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Abstract—In this paper, we propose a Domain-sensitive Rec-
ommendation (DsRec) algorithm, to make the rating prediction
by exploring the user-item subgroup analysis simultaneously, in
which a user-item subgroup is deemed as a domain consisting of
a subset of items with similar attributes and a subset of users
who have interests in these items. The proposed framework of
DsRec includes three components: a matrix factorization model
for the observed rating reconstruction, a bi-clustering model for
the user-item subgroup analysis, and two regularization terms
to connect the above two components into a unified formulation.
Extensive experiments on three real-world datasets show that our
method achieves the better performance over some state-of-the-
art methods.

I. INTRODUCTION

Typical CF methods equally treat every user and item,
and cannot distinguish the variation of user’s interests across
different domains. However, user’s interests always center on
some specific domains, and the users having similar tastes
on one domain may have totally different tastes on another
domain. Thus, it is more reasonable and necessary to automat-
ically mine different domains and perform domain sensitive
CF for recommender systems. Numerous efforts have been
paid on this direction. Most of them are performed in a two-
stage sequential process: domain detection by clustering first,
and then rating prediction by typical CF within the clusters.
However, such a divide-and-conquer style cannot take full
advantage of those limited observed rating data.

To address above problems, in this paper, we propose a
Domain-sensitive Recommendation algorithm assisted with the
user-item subgroup analysis, which integrates rating prediction
and domain detection into a unified framework. We call the
proposed algorithm DsRec for short, and illustrate its basic
architecture in Figure 1. There are three components in the
unified framework. First, we apply a matrix factorization model
to best reconstruct the observed rating data with the learned
latent factor representations of both users and items. Second, a
bi-clustering model is used to learn the confidence distribution
of each user and item belonging to different domains. Third,
two regression regularization items are imported to build a
bridge between the confidence distribution of users (items) and
the corresponding latent factor representations. An alternate
optimization scheme is developed to solve the unified objective
function, and the experimental analysis on three real-world
datasets demonstrates the effectiveness of our method.

II. OUR APPROACH

A. Rating Prediction Model
Typical matrix factorization is adopted for rating prediction

in our work. Suppose we have a user-item rating matrix R ∈
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Fig. 1. Architecture of the proposed DsRec.

RN×M describing N user ratings on M items. The matrix
factorization approach seeks to approximate the rating matrix
R by a multiplication of lower rank factors as follows:

L1 = min
U,V
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2
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where column vectors Un and Vm represent user-specific and
item-specific latent feature vectors, respectively. δnm is an
indicator function that is equal to 1 if the n-th user rates the
m-th item and equal to 0 otherwise.

B. Domain Detection Model
The domain detection model works on the assumption that

a high rating score rated by a user to an item encourages
the user and the item to be assigned to the same subgroup.
Specifically, we model the relationship between users and
items using a bipartite graph, in which, N users and M items
are two sets of vertices. An edge between the n-th user and
the m-th item exists if and only if the user has rated the item,
and the edge weight is set to be Rnm. Let Q ∈ RC×N and
P ∈ RC×M be confidence distribution matrices for users and
items. In order to make those strongly associated users and
items be grouped into the same subgroups, we minimize the
following loss function:
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where ηq, ηr > 0. The constraints about Q,P force their
elements in the range of [0, 1]. The two l1-norm regularization
items encourage the confidence distributions sparse enough.
Drow

nn =
∑M

m=1 δnmRnm, and Dcol
mm =

∑N
n=1 δnmRnm.
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C. Regression Regularization Terms

The idea behind the regression regularization is that the
latent factor representations should be discriminative enough
to find the subgroup distributions of users and items, and
in turn some domain information should be embedded into
the latent factor representations for rating prediction. Here,
we use the confidence distributions (i.e., Q and P) as soft
pseudo domain labels to learn the corresponding mappings
from the user-specific latent space U and the item-specific
latent space V, respectively. Specifically, the mapping matrixes
A ∈ RC×K and B ∈ RC×K for users and items are learned
by the following two regression loss functions:

L3 =
1

2
||AU − Q||2F +

γa

2
||A||2F , (3)

L4 =
1

2
||BV − P||2F +

γb

2
||B||2F , (4)

where γa, γb > 0.

D. The Unified Model

To integrate the above three components, i.e., L1, L2, L3

and L4, into a unified framework, we get the final objective
function. Such a unified model ensures the collaborative ef-
fect among users varies across different domains. The joint
optimization function is convex w.r.t. U, V, Q, P, A and
B respectively, but not simultaneously. Thus, we iteratively
optimize the above objective function by alternatively updating
one while fixing others.

