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Topic Segmentation

¥ ...this protest has brought out thousands of serbs calling 
for the end of the milosevic regime. opposition leaders 
are conÞdent milosevicÕs days in power are numbered. on 
capitol hill tonight the senate approved 600,000 visas for 
skilled high technology workers...

¥ We address two primary questions:

1. Can we segment spoken language by topic even with 
imperfect transcriptions?

2. What is a good quality measure for segmentation 
algorithms?
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Poster Overview

¥ Motivation: existing quality measures are not optimal

¥ Evaluate boundary placement, not topical closeness

¥ Not well suited for topical segmentation of speech 

¥ In this poster, we present

¥ A new and general topical similarity score

¥ A topic segmentation quality measure that overcomes 
limitations of previous criteria

¥ New discriminative algorithms for topic segmentation 
of speech and text
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Quality Criterion: CoAP

• Move sliding window across text, measure fraction of 
agreements between reference and hypothesis

• Limitations

• Does not take word content into account

• Very dependent on window size

• Incompletely defined for speech case
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[Beeferman et al., ’99]
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Similarity Score

¥ Similarity for words: co-occurrence in a large corpus 

¥ Two segments      :

¥ Normalize:

¥ Well behaved: range [0,1] and 

a, b
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that it functions purely by analyzing the segmentation of the observations into topic-coherent chunks
without taking into account the content of the chunks labeled as topic-coherent, that it depends on
the choice of window sizek and that it implicitly requires that the reference and the hypothesis
segmentations are obtained by placing boundaries in the same stream of text.

To develop an improved topic segmentation quality measure and novel segmentation algorithms, we
seek a general similarity function between segments of textand speech. One rudimentary similarity
function is the cosine distance. However, this is based on evaluating the divergence in empirical
frequency for a given word between the two segments. For example, if the Þrst segment being
considered has many occurrences of ÒsportÓ, then a segment making no mention of ÒsportÓ but
mentioning ÒbaseballÓ frequently would be assigned the same similarity score as a segment not
mentioning anything relevant to sports at all. To develop a more robust approach, letx, y ! V
be two words. IfT is a training corpus, then letCT (x, y), CT (x), andCT (y) be the empirical
probabilities ofx andy appearing together, and that ofx andy appearing, inT , respectively. A
similarity measure between words issim(x, y) = CT (x,y )

CT (x )CT (y ) , which is just the pointwise mutual
information (PMI) [12] without the logarithm.

We will evaluate the total similarity of a pair of observations a and b as K (a, b) =!
w1 ! a,w 2 ! b Ca(w1) Cb(w2) sim(w1, w2). Let A andB be the column vectors of empirical word

frequencies such thatAi = Ca(wi ) and Bi = Cb(wi ) for i = 1 , . . . , n. Let K be the matrix
such thatK i,j = sim( wi , wj ). The similarity score can then be written as a matrix operation,
K (a, b) = A" K B . We normalize to ensure that the score is in the range[0, 1] and that for any
input, the self-similarity is1,

K norm (a, b) =
A" K B

"
(A" K A)(B " K B )

. (2)

Proposition 1. K norm is a positive-deÞnite symmetric (PDS) kernel.

Proof. In the following, the empirical frequencies and expectations are computed as before over
a training corpusT. For notational simplicity we omit the subscriptT . Let 1wi be the indicator
function of the event Òwi occurred.Ó Then

K ij =
C(wi , wj )

C(wi )C(wj )
=

E[1wi 1wj ]
E[1wi ] E[1wj ]

= E
#

1wi

E[1wi ]
1wj

E[1wj ]

$
. (3)

Clearly K is symmetric. Recall that for two random variablesX andY , we haveCov(X, Y ) =
E[XY ] " E[X ] E[Y ] and observe that for alli, E [1wi / E[1wi ]] = 1 . Thus we have

Cov
%

1wi

E[1wi ]
,

1wj

E[1wj ]

&
= E

#
1wi

E[1wi ]
1wj

E[1wj ]

$
" 1 (4)

