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Abstract

This paper investigates active learning of constraints for
semi-supervised document clustering. We make use of the
intermediate clustering results to guide the document pair
selection for obtaining user judgments for constraint gener-
ation. A gain function is designed for choosing the most
informative document pairs given the current cluster as-
signments. This gain function measures how much we can
learn by revealing the judgment of the document pairs. Two
methods are investigated, namely, independent gain model
and dependent gain model. In the independent gain model,
we assume that the information learned by revealing the
judgment of a document pair is independent of revealing
the judgment of other document pairs. The dependent gain
model also considers previously chosen documents to avoid
redundant selection and maximize the gain collectively for a
set of document pairs. Constrained semi-supervised cluster-
ing and gain directed document pair selection are conducted
in an iterative manner. We have conducted extensive exper-
iments on several real-world corpora. The results demon-
strate that the intermediate clustering assignments and the
interactions among a set of document pairs are useful for
improving the clustering performance. Our approach is also
superior to a recent existing work for this problem.

1 Introduction

Recently many studies have suggested that semi-
supervised text clustering, which groups a collection
of unlabeled text documents into clusters with a small
amount of user provided information, is effective. The
improvement on the clustering performance is mainly
due to the incorporation of the user provided supervised
data. Most traditional semi-supervised text clustering
approaches generate queries for user feedback informa-
tion in a passive manner. Therefore, it becomes crucial
for a user to provide the most “valuable” information.
However, it is not feasible for a user to browse all the
text documents and select the most informative data. A
solution to this problem is to let the clustering approach
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play an active role in the process. Labeled information
can be actively selected rather than chosen at random.
Given a set of documents, users may have some crite-
ria in mind for the underlying clusters. The grouping
criteria may be different for different users according
to the user preference or need. As shown in Figure 1,
some users suggest d;, da, and d5 should be in the same
cluster, d3 and d4 should be in another cluster. Some
other users may suggest that d;, ds, and d3 should be
grouped together. Active learning offers a mechanism to
select informative documents that best reveal the user
grouping criteria. The user’s feedback on those selected
documents contains the user’s opinion on the grouping
criteria and offers good hints on guiding the clustering
process for a better partition. Qur goal is to select infor-
mative documents for obtaining user judgments so that
the clustering performance can be improved with as few
supervised data as possible. We consider pairwise con-
straints as the type of user provided supervised data to
aid clustering. Pairwise constraints contain must-link or
cannot-link information between two documents speci-
fying that two documents must be in the same cluster
or must be in different clusters respectively.

Figure 1: An example of different user criteria for the
underlying clusters

Suppose that the true clustering assignments were
known in advance. Those informative document pairs
could then be easily chosen. In Figure 1, (d;,ds) is a
useful document pair. If d; has a must-link constraint
to ds, user may suggest the first clustering assign-
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ment rather than the second clustering assignment. In
our framework, a preliminary clustering process is con-
ducted to estimate the true clustering assignments. The
intermediate cluster structure learned provides useful
information for choosing informative document pairs.
We investigate an approach to selecting informative
document pairs automatically from the current cluster
structure learned. A gain function is designed to mea-
sure how much information we can learn by revealing
the judgments of document pairs. By formulating the
gain function, the most informative document pairs are
selected so that effective constraints can be generated.
Two methods are designed for the gain function, namely,
independent gain model and dependent gain model. In
the independent gain model, we assume that the infor-
mation learned by revealing the judgment of a docu-
ment pair is independent of revealing the judgment of
other document pairs. However, this design may not be
effective in some situations. In an extreme case, the rel-
ative value obtained from two identical document pairs
should be less than the value obtained from two differ-
ent document pairs. Therefore, for the second method,
we design a dependent gain model which considers pre-
viously chosen document pairs to avoid redundant se-
lection and maximize the gain collectively for a set of
document pairs.

We have conducted extensive experiments on our
proposed approach comparing with a recent semi-
supervised learning approach proposed by Basu et
al. [2]. The experimental results demonstrate that our
active learning framework is more effective.

2 Related Work

Semi-supervised clustering, which provides a way to in-
corporate the user knowledge or requirement in the form
of constraints into the clustering process, is of great in-
terest in recent years. In [19] [1], constraint-based meth-
ods which directly use constraints to guide the data par-
titioning are investigated. Sugota et al. [3] investigated
a theoretically motivated framework for semi-supervised
clustering that employs Hidden Random Markov Fields.
Bilenko et al. [4] described an approach that unifies the
constraint-based and metric-based semi-supervised clus-
tering methods. In these methods, all the constraints
are provided once before the clustering. All of these
methods do not conduct clustering in an active feed-
back manner.

