A Multiresolution Approach to Recommender Systems
Gilbert Badaro

Hazem Hajj

Ali Haddad

American University of Beirut
Beirut, Lebanon

American University of Beirut
Beirut, Lebanon

Yale University
Connecticut, USA

ggb05@aub.edu.lb

hh63@aub.edu.lb

ali.haddad@yale.edu

Wassim El-Hajj

Khaled Bashir Shaban

American University of Beirut
Beirut, Lebanon

Qatar University
Doha, Qatar

we07@aub.edu.lb

khaled.shaban@qu.edu.qa

ABSTRACT
Recommender systems face performance challenges when dealing
with sparse data. This paper addresses these challenges and
proposes the use of Harmonic Analysis. The method provides a
novel approach to the user-item matrix and extracts the interplay
between users and items at multiple resolution levels. New
affinity matrices are defined to measure similarities among users,
among items, and across items and users. Furthermore, the
similarities are assessed at multiple levels of granularity allowing
individual and group level similarities. These affinity matrices
thus produce multiresolution groupings of items and users, and in
turn lead to higher accuracy in matching similar context for
ratings, and more accurate prediction of new ratings. Evaluation
results show superiority of the approach compared to state of the
art solutions.
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1. INTRODUCTION
Recommender systems continue to capture attention due to their
potentials in helping users with their daily-life decisions [1], and
providing information relevant to their needs [2]. These systems
are being utilized in recommending social events based on the
user geographical information [3], helping users select their travel
packages [4], recommending web pages [5] and solving patent
maintenance related problems [6]. Moreover, in [7] the authors
proposed an online system for recommending collaborators in
scientific research across different domains. Traditionally
recommender systems rely on ratings provided by the users on
previously listed items. Existing approaches for recommender
systems can be classified into: collaborative filtering techniques,
content-based techniques, hybrid models, and preference-based
methods [8].
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Collaborative filtering techniques [9-12] can be divided into
user-based and item-based collaborative filtering. In the userbased case, similarity between two users is computed while in the
item-based case, similarity between two items is computed.
Collaborative filtering can be memory based or model-based.
Content-based techniques [8] look at the content of the items and
try to retrieve features specific for a certain type of items. Textual
features are usually used as features for content-based systems.
Hybrid models were developed to overcome the limitations of
collaborative filtering and content-based techniques [8-15].
Briefly, these models combine the outputs of collaborative
filtering and content-based methods using for example linear
combinations of predicted ratings or voting schemes. Latent factor
models were also added to collaborative filtering and contentbased to improve the representation of user preferences [16].
Preference based methods are newly introduced approaches for
recommender systems that identify abstract features and relations
based on the user profile which could include user’s age, gender
and location as implemented in [17-20].
Despite progress made in recommender systems, several
challenges remain such as privacy issues [21] and evaluation
metrics [22]. At the forefront, scalability of these systems remains
a challenge to handle large scale number of users and items.
Furthermore, existing recommender systems still face challenges
in dealing with sparse data and achieving high accuracy. The issue
with missing rating leads to inaccuracies when trying to match
items or users for rating prediction. In this paper, we propose to
address this issue of sparse user-item matrices, while achieving
higher accuracies than existing systems.

2. MULTIRESOLUTION APPROACH FOR
RATING PREDICTION
In this section, we explain an approach to address the sparsity
problem in a user-item matrix. The approach is based on a new
formulation for harmonic analysis [23] with application to useritem matrix by deriving a multiresolution transformation of the
matrix similar to a wavelet transform. This transformation
inherently captures the interplay between users and items at
multiple levels of granularity, which enables similarity evaluation
at both individual and group levels. The intuition is that similar
users are likely to have similar items and similar items are likely
to have similar users. While previously published hybrid
recommender solutions covered aspects of the interplay between
users and items, none provided the simultaneous evaluation of
interplay measures at multiple resolutions, which should render
rating estimation more accurate. Following the transformation, the
most dominant coefficients in the new transformed space are used
to reconstruct a matrix similar to the original user-item matrix, but

