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Abstract—This paper presents a fast Tensor Factorization (TF) algorithm for
context-aware recommendation from implicit feedback. For such a
recommendation problem, the observed data indicate the (positive) association
between users and items in some given contexts. For better accuracy, it has been
shown essential to include unobserved data that indicate the negative
user-item-context associations. As such unobserved data greatly outnumber the
observed ones, for efficiency existing algorithms usually use only a small part of
the unobserved data for model training. We show in this paper that it is possible,
and beneficial, to use all the unobserved data in training a TF based context-aware
recommender system. This is achieved by two technical innovations. First, we
scrutinize the matrix computation of the closed-form solution and accelerate the
computation by memorizing the repetitive computation. Second, we further boost
the generalization and scalability by dropping out some pairwise interactions when
updating user, item or context factors to prevent overfitting and to reduce the
training time. The resulting whole-data based learning algorithm, referred to as
DropTF in the paper, is efficient and scale well. Our evaluation on two small
benchmark datasets and a million-scale large dataset demonstrates improved
accuracy over some existing algorithms for context-aware recommendation.
Index Terms—Recommender system, collaborative filtering, context-aware
recommendation, tensor factorization, implicit feedback
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1

INTRODUCTION

RECOMMENDATION has many applications in real-world problems
[1], [2], [3]. Depending on the data available, a collaborative filtering (CF) based recommender system can be learned from either
users’ explicit feedback or implicit feedback [4], [5], [6]. Explicit
feedback, such as user ratings and thumbs up/down, provides
direct indication of a user’s preference for an item [7]. If an item is
rated low, we assume that the user has less interest in that item. In
contrast, implicit feedback comprises of traces of user behavior
logged by an online system, such as item clicks, play counts, and
dwell time [5], [8], [9], [10]. We can assume that a user likes an item
more if the user visits (or interacts with) the item more often, but
we do not know whether the user dislikes an item or not even if
the user visits the item only once. Sometimes, all the observed
user-item associations in an implicit feedback dataset are considered as positive data, leaving no negative data at all. This has been
referred to as the one-class problem [11].
In practice, for learning a recommender system from implicit
feedback, it has been shown beneficial to view the unobserved
user-item pairs as negative data and add them to the training set.
This avoids the one-class problem and makes better use of the vast
amount of unobserved data. There are mainly two approaches: the
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whole-data based approach uses all the unobserved data as negative
data [5], [12], [13], [14], [15], whereas the negative sampling
approach employs only a subset of unobserved data [16], [17], [18].
The former approach uses more data for learning and therefore
usually performs better [12], [13] in metrics such as mean average
precision (MAP) [5], but it is also slower for the unobserved data
usually outnumber the observed data greatly. It gets even worse
when we want to take into account the contextual information of the
user-item association, such as location, time, user mood, and user
activity [19], [20]. For such a context-aware recommendation problem, typically only a very small portion of the possible user-itemcontext tuples is observed, prohibiting the use of the whole-data
based approach when the number of users, items and contexts is
large. Accordingly, well-known algorithms for context-aware recommendation from implicit feedback are mostly based on negative
sampling [18], [21], [22].
In light of the above observations, the goal of this paper is to
develop an efficient whole-data based learning algorithm for
context-aware recommendation from implicit feedback. In addition
to efficiency improvement, we also desire the new algorithm to be
better than existing negative sampling based algorithms in performance metrics such as MAP. Therefore, we choose to develop the
new algorithm based on Tensor Factorization (TF) with pairwise
interaction [23]. Given an implicit feedback dataset, it is easy to use
both observed and unobserved data in TF. However, to the best of
our knowledge, few attempts, if any, have been made to develop a
TF-based algorithm that can efficiently learn from all the unobserved data. We believe such an extension is important for two reasons. First, it opens new doors to capitalize unobserved data by
means of variants of a well-known method (i.e., TF). Second, in
many real-world recommendation problems, it is easier to amass
implicit feedback rather than explicit feedback [13], [24]. Therefore,
it is desirable to have a TF-based algorithm that is specifically
designed for implicit feedback data.
Specifically, the new algorithm we propose is a generalization
of the weighted regularized matrix factorization (WRMF) algorithm proposed by Hu et al. [5]. WRMF is a whole-data based
learning algorithm to learn from implicit feedback for CF. It represents user-item associations as a matrix and uses a few techniques
to speed up learning from the whole matrix. For context-aware
recommendation, the user-item-context associations have to be
represented as a high-order tensor [23], [25], [26]. For example, we
need a fourth-order tensor (i.e., a four-dimensional, or four-way
array) to describe the associations between users, items, location
and time. We generalize WRMF from the two-dimensional useritem case to multiple dimensions, making it amenable to the formulation of TF. In addition, we propose a method based on the
binomial theorem to avoid massive repeated computation in the
model training process. The resulting algorithm can efficiently
learn from the whole tensor, exploiting both observed and unobserved data. We call this algorithm the faster Tensor factorization
(FTFþþ ).
Furthermore, we find the learning process can be further
sped up by dropping out some second-order interaction in the
training process. In addition to being faster, this technique
reduces the chance of overfitting and further improves the accuracy of the recommender system. We call the new algorithm
DropTF.
We evaluate the efficiency and effectiveness of the proposed
algorithms on three implicit feedback datasets for context-aware
recommendation—the two benchmark datasets CoMoDa [27] and
Frappe [28], and a larger, million-scale dataset obtained from a
music streaming company. For baseline methods, we consider a
few well-known factorization-based and learning-to-rank based

2332-7790 ß 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See ht_tps://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: National Taiwan University. Downloaded on March 01,2020 at 15:33:04 UTC from IEEE Xplore. Restrictions apply.