Active learning has been extensively studied in
machine learning [7] [13] and has been applied to
text classification. One of the important tasks of
an active learning approach is to select informative
samples to request the user to label it. Different
principles of sample selection have been studied. Some
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methods [9] [14] [18] choose the most uncertain samples
which are closest to the current classification boundary.
In [5], it is proposed to select the sample that yields
the largest decrease of the margin between classes. In
[7], it is suggested to select the sample that minimizes
the expected future classification error. Some other
methods combine clustering and active learning into
text classification. In [10], a naive Bayes classifier is
trained over both labeled and unlabeled data using
an EM algorithm. For choosing query samples, some
methods [22] [17] put emphasis on the uncertainty of
samples. Some methods [20] [15] put emphasis on
the representativeness of samples. Others [11] balance
between these two factors. However active learning
techniques in classification are not applicable in the
clustering setting since some ideas used in sample
selection criterion in classification context are not well-
defined for clustering. In ad-hoc information retrieval
area, Shen et al. [16] proposed a general framework for
active feedback by defining the problem as a statistical
decision problem. Based on the framework, several
practical algorithms are derived.

The notion of “dependent selection” is also studied
in information retrieval problems. In [6], a method
for combining query-relevance with information-novelty
in the context of text retrieval and summarization is
proposed. In [21], a non-traditional retrieval problem
called subtopic-retrieval, is presented. The subtopic
retrieval problem is concerned with finding documents
that cover as many different subtopics of a general topic
as possible.

There has been little work on investigating active
learning for semi-supervised clustering. In [2], Basu et
al. proposed a two-step active learning scheme based on
the farthest-first traversal. However, in this method, the
active learning is only a part of the preprocessing phase
of the clustering and is not embedded in the clustering
process. Therefore, it cannot make good use of interme-
diate clustering result to select more informative query
samples. Klein et al. [8] also considered active learning
in semi-supervised clustering, but this method provides
cluster level queries rather than instance level queries.

3 Overview of Our Active Learning Framework

We attempt to partition the unlabeled documents into
a set of clusters with the help of a small amount of con-
straints, in particular, must-link constraints and cannot-
link constraints. In order to improve the clustering per-
formance with a limited number of constraints, a good
strategy for selecting those “valuable” document pairs
is needed. The problem of active learning is essentially
a selection problem. Document pairs are automatically
selected from the dataset to form queries. Judgments
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are then made by the user on selected document pairs
and constraints are generated by assigning must-link or
cannot-link labels according to the user judgment for
each document pair. The intermediate clustering result
can be used to guide the document pair selection. A
gain function is designed for choosing document pairs.
This gain function measures how much we can learn
from revealing the judgments of document pairs. In the
dependent gain model, it also considers previously se-
lected documents to maximize the gain collectively for
a set of document pairs and avoid redundant selections.

The outline of our active learning framework is de-
picted in Figure 2. Solid rectangles and solid lines indi-
cate process steps and process flow. Broken rectangles
and broken lines depict data and data flow. For the first
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Figure 2: The outline of our active learning framework.

step of our framework, we employ a method similar to
the “Explore” step in [2] for finding a skeleton struc-
ture of neighborhoods covering all the clusters using the
farthest-first algorithm. We describe this step in the re-
maining content of this paragraph. A neighborhood is
simply a set of documents within the same cluster. We
make use of the pairwise constraints to generate the set
of neighborhoods. Documents within the same neigh-
borhood are must-link to each other. Any two docu-
ments in different neighborhood form a cannot-link con-
straint. In Figure 3, two neighborhoods are depicted.
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The solid line represents a must-link constraint, and the
broken line represents a cannot-link one. The farthest-
first algorithm is adopted to find the set of neighbor-
hoods for all the clusters at the beginning so that all
the clusters have at least one representative document.
Suppose K is the number of clusters. Initially, the set of
neighborhoods are empty. The first document is picked
randomly and added to the first neighborhood. When
the number of neighborhoods has not reached to K and
document pairs are allowed to be selected, a document d
farthest from all the existing neighborhoods is selected.
Document pairs are formed by combining d with a ran-
dom document from each of the existing disjoint neigh-
borhoods until a must-link is obtained. If a must-link
is obtained for a particular existing neighborhood, d is
added to that neighborhood. If all document pairs form
cannot-link constraints, d forms a new neighborhood.

