WO 2005/116866 PCT/SG2005/000169 1 Method and System for Word
Sequence Processing FIELD OF INVENTION The present invention
relates broadly to methods and systems for word sequence processing,
wanghas/ pasieular to a method and system for conducting nameg;sentiéyaoei69
recognition, to a method and system for conducting a word sequence
processing task, and to a data storage medium. BACKGROUND Named
entity (NE) recognition is a fundamental step to many complex natural
language processing (NLP) tasks such as Information Extraction.
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rule-based approaches, the rule set IS requwed to be rebuild for each new
domain or task. For supervised machine learning approaches a large
annotated corpus such as MUC and GENIA are needed in order to
FIERChGVN)EM T ormance. 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
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he entire corpus are labelled manually, active learning selects
task, AN ELRIP HBAARTEAE™dds the labelled example to a training set of a

retrain model. This procedure is repeated until the model achieves a
BACKE DN} 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
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learning approaches For the rule-based approaches, the rule set is required fo be

rebuild for each new domain or tagk. For supervised machine learning approaches a
large annotated corpus such as MUC and GENIA are needed in order to achieve good
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 fabelling 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, ofien referred to as batch-based sample selection,
since it is time consuming fo refrain the model if only one new example is added fo the
training set. Existing work in the area of batch-based sample selection focuses on fwo
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



tasks such as pattern of speech (POS) tagging, scenario event extraction,
text classification, or statistical passing, active learning has not been
explored or implemented for NE recognisers. SUMMARY In accordance
with a first aspect of the present invention, there is provided a method of
conducting named entity recognitiop, the method comprising selecting one
or more examples for human labelling, each example comprising a word

seqguence containing,a named i nd its context; and retraining. a
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impREEPGensistieg Rfraefgformativeness criterion, a representativeness
criterion, and a diversity criterion. The selecting may be based on one or

more_criteria of a group consisting of an informativeness criterion, a
resentativeness criterion, and a diversity criterion. The selecting may
further comprise applying a strategy comprising two or more of the criteria
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deﬁ]m .g?s(?s,training ata. The word sequence processing task may
anca V%% e“8R&6r more of a group consisting of POS tagging, text
chunking, parsing and word sense disambiguation. In accordance with a
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_._conducting named entit recq {nition the.§é¥stem comprising a.selector for
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selecting oneor more examples for human labelling, each example

comprising a word sequence containing a named entity and its context;
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ased on one or more criteria of a group consisting of an informativeness

criterion, a
The strategy may comprise combining two or more of the criteria into a single

criteria.

In accordance with a second aspect of the present invention, there is provided
a method of conducting 2 word seguence processing task, the method comprising
selecting one or more examples for human iabelling based on an informativeness
criterion, a representativeness criterion, and a diversity criterion, and retraining a model
for the named entity recognition based on the labelied examples as training daia.

The word seguence 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 inveniion, there is provided a
system for conducting named entity recognition, the system comprising a selector for selecting
one or more examples for human labelling, sach example comprising a word sequence
containing a named entity and its context; and a processor for retraining a model for the named
entity recognition based on the labelled examples as training data; wherein the seiecting
is based cn one or more criteria ¢of a group consisting of an informativeness criterion, a
representativenass criterion, and a diversity criterion.



representativeness criterion, and a diversity criterion. 3 In accordance
with a fourth aspect of the present invention, there is provided 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 regresentativeness 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. In
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Em%Od'me%% of the inv%ntlo. will be better understood and readily
represgBB \t=hiRie) ?@%@Bgﬁng@% iﬁrfﬁeﬁﬁg ‘art from the following written

description, by way of example only, and in conjunction with the
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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.
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;



4 Figure 2 is an example of a K-Means Clustering algorithm for clustering

named entities, according to an example embodiment. Figure 3 shows an

example of an algorithm used in selecting examples of
whaettinesgianotated named entities, according to an example@migadisr@ntso

Figure 4 shows a first algorithm used in a Sample Selection Strategy for

combining criteria, according to an gxample embodiment. Figure 5 shows

a second algorithm used in a Sample Selection Strategy for combining

criteria, according to an example embodiment. Figure 6 shows a plot of

the ffectlveness of the three informativeness-criterion- based selections
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selection strategies according to example embodiments compared with
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DETAILED DESCRIPTION Figure 1 shows a block diagram illustrating the
iment of the present invention. From an
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Figure 7 shows a plot of the effectiveness of two multi-criteria-based selection
strategies according to example embodiments compared with informativeness-criterion-
based selection (Info_Min) according to an example embodiment and

