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ABSTRACT predict a user’s choice based on his/her past history and make

Design of recommender system following the latent factor model relevant recommendation of products and services for future.

is widely cast as a matrix factorization problem yielding a rating mMethods for design of RS can be classified on the basis of
matrix, which is a product of a dense user and a dense item factojnformation utilized and technique adopted for rating prediction
matrices. A dense user factor matrix is a credible assumption as allntg -~ Content based, Collaborative filtering and hybrid
users are expected to have some degree of affinity towards all theechniques ). Content based method32] are based on finding
latent factors. However, for items it’s not a reasonable supposition similarity/match between user’s choice profile and the content

as no item is expected to possess all the traits (factors). In thisjescription of items. Collaborative filtering (CF) techniqui [
work, we propose a matrix factorization model which yields a [14] rely on either implicit ratings- inferred from users past
dense user but a sparse item factor matrix; having equivalence tqenavior such as browsing history, or on explicit ratingatings
Blind Compressive Sensing (BCS) formulation. Basic BCS given by users on a small subset of items. They are the most
framework is augmented with an added elastic net regularizationyjgely used and efficient means of design of recommender
term. The addition helps in capturing correlation between systems. Unlike content based methods, they do not require any
different item latent factors. Despite the efficiency of matrix explicit characterization of items or users; which might not be

factorization approach, it’s not feasible to apply the techniques for always feasible. Hybrid schemes employ a combination of both
very large datasets (rating matrices). For this purpose, we employ{zg]_

Divide and Combine (DnC) approaehwherein proposed method

is applied to distinct subsets of the rating matrix simultaneously CF methods can be further subdivided into memory based and
and resulting estimates combined to vyield the final result. The Model based approaches. Memory based mettigs[B6] are
(randomized) DnC approach retains the convergence guaranteeBrimarily neighborhood based strategies. They scan the entire
of matrix factorization. Experiments were conducted on real world rating matrix to find users with high similarity (measured based
Movielens dataset and our technique was compared againsPh ratings on commonly rated items) to the target user. Predicted
popular matrix factorization methods. The results indicate the rating for an item is just a linear combination of ratings given by

superiority of our method in terms of both accuracy and speed ~ Similar users on the concerned item. The approach can be
extended to work on item similarity rather than user similarity

[22]. These methods are more intuitive, but lack the desired speed
of computation; due to large size of the rating matrix. Also, the
sparsity of rating matrix makes finding similar users difficult at
times, which prohibits predicting ratings especially for a new user
— the cold start probleni].

Keywords
Blind compressive sensing, collaborative filtering, elastic net
regularization, latent factor model.

|1f INIRODHJCPOI\IL int t ds to th b fModeI based methods89], [42] on the other hand, construat
;niormation overload on he Internet regards 1o e NUMDET Of yqqe) from existing dataset and subsequently use it for rating
items, services, service providers and even reviews makes the JOt[};rediction. The lower dimension of the model viz-a-viz original

OL findtin% I;he desiredd curgbetrsomengr gn{ﬁcustomser_ \tll\:?th the database makes them suitable for faster online computations
advent of Recommender Systems (RS), in 19480, [36], this Also, they are able to provide better coverage and prediction

task is considerably eased. An _efﬁuent Recommendgr SyStemaccuracy than their memory-based counterparts [1]. Several model
helps both the customersby providing relevant suggestions, as

based h h b tudied h B i
well as e-commerce portals (like Amazon, Flipkart) by asec approacnes nave been —Swidied such as bayesian

babilisti delli luster based thodgl d
increasing their popularity and hence revenue. TaskR$ is to gt%n?fél:st(;(r: mn(])(()je?silgﬁ %79]] cluster based methodsig), an
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Latent factor based approach has been conventionally cast as he fervent about all movies and rate all of them generously. Such
matrix factorization problem representing the rating matrix as a a user ends up having a positive user bias. Similarly, a movie
product of user and item latent factor matrickg].[ Recently, in which is a big Oscar Awardee will tend to get higher ratings by
some works 20], [38], the latent factor model has been cast as a almost all users, inflicting it with a positive item bias.

