the latent
factor vectors for the identified digital content items are
determined based on strength-of-interaction measures as
indicated by the user-item matrix 206. By way of example,
the recommendations generation module 124 determines a
latent factor vector for a user of the client device 104. The
recommendations generation module 124 determines the
latent factor vector of the client device 104’s user based on
the attribute affinity scores 212 computed for the user. The
recommendations generation module 124 also determines
latent factor vectors for the digital content items identified at
block 610. In one or more implementations, the recommen-
dations generation module 124 determines the latent factor
vectors for these identified digital content items by using a
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matrix factorization algorithm (e.g., Alternating Least
Squares) in relation to the user-item matrix 206.

[0078] The identified items are ranked based on dot prod-
ucts of the latent factor vector of the particular client device
user and the latent factor vectors of the identified digital
content items (block 614). By way of example, the collab-
orative filtering module 214 computes dot products of the
client device user’s latent factor vector and the latent factor
vectors of the identified digital content items. The collab-
orative filtering module 214 then ranks the identified items
based on the computed dot products.

[0079] A top-k ranked items are selected to provide as
recommendations to the particular client device user (block
616). By way of example, the collaborative filtering module
214 selects a top-k ranked items to provide as the recom-
mendations 116 to a user of the client device 104. In one or
more implementations, k corresponds to a number equal to
or greater than one that is controlled by a user interface of
the client device 104 via which the recommendations 116
are to be presented, e.g., an application programming inter-
face (API) associated with the user interface may request k
recommendations in relation to an attribute.

[0080] The user-item matrix is completed for at least one
client device user (block 618). In accordance with the
principles discussed herein, this completion includes aug-
menting the user-item matrix’s cells that correspond to
digital content items the at least one client device user has
not consumed. In particular, the cells corresponding to the
not-yet-consumed digital content items are augmented to
include predicted strength-of interaction measures. By way
of' example, the affinity module 122 completes the user-item
matrix 206 for a user of the client device 104. The affinity
module 122 completes the user-item matrix 206 by aug-
menting the cells that correspond to the digital content items
the client device 104’s user has not consumed. In one or
more implementations, the affinity module 122 augments the
cells with strength-of-interaction measures taken from other
users that the affinity module 122 determines similar to the
user of the client device 104.

[0081] Absent completion of the user-item matrix 206, the
affinity module 122 may not be able to identify affinities for
attributes that collaborative filtering techniques and low-
rank matrix factorization can be leveraged to identify. By
completing the user-item matrix 206, however, the affinity
module 122 is able to leverage such collaborative filtering
techniques and low-rank matrix factorization to identify
affinities for some attributes—the affinities identified using
these techniques contrast with affinities already demon-
strated by the user according to the digital content items the
user has actually consumed. In other words, by completing
the user-item matrix 206, the affinity module 122 is not
limited providing recommendations based solely on the
limited content items the user has consumed.

[0082] Blocks 606 through 616 are repeated using the
completed user-item matrix in place of the user-item matrix
(block 620). By way of example, the recommendation
manager module 114 leverages the functionality of the
affinity module 122 and the recommendations generation
module 124 to provide predictive recommendations recom-
mendations for content that is associated with attributes the
user of the client device 104 has not yet demonstrated an
affinity—by repeating block 606 through 616 using the
completed user-item matrix in lieu of the user-item matrix
206. In one or more implementations, the user-item matrix
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206, before being completed, includes strength-of-interac-
tion measures 142 for the digital content items 134 with
which client device users have interacted. For the digital
content items 134 the client device users have not interacted
with, the user-item matrix 206, before being completed,
includes values or other indicator representative of the
non-interaction.

