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ABSTRACT task. The type of language model to be used is
one of the first things that must be considered
An essential element of any speech recognitiognd this choice has a marked effect on the
system is the language model. A languagepeech recognition system’s performance.
model attempts to identify and make use of thestatistical language models have been heavily
regularities in natural language to better defingavored for some time in much of the speech
language syntax for easier recognition. Ongesearch community because of their savings
major obstacle in speech recognition isin complexity. Statistical language models
variability and uncertainty of message contentderive their parameters directly from the
This, coupled with inherent noise, distortiontraining corpus[11]. A language model must
and losses that occur in speech, emphasize thgoperly model the training corpus and it must
need for a good language model[1]. also utilize a method for handling
) _outliers(words or phrases that occur
Several different types of language modelingnfrequently, possibly never, in the training
techniques exist. This project will concern data). Methods that adjust the model
itself mainly with statistical language parameters to account for outliers by shaping
modeling. Statistical language modeling usegjistributions are called smoothing.
large amounts of text to automatically compute
the model’s parameters. This is called training:rhe Speech recognition pr0b|em is of major
Language models can be compared usingnportance in the development of more
standard measures such as perplexity anthuman” like computers. It is desirable for the
recognition or word error rate. This project computer to understand and act upon vocal
will use perplexity as a benchmark. commands. This desire is derived from the fact
) _ ~ that oral communication is the most common
A good language model will provida priori type of communication among humans and
probabilities for all possible queries that theéiherefore most are highly skilled at
search algorithm may request pertaining to the.ommunicating ideas through speech(5]. Since
learned vocabulary. Hence, the complexity Ofine majority of end users of computers are not
corpus upon which it is trained. make the computer fluent in human language.
If this push toward more “user-friendly”
computing resources is successful, the
46. INTRODUCTION ap.plicat.ions are only a funqt.ion of ones ability
to imagine. Speech recognition has many areas
of commercial applications such as: dictation,

Building a language model for a continuous
computers, automated telephone

speech recognition system is a formidable®€rsonal
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services, and special purpose industryirend toward smaller packages, the keyboard
applications[5]. may be the limiting factor in size. This school
of thought has visions of a totally speech
Current dictation systems are designed tQriven interface.
operate in office settings with head-mounted
noise cancellation microphones. They are als@elephone-based recognition has potential in
speaker dependent as it is expected that orthe areas of banking, credit card application
speaker will be using the system for anand validation, shopping by catalog, and
extended length of time. The two types ofvarious customer service avenues. The main
dictation systems are “unrestricted”, which areproblem with this type of system is the
used for letter writing or newspaper articles,uncertainty of conditions of use such as
and structured systems which are used fohandset and microphone differences, channel
things such as report generation where th@oise, and low signal bandwidth[5].
vocabulary is restricted to a certain type of
report(medical, insurance, etc.). CurrentSome other applications for speech recognition

vocabulary sizes for dictation systems aredre industrial automation and providing
about 40,000 words[5]. necessary interfaces for people with

disabilities. The main reason for success in
More people are exposed to computers novindustry is the marked increase in productivity
than ever and the trend toward silicon is evelin applications in which recognition systems
increasing. To this end the goals of speechhelp or replace human workers[5].
recognition are not only to make computers
more easy for new users but also to make themiable 1 shows the progression of speech
more efficient for old pros. The ideas of recognition over  approximately  two
changing font in mid-keystroke or opening adecades[5]. Some helpful acronyms are: Sl-
file by spoken command appeal to people wh@peaker independent, SD-speaker dependent,
are on computers for the majority of every CSR-continuous speech recognition, and
day[5]. Some people even suggest that with théWR-independent word recognition.

Task Late 70’s Mid 80's Early 90°'s
S| IWR Alphabet 30% 10% 4%
S| CSR Digits 10% 6% 0.4%
SD CSR Query, 1,000 word 2% 0.1%
(perplexity 6)
SI CSR Query, 1,000 word 60% 3%
(perplexity 60)
SD IWR Dictation, 5,000 word 10% 2%
S| CSR Dictation, 5,000 word 5%
S| CSR Dictation, 20,000 word 13%

Table 1: Progress in speech recognition, as expressed by word error rate.
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47. The Statistical Language Model observables, Y, governed by a conditional
distribution, p(Y|W)[2].

Natural language can be viewed as a stochastic
process with each unit of speech(in our casd7.1. N-Gram
words) being a random variable with some
probability density distribution[1]. Given some The n-gram model uses the previous (n-1)
speech signal, S, we would like to form somewords as the only information source to
hypothesis as to what gave rise to thatgenerate the model parameters. N-grams are
particular signal. The front end operateseasy to implement, easy to interface with, and
directly on the signal and maps it to somegood predictors of short term dependencies,
acoustic vector, Y. Providing a measure of theand thus have become the model of choice
probability of the acoustic vector given someamong statistical language models[1].

