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Abstract

In order to determine the points at which meeting discourse changes from one topic to another, probabilistic models
were used to approximate the process through which meeting transcripts were produced. Gibbs sampling was used
to estimate the values of random variables in the models, including the locations of topic boundaries. The paper
shows how discourse features were integrated into the Bayesian model, and reports empirical evauations of the
benefit obtained through the inclusion of each feature and of the suitability of alternative models of the placement of
topic boundaries. It demonstrates how multiple cues to segmentation can be combined in a principled way, and

empirica tests show aclear improvement over previous work.



| Introduction

Much work in computational linguistics atemps to discover latert structure in corpora of natural
language texts through an inductive proces. Probalilistic generaive models provide a natural way of
solving this problem,de<cribing a hypothetical process by which texts arecreaed. Bayesaninference can
then be used to infer the latent structure in observed text. This paper provides an example of how
probahilistic models describing structure in texts can be edimatd using Markov chain Monte Carlo
(MCMC), a sophisticaied Monte Carlo tecmique, with the samples produced providing a way to
recanstruct the process that gereraed the corpus. Our system inferred distributions over words that
charecterized topics discussed in meetings, and variation in the topics under discussion throughout the
meetngs. This exemplifies how MCMC can be used to perform probahilistic infererce in complex
gereraive models even when the training data hasthe full complexity of unredricted natural language, as

might be encounteredin a conversation among a group of peplein ameetng.

The methods of Bayedan statistics are coming to be applied more widely within the field of
computational linguistics, providing tools for inferring latent structure from linguistic data. Seeral recert
papers have used MCMC to samgde from posterior distributions over random variadesin probahilistic
models of language. These papers have addressed a wide range of different agects of language structure,
and have typically beentrainedin an unsupervised way using large quartities of naturally occuring text
(for example [1]). Refererce [2] showedhow a probahilistic model called Latent Dirichlet Allocaion can
be usedto analyze texts asprobakility distributions over a number of topics, eachtopic being made up of
aprobahility distribution overwords. This approach capturesthe factthat the topic of a document plays a
large role in determining the frequency with which diff erert word typesoccur in it, while allowing for the
possibility that a documert might be better modeled asa blend of different topics, rather than asa single
topic. We follow [3], [4] in using MCMC to sample from the posterior distribution over random variabes
in a Latent Dirichlet Allocaion model, and extend [5] which used this approachto find topical structure

in trarscripts of meetngs.



We used the auomaic speechrecaynition transcript of the ICSI meeting corpus [6] and evaluated our
algorithmOsegmertation performarce on the 25 out of the 75 meetngs for which a manual segmertation
wasprovidedby [7]. The ICSI corpus wasconcatenated into one long transcript, and the gererative model
was then used to infer the locations of the topic boundaries (Boundaries between meetings were not
marked in the training data, so these were treatd as boundaries between topics in the same way as the
within-meeting topic boundaries) When the discussion in the meetings switched to a different topic, we
could expect the distribution over topics which bed modeled the utterarcesfrom that point onwards to
change significartly. Such changes thus give an indicaion of the points in the transcript at which the

topic of the meeting may have changed, and is one of the cuesthat wasusedto infer topic boundaries

We expect discourse close to topic boundariesto differ from discourse in the middle of topicsin more
ways than just the vocahlulary used, we therefore included various other discourse featuresin the set of
observed variablesin the probakilistic model. Each such feaure was associated with an utterance (rather
thanwith anindividual word). One of these feaures cue phrases took aninteger value corresponding to
the number of a predetermined set of cue phrases occurring at the begnning of an utterarce within a
window around the target utterarce. The set of eleven cue phrases was taken from [7], and they were
extracted via correlation with topic boundariesin the samecorpus; they include phrases such as"okay",
"anyway", and "so". The other five feaures were all real valued The silence feaure corregponded to the
proportion of non-speaking timein the window about the currernt utterarce; speaker overap corregponded
to the proportion of timein the window in which the speechof different speakers overlapped speaker
activity measured changes in which spealers were talking in the current window compared to the
previous window; average and medan segment length were the meanand medanlength of all utterarces
which were partly or wholly in the currert window. We also included the LCSeg lexical coheson
measire [7] asafeature: thisis a measire of cohesgon between utterarce windows based on the presince
(or otherwise) of lexical chains (sequencesof repeated word stens). Features such as thes have been

shown to improve segmertation performarce in discriminative segmertation approaches[7], [8].



The plan of the paper is as follows. Secion Il overviews previous approachesto topical segmertation.
Secton 1l desribes our basc gererative model, and then Secton IV reports how we edimated the
posterior distribution over the variabdesin this model using Gibbs sampling. Secton V describes how
discourse features were integrated into the basc model, and Secton VI desribes a range of differen
models of the placemert of segmert boundaries In Secions VII, VIII and 1X we report the reaults of
emgprical teding, firstly evaluating the relative effectiverness of the different models of segmert boundary
placenen, next the effectiveness of eachfeature, thenthe relative contribution of the text of the trarnscript
and of the discourse features and finally the effect of the hyperparameters In Secion X we summarize

thereaults, and assess the main contributions of thiswork.

I Finding Topica Structur ein Meetings

A number of previous approaches have beentaken to the problem of segmertation of text and speech
transcripts. Same of these approacheshave beenbased only on differencesin the distribution of wordsin
parts of the text deaing with different topics [9]-[13], while others have focused on features that are
indicative of topic boundaries [14]-[17]. Direct quartitative comparisons betweenthes approaches are
diffi cult, due to differercesin corpora and evaluation procedures but gererally, the greates success has

beenachieved by combining both kinds of cuesinto asingle system[7], [8], [18], [19].

