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A Refined Survey on Recommenders 2

Lebi Jean Marc Dali and Qin ZhiGuang

Abstract—Recommender systems are used to help in
decision making. They suggest items that are of interest
to a particular user, thus they make predictions about
potential items a user may like. Hence recommenders
are very important for online businesses and individuals.
There exists many recommenders on the market and
each year new recommenders are created. It is almost
impossible for a common user to keep track of all these
recommenders and know which one is required for his
particular application. Hence in this paper, we present a
general survey on
recommenders are chosen here vary widely in the

important recommenders. The
problems they solve. Therefore all types of users
irrespective of their peculiarities may find their sharein
this work. Also this paper is written in a simple
language so that
recommender background) may understand not fed

the common users (with no

alienated.

Index Terms— Recommender s)Collaborative
Filtering,model-based RS, Trust based algorithm,! social
network.

1. Introduction

Before taking a major decison in our lives (like in
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purchasing a new car), we rely upon recommendations
from relatives, friends or people with good knowledge of
the domain we are interested in, or we just consult articles,
journals or books that deal with the object of interest. What
we are after is a set of good recommendations that exactly
fit our particular need. Recommendation systems are
automated tools that do exactly that. Recommenders are
roughly divided into two groups namely content based
recommendation system and Collaborative Filtering
recommendation system. Content based method makes use
of information pertaining to the user like his interests,
occupation, age and information pertaining to the item like
title, tgpie”ete to make predictions [1]. In this paper we
won' St deal with content-based recommendation system,
Sihcetit’is no more a hot topic in the research community.
On-the other hand, Collaborative Filtering (CF) introduced
by D. Goldberg and friends in his paper “Tapestry” [2]
in 1992 is the buzzword in the community. CF describes the
collaboration among users in order to filter and identify the
items of interest. CF is divided into memory based CF and
model based CF. Memory based CF uses the entire dataset
each time a prediction is needed. One approach of memory
based CF aso called nearest neighbor method uses rating
matrix to compute the similarity value (which determine the
level of closeness among users) and based on this value, it
makes the prediction. Memory based CF is aso called
non-parametric model. On the other hand model-based CF
or the parameterized model the database to build a model
and use this model to make prediction[3]. Hence here once
the model parameters are found, the dataset can be
discarded altogether and only the parameters are used to
make new predictions. We also have the novel trust based
recommenders to solve the infamous Cold-Start problem
where the prediction is done by incorporating the popul ar
social networking elements. Trust based recommender is
normally combined with either memory based or model
based CF. We also have hybrid memory and model CF
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techniques. In this paper we will show examples of each
category. In section 2, we describe memory based CF
techniques. Model based techniques are addressed in
section3. In section 4, we talk about Hybrid models.
Section 5 contains a description of trust based models.
Finally we conclude in section 6 by describing the
problems still existing and provide guidance for further
research in this area.

2. Memory based Collaborative
Filtering

Memory based CF aso called non-parametric method uses
the entire (or part) of the dataset to compute a prediction for
anew user (active user). The term non-parametric refers to
the fact that the amount of data needed in order to compute
a prediction grows with the size of the training set. Unlike
model based where the form of the model is defined
before-hand. Normally we first compute a similarity weight
between our active user and all the users in the dataset. The
users with a large weight are considered friends to our
active user that is they share similar interests. Hence to
predict a new value for our active user, we can just refer
that of the friends and assign it as our prediction.

2.1-Pearson Corréation

The Pearson corréelation is a formula for the computation of
the weight value and it is given in [4]. The Pearson
Correlation formula between users a and u is given by:

P A Al

Wau =7 2 | =
'\.‘iEIEII:ri_I_ri } \jEIEI[.rI.I._I_rI.I..: (1)

-where the summation over i are over the items for which
both users a and u have rated.

Some variations of Pearson correlation can be computed.
We have for instance constrained Pearson correlation where
midpoint are used instead of mean rate, Spearman rank
correlation where ranks are used instead of ratings and
Kendall's tau correlation where relative ranks are used to
calculate correlation.

2.2-Vector Cosine-Based similarity
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Given two user vectors E:{al, &} and E:{ Uy, Uy}, the
similarity weight between them can be computed using the
cosine of the angle formed by them. The weight becomes
[4]:

AT 8.4 +85.105
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In actual situation, adjusted cosine similarity is used by
subtracting the corresponding user average from each
co-rated pair to remove bias from different user scaling.

