Collective Collaborative Tagging System

Jong Youl Choi, Marlon Pierce
Department of Computer Science
Community Grid Lab
Indiana University at Bloomington
Email: jychoi@cs.indiana.edu

a system to collect knowledge from the people and the
quality of knowledge users can get will increase as the
quantity of data people provided grows. Currently in the
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Motivation is two fold. l  Atom
« Collaborative tagging, also known as social tagging, is -_—'a T Populate

Internet lots of collaborative tagging sites exist but éher
is no way to integrate the data from the multiple sites
to form a large and unified set of collaborative data
from which users can have more accurate and richer
information than from a single site.

o During the recent development of information retrieval
(IR) and machine learning technology, lots of IR al-
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gorithms have been well studied and open to publi@‘.‘ Architecture

Although most of the collaborative tagging sites provide The system consists of three main componedésa im-
various searching services, their algorithms are closedgorter, data coordinator, anduser service (Figure 1).
public and somewhat secret to the users. FurthermoreDetails of main three components are as follow.

most of them provide only one type of searching algo-
rithm and the users have no choice to apply various other
IR algorithms to find the best information available from
the data. Using the same data set with various different

searching algorithms, users can have more possibilities to,

discover hidden information varied in the data set.

The purpose of this paper is i) introducing a new collabo-
rative tagging system which can collect tag data from other

repositories and merge them in order to provide better tyuali «

of knowledge and comparing commonly used algorithms for

the folksonomy analysis.

II. A NEW SYSTEM

Motivated from the above observations, we proposmla

o Data Importer: Importing tagging data with machine

readable format such as RDF, RSS, Atom or Web APIs
from number of different collaborative tagging sites.
Importing can be done asynchronously or synchronously.
Data coordinator: Merging data from different sources
and storing them into a uniform repository. The coordina-
tor will resolve possible format conflicts and duplication
problem which may exist in multiple sites.

User service Providing various machine learning based
searching algorithms and options users can choose to
run as a form of Web service API. The queries will be
performed with the unified repository which stores tag-
ging data collected from different collaborative tagging
systems

lective collaborative tagging (CCT for short) system which B. Service Type
can provide various collaborative tagging services in &oumi

way to users. Our CCT system is designed to provide tft’he
following key functions.

Various kinds of user requests to extract information from

tem; for example, searching items by using tags, getting
« Importing data from multiple sources to build a large anflersonalized recommendations based on user’s profilessor pa

unified tag repository activities, discovering group of users or communities tstuar
« Query services with options to run various IR algorithmsimilar interests, just to name a few. Those demands can

e annotated data can exist in collaborative tagging sys-

+ Query services with options to run with different datde generally categorized into 4 classes and our CCT system

sources and parameter settings will provide services to support those requests. The fdtgw



TABLE |

GENERAL TYPES OF SERVICE IN COLLABORATIVE TAGGING SYSTEMS di  do ds
- t1 w1l wiz w13
Type || Name Description .
I Searching For a set of given tags as an input, find Ao 2 w2 w22 W23
the most relevant objects (documents, items, t3 w31 w32 w33
users, or tags) ts w41 Wiz was

Il Recommendation| Create a recommendation list of objects

which a user hasn't observed yet. User's

profile or past activity information can be Fig. 2. An example

used.

1] Clustering Find communities or groups of users or

objects based on the similarity. o . .
IV || Trend detection | Detect interesting or abnormal tagging be-the key step for building a successful collaborative taggin

havior in time series analysis manner. system. In this section, we discuss the models for devejppin
folksonomy searching engines and various algorithms for

S ) o searching and tag analysis.

classification is not exclusive but rather overlapping imso

sense. A. Models
Type | — Searching by tags : For a given set of tags as an - . . . .
input, searching the most relevant objects with the input For building an efficient searching engine fo_r folksonom|es
tags is an essential function in the collaborative taggirfje Way to represent folksonomy data is an important issue.
system. Generally the objects can be either documenri the field of Information Retrieval (hereafter IR for short
items, users, or anything annotated by tags in the syst 0 models —the vector space model andthe graph model —

