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Abstract Variational approximation method finds wide applicability in approximating
difficult-to-compute probability distributions, a problem that is especially important in
Bayesian inference to estimate posterior distributions. Latent factor model is a classical
model-based collaborative filtering approach that explains the user-item association by char-
acterizing both items and users on latent factors inferred from rating patterns. Due to the
sparsity of the rating matrix, the latent factor model usually encounters the overfitting prob-
lem in practice. In order to avoid overfitting, it is necessary to use additional techniques such
as regularizing the model parameters or adding Bayesian priors on parameters. In this paper,
two generative processes of ratings are formulated by probabilistic graphical models with
corresponding latent factors, respectively. The full Bayesian frameworks of such graphical
models are proposed as well as the variational inference approaches for the parameter esti-
mation. The experimental results show the superior performance of the proposed Bayesian
approaches compared with the classical regularized matrix factorization methods.
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1 Introduction

Recommender systems have become increasingly popular in big data era, and are utilized
in a variety of areas including e-commerce, movies, music, video, news, books, research
articles, search queries, social tags, etc. [1,2]. Recommender systems typically produce a
list of recommendations through content-based filtering and collaborative filtering [3,4].
Collaborative filtering is a method of making automatic predictions about the interests of
a user by collecting references information from many other users, which is a technique
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widely used by recommender systems [5]. Therefore, the goal of collaborative filtering is
to generalize those existing ratings in a way that predicts the unknown ratings. This is the
task of filling in the missing entries into a partially observed matrix, which is also known
as matrix completion [6]. In addition to collaborative filtering, the matrix completion is also
applied to system identification and global positioning [7].

Collaborative filtering is first applied for user mail filtering and document filtering that
the recommendation lists are produced based on the similarity of users or items in the rat-
ing matrix, which is also known as neighborhood methods [8,9]. The sparsity of the rating
matrix leads to the poor recommendation performance since the distance between different
items or, alternatively, between users are almost zero when rating matrix is sparse in practice
[10,11]. An alternative approach, latent factor model (LFM), is introduced that explains the
relationship between items and users by characterizing both items and users on latent factors
inferred from rating patterns. LFM is highly related to the matrix factorization technique, sin-
gular value decomposition (SVD), which has many useful applications in signal processing,
statistics and information retrieval [12].

SVD is a well-known matrix factorization technique, which is a generalization of the
eigenvalue decomposition of symmetric matrix to arbitrary matrices. By ignoring the smaller
singular values, the factorized matrix can be approximated by a lower rank matrix, which is
called low-rank approximation. In mathematics, low-rank approximation is a minimization
problem, in which the cost function measures the fit between a given matrix (the data)
and an approximating matrix (the optimization variable), subject to a constraint that the
approximating matrix has reduced rank. This approximation process can be formulated as a
latent factor model, in which the dimension of the latent factor is the reduced rank [13].

Some of the successful realizations for LFM decompose the rating matrix into a user
preference matrix and an item preference matrix by using SVD [10, 14]. The rating scores in
the rating matrix can be interpreted as the relationship between the user and the item, which
explains the user-item association by characterizing both items and users on latent factors
inferred from rating patterns. Compared with the SVD method, the LFM can describe the
more complex relationship between the users and the items [15]. More features for both users
and items can be formulated as the latent variable in the models [15,16].

Due to the sparsity of rating matrix, the latent factor model usually encounters the over-
fitting problem in practice. In order to avoid overfitting, it is necessary to use additional
techniques such as regularizing the model parameters or adding Bayesian priors on parame-
ters. It can be proven that the different regularization methods of parameters are equivalent to
the different priors selection. Compared with the regularization methods, Bayesian method
is more flexible and has uniform framework to solve in many applications [17,18]. The
Bayesian frameworks of LFM are based on the probabilistic graphical representation of the
generative processes of rating scores in the rating matrix [19]. By introducing the latent
factors, the rating scores are generated by the interaction between the attributes of the user
and the item [20]. In the Bayesian framework, LFM not only can avoid overfitting, but also
makes the model more explanatory through generative process of the probabilistic graphical
model. The model parameters of LEM are inferred from the posterior distribution of the
probabilistic graphical model. Since the posterior distribution is difficult to calculate in most
applications, the variational inference is proposed for the estimation of model’s parameters
[21,22]. Variational Inference (VI) approximates the posterior distributions through opti-
mization. The idea behind VI is to find a distribution, which is close to the target, form the
candidate distributions. The closeness is measured by Kullback—Leibler.

