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Abstract

Speech recognition performance is severely affected when the lexical, syntactic, or semantic characteristics of the
discourse in the training and recognition tasks differ. The aim of language model adaptation is to exploit specific, albeit
limited, knowledge about the recognition task to compensate for this mismatch. More generally, an adaptive language
model seeks to maintain an adequate representation of the current task domain under changing conditions involving
potential variations in vocabulary, syntax, content, and style. This paper presents an overview of the major approaches
proposed to address this issue, and offers some perspectives regarding their comparative merits and associated trade-

offs.
© 2003 Elsevier B.V. All rights reserved.

1. Introduction

Language modeling plays a pivotal role in au-
tomatic speech recognition. It is variously used to
constrain the acoustic analysis, guide the search
through multiple (partial) text hypotheses, and/or
contribute to the determination of the final tran-
scription (Bahl et al., 1983; Jelinek, 1985; Rabiner
et al., 1996). Fundamentally, its function is to
encapsulate as much as possible of the syntactic,
semantic, and pragmatic characteristics for the
task considered.

1.1. Focus

In the search, the successful capture of this in-
formation is critical to help determine the most
likely sequence of words spoken, because it
quantifies which word sequences are acceptable in
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a given language for a given task, and which are
not. In that sense, language modeling can be
thought of as a way to impose a collection of
constraints on word sequences. Since, generally,
many different such sequences can be used to
convey the same information, these constraints
tend to be statistical in nature (Gorin, 1995). Thus,
regularities in natural language are governed by an
underlying (unknown) probability distribution on
word sequences. The ideal outcome of language
modeling, then, would be to derive a good estimate
of this distribution.

In the unrestricted case, however, carrying out
this task is not feasible: some simplifications are
necessary to render the problem tractable. The
standard approach is to constrain allowable word
sequences to those that can be parsed under the
control of a probabilistic context-free grammar
(PCFG), a somewhat crude yet well-understood
model of natural language (Church, 1987). Un-
fortunately, because parser complexity tends to
be nonlinear, at the present time context-free
parsing is simply not practical for any but the most
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rudimentary applications. The problem is then re-
stricted to a subclass of PCFGs, strongly regular
grammars, which can be efficiently mapped into
equivalent (weighted) finite state automata with
much more attractive computational properties.
This has led to a large body of literature exploiting
such properties in finite state transducers (Mohri,
2000).

Situations where such stochastic automata are
especially easy to deploy include relatively self-
contained, constrained vocabulary tasks (Pereira
and Riley, 1997). This is often the case, for ex-
ample, of a typical dialog state in a dialog system.
At that point, given one or more input strings as
input, the goal is to reestimate state transition
probabilities pertaining only to the input set, so
input string matching on a finite automaton is a
convenient solution. In dictation and other large
vocabulary applications, however, the size and
complexity of the task complicates the issue of
coverage. Generic stochastic automata indiscrimi-
nately accepting variable length sequences become
unsuitable. To maintain tractability, attention is
further restricted to a subclass of probabilistic
regular grammars, stochastic n-gram models. Such
models have been most prominently used with
n =2 and 3, corresponding to classical statistical
bigrams and trigrams (Jelinek, 1985).

This leads to the focus of this paper. Statistical
n-grams, of course, can also be represented by
equivalent (n-gram) finite state automata. In prac-
tice, the difference between the stochastic automa-
ton and the original n-gram representation is largely
a matter of implementation. Many systems in use
today, especially for complex dialog applications,
are based on the former (cf., for example, Riccardi
and Gorin, 2000; Zue et al., 2000), while the latter is
more prevalent amongst transcription systems (see
e.g., Adda et al., 1999; Ohtsuki et al., 1999). In what
follows, since the discussion is essentially unaffected
by implementation details, the terminology ‘‘sta-
tistical language model” (SLM) will refer to the
general concept of a stochastic n-gram.

1.2. Why adaptation?

Natural language is highly variable in several
aspects.

First, language evolves as does the world it
seeks to describe: contrast the recent surge of the
word “proteomics’ to the utter demise of “ague”
(a burning fever, from Leviticus 26:16, King James
translation of the Bible). The effective underlying
vocabulary changes dynamically with time on a
constant basis.

Second, different domains tend to involve rela-
tively disjoint concepts with markedly different
word sequence statistics: consider the relevance of
“interest rate” to a banking application, versus a
general conversation on gaming platforms. A
heterogeneous subject matter drastically affects the
underlying semantic characteristics of the dis-
course at topic boundaries.

Third, people naturally adjust their use of the
language based on the task at hand: compare the
typical syntax employed in formal technical papers
to the one in casual e-mails, for example. While the
overall grammatical infrastructure may remain
invariant, syntactic clues generally differ from one
task to the next.

And finally, people’s style of discourse may in-
dependently vary due to a variety of factors such
as socio-economic status, emotional state, etc. This
last effect, of course, is even more pronounced on
spoken natural language.

As a result of this inherent variability, the lex-
ical, syntactic, or semantic characteristics of the
discourse in the training and recognition tasks are
quite likely to differ. This is bad news for n-gram
modeling, as the performance of any statistical
approach always suffers from such mismatch.
SLMs have indeed been found to be extremely
brittle across domains (Rosenfeld, 2000), and even
within domain when training and recognition in-
volve moderately disjoint time periods (Rosenfeld,
1995). The unfortunate outcome is a severe de-
gradation in speech recognition performance
compared to the ideal matched situation.

