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the reference but only 73.53% for the MT output.
There are two primary reasons for this. First, the
A Named Entity Recognizer (NER) generally performance of current trans_latior_1 systems is not
has worse performance on machine translated very good, and_ so the output is quite different from
text, because of the poor syntax of the MT Standard English text. The fluency of the translated
output and other errors in the translation. As text will be poor, and the context of a named entity
some tagging distinctions are clearer in the may be weird. Second, the translated text has some
source, and some in the target, we tried to foreign names which are hard for the English NER
integrate the tag information from both source  to recognize, even if they are well translated by the
and target to improve target language tagging MT system, because such names appear very
performance, especially recall. infrequently in the English training corpus.
In our experiments with Chinese-to-English Training an NER on MT output does not seem
MT output, we first used a simple merge of the to be an attractive solution. It may take a lot of
outputs from an ET (Entity Translation) system  time to manually annotate a large amount of
and an English NER system, getting an absolute  training data, and this labor may have to be
gain Oof 7.15% in F-measure, from 73.53% 10 yapeated for a new MT system or even a new
80.68%. We then trained an MEMM module to o sion of an existing MT system. Furthermore,
integrate them more d|scr|m|nat|v_ely, and got a th i t till not K i
further average gain of 2.74% in F-measure, € resufting system may Stll not work wetl, in So
from 80.68% to 83.42%. far as the translation is not good and information is
somehow distorted. In fact, sometimes the
meanings of the translated sentences are hard to
decipher unless we check the source language or
Because of the growing mu|ti|ingua| environmenget a human translated document as reference. As a
for NLP, there is an increasing need to be able fgsult, we need source language information to aid
annotate and analyze the output of machirf8e English NER.
translation (MT) systems. But treating this task as However, it is also not enough to rely entirely
one of processing “ordinary text” can lead to poo?n the source language NE results and map them
results. We examine this problem with respect @nto the translated English text. First, the word
the name tagging of English text. alignment from source language to English
A Named Entity Recognizer (NER) trained orgenerated by the MT system may not be accurate,
an English corpus does not have the sani@ading to problems in mapping the Chinese name
performance when applied to machine-translatda@gds. Second, the translated text is not exactly same
text. From our experiments on NIST 05 ChineseédS the source language because there may be
to-English MT evaluation data, when we used th@formation missed or added. For example, the
same English NER to tag the reference translatiéthinese phraseZ/Z7###", which is not a name
and the MT output, the F-measure was 81.38% for Chinese, and should be literally translated as
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“the subway in Hong Koiigmay end up being It is hard to recognize from this example that
translated torntrc’, the abbreviation of The Mass kumaratunga is a person name unless we are
Transit Railway Corporatioh which is an already familiar with this name or realize this is a
organization in Hong Kong (and so should get mormal Chinese expression structure, although not
name tag in English). an English one.

If we can use the information from both the Ex. 2. A reporter fronshantou <ORG>
source language and the translated text, we cannotiniversity school of medicine</ORG>, faculty
only find the named entities missed by the English of medicine university of <GPE>hong
NER, but also modify incorrect boundaries in the kong</GPE>, <ORG>influenza research
English results which are caused by the bad center</ORG> was informed that ......
content. However, using word alignment to maplere source language information can help fix
the source language information into the Englisimcorrect name boundaries assigned by the English
text is problematic, for two reasons: First, the worblER, especially from a messy context. In Example
alignment produced by machine translation i8, the source language tagger can tell us that
typically not very good, with a Chinese-EnglisH'shantou university” and “university of hong
AER (alignment error rate) of about 40% (Dendcong” are two named entities, allowing us to fix
and William 2005). So just using word alignmenthe wrong name boundaries of the English NER.
to map the information would introduce a lot of
noise. Second, in the case of function words i%z
English which have no corresponding realization iThere are cases where the MT system does not
Chinese, traditional word alignment would alignrecognize there is a name and translates it as
the function word with another Chinesesomething else, and if we do not refer to the source
constituent, such as a name, which could lead gnguage, we sometimes cannot understand the
boundary errors in tagging English names. Weentence, or annotate it.
have therefore used an alternative method to fetch Ex. 3. xinhua shanghai , january 1
the source language information for information (<ORG>feng yizhen su lofty</ORG>) snow ,
extraction, which is called Entity Translation and is  frozen , and the shanghai airport staff in snow

