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Abstract

This paper proposes a named entity recog-
nition (NER) method for speech recogni-
tion results that uses confidence on auto-
matic speech recognition (ASR) as a fea-
ture. The ASR confidence feature indi-
cates whether each word has been cor-
rectly recognized. The NER model is
trained using ASR results with named en-
tity (NE) labels as well as the correspond-
ing transcriptions with NE labels. In ex-
periments using support vector machines
(SVMs) and speech data from Japanese
newspaper articles, the proposed method
outperformed a simple application of text-
based NER to ASR results in NER F-
measure by improving precision. These
results show that the proposed method is
effective in NER for noisy inputs.

1 Introduction

}@cslab.kecl.ntt.co.jp

expressions and their categories. Unlike text data,
speech data introduce automatic speech recogni-
tion (ASR) error problems to NER. Although im-
provements to ASR are needed, developing a ro-
bust NER for noisy word sequences is also impor-
tant. In this paper, we focus on the NER of ASR
results and discuss the suppression of ASR error
problems in NER.

Most previous studies of the NER of speech
data used generative models such as hidden
Markov models (HMMs) (Miller et al., 1999;
Palmer and Ostendorf, 2001; Horlock and King,
2003b; Bechet et al., 2004; Favre et al., 2005).
On the other hand, in text-based NER, better re-
sults are obtained using discriminative schemes
such as maximum entropy (ME) models (Borth-
wick, 1999; Chieu and Ng, 2003), support vec-
tor machines (SVMs) (Isozaki and Kazawa, 2002),
and conditional random fields (CRFs) (McCal-
lum and Li, 2003). Zhai et al. (2004) applied a
text-level ME-based NER to ASR results. These
models have an advantage in utilizing various fea-

As network bandwidths and storage capacitieures, such as part-of-speech information, charac-
continue to grow, a large volume of speech datder types, and surrounding words, which may be
including broadcast news and PodCasts is beconfverlapped, while overlapping features are hard to
ing available. These data are important informatse in HMM-based models.
tion sources as well as such text data as newspaperTo deal with ASR error problems in NER,
articles and WWW pages. Speech data as inforPalmer and Ostendorf (2001) proposed an HMM-
mation sources are attracting a great deal of intelased NER method that explicitly models ASR er-
est, such as DARPASs global autonomous languageors using ASR confidence and rejects erroneous
exploitation (GALE) program. We also aim to use word hypotheses in the ASR results. Such rejec-
them for information extraction (IE), question an-tion is especially effective when ASR accuracy is
swering, and indexing. relatively low because many misrecognized words
Named entity recognition (NER) is a key tech-may be extracted as NEs, which would decrease
nique for IE and other natural language processNER precision.
ing tasks. Named entities (NEs) are the proper ex- Motivated by these issues, we extended their ap-
pressions for things such as peoples’ names, locgtroach to discriminative models and propose an
tions’ names, and dates, and NER identifies thosBIER method that deals with ASR errors as fea-
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tures. We use NE-labeled ASR results for training Manual Speech data

to incorporate the features into the NER model as transcription ASR
well as the corresponding transcriptions with NE T >, S 1
labels. In testing, ASR errors are identified by raeTIpHo™ R results
ASR confidence scores and are used for the NERNE labeling v
In experiments using SVM-based NER and speech
data from Japanese newspaper articles, the pro- NE-labeled Alignment
. transcriptions &

posed method increased the NER F-measure, es- Lo

. . _ . . . identifying
pecially in precision, compared to simply applying Setting ASR ASR errors
text-based NER to the ASR results. confidence and NEs

feature to 1 v v

2 SVM-based NER Text-based

ASR-based ||

training data training data

NER is a kind of chunking problem that can

be solved by classifying words into NE classes rigyre 1: Procedure for preparing training data.
that consist of name categories and such chunk-

ing states aPERSON-BEGIN(the beginning of

a person’s name) andOCATION-MIDDLE (the  ARTIFACT-MIDDLE. We use a Viterbi search to
middle of a location’s name). Many discrimi- optain the best and consistent NE label sequence
native methods have been applied to NER, suchfter classifying all words in a sentence, based
as decision trees (Sekine et al., 1998), ME modpn probability-like values obtained by applying
els (Borthwick, 1999; Chieu and Ng, 2003), andsigmoid functions,, (z) = 1/(1 + exp(—3,z)) to
CRFs (McCallum and Li, 2003). In this paper, we SvM output scorey, ()
employ an SVM-based NER method in the follow-

ing way that showed good NER performance in3 Proposed method
Japanese (Isozaki and Kazawa, 2002).

