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ONLINE ASSET RECOMMENDATION SYSTEM

TECHNICAL FIELD

[0001]  The present disclosure generally relates to the automatic selection of multimedia

content.

BACKGROUND

[0002]  The approaches described in this section are approaches that could be pursued, but
not necessarily approaches that have been previously conceived or pursued. Therefore, unless
otherwise indicated, it should not be assumed that any of the approaches described in this
section qualify as prior art merely by virtue of their inclusion in this section.

[0003] Content suggestion systems traditionally select content based on a relationship to
a user’s preferences or a relationship to parameters of a search query. Recommendation
engines use keyword or tags in order to select content that match a patticular content selected
by auser. These systems have a singular function that is focused on presenting a set of
content that is similar in type, e.g., video, to the content being accessed by the user. Further,
these systems typically present the suggested content to the user in a list format. Content
providers lack a mechanism for getting assets from their mixed-multimedia asset libraries in
front of users and to present the mixed-multimedia assets to users in meaningful and

engaging ways.

BRIEF DESCRIPTION OF THE DRAWINGS

[0004]  Inthe drawings:

[0005] FIG. 1 illustrates an example cycle of assets presentation, selection, delivery, and
consumption according to an embodiment of the invention;

[0006] FIG. 2 illustrates an example ordered set of recommended assets, according to an

embodiment of the invention;
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[0007]  FIG. 3 illustrates a recommendation system information flow block diagram,
accarding to an embodiment of the invention;

[0008]  FIG. 4 illustrates an example block diagram of an information transformation
system, according to an embodiment of the invention;

[0009]  FIG. 5illustrates an example presentation user interface, according to an
embodiment of the invention;

[0010]  FIG, 6illustrates an example revised ordered set of recommended assets,
according to an embodiment of the invention;

[0011]  FIG. 7 illustrates an example of pairwise comparison of assets, according to an
embodiment of the invention;

[0012]  FIG. 8 illustrates an example of feature values for three assets according to an
embodiment of the invention;

[0013] FIG. 9 illustrates an example of the absolute value of differences of assets for
feature 1 of the example data, according to an embodiment of the invention;

[0014] FIG. 10 illustrates an example of the absolute value of differences of assets for
feature 2 of the example data, according to an embodiment of the invention;

[0015] FIG, 11 illustrates an example of the absolute value of differences of assets for
feature 3 of the example data, according to an embodiment of the invention;

[0016]  FIG. 12 illustrates an example of the weighted composite differences of assets for
feature 1,2,3 of the example data, according to an embodiment of the invention;

[0017]  FIG. 13 illustrates an example of the weighted asset-to-asset similarities of each
pair of assets in the example data, according to an embodiment of the invention,

[0018]  FIG. 14 illustrates the process by which the user-to-asset similarities of each pair
of assets are computed, according to an embodiment of the invention;

[0019]  FIG. 15 illustrates an example of the assignment of users to groups, according to
an embodiment of the invention;

[0020]  FIG. 16 illustrates an example of groups members historical engagement
behavior, according to an embodiment of the invention;

[0021] FIG. 17 illustrates an example of the user-to-user similarity for user U1-U6 in the
example, according to an embodiment of the invention;

[0022] FIG. 18 illustrates an example of the user-to-user similarity for user U1-U6 in the
example, according to an embodiment of the invention;

[0023]  FIG. 19 illustrates an example graph of temporal discount functions, according to

an embodiment of the invention;

'
]
'
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[0024]  TIG. 20 illustrates an example of how the user-to-user similarity may be affected
by the temporal weighting, according to an embodiment of the invention;

[0025]  TIG. 21 illustrates an example recommendations graph, according to an
embodiment of the invention;

[0026]  FIG. 22 illustrates an example recommendations graph, according to an
embodiment of the invention;

[0027]  FIG, 23 illustrates an example differential asset value-based recommendations
graph, according to an embodiment of the invention;

[0028]  FIG. 24 illustrates how a single APM may perform various functions from a fixed
point in space, according to an embodiment of the invention;

[0029]  FIG. 25 illustrates an example prescriptive mode graph solution set, according to
an embodiment of the invention;

[0030]  TIG. 26 illustrates an example rearrangement of assets, according to an
embodiment of the invention;

[0031]  FIG. 27 illustrates an example keyword normalization graph, according to an
embodiment of the invention;

[0032]  FIG. 28 illustrates an example mapping an unknown keyword graph, according to
an embodiment of the invention;

[0033]  FIG. 29 illustrates an example keyword multiplier diagram, according to an
embodiment of the invention;

[0034]  FIG. 30 illustrates an example keyword dissimilarity computation, according to an
embodiment of the invention;

[0035]  FIGs. 31A-C illustrate an example of several variants of continuous play of an
interactive display, according to an embodiment of the invention;

[0036]  FIG. 32 illustrates an example screen capture of an interactive display, according
to an embodiment of the invention;

[0037]  FIG. 33 illustrates an example iterative partitioning block diagram, according to
an embodiment of the invention;

[0038]  FIG. 34 illustrates an screen capture of an example partitioning, according to an
embodiment of the invention;

[0039]  FIG. 35 illustrates an example density functions graph, according to an
embodiment of the invention; and

[0040]  FIG. 36 illustrates a computer system upon which an embodiment may be

implemented.
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DETAILED DESCRIPTION

[0041]  In the following description, for the purposes of explanation, numerous specific
details are set forth in order to provide a thorough understanding of the present invention. It
will be apparent, however, that the present invention may be practiced without these specific
details. In other instances, well-known structures and devices are shown in block diagram
form in order to avoid unnecessarily obscuring the present invention.
[0042]  Embodiments are described herein according to the following outline:

1.0.  General Overview

2.0.  Leveraging Observable Information to Shape Recommendations

3.0.  The Asset Portfolio Manager as a Single Actor

4.0,  Affiliations

5.0.  Methodology

6.0.  Unconstrained Recommendations

7.0.  Improving Recommendations Based on Affiliations

8.0.  Continuous Play Video Recommendations

9.0.  Asset Portfolio Manager Interaction with Continuous Play Video

Recommendations
10.0.  Affiliation-based Improvement to Continuous Play Video
Recommendations
11.0.  Group Membership Assignment
12.0.  Implementation Mechanisms—Hardware Overview

13.0. Extensions and Alternatives

1.0.  GENERAL OVERVIEW

[0043]  This overview presents a basic description of some aspects of a possible
embodiment of the present invention. It should be noted that this overview is not an
extensive or exhaustive summary of aspects of the possible embodiment. Moreover, it should
be noted that this overview is not intended to be understood as identifying any particularly
significant aspects or elements of the possible embodiment, nor as delineating any scope of
the possible embodiment in particular, nor the invention in general. This overview merely

presents some concepts that relate to the example possible embodiment in a condensed and

4-
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simplified format, and should be understood as merely a conceptual prelude to a more
detailed description of example possible embodiments that follows below.

[0044]  Disclosed herein are systems and method for selection and online presentation of a
set of assets to a user based on known similarities among assets and historical behavior
collected during user's online engagement with the selected assets. An asset may be any item
or product that can be presented or represented (e.g., an item description , photograph of a
physical item, sound file, article, blog post, advertisement, etc,) in an online environment,
An engagement may be defined as the temporal window in which the user has focused
sensory attention on the set of assets containing four components as shown in FIG. 1:

a. Online presentation is the process of physically displaying assets in electronic

form using available software and hardware and where the electronic assets
displayed may be stored remotely from the display device.

b, Selection is the process associated with a user choosing a specific asset or
assets for future consumption.

c. Delivery occurs when the asset is made available for consumptions and would
include a tangible transfer of the asset to the user or becomes consumable for
online consumption,

d. Consumption of an electronically delivered asset may be immediate and
terminates when the end of the electronic file is reached or the user terminates
the interaction with the an element of the asset set. If a tangible asset(s) needs
to be physically delivered to the user - consumption may begin upon receipt
of the asset(s) by the user and terminates when the asset no longer hold
intrinsic value.

[0045]  During an online engagement with a set of specific assets, the various actions
conducted by an individual user or plurality of users can be catalogued and leveraged to
provide an optimized list of related assets that can jointly increase the total user engagement
and maximize a business objective of the organization responsible for managing the asset
collection. An embodiment selects assets for display based on an objective of maximizing
the revenue that results from engagement (e.g., including the presentation and consumption)
of selected assets. A selection may be the process of determining which subset of assets -
selected from a portfolio of available assets - will be made available to a user(s). An
appropriate selection process is one that results in a presentation of assets that are more likely
to be consumed by the user and therefore yields some level of revenue - the resulting selected

assets can be referred to as recommended assets. Furthermore, the underlying process for

.5.
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generating recommendations may be referred to as a recommendation system and the
computer program that performs an selection of an ordered presentation of assets may be
called the tecommendation algorithm. The ordered set of recommended assets may be called
an ensemble. FIG. 2 depicts an example of an ordered set, a*, of m=3 recommended assets
that are selected from the total available portfolio of assets, a (where a* C a), for display to a
user.

[0046] Other embodiments include, without limitation, a non-transitory computer-
readable medium that includes processor-executable instructions that enable a processing unit
to implement one or more aspects of the disclosed methods as well as a system configured to

implement one or more aspects of the disclosed methods.

2.0,  LEVERAGING OBSERVABLE INFORMATION TO SHAPE
RECOMMENDATIONS
[0047]  There are opportunities to construct a recommendation engine that can be
used to help achieve higher levels of revenue by affecting the level and quality of
recommendations to users. A recommendation engine constructed for this purpose
would require several components in order to provide value to the asset portfolio
manager (APM):
1. Anunderstanding of the algorithm used to select and rank assets for display to a
user - the mechanics of the algorithm need not be disclosed as long as there
exists an optimization capability that APMs can use to explore how various

presentations would impact the resulting revenue.

2. An ability for users - in the course of their engagement - to reveal their
preferences for the various assets presented to them. The revelation of

preferences may be:
a. directly captured if usable mechanism exists for doing so, or

b. by inferences drawn from the user’s actions during historical

engagement experiences.
3. Known or inferred user affiliations that allowing grouping of users.

4. A cumulative aggregation of historical engagement data from similar users that

indicate preferred group-specific engagement with specific elements of the asset
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portfolio. The definition of “similar users” will be discussed in later sections and can
be based on various features including demographic information (e.g., age, gender,

location, etc.).

5. Rules applied by the APM to account for operational constraints, subject matter

expertise, and risk tolerance.

6. Aknown or estimated amount of supply (the inventory of assets in the portfolio,

a) and the relationships among them [asset-to-asset similarities: si(@ @) aiaj €

al.

7. The estimated viewing length of each asset and the time window for which the
user is likely to be engaged (reported directly by the user or inferred from past

behavior).

8. Anarchive of historical user behavior capturing user-to-user similarities for all

previous users, indexed by demographic and behavioral features.

9. The monetary value (both direct and indirect) associated with the user’s
engagement of each asset during the various discrete temporal window in which

the engagement is active.

10. The probability, pjtx, that any asset, ej will be consumed in time period t+k by

user yp during an engagement.

[0048]  Where revenue maximization for the manager of the asset collection is the gozl of
the optimization and where the features of the asset portfolio are measurable, a hyper-
dimensional graph theoretic-based approach may be used to exploit historical data to generate
a set of recommended assets in the portfolio for which the user secks to engage. In the graph-
based framework, revenue-generation decisions can project the probabilities of engagement
for each assets over the entire engagement window for an unlimited number of conditional
decisions that will presented in the remaining, constrained engagement time window. At
each anticipated point in the user’s decision cycle (defined as the total period in which the
user makes choices about the assets to be engaged and engages the assets.), ¢, the APM may

present recommendations based on predicted user response — these predictions would take
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into account all available information that would be available at the time of the decision prior
to the presentation, #1#-J (the decision time 7 conditioned upon knowledge available at time
period ¢-& 6>0). Since the future actions of the user (for & > 0) are not known at time #+4 (k
> (), the revenue-maximization objective is more appropriately considered an expected
revenue-maximization. The objective function for selecting recommendations to a single user

at time ¢ given an asset portfolio containing »” assets,

[0049]

a” < {an, @, ..., aw}, may then may be expressed as:

K
maximize E(Z)=vy+ Z Pjmr X f(Trj,Hk) x (Vj,z+k+ € o )
k=1 [Equation

1]
[0050]  where:
[0051]  pj. is the joint probability that asset a; will be engaged at time 7+ based on

-1
Pjuwi= |_| b5
5=1

information made available in prior periods, ¢-&(6>0), and so where §j.-5
are the individual probabilities of selection in prior periods of the same engagement At
time period k=0: pjs+x = pir=pis

[0052] vo  isthe direct, fixed revenue associated with future asset engagements i j+i

is the percentage of the asset viewing length consumed by the user in time r+k

[0053]  fimj«) is a function representing the accumulation of revenue during the
engagement and consurption of asset @;in period +k that can be uniform or represent
discrete accumulation of certain temporal thresholds that yield revenue

[0054] v s the direct revenue associated with asset g if consumed in full by the user
[0055] ¢+ is the indirect revenue associated with the asset @; based on the information
its selection and engagement add to the business analytics function.

