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ABSTRACT

Social tagging services allow users to annotate various on-
line resources with freely chosen keywords (tags). They not
only facilitate the users in finding and organizing online re-
sources, but also provide meaningful collaborative semantic
data which can potentially be exploited by recommender
systems. Traditional studies on recommender systems fo-
cused on user rating data, while recently social tagging data
is becoming more and more prevalent. How to perform re-
source recommendation based on tagging data is an emerg-
ing research topic. In this paper we consider the problem
of document (e.g. Web pages, research papers) recommen-
dation using purely tagging data. That is, we only have
data containing users, tags, documents and the relation-
ships among them. We propose a novel graph-based rep-
resentation learning algorithm for this purpose. The users,
tags and documents are represented in the same semantic
space in which two related objects are close to each other.
For a given user, we recommend those documents that are
sufficiently close to him/her. Experimental results on two
data sets crawled from Del.icio.us and CiteULike show that
our algorithm can generate promising recommendations and
outperforms traditional recommendation algorithms.

Categories and Subject Descriptors

H.3.3 [Information Storage and Retrieval]: Information
Search and Retrieval

General Terms

Algorithms, experimentation.
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1. INTRODUCTION
As one of the most successful Web 2.0 applications, social

tagging services such as Del.icio.us [9], CiteULike [7], and
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Figure 1: Two bookmarks saved by a user in
Del.icio.us.

Flickr [11] have undergone a significant growth in the past
several years. In these tagging services, the users can or-
ganize, share and retrieve online resources (e.g. Web pages
in Del.icio.us, research papers in CiteULike and photos in
Flickr) with tags easily. At the same time, the users of
these tagging services have created large amounts of tagging
data which have attracted much attention from the research
community.

Considering the scale of online resources, it is a nontrivial
job for the users to find resources they are interested in.
Most tagging services provide keyword-based search which
returns resources annotated by the given tags. However, by
using this search module, the users still have difficulties to
discover interesting resources. On one hand, the number
of returned results is usually very large. It is difficult for
the user to browse thousands of returned resources to find
the desired ones. On the other hand, the search module
only returns resources which literally match the given tags,
but ignoring semantically related ones. For example, in the
case of Web pages, when a user searches for “automobile”,
those pages tagged by“car”may not be retrieved. Moreover,
it is a difficult and tedious task for the users to formulate
proper queries and continually refine the queries during the
search. Therefore, a recommendation module is needed in
social tagging services which recommends the most desired
resources to the users from thousands, or even millions of
resources.

Recommender systems have received much attention from
both industry and academia since the early papers on collab-
orative filtering [26, 30]. Traditional recommender systems
focused on the users’ explicit rating data, e.g. movie ratings
[24], while social tagging data has its own special character-
istics and is completely different from rating data. Figure 1
shows two bookmarks saved by a user in Del.icio.us. In each
bookmark, the upper left corner shows the title of the Web
page and the lower right corner gives the tags assigned to
that page. The major differences between tagging data and
rating data are 1) unlike rating data, tagging data does not
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Figure 2: A simple example illustrating the draw-
backs of collaborative filtering methods on tagging
data (i.e. without ratings, CF algorithms may not
properly capture the interests of a user and the cat-
egorization information contained in tagging data is
lost; CF algorithms suffer from data sparsity).

contain users’ explicit preference information on resources;
2) tagging data involves three types of objects, i.e. user,
tag and resource, while rating data only contains users and
resources. These differences bring in new challenges as well
as opportunities to the recommendation problem on tag-
ging data. Although we can treat the binary relationships
between users and resources (bookmarked or not) as pseudo-
ratings and apply the collaborative filtering (CF) algorithms
for unary data [17], there are still two problems:

• Without explicit ratings, CF algorithms may not prop-
erly capture the interests of the user. Moreover, the
categorization information contained in tagging data
is lost.

• In tagging services the save frequency of resources fol-
lows power law [18], which indicates that the data is
very sparse. This further hinders the applicability of
the CF algorithms [1].

Figure 2 shows a simple example illustrating the situations.
Both u1 and u2 bookmarkded resources r1, r2 and r3 using
tag t1. In addition, u2 also bookmarked r4 and r5, with t2
and t1, respectively. Using traditional CF algorithms, we
should recommend r4 and r5 to u1 since u2 is a similar user
to u1. However, we cannot determine the order of r4 and
r5 when presenting them to u1 since they received the same
rating, that is, 1 from u2. Considering the tags used by the
two users, we should rank r5 higher since u1 is more inter-
ested in the topic represented by t1. Tags are collectively
contributed by users and represent their comprehension of
resources. They provide meaningful descriptors of resources
and also implicitly reflect the users’ interests. Using tags,
the sparsity problem may be alleviated. For instance, in Fig-
ure 2, though u1 and u3 have no common resources, they are
still similar in that they have a common tag t1. Therefore,
tags can potentially play an important role in the recommen-
dation module for a tagging service. In this paper we focus
on text document recommendation based on social tagging
data. In what follows, we will first introduce the structure
of tagging data, and then outline our approach.

