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ABSTRACT

The use of cate memories and symmetric Kullbad-Leibler
distances is proposed for topic dassficaion and topic-shift
detedion. Experiments with a large @rpus of articles from the
French newspaper "Le Monce show tangible alvantages when
different models are ammbined with a suitable strategy.

Experimental results show that different strategies for topic
shift detedion have to be used depending on whether high
recdl or high pedsion are sough. Furthermore, methods
based on topic independent distributions provide
complementary candidates with resped to the use of topic-
dependent distributions leading to an increase in recdl with a
minor lossin predsion.

1.INTRODUCTION

Statisticd methods for topic spotting and the detedion d topic
shifts are now the objed of reseach efforts because of their
potential in important applicaions [6]. It is also passhble to use
topic-dependent language models (LM) for improving
Automatic Speet Recognition (ASR) [3].

Topic spatting is a dedsion process applied to a document
made of a sequence of words W” whose result is a
classficaioninto a sequence of segments. Following classcd
game theory and dedsion models (seg for example, [5]), such a
classficaion can be based on dfferent strategies. The novelty
propcsed in this paper is a group dedsion with two
contributions. A pattern o preference describes these
contributions. For topic spatting, he first contribution proposes
atopic preferencefor ead sequence

Wl'"l of the first (i-1) words {vvl,...vv,_l} of adocument using
aunigram LM involving all the words of the vocabulary . The
seond ore is based on a different computation which makes
use of a set of keywords automaticdly seleaed for eat topic.
For ead topic, a statisticd distribution o topic keywords is
obtained from a training corpus. Such a static distribution is
continuowsly compared with the time-varying dstribution o the
content C; of a catie memory [4] when word w; is rea in.
The mparison is performed introdwing, a symmetric
Kullback-Leibler (KL) distance introduced in Sedion 2 which
variesin time & new words are mnsidered.

Ancther novel asped is that an intensity of preference is
asciated to ead contribution to the dedsion. This intensity
depends on haw reliably the mntributing propcsal to dedsion
is made.

In the experiments described in this paper, invalving a crpus
of articles from the French newspaper "Le Monce", there ae
more than 500000 dfferent lexicd entries (e.g. the singuar and
plural of the same noun). Let L be the size of such avocabulary.
Topic recogntionisdiscussd in Sedion 3 For ead topic, it is
possble to rank the L words acaording to their frequency in a
training corpus and seled the first K<L words of this ordered
sequence ecluding 1800words of a stop list. These first K
words (4000words for the examples described in this paper) are
cdled topic keyvords. The mmparison d the cate cntent is
limited only to topic key-words. Sedion 4 dscusss methods
and results for topic shift detedion wsing topic-dependent and
topic-independent distances.

2.DISTANCE COMPUTATION
BETWEEN PROBABILITY
DISTRIBUTIONS

Data sparseness is an uravoidable problem when statisticd
methods are used in Information Retrieval. A solution to the
problem can be the introduction d methods for estimating the
probability of occurrence of unseen words. Bad-off and
interpolation methods, described in the LM literature, can be
used for this purpose.

These ncepts are further developed in this paper by
considering the cade @ntent when a word is observed as the
contex for that word and by assgning the same default
probability in the static and dyramic distribution to the non
keywords so that they do nd influence a omparison. Assuming
that there @e m words in the cate, G of which are different,
then the cade probability of aword w in the cade is given by
the fradion o the relative frequency of appeaances of that
word in the cate. All the words not in the cate have
probability propartional to their general unigram probability

Py(w)in al topics. The cate probability of eah word w is
given by

nW ¢ wog
Peachdi, W) =0 m; h]
HiPy(w) if  wOC;

n, (w) is the number of occurrences of word w in the cate &
timei , m isthe total number of itemsin the cade & the same
time, o and B are normalizaion coefficients. Notice that the
sum of al then, (w) for thewordsin the cateis equal to m.



Let
K

Pk = > P(wy |T))
k=1

be the sum of the static unigram probabiliti es in topic T; for
the key-wordsin the topic.

The normalized probability for aword in topic T; is expressed
as:

_ B Pu(w|T;) if wis a keyword

P (w) @

4 P, (w) if w is not a keyword
HFg

and y; isancther normali zetion coefficient. Coefficients o,B.y
are subjed to constraints that probabiliti es properly sum to ore:

B+aR =1 F= 3 Ry(w)
wiC;
B=1-0F YRy +aP =1
9 Wik © . Pik

NKJis the set of al the nonkeywords for topic T,. In principle
F istime-dependent because the mntent of the cate variesin
time. In pradice this term is always close to 1 since the catie
contains a small number of words compared to L. It is posshle
to approximate F by its upper-bound Ryax and consider

B=1-aRyax - Once a has been set, B and yare obtained
with the &owvereations.
The KL symmetric distance between atopic distribution and the
distribution o the catie content can be mmputed as foll ows :

