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ABSTRACT
Collaborative Filtering (CF) is the most popular method for recommender systems. The principal idea of CF is that users might be
interested in items that are favorited by similar users, and most of
the existing CF methods measure users’ preferences by their behaviors over all the items. However, users might have different
interests over different topics, thus might share similar preferences
with different groups of users over different sets of items. In this
paper, we propose a novel and scalable method CCCF which improves the performance of CF methods via user-item co-clustering.
CCCF first clusters users and items into several subgroups, where
each subgroup includes a set of like-minded users and a set of items
in which these users share their interests. Then, traditional CF
methods can be easily applied to each subgroup, and the recommendation results from all the subgroups can be easily aggregated.
Compared with previous works, CCCF has several advantages including scalability, flexibility, interpretability and extensibility. Experimental results on four real world data sets demonstrate that the
proposed method significantly improves the performance of several
state-of-the-art recommendation algorithms.

Categories and Subject Descriptors
H.3.3 [Information Search and Retrieval]: Information Filtering
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1.

INTRODUCTION

The goal of recommender systems is to deliver proper items to
users in order to improve user engagement and merchant revenue.
Collaborative Filtering (CF) is the most popular method for recommender systems [16]. The underlying assumption of CF is that if a
user u has similar preferences with another user v on many items,
it is more likely for them to share preferences over the remaining
items than a randomly chosen pair of users.
∗
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Typical CF methods measure users’ preferences by their historical behaviors over the entire item space. For example, the userbased nearest neighbors method measures the similarity between
pairs of users by their preferences on all the items [16]; Matrix
Factorization decomposes the whole user-item matrix into two lowrank sub-matrices where the collective intelligences are represented
as latent factors in the model [8]. However, this assumption does
not always hold, especially when the underlying system includes a
large set of items of different types. For example, an Amazon user
share similar tastes on books with a certain group of users, while
having similar preferences with another group of users on movies.
It is more natural to model the users and the items using subgroups, where each subgroup includes a set of like-minded users
and the subset of items that they are interested in, and each user/item
can be assigned to multiple subgroups so that users can share their
interests with different subsets of users on different subsets of items.
Partitioning users and items into subgroups for CF has been studied
by several previous works, where user clustering [26], item clustering [13] and user-item co-clustering [6] methods have been proposed to boost the performance of collaborative filtering. However,
in these methods each user/item is only allowed to be assigned to a
single subgroup, so that they are not able to model the case where
users have multiple interests. To address this problem, several
other papers [18, 20, 21] extend the Mixed Membership Stochastic
Blockmodels (MMSB) [2] to allow mixed memberships. However,
these methods optimize the accuracy of rating/link prediction instead of the practically important problem of top-N recommendation.
In [25], the authors propose a unified framework for improving collaborative filtering via overlapping co-clustering, which can
be employed for top-N recommendation. It works as follows: 1)
Users and items are first grouped into multiple overlapping subgroups with different weights. 2) After obtaining the subgroups,
any traditional CF method can be applied to each subgroup separately to make the predictions for the users on their unrated items in
the same subgroup. 3) The final recommendation list for a user is
aggregated from the results in the subgroups that she/he is involved
in. The authors of [31] adopt a similar framework, and propose to
partition the user-item matrix by permuting the rows and columns
of the user-item matrix to form (approximate) Bordered Block Diagonal matrices.
However, the co-clustering objective function of [25] is based
on a weighted graph cut problem, which partitions the underlying
graph into non-overlapping subgroups and minimizes the total costs
associated with the cut edges. Therefore, [25] does not intrinsically
learn overlapping subgroups. Also, solving the weighted graph cut
problem has a high computational complexity. In [31], assignments
of users and items to subgroups are deterministic and have equal

weight, i.e., users are forced to have equal amount of interest in
each subgroup that they are assigned to, thus affiliation strengths
are not modeled.
We argue that in order to model users’ shared interests in different subsets of items, we have to resort to overlapping co-clustering
methods which have the following three properties:
• The proposed method should be able to model the strength
of affiliations between users, items and subgroups by assigning weights to each user and item for each subgroup. As we
shall see later in this work, these weights are critical when
aggregating the results from subgroups to make the final recommendation.
• The proposed method should be able to model a user’s interest in an item through her/his affiliations with different subgroups.
• The proposed method should have the property that the more
subgroups that a user u and an item i share, and the higher
the affiliation strengths of u and i with the subgroups they
share, the more likely u should be interested in i.
In this paper, we propose a novel co-clustering method, called
CCCF (C O -C LUSTERING FOR C OLLABORATIVE F ILTERING). In
CCCF, each user/item can belong to multiple subgroups, and we
use an affiliation strength score to denote the strength of the relationship between the user/item and the corresponding subgroup.
CCCF models the probability of a user liking an item as a function based on subgroup affiliation strengths between users, items
and their shared subgroups. If a user and an item share multiple
subgroups, we assume that each such shared subgroup has an independent chance to trigger the link1 between them [27]. As will
be discussed in Section 3, the resulting CCCF model satisfies the
three desired properties stated above.
To estimate the parameters, such as the affiliation strengths, of
the proposed model, we formulate the problem as a probabilistic
model and leverage a scalable Markov Chain Monte Carlo method,
of which the complexity is linear w.r.t.the size of the dataset, thus
making the underlying algorithm scalable. After we get the subgroups and the affiliation strengths of the users and items, any traditional CF method can be applied to each subgroup to make the
predictions for the users on the items within the same subgroup.
Finally, we leverage the affiliation strengths to aggregate the results
from all the subgroups to make the final recommendation.
CCCF has the following four benefits (see details in Section 3.5):
1) The structure of the obtained subgroups can be very flexible, and
is not restricted to be of certain shapes as in previous works. 2) It
is easy to interpret the relationships between user/item and the obtained subgroups through the affiliation strengths. 3) CCCF can be
easily modified to leverage content features of users/items which is
challenging for previous works. 4) The computational complexity
of the proposed model is linear w.r.t.the number of data points, thus
making CCCF scalable to large datasets.
We evaluate the proposed method on four real world data sets.
Our experimental results demonstrate that the proposed method
outperforms state-of-the-art methods on the Top-N recommendation task. A qualitative analysis also shows that the obtained subgroups are semantically meaningful.
In the rest of this paper, we first introduce the problem definition
and some useful notations in Section 2. In Section 3, we describe
the CCCF model and present a scalable inference method. Experimental results on four real world data sets are shown in Section 4.
We finally discuss some related works in Section 5 and conclude
this paper in Section 6.
1
Here a link between a user and an item means the user likes the
item. If there is no link between them, we treat it as missing.

