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ABSTRACT accurate adaptive corpus. A series of experiments were performed
to compare different adaptation methods, which resulted in choos-

Unsupervised language model adaptation for speech recognltloning a minimum discrimination information (MDI) adaptation as our

is challenging, particularly for complicated tasks such the transcrip- . . )
tion of brgad?:azt news (I%/N) data pThis aper resents an unsu Zr_prefered method. We also carried out experiments to find a proper
vised adaptation method for Iangﬁage rr?ogelinpg based on inforrﬁa-way to integrate the unsupervised LM adaptation into the decoding
tion retrieval techniques. The method is designed for the broadcastprOCEdure' ) ) ) )

news transcription task where the topics of the audio data cannot be The remamder of th's. paper IS organized as follows. The next
predicted in advance. Experiments are carried out using the LIMS| SECtion provides a description of our unsupervised language model
American English BN transcription system and the NIST 1099 BN 2daptation method. Section 3 describes the MDI LM adaptation

evaluation sets. The unsupervised adaptation method reduces th(gnethod and Section 4 describes the modifications to the data selec-
perplexity by 7% relative to the baseline LM and yields a 2% rela- tion method. These are followed by some experimental results and

tive improvement for a 10xRT system. conclusions.

2. ADAPTATION METHOD OVERVIEW

The basic idea of our adaptation method is to use the hypothesis

. Unsupervised language modell.(LM) adaptatlon is an outstand- of the speech recognizer as query to extract adaptive data from a
ing challenge for speech recognltlonz egpeC|a||y for complex tasks large general corpus. The adaptive algorithm can be divided into
SPCh as brogdcastnew; (BN) transcnpuqn whe(e the content.of aMYtwo parts: extraction of the adaptation corpus and LM adaptation.
given show isopenandis relate.d.to multlpleltoplcs. Due to this and The adaptive corpus extraction method has 3 steps:
the dynamic nature of the task, it is not possible to select adaptation . ] ) .
data in advance. Therefore selecting the adaptive data is one of thel: !Nitial hypothesis ssgmentation: The recognition hypotheses
main problems in unsupervised LM adaptation. The data available @/Most always include texts on multiple topics, which need to be
are the speech recognition hypotheses and the large general texfe9mented into individual stories, each associated with a single
corpus which usually has been used to estimate the recognizerstOPiC. As a first approximation to stories, we used the segment
LMs. Unsupervised LM adaptation can be seen as tuning a genera|boundarles located by the audio partitioner [5]. Sln.ce these seg-
LM to some special topics without domain specific training data. A Ments are usually shorter than true stories, neighboring paragraphs
straightforward approach for unsupervised adaptation is to use theWhich have a similar contentare iteratively regrouped until no more
speech recognizer hypothesis directly as adaptation data. This ap/merges are possible. The result of this procedure is a hypothesized
proach is not very successful since the hypothesis is quite small andtranscription with hypothesized story boundaries, where each story
may contain recognition errors. Information retrieval techniques deally concerns asingle topic.
have been proposed to address this problem [1]. In this case, the2. Keyword selection: For each story, the content words with the
speech recognition hypothesis is used as a query to extract articlegnost relevant topic information are selected. The relevance of word
or text segments with related topics. If a large text corpus is avail- w; and storys;, is given by the following score:
able, the selected texts can provide sufficient adaptation data. At Rlwi,s;) = Z log Pr(w;, v) (1)

vEk;

1. INTRODUCTION

the same time, this adaptive data is not subject to recognition errors. Pr(w;) Pr(v)

We previously presented a method for unsupervised LM adaptation

based on IR methods which was successfully applied to the tran- wherep(w;, v) is the probability thats; andv appear in the same
scription of Mandarin BN data [1]. Unfortunately, this approach story andk; is the set of all words (excluding function words) in
was not successful for the transcription of American English BN story s;. All words having a relevance score higher than an em-
data. We attribute this to the fact that the American English BN pirically determined threshold are selected. In practice the selected
data come from a larger number of sources than the Mandarin datawords represent the topic of a story quite well, since many of the
(the data we used come from only three sources, two radio and onerecognition errors are unrelated to the story, and any words co-
television). It is therefore more difficult to get adaptive data from occurring with other highly relevant words in the story also help
the text corpus. provide reliable information.

