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Tahle I .  The manually identified events in Ihe TDTl torpus. 

EVENS ID COUNT START TIME NAME 

The TDT program 

1 
2 
3 
4 
5 
6 
7 
8 
9 

10 
11 
12  
1 3  
14 
15 
1G 
17  
18  

8 
10 
34 
14 
41 
45 

2 
58 

114 
12 
97 
22 

8 
2 

84 
44 
24 

273 

94-02-22 
94-08-15 
94-1 2-25 
94-09-12 

94-07-1 6 
94-1 2-08 
94-07-08 
94-07.?? 
94-07-1 1 
94-12-1 7 
94-10-19 
94-07-1 2 
94-01-06 
95-01-17 
95-03-13 
94-12-21 
95-04-19 

94-1 2-30 

19  4 94-1 1-22 
20 12 94-1 1-29 

22 91 94-1 1-11 
21 65 95-06-02 

23 7 94-07-22 
24 39 94-09-08 
25 22 95-01-09 

~~ 

Aldrich Aims 
Carlos the Jackal (his capture) 
Carter in Bosnia 
Cessna on White Hoiisc 
Clinic iniirders (Salvi) 
Comet into Jupiter 
Cuban riot in Panama 
Death of Kim Jong 11 (N .  Korea) 
ONA in OJ trial 
Haiti ousts observers 
Hall's copter ( N .  Korea) 
Himible, TX, flooding 
Justice-to-bc Brcyer 
Kerrigan/Hardbig 
Kobe Japan quake 
Lost in Iraq 
NYC subway bombing 
OK City bombing 
Pentiiini chip flaw 
Qriayle liiiig clot 
Serbians down F-16 
Serbs violate Bihac 
Shannofi Faolkner 
USAir-427 crash 
WTC bombing trial 

~ - -  
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discussed in  the sainplctl stories, iiiid making 
exhaiistive releviiiicc ,judgincnts Ior citcli 01 
tliosc events. Eiicli story received 21 labcl ol 
Yes, No, o r  Bricl'with respect to each ol'thc 25 
cvciits. Yes iiidicates that tlic article Ibcuscs 
on aparticol;iI even!, wliilc Driei indiciilcs Ihat 
the article mentions the cvent in ~piissiiig h u t  
docs 1101 disciiss it t is  II major fcictis. 'l'his 

p r d i c e d  ii suhsct o l t l i c  cveiits in  tlie 
corptis. The random sampling made larger 
events (thosc rcporIcd more often) iiiorc likely 
to bc includctl Iliati siiiiiller events. 

An w[wf iis specified in l l ic TDT problems 
i s  dil'lerciit Srom ii iopk i n  the convciitional 
sense. An cvciit identifies stimcthiiig (non- 
trivial) happening in a ccrlziin placc at ii ccr- 
lain t h e .  For cxample, l/SAi1.-427 <.rcisli i s  
ai cvciit but iiot ii topic, iitid 'hirpliiii 
dents" is a topic bot 110t an event. Basically. 
events :ire i i i~ ta t i cc~  oftopics, associared with 
cerki i i i  actions. In event detection and track- 
ing, t l ie system i i i i i s t  mikc tlicsc distinctions 
autoiiiatically. Events arc often 
with bursts (niany occiirrcticcs in  a sliort time 
period) of  news stories. Figure I illustrates 
histograms cilscvcral evciits. liigiirc 2 shows 
the liistogfiims o l ' a l l  25 in;iiiually idcntilicd 
events in  TDTI  . 

Several piittcriis emerged l ioii i  our obser- 
vatioiis of temporel cvciit distributions: 

News slorics discussing Ihe same cvciit 
teiid IO hc tcniporally proxiinate. This 
suggests using a combinctl iiieiisiire of 
lexical similarity and tciriporiil proximity 
iis a criterion for tlocumcnt cluslcring. 
A titiic gap between bursts 01. topically 
siirii l a r  stories oltcn indicates tliil'crent 
cveiits ( for  cxainplc, tlificrent earth- 
gualtcs, airp1;iiie accidents, or politicxl 
crises). 'I'his suggcsts tliiit monitoring 
cluster cvolution over time i s  iicccssiiry 
and Iliac using :I t i ine wiiidow 10 resfriel 
tlic tcinpotxl cxteiit ol'nn c\'ciit would hc 
1)cncfici:il. 
A sigiiilicant vocnbulaiy shift iiiid rapid 
changes in term Irequaicy tlistrihutioii 
iirc typical (11' stories repc~t i i ig  n iicw 
cvent. This intlicatcs tlic inipwtance o f  
tlyiiairiically uptlating the corpus vocnb- 

11 tcriii weights. Timely 
recognition oi' iiew piitteriis. incluilii ig 
Ipreviously iiiisccii proper iiiiiiics i t n d  
~proxiiiiity phrases, in  tlie streiiiiis o f  SIW 

vies i s  potcntially i~scftil Irir clctccting ii 

i icw cveiil's onset. 
tivciits iii-c typically reported in  a rc1;i- 
tivcly brief time wiiidow (l'or cxmiplc, 

- 

* 

* 

~~ 

2o 1 Serbs violate Biliac ~ 45 1 NYC subway bombiiig ~ 

~ 401 OKCi!y bombing 1 
: p  351 

30: 

Days 
~ ~~ ~~~ 

lure 1. Histograms of events related to (a) Serbiurand (b) bombing, from 1 July 1994 to 30 June 1995 

reports h i t i  topics contain. So, wc iiccd 
Icxning iiicthods that require only a Icw 

s:it- 
isliictory tracking pcrI'oriii:incc, iiiid lliiit 
can cxplciit tlic tciiiporal tlccay inherent 
i n  cvent reporting. 

positive tfiiiniiig cxaiiiplcs to 'IL ' ,I 11cvc ' 

Event detection 
Evciit tlctcction is iiii unsupcrviscd Icariiing 

task suhdividcd into two torms. Krtr~i,s/i 
fiim discovers prcvioiisly uiiidcnti l'icd 

events iii ii cliron~il~igically ortlcrctl II~~LII~ILI- 

liitioii oI~locuirictits (stories), Oir/;m, d 
itlcntilics tlic oriscl of i icw events l'roiii ivc 
news l'cctls in  real time. Drith Ibmis iiitciitioii- 
ally lack iulviincc kiiowlcdgc of iiovcl events 
hut might liiive iicccss to urilebcllctl 1iistoric;il 
llcws rill. llsc c o n t ~ l s t  

Mcthotls. t i ivcn t l i i i t  each cvciit usually 
iiivolvcs mulliplc iiews slorics, tlocumcnt 
clustering iippc11rs to hc a i i> i t tml  iipproiich to 
cvciit discovery. We implemciitcd two clus- 
tering iiictliods: <;A(,', a ~livi[lc-atitl-coiiqIicr 
versio~i o l  ii group-avcragc clustering algo- 
ritlitii,3 and INCA', ii single-pass incrcniciital 
clustcring algoi-ilhiii. CAC pcrlorms xgglom- 
crative cI tistcring,  producing 1iicrarchic;illy 
organi/,ctl tlocuiiiciit clusters. I t  i s  tlesignetl 
1 ' ~  halcli processing and has bccn iiscd for 
relrospectivc dctcc(ioii. I N C R  Iproduccs ii 

iioiiliicr;ircliic~il parlition ol'lhc ii ipttt coIIcc- 
tioii. I t  i s  tlcsigiietl l o r  scqiictitial olnccssiiig 
illid has been tiscd i o r  hoth relrospcctivc aiid 

oiiliiic dctcclion. 