2.3-Weigted Sum

Having found the weight we can now compute the
prediction for the active user a on a certain item i by taking
aweighted average of al the ratings on that item ag[4]:

Euen Ty —TulWa u
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Where Ta and Tu are the average ratings for the user a

and user trespectively on all the rated items and Wau is
thefwveight-between the user a and user u. The summations

areover al the users u who haverated itemi .
2.4- Simple Weighted Average (SWA)

We can a'so use the Simple Weighted Average (which made
use of item-based CF) to predict the rating Py; for active
user aonitemi [5] using:

P.= LnenTan™Win
al
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where the summation are over al other rated items nfor
user a. Wi, is the weight between itemsi and n and r, is
the rating for user a onitem n.

3. Model based CF

Instead of maintaining continuously the entire dataset in
memory, an aternative would be to learn the parameters for
amodel from the dataset and discard the dataset altogether.
And prediction is done solely with the model parameters
and the input variable. This technique is called model based
CF.
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3.1- Bayesian Belief Net (BN) CF

A Bayesian BN is a Directed, Acyclic Graph (DAG) with a
triplet <N,A,B> wheren of N represents a random variable,
each directed arc a of A is the probabilistic association
between variables and ®is a conditional probability table
[6]. Bayesan BNs are often used for classification.
Bayesian theorem:

PP
Pizlx) = T 5

Compute this posterior probability for each class and select
the class having the highest probability as the prediction.
Also the Laplace smoothing can be used in order to avoid a
conditional probability of zero (i.e. the element has not yet
been observed):

Plel 141
P(class,|x) = L

Pzl +|clazs,|

where 1213552 jsthe size of the class set.

It is also called the Simple Bayesian CF when it uses the
Naive Bayes (NB) to make prediction. The naive Bayes
assumes the variable attributes are independent of each
other. Hence the covariance matrix is simply, a diagonal
matrix. Because of the limitation of the SimplezBayesian
CF, advanced BNs have been devised[7]. We, have for
instance the Extended Logistic Regression (ELR) which is
basically a gradient ascent discriminative algorithm which
maximizes the log conditiona likelihood.

3.2-Clustering CF

A cluster is a collection of data objects that are similar to
one another within the sane cluster and are dissimilar to the
objects in other clusterg8]. The measurement of the
similarity between objects is determined using metrics such
as Minkowski distance and Pearson Correlation. For two
data objects x={xi,...., Xp} and y={ vyi,..., Yp}, the
Minkowski distanceis:

D
dlx.y) = _JEM_ = —wil?
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When g=1, d is called the Manhattan distance and when
g=2, dis called the Euclidean distance.

Clustering methods can be classified into 3 categories:
partitioning methods, density-based methods and

hierarchical methods .
3.3-Regression-Based CF

A regression method uses an approximation of the ratings
to make prediction based on aregression model given by:

Y=WX+E (8)

where Y isan N*D matrix with y, 4 representing the rating
of user non item d, W is the K*D matrix, E={e,

represents the noise in user choices, X is a N*K matrix
with each row as an estimate of the value of the random

variable x for one user.

The matrix™Y is very sparse. To remedy this, Canny [9]
proposedia sparse factor analysis which replaces missing
elements with default values and uses the regression model
asythe initialization for EM (Expectation Maximization)
iteration.

3.4-MDP (Markov Decision Process)

An MDP is a model for optimization of sequential
stochastic decision problem where an agent influences its
surrounding environment through actions. An MDP can be
defined as a four-tuple: <S,A,R,Pr>, where S is the set of
states, A is the set of actions, R is the reward function for
each state/action pair and Pr is the transition probability
between every pair of states given each action. The
objective of the MDP is to maximize the function of its
reward stream. By dstarting with an initia policy
Tp (5)=arg max, .4 R(s.3)  computing the reward value
function Vi(s) based on the previous policy and updating
the policy with the new value function at each step, the
iteration will converge to an optimal policy [10].

3.5-Latent Semantic CF

A latent semantic CF relies on a dstatistical modeling
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technique that introduces latent class variables in a mixture
model  setting
prototypical interest profiles. Conceptually, it decomposes

to discover user communities and
user preferences using overlapping user communities. The
aspect model [11] is a probabilistic latent-space model,
which models individual ratings as a convex combination
of rating factors. A latent class variable is a associated with
each observed pair of {user,item} with the assumption that
users and items are independent from each other given the
latent class variable.