© d7 o

_---7"0 d5

Figure 3: An example of neighborhoods

After the above step, a neighborhood should have
been discovered for each cluster. A set of constraints
is generated at the same time. Semi-supervised cluster-
ing and gain directed document pair selection are then
conducted in an iterative manner until the number of
constraints reaches a pre-specified value ). For each
iteration, P constraints are generated according to the
current clustering assignment. In our current imple-
mentation, the number of iterations, 6, is determined
first and the constraints are generated evenly in each
iteration. In the gain directed document pair selection
step, we attempt to calculate the value of a gain func-
tion for all possible document pairs and select the docu-
ment pairs with the highest values. However, it is time
consuming to compute the gain function for all possi-
ble document pairs in the dataset. The cluster assign-
ments currently learned provide a clue for selecting doc-
ument pairs. Instead of exploring all document pairs,
we make use of the neighborhoods found in the previous
step. Document pairs are formed by taking an unlabeled
document d together with one of the documents in the
neighborhood of the cluster that d currently belongs to.
In the constraint generation step, queries are generated
for the selected document pair on whether the two doc-
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uments in the document pair should be in the same clus-
ter or not. If the user judgment indicates that these two
documents should be in the same cluster, a must-link
constraint is assigned for this selected document pair.
Otherwise, a cannot-link constraint is formed. When a
cannot-link constraint is obtained, document pairs will
be formed for d and other neighborhoods until a must-
link constraint is generated. The document d is then
involved in the neighborhoods. Next, the set of con-
straints are updated by the newly generated constraint
and used in the subsequent semi-supervised clustering
process. In the dependent gain model, the documents in
the updated neighborhoods are also involved for select-
ing the most informative document pairs. The detailed
description of gain directed document pair selection and
constrained semi-supervised clustering are discussed in
Section 4 and Section 5 respectively.

4 Gain Directed Document Pair Selection

As mentioned in Section 3, a major component in our
framework is the design of gain directed document pair
selection as shown in Figure 2. Our framework attempts
to choose the best set of document pairs by considering
the current clustering assignments discovered by the
clustering process. Constraints are generated from the
selected document pairs for directing the clustering
process in the next round. To formalize this problem,
we treat it as the following optimization problem:

(4.1) O = argmax A(2,0, D)

where (2 is a set of document pairs; © is the current clus-
tering assignments; ® is the current set of constraints;
A(Q,0,d) is a gain function reflecting how much we can
learn by revealing the judgments of the selected docu-
ment pairs.

The selection of the set of document pairs depends
not only on the current clustering assignments, or the
current set of constraints, but also on the judgment of
the document pairs. Given a pair of documents, two
possible judgments can be assigned to the document
pair by a user, namely j,, representing the judgment
that two documents must be in the same cluster or j.
representing the judgment that two documents must be
in different clusters. Let J = {jm,jc} be the set of all
possible judgments that a user may assign to a pair of
documents, the gain function can be written as:

(4.2) A(Q,0,8) =

2 resr9(2,0,2, Dp(J1Q, 0, )

where J = {j1,...,jp} is aset of possible judgments for
the set of document pairs and j; is a possible judgment
for the i-th document pair w;(di,d2) in Q; P is the
number of document pairs that can be selected from
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the current clustering assignments; g(Q,@,@,ﬁ is a
judgment gain function which indicates how much we
can learn from the judgment J of the document pairs;
p(ﬂﬂ,@,@) is the probability that the judgment J
would be assigned to 2.

We investigate two methods for the design of the
gain function for selecting document pairs. The first
method, called independent gain model, assumes that
document pairs are selected independently. The previ-
ously selected documents in the current constraints do
not affect the document pair selection in the later stage.
The second method, called dependent gain model, at-
tempts to select document pairs based on both the cur-
rent clustering assignments and the current set of con-
straints. The following two subsections present the in-
dependent gain model and the dependent gain model in
detail.

4.1 Independent Gain Model The independent
gain model assumes that the document pairs are se-
lected independently without considering the docu-
ments involved in the constraints. In other words, given
a set of selected document pairs, users judge each doc-
ument pair independently without considering the cur-
rent clustering assignment and the current set of con-
straints. The g(Q,@,@,fand p(ﬂQ,@,@) in Equa-
tion 4.2 become as follows:

43)  9(2,0,9,J) =
Ewi (d1,d2)EQ gIG(wi (dl, d2)a e, .71)
-
44)  p(J12,0,2) = [ plilwi(d1,d2))

=1

where ¢/%(w;(dy,ds),0,7;) is the independent judg-
ment gain function for single document pair w;(ds,ds);
w;(dy,ds) is the i-th document pair in Q; j; is a possible
judgment of document pair w;(dy,d2); p(ji|wi(di,d2)) is
the probability that the judgment j; would be assigned
to document pair w;(dy,dz).
Therefore, the goal of active learning for indepen-
dent gain model is to select the optimal set of document
pairs according to the following gain function:

2 2

w;(d1,d2)€EQ j;
9"%(wi(d1,d2), 0, ji)p(jilwi(d1, d2))

(4.5) Q" = arg max

This optimization problem can be viewed as a rank-
ing problem which tries to select the top P document
pairs with the highest value on the following pairwise
gain function:

G (wi(da,d2)) =
Eji gIG(wi(dla dQ)a (—)a Jl)p(31|w1(d13 d2))

(4.6)
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Instead of ranking all possible document pairs, we
make use of the set of neighborhoods to generate docu-
ment pairs. This idea is formulated via a document gain
function. Given the current clustering assignments, we
select the document pairs from each currently discov-
ered intermediate cluster. We calculate the value of the
document gain function for all unlabeled documents in
the dataset. The documents with the highest value are
selected paired with one of the documents in the neigh-
borhoods. The document gain function for the indepen-
dent gain model, G'%(d), is derived from the pairwise
gain function given in Equation 4.6. Specifically, G%(d)
is formulated as follows:

GIG(d) _
Zjd gIG(wd(d’ ,u'nd)z jd)p(jd|wd(da )u'nd))

(4.7)

where k4 is the cluster to which the document d
currently belongs; p,, is the centroid of the cluster x4
and can be regarded as a pseudo-document representing
the cluster kq4; wa(d, pye,) is a document pair formed
by the document d and p.,; jq is the judgment of the
document pair wq(d, ps,), in particular, either must-
link j,, or cannot-link j. indicating that d belongs to
or does not belong to the cluster kq; p(ja|wa(d, ps,)) is
the probability that the document pair wgq(d, p,,) would
be assigned the judgment jg; ¢'%(wa(d, pix, ), jq) is the
independent judgment gain function which indicates
how much we can learn from the judgment j; on the
document pair wg(d, jtx,). We remove © from g/¢
in Equation 4.6 and obtain g% (wy(d, s, ), ja) as each
document d is selected from the cluster it currently
belongs to.

We attempt to choose the document d that are not
certain on the judgment j for the cluster to which d
is currently assigned. The well-known entropy func-
tion can be employed to model this idea. Given two
documents w;(dy, dz), the entropy H (j;|w(dy,dz)) is ex-
pressed as follows:

(4.8) H(jilwi(d1,d2)) =
25, —log(p(jilwi(da, d2)))p(jilws (di, d2))

We regard a cluster centroid as a pseudo-document
representing the cluster. Therefore, the entropy of
the document-to-cluster judgment, H(jlw(d, px,)), is
calculated as shown in Equation 4.9. The documents
in each cluster are ranked by the descending order of
this entropy.

(4.9) H(jalwa(d, pey)) =
>, — log(p(jalwa(d, pry)))p(alwa (d pey))

Comparing H (jq|lwa(d, ptr,)) with the independent doc-
ument gain function shown in Equation 4.7, we design
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9"%(wq(d, pr,),ja) for choosing the document for each

cluster as follows:

(4.10) ¢"%(wa(d, pwy), ja) = —log(P(jalwa(d, piry))

To estimate the probability that a document is
must-link or cannot-link to a cluster, we make use of the
similarity of the document to the cluster centroids. If
the document d is uncertain on the current assignment,
there must be at least one other cluster to which d is
very likely related. Otherwise, if the similarity of d
to the currently assigned cluster is dramatically larger
than all the other clusters, d is very likely related to the
current cluster. The probability that the document d
and the assigned cluster is must-link or cannot-link is
calculated as follows:

(4.11) p(jml|wa(d, prg)) = s(d uj(;l,f;d(; M)

(412)  p(jelwa(d, prg)) = 1 = p(jm|wa(d, pry))

where p1,; is the centroid of the cluster y to which the
document d most likely belongs besides the cluster xg;
s(d, p) is the cosine similarity between the document d
and the cluster centroid p and it is calculated as follows:

Vq;Vq;

(4.13) =
||Vdi |Vdj ||

S(dz', dj)

where v4, and vy, denote the vector representations of
the document d; and the document d;; d; and d; can
also be pseudo-documents such as the cluster centroid
u; || - || denotes the Ly norm.