A dlightly different approach is to make a gereraive model that represerts the process by which the
documerts were produced[20], [21]. We can model a meeting trarnscript as having beengererated asa
concakenation of segmerts of text, eachon a separate topic. Eachsegmert can be modeled asa series of
words, randomly samgded from a probahility distribution over word typesthat defi nesthe current topic.
The assignment of words to topicsand placemert of segmert boundariescanthenbe inferredby inverting
this gereraive model, with the probahility that the meeting wasgeneraedby a particular set of topicsand

segmert boundaries corregonding to the joint probaklity of the trarscript and the variabe settings



defining that exact set of topicsand boundaries Such a model therefore allows both topics and the topical

segmertation of atranscript to be learredsimultanecusly.

Referercte [5] used this approachto model meeting transcripts as concaterations of secions of text on
different topics, except that Latert Dirichlet Allocation was used to model each topical segment as a
probakility distribution over topics with eachword token being assigned to one particular topic. By
making a direct comparison to the LCSegsystem [7], it waspossible to show that the system reportedin
[5] achieved similar performarce to previous approaches to the same problem which also did not use
discourse features (P« = 0.32, WD = 0.36 for [7]; Px = 0.33, WD = 0.35 for [5]). The beg overall
performarce on this tak appearsto have beenobtained by [8] and [22] who used supervised learnng,
unlike [5] whose systemwasunsupervised Reference[22] used SVMs to classify eeach utterarce either as
a topic boundary or not, based on the words it contained. Referernce [8] achieved a moded improvemert

in performarce by using transductive SVMs to incorporate discourse featuresinto the original system

Maintaining the goal of unsupervised segmertation of meetngs, our work extends [5] by integrating
discourse featuresinto the gererative model. It also invedigated the effect of changing how the length of
eachtopical segment in the meetings was modeled The reaults reported in [5] concern the marual
transcription of the ICSI corpus, not the ASR transcription we used, ard also used a different evaluation
procedure (see Section VII), so those P, and WD results arenot directly comparabe to ours. We focus on
comparing the relative performarce of extensions to our model, and then perform a separat evaluation to
make a direct comparison to the bed result reportedin [8]. Our primary goal is to show how probahilistic
models canbe usedto integrate multiple sourcesof information about text structure, an approach that we

believe hasthe potertial to be appliedto a wide range of problemsin computational linguistics.

M1 A Genegative Model of Multi-topic Discourse

The gereratve model of meetng transcripts is summarizedin Fig. 1, which shows which variables are

deperdent on which other variades The corpusisalist of U utterances and the uth utterarce contains N,



words. The total number of word typesis W and w is thelist of all utterarcesin the corpusin order. w, is
the words contained in the uth utterarce. wy; is the ith word in w,. Each utterarce is modeled with a
probakility distribution over T topics, indicaing how likely it is that the words in the utterarce belong to
eachof those topics. (We should note that these topics are quite distinct from the topics that form the
topical segmerts of the meetngs.) Reference [5] invedigatedthe effectof using 2, 5, 10 and 20 topicson
the overall segmentation performarce, and concluded that performarce was hardly affected by the

number of topics Therefore we have followed Purver et al by using 10 topicsthroughout this paper.

A varialde c records whether or not a new topical segmert begns at eachutterarce, and so whether the
distribution over topicsis different to that for the previous utterarce. If the value of this variade for the
uth utterarce c, is 0, then the distribution over topics for this utterarce (/")) is the same as for the
previous utterarce (/“?), which is the ca illustrated in the diagiam. However, when c, is 1, a
completely new distribution over topics is samgded for the current utterance (and for all the following
utterarcesup to the next utterancefor which ¢, is 1). Thefirst utterance must start atopical segmert, so ¢,
is always 1. However, normaly there will be mary utterarcesin each topical segmert, so for most
utterarceswe would expectc to be zera Welet P(c, = 1) = “, so that ” effectively specifiesthe expected
number of segmerts. Later a variety of methods areintroducedfor controlling the value of “, including
setting it to a fixed value, but initially its value is samged from a symmetric Beta distribution with
parameter # The extersion of the model to incorporate discourse features (f, in Fig. 1) is introducedin

Section V.

The distribution over topics / “ specifiesthe probakility that eachword tokenin the utterarce belongs to
eachof the T topics, the probahility of it belonging to topic t being /(. Whenever a new topical segmert
begins (c, = 1), and so the distribution over topics changes a new value of /® is samged from a

symmetic Dirichletdistribution with parameter $, and so



P )= e & L ®

where! (") isthe gereralizedfactorial function.

A variable z records the topic to which eachword tokenin the corpus U is assigned, the topic assignmert
of the ith word token in the uth utterarce being written z,;. Each topic T; specifies a multinomial
distribution over word typeswhich is written 9%, and in which the probakility of eachword type is %.
Like with the distributions over topics /™, each distribution over word typesin a topic is samded from a
symmetic Dirichlet distribution, thistimewith parameter & so

p(n(i))zﬂ‘a’)&w (n(Dys )

#($)" v

The model under which awhole meetng transcript is generaedfirst requiressetting ¢ to specify at which
utterarces new topical segmerts begn. A distribution over topics (/) is then samged for each such
utterarce,and copiedto each other utterarce up to the start of the next segmert. A distribution over word
types 9 is also samped for eachtopic j. The word tokens of the transcript are then generaed for each
utterarce by first samgding a topic for eachword from the distribution over topics for the utterarce, ard
then samging a word type from the distribution over word typesfor that topic. This proces generaesa
complete corpus, a set of topics definedin terms of the probalkility of eachword type occurring in each
topic, a distribution over topics for each topical segment, and a segnentation of the corpus into topical

segmerts. The hyperparametersof the model ($, &ard #) were all fixedat0.01, consistert with the values

usedin previous models of thiskind [3], [5].



