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Abstract 
In social tagging systems, users are allowed to label resources with tags, and thus the system 
builds a personalized tag vocabulary for every user based on their distinct preferences. In order to 
make the best of the personalized characteristic of users’ tagging behavior, firstly the transfer 
matrix is used in this paper, and the tag distributions of query resources are mapped to users’ 
query before the recommendation. Meanwhile, we find that only considering the user’s preference 
model, the method cannot recommend new tags for users. So we utilize the thought of collabora-
tive filtering, and produce the recommend tags based on the query user and his/her nearest 
neighbors' preference models. The experiments conducted on the Delicious corpus show that our 
method combining transfer matrix with collaborative filtering produces better recommendation 
results. 
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1. Introduction 
With the rapid growth of the web and social networks, more and more people like to share their information on 
the Internet, including pictures, videos and even political opinions. This leads to the flourish of the web data, 
and increases difficulties for people to organize and search resources they want. In order to address this chal-
lenge, social tagging has attracted more attentions. Delicious, Bibsonomy, Flickr, and Last.fm are all the popular 
social tagging online services recently. 
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Tagging allows users to label content by assigning freely chosen keywords (tags). In such open environment, 
tagging has proven a superior alternative to traditional categorization techniques due to its flexibility that enable 
users to choose labels that match their real tastes. And the increase of the descriptive keywords on resources is 
convenient for people to search, especially in the case of multimedia. Different online tagging service distin-
guishes in the resource type, but they are similar in essence, such as Delicious supports the tagging on webpages, 
Bibsonomy allows to tag webpages and journal papers, and people can tag pictures and the music in Flickr and 
Last.fm, respectively [1]. This kind of community services that centers on the tagging of resources is also called 
folksonomies. These communities have become a valuable source of information, since they bundle the interests, 
preferences of thousands or millions of users. 

Tag recommenders support a user during the posting process by suggesting potentially relevant tags. Because 
of the stability of a user’s tag vocabulary, it is effective to predict the future tagging behavior of a user according 
to the past. Previous works have showed that the description of the same object is different due to users’ cus-
toms and knowledge. So in the social tagging system, each user can generate a set of tags with their own prefe-
rences, which is called personalized tag vocabulary. At the same time, tags on the resources are based on the 
whole tagging system and called folksonomies. The tagging system builds preference models of users and tag 
models of resources by analyzing users’ tagging history, and generates the correlations among tags, users and 
resources; then recommends the top n relevant tags to users. Depending on whether consider users’ preference 
models or not, tag recommendation comes in two forms, personalized and non-personalized. For a resource, per-
sonalized tag recommender systems recommend different tags for different users in contrast to non-personalized 
tag recommenders. And for a good tag recommender system, personalized recommend should be given preference. 

Wetzker et al. [2] introduce a novel tag model that allows deriving mappings between personal tag vocabula-
ries and the corresponding folksonomies. Using these mappings, it can infer the meaning of user-assigned tags 
and can predict choices of tags a user may want to assign to new items. So this kind of transfer based method 
can meet the personalized demand of users. But it only considers the preference model and the used tags of a 
user, and cannot recommend new tags. 

In order to solve this limitation, based on the transfer tags, we integrate the collaborative filtering technology 
and generate a new algorithm. First, we build the personalized transfer matrix for each user; the element in the 
matrix represents transfer values between personalized tags and folksonomies. Then, we determine the nearest 
neighbors of a user by computing their similarities. Finally, we recommend tags by considering the user and 
his/her nearest neighbors’ preference models and their similarities together. In addition, for similarities between 
users, we propose a new method based on the personalized transfer matrix. 

The remainder of this paper is structured as follows. We begin with a discussion of related work in Section 2. 
Section 3 describes our method in detail. And then analyze the experiments in Section 4. Section 5 concludes the 
work of the paper. 

2. Related Work 
2.1. Tag Recommendation 
Recently, the social tagging system has attracted a lot of attention, and the recommender system based on the 
social tagging also obtains much more focus. 