Clusiri. ~ ~ ~ / J ~ ~ ~ . ~ ~ ~ l i i ~ i i ~ i ~ i l .  Our clutcri i ig algo- 
rithms ;ire roolctl in  tlic conventional vec- 
tor-spice iiiodcl iiiid in Irnditiiinal clustcr- 
i i ig  tcchiiiqucs in  11<,,1,5 Each tlocutncot is 
rcprcsentctl Ihy ii vcctrrr 01' weighted tcrtiis 
t l iat c u i  h e  cillicr words or Ipliriiscs. Iior 
tcriii weighting, wc tisc ii stiiiidiird version 

* I I ~ ~ I I  = , i~, br(r3[/)' i s  t1ic2-iiorm (if vectord. 

c l  tcrm weighting lias been 
intencively studicd in the IR litenittire. The  
Sinart 1hciicIiiii:irk rctricwil syslcni, dcvcl- 
opcd iil C'orncll. provides tlic implcmcii~;i- 
ti011 ( 1 1  the [ i i iorc tlian ii domil  stiiiidard vcr- 
sioiis. We tested ii Icw coiriiiioii options and 
loutid tlial I tc yicldcd the best tlctcction 
rcsiilts in OLII l i i i i i lctl expcriiiiciits. This does 
1101 iiiciiii t1i:it 1 k  is tlic hest possihlc tcriii- 
weighting sclicirie for tlocumcnt clustering 
or lOr cvciit detection. l'intliirg the best 

as aii iiiitiiil cluster with a sitiglc iiicinbei: Xi 
iiie:isttrc Ihc disI:tiicc bctwccn two cIus~crs, M'C 
tisc the stentl;ird cosi tie similarity-that is, tlic 
cosiiic value of t l ic  two prototype vectors. 

We m~idilictl staiidiird TI'-IUF term wciglit- 
ing to LIW :itlaptivc 1D1' iii atlditioii to static 
IUI'. Rccaiisc new stories arrive continil- 
ously. how s l io i i ld  we deal w i t h  the iicw 

~ 
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i f c  l i a s  any incmbei- ilocument in the time window; 