. . Pcac .’
) = 5 Praendiow) - (w)}logwg

Contributions to distance @mputation can be grouped into four
Cases:

1 (wOC)OWOKJ) 2 (wOC;)O(wOKJ)
3 (wOC)OWOKJ) 4 (wOC;)O(wOKJ

KJisthe set of keywords for topic T; . Becaise of definitions
(1) and (2), the fourth contribution is aways zero and the
computation is reduced to the union o words in the cade and
topic keywords. As the cate size m is snall (100 in ou
examples), distance @mputation involves a maximum of K+m
addends as oppased to L, which is lessthan 10% of L in ou
case. Furthermore, absence of topic keywords in the cade is
properly teken into acourt, resulting in a large difference
between keyword and cadhe distributions.

The normalized distance

is used to propose candidate topics for classficaion and
candidate segments for the detedion o topic shifts.

The just proposed formulation is an improvement of a previous
one [1] and hes produced better results described in the next
sedion.

3. TOPIC CLASSFICATION RESULTS

Threeyeas of articles from the French newspaper "Le Monde"
were @nsidered for a total of 60 Mwords. The topic of the
articles is not known, but, as a first approximation, the sedion
of the journal in which the aticle gppeas has been considered
asthe topic of the aticle, resultingin the set of Table 1.

1 | Foreign rews 5 Business
2 | History 6 Culture
3 | Sciences 7 Politi cs
4 | Sports

Table 1: Topics

A test set of 1021 segments taken from articles was extraded
from the crpus and nd used for training. Table 2 summarizes
topic identification results obtained for the test set and for
diff erent recogniti on strategies by setting the free parameter a =
0.1

Thefirst row refers to the cae in which topic dassficaionwith
the cabe (C) and urigrams (U) agree with the dassficaion
based on the page of the journa (S). In the second row, an
additional rule is added for which urigrams agree with S and
the catie does nat contain enough ditato be reliable. The third
row corresponds to dedsion made with the unigrams only. The
fourth row corresponds to the use of the cabe only except
when the catie does not have enough @ta. The final row
corresponds to adedsion strategy with a pattern of preference
that uses the cate for dedsion oy if there ae enoughwords
in the cabe and if the difference between the cate scores of
the first and the second candidate is greder than a threshald.
Such a threshold depends on the first candidate and hes been
determined using the training set. The third and fourth columns
in table 2 contain results obtained after repladng ead word
with its lemma. From a comparison o the first two columns, it
appeas that, when words are used, the number of cases in
which the unigrams corredly agreewith the cate is higher, the
unigrams lead to better performancewith lemmas but the use of
the cate leals to better performance with words. This suggests
combining words and lemmas which leads to the results shown
in columns5 and &



There, the same strategy is used with the unigrams computed
with lemmas and cadhe probabiliti es with words.

WORDS LEMMAS | COMBINED
Strategy | N | % | N | % | N | %
U=C=S | 586 | 57,39 | 561 | 54.95 | 595 | 58.28
+U=S, Cout | 644 | 6308 | 650 | 60.66 | 652 | 63.86
+U=S | 752 | 7365 | 754 | 7385 | 754 | 7385
1,2+ Cache | 757 | 7414 | 741 | 7258 | 756 | 74.05
Comb strat | 825 | 80.8 | 819 | 8022 | 828 | 811

Table 2 : Strategy combination resultsin number of segments
using words and lemmas, with urigrams and the cabe

4. DETECTION OF TOPIC SHIFTSWITH
TOPIC MODELS

In principle, a topic shift can take place & the end d ead
sentence indicaing the end d a segment of text belongng to a
topic.

A first type of methods locdly compare aljacent blocks of
sentences and wese locd rules to dedde whether or not a block
contains atopic shift.

Such an approac is followed in [2] where three methods are
proposed. Block mparison considers running windows
involving Hocks with ore or two sentences. Blocks are
compared onthe basis of ascore (i) involving the normali zed
inner product of veadors of word weights of two blocks one
precading and the other following the i-th sentence boudhry.
Valleys of g(i) are mnsidered as cues for topic boundiries.
Vocabuary scores are then considered to take into acourt the
introduction o new words in ead block. Lexcal chains of
words are dso used.

A secondtype of methods considers ssgment boundry dedsion
as a global optimizaion poblem. An optima sequence of
segments between candidate boundxries is found as a seach
processin which candidate boundxries are scored and scores
are ombined lealing to a awmulative score for every posshle
segmentation. Seach can be based on Dynamic Programming
(DP) for comparing amodel for topic sequences with the text to
be segmented. Statisticd topic models are required for this
computation and can be aguired with atraining corpus.

In analogy with Automatic Speeth Reagrition (ASR), scores
can be likdihoods, a sequence of segments is a sequence of
recognized topics and the bre& paints el, el+1=b2,..., exare
thase for which the following probability is maximum:

X ox X
P(T{ Wy ) =25 Cooy
P’ )

©)

The probability P(Wx|Ty) can be computed by singan LM
trained with text belonging to topic T, and P(T{* |W{") can be

computed wsing a statisticd Topic Model such as the one
proposed by[3].