[0056] As the quality of information in the 8=1,...,A periods may degrade as time lag
grows, a temporal degrade function can be used to devalue the relevance of each information
collected during the histarical data period. Thongh the degrade function may be selected
based on machine-learning (ML) algorithms, @ priori subject matter expertise, or other
factors, construction of the degrade function can be based on minimum allowable confidence
level that the APM may wish to achieve in order to reduce the risk of their expected revenue

predictions.
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[0057]  The computation of the joint probability p; .+« that asset aj will be chosen for
consumption at time 4k based on information made available in prior periods has four
distinct components, each representing information gained from a historical database of user
behavior for an individual user y, , the plurality of all P user who have historically engaged
recommended assets y={yy, y2,...,yp} and measurable features for each asset a; in the portfolio
of n assets;

1. Asset-to-asset: a component representing the similarity of each pair of
assets sz(ai, ;) that is independent of the user base and based only on the
assets themselves. In this type of similarity comparison, ai is the asset
currently being engaged (or the last asset consumed by the user in prior
engagements if this is the first decision step in the current engagement)
and ajis any other asset not consumed in prior engagements g€ alt)
where al are the assets consumed in prior engagementsand a®=an

alty,

2. User-to-Asset : a component representing the historical frequency in
which the distinct user selected asset gjafter consuming asset i during
engagements when aje a® for the set of users in the historical
engagement data set,

3. User-to-User: a component representing the historical frequency in which
other users next selected asset gj after consuming asset gj during
engagements when gj € a0 for the set of users in the historical
engagement data set. An important point is that the user-to-user
component includes only the historical behavior of individuals having
similar asset demographic features, affiliations and preference. If Gq is a
group containing one or more members determined to have similar
demographic features, affiliations and preferences, then every user y,
holds membership in one or more of the g=1,...Q groups (yp € G4) and the
plurality of groupsis G = {G1, G2 .., Gg}. When the number of
observations in the group is too small to base histerical inferences, the
history of large sets (perhaps those helonging to cluster of historical users
groups G’ C G sharing fewer similarities than the members of set Gq to

which the user belongs).
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4. Parameter set, 8q; a vector of inputs indicating;

¢ how the above three distinct components should be linearly
combined to determined the overall probability of

consumption pjt+ at time ¢ for user yp.

¢ set of weights, wn, indicating how much relative importance
each of the asset's structural features should have when

computing the asset-to-asset similarities.

3.0.  THE ASSET PORTFOLIO MANAGER AS A SINGLE ACTOR

[0058] In an embodiment, the entire process of generating recommendations may be
accomplished by a single actor - the "asset portfolio manager” (or "APM" ) - who, while
remaining in a fixed location, can access all data, algorithms and generate the
recommendations that are made available to user engaging the asset(s) selected from the
portfolio. The role of the APM may be filled by the owner of the collection or another party
given authorization to generate recommendations and pursue revenue acquisition on behalf of
the owner of the portfolio. FIG. 3 depicts the flow of information that is managed by the
APM and encompasses asset selection, user engagement, and the storage and leveraging of

recorded historical interactions with the recommendation algorithm and the asset portfolio,

4.0  AFFILIATIONS

[0059] During an online engagement where a recommendation system presents an
ardered list of assets available for engagement, the algorithm's output may reflect a distinct
set of assets selected to appeal to a group of users - though allowing user-specific information
to bear some influence in the selection process. An individual user may be a sole member of
a group, but it is often more computationally efficient to assign multiple users to a single
group and provide recommendations partially shaped to appeal to each member of that group
using a common set of algorithmic inputs. In a specific case, where the user-specific
behavior is no different from all other members of the same group or when there is no
historical engagement data for the user, the storage of recommendations can then be reduced
from one set for every user y, (p=1,..,P) to one set for every group Gy (g=1,....Q, Q@ <P).

After a group member starts to generate behavior that distinguishes it from the other users in

-10-
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the same group, the user-to-asset component of the probability of consumption will begin to
shape the user-specific recommendations. This is often the case in a "cold start" scenario
where an individual user initiates their first engagement session - in such cases, the user-to-
user, group specific historical behavior can be used as a substitute - the implicit assumption is
that the user preferences will be similar to others in the group for which engagement history
data does exist. FIG. 4 illustrates how the various components are combined to generate
recommendations depending on whether user-specific historical information is available to
shape the selection,

[0060]  The purpose is to improve the quality and accuracy of recommendations by
leveraging the known preferences of each group - the information known about distinct
groups of users can be better aligned with assets that are consistent with their consumption
requirements yielding an increased chance the presented assets will be selected and
consumed, When the partitioning of users into groups is performed, then the characteristics
and preferences in each group can be matched with assets that may appeal that that specific
group rather than the entire population of user. Ideally, a partitioning of the entire user
population - or further partitioning of an identified group partition - should occur only if there
the operation will have positive impact on the net result of the subsequent recommendations,
The APM - the entity responsible for managing the recommendations - will have a known
expected revenue maximization objective function, £(7) , in mind when he/she activates the
recommendation algorithm at time . An example of the value of an objective function for a
set of recommendation presented to a member of an individual group, G4, would be E(Z;
s(asay), vp, By) representing the asset-to-asset similarities, the group-specific user-to-user
historical behavior, the user-specific historical behavior, and the input parameters. In this
notation, R is a set of recommended assets selected from a portfolio of assets, A, that results
from X4 (a matrix of observed input data that guides the recommendations for group ¢), ®q (a
vector input parameters for group ¢), and {() is the function that transforms the input data and
parameters into a distinct metric that reflects the recommendations generated using specific
values of Xy, ®y. A reflects the known constraints. The simple point is that partitioning the
total set of users , ¥, into subsets, Gy (g=1.....Q) and presenting recommendations partially-
based on observed group-specific behavior can be performed in order to pursue a more

favorable value of the objective function.

-11-
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[0001] The challenges associated with partitioning users into distinct groups are
discussed herein and include a multi-step process which can be accomplished by a single
actor (the APM, for example), at a single location. These steps are:

[0062] 1) Partitioning Users into Non-overlapping sets: Assigning users to groups based

on observed or inferred features. This can be accomplished in three sub-steps:

e. Identifying user characteristics (more commonly called features in the
machine learning and pattern recognition fields) that are used to determine
group membership, These features may be directly observable (for example,
the user's gender, age, location, etc.) or may be inferred by analyzing the
historical behavior of users interaction with recommended assets (for example,
1) the user may only engage the recommended asset list at certain times of the
day, week or month, or ii) the user may reveal through online engagements
that he/she is only interested in particular categories of assets),

f. Identifying known groups

g. Using a classifier to assign each user to a known group based on an
examination of its features and compared with the features of other member
in each group,

[0063]  The mechanics of group assignment is detailed below,

[0064] 2) Group-Item Affiliations: Identifying meta-data in assets available to the

recommendation and that suggest that the members of a user group might prefer certain
assets possessing the appropriate characteristics.

[0065] 3) Bias Identification: A common problem in extracting preferences from a user
group is that [individuals with strong affinities for an asset or set of assets interact with a
recommendation system in a way that is subject to cognitive bias. These biases would most
commonly result from feedback given using interactive ratings that allow the user to assign a
score to assets presented and/or consumed such as a multi-star rating system (for example,
rate the asset based on a scale of 1-to-5 stars) or a "like" or "dislike" button. Bias
identification allows the recommendation algorithm to isolate biased feedback (for example,
the user gives stronger ratings to a asset having a brand to which they are loyal or the user
rates based on the quality of the delivery of the asset rather than the asset itself).

[0066] 1. Display Constraints

[0067] A set of recommended assets selected to achieve the APM's revenue maximization
objective might include as many assets as desired and the ability to present any asset type.

However, the physical display hardware and saftware may have limitations that allow only a

-12-
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certain number of assets and/or asset types (e.g. electronic files that require an embedded
software that allows it to be consumed) and may have a specified template or layout designt
that restricts the physical space available for presentation. FIG. 5 illustrates an example
restricted layout for presentation of electronic videos - for a specified asset 4;, the layout
requires that it be displayed in a main window, and »n'-7 (limited by the display area) related
assets {aiD, a/? , af®" ..., 4"V} are presented in a sidebar. Note that there are a total of n'
displayed assets; the initial "anchor" asset, ¢; and the n'’-! related assets,

[0068] If & is a sct of available file types that may be presented in the display given the
hardware and software limitation of the display at time ¢, the set of display contraints is ;
[0069] o= {n'" x,).

[0070] 2. User Constraints

[0071] During an online engagement where a recommendation system presents an
ordered list of assets available for consumption, user y» (p=1,....P) is may have a finitc
tolerance for engagement and may have indicated (directly or through inferred historical
actions) that certain assets should not be included in the recommendation set. The two types

of user constraints are, therefore;

o the time available for the user to remain engaged (during presentation
and consumption of assets);
Ty  is the engagement length of asset gj
T  isthe total available engagement time for the user take over all

selected assets.
o the finitelist of assets available for presentation;

a®® s the set of partfolio assets available for selection at time

t+k among n assets in the overall portfolio a

the overall set of user constraints for user yp (p=1,..., P) is then;

Ap={nT at" ).
[0072] 3. Asset Portfolio Manager Constraints
[0073]  During an online engagement where a recommendation system presents an
ardered list of assets available for engagement, the algorithm may initially fail to reflect the
unique business environment in which the APM operation and the manager’s subject matter

expertise, may not reflect the risk tolerance acceptable the portfolio manager, or may fail to

-13-
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allow temporary deviations from the algorithm’s optimization processes given the value of
the input parameters that control the flow machine-driven decision-making. The ability to
allow an APM to directly modify the output of a recommendation engine to reflect known
business rules, subject matter expertise, and risk tolerance levels is a core capability allowed
by this application. The asset portfolio need not have any understanding of how the
recommendation system algorithms work, only that they have the ability — through a simple
interface — to influence the outcomes of the recommendation to ensure they reflect known
information not inferred by the engine, take into account the risk aversion preference held by

the portfolio manager, and comply with known operational constraints.

a. The APM has subject matter expertise that he/she believes to be more
accurate than those used in the default application of the algorithm

b. As many search algorithms used to optimize input parameters in a
machine-driven method are computationally expensive, the portfolio
manager may accelerate the convergence by populating with initial values
that reflect his/her knowledge

¢. Certain recommendation solutions may be disallowed by the business
environment such as the rule that no more than n assets be shown or that
certain assets may not be displayed to some users (for example, some
assets are prohibited by law far sale in certain jurisdictions)

d. The portfolio manager may decide to force the inclusion of certain assets
even if the final objective is not optimized in an unrestricted sense - rather
the recommendation algorithm will be forces to search for the optimal
solution given the applied constraint (e.g. the inclusion of an individual or
set of assets)

e. The portfolio manager wished to apply a specificlevel of risk tolerance. For
example, it can constrain the list of recommendations to yield an expected
revenue of $x with a range, given the uncertainty that the user will actually

consume the recommended assets, by +/-p%.

