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Abstract Incorporating a diverse set of overlapping features

in a HMM-based tagger is difficult and complicates the

Named Entity RecognitiomER) systems need smoothing typically used for such taggers. In contrast, a
to integrate a wide variety of information for ME tagger can easily deal with diverse, overlapping fea-

optimal performance. This paper demonstrates  tures. We also use a Gaussian prior on the parameters for
that a maximum entropy tagger can effectively ~ effective smoothing over the large feature space.

encode such information and identify named

entities with very high accuracy. The tagger 2 TheME Tagger

uses features which can be obtained for a vari-
ety of languages and works effectively not only

for English, but also for other languages such
as German and Dutch.

TheME tagger is based on Ratnaparkhi (199€)sstag-
ger and is described in Curran and Clark (2003) . The
tagger uses models of the form:
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Named Entity Recognitidn(NER) can be treated as a wherey is the tag,x is the context and thé(x,y) are
tagging problem where each word in a sentence is athe featureswith associated weightg. The probability
signed a label indicating whether it is part of a namedf a tag sequencg ...y, given a sentences ... W, Iis
entity and the entity type. Thus methods used for padpproximated as follows:

of speech#09 tagging and chunking can also be used

for NER. The papers from the CoNLL-2002 shared .

task which used such methods (e.g. Malouf (2002), P(YL- - YalWy . \in) ~ E[ p(yix) 2)
Burger et al. (2002)) reported results significantly lower =

than the best system (Carreras et al., 2002). Howevevherex; is the context for wordy;. The tagger uses beam
Zhou and Su (2002) have reported state of the art resubgarch to find the most probable sequence given the sen-
onthemuc-6 andvuc-7 data using @mMm-based tagger. tence.

Zhou and Su (2002) used a wide variety of features, The features are binary valued functions which pair a
which suggests that the relatively poor performance of thiag with various elements of the context; for example:
taggers used in CoNLL-2002 was largely due to the fea- _
ture sets used rather than the machine learning methodg, (x, y) = { (1) gth‘/‘e’?\:\ﬁs(g) =Moody & y=I-PER 3)

We demonstrate this to be the case by improving on the

best Dutch results from CoNLL-2002 using a m_a_ximuquord (X) = Moody is an example of @ontextual predi-
entropy (E) tagger. We report reasonable precision angd ;o

recall (84.9 F-score) for the CONLL-2003 English test  eneralised Iterative ScalingIs) is used to estimate
data, and an F-score of 68.4 for the CONLL-2003 Gefge yalues of the weights. The tagger uses a Gaussian
man test data. prior over the weights (Chen et al., 1999) which allows a

e assume thatER involves assigning the correct label to 1arge number of rare, but informative, features to be used
an entity as well as identifying its boundaries. without overfitting.



| Condition | Contextual predicate | | Condition | Contextual predicate
fregw) <5 | Xis prefix ofwi, |X| < 4 freq(w;) <5 | w; contains period
Xis suffix ofw;, [X| < 4 w; contains punctuation
w; contains a digit w; is only digits
w; contains uppercase charactef Wi is a number
w; contains a hyphen w; is {upper,lowertitle,mixe$l case
YW w = X w; is alphanumeric
Wi_g = X, Wi_p = X length ofw;
Wiz = X, Wizo = X w; has only Roman numerals
YW pPOS§ = X w; is an initial (x.)
POS-1 = X,POS_» =X W; iS an acronym4BcC, A.B.C.)
POS,1 = X,P0S;2 = X YW memoryNE tag forw;
YW NEji_1 = X unigram tag ofn, 1
NEj_oNEj_1 = XY unigram tag ofw;»
YW, w; in a gazetteer
Table 1: Contextual predicates in baseline system wi-1 in a gazetteer
Wis1 In @ gazetteer
YW w; not lowercase andl; > fuc
3 The Data YW unigrams of word type
) . bigrams of word types
We used three data sets: the English and German dats trigrams of word types

for the CoNLL-2003 shared task (Tjong Kim Sang and
Meulder, 2003) and the Dutch data for the CoNLL-2002 ] o
shared task (Tjong Kim Sang, 2002). Each word in the Table 2: Contextual predicates in final system
data sets is annotated with a named entity tag plois

tag, and the words in the German and English data also

. Table 2 lists the extra features used in our final
have a chunk tag. Our system does not currently exploit
the chunk tags. system. These features have been shown to be use-

There are 4 types of entities to be recognised: persor%tgI in other NER systems. The additional ortho-

) . : » Faphic features have proved useful in other systems,
locations, organisations, and miscellaneous entities n

belonging to the other three classes. The 2002 data u ogexample Carreras et al. (2002), Borthwick (1999) and

the 10B-2 format in which &-xxX tag indicates the first ou and Su (2002). Some c_>f the rows in Tabl_e_2 de-
. . scribe sets of contextual predicates. Thes only digits
word of an entity of typexxx andi-xxx is used for sub-

. ; . predicates apply to words consisting of all digits. They
sequent words in an entity of typexx. The tag O in Fallwcode the length of the digit string with separate pred-

dicates words outside of a named entity. The 2003 da ; .

