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Abstract

The Dirichlet compound multinomial (DCM)
distribution, also called the multivariate Polya
distribution, is a model for text documents that
takes into account burstiness: the fact that if
a word occurs once in a document, it is likely
to occur repeatedly. We derive a new fam-
ily of distributions that are approximations to
DCM distributions and constitute an exponen-
tial family, unlike DCM distributions. We use
these so-called EDCM distributions to obtain
insights into the properties of DCM distribu-
tions, and then derive an algorithm for EDCM
maximum-likelihood training that is many times
faster than the corresponding method for DCM
distributions. Next, we investigate expectation-
maximization with EDCM components and de-
terministic annealing as a new clustering algo-
rithm for documents. Experiments show that the
new algorithm is competitive with the best meth-
ods in the literature, and superior from the point
of view of finding models with low perplexity.

The phenomenon just explained is called burstiness. The
multinomial distribution is used very widely to model text
documents, but it does not account for burstiness. As an
alternative model for documents, a recent paper proposed
the so-called Dirichlet compound multinomial distribution
(DCM) (Madsen et al., 2005). The present paper inves-
tigates the DCM further. We have three main contribu-
tions. First, we provide additional insight into why the
DCM is appropriate for modeling documents. Second, we
derive a new distribution that is a close approximation to
the DCM and, unlike the DCM, is a member of the expo-
nential family of distributions. Third, we use expectation-
maximization (EM) with the new distribution to obtain

a new clustering algorithm for documents. Experiments
show that the new algorithm is competitive with the best
methods in the literature, and superior from the point of
view of finding low-perplexity models.

Previous work has argued the case for the DCM persua-
sively, and has shown that classifiers using Bayes’ rule and
the DCM are competitive with the best-known classifica-

tion methods on standard document collections (Madsen
et al., 2005). Mixtures of DCM components have been pro-

posed independently for language modeling (Yamamoto
et al., 2003). However, the DCM approach is not without
problems. First, although Dirichlet distributions constitute
an exponential family, DCM distributions do not. Expo-
In a text document, if a word occurs once, it is likely that nential families have many desirable properties (Banerjee
the same word will occur again. This phenomenon is diset al., 2005b, Section 4) which DCM distributions fail to
tinct from the obvious phenomenon that different words areshare.  Second, the expression for a DCM distribution
more common for different topics. For example, considenacks intuitiveness, so understanding its behavior qualita-
a collection of documents that are all about the car industively is difficult. Third, DCM parameters cannot be esti-
try. Naturally, words like “automotive” are more common mated quickly; gradient descent in high dimensions is nec-
than words like “aerospace,” but suppose that the wordgssary (Minka, 2003). Fast training is important not only
“Toyota” and “Nissan” are equally common overall for this for modeling large document collections, but also for us-
topic. Nevertheless, if “Toyota” appears once, a secongng DCM distributions in more complex models including
appearance of “Toyota” is much more likely than a first ap-the mixture models discussed in this paper and hierarchical
pearance of “Nissan.” models such as LDA (Blei et al., 2003).

1. Introduction

Appearing inProceedings of th@3™ International Conference This paper presents a new family of distributions that we
on Machine LearningPittsburgh, PA, 2006. Copyright 2006 by call EDCM distributions. EDCM distributions approximate

the author(s)/owner(s). DCM distributions, while overcoming each of the three dis-
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advantages of DCM distributions just mentioned. AlthoughFor example, some articles about the car industry may be
the focus here is on modeling text documents, the DCM iggenerated from a multinomial that gives high probability to
applicable in many other domains also where burstinesshe word “Toyota,” while others are generated from a multi-
sometimes called contagion, is important. We expect thabomial that emphasizes the word “Nissan.” The Dirichlet
the results of this paper will be useful in these other dothat represents the entire car industry topic gives high prob-
mains also, for example (Kvam & Day, 2001). ability to both these multinomials.

This paper is organized as follows. First, in Section 2 weThe second perspective is that a document is generated fol-
revisit the DCM distribution and explain two different gen- lowing a so-called urn scheme. Consider an urn filled with
erative models that both lead to it. Next, Section 3 derivesolored balls, with one color for each word in the vocab-
the EDCM distribution and discusses insights obtainableulary. The simplest scheme is to draw balls with replace-
from it. Section 4 applies expectation-maximization with ment, and to count for each color how many times a ball
the EDCM to obtain a new clustering algorithm for text of that color is drawn. This scheme yields a multinomial
documents. Section 5 describes the design of experimentfistribution, where the parameters of the multinomial are
to evaluate the performance of the new algorithm, whilethe fractions of ball colors. Note that although the drawing
Section 6 presents the results of these experiments. Finallprocess is sequential, only the total number of balls drawn
Section 7 concludes the paper. of each color is recorded.