We define three features for each word:
word itself, its part-of-speech tag, and its characin the NER of ASR results, ASR errors cause NEs
ter type. We also use those features for the twdo be missed and erroneous NEs to be recognized.
preceding and succeeding words for context deH one or more words constituting an NE are mis-
pendence and use 15 features when classifying r@cognized, we cannot recognize the correct NE.
word. Each feature is represented by a binarjven if all words constituting an NE are correctly
value (1 or 0), for example, “whether the previousrecognized, we may not recognize the correct NE
word isJapan’ and each word is classified baseddue to ASR errors on context words. To avoid
on a long binary vector where only 15 elementsthis problem, we model ASR errors using addi-
are 1. tional features that indicate whether each word is

We have two problems when solving NER correctly recognized. Our NER model is trained
using SVMs. One, SVMs can solve only ausing ASR results with a feature, where feature
two-class problem. We reduce multi-class prob-values are obtained through alignment to the cor-
lems of NER to a group of two-class problemsresponding transcriptions. In testing, we estimate
using theone-against-allapproach, where each feature values using ASR confidence scores. In
SVM is trained to distinguish members of athis paper, this feature is called tA&R confidence
class (e.g.PERSON-BEGIN from non-members feature
(PERSON-MIDDLEMONEY-BEGIN... ). Inthis Note that we only aim to identify NEs that are
approach, two or more classes may be assigned twrrectly recognized by ASR, and NEs containing
a word or no class may be assigned to a word. TASR errors are not regarded as NEs. Utilizing er-
avoid these situations, we choose claghat has roneous NEs is a more difficult problem that is be-
the largest SVM output scorg(x) among all oth-  yond the scope of this paper.
ers.

The other is that the NE label sequence must bg-2  Training NER model
consistent; for example, ARTIFACT-END Figure 1 illustrates the procedure for preparing
must follow ARTIFACT-BEGIN or training data from speech data. First, the speech

the3'l Incorporating ASR confidence into NER
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data are manually transcribed and automatically ~Word Confidence NE label

recognized by the ASR. Second, we label NEs Murayama 1 PERSON-BEGIN
in the transcriptions and then set the ASR con- Tomiichi 1 PERSON-END
fidence feature values to 1 because the words in shusho 1 OTHER

the transcriptions are regarded as correctly recog-  wa 1 OTHER
nized words. Finally, we align the ASR results to nhento 1 DATE-SINGLE

the transcriptions to identify ASR errors for the 1 110 1: an example of text-based training data.
ASR confidence feature values and to label cor-

rectly recognized NEs in the ASR results. Note

that we label the NEs in the ASR results thatexist _ Word  Confidence NE label
in the same positions as the transcriptions. If a part Murayama 1 OTHER

of an NE is misrecognized, the NE is ignored, and shi 0 OTHER

all words for the NE are labeled as non-NE words ni 0 OTHER
(OTHER Examples of text-based and ASR-based ~ ichi 0 OTHER
training data are shown in Tables 1 and 2. Since  shiyo 0 OTHER
the nameMurayama Tomiichin Table 1 is mis- wa 1 OTHER
recognized in ASR, the correctly recognized word ~ hento 1 DATE-SINGLE

Murayamais also labele®THERN Table 2. An-  Tapje 2: An example of ASR-based training data.
other approach can be considered, where misrec-

ognized words are replaced by word error symbols

such as those shown in Table 3. In this case, those___Vord Confidence NE label

words are rejected, and those part-of-speech and Murayama 1 OTHER

character type features are not used in NER. (error) 0 OTHER

(error) 0 OTHER

3.3 ASR confidence scoring for using the (error) 0 OTHER

proposed NER model (error) 0 OTHER

ASR confidence scoring is an important technique wa 1 OTHER
nento 1 DATE-SINGLE

in many ASR applications, and many methods

have been proposed including using word posteTable 3: An example of ASR-based training data

rior probabilities on word graphs (Wessel et al.,with word error symbols.

