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has experienced an upsurge of interest in recommender systems
community, e.g., [4][5][19]. Context-aware recommendation
differs from traditional recommendation not only in the sense that
it makes use of contextual information that is available to be
exploited, but also in the sense that the purpose of
recommendation is more specific, e.g., recommending movies
specifically for Christmas week, or recommending movies
specifically featured with an emotional property [15]. 1
Accordingly, the research challenge in the area of context-aware
recommendation mainly concerns two aspects: First, it is expected
that the new recommendation technique/model could retain the
benefits of conventional recommender approaches, e.g.,
collaborative filtering (CF), which mines recommendation from
user-item matrix [2], while also allowing the integration of
additional contextual information to exert impact on
recommendation. Second, it is expected that the new
recommendation technique could be “aware” of the specific
purpose for which the recommendation is being generated. In
other words, it is especially desired that the specific purpose could
be taken into account in the recommendation model.

ABSTRACT
Context-aware
recommendation
seeks
to
improve
recommendation performance by exploiting various information
sources in addition to the conventional user-item matrix used by
recommender systems. Recommendations should also usually
strive to satisfy a specific purpose. Within the Moviepilot mood
track of the context-aware movie recommendation challenge, we
propose a novel movie similarity measure that is specific to the
movie property demanded by the challenge, i.e., movie mood. Our
measure is further exploited by a joint matrix factorization model
for recommendation. We experimentally validate the effectiveness
of the proposed algorithm in exploiting mood-specific movie
similarity for the recommendation with respect to several
evaluation metrics, demonstrating that it could outperform several
state-of-the-art approaches. In particular, mood-specific movie
similarity is demonstrated to be more beneficial than general
mood-based movie similarity, for the purpose of mood-specific
recommendation.

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

In this paper, we propose a new recommendation model for
context-aware recommendation that specifically addresses these
two aspects of the research problem. First, we propose a joint
matrix factorization model that not only factorizes the user-item
rating matrix but also exploits contextual information (i.e., movie
mood in this paper) as a regularization term. In this way, we
incorporate into the proposed model the ability to learn from useritem matrix (essentially similar to the conventional CF) but at the
same time also allow contextual information to be fused into the
recommendation process. Second, we propose a novel similarity
measure that could reflect the relationship between items with
respect to a specific property (i.e., a specific movie mood in this
paper). In this way, the proposed model could direct the
recommendation towards
the
specific purpose
(i.e.,
recommending movies with a specific mood in the paper).
Throughout this paper, we extend our study based on the
Moviepilot challenge, which will be introduced in detail in next
section. Although we focus on mining mood-specific movie
similarity with a joint matrix factorization model for contextaware recommendation in this paper, the proposed model could be
easily applied to integrate other contextual information for other
specific recommendation purposes.

General Terms
Algorithms, Performance, Experimentation

Keywords
Recommender systems, collaborative filtering, context-aware
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1. INTRODUCTION
Recommender systems can be improved by enrichment with
various sorts of contextual information, e.g., relationship among
users in social media sites, tags of products, background message
of products, timestamp of user actions, e.g., [1][3]. Recently,
exploiting contextual information for improved recommendation
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can contribute to generating recommendations. In this paper, only
the mood tags are used.

The key contribution of our work lies in proposing a novel
mood-specific movie similarity, which is exploited in a joint
matrix factorization model for improved context-aware (moodspecific) movie recommendation.

Fourth, there are quite a few movies in the provided
evaluation/validation set that actually have only very low ratings,
as can be seen (in Fig. 1) from the distribution of ratings in the
pre-defined evaluation set. The implied goal is that these low
rated movies should also be recommended to the target user when
appropriate. All of the evaluation metrics consider movies of
different ratings in the evaluation set as equally relevant. On one
hand, this state of affairs suggests that relying solely on rating
prediction to generate recommendation might not be sufficient.
On the other hand, it is also difficult to apply ranking-oriented
approaches [13][14][18], since either a pair-wise ranking or listwise ranking approach requires training examples annotated with
item ratings.

