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Abstract. In the pap er the application of the general Memory Base

Learning to Ev en t Recognition in the domain of rep orts of sto c k issuers

is in v estigated. A m ulti-classi�er sc heme is applied in whic h the b ound-

aries of annotations are iden ti�ed �rst and then a heuristic algorithm of

merging in to pair is applied. A mo di�ed metho d based only on p ositiv e

examples is prop osed. Sev eral t yp es of simple features requesting only

simple pro cessing of text are tested. The prop osed metho d can b e trained

on a small annotated corpus.

1 In tro duction

Ev en t Recognition (ER) is a sp eci�c case of Named En tit y Recognition and

relies on detecting giv en t yp e of ev en ts and their attributes. ER has b een used

to retriev e informations ab out terrorist activities from news (MUC-3, MUC-4),

air plane crashes and ro c k et/missile launc hes (MUC-7) and medical data from

mammograhical rep orts [6].

The approac hes to ER can b e divided in to three groups: man ual approac hes,

automatic approac hes and com binations of these t w o. The man ual approac h

mak es use of grammar [6], regular expressions [13] and predicate-argumen t mo d-

els [14]. In the automatic approac h the mac hine learning metho ds (decision trees

[2]) and statistical mo dels (Hidden Mark o v Mo del [15]) ha v e b een applied.

The man ual approac h allo ws to ac hiev e v ery go o d qualit y (in terms of preci-

sion and recall) in comparison to the automatic approac h. Ho w ev er, it has some

disadv an tages, lik e high cost in terms of time and h uman w ork to create the

extraction patterns for a giv en t yp e of annotation.

2 Ev en t Recognition

ER is one of the Information Extraction tasks. It relies on detecting descriptions

of ev en ts in text and extracting ev en ts attributes from text. An ev en t is a fact

that o ccurred in a time [1], for instance, the ann ual meeting of the sto c khold-

ers announcemen t. Eac h t yp e of ev en t is c haracterized b y set of attributes. F or

instance, the ann ual meeting of the sto c kholders announcemen t con tains follo w-

ing information: the date, the hour and the place of the meeting, the meeting

agenda, the date, the hour and the place of the trust dep osit.
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ER is a sp eci�c case of Named En tit y Recognition [10, 5]. The core of Named

En tit y Recognition is �nding descriptions of en tities of the de�ned t yp es in text.

The task of ER is �nding instances but also ER tec hniques tak e also the role of

the instance in to accoun t. F or example, the ann ual meeting of sto c kholders can

b e asso ciated with t w o instances of the date, time and place but the instances

ha v e di�eren t roles. One refers to the meeting and the others refer to the trust

dep osit.

The goal of ER is to detect an ev en t description in a text do cumen t and

extract the v alues of the ev en t attributes. Next, the found b eginnings and endings

of description are mark ed (annotated) with some tags .

The goal of this w ork is to construct a metho d of recognition of selected

ev en ts in the domain of activities of P olish sto c k issuers. The metho d should b e

p ossible to b e applied on the basis of a limited corpus annotated man ually .

2.1 Ev en t Recognition as Classi�cation T ask

In the naiv e approac h ER can b e treated as a single-classi�cation task that it

is p erformed b y testing ev ery subsequence of tok ens, where a token is a basic

segmen t of text e.g. a w ord form, n um b er, date or some sym b ol in a do cumen t.

Ho w ev er, in this approac h some problems o ccur. The main problem is the n um b er

of instances to b e tested. This is caused b y v ariable lengths of annotations that

are dep ending on the complexit y of ev en t descriptions. All di�eren t subsequences

should b e c hec k ed, i.e. the h uge n um b er of subsequences can b e generated ev en

for a sen tence consisting of 20 tok ens. The next problem is ho w to represen t the

problem b y the means of a constan t n um b er of learning / testing features as

most of the classi�cation algorithms assume.