: ; . : ICates for lengths 1-4 and a single predicate for lengths
uses a variant of IOB-2, IOB-1, in whichxxx is used ; . . .

. T ; : greater than 4. Titlecase applies to words with an ini-
for all words in an entity, including the first word, unless:
. . o tial uppercase letter followed by all lowercase (eMy,).
the first word separates contiguous entities of the sanm. . . )
type, in which case-xxx is used ixedcase applies to words with mixed lower- and up-
' ' percase (e.gCityBank ). The length predicates encode
4 The Feature Set the number_ of characters in the word from 1 to 15, with a
single predicate for lengths greater than 15.

Table 1 lists the contextual predicates used in our base-The next set of contextual predicates encode extra in-
line system, which are based on those used in thfermation aboutNE tags in the current context. The
Curran and Clark (20033 cG supertagger. The first set memory NE tag predicate (see e.g. Malouf(2002))
of features apply toare words, i.e. those which appear records theNE tag that was most recently assigned to
less than 5 times in the training data. The first two kind¢he current word. The use of beam-search tagging
of features encode prefixes and suffixes less than lengthrBgans that tags can only be recorded from previous
and the remaining rare word features encode other maentences. This memory is cleared at the beginning
phological characteristics. These features are importaot each document. The unigram predicates (see e.qg.
for tagging unknown and rare words. The remainingr'sukamoto et al. (2002)) encode the most probable tag
features are the wor@ostag, andNE tag history fea- for the next words in the window. The unigram probabil-
tures, using a window size of 2. Note that thig_,NE;_;  ities are relative frequencies obtained from the training
feature is a composite feature of both the previous arghta. This feature enables us to know something about
previous-previousiE tags. the likely NE tag of the next word before reaching it.




Most systems use gazetteers to encode information | Englishbev [ PREcisioN RecALL  Fgy |
about personal and organisation names, locations and | LocaTioN 90.78% 90.58% 90.689

0
trigger words. There is considerable variation in the size | misc 85.80% 81.24% 83.45%
of the gazetteers used. Some studies found that gazetteer§ orcanisaTion| 82.24%  80.09% 81.15%
did not improve performance (e.g. Malouf (2002)) whilst PERSON 92.02% 92.67% 92.35%
others gained significant improvement using gazetteers | overaLL 88.53% 87.4%% 87.9%%

and triggers (e.g. Carreras et al. (2002)). Our system in-

corporates only English and Dutch first name and last ,pie 3: Baseline& c results for EnglistpEv data
name gazetteers as shown in Table 6. These gazetteers

are used for predicates applied to the current, previous [Englishoev | PRECISION RECALL  Fpq |
and nextword in the window. LOCATION 91.69% 93.14% 92.41%
Collins (2002) includes a number of interesting con- MISC 88.15% 83.08% 85.54%
textual predicates faneRr. One feature we have adapted ORGANISATION | 83.48%  85.53% 84.49%
encodes whether the currentword is more frequently seen PERSON 94.40% 95.11% 94.75%
lowercase than uppercase in a large external corpus. This OVERALL 9013 90.476 90306

feature is useful for disambiguating beginning of sen-
tence capitalisation and tagging sentences which are all _
capitalised. The frequency counts have been obtaind@Ple 4: No external resources results for Engy data

from 1 billion words of English newspaper text collected

by Curran and Osborne (2002). | DutchTEST | PRECISION RECALL  Fp1 |
Collins (2002) also describes a mapping from words to | LOCATION 84.42%  81.91% 83.15%
word typeswvhich groups words with similar orthographic MISC 78.46%  74.89% 76.64%6
forms into classes. This involves mapping characters to | ORGANISATION | 77.35%  68.93% 72.90%6
classes and merging adjacent characters of the same type.| PERSON 80.13% 90.71% 85.09%
For example,Moody becomesAa, A.B.C. becomes OVERALL 79986 79356 79.63%6
A.AA. and1,345.05 become®,0.0 . The classes
are used to define unigram, bigram and trigram contex- Table 5: Results for the DutcresT data
tual predicates over the window.
We have also defined additional composite features [ Gazetteer | ENTRIES |
which are a combination of atomic features; for exam- FIRST NAME 6,673
ple, a feature which is active for mid-sentence titlecase LAST NAME 89,836
words seen more frequently as lowercase than uppercase freq . > freq,. LIST 778,791

in a large external corpus.
Table 6: Size of Gazetteers
5 Results

The baseline development results for English using the -tl;reg:m'?rll results fqr thf_e En?l'ISh testhdatahare glvlenfln
supertagger features only are given in Table 3. The fu] able 8. These are significantly lower than the results for

system results for the English development data are givé N develozment data. Th? resgltifglr th: Ge(;nign '(:jevehl—
in Table 7. Clearly the additional features have a signifi(—)p"nent andtestsets are given in Tables 9 and 1. For the

