10.21437 /Eurospeech.2001-214

Eurospeech 2001 - Scandinavia

Speech Recognition of Broadcast Sports News

Atsushi Matsui, Hiroyuki Segi, Akio Kobayashi, Toru Imai, and Akio Ando

Science and Technical Research Laboratories
NHK (Nippon Hoso Kyokai; Japan Broadcasting Corp.)
1-10-11 Kinuta, Setagaya-ku, Tokyo, 157-8510, Japan

{a_mat sui, segi, akio,

Abstract

This paper shows that a domain-dependent language model and
state-skipped HMMs can achieveimprovementsin word recog-
nition accuracy on a broadcast sports news transcription task.
Although a domain-dependent language model is much better
than a general model in terms of word error rate, the smaller
training corpus for a special topic relative to the general news
corpus leads to problems especially in higher-order n-gram
probability estimation. In this paper, we tried a linear interpo-
lation technique to smooth out unreliable higher-order n-gram
probabilities using more reliable lower-order n-gram probabili-
ties. We also applied alanguage model adaptation technique by
using News manuscripts on sports topics. For acoustic model-
ing, since the speech rate of sports news speech was faster than
that of genera news speech, we added two state-skipping paths
to three-state HMMs to deal with phonemes of duration less
than three frames. Overall, we reduced the word error rate from
15.1% to 5.8%, and achieved sufficient performance to realize
real-time subtitling services.

1. Introduction

Japanese-language closed-caption services were originally lim-
ited to some recorded programs, because transcribing Japanese
manually by typing is much more costly and time-consuming
than is the case for English, for example. However, there has
been strong demand for subtitling services on live programs,
especialy for broadcast news programs. In response, NHK
(Japan Broadcasting Corporation) launched subtitling of news
programs using a real-time speech recognition system[1] in
March 2000. In general, a broadcast news program contains
many topics, speech styles, and acoustic conditions. For an an-
chor announcer’s read speech, our speech recognition system
can achieve sufficient performance to put subtitles on the closed
captioning data channel (over 95% word accuracy in rea-time
processing). However, word accuracy for other speech such, as
reporters: comments over a hoisy background, is so degraded
that the broadcast news subtitling serviceislimited to particular
parts of news programs.

In this paper, we focus on broadcast sports news and try
some language and acoustic modeling techniques to improve
the word accuracy on that task. First, we evaluate a domain-
dependent language model which was trained using a sports
news corpus. Then we point out that the corpus is not large
enough to get accurate n-gram probabilities due to the low hit
rate of trigrams. Therefore, we applied a smoothing technique
to the language model. We also tried a topic adaptation tech-
nique by using the latest news manuscripts. Second, we de-
scribe the acoustic features of sports news, and construct some
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new acoustic models. Finally, we describe and discuss evalua
tion results using these language and acoustic models.

2. Language model for sportsnews

One of the most important points in statistical modeling is the
size of thetraining data. For example, alarge corpusgives good
information for vocabulary selection and n-gram probability es-
timation. However, when atopic is givenin advance, adomain-
dependent language model for that topic shows better perfor-
mance than that of a general model. NHK’s regular news pro-
gram presents topics in a fixed order: major national and inter-
national news comesfirst, then local news, sports news, weather
forecast, and finally economic information. Therefore, itiscon-
sidered that a domain dependent language model for each topic
is areasonable approach for broadcast news transcription.

2.1. Training data

Astraining data for language models, we selected news scripts
on sports topics from news manuscripts (April 1991-May 2000)
and news transcriptions (June 1997-May 2000). Table 1 shows
the details of the training data, where “general” means all
of the scripts and “sports” means selected scripts. We se-
lected “ sports” data by using the header information from news
manuscripts, and manually from the transcriptions.

