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Abstract

Fast gradient-based methods for Maximum
Margin Matrix Factorization (MMMF) were
recently shown to have great promise (Ren-
nie & Srebro, 2005), including signi�cantly
outperforming the previous state-of-the-art
methods on somestandard collaborative pre-
diction benchmarks (including MovieLens).
In this paper, we investigate ways to fur-
ther improve the performanceof MMMF, by
casting it within an ensemble approach. We
explore and evaluate a variety of alternativ e
ways to de�ne such ensembles. We show that
our resulting ensembles can perform signif-
icantly better than a single MMMF model,
along multiple evaluation metrics. In fact,
we �nd that ensembles of partially trained
MMMF modelscan sometimeseven give bet-
ter predictions in total training time compa-
rable to a single MMMF model.

1. In tro duction

A growing number of interesting problems can often
be productively viewed largely as \collab orative pre-
diction" tasks. They are fundamentally matrix com-
pletion tasks: given a matrix, whose rows represent
users, columnsrepresent items, and non-zeroelements
represent known ratings, be able to predict the rating
for any new given user,item pair. Examples include
classicrecommendationtasks (e.g. for books, movies,
music, etc), aswell asentirely new web-basedapplica-
tions and needswhich are emerging,such aspredicting
preferred news articles, search results, and web sites.
Due in part to an explosion in online applications and
communities, rating data of various sorts (both ex-
plicit, e.g. \5 stars", and implicit, e.g. repeated visits
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or clicks) is growing rapidly. Thus, although content-
basedmethods (such asmovie recommendationsbased
on user'sactor and genrepreferences)will undoubtedly
continue to be useful (especially in \cold start" cases
for new users with few ratings), there are increasing
opportunities (and needs)for suitable machine learn-
ing methods to enable the growing massesof rating
data to largely speak for themselves.

One key technical challenge is that the matrix is typ-
ically huge and sparse{ e.g. thousands to millions of
rows and columns, with only 1% or fewer of the ele-
ments being non-zero(i.e. known). Another challenge
is dealing with the increasednoise (or even sabotage)
onewould expect in the rating set, as the userpopula-
tion becomesmore diverse. In this paper we propose
an approach which shows promiseto help addressboth
challenges.

A linear factor model is a simple, natural, and well-
studied (e.g. (Billus & Pazzani, 1998), (Hofmann,
2004),(Marlin & Zemel, 2004)) approach to collabo-
rativ e prediction: �t the n-by-d ratings matrix by a
low rank decomposition UV 0, where U is n-by-k and
V is d-by-k and k � min(n; d). The assumption is
that there is somesmall number of factors that capture
each user'spreferencesand each item's nature, and the
learned U and V respectively project usersand items
to that lower dimensionalspace.By using all the data
to discover a small set of underlying factors, the factor
model re
ects the collaborativee�ect acrossusers. Un-
fortunately, most approaches (including those based
on spectral methods) do not fully exploit the spare-
nessof the ratings and/or assumesquaredloss(which
is not best suited for ordinal ratings).

Recently , (Rennie & Srebro, 2005) proposed a very
promising new approach (MMMF) and reported it
to be both e�ectiv e (e.g. signi�cantly improving
on previous best performance on large benchmarks
such asMovieLens) and e�cien t (using gradient-based
optimization that often scalesroughly linearly with
the number of ratings). Despite good initial results,
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MMMF has potential problems, including local min-
ima and impact of noise(including outlier users).

In this paper we explore the use of ensemble meth-
ods (including bagging)with MMMF to help overcome
theseproblems. We �nd that our improvements some-
times help { for example,enabling MMMF to increase
its predictive accuracyon the MovieLensdata by addi-
tional signi�cant (and record level) amounts and some-
times simply achieving similar accuracieswith mild re-
ductions in variance.

2. Review of MMMF

This sectionbrie
y summarizesMaximum Margin Ma-
trix Factorization for collaborative prediction on rat-
ings. (Rennie & Srebro,2005)givesmore motivations.

We are given a sparsen-by-d matrix Y of ordinal rat-
ings, where Yij 2 f 0; 1; 2; : : : ; Rg. Yij = 0 indicates
that no rating is provided by user i for item j .

