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Abstract learning users’ preferences in a recommender system, i.e.,
model-based methods and neighborhood-based methods.

Factorization- and neighborhood-based methods have A model-based method assumes that users’ feedback to
been recognized as the state-of-the-art methods for col-items are governed by some latent model parameters such
laborative recommendation tasks. Those two methods aress users’ latent interests and items’ latent attributesram
known complementary to each other, while very few work- which matrix factorization (MF) has been a state-of-thie-ar
s have been proposed to combine them together. SVD++solution in many recommendation tasks. Basically, MF as-
tries to combine the main idea of latent features and neigh- sumes that two latent feature matrices, one for users’ in-
borhood of those two methods, but ignores the existafit  terests and one for items’ attributes, can be obtained via
egorical score®f the rated items. In this paper, we ad- factorizing the original rating matrix of the observed user
dress this limitation and take a user’s ratings as categalric  feedback. Typically, some loss functions and regularati
multiclass preferencesn this regard, we propose a nov- terms are used to guide the factorization process. MF is
el method called matrix factorization with multiclass pref  known to be very effective and efficient in modeling users’
erence context (MF-MPC), which integrates an enhancedfeedback, which has been verified in various contests [3, 6].
neighborhood based on the assumption that users with sim- A, ajternative solution to model-based methods is called
ilar past multiclass preferences (instead of oneclassgoref neighborhood-based methods, which make recommenda-
ences in SVD++) will have similar taste in the future. Math- 455 based on the neighbors’ aggregated preferences. A
ematically, SVD++ is a special case of our MF-MPC. The \eighhorhood-based method usually contains three steps,
main merit of our MF-MPC is its ability to make use of jnc|yding similarity calculation, neighborhood constioa
the m_ultlclgss preference context in the f_actor_lzanomn‘ea and preference prediction. The main assumption is that
work in a fine-grained manner and thus inherits the advan- \,sers with similar taste in the past will be clustered into

tages of those two methods in a better way. Experimen-the same neighborhood and thus will have similar taste in
tal results on three real-world data sets show that our So- ihe future. on which the prediction rule is based. The mer-
lution can perform_significantly better than factorizatior_1 it of neighborhood-based methods is its locality, simpfici
based method, neighborhood-based method and the inteznq good interpretability, which is also known to be com-
grated method with oneclass preference context. plementary to the model-based methods [2, 3].

A natural question we ask in this paper is that whether
we can integrate those two complementary methods, i.e.,
the factorization-based method and the neighborhooddbase
method, in a principled way. There has been very few at-
1 Introduction tempts in this line of research. One of the most represen-

tative work is called SVD++ [3], where the prediction rule

|nte||igent recommendation techn0|ogy has been an ef- contains two parts, one from the factorization-based nietho
fective solution to address the information overload and pe  for atarget (user, item) pair and one from the neighborhood-
sonalization challenges in many e-commerce and entertainbased method for the other rated items of the corresponding
ment systems [1, 10]. The main assumption of most rec-user. The resulted enhanced prediction rule can then inheri
ommendation algorithms is that users’ true preferences arethe merits of both methods. Specifically, the learned laten-
C|ose|y related to users’ exp|icit or |mp||C|t feedback uc t feature vectors of two users with similar rating behaviors
as ratings, transactions and examinations, which pro\ﬂ'des will also be similar in the latent space, which reflects the
way to learn and mine users’ preferences for personalizedeffect of the neighborhood-based method.
services. There are mainly two branches of algorithms for  However, there is still some information not exploited
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by SVD++. For a typical rating prediction problem in a rec- Table 1: Some notations.
ommender system, we usually have the categorical scores,
e.g..{1,2,3,4,5} for {bad, fair, good, excellent, perfgct