Next, recall that any covariance matrix is positive semideÞnite. Applying this fact to the covariance
matrix of equation 4, we get

m'

i,j =1

ci cj E
#

1wi

E[1wi ]
1wj

E[1wj ]

$
"

m'

i,j =1

ci cj # 0. (5)

Now, let1 andC denote column vectors of sizem such that1i = 1 andCi = ci for i = 1 , . . . , m.
Then,

m'

i,j =1

ci cj = Tr( CC" 11" ) = Tr( C" 11" C) = Tr(( C" 1)2) # 0. (6)

Combining equations 5 and 6, we get
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K (a, b) =
!

w1 ! a,w 2 ! b

Ca(w1)Cb(w2)sim(w1, w2)

K norm (a, b) =
K (a, b)

!
K (a, a)K (b, b)

K norm(a, a) = 1

New Quality Criterion

¥                       and                        are reference and 
hypothesis segments, respectively

¥ New quality measure:

¥          : indicator, one if reference segment   overlaps with 
hypothesis segment

¥ Spurious and missing segmentations penalized (a la CoAP)

¥ Word content of overlapping segments included in score

¥ Can use similarity scores other than

R = ( r 1, . . . , r k )

Q(i, j ) i
j

K norm
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m!

i,j =1

ci cj E
"

1wi

E[1wi ]
1wj

E[1wj ]

#
!

m!

i,j =1

ci cj ! 0. (7)

This shows that theK is positive semideÞnite. IfK (a, b) = A! K B , whereA is a column vector of
counts,A = ( Ca(w1), . . . , Ca(wN )) ! , and similarly withB , thenK (a, b) = < K 1/ 2A, K 1/ 2B > .
HenceK is a PDS kernel. Normalization preserves PDS, soK norm is also a PDS kernel.!

This property ofK norm enables us to map word observations into a similarity feature space for the
support vector based topic segmentation algorithm we will present in Section 3.1. However, we Þrst
use this general measure of similarity for text to create a topic segmentation quality measure that
we call the Topic Closeness Measure (TCM). TCM overcomes thelimitations of CoAP discussed
above, and as we shall see in Section 5, correlates strongly with CoAP in empirical trials.

Let k andl be the number of segments in the reference and hypothesis segmentation, respectively.
Additionally, letr 1, . . . , r k andh1, . . . , hl be the segments in the reference and hypothesis segmen-
tation, respectively.Q(i, j ) quantiÞes the overlap between the two segmentsi, j . In this work,
Q(i, j ) is the indicator variable that is one when reference segmenti overlaps with hypothesis seg-
mentj , and zero otherwise. However, various other functions can be used forQ, such as the duration
of the overlap or the number of overlapping sentences or utterances. Similarly, other similarity scor-
ing functions can be incorporated in place ofK norm . The topic closeness measure (TCM) between
the reference segmentationR and the hypothesis segmentationH is deÞned as

TCM(R, H ) =

$ k
i =1

$ l
j =1 Q(i, j )K norm (r i , hj )

$ k
i =1

$ l
j =1 Q(i, j )

. (8)

3 New Topic Segmentation Algorithms

Let the input be a sequence of observationsT = ( x1, . . . , xm ). Then a topic segmentation algorithm
must decide the setbof topic boundaries inT , that is the set of indicesi such thatxi andxi +1 belong
to different topics. Fori " { ! , . . . , m} , we will refer to awindowof observations of size! ending ati
as the setwi = { xi " ! +1 , . . . , xi } . The windowing of a stream of observations is illustrated inFigure
1(a). Letsi = s(wi , wi + ! ) be either a similarity score or a distance betweenwi andwi + ! . If si is
a similarity score, we can hypothesize a segment boundary where the similarity signal dips below a
global threshold to deÞne the boundary setb = { i : si < " } . Because the range of the similarity
score on either side of a true boundary might vary, a more robust segmentation algorithm is to look
for local extrema in the similarity signal. This is accomplished by passing a window of size! over
s and hypothesizing boundaries where minima or maxima occur in s, depending on whethers is a
similarity or distance score. Letsi = K norm (wi , wi + ! ). Further, let the functions rmax(s, i, j ) and
rmin(s, i, j ) denote the minimum and maximum, respectively, ins in the index range[i, j ]. Then we
obtain a segmentation algorithm by detecting local minima in s, and applying the absolute threshold

!!!!!!

