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Abstract.

Personal Televisionis here viathe advent of anew classof devices cdled personal video recorders (PVRS).
These recorders change the user task from (a) seleding a spedfic channel to watch from the 100+ avail able
channels to (b) finding something “good’ to record from the 10,000+ shows broadcast ead week.
Reacommender systems, such as the one described in this paper, will help track users preferences and aid
users in choosing shows to record. In this paper we alvance amulti-agent TV recommender system that
encapsulates three user information streams--implicit view history, explicit preferences, and feadback
information on spedfic shows--into adaptive agents and generates program recommendations for a TV
viewer. We have tested the system in various agent combinations with red users drawn from awide variety
of living conditions. The combination of implicit and explicit agents amsto work best in our framework.
Keywords: Multi-agent TV recommender system, user profili ng, machine leaning, user testing.

Introduction

The avent of a new classof consumer eledronic (CE) devices, cdled persona video recorders (PVRS),
from companies such as TiVo© and Replay TV®©, has begun to change the way people watch TV. PVRs
are tapeless hard disk equipped devices that let TV viewers record shows via an attradive screen based
user-interface These devices put users in control. Now every time auser sits down to watch TV there is
aways omething “good’ to watch on the disk. Users are no longer slaves to the broadcaster’s shedule. In
short, it isabou Personal Television--getting what you want to watch, when youwant to watch it.

PVRs can easily be programmed to record all of the programs users want; however, how can users find
what they want? Previously users were facead with an increasing number of choices from cable and satellite
TV. They were often choosing from 50 to 300+ channels. The arrival of the PVR changes this equation.
Instead of choosing a program to watch now from the aurrent 300 shows that are being broadcast, users
need to seled something “goad” to record from the tens of thousands of shows broadcast ead week so that
they can watch them when they choose.

The alvent and meteoric rise in popuarity of the Internet has motivated many people to go orine and hes
made them conversant with the persondlizaion tools available on the web. As the trend towards media
convergencein the home gains momentum, user expedations for tods that help them find, personalize, and
organize content will rise. For a PVR to provide an enriched TV experienceto the user, persondlizaion is
the key. PVRs need to be equipped with sophisticated recommender systems that tradk and recognize user
preferences and help them seled good content to fill the hard disk. This paper presents our reseach on a
multi-agent system for finding, recommending, and recording TV programs.

Relevant Work

Much work has been done in the areaof recommender systems and they have been applied to a wide range
of disciplines. Many systems have been built in recent yeas to help users ded with large quantities of



information coming from various ources: email (Maxims [Lashkari, et. a.]), usenet news (NewT [Sheth
and Mases)), the web (Letizia [Lieberman], Syskill & Webert [Pazzani, et. a.]) and TV (TV-Advisor [Das
and Horgt], PTV [Cotter and Smyth]). TV-Advisor makes use of explicit techniques to generate
recommendations for a TV viewer. Such techniques require the user to take the initiative and explicitly
spedfy their interests, in order to get high quelity recommendations. Impli cit techniques, on the other hand,
lessen the burden on the user and try to infer the user’s preferences from a viewer’'s TV viewing history.
Explicit questionraires capture aviewer's TV preferencesin alimited manner and only at a warse level of
granularity. Moreover, most of the explicit profile based techniques do not adapt to changing user tastes
and are ‘satic’. PTV uses a @ntent-based plus collaborative filtering approach to generate TV show
recommendations. Though they seek similar user profile information like we do, they do not include a
‘dynamic’, learning agorithm that tracks a person's changing TV preferences over time. We think a
dynamic goproach to thisleaning problem is essential to cgpture the evolving personal TV preferences of a
viewer. By incorporating machine learning techniques to conned information geces embedded in a
person’ s view history, we build aricher, evolving profile for aviewer, over time.

