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ABSTRACT

In SRI's language modeling experiments for the Hub4 donthiege
basic approaches were pursued: interpolating multipleaisoskti-
mated from Hub4 and non-Hub4 training data, adapting thguage
model (LM) to the focus conditions, and adapting the LM tdedént

topic types.

In the first approach, we built separate LMs for the closedn-tr
scribed Hub4 material (acoustic training transcripts) taedoosely
transcribed Hub4 material (LM training data), as well asiueth-

American Business News (NABN) and Switchboard trainingadat

projected onto the Hub4 vocabulary. By interpolating thebabil-
ities obtained from these models, we obtained a 20% redudatio
perplexity and a 1.8% reduction in word error rate, compaoea
baseline Hub4-only language model.

Two adaptation approaches are also described: adaptiggdge
models to the speech styles correlated with different focounslitions,
and building cluster-specific LM mixtures. These two apphas
give some reduction in perplexity, but no significant redhrctn

word error.

Finally, we identify the problems and future directions af aork.

1. Introduction

Statistical language models (LMs) will ideally achieve tygsrfor-
mance when the LM training data is drawn from the same unitherly
source as the test speech. However, in many practicalisitisatot
enough training data are available, or the test speech&dicon-

2. The Baseline LM

The recognition process in our system consists of threeega3he
first two passes, lattice and N-best list generation, usgraini LM.
The N-best lists are rescored using a higher-order N-gram LM

Two kinds of training material were available from the Hulodrdhin.
There were about 130 million words of loosely transcribezhblicast
shows (Hub4 LM training data), as well as 380,000 words cselyp
transcribed material for acoustic training. While the ficerpus

is much larger, it does not always faithfully represent spanaous
speech phenomena (such as disfluencies). In addition, theliz-
tion of certain acronyms, Internet addresses, etc., isranstribed
accurately. For example, the Hub4 LM training data wouldehav
words such as “www.cnn.com”, which are actually verbaliasdw.

w. w. dot c. n. n. dot com”. For these reasons, we decided &b tre
these two sets of transcripts separately, and to give moightvio
the acoustic training material, relative to the corpussize

To select the recognizer vocabulary, we first included alldsac-
curring at least twice in the acoustic training data. We thdded
words from the LM training data, in order of frequency, urgéching
the target size of 20,000 words. The relatively small votainsize
was chosen to allow faster experimentation. The out-o&batary
rate on the development test set was 2.2%.

To obtain the recognizer bigram LM, we built separate LMsfithe
Hub4 LM and acoustic training corpora, called H¥ and H4.AC,
respectively. These models were then interpolated ligesrlas to
optimize the perplexity on the development test data, givieight
0.7to H4ALM and 0.3 to H4AC. As expected, the weight assigned to
H4_AC is disproportionately high relative to the sizes of ttagrting
data.

stantly changing. For example, Hub4 data consist of speéch
different topics and styles such as planned speech andaspamis
speech about politics and the stock market. One way to defal wi

%Ve also built a corresponding interpolated trigram modélicivwas
used in the rescoring pass. Table 1 gives perplexities and @roor
rates (WER) obtained with both bigram and trigram baseliodets.

this problem is to use data from many different sources so esver
various sublanguagesin the testsource. Anotherappreszhdapt
the LM to the test speech.

We describe our language modeling work for this Hub4 benchma

along these two directions: interpolating multiple modstmated
from Hub4 and non-Hub4 training data, and adapting the LMkeo
focus conditions of the test data and to the topic of an erticl

Section 2 describes the Hub4 baseline LM. Section 3 dissuhse
use of non-Hub4 data sources for LM training. Section 4 dessr
the fourgram LM used in the SRI evaluation system. In Sedion
we discuss adapting LMs to the Hub4 focus conditions. Sed@io
presents cluster-specific LM adaptation. Section 7 givesief b
summary of our work and future directions.

For comparison, we also rescored with a trigram model tchordy
from Hub4 LM training data (H4-M). This model has a 17% higher
perplexity and slightly higher word error rate than the cared
H4_LM and H4. AC model, confirming the advantage of a separate
weighting of the acoustic training data.

3. Using Non-Hub4 Training Data

To improve the coverage and robustness of our baseline LMsed
training material from two generally available non-Hub4adeses.

