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ABSTRACT
Traditional approaches to language miidg have relied on a ot ASR system Text source
fixed corpus of text to inform the parameters of a probability distri- M eranee | (www)
bution over word sequences. Increasing the corpus size often leads Dynamic Upffd;::usr
to better-performing language models, but no matter how large, 'aﬂgujgg model [* updatear | gigorithm
the corpus is a static entity, unable to reflect informatibow '

events which postdate it. In these pages we introduce an online

paradigmwhich interleaves the estimation and application of alan-  Figure 1: ASR system using just-in-time language nilote
guage model. We present a Bayesian approach to online language

modelling, in which the marginal probabilities of a static trigram

model are dynamically updated to match the topic being dictated e o is absent from the corpus. This is not a problem that can
to the_ system. We alsq describe the archltepture of a prototype Wey e fiyaq with Moore's law and patience: nearly any source distri-

have |mp|c_amented_ which uses t_he World Wide Web (V.VWW) aS @ pytion which an ASR system is going to encounter will change as
source of information, and provide results from some initial proof o o ts occur in the world. No speech recitign system trained

of concept experiments. on data prior to 1993, for example, could possibly recognize that
Marlins andbaseball have a strong lexical correlation.
1. BACKGROUND This document describes a language niguesystem in which
the estimation and application of the model are coupled; that is, a
Of pressing concern to language mblidg researchers is how to  model which learns as it works. We envision the behavior of an
detect and account for a “non-stationary” source; that is, a sourceASR system incorporating this language model as follows (Figure
of words whose distribution changes over time. To take a concretel). In processing a single utterance, the system uses the current
example, suppose we put an ASR system to the task of transcribdanguage model to generate a hypothesis for the utterance. The
ing the evening news (to automatically generate a transcript for hypothesisis then (while the system awaits the next utterance, say)
the hearing-impaired, say). The anchor may begin with a segmentsent to a query engine, which generates an update corpus based on
on Bosnia, in which words such agife , famine , Serbs , using the hypothesis as a set of keywords in a search. The lan-
Albright  andU.N. are more probable than in general. Then guage modelis reestimated to take into account the update corpus,
the anchor moves to a story on the Iditarod dog sled race in Alaska,and can be applied either to rescore the current utterance, or just to
during which time the wordsnow, mush, cold andcanine process the next utterance.
are more likely than in general. Adaptive language niodpad-
dresses the task of ensuring that a model keeps up with a changing
source distribution. In short: as the topic changes, so should the 2. AN ONLINE MODEL OF LANGUAGE
model.

One approach has been to partition the training corpus into aGiven is some stationary distribution (odefault modgls. We
number of topics—a coarse division might be sports, politics and imagines to be a trigram or similar conventionallanguage médel
useless banter—and train individual models on each topic. WhenWhose parameters have been estimated offline on a large corpus of
applying this composite model, one needs somehow to detect thd€XtC's. The system is occasionally provided with an “update cor-
topic at hand and select the model appropriate to the topic. A PUS”of textCz, which (one hopes) has a high semantic correlation
somewhat more refined approach is to allow a few topics to be with the current topic of dictation, bt_Jt which is likely to be much
active at once, and apply a weighted average of the individual topic Smaller—by several orders of magnitude—tiian
models [1]. How one generates such a corpus is taken up in the follow-

These approaches rely on a training corpus fixed “offline,” ing section. Our concern here is to construct a language model
prior to applying the model. Such an approach works well when A Which incorporates knowledge gleaned fréipy into S. Some
the topic at hand is to be found in the training corpus, but not when desired properties of:

Adam Berger is partially supported by an IBM Cooperative Fellow- 1We make no explicit assumptions about the forn$aoh what follows,
ship. Robert Miller is partially spported by an NDSEG Fellowship. though the prototype described later uses the trigram model of [2]