(low rank) matrix completion task. It’s a convex formulation . . . . .
unlike matrix factorization which is bilinear and hence non- Th'“:j tl"?js terf:)s constitute the baseline estimate which can be
convex. But, use of singular value decomposition makes theseOU€€ as [19]

algorithms computationally too intensive to allow wide spread paselindu. i) = +b(u) + b(i (1)
application in RS design. k) = 1+ by(w) + B(E)

Our proposed approach is based on matrix factorization Where, m, is the global meanb, (u, )is the user bias for user ‘a’
formulation, which recovers the latent factor matrices for users
and items. Existing works on matrix factorization aims to recover

adense user and item latent factor matrich4.[It’s realistic to The interaction component of the actual ratings, i.e. excluding th
expect a dense user latent factor matrix, as all users will havebaseline estimates. is what can be modelleth #&&ms of user’s
some ‘?‘egfee of affinity towa_rds all latent fac@ors. However, such aaffinity to traits possessed by the itéfle challenge in RS design
scenario is not correct with respect to items. For example, i modelling the interaction component; baseline estimation is

ﬁonsmertthedcase of fa_ ':AUS'Ct trecon:jmerl:dfer sys'l[)em_i BA ILIJser V‘(’j'”easy. Modelling this component using latent factor based design
ave certain degree ot interest towards all Iorms, be It BOllywood, (g on the suggestion that that a users’ rating of an item is a

Ghazals or Rap. Similarly, he/she may have a favourite singer, bLIIfunction of his/her affinity towards the traits (latent factors)

\c/jwll notI be avferse to Ilstenlnfg tor?thers. AIIchls will translate into |0 < ccaq by the target item. For example, consider the case of a
ense latent factor vectors for the users. However, a song cannof, . ve.ommendation system. Each user’s choice of a book can

simultaneously belong to all genres or be_ sung by all singers.;)y jefined in terms of choice of category (fiction/nonfiction etc.),
Thus the latent factor vector for any song, will have very few non author and certain other related features. Similarly a book will

Izero V?Iues |an|(flat|n_g poﬁs_sessmn c_;f_ a few c:cf the Ientlre list qf have these characteristics (latent factors) to varying extent. The
atent factors. Following this proposition, we formulate a matriX jnoraction between the user and item can be modelled as the

factorization approach that promotes recovery .Of the rating mat_r Xinteraction between tisefeature vectors for books and users as in
as a product of a dense user latent factor matrix and a sparse ite )

latent factor matrix. Our formulation shows equivalence to Blind
Compressive Sensing (BCS) framewotH][in signal processing.

and b (ib) is the item bias for item ‘b’.

interaction( u, L):< o > 2
In addition to being sparse, item latent factors also exhibit some a b

correlation amongst themselvéor example, an album by Lady
Gaga will invariably be Pop. This correlation can be captured by
an elastic net45] type penalty term added to our base matrix
factorization formulation. Thus our framework resembles a BCS i) — ; i ; ; ;

formulation with an additional elastic net penalty. R(LL' l°) basehne( s Ib)+ |nteact|on( “ Ib) 3)

where, f denotes the latent factor vector. Actual ratings can be
considered aa combination of interaction and baseline measures.

The application of any matrix factorization algorithm to huge EXt€nding (2) and (3) to entire rating matrix, we can model the

datasets (with rating matrix dimension exceeding tens of rating matrix, Ras

thousands) is not a feasible scenario. 2] [authors proposed a R — ml+B+B+ ExF %)
Divide and Conquer Approach which can be used to abfily

algorithms to huge datasets. We extend the approach to oukyhere,B,/B and 5/ Fare the matrix counterpart of the
formulation in order to generate predictions for very big datasets. user/item bias and latent factor vectors respectively.

The results obtained using our algorithm are compared againstr o opserved rating matrix Y given by
those obtained using existing state of the art formulations. Our

method yields better results than the techniques compared againsy = |v|( R) (5)
with regards to both recovery accuracy and execution time
important aspects of RS design. where, M is the masking/subsampling operator. Only a small

Th t of th . ized foll Section 2 id percentage of total ratings are available in the database, i.e. Y is
1€ rest of Ihe paper IS organized as 1ollows. Section 2 provi esextremely sparse. The task in Collaborative filtering is to predict
brief description of work done in related areas. Our proposed

formulation is elaborated in section 3. Section 4 includes the the missing ratings and fill in the rating matrix.

