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(57) ABSTRACT

In some examples, a computing device includes at least one
processor and at least one module, operable by the at least
one processor to receive, from a client device of a user, a
request for one or more advertisements to display at the
client device with a set of messages. The set of messages is
associated with the user in a social network messaging
service. The at least one module may be further operable to
determine a probability that the user will select a candidate
advertisement using a machine learning model based on
point-wise learning and pair-wise learning. The at least one
module may be further operable to determine, based on the
probability that the user will select the candidate advertise-
ment, a candidate score for the candidate advertisement,
determine that the candidate score satisfies a threshold, and
send, for display at the client device, the candidate adver-
tisement.
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CLICK-THROUGH PREDICTION FOR
TARGETED CONTENT

[0001] This application is a continuation application of
U.S. application Ser. No. 15/178,381, filed Jun. 9, 2016,
which claims the benefit of U.S. Provisional Application No.
62/173,249, filed Jun. 9, 2015, the entire contents of which
are incorporated herein by reference.

BACKGROUND

[0002] Computing devices, such as smartphones, laptops,
and desktop computers, have enabled users to generate,
distribute, and consume user-generated content across a
broad range of topics and geographic areas. Information
distribution platforms may allow users to identify specific
topics of interest and share information related to the topics
in a real- or near real-time manner. For example, an infor-
mation distribution platform may allow users to label user-
generated content with tags, such as hashtags, that identify
or otherwise associate a particular topic with the user-
generated content. In this way, information distribution
platforms may allow users to search for user-generated
content associated with a particular topic based on a hashtag.
The operators of such information distribution platforms
may monetize by distributing advertisements along with the
user-shared information. However, the context into which an
advertisement can be placed updates dynamically and may
not replicate, thereby increasing the difficulty of distributing
relevant advertisements likely to be selected by the particu-
lar user who receives the advertisement.

SUMMARY

[0003] In one example, a method includes receiving, by a
computing device and from a client device of a user, a
request for one or more advertisements from a set of
advertisements to display at the client device with a set of
messages, wherein the set of messages is associated with the
user in a social network messaging service. The method
further includes determining, by the computing device,
using a machine learning model that is based at least in part
on a point-wise learning model and a pair-wise learning
model, a probability that the user will select a candidate
advertisement from the set of advertisements. The method
further includes determining, by the computing device,
based at least in part on the probability that the user will
select the candidate advertisement, a candidate score asso-
ciated with the candidate advertisement. The method also
includes determining, by the computing device, that the
candidate score satisfies a threshold score, and sending, by
the computing device and for display at the client device
with the set of messages, the candidate advertisement.

[0004] Inanother example, a computing device includes at
least one processor and at least one non-transitory computer-
readable storage medium storing instructions that are
executable by the at least one processor to: receive, from a
client device of a user, a request for one or more advertise-
ments from a set of advertisements to display at the client
device with a set of messages, wherein the set of messages
is associated with the user in a social network messaging
service. The instructions may be further executable by the at
least one processor to using a machine learning model that
is based at least in part on a point-wise learning model and
a pair-wise learning model, a probability that the user will
select a candidate advertisement from the set of advertise-
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ments. The instructions may be further executable by the at
least one processor to determine, based at least in part on the
probability that the user will select the candidate advertise-
ment, a candidate score associated with the candidate adver-
tisement. The instructions may be further executable by the
at least one processor to determine that the candidate score
satisfies a threshold score and send, for display at the client
device with the set of messages, the candidate advertise-
ment.

[0005] In another example, an apparatus includes means
for receiving, from a client device of a user, a request for one
or more advertisements from a set of advertisements to
display at the client device with a set of messages, wherein
the set of messages is associated with the user in a social
network messaging service. The apparatus further includes
means for determining, using a machine learning model that
is based at least in part on a point-wise learning model and
a pair-wise learning model, a probability that the user will
select a candidate advertisement from the set of advertise-
ments. The apparatus further includes means for determin-
ing, based at least in part on the probability that the user will
select the candidate advertisement, a candidate score asso-
ciated with the candidate advertisement. The apparatus
further includes means for determining that the candidate
score satisfies a threshold score and means for sending, for
display at the client device with the set of messages, the
candidate advertisement.

[0006] In another example, a non-transitory computer-
readable storage medium is encoded with instructions that,
when executed, cause at least one processor of a computing
device to receive, from a client device of a user, a request for
one or more advertisements from a set of advertisements to
display at the client device with a set of messages, wherein
the set of messages is associated with the user in a social
network messaging service. The executed instructions fur-
ther cause the at least one processor to determine, using a
machine learning model that is based at least in part on a
point-wise learning model and a pair-wise learning model, a
probability that the user will select a candidate advertise-
ment from the set of advertisements. The executed instruc-
tions further cause the at least one processor to determine,
based at least in part on the probability that the user will
select the candidate advertisement, a candidate score asso-
ciated with the candidate advertisement. The executed
instructions further cause the at least one processor to
determine that the candidate score satisfies a threshold score
and send, for display at the client device with the set of
messages, the candidate advertisement.

[0007] The details of one or more examples of the disclo-
sure are set forth in the accompanying drawings and the
description below. Other features, objects, and advantages of
the disclosure will be apparent from the description and
drawings, and from the claims.

BRIEF DESCRIPTION OF DRAWINGS

[0008] FIG. 1is a conceptual diagram illustrating a system
that is configured to select candidate advertisements for
display on a client device based on a point-wise learning
model and a pair-wise learning model, in accordance with
one or more aspects of the present disclosure.

[0009] FIG. 2 is a block diagram illustrating further details
of an example information distribution system that is con-
figured to select candidate advertisements for display on a
client device based on a point-wise learning model and a
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pair-wise learning model, in accordance with one or more
aspects of the present disclosure.

[0010] FIG. 3 is a flow diagram illustrating example
operations of a computing device that implements tech-
niques for selecting candidate advertisements for display on
a client device based on a point-wise learning model and a
pair-wise learning model, in accordance with one or more
aspects of the present disclosure.

[0011] FIG. 4 is a flow diagram illustrating example
operations of an information distribution system and a client
device, in accordance with one or more aspects of the
present disclosure.

DETAILED DESCRIPTION

[0012] Techniques of the disclosure are directed to select-
ing candidate advertisements for display on a client device
based a probability that the user will select a particular
candidate advertisement of the candidate advertisements. In
determining the probability, an information distribution sys-
tem may utilize both a point-wise learning model and a
pair-wise learning model. The point-wise learning model
may be based on how likely it is that a particular user of the
client device would select the candidate advertisement if
presented with the candidate advertisement. The pair-wise
learning model may be based on how likely it is that the
particular user of the client device would select the candi-
date advertisement instead of a different candidate adver-
tisement if presented with both candidate advertisements.
The information distribution system may then determine a
score based on the determined probability and present the
user with the candidate advertisement if the determined
score satisfies a threshold.

[0013] In accordance with the techniques of this disclo-
sure, in general, a point-wise learning model may be any
prediction model suitable for use in predicting the probabil-
ity of selecting a single advertisement if the user was
presented with the single advertisement without taking into
account any other advertisements that may be displayed to
the user in the same session. For instance, the point-wise
model may determine the probability based on aspects of the
user’s profile, accounts that the user follows on a social
media platform, similar advertisements that may or may not
have been selected by the user in the past, and/or any other
detail that the point-wise model could reasonably utilize in
determining the probability of selecting the single adver-
tisement. Further, in general, a pair-wise learning model may
be any prediction model suitable for use in predicting the
probability of selecting a single advertisement over a dif-
ferent advertisement if both advertisements are presented to
the user at a similar time and/or in a similar context. In other
words, the point-wise learning model may be based on the
evaluation of the candidate advertisement itself using one or
more of the factors as described above, while the pair-wise
learning model may be based on comparisons between
multiple different candidate advertisements.

[0014] By using both a point-wise learning model and a
pair-wise learning model, the information distribution sys-
tem may more accurately predict which advertisements will
be selected by a user. Traditional computational advertising
typically appears in two forms. The first form is a sponsored
search that places advertisements onto the search result page
when a query is issued to a search engine. The second form
is contextual advertising that places advertisements onto a
regular, static Web page. Compared with these two para-
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digms, placing advertisements into a dynamic, constantly
updating message stream may be challenging. In such an
environment, the information distribution system may place
every advertisement into a unique context. To efficiently
distribute advertisements, an information distribution sys-
tem may utilize machine learning models tailored to each
particular user, but the information available for training
such a machine learning model may be sparse.

[0015] Rather than statically presenting advertisements or
using a singular model to determine a likelihood that a user
will select an advertisement, the techniques of this disclo-
sure describe a learning-to-rank method that addresses the
sparsity of training signals while also being trained and
updated online. The techniques described herein utilize both
a point-wise learning model and a pair-wise learning model,
both of which can be dynamically updated, to more effi-
ciently and accurately select candidate advertisements to be
displayed at a client device. The information distribution
system may further utilize these models to provide likeli-
hoods to advertisers such that the advertisers can propose
appropriate bid prices for such advertisements. The infor-
mation distribution system may also combine the accurate
probabilities determined using the two models with a
received bid price to determine the most profitable adver-
tisements that may be displayed for each user.

[0016] FIG. 1is a conceptual diagram illustrating a system
100 for selecting candidate advertisements for display on a
client device 102A based on point-wise learning model 116
and pair-wise learning model 118, in accordance with one or
more aspects of the present disclosure. System 100 includes
client device 102A, information distribution system 112,
content provider system 124, and network 128.

[0017] Network 128 represents any communication net-
work (e.g., public, private, commercial, governmental, or
residential) that communicatively links two or more com-
puting devices or systems for the transmission of informa-
tion. For example, network 128 may be a wireless and/or
wired network for transmitting data between two or more
computing devices located at two or more different physical
locations. In some examples, network 128 may represent the
Internet. Client device 102A, information distribution sys-
tem 112, and content provider system 124 may send and
receive data via network 128 using various suitable com-
munication techniques. For instance, data may be transmit-
ted between the devices using communication links 136A-
136C, which may be wired and/or wireless. Network 128
may include any required hardware for communicatively
linking computing client device 102A, information distri-
bution system 112, and content provider system 124. For
example, network 128 may include various switches, hubs,
routers, and other network equipment that provides for the
exchange of information between the devices.

[0018] Client device 102A represents any type of personal
computing device from which a person can view, listen to,
feel, or otherwise obtain output based on information
received via a network, such as network 128. For example,
client device 102A may be a laptop computer, a mobile
telephone, phones, a tablet computers, a set-top box, a
desktop computer, a server, a mainframe, a wearable device
(e.g., a watch, computerized glasses, and the like), a per-
sonal digital assistant (PDA), a gaming system, a media
player, an e-book reader, a television platform, a digital
media player, an automobile navigation and/or entertain-
ment system, or any other type of mobile and/or non-mobile
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computing device that is configured to communicate (e.g.,
transmit and receive data) across a network and output
information received via the network to a user.

[0019] Client device 102A includes user interface compo-
nent 104A. User interface component 104A may include
various technologies for receiving input from, and/or out-
putting information to, a user of user device 10. For
example, user interface component 20 may include a micro-
phone, a touch screen or other type of presence-sensitive
screen, and other types of sensors and input devices for
receiving input from a user. User interface component 104A
may include a display (e.g., liquid crystal (LCD), light
emitting diode (LED), organic light-emitting diode (OLED),
or any other type of display), a speaker, a haptic feedback
device, or any other type of output device for outputting
visible, audible, and/or haptic feedback type information to
a user of client device 104A. Although illustrated as a
presence-sensitive display integrated with client device
102A, in some examples, user interface component 104A
may be a display device, such as a monitor integrated in a
laptop computer, or a standalone monitor coupled to a
desktop computing device, to name only a few examples.
[0020] User interface component 104 A may provide a user
interface from which a user may interact with client device
102A to cause client device 104A to perform one or more
operations. For example, user interface component 104A
may give a user access to a service, provided by information
distribution system 112, for receiving content (e.g., social
media, news, television, streaming audio, streaming video,
or other types of content) distributed across network 128. As
further described in this disclosure, information distribution
system 112 may provide content via network 128 to client
device 102A. Client device 102A may process and output
the content as one or more graphical images, sounds, and
haptic-feedback sensations, at user interface component
104A.