The remainder of the paper is structured as follows. In the next
section, we present an overview on the Moviepilot mood track of
context-aware movie recommendation challenge (denoted as
Moviepilot challenge in the following). Then, in section 3, we
summarize related work and position our approach with respect to
it. The proposed mood-specific movie similarity and the joint
matrix factorization model are described in detail in section 4,
after which we present experimental evaluation on the Moviepilot
challenge dataset. The last section sums up the key aspects of the
proposed algorithm and briefly addresses the direction for future
work.

2. Overview of Moviepilot Challenge
2.1 Problem statement
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The problem of Moviepilot challenge can be described as: Based
on both user-item rating matrix and other provided contextual
information, e.g., movie-mood tag matrix, to recommend a list of
movies that have specific mood property (indicated by mood tags)
to each target/test user [15]. The recommendation list should
contain relevant 2 movies as many possible, and as highly ranked
as possible. In other words, it is expected that recommended
movies need to be interesting to the user but also of the specific
mood.
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Fig. 1 The distribution of ratings in the evaluation set of
Moviepilot challenge

3. RELATED WORK
This section briefly summarizes the existing related research in
CF and context-aware recommendation.

3.1 Collaborative Filtering
A comprehensive survey of collaborative filtering approaches can
be found in [1][10]. Collaborative filtering is based on the concept
that users with similar preference would like the same items in
future (i.e., user-based perspective), or items with similar
purchase/ consumption history would be liked by users who
already like one of those items (i.e., item-based perspective).
Various algorithms have been devoted to improving either userbased approaches [9][17][21], or item-based approaches
[7][16][20]. However, measuring similarities among users or
items on a large scale is computationally expensive, which also
degrades the usefulness of these similarities for context-aware
recommendation scenario.

Second, the evaluation is based on the recommended movies
with the specified mood. Two conceptualizations of the problem
are possible. Under the first, one could use known
recommendation
approaches
to
generate
the
initial
recommendation, and then remove those movies without the
specified mood. However, under this approach the mood-specific
demand of users would not actually be exploited during the
recommendation process. This situation could lead to
recommendation performance far short of what is targeted. Under
the second, one could conceptualize the recommendation as not
only involving the movies that the user would be interested in, but
also emphasizing movies with the specified mood. Our work in
this paper indeed follows the latter conceptualization.

Matrix factorization (MF) techniques have attracted much
research attention, due to the advantages of scalability and
accuracy [12], especially for large-scale data, as exemplified by
the Netflix contest. Generally, MF techniques learn latent features
of users and items from the observed ratings in the user-item
rating matrix. These latent features are further used to predict
unobserved ratings. However, MF is specifically rating prediction
oriented. Additional consideration needs to be made in order to
apply it to recommendation task. The joint matrix factorization
framework is an extension of MF. It is widely proposed for
different purposes, e.g., fusing document content and graph link

Third, apart from a large scale user-item rating matrix, various
sorts of other contextual information are provided in this
challenge, e.g., mood tags of movies, movie location, intended
audience of movies. For this reason, various information sources

http://www.netflixprize.com
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First and foremost, the evaluation of the challenge is based on
recommendation list, e.g., by precision, mean average precision
(MAP), and area under curve (AUC) and not based on the rating
prediction error rate, e.g., root mean square error used in Netflix
contest 3 .
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Here, we summarize several characteristics of this challenge,
which are necessarily to mention in order to distinguish it from
the traditional collaborative filtering problem.

A movie is considered “relevant” for a user if it has been rated by that
user and also has the specified mood used for evaluation.
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similarity, which encodes the connection between two movies
w.r.t. the specified mood. Then, we present a joint matrix
factorization framework, which integrates mood-specific movie
similarity as a regularization modality into conventional user-item
rating matrix factorization. A locally optimal solution can be
obtained by applying an efficient learning process.

