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(57) Abstract: A method for estimating model parameters. The method comprises receiving a data set related to a plurality of users
and associated content, partitioning the data set into a plurality of sub data sets in accordance with the users so that data associated
with each user are not partitioned into more than one sub data set, storing each of the sub data sets in a separate one of a plurality of
user data storages, each of said data storages being coupled with a separate one of a plurality of estimators, storing content associ-
ated with the plurality of users in a content storage, where the content storage is coupled to the plurality of estimators so that the
content in the content storage is shared by the estimators, and estimating, asynchronously by each estimator, one or more parameters
associated with a model based on data from one of the sub data sets.
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EFFICIENT AND FAULT-TOLERANT DISTRIBUTED ALGORITHM FOR
LEARNING LATENT FACTOR MODELS THROUGH MATRIX FACTORIZATION

BACKGROUND

1. Technical Field

[CGO1] The present feaching relales to methods and systems for
providing content. Specifically, the present teaching relates 1o methods and systems
for providing online content.

2. Discussion of Technical Background

[GC02Z] The intemel has made it possible for a user {0 electronically
access virtually any content at anylime and from any location. With the explosion of
information, it has become more and more important © provide users with
information that is relevant to the user and not just information in general. Further,
as users of today's society rely on the internet as their scurce of information,
entertainment, andfor social connections, e.g., news, social interaction, movies,
music, elg, it is critical to provide users with information they find valuable.

[0003] Efforts have been made to attempt to allow users o readily
access relevant and on the point content.  For example, topical porials have been
developed that are more subject matter oriented as compared to generic content
gathering systems such as traditional search engines. Example topkcal portals
include porials on finance, sports, news, weather, shopping, music, art, film, eic..
Such topical portals allow users {o access information related to subject matters that
these portals are directed to. Users have to go {o different portals to access content

of certain subject mater, which is not convenient and not user centric.

[504] Another line of efforls in attempling to enable users {0 easily
asccess relevant content is via personalization, which aims al understanding each
uyser's jindividuat likings/interests/preferences so that an individualized user profite for

each user can be set up and can be used o select content that matches a user's
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interests. The underlying goal is to mest the minds of users in terms of content
consumption. User profites traditionally are constructed based on users’ declared
interests and/or inferred from, e.g., users’ demographics. There have alsc been
systems that identify users’ interests based on observations made on users’
interactions with content. A typical example of such user interaction with content is
click through rate (CTR).

[0005] These tradiional approaches have various shortcomings. For
example, users’ interests are profiled without any reference 1o a baseline so that the
level of intarast can be more accurately estimated. User interests are delected in
isolated application settings so that user profiling in individual applications cannot
capture a broad range of the overall interests of a user. Such traditional approach to
user profiling lead to fragmented representation of user interests without a coherent
understanding of the users’ preferences, Because profiles of the same user derived
from different application setlings are often grounded with respect to the specifics of
the applications, it is also difficult to integrate them to generate a more coherent
profile that better represant the user's interests.

[0008] User activities directed to content are traditionally observed and
ysed to estimate or infer users’ interests. CTR is the most commonly used measure
to estimate users' interests. However, CTR is no fonger adequate to capture users’
interests particutarly given that different types of aclivities that a user may perform on
different types of devices may also reflect or implicate user’s interests. In addition,
user reactions to content usually represent users’ short term interests. Such
observed short term interests, when acquired piece meal, as traditional approaches
often do, can only lead to reactive, rather than proactive, services to users. Although
short term interests are important, they are not adequate to enable understanding of
the more persistent long term interests of a user, which are crucial in terms of user
refention. Most user inferactions with content represent short term interests of the
user 50 that relying on such short term interest behavior makes # difficul 1o expand
the understanding of the increasing range of interests of the user. When this is in
combination with the fact that such collected data is always the past behavior and

collected passively, it creates a personalization bubble, making #t difficult, if not
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impossible, to discover other interests of a user unless the user initiates some action

to reveal new interasts.

[6007} Yet another hne of effort to allow users to access relevant
content is 1o pooling content that may be interested by users in accordance with their
interests. Given the explosion of information on the Intermnet, it is not likely, even if
possible, {o evaluate all content accessible via the Internet whenever there is a need
to select content relevant o a paricular user. Thus, realistically, i is needed to
identify a subset or a pool of the Internet content based on some criteria so that
content can be selected from this pool and recommended to users based on their
interests for consumption.

[0C08] Conventional approaches {o creating such a subset of content
are application centric. Each application carves out its own subset of content in a
manner that is specific {o the application. For example, Amazon.com may have a
content pool related to products and information associated thereof created/updated
based on information refated to its own users andfor interests of such users exhibited
when they interact with Amazon.com. Facebook also has its own subset of content,
generated in a manner not only specific to Facebook but also based on user
interests exhibited while they are active on Facebook. As a user may be active in
different applicgtions (e.g., Amazon.com and Facebook) and with each application,
thay likely exhibit only part of their overall interests in connection with the nature of
the application. Given that, each application can usually gain understanding, at best,
of partial interests of users, making it difficult to develop a subset of content that can
be used {o serve a broader range of users’ interests.

[0009] Another line of effort is directed 1o personalized content
recommendation, fe., selecling content from a content pool based on the user's
personalized profiles and recommending such identified content o the user.
Conventional solutions focus on relevance, le., the relevance between the content
and the user. Although relevance is important, there are other faclors that also
impact how recommendation content should be selected in order to satisfy a user's
interests. Most content recommendation systems insert advertisement to content
identified for a user for recommendation. Some traditional systems that are used o

identify insertion advertisements match content with advertisement or user's query
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{also content) with advertisement, without considerdng maiching based on
demographics of the user with features of the target audience defined by advertisers.
Some traditional systems match user profiles with the specified demographics of the
target audience defined by advertisers but without matching the content to be
provided to the user and the advertisement. The reason is that content is often
classified into taxonomy based on subject matters covered in the content vet
advertisement taxonomy is often based on desired target audience groups. This
makes it less effective in terms of selecting the most relevant advertisement {o be

inseried info content 1o be recommended o a specific user.

[6810} There is a need for improvements over the conventional
approaches to personalizing content recommendation.

SUMMARY

[0011) The teachings disclosed herein relate to methods, systems, and
programming for providing personalized web page layouts.

[0012] in one embodiment, a method is provided for estimating model
parameters. The method comprises receiving a data set related to a plurality of
ysers and associated content, partitioning the data set into a plurality of sub data
sets in accordance with the users so that dala associated with each user are not
partitioned info more than one sub data sel, storing each of the sub data sets in a
separate one of a plurality of user data storages, each of said data storages being
coupled with a separate one of a plurality of estimators, storing content associated
with the plurality of users in a content storage, where the content storage is coupled
to the plurality of estimators so that the content in the content storage is shared by
the estimators, and estimating, asynchronously by each estimator, one or more
parametiers associated with a model based on data from one of the sub dats sets.

[0013] in another embodiment, a system s provided for estimating
model parameters. The system comprises a modeling unit configured t© receive a
data set related 10 a plurality of users and associated content and partition the data
set into a plurality of sub data sets in accordance with the users so that data
associated with each user are not partitioned into more than one sub data set. The

system further comprises a first one of a plurality of data storages configured to store
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each of the sub data sets, each of said data storages being coupled with a separate
one of a plurality of estimators. The system further includes a content storage
configured 1o siore content associated with the plurality of users, where the content
storage is coupled to the plurality of estimators so that the content in the content
storage is shared by the estimators, wherein sach estimaior is configure to
asynchronously estimate one or more parameters associated with a model based on
datg from one of the sub data sels.

[0014] in vet another embodiment, a non-transitory computer readable
medium is provided having recorded thereon information for estimating moadsl
parameters, wherein the information, when read by a computer, causes the
computer 1o perform a plurality of steps. The steps comprising receiving a data set
refated to a plurality of users and associated content, partitioning the data setinto a
plurality of sub data sets in accordance with the users so that data associated with
gach user are not pariifioned into more than one sub data set, sforing each of the
suby data sets in a separate one of a plurality of user data storages, each of said data
storages being coupled with a separate one of a plurality of estimators, storing
content associated with the plurality of users in a content storage, where the content
storage is coupled to the plurality of estimators so that the content in the content
storage is shared by the estimators, and estimating, asynchronously by each
sstimator, ocne or more parameters associated with a modsl based on data from one
of the sub data sets.

BRIEF DESCRIPTION OF THE DRAWINGS

[0015] The methods, systems andfor programming described herein
are further described in ferms of exemplary embodiments. These exemplary
embodiments are described in detail with reference to the drawings. These
embodiments are non-limiting exemplary embodiments, in which Bke reference
numerals represent similar structures throughout the severagl views of the drawings,
and wherein:

[OG186] Fig. 1 depicts an exemplary system diagram for personalized
content recommendation, according o an embodiment of the present teaching;

[0G17] Fig. 2 is a flowchart of an exemplary process for personalized

content recommendation, according to an embodiment of the present teaching;
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[0G18] Fig. 3 itlustrates exemplary types of context information;

[0G19] Fig. 4 depicts an exemplary diagram of a content pool
generation/update unit, according {o an embodiment of the present teaching;

[0020] Fig. & is a flowchart of an exemplary process of creating a
content pool, according to an embodiment of the present teaching;

[Coz21} Fig. 6 is a flowchart of an exemplary process for updating a
content pool, according to an embodiment of the present teaching;

[0022] Fig. 7 depicts an exemplary diagram of a user understanding
unit, according to an embodiment of the present teaching;

[0023] Fig. 8 is a flowchart of an exemplary process for generating a
baseling interest profile, according to an embodiment of the present teaching;

[0024] Fig. @ is a flowchart of an exemplary process for generating a
personalized user profile, according to an embodiment of the present teaching;

[Q025] Fig. 10 depicts an exemplary system diagram for a content
ranking unit, according to an embodiment of the present teaching;

[0026] Fig. 11 is a flowchant of an exemplary process for the content
ranking unit, according to an embodiment of the present teaching;

[0027] Fig. 12 is a diagram of a user understanding unit of Fig. 1,
according to an embodiment of the present teaching;

[CG28] Fig. 13 is a diagram illustrating user activity daia that is included
in the user activity logs, according o an embodiment of the present teaching;

[0029] Fig. 14 is a diagram iflustrating a collaborative filtering modeling
unit, according to an embodiment of the present teaching;

(0030} Fig. 15 is a diagram illustrating an integrated shortlong term CF
modeling enhancer module, according to an embodiment of the present teaching;

[(G31] Fig. 16 is a flowchart depicting a method for adjusting model
parameters, according to an embodiment of the present teaching;

[0032} Fig. 17 is a diagram illustrating a short-term and long-term
modet learning cycles, according o an embodiment of the present teaching;

[0033] Fig. 18 is a diagram illustrating a CF modeling unit implementing
a distributed architecture for asynchronous fault-iolerant matnix factorization utilizing
asymmaetric input datasets, according to an embodiment of the present teaching;
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[0034] Fig. 19 is a sequence diagram illustrating paraliel computing and
asynchronous  input-output (H/Q) of model vector updates, according to an
embodiment of the present teaching; and

[0035] Fig. 20 depicts a general computer architecture on which the

present teaching can be implemented.

DETAILED DESCRIPTION

[0036) in the following detailed description, numerous specific details
are set forth by way of examples in order to provide a thorough understanding of the
relevant teachings. However, it shoudd be apparent {0 those skilied in the art thai the
present teachings may be practiced without such details. In other instances, well
known methods, procedures, componenis, and/or circuitry have been described at a
retatively high-level, without detail, in order {o avoid unnecessarily obscuring aspects
of the present teachings.