experimental setup and results. Conclusion and future work areMost frequently used method of rating prediction using (5) is

presented in section 5. Matrix Factorization (MF) 19 - involving solving an
optimization problem of the form

2. LITERATURE SURVERY AND
PRELIMINARIES
2.1 Latent Factor Model + 20 (1BIE +IBJE )+ A (IR +IRI7)

Actual ratings available in the database are influenced by not just
the liking of a user towards the traits possessed by an item, but arahere 4, and 4 are the regularization parameters which aid in

also impacted by certain biases embedded in both users and ittmgyreventing over fitting of model to observed data. Equation (6) is
If we consider a user who is a movie enthusiast, he will probably

Lmin [V —M(m, 1+ B+ B+ F x F;

(6)
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a non-convex formulation, but with separable variables. This
enables minimizing over each of the variables alternately using
alternating least squares [3] or stochastic gradient descent
algorithm 7).

Because of efficiency of MF approach, it has received lots of
attention and several work22(], [29], [39 have proposed
algorithms to solve the same.

A recent addition to solving latent factor model based
formulations is Matrix Completion (MC) approach. MC
formulation aims to recover the interaction model (W) directly,
instead of its factored versioR, x F, by solving expression of the

form given below
= M(W) @)

where, Q is the interaction component of observed set of ratings.
Given the subsampling nature of masking operator M, (7) is an

underdetermined linear system of equation. However, we can aim

for a unique solution if we place a constraint onM [In case of

RS, the overall interaction component is affected by only the
latent factors (which are the independent variables). As the
number of latent factors (generally around50)- is far less than
dimension of rating matrix (even reaching hundreds of
thousands), W has a significantly low rank structiiteis, we can
look for the lowest rank solutioflence, MC problem can be cast
as

rmn"Q M (W (8)

)i + 2 rank( W)

where, 4, is the regularizing term penalizing any deviation in W

from the low rank nature. However, rank minimization is a NP-
hard problem [2http], and thus any algorithm for the same has
complexity of a brute force algorithm. Hence, the rank constraint
can be replaced by its convex hull, nuclear nersam of singular
values- constraint as in (9) [5

i

Nuclear norm regularization term in (9), while maintaining
convexity of the formulation, promotes recovery of a low rank
solution B3]. Several solvers exist for (9) [4], [25], [41].

min[Q—M (W

9

looking for the sparest solution (minimizirlg norm), i.e. solving
problem of the form

min|x|, subject toy- A (11)

Most signals are often not themselves sparse, but sparse in some
transform domain (for example images are sparse in wavelet
domain). In such a case, we can modify)(as follows.

min subject to y= AD
in] A, subject to =~ ADS 12)
wherg x= Dp

where, D is the sparsifying dictionary.

However, (12) is NP-hard3[l], with all algorithms to solve the
same having complexity equal to brute force algorithms. 3,
convex|l, norm can be approximated by its convex surrogate, the

[, norm (13), which yields the same solution as (12) if certain
conditions are met [6].

mlnHﬁH1 subject to y= ADp

(13)
wherg x= Dp

Equation (13) can be put as an unconstrained convex formulation

rr}nHy— ADTﬁHnglHﬂHl (14)

where, 4 is the regularization parametéirhas been shown and if
A and D are incoherent andis sufficiently sparse, solution of
(12) and (14) match.

2.3 Blind Compressed Sensing
CS theory assumes the either the signal is sparse as it is, or sparse
in some known transform domain i.e. sparsifying dictionary D is

known a priori. But, there could be cases where that is not the
case. Such problems fall under the framework of Blind

Compressed Sensing (BC31].

BCS formulation attempts to simultaneously recover the sparse
signal and the sparsifying basis from the under sampled signal
measurements. However, a robust solution to this is possible only

Although MC being convex has convergence guarantees, it is notin case of Multiple Measurement vector (MMV) setting depicted
widely used in RS design. This is so because most existing solverdn (15). Consider multiple observation vectors stacked in columns

use Singular value Decomposition (SVD) for solving (9), which
because of its high complexity, is inefficient for very large rating
datasets.