otherwise 
sht(x,c) = 

- 
F .  I reat each doctiiiiciit i n  the input col- 
Icctioii 21s a singlctoii cliistcr, aid sct the 
initial partition lo tic l l ic full set of the 
singleton clusters. 

~~~ ~~~ ~~~ ~~ ~~ ~~ ~ ~~~ ~~~~ 

lure 3. Delermining Ihe modified similnrity between a documenl xond any cluster ( in  the port: (a) h e  bosic for- 
mula; (bl the formula with on added lineor decaying-weight function. iir the number of documenls between x and the iml,LlrLa,lt fclr ,tic c~ectivcncss o( rctrosl,cc. 

To apply INCR to oiiliiic event detection, 
wc introducctl tlic I i [J i~ [~/ / ,v / / i~ i , ,s /? [ i /~ / ( /~~j .  I l t l i c  
iiiaxiiiiiil similarity sctire bclwccn tlie ciirrciit 
doctiiiiciit ancl any cluster i n  thcp:ist are helow 
this Ihrcslicild, INCR lahcls this tlocument 

mort recenl member document in (, 

Illllllllcr 01 accllmulatcd d(lcIII1lcIIts up to the 
current point (inclutling the retrospective cor- 
pus il iiscdj, i d  ti(/, /J) i s  llic d(icuiiicnt fre- 
qiiciicy iil term t at tiiiic / I .  Ib r  rclrospectivc 
dcteclion, we iisc sli i t ic IDF trained 011 tlic 
clitire TDT CII~DIIS. 

( ; i ~ ~ ~ i i ~ ~ - ~ i i ~ i , ~ ~ i j i r  dii,s/[,riii~q. This iipproiicli 
~ i i i i x i i i i i ~ c s  the avcragc similarity bc l \h ic~ i i  
d~icumcnt pairs iii t l ie rcsultiiig cliistcrc h y  
merging cI iistcrs iii a grcctly, bottom-up B s l i -  
i o ~ i . ~ . ~  Straightforward gro i ip -~wc~ ige  clus- 
tering algoritlims typically h w c  ii coiiiplcx- 
ity in time atid space quadratic to the numbcr 
0 1  input doctiiiieiits. S o ,  they iirc less eco- 
nomical (ir Iractablc Cor large applications 
thm arc Fiiiiplcr iiicthods such :IS single-link 
clustcring or singlc-p;iss /h i cans  clustering. 

To iiddrcss this prohlciii, Doug Cutting and 
his collc;igues dcvelopctl , tr . i ict i~)i iot ioi i ,  a 
tlivitlc-aiid-c(iiiqucr strategy that coinpro- 
niiscs between cliistcr qiinlity mil ciimpiit;i- 
tional efficiency.' ' h i s  striitcgy grows cltis- 
le is iteratively. In each iteration, it lii-st tlivitlcs 
the ciirrciit pcio1 ol'cluslers into evenly sizctl 
h i r ~ ~ k c t . ~ .  'l'hen il applies groupavcr;igc clus- 
tering to ciicli bucket locdly, iiicrgiiig siiiiillcr 
clusters into larger ti~icc. 'l 'lie Ihictioiiatioii 
;ilgoi-itIini has ii time complexity (if O ( i i i i i ) ,  

where IZ i s  the numhcr of IIO~LIIII~I~~S in the 
inpiit corpiis, v i  is t l ie bucket size, at id i i i  I i i .  

The bucketing strategy i s  particularly well- 
suited tor event tlctection. We looiitl that 
liiicketing stories based on the order i n  wliicli 
they arc reported iiicrelises not only conipti- 
tational ellicicncy l h t  also cltistcr quality and 
dctectiiin cllcciivencss. I n  (itlicr wortls, this 
strategy gives ii higlicr priority to  grouping 
temporal ly Ixoxirnate skirics than to tc in lx-  
rally disparate oiics. 

We implenictitctl a motlilicd version 01 
th is  algoritliiii; we c i i l l  our version "GAC" 
throughout the articlc. 'Vhc inpiit to GAC is :I 
collection o l  tlocumenls sorted chronologi- 
cally iiiitl a set of user-yxxilictl parainctcrs. 
The oiitpiit i s  ii Ibrcst ol  binary trees of clus- 

~ 
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iind grows clusters incrcmcntally. A new doc- 
iiiiieiit is alisorbctl by tlic m( i s t  siiiiilarclustcr 
in the p a ~ t  i l t l ic  siniilarity hetwccn the docti- 
mcnt and the cluster i s  a h w c  a preselcctcd 
c/ii,wri/i,y th,r.s/ io/d ( I ,  j. Otherwise, the tloc- 
timciit becoiiics tlic sccd 0 1 2 1  new clustcr. IRy 
ac1,jiistiiig tlic th~-cshold, we c m  ohtiiin clus- 
ters ;it dilfcrcnt levels ol'gl.anul;irity. Cli(iosing 
ii suitnhlc clustering threshold, tlicrcfore, is 

live c \ m t  cletcctioii, where [l ie g~inularity Icv- 
CIS o l  dociiiiicnt clusters should match tlic 

tcrs. The alrorithiii co~isisIs 0 1  these S~OIIS: 1 event co~~cei~t.:. 

I 

2. 

3 

4. 

5 .  

6 .  

Iq~p i i ig  i i i d  ciiiisccutivc Ihuckcts o l s i m  
ttt (a user-spccilied ~~~"'airrcter). 
Apply GA(: to cach bucket, which I'C- 

pcatctlly crimhincs tlic two closest 
lower-level c lwtcrs  into a higher-lcvcl 
cluster. 'l'his occurs u n t i l  the iiumher 01' 
c l i i~ tcrs  in the buckcl h a s  dccrciised by 

tcr) or iiiilil iill the similarity scorcs 

sclcctcd c luswi i ig Ihrcsholtl (aiiiitlicr 
~~scr-s~icci  lied p;iramctcrj. 
Rcmove tlic hucket hoiiiitI:iries (a 
hle iill tlic GAC clualcrs) while prc- 
serving tlic time order 0 1  the clusters. 
IJsc t l ie rcsultiiig cltistcr series as the 
iiptlaled partilirin 01 the curpiis. 
Repeal Stcl)s 2 t i i  4. iiiitil the partitioii 
i s  110 larger t l i i i i i  i i i  o r  stops tlecrc;ising 
I~~CLILISC o l  the ~i i in imt i i i i  siniilarity 
coi~straii i~. 
Pcriodic;illy (oncc per k itcrations in 
Step 5) recliistcr the str i i  ics within each 

thc ciiiiilmnciit clustcrs iiiid regrowing 
 lusters inlcrnally I'roiii the lcal'notlcs. 

lhclwccn two cl11stcrs i lrc I~cIOw il prc- 

The teii1110ral huckctiiig antl rcclustcring 
iirc 0111 modilicatii~ns to Cutting's algorithm 
Rcclustcring i s  IIS~I'III wlicii cvciits stratltlle 
the i t i i t i e l  te i i i~~~ir~i l - l iuckct  Ihoiiiitliirics or 
wlieii tlic bucketing ciiiiseh iindcsirablc group- 
ings olstories ahout tlitlerent cvcnts. Reclus- 
lering reduces the initial hucketing's system- 
atic hias hiit increase.: c t i i ~ ~ p t ~ t a t i ~ i i  time. 

S'it~~/r-/xi.s,s i i i i , w i w i t [ i /  c/w/i,riii,y l'hc INCR 
algorithm is  straightforward. It scc1uenti;illy 

the input doct~~~ic~its,  oiic ill a liiiie. 

it iicw cvcnt. Ollicrwisc, INCR lebcls it Oltl. 
Uy tuiiiiig the novelty Ilircsliiild, wcciiii iidjust 
online detection's sensitivity to iiovclty. 

Both t l ie clustering and novelty thrcalioltls 
iire iiscr-spccilied paramctcrs. The choice lor 
l ine threshold i s  independent oT tlic clioicc 
1.w h c  ollier. l ising both thresholds permits 
better empirical ciptiinization for di llcrcnt 
tasks. For iiistiiticc, wc found that setting t, 
= I,, (that is, I,, i s  not nccdcd) i s  appropriate 
lOr retrospective clustering, litit I'iir oiili i ic 
tletectioii, choosing 1, = - (Iliat is, not grow- 
ing any  cIustcrsj i s  better. 

We ZIISII aildcd :I t i i m , p e d / y .  'The simplest 
