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Abstract. Collaborative filtering recommender systems make auto-October, 1998 and December, 2005 and reflect the distribofiall

matic predictions about the interests of a user by collgdtiforma-
tion from many users (collaborating). Most recommendatgo-
rithms are based in finding sets of customers or items whasegysa
overlap in order to create a model for inferring future rgsior items
that might be of interest for a particular user. Traditiooallabora-
tive filtering techniques such as k-Nearest Neighbours angufar
Value Decomposition (SVD) usually provide good accuracydre
computationally very expensive. The Netflix Prize is a dodliative
filtering problem whose dataset is much larger than the pusly
known benchmark sets and thus traditional methods aressttde
their limits when challenged with a dataset of that sizehla paper
we present experimental results that show howctimeept decompo-

ratings received by Netflix during this period. Netflix witltl over
3M most-recent ratings from those same subscribers ovesaime
set of movies as a competition qualifying set and contestanrg re-
quired to make predictions for all 3M withheld ratings in tipeal-
ifying set. As a performance measure the company has sel#ete
Root Means Square Error (RMSE) criterion between the aetodl
predicted scores. In addition Netflix also identified a "grdbubset
of the complete training set consisting of about 1.4M ragiag well
as the probe Cinematch RMSE value to permit off-line congoari
with systems before submission on the qualifying set.

In this paper, we present the main components of one of our ap-

proaches to the Netflix Prize based on tumcept decomposition

sition method performs on the movie rating prediction task over themethod [5] and we show that it combines moderate compution

Netflix dataset and we show that it is able to achieve a weirid
performance between computational complexity and priedicic-
curacy.

1 INTRODUCTION

Collaborative filtering (CF) is a subfield of machine leaithat
aims at creating algorithms to predict user preferencescbas past
user behavior in purchasing or rating of items [15],[18]. f&f€-
ommender systems are very important in e-commerce applisat
as they contribute much to enhancing user experience ande€o
quently, to generating sales and increasing revenue ahétpyeo-
ple find more easily items that they would like to purchasg.[19

In October, 2006 Netflix released a large movie rating datase
challenged the data mining, machine learning and compuatence
communities to develop systems that could beat the accofahgir
in-house developed recommendation system (Cinematch)0By 1
[3]. In order to render the clallenge more interesting, tbmpany
will award a Grand Prize of $1M to the first team that will attéiis
goal, and in addition, Progress Prizes of $50K will be awdmiethe
anniversaries of the Prize to teams that make sufficientracgum-
provements. Apart from the financial incentive however, Neflix
Prize contest is enormously useful for recommender systegarch
since the released Netflix dataset is by far the largestgaitilataset
ever becoming available to the research community. Moskwaor
recommender systems outside of companies like Amazon dlixNet
up to now has had to make do with the relatively small 1M rating
MovieLens data [12] or the 3M ratings EachMovie dataset.[NE}-
flix provided 100480507 ratings (on a scale from 1 to 5 integfers)
along with their dates from 480189 randomly-chosen, anaugn
subscribers on 17770 movie titles. The data were collecéédden
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complexity with good prediction accuracy on the RMSE cidter
However, due to the limits of the paper and our obvious istsre
we intentionally do not publish all details of our methodcgrsome
small but important details remain hidden. To this end wg oabort
results evaluated on the probe subset of the Netflix dataset.