(a) (b)

Figure 1: (a) An illustration of windowing a stream of observations. Each square represents an
observation, and the rectangle represents the current position of the window. To advance the window
one position, the window is updated to add the observation marked with+ and to remove that marked
with # . (b) An illustration of two sets of observations being compared in feature space based on
their sphere descriptors. The dashed line indicates the shortest distance between the two spheres.
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H = ( h1, . . . , hl)

This is a long long long utterance. This is a long utterance. This is a long utterance. This is a long long long utterance. Utterance. This is a long long utterance.
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reference

hypothesis

Ground Truth Comparison

¥ Plot of                       , blue lines: reference boundaries
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Segmentation Algorithm

¥ A generic algorithm: window word counts, evaluate 
similarity, topic boundaries where similarity is small

¥                                    : window of size 

¥ Our algorithm: use new similarity measure 

¥ Let                              , boundary set

¥ For robustness, look for local minima,

m!

i,j =1

ci cj E
"

1wi

E[1wi ]
1wj
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#
!
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This shows that the matrixK is positive semi-deÞnite. Now, ifK (a, b) = A! K B , whereA denotes
the column vector of the counts for thewi Õs,A = ( Ca(w1), . . . , Ca(wN )) ! , and similarly withCB ,
thenK (a, b) = < K 1/ 2A, K 1/ 2B > . HenceK is a PDS kernel. Normalization preserves PDS, so
K norm is also a PDS kernel.!

This property ofK norm enables us to map word observations into a similarity feature space for the
support vector based topic segmentation algorithm we will present in Section 3.1. However, we Þrst
use this general measure of similarity for text to create a topic segmentation quality measure that
we call the Topic Closeness Measure (TCM). TCM overcomes the limitations of CoAP discussed
above, and as we shall see in Section 5, correlates strongly with CoAP in empirical trials.

Let k andl be the number of segments in the reference and hypothesis segmentation, respectively.
Additionally, letr 1, . . . , r k andh1, . . . , hl be the segments in the reference and hypothesis segmen-
tation, respectively.Q(i, j ) quantiÞes the overlap between the two segmentsi, j . In this work,
Q(i, j ) is the indicator variable that is one when reference segmenti overlaps with hypothesis seg-
mentj , and zero otherwise. However, various other functions can be used forQ, such as the duration
of the overlap or the number of overlapping sentences or utterances. The topic closeness measure
(TCM) between the reference segmentationR and the hypothesis segmentationH is deÞned as

TCM(R, H ) =
1
kl

k!

i =1

l!

j =1

Q(i, j )K norm (r i , hj ) . (8)

3 New Topic Segmentation Algorithms

Let the input be a sequence of observationsT = ( x1, . . . , xm ). Then a topic segmentation algorithm
must decide the setb of topic boundaries inT, that is the set of indicesi such thatxi andxi +1
belong to different topics. Fori " { ! , . . . , m} , we will refer to awindow of observations of size
! ending ati as the setwi = { xi " δ+1 , . . . , xi } . Let si = s(wi , wi + δ) be a score between the
window of ! observations ending at timei and that beginning at timei + 1 , wheres can be be a
similarity score or a distance between the windows. Ifsi computes a similarity score between the
two windows, we can hypothesize a segment boundary where the similarity signal dips below a
global threshold to deÞne the boundary setb = { i : si < " } . Because the range of the similarity
score on either side of a true boundary might vary, a more robust segmentation algorithm is to look
for local extrema in the similarity signal. This is accomplished by passing a window of size!
over si and hypothesizing boundaries where minima or maxima occur in the signals, depending
on whethersi is a similarity or distance score. Letsi = K norm (w1, w2), wherew1 is the window
of size! ending ati andw2 is that beginning ati + 1 . Further, let the functions rmax(s, i, j ) and
rmin(s, i, j ) denote the minimum and maximum, respectively, ins in the index range[i, j ]. Then we
obtain a segmentation algorithm by detecting local minima ins, and applying the absolute threshold
" to each local minimum,b = { i : si < " # si = rmin(s, i $ %! / 2&, i + %! / 2&)} . This simple
search for local extrema, combined with the use ofK norm to evaluate similarity, results in a novel
segmentation algorithm, to which we will refer as the similarity-based segmentation algorithm.