way i s  to tisc a unif(irmly weighted time wiii- 
dow. Civcii tlie curl-cnt docuiiicnt .x in t l ic 
inpiit stream lo INCR, we impose al i i i ie w i r i -  
~10ii' o l i i i  d o c t ~ ~ i i c ~ i t s  beforca. We tlelinc the 
motliiictl sinrilarity bctwecn x antl any clus- 
ter c' in lhc past  a s  showii in I'igurc 3 1 ,  Aller- 
natively. we c u i  intriiilucc :I liiieiir tlccaying- 
weight I ' t i ~ i c t i ~ i i  in the liiriiid;i (sec I'igurc 
311). whcrc i i s  the intimber or clocuiiients 
hctween b antl the most  rcccnt nlcmhc~ doc- 
i i i i icnt in c. 'l'lic tlccnying-weight fiinctioii 
inorc smoothly iiscs the tciiiporal proximity, 
coiiiparctl to using a uniloriiily wcighrcd wiii- 
dow. (For siniplicity, we tlcliiic a linewtunc- 
tioii only ibr tlic tlcc;iy weighting. Ilowever, 

iry. we can eady gcncralizc this del- 
i i i itioii to a 11101~ c1:ihoratc Ibriii, such  as t l ie 
intcrpol;itctl tlcciiy ~irol i le extwctcd Iroiii an 
earlier tlcvelcipmcnt or training corpus.) 
These windowing strategies yielded incastir- 
;ihlc iiiid consiatcnt i~iiprovc~iicnts in our 
event-tlctcctiiin experiments, enhancing lire- 
cision with i rn ly  a s i i i i i l l  sacrifice i n  rcc~i l l ,  
conipnrcd tri not using a tiiiic penalty. Recall 
is tlie ratio 0 1  correct assignmciits (id cvcnt 
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Tnble 2. Clusters generoled by group-average rlusteritig 
011 I heTDT l  carpus, Jon.-Feb. 1995 subset. 
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-40 - GAC with biickefiiig - 

l ~ i h c l ~  to tlocuincnts) hy the system cli\'itlcd 
hy the toliil nunihcr olccit-rcct assignments hy 
liiiiiiiiii ,judgnicnts. l'rccision i s  thc ratio 01' 
correct ;issignnicnts by thc aystciri divided hy 
tlic total iiiiiiihcr ol'tlic system's assignmcrits. 

111 ;itltlition to tlie biiiiiry (New or Old) prc- 
diction, lor ciicli inconriiig tlocumcrit INCII 
coiiiputcs a score iiitlicatiiig how IICW tlic 
dociiiiiciit is.  l 'his score is 
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wlicre s i s  tlic currently new tliiciiinent and c 
i s  any cluslcr in tl ie 1 x 1 s ~ .  We iisc thcsc scorcs 
LO evaluatc the potential tl.ade-cil'lbctwccti dil- 
lerent typcs olerrors. Tlizit is, hy adjusting tlic 
~lireslioltlo11 tliese scorcs for hinai y clccisions, 
we can obtain ihc [radc-of1 CII~VC bclwccn 
recall aiitl precision or between miss nntl l i i lsc 
alarm (for iiiorc details. see "Onliiic-tlctecti[,n 
results" i n  tlie next secticin), 

Rvaluation. 'rablc 2 shows :I corpus summary  
obtainctl Ihy applying CiAC to a lcw thousand 
news stories (CNN iicws md Rcutcrs iirliclcs 
lroin .I;iiiusry to Fchruary 19%) iiiid b y  [>re- 
senting R ~ W  top-ranking tcriiis fcireiich clus- 
ter. As the table shows, doiiiestic politics 
rcigncd supreme a s  usid,  tlie O.J. Siiupson 
trial received incdia aLtciitiiiii iii carly 199s. 
illld s o  011. uowcvcr, the rable i l ls0 rcvcals tllilt 
disasters struck Kohc. Japan, and Mnlihu, 
California, and uiirest in Clicclinya flared up 
again-events that werc not prcsciit tlie 
months bclorc. 'l'lie key tcriiis provide cotitetit 
inlbrmation. iiiid the story coiiiits iniply sig- 
nii'ic;iiicc, as tiicasiired hy iiicdia attentiiin. 

New multidocumctit siiiiiiiiariziitioii ii ictli- 
ods' applied to the cIus~crs Ixovide atltiitional 
inlorination iis to tlie nature of the events. And, 
if we desire liirtlicr detail, w e  can cxiiiniiic (tic 
clustcrs, srthclusters, i i i id iiic1ividu;il tlocii- 
i i iei its throiigh query-driven rctricvial. The util- 
ity olsumiiiarinitiiin ;ind clustcr-hased brows- 
ing too ls  i s  evident from our priitotypes, cvcii 
though some clustcrs night he impcrlcct and 
the ciirreiit user intcrkicc i s  riitlimcntary. 

i:igiire 4 shows h e  temporal tlistrihuti~ins 
of two cvciits. Ikch griiph's uppcr hsll i s  the 
hislograin 0 1  1iuiii;iti~l~ibclc~l tlocunienis for an 
cvciit; its lower I i i i l l ' i s  tlic Iiistogfiim o l t l ic  sys- 
lem-generated cluster lor lhe sliiiic cvciit. The 
ahsolute valuc on tlic ))-axis i s  the story count 
liirtheeveiit ~ircIiistcritiia~xir~ictil~irtlay. I f a n  
event iiiid a cluster arc ii pci.lcct iiiiitch. their 
histograiis wi l l  pcrl'cctly iiiirror each other. 

As tlic ligurc shows, CA(: ;itid INCK II;I\JC 
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ctilll~'lcIllcllt;lry slrcngths ;llld wcakncsscs. 
CAC shows i i l i i i os t  symmctric graphs Vor 
intist cvciits, cxccpi tliosc will1 signil.ic;int 
Icnipofiil cxlciit, so it i s  pxticularly suicahlc 
lor rccognizing iicws bursts. INCR, on tlic 
other lh;and, 1h:is less symmetric pcrl'ormancc 
h i t  i s  Ihcttcr iit t rx l t i i ig long-lasting cvciits 
(lor cxaiiiplc, 1)NA iir 0 .1  trirrl aid OK Ci iy  
hoirihing). The oliscrved hcl iwior i i i igl i l  
conic ~xirt ly lroni the clillcrcnt biases in  tlicsc 
algriritlinis iitid partly Iron1 tlic Ixiraiiictcr sct- 
lings in the particular experiments. 

- i k f c d o n  I P . S ~ I / / S .  l 'hc  1998 
I D T I  cviiliuilioii W'is the first controllccl studyg 
where coiiilxir'itivc results iirc iiviii lable. Therc- 
lore, wc used it its ii rclicrcncc lor our rcsults 
iicsc. We iisctl tlic ciitirc 'I'UTI corpii. 
est set Kor cv;ilnating dclcctioii systems, 
iltliiiugh we'd preler to have iiii addilional 
mss-validatioii corpus available for 

IS  iin iiiisupcrvised classilic:ilion task that docs 
iot iiivolvc laheled tfiaiiiiiig h t a .  So, thcrc W:II 

110 conkiiiiiiiatioii ofthc icst tl;ita in that sense, 
:xcept possihly with rcspcci to selling ii haiid- 
t i l  0 1  system pwitnctcrs. 

(Subseqociit rcscnrcli in  Iprugrcss on i a i i  

$ h l  systcln ~~~\r"nlcters. 1 Iowcvcr, d 

DOCUMENTS 
INCLUDED TOP-RANKING WOROS (STEMMED) 

330 
217 
98 
97 
93 
56 
55 
48 
35 
33 
28 
27 
26 
24 

rcpiibl clinton congress hous amend 
siinpson o prosecut trial jury 
israel palestin Qara peac arafat 
japan kobe earthqiiak rjuak toky 
rttssiaii chcch chechny grozn yeltsin 
soma1 ti tiiogadisliii iraq mariti 
flood rain calilorn tiialibu rive 
serb bosiiian bostiia Croat ti 
game leagti play basebal season 
crash aiilin flight airport passeiig 
clinic sav abort niassachuset norfolk 
shuttl spac astronaut mir discov 
