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Abstract

As an important task in Topic Detection and TragkifTDT), Topic tracking aims to
monitor story stream arranged in temporal order aid@ntify relevant stories to given
topics. On this basis Adaptive Topic Tracking fesusn modifying topic descriptions by
learning feedbacks in real time to improve the aacy of tracking. Many researches have
achieved substantial performances in this fieldy&eer most of them attempt to resolve the
issues of tracking in use of existing techniquelsfarmation Retrieval which often ignore
the characteristics of TDT corpus such as timebnpe®velty and burst of news stories. In
this paper we propose an incremental novelty leggralgorithm (INL) which learns the
evolution of topic based on the incremental disttiln of novel terms and modifies the
topic description by combining seminal terms witvel ones in real time. The algorithm
focuses on increasing the efficiency of updating Kernel of topic description and
improving the ability of tracking novel events sedg occurred in story stream. We
compare our method with some existing tracking esyst on TDT4 corpus, which
demonstrates INL can substantially improve the eaxy of adaptive topic tracking.
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1. INTRODUCTION

Topic Detection and Tracking (TDT) aim at identifgiand organizing information from a
stream of news stories. It provides a new multiliagplatform for evaluating techniques of
information retrieval, data mining and natural laage processing (James, Jaime et al.
1998). Topic tracking task focuses on detectingapie stories (viz. relevant stories to
given topics) in the story stream, and a basickirngc system includes three main
components, namely topic model establishment, dtation mechanism and threshold
estimation. The topic model is used to describekigmmel of a topic, and it is the most
important frame of reference to determine on-togimries newly reported. The
determination mechanism is constructed by rulestjssical models or machine learning
algorithms which measure the relevance betweentdpie model and stories. And the
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threshold is the decisive boundary dividing on-togitories and off-topic ones (viz.
irrelevant stories to given topics), that is, sterivhose relevance sores are higher than the
threshold will be determined as on topic, othervaidopic.

Topic tracking is very similar to Information Filteg (IF) which retrieves relevant
information of static profiles from dynamic dataestm. So it has the same difficulty with
Information Filtering in identifying the evolvinglevant information on the condition that
its initial topic model never update. Therefore tmrexent researches focus on developing
adaptive learning models which modify the topic eldd real time by learning feedback in
the process of tracking. A tracking system whichludes adaptive learning model is
named adaptive topic tracking. It can be dividdd o subtasks, respectively supervised
adaptive tracking and unsupervised adaptive trgckifhe supervised one can adopt
relevant feedbacks, which are the on-topic stoléeeled by human in TDT corpus, to
carry out its adaptive learning. On the contrang tinsupervised one is only permitted to
use pseudo-relevant feedbacks that means the andtmpies determined by machine may
be actually irrelevant to topic model but still ds@ learning process without supervision
of human (Margaret et al. 2004).

The core issue of the adaptive learning model iexplore laws of evolvement of
information and mine the real-time kernel of relevanformation. It is difficult for
Information Filtering to resolve the issue becatlmedata it processed are always irregular.
But it is different for Topic Tracking who processthe data, as news stories, arranged in
temporal order (Li et al. 2006). This charactecistf story offers optimum advantages for
analyzing the tendency of topic shifting. In TD®pic is defined to be a seminal event
along with all directly related events. And a stasyan audio or textual file discussing
events happening at some specific time. Thus tagbifting actually represents the
phenomenon that the kernel of topic focuses orewifit relevant events at various times.
Therefore it is a significant attempt for adaptlearning in TDT to explore the laws of
topic shifting along with events occurred in tenglarder.

Some researches have achieved substantial improveshd@opic Tracking by adopting
adaptive learning mechanism, such as the incremketaning algorithm of James Allan.
However these works ignore the features of novaftgt burst of event which often cause
topic shifting. In this paper we attempt to demaatst the kernel of topic will shift when
novel events are reported. On the basis, we progosecremental novelty learning model
which modifies topic model by integrating seminadms with novel terms, especially the
terms burst occurred in short period of time.

The remainder of this paper is organized as folldwssection 2, we firstly introduce a
basic topic tracking system; secondly it is illas&d that the static topic model in the basic
system can not absolutely capture the kernels mieson-topic stories at the late stage of
tracking; at last we verify whether the static tomiodel can be improved by the existing
statistical strategies. In section 3, we firstlymbmstrate adaptive learning can improve the
ability of tracking system capturing kernels of tapic stories when topic shift; secondly it
is illustrated that the novelty and burst of everea be used to improve the performance of
adaptive learning; at last we gives the incrememb&klty learning model. Experiments and
results are given in Section 4. Section 5 concluldepaper.

2. UNRECONSTRUCTED STATIC TOPIC MODEL

2.1 A Basic Topic Tracking
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A basic topic tracking system includes three conembst topic model establishment,
determination mechanism and threshold estimatiomestioned in last section. Here, we
adopt a simple tracking system proposed by JamésnAds our basic system which
achieves the best performance in the pilot TDTys{Udmes, Jaime et al. 1998).
Any topic in the system is represented as a vespgace model (VSM) including 50 most
frequent terms occurring in training stories (Rarnak 1999). Specifically, the foremost
four (N;=4) on-topic stories are used as training dataftopic and a vector of the 50 most
frequent terms in the training data are used asdpe model. In fact, there are only 10
terms used to build the topic model of the systermilot TDT study because it is believed
that capturing several “killer terms” is sufficiem tracking relevant events with high
accuracy (James, Ron et al. 1998). However it haenbillustrated that tracking
performance can be improved by adding a little nterens into topic model, such as 50
terms in TDT 2002 (James, Victor et al. 2002).