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 ilustrating 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 exampies 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.



task. Two selection strategies are proposed to incorporate these three
criteria to increase the contribution of an example batch 104 towards
improving the learning performance, which further reduces the batch sjze
wioy226% essd 40%, respectively. Experimental results of the marviach@ating 169
recognition of embodiments of the present invention on both MUC-6 and
GENIA show that the overall labelling cost can be largely reduced
compared with supervised machine learning approaches, without
degrading performance. The described embodiments of the present
invention further aim to reduce human annotation efforts in active learning
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Actlve Learning The use of Support Vector Machines (SVM) is a powerful
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In the example embodiments, there are three scoring functions to quantify the
informativeness of an example, which can be used to select the most uncertain
examples. The representativeness measure is used to choose the examples
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 iearning
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 profein names,
person names, etc. In NER, 8YM 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



and semantic trigger features. The semantic trigger features include
special head nouns for an entity class which is supplied by users.
Furthermore, a window (size = 7), which represents the local context of
wbedesgeadsweord w, is also used to classify w. It has further begfrsgaoo0sm06169
recognised that for active learning in NER, it is preferred to select a word
sequence containing a named entitygnd its context, over selecting a
single word as in typical SVMs. Even if a person is required to label arL]
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In the informativeness criterion a distance-based measure is used to evaluate the
informativeness of a word and extend it to the measure of an entity using three scoring
functions. Examples with a high informative degree are preferred, for which the current
model is most uncertain.

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
exampies. 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



The informativeness of an example in embodiments of the present

invention is representative of the effect an example has on the support

vectors when added to a training set. An example may be informative for

vibedeaingisi the distance of its feature vector to the hyperplagds 8SRoo1s0

than that of the support vectors to the hyperplane (equal to 1). Labelling

an example that lies on or close to the hyperplane is typically guaranteed

to have an effect on the solution, Thds, in this embodiment, the distance is

used to measure the informativeness of an example. The distance of an
weighigriptmafsaining seidip se/ ik ahypedistio pregromptdad ciemol b sTnpik)
vectde/Eki a8 R (BbavberssristHeadspddts vector of the example, a,, y;, si

correspond to the weight, the class and the feature vector of the i'h

support vector, respectively. N is the number of the support vectors in a
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where ds in a selected word sequence
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of NE, Info (NE), is scored by the average distance of the words in the
Seq4eiacidRiRe YRR RIaRBIdRI BN veMlo S hyperplane is computed as

follows:

N
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=]

Dist(x) =

()

where x is the feature vector of the example, a;, y;, § correspond to the weight, the class
and the feature vector of the " support vector, respectively. N is the number of the
support vectors in a current model.

The example with minimal Disf is selected, which indicates that if 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 ehtity 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,

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



w,e NE (2) where, wi is the feature vector of the ith word in the word
sequence. Info-Min: The informativeness of NE is scored by the minimal
distance of the words in the word sequence. Info(NE) = 1 n (w, )} Mif (3)
wofeeSihksdsthe distance of a word to the hyperplane is less thakazoos/o00169

threshold a (=1 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
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below. The informativeness measuge used in example embodiments is
relatively general affdo€¥f) ity artapted to other tasks, in which the
example selected is a sequerge:of words such as text chunking, POS
{5890, ek S ReprGsSRAYEnese I a0AIoR 19 e mest informative
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embodiments. The representativeness of a given example can be
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training set will have,,@r@Aegffachn_aLlaLge number of unlabeled examples.
In this embodiment, the simil 46 b&itiden words is @gmputed using a
general vector-based measure, this measure is extended to the WO
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e Info_S/N: If the distance of a word to the hyperplane is less than a threshold o (= 1

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 enfity.