2 COLLABORATIVE FILTERING
RECOMMENDER SYSTEMS

The goal of a CF algorithm is to recommend products to a target

user based on the opinions of other users [6],[8],[14]. lyypécal CF
scenario, there is a list of usersU = {u1,us, ..., u,} and a list
of mitemsI = {i1, 2, ..., im }. FOr each uset; we have a list of

itemsI,, for which the user has expressed an opinion about. These

opinions can be either explicitly given by the user as a gsore (as
is the case with Netflix) or can be implicitly derived from theer’s
purchase records. Under this setting we consider a disthgd user
uq € U called theactive user for whom the task of a collaborative
filtering algorithm is to suggest other items that the aatiser might
like. This suggestion can take either of the following twaonfs:

e Prediction: Provide a numerical value?,,; expressing the pre-
dicted likeliness of item; ¢ I, for the active usem,. The
predicted value should be within the same scale (e.g., froorb)
as the opinion values provided ly; in the past.

e Recommendation:Provide a list of N items, I, C I, that the
active user will like the most. Obviously the recommende li
should only contain items not contained/iy, , thatisl, N I,
®. This kind of suggestion is also known as Tdprecommenda-
tion.

Most collaborative filtering based recommender systemesemt
every user as am-dimensional vector of items, where is the
number of distinct catalog items and every item as.atimensional



vector of distinct users. These representations can alsorbbined
together to form am x m user-by-item matrix. Note that usu-
ally the user-by-item matrix is extremely sparse since emsgr has
rated/purchased only a small fraction of the item’s catadognd
some items may have very few ratings. For example Netflixsdata
is more than 99% sparse since most users have only ratedtiarfirac
of the movies (most users have rated at most 200 movies) [3].

Using this matrix, a variety of methods can be applied fortres
diction or the recommendation task. These methods rangeuser-
to-user [18] (or item-to-item [17]) k-Nearest Neighbougshiniques,
to Singular Value Decomposition (SVD) [16] (or more advahtze-
torizations of the user-by-item matrix [9],[13]) or combiions of
all the above techniques. For example this year's Prognézas Win-
ners (Bellkor team) have used a blending of 107 differertniepes
whose combination corresponds to an 8.43% improvementtbeer
Cinematch system [2].

Even though most of the above techniques can provide acc
rate predictions, they require, however, a computatigretpensive
training component. For example in a user-to-user k-Ne&tegh-
bours setting one may have to pre-compute all the correltie-
tween users in order to otherwise having to repeat the satoe-ca
lations on-the-fly. In addition batch matrix factorizatitechniques
applied to a matrix of the scale of the Netflix user-by-itemtnima
may render the computation intractable on non-parallelpging
architectures. Therefore these techniques may not betlgirag-
plicable for dynamic settings and may only be deployed iticsta
settings where the known preferences do not vary much witb.ti
However, a number of practical scenarios such as real-tengop-
alization require dynamic collaborative filtering that deandle new
users, items, and ratings entering the system at a rapidinaseich
situations, it is imperative for the recommender systemytaachi-
cally adapt its predictions using the new information, vihiic turn
requires a fast and efficient training algorithm such as the that
we describe in the following sections.

3 CLUSTER MODELS
3.1 Overview of clustering methods

In order to find users who are similar to the active uskster mod-
els divide the user base into many partitions and treat the task a
cluster assignment problem. The algorithm’s goal is toggstsie user
to the partition containing the most similar customers dmhtuses
the purchases and ratings of the customers in the clustemergte
recommendations [21]. The partitions are typically crdatsing an
offline clustering (e.g. k-means [10]) or other unsupevigarning
algorithm (e.g [7]). Once the algorithm generates the ehsst com-
putes the user’s similarity to each cluster and then chabseduster
with the strongest similarity to accordingly assign theruis®. Some
algorithms may also assing users into multiple clusterk wirying
degrees by determining the strength of each relationstkip,,for
example, Fuzzy c-means clustering [4].

Cluster models have better online scalability and perfocaahan
other collaborative filtering methods because they haveateensom-
parisons of the active customer’s vector to only a predefimad-
ber of cluster vectors. However recommendation quality beajow
since the sparsity of the dataset may prevent the clusteeisnicd
group together the most similar customers resulting in aadistent
aggregation of ratings within a cluster [20].