which is neglected by the newly introduced term of the ex- 7 user number
panded prediction rule in SVD++. Generally, whether an m item number
item is rated or not is a certain oneclass preference or feed- u, v’ user ID
back, and how the item is rated is a multiclass preference. 1,7’ item ID
Hence, SVD++ can be considered as a matrix factoriza- M multiclass preference set
tion method with oneclass preference context (MF-OPC). 7wi € M rating of usen, on items
In this paper, we propose a novel recommendation algo- R = {(u,,74i)} rating records of training data
rithm that integrates the factorization-based methodhedt ~ Yui € {0,1} indicator,y,; = 1if (u,i,74) € R
neighborhood-based method in a fine-grained manner via Z;,, 7 € M items rated by user with ratingr
exploiting the multiclass preference context (MPC). Festh ~ Zu items rated by user
reason, we call our approach matrix factorization with mul- € R global average rating value
ticlass preference context (MF-MPC). Empirical studies on b, € R user bias
three public data sets show that exploiting multiclassgsref ~ b; € R item bias
ence context can significantly improve the recommendation d € R number of latent dimensions
performance of MF and MF-OPC. U, € R1xd user-specific latent feature vector
Vi, 0., M] € R'*? | item-specific latent feature vector
. . L . R = {(u,i,74) rating records of test data
2 Our _Solutlon. Matrix Factorization with g { ; oredicted rating of user on itemi
Multiclass Preference Context T iteration number in the algorithm

2.1 Problem Definition

In this paper, we study a typical matrix factorization ~ >°me advanced models [3] assume that the rafings

problem that exists in various learning and recommendation'€!atéd to not only the user and item: but also the oth-
applications. Specifically, we haveusers (or rows) anth er rated items by user as a certaircontext denoted as
items (or columns), and some observed multiclass prefer-Z«\{7}. Similarly, the preference generalization probabili-

ences such as ratings that are recordef i {(u,%,7.;)} ty can be represented as follows,
with r,; € M. The multiclass preference skf can be ) N .
{1,2,3,4,5},{0.5,1,1.5,...,5} or other ranges. Our goal P(ruil(u, i); (u, ),1" € Zu\{1}), (2)

is then to build a model so that the missing entries of the
original matrix can be predicted. The studied problem is
usually called rating prediction in collaborative filtegior
matrix completion in machine learning. We put some nota-
tions in Table 1.

where both(u, i) and(u, i), € Z,\{i} denote the factors
that govern the generalization of the rating. The advan-
tage of the conditional probability in Eq.(2) is its ability
allow users with similar rated item sets to have similaniate
features in the learned model. However, the exact values of
) the ratings assigned by the usehave not been exploit-
2.2 Multiclass Preference Contenxt (MPC) ed yet. Hence, we call the conditién, '), ¢’ € Z,\{i} in
Eq.(2)oneclaspreference context (OPC) as inspired by the
For a traditional matrix factorization (MF) model [6], the well-known one-class feedback in collaborative filtering.
rating of user: on items, r,;, is assumed to be dependent In this paper, we go one step beyond and propose a fine-
on latent features of userand item: only. We can repre-  grained preference generalization probability,
sent it in a probabilistic way as follows,
P(TUi|(uv i); (uv ilv TM")? i’ € UTGMIz\{i})v 3)
P(ruil(uvi))v 1)
which includes the rating,; of each rated item by user
which means that the probability of generatingtherating ~ «. This new probability is based on three parts, including
is conditioned on the (user, item) pdit, i) or their latent (i) the (user, item) paifu, ) in Eq.(1), (ii) the examined
features only. Empirically, it is a very effective solution itemsU,emZ;, \{7} in Eq.(2), and (iii) the categorical score
exploiting the collective information among users and tem r,;. of each rated item. We can see that the new probability
s, even when the observed ratings in the (user, item) matrixis more sophisticated and captures more information when
are very few. modeling the observed rating records.