NUM(EJ%(W,) <a)

Info(NE) =
nfo(NE) N @

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 adapied 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 exampie
can be evaluated based on how many exampies there are similar to or near {0 the given
example. Examples with a high representative degree are less likely to be an oullier.
Adding a high representativeness example to the fraining 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



named entity level using a dynamic time warping algorithm and the
representativeness of a named entity is quantified by the density of that
NE. The representativeness measure used in this embodiment is
welatigalsgrneral and can be readily adapted to other taskspdf-Mdu6hks iR 160
example selected is a sequence of words, such as text chunking, POS
tagging, etc. 1.2.1 Similarity Measusse between Words In a general vector
space model, the similarity between two vectors may be measured by
computing the cosine value of the angle between them. This measure,
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xraf| Jxl agéﬂﬁﬂéﬁﬁgl\xf 0?8 %%H}g dsiandj. 1.2.2 Similarity
Measure between Named Entities In this part, the similarity between two
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simi ar|ty etween th e[sequeTces However, the algorithm is
adapted as foll K{x,,x,}
W, x,) = JEGLx)K (x)0%) )

where, x; and X; are the feature vectors of the words /and j.

1.2.2 Similarity Measure between Named Entities

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 Trahsactions on acousfics, speech and signal
processing. Vol ASSP-26, NO.6.) is employed in the example embodiment to find an
opiimal alignment between the words in the sequences which maximises the
accumulated similarity degree between the sequences. However, the algorithm is
adapted as follows:



WO 2005/116866 PCT/SG2005/000169 10 Let NE1 =
wllwl2..wll,..wliN, (n=1,..., N) and NE2 = w21w22..w2m...w2M, (m =
1,..., M) denote two word sequences to be matched. NE1 and NE2 consist

wof Noanekdds words, respectively. NE1(n) = wl" and NE2(m) sewidehoebsio00169
similarity value Sim(win,w2m) is calculated using equation (5) for every
pair of words (w1,,,w2m) within NE1 and NE2. The goal of DTW is to find
a path, m = map(n), which maps n otfto the corresponding m, such that
the accumulated similarity Sim* along the path is maximised. Sim*= Max
{,L Sieh MFE =()ME ;- Wimagy (n) i 61 (0)=th preh B T alderithm isWaer(m =
1,. Uskl deritéervai g@m SPUADLEH A ABHB Y. Tlng, .aﬁﬁluwla&ﬂéiﬁiﬁfilﬂrﬁﬁd M
imA fo a ri int In cursive te . .
wol bl e I mb@%&%ﬁ& 3 B S
calegiataretsingr arusFHANaRY foh SYRIBAEI R WETAB W atided Vi IBAerand NE2. The
gosied DaWes tBdin &l lyatpive Righehsi mirfitnapiue snid s, dhresspoikdiritym, such
t - 1 ' I Sim(NE"NE2)=
tha &&E«%%% ( %Q%’t%% A0k W diSaitaIRdas Sim( )

Im Max Representativeness Measure for Named Entity

N

Given a set ofimeching-gihotated named, entiiesNESet = {NE1, ...,
NEN}, the represefitafiveriess of a named entity NE, in NE@€kt is
quantified by the density of NE; in the example embodiment. The density

of is gefined as.the. ayerage similayity between NE/ a t r
et DS M AT 6 HA R B B el G RS e
acquoyigt RS ImERr SBrge AN SRS RO Gh PAf IR S FRAIESVRINERSERRE aR
be regardes: a8, Hhe-centsgohof NBHatsandalsn éme most representative
examples in NESet. WO 2005/116866 PCT/SG20051000169 ¢
Finally,

Sim* = Sim (N, M) (8)

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 caiculated as
Sim*

Sim(NEpNEz)EW | (9)

1.2.3 Representativeness Measure for Named Entity

Given a set of machine-annotated named entities NESef = {NE,, ..., NEy}, the
representativeness of a named entity NE;in NESel 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 NESef as follows.

> Sim(NE,,NE )
Density(NE,) = 2=

N-i (10)

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



11 1.3 Diversity The diversity criterion is used to maximise the training
utility of a batch in the example embodiment. A batch in which the
examples have high variance to each other is preferred. For example,
waekalggdsh size 5, it is preferable not to select five similarp@¥a@Riesatice
a time. Two methods: local and global, are used in different embodiments
to the examples in a batch. The diversity measure used in the example
embodiments is relatively general aht can be readily adapted to other
tasks, in which the example selected is a sequence of words, such as text
chuﬁi?mg ﬁ@g?gygmg etc. 1.3.1 Global Consideration For a global
consideration, all named entities in NESet are clustered based on the
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same cluster e consl S|m|Iar to each ot amed entities
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is @igenmitdmFtoressapieleybgodtharRda s, sswreferfiunetdo isalmgdive Heitar

