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Abstract

Collaborative filtering-based recommender systems,
which automatically predict preferred products of a user
using known preferences of other users, have become
extremely popular in recent years due to the increase
in web-based activities such as e-commerce and online
content distribution. Current collaborative filtering tech-
niques such as correlation and SVD based methods pro-
vide good accuracy, but are computationally very expen-
sive and can only be deployed in static off-line settings
where the known preference information does not change
with time. However, a number of practical scenarios re-
quire dynamic real-time collaborative filtering that can
allow new users, items and ratings to enter the system at
a rapid rate. In this paper, we consider a novel collab-
orative filtering approach based on a recently proposed
weighted co-clustering algorithm [3] that involves simul-
taneous clustering of users and items. We design incre-
mental and parallel versions of the co-clustering algo-
rithm and use it to build an efficient real-time collabora-
tive filtering framework. Empirical evaluation of our ap-
proach on large movie and book rating datasets demon-
strates that it is possible to obtain an accuracy compa-
rable to that of the correlation and matrix factorization
based approaches at a much lower computational cost.

1 Introduction

The evolution of the internet during the last decade
has resulted in an overwhelming increase in web-based
activities such as e-commerce and online content distri-
bution where users are often forced to choose from a large
number of products or content items. To aid users in
the decision making process, it has become increasingly
important to design recommender systems that automat-
ically identify the likely choices of the users. Collabora-
tive filtering techniques [9] that identify the likely prefer-
ences of a user based on the known preferences of other
users have been shown to be very effective for generat-
ing high quality recommendations. These techniques not
only provide superior performance compared to content-
based filtering methods [6], but also do not require the
users to explicitly state their interests.
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Most of the existing collaborative filtering meth-
ods based on correlation criteria, singular value decom-
position (SVD) and non-negative matrix factorization
(NNMF) have been shown to provide highly accurate
predictions of ratings. However, these techniques suf-
fer from one main drawback, which is the presence of
a computationally expensive training component. As a
result, these techniques can only be deployed in static
settings where the known preferences do not vary much
with time. However, a number of practical scenarios such
as real-time news personalization require dynamic col-
laborative filtering that can handle new users, items and
ratings entering the system at a rapid rate. In such sit-
uations, it is imperative for the recommender system to
dynamically adapt its predictions using the new informa-
tion, which in turn requires a fast and efficient training
algorithm.

In this paper, we consider a novel collaborative fil-
tering approach based on a recently proposed weighted
co-clustering algorithm [3]. The key idea is to simul-
taneously obtain user and item neighborhoods via co-
clustering and generate predictions based on the aver-
age ratings of the co-clusters (user-item neighborhoods)
while taking into account the individual biases of the
users and items. Based on this approach, we design an
efficient real-time collaborative filtering framework and
make two new contributions.

e First, we propose a dynamic collaborative filtering
approach that can support the entry of new users,
items and ratings using a hybrid of incremental
and batch versions of the co-clustering algorithm.
Empirical comparison of our approach with SVD,
NNMF and correlation-based collaborative filtering
techniques indicates comparable accuracy at a much
lower computational effort.

e Second, we design a scalable, real-time collabo-
rative filtering system by developing parallel ver-
sions of the co-clustering, prediction and incremen-
tal training routines.

The rest of the report is organized as follows: Section
2 describes related work. Section 3 contains a formal
definition of the recommendation problem. Section 4 ex-
plains the proposed collaborative filtering approach while



Section 5 describes a scalable framework based on par-
allel co-clustering and prediction algorithms. Section 6
provides the results of our empirical evaluation and Sec-
tion 7 contains the conclusions and future work.

Notation: Upper case alphabets, e.g., A are used to
represent matrices with the subscripted versions, e.g., A;;
denoting the corresponding matrix elements. Sets are
represented by calligraphic upper-case alphabets, e.g.,
X,Y. and enumerated as {x;}~, where x; are the el-
ements of the set.

2 Related Work

In this section, we briefly discuss some of the existing
literature on recommender systems, collaborative filter-
ing (CF) and co-clustering.