MMMF approximates ratings matrix Y with a linear
factor model X = UV 0, by learning a n-by-k matrix
U and a d-by-k matrix V , for someuser-suppliedlow
rank k (t ypically much lessthan min(n; d); e.g. 100).

A prediction for any X ij 2 < is mapped into Ŷij 2
f 1; 2; : : : ; Rg by comparing the predicted X ij value
(given by X = UV 0) against the R � 1 discretization
thresholds � ir which are also learned for each user i .

MMMF minimizes the objective with loss function h:

J (U; V; � ) =
�
2

(jjUjj2F + jjV jj2F )+
R� 1
∑

r=1

∑

ij2S

h(T r
ij [� ir� UiV 0

j ])
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S � f ij j Yij > 0 g;

T r
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{

+1 if r � Yij

� 1 if r < Yij :

T r
ij essentially imposesextra penalty for each threshold

that is violated by the predictions of the current UV 0.
This makesJ (U; V; � ) upper bound the Mean Absolute
Error, a popular scorefor rating prediction:

MAE( Ŷ ; Y ) =
1
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Hinge loss is used (much like in support vector ma-
chines) to robustly (i.e. L 1) penalize each threshold
violation without any penalty for beingstrongly on the
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correct side. However, a smoothed hinge lossis usedto
make J (U; V; � ) di�eren tiable and optimization easier:
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resulting in gradients:
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Unlike other factor model approaches (such as non-
negative matrix factorization (Lee & Seung, 1999)),
MMMF usesregularization on the norms (instead of
enforcing a speci�c low rank per se) of U and V ,
through the useof parameter � . Selectinga relatively
small k � min(n; d)) is still desirablein practice, how-
ever, simply to avoid excessive costsin computing gra-
dients at each iteration.

(Rennie & Srebro, 2005) argues that conjugate gra-
dient (CG) optimization of J (U; V; � ) is often much
faster and more suitable for large data sets than the
earlier semi-de�nite programming (SDP) formulation
proposed in (Srebro et al., 2005). The earlier SDP
formulation has the advantage of being a convex op-
timization, and so always convergesto its global min-
ima. However, empirically, gradient-based MMMF of-
ten convergesto good minima, asSection4 recon�rms.

In this paper, we use \MMMF" to refer to the fast
gradient-based approach of (Rennie & Srebro, 2005).

2.1. A Note on Computational Complexit y

(Rennie & Srebro, 2005) report that \a single op-
timization run for MovieLens took about 5 hours"
(on a 3GHz Pentium 4); for 100 CG iterations (Ren-
nie, 2006), each typically involving 2-3 gradient up-
dates during line search. Such MovieLens runs had
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n = 5; 000; d = 3; 952; k = 100; R = 5; and
jSj � 1; 000; 000. With k � R, the computational
complexity of each update is dominated by jSj dot
products each of size k (to compute each UiV 0

j ). For
MovieLens, this requires about 100 million multiply-
and-accumulate (MA C) operations. This cost can be
sharedacrossJ , δJ

δU
, δJ

δV
, and δJ

δθ
. Updating all compo-

nents of δJ
δU

, and similarly for δJ
δV

, requires additional
k jSj MACs. Altogether, each MovieLens update re-
quires about 300million MACs. On a 3 GHz Pentium
4, with roughly 3 clocks required per MAC, ideal per-
formancewould be roughly 0.3secondsper update and
1 secondper CG iteration. Our current implementa-
tion achieves 10 secondsper CG iteration { within a
factor of 10 from ideal, most likely due to our not hav-
ing yet fully optimized cache memory reusenor max-
imally pipelined multiple operations. In contrast, the
earlier (Rennie & Srebro,2005)reported times amount
to closer to a slower 180 secondsper CG iteration.

In our experiments, our MMMF implementation is 15
to 20 times faster overall than reported in (Rennie &
Srebro, 2005) { e.g. reducing identical trainings for
MovieLensfrom the previously reported 5 hours down
to just 15 minutes. Thus, we �nd MMMF is even more
practical for large data sets than originally reported.