] An alternative urn scheme was first studied by Polya and
2. New perspectives on the DCM Eggenberger (Johnson et al., 1997, Chapter 40). In this

. scheme, each time a ball is drawn it is replaaadone ad-
Given a document, let x,, be the number of appearances . . : X
ditional ball of the same color is placed in the urn. Follow-

of word w, wherew ranges from 1 to the vocabulary size ing this scheme, words that have already been drawn are
W. The DCM distribution, also called the multivariate 9 ’ Y

o more likely to be drawn again. One can make the urn pro-
Polya distribution, is . . .
cess more bursty or less bursty by decreasing or increasing
n! I(s) W T(z0 + ) the number of balls in the urn initially, without changing
p(z) = — \T(s + 1) 11 T(an) (1) the proportions of ball colors. For example, consider an urn
[Ty 7t w=1 v with equal numbers of balls of two colors. If the urn con-
where the length of the documentris= 23;1 r, and tainsk balls of each color, the chance that the second ball
drawn has the same color as the firstist 1)/(2k + 1).
The smallerk is, the more the urn scheme will be bursty.

s =YW_ «, is the sum of the parameters.

Like a multinomial distribution, a DCM is a distribution
over all possible count vectors that sum to a fixed value
When a DCM or a multinomial is used to model a collec-
tion of documents of different lengths, formally there is a
different distribution for each different length, with all dis-
tributions sharing the same parameter values. Also, wit
a DCM or with a multinomial,p(z) for a document: is
really the probability of the equivalence class of all docu-
ments that have the same word counts, that is all document¥3"
that have the same bag-of-words representation. The cardi-
nality of this equivalence class is given by the multinomial 3. Approximating the DCM

coefficientn!/ TL_, ..

Sampling following the Polya-Eggenberger urn scheme re-
sults in count vectors that follow a DCM distribution. Each
DCM parametery,, is the number of balls of colap in the

urn initially. (Eacha,, may be less than one and need not
tpe an integer.) The sum= S W, o, measures the over-
all burstiness of the distribution. Increasingdecreases
burstiness and vice versa. As— oo the DCM tends to-

ds a multinomiat.

In this section we derive a family of distributions that is
The DCM arises naturally from at least two different per- an exponential family and is also an approximation to the
spectives, both of which are generative. The first perspec®CM family. We call the members of the new family
tive, which is the one presented by (Madsen et al., 2005)EDCM distributions. We investigate their properties, and
is that a document is generated by drawing a multinomialve show how maximum likelihood parameter values can
from a Dirichlet distribution, then drawing words from that pe computed efficiently for them.

multinomial. Equation (1) is obtained by integrating over ————— _ _

all possible multinomialsp(x) = fg p(:v|9)p(9|a) where It is not obvious that the two generative processes described

. . P . - above give rise to the same distribution. Indeed, this fact is not
p(9]a) is a Dirichlet distribution ang(z|¢) is a multino- mentioned by the standard monograph (Johnson et al., 1997),

mial distribution. The intuition behind this perspective is where the first perspective is described on pages 80-83 and the
that the Dirichlet represents a general topic, while eaclsecond perspective is described separately on pages 200-211.
multinomial is a document-specific subtopic that makegHowever, rearrangements show that Equations 35.152 on page 80

certain words especially likely for this particular document. and 40.12 on page 202 are equivalent.
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. — . distribution compared to the probability assigned by the
F'g”rf . DCM probabilities versus EDCM probabilities. maximum-likelihood DCM distribution. The average dif-

-0s ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ference is less than 1%.

