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ABSTRACT Our approach to representing long term dependence attempts to ad-
dress both task-level and sentence-level dependencies, while using
In this paper, we investigate a new statistical language model whighsimple model. We investigate a sentence-level mixture obm-
captures topic-related dependencies of words within and across s@Bnent language models [7], each of which can be identified with

tences. First, we develop a sentence-level mixture language mogeé,-gram statistics of a specific topic or a broad class of sentences.
that takes advantage of the topic constraints in a sentence or articf®ough this approach is similar to those that use mixtures at-the
techniques in the framework of the mixture model. Experimentfevel and automatic clustering to define the mixtures. Specifically,
with the static (or unadapted) mixture model on the 1994 WSJ tasfe probability of a word sequenas, ..., wr is given as,
recognitionaccuracy over a generatgram model. The static mix- P _ “ \
ture model also improved recognition performance over an adapted (wi,.. wr) = Z k
k=1

14% reduction in perplexity and a small improvement in recognitiomhere ;. are the mixture weights an#() is the n-gram model
accuracy. for the k-th class. The sentence-level mixture can be used either

1. Introduction for adaptive language modeling. The recibign search cost of a

sentence-level mixture model is potentially high, but in an N-best

ent word sequences, are an integral part of state-of-the-art speegimimal.
recognizers. The most commonly used statistical language model-

Second, we introduce topic-dependent dynamic cache adaptatigiam level [8, 9], it differs in the use of mixtures at the sentence
indicated a 21% reduction in perplexity and a 3-4% improvement in -
II Pk(wz‘IW—l)] @)
n-gram model. Mixture adaptation techniques contributed a further =1
as a static or dynamic model, easily leveraging existing techniques
Statistical language models, which model the prdliigtof differ- rescoring framework, the additional cost of the language model is
ing technique, also referred to asgram language modeling, con- The general framework and mechanism for designing the mixture

siders the word sequenes, w,, . . ., wr to be a Markov process language model will be described in Section 2, including descrip-
with probability tions of automatic topic clustering and robust parameter estimation
techniques. Next, Section 3 presents an extension of the mixture

T+1 model to incorporate dynamic adaptation techniques. Section 4
P(wi,wa,...,wr) = H P(wi|wi—1,...,wi—np1) (1) describes the experimental paradigm and results, and finally, Sec-

o1 tion 5, concludes with a discussion of possible extensions of mix-

ture language models.
wherew, andwr4; are sentence boundary markers ancefers
to the order of the Markov process (typically 2 or 3, a bigram or 2. Mixture Model Framework
trigram language model respectively). For notational simplicity in
the discussion, we use the bigram representation; however, all ékaining the model given in Equation 2 requires that we address
periments in this paper use trigram models. two main issues: automatic clustering to handle data not explicitly
marked for topic dependence, and robust parameter estimation. Our
Although quite powerful given their simplicity;-gram models are solution to these problems is described below.
constrained in their inability to take advantage of dependencies
longer thann. One approach to overcome this limitation is t02 1 . C|ustering
use dynamic cache language models [1, 2, 3], which model task-
level dependencies by increasing the likelihood of a word given thdbpics or natural groupings of data can be specified by hand if
it has been observed previously. However, cache models do rnekt labels are available or determined automatically, which is the
account for dependencies within a sentence. Cofftegtgram- approach taken here since we used a corpus that does not have
mars [4, 5] could account for grammatical dependencies within @pic labels associated with the data. Agglomerative clustering is
sentence; however, it is costly to build task-specificgrammars. Trigised to partition the training data into the desired number of clus-
ger language models [6] capture dependencieswithin a sentence taus/topics [7]. Clustering is performed at the article level to reduce
are computationally very expensive while training the models.  computation, relying on the assumption that an entire article comes



from a single topic. Starting with single-article clusters, clusters ar the;*"* topic in thep'” iteration is
progressively grouped by computing the similarity and grouping the

most similar two clusters. The similarity measure is based on the s _ p (yi|zj) PP (z;) ()
combination of inverse document frequencies [10], specifically Y Zm (yilz;) PP (25)
Ni; 1 wherez; is the 5™ class andy; is the:"" sentence. The bigram
Siy = Z Wl X Ta ®) robability for thesth topic-model is then re-computed as
A= " TATTA] P y P P

wGA,ﬂAj
Pj(welws) = (1= @}) P (welwn) + ¢} Py (we), (6
where| A;| is the number of unique words in article| A*| is the

Jj i -
number of articles containing the wotdand whereg, is the unigram back-off mass