202

IEEE TRANSACTIONS ON BIG DATA, VOL. 6, NO. 1, JANUARY-MARCH 2020

TABLE 1
Main Notations Used in the Paper
Notation
N
Nþ
M
G
K
jUj
jIj
xn 2 f0; 1gM
vðmÞ 2 RK
yn
pn
wn

Description
Number of possible user-item-context tuples
Number of observed tuples (Nþ  N)
Number of objects (users, items, contexts)
Number of context types (G  M)
Length of the latent representations
Number of users
Number of items
An instance of input in TF
Latent representation for the mth object
Target output in TF
Target output in weighted TF
Weight on the nth target output

algorithms [7], [16], [18], [21], [22], all of which use negative sampling. We also consider a whole-data based method we developed
recently in a previous work [15]. Our experiments show that
DropTF performs better in MAP and other precision-related metrics than these prior arts in top-N recommendation [29] for the
three datasets. Moreover, while many of these prior arts are computationally too expensive to be applied to the music dataset, we
show that DropTF (which uses all the unobserved data) runs fairly
fast and is even one to two folds faster than the fastest competing
method (which uses only a handful of unobserved data). We also
note that the learning of DropTF is based on alternating least
squares (ALS) [7] and is therefore easily parallelizable [30], which
is good for industrial applications.

2

RELATED WORK

Our survey focuses on algorithms for recommendation from implicit
feedback data, and specifically on context-aware recommendation
algorithms that learn from user-item-context associations.

2.1

Learning from Implicit Feedback

Factor models that learn latent representations of users and items
have been used widely in building recommender systems [5], [6],
[12], [13], [14], [31]. For recommendation from implicit feedback, a
common approach is to use all the observed data as positive examples, and treat the unobserved data as negative examples. A learning method is then used to learn user preference by discriminating
positive items from negative items.
As stated in Section 1, there are mainly two approaches for recommendation from implicit feedback. The negative sampling
approach uses a subset of unobserved data as the negative data.
This can be done by either a uniform sampling strategy (e.g., [16])
that randomly draws a subset of unobserved data and then uses
the same set throughout the learning process, or an adaptive sampling strategy (e.g., [24]) that draws different subsets in different
learning iterations. The latter strategy has been claimed to have
better convergence rate [24]. Most learning-to-rank based methods
for recommendation from implicit feedback take the negative sampling approach [16], [18], [22].
The whole-data based approach, on the other hand, treats all
the unobserved data as negative data in learning user preference. A number of methods have been proposed for improving
the efficiency of whole-data based matrix factorization (MF).
The most notable example is the WRMF method presented by
Hu et al. [5], which finds a way to separate the computation
related to observed and unobserved data and thereby identify
repetitive computations that can be easily avoided. A few
methods have been proposed to further improve the efficiency
of WRMF [12], [13], [14]. However, these methods are still

designed for MF and are therefore not applicable to contextaware recommendation.

2.2

Context-Aware Recommender System

A context-aware recommender system exploits contextual information to better model the preference of a user [19]. Early work utilized contextual information based on pre-filtering to construct the
data with specific context or post-filtering by adapting the contextual information from recommendation result [32]. Recent advances in context-aware recommendation focused on modeling useritem-context associations directly to predict the user preference
under a specific context. A popular approach is to model the user
behavior data as a tensor and apply TF to extend the factor model
from second orders to higher orders. Factorization machine (FM)
[7] is possibly the most successful factorization-based method for
explicit feedback data. To deal with implicit feedback in contextaware recommendation, several learning-to-rank based methods
have been proposed. We consider four such methods [16], [18],
[21], [22] as baseline methods in our experiment and provide a
brief description of them in Section 5.3.
Another notable related work is the one presented by Hidasi
and Tikk [25], which improves the efficiency for learning from all
the unobserved data for a factorization-based method called
Tucker Decomposition (TD). Although it is an interesting method,
it has been known that FM usually performs better than TD for
context-aware recommendation [23] and, possibly because of that,
our literature survey shows that this TD-based method is rarely
used as a baseline in recent work [12], [13], [18], [21], [22], [24], [31].
We therefore decided to develop a new whole-data based method
based on TF (with pairwise interaction) instead of TD.