exa%ﬁi@%oé? LSHhe! d'ﬂﬁf%&%%bﬁ)@a@ QFEC@&SQIt@é mlrpu‘fﬁé%m%mbod:ments

approaches may be used in different embodiments |nclud|n hierarchical

to R, SXAMRPE P ABRIMESs Qt?cﬂ"ﬁ‘éséti’h@%aﬁHi’?éf‘aEfEP Ektﬁﬁﬁf’é‘fé’ firfigtbodiments is
relativsite gegemioand @aeragereiilommapitdetc|udtenrigsis, eackhduridbeobxample

selé&‘&f@@s%él%ﬂ&%@@&ﬁ@%?ﬁsbeﬁﬁ%IR@HEM@%@WE@??&H@%W”Wn 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 &xainpléiob® Snnbistentféosissumption that N examples are uniformly
distributed between the K clusters, the time complexity of the algorithm is

o e A o R SRR S AU 8884 on
of the’ Is aroun RS équal 10

thec@ﬁﬁﬂé%t%@&b@ﬁ@?ﬁ.@@?‘. Pof'ie?fﬁ)léwetheT@lirtlﬂé@ﬂﬁ‘ IeEtSies imajhepsame
clubiéernsyrfern alistarapmitbem euon ol sbe Bmtiesdlisss i soROINPOR N &rs
o R LRI o A e e e s AR

shewfbp figiEats, iesed in the example embodiment. It will be appreciated that other
clustering approaches may be used in different embodiments, including hierarchical
clustering approaches, such as single-link cluster, complete-link clustering, group-

average agglomerative clustering.

in each round of selecting 2 new batch of examples, the pair-wise similarities
within each cluster are computed fo 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(NY/K+NK). In one of the
experiments described helow, the size of the NESef (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



named entity is compared with all previously selected named entities in
the current batch. If the similarity between them is above a threshold P,
this example is not allowed to be added into the batch. The order of

weelestinggxamples is based on a measure such as an infogRaleNESS10169
measure, a representativeness measure or a combination of those

measures. An example local selectiqI algorithm 300 is shown in Figure 3.
In this way, it is possible to avoid selécting examples that are too similar
(similarity value ? (3) in a batch. The threshold R may be the average
simildhE) BERRRARACRRRTBRS Rfer RatRRd PRI BrAERIE GBRRients, the

namregiLerdity G(ddkbpE)dosithpalitatsimlstineisctanhreaoidct e ntitigein thentsridhe

batel OB farity BhtiieeH TR AU R-B001H B (309 kxarmAB!6ot allowed

Selectign strat(zl(?;?les This section describes how go combine and strike a

fo B RAREE BB IR CHtBPatel R SHRFINRAVEMELS Ipresd AmfvRrRRLe
sucnes divéronyatyseeshrasarxina mpeffectifignpsssonas & Re acta/eclebirtign of

tholfb BYEHERIE: CRIDBRIMBIY fo LN SeREIFSI AR SHIE BRI sHIRRASE LGS In this

varying priorities of the criteria and the varying degrees to satis rthe
wayy fté3iBOsYhs {0y Udmsrlading iIRrEMRIRNBALRS toraiitasEBHeié et s B)
in sekaicipldbatigeshasdhmaihbththd imleesterdorindtivestese s tor esdnastes in
neESet 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

INTERS eongidarhtisieretharentirec SHvEitKOr eamhuhtisieal i§rohosknamedof the

oxPFARGNLIR 2 1PatR:FRIIRE: BaYCInS 8ind BSnGaBkiQith abatlbgier)is the most

representative example in that cluster since it has the largest density.
- Furthermore, the examples in different clusters may be considered
2 Somple firlestivairatagiesis strategy, representativeness and diversity
criteria are considered at the same time. An example algorithm 400 for

this_strateqgy is shown in Figure 4., Strateqy,2: The informativeness and .
repr DB EHoR REC bR haW 18 carine Bd Miks & Baiacs betyaan th citeria,
ViZ2 0O BIMMENeePS T/SoeoesAivensss 1and diversity, to reach a maximum

effectiveness on NER active learning in example embodiments. The selection strategies
are based on the varying priorities of the criteria and the varying degrees to satisfy the
criteria.