III. EXPERIMENTS

We perform experiments on the classic movie rating dataset
Movielens-100K1 and two product review datasets: Epinions
and Ciao2. For each dataset, we use different observed data
divisions (20%, 50% and 80%) in our experiments. Training
data 80%, for example, means we randomly select 80% of
observed ratings as the training data to predict the remaining
20% ratings. We also set different latent factor dimension (K)
to test the matrix factorization methods. 10 random divisions
of observed ratings are carried independently, and the average
results are reported, while the Mean Absolute Error (MAE) is
used to measure the prediction quality.

For comparison, we consider the following related method-
s: Weighted NMF (WNMF) [1], Singular Value Decomposition
(SVD) [2], PMF [3], User-Clustering CF (UserClu), Item-
Clustering CF (Item), Co-Clustering CF (CoClust) [4], and
Multiclass Co-Clustering CF (MCoC) [5]. Specifically, the
first three methods are traditional and popular CF techniques
without considering the domain influence, and the other four
methods are clustering based collaborative recommendation
techniques, in which UserClu and ItemClu are one-sided clus-
tering based solutions, and CoClust [4] and MCoC [5] are two-
sided clustering based ones. The results on the three datasets
are reported in Table I,II,III, respectively. For DsRec, we set
the regularization parameters λu = λv = 0.1, ηq = ηp = 1
and γa = γb = 10 empirically. We also set the weighting
coefficient βa = βb = β. For those clustering CF methods
(UserClu, ItemClu, CoClust, MCoC and DsRec), the number
of subgroups C = 10 in all the experiments.

1http://grouplens.org/datasets/movielens/
2http://www.public.asu.edu/ jtang20/datasetcode/truststudy.htm

From the results, we can obtain some observations. First,
DsRec consistently outperforms other staged style of approach-
es in all the settings. This verfies the effectiveness of the
unified framework of DsRec by integrating domain detection
and rating prediction together. Second, the better performance
of CoClust, MCoC and DsRec than that of WNMF, SVD, and
PMF, illustrates that domain detection can improve the rating
prediction accuracy. Second, the two-sided clustering solutions
of CoClust, MCoC and DsRec achieve better performance than
the one-sided clustering solutions of UserClu and ItemClu. The
reason is that the former can make full use of the intra- and
inter- correlations of users and items in the rating matrix.

TABLE I. COMPARISON ON MOVIELENS-100K (α = 100, β = 100)

WNMF SVD PMF UserClu ItemClu CoClust MCoC DsRec

20% K=5 0.8366 0.8057 0.8261 0.8525 0.8624 0.8020 0.8029 0.7592
K=15 0.8368 0.8063 0.8234 0.8671 0.8580 0.8180 0.7721

50% K=5 0.7955 0.7691 0.7748 0.8075 0.7906 0.7670 0.7560 0.7277
K=15 0.7947 0.7667 0.7721 0.8249 0.8147 0.7585 0.7394

80% K=5 0.7790 0.7485 0.7348 0.7682 0.7548 0.7560 0.7213 0.7060
K=15 0.7772 0.7408 0.7358 0.7847 0.7694 0.7229 0.7134

TABLE II. COMPARISON ON EPINIONS (α = 10, β = 1000)

WNMF SVD PMF UserClu ItemClu CoClust MCoC DsRec

20% K=5 1.1007 0.9310 0.9405 0.9773 0.9864 1.0754 0.9396 0.8707
K=15 1.0538 0.9314 0.9465 0.9701 0.9740 0.9345 0.8636

50% K=5 0.9258 0.8647 0.8796 0.9140 0.9135 0.8924 0.8622 0.8184
K=15 0.8947 0.8649 0.8748 0.8973 0.9175 0.8680 0.8248

80% K=5 0.8795 0.8571 0.8562 0.8561 0.8743 0.8450 0.8420 0.7979
K=15 0.8696 0.8580 0.8546 0.8520 0.8674 0.8467 0.8103

TABLE III. COMPARISON ON CIAO (α = 100, β = 1000)

WNMF SVD PMF UserClu ItemClu CoClust MCoC DsRec

20% K=5 1.1241 0.9050 0.8780 0.9120 0.9118 1.0283 0.8637 0.8423
K=15 1.0813 0.9084 0.8777 0.8871 0.8851 0.8659 0.8108

50% K=5 0.8991 0.8034 0.8420 0.8730 0.8548 0.7928 0.8350 0.7738
K=15 0.8573 0.8097 0.8377 0.8452 0.8372 0.8235 0.7716

80% K=5 0.8289 0.7895 0.8054 0.8249 0.8107 0.7556 0.7823 0.7467
K=15 0.8026 0.7950 0.8077 0.8409 0.8168 0.7789 0.7484

IV. CONCLUSION

DsRec is a unified formulation integrating a matrix factor-
ization model for rating prediction and a bi-clustering model
for domain detection. Experiments conducted on three real-
world datasets demonstrate the effectiveness of the proposed
domain sensitive recommendation algorithm.
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