-G

©
/

e —Uu-1 — 1@ > utl1—» -

(O

Ny

U

Fig. 1. The Prabalhilistic Gererative Model showing a Single Discourse Feaure. Nodesin the graph
corregpond to random variades and links indicate dependercy structures Heawvy borders on a node
indicat observedvariabdes Boxesaraund sets of nodesindicat regicaion of a structure the number of

timesshown in the corner of the box. Varialde namesand de<criptions appearin the text.



v Gibbs Sampling of Model Vari ables

The above has specified a probahilistic Bayesan model for multi-topic meetng transcripts, but does not
provide arny way to determine which settings of the modelOsvariabdes have the higheg posterior
probakility with regpect to the particular meeting trarscripts that we wish to analyze. We would gererally
expectthat those variald e settings would be the onesthat most closely refl ected the proces by which the
datawasgenrerated, and they should therefae give the beg edimaie of the pointsin the meetngs at which
the discourse changedto a diff erent topic. With complex high-dimersional models, like the one used here
one common scheme for finding settings of random variables that accaint well for the datais MCMC,
which allows variabes to be sampled from the distribution induced by inverting the genrerative model
[23]. While MCMC does not allow the settings of variabdes that have the maxmum a posteriori
probakility to be determined directy, if a large number of such samples are produced they can be
averaged to produce an edimate of the posterior distribution over settings of each variabe. Most
importartly in the case of the present model, if mary samgdesindicat that a topical segmert boundary
should be placed at a particular locaton, thenit is much more likely that there is a change of topic at that

point thanif only afew samgdesindicate that a boundary should be placedthere

The badc ideabehnd MCMC is to define a Markov chain with a stationary distribution that corregponds
to the distribution from which we wish to generae samgdes After a large number of iteratons, the
Markov chain will converge to this stationary distribution, and samgdes from the Markov chain will
behave similarly to samges from the target distribution. The particular flavor of MCMC used here was
Gibbs sampling. In Gibbs sampling the underlying Markov chain is defined to be the reault of sampling a
new value for eachvarialde in the model conditioned on the currert settings of all the other variades
This is done in turn for each random variabe, and this procedure is repeatd over a large number of
iteratons, until it is believed that enough changes have been mace that the current variabe settings are
independent of their settings before the current series of iteraions wasbegun (i.e. the Markov chain has

converged). The settings of the variabes at this point are recaded, and kept as one samgde, ard the



procesisthenrepeatd. In some cassit is possible to show how many samdesneedto be takenin order
for MCMC to produce areliabe edimate of the posterior distribution over valuesof the random variades
but in the casg of complex models, such asthe one used here, thisis not possible. However, our emgrical
invedigations did not find a significart improvement when the number of samges cdleced was
increagd beyond 200 (obtained from a single run at intervals of 1000 iterafons), and so all reallts

reported here wereaobtainedin this condition.

In order to apply Gibbs samgding to the present model, we needto sample over the discrete variades
namely eachindividual value of ¢ and z, eachtime taking into consideraton the settings of all the other
valuesof these variabes and the words in the meetng transcripts w. (The continuous random variabes ”,
! and %can be integrated out, and so there is no needto sample over altermative values for these
variables) We therefae needto obtain anexpression that allows us to calculate valuesfor P(z,; $z ., C,
w) and P(c, $c., z, w), so that we cansample new settings for z,; and c,. (z;) mears the settings of all
the values of z except the one for the ith word in the uth utterarce,and ¢, mears the settings of all the

valuesof ¢ excep the one for the uth utterance.) Reference[5] showedthat

(1) (S.)
n,, t& n > +9% €)

P(z .|z, .,CcW)# —x
( u,i | (u,i) ) I’L.(l) + W$ n.(su) + T%

where S, is the set of utterarcessharing the sametopic distribution asu, t is the topic to which z,; makes
anassignmert, and the n temsall represent counts. n&‘,u’i is the number of timesword type w,; is assigned

to topic t in z, n" is the total number of words assignedto topic t in z, i) is the number of timesthe

topic thatis assigned by z,; isusedin S, and n{%) is the total number of topic assignmertsin S, (which

is equal to the number of words). These counts exclude the topic assignment under consideraton, z,;.

Puver et al also showed that whenc, =0

10
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where ng is the number of utterarcesfor which c,= 0 and n; is the number of utterarcesfor which ¢,= 1.
N is the total number of word tokers in the corpus. The length of the segmert containing ¢, will vary,

deperding on whether ¢, is 0 or 1, asc, defineswhether or not a new segmert begns at utterarce u. If ¢,
=1, thenanew segment St will start atthe presert utterance,and the previous segment will be Sl_l. If cy
= 0, thenthe utterarcesin S;,, and S, will both merge into a single larger segmert S.. The above counts
exclude c, itself, and the utterarcesin either S or both S;,, and S;, asappropriate. n'® is the number of

timestopic tisusedin segmen S, ard n{® is the total number of topic assignmertsin S, where S canbe

ary of S, S, or S, This completes the specificaion of the basc model, and of how samples were

obtained The red of this paper concerns itself with extersions to this model, and evaluations of the

effectiveness of eachextension in comparison to this baseline.
\% Modeling Discourse Feaures

As noted alove, propertiesof the discourse other than the transcript itself might give clues about where
therewasa change of topic. Discourse featureswereincorporated into the Bayesan generative model by
introducing a new varialle f,indicaing the feaures of utterarce u, which depends only on the segment
marker c,. Featreswill be useful in segmertation only if their valuesat utterarceswhere new segmerts
begn have a diff erert distribution to their valuesat other utterances We cantherefore model the set of all

valuesof afeature f with two distributions, one of which desribesall those feaure valuesfor which ¢, =

11



0 and arnother all those feaure valuesfor which ¢, = 1. Generatvely speaking, we gererak afeatre value
for eachutterarce using whichever of these distributions is appropriate given the value of ¢, for that
utterarce. Each feaure is treated independently of all other features so it is unproblematc to add any

number of feaures eventhough the following discussion only makesreferenceto a single feature.

