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ABSTRACT

Recommender systems provide users with personalized stimue
for products or services. These systems often rely on Gmitding
Filtering (CF), where past transactions are analyzed ipraiaes-
tablish connections between users and products. The moshon
approach to CF is based on neighborhood models, which isibase
on similarities between products or users. In this work wieon
duce a new neighborhood model with an improved predicticn-ac
racy. The model works by minimizing a global cost functiomur+
ther accuracy improvements are achieved by extending tldeimo
to exploit both explicit and implicit feedback by the useiast
models were limited by the need to compute all pairwise simil
ities between items or users, which grow quadratically ifsut
size. In particular, this limitation vastly complicatesoating user
similarity models, due to the typical large nhumber of usetair
new model solves these limitations by factoring the neighbod
model, thus making both item-item and user-user implentiems
scale linearly with the size of the data. The methods aredest
the Netflix data, with encouraging results. In addition, wggest

a new evaluation metric, which highlights the differencesoag
methods, based on their performance at a top-K recommendati
task. Our study reveals a very significant improvement idityua
of top-K recommendation.

1. INTRODUCTION

1 Modern consumers are inundated with choices. Electronic re
tailers and content providers offer a huge selection of pcts)
with unprecedented opportunities to meet a variety of sppeeieds
and tastes. Matching consumers with most appropriate pteds
not trivial, yet it is a key in enhancing user satisfactioru doy-
alty. This emphasizes the prominencerefommender systems
which provide personalized recommendations for prodietsguit
a user’s taste [1]. Internet leaders like Amazon [18], Ged§l,
Netflix [6], TiVo [2] and Yahoo! [21] are increasingly adopt
such recommenders.

Recommender systems are often base€oltaborative Filter-
ing (CF) [12], which relies only on past user behavior—e.g.irthe
previous transactions or product ratings—and does noinethe
creation of explicit profiles. Notably, CF techniques reguio do-
main knowledge and avoid the need for extensive data cumllect
In addition, relying directly on user behavior allows unedug
complex and unexpected patterns that would be difficult qoisa
sible to profile using known data attributes. As a conseqgieGE
attracted much of attention in the past decade, resultirgigimif-
icant progress and being adopted by some successful comimerc
systems, including Amazon [18], TiVo [2] and Netflix.

In order to establish recommendations, CF systems needairto co

!Parts of this work overlap a KDD'08 publication [17].

pare fundamentally different objects: items against usensre are
two primary approaches to facilitate such a comparisongkvbon-
stitute the two main disciplines of CEhe neighborhood approach
andlatent factor models

Neighborhood methods are centered on computing the refatio
ships between items or, alternatively, between users. én-item
approach evaluates the preference of a user to an item based o
ratings of similar items by the same user. In a sense, theie me
ods transform users to the item space by viewing them as tsaske
of rated items. This way, we no longer need to compare users to
items, but rather directly relate items to items.

Latent factor models, such as Singular Value Decompog($MD),
comprise an alternative approach by transforming bothstand
users to the same latent factor space, thus making thentldirec
comparable. The latent space tries to explain ratings bsackexiz-
ing both products and users on factors automatically iatefrom
user feedback. For example, when the products are movies, fa
tors might measure obvious dimensions such as comedy vradra
amount of action, or orientation to children; less well dedirdi-
mensions such as depth of character development or “qes&in
or completely uninterpretable dimensions. For users, éactor
measures how much the user likes movies that score high on the
corresponding movie factor.

Latent factor models offer high expressive ability to désevar-
ious aspects of the data. Thus, they tend to provide moreatecu
results than neighborhood models; see, e.g., [4, 7, 15,2 27.
However, most literature and commercial systems (e.gsetlaf
Amazon [18], TiVo [2] and NetfliX) are based on the neighborhood
models. The prevalence of neighborhood models is parthkihto
their relative simplicity and intuitiveness. However, tth@are more
important reasons for real life systems to stick with thess laccu-
rate models. First, they naturally provide intuitive exgéons of
the reasoning behind recommendations, which often enhaseare
experience beyond what improved accuracy may achieve.nfieco
they can immediately provide recommendations based orejust
tered user feedback.

In this work we introduce a new neighborhood model with an
improved accuracy on par with recent latent factor modeishé
same time, the model retains the two aforementioned fundame
tal advantages of neighborhood models. Namely, it can &xpla
its recommendations and handle new ratings without ratgiire-
training. Admittedly, the new model is not as simple as commo
neighborhood models, because it requires a training stagg m
like latent factor models. This reflects a more principled/wa
modeling neighborhood relations, which rewards the moda¢l n
only with improved accuracy, but also with greater flexiyito ad-
dress different aspects of the data and to integrate othdelsian
particular, we can make the model significantly more scaléidn

2Based on personal knowledge.



previous neighborhood models, without compromising itsiacy
or other desired properties.

The CF field has enjoyed a surge of interest since October, 2006

when the Netflix Prize competition [6] commenced. Netflix re-
leased a dataset containing 100 million movie ratings aral-ch

lenged the research community to develop algorithms thaldco

beat the accuracy of its recommendation system, Cinematch.

A lesson that we learnt through this competition is the impor
tance of integrating different forms of user input into thedals
[4]. Recommender systems rely on different types of inpuasi
convenient is the high qualitgxplicit feedbackwhich includes ex-
plicit input by users regarding their interest in produéter exam-
ple, Netflix collects star ratings for movies and TiVo usedicate
their preferences for TV shows by hitting thumbs-up/dowtidns.
However, explicit feedback is not always available. Thesom-
menders can infer user preferences from the more abuidplitit
feedback which indirectly reflect opinion through observing user
behavior [20]. Types of implicit feedback include purchémss-
tory, browsing history, search patterns, or even mouse mewes.

denoted by,,; and accounts for the user and item effects:

bui = p+ by 4+ b; (1)

The parameters, andb; indicate the observed deviations of user
u and itemi, respectively, from the average. For example, suppose
that we want a baseline estimate for the rating of the motnic

by user Joe. Now, say that the average rating over all moyigs,

3.7 stars. Furthermore, Titanic is better than an averaggenspo it
tends to be rated 0.5 stars above the average. On the otlgJo@n

is a critical user, who tends to rate 0.3 stars lower thanvbesge.
Thus, the baseline estimate for Titanic’s rating by Joe ddal 3.9
stars by calculating.7 — 0.3 + 0.5. In order to estimaté, andb;

one can solve the least squares problem:

min > rui—p—bu = b))’ + MO bL+ > b))

" (wi)ek
Here, the first tern}_ , )<y (rui — pt + bu + bi)? strives to find
b,’s and b;’s that fit the given ratings. The regularizing term —

For example, a user that purchased many books by the same aux, (3" b2 + >, b?) — avoids overfitting by penalizing the magni-

thor probably likes that author. Our main focus is on casesrah
explicit feedback is available. Nonetheless, we recogttizeim-
portance of implicit feedback, which can illuminate usdvattdid
not provide enough explicit feedback. Hence, our modekgjiratte
explicit and implicit feedback.