[0083] Consider an example recommendation scenario in
which the recommendation manager module 114 generates
recommendations in connection with a number of users, a
number of digital content items, and a defined number of
attributes. In the following discussion, the number of users
is represented by the term ‘M’, the number of digital content
items is represented by the term ‘N’; and the number of
attributes is represented by the term ‘A’. Further, the affinity
module 122 may leverage a number of latent factors, k, (e.g.,
10-40 latent factors). In this example and the following
discussion, assume that the number of users M and the
number of digital content items N, are orders of magnitude
greater than A or k.

[0084] In this example, the recommendation manager
module 114 leverages the functionality represented by the
affinity module 122 and the recommendations generation
module 124 to implement a sparse matrix factorization
algorithm, e.g., Alternating Least Squares (ALS). For
instance, the recommendation manager module 114 lever-
ages this functionality to implement the sparse matrix fac-
torization algorithm in relation to a rating matrix R having
dimensions MxN. As part of this, the affinity module 122
initially generates two matrices—a first elemental matrix U,
having dimensions Mk, and a second elemental matrix V,
having dimensions kxN. Given that the recommendation
manager module 114 generates the ratings matrix R as a
sparse matrix, the affinity module 122 is employed to
compute user-attribute affinities with LLR by multiplying
the ratings matrix R by the item-attribute matrix 208. The
runtime complexity for the affinity module 122 to perform
such computations is proportional to a number of ratings in
the ratings matrix R and is not proportional to MxN, which
is a much larger number than the number of ratings or
non-zero entries in the ratings matrix R.

[0085] In the continuing scenario assume, however, that
the affinity module 122 completes this ratings matrix R to
form completed ratings matrix R1, e.g., by multiplying the
first elemental matrix U and the second elemental matrix V.
In this scenario, the cells (or almost all of the cells) of the
completed ratings matrix R1 are populated with non-zero
entries. To this extent, the completed ratings matrix R1 is a
dense matrix. Accordingly, using the completed ratings
matrix R1 to identify the user attribute affinities involves a
greater number of computations—and is thus more compu-
tationally expensive—than multiplying the sparse ratings
matrix R by the item-attribute matrix 208. Consider, for
instance, that a computational cost for the affinity module
122 to multiply the completed ratings matrix R1 with the
item-attribute matrix 208 is proportional to the following:

Cri aguai~(MxkxN)+(MxNx4)

[0086] Here, the term Cg, ,,,,, represents the computa-
tional cost of using the completed ratings matrix R1 to
compute the attribute affinity scores 212. Further, the prod-
uct of MxkxN represents a computing cost of the affinity
module 122 to multiply the first and second elemental
matrices U and V, respectively. In contrast, the product of
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MxNXA represents a computing cost of the affinity module
122 to multiply the completed ratings matrix R1 with the
item-attribute matrix 208.

[0087] Broadly speaking, matrix multiplication is associa-
tive. The affinity module 122 is configured to take advantage
of this to compute the attribute affinity scores 212, rather
than multiply the matrices of this example as discussed just
above. Instead of multiplying the first and second elemental
matrices U and V, and then multiplying the result by the
item-attribute matrix 208, I, to produce a product of (UxV)x
1, for instance, the affinity module first multiplies the second
elemental matrix V by the item-attribute matrix 208, 1. The
affinity module 122 then multiplies this product by the first
elemental matrix U, such that Ux(VxI). The affinity module
122 then determines the attribute affinity scores 212 by
computing an LLR with the product of Ux(VxI). By com-
puting the attribute affinity scores 212 in this way, a com-
puting cost to the affinity module 122 may be proportional
to the following expression:

Cri aa=(kxNxA)+(Mxkx A)=kx Ax(M+N)

[0088] Here, the term Cg, ,,,,, represents the computa-
tional cost of using the completed ratings matrix R1 to
compute the attribute affinity scores 212, though computed
according to the just described order to take advantage of
matrix multiplication being associative. The product of
kxNxA represents a computing cost of the affinity module
122 to multiply the second elemental matrix V by the
item-attribute matrix 208. Additionally, the product of
kxNxA represents a computing cost of the affinity module
122 to determine the final result, e.g., the attribute affinity
scores 212.