Results will be returned to users in an ordered fashigivé been widely used and they are both well applicable in
based on some computed scores. folksonomy indexing. _ o

Type Il — Recommendation : With no explicit input of Although both models are sharing many similar aspects,
tags, the system will return a recommendation list dfiey are distinct in many practical points of views. As ex-
objects. While the input tags used in searching by ta@énp!es, the_ Latent Semantic .Inde?qng (LSI) (we will discuss
should be explicitly defined by a user, in recommendatid#ftails of this algorithm later) is using the vector spaceleto
those are generated implicitly by the system, based 8?{ indexing and measuring pairwise similarities between
user’s previous activities, preferences, or profiles. For £Piects, and the famous ranking algorithm PageRank used by
example, the system can give to a user a recommendaffdpegle and its variant TagRank_ for folksonomy searching are
list of documents which haven't been discovered by tHgased on the graph model. While the vector space model has
user, based on the user's past tagging activities. Aldeeen widely used in many areas due to its simplicity, not many
recommendation of tags is possible when a user wafigsearches have been conducted for the use of the graph model
to annotate a document for the first time, the system c&f far
recommend other co-used tags with his initial input. 1) Vector space model: In the vector space model, also

Type Il — Clustering : This is so called community disknown as bag-of-words model, each object can be represented
covery. Not only searching for the most relevant objectds an unordered collection of tags and by using mathematical
it is also useful finding a group or a community whicHnotation a vector can be used. l.e., an objgctan be repre-
shares more common interests expressed by tags withted as a-dimension column vectdnw,, - - -, wq;), where
the group members than with others. g equals the total number of distinct tags in the system and

Type IV — Trend Detection : The system analyzes the:; is a weight of the occurrence of the tag(We will discuss
tagging activities in time-series manner and detect intéfarious weight schemes shortly). Thus, the whole collectib
esting patterns of tagging or abnormality among the tagobjects can be represented as a matrigk R?*" where each
data set. column corresponds td;. An example is shown in Figure 2.

More specific examples of service types or information 2) Graph-based model: Although the vector space model
users can get for each category are summarized in Table IS Simple and easy-to-use, sometimes it lacks the ability to
In the following section we discuss how those services c&§scribe object-object relationships, which is more easie

be implemented by using various machine learning algosthnth® graph model. In the graph model, folksonomies can be
represented as a network of connections, also knowtags

lIl. M ODELS FORTAG ANALYSIS graph, which consists of objects as nodes and connections
A collaborative tagging system is designed to utilize theetween objects as edges. An example is shown in Figure 3.
power of peoples knowledge and provide an efficient way More specifically, a tag graph is a undirected tripartitephra
of searching information from the collaboratively annetht G = (V, E') where nodes i/ are one of objects in disjoint
data set. In this way, the system can help users to find thebsets of three entities — objects, tags, and users — awrd edg
information with more efficiency and discover unexposed @xist only between three entities. Each edge will be added fo
hidden information buried under piles of information. Thusa single transaction, i.e., annotating an object with a $et o
developing efficient models and algorithms for searching fags by a user.



thus TF-IDF equals f;; x log # Formulas are summarized

e B N in Table II.

o 2) Similarity Measurement: Similarity measurement is to
measure a degree of likeness between two tagged objects in
folksonomies. In the vector space model, various simylarit
measurement schemes have been developed in the field of IR
and in practice three similarity measurement schemes are th
most popular among them: Cosine, Jaccard, and Pearson [1]
(summarized in Table II).