The structure of the rest of the paper is as follows. We stit w
preliminaries and related work in Sec. 2. Then, we descritensg

more accurate neighborhood model in Sec. 3. The new model is

based on an optimization framework that allows smooth nateg
tion with other models, and also inclusion of implicit useed-

back. Section 4 shows how to make the model highly scalable by

introducing novel factorization techniques. Relevantezipental
results are brought within each section. In addition, wegssga
new methodology to evaluate effectiveness of the modelsieas
scribed in Sec. 5, with encouraging results.

2. PRELIMINARIES

We are given ratings about users anad: items. We reserve spe-
cial indexing letters for distinguishing users from itenfig: users
u, v, and for itemsi, j. A rating r,,; indicates the preference by
useru of item 4, where high values mean stronger preference. For
example, values can be integers ranging from 1 (star) itidigao
interest to 5 (stars) indicating a strong interest. We ligtish pre-
dicted ratings from known ones, by using the notatign for the
predicted value of-,;. Usually the vast majority of ratings are un-
known. For example, in the Netflix data 99% of the possibliegat
are missing because a user typically rates only a smallqrodi
the movies. Théu, 7) pairs for whichr,; is known are stored in the
setlC = {(u, ) | rus is known}. In order to combat overfitting the
sparse rating data, models are regularized so estimatahianek
towards baseline defaults. Regularization is controlieddnstants
which are denoted asti, A2, ... Exact values of these constants
are determined by cross validation. As they grow, reguidion
becomes heavier.

2.1 Baseline estimates

Typical CF data exhibit large user and item effects — i.esteap-
atic tendencies for some users to give higher ratings thaerst
and for some items to receive higher ratings than others. duig-
tomary to adjust the data by accounting for these effectiwiie
encapsulate within thiaseline estimateenote by the overall
average rating. A baseline estimate for an unknown ratings

tudes of the parameters.

An easier, yet somewhat less accurate way to estimate the pa-
rameters is by decoupling the calculation of this from the cal-
culation of theb,'s. First, for each item we set:

o Zu:(u,i)efC(T“‘i - 'u‘)
o Hul(u,4) € K

Then, for each user we set:

b;

b, — Zi:(u,i)GK(T"f’i — k= bl)
T ds+il(u, i) €KY
Averages are shrunk towards zero by using the regularizgiio

rameters,. A3, which are determined by cross validation. Typical
values on the Netflix dataset ark; = 25, A3 = 10.

2.2 Neighborhood models

The most common approach to CF is based on neighborhood
models. Its original form, which was shared by virtually edirlier
CF systems, is user-user based; see [14] for a good anaBsit.
user-user methods estimate unknown ratings based on estat
ings of like-minded users. Later, an analogous item-itepra@gch
[18, 26] became popular. In those methods, a rating is etiina
using known ratings made by the same user on similar items. Be
ter scalability and improved accuracy make the item-itepragch
more favorable in many cases [3, 26, 27]. In addition, itéemi
methods are more amenable to explaining the reasoningdpten
dictions. This is because users are familiar with itemsipresty
preferred by them, but do not know those allegedly like-raihd
users. We focus mostly on item-item approaches, but teakriq
developed in this work make the user-user approach as camput
tionally efficient; sec Sec. 4.1.

Central to most item-item approaches is a similarity meaber
tween items. Frequently, it is based on the Pearson camela-
efficient, p;;, which measures the tendency of users to rate items
1 andj similarly. Since many ratings are unknown, it is expected
that some items share only a handful of common raters. Canput
tion of the correlation coefficient is based only on the commser
support. Accordingly, similarities based on a greater ssg@port
are more reliable. An appropriate similarity measure, tethdy
sij, would be a shrunk correlation coefficient:

det

Nij
Sij =

_ 2
Nij + A4 @

Pij



The variablen;; denotes the number of users that rated bathd
j. Atypical value for\, is 100. Notice that the literature suggests
additional alternatives for a similarity measure [26, 27].

Our goal is to predict,; — the unobserved rating by userfor
item 4. Using the similarity measure, we identify thdtems rated
by u, which are most similar ta This set ofk neighbors is denoted
by S*(i;u). The predicted value af,; is taken as a weighted av-
erage of the ratings of neighboring items, while adjustioiguser
and item effects through the baseline estimates:

> jesk (i) Sii (Tuj — buj)

zjesk(i;u) Sij

Neighborhood-based methods of this form became very popula
because they are intuitive and relatively simple to impletn&€hey
also offer the following two useful properties:

1. Explainability. Users expect a system to give a reason for
its predictions, rather than facing “black box” recommenda
tions. This not only enriches the user experience, but also e

courages users to interact with the system, fix wrong impres-

sions and improve long-term accuracy. In fact, the impor-
tance of explaining automated recommendations is widely
recognized [13, 28]. The neighborhood framework allows
identifying which of the past user actions are most influen-
tial on the computed prediction. In prediction rule (3), leac
past rating £.; for j € S*(i; u)) receives a separate term in
forming the predicted,;, and thus we can isolate its unique
contribution. The past ratings associated with highest con
tribution are identified as the major explanation behind the
recommendation.

2. New ratings. Item-item neighborhood models can provide

Derivation of the interpolation weights can be done effittiehy
estimating all inner products between item ratings; for lada-
scription refer to [3].

2.3 Latent factor models

Latent factor models comprise an alternative approach biao
orative Filtering with the more holistic goal to uncoverdat fea-
tures that explain observed ratings; examples include p[1SA
neural networks [23], Latent Dirichlet Allocation [8], oradels
that are induced by Singular Value Decomposition (SVD) an th
user-item ratings matrix. Recently, SVD models have gajmaa
ularity, thanks to their attractive accuracy and scalgbik typical
model associates each usewith a user-factors vectgr, € R/,
and each iteni with an item-factors vectog; € RY. The predic-
tion is done by taking an inner product, i.2,; = by +pLg;. The
more involved part is parameter estimation.