[0089] Having described example procedures in accor-
dance with one or more implementations, consider now an
example system and device that can be utilized to implement
the various techniques described herein.

[0090] Example System and Device

[0091] FIG. 7 illustrates an example system generally at
700 that includes an example computing device 702 that is
representative of one or more computing systems and/or
devices that may implement the various techniques
described herein. This is illustrated through inclusion of the
recommendation manager module 114 and the communica-
tion module 112. The computing device 702 may be, for
example, a server of a service provider, a device associated
with a client (e.g., a client device), an on-chip system, and/or
any other suitable computing device or computing system.
[0092] The example computing device 702 as illustrated
includes a processing system 704, one or more computer-
readable media 706, and one or more I/O interfaces 708 that
are communicatively coupled, one to another. Although not
shown, the computing device 702 may further include a
system bus or other data and command transfer system that
couples the various components, one to another. A system
bus can include any one or combination of different bus
structures, such as a memory bus or memory controller, a
peripheral bus, a universal serial bus, and/or a processor or
local bus that utilizes any of a variety of bus architectures.
A variety of other examples are also contemplated, such as
control and data lines.

[0093] The processing system 704 is representative of
functionality to perform one or more operations using hard-
ware. Accordingly, the processing system 704 is illustrated
as including hardware elements 710 that may be configured
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as processors, functional blocks, and so forth. This may
include implementation in hardware as an application spe-
cific integrated circuit or other logic device formed using
one or more semiconductors. The hardware elements 710 are
not limited by the materials from which they are formed or
the processing mechanisms employed therein. For example,
processors may be comprised of semiconductor(s) and/or
transistors (e.g., electronic integrated circuits (ICs)). In such
a context, processor-executable instructions may be elec-
tronically-executable instructions.

[0094] The computer-readable storage media 706 is illus-
trated as including memory/storage 712. The memory/stor-
age 712 represents memory/storage capacity associated with
one or more computer-readable media. The memory/storage
component 712 may include volatile media (such as random
access memory (RAM)) and/or nonvolatile media (such as
read only memory (ROM), Flash memory, optical disks,
magnetic disks, and so forth). The memory/storage compo-
nent 712 may include fixed media (e.g., RAM, ROM, a fixed
hard drive, and so on) as well as removable media (e.g.,
Flash memory, a removable hard drive, an optical disc, and
so forth). The computer-readable media 706 may be con-
figured in a variety of other ways as further described below.
[0095] Input/output interface(s) 708 are representative of
functionality to allow a user to enter commands and infor-
mation to computing device 702, and also allow information
to be presented to the user and/or other components or
devices using various input/output devices. Examples of
input devices include a keyboard, a cursor control device
(e.g., a mouse), a microphone, a scanner, touch functionality
(e.g., capacitive or other sensors that are configured to detect
physical touch), a camera (e.g., which may employ visible or
non-visible wavelengths such as infrared frequencies to
recognize movement as gestures that do not involve touch),
and so forth. Examples of output devices include a display
device (e.g., a monitor or projector), speakers, a printer, a
network card, tactile-response device, and so forth. Thus, the
computing device 702 may be configured in a variety of
ways as further described below to support user interaction.
[0096] Various techniques may be described herein in the
general context of software, hardware elements, or program
modules. Generally, such modules include routines, pro-
grams, objects, elements, components, data structures, and
so forth that perform particular tasks or implement particular
abstract data types. The terms “module,” “functionality,”
and “component” as used herein generally represent soft-
ware, firmware, hardware, or a combination thereof. The
features of the techniques described herein are platform-
independent, meaning that the techniques may be imple-
mented on a variety of commercial computing platforms
having a variety of processors.