In this paper, two latent factor models, partial latent factor model (PLFM) and biased latent
factor model (BLFM), are considered. In the PLFM, the personalized information can be
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added into the model, which is advantageous over LFM without content-specific information
and user-specific information as well [16]. In the BLFM, biases of users or items are added to
reduce the impacts of subjective factors on ratings [15]. Two different generative processes
of ratings are proposed for the previous LEMs by probabilistic graphical model theory with
corresponding latent factors. The full Bayesian frameworks of such graphical models are
proposed as well as the VI approaches for the parameter estimation. The performance of
the traditional matrix decomposition methods and the Bayesian methods are investigated
on the benchmark datasets, MovieLens 100k and MovieLens 1M. The experimental results
show that the Bayesian method is better than the matrix decomposition method on these two
models.

The rest of this paper is organized as follows. In Sect. 2, two latent factor models for
collaborative filtering in the recommended system are investigated. In Sect. 3, the VI for the
investigated latent factor models are proposed. Experiment results are presented in Sect. 4 to
show the performance of our method. Concluding remarks are made in Sect. 5.

2 Latent Factor Models for Collaborative Filtering

Given an observation rating matrix R = (7;;) yxy with i jth element r;; which measures the
ith user’s preference on the jth item. R is only partially observed over subset §2 of indices,
which is composed of observed entries (i, j). We are interested in the problem of finding an
approximation 7;; of rating r;;.

Latent factor model is an alternative approach that approximates the rating r;; by the user
i and item j interaction which is modeled as inner product, leading to the estimation:

A T

rij =a; bj, ey
where a; = (aj1,...,aix)" and b; = (bj1,...,bjk)" are K-dimensional unobserved
latent vectors, respectively governing user i’s preference over items and item j’s preference

by users.

2.1 Partial Latent Factor Model

The personalized recommender system adds feature vectors of the users and the items to
latent factor model [16]. Assuming that each r;; associates the ith user’s feature vector

x; = (X1, Xj2, ..., XiM,) and the jth item’s feature vector y; = (yj1, yj2,..., YjNy),We
obtain PLFM,

A T T T

Fij=xi'a+p yj+a;b; (@)
where ¢ = (oq,..., aMO)T, B = (B, ,BNO)T are vectors of regression parameters,

respectively for x; and y;. Mo and Ny are dimensions of user’s feature vector and item’s feature
vector, respectively. ¢; and b represent K-dimensional user-specific and item-specific latent
feature vectors respectively. To prevent overfitting, we regularize PLFM through L2-norm:

2

: T T T 2 2

a*fggyﬁ(‘;g (s = ("o + BTy; +albs)) +a(la P+10 1) @)
i,j)e

This minimization problem is solved by block-coordinate descent method, which is denoted
as P-SVD [16].
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Fig. 1 The left panel shows the probabilistic graphical model for PLFM. The right panel shows the the
probabilistic graphical model for BLFM

O

2.2 Biased Latent Factor Models

Biased Latent Factor Models (BLFM) try to explain rating value by adding biases of users
and items, denoted as g; and p; respectively [15],

Fij=albj+u+qi+pj. )

The observed rating is divided into four components: global average u, item bias g; , user bias
pj and user-item interaction al.Tbj. qg=(q1,---,9m), p = (p1, ..., pN) represent user bias
vector and item bias vector. Similarly, it is necessary to minimize regularized square error:

2
> (ri—(alby+ntaitp;)) +n(la 12+ 15 17 +a7 +p3).
(i,j)es2
)