The approach used here doesnot introduce any further discrek latent varialesinto the gererative model,
so when sampling we still only needto samgde over individual valuesof z and ¢, but we must now take f
into accaunt aswell asw. However, asword topic assignmerts z are not dependent on f givenc (which
can be seen from the structure of the graphical model in Fig. 1), P(z | zZw, ¢ w, f) is equal to

P(zy; | z.w,), ¢, w), and so we needmake no change to the equation obtainedby [5] for samgding over z.

We do, however, needto obtain new equations that we canuse to determine P(c, | .y, Z, W, f), so allowing
us to samgde valuesfor c taking into accaunt the dependence of the featureson ¢. We canbegn by noting

that, as(c, z, w, f) issimply (c., z, w, f) and ¢, together.

2w,f) = P(c,z,w,f)

SELL LIV (6)
Pc_,.zw,f)

P(c,lc
Using the chain rule, and noting that the word topic assignmerts areindependert of ¢ for agiven z, and
that the probahility of f depends only on ¢, we canobtain

P(e)P(z]c) P(f]c)
P(c"u)P(Z |c" u) P(f |C-- u)

P(c, |c.,z,w,f) = )

The first two terms on the right hand side of equation (7) areunchanged from the previous vergon of the
system(see [5]). Hernce we canincorporate utterarce featuresinto the existing sampling procedure simply
by multiplying eachof the values obtained by the original equations, (4) and (5), by the third term,
reflecting the probahlity of the features given this segmerntation. (Where there are multiple discourse

features we needto multiply in this term for each one in turn.) However, as P(f | c,) is constant over

12



alternative values of ¢, and relative rather than absolute probahilities are suffi ciernt for Gibbs samging,

when sampling avalue for ¢, we needonly compare the value of P(f | ¢) whenc, = 0 and whenc, = 1.

A Red Valued Feaures

Real valued features were modeled under the assumption that both those values occuring at segmert
boundariesand those valuesoccuring elsewhere are normally distributed, but the meanand variance of
the distribution in eachcase is unknown. Following [24], we model the distribution over the variance with
aninverse chi-square distribution, and the distribution over valuesof the mears with a normal distribution.
Refererce [24] gives a probahility dersity function for feaure values which in the case of discourse

featresf, for whichc,=01is

P(ful Cu, f—w C—u) ~ta0 (,uOv ' 0 (1 + 1/(0)) (8)
where
(o=( +No )
G=a+To (10)

_ "ptn,f (11)
Ho "+,

a"?+(n,#1)s, + alt (u# f,)° (12)
w2 _ $ n,
° a+n,

and ng is the number of feauresfor which ¢ = 0, 5 is the variance of the sample for those featresfor
which ¢ = 0, fo is the meanvalue of featresfor whichc = 0 and ', a, ( and u are parameters of the
prior distribution. More specifically these parameters are the meanprior variance ' %, the confidence in

that prior variance a, the prior meanu, and the confidencein the prior mean(. It wasnot expecied that

12



the exact values of these parameters would have a significart effect on the results so ' 2, a, ard ( were

simply setequalto 1, and u to O.

The function t in equation (8) is StudertO4, and whenthisis expanded we obtain

3 , 2"y (13)
433 +D

$
&
SONSIPST ¥ - ¥

" "

In this equation ” is the mathematical constart, and is hernce distinct from the variabe " referenced
elsewherein this paper. The correponding equation for feauresfor which c,= 1 will be exactly the same
except that those symbols with subscript O will be redacedby oneswith subscript 1. These equations can

be usedto derive a probalility for the whole set of featuresasfollows

P(f IC) = P( fu |Cu’f" u’C' u)P(f u IC" u) (14)

However, we in fact needonly to calculate the relative probakility of P(f | ¢) for the two altermative
settings of c¢,. As P(f, | ) is not affecied by the value of ¢, it canbe ignored during sampling and we

needonly calculate probatilitiesfor P(f,Icf. ,c.,) forc,=0and c,= 1.