Table 1: Mathematical Notations
Symbol
yui
φuk

Value
{0, 1}
[0, 1]

φik

[0, 1]

θk

[0, 1]

zu→i,k

{0, 1}

zi→u,k

{0, 1}

2.

Description
user u’s feedback on item i
latent membership of user u in subgroup k
latent membership of item i in subgroup
k
in-group preference strength of subgroup k
membership indicator of user u in subgroup k when interacting with item i
membership indicator of item i in subgroup k when interacting with user u

PROBLEM DEFINITION

Given a set of users U = {u|u = 1, ..., U }, a set of items I =
{i|i = 1, ..., I}, as well as the log of users’ historical preferences
O = (u, i, yui ), the goal of recommender systems is to recommend
to each user u a list of items that will maximize her/his satisfaction.
Here, yui can be numeric ratings in the scale of, say, [1, 5] or binary
values {0, 1}.
In this paper, we mainly focus on the case of implicit feedback,
namely, we only have a partial information of the items that users
have viewed/liked, and users’ feedback on other items is missing.
This is the most common scenario in practice. However, the proposed method can also be applied to other cases with slight modifications. For implicit feedback, all yui in O are 1; and for those
(u0 , i0 , yu0 i0 ) triples not belonging to O, the corresponding yu0 i0 ’s
are missing. We use O0 to denote the set of missing triples. The
goal of top-N recommendation is to recommend each user a list of
N items that she/he is most likely to like, i.e., to pick the list of
missing yu0 i0 -s for every user which are most likely to be 1.
Some important notations used in this paper are listed in Table 1.
We use u to index a user, and i and j to index items, and use normal
font symbol x to denote scalars and bold math symbols x to denote
vectors. The k-th element of vector xi is denoted by xik .

3.

METHODOLOGY

3.1

Overview

The overall procedure of our method, also used by [25, 31], is as
follows:
1. Cluster users and items into subgroups, where users and items
can be assigned to multiple subgroups and each subgroup includes a group of like-minded users and a set of items that
these users are particularly interested in. We present a scalable co-clustering method called CCCF in Section 3.2.
2. In each subgroup, we apply traditional collaborative filtering methods (e.g., ITEMCF, M ATRIX FACTORIZATION) to
learn users’ preferences over the items within this subgroup.
Since the learning of CF models in each subgroup is independent from each other, this step can be easily done in parallel
(See Section 3.3).
3. For each user, we aggregate the recommendation results from
all the subgroups that she/he is involved in. We discuss several aggregation strategies in Section 3.4 and study their performance in Section 4.3.4.

The main differences from previous works [25, 31] lie in step 1
and 3, which will be explained in detail in Section 3.2 and 3.4, respectively. In Section 3.5, we elaborate the benefits of the proposed
method compared to those related works.

3.2

Scalable Co-Clustering for CF

In this subsection, we present Co-Clustering for Collaborative
Filtering (CCCF), a co-clustering model which assigns users and
items into overlapping subgroups. As discussed in Section 1, our
goal is to find several latent subgroups, where each subgroup includes a set of like-minded users and the subset of items they are
interested in. We assume that each user/item has a latent membership vector over subgroups. The memberships reveal users’ latent
interests on different types of items and items’ latent properties that
would be consumed by users, respectively. The links between users
and items are generated based on the interactions between users,
items and subgroups, i.e., a user has larger chance to like an item if
they both have strong affiliations to the same subgroups.
The two principles of designing CCCF are:
• A user has multiple types of interests so that she/he should
be assigned to multiple subgroups with different strengths.
Analogously, items are also allowed to be affiliated to multiple subgroups.
• The reason that a user likes an item is explained by the subgroup affiliations, i.e., a user is more likely to like an item
if and only if they belong to same subgroups. And we assume that the probability of a user liking an item depends on
two ingredients: 1) The more overlapping subgroups a user
shares with an item, the higher the probability that the user
likes the item is. 2) A link between a user and an item can
be explained by a dominant reason, i.e., if a user and an item
both have large affiliation strengths with a single subgroup,
it is sufficient to form the link between them.
We assume there are K subgroups and each user/item has a probability of belonging to each subgroup. We denote by φuk ∈ [0, 1]
the affiliation strength of user u to subgroup k, and φik ∈ [0, 1] the
affiliation strength of item i to subgroup k. We sample φuk and φik
from Beta distributions parameterized by predefined constants αk1
and αk2 .
φuk ∼ Beta (αk1 , αk2 )
φik ∼ Beta (αk1 , αk2 )

likely it is to form links between users and items within this subgroup. This parameter can model the fact that in practice, some
subgroups are more active than others. Also, if a user belongs to
this subgroup, there is a large chance of her/him liking an item
shared by users within this subgroup, whereas for the less active
subgroups, the chance of her/him liking an item shared by users
within the subgroup is lower.
We also place a Beta distribution as the prior of θk :
θk ∼ Beta (β1 , β2 ) .