[0037) The present teaching relates to personalizing on-line content
recommendations to a user. Particularly, the present teaching relates to a system,
method, and/or programs for personalized content recommendation that addresses
the shoricomings associated the conventional content recommendation solutions in
personalization, content pooling, and recommending personalized content,

[0038] With regard to personalization, the present teaching identifies a
user's inferests with respect to a universal interest space, defined via known concept
archives such as Wikipedia and/or content taxonomy. Using such a universal interest
space, interests of users, exhibited in different applications and via different
platforms, can be used to establish a general population’s profile as a baseline
against which individual user’'s interests and levels thereof can be determined. For
example, users active in a third panty application such as Facebook or Twitter and
the interests that such users exhibited in these third parly applications can be all
mapped 1© the universal interest space and then used to compuie a baseline interaest
profile of the general population. Specifically, each user's interests observed with
respect {0 each document covering certain subject matters or concepis can be
mapped {o, e.q., Wikipedia or certain content faxonomy. A high dimensional vector

can be constructed based on the universal interest space in which each atiribute of
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the vector corresponds to a concept in the universal space and the value of the
attribute may corresponds to an evaluation of the user's interest in this particular
concept. The general baseline interest profile can be derived based on all veclors
reprasent the population. Each vector representing an individual can be normalized
against the baseline interest profile so that the relative level of interests of the user
with respect to the concepts in the universal interest space can be determined. This
gnables betler understanding of the level of interests of the user in different subject
matters with respect ®© a more general population and result in enhanced
personalization for content recommendation. Rather than characterizing users’
interests merely according to proprietary content {axonomy, as is often done in the
prior art, the present teaching leverages public concept archives, such as Wikipedia
or onfine encyciopedia, to define a universal interest space in order {o profile a user's
interests in a more coherent manner. Such a high dimensional vector captures the
entire interest space of every user, making person-fo-person comparison as to
personal inferests more effective. Profiling a user and in this manner also leads to
efficient identification of users who share similar interests. in addition, content may
also be characterized in the same universal inferest space, e.g., a high dimensional
vector against the concepis in the universal interest space can also be constructed
with vatues in the vector indicating whether the content covers each of the concepts
in the universal interest space. By characterizing users and content in the same
space in a coherent way, the affinity between a user and a piece of content can be
determined via, e.q., a dot product of the vector for the user and the vector for the
cortent.

[0039] The present teaching also leverages short term interesis to
better understand long term interests of users. Short term interests can be observed
via user online activities and used in online content recommendation, the more
persisient long term interests of a user can help to improve content recommendation
quality in a more robust manner and, hence, user retention rate. The present
teaching discloses discovery of long term interests as well as short term interests.

[0040] To improve personalization, the present teaching also discloses
ways to improve the ability to estimale a user's interest based on a variety of user
activities. This is especially useful because meaningful user aclivities often occur in
different setlings, on different devices, and in different operation modes. Through

such different user activilies, user engagement to content can be measured {o infer
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users’ interests. Traditionally, clicks and click through rate (CTR) have been used to
astimate users’ intent and infer users’ interests. CTR is simply not adeguate in
today’s world. Users may dwell on a certain portion of the content, the dwelling may
be for different lengths of ime, users may scroll along the content and may dwell on
a specific portion of the content for some fength of time, users may scroll down at
different speeds, users may change such speed near certain portions of content,
users may skip cerfain porlion of content, etc. All such activites may have
implications as to users’ engagement to content.  Such engagement can be utilized
to infer or estimate a user's interests. The present teaching leverages a variety of
user activities that may occur across different device types in different settings to
achieve better estimation of users’ engagement in order to enhance the ability of
capturing a user's interests in a more reliable manner.

[C041] Ancther aspsct of the present teaching with regard to
personalization is its ability to explore unknown interests of a user by generating
probing content. Traditionally, user profiling is based on either user provided
information (e.q., declared interests) or passively observed past information such as
the content that the user has viewed, reactions fo such content, etc. Such prior art
schemes can lead to a personalization bubble where only interesis that the user
revealed can be used for content recommendation. Because of that, the only user
activities that can be cbserved are directed 1o such known interests, impeding the
ability fo understand the overall interest of a user. This is especially so considering
the fact that users often exhibit differert interests (mostly partial interests) in different
application setlings. The present leaching discloses ways {o generate probing
content with concepts that is currently not recognized as one of the user's interests
in order to explore the user's unknown interests. Such prohing content is selected
and recommended to the user and user aclivilies directed to the probing content can
then be analyzed to estimate whether the user has other interests. The selection of
such probing content may be based on a user’s current known interests by, e.g.,
extrapolating the user's current interests. For example, for some known interests of
the user (g.qg., the short term interests at the moment), some probing concepts in the
universal interest space, for which the user has not exhibiled interests in the past,
may be selected according to some ¢riteria (e.q., within a ceriain distance from the
users current Known interest in a taxonomy free) and content related to such probing

concepts may then be selected and recommended {o the user. Another way o
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identify probing concept (corresponding ¢ unknown interest of the usery may be
through the uset's cohorts. For instance, a user may share cerain interests with
hisfher cohorts but some members of the circle may have some interests that the
user has never exhibited before. Such un-shared interests with cohorts may be
selected as probing unknown interests for the user and content related fo such
probing unknown interests may then be selected as probing content o be
recommended to the user. In this manner, the present teaching discloses a scheme
by which a user's interesis can be continually probed and understood 1o improve the
guality of personalization. Such managed probing can also be combined with
random selection of probing content to allow discovery of unknown interests of the
user that are far removed from the user's current known interests.

[0042} A second aspect of recommending quality personatlized content
is to build a content pool with quality content that covers subject matters interesting
to users. Content in the content pool can be rated in terms of the subject andior the
performance of the content itself. For example, content can be characterized in
terms of concepts it discloses and such a characterization may he generated with
respect o the universal interest space, e.g., defined via concept archive(s) such as
content taxonomy andfor Wikipedia and/or online encyclopedia, as discussed above.
For example, each piece of content can be characterized via a high dimensional
vector with each aftribute of the vector corresponding to a concept in the interest
universe and the value of the atribute indicates whether and/or to what degree the
contertt covers the concept. VWhen a plece of content is characterized in the same
universal interest space as that for user’s profile, the affinity between the content and
a user profile can be efficiently determined.

[0043] Each piece of content in the conten pool can also be
individually characterized in terms of other criterda. For exampie, performance
related measures, such as popularity of the content, may be used {o describe the
content. Performance related characterizations of content may be used in both
sedecting content 10 be incorporated into the content poot as well as selecting content
already in the content podl for recommendation of personalized content for specific
users. Such performance oriented characterizations of each piece of content may
change over time and can be assessed periodically and can be done based on
users’ activities. Content pool also changes over time based on various reasons,

such as content performance, change in users’ interests, etc. Dynamically changed
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performance characterization of content in the content pool may also be evaluated
periodically or dynamically based on performance measures of the content so that
the content peol can be adjusted over time, Le., by removing low performance
content pieces, adding new content with good performance, or updating content.

[0044] To grow the content pool, the present teaching discloses ways
to continually discover both new content and new contert souwrces from which
interesting content may be accessed, evaluated, and incorporated into the content
pool. New content may be discovered dynamically via accessing information from
third party applications which users use and exhilit various interests. Examples of
such third party applications include Facebook, Twitter, Microblogs, or YouTube.
New content may also be added to the content pool when some new interest or an
increased level of interests in some subject matter emerges or is predicted based on
the occurrence of certain {(spontaneous) events. One example is the content about
the life of Pope Benedict, which in general may not be a topic of interests o most
users but likely will be in light of the surprising announcement of Pope Benedict's
resignation. Such dynamic adiustment to the content pool aims al covering a
dynamic (and likely growing) range of interesis of users, including those that are, e.q.,
exhibited by users in different settings or applications or pradicted in light of context
information. Such newly discovered content may then be evaluated before it can be
sefecied fo be added o the content pool.

[0045] Cerfain confent in the content pool, e.g., journals or news, need
to be updated over time. Conventional solutions usually update such content
periodically based on a fixed schedude. The present teaching discloses the scheme
of dynamically determining the pace of updating content in the content pool based on
a variety of factors. Content update may be affected by context information. For
example, the frequency at which a piece of content scheduled to be updated may be
gvery 2 hours, bud this frequency can be dynamically adiusted according 1o, e.g., an
explosive event such as an earthquake. As another example, content from a social
group on Facebook devoled to Catholicism may normally be updated daily. Yhen
Pope Benedict's resignation made the news, the content from that social group may
be updated every hour so that inferested users can keep track of discussions from
members of this social group. In addiion, whenever there are newly identified
content sources, it can be scheduled to update the content poot by, e.g., crawling the

content from the new sources, processing ihe crawled content, evalusgting the
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crawled content, and selecting quality new content to be incorporated into the
content pocl.  Such a dynamically updated content pool aims at growing in
compatible with the dynamically changing users’ interests in order to facilitate quality
personalized content recommendation.

[0046] Another key to quality personalized content recommendation is
the aspect of identifving quality content that meeils the interests of a user for
recommendation. Previous solutions often emphasize mere relevance of the content
to the user when selecting content for recommendation.  In addition, traditional
refevance based conient recommendation was maostly based on short term interests
of the user. This nof only leads fo a content recommendation bubble, i.e., known
short interesis cause recommendations limited to the short term interests and
reactions {0 such short term interests centric recommendations cycle back to the
short term interesis that stant the process. This bubble makes it difficult to come out
of the circle to recommend content that can serve not only the overall interests but
also ong term interests of users. The present feaching combines relevance with
performance of the content so that not only refevant but alse quality content can be
selected and recommended to users in a multi-stage ranking system.

[0047] in addition, to identify recommended content that can serve a
broad range of interests of a user, the present teaching relies on both short term and
fong term interests of the user to identify user-content affinity in order o select
content that meets a broader range of users’ interests o be recommended to the
user.

[0048] in content recommendation, monelizing contert such as
advertisements are usually also selected as part of the recommended content o a
user. Traditional approaches often select ads based on content in which the ads are
to be inserted. Some traditional approaches also rely on user input such as queries
to estimate what ads likely can maximize the economic return. These approaches
select ads by matching the taxonomy of the query or the content retrieved based on
the query with the content taxonomy of the ads. However, content taxonony is
commonly known not to correspond with advertisement taxonomy, which advertisers
use {0 target at certain audience. As such, selecling ads based on content
taxonomy does not serve to maximize the economic return of the ads to be inseried
into content and recommended to users. The present teaching discloses method

and system to build a linkage between content taxonomy and advertisement
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taxonomy so that ads that are not only relevant to a user's interests but also the
interests of advertisers can be selected. in this way, the recommended content with
ads to a user can both serve the users interesis and at the same time to allow the
content operator to enhance monetization via ads.