[0021] Client device 102A may include a client module
106A. Client module 106 A may send information generated
by a user to and receive information from an information
network provided by information distribution system 112.
For instance, a user may have a user account stored at
information distribution system 112. The user account may
include a unique identifier (e.g., a username) for the user,
authentication credentials, and personal information (e.g.,
name, phone number, email address, home address, to name
only a few examples). Client module 106 A may authenticate
with information distribution system 112 based on authen-
tication credentials provided by the user to client device
102A.

[0022] In some examples, client module 106 A may pro-
vide a graphical user interface (GUI) that enables a user to
generate or otherwise compose user content that client
module 106A sends to information distribution system 112.
Such user content may include text, images, video, and/or
audio information. In some examples, a user may compose
a message that includes various content. In addition to
content, a message may include one or more hashtags and/or
mention tags. In some examples, a hashtag may represent or
otherwise identify a particular topic associated with the
content of a message. As such, a user composing a message
on a particular topic may associate hashtag for the topic with
the message. A mention tag may represent or otherwise
identify a particular user that has a corresponding user
account at information distribution system 112. A user
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composing a message who wishes to refer to or address
another particular user may associate a mention tag for the
particular user with the message. When a user generates user
content 108, client module 106 A may send user content 108
to information distribution system 112, which may process
and/or distribute the user content as further described in this
disclosure.

[0023] Client module 106 A may enable the user to per-
form one or more functions associated with user content. For
instance, client module 106 A may enable a user to “share,”
“re-share,” “read,” and “follow” content as well as “follow”
and “mention” other users. In some examples, “sharing” a
message or content may refer to composing an original
message or original content that is subsequently distributed
by information distribution system 112 to other users. In
some examples, “re-sharing” a message or content may refer
to an operation initiated by a user to re-post a message or
content that was originally generated by another user. In
some examples, “reading” a message or content may refer to
an activity of a user to view the message or content. In some
examples, “following” may refer to an operation initiated by
a user to subscribe to messages and/or user content of
another user. As such, a user that follows a particular user
may receive updates of messages and/or user content gen-
erated by the particular user. In some examples, “mention-
ing” a particular user may refer to an operation initiated by
a user to identify or otherwise associate the particular user
with a message or user content.

[0024] Client module 106A may perform operations
described herein using software, hardware, firmware, or a
mixture of both hardware, software, and firmware residing
in and executing by client device 102A or at one or more
other remote computing devices. As such, client module
106 A may be implemented as hardware, software, and/or a
combination of hardware and software. Client device 102A
may execute client module 106A as or within a virtual
machine executing on underlying hardware. Client module
106 A may be implemented in various ways. For example,
client module 106 A may be implemented as a downloadable
or pre-installed application or “app.” In another example,
client module 106A may be implemented as part of an
operating system of client device 102A.

[0025] As shown in FIG. 1, system 100 also includes
information distribution system 112. Information distribu-
tion system 112 may implement techniques of this disclosure
to select candidate advertisements for display on a client
device 102A based on point-wise learning model 116 and
pair-wise learning model 118. Information distribution sys-
tem 112 may be implemented as one or more computing
devices, including but not limited to one or more desktop
computers, laptop computers, mainframes, servers, cloud
computing systems, and the like.

[0026] Information distribution system 112 may include
data and one or more modules that, when executed, perform
one or more operations. For example purposes, information
distribution system 112 includes distribution module 114,
point-wise learning model 116, and pair-wise learning
model 118; however, information distribution system 112
may include more or fewer modules or data in other
examples. For example, information distribution system
may include a repository that includes user data. The user
data may include data representing user accounts and demo-
graphic data about each user. As described above, a user
account for a user of information distribution system 112
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may include is not limited to: a user name, password, phone
number, email address, and home address. In some
examples, the user data may also include, current location of
the user, devices authenticated with the user, interests of the
user, history of content generated by the user, history of
content read and/or followed by a user, hashtags and/or
mention tags used by the user, other users followed by the
user, other users following the user, private messages sent
and/or received by the user, and/or search history of the user,
to name only a few examples.

[0027] Demographic data may include personally sensi-
tive and/or personally identifiable information about users of
information distribution system 112, which may be referred
to as “sensitive data.” In some instances, information dis-
tribution system 112 only shares demographic data of a user
if the user expressly “opts-in” or provides an explicit indi-
cation of user input that authorizes information distribution
system 112 to share such sensitive data with third parties,
such as content providers or other entities. In some
examples, information distribution system 112 provides the
user with full disclosure and requires full consent of the user
before collecting and/or sharing any demographic and/or
sensitive data. In some examples, a particular jurisdiction
may have specific privacy requirements with respect to
demographic data. Information distribution system 112, in
such examples, may implement controls that prevent or
restrict the sharing of demographic data in order to comply
with privacy requirements of a particular jurisdiction.
[0028] Point-wise learning model 116 may include a
probabilistic classifier that assigns a posterior click-through
probability to an advertisement if the advertisement is
displayed in a user’s current session of their timeline. In
some examples, the training data for point-wise learning
model 116 may be made up of all historical impressions
shown across all users. In other examples, the training data
for point-wise learning model 116 may be made up of
historical impressions for a single user or a group of users.
[0029] Point-wise learning model 118 may include a
probabilistic classifier that assigns a posterior click-through
probability to an advertisement if the advertisement is
displayed in a user’s current session of their timeline along
with a second advertisement. For example, two advertise-
ments are more comparable if they are presented to the same
user in one session. For the purposes of this disclosure, two
advertisements may be presented in the same session when
any of one or more of the following are true: when the
advertisements are both output for display by a client device
on the same graphical user interface, when the advertise-
ments are both presented within a predetermined amount of
time of one another, when the advertisements are both
presented in an application without the application being
closed, when the advertisements are sent in the same group
of messages to the computing device, or any other reason-
able understanding of a session in light of this disclosure.
Two advertisements in the same session may have similar
contexts, thus directly optimizing, or otherwise improving,
the preference order between the two advertisements can
address the sparsity challenge that advertisements are shown
in different unique contexts.

[0030] Information distribution system 112 may also
include distribution module 114. Distribution module 114
may construct and maintain information generated by users
and/or operators of information distribution system 112.
Distribution module 114 may receive user content 108 from
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one or client devices, and store and organize the user content
in the information network. The user content may be stored
and organized using any number of datastores and data
structures, such as but not limited to graphs, lists, tables, a
Relational Database Management System (RDBMS),
Object Database Management System (ODBMS), and/or
Online Analytical Processing (OLAP) system.

[0031] In some examples, distribution module 114 may
send targeted content to client devices for display. Targeted
content may include, but is not limited to advertisements,
offers, rewards, discounts, political information, public
interest information, entertainment information, sports
information, or any other informational content. As shown in
FIG. 1, distribution module 114 may send collocated content
110 that includes targeted content and/or distributed user
content from other users. Client module 106 A may generate
a graphical user interface 130 for display that includes
information included in collocated content 110, such as user
content 134 and candidate advertisement 136. In some
examples, user interface 130 outputs information in a
sequence or stream of “cards” or graphical user elements
132A-132D. The sequence or stream of “cards” may be
ordered in chronological or reverse chronological order, in
some examples. As shown in FIG. 1, card 132B includes an
icon 138A and user content 134. Card 132C includes an icon
138B and candidate advertisement 136. Icon 138A may
correspond to the particular user that shared or re-shared
user content 134. Icon 138B may correspond to the particu-
lar content provider that provided candidate advertisement
136.

[0032] As shown in FIG. 1, candidate advertisement 136
may be interspersed with other user content in graphical user
interface 130. Accordingly, if a user is viewing a sequence
or stream of cards, such as cards 132, information distribu-
tion system 112 may also include one or more cards with
targeted content. As an example, if the sequence or stream
of cards is associated with a specific topic, targeted content
that is relevant to the specific topic may be included in the
sequence or stream of cards.

[0033] In some examples, information distribution system
112 may receive targeted content from content providers
operating one or more content provider systems, such as
targeted content 122 from content provider system 124.
Content providers may include advertising agencies, com-
panies, public interest organizations, governments, indi-
vidual persons, and political candidates, to name only a few
examples. Such content providers may be interested in
providing target content to users of information distribution
system 112. More particularly, content providers may be
interested in generating and displaying targeted content to
specific audiences (e.g., sets of users of information distri-
bution system 112) that are highly engaged or interested in
a particular event, controversy, person, or topic.

[0034] Content provider system 124 may send, submit or
otherwise provide targeted content 122, selected or gener-
ated by the content provider, to information distribution
system 112. In some examples, content provider system may
also provide a bid or price that indicates an amount of money
that the content provider will pay for targeted content 122 to
be output for display at one or more client devices of users
associated with the hashtag for which the trending score
satisfies the threshold. Information distribution system 112
may receive bids from multiple different content provider
systems to display targeted content. Information distribution
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system 112 may determine the highest bid send the targeted
content of the content provider with the winning bid to client
devices of one or more users associated with the hashtag. In
accordance with the techniques of this disclosure, targeted
content 122 may be a set of advertisements that may be
output by a specific client device, such as client device
102A.

[0035] In accordance with techniques of this disclosure,
information distribution system 112 may receive, from client
device 102A of a user, a request for one or more advertise-
ments from a set of advertisements to display at client device
102A with a set of messages (e.g., cards 132A and 132B).
The set of messages may be associated with the user in a
social network messaging service. For instance, while the
user is scrolling through the messages in the social network
messaging service, client device 102A may automatically
send a request to information distribution system 112 for
information distribution system 112 to send an advertise-
ment which client device 102A may display at graphical user
interface 130.

[0036] As described above, content provider system 124
may provide the set of advertisements to information dis-
tribution system in targeted content 122, which may be a
subset or the entire set of advertisements in targeted content
126. Targeted content 126 may be a database of advertise-
ments that may be displayed by client device 102A. Targeted
content 122 may be a subset of targeted content 126 based
on the social media platform currently in use by client device
102A, the demographic information of a user of client
device 102A, or any other function that limits the amount of
possible advertisements sent to information distribution sys-
tem 112.

[0037] Using a machine learning model that is based at
least in part on point-wise learning model 116 and pair-wise
learning model 118, distribution module 114 may determine
a probability that the user will select a candidate advertise-
ment from the set of advertisements included in targeted
content 122. For instance, distribution module 114 may
select a first candidate advertisement from targeted content
122. Using the data included in point-wise learning model
116, distribution module 114 may determine an initial prob-
ability or ranking for the candidate advertisement. Using the
data included in pair-wise learning model 118, distribution
module 114 may adjust the initial probability or ranking
based on how the candidate advertisement may rank against
other candidate advertisements present in the set of adver-
tisements included in targeted content 122. For example, the
first candidate advertisement may initially have the third-
highest probability of being selected based on point-wise
learning model 116. However, using pair-wise learning
model 118, distribution module 114 may determine that the
first candidate advertisement is likely to be selected over the
candidate advertisements with the first- and second-highest
probabilities if the first candidate advertisement was shown
in the same session as these candidate advertisements. As
such, distribution module 114 may adjust the probability that
the user would select the first candidate advertisement by
increasing the probability as indicated by point-wise learn-
ing model 116 alone. A more in-depth description with
relation to how distribution module 114 may utilize point-
wise learning model 116 and pair-wise learning model 118
is shown below with respect to FIG. 2.