It turns out, for example, that to model casual
phone conversation, one is much better off using
two million words of transcripts from such con-
versations than using 140 million words of tran-
scripts from TV and radio broadcasts. This effect is
quite strong even for changes that seem trivial to a
human: a language model trained on Dow—Jones
newswire text sees its perplexity doubled when
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applied to the very similar Associated Press
newswire text from the same time period (Rosen-
feld, 1996, 2000).

In addition, linguistic mismatch is known to
affect cross-task recognition accuracy much more
than acoustic mismatch. For instance, results of a
cross-task experiment using Broadcast News
models to recognize TI-digits, recently reported in
(Lefevre et al., 2001), show that only about 8% of
the word error rate increase was due to the
acoustic modeling mismatch, while 92% was im-
putable to the language model mismatch. In a
similar experiment involving ATIS, these figures
were approximately 2% and 98%, respectively
(Lefevre et al., 2001). Analogous trends were ob-
served in (Bertoldi et al., 2001) for different tasks
in a different language.

1.3. Organization

The above discussion makes a strong case for
SLM adaptation, as a means to reduce the de-
gradation in speech recognition performance ob-
served with a new set of operating conditions
(Federico and de Mori, 1999). The various tech-
niques that have been proposed to carry out the
adaptation procedure can be broadly classified
into three major categories. Where a particular
technique falls depends on whether its underlying
philosophy is based on: (i) model interpolation, (ii)
constraint specification, or (iii) meta-information
extraction. The latter category refers to knowledge
about the recognition task which may not be ex-
plicitly observable in the word sequence itself. This
includes the underlying discourse topic, general
semantic and syntactic information, as well as a
combination thereof.

The paper is accordingly organized as follows.
The next section poses the adaptation problem
and reviews the various ways to gather suitable
adaptation data. Section 3 covers interpolation-
based approaches, including dynamic cache
models. In Section 4, we describe the use of con-
straints, as typically specified within the maximum
entropy framework. Section 5 gives an overview of
topic-centered techniques, starting with adaptive
mixture n-grams. Alternative integration of se-
mantic knowledge, i.e., triggers and latent se-

mantic analysis, is discussed in Section 6. Section
7 addresses the use of syntactic infrastructure, as
implemented in the structured language model,
and Section § considers the integration of multiple
knowledge sources to further increase perfor-
mance. Finally, in Section 9 we offer some con-
cluding remarks and perspectives on the various
trade-offs involved.

2. Adaptation framework

The general SLM adaptation framework is de-
picted in Fig. 1. Two text corpora are considered: a
(small) adaptation corpus 4, relevant to the current
recognition task, and a (large) background corpus
B, associated with a presumably related but per-
haps dated and/or somewhat different task, as
discussed above.

2.1. Adaptation problem

Given a sequence of N words w, (1<g<N)
consistent with the corpus A4, the goal is to com-
pute a suitably robust estimate of the language
model probability:

Pr(wy,...,wy) = H Pr(wy|hy,), (1)

where 5, represents the history available at time q.
In the general case the expression (1) is an exact
equality. For an n-gram model, the Markovian
assumption implies

hq = Wontly- -y Wg-1 (2)

and the expression (1) becomes an approximation.

In any event, the estimation of Pr(w,...,wy)
Corpus A Information | Task—specific
(Adaptation) | Extraction Knowledge }
SLM Adapted
Adaptation | pp (W) oo W)
Corpus B SLM Initial }
(Background) Estimation Pry(w, .. W)

Fig. 1. General framework for SLM adaptation.
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leverages two distinct knowledge sources: (i) the
well-trained, but possibly mismatched, back-
ground SLM, which yields an initial estimate
Prz(wi,...,wy), and (ii)) the adaptation data,
which is used to extract some specific information
relevant to the current task. As we will see shortly,
this information may take the form of cache
counts, marginal constraints, topic identity, etc.
The general idea is to dynamically modify the
background SLM estimate on the basis of what
can be extracted from 4.

In what follows, we concentrate on how to
carry out this adaptation procedure, and thus as-
sume, in particular, that all SLM probabilities are
appropriately smoothed. For example, if Cg(h,)
and Cy(h,w,) denote the frequency counts of the
word sequence #, and h,w, in B (i.e., the number of
times they respectively appeared in the back-
ground corpus), then the well-known maximum
likelihood estimate

Pry(wr, ..., wy) :HI%Z)") (3)

may lead to overfitting. It is therefore necessary to
smooth the resulting probability (see e.g., Chen
and Rosenfeld, 2000) in order to obtain a robust
background SLM.

Since the adaptation procedure depends criti-
cally on the quality of the available adaptation
data, we first review the various ways to gather a
suitable corpus 4.

2.2. Adaptation data

In some cases, the corpus 4 may already be
available. For instance, in cross-domain adapta-
tion, a small amount of domain-specific text may
have been collected for some other purpose, but
can readily serve as adaptation data. Alternatively,
in the course of deploying dialog systems, it is
customary to conduct “wizard of Oz” experiments
to fine tune certain dialog states (cf. Riccardi and
Gorin, 2000), which can often lead to relevant
adaptation material.