+» Strategy 1: First the informafiveness criterion is considered. m examples are
chosen with the highest informativeness scores from NESef 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
INTERSe! are clustered and the centroid of each cluster is chosen and added into a
batch called BafchSet. The centroid of a cluster is the most representative exampie in
that cluster since it has the largest density. Furthermore, the examples in different
clusters may be considered diverse to each other. In this sfrategy, representafivensss
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



Alnfo(NE) +(1-A)Density(NE), (11) in which the info and Density values of
NE; are normalised first. The individual importance of each criterion in
this function (11) is adjusted by the trade-off parameter A (0:5 A:5 1) (set

wo i indhe below experiment). First, a candidate example blEsadtadbheniso
maximum value of this function from NESet is selected. Then, a diversity

criterion using the local method described above in (2.3.2) is considered .
The candidate example NE, is added to a batch only if NE; is different
enough from any prewous% selected example in the batch. The threshold

R is set to the Mpéagbbél é@@ﬁﬁfﬂdﬂ@of the entitie€ NESet. An

example algorithm 500 for strategy 2 is shown in Figure 5. 3 Experimental
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ctiveness of the selection strategies in example embodiments, the
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orpus in molecular %?omam In Proceed of HLT 2002) and

th%@?ébﬁ%ﬁ&%ﬁ'ﬁ?&&&ﬁﬂﬁ?e AR AP0 T sabdiiA, aaRle NE
Is albiehin ﬂMQW@W@H?L@ﬁ@m@eqmdmtaeysammm@g@ted example

in H@@@fﬁﬁanﬁé%h%géﬁé?‘?@?éﬁ%gﬁ@ M@@Bﬁrp\kl@%ﬂﬁr@aﬁ thc?[ e?rt]ttxes in
isco ir e corpus was r split into three
Néég?tég'}ﬁ(ﬁﬁﬁ?‘gl 2 5‘%'3 5 é?n??lrggﬁg%t%}'t?ugcf ninidal u{)%é‘{ a test set to

evaluate the performance of the model and an unlabeled set to select

3 exappiRsinidifdiresfieoshdlaiaigelds shown in Table 1. Domain Clas
Corpus Initial Training Set Test Set Unlabeled Set s Biomedica PRT

GENIAL. 10 sent. (277 900 sent. (26K 8004 sent. (223K | | words) words)
words) PERBREamnt B2HtiNeRds) 7809 sent. (157K Newswire MUC-6 602
sent. (14K words) words) WO 2005/116866 PCT/SG2005/000169

In order to evaluate the effectiveness of the selection strategies in example
embodiments, the strategies were applied to recognise protein (PRT) names in
biomedical domains using GENIA corpus V1.1 ( T. Ohta, Y. Tateisi, J. Kim, H. Mima and
J. Tsujii. 2002. The GENIA corpus: An annotated research abstract corpus in molecular
biology domain. In Proceedings of HLT 2002) and person {PER), location (LOC),
organisation (ORG) names in newswire domain using MUC-6 corpus: Proceedings of
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 Uniabeled Set
3
Biomedica| PRT |GENIA1. 10 sent. (277 800 sent. (26K 8004 sent. (223K
| 1 words) words) words)
PER 5 sent. (131 words) 7809 sent. (157K
Newswire MUC-6 802 sent. (14K words)

words)




14 LOC 5 sent. (130 words) 7809 sent. (157K words) ORG 5 sent. (113
words) 7809 sent. (157K words) Table 1: Experiment settings for active
learning using GENIAL1.1(PRT) and MUC-6(PER,LOC,ORG) Then,
witepasi/elysa batch of examples was selected following the setegtiotues/osoiss
strategies proposed, human expert labelling of the examples of the batch,
and adding the batch of examples iqtg the training set. The batch size K =
50 in GENIA and 10 in MUC-6. Each example was defined as a
sequengce-efwords containing-a-machine- recognised named-entity and its

context Wefes (previoissiartElaymidsext 3 words). Some pard®i8teesti{157K
the experiments, such as the batch size|K and the A in the | functiorytidg)

of strategy-2;i may be geeided-based-orexperience. Preferably-however;
the optirﬁgg hlue of tHeSEHafAMe¥erdShould be decided auto - (187K
based on the| trainingjprocess. The embodiments of the present inweintign

seekto reduce the umanmannotatiomeffort totearmamamedentity
recogniser with the same performance level as supervised learning. The

performance PR nfoWEILTRAL SILIEa RHATEN Ry e BTURB KRN call/F-
measure". 3.2 OGHEIPRASER Th BE NILCHEFERICE, DREselection
strategies 1 and 2 of the example embodiments were evaluated by

e
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Some parameters in the experiments, such as the batch size K and the A in the
function (11) of strategy 2, may be decided based on experience. Preferably, however,
the optimal value of these parameters shouid be decided automatically based on the
training process.