In the determination mechanism of the system, gy stodescribed as the VSM of 50
most weighted terms. The weighting function is dedas follows:

ot
bt +2
whered; is the weight of ternmhin the story{f is the number of times the term occurs in the
story, df; is the total number of the times the term occarsraining corpus, ani is the
number of stories in the corpus. The function isimplification of the more complex
weighting scheme used in InQueffgllen et al. 1998); it assumes that all stories af
roughly the same length, and thtfitis not zero. On this basis, the relevance betvieen
story and the topic model can be measured as fsilow
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wheret; is the weight of termin the topic model, and it equals to the frequeoicthe term
occurring in training stories. Andlis the number of terms in the topic model. Thisction
calculates the cosine similarity between two teeutors. So if two vectors include many
overlapping terms and the weights of terms are ,high relevance score between the
vectors will be high.

The basic tracking system simply skirt the thredhestimation by using a Detection
Error Tradeoff curve (Alvin et al. 1997) to showhdalse alarm and miss rates vary with
respect to each other at various threshold valaied, the threshold corresponding to the
minimum tradeoff is the optimum one.

)

2.2 Incomplete Novel Kernel Tracking

A novel event can be defined as a new relevantteieethe seminal event of a topic. For
example, Terrorists attacked the World Trade Center Twin @mvon September 11,
2007 is the seminal event of topi®f11 Terrorist Attacks and “suspect investigatidns

a novel event of the topic. It is imaginable thee static topic model can not absolutely
capture the kernels of the on-topic stories whidtuks novel events. That is because the
model focuses on describing the seminal event wisiditen the kernel of initial on-topic
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stories, and it never updates in despite of the tfzat the kernel of later relevant stories
shifts to novel events. Here, this phenomenon imeth Capturing Kernel Attenuation
(CKA). The CKA can be illustrated by the degressidrihe number of overlapping terms
between the static topic model and kernels of latetopic stories. As an example, the
CKA of the Topic 40003 in TDT 2002 is shown in Figul. In the figure, the horizontal
axis denotes the stream of on-topic stories arihrigegemporal order; the vertical axis
denotes the percent of overlapping terms betweestdtic topic model and the kernel of a
on-topic story; each gray dot on the dashed cueretés the percent of a story; and the
thick solid line denotes the approximation to tlaslted curve by the method of polynomial
smoothing with 5 degree constraint. Although theheéal curve has repeated indentations, it
has been on the decrease on the whole. It demtassttee kernel of later on-topic stories
gradually deviate from the initial topic model. Ehitt will be difficult for tracking system
to distinguish the stories from off-topic ones.

0.45 - --=-Topic 40003 —Polynomial smoothing

Percent of 'm'erlapp'iug terms

Story stream

seyll sry2l sry3l srydl syl

Figure 1. CKA curve of topic 40003 in TDT 2002

It is necessary to clarify the universality of t6&A. So we verified that of all topics
except the ones including less than 4 relevantestdan TDT 2002. The results of the
verification are shown in Figure 2. It can be fouhdt most topics, which are arranged on
the left side of the thick gray line in the figutgave the phenomenon of CKA. But it is
different for the topics on the other side whos®athing curves obviously rise at the late
stages. That is because the news stories in tipeicaf TDT 2002 only discuss the events
happening in a short time (from October 2000 touday 2001). So the corpus doesn’t
include all the on-topic stories to the long-tinegits, thus the topics can not achieve their
complete CKA curves. In other words, the curvesghanright side of the thick gray line in
Figure 2 just denote the partial distributions dfACof the long-time topics. It can be
illustrated by their less number of on-topic stsriie the corpus.

An interesting phenomenon is that all of the CKAwas in Figure 2 aren't linear but
undulating. So it may be asked why there existtaafdil peaks, which denote high rate of
overlapping terms between the static topic moddl the kernels of on-topic stories, since
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the later stories focus on discussing novel everttat is caused by the characteristic of
topical retrospection which means if a story disessa novel event it will review the old
relevant events especially the seminal event. kample, when a story discusses the novel
event “Suspect investigation of 9/11 terrorism”, dtso reviews the seminal event
“Terrorists attacked the World Trade Center”. Tapietrospection is an important manner
of news report which provides the backgrounds ofeh@vents for readers. However it
isn’t indispensable as illustrated by the trough€KA curves in Figure 2. That is because
if a novel event happens near to its backgrounaditsvien its stories seldom redundantly
discuss the events just as the story predeterméaeters have known the backgrounds.

Figure 2. CKA curves of all the topics in the caspd TDT 2002

In brief, the CKA curves demonstrate the deficientyhe static topic model in capturing
kernels of stories discussing novel events. Butthdreother tracking researches based on
static topic model also have the phenomenon of CKAfext section, we attempt to verify
the generalization of CKA in different static topiodels.