If the corpus A is not available a priori, or
deemed too small, appropriate text needs to be

gathered. When the recognition task is covered by
a grammar, the grammar itself can be used to
generate expected user utterances. Monte Carlo
methods are then used to randomly choose rules at
the branching points of the grammar and thereby
create an artificial corpus 4, from which, for ex-
ample, an n-gram can be trained. If a small
amount of adaptation data is available, this can be
used to weigh the different rules and thereby ob-
tain a more realistic corpus, as in the case of the
bootstrap SLM (Kellner, 1998).

If it is not practical to either collect or artifi-
cially generate the corpus A4, the only other solu-
tion is to accumulate it during the recognition
process itself. One approach that turns out to be
quite efficient is to use multiple sentence hypoth-
eses from an N-best list as adaptation material.
For that, each hypothesis gets a weight derived
from its a posteriori likelihood such that the
weights add up to 1. Every sentence now contrib-
utes to the corpus 4 according to its weight. The
idea behind this approach is that well-understood
parts of a sentence occur in most hypotheses of an
N-best list, whereas for misrecognitions different
candidates usually appear in different hypotheses.
Thus, the effect of a recognition error is distributed
over several competing hypotheses and does not
result in a strong error reinforcement (Souvignier
et al., 2000). A variation on the same concept was
recently presented in (Gretter and Riccardi, 2001),
based on exploiting sausages rather than N-best
lists.

Finally, once enough adaptation material has
been accumulated to suitably characterize the
new domain, it can be the basis for gathering
“similar” data. For example, it is possible to
leverage document retrieval techniques to in-
crease the size of 4 by dynamically searching on-
line databases or the world wide web (Berger and
Miller, 1998; Iyer and Ostendorf, 1999; Zhu and
Rosenfeld, 2001). Alternatively, data augmenta-
tion can also be performed at the n-gram count
rather than the word level: a preliminary inves-
tigation along these lines was recently reported in
(Janiszek et al., 2001). Ultimately, some form of
data updating has to be entertained, to counter-
act the inability of any corpus to reflect events
which postdate it.
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3. Model interpolation

In interpolation-based approaches, the corpus 4
is used to derive a task-specific (dynamic) SLM,
which is then combined with the background
(static) SLM. This appealingly simple concept
provides fertile grounds for experimentation, de-
pending on the level at which the combination is
implemented.

3.1. Model merging

The most straightforward combination is at the
model level, which entails the estimation of
Pry(wy,...,wy), the language model probability
derived from A for the word sequence under con-
sideration. Or course, because of the extremely
limited amount of data involved, the dynamic
SLM tends to be poorly trained, most of the time
resulting in a rather inaccurate estimate. Only for
certain idiosyncratic word sequences, particu-
larly frequent in the current task, may the dy-
namic model outperform the initial estimate
Prz(w,...,wy) obtained from the background
SLM. This provides the justification for merging
the two estimates, in order to take advantage of
the new information as appropriate.

The simplest way to do so is via linear inter-
polation. Given estimates for word w, denoted by
Pr,(wy|h,) and Prz(w,|h,), each term in the right
hand side of (1) can be expanded as follows:

Pr(wylhy) = (1 — 2) Pry(wy|hy) + APrp(wylhy), (4)

where 0 <A< 1 serves as the interpolation coeffi-
cient (sometimes also referred to, for reason to
become clear shortly, as the mixture coefficient).
This parameter may be a function of the word
history h,, or, for better performance, some
equivalence class thereof. It is typically estimated
on held-out data from (a subset of) A. This can be
done empirically, or under the maximum likeli-
hood criterion using the EM algorithm (see e.g.,
Federico and de Mori, 1999); in the absence of
held-out data, the EM algorithm can also be ap-
plied in leaving-one-out mode.

Alternatively, it is possible to back-off from the
dynamic estimate to the static one depending on

the associated frequency count. This is referred to
as the fill-up technique (Besling and Meier, 1995),
one implementation of which is

Pr(wylhy)

Pr(w,|h,) = {ﬁPrB(thq)

otherwise,

()

where T is an empirical threshold, and the back-off
coefficient f is calculated to ensure that Pr(w,|h,)
is a true probability.

These two closely related approaches display
trade-offs that are identical to those observed with
the well-known techniques of interpolation and
back-off for (static) language model smoothing
(Chen and Rosenfeld, 2000). More generally, this
framework has given rise to a large number of
variants, depending on the way the corpus 4 is
accumulated, the specific form of either Pr,(w,|h,)
or Prg(w,y|h,), and the particular method selected
for estimation and/or smoothing. For example, it
is common to use class-based models (see e.g.,
Jardino, 1996) as well as variable-length models
(cf. Niesler and Woodland, 1996) for -either
Pr,(w,|h,) or Prg(w,|h,). A large body of work has
also experimented with various hybrids, for ex-
ample by combining n-grams with probabilistic
finite-state automata (e.g., Galescu and Allen,
2000; Nasr et al., 1999).

3.2. Dynamic Cache models

A special case of linear interpolation, widely
used for within-domain adaptation, deserves spe-
cial mention: dynamic cache memory modeling
(Kuhn and de Mori, 1990). Cache models exploit
self-triggering words inside the corpus 4 to capture
short-term (dynamic) shifts in word-use frequen-
cies which cannot be captured by the background
model. In other words, they correspond to the
unigram case (n = 1) of the general model merging
strategy just discussed.

