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Matrix Factorization for Collaborative Predictic
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User Factor Matrix

A Collaborative prediction | |
= Filling missing entries of the usgem rating matrix

A Matrix factorization
Predicting an unknown rating by
product of user factor vector and item factor vector



Reqgularized Matrix Factorization

A Minimize the regularized squared error loss
Z [(Xw_u Uj) +>‘(H“%HQ+HUJH H
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Alternating Least Squares (ALS)

Initialize U, V
for t=1...7 do
/:}: skekskskskskkkskkkeksk
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.1 do
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end parallel for
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.,.J do

g
= ()‘|Q.j|I+ Zieﬂj u,u?) Zieszj Xijui
end for
end for

parallel for : =1, ...

for 3 =1

Time complexity
= O(2|M|K?+ (1+J )K?3)

Parallelization
= Easy

Tuning parameter
= [ (regularization)



Reqgularized Matrix Factorization

A Minimize the regularized squared error loss

Z [(Xw_u Uj) +>‘(H“%HQ+HUJH ”
(i,7)€Q

Stochastic Gradient Descent (SGD)

Initialize U, V
for t=1...7T do
for (i,7) € Q2 do
Rij < Xij — uiT’vj
w; < u; —n(—R;jv; + \u;)
Vv — n(—Riju@- + )\’Uj)
end for
end for

Time complexity
= O(2|mK)

Parallelization
== Possible, but not easy

Tuning parameter
/ (regularization)
— (learning rate)



Problem of parameter tuning

A The value of optimal regularization parameter depend
on the dataset and rank.

—€— Moviel ens-100K
—*— MovieLens-1M
—+— Moviel ens-10M
—&— Netflix

50
rank K

Regularization parameter chosen by creafidation on various
datasets and rank (Kim & Choi, IEEE SPL 2013)



Problem of parameter tuning

A SGDrequire tuning of regularization parameter,
learningrate and eventhe numberof epochs

0.005 0.007 0.010 0.015 0.020

GRS 0.9601/13 0.9079/15 0.9117/19 0.9168 28 0.9168/ 44
Releras 0.9056/ 10 0.9074/11 0.9112/13 0.9168/ 19 0.9169/31
0.010 0.9064/7 0.90778 0.9113/10 0.9174/13 0.9186/ 21
0.015 0.9099/5 0.9011/6 0.9152/6 0.9257/7 0.9390/7
0.020 0.9166/4 0.9175/4 0.9217/4 0.9314/4 0.9431/3

Netflix probel0 RMSE/optimahumberof epohcsof the BRSIMFRor
variouss and/ values(Kk=40). (Takacst al., IMLR2009



Bayesian Matrix Factorization
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Approximate the posterior by
_ MCMCsalakhutdinow& Mnih, NIPS2008)
_ Variational methodLim &Teh KDDcuR007)

Bayesian PMF

MCMC on Netflix

64 128 256 512
Number of Samples

o parameter tuning
tNo overfitting
tHigh accuracy

tHuge computational cost
O2IMK2+(1+J)K 3)




Scalable Variational Bayesian Matrix Factorize
A No parameter tuning

A Linear space complexit@(2(1+J)K)
A Linear time complexity®(6|m|K)
A Easily parallelized on multbre systems

A Optimize
elementwisely factorized variational distribution
qU,V) = H HN(um\ﬁm, Ski) H HN(Ukjwkja S1j)

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

with coordinate descent method.



Variational Bayesian Matrix Factorizatio
A Likelihood is given by

pX|UV.7)= ] NXylu vy

(i,7)€Q

A Gaussian priors on factor matricesandV :

K J

p(Ula) HH (i |0.ci. ). p(VIB) = [T JIV(owi 10,57
A Approximate posterior by variational distribution by
maximizing the variational lower bound
or equivalently minimizing the Kdivergence

Flq) = / / (U V) log XU (‘Q ‘(f)]) V) qwav
= logp(X) — KL (¢(U,V)|p(U,V|X))
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VBMFBCDLim & TheKkDDcupR007)

A Matrix-wisely factorized variational distribution

1

J

p(U.VIX) = qU. V) =qU)g(V) = [ [N(wilu;, §}) [ [N(v;v;, S)

=1

VBMFBCD

Initialize U, {S}}_,, V., {8}/,
for t=1...7T do

ol Update U F koo

parallelfor i =1,....7 do

’ 1
St (diag() + 75 cq, (8,5 + 7))
u; <+ S (7 ZjEQ,; Xijv;)

end parallel for

for j=1,...,J do
—1
S}« (diag(B) + 73 cq, (@ @] +S))
v S7(T Y cq, Xijwi)
end for
end for

i=1

Spacecomplexity
= O((I+J)(K+K  2))

Time complexity
= O(2|MK=+(I+J)K )

Parallelization
= Easy
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Scalable VBMF: linear space complexit

N(v;|v;, SU

IIEu

1
qumzﬂmw%w

@ Elementwisely factorized variational distribution

K J
HHN Wk | ki s Spgi) HHJ\/(U;@A@@,SM}

k=1i=1 k=1

O((I+J )(K+K 2) O(2(1+J )K)