(2)

Since our goal in this paper is to find several focused subgroups,
we’d like all the learned θk -s being close to 1. This prior knowledge
can be incorporated into the model by, e.g., setting β1 = 10 and
β2 = 1.
For a pair of user u and item i, we use a parameter zu→i,k 2 to
denote whether user u belongs to subgroup k or not when forming the link with item i. zu→i,k is an indicator parameter drawn
from a Bernoulli distribution parameterized by user u’s group affiliation weight φuk . The parameter zi→u,k which represents item
i’s affiliation with subgroup k for the link with user u is defined
analogously.
zu→i,k ∼ Bernoulli (φuk )
zi→u,k ∼ Bernoulli (φik )

(3)

Then, the probability puik that subgroup k triggers a link between user u and item i is defined as
(
θk , if zu→i,k = 1 and zi→u,k = 1
puik =
(4)
0, otherwise.
Note that, if either the user or the item do not belong to subgroup
k, the probability of forming a link via this subgroup is 0.
The overall probability pui that user u likes item i is modeled
as the overall success rate of the K independent events, each of
which represents the probability of a subgroup k to trigger the link
between u and i.
Q
Q
pui = 1 − k (1 − puik ) = 1 − k (1 − θk )zu→i,k zi→u,k (5)
The link between user u and item i is sampled as follows:

(1)

Intuitively, φuk represents the probability that user u likes the
items in subgroup k. Analogously, φik is the probability that item
i is liked by the users in subgroup k. Items having large memberships in subgroup k share some latent properties recognized by a
group of like-minded users.
The reasons why we use Beta distribution for φuk and φik are:
1) In our work, we define φ as membership variables with values in
[0, 1], and we do not enforce φu to form a probabilistic distribution
over the set of all the subgroups as the Mixed Membership models
(e.g., [2, 18]) do. Instead, users and items can have large affiliation
strengths with multiple subgroups, which has been shown to be
more suitable for modeling overlapping subgroups [27, 28]. 2) Beta
distribution is the conjugate prior of Bernoulli distribution, which
we use for the indicator variable z later. This enables us to perform
sampling steps more efficiently (see Section 3.2.1).
We assume that each subgroup k has an independent chance θk
to trigger the link between user u and item i if both of them belong
to this subgroup, and the overall probability relies on the rate that
at least one of the K event succeeds.
Here θk acts as a parameter to model the strength of connectivity within each subgroup k, meaning that the larger θk is, the more

yui ∼ Bernoulli (pui ) ,

(6)

where yui = 1 means user u has a link with item i and yui = 0
means the link between them is missing.
We show the generative process in Algorithm 1.
Note that in addition to using the subgroup affiliations to explain
the observed links with yui = 1, the CCCF model also needs to
consider the missing links (where yui = 0) properly to avoid nonmeaningful subgroup affiliations. However, the number of missing
links is usually almost as large as U · I due to the data sparsity,
which makes it impractical for large data sets. To address this issue,
we randomly sample a subset of the missing links during the inference, and alternate different subsets in different iterations. Specifically, we randomly select Nu missing links for each user u, where
Nu is proportional to the number of u’s observed links.

3.2.1

Parameter Estimation

Maximum likelihood estimation is intractable for this model due
to the existence of hidden variables. We use a Markov Chain Monte
2

Here the notation u → i is used to denote user u’s assignment
when forming the link with the item i. Similar notations are also
used in, e.g., [2].

Algorithm 1 Generative Process of CCCF.
Input: O, O0 , α and β
1: for all k ∈ {1, ..., K} do
2:
for all u ∈ U do
3:
Draw φuk ∼ Beta(αk1 , αk2 )
4:
end for
5:
for all i ∈ I do
6:
Draw φik ∼ Beta(αk1 , αk2 )
7:
end for
8:
Draw θk ∼ Beta(β1 , β2 )
9: end for
10: for all (u, i, yui ) ∈ O ∪ O0 do
11:
for all k ∈ {1, ..., K} do
12:
Draw zu→i,k ∼ Bernoulli(φuk )
13:
Draw zi→u,k ∼ Bernoulli(φik )
14:
if zu→i,k = 1 and zi→u,k = 1 then
15:
Set puik = θk
16:
else
17:
Set puik = 0
18:
end if
19:
end for
Q
20:
Set pui = 1 − k (1 − puik )
21:
Draw yui ∼ Bernoulli(pui )
22: end for

Algorithm 2 Inference Procedure for CCCF
Input: Randomly initialize z. Set each θk = 1.
Output: z, θ, φ
1: while not converged or maximum number of iterations do
2:
Randomly sample a subset of missing values O00 and set the
training set as T = O ∪ O00 .
3:
for all (u, i, yui ) ∈ T do
4:
for all k ∈ {1, ..., K} do
5:
Sample zu→i,k using Equation 7.
6:
Sample zi→u,k similarly.
7:
end for
8:
end for
9:
while not converged do
10:
for all k ∈ {1, ..., K} do
11:
Update θk using Equation 8
12:
end for
13:
end while
14: end while
15: Compute φu and φi for all u and i using Equation 9 and 10.