[0074] The constraints imposed by the APM are then;

-14-

SUBSTITUTE SHEET (RULE 26)



WO 2016/018455 PCT/US2015/000079

92} s the maximum allowable variance associated with the computed

expected revenue E:(Z) at timet.
[0075] Additionally, the APM may set some constraints that reflect their subject
matter expertise, business rules, or known operational constraints in one of the following
styles;
¢ limits - for example, select mS n' € n assets to be recommended
or select m assets having a per-unit direct revenue of at least $ x-
s cases - for example, select n' assets if the end user islocated in
administrative area U, and select m# n' assets if the end user is
located in administrative are V.
¢ linear or non-linear combinations - for example, compute the value
of set of n'recommendations by multiplying the unit revenue of
each asset, ¢;, by gor by ¢? and sum them together, Value = ¢c; #

@cz +... + gcn using a vector of cost values ¢ = {c;, ¢3,..,¢) and
multipliers ¢ = {¢1, @,... &)

¢ |nitialization: set a; to be the "anchor asset” that is the presented

In the start of an engagement, when t=1.

¢ restrictive sets - only allow recommendation solutions where the
uncertainty surrounding the computed objective functionis +/-p%
or ensure that the final recommendation set includes asset a; or
notinclude ai(a™ = a* N ai). Three examples where restrictions
may apply are:
e thereis a specific asset in the portfolio that is required to
be shown - perhaps in a particular position
o there is a ‘featured asset’ in the portfolio that is required to
be shown in the first position
® an asset may be removed from the recommendation list
because its display is prohibited by law or may be
considered offensive to the user.
FIG. 6 shows an example of how these restrictions may

affect the online presentation of the recommended items.
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¢ Permissive reordering - Allows the APM to reorder asset set

without addition, deletion, or substition of recommended assets.

* Any combinations of the above

[0076] This set of constraints used in these examples comprise the input parameter
values that can be understood by the recommendation algorithm and can be passed as
variables by the APM:

Mpv= {F(Z), mn’ x ¢, @, @i, a™}.

[0077]  Overall, the complete set of constraints may then be expressed as:

A={Ad A . Aarml}.

5.0  METHODOLOGY

[0078] In an embodiment, the methodology has seven inter-related components:
1. The mechanics of the data collection and transformation of user-to-user, user-to-asset,
asset-to-asset and other demographic and historical data used to generate probabilities
of consumption of each asset at the various particular decision points that arise during

user engagements

2. The algorithm used to select and choose the display order of asset recommendations

during user engagement.

3. Acapability to manage the risk associated with the forecasted revenue stream

associated with a single user engagement and across all user engagements.

4. An ability to leverage historical user information to increase the revenue derived from

dormant assets.

5. An ability to add various constraints to the pursuit of revenue maximization based on
inputs from the APM, the user, and the physical limitations of the display device that

is use to engage the user.

6. A method for assigning individual users to one or more groups in order to improve the

quality of recommendations
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7. A method of improving recommendations based on known affiliation of users

assigned to each group by leveraging known biases and keyword meta-data.

[0079]  Inan embodiment, under a so-called “supply-side platform™ (SSP) regime where
the agency managing the asset portfolio is granted a per-unit and/or per-engagement feed for
managing the portfolio, providing recommendations, serving advertisements, and providing
market intelligence to asset owners. This distinction is important as the display and sorting
algorithm is assumed to be based on an objective of maximizing the revenue determined by
the SSP - the asset portfolio manager may be pursuing either a maximization of revenue for
the SSP or the library owner (who also may be the same entity). Though the two values are
often highly positively correlated - the resulting recommendations may differ depending on

the entity whose revenue is being considered by the APM.

6.0. UNCONSTRAINED RECOMMENDATIONS

[0080] In an embodiment, the system generates a set of recommendations for a user, y;,
assuming that group membership ( i€ Gq) is known and that no constraints exists. A full
description of how the group assignments are made is discussed below. Display, APM, and
user consiraints are discussed below and how the presence of the constraints influences the
selection of recommended assets.

[0081] 1. Initialization of the display at time t=1, (when no engagement history exists;
d=0)

[0082] At the initial engagement, when =1, d=1 , there is a need to define an "anchor
asset" g;against which similar assets are paired and presented in the ordered list of
recommendations, The choice of the anchor asset ¢; is determined by one of the following

methods;

o. an online search for assets using a generalized search engine (e.g. Google,
Yahoo, Bing, etc. ) may lead to the user conducting the search to thee specific

asset,

B. Aninternal search on the page maintained by the APM may result in ¢; being

selected,

v. If a mechanism exists for implanting a user "cookie" on the display site

maintained by the APM, it may be able to capture a history of recent
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engagements and populate ¢; with the last asset visited in the most recent
engagement for user yp, or the most similar asset to ¢; which would maximize
expected revenue in the current engagement given that g; has already been

presented and/or consumed,

8. A'featured" asset may be set by the APM based on a desire to promote an

asset to the first position of the display,

e, Based on knowledge of the group Gy to which the user belongs, a
representative asset may be selected for a "cold start" (when no user history
€xists), or a desire to initialize all new engagements with a user based upon
his/her group membership. If a user belongs to more than one group, a
decision could be made to select, among all initial assets to be presented to
groups in which the user has membership, either the one that will maximize
the expected revenue function the one for which the probability of group
membership is largest (randomly selecting a group if ties exist).

[0083] The rule set for selecting the initial asset a;can be determined at the discretion of
the APM.

[0084] 2. The mechanics of the data collection and transformation (unconstrained)
[0085] The transformation of historical user and group data and asset similarity has
three components that may be combined and projected onto a scale over the range [0,1]
that represents the probability p;¢ that asset a; will be preferred at decision step ¢;

— ifa current engaged user is consuming asset ai following decisions step t-

1,and,

— has previously consumed (in the current engagement or past

engagements) a collection of assets al-) prior to time period &.

[0085] The computation of probability can first be performed without consideration to
the available time remaining in an engagement window, and then only those
recommendations meeting that constraint can be assigned a probability p;; = 0. The
probability has three distinct components, each representing information gained from a

historical database of past user behavior and asset features;

[0087] a) Asset-to-asset: a component representing the similarity of each pair of assets

sila, @)
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[0088] In this type of similarity comparison, a; is the asset currently being consumed (or
the last asset consumed by the user in prior engagements if this is the first decision step in the
current engagement) and g is any other asset not consumed in prior engagements g; € a®
where a® A N a™ The similarity between a pair of assets is shown in FIG. 7. reflects a
complement to a linear combination of the comparison of the k features of the pair of assets

using the Minkowski metric;

k 1
sl(uw aj)= 1- d(awaj)= 1- Z Wm,m_ xﬂnqy
=1 [Equation 2]

w,, Y2 O,i w,=1,

given that m=1
[0089] where x;,, is the m® feature of asset a;scaled lie lie in the range [0,1], wn are the
weights assigned to each feature m2=1,... .k and |xim — x.m | is the numeric representation of
difference in the values of k features between asset a; and a;, Feature values can be nominal,
ardinal, categorical, or binary and converted to a numeric scale. In the case of categorical
values, the value could be [xim — Xjm | = 0 if xim = %= and 1 otherwise. FIG. 8. illustrates an
example of three assets {a;,a;,a} and the observed k=3 features values for each asset.
[0090]  This weighted similarity structure (sometimes called a content graph where the
nodes are the assets and the arcs between them are represented by the similarities) is used as a
tool for identifying and selecting assets based on an established relationship and also provides
an objective tool to identify and select similar assets, The Minkowski metric possesses the
following properties: 1) Identity: di; = 0 2) Positivity: dij > 0, where di; =0 if x1= x5 3)
Symmetry : dij = djr; 4) Triangle Inequality: dij < dix + djx for all i,j.k.
[0091] FIG. 9, FIG. 10, and FIG. 11 show the absolute values of pairwise differences
among the three assets {ai,aj,ax} in the example data for features 1,2,3 respectively. Using an
exponent j=1 and weights of w= {w1,wz,w3} = {0.40, 0.30, 0.10} for features 1,2, and 3
respectively, then FIG, 12 shows the composite weighted values of the three features for each
pair of assets. From these values, the composite similarities for the example set of assets is

shown in FIG. 13.

[0092] The Minkowski metric shown above is symmetric, but a directed weighted content

graph could easily be substituted if there is a teason viewing asset pairs as asymmetric .
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[0093] b) User-to-Asset : a component representing the historical frequency in which
the distinct users next selected asset g;after consuming asset gi during engagements when @ €
a® for the set of users in the historical engagement data set, s2(a;, 4;).

[0094] In this case, if the pair of assets g; and g; have not be presented before to a user,
there is no directly observable computation of the user-specific similarity between assets
and g;. The goal is to use auxiliary information to infer the similarities based on the user’s
historical behavior pattern selecting other assets to engage. In this scenario, one might
consider using a comparison based on other sequential choice of assets (ar, ag) to determine a
user-specific Minkowski metric where the various weights, i, reflect the relative
importance of the individual features to the patticular user. To tune the weights for a
particular user, one may build a user-specific classifier that minimizes the misclassification

rate on various predicted sequences of historical choices made by the user, (ag, ag). To do this,

one may vary (over h=1,,, H iterations) the vector of feature weights, ¥h = { ¥4j, ¥on.. ..,

k

| D Wasl
Wi subject to the constraint that ==1 .

[0095]  Ateach iteration, /, a conditional probability flaglas) could be computed based on
a kernel-weighted density function K(1-s'(ar,ag )l Y] to predict the probability that asset agis
chosen after consuming asset ar. The predicted probabilities could then be compared to the
actual choice and the differences (6 x [1- p(ag|ar)] for all pairs (ag, af) where 6 is the
temporal weight assigned to the observed outcome) averaged over all historical choices to
compute a misclassification metric, Cy, for iteration 4. The resulting set of “optimal” weights
would then be /= y# s.t. min(Cy). The similarity for the user-to-video choice would then be,
given that ¢p.5 is the weight assigned to the historical observation based on its temporal age,

&

[Equation 3]

k
LIJ'm,h’Yz Ozz me,h= L
m=1

FIG. 14 depicts how the user-to-asset similarity is computed for an example user (denoted by

Ul) and the historical consumption for U1 following consumption of an example asset, a;. In

-20-

SUBSTITUTE SHEET (RULE 26)



WO 2016/018455 PCT/US2015/000079

FIG. 14, the historical data indicates that, after consuming asset a;, in prior engagements, the
user U1 also later consumed assets aj and ax but not asset an. Based on this historical
engagement history, it may be inferred that user U1 prefers to consume assets having feature
values similar to assets a; and ax, and has a lesser preference for assets having the feature

value of asset an.

[0096] ¢) User-to-User: a component representing the historical frequency in which
other users in the same group, Gy, as user (yp € Gq) next selected asset g; after consuming
asset ¢ during engagements when a; € a® for the set of users in the historical engagement
data set. Note that a preferred treatment would be to only consider the historical behavior of
users belonging to the same demographic group, G, as the user being evaluated. FIG 15.
illustrates an example of how 6 users (U1-U6)may be assigned to specific groups; U1, U2,
U3, U6 are assigned to group Gy while users U4 and U5 are assigned to group Gz. When the
number of observations in the demographic-specific set is too small to base inferences, the
history of large sets (perhaps those belonging to cluster of historical users G” S G sharing

fewer similarities than the members of set Gy,). The similarity in this case would be :

- [Equation 4]

[0097] Where f ‘f(a’ﬂli ’ a(r)) is the frequency of historical cases where asset ax was
chosen by members of set G, following consumption of asset a; with available assets a®, 64

0

0=1

is the probability that the user belongs to Gy (7! ), and ¢s is the weight assigned o
the historical observation based on its temporal age, 8. Note that if the set of available assets,
a® | is too small to draw inferences, a different set 8’ =a N g could be used instead. FIG.
16 illustrates an example of how the user — assigned to distinct groups — historical
engagement data (following consumption of asset a;) may be measured and, in FIG. 17, then
transformed into group-level aggregate data for example users U1-U6. FIG. 18 shows how
these aggregated data can then be used as the user-to-user similarities noting that, in the

example, even though U6 does not have any engagement history, that user U6 will have a
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user-to-user similarity corresponding the group in which the user belongs.  The selection of
temporal weights can be driven by a discount parameter, ¢ >0 as depicted in FIG. 19. Note
that, if ¢=0, the temporal weight is equivalent to the number of observations and less than the
number of observation for any @>0. The value of ¢ can be chosen during the process of
classifying the user-to-user behavior — various values can be explored during the optimization
process such that, in addition to set of feature weighs, the paired temporal degrade function
yields the smallest misclassification cost. FIG. 20 shows and example of how temporal
weighting may affect the user-to-user similarity; in this example, all observation are given a
weight of 1.0 with the exception of the Ul’s consumption of a; which is given a weight of 0.5
— hence weighted average engagement is modified to reflect the temporal weighting and

becomes 1.5/2.5 instead of 2/3 (which was the computed value prior to weighting).