In information retrieval it is well established to harne&&Sfor
identifying latent semantic factors [10]. However, apptyiSVD
in the CF domain raises difficulties due to the high portiomisgs-
ing ratings. Conventional SVD is undefined when knowledgmiaib
the matrix is incomplete. Moreover, carelessly addressinyg the
relatively few known entries is highly prone to overfittingarlier
works [16, 25] relied on imputation to fill in missing ratingsd
make the rating matrix dense. However, imputation can beeer
pensive as it significantly increases the amount of dataddiitian,
the data may be considerably distorted due to inaccuratetanp
tion. Hence, more recent works [5, 7, 11, 17, 22, 23, 27] sstgge
modeling directly only the observed ratings, while avogdover-
fitting through an adequate regularized model. The repoesults
compare very favorably with neighborhood models.

However, Latent factor models such as SVD face real difiiesilt

updated recommendations immediately after users enteredWhen needed to explain predictions. After all, a key to these-
new ratings. This includes handling new users as soon as €IS iS abstracting users via an intermediate layer of usgorfa
they provide feedback to the system, without needing to re- 1NiS intermediate layer separates the computed predefiam
train the model and estimate new parameters. Here, we as-Past user actions and complicates explanations. Simikeflect-
sume that relationships between items (the values) are ing new ratings requires re-learning the user factors, andat be
stable and barely change on a daily basis. Thus, prediction done at virtually no cost as in the neighborhood models. Ties
rule (3) can be reliably used with the most recent set of rat- believe that for practical applications neighborhood ni®edee still
ings given by the user. Notice that for items new to the sys- €XPected to be a common choice.

tem we do have to learn new parameters. Interestingly, this 2 4 The Netflix data

asymmetry between users and items meshes well with com- | d loorith h fix d f h
mon practices: systems need to provide immediate recom- We evaluated our algorithms on the Netflix data of more thah 10

mendations to new users (or new ratings by old users) who million movie ratings performed bY anonymous Netflix custoen
expect quality service. On the other hand, it is reasonaple t [6]- We are not aware of any publicly available CF dataset itha

require a waiting period before recommending items new to
the system.

However, in a recent work [3], we raised a few concerns about
traditional neighborhood schemes. Most notably, theséhoaist
are not justified by a formal model. We also questioned the sui
ability of a similarity measure that isolates the relatitredween
two items, without analyzing the interactions within thd &et of
neighbors. In addition, the fact that interpolation wegght (3)
sum to one forces the method to fully rely on the neighbors eve
in cases where neighborhood information is absent (i.erwdid
not rate items similar ta), and it would be preferable to rely on
baseline estimates.

close to the scope and quality of this dataset. To maintaimpedi-
bility with results published by others, we adopted somadaeads
that were set by Netflix, as follows. First, quality of theuks is
usually measured by their root mean squared error (RMSE):

>

(u,i)€TestSet

(rui — Tui)?/|TestSet|

a measure that puts more emphasis on large errors compated wi
the alternative of mean absolute error. In addition, we rnagsults
on a test set provided by Netflix (also known as the Quiz setighv
contains over 1.4 million recent ratings. Netflix compiletbther
1.4 million recent ratings into a validation set, known as BErobe

This led us to propose a more accurate neighborhood model, Set, which we employ in Section 5. The two sets contain mamgmo

which overcomes these difficulties. Given a set of neighBb(s; u)
we need to computisterpolation weights0y |5 € S*(i;u)} that
enable the best prediction rule of the form:

jesk (4u)

4)

ratings by users that do not rate much and are harder to préulic
a way, they represent real requirements from a CF systenchwhi
needs to predict new ratings from older ones, and to equadlyess
all users, not only the heavy raters.

The Netflix data is part of the ongoing Netflix Prize competiti
where the benchmark is Netflix's proprietary system, Cinteina



which achieved a RMSE of 0.9514 on the test set. The grand priz

timate foru's rating ofi by adding(r.; — b.;)w;; to the baseline

will be awarded to a team that manages to drive this RMSE below estimate. Likewise, our estimate will not deviate much fribra

0.8563 (10% improvement).
2.5 Implicit feedback

As stated earlier, an important goal of this work is devigimag-
els that allow integration of explicit and implicit user tHmck.
For a dataset such as the Netflix data, the most natural cfaice
implicit feedback would probably be movie rental histonhigh
tells us about user preferences without requiring them pdigity
provide their ratings. However, such data is not availables.
Nonetheless, a less obvious kind of implicit data does eitin
the Netflix dataset. The dataset does not only tell us thegasl-
ues, but alsavhichmovies users rate, regardlesshofv they rated
these movies. In other words, a user implicitly tells us athar
preferences by choosing to voice her opinion and vote a (bigh
low) rating. This reduces the ratings matrix into a binarytnxa
where “1” stands for “rated”, and “0” for “not rated”. Admdtlly,
this binary data is not as vast and independent as otheresoafc
implicit feedback could be. Nonetheless, we have founditteatr-
porating this kind of implicit data — which inherently exiatevery
rating based recommender system — significantly improvedipr
tion accuracy. Some prior techniques, such as ConditioBAlIR
[23], also capitalized on the same binary view of the data Bédn-
efit of using the binary data is closely related to the fact théngs
do not miss at random, but users are deliberate in which iteays
choose to rate; see Marlin et al. [19].

The models that we suggest are not limited to a certain kind of
implicit data. To keep generality, each usss associated with two
sets of items, one is denoted Byu), and contains all the items for
which ratings byu are available. The other one, denotedMu),
contains all items for which provided an implicit preference.

3. ANEIGHBORHOOD MODEL

In this section we introduce a new neighborhood model, which
allows an efficient global optimization scheme. The modérsf
improved accuracy and is able to integrate implicit usediieek.
We will gradually construct the various components of theleip
through an ongoing refinement of our formulations.

