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Abstract prediction [2]. However, the training requirements of

both models require trade-offs between on-line and of-
Two major challenges in collaborative filtering are  fline computation.
the efficiency of the algorithms and the quality of the
recommendations. A variety of machine learning meth-  CF has the following issues - efficiency of the al-

ods have been applied to address these two issues, in-gorithms and quality of the recommendations. In gen-
cluding feature selection, instance selection, and clus- era|, the computational complexity of memory-based
tering. Most existing methods either compromise com- and model-based algorithms agénm?) andO(nm),
putational complexity or prediction precision. Two  regpectively, where: denotes the number of users and
novel, scalable memory-based CF algorithms are pro- , denotes the number of items (e.g., movies) in the data
posed, namely BS1, BS2, which combine the strengths sets where both have an upper boundrok n. Cur-

of existing techniques while discarding their weak- rently, data sets from large on-line stores contain mil-
nesses. Experiments show that both the efficiency and jions of items as well as millions of registered users,

performance have been improved when compared t0 which can be computationally expensive.
three classical techniques: VSIM, FCBF and PD.

The quality of the recommendation is problematic
and is primarily due to the number of items that users
1 Introduction rated. Given the large number of items in the data sets,
a single user may want to rate a very small portion of
Web search has become a serious venture for many the items, resulting in most items unrated. For example,
with consumers making economic decisions based on in EachMovie database, a user rates 20 movies on aver-
search results. As a result, predicting users preference 29€, while the whole database contains more than 1,000

and then giving useful recommendations with limited Movies. Thus making recommendations from very lim-
information gained from the users or their behavior has ited data can lead to unacceptable errors.
become a challenge for online stores and information
providers. Collaborative filtering (CF) became a very In this paper, we propose two innovative algorithms
popular technique not only for recommender systems in for memory-based CF. The first algorithm, we denote
recentyears, but also for research areas such as artificialas BS1, applies the instance selection technique to se-
intelligence, human computer interface, etc. lect thebestcandidates for prediction, based on an im-
There are two major approaches of collaborative proved weight function. The second algorithm, denoted
filtering, memory-based and model-based. Memory- as BS2, unifies instance selection and feature selection
based algorithms store users ratings/preferences in stor-techniques, and recommendations are implemented by
age, and give recommendations based on known scoresclustering users into several featured clusters based on
from existing users [1]. Model-based algorithms de- user profiles. We employ KMeans for our clustering al-
scribe users preference by applying descriptive models gorithm and dynamically choose the b&sthat leads to
to users and/or ratings; the virtue being that once the the optimal clustering results. The running time of BS2
model is established, little computation is required for equals that of BS1 in thieg of the numbers of users.



2 Best Selection Algorithm (BS1)

For the related work of CF, we refer interested read-
ers to the classic paper [1]. In this section, we give a
formal definition of our memory-based CF algorithm.

2.1 A Revised Weight Function

Given a vector spack and a field of scalar&’, an
inner product is defined as a function.) : V. xV —
K which satisfies the properties lifiearity, conjugate
symmetryand positive definite Generally, an inner
product is a generalization of the dot product. Usu-
ally in a vector space, inner product is used as a way
to multiply vectors together, with the result of this mul-
tiplication being a scalar. In the area of information re-
trieval, inner product is used as a measurement of vec-
tor similarity that represents how similar two or more

gueries/sentences are to each other. Based on these fea-

tures, we introduce a new weight function as follows:

Z?;O ((min(Vy;, €a), min(Vij, €)) , Sim(a, i, 7))

respectively. The idea behind this algorithm is that in-
stead of doing computation across the entire datasets
only for a single prediction, we choose tota[lypg m |
users that has theestsimilarity with the active uset

for prediction. i.e., these candidates are the best ones to
represent user’s ratings of the items in the same data
set. To achieve the best result, the algorithm is iterated
[logm] times, at each tim@log m] users are randomly
picked, and only théestone that has the highest sim-
ilarity (judged by tv(a, i)) with the active uset is se-
lected and inserted into the candidates list.