3
3.1

PRELIMINARIES
Formalization

We begin with a formalization of context-aware recommendation.
Table 1 lists the main notations used in this paper.
User behavior data for context-aware recommendation can be
represented as a tensor, X 2 RjUjjIjjC1 jjC2 jjCG j , where U represents the set of users, I the set of items, and Cg the set of possible
values for the gth type of context, and G the number of context
types. The symbol j  j denotes the cardinality of a set. X is a
ðG þ 2Þ-dimensional tensor, with typically only a few number of
entries observed. We denote the total number of possible entries in
the tensor as N ¼ jUj  jIj  jC1 j     jCG j, the number of observed
entries as Nþ , and typically Nþ  N. The goal of context-aware
recommendation is to recommend items to a specific user, given
knowledge of the context of the user.
Another way to represent the data for context-aware recommendation, as adopted by FM [7], flattens the tensor into a binary
matrix X 2 f0; 1gNM and a vector y 2 RN , where M ¼ jUj þ jIj þ
jC1 j þ    þ jCG j denotes the total number of objects (i.e., users,
items or contexts). Each row of the matrix, Xn;: , xn , points to an
entry in the tensor, as exemplified below:
jUj

jIj

jC1 j



jCG j

zﬄﬄﬄﬄﬄﬄ}|ﬄﬄﬄﬄﬄﬄ{ zﬄﬄﬄﬄﬄﬄ}|ﬄﬄﬄﬄﬄﬄ{ zﬄﬄﬄﬄ}|ﬄﬄﬄﬄ{ zﬄﬄﬄﬄ}|ﬄﬄﬄﬄ{ zﬄﬄﬄﬄ}|ﬄﬄﬄﬄ{
xn ¼ ð1; 0; . . . ; 0; 0; 1; . . . ; 0; 1; . . . ; 0; 1; . . . ; 0 ; 0; . . . ; 1 Þ :

(1)

In other words, the values in xn can be divided into G þ 2 groups,
and only an entry in each group is non-zero (i.e., it is a one-hot
representation each group). The total number of nonzero entries in
xn is equal to G þ 2. On the other hand, yn denotes the value corresponding to the entry pointed by xn . It can be either explicit or
implicit feedback. We further use X:;m , xðmÞ to denote a column in
X, indicating which data instances are related to the mth object.
Moreover, we use Xþ 2 f0; 1gNþ M and yþ 2 RNþ to denote the collection of observed data. We use N and N þ to denote the set of all
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the entries and the set of observed entries, respectively. That is, we
know xn represents a row in Xþ, if n 2 N þ .
For explicit feedback data, it is good enough to use Xþ and yþ to
train the recommender system. However, for implicit feedback
data, oftentimes we need to draw negative data X 2 f0; 1gN M
and y 2 RN from the unobserved data, and add these negative
data to the training set. N denotes the number of unobserved data
we use. For the whole-data based approach, N ¼ N  Nþ . As typically yn > 0 for the observed data in an implicit feedback dataset,
we set yn ¼ 0 for the unobserved data.

3.2

Tensor Factorization with Pairwise Interaction

The core idea of TF with pairwise interaction is to learn a latent
representation vðmÞ 2 RK for each of the M objects, and use the
inner product between the latent representations (a.k.a. secondorder or pairwise interactions) to predict the association between
users, items and contexts [23].The prediction function of TF with
pairwise interaction can be defined as
y^n ¼ fðxn Þ ¼

M X
M
X

0

xn;m xn;m0 hvðmÞ ; vðm Þ i ;

(2)

m¼1 m0 > m

X 

M
2 X
ðmÞ ðkvðmÞ k2 Þ ;
yn  fðxn Þ þ

n2N þ

m¼1

M
X
X
2
ðkvðmÞ k2 Þ :
yn  fðxn Þ þ 
n2N

(4)

m¼1

Yet, as N  Nþ , efficient ways to update the latent representations
are needed. This is the subject of the next section.

4

PROPOSED METHODS

We propose three methods to accelerate the learning of latent representations in TF for using all the unobserved data from implicit
feedback, i.e., by reducing the computational cost associated with
Eq. (4). These methods are extended from WRMF [5], with special
designs to speed up learning from multi-dimensional user-itemcontext associations. As WRMF uses an ALS based solver, our
methods also use ALS as the optimization method.

4.1

LFTF ¼

X

M
X
2

wn pn  fðxn Þ þ 
ðkvðmÞ k2 Þ ;

(5)

m¼1
value, pn

n2N

where pn 2 f0; 1g is the preference
¼ 1 if yn > 0 (i.e.,
observed) and pn ¼ 0 otherwise (i.e., unobserved); wn  1 is a
weighting on (or the confidence value associated with) the nth data
instance, computed by
wn ¼ 1 þ g log ð1 þ yn Þ ;

(6)

where g > 0 scales the influence of observed data. Clearly, wn ¼ 1
for all the unobserved data. This is a key observation we will make
use of later on.
Taking the partial derivative of LFTF with respect to vðmÞ yields


X
@LFTF
T
ðmÞ =m
ðmÞ
¼
ðz=m
ðzn Þ  fðx=m
n Þ wn pn  v
n Þ þ v
@vðmÞ
ðmÞ
n2N

 X
X
T =m
ðmÞ
=m
¼
wn ðz=m

e=m
n Þ ðzn Þ þ IK v
n zn ;
n2N ðmÞ

n2N ðmÞ

where we have used the following shorthands for brevity:
ðmÞ

2 N denotes the set of entries in the tensor that is
N
related to the mth object, including observed and unobserved data. For example, if the mth object corresponds to
a user, jN ðmÞ j ¼ jIj  jC1 j     jCG j. If it corresponds to an
ðmÞ





item, jN j ¼ jUj  jC1 j     jCG j.
M
x=m
n 2 f0; 1g is a binary vector which is almost the same as
xn , except that the mth element in x=m
n is set to zero (in contrast, the mth element in xn [i.e., xn;m ] must be equal to 1,
ðmÞ
because n 2 N ).
P
=m ðjÞ
K
=m
zn 2 R is a shorthand for M
j¼1 xn;j v .

