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Abstract— The spherical k-means algorithm, i.e., the k-means Our main objective in this paper is to significantly improve
algorithm with cosine similarity, is a popular method for cluster- the clustering quality for k-means, yet to retain its effizig
ing high-dimensional text data. In this algorithm, each doement A traditional way of improving the quality of k-means is to
as well as each cluster mean is represented as a high-dimeorsal AR . .
unit-length vector. However, it has been mainly used in bate employ bgtter optlmlzatlon.(anneallng) techniques (44,
mode. That is, each cluster mean vector is updated, only afte [5]) to avoid (bad) local optima. However, these methods are
all document vectors being assigned, as the (normalized) erage usually too time-consuming to be valuable in practice. lLLoca
of all the document vectors assigned to that cluster. This gzer  search was used in [6] to improve the objective function @alu
investigates an online version of the spherical k-means agthm ¢, spherical k-means. The algorithm tries to find a data toin

based on the well-known Winner-Take-All competitive learring. d b itchi it t diff t cluster to i th
In this online algorithm, each cluster centroid is incremenally an y Switching It to a difierent cluster, 1o improve the

updated given a document. We demonstrate that the online SPherical k-means objective function. This approach, vewe
spherical k-means algorithm can achieve significantly beetr works favorably only for small text data sets. For large @ts
clustering results than the batch version, especially wheran the “first variation” technique is unlikely to be effective,
annealing-type learning rate schedule is used. We also p@st 55 agmitted in [6]. In addition, the proposed local search
heuristics to improve the speed, yet almost without loss of . . .
clustering quality. algorithm seems to be computationally costly for clustgrin
large text data sets.

|. INTRODUCTION Another approach is to replace the batch update of cluster

Document clustering has become an increasingly importargntroids by an online learning strategy. The standard &nse
technique for unsupervised document organization, auiomausually update cluster centroids in batch mode, meaning all
topic extraction, and fast information retrieval or fillegi centroids are updated after going through (partitioninip in
For example, a web search engine often returns thousandslofters) all data points. In contrast, competitive |e@gni
pages in response to a broad query, making it difficult f@pproaches adjust one or more cluster centroids for eaein giv
users to browse or to identify relevant information. Clustg data input. The “Winner-Take-All (WTA)” strategy updates
methods can be used to automatically group the retrievedly one cluster centroid per data input, and is more effi-
documents into a list of meaningful categories. Similady, cient than soft competitive learning methods such as Self-
large database of documents can be pre-clustered to déeilitOrganizing Map [7] and Neural-Gas [8], which adjust all
guery processing by searching only the cluster that is stoseentroids accordingly for every given input.
to the query. In these applications, clustering efficiengy i It has been shown that using online updates leads to
desirable due to real-time requirements or high data vobuménproved clustering results [8], [9]. For example, Banegad

If the popular vector space (“bag-of-words”) representati Ghosh [9] combined frequency sensitive competitive leagni

is used, a text document, after suitable pre-processirtg, gi0], a method to reduce empty clusters (which is a problem
mapped to a high dimensional vector with one dimension pelaguing WTA-type learning, especially when the number
“term” [1]. Such vectors tend to be very sparse, and th&f clusters is large), with SPKM to achieve more balanced
have only non-negative entries. Moreover, it has been widatlusters. Using a conscience mechanism, they penalize the
observed that the vectors have directional properties,the probability of a data point going to an already crowded @yst
length of the vector is much less important than their dioect and reported better clustering quality with this strategy.
This has led to the widespread practice of normalizing the Besides the efficiency and quality issues, online algorthm
vectors to unit length before further analysis, as well athéo are an important and effective way of analyzing streaming
use of the cosine between two vectors as a popular meastaéa [9], which is another reason that we investigate online
of similarity between them. spherical k-means algorithms.