[0098]  Aggregating the similarities
[D186] A composite metric would then be used as a probability

Dreek = @i [B1 x s1(a,a) + Bex s2(ai,a))] + (1- @) s3(ai, @)

where

B1:B2B3 20, f1+6,=1,0< w; <1

10161} The relatives value of i and £ (the asset-to-asset and user-1o-asset components)
can be based on the historical misclassification rates, MC(s,) ,of the two weighted similarities

using an identical training set

MC(s;)
b= MC(s,) +MC(51)"B2 =1=h
and
1
W= fl-——
0.5

{0162} and ¢.5 are the temporal weights observations in the training set used to derive

sz(ai,aj) and s(ai,a;) .
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[0183] 3. Selecting and choosing the display order of asset recommendations during
user engagement

{0164} At each anticipated point in the user’s decision cycle, £, the APM may present
recommendations based on predicted user response. An automated selection system would
allow the recommendations to be based on historical data, and an array of options could be
presented. The limit on the number of potential recommendations, #’, would be constrained
by the physical limits on the display device. For example, in FIG. 5 (shown earlier) if asset
is being consumed and =5 recommendations, &, a%...,a™, could be presented (the boxes
on the right side of the figure) that are selected based on the optimization of the objective
function using the composite probabilities, sequential choices of future assets, and known

asset values.

[0165] Graph-Based Recommended Asset Selection

|0186} At the beginning of a consumption window, asset g; is selected by the user
without the benefit of recommendations. The choice of the recommendations is then based
upon the n' assets which have the highest expected revenue values based upon the sum of
estimated probabilities, p; 4« at time r+k (k=0,...,,K) and expected percentage of viewing time,
7j: . The recommendations can be either one-step ahead (that is, recommendations of g;given
current consumption of a;) or looking forward to the entire sequence of decisions that may be
made by the user. FIG. 21 depicts a depth of K=1 step-ahead process (the term depth is used
to determine how many future decision points are being considered in the computation of the
expected revenue), In this example, asset A is being consumed and an array of additional
assets (not including A) are being considered for recommendation, In this graph-theoretic
approach, the directed arcs between A and the remainder of the unconsumed asset portfolio is
equivalent to the probabilities that each of those assets will be chosen next (in this simple
example, no additional constraints have been applied and it is assumed that the proportional
consumption window and asset values are uniform over the entire array. In this example, the
three ‘closest’ assets, {C,B,F}, are selected for recommendation noting that the “closeness’ is
equivalent to the composite similarities projected onto a [0, 1] probability scale.

[0167} Should a depth of K=2 be considered in the revenue optimization exercise, the
resulting decision process may be illustrated using FIG. 22, In this example, though asset C
would have been selected in a depth K=1 decision, the probability that an additional asset

would then be consumed after C is zero and hence no further revenue can be derived.
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However, if asset G were consumed instead, there would exist a non-zero probability that one
of the array of assets {D, I, K, E} would also be viewed (again, the arc length is proportional
to the probability of viewing based on the composite similarities). Therefore, extension of the
depth of the search may lead to asset G replacing asset C as a recommendation since it is
expected to yield a higher total revenue.

[M08]  If the assumption that the asset values are uniform is relaxed, then a depth K=2
decision may also lead to a different set of recommendations. In FIG. 23, assets are given
different values (more $= more value). In this case, the selection for recommended assets
may be {B,G,C} instead of the {B,G,F} array selected under the assumption of uniform
valug.

0169} Application of constraints

{0110}  The process for pursuit of the revenue-maximization objective has thus far been
explained in the absence of any constraints. The display, user-specific, and APM constraints
further shape the tecommendations. One or more of the constraints will nearly always exist
and so the modifications to the generation of recommendations to reflect these constraints

becomes a practical necessity. The total constraint set is then

A={A, A, Aaru}
{11} and so the constrained objective function for selecting recommendations to a
single user at time ¢ given an asset portfolio containing »’ assets, a € {as, az, ..., dx}, May

then may be expressed as:

maximize

K
Ez(Z)=V0+Z Pjwr ® f(nj,t+k) x (Vj,1+k+ ej,t+k) st A= {)\d')\oJAAPM}'
k=

Ap: Available consumption time for the user
[0112]  The allowable depth, k=1....,K, for any sequence of recommendations is limited

by the available consumption time for each asset;

=1
=3 T, 57, . s
o=1
|0113]  is the expected remaining total viewing time for the user at time ¢ and where
[0114]  mju is the percentage of the assel viewing length consumed by the user in time
t+k
{0115} 7 is the viewing length of asset g

o116} T is the total available viewing time of all selected asset.
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0117} Importantly, it should be noted that if consumption is not possible given the
online display system (i.e. when a tangible, non-electronic good requires delivery), the
engagement time is limited only to the period during which the user devotes sensory attention
to the online presentation. So, during selection of a sequence of eligible assets, the algorithm
is constrained to only consider assets with an expected viewing length given total

consumption time remaining.

al): Available assets that may considered for recommendation to the user

{0118]  Among the potential candidates for recommendation at time k <K, the eligible

recommendation array is constrained to only contain those assets that are
a) in the portfolio
b) contain the minimum of the number of assets that

¢ can be displayed given the device contraints, n' or
¢ asmaller number set by the APM, m < n/,

b) not been consumed in previous engagements, a®¥ (An asset may be re-added to the
eligible array of recommendation candidates if sufficient time has elapsed and the
asset is not destroyed during consumption, For example, an edible good could not be
recommended if it has already been consumed, but a video may be re-watched by a
user.),
¢) have not been prohibited by the APM, thereby augmenting the vector at¥ due to
business rules or other constraints on the minimum per-unit direct revenue for the
asset, k, or a linear combination of revenue set by the APM via the parameters {c,¢).
d) may require that certain assets @ * be present and perhaps in a particular
position in the display - including the anchor asset that appears first in the
display a;
e) have length that, if included in the recommendation set, will not exceed the
total available engagement time T for the user yp. This implies also that the depth
K can be restricted to avoid any presentation of assets that may only be partial
consumed due to the available consumption window T:

K
K —floor (Z T T8 T)
=1

Eguation 5

0119] (2 The revenue variance
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[0120]  Since the sequence of recommendations and their values is estimated, uncertainty
exists with each decision made by the recommendation engine. This present the opportunity
to allow for a capability to manage the risk associated with the forecasted revenue stream
associated with a single user engagement and across all user engagements, The imposition of
the variance constraint, allows the asset APM to reduce the risk associated with their
recommendations. For example, if the manager desires to limit the expected revenue
associated with a sequence of recommendations to +/- X%, then an appropriate variance
tolerance can be set that will only yield recommendations that fit within their tolerance, In
business scenarios, risk mitigation is a desirable outcome, and the proposed revenue
calculations allow in this invention allow this to be explicitly attainable. It should be noted,
however, that unusually tight bounds on the variance tolerance may significantly reduce the
total expected revenue — a classic risk vs. reward tradeoff. The estimated variance of the

revenue, , can be computed at each step of the sequence and the recommendations limited to

include only those assets which, if chosen in the expected order, will yield a value

2 2
such that (Z)s0,(Z).

[0121} Overall, the application of constraints to the recommendation process not only
yields results that are displayable and acceptable to the APM and user, but lead to more
computational efficiency. As the constraints essentially limit the number of available assets

for consideration, the computation of expected revenues is also reduced,

[0122]  Leveraging historical user information to increase the revenue from dormant

assets

[D123]  There do exist cases where there is an asset or set of assets in a portfolio that the
manager wishes to encourage consumption. For example, if there is an asset that has been in
the inventory but has witnessed little consumption, the recommendation engine might be
modified to build sequences of recommendations that are not optimal according to the
constrained revenue approach. To do this, the asset manager might simply reduce the set of
recommendations to include only those sequences that include the targeted asset for
recommendation during the consumption window. This may be sub-optimal since there may
a requirement to disqualify some recommendation sets yielding higher expected revenue in

favor of exposing the dormant asset.
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[0124]  Asset Portfolio Manager Interaction with the Recommendation Engine

[0125]  The processes associated with selection and ardering of items to be made
available for consumption in an online environment is increasingly becoming more data-
driven, The item portfolio manager has a wide range of data collection, analytical, and
optimization tools that can be used to maximize a known objective — maximizing revenue
from the sales derived from the online presentation of items. In many cases, however, there
arises a need for the APM to apply business-specific rules, subject matter expertise, and risk
mitigation into the processes used to select and display consumable items, Allowing this
information to augment the presentation of items in a largely data-driven environment can be
accomplished through a computer interface that presents the values of various input
parameters used by the recommendation algorithms to a portfolio manager. The interface will
then allow the APM to override some or all input values to ensure that the optimization
process reflects the business environment. Additionally, the interface that allows the various
input parameters (o be explored in predictive, prescriptive, or mixed predictive/prescriptive
mode.

[0126] In predictive mode, the interface will allow the portfolio manager to estimate
the impact that his/her modifications to the input will have, if applied, on the target objective
( revenue maximization).

10127} In prescriptive mode, the interface will query the portfolio manager for value of
the objective they desire to attain, then suggest a range of inputs that, if applied, are estimated
to achieve the objective.

[0128] In the mixed predictive/prescriptive mode, the interface will allow the use to
toggle between prescriptive and predictive modes to explore the various combinations of
feasible input parameters that will achieve their objective, then select from the family of
solutions that are most consistent with their business environment and objectives.

{01298}  The portfolio manager may also wish to test the impact of a new set of values that
both respect the known subject matter expertise, the operational constraints and the risk
tolerance. By allowing the manager to incrementally modify input parameters, he/she will be
able to determine which inputs variation may have the largest impact on the objective

function and field and appropriate multivariate test into production.

Let;
[#130] O reflect the input parameters (a set of APM constraints Aapy, user similarity

weights ¥; and asset similarity weight w ) determined by combining the subject matter
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expertise/business rules set by the APM when selecting the optimal set of recommendaticns

for presentation at time t, where;

{0131} ™, are the APM-specified set input parameters determined at time 7,
{0132} O, are the data-driven set input parameters determined by the recommendation
algorithm at time ¢, and
10133]  ©"; is computed as follows:
O =00 +(1-0)0t and 0<sa<1, [Equation6]

[0134]  The APM may wish to fix o, gradually adjust the value of o from a value of =1
(no machine-driven inputs) toward 0=0, or may select more abrupt temporal switches at
times 11 and t; as:

=1 ift<ts

Oza<liftist<ts

a=0iftzt.

0135} Linkages between the interactive display made available to the portfolio manager

and the recommendation algorithm.

{0136} The transformation of data, features X, and an inventory of assets, a, into a set of
recommendations is accomplished through the application of the set of input parameters, ©.
The transformation itself is a complex process and may be accomplished through a linear or
non-linear function that combines the various inputs to the system to generate a sorted subset
or assets a’ S a from the library’s inventory.  The transformation of raw data into a set of
recommendations — and subsequent modifications to reflect risk, business environment and
subject matter expertise - is performed by a single APM at a single location as shown in FIG.

24.

[0137] Using the interactive display in predictive mode

{0138} In predictive mode, the portfolio manager may use the interactive display to
vary inputs to the recommendation algorithm and to determine the expected influence that the
changes will have on their objective function. For example, for a given objective function, a
user may vary the values of ¢ and 7 to determine what the effect will be by using various

inputs as seen in Table 1. The tool could also be used for globally adjusting all input
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parameters by the scalar ¢, which linearly combines the default values and the portfolio

manager’s values (see Tables 2 and 3).