with estimations of previously missing ratings. Hence, the issue of
sparse user-item matrix is solved. The overall approach can be
represented by 8 steps as shown in Figure 1.
Step 1: In this step, the similarities among users and items are
computed separately using correlation measures. The similarity
measures are represented by the so called affinity matrices. For
user affinity, similarity is measured between rows of the user-item
matrix. For item affinity, similarity is measured between columns.
Steps 2-4: These steps constitute an iterative process that
converges to two multiresolution representation of the user-item
matrix. The process initially starts by deriving a multiresolution
partition tree for items as described in [23] by clustering similar
groups of items (columns) together at different granularity levels.
The clustering is performed using diffusion distances [24]. In step
3, the interplay and similarity between users (rows) and items
(columns) are measured by computing similarity between users
(rows) based on the similarities across rows of the items’ partition
tree, i.e. rows across the multiresolution levels of the items’
partition tree. This measure of interplay is called dual affinity. A
sample of dual affinity computations is shown in Figure 2.
Similarly, the interplay and similarity between items (columns)
and users (rows) are measured by computing similarity between
items (columns) based on the similarities across columns of the
users’ partition tree derived in step 4, i.e. columns across the
multiresolution levels of the users’ partition tree. This iterative
approach in steps 2-4 is repeated until the partition trees converge
with very little change from one iteration to the next. The results
of this convergence are two multiresolution partition trees
capturing the interplay: one for the users and one for the items.
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multiresolution partition trees. Given a partition tree, TY, created
from the rows of a user-item matrix M, we compute an
orthonormal basis that spans the set of step functions that are
constant on the nodes of the partition tree TX, created from the
columns of M, at a given level of the tree. As an example,
columns of M are interpreted as step functions that are constant on
the nodes at the finest level. Following the same process, a Haarlike basis can be constructed for the partition tree TY in relation to
the columns Y.
Step 7: Similar to a Wavelet transform, this new transform can be
used to efficiently compress and denoise the user-item matrix. As
a result, in step 7 of the approach, the dominating coefficients in
the transformed space are selected to provide the efficient
representation.
Step 8: This step involves a step similar to an inverse wavelet
transform. The dominant coefficients selected from the previous
step are transformed back to the original user-item space.
Typically, a small percentage of the coefficients are used to
reconstruct the new estimated user-item matrix with the desired
capture for previously missing ratings.
Since the user-item matrix is not smooth, in other words, the
rating values are typically discrete, the described process (steps 18) of transformation and reconstruction can be iterated several
times to get smoother and more accurate results. This is called a
spin cycle procedure. For p iterations, the final estimated useritem matrix is calculated by averaging over the individual useritem matrices outcome from each iteration. The number of
iterations can be chosen as a tradeoff between accuracy of
convergence and computational complexity. For the
experimentation in this paper, it was set to 5.
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Figure 2: Example of using dual affinity from items’ partition
tree to compute similarity for users.

3. EVALUATION
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Figure 1: Overview of steps in multiresolution approach to
derive new estimated ratings.
Steps 5-6: Through these two steps, the user-item matrix is
transformed to the new multiresolution space with the use of the
orthonormal Haar-like bases constructed from the partition trees.
The product space spanned by the tensor product of the Haar-like
bases can then be used to represent the original rating matrix in
the new space. The orthonormal representation is constructed to
represent the original user-item matrix in the new space of the

Several experiments are conducted to evaluate the effectiveness of
the proposed approach. In 3.1, we compare its accuracy against
conventional user-based and item-based collaborative filtering
techniques. In 3.2, we compare the accuracy against state of the
art methods using larger data. In 3.3, we study the time
performance of the approach and compare it to recent methods.