Our previous comparative study [2] empirically verifiedttha The approach advocated in this paper is most similar to
using unit-length term frequency-inverse document fregye the incremental algorithm proposed in [9]. However, theee a
(TF-IDF) vectors leads to better clustering results thampdy  significant differences. First, the focus in [9] is diffeteand
representing a document by multivariate Bernoulli or nmaiti mainly on achieving non-empty balanced clusters rathen tha
mial models. It is also shown that the spherical k-meamdficiency and/or quality. Second, we use different leagnin
algorithm (SPKM) [3] is one of the most efficient (i.e., fastde rate schedules. The online update of cluster centroids ean b
document clustering algorithms, but not of the best qualityiewed as a gradient ascent approach—the cluster centroids



(parameters) are updated following the gradient direcfldve of von Mises-Fisher distributions [9]. The main difference
learning rate used in [9] is effectively inversely propon@al from standard k-means is that the re-estimated mean vectors
to the size of a cluster, aiming to balance clusters. We:} need to be normalized to unit-length and the underlying
compare two different rate schedules: a flat/static legrniprobabilistic models are not Gaussian.

rate and a gradually decreasing (annealing type) learmiteg r

and observe the latter is much superior. Finally, we presemigorithm: spherical k-means (SPKM)

implementation tricks to significantly improve the speed dfinput: A set of N unit-lengthdata vectorst’ = {xu, ...,xn }
WTA-type spherical k-means, without quality degradation.n /2" and the number of clusters’. ,

Third, there are no time results provided and no comparis Jﬁg?ﬁﬁ; v’icﬁsgj't'cin {Zflthey(]jva}ta;/ecetog gwe}g}by the cluster
with other efficient algorithms (e.g., CLUTO [11]) in [9]. | steps: R e
Experimental results show that our online SPKM approach 1 ntialization: initialize theunit-lengthcluster centroid

is faster than CLUTO and achieves comparable quality. vectors{ 1, ..., pr } ;
Borgelt and Nurnberger [12] presented a competitive learn 2. Data assignmegt: for each data vectqr, set
ing version of the fuzzy c-means clustering algorithm. The Yn = AIGIMAX X [k 5

difference from our work is that they retained the use gf 3. Centroid estimation: for cluster, let
Gaussian models (i.e., Euclidean distances and covariance <k = {Xn|yn =k}, the centroid is estimated as
matrices), which makes the proposed algorithm inefficient f| ’é’;og %ﬁ‘%’é’ééﬂ%ﬁéﬁ’gé”o’therwise 4o back to Step Pa.
high dimensional text data.

For notation in this paper, we use bold face variables (e.g., Fig. 1. Spherical k-means algorithm.
x, 1) to represent vectors, upper case alphabets (&.9))
to represent setd, || to denote the., norm, and - | to denote
the number of elements in a set.

An interesting observation is that, whexn and p are
both unit vectors, it is equivalent to use cosine similaoty
Il. SPHERICAL K-MEANS (SPKM) Euclidean distance for data assignment. The reason is that

A. Standard K-means
The objective of standard k-means clustering [13], [14] is

l[x = pll® = [Ix[|* + |l —2x"p=2—2x"p .

to minimize the mean-squared error That is, on a hypersphere, maximizing (2) is equivalent to
1 minimizing (1). As we will see in the next section, this leads
E= N Z Ix — Mk(x)”z , (1) to slightly different update formula for the online sphatic
x k-means algorithm.

where k(x) = arg min |x — ug|| is the index of the
ke{l,..., ) [1l. ONLINE SPHERICAL K-MEANS (OSKM)
closest cluster centroid t®, /N is the total number of data

vectors. It is well-known that the underlying probabilitisd A Competitive Leaming
tribution for the standard k-means algorithm is Gaussi&j.[1 Competitive learning techniques [18] let multiple cellsico
A more accurate description of the relationship between pete for a given input and the winner to adjust itself to
means and mixture-of-Gaussians is provided in [16], viewirespond more strongly to the input. The “Winner-Take-All”
k-means and EM clustering as two stages of an annealimgchanism is the simplest strategy and allows only one winne
process. per input. When applied to clustering (with cluster certsoi
as cells), it leads to an online k-means clustering algarith
_ ) ) There are other soft competitive learning methods [7], i@t
For high-dimensional data such as text documents (fepigow multiple winners to adjust, with the rate of adjustrnen
sented as TF-IDF vectors) and market baskets, cosine similayersely proportional to the distance (or some function of
ity has been shown to be a superior measure to Euclidgg@ gistance) between each winner and the given input. For
distance [17]. The impligation is that the directﬁon of @xample, the Neural-Gas algorithm [8] update cluster ciafr
document vector is more important than the magnitude. Thig.ording to the rank of being close to a given data point. It
leads to a unit-vector representation, i.e., each docuweeor g reportedly one of the best competitive learning techeigu

is normalized to be of unit lengthi|| = 1). Let {u1, ..., uxc} LS] in minimizing the MSE objective function (1).
be a set of unit-length centroid vectors, the spherical k-

means algorithm (i.e., k-means on a unit hypersphere) aiBs Online Spherical K-means
to maximize the average cosine similarity objective