information for document retrieval or web page classification
[6][23], fusing geographical location features and people activity
correlation for location-based recommendation [22]. In this paper,
we also exploit joint matrix factorization to fuse mood-specific
movie similarity with factorization of user-movie rating matrix.
Many ranking-oriented approaches have been investigated in
the literature as well, including exploitation of pair-wise
preference between items for users, e.g., probabilistic latent
preference analysis [13] and Bayesian probabilistic ranking [14],
as well as exploitation of list-wise preference [18], recently.
However, the basis for ranking in those approaches, either pairwise or list-wise preference, is derived from item ratings, which
effectively imposes the assumption that low rated items should be
ranked lower than high rated items. This property does not satisfy
the requirement in the Moviepilot challenge as mentioned in
section 2.2, since there are quite a few relevant movies actually
having very low ratings. The difference can also be reflected by
the evaluation metrics, i.e., the suggested metrics for Moviepilot
challenge, e.g., MAP and AUC, are rating insensitive, while the
Normalized Discounted Cumulative Gain (NDCG) used in most
of the aforementioned ranking-oriented approaches is rating
sensitive. For this reason, we did not extend our study following
those approaches, but rather leave them for future work.

4.1 General Mood-based Movie Similarity
According to traditional item-based CF, item-to-item similarity
can be defined as the cosine similarity between two item rating
vectors [7]. Similarly, given the movie-mood (binary) matrix M
(consisting of N movies and E mood tags), in which Mjk=1
indicates that the movie j has the mood tag k, otherwise 0, we can
define the general mood-based movie-to-movie similarity between
movie j and n, as shown below:
E

S (jnMovie ) =

k =1

E

∑M
k =1

jk

M nk
E

∑M

2
jk

k =1

(1)
2
nk

However, the mood-based similarity only gives general closeness
measurement of two movies in terms of all their mood properties.
For example as shown in Fig.2, two movies (A and B) sharing a
different mood property could be equally similar to another movie
(D). If the required mood of movie is specified, this similarity
fails to differentiate the two movies. For this reason, we expect
that a fruitful approach would involve adjusting the movie-tomovie similarity when the mood is specific. In the following
section, we propose a novel mood-specific movie similarity to
address this issue.

3.2 Context-aware Recommendation
Recently, much research effort has been devoted to context-aware
recommendation. 4 Basically, contextual information in recommender systems can be regarded as any available information
beyond the user-item rating matrix. Contextual information is
regarded as additional dimensions to the user and item rating
vectors in [1], that are used to obtain item recommendation for a
given context. More recently, context-aware recommendation has
become more application-specific, e.g., exploiting contextual
information for travel recommendation [5], for news
recommendation [4], and for music recommendation [19].
Compared to this work, the proposed algorithm in this paper
enjoys the advantages of being adaptive to any new application
domain and being able to handle large-scale data.

4.2 Mood-specific Movie Similarity
Rather than the general mood-based movie-to-movie similarity,
the mood-to-mood similarity between mood i and k can be also
defined as:
N

S ik(

Mood )

=

∑M
j =1

N

ji

M jk
N

∑M ∑M

Recommendation models for fusing contextual information,
especially for social relationship, have been studied, recently. A
random walk with restart model [11] is exploited to generate item
recommendation from a hyper-graph, which can include multiple
types of nodes and links including user-user friendship, item-tag
indication, etc. However, all the links in the hyper-graph are
generally considered as binary, which could hardly be common in
the general case. For example, in the Moviepilot challenge, the
user-movie relationship is reflected by scaled ratings, while the
movie-mood relationship is reflected by binary indication. Fusing
the two into a hyper-graph is difficult, since simply thresholding
the ratings to be binary ones could result in a critical information
loss that would negatively influence the recommendation
performance.

2
ji

j =1

j =1

(2)
2
jk

Once the mood-to-mood similarity matrix is obtained, for a given
mood m, we can generate a mood-specific (to m) movie-mood
matrix, as expressed in Eq. (3):
( Mood )
, if k ≠ m
⎪⎧ S
M (jkm-spec ) = ⎨ mk
⎪⎩ M jk , if k=m

(3)

Note that the mood-specific movie-mood matrix M(m-spec) is not
binary. Then, the mood-specific movie-to-movie similarity can be
expressed as:
E

S (jn

m-spec )