2001), integrating several confidence measures us-

ing neural networks (Schaaf and Kemp, 1997),

using linear discriminant analysis (Kamppari and?(X|W)(p(W))” to avoid a few of the top hy-

Hazen, 2000), and using SVMs (Zhang and RudPotheses dominating posterior probabilitie€X')

nicky, 2001). is approximated by the sum over all sentence hy-
Word posterior probability is a commonly used Potheses and is denoted as

and effective ASR confidence measure. Word pos- B 8¢

terior probabilityp([w; 7, t]| X ) of word w at time p(X) = %V: {p(X‘W) (W) } - @

interval [, t] for speech signaK is calculated as

follows (Wessel et al., 2001): p([w; T, ]| X) can be efficiently calculated using a
forward-backward algorithm.
p([w; 7, t]| X) In this paper, we use SVMs for ASR confidence

G scoring to achieve a better performance than when
_ Z {p(X|W) (p(W)) } . (D) using word posterior probabilities as ASR confi-
W W wird] p(X) dence scores. SVMs are trained using ASR re-
sults, whose errors are known through their align-
whereW is a sentence hypothesi®/ [w;7,t] is  mentto their reference transcriptions. The follow-
the set of sentence hypotheses that includim  ing features are used for confidence scoring: the
[1,t], p(X|W) is a acoustic model scorg(W)  word itself, its part-of-speech tag, and its word
is a language model score,is a scaling param- posterior probability; those of the two preceding
eter (x<1), andg is a language model weight. and succeeding words are also used. The word
« is used for scaling the large dynamic range ofitself and its part-of-speech are also represented
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by a set of binary values, the same as with adapanese newspaper articles (10,718 sentences)
SVM-based NER. Since all other features are biand 18,200 NEs in eight categories (artifact, or-
nary, we reduce real-valued word posterior probganization, location, person, date, time, money,
ability p to ten binary features for simplicity: (if and percent). The sentences were read by 106
0 <p<01,if01 <p <02 .. ,andif speakers (about 100 sentences per speaker), and
0.9 < p < 1.0). To normalize SVMs’ output the recorded speech data were used for the exper-
scores for ASR confidence, we use a sigmoid funciments. The experiments were conducted with 5-
tion s, (z) = 1/(1 + exp(—fBwx)). We use these fold cross validation, using 80% of the 1,174 ar-
normalized scores as ASR confidence scores. Akicles and the ASR results of the corresponding
though a large variety of features have been prospeech data for training SVMs (both for ASR con-
posed in previous studies, we use only these sinfidence scoring and for NER) and the rest for the
ple features and reserve the other features for futest.
ther studies. We tokenized the sentences into words and
Using the ASR confidence scores, we estimatgagged the part-of-speech information using the
whether each word is correctly recognized. If theJapanese morphological analyzer Chatens.3
ASR confidence score of a word is greater thamand then labeled the NEs. Unreadable to-
thresholdt,,, the word is estimated as correct, andkens such as parentheses were removed in to-
we set the ASR confidence feature value to 1; othkenization.  After tokenization, the text cor-
erwise we set it to 0. pus had 264,388 words of 60 part-of-speech
o types. Since three different kinds of charac-
3.4 Rejection atthe NER level ters are used in Japanese, the character types
We use the ASR confidence feature to suppresgsed as features included:single-kanji
ASR error problems; however, even text-basedwords written in a single Chinese charac-
NERs sometimes make errors. NER performancter), all-kanji (longer words written in Chi-
is a trade-off between missing correct NEs anchese characters)hiragana  (words written
accepting erroneous NEs, and requirements difin hiragana Japanese phonogram&gtakana
fer by task. Although we can tune the parame{words written in katakana Japanese phono-
ters in training SVMs to control the trade-off, it grams), number, single-capital (words
seems very hard to find appropriate values for alvith a single capitalized lettergll-capital :
the SVMs. We use a simple NER-level rejectioncapitalized (only the first letter is capital-
by modifying the SVM output scores for the non- ized),roman (other roman character words), and
NE class OTHER We add constant offsetvaltie ~ others  (all other words). We used all the fea-
to each SVM output score f@THERWith alarge tures that appeared in each training set (no feature
to,, OTHERbecomes more desirable than the otheselection was performed). The chunking states in-
NE classes, and many words are classified as nogtuded in the NE classes wet8EGIN (beginning
NE words andiice versa Thereforet, works asa of a NE),MIDDLE(middle of a NE) END(ending
parameter for NER-level rejection. This approachof a NE), andSINGLE (a single-word NE). There

can also be applied to text-based NER. were 33 NE classes (eight categories * four chunk-
ing states ¥OTHER, and therefore we trained 33
4 Experiments SVMs to distinguish words of a class from words

of other classes. For NER, we used an SVM-based

We conducted the following experiments relatedChunk annotator YamCHa0.33 with a quadratic

to the NER of speech data to investigate the Pearnel (1+ - §)2 and a soft margin parameter

formance of the proposed method. of SVMs C'=0.1 for training and applied sigmoid

41 Setup function s,,(x) with (3,=1.0 and Viterbi search to
the SVMSs’ outputs. These parameters were exper-

In the experiment, we simulated the procedurg§mentally chosen using the test set.