Last yea we reported our recommender system work [Gultta, et. al.] based solely on implicit user profili ng.
In this paper we present the next generation o that system which encgpsulates three user information
streams--implicit view history, explicit TV viewing preferences, and feedbad information on spedfic
shows--into adaptive agents and buil ds a framework that al ows for these multiple ayents to coll aborate and
generate a ©@mbined program recommendation for a TV viewer. So far, the setting for this work has been
broadcast TV, not yet the PVR.

In the following sedion we present the achitedure of the recommender system and its constituent agents.
The sedion following that will present detail s of the user test we conducted to evaluate our recommenders
performance Then we will discuss the results from the user test and finally conclude with a brief
discusson onthe future diredions for our work.

Recommender Architecture

The recommender system architedure is designed for multiple agents to work together and colledively
model the profile information on a particular user. The schematic of the systemisas siown in Figure 1.

The middle prong in Figure 1 relates to the ‘implicit recommender agent’. This is based on the implicit
profiles of TV viewers. An implicit profile is built from the viewing history of a TV viewer. The viewing
history is a list of TV shows that a viewer has watched (positive examples) and not-watched (negative
examples). The not-watched shows are obtained by sampling the database of TV shows that are broadcast
in the Briarcliff Manor area(New York City suburb), and are nat spedfied by users. The scheme used for
sampling nd-watched shows will obviously influence recommender performance. So far, only a scheme
that samples one not-watched show uniformly randomly from the week for each watched show has been
used. We will studythe dfed of other schemesin future. The implicit nature of our profili ng method stems
from the fad that the processdoes not invalve any interadion with TV viewers, regarding their likes and
dislikes, other than colleding what shows have been watched. We have developed two implicit
recommender agents, one based on Bayesian statistics and ore on Dedsion Trees. For this gudy they are
considered aternatives for implicit recommendations; in future we will explore methods for combining
them.

The prong onthe right side in Figure 1 is the ‘explicit recommender agent’. This agent relies on explicit
profiles of TV viewers. These profil es result from a question-answer sesson with the viewer, wherein the
viewers explicit likes and ddlikes towards particular TV channels, show genres and preferred days and
times of TV viewing have been gathered. The prong onthe left side of Figure 1 is the ‘fealback
recommender agent’. This agent gathers user feedback on spedfic TV shows and feeads that information to
the impli cit and expli cit agents.
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Fig. 1. Recommender system schematic depicting multiple agents and their interactions.

Implicit Recommender Agents

The first of our implicit recommender agents uses the Bayesian classifier [Billsus and Pazzani][Horvitz, et.
a.] approach to compute the likelihood that the viewer will like or didlike a particular TV program. We
approach the problem with a 2-class Bayesian decision model, where a show either belongs to the class,
watched, or the class, not-watched. Ideally, we would like to have ground truth information on whether a
TV-show was liked or not liked by the user, but the implicit profiling technique allows us to have
information only on the classes watched and not watched. The user profile, in the Bayesian context, is a
collection of features (attribute-value pairs) together with a count of how many times each occurs in
positive and negative examples. Let C+ and C- be the classes watched and not-watched. Our Bayesian
model first computes the prior probabilities directly from the countsin the viewer profile, asfollows:

T=k(C+) + k(C-)

P(C+) = k(CH)IT

P(C-) = K(C)IT
Then we compute the conditional probabilities that a given feature, fj, will be present if a show isin class
C+ or C-:

P(fi|C+) = k(f;|C+)/k(C+)

P(fi|C-) = k(fi|C-)/k(C-)
The strength of the recommendation is given by P(C+|x) — P(C-|x), where P(C+|x) and P(C-|x) represent
the a posteriori probabilities for a new show, given its feature set (vector x), that it belongs to a particular
class. The aposteriori probabilities are estimated as follows:
P(C+|x) = P(x|C+)P(C+)/P(x), where
P(x|C+) = |'l P(f,|C+)* (- P(f;|c+)™

and P(x) = P(x]|C+)P(C+) + P(x|C-)P(C-)