The difference between the oneclass preference confrom the definition of/°* in Eq.(6), we can see that two
text (u,i’),s € Z,\{i} in Eq.(2) and the condition users,u andw’, with similar examined item setg,, and
(u, i’ 7yir),i’ € UpemZt\{i} in EQ.(3) is the categorical Z,/, will have similar latent representatiofbg andejf’F.
multiclass scores (or ratings),;/, and thus we call imul- Hence, the prediction rule in Eq.(5) can be used to integrate
ticlasspreference context (MPC). We can see that the MPC certain neighborhood information.

in Eq.(3) will be reduced to the OPC in Eq.(2) when we treat . o , )
all ratings as a constant. In our matrix factorization with multiclass preference

We illustrate those three types of preference generaliza-CONteXt, we propose a novel and generic prediction rule for
tion probability in Figure 1. In Figure 1, we can see that the € rating of user to itemy,
probability of generating the rating,s = 3 is dependen-
t on different conditions in different models, i.e., (i) aus _
item) pair (2, 3) in MF, (ii) (user, item) pairg2, 3), (2, 4) Pui = Uy Vil + UVE 4 by, + b+ p, ©)
and(2,5) in MF-OPC, and (iii) (user, item) pai, 3), and
(user, item, rating) triple€, 4, 1) and(2, 5,4) in MF-MPC. -
whereU!™ is from the multiclass preference context,,
items

c 1 2 3 4 5 6
81 [2]3]2]2]2]? P(rs](2,3) MF
"2 IR el Uy = Z = Z M. (8)
3 [21212111a]> P(r23](2,3);(2,4),(2,5)) MF-OPC reM V | \{ i’ €Zr\{i}
4121205 Plrasl(2.3):(2,4,1), (2.5.4) ME-MPC
5 2151?|5)1°?]|5
6 |a|?|211]2]>? Preference Generalization Probability Notice thatm pIays as a normalization term for the

preference of class. We can see thdf“* in Eq.(8) is d-
Figure 1: lllustration of preference generalization pioba  ifferent from U2 in Eq.(6), because it contains more in-
ities in different models, including matrix factorizatiM- formation, i.e., the fine-grained categorical preferente o
F), MF with oneclass preference context (MF-OPC) and M- €ach rated item. And the virtual user profif¢™ in Eq.(8)
F with multiclass preference context (MF-MPC). Note that iS more closely related to the similarity measurement in
MF-OPC is equivalent to SVD++ [3]. neighborhood-based methods such as PCC (Pearson corre-
lation coefficient) [7], because both of them are defined on
the fine-grained categorical scores. The neighborhood in-
2.3  Matrix Factorization with MPC formationin Eq.(8) is thus more accurate than that of Eq.(6)
which is expected to generate better recommendation per-

For a basic matrix factorization model, the prediction formance.

rule of the rating assigned by userto item i is defined

With the prediction rule in Eq.(7), we can learn the mod-
as follows [6],

el parameters in the following minimization problem,

1xd - 1xd - ifi
wherelU,,. € R"**andV;. € R'*“are the user-specific and mm Z Z ym (Fus — Fui)? + reg(u, i)] )

item-specific latent feature vectors, respectively, ana;
andyu are the user bias, the item bias and the global average,
respectively.

For matrix factorization with oneclass preference con-
text, we can define the prediction rule of a rating as fol-
lows [3],

u=11=1

where y,; € {0,1} is an indicator variable denoting
whether (u,,7,;) is in the set of rating record®R,
Zeg(uai) = 31U + $NVi 1 + 2 11bull® + 30:ll* +
Fui = Un VT + U%VT 4 by + bs + 11, (5) 2 Yrem perr iy 1M |3 is the regularization term
i used to avoid overfitting, an® = {U,., Vi., by, b;, i1, M] },
whereU?2" is based on the corresponding oneclass prefer-u = 1,2...,n,i=1,2,...,m,r € M are model parame-

ence context,, \{i} [3], ters to be learned. Note that the form of the objective func-
tion in Eq.(9) is exactly the same with that of the basic ma-
Uore = Z (6) trix factorization [6], because our improvement is reflecte
VIZNGY \{2 TN in the prediction rule for.,;.