Input Parameter

notation

Value

Objective Function

per Unit Multiplier

—

1.526

2.114

3.447

4.310

5.267

Not Posgible

Not Possible

Not Possible

Not Possible

Number of assets

Disallowed

Disallowed

3.674

4.320

5.535

5.552

5.152

4160

W(o|~N|o b= (fo|o|NoyG|B(w]|N

3.725

Table 1: APM Selections for Prescriptive Mode
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o Objective Function Objec\;;‘:ieaf‘zzctm"

0 0577 9%
0.1 0.987 12%
0.2 0.798 23%
03 0.848 22%
0.4 0.798 21%
05 0.748 18%
06 0.698 16%
0.7 0.548 16%
08 0.599 6%
09 0.549 5%

1 0.499 2%

Table 2: Various Values of o in Prescriptive Mode

Parameter value

0] 1.5
N 5
K $1.27
K(U) 1.1
(Objective Function 0.987
Objective Function Variance 12.00%

Table 3: Objective function and variance across all inputs, ®

[0139]  Using the interactive display in prescriptive mode

D140} In the prescriptive mode, the portfolio manager sets a value of the objective
function, and the interactive tool will then generate a set of input parameter values, if
attainable, that could be used to achieve the desired solution. In that usage, the portfolio
manager may be able to determine which solutions are feasible given constraints, and
optimize, FIG, 25 illustrates the output of the exploratory tool that would result from setting
specific objective function values, Z1 and Z2, and show the ‘solution frontier’ of feasible
solutions and appropriate input variable combinations that are expected to yield that value,
The interactive prescriptive mode may also be used as a tool for guiding A/B and multivariate
test. For a given desired change in the objective function, the portfolic manager may
determine the input parameter values that can be feasibly be deployed to realize the expected
change. Thus, the interactive component may be viewed as a means of guiding online testing.

[0141}  Repositioning assets in the recommendation set
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[0142] At times, there portfolio manager may be interested in influencing the
membership of the recommendation set and it’s ordering to attain a shaort-term objective such
as presenting sale assets or clearing inventory. The interactive tool presented here allows,
through the insertion of constraints applied to the allowable recommendation set, this
reposition of asset in the display. An outcome of the interventions by the APM may result in
a revised list of recommendations. FIG. 26 indicates a possible rearrangement of machine-
generated recommended assets based on subject matter expertise, business environment, and
risk tolerance, In the example, the list of recommended assets has been increased from S 0 6
and asset F is considered by the APM to be a ‘featured asset’. Application of other inputs by
the portfolio manager in the example has additionally inserted asset 1. and swapped the
ardering of assets A and D and replaced asset E with asset H .

7.0, IMPROVING RECOMMENDATIONS BEASED ON AFFILIATIONS

[0143]  An embodiment improves the performance of any asset existing recommendation
algorithm by transforming the raw input data by the algorithm into information (data in
context) to enable the algorithm to more precisely generate asset tecommendations and
therefore improve the value of an objective function meant to be optimized. The APM need
not have any understanding of how the recommendation system algorithms work, only that
they have the ability — through various data transformations — to influence the outcomes of
the recommendation to ensure they reflect known information that can ingested by the

engine,

{0144} Group-Item Affiliations

10145} Since the process of evaluating various partitioning strategies (see Appendix
A) to determine if users should be separated into groups implies that each group can be
delivered a more customized set of recommendations, there is a need to determine a
correlation between group user preferences and the various assets that may be presented to
them. The splitting variables may be any one or more of the available features, but the
observed user behavior features can be leveraged to better match groups with assets available
for display by the recommendation engine. Various meta-data features may be available and
which are used to describe not only each user and group historical interactions with the
recommendation engine, by may also describe each asset in the complete set of assets, a.
Among the list user behavior features with the various assets, association of user/group
interactions with the assets and their keywords may be exploited to improve the performance

of future group-specific recommendations. When the historical engagement behavior
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indicates that an identified group shows a common preference for assets possessing a
particular set of keywords, future recommendations furnished to that group may prefer
selection of other assets in ¢ that share the same set of keywords.

{0146]  An issue with using language-based keywords (or key phrases where appropriate)
is that the their may exist various alternatives ways in which the keyword is represented in
the asset metadata. Variable forms of expression may result for various reason - a non-
exhaustive list of examples includes:

1. The keyword may have different part-of-specch meanings (¢.g., the English term
"train" may indicate a verb (to prepare), a noun (a locomotive or a trailing part of a
garment)

Verbs and adverbs may be represented using various tenses (e.g., past, present, future)
Nouns many be represented using gender variants (e.g., le, 1a)

Misspellings may occur in the metadata (e.g., train/trein)

[ T B o)

Missing keywords - there may be additional words that can be used as keyword

metadata that are not yet known to the APM.

{0147}  In an embodiment a method of normalizing keywords that accounts for variable
ways of expressing the keyword. An embodiment explores auxiliary data to discover group-
specific keywords that may be added to the metadata for each asset. A few of the goals are t0:
a) Increase keyword match rates,
b) Increase the similarity among assets based on normalized expressions.
c) Provide additional information that may be used in the partitioning process when a
keyword similarity metric is employed as a feature.
d) Provide more appropriate recommendations to groups based on the increased

knowledge associated with the asset metadata.

{0148}  In an embodiment, keyword normalization may be normalizing and expanding
asset keyword metadata. The keyword normalization process can be applied in any language
for which a dictionary exists where the dictionary contains parts of speech identifiers and
both tense and gender variants of each word. The process is outline in FIGs. 27 and 28
assumes that the plurality of keywords describing all assets in the portfolio, a, is available. In
FIG. 27, the list of n assets in the asset metadata in the leftmost table, In the keyword
normalization process, the set of keywords are individually retrieved from a dictionary (or

dictionaries) that define each keyword and their various parts-of-speech. For each
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keyword/part-of-speech combination, a step referred to as word stemming takes the keyword
and determines the various tenses, pluralizations, and gender variants that refer to the same
keyword. In the final step depicted in FIG. 28, each distinct keyword is mapped into the
various forms in which it may be represented. This maps every keyword onto one-or-more
variants and so each keyword, i=/,...,n has part-of-speech mi variants to which a mapping is
now defined. With the keywords variants and their many-to-one mapping onto distinct
keywords, an additional step may be performed that removes any keywords from the original
keyword list of n assets that were also added in the multiplication process, This step is
executed to ensure that the keywords are not duplicated and so that the mappings are
unambiguous. Additionally, any keywords not found in the available dictionary can be
removed from the keyword list.

{0149}  With the keyword normalization process accomplished, it is now becomes
possible for the asset portfolio manager to replace any asset keyword variant with its unique
base keyword and to therefore improve asset keyword match rates. FIG. 29 indicates how this
process may be leveraged for any keyword, whether it be a keyword that already exists in the
keyword list, or an asset keyword unknown to the APM that is to be mapped into a known,
unambiguous keyword, In this step, the keyword under evaluation is matched to the list of all
known keyword variants. When the match occurs, the keyword is then replaced with its base,
unambiguous keyword found in the list of z assets. If the keyword under evaluation is not
matched to a known keyword variant, it is then added to the keyword dictionary and its
variants are also defined and added to the variant keyword list - mapping the new keyward to
its variants, If the keyword is not found in the dictionary (assumed to be an exhaustive list of
language-specific words, where the dictionary may be augmented by the APM with
acceptable terms not already present in the dictionary.) , it is removed from the meta data for
all assets in which it is associated. It should be noted that the term fuzzzy match is used to
describe the process by which a keyword under consideration is compared to the keyword list
to see if is present.

{0150} Keyword matching is a process that allows for typographical errors of the
expressed keywords to be allowable and considers the keywords to be considered identical if
they are similar enough.

{0151} There are various metrics that may be used to execute a fuzzy match (e.g., the
Levenshtein metric) - the selection of the metric may be made by the APM - this assumes that
access to a matching (fuzzy or, if desired, crisp) is available to be used in keyword

normalization,
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[0152] In keyword multiplication, a corpus of auxiliary data is leveraged, which is the
plurality of available electronic text-based documents - excluding the keyword list -
considered by the APM to contain information to be relevant to recommendation process and
which asset keywords are likely to be present. These may include, but are not limited to:
electronic databases, social media conversations, or online news and information sites. FIG.
29 shows a flow chart describing an embodiment of the keyword multiplication process.
First, the keywords for assets selected by each group of users (assuming a partitioning exists)
during historical engagements is built, Next, the auxiliary data is searched to determined
which documents contain the keywords associated with each group and a term-frequency
matrix is built which identifies the frequency in which any word that is mentioned in the
same document with each keyword. Table 2 provides a depiction of a term-frequency matrix
with the n keywords for group ¢ represented in the rows, and other w terms found in the
corpus of H auxiliary documents, The cell entries, fu, contain the percentage of documents in

which both keyword « and term u are both present:

B
614 v

u,v

{0153} H  where 8", = 1 if both keyword « and term v are present in document

h=1,.H.

{0154]  For any term v not in the set of # keywords, the average number of documents in

which the term is co-mentioned with a known keyword can be computed as;

1 7
f\;: - fu,v
[0155) n Z

[0156]  and for any value of fy> I* (a value determined by the APM), term v is added to

Woed
Heywar b g . W

Table 6: Keyword Frequencies

the expanded keyword list, For each group g, the results of the keyword multiplication
process result in an expanded keyword list reflecting an augmentation of the original group-

specific keyword list with the keywords identified during the discovery process.
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[0157}  The expanded list of keywords for any group ¢ may now be comprised on the full
set of keywords (regardless of group) and the set of group-specific expanded keywords. With
the total keyword list normalized and the group-specitic keyword list now expanded based on
auxiliary information, the results may be used by the group partitioning process and for
generating recommendations that are more appropriate for the group(s) for which the
targeted user is a member.
1} As shown in FIG, 30, the expanded keyword list can be used to improve the quality
of dissimilarity metrics that reflect user engagement particularly the keyword feature.
The set of keywords that reflect a particular user's history-based asset preferences can
be determined. If the user's asset history . In FIG. 30, it is assumed that the user
keyword list may contains some group-specific expanded keywords available in one
or more expanded keyword lists of other groups in addition to keywords shared
across the population of users. By comparing (after normalization of user-specific
keywords) user specific keywords with group-specific keywords, the group
partitioning process may leverage the increased quality of the keyword-based
component of the dissimilarity (when assigning a user to a known group). When the
user-specific keywords overlap with the keywords of a known group, the associated
dissimilarity metric becomes smaller and increases the chances that the member
belongs to the group(s) preferring assets with similar keyword. Hence, the keyword
normalization and multiplication process enhance the information used in assigning a
group label to a user and improves the chances that the correct group label was
selected.
2) When the recommendation system is used to present specific, ordered list of assets
to each user (and their group-level peers), the normalized and multiplied keyword list
provide higher quality and additional information that may be used to better match
assets with group preferences based on both a higher chance of group-item keyword
matching and an increased effectiveness of group labeling of each user.

[0158}  Bias Identification

[0159] The user engagement component of the feature set is based upon an implicit
assumption that the various actions the user undertakes - and that are represented in the
historical data - is objective. However, there does exist the possibility that cognitive bias is
reflected in their behavior. Group-level partitioning of the data can be used to help identify

and correct user-generated subjective bias that is used to make recommendations. A non-
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exhaustive list of reasons why cognitive bias in historical records of user engagements
include:

1. The user interaction does not reflect the asset itself, but rather a 1elated event such as
the quality of delivery or some other outcome associated with the engagement (rather
than the asset).

2. The user has strong brand loyalty and may engage the recommendation system in
such as the way that the engagement reflects past interactions with associated assets,
rather the assets being recommended, Conversely, the user's loyalty may cause
him/her to interact with the system in ways that - rather than indicate brand loyalty -
take action opposite actions to the detriment of competing brands.

3. The user has a bifurcated means of interacting with the recommendation system such
as preferring the extreme or neutral possible ways of engaging the system when the
range of interactions may be more continuous.

[0160]  An embodiment identifies potential biases in online recommendations.
Furthermore, once identified, bias correction may be accomplished by either offsetting the
bias or ignoring the engagement activity when assigning groups and/or providing
recommendations, In an example, for simplicity, assume that the user engagement history has
only two possible outcomes (for example "like/dislike", "agree/disagree”). The mechanics of
the proposed process for identifying bias can be expanded to engagements with multi-state
interaction, but the basic methodology can be more effectively communicated under the
assumptions of a binamial outcome. In probability theory, the binomial distribution can be
used to model events that can take on only two states which may be referred to as a "success”

and a "failure”, The binomial distribution is expressed as:

J(x;n,8)= (z)e}(l— oy~

{0161}  where 0 <0 <1, nis the number of observed engagements, and x is the number of
engagements that resulted in a success. To identify bias in a the member of 4 group, one
would formulate a null hypothesis that the user's engagement is unbiased so that;

[0162}  Null Hypothesis Hy: 8=60

[0163]  Alternative Hypothesis Ha: 6 #0o  where 6,is the proportion of successes for
an unbiased user.