3.1 Comparison with Conventional Methods
The experiments described in this section are conducted on data
selected from MovieLens [25], a web-based movie
recommendation system that debuted in 1997. The data was
collected from hundreds of users who had visited MovieLens to

rate and receive recommendations for movies. For the chosen data
set, 100,000 ratings provided by 943 users to 1682 items were
used for the evaluation. The data has a sparsity level of 0.94,
which indicates that the matrix has 94% of its entries equal to zero
which is a high degree of sparsity.
A 5-fold cross validation approach was applied (i.e. 80% training
data and 20% test data). The accuracy of the proposed approach
was compared to user-based collaborative filtering as stand-alone
and item-based collaborative filtering as stand-alone. For fair
comparisons, the algorithm was repeated 5 times, and the results
were averaged consistent with the spin cycle procedure. We used
mean absolute error (MAE) to measure the deviation of
recommendations from their true user-specified values. For each
rating-prediction pair <pi, qi>, pi being the predicted value and qi
the correct value available in the testing data MAE is computed as
follows with N being the total number of prediction pairs.
∑

reflect the duration needed to run one full iteration of the
algorithm and reconstruct the user-item matrix. As shown in
Figure 3, the experiments indicated that the total algorithm time
decreases with the number of nearest neighbors kn used to
construct the partition trees. In Figure 4, the MAE and time
measurements are plotted based on varying the kn parameter for
the 10M dataset. It can be seen from this graph that the choice of
kn gives a tradeoff between accuracy and time. Also, MAE
increases when kn increases while the time required by the
algorithm decreases when kn increases. By checking the
corresponding accuracies, the kn values were chosen to be 15, 40
and 70 for the datasets 100k, 1M and 10M ratings respectively.
These choices of kn were based on the variation of time compared
to the variation of MAE for each case of kn. We chose a point
where the MAE was given a higher tradeoff of accuracy versus
computation time. As an example for the 10M dataset, the choice
is pointed out by the arrow in Figure 4.

The proposed Harmonic Analysis approach achieved an
improvement of 40% compared to user-based collaborative
filtering and item-based collaborative filtering. Hence, the
harmonic analysis approach has the lowest
compared to the
two other methods.

3.2 Comparison with State of the Art
Methods
This set of experiments are targeted for comparing the proposed
approach with some more recent and state of the art work in the
field [26], [27] and [28]. The authors in [26] present a mixed
matrix factorization approach that relies on exploiting latent
factors and extracting the context of the user to predict item
ratings. In [27], the authors proposed an approach for improving
collaborative filtering using a fuzzy clustering algorithm. For the
experiments, we choose two different large datasets: the
MovieLens 1M and 10M ratings.

Figure 3: System Performance in terms of kn for the three
cases of Movielens dataset:
100 K, 1M, and 10M.

Following the same testing process described in the previous
section, the results are reported in Table 1. The new method
showed, on average, accuracy improvements of around 25%, 13%
and 14% compared to [26], [27] and [28] respectively.
Table 1: MAE for 1M and 10M MovieLens ratings.
Method

1M ratings

10M ratings

Multiresolution
approach

0.65

0.61

Mixed Matrix
Factorization [26]

0.86

0.84

Fuzzy Clustering
[27]

0.72

0.71

SVD [28]

0.725

0.715

3.3 Analysis of Time Performance
To evaluate the performance of the algorithm, we evaluated the
tradeoff between system accuracy and time of running the
algorithm. The experiments were implemented on MATLAB
installed on an Intel core i7 machine with 6GB DDR3 RAM
running Windows 7 64-bit. Time measurements were collected to

Figure 4: Performance and MAE versus choice of nearest
neighbors (kn) parameter for the 10M MovieLens dataset.
For comparison of time performance, we provide time
measurements per iteration for the 1M dataset in comparison with
state of the art approaches. 16, 19, 21 and 18 are the times in
minutes per iteration for our proposed approach, and the
approaches in [26-28] respectively. The proposed approach
provides better scalability performance.

4. CONCLUSION
In this paper, we proposed a new multiresolution approach for
recommender systems based on Harmonic Analysis. New affinity
measures that consider the interplay between users and items were
defined for user-item matrix. The proposed approach improves the
accuracy of systems with sparse user-item ratings and outperforms

conventional and state of the art methods in terms of accuracy and
time performance per iteration.
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