
(19) United States 
US 200900.55859A1 

(12) Patent Application Publication (10) Pub. No.: US 2009/0055859 A1 
Knoller et al. (43) Pub. Date: Feb. 26, 2009 

(54) SYSTEMAND METHOD FOR PROVIDING 
UNSUPERVISED LEARNING TO ASSOCATE 
PROFILES IN VIDEO AUDIENCES 

Raviv Knoller, Shoham (IL); Alex 
Paker, Modiin (IL); Anna 
Litvak-Hinenzon, Hod-HaSharon 
(IL); Reuven Cohen, Rehovot (IL) 

(75) Inventors: 

Correspondence Address: 
SHEEHAN PHINNEY BASS & GREEN, PA 
fo PETER NIEVES 
1OOO ELM STREET 
MANCHESTER, NH03105-3701 (US) 

(73) Assignee: Ads-Vantage, Shoham, IL (US) 

(21) Appl. No.: 12/185,370 

(22) Filed: Aug. 4, 2008 

Related U.S. Application Data 

(60) Provisional application No. 60/956,728, filed on Aug. 
20, 2007. 

VIDEO SERVICE 
SPLCER 

30 

ADVERTISEMENTS 
VIDEO SERVER 

40 : e 

MANAGEMENT 
APPLICATION 

50 

PTW HEAD END 
20 

Publication Classification 

(51) Int. Cl. 
HO)4N 7/025 (2006.01) 
HO)4N 7/173 (2006.01) 

(52) U.S. Cl. .............................. 725/34; 725/32; 725/110 

(57) ABSTRACT 

A system and method for providing unsupervised learning to 
associate profiles in video audiences is provided. The method 
includes: receiving a Zapping log and a broadcast schedule, 
wherein the Zapping log includes records of set top box Zap 
ping signatures for at least a portion of the set top boxes of the 
network, deriving set top box signatures from the Zapping log 
and broadcast schedule; clustering viewer profiles into 
groups of viewer profiles using the set top box signatures; and 
associating at least one set top box within the network with at 
least one viewer profile, wherein the method of performing 
unsupervised learning does not use data associating demo 
graphic or psychographic profiles to the at least a portion of 
the set top boxes of the network for which the Zapping log 
contains records of set top box Zapping signatures. 
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SYSTEMAND METHOD FOR PROVIDING 
UNSUPERVISED LEARNING TO ASSOCATE 

PROFILES IN VIDEO AUDIENCES 

CROSS-REFERENCE TO RELATED 
APPLICATIONS 

0001. This application claims priority to copending U.S. 
Provisional Application entitled, “SYSTEMAND METHOD 
FOR PROVIDING PERSONAL ADVERTISEMENTS FOR 
AN ACCESS NETWORK, having Ser. No. 60/956,728, 
filed Aug. 20, 2007, which is entirely incorporated herein by 
reference. 

FIELD OF THE INVENTION 

0002 The present invention relates to advertising, and 
more particularly is related to providing personal advertise 
ment to video services. 

BACKGROUND OF THE INVENTION 

0003. Owners of products and services, also referred to 
herein as advertisers, spend significant funds advertising on 
television. In addition, advertisers seek to maximize return 
from their investment in advertising on television by using 
different techniques. As an example, owners may pay to have 
an advertisement run at a specific time on a specific channel. 
Such an advertisement may not only be for products and 
services, but for any content. Such as, but not limited to, Video 
on demand, gaming, and any other content or service. In 
addition, owners may pay a premium price to have their 
advertisement run during the showing of popular television 
programming. 
0004. Unfortunately, advertisers do not have control over 
who may be watching television at a time that an advertise 
ment is run. As a result, finds associated with television adver 
tising are not maximized. Instead, after receiving ratings 
associated with an aired television show, advertisers pay 
based upon a previously desired audience and an agreed upon 
percentage. Funds would be better allocated if a larger num 
ber of a specific desired audience could be selected for view 
ing of targeted advertisements. 
0005 Different techniques have been used in an attempt to 
maximize television advertising investments. Examples of 
known techniques include attempting to obtain demographic 
and psychographic profiles, and using information about rat 
ing. Unfortunately, information about rating, demographic 
and psychographic profiles, and targeted rating is obtained 
using Surveys and/or people meters, which are based on Small 
sample audiences and are inaccurate in the collection process. 
Advertisers, network management, and cable/satellite deci 
sion makers would like to use more accurate information for 
placement and pricing of television advertisements. 
0006 Currently, the process of creating television viewer 
profiles has not made use of the actual actions of the television 
viewers while watching television. Utilizing information 
associated with viewer actions while watching television 
would be very useful in the creating of television viewer 
profiles. 
0007 Thus, a heretofore unaddressed need exists in the 
industry to address the aforementioned deficiencies and inad 
equacies. 

SUMMARY OF THE INVENTION 

0008 Embodiments of the present invention provide a 
system and method for providing unsupervised learning to 
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associate profiles in video audiences. Briefly described, in 
architecture, one embodiment of the system, among others, 
can be implemented as follows. The system contains a head 
end having a computer and means for communicating therein, 
wherein the computer has a management application stored 
therein, and wherein the management application further 
comprises: logic configured to receive a Zapping log and a 
broadcast schedule, wherein the Zapping log includes records 
of set top box Zapping signatures for at least a portion of the 
set top boxes of the network; logic configured to derive set top 
box signatures from the Zapping log and broadcast schedule: 
logic configured to cluster viewer profiles into groups of 
viewer profiles using the set top box signatures; and logic 
configured to associate at least one set top box within the 
network with at least one viewer profile, wherein performing 
unsupervised learning does not use data associating demo 
graphic or psychographic profiles to the at least a portion of 
the set top boxes of the network for which the Zapping log 
contains records of set top box Zapping signatures. 
0009. The present invention can also be viewed as provid 
ing methods for providing unsupervised learning to associate 
profiles in video audiences. In this regard, one embodiment of 
Such a method, among others, can be broadly Summarized by 
the following steps: receiving a Zapping log and a broadcast 
schedule, wherein the Zapping log includes records of set top 
box Zapping signatures for at least a portion of the set top 
boxes of the network; deriving set top box signatures from the 
Zapping log and broadcast schedule; clustering viewer pro 
files into groups of viewer profiles using the set top box 
signatures; and associating at least one set top box within the 
network with at least one viewer profile, wherein the method 
of performing unsupervised learning does not use data asso 
ciating demographic or psychographic profiles to the at least 
a portion of the set top boxes of the network for which the 
Zapping log contains records of set top box Zapping signa 
tures. 

0010. Other systems, methods, features, and advantages 
of the present invention will be or become apparent to one 
with skill in the art upon examination of the following draw 
ings and detailed description. It is intended that all Such 
additional systems, methods, features, and advantages be 
included within this description, be within the scope of the 
present invention, and be protected by the accompanying 
claims. 

BRIEF DESCRIPTION OF THE DRAWINGS 

0011 Many aspects of the invention can be better under 
stood with reference to the following drawings. The compo 
nents in the drawings are not necessarily to scale, emphasis 
instead being placed upon clearly illustrating the principles of 
the present invention. Moreover, in the drawings, like refer 
ence numerals designate corresponding parts throughout the 
several views. 

0012 FIG. 1 is a schematic diagram illustrating an 
example of an IPTV network in which the present system may 
be provided. 
0013 FIG. 2 is a flow chart further illustrating the process 
of personalizing advertisements, in accordance with one 
exemplary embodiment of the invention. 
0014 FIG. 3 is a flow chart further illustrating the process 
of identifying and associating consumer profiles to set top 
boxes within a Supervised learning scenario. 
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0015 FIG. 4 is a schematic diagram illustrating an 
example of a cable network in which the present system may 
be provided. 
0016 FIG. 5 is a schematic diagram illustrating an 
example of a satellite network in which the present system 
may be provided. 
0017 FIG. 6 is a schematic diagram illustrating an 
example of a terrestrial network in which the present system 
may be provided. 
0018 FIG. 7 is a flow chart further illustrating the steps of 
the Supervised learning process. 
0019 FIG. 8 is a flow chart further illustrating the process 
of identifying and associating consumer profiles to set top 
boxes within an unsupervised learning scenario. 
0020 FIG. 9 is a block diagram further illustrating func 

tionality of the management application as blocks of logic. 
0021 FIG. 10 is a detailed logical flow diagram illustrat 
ing a sequence of events performed during unsupervised 
learning. 