[0097] An implementation of the described modules and
techniques may be stored on or transmitted across some
form of computer-readable media. The computer-readable
media may include a variety of media that may be accessed
by the computing device 702. By way of example, and not
limitation, computer-readable media may include “com-
puter-readable storage media” and “computer-readable sig-
nal media.”

[0098] “Computer-readable storage media” may refer to
media and/or devices that enable persistent and/or non-
transitory storage of information in contrast to mere signal
transmission, carrier waves, or signals per se. Thus, com-
puter-readable storage media refers to non-signal bearing
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media. The computer-readable storage media includes hard-
ware such as volatile and non-volatile, removable and non-
removable media and/or storage devices implemented in a
method or technology suitable for storage of information
such as computer readable instructions, data structures,
program modules, logic elements/circuits, or other data.
Examples of computer-readable storage media may include,
but are not limited to, RAM, ROM, EEPROM, flash
memory or other memory technology, CD-ROM, digital
versatile disks (DVD) or other optical storage, hard disks,
magnetic cassettes, magnetic tape, magnetic disk storage or
other magnetic storage devices, or other storage device,
tangible media, or article of manufacture suitable to store the
desired information and which may be accessed by a com-
puter.

[0099] “Computer-readable signal media” may refer to a
signal-bearing medium that is configured to transmit instruc-
tions to the hardware of the computing device 702, such as
via a network. Signal media typically may embody com-
puter readable instructions, data structures, program mod-
ules, or other data in a modulated data signal, such as carrier
waves, data signals, or other transport mechanism. Signal
media also include any information delivery media. The
term “modulated data signal” means a signal that has one or
more of its characteristics set or changed in such a manner
as to encode information in the signal. By way of example,
and not limitation, communication media include wired
media such as a wired network or direct-wired connection,
and wireless media such as acoustic, RF, infrared, and other
wireless media.

[0100] As previously described, hardware elements 710
and computer-readable media 706 are representative of
modules, programmable device logic and/or fixed device
logic implemented in a hardware form that may be
employed in some embodiments to implement at least some
aspects of the techniques described herein, such as to
perform one or more instructions. Hardware may include
components of an integrated circuit or on-chip system, an
application-specific integrated circuit (ASIC), a field-pro-
grammable gate array (FPGA), a complex programmable
logic device (CPLD), and other implementations in silicon
or other hardware. In this context, hardware may operate as
a processing device that performs program tasks defined by
instructions and/or logic embodied by the hardware as well
as a hardware utilized to store instructions for execution,
e.g., the computer-readable storage media described previ-
ously.

[0101] Combinations of the foregoing may also be
employed to implement various techniques described herein.
Accordingly, software, hardware, or executable modules
may be implemented as one or more instructions and/or
logic embodied on some form of computer-readable storage
media and/or by one or more hardware elements 710. The
computing device 702 may be configured to implement
particular instructions and/or functions corresponding to the
software and/or hardware modules. Accordingly, implemen-
tation of a module that is executable by the computing
device 702 as software may be achieved at least partially in
hardware, e.g., through use of computer-readable storage
media and/or hardware elements 710 of the processing
system 704. The instructions and/or functions may be
executable/operable by one or more articles of manufacture
(for example, one or more computing devices 702 and/or
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processing systems 704) to implement techniques, modules,
and examples described herein.

[0102] The techniques described herein may be supported
by various configurations of the computing device 702 and
are not limited to the specific examples of the techniques
described herein. This functionality may also be imple-
mented all or in part through use of a distributed system,
such as over a “cloud” 714 via a platform 716 as described
below.

[0103] The cloud 714 includes and/or is representative of
a platform 716 for resources 718. The platform 716 abstracts
underlying functionality of hardware (e.g., servers) and
software resources of the cloud 714. The resources 718 may
include applications and/or data that can be utilized while
computer processing is executed on servers that are remote
from the computing device 702. Resources 718 can also
include services provided over the Internet and/or through a
subscriber network, such as a cellular or Wi-Fi network.
[0104] The platform 716 may abstract resources and func-
tions to connect the computing device 702 with other
computing devices. The platform 716 may also serve to
abstract scaling of resources to provide a corresponding
level of scale to encountered demand for the resources 718
that are implemented via the platform 716. Accordingly, in
an interconnected device embodiment, implementation of
functionality described herein may be distributed throughout
the system 700. For example, the functionality may be
implemented in part on the computing device 702 as well as
via the platform 716 that abstracts the functionality of the
cloud 714.