word sequence is the job of the acoustic
model. We can view n-grams from the approach that

given any state (yww.1), we will proceed to
So, what we would like to know is, given Y, state (Wt 1, Wics0) with probability

what word or word sequence, W, correspond§3(WkJrzlV\,kJrlwk___Wk_(n_3 )[2]. Let's view this

to that particular signal. It is the job of the approach mathematically. The recognizer

language model to provide a set of . ,
probabilities that effectively rank the would like to find some word sequence

hypothesis that it is given(figure 1). That is, the W = W, Wy, ..., Wy
language model will give the probability of

some future word given a history of previous

words that were spoken[3]. that satisfies the argument,

This whole idea of ranking a hypothesis can be
viewed from an information theory standpoint
as well. If we think of an information source
emitting messages, W, from a distribution,
p(W), into a noisy channel, we can view this
channel as a transformation of W into

W _maxW
p(WIY) = Wp( |'Y)

acoustic vector SEARCH

speech signal

Ak A

a priori

hypothesis
yp probability

FRONT END

LANGUAGE
MODEL

Figure 1: Basic speech recognition system overview with component responsibilities.
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or similarly from Baye's rule, Assume the search engine queries the language
model for a certain probability of an n-gram
argmax i i
W = P(W) p(Y| W) occurring. If the _score“that |§ returngd by the
wW language model is not “good” according to the

search engines criteria, or if the n-gram does

. . , . not exist, the search engine can then “back off’
where W is any word string and Y is the Strmgfrom looking for match of length n, to looking

of acoustical observations[17]. The acoustic . :
model provides the probability p(Y|W). It is for a suitable match of length n-1. This method

the job of the language model to provide the can be applie(_j “r!t“ an acceptable score _is
prioriinformation of the training corpus, returned or until unigrams are reached. Th|§ is
p(W), which is given by an ARPA standard language model which
' utilizes the format introduced by Doug Paul.
N : . The algorithm for using this model can be seen

p(W) = |_| P(WE| (Wy, Wo, ..., Wy _ 1), in figure 2.

i=1

The search starts looking for a suitable
47.2. Coverage trigram. If none exists it searches for the
corresponding bigram. If the bigram exists

There is always a trade-off between reliabilitythen the returned probability will be a product

and detail. This is completely dependent on th@f the bigram backoff weight and the
size of the training data. The larger the trainingcondltlonal probability associated with words

acceptable results. A smaller training corpughe aforementioned conditional probability is
will necessitate a smaller choice in N in order'eturned. It is easy to see that backoff models

to be reliably sure that an n-gram will exist. In Provide an  efficient method for increasing
cases where reliability becomes a problem &overage and hence increasing overall
backoff approach can be used by the searcRerformance of the system.

algorithm.
FIND
p(w3 | wl,w2)

trigram does not exist

trigram exists

p(w3 | wl,w2) = p(wl,w2,w3) FIND BIGRAM

bigram does not exist

bigram exists

p(w3| wl,w2) = bo_wt(wl,w2)*p(w3 | w2)

p(w3| wl,w?2)

Figure 2: Trigram example of backoff approach.
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47.3. Smoothing transition and observation matrices fod,

Obtaining reliable estimates of the parameterglnol M, has similar matrices associated with
of probabilistic language models is always ant, the matrices for the “hybrid” model that is
issue.Regardless of the size of the trainingiven by deleted interpolation can be seen
corpus, it is impossible to cover all possiblebelow[4].

words and word sequences that the model will

be queried for ranking. Itis, however, desirable

that the outliers that do not occur in the

training data be accounted for in some manner. A= gA+(1-¢)B,

There are several methods for dealing with this

apparent contradiction and avoiding the

possibility of assigning zero probability to any

words or word sequences. Setting some type of B =¢B +(1-¢)B,

floor for ranking is one solution. In this case,

some probability is assigned to the case where ) ) ) o
an unknown query is made. The rest of theAs is mentioned in [4], c_ieleted interpolation is
model’s distributions are adjusted accordingly."0t generally as straightforward as stated

Another method for resolving this problem is @P0Ve. In practice, the training space is usually
deleted interpolation. partitioned iteratively in an effort to obtain

even better coverage.
Deleted interpolation is a method for L ' o
supplementing training data that is insufficientASide from the intuitive notion that assigning
for the speech recognition application forZ€ro probabilities will result in inferior speech
which it is being used[4]. This method uses'&cognition performance, there are some
both tied and untied models properly weightedMathematical consequences as well. These
to lower the number of parameters and thus thénplications will be discussed in the evaluation
variance of the model’s distributions. It has theS€ction.

effect of insuring that no zero probabilities are
assigned. 48. BUILDING THE MODEL

For a more detailed insight into deletedThe Carnegie Mellon University Statistical
interpolation, let's assume that we have a set ofanguage Modeling(CMU SLM)Toolkit[21]
training sequences, . If we divide  into two Was used to create the language model. Some
subsetsT’  and” . we can train each modeIOf the issues that must be considered when
i ' ] . building a language model are the type of
tied(M, ) and untiedi1,, ), on the two different ¢4rny5 that is available, what size n-gram to
subsets of training data. The next step is to rumuse and what type of standard will the model
recognition experiments on each of theadhere to(i.e. ARPA, LDC,...).

sequences im” , using bo, aM|, .One
of the models will produce a better likelihood 48.1. Formatted Data

score for each case. Le{ be the fraction OtI'here are several types of data formats that are

strings in " for which the tied HMM common in speech research: verbalized
punctuation(VP), some verbalized

erformed better. If and are the state
P A t punctuation(SVP), SGML(ARPA), and text
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are the main ones that are supported by theach specific purpose. The CMU SLM Toolkit

CMU SLM. is a versatile tool that allows the user to build
model or a piece of a model and then

VP consist of transforming symbols to words: customize it for some specific application.

