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Large scale approximative inference

Netflix prize

Solutions - some trends
Ordinal regression
Variational Bayes (VB)
VB predictive distribution
Expectation propagation

Our performance — work in progress



Netflix prize

e training.txt — R = 108 ratings, scale 1 to 5 for M = 17.770
movies and N = 480.189 users.

e qualifying.txt — 2.817.131 movie-user pairs, (continuous) pre-
dictions submitted to Netflix returns a RMSE.

e Rating matrix rymn mostly missing values, 98.5%.



Solution trends

e Nearest neighborhood based: for example KNN (Bell and
Koren)

e Low rank factorization: regularized SVD (Funk, Patarak, Lim
and Teh, Raiko, Ilin and Karhunen), low rank + ordinal regres-

sion

e Linear combinations of predictors.



Bayesian Ordinal regression

Use “correct” likelihood model (Chu and Ghahramani)
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Model hmn as factor model, GP, etc.
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Variational Bayes (VB)

Low rank decomposition for hmn

K
hmn = Um - Vn = Z UmkUnk
k=1

Treat h as latent variable 02 = 03 + 0%

Variational distribution

gH,U,V) = ][] ¢(hmn)q(U)g(V)

(m,n)
Priors p(U) and p(V) can be Gaussian, Laplace, etc. and hierar-
chical.



VB solution

We choose p(upi) = N(upnpl0,1/a) and p(v,g) = N(v,./0,1/8)
and fully factorized ¢(U) and ¢(V) free form optimization.

Run over all movies m=1,..., M:

e Run over all users having watched m, n € Q2(m)

g(hmn) o< D(rmn|hmn, 08)N (hmn| (Um) - (V) , 03)

e Run over components k=1,..., K:
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VB solution cont.

Run over all users n=1,..., N in same fashion.
h-updates “local” - no need to store them.
Symmetry between o2 and o% broken.

Multivariate ¢(U) and q(V) — complexity increase O(K?2).



Predictive distribution

The objective is to minimize RMSE so use predictive mean
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Not analytically tractable so replace by mean-field
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Ordinal regression - soft clipping

Small and large 0% with 05 =0
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Predictive distribution - better
approximation

We can apply central limit theorem (CLT) to go beyond simple
mean field:

Um *Vn N(<um> ) <Vn> 70‘510
2

2, = ((am-va)?) — ((um) - (va))?

o
Effective variance
o2 + ng

Variance term for fully factorized

K
o = 2 |[(u2n) = W) (v2k) = (vni)?)

k=1
+ (unge)® (Vi) = (W) + (Wpr)® (i) = (Ui
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Expectation propagation

Exponential family (Gaussian)

g(um) exp( > amn-gb(um))

ne2(m)

qg(vp) o exp( > bmn-qb(vn))

mel(n)
an<um,vm) X p(Tmn|um,Vn,O'2)
exp > ayye(um) + > bpe(va)
n'eQ(m)\n m/eM(n)\m
Expectation consistency between

(@(m)) g(upm) = (LCWmM)) g (umvin)

and likewise for um,.
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Expectation propagation cont.

e gmn(um, viy) Not tractable — use CLT approximation

gmn(Um, Vim) & p(”"mn|umaVn702)
exp( > appeCum) + 0 > bm/n¢(Vn)>

n'eQ(m)\n m/eMN(n)\m

e \What is perhaps worse:

We have to determine and store O(RxK) parameters {amn, bmn}

e VB we have K(M + N)
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Simplifying EP

e First round of EP is ADF (Bayes online): find moments of

gmn(Wm, Vim) = p("“’rnn|um> Vn, UQ)Q(um)Q(Vm)
to update

q(um)q(vm) .

e In subsequent sweeps, the contribution of observation r,,, can
be removed approximately (to linear order) before updating.
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Performance — work in progress

0.9143

VB linear low rank slightly worse (Lim and Teh, Raiko, Ilin and

Karhunen)

Best linear low rank special regularization K = 96 (Funk)

0.8914

Current leaders Bell and Koren neighbor + low rank

0.8705
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Next steps

Low rank decompositions: hierarchical and in general better
priors.

Nearest neighbor: GP ordinal regression with specially de-
signed kernel functions on smaller sets relevant for prediction.

Model averaging.

and maybe more accurate approximate inference...
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