Bad trandations

described in Section 3. and inalienable .
o The translation system does not output the names
2 Motivation correctly, and only when we look at the Chinese

When we use the English NER to annotate th?eentence can we know that there are two person
translated text, we find that the performance is n&a\mes here, one is “feng yizhen”, and the other is

as good as English texts. This is due to severg- lofty”, wher_e the second one is translated
incorrectly. English NER treats the whole as an
types of problems

ORGANIZATION as there is no punctuation to
2.1 Bad name contexts separate the two names.

Producing correct word order is very hard for 3 Unknown foreign names

phrase-_based MT  system, partlcularly Whel:fhere are many Chinese GPE and PERSON names
translating between two such disparate languag ich are missed because they appear rarely in

and there are still a lot of Chinese syntax structur%%glish text, especially city, county or even

left in translated text, which are usually not regul rovince names, and so are hard for English NER
English expressions. As a result, it is hard for t % detect or classify. However, on the Chinese side,

English NER to detect names in these contexts. .
Ex. 1. annan saidktimaratunga president they may be common names and so easily tagged.

personally against him to areas under guerrilla
control field visit because it feared the rebels
will use his visit as a political chip"

2 We use the entity types of ACE (the Automatic Cahte
Extraction evaluation) for name types. Here ORG =
“ORGANIZATION?" is the tag for an organization; GRE
L “Geo-Political Entity” is the tag for a location thia

The MT system we used generates monocase tramslasio  government; other locations (e.g., “Sahara Desar#)tagged
we show all the translations in lower case. as LOCATION.
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Ex. 4. At presenshishi city in the provinceto 4 Integrating source and  target

achieve a village public transportation, village information

water ; village of cable television .
The city names in examples 4 are famous We first try a very simple merge method to see
Chinese but do not appear much in English teXtow much gain can be gotten by simply combining
and so are missed by the English NER; however!€ two sources. After that, we describe a corpus-

Chinese NER would be able to tag them as nam#@ined model which addresses some of the tag
entities. conflict situations and gets additional gains.

4.1 Resultsfrom English NER and ET

First, we analyzed the English NER and ET output
%o see the named entity distribution of the two
ources. We focus on the differences between them

tzrggilate_?hf[he n?mes in the text (I;Ieng Ji EIN cause when they agree, we can expect little
)- IS System runs a source-lahguage Nk provement from using source language

(based on an HMM) and then uses a variety @l¢ormation. In the nist05 data, we find 1893

strategies to translate the names it identi_fies. On@med entities in the English NER output (target
stratei\_gy, f(_)r example, uses a C(l)rgus-_trr?lned narfé%guage part) and 1968 named entities in the ET
transliteration component coupled with a targel, ;¢ (source language part); 1171 of them are the

language model to select the best transliteratioglame_ This means that 38.14% of the names tagged

The source text, annotated with name translatior] ' the target language and 40.5% of those in the
'S then passed tg a statésggcal, phrase(;_based source language do not have a corresponding tag in
system (Zens and Ney, 4). Depending on IRe other language, which suggests that the source

phrase table and language model, this name-awap target NER may have different strengths on
MT system would decide whether to accept thﬁame tagging.

translation provided by ET. Experiments show that We checked the names which are tagged

the MT system with ET pre-processing CarE!iifferently, and there are 347 correct names from

produce better translations than the MT syste missed by English NER and 418 from English
alone, with 17% relative error reduction on overa ER missed by ET.

name translation.
The strategy combining multiple transliterationg.2  Simple Merge

and selection based on a language model Il—'?rst, in order to see if the ET system can really

particularly effective for foreign (non-Chinese) . .
person names rendered in Chinese. If these nanrfgslp the English NER, we do a simple merge

did not appear in the bilingual trainin materiaIeXperiment’ which just adds the named entities
PP g g extracted from the ET system into the English

they would be mistranslated by an MT systerEER results, so long as there is no conflict