This minimization problem is solved by stochastic gradient descent, which is denoted as
B-SVD [15].

min
a*,b*’q*‘p*

3 Variation Inference for Latent Factor Models

The generative processes of ratings are proposed by probabilistic graphical models with
corresponding latent factors of LFM in this section. The probabilistic graphical models for
both PLFM and BLFM are shown in Fig. 1. The full Bayesian frameworks of such graphical
models are proposed. In the Bayesian anlaysis, three types of information are particularly
important, which are the sample information, the loss function and the prior information. The
prior information is non-sample information and derived from historical experience about
unknown parameters in the similar situation, which cannot be ignored [23]. Given the priors
and likelihood of the unknown parameters, the posterior distribution is obtained by the Bayes
rule [24]. However, since the posterior distribution is difficult to calculate, we usually use
approximate inference or Markov chain Monte Carlo to estimate the posterior distribution
[19]. In this paper, we propose the variational inference method for estimating the unknown
parameters for both investigated latent factor models.
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3.1 Bayesian Inference for LFM with Additive Linear Term

In the PLFM and BLEM, we have 7ij = a/'bj + x]a + y] p and /j; = al'b; + g +
pj + w. Both models contain the interaction between useri and itemj and the additive linear
combination with unknown parameters. Without loss of generality, we denote the /(w) as
the linear combination xiToe + ij B and g; + pj + 1, where I(-) is a linear function about
unknown parameter vector w. We get:

Fij =albj +1(w), (©6)

where the unknown parameters vector w represents the regression vectors «, f and bias
vectors p, g in PLFM and BLFM, respectively. Assuming that the length of the unknown
parameter vector w is L. Denote the user feature matrix and item feature matrix as A =
(a1,aa,...,ay)and B = (b1, by, ..., by), respectively.

In variation inference, each Q(A, B, w) is a candidate distribution for approximating the
posterior p(A, B, w|R). Assuming that {A, B, w} are independent, i.e., Q(A, B,w) =
Q(A)Q(B)Q(w). We need to maximize the evidence lower bound which is defined as [21]:

ELBO(Q) = Ega,B,wllogp(R, A, B,w) —log Q(A, B, w)]

Lemma 1 Assuming that the unknown parameters {a;, b, w} are independent random vari-
ables. The likelihood of the observed ratings R and priors distribution over {A, B, w} are
given by:

M N
P(RIA, B,w) = [ [ [INGijlai"bj + L(w), t*)1"%, ©)
i=1j=1
M K
p(Alo) = [T[ [V @il0, o), ®)
i=1k=1
N K
p(Blp) =[] [[N®xl0, i), ©)
j=1k=1
Lw
pw) = [ [N il0, 1), (10)

=1

where I;j is the indicator variable that is equal to 1 if rij is observed. Therefore, the
factorized form of the optimal approximated distribution of posterior, i.e., Q(A, B, w) =
Q(A)Q(B)Q(w), can be obtained by coordinate ascent variational inference (CAVI).

The proof of Lemma 1 is shown in the “Appendix”. Lemma 1 shows the local optimal approx-
imation of posterior distribution p(A, B, w|R) and the rating matrix R can be estimated by
the approximated posterior distribution.

3.2 Variation Inference for PLFM
We apply Bayesian framework to the PLFM. Assuming that a;, b jx and &, 8 are independent

random variables. The likelihood and priors distribution over A, B, «, 8 can be given by (7)—
(9) and:

My No
p@) = [ N@nl0, 1), pB) = [ [ N (BaI0, 1) (11

m=1 n=1
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So, the joint distribution is given by:
P(A,B,a, B, R) = p(R|A, B, a, B)p(A) p(B) p() p(B) (12)

This completes the model which can be presented by the probabilistic graphical model for
PLFM as shown in Fig. 1 (left panel). In addition, we need to calculate the posterior distri-

bution,

(A, B. . BR) = LRI B BP(A)p(B)p(e) p() )

p(R)
It is always impossible to achieve the optimum which can be achieved at Q(A, B, «, f) =
p(A, B, o, B|R) dueto the difficulty in calculating the joint distribution. According to Lemma
1, Q(A), Q(B), Q(«) and Q(pB) can be obtained as follows.