(1) The influence which the update corps plays should Q(X) ranks candidate models by how likely they are, in light of the
increase with its size (number of word®),. That is, as update corpué’y,. The optimal modeA*—the one with the high-
its size increases, we should considér a more reliable est score—is writteA\* = argmaxp(A|Cy). Applying Bayes’

source of information, and pay it greater heed. law,
(2) But how much greater heed? There should be a “knob” to p(Cu|N)p(A)
adjust how much we adjust as a function of the size of A* = argmax o(C) argmaxp(Cu|A)p(A)  (5)

the update corpus. ) . o
We can drop off the denominator in the last equality si6geis

We'll consider language models in the exponential family independent of.
1 Notice that in the case of a uniform pripfA), the optimiza-
A . . . . .
F={\:plylx, ) = NOR s(ylx)} 1) tion problem posed by (5) reduces twaximum-likelihood find
A that\ which assigns maximal probability to the déta.
where It has been recognized for some time in the computer vision

¢ s(y|x) is the probability (value) which the static modael community [3] tggt thl's type of Bayes:an apprzogc?h canl be viewed
assigns to the event that wogdfollows the sequence of asan |nst§m§:e YEgU arization a poputar method for solving- .
wordsx: pose_d optimization prpblems. Given a set of data and_a fa_lmlly of
' candidate models which account for the data, regularization pre-
e A ={A1,X2,...}isasetofreal-valued parameters, one for gcribes that the optimal modst maximize
eachword. Roughly speaking, represents an adjustment

to the marginal probability of worg in S. In other words, F(A) = D(A) +aT(X)
wordy is on average about'¥ more probable according to

! where D(A) measures how welk accounts for the datd]'(A
A than according te. (A) al’(A)

measures the smoothness of the modednda« is a real-valued

e Z,(x) is a normalization term, ensuri@yp(mx, A) = parameter which governs the tradeoff between these two objec-
1. tives.

One member ofF is of particular interest, namely the model F'(A) may reasonably be viewed as a fitness functional over
with A = {0,0,0...}, which we'll write as\°. This is just an- conditional probability distributions. In this setting, it can be writ-
other way of writings, the static distribution. ten as:

If the event(x, y) (the wordy following the wordsx) occurs F(A) = logp(Cu|A) + log p(})

cu(x, y) times in a corpus of text which we denote 6y, then
the probability which the modél assigns ta”:, (the “likelihood”

Zcu(x,y)logp( |x, A) ) Z)\ +K

of Cy) is X,y
-~ H/—/
A s(ulx) cu(X,y) D(A) a  TK
p(Culh) = H [E ekyS(y|X)] 2) The constantv = 515 is a hyperparameter, trading off between
X,y Y

well-fitted (o large) and smooths€ small) distributions. Substi-
We will also require a probability distribution over models tuting (2) and (3) into (5),
A € F, for which we adopt a Gaussian:

2 e v s(y|x)
2 A — C\IIR
a5

It is a straightforward exercise in calculus to derive the con-
A Gaussian prior of the form (3) imposes a “smoothness con- dition for A}, the optimal value of\, (Space precludes a more
straint,” penalizing models by the amount they diverge from the thorough treatment here, but details are available in [4]):
default distributionS. A justification for this approach comes F
from Occam'’s Razor, which, in this context, prefers the smoothest Zpu p(y|x,A) =0 (6)
among competing models of the d&ta. Nyo?

:| cu(x, y)

One can think ofo?, the real-valued parameter in (3), as a

degree of trust in the update corpus. &sdecreases, the priori wherep.(x, y) = cu(x, y)/Nu. .
probability of a model with large parametexs decreases. That Some observations about (6):
is, the prior distribution of models becomes peaked aroifthd o As Ny gets small\} tends to zero. This is just what one
the model withno adjustments in marginal probabilities. Thus would hope and expect: as the size of the update corpus
seems to satisfy the second of our desiderata. shrinks, the optimal update to the marginal praliigybof
y should vanish. The same occurs in the case of small

The MAP-optimal model which is like saying that we don't trust the update corpus.