3. MMMF Ensembles

As reported in (Rennie & Srebro, 2005) (and summa-
rized in Tables 1 and 3 later), the prediction perfor-
mance of MMMF on large benchmark rating predic-
tion tasks are already impressive, beating the previous
best reported in (Marlin, 2004)by signi�cant amounts.

However, in extensive experiments on a variety of
benchmark and commercial data, we noticed several
problemswith MMMF. For one, there wereclear cases
of local minima. Also, we suspected that, much like
other related and more well-studied maximum margin
approaches(such assupport vector machines), MMMF
might be somewhatsusceptibleto outliers (e.g. abnor-
mal or even malicious raters) and other noise.

For classi�cation tasks, ensemble methods, including
bagging,arestandard and often e�ectiv e for such prob-
lems. 2 It is natural to ask whether ensembles and
bagging could similarly help MMMF as well. How-
ever, unlike classi�cation, the outputs of rating pre-
diction are ordinal values. Due to ordinal ordering,
pluralit y voting seemspotentially suboptimal.

Therefore, towards better performancefor this special

2E.g. bagging can even be useful for SVMs; e.g. see
(Valentini & Dietteric h, 2004).

case,we consideredseveral alternativ es:

1. plurality voting { pick the most common rating
acrossthe ensemble, breaking ties randomly.

2. voting by averaging { average the predicted dis-
crete ratings and round to nearestdiscreterating.

3. voting by con�dence { weight votes according to
how closethe pre-discretized predictions were to
MMMF's learned thresholds (� ).

Voting by con�dence is intuitiv ely appealing because
often MMMF predictions are nearly equi-distancebe-
tweentwo thresholds, in which casevoting entirely for
onerating or the other seemssuboptimal, particularly
given the ordinal nature of ratings. Ideally, it might
be best to try to learn calibrations of MMMF out-
puts into probabilities, perhapsanalogousto calibrat-
ing SVM outputs in probabilities as in (Platt, 1999).
However, in lieu of such interesting future work, we
tried something simpler which might serve as a useful
baseline. For each prediction, a sum total of 1.0 of
con�dence is distributed betweentwo ratings: the one
predicted and the one who's threshold is closer to the
raw predicted (i.e. X ij) value. Thesecon�dence values
are then usedto weight the votes for those two ratings
by that ensemble member. We put 1.0 con�dence on
a prediction which is halfway between its two thresh-
olds and let it drop linearly to 0.5 (for each sideof the
threshold) if the value reaches either threshold. For
the 2 extreme ratings, we assumetheir raw prediction
rangesare sameas their 1 neighbor's.

We tried two ways to generateensemble members:

1. multiple random weight seeds { each weight seed
being a random initial set of U; V; � values.

2. baggings{ randomly sample users with replace-
ment (sample sizesameas original training set).

We suspected simple multiple random seedsmay suf-
�ce for somesuboptimalities due to local minima, and
provide a baselineto seewhen bagging is essential.

We only consideredbagging basedon dropping or re-
peating an entire user'srating set (minusany test hold-
outs) at one time. This was basedon a somewhat in-
formed assumptionthat the quality of raters in the real
world varieswildly , with somebetter o� beingdropped
or ampli�ed. Still, it might also be useful to consider
bagging on individual votes, for future work. 3

3BaggedMMMF always requires 2 optimizations stages
(the secondwith �xed V ), even for \W eak" tests (seeSec-
tion 4.1), becausethe training set will not contain all test
users(bagging drops an example roughly 37% of the time).
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4. Exp erimen ts

We conducted extensive large-scaleexperiments com-
paring the basicMMMF method and various ensemble
and voting formulations, consumingover two yearsof
total CPU time on a 128-CPU Beowulf-class cluster.

As in (Rennie & Srebro, 2005), we focus on two
largewell-known benchmark data sets(MovieLensand
EachMovie) and use the sametrain/test setups used
in both (Rennie & Srebro, 2005) and (Marlin, 2004),
as summarizedbelow.