=

∑M
k =1

E

∑M

4. THE ALGORITHMS

k =1

In this section, we introduce our proposed algorithm for the
context-aware movie recommendation specified in Moviepilot
challenge, i.e., recommending movies with specific mood
property to the target users. We first present a novel movie (item)
4

∑M

( m-spec )
jk

( m-spec )2
jk

M nk( m-spec )
E

∑M
k =1

(4)

( m-spec )2
nk

For the example in Fig.2, suppose that we are given the specific
demand of mood “anxious”. We can then derive mood-specific
movie similarity particularly for the mood “anxious”. In contrast
with the case of general mood-based similarity, in the case of
mood-specific movie similarity the movie D is shown to be more
similar to the movie A than to the movie B. It can be observed
that the mood-specific movie similarity could help to distinguish

http://ids.csom.umn.edu/faculty/gedas/cars2009
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movie similarity, for learning latent features. Second, as our
purpose is to recommend movies with specified mood tag, the
mood-specific movie similarity particularly helps to learn latent
movie features with respect to the specified mood. Note that the
first advantage could also be realized by using another movie
modality, e.g., the general mood-based movie similarity. However,
we emphasize that the second advantage is unique in this model.
In the experimental section, we compare the benefits from general
mood-based movie similarity and mood-specific movie similarity.

movies according to the specification of the demand of the mood
property. Fore this reason, the mood-specific movie similarity
could have the potential of further contributing to the contextaware recommendation.
A
B
C
D

Sad Anxious Upset Scared
1
1
1
0
0
1
1
1
1
1
0
0
1
1
1
1

A
B
C
D
X 0.667 0.816 0.866
0.667 X
0.408 0.866
0.816 0.408
X 0.707
0.866 0.866 0.707 X

A
B
C
D

(Movie)

S

Minimization of the objective function can be solved by
gradient descent with alternatively fixed U and V. This process
results in a local minimum solution. The gradients of L(U,V) with
respect to U and V can be computed as:

S(Mood)
Sad Anxious Upset Scared
Sad
X
0.866 0.667 0.408
Anxious 0.866
X
0.866 0.707
Upset 0.667 0.866
X
0.816
Scared 0.408 0.707 0.816
X

M(Anx-spec)
Sad Anxious Upset Scared
A 0.866
1
0.866
0
B
0
1
0.866 0.707
C 0.866
1
0
0
D 0.866
1
0.866 0.707

S(Anx-spec)

A
B
C
D
A
X 0.738 0.837 0.913
B 0.738 X 0.504 0.866
C 0.837 0.504 X 0.764
D 0.913 0.866 0.764 X

N
∂L
= ∑ I uj (U uTV j − Ruj )V j + λU u
∂U u j =1

(7)

K
N
∂L
= ∑ I uj (U uT V j − Ruj )U u + 2α ∑ J jn (V jT Vn − S (jnm-spec ) ) Vn + λV j
∂V j u =1
n =1

(8)

Note that in Eq. (8) we exploit the symmetry of S(m-spec). The
details of the algorithm JMF-MS are described in Fig. 3.
Algorithm JMF-MS

Fig. 2 An illustrative example of mood-specific movie
similarity

Input:

mood-specific movie-to-movie similarity S(m-spec),

4.3 Joint Matrix Factorization

tradeoff parameter α,

The basic matrix factorization [12] can be formulated as in Eq. (5):
2
λ
1 K N
U , V = arg min ∑∑ I uj ( Ruj − U uT V j ) + U U
2 u =1 j =1
2
U ,V

2
F

+

λV
2

V

regularization parameter λ,

(5)

2

maximal number of iterations iterMax,

F

stop condition ε.

Given the user-movie rating matrix R consists of K users and N
items, MF represents the user-movie rating matrix R with two
low-rank matrices, U and V. A d-dimensional set of latent features
is used to represent both users (in U) and items (in V). Note that
we use Uu to denote a column d-dimensional feature vector of
user u and Vj a column d-dimensional feature vector of movie j,
and Ruj denotes the user u’s rating on movie j. Iuj denotes an
indicator function that is equal to 1 when Ruj > 0, and 0 otherwise.
Finally, λU, λV are regularization parameters for which we set λU
=λV =λ for simplification in this paper.