2.2 Compressed Sensing

of Y and B being the sparse coefficients matrix, then

Y=AD B (19

whereY =[ % | % |....| %, ]andB=[5,1 B, .... 15, ]

Theory of Compressed Sensing (CS) focusses on recovery of £ ven though, BCS shows similarity to dictionary learnlager is

sparse signal from its lower dimensional projections|f8} is the
observation vector, and x is the original signal, given the (linear)
projection operator A, the three are related as

y = AX (10)

If Ahas a dimension ohx n m< r, then (10 being an under

determined system of equatiocan have infinite solutions.
According to CS theory, if the signal ‘X’ is sparse or adequately
compressible, a unique solution to (10) can be obtained [2] by
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an offline technique, i.e. it cannot be used for signal recbvery
reconstruction.

To obtain a unique solution, it’s necessary to impose some
constraint on the sparsifying basis also, alongside the sparsity
constraint on the transformed signal coefficierit].[ One of the
possible formulation for BCS, used i3 for dynamic MRI
reconstructionis given in (16). It imposes a constraint on the
Frobenius norm of the dictionary.



| 2 Research has been undertaken to solve this scalability problem
min| > HAI(,BD)—YIHZ + |8l and several approaches have been suggestedd6]nafithors
B.Dli=1 (16) proposed a parallel ALS algorithnin this, various “labs” in

parallel MATLAB work on a subset of columns of the rating
matrix and the resulting estimates are shared with other “labs”.
[24] proposed an approach for performing nonnegative matrix

subject to| [P|2: < const

2.4 Elastic-net Regularization factorization as a series of map and reduce steps.

Classical regression model can be written as Authors in 6] proposed a distributed approach for performing
2 MF on large datasets on a distributed architecture. It follows three

y=Ax+n, n~ N0,c°) @ steps

where,y is a observed daté is a matrix of explanatory variables 1. Divide: Divide the observed rating matrix (Y) into sub

and x is the unknown weight vector which explains the matrices M,,M,,....M,,, by splitting Y along the longer

observation in terms of explanatory variables. . .
P y dimension.

The most basic and straight forward regularization is the ridge 2

regressionT5] which solves the problem of the form Factor: Perform independent MF on each of the sub matrices,

to yield partial estimates corresponding to each sub matrix -
X =min|y— Af} + 2| A (18) M, M,,...My

. o . 3. Combine: A technique using randomized column projection
Where, 4 is the regularization parameter. Solving (18) promotes method suggested in@] is used. One of the estimated sub

recovery of a dense solution becaus¢,aform penalty term. matrix is selected at random, and all sub matrix estimates are
projected on to its column space to yield a (low rank)
estimate for the entire rating matrix. Same procedure is
implemented for all the sub matrices and an average of all
resulting estimates yields the final matrix factors.

However, in cases where only a few explanatory variables explain
the entire formulation, ridge regression fails to capture the
structure correctly. In such a case, we want a sparse solution
(weight vector) x so that only a few explanatory variables
participate in the describing the observed variable. Here comesThis methodology is implemented on a distributed platform, with
the LASSO (Least Angle Shrinkage and Selection Operator) split and factorization algorithms running simultaneously on all
regularization 40]. sub matrices in parallel. It achieves a huge decrease in run time

LASSO solves (17) with thg norm penalty term replaced by and also reduces net computational complexity.

regularization (19) 3. PROPOSED APPROACH

% =min|y— Af, + 2|4, @9 3.1 Proposed Formulation

In this section, we present our novel proposition for latent factor

f nalty prom recovery of rse weight v r. . .
Use ofl, penalty promotes recovery of a sparse weight vecto model based design of an efficient recommender system.

But, in certain cases even with the desired weight vector being por our model, we first estimate the baseline offline. Baseline

sparse, LASSO fails to yield the correct structure. For example, estimation is done using stochastic gradient descent algorithm fo
consider a case where the explanatory variables aregqying the formulation in (21).

interdependent or highly correlated. In this scenario, the
correlated explanatory variables should occur together, i.e. if one . (b +b+ 2+ 2, 21
of them is selected, others in the group should also be a part ofh.b uél(y“" (q h mg)) ﬂb(b’ bz) (21)
selection. However, LASSO fails to capture or promote this group

structure. where, Q is the set of observed ratings.
This is where, the role of elastic net regularizati@d],[ [45] For our design, offline baseline estimation not only reduces the
comes into play. It includes an additional penalty tefnr(orm) online computation burden substantially, but also gives better

recovery accuracy than online baseline estimation for our model
Once the baseline is computed by solving (21), the interaction
part is segregated from the actual ratings. Our model is applied to
this ‘interaction component’. After the interaction estimate for the
—mi 2 2 tire matrix is computed, baseline terms are added back to get
=min|y- + +A (20) en _ puted, > al g
Xenet = M H A’ﬁz jiH )ﬁl 2H #z final rating values for making relevant prediction.

on the weight vector into the LASSO framework. This quadratic
penalty aims at selecting all the correlated variables together.
Equation (20) shows elastic net regularization.