M
1 o _
Q0 (A) o [ [ exp (—5 (ai —an" &7 (@ —a,-)> (14)
j=1
1
= 0
2 —1
K v, +b b7
A= o= M+ Yy —— ) 5)
o L JEN@
K
l;] (r,] - X; a—y] /3)
a= ) > (16)
JEN()

where N (i) is the set of j’s such that r;; is observed. @; and a; are the covariance the mean
of a; respectively. ¥; and b are the covariance and the mean of b jrespectively. @ and B are
the mean of « and B respectlvely

N
1 - T —
Q (B) o [ Jexp (—g(bi—b;‘) v, l(bj—bj)> an
j=1
®; + a;a,
M= | =t Y (18)
0 1 ieN(j)
Pk
T
_ ai (rlj X; ot—y]ﬂ)
bj=w; Y. > (19)
ieN(j)
1
0 () x exp (5 @-a" A7 @ - &)) (20)
-1 T T3
xjxT B Xi\rij —a; bj_yjﬁ>
Ay=1+ > = Ca=4 )y ( = @21
(i, ))es2 (i,))ef
1 T _
Q(ﬁ)cxeXp<§ (B=F) Azl(ﬂ—ﬂ)> (22)
-1
T =T T
YiYj Vi (rij = aib —xj @)
Ay = :
2= 1+ X 5] s B=4 ) (23)
(i.j)ef (i,))ef

@ Springer



Bayesian Inference for Collaborative Filtering 1047

This completes the algorithm presented as Algorithm 1. We iterates the variational factors
0(A),Q(B),Q(x) and Q(B), updating them using (11), (14), (17) and (19) until convergence.
Finally, we predict a unobserved rating by:

~ ~Ti T~ T
rij=a; bj+xja+y;p (24)
Algorithm 1 CAVI for PLFM
Input:
A observed preference matrix R
user-feature matrix X = (xp, ..., xp0)
item-feature matrix ¥ = (y1, ..., Yno)
Output:

A complete observed preference matrix R

: (Initialization) Initial value for (A1, A3, B)

: For each user i, updating @; and a; by equation (15) (16)

: For each item j, updating ¥; and B.i by equation (18) (19)

: Updating @ and 8 by equation (21) (23)

: If the ELBO(Q) has not converged, go to step 2. Otherwise, stop and return
(Q(4), 9(B), Q(a) Q(ﬁ)) _

: return 7 = a; b +x a +yT/3

[ O N

[=))

3.3 Variation Inference for BLFM

The Bayesian framework also can be applied to BLFM. Assuming that a;x,b jx and p;, g; are
independent random variables. Supposing that the likelihood and priors over A, B, p, g can
be given by (7), (8), (9),gi ~ N(0, 1) and p; ~ N(0, 1). Similarly, the posterior is give by:

P(RIA, B,q, p)p(A)p(B)p(p)p(q)
p(R)

The probabilistic graphical model for BLFM is shown in Fig. 1 (right panel). Assum-
ing that the factorized form of VI approximation of the posterior is Q(A, B,q, p) =

Q(A)Q(B)Q(p)Q(g). According to Lemma 1, Q(A), Q(B), Q(p) and Q(g) can be
obtained as follows

p(A, B,q, pIR) =

M
1 o )
0 (A) a]‘{exp (—E(ai —ap" o7 (a; —an) (25)
1=
"17 0 w1 hbT\
J JYj
A= e Y T] , (26)
0 % JEN()
K
l; =,
=0 Y HliZHoGmR) @7)
JEN()

