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Abstract

We present V-measure, an external entropy-
based cluster evaluation measure. V-
measure provides an elegant solution to
many problems that affect previously de-
fined cluster evaluation measures includ-
ing 1) dependence on clustering algorithm
or data set, 2) the “problem of matching”,
where the clustering of only a portion of data
points are evaluated and 3) accurate evalu-
ation and combination of two desirable as-
pects of clustering, homogeneity and com-
pleteness. We compare V-measure to a num-
ber of popular cluster evaluation measures
and demonstrate that it satisfies several de-
sirable properties of clustering solutions, us-
ing simulated clustering results. Finally, we
use V-measure to evaluate two clustering
tasks: document clustering and pitch accent
type clustering.

I ntroduction

clustering task is then to assign these data points to
any number of clusters such that each cluster con-
tains all and only those data points that are members
of the same class Given the ground truth class la-
bels, it is trivial to determine whether this perfect
clustering has been achieved. However, evaluating
how far from perfect an incorrect clustering solution
is a more difficult task (Oakes, 1998) and proposed
approaches often lack rigor (Meila, 2007).

In this paper, we describe a new entropy-based
external cluster evaluation measure MEASURE,
designed to address the problem of quantifying such
imperfection. Like all external measures, V-measure
compares a target clustering — e.g., a manually an-
notated representative subset of the available data —
against an automatically generated clustering to de-
termine now similar the two are. We introduce two
complementary concepts, completeness and homo-
geneity, to capture desirable properties in clustering
tasks.

In Section 2, we describe V-measure and how it
is calculated in terms of homogeneity and complete-
Yss. We describe several popular external cluster

for many natural language processing tasks, Su(‘H\]/aluation measures and draw some comparisons to

as document clustering (Willett, 1988; Zamir an%—measure in Section 3
Etzioni, 1998; Cutting et al., '

2006).

In Section 4, we discuss

. 199_2; V_empalg andnow some desirable properties for clustering are sat-
Wang, 2005), word sense disambiguation (Shin aqgfied by V-

Choi, 2004), semantic role labeling (Baldewein e{
al., 2004), pitch accent type disambiguation (Levowd
They are particularly appealing for task§

measure vs. other measures. In Sec-
ion 5, we present two applications of V-measure, on
ocument clustering and on pitch accent type clus-
ering.

in which there is an abundance of language data )
available, but manual annotation of this data i€ V-Measureand ItsCalculation

very resource-intensive.

Unsupervised clusteriny-measure is an entropy-based measure which ex-

can eliminate the need for (full) manual annotatiorplicitly measures how successfully the criteria of ho-
of the data into desired classes, but often at the ca¥ogeneity and completeness have been satisfied. V-
of making evaluation of success more difficult.
External evaluation measures for clustering cafinct homogeneity and completeness scores, just as
be applied when class labels for each data point IN"ipe ' stands for “validity”, a common term used to de-
some evaluation set can be determiagatiori. The
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measure is computed as the harmonic mean of dis-

scribe the goodness of a clustering solution.
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precision and recall are commonly combined intdy examining the conditional entropy of the class
F-measure (Van Rijsbergen, 1979). As F-measuuistribution given the proposed clustering. In the
scores can be weighted, V-measure can be weightpdrfectly homogeneous case, this vali&,C|K),
to favor the contributions of homogeneity or com-s 0. However, in an imperfect situation, the size of
pleteness. this value, in bits, is dependent on the size of the

For the purposes of the following discussion, asdataset and the distribution of class sizes. There-
sume a data set comprisiig data points, and two fore, instead of taking the raw conditional entropy,
partitions of these: a set of class€s,= {¢;|i = we normalize this value by the maximum reduction

.,n} and a set of clusterdsy’ = {k;|1,...,m}. inentropy the clustering information could provide,

Let A be the contingency table produced by the clusspecifically, H (C).
tering algorithm representing the clustering solution, Note thatd (C|K) is maximal (and equal® (C))
such thatd = {a;;} wherea,; is the number of data when the clustering provides no new information —
points that are members of clagsand elements of the class distribution within each cluster is equal to
clusterk;. the overall class distribiutionH(C|K) is 0 when

