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ABSTRACT
In our e ort to build a speech{to{speech translation system for spontaneous spoken dialogs we have developed
several methods to improve the language models of the
speech decoder of the system. We attempt to take advantage of natural equivalence word classes, frequently occuring word phrases, and discourse structure. Each of these
methods was tested on spontaneous English, German and
Spanish human{human dialogs.

1. INTRODUCTION
The goal of the JANUS project is multi-lingual machine translation of spontaneously spoken dialogs in
a limited domain: two people scheduling a meeting
with each other. We are currently working with English, German, and Spanish as source languages and
German, English, and Japanese as target languages.
Table 1 shows the size of training and test set for the
English, German and Spanish Spontaneous Scheduling Task databases (ESST, GSST, SSST) used for all
experiments reported in this paper, and the coverage
of the dictionary over the test set. 1
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of spontaneous dialogs is a costly and time consuming process. Therefore, the development of language
models for tasks like Scheduling has to take into account the highly ungrammatical and dis uent nature
of word sequences and the very limited amount of
training data in form of transcripts.
First, we report on how we applied and extended
an automatic word clustering algorithm which naturally nds classes of words optimized for perplexity
reduction. Then, we propose a word phrase bigram
language model to reduce perplexity as well as automatically de ne common word phrases or idioms in a
given task. Finally, we describe an attempt to take
advantage of semantic and discourse knowledge by
dynamically interpolating a set of sublanguage models trained on speci c concepts or speech{acts.

2. CLUSTER BASED LANGUAGE
MODELS
Word class based language models have been suggested in the literature [1, 2, 3, 4]. Instead of estimating the probabilities of word {grams 2 ( i i?1)
a word class based model assigns each word i to
a class ( i ) and estimates probabilities of class grams ( ( i ) ( i?1 )) and class membership distributions ( i ( i )). The number of classes is
typically one to two orders of magnitude smaller than
the number of unique words in a task, thus reducing
the number of free parameters of the language model.
Therefore, word class based models are particularly
useful for training on smaller amounts of data.
The main issue for a word class language model
is how the assignment of words to classes is found.
Parts{of{Speech have been used and lead to perplexity reductions. In a di erent approach, Jelinek [1]
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ESST GSST SSST
# Training Dialogs 136
192
96
# Training Tokens 43 K 44 K 36 K
# Test Dialogs
14
10
10
Coverage
98% 95% 94%

Table 1: Training and Test Set for ESST, GSST and
SSST
Spontaneous speech is challenging to recognize,
because of acoustic and grammaticaldis uencies, which
are frequent especially in spoken human{human dialogs. In addition, the collection and transcription
1 A training token can either be a regular word or a noise
word. Dialogs typically consist of 8{10 utterances, and an utterance of 20{50 tokens. The coverage is the percentage of the
words in the test set that also occur in the training set.
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2 In this paper we consider only bigram probabilities for
simplicity and due to the fact the higher order models typically need more training data than is available for spontaneous
databases.
c ASJ 1994

proposed a method to nd nuclear parts{of{speech
based on a mutual information criterion.
We applied another approach proposed by Kneser [4]
which learns word equivalence classes automatically
to minimize the perplexity of the resulting class bigram model. In a clustering algorithm, the (arbitrary) initial assignment of words to classes is changed
to minimize the perplexity on independent data. A
step in the clustering involves moving one word to
a new cluster and checking the leaving{one{out perplexity [5] as optimization criterion. This criterion
allows training data to be used as independent data
by simulating unseen events.
We extended the method by applying a simulated
annealing technique to prevent the clustering from
relaxing into a local optimum. Instead of moving a
word to a new cluster only if resulting in a decrease of
the leaving{one-out perplexity, we allow an increase
which is determined by the annealing function and
converges to zero with increasing number of iterations.
We generated cluster bigram models on ESST,
GSST, SSST and the ATIS data of November '92.
For all databases, the number of clusters proved to be
a quite robust parameter of the model, with a (very
at) optimum around 150 clusters. Table 2 compares
the perplexities for the word bigram, word trigram
and cluster bigram model.
Word Bigrams
Word Trigram
Cluster Bigrams
Word & Cluster Bigrams