F ortunately , ER can b e also considered as a m ulti-classi�cation task. The

idea is to decomp ose ER in to sev eral classi�cation tasks and then merge the

partial results in to whole annotations. Bennett et al. [2] used t w o classi�ers to

recognize the b eginnings and the endings of annotations. Pradhan et al. [11] used

IOB r epr esentation (abbreviation stands for Inside Outside Be gin ) and created

three classi�ers that divide tok ens in to three classes: tok ens b eginning some

annotation, b eing part of some annotation or b eing outside of an y annotation.

Both approac hes has the same problem that the non-b oundaries tok ens are

strongly prev alen t. This means that for ev ery single p ositiv e instance there are

h undreds of ev en thousands negativ e instances.

2.2 Instance F eatures

Descriptions of ev en ts are natural language expressions. The b eginning and end-

ing of expression can b e c haracterised b y sev eral linguistic features that are used

during training and classi�cation. The groups of features presen ted b elo w are

put in order of increasing demands on the complexit y of pro cessing:

� R ough char acteristics of token char acters �t yp e of c haracters o ccurring in

tok en structure. There are 7 t yp es of tok ens distinguished according to t yp es

of c haracters constituting them. The t yp es are presen ted in T able 1.
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T able 1. Groups of tok ens according to the c haracteristics of c haracters

Group Description

Lo w erCase a sequence of lo w er case letters

Upp erCase a sequence of upp er case letters

InitCap a capitalized w ord

MixedCase a sequence of lo w er and upp er case letters

Num b er a sequence of digits

Sym b ol a sequence of c haracters other than letters and digits

Mixed a sequence of letters, digits and/or sym b ols

� Morpho-syntactic description of a w ord form (called also a morpho-syn tactic

tag)�w e assume the IPI P AN Corpus (IPIC) format [12], according to whic h

a description consists of: a gr ammatic al class (more �ne grained division of

P arts of Sp eec h in to 32 classes), and v alue of grammatical categories, e.g.

n um b er, case, gender, p erson, degree and other. There are 12 grammatical

categories assign in di�eren t subsets to di�eren t grammatical classes, see [12].

The morphological base form whic h is a part of an IPIC tag, is separated

here b ecause of its imp ortance in the algorithms prop osed here.

� Morpholo gic al b ase form �represen ts a set of w ord forms di�ering in v alues

of grammatical categories but describ ed as one lexeme in a lexicon. As as-

signmen t of morpho-syn tactic tags to w ord forms is often am biguous (man y

tags p ossible for a w ord form) for these t w o features the usage of tagger

disam biguating description is necessary .

� Shal low/de ep syntactic structur e �is necessary in the construction of the

pr e dic ate-ar gument mo del of a sen tence that is the basis for the assignmen t

of seman tic roles to the sen tence elemen ts in [14].

� Semantic gr oups �de�ned on the basis of automatically extracted seman tic

similarit y (seman tic relatedness), or de�ned man ually in the form of sets of

synon yms, e.g. [7], could b e used to divide w ord forms in to seman tic classes,

that w ould simplify the classi�er training and w ork. Ho w ev er, an y suc h se-

man tic resource has not b een constructed for the domain of our in terest,

y et.

3 Memory Based Learning

Most of the Mac hine Learning algorithms needs a large set of training examples

in order to ac hiev e go o d results. In our domain of in terest, the preparation

of suc h set is v ery lab orious as it means that h undreds of annotations m ust b e

man ually in tro duced to text do cumen ts. Th us w e assumed the general sc heme of

the Memory Base d L e arning as the basis for our solution. Decreased demands on

the preparation of training data mak es the prop osed solution closer to practical

applications.
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In our approac h, t w o separate classi�ers are built: one for annotation b egin-

nings, and the second one for endings. The iden ti�ed b eginnings and endings are

next com bined b y a heuristic algorithm, see Sec. 3.2.

Both classi�er use three features t yp es (tok en t yp e, base form and grammat-

ical class) of three tok ens b efore a p osition b eing classi�ed (an outer c ontext )

and t w o tok ens after (an inner c ontext ).

Base forms and grammatical classes are iden ti�ed b y the previous application

of the T aKIPI tagger [9]. As t w o additional features, w e in tro duced the �rst

preceding noun and prep osition. A sample training instance of date annotation

is sho wn in T able 2.

