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ABSTRACT
This paper focuses on the learning of multi-word lexical
units, or phrases, and how to model them within the variable n-gram framework. We introduce the notion of contextdependent phrases and suggest an algorithm for unsupervised learning of phrases. Also, we propose an approach
to integrate a phrase grammar and a variable n-gram without the need of explicitly handling multi-word lexical items.
The combined variable n-gram phrase grammar improves
recognition accuracy on the Switchboard corpus over both
the baseline trigram and using a variable n-gram alone.
1. INTRODUCTION
Although words in English are reasonable lexical units for
language modeling, there are many cases that longer lexical units may be more appropriate. Frequently used word
sequences, such as I mean or you know, are so common in
conversational speech that they may be effectively used by
the speaker as a single lexical item. We call these multiword units “phrases”.
There are several ways of treating a multi-word sequence: 1) as context-independent phrases for which the
same sequence is always treated as a phrase in all contexts, such as a lot of; 2) as context-dependent phrases
for which a word sequence is treated as a phrase only in
some particular contexts; and 3) either as word sequences
or as phrase units in the same context non-deterministically,
context dependently or independently. An example of a
context-dependent phrase is in the sentence That’s really
about you know his work, where we can specify that in
all occasions where you know is preceded by about, it is
treated as a phrase. In this paper, we address the problem of phrase selection assuming deterministic but contextdependent phrases. Once the phrases are selected, the extension to the non-deterministic case is straightforward [1].
Learning and modeling multi-word lexical units
(phrases) has been the subject of considerable interest in
recent years. Brown et al. [2] proposed an algorithm for
learning phrases by computing the ratio of the word bigram
probability p(wy jwx ) to the unigram probability p(wy ) and

selecting those pairs which have a high ratio as phrases.
More recent studies that use phrases in language modeling are done on structured domains such as the air traffic control (ATC) [3] or the air travel information system
(ATIS) domains [4], [5]. In some cases, these phrases are
selected by hand and are represented as non-terminals of
hand-written grammar rules [3]. The work reported in [6]
creates phrases based on a set of context-free grammar
(CFG) rules. Then, words or phrases are replaced by CFG
non-terminals and are clustered together. In other cases,
they are automatically learned, such as selecting phrases
that minimize the perplexity in cross-validation [7]. Nondeterministic phrases are reported in [8], but using only
phrase unigrams. Although progress has been made using
phrases in language modeling, almost all the reported work
is done on constrained domains. Furthermore, the notion of
context-dependent phrases has not been looked at.
In this paper, we will focus on the learning of contextdependent phrases and implementation of a phrase grammar
within the variable n-gram framework. In Section 2, we describe the effect of adding a two-word phrase to a bigram
model. In Section 3, we describe the connections between
a phrase grammar and a variable n-gram. Section 4 covers
phrase selection. Experimental results are reported in Section 5, and we conclude in Section 6 with a brief summary
of the key points.
2. EFFECT OF A TWO-WORD PHRASE
Let us consider W = w1 ; w2 ; w3 ; w4 ; w5 , a five-word sequence and denote p() and p^() as the maximum likelihood
bigram probability estimates before and after a contextdependent two-word phrase w3;4 is formed in the context
of w2 by concatenating the words w3 and w4 . p(W ) and
p^(W ) can be expressed as,
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Comparing the above equations, we notice that two
new probability estimates, p^(w5 jw3;4 ) and p^(w3;4 jw2 ) are
needed. Furthermore, any bigram estimates conditioning

on w2 , w3 and w4 , including p(wx jw3 ) and p(wx jw4 ) will
be affected. However, p(w3 jwx ) and p(w4 jwx ) will not be
affected because the phrase w3 ; w4 is defined only in the
context of w2 . To simplify the presentation, we use the maximum likelihood bigram estimation. Use of back-off will be
discussed later; extensions to trigrams are straightforward.
Because the phrase w3;4 is defined only in the context of
w2 , its count (w3;4 ) = (w2 ; w3 ; w4 ). Thus, p^(wx jw3;4 )
can simply be computed by the ratio of counts given by
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When we create the phrase w3;4 , we partition the counts
of w3 and w4 into those that are part of the phrase and those
that are not. The new bigram distribution conditioned on w3
can be written as
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they achieve this are very different. For the variable ngram, the focus is on modeling the distributions given the
history, p(wx jh), by extending or reducing the history h for
the whole distribution. For the phrase model, the focus is
on extending the context for particular words. In a sense,
the phrase grammar is the dual of the variable n-gram. In
the variable n-gram, extending the context affects only one
distribution, but all observations. In the phrase grammar,
creating a phrase affects all conditional distributions of the
word but only a subset of the observations. In this section,
we describe how we implement phrase grammar within the
variable n-gram framework.
3.1. Implementing phrase grammar as a special variable n-gram
Since the phrase grammars and variable n-gram models
both have the effect of extending the context of some distributions, it is advantageous for us to implement the phrase
grammar as a special form of variable n-gram. By representing a phrase grammar as a special variable n-gram, we obtained better back-offs from phrase n-gram to word n-gram.
To achieve this, we need to express all the phrase probabilities p^(w3;4 jw2 ) in terms of simple single word conditional
distributions denoted p~(:jw3 ; w2 ) and p~(:jw2 ). p~(:jw3 ; w2 )
and p~(:jw2 ) must satisfy the following constraints:
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This means that