The Switchboard corpus [3] contains conversational speeltgcted

over the telephone and can supplementthe coverage of saajmun-
taneous speech phenomena. The North American Business News



[ Model | PPL| WER | Model PPL | WER
H4, bigram (1-pass LM)| 242 | 37.0% H4 + NABN + SWB, 3gram| 163 | 33.4%
H4, trigram 174 | 33.8% H4 + NABN + SWB, 4gram| 154 | 33.1%
H4_LM, trigram 204 | 34.0%

Table 3: Improvement due to fourgram modeling.
Table 1: Results of bigram and trigram Hub4 LMs.

(NABN) corpus used in the 1995 CSR evaluation provides addi-Table 3 shows that the fourgram LM gives us a small, but sitzaity

tional coverage of business and politics.

As before, we combine the various data sources throughrlinea
terpolation of LMs. Separate backoff LMs [5] were estimated

significant improvement over the trigram LM.

Summarizing results so far, the fourgram LM incorporatingtiple
data sources achieves a 20% reduction in perplexity anda k-

each of the four data sources - Hub4 LM data, Hub4 acoustig dat tive reduction in word error rate on the development dateared

Switchboard, and NABN - restricting N-grams to the Hub4 20,0
word vocabulary. Word probabilities from the individual deds
were interpolated linearly. Interpolation weights werdimgzed by
minimizing the perplexity on the Hub4 development data. §tilne
word probability in the combined LM is computed as:

P(w|h) = .64xP(w|h HALM)+
4% P(w | h, HAAC) +
16% P(w | h, NABN) +

.06+ P(w | h, SWB)

where HALM, H4_AC, NABN, and SWB are trigram LMs for Hub4
LM data, Hub4 acoustic data, NABN, and Switchboard, respagt

Table 2 lists the N-best rescoring results for various puéated LMs,
showing the contributions of the individual data sourcesgpring
results are given only for the baseline and the full mode$) can be
seen, adding new data sources consistently improves perfae,
although the contribution of the Switchboard data is mayin

4. Fourgram LM Used in the Evaluation
System

The LM applied to final rescoring in our evaluation systemd.esk
the data sources discussed in section 3. However, for aticuali
improvement, we decided to replace the trigram model corapbn
with the largest weight, H4M, with a corresponding fourgram
model. Since fourgram models require larger resourcesai, tr

to a baseline trigram LM trained only on Hub4 data.

5. Condition-specific LM

The Hub4 data exhibit a variety of acoustic conditions. kerpur-
poses of the evaluation, the data in the Hub4 benchmark veetie p
tioned into seven different focus conditions [7]. Theseditions are
correlated with different speaking styles; for examplendition FO

is planned speech while F1 is spontaneous speech. Sinderspea
style affects language modeling, we can try to exploit thiselation
using condition-specific LMs.

Unfortunately, of all the data sources mentioned in Secioonly
Hub4 acoustic training data are annotated with these fooundic
tions. Therefore, we separated Hub4 acoustic data interdiit
subsets based on the focus conditions, trained sepagatntrimod-
els for each of them, and interpolated each of the models avith
general LM. The resulting model effectively gives extra gigito
the data of one condition. During partitioned evaluatioa,rescore
each utterance using the LM matching the acoustic conditidhe
utterance.

The perplexity results for the Hub4 development data aresanzed
in Table 4. The first result uses a general LM that was trairméyl o
on Hub4 acoustic training data (H4C). The condition-specific LM
gives a 5% perplexity reduction in this case.

However, when using the same approach on our best general fou
gram LM, the perplexity reduction becomes marginal. This lba
partly explained by the fact that the condition-specifiaireg data

we did not consider such a step worthwhile for the other modekyre several orders of magnitude smaller than the generataiNng

components, because of their smaller weights. In addifmmnthe  data. This suggests that we would need an amount of condition

H4_AC and SWB components, there is insufficient training data tospecific training data that is comparable to that of the garidvl.

improve on the trigram models. (The interpolation weightsewnot  However, since extensive hand labeling of more training iahot

changed from the values previously found for the all-tigrmodel.)  feasible, we would need automatic methods for sorting thetieg
unlabeled Hub4 training data by condition.