.. Modelling of the interaction part is done following the latent
2.5 Divide and _Conquer factor based design approach. In line with the conventional latent
Most e-commerce sites have very large database of users anghcior model, we also propose to factorize the rating matrix into
items; generating a huge but extremely sparse rating matrix.qyo sub matrices- user latent factor and item latent factor.

Applying any algorithm to such huge matrices is almost gyisting latent factor matrix factorization models solve the
computationally impossible because of its enormous time and problem of the form

space complexity.
. 2 2 2
min|Q- M@, xR )2 + A(IRI7 + IR 17) (22)
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where, Q=Y- B - B- m | is the observed interaction part, matrix promotes recovery of a sparse solution with correlated

F, andF, are the matrix composed of user and item latent factors being chosen together.

factor vectors, respectivelndM is the subsampling operator. 10 €nable efficient implementation of our approach to very big
Above optimization problem promotes recovery of a dense item datasets, we place it in the structure of Divide and Combine
and a dense user latent factor matrix i.e. latent factor vectors fo Methodology 2€]. The observed interaction (component) matrix

both users and items are dense, with non-zero values for all latenfQ 1S SPlit into several disjoint sub parts - smaller dimension
factors. matrices - by spliting randomly along the longer matrix

dimension. Our latent factor based approach is then applied to
A user latent factor vector can be reasonably assumed to be denseach of the sub matrices. After all the partial estimates are
but the same cannot be applied to the item’s latent factors. Let us obtained, they are combined in accordance with the procedure
consider the case of a Restaurant recommender system. In thisutlined in preceding sections. This approach helps us in efficient
case the relevant latent factors (defining characteristics) includeparallel implementation of our algorithm on a distributed
those related to cuisine, location, prieenbience, service and  platform.
alike. A user might have a liking for continental cuisine but will
be completely against Indian food. Similarly a user having an
affinity for fine dining restaurants, might not be opposed to going
to a self-service café. Hence, it can be safely presumed that
user’s affinity to almost all factors, to varying degree, will
translate into a dense user factor matrix. On the other hand,
restaurant is fine dining, it cannot have self-service. Similarly a Majorization  Minimization scheme proposes to map
bakery won’t serve Indian cuisine. Hence, if we construct a computationally intensive optimization problems into much

restaurant’s latent factor vector, it will have a large number of simpler and effective iterative procedures. We briefly discuss the
zeros, as no restaurant can possess all latent factors concurrentl{iM approach before using it for our algorithm design.

Hence, the dense latent factor assumption does not hold true for o ]
items. In several applications, we are required to solve least square

optimization of the form
In contrast to previous works, we propose to factorize the rating
(interaction) matrix into a dense user factor matrix and a sparse min||y — Axﬂz (25)
item latent factor matrix. The problem can be mathematically *
formulated as

3.2 Algorithm Design

An this section we present the design of an algorithm with low
computational complexity to solve (24). Our algorithm is based
if 20N the principle of Majorization Minimization (MM) [9].

The solution to above is given by ( A’ A)_1 Ay.

min[Q—M (R, xF )|} +4,[|R 2+/1|vecF (23) ) i ) i
min| L X FOIE + AR [ + 4 vee(F )|, If the size of signak, is very large, computation of pseudo

Where, veq( F)is the vectorized (column concatenated) form INVErse ofAis computationally very intensiveforming the
. . . . ) algorithm’s bottleneck. MM technique eliminates this
of item factor m_atrlx. Equation (23) hgs equwalgnce to blln.d bottleneck. It involves replacing the existing
compressed sensing formulation (16) discussed in the previous 5 . .
,» by another functiog( x) which

section. The Frobenius norm penalty on the user matrix is in functionh(x):rrlinHy—M

accordance with the constraint on dictionary in BCS framework is much simpler to minimize. It is essentially a majorizer