Algorithm 1 Best Selection Algorithm (BS1)
input:  user-item matrixp € R™*"
weight matrix)y € R™m*™
output: candidates lis€ € RIlegm1xn
Initialize C « 0
for each active user do
for i equals 0 tdlogm] do
randomly choos¢log m] userd/ from P
select the candidajethat satisfies:
Vovelandv # p,W(a,u) > W(a,v)

w(a,i) =

min(|La|, |1;])
1)
Where functiorSimis defined as:
Sim(a,i,j) = &= Vai Z Vi) |V‘;{ —Vyl) @

Here in equation (1) and equation (2),is the ac-
tive user we want to predictl;; represents the rat-
ing of useri over itemj, I; denotes the number of
items that user rated, m equals to the total num-
ber of items andS stands for the rating scale. The
vectore = {ey,€9,...6,,} are some significant small
coefficients that are a little bit smaller than the low-
est feature frequencies for each sample. Specifically,
e(F) = min, 4o ””];’”‘1‘1. The reason that instead of us-
ing the true value o¥;;, we usemin(V;;, ¢;) in equa-
tion (2) for computing the weight function is that we are
only concerned about whether userand: have rated
item j or not. How close their ratings are related is de-
cided by the functiorim(), which computes the simi-
larity between two ratings by calculating the difference
between user ratings divided by the rating scale result-
ing in vector distances (or similarity). It is evident that
the higher the similarity, the closer relationships users
have to each other. ObviousBim(a,a,i) = 1 for all
users, indicating that the similarity between a user and
itself is the highest.

2.2 Algorithm and Analysis

In algorithm Best Selection (BS1); andn are used
to denote the number of users and the number of items,

Ci—C; U P(M)
end
end
outputC

Once we have the candidates list and the weight
function, we can predict users rating for item; as
follows (remembec is the candidates list):

[log m|

Q(a,j) = Z W(a,c) * P(c,j),ceC

c=0

®3)

Some previous memory-based approaches [1] predicted
user ratings by collecting ratings from all users in the
datasets. Two shortcomings are obvious here: first, lots
of noise factors were introduced to the prediction pro-
cess. i.e., the ratings of those users whom have very lit-
tle similarities with the active userare also added up to
predict its ratings, as long as the weights between these
users and a greater than 0. Secondly, time are wasted
to compute these useless ratings, which have very minor
effects to the final prediction results.

By adopting instance selection, we minimize the
noise factors by selecting the most representative users
from the data set. As a result, on establishing the candi-
dates list, we could get better prediction results by com-
puting from a much smaller set, but definitely no less
reliable, of related users, regardless of items. The run-
ning time is also significantly reduced @(n log® m).

It has also been realized that by using random selec-
tion, we may get the optimal result for each step, but
we may not achieve the optimum solution globally. i.e.,



those users that have the highest weights with the ac- 3.1 Clustering for Predicting User Ratings

tive user have chances of not being selected as candi-

dates. However, trying to find the absolute best can-  after applied to BS2, the sample data collected have
didates each time would be labor-intensive and time- peen optimized for prediction. The prediction is then
consuming. By mentioningesthere, we mean thatour  carried out by clustering the training data set based on
approach finds the best trade-off between computational the yser profiles. In practice, the size of the raw data sets
complexity and prediction results. i.e., by selecting the yaries a lot. As a result, how to dynamically choose the
best candidate for each step and repeating the same stemyymper of clusters that could lead the results of cluster-

[log m] times, we have minimized the standard devia-
tion of errors that could cause mis-prediction.

3 Clustering Approach — Improved Best
Selection Algorithm (BS2)

Generally, feature selection is different frominstance
selection regarding selection criteria. i.e., instances a
selected based on user similarities while features are
chosen according to the quantity of ratings provided by
users. In algorithm 2, we want to select those features
that have been rated most frequently by users. At the
beginning of BS2, a candidates list is retrieved by us-
ing BS1. Based on that, we count the number of items
that have been rated by the users in the candidates list,
and select the firgtlog n| features according to the de-
scending order of the frequency.

Algorithm 2 Best Selection Algorithm (BS2)
input:  user-item matrixP € Rm*"
output: instance-feature lisf € RIlegm1x[logn]
Initialize C + BS1(P), F «— 0,7 «— 0
for ¢ equals O tox do

for j equals O tdlogm] do

if C(4,i) >0
I()«—Z@E) +1

end
end
Append active userto C : C +— P(a)
for i equals 0 tdlogn] do

select the feature from C that satisfies:

VéeCand§ # Kk, I(k) > Z(§)

fi — ]:Z U C(H)

C—C—-Csx
end
The initialization part of algorithm 2 takes

O(nlog®m) time with respect to the number of
usersm and number of features. The first part of
the algorithm computes the number of times that the

ing to the best prediction outcome becomes the key part
of employing the classical clustering algorithm.

Several approaches have been applied to cluster the
data sets of user-item matrices, which were mentioned
in [3] as repeated clustering. In our approach, users who
have similar preferences of the same items are clustered
together. To determine the quality of clustering results,
two metrics namely the average intra-class compactness
and inter-class looseness of clusters are employed:

K N;
Co(l) = £ Y3 (C) - U@’ @
1 K K
Ls(K) = £ DD (€ -ci)’ ()

In eq. (4) and (5)U(i) € F, whereF is the re-
sult from BS2 andrF € RlleemIxMlognl i denotes the
number of clusters)V; represents the total number of
users in class, andC (i) is the centroid of classwhich
is defined asC (i) = & Y70 U(i).