2.3 CKA of Other Static Topic Models

It is necessary for topic tracking systems to capthe kernels of on-topic stories. So if the
systems don’t contain adaptive learning modelsy ttave to rely on the ability of the static
topic model mastering the “killer terms” occurredthe kernels of on-topic stories. So it
may be helpful to extend the topic model by insgrtinore terms. However it is inevitable
for the extended model to include more redundanaiebs noises which often cause high
relevance score between topic models and off-tefides. Therefore, it is necessary for
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static topic models to availably extract the “kilterms”, which have far-reaching effects in

whole process of tracking, from the initial traiginorpus. Thus it is reasonable to dispute
whether CKA in section 2.2 is a specific phenomecansed by the term extraction of the

basic tracking system.

In this section, we attempt to demonstrate that GiAstatic topic model is a general
phenomenon. So we build other six static topic nsdmsed on some existing NLP
(Natural Language Processing) and statistical egias, and then we evaluate their
distributions of CKA. The models are describeda®vs: 1) Nominal Static Topic Model
(N-STM): Terms are weighted by their frequencies in fsaming stories; and a topic is
described as a vector space model (VSM) includigr®st frequent nouns. 2) Verbal
Static Topic Model Y-STM): It is similar withN-STMexcept that only verbs are used to
describe topics. 3) Adjectival Static Topic Mod&$TM): It is also similar withN-STM
except that only adjectives are used to descripecdo4) Static Topic Model based on
Widrow-Hoff algorithm WH-STM) (David et al. 1996): Terms are weighted based\bh
weight learning algorithm; and a VSM which include® most weighted terms is used to
describe topic. 5) Static Topic Model based on Eegntiated-Gradient (EG) algorithm
(EG-STM) (David et al. 1996): It adopts the same topic ehadith WH-STMexcept that
terms are weighted based BG weight learning algorithm. 6) Static Topic Modelsed on
Rocchio algorithm Rocchio-STM (Yiming et al. 2000): It also adopts VSM to reggat
topics, but terms are weighted based on TFIDF sehelts initial topic model is
constructed by 50 most weighted terms in four trgjron-topic stories, and it retrieves the
four most similar off-topic stories in training @us based on cosine coefficient between
the initial topic model and the stories; And thdlritze terms in the four training stories are
reweighted based on linear weighted Rocchio aligaritvhich decreases the weights of the
terms occurred in the off-topic stories. At lasgt 80 most weighted terms, which are newly
achieved by Rocchio algorithm, are adopted to éstathe static topic model.

Figure 3. Similar CKA trendsBasic topic mode¥sN-STMat topic 40025 in TDT 2002)

We adopt all topics in TDT 2002 (except the oneduiding less than 4 on-topic stories)
to generate the CKA curves of the six static tapimdels and verify the similarity of the
curves with that achieved by the basic topic madehtioned in section 2.2. We find that
most of them have very similar distribution trenBer example, Figure 3 shows two CKA
curves of topic 40025 achieved respectively by lthsic topic model antl-STM 1t is
obvious that the curves both attenuate at thedtge of story stream althouphSTM
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achieves more percent of overlapping terms at epeiwt. It is difficult to illustrate all
CKA curves of the six static topic models in thaited pages of this paper, so we design a
numerical evaluation method of their similar trendamely Attenuation Approximation
Analysis (abbr. A). Given a topic, the process of for two CKA curves includes three
steps as follows:

Step 1 For a pointdot (The point corresponds to a story on horizontdd)agn a CKA
curve, an attenuation vector; ={a;;, , .1} is calculated; each featus; in the

vector denotes whetheiot, is higher thardot that corresponds to an earlier story on the
CKA curve, if yes them;; equal to 1 else 0, such as the vewtQX) of dot;(Y) in Figure 4;

dot, (\_Q ------- N
O by CKA curve Y
vX={1,
CKA curve X dotx(X):

doti(X) “\odol;(Y): V(Y)={0,0}

dots(X): va(X)={as(X)=0,a32(X)=0}

13,1(X)=0 and a32(X)=0 because dot3(X) :
1 | 1 N iis lower than dot;(X) and dot,(X)

Story 1 Story 2 Story 3

Figure 4: An example aftep 1of A®

Step 2 It measures the attenuation similarity betweeshgaair of dots corresponding to
the same story but respectively on two differentAQiurves, such as the similarity between
dot,(X) anddoty(Y) in Figure 4; the similarity is calculated by casinoefficient between
their attenuation vectors;

Step 3 The attenuation approximation score between ti{é Curves is calculated by
the average score of all the attenuation simigsjtisuch as the score between the CKA
curveX andY in Figure 4 is calculated as follows (The first da CKA curve is ignored in
A2 process because there isn't any other dot cornelipg to earlier story):