DETAILED DESCRIPTION 

0022. The present system is capable of learning the view 
ing habits of video viewers by collecting Zapping events and 
other events performed by the viewer. Such videos may be 
viewed via a television, hand held device, computer, or any 
device capable of displaying video. The events may be col 
lected at a set top box, computer, or other device. Alterna 
tively, the events may be collected at a different location, such 
as, but not limited to, at an access multiplexer located in a 
head end, or in a device located separate from the head end. 
The system learns the viewing habits and Zapping habits of 
different population profiles by identifying the viewing pro 
file of a household. 
0023 The system uses supervised or unsupervised learn 
ing functionality for identifying different population profiles, 
and provides a representation of the probability (or another 
form of representation) of each population profile to watch 
any given program and to present a Zapping pattern. The 
probabilities can be utilized as a tool for advertisers searching 
for the demographic profile of the audience of a television 
program, or, using inference functionality described herein, 
to identify the home audience at each household, and the 
specific viewers of a television program. Thereafter, the sys 
tem is capable of supplying personalized content, Such as, but 
not limited to, advertisements, video selections, and other 
content, to the viewers. It should be noted that the following 
description provides an example in which the content is an 
advertisement, however, the invention is not intended to be 
limited to advertisements, but instead, any content that may 
be personalized. 
0024. The present system collects the operations per 
formed by viewers at service decoders, such as, but not lim 
ited to, set top boxes (the term set top box is used hereafter). 
The system then employs unsupervised or Supervised learn 
ing functionality, as described herein, to interpret the opera 
tions at each set top box as the Sum of operations of all viewers 
associated with this set top box. The system learns to identify 
different viewer profiles in the population and associates with 
each set top box and profile a probabilistic model of the 
viewing and Zapping habits of viewers. 
0025. It should be noted that the present system and 
method may be provided within different infrastructures. As 
an example, the following description provides examples of 
using the present system and method in an Internet protocol 
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television (IPTV) infrastructure, in a cable infrastructure, and 
in a satellite infrastructure. While these infrastructures are 
described herein, the present system and method is not 
intended to be limited to these infrastructures. 
0026. While the following describes the present system 
and method in detail it is beneficial to provide certain defini 
tions. 
(0027 Set top box (STB) or service decoder: A set top box 
or service decoder is a device responsible for converting 
digital (or analog) content received into viewable content that 
may be fed into a television set or other monitor. The set top 
box or service decoder may be located at a household or 
another location. 
0028 Platform: A network of service decoders (e.g., set 
top boxes) of a specific television service provider. 
0029 Passive audience identification: Identification of the 
viewer's profiles without any specific actions performed by 
the viewer. 
0030 Zapping event: A Zapping event is an event where 
there is Switching from a current service to another service, 
where the switching is performed by, for example, but not 
limited to, use of a remote control, pushing buttons on the set 
top box, or any action that causes Switching, including, but 
not limited to, Voice commands, or even consumer motions 
without pressing buttons. In addition, a Zapping event may be 
other means for communicating with a set top box. Such as, 
but not limited to, pressing an electronic program guide, 
pressing a Volume button, and other actions involving the set 
top box. 
0031 Zapping pattern: A Zapping pattern is the behavior 
of a viewing individual in terms of Zapping, Such as, but not 
limited to, programs watched, frequency of Zapping events, 
and variance of Zapping frequency. 
0032 Set top box (STB) zapping signature: A set of Zap 
ping events of a particular STB. 
0033 Zapping log: Records of the STB Zapping signatures 
for an entire STB network (Platform) or for part of the net 
work. 
0034 Channel: A stream of programs broadcasted con 
secutively from a content source. 
0035. Program: Content that was broadcasted on a specific 
channel at a specific date and time, whether on demand or 
generally broadcasted. 
0036 Program rating: Percent of viewers that watched the 
program. 
0037 Targeted program rating: Percent of viewers of spe 
cific profile that watched the program. 
0038 Channel rating: Percent of viewers that watched the 
channel during the specified time period. 
0039 Targeted channel rating: Percent of viewers of spe 
cific Profile that watched the channel during the specified 
time period. 
0040 Profile: The classification of an individual into one 
of several population groups that is targeted. Such profiles 
may be, for example, but not limited to, psychographic (for 
example, behavioral) or demographic profiles. Examples of 
Such groups include, but are not limited to, gender, age, 
income, marital status, and possibly also by interests in dif 
ferent fields. 
0041 Learning functionality: Functionality used to 
reduce a large set of observed data and its classification into 
groups to a set of parameters, allowing to reconstruct the 
classification of the majority of the original data and to clas 
Sify similar, unlearned, data, or, to produce a new type of 
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classification. Different relevant learning methods may be 
utilized to provide the learning functionality Such as, but not 
limited to, artificial neural networks, decision trees, k-Nearest 
Neighbor, Quadratic classifier, Support vector machine, direct 
probability estimate using Bayesian inference, Bayesian net 
works, Gaussian estimators, least squares optimization meth 
ods, and other optimization methods. 
0042 Supervised learning: Supervised learning is learn 
ing in which the classification of the observed data is inferred 
from a sample of the data Supplied by an outside source. The 
learning functionality searches for a parameter set allowing 
reconstruction of the classification from the input that later 
can be used for classification of new unlearned data. 
0043. Unsupervised learning: Unsupervised learning is 
learning in which no classification of observed data is given 
(i.e., no sample is provided), and the functionality attempts to 
classify the data into different classes under Some constraints. 
The functionality may use a method, Such as, but not limited 
to, Vector quantization, and various learning methods and 
various optimization methods, to find a reduction of the data 
into representative classes. 
0044 FIG. 1 is a schematic diagram illustrating an 
example of an IPTV network 10 in which the present system 
may be provided. Specifically, FIG. 1 is specific to video on 
demand or personalized advertisements for an IPTV infra 
structure. As shown by FIG. 1, an IPTV head end 20 is 
provided, portions of which communicate with at least one 
customer premises 100A-100D. As is known by those having 
ordinary skill in the art, a head end is the physical location in 
an area where a video signal is received by a provider, stored, 
processed, and transmitted to local customers of the provider. 
One having ordinary skill in the art would also appreciate that 
more than one head end may be provided within a network. In 
addition, a network may have more than one type of head end, 
Such as, but not limited to, a cable head end, a satellite head 
end, an IPTV head end, and a terrestrial head end. 
0045. The head end 20 contains at least a video service 
splicer 30, an advertisements video server 40, a management 
application 50, and an access network multiplexer 60. One 
having ordinary skill in the art would appreciate that the head 
end 20 may have portions in addition to those mentioned 
herein. In addition, while the present description refers to a 
management application, it should be noted that the manage 
ment application is stored on a computer. 
0046. The video service splicer 30 receives video and 
audio services from a satellite dish 70. It should, however, be 
noted that video and audio services may be received by 
devices other than a satellite dish 70, such as, but not limited 
to, a cable network or any device capable of providing video 
to the head end 20. 