patient drug virus lioltr infect 
cliin beij deng trad copyright 

iiitlcpciitlcntly clcvclopctl TDT2 corpiis indi- 
cates that ihe p i ra ine ter  values c i i i i  be elfec- 
t i v c l y  chosen using n rcirospcctivc c o r p ~ ~ s  
arid criiss-v;ilitlation. For example, wc lound 
tliiat tlic clustcriiig tlircsholtl optimal on the 
T D T l  corpus lor  online cvctii tlelectioii is 
nearly optiiiiiil oii the 'l'lY1'2 corpus.) 

C;icli tlctcciion system r i m  on the entire 
I 'DT I corpus, Ipi-wlucing syslem-gencratctl 
cluslers ihai  arc either a Ipartition o C  tlic cor- 
pus  (that i r ,  no iivcrlapping stories hetween 
clusters) or a lorest 0 1  hierarchic.; (overlq~. 

INCR 1 
50 200 250 300 350 

Days 

Figure 4. Teinporol distributions for group-nvernge tluslering and ititreinenlo1 clustering for IWO events (from 1 July 
1994to30June1995l : la l  OK~itybombing,GAC;(h)OK~ifybombing,lNCR(O DNAinOJfriul,GAC;(d) D N A i n D l  
friul, INCR. 

~~ 
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Tuble 3. Per-event contingency tuble. 

I N  EVENT NOT IN EVfNT 

In cluster a 0 
Not in cluster c d 

ping stnries hctweeii clusters are ;illnwed), 
We evaluated each sys lcm using the 25 clus- 
ters that hest i i iatclictl tlic 25 maiiually 
labclctl cvcnts (consisting ol' I, I 3  I stories- 
ahout 7% nl' tlie total stories), 

('l'hc 'I'IYI'I col:pus incltitles ninrc than 
the 25 labclctl cvcnts, and ciicli detection 
sys tem gciicfiitcs niorc t l i i in  25 eI~stel :s.  
However, the cval tiiitioii dit1 not iiiciisiirc tlic 
iiiatcli hctwccn clusters :nid events hcyontl 
the 25 cluster-event pairs. That is,  the sys- 
tern dctcctctl many potential cvcnts, hut we 
nnly cvaluatctl i t  on the suhsct o l  the sys- 
tem-generated clusters that hest iniitclicd the 
manually laheled events. The corrcspotl- 
dcncc o l  nieny clus~cl:s to other potential 
~YCIIIS suggcsts that  a tlctcctioii systcin 
could provide hrowsing support to the user 
lor navigation through tlic cvcnl spacc. Al-  
thoiigh we cxpcct hicrarchiciil clustering to 
be ii suitable choice for navigation stippnrt, 
determining how to evaluate the practical 
impact 01 various kinds o i  navigation sup- 
port requires I'Liturc research.) 

To cviiliiiitc the goodness 01 matching 
bctwccn each clusterilaheled~evciit pair, we 
tisctl ll ic contingency tiible i n  'Lahle 3. With that 
tiihlc, we tlcliirc tlicsc pcrihiencc r1ic:istIrcs: 

* M i s s :  i i i = c / ( r i + ~ )  i lo+r,>0,otlicrwise 
lllltlcfillctl. 
~ ; i lsealarm: /=h/ (h+i l )  i i 'h+d>0, 0th- 
crwisc undelined. 
Recall: r = d ( i i  + L,) i l  ( I  + c > 0, other- 
wise untlei'inctl. 
I'recisinii: p = d(i( + h)  i l  (I + h > 0, otli- 
crwisc tindciincd. 
I', = 2 , p / ( ~ + / ' ) = 2 n / ( 2 ~ i + h + c ) i l ( o +  
h + c )  >O, nthcrwisc i~ i idc~ ' incd .~  

F , ,  originally dci'inctl by Keith vim Ki,js- 
hcrgcn, is the harmmic meiiii or recall and 
prec is in i~.~ 

To iiicasiii-c global perlnrmaiicc, wc use 
twn averaging nicthods. We ohtiiiii the 
inionnveizigr hy merging Ihc c(inlingeiicy 
tables n l t l i c  25 events (hy summiiig the cor- 
responding cells) ; inc l  then using the nicrgctl 
tablc to produce glohal perloriniincc nica- 
stircs. We iihlain the iii~r~~,novr~~rrjic hy l irst 
producing per-cvcnt pcrlol:mancc iiieasiires, 
then averaging thc corresponding inieiisiiies. 
'I'hc iormcr nicasiircs introrluce ii sewing bias 
low;ird I'rccqiicntly rcpnsted events, wd the lat- 

~ ~~ 

Tuble 4. Retrospective-detetlion results. 

PARTITION REOUIRfO CLUSTER OVERLAP ALLOWEO 

CMU UMASS DRAGON CMU UMASS 
(INCR) (NO OWL) (MULTIPASS) (GAC) (DUPL) 

Microaveragc 
Recall (%) 62 34 61 75 73 
Precision ( O h )  82 53 69 90 78 
Miss ( O h )  38 66 39 25 27 
False alarm ( O h )  0.04 0.09 0.08 0.02 0.06 
6 0.71 0.42 0.65 0.82 0.75 

Macroaverage 6 0.79 
~~ ~~ 

tcr toward le96 rcportcd ones. so, we use Ihlitll 
to mininii/e tlic cllcct of Iiiddcii bias. 

The GAC paranicter settings were 

* niickct s i x  = 400 
Clustering threshold = 0.2 
Tcl:ms pel: vcctor = IO0 

Rctluction Ihclcirp = 0.5 
Numbcr o l  iterations hclwecn rccl~stcr-  
ing = 5 

* 

* Term weighting = Itc 

The INCI< 1par;imetcr settings were 

* Window s i x  = 2,000 

G O  0.75 0.84 0.81 

ing (tluplj :ire less surprising. Wc bclicvc the 
niaiii reason lhr GAC's hcttcr rcsiilts is the 
niiiltilcvclctl clusters. which cn;iblc tlic tlc- 
tcctioii 0 1 '  cvcnts iit ;iny tlcgrec of gl.iiniil;ir- 
ity. GAC achieves th is  rc~~rcsciitiitioiial 
power at tlic cost ofprnducing inore cliistcrs 
(approxiniatcly 12,000 in this Iparticuliir rim) 
t l i i i i i  the INCR p:irLiti(in pr(icluces (5,907). 
The increase iii the iitiiiilhcrtifcIiistcrs might 
not xltl ii signilicant hurtlen to tlic ciid user in  
scattcl:-gathcr nwigatini i  or query-tlrivcii 
rclricval,' wlicrc only a sinal1 suhset o l  thc 
clusters woiild actually he visited hy tlic uset 

cletl paths on tlic Iiicr;ircliy. 

* Clustering threslioltl = 0.23 Oirlbie-~let~~./ioii re.siilts. To cvaluatc onlinc- 
dctcctioii pcrlnrin;iiicc, uic iiscd the contiii- 
gcncy t:ihIc i n  'I';ihlc 5 .  Rccaiisc only 25 l 

' I trms per d~ic t i i i ie i i t  vectol: = I25 
Term weighting = Itc 

Tahlc 4 siiii i i i ial:ixs the retrospective- 
detection resul ts.  liar cniiip:irkin, we 
i i ic ludc tlic rcsults lnr approaches t lcvcl- 
oped iit tlie Uiiivcrsity 01' Massachusetts 
(temlhor~i l-T~-hasctl  event tlclcction end 

evellts iirc cleiinctl, antl eilcll CVCll t  I l i l S  cinly 
one l i n t  story, ll ic total nuinher ol true New 
stories is 25 for LIic entire corpiis. This mni- 
her i s  too siiiiill Im ii sttitistically reliable csti- 
matioil of pcrlorinancc. Ih iiiil)rovc the rcli- 
ability, we crintluctcd an I I -pass evaluation. 

~igglomcrativc clustering) and hy Ihiigoii 
Systcins (multipass k-means clustering)." 

The lirst pass IISCCI the entire corptis; the scc- 
ond ~iscd the iniotlilicd coiptis d i c r  reiiiov- 

(See the sitlcbal: "l'hc 'IW program" lor 
niorc (in the other pwticipants. j Algorithins 
I l ia1 permit c l i is ter  1iier;irchies (GACj  or 
1iotciiti;illy overlapping cIiistcrs (duplj pcr- 
I'ornied hetter tliiiii n~iiil i icr:ircliical iilgo- 
r i th ins that edlicrc ti) tlic strict partition 
rcquircmcnt. 

For the partition-producing algorithms, we 