Output: Complete user-movie relevance matrix R̂ .

A joint matrix factorization model can be formulated by taking
into account the mood-specific movie similarity as an additional
regularization modality (denoted as JMF-MS), which is expressed
as:

L (U ,V ) =
+

K

α

N

1.

Initialize U(0), V(0) with random values;

2.

t=0;

3.

f=0;

4.

Compute L as in Eq. (6);
while (t < iterMax and f = 0) do

6.

η=1;

7.

Compute ∂L , ∂L as in Eq. (7) and (8)
∂U ( t ) ∂V (t )

8.

while ( L(U (t ) − η ∂L ,V (t ) − η ∂L ) ≥ L(t ) ) do
∂U (t )
∂V (t )

N

∑∑ J ( S
2
j =1 n =1

jn

( m-spec )
jn

9.

(6)

− V jT Vn ) +
2

(U
2

λ

2
F

+V

2
F

)

where Jjn is also an indicator function that is equal to 1 if Sjn(m-spec)
>0, and 0 otherwise. α is a tradeoff parameter for weighting the
contribution of regularization by mood-specific movie similarity.
The objective function consists of two parts, i.e., factorizing latent
user features and movie features in terms of user-movie rating
matrix and simultaneously factorizing latent movie features in
terms of mood-specific movie similarity matrix, which is
independent of rating matrix. The advantages of the joint matrix
factorization model are twofold: First, it could alleviate data
sparseness problem in the rating matrix where movies with few
ratings could benefit from additional modality, i.e., mood-specific

// indicator of convergence
(t)

5.

N

2
1
∑∑ Iuj ( Ruj − U uTV j )
2 u =1 j =1

user-movie rating matrix R,

η=η/2;

// maximize learning step size
∂L , (t +1)
∂L ;
V
= V (t ) − η
∂U (t )
∂V ( t )

10.

U ( t +1) = U ( t ) − η

11.

Compute L(t+1) as in Eq. (6)

12.

if (L(t)-L(t+1) ≤ ε) do

13.
14.
15.

f = 1;
t = t+1;
Return Rˆ = U ( t )T V ( t ) ;
Fig. 3 Algorithm description for the proposed JMF-MS
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where Kts is the number of users for testing, and Nu denotes the
number of recommended movies for the user u. relu(j) is a binary
indicator, which equals to 1 if the movie of rank j is relevant to
user u, otherwise 0. Pu@j is the precision of the top j
recommended movies for the user u, i.e., the ratio of movies in the
top j recommendation are relevant to the user u.

4.4 Complexity Analysis
By exploiting the data sparseness, the computation of the
objective function in Eq. (6) is of complexity O(d|R|+
d|S(m-spec)|+d(K+N)), where |R| denotes the number of observed
ratings in a given user-movie matrix, and |S(m-spec)| denotes the
number of non-zero similarities in the mood-specific similarity
matrix. The complexity of the gradients in Eq. (7) and Eq. (8) is
O(d|R|+dK)
and
O(d|R|+d|S(m-spec)|+dN),
respectively.
Considering the fact that we often have |R| >> K, N, the total
complexity in one iteration is O(d|R|+ d|S(m-spec)|). For further
simplification, one could only concern the movies with the
specified mood tag, since movies without the specific mood are
not expected to be recommended. Therefore, the number of
movies involved could be much less than the total number of
movies, which could lead to |S(m-spec)|<< |R|. In practice, the
complexity could be equivalent to O(d|R|), which is linear with
the number of observed ratings in the user-movie matrix. This
analysis indicates that the proposed algorithm is computationally
efficient and can be applied to large-scale cases.

The definition of AUC [14] for user u is expressed as:

AUCu =

Pair (u ) = {( j , n) | j ∈ Ts(u ), n ∉ Tr (u ), n ∉ Ts (u )}

Among all of the metrics used in this paper, we emphasize that
the AUC is less indicative than other precision-related metrics.
The reason is the AUC involves all pairs containing any relevant
movie in the test set as well as all irrelevant movies (which are not
in either training set or test set). However, the number of
irrelevant movies is much larger than that of the relevant ones in
the dataset, which means that the AUC could be less sensitive to
the variation in the ordering of movies.