where @; and a; are the covariance and the mean of a;, respectively. ¥;and b_j are the
covariance and the mean of b}, respectively. g; and p; are mean of g; and p;.
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N
1 - T -
Q(B)cxl_[exp <—§(bj—bj) 2 1(bj—bj)> (28)
j=1
é ’ D; +a -
M= | w= e Y ) (29)
0 L ieN(j)
Pk
- ai \rij — I — gi — pj
bj=v; > i (i = > Ball) (30)
ieN(j)
1 _ _ _
0 (@) o exp(; (g -p" AT g -9 31)
-1
1 B er,~—u—éiTl;~—13~
Al — 1+ Z 72 I, q :Al Z ( J rz J ]) (32)
(i,j)esf (i,j)ef
1 I i
0 (p) o exp (5 r-m»"a" p- p>> (33)

-1

1 e(rij—p—alb; —q
A= |1+ Z = I, 13 = Ay Z ( i w i 7J ql) (34)
(i,j)en2 (i,j)ef2

wheree = (1,1,...,1).

Algorithm 2 CAVI for BLFM

Input:
A observed preference matrix R
Output:
A complete observed preference matrix R
: (Initialization) Initial value for (A1, Ay, B)
: For each user i, updating @; and a; by equation(26)(27)
: For each item j, updating ¥; and b by equation(29)(30)
: Updating g and p by equatlon(32)(34)
: If the ELBO(Q) has not converged, go to step 2. Otherwise, stop and return
(Q(A), O(B), Q(q), A(p))
: return 7;j :éinj +qi+pj+ur

[ O R S

[=))

Finally, we obtain an algorithm that CAVI applies to BLFM by updating Q(A), Q(B),
Q(q) and Q(p), as shown Algorithm 2. We can predict observed matrix R by:

Fii=w+q +pj+alb; (35)
4 Experiments
Several experiments are implemented for the proposed methods through real data in this
section. We use movie score data sets—MovieLens 100K and MovieLens 1M as bench-

mark. MovieLens 100K data contains 100,000 ratings on a five-star scale from 943 users
on 1082 movies and features of users and movies, whereas the MovieLens 1M data consist
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Fig. 2 The left panel shows the comparison between rank 3, 5 and 8 on training data when using VB for
BLFM. The right panel shows RMSE on training and testing data when using VB for BLFM on rank 5 matrix
decomposition. The X-axis shows the number of iterations, and the Y-axis shows the RMSE

of 1,000,209 ratings from 6040 users on 3900 movies. For prediction, We divided the data
into training set and test set, 80% of the Movielens data for training and the remaining 20%
for testing. Root mean square error (RMSE) [16] is the most widely used criterion, which is
given by

1 A \2
RMSE = | == Z(i’j)eg (rij — 7).

where r;; and 7;; are the observed and predicted ratings over user i and movie .

According to those algorithms, we compare Bayesian methods with the classical reg-
ularized matrix factorization methods for different models and test the results of L2
norm-regularized SVD(L2-SVD), B-SVD, PSVD, Bayes for LFM, Bayes for PLFM and
Bayes for BLFM, respectively. As Bayes for BLFM and Bayes for PLFM are based on VI
to approximate posteriors, we keep the variance ,o,f of b fixed with values ,o,f = % while
the variance okz of a;; fixed with values okz = 1, where K is the reduced rank in matrix
decomposition and 72 is initialized to 1. The regression parameters « and f are initialized to
the solution of P-SVD while bias vectors p and ¢ are initialized to the solution of B-SVD.
For regularized matrix factorization methods, we use cross-validation to select the tuning
parameters A.

4.1 Results of MovieLens 100K

For MovieLens 100K data, we compared the performance of Bayesian methods for BLFM
for rank 3, 5 and 8 matrix decompositions as shown in Fig. 2 (left panel). We can see that
RMSE is minimum at rank 5 in BLFM. Figure 2 (right panel) shows RMSE is decreasing
monotonically on both the training and the testing data at rank 5. For PLFM, the number of
iterations is set to 190 times because this algorithm converges relatively slowly compared
to BLFM. Similarly, we compared the performance of Bayes methods for PLFM for rank
3, 5 and 8 matrix decompositions as shown in Fig. 3 (left panel), which demonstrated that
RMSE is minimum at rank 5 in PLFM. Fig. 3 (right panel) shows RMSE is decreasing while
it increases a little in the middle of the iterates because the algorithm guarantees that the
ELBO rises monotonously.