4.2 Dependent Gain Model In the independent
gain model, we assume each document pair is selected
independently. Therefore, both the judgment gain func-
tion and the probability of the judgment assigned to a
document pair do not consider the previously selected
documents as shown in Equation 4.3 and Equation 4.4.
The previously selected documents are involved in the
constraints and the set of neighborhoods. Recall that
we convert the set of constraints into a set of neighbor-
hoods. However, this assumption may be too simplis-
tic. For example, if a document pair is identical to the
documents in the neighborhoods, the value gained by
revealing its judgment is not valuable. Therefore, the
set of constraints is useful for selecting document pairs
and avoiding redundancy selection. We involve the cur-
rent set of constraints, ®, in the judgment gain function.
The probability of the judgment for a set of document
pairs is formulated as follows:

9(2,0,2,J) =
Ewi (d1,d2)€EQ gDG(w1 (d17 d2)1 (_)1 (1)7 .71)

(4.14)

(415)  p(J12,0,%) = [] plilwi(di, d;), @)

i=1
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where gP%(w;(dy,ds),0,®, j;) is the dependent judg-
ment gain function for the single document pair
w;(dy,ds); j; is a possible judgment of the document
pair W; (dl, dg)

The optimization problem can be viewed as a rank-
ing problem which tries to select the top P document
pairs with the highest value on the following pairwise
gain function:

(4.16) GDG(wi(dh dy)) =
> 97 (wildr, d2), ©, @, ji)p(jilwi(dr, dz), P)

Similar to the independent gain model, we make
use of the neighborhoods found in the previous step to
generate the pair of documents. A dependent document
gain function is formulated as follows:

(4.17) GP%Wd) =

D 97 wald, i), @, ja)p(jalwa(ds py), @)
Jd

where k4 is the cluster to which the document d
currently belongs; p,, is the centroid of the cluster x4
and can be regarded as a pseudo-document representing
the cluster kg; wq(d, pix,) is a document pair formed
by the document d and p,,; jg is the judgment of
the document pair, in particular, either must-link j,,
or cannot-link j. indicating that d belongs to or does
not belong to the cluster kq; p(ja|wa(d, ps,), ®) is the
probability that the document pair wq(d, ps,) would
be assigned the judgment jg; gP%(w(d, px,), ®, jq) is
the dependent judgment gain function which indicates
how much we can learn from the judgment j; on
the document pair wg(d, pe,). We remove © from
gP%(w(d, pts,), ©,ja) as each document d is selected
from the cluster it currently belongs to.

The entropy function H (jq|wa(d, ps,),®), which
measures the uncertainty of the judgment for a doc-
ument pair in the current clustering assignments con-
sidering the current set of constraints, is employed to
model the dependent document gain function. The doc-
ument d that is not certain on the judgment jg for
the cluster and is not similar with those documents in-
volved in the neighborhoods is selected. The entropy
H(ja|wald, p,),®), is calculated as shown in Equa-
tion 4.18. The documents in each cluster are ranked
by the descending order of this entropy.

(4.18) H(jalwa(d, pry), ®) =
3, —log(pialwa(d ), ©))plialwa(d, i), ©)
Comparing H (jg|lwq(d, e, ), ®) with the document

gain function shown in Equation 4.17, we design
gP%wa(d, pir,), ®,74) for choosing the document for
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each cluster as follows:

(4.19) 9°% (wa(d, pixy), @, ja) =
—log(p(jalwa(d, pry), ®))

When a document d is not clear on the current
assignment but is close to a certain document d' in
the corresponding neighborhood, the judgments of the
previously selected document d' provide useful clues for
the judgment of document d. The assignment of d is
clear and may be easily obtained in the subsequent
clustering process. As the document d is near to d' and
d' is certainly assigned to cluster x4, the probability that
d has a must-link constraint to the currently assigned
cluster kg4 is high. We formulate this idea as follows:

Sd(d: p’fid)
Sd (d: :U‘de) + S(d, M”:i)

(4.20) p(jmlwa(d, pny), @) =

where p,;7 is the centroid of the cluster «;; to which doc-
ument d most likely belongs besides cluster xq; s(d, p)
is the cosine similarity between the document d and the
cluster centroid p; sq4(d, 1) is the dependent cosine sim-
ilarity between the document d and the cluster centroid
p. Sq(d, p) measures how similar a document is to a
certain cluster given a set of documents involved in the
corresponding neighborhood of the cluster. sq(d, p) is
estimated as follows:

(421) sa(dyp) = (1— 2

— e 2 )s(d, ) + 62 maxs(d, d)
D]

|D| a

where n is the neighborhood associated with the clus-
ter; ) is the number of constraints that can be posted
in the semi-supervised learning; |D| is the total num-
ber of documents in the document collection; € controls
the tradeoff between the similarity of the document d
to the cluster centroid and to the closest previously se-
lected document. When @ is small compared with |D|,
there is a small amount of selected documents in the
neighborhoods. The probability that a document is sim-
ilar to a previously seen document is small. Therefore,
the cluster centroid contributes more for calculating the
similarity. When @) is large, there is a large amount of
selected documents. It is relatively more important not
to select a redundant document. Therefore, previously
selected documents play an important role.