3.2 Our item-clustering approach

Rather than grouping similar users to clusters, our itemstering
method matches each of the items’ ratings in order to condime

lar items into a group. The partitioning of the movie basecisoan-
plished with theconcept decomposition method which allows us to
assing each item to more than one cluster with a well defined de
gree of membership. A full desctiption of the method is pnéseé in
section 4.

For the Netflix case the basic idea is to come up with a number
of "representative” movies, with each one representingcaumgrof
movies with similar characteristics (genres). In this caseh cluster
is really a "made-up” movie representing a group of movidse T
data for each cluster are just user ratings, one rating alueach
distinct user. For each user in every cluster we calculatavierage
rating from the movies who both belong to this cluster anceizaen

L[_ated by this customer, that is we replace the clustersgétinthis

user with the average. In this way movies are clustered iatoes
(e.g. action, adventure, comedy, science fiction, etc) byiiers who
have rated them and we allow each movie to belong with varying
degrees to more than one genre. Therefore the predicted) it

the active user would give to a movie is a weighted combinatio
the average rating that this user usually gives to moviesnigihg

to each particular genre, where the weights are determigetieh
membership of the particular movie in each genre.

Formally, in order to provide an active user’s prediction am
unseen movie, we aggregate the active user’s ratings frommeal
clusters that the unseen movie belongs to, and then we atddile
weighted average of all the clusters’ predictions. Of ceptise pre-
dictions of each cluster is the average prediction of all ie®\be-
longing to that cluster.

The algorithm can be summarized as follows: To make a predic-
tion for useru on moviem:

e Find thek clusters that are most similar to movie Calculate the
membership of the movie to each cluster according to a daitab
similarity metric.

e The predicted rating,,, for useru on moviem is the weighted
average of the k clusters’ ratings.

. Zk TukWmk

B Zk Wmk

wherer, is the average rating of usarin movie clusterk and
wmk 1S the membership (weight) of movie in clusterk.
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4 THE CONCEPT DECOMPOSITION METHOD

In this section, we study how to partition the high-dimensioand
sparse movie vectors of the Netflix Dataset into disjointoemtual
categories (genres) and to determine the membership ofreacie
to every cluster. Towards this end, we briefly describe theespal
k-means clustering algorithm and the structure of the elsst pro-
duces.

4.1 Concept Vectors

Givenmitem vectorse,xz2,....£, in R™ we denote byri,ma,...;mk
their partitioning intok disjoint clusters such that

U?lej = {.'131,.'132,...,17771} and7rj Nm =& |f] 7é l

@)



For each fixed < j < k, themean vector or thecentroid of the 4.4  Concept decomposition and matrix

item vectors contained in the clustey is factorization
1 It has been shown in [5] that the spherical k-means clugeaigo-
m; = n_] Z T (©) rithm is directly related to matrix factorization in the senthat we

Tem; can consider the approximation of each item vector by atinem-
bination of the concept vectors. This matrix approximatscheme
is known asconcept decomposition.

We define theconcept matrix as an x k& matrix such that fod <
j < k, the j-th column of the matrix is the concept vecigy that is

wheren; is the number of items im;. Since the mean vecten ;
may not necessarily have a unit norm we can define the comdspo
ing concept vector as

m;
L= 4
“ | m; |l @ Cr = [cica...ck] (6)
Due to the Cauchy-Schwarz inequality, the concept veetdras Assuming that thé& concept vectors are linearly independent then
the important property that for any unit vectoin R™ it follows that the concept matrix has rakk