To discuss cluster evaluation measures we intr@ach cluster contains only members of a single class,
duce two criteria for a clustering solution: homo-a perfectly homogenous clustering. In the degen-
geneity and completeness. A clustering result saérate case wherf (C') = 0, when there is only a
isfies homogeneity if all of its clusters contain onlysingle class, we define homogeneity to be 1. For a
data points which are members of a single class. perfectly homogenous solution, this normalization,
clustering result satisfies completeness if all the da@]@ equals 0. Thus, to adhere to the convention
points that are members of a given class are elemeris1 being desirable and 0 undesirable, we define ho-
of the same cluster. The homogenity and completenogeneity as:

ness of a clustering solution run roughly in opposi- .

tion: Increasing the homogeneity of a clustering so- b — 1 H(CIK) it H(C,K) =0 (1)
lution often results in decreasing its completeness. 1= ey else

Consider, two degenerate clustering solutions. In

one, assigning every datapoint into a single clustefnere

guarantees perfect completeness — all of the data &l e, i o

points that are members of the same class are triv-H(C|K) = =) > ﬁ log —or—

ially elements of the same cluster. However, this k=1 c=1 2 =1 ok
cluster is asunhomogeneous as possible, since all €] \Kl . Z Ao
classes are included in this single cluster. In an- H(C) = Z 2= 0 log o

other solution, assigning each data point to a dis-
tinct cluster guarantees perfect homogeneity — each
cluster trivially contains only members of a singleCompleteness:
class. However, in terms of completeness, this so- Completeness is symmetrical to homogeneity. In
lution scores very poorly, unless indeed each clagsder to satisfy the completeness criteria, a cluster-
contains only a single member. We define the didhg must assigiall of those datapoints that are mem-
tance from a perfect clustering is measured as thmers of a single class to a single cluster. To eval-
weighted harmonic mean of measures of homogenaate completeness, we examine the distribution of
ity and completeness. cluster assignments within each class. In a perfectly
Homogeneity: complete clustering solution, each of these distribu-
In order to satisfy our homogeneity criteria, ations will be completely skewed to a single cluster.
clustering must assigonly those datapoints that areWe can evaluate this degree of skew by calculat-
members of a single class to a single cluster. That igg the conditional entropy of the proposed cluster
the class distribution within each cluster should bdistribution given the class of the component dat-
skewed to a single class, that is, zero entropy. We depoints, H (K |C). In the perfectly complete case,
termine how close a given clustering is to this ideaH (K|C) = 0. However, in the worst case scenario,
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each class is represented by every cluster with a dis-Two commonly used external measures for as-
tribution equal to the distribution of cluster sizessessing clustering success &terity and Entropy
H(K|C) is maximal and equal#/ (K). Finally, in (Zhao and Karypis, 2001), defined as,

the degenerate case wheidK) = 0, when there  Purity = S°%_ L max;(nt)

r=1ln ) )
is a single cluster, we define completeness to be %,y = Sk e (LS e Jog 1)
r=1 n ogq 1=1 n, n

Therefore, symmetric to the calculation above, we \hereq is the number of classe, the number

define completeness as: of clusters,n, is the size of cluster, andn/ is the
1 if H(K,C) =0 number of data points in claglustered in cluster
T 1- KO ese @
- H(E)
Both these approaches represent plausable ways
where to evaluate the homogeneity of a clustering solution.
|| |K] However, our completeness criterion is not mea-
H(K|C) = - Z Z ek log _ Gk sured at all. That is, they do not address the ques-
N Zuq a : . L
=1 k=1 k1 Qck tion of whether all members of a given class are in
K| |C]| 1| cluded in a single cluster. Therefore tRerity and
HK) = - Z c=1 Tk log 2 ez ok Entropy measures are likely to improve (increased
k=1 n n Purity, decreasedEntropy) monotonically with

the number of clusters in the result, up to a degen-

Based upon these calculations of homogeneit§rate m.aximum where there are as many cIuster; as
and completeness, we then calculate a C|usterirgbata_pomts. However, cIu;terlng solutlo_ns rated high
solution’s V-measure by computing the weightedY €ither measure may still be far from ideal.

harmonic mean of homogeneity and completeness,AnOther frequently used external clustering eval-
Vy = (1+B)xhxc Similarly to the familiar F- uation measure is commonly refered to as “cluster-

xh ' H 7 H H H
measure,(ﬁif s greater than 1 completeness idNd accuracy”. The calculation of this accuracy is
weighted more strongly in the calculationifs less inspired by the |pformat|on retrieval metric of F-