T able 2. A sample training instance of date annotation starting b oundary

fe atur e no. w dniu 19 czerw ca 2006

1-5 t yp e Lo w erCase Lo w erCase Num b er Lo w erCase Num b er

6-10 base form w dzie« 19 czerwiec 1006

11-15 grammatical class prep subst ign subst ign

16 preceding noun base o db y¢

17 preceding prep osition w

3.1 Original Approac h

Memory Base d L e arning [3] (also kno wn as Instanc e Base d L e arning or L azy

L e arning [8]) relies on storing the training instances as they are. No generaliza-

tion or reduction is p erformed at the training step so no information is lost. The

problem of generalization is p ostp oned un til new instances are classi�ed.

As all the features used in our exp erimen ts are sym b olic, w e ha v e c hosen the

o v erlap metric (Equation 1 and 2).

� (X; Y ) =
nX

i =1

� (x i ; yi ) (1)

� (x i ; yi ) =
�

1 if x i = yi

0 otherwise
(2)

Memory Base Learning applies the k-NN (k-Nearest Neigh b ours) metho d to

classify new ob jects during w orking phase. The metho d assign this class to a new

ob ject that is most common among a group of the k most similar stored, training

examples. A visualization of this metho d is presen ted on the Figure 1 on the left

side., where triangle represen t our tested ob ject (i.e. a v ector of feature v alues

describing a giv en p osition in text), the circles negativ e training examples and

the discs p ositiv e examples. The gra y disc encapsulate the k =5 neigh b ors, whic h

are nearest to the tested ob ject. In this case the new ob ject will b e classi�ed as

a p ositiv e one.
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3.2 Mo di�ed MBL

Because of the fact that negativ e instances (non-b oundary tok ens) are strongly

prev alen t w e in tro duced a mo di�cation of the original Memory Based Learning

metho ds that can cop e with this problem. In the mo di�ed MBL only p ositiv e

examples, whic h represen t starting or ending b oundaries, are stored. The neg-

ativ e examples (non-b oundary tok ens) are not tak en in to consideration at all.

Ho w ev er, in that w a y for almost an y p osition in text w e can exp ect to ha v e some

p ositiv e neigh b ours in a distance greater than zero.

Because only examples of one class are stored, the k-NN metho ds cannot b e

used. Instead, w e in tro duced a thr eshold for the n um b er of neigb ours written as

the parameter k . The classi�cation pro cess starts with measuring the distance

b et w een a new ob ject and all stored examples. Next, the n um b er of examples

whose similarit y is greater or equal to the value thr eshold t is coun ted�only these

are treated as neigh b ours in the next step. A new ob ject is classi�ed as p ositiv e

only if the n um b er of found neigh b ours is greater or equal to the parameter k .

A visualization of this metho d is presen ted in Figure 1 (righ t side).

Fig. 1. Visualisation of the k-NN metho d (on the left) and the k-thr eshold classi�c ation

(Mo di�ed MBL)(on the righ t)

After iden ti�cation of p ossible b eginnings and endings w e ha v e to iden tify

pairs of them de�ning b orders of subsequen t annotations. The imp ortan t domain

factor is that the annotations do not cross, i.e. the b eginning of the next one

cannot b e lo cated b et w een the b eginning and the end of the previous one. This

fact help ed in constructing a heuristic pro cedure of �nding pairs.

First, the highest v alues of similarit y whic h w ere found during classi�cation

are stored for eac h classi�ed ob ject. Next sequences (p ossibly of the length one)

of tok en classi�ed as p ossible b eginnings are iden ti�ed in text. Then, inside eac h

sequence the hill-clim bing algorithm is used to �nd the tok en with the highest

similarit y . F or the selected tok en, in the next step w e are lo oking to the righ t for a

tok en that can b e an ending b oundary . When w e searc h for the ending b oundary

w e consider only tok ens that app ear on the p ositions from the starting b oundary
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p osition + a minimum length of the annotation to the ending b oundary p osition

+ a maximum length of the annotation . The v alues of the minimum length of

the annotation and the maximum length of the annotation are calculated during

the learning pro cess.