Automated recommender systems can be broadly clas-
sified into two groups — (i) content-based filtering sys-
tems [6, 4] that predict preferences based on the content
of the items and the explicit interests of the users, and (ii)
collaborative filtering systems [15] that make predictions
based solely on the known ratings of similar users. The
relative performance of these techniques depends on the
sparsity of the known ratings. However, recent advances
in internet and database technology have made it feasible
to collect large number of user-product ratings with little
or no effort on part of users, thus making collaborative
filtering a superior and more practical approach [15].

A number of collaborative filtering techniques have
been proposed in the literature, of which the most pop-
ular ones are those based on correlation criteria [12, 6]
and matrix factorization [13, 17]. The correlation-based
techniques use similarity measures such as Pearson cor-
relation [12] and cosine similarity [16] to determine a
neighborhood of like-minded users for each user and then
predict the user’s rating for a product as a weighted av-
erage of ratings of the neighbors. Though reasonably ac-
curate, correlation-based techniques have much reduced
coverage since they cannot detect item synonymy. They
are also computationally very expensive as the correla-
tion between every pair of users needs to be computed
during the training phase.

The matrix factorization approaches include SVD [13]
and NNMF-based [17, 10] filtering techniques that pre-
dict the unknown ratings based on a low rank approxi-
mation of the original ratings matrix. The missing values
in the original matrix are filled using average values of
the rows or columns. Unlike correlation-based methods,
the matrix factorization techniques treat the users and
items symmetrically and hence, handle item synonymy
and sparsity in a better fashion. However, the training
component of these techniques is computationally inten-
sive making it impractical to have frequent re-training.
Incremental versions of SVD based on folding-in and ex-
act rank-1 updates [14, 5] partially alleviate this problem.
However, the update operations are also not very efficient
since the effects of small updates to the ratings matrix

are not localized. In addition to the two classes of tech-
niques described above, there has also been work on CF
approaches based on user-clustering [18] and horting [2]
—a graph based approach for identifying the neighbors of
a user.

The CF approach we consider in this paper is based
on a special case of the weighted Bregman co-clustering
algorithm presented in [3]. There has been a lot of work
on co-clustering [8, 7], most of which was focused on
handling sparsity and dimensionality reduction issues in
text and micro-array analysis. A crucial difference be-
tween [3] and earlier co-clustering work is the formu-
lation of the co-clustering problem as a matrix approxi-
mation problem with non-uniform weights on the input
matrix elements. Since the prediction of unknown rat-
ings (weight=0) can be posed as a weighted matrix ap-
proximation problem, it is possible to now employ a CF
approach based on co-clustering.

The co-clustering approach is similar to the correla-
tion and clustering-based techniques in the sense that
neighborhoods are employed for prediction, the main dif-
ference being that both users and items are clustered so
that item synonymy ceases to be a problem. Further, as in
the case of SVD and NNMF, the co-clustering algorithm
also optimizes the approximation error of a low parame-
ter reconstruction of the ratings matrix. However, unlike
SVD and NNMF, the effects of changes in the ratings ma-
trix are localized which makes it possible to have efficient
incremental updates.

3 Problem Definition

We now formulate the recommendation problem in
terms of predicting the unknown ratings. Using a matrix
representation, we transform this problem to a weighted
matrix approximation problem and motivate the co-
clustering based approach for solving it.

LetY = {u;}2, be the set of users such that |¢/| = m
and P = {p;}7_, be the set of items such that [P| = n.
Let A be the m x n ratings matrix such that A;; is the
rating of the user u; for the item p; and let W be the m x
nmatrix corresponding to the confidence of the ratings
in A. In the absence of explicit confidence information,
we assume W;; = 1 when the rating is known and 0
otherwise.