3.1 Support Vector Topic Segmentation Algorithm

One disadvantage of using the verbatim empirical word distribution to compare windows of obser-
vations, as in the above algorithm, is that there might be Þller or off-topic content within a generally
topic-coherent stream of observations. To combat this drawback, we seek a description of the text
or speech that is able to discriminate between the observations belonging to the true distribution
and noise or outlier observations, but without attempting to learn the distribution. The sphere-based
descriptors of Tax and Duin [13] attempt to Þnd a sphere in feature space that encloses the true data
from a given class but excludes outliers within that class and data from other classes. An alterna-
tive approach of Sch¬olkopf et al. [14] posits this task as separating data from the origin in feature

4

!

b = { i : si < ! ! si = rmin( s, i " # " / 2$, i + #" / 2$)}

b = { i : si < ! }si = K norm (wi , wi + ! )

rmin( s, i, j ) = min( si , . . . , sj )

K norm
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Experiments

¥ HTMM: hidden topic Markov 
model [Gruber et al. Õ07]

¥ TDT corpus of speech and 
text news

¥ 1314 training, 69 test, and 41 
development news streams 

¥ Use lattice information 
(Counts and ConÞdence)

¥ Compare with new algorithms 
(Sim and SV)
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Input Type Algorithm Quality Measure

CoAP TCM

Text

HTMM 66.9% 72.6%

Sim 72.0% 75.0%

SV 76.6% 77.7%

One-best

HTMM 65.0% 61.5%

Sim 60.4% 62.8%

SV 68.6% 66.0%

Counts

HTMM 65.5% 62.4%

Sim 59.4% 63.4%

SV 68.5% 66.5%

ConÞdence

HTMM 68.3% 64.2%

Sim 59.7% 63.8%

SV 69.2% 66.8%
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Removing Outliers/Noise

¥ Given a set of observations                        and mapping 
into feature space                , Þnd compact description

¥ Sphere separates the bulk of the observations from the 
outliers [Tax and Duin Õ99, Schšlkopf Õ01]

¥ Solution and dual form very similar to that of SVM

¥ To compare the ÒtrueÓ content of two windows, compute 
shortest distance between their respective spheres

8

space, a problem that is equivalent to the spheres problem for many kernels, including the one used
in this work. This problem is often referred to as one-class classiÞcation, and because the problem
formulation resembles that of support vector machines (SVM) [15, 16], often as the one-class SVM.

More formally, given a set of observationsx1, . . . , xm ! X , our task is to Þnd a ball or sphere
that, by enclosing the observations in feature space, represents a compact description of the data.
We assume the existence of mapping of data observations into a feature space,! : X "# F . This
results in the existence of a kernel operating on a pair of observations,K (x, y) = ! (x) á! (y). A
sphere in feature space is then parametrized by a centerc ! F and radiusR ! R. We allow each
observationxi to lie outside the sphere by a distanceξi , at the cost of incurring a penalty in the
objective function. The optimization problem written in the form of [14] is

min
R ! R,! ! Rm ,c! F

R2 + 1
! m

!
i ξi

subject to $! (xi ) %c$2 & R2 + ξi , ξi ' 0 for i ! [1, m]. (9)

The objective function attempts to keep the size of the sphere small, while reducing the total amount
by which outlier observations violate the sphere constraint. The parameterν controls the tradeoff
between these two goals. Using standard optimization techniques, we can write the Lagrangian of
this optimization problem using Lagrangian variablesαi ' 0, i ! [0, m]. Solving forc, we obtain
c =

