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Abstract
Named entities are of great importance in spoken document
processing, but speech recognizers often get them wrong be-
cause they are infrequent. A name correction method based
on document-level name clustering is proposed in this paper,
consisting of three components: named entity detection, name
clustering, and name hypothesis selection. We compare the per-
formance of this method to oracle conditions and show that the
oracle gain is a 23% reduction in name character error for Man-
darin and the automatic approach achieves about 20% of that.
Index Terms: ASR, name, clustering, confidence

1. Introduction
Named entities (NEs) – names of people, places, and organiza-
tions – are important to applications including machine transla-
tion and information extraction. When these applications take
input data from the automatic speech recognition (ASR) output,
the name errors in the ASR output can degrade their perfor-
mance. Therefore, improving the ASR of names, has potential
benefit to downstream applications. According to our statis-
tics, using a state-of-the-art Mandarin speech recognizer [1, 2],
most of the NE recognition errors are in person names, and the
character error rate (CER) in the person name regions is two to
three times higher than the overall CER. This paper is thereby
focused on reducing the recognition error of person names in
the context of a Mandarin speech recognizer. For succinctness,
we will use “name” to refer to “person name” hereafter.

Conventional speech recognizers are trained to optimize the
overall recognition accuracy, and no special treatment for NEs
is employed. All words, including names and non-names, are
dealt with equally. However, names are different from non-
names in certain respects. For example, unlike common words,
some names in the test documents may not be seen in the train-
ing documents, thus they are likely to be out-of-vocabulary
(OOV) words for the speech recognizer. In the situation of
Mandarin ASR, these names can be broken down into individ-
ual characters. In many cases, they are recognized as strings of
characters that are different from the actual ones in the names,
some of which do not look like names at all. Consequently,
the NE detector may miss them, and the downstream applica-
tions will be affected. Motivated by the importance of names,
algorithms to deal with OOV names in English ASR were pro-
posed in [3], where OOV names were detected, resolved and
corrected according to name lists generated off-line. A lim-
itation of this work was in the low recall of OOV detection.
Liu et al. [4] proposed using NE information for topic analysis
and language model adaptation. The target, however, was still
to reduce the overall recognition error rate. Recently in [5], a

name-aware speech recognizer for interactive question answer-
ing system was proposed. This system built an NE-specific lan-
guage model from the document containing the user-provided
NE. Substantial improvements in word error rate were achieved.
However, the user needs to provide a target NE before asking
the question, which is not possible in many applications. In
this paper, we present a method that corrects the name recog-
nition error in terms of a post-processing to the ASR output.
This method is composed of three components: automatic NE
detection in ASR output, document-level name clustering, and
cluster-wise name correction by selecting the name hypothesis
with the highest total confidence over multiple mentions.

Although the characters from the ASR output in the name
region may not be trustworthy, the name can still be character-
ized by acoustic cues, such as acoustic features and phones. Ji et
al. [6] proposed using phones, rather than characters, from the
ASR output to perform cross-lingual spoken sentence retrieval.
The query names and document were converted to a phonetic
representation, and fuzzy name matching confidence estima-
tion was calculated based on a phonetic string distance. Hence,
some of the names that are incorrectly recognized by the speech
recognizer can be retrieved. In our work, a phonetic distance of
names is also used. A spectral clustering [7] algorithm is built
on top of the phonetic distance. Several experiments with differ-
ent oracle settings on each component were conducted to assess
the limitation of each processing step. Improvements on ASR
name errors were obtained, which approaches the limit estab-
lished by oracle name clustering and oracle name hypothesis
selection in the context of automatic NE detection.

This paper is organized as follows. The details of each step
of our name correction algorithm are introduced in section 2.
In section 3, we present our experimental data, oracle experi-
ment set-up, experimental results, and some extensive compari-
son and discussion of our results. Section 4 concludes the paper
and suggests some future directions.

2. Method
When humans hear a name that they have never heard (e.g. in a
news story), they might not get the name correct at the first time.
However, as the same name is heard again and again in other
phonetic contexts, the listener will have the chance to recognize
it correctly. Afterwards, the correct name is memorized and all
the previous recognitions, even if previously understood differ-
ently, are understood to refer to the same (now correct) name.
This intuition about human behavior motivated our method to
improve the ASR of names.

In this work, we implemented an algorithm to correct the
name errors in the ASR output. The method we used includes
the following steps:
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1. Automatically detect the names in the ASR output of a
document.