0047. The video service splicer 30 is capable of splicing 
personal advertisements into a video service stream, as 
instructed by the management application 50 and as is further 
described in detail hereinbelow. The video service splicer 30 
also receives advertisements from the advertisements video 
server 40. In addition, actions of the video service splicer 30 
are controlled by the management application 50. It should be 
noted that, for the example of an IPTV network, the video 
packets received by the video service splicer 30 may carry an 
Internet protocol (IP) address and a User Datagram Protocol 
(UDP) port number. It should also be noted that the video 
service splicer 30 may instead receive video and audio ser 
vices from a cable fiber. 
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0048. The access network multiplexer 60 is responsible 
for routing video services to transmission units 120A-120D 
that are video services decoders, as explained hereinbelow. 
The transmission units 120 are each located within a cus 
tomer premises 100A-100D. The access multiplexer 60 is 
connected to both the management application 50 and the 
video service splicer 30. Specifically, the access network 
multiplexer 60 may perform, for example, IP and UDP port 
manipulation. It should be noted that the access network 
multiplexer 60 may be, for example, but not limited to, an 
optic multiplexer or a digital Subscriber line access multi 
plexer (DSLAM). From a multicast point of view, as 
described hereinbelow, connection between the access net 
work multiplexer 60 and a set top box 110 may be a shared 
media connection, or any other type of connection, and there 
may or may not be a multicast hierarchy between the access 
network multiplexer 60 and the set top box 110. 
0049. The management application 50 communicates 
with the video service splicer 30, the advertisements video 
server 40, and the access network multiplexer 60. In addition, 
the management application 50 provides the functionality 
required to learn unsupervised profiles in television audi 
ences, as is described in detail hereinbelow. It should be noted 
that in accordance with an alternative embodiment of the 
invention, the management application 50 may instead be 
located within a set top box 110 located within the customer 
premises 100A-100D. 
0050. Each customer premises 100A-100D at least con 
tains a set top box 110A-110D and a transmission unit 120A 
120D. While for exemplary purposes four customer premises 
100A-100D are illustrated, one having ordinary skill in the art 
would appreciate that additional or fewer customer premises 
100A-100D may be provided. The transmission unit 120 is 
capable of receiving advertisement streams and video streams 
and forwarding the streams to an appropriate set top box 110. 
For exemplary purposes, the customer premises 100A-100D 
is illustrated as also containing a computer 130A-130D, 
although a computer 130 is not intricate to the invention. It 
should be noted that while a single set top box is shown as 
being located within a customer premises 100, more than one 
set top box 110 may be located within the customer premises 
100. In addition, in accordance with an alternative embodi 
ment of the invention, the set top box may be a computer or 
any device that can decode a service. For the present example 
of an IPTV network, the set top box 110 receives a video 
service with certain TCP/IP parameters, such as, but not lim 
ited to, IP address and UDP port. It should be noted, however, 
that in a cable network or a satellite network, the set top box 
110 may or may not receive TCP/IP parameters. 
0051. The present system enables editing of online per 
Sonal video so as to provide personalized television adver 
tisements directed toward a viewer presently watching the 
television. As is described in detail below, the present inven 
tion is capable of categorizing a viewer into an advertising 
profile, an example of which is, but in not limited to, a demo 
graphic profile. Within a single customer premises, different 
television viewers may have different profiles. The different 
television viewers may view the same television during the 
day. Each different viewer may be associated with a different 
advertising profile. Such as, but not limited to a demographic 
profile, thus preferably receiving different advertising mes 
sages. As an example, a family structure may be described as 
having an adult male of age 45, an adult female of age 42, a 
male teenager of age 17, a female teenager of age 14, and a 
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male child of age 7. It should be noted that while the present 
description refers to a demographic profile, other types of 
profiles may be provided for. 
0052. During the time that a television viewer consumes 
service transmissions the management application 50 identi 
fies the profile of the viewer. After identifying the profile, the 
application 50 performs personalized advertisements editing 
for that particular profile. When there is a different viewer 
with a different advertising profile that is using the same 
video decoder, the management application 50 identifies the 
profile that the viewer belongs to and performs online per 
Sonalization editing for the advertisements, as described 
below. 
0053. In accordance with the present invention, for both 
Supervised and unsupervised learning, the television consum 
ers, also referred to herein as viewers, are not individually 
identifying themselves to the system. As a result, the system 
is required to identify consumer profiles and to associate the 
profiles with a specific set top box. This process is described 
in detail hereinbelow. Prior to describing this process, agen 
eral process of IPTV advertisement insertion in a broadcast 
environment is described in detail. 
0054. A typical advertisement projection works as fol 
lows. During content consumption the access network mul 
tiplexer 60 receives a video signal and sends the video signal 
to the customer premises 100A-100D using an IP protocol. 
During an advertisement break the video transmissions con 
tinue to be transmitted in multicast, thus there is no person 
alization of advertisements. To instead personalize advertise 
ments, the following is performed. 
0055 FIG. 2 is a flow chart 200 further illustrating the 
process of personalizing advertisements, in accordance with 
one exemplary embodiment of the invention. Any process 
descriptions or blocks in flow charts should be understood as 
representing modules, segments, or portions of code that 
include one or more executable instructions for implementing 
specific logical functions or steps in the process, and alterna 
tive implementations are included within the scope of the 
embodiment of the present invention in which functions may 
be executed out of order from that shown or discussed, includ 
ing Substantially concurrently or in reverse order, depending 
on the functionality involved, as would be understood by 
those reasonably skilled in the art of the present invention. 
0056. As shown by block 202, content is transmitted from 
the head end 20, via the access network multiplexer 60, to the 
set top box 110. An example of a protocol that may be used for 
the transmission is the Internet group management protocol 
(IGMP), which is used by IP hosts to manage their dynamic 
multicast group membership. Of course, other protocols may 
be used. 
0057. In accordance with the present example, a subset, or 
complete set, of the customers that are connected to the access 
network multiplexer 60 are viewing the same video and/or 
audio service (i.e., content). The management application 50 
also continuously identifies the consumers (block 204). It 
should be noted that the management application 50 can 
utilize either online processing or offline processing to deter 
mine a relationship between viewed content (e.g., videos)and 
viewer profiles. Regarding offline processing to identify con 
Sumers, associate the consumers with content, and produce 
reports, in accordance with a predefined schedule, or when 
prompted to do so, the management application 50 reviews 
Zapping patterns, processes the patterns, and associates each 
program viewed from a set top box 110 with a viewer profile. 
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Alternatively, for online processing, during an advertising 
break, the management application 50 reviews only recent 
Zapping events to determine which viewer is presently view 
ing content. Further description of consumer identification is 
provided with regard to FIG.3, FIG. 8, and FIG. 10. It should 
be noted that the information received by the management 
application 50 may be received from a source other than a set 
top box. 
0058. Returning to the flowchart 200 of FIG. 2, the man 
agement application 50 decides which advertisements of the 
advertisement set each consumer should receive (block 206). 
It should be noted that the process of selecting advertisements 
is described in detail herein. 
0059. As shown by block 208, the video splicer 30 then 
splices the advertisements according to the decision of block 
206. Since one having ordinary skill in the art would know 
how a video splicer splices advertisements, further descrip 
tion of the splicing process is not provided herein. As shown 
by block 210, when the advertisement break is over, the 
access multiplexer 60 continues to transmit the multicast 
transmission as it did prior to the advertisement break. 
0060. It should be noted that if during an advertisement 
break the consumer changes the consumed Video service, the 
management application 50 Supplies the new service in the 
same manner. Specifically, if the service transmits content, 
the management application 50 continues to transmit the 
content with the multicast protocol. In addition, if there is an 
advertisement break, the management application 50 may 
splice different advertisements. 
0061. As previously mentioned, the present system pro 
vides a consumer specific advertising environment. This 
environment is provided in part by the providing of online 
multilayer multicast groups between the access network mul 
tiplexer 60 and the set top boxes 110A-110D. The access 
network multiplexer 60 transmits broadcast transmissions 
with multicast protocol to a subset A of the set that is con 
nected to the access network multiplexer 60. In the subset A 
there are different subsets B of consumers watching the same 
channel at a given moment that are connected to the access 
network multiplexer 60. Within a single subset B, consumers 
are associated by their profile for advertising. When there is 
an advertisement break, the access network multiplexer 60 is 
transmitting an additional layer of multicast, where each dif 
ferent subset Bi is receiving different advertisements accord 
ing to the advertisement profile associated with subset Bi. 
Finally, when the advertisement break is over, subset A con 
Sumers continue to watch the same service. 
0062. While the abovementioned provides an example of 
an IPTV network 10, a different infrastructure in which the 
present system and method may be provided includes a cable 
network 400. FIG. 4 is a schematic diagram illustrating an 
example of a cable network 10 in which the present system 
may be provided. While there are similarities between the 
IPTV network of FIG. 1 and the cable network 400 of FIG.4, 
there are also differences, which are described herein. 
0063 Referring the FIG. 4, a cable head end 410 of the 
cable network 400 is very similar to the IPTV head end 20 of 
the IPTV network 10. It should be noted, however, that 
instead of an access network multiplexer 60, the cable net 
work 400 contains an RF interface 410, which may be, for 
example, but not limited to, a quadrature amplitude modula 
tion (QAM) modulator and/or a radio frequency (RF) com 
biner. The cable network 400 provides for individual coaxial 
cables to provide communication capability from the cable 
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head end 410 to individual set top boxes 430A-430H, where 
each set top box is located within a customer premises (CP) 
440A-440H, such as, but not limited to, a home. 
0064. Another example of a network in which the present 
system and method may be provided is a satellite network. 
FIG. 5 is a schematic diagram illustrating an example of a 
satellite network 500 in which the present system may be 
provided. The satellite network 500 contains a satellite head 
end 510 that is similar to the IPTV head end 20, except that the 
satellite head end 510 contains an RF modulation interface 
520. The RF modulation interface 520 is capable of format 
ting and amplifying received data for transmission to a satel 
lite SSO. 
0065. The satellite 550 is capable of reflecting received 
data to satellite dishes 560A-560N capable of receiving data 
signals from the satellite 550. Each satellite dish 560A-560N 
is associated with a customer premises 570A-570N, such as, 
for example, a home. In addition, each customer premises 
570A-570N has at least one set top box 580A-580N located 
therein. 
0066 Still a further example of a network in which the 
present system and method may be provided is a terrestrial 
network. FIG. 6 is a schematic diagram illustrating an 
example of a terrestrial network 600 in which the present 
system may be provided. The terrestrial network 600 contains 
a terrestrial head end 610 that is similar to the IPTV head end 
20, except that the terrestrial head end 610 contains an RF 
modulation interface 620. The RF modulation interface 620 is 
capable of formatting and amplifying received data for trans 
mission to a radio tower 650. 
0067. The radio tower 650 is capable of reflecting received 
data to antennas 660A-660N capable of receiving data signals 
from the radio tower 650. Each antenna 660A-660N is asso 
ciated with a customer premises 670A-670N, such as, for 
example, a home. In addition, each customer premises 670A 
670N has at least one set top box 680A-680N located therein. 
0068. In accordance with the present invention, the man 
agement application 50 identifies the consumer profiles that 
are using video/audio decoders (i.e., set top boxes) in the 
network 10. For exemplary purposes the example of a single 
household having two television sets is provided. Each tele 
vision is connected to a different set top box. A first television 
A is located in the living room and a second television B 
resides in a room for children. 
0069. In accordance with the present example, there are 
three consumer demographic profiles in the household, 
namely: 
0070) 1. Profile 1: Male adult of age 37 
(0071) 2. Profile 2: Female adult of age 34 
0072. 3. Profile 3: Male child of age 8 and male child of 
age 10 
The consumer profiles are associated with the television sets 
as follows: 
0073 Television A profiles 1, 2, and 3 (all the household 
residents are consuming content via television A). 
0074 Television B profile 3 (only the children are using 
television B) The process of identifying and associating con 
Sumer profiles to set top boxes may be separated in accor 
dance with whether a Supervised learning process is used or 
an unsupervised learning process. These two scenarios are 
described separately hereinbelow, although it will be noted 
that certain steps in the processes are similar. 
0075. In accordance with the present example, for both the 
Supervised and unsupervised scenarios, service providers 
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have no knowledge of the profiles existing in the household, 
the location of the television sets in the household, and/or 
associations between the television sets and the profiles. 
Instead, the management application 50 identifies and asso 
ciates the consumer profiles with the set top boxes. 