(1) Does minimizing the objective function indeed contribute to
improving recommendation performance?
(2) Can the proposed algorithm JMF-MS outperform other stateof-the-art approaches?
(3) How helpful is the mood-specific movie similarity for the
purpose of mood-specific recommendation in the Moviepilot
challenge?

5.1.3 Experimental protocol
We use the predefined training set and evaluation (validation) set
from the Moviepilot challenge to evaluate the performance of our
proposed algorithm. The ratings in the training set are used to
generate recommendations for the test users in the evaluation set.
Moreover, the evaluation only concerns the movies with a specific
mood tag (i.e., the one with identifier 16) to be the true positives
for the test users. Recommended movies that are in the evaluation
set but are without the specified mood tag are counted as false
positives for the test users, i.e., they do not contribute to
improvement as reflected by the evaluation metrics.

5.1 Experimental Setup
5.1.1 Dataset
Our experiments are conducted on the dataset of the “Moviepilot
mood track”, which consists of around 4.5M ratings (scale 0–100)
assigned by around 105K users to a collection of around 25K
movies. Apart from user-movie rating matrix, various contextual
information is provided, e.g., gender and age of users, production
year of movies, intended audience of movies, etc. Among all of
the contextual information, we only exploit the mood tags of
movies in this work, since the recommendation purpose is to
recommend movies with a specific mood tag. The movie-mood
tag (binary) matrix consists of around 25K movies and 16 mood
tags, which in total involves 6,712 mood tag indications on
movies.

5.2 Impact of tradeoff parameter α
The tradeoff parameter α in the proposed algorithm influences the
relative contribution from the mood-specific movie similarity.
Fig. 4 illustrates the impact of α on the evaluation metrics, in
which we can see that for most of the metrics, i.e., P@5, P@10
and MAP, the optimal α is nearly 0.1. For AUC the impact of α is
unclear. However, as mentioned before, we consider AUC not to
be a meaningful measure for the context-aware recommendation.
For this reason, we focus on the precision related metrics and
further keep the α set to 0.1. Note that in this paper we fix the
dimensionality of latent features to be 10. Although tuning this
parameter would influence the performance, we focus in this
paper only on the usefulness of the mood-specific movie
similarity in the joint matrix factorization model. The
regularization parameter λ is set to 1 based on the observation
from the performance of the basic matrix factorization, which is
also indicated in section 5.4.

5.1.2 Evaluation metrics
Four widely used evaluation metrics for measuring the quality
recommendation list are adopted, i.e., Precision at top-5
recommended movies (P@5), P@10, mean average precision
(MAP) and the area under the (receiver operating) curve (AUC)
[8][10]. P@5 reflects the average ratio of the number of relevant
movies over the top-5 recommended movies for all users. P@10 is
defined similarly as P@5. The definition of MAP is expressed as
below:

∑ ( rel ( j ) × P @ j )
∑
∑ rel ( j )
Nu

K ts

u =1

j =1

u

u

(9)

Nu

j =1

(11)

where Tr(u) is the training set of movies for user u that are already
in the user’s profile, and Ts(u) is the test set of movies for user u
that are expected to be recommended. The best achievable AUC is
of value 1. In our experiments, we report the AUC averaged
across all test users.

In this section, we present the experiments to evaluate the
proposed algorithm. The research questions that need to be
answered through the experiments can be formulated as follows:

1
K ts

(10)

in which h(x) is an indicator function that equals to 1 if x>0 (or
logically true), and is 0 otherwise. Pair(u) is a set of movie pairs
to be evaluated for user u, i.e.,

5. EXPERIMENTS AND EVALUATION

MAP =

1
∑ h ( rank ( j ) < rank ( n ) )
Pair (u ) ( j ,n )∈Pair (u )

u
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•

PopRec: Movies are recommended to users based on their
popularity, which is defined in terms of the number of users
who watched them in the training set. We consider it is a
non-personalized and naive baseline since every test user will
have same recommendation.