4 Exp erimen t

4.1 T raining Set

F or the needs of exp erimen ts, a set of training examples w as extracted from do c-

umen ts concerning sto c k exc hange domain. Eac h do cumen t con tains a rep ort

p osted b y a sto c k issuer. In P oland ev ery unit that issues sto c ks is obligated

b y la w to presen t curren t and p erio dical information ab out the issuer according

to act [4]. The act de�nes 26 t yp es of information that the issuer is obligated

to publish. During the sev eral mon ths of the y ear 2006 w e collected a set of

do cumen ts including more then 10000 do cumen ts. A t the �rst step the do cu-

men ts w ere �ltered in order to separate those describing the ann ual meeting

of sto c kholders. 390 do cumen ts w ere found b y simple k eyw ord searc hing. Then

eac h do cumen t w as man ually annotated in terms of the date , the time and the

plac e of a meeting.

Finally , the training set consisted of 424 instances of the meeting date, 383

instances of the meeting time and 385 instances of the meeting place.

4.2 Base Line

Because it w as hard to �nd a exactly similar w ork (esp ecially for P olish), as a

base line w e c hose the p erformance of the man ually created regular expressions.

W e wrote a set of rules to extract eac h t yp e of annotations (time, date and place)

from plain text. A sample regular expression for meeting place:

1 (w|we)\s*

2 (?<annotation>

3 (siedzibie\s*[sS] po lk i\s *( (, \s* )? w\ s*) ?) ?\w *( ,| \s* pr zy )\s *

4 (?<street>ul\.\ s*\ w* \s *(n r\ s* )?( ?< nu mbe r> \d* (/ \d *)? ))

5 )

T able 3. P erformance of the regular expressions

Precision Recall F-measure

Meeting time 93.75 97.91 95.78

Meeting date 59.57 96.76 73.75

Meeting place 17.91 16.10 19.96
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The construction of the regular expression to ok sev eral w orking da ys. The

results of the their application are presen ted in T able 3.

In the case of relativ ely simple patterns of time expression, the result is quite

go o d. The outstanding lo w results for the me eting plac e annotation w ere caused

b y the t w o facts. First, for eac h t yp e of annotation a 2-hours time limit w as set

on the w ork sp en t on the man ual construction of the expression. The me eting

plac e annotation is a com bination of smaller elemen ts lik e a cit y name, a p ostal

co de, a street name and n um b er, a building name and others. The v ariet y of the

annotation elemen ts (the order and the n um b er) caused that it w as di�cult to

create a go o d regular expression during the 2-hours limit time.

In the base line w e consider only the p erformance for whole annotation recog-

nition, w e did not constructed and tested expressions for the iden ti�cation of

b eginnings and endings, separately .

T able 4. Num b er of p ositiv e and negativ e instances for the meeting date annotation

P ositiv es Negativ es T otal

Balanced 424 424 848

1% 424 3015 3439

10% 424 30157 30581

100% 424 301579 302003

4.3 MBL Approac h

Applying the original MBL, w e ha v e conducted 3 exp erimen ts with di�eren t

n um b er of negativ es instances used in the training set. Eac h case w as testes us-

ing 10-fold Cross V alidation and the minim um, a v erage and maxim um v ales of

precision, recall and F-measure are presen ted. In the �rst run w e used balanced

n um b er of p ositiv es and negativ es instances. F or eac h p ositiv e instance one ran-

domly tak en negativ e instance w as used. In the follo wing runs w e used 1%, 10%

and 100% of all negativ e instances.

In the original MBL approac h w e consider only the p erformance for starting

and ending b oundaries recognition, see T able 5 and Figure 2 (MBL precision,

recall and F-measure), as the �rst results of the application of the heuristic

searc h metho ds w ere not encouraging.