There are many classical recommendation algorithms. Collaborative filtering based method is traditional and 
will be described in the next subsection. Resource content based method focuses on the texts or webpages and 
mainly depends on the key words extraction technology to select the tags. Zhang et al. [3] discussed that differ-
ent resources and users should adopt different recommend methods, and for those new resources, resource con-
tent based method is a choice. Guan et al. [4] took the tag recommendation as a “questions and sort” problem, 
and proposed a graph-based ranking technology. 

Symeonidis et al. [5] proposed to decompose the full folksonomy tensor and estimate missing values using 
Higher Order SVD (HOSVD). The authors claim reasonably good results on the task of tag recommendation. 
Rendle et al. [6] [7] reported some researches on applying tensor factorization methods on the tag recommenda-
tion. 

Folk Rank algorithm is inspired by the seminal Page Rank algorithm [2] [8]-[10]. The basic notion is that a 
resource which is tagged with important tags by important users becomes important itself. Folk Rank is based on 
the random surfing model, considering the weight and weight-spreading of edges. The algorithm cannot be ap-
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plied directly on folksonomies; it needs to be transferred into an undirected tripartite graph including users, re-
sources, and tags. 

And also there are many recommender systems consist of different methods. Zhang et al. [2] combined the 
content based and collaborative filtering algorithm together, the former applied to new resources, the later used 
to other situations. Zowl et al. [11] designed four tag recommendation strategies by combining the tag co-oc- 
currence, tag aggregation (including vote and sum strategies), and optimized re-ranking method.  

2.2. Collaborative Filtering 
Collaborative filtering is a widely used and effective recommendation technology. It gets favored by many 
commercial websites, such as Amazon.com. The underlying assumption of the approach is that users would 
have similar behavior in the future if they performed similar in the past. In the recommender systems, collabora-
tive filtering comes in two methods, user-based and item-based. The user-based algorithm recommends a user 
what his/her nearest neighbors interest in. The item-based algorithm recommends a user an item by judging 
whether the user interests the nearest neighbors of the item. 

There are many researches about applying collaborative filtering in the recommender system [12]. Previous 
works have summarized the approach and proposed to model social tagging systems as tripartite hypergraphs 
[13]-[15]. Marinho et al. [16] designed a tag recommender system with collaborative filtering method, and re-
sults show that it performs better than the other two popular methods. Xu et al. [17] proposed an iterative algo-
rithm based on the collaborative filtering to compute the quality of tags. Koren [18] also combines the collabor-
ative filtering and temporal dynamics in the recommendation. Gueye et al. [19] [20]. develop a network based 
parameter-free system to optimize the tag recommendation. Ifada et al. [21] introduce learning to rank methods 
from information retrieval field to optimize the DCG measure in tag-based item recommendation. 

3. Transfer Matrixes Based Personalized Tag Recommendation Model 
In the social tagging system, different tags are called co-occurrence if they appear in one resource. The paper 
first makes use of this co-occurrence among tags to build mappings between personalized user tags and folkso-
nomies on resources, and identify the nearest neighbor set N of the user by integrating collaborative filtering 
technology. Then in the tag recommendation stage, we can map the tag distribution of the query resource to the 
distributions of tags that the query user and his/her neighbors have used. 

The arrangement of the part is as follows. Subsection 3.1 gives the description of the problem. We introduce 
the build of the personalized transfer matrix and the identification of the nearest neighbors in subsection 3.2. 
Subsection 3.3 describes the method to recommend tags based on the user and nearest neighbors. 

3.1. Problem Description 
A social tagging system includes users, resources, and tags, and the tagging behavior of a user reflects the rela-
tionship among them. A folksonomy is a tuple F: = (U, T, R, A) where U, T, and R are finite sets, whose ele-
ments are called users, tags, and resources, respectively, and A is a ternary relation among them, i.e. 
A U T R⊆ × × , whose elements are called tag assignments (TAS for short). A user and a resource tagged him-

self/herself together are called a bookmark which can be represented as ( ) ( ){ }: , : , ,B u r t u t r A= ∃ ∈ . 
For the given user and the resource (u, r), we need to compute correlations between a tag and u and r. The 

higher correlation represents the higher possibility that the user u assigns this tag to the resource r. Then we can 
recommend the highest tags to the user. 