) ) o S . Conversely, asvy, or o gets large, (6) becomes (y) =
Given a sampling distribution (2) and a prior distribution (3), we Z pu(x)p(ylx, ). In other words, adjust? so that the

are now in a position to intiduce the posterior distribution. For a
particular update corpus,, define@?(}), thequality (or posterior
probability) of model\, as

marglnal probablllty ofy in the modelx exactly matches
its marginal probability in theipdate corpus.

2Here and elsewhere, K means “constant with respect to the variable(s)
QN = p(A|Cu) 4) of interest,” in this casa,,.



Iterative scaling So we've reduced the sum over all words to a sum over just those
words which appeared in the corpis, which can amount to a

We now discuss how to compute, given an update cofpuand significant computational savings.

a value fora?, the optimal modeh*. This approach derives from

theiterative scalingalgorithm, a method for finding the maximum-

likelihood A* (i.e. in the case of a uniform prior). There are some 3. SYSTEM ARCHITECTURE

technical issues to contend with when the optimal settinghfor

is non-finite; these and other aspects of the iterative scaling areWe have left much unsaid regarding the implementation of a dy-

addressed in [5]. namic language model. Here we describe some of the details of
In seeking\™, it helps to recast the problem to a slightly dif- one particular implementation; the following section summarizes

ferent form. Starting from some mod#&| we seek the optimal  performance results of the system.

changeA, to each parametey,. We denote the vector of (ad- Our system operates in both 'sequential’ and rescoring’ modes.
ditive) changes byA. Applying an auxiliary function argument  Sequential mode, designed for measuring the perplexity of text, as-
common in such settings, we instead maximize a functigh ) < signs a probability (a score) to theaut sentence by relying solely
QX+ A) — Q(X), whose derivative is given by on the current language model. The input sentence is also used to
generate an update corp(%, from which the current language

BA(A) A+ A,
9N,  Nuo?

—puly) + Zpu(X)p(y|X, Ae?v  (7) model is updated via the methods described in the previous sec-
x tion. The updated model is then ready to be applied to the next
sentence. The sequential method benefits from and in fact relies
upon some topical coherence from one sentence to the next.
'Rescoring’ mode is designed for measuring word error rate of
a speech (audio) signal. From an input utterance, an ASR system,
equipped with a trigram language model, produces a hypothesized
utterance, which is used to generate an update carpusFrom
Cy we can construct an updated language model, which is applied
to generate a refined hypothesis of the input utterance. Unlike the

Finding the optimalA, is a matter of setting this expression to
zero for eacly and solving forA,,. As a sanity check, notice that
¢ As Ny getslarge, (7) turns into alinear version (linear since
the constraints are non-overlapping) of the standard itera-
tive scaling equation: the prior term drops out &ndfully
dictates the updatd . The same thing happensasgets
large, meaning that we place no weight on the prior model

ok ) AL A 'sequential’ approach, rescoring is an iterative procedure, though
o As Ny oro” gets small, (7) tums inté-=—% = 0; that  in practice we iterate only once in generating a final hypothesis.

is, A, = —\,. So as the update Corpufg"shrinks, the opti- Descending one level of abstraction, we now describe the be-

mal choice ofA, is the one which exactly cancels out any havior of the query engine, W_hose _task is to generate an up(_]late

change we've made to the static model corpus from a query. As depicted in figure 2, the query engine

first filters noise words from the query, and then passes the query
to a Web search engine. We experimented with two search en-
gines: AltaVista[6], which indexes ovai00 million Web pages
Members of the exponential familff, as specified in (1), have a  of all kinds; and News Index[7], which indexes abaab online
practical deficiency: calculating the probability which a particular news sources but revisits them frequently. Web pages found by the
A € F assigns to the eveliy, x) involves a sum, in the partition ~ search engine are fetched in order of relevance in a multithreaded

