Met hod and System for Wrd Sequence Processing FlELD
OF I NVENTI ON The present invention relates broadly to
woretosodseand systens for word sequence processPEYSG208000169
in particular to a method and system for conducti ng
named entity recognition, to a nethod and system for
conducting a word sequence lprocessing task, and to a
data storage medi um BACKGROUND Naned entity (NE)
recognition is a fundanental step to many conpl ex
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devel oped using either rul e-based approaches or
supervi sed machi ne | earni ng approaches. For the
rul e-based approaches, the rule set is required to be
FlElflfB'ﬁlwq‘WIOﬂaCh new donmai n or task. For supervised
machi ne | earni ng approaches a | arge annotated corpus
such as MJC and GENI A are needed in order to achieve
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performance. However, annotating a large corpus is difficult and time-consuming. In one
group of supervised machine learning approaches, Support Vector Machines (SVM) are

utilised.

On the other hand, active learning is based on the assumption that a small
number of annotated examples and a large number of unannotated examples are
available for a given domain or task. Different from supervised learning in which the
entire corpus are labelled manually, active learning selects examples for labelling and
adds the labelled example to a training set of a retrain model. This procedure is
repeated until the model achieves a certain level of performance. Practically, a batch of
examples are selected at a time, often referred to as batch-based sample selection,
since it is time consuming to retrain the model if only one new example is added to the
training set. Existing work in the area of batch-based sample selection focuses on two
approaches, namely certainty-based methods and committee-based methods, to select
the sample. While active learning has been explored in a number of less complex NLP
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In accordance with a second aspect of the present invention, there is
provided a method of conducting a word sequence processing task, the method
comprising selecting one or more examples for human labelling based on an
informativeness criterion, a representativeness criterion, and a diversity criterion, and
retraining a model for the named entity recognition based on the labelled examples as
training data.

The word sequence processing task may comprise one or more of a group
consisting of POS tagging, text chunking, parsing and word sense disambiguation.

In accordance with a third aspect of the present invention, there is provided a
system for conducting named entity recognition, the system comprising a selector for
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informativeness criterion, a representativeness criterion, and a diversity criterion, and
retraining a model for the named entity recognition based on the labelled examples as

training data.
BRIEF DESCRIPTION OF THE DRAWINGS

Embodiments of the invention will be better understood and readily apparent
to one of ordinary skill in the art from the following written description, by way of
example only, and in conjunction with the drawings, in which:

Figure 1 shows a block diagram illustrating an overview of the process used in an

embodiment of the present invention;



entities, according to an exanple enbodi nent. Figure 3
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Figure 8 is a schematic diagram illustrating a NE recogniser according to an
embodiment of the present invention.

DETAILED DESCRIPTION

Figure 1 shows a block diagram illustrating the process 100 used in an
embodiment of the present invention. From an unlabeled data set 1 02, examples e.g.
103 are selected for a batch 104. The examples are selected based on informativeness
and representativeness criteria. The selected examples are also judged against a
diversity criteria with each example e.g. 106 already in the batch 104. If the newly
selected example e.g. 103 is too similar to existing examples e.g. 106 the selected
example 103 is rejected in the example embodiment.



increase the contribution of an exanple batch 104
towards inproving the | earning performance, which
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representing the majority. Two diversity considerations (global and local) avoid
repetition among the examples of a batch. Finally, two combination strategies with the
above three criteria reach an increased effectiveness on active learning for NER in
different embodiments of the present invention.

1 Multi-criteria for NER Active Learning

The use of Support Vector Machines (SVM) is a powerful machine learning
method. In this embodiment, active learning methods are applied to a simple and
effective SVM model to recognise one class of names at a time, such as protein names,
person names, etc. In NER, SVM seeks to classify a word into positive class “1”
indicating that the word is a part of an entity, or negative class “-1” indicating that the
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1.1.1 Informativeness Measure for Word