While in the vector space model such similarities are
measured by geometric characteristics (such as cosinesingl
or statistical ways (such as Jaccard and Pearson), siteari
in the graph model can be measured by graph theoretic
properties, such as hop distances, shortest paths, maximum

g T . flows, and so on.
: Pairwise similarity is also an important measurement for
+—8—%" o é using in finding groups or communities. Note, however, mea-
s O b “ suring pairwise similarity is also different in both models

In vector space mode, all object-object similarities can be
directly computed from the tag-object matrik; l.e, in the
vector space model, we can compute a pairwise similarity
matrix D = [;;] € R"*" and its entrie$;; by computing the
similarity between any two object$; and d;, among totaln
Fig. _3. An example of_tag graph. The data used in this figuraioet from  §ocuments. Thus, the computation cost to buildn pairwise
our in-house collaborative tagging system, MSI-CIEC doi$ee Table 111) R . . 2
similarity matrix D is O(n?)

However, in the graph model we cannot compute pairwise

similarities directly from the matrixd but, instead, we should

) o ] ) do this iteratively; Firstly, compute only similarities dfrectly
Measuring similarity between two objects is a key step ifynnected objects, i.e., objects sharing at least one cammo

folksonomy analysis and it is directly related to the perfogag petween them, and then, measure similarities of thesthe
mance of the system. Although it is possible in folksonomyhich have no direct connections, by means of discovering
analysis to measure various types of similarities such @b aihg petween them. Path discoveries can be done by using
object, object-tag, object-user, user-tag, and user-Urséhis e gigorithms for finding the shortest path. Floyd-Warshal

paper we only consider object-object similarity for sinfili.  5146rithm [2] is well known for this problem and this requre
The other measurements can be easily estimated by US'”géQﬁerally(’)(n?’) computations.

same manner.
1) Weight Measurement: Weight measurement is a scheme IV. ALGORITHMS

to quantify the weight elemenb;; of the tag-object matrix ) )

A for eachl < i < gand1 < j < n. A simple minded C_urrently_ numerous algorlthr_n ha\_/e been stud_led for sup-

approach is to count the occurrence of the#afpr the object porting various _types of services in collaborative taggmg_

d;, which is known as Term Frequency (TF for short). A§yst_ems and this is also very _act|ve re_search area. In this

observed in many IR researches, however, this approach Agstion, we focus on core algorithms which can successfully

an disadvantage to utilize the low frequency terms or tag&iPPort our service classification as shown in Table |.

Tag distributions in folksonomies usually follows the Zgpf _ )

power law where a few majority tags govern the most ¢ Latent Semantic Indexing

distributions and thus minor tags can lost their importaince  The Latent Semantic Indexing (hereafter LSI for short) has

many searching algorithms. Thus, some normalization sehefseen widely used for indexing the Web pages or documents in

should be used to avoid this problem and to collect moliraries and served as one of the most popular searching al-

variety information by exploiting minor tags in folksonogsi gorithms based on the vector space model. The LSI algorithm
Various schemes have been suggested in many IR literatuted be also used in folksonomies as a searching engine to

but the most popular scheme is Term Frequency-Inverse Dosupport the Type-I service in the vector space model. Usiag t

ment Frequency (TF-IDF for short) which is the multiplicati tag-object matrix collected in the system as an input, the LS

of TF and IDF. In a nutshell, term frequentf;; is the number algorithm can help to recover underlying or latent struesusf

of tagged ternt; for document!; and the document frequencyfolksonomies, often obscured by noisy data, and enabledo fin

df; is the number of documents having the sametiatDF is  the true relationship between tags and objects withoutesois

computed bylog % for the total number of documentand based on the statistical information.

B. Smilarity Measurement



TABLE Il

EQUATIONS USED FOR MEASURE WEIGHTS AND DISSIMILARITIESSLIGHTLY MODIFIED FROM ORIGINAL EQUATIONS.