[ Model | PPL| WER |
H4 (baseline) 174 | 33.8%
H4 + SWB 172 Model General| By condition
H4 + NABN 166 H4_AC, 3gram 379 361
H4 + NABN + SWB | 163 | 33.4% H4 + SWB + NABN, 4gram| 154 151

Table 2: Results by using multiple data sources. Table 4: Perplexity results for condition-specific LM



6. Clustering Algorithms for Training Data

The Hub4 domain consists of speech of different topics ayldst
Ideally, if we train topic- and style-specific LMs and cotttgéden-
tify them during testing, we expect to improve the perforoc@nf
our LM. Since the Hub4 LM data are a collection of unlabeledsie
articles, it is not possible to train topic- or style-specifiMs di-
rectly. Therefore, our approach here is to group the trgimiata
into subsets with coherent LM characteristics, which cauldsume
categories such as topic or style. To perform this groupirgguse
an unsupervised hierarchical cluster algorithm and distameasure
based on log likelihood. The text units clustered are asickince
we expect characteristics such as topic to be mostly consttrin
articles.

6.1. Agglomerative Clustering Algorithm

The algorithm forms clusters in a bottom-up manner, asvialo

1. Initially, put each article in its own cluster.

2. Among all current clusters, pick the two clusters withgheall-
est distance.

3. Replace these two clusters with a new cluster, formed bg-me
ing the two original ones.

To avoid expensive log likelihood recomputation after eelcister
merging step, we define the distance between two clustenswuit-
tiple articles as the maximum pairwise distance of the ladifrom
the two clusters:

max

d(Ch, Cr) =
(€1, C2) A€C1,BEC,

d(A, B) ©)

whereC'; andC are two clusters, and, B are articles fron”; and
C», respectively.

Once a cluster tree is created, we must decide where to hBkce t
tree to obtain disjoint partitions for building clusteregjific LMs.
This is equivalent to choosing the total number of clustérere is

a tradeoff involved in this choice. Clusters close to thevésacan
maintain more specifics of the word distributions. Howegkrsters
close to the root of the tree yield LMs with more reliable esties,
because of the larger amount of data.

We roughly optimized the number of clusters by evaluatirgphr-
plexity of the Hub4 development test set. We created sets of 1
5, 10, 15, and 20 article clusters, by slicing the clustez aedif-
ferent points. A backoff trigram model was built for eachstér,
and interpolated with a trigram model derived from all deticfor

4. Repeat the above two steps until there is only one rengainin Smoothing, to compensate for the different amounts ofitrgidata

cluster in the pool.

Thus, the agglomerative clustering algorithm will resnl&i binary
cluster tree with single article clusters as its leaf nodwes @ root
node containing all the articles.

In the clustering algorithm, we use a distance measure lmaskxd)
likelihood. For articlesd and B, the distance is defined as

d(A, By = LL(A) + LL(B) — LL(AU B) @

The log likelihoodZ L(X') of an article or clusteX is given by a

unigram model:
LL(X) = log [] px(w) >
weX
= Z ex(w)logex(w) — Nx log Nx
weX

Here,cx (w) andp x (w) are the count and probability, respectively,
of word w in cluster X, and Nx is the total number of words
occurring in clusterX .

Notice that this definition is equivalent to the weightecbimfiation
loss after merging two articles:

d'(A,B) = (Na+Ng)H(AUB)—(NaH(A)+ NH(B)) (2)

where
H(X)=->" Px(w)log Px(w)

weX

per cluster. Then, the set of LMs that maximizes the log iliad

of the Hub4 development data was selected. Given a clustdeimo
setLM = {LM,}, the test set log likelihood was obtained as an
approximation to the mixture-of-clusters model:

P(w| LM)

> P(LM) « P(w | LM;)
Pl(LMi*) « P(w | LM)
P(w | LM;+)

where
i = argmaxP(LM; | A)

andP(LM;) and P(LM; | A) are the prior and posterior cluster
probabilities, respectively.

In training, A is the reference transcript for one story from the Hub4
developmentdata. During testing,is the 1-best hypothesis for the
story, as determined using the standard LM.