ESST
38
36
39
35

GSST
82
75
84
73

SSST
74
67
73
66

ATIS
20
15
20
19

Table 2: Perplexities of Word{N{Gram and Cluster
Bigram Model
On our Scheduling databases, the linear interpolation of the cluster with the word bigram model reduces perplexity signi cantly compared to the word
bigram model, and only very slightly when compared
to the word trigram model. For the ATIS databases
with an order of magnitude more language model
training data, the cluster model doesn't yield improvements.
Across languages, the clusters represent in part
semantic or syntactic categories such as weekdays,
months, numbers and conjunctions, or expressions
with similar meaning such as to be busy/available
and to express consent/disagreement. This observation inspired applications of the clustering beyond
language modeling to corpus{based learning of translation of spontaneous speech.

3. WORD PHRASE BASED LANGUAGE
MODEL
3.1. MOTIVATION AND APPROACH
Looking at the transcripts we noticed that certain
word phrases are very frequent. For instance in our
English database, the most frequent word sequences
include \I'll see you then", \I'll meet you from", \I'm
out of town", \in the afternoon", \in the morning".
To take advantage of this observation we propose
to build a language model which bundles sequences
of words into frequently occuring phrases. Our approach is to build a bigram model where the tokens
can be both single words and sequences of words. For
instance for the sentence \I'll be out of town", instead of looking at the word bigrams \I'll be", \be
out", \out of" and \of town" one may consider the
bigrams \I'll be" \be out of town".
However, introducing word sequences as additional
dictionary entries will in general increase the sparseness of the training data and thus deteriorate the
quality of the probability estimates for the bigrams.
Therefore, word phrases may not be arbitrarily included in the model. Instead, we suggest to determine
the word sequences automatically in an optimization
algorithm towards reducing test set perplexity.

3.2. THE WORD PHRASE FINDING
ALGORITHM
The structure of the optimization algorithm is very
similar to the algorithm Kneser [4] suggested to automatically cluster words. The basic idea is to improve
the optimization criterion by making local optimizations. After choosing a sequence of words as a word
phrase candidate, we create a language model including the new word phrase and determine its leaving{
one{out perplexity. Word phrase candidates which
don't decrease perplexity are removed from the dictionary of the language model, before the next iteration begins with choosing the next candidate.
The selection of word phrase candidates is crucial to make the algorithm computationally ecient:
with dictionaries in the order of thousands of words
there are already millions of possible word pairs. We
suggest to choose the candidates according to their
mutual information, i.e. we consider the pair of tokens i, j as next candidate to form a word phrase
i j which has maximal mutual information
( i j)
( i) ( j )
among all possible pair of tokens, according to the
current dictionary.
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where is the number of tokens j in the training
set, can be derived similarly to the cluster bigram
model, which is described in detail in [4]. However, to
have a meaningful comparison between the perplexity
of a regular word bigram and a word phrase bigram
model, words within a phrase have to be counted as
separate words when computing perplexity. Therefore, we need to normalize LO by the number of
words
occuring in the training set and use
N

t

dynamically adapts according to current predictions
about the dialog state, extending work by Pieraccini [7] and Ward [8].
We used output of the robust semantic parser
PHOENIX [9] to automaticallylabel di erent parts of
a sentence with frames and slot llers, and to extract
the sequence of top{level slots and the corresponding
sequences of words. A junk slot absorbs all words
which are not covered by the semantic grammar.
Slot
Training Dictionary Perplexity
give-info
15 K
493
34
temporal
8K
393
38
suggest-time
6K
307
33
interject
6K
327
17
junk
20 K
1059
50
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3.3. WORD PHRASE LANGUAGE
MODELS
Table 3 shows perplexities for the word phrase models, their dictionary sizes and how many of the dictionary entries are actually word phrases. Compared
to the word bigram model, the word phrase model
yields modest perplexity reductions.
Perplexity
Dictionary Size
# Word Phrases