In a static setting, the set of users, the set of items and
the known ratings are fixed and the main problem in rec-
ommender systems involves guessing an unknown rating
for an existing user and item pair, i.e., one of the missing
elements in A. The predicted ratings can then be used
to generate the top-N recommendations if required. A
natural approach to this rating prediction problem is to
assume that the matrix has a certain low parameter struc-
ture, deduce the parameters of the structure based on the
available ratings so that a certain loss function is min-
imized, and then use a matrix reconstruction based on
this structure for predicting the missing values. To make



this approach concrete, we need to specify the class of al-
lowed structures as well as the loss function used to mea-
sure the approximation error. Usually, the loss function
is chosen to be the squared error and the class of cho-
sen structures determines the technique being adopted.
For example, when the imposed structure is a low rank
approximation with no constraints, the best approxima-
tion is obtained using SVD (assuming the missing values
are suitably handled), thus leading to the SVD-based ap-
proach [13]. Similarly, when the imposed structure is a
low rank k approximation that can be factorized into non-
negative matrices of sizes m x k and £ x n, the best ap-
proximation is obtained using the NNMF algorithm [11].
Though powerful in terms of the approximation ability,
these two approaches suffer from the drawback that small
changes in the original matrix A could lead to changes in
most of the parameters in the approximation (i.e. changes
are not localized), making it difficult to design incremen-
tal training algorithms.

To address these concerns, we consider low parame-
ter approximations based on simultaneous clustering (co-
clustering) of users and items in the ratings matrix A. Let
p: {17 7m} = {17k} and vt {17 Jn} =
{1,---,1} denote the user and item clustering where k
and [ are number of user and item clusters. The sim-
plest approximation scheme based on co-clustering is the
one where each missing rating is approximated by the
average value in the corresponding co-cluster. In this
case, the approximate matrix has only kI parameters and
might not be able to provide accuracy comparable to the
SVD and NNMF-based approaches. Hence, we consider
a more complex approximation that incorporates the bi-
ases of the individual users and items by including the
terms (user average - user cluster average) and (item av-
erage - item cluster average) in addition to the co-cluster
average. The approximate matrix Ais given by

Ayj = AGOC + (AF — AJO) + (4§ — A7) (3

where g = p(i), h = v(j) and AE, AY are the av-
erage ratings of user u; and item p;, and A52¢, AFC
and A are the average ratings of the corresponding co-
cluster, user-cluster and item-cluster respectively, i.e.,
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It can be shown [3] that the approximation matrix A is
the least squares solution that preserves the user, item and
co-cluster averages, or in other words, it is the best addi-
tive approximation to A given these summary statistics.
Using A, we can now pose the prediction of unknown
ratings as a co-clustering problem where we seek to find
the optimal user and item clustering (p,y) such that the

approximation error of A (which is a function of (p,~))
with respect to the known ratings of A is minimized, i.e.,

manZWZ] i — ZJ)

(3.2)
(e = jary

where W;; ensures that only the known ratings contribute
to the loss function. [3] presents an alternate minimiza-
tion based algorithm that is guaranteed to provide a lo-
cally optimal solution for the co-clustering problem (3.2).
The resulting co-clustering (p,) can then be used to
compute the various averages required to estimate A. In
case of dynamic scenarios, the known ratings matrix A
varies with time and hence, we require Ato adapt to the
changes in A in an efficient manner. Unlike SVD and
NNMEF, it is possible to devise a fast incremental update
for (3.2) by keeping (p,~y) fixed since the availability of
new ratings results in changes to only a few parametersin
A, i.e., the averages of the corresponding user, item and
their respective clusters.

4 Collaborative Filtering via Co-clustering

In this section, we describe the three main compo-
nents of our collaborative filtering approach based on
co-clustering — (i) static training, which involves co-
clustering the ratings matrix and computing the various
summary statistics used for prediction, (ii) prediction,
which consists of estimating an unknown rating from the
various summary statistics, and (iii) incremental training,
which involves updating the summary statistics based on
incoming ratings.