2. Cluster these names based on their acoustic similarity.

3. Force the names in a cluster to be consistent using
confidence-weighted voting.

The three major components that correspond to these steps
will be discussed in detail in the following sections.

2.1. Named entity detection

The NE tags are from the output of the Mandarin NE detection
system described in [8]. It is built on a hidden Markov model
NE tagger, and it also uses other information in rescoring, in-
cluding co-reference, relation, mention and semantic role. It
also provides English translations of the names. This NE de-
tection system has good performance on text data. On ASR
output, however, the performance drops due to the ASR errors.
This system is capable of detecting multiple types of NEs in-
cluding person, geo-political entity, organization and location.
Only the tags of the person type are used in this paper.

2.2. Document-level name clustering

Our hypothesis is that names with sufficient acoustic similar-
ity in the same document should all refer to the same person.
Based on this assumption, all the names detected in a document
are clustered according to acoustic similarities. Since name hy-
potheses have different lengths, we represent the names in a
document in terms of their pairwise distances rather than as vec-
tor elements. Because of the representation, we use graph-based
rather than centroid-based clustering.

The distance is based on the phone sequence, instead of di-
rectly on acoustic features,1 to normalize out variation across
speakers and accents. A phonetic distance matrix is created
based on the phonetic distances of all the pairs of names in a
document. Given two phone strings pi and pj of two names ni

and nj , respectively, to compute the phonetic distance dij , we
use the Levenshtein edit distance between the two phone strings
via dynamic programming. A weighted edit distance based on
a phonetic confusion matrix [9] did not seem to improve the
performance.

Given a distance matrix, a fully connected similarity graph
with the nodes being the name phone strings can be constructed.
The similarity between nodes pi, pj is computed by mapping
the distances to real values between 0 and 1 using an exponen-
tial function

s(pi, pj) = exp(−dij). (1)

A standard approach to graph-based clustering is spectral
clustering [7]. The spectrum of the graph reveals the underly-
ing clusters. The procedure of this clustering algorithm is as
follows. First, the eigenvalues of the graph Laplacian are ex-
tracted, and an n× k matrix V containing the first k eigenvec-
tors is obtained, where n is the number of nodes, and k is the
predicted number of clusters. Next, the rows of V are normal-
ized to form a new matrix U with the same dimension [10]:

uij =
vijpP

k v
2
ik

. (2)

Finally, a bottom-up agglomerative clustering is carried out on
the rows of U .

1We tried computing the similarity of cepstral feature sequences of
words using dynamic time warping, but performance was worse than
for phones, particularly in determining the correct number of clusters.

In general, the determination of the number of clusters k
is not easy. Researchers have used the “eigen gap” concept [7]
to locate the first large gap in eigenvalues which indicates the
number of clusters. However, it did not work well in our ex-
periments. We count the eigenvalues with magnitude below a
threshold θ to set k in this paper. θ is adjusted to yield the
smallest global clustering error on a development set. This sim-
ple determination of the number of clusters also makes spectral
clustering attractive in our application.

2.3. Name hypothesis selection

Once the membership of each name to each cluster is deter-
mined, we enforce consistency of names in clusters with more
than one mention. Since in real applications, the correctness
of the name hypotheses is unknown, we choose the best name
hypothesis using a confidence measure-based majority voting.

In the ASR output, each word is assigned a confidence mea-
sure. It is computed based on the geometric mean of character-
level confusion network posteriors. The confidence measure
of word wi can be approximately considered as the probabil-
ity of wi being correctly recognized. Assuming there are m
name hypotheses N = {n1, . . . , nm} in a name cluster, and
the unique elements in N form the set N̂ , the best name hy-
pothesis is picked using

n∗ = argmax
n∈N̂

X

i: ni=n

ci, (3)

where ci, i = 1, . . . ,m, are the confidence measures of the
names.

3. Experiments
In order to get good performance in name correction, all the
three components described above should ideally achieve satis-
factory performance. However, this is not exactly the case. For
example, the NE detection system itself is very complicated,
and NE detection on errorful ASR output, which does not have
very good accuracy, is still an open research topic. The per-
formance concern in clustering and confidence measure estima-
tion is not as big as in NE detection, but any inaccuracy will
inevitably degrade the overall performance of name correction.
According to our statistics, the equal error rate of the ASR con-
fidence measure on the data used in this experiment is about
20%. To find out more about where the performance limit of
this method is, we conducted experiments with different com-
binations of “automatic” vs. “oracle” conditions for each com-
ponent. The oracle components are defined as follows.