p~(:jw2 ) = p(:jw2 )

3. COMBINING PHRASE GRAMMAR AND
VARIABLE N-GRAM
The term p^(w5 jw3;4 ) is reminiscent of a variable n-gram
[9, 10]. Therefore, it is interesting to consider the relationship between a variable n-gram and a phrase grammar. Although both extend the context of the sequence, the ways
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4. SELECTING PHRASES
One criteria for selecting phrases is the improvement in likelihood. However, computing the exact likelihood changes
for all possible phrase candidates is expensive. Instead,
within the variable n-gram framework, we can assume that
any effect of phrase grammar that affects only the context
length are captured by the variable n-gram. So, the change
of likelihood can for the phrase w3 ; w4 in the context of w2 ,
denoted as Æl (w3 ; w4 ; w2 ), can be written as,
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In our derivation above, we do not include the back-off
to simplify the equation. In the experiments, we use the
Witten-Bell back-off, because its simple form is easy to
incorporate in the formulas above. For the newly created
distributions that are used to represent the phrase grammar,
we have taken steps to ensure that the final probability after
back-off is equal to the true phrase grammar probability.
4.4. Leave-one-out likelihood

:

(w3 ), which is the ratio of the original counts of w3 to the
new counts, can also be re-written as
^( 3 ) =

=

4.3. Back-off

Suppose we are creating two context-dependent phrases,
w2 ; w3 ; wx and w2 ; w3 ; wy , then we need to compute the
joint and denoted by ^ and ^ . (w2 ; w3 ), which is the
ratio of the new counts of w2 ; w3 to its original count can
be re-written as
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The first three terms of Equation 12 can be computed
easily with the updated and . Unfortunately, they do not
decompose into a sum of contributions from each individual phrase. This implies that selecting the optimal phrases
can be computationally expensive because all combinations
have to be tried. Instead, a greedy algorithm can be used to
select the most promising phrase first.
4.2. Simplifications
We can make further simplification by assuming that the effect on the unigram is small, i.e. (w3 ) = 1. Furthermore,
if we also assume that portion of w3 ; w4 in context is small
comparing to w3 ; w4 not in context, i.e. (w3 ; w4 ; w2 ) = 1,
then, we obtain the following simplified algorithm.

Since building a phrase grammar is implicitly extending
the context and increasing the number of parameters in the
model, training likelihood will increase irrespective of how
bad the phrase is. To compensate for this as well as to use
the same framework as with variable n-gram design [9], we
use the leave-one-out likelihood to evaluate Æl (w3 ; w4 ) [11].
5. EXPERIMENTS AND RESULTS
Large vocabulary speech recognition experiments are conducted using the BBN Byblos system. The acoustic models
used by the Byblos system are trained with 2 million words
and 140 hours of conversational speech from the switchboard corpus. The data is segmented into sentences based
on speaker turns, long pauses and non-speech events such
as laughters and breath noise. The dictionary includes phonetic transcriptions of 26000 unique words, including some
non-speech events (e.g. noise) modeled by a few special
non-speech phones. The conversations are collected from
more than 200 speakers. An acoustic model is trained for
each gender. Each phone is modeled by 5 HMM states.
Each state in the context-independent phone PTM system

Experiment
Baseline 3-gram
Variable 4-gram
Variable n-gram + phrase

Perplexity
118
108
107

WER
39.57
39.40
39.15

bution p(jthose kind) and p(jkind) are similar, but the
phrase grammar picks out that kind of should be modeled
as a phrase. Thus, phrase selection may provide a means of
learning different senses of multiword sequences.
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