Supervised Learning 

0076 Reference is now made to the flowchart 300 of FIG. 
3. The flowchart 300 of FIG. 3 further illustrates the process 
of identifying and associating consumer profiles to set top 
boxes 100A-100D within a supervised learning scenario. As 
shown by block 302, to acquire a sample, the service provider 
may send a questionnaire to the consumers. Alternatively, the 
service provider may use any other method of obtaining data, 
Such as, but not limited to, having a telephone conversation. 
The questionnaire may refer to the household demographic 
details, video decoders (i.e., set top boxes), and association 
between the usage of each person in the household and the 
video decoders in the household. As shown by block 304, 
consumers fill out the questionnaire and return the same to the 
service provider. With the return of the consumer question 
naire, it is known which individual profiles and set top boxes 
are associated with a household. 
(0077. As shown by block 306, set top boxes 110 in the 
network 10 record all of the Zapping events that the consum 
ers are creating. In accordance with the present description, 
and as is known by those having ordinary skill in the art, 
Zapping refers to the Switching from the current service to 
another service via use of for example, but not limited to, a 
remote control or pushing buttons on the video decoder. It 
should be noted that this use of remote controls is provided for 
exemplary purposes. Instead, Zapping may be associated with 
Switching initiated by Voice commands, or even consumer 
motions without pressing buttons. 
(0078. As shown by block 308, the set top boxes 110 send 
the Zapping events to the management application 50. The 
management application 50 then associates behavior of con 
Sumers and their Zapping pattern with the households that 
either did not return the questionnaire or that never received a 
questionnaire (block 310). 
007.9 The association process is a learning process, also 
referred to as a business process, which is the process of 
passive platform audience learning and identification, and 
targeted platform rating calculation and analysis. The learn 
ing process is divided into multiple steps, including data 
collection, modeling, learning, identification, analysis, and 
post processing. FIG. 7 is a flow chart 700 further illustrating 
the steps of the Supervised learning process. 
0080 Data Collection 
I0081 Referring to FIG. 7 and the step of data collection, in 
order to perform audience learning, audience identification, 
and targeted rating calculation, certain external data is col 
lected and converted into an internal format (block 702). This 
external data includes the Zapping log, the broadcast sched 
ule, set top box information, and sample information. The 
Zapping log includes the actions that were performed by the 
set top box user using a remote control, directly using set top 
box control buttons, or performing a different action that 
caused changing from a current service to another service, or 
from a current state of the set top box to another state of the set 
top box (e.g., Switching on or off). The broadcast schedule (or 
AsRun) includes, for example, a timetable for the platform 
channels/programs during the Zapping gathering period. It 
should be noted that the broadcast schedule may also include 
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a schedule of video on demand programs, or a schedule of any 
interactive service. The broadcast schedule should be recon 
ciled with the Zapping log in terms of times and channels 
identifications. The set top box information includes the rel 
evant information, for every set top box for which Zapping 
was collected, (e.g., unique set top box identifier and 
address). The set top box information should also be recon 
ciled with the Zapping log in terms of set top box identifica 
tions. 
I0082 Modeling 
0083 Modeling is the process of converting the Zapping 
log into different data models that could be used by different 
learning and identification algorithms, thereby providing a set 
top box signature (block 704). In accordance with the present 
system and method, at least the following data models are 
recognized. A first data model that is recognized is a set top 
box viewing signature. Regarding the set top box viewing 
signature, for each set top box, the list of “watched programs 
could be created based on the Zapping log and reconciled 
broadcast schedule. For each watched program, an aggre 
gated watching percentage is given. As an example, STB1 
watched program number 56, 30%, means that STB1 
watched 30% of the program, on overall (including leaving 
the program and getting back to it), during the whole time of 
broadcast of program number 56. A second data model that is 
recognized is a set top box time signature. The set top box 
time signature is, for each set top box, the list of percentages 
of viewing every channel during the specific time aggregated 
for weekdays. As an example, set top box 1 (STB1) watched 
CNN on Sundays between 12:00 and 13:00, 25%, means that 
during the learning period, the average time that this particu 
lar set top box watched CNN between 12:00 and 13:00 on 
Sundays was fifteen minutes. 
0084. A third data model that is recognized is a set top box 
Zapping frequency signature. Specifically, every profile does 
Zapping with different frequencies. Calculating Zapping fre 
quencies of every set top box during the predefined time 
periods provides a Zapping Frequency Signature. 
0085 Unfortunately, the Zapping data is not noise free. 
Most of the viewers use the remote control in the same fash 
ion, but there is a small minority of users that would use the 
remote control differently. This affects the general Zapping 
frequency, Surfing periods (when the viewer changes the 
channels with high frequency in order to find something 
interesting), etc. In order to handle these irregular behaviors, 
a set of data filters should be applied to the Zapping log prior 
to modeling. 
I0086 Learning 
0087. For supervised learning, learning is a process in 
which the set top box signatures (viewing, time, and/or Zap 
ping frequency), created at the data modeling stage, are used 
with a list of set top boxes and profiles to provide an Asso 
ciation Rule (block 706). The Association Rule provides 
knowledge of how to associate a list of profiles within a 
network to a set top box within the network. The Association 
Rule is determined due to not having received filled out ques 
tionnaires from all parties and wanting to determine unknown 
relationships between profiles and set top boxes. 
0088. It should be noted that during supervised learning, it 

is not determined which profiles are associated with which set 
top boxes. Instead, as mentioned above, an Association Rule 
is determined to provide knowledge of how to associate a list 
of profiles to each set top box. 
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I0089. As mentioned above, during supervised learning 
there is an association of set top box signatures (e.g., viewing) 
for each set top box in the data model to a predefined list of 
profiles, based on a sample, for further use in the identifica 
tion functionality. A sample is a partial list of set top boxes for 
which both the Zapping log and the list of profiles associated 
with each set top box are provided. The sample may be 
provided by an operator of the set top box collection. Pre 
defined profiles can be, for example, but not limited to, demo 
graphic profiles that define gender, age, marital status, 
income level, or psychographic (behavioral) profiles. 
0090 The Association Rule can be applied to any set top 
box in the same network, as is performed during identifica 
tion. An example of a process that may be used to derive the 
Association Rule follows. The management application 50 
contains knowledge of the current consumed service for a 
specific decoder, the profiles (demographic, or behavioral) 
associated with a specific decoder and household, and previ 
ously consumed content for a specific decoder. In accordance 
with the present invention, the management application 50 
uses inference functionality to determine the current viewer/ 
listener profile. The inference functionality defines the cur 
rent profile(s) that is/are consuming the service. 
0091 An example of inference functionality follows, 
where the learning functionality uses Bayes rule. At this 
point, the management application 50 contains knowledge of 
the current consumed service for a specific decoder (set top 
box). In addition, the management application 50 knows the 
demographic profiles associated with a specific decoder and 
household. Further, the management application 50 knows 
previously consumed content for a specific decoder, specifi 
cally, the short-term history. The management application 50 
may then use the inference functionality to determine the 
current viewer/listener profile. 
0092 An example for the inference functionality using 
Bayes rule is provided hereinafter. In the learning algorithm, 
data collection determines the distribution of the consumed 
content as a function of the classification of the viewers/ 
listeners at the household. In addition, using the data in con 
junction with the Bayes rule, the probability that the house 
hold contains a viewer/listener belonging to each 
demographic profile is estimated. Data utilized to perform 
this process includes probabilities of each consumed service 
for households containing each of the demographic profiles, 
as well as probabilities of each consumed service for house 
holds not containing each of the demographic profiles. 
0093 Bayes rule reads as shown by equation 1 below. 

(Eq. 1) 

In equation 1, P (F1 . . . FnC) is the probability that a 
household containing a certain profile (C) consumes the list 
of services F1 ... Finand does not consume any other service. 
In addition, P (F1 ... Fn-C) is the probability that a house 
hold not containing a certain profile (C) consumes the list of 
services F1 ... Fn and does not consume any other service. 
Further, P(C) is the probability that a household contains 
profile C, regardless of the services consumed and P(-C) is 
the probability that a household does not contain profile C, 
regardless of the services consumed. 
(0094) P(F1... FinC) and P(F1... Finl-C) may be approxi 
mated as the products P(F1|C)*...*P(Fn|C) and P(F1-C)* 
... *P(Fn-C) respectively, which may be calculated directly 
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from the statistics gathered for the sample population. Better 
approximations may be obtained by considering correlations 
between services and between profiles in a household. From 
the above calculation, the result is the probability, P(CIF1 .. 
. Fn) that a household contains profile C, given the list of the 
household consumed services. The collection of all values 
P(CIF1 . . . Fn), calculated for the whole of sample set top 
boxes represents the Association Rule used for the identifi 
cation step, applied to each set top box in the network, which 
was not part of the sample set top boxes. In addition, from this 
calculation, the result is the probability that a certain indi 
vidual viewer from a specific profile used the set top box. 
0.095 Inaccordance with an alternative embodiment of the 
invention, a sample may be provided, and post processing 
may be provided to associate content with profiles. Specifi 
cally, a sample may include at least one profile, a set top box 
associated with the profile, and Zapping information associ 
ated with the set top box. Post processing may then be per 
formed on the sample to determine which content (e.g., adver 
tisement) is most appropriate for providing to the consumer 
associated with the profile. As a result, in accordance with this 
alternative embodiment of the invention, the learning process 
is not required. 
0.096 
0097 Identification is a process of recognition of a list of 
profiles as being associated with a certain set top box (STB), 
based on the learning results. Every set top box in the network 
should be assigned with at least one profile (demographic, or 
behavioral). It is conceivable to assume that in front of a set 
top box, mostly there is more than one active profile and there 
are cases where the same profile should be associated a few 
times to the same set top box. Thus, for each set top box there 
should be assigned one or more profiles. For example, a 
young couple (male & female) between the ages of 20-30 that 
are living together would produce 2 profiles, specifically, one 
for the female and the other for the male. As another example, 
if a specific household has two boys of the ages seven and 
fourteen, the boys may both be assigned to an appropriate set 
top box as the same profile, “Male 6-18.” 
0098. To determine the list of profiles associated with a set 
top box, the Association Rule is mathematically applied to the 
list of set top box signatures (block 708). 
0099 Analysis 
0100 Analysis is the process of breaking down and study 
ing the results of learning and identification in order to esti 
mate possible identification errors, provide a set of different 
factors and amendments for post processing, association of 
definition of profiles by signatures to a third party definition, 
and any other functionality resulting from studying the learn 
ing and identification results. 
0101 The identification error analysis may be performed 
via mathematical modeling means and/or via simulation (em 
pirical) means. For example, estimation of expected identifi 
cation errors may beachieved via applying the learned results 
to a part of the sample and simulating the identification 
results. 