!
i αi ! (xi ). Substituting this back into the primal problem of equation 9, we obtain the dual

problem. As in that of SVMs, in the dual problem, the kernelk takes the place of dot products
between training observations. The dual problem is

min
"

! m
i,j =1 αi αj K (xi , xj ) %

! m
i =1 αi K (xi , xi )

subject to 0 & αi & 1
! m ,

! m
i =1 αi = 1 . (10)

By substitution into the equation of a sphere in feature space, the classiÞer then takes the form

f (x) = sgn

"

# R2 %
m$

i,j =1

αi αj K (xi , xj ) + 2
m$

i =1

αi K (xi , x) %K (x, x )

%

& (11)

The resulting data description is a combination of the support observations{ xi : αi (= 0 } . The radius
can be recovered by Þnding the value that yieldsf (xSV ) = 0 , wherexsv is any support observation.
We note that for any kernelk such thatK (x, x ) is a constant, the sphere problem described above has
the same solution as the separation from the origin problem known as the one-class SVM [14]. We
haveK norm (x, x ) = 1 , thus the condition for equivalence is met and thus our geometric description
can be viewed as an instance of either problem.

The sphere data description yields a natural geometric formulation for comparing two sets of obser-
vation streams. To accomplish this, we can calculate the geometric shortest distance in feature space
between the two spheres representing them. This comparison is illustrated in Figure 1. Assume that
we are comparing two windows of observationsw1 andw2. Letx1,1, . . . , xm 1 ,1 andx1,2, . . . , xm 2 ,2
be the word frequency counts, and letα1,1, . . . , αm 1 ,1 andα1,2, . . . , αm 2 ,2 be the dual coefÞcients
resulting from solving the optimization problem of equation 10, forw1 andw2, respectively. The
resulting support vector descriptions are represented by spheres(c1, R1) and(c2, R2). Then, the
distance between the centers of the spheres is the Euclidean distance in the feature space. Since the
mapping! (á) is implicitly expressed through the kernelK (á, á), the distance is also computed by
using the kernel, as

$c1%c2$2 =
m 1$

i,j =1

αi, 1αj, 1K (xi, 1, xj, 1)+
m 2$

i,j =1

αi, 2αj, 2K (xi, 2, xj, 2)%2
m 1$

i =1

m 2$

j =1

αi, 1αj, 2K (xi, 1, xj, 2).

(12)
The shortest distance between the spheres is simply obtained by subtracting the radii to obtain
dist(w1, w2) = $c1 % c2$ % (R1 + R2). Note that it is possible for the sphere descriptors to
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can be viewed as an instance of either problem.

The sphere data description yields a natural geometric formulation for comparing two sets of obser-
vation streams. To accomplish this, we can calculate the geometric shortest distance in feature space
between the two spheres representing them. This comparison is illustrated in Figure 1. Assume that
we are comparing two windows of observationsw1 andw2. Letx1,1, . . . , xm 1 ,1 andx1,2, . . . , xm 2 ,2
be the word frequency counts, and letα1,1, . . . , αm 1 ,1 andα1,2, . . . , αm 2 ,2 be the dual coefÞcients
resulting from solving the optimization problem of equation 10, forw1 andw2, respectively. The
resulting support vector descriptions are represented by spheres(c1, R1) and(c2, R2). Then, the
distance between the centers of the spheres is the Euclidean distance in the feature space. Since the
mapping! (á) is implicitly expressed through the kernelK (á, á), the distance is also computed by
using the kernel, as

$c1%c2$2 =
m 1$

i,j =1

αi, 1αj, 1K (xi, 1, xj, 1)+
m 2$

i,j =1

αi, 2αj, 2K (xi, 2, xj, 2)%2
m 1$

i =1

m 2$

j =1

αi, 1αj, 2K (xi, 1, xj, 2).

(12)
The shortest distance between the spheres is simply obtained by subtracting the radii to obtain
dist(w1, w2) = $c1 % c2$ % (R1 + R2). Note that it is possible for the sphere descriptors to
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