3
sim(v; (X),v; (Y))
3 _i=2
A3(X,Y) = 5

The A® score measures the similarity between the attemmusitends of two CKA curves,
that is, the higher the score is, the more sinittartrends are. The table 1 shows all the
results of A evaluation between the CKA curves of the six staipic models and that of
the basic topic model mentioned in section 2.1.e@iwne of the six models, the table
records the numbers of the topics whosksBores of CKA curves are within a certain
range of numerical quantity. For example, given riedelN-STM there are 25 topics in
TDT 2002 whose Ascores are within the range between 0.7 and 0i8.recessary to
develop a threshold to determine whether two CKAves have similar attenuation trends
when their A score is higher than it. Here, a threshold of i 6appropriate to the
determination by observing. As a comparison tHesfore between the CKA curves in
Figure 3 is 0.7034.
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As shown in Table 1 below, the mod&lsSTM WH-STM EG-STMandRocchio-STMall
achieve the high Ascores at most of the topics in TDT 2002. It desti@ies their CKA
curves have very similar attenuation trends witt tif the basic topic model, so they have
the same difficulty in capturing the kernels of #teries discussing novel events. On the
contrary, the model¥-STM and A-STMachieve low A scores at most of the topics. It
demonstrates their CKA curves are dissimilar witht tof the basic topic model. However
all of the curves are very close to the horizoatas at every point, in other words the two
models can not effectively capture the kernelsliaratopic stories. In brief, the researches
can not substantially improve the performanceopict models capturing kernels of novel
events.

4’ scopes 3 s qd 3 3 3 3
Models A’ score <0.5 | 0.5<A" score <0.6 | 0.6<A" score <0.7 | 0.7<A” score <0.8 | 0.8<A" score <0.9 0.9<A" score

N-STM 0 1(+) 6(+) 25(+) 3(+) 3(+)
V-STM 9(-) 13() 9(-) 2(-) 2(-) 3()
A-STM 14(-) 14(-) 5(-) 0 2(-) 3(-)
WH-STM 0 0 1) 1(2) 20(x) 16(2)
EG-STM 0 1) 9() 12(2) 4(2) 2(%)
Rocchio-STM 0 0 1(x) 0 15(%) 22(z)

+):
©):
@):

Table 1. Results of the evaluatiori #r the six static topic models

3 INCREMENTAL NOVELTY LEARNING MODEL
3.1 Incremental Learning Model

The basic tracking system has difficulty in ideyitiy some later on-topic stories because
its static topic model always focuses on seminah&vbut ignores novel ones. A method to
solve the problem is to involve adaptive learningdeds in the process of tracking. Most of
the models aim to learn the trend of topic shiftengd establish dynamic topic models
adapting to the trend. In this section, we adoptiramemental learning model (James,
Victor et al. 2002) to improve the basic trackirygtem and verify whether it is beneficial
to capture kernels of stories when they shift fiseminal events to novel ones.

The improved tracking system, which involves therémental learning model, doesn’t
adopt the static topic model but the dynamic ore pic model is initially trained by the
similar method with that of the basic tracking systmentioned in section 2.1. But when an
on-topic story has been retrieved, the learning eheduld reweight the terms based on
their frequencies in all retrieved relevant stodesl the training ones. At the same time the
dynamic topic model would be rebuilt by using 5@H@st weighted terms. It is obvious
that the terms in the topic model will be changedewery time when the learning model
operates because of the influence of term disiohun kernels of newly retrieved on-topic
stories. Therefore the learning model improvesati@ptability of topic model to the trend
of topic shifting by continuously involving noveiformation in it.
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Figure 5: Improvement of adaptive learning models
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It is necessary to illustrate the improvement agieby the learning model. So we adopt
the dynamic topic model to generate CKA curvesheftbpics in TDT 2002 and compare
them with that of the static topic model mentioriadsection 2.2. All the curves are
exhibited in Figure 5, where the dashed curvegjarerated by the basic topic model; the
dotted ones are generated by the dynamic topic inade the solid ones are generated by
our incremental novelty learning model which wid imtroduced in section 3.3.

It can be found in Figure 5 that the dynamic tapicdel can achieve higher percent of
overlapping terms with on-topic stories. But asstration in section 2.3, the static topic
model N-STM which is constructed by nouns, has the simildieaement, although its
CKA curves have obvious attenuating trends. Sohleilsl focus on verifying whether the
dynamic topic model improves the ability of captigrikernels of later on-topic stories by
incrementally learning novel information. The figus shows that most CKA curves of the
dynamic topic model don’'t have declining tails. Aduhally the tails are more far from that
of the CKA curves achieved by the static topic nidban other segments. It demonstrates
the incremental learning model improve the abitifytopic model adapting to the trend of
topic shifting.

3.2 Burst of News Event

Topic shifting is mainly caused by novel eventse@fically, when on-topic stories focus
on discussing novel events, their kernels will sfidm the primary centroid of the topic.
At this time the kernels involve more terms desogbthe novel events. Therefore the
improved adaptability of the dynamic topic modehégts from its novel terms achieved by
the incremental learning model.

However the learning model ignores the burst charetic of news event. The
characteristic often influences the kernel distifiu of news story. Specifically, when
paroxysmal events happened, most of newly repatisies will focus on discussing them,
which often causes substantial increase of the eurob story kernels shifting from the
primary centroids of topics to that of the paroxgsmvents. Thus the novel terms, as
particular descriptions of the novel events, wilduently appear in a short period of time.
Several examples about the burst of novel termstaoe/n in Figure 6. In order to indicate
clearly, there is only one kind of terms, the timressior’s being considered as target
terms. TheT axis in the figure denotes the temporal ordeimoétexpressions occurring in a
topic and the rightmost time expression on the &xike earliest one; tt#axis denotes the
temporal order of relevant stories of a topic ooedrin news stream, and the rightmost
story on the axis is the first story discussedttipéc; theN axis denotes the amount of time
expressions. Thus the same color columns in tleetdimensional space describe how the
number of a time expression increases along witliopit stories being successively
reported in news stream, and each column is thebaumf a time expression in on-topic
stories since the expression firstly occurs inttec.