=m
e=m
n is a shorthand for wn ðpn  fðxn ÞÞ, the weighted error
when we use x=m
to
estimate
p
.
n
n
Setting the above equation to zero and re-arranging the terms
ðmÞ
for v leads to the following update rule for learning vðmÞ



(3)

where the second term is a regularization term used to prevent
overfitting, and ðmÞ > 0 is a regularization coefficient. Without
loss of generalizability, we set ðmÞ ¼ , 8m. The computational
complexity in computing Eq. (3) is OðG2 KNþ þ MK 2 Þ.
For implicit feedback dataset, it is easy to extend Eq. (3) to
include all the unobserved data, by using
LimplicitTF ¼

implicit feedback



where y^n is the prediction of the input xn , xn;m 2 f0; 1g denotes the
mth element in xn , and ha; bi , aT b is the inner product between
the two vectors a and b. As xn can be viewed as a concatenation of
G þ 2 one-hot vectors, there are only ðG þ 2ÞðG þ 1Þ=2  M 2 such
pairwise interactions. Therefore, the complexity of computing
Eq. (2) is OðG2 KÞ.
For explicit feedback dataset, we only need to consider the
observed entries N þ . To learn the latent representations, Rendle
[7] proposed to use the following objective function:
LexplicitTF ¼

203

Fast TF (FTF)

WRMF speeds up MF by two core ideas: 1) applying a logarithmic
scale to weigh both observed and unobserved data, and 2) avoiding repetitive computations by means of memorization [5].
FTF is a generalization of WRMF from the two-dimensional
case (only users and items) to the multi-dimensional case (adding
contexts). Following WRMF [5], we replace Eq. (4) with the following objective function to reduce the outliers and noises from

vðmÞ ¼

 X

=m
wn hz=m
n ; zn i þIK

1  X

n2N ðmÞ


=m
e=m
;
n zn

(7)

n2N ðmÞ

|ﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ}

|ﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ}

FðmÞ

CðmÞ

where IK is a K-by-K identify matrix, FðmÞ 2 RKK and CðmÞ 2 RK
are another two shorthands. The complexity of computing FðmÞ
and CðmÞ is OðGK 2 jN ðmÞ jÞ and OðG2 KjN ðmÞ jÞ, respectively. Taking
into account the complexity in computing matrix inverse, the complexity of updating all the M latent representations (via Eq. (7)) is
OðMK 3 þ MGK 2 N þ MG2 KNÞ, which increase linearly with MN.
Footnote 1 gives an example of the time complexity for this for an
artificial dataset.1
For efficiency, we follow the second core idea of WRMF and
~ n ¼ wn  1 to identify repeated
introduce an auxiliary variable w
computations. In this way, we have
FðmÞ ¼

X
n2N

=m
~ n hz=m
w
n ; zn i þ

ðmÞ

|ﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ}
€ ðmÞ
f

X
n2N

=m
1hz=m
n ; zn i :

(8)

ðmÞ

|ﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ}
f_ ðmÞ

~ n ¼ 0 for the unobThis auxiliary variable is helpful because w
served variables. As can been seen, the computation of FðmÞ is
€ ðmÞ concerns only the
divided into two terms. The first term f
1. For a dataset that concerns the preference of 104 users for 104 items in 102
different locations, we have N ¼ 1010 , M ’ 104 , and G ¼ 1. Assuming 99.999 percent sparsity, we have Nþ ¼ 105 . For K ¼ 10, the complexity of updating all the
latent representations via Eq. (7) is in the order of 1016 (dominated by the term
MGK 2 N). With the two tricks in Eqs. (8) and (9), this is greatly reduced to 1012
(dominated by the term G2 K 2 N). For DropTF, this is further reduced to 1011
(dominated by the term MG2 K 2 Nþ ).
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TABLE 2
Computational Complexity (of One Learning Iteration)
of Different Methods for Context-Aware Recommendation
Method

0

ðV ðgÞ ÞT Hðg;g Þ ðV ðgÞ Þ ¼ aðV ðgÞ ÞT ðV ðgÞ Þ :

Time complexity
3

2

2

FM (ALS) [7]
GPPW [18]

OðMK þ 2MG K ðNþ þ N ÞÞ
OðGKðNþ þ N Þ3 =jUj2 Þ

TF
FTF
FTFþþ
DropTF

OðMK 3 þ MGK 2 N þ MG2 KNÞ
OðMK 3 þ MG2 K 2 Nþ þ G2 K 2 N þ G3 KNÞ
OðMK 3 þ MG2 K 2 Nþ þ G2 K 2 M þ G3 KNÞ
OðMK 3 þ MG2 K 2 Nþ þ G2 K 2 MÞ

observed data, so the complexity is OðMGK 2 Nþ Þ. The second term
f_ ðmÞ concerns all the data, but we note that f_ ðmÞ is the same for all
=m0
the objects belonging to the same group, because x=m
(and
n ¼ xn
=m
=m0
0
therefore zn ¼ zn ) if the mth and m th objects are within the
same group. We only need to compute f_ ðmÞ once (and then have it
“memorized”) for each of the G groups, so the complexity becomes
OðG2 K 2 NÞ. Overall, the complexity is reduced from OðMGK 2 NÞ
to OðMGK 2 Nþ þ G2 K 2 NÞ, avoiding the dominant MN term.
Similarly, the computation of CðmÞ can be rewritten as
X