This work builds upon the approach developed for Mandarin BN 3. Retrieving relevant articles: The selectedv content words for
transcription. The IR procedure has been modified to extract a moreeach story are used to retrieve relevant texts in the training corpus
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(200M words of BN data from January 1992 to May 1998). The recognition hypotheses. The hypotheses are also used to train the
on-topic articles are selected by computing the following score: mixture weights via the EM algorithm. Using this method, both the

. N N mixture weights and the models themselves include topic-specific

information. It should therefore be more accurate and more robust

N; Z ZIOg Prikeyword;, wy)Pr(keyword;) Pr{ws) - (2) to the recognition errors. Using the new mixture models without
MDI yields an absolute WER reduction of about 0.2%. When the
mixture model is combined with the MDI model there is no addi-
tional gain, the WER is equal to that obtained using the MDI model
alone. So we decided to adopt the MDI adaptation method in out
Cystem.

1=1 k=1
whereN; is the number of content words in article . All articles
with a score exceeding an empirically determined threshold are ex-
tracted. Training texts are selected in this way for each story. The
selected articles are used as adaptation data to train the adaptivi
LM.

In our original method, two kinds of adaptive language models
were trained, a mixture model and a MAP (maximum a posteriori) 4. DATA SELECTION
based LM. In this work a series experiments were carried out to

Although the previously reported adaptive corpus selection
select the proper adaptation method. d P y rep D P

method worked well for the Mandarin language 2, it was less suc-
cessful for American English. Here we present some modifications
3. MDI ADAPTATION to improve this approach. As describe in section 2, the original
We have done a Series experiments to se|ect a proper LM adapta_data Selection method mentioned haS 3 StepS: |n|t|al hypOtheSiS Seg'
tion method. We considered using a mixture model, a MAP adap- mentation, keyword selection and retrieving relevant articles. Our
tive model, a minimum discrimination information (MDI) model Mmodifications concern the steps 2 and 3, i.e. keyword selection and

and a dynamic mixture model. article retrieving.

We first investigated using a MDI [3] adaptation method. MDI As described above, our procedure of selecting the adaptive data
adaptation can be expressed as follows. Given a background models to use keywords extracted from the recognition hypotheses as a
Py(h, w) and a adaptive corpus we have to find a modée? (i, w) query to extract adaptive data from a large general corpus. The key-
satisfying a set of linear constraints for which the Kullback-Leibler words are words judged to be representative of a particular topic.
distance betweeR (h, w) and Py(h, w) is minimized. MDI model Usually such keywords occur frequently in articles related to the

can be trained by using the GIS (Generalized Iterative Scaling) al- specific topic, and seldomly occur in others articles. In order to fil-
gorithm. For the special case where we consider only the unigramter out words without topic information, a keyword set was defined
model, and perform only one iteration, the GIS algorithm can be and only the words included in the keyword set can be extracted.

simplified as : In our previous work [1], the keyword set was determined by its

idf«tf value using the following function:
P(h,w) = Py(h, w) 2% J g
Po(w) Nu
where P, (w) is a unigram estimated on the adaptive data and idf(w)iztfk(w) ©)
Py(w) is the unigram from the background model. The conditional N 1

probability can be expressed as: ) ]
where:df (w) is the inverse document frequency of ward N,

P(wl|h) = Po(wlh)a(w) 4) is the number of articles which contain the ward andtf, (w) is
Z(h) the term frequency of word in article k. All words with a score
whereZ (h) is a normalization factor, exceeding an empirically determined threshold are included in the
keyword set.
Z(h) = ZPb(U|h)a(U) (5) In order to get an accurate keyword set, we used a new way
v of selecting keyword directly from different articles. Firstly, the
BN corpus was segmented into different stories, and for each story
and . }
Pa(w) 2l a keyword that represents the topic of the story was selecting ac-
(w) = “ (6) cording to Eqgn. 1. The keywords from all the stories comprise the
Py(w)
b

keyword set. This method ensures coverage of the topics of all sto-
wherey is a parameter ranging from 0 to 1 used to adjust the weight ries occurring in the large general corpus, and is more accurate and
of the adaptation data. more complete than the previous method.