In the simplest linear form, a training SVM finds a hyperplane that can separate
the positive and negative examples in a training set with maximum margin. The margin
is defined by the distance of the hyperplane to the nearest of the positive and negative
examples. The training examples which are closest to the hyperplane are called support
vectors. In SVM, only the support vectors are useful for the classification, which is
different from statistical models. SVM training gets these support vectors and their



vectors can later be used to classify the test data.
The informati veness of an exanple in enbodi nents of
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an exanpl e has on the support vectors when added to a
training set. An exanple may be informative for the
| earner if the distance of 7ts feature vector to the
hyperpl ane is less than that of the support vectors to
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I nformati veness Measure for Nanmed Entity Based on the
above informativeness neasure for a word, the overal
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fdlggnputed based on a sel ected word sequence contai ni ng
named entity and its context. Three scoring

functlons are %8%34 Oyf%{)g ll ows. Le NE= WL...wN\,
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support vectors in a current model.

The example with minimal Dist is selected, which indicates that it comes closest
to the hyperplane in feature space. This example is considered most informative for the

current model.
1.1.2 Informativeness Measure for Named Entity

Based on the above informativeness measure for a word, the overall
informativeness degree of a named entity NE is computed based on a selected word
sequence containing a named entity and its context. Three scoring functions are
provided, as follows.

Let NE=w,...Wy,

where N is the number of words in a selected word sequence.



Info(NE) =- - DDSt(W) W NE 2 ) where, w,- is the
feature vector of the ith word in the word sequence.
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in the example embodiment task), the word is considered with short distance. Then,
the proportion of the number of words with short distance to the total number of
words in the word sequence is computed and this proportion is used to score the

informativeness of the named entity.

NUM(Dzst(w,) <a)
Info(NE) = W'EN @

The effectiveness of these scoring functions in example embodiments will be evaluated
below. The informativeness measure used in example embodiments is relatively
general and can be readily adapted to other tasks, in which the example selected is a
sequence of words such as text chunking, POS tagging, etc.

1.2 Representativeness

In addition to the most informative example, the most representative example is
also preferred in example embodiments. The representativeness of a given example
can be evaluated based on how many examples there are similar to or near to the given
example. Examples with a high representative degree are less likely to be an outlier.
Adding a high representativeness example to the training set will have an effect on a
large number of unlabeled examples. In this embodiment, the similarity between words

is computed using a general vector-based measure, this measure is extended to the
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representativeness of a named entity is quantified by
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measﬁﬂﬁ@ GEéd? irt &i€ e edinenBisSRIINEI yePleralind Scansbe: Feaily taespted to
chunki ng

, POS tagging, etc, 1.2.1 Simlarjity Measure
othersiaelip - WBICA SN rEXaTplEh aPlsFiegile: 8rSaGHEReS b rds. (gHen as tex
chunRihg] P@S itdggikgeween two vectors nmay be neasured by

conmputing the cosine value of the angle between them

This nmeasure, called cosine-simlarity neasure, has

begp.1UsSithiiatity MeasiRibedWee®# Wordal tasks to conpute
the simlarity between two docunents, or between a

docunment and a query. The snaller the angle, the nore
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Particularly, the calculation in SVYMfranmework is
the SBYIPITET A RBCHTIOPRORANER B GRENTEN S0 ferboLhe smaller
the al;i@@,rtﬁ;a m{orgarzmhsaﬁﬂ,{ t&mwel drhttie fveators. an\tmémﬁpl@émgbeimm sk, the
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cosinprs TOYRTLY eApure used ol aRiiy TN Dptigen Mo words
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simlarities between rds. ardin n entity as a
SVM figmewosk isemiien "&Eﬁf‘@?&’%qie&ﬁ' CER%ﬁ%fogo\é(ﬁ‘bodi ments of

the present invention, |gQhis)conputation is anal ogous

to the ali gﬂmmx,-b#ﬁv#ﬁ#ejes. A dynamc tine

war pi ng (DTW al gor VR *P&Feddcribed in 8) R

Rabi ner, A Rosenber nd S. E._lLevinson. 1978.
wherg et tsTealTe SR LR ho Al gori ¢ e f or