4. Hybrid CF

Each type of recommender system seen so far has its
share of obstacleg6]. For instance memory based CF
methods are dependent on human ratings so vulnerable
to shilling attacks, rating performance decrease when the
data are sparse (sparsity problem), cannot recommend
for new users and items (Cold Start problem) and have
limited scalability. When model based CF methods while
addressing some of the memory based problems have
their own share of problems too like for instancezthe
Cold Start problem which they find it difficult to@ddress.
Hence in order to solve al the obstaclesy, hybrid
recommenders have been  designed.™, Hybrid
recommenders may combine CF methods with content
based methods like in Content Boosted CF
algorithmg[12] or they may just combine memory based
CF with model based CF like in Personality Diagnosis
[13]. In the next section, we describe trust based CF
which itself is also another hybrid CF method.

5. Trust-Based CF

The latest technique in this area is the trust based system
which combines the rating matrix and the social network
database for better prediction. This technique address
successfully most of the problems encountered previoudy
specially the dow start up commonly called Cold Start
problem. It is easily understood. For though the new user
has no history with us, through his socia network
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information we can find the trust weight between him and
his friends. Thus deriving his preferences. We have
various implementation of the trust based methods shown
below.

5.1- Tidal Trust recommendation system

The Tidal Trust recommendation system [14] performs a
modified breadth-first search in the system. It computes the

trust value based on all the raters at the shortest distance
from the target user. Thetrust betweenusers U gng V s

Z (tu,w * tw,v)
t — weN (9)

u,v Ztu,W

weN

Where N denotes the set of the neighborsof U.
Thegtrust “depends on al the connecting paths. The
predicted rating is computed as:

Z (tu,v * I’v,i )

__ Veraters

ru,i - Ztu,\,

veraters

Where I, denotesrating of user V foritem i.

5.2- MoleTrust recommendation system

We adso have the MoleTrust recommendation system
[15]. It is very similar in its operation to the previous
technique (TidalTrust). The only difference is that instead
of focusing on users at the shortest distance, it rather
considers raters up to a maximum-depth d. Tuning
appropriately d gives a very good result. Hence the
MoleTrust gives a better recommendation the Tidal Trust.

5.3- TrustWalker recommendation system

The TrustWalker method[16] too is similar in its
proceedings to the MoleTrust but instead of the far friends
who have rated the target item, we use the near neighbors
who have rated similar items. Here we add the item-based
CF to the normal trust based recommender to have a much
more powerful technique. The main question here is how
do we define similarity between two items. The similarity is
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given by:

corr (i, ))
“Toorr(i,7)

l+e 2

sm(i,j) = (11)

Having already computed the trust value among users,
we just look for similar items that were rated by the trusted
members and assign the value to our active user.

5.4- LebiD1 Trust-based recommender

LebiD1 [17] is also a trust based technique. It combines
the memory-based technique with the social network
information to solve the cold start problem.

When applied to movieens-QQ and Linkedin, it
outperforms the previous trust based systems in
recommending items (movies) to users. The formula used
inLebiDlis:

Zru,i
r.. —_uskF | el (12)
card(F)

Where F represents the closest friends of active new
user a, | istheset of al theitems rated by all the users

Uof F, denotes the predicted rating of novel user a to
item i , F denotes the set of social network friendshaving
rated item i, denotes the rating of friend user u to item i
and finally card (F) denotes the number of such.friends:

5.4- LebiD2 Trust-based recommender

Last but not least is the LebhiD2 trust-based
recommender[18]. We have aready seen the problems
associated with the memory-based recommender [4]. So
instead of the memory based paradigm of LebiD1, LebiD2
uses rather the model based approach to trust based
recommender. Indeed LebiD2 is an enhancement of the
LebiD1. The results are amazing on Movielens-QQ and
LinkedIn. The model based formulaused in LebiD2 is:

W =(XTX)"'X"t (13)

Where W represents the model parameters needed and
it is solved using normal maximum likelihood (to avoid
overfitting, a regularizer parameter can be applied). X
represents the user dataset and t represents the given
movie ratings.
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6. Conclusions

In this paper, we have covered some of the
recommendation systems in vogue in the recommendation
system community. We have specially discussed the novel
trust based recommenders which incorporate social
networks information to the CF technique thus solving the
cold start problem. For future research, we will encourage
researches to focus on the CF applied in a mobile
application context and be prudent about the noisy data that
can be found in such an environment. Also we encourage
researchers to use dataset from live environment instead of
artificial data.
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