ESST
35
1246
121

GSST
78
2052
115

SSST
70
1416
51

ATIS Nov92
18
1863
170

Table 3: Word{Phrase Bigram Model
Frequency of occurrence, mutual information and
perplexity are closely related concepts in the context of word phrase nding. However, looking at the
list of word sequences ordered by frequency of occurrence in the corpus, one notices that the optimization
towards minimal leaving{one{out perplexity doesn't
nd just the most frequent sequences of words, since
there is a complex interaction between lowering perplexity in the immediate context when forming a word
phrase and deteriorating the probability estimates for
bigrams which contain substrings of the word phrase.

4. STATISTICAL DIALOG MODELING
As recent studies [6] show, negotiations between human partners, as in our Scheduling domain, tend to
be highly dis uent, both with respect to non{speech
events and the structure of the utterances. However,
signi cant constraints are embedded in semantics and
discourse. We attempted to take advantage of these
higher{level constraints in a language model which

Table 4: Slot Sublanguages for ESST
Then, we trained word bigram language models
( i+1 i i ) for each slot i (which represents a
semantic concept or speech{act), and a slot bigram
model ( j +1 j ). Table 4 shows the size of the
training text for each slot, the dictionary size and
the test set perplexity for the sublanguage models of
the most frequent slots. As can be seen, there is a
signi cant variation in dictionary size and perplexity.
In the speech decoding process, we adapt the language model dynamically by interpolating the slot{
dependent bigram models according to the current
prediction of the next slot ( i i?1 ). One can
imagine the search for word sequences as a hidden
Markov process with its states being the top{level
slots, representing the current dialog state.
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Word Bigram
Static Interpol.
Dynamic Interpol.
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ESST GSST
38
82
80
201
37
80

Table 5: Perplexities for Slot{Dependent Models
Table 5 compares the perplexities of the dynamic
slot{dependent model with the regular word bigram
model and a model which interpolates the sublanguage models for each slot statically (i.e. each sublanguage model is assigned equal weight). As can
be seen, the slot{dependent model doesn't yield signi cant improvements over the regular word bigram
model. The high perplexity for the static interpolation shows that a good prediction of the next slot is
crucial. However, the slot-dependent model reached a
slot prediction accuracy of only about 55%. Improving the slot prediction by using a slot{trigram model
was not possible due to sparsity of training data on
our still fairly small spontaneous databases.

5. RECOGNITION RESULTS
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Word Bigrams
Cluster Bigrams
Word Phrases
Slot Dependent

ESST GSST
61% 59%
59% 59%
66% 61%
60% 58%

Table 6: Preliminary Word Recognition Accuracies
The results are shown in Table 6. The cluster
model did not improve recognition performance, but
slightly degraded it, despite having reduced the task
perplexity. The word phrase model improved recognition performance for all languages.
In addition, we tested the long range slot dependent model by rescoring lattice output of the recognizer in a A* search decoding pass. However, no improvements in word accuracy could be obtained.
As recent studies show [11, 12], human{human
dialogs are signi cantly more dis uent than human{
machine dialogs. Therefore, our human{human scheduling dialogs are very challenging to recognize, leading to signi cantly lower word accuracies than on
well{known tasks like Wall Street Journal or ATIS.

6. CONCLUSION
We reported on three approaches to improve language
models in spontaneous spoken dialog tasks, across
several languages. A clustering algorithm which naturally nds classes of words reduced the perplexity of
the resulting word class bigram model, but did not
reduce the word error rate when incorporated in the
speech decoder. However, the word classi cations obtained can be used for other problems, e.g. automatically inferring grammars. The proposed word phrase
nding algorithm can de ne common word phrases
or idioms in a given task. The word phrase bigram
language model obtained could both reduce perplexity and improve recognition performance. Extreme
sparsity of training data for most of the sublanguages
may be a reason that the approach to statistical dialog modeling didn't yield major improvements yet.
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