3.2. Build Personalized Transfer Matrix  
The relations between resources and tags are represented as a R T×  matrix X as follows: 

T

1 2, , , R
 =  X x x x                                   (1) 

( )1 2, , , , : 1, ,r r r r Tx x x r R= = x                            (2) 

where xrt is times that the tag t assigned to the resource r, and ( ){ }, ,rtx u u t r A= ∈ . A row vector rx  is a tag 
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distribution of the resource r, and a column vector is a resource distribution of the tag t. After the normalization 
on rows of the matrix X, we get ′X : 

T

1 2, , , R
 ′ ′ ′ ′=  X x x x                                   (3) 

( )1 2, , , , : 1, ,r r r r Tx x x r R′ ′ ′ ′= = x                             (4) 

1, ,

1
rt rt

ri
i T

x x
x

=

′ =
∑


                                    (5) 

The relation between users’ personalized tags and folksonomies is built through resources. If any two tags 
co-occurrence on many resources, they will have a higher relation. So we set up a mapping between users’ per-
sonalized tags and folksonomies based on the co-occurrence. For a user u, T̂  and T represent the used persona-
lized tag vocabulary of u and the folksonomy, respectively. We then can represent the mapping as a T̂ T×  
personalized transfer matrix Yu, and Table 1 is an example. 

T
1 2 | |, , ,u u u u R =  Y y y y                                  (6) 

 ( )ˆ ˆ ˆ ˆ1 2
ˆˆ, , , , : 1, ,ut ut ut ut Ty y y t T= = y                            (7) 

where element ˆutty  is the mapping value between a personalized tag t̂  and a folksonomy t. It can be 
represented as Equation (8). 

( )ˆ ˆ, , rtutt
r R

y u r t xδ
∈

′= ∑                                   (8) 

If ( ), ,u r t A∈ , it indicates the user u assigned the tag t̂  to the resource r, then ( )ˆ, ,u r tδ  equals to 1.0, or 
to 0.0. Then 

( )
ˆ

ˆ,
rtutt

r R u t
y x

∈

′= ∑                                    (9) 

where ( )ˆ,R u t  represents the resources assigned with t̂  by the user u.  

3.3. Identify Nearest Neighbors 
It needs to identify the nearest neighbor set after building the personalized transfer matrix. Here we use the co-
sine to measure the similarity, and choose the top K as the nearest neighbors of the query user. According to 
Marinho [16], we compute similarities under two situations. One is based on the resources with tags assigned by 
users. Assuming the number of resources is M in total, a user can be represented as an M vector ( )1 2, , , Mp p p , 
and pi equals to 1.0, if the user assigned tags to the resource ri, otherwise is 0.0. The other is based on the tag 
space model. Assuming there are N tags, then a user is a N vector ( )1 2, , , Nq q q , and qi is the ratio that the 
number of the user u use the tag ti in to the all tags used by the user, which reflects the probability that the user u 
use the tag ti. 

In addition, we also propose a method to compute the similarity between users based on the personalized 
transfer matrix. If any two transfer matrixes of users have a high similarity, we can believe that the two users are 

 
Table 1. The personalized transfer matrix of a user. 

      Resource Tags 
User Tags t1 …… tk …… t|T| 

tu1 0.242  0.135  0.335 

……      

tuk 0.521  0.362  0.01 

……      

ˆu T
t

 
0.03  0.321  0.201 
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similar. If both the personalized tag vocabularies of user u and v include the tag ti, we can define the user cosine 
similarity based on the tag ti as follows: 

( ) ( )ˆ ˆˆ, cos ,ut vtt
sim u v Y Y=                                 (10) 

( )
( ) ( )

( )
, ,1, exp

,
t

w u t sim u v
sim u v

n w u tβ
 

=  
 

∑
∑

                        (11) 

where utY   and vtY   in Equation (9) are the transfer vectors of user u and v based on the tag t̂ . In Equation 
(11), w(u, t) is the probability that the user u use the tag t as we defined in the subsection 3.2. N is the number of 
tags that both user u and v have, and the higher the N, the higher the similarity between users. β  is a tunable 
parameter, and we get our best results when it sets to 3. 