It can be observed that the frequencies of some &rpressions burst forth in a short
time since they first appear in novel events (Theehevents are labeled by human), such

1 A unified format is applied to describe the tiewpressions, €.9.20000812 denotes
“August 12, 2000 We extract time expression using a rule-basgdeareleased by TERN
organization (http://timex2.mitre.org/taggers/ti@gxaggers.himl) which covers many
types of time expressions contained in the TIMEXRRguidelines.
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as the time expressions corresponding to red cauimriFigure 6. In fact, the symbolic
terms of novel events, such as person, place, dimeactivity all have the phenomenon of
burst frequency. It is useful for dynamic topic rabtb involve the terms by learning their
burst frequencies. However it is obvious that tirémental learning model, mentioned in
section 3.1, ignore the burst frequency of novehtdn detail the learning model weights
terms based on their frequencies in all the reddeon-topic stories in spite of some novel
terms only frequently occur in several latest ofémus it is difficult for the learning model
to identify novel terms because their initial fregaies are always lower than that of the
terms existed in topic model over a long periodiofe, especially the terms of seminal
event which always have high frequencies becawseribarly occur in all on-topic stories.
For example, the frequencies of the time expressammresponding to seminal events, as
indicated by the blue columns in Figure 6, contimly increase along story stream (S axis).
Therefore it is necessary to improve the incremdetrning model based on the burst
frequency of novel term.

Figure 6: Burst of novel terms (Time expressions)

3.3 Incremental Novelty Learning

We propose an Incremental Novelty Learning modbbalNL) to further improve the
adaptability of dynamic topic model to the trend topic shifting. The INL focus on
learning the burst frequencies of terms which cacdiculated as follows:
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BF) =T ©)
wheretf is the number of times the tetnoccurs in the retrieved on-topic stories, &risl
the number of the retrieved on-topic stories aftertermt firstly occurs in the topic. Thus
a term which has a low frequency may have a hightitequency. The Figure 7 shows an
example of the calculation of burst frequency, ihich the frequency of termin all
retrieved on-topic stories is higher than thateofrtj, but the burst frequencies of them are
exactly opposite.

B termi  BF(termi)=tf;/l=5/7
B termj  BF(term j)=tf;/ l=4/4 =1
=7

tf; > tf;, but BF(term;) < BF(term;)

l=4

H B, EEENEN N

Story1 Story2 Story3 Story4 Story5 Story6 Story?7

Figure 7: An example of burst frequency

On the basis, we build a supervised adaptive twpiking system whose dynamic topic
model holds two lists of terms, vik;,. andL,y, weighted respectively by the frequeridy
and the burst frequencBF. When the system has retrieves a new on-topigy,stbe
incremental learning model will insert the novelnte of the story into the lidt;,. and
reweight all terms of the list based on thek in the retrieved on-topic stories (including
the newly retrieved one). At the same time the rhifde will insert the novel terms into
the listL,, and reweight all terms of the list by their bdrsguencyBF. Then the dynamic
topic model extracts 50 highest weighted terms ftoenlistL;,. to build a vectoW;,. which
focuses on describing the slow trend of topic stgftadditionally the topic model extracts
50 highest weighted terms from the list, to build a vectorV,, which focuses on
describing the burst of topic shifting caused hyoael event. In fact the two vectors have
some overlapped terms. So the model INL deletesftben the vectolV,, to achieve a
pure description of burst. In the subsequent pmocef tracking, the determination
mechanism measures the relevance between the dybapid model and kernels of stories
by following formula:

R(T, D) =a>r(Vinc, D) + b>r(Vpy, D) (4)
whereD denotes the kernel of a story which is described kector of 50 highest weighted
terms in the story, and the weight of a term icwdated by the formula (1); the(**)

denotes the formula (2) which calculates the cosinglarity between two term vectors;
the parametersa and b6 are used to adjust the influences \gf. and V,, to the

relevance scor®(T,D). Here we simply set the parameters both equdl.%obased on
hypothesis the vectok4,. andV,,, have the same importance for relevance deterromati

It is necessary to illustrate the validity of INh improving the adaptability of dynamic
topic model to the trend of topic shifting. Themefove generate the CKA curves of the
improved topic model to verify its ability of capiog kernels of on-topic stories. The
curves are indicated by solid lines in Figure 5cdh be observed that most of the curves
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achieve higher percent of overlapping terms; egiggome segments of them have abrupt
increase at the troughs of the dotted CKA curvédsezed by incremental learning model.
It demonstrates that the terms, which have buesfuiencies in a short time, are helpful for
dynamic topic model to capture kernels of novelntseThus INL improve the capacity of
the topic model adapting to the trend of topic titnf.