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 Resuit in GENIA and MUC-6

The selection strategies 1 and 2 of the exarple 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, Sirategy? and Strategy2. The Info_Min scoring
function (3) was used in Strafegy ' and Strategy2.



PRT 223K (F=63.3) 83K 40K 31K PER 157K (F=90.4) 11.5K 4.2K 3.5K
LOC 157K (F=73.5) 13.6K 3.5K 2.1 K ORG 157K (F=86.0) 20.2K 9.5K
7.8K Table 2: Overall Result in GENIA and MUC-6 In GENIA: The model
wachieved 3.3 F-measure using 223K words in the supervisedreasdil@ooiao
The best performer was Strategy?2 (31K words), requiring less than 40% of
the training data required Random (§3K words), and 14% of the training
data required by supervised learning to achieve 63.3 F-measure.
StrategytH-{40-words)-performed-slightly-worse-than Strategy2. requiring
9K more . Fiaﬁd’(ﬂ?ﬂ(m wprBEHsire BHadeAY37 0 S ateayaining
data requiregpy suggg}d%@.gining. giethermore,gyhen fthe moder was

applie n-(MUQ-6) to..recognise person, lacation and

organisatioprﬁﬁameg,@?féfg“g?\ﬂéﬁd S{r‘a‘itégiyz Showedkan evendfter
result |n cqrpparis nﬁ@,@&;&@g viseq Jegrnin ang naaqm, azsa?{;ow in
] 2duce

Table e, the training data required could be re y about
95% t¢ adhR%e the EAREFEAMNManes.aK the supedidsed |learpial in
MUC-6373 Effectiveness of Differentinformativeness=based-Setecti
Methods The effectiveness of the different informativeness scores
(compare (1.1.2)%6%‘%%159"%@& Re RS RIS AV ERure 6 shows
plots of training data size versus F- measure achieved by the
informgtivgress-based scores: Info_Avg (curve 600), Info Min (curve 602)
anddlnf?h-SIN ?gtltrv%ﬁoﬂ r%%hw | as Random (curve 606). The )
compandSHEWElEFEYRG Pid CERARED RS 1Rl urewisuis heirmsmised
line is ti§@M¥agformance level (63.3 F-measure) achieved by supervised

Ieaminqﬂg%'ékétWefféﬁ)me\‘\/u%g@@t%%*?@@qd%@)@%ﬁﬂ%]ig?& ﬁ%g B8 o

three informativeness-based scores performed similarly and eac
outper%ﬁ raining data required I%andmﬁ (83K words), and ¥4% of the training data

required by supervised learning o achieve 63.3 F-measure.
» Strategy1 (40K words) performed slightly worse than Strategy?2, requiring 9K
more words.

* Random (83K words) required about 37% of the training data required by
supervised learning.

Furthermore, when the model was applied to newswire domain (MUC-6) to
recognise person, location and organisation names, Strafegy? and Strategy?2 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-hbased 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 8, the horizontal line is the
performance level (63.3 F-measure) achieved by supervised learning (223K words).



Random. Table 3 highlights the various training data sizes required to
achieve the 63.3 F-measure performance. Supervised Random Info_Avg
Info_Min SIN 223K 83K 52.0K 51.9K 52.3K Table 3: Training data sizes
wianv@riqussselection methods to achieve the same performaggalengat asiiso
the supervised learning 3.4 Effectiveness Of Strategies | And 2 Compared
With Single Informativeness Ciriteriop.In addition to the informativeness
criterion, representativeness and diversity criteria are also incorporated
|n orgec'gh\%erle min in dlfferent embodiments usin two strategies 1 and 2
G drEsHa ovgrl% S HeFRe 8%‘65{&% A Rash itRpgoRas
Raﬂ@@e&&@@@t@h&f@&m@e@mamt;aubaseutaeiaeuaaqmmuwammg 63,3
F-rhefasMEpSEaiadibstrates that representativeness and diversity are also
important factors for active learning. Figure 7 shows the learning curves
faor the various methods: Strateqyl (curve 700), Strategy?2 (curve 702) and