1: Initialize model parameter®
2. fort=1,...,Tdo
forto =1,...,|R| do
Randomly pick up a rating from®
Calculate the gradients via Eq.(10-15)
Update the parameters via Eq.(16)
end for
Decrease the learning rate«— ~ x 0.9
end for

3
4
5
6:
7
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Figure 2: The algorithm of MF-MPC.

2.4 Learning MF-MPC

For a tentative objective functior%(rui — Fui)? +
reg(u, i), we have the gradients of the model parameters,

VU =—eyiVi. + AU, (10)
VVii=—eui(Up. + U+ AV, (11)
Vby=—eui+ by (12)
Vbi=—eyi+\b; (13)

Vip=—ey; (14)

VM{},:L%+/\M{},,Z" e I'\{i},r € M (15)

IZi\{2}]

wheree,; = (r.; — i) is the difference between the true
rating and the predicted rating.

Finally, we have the update rules,
0=0-—~V0, (16)
wherey is the learning rate, artle © is a model parameter
to be learned.
We describe the algorithm in Figure 2. The algorithm
basically consists of the following steps. Firstly, it randy

samples a rating record from the training data. Secondly, it
calculates the gradients via Eq.(10-15). Thirdly, it uedat

each model parameter via Eq.(16). The stochastic gradient e

descent algorithm framework is similar to that of traditbn
matrix factorization, while the major difference is froneth
prediction rule as shown in Eq.(7) and the corresponding
gradients.

3 Experiments

In this section, we conduct empirical studies in order to
verify whether the multiclass preference context is hdlpfu
in modeling user feedback.

3.1 Data Sets and Evaluation Metrics

We use three commonly used public data sets from the
grouplens research l&bincluding MovieLens100K (i.e.,
ML100K), MovieLens1M (i.e., ML1M) and MovielLen-
s10M (i.e., ML10M), which contain 100000 ratings by
943 users and 1682 items, 1000209 ratings by 6040 users
and 3952 items, and 10000054 ratings by 71567 users and
10681 items, respectively. Note that the multiclass prefer
ence sets arbl = {1,2,3,4,5} for ML100OK and ML1M,
andM = {0.5,1,1.5,...,5} for ML10M. In the experi-
ments, we use five-fold cross validation. Specifically, for
each data set, we first divide it into five parts with equal
size. Then, we take one part as test data and the remaining
four parts as training data, which is repeated for five times
so that we have five copies of training data and test data for
each of the three data sets. The averaged rating prediction
performance on those five copies of test data will be report-
ed.

We adopt two commonly used evaluation metrics for col-
laborative recommendation tasks, including mean absolute
error (MAE) and root mean square error (RMSE).

3.2 Baselines and Parameter Settings

For empirical studies, we compare our MF-MPC with
the baselines from neighborhood-based approaches tb laten
factor methods,

e AF (average filling): we use the average rating of each
user as calculated from the training d&tato predict
each rating in the test data;

e CF (collaborative filtering): we implement a user-
oriented neighborhood-based collaborative filtering
method using PCC (Pearson correlation coefficien-

t) [7] as the similarity measurement;

e MF (matrix factorization): we use the basic latent fac-
tor model, i.e., matrix factorization without preference

context [6] as shown in Eq.(4), as a major baseline; and

MF-OPC (matrix factorization with oneclass pref-
erence context): for direct comparative studies be-
tween MPC and OPC, we also use MF-OPC as shown
in Eq.(5). Note that MF-OPC is the same with
SVD++ [3].

For the parameter settings of factorization-based meth-
ods, we follow [5]. Specifically, (i) we fix the learning rate
~ = 0.01, the number of latent dimensiors= 20, and the
iteration numbet” = 50; (ii) we search the best value of the
tradeoff parametek from {0.001, 0.01, 0.1} using the first

http://grouplens.org/datasets/movielens/



Table 2: Recommendation performance of AF, CF, MF, MF-OP@& MiF-MPC on MovieLens100K, MovieLens1M and
MovieLens10M. Note that MF-OPC is equivalent to SVD++ [3heTsignificantly best results are marked in bald<{0.01).