CðmÞ ¼

X

=m
wn hz=m
n ; zn ipn 

n2N ðmÞ

|ﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ}
€ ðmÞ
c

=m
=m
wn hz=m
n ; zn ifðxn Þ :

(9)

n2N ðmÞ

c_ ðmÞ

The main idea of this new method is to use the binomial theorem to
speed up the computation of f_ ðmÞ in Eq. (8)
X

=m
hz=m
n ; zn i

n2N ðmÞ

¼

X

0
@

M X
M
X

n2N ðmÞ

XX
0
0
¼
ðV ðgÞ ÞT Hðg;g Þ ðV ðg Þ Þ ;
g

j¼1 j0 ¼1

1
0
=m =m
xn;j xn;j0 hvðjÞ ; vðj Þ iA

(10)

g0

where both g and g0 run through all the G þ 2 groups, excluding the
group that the mth object belongs to. We note that Eq. (10) contains
the following new variables:


GðgÞ 2 ½1; M denotes the set of objects that belong to the gth
group. For example, Gð1Þ ¼ ½1; jUj , Gð2Þ ¼ ½jUj þ 1; jUj þ jIj ,
G





ðGþ2Þ
ðgÞ

h¼1

h¼1

ðgÞ

ðgÞ

where V h 2 RK is the hth column of the matrix V h . We need
to compute Eq. (11) G þ 1 times, with total complexity
P
ðgÞ
2
OðK 2 Gþ2
g¼1 jG jÞ ¼ OðK MÞ. And, we need to compute Eq. (12)
P P
2
approximately G times, with total complexity Oð g g6¼g0 ðK 2 þ
0
jGðgÞ j þ jGðgÞ jÞ ¼ OðG2 K 2 MÞ. Accordingly, the complexity of computing f_ ðmÞ can be greatly reduced from OðG2 K 2 NÞ to OðK 2 Mþ
G2 K 2 MÞ ¼ OðG2 K 2 MÞ.
Table 2 summarizes the computational complexity (of one
learning iteration) of different methods.

Algorithm 1. DropTF

Faster FTF (FTFþþ )

f_ ðmÞ ¼

For g 6¼ g0 , H
will be a matrix where every element is equal to
0
ðmÞ
b ¼ jN j=ðjGðgÞ j  jGðg Þ jÞ, leading to
0
2 31
b
B
6 7C
0
ðgÞ T ðg;g0 Þ
ðg0 Þ
ðgÞ 6 .. 7C
B
ðV Þ H
ðV Þ ¼ @V 4 . 5Að½ 1    1 V ðg Þ Þ
b
(12)
0
1T 0 0
1
ðgÞ j
ðg Þ j
jG
jG
X ðgÞ
X ðg0 Þ
¼ b@
Vh A @
Vh A ;

|ﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ}

€ ðmÞ concerns only observed
By definition of pn , the computation of c
_
data. Moreover, the computation of cðmÞ can be memorized and
computed only once per group. Overall, the complexity is reduced
from OðMG2 KNÞ to OðMG2 KNþ þ G3 KNÞ. See Footnote 1 for an
example of the effect of avoiding the MN term by Eqs. (8) and (9).
Although the term f_ ðmÞ and c_ ðmÞ can be memorized, the complexity still depends linearly on N, which can be extremely large
for context-aware recommendation. We describe a faster FTF
method below to tackle this bottleneck.

4.2

(11)

ðg;g0 Þ

¼ ½M  jCG j þ 1; M .
ðgÞ

V 2 RjG jK is a matrix that contains all the latent representations of the objects in GðgÞ . For example, V ð1Þ ¼ ½vð1Þ ;
. . . ; vðjUjÞ
0
ðgÞ
ðg0 Þ
Hðg;g Þ 2 RjG jjG j is a matrix that memorizes the
number of repeated computations in computing f_ ðmÞ by
P =m =m
ð1;2Þ
the original equation
n hzn ; zn i. For example, Hi;j
denotes how many times we need to (repetitively) compute
=m =m
xn;i xn;jþjUj hvðiÞ ; vðjþjUjÞ i.

These repetitive matrix-vector computations can be avoided.
0
For g ¼ g0 , Hðg;g Þ will be a scalar matrix aIjGðgÞ j , where a ¼
ðmÞ
jN j=jGðgÞ j. Accordingly, we have

Require: N þ , X and 
1: Randomly initialize vð1Þ ; vð2Þ ; . . . ; vðMÞ and k ¼ 0
2: repeat
3:
for m ¼ 1; . . . ; M do
P
4:
if m > kj¼0 jGðjÞ j then
f_ ðmÞ
5:
K  K zero matrix
6:
for g 2 f1; . . . ; G þ 2g ^ g 6¼ k þ 1 do
7:
for g0 2 f1; . . . ; G þ 2g ^ g0 6¼ k þ 1 do
8:
if g ¼ g0 then
9:
a
a  ðjN ðmÞ j=jGðgÞ jÞ
ðmÞ
f_
10:
f_ ðmÞ þ Eq. (11)
11:
else
0
12:
b
b  ðjN ðmÞ j=ðjGðgÞ j  jGðg Þ jÞÞ
ðmÞ
ðmÞ
f_
13:
f_ þ Eq. (12)
14:
end if
15:
end for
16:
end for
17:
k
kþ1
18:
end if
€ ðmÞ
€ ðmÞ þ f_ ðmÞ þ IK Þ1 c
19:
vðmÞ
ðf
20:
end for
21: until stopping criterion is met
22: return vð1Þ ; vð2Þ ; . . . ; vðMÞ