5 Constrained Semi-supervised Clustering

Our active learning framework involves the constrained
semi-supervised clustering as shown in Figure 2. Pair-
wise constraints, updated by the gained directed docu-
ment pair selection, are considered as the type of user
feedback information to aid clustering. In this step,
unsupervised clustering is employed to yield a better
partitioning of the data according to the user feedback
information.
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Clusters are discovered by minimizing an objective
function. The objective function is composed of two
parts, namely, the document distance function consid-
ering the documents and the penalty function consider-
ing constraints. An optimal partition is obtained when
the overall distance of the documents from the cluster
centroids is minimized while a minimum number of con-
straints are violated.

The document distance function Y measures the
distance of the documents from the cluster centroids.
This function is formulated as follows:

K
T=3 > wdm)

k=1deDy,

(5.22)

where d is a document; puy is the centroid of the clus-

ter k; K is the number of clusters; Dy is the set of
documents that belong to the cluster k; ¥(d, ur) mea-
sures the distance between the document d to the clus-
ter centroid py. Since the amount of constraints is small
compared with unlabeled documents, the document dis-
tance function Y is mainly related to the unlabeled doc-
uments. The distance between two documents or be-
tween a document and a cluster centroid is calculated
as follows:

va;va;

IZAIEZA

(5.23) Y(di,dj) =1

where vy, and vy, denote the vector representations of
the document d; and the document d;; d; and d; can be
pseudo-documents such as the cluster centroid y; || - ||
denotes the Lo norm.

The penalty function A is related to the constraints.
It measures the cost of violation of the constraints. We
denote the set of must-link constraints as M and the
set of cannot-link constraints as C. We make use of the
distance of the two documents in the constraints as the
penalty cost for violating the constraints in M and C.
The penalty function A is formulated as follows:

(G24) A = > (di,dj)d(ka; # Kay)
(di,dj)eM
+ Y (1= y(di, d))d(ka; = Kay)
(d,’,dj)EC

where kg4 is the cluster to which d belongs; ¢ is the
indicator function.

Consequently, the objective function = is formu-
lated as follows:
(5.25) E =pT+(1-pA
where p is a parameter for balancing the contribution of

the document distance and constraints in the objective
function. Therefore the semi-supervised clustering task
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is to minimize the following objective function:

PZ Z Y(ds, px)

(5.26) £ =
k=1deDy,
+ (1=p)( D $(di,dy)d(ka; # ray))
(d;,dj)eEM
+ Y (L= (di, dy))3(ka; = Kay))
(d;,dj)eC

The optimization for finding the clusters minimizing
the objective function expressed in Equation 5.26 is
achieved by an iterative process. The outline of the
algorithm is presented in Figure 4.

1 Initialization: the centroid of each cluster is initialized.

2 Repeat until convergence

3 Assign_cluster: Given the centroid for each cluster,
update the document assignment to clusters.

4  Estimate_means: Given the current cluster assignment,

re-calculate the centroid of each cluster.

Figure 4: The constrained semi-supervised clustering
algorithm

The cluster centroids are initialized by the set of
neighborhoods. In the Assign cluster step, the as-
signments of the documents to the clusters are up-
dated. Each unlabeled document is assigned to the
cluster that minimizes the objective function. In the
Estimate_means step, every cluster centroid uy is re-
estimated using the current document assignment as
follows:

b= Daen,
I sep, dl

where Dy, is the set of documents that belong to the
cluster k.

(5.27)

6 Experimental Result

6.1 Datasets Two real-word text corpora were used
for conducting extensive experiments. The first cor-
pus is derived from the 20-Newsgroups collection®.
This corpus contains text messages from 20 differ-
ent Usenet newsgroups, about 1,000 messages from
each newsgroup. For the first dataset, following the
ones used in Basu et al. [2], we first created a sub-
set which has 100 messages from each of the 20 news-

groups. Two datasets, namely Small-News-Similar-3
TThe description of the 20-Newsgroup corpus can be found at

http://people.csail.mit.edu/jrennie/20Newsgroups
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and Small-News-Different-3, were then derived from
the subset by selecting newsgroups with different level
of similarity. Small-News-Similar-3 consists of 300
messages from 3 similar newsgroups (comp.graphics,
comp.os.ms.windows.misc, and comp.windows.x) where
cross-posting occurs often.  Small-News-Different-3
consists of 300 messages posted by 3 newsgroups of
quite different topics (alt.atheism, rec.sport.baseball,
and sci.space). Since we also want to conduct exper-
iments in large scale, another two datasets, namely
News-Similar-3 and News-Different-3, were generated
using the original full set of 20-Newsgroup corpus.
News-Similar-8 contains 2938 messages from the 3 sim-
ilar newsgroups. News-Different-8 contains 2780 mes-
sages from the 3 different newsgroups.