0102 Post Processing 
0103 Post Processing is the process of calculating the data 
required for presentation to potential customers, such as, 
targeted rating. Post processing also includes reporting and 
analyzing based on results of identification. The aforemen 
tioned list of results is obtained via post processing function 
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ality described hereafter. Such functionality may be provided 
by, for example, algorithms. Post processing may be utilized 
to calculate the following data, although post processing cal 
culation is not intended to be limited to calculating only this 
data; rather, by post processing any calculation done with the 
use of the results obtained from the learner and/or identifier is 
referred to as a post processed calculation/algorithm. Tar 
geted Rating 
0104. The targeted rating of a content per profile may be 
calculated (e.g., using optimization algorithms, see example 
herein below) of the learned and identified data, or of any 
independent data (e.g., obtained only from the sample) as 
long as it contains information about the set top box signa 
tures (e.g., viewing signatures) and the profile(s) associated to 
each set top box in the input. A content may be, for example, 
but not limited to, a program. If the network covers more than 
one region; and information on the regions in which the 
different set top boxes in the network reside, a regional tar 
geted rating (RTR) may be calculated using similar methods 
to the method described below. In addition, (regional) tar 
geted rating of high resolution time steps (e.g., per each 30 
seconds) may be calculated for each specific channel and 
profile. 
0105. The output of the targeted rating functionality is the 
percentage of each pre-defined profile that watched each of 
the contents, for example, programs, in the aggregation of the 
set top box signatures, for example, viewing signatures (see 
an example table below). An example of a method to calculate 
targeted rating given a list of set top boxes with viewing 
signatures and profile(s) associated to each one of them can be 
given via the use of a linear regression optimization algo 
rithm: assuming that multiplying the set of parameters repre 
senting the association of profile(s) to set top boxes (letus call 
it A) by the aggregation of targeted rating probabilities of 
each of the profiles per each program watched by at least a 
portion of the set top boxes of the network for which the 
Zapping log contains records of set top box Zapping signa 
tures (the yet unknown and desired output, let us call it B) 
corresponds to the parameters representing the aggregation of 
the set top boxes viewing signatures (part of the input, let us 
call it C), a minimization algorithm on the squared norm of 

(AB-C) (Eq. 2) 

is then performed (a random initial guess is provided to the 
algorithm for the values of B). In other words, given A and C, 
the output of applying this algorithm is the set of probabili 
ties, B, representing the probability of each profile to watch 
each of the programs broadcasted to the collection of set top 
boxes. An example table for Such an output is presented 
below: 
If the pre-defined profiles are: 
0106 1. Female of age 30-55 with high income. 
0107 2. Male of age 18-40 with average income. 
0108. 3. Male child of age 6-16 with low income. 
0109 4. Female child of age 6-16 with average income. 
0110 And the list of programs (as specified in the viewing 
signatures) is: 
0111 1. Saturday night live. 
0112 2. Lost. 
0113 3.24. 
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Then the targeted rating (TR) output would be the following 
table: 

Rating (in 96 of each 
Program ID Profile ID profile) 

1 1 O.S9/o 
2 190 
3 O.01% 
4 O.04% 

2 1 3% 
2 1.54% 
3 O.01% 
4 O 

3 1 2.31% 
2 2.11% 
3 O 
4 O 

Content to Profile Assignment 
0114. In addition to a targeted rating of a content (for 
example, program) per profile, a content to profile assignment 
(C2P) may be determined. Content may be, for example, but 
not limited to, a program. The present description provides an 
example for illustration purposes only. Similarly an assign 
ment of any content in a specific time slot to a specific profile 
in the household that consumed this content may be made. 
Obtaining a content to profile assignment involves determin 
ing for each program that was watched by a certain set top 
box, which is the specific profile, of the profiles associated to 
this set top box, that watched the program. This can be done, 
for example, via use of algorithms applying algebraic 
manipulations to the sets of parameters representing the 
aggregation of viewing (or other) signatures of the set top 
boxes (such as C above), the parameters representing the 
association of profile(s) to set top boxes (e.g., A above) and 
parameters representing targeted rating probabilities (e.g., B 
above). 

Total Viewership 

0115 Further, a total viewership may be calculated (using, 
e.g., a program—time slot map and applying to it a calcula 
tion algorithm which utilizes data obtained in the previous 
steps described here), which is the calculation of total aggre 
gated viewing activities for each of the pre-defined profiles 
(these may be demographic or behavioral), during a twenty 
four hours period for each week day. 
0116 For example, having the association of profile(s) 
with each set top box, represented as a set of probabilities 
(either obtained as an output from the learning and identifi 
cation steps or given from an outside source), and given the 
set top box signatures (e.g., as an output from the data mod 
eling stage), given in addition the broadcasting time table 
(showing for a pre-defined period of time at which time and 
date and for which duration each program was broadcasted), 
the following calculation is performed. 
0117 The data is aggregated and modulated in such a form 
that for each day of the week (24 hours) it is calculated how 
many of each of the pre-defined profiles watched any content 
during each of the pre-defined time intervals. For example, if 
the period decided upon is three months and there were 12 
Sundays during this period, the 24 hour period is divided to 
intervals of 15 minutes and for each such interval it is calcu 
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lated (using the set top box signatures and the data mentioned 
above) how many times each of the pre-defined profiles 
watched any content during each of the 15 minute intervals 
aggregated for all 12 Sundays on a 24 hours span. Then this 
information is presented in a graph showing the viewing 
peaks during a 24 hour Sunday divided to 15-minute slots per 
each profile. This is done for each day of the week (aggre 
gated to the number of time this weekday appeared during the 
three months period). 
0118. In addition to the abovementioned, a targeted rating 
distribution may be determined, which involves, for every 
channel, for every profile, calculating the rating of the chan 
nel for every brief period of time (e.g., thirty seconds), for 
every minimally defined region. Further, a viewership flow 
may be determined, which includes, for every channel, cal 
culating the number (or percentage) of viewers of every pro 
file that join and leave the channel during every short period 
of time (e.g., thirty seconds), for every minimally defined 
region. Still further, creative reports may be determined such 
as, for example, during an advertisement break, for each 
second, calculating the rating and viewership flow. All the 
aforementioned are merely examples of the post processing 
possibilities. 
0119. In the supervised case, with the knowledge gained 
by the functionality of block 310, for any households that did 
not fill out the questionnaire, the management application 50 
uses identification functionality to associate the rest of the set 
top boxes 110 with the profiles that are using the set top boxes 
110 (block 312). An example of the functionality, which is 
used as a basis for Such an identification functionality, is 
provided herein below. It should be noted that different rel 
evant learning methods may be used to perform the identifi 
cation functionality. Examples of such learning methods may 
include the use of any one of the following, or other learning 
methods: Bayesian learning, various statistical methods, arti 
ficial neural networks; decision trees; k-nearest neighbor; 
quadratic classifier, Support vector machine; various optimi 
zation methods, and direct calculation of probabilities. Of 
course, other learning methods may be used and are intended 
to be included within the present description. 

Viewership Flow 
0.120. Using the identified profiles data and high-resolu 
tion time signatures, a viewership flow may be calculated. It 
should be noted that a high-resolution time signature is a 
representation of which channel each set top box watched 
during each time step of a specific time interval, such as, but 
not limited to, thirty seconds. In addition, a viewership flow is 
the number of viewers of each profile that left or joined 
watching a specific channel during each time interval (e.g., 30 
seconds), during a day or any pre-defined time interval. 
I0121 Viewership flow may be calculated using, for 
example, but not limited to, a high resolution regional tar 
geted rating, in addition to the data of signatures and lists of 
profiles associated with each set top box. 
0.122 Calculation of viewership flow is performed in a few 
steps. It should be noted that the following is an example of 
steps that may be used to calculate viewership flow, however, 
the following example is not the only way to calculate view 
ership flow and this example is not intended to be limiting. As 
a first step, the high resolution regional targeted rating is 
calculated. Calculation of the high resolution regional tar 
geted rating provides, per each channel and per each viewer 
profile, the percentage of viewers of this viewer profile that 



US 2009/0055859 A1 

watched this channel per each time interval (for example, 30 
seconds) during each day of a specified period. Such targeted 
rating may be calculated, for example, but not limited to, 
using a method similar to the method described in the targeted 
rating section of the present description, where the word 
program is replaced by channel per time interval. 
0123 To calculate viewership flow, the differences 
between the targeted ratings of same viewer profiles, per 
different time intervals, may be calculated to record the 
change in number of viewers of each profile between Succes 
sive time intervals. Moreover, using for example, but not 
limited to, the method described above as content to profile 
assignment, the number of viewers that left or joined the 
viewers of each channel at each time interval may be calcu 
lated. To Summarize: the viewership flow application may 
contain various descriptions of changes in viewers per chan 
nel per time interval. For Examples of the abovementioned 
include, but are not limited to, targeted rating and the changes 
in targeted rating per time interval, and number of viewers of 
each profile who left or joined the viewers of the channel at 
each time interval. 