were surpriseti that tlic simplest iipproacli- 
INCR's single-pass clustering- -worked iis 

well as llregon's multipass k-meai is cInstcl:- 
ing. This might hc partly because ofthc tcm- 
pnral proxiinily o l  cvcnts, which simplilies 
tlic clustcring prohlciii. Tiiiic windowing was 
highly clfcctivc (or INCR.  With ntlicr para- 
irrctei-s lixetl, ii time window of 2,000 docu- 
ments (covering about I .5 n io i i t hs )  iiicrcasccl 
the F ,  pcrlorinancc scorc lrom 0.64 (with inn 
tiiiie window) to 0.70. 

The better resul ts nhtaiiicd hy Iiicrarclii- 
ciil clustering (GACj or overlapping cluster- 

ing ("skippiiig") the lirst story o lcach event; 
the Ihird tised the motlilictl cnrpns alter 
removing the f irst twn stnrics of each event, 
antl s o  on. The clcveii passes are lalieled a s  
N>L,lj = 0, I, . . ., I O .  We coinptltcd a contin- 

h wiluc nl  N,,,,, iind tlicii 
obtained ii globiil cnntingcncy tiiblc hy SLIIII- 

iniiig t l ie correspontling cells in the p~r-N,>,~,~ 
conliiigcncy tables. Wc dcrivctl lpcrlormance 
scores lrom those contingency t:ihIcs tlic 
same way we did ior rctlrisp"ctive~detecti[hn 
cvalual ion. 

The pa'.aiiiclcrs tiscd in onlinc INCR wcrc 

Window si/,c = 2,500 liiieiir c1cc;iy 
Clustering tlircsliold = - 
Novelty lhrcsholtl = ( I .  I h 
Terms pcr docuinciit vcctor = iio l imit 

IDF = static l'roni rctrospective corpus 
plus iidiiplivc 

* 
* - ler in  weiglitiiig = Itc , ,  
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Table ionline-detection toniingency table. 

NEW IS TRUE OLD IS TRUE 

Event-tracking 

I<vcnt tracking is  :I sitl)crviscd~Icarnitig 
task. It  aitils to automaticiilly assign evcnL 
I ~ l i c I s  to news stories wlicn tlicy arrive, l i i~scd 
o i i  :I s i i i i i l l  ~itiiiihcr 01 I)rcviously idciitil'icd 
piisl stories that dclinc the cvcnt. Adaptive 
Iciiriiiiig is nccdcd because ol' tlic tlynainic 
tiiiturc olcvcnts; tl i i i t  is, they ~ t i i t - t  iit c c m i i i  
tiiiic points at id cvcntually triiil oil. Making 
I'iiic tlistiiictioiis between topically related 
cvciits is  atitither task-spcci lic rcquiremciil; 
kir exnnil)lc, NYC' .s~ihwiiy hoiiibiirfi iiiicl O K  
Cily h ~ ~ i t t h i i i ~  s l i t i t i ld  hc idciitilietl as dillkr- 
en1 cvciits. Moreriver, quick learning i s  liighly 
ticsirable. This iiiciiiis tlxit tlic cI 
iiccd only ii ICw ~xisitivc training cx~~~i ip lcs  per 
cvctit to acliicw satiskictory tracking pcrlbr- 
~iiaiicc, iis wc ~ ~ i c i i t i ~ i i c d  I)cli)re. 

Mcthotls. We loiiiid that two wcll-lai~iwo 

Predicted New ii b 
Predicted Old c d 

Table 6. Online eveni-dejection resulis for mitro- 
averaging. The UMass approach used a single-pass 

algoriihm without clustering, and Dragon's approath 
used a single-pass version of iis k-means tlustering. 

CMU 
(INCR) UMASS DRAGON 

Recall (Yo) 50 49 42 
Precision ( O h )  37 45 21 
Miss ( X )  50 51 58 
False alai in (%) 1.89 1.31 3.47 
F, 0.42 0.47 0.28 

.01 02 .05 0.1 0.2 0.5 1 2 5 10  20 40 

False alarin probability ( in %) 

Figure 5.Oiiline.deiection Deteclioii-Error Trade-off turves 
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other liaiitl, uses binary tertii weighting only 
( 1  for t e r m  present ;incl 0 lor terms ahscnt). 

k-iren,s.r/ riei,qhhor c / r i , ss~ f i~~r i t io i i .  kNN i s  iiii 
instance-hasecl classi l’icatioii inctliod well- 
kniiwn in pattern recognition and iiiacliiiic 
learning. I t  has  been applied to text catego- 
rization since the early stages o f  TC rc- 
searcli.‘2.13 We chose kNN liii-event tracking 
because, i i i  addition to its generally good per- 
rormance, it inokes tlic fewest assumptions 
about icrnis, stories, mtl optimal decision 
surlaccs lor tracking, comparctl i o  other 
inclhods (sec the sidebar, “Text categoriza- 
tion approaches”). 

Oi’licial TDT evaluations require Lliiit eiich 
event be tracked independently, withciui any 
knowledge about other events. That is, Iiir 
each particular event, thc training stories arc 
IahclcdcitIicrYcs, No, or Brief. According to 
this constraint. we adapted o u r  conventimal 
M-ary-classification kNN (tleveliiped IoI text 
categoriration iii gener;il)” to the binary- 

,isvtication ,;’ - 
We trained ii specillc XNN classifier lcir 

each cvciii. As tin inpuc story arrives, the sys- 
tem converts i t  into a vector, compares i t  to 
the iraining storics (sec tlic section “Event 
Tracking Rcsults” for tlic training-set coli- 
struetion), and selects the k nearest ncighbrm 
hasctl on the cosine similarity bctwecii the 
input story and the training stories. The sys- 

prohlem of  event tracking. 

tcni coiiipIrtcs tlic confitlcncc score lor a Yes 
prctlictioii on the input story hy summing the 
siiuil;irity scorcs lor the ipositivc iind tlic ncg- 
ntivc stories iii tlrc k-ticigliborliootl, and tak- 
ing tlic tliffcrcncc hctwecii tlic two sunis: 

whcrc x i s  t l ie input story, P(x, k )  i s  the set of  
positive training stories in  the k-ncighhor- 
hood, and N(x, k )  i s  tlic ncgativ 
rics in tlic k-ncighborhood. 

We obtain binary decisions by thrcsliold- 
iiig locally o i r  t l ie coniitlciicc scores gcncratctl 
l iy eiicli event-specilic 

kNN wlien the threshold was at the zero value 
or tlic conlitlcncc score. f Iowcvcr, whet1 iiiov- 

ing the threshold heyoiid tliiit point, we loinid 
that it resulted in ii somewhat unsatisfictory 
UETcurve. More speciliciilly, i t  has difficulty 
gaining ii high reciill withiiiit sacrificing prc- 
cisioii signific;intly. The r e ~ s ~ i i ,  we I)clicvc, 
is that the positivc cxaiiplcs i iIc extremely 
slxirsc (liirmost cvciits) in thc training sct and 
arc thcrciorc olicn “blocked awiiy” by densely 
popiilatctl negative cxamplcs. One solution to 
ihis prohlciii i s  to discount tlic influcncc 0 1  

xamples by s;impling ii siniill p r -  
tion i n  tlic k-iicigliborhood and ignoring the 
rcinainiirg ncgativc cxainplcs. 

nlcllls SIl~Iwcd gl,(ld res 

. .  

i /” 

0.2 0.4 0.6 0.8 1 .o 
Recall 

Figure 6.0nline-de1et1ion retoll-precision turves. 

This idea leatls to a motlilictl vcrsioii 01 
kNN; we ciill the original version kNN-a arid 
the modilied version kNN-b. in tlic modified 
version, wc  takc the X I (< k )  nearest positive 
examples (/’(.v, k l ) )  atid R2 (< i )  ticarest neg- 