1.1 The Structure of Tagging Data
The general structure of tagging data is shown in Figure 3.

The three types of objects, users, tags and documents are
interrelated with one another. Social tagging data can be
viewed as a set of triples [16, 21, 13]. Each triple (u, d, t)

Figure 3: A high-level illustration of the structure
of tagging data.

represents user u assigning tag t to document d. For ex-
ample, the first bookmark in Figure 1 corresponds to three
triples which share the same user and Web page. We can ag-
gregate across each of the three types of objects (i.e. user,
tag, document) to get weighted relationships between ob-
jects belonging to the other two types. Specifically, if we
aggregate across the “user” objects, we obtain the number
of times a tag has been assigned to a document. If we ag-
gregate across the “document” objects, we get the number
of times a user has used a tag. In our approach we make use
of such aggregations to construct weighted bipartite graphs
between different types of objects.

1.2 Outline of Our Approach
This paper addresses the problem of document recommen-

dation in social tagging services. We formulate the problem
into a graph-based representation learning framework and
propose a novel algorithm named Multi-type Interrelated Ob-
jects Embedding (MIOE). We explicitly exploit relationships
between each two types of objects, i.e. the annotation rela-
tionships between tags and documents, the usage relation-
ships between tags and users, and the bookmarking relation-
ships between users and documents. We also consider the
affinity relationships among documents. Therefore, three bi-
partite graphs and one affinity graph are constructed. The
representation learning algorithm aims at finding an optimal
semantic space which preserves the connectivity structure of
these graphs. In other words, if two objects are strongly con-
nected, that is, the corresponding edge has a high weight,
these two objects should be mapped close to each other in
the learned space. By representing users, tags and docu-
ments in the same space, we can easily capture the latent
relationships among these objects by using Euclidean dis-
tance in this semantic space. Thus, given a user, the closest
documents which have not been bookmarked by this user
are recommended to him/her.

In contrast, a more straightforward solution is to repre-
sent users and documents in the tag space as TF-IDF tag
profile vectors and recommend documents based on their
similarities to the target user. However, this method does
not consider semantic correlations between tags which is im-
portant for recommendation. For instance, if a user prefers
to use“vehicles” to annotate documents related to cars, then
the documents annotated by tag “cars” only can not be re-
trieved. Our proposed algorithm can naturally capture the
correlations among tags. The primary focus of this paper is
on text document. However, our algorithm is general and
can be applied to any social tagging data as long as a notion
of similarity between resources is defined.
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2. RELATED WORK
Our work is related to two research areas: recommen-

dation using social tagging data and graph-based subspace
learning. Here we briefly review these related works.

2.1 Recommendation Using Tagging Data
Recently, there are increasing research interests on re-

source recommendation in social tagging services. Bogers
and van den Bosch investigated using CiteULike data to rec-
ommend scientific articles (e.g. papers) [5]. They compared
three different CF algorithms and found that user-based CF
algorithm performed the best. There were also a lot of works
trying to augment traditional recommendation approaches
using tagging data [8, 33, 23, 10, 34]. De Gemmis et al.
used tagging data to augment content-based recommender
systems by treating user applied tags as additional content
of documents [8]. Tso-Sutter et al. [33] reduced three types
of objects (users, items and tags) of tagging data to two
types by either treating tags as users or as items and then
applied traditional item-based or user-based CF algorithms
[17], respectively. They fused the scores computed by CF
algorithms using a linear interpolation to generate the final
recommendation. Nakamoto et al. modified user-based CF
algorithm to incorporate tagging information in each step
[23]. Diederich et al. created TF-IDF tag profiles for users
and used this profile vector to measure user-user similarities
in the user-based CF algorithm [10]. Wetzker et al. modified
Probabilistic Latent Semantic Analysis (PLSA) to model co-
occurrence relationships between users and resources and
those between resources and tags [34]. They assumed these
two types of co-occurrence relationships shared the same set
of hidden topics. Resources were recommended to a user ac-
cording to the probabilities of those resources given the user.
The above five studies heuristically exploited tagging infor-
mation in traditional recommendation approaches. They
did not fully exploit the structural information in tagging
data (shown in Figure 3). Shepitsen et al. proposed a per-
sonalized recommendation algorithm for social tagging ser-
vices which relied on hierarchical tag clusters [31]. Their
algorithm required users to enter query tags to get recom-
mendations. Sen et al. generated item recommendations by
firstly inferring a user’s tag preferences and then calculat-
ing item preferences based on tag preferences [29]. Never-
theless, their method required various information besides
tagging information, such as clickthrough information and
rating information. The clickthrough information may be
hard to obtain and the rating information is usually absent
in social tagging data. Compared to their approach, our al-
gorithm is more general in that it relies on social tagging
data only.

Another related problem in social tagging services is tag
recommendation [13, 32]. Tag recommendation is different
from resource recommendation in that a tag recommender
recommends related tags for a resource (possibly considering
the tagging user, i.e. personalization) while a resource rec-
ommender recommends resources to a user. In [13], Guan et
al. proposed a graph-based ranking algorithm for personal-
ized tag recommendation. The algorithm takes both the tar-
get user’s historical tags and the target document as queries,
accounting for personalization and relevance, respectively,
and then ranks the tags accordingly. Top ranked tags are
recommended to the target user. However, the algorithm
does not explicitly incorporate users into its model, whereas

users are crucial for resource recommendation. Therefore, it
can not be directly applied to resource recommendation.

