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Abstract—This paper aims to quantify the main error types the
2004 BBN speech recognition system made in the broadcast news
(BN) and conversational telephone speech (CTS) DARPA EARS
evaluations. We show that many of the remaining errors occur
in clusters rather than isolated, have specific causes, and differ
to some extent between the BN and CTS domains. The correctly
recognized words are also clustered and are highly correlated with
regions where the system produces a single hypothesized choice
per word. A statistical analysis of some well-known error causes
(out-of-vocabulary words, word fragments, hesitations, and un-
likely language constructs) was performed in order to assess their
contribution to the overall word error rate (WER). We conclude
with a discussion of the lower bound on the WER introduced by
the human annotator disagreement.

Index Terms—Error analysis, speech recognition.

I. INTRODUCTION

OVER THE last decade, the large-vocabulary continuous-
speech recognition (LVCSR) systems have become more

complex and sophisticated in order to respond to the increased
demand for accuracy, speed, and reliability [17]. The techno-
logical complexity makes it increasingly difficult to understand
the recognition systems’ behavior and explain why they are not
yet working as well as they should [3], [20]. Nevertheless, there
has been a continuous effort to analyze the errors incurred in the
automatic speech recognition process.

Greenberg et al. [5], [6] performed a thorough analysis
of the eight systems present in the NIST 2000 Switchboard
Corpus evaluation. They used a 54-min subset of the Switch-
board corpus which was phonetically annotated with respect to
about 40 acoustic, linguistic, and speaker characteristics. The
correlation between those data characteristics and the recog-
nition-error patterns was subsequently probed using decision
trees. The authors found that the recognition errors were mostly
correlated with the number of phonetic-segment substitutions
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within a word. That is, the probability of a word being incor-
rectly recognized increased significantly when more than 1.5
phones were misclassified. It was also shown that the speech
rate (measured in syllables per second) was highly correlated
with the error patterns as well (see also [12]). Utterances slower
than three syllables per second or faster than six syllables per
second had 50% more recognition errors than utterances within
the normal speaking range. Those correlations were found to
be consistent over the eight systems analyzed.

Stolcke and Shriberg [21], [22] looked into how speech dis-
fluencies affected the following word predictability within the
Switchboard and ATIS corpora. They showed that the language
model (LM) transition probabilities were significantly lower at
hesitation transitions and that was attributable to both the target
word and the word history. It was also suggested that fluent
transitions in sentences with a hesitation elsewhere were sig-
nificantly more likely to involve unmodeled n-grams than tran-
sition in fluent sentences. Based on the findings above, the au-
thors listed disfluencies as “one of the factors contributing to
the poor performance of the automatic speech recognizers” al-
though they did not show explicit statistics for how disfluen-
cies correlate with the recognition errors. They also proposed
a language model that predicted disfluencies probabilistically
and took hidden disfluency events into account. Although the
model locally reduced the word perplexity, it had no impact on
the recognition accuracy.

A recent analysis of spontaneous speech recognition errors
appeared in Furui et al. [3]. It was performed on 510 min of
spontaneous Japanese speech, and it introduced a regression
model for the recognition accuracy as a function of six signal
and speaker attributes: average acoustic frame likelihood,
speech rate, word perplexity, out-of-vocabulary (OOV) rate,
filled pause rate, and repair rate. The authors found that the
recognition accuracy was mostly correlated with the repair
rate and OOV rate and to a somewhat lesser extent with the
speech rate. They hypothesized that the strong effect on errors
of the repair and OOV rates was due to the fact that “a single
recognition error caused by a repair or an OOV word triggers
secondary errors due to linguistic constraints.”

Several other studies (see [1] and the references therein)
attempted to model the relationships between some features
present in the speech signal and the recognition word error rate
(WER) using logistic regression. The regression model was
subsequently used to predict the correctness of the recognition
hypotheses.
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Palmer and Ostendorf [18] proposed a technique to explicitly
model the errors in the speech recognizer’s output in order to
improve the name entity recognition performance in an infor-
mation extraction task. They computed statistics for the name
entities occurring in the Hub-4 Topic Detection and Tracking
data and reported that “the percentage of name words that are
OOV is an order of magnitude larger than words in other phrase
categories.”