The second of our implicit recommender agents uses the Decision Tree (DT) approach to compute program
recommendation scores. This approach attempts to construct rules for classifying shows given atraining set
of positive and negative shows that are part of the TV-viewing history. We begin by deriving a decision
tree (DT) which is then decomposed into rules for classifying the shows. A particular show belongs to one



of the two classes: watched or not watched. The dedsion tree enployed uses Quinlan's C4.5 algorithm
[Quinlan], which takes an information-theoreticd approach based on entropy. This algorithm builds the
dedsion tree using a top-down, divide-and-conquer approach: it first seleds an attribute, then dvides the
training set into subsets charaderized by the possble values of the dtribute, and follows the same
procedure recursively with ead subset until no subset contains objeds from more than ore dass The
single-class sibsets correspondto the leaves of the dedsion tree while anode indicates that a further test
nedls to be performed on that show to determine which class the show belongs to. When a new show,
which is not part of the training set, is encountered, the DT is parsed to obtain a probabilistic dass
distribution for the show and the classwith the highest probability isthe predicted class

Explicit Recommender Agent

The explicit recommender agent takes a person's explicit profile & input and generates program
recommendations. The explicit profile comprises a list of fedures, and their asciated user-spedfied
ratings. In the computation of the recommendation score for a show, only the feaures rated in the eplicit
profile aerelevant.

The explicit score is computed as aweighted sum of the profile

E= W dt*r d+W ch*r ch+(UK)*Z(W_g_j*r_j,wherej=1.K genres)

where r_dt is the profile rating for the feaure daytime (similarly, r_ch for channel andr_g for genre) and
the crresponding heuristic weights are: W_dt=0.1, W_ch=0.2 and W_g_j=0.7 (for al genres, j).

Implicit + Explicit Combination HeuristiC

In order to compute the combined recommendation score (T) for a show that has an explicit (E) and an
implicit (I) recommender score, we define alinea function: T =W _E* E+W _i* |

Theweights W_E and W_| sum to ore, but vary depending on the diff erence between E and |. The scheme
used weights bath equally when E and | agree but shifts the weighting to favor of E as they become more
discrepant (Figure 2).
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Fig. 2. Empiricd relationship between W_E and the ésolute diff erence between E and | scores

Feedback Agent

The feadback agent works in collaboration with the implicit and explicit recommender agents and helps
them fine-tune their recommendation quelity. The feedbadc agent presents an opportunity to the user to
provide the implicit and explicit recommenders with show-spedfic information, which the recommenders
ladked previously. The design of our adaptation scheme for the feedbad agent mirrors the taxonomy of
adaptive user interface tasks and agents by Dieterich, et. a. Figure 3 shows the various gages in the
feadbadk agent adaptation process initiation d the feedback sesson, proposal of shows to gve feedbadk



on, adion cedsions, and exeaution of the adion. Our feedbadk agent takes either of 2 forms: one where the
system proposes show aternatives (table on the left in Figure 3) and another where the user makes the
choice (table on the right in Figure 3) of shows to gve feedbadk on. In the case of system-proposed
feadbad, the system tries to exploit the fad that ‘it knows what it does not know’. The system seleds those
shows for which a) there is a huge disagreament in scores between the implicit and explicit recommender
agents, or b) the implicit agent does not possessinformation on many of the show’s feaures and hence
canna make an informed prediction about the show, or ¢) the expli cit agent does not posses information on
the user ratings for many of the show’ s feaures.

System User System User
Initi ation of adaptation [ o
Proposing show alternatives ) )
Dedding onadion Y Y
Exeaution o adion ® ®

Fig. 3. Charaderistics of the system and user-propased forms of the feedbadk agent.

In a feadbadk sesson, the user is presented with an opportunity to rate the show (title) itself and key
fedures like adors, adresses, diredors, etc., and add them to the explicit profile. When the system seeks
explicit information from the user at the start, it cannot know which extra feaures to seek information on.
The feedback agent, by exploiting the knowledge gaps in the system, provides a unique opportunity to seek
targeted information and add it to the explicit profile.