4.3

"

jGð0Þ j ¼ 1

DropTF

We can further reduce the cost of computing c_ ðmÞ in Eq. (9) by dropping out some pairwise interactions between users, items and contexts in learning the latent representation vðmÞ . Specifically, instead
of considering all the pairwise interactions in predicting pn , as in
the case of the TF (cf. Eq. (2)), we use only the pairwise interactions
that involve a target object (i.e., users, items or contexts), whose latent
representation is to be updated. That is, to update vðmÞ , we use the following prediction function:
f ðmÞ ðxn Þ ¼

M
X
j¼1

=m

xn;m xn;j hvðmÞ ; vðjÞ i :

(13)

Accordingly, the loss function has a formulation that depends on m
and looks like
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TABLE 3
Statistics of the Datasets Used in Our Experiment
Dataset

jUj

jIj

G

CoMoDa [27]
Frappe [28]
KKBOX

111
953
37 k

894
4,073
743 k

3
1
1

ðmÞ
LDropTF

¼

X



wn pn  f

n2N

ðmÞ

PG

g¼1

jCg j

17
42
70 k

M
X
2
ðxn Þ þ 
ðkvðmÞ k2 Þ :

Nþ
1,492
95,888
82 M

(14)

In this way, the prediction becomes “thinner”. Moreover, we are
now using in total M such thinner sub-models now, one for the
update of each vðmÞ . Although they are updated separately, the M
sub-models share the same latent representations for all objects
fvðmÞ gM
m¼1 throughout the training process. This way, we may
avoid co-adapting the variables too much during training, akin to
the case of using the so-called dropout mechanism for training deep
neural networks [33], [34]. But, while the dropout mechanism randomly drops units out from a neural network, in our DropTF algorithm the selection of pairwise interactions to be excluded is
deterministic and depends on the target object.
ðmÞ
Taking the partial derivative of LDropTF with respect to vðmÞ
leads to the following update rule:
(15)

Comparing to Eq. (7), everything remains the same, except that the
term c_ ðmÞ in Eq. (9) is gone. This is because this particular term is
from the computation of pairwise interactions that are not related
to the target object.
Following the idea of dropout [34], in the testing step we can
also aggregate the prediction of the ensemble of all these M subPM
1
ðmÞ
models by Gþ2
ðxn Þ, which is actually equivalent to
m¼1 f
1
fðx
Þ.
Therefore,
the
cost
for
testing is the same as FTFþþ .
n
2
We show in Algorithm 1 the pseudo code of DropTF. We will
open source our implementation of DropTF upon acceptance.

5
5.1

with an international music streaming company called KKBOX
(https://www.kkbox.com/). The resulting dataset contains the
playcounts for 653 k songs by 37 k users from Taiwan during eight
consecutive months, totaling 57 M observed data entries. For this
dataset, we used the artist ID of the most recently played song as
the contextual information. The ratio of training, validation and
test sets is the same as that of CoMoDa.

5.2

m¼1

€ ðmÞ :
vðmÞ ¼ ðFðmÞ þ IK Þ1 c
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EXPERIMENTAL SETUP
Dataset

Our experiments were conducted using three datasets. Key statistics of the datasets are listed in Table 3.
CoMoDa [27] is an explicit dataset and it contains the user ratings (from 1 to 5) for 1,232 movies by 121 users, totaling 2,296 ratings. In addition to the ratings, the users also provided contextual
information of 12 different types, from which we considered only
the following three for simplicity: ending and dominant emotions
of the users, and mood factors of the movies. Following the setting
used by Nguyen et al. [18], we converted this dataset into an
implicit feedback one by treating ratings larger than 3 as positive
data and all the others as negative data. Moreover, we randomly
split the data into three subsets: 70 percent for training, 10 percent
for validation, and 20 percent for testing. The validation set was
used to determine hyper-parameters, e.g., we empirically set
 ¼ 100 and g ¼ 100 throughout the experiment.
Frappe [28] is an implicit feedback dataset that records whether
a user has used an App in a specific context. There are 953 users,
4,073 Android apps, and 42 different contexts, which are related to
time-of-the-day, day-of-the-week, location (unknown, home, workplace), and weather. There are in total 61,465 observed data instances. For Frappe, we followed the settings suggested by Shi et al.
[22] to split the data into training, validation, and test sets.
Finally, as existing public domain datasets are mostly not big,
we obtained an implicit feedback dataset through a collaboration

Performance Metric

A common approach to evaluate the accuracy (or relevance) of a
recommender system that uses implicit feedback is through the socalled top-N recommendation task [29]. From a candidate set that
includes both the positive and negative items for a specific user in
the test set, the task is to compute a ranking list of the items in
descending order of estimated user preference, with the positive
data at the top of the list. For Frappe, we followed the settings used
by Shi et al. [22] and randomly selected 1,000 negative items to add
to the candidate set for user under each context, during both the
validation and testing period. We did the same for the KKBOX
dataset. For the smallest CoMoDa dataset, we used only 10 negative items per user per context, again following the setting used by
Nguyen et al. [18].