Z Z bq Ef)

Nij =4/ Nox N, (4) P = = qu o ™)

b
Z Zz 1an l] +Z Zl 1Zb:

is a normalization factor withV; being the number of articles in
clusteri. The normalization factor is used to avoid the tendency for represents the number of training senteneés,represents the
small clusters to group with one large cluster rather than with otherumber of occurrences of the bigram ws, w. > in the:'" sen-
small clusters. An advantage of the inverse document frequentynce and®* (w.|ws) is given as
measure is that high frequency words, such as function words, are

. . n (P 4
automatically discounted. Doy Bif e
7 i 2(p)
Zq Zi:l Mpg? y

Equations 6-8 give the model parameter estimates for the next it-
In parameter estimation, two important issues are addressed. Firgt,

tion. The derivation of this solution is given in [12].
the initial topic-dependent clusters may not be optimal for estimat-

ing then-gram parameters of the-component models, in which Topic Model Smoothing For smoothing thex-gram estimates of
case better results can be obtained by iterative re-estimation. Sgge component models to handle fragmentation of the training data,
ond, we need to accountfor articles or sentences that do not belofg interpolate with the general model at thgram level. We deal

to any of the topics as well as consider the sparse data problegh the problem of “non-topic” sentences by including a general

caused by the fragmentation of the training data, which we addregfodel in addition to then component models at the sentence level.
by using double mixtures, one at the sentence-level and the othersgiecifically, the model is now given by
then-gram level.

PJML(w6|wb) =

(8)
2.2. Robust Parameter Estimation

m,G T+1
Iterative Topic Model Re-Estimation Initial estimates foreach P(wy, ..., wr) = Z)\k H [0k P (wi|wi—1 )+
of the component-gram models are based on the partitions of the k=1 i=1
training data obtained by the clustering procedure described ear- (1 — 83)Pe(wi|wi—1)], (9)

lier. It is essential that some back-off smoothing technique be used

in the component models to account fegrams not observed in wherePg refers to a general model trained on all the available train-

training; here the Witten-Bell technique [11] is used. We iterativelyng data,\x are the sentence-level mixture weights, @adare the

re-estimate these parameters, since some sentences belonging toogeam level mixture weights.

topic according to the clustering metric might be more likely in an-

other topic according to the-gram models. The two sets of weightsy; and§y, are estimated separately us-
ing a held-out data set. The sentences in the held-out data set are

Initially, we developed aViterbi-style training technique that it- first labeled according to their most likely topic and thus the data

eratively partitions the data by topic and re-estimates the topiés split intom clusters. A simple maximum likelihood criterion is

dependent parameters [7]. Here, we instead use the Expectativged to estimate ths iteratively beginning with uniform weights

Maximization (EM) algorithm, where we assign the same sentender eachy. After the componentmodel smoothing factors have been

to different topics weighted by the likelihood of that particular topic estimated, the\'s are estimated at the sentence-level using an anal-

The EM algorithm is complicated for language model training, beogous algorithm over the entire data.

cause the parameter estimates must incorporate some sort of back-

off to avoid zero probabilities. The simplicity of the Witten-Bell 3. Dynamic Adaptation
back-off scheme facilitates the integration of the back-off directly
into the EM algorithm as a constraint in re-estimation. The sentence-level mixture model defined in the previous section

has static parameters, i.e. thegram estimates are not updated as
In each EM iteration, we first compute the likelihood of every senwe observe new sentences. However, it is easy to extend the dy-
tence in the training corpus given each of théopics. For abigram namic modeling techniques of cache language models to our mix-
mixture model, the likelihood that th&" training sentence belongs ture language model, as shown next.



3.1. Dynamicn-gram Cache Adaptation data from the NAB corpus to estimate the sentence-level and the

n-gram-level mixture weights. The lexicon for all the experiments
In dynamic cache adaptation, the entire partially observed documeés a 46K vocabulary provided by BBN.
is cached and used to build argram model. The cache prolitb
ties are linearly interpolated with the statiegram probabilities, as The results are based on the BU Stochastic Segment Model (SSM)
follows, recognition system [13], using the N-best rescoring formalism with
N-best hypotheses generated by the BBN Byblos System, a speaker
independent HMM system. In this formalism, the t&psentence
Plws,...;wr) = | | (0P (wilwi1) + p" P (wilwi—1)) (10)  hypotheses (in our cagé = 100) are rescored by the SSM and the
1 mixture LM, and a weighted combination of scores from different
whereP¢ represents the smoothed static model paramedtérep- _knowledge Sources Is used to re-rank '_[he hypotheses. The _top rank-
ing hypothesis is used as the recognized output. The weights for

res_ents the cache _model parameters,;ahdndu_ represer)t the re-combination are estimated on the development test data (1994
weights for the static and cache models respectively. The interpola-

tion weights* andy* for the cache language models (Equation 10 1 development test) and held fixed for the evaluation test set.