CONCLUSION

[0105] Although the invention has been described in lan-
guage specific to structural features and/or methodological
acts, it is to be understood that the invention defined in the
appended claims is not necessarily limited to the specific
features or acts described. Rather, the specific features and
acts are disclosed as example forms of implementing the
claimed invention.
What is claimed is:
1. In a digital medium environment to provide digital
content recommendations to client device users, a method
implemented by a computing device, the method compris-
ing:
determining, by the computing device, user affinity scores
for a plurality of attributes of digital content;

identifying, by the computing device and from a catalog
of digital content items, a first set of digital content
items associated with a first attribute of the plurality of
attributes, the first set of digital content items identified
based on detecting an association between the first
attribute and metadata included in the first set of digital
content items;

ranking, by the computing device, the first set of digital

content items based on the user affinity scores and
additional associations detected between the plurality
of attributes and the metadata;

selecting, by the computing device, a subset of the first set

of digital content items based on the ranking;
generating, by the computing device, at least one recom-
mendation for the subset of digital content items; and
providing, by the computing device, the at least one
recommendation to a client device.
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2. A method as described in claim 1, further comprising:

generating a justification associated with the at least one

recommendation based on the first attribute; and
providing the justification with the at least one recom-
mendation.

3. A method as described in claim 1, wherein the at least
one recommendation is provided to the client device sub-
stantially in real time after a request for recommendations is
received.

4. A method as described in claim 1, wherein the first
attribute is a highest scoring of the plurality of attributes
according to the user affinity scores.

5. A method as described in claim 1, further comprising
performing the identifying, ranking, selecting, and generat-
ing for at least one other attribute of the plurality of
attributes to recommend a second set of digital content items
associated with the at least one other attribute.

6. A method as described in claim 5, further comprising
receiving a request from the client device for recommenda-
tions, the request indicating a number of attributes for which
to perform the identifying, ranking, selecting, and generat-
ing.

7. A method as described in claim 1, wherein a number of
digital content items selected for the subset is based on a
request from the client device for the at least one recom-
mendation, the request indicating the number of digital
content items to select for the subset.

8. A method as described in claim 1, wherein determining
the user affinity scores includes:

generating a user-item matrix having cells that indicate

strength-of-interaction measures of a client device user
with digital content items of the catalog, the strength-
of-interaction measures obtained from interaction data
of the client device user that describes interactions of
the client device user with the digital content items of
the catalog; and

generating an item-attribute matrix having cells that indi-

cate associations between the plurality of attributes and
the digital content items of the catalog.

9. A method as described in claim 8, wherein determining
the user affinity scores further includes:

multiplying the user-item matrix and the item-attribute

matrix; and

applying a Log-Likelihood Ratio to the multiplied matri-

ces to compute the user affinity scores.

10. A method as described in claim 1, further comprising:

determining a latent factor vector for a client device user

based on the user affinity scores; and

extracting latent factor vectors for the first set of digital

content items from a user-item matrix using a matrix
factorization algorithm, the user-item matrix having
cells that indicate strength-of-interaction measures of
the client device user with digital content items of the
catalog.

11. A method as described in claim 10, further comprising
computing dot products of the latent factor vector of the
client device user and the latent factor vectors of the first set
of digital content items.