[0164]  If given the available data on a user's engagement, the observed value of 8 is

statistically different than 6, , the user's engagement data may be considered biased. For
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the application of this statistical test to be valid, it is assumed that the historical user
data may be divided into two subsets: those data known to be free of bias and those
data for which bias is suspected. It is only the subset of suspected biased data that bias
identification is applied - the unbiased setis used as the baseline for determining go.
Separation of the data inte the two subsets is a challenging endeavor and may not be
possible in some cases. However, there are same cases where the separation is obvious:
for example, to determine if the quality of asset delivery affects bias, the unbiased
subset would include those engagements for which no deliver occurred, and those
engagements that resulted in an asset delivery would be examined to uncover evidence
of bias.

{165]  In this bias identification process, the user's actions may take on a value of 1
(success) or O (failure). Table 5 depicts a possible engagement set of outcomes for a
particular user whose engagement is under consideration for being biased and where the sum
of outcome is x=1 and the total number of success given n actions. The total percentage of
success across all users in the unbiased subset of users is computed and assumes the value of
€o.

0166} For each user #, the engagement history is examined and # and x are computed.,
At that point, a statistical test is performed using a threshold, 0 <p <1, set by the APM and
equivalent to the confidence that the user's measured success rate did not occur by chance,
but rather due to a cognitive bias.

{01677  Using widely available statistical tables available in print or electronically for the
binomial distribution, the APM may then look up the value p associated with the triplet { Do,
x, 1} and compare to a to make the following decision:

[0168]  Assume the user's outcome is biased if  p>1+p/2 orp < 1-p/2

{0165} Assume the user's outcome is unbiased if 1-p/2 <p <1+1/2

[D176]  After the presence of bias has been estimated for user Z, the user's engagement
data may be weighted with a value 0 < w; <1 when computing recommendations or other
operations related to grouping and feature-based similarity computations. If wi= 0, the data
estimated to be biased is ignored. For unbiased users, setting wi= 1 is equivalent to giving full
weight to the data (though it may be adjusted using other considerations). Values greater
than O but less than 1 would be equivalent to down-weighting the data, but not fully ignoring
it.
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[0171}  One way in which the precision of the bias identification process may be
improved is to assume that some prior information about 6, exists that may be used to
formulate a Bayesian posterior distribution that combines both the binomial distribution and
the prior information. If knowledge about 6, can be assumed indicating that is has as
specified mean and variance, then a beta distribution with parameters o3 may be used as a
prior distribution for 6

M

P(©;a,B)= Bla.B)

10172} This results in a posterior distribution with parameters x+0, (n-x) + p:

ex+u—11_ e(n—x)+[3—1

P(8= alx.n)= B(x+a,n— x+B)

[0173] The use of a prior distribution is particularly useful when the user data is
suspected to have some bias that is isolated to a particular group partition, where there exists
at least three groups, and where one of the group's bias is expected to mirror another group's
bias and the other groups are expected to be free of bias, One example would be users whose
group assignments are based on feature that reflects known brand or franchise affiliation (a
sports league is one example of this where a user may engage the recommendation system
more favorably when the asset is related to their preferred team, less favorably for assets
related to their teams' nemesis, and interact in an unbiased manner for assets associated with
all other teams). In such a case, the prior distribution would reflect the converse (for the
same asset, a success for the engagement with assets related to the affiliated brand would be
matched with a failure for the engagement with assets reflecting the polarized opposite of
their preference). Table 3 depicts an example of the converse outcomes that would be
expected for actions preferred by a biased user, To populate the prior distribution and look
up the appropriate p-values, o would reflect the number of failures in the converse case given
n actions and  would reflect the (n-ot) failures, The look up p-values would then correspond

Beta(6;a+ x,B+ (n—x)

to those associated with a ) distribution.

8.0  CONTINUOUS PLAY VIDEO RECOMMENDATIONS
[0174]  The system can use a version of any of the embodiments to maximize the revenue
associated with video (a type of electronic asset) recommendations from each embodiment.
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The system allows a continuous-play feature that seamlessly builds a sequential set of videcs
that may be viewed without interruption. The feature allows an entire video playlist to be
constructed and consumed and, should user interaction suggest that a particular video asset
consumption has terminated, present a revised list of recommendations. The IRIS. TV
recommendation system uses an unconstrained depth K=1 search without consideration of the
user’s available viewing time, risk tolerance of the revenue calculation, but does restrict
choices to the available asset portfolio they manage. It is assumed that all assets have
identical direct value, but no indirect value, Additionally, the probabilitics derived from
similarities set so that all of the probability is contained in the asset-to-asset similarities.
FIGs. 31A-C. illustrate various continuous play implementations in use by the IRIS. TV
recommendation system. The various cases, conditional upon consumption of the asset
depicted in Case 1 (the anchor asset a;) are:

[0175]  Case 2: Recommended ordered playlist of assets following ;. In this case, after
the end of the consumption of the anchor asset, an ordered playlist appears in the same
window as the anchor asset (with the anchor asset appearing in the same window in a
thumbnail) and begins to play the next asset in the list.

{0176]  Case 3. Continuously-played asset g following @i Without selection and
automated delivery, the next asset in the playlist begins to play automatically,

|01777  Case 4. Continuously-played asset ¢; (advertisement) following a;. aa
advertisement (hich may also be a recommended asset) is automatically delivered and begins
playing.

[0178]  Case 5. Alternative ordered playlist (non-continuous) following @i. he continuous
play functionality for one of the above cases is executed, but an alternative playlist also
appears in the same viewport, allowing the user to generate a new playlist by selecting an
asset (which becomes the anchor asset for a new playlist after selection).

{0179} Case 6. Hybrid ordered playlist where continuous play automatically loads next

asset @ unless user selects a different asset the list.

9.0 Asset Portfolio Manager Interaction with Continuous Play Video Recommendations
{0180}  IRIS.TV is a media content distributor that displays video item recommendation
to users engaging a variety of online sites using mobile and non-mobile electronic data
providers. IRIS. TV;

1. Creates recommendations to a user based on an item (video) library
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2. Increases video views and advertisement impressions
3. Ensures that content in a video item portfolio is monetized
4. Delivers analytics to learn the most valuable contentin a client’s video library

5. By operating as a supply-side platform (SSP) for online video, IRIS.TV utilizes data
to increase engagement and provide solutions to assure that advertisements are

delivered and advertisement rates are optimized.

{0181]  An embodiment can use a version of the proposed invention to allow item
portfolio managers to modify with their video recommendations based on the manager’s
subject matter expertise, business environment, and risk tolerance. Embodiments allow a
continuous-play feature that seamlessly builds a sequential set of videos that may be viewed
without interruption. The system allows for process called "stitching”, where a sequential set
of short-duration videos, perhaps containing advertisements is bundled into a single,
uninterrupted stream - that, for purposes of the recommendation system, can be considered to
be a single video. The feature allows an entire video playlist to be constructed and consumed
and, should user interaction suggest that a particular video asset consumption has terminated,
present a revised list of recommendations. Clients can manage video libraries that feature a
wide variety of topics including (but non-exhaustive): sports, lifestyle, arts, news, and
entertainment, As each client operates under a distinct set of operational constraints and
possesses a distinct degree of subject matter expertise and risk aversion. The system allows
this information to be applied without the requirement that the individual item portfolio
managers understand the mechanics of the algarithms supporting the recommendation
systenl. Instead, the portfolio managers interact with the algorithms through an interactive
display.

{0182}  In an embodiment, the system provides clients’ item portfolio managers with the
ability to use interactive controls to modify their business rules as depicted in FIG. 32.

{0183}  Inan embodiment, interactive components allow the item portfolio manager to:
¢ select an objective function (maximize revenue, maximize engagement time, etc.)

¢ seta “risk tolerance level” (p between 0 and 1) that, among all possible
recommendations, yields a set of item recommendationg with a risk metric at-or-
below the pth percentile of possible recommendations and that optimize the objective

function given that risk value
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¢ allow feature content to be inserted into any recommendation set and in any position

¢ remove items that are not to be includes (example: do not show a comedic item in the

same list as serious items)

¢ vary the input values associated with gll other inputs to the recommendation system

interactively
¢ Use the exploratory functions in either predictive, prescriptive or combined mode

0 explore the expected impact on the objective function that would result by

changing any combination of input values.

0 define a target value of the objective function given the known constraints and
allow the recommendation system to set the input values that would make the

target value achievable
0 design multivariate and A/B tests

¢ Allow the value of p to be changed interactively or according to a set time schedule.

10.0  Affiliation-based Improvement to Continuous Play Video Recommendations

{0184]  An embodiment allows clients to modify the set of videos with their video
recommendations. The system provides a continuous-play feature that seamlessly builds a
sequential set of videos that may be viewed without interruption, Importantly, the group
partitioning, group labeling, keyword normalization and multiplication and bias
identification/correction may be conducted by a single item portfolio manager located as a
distinct geographic location.
[0185]  The recommendation engine is a sophisticated set of algorithms that employ any
combination of: demographic, geospatial, historical engagement data, including user-level
features, video keywards that are used to partition the data into groups and provide group-
level recommendations, etc. In many cases, where sufficient information on users exist,
groups represent single users, Additionally, a user may sometimes engage the
recommendation engine in one of the following modes:

a) as a single user seeking recommended videos that appeal to his/her interest and

b) as a representative of a household seeking recommendations for multiple users

sharing a video engagement.
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[0186]  When the mode of the user can be distinctly determined using available data, the
user/mode combination may assigned to different groups. For identification of groups and
assignment of user/mode combinations to known groups, the methodology presented earlier
in this document is employed. With a known cbjective function specified by the item
portfolio manager - either one of the single clients responsible for maintaining the library of
assets they own, or a curator/administrator granted authority to manage the video library for a
client - recommendations are generated with a goal of optimizing the know objective,
Beginning with an assumption that all user/mode pairs belong to a single group, observed
feature data are used to iteratively split and the composite objective function is evaluated for
each candidate split to determine the partition contours and to assign membership of each
user/mode pair to one (if crisp classification is attainable or required) or more (if fuzzy
classification is allowable and crisp classification is not possible). Over time, and as more
feature data becomes available, group partitions and memberships are re-evaluated allowing
for re-establishment of grouping rules when the objective function indicates a more desirable
outcome where and/or user/mode membership probabilities in each resulting group change
based on a subsequent evaluation of the updated, historical data.

{01871  The keyword normalization and multiplication methodology outlined earlier is
also used by an embodiment to improve the quality and accuracy of keyword meta data that
describes each distinct video. Each video library for which the recommendation system is
used has a dominant theme describing the available assets in the library - the non-exhaustive
list of themes includes sports, new, lifestyle, and brand-specific videos. The keywords in
each thematic category are normalized using the language (English, Japanese, etc.) in which
the keywords are expressed and theme-specific, electronically-stored social media sources
and RSS feeds are used to fuel the multiplier process based on the co-mentions of the known
keywords and other popular terms found in the electronic sources. Where group-specific
keywords are available, the computation of the term-frequency matrix focus on a more
specific subset of the electronic media sources in the keyword multiplication process. In those
cases, the theme-specific frequencies used to populate the term-frequency matrix are
restricted and based only on co-mentions found in sources expected to reference the
individual group's interests. In the IRIS. TV embodiment, the keyword normalization and
multiplication processes may be overridden by the item portfolio manager if he/she wishes to
modify the keyword and variants list and the associated mappings. The process of
normalization and multiplication of keys or the override of the resulting process may be

conducted at any time to influence the quality of the keyword features.
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|0188} The bias identification methodology is most commonly used in the libraries
that have a sports-related theme. Sports team-level cognitive bias tends to pollute the
historical engagement data for user/mode pairs that have strong team loyalties. In those cases,
it has been observed that the feedback (like/dislike or star-ratings) tend to reflect the
outcome of the event contained in the video rather than the video itself. When the outcome of
an event is favorable for the team for which the user holds a strong affinity (for example, a
home run that was hit by the baseball team for which the vser is loyal), the biased user will -
relative to an unbiased user - tend to give positive feedback, Conversely, if the opposing team
ar a team in which the user holds a strong disaffinity has a similar, successful outcome that is
present in the event, the biased user will tend to give more negative feedback. To correct for
this cognitive, affiliation-related event bias, IRIS. TV's recommendation identifies and down-
weights the feedback that suggests a statistically-based evaluation that the feedback data is
biased. In such cases, the historical data is subjected to the Bayesian-derived posterior beta
distribution that uses the converse of the data from the users whose group membership
indicates that they have an affinity for the opposing team as a prior distribution. The baseline
data reflects the historical engagement data for the Q-3 groups (the data from the entire user
population less; a) the data from the other users sharing the known affiliation as the user
under consideration; b) the data from the users with an affiliation with opposing team
represented in the some event encapsulated in the video; and ¢) the data from users who
provided feedback on the event and are known to belong to those known to have a strong

disaffinity for team favared by the user under evaluation).
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1.0 GROUP MEMBERSHIP ASSIGNMENT
[0189]  Overview
{8196}  The processes associated with selection and ardering of items to be made
available for consumption in an online environment is increasingly becoming more data-
driven. The candidate items that are eligible may be reduced to small number and selected by
a recommendation algorithm that selects and orders the items for display to the online user.
‘When the online user belongs to a group with common interests and known item preferences,
the candidate item list may be significantly reduced to include items which better match those
preferences. In the selection of the ordered, displayable items by the recommendation
algorithm, there is an inferred assumption that all members of the group share similar
preferences for items and that, absent any additional user-specific information, each member
of the group may be presented with the same items in an online environment. If the p' user,
Y,, may belong to one-and-only-one group, G, the members may be partitioned into Q>/1
distinct groups (Note that, if Q=1, then all users belong to the same group and so partitioning
does not occur. Furthermore if ng=1, then group ¢ contains a single member user.):
G=GUGU.. U Gyand GgN G:=0 forallg, »