Unsupervised Learning 

0.124 Reference is now made to the flowchart 800 of FIG. 
8. The flowchart 800 of FIG. 8 further illustrates the process 
of identifying and associating consumer profiles to set top 
boxes 100A-100D within an unsupervised learning scenario. 
It should be noted, that unlike with supervised learning, with 
unsupervised learning no sample relating viewer profiles to 
set top boxes is provided. Moreover, the type of viewer pro 
files might be unknown at the stage of the learning. As a result, 
the viewer profiles must be determined. It should be noted that 
different types of viewer profiles may exist, including, but not 
limited to, demographic and psychographic types of viewer 
profiles. For example, for the psychographic type of viewer 
profile, the profile may contain multiple categories, such as, 
but not limited to, watching habits, purchasing behavior, 
Social class, lifestyle, opinions, and values. 
0.125 To determine viewer profiles one of many methods 
may be used. Such as, but not limited to, using clustering 
algorithms to find common denominators within a population 
in association with viewing habits of the population. An 
example of a method that may be used for profile learning and 
determination is provided below. 
0126. As shown by block 802, set top boxes 110 in the 
network 10 record all Zapping events created by the consum 
ers. The set top boxes 110 send the Zapping events to the 
management application 50 (block 804). It should be noted 
that the Zapping events include an identification of the set top 
box from which the Zapping events were derived. The man 
agement application 50 then associates behavior of consum 
ers and their Zapping patterns (block 806). 
0127 FIG. 9 is a block diagram further illustrating func 

tionality of the management application 50 as blocks of logic. 
As shown by FIG.9, the management application 50 contains 
modeling logic 902, learning logic 904, identification logic 
906, analyzer logic 908, profiles determination logic 910, 
post processor logic 912, and reporting logic 914. The logic of 
the management application 50 is further described in detail 
with regard to the logical flow diagram of FIG. 10. 
0128 FIG. 10 is a detailed logical flow diagram illustrat 
ing a sequence of events performed during unsupervised 
learning. The Zapping log and the broadcast schedule (arrows 
1) are the inputs to modeling functionality of the management 
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application 50, the output of which is a collection of set top 
box signatures (arrow 2), wherein the collection of set top box 
signatures includes a signature for each set top box in the 
network. The set top box signatures may be one of multiple 
classes of signatures, wherein the classes of signatures 
include viewing signatures, time signatures, and Zapping fre 
quency signatures. Each set top box in the network may have 
multiple signatures, wherein the signatures for a single set top 
box are selected from the classes of signatures. In fact, for 
example, a single set top box may even have one or more of 
each class of signature. Each such set top box also has a 
unique identification (ID). Viewing signatures are vectors of 
all the programs watched during a specified period by each of 
the set top boxes in the network. 
I0129. The set top box signatures are the input used by 
learning functionality (arrow 3) of the management applica 
tion 50. The learning functionality clusters profiles into 
groups of profiles that are yet unresolved. It should be noted 
that an unresolved profile is a profile for which a type is not 
yet known. Specifically, the learning functionally, which is 
further described in detail below under the section entitled 
“learning, is capable of using the set top box signatures and 
determining relationships between profiles to derive clusters 
of profiles, where a type of a profile is not yet known. As an 
example, an optimization algorithm may be used to cluster 
the profiles into groups of unresolved profiles, an example of 
which is illustrated below. The learning step may be per 
formed a few times, to determine the number of existing 
profile groups available for identification from viewing sig 
nature data. This may be done by, for example, but not limited 
to, throwing out, after each iteration, the profile groups that 
have similarity to each other, which is greater than a pre 
defined threshold. 

0.130. As previously mentioned, the output of the learning 
functionality of the management application 50 is clusters of 
yet unresolved profiles (arrow 4). The clusters of the yet 
unresolved profiles, together with a profile description (ar 
rows 5), are the input to the profiles determination function 
ality of the management application 50. 
I0131 The profiles description is a classification, or defi 
nition, of profiles of viewers by groups that associates 
between, for example, viewing habits and purchasing habits 
of individuals. The profiles description is provided by an 
external Source. Such as, but not limited to, a single source 
researcher. It should be noted that the profile description input 
is some external definition of profiles that is fed to the system. 
0.132. The profiles determination functionality performs a 
match between the profiles found by the learning functional 
ity (unresolved profiles) and the profiles description from the 
external source, which determines whether to match the pro 
files to demographic clustering or to a specific psychographic 
clustering, for example, by consuming habits. The profile 
determination with respect to a given profile description may 
be done, for example, by performing a standard best match 
procedure on each of the profiles in both groups (unresolved 
and pre-defined) and by finding the best possible match to 
each profile from the unresolved group from the defined 
profiles. It should be noted that sometimes one unresolved 
profile might fit to two described profiles andvise versa—two 
or more unresolved profiles can match one profile from the 
described profiles group. 
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0133. The output of the profiles determination functional 
ity are the resolved profiles (arrow 6), which are the input, 
together with the set top box signatures, to an identification 
functionality (arrows 7). 
0134. In accordance with an alternative embodiment of the 
invention, the learning and the profiles determination func 
tionalities may be performed simultaneously by combining 
these two functionalities (learning and profile determination) 
of the management application 50 into one. In accordance 
with this embodiment, the profiles description and the set top 
box signatures are both fed as inputs to the learning and 
profiles determination functionalities (arrows 3 and 5). In this 
case, the learning and profiles determination functionalities 
are performed together. The output of the learning and pro 
files determination functionalities is resolved profiles (arrow 
6). In the case of combining these two functionalities, direct 
ing the learning process toward the input profiles description 
may be done by, for example, but not limited to, feeding the 
described profiles as an initial guess to the optimization pro 
cess and using the number of the defined profiles as the 
number of profiles to found. 
0135 The resolved profiles are sometimes used together 
with the set top box signatures as an input to the identification 
functionality of the management application 50 (arrows 7), to 
associate each set top box in the network with at least one 
profile, during which, for example, a quantization process 
may be performed and each set top box in the network may be 
associated with at least one profile. 
0.136. A quantization process is a process during which, 
rather than having a continuous range of probabilities of 
having each of the profiles associated with Some set top box, 
some profiles would be decided as not associated to that set 
top box (due to having a too small probability of being asso 
ciated), while other profiles would be decided as being asso 
ciated (with some higher probability, or 1). A quantization 
process may be performed by, for example, calculating a 
statistical constant related to the association of profiles to set 
top boxes (see detailed explanation below) and performing 
rounding steps. A quantization procedure may be performed 
at various steps of the learning and identification process. 
0.137 The identification of lists of profiles associated with 
each set top box in the network may be performed by, for 
example, but not limited to, combining the association rule 
between unresolved profiles to set top boxes and the associa 
tion rule between resolved and unresolved profiles to create 
an association rule associating lists of resolved profiles to set 
top boxes. For example, the association rules may be matrices 
of parameters and the application of the association rules may 
be performed, by using matrix multiplication. 
0.138. The output of the identification functionality (arrow 
8) is the identification of which profile(s) uses each of the set 
top boxes in the network. In other words, the output is an 
identification of at least one profile associated with each set 
top box in the network. 
0.139. The profiles description, set top box signatures, and 
profiles associated with each set top box (arrows 9) are fed to 
analyzer functionality of the management application 50, the 
output of which is an estimation of identification quality and 
error estimation (arrow 11). Specifically, the analyzer is a 
self-assessment tool of the management application. The 
analysis in the case of unsupervised learning is performed 
with respect to the profiles definition input. The output of the 
analyzer may be, for example, the quality of the ability of the 
system to classify the profiles into groups according to the 
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given profile definition, ranking the quality of the input data in 
view of desired output versus the actual output, and error 
estimation regarding the accuracy of the identification pro 
CCSS, 

0140. The estimated errors may be, for example, the 
expected deviation from the actual situation, and false posi 
tive and false negative identification rates. Moreover, corre 
lations between the different profiles groups may be calcu 
lated, thereby providing information regarding identification 
possibilities of certain profiles with respect to their correla 
tions with other profiles. This may be done, for example, by 
performing comparison of results with known statistics, or by 
comparing results obtained for all of the network with results 
obtained from a well representing Subgroup of the network. 
0.141. The identified profiles associated with a set top box 
are fed as an input, together with the set top box signatures 
(either the same ones used for the learning and identification 
functionalities, or others, such as time signatures or high 
resolution time signatures) and additional set top box data, if 
required, to post processor functionality of the management 
application 50 (arrows 12). The post processing functionality 
computes various data, Such as: regional targeted rating 
(RTR), content to profile assignment (C2P), total viewership 
and viewership flow. A description of these functionalities 
was presented above. Note that the computation of the func 
tionalities of the post processor may remain the same for data 
(associating lists of profiles to set top boxes) obtained via 
Supervised learning, unsupervised learning, or an external 
SOUC. 