Measure (Van Rijsbergen, 1979). The formula for

than 1, homogeneity is weighted more strongly. _ : _ :
Notice that the computations of homogeneit ,thIS cluste_rlng F-mgasgre as described in (Fung et
, 2003) is shown in Figure 3.

completeness and V-measure are completely indél
£

pendent of th_e number of classes, the ““mt_’er {'et N be the number of data pointé€; the set of classeds

clusters, the size of the data set and the clustering @&he set of clusters and;; be the number of members of class

gorithm used. Thus these measures can be applied¢o< C that are elements of clustey € K.

and compared across any clustering solution, regand- F(C,K) = Z |]C\l'f| }glg};g{F(ci, ki)} €))
less of the number of data points-{nvariance), the ci€C ’
number of classes or the number of clusters. Morg- Fleky) = 2% R(ci, kj) * P(ci, k)

over, by calculating homogeneity and completeness Rleis ki) + Pleis ki)

N4
separately, a more precise evaluation of the perfor- R(ci, k) = |Cj|
mance of the clustering can be obtained. nij

P(civkj) = |k |
J

3 Existing Evaluation Measures
Clustering algorithms divide an input data set into Figure 1: Calculation of clustering F-measure

a number of partitions, or clusters. For tasks where

some target partition can be defined for testing pur- This measure has a significant advantage over
poses, we define a “clustering solution” as a mapPurity and Entropy, in that it does measure both
ping from each data point to its cluster assignmentkhe homogeneity and the completeness of a cluster-
in both the target and hypothesized clustering. In thiag solution. Recall is calculated as the portion of
context of this discussion, we will refer to the targeitems from clasg that are present in clustgr thus
partitions, or clusters, asLASSES referring only to measuring how complete clustgis with respect to
hypothesized clusters @ USTERS classi. Similarly, Precision is calculated as the por-
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Py @ lxl® these problems affect any measure which requires a
S % 8 % ﬁ 8 mapping from clusters to classes for evaluation.
olmlm o) ||y In the figures, the shaded regions represants-
Xloly @ Wy TERS, the shapes represeatASSES In a perfect
Solution A Solution B clustering, each shaded region would contain all and
F-Measure=0.5 F-Measure=0.5 only the same shapes. The problem of matching
V-Measure=0.14 V-Measure=0.39 can manifest itself either by not evaluating the en-

alxlo]n[xle E ﬁ 8 ulx]e tire membership of a cluster, or by not evaluating

O O every cluster. The former situation is presented in
BExle L 006 % the figures A and B in figure 2. The F-Measure of
8 % g 8 % ﬁ both of these clustering solutions in 0.6. (The preci-

_ _ sion and recall for each classds) That is, for each
Solution C Solution D class, the best or “matched” cluster contains 3 of 5
F-Measure=0.6 F-Measure=0.6 elements of the class (Recall) and 3 of 5 elements of
V-Measure=0.30  V-Measure=0.41 the cluster are members of the class (Precision). The