Note thatP(w | LM ) depends on the smoothing weights used to
computeP(w | LM;), which in turn determine which cluster a
story is assigned to, which in turn determines the best smimopt
weights. Therefore, we jointly optimize smoothing and tduss-
signment in an iterative procedure. First, the posteriobpbilities

of the smoothed cluster LMs given reference transcriptafstory
were calculated. Then, stories with the highest posterimability

of a samecluster LM were merged. The interpolation weight for
the cluster LM and the general LM was tuned by maximizing the
likelihood of the segments in the story cluster correspogdtt) the
cluster LM. These steps were iterated until all clustergssients
became stable and the interpolation weights converged.



6.2. Practical Considerations

If the number of articles in a training data i, the pairwise dis-
tance computation in the clustering algorithm will taReN?) steps
and O(N?) memory units. There are a total of 120,000 articles
in the Hub4 LM training data, making this a challenging comapu
tionaltask. Applying the standard clustering algorithmadrequire
roughly 60 GB of disk space to store the cluster tree and &ssoc
data, which was infeasible. To overcome this problem, wel ase
modified, two-stage agglomerative clustering algorithm.

In the first stage, 120,000 articles were divided into 20a&tsughly
equal sizes (about 6,000 articles for each set). We builistet tree
for each set, resulting in 20 trees with 125,000 articlehas teaf
nodes. For each of the 20 trees, 250 cluster nodes were tosrith
for second-stage clustering. Therefore, for the 20 setsettvere

a total of 5000 leaf clusters in the second stage. We used 25Q

clusters for each set so that the first stage did not enforcentmy
suboptimal clusters, since this stage did not considergiatitarity

across partitions. In the second stage, these 5000 cluseres
further clustered into a super-cluster tree.

Using this approach, and choosing the optimal number otelsis
in the second stage by the method described earlier, wenelotai
set of 10 clusters. Manual inspection revealed that somindezd
strongly centered around topics, such as the O. J. Simpisdnoir
stock marketissues. Others do not seem to correspond trstdiit
of course they might capture other distributional chanésties that
are simply less obvious on inspection. Alternatively, tdus may
represent collections of disparate topics that would febheanselves
on closer inspection, or if we had chosen a finer cluster daaityi

We also note that the clustering algorithm is suboptimalewvesal
ways. One reason for suboptimality is the two-stage appration
described above. Even the single-stage algorithm may matke s
optimal cluster choices because of its greedy nature. Iigjirthe
distance measure used is only an approximation of an ideagune.
The likelihood is derived from unigram statistics, and aatise be-
tween higher-level clusters is approximated by the maxpaaivise
distance among cluster members.

We were able to explore only some of the possible variatidrtiseo
cluster model that suggestthemselves. So far, these hayetued
significantly different results, as described in the Secto3. In
particular, we experimented withmeans style clustering as a way to
further optimize the cluster membership assignmentorecedimber
of clusters was chosen. In addition, the unigram likelihdsdance
was replaced with a corresponding measure based on bigrams.

In the k-means clustering, for each article in the Hub4 LM data, its
perplexity was measured with respect to each of 10 clustes pid-
viously computed using the greedy algorithm describedezaifhe
membership of articles in clusters was then recomputed dking
the lowest perplexity model for each article, and the clustedels
were recomputed based on the new memberships. This proesss
iterated until two consecutive iterations resulted in titz mem-
berships, the average log likelihood did not change, or diskce
was exhausted.

6.3. Results and Discussion

Experiments were conducted on the Hub4 development datare ¢
pare the performance of the single, general LM to that of atelu

General LM Cluster LM
Model PPL | WER | PPL | WER
H4_LM, trigram 195 | 34.0% | 184
H4 + SWB + NABN, | 156 | 33.4% | 154
trigram
H4 + SWB + NABN, | 147 | 33.1% | 146 | 33.0%
4gram

Table 5: Results of cluster LMs.

LM.

Results for the basic clustering algorithm are shown in @&blWe
ompared perplexities of the cluster model to nonclusteredels
based on various training corpora. In all cases, only Hub4 LM
training data were clustered, whereas the general LM coemgon
varied across experiments.

As expected, the largest relative improvements are oldaien the
general LM is based on the same data.(HM) as the cluster models,
yielding a 5% perplexity reduction. The improvements beeom
successively smaller as more data are added to the general LM
similar to the results for the condition-specific LMs (seetim 5).

We observed no significant word error rate reduction oveiftlie
fourgram LM. This suggests extending the clustering to tbe-n
Hub4 data sources.