4.1 Static Training

The main objective of the static training component is
to compute all the parameters that are required for fast
prediction of the unknown rating. In our co-clustering
based approach, this essentially involves solving the
problem (3.2) assuming the ratings matrix A is fixed and
estimating the averages ACC¢, ARC ACC AR and AY
using the optimal co-clustering (p,~y). We perform this
using the appropriate instantiation of the Bregman co-
clustering algorithm presented in [3], which is guaran-
teed to provide a locally optimal solution. The key idea
in this algorithm is to assume some initial co-clustering
and then alternately optimize over the row (user) and col-
umn (item) clustering till convergence is achieved. Since
the objective function in (3.2) can be written as the sum
of contributions from the individual rows (or columns),



the optimal row clustering (or column clustering) can be
readily obtained by finding the appropriate cluster assign-
ment for each row (or column). Algorithm 1 provides the
details of the various steps.

Since the ratings matrix A is likely to be sparse,
it is possible that there are no known ratings in cer-
tain co-clusters and in such cases, we replace the co-
cluster average by the global average value. It is also
important to note that the row and column assignment
steps of Algorithm 1 can be implemented efficiently
by pre-computing the invariant parts of the update cost
functions. For example, the matrix A‘™P! defined by
AP = A;;— AR — AS can be computed at the very be-
ginning. Now, for any {z;}", and p = L 37"  x;, we
note that Y°7", (z; — ¢)® = Y1 (@i — 1) +n(p — c)?
so that minimizing the L.H.S is equivalent to minimiz-
ing (u — ¢)2. Using the above property, it can be shown
that minimizing the row update cost function is equiva-

lent to minimizing At;”(ff ACQS + ARC where Atmr?
1

P
is given by A};""? = % + A and can

J )= i
be computed before the row cluster assignment step. The
column cluster assignment step can be similarly sim-
plified by computing a & x n matrix A*™P3 such that

tmpl
% + ARC. Further, since A is
a sparse matrixpand the objective function is based only
on the known ratings (i.e., W;; # 0), it is possible to
speed up the co-clustering algorithm by storing only the
relevant values in A*™P1 Atmp2 gnd Atmp?,

Assuming the above efficient implementation of the
algorithm, the computational time for obtaining matri-
ces Atmpl . Atmp2 and A'™P3 s linear in the number
of non-zeros in A. Each iteration of the algorithm fur-
ther involves obtaining the optimal row and column as-
signments. For the row cluster assignment, the com-
putational time required is O(mkl) since each row of
the m x | matrix A*™P2 needs to be compared with
the k possible alternatives corresponding to the different
row clusters. Similarly, the computational time for col-
umn assignments is O(nkl). Therefore, assuming a con-
stant number of iterations, the overall computation time
is O(W9b° + mEkl + nkl) where W9 is the number
of non-zeros in A. Table 1 compares the computational
time required for the various collaborative filtering ap-
proaches.

4.2 Prediction

In our approach, the prediction of unknown ratings is
performed by suitably combining the various summary
statistics. When the requested rating is for an existing
user and item, the prediction is straightforward and de-
termined by (3.1). When the user is new and the item is
an existing one, the predicted value is the item average.
Similarly, when the item is new and the user is an exist-
ing one, the predicted value the user average. When both
the user and item are new, there is no specific information

Almp —

Algorithm 1 Static Training via Co-clustering

Input: Ratings Matrix A, Non-zeros matrix W, #row clusters
1, #col. clusters k.
Output: Locally optimal co-clustering (p,
ACOC’ ARC, AOC, AR, and AC.
Method:
1. Randomly initialize (p, y).
repeat
2a. Compute averages ACCC, ARC ACC AE and A€,
2h. Update row cluster assignments
p(i) = argmin 37, Wi; (Aij Agvo(]c;
1<g<k
— A7 +ATG)% 1<i<m
2c. Update column cluster assignments

~) and averages

R RC
AR 4 A

v(j) = aifghm;ln S Wii(Aij — A5G — Af + AT
— A7 + A9, 1<j<n

until convergence

Table 1. Comparison of computational
times of various CF algorithms. In case
of SVD and NNMF, k is the rank of the
approximation matrix and for correlation-
based methods, k=#neighbors

Algorithm Static Training Prediction | Tncremental
Training
Co-clustering || O(W 9™ + mkl + nkl) 0(1) 0(1)
SVD O(mZn + n®)t O(k) O(W?9°P)
NNMF O(W?9°bk) O(k) —
Correlation O(mWw?9?) O(k) O(W?9P)

and we just return the global average of all the known rat-
ings. Algorithm 2 shows the details of prediction process,
which can be readily seen to be a constant time (O(1) )
operation.