were estimated on the development test data to minimize recogiye report recognition word error rates and perplexity numbers on
tion word error rate in a series of experiments. the 1994 ARPA development and evaluation test sets, referred to
als the Hub 1 (H1) condition [13]. We test on both the H1-P0O and

The important issues to be resolved in dynamic language mOd(?he H1-C2 conditions. The N-best used in both these conditions are

ing with a cache are the dettion of thecache and the mechanism . ; L )
. . - . . . the same; the difference lies in using unadapted language models
for choosing the interpolation weights. We experimented with two L - .
s. adapted language models. The adaptation is supervised, i.e. the

cache models. Since the function words are well estimated due\{o L .
e . L . tryfje transcriptions are available. Thegram level and sentence-
their high frequency in the training data, we considered a conte

. R evel mixture weights, as well as the cache, are reset at the end of a
word unigram cache. This is similar to the approach suggested Lssion (typically 15 sentences). Unless stated, no BBN knowledge
Rosenfeld [3] where onlyare words observed in a document are pically : ' 9

cachedrare being defined by the frequency of the word in the trajn->0U'ces are usedin these experiments.

in_g corpus. We observed t_hz_it defining “rare” as a content word a_II%I 2 Results

viated the problem of deciding a threshold frequency below which "~

_aword Is cons_iderechre, as well as gave us small but consistenqn all experiments described here,5a&omponent sentence mix-

improvements in performance over the frequency-based rare-woyle s ysed. Details of our exploratory work regarding different

caqhe._ we alsg Work_e_d with a cdtidnal blgram/trl_gram cache [3], similarity measures and training techniques are in [12], [7]. We

which is used in addition to the content word unigraache. assessed the usefulness of the mixture language model using two
. . . criteria; recognition word error rate and perplexity. Table 1 com-

3.2. Adaptatlon in Mixture Framework pares four difgf’erent language models in t(grmrs) of pt)B/erpIexity on both

the development and evaluation test sets. The unadapted mixture

T+1

+

B

To extend cache-basedgram adaptation to the mixture model, we
maintain separate counts for all the component models, including

the general model. A sentence is weighted according to its likelifable 1: Perplexity: 1994 NAB 46K development and evaluation
hood given each of the component models. Foritfemodel, the test sets.

likelihood for sentencevy, ..., wr is given by Equation 5. Frac-
tional counts are then assigned to each topic according to their rela-
tive likelihoods, which allows all the topic-models to take advantage
of the partially observed document. The equation for the adapted

Test | Adaptation| Trigram Model | 5-component
mixture model

mixture model incorporating component-caches is a combination Dev No 211 165
of Equation 2 and Equation 10. Dev Yes 171 141

Eval No 210 175
We did not use dynamic mixture weight adaptation [8], thoughwe [ Eyg] Yes 175 145

developed a recursive solution to this problem in [12], since initial
experiments with this algorithm indicated no significant improve-

ment in terms of perplexity or word error rate. model reduces perplexity by 22% over the unadapted trigram lan-
. guage model. The mixture model also provides a small perplexity
4. EXxperiments improvement over the adapted trigram language model on the devel-
opment test set. Incorporating dynamic cache modeling techniques
4.1. Paradigm in the mixture framework leads to a further improvement in the mix-

ture model of 14.5%.
The language model training corpus, referred to as the North Amer-

ican Business (NAB) corpus, encompasses the period from 1988able 2 gives the recognition performance of the four different lan-
1994 and consists of approximately 230lion words of articles in  guage models; namely the adapted and unadapted general and mix-
the SGML format. We also used 1 million words of set-aside tedure trigram models. The recognition results are consistent with the



of n-gram techniques and hence other language modeling advances

Table 2: Recognition word error rate on tHE994 NAB develop- can be easily incorporated in this framework

ment and evaluation test sets.

Test | Adaptation| Trigram model| 5-component Acknowledgments
mixture model
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Dev Yes 10.3% 10.2% . .

I ¥ 115 T10% cooperation of several researchers at BBN, who provided the N-best
Eva 0 il ~7 hypotheses used in our recdtipn experiments.
Eval Yes 11.1% 10.8%
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