Comparing the MDI-based model and MAP-based model, we  The second modification concerns the procedure of extracting
found that MDI based model to be a little better than MAP model e adaptive corpus based on the keywords. The previous method
(about 0.1% absolute in WER). Therefore, we decided to use MDI \yas based on Eqn. 2. However, in our experiments we found that
based LM adaptation instead of MAP based adaptation. some keywords such &@inton, occur frequently and are often re-

Another experiment explored dynamic modeling, in which dy- lated to many topics. Given only the keywdEtinton, it is not pos-
namic weighting of the mixture model replaces the original fixed sible to accurately determine the topic of the story. If one article
modeling. In the original mixture model, the different model com- contains 5 occurrences @inton, while another article contains
ponents are trained in advance. The new adaptive corpus is onlyonly one occurrence dElinton and one occurrence dfewinsky,
used to tune the interpolation weights. The different model compo- the topic of the second article is clearer than the first one. Using
nents are fixed and all of the topic-specific information is contained our original scoring method the first article will have higher score,
in the mixture weights. In this work, the different model com- becauseClinton appears more frequently. In order to solve this
ponents are trained dynamically according to the topics from the problem, the following new score has been used:
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Amount of adaptationdata  perplexity

, v X Oartidles 269.6

% D idf(wn)log pii(ei;weyggf’é?;)k) ®) 120 articles 279.3

i=1 k=1 600 articles 254.3

where K (g, s;) is number of distinct keywords that occur both in 1200 articles 246.4

the query and the candidate artigle, and~ is a parameter used 3600 articles 2415

for tuning. This factor can be seen as a confidence score, the im- 4800 articles 239.9

portance of each word being measured bydtsalue. 6600 articles 239.2
5 EXPERIMENTAL RESULTS Table 1. Perplexity of MDI models vs. adaptation corpus size.

Experimental results are reported for the LIMSI American En-
glish broadcast news transcription system [4, 5]. We used the NIST
BN 1999 test data to evaluate the LMs. This test set is consist of 3
hours of speech divided into two data sets. The first set (bn®Pen
was taken from episodes broadcast in June 98, and the second set
(bn99en2) was taken rom a different variety of shows broadcastin

(fewer than 300 articles) the perplexity of the adaptive model is
higher than the topic independent model.

adaptive corpussize
120 articles  600articles 6600 articles

August/September of 1998. Different LMs are built for each test 0 269.6 269.6 269.6
subset. 0.1 256.9 256.9 257.0
da;I(;lh[es]t.)aseline 4-gram LM model is trained on three sources of 82 gggi gjgg gjgi
1. NEWS: Over 340M words news text from various sources, 07 266.3 244.9 238.4
distributed by the LDC. A 4-gram LM is trained for each of the 3 0.9 2914 252.0 238.3
y ASg 10 3008 2543 239.2

years covered by the corpus (95-97).

2. BNA: 1.5M words of accurate BN acoustic training data tran- Table 2: Perplexity of MDI models vsy and adaptation corpus
scriptions with some non lexical items such as breath noise. A 4- size.

gram LM is trained on this data.

3. BNC: 200M words of commercial transcripts of various BN~ The second experiment assesses the impagtvalfiich givesus
shows from January 1992 to May 1998. A 4-gram LM is trained on @ Way to reduce the weight of the adaptation distribution. Previous
this data. work [3, 6] proposed to set this parameter to 0.5, but our experi-

Our baseline 4-gram LM is obtained by interpolating these 5 ments suggest a different setting. Table 2 shows the perplexity for