[0038] Distribution module 114 may determine, based at
least in part on the probability that the user will select the
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candidate advertisement, a candidate score associated with
the candidate advertisement. In some examples, the candi-
date score may be the determined probability itself. In other
examples, distribution module 114 may determine the score
as a ranking value of the probabilities when compared to
other advertisements in the set of advertisement. In other
examples, the score may be a combination of the two
systems above or any other scoring system that may assign
a score to a candidate advertisement based on the probability
that the user will select the candidate advertisement.
[0039] Distribution module 114 may determine that the
candidate score satisfies a threshold score. For instance, in
certain non-limiting examples, distribution module 114 may
not send any advertisement to client device 102A if the
probability that the user will select the advertisement is
below 20%. In other instances, distribution module 114 may
not send any advertisement to client device 102A if the
advertisement ranks outside of the top-five most likely
advertisements that a user may select. It should be noted that
the thresholds of 20% and the top-five ranks are given only
as example illustrations. The threshold may be any percent-
age, rank, or other score format deemed reasonable by
information distribution system 112 or client device 102A.
By comparing the determined score to a threshold score,
distribution module 114 may reduce network traffic for
information sent over network 128. This may enable a
higher level of efficiency and reduced battery consumption
in both information distribution system 112 and client device
102A.

[0040] If the candidate score for the candidate advertise-
ment satisfies the threshold score, distribution module 114
may send the candidate advertisement for display at client
device 102A with the set of messages. For instance, distri-
bution module 114 may send collocated content 110 to client
device 102A. Collocated content 110 may include the set of
messages, such as user content 134 to be shown in card 132B
in graphical user interface 130. Collocated content 110 may
also include candidate advertisement 136, which has a
candidate score that satisfies the threshold score, to be
displayed in card 132C in graphical user interface 130 along
with card 132B.

[0041] Rather than statically presenting advertisements or
using a singular model to determine a likelihood that a user
will select an advertisement, the techniques of this disclo-
sure describe distribution module 114 performing a learning-
to-rank method which addresses the sparsity of training
signals while also being trained and updated online. In the
techniques described herein, distribution module 114 utilizes
both point-wise learning model 116 and pair-wise learning
model 118, both of which can be dynamically updated, to
more efficiently and accurately select candidate advertise-
ments to be displayed at client device 102A. Information
distribution system 112 may further utilize models 116 and
118 to provide likelihoods to advertisers such that the
advertisers can propose appropriate bid prices for such
advertisements. Information distribution system may also
combine the accurate probabilities determined using models
116 and 118 with the received bid price to determine the
most profitable advertisements that may be displayed for
each user.

[0042] FIG. 2 is a block diagram illustrating further details
of an example information distribution system 112 for
selecting candidate advertisements for display on a client
device based on a point-wise learning model and a pair-wise
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learning model, in accordance with one or more aspects of
the present disclosure. Information distribution system 112
of FIG. 2 is described below within the context of FIG. 1.
FIG. 2 illustrates only one particular example of information
distribution system 112, and many other examples of infor-
mation distribution system 112 may be used in other
instances and may include a subset of the components
included in example information distribution system 112 or
may include additional components not shown in FIG. 1.
[0043] As shown in the example of FIG. 2, information
distribution system 112 includes distribution module 114,
machine learning module 220, point-wise learning model
116, pair-wise learning model 118, targeted content 230, one
or more impression callback times 232, one or more engage-
ment callback times 234, operating system 202, one or more
storage devices 204, one or more input devices 206, one or
more communication units 208, one or more output devices
210, one or more processors 212, and one or more commu-
nication channels 226.

[0044] Storage devices 204, in some examples, include
one or more computer-readable storage media. In some
examples, storage devices 204 represent non-transitory com-
puter readable storage medium that store instructions later
executed by one or more processors 212 during operation of
information distribution system 112. For example, storage
devices 204 may store program instructions and/or informa-
tion (e.g., data) associated with modules and/or components
114, 116, 118, 220, 230, 232, 234, and 202.

[0045] Communication channels 226 may interconnect
each of the components 202-234 for inter-component com-
munications (physically, communicatively, and/or opera-
tively). In some examples, communication channels 226
may include a system bus, a network connection, an inter-
process communication data structure, or any other method
for communicating data.

[0046] One or more input devices 206 of information
distribution system 112 may receive input and one or more
input devices 206 may generate output. Examples of input
are tactile, audio, and video input and examples of output are
tactile, audio, and video output. In one example, input
devices 206 include a presence-sensitive display, touch-
sensitive screen, mouse, keyboard, voice responsive system,
video camera, microphone, or any other type of device for
detecting input from a human or machine. Whereas in one
example, output devices 210 include a presence-sensitive
display, sound card, video graphics adapter card, speaker,
cathode ray tube (CRT) monitor, liquid crystal display
(LCD), or any other type of device for generating output to
a human or machine.

[0047] One or more communication units 208 may allow
information distribution system 112 to communicate, via
one or more wired and/or wireless networks, with external
devices and/or systems. For example, communication units
208 may transmit and/or receive network signals being
transmitted and received other devices and/or systems con-
nected to network 128. Examples of communication units
208 include network interface cards (e.g., Ethernet card),
optical transceivers, radio frequency transceivers, global
positioning system (GPS) receivers, or any other type of
device that can send and/or receive information via a net-
work. Other examples of communication units 208 may
include long and short wave radios, cellular data radios,
wireless network radios, as well as universal serial bus
(USB) controllers.
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[0048] One or more storage devices 204 of information
distribution system 112 may store information or instruc-
tions that information distribution system 112 processes
during operation of information distribution system 112. For
example, storage devices 204 may store data that modules or
components may access during execution at information
distribution system 112. In some examples, storage devices
204 are temporary memories, meaning that a primary pur-
pose of storage devices 204 is not long-term storage.
[0049] Storage devices 204 may be configured for short-
term storage of information as volatile memory and there-
fore not retain stored contents if powered off. Examples of
volatile memories include random access memories (RAM),
dynamic random access memories (DRAM), static random
access memories (SRAM), and other forms of volatile
memories known in the art.

[0050] Storage devices 204 may be configured to store
larger amounts of information than volatile memory and
may further be configured for long-term storage of infor-
mation as non-volatile memory space and retain information
after power on/off cycles. Examples of non-volatile memo-
ries include magnetic hard discs, optical discs, floppy discs,
flash memories, or forms of electrically programmable
memories (EPROM) or electrically erasable and program-
mable (EEPROM) memories.

[0051] One or more processors 212 may implement func-
tionality and/or execute instructions within information dis-
tribution system 112. For example, processors 212 on infor-
mation distribution system 112 may receive and execute
instructions stored by storage devices 204 that execute the
functionality of modules 114, 220, and 202. The instructions
executed by processors 212 may cause information distri-
bution system 112 to read/write/etc. information, such as one
or more data files at point-wise learning model 116, pair-
wise learning model 118, targeted content 230, impression
callback 232, and/or engagement callback 234 and stored
within storage devices 204 during program execution. Pro-
cessors 212 may execute instructions of modules 114, 220,
and 202 to cause information distribution system 112 to
perform the operations described in this disclosure. That is,
modules 114, 220, and 202 may be operable by processors
212 to perform various actions or functions of information
distribution system 112, for instance, selecting candidate
advertisements for display on a client device based on a
point-wise learning model and a pair-wise learning model, in
accordance with one or more aspects of the present disclo-
sure.

[0052] As shown in FIG. 2, information distribution sys-
tem 112 includes machine learning module 220. Machine
learning module 220 may operate for updating point-wise
learning model 116 and pair-wise learning model 118. For
instance, in response to receiving impression callback 232
and engagement callback 234, machine learning module 220
may update point-wise learning model 116 and pair-wise
learning model 118 such that distribution module 114 may
effectively select candidate advertisements for display at a
client device.

[0053] In accordance with techniques of this disclosure,
distribution module 114 may receive, from a client device of
a user, a request for one or more advertisements from a set
of advertisements to display at the client device with a set of
messages. The set of messages may be associated with the
user in a social network messaging service. For instance,
while the user is scrolling through the messages in the social



US 2021/0110428 Al

network messaging service, the client device may automati-
cally send a request to distribution module 114 of informa-
tion distribution system 112 for information distribution
system 112 to send an advertisement which the client device
may display at a graphical user interface. Distribution mod-
ule 114 may utilize communication units 208 to receive this
request.

[0054] Distribution module 114 may receive targeted con-
tent 230 from a content provider system. Distribution mod-
ule 114 may intermittently receive advertisements to add to
the datastore of targeted content 230. As such, targeted
content 230 may contain an up-to-date collection of poten-
tial advertisements that may be evaluated for the purpose of
determining the likelihood that a user may select the respec-
tive advertisement.

[0055] Using a machine learning model that is based at
least in part on point-wise learning model 116 and pair-wise
learning model 118, distribution module 114 may determine
a probability that the user will select a candidate advertise-
ment from the set of advertisements included in targeted
content 230. For instance, distribution module 114 may
select a first candidate advertisement from targeted content
230. Using the data included in point-wise learning model
116, distribution module 114 may determine an initial prob-
ability or ranking for the candidate advertisement. Using the
data included in pair-wise learning model 118, distribution
module 114 may adjust the initial probability or ranking
based on how the candidate advertisement may rank against
other candidate advertisements present in the set of adver-
tisements included in targeted content 230. For example, the
first candidate advertisement may initially have the highest
probability of being selected based on point-wise learning
model 116. However, using pair-wise learning model 118,
distribution module 114 may determine that the first candi-
date advertisement is less likely to be selected over the
candidate advertisements with the second- and third-highest
probabilities if the first candidate advertisement was shown
in the same session as these candidate advertisements. As
such, distribution module 114 may adjust the probability that
the user would select the first candidate advertisement by
decreasing the probability as indicated by point-wise learn-
ing model 116 alone.

[0056] Machine learning module 220 may update point-
wise learning model 116 and pair-wise learning model 118
based on various training instances, or previous instances
when the candidate advertisement or an equivalent candidate
advertisement was displayed. For instance, when the client
device displays the candidate advertisement or an advertise-
ment similar to the candidate advertisement (e.g., regarding
the same product, from the same brand, regarding a similar
product from a different brand, has a similar motif), the
client device may send an indication to distribution module
114 that indicates whether the advertisement was selected. If
the advertisement was selected, distribution module 114
may update point-wise learning model 116 to indicate that
the user is more likely to select the candidate advertisement
in the future. Similarly, if the advertisement was not
selected, distribution module 114 may update point-wise
learning model 116 to indicate that the user is less likely to
select the candidate advertisement in the future.

[0057] Ifthe evaluated advertisement was displayed in the
same session as a second advertisement, distribution module
114 may further update pair-wise learning model 118. For
instance, if the evaluated candidate advertisement (or similar
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advertisement) was shown in the same session as a second
advertisement, and the user selected the candidate adver-
tisement but did not select the second advertisement, distri-
bution module 114 may update pair-wise learning model 118
to indicate that the user is more likely to select the candidate
advertisement than the second advertisement. As such, when
the candidate advertisement is evaluated in the future, dis-
tribution module 114 may adjust the candidate score for the
candidate advertisement with relation to the second adver-
tisement as defined in point-wise learning model 116. Simi-
larly, if the user selected the second advertisement but did
not select the candidate advertisement, distribution module
114 may update pair-wise learning model 118 to indicate that
the user is more likely to select the second advertisement
than the candidate advertisement.

[0058] Machine learning module 220 may further update
models 116 and 118 based on “callbacks,” or particular
timestamps. For instance, machine learning module 220 may
receive an impression callback time 232 that indicates a
timestamp when the candidate advertisement from the set of
candidate advertisements was displayed at the client device.
If the advertisement was selected, machine learning module
220 may further receive an engagement callback time 234
that indicates a timestamp when the candidate advertisement
from the set of candidate advertisements was selected by the
user at the client device. In such instances, machine learning
module 220 may train the machine learning model (i.e.,
update models 116 and 118) based at least in part impression
callback time 232 and engagement callback time 234.