-0.6

Sinceg(x) is an approximation, the normalization constant
Z(B) = nll'(s)/T'(s + n) is not exact. In principley(x)
could be summed over all valuesoto get the exact nor-
malization constant. We believgx) is always a good ap-
proximation for real text data because text shows consis-
tent burstiness behavior, and zero or small counts for most
words. The results in Table 1 below indicate that the ap-
proximation has no statistically significant impact on per-
formance clustering documents.
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EDCM log probabilities

Since the EDCM expression is relatively simple, we can
gain insights from it, and since the EDCM approximates

S T g the DCM, insights for one distribution carry over to the
DCM log probabiliies o' other. The EDCM can also be written

L L L
-15 -1.4 -13 -1.2

Given any natural collection of documents, most words do

not appear in most documents, that is most counts are zero. q(z) = n!L‘S) H ﬁl (4)

For computational efficiency, it should be possible to eval- I'(s+n) wez,>1 T

uatep(x) as a function of non-zerg,, values only. This is -

the case for a DCM distribution:

T2y + ) T_h_is form makes clegr that for_ fixed and n, the proba-

W b|||_ty of a document is proportional tﬂw:mw21 Buw/Tw-
This means that the first appearance of a werteduces

] ) @ the probability of a document bg,,, a word-specific fac-

sincez,,! = 1 andT'(z,, + aw)/T (o) = 1if 2, = 0. tor that is almost always much less than 1.0, while the

Empirically, given a DCM fitted by maximum likelihood 7th appearance of any word reduces the probability by

to a set of documentsy,, < 1 for almost all wordsw. (7 — 1)/m, which tends to 1 as increases. This be-

For example, for a DCM trained on the NIPS documenthavior reveals how the EDCM, and hence the DCM, allow

collection described below (Section 5), the averageis ~ Multiple appearances of the same word to have high prob-

0.0636. Of the 6,871 parameters, 84% are less than 0.1 afility. In contrast, with a multinomial each appearance of

B n! I'(s)
p(x) B Hw:waI $w! F(S + n) H

Wiy >1

only 25 are above 1.0. For smal| a useful fact is that a word reduces the probability by the same factor.
Tz + ) Another point of view on Equation (4) is that it distin-
iirr}) T I'(z)a =0. guishes between word types and word tokens. Théac-

tors are word-type parameters while ther,, factors are
for z > 1. Replacingl (-, + a) /T () by D2 ) vy in word-token parameters. It has been argued recently that
Equation (2) and using the fact that:fis an integer then modeling both word type frequencies and word token fre-

I'(z) = (¢ — 1)!, we obtain the EDCM distribution: guencies is useful for capturing the statistical properties of
natural language (Goldwater et al., 2005). Unlike DCM
q(z) = n! I'(s) H B 3) and EDCM models, multinomial models ignore the type-
[Tz, >1 7w D(s +n) o1 token distinction, because given a document collection, the

parameters of the maximum-likelihood multinomial are the
For clarity, we denote the EDCM parametg;s. same regardless of where the boundaries between docu-
ments are in the collection. On the other hand, maximum-
likelihood DCM and EDCM models are sensitive to which
words appear in which documents, i.e. to document bound-
aries and not just to total word counts.

UsingI'(z)« instead ofl'(z + «)/I'(«) is a highly accu-
rate approximation for smadt and small integers. In the
NIPS collection, 92.7% of alt,, values arer,, = 0, 4.2%
arex,, = 1, for which the approximation is exact, and only
3.1% arex,, > 2. In practice the probabilities given by The members of an exponential family of distributions have
Equation (3) are very close to those given by Equation (1)the form f(z)g(8) exp[t(z) - h(3)] wheret(z) is a vector
Figure 1 shows the probability assigned to each documentf sufficient statistics and@ = h(g3) is the vector of so-

in the NIPS collection by the maximume-likelihood EDCM called “natural” parameters; for details see (Banerjee et al.,
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2005b, Section 4.1). We can wrigéx) in this form as wherey; is the prior probability of componenbf the mix-
ture, andd; is the parameter vector of componeéntFor
R I'(s) W the M step,u; andf; are re-estimated as follows with the
H>1 T | My exp| 1 I{zw > 1)log Bul- \weightsm,y held fixed:
- M
The sufficient statistics for a document: are pi=-, and 0;=arg mgxzmid log p(zal0)
(t1(x), -, tw(x)) wheret,(x) = I(x, > 1). We d

can obtain maximum likelihood parameter estimates fokyhere s — ™, miq. For the EDCM, we can obtain the

the EDCM by taking the derivative of the log-likelihood \yeighted maximum-likelinood parameter vector easily:
function. From (4) the log-likelihood of one document is
0

logn!+log(s) —logT'(s+n)+ Z log By, — log . Bw zd: miqlogp(zald) =
WLy >1
o 1
Given a collectionD of documents, where document num- MY (s) — Z mia¥ (s +na) + Z Mgl (Taw > 1)5*'
berd has lengtm, and word countg,,, the partial deriva- d d