5.3

Baseline Methods

We compared the performance of DropTF against a few baselines.


POP: A simple method that generates the recommended
list by sorting the items according to item popularity,
which is measured by counting the number of observed
user-item pairs for each item.
 FM [7]: A state-of-the-art method for context-aware recommendation from explicit feedback. We took the negative
sampling approach and used Eq. (4) as the cost function.
 Bayesian personalized ranking (BPR) [16]: A widely-used
learning-to-rank based method for general, context-agnostic
recommendation from implicit feedback. In other words,
the contextual information is not considered at all. We note
that POP is also context-agnostic.
 Tensor factorization for MAP (TFMAP) [21]. This method is
designed for context-aware recommendation from implicit
feedback, using a smoothed version of MAP to learn latent
representations via tensor factorization. For efficiency, it
exploits several intrinsic properties of average precision
(AP) to design a fast learning algorithm.
 CARS2 [22]. This method builds on two layers of latent factors to learn context-aware user/item representations.
They first layer models the factors of user-item association,
whereas the second layer learns two parameters to predict
the user-item association under a specific context. This
method uses either a pairwise or a listwise ranking loss
functions for learning. We refer to the resulting models as
CARS2 P and CARS2 L, respectively.
 Gaussian process pairwise preference model (GPPW) [18].
A pairwise learning model that uses Gaussian process
(which allows the use of flexible covariance functions) to
model complex, non-linear user-item-context interactions.
Scalability issues are addressed by using a stochastic gradient descent (SGD) based learner.
 Low-rank matrix completion problem over finite Abelian
group algebras (MC-AGA) [15]. The method uses matrices
over finite Abelian group algebra (AGA) to model contextaware interactions between users and items. It considers
all the unobserved data as negative in the learning process.
We used the performance reported by the respective authors in
their papers if the evaluation setting is the same. Otherwise, we
implemented these methods based on the source codes shared by
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TABLE 5
Experimental Result on the CoMoDa Dataset
Method

MAP

P@5

P@10

R@5

POP
BPR [16]

40.7%
41.6%

13.5%
15.0%

8.2%
10.2%

52.8%
59.3%

65.0%
80.5%

FM [7]
GPPW [18]
DropTF

42.5%
46.2%
50.2%

15.8%
16.3%
17.1%

10.9%
12.2%
11.0%

64.4%
63.2%
71.5%

86.2%
90.9%
87.2%

Fig. 1. Performance of MAP on either the (a) training or (b) test set of Frappe [28],
as a function of learning iterations.

TABLE 4
Experimental Result on the Frappe Dataset

TABLE 6
Experimental Result on the KKBOX Dataset
Method

MAP

P@5

P@10

R@5

11.1%
11.2%

7.1%
7.4%

6.4%
6.3%

22.6%
23.6%

38.0%
37.7%

18.1%
22.3%

10.3%
11.8%

7.7%
8.1%

30.3%
33.1%

43.8%
44.2%

Method

MAP

P@5

P@10

R@5

R@10

POP
BPR [16]

POP
BPR [16]

7.6%
12.1%

4.3%
6.1%

2.8%
3.7%

12.1%
16.0%

15.3%
18.4%

FM [7]
DropTF

TFMAP [21]
CARS2 P [22]
CARS2 L [22]
FM [7]
GPPW [18]
MC-AGA [15]
DropTF

12.7%
14.0%
12.9%
13.9%
14.7%
15.5%
16.3%

6.1%
6.8%
6.2%
5.8%
8.1%
8.9%
8.4%

3.9%
4.4%
4.0%
3.8%
5.2%
5.7%
5.8%

15.9%
18.3%
16.5%
20.7%
26.3%
19.9%
26.6%

19.5%
22.6%
20.2%
26.5%
30.8%
24.1%
33.6%

the authors and tuned the hyper-parameters using the validation
set. Unless otherwise specified, we fixed K ¼ 10, as this is the value
widely used in these prior arts. Moreover, for all the latter five
learning-based methods, we randomly drew 10 unobserved useritem-context tuples for each user as the negative data.

6

EXPERIMENTAL RESULT

We addressed the following questions in this evaluation:



Does DropTF indeed learn better than FTFþþ ?
How does DropTF perform in effectiveness and efficiency
as compared with the baseline methods?

6.1 Evaluation on Effectiveness
6.1.1 DropTF versus FTFþþ
Fig. 1 compares the MAP obtained by DropTF, FTFþþ , and CARS2 P
as a function of learning iterations, for the training and test sets of
Frappe.2 For this comparison, we set K ¼ 30 as these methods run
fast enough to use a larger K. As Fig. 1 shows, the learning curves
follow a similar trend—the MAP improves rapidly in the first few
iterations and then reaches a plateau. We saw that DropTF and
FTFþþ achieve higher MAP than CARS2 P in both the training and
test sets. More interestingly, we saw that FTFþþ outperforms
DropTF in later iterations for the training set, but the situation
reverses for the test set. This result provides an evidence of the
effectiveness of the proposed “dropping out” technique in preventing overfitting. We also compared DropTF with FTFþþ on a subset
of KKBOX and found similar result (not reported here).