Together with the sparsity constraint on item factor maitrix
provides conditions for recovery of a unique solution. ofh(x) and the two are related as follows

Our above formulation (23) captures the sparse nature of item = g(x)=hx)
latent factor vectors but fails to capture the dependence of these
factors on each other. Carrying on with the case of a restaurant ®  9(X) > h(XV x

RS, a fine dining restaurant will inevitably be expensive, as also

will be a restaurant in a star property. It can be observed thatAhS shqw_n |nff|g. l new ;unctlc_)n |sf %ef]lﬂ?‘?' such éh?t it tg_uches
certain latent factors are linked together, i.e. they will usually the existing function at the point of definition, and lies above

occur togetherHence, item latent factor vectors follows a grou otherwise.
sparse structure. Equation (23) may select certain factors, but keeq, (25), at an initial (guess of minima) poigt g
related latent factors as zero, as it fails to exploir tberrelation. ) '
But, the lack of knowledge about which factor (position of latent defined as
factor in the entire vector) corresponds to which trait prevents us 2 T

=|y— - - A 26
from imposing a strict group sparse penalty. 90 =lly= At + (0 %) (7 A)( ¥ (26)

(% )can be

Elastic net regularization allows us to embed this group natureUnder the constraint that> maxeig(AT A) (26) will satisfy
and inter factor dependence into the matrix factorization model.
Incorporating elastic net type penalty term into our previous
formulation we get

conditions for majorizeMow, instead of minimizing our original
function, (26 is minimized.Its minima forms the new point of
definitionx,,, =ming( x) .

. 2 2 2 X
min|Q—M (R, x R )¢ + AR + 4 |ved( F) H1+}“enetH Rl 24 _ o o
R After some mathematical manipulations, minimization of
Inclusion of bothl, and I, norm penalty on the item latent factor ~ 9(X) can be converted into two iterative steps
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Lnitial Guess

(a)

nitial Guess |
(k) | ;

‘Minima of G(x) | A

Initialization: No. of partitions for DnC - n
Split rating matrix into n subparts
fori = 1:n
% Perform MF on each submatrix
Initialize variables, Iﬁo ,I,:0 = rand
Set maximum no of itations, T
while k< T or obj(k)-obj(k-1x1 e7

1 (y*M(Fuka))

D=F,F, +=-M"
14
Fl D
U \/ZI

k+1 <« LI“’\K

1
W= FUk+1FIk +; MT(y_ M (FUk+1FIk))

2

D
0

=

§)
E

F 2
i < min (VSIJ—{ ;k; ]FI F + 7 |ved )|,
end while
end for
fori = 1:n

C_estimate« Project estimates on column spac&df
end for
Net_ Estimate<— Mear{( C estate)

Figure 1. Majorization — Minimization Approach

Stepl: b= ;(H—i Al vy AX (272)
/4

Step2: min| b- g (27b)
Hence, the solution to (25) no longer requires pseudo inverse
computations.

Before extending the same methodology to our formulation (24)
we apply Alternating Direction Method of Multipliers (ADMM)
to (24), to split this bilinear formulation into two convex sub
problems (as both variables are separablepe optimizing over

F, and other oveF, .

Sub problem 1:

min|Q—M (R, xF)Jf + AR [ (29
Sub problem 2:
min[Q-M(F, x F )7 + 4 [ved F), |, + 2] Fl: (29

Sub problem 1 can be simplified using MM approach discussed
above into following steps

34

Figure 2. Algorithm
1 .
Stepl: D= FUkF,k+; M (y- MF,Fy))w = maxeig M N (30)
Step2: n%inH D-F, xF |2 + 4, 6|2

Step 2 can be recast as a simple least squares optimization as

ool

Which can be efficiently solved using any least square solver like
gradient descent.

2

D
0

min
l:U

(31)

E

Similarly, sub problem 2 can also benefit from MM approach and
written as following iterates

1 . .
Stepl: W= FUkF,kJr; M (y- MF,F,))v = maxeig M M 32)
Step2: nF”LinH W-F, xF, Hi +4 Hveo( F), Hl+/lenelH Fﬂi
Step 2 can put reformulated as in (31)

-

Equation (33) can be solved using iterative soft thresholding [7].