make up of the clusters beyond the majority class is
not evaluated by F-Measure. Solution B is a better
clustering solution than solution A, in terms of both
tion of cluster; that is a member of clagsthus mea- homogeneity (crudely, “each cluster contains fetver
suring how homogenous clustgis with respect to classes”) and completeness (“each class is contained
classi. in fewer clusters”). Indeed, the V-Measure of so-
Like some other external cluster evaluation techiution B (0.387) is greater than that of solution A
niques (misclassification index (Ml) (Zeng et al.,(0.135). Solutions C and D represent a case in which
2002), H (Meila and Heckerman, 2001); (Larsen not every cluster is considered in the evaluation of
and Aone, 1999)D (van Dongen, 2000), micro- F-Measure. In this example, the F-Measure of both
averaged precision and recall (Dhillon et al., 2003))olutions is 0.5 (the harmonic meanbénd2). The
F-measure relies on a post-processing step in whigmall “unmatched” clusters are not measured at all
each cluster is assigned to a class. These technigueshe calculation of F-Measure. Solution D is a bet-
share certain problems. First, they calculate thgr clustering than solution C —there are no incorrect
goodness not only of the given clustering solutionglusterings of different classes in the small clusters.
but also of the cluster-class matching. Therefore, i-Measure reflects this, solution C has a V-measure
order for the goodness of two clustering solutions tef 0.30 while the V-measure of solution D is 0.41.
be compared using one these measures, an identicaj, second class of clustering evaluation techniques
post-processing algorithm must be used. This prols based on a combinatorial approach which exam-
lem can be trivially addressed by fixing the classines the number of pairs of data points that are clus-
cluster matching function and including it in the def-tered similarly in the target and hypothesized clus-
inition of the measure as ifl. However, a second tering. That is, each pair of points can either be 1)
and more critical problem is the “problem of match-clustered together in both clusterings(), 2) clus-
ing” (Meila, 2007). In calculating the similarity be- tered separately in both clustering¥yf), 3) clus-
tween a hypothesized clustering and a ‘true’ clustetered together in the hypothesized but not the tar-
ing, these measures only consider the contributionget clustering y1) or 4) clustered together in the
from those clusters that are matched to a target clasarget but not in the hypothesized clusteridg; ().
This is a major problem, as two significantly differ-Based on these 4 values, a number of measures have
ent clusterings can result in identical scores. been proposed, including Rand Index (Rand, 1971),
In figure 2, we present some illustrative examples
of the problem of matching. For the purposes of this 2Homogeneity is not measured by V-measure as a count of

he number of classes contained by a cluster but “fewer” is an

. . . . t
discussion we will be using F-Measure as the me%’cceptable way to conceptualize this criterion for the pses

sure to describe the problem of matching, howevesf these examples.

Figure 2: Examples of the Problem of Matching
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Adjusted Rand Index (Hubert and Arabie, 198B), entropy, H(C|K) to calculate the goodness of a
statistic (Hubert and Schultz, 1976), Jaccard (Milelustering solution. That is, given the hypothesized
ligan et al., 1983), Fowlkes-Mallows (Fowlkes andpartition, what is the number of bits necessary to
Mallows, 1983) and Mirkin (Mirkin, 1996). We il- represent the true clustering?
lustrate this class of measures with the calculation of However, this term — like thePurity and
Rand Index. Rand(C, K) = % Rand Index FEntropy measures — only evaluates the homogene-
can be interpreted as the probability that a pair dfy of a solution. To measure the completeness of the
points is clustered similarly (together or separatelyhypothesized clustering, Dom includes a model cost
inC andK. term calculated using a coding theory argument. The
Meila (2007) describes a number of potenoverall clustering quality measure presented is the
tial problems of this class of measures posed bsum of the costs of representing the daig(('| K))
(Fowlkes and Mallows, 1983) and (Wallace, 1983)and the model. The motivation for this approach
The most basic is that these measures tend not i®an appeal to parsimony: Given identical condi-
vary over the interval of0, 1]. Transformations like tional entropies,H (C|K), the clustering solution
those applied by the adjusted Rand Index and a miith the fewest clusters should be preferred. Dom
nor adjustment to the Mirkin measure (see Sectioalso presents a normalized version of this tegm,
4) can address this problem. However, pair matctwhich has a range df), 1] with greater scores being
ing measures also suffer from distributional probrepresenting more preferred clusterings.
lems. The baseline for Fowlkes-Mallows varies sig- X
nificantly betweer0.6 and0 when the ratio of data 1 hk)+1|C| =1
points to clusters is greater than 3 — thus includ@o(C: K) = H(C‘K)Jrg Zlog < 1@ )

] -1
ing nearly all real-world clustering problems. Simi- k=1

larly, the Adjusted Rand Index, as demonstrated ugyhere C is the target partitionk is the hypothe-

ing Monte Carlo simulations in (Fowlkes and Mal-sized partition and.(k) is the size of clustek.
lows, 1983), varies frond.5 to 0.95. This variance

in the measure’s baseline prompts Meila to ask if the 150 qog (MFICI=Y)
. . : . - n Luc= [C]-1
assumption of linearity following normalization can Q2(C,K) = Q0(C, K)