φ can be computed by
P
φuk =

Carlo (MCMC) method to estimate the parameters where we iteratively sample unknown variables from their conditional distributions given all the observations and the other variables fixed.
Denoting the set of items that user u has links with in the training data (including the observed links and randomly sampled negative links) by Tu , we have the following sampling equation for
zu→i,k (latent variables φ have been integrated out):
p(zu→i,k = 1|z¬(u→i,k) , y, θ, αk1 , αk2 )


∝ n¬i
uk + αk1 p(yui |z¬(u→i,k) , zu→i,k = 1, θ),
p(zu→i,k = 0|z¬(u→i,k) , y, θ, αk1 , αk2 )


∝ nu − 1 − n¬i
uk + αk2 p(yui |z¬(u→i,k) , zu→i,k = 0, θ),
(7)
P
where n¬i
uk =
j∈Tu \{i} 1(zu→j,k = 1) and nu = |Tu |
Since we sample different subsets of missing links during different iterations, a missing link might be new at iteration t. In this
case, we do not have previous statistics of zu→i,k and zi→u,k to
sample their new values according to Equation 7. Inspired by the
stochastic collapsed variational Bayesian inference method for Latent Dirichlet Allocation [5], we use some additional burn-in steps
to update these statistics before doing the sampling.
Since it is intractable to directly sample the posterior of each θk ,
we update these parameters using Metropolis-Hasting steps, where
in each iteration a candidate for the next sample is generated from
a “proposal” distribution. The proposed sample is accepted with
some probability, otherwise the previous sample is duplicated. To
be specific, in each iteration we propose each θk ’s new value from
θk ∼ Beta (β1 , β2 ) and accept this new value with probability

min 1,

P (y|z, θ (t) )P (θ (t) |β)
P (y|z, θ (t−1) )P (θ (t−1) |β)


.

(8)

If the new value is rejected, the previous value is retained.
The overall inference procedure is shown in Algorithm 2. After
we get the optimized parameters θ and z, the group memberships

zu→i,k + αk1
,
nu + αk1 + αk2

P
φik =

3.3

i∈Tu

i∈Ti

zi→u,k + αk1

ni + αk1 + αk2

.

(9)

(10)

Collaborative Filtering in Subgroups

After getting the group affiliation strengths, we assign to each
subgroup k a threshold k . If user u’s (or item i’s) affiliation strength
φuk (φik ) is larger than k , we assume that this user/item belongs
to this subgroup. Then, any Collaborative Filtering algorithm can
k
be applied to a subgroup to compute the prediction ŷui
, which represents user u’s preference on item i based on subgroup k.
The choice of the underlying CF methods depends on a lot of
factors, such as data sparsity, complexity, model interpretability
and latency of recommendation. One benefit of the framework is
that the method does not rely on a specific CF algorithm. Any CF
method of interest can be used and the framework will likely improve their performances. In our experiments, we choose four most
representative CF models as the base methods applied to the subgroups, and show that the framework improves their recommendation performances by a significant margin on four real world data
sets.
To make this paper self-contained, here we discuss the four CF
methods which we use in our experiments. The reason why we
choose these methods is that they cover a diverse set of methods
ranging from the simplest solution to state-of-the-art models.
Popularity (POP). Items are scored by the percentage of users who
like them.
X yu0 i
(11)
yui =
|U|
0
u

Though simple, POP is widely used in today’s industry as it is
extremely easy to implement. The disadvantage is that it is not
a personalized method and all the users receive the same recommendations. This problem can be solved by the proposed framework. CCCF first partitions users and items into subgroups. The
item popularity within a specific subgroup indicates the popularity
among a small group of people. Using the recommendation method

that we will discuss in Section 3.4, CCCF provides users personalized recommendations by aggregated ranking lists of items that are
popular in the subgroups that users are particularly interested in.
ITEMCF [17]. We use Jaccard correlation as the similarity measure and set the number of nearest neighbors to 50.
X
ŷui =
s(i, j),
(12)
j∈Ou

where s(i, j) is the Jaccard similarity between the set of users who
have liked item i and j, respectively.
MF (with negative sampling) [8, 12]. Matrix Factorization, or
Latent Factor Model is the most popular Collaborative Filtering
method for recommender systems. The preference of user u on
item i is the dot product of the latent feature vectors of the user and
the item, with some bias terms.
ŷui = α + bu + bi + u>
u vi

(13)

The model parameters, latent factors and bias term, are learned
by optimizing the following objective function.
X
`(yui , ŷui ) + λR(b, u, v),
(14)
(u,i)∈T

CCCF-PR. As discussed in Section 3.3, the most straightforward
way is just using the in-group strength θk -s as the prediction scores
for the subgroups and calculating the overall score as follows:
X
ŷui =
φuk · φik · θk
(16)
k
k
Comparing with Equation 15, this strategy sets all ŷui
to 1. From
another point of view, it can be thought as applying the random
prediction (all the items have the same prediction score 1) base
method in the subgroups.

CCCF-AVG. This is the strategy used in [32], where the average
predicted score is taken as the overall score, ignoring the affiliation
strengths of users and items.
X k
ŷui =
ŷui /K
(17)
k

where R is the regularization term.
For implicit feedback, we sample a subset of missing values as
negative samples, and re-sample the subset for each learning iteration.
WARP [22, 23]. Matrix factorization with the WARP loss [22] is
the state-of-the-art method for top-n recommendation on implicit
feedback data, which has been used by many recent works [7, 24].
The main difference between WARP and MF is the objective function. WARP models the relative orders between items, which is the
goal of top-N recommendation.
Another way of making recommendation in the subgroup is just
k
setting ŷui
= θk . However, this makes a strong assumption that
users in a subgroups have the same preferences for all the items
within this subgroup, which will result in suboptimal recommendation results. We will discuss this case in Section 3.4 and compare it
with other recommendation methods in Section 4.3.4.

3.4

We note that for some CF methods (e.g., WARP [22], BPR [15]),
k
the prediction score ŷui
is only a relative measurement (i.e., ŷui >
ŷuj means user u prefers item i than j) and unbounded. Before
aggregating the scores, we first scale all the predictions of a user to
[0, 1].
In this following we also present three other strategies to aggregate the results.