2.2 Graph-based Subspace Learning
Our work is also related to graph-based subspace learning.

Typical algorithms include Laplacian Eigenmap [3] and Lo-
cally Linear Embedding [19, 28]. The fundamental idea of
these algorithms is to construct an affinity graph as an ap-
proximation to the underlying data manifold and then learn
a low dimensional representation for the data by preserv-
ing the affinity graph structure. With the learned space, we
can estimate the similarity between two arbitrary instances.
Traditional graph-based subspace learning algorithms only
considered one type of data objects, while our algorithm
deals with multi-type interrelated data objects. Recently,
manifold alignment [14] is becoming a hot research topic.
The problem is to “align” two data manifolds correspond-
ing to two types of data objects into a common space by
pairwise correspondence examples between the two types of
objects. The differences between manifold alignment and
our problem are: 1) The goal of manifold alignment is to
find a one-to-one mapping between two types of objects,
while our goal is to generate recommended document lists
for the users by using tagging data; 2) Manifold alignment
only considers pairwise correspondence bwteen two types
of objects whereas we consider many-to-many relationships
among three types of objects.

3. MULTI-TYPE INTERRELATED

OBJECTS EMBEDDING
In this section we propose our algorithm Multi-type In-

terrelated Objects Embedding (MIOE) for document rec-
ommendation on social tagging data. We begin with a de-
scription of the general ideas of MIOE.

3.1 General Ideas
The basic intuition behind MIOE is: If a user u has used

a tag t many times, then he/she has strong interest in the
topic represented by the tag t; If t has been applied to doc-
ument d many times, then d is strongly related to the topic
represented by t. We should recommend such document to
the user. We consider the recommendation problem from
a representation learning perspective and aim at finding a
semantic space in which related objects (users, tags ,doc-
uments) are close to one another. Intuitively, those doc-
uments which are close to but not bookmarked by a user
should be recommended to that user. To model the relation-
ships between users and tags and that between tags and doc-
uments, we construct two weighted bipartite graphs where
the edge weights are obtained by using the corresponding
aggregation methods described in section 1.1. For example,
the edge weight between a user u and a tag t denotes the
number of times the user u has applied the tag t to dif-
ferent documents. We also construct an unweighted bipar-
tite graph to model the bookmarking relationships between
users and documents since this type of relationships can-
not be inferred from the former two bipartite graphs. We
keep this graph unweighted because of the fact that a user
using more tags to annotate a document dose not necessar-
ily mean he/she is more interested in the document. Note
that the former two bipartite graphs encode the collabora-
tive tagging information, while the latter one represents the
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Figure 4: An illustration of the recommendation
problem that we consider. Users, tags and docu-
ments are connected with one another by three bi-
partite graphs. We also have an affinity graph for
documents.

collaborative information exploited by CF methods (with-
out explicit ratings). In addition to these bipartite graphs,
we also construct an affinity graph for documents. By lever-
aging contents of documents, we can alleviate the cold-start
problem for documents [1]. In what follows we show how to
find the optimal semantic space that best preserves different
affinity relationships modeled by these graphs.

3.2 Problem Formulation
The sketch of the problem is illustrated in Figure 4. We

have three types of objects, users, tags and documents, and
let U , T and D denote the sets of users, tags and documents,
respectively. The relationships among U , T and D are de-
scribed by three bipartite graphs: HU,T , HT ,D and HU,D.
We also have an affinity graph GD that describes the similar-
ity relationships between documents. Our recommendation
problem is, given a user u ∈ U , to recommend u a list of doc-
uments from D in which the user would be interested with
the highest probabilities. We formulate it as a representa-
tion learning problem as follows. Let Rut be a | U | × | T |
weighted adjacency matrix corresponding to HU,T , Rtd be
a | T | × | D | weighted adjacency matrix corresponding
to HT ,D and Rud be a | U | × | D | unweighted adjacency
matrix corresponding to HU,D. W represents the affinity
matrix corresponding to GD which has size | D | × | D |.
Then the problem becomes, given Rut, Rtd, Rud and W,
finding a semantic space for users, tags and documents which
best preserves the connectivity structures of those graphs.
Once the semantic space is learned, the closest documents
that the user has not bookmarked can be recommended to
that user.

3.3 Learning the Optimal Semantic Space
To learn the optimal semantic space, we adopt a similar

idea to that of graph-based subspace learning [3, 15, 22].
That is, if two objects are strongly connected, then they
should be mapped close to each other in the learned space.

3.3.1 1-dimensional Embedding

Let k be the dimensionality of the target space. We first
consider the simplest case that k = 1. We define a | U | ×1
vector f for U in which fi is the coordinate of ui on the line.

g and p are defined similarly for T and D, respectively.
Then we have the following cost function

Q(f ,g, p)

= α

|U|
∑

i=1

|T |
∑

j=1

Rut
ij (fi − gj)

2 + β

|T |
∑

i=1

|D|
∑

j=1

Rtd
ij (gi − pj)

2

+ γ

|U|
∑

i=1

|D|
∑

j=1

Rud
ij (fi − pj)

2 +
1

2
η

|D|
∑

i,j=1

Wij (pi − pj)
2 .(1)

The first term on the right-hand side of equal sign means if ui

has used tj frequently, they should be close in the space. The
second term indicates if many users have annotated dj using
ti, then ti and dj should be close in the space. The third
term means that each user should be close to his/her book-
marked documents in the space. Finally, the fourth term
imposes a smoothness constraint on the document manifold
[3]. The trade-off among these terms is controlled by the
parameters α, β and γ and η, where 0 < α, β, γ, η < 1 and
α + β + γ + η = 1.