In May 2002, the Defense Advanced Research Projects
Agency (DARPA) started a research program called EARS
(Effective, Affordable, Reusable, Speech-to-text) whose major
goal was to reduce recognition word error rates for conversa-
tional telephone speech (CTS) and broadcast news (BN) down
to the 5%–10% range, running in real-time on a single processor
[23]. Progress made in the recognition of English was measured
each year on a “Progress Test” (kept fixed for the duration of
the program and undisclosed to the participating sites) as well
as on “Current Tests” which changed each year and were
made public after the official evaluation. Evaluation conditions
became more difficult each year by imposing runtime limits,
automatic segmentation requirements, and broadening the data
sources. However, due to technological improvements and
increasingly more data available for training,1 the word error
rates decreased from around 30% for BN and 50% for CTS
to around 10% and 15%, respectively. As noted in [17], the
EARS-evaluated systems have achieved “remarkable conver-
gence across both sites and domains,” with the top systems
showing no statistically significant difference in performance
[8], [9].

After the 2003–2004 EARS workshops, we performed de-
tailed analyses of the errors our system made in both BN and
CTS English evaluations. Since the correlation between acoustic
properties of the speech data and the recognition errors was pre-
viously investigated [1], [5], [6], we mainly focused on how the
errors were distributed, whether they occurred independently,
and whether they were correlated with some language properties
of the data. Our analyses show that many of the remaining errors
are not random but have rather specific causes, occur in clusters,
and differ to some extent between the BN and the CTS domains.
The BN system is mostly challenged by the proper nouns in the
news stories and by the utterance end-points; the CTS system is
challenged by a combination of speech disfluencies, high speech
rate, and word contraction; and both systems make substitution
errors on short or (acoustically) similar words.

The goal of this paper is to quantify the frequencies of the
most common error types as well as the errors’ correlation with
challenging speech events like OOVs, word fragments, hesita-
tions, and disfluent speech. In Section IV, we propose a method
to easily detect regions of very high (99%) recognition accu-
racy in the system’s output, which amount to at least half of
the test data. One can resegment the test set in order to keep
fixed the high-accuracy regions produced in the first decoding
stage. Subsequently, it may be possible to reduce the decoding
time as well as to improve the recognition performance by com-
bining with the results produced using the original segmenta-

1More than 2000 h of acoustic training data and over 1 billion words of lan-
guage training data (although only a fraction of the language training is anno-
tated speech) are now available for both BN and CTS.

tion. Finally, Section V explores the human annotator disagree-
ment when transcribing the same audio and its impact on how
low a WER can be achieved.

II. SYSTEMS, MODELS, AND DATA DESCRIPTION

The recognition results reported in this paper were obtained
using the BBN RT04 (Rich Text) system fully described in [13],
[19]. In brief, the system consists of the following.

1) A phoneme decoder-based speech segmenter.
2) 14 Perceptual Linear Prediction (PLP) [7] derived cepstral

coefficient and energy front-end.
3) A two-pass decoder with state-tied mixture (STM) [14]

acoustic and 2-gram LM models in the first pass and
state-clustered tied-mixture (SCTM) [15] noncrossword
acoustic and 3-gram LM models in the second pass in
a Viterbi beam search, followed by either N-best list
(for BN) or lattice (for CTS) rescoring using SCTM
cross-word acoustic models and 4-gram LM.

4) A two-stage decoding process; the first decoding stage
uses speaker independent (SI) models while the second
stage uses speaker adaptively trained (SAT) models. The
adaptation process is done using two feature-space trans-
forms (a speaker-specific heteroscedastic linear discrim-
inant analysis HLDA [11] and a constrained maximum
likelihood linear regression (CMLLR) transform [4]) and
2–16 model parameter transforms (maximum likelihood
linear regression (MLLR) [10]).