The purpose of clustering is to minimize the aver-
age intra-class compactness while simultaneously max-
imizing inter-class looseness. In Algorithm 3, two ini-
tial thresholds, €5 are chosen for intra-class compact-
ness and inter-class looseness, respectively. The num-
ber of clustersC are initialized to be half the number
of instances selected from BS1. Each time when the
KMeans algorithm is called, we get the labels for in-
stances, cluster centroids and the modified instance-
feature list7’ which appends the labels to the last col-
umn of . After that, newp and7 are computed by us-
ing the new labels. If both conditions are satisfied, we
take the clustering results and compute the prediction
value of the active user. However, if the computegd
is larger than the initial threshold, we recognize that the
current clusters are not compact enough, i.e., users that
are clustered in the same class may still exhibit different

items have been rated by the selected candidates, takinguser profiles thus has to be further split.

O(nlogm) time to finish. The second part of the
algorithm selectglogn] features from all the items,
requiring no more tha@(log n) time. Considering in
normal cases; % m andm % n, the running time of
algorithm 2 is still bounded b (n log? m).

In the third case, if the value @fis small enough, but
7 is smaller than the threshold (which means we have
"over-cluster” the users and clusters are not maximally
separated), then clusters are merged to get larger inter-
class looseness values.



Algorithm 3 Clustering for Prediction
input:  instance-feature lisf € RIogmIxTlogn]
output: rating-prediction listP’ € RIlesm]
Initialize IC — [logm/2], p «— €1,7 — €3,
L0, c—0,P 0
while I > 2 andK < [logm] — 1 do
(t,¢, F") — KMeans(F, K)
for ¢ equals 1 toC do
for j equals 1 taV; do
p— Cp(F)
T — Ls(F)
end
end
if p<pand? >
break
elseifp > p
K—K+1
elseifp < pand7 < 7
K—K-1
end while
for i equals 1 tdlogm] do
for j equals 1 tor do
if Li = lllogm]+1
P} Pi +W(i, [logm] + 1)P([logm] + 1, j)
end
end

4 Experiments and Discussion

Performance of our algorithms are evaluated based
on computational complexity and prediction accuracy,
two benchmark datasets from GroupLens are employed.
Comparisons are made to [1], Fast Correlation-Based
Filter [4] (FCBF) and Personality Diagnosis [2] (PD).

Three protocols are employed for evaluatadhbut
one given twoandgive ten For evaluation metrics, we
employ theMAE (Mean Absolute Error) score.

4.1 Results and Discussions

Table 1 exhibits the experimentresults. BS1 and BS2
perform better than PD, FCBF and VSIM in all three
protocols for all test data sets. The average improve-
ments of BS1 and BS2 regarding MSE, RS and MUG
scores are 12.7%, 20.4% and 13.5%, by comparing to
the average scores of the three algorithms.

Table 2 shows the running time of these algorithms.
BS1 and BS2 require significantly less time than the
other three algorithms, especially for the large data sets.

Table 3 summarizes the performance comparison be-
tween BS1 and BS2. We use the measurement of how

Datasets  Algorithms Protcols
AlIButl Givenl0 Given2
MovieLenl PD 0.964 0.986 1.039
FCBF 0.999 1.069 1.296
VSIM 2.136 2.235 2.113
BS1 0.825 0.826 0.878
BS2 0.814 0.835 1.022
MovieLen2 PD 1.023 1.011 1.125
FCBF 1.001 1.068 1.265
VSIM 2.345 2274 2.256
BS1 1.078 1.079 1.079
BS2 0.802 0.811 0.978
Table 1. MSE Scores
Datasets Running Time (in ms)

VSIM PD FCBF BS1 BS2
MovieLenl 4833 3200 4587 2544 3517
MovieLen2 15669 5644 102381233 5291

Table 2. Algorithm Running Time.

much can BS2 improve from BS1. We notice that BS2
performs better on MSE but cost more computational
power. In BS2, we call KMeans several times with dif-
ferent value of cluster numbeiS. Since BS2 uses the
results (candidate lists) from BS1, it is then reasonable
for BS2 to cost a little bit more time than BS1.
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Synthetic MovieLenl MovieLeanOveraII

5.6% 4.7% 9.2% 6.5%
-3.2% -29% -19.9%-17.4%

MSE
Time

Table 3. Improvement of BS2 over BS1.