shown in Figure 1 using speech data from the We used an ASR engine (Hori et al., 2004) with

NE-labeled text COrpus. We used the traln_lnga speaker-independent acoustic model. The lan-
data of the Information Retrieval and Extraction

Exercise (IREX) workshop (Sekine and Eriguchi,  ipgp.//chasen.naist jp/hikiiChaSen/ (in Japanese)
2000) as the text corpus, which consisted of 1,174 ?nttp://www.chasen.org/ taku/software/yamcha/
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guage model was a word 3-gram model, trained '@ :
using other Japanese newspaper articles (about SVt based ‘
340 M words) that were also tokenized using sl sooring ¥
ChaSen. The vocabulary size of the word 3-gram ‘
model was 426,023. The test-set perplexity over_
the text corpus was 76.928. The number of out-%60 S N —
of-vocabulary words was 1,551 (0.587%). 223 J# Word posterior probability
(1.23%) NEs in the text corpus contained such out-3 ¥

of-vocabulary words, so those NEs could not be ':_S_ sl {f
correctly recognized by ASR. The scaling param-
etera was set to 0.01, which showed the best ASR
error estimation results using word posterior prob-
abilities in the test set in terms of receiver operator
characteristic (ROC) curves. The language model . § § : :
weight3 was set to 15, which is a commonly used 0 20 Fal:gposmve raf:(%) 80 100
value in our ASR system. The word accuracy ob-

tained using our ASR engine for the overall datasef:igure 2: SVM-based confidence scoring outper-

was 79.45%. In the ASR results, 82.00% of they, s \word posterior probability for ASR error es-

NEs in the text corpus remained. Figure 2 Show%imation.

the ROC curves of ASR error estimation for the

overall five cross-validation test sets, using SVM-

based ASR confidence scoring and word posterioa recognized NE was accepted as correct if and

probabilities as ASR confidence scores, where  only if it appeared in the same position as its refer-
ence NE through alignment, in addition to having

sitve rai

X
i
X
*
X
X
20 px--
o
x
*

True positive rate the correct NE surface and category, because the
__ #correctly recognized words estimated as correct sgme NEs might appear more than once. Compar-
# correctly recognized words isons of NE surfaces did not include differences
False positive rate in word segmentation because of the segmentation
__ # misrecognized words estimated as correct  ambiguity in Japanese. Note that NER recall with
N # misrecognized words ' ASR results could not exceed the rate of the re-

maining NEs after ASR (about 82%) because NEs
the qu.adratlc.kernel and=0.01. Parametef,, of In addition, we also evaluated the NER perfor-
sigmoid functions,, () was set to 1.0. These pa- mance in NER precision and recall with NER-
rameters were also experimentally chosen. SVMreyg| rejection using the procedure in Section 3.4,
based ASR confidence scoring showed better PeBy modifying the non-NE class scores using offset
formance in ASR error estimation than Simplevalueto.
word posterior probabilities by integrating mul-
tiple features. Five values of ASR confidence4.3 Compared methods

thresholdt,, were tested in the following experi- o
v g exp We compared several combinations of features

ments: 0.2, 0.3, 0.4, 0.5, and 0.6 (shown by bladfand training conditions for evaluating the effect of

dots in Figure 2). incorporating the ASR confidence feature and in-
vestigating differences among training data: text-
based, ASR-based, and both.

Evaluation was based on an averaged NER F-

measure, which is the harmonic mean of NER preBaseline does not use the ASR confidence fea-
cision and recall: ture and is trained using text-based training data

4.2 Evaluation metrics

only.
NER - # correctly recognized NEs
precision= # recognized NEs NoConf-A does not use the ASR confidence
# correctly recognized NEs feature and is trained using ASR-based training
NER recall= ——— . dat |
# NEs in original text ata only.
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| Method || Confidence| Training | Test | F-measurex) | Precision) | Recall(%) |

Baseline Text ASR 67.00 70.67 63.70
NoConf-A Not used ASR ASR 65.52 78.86 56.05
NoConf-TA Text+ASR| ASR 66.95 77.55 58.91
Conf-A Used ASR ASR* 67.69 76.69 60.59
Proposed Text+tASR| ASR* 69.02 78.13 61.81
Conf-Reject Used Text+ASR| ASR* 68.77 77.57 61.78
Conf-UB Used Text+ASR| ASR* 73.14 87.51 62.83
Transcription|| Not used Text Text 84.04 86.27 81.93

