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Recommendation

e User-item matrix.

I 2 [P P ) g
Userl
User2 3 2 1 3 5
A — User3 3 4 3
User4 4 5 4
User5 1 1 3

* Goal: impute un-observed elements from the
observed data.

* Matrix completion has been widely used.



Factorization Machines
Rendle, ICDM 2010

 FM: A generalization of matrix completion.
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Factorization Machines
Rendle, ICDM 2010

Model o . |
User and item bias d d User item interaction
T T
flx;w,G) = wy + wy T + E g gy, 9y TeTy
(=1 0'=0+1

FM is equivalent to matrix completion algorithm.
A = wo + [wolk + [Woljv|+x + 9k Gjur |1

We can incorporate side information by simply
concatenating the information to input vector.

However, it is non-convex algorithm ®.



Convex Factorization Machine

* Contributions of our paper are

— We propose a convex variant of FMs, which is convex
and can get a globally optimal solution.

— The proposed algorithm is simple yet efficient.

— We show a convex Tucker-based tensor completion can
be solved through CFM.

— We applied the CFM to a toxicogenomics prediction
task. Then, it outperformed a state-of-the-art method.

 We want to convert all completion problem to FM
format and solve it with FM



Convex Factorization Machine
Blondel et al., ECML 2015

e Model Yamada et al. KDD 2017, arXiv 2015
d d
T
flx;w, W) = wy + wy x + Z Z Wy oxezy
=10 =¢+1

* CFM is equivalent to a convex matrix
completion algorithm.

A i = wo + |wolk + [woljvj+5 + Wk, ju|+k
 We formulate the optimization problem as a

semi-definite programming and solve it with
Hazan’s algorithm (Frank-Wolfe).



Convex Factorization Machine: Updating
formula

* Optimization problem: w, W

min [y — F(X;w, W) + A

s.t. W =0and ||[Wl|¢=n

* Eliminating w vector and only updates w.r.t. W.
w* =(ZZ" + Mla1) " Z(y — fo(X; W))

fo(Xs W) = [fo(z; W), ... fo(za; W)] " €R™,

folaw: W) = %tr(W(wa _ diag(z o )

z=[1a']' eR™ Z =1z,..., z,] € R xn



Convex Factorization Machine: Updating
formula

* Optimization problem w.r.t. W
H‘}‘ifn JW) st. W >=0and |W|i =0
J(W) = (y— fo(X;W)) Cly - fo(X; W),
C=R'R+)\H'H,
R=1,-Z'"(ZZ' + \\I,.1)"'Z
H=(ZZ" +\I1,.,)"'Z

* We can efficiently solve it with Hazan’s algorithm.



10
Frank-Wolfe algorithm

Frank & Wolfe 1956

Algorithm 1 Frank Wolfe 1956

Let (9 ¢ D
for allt=0,1...,7T do
Compute s = argmin ;. (s, V f(x)).
Update D = (1 — y)ax®) + s, v == H%

end for

w0 O(n)  ([U|+|I)T
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Hazan’s Algorithm (Frank-Wolfe)

Algorithm 1 CFM with Hazan’s Algorithm

Rescale loss function J, (W) = J(nW).

Initialize W1 the curvature parameter C ¢ = 1, and the number of iterations
T.

for allt=0,1...,7T do

Compute p®) = approxEV ( — VJ,(WW), (tf—{)Q)

ay := 25 (or @y = argmin , J,(W" +a(pWp®T — W),

w ) — w®) at(p(t)p(t)T _ W(t))_
end for
return W (),

* Key point: The approximated eigenvalue
decomposition can be estimated efficiently!
VJ(W(t)) _ XD(t)XT D® — diag(—(t) _zT A(t))

@ = (227) ' 25,50 =y~ fo(X; W)
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CFM for tensor completion

* Tucker-based decomposition can be written in FM
format!

3
min Z ([y]wk — [M(O)]i,j,k — Z M) i, k> + A Z HM((;:))”tr

{ME™30 o

(4,5,k) €N m=1
i[M(m)]., _lt (W (i T —diag(x; ;s o @i ) M(l) — M(l)
2 MM g = gt (Wi ami e = ding(@igi 0 @) | lije = [My5Lina(k-1)+5
ni nan3g 2 (2)
(1) [() \1/ 00 ---0 \1/ 0...6]T7 [M( )]i,j,k = [M(2)]j n;;(i—l)—l—ka
i nz(k=1)+j
" nins MO =MD o
\j// ns(i\—/lj)-l-k

3 nin2
m(s)k:[@...o 1 0---00---0 1 0---0]",
k ny(G—1)+i

T T
zign =2, 22, x(:?k] c R

 We can also write another tensor completion by
FM.



Comparison to existing work

Comparison to Blondel et al. 2015

Loss function | Optimization Complexity Tensor
Completlon

This work Regression Frank Wolfe W/ O Tn

Blondel et al. Regression/Cl Coordinate

2015 assification descent O(ToutTinn) ?7?
w, W

Our method is much more simpler.

Can be further speed up easily if we have better
Frank Wolfe algorithms.

We applied CFM for biology data.
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MSE

o

Movie Lens
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* Movielens (100000~ 20milion Ratings)
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(b) Movielens 1M data.
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(d) Movielens 20M data.



Toxicogenomics Prediction

* Predict toxicity from data (Completion)

A =

i Agl)

Genome data Toxicity

3327 78 2
7 N\ 7~ 7 N 7 %

z=0---0 1 0---00---0 1 0---0 _1
N~ N~ N~

t-th gene 7-th drug 1st view
y = [Ali;,
Multi-view Single-view

CFM | BMTF | GFA | ARDCP CP ARDCP CP
Mean 0.4037 | 0.4811 | 0.5223 | 0.8919 ([ 53713 | 0.6438 | 5.0699
StdError || 0.0163 | 0.0061 | 0.0041 | 0.0027 | 0.0310 | 0.0047 | 0.0282




Toxicogenomics Prediction

* Predict toxicity from data (Prediction)
i Agn Af)
A — Ag) A§2)

i 3
Genome data Toxicity
78 3 3 2
_ A N A N 7 ~N - - ~N1 T
z=[0---0 1 0---00 1 00 1 0 Zmean Tstd]
i-th drug k-th sensit. [-th cancer

CFM | CFM (+mean/std features) CFM (+mean feature)

m=5 | m=10 m=15| m=5|m=10| m=15
Mean 0.5624 | 0.5199 | 0.5207 | 0.5215 | 0.5269 | 0.5234 | 0.5231
StdError || 0.0501 | 0.0464 | 0.0451 | 0.0450 | 0.0466 | 0.0454 | 0.0450
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Takehome message

e Convex factorization Machine

— We propose a convex variant of FMs, which is convex and
can get a globally optimal solution.

— The proposed algorithm is simple yet efficient.

— We show a convex Tucker-based tensor completion can be
solved through CFM.

— We applied the CFM to a toxicogenomics prediction task.
Then, it outperformed a state-of-the-art method.

 The python code is available below:
http://www.makotoyamada-ml.com/cfm.html