Recommendation

The last but not the least question is to how to compute the final
recommendation list for each user. In [25], the authors just keep
several subgroups with the largest weights for each user and sum up
the recommendation scores from the selected subgroups. In [31],
the proposed algorithm gets the final prediction of user u on an item
i by averaging the predicted scores of u on i in all subgroups they
share.
However, users and items belong to the subgroups with different weights, and the final recommendation should not ignore the
weights. In this paper, we propose to use an affiliation strength
weighted aggregation function to compute the final recommendations:
X
k
ŷui =
φuk · φik · θk · ŷui
(15)
k

This aggregation function matches our motivation of designing
k
the co-clustering method: 1) The prediction ŷui
has a large value if
the user and the item both have large affiliation strengths with this
subgroup; 2) The more subgroups the user and the item share, the
larger their predicted score is. The comparison with other aggregation methods is discussed in Section 4.3.4.

CCCF-MAX. As discussed in Section 3.2, a user would like an
item as long as the probability on one of the subgroup is large
enough. Another strategies is to make the prediction using the maximum score among these subgroups.
k
ŷui = max ŷui
k

3.5

(18)

Discussion

In this subsection, we discuss several properties of the proposed
model.
• Scalability. The complexity of the proposed CCCF method
is linear in the number of observed links. On the other side,
the objective function of the method proposed in [25] is NPhard, and their optimization method for the relaxed objective
involves a step of solving the top eigenvectors of a squared
matrix with size M = U + I. To our best knowledge, the
computational complexity of the fastest eigenvalue decomposition solver is O(M 2.367 ) when the matrix has some special structures [14].
• Flexibility. The structure of the subgroups in CCCF is flexible to model any kind of overlapping subgroups where these
subgroups can be densely overlapping, hierarchically nested
or non-overlapping. The methods in [32] and [31] are not so
flexible since they assume the subgroups to form (approximate) Bordered Block Diagonal matrices. The method proposed in [25] uses an objective function of a weighted graph
cut problem, which is designed to partition the graph into
non-overlapping parts, thus it does not intrinsically discover
overlapping subgroups.
• Interpretability. CCCF is a probabilistic model where the
resulting affiliation strengths have semantic meanings. The
strengths are particularly important when aggregating the results from different subgroups to make final recommendation
(see Section 3.4). Also, as shown in Section 4, we analyze
the top items with the largest affiliation strengths of each subgroup and find that these items have similar properties (e.g.,
locations, categories in the Yelp data).
• Extensibility. When we are able to get some useful features
for users and items, it is easy for CCCF to leverage the fea-

Lastfm
MovieLens
Netflix
Yelp

Table 2: Data Statistics
#users #items #dyads
1.8K
1.5K
50K
35K
5.6K
3.4M
46K
13K
8M
2.8K
2.8K
80K

Mean Average Precision (MAP). Average precision (AP) is a ranked
precision metric that gives larger credit to correctly recommended
items in higher positions. AP@N is defined as the average of precisions computed at all positions with an adopted item, namely,
PN
k=1 P@k × rel(k)
AP@N =
,
(21)
min{N, |Cadopted |}

#density(%)
1.76
1.73
1.33
1.02

tures in the learning procedure as prior knowledge or supervisions (e.g., [1], [29]). On one hand, it makes the subgroups
even more interpretable by enforcing that the users/items in
the same subgroup share some common features. On the
other hand, features can help dealing with the cold-start problem – some users/items may have too few connections to be
assigned to the right subgroups. It is not straightforward for
the methods of [25] and [31] to achieve this goal.

where Precision(k) is the precision at cut-off k in the top-N list
CN,rec , and rel(k) is an indicator function equaling 1 if the item at
rank k is adopted, otherwise it equals zero. Finally, Mean Average
Precision (MAP@N) is defined as the mean of the AP@N scores
of all users.

4.3
4.3.1

4.

EXPERIMENTS

Our experiments are designed to answer the following two questions: 1) Can the proposed method improve the accuracy of recommendation? 2) How meaningful are the discovered subgroups?

4.1

Data Sets and Preprocessing

We use four publicly available data sets: Last.fm3 , MovieLens
10M4 , Netflix5 and Yelp6 . As discussed in Section 2, we are more
interested in the implicit feedback case. We follow the preprocessing steps that have been used in many recent works (e.g., [15, 30],
et al..). For the data sets with explicit ratings, we remove the ratings of less than 4 stars and convert the remaining ratings to 1. We
remove users and items with less than 20 ratings. The statistics of
the resulting data sets are shown in Table 2. For each user, we randomly hold 20% of her/his feedback in the test data and use the rest
of her/his ratings as training data.

4.2

Evaluation Measures

In the case of top-N recommendation, we present each user with
N items that have the highest predicted values and have not been
adopted by the user in the training data. We evaluate different approaches based on which of the items are actually adopted by the
user in the test data.
Precision and Recall. Given a top-N recommendation list CN,rec ,
precision and recall are defined as
T
|CN,rec Cadopted |
P@N =
TN
(19)
|CN,rec Cadopted |
R@N =
,
|Cadopted |
where Cadopted are the items that a user has adopted in the test
data. The precision and recall for the entire recommender system are computed by averaging the precision and recall over all
the users, respectively.
F-measure. The F-measure represents a trade-off between precision and recall. We consider the Fβ metric, which is defined as
Fβ @N = (1 + β 2 ) ·

P@N × R@N
.
β 2 · P@N + R@N

(20)

where β is a weight to control the balance. In our experiments, we
use F 1 metric with β = 1. We also calculate the F 1 score for each
user and report the average score.
3

https://grouplens.org/datasets/hetrec-2011/
https://grouplens.org/datasets/movielens/
5
http://www.netflixprize.com/
6
http://www.yelp.com/dataset_challenge/
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Implementation Details

We choose 4 popular CF methods as the comparison partners,
and these 4 methods also serve as the base methods applied to each
subgroup (as discussed in Section 3.3). We first train CCCF on
the training data, and then apply the above CF methods in each
subgroup. At last, for each user, we predict her/his preferences on
all the unrated items by aggregating the predictions from the subgroups the user is involved in, and pick the Top-N items with largest
predicted values to form the recommendation list. We set the hyperparameters of CCCF by cross validation on the training data.
We found that the performance is not so sensitive to the choices of
α and β. We empirically set them as: αk1 = 1, αk2 = 1, β1 = 10,
β2 = 1 and  = 0.1. We will study how the choice of K impacts
the performance in Section 4.3.5.