0.142 Reporting functionality of the management applica 
tion 50 uses the computed data to produce business and other 
reports (arrow 13). As with the supervised scenario, the asso 
ciation process, also referred to as the learning and identifi 
cation process, is divided into multiple steps. The steps in the 
association process include data collection, modeling, learn 
ing, profiles determination, identification, analysis, and post 
processing. Of the multiple steps, usually the data collection, 
modeling, analysis and post processing remain the same for 
both the Supervised and unsupervised processes. The main 
difference in the Supervised and unsupervised processes is in 
the learning step, which may also include a profile determi 
nation step, and which may inflict some differences in the 
identification steps. Note that the steps of learning, profile 
determination, and identification are sometimes called here 
for short, “unsupervised learning. The unsupervised learn 
ing process is further defined herein below. 
0.143 Learning 
014.4 For unsupervised learning, each set top box signa 
ture is learned to be associated with a certain list of unre 
Solved profiles defined solely using the set top box signatures. 
Examples of such set top box signatures include, but are not 
limited to, viewing signatures, time signatures, high resolu 
tion time signatures, and Zapping frequency signatures. It 
should be noted that the main difference from the supervised 
learning process is that no sample is provided in this case. An 
unsupervised learning algorithm receives the set top box sig 
natures only as an input, resulting in a classification of pro 
files into, for example, a certain type of psychographic (for 
example, behavioral) or demographic profile groups. After 
the first step (unless the steps of learning and profile resolving 
are combined) the resulting learned profiles are usually yet 
unresolved, meaning that their nature is yet to be resolved. 
0145 Examples of unsupervised learning algorithms 
include, but are not limited to, least squares algorithms and 
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algorithms that provide minimization via steepest decent. 
Other outputs from the learning algorithms include an asso 
ciation of profiles to set top boxes and obtaining a targeted 
rating of the defined profiles at the same time, thereby pro 
viding a probability that a profile is associated with a set top 
box. 

0146 The following is provided as an example of an unsu 
pervised learning algorithm. An input to the unsupervised 
learning process is the collection of set top box signatures, 
which is the output of the data modeling process. Assume as 
an example that these are viewing signatures (although these 
might be time signatures, etc.), where we denote their para 
metrical representation by a matrix C. For example, each row 
of the matrix C may refer to one set top box, and each column 
of the matrix C may refer to, for example, but not limited to, 
one program, where the entries of matrix C may be, for 
example, the portions of the programs that each set top box 
watched, or, for example, the probabilities with which each of 
the set top boxes represented in matrix C watched each of the 
programs represented in matrix C. Let us denote by a matrix 
A the collection of probabilities, representing viewer profiles 
association to the set top boxes, where the entries of the 
matrix A are the probabilities of each of the viewer profiles to 
be associated with each of the set top boxes. Note that the 
viewer profiles might be yet unresolved viewer profiles at this 
stage. Let us denote by the matrix B, targeted rating prob 
abilities. Both A and B are unknown in the case of unsuper 
vised learning. To obtain the desired outputs A and B, we use, 
for example, but not limited to, the following method. We 
minimize the squared norm of the difference (AB-C) (see 
equation3), to obtain the approximation of the matrix C as the 
product AB. For this, we are using, for example, but not 
limited to, a convex optimization algorithm (or, for example, 
Some other nonlinear minimization algorithm) under various 
constrains, such as, but not limited to, that each quantity in A 
is greater than Zero and Smaller than one, and each quantity in 
B is greater than Zero and smaller than, for example, 0.5. The 
following description further describes this process. 
0147 Following this example, to determine a possible 
algorithm for achieving the minimization of the squared norm 
of the matrix (AB-C), (see equation 3), considered above, it 
is assumed that the population consists of viewers that can be 
divided into several groups of different profiles, where each 
viewer may belong to one or more group of viewers profiles. 
Each Such group of profiles is associated, for example, with a 
behavior pattern in terms of watching habits, where the pat 
tern consists of for example, but not limited to, the viewing 
signatures and the targeted rating per content and per each 
profile, where the targeted rating for the profile is the prob 
ability of a viewer of this profile watching each program, or 
some other definition of content. 

0148 Since usually the number of all possible profile 
groups is low compared to the number of programs and set top 
boxes in the network, one is actually looking for a low rank 
approximation of the matrix C, the term low rank (of matrices 
A and B) refers in this case to the fact that the number of 
different profile groups is smaller than the dimensions of C. 
representing for example the number of programs and the 
number of set top boxes in the network, where due to this low 
rank the matrices A and B may be obtained using this approxi 
mation. One approach to obtaining a low rank approximation 
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of the matrix C is to search for the matrices A and B that 
minimize the squared norm of the matrix (AB-C). This can be 
done using, for example, a convex optimization method on 
the quantity of equation 3, which reads: 

n = |AB - CII’ (Eq. 3) 

-X (XA B-C) 
=Trace(AB-C) (AB-C)) 

where n denotes the squared norm of (AB-C), and trace is a 
known operation on a matrix providing the Sum of the diago 
nal. In order to minimize this efficiently, one may use the 
derivatives of equation3, described in equations 4 and 5, each 
of which read as follows: 

n n T (Eq. 4) 
a A. 22, (AaB, -Cat)B = , = 2(AB-C)B 

and correspondingly, 

(Eq. 5) 

014.9 The second derivatives may also be calculated in 
order to perform this minimization and they are given by the 
combination of equations 6, 7, and 8 below: 

9 -20. BB' (Eq. 6) 
aAA (BB) 

6°n = 20. (AA (Eq. 7) 
a B.B. bd ( ac 

6°n (Eq. 8) 
aA.B., = 2ABhd +20 (AB-C) 

Using any standard convex optimization technique and the 
derivatives above with the (convex) constraints 0s A.B.,s1, 
a solution of the optimization problem may be found, where 
the joint dimension of the matrices A and B is chosen as the 
desired, or expected, number of profiles. 
0150. The matrix A is to be understood as the set of prob 
abilities of association of each of the profiles per each of the 
set top boxes and the matrix B is the targeted rating matrix. 
Since the matrix A is expected to contain binary quantities 
(either a profile exists in a household or not), and since the 
optimal solution is defined up to a multiplicative constant for 
each profile, it is desirable to find a good quantization crite 
rion for A. 

0151. Instead of the above-described example, for the 
unsupervised learning algorithm, one may consider the 
slightly more complex example described below. Moreover, 
these alternative ways may be used to address specific differ 
ent cases and the present invention is not limited to these 
examples. An example of an alternative way is, instead of 
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minimizing the squared norm of the matrix (AB-C), mini 
mizing the squared norm of (B-(A')C), denoted herein by m: 

(Eq.9) 

In addition, it is also possible to minimize the squared norm of 
(A-C(B)), denoted by V: 

(Eq. 10) 

where A' denotes the pseudo-inverse of the matrix A, and B" 
denotes the pseudo-inverse of the matrix B. For example, the 
Moore-Penrose pseudo-inverse may be used. This enables a 
reduction of the dimensionality of the problem as the dimen 
sions of the later matrices are usually much smaller than of the 
matrix (AB-C). Further, this approach creates a sharper dis 
tinction between the probabilities in A (desired to be binary) 
and of B (usually Small probabilities representing targeted 
rating) in the minimization process. The pseudo-inverse of a 
matrix is unique in mathematical terms, hence minimizing 
equations nine or ten is well defined. In the case of minimiz 
ing, for example, the quantity m, one would need to use the 
derivatives 

which involves calculating derivatives of the form 

where: 

(Eq. 11) 
(A'A'), 0. - A.A. - (A' A')(AA) 6. ef 

The result of applying the derivative in equation 11 to obtain 
the derivatives 

So as the second derivatives, of the quantity m, results in 
slightly longer expressions than the derivatives presented 
above, in equations 4-8, but similar in nature. 
0152 Moreover, instead of using convex minimization 
routines, we may use various nonlinear minimizations with 
slightly altered constrains to minimize the squared norms of 
the differences above. 
0153. An initial guess, for example, but not limited to, a 
random guess, is given to the algorithm for any of the proba 
bilistic quantities in A and B. Additional constrains may be 
given to the algorithm to increase its accuracy. Of course, 
other optimization (or learning) algorithms may be used. The 
output is a set of probabilities, A, associating groups of pro 
files to the set top boxes, which later may be quantized and/or 
resolved (using, when needed a profile resolving procedure 
and quantization), and a set of probabilities, B, providing the 
targeted rating for each (for example) program and each pro 
file (also to be used in the profile resolving scheme when 
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needed). It should be noted that the targeted rating may be 
re-calculated during the post-processing to increase the accu 
racy. 
0154 It should be noted that the abovementioned 
examples, equations, and functionalities are based upon the 
general premise that matrix C can be approximated by matrix 
A multiplied by matrix B. Of course, further examples for 
achieving Such approximation may be provided and Such 
examples are intended to be included within the present 
invention. 
(O155 Quantization 
0156 The quantization step is typically, but not necessar 

ily, to be used after the learning and profile determination 
stage, in the identification functionality, or a few times during 
the steps of learning, profile determination, and identifica 
tion. 
0157. One approach to finding the quantizing constants (a 
set of constants that each of the probabilities relating each of 
the found profiles to set top boxes should be divided by to 
determine whether a certain profile should indeed be associ 
ated with a certain set top box or not) is to assume that A is 
approximately a binary matrix with a constant multiplicative 
factor per column, S, (1sis number of profile groups), or in 
other words, assume that each of the i profile groups has its 
own quantization constant. Since the entries are Supposed to 
be binary quantities, one expects the following from calcu 
lating the mean and variance using the binomial distribution, 
as shown by equations 12 and 13. 