The second dataset was derived from Reuters RCV1
corpus [12]. The RCV1 corpus is an archive of over
800,000 manually categorized newswire stories. The
news stories are organized differently based on three
category codes, in particular, topics, industries, and
regions. We derived a dataset from the RCV1 based
on the region category code. We selected those large
categories which contain a large number of news stories.
2,000 news stories were selected randomly which are
grouped into 12 region categories.

6.2 Evaluation Metric The pairwise F-measure (
similar to the one used in [2] is used for the evaluation
metric. It is defined as a combination of recall R
and precision P for the document pairs without user
provided constraints as follows:

(628) P = nc/ns
(6.29) R=nc/ns

2x PxR
(6.:30) ="P+r

where n. is the number of document pairs that are
correctly predicted as in the same cluster; n, is the
number of document pairs that are predicted as in the
same cluster; ny is the number of document pairs that
are actually in the same cluster.

6.3 Experimental Setup We make use of the set of
manually annotated cluster assignments to simulate the
user judgments on the proposed document pairs chosen
by active learning models. If the documents belong to
the same user labeled cluster, a must-link constraint is
assigned to the document pair. Otherwise, a cannot-link
constraint is assigned.

To determine the value of the parameters of our
models, we conducted a parameter tuning process. We
varied different settings of the parameters using a small
dataset. The set of parameters which achieve the best
performance are chosen for conducting the full-scale ex-
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periments. The dataset used for the tuning process is
Small-News-Similar-3. The number of constraints is set
as 200. Both independent gain and dependent gain
models are investigated. In our framework, there are
three parameters to be tuned. The first parameter is
the number of iterations, #, s mentioned in Section 3.
Figure 5 depicts the performance for different §. The
best performance is obtained for both dependent and
independent gain model when 6 is set to 8. When the
number of iteration is increasing, the performance im-
proves at the beginning. The reason is that with better
cluster assignments, document pairs can be chosen more
precisely. After 8 iterations, the performance starts to
decrease because of the limited number of constraints
allowed to be generated. With too many iterations, the
number of constraints that can be generated in each it-
eration is too little to obtain useful information from the
current clustering assignments. The second parameter
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Figure 5: Parameter tuning for the number of iterations
0

is p in Equation 5.25. We find that p is not sensitive to
the clustering performance. The clusters discovered are
more or less stable with different values of p. We decide
p to be 0.1 after the tuning process. The third param-
eter is € in Equations 4.21. Figure 6 depicts the perfor-
mance of clustering performance with different values of
€ from 0.1 to 1. We conducted experiments only with
the dependent gain model since ¢ is related to the de-
pendent cosine similarity in the dependent gain model.
The best performance is obtained when ¢ is equal to
0.5. As a result, these tuned parameters are used in the
full-scale experiments.

We conducted experiments for our framework in-
cluding both the independent and dependent gain mod-
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els?. We investigated the clustering performance by

varying the number of constraints. For comparative
investigation, we also run experiments for the recent
active learning method proposed by Basu et al. [2],
labeled as explore-consolidate. The constrained semi-
supervised clustering which does not actively learn the
constraints is treated as the baseline. One each dataset,
5-fold cross-validation was conducted. The pairwise
constraints are generated from the training portion of
the dataset. We make use of a sample size S for choos-
ing documents for document pairs. For each document
pair, S documents are chosen from the dataset randomly
and are ranked based on the document gain function. S
was set to 300 for the Small-News-Different-3 and the
Small-News-Similar-3 dataset, and was set to 500 for
RCV1, News-Different-3, and News-Similar-3 datasets.

6.4 Performance of the Our Models From Fig-
ure 7 to Figure 11, we present experimental results on
our proposed independent and dependent gain mod-
els. Figure 7 and Figure 8 depict the results for the
Small-News-Similar-8 and the Small-News-Different-3
datasets. Figure 9 and Figure 10 depict the results for
the News-Similar-3 and the News-Different-3 datasets.
Figure 11 depicts the results on the RCV1 dataset.
The experimental results demonstrate that our pro-
posed independent gain model and dependent gain
model are effective for improving the clustering perfor-
mance. Both the independent and dependent gain mod-
els outperform the baseline model and the recent exist-
ing work of Basu et al. [2] (explore-consolidate). The
dependent gain model generally achieves the best per-