4.3.2

CCCF vs. No Co-Clustering

We first study the performance of CCCF comparing with the CF
methods that are directly applied on the training data without coclustering.
The results are shown in Table 3, 4 and 5. The overall observation is that CCCF improves the base methods on most of the cases
– the best scores on all the data sets are all from CCCF. For most
of the cases, CCCF improves the corresponding base method by at
least 10%. Especially, combining CCCF with simple recommendation methods like POP can produce fairly good results.
We note that the performance of these CF methods varies a lot on
different data sets. For example, on the Yelp data set, we observe
that ItemCF performs better than MF and WARP; while WARP is
the best method on the Netflix data set. This means that no single
CF method can beat all others at all times. The advantage of the
proposed framework that we do not rely on the underlying base
method, and users of our method are free to configure their favorite
predictors in order to adapt to different scenarios.

4.3.3

CCCF vs. Other Co-Clustering Methods

We compare CCCF against two other co-clustering based methods MCoC [25] and BBDF [31], which are the most recent coclustering methods for recommender systems, and adopt the same
three-step framework. For MCoC and BBDF, we carefully choose
the best parameters (e.g., the number of top eigenvectors for MCoC,
the density level in BBDF) to ensure fair comparisons. For both
CCCF and MCoC, we set the number of subgroups to 10. The
number of subgroups in BBDF is determined by the density parameter, which is chosen by cross validation.
Figure 1 shows the results for F1@10 and MAP@10 on the four
data sets. The general observation is that CCCF outperforms the
other two co-clustering methods in most cases. The only exception
is on the Yelp data set, where both MCoC and CCCF achieve a

Table 3: CCCF vs. No Co-Clustering on the Lastfm data

0.22
0.19
0.16
0.13
0.10
0.07

P@10
R@10
F1@10
MAP@10

POP
NONE CCCF
0.070
0.134
0.090
0.176
0.078
0.149
0.182
0.355

ITEMCF
NONE CCCF
0.173
0.174
0.223
0.250
0.189
0.198
0.446
0.456

P@10
R@10
F1@10
MAP@10

Table 4: CCCF vs. No Co-Clustering on the Netflix data
POP
ITEMCF
MF
WARP
NONE CCCF NONE CCCF NONE CCCF NONE CCCF
0.189
0.283
0.308
0.312
0.330
0.354
0.347
0.364
0.047
0.075
0.085
0.085
0.091
0.098
0.095
0.100
0.070
0.109
0.123
0.123
0.132
0.142
0.138
0.145
0.348
0.471
0.493
0.505
0.528
0.551
0.538
0.556

P@10
R@10
F1@10
MAP@10

Table 5: CCCF vs. No Co-Clustering on the Yelp data
POP
ITEMCF
MF
WARP
NONE CCCF NONE CCCF NONE CCCF NONE CCCF
0.018
0.046
0.048
0.057
0.043
0.046
0.047
0.056
0.024
0.058
0.062
0.072
0.055
0.058
0.058
0.068
0.018
0.046
0.048
0.058
0.044
0.046
0.047
0.055
0.050
0.124
0.142
0.159
0.124
0.131
0.137
0.152

F1@10

MAP@10
0.50
0.45
0.40
CoClustering
0.35
MCoC
BBDF
0.30
CCCF
0.25
0.20
POPITEMCF MF WARP
POPITEMCF MF WARP
BaseMethod

0.16
0.14
0.12
0.10
0.08
0.06
0.04

BaseMethod

MF
NONE CCCF
0.152
0.156
0.204
0.217
0.170
0.177
0.399
0.402

F1@10

MAP@10
0.60
0.55
0.50
CoClustering
0.45
MCoC
BBDF
0.40
CCCF
0.35
0.30
POPITEMCF MF WARP
POPITEMCF MF WARP
BaseMethod

(a) Results on the Lastfm data
0.18

F1@10

0.40

0.16

0.35

0.14

0.30

0.12

0.25

0.10

0.20

0.08

POPITEMCF MF WARP

BaseMethod

0.15

WARP
NONE CCCF
0.178
0.187
0.253
0.264
0.203
0.213
0.428
0.442

BaseMethod

(b) Results on the Netflix data

MAP@10

F1@10

0.07
0.06
CoClustering

MCoC
BBDF
CCCF
POPITEMCF MF WARP

BaseMethod

MAP@10

0.15
CoClustering

0.05

0.12

0.04

MCoC
BBDF
CCCF

0.09

0.03
0.02

0.18

POPITEMCF MF WARP

BaseMethod

(c) Results on the MovieLens data

0.06

POPITEMCF MF WARP

BaseMethod

(d) Results on the Yelp data

Figure 1: Comparison with other two co-clustering methods on the three data sets.
large performance gain compared to BBDF, and MCoC obtains the
best results on this data set. This is likely due to the fact that the
users and items of the Yelp data are isolated by the geographical
distance, i.e., they are more likely to form subgroups by the cities
they are in.
Surprisingly, in some cases, MCoC and BBDF even decrease the
performance of some of the base methods on the Lastfm, Netflix
and MovieLens data. As discussed in Section 3.5, MCoC is actually optimizing a non-overlapping clustering objective function.
So on the data sets that do not have obvious clustering structures,
the clustering result of MCoC fails to boost recommendation accuracy. The performance of BBDF is not as good as expected on
all the data sets except MovieLens. One reason may be that it assumes the user-item matrix follows some specific structure, and not

all the data sets have this property. For example, for the Yelp data
set, users and items are more likely to form non-overlapping clusters, due to the geographical separations of users and items. In this
case, it is impossible for BBDF to find a reasonable bordered-block
sub-matrix, which produces unsatisfactory results.