LMs (BNC, BNA, NEW95, NEWS96, NEWS97). The interpo- bn99en2 as a function ofy based on different sized adaptive cor-
lation weig’hts ar’e 0.47, Oj15, 0.14, 6.11, 0.13 respectively. The POr&: It can be seen that when the adaptive corpus is small, the

perplexity of this baseline LM is 214.6 for bn99arand 207.3 for value ofy corresponding to the lowest perplexity is also small, and
bn99en? as the size of adaptive corpus increases the best valyeatdo

increases. When the adaptive corpus is very large (over 6000 arti-
cles), the optimal value of approaches 1. As a matter of fact when

model, it Car_}_ﬁe ;ﬁ%ﬂ that th_e E?NC n;fgd_el IIS tlhe most |m]E)orIt_z;1\;|1t the adaptive corpus is small, the estimation of the adaptation distri-
component. The corpusis also suificiently large to use for bution P, (w) is not very reliable, and therefore the weight should

adapt_ation. We use the recognizer hypothese_s as query to extrachq considerably reduced. When the adaptive corpus is large, the
adaptive data from the_BNC corpus, _and use this adaptive corpus toestimation of the adaptation distribution is more reliable, and the
carry out MDI adaptatl(_)n e orlglnal BNC 4-gram model. Al_l best value ofy is high. In our experiments, the adaptive corpus is
the_ other components in the baseline model and the |nterpolat|0n‘,jllways large. However, since the adaptation is unsupervised, it is
weights remain unchanged. difficult to tune they value using test data, so the value-ohas
Experimentswith MDI beenfixed to 1.

Our first experiment investigates MDI adaptation. Given the im-  Experiments with data selection
perfect recognizeroutput a}ndimperfectinformatiop retrieval meth- We also compared the performance of the adaptive model in
ods, false alarms are inevitable, i.e. some off-topic stories will be ¢nion of the adaptive corpus extracted by different IR methods.
selected as part of the adaptation data. In order to get an idea abole resyits are shown in Table 3. In this table, the results labelled
the tradeoff between the size of adaptive data set and its accuracyy,|q method” were obtained with our original IR method corre-
MDI adaptation was performed for the BNC model using different sponding to Eqn. 2, and the “new method” represents the improved
size of adaptation data automaycally extracted from the BNC cor- jathod corresponding to Eqn. 8. The results are based on a 10xRT
pus. The adapted LMs (only using the BNC corpus) are compared gy gtem where the adapted LM is used in a second 10xRT decoding

in terms of perplexity. (resulting in a 20xRT system). The new method is seen to improve
Table 1 shows the perplexity for the second show (bn39eas the performance of adaptive LM.

a function of the amount of adaptation data for the MDI based mod- ) .

els. The parameterin Eqn. 6 is set to 1. It can be seenin thistable, EXperimentswith 10x and 50x systems

that as the size of the adaptive corpus increased, the perplexity of We also investigate the effect of the adapted language models at
the test data decreases continuously even for a very large adaptivédwo decoding speeds: for a 10xRT system and for a 50xRT sys-
corpus (more than 6000 articles). This is similar to the results with tem [4, 5].

MAP adaptation reported in [1]. When the adaptive corpusis small  LIMSI 10x BN system has 3 decoding passes. The first pass uses

From the weights of the different components of the baseline
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WER perplexity 6. CONCLUSIONS

lRm?thOd bn99en 1 bn99%en 2 bnd9en1 bn9den 2 In this paper we have proposed a method using information re-
baseline 10xsystem 18.3%  16.3%  214.6  207.3 trieval techniques for the unsupervised language model adaptation
old method 18.2% 16.1% 202.1 196.5 of broadcast news transcription system. This work is an extension
new method 17.9% 15.8% 198.8 192.7 of our previous work on the transcription of Mandarin broadcast

. news data.
Table 3: Word error rates and test perplexities for the two data

subsets for the baseline 10x system and with the adaptive LM using . 1M unsupervised adaptation is a difficult topic, especially for
the two data selection procedures. the BN transcription task, each show containing speech on multiple

topics and the topic information beeing not known in advance. In

a trigram LM and small HMM (5.6k phone contexts, 16 Gaussians this work we have used IR methods to divide the recognizer hy-

per state, 92k Gaussians total) to generate initial hypothesis. Thes OOtgisffsxg)Ig:ﬁgregaé?g;i%?nfstgfi);gggtcggf r?g\\//v(?s data on these
hypotheses are used to carry out MLLR acoustic model adaptation P ) 9e g P 5