Our BN system runs in 10 real time (RT) while the CTS
system is RT.

We performed the error analysis on the BN Eval03 and Eval04
test sets and the CTS Eval01 and Deval042 sets, which were
made available by NIST following the official DARPA evalu-
ations [8], [9]. A quantitative description of the four data sets
along with the BBN’s system accuracy on them is shown in
Table I. All test sets are transcribed by NIST/LDC and also in-
clude annotated tokens for disfluent speech (word fragments and
hesitations).

We used recognition lexicons of 61K (BN) and 57K (CTS)
unique words, to which the most frequent 3K word pairs were
added as compounded words. The OOV rate attained was quite
small: 0.15%–0.7% over the four sets. The language models
we used in this study contained 737 million 4-grams (BN) and
435 million 3-grams (CTS) and were trained on 0.5–1.5 billion
words.

III. QUALITATIVE ERROR ANALYSIS

A. Error Types Present in Both BN and CTS

The main error type that is shared by BN and CTS is substi-
tution of short or (acoustically) similar words (see Table II for a
few examples). These errors make up 15% to 25% of all errors.
In such cases it is hard even for humans to distinguish among
different choices based on local information only. Parsing the
sentence might help in a few BN instances, although often the

2CTS Deval04 consists of both CTS Eval03 and Dev04 test sets.
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TABLE I
SUMMARY OF THE BN AND CTS TEST SETS ON WHICH WE PERFORMED THE ERROR ANALYSIS

TABLE II
EXAMPLES OF SUBSTITUTION OF SHORT OR SIMILAR WORDS IN BN AND CTS RECOGNITION

TABLE III
EXAMPLES OF WORD-SPLITTING ERRORS (THE REFERENCE IS SPELLED AS A SINGLE WORD) IN BN AND CTS RECOGNITION

information necessary to select the “right” choice may be spread
across several sentences.

There are also three common error types which are less fre-
quent but which might be easier to fix than the previous ones.

1) Word splitting (or joining) into valid words accounts for
2%–3% of all errors (e.g., HANGOUT HANG OUT and
HARD WORKING HARDWORKING, see Table III for more
examples). Although the number of such instances is rel-
atively low, each occurrence generates two errors (a sub-
stitution along with a deletion or insertion). Many of these
cases should be considered equivalent in scoring and for
each such possibility one can replace the system output
by the most frequently used version.

2) Plurals are often misrecognized as “ word is” (e.g., CAR-

RIAGES CARRIAGE IS). Some of these errors might be
solved using sentence parsing information in a post-pro-
cessing step.

3) Errors due to inconsistent spelling (e.g., OKAY O.K,
BOUTROUS BOUTROS, TRAVELLING TRAVELING). In
many cases, the reference is incorrect and one needs to be
more careful about spelling conventions.

B. BN Specific Errors

The error analysis revealed the following BN specific errors.

1) Errors generated by proper nouns (person names or
places) account for about 10%–15% of the errors (see
Table IV for a list of name errors made on BN Eval04).
These are mostly due to insufficient training (especially
LM training) or no training at all (OOVs, e.g., IVANISE-

VITCH). We found that about three quarters of the OOV
words are name entities.3 A misrecognized name is often
split up and causes several errors (e.g., BRASWELL

BROWN AS WELL) with an average of 1.5–2 errors per
word. If the lexicon contains names acoustically close
but with different spellings, the system may output any of
related spellings (e.g., HANSSEN HANSEN or HANSON).
The mistaken names are usually different on each test set
and the 10–15 most frequently misrecognized names ac-
count for one third of all name-related errors. A possible

3That is somewhat lower than Palmer’s estimate [18]. The remaining OOV
words consists of rare words (e.g., ESTRANGEMENTS), common words preceded
by a prefix (e.g., PROSLAVERY, REPUBLICATION), or improvised words (e.g.,
SCALAWAG).
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TABLE IV
ERRORS GENERATED BY PROPER NOUNS ON BN EVAL04

TABLE V
BOUNDARY WORD ERROR RATE COMPARED TO THE TOTAL WER

solution to the name problem is a time-adaptive lexicon
and LM update using training data from a time period
immediately preceding the test data [16]. However, the
update data does not usually contain sufficient training
for the name context, so some context sharing with the
regular training data may be needed.