4.3.4

On the Choice of Aggregation Method

As discussed in Section 3.4, there are several alternative ways
to aggregate recommendations from subgroups to make final recommendations: CCCF-PR, CCCF-MAX, CCCF-AVG. In this
subsection, we compare these three alternatives with the method
we proposed in Equation 15 (referred to as CCCF).
The MAP@10 results are shown in Figure 2. For the base method
ITEMCF, CCCF-MAX can provide similar performance as CCCF,

Lastfm

MAP@10

0.5
0.4

0.10

0.2

0.06
POP ITEMCF MF WARP

0.02

BaseMethod

MovieLens

0.40
0.35

0.14

0.3

0.1

Yelp

0.18

CCCF-PR
CCCF-MAX
CCCF-AVG
CCCF

0.30
0.25
0.20
POP ITEMCF MF WARP

0.15

POP ITEMCF MF WARP

BaseMethod

BaseMethod

Figure 2: MAP@10 on the Lastfm and Yelp data with different strategies to aggregate the results from subgroups. Here we use
the same co-clustering results and CF base methods. The only difference between the comparisons is the recommendation strategy.
CCCF-PR does not need a base method and we plot it using the dashed line.
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(a) MAP@10 on the Netflix data
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(b) MAP@10 on the Lastfm data
Figure 3: MAP@10 on the Lastfm and Netflix data with different numbers of subgroups.
but its results for other methods are not competitive. For the Yelp
data, CCCF-PR is outperformed by other aggregation methods by
a large margin. This means that the step of applying a CF method
in the subgroup is necessary. For almost all the cases, CCCF outperforms alternatives, which indicates that the steps of applying CF
methods in each subgroup and considering the affiliation strengths
are both essential when aggregating the results.

4.3.5

On the Number of Subgroups

In this subsection, we study how the choice of the number of
subgroups K impacts the recommendation result. Due to space
limits, we only show the results on the Lastfm and Netflix data.
The results on MovieLens and Yelp data show similar trends. The
results are shown in Figure 3.
We observe that for the Netflix data, setting K to 20 is a good
choice where all the four base methods get best results. The Netflix data is not so sensitive to the number of subgroups. For the
Lastfm data, 10 and 20 are the best choices. Increasing the number
decreases the performance.
We note that increasing K would not necessarily increase the recommendation performance. The user-item matrix is very sparse,
and increasing the number of subgroups would keep splitting large
subgroups into several more focused small overlapping groups. Taking an extreme case for example, we might learn a lot of small sub-

groups that all of the users and items have links with each other.
This case produces perfect co-clusters, but we do not have new
items to recommend to users, which would hurt the recommendation performance.

4.4

Analysis of the Co-Clustering Results

In this section, we conduct a qualitative analysis of the co-clustering
results to provide anecdotal evidence that the discovered subgroups
are meaningful.
The goal of our method is to find focused subgroups, where the
items in the same subgroup share some common latent properties
that attract a group of like-minded users. Users’ interests are usually not explicit, and we only have limited information about users
in the data sets due to privacy issues. It is easier and more straightforward to study the item properties because we have more detailed
information about items.
Table 6 shows the items with largest affiliation strengths from 3
sample subgroups from 10 total subgroups. We also present their
locations and categories to study what these items are. We can see
that the items from each subgroup share similar geographical and
semantic properties. The top items from the first subgroups are all
businesses from the city Phoenix, and most of them are restaurants.
We can regard this subgroup as “Restaurants in Phoenix”. Similarly, the top items from the second subgroup are also restaurants,

Table 6: Items with largest affiliation strengths from 3 out of 10 subgroups on the Yelp data. We show their locations and the most
representative categories that these items belong to.
Sample Cluster 1
Business Name
City

Description

Sample Cluster 2
Business Name
City

Description

Bread and Butter

Henderson

Restaurants

Las Vegas

Restaurants

Las Vegas

Restaurants

Gallo Blanco

Phoenix

Restaurants

Lux

Phoenix

Restaurants

Snow Ono Shave
Ice
Buldogis Gourmet
Hot Dogs

Postino Central

Phoenix

Restaurants

Maizie’s Cafe &
Bistro

Phoenix

Restaurants

Sweet Tomatoes

Las Vegas

Restaurants

Cherryblossom
Noodle Cafe

Phoenix

Restaurants

Strip N Dip
Chicken Strips

Las Vegas

Restaurants

Pizza a Metro

Phoenix

Restaurants

Patisserie Manon

Las Vegas

Restaurants

SideBar

Phoenix

Bars

Island Flavor

Las Vegas

Restaurants

Churn

Phoenix

Coffee & Tea

Japanese Curry Zen

Las Vegas

Restaurants

Carly’s Bistro

Phoenix

Restaurants

Slidin’ Thru

Las Vegas

Restaurants

Federal Pizza

Phoenix

Restaurants

Art of Flavors

Las Vegas

Food

but they are all in the greater Las Vegas area (Henderson is a city
adjacent to Las Vegas). The third subgroup contains hotels, casinos
or attractions in Las Vegas. The users from this subgroup are more
likely to be tourists of Las Vegas, while the users of the second
subgroup may also be the Las Vegas locals.

5.