B Count Feaures

A somewhat differernt approachwasneededto model the cue phrasesdiscourse feature, asthisfeatureisa
count, rather than a realvalue. However, asbefore, if this feature is to be useful in segnerting documerts,
it must have a differert distribution at the start of segmerts to elsewhere. Therefore count features were
also modeled using two probahility distributions, one for those feature valuesfor which ¢ = 0 and another
separak distribution for those feature values for which ¢ = 1. The distributions used were Paisson

distributions, and a Gamma distribution with its shape parameter q fixed at 2 and its inverse scale

14



parameter r fixed at 1 wasused asa prior over the rate parameter of each Passon distribution (see[25]

for details). The probahility of feature f, whenc, = 0, givenall the other featuresard c, is therefore given

by

= ' T(ty+ no(@=1) + D((ng = (r + 1)) furmoladt 5
I'() fu! F(to - fu + (I’]O -D(g-1+ 1)(no(r + 1))t0+n0(q—1)+1

P(f,|f_,C)

where the sum of all featuresfor which ¢, = 0 isty. A paralel equation canbe obtained for the cas in
which ¢, = 1, by repacing to with t; and ng with n;. When sampling, we need only calculate P(f, | f..)
whenc, = 0 and whenc, =1, and multiply these valuesin to the probahilitiesobtained for ¢, based on the
other featuresand the words. Thereis, however, a special cae whenthereis only one feature for which c
=0 (or for which ¢ = 1). In this case we camot obtain P(f, | f.y, €) by dividing P(f | ¢) by P(f., | ¢), because
thereare no featuresother than u, and so the set of feauresf_, is empy. In this case f, is the whole set of

featuresf, and so

P(1, 10 =P 19 = o) as)

VI Alternative Models of Segnentation

In the original gereratve model, the probakility of a new segment starting at any point, P(c, = 1), is
determined by a variade ” giving this probahlity direcly. (Although thereis a Beta distribution over
possible values of this variabe, so the variabe itself is integated out. This approach is henceforth
referred to as VariPi.) However, this approach does not seemto model segmert lengths very well, asit
forcesthe prior distribution over segmert lengths to be geometic, which, as can be seen in the reallts
below, producesoversgmenation when feaures are used One alternative approach would be to make
the probaklity of a topic break at u conditional on the value of c,.;, but asthe inferred segmertation
would normally contain occasonal topic breaks separated by mary utterarcesfor which ¢, = 0, we would

expect to gain little if any advantage from this approach However, we considered a variety of other

15



approachesto modeling ¢ by redacing ” with a range of different functions. If these new priors improve
performarce it could either be becawse they more accuately reflect the behavior of participarts in
meetngs, or it could simply be that they directthe model towards the latent structure in the meetings that
corregponds to the gold stardard, and away from arny other types of latert structure that may also be
presert. Here we do not attemp to distinguish between these two possibilities but simply consider any
prior that producesa closer mafch to the gold standard to be better model of ¢ for our present purpose of

inferring the topical structure of the meetings.

A Fixed%

The simpled solution to controlling the number of segmerts is simply to fix the value of ”. As " is the
prior probahility of a segment starting at each utterarce, this effectively definesthe expected number of
segmerts, and so ” was fixed at 0.0755 to reflect the number of segmerts marked in the gold standard
(179 of 23,703 utterarces for which a segmertation was provided were the start of new segmerts).
However, if the transcript were bed described by a gereraive model containing a different number of
segmerts, we would expect the final number of segments to be a compromise betweenthat number of
segmerts ard the expected number as defined by “. Under this solution, the prior distribution over

segmert lengths remained geometric.

In the equations which are used during the sampling procedure, the prior probakility for alternative
segmertations shows up only asthe rightmost term in equations (4) and (5). Therefore, if we change the
model of where new segmerts begn, we needonly replacethese temns. It is straightforward to show that
if we fix the value of " then we needonly redace the term in equation (4) with (1-") and the one in
equation (5) with “. Thisreflecis the factthat equation (5) describesasituation in which thereis one more
segmert than the situation described by equation (4), which insteadhasone more utterance which is not
the start of a new segmert, and hence we multiply in either the a priori probahility of a new segmert

starting or not starting at utterarceu.
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B A Poisson Distribution over Segmert Lengths

An alternative approachis to model the length of eachsegment (how mary utterarcesit contains) with a
Padsson distribution. This allowed a distribution over the length of segments to be used, making it easer
to eliminate very short segmerts. A gammadistribution with the same hyperparameters(q and r) asthose

usedfor the count featireswasused asa prior over the rate parameter of this Passon distribution.

When samging over a particular value of ¢,, we needonly comparethe probahility of the two segmens
that would reault if the value of ¢, was1 (those being the segment ending just before u, and the segmert
begnning at u) with the probaklity of the single segmert that would reault if ¢, were 0, and the two
segmerts merged into one big one. ¢ implicitly definesthe lengths of all the segmerts, and it is eager to
discuss this prior in termsof segmert lengths thanin termsof segment boundary locations, so we will use
sto derote the set of lengths of all the segmerts, s, to denote the length (in utterarces of the segmert that
would erd just beforethe u if ¢, were 1, and s, to denote the length of the segmert that would begn atthe
current utterarce were ¢, 1. The length of the segment that would take the place of thes two shorter
segmertsif ¢, were 0 would be equal to s; + s,. We should note that any setting of s canaltermatively be

expressedin terms of asetting of c.

The total length of all segments (in utterarceg will be equal to the number of utterancesin the corpus U.
The number of segmertsin the whole corpusif ¢, is 0 will be writtend. -, and the number of segmerts if

Cyis1 will bewrittend. -1. We cannote that

dc =O:dc=1D:I- (17)

By the chain rule. the probahility of the single large segmert, givenall the other segmertsis

P((S+$):S (5. (18)
P(s.

P(Cu =0 IC-u) = P((SA + SZ) |S'(q+sz)) = )
(8+%)
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where (s;+s,) derotesthe segmert in quedion, and S. 4, , denotesthe setof all segmerts except (s1+s).