However it is believable that query expansion canubed to increase the number of
overlapping terms between topic model and relegdmties. For example if we use 100
highest frequent terms in all retrieved on-topierisis to build dynamic topic model, we
may also achieve some terms that have burst fregeenSo why can query expansion
improve the ability of topic model capturing kemmef novel events. In fact the answer is in
the affirmative. But the query expansion is harntéutopic tracking because it causes the
topic model involves much more noises than thefbkeligrms. Such being the case, we
have to question whether the novel terms achieyetNh also include additional noises
which cause topic tracking system retrieves moféeagfic stories than on-topic ones. We
will demonstrate the model INL can improve the perfance of tracking system in the
experiments in section 4.

4. EXPERIMENTS
4.1 Corpus

We used LDC dataset TDT4 in our experiments. TDddt&ins 98,245 news stories from
October, 2000 to January, 2001. The sources oktké&wies include ABC, CNN, and

Associated Press, etc. Their languages includeigndgChinese, and Arabic. Both English
stories and translation versions (English) of Céénand Arabic stories are considered.
TDT4 also contains stories from NBC and MSNBC T\diuicasts, etc. We also used the
transcribed versions of these TV and radio broaddaessides textual news.

There are 33821 stories in TDT4 are used for tlzuation of TDT hold in 2002 (abbr.
TDT 2002). In TDT 2002, there are 3085 stories lledhe¢o be relevant to 40 topics, and
30736 stories are labeled to be irrelevant to dp&s. We adopt the corpus of TDT 2002 as
training data in our experiments. Additionally theare 18916 stories in TDT4 used for the
evaluation of TDT hold in 2003 (abbr. TDT 2003). TDT 2003, there are 3083 stories
labeled to be relevant to other 40 topics, and 3588ries are labeled to be irrelevant to the
topics. We adopt the corpus of TDT 2003 as testatg in our experiments.

4.2 Evaluation
Based on the TDT evaluation guideline, a detectoror tradeoff costQpe), Which

combines probabilities of miss and false alarmsjsisd for our evaluatiohsThe Cpe; is
calculated by the function as follows:

Cpet = CwmissPvissP arget + CFAPEAFhon target - %)

2 http://www.nist.gov/speech/tests/tdt/tdt2003/evatphtm The 2003 TDT task definition
and evaluation.




26 Yu Hong, Yu Zhang, Ting Liu, Sheng Li

where, Pyiss denotes the probability of miss alarms, dhgd denotes that of false alarms.
The miss alarms are relevant stories that aretriexed by topic tracking system, and false
alarms are irrelevant stories that are mistakeetsiaved. TheCy;ss and Cgs, as costs of
miss and false alarms, equals to 1.0 and 0.1 régelc And Piaget N0 Pron-targer dENOtES
priori target and non-target probability which elguao 0.02 and 0.98 respectively.
Additionally the cosCpe; can be normalized as follows:

C
Norm(Cpe() =— L (6)
MiN(Cpiss >R arget: CFA *Phon target)

Detection error tradeoff curve(abbr.DET curve) in two-dimensional gragh another
method to measure the performance of topic trackysgem. It's a visualization tool of the
trade-off betweerPy;ss andPea. Each point on the curve corresponds to a paigf and
Pea with a thresholdg. The closer the curve is to the origin of the ¢rathe better
performance the tracking system achieves. The nimindalue ofNorm(Gyey) on the curve,
namely Min Norm (G, is the optimal value that a system could achiavehe best
threshold g .

4.3 Main Results

We divide our experiments into four parts. Thetfipart aims to verify whether the
learning model INL can farther improve the perfonoa of topic tracking than the
incremental learning model. So we compare the pmdaces of following tracking
systems:

Basic tracking system (abbB-systen). The system adopts a static topic model to
describe the kernel of a topic; the model is camséd by a vector of 50 most frequent
terms in 4 training stories (Ron et al. 1999). Ahd kernel of a story is described as a
vector of 50 most weighted terms in the story;whght is calculated by equation (1). The
relevance between the topic model and the kerna story is measured by their cosine
similarity as equation (2). If the similarity isgtier than a thresholdg. system then the

system determines the story to be on topic, elsepic.

Incremental learning tracking system (abbsysten). The system adopts the same
initial topic model training, relevance measuremamd determination as that Bfsystem
But it is a supervised adaptive tracking systemcWwhadopts a dynamic topic model to
describe the trend of topic shifting, and modifiee model based on the incremental
learning algorithm every time when an on-topic gtoeing retrieved. Here we indicate the
threshold by 9| _ system

Incremental Novelty Learning tracking system (albbsysten). The system is similar
with |-systemexcept that the modification of its dynamic topiodel involves the learning
algorithm INL as mentioned in section 3.3. Hereimgicate the threshold byn_ system

A necessary step in the process of relevance neasut is to normalize relevance

scores across all topics. The measurement funetmve results in a ranking of stories
where the higher in the rank the more likely a ystier to discuss the topic in question.

3 Topic weighted curves were in use, which werethiced in 1999 evaluation overview
paper (http://www.nist.gov/speech/tests/tdt/1999).
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However, a score of 0.3 could mean “very likely nmatch” for one topic and “very
unlikely” for another topic. Thus it is difficulbtdetermine relevance across all topics based
on uniform thresholds. Our goal is to normalize sheres so that 0.3 (and every other score)
has roughly the same meaning no matter what tapitskory are being measured. This
should result in more “meaningful” scores for stereand more appropriately matches the
assumptions behind the DET curve discussed above.