Di screte Wrd Recognition. In Proceedings of |EEE

Tr actl apns..op acousti.cs eec si gnal

pr@g%ss$'ﬂﬂ.ar%p'.eaﬁ%’ %eéﬁa@ejcpﬁgﬁtg%l oyed in the

exanpl e enbodi nent to find an

In this part, the similarity between two machine-annotated named entities is

computed given the similarities between words. Regarding an entity as a word
sequence, according to the example embodiments of the present invention, this
computation is analogous to the alignment of two sequences. A dynamic time warping
(DTW) algorithm (as described in L. R. Rabiner, A. E. Rosenberg and S. E. Levinson.
1978. Considerations in Dynamic Time Warping Algorithms for Discrete Word
Recognition. In Proceedings of IEEE Transactions on acoustics, speech and signal
processing. Vol. ASSP-26, NO.6.) is employed in the example embodiment to find an
optimal alignment between the words in the sequences which maximises the
accumulated similarity degree between the sequences. However, the algorithm is
adapted as follows:



opti mal alignnment between the words in the sequences
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wheirdeeised he sequences. However, the al gorit hnmP@ESG2005/000169

adapted as follows:Let NE1 = W1W2 ... Wn ...wlN, (n

=1,..., N and NE2 = W1W22...wW2m . V\/ZM (m—l

M denote two word sequencetoto be rmtched NE1 and

NE2 consist of N and M words, respectlvely NEL(H) =
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ermnete pt'i mum pat’h map(n he accunul at ed
thatghqwcpcalmqlqte@smaﬂfy %myalgng H"ﬁ}j@thﬂs @ﬁxm‘ﬂﬁ)ede an be
recursively calcul ated as SinL =Simwn ,w2m)
+My anx  Simit pilaex, Zé‘}m@”ﬁi('ﬁaﬂ %m“PKl'e))bveral I
simlarity measure Sint is normalised, as | oRger
sequences normal ly give higher siml ari ty val ues.

Thus, arity bet n. two ences NE and NE2
!0 e S e e iseth eogetsiane g SRR At A0g). The
accurauaRAShiRirity SME:36 alMe ghd! peint O ni)l&ﬁﬁcrbeE%UrﬁlyelﬁcaleMamd as

set of mmac |ne nnot ate ti.ti.es NESet = [ NE]1,
.., NEXEP(PhE V’é(ﬁrne‘g’egfgzﬁn&g'ﬁe 5P a naned e(m;[ity

NEL1 n NESet is quantified by the denS|ty of NE; In the
Finafl%anpl e enbodi ment. The density of L/E, is defined as

the average sim I@;nu:t:)g,pqw/\@pﬁ NEl- a all the other
entities NE in NESet é\s foll n(g)

The overall similarity measure Sim* is normalised, as longer sequences normally
give higher similarity values. Thus, the similarity between two sequences NE; and NE;

is calculated as
Sim *

Sim(NE, NE>) = 3 N 30) (9)

1.2.3 Representativeness Measure for Named Entity

Given a set of machine-annotated named entities NESet = {NE;, ..., NEp}, the
representativeness of a named entity NE;in NESet is quantified by the density of NE; in
the example embodiment. The density of NE; is defined as the average similarity
between NE; and all the other entities NE; in NESet as follows.

> Sim(NE,, NE,)
Density(NE,) = 22

N-1 (10)

If NE; has the largest density among all the entities in NESet, it can be regarded
as the centroid of NESet and also the most representative examples in NESet.



Sin(NE,,NE|j ) Density(NE) = - 1 (10) If NEl-has the

| argest density anong all the entities in NESet, it
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nost representative exanples in NESet.1.3 Diversity

The diversity criterion is used to maxi m se the

training utility of a batch Mn the exanpl e enbodi nent .