[0059] For instance, the difference between impression
callback time 232 and engagement callback time 234 may
influence the extent to which models 116 and 118 are
updated. Specifically, the extent to which the scores in
models 116 and 118 are updated may be inversely propor-
tional to the difference between impression callback time
232 and engagement callback time 234. For example, if
there is a small difference between impression callback time
232 and engagement callback time 234, the user may have
been immediately drawn to the candidate advertisement and
especially interested in the content of the candidate adver-
tisement or the product being marketed in the candidate
advertisement. As such, if the user was presented with a
similar advertisement or the same candidate advertisement
in the future, machine learning module 220 may use the
quick selection as evidence of the user being highly inter-
ested in this type of advertisement. Therefore, machine
learning module 220 may greatly increase the corresponding
scores in point-wise learning model 116 and/or pair-wise
learning model 118 more to reflect the speed at which the
user selected the candidate advertisement.

[0060] Conversely, if there is a larger difference between
impression callback time 232 and engagement callback time
234, the user may have not been drawn to the candidate
advertisement right away or the user may have evaluated the
candidate advertisement with a hesitation as to whether the
candidate advertisement was worthy of exploring deeper. As
such, if presented with a similar advertisement or the same
candidate advertisement in the future, machine learning
module 220 may use the hesitation as evidence of the user
being only slightly or moderately interested in this type of
advertisement. Therefore, machine learning module 220
may only slightly increase the corresponding scores in
point-wise learning model 116 and/or pair-wise learning
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model 118 more to reflect the slower speed at which the user
selected the candidate advertisement.

[0061] Machine learning module 220 may receive the
training instances from the specific user and update user-
specific point-wise learning models and pair-wise learning
models. In other instances, point-wise learning model 116
and pair-wise learning models may be used for multiple
users with similar demographic information or interests. In
such instances, machine learning module 220 may receive a
continuous stream of training instances from a plurality of
client devices, with each training instance indicating at least
one of an impression callback or an engagement callback
associated with the candidate advertisement that is displayed
at each of the plurality of client devices. Machine learning
module may then train models 116 and 118 based at least in
part on the continuous stream of training instances that
correspond to the candidate advertisement.

[0062] For example, for users that have an interest in
automobiles, a single point-wise learning model and pair-
wise learning model may be utilized for all users with that
interest. In this example, machine learning module 220 may
update the point-wise learning model and pair-wise learning
model for a candidate advertisement displayed to a group of
these users, as machine learning module 220 may assume
that each user with this similar interest may have a similar
reaction to the same advertisement. Conversely, a user who
has an interest in automobiles may have different advertise-
ment selection behavior than a user who has an interest in
knitting. As such, users who have an interest in knitting may
have a different point-wise learning model and pair-wise
learning model than the users who have an interest in
automobiles. The point-wise learning models and pair-wise
learning models may be further customized based on a
user’s combination of interests. Machine learning module
220 may determine the user’s interests based on accounts
that the user subscribes to in the social media application.
[0063] Distribution module 114 may determine, based at
least in part on the probability that the user will select the
candidate advertisement, a candidate score associated with
the candidate advertisement. In some examples, the candi-
date score may be the determined probability itself. In other
examples, distribution module 114 may determine the score
as a ranking value of the probabilities when compared to
other advertisements in the set of advertisement. In other
examples, the score may be a combination of the two
systems above or any other scoring system that may assign
a score to a candidate advertisement based on the probability
that the user will select the candidate advertisement.
[0064] In some examples, the determined score may fur-
ther be based on a bid price that an advertiser will pay if the
user selects the candidate advertisement. In such examples,
the determined score may be an expected profit for an
operator of information distribution system 112 if distribu-
tion module 114 sends the candidate advertisement for
display at the client device. For instance, distribution mod-
ule 114 may determine that the probability that the user will
select a given candidate advertisement is 25 %. Distribution
module 114 may also determine that the advertiser will pay
the operator of information distribution system 112 ten
dollars if the user selects the candidate advertisement. As
such, using this information, distribution module 114 may
determine that the expected profit for the operator if distri-
bution module 114 sent the candidate advertisement to the
client device for display is two dollars and fifty cents.
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[0065] Distribution module 114 may determine that the
candidate score satisfies a threshold score. For instance, in
certain non-limiting examples, distribution module 114 may
not send any advertisement to client device 102A if the
expected profit from the user selecting the advertisement
(e.g., the probability the user selects the advertisement
multiplied by the amount the advertiser will pay the operator
of information distribution system 112 if the user selects the
advertisement) is below two dollars. In other instances,
distribution module 114 may not send any advertisement to
client device 102A if the advertisement ranks outside of the
top-five expected profits. It should be noted that the thresh-
olds of two dollars and the top-five ranks are given only as
example illustrations. The threshold may be any percentage,
rank, expected profit, or other score format deemed reason-
able by information distribution system 112 or client device
102A. By comparing the determined score to a threshold
score, distribution module 114 may reduce network traffic
for information sent over the network. This may enable a
higher level of efficiency and reduced battery consumption
in both information distribution system 112 and client device
102A.

[0066] If the candidate score for the candidate advertise-
ment satisfies the threshold score, distribution module 114
may send the candidate advertisement for display at client
device 102A with the set of messages. For instance, distri-
bution module 114 may send collocated content to client
device 102A that includes the set of messages, such as user
content to be shown in a card in the graphical user interface.
Collocated content 110 may also include the candidate
advertisement from targeted content 230, which has a can-
didate score that satisfies the threshold score, to be displayed
in a card in the graphical user interface along with a card that
shows user content from the set of messages.

[0067] In some examples, distribution module 114 may
send the candidate advertisement in a set of candidate
advertisements, where each respective candidate advertise-
ment in the set of candidate advertisements has a respective
candidate score that satisfies the threshold score. The client
device may then select one of the candidate advertisements
from the set of candidate advertisements to display with the
set of messages.

[0068] Rather than statically presenting advertisements or
using a singular model to determine a likelihood that a user
will select an advertisement, the techniques of this disclo-
sure describe distribution module 114 performing a learning-
to-rank method which addresses the sparsity of training
signals while also being trained and updated online. In the
techniques described herein, distribution module 114 utilizes
both point-wise learning model 116 and pair-wise learning
model 118, both of which can be dynamically updated, to
more efficiently and accurately select candidate advertise-
ments to be displayed at a client device. Information distri-
bution system 112 may further utilize models 116 and 118 to
provide likelihoods to advertisers such that the advertisers
can propose appropriate bid prices for such advertisements.
Information distribution system may also combine the accu-
rate probabilities determined using models 116 and 118 with
the received bid price to determine the most profitable
advertisements that may be displayed for each user.

[0069] By using both a point-wise learning model and a
pair-wise learning model, the information distribution sys-
tem may more accurately predict which advertisements will
be selected by a user. Traditional computational advertising
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typically appears in two forms. The first form is a sponsored
search that places advertisements onto the search result page
when a query is issued to a search engine. The second form
is contextual advertising that places advertisements onto a
regular, static Web page. Compared with these two para-
digms, placing advertisements into a dynamic, constantly
updating message stream may be challenging. In such an
environment, the information distribution system may place
every advertisement into a unique context. To efficiently
distribute advertisements, an information distribution sys-
tem may utilize machine learning models tailored to each
particular user, but the information available for training
such a machine learning model may be sparse.

[0070] Users on social media accounts may subscribe to
other accounts, commonly referred to as followees. These
followees may continuously produce messages, correspond-
ing in general to the follower’s long term interest. Once
posted, the messages are pushed into the follower’s timeline,
a continuous stream of messages from one’s followees. To
facilitate the consumption of the large amount of real time
information, each user’s timeline is displayed in a way that
new arrivals are presented on the top of the screen, replacing
the older ones. When a user refreshes their timeline, only a
limited number of messages may be pushed to the user’s
device. This may be described as a session, which may
consist of all the messages sent to one user at the same time.
Alternative descriptions for the definition of a session are
described above.

[0071] Given a user’s timeline, the session pushed to this
user at a particular time, and a set of advertisements,
techniques of this disclosure may predict the probability that
aparticular advertisement will be clicked on if it is displayed
on this user’s timeline. Traditional online advertising usually
appears in two forms: sponsored search and contextual
advertising. Sponsored search is designed for web search
engines. The sponsored search is concerned with placing
advertisements onto a search result page of a particular
query. In contrast, contextual advertising studies how to
display advertisements on a regular, usually static Web page.
Compared with these two traditional paradigms, placing
advertisements into a social media user’s timeline is par-
ticularly challenging given its streamed nature. First, the
stream of messages is emitted from accounts the user
follows, which usually correspond to their long term interest
but do not reflect their current status. However, whether the
user clicks on an advertisement or not may depend on their
current information need (a.k.a., intent) when the advertise-
ment is viewed. For example, a user following a software
company may not necessarily currently be looking for a
product from that software company. Conversely, a user who
is inquiring about the most recent version of a software
product may not necessarily subscribe to the software com-
pany’s feeds. Second, every user receives a unique stream of
messages which update continuously. Compared with spon-
sored search where an advertisement can be placed when-
ever the same query is issued, and to contextual advertising
where an advertisement can be placed whenever a user visits
the same Web page, in a social media message stream, few
advertisements are placed in the same session. Moreover,
every user has a different timeline which is updated dynami-
cally. This means that there is a unique “page” (e.g., session)
for every user at any given time point. As a result, adver-
tisements inserted at different time points are actually dis-
played in completely different “pages” (sessions). These
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factors make it difficult to gather enough user behavioral
signals for training a machine learning model and non-trivial
to utilize historical clicks on an advertisement for predicting
how likely it will be clicked on in the future.

[0072] The nature of social media platforms encourages
various forms of advertisements. For instance, advertisers
could invite users to follow their social media accounts,
enhance the popularity of a particular hashtag, and distribute
product information via messages in the social media plat-
form. Among them, a large proportion of user targeting takes
the form of the messages themselves, which may be called
promoted messages. When inserted in user’s timeline, pro-
moted messages are like regular messages: they scroll
through the timeline, appear in the timeline just once, and
users can engage with the messages by a variety of forms.
For example, users can click on uniform resource locators
(URLs), retweet, reply to, like, or favorite the promoted
message, just as they do to any other regular messages. The
only difference may be that a user could perform a negative
engagement with a promoted message by hitting a “dismiss”
button associated with the promoted messages. When a
social media user refreshes their home timeline, the client
side may issue an advertisement display request to the
advertisement server (e.g., information distribution platform
112). This time stamp may be a request time. An initial set
of advertisement candidates may be formed according to the
information of the user. To decide the winner from these
candidates, an auction may be run based on two factors. The
first is the bid price, or the amount of money advertisers may
be willing to pay if users engage with their advertisements.
The second factor is the predicted click probability. Deter-
mining the predicted click probability is called the click-
through rate (CTR) prediction. In this disclosure, clicks may
mean any type of engagement with the messages. For the
purposes of this disclosure, the prediction may be for the
probability of any positive engagements, e.g., retweet, reply,
like, favorite, and URL visit. Described methods could be
easily generalized to prediction of a specific user action, e.g.,
dismissing a promoted message. Positive engagements are
shortened as engagements hereinafter. At the end of the
auction, there could be zero to K winning advertisements.
No advertisement will be placed if the system cannot find a
good match to the context. Showing advertisements in this
case may hurt user experience. For the same reason, the
maximum number of selected advertisements K is usually
set to a very small number.

[0073] There may be two aspects in the CTR prediction
task. The first aspect is a correct estimation of click prob-
ability, especially for the winners in the auction. An under-
estimation could result in no winners while an overestima-
tion could incur user frustration. In addition, inaccurate
prediction may lead to complications in charging. The
second aspect is that a ranking of the advertisements may, in
certain cases, be more critical than the actual values of CTR
when choosing the best advertisements to show to every
user. There may also be a very limited number of spots to
display advertisements. A model achieving reasonable CTR
estimation does not necessarily output good ranking, and
vice versa.