The probability P(WlN) does nat affed segmentation and can
be ignared. Such an approadch is proposed in [7] where 100
topics were obtained by clustering urigram LMs, one for eat
story of atraining set.

The problem with such an approac is that the seach process
gives littl e importance to the mntext of aword in the text to be
segmented, only one n-gram is used to score the relevance of
that word, arbitrary pruning threshalds are introduced duing
seach making it nonadmisshle with unpedictable dfeds,
penalties have to be introduced to prevent oversegmentation
with effeds not yet completely evaluated.

The gproach proposed in this paper emphasizes context
comparisons by considering the whole mntent of the cate
memory to represent contexts. Locd comparisons are made by
comparing the catie mntent with a topic LM or the cate
content of two bocks. Global minimizaion o distances
between keyword distributions is performed with DP matching
and various grategies can be used for combining Hock-to-block
or block-to-topic distances.

A first solution hes been investigated that uses locd rules for
proposing candidate boundxries followed by DP matching to
find a sequence of segments which may contain candidate
boundries but have to begin and end a the proposed
boundiries. The purpose is that of assessng the suitability of
the proposed dstances for segmentation and to study the
combined effed of locd rules and dobal optimization. Let us
consider:

Bj(i):—de(i)

j=argmin {d;< (i)}
“ 2 k@

Candidate boundxries are generated whenever
8;(i))=B;(i)-Bj(i-D=9.

The cabe is emptied at ead candidate bres-point leading to a
more acarate acourt of the context describing ead paentia
segment.

A corpus of 1400 articles in equa number for ead topic and
not used for training was sleded from the yea 1987 A
segment with more than 300 words was extraded from ead
article; Segments were randamly combined into sequences of
threesegments ead. DP matching is performed by considering
only segments between successve pairs of adjacent candidate
bre&k-points. Asit is passble that two succesgve segments are



now labeled with the same topic, topic shifts are deteded when
two dfferent topic labels are foundfor two adjacent segments.

The solution is the one that maximizes the numerator of the (3)
by asauming that all topic histories are equiprobable and:

logP(Wisx|Tx) = ~logB;(ex)
By using the following dfinitions:

predsion (p): the ratio between the number of corredly
deteded topic shifts and the total number of hypathesized
shifts

reall(r): the ratio between the number of corred topic shifts
and the total number of red topic shiftsin the test corpus,

the values of predsion and reall shown in Table 3 are

obtained for two dfferent values of 0.

and the indicators p3 and r3 are evaluated using the resulting
set of candidates, the last two columns of Table 4 are obtained.

rl pl r2 p2 r3 p3

0.9526 | 0.1625 [ 0.6796 [ 0.3925 [ 0.9799 | 0.1543

Recdl 0.931 0.9612 0.7457 0.8003

0.2076 0.1586 0.7948 0.75

predsion

Table 3 —detedion performance with rules (first two columns)
andwith DP (last two columns)

These results clealy show that different strategies have to be
used depending onwhether high recdl or high pedsion are
sougtt.

In order to evaluate the performance of distances that do nd
depend ontopic dassficdion, a different method was used to
identify break-point candidates.

At the end &(i) of ead sentence the mntent of two cade
memories CP(i) and CF(i) of 50 words ead were mnsidered.
CP(i) ceptures the context just before (i) while, CF(i) is the
cade sciated to a word following (i) such that the first
keyword following (i) is the least-recently inserted word into
the cate.

The distance KL (i) between the mntents of CP(i) and CF(i) is
computed and its behavior as function o i is considered. In
particular, pairs of successve relative minima and maxima are
considered together with their absolute distance values and
their difference Pairs of sufficient difference with maxima
higher than athreshold are wnsidered as break-point events.

If these events appea in awindow centered onthe red bre-
point, then the event is considered as a rred topic shift
detedor, otherwiseit is considered as afalse darm.

Let p1 and rl be respedively the predsion and recdl for the
highest recdl obtained with topic dependent distributions and
p2 and r2 be the same indicaors obtained with the just
introduced topic independent breek-point candidates. Table 4
shows a omparison d these indicaors in the first two
columns. If now, bre&-point candidates obtained with the two
methods are merged if they appea within a given time window

1. Bigi

Table 4: Predsion and maximum recdl for various methods

5.CONCLUSION

Various uses of KL distances and cache memories have been
presented showing tangible alvantages when dfferent models
are owmbined with a suitable strategy.

Different strategies for topic shift detedion have to be used
depending on whether high recdl or high resolution are
sough.

The results in Table 4 show that methods based on topic
independent distances are not suitable for maximum recdl, but
they provide @mplementary candidates with resped to
distances using topic-dependent distributions with a minor loss
in predsion.
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