B. K-means on a Hypersphere

In online spherical k-means clustering, to maximize the
L= ZXTMk(x) , (2) objective (2), given a data point, we incrementally update
x the closest cluster center, ) as:
OLyx
P TN gueee bk +1 X

o + 1 sl ke + 0 x[

wherek(x) = arg maxy x7 yy, . The batch version of SPKM
again iterates between a data assignment step and a mean re- H(T(wgu) —
estimation step (Fig. 1). It can also be derived from the orixt *

®3)




where ) is the learning rate and., = XT,Uk(x)- Note the linear in the number of nonzeros #y much lower tharndi—
normalization is necessary to keep the updatesh the unit the dimensionality ok. The complexity of the normalization,
hypersphere. The derivative term on the right hand side hiswever, is O(d) since the centroid vectop is usually
basically the (scaled) gradient of therelated part of the not sparse. Thus the total complexity for estimatimg is
objective function with respect tpy ). This is essentially O(M Nd). This is very costly sincel is the size of word

an incremental gradient ascent algorithm. vocabulary, possibly even larger than for many text data
sets. In contrast, one can easily verify that, with a sparstgixn
Algorithm: online spherical k-means (OSKM) representation, the total complexity for the data assigrime

Ingut: A set of N unit-lengthdata vectors¥ = {xi,...,xn} in step is justO(MKN,.), where N,,, is the total number
IR® and the number of clusters. of nonzeros in the whole term-document matrix and usually

Output: A partition of the data vectors given by the cluster . o
idgnﬁiliy vectF())ry”: {y1, ..yn} ynve a,.. g}gl} . y ! N,, < Nd. The number of cluster&’ is often seta priori.

Steps: One way of removing this computational bottleneck is to
1. Initialization: initialize theunit-lengthcluster centroid vec{ defer the normalization. We keep a record for evely L
tors {p1,...,ux}, t=0; norm (and the squarg(y) = ||u||?) and don’t normalize any
2. Form =1to M  until its norm gets too large (e.g., close to overflow). As
Forn=1to N

a result, we change the cosine similarity calculation in the

. T . . .
assignment step t% and the centroid estimation step to
the following substeps:

(@) For each data vectat,, find the closest centroid
Yn = arg m}?XXZHk ;

. . ) 5
(b) Estimate each centroid as,, « —“¥= +n n

[P o .
© t—t+1: Wt 0 e s(p) — s(u) =Y uli)?,
jeJ
Fig. 2. Online spherical k-means algorithm. p(g) = nl) +mxllpl,vie T,
s(p) — s(u)+>_n)?,
Before discussing the choice of learning rajdet us digress jed
for a moment and explain a difference in [9], where the update el = Vs,
formula is p("eY) = _Hreatn (x*““");” . The second term

_ k(x) 7 koo 0 (=) o where J is the set of indices for nonzero entriessin x(j)
in the numerator can be viewed as a derivative of part pf ihe j-th dimension of, and s(x) = ||u||>. Note all

the objective function in (1) W.r.tuk(x). Even though these these substeps together only takes time linear in the number
two updates are equivalent after normalization of the o&htr o¢ onzeros inx since only those dimensions ip get
vectors, the first one (3) seems to be more interpretable (%ated. The total complexity for computipg now becomes
save some computation). After all, a cluster is assumed MM N,.), which is a huge improvement ovex(M Nd). The
follow a von Mises-Fisher distribution instead of a Gaussiggta) time complexity for OSKM is novO(MKN,,.).
distribution [9]. _ _ _ Sampling:Let us consider the online spherical k-mean algo-
The learning rate used in [9] is effectively= 1/|Xk(|,  rithm with the annealing-type learning rate scheduleiat
which is inversely proportional to the cluster size. Sincg 0 e learning rate is high and the centroids will be moving
focus is not to balance clusters, we compare two other raig,ynd a lot and get spreaded out globally in the data space. A
schedules—a flat rate (e.g;, = 0.05) and an exponentially the rate decreases, each mean gets refined and starts gdaptin
decreasing rate®) = 7 "_g M , Wheret is the online to the local data structure. We conjecture that many initial
iteration index ( < t < NA) and M is the number of Moves are redundant and a small random sample would be