4.1. Exp erimen tal Setup

Marlin de�ned both \w eak" and \strong" holdout tests
of generalization. In \w eak" testing, one rating (i.e.
movie) is randomly held out from each user's rating
set to form the testing set. In \strong" testing, �rst a
subset(G) of test usersis randomly selectedand com-
pletely removed from the training set. The \strong"
test set consistsof one rating randomly selectedfrom
each user in G. The remaining ratings for each user in
G can be usedto tweak the model during strong test-
ing, but only after the initial prediction model over the
bulk of the users (i.e. all not in G) is learned. This
corresponds to a usagecasewhere a model is learned
for a large set of initial usersand then adjusted later
for somerelatively small set of new users(G). In the
MMMF approach, this is done by �rst �nding a fac-
torization UV 0 without using any usersin G and then
reoptimizing with V �xed, to �nd a new factorization
UGV 0, where UG's rows correspond to the usersG.

The MovieLens data set consists of 6,040 users (all
having 20 or more ratings) and d=3,952 movies. It
contains about 1 million ratings over R=5 values.
Strong set G consistsof 1,040randomly selectedusers.

The EachMovie data set consistsof 36,656users (af-
ter dropping all userswith fewer than 20 ratings) and
d=1,648 movies. It contains about 2.6 million ratings
over R=6 values. G consistsof 6,656random users.

Marlin de�ned \Normalized MAE" (NMAE) scoresso
that random guessingaveragesa NMAE score of 1.
NMAE is computed by dividing the MAE scoreby a
factor which dependson R. The factor is 1.6 for R = 5
(MovieLens) and 1.944for R = 6 (EachMovie).

To allow direct comparisons,we used the samevalue
k = 100 as in (Rennie & Srebro, 2005) for the number
(k) of columns for both U and V .

We repeated the above 4 train/test setups (i.e. Weak
and Strong, for MovieLens and EachMovie) three
times each, as in (Marlin, 2004). Tables1 and 3 (dis-
cussedin Section4.3) show the meanand standard de-

viation of NMAE scoresfor each experiment, including
ensembles with voting decidedby pluralit y. 4

4.2. Determining � Regularizer

To �nd a good regularization setting (� ) for each data
set, we �rst determined and removed all data that
would end up in any of the 12 test sets in our experi-
ments. For the remaining data of MovieLens(or Each-
Movies), we held out one rating per user as validation
data, ran MMMF (without any ensembles) for each
candidate � value, and computed the (weak) NMAE
scorefor each � for MovieLens (or EachMovies). For
each candidate � value we repeated this four times.
Figures 2 and 1 plot the average scores(surrounded
by outer plots of mins,maxs). The candidate � 's were
10

i
16 , for i = 4; 5; : : : ; 40. The best average� for each

data set was then used for all experiments described
below. The plots and minima were remarkably sharp.
Although somewhatsuboptimal (i.e. union of all tests
was held out), experiment time was more managable.
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Figure 1. MovieLens: Validation scoresfor each � .
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Figure 2. EachMovie: Validation scoresfor each � .

4Unless otherwise stated, we ran MMMF for 100 con-
jugate gradient iterations for each case, as was done in
(Rennie & Srebro, 2005) (Rennie, 2006). For Strong tests
(or bagged MMMF's), we similarly ran 100 iterations of
conjugate gradient on the 2nd (�xed V ) optimization.
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Table 1. MovieLens: vote by pluralit y.

Method Weak NMAE Str ong NMAE
URP 0.4341 � 0.0023 0.4444 � 0.0032
Attitude 0.4320 � 0.0055 0.4375 � 0.0028
MMMF 0.4156 � 0.0037 0.4203 � 0.0138
MMMF-A1 0.4282 � 0.0040 0.4237 � 0.0126
MMMF-A10 0.4256 � 0.0019 0.4208 � 0.0092
MMMF-A100 0.4255 � 0.0023 0.4183 � 0.0068
MMMF-A200 0.4257 � 0.0025 0.4180 � 0.0068
MMMF-W10 0.4157 � 0.0047 0.4137 � 0.0127
MMMF-B10 0.4102 � 0.0014 0.4109 � 0.0106
MMMF-W100 0.4129 � 0.0051 0.4077 � 0.0100
MMMF-B100 0.4046 � 0.0006 0.4075 � 0.0109
MMMF-W200 0.4127 � 0.0043 0.4079 � 0.0100
MMMF-B200 0.4052 � 0.0004 0.4085 � 0.0093
MMMF20-A1 0.4245 � 0.0066 0.4167 � 0.0121
MMMF20-A5 0.4261 � 0.0012 0.4178 � 0.0109
MMMF20-W5 0.4135 � 0.0017 0.4087 � 0.0162
MMMF20-B5 0.4105 � 0.0020 0.4159 � 0.0089