Table 1 shows the results for various algorithms at convergence on rank 5 for 100k data.
We see that the Bayesian method for LFM outperforms its L2 regularized SVD by over 3.7%
for BLFM. The VB for PLFM achieves an test-RMSE of 0.9251, compared to an test-RMSE
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Fig. 3 The left panel shows the comparison between rank 3, 5 and 8 on training data when using VB for

PLFM. The right panel shows RMSE on training and testing data when using VB for PLFM on rank 5 matrix
decomposition

Table 1 Comparisons of prediction performance for Bayesian method and the classical regularized matrix
factorization method for MovieLens 100K

Algorithm Train-RMSE Test-RMSE Test-improvement (%)
B-SVD 0.6108 0.9266

Bayes-PLFM 0.8819 0.9142 1.3

L2-SVD 0.6227 0.9501

Bayes-LFM 0.9026 0.9147 3.7

P-SVD 0.7730 0.9696

Bayes-BLFM 0.8909 0.9251 4.5
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Fig. 4 The left panel shows the comparison between rank 10, 20 and 30 on training data when using VB

for BLFM. The right panel shows RMSE on training and testing data when using VB for BLFM on rank 30
matrix decomposition

of 0.9696 on regularized matrix factorization method, with an improvement 4.5%. VB for
BLFM is also better than B-SVD in spite of an improvement 1.3%.

4.2 Results of MovieLens 1M

For MovieLens 1M data, the number of iterations is set to 40 times. We compared the
performance of Bayesian methods for BLFM and Bayesian methods for PLFM for rank 10,
20 and 30 matrix decompositions as shown in Figs. 4 (left panel) and 5 (left panel). We can
see that RMSE is minimum at rank 30 in both BLFM and PLFM. Figures 4 (right panel) and

5 (right panel) show that RMSE is decreasing rapidly on both BLFM and PLFM at rank 30,
although the data size becomes bigger.
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Fig. 5 The left panel shows the comparison between rank 10, 20 and 30 on training data when using VB for
PLFM. The right panel shows RMSE on training and testing data when using VB for PLFM on rank 30 matrix
decomposition

Table 2 Comparisons of prediction performance for Bayesian method and the classical regularized matrix
factorization method on MovieLens 1M

Algorithm Train-RMSE Test-RMSE Test-improvement (%)
L2-SVD 0.6410 0.9172

Bayes-LFM 0.5161 0.8042 12.3

B-SVD 0.6119 0.9779

Bayes-PLFM 0.5195 0.7237 259

P-SVD 0.6086 1.0396

Bayes-BLFM 0.5250 0.7507 27.8

Table 2 shows results for various algorithms at convergence on rank 30 for 1M data.
The variational Bayesian method outperforms the classical regularized matrix factoriza-
tion method, with the amount of improvement 12.3, 25.9, 27.5% for LFM, BLFM and
PLFM. Overall, for those considered models, the results show the superior performance
of the Bayesian approaches compared with the classical regularized matrix factorization
methods.

5 Conclusions

In this paper, two popular latent factor models for collaborative filtering have been considered.
The generative processes of ratings have been proposed by probabilistic graphical model
theory with corresponding latent factors. The full Bayesian frameworks of such graphical
models have been proposed as well the variational inference approaches for the parameter
estimation. Comparisons of the prediction performance of traditional matrix decomposition
methods and the Bayesian methods on the MovieLens-100k and the MovieLens-1M have
been investigated. The experimental results show the superior performance of the proposed
Bayesian approaches compared with the classical regularized matrix factorization methods.
In particular, the best VB improvement is 27.8% over regularized matrix factorization method
for BLFM on 1M data.
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Appendix

Proof of Lemma I Noting that the ELBO can be written as:

ELBO (Q) = Ega),0B).wllog P (A, B,w, R)] — Eg(a),0B).wllog O (A, B, w)]

1 M K b2
= EQ(A,B,w) _EZZ (log (27‘[0k ) — 722 (log 277:pk 12>

i=1 k=1 j=1k=1

Lu L \2
1 w 1 r,. —_ r.,
-5 Z (log27 + w}) — 5 Z (log (2n7?) + (UTZU)>

=1 (. ))eR
- EQ(A) (log O (A)) — EQ(B) (log Q (B)) — Egu) (log Q (w))
Lylog2m)  |£2]

:——;log 2042 ——Zlog 27 pi 2 —f—TIOg(Zﬂf)
K E Z i1 Eos) (bz'k) 1<
Z l l Q(A) ( ) + J pkz J _ 5 Z Egw) (wlz)

1

Ly Eoumomow) (rij = Fij)’
T2

i,j)e2
— Eg(a) (log Q (A)) — Eg(p) (log Q (B)) — Eg) (log Q (w)))

To achieve the optimal Q(A), we can maximize ELBO by fixing Q(B), Q(«) and Q(B).
This gives,

logQ (A) = EQ(B)Q(w)UOgP (R, A, B,w)] o Egyomw)llog p (R|A, B, w) + logp (A)]
2
Egwyow (rij —al bj =1 (w))

—yy oLy -

k=1 i=1 (i, j)eR
247 Eo(w) (b)) Eguw) (rij =L w)) +a] E (b;bT ) a

a—fza Ava; + Z 2

JEN()
0(—7251 Mg+ Y al (9 + 58] ) a
JEN()
birij —1 () 1<
2] Y T =y a—a) o7 (@ — )
JEN() i=1

Thus, Q(A) is given :

M
Q0 (A) o [ [ exp (—% (ai —a)" &7 (ai — c'n))

Jj=1
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L0
of w55\
— . o J 7
Ay = .. , b = A1+.Z‘ 2 )
0 L JEN@)
Ok
- bj(rij — L (w))
aj = P Z L,
JEN @)

where N (i) is the set of j’s such _that r;j is observed. @; and a; are the covariance and the
mean of a; respectively. ¥; and b; are the covariance and the mean of b respectively. w is
the mean of w. Similarly, the optimal Q(B) is gained by the same method.

logQ(B) = Ega)ow)llog p(R, A, B, w)]

K N 2 T 2
1 biv 1 Eg)oww) (rij — al bj — 1(w))
x~3 S ol 2 ) )
k=1 j=1 (i,))e
N _ _
O(_leTA b + Z bT(®; +a;al)b; — 267 Z ai(rij — 1)
2 &P RN L PR TG T L T
j=1 ieN(j) ieN())

N
1 - _ _
= Y i —bp W by~ b))
j=1
Thus, Q(B) is gained:

N 1 ) B
0 (B) x ]_[exp <—§ (bj — bj)T 1/ (bj — bj))

j=1
1
a0 !
D; +a;a;
Ay = = At Y ——5—+ TQI' ;
0o L iENG)
2
Pk

- Etj(rij—l(w)
ieN(j)

Assume the linear function /(w) = xT

w, where x represents the known sample.
log O (w) = Egayp)llog p (R, A, B, w)] < Eg(a)o()llog p (RIA, B, w) +log p (w)]

2
(rj—albj—xTw)" Ly

1 2
=Egmoml-5 2. 2 =35 2]
(i,j)e =1
1 ZxTw(ri/—aib/)—i—waxTw 1 7
=5 D Egw,om) — —qwiw
2 - T 2
(i,j)esf
1 7 1 2xTw(rij—Zzil;j)+waxTw
=—jw dw—2 ,Z 2

L
1 w 1
= =35> (= dp" A7 (wy —iby) Q (w) cexp (—5 - a7 w - w))
=1
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5 B b

T x' \rij;—a: b;
XX L J
T T

(i,j)es2 (i,j)es2

Therefore, the local optimal Q(A, B, w) = Q(A)Q(B)Q(w) is given. ]

References

N =

20.