batch iterations. The exponential learning rate schedate £Nough to achieve the same spreading-out effect. Therefore
been shown to work better than the flat learning rate [19)€ Propose the following sampling strategy: at theth batch
due to an annealing effect introduced by the gradual deere#gration (suppose we go through all data poihfstimes), we

of 1. Our results verifies that this annealing-type learning rafandomly samplé;7 data points to do the online learning for
schedule leads to significantly better clustering resbtisithe #'S- Our experiments show that this strategy can double the

flat rate, as well as than the batch SPKM. clustering speed while not damaging the quality of cluatgri
results.
C. Efficient Implementation Avoiding Empty Clusterstt is well-known that the standard

This section describes several implementation details koimeans algorithm, either batch version or online version,
the online spherical k-means algorithm that help improwe tliends to generate empty clusters (due to the greed optionizat
efficiency and avoid empty clusters. strategy). The situation deteriorates further as number of

Deferred normalization: Readers familiar with text data clusters and data dimensionality grows. There have been two
analysis may already notice that the computational battikn directions to improve this: (a) to use a better initial set of
for OSKM is with the centroid vector normalization stegluster centroids; and (b) to employ a better (non-greedy)
(Step 2(b) in Fig. 2). Since each document vector i®ptimization process. EM clustering and Neural-Gas (and
usually very sparse, the complexity of additipr+ n x is some other algorithms, e.g., frequency sensitive coniyeetit



learning) are common examples of the latter category. Themmoved those words that appear in two or fewer documents.
are only a few proposals for the first direction, yet none seerhe classic30and classic300are sampled [6] from the three
to work consistently well. well-separated categories in thkassicdataset.
Our objective here is to reduce empty clusters and we use
a very simple heuristic to achieve it. The heuristic works d& Evaluation criteria

follows: At the end of each batch iteration (i.e., each tirfiera Objective clustering evaluation criteria can be based on

going through all data points), we keep a list of upiodata jnternal measures or external measures. An internal medsur

points that are most distant from their cluster centroidl agften the same as the objective function that a clusterigg-al

a list of empty clusters. The centroid of each empty clustgghm explicitly optimizes, as is the average cosine siritifa

will then be replaced by a data point (from the list considct riteria used for the spherical k-means algorithm.

above) that is most remote to its center (and the data polht wi o gocument clustering, external measures are more com-

be removed from the list so that it will not be assigned MOkBonly used, since typically the benchmark documents’ cat-

thgn once). We can always achieve zero empty clusters wggory labels are actually known (but of course not used

this strategy. in the clustering process) [22]. It has been argued that the
IV. EXPERIMENTAL RESULTS mutual informationI(Y;ff) betwee_n a.v. Y, governing the

cluster labels, and av. Y, governing the class labels, is a

superior measure to others [23]. We shall follow the definiti

We used the 20-newsgroups dagmd a number of datasetsof normalized mutual informationN M 1) using geometrical

A. Text Datasets

from the CLUTO. toolkif _[11]. These datgsgts provide 3mean, NMI = 1(Y;Y) __, as given in [23]. TheNMT
good representation of different characteristics: numbfer VHY)H(Y)

documents ranges from 30 to 19949, number of words froYﬁ‘Iue is 1 when clustering results perfectly match_ t_he_emler
1073 to 43586, number of classes from 3 to 20, and balan(if’jétegory Iabels_ and close to O for a random partltlon!ng. L.
from 0.043 to 1.0. The balance of a dataset is defined as thén our experiments, we use both the average cosine simi-

ratio of the number of documents in the smallest class to tl‘?‘é'ty (ACS) and the normalized mutual informatiofV (/)

number of documents in the largest class. So a value cld@iUes t0 gauge the quality of clustering results.