[0049] Yet another aspect of personalized content recommendation of
the present teaching relates o recommending probing content that is identified by
gxtrapolating the currently known user interests. Traditional approaches rely on
sedecting either random caonient beyond the currently known user interests or content
that has certain performance such as a high level of click activities. Random
selection of probing content presents a low possibility to discover a user’'s unknown
interests. identifying probing content by choosing content for which a higher level of
activities are observed is also problematic because there can be many pieces of
content that a user may potentially be interested but there is a low level of activities
associated therewith. The preseni {eaching discloses ways to identify probing
cortient by extrapolating the currently known interest with the flexibility of how far
removed from the currently known interests, This approach alse incorporates the
mechanism to identify quality probing content so that there is an enhanced likelihood
to discover a user's unknown interests. The focus of interests at any moment can be
used as an anchor interest based on which probing interests {which are not known to
be inferasts of the user) can be sxirapolated from the anchor interests and probing
content can be selected based on the probing interests and recommended to the
user together with the conterd of the anchor interests. Prohing interests/content may
alsg be determined based on other considerations such as locale, time, or device
type. In this way, the disclosed personalized content recommendation system can
continually explore and discover unknown interests of a user to understand better
the overall interests of the user in order {0 expand the scaope of service.

[CG50] Addifional novel features will be set forth in part in the
description which follows, and in part will become apparent to those skilled in the art
upon examination of the following and the accompanying drawings or may be
learned by production or operation of the examples. The advantages of the present
teachings may be realized and attained by praclice or use of various aspecis of the
methodologies, instrumentalities and combinations set forth in the detalled examples
discussed below.
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[0051] FIG. 1 depicts an exemplary system diagram 10 for
personalized content recommendation to a user 105, according 1o an embodiment of
the present teaching. System 10 comprises a personalized content recommendation
module 100, which comprises numerous sub modules, content sources 110,
knowledge archives 115, third party platforms 120, and adverlisers 125 with
advertisement taxonomy 127 and advenisement database 1286, Content sources
110 may be any source of on-line content such as on-line news, published papers,
blogs, on-line tabloids, magazines, audio content, image content, and video content.
It may be content from content provider such as Yahoo! Finance, Yahoo! Sports,
CNN, and ESPN. it may be multi-media content or text or any other form of content
comprised of website content, social media content, such as Facebook, twitter,
Reddit, etc, or any other content rich provider. It may be licensed content from
providers such AP and Reuters. it may also he content crawled and indexed from
various sources on the Infernet. Content sources 110 provide a vast array of content
to the personalized conlent recommendation maodide 100 of systen 10,

[0052] Knowledge archives 115 may be an on-ine encyclopedia such
as Wikipedia or indexing system such as an on-line dictionary. On-line concept
archives 115 may be used for its content as well as its categorization or indexing
systems. Knowledge archives 115 provide extensive classification system to assist
with the classification of both the users 105 preferences as well as classification of
content. Knowledge concept archives, such as Wikipedia may have hundreds of
thousands to millions of classifications and sub-clagsifications. A classification is
used to show the hierarchy of the category. Classifications serve two main purposes.
First they help the system understand how one category relates to another category
and second, they help the system manesuver between higher levels on the hierarchy
without having to move up and down the subcategories. The categories or
classification structure found in knowledge archives 115 is used for multidimensional
content vectors as well as multidimensional user profite vectors which are utiized by
personalized content recommendation modude 180 to match personalized content to
a user 105, Third party platforms 120 maybe any third party applications including
but not limited to social networking sites like Facebook, Twitter, LinkedIn, Google+.
It may include third party mail servers such as GMail or Bing Search. Third party
platforms 120 provide both a source of content as well as insight into a user's

personal preferences and behaviors.
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[0G53] Advertisers 125 are coupled with the ad content database 126
as well as an ads classification system or ad. taxonomy 127 intended for classified
advertisement content. Advertisers 125 may provide streaming content, siatic
contert, and sponsored content.  Advertising content may be placed at any location
on a personalized content page and may be presented both as part of a content
stream as well as a standalone advertisement, placed strategically arcund or within
the content stream.

[CO54] Personalized content recommendation module 100 comprises
applications 130, content podol 135, content podl generation/update unit 140,
concepticontent analyzer 145, content crawler 150, unknown interest explorer 215,
user understanding unit 155, user profiles 160, content taxonomy 165, context
information analyzer 170, user event analyzer 175, third party interest analyzer 180,
social media content source identifier 185, advertisement insertion unit 200 and
contentadvertisementftaxonomy correlator 205. These components are conngcted
to achieve personalization, content pooling, and recommending personalized content
to a user. For example, the content ranking unit 210 works in connection with context
information analyzer 170, the unknown interest explorer 215, and the ad insertion
unit 200 to generate personalized content to be recommended to a user with
personalized ads or probing content inserted.  To achieve personalization, the user
understanding unit 155 works in conneclion with a variety of componenis to
dynamically and continuously update the user profiles 180, including content
taxonomy 165, the knowledge archives 115, user event analyzer 175, and the third
parly interest analyzer 180, Various components are connected o continuously
maintain a content pool, including the conient pool generation/update unit 140, user
avent analyzer 175, social media content source identifier 185, content/concept
analyzer 145, content crawler 150, the content taxonomy 185, as well as user
profiles 160.

[0055] Personalized content recommendation module 100 is triggered
when user 105 engages with system 10 through applications 130, Applications 130
may receive information in the form of a user id, cockies, fog in information from user
105 via some form of computing device. User 105 may access system 10 via a
wired or wireless device and may be stationary or mobile. User 105 may interface
with the applications 130 on a tablet, a Smartphone, a laptop, a deskiop or any other

computing device which may be embedded in devices such as walches, eyeglasses,
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or vehicles. In addition to receiving insights from the user 105 about what
information the user 105 might be interested, applications 130 provides information
to user 105 in the form of personalized content stream. User insights might be user
search terms entered to the system, declared interests, user clicks on & particular
article or subject, user dwell ime or scrolt over of particudar content, user skips with
respect o some content, etc. User insights may be a user indication of a like, a
share, or a forward action on a social networking site, such as Facebook, or even
peripheral activilies such as prind or scan of certain content.  All of these user
insights or events are utilized by the personalized cordent recommendation module
100 {o locate and cusiomize content {o be presented {o user 105, User insights
received via applications 130 are used to update personalized profiles for users
which may be stored in user profiles 160. User profiles 160 may be database or a
series of databases used to store personalized user information on all the users of
system 10. User profiles 160 may be a fiat or relational database and may be stored
in one or more locations.  Buch user insights may also be used to determine how to
dynamically update the contertt in the content pool 135,

[0058] A specific user event received via applications 130 is passed
along to user event analyzer 175, which analyzes the user event information and
feeds the analysis result with event data o the user understanding unit 155 andfor
the content pool generation/update unit 140, Based on such user event information,
the user understanding unit 155 estimates short term interests of the user and/for
infer user's long term interests based an behaviors exhibited by user 105 over long
or repetitive periods. For example, a long term interest may be a general interest in
sports, where as a short term inferest may be related to a unique sports event, such
as the Super Bowl at a particular time. Qver time, a user's long term interest may be
estimated by analyzing repeated user events. A user who, during every engagement
with system 10, regularly selecis content related fo the sitock market may be
considered as having a long term interest in finances. In this case, system 10
accordingly, may determine that personalized content for user 105 showudd contain
contert related to finance. Contrastingly, short term interest may be determined
based on user evenis which may occur frequently over a short period, but which is
not something the user 105 is interested in the fong term. For example, a short term
interest may reflect the momentary interest of a user which may he triggered by

something the user saw in the content but such an interest may not persist over time.
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Both short and long term interest are important in terms of identifying content that
meets the desire of the user 105, but need to be managed separately because of the
difference in their nature as well as how they influence the user.

[0057] in some embodiments, short term interests of a user may be
analyzed {o predict the users long term interests. To retain a user, it is important to
understand the user's persistent or long ferm interests. By identifying user 105's
short term interest and providing him/her with a quality personalized expenence,
system 10 may convert an occasional user into a long term user.  Additionally, short
term interest may trend inle long term interest and vice versa.  The user
understanding unit 155 provides the capability of estimating both short and long term
interests.

[0058] The user understanding urit 155 gathers user information from
multiple sources, including all the users events, and creales one or more
multidimensional personalization vectors. In some embodiments, the user
understanding unit 155 receives inferred characteristics about the user 105 based on
the user events, such as the content hefshe views, self declared interests, attributes
or characteristics, user actvities, and/or events from third parly platforms. In an
ambodiment, the user understanding unit 155 receives inputs from social media
content source identifier 195, Social media content source identifier 195 relies on
user 1058's social media confent to personalize the user's profile. By analyzing the
user's social media pages, likes, shares, elc, social media content source identifier
195 provides information for user understanding unit 155, The social media content
soutce identifier 195 s capable of recognizing new content sources by identifying,
e.g., guality curators on social media platforms such as Twilter, Facebook, or blogs,
and enables the personalized content recommendation module 100 to discover new
cortent sources from where quality content can be added to the content pool 135,
The information generated by social media content source identifier 195 may be sent
to a contenticoncept analyzer 145 and then mapped to specific category or
classification based on content taxonomy 165 as well as a knowledge archives 115
classification system.

[0059] The third party inferest analyzer 190 leverages information from
other third parly platforms about users active on such third parly platforms, their
interests, as well as conlent these third party users to enhance the performance of

the user understanding unit 155, For example, when information about a large user
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population can be accessed from one or more third party platforms, the user
ynderstanding unit 155 can rely on data about a large population o establish a
baseline interest profile to make the estimation of the interests of individual users
more precise and reliable, e.g., by comparing interest data with respect to a
particular user with the baseline interest profile which will capture the user’s interests
with a high level of certainty.

[Q060] When new conient is identified from content source 110 or third
party platforms 120, #t is processed and its concepts are analyzed. The concepts
can be mapped o one or more calegories in the content taxonomy 165 and the
knowledge archives 115, The content taxonomy 185 is an organized structure of
concepts or categories of concepts and it may contain a few hundred classifications
of a few thousand. The knowledge archives 115 may provide millions of concepts,
which may or may not be structures in a similar manner as the content taxonomy
165. Such content faxonomy and knowledge archives may serve as g universal
interest space. Concepts estimated from the content can be mapped o a universal
interest space and a high dimensional vectar can be constructed for each plece of
content and used to characterize the content. Similarly, for each user, a personal
interest profile may also be constructed, mapping the user's interests, characterized
as concepts, {o the universal interest space so that a high dimensional vector can be
constructed with the user's interests levels populated in the vector.

[0081] Content pool 135 may be a general content pool with content to
bhe used o serve all users. The content pool 135 may also be structured so that it
may have personalized content pool for each user. In this case, content in the
content pool is generated and retained with respect to each individual user. The
content pool may also be organized as a tiered system with both the general content
pool and personalized individual content pools for different users. For example, in
gach content pool for a user, the content iself may not be physically present but is
operational via links, pointers, or indices which provide references to where the
actual content is stored in the general content paol.

[0C62] Content poal 135 is dynamically updated by content pool
generation/update module 140. Content in the content pool comes and go and
decisions are made based on the dynamic information of the users, the content itseif,
as well as other types of information. For example, when the performance of content

deteriorates, e.g., low level of interests exhibited from users, the comtent pool
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generation/update unit 140 may decide fo purge # from the content pool. When
content becomes stale or cuidated, it may also be removed from the content pool.
When there is a newly detected interest from a user, the content pool
generation/update unit 140 may fetch new content aligning with the newly discovered
interests. User events may be an important source of making observations as to
content performance and user interest dynamics. User activities are analyzed by the
user event anslyzer 175 and such Information is sent to the content pool
generationfupdate unit 140,  When fetching new content, the content pool
generation/update unit 140 invokes the content crawder 150 to gather new content,
which is then analyzed by the content/concept analyzer 145, then evaluated by the
content pool generationf/update unit 140 as to its quality and performance before itis
decided whether # will be included in the content pool or not.  Content may be
removed from content pool 135 because it is no longer relevant, bacause other users
are not considering it fo be of high qualily or because it is no longer timely. As
cortent is constantly changing and updating contert pool 135 is constantly changing
and updaling providing user 105 with a polential source for high quality, timely
personalized content.