be maintained. If the behavior of the measure is so
unstable before normalization can users reasonablye believe that V-measure provides two significant
expect stable behavidollowing normalization? advantages ovep, that make it a more useful diag-
A final class of cluster evaluation measures arrostic tool. First(), does not explicitly calculate the
based on information theory. These measures adegree of completeness of the clustering solution.
alyze the distribution of class and cluster membeffhe cost term captures some of this information,
ship in order to determine how successful a givesince a partition with fewer clusters is likely to be
clustering solution is or how different two parti- more complete than a clustering solution with more
tions of a data set are. We have already examinatusters. HoweverQ), does not explicitly address
one member of this class of measuréstropy. the interaction between the conditional entropy and
From a coding theory perspectivEntropy is the the cost of representing the model. While this is
weighted average of the code lengths of each cluan application of theninimum description length
ter. Our V-measure is a member of this class of clugMDL) principle (Rissanen, 1978; Rissanen, 1989),
tering measures. One significant advantage that iit-does not provide an intuitive manner for assessing
formation theoretic evaluation measures have is thatur two competing criteria of homogeneity and com-
they provide an elegant solution to the “problem opleteness. That is, at what point does an increase in
matching”. By examining the relative sizes of theconditional entropy (homogeneity) justify a reduc-
classes and clusters being evaluated, these measures in the number of clusters (completeness).
all evaluate the entire membership of each cluster — Another information-based clustering measure
not just a ‘matched’ portion. is variation of information {I) (Meila, 2007),
Dom’s y measure (Dom, 2001) uses conditionaV'I(C, K) = H(C|K)+ H(K|C). VI is presented
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as a distance measure for comparing partitions (@valuation measure ovéfl and (). By evaluat-
clusterings) of the same data. It therefore does notg homogeneity and completeness in a symmetri-
distinguish between hypothesized and target clustezal, complementary manner, the calculation of V-
ings. VI has a number of useful properties. Firstmeasure makes their relationship clearly observable.
it satisfies the metric axioms. This quality allowsSeparate analyses of homogeneity and complete-
users to intuitively understand hoW/ values com- ness are not possible with any other cluster evalu-
bine and relate to one another. Secondly, it is “coration measure. Moreover, by using the harmonic
vexly additive”. That is to say, if a cluster is split, mean to combine homogeneity and completeness,
the distance from the new cluster to the original i%-measure is unique in that it can also prioritize one
the distance induced by the split times the size ddriterion over another, depending on the clustering
the cluster. This property guarantees that all changéssk and goals.

to the metric are “local”: the impact of splitting or 4 Comparing Evaluation M easures

Merging clusj[ers 1S I|m|ted t(.) only those_clusters "bom (2001) describes a parametric technique for
volved, and its size is relative to the size of these

. L . enerating example clustering solutions. He then
clusters. Third, VI isn-invariant: the number of 9 9 P 9

Do ?roceeds to define five “desirable properties” that
data points in the cluster do not affect the value Oclustering accuracy measures should display, based
the measureV I depends on the relative sizes of the '

" . on the parameters used to generate the clustering so-
partitions ofC' and K, not on the number of points P g g

. . . lution. To compare V-measure more directly to alter-
in these partitions. HoweveY, I is bounded by the . .

. . . nn native clustering measures, we evaluate V-measure
maximum number of clusters i@ or K, k*. With-

e and other measures against these and two additional
out manual modification howevek* = n, where

) ) . desirable properties.
each cluster contains only a single data point. Thus, . . .
The parameters used in generating a clustering so-

while technicallyn-invariant, the possible values of | ..

. lution are as follows.
VI are heavily dependent on the number of data
points being clustered. Thus, it is difficult to com- e |C| The number of classes
pareV'I values across data sets and clustering algo- o | x| The number of clusters
rithms without fixingk*, asV I will vary over differ-

: iy e . o |Kpoi Number of “noise” clusters;
ent ranges. It is a trivial modification to modify ! [ Knoisc|

. . . Kpoise| < |K
such that it varies over [0,1]. Normalizing;/ by ‘C"OZSB|N | b‘ fur iy o
logn or 1/2log k* guarantee this range. However, * }C’rm‘“’ umber of “noise” classesCnoise| <

Meila (2007) raises two potential problems with this __
modification. The normalization should not be ap- ® € Error probability;e = 1 + € + 3.
plied if data sets of different sizes are to be com- e ¢; The error mass within “useful” class-cluster

pared — it negates the-invariance of the measure. pairs
Additionally, if two authors apply the latter normal- e ¢, The error mass within noise clusters
ization and do not use the same value oy their e ¢3 The error mass within noise classes

results will not be comparable.