Irfo&k&:e(ﬁsme 704 Randbeninitial ileratiang (Fr MGFBU i 60), tnﬁothm
laraor tralnino.o fhn

1MTETUTO 1TOIT ch cir”‘Fﬁlai‘ly (= Ut V‘ﬁth the rargct—tratit at
ef f|C|er?é§gof StratetyPdhd StrategyZ95ygin tg be iddnt. Table 42.3K
summarises the result. Info Min Strategyl Strategy 51.9K 40K 31K Table
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strategies and the i formatlv ness-criterion-based selection (Info

achieve the sam°paIoTHTE %@‘&?&Pﬁ?‘ﬂ‘?@%ﬁﬁ@r‘@%’@ﬁ%arnmg WO
2005/116866 PCT/SG2005/000169 17 In order to reach the performance
of supervised learning, Strategyl (40K words) and Strategyy?2 (31K words)

e 0%.and 60%.r. ectlvely the_training data that
Inf % T%?)%y(%' §E‘é§r’%81ls ad he?ﬂ?ﬂ?d'%%%ﬁ Hidhes i arormativagess
enﬁfy‘?ékﬁigmtlon active learning system 10 according to an embodiment
of the invention. The named entity

—

In addition to the informativeness criterion, representativeness and diversity
criteria are also incorporated into active learning in different embodiments using two
strategies 1 and 2 described above (in Section 2). The comparison strategies 1 and 2
with the best result of the single-criterion-based selection methods using the Info_Min
score iliustrates that representativeness and diversity are also important factors for
active learning. Figure 7 shows the iéaming curves for the various methods: Strategy?
{curve 700), Strategy2 (curve 702} and Info_Min (curve 704). in the initial iterations (F-
measure < 80), the three methods performed similarly. But with the larger training set,
the efficiencies of Strafety? and Strategy2 begin to be evident. Table 4 summarises the
result.

Info_Min Strategy1 _ Sirategy2
51.9K 40K 31K

Table 4: Comparisons of fraining 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.



recognition active learning system 10 includes a memory 12 for receiving
and storing a data set 14 input through an in/out port 16 from a scanner,
the Internet or some other network or some other external means. The

w9 kag also receive the data set directly from a user ipteffageyduonise
The system 10 uses a processor 20 including a criteria module 22, to

learn named entities in a received daja set. The various components are
all interconnected in this embodiment in a bus manner. The system could
readily be embodied in a desk-top or lap-top computer, loaded with
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representativeness and dlverS|ty which may be incorporated together.
Experiments using example embodiments show that, in both MUC-6 and
GERwredmibiringshiemétice blerkediagianm silectimmstiatotily datpenitivmseive
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embo om the spirit or'scope of the mventlon as
broadly described. The present embodiments are, therefore, to be
corEigafestiibed sedpettrits kinibustaative iaachingtinestoaiplex NLP task,

nan%ﬁyﬁ(gg%g 999&63 RREENELEMa %b?&m id Sl de A RGO

f conducti named entlty recognltlon the method comprising selectlng
basgg eoitibRSAHSIRES Fo FIRIFRER LRSS 204 Giveseiih prbich may be

incorporated together. Experiments using example embodiments show that, in both
MUC-8 and GENIA, combining the three criteria in a selection strategy outperforms a
single criterion (informativeness) approach. The labelliing cost can be significantly
reduced compared with supervised learning.

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.



o7 < comprising a word sequence containing a named entity and its context:

and retraining a model for the named entity recognition based on the PCT/SG2005/000169
labelled examples as training data; wherein the selecting is based @ecriged 28 March 2006
or more criteria of a group consisting of an informativeness criterion; a
representativeness criterion, and a diversity criterion. 2. The method as

claimed in claim t, wherein the selectl%further comprises applying a

strategy comprising two or more of the criteria in a selected sequence. 3.