•

RWR: This algorithm is a state-of-the-art recommendation
approach that uses random walk with restart (RWR) [11],
which takes the user-item rating matrix as a bi-partite graph.
Here, we set the restart probability to 0.8 to give the optimal
performance on the evaluation set.

•

MF: This algorithm represents a basic state-of-the-art matrix
factorization approach as in [12], which is also equivalent to
Eq. (5). The dimensionality of the latent user and movie
features is set to 10. The regularization parameter λ is set to 1,
which also gives the optimal performance on the evaluation
set. Note that the same corresponding parameters are used in
the proposed algorithm.

•

JMF-MB: This algorithm is a joint matrix factorization
approach that incorporates the general mood-based movie
similarity rather than mood-specific movie similarity in Eq.
(6). It also shares the same corresponding parameters as used
in MF. In addition, we set the tradeoff parameter to 0.01 to
again give the best performance on the evaluation set. The
JMF-MB is used to compare with the proposed algorithm
especially for validating the usefulness of the mood-specific
movie similarity.
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Fig. 4 The impact of tradeoff parameter on the
recommendation performance of the proposed algorithm

5.3 Effectiveness
We further investigate the research question (1), namely to which
extent the minimization of the objective function contributes to
the improvement of the recommendation. For this reason, we
demonstrate the variation of the output of the objective function
(normalized for demonstration purpose) and evaluation metrics,
e.g., P@5 and MAP, simultaneously during the iterations of
optimization, as shown in Fig. 5. As observed, the
recommendation performance generally increases when the
objective function is minimized.
0.350
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0.330

Output of objective function
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0.7

The results are shown in Table.1, from which we can see that the
proposed algorithm outperforms other approaches with respect to
P@5, P@10 and MAP. Although the AUC performance is worse
than the performance of PopRec or RWR, we emphasize again
that the precision related metrics are more critical indicators for
this recommendation task. This observation holds especially for
the early recommendation performance, which is reflected by
P@5 and P@10. The proposed algorithm achieves over 10%
improvement over MF with respect to P@5, P@10 and MAP,
which indicates that the mood-specific movie similarity indeed
brings up additional benefits apart from user-movie rating matrix.
Regarding the research question (3), the proposed algorithm also
achieves over 5% improvement over JMF-MB with respect to
P@10 and MAP, which indicates that the mood-specific movie
similarity is more beneficial for the mood-specific
recommendation purpose compared to mood-based movie
similarity.
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Table 1. Comparison of recommendation performance
between the proposed algorithm and other baseline
approaches.
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Fig. 5 The effectiveness of the proposed algorithm for
recommendation performance

5.4 Performance Comparison
In order to provide answer to the research question (2), we
compare in this section the performance of the proposed algorithm
JMF-MS with some other state-of-the-art recommendation
approaches listed below.

PopRec

0.239

0.259

0.264

0.874

RWR

0.266

0.273

0.281

0.883

MF

0.301

0.264

0.273

0.862

JMF-MB

0.333

0.286

0.281

0.861

Proposed JMF-MS

0.338

0.297

0.294

0.869

6. DISCUSSION AND CONCLUSIONS
In this paper, we proposed a novel mood-specific movie similarity
concept, which is suitable for the purpose of mood-specific movie
recommendation. A joint matrix factorization model is proposed
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that factorizes both the user-movie rating matrix and the moodspecific movie similarity matrix. The proposed algorithm is
scalable for application to the task of recommendation with
specific purpose⎯the complexity is linear with the number of
observed ratings in rating matrix. It is also experimentally
demonstrated to be effective for mood-specific movie
recommendation and outperforms the state-of-the-art approaches.
In addition, we specifically validate the usefulness of the moodspecific movie similarity compared to general mood-based movie
similarity, which indeed leads to a substantial performance
improvement.
In our future work, we will investigate exploitation of rankingoriented approaches for context-aware recommendation.
Additionally, we will investigate other movie modalities that
might be able to influence mood-specific movie recommendation.
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