12. A method as described in claim 11, wherein the
ranking is based on the dot products.

13. A system comprising:

an affinity module implemented at least partially in hard-

ware of at least one computing device to determine user
affinity scores for a plurality of attributes of digital
content;
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a collaborative filtering module implemented at least
partially in the hardware of the at least one computing
device to filter digital content items of a catalog for
recommendation by:
identifying a first set of the digital content items that are
associated with a first attribute of the plurality of
attributes, the first attribute used for the identifying
being based on the user affinity scores;

ranking the first set of digital content items based on the
user affinity scores and associations of the first set of
digital content items with the plurality of attributes;
and

selecting a subset of digital content items from the first
set of digital content items based on the ranking to
form at least one recommendation for the subset of
digital content items.

14. A system as described in claim 13, wherein the
collaborative filtering module is further configured to filter
the digital content items by identifying at least a second set
of the digital content items that are associated with at least
one other attribute of the plurality of attributes, and per-
forming the ranking and selecting in relation to the at least
second set of digital content items.

15. A system as described in claim 13, wherein the first
attribute corresponds to a highest scoring of the plurality of
attributes according to the user affinity scores.

16. A system as described in claim 13, wherein the
collaborative filtering module is further configured to gen-
erate a justification associated with the at least one recom-
mendation based on the first attribute.

17. A system as described in claim 13, further comprising:

a matrix generation module implemented at least partially
in the hardware of the at least one computing device to:
generate a user-item matrix having cells that indicate

strength-of-interaction measures of a client device

user with the digital content items of the catalog, the
strength-of-interaction measures obtained from
interaction data of the client device user and describ-
ing interactions of the client device user with the
digital content items of the catalog; and

generate an item-attribute matrix having cells that
indicate detected associations between the plurality
of attributes and the digital content items of the
catalog; and

user-attribute scoring module implemented at least

partially in the hardware of the at least one computing

device to determine the user affinity scores based on the

user-item matrix and the item-attribute matrix by:

multiplying the user-item matrix and the item-attribute
matrix; and

applying a Log-Likelihood Ratio to the multiplied
matrices to compute the user affinity scores.

18. A system as described in claim 17, wherein the matrix
generation module is further configured to complete the

13
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user-item matrix by augmenting the cells of a second set of
the digital content items the client device user has not
consumed, the cells augmented by predicting strength-of-
interaction measures for the second set of digital content
items based on at least one other client device user deter-
mined similar to the client device user.

19. A system as described in claim 18, wherein the
collaborative filtering module is further configured to filter
the digital content items of the catalog to provide at least one
additional recommendation, the at least one additional rec-
ommendation recommending a third set of digital content
items having attributes for which the client device user has
a predicted affinity, and filtering including identifying the
third set of digital content items for the at least one addi-
tional recommendation based on predicted user affinity
scores computed using a completed-user-item matrix in lieu
of a sparse user-item matrix.

20. In a digital medium environment to provide digital
content recommendations to client device users, a method
implemented by a computing device, the method compris-
ing:

generating, by the computing device, a user-item matrix

having cells that indicate strength-of-interaction mea-
sures of a client device user with a catalog of digital
content items;

generating, by the computing device, an item-attribute

matrix having cells that indicate associations of digital
content items of the catalog with a plurality of attri-
butes of digital content;

computing, by the computing device, user affinity scores

based on the user-item matrix and the item-attribute
matrix;

identifying, by the computing device and from the cata-

log, a first set of digital content items associated with
a first attribute of the plurality of attributes, the first
attribute used for the identifying being based on the
user affinity scores;

determining, by the computing device, a latent factor

vector for the client device user based on the user
affinity scores;
extracting, by the computing device, latent factor vectors
for the first set of digital content items from the
user-item matrix using matrix factorization;

computing, by the computing device, dot products of the
latent factor vector of the client device user and the
latent factor vectors of the first set of digital content
items;

selecting, by the computing device, a subset of digital

content items from the first set of digital content items
based on the dot products; and

providing, by the computing device and to the client

device, at least one recommendation for the subset of
digital content items.
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