We also include the searched best value of the tradeoff meafor each method and data set for easy reproducibility of
the experimental results.

Data || Metric | AF | CF | MF | MF-OPC/SVD++] MF-MPC

MAE 0.8348t00025 | 0.7576t0.0028 | 0.7478k0.0032 0.7266%0.0032 0.7092t0.0032

ML100OK || RMSE | 1.041 00018 | 0.963H00039 | 0.9448t0.0030 0.9253t0.0032 0.909H-0.0026
(A =0.1) (A =0.001) | (\=0.001)

MAE 0.828%0,0020 0.756%0,0020 0.695@:0,0021 0.6655:0.0014 0.659&0.0017

ML1M RMSE | 1.0355k00024 | 0.953H-0.0024 | 0.8832+0.0023 0.851H-0.0017 0.8439t0.0018
(\=0.001) | (\=0.001) (\ = 0.01)

MAE 0.768&:0,0007 0.713&:0,0003 0.606&:0,0006 0.6028:‘:0.0003 0.594&0.0003

ML10M RMSE | 0.9784+0.000s | 0.9148t00005 | 0.791H-0.0008 0.787Q%0.0006 0.7783t0.0005
(\ = 0.01) (\ = 0.01) (A = 0.01)

RMSE
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Figure 3: Recommendation performance of MF, MF-OPC (i.€D&+ [3]) and MF-MPC on the first copy of MovieLen-
s100K, MovieLens1M and MovieLens10M with different itécat numbers.

copy of each data and the RMSE metric; (iii) we initialize

the user bia$,, the item bia®; and the global average

using the statistics of the training da&g (iv) we initialize

the value of each latent featutg,, Vir, and M, with a

small random value. For the number of neighborsin CF, we ®
set it to be the same with the valuedfi.e.,20. We also use
different dimensions for MF and MF-OPC in order to study

the effectiveness of our MF-MPC from the perspective of

the number of model parameters.

shows the usefulness of the exploited preference con-
text, and the complementarity of factorization-based
methods and neighborhood-based methods; and

factorization-based methods are better than the
neighborhood-based method and the basic average fill-
ing method, which is consistent with previous reported
results that latent factor models are usually very com-
petitive.

We also study the convergence property of each
factorization-based method, which is shown in Figure 3.
Note that the results on MAE is very similar and is not in-
%Iuded due to length limitation. From Figure 3, we can see:

3.3 Results

We report the rating prediction performance of our MF-
MPC and the compared baselines on those three data sets i

Table 2. We can have the following observations: e all three factorization-based methods converge s-

moothly before or aroundo iterations, which shows
that they can converge within in a reasonable number
of iterations; and

e MF-MPC performs significantly better than all base-
lines on all three data sets, which clearly shows the ef-
fectiveness of our proposed multiclass preference con-
text and the way we integrate it into the factorization

framework: e the overall performance ordering, i.e., MMF-

OPC<MF-MPC, is the same with that of Table 2,

e MF-OPC or SVD++ is much better than MF, which which again shows the helpfulness of exploiting the



Table 3: Recommendation performance on RMSE of M- Table 4: Summary of some related works.

Note that

F, MF-OPC (i.e., SVD++) and MF-MPC using comparable SVD++ [3] is equivalent to MF-OPC (matrix factorization

model size. with oneclass preference context).
Data H MF | MF-OPC | MF-MPC Recommendation task Onecl Preference C:\J/lntf.xtl
neclass ulticlass
MLlOOK 0.943%0,0036 0.920%0,0034 0.909&0,0026 ltem recommendation FISM [2]’ etc.
(A=0.001) | (A=0.001) | (A=0.001) Rating prediction SVD++ [3], etc. | MF-MPC (proposed)
MLlM 0.871%0,0023 0.847&0,0017 0.843%0,0018
(A= 0.001) | (A\=0.001) | (\A=0.01)
ML10M O./\?Eiz(%—t(;;oos O./\?Eilgtt(;;oos O./ZZSSﬂ:()o;oos
(A=001) | A=001) | (A=0.01) For explicit oneclass preference context, the most repre-