Table 2. MovieLens: vote by averaging.

Method Weak NMAE Str ong NMAE
MMMF 0.4156 � 0.0037 0.4203 � 0.0138

MMMF-W10 0.4134 � 0.0028 0.4139 � 0.0101
MMMF-B10 0.4057 � 0.0030 0.4097 � 0.0135
MMMF-W100 0.4122 � 0.0036 0.4087 � 0.0103
MMMF-B100 0.4029 � 0.0027 0.4071 � 0.0093
MMMF-W200 0.4117 � 0.0025 0.4089 � 0.0088
MMMF-B200 0.4034 � 0.0037 0.4081 � 0.0093

Table 3. EachMovie: vote by pluralit y.

Method Weak NMAE Str ong NMAE
URP 0.4422 � 0.0008 0.4457 � 0.0008
Attitude 0.4520 � 0.0016 0.4550 � 0.0023
MMMF 0.4397 � 0.0006 0.4341 � 0.0025
MMMF-A1 0.4291 � 0.0021 0.4301 � 0.0030
MMMF-A10 0.4288 � 0.0020 0.4302 � 0.0029
MMMF-A100 0.4287 � 0.0020 0.4300 � 0.0031
MMMF-W10 0.4288 � 0.0023 0.4302 � 0.0031
MMMF-B10 0.4293 � 0.0023 0.4303 � 0.0029
MMMF-W100 0.4288 � 0.0022 0.4299 � 0.0032
MMMF-B100 0.4287 � 0.0023 0.4301 � 0.0035
MMMF1k-W10 0.4287 � 0.0023 0.4303 � 0.0031
MMMF1k-B10 0.4291 � 0.0020 0.4305 � 0.0031

Table 4. EachMovie: vote by averaging.

Method Weak NMAE Str ong NMAE
MMMF 0.4397 � 0.0006 0.4341 � 0.0025

MMMF-W10 0.4288 � 0.0023 0.4301 � 0.0026
MMMF-B10 0.4292 � 0.0024 0.4304 � 0.0024
MMMF-W100 0.4288 � 0.0022 0.4299 � 0.0031
MMMF-B100 0.4287 � 0.0021 0.4295 � 0.0030
MMMF1k-W10 0.4288 � 0.0023 0.4302 � 0.0031
MMMF1k-B10 0.4293 � 0.0021 0.4306 � 0.0027



Collaborative Prediction Using Ensembles of Maximum Margin Matrix Factorizations

4.3. Discussion of Results: Pluralit y Voting

Tables 1 and 3 show, for MovieLens and EachMovie
respectively, mean � standard deviation of NMAE
scoresover 3 random trials, for both Weak and Strong
tests.

The �rst three methods in each table recall the pre-
vious best reported results. Lines labelled URPand
ATTITUDErecall the best performersin (Marlin, 2004).
Line labelled MMMFrecalls the improved results re-
ported in (Rennie & Srebro, 2005).

Lines labelled MMMF-Axxindicate the averagestatistics
over xx random weight seedings(i.e. initial values of
U, V , and � ) of single MMMFs (without any voting).

Lines labelled MMMF-Wxxindicate the voted results for
ensembles trained using xx random weight seedingsof
MMMF. Lines labelled MMMF-Bxxindicate the voted
results for ensembles trained using xx random bag-
gings of MMMF (including one random weight seed
per bag). Votesover theseensemblesweredetermined
by pluralit y (as described in Section 3).