tive of the log-likelihood of the collection is As before, first we solve an equation in one unknownsfor

w

dl(D) 1 S S migl (g, > 1)
=|D|¥(s) =Y U(s+ng)+ Y I(Tgw>1)— s = w Zad 7
S5 = IPwGs) ; (s +1a) ; (eaw 2 1) 5 SR TR VT T
where¥(z) is the digamma function, which is the deriva- @nd then we compute eadh, for component as
;g/ngf loi%géz). Setting this expression to zero and solving b S mial (Taw > 1) .
w J Y amiad¥ (s + ng) — MU(s)
5 o Zd I(xdw Z 1) (5)
TS, U(s 4 na) — |D|U(s) The equations above are the foundation of clustering using

_ . the EDCM, but as always with EM, algorithmic details are
We can computes = 3, 5, by summing each side of important. First, as is usual with likelihood computations,
Equation (5) over all words, giving all probabilities are represented as logarithms to avoid un-
derflow. In addition, to avoid overflow without losing pre-
2w 2q ) (Taw 2 1) gp

s = (6) cision, weightsn;,; are computed as

>2a¥(s +na) — [D[¥(s)
- - exp(log p; + log p(zal6;) — c)
where the numerator is the number of times a word appears m;q =
at least once in a document. This equation involves only 2. exp(log pj +logp(wald;) — )
a single unknowns, so it can be solved numerically effi-
ciently by Newton’s method. Onceis known, each indi-

vidual 3,, can be computed directly using Equation {5). Second, a deterministic annealing procedure allows EM to
find better local optima of the likelihood function (Ueda &

. Nakano, 1998). This procedure has three phases. Each
4. Mixtures of EDCMs phase runs EM until convergence withg p(z4|60;) re-

For learning a mixture model, expectation-maximizationplaced by(1/7") log p(z4|6;) in Equation (7), wherdis a
(EM) can be summarized as follows (Banerjee et al.temperature parameter. The final parameter values in each
2005b). In the E step, one computes weights using Bayeghase are used as initial values in the next phase. The three
rule, i.e. with the same equation regardless of what the disPhases usé' = 25, T = 5, and finallyT" = 1. We find
tribution is. In the M step, one uses a maximum-likelihoodthat slower annealing schedules provide no significant ad-
estimator for a weighted log-likelihood function. The equa-ditional benefit.

tions that implement this process are as follows. For the R;enera) justifications for the annealing procedure are given
step, the probabilityn;; that document! is generated by (Ueda & Nakano, 1998). We can add two additional
mixture component is points of view here. The first point of view is that dividing
, 0 log p(z4]0;) by T is a heuristic way of calibrating the mem-
oy ap(xal6;) : L . :
mia = p(ilza) = m bership probabilitiesn;,, i.e. of making them reflect gen-
d FaFAaly uine membership uncertainty more realistically. Although
2Equations (5) and (6) are similar to (118) and (108) in the EDCM has the virtue of not assuming that different ap-
(Minka, 2003). pearances of the same word are independent, it still does

)

wherec = max;{log 11, + log p(x4|6;)} — 100.
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assume that different words provide independent evidence  of Bernoulli or multinomial distributions, which
for the membership of a document in a class. This assump- have been shown to perform well for text data

tion is not completely true, so the EDCM (also the DCM, sets, have also not been included in the experi-
and the multinomial) tends to give probabilitieéz|6;) ments. This exclusion is done as a recent em-
that are excessively confident, i.e. too close to zero, and  pirical study over 15 text data sets showed that
hence weightsn;, that are too close to zero or one. Di- simple versions of vMF mixture models (with
viding log p(z4|0;) by T whereT > 1 makes all weights constant for all clusters) outperform the multino-
further away from zero and one, i.e. more realistic. mial model except for only one data set (Clas-

sic3), and the Bernoulli model was inferior for

The second point of view is that making weights, be all data sets (Zhong & Ghosh, 2003).

further away from zero and one slows down convergence
of the EM algorithm, which allows it to explore a larger ) ] ) ]
region of the parameter space, instead of fixating quickly™0" this paper, welo include EM for mixtures of multi-

on a local optimum close to whatever the initial paramete’©Mials. Importantly, our implementation of multinomial
values are. Slower convergence has been argued to be &) USes deterministic annealing as described in the pre-
important factor in good performance of a soft clusteringViOUS Section, so it performs much better than previously
algorithm (Banerjee et al., 2005a, Section 7). reported.