We define seven diagonal matrices: Dut, Dtu, Dtd, Ddt,
Dud, Ddu and D, where Dut and Dud have size | U | × |
U |, Dtu and Dtd have size | T | × | T |, and Ddu, Ddt

and D are | D | × | D | matrices. The (i, i)th-element of
D equals to the sum of the i-th row of W. The (i, i)th-
elements of Dut and Dtu equal to the sum of the i-th row
and the sum of the i-th column of Rut, respectively. The
(i, i)th-elements of Dtd and Ddt are defined similarly for
matrix Rtd, and so are Dud and Ddu for Rud. With simple
algebraic transformations, the first term in Equation (1) can
be rewritten as follows:

|U|
∑

i=1

|T |
∑

j=1

Rut
ij (fi − gj)

2

=

|U|
∑

i=1

|T |
∑

j=1

Rut
ij

(

f2

i − 2figj + g2

j

)

=

|U|
∑

i=1

Dut
ii f2

i +

|T |
∑

j=1

Dtu
jj g2

j − 2

|U|
∑

i=1

|T |
∑

j=1

fi(R
ut
ij )gj

= fT Dutf + gT Dtug − 2fT Rutg. (2)

Similarly, the second and third terms of Equation (1) can
be transformed into matrix-vector forms as follows:

|T |
∑

i=1

|D|
∑

j=1

Rtd
ij (gi − pj)

2

= gT Dtdg + pT Ddtp − 2gT Rtdp. (3)

|U|
∑

i=1

|D|
∑

j=1

Rud
ij (fi − pj)

2

= fT Dudf + pT Ddup − 2fT Rudp. (4)

The fourth term can be written using graph Laplacian ma-
trix as [3]

1

2
η

|D|
∑

i,j=1

Wij (pi − pj)
2 = pT Lp, (5)

where L = D−W is the graph Laplacian matrix. According
to Equation (2), (3), (4) and (5), we can rewrite the cost
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function Q(f ,g,p) in the matrix-vector form:

Q(f ,g, p) = α
(

fT Dutf + gT Dtug − 2fT Rutg
)

+β
(

gT Dtdg + pT Ddtp − 2gT Rtdp
)

+γ
(

fT Dudf + pT Ddup − 2fT Rudp
)

+ηpT Lp

= fT
(

αDut + γDud
)

f + gT
(

αDtu + βDtd
)

g

+pT
(

βDdt + γDdu + L
)

p

−2αfT Rutg − 2βgT Rtdp − 2γfT Rudp. (6)

In order to remove an arbitrary scaling factor in the embed-
ding, we minimize the Rayleigh quotient [14] as follows:

Q̃(f , g,p) =
Q(f ,g, p)

fT f + gT g + pT p
, (7)

which is equivalent to minimize Q(f ,g, p) with the con-
straint fT f + gT g + pT p = 1. We define an augmented
vector h = [fT gT pT ]T . Note that fT Rutg, gT Rtdp and
fT Rudp are scalars and a scalar’s transpose equals to itself.
Thus, Equation (7) can be rewritten to:

min
h

hT L̃h

hT h
, s.t. hT e = 0, (8)

where e is the vector with all elements equal to 1 and L̃ is
defined as

L̃ =







αDut + γDud −αRut −γRud

−α
(

Rut
)T

αDtu + βDtd −βRtd

−γ
(

Rud
)T

−β
(

Rtd
)T

βDdt + γDdu + ηL






.

(9)

One can easily verify Q(f ,g, p) = hT L̃h. In (8), we impose
a constraint hT e = 0. This is because e is the minimum so-
lution of the objective function Q(f ,g, p) (it can be verified
that Q(e) = 0). However, this solution projects all objects
onto one point and thus should be removed. One can eas-
ily see that the matrix L̃ is positive semi-definite. By the
Rayleigh-Ritz theorem [20], the solution of this optimiza-
tion problem is given by the eigenvector corresponding to
the second smallest eigenvalue of L̃.

Alternatively, we can maximize the global variance in the
target subspace instead of maximizing (fT f + gT g + pT p).
Recall that the variance of a random variable x is defined as

var(x) =

∫

(x − µ)2dP (x), µ =

∫

xdP (x), (10)

where dP (x) is the probability of observing x. In the discrete
case, the probability of observing a node on these graphs can
be estimated by the node’s degree [6]. Thus, the variance of
f , g and p is (assuming zero mean):

var(f ,g,p) = hT D̃h, (11)

where D̃ is a diagonal matrix which is defined as

D̃ =





αDut + γDud 0 0
0 αDtu + βDtd 0
0 0 βDdt + γDdu + ηD



 .