which are use to generate word graphs with a trigram LM and a We have improved our method usc_ad to extract topic relevant ar-
larger HMM (28k phone contexts, 16 Gaussians per state 180k ticles, and we have carried out a series of experiments to compare
Gaussians total). The third pass carries out MLLR acoustic model different adaptation methods within the LIMSI American English
adaptation and the word graph decoding with a 4-gram LM and BN transcription system. The results on the NIST BN 1999 evalua-
a large HMM (28k phone contexts, 32 Gaussians per state, 350k tion sets shows that the proposed method reduces the test perplexity
Gaussians total). by 7% and reduces by 2% relative the word eror rate for a 10xRT

Several ways of integrating the adapted LMs are investigated: system. The adaptive language model was found to be less efficient

- ) . for a very slow system as there is evidently less room for improve-
the first one uses the hypotheses of the first decoding pass to gen- a very ystem as there dently less ro orimprove

erate a topic dependent LM, which is used in the second and third ment.

decoding passes. This still results in a 10xRT system. Another pos-

sibility is to use the second pass hypotheses to generate the topic REFERENCES

dependent LM, which is only used in the third decoding pass. Be- [1] L.Chen J.L. Gauvain L. Lamel G. Adda M. Adda, “Using In-

cause the word graph generation is an important step, it was found formation Retrieval Methods for Language Model Adapta-
to be more effective to use the adapted LM in the second pass for tion” Proc. EUROSPEECH’ 01, pp. 255-258, 2001

word graph generation. The experimental results are summarized 21 M. Federico, “Bayesian Estimation Methods for N-Gram
in Table 4. For the 10xRT system, LM unsupervised adaptation Language Model AdaptationlCSLP’ 96, pp. 240-243, 1996.

. . 0 .
brings an absolute improvement of 0.3%. If the final hypotheses [3] M.Federico, “Efficient Language Model Adaptation through

of the original 10xRT system are used to extract the adaptive cor- Lo ) i
pus, and a 10xRT decoding is then carried out with the adapted LM MDI Estimation.” EUROSPEECH" 99, pp. 1583-1586, 1999.

(resulting in a 20xRT system), a 0.45% absolute improvement is [4] J.L.Gauvain L.Lamel, “Fast Decoding for Indexation of

obtained. Broadcast DataProc. ICSLP’ 00, pp. 794-797, 2000.
[5] J.L. Gauvain, L. Lamel, G. Adda, “The LIMSI Broadcast
baseline LM adaptive LM News Transcription System@oeech Communication, 37(1-
decoding xRT setl set2 AVG setl set2 AVG 2):89-108, May 2002.
pass#l 09 303 286 293 _ - _ [6] R.Kneser, J.Peters D. Klakow, “Language Model Adapta-
passt2 6.5 198 17.6 185 198 174 184 tion Using Dynamic Marginals’Proc. EUROSPEECH’ 97,
pass#3 15 183 16.3 17.1 181 159 16.8 pp. 1971-1974,1997.
[7] R.Kuhn, R.deMori, “A Cache-Based Natural Language
Table4: WER of 10xRT system. Model for Speech Reproductior EEE Transactionson Pat-
tern Analysisand Machine Intelligence, 1, 12(6) pp. 570-583,
A final experiment was carried out using the adapted LMs in a 1990.

slower, 50xRT system with 5 decoding passes. The first 3 passes
are the same as the 10xRT system. The third pass hypotheses are
used to create the topic dependent LM. The 4th pass consists of
MLLR adaptation and word graph generation using the adapted 4-
gram LM and the largest acoustic model set. The 5th pass carries
out another MLLR acoustic model adaptation, and decodingis done
using the word graph. The recognition results are given in Table 5.
Unfortunately, the adaptive LM gives only 0.1% improvement over
the baseline 50xRT system.

baseline LM adaptive LM
decoding xRT setl sat2 AVG setl sat2 AG
pass#1-3 9.3 183 16.3 17.1 _ - -
passt4 381 172 151 16.0 17.0 149 158
passtb 57 169 145 155 16.6 145 154

Table5: WER of 50x system.
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