In an effort to propagate the power of the
method to higher order cases, the cache memory
concept has been extensively applied in conjunc-
tion with a (usually syntactic) class model of the
form:
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Pr(quhq) = Z Pr(wacq) Pr(cq‘hq)v (6)
{eq}

where {c,} is a set of possible classes for word w,,
given the current history 4,. The language model
probability thus comprises a class n-gram com-
ponent—Pr(¢,|h,)—and a class assignment com-
ponent—Pr(w,|c,). The class n-gram component is
assumed to be task independent, and is therefore
taken from the background SLM, i.e., Pr(c,|h,) =
Prg(cy|h,). The class assignment component, on
the other hand, is subject to dynamic cache ad-
aptation, resulting in

Pr(wylc,) = (1 — 2)Pra(wylcy) + APrp(wylcy),  (7)

where 4 is estimated in the same manner as before.
Further improvements have been reported when
this parameter is made a function of recency
(Clarkson and Robinson, 1997).

3.3. MAP adaptation

More recently, it has been argued that the
combination should be done at the frequency
count level rather than the model level. The un-
derlying framework is the maximum a posteriori
(MAP) criterion, which can be regarded as a more
principled way to combine static and dynamic
SLM information (Chen and Huang, 1999; Fede-
rico, 1996; Masataki et al., 1997). In this approach,
the MAP-optimal model M* is computed as

M* = argmax,, Pr(4|M) Pr(M), (8)

where Pr(M) is a prior distribution over all models
in a particular family of interest, whose role is to
penalize models by the amount from which they
diverge from the background model.
This framework leads to a solution of the form:
_eCy (hgwy) + Cy(hyw,)

Pr(wq|hq) - SCA(hq) 4 CB(hq) ’ (9)

where ¢ is a constant factor which is estimated
empirically. This factor was originally introduced
to reduce the bias of the estimator (Federico,
1996). It was later made a function of the word
history #,, and used as a tuning parameter to ex-

ploit various domain-specific properties (Chen and
Huang, 1999).

4. Constraint specification

In approaches based on constraint specification,
the corpus A4 is used to extract features that the
adapted SLM is constrained to satisfy. This is ar-
guably more powerful than model interpolation,
since in this framework a different weight could
presumably be assigned separately for each fea-
ture.

4.1. Exponential models

Historically, constraint-based methods have
been associated with exponential models trained
using the maximum entropy (ME) criterion. This
leads to minimum discrimination information
(MDI) estimation (Della Pietra et al., 1992). Typ-
ically, features extracted from the training corpus
are considered to be constraints set on single
events of the joint probability distribution (such
as, for example, a word and a history), in such a
way that the constraint functions obey the mar-
ginal probabilities observed in the data. (Addi-
tional constraints for the never observed words
may then be added for each history, as necessary
to satisfy optimization conditions.)

To illustrate, rather than deriving the condi-
tional probability Pr(w,|k,) directly, consider the
associated event of the joint probability distribu-
tion, corresponding to the particular word w = w,
and the history # = h,. Assume further that this
joint distribution is constrained by K linearly in-
dependent constraints, written as

> L(h,w) Pr(h,w) = a(hoiy), 1<k<K,
()
(10)

where I; is the indicator function of an appropriate
subset of the sample space (selecting the appro-
priate feature ﬁkwk), and oc(fzkwk) denotes the rele-
vant empirical marginal probability. Constraints
like (10) are usually set only where marginal
probabilities can be reliably estimated, i.e., for
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well-observed events fzkwk. Similar constraints can
be placed using all lower order n-gram histories
h=wy ..., Wy, 1 <i<n—2.

It can be shown (Darroch and Ratcliff, 1972)
that the joint distribution Pr(4,w) satisfying the
constraints (10) belongs to the exponential
family (Mood et al., 1974). It has the parametric
form:

Pr(h,w) = ! T exp{iut(h, w)}, (11)

where 1, is the MDI parameter associated with the
kth linear constraint in (10), and Z(h,w) is a suit-
able normalization factor. The 1 parameters are
typically trained using the generalized iterative
scaling (GIS) algorithm (Darroch and Ratcliff,
1972). This algorithm converges to a unique so-
lution, provided the constraints (10) are consistent.
Recent improvements on the GIS algorithm have
been reported in (Della Pietra et al., 1997). The
reader is referred to Lafferty and Suhm (1995) and
Rosenfeld (1996) for additional information on
MDI estimation.

4.2. MDI adaptation

Exploiting exponential models in an adaptation
context is referred to as MDI adaptation. In that
approach, the features extracted from A are con-
sidered as important properties of the adaptation
data, that the joint n-gram distribution Pr(k, w) is
requested to match, in the same manner as before.
But, in addition, the solution has to be close to the
joint background distribution Prz(h,w), taken as
prior distribution. This is achieved by minimizing
the Kullback-Leibler distance from the joint
background distribution:

0l w) 1)

min Z O(h,w)log Pry(hw)’

QU (G

while simultaneously satisfying the linear con-
straints:

Z L(h,w)O(h,w) = oy (), 1<k<K,
{(rw)}

(13)

where the notation o, emphasizes the fact that the
relevant empirical marginal probabilities are now
obtained from the adaptation corpus A.

It can be shown (Darroch and Ratcliff, 1972)
that the solution of (12) subject to the constraints
(13) has the parametric form:

Prhow) = o) T expla(hon), (14

where A; is now the MDI parameter associated
with the kth linear constraint in (13). Note that
without the initial probability distribution
Prz(h,w), the solution reduces to the maximum
entropy model (11) for the features I, (h,w). The
reader is referred to (Federico, 1999; Rao et al.,
1997; Reichl, 1999) for further details on MDI
adaptation. For a discussion of computational
considerations in the context of log-linear models,
see also Kneser et al. (1997) and Peters and Kla-
kow (1999).