(12)

Thus, the optimization problem becomes

min
h

hT L̃h

hT D̃h
, s.t. hT e = 0, (13)

Likewise, this optimization problem can be solved by find-
ing the generalized eigenvector corresponding to the second
smallest eigenvalue of (L̃, D̃).

3.3.2 Generalize to k-dimensional Embedding

In practice, we need to learn a k-dimensional (k > 1)
representation in order to better capture the relationships
between objects. To this end, we define a | U | ×k matrix
F = [f1f2 . . . fk] where vector fi contain all the users’ coordi-
nates on the i-th dimension. The matrices G = [g1g2 . . .gk]
and P = [p1p2 . . .pk] are defined similarly for T and D, re-
spectively. We also define a matrix H = [h1h2 . . .hk] where
hi = [fT

i gT
i pT

i ]T . For each dimension i ∈ {1, . . . , k}, we need
to minimize Q(fi,gi,pi) and maximize (fT

i fi+gT
i gi+pT

i pi).
Therefore, the overall cost function is

Q̃(F,G,P) =

∑k

i=1
Q(fi,gi,pi)

∑k

i=1
(fT

i fi + gT
i gi + pT

i pi)

=

∑k

i=1
hT

i L̃hi
∑k

i=1
hT

i hi

=

∑k

i=1
(HT L̃H)ii

∑k

i=1
(HT H)ii

=
tr(HT L̃H)

tr(HT H)
, (14)

where tr(·) denotes the trace of a matrix. Consequently, the
optimization problem in (8) becomes

min
H

tr(HT L̃H)

tr(HT H)
, s.t. hT

i e = 0, ∀i ∈ {1, . . . , k}. (15)

Similarly, we can derive the corresponding k-dimensional
embedding optimization problem for that in Equation (13):

min
H

tr(HT L̃H)

tr(HT D̃H)
, s.t. hT

i e = 0,∀i ∈ {1, . . . , k}. (16)

The solution of (15) is obtained by arranging the first k
eigenvectors corresponding to the smallest nonzero eigenval-
ues of L̃ as columns of H, while the optimization problem in
(16) is solved by the first k generalized eigenvectors corre-

sponding to the smallest nonzero eigenvalues of (L̃, D̃) [20].

3.4 Graph Construction
As aforementioned, we construct Rut and Rtd using tag-

ging data aggregation methods described in section 1.1. For-
mally, let B = {(ui, dj , tk) | ui ∈ U , dj ∈ D, tk ∈ T , ui has
used tk to annotate dj} represent the set of tagging data.
We set Rut

ij =| {dk | dk ∈ D and (ui, dk, tj) ∈ B} | and

Rtd
ij =| {uk | uk ∈ U and (uk, dj , ti) ∈ B} |. Rud is un-

weighted and Rud
ij = 1 if ∃tk ∈ T , (ui, dj , tk) ∈ B and other-

wise Rud
ij = 0. We normalize Rut and Rtd to eliminate the

bias to active users, general tags and popular documents as
follows (e.g. the fact that u1 has used the tag t more times
than u2 dose not necessarily means u1 should be closer to t
than u2 in the learned space):

Rut
ij =

Rut
ij

√

∑|T |
k=1

Rut
ik

√

∑|U|
l=1

Rut
lj

, (17)
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Table 1: The statistics of Del.icio.us and CiteULike
datasets.

Del.icio.us CiteULike
No. of users 300 300
No. of tags 14,790 10,753

No. of documents 12,819 11,558
No. of bookmarks 122,879 34,061

Rtd
ij =

Rtd
ij

√

∑|D|
k=1

Rtd
ik

√

∑|T |
l=1

Rtd
lj

. (18)

The matrix W is constructed as follows

Wij =



















sim(di, dj), if di is among the m
nearest neighbors of
dj , or dj is among the
m nearest neighbors of di

0, otherwise

, (19)

where sim(di, dj) denotes the similarity between di and dj

measured by document content (word vector representation).
We use cosine similarity in this paper.

3.5 Document Recommendation Using MIOE
Once the optimal space is obtained (i.e. the optimal H),

we can recommend documents to a user according to their
Euclidean distances to the user. The algorithmic steps are
as follows: Firstly we construct Rut, Rtd, Rud and W from
tagging data and document content (Rut and Rtd are nor-
malized according to Equation (17) and (18)); Secondly, we

use these matrices to construct L̃ and D̃ which are defined
in Equation (9) and (12), respectively; Then we compute the
first k generalized eigenvectors corresponding to the small-
est nonzero eigenvalues of (L̃, D̃) to form matrix H; Finally,
given a target user, we compute distances between the user
and all his/her unsaved documents by using the correspond-
ing row vectors in H and recommend the closest ones to that
user.

In practice, new objects (users, tags and documents) will
continually join in the tagging data. Recomputing the opti-
mal space for each new object is obviously costly. We can ap-
proximate the positions of new objects in the learned space
by using approximated eigenfunctions based on the kernel
trick [4]. Thus, we only need to recompute the optimal space
periodically. Please see [4] for the details.