to 1(0) indicates a very (un)balanced dataset. All datesets . .
.C. Experimental Setting
very sparse, as shown by the (very) low values for the fractio o
of nonzero entries in the term-document matrix. A summary For SPKM, we used a common initialization strategy—

of all the datasets used in this paper is shown in Table I. randomly perturbing global mean to gét similar centroid
vectors. For OSKM, we use the same initialization though dif

TABLE | ferent initial centroids probably do not make a big diffezen

SUMMARY OF TEXT DATASETS (FOR EACH DATASET, 7 IS THE TOTAL for online learning. For the exponential decreasing ledayni

NUMBER OF DOCUMENTS 1y THE TOTAL NUMBER OF WORDS K THE rate schedule with OSKM, we used an initial rafg = 1.0
NUMBER OF CLASSESAND Nyz /(Nd) THE FRACTION OF NONZEROSIN  and a final rate); = 0.01.

THE TERM-DOCUMENT MATRIX) For k-means algorithms, we use a maximum number of
Data N d K 2= | Balance iterations)M = 20. Our results show that most runs for SPKM
NG20 19949 | 43586 | 20 | 0.0018 | 0.991 converge within 20 iterations even a relative convergence
classic 7094 | 41681| 4 | 0.0008 | 0.323 criterion of 1e ¢ is used. No relative convergence criterion was
E:Zﬁi:ﬁggo 280 ég;? g 8:8332 1:8 needed for OSKM. Each experime.nt. i_s run t_en times, each time
ohscal 11162 | 11465 | 10 | 0.0053| 0.437 starting from a different random initialization. The avgea
kib 2340 | 21839| 6 | 0.0068| 0.043 and standard deviations of the average cosine similarltyega
tr1l 414 6429 | 9 | 0.0438| 0.046 NMT values, and run time results are reported. The run time

results were measured on a PC with Intel Pentium 4 3.06GHz
CPU and 1GB memory, running Windows XP.

The NG20 dataset is a collection of 20,000 MeSSages, »c - < rveving a ranae of spectral or araph-based par-
collected from 20 different usenet newsgroups, 1,000 ngessa..,. . ying g€ P grap P
. titioning techniques, we picked the state-of-the-art frap

from each. We preprocessed the raw dataset using the OW. 4 clusterina algorithm. CLUTO [11]. as the leadin

toolkit [20], including chopping off headers and removings 9 ag ' ' 9

words as well as words that occur in less than three documeﬁ?ﬁmesemaﬂve of this class of similarity-based appreach

In the resulting dataset, each document is represented bglae CLUTO toolkit is based on the Metis graph partitioning

43,586-dimensional sparse vector and there are a total ogonthms [24]. We useclusterin the toolkit with the default

19,949 documents (after empty documents being removed .?:”;‘g’ a\.l|\'lt?tli((:)?1irl1$ i’hbélscell(jg?e%a?pcﬁ:?harﬁr}sto rg:jre;;-;(teﬁr;bor
The other datasets are associated with the CLUTO toolRtor. P 9. 9 9 y

and have already been preprocessed [21] and we furt grpendent_on the orQer of nodes from t_he mpgt graph. We run
each algorithm ten times, each run using a different order of

Lhttp://kdd.ics.uci.edu/databases/20newsgroups/2€greups. html. docume_nts- This order _eﬁeCt is small though, as seen fram ou
2http://www.cs.umn.edukarypis/CLUTOffiles/datasets.tar.gz. results in the next section.



In summary, we compare the following algorithmscolumn. For example, OSKM:2SPKM means that OSKM-2
SPKM—batch spherical k-mean§SKM-1—online spheri- is better than SPKM. A-value of< 0.05 indicates significant
cal k-means with flat learning rate = 0.05; OSKM-2— evidence for the tested hypothesis to be true, and a value
online spherical k-means with the annealing-type learning > 0.95 suggests the opposite of the tested hypothesis be
rate schedule in Section llI-B anghy = 1.0,n; = 0.01; true. These values are highlighted using boldface in thke tab
OSKM-fast—OSKM-2 plus the sampling trick in Section Ill- We observe that OSKM-2 (the OSKM with exponentially de-
C; CLUTO —We use thevclusterprogram with default setting creasing learning rate schedule) generates significastherb
in the CLUTO package. The default objective function iaverage cosine similarity values than both SPKM and OSKM-
equivalent to the average cosine similarity objective il (21 (except orclassicvs. SPKM). OSKM-fast is comparable to
The deferred normalization scheme and the heuristic todav@SKM-2 for every data set used in our experiments. Compared

empty clusters are used in all OSKM algorithms. to CLUTO, OSKM-fast is significantly better for the two
] largest data setdNG20andohsca), but worse for three other