6.1.2

DropTF versus Baseline Methods

Tables 4, 5, and 6 compare the accuracy of DropTF against that of
different baseline methods on the three datasets, respectively. We
evaluate the accuracy (in %) in terms of MAP, recall (R@) and precision (P@) at a particular rank. For the Frappe dataset, Table 4 shows
2. We did not consider FTF in this evaluation for it is just a slower version of
FTFþþ with presumably no difference in performance metrics such as MAP.

R@10

R@10

that DropTF performs remarkably better than all the prior arts.
Notably, we can find whole-data based approaches (i.e., MC-AGA
and DropTF) outperform negative sampling approach,3 suggesting
that the performance can be boosted by considering more unobserved data.4 Similarly, as Table 5 shows, DropTF outperforms FM
and GPPW for the CoMoDa dataset in most performance metrics.5
These results demonstrate the effectiveness of a whole-data based
learning method for recommendation from implicit feedback.
Finally, for the much larger KKBOX dataset, we were only able
to compare DropTF against POP, BPR and FM, for all the other
methods (including the other whole-date based method MC-AGA)
are too slow to run on this dataset, despite that many of these
methods do not use all the unobserved data for learning.6 Table 6
again shows that DropTF is superior to FM and the two contextagnostic methods, with great performance margin.
To sum up, some similar trends can be observed from Tables 4,
5, and 6. First, as expected, context-aware methods outperform
context-agnostic models (i.e., POP and BPR; first two rows in these
tables) most of the time. Second, learning-to-rank based methods
can reach performance on par with, or even superior to, FM.
Finally, the proposed DropTF method enjoys high scalability as its
precursor TF and it consistently performs the best in most performance metrics across the three datasets.

6.2

Evaluation on Efficiency

Next, we compared the runtime of different methods in one iteration of the training process. To see how the runtime increases as a
function of data size, we sampled different proportions (from 10 to
100 percent) of the training set of either Frappe or KKBOX for training. We compared the runtime of DropTF and FTFþþ against that
of the better performing methods, including FM, CARS2 P and
GPPW. The following observations can be made from Fig. 2. First,
although GPPW performs well in performance metrics such as
MAP for Frappe (and also the smaller CoMoDa), it is much slower
than the other methods. Moreover, we saw that its runtime
3. DropTF and MC-AGA also outperform approaches that do not use any
negative data at all. For example, the performance of FM using only observed
data achieved only 12.4 percent MAP on the Frappe dataset.
4. The result of the two context-agnostic methods (POP and BPR) and four
context-aware models (TFMAP, CARS2 P, CARS2 L and MC-AGA) were directly
cited from that reported in [15].
5. We did not show the result of TFMAP, CARS and MC-AGA in Table 5, for
they did not work well for CoMoDa, possibly because the dataset is small.
6. We note that the optimization procedures of the learning-to-rank based
methods are usually quite complicated [35]. As a result, their scalability turns out
to be not as good as methods such as FM.
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[3]
[4]
[5]
[6]
[7]
[8]

Fig. 2. Training time (in seconds) of an iteration of different methods on the (a)
Frappe and (b) KKBOX datasets.

[9]
[10]

increases almost exponentially along with the data size (noting that
the y-axis in Fig. 2a is in logarithmic scale). It is therefore not surprising that it cannot be used for the KKBOX dataset. Second, the
runtime of the other methods increases mostly linearly as the training data expands, which is fine. Third, while FTFþþ runs fast for
Frappe, it is quite slow for KKBOX. Finally, FM and DropTF run
fairly fast for both Frappe and KKBOX. In particular, DropTF is the
most time-efficient one among the five methods, and it is faster
than FM by one to two folds.

7

CONCLUSION AND FUTURE WORK

In this paper, we have presented a fast tensor factorization method,
called DropTF, for context-aware recommendation from implicit
feedback data. As a whole-data based learning algorithm, DropTF
can efficiently learn from the vast amount of unobserved data. Our
experiment on three datasets shows that DropTF outperforms several well-known methods for recommendation in performance
metrics such as MAP, and it is also the fastest one. Our experiment
already shows that DropTF performs well in both efficiency and
effectiveness for a million-scale dataset. If needed, the training process of DropTF can be further parallelized, making it a good choice
for large-scale industrial applications.
We have several ideas to further improve DropTF. For example,
we can adopt the non-uniform weight strategy proposed by He
et al. [13] to weigh the unobserved data differently. To use more
variables in the latent representation (i.e., larger K), we can employ
the element-wise ALS method [13] for better efficiency. We are also
interested in combining DropTF with other context-aware recommendation methods such as item embedding [31]. We can also use
neural network based methods (e.g., [36], [37]) to include numerical, content-related features to build a hybrid recommender system. The use of content features can deal with the so-called coldstart problem [38], [39], which is not addressed in this paper. It can
also potentially make the recommendation result more diverse
[40]. Finally, it is also possible to use DropTF to get an initial estimate of the latent representations and then employ more sophisticated methods such as deep neural network based methods [41],
[42], [43] for fine-tunning and better accuracy.
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