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ABSTRACT

Modern speech understanding systems merge interdisciplinary technologies from Signal
Processing, Pattern Recognition, Natural Language, and Linguistics into a unified statisti-
cal framework. These systems, which have applications in a wide range of signal process-
ing problems, represent a revolution in Digital Signal Processing (DSP). Once a field
dominated by vector-oriented processors and linear algebra-based mathematics, the cur-
rent generation of DSP-based systems rely on sophisticated statistical models imple-
mented using a complex software paradigm. Such systems are now capable of
understanding continuous speech input for vocabularies of several thousand words in
operational environments. The current generation of deployed systems, based on small
vocabularies of isolated words, will soon be replaced by a new technology offering natural
language access to vast information resources such as the Internet, and provide completely
automated voice interfaces for mundane tasks such as travel planning and directory assis-
tance.

Keywords: Digital Signal Processing, Speech Recognition, Hidden Markov Model, Vit-
erbi Decoding, Natural Language Model, Vocabulary

1. INTRODUCTION

Automatic speech recognition has made significant strides from the days of recognizing
isolated words. Today, state-of-the-art systems are capable of recognizing tens of
thousands of words in complex domains (reduced language sets) such as newspaper
correspondence and travel planning. A major part of this success is due to recent advances
in language modeling and search techniques that support efficient, sub-optimal decoding
over large search spaces. Focusing a recognition system on a particular domain has
resulted in a steady progression from static language models towards more adaptive
models that consist of mixtures of bigrams, trigrams and long-distance n-grams. Similarly,
availability of multiple sources of information about the correct word hypothesis has led to
the advent of efficient multi-pass search strategies. The result is a powerful pattern-
matching paradigm that has applications to a wide range of signal detection problems.
Future research in large vocabulary continuous speech recognition will be directed
towards developing more efficient means of dynamically integrating such information.
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The aim of continuous speech recognition (CSR) is to provide an efficient and accurate
mechanism to automatically transcribe speech into text. As different words are spoken at
different times by different people, a statistical approach to CSR is naturally. If a sequence
of words is spoken anA is the extracted acoustic evidence provided to the recognition
system, then the recognizer should decide in favor of the word atvindpich occurs with
maximum probability givemA. Using Bayes formula, this reduces to maximizing
P(A|W)P(W) The statistical acoustic model providegA|W)and the statistical language

model provide$?(W). In general, Hidden Markov Modéi§HMMs) are used to construct
the acoustic models, while language models are mostly based on Markov processes. From
observed data, the recognizer uses the acoustic models to determine the likeliddod of
a set of word sequences (hypotheses) from the language model and is called a score. The
word sequence (hypothesis) corresponding to the maximum score is one chosen as correct.

The number of word sequences is quite large even for a small vocabulary, and the process
of scoring the hypotheses is computationally demanding. Therefore closed-form solutions
that can be obtained using linear-algebraic methods do not exist. A search paradigm needs
to be employed to select a solution from numerous alternatives based on some criteria.

In this paper, several aspects of speech understanding systems are described including
language modeling and search aspects of CSR. This is followed by a brief discussion of
state-of-the-art systems.

2. STATISTICAL LANGUAGE MODELING

The choice and scope of a language model has significant influence on the performance of
a speech recognition system. A language model provides constraints on the occurrence of
particular words and word sequences. Thus, it plays an important role in determining the
search space and hence the appropriate search strategy for the recognition process.

The problem of language modeling becomes computationally expensive for a large
vocabulary set. The rules of simple formal grammars are inadequate to provide a sufficient
framework for recognition. Real speech is not strictly grammatical and involves awkward
phrasing or abbreviated word-forms. These depend on the context of the conversation or
assume a corresponding knowledge from the listener. A good language model should be
able to incorporate such grammatical constraints, topical dependencies, constraints
imposed by the accent and style of the speaker etc. It should also be compact enough to
allow a reasonably efficient real-time implementation.

A framework is needed to objectively compare different language models to determine
which one is best. Appropriate goodness criterion are discussed next.

2.1. Perplity

Perplexity is an objective measure of language model quality and derives its roots from
information theory. A language source (e.g. a speaker) provides information in speaking a
word by removing the uncertainty about the identity of that word. The greater the
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uncertainty about the next word, more is the information contained in it. Information
conveyed by the occurrence of an event is defined to be the negative logarithm of the
occurrence probability of the event. The average information contained in a word
sequence is called tlemtropyof the sequence.