Oracle NE detection This NE detection is based on human la-
bels. The ASR reference is labeled by human in advance,
and is aligned to the ASR hypothesis. The oracle NE
detector simply looks up the ASR hypothesis and the
alignments, and returns the name hypotheses which are
aligned to the labeled names in the ASR reference.

Oracle name clustering This name clustering in the ASR hy-
pothesis is simply the clustering of the names based on
the reference strings which they are aligned to. That is
to say, in a document, the names in the ASR hypothesis
with the same corresponding reference strings are put in
the same cluster.

Oracle name hypothesis selection As we have aligned the
ASR hypothesis with the ASR reference, the number of
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character errors of each name hypothesis can be com-
puted. The best name hypothesis in a cluster is then cho-
sen to be the one with the fewest errors.

3.1. Data

We used the Mandarin ASR output from the dev, test, and
eval sets of the Nightingale team in the Global Autonomous
Language Exploitation (GALE) 2008 evaluation. The dev and
test sets were not released by the Linguistic Data Consortium
(LDC), but compiled from the LDC released eval06, dev07, and
dev08. There are two genres for each data set, namely broad-
cast news (BN) and broadcast conversation (BC). The ASR out-
put is used for machine translation and information extraction.
The automatically generated NE tags, confidence measures, and
phone information are embedded in the automatically annotated
ASR output. The names in the ASR reference are hand labeled.
Table 1 shows the statistics of the data.

Table 1: Statistics of the data

#names #mentionsData set #docs #names
per doc per name

dev08 BN 35 164 4.7 2.0
dev08 BC 35 103 2.9 1.5
test08 BN 34 173 5.1 2.1
test08 BC 34 86 2.5 2.2
eval08 BN 39 99 2.5 2.0
eval08 BC 34 59 1.7 1.4
Average 35 114 3.2 1.9

The number of names in BN data is almost twice as many
as in BC data. Since we want to run clustering on the docu-
ment level, the number of names per document should be at
least greater than one. The mentions of a name also need to be
more than once for that name to be possibly corrected. Ideally,
larger numbers of names per document and mentions per name
are better for forming clusters, but this algorithm can perform
well even if these numbers are small. The average number of
mentions per name is about two. However, its distribution is
not uniform (Fig. 1). Due to the GALE evaluation paradigm,
reference transcripts are only available for manually segmented
sections (called “snippets”) of a program. Most snippets are
less than two minutes, consistent with the length of short news
updates. The longer news commentary would potentially have
more names per document and mentions per name.
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Figure 1: The distribution of the number of mentions catego-
rized by genres, from dev08, test08 and eval08 sets.

3.2. Recognition and named entity system

Our ASR system is the multi-pass, multi-system-combined
Mandarin speech recognizer described in [1, 2]. This system
employs acoustic features including Mel-frequency cepstral co-
efficients, multi-layer perceptron, perceptual linear prediction,
and smoothed pitch features. Maximum likelihood training,
minimum phone error (MPE) training, and feature space MPE
transform are used in acoustic model training. Cross-adaptation
is applied for speaker adaptation. It also uses static and dynamic
language adaptation. This system has very good overall perfor-
mance. Its CER on the LDC released dev08 is 2.6% for BN,
12.1% for BC, and 7.5% on average.

To evaluate the performance of the first stage, name detec-
tion, we evaluate the NE detection on ASR output only looking
at the extent of the detected names, rather than their content.
The average performance of automatic NE detection on all data
sets is: 98% precision, 54% recall, and 68% F-measure. It is
tuned towards high precision in part to meet the needs of in-
formation extraction and machine translation. In addition, ASR
errors tend to impact recall more than precision.

3.3. Experimental results

Experiments were carried out with all eight combinations of or-
acle and automatic components. Since the names only account
for a small fraction of all the characters in the data, measuring
overall CER is not appropriate. Hence, the CERs of the refer-
ence and detected names in different test sets are listed in table
2. When computing name CER, we used the union of the names
that are hand labeled or automatically detected, so that the ex-
perimental results of oracle and automatic components are com-
parable. Therefore, the “name CER” includes a small amount
of words that are actually not names in the reference.

Since we use unsupervised clustering, and the NE detection
and confidence measure are all extracted from the annotated
ASR output, no training is needed. However, the threshold θ
that controls the determination of the number of clusters still
needs to be set. It was set to a value of θ = 0.3, based on the
minimization of clustering error on the dev08 BN and BC sets.