Netflix

| = 480,189 4.4GB 0.8 GB
J= 17,770

Yahoomusic

| =1,000,990 131GB 2.6GB
J= ,
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Scalable VBMF: quadratic time complex

Updating rules fog(uy;)

—1

u —2 v

S = ak—i—TE (Uk; + Skj) ,
J€€;

O (|| K)

— U — — —
Uk: = Spk4 (’7’2 (xij— E uk’ivk’j)vkj)

JEQ, k! Ak

Updating all variational parametei/’, S*, V', and S*
K 1
O (ZZ} |K+ZZ|QJ|K) O (21Q|K?)
k=1 1i=1 k=1 j=1
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Scalable VBMF: linear time complexity

LetR; denote the residual o1, | ) observation:

K
Ri; = X5 — ﬂ U, Z Uk Uk

With R; updating rule can be rewritten as

Uki = Spi (T Z (235 — Z uk’ivk’j)vkj) O (|Q’L|K)

JEQ; k! £k
Uki = Ski (T Z (Rij + Ukwkg)vkg) O (|Q|)
JESY; ¢
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Scalable VBMF: linear time complexity

Wheno

IS changed tod

, Y can be easily

/ —/ — —
// Update q(U) // Update q(V')
parallel for i =1,...,7 do parallelfor j =1,.....J do
for k=1,..., K do for k=1,...,K do
§ — Uk f — ’l_)kj

=
Spi <ak + TZJEQ (@;%j oy SZJ'))

Uki < Sk; <7' ZJEQ ( %] +u1\l7)1\J)U1~J)

for j € 2; do
Rij < R,J — (l_tlm‘, = 6)7_%]‘
end for
end for

end parallel for

-1
S;:J — (Bk = TZier (ﬂ’%l py 8;:1))

Ukj < Skj (T Zier (Rij + ﬂ’*‘im‘j)a""i>
fori € 2; do
Ri; + Rij
end for
end for
end parallel for

— Uki(Ur; — &)

ii3m|+223mj| =

O (6]QK)

=1 k=1j=1
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Scalable VBMF: parallelization

// Update q(U) |

parallel for i =1,...,1 do
for k=1,...,K do
g(—ﬂki

8ji (ak, s ZjESZi (sz g3 s}%-))

Uki < Sk (T 2 jeq, (Rij + ﬂk:i’ﬁk:j)%)
for j € Q2; do
Rij < Rij — (ki — §)0k;
end for
end for

end parallel for K + + v v + +

—1

A Each column of variational parameters can be updated
independentlyfrom the updatesof other columns

A Parallelization can be easily done in a columnby-column
manner

A Easyimplementation with the OpenMPlibrary on multi-core
system
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Related work(pilasyet al.,ReSy2010)

A Similar idea is used to reduce the cubic time
complexity of ALS to linear one.

> (X =l v)? + Allul] + [log|1*)]

(i,7)€Q

-

F(q)

K I K J
= Z fij+ZZF£¢+ZZF}%

(i,5)EQ k=1 i=1 k=1 j=1
where
~ 1 _
]‘—gj = ]Eq {logp(X,J|U, V)} = —%5” — 5 IOg(QTl'T 1),
N K
Ei = (Xiy =D Unlij)®+ D _(Ukisk; + Uejsii + skisiy).
k=1
Fri = Eg{logp(ur:) —logq(uri)}
« 1 " 1
= —%(u; + spi) + 5 log(sp; o) + 3
Fr; = Eq{logp(vy;) — log q(u,)}
1
= _%(UM + gkj) + 3 log(S;‘Jp-';,) 5

RMF
O (4[QK)

Scalable VBMF
O (6/QK)

With smallextra effort,
more accurate model
IS obtainable without
tuning of regularization
parameter
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Related Work(Raikoeet al., ECML 2007)

A Consider elementvisely factorized variational

distribution
K J

K I
qU,V) = H HN(Ukzmka}iz) H HN(Ukj‘@kjaSZj)

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

A UpdateU andV by scaled gradient descent method

] ] 9*c \ 7 ac
Uki ST ki 7T 02 U Ol ki
_ _ 9’c \ 7 oac
Vgj < Uk — 1 321—)kj aﬁkj

A Require tuning of learning rate
A Learning speed is slower than our algorithm
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Numerical Experiments

A CompareVBMFCD, VBMHBCOLim & ThekDDcug007),
VBMFGD(Raikoet al., ECML 2007

A Experlmental environment

QuadO2 NB LYy (1 3820 @38GHB® AT
64 GB memory

Implemented inMatlab 2011a, where main computational
modules are implemented in C++ragxfiles

Parallelized with th®©penMHPlibrary

A Datasets
e ovieLension et | Yahoomusc
# of user 69,878 480,189 1,000,990
# of item 10,677 17,770 624,961
# of rating 10,000,054 100,480,507 262,810,275
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Numerical Experiment¥'= 20

RMSE versus computation time on a gwtade system for each dataset:
(a) MovieLens10M, (b) Netflix, (c) Yahmasic

VBMFCD 0.8589 0.9065 22.3425
VBMFBCD 0.8671 0.9070 22.3671
VBMFGD 0.8591 0.9167 22.5883
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