Given that the annealing procedure broadens exploration dfnPlementing the soft:movMF algorithm is straightfor-
the parameter space, we use a simple initialization metho@rd following (Banerjee et al., 2005a), except that the
that is designed to maximize the uniformity of the weights Yo" Mises-Fisher distribution requires computing modified
computed in the E step of the first iteration of EM. One Bessel functions/, (-) of the first kind of high ordew.
EDCM is fitted to the entire document collection, and then"Videly available implementations df (=) yield underflow
the parameters of each component are set to be a diffeP" overflow for larges and . To overcome this problem,
ent random small perturbation of this EDCM. The initial W& US€ an approximation abg IV_(Z) from (Abramowitz
mixing proportions are uniformy; = 1/k, wherek is the ~ & Stegun, 1974, Equation 9.7.7):

number of cl r iscovered.
umber of clusters to be discovered 10g[y(z)z—log\/27r7u+un—0.2510ga

5. Experimental design with a = 14(z/v)? andn = /a+log(z/v)—log(14++/a).
This approximation is highly accurate and gives essentially

The goal of the gxperi_ment; described here is to investigatg,o same clustering results as using the exact valiig(of
whether clustering with mixtures of EDCM components ,hanever the latter is computable. Preliminary experi-

can summarize well the dlversny in heteroggneous_ Cc’”e_cfnents suggest that the soft-movMF algorithm does not ben-
tions of documents. The experimental design choices iN&fit from annealing, so we run it without annealing.

clude: (1) which algorithms to compare against? (2) which
document collections to use? (3) which performance metFor (2), we show detailed results for two especially inter-
rics to use? (4) exactly which experiments to run? esting document collections. The first is the Classic400
. . collection from (Banerjee et al., 2005a). This collection
For (1) we select as a baseline method EM for & mix-g chosen because it reveals the biggest performance differ-
ture of multinomials. We also select an especially elegang,ce5 petween methods among all twelve collections used
and interesting algorithm that has been reported to perforrBy (Banerjee et al., 2005a), and soft-movMF performs par-
well recently, ”am?'ythe sof_t-movMF "_]EthOd Of_ (Bane”eeticularly well on it. The second collection contains the
etal., 2005a, Section 5). This method is EM using cOmpocRreq text of all papers published in the 2002 and 2003
nents that are von Mises-Fisher (vMF) distributions. De-\pg proceedings (Globerson et al., 2004). This collec-
tails of our implementation of it are explained below. The i, pas rejatively long documents and subtle differences
expenmgnts of (Banenee etal., 2005a) are car'eful and tho'iietween topics. We use only papers from 2002 and 2003
ough, using Fwelve different document collections. On aIIsince the organization of papers into research areas was dif-
these collections, the soft-movMF method performs bettefg ot in earlier and later years. Papers that seem to be in-
than the three methods it is compared against. Banetjee ., yjetely captured, i.e. that are less than 700 words long,
al. write are eliminated. The properties of these two document col-
lections are summarized in the first columns of Table 1
below. Both collections have no feature selection and no
stemming, but have had stop words removed.

It has already been established thaneans us-
ing Euclidean distance performs much worse
than sphericat-means for text data (Strehl et al.,
2000), so we do not consider it here. Gener- We also report summarized results for fifteen collections
ative model based algorithms that use mixtures used in previous work (Zhong & Ghosh, 2005). These col-
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lections seem to contain spelling mistakes and other non-
words. To reduce the impact of these, for each collection
we remove all terms that appear in just one document, or in
more than half of all documents. Since stop words have al-
ready been removed in these collections, we are likely not
removing any additional genuine words.

Figure 2. Results of five clustering algorithms.
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Question (3) asks which performance metrics to measure.
A good clustering algorithm is one that identifies groups
that seem meaningful to people. In experiments, a proxy
for this subjective criterion is whether the algorithm finds
groups that have been recognized previously as meaningful .
by humans. Therefore, one performance metric quantifies | o
how much the clustering found by an algorithm agrees with *{ : ffy#

a prespecified clustering. Of the many such metrics, we | % ?;?% |
choose to use mutual information (MI) as used by (Baner- % ‘ ‘ ‘ | | ks *
jee et al., 2005a). Let; be the number of documents said %o w0 1000 1100 R iy e e
to be in clustet, let n; be the number of documents with

prespecified labgl, and let;; be the number of documents
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(a) Results on the Classic400 collection.

in clusteri with label j. With D total documents, define !
Pi = mi/D, q; = nj/D, andrij = Cij/D. The MI metric ool ;
is then - ' |