Algorithm 2 Prediction

Input: AR ARC AC ACC ACeC Aglob oo clustering (p,y)
user set/, item set P, user u;, item p;.

Output: Rating r

Method:
Case u; € U and p; € P: { old user-old item}
g+ p(t), h (@
’)"(—2()+Ag)ARC ACC ACoC
Case u; € U and p; ¢ P: { old user-new |tem}
g« p(i),r + A;
Case u; ¢ U and p; € P: {new user-old item}
h (5, r + A;°
Case u; € U and p; & P: {new user-new item}
r < A9lb

4.3 Incremental Training

As mentioned earlier, we require our collaborative
filtering approach to be applicable to dynamic settings
where ratings are being continuously updated. Co-
clustering algorithm (Algorithm 1) described earlier,



Algorithm 3 Incremental Training

Input: Matrix averages AT, ARC AC ACC ACC Aglod
Non-zero counts W%, WRC WC WCC WC"C Wwste,
co-clustering (p, ) user set i/, |tem setP user u;, |tem Dj-

Output: Updated matrix averages and non-zero counts
Method:
1. Identify user-item clusters
Case u; € U and p; € P: {old user-old item }
g < p(i), h < ~(5)
Case u; € U and p; ¢ P: {old user-new item}
g < p(0), h < 0,7(j) < 0, P < PU{p;}
Case u; € U and p; € P: {new user-old item}
g9 0,k < ¥(5), p(i) < 0,U U U{ui}
Case u; ¢ U and p; € P: {new user-new item}
g+ 0,h<+0,p(t)«0,7() « 0
U U Hui}, P < PU{pi}
2. Update the matrix averages
3. Increment non-zero counts

though quite efficient, is primarily designed for a static
setting where the users, items and the ratings are fixed.

However, completely ignoring the information in the
new ratings could result in poor performance. To address
this problem, we consider an incremental partial update
mechanism. The key idea here is that since the predic-
tion of the ratings depends only on the summary statis-
tics (matrix averages), updating these statistics using the
new ratings will incorporate most of the information in
the new ratings. When the new rating corresponds to an
existing user and item, it is straightforward to update the
corresponding averages. However, when either the user
or item is new, then there is no cluster assignment for
this new entity. To resolve this problem, we temporar-
ily assign the new entity to a global transitional cluster
(indexed by 0) and update the corresponding averages.
During the next run of the co-clustering algorithm, the
users in the global user cluster and the items in the global
item cluster are reassigned to one of regular user and item
clusters. Algorithm 3 shows the details of the partial up-
date procedure, which is also a constant time (O(1)) op-
eration.

5 Scalable Collaborative Filtering System

In this section, we describe a real-time collaborative
filtering system based on the co-clustering approach pre-
sented in Section 4. We also propose parallel versions of
co-clustering, prediction and incremental training routine
to further improve the scalability of our approach.

5.1 CF-System Description

From Section 4, we note that there are three main rou-
tines in our collaborative filtering approach. Of these, the
prediction and incremental training routines can be per-
formed extremely fast while the static training process is
relatively slow. Since a user requires a fast response dur-
ing the prediction and incremental training phases, it is
essential to separate these from the static training process.

Therefore, we design a simple collaborative filtering sys-
tem (shown in Figure 1) assuming two parallel processors
Py and P, (which could be threads in a single processor
as well) where P; handles the prediction and incremental
training and P is responsible for the static training. Pro-
cessor P, therefore, mainly interacts only with the sum-
mary statistics (say S) , i.e., reads the summary statistics
during prediction and updates it during incremental train-
ing. During incremental training Py, also updates the raw
ratings. On the other hand, processor P, repeatedly per-
forms co-clustering by reading the current ratings matrix
A and updating S when done. To ensure consistency,
the data objects A and S are stored in two parts — (a)
stable values A®, S® at the end of ¢** co-clustering,
and (b) increments AA®, AS(®), At the end of each co-
clustering run, the two parts are merged to obtain a new
set of stable values.