ative cx:inipIcs (N(,v, k2))  I’rmii the k-neigli- 
Iiorliood, atid average the sinii1;rrity scores o f  
t l ie two subsets. Tlrc confidc~icc score for ii 
Yes prediction on the input story i s  

By ;idding the pnrameters k 1 iind k2 x ic l  hy 
snitahly choosing the piirnmctcr valucs, we 
can ei’fectively iidjiist tlic tracking system’s 
I E T  behavior. I n  principle, tlicsc parameters 
ciiii hc empirically tuned bascd on the opti- 
inrimtion olcvcnt tracking o t i  ii viilid;ition col- 
lection ofstorics. In reality, wlicii only i~ very 
siiiiill nninhcr of positive cxainplcs arc itlcn- 
titietl for a n  event, wc would not want tu w e  
tlicsc positivc examples lor validation instead 
of tlainiirg. The oflicial cvcn-tracking cvalu- 
iition rcstrictcd ilic number (N,) of positive 
training examples per event to I ,  2, 4, X, and 
I6 (see “Event Tracking Results”). IJnder 
such ii condition, we used this rille (if thumb 
to determine the paniuictcr values: 

rorkNN-a,k=nii i i (N,,S). 
For kNN-b, k l  = min[P(x, IOO), N,); k2 
= inin[N(.>-, IOO), 16). 

* 

Another lieiiristic we iiscd in  cvcnt track- 
ing is ii t i i i ie window. That is, any tcst story 
tliat i s  k stories aw;iy Lrom tlic last positive 
training example i s  lahcled No. We set the 
window size froni I ,XOO t i i  2,000 sior ies 
(about I .S inontiis ofdata). We bascd (his on 
the coiiiinoiiseiisc conclusioii that most 
cvciits liist no loiigcr tllan oiic or two inonths, 
i i i id oii the observation that ii I .S- inoi i t I i  wiii- 
ilow is close to aptim;il for  online detection. 

I ~ c ~ i . s i o t z - r r r t ~  i d i i c / io i i .  Decision trees arc 
classilicrs hasctl on the principle ola scqucii- 
tin1 greedy algiirithm iliat at eiicli step strive? 
to niaxiinally reduce system c i i t r ~ p y . ’ ~  ?‘heir 
construction follows hcsc steps: 

I .  

2. 

Select tlic feature with inaxiinal infor- 
iiriitioii gait1 as the root iiode. 
Dividc the training diitii according to the 
value 01 this leaturc. Ttic partitioned 
subsets tlriis crclited form tlic hranchcn. 
1 4 ~  each h,.ancli. find the feature that 3. 

IEEE INTELLIGENT SYSTEMS 
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k" and other text-categorization approaches 

k-ncarcst ocighbor clmsiliuilion l i i i s  hccn used as  a hiisclitic i n  rc- 
cent TC coniparatiw reseiircli oti tlie benchmark I<cutcrs corpits cif 

tiewswirc stories, where flic toli-perforinii~g tnelhods iiicludc kNN iiiid 
IIic ~inc i i r  LCUI Sqoarcs pit iiiiippitig hy Yiiiiing YUI~. '  OcncfiiIized 
1nsl;incc Sets by Wui I .iiiii titid CY. FIO.' + x i s i o i i  [ices witti twosling 
h y  Sholom M. Wciss ;itid I i is c o I I c i i g i ~ c ~ . ~  Support Vector Macliitics by 
Thorsteti loacliiins atid Sits;i~i Dum 'I.i and iiciiriiI networks by uric 
Wicnw and his collcagucs." Olhcr incI1iods the1 pcrfiirnicd less wcII in 
1'C include Naivc Ilayes cl;issiliers, decision trees wit l i~ut hoostiiig. 
iiiid ride-induclion algorithm.;. 

Referenos 
1 .  Y. Yaiig, "An l5wiluatioti or Statistical Approiiclies to Tcxt Catego- 

rization:' to be piiblislied i i r  .I. InfiJriri~i!iori Rptri(wi1, Vol. I, 1999, 
pp, 69-90. 

ni;iximizes ini ir inatiot i  gain over llic 
training itistiitices on tliiit Ibraiicli. 

4. Repeat Steps 2 and 3 rccursivcly. 

Wc chose cl-trees as an altcrtiativc to kNN lor 
'I'IYr tracking bcc;iiisc they rcprcsctit ii very 
different tcchnology, one with relatively rca- 
s m a b l e  perforinancc in  text-categ(iri7atinn 
evaluations on lhc benchmark Rcuters col- 
Icction. One potential disaclvanlagc is that, 
unlike kNN, d-Irccs ciitiiiot gcncratc ii coir- 
tinu~iusly varying trade-ollbctwccn miss ;ind 
lalsc alarm (11' between recall atid ~>rccisi~iti, 

We developed our ow11 &tree nictliod 
rather tlian using tlic s~nntlartl C4.5 algti- 
r i ~ h t n . ' ~  we  wanted avcixioii tliat is kist, sail- 
;ible, and easily tuiuiblc lor text categorim 
tioti, althougli not necessarily ( ip l imi~ct l  1111- 
other iriacliinc-learning tasks .  We also  did 
not want extra features siicli tis C 4 . 5 ' ~  rules- 
froni-trees optioii. Training 25 decision trccs 
(one per cvciit tracked), each with itp to 
15,000 stories. rcqitircs lcss than two t i i i i i-  

utcs on a st;ind;irtl 300-MIlz Sun IJltra 11. We 
use the sii i i ic inlormation~gnin nictric (miii- 
iinizing total entropy) and greedy r(r0-t+ 
lciivcs (1-lrcc consti-iic~ion i i s  in  C4.5. 

'I'lie primary tunahlc paraiimtcrs arc 

* The n~in i~r in l  tiiiinhcr dlraining instiitices 
at a lealnotle, 
The pcrccnlagc (if Ixisitivc iiistmiccs ;it i i  

IcaT nodc, 
Wllcthcrorllotto use word r001s or stems 

* 

instcad of surkicc lorms, 
Whctlier o r  not to tlistingiiisli hctwccti 
single iiticl tniiiltiplc occurrcnccs ola word 
i n  ii ~ I I C I I I ~ I ~ I I I ,  

'l'he s i x  01 tlic time window l i w  training 

* 

* 
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data (i'ixctl or adapivc), 
Thc l i t i i i tot i  [xisitivc oriicgalivc training 

l'hc limiting (11' lcc:itures to the top N (lor 
cxaiirplc, top 1,000) by global itifcirma- 
tion gain. 

* 

cYIIIllpIcS, illid - 

Tlicsc piirameters arc tiinctl hy cross- 
validalimi. Some pafiimcters, si ic l i  i is the time 
window, make ii significant difCerencc. Wc 
optimizc pcrhriiiancc by using only tlie n ~ i s t  
recent I .5 to 2 inotitlis' training data. Other 
parameters siicli as stemming (usitig stcmincd 
words as  features-for cxainplc, "honrh" 
instcad ol"bonibing") make only ii sn i i i l l  dil- 
Icrciicc in ovcfiill pcrlormiincc. 

Kesol(s. We cviil~tatcd (lie event-~~icking sys- 
lciiis using iV, Ipositivc training ex;imples p l u s  
iill iivailahlc negative cxamplcs, whcrc N, is 
1, 2, 4, 8, and 16, F(rr ciicli event and partic- 
ol;irN, viiluc, we split tlic'l ' lYl I corpus iit the 
point right aftet the N,th Ipositivc cxainplc of 
tliat cvent. We tiscd the storicc hcforc that 
point lirr training, and the remaining stories 
for testing. I'iltccn d ' t l ic  25 cvciits liavc more 
tliiin I h Yes stol.ics; we used those for event- 
tracking cvaluati~in. ('l'hc stories ,judged iis 
Brie1 wcrc iiscd lor training hut cxcludcd 
lrotii testing.) We tcslcd ciicli systcm mi all  
tlic pairs (I  5 x 5) oI'tl.aining/tcst sets, result- 