Lines labelled MMMFyy-Bxxindicate the voted results
for ensembles trained using xx random baggings{ as
in MMMF-Bxx, except this time only using yy iterations
(e.g. 20 or 1000), instead of the default 100. Similarly
for lines labelled MMMFyy-Axxand MMMFyy-Wxx.

Result MMMF-A1is equivalent to a single MMMF opti-
mization (per trial). It should be comparable to the
MMMFresult (recalled from (Rennie & Srebro, 2005)).
For MovieLens, our single MMMF results are roughly
comparable (within standard deviations). However,
for EachMovie, MMMF-A1is better than MMMF, presum-
ably due to variance in our respective � selections.
Therefore, in this paper we consider an ensemble ap-
proach to improvement on a single MMMF only if it
beats the MMMF-A1result.

As expected, MMMF-Axxresults are no better than any
MMMF-Wxxor MMMF-Bxxresults { they simply provide
a reality check that improvements for ensembles are
not due simply to variance in the initial weight seed-
ings. In general, as xx increaseswe expect and note
that MMMF-Axxconverges to an accurate mean (and
lower variance) estimate of the performanceof a sin-
gle MMMF.

Wenotice that the baggedensemblesoften reducevari-
ancemore than simple reseededensembles; e.g. stan-
dard deviation of 0.0006for MMMF-B100vs 0.0051for
MMMF-W100for MovieLensWeaktests. Ensembleswith
more bagstend to reducevariance more, as expected.
The NMAE mean accuracy is sometimesalso signif-
icantly better as well; e.g. 0.4046 for MMMF-B100vs

0.4129for MMMF-W100, for MovieLens Weak tests.

Also interesting is that MMMF20-B5gives signi�cantly
better Weak and Strong NMAE for MovieLens than
MMMF-A1, even though both have comparable training
times (i.e. 20 iterations for 5 ensemble bagsversus100
iterations for a single MMMF). This provides some
preliminary support for the suggestionin Section 3 to
bag numerous approximate MMMF trainings instead
of training a single MMMF more fully.

We noticed that MMMF ensembles give some sig-
ni�can t improvements for MovieLens, but none for
EachMovies. To see whether this might be due to
our early stopping of conjugate gradient at 100 iter-
ations, we also trained small MMMF ensembles on
EachMovie out to 1000 iterations. However, neither
MMMF1k-W10nor MMMF1k-B10improved signi�cantly
over their counterparts (MMMF-W10and MMMF1k-B10).

4.4. Results: Voting by Av eraging

Tables 2 and 4 report results for voting by averaging
(as described in Section 3), using the same MMMF-*
notation as in Tables1 and 3. SinceMMMF-Axxresults
do not depend on the type of voting, we do not repeat
them in thesetables. However, for comparisonwe still
�rst repeat the MMMFresult recalled from (Rennie &
Srebro, 2005).

Comparisonof Tables1 and 2 showssomeslight advan-
tage for voting by averaging instead of by pluralit y, in
the caseof MovieLens. In Table 2, the result of 0.4029
Weak NMAE for MovieLens for MMMF-B100is signi�-
cantly better than the MMMFresult of 0.4156{ despite
our ensembles starting at a somewhat worse baseline
(of 0.4282for MMMF-A1), presumably becauseof di�er-
encesin � selection. This gives someevidenceto the
notion that ensembles of MMMF may provide some
degreeof protection from somewhatbad local minima
or suboptimal � selection. At the very least, it seems
noteworthy that none of our ensemble results are sig-
ni�can tly worse than single MMMF results. Thus, if
onecan a�ord the extra training costs,it seemsworth-
while to try such ensembles, in caseit helps { some-
times signi�cantly so.

4.5. Results: Voting by Con�dence

We attempted voting by con�dences (as described in
Section 3), but so far found it to be worse that the
other voting methods we tried above. For example,
for MMMF-B10for Weakand Strong EachMovie tests, it
gave NMAE scoresof 0.4453and 0.4449respectively.
Part of the problem may well be due to our simple
linear model of con�dence acrossthe thresholds; using
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more sophisticated future methods based on analogs
to (Platt, 1999)may improve the voting by con�dence
approach.