Though reasonably efficient, the system shown in Fig-
ure 1 might not be adequate when the ratings matrix and
the summary statistics are too large to be stored in the
main memory of a single processor, for example, in the
case of a news personalization application involving mil-
lions of users and articles. In such a situation, a natural
solution is to use a distributed memory representation for
the data objects so that each of the processors P; and P,
are in fact clusters of processors. In order to maintain
scalability of such a CF system, it is important to design
efficient parallel versions of the various CF operations.

Summ_ary@\ @\K\nown ratings
SlalISIIC_S_v_

L |

PL | T~

RN I R
Updates to "
New ratings

N

Summary Statistics

—— Co-—clustering
Prediction
- Incremental Training

Figure 1. Collaborative Filtering System

5.2 Parallel Collaborative Filtering

The parallelization of P; and P, are independent of
each other and depend on the distribution of S and A
respectively. In fact, it might often be more practical to
parallelize the operations of only one of the processors
depending on the application.

Parallel Co-clustering (P.). To obtain a parallel ver-
sion of the co-clustering algorithm, we note that there are
three main steps in each iteration of the co-clustering al-
gorithm -(i) computing the matrix averages, (ii) obtain-
ing the row cluster assignments, and (iii) obtaining the
column cluster assignments. Further, given the matrix
averages, the separability of the row and column update
cost functions allows us to separately find the optimal as-
signment for each row and column. Using this inherent



Algorithm 4 Parallel Co-clustering

Input: Ratings Matrix A, Non-zeros matrix W, #row clusters
1, #col. clusters k.
Output: Locally optimal co-clustering (p,y) and averages
ACOC” ARC, ACC, AR, and AC.
M ethod:
Processor p gets sub-matrices A™? (mp xn) & AP (m xn,)
1. Randomly initialize (p?,~?).
repeat
2a. Compute partial contributions to matrix averages and
non-zero counts based on A™? and A°P.
2b. Accumulate the partial contributions to obtain overall
matrix averages.
2c. Update row assignments p? for all rows in A™.
2d. Update column assignments ~* for all columns in A°P.
until convergence
3. Concatenate the cluster maps (p?,~?) to obtain (p, )

data parallelism, we propose a parallel version of the co-
clustering algorithm (Algorithm 4). The key idea is to
divide the rows and columns among the processors so
that the steps (ii) and (iii) can be completely performed
in parallel. For step(i), the different processors compute
their partial contributions which are then combined to ob-
tain the overall matrix averages. To analyze the computa-
tional complexity, we assume that the matrix is dense and
equally partitioned among NN processors so that processor
pownsm, = m/N rows and n, = n/N columns. Since
each processor only owns a fraction of A, the computa-
tion of the partial contributions to the various cluster aver-
ages takes only O(mn /N operations while the accumu-
lation of these contributions requires O (NN kl) operations.
The row and cluster assignment operation further require
O(mypkl + n,kl) operations. Hence, the overall compu-
tation time of the algorithm is O(motmklbinkl | Ngp)
which corresponds to almost linear speedup assuming
N < /(m + n) and ignoring the communication costs.
For a sparse matrix, one might have to use a more so-
phisticated partitioning scheme to ensure that the load is
evenly balanced in order to obtain a good speedup.

Parallel Prediction and Incremental Training (P).
When the summary statistics cannot be stored on a sin-
gle processor, we can parallelize the prediction and in-
cremental training routines by distributing the summary
statistics based on the user and item clusters. The key
idea is to separate out the tasks of determining the user
and item clusters corresponding to a request (or submis-
sion) and performing the actual computation. When a
rating is requested (or submitted) for a particular user u;
and item p;, the root processor first determines the clus-
ters to which these belong using the locally stored clus-
ter mappings and directs the request to a slave processor
that owns these clusters. In case of new users and items,
the root processor maps them to the global transitional
cluster and directs them to an appropriate slave processor.
The slave processor then performs the actual computation
involved in the prediction or incremental training.