[0063] in addition to content, personalized content recommendation
module 100 provides for targeted or personalized advertisement content from
advertisers 125, Advertisement database 128 houses adverlising content fo be
inserted info a user's content stream. Adverlising content from ad database 126 is
inserted into the content stream via Content ranking unit 210, The personalized
selection of advertising content can be bhased on the users profile.  Content
jadvertisement/user taxonomy correlator 205 may re-project or map a separate
advertisement taxonomy 127 to the taxonomy associated with the user profiles 160.
Content /adverfisement/user taxonomy correlator 205 may apply a straight mapping
or may apply some intelligent algorithm to the re-projection {o determine which of the
users may have a similar or related interest based on similar or overlapping
taxonomy categories.

[0C64] Content ranking unit 210 generates the content stream o be
recommended to user 105 based on content, selected from content pool 135 based
on the user's profile, as well as advertisement, selected by the advertisement
insertion unit 200. The canient {o be recommended o the user 105 may also bhe

determined, by the confent ranking unit 210, based on information from the context
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information analyzer 170. For example, if a user is currently {ocated in a beach town
which differs from the zip code in the user's profite, it can be inferred that the user
may be on vacation. In this case, information related to the {ocale where the user is
currently in may be forwarded from the context information analyzer to the Content
ranking unit 210 so that it can select content that not only fit the user’s interests but
also is customized to the locale. Other context information include day, time, and
device type. The coniext information can also include an event detected on the
device that the user is currently using such as a browsing event of a website devoted
to fishing. Based on such a detected event, the momentary interest of the user may
be estimated by the context information analyzer 170, which may then direct the
Content ranking unit 210 to gather content related {o fishing amenities in the locale
the user is in for recommendation.

[0065] The personalized content recommaeandation module 100 can also
be configured to allow probing content to be included in the content fo be
recommended to the user 105, even though the prohing content does not represent
subject matter that maiches the current known inferests of the user. Such probing
content is selected by the unknown interest explorer 215. Once the probing content
is incorporated in the content {o be recommended to the user, information related to
user activities directed to the probing content {including no action) is collected and
analyzed by the user event analyzer 175, which subsequently forwards the analysis
result to fong/short term interest identifiers 180 and 185 {f an analysis of user
activities directed to the probing content reveals that the user is or is not interested in
the probing content, the user understanding unit 155 may then update the user
profile associated with the probed user accordingly. This is how unknown interests
may be discovered. In some embodiments, the probing content is generated based
on the current focus of user interest {e.g., shod term) by exirapolating the current
focus of interests. In some embodiments, the probing content can be identified via a
random selection from the general content, sither from the content pool 135 or from
the content sources 110, so that an additional probing can be performed to discover
unknown interests.

[0068] To identify personalized content for recommendation o a user,
the content ranking unit 210 takes all these inpuls and identify content based on a
comparison between the user profile vector and the content vecior in a multiphase

ranking approach. The seleclion may also be filtered using context information.
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Advertisement to be inserted as well as possibly probing content can then be
merged with the selected personalized content.

[0067] FIG. 2 is a flowchart of an exemplary process for personalized
contert recommendation, according to an embodiment of the present teaching.
Content taxonomy is generated at 205, Content is accessed from different content
sources and analyzed and classified into different categories, which can be pre-
defined. Each category is given some labels and then different categories are
organized into some structure, e.g., a hierarchical structure. A content pool is
generated at 210, Different criteria may be applied when the content poot is created.
Examples of such criteria include topics covered by the content in the content pool,
the performance of the content in the content pool, etc. Sources from which content
can be obtained to populate the content poot include content sources 110 or third
party platforms 120 such as Facebook, Twitter, blogs, elc. FlIG. 3 provides a more
detailed exemplary flowchar! related to content pool creation, according to an
embodiment of the present teaching. User profiles are generated at 215 based on,
e.g., user information, user activities, identified shortflong term interests of the user,
etc. The user profiles may be generated with respect {o a baseline population
interest profile, established based on, e.g., information about third party interest,
knowledge archives, and content {axonomies.

[0C68] Once the user profiles and the content pool are created, when
the system 10 detects the presence of a user, at 220, the context information, such
as locale, day, time, may be oblained and analyzed, at 225 FIG 4 illustrates
exemplary types of context information. Based on the detected user's profile,
optionally context information, personalized content is identified for recommendation.
A high level exemplary flow for generating personalized content for recommendation
is presented in FIG. 5 Such gathered personalized content may be ranked and
filtered to achieve a reasonable size as to the amount of content for recommendation.
Optionaily {not shown), advertisement as well as probing content may also be
incorporated in the personalized content. Such content is then recommendad to the
user at 230,

[0069] User reactions or activities with respect o the recommended
contert are monitored, at 235, and analyzed at 240. Such esvents or aclivities
include clicks, skips, dwell time measured, scroll location and speed, position, time,

sharing, forwarding, hovering, motions such as shaking, etc. H is undersicod that
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any other events or activities may be monitored and analyzed. For example, when
the user moves the mouse cursor over the content, the title or summary of the
content may be highlighted or slightly expanded. in anther example, when a user
interacts with a touch screen by her/his fingerfs], any known touch screen user
gestures may be detected. in still another example, eye tracking on the user device
may be another user activity that is pertinent o user behaviors and can be detected.
The analysis of such user events includes assessment of long term interests of the
user and how such exhibited short ferm interests may influsnce the system's
understanding of the users long term interests.  Information related to such
assessment is then forwarded 1o the user understanding unit 155 to guide how to
update, at 255, the user's profile. Al the same time, based on the user's activities,
the portion of the recommended content that the user showed interests are assessed,
at 245, and the result of the assessment is then used to update, at 250, the content
pool. For example, if the user shows interests on the probing content recommended,
it may be appropriate to update the content podd 10 ensure that content related to the
newly discovered interest of the user will be included in the content pool.

(0070} FIG. 8 Hlustrates different types of context information that may
be detected and utilized in assisting to personalize content to be recommended {o a
user. In this ilustration, context information may include several categories of data,
ncluding, but not limited {o, time, space, platform, and network conditions. Time
related information can be time of the year {e.g., a particular month from which
season can be inferred), day of a week, specific time of the day, etc. Such
infarmation may provide insights as to what particular set of interests associated with
a user may be more relevant. To infer the particular interests of a user at a specific
moment may also depend on the locale that the user is in and this can be reflected in
the space related context information, such as which country, what locale {e.g.,
tourist town), which facility the user is in {&.g., at a grocery store}, or even the spot
the user is standing at the moment (e.g., the user may be standing in an aisle of a
grocery store where cergal is on display).  Cther types of context information
includes the specific platform related o the user's device, e.g., Smariphone, Tablet,
laptop, deskiop, bandwidth/data rate allowed on the user's device, which will impact
what typeas of conient may be effectively presented io the user. In addition, the
network related information such as state of the network where the user's device s

connected to, the available bandwidth under that condition, efc. may also impact



WO 2014/143018 PCT/US2013/032385

O
Tk

what content should be recommended 1o the user so that the user can receive or
view the recommended content with reasonable quality.

(0071} FIG. 4 depicts an exemplary system diagram of the content pool
generation/update unit 140, according to an embodimeant of the present leaching.
The content pool 135 can be initially generated and then maintained according to the
dynamics of the users, contents, and needs datected. In this tlustration, the content
pool generation/update unit 140 comprises a content/concept analyzing control unit
410, a content performance estimator 420, a content quality evaluation unit 430, a
contert sefection unit 480, which will select appropriate content to place into the
content pool 135, In addition, to control how content is to be updated, the content
pool generationfupdate unit 140 also includes a user activity analyzer 440, a content
status evaluation unit 450, and a content update control unit 480,

[0072) The content/concept analyzing contral unit 410 interfaces with
the content crawler 150 (FIG. 1) to oblain candidate content that is to be analyzed to
determine whether the new content is o be added to the content pool The
contentfconcept analyzing caniral unit 410 also interfaces with the content/concept
analyzer 145 (see FIG. 1) to get the content analyzed fo exiract concepts or subjects
coverad by ithe content Based on the analysis of the new content, a high
dimensional vector for the content profile can be computed via, e.g., by mapping the
concepts extracted from the content to the universal interest space, e.9., defined via
Wikipedia or other content taxonomies. Such a content profile vector can be
compared with user profiles 160 {o determine whether the content is of interest to
users.  In addition, content is also evaluated in terms of its performance by the
content performance estimator 420 based on, e.g., third party information such as
activities of users from third party platforms so that the new content, although not vet
acted upon by users of the system, can be assessed as to #s performance. The
content performance information may be stored, together with the content’s high
dimensional vector related to the subject of the content, in the content profile 470.
The performance assessment is also sent (o the content qualily evaluation unit 430,
which, e.g., will rank the content in a manner consistent with other pieces of content
in the content pool. Based on such rankings, the content selection unit 480 then
determines whether the new content is {0 be incorporated into the content pool 135,

[(G73] To dynamically update the content pool 135, the content poal

generation/update unit 140 may keep a content log 460 with respect to all content
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presently in the content pool and dynamically update the log when more information
rejated to the performance of the content is received. When the user activity
analyzer 440 receives information related to user events, it may log such svents in
the conient log 480 and perform analysis to estimate, e.g., any change to the
performance or popularnty of the relevant content over time. The result from the user
activity analyzer 440 may also be ulilized o update the content profiles, e.g., when
there is a change in performance. The content status evaluation unit 450 monitors
the content log and the content profile 470 o dynamically determine how each piece
of content in the content poal 135 is 0 be updated. Depending on the status with
respect 10 a piece of content, the content status evaluation unit 450 may decide to
purge the content if its performance degrades below a certain level. It may also
decide to purge a piece of content when the overall interest level of users of the
system drops below a certain level. For content that requires update, e.¢., news or
journals, the conient status evaluation unit 450 may also control the frequency 455 of
the updates based on the dynamic information it receives. The content update
control unit 480 carries out the update jobs hased on decisions from the content
status evaluation unit 450 and the frequency at which certain content needs to be
updated. The conient update control unit 480 may also determine to add new
content whenever there is peripheral information indicating the needs, e.q., there is
an explosive event and the conient in the content pool on that subject matter is not
adequate. in this case, the content update conirol unit 490 analyzes the peripheral
formation and if new content s needed, it then sends a control signal to the
contenticoncept analyzing coniral unit 410 so that it can interface with the contend
crawier 150 to obtain new content.

[007 4] FIG. 5 is a flowchart of an exemplary process of creating the
content pool, according 1o an embodiment of the present teaching. Content is
accessed at 510 from content sources, which include content from content portals
such as Yahoo!, general Internet sources such as web sites or FTP sites, social
media platforms such as Twitter, or other third party platforms such as Facebook.
Such accessed content is evaluated, at 520, as to various considerations such as
performance, subject matters covered by the content, and how it fit users’ interests.
Based on such evaluation, certain content is selected o generate, at 530, the
cortent pool 135, which can be for the general population of the system or can also

be further structured to create sub content pools, each of which may be designated
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to a particular user according to the user's parficular interests. At 540, it is
determined whether user-specific content pools are to be created. If not, the general
content pool 135 is organized {e.g., indexed or calegorized) at 580. If individual
content pools for individual users are 1o be created, user profiles are obtained at 550,
and with respect 1o each user profile, a set of personalized content is selected at 560
that is then used to create a sub content pool for each such user at 570. The overall
content pool and the sub content pools are then organized at 580.