4.3. Unigram constraints

An important special case is MDI adaptation
with unigram constraints. Given the typically
small amount of adaptation data available, it is
often the case that only unigram features can be
reliably estimated on the adaptation corpus 4.
This situation is the MDI counterpart of the usual
dynamic cache implementation discussed in the
previous section. In that case, the constraints be-
come

D L(h,w)Q(h,w) = 0y (iy), 1<k<K, (15)
{(hw)}

where o,(W;) now represents the empirical uni-
gram probability obtained from A for the feature
Wy.

Dropping the dependence on the word history
considerably simplifies the GIS algorithm, and in
fact it can be shown that the resulting solution
reduces to the closed form (Federico, 1999):

Pr(h, w) = Pry(h, w) lfr“B((Ww)) . (16)

Note that this is effectively the direct solution to
the context-independent optimization problem, for
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which there is no need to resort to the maximum
entropy framework. In that case, the adapted SLM
is simply the background SLM scaled by the
scaling factor oy(w)/Prz(w), which can be inter-
preted as the adjustment in unigram probability
which is necessary to match the adaptation data.
Interestingly, performance improvements have
been reported by exponentially smoothing this
scaling factor, so as to reduce the effect of the
adaptation distribution o4 (w) (Kneser et al., 1997).
This is analogous to what occurs in the Bayesian
adaptation framework (Chen and Huang, 1999;
Federico, 1996; Masataki et al., 1997) described in
Section 3.3.

5. Topic information

In approaches exploiting the general topic of
the discourse, the corpus A4 is used to extract in-
formation about the underlying subject matter.
This information is then used in various ways to
improve upon the background model based on
semantic classification.

5.1. Mixture models

The simplest approach is based on a general-
ization of linear interpolation (4) to include several
pre-defined domains. Consider a (possibly large)
set of topics {#}, usually from a hand-labelled
hierarchy, which covers the relevant semantic
space of the background corpus B. Assume further
that the background n-gram model is composed of
a collection of K sub-models, each trained on a
separate topic. One of these models is often the
“general”’ n-gram model itself, trained on the en-
tire corpus B. The others are smaller models
trained on the relevant portions of B (Kneser and
Steinbiss, 1993).

Mixture SLMs linearly interpolate these K
n-grams in such a way that the resulting mixture
best matches the adaptation data A. This is close in
spirit to the original mixture approach used in
acoustic modeling (see e.g., Bellegarda and
Nahamoo, 1990). The SLM probability is ob-
tained as

K
Pr(wylhy) = Aus Prag(wylhy). (17)
k=1

where Prp, refers to the kth pre-defined topic sub-
model, and the notation A, for the interpolation
coefficients reflects the fact that they are estimated
on A, typically using maximum likelihood as
mentioned previously. Since the parameters A,
can be reliably estimated using only a compara-
tively small amount of data, this approach enables
a better estimation of the overall probability. In
essence, mixture models provide the framework
necessary to extend the dynamic cache memory
technique to the general case n > 1.

There are many variations on this basic con-
cept, depending on how the topic clusters are
formed, and how the interpolation coefficients 7,4
are estimated (cf. e.g., Adda et al., 1999; Donnelly
et al., 1999; Seymore and Rosenfeld, 1997). For
example, the interpolation can be performed at the
sentence rather than the word level (Iyer et al.,
1994). Adaptive mixtures have also been used in
addition to the original cache framework (Clark-
son and Robinson, 1997). For an insightful review
of mixture and cache language models (see Iyer
and Ostendorf, 1999).

5.2. Practical considerations

It turns out that, in actual usage, the mixture
SLM (17) is less practical than a single SLM, in
part because it complicates smoothing (Adda
et al., 1999). To address that issue, it is possible to
simply merge the n-gram counts from the mixture
model and train a single SLM on these counts.
When some pre-defined topics are more appro-
priate than others for the recognition task at hand,
the n-gram counts can be empirically weighted
using some held-out data. While this can be ef-
fective, it has to be done by trial and error and
cannot be easily optimized (Adda et al., 1999).

Another approach is to merge the different
SLM components of the SLM mixture to create a
single SLM for use in the decoder. In this solution,
there are as many n-grams in the resulting SLM as
there are distinct n-grams in the individual topic
SLMs trained on the separate portions of B. In
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addition, the single merged SLM is amenable to
proper optimization and smoothing. Experimental
results did not show any difference between the
original SLM mixture implementation and the
SLM mixture merging alternative (Adda et al.,
1999).

While these solutions address implementation
efficiency, the biggest drawback of the adaptive
mixture approach is the inherent fragmentation of
the training data which occurs when partitioning
the corpus B into different topics. This has sparked
interest in a different way to exploit topic infor-
mation.

5.3. Explicit topic models

Mixture modeling includes topic information
rather indirectly, by way of the individual topic
SLMs comprising the overall background model.
Another solution is to express the topic contribu-
tion more directly. Consider the language model
probability (cf. Gildea and Hoffman, 1999; Sch-
wartz et al., 1997):

K

Pr(wy|hy) = Z Pr(wy|t) Pr(zhy), (18)

k=1

where #; is one of the K topics above. This ap-
proach is less restrictive than topic mixtures, since
there is no assumption that each history belongs to
exactly one topic cluster. The probabilistic inter-
pretation of topic information, however, typically
requires a conditional independence assumption
on the words and the topics present in the training
data (Hofmann, 1999a; Hofmann, 1999b). In ad-
dition, it is clear that (19) does not capture the
local structure of the language, so it must be
combined with the standard n-gram in some way
(see, for example Martin et al., 1997).