[0074] Having chosen the advertisements to display, the
server may receive an impression callback from the client,
indicating the successful appearance of advertisements in
the user’s device screen. This time stamp is recorded as an
impression callback time. This callback is helpful given the
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streamed nature of user’s timeline: promoted messages
might have already been scrolled over before users ever see
it. If, by any chance, the user engages with the promoted
message, an engagement callback will be triggered. This
point of time is called the engagement callback time.
[0075] Following the typical machine learning approach
to CTR prediction, a point-wise learning-to-rank approach
may be used as a baseline. In particular, information distri-
bution system 112 may train a probabilistic classifier that
assigns a posterior click-through probability to an advertise-
ment, if it is displayed in user’s current session of their
timeline. The training data may be made up of all historical
impressions shown across all users. These data are treated as
i.i.d. and the learning algorithm may optimize, or otherwise
be improved, for the global loss. An instance is represented
as (v, x), where y € {£1} is the ground-truth binary label,
with value 1 being the presence of clicks. Feature vector x
may be extracted from the advertisement, user, timeline,
current session, and possible interactions between any two
of the entities. These features should be general because no
session repeats. In certain examples, D={(y, x)} be the set of
all instances. The loss function for the point-wise learning
can be formulated as

Lov D)= ) Iy, fOw, x)
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where f is a hypothesis function, w is function parameters,
and 1 is a loss function for a single instance. In order to
quickly capture a user’s change of information need, and
enable large-scale online learning on the huge amount of
click data, logistic regression may be utilized to instantiate
this learning framework with stochastic gradient descent
(SGD) as the algorithm. Specifically, the function may
include

1y, flw, x))=log(1+exp(-3Alw, x)))
where f{w, x)=w’x, and y € {=1}.
[0076] In point-wise approaches, the learner (e.g., point-
wise learning model 116) takes as input a single instance
(e.g., candidate advertisement 136) one at a time, with
presence of engagement as the target value. Despite its
advantage of directly minimizing prediction error, point-
wise learning does not take into account the relative order of
advertisements in terms of a particular user’s preference,
externalized by this user’s click probability on each adver-
tisement. However, ranking is critical in the auction of
determining the winning advertisements—only a top few
candidates can be finally displayed.
[0077] It is natural that user’s interest on advertisements
can change over time. If a user clicked an advertisement a ,
one year ago, and ignored an advertisement az today, it is
doubtful to draw the conclusion that this user prefers a, to
az, due to a possible shift of interest of this user over a year.
However, it is reasonable to assume that user preference is
steady during a short time period. For example, two adver-
tisements are more comparable if they are presented to the
same user in one session. Two advertisements in the same
session have almost the exact same context, thus directly
optimizing, or otherwise improving, the preference order
between them.
[0078] In order to optimize for, or otherwise improve for,
the relative user preference, a pair-wise learning approach
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may be utilized, which may incur less ranking loss. In other
words, predicting the selection probability of a single can-
didate advertisement may, in certain cases, not provide the
truest ranking of how a user may feel regarding a group of
candidate advertisements. As such, comparing pairs of
advertisements and adjusting the overall rankings accord-
ingly may, in some cases, provide a truer set of rankings and
probabilities. In particular, information distribution system
112 may train a pair-wise model (e.g., pair-wise learning
model 118) on advertisement pairs that are shown to one
user in the same session. Let P={((y 4, X)), V5, Xz)IV.,#Y5}
be the set of all pairs. The loss function is defined as

Liw, P) = Z

((yAxA),(yB,xB))eP

l(g(yA = yB), f(w, xA) - f(w, xB))

where g(y ,~vz) transforms the difference of two individual
instance labels into the label for pair-wise learning. g(y)=y/2
to ensure that g(y ,~yz) € {+1}. For logistic regression, f(w,
xA)-f(w, xB)=w'x ,—wix ,=w’(x ,~x)=T(W, X ,-x;). There-
fore, the logistic loss listed in classification section can still
be used with no change, bringing the advantage that pair-
wise learning can be conducted in an online and scalable
manner, just as point-wise learning.

[0079] As stated above, pair-wise approaches may mini-
mize ranking loss. Accordingly, the output of pair-wise
model is interpreted as preference score, rather than pre-
dicted click probability. However, estimation of click prob-
ability is useful for advertisement auctions. This means
calibration may transform score to click probability. A
common practice is to use a sigmoid function, where the
coeflicients are learned through maximizing likelihood on
the training set. An advantage of this transformation is that
the relative order of instances ranked by score of the original
model may be preserved.

[0080] Point-wise approaches try to obtain good estimate
of click probability, while pair-wise approaches aim to learn
the ranking of impressions ordered by click probability. This
brings their respective downside: point-wise methods may
perform poorly on ranking, whereas pair-wise methods tend
to have the problem of inaccurate CTR estimation. Another
practical problem could possibly arise using solely pair-wise
learning: not all sessions have more than one advertisement.
Consequently, a large proportion of instances may be wasted
at the training stage. Therefore, techniques of this disclosure
describe an online algorithm, based on a combined frame-
work:

min aL(w, D)}+(1-a)L(w, P)

[0081] with o being a trade-off parameter between opti-
mizing, or otherwise improving, towards classification and
ranking. This trade-off may be implemented by sampling an
instance from D with probability a and a pair from P with
probability 1-c. The sampling practice may be used for
offline static learning. For real online learning, the model
receives training data in the form of advertisement stream,
and advertisements of one session could return at different
time points. Therefore, an algorithm adapted to the online
setting may be developed for the combined learning.

[0082] In practice, multiple advertisements shown in the
same user session may still be the minority case, because of
the need to protect user experience by controlling the
advertisements load. This is especially true for promoted
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messages, which are inserted into the main stream that users
consume information from, unlike search advertisements or
contextual advertisements displayed on the sidebar. As a
result, only a small percentage of training instances fed to
the model may be from a pair of advertisements. Conse-
quently, the learned model may be biased towards minimiz-
ing classification loss, failing to obtain enough pairs to
induce a good ranker and mitigate the sparsity issue. To
combat this problem, one strategy may be to form more pairs
artificially by grouping impressions from distinct requests.
There may be two grouping choices: across different users
and within one user. Comparing impressions across users
may be to compare clicks collected from disparate prefer-
ences. It is possible to pair impressions from users sharing
similar interests, similar to collaborative filtering.

[0083] For a single user, a user’s interest shifts over the
course of time, it is reasonable to assume that each user’s
preference is stable within a short period of time. This makes
it plausible to form “pseudo-pairs” by grouping impressions
shown in different sessions but to the same user. To empha-
size the time information, importance weight may be
attached to formed pairs based on time difference. Math-
ematically, let S={((Y.4, X4, L), (¥, Xz, tp))|V2Y5, t =t} be
the set of all pseudo-pairs, where t,, t; are the request time
of impression A and B respectively. The loss function is
defined as

Liw,S) =

. N
ma){mm(log—, 1), 0]*
|tA —tB|

lg(yA = yB), f(w, xA) - f(w, xB))

((yAxAA)(yBxBtB)eS

where N is acting as the size of a sliding window-the weight
of a paired instance is O if It,~tz/=N. The framework
incorporating pseudo-pairs can be formulated as:

min a.L(w, D)+oL(w, P)+(1-0,-05)L(w, S)

[0084] Considering the massive behavior data collected
from each user’s timeline, models that could be updated
online may be useful. Point-wise and combined learning
could be conducted in an online manner, so that large-scale
online A/B tests can be performed.

[0085] Online learning may utilize obtained new clicks
and non-clicks in real-time so that new training instances
could be formed to update the model. However, some
difficulties surface due to the nature of stream.

[0086] The first issue is related to deciding whether users
have seen the promoted messages. Since it is possible that
users do not click advertisements simply because they fail to
see it, only advertisements with impression callbacks may
be considered as training examples.

[0087] The second issue is the length of time varies for
different users to finally see and engage with the promoted
messages. This leads to a time difference for servers to
receive engagement callbacks. The worst case is that users
simply ignore these messages and servers can never obtain
engagement callbacks. Hence comes the problem of decid-
ing the length of time the server should wait for user clicks.
Because a training instance is not complete until its label is
decided, this waiting time directly determines the lag of
online learning. One solution to this problem is to cache
impressions, and judge them as negative if no engagement
callbacks are returned in a predefined amount of time. For
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example, the judgment of labels could be wrong—engage-
ment callbacks could return after the predefined time. The
longer the advertisements are cached, the more likely it is to
obtain the ground-truth labels. However, trade-off exists—
longer cache time can lead to larger cache size and longer
delays in training. In accordance with techniques of this
disclosure, impressions may be set as negative and are added
to the training set immediately when impression callback is
received. If ever engagement callback returns, this impres-
sion is reset as positive to update the model again. This
solution saves the large amount of cache space and ensures
no delay of training. Additionally, considering the rarity of
clicking events, only a small percentage of examples need
correction.

[0088] Combined learning may use training instances
formed from both a single advertisement and a pair of
advertisements. The procedure of obtaining single adver-
tisements is identical to the one for point-wise learning.
However, two problems remain to be solved. First, the
collection of a pair of advertisements with click information
may be difficult. Second, there exists a trade-off between
classification and ranking. That is, how to combine point-
wise learning and pair-wise learning.

[0089] The label for a pair may be decided only if the
server obtains click labels for both impressions in the pair.
However, engagement callbacks return separately and the
time at which the engagement callbacks return varies
greatly. To wait for the labels for both impressions, the
returns may be cached. The cache may be accessed by using
request id as the key. The cache value is a set of impressions
with labels initialized to null. Each cache entry may be alive
for a predetermined amount of time, such as 15 minutes.
When an impression callback arrives, the label of the
correspondent impression may be set to negative. Whereas
when an engagement callback returns, the label for the
associated impression may be turned to positive. Updating
of the model is only necessary when one impression label
changes from negative to positive, namely the moment when
an engagement callback occurs. The positive instance may
then be paired with all negative instances belonging to one
session.

[0090] With regard to the second problem, a simple strat-
egy may apply point-wise learning for each individual
impression, and do both point-wise and pair-wise learning
when there is more than one impression with differing
labels. In this example, the trade-off parameter a depends on
the percentage of requests with a single advertisement and
the number of clicked advertisements in requests with more
than one advertisement.

[0091] A first example algorithm for updating the combine
point-wise and pair-wise learning models is shown below:

Input: cache, request ID req_id, call back impression ID imp_id,

call back type type, current model parameter w, weight w,, for

paired instance

Output: Updated model parameter w

imp_map < cache.get(req_id)

(v, X) < imp_map.get(imp_id) // get impression

if type = impression_call_back then
imp_map.set(imp_id; (-1, X)) // set label to negative
update w using (-1, x) by SGD // point-wise learning

else // handle engagement call back
imp_map:set(imp_id; (+1, x)) // set label to positive
update w using (+1, x) by SGD // point-wise learning
P <« extract_pairs (imp_map, (+1, X))

O 0~ O AW R
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-continued
10: if Plength > 0 then // pair-wise learning
11: for Each pair ((y4, X4), (¥ Xz)) in P do
12: X < (X4 — Xp)
13: y < 84— s
14: update w using (y, x) and weight w,, by SGD
15: end for
16: end if
17: end if
[0092] A second example algorithm for updating the com-

bine point-wise and pair-wise learning models is shown
below, where pairs are extracted for a particular request:

Input: Impression map imp_map, call back impression (v, X)
Output: An array of paired instances P = {((y4, X4), (Y, Xz)) |

Y4® Yz}
: P {}

for Each negative instance (y~, x7) in imp_map do
Draw z uniformly at random from [0, 1)
if z < 0.5 then
Form a pair p < ((y, X), (v, X))
else
Form a pair p < (v, X7, (¥, X))
end if
P<PU {p}
end for

AN A

—

[0093] FIG. 3 is a flow diagram illustrating example
operations of a computing device that implements tech-
niques for selecting candidate advertisements for display on
a client device based on a point-wise learning model and a
pair-wise learning model, in accordance with one or more
aspects of the present disclosure. For purposes of illustration
only, the example operations are described below within the
context of information distribution system 112, as shown in
FIGS. 1 and 2.

[0094] In accordance with techniques of this disclosure,
information distribution system 112 may receive, from client
device 102A of a user, a request for one or more advertise-
ments from a set of advertisements to display at client device
102A with a set of messages (e.g., cards 132A and 132B)
(300). The set of messages may be associated with the user
in a social network messaging service. For instance, while
the user is scrolling through the messages in the social
network messaging service, client device 102A may auto-
matically send a request to information distribution system
112 for information distribution system 112 to send an
advertisement which client device 102A may display at
graphical user interface 130.