For any partitioning of the item vectors, we define the cqoesi-
Z 2Tz < Z «Te; (5) ing concept decompo_sitio_Xk of the user-by-item matri¥X as the

ae o least-squares approximation Af onto the column space of the con-

7l'j 7l'j

cept matrixC'.. We can write the concept decomposition asxam
Thus, the concept vector may be thought of as the vector shat imatrix
closest in cosine similarity (in an average sense) to alitéms vec-

tors in the clusterr;. X,=CrZ* (7)
whereZ™ is ak x m matrix that can be determined by solving the
4.2 The Spherical k-means algoritm following least-squares problem:
The concept vectors can be calculated usingstierical k-means Z* = argmin || X — CrZ™ | (8)
algorithm proposed in [5]. The outline of the algorithm istéd in . . .
Algorithm g P [5] g For this problem it is well known that a closed form solutiotisés
' namely,
Algorl.thm 1 Spherical k-means . z* = (cTcy) ot x )
Require: A set ofmdata vectorsX = {x1, x2,...,zm } in R™ and ]
the number of clusters This leads to the following approximation to the originatudy-
Ensure: Unit-length cluster centroid vectofg1, ¢z, ..., ¢x } areini-  [tém matrix:
tialized to some (e.g. random) values - - T
Method: X =Cr(CrCk)” Cr X (10)
1: Data assignment: . The matrixD = C} X is the transpose of matriX " C, which
For eachr; assigne; to m <= argmaxy[z; cx] can be thought of as the-dimensional representation of the entire
2: New centroid estimation: ) movie collection. In other words, this matrix contains tosioe sim-
For each clustek, recalculatern, = -> ;@ and let jarities (since vectors are normalized) between the meeigtors
cp <= %:H and the concept vectors. Hence the elements of the mBirileter-
3: if (no x; can be further reassigned) then mine the degree (membership) by which each movie is assdciat
4:  exit; with each one of thé clusters. A more careful cgmparison between
5: end if equations (1) and (10) clearly shows tifat,, ~ Xk () when one
substitutesw,,r with D, and r,, with the average user ratings
provided by the un-normalized version of the concept maitix
4.3 Locality and Sparsity of Concept Vectors 5 EVALUATION

Since the Netflix item vectors (movies) are almost 99% spaxse The approach was evaluated on the entire Netflix datasetxqratdie
sequently, the concept vectors that are produced by thestering  ments were run on a 3.4GHz Dual Core Pentium CPU with 3G RAM
are also sparse. This means that at each cluster there idlmama  running Ubuntu 7.10 desktop x8% (Gutsy Gibbon) operating sys-
ber of customers that contribute to the concept vector'sdinates.  tem. The sphericat-means clustering of the dataset was generated
This observation allows us to associateser cluster W; withinthe  from a customized version of tilyeneans software package (available
movie clustemp; as in [5] in the following way: from “http://www.cs.utexas.edu/users/dml/Softwareggms.html”)

Auserl < w < nis contained iV}, if the value (weight) of that ~ compiled with the Intel C/C++ Compiler Professional Edititor
user inc; is larger than the weight of that user in any other conceptLinux. The algorithm converged in 10 iterations with a tataining
vectore;, 1 <1<k, #j. time of approximately 13.5 minutes.

These user clusters allow us to idenfity groups of users mithi Tables 1 to 8 show the top 5 movies (determined by their mem-
cluster of movie vectors since most of the weights of a coneeie bership) in 8 representative (out of the 100) clusters preduby
vector is concentrated in or localized to the correspondsey clus-  the spherical k-means clustering algorithm on the Netfliximoec-
ter [5]. tors. It is interesting to note the clear partitioning of thegaset into



the various genres: Science fiction (Table 1 / Cluster 4),uDwn-
taries (Table 2 / Cluster 6), Rock Music (Table 3 / Cluster, Rgp
Music (Table 4 / Cluster 20), Religious (Table 5 / Cluster, 38a-
sonal (Table 6 / Cluster 25), Children’s (Table 7 Cluster, 24)d
Crime/Mystery (Table 8/ Cluster 42). The rest of the clustgrhich
we cannot present here due to space limitations) also éxdiibilar
coherence and reveal more fine-grained partitions betweereg as

Table 3. Movies in Cluster #11.