3 Entity Trandation System

The MT pipeline we employ begins with an Entit
Translation (ET) system which identifies an

without ET. These names are often also difficuft . " - (i.e., so long as the ET-tagged name

for the_Engllsh tagger, so .ET can benefit bot oes not overlap an English NE-tagged name).
translation and name recognition. . S99"
. Our experiments show that this simple method

For each name tagged by ET, we see if the

translation string proposed by ET appears in {r@n improve the English NER result substantially

translation produced by the MT system. If so, Wmtiti)tli?)ns_l)’ especially for recall, confirming our

use the ET output to assign an ‘ET name type’ {0 o
that string in the translation. This approach avoids We checked the errors produced by this simple

the problems of using word alignments from tnhinerge method, and divided them into four types.

o . ) . 1. Missed by both sources.
MT system; in particular, the alignment of functlor‘b Missed by one source and erroneously tagged
words in English with names in Chinese. '

by the other

3. Erroneously tagged by both sources

4. Conflict situations where the English NE-
tagged name is wrong but the ET-tagged name
is correct.
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Although there is not much we can do for the firghformation from ET and English NER, and the
three error types, we can address the last error typevious state. These features are:

by some intelligent learning method. In NISTO5 F1: current token’s type in ET

data, there are 261 names which have conflicts, F2: current token’s type in English NER

and we can get more gains here. F3: Featurel+Feature2
There are two kinds of conflicts: A type conflict  F4: if there is a type conflict + ET type +

which occurs when the ET and English NER tag English NER type

the same named entity but give it different types; F5: if there is a type conflict +ET type

and a boundary conflict which occurs when there is confidence + English NER confidence

a tag overlap between English NER and BVe F6: if there is a boundary conflict + ET type +

treat these two kinds of conflict differently by English NER type

using different features to indicate them. F7: if there is a boundary conflict + ET token
, confidence + English NER confidence

4.3 Maximum Entropy Markov Model F8: state for the previous token

We use a MEMM (Maximum Entropy Markov F4 and F5 are used to help resolve the type
Model) as our tagging model. An MEMM is aconflicts, and F6 and F7 to resolve boundary
variation on traditional Hidden Markov Modelsconflicts. When there is a conflict, we need the
(HMM). Like an HMM, it attempts to characterizeconfidence information from both ET and English
a string of tokens as a most likely set of transitioSER to indicate which side to choose.
through a Markov model. The MEMM allows The English NER reports margin which can
observations to be represented as arbitrabg used to gauge tag confidence. The margin is the
overlapping features (such as word, capitalizatiofjfference in log probability between the top
formatting, part-of-speech), and defines théagging hypothesis and a hypothesis which assigns
conditional probability of state sequences givethe name a different NE tag, or no NE tag. We use
observation sequences. It does this by using tH#s as the confidence of English NER output.
maximum entropy framework to fit a set of For ET output, the situation is more
exponential models that represent the probabiligomplicated. We use different confidence methods
of a state given an observation and the previof@r type and boundary conflicts. For type conflicts,
state (McCallum et al. 2000). we use the source of the ET translation as the “type
In our experiment, we train the maximumconfidence”, for example, if the ET result comes
entropy framework at the token level, and use tifeom a person name list, the output is probably
BIO types as the states to be predicted. There @@rect. For boundary conflicts, as the ET system
four entity types: PERSON, ORGANIZATION, uses some pruning strategy to fix the boundary
GPE and LOCATION, and so a total of 9 states. errors in word alignment, and the translation
procedure contains several disparate components
44  Feature Setsfor MEMM which produce different kind of confidence
In our experiment, we are interested not only ifeasure, it is not reasonable to use Chinese NER
training a module, but also in measuring theonfidence as the confidence estimate. As a result,

different performance for different scales ofve check if the token is capitalized in ET
training corpora. If a small annotated corpus cdranslation, and treat it as the “token confidence”.
get reasonable gain, this method for combininget .
taggers will be much more practical. 2: Set 1+ Current Token Information

As a result, we first build a small feature set and F9: current token + ET type+ English NER
enlarge it by adding more features, expecting that type

the small feature set may get better performana'é)ken information can be used to predict the result
with a small training corpus. when there is a conflict, as the conflict reason

varies and in some cases without knowing the

Previous State | nformation a result, we add the current token feature but this is

We first try to use few features to see how mucte only place we use token information.
gain we can get if we only consider the tag
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Chinese Text II

Chinese NE

NE-Tagged Text II

Our experiments showed some performance gain
retaining our focus on the ET and English NER
that of the previous token
F11: ET result of the current token + ET result ET-Tagged Text
of the previous token.
—
Procedure
F13: ET result of the current token + that of

with only the current token features and the
previous state, but we still wanted to see if
additional features — such as information on the L7
previous and following tokens — would help. To
information:
F12: English NER result of the current token +
the next token.