cant impact on both precision and recall scores across %ermanNER we removed the Iowerca;e more frequent
entities. We have found that the word type features alI an uppercase feature. Apart from this change, the sys-
particularly useful, as is the memory feature. The perfoE—ern was identical. We did not add any extra gazetteer
mance of the final system drops by 1.97% if these fedpformatmn for German.
tures are removed. The performgnce_: of the system if théz Conclusion
gazetteer features are removed is given in Table 4. The
sizes of our gazetteers are given in Table 6. We haw®ur NER system demonstrates that using a large variety
experimented with removing the other contextual predof features produces good performance. These features
icates but each time performance was reduced, except fgin be defined and extracted in a language independent
the next-next unigram tag feature which was switched ofhanner, as our results for German, Dutch and English
for all final experiments. show. Maximum entropy models are an effective way
The results for the Dutch test data are given in Table ®f incorporating diverse and overlapping features. Our
These improve upon the scores of the best performingaximum entropy tagger employs Gaussian smoothing
system at CoNLL-2002 (Carreras et al., 2002). which allows a large number of sparse, but informative,



| Englishoev | PRECISION RECALL  Fp1 | References

LOCATION 91.75%  93.20% 92.47% Andrew Borthwick. 1999.A Maximum Entropy Approach to
MISC 88.34% 82.97% 85.57% Named Entity RecognitionPh.D. thesis, New York Univer-
ORGANISATION | 83.54% 85.53% 84.52% sity.

0 0 q
PERSON 94.26% 95.39% 94.82% John D. Burger, John C. Henderson, and William T. Morgan.
OVERALL 90.196 90.566 90.33% 2002. Statistical named entity recogizer adaptation. In

Proceedings of the 2002 CoNLL Workshpages 163-166,

Table 7: Full system results for Englistev data Taipei, Taiwan.
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| EnglishTesT | PRECISION RECALL  Fg_1 | Named entity recognition using AdaBoost. Poceedings
LOCATION 84.97% 90.53% 87.66% of the 2002 CoNLL Workshopages 167-170, Taipei, Tai-
MISC 76.77% 75.78% 76.27% wan.
ORGANISATION | 79.60%  79.41% 79.51% John Chen, Srinivas Bangalore, and K. Vijay-Shanker. 1999.
PERSON 91.64% 90.79% 91.21% New models for improving supertag disambiguationPo-
OVERALL 84.209% 85506 84.89 ceedings of the 9th Meeting of EA(Bergen, Norway.
Michael Collins. 2002. Ranking algorithms for named-entity
Table 8: Full system results for EnglisEsT data extraction: Boosting and the voted perceptron. Hro-

ceedings of the 40th Meeting of the AGlages 489-496,
Philadelphia, PA.

| Germamev | PRECISION RECALL  Fpp |

LOCATION 67.59% 70.11% 68.83% James R. Curran and Stephen Clark. 2003. Investigating GIS
0 0 a and smoothing for maximum entropy taggers. Proceed-

MISC ;ig;;’ gggé(;o gg;go 0 ings of the 11th Meeting of the European Chapter of the ACL

ORGANISATION . 0 . 0 .39% Budapest, Hungary.

PERSON 81.69% 64.03% 71.79%

OVERALL 7329 58.8% 65.31% James R. Curran and Miles Osborne. 2002. A very very large
corpus doesn't always vyield reliable estimates.Phoceed-
ings of the 2002 CoNLL Workshppages 126-131, Taipei,

Table 9: Full system results for Germaav data Taiwan.

Robert Malouf.  2002. Markov models for language-

|GermamEST |PREC|SION RECALL _ Fp | independent named entity recognition.Rroceedings of the

LOCATION 70.91% 71.11% 71.01% 2002 CoNLL Workshqppages 187-190, Taipei, Taiwan.
MISE 68.51%  46.12% 55.13%6 Adwait Ratnaparkhi. 1996. A maximum entropy part-of
0 0 q : : -0t
ORGANISATION 68'430/0 50'190/0 57'9100 speech tagger. IRroceedings of the EMNLP Conference
PERSON 88.04% 72.05% 79.25% pages 133-142, Philadelphia, PA.
OVERALL 75.6%0 62.46006 68.41%
Erik F. Tjong Kim Sang and Fien De Meulder. 2003. Introduc-
tion to the CoNLL-2003 shared task: Language-independent
Table 10: Full system results for GermapsT data named entity recognition. In Walter Daelemans and Miles
Osborne, editorsProceedings of CoNLL-200FEdmonton,
Canada.

features to be used without overfitting.

Using a wider context window than 2 words may im-
prove performance; a reranking phase using global fea-
tures may also improve performance (Collins, 2002).

Erik F. Tjong Kim Sang. 2002. Introduction to the CoNLL-
2002 shared task: Language-independent named entity
recognition. InProceedings of CoNLL-200Zaipei, Taiwan.

Koji Tsukamoto, Yutaka Mitsuishi, and Manabu Sassano. 2002.
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