FU

A

‘enet

W

o (33)

min
R

+4|ved F),

Both the sub problems are iteratively solved till convergence
criteria is satisfied, i.e. maximum number of iterations reached or
objective function variation between consecutive iterations falls
below the threshold (1e-7).

The complete algorithm for implementation of our formulation on
big datasets is given in fig. 2.



4. EXPERIMENTAL SETUP AND predicted in all the cases. The values shown in table 1 are the best
RESULTS case values. On the other hand, our algorithm ensures 100%

- - ) ) . coverage and consistently perform well for various test sets and
This section describes our experimental setup for testing our nove'multiple runs. Even for best case results, our algorithm is able to

proposition. Also, comparison with various standard matrix 5sieve a decrease of 2% in MAE values over APG. By RS
factorization algorithms is given in terms of mean absolute error ¢i-nqards. this improvement is substantially relevant.

(MAE) and execution times. . .
Table 1. Mean Absolute Error for Various Algorithms

4.1 Experimental Setup Algorithm Mean Absolute Error
We conducted experiments on Movielens 10M dataset [48] which EBCSBD (proposed) 0.6185
has been used extensively for benchmarking collaborative filterin

algorithms. The rating matrix has a dimension of 71567 users and APG 0.6307
10667items with 10 million ratings valued 1-5. The size of rating OptSpace 0.6437
matrix is justifies the use of divide and combine approach. We SVT 0.6645

performed fivefold cross validation, the available ratings are split
into five parts. Four of the parts (80% of available ratings) form
the training data and the last set (20% of available data) Mean absolute error is a measure of overall accuracy of the
constitutes the test set. For each of the test-train pair, 50algorithm. However, for each user what’s important is how close
independent runs of the algorithms were carried out. the predictions to his /her actual choice are. Hence, in table 2 we
show the spread of prediction error of various algorithms.
Prediction errorPE=n indicates that the error between the actual
and predicted ratings is. The values shown in the table are the
percentage of ratings having the stated prediction error. On this
measure also, our algorithm performs the best, with most of
For our experimentation, the complete interaction (user-item ratings having an error of less than 2.

rating) matrix was split into four disjoint sub matrices of almost Table 2. Spread of Prediction error

equal dimensions- by splitting along the columrOur matrix
factorization algorithm (EBCS-BD) was applied to each of the sub | Algorithm | PE=0 | PE=1 | PE=2 | PE=3 | PE=4
matrices in parallel. The value of regularization parameters were EBCSBD | 38.47 | 54.71 6.60 0.18 0.02
selected using L-curve method3. The optimum values were

Baseline estimation was done offline, using (21) and the
interaction part fed into our model framework. The value of
regularization parameter for the same was kept at 0.002%Mhd
iterations were carried out using stochastic gradient algorithm.

found to be 4-le-3 4 .-l 24— 5 The APG 37.67 | 5234 | 882 | 1.04 | 012
dimensionality of the model number of latent factors were OptSpace | 36.67 | 53.10 | 7.9 1.99 0.14
experimentally selected to be 50. The resulting predicted estimates SVT 35.40 | 53.46 | 8.71 1.27 0.16

were combined as per the design procedure underlined in fig. 2.
After the interaction component of the ratings are predicted,

baseline data computed offine is added back to recoverlt’s important for a RS design algorithm to not just be accurate but
completely filled rating matrix be sufficiently fast. A faster algorithm ensures that the model can

be updates more frequently and also online computation of rating
can also be carried out more efficiently.

4.2 Results _ : ,

Our model and design algorithm was compared against the Table 3. Run Times for Various Algorithms

traditional and state of thg art methc_nds for matrix fa_ctorization, Algorithm Run Times (seconds)

namely Accelerated Proximal Gradient (APG1][ Singular 17061

Value Thresholding (SVT) [4] and optSpadé]| EBCSBD (proposed) :

Table 1 shows the comparison between all techniques on the basijs APG 276.05

of recovery accuracy measured in terms of MAE .(34) OptSpace 1159.89
TR, -%mn SVT 265.74

MAE-MIN "~ (34)

The run times for various algorithms is shown in table 3. The
n times are for all three phases combined i.e., split, perform matrix

Where, %t | and %m,n are the actual and predicted ratings factorization and combine to yield final estimate. It’s evident that
' our algorithm is considerably faster than other algorithms. Our
algorithm (because of use of MM approach) is almost 1.5 times
measure for benchmarking algorithm for recommender systemfaster than APG and SVT, nearest to it in terms of time
design. requirement. This aids in design of an efficient recommender

system.

and |%|is the cardinality of the rating matrX . It’s the standard

It can be observed that our algorithm gives better recovery
accuracy than the other standard algorithms compared against.