ZZTU log .”‘. 08k ‘

PR Piq; c ! *ﬁ;

We also want to know how well a method models the con- 8’| %;f%;
tent of a document collection. To answer this question, we ‘g ook &m )
measure perplexity. Intuitively, perplexity is the average s $ " %&& .
uncertainty the model assigns to each word in a document 2 °sf * ]
collection. Perplexity is not well-defined for all models. é%
First, it requires a discrete probability mass function, not | %%}
a continuous probability density function. For this reason oaf i iy
we cannot talk about the perplexity of a von Mises-Fisher + E
model. Second, perplexity is a per-word metric. Distribu- %00 900 1000 1200 1500_ 1300 1400 1500 1600
tions like the multinomial and the EDCM assign a proba- perplexity _
bility mass to an equivalence class of documents. To get a (b) Results on the NIPS collection.

meaningful perplexity number, the mass assigned to a sin-
gle document must be defined. The most straightforward
approach is to divide the probability mass equally between
all documents in the equivalence class. Specifically, for an this paper are all evaluated on the experimental data di-
multinomial distributior we definep(z|0) = ], 6%~ and  rectly. In other words, no separate test set of documents is

for an EDCM with parameters we define used. If one did use separate training and test sets, it would
1 be necessary to smooth or regularize the distributions found
n! I'(s Bu by maximum likelihood.
p(lf) = ( w |> n!F( (+)n) 11 T )
[To—1 7! wiw,>1 " Finally, question (4) above concerns exactly which experi-

ments to perform. We keep this design as simple as possi-
ble. For the Classic400 and NIPS collections, we run each
algorithm 100 times with different random initializations.
For the other fifteen collections, we run ten times with dif-
ferent random initializations. We set the numbkesf clus-

The perplexity of a model for a document collection is then
exp (D, logp(xq)/ > ,na). If the cardinality of the vo-
cabulary isW, a uniform multinomial model has perplex-
ity W. A model that successfully assigns higher probabil-

ity to documents in the collection than to others will have ters to be found to be the same as the number of prespeci-

perplexity less thariy’. Since a mixture m<_)del_ with more fied classes. We report the average Ml with standard errors,
components has more free parameters, it will have lower

. . and also the average perplexity. As a rule of thumb, dif-
(or equal) perplexity than one with fewer components. ferences between methods are significant at around the 5%

As is customary in research on clustering, the metrics uselbvel if their meant standard error ranges do not overlap.
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Table 1. Clustering results on two document collectio (humber of documentsi;: average document lengthi/: vocabulary size,
k: number of classeg; perplexity+ standard error, MI: mutual informatiof standard error, time measured in seconds).

DCM EDCM
name D d W k P Mi time P Mi time
Classic| 400 78.8 6205 853.96 + 1.91 0.77197 £0.01063 49.7| 877.64 + 1.87 0.77203 £0.01136 2.35
NIPS | 391 1332.4 6871 804.19 £ 0.24 0.84364 +0.00659 751.3| 875.17 = 0.15 0.83705 4+ 0.00737 6.61

. Experimental resul
6 pe ental results Table 2. Alternative clusterings of the Classic400 collection.

An important preliminary question is whether the EDCM :

. . - Medline 91 1 8 99 1
approximation leads to as good clustering results as the =g, 1 99 100
DCM distribution. Table 1 indicates that the answer to this cranfield 194 6 25 134 41
guestion is yes, since the differences in mutual informa-
tion values achieved are not statistically significant. The
perplexity values shown for the two methods are different
because these values depend on the normalization constant
for each distribution. This constant is not known exactly
for the EDCM, and computed EDCM perplexity values are

overestimates. The times shown in Table 1 are for ongf vMF distributions, optimizing log likelihood is unfor-

clustering run to convergence, for comparably optimizedynately not a good way to optimize mutual information.