sentative work is probably FISM (factored item similarity
model) [2]. The prediction rule of FISM is as follows,

oneclass preference context and multiclass preference
context in MF-OPC and MF-MPC, respectively, and
multiclass preference context indeed contain more
fine-grained information.

"A’ui = USP%T + bu + bi7 (17)
which is very similar to the prediction rule of MP-OPC
We further study whether the improvement of our MF- as shown in Eq.(5), except the teris. V.7 and . With
MPC is from more model parameters. Specifically, we fix the prediction rule in Eq.(17), the model parameters can
d = 20 for MF-MPC, and setl = 120 for MF andd = 80 then be learned in a pointwise or pairwise way. For im-
for MF-OPC (i.e., SVD++), where MF-MPC does not have plicit oneclass preference context, the most famous work is
any advantage of using more model parameters for all threeSVD++ [3], where the main idea is to constrain two users
data sets. We report the performance on RMSE in Table 3with similar examination behaviors (e.qg., similar rateshit
(the results on MAE is similar), and find that MF-MPC is  sets) to have similar latent features. From the perspective
again significantly bettep(< 0.01) than MF and MF-OPC,  of recommendation tasks, FISM [2] is for item recommen-
which clearly shows the advantage of the proposed factor-dation while SVD++ [3] is for rating prediction. Hence,
ization model. SVD++ (i.e., MF-OPC) is more close to our MF-MPC.

4 Related Work
4.2 Multiclass Preference Context

Matrix factorization has been well recognized as an ef-
fective and efficient solution to various recommendation )
problems. However, most factorization-based methods fo- AS far as we know, there are no previous works that
cus on each observed explicit or implicit feedback and do exploit the multiclass preference context in a factorimati
not exploit the available preference context such as otherffamework as ours. Our MF-MPC s the first work that
examined or rated items of a target user. In this section, 9€neralizes the oneclass preference context by digebiing t
we discuss some closely related works that combine matrix"@ting behaviors or categorical feedback in a fine-grained
factorization and preference context. Specifically, we cat Manner. For a recommendation scenario with categorical
egorize the related works into two branches from the per- Préferences such as graded ratings or signed links [8], we
spective of preference context, including oneclass prefer €an always make use of the proposed multiclass preference

ence context and multiclass preference context. context via revising the prediction rule in a similar way to
that of Eq.(7). From the perspective of recommendation

task, our MF-MPC is for rating prediction. Note that our
multiclass preference context is not limited to missing val

There are different types of oneclass preferences such/€ Prediction, because the enhanced prediction rule can al-
as transactions and examinations, which are usually callecd© P& émbedded in a ranking-oriented loss function for item
explicit oneclass feedback and implicit oneclass feedback fécommendation.
respectively. Hence, for oneclass preference context, we We put our MF-MPC and the above discussed represen-
have two subtypes of preference context, including explic- tative works in Table 4, from which we can see that our MF-
it oneclass preference context and implicit oneclass prefe MPC is a novel solution for rating prediction via exploiting
ence context. multiclass preference context.

4.1 Oneclass Preference Context



5 Conclusions and Future Work

In this paper, we propose a novel factorization-based
method for rating prediction and matrix completion. Specif
ically, we integrate multiclass preference context (MRE) i
to the matrix factorization framework and achieve signifi-
cantly better recommendation performance than the state-
of-the-art methods.

For future works, we are interested in generalizing the
idea of multiclass preference context to recommendation
with categorical preference information in cross-domain s
cenarios [4, 9]. We are also interested in designing some
advanced sampling strategy instead of the random sampling
approach in the learning algorithm.
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