A language model is viewed as a random sequence (process) of words and therefore has

some entropyH(w). The perplexityof this model is given by = 2HW). The value of
perplexity depends on the data from which the language model is trained as well as on the
test data. Words are treated as abstract symbols which means acoustic similarity between
words is not taken into account. A language model with low perplexity provides some
bounds on the performance of the system, as the recognizer has a correspondingly smaller
number of equiprobable choices to pick from. However for acoustically similar words,
performance of the recognizer suffers irrespective of perplexity. Thus, perplexity is not
necessarily related to accuracy but a good language model should be able to satisfy both of
these criteria.

2.2. Static Language Models

Language models are used by CSR systems to apply various levels of constraints to the
recognizer. A uniform language model, that assigns equal probabilities to all words in the
vocabulary, does not impose a constraint on the recognizer and therefore is not very
useful. It is necessary to determine information about the identity of the currentwyord

given its history, i.e. the word sequeig = (W;_q, Wi, ..., Wj_N)-

In a statistical model, the occurrence probability of the word sequéficeorresponding
to the most previousl words is used to predict the probability of the current waydA

language model that uses this approach is calldd-gram model. Experience has shown
that a value oN greater than 3 is not practical for implementation except on extremely
small vocabularies and therefore it is typically limited to 2 (bigram model) or 3 (trigram
model). A trigram is better than a bigram model in terms of both accuracy and perplexity
since it carries more information.

TheN-gram model is simple yet powerfulHowever it is also static in the sense that the
model and parameters are established via training data prior to system operation. Since it
uses only the immediate word history and does not depend on or vary with the data being
observed, it is not capable of adapting to the style or topic of the input text and cannot
exploit these to enhance the probabilities of related words while suppressing those of
others. Therefore dynamic models have been explored.

2.3. Dynamic Language Models

An adaptive or dynamic model improves upon the performance of a static trigram model
by changing estimates of word probabilities depending upon the part of the input text
observed so far. This is particularly useful when a model trained on data pertaining to one
domain is used in another domain. Also, if a large language source is envisioned to consist
of small homogeneous chunks or sublanguages (e.g. newspaper articles), then an adaptive
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model trained on the heterogeneous source can exploit the sublanguage structure to
improve performance. Some language models that attempt to capture these long-distance
linguistic phenomena like topic-dependence are the following:

Long-distanceN-grams: These are similar to conventioMibrams except that they
precede the current word pypositions.

Triggers: A trigger paft:’ consists of two word sequences where the occurrence of one
changes the probability estimate of the other. Constructing a trigger model involves
eliminating all pairs of word sequences that are occur with small probability. The effects
of several triggers towards the triggered sequence are combined and the trigger
information is integrated with the static model in a way that preserves the advantages of
both.

A Maximum Entropy (ME) algoritht®is used to train the trigger-based language model.
While the ME approach is intuitively simple, easy to implement to a variety of problems,
and guaranteed to converge to a solution; it suffers from exorbitant memory and
computation requirements and does not have a well-defined rate of convergence.

Cache Models: Once a word (or word sequence) occurs in a document, it is more likely to
occur again. This tendency is particularly true of rare words, but the trend becomes less
evident for more frequently occurring words. Based on this phenomenon, thevastls

(or word sequences) of the document seen so far are stored in a cache. This cache is used

to estimate the dynamic unigram, bigram and trigram probabifitiéd-12and then
incorporated with the static model using interpolation techniques. Caches can also be
formed based on the number of timeshas already appeared in the history and based on

distance, i.e. the last tinvg occurred in the history.

Class Grammars: Instead of words, classes of words are taken as the units of the model.
The probability of word occurrence is determined by the probability of occurrence of that
word class.

Tree-based models: These mod@igenerate a binary decision tree from the training data

to cluster word histories. Each node of the tree is associated with a state of the language
model and each leaf corresponds to a legal word sequence. The tree is constructed using
yes/no questions that reduce the uncertainty of predicting the next word at every node and
thus minimize the average entropy at every leaf. However, these methods are
computationally expensive.