Efficient scoring

function Zx(x), over all possible wordsg: manner, stripped of HTML formatting tags, and added to the up-
N date corpus until it reaches the desired size. An update corpus
Zx(z) = Z e s(ylx) (8) of 10, 000 words typically contains about twenty Web pages and
y takes about three minutes to generate. These web pages comprise

A considerable speedup in evaluating (8) can be realized by thethe update corpuS;,, from which the techniques described in the
following heuristic. If the wordy does not appear (or appears very Previous section generate a new motelready for use in decod-
rarely) in the update corpugy, then fixA, = 0, on the grounds  ing the next utterance.

that we have insufficient evidence to alter the static marginal prob-

at_)iIiFy of . 'I_'his_ assumption is clearly_false, sin_ce the absenc_e of 4. EVALUATION

y is informative in itself. The assumption also violates (7), which

dictates that, if\,, = 0 andp.(y) = 0, then This section describes a set of experiments designed to gauge the

Ay Ay _ ability of adynamic language modtliag system to reduce perplex-
Nyo? + Zp“ (x)p(ylx, A)e™¥ =0 >

Table 1 summarizes the perplexity of three different newswire
SoA, # 0 in general, even if its empirical count is zero. In fact, texts using a sequential approach. The table also demonstrates that
the appropriate setting df,, is negative in this case. However, by

applying this heuristic, we can realize a savings as follows. Denot-

ing by Y the set{y|y € Ci} and by) the complement of this set,

we can rewrite (8) as Hypomesize] stopword | quew,| Search enginﬁ v

\ filter (AltaVista)
Za(z) = Y sy + Y s(ylx)

yeEY yeY

14> (e = Ds(ylx)

yey

World Wide
Web

Update corpus Web pages

Text
normalization

Figure 2: Query engine generating an update corpus from the Web.



| IRS | China| Marathon

Static trigram model 313 781 1060
Dynamic (using AltaVista) | 315 781 1038
Dynamic (using News Index) 298 704 1016

Table 1: Perplexity of three AP newswire stories of 11/1/97—
on IRS reform, US-Chinese relations, and the New York City
Marathon—using a static and dynamic model.

380 ; T

justintimeLM ——
baselineLM -
370
360
g 30f
340
330
320 L L L L
0.001 0.01 0.1 1 10 100
variance

Figure 3: Observed dependence of perplexity of a segment of brod-
cast news data on the valueaf.

News Index—which, being a news-only index has a higher “signal
to noise” ratio than AltaVista—is the better source, and thus we
employ it exclusively in subsequent experiments.

Prior to generating any results, we applied binary search to
discover the maximume-likelihood value of for a heldout text
corpus. Figure 3 depicts the observed dependeneé ain the
perplexity of an excerpt of broadcast news data taken from a the
Hub4 evaluation set. Here we used the News Index source and
the rescoring decoding approach. (It makes little sense to report
perplexities in rescoring mode, but figure 3's interest lies only in
the quality of the resulting system as a functionod). Based
on figure 3, the value of* was fixed aD.8 for the experiments
reported in table 1.

5. CONCLUSION

We have presented a Bayesian framework for dynamic language
modelling, and discussed one particular implementation of a dy-
namic language modlimg system. "hough the described system

is not today suitable for a real-time ASR system given the latency
of the web, a nominally altered architecture—fetching an update
corpus in the background after every few sentences, say, or even
relying on a local information source (presumably of narrower ex-
tent than the WWW)—could make use of the approach described
herein.

Considering that no effort was expended on trying to coax
“relevant” queries from the search engine by judicious selection
of keywords from the query, we consider the performance of our
prototype encouraging. We are pursuing more refined approaches
to generating an update corpus, and plan to incorporate the system
into the CMU Sphinx [8] speech recoijon system to determine
what effect this approach can have on word error rate.
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