3.4. Discussion

In the following we refer to different oracle experiments by their
experiment IDs, which can be found in the first row of table 2.
Comparing experiments 8 and 9, we see the average name CER
is reduced from 22.2% to 21.3% (relative reduction 4%). The
biggest name CER reduction is observed on test08 BC, from
22.9% to 20.0% (relative reduction 12%). None of the data sets
have name CER worsened. From experiments 1 and 9, we can
see if every component of our algorithm uses oracle informa-
tion, about 23% of the ASR name error can be corrected. This
is the limit of the possible name recognition improvement using
this method, which is constrained by the number of the wrong
name hypotheses that have correct recognitions elsewhere in the
same document. These name hypotheses account for about 17%
of all the names. The automatic algorithm is achieving 19% of
the oracle amount.

By comparing the results within different oracle settings,
we have the following observations:

• The biggest single component degradation in moving
from oracle to automatic (compare 1 vs. 2, 3 and 5, with
average absolute name CER change +0.7%, +2.9% and
+3.8%) is for NE detection (5), as expected because of

1037



Table 2: Name correction results (name CER)

Experiment ID 1 2 3 4 5 6 7 8 9 (no correction)
Oracle NE detection Yes Yes Yes Yes No No No No –

Oracle name clustering Yes Yes No No Yes Yes No No –
Oracle name hypothesis selection Yes No Yes No Yes No Yes No –

dev08 BN 12.6% 16.2% 15.8% 19.2% 17.8% 17.8% 17.8% 17.8% 18.2%Tuning sets
dev08 BC 26.6% 26.6% 30.8% 30.8% 31.2% 31.2% 31.2% 31.2% 31.2%
test08 BN 9.6% 10.6% 11.9% 12.9% 12.5% 13.5% 12.7% 13.7% 14.6%
test08 BC 15.2% 17.1% 18.6% 18.6% 20.0% 20.0% 20.0% 20.0% 22.9%Test sets
eval08 BN 10.4% 10.4% 12.0% 12.0% 13.4% 13.4% 13.4% 13.4% 13.4%
eval08 BC 33.6% 33.6% 38.0% 38.0% 38.0% 38.0% 38.0% 38.0% 38.0%

test/eval average 17.2% 17.9% 20.1% 20.4% 21.0% 21.2% 21.0% 21.3% 22.2%

the low recall rates. The next largest single effect is in
name clustering (3).

• There is little degradation due to name clustering when
automatic name detection is used (5 vs. 7, 6 vs. 8, with
name CER change +0.0% and +0.1%), since names not
detected cannot lead to clustering errors.

• The automatic name hypothesis selection has a relatively
small degradation compared to the oracle case when in
combination with another automatic stage (3 vs. 4, 5 vs.
6, 7 vs. 8, with name CER change +0.3%, +0.2%, and
+0.3%), which is likely due to the fact that when the
recognition is wrong and has high confidence it is not
likely to be included in the cluster.

The NE detection performance measured only in terms of
extent (as in Sec. 3.2) will not be affected by name correction, as
name content changes are ignored. However, the overall perfor-
mance of NE recognition in speech should be evaluated based
on both the location and content of detected names: A name
is considered correctly recognized if and only if both its loca-
tion and content match the reference. These is little impact on
NE recognition for dev08 and eval08 using this metric. But for
test08, both precision and recall are improved, and F-measure
is improved by 4% absolute for both BN and BC.

We conjecture that the two biggest limiting factors in per-
formance, name detection and clustering, can be attributed
mainly to ASR problems. More accurate phone transcriptions,
which may be achieved by improved pronunciation modeling
would benefit both modules.

4. Discussions
In summary, we present a method for correcting name errors
in ASR transcripts given associated phone transcripts and word
confidences. The approach involves detecting names in the ASR
output, clustering them at the document level, and retranscrib-
ing to enforce cluster consistency based on word confidence.
Name CER has been reduced by 4% relative on average and up
to 12% for the best case data set. Further experiments using
oracle components have shown that name detection and clus-
tering are the biggest factors limiting achievement of the oracle
gain of 23%, but we hypothesize that improvements to name
pronunciation modeling would reduce this gap.

Limiting factors in the oracle gains are the use of only 1-
best recognition hypothesis and the fact that corrections are only
possible when there are multiple mentions of a name. These is-
sues can be addressed by using confusion networks to provide
more name hypotheses and by augmenting the candidate name

lists with information from related documents. Another possi-
ble extension would be to operate at a high recall rate and in-
corporate name detection posteriors into the clustering process.
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