Our algorithm performs around 4% better than optSpace and®. CONCLUSION

around 7.5% improvement is shown with respect to SVT in terms In this work, we propose a novel recommender system design
of mean absolute error. APG algorithm shows erratic behavior approach based on the latent factor model implemented on a
and does not give 100% coverage, i.e. not all ratings can bedistributed platform. Existing latent factor based models aim to
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recover the rating matrix as a product of a dense item andsa de sparsity constraint. Communications on pure and applied
user latent factor matrix. We also propose to recover the rating mathematics, 57(11), 2004, 141357.

matrix as a product of user and item factor matrices, but do n°t|[8] Donoho, D. L. Compressed sensing. IEEE Transactions on
impose the dense structure constraint. We claim that the use Information Theory, 52(4), 2006, 128306.

latent factor matrix is dense but for the item latent factor matrix o i ]

the same doesn’t hold true. This is because every user will [9] Figueiredo, M. A., Bioucas-Dias, J. M., and Nowak, R. D.

demonstrate certain degree of affinity towards all traits but, no ~ Ma&jorization-minimization algorithms for wavelet-based
item can concurrently possess all the traits. Hence, we promote  image restoration. |IEEE Transactions on Image Processing,
recovery of a dense user and a sparse item latent factor matrix. 16(12), 2007, 298@991.

Along with this, we also argue that the various traits defining the [10] Frieze, A., Kannan, R., and Vempala, S. Fast Monte-Carlo

items are not independent. This correlation and interdependence algorithms for finding low-rank approximations. Journal of
between the items is captured by use of an elastic-net the ACM (JACM), 51(6), 2004, 1025841.

regularization based penalty term. This addition promotes a group[11] Gleichman, S., & Eldar, Y. C. Blind compressed sensing.
sparsity effect in the sparse item factor vector - correlated factors IEEE Transactions on Information Theory, 57(10), 2011,
are selected togethewe show that our proposed formulation 69586975.

naturally fits into the blind compressive sensing framework with [12] Gross, D. Recovering low-rank matrices from few
an add-on elastic net penalty term coefficients in any basis. Information Theory, IEEE

We also derive and efficient algorithm for solving our problem Transactions on, 57(3), 2011, 152866.

formulation using Majorization minimization approach. Use of [13] Hansen, P. C., and O'Leary, D. P. The use of the L-curve in

MM technique helps in breaking complex and computationally the regularization of discrete ill-posed problems. SIAM

intensive optimization problem into simple iterative procedure. Journal on Scientific Computing, 14(6), 1983, 14%503.

Thus, use of MM method greatly reduces the computational ]

burden and run times. [14] Herlocker, J.L., Konstan, J.A., Terveen, L.G., and Riedl, J.T.
o ] Evaluating collaborative filtering recommender systems.

Also, we employ divide and combine approach to employ our ACM Transactions on Information Systems (TOIS), 22(1),

formulation efficiently on a distributed platform to very large 2004, 553

rating matrices. i ) .
[15] Hoerl, A. E., and Kennard, R. W. Ridge regression: Biased

In this work we have experimented on the movielens dataset estimation for nonorthogonal problems. Technometrics,
shown that our algorithm outperforms other collaborative filtering 12(1), 1970, 5%7.

techniques compared against. Our algorithm is able to achieve[16] Hofmann. T. Latent semantic models for collaborative

o ey o et s o e sl 19 S, T, L semante nod ot
- SO, g g bp 22(1), 2004, 8%15.

run times for our design is much smaller than for other algorithms. _ _
Hence, our design incorporates two basic requirements of[17] Keshavan, R. H., and Oh, S. A gradient descent algorithm on

recommender systemshigh accuracy and smaller execution. the grassman manifold for matrix completion. arXiv preprint
arXiv:0910.5260.
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