4.4 Mo di�ed MBL

In the mo di�ed MBL approac h w e calculated the p erformance for b oth starting

and ending b oundaries, as w ell, as whole annotation recognition (T ables 6, 7, 8).
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T able 5. Original MBL with the k =3, all p ositiv e and 1% of all negativ e examples

Begin End Annotation

Precision Recall F-measure Precision Recall F-measure Precision Recall F-measure

Min. 10,42 96,08 18,87 9,79 96,43 17,83 18,75 39,22 25,68

A vg. 14,78 98,84 25,61 13,37 99,31 23,52 22,24 46,30 29,92

Max. 20,33 100,00 33,56 16,09 100,00 27,72 26,67 54,90 35,90

T able 6. Results for the me eting time using mo di�ed MBL with the threshold =0.75

Begin End Annotation

Precision Recall F-measure Precision Recall F-measure Precision Recall F-measure

Min. 84,444 90,244 90,476 81,395 87,500 84,337 97,143 85,000 90,667

A vg. 92,789 97,041 94,802 85,499 91,575 88,402 99,714 89,378 94,240

Max. 97,619 100,000 97,619 92,857 97,674 94,382 100,000 94,872 97,368

T able 7. Results for the me eting date using mo di�ed MBL with the threshold =0.75

Begin End Annotation

Precision Recall F-measure Precision Recall F-measure Precision Recall F-measure

Min. 86,667 83,673 85,417 81,356 91,667 86,275 92,593 80,392 88,636

A vg. 92,167 88,269 90,116 88,085 95,106 91,408 98,332 85,184 91,230

Max. 97,826 93,333 92,784 96,667 98,039 96,667 100,000 90,000 94,737

T able 8. Results for the me eting plac e using mo di�ed MBL with the threshold =0.75

Begin End Annotation

Precision Recall F-measure Precision Recall F-measure Precision Recall F-measure

Min. 40,000 85,000 55,474 51,220 45,238 50,602 44,828 29,268 36,923

A vg. 50,549 90,636 64,725 74,487 60,505 65,919 62,971 40,036 48,580

Max. 57,813 97,561 70,476 96,296 78,571 78,873 81,481 53,659 64,706



P attern Extraction for Ev en t Recognition 283

Fig. 2. The impact of the negativ e instances

5 Conclusions and F uture W ork

Ev en t Recognition is a sp eci�c case of Named En tit y Recognition and relies on

recognizing ev en ts and their attributes. Ev en t Recognition can b e treated as a

single classi�cation problem as w ell as m ulti-classi�cation problem. In b oth cases

the negativ e instances (non-b oundary tok ens) are strongly prev alen t. The exp er-

imen t sho wn that the b est results using Memory Based Learning w ere obtained

when all instances (p ositiv es and negativ es) w ere used in the training pro cess.

Reduction of the negativ e instances caused the decrease of the p erformance.

W e prop osed a simple mo di�cation of the original Memory Based Learning

metho ds that uses only of the p ositiv e instances. The obtained results for the

mo di�ed metho d are comparable to the original MBL results but only when in

MBL all examples are used (Figure 2). Ho w ev er, when w e decrease the n um b er of

negativ e examples, the MBL metho ds stops w orking in the case of this particular

tasks and the domain. Con trary to this, the Mo di�ed MBL metho d pro duces

go o d results for the n um b er of training data w as reduced ab out 1000 times. It

means that time of pro cessing is reduced enormously: the mo di�ed MBL w orks

on �y , while the application of MBL for the whole training corpus tak es da ys.

The exp erimen ts sho w ed that for this particular task, a simple memory based

learning can b e a solution comp etitiv e to man ually constructed rules, as a limited

corpus is required whic h can b e annotated in short time, the annotation of

do cumen ts is m uc h easier than the construction of rules, and the metho d w orks

e�cien tly .

As w e ha v e only the T aKIPI tagger in our disp osal, w e w an ted to sta y with as

simple features as p ossible. Ho w ev er, the natural direction of the further researc h

is enric hmen t of the description of text structure, and adding seman tic prop erties
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of w ord forms. W e w an t also to in v estigate di�eren t similarit y functions, e.g.

applying some domain heuristics.
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