ing iii 75 two-by-two contingency tahles (lor 
tlic [xedictetl Yes or Nn vcrsi~s tlic Inic Yes o r  
No for iiti event). 'I'Iic tiiicroavcl.agctl :ind 

compittctl l'roni tlic 15 contingency tahles. 
M i l e  7 shuws tlic results. 

To illustrate the Icarning hchwior( i fkNN- 
ii iind (I-trees with respect to rlic numhcr OS 

Illilcroavcl.ilgc(I pcrlornlallcc scores wcrc 

positive trainiiig CXHII I~I~S,  Ijigurc 7 1"esetits 
t l ie intcipolatctl ciinzs lor ~iiicroavcragc a i d  
iiracroiiverage I h t h  ~i ict l iods work rc21- 
sonably well wilh the sinal l  N, values. cl-trccs 
tire not a s  good iis k N N  when NI = I o r  2; 
a lso,  Ilieir curve ;isytnplotcs at NI = X. Our 
interprctati(iti UT h i s  bchwior i s  that cl-trees 
sclcct only ii few "good" features, but they 
(ovcr)gcncralizc quickly. V i i s  provcs to be 
p h l c m a t i c  when tlrc input tliitii i s  noisy, a s  
cvidcnccd hy Llic apeccli~rcc~ignition-result 
discussed hclow On tlie olher hand, LNN is 
biiscd on the Iociil training cxamplcs SIU- 

rounding ii test story hut ttscs all the tcrins in  
those stories iis Icatures. 

'1'0 investigate tlic tnitlc-olf potential, we 
evaluatctl tlic false-alnrni inid t i i iss rates o l  
kNN-a nntl kNN-h wlicii varying tlic dccisinn 
thrcsliolds on their coiilideticc scores. Wc 
iipplietl decisioti thrcslioldiiig locally within 
cadi event-specific kNN in the experiment 
with a l i xet l  value ofiV,. l l i k  produccd 75 

cvcnts i ind live N, viiliies i n  total, T(i oliservc 
tlic tr;idc-offin ;ivcrngc, wc diviclcd the l ake -  
iilarni range into 5,000 cvcnly sized i titcrvals. 
We llicn c o ~ i i p ~ ~ t c d  tlic average miss rate i n  
cadi iiitcrviil 011 a per-cvciit and per-N, hasis 

Finally, we intcrpnliikd llic resulting poitih 
in iill the intervals. 

I:igiirc 8 shows tlic avcwgc DET citrvcs ol 
kNN-a, kNN-b, end cl-trees lor N, = 8. The 
coinparisoil indicates Ihat kNN-a perlimns 
hest for liigli-precision (or kiw Iilsc-alarni) 
cvent tracking, whilckNN-h ic best f(1rhigh- 
recall-oriciitcd applications. This cotnpari- 
son is  titidcr the (crucial) cotidition 0 1  very 
sinall N ,  uitl i s  not iicccssiirily gciicralimlilc 

I W ~ I  i x y r  CLIWCS per systclll lor tilc is 

illill avcragcd Illcsc ;Ivcragcs over the CVClltS. 
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Table 7. Event-tracking resulk performante overayed over a11 events, 1, = 1 , 2 , 4 , 8  and 16. 

CLASSIFIER "N-A D-TREE UMASS (RF-IOT) DRAGON 

Microaverage 
Recall (Yo) 89 80 64 65 
Precision (%) 44 50 51 30 
Miss (%) 56 50 36 70 

F, 0.59 0.61 0.57 0.41 
Macroaverage 6 0.62 0.53 0.63 0.42 

False Alarm (Oh) 0.04 0.08 0.39 0.10 

to different conditions. In other words, our 
locus licrc is  to evaluate our systcius tinder a 
task-specific constraint, antl we found that 
kNN-b effectively smcrothes the tlctection 
error trade-oll i n  cvcnt ti-aching hettcr than 
kNN-a or tl-trees. 

ENI' UETECI'ION A N D  TKACK- 
iiig represent ti iiew Ihmily or tasks tor  
informalion retrieval antl i i i i iclii i ic Icarii- 
ing. We stt id ied a sct ol retrieval techniques 
aiitl learning algorithms addressing thcsc 
cliallengcs: 

Ana ly ing  the nature of events in news 
stories, 
ltlciitify ing suitable learning ;ilgoritlims 
for event ilctcction ancl tracking, 

* Suggesting special-purpose chnngcv to 
staiidard learning algorilhms, and 

I 
0.8 t 

0 
0 2 4 6 8  

N,value 

1 4  

* Evaluating the suggcatctl tcchniqucs i i i id 

conipariiig the results to tliosc by otbcr 
researcli groups using different techniqocs. 

OuI empiricel evaluations suggest thcsc 
points: 

Ib r  rctrospcctivc detection, conventional 
ductiiiiciit reprcscnt;ilion and rclativcly 
simple cluswing algorilhms (GAC aiid 
INCRj  ciiii Ihe highly cSkclive, espccially 

text  similarity arid tempofiil proxiinity in  
dociiinciit clustering. 
Onlinc novel-evciit dctection i s  soincwliiit 
inore tlit'licult lhan retrospective dctcc- 
tion. Noiiclustci ing appmichcs appciir LO 
have hcttcr detection acciiracy than clus- 
tcring. However, this requires furtlrcr 
investigation. 

* For cvcnt tracking, hoth / tNN and tl-trees 
exhibit cncouraging pcrlormancc in  
quick Iceriiiiig, with their pcrrorlnatice 
c w v e  approaching a platcau after ii very 
siiiall number (4 or 8) olposi l ivc traiii- 

WllCIl they i l lC  atliq'tcd to 11sc hoth COLI- 

i ing cxamplcs. 
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111 event Il-acking, the dctcctioii-error tl'acle- 
off flexibility ( i lkNN-b i i ic re i ises signili- 
catitly with ii suitable ncalcst-neighbor 
sampling and scorc iioriiiali%iitioii. 

I i i iportmt rcscLircIi qucslions Sor fiirtlicr 
invcsiig;ilion include, 

- Arc tlirrc bcttcr learning algorittrlns for 
the 1'DT problcms'? 
Ilow can we model event evolution over 
time tnorc ;~ccuratcly than through time 
windowing or simple linear tlccay? 
How ciiii we coinbinc dociiinciit cluster- 
ing a i d  text  siiininnriziitioii [or tiscr S L I ~  

port in  event detection arid tl-acking'? 

* 

1'1Yl' rcsciirch and evaluations liiive n o t  
thorouglily ;iddressed how to optimally iisc 
system-gciicratctl clusters antl how to best 
match thcsc cliistcrs 10 the "true events.'' I n  
principlc, finding ii meaningiul mapping 
without any inlorniation (lor example, posi- 
tive and negative cxuiiiplcs given an event) 
o r  knowlctlgc about the tiirgct events (loI 
exainplc, C Y C I I ~  descriptions) i s  unrciilistic. 
Doctument clu\tcring can hc iisclid only if 
eve111 identiliciition takes user inpiit (or inter- 
iictioiij ink) :iccotiiiI. ['urlhcrniosc, users 
shoulcl rcccivc suggested browsing strategies 
zilong with rhc systcni-generated clusters. 
Invcstigati tig potential strategies lor t ruc r s -  
ing tlirotigh clustcr hierarchies or c o r p s  par- 
titions, anti nicasuriiig their Imcticitl impact 
lor ciid users i n  terms of time saving and 

&trees- 
kNN-a + 

0 
0 2 4 6 8 10 12 14 16 

N,value 

Figure 7. learning w e r  of event-tracking ryslernr: (a) mitroaveroye; (h) matroaveraye. #,is the l imber  of positive troininy examples 
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Figure 8. Detection Error Trade-off [urves of kNN ond h e r .  
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