3.4. Tag Recommendation 
For the given query user and the resource (u, r), we combine the thought of collaborative filtering with persona-
lized transfer matrix when recommend tags. This can ensure both the personalization and the generation of new 
tags. For the query user u, we first get his/her nearest neighbor set N(u) by Equation (11), then mapping the tag 
distribution of the resource r to the tag vocabulary of user u and N(u) by the transfer matrix. Let ( )ˆ, ,w u r t  
represents the weight of tag t̂  on the resource r given by the user u, and define as follows: 

( )
( ) ( )

( ) ( )

( )
( ) ( )

ˆ

ˆ

ˆ, , ,
ˆ, ,

,
v N u t T v

u N u t T v

sim u v w v r t
w u r t

sim u v
∈ ∧ ∈

∈ ∧ ∈

=
∑

∑
                         (12) 

where N(u) is the nearest neighbor set of the user u, it includes the user u itself. Let ( )ˆ, ,w v r t  defines as the 
weight of tag t̂  on the resource r given by the user v, and it can be get through the tag distribution on resources 
and personalized transfer matrix of the user v by Equation (13). 

( ) T
ˆˆ, , r vtw v r t ′= x y                                    (13) 

After the transfer through the Equation (12), we can obtain the weight distribution of tags used by the user u 
and N(u). The tag vocabulary would be empty if there is no co-occurrence between tags on the resource r and 
the user u and N(u). In order to solve this problem, and increase the weight of tags that better represent the re-
source, we compute the final tag weight through Equation (14), and recommend the top n tags to the query user. 

( ) ( ) ( ) ( ), , , , 1 ,w u r t w u r t w r tα α= + −                           (14) 

where w(r, t) is the weight of tag t on the resource r. Parameter α  uses to balance the weight distribution. 
When α  equals 1.0, it considers the personalized transfer matrix and collaborative filtering technology to-
gether; when α  equals 0.0, it is reduced to the popular tag recommendation method which only recommends 
the maximum tags on resources to the query user. 

4. Experiments and Analysis 
4.1. Datasets 
In order to prove the efficiency of our method, we conduct experiments on the Delicious dataset. Delicious is 
probably the best researched folksonomy to date [1]. Our dataset is a subset of the one presented in [22], which 
is publicly available upon request. Here, we only keep the records in the first 5 months from September 2003 
until January 2004, and ignore the time tags of the dataset. The experiments are conducted on p-core versions of 
the original graphs, with p set to 5. The p-core of a folksonomy graph is its largest subgraph where all users, 
items, and tags appear at least p times. The resulting global dataset statistics are shown in Table 2. 

4.2. Evaluations 
We use two standard measures from information retrieval to measure the recommendation effectiveness: preci-
sion and recall. Meanwhile, we test our method by F1 value, which is defined as the harmonic mean of precision  
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Table 2. Statistics for datasets and p-cores. 

Dataset p Users Tags Resources TAS Bookmarks 

Delicious 
(200309-200401) 

1 3825 21,106 79,883 246,254 104,187 

5 397 478 805 13,361 6820 

 
and recall. 

{ } { }
{ }( ), test

recommend tags actual annotation tags1Precision
recommend tagsu rN ∈

= ∑


 

{ } { }
{ }( ),

recommend tags actual annotation tags1Recall
actual annotation tagsu r testN ∈

= ∑


 

2 Precision Recall1
Precision Recall

F
+

× ×
=  

where test refers to the test set, N is the number of the (u, r) in the test set. 

4.3. Experiments 
In this paper, we conduct the following experiments using different methods on the same dataset. 

1) The traditional collaborative filtering method, denoted as colla. Here we adopt the algorithm described by 
Marinho [16], for the obtained nearest neighbor set N(u) of the query user u, the tag weight is calculated by Eq-
uation (15). 

( ) ( ) ( )
( )

ˆ ˆ, , , , ,
v N u

w u r t sim u v v r tδ
∈

= ∑                       (15) 

If ( )ˆ, ,w v r t A∈ , ( )ˆ, ,v r tδ  equals 1.0, otherwise equals 0.0. Finally, we recommend the top n tags to the 
query user. 