Previous models were centered arowrser-specifidnterpola-
tion weights —§;’ in (4) or sij/zjesk(i;u) siz in (3) — relating
item 4 to the items in a user-specific neighborho®(s; »). In
order to facilitate global optimization, we would like toaiton
such user-specific weights in favor of global weights indeleat
of a specific user. The weight fropnto ¢ is denoted byw;; and
will be learnt from the data through optimization. An inits&ketch
of the model describes each rating by the equation:

Pui = bui + Z (ruj — buj)wij
JER(w)

(®)

For now, (5) does not look very different from (4), besides@aim
that thew;;'s are not user specific. Another difference, which will
be discussed shortly, is that here we sum over all items tated
unlike (4) that sums over members$H(i; ).

Let us consider the interpretation of the weights. Usudily t
weights in a neighborhood model represent interpolatiogffico
cients relating unknown ratings to existing ones. Heres itdeful
to adopt a different viewpoint, where weights represeraeiff to
baseline estimates. Now, the residuals,— b..;, are viewed as the
coefficients multiplying those offsets. For two relatedritei and
J, we expectw;; to be high. Thus, whenever a userated; higher
than expectedr(,; — b.; is high), we would like to increase our es-

baseline by an iter that u rated just as expected.(; — b.; iS
around zero), or by an itemnthat is not known to be predictive on

i (w4; is close to zero). This viewpoint suggests several enhance-
ments to (5). First, we can use implicit feedback, which miev

an alternative way to learn user preferences. To this endadee
another set of weights, and rewrite (5) as:

Tui = bui + Z (ruj — buj)ws; + Z Cij

JER(u) JEN(u)

(6)

Much like thew;;'s, the ¢;;'s are offsets added to baseline esti-
mates. For two itemsandj, an implicit preference by to j lead
us to modify our estimate of,; by ¢;;, which is expected to be
high if j is predictive on.?

Viewing the weights as global offsets, rather than as ugecific
interpolation coefficients, emphasizes the influence osmggrat-
ings. In other words, a user’s opinion is formed not only byatlie
rated, but also by what he did not rate. For example, suppaseat
movie ratings dataset shows that users that rate “Lord oRthgs
3” high also gave high ratings to “Lord of the Rings 1-2". This
will establish high weights from “Lord of the Rings 1-2" to 6kd
of the Rings 3”. Now, if a user did not rate “Lord of the Rings
1-2" at all, his predicted rating for “Lord of the Rings 3" Wile
penalized, as some necessary weights cannot be added torthe s

For prior models ((3),(4)) that interpolated; — b,; from {r.; —
bujlj € S*(i;u)}, it was necessary to maintain compatibility be-
tween theb,; values and thé,; values. However, here we do
not use interpolation, so we can decouple the definitions,of
andb,;. Accordingly, a more general prediction rule would be:
Tui = bui + ZjER(u) (TUJ‘ — buj)wij + ZjGN(u) Cij- The con-
stantb,,; can represent predictions of; by other methods such as

a latent factor model. Here, we suggest the following ruée was
found to work well:

B by 4 b + Z (ruj — bug)wij + Z cj  (7)
JER(u) JEN(u)

Tui =

Importantly, theb, ;'s remain constants, which are derived as ex-
plained in Sec. 2.1. However, the's andb;’s become parameters,
which are optimized much like the;;’s andc;;’s.

We have found that it is beneficial to normalize sums in the
model leading to the form:

Fui =g+ bu 4 b+ R@)] Y (rug — bug)wi
JER(u)

FINW[ > ey 8

JEN(u)

The constandv controls the extent of normalization. A non-normalized
rule (@ = 0), encourages greater deviations from baseline estimates
for users that provided many ratings (high(w)|) or plenty of im-

plicit feedback (highN(w)|). On the other hand, a fully normalized
rule, witha = 1, will eliminate the effect of number of ratings on
deviations from baseline estimates. In many cases it woeld b
good practice for recommender systems to have greatertidevia
from baselines for users that rate a lot. This way, we takeerrisk

with well modeled users that provided much input. For su@ras
we are willing to predict quirkier and less common recomnaend
tions. At the same time, we are less certain about the maglefin

%In many cases it would be reasonable to attach significance
weights to implicit feedback. This requires a modificationour
formula which, for simplicity, will not be considered here.



users that provided only a little input, in which case we widike
to stay with safe estimates close to the baseline values. expga-
rience with the Netflix dataset shows that best results drieaed
with partial normalization, which allows moderately highievia-
tions for heavy raters. Thus, we set= 0.5, as in the prediction
rule:

Pui =p - bu b+ [R@)|TE DT (ruy = bug)wyy
JER(w)

+INW[E Y e

JEN(u)

9)

As an optional refinement, complexity of the model can be re-
duced by pruning parameters corresponding to unlikely-item
relations. Let us denote b8 (i) the set ofk items most similar
i, as determined by the similarity measusg. Additionally, we
useR*(i;u) % R(u) N S*(i) andN*(4;u) < N(u) N S*(i).*
Now, when predicting-,; according to (9), it is expected that the
most influential weights will be associated with items santio:.
Hence, we replace (9) with:

Fui =+ bu + bs + R (i3 u)| 2 > (rug —bug)wi
JERK (i3u)
NG TE Y ey (10)
JENF (i5u)

Whenk = oo, rule (10) coincides with (9). However, for other
values ofk it offers the potential to significantly reduce the number
of variables involved.

This is our final prediction rule, which allows fast onlineegic-
tion. More computational work is needed at a pre-processiage
where parameters are estimated. A major design goal of the ne
neighborhood model was facilitating an efficient globalimita-
tion procedure, which prior neighborhood models lackedusTh
model parameters are learnt by solving the regularized $e@sires
problem associated with (10):

min 3" rui = = by — b — [N ()|

b, Wi ,Cxe

E Cij

(u,i)eK JENF (i;u)
2
k- _1
—REGw)[72 D (rug — bug)wi
JERF (45u)
T R N ST N S )
JERF (4;u) JENF (i5u)
(11)

An optimal solution of this convex problem can be obtained by
least square solvers, which are part of standard lineabedgmck-
ages. However, we have found that the following simple gnatdi
descent solver works much faster. Let us denote the prediet-
rOr, Tyi — Tui, DY evi. We loop through all known ratings K. For
a given training case,;, we modify the parameters by moving in
the opposite direction of the gradient, yielding:

“Notational clarification: With other neighborhood modélsvas

beneficial to us&” (i; u), which denotes thé items most similar
to s among those rated hy. Hence, ifu rated at leask items, we

will always have|S* (i;u)| = k, regardless of how similar those

items are ta. However,|R*(i; )| is typically smaller thark, as
some of those items most similartavere not rated by..