Matlab code. DCM-based clustering is 21 and 114 times . ) )
slower. For the Classic400 collection, the average mutual infor-

mation achieved by vMF clustering i8.582 + 0.004
Figure 2 shows the outcome of running five different clus-(mean plus/minus standard error), almost exactly the same
tering algorithms on the Classic400 and NIPS documengs reported previously for this algorithm on this collec-
collections. For each algorithm 100 points are plotted intjgn (Banerjee et al., 2005a). The average mutual infor-
each panel. The dots in the top left cloud are measuremenifation achieved by EDCM clustering with annealing is
for EM with the EDCM distribution, with annealing. The (772 4+ 0.011, and by multinomial clustering with anneal-
stars in the middle cloud correspond to EM with the VONing 0.588 + 0.013, but only0.127 £ 0.007 without anneal-
Mises-Fisher distribution, while the dots in the top right jng. All differences are statistically significant, except be-
cloud Correspond to EM with the multinomial diStribUtion, tween the vMF method and the multinomial with annea“ng
again with annealing. The bottom left cloud of pIUS SignSmethod_ One may ask whether these performance dif-
corresponds to EM without annealing with the EDCM; the ferences matter in practice. Table 2 shows the confusion
bottom right cloud is for EM without annealing with the matrix of the clustering that has best log likelihood among
multinomial. all 100 plotted in panel (a) of Figure 2. It is clear that

Several conclusions are clear from Figure 2. First, the bed® EDCM method succeeds in separating the three true
perplexity and the best mutual information are achieved byg"oups, while the vMF method does not.

EDCM-based clustering with annealing. For all EDCM Taple 3 shows the average perplexity and average mutual
and multinomial methods, there is a strong correlationnformation achieved with ten runs of each algorithm on
between good perplexity and good mutual information,each of the fifteen document collections used in (Zhong &
within the confines of each method. This means that fOlGhosh, 2005) For Comparabi"ty, mutual information is
these methods optimizing perplexity, which can always beyormalized as explained in (Zhong & Ghosh, 2005). Stan-
measured, is a good way to maximize mutual informationdard errors are not given for perplexity averages to improve
which cannot be measured in real applications. readability; they are typically around10 or less. EDCM-

As mentioned above, perplexity is not defined for continu-based <_:Iustering yields statistically §ignificantly superior
ous models such as mixtures of VMF distributions. TherePerplexity for every document collection. Results as mea-
fore, the horizontal axis for VMF results in each panel ofSUred by mutual information are not clearcut: each algo-
Figure 2 shows scaled negative log-likelihood, not Ioer_rlthm is the best on some F:ollectlons. For poth multinomial
plexity. In panel (b) the correlation between better |Og_and EDCM-ba_sec_JI clustering, for_all collections exc_:ept two,
likelihood and better mutual information is weak, while in Petter perplexity is correlated with better mutual informa-
panel (a) the direction of correlation is reversed. Thesdion- For VMF-based clustering, better perplexity is unfor-

correlations suggest that when clustering with a mixtureunately correlated with worse mutual information just as
often as with better mutual information.

(a) EDCM clustering (b) vMF clustering



Clustering documents with the EDCM

Table 3. Perplexity p), normalized mutual information (NMt standard error), and correlation) fesults on fifteen document collec-
tions.

multinomial EDCM VvMF
name D nd Wk p NMI r p NMI r NMI r
NG20 19949 120.0 43585 202944 0.590 +0.004 0.73| 1953 0.546 +0.005 0.75] 0.249 +£0.006 0.07
NG17-19| 2998 164.9 15808 3857 0.375+0.028 0.69| 2594 0.150+0.036 0.47| 0.149 +£0.001 0.94
classic 7089 42.9 12009 1370 0.699 +0.020 0.36| 912 0.7294+0.028 0.82] 0.315+0.006 0.99
ohscal 11162 104.2 11465 1p1235 0.384 +£0.010 0.93| 558 0.387 +0.004 0.24| 0.261 +£0.008 0.31
hitech 2301 228.3 10080 2086 0.282 +0.004 -0.07| 1328 0.235 4 0.005 -0.15| 0.283 £ 0.005 -0.80
reviews 4069 281.2 18482 2866 0.593 +0.028 0.67| 2062 0.509 +0.007 0.09| 0.508 +£0.016 -0.16
sports 8580 200.8 14866 1632 0.587+0.013 0.48| 1211 0.561 =0.009 0.86| 0.448 +£0.014 -0.98
lal 3204 248.3 17265 2714 0.498 +£0.015 0.91| 1579 0.4174+0.011 0.56| 0.417+0.014 0.60
lal2 6279 246.3 11231 2882 0.525+0.014 0.69| 1624 0.445 4+ 0.006 0.44| 0.385 £ 0.016 -0.27
la2 3075 244.2 15203 2543 0.487+0.014 0.89| 1488 0.407 +0.011 0.77| 0.390 £0.014 -0.18
klb 2340 194.3 13856 2129 0.621 £0.014 0.64| 1421 0.609 +0.013 0.27| 0.585 £ 0.014 -0.53
trll 414 1025.4 6412 1088 0.444 +0.025 0.55| 964 0.3824+0.012 0.61]0.591 +£0.011 0.76
tr23 204 2416.2 5814 1068 0.142 +0.015 -0.35| 927 0.1894+0.016 0.86| 0.258 £0.020 0.42
trdl 878 4049 7445 101337 0.624 +0.013 0.72] 1043 0.520 £0.010 -0.04| 0.512 +0.015 -0.06
trd5 690 937.0 8249 101194 0.499 +£0.022 0.22] 1020 0.492£0.015 0.17|0.535+0.013 0.00