Mixture models: The language model is built as a mixture of several component models,
each of which is trained on thg-gram statistics of a particular topic or broad class of
sentences. The component models can be combined using either dynamic-weight mixtures

at theN-gram level* or static-weight mixtures at the sentence 1&%€f The topics can be
specified by hand, or can be determined automatically using clustering techniques.
Robustness of parameter estimation for mixture components is an important issue since
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each component model is trained only on a part of the available data which corresponds to
a particular topic.

2.4. Other echniques

There are various other techniques of language modeling that have different properties.
For instance, while context-frééand unificatio}® models are more realistic, they are

computationally cumbersome. On the other hand, finite St&fenodels that try to model
all legal sentences in a single network are constraining but they are not as realistic.

After incorporating both the language model and the acoustic model in the recognition
system, data evaluation and the search for the best hypothesis is the next step. This aspect
of CSR is discussed in the following section.

3. SEARCH IN CSR

A decoding strategy is used to find the most likely word sequence given the language and
acoustic models and a spoken utterance. A simple and intuitively obvious search strategy
would be to simply enumerate all possible hypotheses and pick the most likely one.
However, since the number of possible hypotheses grow exponentially with the length of
the word sequence, this enumerative search is practical only for trivial tasks. For more
realistic problems, this unrestricted search algorithm must be restructured so that the

recognizer can find a solution in a finite amount of tfeThe hypothesis generating
process is optimized by merging common partial hypotheses. The search space is reduced
by heuristically pruning away hypotheses with low scores. Applying such transformations

to the problem space causes the system to make suboptimal decisions, though this does not
seem to affect the accuracy of recognition. External knowledge sources are also be
employed to improve search efficiency. Two commonly used search algorithms that
employ the above techniques are the Viterbi algorithm and Stack decoding algorithm.

3.1. Viterbi Search

The recognition system can be treated as a recursive transition network composed of the
states of Hidden Markov Models (HMMSs) in which any state can be reached from any

other. The Viterbi search algoritfifibuilds a breadth-first search tree out of this network
in the following fashion:

1. Theinput utterance is broken into N segments. Fo'rt'fmagment, a list of states
are formed and are denot&{i). These lists are initialized by setting the
probability of the initial state as 1 and the others 0.

2. For each statein S(i) and for each possible transition frag1o some statg’ in
S(i+1), compute the transition probabili§(s’|s). If ' is uninitialized, initialize
it with scoreP(s’|s) and a backpointer ts, else update scorg only if this
transition gives a better score.
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3. Ifi =N backtrack; else go to step 2 with i + 1.

Viterbi search is time-synchronous; i.e. at any stage all partial hypotheses correspond to
the same portion of the utterance and hence can be directly compared. However, a
complete Viterbi search is impractical for even moderate-sized tasks because of the size of

the state space. A Viterbi beam sed?c#-2>2Gs used to reduce the search space.

In a Viterbi beam search strategy, only hypotheses whose likelihoods fall within a fixed
radius of the most likely hypothesis are considered. It is a dynamic programming
technique that exploits the observation that many states in the state lists have zero or near-
zero scores and therefore need not be considered in the final word sequence choice. The
best beam size can be determined empirically or adaptively. The advantage of the dynamic
beam heuristics is that it allows the search to consider many good hypotheses in the
absence of a clearly dominant solution. Conversely, in case of a clear best hypothesis few
others need to be maintained. The main problem with this strategy is that the same state
occurring in different paths needs to be recomputed each time which adds the
computational cost.

Many variations of Viterbi beam search have been proposed to improve its performance.

The state space can be partitioned into subsets that are subject to different beaY widths
If there is more information in the form of a larger number of contextual states a tighter
pruning threshold is applied. A maximum of path scores may be taken when they merge at

word boundaries and a sum when the merging is within a ffotd another modification,
additional pruning is performed at the frame level to evaluate only a few best-scoring

state€8. This pruning is typically done only at the few initial frames as almost 95% of
hypotheses are generated here. In very large vocabulary problems, a tree structured
network in which the states corresponding to common initial phones are shared by

different words can be us&d This uses the fact that the uncertainty about the identity of
the word is much higher at its beginning than at the end and therefore more computation is
required for the initial phones than the latter ones.