Abbr Name Definition
TF tf;; Term Frequency The number of tagged terty for documentd;
DF df; Document Frequency The number of documents having the samettag

TF-IDF ¢ fidf;;

TF-Inverse DF

tfi; x log #j wheren is the total number ofl;

COsdi, d;) Cosine Dok wikwjk/\/zk wi D Wi

JAC(d;, d;j) Jaccard Zk wikw;k/ (Zk w2, + Zk wfk _ Zk wikwjk)
wipwjp— w; W

PEA(d;, d;) Pearson Dk iRIR TG Dy Wik Dy Vi

V (St b, ww2) (S w345, )

TABLE Il

The core idea of LSI algorithm is that since the dimension DATA SETS USED IN OUR EXPERIMENTS

of the raw or untreated tag-object matrix is usually too high
to find the concise relationships between tags and objdwts, t Data Sets

. . ]JVISI-CIEC portal 92 178
dimension should be reduced to recover latent structures of ™~ \itea 1131 6071
the input matrix. Thus, the algorithm projects the tag-obje
matrix A = [a;;] € R?*™ in the n-dimension space onto a
lower dimension spacé such thatd < n in order to remove g fFolkRank

“noisy” information and recover the true relationshipsttis

sense, the LSI algorithm can be considered as a dimensiofsPired from the PageRank algorithm which exploits the
reduction algorithm from-dimension tod-dimension. network structures of Web pages, the FolkRank algorithm has

For dimension reduction processing, the LS uses the Sinfifen developed as a folksonomy search engine by using the

lar Value Decomposition (SVD) method to find the best lowér@Ph model. The FolkRank algorithm can be used to provide

dimension matrix4 of the raw matrix4 as an input in a way Type-1 service by using the graph model.
to make the 2-norm differendéd — A||» minimized. The FolkRank algorithm uses the weight spread approaches,

1) Preprocedure: The LSI algorithm finds the best projec-Which is the same strategy used by the PageRank algorithm.
tions of the input tag-object matrix onto a lower dimension 1N€ intuition is that the popularly tagged objects will rivee

or latent space by using SVD. Compute the decomposition PTe and more weights from the _neighbor ijects. The diffe_r-
the input matrixA by using the SVD, ence from PageRank, however, is that weights are spreading

out through the undirected edges of the tag graph which is
the characteristic in the folksonomy graph model, while the
] . weight spreads have a direction in the PageRank.

whereU andV are orthogonal matrices .('-GU’UT =VIV = The FolkRank algorithm as follows: First, build a tripastit

I) andX is a diagonal matrix having eigen values such @Sgraph from the folksonomy data. Second, spread weights

¥ = diag(o1,---,0n) andoy > 09 > -+ > 05, > 0. iteratively by using the following equation.
Choose a target lower dimensiehsuch asd < n and

define a new reduced diagonal mattixfrom ¥ by removing
Odt1,- - ,0n, such thats = diag(oy, - - - , 04) Whered < n. _
Similarly, computeU and V by removing(d + 1,--- ,n)th C. Clustering
columns. ThenV represents the new object coordinates in To be added... (k-means and Deterministic Annealing)
the reduced space.

Note that the new matrix in the lower dimension is

Remarks
In-house system
Harvested from Connotea

| Documents| Tags |

A=UxvT 1

w=dAw+ (1 —d)p 4)

V. EXPERIMENTS

For the experiments in this paper, we used two sets of
A folksonomy data: one from our in-house collaborative taggi
and A is the best approximation of the matrik in a sense system called MSI-CIEC portal, which is currently under
that 2-norm differencé = |[A — A|[> is minimized. development, and the other harvested from Connotea, one of

2) Queries: A query ¢ is given by a vector of tags suchthe well-known folksonomy systems. The Connotea data was
thatq = (q1,--- ,q:). By using the reduced matrices abovepbtained in January 2008 and only collected approximately
Computeq, 1000 documents in the most popular document list and their
related tags. The data used in this experiment is summarized
in Table 111

A=UsV" 2)

G=q"U(®), @A)

and comparej with each document (i.e, each row & in
the reduced space by measuring similarity. Objects haviag
highest similarities are the answers of the query.

lA' Latent Semantic Indexing
To be added...



B. Clustering
To be added...

VI. CONCLUSION
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