The user can gve feedbad that will have an impad on the implicit recommender agent as well. The
implicit profile is augmented with new feaure aunts based on the user’ s vote. The feedbadk agent was not
tested in the work reported here.

User Test Design

In order to test the quality of the recommenders we mnducted user tests with subjeds picked from avariety

of living condtions to be representative of a general population. Our test subjeds kept paper diaries of the

shows they watched. These diaries rved as viewing hstory input to the implicit recommenders with a

nate for ead show flagging those seleded by the voluntee or someone dse in the household. The number

of shows used for training varied from one user to another. We tested 10 wsers on nine different

recommender combinations that were generated from multiple cmbinations of the implicit and explicit

recommender agents and individual and household viewing Hstories (see Figure 4). The test was designed

to answer these questions:

1. Implicit vs. Explicit: isthere any differencein the eff edivenessof these two approaches?

2. Implicit + Explicit vs. eat approach alone: which is more eff edive?

3. Bayesian vs. Dedsion Trees: which approach yields better results?

4. Individual vs. Household profiles. are recommendations based on shows the subjeds chocse
themselves (individual) better than those based on al shows they watched bu did not choose
themselves (household)?

We presented every subjed with 9 lists of 30 shows ead where the lists corresponded to the 9
recommender combinations. We aked them to give one of the four following responses to the question,
"Would youwatch this snow?": (1) Yes (2) Maybe (3) No (4) | doni t know this siow. Only the show titles
were shown and no aher information was given. Eac list contained ten highly rated shows, ten lowly rated
shows, and ten reutrally rated shows. The recommenders generate aneutra rating when they do nd have
enowgh information to dscriminate.

We dedded against displaying show descriptions and genres with the titles for threereesons. First, users
often make viewing dedsions from printed program guides based only on a show' s title. TV Guide, for
example, cannot provide nealy enough spacefor descriptions of every show. Second, we were worried



abou test fatigue. If subjeds read descriptions for ead show, they would lose interest long before they gat
to the end o the test. Third, we did not want previously viewed episodes to pay arole in their dedsion. A
list might present a show they liked and a description of an episode they had seen. Users might chocse to
mark the show as "No" because they had already seen it.

Household

Individual

Decision
Tree

Bayesian Explicit

Implicit  Implicit
+ Explicit

Fig. 4. The nine recommender combinations. Explicit was tested by itself becaise it only exists for individuas.

Results and Discussion

Asour experimental design contained a complete 2x2x2 fadorial involving the implicit recommenders and
an isolated cdl for the explicit recommender, we alopted a two-pronged analysis of variance (ANOVA)
approach to the analysis. All significance tests were amndcted at the 0.05 level. For the first ANOVA, the
fadors and levels are shown below in Table 1.

Fadors | Levels | Comments

IE lie Implicit reacommender alone (i), combined with explicit (ie)
BDT b dt Bayesian (b), dedsiontree(dt)

SH sh Self-only view history (s), househald view history (h)

Table 1. First ANOVA Anaysis

Unfortunately, for threeof our 10 subjedswe culd not employ this full design. Onelived alone and so had
only aindividual view history. In addition, two ather subjeds had no view histories at al. For these two,
we aeded a compasite view history from the household histories of the other subjeds. Hence for these
threg only a2x2 design could be gplied (IE by BDT). Because of these difficulties, it was dedded not to
attempt an over-all analysis, but rather to analyze eab subjed independently.

The outcome analyzed was the square of the difference between the ground truth (GT) vaue and the
recommender score. Since the experiment colleded GT ratings for 30 TV shows under ead condition, we
had 240 data points (n) from ead subjed (120 for 3 users). Although the 30 shows were seleded to have
high, medium and low scores for only the recommender condition of one cdl, we adually knew the scores
for all recommender conditions, so every show adually contributed an error score to every cdl in the
design. However, we had to first remove dl TV shows rated by the subjeds as "dont know.” Thisyielded a
final “n” that varied from subjed to subjed.