RELATED WORK

Using co-clustering based methods to improve CF has been studied by several previous works. [26] uses the K-means algorithm to
cluster users into several subgroups and uses the subgroup assignments to smooth the unrated data for each individual user. [6] proposes a scalable CF framework based on a weighted co-clustering
method.
Bayesian Co-Clustering (BCC) [18] adopts the Mixed Membership Stochastic Blockmodels (MMSB) [2] to the user-item bipartite
graph. They assume that there are several latent user clusters and
item clusters, and each user/item has mixed memberships to the
latent clusters. The link between a user and an item is generated
by the sum of the coefficient weights between the clusters they belong to. [20] proposes a collapsed Gibbs sampling and a collapsed
variational Bayesian algorithm for BCC. [21] further extends BCC
to a nonparametric model that can automatically learn the number
of clusters from the data. In [4], the user and item latent factors
are described by a nonparametric mixture of Gaussians based on
their cluster allocations. [3] uses additive co-clustering to build
concise model for matrix approximation. In these works, users and
items are separately partitioned into user clusters and item clusters,
which is totally different from co-clustering method used in this paper which groups users and items into the same clusters in a holistic manner. Also, these works optimize either the likelihood of the
probabilistic mixed membership model on all the user-item links
[18, 20, 21], or the accuracy of the point-wise rating prediction [4,
3], which can not guarantee good top-N recommendation results as
they are optimizing a different goal [15, 19]. On the other hand, our
method can utilize state-of-the-art top-N recommendation models
as the base CF method in subgroups.
The idea of divide-and-conquer has also been used in other related works for collaborative filtering [11, 10, 9]. Divide Factor
Combine (DFC) [11] divides a large-scale matrix factorization task
into smaller subproblems by random row/column selections, solves
each subproblem in parallel using an arbitrary base matrix factor-

Sample Cluster 3
Business Name
City
Las Vegas North
Las Vegas
Premium Outlets
Orleans Hotel &
Las Vegas
Casino
Fremont Street
Las Vegas
Experience
Conservatory &
Las Vegas
Botanical Garden
Planet Hollywood
Las Vegas Resort &
Las Vegas
Casino
Flamingo Las Vegas
Las Vegas
Hotel & Casino
New York - New
Las Vegas
York
Miracle Mile Shops
Las Vegas
Palms Casino
Las Vegas
Resort
The Forum Shops
Las Vegas

Description
Shopping
Casinos & Hotels
Entertainment
Entertainment
Casinos & Hotels
Casinos & Hotels
Casinos & Hotels
Shopping
Casinos & Hotels
Shopping

ization algorithm, and combines the subproblem solutions using
techniques from randomized matrix approximation. The authors of
[10] propose a model called Local Low-Rank Matrix Approximation (LLORMA), leading to a representation of the observed matrix
as a weighted sum of several local low-rank matrices. They further
extend LLORMA to the Local Collaborative Ranking (LCR) model
[9] to consider the relative orders of items. The main differences
from ours are: 1) They partition the user-item matrix by either random row/column sampling [11] or random anchor points [10, 9],
while our goal is to find locally focused subgroups. 2) They focus on the rating prediction [11, 10] and collaborative ranking [9]
problems on observed ratings7 and ignore the fact that ratings are
missing not at random. It leads to unsatisfactory top-N recommendation results [15, 19]. 3) They rely on the matrix factorization
techniques, while ours can apply any CF method in the subgroups.
This is important because matrix factorization is not always the best
choice for all the cases, which has also been shown in our experiments (see Section 4.3.2).
The closest works are [25, 31, 32], which propose models that
cluster users and items into the same subgroups. The authors of
[25] propose an overlapping user-item co-clustering method based
on a weighted graph-cut optimization problem. The objective function is NP-Hard, and they propose to optimize a relaxed problem.
However, the learning involves solving the top eigenvectors of a
large squared matrix so it cannot scale to large data sets. In [31]
and [32], the authors permute rows and columns of the user-item
rating matrix to form (approximate) Bordered Block Diagonal (BBD)
matrices, and then apply traditional CF to each BBD matrix.
The framework used in our paper, as well as in [25, 31], has
several benefits. 1) It partitions the matrix into several overlapping sub-matrices, which are denser than the original matrix, thus
making the CF methods more feasible. 2) Any CF method can be
used in each subgroup. Since the performance of different methods
varies under different scenarios, this allows users to select their favorite CF base methods for the subgroups. 3) The training of the
CF methods in subgroups can be trivially parallelized.
As discussed in Section 3.5, compared with previous works [25,
31], CCCF has various benefits including scalability, flexibility,
interpretability and extensibility.
7
Although LCR [9] models the orders of items, it still only considers the ranking between observed ratings.

6.

CONCLUSION

In this paper, we proposed the scalable co-clustering method
CCCF to improve the performance of CF-based methods for Top-N
recommendation. The intuition of our model is that users may have
different preferences over different subsets of items, where these
subsets of items may overlap, and we explore subgroups of users
who share interests over similar subsets of items through overlapping clustering. Experimental results on four real world data
sets demonstrate that CCCF can improve four representative CF
base methods (POP, ITMECF, MF, WARP) by co-clustering, and
it also outperforms other co-clustering based methods (MCoC and
BBDF). Qualitative analysis on the data sets also shows that the
discovered subgroups are semantically meaningful.
A potential future work is to combine the idea of CCCF with
Locally Collaborative Ranking (LCR) [9], where when applying
the CF methods to the subgroups, the group affiliation strengths
could also considered. Our model is complementary to LCR in
the sense that it can replace the randomized anchor points selection
and define the distance function using the joint user-item affiliation strengths. Also, it would be interesting to incorporate user and
item features into the CCCF model in order to further improve the
clustering results and to make them more interpretable. Besides, in
this paper, the number of subgroups is a pre-defined hyperparameter. How to automatically determine the best number of subgroups
using a Bayesian nonparametric method is also worth exploring.

7.
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