2) There are more errors toward the utterance end-points
than there are in the center (e.g., the BN Eval04 WER
on the first and the last utterance words is 19% versus
13% on other words, see Table V). This could be due
to a segmentation problem (the automatic segmentation
misses the true sentence boundary) or just to having less
context in the language model. However, the CTS system
does not produce a higher WER on end-points neither on
Eval01 (manually segmented) nor on Deval04 (automati-
cally segmented).

C. CTS Specific Errors

We have found the following CTS specific errors.

1) A significant number of errors occur around speech dis-
fluencies: hesitations, repeats, partially spoken words.4 In
such cases, both the acoustic and the language model may
be inaccurate; since many word sequences are unique and
have never occurred before, they cannot be adequately
modeled by the language model. We performed a cheating
experiment where the small (60K 3-grams) test set was
added to the full language model, and that especially
helped in these situations (it halved the unadapted WER).
A few examples of disfluency-related errors are shown in
Table VI.

4That does not imply that the average WER measured around disfluencies has
to be higher than the overall WER. Many disfluencies may produce no errors,
while others may be very costly. We show a quantitative analysis in Section IV-C.

2) Deletion of word sequences. There are multiple instances
where sequences of two to four consecutive words are
deleted from the system’s output (Table VII). We listened
to the audio for 17 such cases, and almost every time, the
deletion could be attributed to a combination of severe
word contraction, very high speech rate, and low volume.
Moreover, in many such cases, the reference was not ac-
curate; it described what the speaker intended to say rather
than what he/she actually said.

IV. QUANTITATIVE ERROR ANALYSIS

A. Error Clustering

The alignments between the reference and the best hypoth-
esis suggested that about two thirds of the errors do not occur in
isolation but rather in groups of two to eight errors (see first row
of Table X). Therefore, the errors do not appear to be indepen-
dent, since under an independence assumption more than 70%
of the errors should be isolated (according to a binomial distri-
bution over samples of the same length as the test utterances).
Since the errors are not homogeneously distributed throughout
the test set (there are regions, e.g., speaker turns or even full
shows, with a much higher error rate than the average), we de-
cided to test the error clustering hypothesis by computing local
statistics like the probability of an error given short histories of
correct/wrong recognitions. We show the error versus correct
state transition automaton in Fig. 1 ( corresponds to the be-
ginning of a sentence while is used to mark the sentence
end).5 One can notice the following.

5We only show the transition probabilities for the BN Eval04 and the CTS
Deval04 sets. The figures corresponding to the remaining two sets are very sim-
ilar in each domain and were omitted for space reasons. The transition probabil-
ities were computed under the assumption that the hesitation tokens were NOT
optional, fact which slightly increased P(Err) for the CTS domain.
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TABLE VI
EXAMPLES OF HESITATION-RELATED ERRORS IN CTS RECOGNITION (HYP DENOTES THE REAL SYSTEM OUTPUT;

HYPC IS THE OUTPUT OF THE CHEATING EXPERIMENT)

TABLE VII
EXAMPLES OF WORD-SEQUENCE DELETIONS BY THE CTS SYSTEM

Fig. 1. Transition probabilities between error and correct states for the BN and
CTS systems.

1) for both domains, which
shows that it is a lot more likely for an error to follow
another error than to occur independently of the history.

2) and 6 (corresponding to errors
made on the utterance end-points) are 50% higher than
P(Err) for BN, which verifies our direct measurements in
Table IV.