Table 1: Training data for language models

general | sports

Number of sentences 19M 04M
Number of words 76 M 73M
Number of diff. words 140k 46 k
Number of words per sentence 40.6 19.6

The total number of words in “sports’ datais about 10 percent
of the entire data (more than 7,000,000 words). It is interest-
ing that the number of words per sentence in “sports’ data is
only about hdf that in “general” data. This result tells us that
sports news uses simpler expressions than general news. We
constructed two language models using the training data shown
intable 1.

o General-LM - - - trained by using all of the news scripts
(vocabulary: top 20k words of general data).

© Sports-LM - - - trained by using sports news scripts only
(vocabulary: top 20k words of sports data).

The language model s are trigrams and are estimated by the
CMU-Cambridge SLM Toolkit[2] with Good-Turing back-off
smoothing.
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2.2. Evaluation of a sportslanguage model

We collected clean speech from sports news, broadcast between
1st June 2000 and 7th June 2000.

o Testset A - - - 63 sentences of male-clean speech data
(broadcast speech in NHK morning news)

o Testset B - - - 76 sentences of male-clean speech data
(broadcast speech in NHK evening news)

To evauate the language models, we additionally collected
noisy speech from sports news and added this to the evaluation
data.

o Test set A* - -+ 272 sentences of text data from sports news
(63 clean speech and 209 noisy speech)

o Test set B* - - - 121 sentences of text data from sports news
(76 clean speech and 45 noisy speech)

Tables 2 and 3 show the evaluation results for General-LM
and Sports-LM on these test sets. The OOV (out of vocabulary)
rate was reduced by training data selection. Although adifferent
vocabulary set was used for each language model, Sports-LM
achieved much lower perplexity than General-LM on both test
sets.

Table 2: Evaluation of General-LM
Test set A* | Testset B*

Perplexity | trigram 1435 68.3
bigram 227.8 132.9

Hit rate(%) | trigram 58.4 68.1
bigram 93.2 96.2

OOV rate(%) 4.61 3.56

Table 3: Evaluation of Sports-LM
Test set A* | Testset B*

Perplexity | trigram 46.5 316
bigram 78.7 57.8

Hit rate(%) | trigram 66.1 72.2
bigram 93.8 95.1

OO0V rate(%) 0.89 123

Sports-LM showed a bigram hit rate of over 90% on each test
set, but atrigram hit rate of lessthan 80%. Because higher-order
n-gram estimation requires moretraining data, the trigram prob-
abilities of Sports-LM are subject to larger estimation errors.

2.3. Linear interpolation smoothing

The previous results suggest that Sports-L M isbetter suited than
General-LM to the sports task. However, selection of the train-
ing data will reduce the estimation accuracy of n-gram proba
bilities. Therefore, we applied a linear interpolation technique
to Sports-LM.

P (wnlwn—1) =
(b3) (b3)
AQ P(wn|wn—l) + Al P(wn) (1)
P*(wn|wn—27wn—l) =
A;(3“‘7:)}3(7Un|U]n—27'LUn—l)

AL P(wnlwn—1) + AV P(wn). (2

where A\{"” (i = 1,2), A" (j = 1,2, 3) areweights set by the

deleted interpolation method [3].

2.4. Time Dependent Language M odel

In broadcast news speech, the latest news manuscripts often
contain the words which are actually uttered. The Time Depen-
dent Language Model (TDLM) [4] is a topic adaptation tech-
nigue using such news manuscripts. Let P, denote an LM
trained from a long-term large corpus and P; denote an LM
trained from the latest news manuscripts. The TDLM is ob-
tained by alinear interpolation of thetwo LMs:

P(ylz) = APo(ylz) + (1 = A) Pi(ylz) ©)

where y and z are elements (words) in the intersection of the
two vocabularies for Py and P;. The model mixture weight A
is estimated by the EM algorithm. We trained P, by using only
the “Sports” corpus (see table 1) and P; by using manuscripts
supplied by reporters 12 hours before broadcast. We set the
weight A to 0.417 heuristically.