2) The transfer tensor of the user u based personalized tag recommendation, denoted as tensor u. This method 
is proposed by Wetzker [1]. It has been demonstrated that it can perform better than the improved Page Rank 
and Folk Rank algorighms and so on. The method first builds the transfer tensor between the personalized tags 
and folksonomies based on the tag co-occurrence, and further to mapping the tag distribution of resources to 
personalized tag vocabulary of the query user. Comparing with our method, it ignores the information of neigh-
bors of the query user. 

3) The method based on the transfer matrix and collaborative filtering technology, which proposed in this pa-
per and denoted as trans + colla. It takes both the preference models of the query user u and his/her nearest 
neighbors into consideration. 

The similarities between users in method (1) and (3) are calculated using three methods referred in subsection 
3.3. There are denoted as DV which based on the resources, TV which based on the tags, and Trans V which 
based on the personalized transfer matrix, respectively. 

4.4. Results 
The experiments are conducted on 5-core dataset in Table 2. We perform 10-fold cross validation on the dataset 
by dividing it into 10 subsets randomly. The final evaluations of the results are the average mean of the 10-fold 
cross validation. 

There are two parameters need to be addressed in the three recommend methods. One is the number of the 
nearest neighbors K, the other is the α  in Equation (14). During the regulation, it finds that when K = 10 and 

0.55α = , method DV can obtain the best results; when K = 5 and 0.6α = , method TV and TransV can get the 
best recommendations. When 0.6α = , method tensor u can result the best recommendations. 

We conduct the experiments with the above best parameter values, and the evaluations are shown in Figure 1, 
Figure 2 and Figure 3. As shown in Figure 2, the Recall is improving with the increase of recommend tags. 
Because evaluation Recall is the ratio of right recommend tags to the actual annotation tags, so the numerator of  
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Figure 1. Results evaluation by precision. 

 

 
Figure 2. Results evaluation by recall. 

 
the Recall will increase if we recommend more tags. But on the other hand, the incorrect recommend tags will 
also increase, and this leads to the decrease of the Precision in Figure 1. It also indicates that the evaluation Re-
call and Precision restrict each other. 

As shown in Figure 1, Figure 2 and Figure 3, method tensor_u performs better than the method colla_* (DV, 
TV, TransV), and method trans + colla_* also get superior results than colla_* as a whole. It indicates that the 
integrating of collaborative filtering approach is effective; the preference models of the query user’s nearest 
neighbors also play an important role in the tag recommendation. Among the methods based on the transfer ma-
trix, the evaluations finally tend to be the same with the increase of recommend tags, especially the Precision. 
The explanation here is the number of tags of a bookmark is small, that is to say, the number of tags assigned by 
a user to a resource is small, and the average is only 1.96. So it is important to recommend right tags when the 
number you can recommend is small. 
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Figure 3. Results evaluation by F1 value. 

 
In addition, we can find that the results of method trans + colla_* are similar. The similarity calculated by 

Equation (12) and Equation (13) is not the best. Because there are many users who share the same personalized 
tags with the query user due to the sparse dataset, and this lead to the higher similarity of transfer vectors be-
tween the query user and his/her nearest neighbor set. So due to the noise, it would produce some uninterested 
tags with higher tag weight, and finally influence the recommend results. 

5. Conclusions 
Personalized tag recommendation can be better solved by transfer tensor, but this method limits to those used 
tags, and cannot find new interesting tags for users. So this paper integrates collaborative filtering technology to 
solve this problem. Firstly, we build the personalized transfer matrix for each user based on the co-occurrence of 
tags. The element of the matrix represents the mapping values between personalized tags and folksonomies. Se-
condly, combining the collaborative filtering approach, when recommend tags, we not only consider the prefe-
rence model of query users, but also his/her nearest neighbors’ and similarities between users. Aiming at the si-
milarity, we also propose a method based on the personalized transfer matrix. 

Further, we plan to focus on the problem of solving the redundant and ambiguous tags in the tagging system 
by applying the semantic models in the recommender system.  
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