Setting aside these issues, the language model
probability now comprises two components: a
topic n-gram—Pr(#|h,)—and a topic assignment —
Pr(w,|t). The topic n-gram is assumed to remain
unaffected by new material, and is therefore taken
from the background SLM, ie., Pr(flh,) =
Prg(ty|h,). The topic assignment, on the other
hand, is adapted as

Pr(w,|t;) = (1 — 2)Pry(w,|t) + APrg(w,|te), (19)

where /4 is estimated in the same manner as before.
Note the similarity with class-based adaptation
(7). The main uncertainty in this approach is the
granularity required in the topic clustering proce-
dure (Kneser and Peters, 1997). On the other hand,
it has the advantage of avoiding fragmentation, as
only one background model needs to be trained.

6. Semantic knowledge

Approaches taking advantage of semantic
knowledge purport to exploit not just topic in-
formation as above, but the entire semantic fabric
of the corpus 4, so they usually involve a finer level
of granularity and/or some sort of dimensionality
reduction.

6.1. Triggers

With explicit topic modeling, since the back-
ground data is not fragmented, it is possible to
increase the level of granularity without causing
estimation difficulties. In the limit, one can envi-
sion each “topic” to be reduced to as little as a
particularly judicious word pair. This would be the
case, for example, of the pair (“interest”, “rate’)
in the banking application mentioned in the In-
troduction. Each such word pair is known as a
word trigger pair (Lau et al., 1993). These triggers
are usually exploited in the framework of expo-
nential models, each relevant pair forming a con-
straint to be satisfied by the adaptive SLM
(Rosenfeld, 1996).

Obviously, depending on the recognition task,
some word pairs are more likely than others to
embody a concept relevant to the application at
hand. In practice, word pairs with high mutual
information are searched for inside a window of
fixed duration. Unfortunately, trigger pair selec-
tion is a complex issue. The central difficulty is that
if wy triggers w,, and w, triggers w;, then w; had
better trigger w;. But this is hard to enforce if
(w1, w3) happens to be a low frequency trigger pair,
because it will most likely be pruned away by the
trigger pair selection algorithm. As a result,
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different pairs display markedly different behavior,
and the potential of low frequency word triggers is
severely limited (Rosenfeld, 1996).

Still, self-triggers have been shown to be par-
ticularly powerful and robust (Lau et al., 1993),
which underscores the desirability of exploiting
correlations between the current word and features
of the large-span history.

6.2. Latent semantic analysis

Recent work has sought to extend the word
trigger concept by using a more systematic
framework to handle the trigger pair selection
(Bellegarda, 1998a,b, 2000a,b; Coccaro and
Jurafsky, 1998). This is based on a paradigm
originally formulated in the context of information
retrieval, called latent semantic analysis (LSA)
(Deerwester et al., 1990). This paradigm relies on
the concept of a document, i.e., a “bag-of-words”
entity forming a semantically homogeneous unit.
LSA reveals meaningful associations in the lan-
guage based on word-document co-occurrences, as
observed in a document collection pertinent to the
current task. The resulting semantic knowledge is
encapsulated in a continuous vector space (LSA
space) of comparatively low dimension, where
all words and documents in the training data
are mapped. This mapping is derived through a
singular value decomposition (SVD) of the co-
occurrence matrix between words and documents.
Thereafter, any new word and/or document is it-
self mapped into a point in the LSA space, and
then compared to other words/documents in the
space using a simple similarity measure (Belle-
garda, 2000D).

This framework is very effective at reducing the
underlying dimensionality of the discourse, and
thus offers promise in tracking semantic changes.
Consider a shift in subject matter. Since pre- and
post-shift sub-corpora are essentially disjoint, the
probabilities of almost all the words in the voca-
bulary are likely to change. Capturing the shift at
the unigram level would therefore require an in-
ordinate number of parameters, essentially pro-
portional to the size of the vocabulary. Yet our
intuition is that only a small fraction of all prob-
ability changes is actually relevant, so the “true”

dimension of the semantic shift is probably much
lower. In that light, encapsulating semantic
knowledge within a relatively small number of
dimensions is quite appealing for adaptation.

In (Bellegarda, 1998b, 2000a), the LSA frame-
work was embedded within the conventional
n-gram formalism, so as to combine the local
constraints provided by n-grams with the global
constraints of LSA. The outcome is an integrated
SLM probability of the form (Bellegarda, 2000b):

Pr(wq|hq)p(wq»ﬁq)

Pr(wq|h,,,izq) = 2 ; )
41 11q

; (20)

where l~zq denotes the global (“bag-of-words’)
document history, p(w,,h,) is a measure of the
correlation between the current word and this
global LSA history (see Bellegarda, 2000b), and
Z(hq,ﬁq) ensures appropriate normalization. The
language model (20) represents, in effect, a modi-
fied n-gram SLM incorporating large-span se-
mantic information derived through LSA. Note
that in most cases l~zq will have a much larger span
than the n-gram history 4, in (2). On the other
hand, #, is unordered.