Table 4. NER results in averaged NER F-measure, precision, and recall without considering NER-level
rejection ¢, = 0). ASR word accuracy was 79.45%, and 82.00% of NEs remained in ASR results.
(fUnconfident words were rejected and replaced by word error symhigls= 0.4, **ASR errors were
known)

NoConf-TA does not use the ASR confidence | Method | ¢, [ F(%)] P (%) ]| R (%) |
feature and is trained using both text-based and 0.2 || 66.72| 71.28| 62.71
ASR-based training data. 0.3/ 67.32| 73.68] 61.98
Conf-A 0.4 67.69| 76.69| 60.59
0.5 67.04| 79.64 | 57.89
0.6 || 64.48| 81.90| 53.14

Conf-A uses the ASR confidence feature and is
trained using ASR-based training data only.

Proposed uses the ASR confidence feature and 021 68.08] 72.54] 64.14
is trained using both text-based and ASR-based 0.3| 68.70| 75.11| 63.31
training data. Proposed | 0.4 || 69.02| 78.13| 61.81

0.5| 68.17| 80.88 | 58.93

Conf-Reject is almost the same as Proposed,
0.6 || 65.39| 83.00| 53.96

but misrecognized words are rejected and replace

with word error symbols, as described at the end 0.2 68.06| 72.49| 64.14
of Section 3.2. 0.3| 68.61| 74.88| 63.31

Conf-Reject| 0.4 | 68.77| 77.57| 61.78
The following two methods are for reference. 051 67.931 8023 5801

0.6 || 64.93| 82.05| 53.73

Conf-UB assumes perfect ASR confidence scor-

ing, so the ASR errors in the test set are knOW”TabIe 5: NER results with varying ASR confi-
The NER model, which is identical to Proposed,yance score threshold, for Conf-A, Proposed

is regarded as the upper-boundary of Proposed. 5n4 conf-Reject. (F: F-measure, P: precision, R:

Transcription applies the same model as Base-ecall)
line to reference transcriptions, assuming word ac-

curacy is 100%.
than Proposed. Conf-A resulted in 1.3% worse F-

4.4 NER Results measure than Proposed. NoConf-A and NoConf-
In the NER experiments, Proposed achieved théA achieved 7-8% higher precision than Base-
best results among the above methods. Tabléne; however, their F-measure results were worse
4 shows the NER results obtained by the meththan Baseline because of the large drop of recall.
ods without considering NER-level rejection (i.e., The upper-bound results of the proposed method
t, = 0), using threshold,, = 0.4 for Conf-A, (Conf-UB) in F-measure was 73.14%, which was
Proposed, and Conf-Reject, which resulted in thé% higher than Proposed.

best NER F-measures (see Table 5). Proposed Figure 3 shows NER precision and recall with
showed the best F-measure, 69.02%. It outpeMER-level rejection byt, for Baseline, NoConf-
formed Baseline by 2.0%, with a 7.5% improve-TA, Proposed, Conf-UB, and Transcription. In the
ment in precision, instead of a recall decrease ofigure, black dots represent results with= 0,
1.9%. Conf-Reject showed slightly worse resultsas shown in Table 4. By all five methods, we
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10

feature helps distinguish whether ASR error influ-
ences NER and suppresses excessive rejection of
NEs around ASR errors.

s - —_— l._.?z':mscr tion

% Proposed - . With respect to the ASR confidence feature, the
i ConfUB ™, small difference between Conf-Reject and Pro-

ol R "%, L posed suggests that ASR confidence is a more
§3 Baseﬁ{?ﬁx_xx oW dominant feature in misrecognized words than the
g \><X-x, D‘DB ' other features: the word itself, its part-of-speech
40 ; tag, and its character type. In addition, the dif-

Noconéi x}( ference between Conf-UB and Proposed indicated
that there is room to improve NER performance
20 with better ASR confidence scoring.
NER-level rejection also increased precision, as
shown in Figure 3. We can control the trade-
% e w0 s e 10 Off between precision and recall wity accord-
Precision (%) ing to the task requirements, even in text-based
NER. In the NER of speech data, we can ob-
tain much higher precision using both ASR-based
training data and NER-level rejection than using
either one.