In any case, during our investigation, we discovered
that often neighboring thresholds (� ) for a given user
were in reverse order (i.e. � ir > � i,r+1) sometimes
by large amounts. The MMMF forumation does not
enforcethat constraint, sothis shouldnot besurprising
{ except how often it seemsto occur in some cases.
Future work is neededto understand how important
this problem is, and how costly it might be to avoid
during optimization.

5. Discussion

In this paper we have made several important contri-
butions.

Our results, especially on MovieLens,provide an exis-
tence proof that ensembles of MMMF's can give sig-
ni�can tly stronger predictions than a single MMMF
(the previous state-of-the-art on the benchmark data
setsthat we examined). We reported caseswheresim-
ple voting (over multiple trainings using di�eren t ran-
dom seedings)helped signi�cantly and others where
baggedvoting helped even more. In extensive experi-
ments representing over 2 yearsof CPU time, we found
no caseswhere baggedvoting performed signi�cantly
worsethan simplevoting, nor simplevoting worsethan
a singleMMMF. Thus, our results suggestthat ensem-
bles of MMMF's o�er a promising way to help over-
come the potential local minima suboptimalities (an
open concernraised in (Rennie & Srebro, 2005)).

We also showed that MMMF can be implemented to
be much faster (at least 15-fold faster, so far) than
originally reported. Combined with the previous scal-
ing advantages that MMMF was already reported to
haveover the earlier semi-de�nite programming formu-
lation of (Srebroet al., 2005),our work hereestablishes
ensembles of conjugate gradient-based MMMF to be
perhapsthe leading contender, especially for large real
data sets.

There have been some related work on combining
and voting among multiple recommendationsystems.
However, those approaches have focused on combin-
ing diverse models, especially where some are con-
tent basedand others rating/collab orative based(e.g.
(Melville et al., 2002), (Good et al., 1999), and (Clay-
pool et al., 1999)). They also did not utilize state-of-
the-art large-scalemethods such asMMMF, for which
further improvements can be challenging to demon-
strate.

To fairly put our improvements in proper perspective,
it is important to note that neither minimizing sim-
ple scoressuch as MAE, nor performing collaborative
prediction in general, is su�cien t for solving end-to-
end recommendationtasks in practice. For one, there
is the well-known issue that typically the best items
to recommend next are not simply the ones that a
given user is most likely to rate highly, sincethe most
useful recommendationstypically would also factor in
many others issues,such as surprise and diversity. In
the end, in-�eld evaluations (whether active, such as
surveys, or passive, such as usage/churn/engagement
statistics) are essential, sincewhat ultimately matters
most is whether the users �nd the recommendations
useful, not how well the system predicts their prefer-
encesper se.

Nevertheless,signi�cant improvements to MAE scores
still seemsa worthy intermediate goal for continued re-
search. Though simplistic, MAE scoreson benchmark
datasets such as MovieLens and EachMovie do facili-
tate direct comparisonof previous methods on easyto
replicate benchmark results. The MAE scoreseemsa
useful surrogate for the ultimate goal, if one assumes
that accurately predicting preferencesis a useful (e.g.
necessarybut not su�cien t) intermediate step. Also,
methods to improve the e�ciency of acquiring newrat-
ings data from users, such as active learning, might
alsobene�t from even relatively modest improvements
in predictive model accuracy{ perhapsespecially from
improvements in characterizing model uncertainties.

Future work includes integrating this approach with
content-based information (e.g. movie actors and gen-
res), to seehow much of the gain due to ensembles
remainsonceother such background information is ex-
ploited.

Other interesting ensemble alternativ es to bagging
which might be worth exploring for MMMF and ordi-
nal rating prediction in general include: variance op-
timized bagging (vogging) (Derbeko et al., 2002) and
analogs to online Bayes Point Machines (Harrington
et al., 2003)) (i.e. sampling without replacement).

Also, asdiscussedin Section3, voting basedon proba-
bilit y calibration methods such as (Platt, 1999) might
bepreferrableto our simple linear model of con�dence.
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