[0G75] FIG. 6 is a flowchart of an exemplary process for updating the
contert pool 135, according to an embaodiment of the present teaching. Dynamic
information is received at 610 and such information includes user aclivilies,
peripheral information, user related information, efc. Based on the received dynamic
information, the content log is updated at 620 and the dynamic information is
analyzed at 630. Based on the analysis of the received dynamic information, i is
evalualed, at 640, with respect to the content implicated by the dynamic information,
as {o the change of status of the content. For example, if received information is
related {0 user activittes directed o specific content pieces, the performance of the
content piece may need {o be updated to generate a new status of the content piece.
It is then determined, at 650, whether an update is needed. For instance, if the
dynamic information from a peripheral source indicates that content of certain topic
may have a high demand in the near fultre, it may be determined that new content
on that topic may be feiched and added to the content pool. In this case, at 660,
conteryt that needs to be added is determined. In addition, if the perfermance or
populanity of a content piece has just draopped below an acceptable level, the content
piece may need to be purged from the content pool 135, Content o be purged is
selected at 670 Furthermore, when update is needed for regularly refreshed
cotent such as jpumal or news, the schedule according o which update is made
may also be changed ¥ the dynamic information received indicates so. This is
achieved at 680,

[0G76] FIG. 7 depicts an exemplary diagram of the user understanding
unit 155, according to an embodiment of the present teaching.  In this exemplary
consiruct, the user understanding unit 155 comprises a baseline interest profile
generator 710, a user profile generator 720, a user intentinterast estimator 740, a
short term interest idendifier 750 and & fong term interest identifier 760. In operation,

the user understanding unit 158 takes various input and generates user profiles 160
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as output. its input includes third party data such as users’ information from such
third party platforms as well as content such users accessed and expressed interests,
concepts covered in such third party data, concepts from the universal interest space
{e.q., Wikipedia or content taxonomy), information about users for whom the
personalized profiles are to be constructed, as well as information related to the
activities of such users. Information from a user for whom a personalized profile is to
be generated and updated includes demographics of the user, declared interests of
the user, etc. Information related 10 user events includes the time, day, location at
which a user conducted certain activities such as clicking on a content piece, long
dwell time on a content piece, forwarding a content piece {o a friend, efc.

[0077] in operation, the baseline interest profile generator 710 access
information about a large user population including users’ interests and content they
are interested in from one or more third party sources (e.g., Facebook). Content
from such sources is analyzed by the content/concept analyzer 145 (FIG. 1), which
identifies the concepts from such content. When such concepts are received by the
baseline interest profile generator 710, it maps such concepts o the knowledge
archives 115 and content taxonomy 185 (FIG. 1} and generate one or more high
dimensional veciors which represent the baseline interest profile of the user
population. Such generated baseline interest profile is stored at 730 in the user
understanding unit 155, When there is similar data from additional third party
sources, the baseline interest profile 730 may be dynamically updated to reflect the
haseline interest level of the growing population.

[0G78] Once the baseling interest profile is established, when the user
profile generator receives user information or information relaled to estimated short
term and long term interests of the same user, it may then map the user's interests
to the concepts defined by, e.g., the knowledge archives or content taxonomy, so
that the user's interests are now mapped 1o the same space as the space in which
the baseline interest profile is constructed. The user profile generator 720 then
compares the user's interest level with respeact {0 each concept with that of a larger
user population represented by the baseline interest profile 730 o determine the
level of interest of the user with respect 1o each concept inn the universal interest
space. This vields g high dimensional vector for each user.  In combination with
other addifional information, such as user demographics, etc., 8 user profie can be

generated and stored in 160
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[0G79] User profiles 160 are updated continuously based on newly
received dynamic information. For example, a user may declare additional interests
and such information, when received by the user profile generator 720, may be used
to update the corresponding user profile.  In addition, the user may be active in
different applications and such activities may be observed and information related to
them may be gathered {0 determine how they impact the existing user profile and
when needed, the user profile can be updated based on such new information. For
instance, svents relaled 1o each user may be collected and received by the user
intent/interest estimator 740. Such events include that the user dwelled on some
content of certain topic frequently, that the user recently went {o a beach town for
surfing competition, or that the user recently participated in discussions on gun
controf, efc. Such information can be analyzed to infer the user intentinterests.
Whaen the user activitias relate to reaction to content when the user is online, such
information may be used by the short term interest identifier 750 to determine the
user's short term interests.  Similarly, some information may be relevant 10 the user's
fong term interests. For example, the number of requests from the user to search for
content related to diet information may provide the basis to infer that the user is
interested in content related to diet. In some situations, estimating long term interest
may be done by observing the frequency and reqularity at which the user accesses
cerfainn type of information. For inslance, if the user repeatedly and regularly
accesses content related to cerfain fopic, e.g., stocks, such repetitive and regular
activities of the user may be used o infer his/her long term interests. The short ferm
interest identifier 750 may work in connection with the fong term interest identifier
780 fo use observed short term interests to infer long term interests. Such estimated
shorifong term interests are also sent to the user profile generator 720 so that the
personalization can be adapted fo the changing dynamics.

[0G80] FiG. 8 is a flowchart of an exemplary process for generating a
baseline interest profile based on information related to a large user population,
according o an embodiment of the present teaching. The third party information,
including both user interest information as well as their interested content, is
accessed at 810 and 820, The content related to the third parly user interests is
analyzed at 830 and the concepts from such content are mapped, at 840 and 850, to
knowledge archives andfor content faxonomy. To build a baseline interest profile,

the mapped vectors for third party users are then summarized o generale a baseline
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interest profile for the population. There can be a variety ways to summarize the
vectors to generate an averaged interest profile with respect to the underlying
population.

[0081] FIG. @ is a flowchat of an exemplary process for
generating/updating a user profile, according to an embodiment of the present
teaching. User information is received first at 810. Such user information includes
user demographics, user declared interests, etc. Information related to user
activities is also received at 920, Content pieces that are known to be interested by
the user are accessed at 830, which are then analyzed, at 850, to extract concepts
covered by the content pieces. The extracted concepis are then mapped, at 960, to
the universal interest space and compared with, concept by concept, the baseline
interest profile {o determine, at 870, the specific level of interest of the user given the
population.  In addition, the level of interesis of each user may also be identified
based on known or estimated short and long ferm interests that are estimated, at
940 and 945, respectively, based on user activities or content known 1o be interested
by the user. A personalized user profile can then be generated, at 980, based on the
interest level with respect to each concept in the universal interest space.

[0082] FIG. 10 depicts an exemplary system diagram for the content
ranking unit 210, according to an embodiment of the present teaching. The content
ranking unit 210 takes variety of input and generates personalized content to be
recommended to a user. The input fo the content ranking unit 210 includes user
infarmation from the applications 130 with which a user is interfacing, user profiles
1680, context information surrounding the user at the time, content from the content
pool 135, advertisement selected by the ad insertion unit 200, and optionally probing
content from the unknown interest explorer 215, The content ranking unit 210
comprises a candidaie content retriever 1010 and a mulli-phase confent ranking unit
1020, Based on user information from applications 130 and the relevant user profile,
the candidate content retriever 1010 determines the content pieces o be retrieved
from the contertt pool 135, Such candidate content may be determined in a manner
that is consistent with the user's interests or individualized. in general, there may be
a large set of candidate content and i needs 1o be further determinad which content
pieces in this set are most appropriate given the context information. The muiti-
phase content ranking unit 1020 {akes the candidate content from the candidate

content retriever 1010, the advertisement, and optionally may be the probing content,
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as a pool of content for recommendation and then performs multiple stages of
ranking, e.g., relevance based ranking, performance based ranking, etc. as well as
factors related {o the context surrounding this recommendation process, and selects
a subset of the content to be presented as the personalized content to be
recommended to the user.

[C083] FIG. 11 is a flowchart of an exemplary process for the content
ranking unit, according fo an embodiment of the present {eaching. User related
formation and user profile are received first at 1110, Based on the received
information, user's interests are determined at 1120, which can then be used to
retrieve, at 1150, candidate conient from the content pool 135, The user's interests
may aiso be utilized in retrieving advertisement andfor probing content at 1140 and
1130, respectively. Such retrieved content is {o be further ranked, at 1160, in order
to select g subset as the most appropriate for the user. As discussed above, the
selection {akes place in a mul-phase ranking process, each of the phases is
directed o some or a combination of ranking criteria 10 vield a subset of content that
is not only relevant to the user as {o interests but also high quality content that likely
will be interested by the user. The selected subset of content may also be further
filtered, at 1170, based on, e.g., context information. For example, even though a
user is in general interested in content about politics and art, if the user is currently in
Milan, Haly, it is likely that the user is on vacation. In this context, rather than
choosing content related to politics, the content related to art museums in Milan may
be more relevant. The multi-phase content ranking unit 1020 in this case may filter
out the content related o politics based on this contextual information. This vields a
final set of personalized content for the user. At 1180, based on the contextual
information associated with the surrounding of the user {e.g., device used, network
bandwidth, etc), the content ranking unit packages the selected personalized
content, at 1180, in accordance with the context information and then transmiis, at
1180, the personalized content fo the user.

[0084] More delailed disclosures of various aspects of the system 10,
particularly the personalized content recommendation module 100, are covered in
different U.S. patent applications as well as PCT applications, entitled "Method and
System For User Profiling Via Mapping Third Party Interests To A Universal interest
Space”, "Method and System for Multi-Phase Ranking For Content Personalization”,
“Method and System for Measuring User Engagement Using Click/Skip In Content
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Streamy”, "Method and System for Dynamic Discovery And Adaptive Crawling of
Content From the Internel”, "Method and System For Dynamic Discovery of
Interesting URLs From Social Media Data Stream”, *Method and System for
Discovery of User Unknown Interests”, "Method and System for Efficient Matching of
User Profiles with Audience Segments”, "Method and System For Mapping Short
Term Ranking Optimization Objective t© Long Term Engagement”, “Social Media
Based Content Selection System”, “Method and System For Measuring User
Engagement From Siream Depth’, "Method and System For Measwing User
Engagement Using Scrall Dwell Time", "Efficient and Fault-Tolerant Distributed
Algorithm for Leaming Latent Factor Models through Matrix Faclorization,” and
"Almost Online Large Scale Collaborative Based Recommendation System.” The
present teaching is parBicularly directed to efficient distributed fault tolerant leaming,
as discussed in further detail below.

[Q085] To this end, FIG. 12 idlustrates an embodiment of a user
understanding unit 155 of FIG. 1 implemented by way of a collaborative fillering (CF)
system 1200, The CF system 1200 determines user-content ftem affiliations based
on executing computer readable instructions for evaluating various types of user
activity and user profile information via a CF modeling unit 1202, which for instance
implements a latent factor model technique, and outputs likely user-content item
pairs based on corresponding affifiation scores. The user-conterdt item pairs having
an affiliation score that exceeds a predetermined threshold are added to the user-
cortent affiliation datahase 1204 and subssguently to the content database 1206 for
serving to the user as suggested content of interest.  The latent facior modsl
executed by the CF modeling unit 1202 characterizes both content items and users
based on multiple factor vectors inferred from ratings and/or user activity patterns. In
an embodiment, the lateni factor model is implemented via a matrix factorization
approach.