Eric Clapton: One More Car, One More Rider

Eric Clapton & Friends in Concert: The Crossroads Benefit
Eric Clapton: 24 Nights

Eric Clapton Unplugged

is the case between Clusters 11 and 20 where they are both abou Stevie Ray Vaughan and Double Trouble: Live at the El Mocar®gs

music DVDs but in cluster 11 we find titles from rock music wées
in Cluster 20 we find pop music performances.

It is important to stress the fact that the algorithm has pced
these partitions using solely the Netflix provided usemiggiwith-
out the utilization of any external meta-data informatidoat the
movies (e.g. from IMDB [1]).

The efficiency of the approach on the probe dataset was egdlua
with different combinations of the following parameters:

e (' :the total number of clusters.
e k: the number of most similar movie clusters used for prealicti

The best prediction result was obtained with the combinatic=
100 andk = 5, yelding an RMSE 00.89151, which represents a
5.89% improvement over Cinematch’s performang@®474). The
time required to obtain the probe predictions was 20 secondke
same computer as above (15 seconds to load the necessditgslata
of equation (10) and 5 seconds to apply equation (1) over #id 1
probe user/movie pairs).

The results were also evaluated on the qualifying set whieh w
however now hold back for obvious reasons. However, thegreb
sult itself indicates the efficiency of the proposed tecbaigvhich
has been shown to combine moderate computational compleixit
good prediction accuracy.

Table 1. Movies in Cluster #4

Star Trek: The Next Generation: Season 5
Star Trek: The Next Generation: Season 6
Star Trek: The Next Generation: Season 7
Star Trek: The Next Generation: Season 4
Star Trek: The Next Generation: Season 3

Table 2. Movies in Cluster #6.

National Geographic: Inside American Power: The Pentagon
National Geographic: The FBI

National Geographic: Inside American Power: The White Hous
National Geographic: Inside American Power: Air Force One
National Geographic: Ambassador: Inside the Embassy

Table 4. Movies in Cluster #20.

Madonna: The Immaculate Collection

Madonna: The Girlie Show: Live Down Under
Madonna: The Video Collection 1993-1999
Madonna: Ciao ltalia: Live from Italy

Britney Spears: Britney in Hawaii: Live and More

Table 5. Movies in Cluster #21.

Jeremiah: The Bible

Solomon: The Bible

Esther: The Bible

Great People of the Bible: The Apostle Paul

Great People of the Bible: Abraham, Sarah, Isaac, Jacob &bos

Table 6. Movies in Cluster #25.

Dr. Seuss’ How the Grinch Stole Christmas
Rudolph the Red-Nosed Reindeer

A Charlie Brown Christmas

It's the Great Pumpkin, Charlie Brown

It's a Wonderful Life

Table 7. Movies in Cluster #34.

Sesame Street: EImo’s World: Springtime Fun
Garfield and Friends: Vol. 4

Sesame Street: Sing Along

Underdog: Nemesis

Popeye 75th Anniversary Collector’s Edition

Table 8. Movies in Cluster #42.

Midsomer Murders: Blue Herrings
Midsomer Murders: The Electric Vendetta
Midsomer Murders: Garden of Death
Midsomer Murders: Dark Autumn

Inspector Morse 18: Who Killed Harry Field?




6 CONCLUSION

We have shown that the concept decomposition method maycbe su
cessfully applied to the Netflix dataset in order to provideaming-
ful clustering of the movies into clusters (genres). Thisstgring
information can be further utilized for the prediction tasla collab-

orative filtering recommender system. The method alone s a

to provide an improvement of 5.89% over Cinematch’s perforoe
on the probe dataset wihtout using any other meta-dataniaoon
apart from the user/movie ratings provided by Netflix. In itidd

the method has excibited moderate computational complesitit
can produce a whole set of probe predictions in less than hGtes
(including the off-line clustering stage). These resutidi¢ate that

the method is very promising and that in can be expecialljulise

in cases where its results can be blended with other effimietitods
that are currently under our research scope with regarte tétflix
dataset.
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