A batch in which the exanpl es have high variance to

eaqty ot MyersityPr ef erred. For exanple, given a batch

size 5, it is preferable not to select five simlar

exanples at a tinme. Two nethods: |ocal and gl obal, are
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relafively gepergh g0d. cannke fiearly asiapied; 105 ofhgr (aRkSs inrihich, ecpxample
selddRY i98 seQiSHRYT Words, Blidpds fet duBking! POS tagding) afed
entities fromdifferent clusters are selected at one

time. A K-neans clustering algorithm for exanple

al got.iit isfoBAPCassiati@a@oni N Figure 2, is used in the
exanpl e enbodinent. It will be appreciated that other

clustering approaches may be used in different

ey BBQ cdnEi@lb%bﬂgalhhé?ﬁé’d éhiltre%| mWELSét%fré l&ﬁlstered based on
appr oac such as S|n

the GrUENEY MegeUgr BIOPASRSH 2L B o heohameS ekt e same

clustihay W&%sﬂer@@élﬁﬁléﬂ tBGaa@h B@l‘é’r lb%trf‘dm&f erﬂmé@ﬁbrﬂsdlfférékﬂ clusters
pair-wise simlarities within each_cl u{s?ter ar

are é@ﬁﬁ@#@aov% tiger A Kemeanstausteringralgarithmg £ SKAMPig Rigorithm 200 as

showh F@uké bes el\reeR é@ﬁibleeérﬁﬁsdhﬁreﬁﬂ dt mulbecaimdiatd@ that other
are also co uted to repartition eexan‘gles

clusaﬁflngh@pm@@qmﬁt Mgk kenyge 'rbﬁﬁfﬁtﬁf‘w@b@"m ol”ﬁ‘“ﬁ"“g Rerarchical

clus@é rh%ﬁ&ﬁetéﬂ%ﬁnai Rhgle-firlkuehuBtes, cohletd-Mk clustering, group-
lexity of 't ealgorlthmls about N2/ K+NK) . In

ave(ﬁg@ agglomesative clustering.

In each round of selecting a new batch of examples, the pair-wise similarities
within each cluster are computed to get the centroid of the cluster. The similarities
between each example and all centroids are also computed to repartition the examples.
Based on the assumption that N examples are uniformly distributed between the K
clusters, the time complexity of the algorithm is about O(N¥K+NK). In one of the
experiments described below, the size of the NESet (N) is around 17000 and K'is equal
to 50, so the time complexity is about O(10°%). For efficiency, the entities in NESef may

be filtered before clustering them, which will be further discussed in Section 2 below.

1.3.2 Local Consideration



experinments descri bed bel ow, the size of the NESet (N)
is around 17000 and Kis equal to 50, so the tine
weewphessdy is about O(1 06). For efficiency, PEESG2005/000169
entities in NESet may be filtered before clustering
them which will be further discussed in Section 2
bel ow. 1.3.2 Local Consider¥ionWen sel ecti ng a
machi ne- annot at ed naned entity in exanpl e enbodi nents,
thfWVIﬁb’ﬂt Eﬁ[bd g gtmadrmé_léﬁﬁw_ t@diﬂwhé@eﬂﬂlty |m%>€é(ﬂ1p|§q)el§h1bodlments the
sel ected nanmed .entities . in t r ent tC
e ss PR ARER P SRR Tr L SRS e cTent
batchX A thé lellﬁnfycﬂet\ﬂéérﬂm@ﬁ it abdR @tﬂ'rg&ﬂ\oldﬁ ,@hik Reampled$ notlelﬁwed
es i s base sure suc
to b 293¢0 Pl tBF hachy e S0k S tho BB pISde ReS! Qb sasire

suchBa.an irforffatiderzel imalired 8 r@éregém@tWeﬁmmw@reAﬂaemmbﬁon of

thos'leﬁﬁé‘a'awé’a%' el B3R Gobar Lo Pt 5 GpR P oms

ﬁ‘%tpééﬁlettg%véﬂ@eie%ﬁné éi(am\ﬂl@é ihtai/al‘é%élglnh%r (sﬂni?ari%a&éhﬁle 2 B)
hr eshol he average simlarity between

in atbﬁ@hef[ Hﬁﬁ?f@§hq|¢1l3m§£¥el¥e thwaivgrase EipERRetwpen feyexamples in

NES&Aui res Q(NK+K2) conputational tine. In one of the
experinments (N ~ 17000 and K = 50), the tine
conplexity is about 0(1 05) . 2 Sanple Selection

st "Iﬂseé’dr%ﬁieﬂﬂoﬁ &ﬁ)c'i'édlﬂreg Q§(‘NK+*P@F c&ﬁﬁbthﬁorfeﬂ) Hiene IRbAe of the