[0191]  and if the total number of users across all groups is # then each group Gq contains
ng members, then

n=mt+m+. +tnp and 1 <ng<n forallgq.
[0192] A well-crafted partitioning of users into (>1 distinct, non-overlapping groups can
improve the performance of item recommendation algorithms since each member of a group
may be delivered a set of ordered items that reflect the observed preferences of the group,
rather than the composite preferences of the entire set of users, . In the special case where
ng=1, the group contains a single member and so the item recommendations can be

specifically catered to that online user.

{0193} The challenges associated with partitioning users into distinct groups are outline
in this application and include a multi-step process which can be accomplished by a single
actor (the item portfolio manager, for example), at a single location. These steps may include:

[0194]  Partitioning Users into Non-overlapping sets: Assigning users to groups based on

observed or inferred features. This can be accomplished in three sub-steps:
a) Identifying user characteristics (more commonly called features in the machine

learning and pattern recognition fields) that are used to determine group membership.
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These features may be directly observable (for example, the user's gender, age, or
location) or may be inferred by analyzing the historical behavior of users interaction
with recommended items (for example, i) the user may only engage the recommended
item list at certain times of the day, week or month, or ii) the user may reveal through
online engagements that he/she is only interested in particular categories of items).

b) Identifying known groups

¢) Using a classifier to assign each user to a known group based on an examination of

its features and compared with the features of other member in each group,

[6195]  Anembodiment allows portfolio managers to identify features and groups,
executing a partitioning operation that might improve the quality of recommendations and a
more favorable value of the objective function.

{01961  An embodiment improves the performance of any item existing recommendation
algorithm by transforming the raw input data by the algorithm into information (data in
context) to enable the algorithm to more precisely generate item recommendations and
therefore improve the value of an objective function meant to be optimized. The item
portfolio manager need not have any understanding of how the recommendation system
algorithms work, only that they have the ability, through various data transformations, to
influence the outcomes of the recommendation to ensure they reflect known information that

can ingested by the engine.

[0197]  Partitioning Users into Non-overlapping Sets

[0198]  The objective of user partitioning in an online recommendation process is to
assign a group label to each-and-every member in the population of interest. The population
is the complete set of online users who have or will establish and online engagement with the
recommendation engine.

[0199] A group label is unique symbolic representation of a group. In general notation,

G is an example of group label though more obvious, descriptive terms may be used such as

wen
3

"males", "females”, "males under the age of 18", etc.. When the number of groups requiring
a label is unknown and the membership of each user is also unknown, the term unsupervised
clustering is used. The goals of unsupervised clustering are to a) define a set of groups and
associated labels and b) assign a label to each user indicating the group to which it belongs.

When the g=1,...Q groups and labels are known, the partitioning process is known as
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supervised clustering - or alternatively, classification. The goal of classification is to assign
one of the known group labels to each user. If membership assignment is not limited to a
single group, a user may be assigned to more than one group with an expressed membership
probability for each possible group. For example, if there are q=1,...,Q known groups and

associated labels, then the probability the user y, belongs to group g is:

9
P(y,0G)=1
OSP(YpEGq)Sl and !

10200}  When it is allowable that P(y, € G,) < 1 for at least 2 groups, the process is called
fuzzy classification. Where the probability of belonging to group q is:
P(ype Gq) =1 and

P(ype Gr) =0 Vr #q,
[0261]  then the process is called crisp classification and so the user is assigned a group
label for one group to which membership is assigned. In an embodiment, assume that
membership for each user is distributed proportionally over all groups for which 0 < P(y,€
G:) <1 and that the list of groups and their labels are known. Applications of supervised
classification when the groups and labels are known may also be called fuzzy classification.
The use of a crisp classifier can be subsumed under this approach since, in some
classification operations of users, there is only one group having nonzero, unit probability.
This is equivalent to a crisp classification outcome,
{02021  Features: Each user has a set of known or inferred attributes - commonly referred
to as features that describe the user. These may include user demographic features (e.g., age,
gender, race, ethnicity, etc.), spatial features (e.g., city, state, couniry - or their
latitude/longitude equivalents, etc.), user behavior features (e.g., frequency and length of
historical engagements, site navigation data, known or inferred item preferences based on
item keywords, etc.) as shown in Table 7. These features may be stored using an array of
feature types including, but not limited to, nominal (continuous numeric or integers), binary
(the absence or presence of a specific value of a feature such as male/female, on/off, has
feature/does not have feature), multistate categorical (e.g., red/green/blue,
USA/Canada/Japan), and ordinal multistate features where the ordering of the prescribed
values is relevant(e.g. low/medium/high, strongly agree/agree/neutral/disagree, strongly

disagree, etc.). The set of m features describing user y; may be presented as a vector:
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Xi= {X1, X2, e, Xm }

{0203}  and a matrix of features across all p=1,...,P users may be stored in and P X k&

matrix X:
X1 L1y e X X1k
Xa 1 B R ITE S ] X2k
X:
Xp_11 Xpogg o Xpogpo1 Xpoig
Xp.1 Xpo o Xpiko1 Xp.k

{0204]  with the p" Tow describing the feature set of user yp and the n® (m=1,...,k)
column representing feature m. The value of x,,» would correspond to the value of the m™

feature for user yp

Feature Category Feature

Spatial Places

LatLong
Dermographic iAge

Gender

Race

Ethnicity

U ser Behaviot Engagement history
Preferences

Keywords and other
tem meladata

Table 7: Feature Types

10205} Feature Dissimilarity: A similarity between any two users, yp and yu, may be
computed by aggregating pairwise differences in the various features (For binary, multi-state
categorical, and mult-istate ordinal feature types, the features can easily be converted to a
nominal scale to allow numetic computations, Furthermore, to ascribe all features to a
common scale, it is common to rescale each feature to a [0,1] range. In the case of
categorical values, the value could be [Xpm— Xum | = 0 if Xim = Xumand 1 otherwise.). When
each feature value is rescaled to lie between [0,1], a more common approach is to compute
the converse of similarity having desirable mathematical properties. One metricused to

represent such a dissimilarity metric is the Minkowki metric:
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[0286] where wm are the weights assigned 1o each feature m = 1,...k and 1xpn— Xum | is the
numeric representation of the difference in the values of m features between user y, and user

yu. The pairwise aggregation of dissimilarity for all users can be stored an P x P dissimilarity

matrix, D:
1 d]g ' dl,nfl dl n
d21 l ‘ d2,n—l dZ,rL
dn—l,l dn—l,Z o 1 dn— Ln

dn,l dn,l " dn,n—l 1

10267} In some cases, feature m is not available in the data matrix for both y;, and y, and

so a generalized version of the pairwise dissimilarity metric may be computed as:

k
Wm 6Pyu.mdpy W,m

m=1
d, = -
z] Wmép,u,m
m=

i
0 if eitherx
Vifbothx, . x, , exist

x  donot exist

p,m® um
Pyt m

[0208]  where
[0209]  Partitioning: Dividing the total users P into () distinct groups is accomplished by
leveraging a subset, &', of the known observable values of the various £ features for each of
the p=1,...,P users. As stated earlier, the partitioning of users into >/ groups is executed
when the division of users into groups improves the values of the defined objective function
set by the item portfolio manager. This is done by taking a random sample of L assets
(selected from all i=],...,n assets in the asset portfolio, a) and evaluating the expected
revenue for the assets at the various time points for which historical engagement data exist.
The decision to partition is based on an evaluation of the composite objective function, Zy,
over L assets given various "splits" of the the total user base of P users into smaller

pattitions:

T

Vi=E(Z)Y Y Y E(2)

1=11=1 ¢=1 Equation Al

give partition strategy s

{0210}  Beginning with Q=1 (the total population of users), the objective function is
evaluated and assessed as V* = V1. In the divisive approach, one of the & features is chosen as

a gplitting feature. If feature m has s possible states, then Q=s groups are assigned according
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to the partition strategy, 7 =1 and the value of the objective function, V1, is computed and
compared to Vo (If the number of states, s, is large or the selected feature is a continuous
variable, the feature values may be grouped into s'< s discrete intervals and the split would be
based on the inclusion of the continuous value within the defined interval.). If V; yields a
more favorable value than V*, then the split is allowed yielding s groups, GM = {Gy, Ga, ...,
G} and V* is set equal to Vy. If V yields a less favorable value than V*, then the split is
disallowed and the partition process terminates, Otherwise, in the next splitting decision,
another feature is chosen to further split G into smaller partitions, The splitting strategy is
then defined as p=1 based on the partitioning of G® = {GDVy, ¢V, Y1 },{Ga, G, ..., Gs}
where {G®y, ¢ 1.} reflects the further splitting of Gy into its # distinct states based on
another variable m' #m. If the G@ partitioning results in a more favorable value than the one
resulting from G, the further splitting of G is allowed - otherwise Gi is not split and the
process repeated for each of the s-1 groups using the same criteria,

[0211] After executing this splitting evaluation over H possible partitioning strategies
for which no further improvement are found, the partitioning iterative process terminates and
the final groups are labeled a each user is then assigned to the group to which they belong at
the time in which the objective function yielded the most favorable value (Another
termination criterion may also be imposed that prohibits splitting of a partition if it would
result in a total group membership roll having a very small number. Additionally, negligible
improvements in the objective function for which the gain is too small: that is, disallow splits
where [V - Vi1 € for some value of € determined by the portfolio manager.). The values of
the individual, group-level contributions to the overall objective function and the flow of the
iterative partitioning process is shown in FIG. 33. An example of a partitioning that may
result by splitting on geographic region and sports team is shown in FIG. 34 and represented
in a tree-diagram with 8 terminal nodes (representing the group assignments). For example,
one group would contain all users from Burope regardless of team preference — while the US
population of users is split among their preferred baseball team (e.g., one group is all Red
Sox fans in the US),

[0212]