We also computed perplexity of the cluster LMs trained usirey
k-means approach. Results showed no significant improvearent
perplexity and word error rate. On inspection, the new elsstlid

not seem to be more topic-coherent than the original oneaeler,
note that thek-means stage is based on the original 10 clusters. If
one article does not belong to any cluster with a distindctapwill
likely be assigned to a cluster with many topics. So it malkese
that k-means iterations will not improve clusters that are alyead
incoherent.

One of the reasons our clustering approach has notyielgeifisant
improvements so far may be cluster size. As described indeg:tl,
we varied the number of clusters between 1 and 20, partlyuseca
of computational constraints. This results in very largestar sizes,
not allowing the cluster models to be highly specialized,,eto
a specific subtopic. Related approaches by other researchee
effectively used much smaller amounts of target-specifiming
data for LM adaptation purposes. For example, [6] reportedlls
but significant improvements by using the 50 closest agitdethe
segment hypotheses within a story boundary. Similarlyrg¢pprted
improvements by interpolating an in-domain LM with outddmain
articles, which were weighted by a distance metric definmg &im-
ilar they were to the target domain. However, since theseogghes

W’ilso used different distance measures, more careful eadonns

needed to asses the effect of cluster size on the perforntdrice
adapted LM.

Another generalissue in clustering is the choice of distanetric. In
particular, it is not clear whether the distance metric &haeasure
similarity of lower- or higher-order statistics. The maigament
for using higher order statistics (as opposed to just umgdais
that our eventual LM uses trigrams and fourgrams, so loweeo
similarity of potential training material may not be as et to



the performance of the final model. For example, unigramsimig to improve in-domain language models. Technical ReportECE

not capture differences in style reflected in word collomzdi In 97-001, ECE Department, Boston University, 1997.

addition, isolated words are often ambiguous, and may hedtide 5. S. M. Katz. Estimation of probabilities from sparse data f
of a topic only when used in conjunction with nearby wordsr Fo the language model component of a speech recogniE&E
example, the word “drug” could be usedto describe abusédigtas Transactions on Acoustics, Speech and Signal Proce35iig),

for performance enhancement, or to refer to cases of réonaht 1987.

drug use by sports celebrities. To disambiguate such usasould 6. S. Sekine, A. Borthwick, and R. Grishman. NYU language
probably have to look at higher-order statistics of conteatds modeling éxperiment for 1996 CSR evaluation. In these pro-

(and not just longer N-grams) [1]. However, the use of higireler ceedings.
statistics could subject the similarity measure to too mnolse,

given that they are unreliable when collected on small sagpl 7. R. Stern. Specification of the 1996 Broadcast News evafuat

In these proceedings.

Alternatively, the unigram distance metric can be made &Bg3sen-
sitive to stylistic and grammatical differences by omitifunction

and other high-frequency words from the similarity assessnmhis

is common practice in information retrieval (IR), and wasoalised
for LM adaptation [6] and topic identification [2]. This am@rch

focuses the similarity measure on semantic aspects andsitddss
sensitive to syntactic features.

So far, we have experimented with only a few of the many clwice
on this continuum. Besides the plain unigram distance, a@taed
using both bigram distance and a modified unigram distaratégh
nored a list of “stop-words” commonly used in informatiotrieval.
Neither of these resulted in significant differences. Obsiy, fur-
ther investigation into the use of higher-order featuresdistance
measures is needed.

7. Summary

In our language modeling experiments with the Hub4 task,we i
vestigated the use of non-Hub4 data for increased LM rolesgstn
as well as various forms of LM adaptation. The only significan
improvements over a standard Hub4 trigram model were duetto o
of-domain training data, namely from the NABN and Switchiaba
corpora. It was also advantageous to treat the acoustiregi
transcripts separately from the LM training texts, givihgm dis-
proportionate weight in the overall LM. As expected and f iy
others, a fourgram LM gives some improvement over the standa
trigram model.

Adaption of the LM to the acoustic focus condition seems tokiro

principle, but suffers from the lack of a sufficient amountaifeled
training data. Unsupervised clustering of the trainingadsianother
promising approach. We plan to continue developing thisrnepe
by optimizing some of its many parameters, such as clustabeu
and size, choice of distance metric, use of higher-orddéufea and
semantic versus syntactic similarity.
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