Taking advantage of (20), adaptation can pro-
ceed separately for the n-gram and the LSA coef-
ficient p(w,,h,). By analogy with topic-based
adaptation, the latter could conceivably be ob-
tained as

Wy hg) = (1= 2)py(wy, hy) + Apg(wy, hy) (21)

with A estimated on 4 in a similar fashion. A more
direct implementation might even be possible if a
suitable framework can be derived for LSA ad-
aptation. For recent progress on this front (see
Bellegarda, 2001).

7. Syntactic infrastructure

Approaches leveraging syntactic knowledge
make the implicit assumption that the background
and recognition tasks share a common grammat-
ical infrastructure, so that grammatical constraints
are largely portable from corpus B to corpus 4.
The background SLM is then used for initial
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syntactic modeling, and the corpus A to re-esti-
mate the associated parameters.

7.1. Structured language models

One way to implement this strategy is to exploit
the structured language model framework (Chelba
and Jelinek, 2000; Jelinek and Chelba, 1999).
Structured language modeling takes into account
the hierarchical nature of natural language by
using syntactic information specifically to deter-
mine equivalence classes on the n-gram history
(Chelba et al., 1997). In this approach, the model
assigns a probability Pr(c,7) to every sentence
o =wy,...,wy and its every possible binary parse
7. The terminals of 7 are the words of ¢ with part-
of-speech tags, as obtained from a suitable parser,
which is typically trained on a domain-specific
treebank. Non-terminal nodes are then annotated
with the headword of the phrase spanned by the
associated parse sub-tree.

Recent efforts have made this framework to
operate efficiently in a left-to-right manner (Jelinek
and Chelba, 1999), through careful optimization
of both chart parsing (Younger, 1967) and search
modules (Chelba and Jelinek, 2000). This leads to
the language model:

—

Pr(w,|h,) = m Z Pr(w,|hy, ;) Pr(hy, m,),
97 {mg}

Nyl

(22)

where £, represents the sentence history so far,
{m,} denotes the set of all possible (partial) parses
up to that point, and Z(h,) ensures appropriate
normalization. Note that in most cases, the span of
h, will slot between the n-gram history h, and the
LSA history /, defined in the previous section.

In practice, since each parse m, gives rise to a
unique headword history, it is expedient to sim-
plify the model by conditioning only on the last
(n — 1) headwords, say p,, as opposed to the entire
partial parse. This reduces the structured SLM to a
standard n-gram with history p,, as opposed to A,.
Of course, this also means that local information is
now lost, so the resulting SLM has to be combined
with the usual n-gram conditioned on 4, (cf.

Chelba and Jelinek, 2000). The final model is given
by

Pr(qujlqv TCq) = Pr(wq|hqqu)v (23)

where the dependency involves both short-span
(words) and larger-span (headwords) histories.

The portability of syntactic structure, as cap-
tured by a structured background model
Prg(w,|hy, p,), was recently studied in (Chelba,
2001). It was found that using a well-trained
structured SLM as background model, and re-es-
timating the parameters using the adaptation
corpus 4, produced better results than training
from scratch a (more unreliable, due to the paucity
of data) structured SLM on 4. This bodes well for
the eventual success of the structured SLM ap-
proach in new domains, where a treebank may not
be available for training purposes. Of course, the
main caveat in structured language modeling re-
mains the reliance on the parser, and particularly
the implicit assumption that the correct parse will
in fact be assigned a high probability. This effec-
tively requires the use of a high-performance, do-
main-independent parser.

7.2. Syntactic triggers

Structured language models such as (23) oper-
ate at the level of the current sentence. Recent
work (Zhang et al., 1999) proposed to extend them
by also exploiting the syntactic structure contained
in previous sentences. In (Zhang et al., 1999), the
effective history is a document, as in LSA, but it is
ordered, as in structured SLMs. The extracted
features are essentially the syntactic counterparts
of the triggers of Section 6.1. Two kinds of trig-
gering events are considered: those based on the
knowledge of the full parse of previous sentences,
and those based on the knowledge of the syntactic/
semantic tags to the left of and in the same sen-
tence as the word being predicted. These events are
then integrated as constraints in an exponential
model (cf. Section 4 and the discussion below).

Although not yet implemented in an adaptation
context, this concept may ultimately provide the
necessary framework to extend the benefits of
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structured language modeling to a span greater
than that of a sentence.

8. Multiple sources

In approaches exploiting multiple knowledge
sources, the corpus 4 is used to extract informa-
tion about different aspects of the mismatch be-
tween training and recognition conditions. It
stands to reason that, if it is helpful to address a
particular type of linguistic mismatch in isolation,
performance should be even better with an inte-
grated approach to SLM adaptation.

8.1. Combination models

A popular way to combine knowledge from
multiple knowledge sources is to use exponential
models (Chen et al., 1998), because the underlying
maximum entropy criterion offers the theoretical
advantage of incorporating an arbitrary number of
features while avoiding fragmentation. In addi-
tion, the features considered in the constraint
specification (13) are not restricted to functions of
frequency count. As alluded to in Sections 6 and 7,
they can include syntactic and semantic informa-
tion as well.