2.5. Experiments

We carried out speech recognition experiments with the lan-
guage models. We made four types of language model for each
broadcast date of the evaluated data (1st June 2000 - 7th June
2000) asfollows;

(1) General

Trigram models trained by using al of the news
scripts (April 91 - 4 hours before the broadcast,
1.9M words) with Good-Turing back-off smooth-
ing.

(2) Sports

Trigram models trained by using only sports top-
ics from news scripts (April '91 - 4 hours before
the broadcast, 0.4M words) with Good-Turing
back-off smoothing.

(3) Interpolation

Smoothed trigram models with linear interpo-
lation, trained by using the same data as the
“Sports” model.

(4 TDLM

Trigram models adapted using the latest news
manuscripts (12 hours before broadcast until just
before the broadcast, about 100 sentences per
day) with Good-Turing back-off smoothing.

We made two acoustic models from news speech data as
shown in table 4.

Table 4: Training data sets for acoustic models

| | AlCond |  AncClean
description all male speech | anchorman’s clean
speech only (male)
Number of sentences 228 k sent. 20k sent.
Total time 605 Hours 55 Hours
Number of HMM states 4.7k states 1.5k states
Number of triphones 6.0k 3.1k

AP = 0.916, ALY =0.084,
AP = 0.527, AT = 0.388, A" = 0.085.
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We used a two-pass decoder [1]; the first pass using a bigram
language model and triphone HMMs makes a word lattice by
Viterbi beam search, then the second pass rescores the N-best
sentences by a trigram language model. As acoustic features,
we used 39 parameters (12 MFCC with log-power, and their
first- and second-order regression coefficients) at 16kHz sam-
pling with 25msec. Hamming window.

Tables 5 and 6 show word error rates for the respective
acoustic model s, with the various language model s and test sets.

Table 5: WE.R. using “ Anc_Clean” HMMs
LM Testset A | Testset B Total
Genera 27.3% 95% | 151%
Sports 14.8% 54% 8.3%
Interpolation | 15.7 % 52% 85%
TDLM 16.6 % 29% 71%

Table 6: WE.R. using “ All_Cond” HMMs
LM Testset A | Testset B Total
Genera 25.6 % 9.0% 14.2%
Sports 13.7% 5.6% 8.1%
Interpolation | 12.5% 57% 7.8%
TDLM 142 % 3.3% 6.7%

The results shown in tables 5 and 6 show that training data
selection for language models was the most effective factor
for the reduction of the word error rate. Linear interpolation
smoothing (“Interpolation”) was as good as back-off smooth-
ing (“ Sports”). The time dependent language model (“TDLM")
reduced the word error rate on test set B by over 2%, but in-
creased it on test set A.

We checked how many sentencesin evaluated data matched
to thelatest news manscripts. Test set B contained 76 sentences
of speech, of which 31 matched to the manuscripts. On the other
hand, test set A contained 67 sentences of which only 8 matched
to the manuscripts. This result showsthat TDLM is a powerful
techniquein error reduction for read speech (test set B), but not
for spontaneous speech (test set A).

3. Acoustic model for sports news
3.1. Acoustic features of sports news
We investigated the speech rate of each test set (test set A and

test set B), and compared them with that of 339 sentences of
news speech on general topics.

e General news (11,959 words): 8.28 mora/sec.
eTestset A ( 587words): 9.12 mora/sec.
eTestset B ( 1,293 words): 8.82 mora/sec.

Next, we got phoneme alignment of the evaluation data
with the “ All_Cond” acoustic model. Figure 1 shows the dis-
tribution of the duration of vowels and syllabic nasals whose
frequencies wererelatively high.
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Figure 1: Distribution of duration of vowels and syllabic
nasals using the “ All_Cond” acoustic model

Both of the distribuson shapes have no value at 1 and 2
frames, since “ All_Cond” and “ Anc_Clean” are left-to-right
three-state HMM s as shown in figure 2. They can not deal with
duration less than three frames (1 frame = 10 msec.).