® by —bu+7-(eui— s bu)
by < b; + - (eui — A5 - b;)
Vi € R¥(isu) :

. _1
wij — wig+y-( [R*(Gu)| 72 - ewi - (ruj —

buj) — As - wij)
Vi € N¥(i;u) :
iy = e+ (IN*(isw) 7% - ew = Xs -y

The meta-parameterg (step size) and\s are determined by
cross-validation. We useg = 0.005 and A5 = 0.002 for the
Netflix data. Another important parameterkiswhich controls the
neighborhood size. Our experience shows that incredsalgays
benefits the accuracy of the results on the test set. Herecehtlice
of k should reflect a tradeoff between prediction accuracy and co
putational cost. In the next section we will describe a feadoser-
sion of the model, which cancels this tradeoff by allowingtais
work with the most accurate = oo while lowering running time.

A typical number of iterations throughout the training data5—
20. As for time complexity per iteration, let us analyze thestrac-
curate case where = oo, which is equivalent to using prediction
rule (9). For each userand itemi € R(u) we need to modify both
{wij|j € R(u)} and{c;;|j € N(u)}. Thus the overall time com-
plexity of the training phase I©(3_,, |R(w)|(|R(w)| + |N(u)])).

Experimental results on the Netflix data with the new neighbo
hood model are presented in Fig. 1. We studied the model under
different values of parametér The pink curve shows that accuracy
monotonically improves with rising values, as root mean squared
error (RMSE) falls from 0.9139 fak = 250 to 0.9002 fork = oo.
(Notice that since the Netflix data contains 17,770 movies, co
is equivalent tok =17,770, where all item-item relations are ex-
plored.) We repeated the experiments without using theiditpl
feedback, that is, dropping tlg; parameters from our model. The
results depicted by the yellow curve show a significant decin
estimation accuracy, which widens lagrows. This demonstrates
the value of incorporating implicit feedback into the model

For comparison we provide the results of two previous nesghb
hood models. Firstis a correlation-based neighborhoockir{éal-
lowing (3)), which is the most popular CF method in the litare.
We denote this model as CorNgbr. Second is a newer model [3]
that follows (4), which will be denoted as WgtNgbr. For bdikge
two models, we tried to pick optimal parameters and neiginioad
sizes, which were 20 for CorNgbr, and 50 for WgtNgbr. The re-
sults are depicted by the green and cyan lines. It is clearttiea
popular CorNgbr method is noticeably less accurate thaotther
neighborhood models, though its 0.9406 RMSE is still betian
the published Netflix's Cinematch RMSE of 0.9514. On the eppo
site side, our new model delivers more accurate results whem
compared with WgtNgbr, as long as the valueaf at least 500.
Notice that thek value (thez-axis) is irrelevant to previous mod-
els, as their different notion of neighborhood makes neighdod
sizes incompatible. Yet, we observed that while the peréorre of
our algorithm keeps improving as more neighbors are addésl, t
was not true with previous models. For those past model®perf
mance peaks with a relatively small number of neighbors armks
then declines. This may be explained by the fact that in owteho
parameters are directly learnt from the data through a fooid
mization procedure, what facilitates using many more patars
effectively.

Finally, let us consider running time. Previous neighborho
models require very light pre-processing, though, WgtNgbre-
quires solving a small system of equations for each provjited
diction. The new model does involve pre-processing wherarpa
eters are estimated. However, online prediction is immediy



with three vectorsy;, z;, y; € RY. This way, we will confinaw,;
0.94 to beq; ;. Similarly, we impose;; = ¢f y,;. Essentially, these
0.935 | vectors strive to map items into a latent factor space whegare
’ measured against various aspects that are revealed aigaligdty
0.93 - —#—new model learning the data. By substituting this into (9) we get tHiofeing
new model w/o implicit prediction rule:
4 0.925 1 WgtNgbr
E 0.92 4 — CorNgbr
0.915 )
R -1 T
ol N Fui =t bu £ b+ R@F Y (g — buy)al
JER(u)
0.905 - _1 T
0o +N@I™2 Y aly; (12)

L JEN(u)
250 500 1000 2000 4000 8000 infinity

k

Figure 1: Comparison of neighborhood-based models. We
measure the accuracy of the new model with and without im-
plicit feedback. Accuracy is measured by RMSE on the Netflix
test set, so lower values indicate better performance. RMSE

shown as a function of varying values oft, which dictates the

neighborhood size. For reference, we present the accuracy o
two prior models as two horizontal lines: the green line rep- N ) T -1 R
resents a popular method using Pearson correlations, and & Fur = ptbutbita | R(w)] 2 Z (rus = bug)z)

Computational gains become more obvious by using the equiva
lent rule:

cyan line represents a more recent neighborhood model. JERCY
—1
+IN@IT2 Yy (13)

following rule (10). Pre-processing time grows with theugbfk. JEN(u)
Typical running times per iteration on the Netflix data, aameed
on a single processor 3.4GHz Pentium 4 PC, are shown in Fig. 2.

60

- Notice that the bulk of the rule €|R(u)|*% 2 jer(u) (Tuj — buj)x;

o
S

—|—|N(u)|*% 2 jeN(u) yj> — depends only om while being inde-
pendent ofi. This leads to an efficient way to learn the model

parameters. As usual, we minimize the regularized squared e
function associated with (12):
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Figure 2: Running times (minutes) per iteration of the neigh

2
borhood model, as a function of the parametelk. _1 _1
P —q [R@)[72 D (ruy —buj)z; + INW)[72 Yy, )
JER(u) JEN(u)

4. AFACTORIZED NEIGHBORHOOD MODEL + X bi+b?+|‘qi||2+ Z HIJ'H2+ Z ||yJ'H2

In the previous section we presented our most accurate neigh JER(w) JEN(u)
borhood model, which is based on prediction rule (9) witinirey (14)
time complexityO (3", |R(u)|(|[R(u)| 4+ [N(u)|)) and space com-
plexity O(m +n?). (Recall thatn is the number of users, andis
the number of items.) We could improve time and space coritplex
by sparsifying the model through pruning unlikely itemriteela- We employ a simple gradient descent scheme, which is destrib
tions. Sparsification was controlled by the paraméter n, which in the following pseudo code:
reduced running time and allowed space complexit® of+nk).
However, ask gets lower, the accuracy of the model declines as
well. Now, we will show how to retain the accuracy of the full
dense prediction rule (9), while significantly lowering &nand
space complexity.
We will factor item-item relationships by associating edem:



LearnFactorizedNeighborhoodMode(Known ratings:r.;, rank: f)
% For each item computey;, z;, y; € RY
% which form a neighborhood model
Const#lIterations = 20,~v = 0.002, A = 0.04
% Gradient descnet sweeps:
for count = 1,..., #Iterations do
foru=1,...,mdo
% Compute the component independent of
pu = IR 5 jeng) (s = bus)as
Pu — pu+ IN(W)[72 35 nu) Ui
sum «— 0
forall ¢ € R(u) do
€ui < Tui — fuL
% Accumulate information for gradient stepsen y;:
SUM < SUM + €yi - q;
% Perform gradient step o, b, b;:
G — @i+ (€wi-pu—A-qi)
by by + - (€ui — A by)
bi —bi 4y (eus — A+ bi)
forall i € R(u) do
% Perform gradient step om;:
Ti — Ti+y- (|R(u)|*% < (Tui — bui) - sum — X\ - ;)
forall i € N(u) do
% Perform gradient step op;:
yi = yi - (IN()] 72 - sum = X~ y)
return {q, z;,yili = 1,...,n}

The time complexity of this model is linear with the inputesiz
O(f-> . (IR(u)| +|N(u)])), which is significantly better than the
non-factorized model that required tind®(>", |R(w)|(|R(w)| +
IN(w)])). We measured the performance of the model on the Net-
flix data; see Table 1. Accuracy is improved as we use morergct
(increasingf). However, going beyond 200 factors could barely
improve performance, while slowing running time. Inteiregly,
we have found that witlf > 200 accuracy negligibly exceeds that
of the best non-factorized model (with= oo). In addition, the
improved time complexity translates into a big differencenall-
clock measured running time. For example, the time-peatiten
for the non-factorized model (with = oo) was close to 58 min-
utes. On the other hand, a factorized model with= 200 could
complete an iteration in 14 minutes without degrading aacyiat
all.

The most important benefit of the factorized model is thecedu
space complexity, which i©(m + nf) — linear in the input size.
Previous neighborhood models required storing all pagweda-
tions between items, leading to a quadratic space complexit
O(m+n?). For the Netflix dataset which contains 17,770 movies,
such quadratic space can still fit within core memory. Sorm-co
mercial recommenders process a much higher number of ifeons.
example, a leading online movie rental service is curreatlyer-
tising offering over 100,000 titles. Music download shopeio
even more titles. Such more comprehensive systems withottata
100,000s items eventually need to resort to external storagr-
der to fit the entire set of pairwise relations. However, asiner
of items is growing towards millions, as in the Amazon itebemi
recommender system, which accesses stored similaritsnivafiion
for several million catalog items [18], designers must kaegpar-
sified version of the pairwise relations. To this end, onliuga re-
lating an item to its toge most similar neighbors are stored thereby
reducing space complexity 0(m + nk). However, a sparsifica-

#factors 50 100 200 500
RMSE 0.9037 | 0.9013| 0.9000| 0.8998
time/iteration| 4.5 min| 8 min | 14 min | 34 min

Table 1: Performance of the factorized item-item neighbortood
model. The models with> 200 factors slightly outperform the
non-factorized model, while providing much shorter running
time.

tion technique will inevitably degrade accuracy by misdimgor-
tant relations, as demonstrated in the previous sectioaddition,
identification of the togk most similar items in such a high dimen-
sional space is a non-trivial task that can require conallercom-
putational efforts. All these issues do not exist in our dazed
neighborhood model, which offers a linear time and space-com
plexity without trading off accuracy.

DiscussionThe factorized neighborhood model resembles prin-
ciples of some latent factor models. The important disiimcts
that here we factorize the item-item relationships, rathan the
ratings themselves. The results reported in Table 1 are a@np
ble to those of the widely used SVD model, which generates re-
sults with RMSESs ranging in 0.9046-0.9009 for 50-200 factor
[17]. However, some sophisticated extensions of the SVDehod
would result in even better accuracy [17]. Nonethelessfatior-
ized neighborhood model retains the practical advantaf¢s-o
ditional neighborhood models, which are difficult to acleievith
latent factor models. Here, we refer to the ability to explaicom-
mendations and to immediately reflect new ratings, as disclim
Sec. 2.2.

As a side remark, we would like to mention that the decision
to use three separate sets of factors was intended to giveores m
flexibility. Indeed, on the Netflix data this allowed achiegimost
accurate results. However, another reasonable choicd beulis-
ing a smaller set of vectors, e.g., by requiring:= x; (implying
symmetric weightsw;; = wjs).

4.1 A user-user model

A user-user neighborhood model predicts ratings by corisigle
how like-minded users rated the same items. Such modelsecan b
implemented by switching the roles of users and items throug
our derivation of the item-item model. Here, we would likectm-
centrate on a user-user model, which is analogous to theiieam
model of (9). The major difference is replacing thg; weights
relating item pairs, with weights relating user pairs:

'f'ui = u + bu + bL + |R(Z)|7% Z (T’uj - bvj)wuv (15)

vER(%)

The setR(z) contains all the users for who rated item Notice
that here we decided to not account for implicit feedbackis Th
because adding such feedback was not very beneficial foiseire u
user model when working with the Netflix data.

User-user models can become useful in various situations. F
example, some recommenders may deal with items that adyapi
replaced, thus making item-item relations very volatilen the
other hand, the user base is pretty stable enabling to esttdbhg
term relations between users. An example of such a case s are
ommender system for web articles or news items which arelisapi
changing by their nature; see, e.g., [9]. In such casesmmgsten-
tered around user-user relations are more appealing.

In addition, user-user approaches identify different kiod re-
lations that item-item approaches may fail to recognizel ths
can be useful on certain occasions. For example, suppose/¢ha



#factors 50 100 200 500
RMSE 0.9119| 0.9110| 0.9101 | 0.9093
time/iteration| 3min | 5min | 8.5 min | 18 min

Table 2: Performance of the factorized user-user neighborbod
model.

want to predictr,,;, but none of the items rated by useis really
relevant toi. In this case, an item-item approach will face obvious
difficulties. However, when employing a user-user perspectve
may find a set of users similar tg who ratedi. The ratings of by
these users would allow us to improve prediction of.