4. EXPERIMENTS

4.1 Experimental Datasets
We evaluate our algorithm on two tagging datasets col-

lected from Del.icio.us (Web documents) [9] and CiteULike
(research papers) [7]. Regarding the Del.icio.us dataset, we
subscribed to 20 popular tags from Aug. 28th, 2009 to Sept.
2nd, 2009 to collect users. Then we crawled all bookmarks
for the collected users. Bookmarks with no tags were re-
moved. We selected 300 users with the largest amounts of
bookmarks. From all the Web pages bookmarked by the se-
lected users, we filtered out those with save frequencies less
than 5. The page contents of remaining Web pages were
crawled. Among the successfully downloaded pages, we dis-
carded non-HTML pages and non-English pages. For the

CiteULike dataset, we downloaded the tagging data snap-
shot1 of Aug. 15th, 2009. The preprocessing steps is similar
to those for the Del.icio.us dataset, except that we retained
research papers that had been saved by at least 2 selected
users. Abstracts of the selected papers were crawled from
CiteULike or the corresponding online portals (CiteULike
failed to extract abstracts of some papers). Contents of
documents (extracted texts for Web pages, abstracts for pa-
pers) were represented as vectors using Vector Space Model
(VSM) [2]. Table 1 shows the statistics of the two datasets.
The major difference between the two datasets is the num-
ber of bookmarks, which is a result of our relaxation on
the save frequency constraint on the CiteULike dataset. As
aforementioned, the save frequency of documents in tagging
services follows power law [18], which means the majority
of documents are only saved 1 or 2 times by the users while
only a small number of documents are saved by many users.
Thus, CiteULike dataset better reflects the real world situa-
tions than Del.icio.us dataset (i.e. the save frequency distri-
bution in CiteULike dataset is more like a “long tail” than
that of Del.icio.us dataset). Both of the two datasets have
much more documents than users. This also conforms the
real world conditions (e.g. there are infinite number of Web
pages for users to tag).

4.2 Compared Algorithms
We compare our algorithm to four previous recommenda-

tion algorithms. The first two are CF algorithms: User-CF
and Funk-SVD. User-CF is a version of user-based CF algo-
rithm for unary data (bookmarked or not) similar to those
described in [17]. We choose user-based CF algorithm in
that unlike traditional datasets for CF, our datasets have
much more “items” than users. Funk-SVD employs Singular
Value Decomposition technique to approximate the origi-
nal user-item matrix using a low rank matrix and shows
strong performance in the Netflix competition [12]. The
third algorithm, Tag Vector Similarity (TVS), represents
users and documents in the tag space as TF-IDF tag pro-
file vectors and recommend the most similar unsaved doc-
uments to a user based on corresponding tag vectors. Fi-
nally, we also employ a content-based recommender algo-
rithm because MIOE exploits the document contents. We
implement a variant of the classical Rocchio content-based
recommender [1, 27]. With a similar idea to [25], we main-
tain multiple profile vectors for a user to better capture the
user’s interests. To recommend documents to the user, an
interestingness score is assigned to each document unsaved
by the user. The score is determined by the similarity of the
document to the most similar user profile and the number of
training documents for that profile. We call this algorithm
Content Vector Similarity (CVS). The parameters of each
algorithm are tuned on the two datasets. When construct-
ing W, we empirically set m = 50. In experiments, we set
the number of recommended documents to 10.

4.3 Evaluation Methodology
To evaluate our algorithm and the four compared algo-

rithms, from each of the two datasets we randomly pick 30
users as test users and treat the remaining 270 users as train-
ing data. For each test user, we sort his/her bookmarks by
time and use the first 50% as input for model construction

1http://www.citeulike.org/faq/data.adp
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Figure 5: Comparison of recommendation algorithms on Del.icio.us dataset in terms of (a) Precision (b)
MAP and (c) NDCG. Different percentages of training data are considered. The performance are averaged
over all test users.
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Figure 6: Comparison of recommendation algorithms on CiteULike dataset in terms of (a) Precision (b)
MAP and (c) NDCG. Different percentages of training data are considered. The performance are averaged
over all test users.

(training). The remaining 50% bookmarks are used for eval-
uation (the ground truth). In our experiments we also vary
the training data size from 75% to 100% of all 270 training
users’ bookmarks to investigate the performance of each al-
gorithm under different amounts of training data. For eval-
uation metrics, we use Precision, Mean Average Precision
(MAP) and Normalized Discount Cumulative Gain (NDCG)
to measure recommendation performance. Precision is de-
fined as the number of correctly recommended documents
(i.e. those which also appear in the user’s test bookmarks)
divided by the number of all recommended documents. Av-
erage Precision (AP) is the average of precision scores after
each correctly recommended document:

AP =

∑

i Precision@i × corri

No. of correctly recommended documents
, (20)

where Precision@i is the precision at ranking position i and
corri = 1 if the document at position i is correctly recom-
mended, otherwise corri = 0. MAP is the mean of average
precision scores over all test users. NDCG at position n is
defined as

NDCG@n = Zn

n
∑

i=1

(2ri − 1)/ log
2
(i + 1), (21)

where ri is the relevance rating of document at rank i. In our
case, ri is 1 if the corresponding document is in the user’s

test bookmarks and 0 otherwise. Zn is chosen so that the
perfect ranking has a NDCG value of 1.