While VI has a number of very useful distance The construction of a clustering solution begins
properties when analyzing a single data set acrossMth a matching of “useful” clusters to “useful”
number of settings, it has limited utility as a genera$lassed. There argK, | = |K| — [Kyoise| “useful”
purpose clustering evaluation metric for use acroggusters andCy| = |C] — |Cpoise| “useful” classes.
disparate clusterings of disparate data sets. Ouhe claim is useful classes and clusters are matched
homogeneity ) and completeness:)(terms both to each other and matched pairs contain more data
range over [0,1] and are completelyinvariant and Points than unmatched pairs. Probability mass of
k*-invariant. Furthermore, measuring each as a ra-— € is evenly distributed across each match. Er-
tio of bit lengths has greater intuitive appeal than &r mass ok; is evenly distributed across each pair

more opportunistic normalization. ) 3The operation of this matching is omitted in the interest of
V-measure has another advantage as a clusteriggace. Interested readers should see (Dom, 2001).
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of non-matching useful class/cluster pairs. Noise e ¢;: 4 values: 0, 0.066, 0.133, 0.2

clusters are those that contain data points equally , es: 4 values: 0, 0.066, 0.133, 0.2

from each cluster. Error mass ef is distributed

across every “noise”-cluster/ “useful’-class pair. Wape evaluated the behavior of V-Measure, Rand,
extend the parameterization technique described Mirkin, Fowlkes-Mallows, Gamma, Jaccard, VI,
(Dom, 2001) in with|C,sise| andes. Noise classes (,, F-Measure against the desirable properties P1-
are those that contain data points equally from eagh7*. Based on the described systematic modification
cluster. Error mass of; is distributed across every of each parameter, only V-measure, VI aggl em-
“useful’-cluster/“noise”-class pair. An example so-pirically satisfy all of P1-P7 in all experimental con-
lution, along with its generating parameters is givewitions. Full results reporting how frequently each
in Figure 3. evaluated measure satisfied the properties based on
these experiments can be found in table 2.

C1 | Co | Gy | Choiser All evaluated measures satisfy P4 and P7. How-
K 12112 2 3 ever, Rand, Mirkin, Fowlkes-Mallows, Gamma, Jac-
Ky 2 1212 3 card and F-Measure all fail to satisfy P3 and P6 in
Knoise1 | 4 | 4 | 4 0 at least one experimental configuration. This indi-

Figure 3: Sample parametric clustering squtior?ateE that the n(ljjm?[zr otf n((j)lsg classesf t?\r clusters
with n = 60,[K| = 3,|Knowe| = 1,|C| = can be increased without reducing any of these mea-

3, |Cosse| = 1e1 = 1, €0 = 2,5 — .1 sures. This implies a computational obliviousness to
T inotse AL potentially significant aspects of an evaluated clus-

The desirable properties proposed by Dom ar@ring solution.

given as P1-P5 in Table 1. We include two addi5 Applying V-measure

tional properties (P6,P7) relating the examined megs this section, we present two clustering experi-
sure value to the number of ‘noise’ classes and  ents. We describe a document clustering experi-
P1 For |K,| < |C| andA|K,| < (|C] — |Ku|), ment and evaluate its results using V-measure, high-

AM lighting the interaction between homogeneity and
Al completeness. Second, we present a pitch accent
P2 For|K.| = |C], % <0 type clustering experiment. We present results from
P3 % <0,ifey >0 both of these experiments in order to sh'ow how V-
P4 % < 0, with equality only if K| = 1 zjneasure can be used to drawn comparisons across
ata sets.