@ ----- > at, + ---—--- > plus, etc. SGML is the

ARPA standard for CSR use. It consists of text 49. EVALUATION

words separated by whitespace and SGML

markers enclosed within angled brackets thatvaluation is arguably the most important part
indicate beginning of article, beginning/end ofof any research project. Without proper
sentence and various other occurrences thatethods and some widely accepted measures,
can be exploited to gain some contextual edget is difficult to benchmark one’s progress.
Finally, text is simply words separated by Evaluation plays an important role for system
whitespace. The text format also supportsjevelopers(to tell if their system is improving),
beginning/end of sentence markers as well afor consumers(to identify which system best
article markers. For the language model thameets their needs) and evaluation also has a

was created, the text format was used. way of focusing research[22]. Proper
evaluation has led to many advances in the
48.2. Text-to-Model field of speech research such as: development

of test corpora, creation of at least four
The method that is used to build the model carperformance workshops, and has resulted in
be seen in Figure 3. The text corpus is taken inthe word error rate decreasing by a factor of
and compiled into basic trigram counts. Fromtwo every two years for six years in a row. One
there a vocabulary is generated. Once thef these afore-mentioned performance
vocabulary is generated, the words in theyorkshops is the ARPA workshop which
vocabulary are mapped to word ID’'s numberedeatures an annual competition evaluation of
1 to V where V is the number of words in the systems on a common test corpus. This
vocabulary. At this point, the final step is takenworkshop has led to rapid algorithm

to create the language model of choice(in thigjevelopment and improvement in speech
case the ARPA Backoff)[21]. research[5].

All of the steps in model generation arein speech recognition, our criterion is
performed using scripts that are written forrecognition accuracy. One direct measurement

TRIGRAM
COUNTS

VOCABULARY

ARPA Backoff
LANGUAGE
MODEL

WORD ID’s

Figure 3: Creation of ARPA Backoff Language Model.
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of this is word error rate. Another measure ofuncertainty[14,15], it should be obvious that
accuracy, which is not quite as direct, isthe highest entropic state occurs when all paths
obtained by measuring the fitness of theleaving the node are equi-probable. It is duly
language model via some accepted norm suchoted that entropy gives a sound measure of
as perplexity. difficulty, but speech researchers have chosen

to use perplexity instead[19].
49.1. Perplexity

It can be seen that if a zero probability were
Perplexity is a measure of the performance of £ver assigned in the model, an infinite
language model. Care must be taken whemerplexity would arise. This illustrates the
discussing perplexity as it depends on theneed for some type of smoothing in order to be
model and the training data. One can only ge€ertain that outliers will be properly modeled.
valid comparisons when all of these factors are low perplexity is not a sufficient condition to
taken into account. In particular, the trainingguarantee a low word error rate[3]. Perplexity,
data must be the same for the perplexity tdhowever, is often used as it is uncommon for a
have any real meaning at all. low perplexity to lead to a high word error rate.

Perplexity can be viewed as the geometricd9.2. Model Specifications
mean of the branch-out factor of the language
model[1]. When viewed from this definition This model uses a vocabulary of 4000 words.
the importance of comparing perplexitieslt is an open vocabulary, which means that
based on the same training corpus becomekere are no assumptions made about the type
obvious. A small training corpus would result of words that it will be queried for(i.e. it
in fewer branches at each node and hencexpects to be tested using words that do not
lower perplexity than that of a larger corpus.occur in the training corpus). This model was
These corpus size issues illustrate the fact thatonstructed using 18411 trigrams and their
perplexity measures only give information for counts.
specific environments. Perplexity taken out of
context has no meaning. The perplexity can bd he unigram part is derived from 17354 words
defined as[4]: which results in 80 distinct counts and a
maximum count of 1049. The bigram
component is based on 11727 distinct bigrams
. with a maximum count of 1049. Only 248
Aw) 1 bigrams are kept as 11479 of them occur 5 or
N ﬁa/vND fewer times and are consequently discarded.
A/ 10 The final component(trigrams) is taken from
16219 distinct trigram counts with the
R maximum count being 107. Of the 16219
whereH(w) is the entropy of the model[16]. trigrams, only 29 were allowed in the model as
16190 of them resulted in counts less than 10
and were excluded.

Q(w) = 2

H(w) = Iogﬁ’SNN —wO
- N 1 1H It can be reasoned from the above data that this

model will serve well as a test model only.

While sparse data is one of the foremost

Since entropy is the measure OfprOblemS in |anguage mOdenng tOday[ZO], this
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model suffers even more severely than mostvorthwhile.
and is intended only as a testbed for small

scale recognition. 51. REFERENCES
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