4.4 Performance Comparison
We compare MIOE with the other four algorithms on the

two datasets with respect to different percentages of training
data. We use precision, MAP and NDCG to measure the
performance of recommendation algorithms. The results are
presented in Figure 5 and 6, for Del.icio.us and CiteULike,
respectively. One can easily see that on both datasets MIOE
outperforms the other recommendation algorithms in terms
of all three evaluation metrics. The performance of CVS
dose not change when varying the training data size. This
is because CVS exploits only test users’ training bookmarks
(i.e. the 50% for model construction) and ignores all other
users’ bookmarks. Thus, CVS cannot leverage collaborative
information to achieve better performance. Note that CVS
performs better on CiteULike dataset than on Del.icio.us
dataset. The reason may be that the abstracts of papers are
well-written and contain less noise, while Web pages are less
structured and noisy. TVS also performs better on CiteU-
Like dataset. This may because there is fewer ambiguous
tags in CiteULike dataset. In fact, all algorithms’ perfor-
mance increases when we change the dataset to CiteULike,
except for two CF algorithms. We do not show the curve of
Funk-SVD on CiteULike dataset since the algorithm com-
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Table 2: Comparison of recommendation algorithms in terms of NDCG@3, NDCG@5 and NDCG@7 on
Del.icio.us dataset. The results of 80%, 90% and 100% training data are reported.

80% Training Data 90% Training Data 100% Training Data
Algorhtms NDCG@3 NDCG@5 NDCG@7 NDCG@3 NDCG@5 NDCG@7 NDCG@3 NDCG@5 NDCG@7

MIOE 0.1533 0.2142 0.2443 0.2274 0.3198 0.3738 0.2237 0.3244 0.3760

TVS 0.1289 0.1600 0.2082 0.1095 0.1405 0.1703 0.1067 0.1347 0.1459
CVS 0.1292 0.1531 0.1932 0.1292 0.1531 0.1932 0.1292 0.1531 0.1932

User-CF 0.1255 0.1617 0.1976 0.1333 0.1687 0.2312 0.1415 0.1631 0.2218
Funk-SVD 0.0415 0.0881 0.1229 0.0710 0.0942 0.1216 0.1419 0.1732 0.2143

Table 3: Comparison of recommendation algorithms in terms of NDCG@3, NDCG@5 and NDCG@7 on
CiteULike dataset. The results of 80%, 90% and 100% training data are reported.

80% Training Data 90% Training Data 100% Training Data
Algorhtms NDCG@3 NDCG@5 NDCG@7 NDCG@3 NDCG@5 NDCG@7 NDCG@3 NDCG@5 NDCG@7

MIOE 0.3255 0.3509 0.4117 0.3483 0.4042 0.4493 0.4326 0.4736 0.5093

TVS 0.2748 0.2939 0.3473 0.2611 0.2883 0.3366 0.3191 0.3505 0.3988
CVS 0.2265 0.2472 0.2883 0.2265 0.2472 0.2883 0.2265 0.2472 0.2883

User-CF 0.0765 0.1165 0.1373 0.1748 0.2085 0.2264 0.1748 0.2308 0.2444

pletely fails on CiteULike. The performance degradation of
User-CF and Funk-SVD may be explained as follows: 1)
CF algorithms suffer from the sparsity problem [1]. Con-
cerning 100% training data, the density of matrix Rud of
Del.icio.us dataset is 3.5%, while that of CiteULike dataset
is only 0.5%! 2) As argued in Section 1, without explicit user
ratings, CF algorithms may not be able to properly capture
a user’s interests. By investigating the recommended lists
generated by CF algorithms (i.e. User-CF and Funk-SVD),
we find there is a high similarity among the recommended
lists for test users. On the contrary, our algorithm can lever-
age tag-based collaborative information (Rut, Rtd), tradi-
tional collaborative information (Rud) and contents of docu-
ments (W) to achieve the best performance of all algorithms
involved. As mentioned before, CiteULike dataset better
reflects the real world situations than Del.icio.us dataset.
Therefore, it is more meaningful that MIOE outperforms
the other four algorithms on CiteULike dataset.

We report the performance of five recommendation algo-
rithms on the two datasets in terms of NDCG@3, NDCG@5
and NDCG@7, as shown in Table 2 (Del.icio.us) and Ta-
ble 3 (CiteULike, excluding Funk-SVD). In all cases our
proposed algorithm outperforms the other algorithms. We
observe that MAP and NDCG of Funk-SVD grow rapidly
when training data increases on Del.icio.us dataset (see Fig-
ure 5 and Table 2). This indicates Funk-SVD can correctly
predict users’ interests at top positions in the recommended
list when Rud is relatively dense.

4.5 Parameter Selection for MIOE
In this experiment, we employ 100% training data and use

Precision and MAP as evaluation metrics. We only report
results on CiteULike dataset due to space limitation. MIOE
has four parameters (three free parameters) which control
the relative importance of different types of affinity con-
straints. For example, if we set α to a relatively high value,
it means we will receive a relatively high punishment if we
make strongly connected users and tags far apart. We can
regard Rut and Rtd as representing tag-based collaborative
information while Rud represents collaborative information
exploited by traditional CF methods. Thus we vary α and β
against γ to investigate the relative contribution of those two
types of information to MIOE’s performance. In particular,

we set η = 0.05 and let α = β. Then we vary α and β against
γ. Figure 7 shows the results. The general trends of MIOE’s
curves are consistent: first increasing then decreasing. This
means that tag-based collaborative information and tradi-
tional collaborative information are complementary to each
other and that we can achieve better performance by trad-
ing off between those two types of information. In Figure 7
we also show the performance of TVS for the 100% training
data case of CiteULike dataset (dotted lines) since it is the
best in this case among all compared algorithms. As can
be seen, our algorithm outperforms TVS in a wide range of
parameter variation.