P5 5., <0, with equality only if| Kpise| = 0 51 Document Clustering

P6 xoti— < 0,if e3> 0 Clustering techniques have been used widely to sort
P7 24 <, with equality only if|Chaoise| = 0 documents into topic clusters. We reproduce such
deg — ! noise

an experiment here to demonstrate the usefulness
_ . ~of V-measure. Using a subset of the TDT-4 cor-
Table 1: Desirable Properties of a cluster evaluatloHus (Strassel and Glenn, 2003) (1884 English news
measurel/ wire and broadcast news documents manually la-
To evaluate how different clustering measures S<':1P-6|6d.Wlth one of 12 topics), we ran clustering
. . ) experiments using k-means clustering (McQueen,
isfy each of these properties, we systematically var- .
ied each parameter, keepifg| = 5 fixed 1967) and evaluated the results using V-Measure,
’ ' VI and Qy — those measures that satisfied the de-
e |K,|: 10 values: 2, 3,...,11 sirable properties defined in section 4. The top-

o | Kosse|: 7 values: 0, 1,..., 6 ics and relative distributions are as follows: Acts

T . , . .
o |Coisel: 7values: 0,1,...,6 The inequalities in the desirable properties are invented i
[Croisel the evaluation of VIQ, and Mirkin as they are defined as dis-

e ¢1: 4values: 0, 0.033, 0.066, 0.1 tance, as opposed to similarity, measures.
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[ Property| Rand] Mirkin | Fowlkes| T [ Jaccard] F-measure] Q0 | VI | V-Measure]

P1 0.18 0.22 1.0 1.0 1.0 1.0 10| 1.0 1.0
P2 1.0 1.0 0.76 1.0 0.89 0.98 1.0| 1.0 1.0
P3 0.0 0.0 0.30 0.19| 0.21 0.0 10| 1.0 1.0
P4 1.0 1.0 1.0 1.0 1.0 1.0 1.0| 1.0 1.0
P5 0.50 0.57 1.0 1.0 1.0 1.0 10| 1.0 1.0
P6 0.20 0.20 0.41 0.26 | 0.52 0.87 1.0| 1.0 1.0
P7 1.0 1.0 1.0 1.0 1.0 1.0 1.0] 1.0 1.0

Table 2: Rates of satisfaction of desirable properties

of Violence/War (22.3%), Elections (14.4%), Diplo- V-measure and)> demonstrate similar behavior
matic Meetings (12.9%), Accidents (8.75%), Natuin evaluating these experimental results. They both
ral Disasters (7.4%), Human Interest (6.7%), Scarreach a maximal value with 35 clusters, howe(gr,
dals (6.5%), Legal Cases (6.4%), Miscellaneoushows a greater descent as the number of clusters in-
(5.3%), Sports (4.7), New Laws (3.2%), Science andreases. We will discuss this quality in greater detail
Discovery (1.4%). in section 5.2.

We employed stemmed (Porter, 1980), tf*'df'S.z Pitch Accent Clustering

weighted term vectors extracted for each documerlyi,[Ch accent is how speakers of many languages

as the clustering space for these experiments, which . : :
Mmake a word intonational prominent. In most

yielded a very high dimension space. To reduce

o . . . é)itch accent languages, words can also be ac-
this dimensionality, we performed a simple featur . .
cented in different ways to convey different mean-

sellecttr;on piocedutrt:e ;ncludlng Itn (;h;] ferell_tur:e \t/i;t.obgs (Hirschberg, 2002). In the ToBI labeling con-
only those terms that represented the Mighest tHle hions for Standard American English (Silverman

value for at least one data point. This resulted in & al., 1992), for example, there are five different ac-

. .
feature vector containing 484 tf*idf values for eachCent types (H*, L*, HHH¥, L+H*, L*+H).

document. Results from k-means clustering are are .
shown in Figure 4 We extracted a number of acoustic features from
' accented words within the read portion of the Boston

' i 1 55 Directions Corpus (BDC) (Nakatani et al., 1995) and
" 05 : examined how well clustering in these acoustic di-
S o4l 15 mensions correlates to manually annotated pitch ac-
§ | cent types. We obtained a very skewed distribution,
T 03p ‘ 3 with a majority of H* pitch accent8. We there-
2 ol 1, s fore included only a randomly selected 10% sample
g of H* accents, providing a more even distribution
£ ooaf V-Measure {35 of pitch accent types for clustering: H* (54.4%),
7 3’2' B L*(32.1%), L+H* (26.5%), L*+H (2.8%), H+!H*
° 1 1lo 12)0 10003 (2.1%).
number of clusters We extracted ten acoustic features from each ac-