10213} Assigning Group Labels: Assignment of group labels may be done under one of

two scenarios:
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1) The user is assigned to the group when the user shares the same feature values as
all other members of the group and for which the features used in the partitioning
strategy are known for the user being assigned a group label.
2) A subset of the features used to define the partitioning strategy are unknown for the
user for which a group label is to be assigned.
[0214]  The second scenario presents a unique challenge since there is both a need to
assign a group label to the user, but insufficient information exists to allow the labeling to be
conducted with certainty. In such cases, supervised classification is an appropriate tool to
deploy.
[0215]  Assigning Group Labels to Users with Unobserved Values of Group-Defining
Features: To assign a group label to every user missing one or more of the features used in
the partitioning strategy used to define groups and label, yp, a density is computed for every
observation with features defined in X across all groups:
fwlg=1), £, ¢=2), ..., {yp.g=0), ¢ = 1,..., 0.
[D216] Once the class densities are standardized so they sum to 1, the probability that the

users belongs to each group is:
0

Y P(y,0G,)=1
10217}  0=<P(YpeGg<1 and «!
[0218]  The user is assigned to the group with the largest probability when “crisp”
classification is desired, otherwise, “fuzzy” group a probabilities exist and the user may
partially belong to more than one group.
0219}  TFor each member for which a group label needs to be assigned, Y;, three steps are
performed to determine a group membership label, If the missing feature data may be
determined at a later date, the appropriate group label may then be assigned and the
reclassification records may be used to further improve the classifier, the objective function,
and possibly reassess the original partitioning results.
{0220} 1) Use the dissimilarity matrix, D, to compute a kernel-weighted group density: A
kernel is a method for transforming the original dissimilarity matrix into density that may
assign less weight to the data from users that are more dissimilar (with respect to the pairwise
comparison of features used to compute D) to the user being assigned a group label. There
are many kernels that may be used to compute group densities (thtee examples are shown in
FIG. 35 for a feature set having m=2 features). Use of a kernel does require some interaction
with the item portfolio manager that can set a kernel parameter called the bandwidth, r. The

bandwidth for kernels with bounded support (that is, with a finite value for which the group
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density is defined to be zero) can be set by the portfolio manager - in the event where the
support is unbounded (the kernel has a positive value from 0 - ), the shape of the kernel can
be determined by the choice of bandwidth. For example, the normal kernel is unbounded and
the bandwidth value determines the inflection point of the kernel. It should be noted that, for
a feature set having m features, the kernel always integrates to 1.
[0221}  In this step, the feature set for the user being assigned a group label may be
divided into three categories:

1) Features used in the partitioning of users into groups and for which the values are

known

ii) Features used in the partitioning of users into groups and for which the values are

unknown

iii) Features not used in the partitioning of users into groups and for which the values

are known
[0222]  When the subset of features falling in category i) exist (the user being assigned a
group label has known values for all features used in the partitioning strategy), the group
assignment is straightforward and the label can be assigned with certainty. If one or more of
the subset of features fall into category ii) a group label is assigned using the subsets of
observed features falling into categories i) and iii) . Using the dissimilarity matrix, D,
campute the kernel Ky[d(yvp, yi)] for every other observation that actually belongs to group G,
excluding the observation under consideration and then compute the average. The pairwise
densities reflect all users for which a group label has been assigned and for which y;, shares
identical values of the features used in the partitioning strategy (if there are not any, compute

for every user).

10223} 2) Compuie the Bayes posterior probability of y,’s membership in each of K

groups:

and convert to as follows:

9, 7.y,
Q
> 6,7,y,)

P(y,0G[x )=
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{0224}  where 8, is the prior probability of y,’s membership in group Gq. The posterior
probability can assign equal weights to each class or some other pre-determined amount (e.g.
the proportion of observations in that group).
[0225} 3) Assign a group label;
a) If crisp classification is desired, assign observation Y; to the group Gy that gives the
maximum value of P(y, €Gq | xp) over all g=1,...,Q groups.
b) If fuzzy classification is desired, distribute the membership for observation y; to
each group G, using the appropriate value of P(y, EGq | x,).
[0226] A linkage ties the recommendation set for each group into the overall the
partitioning division process. It is important to note that, if any split does not change the
recommendations, it will therefore not have an impact on the overall objective function and
that split will not occur, Hence, it is obvious that at least one of each sub-group that results
from a split of an existing group will have a recommendation set that differs from the group
that existed before the split. This direct linkage allows the following statement to be made: if
user partitioning is applied, at least one of the final group-specific recommendation sets will
be different than the recommendation set that would result if no partitioning was conducted.
The primary importance is that the partitioning yields a more favorable value of the objective
and the secondary importance is that each group can now be delivered a set of

recommendations that are specifically customized for the members of each individual group.

[0227}  In an embodiment, an apparatus comprises a processor and is configured to
perform any of the foregoing methods.

{0228]  In an embodiment, a non-transitory computer readable storage medium, storing
software instructions, which when executed by one or more processors cause performance of
any of the foregoing methods.

[0229]  Note that, although separate embodiments are discussed herein, any combination
of embodiments and/or partial embodiments discussed herein may be combined to form

further embodiments.

12.0 IMPLEMENTATION MECHANISMS—HARDWARE OVERVIEW
{0230]  According to an embodiment, the techniques described herein are implemented by
one or more special-purpose computing devices. The special-purpose computing devices may

be hard-wired to perform the techniques, or may include digital electronic devices such as
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one or more application-specific integrated circuits (ASICs) or field programmable gate
arrays (FPGAs) that are persistently programmed to perform the techniques, or may include
one or more general purpose hardware pracessors programmed to perform the techniques
pursuant to program instructions in firmware, memory, other storage, or a combinaton. Such
special-purpose computing devices may also combine custom hard-wired logic, ASICs, or
FPGAs with custom programming to accomplish the techniques. The special-purpose
computing devices may be desktop computer systems, portable computer systems, handheld
devices, networking devices or any other device that incorporates hard-wired and/or program
logic to implement the techniques.

{0231}  For example, FIG. 36 is a block diagram that illustrates a computer system 3600
upon which an embodiment may be implemented. Computer system 3600 includes a bus
3602 ar other communication mechanism for communicating information, and a hardware
processor 3604 coupled with bus 3602 for processing information, Hardware processor 3604
may be, for example, a general purpose microprocessor.

{0232} Computer system 3600 also includes a main memory 3606, such as a random
access memory (RAM) or other dynamic storage device, coupled to bus 3602 for storing
information and instructions to be executed by processor 3604, Main memory 3606 also may
be used for storing temporary variables or other intermediate information during execution of
instructions to be executed by processor 3604. Such instructions, when stored in non-
transitory storage media accessible to processor 3604, render computer system 3600 into a
special-purpose machine that is customized to perform the operations specified in the
instructions.

{0233}  Computer system 3600 further includes a read only memory (ROM) 3608 or other
static storage device coupled to bus 3602 for storing static information and instructions for
processor 3604. A storage device 3610, such as a magnetic disk, optical disk, or solid-state
drive is provided and coupled to bus 3602 for storing information and instructions.

[0234]  Computer system 3600 may be coupled via bus 3602 to a display 3612, such as a
cathode ray tube (CRT), for displaying information to a computer user. An input device 3614,
including alphanumeric and other keys, is coupled to bus 3602 for communicating
information and command selections to processor 3604. Another type of user input device is
cursor control 3616, such as a mouse, a trackball, or cursor direction keys for communicating
direction information and command selections to processor 3604 and for controlling cursor

movement on display 3612. This input device typically has two degrees of freedom in two
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axes, a first axis (e.g., x) and a second axis (e.g., y), that allows the device to specify
positions in a plane.

{8235}  Computer system 3600 may implement the techniques described herein using
customized hard-wited logic, one or more ASICs or FPGAs, firmware and/or program logic
which in combination with the computer system causes or programs computer system 3600 to
be a special-purpose machine. According to one embodiment, the techniques herein are
performed by computer system 3600 in response to processor 3604 executing one or more
sequences of one or more instructions contained in main memory 3606, Such instructions
may be read into main memory 3606 from another storage medium, such as storage device
3610. Execution of the sequences of instructions contained in main memory 3606 causes
processor 3604 to perform the process steps described herein. In alternative embodiments,
hard-wired circuitry may be used in place of or in combination with software instructions,
[0236]  The term “storage media” as used herein refers to any non-transitory media that
store data and/or instructions that cause a machine to operate in a specific fashion. Such
storage media may comprise non-volatile media and/or volatile media. Non-volatile media
includes, for example, optical disks, magnetic disks, or solid-state drives, such as storage
device 3610, Volatile media includes dynamic memory, such as main memory 3606,
Common forms of storage media include, for example, a floppy disk, a flexible disk, hard
disk, solid-state drive, magnetic tape, or any other magnetic data storage medium, a CD-
ROM, any other optical data storage medium, any physical medium with patterns of holes, a
RAM, a PROM, and EPROM, a FLASH-EPROM, NVRAM, any other memory chip or
cartridge.

[0237]  Storage media is distinct from but may be used in conjunction with transmission
media. Transmission media participates in transferring information between storage media.
For example, transmission media includes coaxial cables, copper wire and fiber optics,
including the wires that comprise bus 3602. Transmission media can also take the form of
acoustic or light waves, such as those generated during radio-wave and infra-red data
communications.

[0238]  Various forms of media may be involved in carrying one or more sequences of
one or more instructions to processor 3604 for execution. For example, the instructions may
initially be carried on a magnetic disk or solid-state drive of a remote computer. The remote
computer can load the instructions into its dynamic memory and send the instructions over a
telephone line using a modem. A modem local to computer system 3600 can receive the data

on the telephone line and use an infra-red transmitter to convert the data to an infra-red
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signal. An infra-red detector can receive the data carried in the infra-red signal and
appropriate circuitry can place the data on bus 3602. Bus 3602 carries the data to main
memory 3606, from which processor 3604 retrieves and executes the instructions. The
instructions received by main memory 3606 may optionally be stored on storage device 3610
either before or after execution by processor 3604.

[0239] Computer system 3600 also includes a communication interface 3618 coupled to
bus 3602, Communication interface 3618 provides a two-way data communication coupling
to a network link 3620 that is connected to a local network 3622, For example,
communication interface 3618 may be an integrated services digital network (ISDN) card,
cable modem, satellite modem, or a modem to provide a data communication connection to a
corresponding type of telephone line. As another example, communication interface 3618
may be a local area network (LAN) card to provide a data communication connection to a
compatible LAN, Wireless links may also be implemented. In any such implementation,
communication interface 3618 sends and receives electrical, electromagnetic or optical
signals that carry digital data streams representing various types of information.

[0246f  Network link 3620 typically provides data communication through one or more
networks to other data devices, For example, network link 3620 may provide a connection
through local network 3622 to a host computer 3624 or to data equipment operated by an
Internet Service Provider (ISP) 3626. ISP 3626 in turn provides data communication services
through the world wide packet data communication network now commonly referred to as
the “Internet” 3628. Local network 3622 and Internet 3628 both use electrical,
electromagnetic or optical signals that carry digital data streams. The signals through the
various networks and the signals on network link 3620 and through communication interface
3618, which carry the digital data to and from computer system 3600, are example forms of
transmission media.

{0241}  Computer system 3600 can send messages and receive data, including program
code, through the network(s), network link 3620 and communication interface 3618. In the
Internet example, a server 3630 might transmit a requested code for an application program
through Internet 3628, ISP 3626, local network 3622 and communication interface 3618,
{02421  The received code may be executed by processor 3604 as it is received, and/or

stored in storage device 3610, or other non-volatile storage for later execution.

-55-

SUBSTITUTE SHEET (RULE 26)



WO 2016/018455 PCT/US2015/000079

13.0 EXTENSIONS AND ALTERNATIVES

[0243]  In the foregoing specification, embodiments have been described with reference to
numerous specific details that may vary from implementation to implementation. The
specification and drawings are, accordingly, to be regarded in an illustrative rather than a
restrictive sense. The sole and exclusive indicator of the scope of the embodiments, and what
is intended by the applicants to be the scope of the embodiments, is the literal and equivalent
scope of the set of claims that issue from this application, in the specific form in which such

claims issue, including any subsequent correction,
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CLAIMS

What is ¢laimed is:

2.

A method, comprising:

creating a candidate list of multimedia assets for presentation to a user;

estimating an expected user viewing length of each asset in the candidate list of
assets;

estimating a length of engagement using the total estimated viewing length of the list
of assets;

selecting a set of assets from the candidate list of assets based on the expected user
viewing length of an asset and the length of engagement;

sending the set of assets to a receiving device.

The method of Claim 1, wherein the selecting an asset for the set of assets is further

based on a monetary estimate of the asset based on the expected user viewing length,

3

The method of Claim 1, further comprising:
creating a cumulative aggregation of engagement data for an asset from users that

have indicated a preferred engagement with an asset.

The method of Claim 1, further comprising:

creating a cumulative aggregation of engagement data for an asset from users that
have indicated a preferred engagement with an asset;

wherein the users that have indicated a preferred engagement with an asset are

determined to have similar characteristics.

The method of Claim 1, further comprising:
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determining a monetary value associated with a length of engagement by a user for

each asset in the list of assets within a window of engagement.
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