The major disadvantage of user-user model is computational
Since typically there are many more users than items, precom
ing and storing all user-user relations, or even a reasyprsalrsi-
fied version thereof, is overly expensive or completely iagpical.

In addition to the highD(m?) space complexity, the time complex-
ity for optimizing model (15) is also much higher than itsitétem
counterpart, bein@® (3", |R(#)|?) (notice thaiR(i)| is expected to

be much higher thajR(u)|). These issues render user-user models
as a less practical choice.

A factorized model All those computational differences disap-
pear by factorizing the user-user model along the same &iaes
the item-item model. Now, we associate each userth two vec-
tor p., z. € RY. We assume the user-user relations to satisfy:
Wuw = Pl 2. Let us substitute this into (15) to get:

Fui = by + b+ [RE@)[TF Y (rog — boj)pize (16)
vER(7)

Once again, an efficient computation is achieved by inclydire
terms that depends arbut are independent afin a separate sum,
so the prediction rule is presented in the equivalent form:

Pus = by + b L RETE Y (roj — bup)ze (A7)
vER(7)

In a parallel fashion to the item-item model, all parametanes
learntin linear timeO(f -3, |R(¢)|). The space complexity is also
linear with the input size bein@(n+m f). This significantly low-
ers the complexity of the user-user model compared to pusiyo
known results. In fact, running time measured on the Netfitad
shows that now the user-user model is even faster than time ite
item model; see Table 2. We should remark that unlike the-item
item model, our implementation of the user-user model dicage
count for implicit feedback, what probably lead to its skorun-
ning time. Accuracy of the user-user model is significantjtér
than that of the widely-used correlation-based item-iteodefs,
which achieves RMSE=0.9406 as reported in Sec. 3. Furthretmo
accuracy is slightly better than the variant of the itenmiteodel
that also did not account for implicit feedback (yellow oaiia Fig.
1). This is quite surprising given the common wisodm thahite
item methods are more accurate than user-user ones. ltrafpbat
a well implemented user-user model can match speed andaagcur
of an item-item model. However, our item-item model couigt si
nificantly benefit by accounting for implicit feedback.

Fusing item-item and user-user modelsSince item-item and
user-user models address different aspects of the data)laecu-
racy is expected to improve by combining predictions of botd-

proach will optimize the two models simultaneously, laitithem
know of each other while parameters are being learnt. Thusgh-
out the entire training phase each model is aware of the dajeab

of the other model and strives to complement it. Our approach
which states the neighborhood models as formal optimizgiob-
lems, allows doing that naturally. We devise a model whiamsu
the item-item model (12) and the user-user model (16), fepidi:

Pui =+ bu b+ R Y (ruy — buy)al @

JER(u)
1
+HIN@W)72 Y gy
JEN(u)
Ny —L
+IRE)|T2 Y (roy — buy)pu 2o (18)
veER(7)

Model parameters are learnt by gradient descent optirizai
the associated squared error function. Our experiments tivé
Netflix data show that prediction accuracy is indeed beltizn that
of each individual model. For example, with 100 factors the o
tained RMSE is 0.8966, while with 200 factors the obtained$Em
is 0.8953.

Here we would like to comment that our approach allows in-
tegrating the neighborhood models also with completelfediht
models in a similar way. For example, in [17] we showed an-inte
grated model that combines the item-item model with a |atertor
model (called SVD++), thereby achieving improved predictac-
curacy with RMSE below 0.887. Therefore, other possitditidgth
potentially better accuracy should be explored before ideniag
the integration of an item-item and user-user models.

5. EVALUATION THROUGHATOP-K REC-
OMMENDER

So far, we have followed a common practice with the Netflix
dataset to evaluate prediction accuracy by the RMSE meaAahgev-
able RMSE values on the Netflix test data lie in a quite narrow
range. A simple prediction rule, which estimates as the mean
rating of movie:, will result in RMSE=1.053. Notice that this rule
represents a sensible “best sellers list” approach, wieresdame
recommendation applies to all users. By applying perspatidin,
more accurate predictions are obtained. This way, NetflxeCi
match system could achieve a RMSE of 0.9514. In this paper, we
suggested methods that lower the RMSE to below 0.9. Success-
ful improvements of recommendation quality depend on adinie
the elusive goal of enhancing users’ satisfaction. Thuspeial
question is: what effect on user experience should we expect
lowering the RMSE by, say, 5%7? For example, is it possibl¢ tha
a solution with a slightly better RMSE will lead to completelif-
ferent and better recommendations? This is central tofyirgi
research on accuracy improvements in recommender syst¥ms.
would like to shed some light on the issue, by examining thecef
of lowered RMSE on a practical situation.

A common case facing recommender systems is providing “top
K recommendations”. That is, the system needs to suggesbphe
K products to a user. For example, recommending the user a few
specific movies which are supposed to be most appealing to him
We would like to investigate the effect of lowering the RMSE o

els. Such an approach was previously suggested and was showrhe quality of top K recommendations. Somewhat surprigirtge

to improve accuracy; see, e.g. [5, 29]. However, past afforre
based on blending the item-item and user-user predictianagl
a post-processing stage, after each individual model iaraggy
trained independently of the other model. A more principdgd

Netflix dataset can be used to evaluate this.

Recall that in addition to the test set, Netflix also providedal-
idation set for which the true ratings are published. We wséd
5-star ratings from the validation set as a proxy for moviest t



interest users.Our goal is to find the relative place of these “inter-
esting movies” within the total order of movies sorted bydiceed
ratings for a specific user. To this end, for each such movigted
5-stars by user, we select 1000 additional random movies and
predict the ratings by: for ¢ and for the other 1000 movies. Fi-
nally, we order the 1001 movies based on their predictedgati
in a decreasing order. This simulates a situation where ythe s
tem needs to recommend movies out of 1001 available ones, Thu
those movies with the highest predictions will be recomneehic
useru. Notice that the 1000 movies are random, some of which
may be of interest to user, but most of them are probably of no
interest tou. Hence, the best hoped result is thgfor which we
know u gave the highest rating of 5) will precede the rest 1000
random movies, thereby improving the appeal of a top-K recom
mender. There are 1001 different possible ranks,foanging from

parison, MovieAvg and CorNgbr have much slimmer chances of
achieving the same: 0.050 and 0.065, respectively. Theingmga
two methods, WgtNgbr and SVD, lie between with probabditie
of 0.107 and 0.115, respectively. Thus, if one movie out df B0
to be suggested, its probability of being a specific 5-stedrane
becomes noticeably higher with the new neighborhood model.