[0088] The CF modeling unit 1202 receives a plurality of input signals,
including a long term user aclivity log comprising activity vector signals indicating
user activity with respect to certain content.  User activity with respect 10 a contend
tem comprises user click dala, user skip data derived from user click data or
received via direct signaling, as well as user dwell data indicative of user inactivity
with respect 10 a content item or parl thereof, and scroll data indicative of scroll

direction, scroll rate, and scroli extent, among other user activity information. The
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fong term user activity log data 1244 includes activity data collected and buffered
over a period of time exceeding a predetermined threshold, such as approximately
on the order of an hour. In one embodiment, the long term activity log includes user
activity data buffered over a six hour period.

[0687] The CF modeler 1202 also receives an input of user profile
information 1208, including a declared interest vector for each user, which includes
mudliple values indicative of the user's interest in various types of content based on
the user's interest indications received from social media sources (e.g., “likes.”
“shares,” "tweels,” "re-tweets,” and the like with respect to certain content items), as
well as static user profile data from eleclronic questionnaires, forms, and the like. In
the context of evaluating user-content item affiliations, the CF modeler 1202 relies on
content item taxonomy 1210, such as a WikipediaTM (Wiki) content taxonomy
indicating the conlent item’'s mapping to one or more content categories, for example.

[Q058] The infegrated shorl/long term modeling enhancer module 1212
implements parallel shart-term and long-term moded parameter leaming processes in
order {o dynamically adjust CF model paramaeters of the CF modeling unit 1202, as
discussed in further detlail below. Thus, in addition to the long-term user activity log
information 1214, the modeling enhancer 1212 also receives input of short-term user
activity 1218, The short-lerm user activity log 1212 includes user activity data having
duration that is shorter than the duration of the long-term user activity log 1214. In
an embodiment, the duration of the short-term user activity log is on the order of
minutes, such as five minutes of user activity data for example.

[0089] FiG. 13 Bustrates an embodiment of the types of user activity
1300 with respect to a given content item that is included in the user activity logs
1214, 1216, In an embodiment, the user activity data 1300 comprises a vector
having numerical indicators of user activity corresponding a plurality of categories,
such as user interactions 1302 {e.g., item clicks, skips, scrolis, scroll rate, scroll
direction, dwell time, among others), user's social media actions 1304 {e.g.
comments with respect {0 a content item, blog activity, twit aclivity, share activity,
forward aclivity}, and peripheral device actions 1306 related o the content tem {e.g.,
attaching an item to an email, printing a content item, storing a content item, and
scanning a content item, for example). Embodiments of various user activily signals
included in the long and short-term user actvity logs 1214, 1216 include the

folflowing examples.
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[06G80] Entities:

[0C91] Users (signed-infauthenticated or unregistered): id, Categorical
variables {Gender, geo information, and age}, Creation timestamp.

[0082] Stories {or pages). id, Categorical variables, a set of
predetermined document property indicators, content category vector in accordance
with a predetermingd taxonomy, author, publisher, Publication timestamp.

[Q093] Page features entifies: a sel of predelermined document
property indicators, content category vector in accordance with a predetermined
taxonamy, authors, and publishers.

[0094] User features related entiies: Gender, geo information (e.g.,
country, State, zip code}, and age.

[0005] User's implicit scores:

[C096] The following binary signals (or users’ interactions) are available
{in a batch or streaming scenario):

[C0a7] Page views
[0G88] Clicks or their absence
[0099] Story was presented in a property (e.g., HomeRun page) and

was clicked {in case order of presentation of all stories involved is available, the
absence of clicks can be inferred).

[C0100] in certain cases where the signals indicate only “positive” user-
page interactions, "negative” user-page interactions may be inferred and generated
from the signals.

[001013 For example, we may randomily pick a "popular” story that was
likely viewed but not clicked by the user, as a "negative” interaction.

[00102] Commenting signals

[G103} Comment, reply, thumbs up/down

[0G104] Social signals

[00105] Twitter, Facebook (FB) like, FB recommend, FB share, e-mail,
Google Plus (g+), Linkedin share.

[0010863 Local signals

[00107] print, save-for-later, among others.

[G3108] in order not 1o increase model dimensions, user-page interaction
sessions may be identified and corresponding implicit scores may he generated as a

function of the above sighals.
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[CG108] User ¢ th implicit score of page 7 is calculated as:
Hpyw- & S
[00110] N @
[0G111} The weightis 8} can be optimized, in an advance stage, using

bucket {esting on reat users’ click-through rate {CTR).

[00112] Other functions such as % * B8 Eufst may be considered as
well,

[C0113] in an embodiment, context signals are generated for every
implicit score:

[00114] Timestamp

[00115] May be used to handle periodic changes

[06116} May be used to “boost’ recent evenis during the leaming
process

[QG117]} Property name where user-page interaction fook place

[00118] May be used {0 handle presentation biases.

[0G118} FiG. 14 illustrates an embaodiment of the CF modeling unit 1202
of FIG. 6 in further detail. In the illustrated embodiment, the CF modeling unit 1202
exacutes computer readable instructions that implement a latent factor model
technique of collaborative filtering by estimating bias and latent factor vector (LFV}
parameters for the user and corresponding content page and determining a user
content affiliation score {o identify suitable user-content pairs for inclusion into the
user/content affiliation database 1204 of the content personalization unit. The user
bias determiner 1400 and page bias determiner 1402 receive input of long-term user
activity log 1214 and calculate respective user and page bias factors. Simitarly, the
user and page latent factor vector determining units 1404, 1408 determine the LFV
vector values for the user and content page, respectively, based on the long term
user activity input.  The user-content affiliation score estimator unit 1408, in tum,
determines an affiliation score for the user-page pair based on the bias value and
LFV vector inputs, in accordance with an embodiment of the iatent facior model
algorithm discussed below. The usercontent affiliation determiner module 1410
applies a predetermined threshold to the affiliation scores estimated by the user-
content affiliation score estimator 1408 o select user-content pairs that represent a
fikelthood of a user's interest in the paired content page({s). The user-content pairs

that meet or exceed the predetermined affiliation score threshold are stored in the
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ysaricontent database 1204, As discussed in further detail below, the bias and LFV
determiner modules 1400-1408 of the CF modeling unit 1202 periodically receive a
set of modified CF modeling parameters 1412 from the shortlong term modeling
enhancer unit 1212 in order o retrain the entire set of parameters for the underlying
CF model, for instance as a result of Mean Square Error (MSE) minimization process
that retrains all mode! parameters based on long-term user activity log data.

[QG120} The following discussion describes an embodiment of a low
ranked Matrix Factorization (MF) implementation of a collaborative filtering model
algorithm (also referred to as a latent factor model) stored as computer readable
instructions in non-transient computer memory and executed via one or more
computer processors of the CF modeling unit 1202

[06121} in an embodiment of a low ranked Matrix Factorization {MF)
implementation of collaborative filtering {(also referred to as latent factor model}, each
entity {users, users' fealures, stories, and stories’ features) is assigned an !
dimensions {atent factor vector {LFV) and a bias.

[001223 New eniities’ parameters are initiglized using a random
generator of a zero mean Gaussian distribution with standard deviation &

(00123} User parameters

s
E ]
3

Py Sy o
33 R
Ry » &

[00124] Overall ¥ th user bias faby
[00125] %8R - § th user bias, & - set of user features, Sea B8 |

feature S bias (some of the users features’ blases may be forced to be zero)

o N e N omo
§p = R S'! S

[00126] Overall user's LFV Fady

[00127] s @R -t user LRV, Sro 8 8 | fearyre M0 LEY

[00128] F, o Gpandas age vonalre Sate sl euds §

[00128] To overcome data sparsily, smoothing may be useful. As an

iustrative example, one embodiment uses a lingar combination of features vectors
of ages 20, 21, and 22 {o reprasent the age of 21 in a 21 year oid user modeal.
[00130] Page parameters

[00131] QOverall | 'th page’s bias - sy
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(00132} 2 ¥R . ¢ th page bias, & - set of page features, Srin ¥8

feature 4% bias
SRl E Bege
[00133] Overall page's LFV Swe

P B N
By " §$’~?

[00134] &% i thpage LRV, S ¥R _ gearyre M LRV

[00135] F = 0T suthes padlicher

[001363 Since stories have a short "life” span we may represent stones
by a normalized sum of thelr viewers' (usersy LFVs. This “story-less” model is
coupled naatly with the short-term learning process described below, and is also
retated to the siory “cold-start” problem.

[Q01371 The affiliation (or estimated implicit score) of user? - page ' is
determined by.

[00138] Sem e v g7y

[00138] % is the transpose of %

[00140] Model storage:

[00141] in an embodiment, users are kept indefinitely in the model
stored in a key-value store. Pages are kept in memory for = hours {e.g., 48 hours).

(00142} FIG. 15 illustrates an embodiment of the integrated shortfiong
term CF modeling enhancer module 1212 in further detail. The modeling enhancer
module 1212 implements a paralled fong-term and shorf-term model learning
processes with respect fo the model parameters of the CF model executed by the
CF modeling unit 1202, In particular, the long-term model learning process is
execuled via the long-lerm error-based model parameter optimizer 9500 that
receives input of long-term user activity log data from the long-term user activity
buffering unit 1502. The long-term model learning process entails a comprehensive
Process ocourring several times a day, such as every six howrs. The error-based
model parameter optimizer 1500 uses user-page (story) interactions accumulated
over the long-term user aclivity log period (e.g., six hoursy and executes a
collaborative filtering algorithm via a paraliel computing technique to re-train the CF
model in the modeler 1202, In an embodiment the error-based model parameter
oplimizer 1500 employs Mean Square Error (MSE) minimization to adjust all CF
modeling parameters after each long-term leaming cycle, as further discussed below.



WO 2014/143018 PCT/US2013/032385

36

[0G1433 The short-term based model parameter adiuster 1504 receives
input of the short term user activity fog data 1218 from the short term user activity
buffering unit 1506 and executes an on-going short-term model learing process
occurring every few minutes, for example. The short-term model learming process
uses user-page (e.q., story or other content) interactions accumulated over the short-
term user activity log period, such as five minutes, to perform an incremeantal update
of values of those model parameters (e.g., at least some bias and/or LFV veclor
parameters values} that comrespond to the change in the user activily vectors
received during the carresponding short-term pesiod.

[00144] The integrated CF model parameter modifier unit 1508 receives
the adjusted CF modeling parameter information from the error-based modsl
parameter optimizer 1500 and short term based model parameter adjuster 1504 and
forwards the adjusted CF modeling parameters to the CF modeling unit 1202, Inan
embodiment, each of the short-term and long-term user activity buffering units 1502,
1508 is controlied via a corresponding timer 1510, 1512, In a further embodiment,
the fimers 1510, 1512 and the buffering units 1502, 1508 are dynamically controlled
via corresponding adjuster modules 1514, 1516, for instance based on feedback
from the long-term error-based model parameter adjuster 1500 andfor short term
based model parameter adjuster 1504,

[0G145] An embodiment of the fong-term and shori-term model leaming
processes is described below in further detail.