6 Experimental Results

In this section, we provide empirical evidence show-
ing that our co-clustering-based approach can provide
high quality predictions on unknown ratings with much
lower computational effort as compared to traditional col-
laborative filtering techniques. We also study the scala-
bility benefits of parallelizing the co-clustering.

6.1 Datasets and Algorithms

We used two publicly available datasets (Movi eLens
and Book Cr ossi ng dataset) for our experiments. The
Movi eLens dataset (http://www.grouplens.org/data/)
consists of 100,000 ratings(1-5) by 943 users on 1682
movies whereas the Book Cr ossi ng dataset [19] con-
sists of 269392 explicit ratings(1-10) by 47034 users
for 133438 books. We also created 10 subsets
(Mbvi el- Movi e10) of the Movi eLens dataset each
containing a fraction (10-100%) of the total ratings.
We compared the performance of our co-clustering
based approach with SVD [13], NNMF [10] and clas-
sic correlation-based collaborative filtering [12]. An in-
cremental SVD-based approach [14] using a folding in
technique was also implemented in order to evaluate the
prediction accuracy in dynamic scenarios with changing
ratings. The algorithms were all implemented in C++ and
MPI (for parallel version). For implementing the SVD-
based approach, we used a highly fine-tuned Fortran li-
brary LAPACK [1] to get reliable timing measurements.

6.2 Evaluation Methodology

To study the performance of our collaborative filtering
approach, we focused on three evaluation metrics corre-
sponding to prediction accuracy, static training time and
prediction time. The prediction accuracy was measured
using the mean absolute error (MAE), which is the aver-
age of the absolute values of the errors over all the pre-
dictions. The static training time was estimated in terms
of the CPU time taken for the core training routines (viz.
co-clustering and SVD) while the prediction time was es-
timated by averaging over the response time taken for
all the predictions. All the timing measurements were
obtained on a Linux Beowulf cluster consisting of 256
AMD Opteron Model 240 processors (1.4Ghz) on 128
compute nodes with 384GB RAM.

For evaluating the prediction accuracy, we created ten
80-20% random train-test splits of the datasets and aver-
aged the results over the various splits. We considered
two scenarios, —(i) static testing, where the known rat-
ings do not change, and (ii) dynamic testing, where the
ratings are updated incrementally. In the case of static
testing, the prediction accuracy was obtained for all the
four algorithms, whereas the dynamic testing accuracy
was obtained only for the co-clustering and SVD-based
methods since the other techniques do not have an in-
cremental learning component. The training timing mea-
surements were also restricted to the co-clustering and



Table 2. Mean absolute error using various
CF algorithms in a static testing scenario

Data SVD NNMF CORR COCLUST
Mov1 0.83 £0.06 | 0.82+0.04 | 0.84£0.04 | 0.84 £0.06
Mov?2 0.83 +0.03 | 0.85+0.03 | 0.84 £0.02 | 0.82+£0.03
Mov3 0.82+0.03 | 0.83£0.03 [ 0.85£0.02 | 0.81 £0.03

Table 3. Mean absolute error using various

CF algorithms in a dynamic scenario

Data SVD COCLUST

Mov1 0.796 + 0.082 | 0.801 + 0.067
Mov2 0.781 +£0.069 | 0.784 £ 0.059
Mbv3 0.788 £ 0.072 | 0.778 £ 0.061

SVD based approach since our implementation of the
NNMF and the correlation-based CF techniques was not
necessarily efficient and resulted in large training times.

The parameters of the different algorithms were varied
based on the experiment. In all our experiments, the num-
ber of row and column clusters and the rank parameter of
the SVD, NNMF algorithms was chosen to be identical.
The number of neighbors in the correlation-based CF al-
gorithm was set to a fixed number. Since co-clustering
and the NNMF algorithms only provide locally optimal
results, we performed multiple (5 runs) of these algo-
rithms and picked the best solution.

6.3 Results and Discussion

We now present the experimental results showing how
the prediction accuracy, the average prediction time and
the training time depend on the algorithm, size of the
datasets and the number of prediction parameters.