To normalize scores, we calculate the similarityhaf topic model against the 4 training
stories and find the average of those similariti®hat average value is used as a
normalization factor, and all scores (for that &mre divided by it. As a result, although
scores can range from zero through well above d.particularly “good” story (for any
topic) should score 1.0 or higher. That is, itsnammalized score will be near those of the 4
training stories, so dividing by that average scarid result in a normalized score near to
1.0. The interpretation of 1.0 as “very like thaiting stories” is more likely to be true
across all topics than before normalization.

Figure 8: Performance Comparison of the trackirgesys B-system, I-system and
N-systerpin TDT 2002 corpus

We adopt the training corpus (viz. the 40 topicSTIDT 2002 along with their labeled
on-topic stories and off-topic ones) to generate BBET curves of the three tracking
systems (vizB-systeml-systemandN-syste The curves are shown in Figure 8 where
the geometrical icons on the curves respectivelijcate the minimum-normal DET costs
of the systems. It can be observed that the curlesystemis closer to the origin than that
of B-systemandI-systemachieves smaller value ®in Norm (CDet)thanB-system It
demonstrates that the incremental learning modptdores the performance of tracking by
inserting novel terms into the dynamic topic modielfact the improvement benefits from
the lower probability of false alarm. That is besathe learning model enhances relevance
scores between the topic model and on-topic stodepecially the stories discussing
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relevant novel events, by which the tracking systan adopt higher threshold to filter
more off-topic stories without missing on-topic ene

The figure 8 also illustrates the farther improveimachieved by ouN-systemwhose
DET curve is closest to the origin aiin Norm (CDet)is smallest. The improvement
benefits from the lower miss alarm. In fact the ayic topic model of-systemcan not
effectively capture the kernels of some on-top@riss which discuss paroxysmal events. It
causes so low relevance scores between the storteshe topic model thatsystemwill
miss the stories at the time when it increasestlineshold to filter off-topic stories.
Therefore it is believable that the incremental eityvlearning model (INL) inN-system
improves the ability of the dynamic topic model describe paroxysmal events by
involving the terms burst occurred in a short peraf time, by whichN-systemcan
increase the relevance scores of the stories disgusthe paroxysmal events and
distinguish the stories from off-topic ones. ThNssystemachieves lower miss alarm
without influencing false alarm. We verify the pmrhances of the three systems in testing
corpus (viz. the 40 topics in TDT 2003 along witheit labeled on-topic stories and
off-topic ones) as shown in Table 2, where tg. system G- system aNd GN- system

respectively indicate the optimal thresholds cqroesling toMin Norm (CDet)of the
systems. We found thi-systemachieves a relatively stable performance.Misa Norm
(CDet) grows less than 0.1 percent in testing corpusnfliisimum normal cost of DET
achieved in training corpus is shown in Figure 8).

Table 2. Performance comparison in testing corpusySteml-systemandN-system

In the second part of our experiments, we verifyethier query expansion can take the
place of INL to improve the performance of trackir§o we additionally establish a
supervised adaptive tracking system, nameblystem (QE) which involves query
expansion in the learning processl-aglystem Specifically, afted-system (QEJ)etrieves an
on-topic story, it reweights all terms in the reued stories based on their frequencies and
adoptsn, (n, >50) most weighted terms to generate the expanoleid model. In fact,
I-system (QE)s very similar withl-systemexcept the number of terms in topic model. The
process of reweighting terms results in a rankeafns in descending order of frequency.
Thereforel-system (QE)ims to improve the ability of dynamic topic modelapting to
topic evolution by involving more high-frequentnes.

The INL of N-systenmalso attempts to improve the adaptability of dyitatopic model
by involving some novel terms. But it differs frotine query expansion in the aspect of
term selection. The INL selects the terms bursuged in a short period of time in every
learning process. The terms often have relativelyfrequencies when they initially appear
in the retrieved on-topic stories, thus they nearyn not be immediately selected as
expansions of dynamic topic model in the learningcpss of-system (QE)Therefore, it is
difficult for the topic model of-system (QEjJo capture some burst events. To demonstrate
this conclusion, we compare the performancel-system (QE)with that of N-system
achieved above.

For a fair comparison, the two systems need tolitevthe same number of terms in
every learning process. Specifically, when the systems retrieve the same on-topic story
given a threshold, the dynamic topic modeNsgystenmwill be rebuilt by the 50 terms in
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the vectoV;,. andn (n<50) terms in the vectdr,,, (the two vectors are discussed in section
3.3); the numben is less than 50 because the vedtqrdeletes the terms which have been
involved in the vecto¥,,.; on the other side the dynamic topic model-system (QEwill

be rebuilt byn, (n; =50+ n) most weighted terms in the list, (the listL;, is also discussed
in section 3.3). In fact, the dynamic topic model-systemis just rebuilt by the 50 most
weighted terms in the lidt;,c in every learning process, so the topic modehésgame with
the vectorV, (the 50 terms in the vectdt,. are the most weighted ones in the ligt as
mentioned in section 3.3). Thus the main differelpegveerN-systenandl-system (QE)s
the dynamic topic model di-systermradditionally involves terms burst occurred in a short
period of time, on the contrary that dfsystem (QE)additionally involvesn terms
frequently occurred in a long period of time. Tlere the comparison between the two
systems focuses on verifying how the two groupstesis respectively influence the
performance of tracking.