[CG1463 Long-term leaming

[001473 Each learning phase covers a period of 51 8% (e.g., 8 hours)
and occurs every T hours {e.g., 8 hours)

(00148} Included entities

[00149] All “active” users that made af least %" ratings during &

[CO150] All "popular” pages that has at least af ratings during T

[001513 For consistency, we may use a simple algorithen that alternately
throws inactive users and unpopular pages untii convergence {7)

[00152] Event splitt we split the surviving interactions {both, real and
inferred) into two sets

[Q0153] Training set ¥ 80% of all interactions, used for training the
maodel
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[0G1543 Validation set . 20% of all interactions, used o evaluate the
new maode! and optimize the meta parameters
[00155] The split may be done according o

[00156] Timeline

[06157} Sampling process {TBD)

[Q0158] Optimization: We seek to minimize the estimated scores mean
squared error (MSE) over the training set

[00159) &

[Q0160] Qther objectives, such as log likelihood maximization or mean

absolute error (MAE), may be considered as well
[00161] Reguiarization: We use Tichonov quadratic regularization with

parameter £ | to reduce overfitting of the model to the training set

v!x;\uﬂ?
[0G162] Add Sex 2 1o the original error expression
[GG183] Where %z s the number of interactions £ s involved with
[0G164] Boosting: To boost recent interactions we may assign

multiplicative weights to the sumimands of the original error expression a-la.

[00185]

[00166] where ¥ is the $¥ training interaction time, and % is the
beginning time of the current fong-lerm learning process

[(01673 FParallel implementation: Due to the sheer complexity of the
problem (hundreds millions of users and fens of thousands of pages) a grid
implementation of the long-term leaming process is required. Since stochastic
gradient decent (SGD) is not applicable for grid implementation other algonthms are
considered

[00168] Alternating Least Square {ALS) a-la.

[G168] Block gradient decent (BGD} Unlke 8GD, where every
parameter is updated for every relevant training event, applying BGD, every
parameter is updated once for all relevant fraining events at every sweep

[0G1703 Generate an intermediate model using estimated scores and

arrors, calculated using the current model. Hence, for each model parameter # 3§
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%

[G81723 Yhere % is the leamning rate
[00173] Truncate ali parameters to B3l mitigating the chance of

pumearical instabilities

g

[00174]  Update the learning rate, e.g., ™ ¥x

[00175] where X is the sweep number, and % i the initial training rate
meta parameter which may be optimized {TBD)

[60176] Replace the current model with the new model for the next
sweep

[CO177 Repest all steps until the stopping criteria is fuifilled

]
[00178) Predetermined number of sweeps VMg
(00179} Cross validation MSE is small enough
(001803

consecutive tong-term learning processes we may use the following:

Model smoothing: to smooth the evolving models between two

[00181]} Use the current modet as initial values of the new model
[©01823 Train an intermediate new model Suse | than exponential smooth
gach parameter Fos o ¥m to generate the new mode! s

[00183] Fon ® 80 BLL =W, v v S04

[00184] The inler model smoothing meta parameier ¥ , may be
optimized (TBDY

[00185] Combine the previous two methods

[(5186] As an alternative to the exponential smoothing we may use

Kalman filter 1o smooth the modsl parameters

[00187] Short-term leaming

[00188] Each learning phase covers period of ¥z minutes (e.g., 60
minutes) and occur every e minutes (e.q., § minutes)

[00189] The inferactions are aggregated and scores are cailculated

[os1ed] Update all LFVs of pages that were viewsed during ¥ using the
LFVs of their viewers a-la.

G - g pag

Ay

AT
[00191] S
[001923 Where &% is page ! number of interactions during T
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[00193] ¥s is the LFV resulling from the last long-term learning process

[(30194] For new stories set §: ® % (addressing new stories cold-start
issug)

[00195] Update all LFVs of users that were active during 7= using the

LFVs of stories they viewed a-la.

[00196]

[G0197] Where & s user ¢ number of interactions during ¥

[001e8] 2: is the LFV resulting from the last long-term leaming process
[0G198] For new users set §; ¥ {addressing new users cold-start issue)
[052001 As an alternate embodiment of implementing a shortierm

learning procedure, a decay is employed in place of moving a window, Accordingly,
the users’ LFVs may be updated for the n+1 short term learning period as follows
. X

Flee ® 50 s 0 W= BT (- b 2wy
[00201] YRR
[002023 in an embodiment, LFVs resulting from the shori-term leaming

procedures are not used as the starting point of the next long-term learning
procedure,

[00203] FIG. 16 depicts an embodiment of a method for adjusting model
parameters. In steps 16800-1802, the respecltive modules of the CF system 1200
described above receive and buffer long-term and shori-term user activity data, In
steps 1604, 16086, the CF system 1200 performs parallel long-term error-based {e.g.,
MSE based) model re-training and short-term model parameter adjustment. As a
resulf, the system 1200 adjusis model parameters, such as in accordance with
respective short-ferm and long-term model leaming cycles, step 1608, Next, the
adjusted modeling parameters are forwarded to the CF modeling unit 1202 for
determining the user-content affiliations, steps 1610-1812. In siep 1814, the user-
content affiliations are stored in a user/content database. Additionally, in connection
with short-term parameler adjusiment and long-term mode! re-fraining steps 1604,
1608, the system 1200 determines whether the respective short or long-term buffer
lengths need to be adjusted, for instance when the previous adjustment resulted in a
parameter change above or below a predetermined numerical threshold, steps 1616-

1618. If buffer length adjustment is needed, the respective buffers are adjusted,
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steps 1620, 1622. Otherwise, respective short-term and long-term buffering of user
activity data continues at current buffer lengths.

[00204] FIG. 17 depicts an embodiment of a shorf-term and long-term
model learning cycles implemented by the integrated short/long term CF modeling
enhancer unit 1212,  As shown in FiG. 17, each leaming cycle " includes a long-
term leaming cycle 1700 running in paraliel with a plurality of short-term leaming
cycles 1710, Each of the shorf<term leaming cycles is based on the inpul of small
chunks of user activily log data, such as the short term user activity log 1216
buffered in five minue intervals {labeled as "ABF 5 min® in FIG. 17) by the shori-term
user activity buffering unit 1506. The incoming user activity data is also buffered by
the long-term user activity buffering unit 1502 for the duration of the long term user
activity log 1214 prior to being applied as in input 1740 to the next fong term leaming
cycle 1720 “n+1"  As further shown in FiG. 17, the last retrained model {with
corresponding adjusted paramsters) output during the previous long-term learing
gyclte “‘n” 1700 is used as an input 1730 to the next short term training cycle 1710,
Thus, after each long-term learning cycle 1700 during which long-term modsl
learning, including retraining of all model parameters for example, {akes place, the
refrained mode! is applied as an input to the naxt in segquence shori-term leaming
cycle 1710 that updates the model parameters corresponding to the incoming user
activity without full model refraining or MSE minimization. Since the shortterm
leaming cycle is brief in duration and does not involve retraining all model
parameiers via MSE minimization or the like, the short-term model updating takes
mintmal computing resources and may be run in paraliel with a more computation-
intensive long-term meodel leaming cycle. The parallel long-term and short-term
model leaming described above has a further advantage of helping to solve a “cold
start” problem for new models andior new content personalization systems that do
not initially have the user activity dala at the beginning of operation. For instance, in
such scenarios, the short-term learning cycle begins to quickly adjust at least some
of the model parameters while the long-term leaming cycle is being executed. This
further helps to increase the speed of the model parameter learning process. inan
embodiment, the above setup allows updating the suggested content served to the
user without the need o wait for a full long-term model leaming cycle © be
completed, for example.
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[06205] FIG. 18 Hlustrates an embodiment of a CF modeling unit 1800
implementing a distributed architecture for asynchronous fault-tolerant matyix
factorization utitizing asymmetric input datasets. In particular, FIG. 18 fllustrates an
ambodiment of using a map-reduce (MP} framework for fault-tolerant parallel
implementation of Batch Gradient Descent (BGD) type CF mode! parameter learning
apparatus with increased processing efficiency and asynchronous input-output {1/}
characteristics, as further discussed below.

[0G2063 In general, Collaborating filtering (CF} has proved ifself
innumerous settings to be key technology for content recommendation systems
{RecSys). One of the popular approaches of CF RecSys is the matrix factorization
{MF} approach. In its basic form, CF-MF model entiies {(user and item) are
presented by vectors of K latent features (usually 10<=K<=100). Typically, the
number of users by far exceeds the number of items. The set of vectors {i.e., the
model) is learned by minimization of a loss funclion defined for train events (user-
e interactions such as clicks or ratings) and their corresponding estimated values
derived by the relevant model vectars (e.g., squared error between the ratings and
their estimations given by a dot product between the relevant user and item vectors).

[60207] in a standard non-paraliel computing environment, the leaming
process is fypically done by an derative stochastic gradient decent algorithm (5GD).
In the standard setting, the SGD computation paradigm requires incrementally
updating the user and item vectors with gradient increments for each user-item
interaction record. in order for the process to converge, the algorithm scans the
enfire input {user-item inferaction set, S muitiple times, until the changes fo the
model become small enough.

[00208] However, in a large-scale setting, running SGD on a single
machine is infeasible, since # 5 impossible {0 lbad the user and item models in the
RAM of a single machine. The option of updating a remote (scalable) database upon
gach processed record is also unaltractive, since it entaills a massive amount of
direct-access /O, in this context, SGD can be approximated by balch gradient
descent (BGD). The algarithm breaks the computation into a series of small batches
of user-item interactions. The user and item models are frozen throughout the batch.
The compuiation aggregates the (cumulative) increment, and applies it to the model
at the end of the batch. {Thus, SGD can be viewed as an exireme case of BGD with
the hatch size of 1}
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[0G2083 Far very large datasets, it is attractive to run BGD in parallel on
multiple machines. Popular data processing computing platforms ltke map-reduce
{MR) or Spark can be adapted for this process. For example, MR allows parailel
processing of mulliple partitions of the original dataset (map), followed by
aggregation of the partial cumulative gradients (reduce). in this context, every input
partition is a BGD split, and multiple splits are processed indepandently, based on
the user (U} and item (1) models. Therefore, one complete scan of the entire input
stands for a single Heratlion of the matrix factorization (MF) learning algorithm.

[002103 However, a straightforward implemendation on top of MR {one
job per iteration) entails a large performance overhead, for three reasons: {1} the
intermediate results of each job are written to a distributed filesystem, in muitiple
replicas and {2} the management overhead of a map-reduce job execution, and {3}
the job's compiletion is driven by the slowest task. The execution can be optimized
on & distributed machine-learning-oriented platform {e.g., Spark) that (1) spreads the
intermediate results in RAM across multiple machines, and (2) performs all
computation in a single job. However, this solution is sHll subject to slow-task
bottlenecks, since it synchronizes all the tasks at the end of each #teration. This
synchronization is not required for proper functionality.

[06211} Embodiments of system and methods described herein provide
BGD computation on the MR infrastructure, which reduces the execution latency by
orders of magnitude. The algorithm described below exploits the MR framework as a
corfainer for reliable distributed execution. It embeds the iterative computation into a
single MR job, thus awoiding the overhead described above. The iterated gradient
aggregation and write-back happen in the mapper code, and there is no
synchronization among the multiple tasks.

(02123 We sxploit the fact that the number of users significantly
exceeds fhe number of items {{U|>={i]}. Therefore, we oplimize the processing by
partitioning the interaction set 8 by user id, such that multiple mappers access non-
overtapping partiions of U, and share the access o [ The present teaching’s core
advantage is therefore O-efficient isolated update of U combined with inexpensive
shared update if |

[G0213] To avoid excessive /0, the write-back to U {private storage) is
deferred to the end of the {ask, whereas the write-back {01 (shared storage) happens

asynchronously {not necessarily on iteration boundary).
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[0G2143 The described embodiments inherit the faulttclerance built into
the MR platform, and exploit the context provided by the infrastructure to overcome
the transient failures.

[00215] Data Layout

[00216} An embodiment of the present teaching maintains a model for a
universe of usars (U} and a universe of tems (). itis assumed that [U] >= |

[Q0217} Both U and | are a set of latent vectors of the same dimension,
one for each user and for each item.