Set 3: Set2 + Sequence Information
this end, we added such features, while still
!
F10: English NER result of the current token +
that of the next token. | nreration
5 Experiment

) ) . Figure1. Flow chart of our system
The experiment was carried out on the Chinese

part of the NIST 05 machine translation evaluatiob.1 ~ Simple Merge Result

(NISTOS) and NIST 04 machine translationrhe gimple merge method gets a significant F-
evaluation (NISTO4) data, where NISTTOSyeaqure gain of 7.15% from the English NER
contains 100 documents and NISTO04 contains 2§ seline which confirms our intuition that some
documents. We annotated all the data in NISTQ}med entities are easy to tag in source language
and 120 documents for NISTO4 for ouryhy others in target language. This represents

experiment. _ primarily a significant recall improvement, 14.37%.
The ET system used a Chinese HMM-based

NER trained on 1,460,648 words; the English NER basdine Simple Merge

name tagger was also HMM-based and trained on [p 85. 68 82. 70

450,000 words. R 6439 78.76
First, we want to see the result with very small E 73 53 30,68

training data, and so divided the NISTO5 data in .
5 subsets, each containing 20 documents. We ratr?agle 15imple merge method on Corpus1 (100 documents)
cross validation experiment on this small corpus,2  Integrating Results on Corpusl

with 4 subsets as training data and 1 as testir@n thi | traini test h subset
data. We refer to this configuration as Corgus1 N this small training corpus, we test each subse
th other subsets as training data, and calculate

Second, to see whether increasing the traini total ; th hol Th
data would appreciably influence the result, w € total periormance on the whole corpus. 1he

added the annotated NIST04 data into the traini gst I’eStl).I||t bcomes f;ﬁmt S_et_2 |r(1jstteaq tOf Set3|,|
corpus, and we call this configuration Corpus2. esumably beécause the training data 1S too sma

to handle the richer model of Set3. Our experiment
shows that we can get 1.9% gain over simple
merge method with Set 2 using 80 documents as
training data.

% We conducted some experiments with a small compus i
which we relied on the alignment information frone tMT

system, but the results were much worse than dsmgT Simple Merge Setl Set2 | Set3

output. Simple merge using alignment yielded aeéagger P 82.70 84.73 84.72| 84.49

F score of 73.34% (1.42% worse than the baselB\&6%6), R 78. 76 78.01 80.55| 80.1%
. o e .

while ET F score of 81.23%; MEMM with minimal feats = 20, 68 8123 5258 | 82.26

using alignment yielded an improvement of 1.7% ®8%
using ET).
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Table2. Result on Corpusl, which contains 100 documents, considerably better NER result than would be
with 80 documents used for training at each fold. possible with either alone, and in particular, a large
improvement in name identification recall.

MT output poses a challenge for any type of
On this corpus, every training data set contains 2Q@éhguage analysis, such as relation or event
documents, and we can get a gain of 2.74% ovgdcognition or predicate-argument analysis. Even
the simple merge method. With the larger traininhough MT is improving, this problem is likely to
set, the richer model (Set 3) now outperforms thge with us for some time. The work reported here

5.3 Integrating Results on Corpus2

others. indicates how source language information can be
brought to bear on such tasks.
SmpleMerge | Setl | Set2 | Set3 The best F-measure in our experiments exceeds
P 82. 70 85.04| 85.15| 85.78 the score of the English NER on reference text,
R 78.76 78.09] 80.59| 81.18 which reflects the intuition that even for well
F 80. 68 81.42| 82.81| 83.42 translated text, we can still benefit from source
Table3. Result on Corpus2 (220 documents), with 200 language information.

documents used for training at each fold of cradidation.
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