Therefore

P(c,=0]c.,)=P((s+s) |S'(§+Sz)) = (19)

(U (@#D) + (A #I(r + D)
(@) (UH#S#, + (Ao #D@#D + (A1 + D) = (g + 51

The probalhility of the two smaller segmerts givenall the other segmertsis

_ P(§1%1S'si,sz)

P(c,=1lc.,) = P(§,5, [y ) = — ot (20)
ER) P(S'si,sz)
A& (U4 dey(a) D+D(dey) D(r+D) O 200 (21)
F@' "U) 9) 5+(dr) 2(@) D +D(dey(r + D) =gl

Like with the fixed ” model, equation (19) can be used to regdacethe rightmost term in (4) and equation

(21) the rightmaost termin (5).

C Sampling a NewVal ue of %for each Segmert

An alternative approachwould be to keep ", but to sample a new value of this variable independently for
eachnew segmert. The actual value of " in each case would be integrated out. The key effect of this
change would be that the length of one segment would no longer be so direcly dependert on the length of
the other segmerts, aslower valuesof " would come to dominate the posterior for longer segments, and
higher ones for shorter segmerts. The distribution over segnent lengths would therefore no longer be

geametic.

Under this approach, the probahility of a complete segmertation of the corpus ¢ would depend not only
on the number of utterarcesfor which ¢ = 0 and for which ¢ = 1, but also on the order in which the

utterarcesfor which ¢ = 0 and ¢ = 1 occur. We must therefore treat each segmert seperately, and then
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obtain the joint probahility of ¢ for the whole corpus by multiplying together the probaklity of the
segmertation of each individual segmert. As a segment always starts with an utterarce for which c = 1,

and all other utterancesit contains have ¢ = 0, we canwrite

PO =& @) P(" )" (22)

§%s 0

where s is the set of all segmerts, and s is the length of each particular segmert in s. If we again use a

symmetic beta distribution over " thenwe obtain

! " 7] #1 $(2% n %1 nm\ %1 qn
P(c) = 1# " )5S —2 1# d (23)
S @y ()" (54D (21

% @ | L. (s+29

where n; isthe number of utterarcesfor whichc = 1.

We canabtain the conditional probakility P(c, | c.) by dividing P(c) by P(c.,). (Note, however, that we
camot obtain P(c.,) simply by applying the equation for the probahility of cbut omitting c,, as wasthe
ca with the other approachesto modeling segmert length. This is becawse the probahility of c in this
ca® depends not just on the number of utterancesfor which ¢ = 1, but also on their order.) Whenc, = 1,
we creak two short segmerts of lengths s; and s, in placeof the long segmert of length (s, + ;) that
would reault were ¢, = 0. P(c,) will be constant over the two alternative valuesof c,. For differert values
of ¢, however, the value of n; ard s is different. n; will be one greaer when ¢, = 1 than whenc, = 0.
Charging ¢, from 0 to 1 will split one larger segmert into two smaller ones so s will differ asto whether
it contains the one large or two small segmerts. However, all other membersof s will beidentical for ¢, =
0 ard ¢, = 1, and so can be redaced by a constant h, ascanany other termms that do not depend on the

value of ¢,. We therefore obtain one equation for whenc, =1
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HQY#H($+ #(s + $" D #(s,+$" 1) (25)

P(c,=1]c.,)=h 5
#(39) #(g+29) #(s,+29)

and another for whenc, =0

P(c,=0]c.)=h"3*2* & ] (26
#(s+s+29

D A Distribution over the Number of Segmerts

The reallts below show that with most of the albove approaches there was a tenrdercy for too mary
segmerts to be produced In order to allow the number of segmerts to be controlled more closely, a new
model of segmertation that specified a distribution over the number of segmerts in the meetngs was
introduced This distribution (hercefath referred to as DNS) had a sharp peak when the number of
segmerts was close to the number in the gold standard, and much lower probalkilities for values
consideraby different to this number. This clearly makesthe infererce problem easer, asthe system now
no longer has to infer an appropriate number of segmerts, but it allowed us to determine whether
discreparcies with the gold stardard were mainly cawed by the incorrect placemernt of segment
boundaries or by atendercy to segmert at different level of grarularity. In an applicaion of the system
the exact number of segmerts would be unknown in advance, but this parameter could be used to
determine how fine-grained a segmertation of the corpus should be obtained It was however still
necesary to use a distribution over the number of segmerts, asif the number of segmerts had been
completely fixed then no segmens could have been added or removed during sampling. It might appear
that the same effect could have been acheved with the other models of segmertation by setting the
hyperparameters to appropriate values but there is no easy way to determine at what value to set the
hypemparameters in order to produce the desred number of segmerts, and any one setting might result in

quite different numbersof segmertsin different samges.
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The distribution over the number of segmerts, d is givenin (27), and hasaninteger parameter ) , which
corregponds to the peakof the distribution, and which wasset at 603 to reflect the number of segmentsin
the gold standard. Two other parameters * and + control the shape of the distribution, and weresetat 1.1
and 3 regpecively, so creaing a strong preference for settings of ¢ for which the number of segmerts was
close to thatin the gold standard.

C
u (Ja#s %)

P(d) = (27)
cisanormalizing constart that ersuresthat the total for all possible valuesof d is one, and so that thisis
avalid probahlity distribution. (There canonly be a finite number of valuesof d, asit must always be

between one and the total number of utterarces)

In termsof the gererative model, under this approach first a number of segmerts is sampled, and then
utterarcesin the transcript are samged uniformly (without redacenen), and the segment boundariesare
placedat those utterances The existing parts of the gereraive model then fill in the topic and word
assignmerts, and gererate the features Implemenrtation of this approachis very straightforward, as we
simply needto calculate a the probakility of d when ¢, = 0 and when ¢, = 1, and multiply these values

into the probahilitiesfor P(c, > c.,, z, w) whensampling anew value of c,.