3.2. Stack Decoding

Stack decoding searthis a depth-first technique similar to tt#e¢ searcti! in artificial
intelligence. It constructs a search tree from the language model state graph where the
states correspond to abstract states in the language and the branches represent transitions

between these states. The basic stack decoder pa?&&iﬁmn be summarized as:
1. Pop the best partial hypothesis from the stack
2. Apply acoustic and language model fast matches to shortlist the candidate next
word. Fast matches are computationally inexpensive methods for reducing the

number of word extensions which need to be checked by the more accurate but
computationally expensive detailed matches.
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3. Apply acoustic and language model detailed matches to candidate words.

4. Choose the most likely next word and update all hypotheses.

5. Insert surviving new hypotheses into the stack.
The A* stack decoder efficiently combines all information into a single unified one-pass
search, though it suffers from problems of speed, size, accuracy and robustness. However,
several variations use less optimal but simpler initial acoustic and language models to
produce a list of likely hypotheses that are later refined using more detailed and expensive
models. These have been proposed to improve overall performance.

3.3. N-Best Search

The optimalN-best decoding algorith?ﬁ is similar to the Viterbi search. However, while
Viterbi decoding is inherently 1-bes¥-best search finds all hypothesis sequences within
the specified beam and keeps track of hypotheses with different histories at each state.
Then onlyN top-scoring hypotheses are allowed to propagate to the next state. This state-
dependent pruning is independent of the global Viterbi beam threshold.

The sources of information on speech used for recognition purposes can be extremely
diverse and are generally associated with different computation and memory costs. A
hypothesis that scores the highest given all these knowledge sources will be an optimal
solution to the recognition problem. But this typically requires an impractically large
search space. It is advantageous to use a strategy in which the most efficient knowledge
sources are used first to generate a list ofNdpypotheses. These hypotheses can later be
re-evaluated with other, more expensive knowledge sources to arrive at the best
hypothesisN-best search provides an efficient method of integrating different knowledge
sources and makes the search process more modular. The scores from different knowledge

sources can be combined using weights chosen to minimize the recognitiéh error

The N-best paradigm as described above has the problem of being partial towards shorter
hypotheses. In other words, if the single-word recognition-error probability is roughly
independent of sentence position, then a longer sentence will have more errors and
therefore will be pushed down in the rank of correct hypotheses. Thus an Nzt
search will require a very large valueMfo find the correct answer for a long sentence.

A number of modifications have been proposed to overcome this problem and to make N-
best search more accurate and efficient. These modifications allow for some
approximations to generate the list of sentences with much less computation. Such
approximations are justified as long as the correct hypothesis is assured to be in this list.
Even if it does not hold a very high rank in this preliminary list, the correct hypothesis can
be found later by rescoring on other knowledge sources.
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3.4. Lattice N-Best Algorithm

An initial pass of the recognition system is used to build a lattice of word (or phoneme or
syllable, etc.) hypotheses which are searched by subsequent passes to generate the correct
hypothesis. A time-synchronous one-best forward-pass search algorithm is used within
words and at each frame all the theories and their respective scores are stored in a
traceback list. The best score at this frame is sent forward along with a backpointer to the

saved list®. TheN-best sentences are obtained by recursive search through this traceback
list. This algorithm is extremely fast but often underestimates or misses high-scoring
hypotheses.

A progressive searéfi can be used to avoid this problem. Here a lattice of all sentence
hypotheses is maintained instead of evaluating independent sentence hypotheses. This
lattice is treated as a grammar and used to rescore all the hypotheses.

3.5. Word-Dependenh-Best Search

This algorithm differentiates between hypotheses on the basis of the previous word instead
of the whole preceding sequeri€eThe probability for each of the different preceding
words is stored within the word at each state. At the end of the word the score for each
hypothesis and the name of the previous word are recorded. A recursive traceback is used
at the end of the sentence to derive the list of the most likely sentences.

3.6. Forward-Backvard Search

Forward-backward search algorithms use an approximate time-synchronous search in the
forward direction to facilitate a more complex and expensive search in the backward

directior?®-38.:39.40 This generally results in speeding up the search process on the
backward pass as the number of hypotheses to be explored is greatly reduced by the
forward search. A simplified acoustic or language model is used to perform a fast and
efficient forward-pass search in which the scores of all partial hypotheses that fall above a
pruning beamwidth are stored at every state. Then a normal within-word beam search is
performed in the backward direction to generateNHegest hypotheses list. The backward
search scores high on a hypothesis only if there also exists a good forward path leading to
a word-ending at that time.