We are encouraged, even somewhat surprised, by the rdsidts.
evident that small improvements in RMSE translate intoificant
improvements in quality of the top K products. In fact, based
RMSE differences, we did not expect the new neighborhoodeinod
to deliver such an emphasized improvement in the test. Silwil
we did not expect the very weak performance of the populaeeor
lation based neighborhood scheme, which could not impravehm
upon a non-personalized scheme.

Notice that our evaluation answers the question: given sarse

the best case where none (0%) of the random movies appears bea 5-star rated movie, what is the chance that a particulahadet

fore i, to the worst case where all (100%) of the random movies
appear before in the sorted order. Overall, the validation set con-
tains 384,573 5-star ratings. For each of them (separatelyraw
1000 random movies, predict associated ratings, and deriaek-

ing between 0% to 100%. Then, the distribution of the 384,573
ranks is analyzed. (Remark: since the number 1000 is anpites
ported results are in percentiles (0%—-100%), rather thabsolute
ranks (0-1000).)

We used this methodology to evaluate five different methods.
The first method is the aforementioned non-personalizedigiren
rule, which employs movie means to yield RMSE=1.053. Hence-
forth, it will be denoted as MovieAvg. The second method is a
correlation-based neighborhood model, which is the mogulzo
approach in the CF literature. As mentioned in Sec. 3, itexds
a RMSE of 0.9406 on the test set, and was named CorNgbr. The
third method is the improved neighborhood approach of [Bjctv
we named WgtNgbr and could achieve RMSE= 0.9107 on the test
set. Fourth is the SVD latent factor model, with 100 factbeséby
achieving RMSE=0.9025 (see [17]). Finally, we consider rmew
neighborhood model with a full set of neighboks=£ c0), achiev-
ing RMSE=0.9002.

Figure 3 plots the cumulative distribution of the computed-p
centile ranks for the five methods over the 384,573 evaluzdeds.

In order to get into the top-K recommendations, a productigho
be ranked before almost all others. For example, if 600 przdu
are considered, and three of them will be suggested to the use
only those ranked 0.5% or lower are relevant. In a sensee ther
is no difference between placing a desired 5-star movieeatdp

5%, top 20% or top 80%, as none of them is good enough to be
presented to the user. Accordingly, we concentrate on cativiel
ranks distribution between 0% and 2% (top 20 ranked item®but
1000).

As the figure shows, there are very significant differencesragm
the methods. For example, the new neighborhood (NewNghthade
has a probability of 0.077 to place a 5-star movie before thkio
1000 movies (rank=0%). This is more than 3.5 times better tha.
chance of the MovieAvg method to achieve the same. In adylitio
is over three times better than the chance of the popular glortd
achieve the same. The other two methods, WgtNgbr and SVIe, hav
a probability of around 0.043 to achieve the same. The maldti-
terpretation is that if about 0.1% of the items are selecidubtsug-
gested to the user, the new neighborhood method has a sagptific
higher chance to pick a specified 5-star rated movie. Silyjlar
NewNgbr has a probability of 0.163 to place the 5-star moeie b
fore at least 99.8% of the random movies (raitk2%). For com-

5In this study, the validation set is excluded from the trainilata.

will rank this movie within the top X%? One can come up with
other related questions, which we did not analyze here. ¥or e
ample, we can move from a single specific 5-star movie, to all
movies in which the user is interested, thus answering atigues
like: given a user and set of all movies she would rate 5 stdrat

is the chance that a method will rank at least one 5-star ratade
within the top X%? However, since the validation set prosids
with a very limited view of user preferences, we do not relatipw

the full set of movies that she likes, and hence could notueval
performance regarding the latter question.

0.5

MovieAvg (RMSE=1.0543)
CorNgbr (RMSE=0.9406)
W gtNgbr (RMSE=0.9107)
SVD (RMSE=0.9025)
NewNgbr (RMSE=0.9002)

Cumulative distribution

Figure 3: Comparing the performance of five methods on a top-
K recommendation task, where a few products need to be sug-
gested to a user. Values on the-axis stand for the percentile
ranking of a 5-star rated movie; lower values represent more
successful recommendations. We experiment with 384,573
cases and show the cumulative distribution of the results. fie
plot concentrates on the more relevant region, pertaininga low
z-axis values. The new neighborhood method has the highest
probability of placing a 5-star rated movie within the top-K
recommendations. On the other hand, the non-personalized
MovieAvg method and the popular correlation-based neighbo
hood method (CorNgbr) achieve the lowest probabilities.

6. CONCLUSIONS

This work proposed a new neighborhood based model, which
unlike previous neighborhood methods is based on formattit o
mizing a global cost function. This leads to improved prédit



accuracy, while maintaining merits of the neighborhoodrapph
such as explainability of predictions and ability to hanaésv rat-

ings (or new users) without re-training the model.

In addition we suggested a factorized version of the neighbo
hood model, which improves its computational complexityilesh
retaining prediction accuracy. In particular, itis freerfrthe quadratic
storage requirements that limited past neighborhood rsodélus,
the new method offers scalability to a very large number erhi
without resorting to complicated sparsification technigjthat tend
to lower accuracy. The improved complexity of the factadingodel
is especially emphasized with the user-user models, whiete w
considered so far as computationally inefficient. Now thegdme
as efficient as the item-item ones, thus making them a vighle o
tion. In fact, thanks to their vastly improved efficiency, seuld

build full user-user models that achieve accuracy comnipetitith
item-item models.

Quality of a recommender system is expressed through multi-
ple dimensions including: accuracy, diversity, abilitysorprise
with unexpected recommendations, explainability, appabe top-

K recommendations, and computational efficiency. Someasfeh
criteria are relatively easy to measure, such as accurat\efiin
ciency that were addressed in this work. Some other aspeets a
more elusive and harder to quantify. We suggested a novel ap-
proach for measuring the success of a top-K recommendechvgi
central to most systems where a few products should be siegges
to each user. It is notable that evaluating top-K recommensig-
nificantly sharpens the differences between the method&nbe

what a traditional accuracy measure could show.
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