E Combining Multiple Segmentation Srateges

While the DNS approachallows the number of segments to be controlled very closely, it returns to using
a geametric distribution over the lengths of segments, losing the berefits that were gained by the
introduction of a Passon distribution over segmert lengths and the NewPi approach Howewer, it is quite
straightforward to combine these approacheswith the DNS model. We cansimply modify the gererative
model so that we first samgde a number of segments, and thengenerak a transcript asbefore, but thistime
we stop when the samgded number of segnents hasbeen gererated Implemertation of thes approaches

simply required multiplying in the prior for the number of segnens when c,= 0 and when ¢,= 1 to the
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existing equations for calculating P(c, > .., z, w) when using a Padisson distribution, or when samgding a

new value of %for each segmert.

VI Evaluating Segnentation

We evaluated the performance of each segmerntaton model presented above both with and without
features ard the reallts are shown in Tade I. The DNS model performed beg overall, although when
featureswere used both the Passon and the combined NewPi-DNS model were equally good. Boundaries
were marked on 0.8% of utterancesin the gold stardard, so FixedPi greaty underssgmerted without
features while NewPi greaty oversegmerted VariPi and Pdsson produced approximately the correct
number of segments. (The percerntages are avergges acress all samples) All thes strateges
overegnerted when feaures were added, but in all conditions DNS was succesful in producing almost
exacly the correct number of segmerts, both when used by itself and when combined with arnother

strategy.

Tabel. Segnenation Peformarce

Segnertation Strategy No features All feaures
% boundaries| P, | WD | % boundaries| P« | WD
VariPi 11 0.34 | 041 2.6 0.32 | 0.47
FixedPi 0.07 0.33 | 0.37 25 0.33 | 0.48
Paisson 0.6 0.40 | 0.48 24 0.28 | 0.36
NewPi 2.7 0.35 | 040 2.6 0.31 | 0.45
DNS 0.8 0.32 | 0.39 0.8 0.28 | 0.36
Passon-DNS 0.8 0.40 | 0.48 0.8 034|041
NewPi-DNS 0.8 0.34 | 0.36 0.8 0.28 | 0.36
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We evaluated how closely the inferred segmentations matched the gold standard using the Py [19] ard
WD [26] metics Both metricsuse a window thatis movedoverthetext, ard is of length equal to half the
meanlength of the segmerts marked in the gold standard We measired segmert length, and hence
window size, in terms of number of utterarces unlike [5] who used actual times Py records the
proportion of timesthat the gold standard and the leaned segmertation disagree about whether thereis a
topical boundary between the utterarce at the start of the window and the utterarce at the end of the
window. WD recads the proportion of timesthat the number of segmert boundaries placed between
these two utterarcesis differert for the learned segmentation and for the gold standard. For both measires
lower values indicaie better performance. In order to produce a single segmertation, we averaged the
samdesfor ¢ and thresholded these at whatever value producedthe number of segmerts closed to thatin
the gold stardard. Unlike [5] we did not perform smoothing, aswe did not find that this produced any

improvemert in performarce.

The DNS model clearly outperformed all other models on the P, measire without features FixedPi and
NewPi-DNS reailted in better WD scores without features but worse Py ones but the advarntage for
FixedPi can be attributed to undersegmentation. (It is a weakniess of both P, and WD that when the
boundariesin the gold standard are unevenly spaced good scores can be obtained by placing very few
boundaries Thisis becase the segmertation will then be correct for those parts of the gold standard that
contain no boundaries) The Padsson model only producedgood reaults with featres and without DNS;
without featuresand when combined with DNS its performarce wasquite poor. The other models did not
perform well with features in some casesperforming worse (probaldy due to oversegmertation) with the
exceftion of the combined NewPi-DNS model. However, this model did not reallt in a tangible
improvemert over the DNS model alone, so the DNS model was judged to be prefereble on grounds of

simplicity.

In the gold standard, therewereusually short segmerts at the begnning and end of eachmeeing, but the

other boundaries tended to be spacedquite unevernly, with there being an averag of 7.2 segmerts per
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meetng. Fig. 2 shows the gold standard and several inferred segmenrtations for a portion of the corpus,
covering several meeings. (It is plotted from a single sample for each condition.) We can see that the
boundariesthat were placed using FixedPi were mainly quite accuate, but many valid boundaries were
omitted The addition of features reaulted in more boundaries being placed but these new boundaries
were mainly clustered araund those found without features rather than corregponding to boundaries
missed when not using features VariPi and NewPi (not shown here) were qualitatively similarto FixedPi,
but reaulted in mary more boundaries when no features were used. The Paisson distribution avoided the
problemof clustering of boundaries but it actievedthis by producing afairly evenspacing of boundaries
which did not reflectthe quite uneven spacing seenin the gold standard DNS ensured that the number of
boundarieswasalways close to that in the gold standard, but otherwise did not appea to greaty alter the
propertiesof the segmertation (both for the simple DNS shown here, and for Passon-DNS-and NewPi-

DNS).

| T Gold standard

FixedPi

Poisson

L

{ ] | | FixedPi (with features)

| | \ | Poisson (with features)
| DNS (with features)

Fig. 2. Segmentations of one part of the corpus

We measured the average distance from each inter-meetng boundary and eachwithin meeting topical
boundary in the gold standard to the closed inferred boundary (using the DNS model), in order to
determine whether the system was more succesful at detecting one type of boundary or the other. The

meandistance to inter-meeing boundaries was0.54 utterarces(s.d. 0.78) and to topic boundaries 143.2
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utterarces(s.d. 153.7), showing that inter-meetng boundarieswere detected with very high accuacy, but

thattherewasa great deal of variahility in how accurately within meetng topic boundarieswere detecied

Fig. 3 shows how the segmertations were obtained at a more fine-grained level of detail. The graph
shows the proportion of words assigned to each topic in a series of 40 utterarcesfrom a single sample
(obtained using DNS, without features). The height of the areaassigned to eachtopic corregponds to the
proportion of words in the utterarce at that point which were assigned to the topic. (The six topics that
were leas common in this part of the transcript have beengrouped together for clarity, and are shown in
white) The white vertical line marks an inferred topic boundary. The primary cue to segmertation

appearsto be the increasedfrequency of the stripedtopic after the boundary.