7. Discussion

Advances in Neural Information Processing Systems

Th . tal It b h that mixt ]Blei, D. M., Ng, A. Y., & Jordan, M. I. (2003). Latent Dirichlet
€ experimental results above show that mIXWres o 5 5cation. Journal of Machine Learning Research, 993—

EDCM distributions always achieve much lower perplex- 1022.

ity than mixtures of multinomials, when modeling docu- Gjoperson, A., Chechik, G., Pereira, F., & Tishby, N. (2004). Eu-

ment collections. The reason for this success is that EDCM clidean embedding of co-occurrence datavances in Neural

models account correctly for the fact that if a word appears Information Processing Systerfip. 497-504).

once in a document, it is likely to appear again, even if theGoldwater, S., Griffiths, T. L., & Johnson, M. (2005). Interpolat-

first appearance is unlikely. In contrast, multinomial mod- ing between types and tokens by estimating power-law gener-

els tend to be excessively “surprised” by later occurrences. ators.Advances in Neural Information Processing Systems
o . Johnson, N. L., Kotz, S., & Balakrishnan, N. (1997iscrete

We expect that the perplexity improvements achieved by muitivariate distributions John Wiley& Sons, Inc.

mixtures of EDCMs  will carry through to more complex kyam, p., & Day, D. (2001). The multivariate Polya distribution

models such as LDA and correlated topic models (Blei in combat modelingNaval Research Logistic48, 1-17.

et al., 2003; Blei & Lafferty, 2005), when multinomials padsen, R., Kauchak, D., & Elkan, C. (2005). Modeling word

are replaced by EDCMs in these. Any document model burstiness using the Dirichlet distributiofroceedings of the

that is built on top of multinomials either will suffer from  Twenty-Second International Conference on Machine Learn-

improper modeling of burstiness, or will have to devote ad- N9 (PP. 545-552).

ditional parameters to capturing burstiness, when this pheMinka, T. P. (2003). Estimating a Dirichlet distri-

nomenon could be captured by basing the complex model Pution- Unpublished - paper available — attip:/f

on DCM or EDCM models instead of on multinomials. research.microsoft.com/ ~minka . o
Strehl, A., Ghosh, J., & Mooney, R. (2000). Impact of similarity

measures on web-page clusterinBroceedings of the AAAI
Workshop on Al for Web Sear¢pp. 58—64).

Ueda, N., & Nakano, R. (1998). Deterministic annealing EM
algorithm. Neural Networks11, 271-282.

Yamamoto, M., Sadamitsu, K., & Mishina, T. (2003). Con-
text modeling using Dirichlet mixtures and its applications
to language models. Information Processing Society of
Japan-SIGSLP 104, 29-34. In Japanese, available at

. ] http://iwww.mibel.cs.tsukuba.ac.jp/ ~sadamitsu/
Banerjee, A., Dhillon, I. S., Ghosh, J., & Sra, S. (2005a). Clus-

teri h ith h . M Ciher distrib archive/ipsj2003/ipsj2003.pdf
ering on the uni ersphere using von Mises-Fisher distribu- . .
tionsg.]\]ournal of Mgghing Learning??esear(ﬁ] 1345-1382. Zhong, S., & Ghosh, J. (2003). A comparative study of generative

) ) models for document clusteringvorkshop on Clustering High
Banerjee, A., Merugu, S., Dhillon, I. S., & Ghosh, J. (2005b).  Dimensional Data, Third SIAM Conference on Data Mining
Clustering with Bregman divergenceslournal of Machine

Learning Researcls, 1705-1749, Zhong, S., & Ghosh, J. (2005). Generative model-based docu-

ment clustering: A comparative studiKnowledge and Infor-
Blei, D. M., & Lafferty, J. D. (2005). Correlated topic models. mation Systems, 374-384.
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