stri ke a bal ance between the criteria, vi
experiperist ©£ARR and Kep?@s@ﬁtt'mq GRERledty ds, abwt&(ﬂ% D1 y, to

reach a maxi num ef fecti veness on NER active | earning

i n exampl e. enbodi nents. The selection strategies are
%%!EEGQﬂﬂe‘itlﬂ!' $tEteOIeS priorities of the criteria and

the varying degrees to satisfy the criteria. Strategy

1: First the informativeness criterion i s considered,

m dhisrRectien describas bew touembing angisikest balancs hatween-theiteria,

viz. S ﬁ'ﬁérﬁ%g?é% NE@%?eJeﬁfatu@éhéth nde Higer§ityd etto CAddcBd a  maximum

hi s pre- sel ect |ng the sel ection pr.ocess
eﬁectyen@afeorf NE eactlvehlelamlrag ingxample enbedimenis. Jingselgction strategies

are bfa\gmfhe' \%r*lHl\ﬁ_gném@sl &'thd BARris Al td VARGt deghd to satl?fy the

exa es in RSet are clustered and the centroid
Cﬂteélach cluster is chosen and added into a batch call ed
Bat chSet. The centroid of a cluster is the nost

representative exanple in
e Strategy 1: First the informativeness criterion is considered. m examples are

chosen with the highest informativeness scores from NESet for an intermediate set
called INTERSet. By this pre-selecting, the selection process is made faster in later
steps, since the size of INTERSet is much smaller than that of NESet. The examples in
INTERSet are clustered and the centroid of each cluster is chosen and added into a
batch called BatchSet. The centroid of a cluster is the most representative example in
that cluster since it has the largest density. Furthermore, the examples in different
clusters may be considered diverse to each other. In this strategy, representativeness
and diversity criteria are considered at the same time. An example algorithm 400 for this
strategy is shown in Figure 4.

e Strategy 2: The informativeness and representativeness criteria are combined

using the function
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Results and Anal ysis 3.1 Experi ment Setti ngs I n order

to evaluate the effectiveness of the selection
3 st Fawegmental Resylts.and ARal¥RiSnent s, the strategies were

applied to recognise protein (PRT) nanes in bionedical
domai ns using GENI A corpus V1.1 ( T. Chta, Y. Tateisi,
J. 3 m Bypepiment 38HINGS Tsyujii. 2002. The GENI A corpus:
An annot ated research abstract corpus in nolecul ar

bi ol ogy domain. In Proceedin f HLT 02)

( PER)CTd¢rotoatyahAte Ltb@)effeﬁt*\(féﬁg%ﬁ? 8% lﬁﬁg,?" SyAEgidRnn Srample
emméﬁtéet@@ﬁh@ ¢S %ré\ﬂﬁpﬁe@(}bpk&ogﬁﬁ@cﬁﬁfblrﬂgwmﬁ hdfes in

Sixth Message, Underst andi ng ConferenE& -?rki\'n

biorpedieatraamaing bisingHENIA erpusy 4 diTs Qta Taiely r by Mima and
J. T5BR. 202! ehe oA cW?;ﬁlsF Aﬁ%ﬁbwtéwﬂebéarbntaas&ém @erpmam #riolecular

an initiral or seed training set to buil ’]TZ Bp{oatfpé\
biolpgi somajp. tla siProseedipgs @Hr/luat@o?h@nsewaq REB).oloclipn (LOC),
orgdfiéiion Q@@@)%éﬂsaﬁehfﬂsvﬁ@ déRamalsitd MRXGBoBsus: Piéceedings of

sl ze of each data set is
the Sixth Message Understanding Conference, Morgan Kaufmann Publishers, San
Francisco, CA, 1995. First, the whole corpus was randomly split into three parts: an
initial or seed training set to build an initial model, a test set to evaluate the performance
of the model and an unlabeled set to select examples. The size of each data set is

shown in Table 1.