[0095] Content provider system 124 may provide the set
of advertisements to information distribution system in
targeted content 122, which may be a subset or the entire set
of advertisements in targeted content 126. Targeted content
126 may be a database of advertisements that may be
displayed by client device 102A. Targeted content 122 may
be a subset of targeted content 126 based on the social media
platform currently in use by client device 102A, the demo-
graphic information of a user of client device 102A, or any
other function that limits the amount of possible advertise-
ments sent to information distribution system 112.

[0096] Using a machine learning model that is based at
least in part on point-wise learning model 116 and pair-wise
learning model 118, distribution module 114 may determine
a probability that the user will select a candidate advertise-
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ment from the set of advertisements included in targeted
content 122 (302). For instance, distribution module 114
may select a first candidate advertisement from targeted
content 122. Using the data included in point-wise learning
model 116, distribution module 114 may determine an initial
probability or ranking for the candidate advertisement.
Using the data included in pair-wise learning model 118,
distribution module 114 may adjust the initial probability or
ranking based on how the candidate advertisement may rank
against other candidate advertisements present in the set of
advertisements included in targeted content 122. For
example, the first candidate advertisement may initially have
the third-highest probability of being selected based on
point-wise learning model 116. However, using pair-wise
learning model 118, distribution module 114 may determine
that the first candidate advertisement is likely to be selected
over the candidate advertisements with the first- and second-
highest probabilities if the first candidate advertisement was
shown in the same session as these candidate advertise-
ments. As such, distribution module 114 may adjust the
probability that the user would select the first candidate
advertisement by increasing the probability as indicated by
point-wise learning model 116 alone.

[0097] Distribution module 114 may determine, based at
least in part on the probability that the user will select the
candidate advertisement, a candidate score associated with
the candidate advertisement (304). In some examples, the
candidate score may be the determined probability itself. In
other examples, distribution module 114 may determine the
score as a ranking value of the probabilities when compared
to other advertisements in the set of advertisement. In other
examples, the score may be a combination of the two
systems above or any other scoring system that may assign
a score to a candidate advertisement based on the probability
that the user will select the candidate advertisement.

[0098] Distribution module 114 may determine whether
the candidate score satisfies a threshold score (306). For
instance, in certain non-limiting examples, distribution mod-
ule 114 may not send any advertisement to client device
102A if the probability that the user will select the adver-
tisement is below 20 %. In other instances, distribution
module 114 may not send any advertisement to client device
102A if the advertisement ranks outside of the top-five most
likely advertisements that a user may select. It should be
noted that the thresholds of 20% and the top-five ranks are
given only as example illustrations. The threshold may be
any percentage, rank, or other score format deemed reason-
able by information distribution system 112 or client device
102A. By comparing the determined score to a threshold
score, distribution module 114 may reduce network traffic
for information sent over network 128. This may enable a
higher level of efficiency and reduced battery consumption
in both information distribution system 112 and client device
102A.

[0099] If the candidate score for the candidate advertise-
ment does not satisty the threshold (“NO” branch 310),
distribution module 114 may repeat step 302 for a second
candidate advertisement. If the candidate score for the
candidate advertisement satisfies the threshold score (“YES”
branch 308), distribution module 114 may send the candi-
date advertisement for display at client device 102A with the
set of messages (312). For instance, distribution module 114
may send collocated content 110 to client device 102A.
Collocated content 110 may include the set of messages,
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such as user content 134 to be shown in card 132B in
graphical user interface 130. Collocated content 110 may
also include candidate advertisement 136, which has a
candidate score that satisfies the threshold score, to be
displayed in card 132C in graphical user interface 130 along
with card 132B.

[0100] FIG. 4 is a flow diagram illustrating example
operations of an information distribution system and a client
device, in accordance with one or more aspects of the
present disclosure. For purposes of illustration only, the
example operations are described below within the context
of information distribution system 112, as shown in FIGS. 1
and 2.

[0101] Client device 102A may send an impression call-
back and an engagement callback to information distribution
system 112 (400). For instance, machine learning module
220 may receive an impression callback time 232 that
indicates a time stamp when the candidate advertisement
from the set of candidate advertisements was displayed at
the client device. If the advertisement was selected, machine
learning module 220 may further receive an engagement
callback time 234 that indicates a time stamp when the
candidate advertisement from the set of candidate advertise-
ments was selected by the user at the client device. In such
instances, machine learning module 220 may train the
machine learning model (e.g., update models 116 and 118)
based at least in part impression callback time 232 and
engagement callback time 234. Machine learning module
220 may update models 116 and 118 based on “callbacks,”
or particular timestamps (402).

[0102] For instance, the difference between impression
callback time 232 and engagement callback time 234 may
influence the extent to which models 116 and 118 are
updated. Specifically, the extent to which the scores in
models 116 and 118 are updated may be inversely propor-
tional to the difference between impression callback time
232 and engagement callback time 234. For example, if
there is a small difference between impression callback time
232 and engagement callback time 234, the user may have
been immediately drawn to the candidate advertisement and
especially interested in the content of the candidate adver-
tisement or the product being marketed in the candidate
advertisement. As such, if the user was presented with a
similar advertisement or the same candidate advertisement
in the future, machine learning module 220 may use the
quick selection as evidence of the user being highly inter-
ested in this type of advertisement. Therefore, machine
learning module 220 may potentially greatly increase the
corresponding scores in point-wise learning model 116
and/or pair-wise learning model 118 more to reflect the
speed at which the user selected the candidate advertise-
ment.

[0103] Conversely, if there is a larger difference between
impression callback time 232 and engagement callback time
234, the user may have not been drawn to the candidate
advertisement right away or the user may have evaluated the
candidate advertisement with a hesitation as to whether the
candidate advertisement was worthy of exploring deeper. As
such, if presented with a similar advertisement or the same
candidate advertisement in the future, machine learning
module 220 may use the hesitation as evidence of the user
being only slightly or moderately interested in this type of
advertisement. Therefore, machine learning module 220
may only slightly increase the corresponding scores in
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point-wise learning model 116 and/or pair-wise learning
model 118 more to reflect the slower speed at which the user
selected the candidate advertisement.

[0104] Machine learning module 220 may receive the
training instances from the specific user and update user-
specific point-wise learning models and pair-wise learning
models. In other instances, point-wise learning model 116
and pair-wise learning models may be used for multiple
users with similar demographic information or interests. In
such instances, machine learning module 220 may receive a
continuous stream of training instances from a plurality of
client devices, with each training instance indicating at least
one of an impression callback or an engagement callback
associated with the candidate advertisement that is displayed
at each of the plurality of client devices. Machine learning
module may then train models 116 and 118 based at least in
part on the continuous stream of training instances that
correspond to the candidate advertisement.

[0105] For example, for users that have an interest in
automobiles, a single point-wise learning model and pair-
wise learning model may be utilized for all users with that
interest. In this example, machine learning module 220 may
update the point-wise learning model and pair-wise learning
model for a candidate advertisement displayed to a group of
these users, as machine learning module 220 may assume
that each user with this similar interest may have a similar
reaction to the same advertisement. Conversely, a user who
has an interest in automobiles may have different advertise-
ment selection behavior than a user who has an interest in
knitting. As such, users who have an interest in knitting may
have a different point-wise learning model and pair-wise
learning model than the users who have an interest in
automobiles. The point-wise learning models and pair-wise
learning models may be further customized based on a
user’s combination of interests. Machine learning module
220 may determine the user’s interests based on accounts
that the user subscribes to in the social media application.

[0106] Using the updated machine learning model that is
based at least in part on point-wise learning model 116 and
pair-wise learning model 118, distribution module 114 may
determine a probability that the user will select a candidate
advertisement from the set of advertisements included in
targeted content 230 (404). For instance, distribution module
114 may select a first candidate advertisement from targeted
content 230. Using the data included in point-wise learning
model 116, distribution module 114 may determine an initial
probability or ranking for the candidate advertisement.
Using the data included in pair-wise learning model 118,
distribution module 114 may adjust the initial probability or
ranking based on how the candidate advertisement may rank
against other candidate advertisements present in the set of
advertisements included in targeted content 230. For
example, the first candidate advertisement may initially have
the highest probability of being selected based on point-wise
learning model 116. However, using pair-wise learning
model 118, distribution module 114 may determine that the
first candidate advertisement is less likely to be selected over
the candidate advertisements with the second- and third-
highest probabilities if the first candidate advertisement was
shown in the same session as these candidate advertise-
ments. As such, distribution module 114 may adjust the
probability that the user would select the first candidate
advertisement by decreasing the probability as indicated by
point-wise learning model 116 alone.
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[0107] Distribution module 114 may determine, based at
least in part on the probability that the user will select the
candidate advertisement, a candidate score associated with
the candidate advertisement (406). In some examples, the
candidate score may be the determined probability itself. In
other examples, distribution module 114 may determine the
score as a ranking value of the probabilities when compared
to other advertisements in the set of advertisement. In other
examples, the score may be a combination of the two
systems above or any other scoring system that may assign
a score to a candidate advertisement based on the probability
that the user will select the candidate advertisement.

[0108] In some examples, the determined score may fur-
ther be based on a bid price that an advertiser will pay if the
user selects the candidate advertisement. In such examples,
the determined score may be an expected profit for an
operator of information distribution system 112 if distribu-
tion module 114 sends the candidate advertisement for
display at the client device. For instance, distribution mod-
ule 114 may determine that the probability that the user will
select a given candidate advertisement is 25 %. Distribution
module 114 may also determine that the advertiser will pay
the operator of information distribution system 112 ten
dollars if the user selects the candidate advertisement. As
such, using this information, distribution module 114 may
determine that the expected profit for the operator if distri-
bution module 114 sent the candidate advertisement to the
client device for display is two dollars and fifty cents.

[0109] Distribution module 114 may determine that the
candidate score satisfies a threshold score (406). For
instance, in certain non-limiting examples, distribution mod-
ule 114 may not send any advertisement to client device
102A if the expected profit from the user selecting the
advertisement (e.g., the probability the user selects the
advertisement multiplied by the amount the advertiser will
pay the operator of information distribution system 112 if
the user selects the advertisement) is below two dollars. In
other instances, distribution module 114 may not send any
advertisement to the client device if the advertisement ranks
outside of the top-five expected profits. It should be noted
that the thresholds of two dollars and the top-five ranks are
given only as example illustrations. The threshold may be
any percentage, rank, expected profit, or other score format
deemed reasonable by information distribution system 112
or the client device. By comparing the determined score to
a threshold score, distribution module 114 may reduce
network traffic for information sent over the network. This
may enable a higher level of efficiency and reduced battery
consumption in both information distribution system 112
and the client device.

[0110] If the candidate score for the candidate advertise-
ment satisfies the threshold score, distribution module 114
may send the candidate advertisement for display at the
client device with the set of messages (408). For instance,
distribution module 114 may send collocated content to the
client device that includes the set of messages, such as user
content to be shown in a card in the graphical user interface.
Collocated content 110 may also include the candidate
advertisement from targeted content 230, which has a can-
didate score that satisfies the threshold score, to be displayed
in a card in the graphical user interface along with a card that
shows user content from the set of messages. Client device
102A may then output the targeted content, or the received
candidate advertisement (410).

Apr. 15,2021

[0111] In some examples, distribution module 114 may
send the candidate advertisement in a set of candidate
advertisements, where each respective candidate advertise-
ment in the set of candidate advertisements has a respective
candidate score that satisfies the threshold score. The client
device may then select one of the candidate advertisements
from the set of candidate advertisements to display with the
set of messages.