21.

22.

23.

Ricci F, Rokach L, Shapira B (2004) Introduction to recommender systems handbook. ACM, New York

. Dietmar Jannach et al (2010) Recommender systems: an introduction. Cambridge University Press, Cam-

bridge

Wei S, Zhao Y, Zhu Z, Liu N (2010) Multimodal fusion for video search reranking. IEEE Trans Knowl
Data Eng 22(8):1191-1199

Hofmann T (2004) Latent semantic models for collaborative filtering. ACM, New York

Su X, Khoshgoftaar TM (2009) A survey of collaborative filtering techniques. Hindawi Publishing Corp.,
Cairo

Candes EJ, Recht B (2009) Exact matrix completion via convex optimization. Commun ACM 9(6):717

Candes EJ, Plan Y (2009) Matrix completion with noise. Proc IEEE 98(6):925-936

Goldberg D, Nichols D, Oki BM et al (1992) Using collaborative filtering to weave an information tapestry.
Commun ACM 35(12):61-70

Resnick P, Iacovou N, Suchak M et al (1994) GroupLens: an open architecture for collaborative filtering
of netnews. In: ACM conference on computer supported cooperative work. ACM, pp 175-186

Koren Y (2008) Factorization meets the neighborhood: a multifaceted collaborative filtering model. In:
ACM SIGKDD international conference on knowledge discovery and data mining. ACM, pp 426-434

. Linden G, Smith B, York J (2003) Amazon.com recommendations: item-to-item collaborative filtering.

IEEE Internet Comput 7(1):76-80

Golub GH, Reinsch C (1970) Singular value decomposition and least squares solutions. Numer Math
14(5):403-420

Srebro N, Rennie JDM, Jaakkola T (2004) Maximum-margin matrix factorization. Adv Neural Inf Process
Syst 37(2):1329-1336

Paterek A (2007) Improving regularized singular value decomposition for collaborative filtering. In:
Proceedings of Kdd cup workshop, pp 5-8

Koren Y, Bell R, Volinsky C (2009) Matrix factorization techniques for recommender systems. Computer
42(8):30-37

Zhu Y, Shen X, Ye C (2016) Personalized prediction and sparsity pursuit in latent factor models. J] Am
Stat Assoc 111(513):241-252

Lim Y J, Teh Y W (2007) Variational Bayesian approach to movie rating prediction. In: Proceedings of
Kdd cup and workshop, pp 15-21

. LiJ, Tian Y, Huang T (2014) Visual saliency with statistical priors. Int J] Comput Vis 107(3):239-253

Bishop CM (2006) Pattern recognition and machine learning (information science and statistics). Springer,
New York

Salakhutdinov R, Mnih A (2007) Probabilistic matrix factorization. In: International conference on neural
information processing systems, pp 1257-1264

Blei DM, Kucukelbir A, Mcauliffe JD (2017) Variational inference: a review for statisticians. J Am Stat
Assoc 112(518):859-877

Hoffman MD, Blei DM, Wang C et al (2013) Stochastic variational inference. Comput Sci 14(1):1303—
1347

Berger JO (2002) Statistical decision theory and Bayesian analysis. Springer, New York

Beal MJ (2003) Variational algorithms for approximate Bayesian inference. University College London,
London

Publisher’s Note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

@ Springer



	Bayesian Inference via Variational Approximation for Collaborative Filtering
	Abstract
	1 Introduction
	2 Latent Factor Models for Collaborative Filtering
	2.1 Partial Latent Factor Model
	2.2 Biased Latent Factor Models

	3 Variation Inference for Latent Factor Models
	3.1 Bayesian Inference for LFM with Additive Linear Term
	3.2 Variation Inference for PLFM
	3.3 Variation Inference for BLFM

	4 Experiments
	4.1 Results of MovieLens 100K
	4.2 Results of MovieLens 1M

	5 Conclusions
	Acknowledgements
	Appendix
	References