D. Results Analysis data sets.

For the two small data setsléssic30and classic300 that

contain well-separated clusters, we simply show the typica TABLE IV

confusion matrices obtained by each of the five algorithms. AVERAGE COSINESIMILARITY (AC'S) RESULTS

Table Il and Il show the results farlassic30andclassic300 NG20 | ohscal | classic| Kib il

respectively. We put the confusion matrices for OSKM-2 and K 20 10 4 6 9

OSKM-fast together since they deliver the same results fof SPKM 0.1564 | 0.1880| 0.1514| 0.1969 | 0.3541

these two small data sets. These data sets have been usgd in [éo)gim% 8-1232 8-18(1)2 8-%&13 8-%8% 8-3322
to demonstrate the effectiveness of their local searckmmt_nn OSKM-fast | 0.1594 | 01906 | 0.1509 | 0 2028 | 0.3710
Here we demonstrate that the OSKM and CLUTO algorithms ¢ yTto 0.1582 | 0.1881| 0.1663| 0.2081 | 0.3747
can achieve the same good results. For the following arsalysi

we only consider the rest six datasets.

TABLE 1l
CONFUSION MATRICES FORClassic30DATASET (EACH ROW IS A CLUSTER
AND EACH COLUMN A CLASS)

TABLE V
ACS T-TESTRESULTS(P-VALUES)

SPKM OSKM-1 | [ NG20 [ ohscal| classic | kib | tll |
5 3 29 0 0 OSKM-2
3 5 21 9 2 >SPKM 1.4e-8| 3.3e-4| 098 | 5.3e-6 | 1.7e-6
A O(S)lg\lgl-\il 0 0 1.1e-16| 4.3e-14| 7.6e-7

> - de- .3e- .6e-

O()S?(}K/Il\{lfjst CcLuTo OSKM-fast
9 0 08 0 0 <OSKM-2 | 0.16 0.8 0.88 022 | 0.14
0 10 1|1 10 2 OSKM-fast
1 0 9|1 0 8 <CLUTO 1.0 1.0 0 0 25e-3

When we look at theV M I results, however, the comparison
between OSKM-fast and CLUTO is a different story. Table VI
shows theN M I results and Table VII théV M I-based t-test
results. Now the OSKM-fast approach is significantly better

TABLE Il
CONFUSION MATRICES FORclassic300DATASET (EACH ROW IS A CLUSTER
AND EACH COLUMN A CLASS)

7 SF;KM 55198 OSSM'l 5T than CLUTO in all date sets. This also suggests that higher

40 92 > > 100 0 objective function v_alues do not necgss_arily translat® int

26 4 701l o 0 79 better N M I values (i.e., better categorization of documents).
OSKM-2 CLUTO The test results for other hypotheses are similar as above:
OSKM-fast OSKM-2 is much better than SPKM for all data sets, better

98 0 099 © 0 than OSKM-1 for all but one data satl{sca), while OSKM-

2 100 0 1 100 0 i _ i

0 o 100l o o 100 fast is comparable to OSKM-2 for all but one data stagsig.

Table VIII shows the average run time results in seconds.
OSKM-fast is the fastest for all except one small data set
Table IV shows the average cosine similarity results. On{yrll). It reduces the run time of OSKM-2 by half, but

the averages (over 10 runs) are presented since the stangarforms just as well. Except faXG20 data set, all the k-
deviations are very small. Boldface numbers signify thet bemeans algorithms are faster than CLUTO. Here we fixed the
algorithm in each column. Table V shows the significance value of K to be the same as the true number of classes in
test results j-values) for several hypotheses listed in the firgach data set, but will try differemt” values in the future.