The metHgaEE claimed in claim 2, wherein the strategy comprises

combining-two or more of the criteria into a single criteria. 4. A method of,

conducting a Wﬂmm%ﬁdm gﬁ rﬁ&‘édﬁl%l%“}ﬂg ] '%Hx%nsmg

selecting one re examples for human labelli ased on an
mformatlvenesgeg‘%érﬁoﬁn% %&8%&%%& é}'r'f@?fbﬁabﬂ{@ga &RGa gifpmple
critEPIBRTISRG @ el selHenserrritiningranemesrertityandtisrendetition based
on the labelledretxsamnple mogdmdirtiRthemty dntilhecapiirarbasealainapddbsied
claigm.é, }é’é‘é‘{%ﬂ dg@rd sequence processing task comprises one or
- more 01Pa gro on5|st|ng of POS tagging, text chunking and. parsing, 6.
A system for cgﬁ'&ff 1% G ARrstna o e é’ﬁltﬂﬂﬁ ﬂﬁe’@}gtéﬁﬁeﬂﬁrﬁbﬁsﬁﬁ@m
a setagttngef %i@%@wm%mamﬁwmmmml iergl @ dihrsity
exatplencomprising a word sequence containing a named entity and its
: : context; and a-yoc f ode for the na ntjt
AN reco&nﬁég baﬁé{g @% Icgr% %{5%%:3%p esas’ trgﬁrﬁrn[ d%]ta G&Xrﬁi dether

"ﬁc%&*‘é‘?@b%?ﬁmﬂi'e@ R Qi e 28 s CRiB0l 3 gelected

sequence,

3, The method as claimed in claim 2, wherein the straiegy comprises
combining two or mere of the criteria into a single criteria.

4. A mesthod of cbnducting a word séquence_ processing task, the method
comprising |
selecting one or mote examples for human labeliing based on an
' mformatrveness criterion, a representatweness criterion, and a diversity criterion, and
retraining a model for the named entity recognition based on the labelied
examples as training data.

L 7 .6 The method as claimed In claim 4, wherein the word sequence
processing task compnses one or more of a group consisting of POS tagging, texf
chunkmg and parsing.

&, 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 oontext and
a processor for retraining a model for the named entity recogmtlon based
on the labelled examples as trairiing data: B
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wherein the selecting is based on one or more criteria of a group 7
consisting of an informativeness criterion, a representativeness criterio®CI/SG2005/000169
and a diversity criterion. 7. A system for conducting a word sequen®eceived 28 March 2006
~ processing task, the system comprising a selector for selecting one or
more examples for human labelling based onaan informativeness
criterion, a representativeness criteriorggand a diversity criterion, and a
. processor for re‘%iining a model for,the named entity recognition based
on the labelled EXSMRBIACEFEIA G Rasedgon 92805 BIG SR Eih @ group
" havRgsiiesf seindemalyangstariedon arepresdatativenassotifterioncend pudiversity
execitteicn.method of conducting named entity recognition, the method
comprising selecting one or more examples for human labelling, each
.. example ;omprisin a word sequence containing a named entity and its
" context; and retfaf ﬂ“af%mufgmiﬁmﬁ?ﬁmmm&ﬁéégﬁéﬁﬁm
the $8B9BMRIGE examples as training data; wherein the selecting is based on
+1 i -one or more Critesiaeabaer eslBetng RS BN SHE ARIMEMEBLNGRSS RS HiRG BRsed
e AN ERIANRRRES HEHRL 00 SEMEEL LRI 202 SRIARAAIG,
- mediym having stored thereon ccf)mputer code means for "instructing a '
cor‘ﬁ?) ter to execute a method of conducting a word sequence processing
© task, the methcdlpcetessisfogrgelipttirgraniz| dormtter eaearamtiysdesgnitionciased
- labeiling ibasied sarmnledHOENALHYBAGSS 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.
“Amended-Shedt 1Bt Altege medium having stored thereon computer code means for

- instructing @ comptter to execute a method of conducting named entity recognition, the

method comprising
selecting one or more examples fdr human labelling, each example
comprising a word sequence containing a named éntity and its context; and
refraining a model for the named entity recognitibn“based on the labelled
“examples as training data;
| wherein the selecling is based on one or more criteria of a group
~ consisting of an informativeness criteriqn, a represertativeness bﬁterioﬁ, and a diversity
critetion. ‘

9. A data storage medium having stored thereon'oornputer code means for
Enst.ruc‘ting a cornpliter 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'-representalﬁveness criterion, and a diversity cr_itérion. and
retraining a model for the named entity recognition based on the labelied
examples as tralning data, | '
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