Figure 3: NER precision and recall with NER-
level rejection byt,

obtained higher precision with, > 0. Pro-
posed achieved more than 5% higher precision
than Baseline on most recall ranges and showeRecent studies on the NER of speech data consider
higher precision than NoConf-TA on recall rangesmore than 1-best ASR results in the form of N-best

Related work

higher than about 35%. lists and word lattices. Using many ASR hypothe-
_ ) ses helps recover the ASR errors of NE words in

5 Discussion 1-best ASR results and improves NER accuracy.
Our method can be extended to multiple ASR hy-

The proposed method effectively improves NER h
performance, as shown by the difference bet\NeeHOG eses. NER model qf "
Proposed and Baseline in Tables 4 and 5. Improve- enerative models were used for muftl-
ment comes from two factors: using both text.P2SS ASR and NER searches using word lattices

based and ASR-based training data and incorpoq_mrloCk and King, 2003b; Bchet et al., 2004,

rating ASR confidence feature. As shown by theFaVre et al., 2005). Horlock and King (2003a)

difference between Baseline and the methods us@Iso proposed discriminative training of their NER
ing ASR-based training data (NoConf-A, NoConf- quels. T_hese studies showed the advantage of
TA, Conf-A, Proposed, Conf-Reject), ASR-based"SNg multiple ASR hypotheses, but they do not

training data increases precision and decreaséjssg,ovgrlgpp'ng fﬁ?zt;res.d | | lied
recall. In ASR-based training data, all words Iscriminative MOCEIS were aiso applie

constituting NEs that contain ASR errors are re10 multiple ASR hypotheses. Zhai et al. (2004) ap-

garded as non-NE words, and those NE examplied text-based NER to N-best ASR results, and

ples are lost in training, which emphasizes NER,merged the N-best NER results by weighted vot-

precision. When text-based training data are ais§'9 based on several sentgnce—level results.such as
available, they compensate for the loss of N SR and NER scores. Using the ASR confidence

examples and recover NER recall, as shown b>1‘/eature does not depend on SVMs and can be used
the difference between the methods without text>/'t" their method and other discriminative mod-
based training data (NoConf-A, Conf-A) and thoseels'
with (NoConf-TA, Proposed). The ASR confi- 7

dence feature also increases NER recall, as shown

by the difference between the methods withoutWe proposed a method for NER of speech data
it (NoConf-A, NoConf-TA) and with it (Conf-A, that incorporates ASR confidence as a feature

Proposed). This suggests that the ASR confidencef discriminative NER, where the NER model

Conclusion
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is trained using both text-based and ASR-base#lideki Isozaki and Hideto Kazawa. 2002. Efficient
training data. In experiments using SVMs, support vector classifiers for named entity recogni-
the proposed method showed a higher NER F- ton. InProc. COLING pages 390-396.
measure, especially in terms of improving pre-Simo O. Kamppari and Timothy J. Hazen. 2000. Word
cision, than simply applying text-based NER to and phone level acoustic confidence scoring. In
ASR results. The method effectively rejected erro- Proc- ICASSPvolume 3, pages 1799-1802.
neous NEs due to ASR errors with a small drop ofandrew McCallum and Wei Li. 2003. Early results for
recall, thanks to both the ASR confidence feature named entity recognition with conditional random
and ASR-based training data. NER-level rejection fields, feature induction and web-enhanced lexicons.
also effectively increased precision. In Proc. CoNLL pages 188-191.

Our approach can also be used in other taskBavid Miller, Richard Schwartz, Ralph Weischedel,

in spoken language processing, and we expect it and Rebecca Stone. 1999. Named entity extraction
to be effective. Since confidence itself is not lim- from broadcast news. IRroceedings of the DARPA

ited to speech, our approach can also be applied to Broadcast News Workshopages 37-40.

other noisy inputs, such as optical character recoglavid D. Palmer and Mari Ostendorf. 2001. Im-
nition (OCR). For further improvement, we will ~ Proving information extraction by modeling errors
consider N-best ASR results or word lattices as in- . SPeech recognizer output. Rroc. HLT, pages

; e 156-160.
puts and introduce more speech-specific features
such as word durations and prosodic features.  Thomas Schaaf and Thomas Kemp. 1997. Confidence
measures for spontaneous speech recognition. In
Acknowledgments We would like to thank Proc. ICASSPvolume Il, pages 875-878.

anonymous reviewers for their helpful comments. Satoshi Sekine and Yoshio Eriguchi. 2000. Japanese

named entity extraction evaluation - analysis of re-
sults. InProc. COLING pages 25-30.
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