Since the forward-backward search allows use of different models on the two passes, a
complex model can be used on the backward pass to come up with extremely accurate

resultél. The forward scores, though not exact, are good enough estimates of the word
end scores and can be further modified by normalizing relative to the highest score in each
frame. The time-synchronous nature of both passes allow them to have different
normalized scores without loss of accuracy.

Forward-backward search algorithms have greatly facilitated real-time handling of large-

scale tasks. The backward pass search is fast enough to be performed without any
perceptible delay after the forward search. The forward search can be made more
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approximate and hence efficient as the scores need not be very accurate on the forward
pass.

A variation of the forward-backwartl-best search is a tree-trellis based fast search

aIgorithnf"2 that uses a modified Viterbi beam algorithm in the forward pass anéan

stack decoder search on the backward pass. The partial hypothesis map prepared in the
forward trellis search is used by the backward search to estimate the incomplete portion of
the partial hypothesis.

3.7. Frame-Synchronousitérbi Search

In Frame-Synchronous Viterbi Search (FSVS), the number of hypotheses in the
conventional Viterbi beam search are controlled by limiting the number of models
evaluated at each frame of the input data. This is done by sorting all active hypotheses in
decreasing order of path score and pruning away all but a few top-scoring hypotheses at
the end of every frame. Thus at any level, the total number of hypotheses forwarded to the
next frame is limited.

This pruning of hypotheses is different from the Viterbi beam pruning. While the Viterbi
scores are compared with the pruning threshold only at the top level in the hierarchy, the
FSVS pruning is carried out at all levels. FSVS pruning can be dynamic where the pruning
threshold is decided according to the level and/or in an adaptive fashion. Alternatively, it
can be static, i.e. fixed by some upper limit on the number of possible hypotheses. The
choice of pruning strategy and the value of the threshold (or limit on number of
hypotheses) are specific to the application.

Care must be taken in choosing the threshold for frame-level pruning in order to avoid
over-pruning of hypotheses, because this will stop even potentially correct hypotheses
from advancing and affect the accuracy of recognition.

4. STATE-OF-THE-ART

To date, a number of research groups have implemented various algorithms in an attempt
to address the automatic speech understanding problem. These include groups at Carnegie
Mellon University, BBN, Cambridge University, IBM T. J. Watson Research Center, MIT
Lincoln Labs, SRI International, and Philips Research Laboratories. Most of the systems
developed to date use HMMs along with bigram or trigram language models.

To test these systems, a number of speech databases have been collected on specific
domains. For example, the WSJ domain consists of utterances spoken from articles found
in the Wall-Street Journal. The North American Business (NAB) News domain consists of
any article which involves business or financial news for North American markets. Several

specific databases have been collected for each of these ddm#tfS Conventionally,
word-error rate is the performance measure used to judge system robustness. To date,

word-error rates as low as 8% have been achté&rdd
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Although great strides have been made in the automated speech recognition area, it is well

known that human performance is roughly an order of magnitude Rswarhether the
state-of-the-art machine performance level is robust enough to produce useful speech
based interfaces with machines is still in debate.

5. CONCLUSION

The techniques described here have been incorporated to some extent into most modern-
day large vocabulary systems. Use of such techniques in acoustic and language modeling
have resulted in real-time implementation of systems capable of recognizing over 40,000

words in modest amounts of general purpose hardware'’

However, these advances still fall far short of demands of operational systems. For
example, the same technology performs at a 50% word error rate on conversational speech
collected over the telephone. Even under laboratory conditions, such technology is unable
to handle many conversational speech phenomena (referred to as dysfluencies). For
example, one such common phenomena that is poorly represented in today’s systems is
called false-start (“Please give me, uh, no, just a second, ok, please give me a red one.”)

Future research must be oriented towards exploring alternative language models that
improve performance by providing the recognizer with more specific context, yet
significantly reduce the search space. This may focus on dynamic language models that
accurately incorporate the long-distance effects of word occurrence.
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