For example, in (Rosenfeld, 1996), trigger pairs
were encoded as features along with conventional
n-grams and distance-2 n-grams. More recently, in
(Wu and Khudanpur, 1999), the following com-
bination was proposed, based on the structured
SLM (23):

Pr(wylhg, ;) = Pr(wylhy, pys 1,), (24)

where ¢, corresponds to topic information ex-
tracted from the available structured SLM history,
h, (ie., the current sentence so far). Suitable
marginal constraints are then derived from the
available data, and the resulting ME solution (14)
is found using the GIS algorithm.

While this approach is elegant and general, it is
not without weaknesses. Avoiding fragmentation
is not the same as guaranteeing a robust estima-
tion. There is a danger in throwing in too many
features, as brute force constraint inclusion tends

to deteriorate performance due to overtraining
effects (Peters and Klakow, 1999). So the bottle-
neck essentially shifts to the selection of useful
features to be included in the modeling. An auto-
matic iterative procedure for selecting features
from a given candidate set is described in (Della
Pietra et al., 1997). However, eliciting appropriate
candidate sets remains the subject of intensive re-
search (Rosenfeld, 2000).

8.2. Whole sentence models

All SLM adaptation techniques mentioned so
far exploit the chain rule (1) to focus on the ad-
aptation of Pr(w,l|h,), i.e., the probability distri-
bution of a single word. It has been argued
(Rosenfeld, 1997) that this may be a significant
hindrance to modeling linguistic supra-structure
such as person and number agreement, semantic
coherence, and even length. After all, integrating
external influences on the current sentence (from
previous sentences, or the general topic) must be
factored into the prediction of every word, which
may cause small biases that could compound.

One way to address these issues is to adopt a
“bag-of-features” approach to each sentence,
where features are arbitrary computable properties
of the entire sentence. This is the case of the whole-
sentence exponential model recently proposed in
(Rosenfeld, 1997; Rosenfeld et al., 2001). Using
again the notation ¢ = wy,...,wy, it can be writ-
ten as

P“’Z(") f[l expUnli(o)}, (25)

Pr(o) =

where Pry(o) is an initial model estimate, Z is a
global constant, and the feature-selecting indicator
functions 7;(g) are conceptually similar to those
discussed in Section 4, but now capture arbitrary
properties of word sequences at the sentence level.
From the discussion of Section 4, it is clear that
(25) can be trivially re-purposed as an adaptation
technique by selecting an initial estimate trained
on the corpus B and specifying feature constraints
using the corpus 4.

Note that in this approach, normalization is
infeasible, since it involves summation over all
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possible sentences. Similarly, it is impossible to
explicitly compute true expectations of features, so
training the model requires the use of sampling
methods, e.g., based on the Monte Carlo Markov
chain framework (Rosenfeld, 1997). On the other
hand, (25) can effortlessly accommodate all kinds
of features, whether parse-based or semantic
(Rosenfeld et al., 2001; Zhu et al., 1999b).

9. Conclusion
9.1. Summary

Language model adaptation refers to the pro-
cess of exploiting specific, albeit limited, knowl-
edge about the recognition task to compensate for
any mismatch between training and recognition.
More generally, an adaptive language model seeks
to maintain an adequate representation of the
domain under changing conditions involving po-
tential variations in vocabulary, syntax, content,
and style. This involves gathering up-to-date in-
formation about the current recognition task,
whether a priori or possibly during the recognition
process itself, and dynamically modifying the lan-
guage model statistics according to this informa-
tion.

The various techniques that have been pro-
posed to carry out the adaptation procedure can
be broadly classified into three major categories.
Where a particular technique falls depends on
whether its underlying philosophy is based on: (i)
model interpolation, (ii) constraint specification,
or (iil) meta-information extraction, the latter re-
ferring to task knowledge which may not be ex-
plicitly observable in the word sequence itself.

Model interpolation approaches derive (sparse)
frequency counts from the adaptation corpus and
fold them into a well trained, but possibly less
relevant, SLM from the background corpus.
Constraint-based methods select promising mar-
ginal constraints and other properties of the do-
main that the background SLM should satisfy,
typically within a maximum entropy framework.
Techniques exploiting meta-information rely on a
variety of knowledge sources to appropriately
update the semantic and/or syntactic characteris-

tics of the background SLM. These include dis-
course topic, semantic links, syntactic structure,
and a combination thereof.

9.2. Perspectives

The present overview has attempted to show
that a collection of seemingly disparate (and his-
torically unrelated) approaches could be inter-
preted, in light of the general adaptation
framework illustrated in Fig. 1, as addressing dif-
ferent (but ultimately deeply intertwined) aspects
of the general adaptation problem. Given this ra-
ther eclectic inventory of techniques, however, it is
legitimate to ask where the field is headed. Argu-
ably, SLM adaptation has made substantial pro-
gress over the past decade, but the proverbial
order of magnitude breakthrough remains elusive.
What seems to be the most promising way to reach
it?

This question opens up a new perspective on the
directions discussed in Sections 5-7. While they
each follow a different path, their common thread
is to exploit information, be it syntactic structure
or semantic fabric, which involves a fairly high
degree of cognition. This is precisely the kind of
knowledge that humans naturally bring to bear
when processing natural language, so it can be
reasonably conjectured to represent a key ingre-
dient for success. In that light, combination tech-
niques discussed in Section 8, whose ultimate goal
is to integrate all available knowledge sources,
appear most likely to harbor a potential break-
through. It is hoped that on-going efforts to
leverage such latent synergies will lead, in the not-
too-distant future, to more polyvalent, multi-
faceted, and effective solutions for language model
adaptation.
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