[0112] Example 1. A method comprising: receiving, by a
computing device and from a client device of a user, a
request for one or more advertisements from a set of
advertisements to display at the client device with a set of
messages, wherein the set of messages is associated with the
user in a social network messaging service; determining, by
the computing device, using a machine learning model that
is based at least in part on a point-wise learning model and
a pair-wise learning model, a probability that the user will
select a candidate advertisement from the set of advertise-
ments; determining, by the computing device, based at least
in part on the probability that the user will select the
candidate advertisement, a candidate score associated with
the candidate advertisement; determining, by the computing
device, that the candidate score satisfies a threshold score;
and sending, by the computing device and for display at the
client device with the set of messages, the candidate adver-
tisement.

[0113] Example 2. The method of example 1, wherein
determining the probability that the user will select the
candidate advertisement further comprises: training, by the
computing device, the machine learning model based on
training instances for single advertisements and training
instances for pairs of advertisements; and generating, by the
computing device and based at least in part on the machine
learning model, the candidate score for the candidate adver-
tisement.

[0114] Example 3. The method of example 2, further
comprising: receiving, by the computing device and from
the client device, an impression callback time that indicates
a time stamp when the candidate advertisement from the set
of candidate advertisements was displayed at the client
device; and receiving, by the computing device and from the
client device, an engagement callback time that indicates a
time stamp when the candidate advertisement from the set of
candidate advertisements was selected by the user at the
client device, wherein training the machine learning model
comprises training the machine learning model based at least
in part on the impression callback time and the engagement
callback time.

[0115] Example 4. The method of example 2, further
comprising: receiving, by the computing device and from a
plurality of client devices, a continuous stream of training
instances that correspond to the candidate advertisement
displayed at the plurality of client devices, wherein each
training instance indicates at least one of an impression
callback or an engagement callback associated with the
candidate advertisement of the set of candidate advertise-
ments; and wherein training the machine learning model
comprises training the machine learning model based at least
in part on the continuous stream of training instances that
correspond to the candidate advertisement.

[0116] Example 5. The method of any of examples 1-4,
wherein determining the candidate score comprises: deter-
mining, by the computing device and based at least in part
on the probability that the user will select the candidate
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advertisement and on a bid price that an advertiser will pay
if the user selects the candidate advertisement, the candidate
score for the candidate advertisement.

[0117] Example 6. The method of any of examples 1-5,
wherein sending the candidate advertisement comprises:
sending, by the computing device, the candidate advertise-
ment in a set of candidate advertisements, wherein each
respective candidate advertisement in the set of candidate
advertisements has a respective candidate score that satisfies
the threshold score.

[0118] Example 7. A computing device comprising: at
least one processor; and at least one non-transitory com-
puter-readable storage medium storing instructions that are
executable by the at least one processor to: receive, from a
client device of a user, a request for one or more advertise-
ments from a set of advertisements to display at the client
device with a set of messages, wherein the set of messages
is associated with the user in a social network messaging
service; determine, using a machine learning model that is
based at least in part on a point-wise learning model and a
pair-wise learning model, a probability that the user will
select a candidate advertisement from the set of advertise-
ments; determine, based at least in part on the probability
that the user will select the candidate advertisement, a
candidate score associated with the candidate advertisement;
determine that the candidate score satisfies a threshold score;
and send, for display at the client device with the set of
messages, the candidate advertisement.

[0119] Example 8. The computing device of example 7,
wherein the instructions that are executable by the at least
one processor to determine the probability that the user will
select the advertisement comprise instructions that are
executable by the at least one processor to: train the machine
learning model based on training instances for single adver-
tisements and training instances for pairs of advertisements;
and generate, based at least in part on the machine learning
model, the candidate score for the candidate advertisement.

[0120] Example 9. The computing device of example 8,
wherein the instructions are further executable by the at least
one processor to: receive, from the client device, an impres-
sion callback time that indicates a time stamp when the
candidate advertisement was displayed at the client device;
and receive, from the client device, an engagement callback
time that indicates a time stamp when the candidate adver-
tisement was selected by the user at the client device,
wherein the at least one module being operable by the at
least one processor to train the machine learning model
comprises the at least one module being operable by the at
least one processor to train the machine learning model
based at least in part on the impression callback time and the
engagement callback time.

[0121] Example 10. The computing device of example 8,
wherein the instructions are further executable by the at least
one processor to: receive, from a plurality of client devices,
a continuous stream of training instances that correspond to
the candidate advertisement displayed at the plurality of
client devices, wherein each training instance indicates at
least one of an impression callback or an engagement
callback associated with the candidate advertisement of the
set of candidate advertisements; and wherein the at least one
module being operable by the at least one processor to train
the machine learning model comprises the at least one
module being operable by the at least one processor to train
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the machine learning model based at least in part on the
continuous stream of training instances that correspond to
the candidate advertisement.

[0122] Example 11. The computing device of any of
examples 7-10, wherein the instructions that are executable
by the at least one processor to determine the candidate score
comprise instructions that are executable by the at least one
processor to: determine, based at least in part on the prob-
ability that the user will select the candidate advertisement
and a bid price that an advertiser will pay if the user selects
the candidate advertisement, the candidate score for the
candidate advertisement.

[0123] Example 12. The computing device of any of
examples 7-11, wherein the instructions that are executable
by the at least one processor to send the candidate adver-
tisement comprise instructions that are executable by the at
least one processor to: send the candidate advertisement in
a set of candidate advertisement, wherein each respective
candidate advertisement in the set of candidate advertise-
ment has a respective candidate score that satisfies the
threshold score.

[0124] Example 13. A non-transitory computer-readable
storage medium encoded with instructions that, when
executed, cause at least one processor of a computing device
to: receive, from a client device of a user, a request for one
or more advertisements from a set of advertisements to
display at the client device with a set of messages, wherein
the set of messages is associated with the user in a social
network messaging service; determine, using a machine
learning model that is based at least in part on a point-wise
learning model and a pair-wise learning model, a probability
that the user will select a candidate advertisement from the
set of advertisements; determine, based at least in part on the
probability that the user will select the candidate advertise-
ment, a candidate score associated with the candidate adver-
tisement; determine that the candidate score satisfies a
threshold score; and send, for display at the client device
with the set of messages, the candidate advertisement.
[0125] Example 14. The non-transitory computer-readable
storage medium of example 13, wherein the instructions that
cause the at least one processor to determine the probability
that the user will select the advertisement comprise instruc-
tions that, when executed, cause the at least one processor to:
train the machine learning model based on training instances
for single advertisements and training instances for pairs of
advertisements; and generate, based at least in part on the
machine learning model, the candidate score for the candi-
date advertisement.

[0126] Example 15. The non-transitory computer-readable
storage medium of example 14, further comprising instruc-
tions that, when executed, cause the at least one processor to:
receive, from the client device, an impression callback time
that indicates a time stamp when the candidate advertise-
ment was displayed at the client device; and receive, from
the client device, an engagement callback time that indicates
a time stamp when the candidate advertisement was selected
by the user at the client device, wherein the at least one
module being operable by the at least one processor to train
the machine learning model comprises the at least one
module being operable by the at least one processor to train
the machine learning model based at least in part on the
impression callback time and the engagement callback time.
[0127] Example 16. The non-transitory computer-readable
storage medium of example 14, further comprising instruc-
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tions that, when executed, cause the at least one processor to:
receive, from a plurality of client devices, a continuous
stream of training instances that correspond to the candidate
advertisement displayed at the plurality of client devices,
wherein each training instance indicates at least one of an
impression callback or an engagement callback associated
with the candidate advertisement of the set of candidate
advertisements; and wherein the at least one module being
operable by the at least one processor to train the machine
learning model comprises the at least one module being
operable by the at least one processor to train the machine
learning model based at least in part on the continuous
stream of training instances that correspond to the candidate
advertisement.

[0128] Example 17. The non-transitory computer-readable
storage medium of any of examples 13-16, wherein instruc-
tions that cause the at least one processor to determine the
candidate score comprise instructions that, when executed,
cause the at least one processor to: determine, based at least
in part on the probability that the user will select the
candidate advertisement and a bid price that an advertiser
will pay if the user selects the candidate advertisement, the
candidate score for the candidate advertisement.

[0129] Example 18. The non-transitory computer-readable
storage medium of any of examples 13-17, further compris-
ing instructions that, when executed, cause the at least one
processor to: send the candidate advertisement in a set of
candidate advertisement, wherein each respective candidate
advertisement in the set of candidate advertisement has a
respective candidate score that satisfies the threshold score.
[0130] Example 19. An apparatus comprising: means for
receiving, from a client device of a user, a request for one or
more advertisements from a set of advertisements to display
at the client device with a set of messages, wherein the set
of messages is associated with the user in a social network
messaging service; means for determining, using a machine
learning model that is based at least in part on a point-wise
learning model and a pair-wise learning model, a probability
that the user will select a candidate advertisement from the
set of advertisements; means for determining, based at least
in part on the probability that the user will select the
candidate advertisement, a candidate score associated with
the candidate advertisement; means for determining that the
candidate score satisfies a threshold score; and means for
sending, for display at the client device with the set of
messages, the candidate advertisement.

[0131] Example 20: The apparatus of example 19, further
comprising means for performing any of the methods of
examples 2-6.

[0132] Example 21. A device comprising means for per-
forming the method of any combination of examples 1-6.
[0133] Example 22. A computer-readable storage medium
encoded with instructions that, when executed, cause at least
one processor of a computing device to perform the method
of any combination of examples 1-6.

[0134] Example 23. A device comprising at least one
module operable by one or more processors to perform the
method of any combination of examples 1-6.

[0135] While this application makes reference to adver-
tisements being evaluated for presentation to a user, similar
techniques could be used for other forms of messages. For
instance, a social media platform may evaluate potential
messages from accounts that the user may or may not
currently follow on the social media platform and that
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information distribution system 112 determines the user may
be interested in following, such as messages from accounts
for celebrities, athletes, or other influential people or com-
panies in fields that may interest the user. The messages that
are evaluated may be messages that such accounts have
posted in the past, and information distribution system 112
may evaluate the user’s potential interest in those messages
and those accounts using a point-wise learning model in
conjunction with a pair-wise learning model.

[0136] In one or more examples, the functions described
may be implemented in hardware, software, firmware, or
any combination thereof. If implemented in software, the
functions may be stored on or transmitted over, as one or
more instructions or code, a computer-readable medium and
executed by a hardware-based processing unit. Computer-
readable media may include computer-readable storage
media, which corresponds to a tangible medium such as data
storage media, or communication media including any
medium that facilitates transfer of a computer program from
one place to another, e.g., according to a communication
protocol. In this manner, computer-readable media generally
may correspond to (1) tangible computer-readable storage
media, which is non-transitory or (2) a communication
medium such as a signal or carrier wave. Data storage media
may be any available media that can be accessed by one or
more computers or one or more processors to retrieve
instructions, code and/or data structures for implementation
of the techniques described in this disclosure. A computer
program product may include a computer-readable medium.

[0137] By way of example, and not limitation, such com-
puter-readable storage media can comprise RAM, ROM,
EEPROM, CD-ROM or other optical disk storage, magnetic
disk storage, or other magnetic storage devices, flash
memory, or any other medium that can be used to store
desired program code in the form of instructions or data
structures and that can be accessed by a computer. Also, any
connection is properly termed a computer-readable medium.
For example, if instructions are transmitted from a website,
server, or other remote source using a coaxial cable, fiber
optic cable, twisted pair, digital subscriber line (DSL), or
wireless technologies such as infrared, radio, and micro-
wave, then the coaxial cable, fiber optic cable, twisted pair,
DSL, or wireless technologies such as infrared, radio, and
microwave are included in the definition of medium. It
should be understood, however, that computer-readable stor-
age media and data storage media do not include connec-
tions, carrier waves, signals, or other transient media, but are
instead directed to non-transient, tangible storage media.
Disk and disc, as used, includes compact disc (CD), laser
disc, optical disc, digital versatile disc (DVD), floppy disk
and Blu-ray disc, where disks usually reproduce data mag-
netically, while discs reproduce data optically with lasers.
Combinations of the above should also be included within
the scope of computer-readable media.