A similar automaton corresponding to groups of three ad-
jacent words is shown in Fig. 2 (“0” in a state denotes an
error, while “1” denotes a correct word, e.g., “000” represents
three consecutive errors). The error clustering trend appears
very strong: is 2.5 to 3 times higher than
P(Err), and even when the history contains a correct word, one
still has a much increased probability of error. As expected, the
correctly recognized words are also strongly clustered. How-
ever, as long as the most recent word is correct, the remaining
history does not matter anymore:

.
That is, for correctly recognized words, the third-order Markov

6According to Bayes’ law, P(Errjh=si) = P(h=sijErr) � P(Err)=P(h=si)
= P(h=sijErr)�P(Err)=[P(h=sijErr) �P(Err)+P(h=sijCor) �P(Cor)]
= 0:07 � 0:14=[0:07 � 0:14 + 0:05 � 0:86] = 0:19.

Fig. 2. Transition probabilities for a three word-class (either “correct” or
“error”) state automaton. A “0” in the state denotes an error output word
while a “1” denotes a correct word. Each transition arc is labeled by the
probability of observing the right-most word class (either 0 or 1) of the target
state given the source state (e.g., the transition from [110] to [101] is labeled
by P(1j011) = P(correctjerror; correct;correct)).

model is reduced to a first-order model, while for errors it is
still a third-order model.

B. Identifying Clusters of Correctly Recognized Words

Most state-of-the-art LVCSR systems employ some statistical
measure to assess the confidence in the system’s output. In this
section, we propose a simple method for estimating regions of
correctly recognized output.

For each test set, we aligned the list of the 100 best hy-
potheses, and we analyzed the regions that only had a single
choice for each word. Fig. 3 shows a single word choice versus
multiple word choice automaton computed using the hypotheses
generated after the second (speaker adapted) decoding stage.
This automaton has a clustering trend similar to that in Fig. 1
on both BN and CTS systems and all four test sets. Given that
we are in a single choice region, the probability to remain there
is 0.66 while the overall probability of a single choice word
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TABLE VIII
RECOGNITION STATISTICS ON THE OPTIONAL TOKENS (HESITATIONS AND WORD FRAGMENTS)

TABLE IX
RECOGNITION STATISTICS ON THE UNLIKELY LANGUAGE CONSTRUCTS

Fig. 3. Transition probabilities between single-choice and multiple-choice
states for the BN and CTS systems following the second (speaker adapted)
decoding stage.

is only 0.55. At the same time, .
In other words, there is 99% recognition accuracy on the
single-choice region (about 55% of all words) of each test set.

Similar results are obtained if the hypotheses generated after
the unadapted decoding are used in computing the transition
probabilities. The only difference is that P(single choice) is
slightly lower: 0.53 for BN and 0.48 for CTS. That is, the
regions of high recognition confidence are smaller when the
unadapted system output is used (compared to the output
generated by the adapted system). We noticed that most of the
1% errors found in the single choice per word regions using the
unadapted hypotheses are not fixed after adapted decoding.

If the test set is resegmented at the boundaries of the single
word choice regions, it is possible that redecoding only the mul-
tiple word choice regions in the subsequent adaptation stages
could help in two ways: 1) speed-up the system and 2) improve
accuracy by allowing system combination with the results ob-
tained using the original (unadapted) segmentation.

C. Impact of Nonfluent and Nonmodeled Speech on Errors

We have also measured how nonmodeled words (OOVs),
word fragments, unintelligible speech (generically marked as
“%hesitation” by the human annotators), as well as other forms

of nonfluent speech (repeats, fillers, edits)7 influence the WER.
One should first note that the reference tokens marked as word
fragments and unintelligible speech are optionally deletable
for scoring purposes. That is, one introduces an error if such a
token is substituted but not if it is deleted. All optional tokens
are considered when computing the total number of reference
words by which one normalizes the WER.

As shown in Table VIII, about 1.5%–2.5% (BN) and 4%–5%
(CTS) of all reference words are marked as optional, and they
are a lot more frequent in CTS than in BN. Very few ( 6%) of
the optional tokens are actually full words which can be cor-
rectly recognized. According to Columns 4–5 of Table VIII,
30%–50% of them are indeed correctly recognized. All other
tokens are either nonmodeled word fragments or generic hesita-
tions. Both BN and CTS systems are tuned to delete 70%–90%
of the optional tokens in order not to introduce errors. As a con-
sequence, especially our CTS system, avoids producing output
on some high rate speech regions and on partially spoken words
although those words are not marked as optional in the refer-
ence. That agrees with our observation in Section III-C that the
CTS system is unbalanced toward deletions.