We amphasize that the misdng dcata (“don’t know” shows) impose a1 undesirable bias on al the results
reported in this paper. The fad that a significant fradion d the shows were unknown to some subjeds
means that the only ground truth data we auld analyze were from known shows. We hypaothesize that a
significant feaure of an implicit recommender is its ability to locate good shows that are unknown to the
viewer. If this is true, the analyses below will not show it because unknown shows have been
systematicdly eliminated from the data we analyzed. We plan a follow-up study in which clips from a
sample of these unknown shows will be lleded and shown to the subjeds and ground truth data will be
colleded for further analyses.

The strongest pattern we observed was that the combination of explicit with implicit was generally better
than the implicit recommenders alone. When examining B vs DT main effeds, we found B dightly better



than DT for 2 users and DT better than B for 1 user and nd significant for other users. In eat case of a
significant main effed, there was an acoompanying significant IE BDT interadion and in each case the
pattern was the same. The diff erence between B and DT was sgnificant when the explicit score was not
included, but vanished when it was. In other words, combining explicit with implicit recommender scores
erased any dfferences. This is nat surprising when we recdl that when implicit scores differ from the
explicit, the cmbination heuristic favors the explicit, and does $ more strongly as the differences increase.

On analyzing the SH main effed we observed that the arors were small er whil e using the household view
histories and the implicit recommenders alone, but when combined with explicit, the differences becane
insignificant. We further observed that DT performed better than B with the househdd view history, while
the view history seems to have no effed on the Bayesian. Again, all differences vanish when the explicit
scores are ambined, but the Bayesian alone may be better still .

For the semond ANOVA, aone-way design was ®leded where eat recommender condition was treaed as
a separate cdl. The nine levels are shown below in Table 2. The post-hoc contrasts were computed using
the Tukey B method[Cleay and Yang].

Levels Comments

ibh Implicit Bayesian using hotsehold view history

ibs Implicit Bayesian using individual view history

idth Implicit DT using household view history

idts Implicit DT usingindividual view history

E Explicit recommender

lebh Combined expli cit implicit Bayesian using howsehdd view history
lebs Combined explicit implicit Bayesian usingindividual view history
ledth Combined explicit implicit DT using household view history
ledts Combined explicit implicit DT usingindividual view history

Table 2. Seand ANOVA Anaysis

The analysis of the one-way design reinforced our ealier conclusions for the two-way design. Spedficadly
we observed that the explicit was better than the implicit recommenders for most of the users. When na
combined with the explicit scores, which washes out the differences, the Bayesian seems to have adight
advantage over dedsiontree

Conclusions and Future Work

The combination of implicit and explicit agents semed to work the best in our multi-agent system. We
would like to pant out that the effed of the feedbadk agent on the other two has not been tested thoroughy
at this juncture. The explicit agent alone did well in comparison to bah the implicit recommender agents.
We believe thisis partly due to the nature of the test: the explicit recommender is based on what the subjed
tells us they like and the test results are dso based on what shows subjeds tell us they like. So it makes
sense that the subjeds’ responses agreemore with the explicit recommender. We plan to undertake another
user test in the nea future to reved the subjeds preferences for shows that they have not seen ealier.
Contrary to ou expedations, the individual user profile did na make ay difference in the recommender
acairacy over the household profile. This test needs to be repeaed over a much larger sample in order to
draw concrete conclusions regarding the necessty to maintain individual or household profilesin a PVR.

We have the following adivities planned as part of our future work:

1. Experiment with ather combination heuristics for combining the scores from multiple ayents.

2. Investigate the following aspeds of the recommender: @) effed of the length of viewing Hstory on the
recommender acairacy, b) choice of weights in the explicit recommender agent, and c) the effed of
feadbadk onthe leaning rates of other agents.
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