Another important parameter for MIOE is the dimension-
ality of the target space (k). We fixed α, β, γ and η and
test the impact of different values of k on the performance
of MIOE. The results are shown in Figure 8. As can be
seen, the performance of MIOE is not that good when k is
small (< 15). When k increases, both precision and MAP
increase rapidly. The best value of k is around 150. Again,
the dotted lines represent the performance of TVS in the
same case (i.e. 100% training data of CiteULike dataset).
We can see that our algorithm outperforms TVS when k is
roughly between 50 and 250.

4.6 Case Studies
We show some case studies in this subsection to demon-

strate the effectiveness of MIOE. The results are based on
Del.icio.us dataset with 100% training data. Table 4 shows
the top three recommended Web pages for user u273 (273
is the index of the user in our dataset). We also list the
user’s frequently used tags in training data as indicators
of his/her interests. We can find that “Web design” and
“Web development” are the major concerned topics of u273

and the top recommended Web pages conform to his/her
tastes. TVS can also generate such kind of recommenda-
tions since it matches documents’ tag profile vectors with
that of a user. However, as mention in section 1.2, MIOE is
different from TVS in that MIOE can capture and exploit
correlations among tags which may be important for recom-
mendation. Table 5 presents six nearest tags in the learned
semantic space for each of five selected tags. We can see
that MIOE can mine the semantic correlations among tags
from tagging data. Consequently, users that are close to the
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Figure 7: Performance of MIOE on CiteULike dataset when varying parameters, measured by (a) Precision
and (b) MAP. We set η = 0.05 and let α = β. Then we vary α and β against γ. α and β represent importance
of tag-based collaborative information while γ represents importance of traditional collaborative information.
The dotted lines represent the performance of the best compared algorithm (TVS) in the same case (100%
training data on CiteULike).
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Figure 8: Performance of MIOE on CiteULike dataset measured by (a) Precision and (b) MAP when varying
the semantic space dimensionality. The dotted lines represent the performance of the best compared algorithm
(TVS) in the same case (100% training data on CiteULike).

selected tags are also close to those tags on the right side.
Taking “music” as an example, “songza” is the name of a
music search engine2 and “Deezer” is the first free music-on-
demand Website3. They are semantically related to“music”.
As another example, “humor”can be viewed as a synonym of
“funny”. In test users there is a user having “funny”and “in-
teresting” (but not “humor”) in his/her tag profile. We find
the first recommended Web page for that user by MIOE has
“humor” as its second most frequently applied tag (“funny”
is less frequent and “interesting” is absent). To the contrary,
TVS cannot put such document at high ranking positions
since it treat each tag independently. This case study ex-
plains why MIOE can outperform those tag profile vector
based approaches like TVS.

2http://songza.fm/
3http://www.deezer.com/

Table 5: Six nearest tags in the learned space
for each of the five selected tags from Del.icio.us
dataset.
Selected Tag Six Nearest Tags
shopping product, buy, consumer, merchandise,

products, shop
funny humor, humour, culture, weird, interest-

ing, cool
food kitchen, eating, foodblog, craving,

gourmet, Cooking
music mp3, songza, socialpl, Deezer, music-

search, pandora
travel trip, bookings, trvl, charter, transporta-

tion, travelsearch
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Table 4: Top three recommended Web pages for user u273 in Del.icio.us dataset. We show the frequently used
tags (in training data) for u273 in the top cell, where numbers in parentheses are corresponding frequencies.

Frequently used tags: blog(30), design(25), rails(22), programming(20), reference(15), javascript(15), ajax(15),
development(14), software(13), apple(13), ruby(11)

Rank URL Description
1 http://www.aptana.com/ An IDE software for Web application development and deployment.
2 http://www.squidfingers.com/ The personal portfolio of a graphic designer who design background pat-

terns and wallpapers for web pages.
3 http://www.fudgie.org/ A multiple server log file visuallizer written in Ruby.

5. CONCLUSIONS
We focus on the problem of document recommendation

in social tagging services. We model it as a representation
learning problem and propose a novel semantic space learn-
ing algorithm called Multi-type Interrelated Objects Em-
bedding (MIOE). MIOE finds an optimal semantic space for
users, tags and documents by keeping related objects close
in the target space. Once this semantic space is learned, the
closest documents which have not been bookmarked by the
user are recommended to him/her. Although we consider
text data in this paper, our algorithm is general and can
be applied to any social tagging systems as long as a no-
tion of similarity between resources is defined. We compare
MIOE with four previous recommender algorithms on two
data sets. Experimental results show that MIOE can gener-
ate promising recommendations and outperforms traditional
recommender algorithms. For future work, we would like to
examine the tag ambiguity issue which is harmful to our al-
gorithm. It is also important to improve MIOE’s scalability,
allowing it to be applied to very large datasets.
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