Domain |Clas | Corpus [Initial Training Set Test Set Unlabeled Set
s
Biomedica| PRT |GENIA1. 10 sent. (277 900 sent. (26K 8004 sent. (223K
| 1 words) words) words)
PER 5 sent. (131 words) 7809 sent. (157K
Newswire MUC-6 602 sent. (14K words)

words)
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The embodiments of the present invention seek to reduce the human annotation
effort to learn a named entity recogniser with the same performance level as supervised
learning. The performance of the models was evaluated using “precision/recall/F-
measure”.

3.2 Overall Result in GENIA and MUC-6

The selection strategies 1 and 2 of the example embodiments were evaluated by
comparison with a random selection method, in which a batch of examples was
randomly selected iteratively, on GENIA and MUC-6 corpus. Table 2 shows the amount
of training data needed to achieve the performance of supervised learning using the
various selection methods, viz. Random, Strategy1 and Strategy2. The Info_Min scoring
function (3) was used in Strategy1 and Strategy?2.
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Furthermore, when the model was applied to newswire domain (MUC-6) to
recognise person, location and organisation names, Strategy? and Strategy2 showed an
even better result in comparison to the supervised learning and Random, as shown in
Table 2. On average, the training data required could be reduced by about 95% to
achieve the same performance as the supervised learning in MUC-6.

3.3 Effectiveness of Different Informativeness-based Selection Methods

The effectiveness of the different informativeness scores (compare (1.1.2)) in
NER task was also investigated. Figure 6 shows plots of training data size versus F-
measure achieved by the informativeness-based scores: Info_Avg (curve 600), Info_Min
(curve 602) and Info_S/N (curve 604) as well as Random (curve 606). The
comparisons were made in the GENIA corpus. In Figure 6, the horizontal line is the
performance level (63.3 F-measure) achieved by supervised learning (223K words).
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Info_Min Strategy1 _ Strategy2
51.9K 40K 31K

Table 4: Comparisons of training data sizes for the multi-criteria-based selection
strategies and the informativeness-criterion-based selection (Info_Min) to achieve the

same performance level as the supervised learning.
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Compared with previous approaches, the corresponding measurements /
computations described in the example embodiments are general purpose, which can be
adapted for use on other word sequence problems, such as POS tagging, text chunking
and parsing. The multi-criteria strategies of the example embodiments can also be used
for other machine learning approaches than SVM, such as boosting.

It will be appreciated by a person skilled in the art that numerous variations
and/or modifications may be made to the present invention as shown in the specific
embodiments without departing from the spirit or scope of the invention as broadly
described. The present embodiments are, therefore, to be considered in all respects to

be illustrative and not restrictive.
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bagsed omThé haethadedd eldimed in claim 3, wherein the strategy comprises
combining two or more of the criteria into a single criteria.

5. A method of conducting a word sequence processing task, the method
comprising
selecting one or more examples for human labelling based on an
informativeness criterion, a representativeness criterion, and a diversity criterion, and
retraining a model for the named entity recognition based on the labelled
examples as training data.

6. The method as claimed in claim 5, wherein the word sequence
processing task comprises one or more of a group consisting of POS tagging, text
chunking and parsing.

7. A system for conducting named entity recognition, the system comprising
a selector for selecting one or more examples for human labelling, each
example comprising a word sequence containing a named entity and its context; and



exanples as training data. 10. A data storage nedi um
havi ng stored thereon conputer code neans for
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conducting a word sequence processing task, the method
conprising selecting one oragnre exanpl es for human
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8. A system for conducting a word sequence processing task, the system
comprising
a selector for selecting one or more examples for human labelling based
on an informativeness criterion, a representativeness criterion, and a diversity criterion,
and
a processor for retraining a model for the named entity recognition based
on the labelled examples as training data.

9. A data storage medium having stored thereon computer code means for
instructing a computer to execute a method of conducting named entity recognition, the
method comprising

selecting one or more examples for human labelling, each example
comprising a word sequence containing a named entity and its context; and

retraining a model for the named entity recognition based on the labelled
examples as training data.

10. A data storage medium having stored thereon computer code means for
instructing a computer to execute a method of conducting a word sequence processing
task, the method comprising

selecting one or more examples for human labelling based on an
informativeness criterion, a representativeness criterion, and a diversity criterion, and

retraining a model for the named entity recognition based on the labelled
examples as training data.