Prediction accuracy vs. Choice of CF-algorithm.
Tables 2 and 3 show the mean absolute error obtained
using the different collaborative filtering algorithms for
static and dynamic scenarios respectively. In all the
cases, the number of row and column clusters and the
rank (for SVD,NNMF) was set to 3. From the tables, we
note that all the algorithms including the co-clustering-
based approach provide approximately the same accu-
racy for the static scenario. For the dynamic scenario, the
SVD-based approach is the only other technique with an
incremental training component and again, the accuracies
obtained are comparable. It should be noted that the co-
clustering approach required fewer parameters and less
training time compared to all the other methods.

Prediction accuracy vs. #Prediction parameters.
Figures 2 (a) and (b) show the variations of the mean
absolute error with the number of row/column clusters
(equal to rank k) and the number of prediction parame-
ters respectively for the different algorithms on Movi e3
dataset. The number of prediction parameters corre-
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Figure 2. Variation of mean absolute error
with #prediction parameters

Table 4. Average prediction time (in us)

SVD NNMF | COCLUST
k=2 2.94 2.96 2.28
k=10 3.23 3.16 2.29

sponds to the extra storage required in addition to the raw
ratings matrix. In case of the co-clustering approach, the
prediction parameters are the various summary statistics
((m+n+kl—k—1) values) whereas in case of SVD and
NNMF, these are the matrix factors ( (m +n)(k +1) val-
ues). From the figure, we note that prediction accuracy is
optimal at a certain k£ and then deteriorates with increas-
ing k. The figure also clearly shows the difference in
the number of prediction parameters required for the co-
clustering and the other matrix factorization approaches.

Prediction time vs. Choice of CF-algorithm. Table
4 shows the average prediction time for the various CF
algorithms on the Movi eLens dataset. In all the cases,
the prediction time is reasonably low, though the SVD,
NNMF-based approaches show a small increase with in-
creasing k.

Training time vs. Data set size. Figure 3 shows the
variation of the static training time with the size of the
dataset (#known ratings) for the co-clustering and SVD-
based methods on the Movi eLens dataset. From the fig-
ure, we observe that the co-clustering approach is much
faster than the SVD-based method in spite of the fact that
the SVD-based method uses an optimized library while
the co-clustering algorithm did not. In our experiments,
the NNMF and correlation based methods were found to
be even slower than SVD, but we do not report the re-
sults due to the variations in the implementation. The re-
sults also indicate that the training time of co-clustering
approach increases at a much lower rate than that of the
SVD-based approach.

Training time vs. Number of processors. Figure 4
shows how the computational time of the co-clustering
algorithm varies with the number of processors on four
different datasets. From the figures, we note that there
is reasonable (though sub-linear) speedup due to par-
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allelization. In particular, the trends on Movi e5 and
Movi eLens indicate that parallelization is more bene-
ficial for larger datasets since the computational costs are
much higher than the communication costs in that case.

7 Conclusion and Future Work

Recommender systems based on collaborative filter-
ing are proving to be extremely useful for a number of
online activities such as e-commerce. However, there
remain important challenges that need to be addressed,
specially with regard to scalability and deployment for
dynamic scenarios where new users, items and ratings
enter the system at a rapid rate. In this paper, we pre-
sented a new dynamic collaborative filtering approach
based on simultaneous clustering of users and items. Em-
pirical results indicate that our approach can provide high
quality predictions at a much lower computational cost
compared to traditional correlation and SVD-based ap-
proaches. We also proposed parallel versions of the vari-
ous components of our collaborative filtering approach to
make it scalable for large datasets containing millions of
users and items. In future, we plan to extend our work in
three main directions — (i) exploring a divisive hierarchi-

cal clustering setup that could be more suitable for real-
time adaptation as well as for identifying the appropriate
number of user/item clusters, (ii) adapting our collabora-
tive filtering approach for streaming data items such as
news articles by modifying the weight matrix T based
on time progression, and (iii) investigating the suitability
of co-clustering algorithms based on loss functions other
than squared error.
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