cented word to serve as the clustering space for

Figure 4: Results of document clustering measuregis experiment. Using Praat’s (Boersma, 2001) Get
by V-Measure, VI and); Pitch (ac)... function, we calculated the mean FO

andAFO, as well as z-score speaker normalized ver-

The first observation that can be drawn from thesgigns of the same. We included in the feature vector
results is the degree to which Vlis dependent on thge elative location of the maximum pitch value in

number of clustersk). This dependency severely ihe word as well as the distance between this max-
limits the usefulness of VI: it is inappropriate in se-

|ecting an appropriate parameter foor for evalu- Spitch accents cc_mtaining a high to_ne may also be down-
stepped, or spoken in a compressed pitch range. Here we col-

ating the QIstance between clustering solutions gefy,seq albownsTeppEDinstances of each pitch accent with
erated using different values bf the corresponding non-downstepped instances.
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imum and the point of maximum intensity. Finally, ciple limits the usefulness @p,. We again (see sec-
we calculated the raw and speaker normalized slopien 5.1) observe the close dependency of VI &nd
from the start of the word to the maximum pitch, andMoreover, in considering figures 5 and 4, simulta-
from the maximum pitch to the end of the word.  neously, we see considerably higher values achieved
Using this feature vector, we performed k-meanby the document clustering experiments. Given the
clustering and evaluate how successfully these diaive approaches taken in these experiments, this is
mensions represent differences between pitch acceapected — and even desired — given the previous
types. The resulting V-measure, VI afg calcula- work on these tasks: document clustering has been

tions are shown in Figure 5. notably more successfully applied than pitch accent
clustering. These examples allow us to observe how
oz b s transparently V-measure can be used to compare the
g 1, behavior across distinct data sets.
S 15| .
S 1% 4 6 Conclusion
E 15 8 .
2 01r < We have presented a new external cluster evaluation
g 14 measure, V-measure, and compared it with existing
£ oosf " 13 clustering evaluation measures. V-measure is based
) vmeasue - |, upon two criteria for clustering usefulness, homo-
0k : ' geneity and completeness, which capture a cluster-
1 10 100 1000

ing solution’s success in including all and only data-
points from a given class in a given cluster. We have
Figure 5: Results of pitch accent clustering meadlso demonstrated V-measure’s usefulness in com-
sured by V-Measure, VI an@g paring clustering success across different domains
by evaluating document and pitch accent cluster-

In evaluating the results from these experimentdng solutions. We believe that V-measure addresses
Q- and V-measure reveal considerably different besome of the problems that affect other cluster mea-
haviors. @, shows a maximum &t = 10, and de- sures. 1) It evaluates a clustering solution indepen-
scends at increases. This is an artifact of thAéD L  dent of the clustering algorithm, size of the data set,
principle. Q> makes the claim that a clustering so-number of classes and number of clusters. 2) It does
lution based on fewer clusters is preferable to on@ot require its user to map each cluster to a class.
using more clusters, and that the balance betwediherefore, it only evaluates the quality of the cluster-
the number of clusters and the conditional entropynd, not a post-hoc class-cluster mapping. 3) It eval-
H(C|K), should be measured in terms of coding/ates the clustering of every data point, avoiding the
length. With V-measure, we present a different argufroblem of matching”. 4) By evaluating the criteria
ment. We contend that the a high valuekafoes not 0f both homogeneity and completeness, V-measure
inherently reduce the goodness of a clustering solis more comprehensive than those that evaluate only
tion. Using these results as an example, we find thane. 5) Moreover, by evaluating these criteria sepa-
at approximately 30 clusters an increase of clustergtely and explicitly, V-measure can serve as an el-
translates to an increase in V-Measure. This is due &gant diagnositic tool providing greater insight into
an increased homogeneitﬂ,%) and a relatively clustering behavior.

stable completenesé’%,%). That_is, inclusion of
more clusters leads to clusters with a more skew
within-cluster distribution and a equivalent distribu-The authors thank Kapil Thadani, Martin Jansche
tion of cluster memberships within classes. This iand Sasha Blair-Goldensohn and for their feedback.
intuitively preferable — one criterion is improved, theThis work was funded in part by the DARPA GALE
other is not reduced — despite requiring additiongbrogram under a subcontract to SRI International.
clusters. This is an instance in which tL prin-

number of clusters
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