Figure 9: Performance verification bystemafter involving Query Expansion

We generate the DET curve bsystem (QE)Yrom training corpus and compare it with
that of I-systemand N-systemas shown in Figure 9. It can be observed thatcthee of
I-system (QE)is much farther from the origin than that Nfsystem In other words,
N-systermachieves better performance of tracking thagstem (QE)It demonstrates that
the n terms supplied by query expansion can not achiexesame effect as that by INL in
improving adaptability of dynamic topic model. Atddnally the DET curve of-systemis
closer to the origin than that bsystem (QE)It illustrates the query expansion reduces the
performance ofl-system The phenomenon may be caused by the noises in thams
supplied by the query expansion. We also verify peeformance of-system (QE)in
testing corpus. TheMin Norm (CDet) of the system is shown in Table 3, where
- systengoE) Indicates the optimal threshold. It can be obsgrteat I-system (QE)

achieves a very unstable performanceMis Norm (CDet)grows more than 3 percent in
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testing corpus (Its minimum normal cost of DET aefeid in training corpus is shown in
Figure 9).

Table 3. The performance bbystem (QE)n testing corpus

In the third part of our experiments, we verify tidluences of part of speech on the
tracking performances oB-system I-systemand N-system We have demonstrated in
section 2.3 that the static topic model, whichadsstructed by nouns, can achieve higher
percent of overlapping terms with most of on-toptories. Well then, whether can the
dynamic topic models im-systemand N-systemalso benefit from the virtue of nouns?
Therefore we modify the three systems by only a@dgphouns to construct their topic
models. Additionally the learning models bfystemand N-systemalso select nouns to
update their dynamic topic models. On the basis¢cempare the performances of the three
modified systems in testing corpus. Thiiin Norm (CDet)sare shown in Table 4. It can
be observed that all the three modified trackingtesps achieve improvements. Especially
the Min Norm (CDet)of the modifiedN-systendecreases approximately 1 percent. That is
because nouns include main features of event, asitiuman, place and time, etc. So nouns
can highlight discriminations among different exenthus the nouns, which are extracted
by INL of N-system more substantially improve the ability of the dymic topic model
capturing kernels of novel events when the evamdsisnly occur.

Table 4. Influence of Nouns on tracking performance

In the last part of our experiments, we verify wiggtINL can improve the performance
of unsupervised adaptive topic tracking. The unstiped tracking system differs from the
supervised one in the aspect of feedback (Martial.e2001). Specifically, the learning
process of the unsupervised tracking system aduggedo-relevant feedback, which not
only include on-topic stories but also off-topicesnto modify the dynamic topic model; on
the contrary, that of supervised tracking systeropadelevant feedback, which only
include on-topic stories, to modify topic model.eféfore, thd-systemandN-systemnin the
verification perform their learning process undée trestriction that pseudo-relevant
feedback can be used. We compare the performahtes tvo modified systems in testing
corpus. TheMin Norm (CDet)f them are shown in Table 5.

Table 5. Performances of unsupervisasgstemandN-system
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It can be observed that the two modified systentseze worse performance than the
B-system(The minimum normal cost of DET dB-systemis shown in Table 2). It
demonstrates that dynamic topic model has negaffeets on unsupervised adaptive topic
tracking. That is caused by noises in pseudo-relef@edback. Specifically, when an
off-topic story in the feedback is used to modifgndmic topic model in learning process,
lots of noises (viz. irrelevant terms) will be itved into the model. It results in the
updated topic model will mislead the subsequen¢vemice determination of tracking
system. Therefore the challenge in the researamsfipervised adaptive topic tracking is
how to automatically shield dynamic topic modehfraoises.

6. CONCLUSION

In this paper we focus on discussing the featufesvents, viz. temporal order, novelty
and burst, can influence the performance of togicking. Therefore we firstly propose a
Capturing Kernel Attenuation (CKA) curve to confirstatic topic model can not
continuously capture kernels of on-topic storietigh passage of time. In other word,
static topic model can not adapt to topic shiftilgnd we additionally propose an
Attenuation Approximation Analysis @\to prove most current term weighted algorithm
can not repair the deficiency of static topic mod&#tcondly we adopt the CKA curve to
verify dynamic topic model has superior adaptapitis the trend of topic shifting that
caused by novel events. But it has difficulty iacking the events burst occurred in a short
period of time. At last we propose an incrementaletty learning model (INL) to remedy
the defect. We compare our method with some exjgtiecking systems on TDT4 corpus,
which demonstrates INL can substantially improve #itcuracy of supervised adaptive
topic tracking.

However we found INL can not improve the performaif unsupervised adaptive topic
tracking. That is because the off-topic storiespseudo-relevant feedback mislead the
learning process. Therefore the key issue is hoautomatically shield the dynamic topic
model from the noises that caused by the off-tspicies. We found that the noises always
suddenly occur and immediately disappear in pseathvant feedback. Thus the learning
process INL can adopt the characteristic to filbeises from dynamic topic model in
unsupervised adaptive topic tracking. We will impént this work and verify its feasibility
in future.
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