The recognition statistics for the unlikely language constructs
are shown in Table IX. Since we used very large language
models, a word pair (word, word history) was not explicitly
modeled only 3.5%–5% of the time. In most (75%–80%) of
these nonmodeled cases, the system still produced the correct
output. However, the mistakes due to unlikely language con-
structs are very costly: each misrecognized word generates
multiple errors (see last column in Table IX).

Table X shows the (per cluster) distribution of the errors gen-
erated by the three event types: OOVs, optional tokens, and un-
likely language constructs. The count of each event (and its as-
sociated error count) was computed for each error cluster length

7These events were not explicitly marked as such in our references. However,
we considered them to occur in regions that did not contain OOVs but in which
our very large LMs had to be backed-off up to a unigram. Given that our LM’s
bigram hit rate is 98% on fluent (like newspaper) text, there is only a 2% chance
that a fluent word pair is not modeled; most remaining pairs are examples of
unlikely language constructs.
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TABLE X
STATISTICS OF THE ERROR DISTRIBUTION (COUNTS OF THE ERRORS OCCURRING IN CLUSTERS/GROUPS OF LENGTH i) ALONG WITH ERROR CONTRIBUTION

FROM OOVS, OPTIONAL TOKENS, AND UNLIKELY LANGUAGE EVENTS. THE FIRST FIGURE IS THE EVENT COUNT, THE SECOND IS THE

ASSOCIATED ERROR COUNT (e.g., SECOND COLUMN IN ROW OOVs SHOWS THAT 254 OF THE 1744 ERRORS THAT OCCUR IN GROUPS OF TWO

ARE GENERATED BY 131 OOV WORDS FOUND IN 127 TWO-ERROR CLUSTERS)

TABLE XI
STATISTICS OF THE LANGUAGE MODEL EVALUATION ORDER MEASURED ON THE SYSTEM’S OUTPUT (1-BEST HYPOTHESIS) FOR THE ERROR SAND CORRECT

REGIONS AS WELL AS ON OOVs, OPTIONAL TOKENS, AND UNLIKELY LANGUAGE CONSTRUCTS. THE EVALUATION ORDER MEASURED

ON THE REFERENCE FOR THE ERROR REGIONS IS ALSO SHOWN FOR COMPARISON

i ( 1 to 8). For example, on BN Eval04, 72 isolated errors were
generated by OOVs, while 131 OOVs occurred in 127 error clus-
ters of length 2 and therefore produced 254 errors. After manu-
ally inspecting the error clusters, it appears that for small values
of (2 to about 4) all the errors in a cluster in which one of the
three target events mentioned above occurs, can be attributed to
that target event.8 According to Table X, the unlikely language
constructs produce the most damage (2.5 errors per occurrence),
followed by OOVs (two errors per occurrence) and by optional
tokens (1.5 errors per occurrence). This result confirms the hy-
pothesis in Furui et al. [3].

It is also interesting to consider the language model behavior
on the error and correct clusters as well as on the three event
classes mentioned previously. Before measuring this behavior,
we have intuitively assumed that whenever a higher order {3–4}
n-gram was not modeled by the LM, the recognition system
had to consider a shorter history and back-off the probability
until the (target, history) was actually modeled. Tables IX and
XI show that is the case most of the time. However, when a

8We noticed that the long error clusters (some of which span the entire utter-
ance) can rather be attributed to low-quality (very fast, low volume, accented,
noisy) speech, so one can consider them outliers.

word is not modeled by the LM and about 8%–15% of the cases
the pair (word, immediate history) is not modeled, the system
prefers to use higher order n-grams which acoustically resemble
the utterance. That is, instead of using the correct 1-gram, the
system uses an incorrect {3–4}-gram. In such cases, a whole
neighborhood of the target word is misrecognized and multiple
errors are generated. That explains why errors due to OOVs and
unlikely language are so costly and often occur in 2–4 word
clusters.

