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* Movielens-million movie rating data set:

Overview

. Goal: predict users ratings for items from Rating Feature Concentration » 1m ratings by 6k+ users, for 3k+ movies, with three random
observed training ratings. Theorem: For the ratings of user i, the difference splits of half training, halt query ratings

* Given simple assumptions about sampling = g N7 Epiog g e (53)] » Compare likelihood with fIMMMF (logistic threshold
process, rating statistics must concentrate. mj i(heo PR likelihood), Probabilistic Matrix Factorization (PMF)

» Expected averages of predicted rating (discretized Gaussian likelihood)
statistics must be close to empirical averages. bgtweendthe averag(ej 0; fie(x) — [O,fl]hover the |

. . observed ratinas and the averaae of the expecte Uniform Prior fMMMFE Distrib. PMF Maxent

. Enforcmg only concentration, least | f f( J th ? b pd d Split 1 | -8.0489e+05 -7.2800e+05  -6.6907e+05  -6.3904e+05  -6.1952e+05

informative (maximum entropy) distribution Vi ue Ob k(x) over the query ratings Is bounde Split 2 | -8.0489e+05 -7.2796e4+05  -6.6859e4+05  -6.3936e+05  -6.1977e+4-05
. above Split 3 | -8.0489¢+05 -7.2809e+05  -6.6819¢e+05  -6.3987¢+05  -6.1931e+05

yields state-of-the-art performance y In (m; + ;) In 2 A\E)erage 8.0489e+05 -7.2802¢+05  -6.6862¢+05  -6.3942¢+05 -6.1953e+05

- No need for low-rank or spectral assumptions € < ’2m :;7 15 Log-likelihood

Sampling Assumptions

- Assume users u and items v are sampled Jiid with probability 1 — o o
from stationary distributions. o | | 8 ost || - e

. Rat i+ od $ distributi » Similar bound for item ratings. Both are also s L
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leen training ratings bounds form linear constraints on probability

{xyl(i,j) € T}
predict query rating

Log-likelihood for various confidence parameters

* Predict least informative distribution by
minimizing KL to simple prior s.t. constraints

Compare RMS error with fMMMF, PMF, Bayesian PMF and
some simple combinations of different algorithms

probabilities e )
{p(X|U V)|(I ) - Q} maX Z H pU XU) Z Pij (XU) In pO(XU) fMMME PMF  Maxent BPMF | Maxent+fMMMFEF Maxent+PMF
g1t Vi g g jEQ € Q,xX; Split I | 0.9585 0.9166 0.9168  0.8717 0.9079 0.8963
_ _ _ : Split 2 | 0.9559  0.9175 0.9162  0.8710 0.9052 0.8965
» Typically, the priors are parameterized, as In Split 3 | 0.9583  0.9186 0.9166  0.8723 0.9065 0.8973
fMMMF (RenSre05), PMF + BPMF (SalMni08) S.t. Z Z'DU Xij ) (xij) — pin| < «i, Vi, k Average | 09575 0.9176 0.9165 0.8717 0.9065 0.8967
} J|U€Q Xij
Rating Features Root mean squared error
« Consider bounded functions of rating values, :
h _ g_ : Z ZPU Xij ) fie(Xij) — < 0, VJ, k. Summary
fk(X) —> [O ]_] €. i(X) - (X o I)' 1|U€Q Xij : : : :
! I f(x) = I(x=iVx=]) » Concentration guarantees on functions over ratings predict
. How much can the errlij irical—avera e—s —J - Set «; and (; constraints using concentration with state-of-the-art performance
P J bounds with fixed confidence ¢ » Requires sampling assumptions but guarantees hold for any
. rbitrary pr ility functions; n n rametri
pik=— »  fKlxg) ve=— Y  filxy) Solve dual form using LBFGS Zst;u r?] IEzftilgnosbab y functions; needs no parametric
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| Synthetic Experiment - Future work: concentration constraints in parametric models
deviate fr_om the expected averages over * Real data doesn't include true rating probabilities may yield further improvement
query ratings? 1 . 5
— e L v | i (XGi . ner rand itemv s uj, v; 1 :
o D B s (i), Generate user and item vectors u;, v; € [0, 1 Notation Glossary
JIG)ER and draw ratings from multinomial .
1 Symbol | Meaning
— g . p(X" — r\u-, V') X u-(r)v-(r) Xij rating of user / for item j
"J Z P(XU|Ui’Vj)[fk(X’J)] / _ " I ! Ui, V; user / and item J
i|(ij)eEQ ’ PraW 100.k _ratlngs bt_VV: 500 users and 500 mj, nj counts of training ratings for user / and item J
items, split in half training, half query m;, n; | counts of query ratings for user / and item j
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