at ai il p (Eq. 12) 

where N is the number of set top boxes in the network, p is the 
probability that a profile is associated to a set top box, and 
q-1-p. Solving equation 12 and equation 13 for s, dividing 
A/S, and rounding to a pre-defined threshold, leads to an 
association rule, associating each of the profiles (resolved or 
yet unresolved) to each of the set top boxes. 
0158 Profile Determination 
0159 Profile determination, or resolving, is a process that 
defines the nature of identified profiles. During profile resolv 
ing, profiles definition, for example from a single source 
research results, such as, but not limited to, viewing habits 
and behavior, may be used as inputs. In addition, the profile 
list and targeted rating of defined profiles may be used as 
inputs. The inputs are provided to a resolving algorithm 
resulting in profile descriptions that describe each profile in 
the list. 
0160 The single source research addresses a focus group 
that answers a questionnaire. There are two groups of ques 
tions in this questionnaire, namely, a first group and a second 
group. The first group refers to identity of a person, examples 
including behavior (i.e., purchasing behavior, rest and relax 
ation preferences, etc) and demographic profile of the 
answering person. The second group refers to media con 
Sumption, for example, about the time a person would watch 
television each day of the week and his preferred shows. 
0.161 The single source research associates the media 
consumption habits with other habits, such as, but not limited 
to, purchasing habits and preferred vacation habits. The out 
put of the single source research is a set of profiles and their 
habits, while each profile is associated with its media con 
Sumption habits. The resolving algorithm finds the best cor 
relation between two sets of data, namely, for example, the 
media consumption habits of the focus group; and, for 
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example, the targeted rating of the defined profiles (the output 
of the unsupervised learning algorithm). Therefore, the 
resolving algorithm has the capability of defining the traits of 
the learned profile in the unsupervised algorithm. 
0162. In accordance with the present invention, after the 
learning and identification are performed, the management 
application 50 knows online, or offline, the current psycho 
graphic or demographic profiles that are consuming content 
for at least a portion of the set top boxes of the network for 
which the Zapping log contains records of set top box Zapping 
signatures. The information regarding the current demo 
graphic/psychographic profiles that are consuming content 
for set top boxes within the network for which sufficient input 
was received, may be the basis for personalized advertise 
ments deployment in accordance with the present invention. 
0163. It should be emphasized that the above-described 
embodiments of the present invention are merely possible 
examples of implementations, merely set forth for a clear 
understanding of the principles of the invention. Many varia 
tions and modifications may be made to the above-described 
embodiments of the invention without departing substantially 
from the spirit and principles of the invention. All such modi 
fications and variations are intended to be included herein 
within the scope of this disclosure and the present invention 
and protected by the following claims. 

We claim: 
1. A method of performing unsupervised learning to asso 

ciate viewer profiles in video audiences of a network, com 
prising the steps of: 

receiving a Zapping log and a broadcast schedule, wherein 
the Zapping log includes records of set top box Zapping 
signatures for at least a portion of the set top boxes of the 
network; 

deriving set top box signatures from the Zapping log and 
broadcast schedule: 

clustering viewer profiles into groups of viewer profiles 
using the set top box signatures; and 

associating at least one set top box within the network with 
at least one viewer profile, 
wherein the method of performing unsupervised learn 

ing does not use data associating demographic or 
psychographic profiles to the at least a portion of the 
set top boxes of the network for which the Zapping log 
contains records of set top box Zapping signatures. 

2. The method of claim 1, wherein said Zapping signatures 
include events where there is a Switching from a current 
service to another service and/or other means for communi 
cating with the set top box. 

3. The method of claim 1, further comprising the step of 
determining a targeted rating of a content per profile and a 
regional targeted rating. 

4. The method of claim 1, further comprising the step of 
determining a total viewership. 

5. The method of claim 1, further comprising the step of 
determining a viewership flow per a pre-defined time step. 

6. The method of claim 1, further comprising the step of 
determining a content to profile assignment. 

7. The method of claim 1, wherein the set top box signa 
tures comprise at least one signature for each set top box in the 
network. 

8. The method of claim 7, wherein the set top box signa 
tures may include at least one class of signature selected from 
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the group consisting of viewing signatures, time signatures, 
high-resolution time signatures, and Zapping frequency sig 
natures. 

9. The method of claim 1, wherein the groups of viewer 
profiles resulting from the step of clustering are unresolved 
viewer profiles, where a type of the viewer profile is not 
known. 

10. The method of claim 9, wherein an optimization algo 
rithm is used to perform the step of clustering. 

11. The method of claim 9, further comprising the step of 
matching the unresolved viewer profiles and predefined pro 
files, to provide resolved viewer profiles. 

12. The method of claim 11, wherein the step of matching 
further comprises performing a best match procedure on both 
the unresolved viewer profiles and the predefined profiles. 

13. The method of claim 11, wherein the step of associating 
at least one set top box within the network with at least one 
viewer profile uses the resolved viewer profiles with the set 
top box signatures as input. 

14. The method of claim 1, wherein the step of associating 
at least one set top box within the network with at least one 
viewer profile uses a quantization process. 

15. The method of claim 1, wherein the step of associating 
at least one set top box within the network with at least one 
viewer profile further comprises providing a relationship 
between a matrix A, a matrix B, and a matrix C, where matrix 
A multiplied by matrix B approximates matrix C, where A 
represents a set of parameters representing the association of 
at least one profile to set top boxes, B represents an aggrega 
tion of targeted rating probabilities of each of the viewer 
profiles per each content watched by at least a portion of the 
set top boxes of the network for which the Zapping log con 
tains records of set top box Zapping signatures, and C is an 
aggregation of the set top box signatures. 

16. The method of claim 14, wherein the quantization 
process further comprises calculating a mean and variance. 

17. A system for providing unsupervised learning to asso 
ciate consumer profiles in video audiences, wherein the sys 
tem comprises a head end having a computer and means for 
communicating therein, wherein the computer has a manage 
ment application stored therein, and wherein the management 
application further comprises: 

logic configured to receive a Zapping log and a broadcast 
Schedule, wherein the Zapping log includes records of 
set top box Zapping signatures for at least a portion of the 
set top boxes of the network; 

logic configured to derive set top box signatures from the 
Zapping log and broadcast Schedule; 

logic configured to cluster viewer profiles into groups of 
viewer profiles using the set top box signatures; and 

logic configured to associate at least one set top box within 
the network with at least one viewer profile, 
wherein performing unsupervised learning does not use 

data associating demographic or psychographic pro 
files to the at least a portion of the set top boxes of the 
network for which the Zapping log contains records of 
set top box Zapping signatures. 

18. The system of claim 17, wherein said Zapping signa 
tures include events where there is a Switching from a current 
service to another service and/or other means for communi 
cating with the set top box. 
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19. The system of claim 17, wherein the management 
application further comprises logic configured to determine a 
targeted rating of a content per profile and a regional targeted 
rating. 

20. The system of claim 17, wherein the management 
application further comprises logic configured to determine a 
total viewership. 

21. The system of claim 17, wherein the management 
application further comprises logic configured to determine a 
viewership flow per a pre-defined time step. 

22. The system of claim 17, wherein the management 
application further comprises logic configured to determine a 
content to profile assignment. 

23. The system of claim 17, wherein the set top box signa 
tures comprise at least one signature for each set top box in the 
network. 

24. The system of claim 23, wherein the set top box signa 
tures include at least one class of signature selected from the 
group consisting of viewing signatures, time signatures, high 
resolution time signatures, and Zapping frequency signatures. 

25. The system of claim 17, wherein the groups of viewer 
profiles resulting from clustering are unresolved viewer pro 
files, where a type of the viewer profile is not known. 

26. The system of claim 25, wherein an optimization algo 
rithm is used to perform clustering. 
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27. The system of claim 25, wherein the management 
application further comprises logic configured to match the 
unresolved viewer profiles and predefined profiles, to provide 
resolved viewer profiles. 

28. The system of claim 27, wherein matching further 
comprises performing a best match procedure on both the 
unresolved viewer profiles and the predefined profiles. 

29. The system of claim 27, wherein associating at least 
one set top box within the network with at least one viewer 
profile uses the resolved viewer profiles with the set top box 
signatures as input. 

30. The system of claim 29, wherein associating at least 
one set top box within the network with at least one viewer 
profile uses a quantization process. 

31. The system of claim 17, wherein associating at least 
one set top box within the network with at least one viewer 
profile further comprises providing a relationship between a 
matrix A, a matrix B, and a matrix C, where matrix A multi 
plied by matrix B approximates matrix C, where A represents 
a set of parameters representing the association of at least one 
profile to set top boxes, B represents an aggregation of tar 
geted rating probabilities of each of the viewer profiles per 
each content watched by at least a portion of the set top boxes 
of the network for which the Zapping log contains records of 
set top box Zapping signatures, and C is an aggregation of the 
set top box signatures. 
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