[0138] Instructions may be executed by one or more
processors, such as one or more digital signal processors
(DSPs), general purpose microprocessors, application spe-
cific integrated circuits (ASICs), field programmable logic
arrays (FPGAs), or other equivalent integrated or discrete
logic circuitry. Accordingly, the term “processor,” as used
may refer to any of the foregoing structure or any other
structure suitable for implementation of the techniques
described. In addition, in some aspects, the functionality
described may be provided within dedicated hardware and/
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or software modules. Also, the techniques could be fully
implemented in one or more circuits or logic elements.

[0139] The techniques of this disclosure may be imple-
mented in a wide variety of devices or apparatuses, includ-
ing a wireless handset, an integrated circuit (IC) or a set of
1Cs (e.g., a chip set). Various components, modules, or units
are described in this disclosure to emphasize functional
aspects of devices configured to perform the disclosed
techniques, but do not necessarily require realization by
different hardware units. Rather, as described above, various
units may be combined in a hardware unit or provided by a
collection of interoperative hardware units, including one or
more processors as described above, in conjunction with
suitable software and/or firmware.

[0140] It is to be recognized that depending on the
embodiment, certain acts or events of any of the methods
described herein can be performed in a different sequence,
may be added, merged, or left out all together (e.g., not all
described acts or events are necessary for the practice of the
method). Moreover, in certain embodiments, acts or events
may be performed concurrently, e.g., through multi-threaded
processing, interrupt processing, or multiple processors,
rather than sequentially.

[0141] In some examples, a computer-readable storage
medium includes a non-transitory medium. In some
examples, the term “non-transitory” indicates that the stor-
age medium is not embodied in a carrier wave or a propa-
gated signal. In certain examples, a non-transitory storage
medium may store data that can, over time, change (e.g., in
RAM or cache). Although certain examples are described as
outputting various information for display, techniques of the
disclosure may output such information in other forms, such
as audio, holographical, or haptic forms, to name only a few
examples, in accordance with techniques of the disclosure.

[0142] Various examples of the disclosure have been
described. Any combination of the described systems, opera-
tions, or functions is contemplated. These and other
examples are within the scope of the following claims.

1. (canceled)

2. A method for selecting a first targeted content from a set
of targeted content to insert into a dynamic timeline of social
media content displayed on a user device of a first user
during a first session of the first user viewing the timeline,
the method comprising:

training, using training data, a classifier to assign a click
through probability to each targeted content of the set
of targeted content, the training including optimizing a
loss function associated with the classifier, wherein the
training data includes historical click through data
associated with a set of users interacting with historical
targeted content during historical sessions associated
with the set of users;

calculating, with the classifier, a score for each targeted
content of the set of targeted content;

identifying, the score of the first targeted content as a first
score that is greater than the score of every other
targeted content of the set of targeted content; and

based on the first score meeting a predetermined criterion,
sending, by the computing device, the first targeted
content to the client device for display in the dynamic
timeline during the first session.
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3. The method of claim 2, wherein the loss function
associated with the classifier is a cumulative measure of a
loss function associated with each instance of historical click
through data.

4. The method of claim 3, wherein the loss function
associated with each instance of historical click through data
is a function of a feature vector associated with that instance
of historical click through data.

5. The method of claim 4, wherein the loss function
associated with each instance of historical click through data
is further a function of a label associated with that instance
of historical click through data, wherein the label has a first
value if the historical targeted content associated with that
instance of historical click through data was clicked on by a
user associated with that instance of historical click through
data, and wherein the label has a second value if the
historical targeted content associated with that instance of
historical click through data was not clicked on by a user
associated with that instance of historical click through data.

6. The method of claim 5, further comprising generating
the training data dynamically by adding instances of the
historical click through data, in real-time and upon genera-
tion of each instance of the historical click through data, to
the training data, the generating further including setting the
label of that instance of the historical click through data to
the second value.

7. The method of claim 6, further comprising:

receiving an indication of that instance of the historical

click through data, which was previously added to the
training data with a label set to the second value, being
clicked on; and

updating the label of that instance of the historical click

through data to the first value.

8. The method of claim 4, wherein the feature vector
includes an advertisement (ad) feature, a user feature, an
ad-user interaction feature, and a context feature.

9. The method of claim 8, wherein the ad feature include
a specification of one or more topics of interest to an
advertiser associated with that instance of historical click
through data.

10. The method of claim 8, wherein the user feature
includes a specification of one or more topics of interest to
a user of the set of users associated with that instance of
historical click through data.

11. The method of claim 8, wherein ad-user interaction
feature includes a similarity measure, and wherein the
similarity measure is based on a measure of similarity
between a user profile of a user of the set of users associated
with that instance of historical click through data and an
advertiser provide of an advertiser associated with that
instance of historical click through data.

12. The method of claim 8, wherein the context feature
includes a specification of a position of the historical tar-
geted content associated with that instance of historical click
through data, within a dynamic timeline of a user of the set
of users and during the historical session of that user
associated with that instance of historical click through data.

13. The method of claim 8, wherein the context feature
includes a measure of similarity between historical targeted
content and other content in the historical session and within
a dynamic timeline of a user of the set of users associated
with that instance of historical click through data.

14. The method of claim 13, wherein the measure of
similarity is based on:
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a comparison of a bag of words representation of the
historical targeted content and of the other content; or
a comparison of a word vector representation of the
historical targeted content and of the other content.
15. The method of claim 3, further comprising instanti-
ating the loss function associated with each instance of
historical click through data based on a stochastic gradient
descent (SGD) analysis of a feature vector associated with
that instance of historical click through data.
16. The method of claim 2, wherein the loss function
associated with the classifier is:

Lov. D)= ) Iy, fow ),
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wherein X is a feature vector associated with each instance
of historical click through data, y is a binary label
associated with the presence or absence of a click for
that instance of historical click through data, 1 is a loss
function for that instance of historical data, D is a set
of all instances of the historical click through data, fis
a hypothesis function, and w is one or more parameters
of the hypothesis function.

17. The method of claim 2, further comprising receiving
a request for targeted content from the user device, the
request including an indication of the first user refreshing the
dynamic timeline of content to initiate the first session.

18. The method of claim 2, further comprising identifying
the set of targeted content based on prior information
associated with the first user.

19. A non-transitory computer-readable storage medium
encoded with instructions for selecting a first targeted con-
tent from a set of targeted content to insert into a dynamic
timeline of social media content displayed on a user device
of a first user during a first session of the first user viewing
the timeline, wherein the instructions, when executed, cause
one or more processors to:

train, using training data, a classifier to assign a click

through probability to each targeted content of the set
of targeted content, the training including optimizing a
loss function associated with the classifier, wherein the
training data includes historical click through data
associated with a set of users interacting with historical
targeted content during historical sessions associated
with the set of users;

calculate, with the classifier, a score for each targeted

content of the set of targeted content;
identify, the score of the first targeted content as a first
score that is greater than the score of every other
targeted content of the set of targeted content; and

based on the first score meeting a predetermined criterion,
send, by the computing device, the first targeted content
to the client device for display in the dynamic timeline
during the first session.

20. The non-transitory computer-readable storage
medium of claim 19, wherein the loss function associated
with the classifier is a cumulative measure of a loss function
associated with each instance of historical click through
data.

21. The non-transitory computer-readable storage
medium of claim 19, wherein the loss function associated
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with each instance of historical click through data is a
function of a feature vector associated with that instance of
historical click through data.

22. The non-transitory computer-readable storage
medium of claim 21, wherein the loss function associated
with each instance of historical click through data is further
a function of a label associated with that instance of his-
torical click through data, wherein the label has a first value
if the historical targeted content associated with that instance
of historical click through data was clicked on by a user
associated with that instance of historical click through data,
and wherein the label has a second value if the historical
targeted content associated with that instance of historical
click through data was not clicked on by a user associated
with that instance of historical click through data.

23. The non-transitory computer-readable storage
medium of claim 22, wherein the instructions further cause
the one or more processors to generate the training data
dynamically by adding instances of the historical click
through data, in real-time and upon generation of each
instance of the historical click through data, to the training
data, the generating further including setting the label of that
instance of the historical click through data to the second
value.

24. The non-transitory computer-readable storage
medium of claim 23, wherein the instructions further cause
the one or more processors to:

receive an indication of that instance of the historical click

through data, which was previously added to the train-
ing data with a label set to the second value, being
clicked on; and

update the label of that instance of the historical click

through data to the first value.

25. The non-transitory computer-readable storage
medium of claim 21, wherein the feature vector includes an
advertisement (ad) feature, a user feature, an ad-user inter-
action feature, and a context feature.

26. The non-transitory computer-readable storage
medium of claim 19, wherein the instructions further cause
the one or more processors to instantiate the loss function
associated with each instance of historical click through data
based on a stochastic gradient descent (SGD) analysis of a
feature vector associated with that instance of historical
click through data.

27. The non-transitory computer-readable storage
medium of claim 19, wherein the loss function associated
with the classifier is:

Lov D)= ) Iy, fOw 2,
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wherein x is a feature vector associated with each instance
of historical click through data, y is a binary label
associated with the presence or absence of a click for
that instance of historical click through data, 1 is a loss
function for that instance of historical data, D is a set
of all instances of the historical click through data, f is
a hypothesis function, and w is one or more parameters

of the hypothesis function.
28. The non-transitory computer-readable storage
medium of claim 19, wherein the instructions further cause
the one or more processors to receive a request for targeted
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content from the user device, the request including an
indication of the first user refreshing the dynamic timeline of
content to initiate the first session.

29. A computing device for selecting a first targeted
content from a set of targeted content to insert into a
dynamic timeline of social media content displayed on a
user device of a first user during a first session of the first
user viewing the timeline, the computing device comprising:

at least one processor; and

at least one non-transitory computer-readable storage

medium storing instructions that are executable by the

at least one processor to:

train, using training data, a classifier to assign a click
through probability to each targeted content of the
set of targeted content, the training including opti-
mizing a loss function associated with the classifier,
wherein the training data includes historical click
through data associated with a set of users interacting
with historical targeted content during historical ses-
sions associated with the set of users;

calculate, with the classifier, a score for each targeted
content of the set of targeted content;

identify, the score of the first targeted content as a first
score that is greater than the score of every other
targeted content of the set of targeted content; and

based on the first score meeting a predetermined criterion,

send, by the computing device, the first targeted content

to the client device for display in the dynamic timeline

during the first session.

30. The computing device of claim 29, wherein the loss
function associated with the classifier is a cumulative mea-
sure of a loss function associated with each instance of
historical click through data.

31. The computing device of claim 29, wherein the loss
function associated with each instance of historical click
through data is a function of a feature vector associated with
that instance of historical click through data.

32. The computing device of claim 29, wherein the loss
function associated with each instance of historical click
through data is further a function of a label associated with
that instance of historical click through data, wherein the
label has a first value if the historical targeted content
associated with that instance of historical click through data
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was clicked on by a user associated with that instance of
historical click through data, and wherein the label has a
second value if the historical targeted content associated
with that instance of historical click through data was not
clicked on by a user associated with that instance of his-
torical click through data.

33. The computing device of claim 32, wherein the
instructions further cause the at least one processor to
generate the training data dynamically by adding instances
of the historical click through data, in real-time and upon
generation of each instance of the historical click through
data, to the training data, the generating further including
setting the label of that instance of the historical click
through data to the second value.

34. The computing device of claim 33, wherein the
instructions further cause the at least one processor to:

receive an indication of that instance of the historical click

through data, which was previously added to the train-
ing data with a label set to the second value, being
clicked on; and

update the label of that instance of the historical click

through data to the first value.

35. The computing device of claim 31, wherein the feature
vector includes an advertisement (ad) feature, a user feature,
an ad-user interaction feature, and a context feature.

36. The computing device of claim 29, wherein the loss
function associated with the classifier is:

Low D)= ) Iy, fOw ),
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wherein x is a feature vector associated with each instance
of historical click through data, y is a binary label
associated with the presence or absence of a click for
that instance of historical click through data, 1 is a loss
function for that instance of historical data, D is a set
of all instances of the historical click through data, f is
a hypothesis function, and w is one or more parameters
of the hypothesis function.
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