TABLE VI
NORMALIZED MUTUAL INFORMATION (N M) RESULTS

NG20 ohscal classic kib tr1l
K 20 10 4 6 9
SPKM .54+ .02 42 £.03 .5 £.04 .56 £ .05 .54 £ .06
OSKM-1 .56 £ .01 44 £ .01 .56 £ .05 .62 £.03 .66 £+ .04
OSKM-2 b59+.01 | 44+£.01 | 631+.03 | .66£.03 | .71+ .02
OSKM-fast | .59 +.01 | .45 £.01 | .59 + .03 65 £.03 | .71+ .02
CLUTO b8 £ .01 44 £ .00 .55+ .01 .62 £.03 .69 £ .02
TABLE VI [6] Inderjit S. Dhillon, Yuqi G d J. K “Itevat clusteri f
nderjit S. Dhillon, Yugiang Guan, and J. Kogan, “Itdvat clustering o
NMI T-TESTRESULTS(P-VALUES) high dimensional text data augmented by local searchPruc. IEEE
| [ NG20 [ ohscal| classic| kiIb | w1l | Int. Conf. Data Mining Maebashi City, Japan, 2002, pp. 131-138.
[7] Teuvo Kohonen, “The Self-Organizing MapRroceedings of The IEEE
OSKM-2 vol. 78, no. 9, pp. 1464—1480, September 1990.
>SPKM 9.7e-9| 004 | 1.2e-4| 1.7e-5| 1.1e-7 [8] T. M. Martinetz, S. G. Berkovich, and K. J. Schulten, “dlal-
OSKM-2 Gas” network for vector quantization and its applicationtitne-series
>0OSKM-1 | 1.1e-6| 0.36 1.2e-3| 0.003 | 1.1e-3 prediction,” IEEE Trans. Neural Networkssol. 4, no. 4, pp. 558-569,
OSKM-fast July 1993.
<OSKM-2 0.7 0.86 0.04 0.32 0.54 [9] Arindam Banerjee and Joydeep Ghosh, “Frequency-semsiom-
OSKM-Tast petitive learning for scalable balanced clustering on fdghensional
hyperspheres,1EEE Trans. Neural Networkssol. 15, no. 3, pp. 702—
<CLUTO 1.0 0.99 0.996 0.99 0.98 719, May 2004.
[10] A. S. Galanopoulos, R. L. Moses, and S. C. Ahalt, “Diftus
TABLE VIII approximation of frequency sensitive competitive leagiiilEEE Trans.
Neural Networksvol. 8, no. 5, pp. 1026-1030, September 1997.
RUN TIME RESULTS(IN SECONDS [11] George Karypis, CLUTO - A Clustering Toolkit  Dept.
NG20 | ohscal | classic | kib | Trii of Computer Science, University of Minnesota, May 2002,
http://ww users. cs. um. edu/ ~karypi s/ cluto/.
K 20 10 4 6 9 [12] Christian Borgelt and Andreas Nuernberger, “Fast yuziustering
SPKM 19.87 3.5 0.34 096 | 0.11 of web page collections,” irProc. PKDD Workshop on Statistical
OSKM-1 20.5 3.16 0.41 | 0.99| 0.13 Approaches to Web MiningPisa, Italy, 2004, pp. 75-86.
OSKM-2 21.88 | 3.45 0.78 | 1.05| 0.14 [13] E. Forgy, “Cluster analysis of multivariate data: Bfficcy vs. inter-
OSKM-fast | 11.38 1.8 0.27 058 1| 0.14 pretability of classifications,Biometrics vol. 21, no. 3, pp. 768, 1965.
CLUTO 18.35 55 1.16 | 1.56 | 0.25 [14] J. MacQueen, “Some methods for classification and aislgf multi-

V. CONCLUSION

In this paper, we have investigated an efficient onlinﬁ7

[15]
[16]

spherical k-means algorithm, which employs the “Winner-

Take-All" competitive learning technique, together with a

annealing-type learning rate schedule. We have shown tl[llgi

the online algorithm can achieve significantly better @tisig
results than batch spherical k-means, yet still run fastéh

the help of several heuristics to improve speed. The studi

online algorithm also produce comparable clustering teal

[19]

g] Andrew K. McCallum,

CLUTO, using less time. Future enhancement of the OSKM-

fast algorithm can consider more speedup heuristics such[%_l,

the pruning strategy introduced in [25].
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