Figure 2: Sructure of the original HMM

3.2. HMM Topology for Shorter Duration

To dea with phonemes whose durations are less than three
frames, we changed the HMM structure to alow state
skipping[5][6]. We added two state-skipping paths as shown
by dotted arrows in figure 3, and assigned them a small proba
bility of 0.01. Here, we allowed skipping states only for vowels
(/a, i/, 1ul, Ief, Iol) and syllabic nasal (/N/).

3.3. Experiments

We carried out speech recognition experiments with new acous-
tic models asfollows;

o Anc_Clean+ - - - Anc_Clean acoustic model with state skips
o All_Cond+ - - - All_Cond acoustic model with state skips

The other parametersin this experiment were asin the previous
experiments (see section 2.5).

Table 7: WE.R using “ Anc_Cleant+” HMMs
LM Testset A | Testset B Total
Genera 24.6% 9.4% 14.1%
Sports 12.0% 4.4 % 6.7%
Interpolation | 11.3% 4.8% 6.8%
TDLM 13.0% 2.6% 5.8%
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Table 8: WE.R. using “ All_Cond+” HMMs
LM Testset A | Testset B Total
Genera 26.4 % 9.5% 14.8%
Sports 13.2% 5.7% 8.0%
Interpolation | 12.6 % 5.6% 7.8%
TDLM 14.6 % 2.9% 6.5%

The results (tables 4, 5, 7 and 8) show that state-skipped
HMMs reduced the word error ratesin all cases. State-skipped
HMMs were an effective approach especially for “ Anc_Clean”
HMMs. It isinteresting that the “ All_Cond” training data sets
gave better results than “ Anc_Clean” with the original HMMs,
but not with state-skipped HMMs. We performed phoneme
alignment of the test sets A and B with the acoustic models,
and figures 4 and 5 show the results. Comparing figures 4 and 5
shows that both of the distributions obtained using the original
HMMs converged into agently-sloping shape when using state-
skipped HMMs. Conversely, each distribution was distorted by
topological restrictions on duration. Figure 4 also indicates that
HMMs trained using “ Anc_Clean” are more sensitive to mis-
matching of speech rate between training data and evaluated
data. Considering that the evaluated data were chosen from an-
nouncers clean speech, it is possible that the original HMMs
trained using “ Anc_Clean” could not exhibit their potential ad-
vantage due to their inability to handle shorter durations.
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Figure4: Distribution of duration of vowels and syllabic
nasals using the“ All_Cond” and “ Anc_Clean” models
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Figure5: Distribution of duration of vowels and syllabic
nasals using the“ All_Cond+" and“ Anc_Clean+” models

Changing the language model produced similar effects as
previously on the total word error rate (see section 2.5). How-
ever, linear interpolation smoothing (“Interpolation”) achieved
better results on test set A than back-off smoothing (“ Sports’).
Asweshowedintable 3, thereisalinguistic diff erence between
test set A andtest set B. Note that thetrigram hit ratefor test set
A (66.1%) is lower than that for test set B (72.2%). Thisresult
shows that linear interpolation smoothing has some advantages
over back-off smoothing in the case where the higher-order n-
gram probabilities are unreliable.

4. Conclusions

We evaluated four types of language model and four acoustic
models on the sportstask. A combination of domain-dependent
TDLM and state-skipped “ Anc_Clean” HMMs achieved the
best result. The most powerful factor in error reduction was
data selection for the language model. TDLM and HMMswith
state skips were effective on the total word accuracy. Linear
interpolation was better than back-off smoothing in the case
of unreliable higher-order n-gram probabilities. Ultimately, we
achieved sufficient performance (word error rate less than 5%)
inthe sportstask on data (test set B) containing arelatively high
proportion of read, rather than spontaneous, speech.
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