V. DISCUSSION: ERROR MEASUREMENT

The automatic speech recognition errors are defined by the
disagreement between the output of the automatic system and
the output of the human recognition (typically called ground
truth reference) on the same speech data. We would like to con-
clude the paper with a discussion of the error rate dependence
on the human-made ground truth.

The error measure, called word error rate, is computed as
the sum of the errors in each of the three classes (substitu-
tions, insertions, and deletions) and is normalized by the number
of reference words. Usually, a single manually generated and
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carefully annotated (by two independent transcribers with the
disagreements adjudicated by a third person) reference is used
as a ground truth. Although transcriptions are done carefully,
the references produced by different transcriber teams are not
identical.

We present our attempt at quantifying and explaining the
annotation differences (for a full statistical analysis see [2]). In
2003, BBN contracted WordWave to transcribe 1700 h of Fisher
data [9] to be distributed to the EARS community for CTS
acoustic training. In order to measure the quality of the “quick”
transcriptions, WordWave was asked to transcribe the CTS
Eval03 test set for which a careful transcription was provided
by MSU-LDC. After alignment, the WordWave transcription
showed 11.5% WER w.r.t. to the MSU-LDC transcription. We
randomly picked and listened to 15 of the 144 5-min speaker
turns which had multiple transcription differences (343 out of
2511 words) and found the following.

1) In about 30% of the cases, the MSU transcription ap-
peared to be correct, some of the differences may have
been due to carelessness or fatigue of the WordWave
transcriber.

2) In about 15% of the cases, the WordWave transcription
appeared to be correct, we noticed a few differences
on words with foreign origin (e.g., “LA RUE GAS-
TRONOMI QUE”) as well as some cases where MSU
transcribed what the speaker intended to say rather than
what he/she actually said.

3) In about 25% of the cases, we could not tell which tran-
scription was correct; much of the speech was not audible
and there was true ambiguity in the utterance.

4) About 25% of the cases were different spelling conven-
tions (e.g., UH versus AH).

5) About 10% of the differences are due to incomplete anno-
tations of NOISE or LAUGHTER which each transcriber
may mark somewhat randomly if the audio is noisy.

After normalizing the spelling conventions and eliminating
the NOISE markings, the real differences between the two tran-
scriptions were around 6%–7% (this figure was later confirmed
in [2] on multiple transcription sets). As the speech-to-text WER
will soon approach the differences among transcribers, we will
have to account for these differences when computing the WER.
To overcome this problem, several alternative error measures
were introduced in [2].

VI. CONCLUSION

In this paper, we quantified the main error types still present
in a speech recognizer’s output and measured their correlation
with some language properties of the data. We showed that there
are both common and specific error types in BN and CTS. How-
ever, the main error types are somewhat different.

1) In comparison with BN data, CTS data contains very
few name entities, and even though each name still
causes more than one error when misrecognized, the total
number of name-related errors is small.

2) The disproportionate percentage of errors that occur at
the utterance end points in BN did not occur for CTS. It

is unclear at this point whether that is due to the test set
segmentation or to a weak LM at sentence boundaries.

3) The large percentage of deletions that occur in CTS shows
that the system is tuned to avoid errors in regions of dis-
fluent speech a significant number of which are marked as
optional. In this way, the average WER around disfluen-
cies does not become higher than the average WER. How-
ever, some disfluencies may generate multiple errors (see
Tables VI and X).

The four test sets analyzed were consistent with respect to the
error types and frequencies. The only exception was the mis-
recognition of proper names, which was very much dependent
on the time period when the test set was collected. Finally, the
error analysis shows that many of the remaining errors are not
random but have rather specific causes. The challenge is now
how to use this information to reduce the WER. That might
be possible by designing different solutions for different error
classes, and the detection of possible error, or correct regions
might aid in this error class specific process.
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