2The experiments were conducted on a 3.6 GHz PC with 2 GB

memory. The operating system is Linux Fedora Core 4.
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wise F-Measure for our models on the News-Different-3
dataset
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wise F-Measure for our models on the RCV1 dataset

formance. For the Small-News-Different-3 and News-
Different-8 datasets, our proposed models almost reach
to a perfect result. The intermediate clustering assign-
ment is helpful for selecting document pairs. The clus-
tering performance can be improved dramatically with
the constraints generated from informative document
pairs actively selected. Compared with the baseline
model, the improvement of our models is obvious in
all range of number of constraints Compared with the
explore-consolidate, the improvement is more and more
dramatically when the number of constraints is increas-
ing. The dependent gain model generally performs bet-
ter than the independent gain model. The improvement
is more obviously with a large number of constraints.
The reason is that documents are more likely to be re-
dundant when there are a large amount of previously
selected documents.

6.5 Discussions The number of constraints does not
equal to the number of documents involved in the neigh-
borhoods. In an optimal situation, given V documents
in the dataset and K clusters, a user needs to indi-
cate either V different class labels to the documents or
V-K must-link constraints and ((K-1)(K-2))/2 cannot-
link constraints to provide a perfect clustering manu-
ally. However, in our problem, it is infeasible to find the
related cluster for each selected document to generate
pairwise constraints at the first time. In the worst case,
K-1 constraints are generated to involve a document
into the set of neighborhoods. As shown in Table 1, the
percentage of the documents involved in the neighbor-
hoods is small. Compared with the whole dataset, users
only provide a small amount of information especially
in News-Similar-3 and RCV1 datasets. In the News-
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Different-8 corpus, the percentage of the documents in
the neighborhood is larger compared with two other cor-
pora. The reason is that the selected documents usually
have correct assignments. Therefore, it does not gener-
ate many cannot-link constraints. However, the clus-
tering performance of News-Different-3 reaches to 0.99
with 200 pairwise constraints under the dependent gain
model. The percentage of the number of documents
involved in the neighborhoods is only 4.3%.

number of | News- News-

constraints | Similar-8 | Different-3 | RCV1
200 3.4% 4.3% 2.4%
400 6.5% 10.7% 4.5%
600 9.8% 17.8% 7.2%
800 13.8% 25.1% 9.4%
1000 17.9% 31.6% 13.8%
1200 21.7% 38.9% 16.9%
1400 25.9% 45.7% 21.1%

Table 1: The percentage of the documents involved in
the neighborhoods

We also compared the computational time required
for our proposed dependent gain model and the explore-
consolidate model [2] with 400 constraints as shown in
Table 2. Our dependent gain model requires more time
than the explore-consolidate model since document pair
selection and semi-supervised clustering are conducted
in an interactive manner. Nevertheless, the execution
time of our dependent gain models is still satisfactory in
practice. The computational time should be worthwhile
in exchange for significantly improved performance. For
example, as shown in Figure 11, our dependent gain
model achieves 10.8% increase in performance over the

explore-consolidate model.

News-Different-8 | News-Similar-8 | RCV1
explore- 26 28 21
consolidate
dependent | 229 240 120
gain model

Table 2: The computational time (in second) for our de-
pendent gain model and the explore-consolidate model

7 Conclusions and Future Work

We have presented a semi-supervised text clustering
approach that actively selects informative document
pairs from the intermediate clustering results for user
feedback. The user judgments are used to generate
constraints for guiding the clustering process in the
next round. A gain function is designed for choosing
“valuable” document pairs automatically by measuring
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how much we can learn by revealing the judgment of
document pairs. Two methods have been developed,
namely, independent gain model and dependent gain
model. Experimental results show that our proposed
active learning approach is effective. The clustering
performance is dramatically improved with the updated
constraints generated. Our approach also outperforms
the recent method mentioned in [2].

There are several directions for further study. One
direction is to incorporate the document distribution
into the gain function. In our current framework, we
attempt to choose document pairs which are uncertain
on the cluster assignment. However, another factor
which affects the clustering performance is the density
of the documents in the dataset. The documents
can be weighed by the document density. A selected
document with low density is not indicative to the
other documents. The worst case is that the constraint
generated from a selected document pair is only useful
for specific documents. On the contrary, a selected
document with high density may be more useful for
guiding the clustering process since it provides useful
information for a large number of unlabeled documents.

Another direction is to discover the hierarchical
relationship of the documents. Currently, we consider
pairwise constraints as the user provided information.
It is feasible for users to provide hierarchical constraints
for indicating the parent-to-child relationships between
documents. This information can be used to guide
hierarchical clustering. The hierarchical constraints can
be obtained randomly as a preprocessing process before
clustering, and can also be actively learned from the
currently discovered hierarchical structure.
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