[0G218} U is implemented as sequential file, partitioned by user id.

(00219} I is implemented as shared-access key-value store, keyed by
item id.

[00220% The following embodiments receive as input an interaction set S

— a set of <u,i> pairs, sach capluring the event of user u consuming tem . S is
implemented as partitioned sequential file.

[00221} For clarity of presentation, we start with presenting the failure-
free case.

[00222} Preprocessing: Joins U and §, over the user id key, in a MR job.
Co-partition the resuilt set {denoted SxU) with U,

[00223] The main MR job has no reduce tasks.

[00224] A single mapper task { scans one pariition of SxU {(task’s spiit}
and the whole | {shared file}. It stores the scanned data in its focal RAM . in an
ambodiment, the data structures are as follows:

[00225] Read-write

[00226] U's partition, Ut

[60227] Ps increment, Alt
[(0228] Read-only

[06228] SxUs partiton, SxUt
[00230] {'s replica, |

[00231] The task locally performs the BGD iteraBions unti the termination
conglition is satisfied. No communication with the other tasks happens. Upon
convergence, the mapper writes back Ut

[(0232] Periodically {and asynchronously from the other tasks), the
mapper applies Al fo | such as through an atomic increment Application

Programming interface {APl) which is present in multiple NoSQL databases. After
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the increment, it re-scans |, to synchronize with the other task’s modifications. The
final increment happens upon the task’s completion.

[00233] As shown in FIG. 18, the user set U is partitioned into multiple
sets U1, U2, UG, and so on. The mapper units 1802-1806 execuie an embodiment
of a BGD in parallel on respective mulliple machines or processors. Each mapper
unit receives a partitioned set of user (U} - content item {1} interactions 1808-1812
and asynchronously estimates CF model parameters for the item | and one or more
users in respective user sets U1, U2, U3

[002343 in an embodiment, the input t0 each mapper unit is user-item
interaction data partitioned for each sel of users. For example, mapper unit 1802
receives input of user-item interactions for a set of users U1, The user-item
interaction data includes vectors indicating chick activity of users accessing certain
#tems of content. Each mapper unit {e.g., a particular machine or processorn)
asynchronously executes a BGD algorithm only for a corresponding subset of users
{e.g., users U1 in case of mapper unit 1802}, The mapper units 1802-1806 generate
separate latent model parameters for users U and Hems {. Each user and gach item
is modeled by a latent vector. Thus, each mapper unit has two outputs: (1) the latent
vectors 1814a, 1814b, or 1814c of the users in the respective partition; {2) the
contribution Al 1816a, 1818b, or 1816¢c (e.g., an item vector model parameter
change) o the shared item model “1” 1818 The contribution Al 1814 to the shared
item model | 1818 is applied o mode! multiple times, asynchronously, during the
task’s execution.

[002353 in an embodiment, each mapper unit 1802-1808 asynchronously
writes to its respective user dala repository 1822-1824 after it is finished modeling all
tem-user pairs for its respective set of users. Thus, in the foregoing embodiment,
the mapper units 1802-1806(a} update the local user model (a matnx Ut, which is
writien back upon the task’s completion), and {b) update the shared #tem model {also
a matrix, |, to is periodically added an increment Alt). After the update, the task re-
scans | o its local cache. The advantage of updating | and re-scanning it
asynchranously is synchronizing with the partial computation resulis in the other
tasks. This accelerates the model convergence. In an embodiment, the foregoing
asynchronous functionality replaces direct message exchange among the tasks and
results i a computational performance boost in the context of using the BGD

algorithm for CF model parameter learning.
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[002363 in a further embodiment, the mapper units 1802-1806 provide
fault tolerant task execution when a given mapper unit fails by re-running the BGD
model parameter learning algorithm. In particular, the replacement mapper unit
starts updating the model starting from the step at which the failure has happened.
This can be achieved by checkpointing the minimal task state in the database, such
as by storing the number of imes that the | database was updated. Then, the backup
task skips these first updates, and proceeds regularly from that point.

[00237] FIG. 19 #ustrates an embodiment of parallel computing and
asynchronous inpud-ocutput (Y0} of model vector updates associated with the above
embodiment. As Hlustrated in FIG. 18, the mapper unit 1802 performs a CF model
parameter learning computation 1800 (e.g., based on a BGD aigorithm), while
mapper unit 1804 scans the user-item inferaction data at a shared file system and
scans the shared key-vaiue (KV} store/database | 1818 for the latest Hems model
parameters. At the end of ifs compuiation block 1800, the first mapper unit 1802
increments the shared | database 1818 with an incremental change in items model
parameters Al1, and re-reads | into its locat cache. This compute-update-read block
can repeat multiple imes. At this time, the second mapper unit 1804 is continuing its
computation block 1904, Each mapper unit writes the updated user model vector
parameters U at task completion, such as when a given mapper unit is done
modeling all Herm-user pairs in its set of users. In an embodiment, the updated item
{e.g., page) and user model parameters are input to the CF modeling unit 1202 (FIG.
12}

[0G238} FiG. 20 depicts a general computer architecture on which the
present teaching can be implemented and has a functional block diagram illustration
of a computer hardware platform which includes user interface elements. The
compider may be a general purpose compitter or a special purpose computer. This
computer 2000 can be used to implement any components of the user
understanding unit 155, collaborative filtering modeling unit 1202, mapper units
1802-1806, as well as any other unit or module described herein, including via
hardware, software program, firmware, or a combination thereof. Although only one
such computer is shown, for convenience, the computer functions relating to ad
modality selection may be implemented in a distributed fashion on a number of
similar platforms, {o distribute the processing load.
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[00238] The computer 2000, for example, includes COM poris 2050
connected fo and from a network connected thereto o facilitate data
communications. The computer 2000 also includes a central processing unit (CPU)Y
2020, in the form of one or more processors, for executing program instructions. The
exemplary compuder platform includes an internal communication bus 2010, program
storage and data storage of different forms, .¢.. disk 2070, read only memory (ROM)
2030, or random access memory (RAM) 2040, for various data files fo be processed
andfor communicated by the computer, as well as possibly program instructions to
be executed by the CPU. The computer 2000 also includes an /O component 2080,
supporting input/ouiput flows between the computer and other components therein
such as user interface elements 2080,  The computer 2000 may also receive
programming and data via network communications.

[00240] Hence, at least some aspecis of the methods of the methods
described herein may be embodied in programming. Program aspecis of the
technology may be thought of as “products” or “articles of manufacture” typically in
the form of executable code and/or associated data that is carried on, embodied in,
or physically stored on a type of machine readable medium. Tangible non-transitory
"storage” lype media include any or all of the memory or other storage for the
computers, processors or the like, or asscciated modules thereof, such as various
semiconductor memories, tape drives, disk drives and the like, which may provide
storage af any time for the software programming.

[00241] All or partions of the software may at imes be commumnicated
through a network such as the intermnet or various other telecommunication networks.
Such communications, for example, may enable loading of the software from one
computer or processor into another. Thus, another type of media that may bear the
software elements incudes optical, slectrical and electromagnetic waves, such as
used across physical interfaces between local devices, through wired and optical
landline networks and over various air-links. The physical elements that carry such
waves, such as wired or wireless links, optical links or the like, also may be
considered as media bearing the soffware. As used herein, unless restricted to
tangible “siorage” media, terms such as computer or machine “readable medium”
refer to any medium that paricipates in providing instructions to a processor for
gxecition.
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[002423 Hence, a machine readable medium may take many forms,
including but not limited to, a tangible siorage medium, a carrier wave medium or
physical transmission medium. Non-volatile storage media include, for example,
optical or magnetic disks, such as any of the storage devices in any computer{s) or
the like, which may be used to implement the system or any of its components as
shown in the drawings. Volatile storage media include dynamic memory, such as a
main memaory of such a computer platform. Tangible transmission media include
coaxial cables; copper wire and fiber optics, including the wires that form a bus
within a computer system. Carrier-wave transmission media can take the form of
electric or electromagnetic signals, or acousfic or light waves such as those
generated during radio frequency (RF) and infrared (IR) data communications.
Common forms of computer-readable media therefore include for example: a floppy
disk, a flexgble disk, hard disk, magnetic taps, any other magnetic medium, a CbD-
ROM, DVD or DVD-ROM, any other optical medium, punch cards paper {ape, any
other physical storage medium with patterns of holes, a RAM, a PROM and EPROM,
a FLASH-EPROM, any other memory chip or cartridge, a carrier wave transporting
data or instructions, cables or links transporting such a camier wave, or any other
medium from which a computer can read programming code and/or data. Many of
these forms of computer readable media may be involved in carrying ong or more
seguenceas of one of more instructions to a processor for execution.

[00243] Those skilled in the art will recognize that the present teachings
are amenable to a variety of modifications and/or enhancements. For example,
although the implementation of various components described above may be
embodied in a hardware device, i can also be implemented as a software only
solution—e.g., an installation on an existing server.  In addition, the ad modality
selection server and s components as disclosed herain ¢an be implemented as a
firmware, firmware/software combination, firmware/hardware combingtion, or a
hardware/firmware/software combination.

[00244] While the foregoing has described what are considered to he the
best mode and/or other examples, it is understood that various modifications may be
made therein and that the subject matter disclosed herein may be implemented in
various forms and examples, and that the teachings may be applied in numerous
applications, only some of which have been described herein. i is intended by the
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following claims to claim any and all applications, modifications and variations that
fali within the true scope of the present teachings.



WO 2014/143018 PCT/US2013/032385
44

WE CLAIM:

1. A method implemented on a computing device having at least one processor, a
storage, and a communication platform for estimating model parameters, comprising:

receiving a data set related to a plurality of users and associated content;

partitioning the data set into a plurality of sub data sets in accordance with the
ysers so that data associated with each user are not partitioned inte more than one
sub data set,

storing each of the sub data sets in a separate one of a plurality of user data
storages, each of said data storages being coupled with @ separate one of a plurality
of estimators;

storing content associated with the plurality of users in a content storage,
where the content storage is coupled to the plurality of estimators so that the content
in the content storage is shared by the estimators;

estimating, asynchronously by each estimator, one or more paramsters
associated with a model based on data from one of the sub data sels.

2. A system for estimating model parameters, comprising;

a modeling unit configured o receive a data set related to a plurality of users
and associated content and partition the data setinfo a plurality of sub data sets in
accordance with the users so that data associated with each user are not partitioned
into more than one sub data se;

a first one of a plurality of data storages configurad to store each of the sub
data sets, each of said data storages being coupled with a separate one of a plurality
of estimators;

a content storage configured to store content associated with the plurality of
users, where the content storage is coupled to the plurality of estimators so that the
corertt in the content storage is shared by the estimators;

wherein each estimator is configure to asynchronously estimate one or more
parameters associated with a model based on data from one of the sub data sets.
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3. A non-transitory computer readable medium having recorded thereon information
for estimating model parameters, wherein the information, when read by a computer,
causes the computer 1o perform the steps of:

receiving a data set related to a plurality of users and associated content;

partitioning the data set into a plurality of sub data sets in accordance with the
users so that data associated with each user are not partitioned into more than one
sub data set;

storing each of the sub data sels in a separate one of a plurality of user data
storages, each of sald data storages being coupled with a separate one of a plurality
of estimators;

storing content associated with the plurality of users in a content storage,
where the content storage is coupled o the plurality of estimators so that the content
in the content storage is shared by the estimators;

estimating, asynchronously by each estimator, one or more parametsrs

associated with a model based on data from one of the sub data sets.
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