Fig. 3. Chargein topic frequenciesand an inferred boundary

VIl Evaluating Feaures

We used the DNS segmertation model to determine the relative contribution of eachfeaure towards
overal performarce. We comparedthe reaults of the model with the full feature set to the reaults yielded
by renoving one feaure at a time (Fig. 4). We found that three of the seven features not only do not
contribute to good performarce, but affect performance negatively. These were speaker overlap, average
segment length and medan segment length. It therefore seems likely that these featuresindicate structure
in the transcript that doesnot corregpond to that markedin the gold standard By removing all threeof the

offending featureswe were alde to substartially improve the overall score of the model (P = 0.26, WD =
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0.33 veraus P, = 0.28, WD = 0.36 with all feature9. We also found that the most useful feaure was

LCSEG cohedon. Removing this feature dramatically lowered performarce (P« = 0.37, WD =0.41).

0.37 — B AIl features used
PSilence
[ Cue phrases

035

0.33

[NISpeaker Overlap
0.31 OSpeaker Activity
0.29 [F]1LCSeg Cohesion

0.27 % —ﬁl CJAverage Length
025 RS s HMedian Length

Fig. 4. P« Valueswhensingle featureswereremoved

Next, we invedigated the relative contribution of the featreson one hand, and the text of the transcript
on the other. We comparedthreesets of reallts: one set wasobtained without any feaures(Px = 0.32, WD
= 0.39); another set wasobtained using all useful features but not the gereraive model of the text itself
(Px = 0.27, WD = 0.34); a third set wasobtained using both componerts of the model (P« = 0.26, WD =
0.33). We canseethat the generaive model of the text and the featuresboth contribute to the performarce

of the system.

In order to compare our system@ performarce to that of [8], we magped our gold stardard ard inferred
segmertation to be based on words not utterancesand thenrecalculated Py, asthat mirrors the procedure
used by [8]. Like us, [8] also concatnated the meetngs together and aimedto infer both inter-meeting
and within meetng boundaries We obtained a P, score of 0.26 using this procedure, against the score of
0.21 for the beg version of the systemreportedin [8]. (Refererce [8] did not report WD scores) While we
camot claim to have the bed overal performance on this tak, we should note that our system is
unsupervised, and so has the advartage of being much easer to adapt to other text types for which

training data may not be available, for examge transcripts of meetngsin languagesother than English.
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IX Evaluating Hyperparameters

We invedigated how sersitive this bed obtained verson of the system was to chamges in the
hyperparameters of the model. $ and & control the sparsty of the distribution over topics within each
segmert and the distribution over words within each topic regectvely, with smaller values favoring
sparser distributions (i.e. fewer topics receving high probahlity in each segment, and fewer words

"

receving high probahility in eachtopic). #controls the strength of the prior on “, with smaller values
favoring more extreme valuesof ” (i.e.those closeto 0 and 1). g and r together control what frequency of
cue phrases is assigned the highed prior probahility, and how tightly the probakility massis concertrated
araund that value. The meaning of the hyper parameters for realvalued featureswasde<cribedin Secton
V A. We performedempirical invedigations to determine the effect of each hyperparameter on the overall
performarce of the system 20 sampleswere collected at intervals of 100 iteraions in a series of short
runs, and in all but the first case we changed the value of one of the hyperparameters to a new value. The
reallts of these runs, shown in Talde I, show that the performarce of the systemis almost constart over a

considerable range of values for each hyperparameter, suggeging that the data largely overwhelms arny

the prior biasdue to thes paraneters
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Tabell. Sersitivity to Hyperparaneters

Charge to hyperparameters | P, | WD
none 0.26 | 0.33
$=01 0.26 | 0.34
$ = 0.001 027 | 0.34
&=0.1 027 | 0.34
&= 0.001 0.26 | 0.33
#=0.1 0.26 | 0.33
#=0.001 0.26 | 0.33
"2=10 0.27 | 0.34
"2=01 0.26 | 0.33
a=10 0.27 1 0.33
a=01 0.26 | 0.33
(=10 027 | 0.34
(=01 027 | 0.34
u=10 027 | 0.34
u=-10 027 | 0.34
g= 20 0.26 | 0.33
g=12 0.26 | 0.33
r=10 0.26 | 0.33
r=0.1 0.26 | 0.33
X Conclusion

We have shown how probahlistic models can be used to detect topical structure in large text corpora.
Empirical teging reveakedthat integration of discourse featuresinto the model improved performarce, as
did modeling the number of topical segments in a way that was strongly biased towards the number of
segmerts in the gold standard More gereraly, this work demmstrates how probahilistic models allow
for the highly principled integration of multiple cuesto text structure, and the specification of complex
gereraive procesesin which prior biasesaremacde explicit and so caneasly be maripulated The use of
MCMC to edimate non-numeric variabesis an essertial componert of this approach asit enabesthe

techhique to be applied evenwith complex models and large datasets.
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