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L INTRODUCTION

In the last couple of years, the Hidden Markov Model (HMM) [8].[3].|4].16].|9},|10].111] has
proven o be a popular and effective technique for the implementation of speech recognition systems,
We have developed a system architeciure 1o implement real-time speech recognition using HMM
algorithms with very large vocabularies and statistical grammars. This architecture will run {in real
lime) a class of such HMM-based systems inctuding expanded versions of the BYBLOS system
being developed al Bolt Beranck and Newman, the SPHINX system being developed at Camegie-

Melon University, and an 1MM-based speech recognition system being developed at SRI Interna-
lional,

Machines based on this architcetire can num HMM-speech recognition algosithms thay updets
over 5,000 word-modeis and over FOOK grammar transitions every 10 ms. This computation rate wilt
allow realization of real-time recognition of 10,000- to 20,000-wond vocabutaries using certain types
of bigram and trigram language models (ses the Appendix), and is one or two orders of magnimude
better than what is achievable with dedicated state-pf-the-art general-purpose processors. The archi-
lecture meers these ambilious specifications because it uses special-purpose daia paths in conjunction
with paralielistn and pipelining in the processor designs,

We are currently implementing the first prototype of this architecture. As it is being imple-
menled with 2 5Mhz cycle lime and a non-pruned recognition search (o expedite the design and

implcmentation process) it will be tapable of recognizing continuous speech with a 3000 word voca-
bulary and a bigram language model.

After an overview of some aliemative approaches, an overal! view on the speech recognition
archileciure witl be given. The paper will then expand in more detail on the archilectural issues,
involved in the realization of the application specific hardware. An overview of the speech model will
be given in an appendix,

2. OTHER APPROACHES

‘There are several examples of real-lime speech-recognition systems that have recently been
developed.  Although thesc sysiems represent significant advances, there is still much wom for
further advancement (and therefore a need for the kind of architectures proposed here that can cope
with computationally more advanced systems as they evolve).

A 20,000-word speaker-dependent isolated-word recognition system has been put together at
IBM [1]. N runs in reat time with the aid of some specially designed hardware based on programm-
able digitat signai processors. This System uses a sophisiicated trigram grammar to improve recogni-
tion resulis by emphasizing likely three-word sequences. One imporant constraint that enables this
hardware 10 recognize such a large vocabulary using & sophisticatcd grammar is that it'is restricted 1o
isolated-word speech. Isplated-word speech allows grammar processing 10 be done only once per
word {aboul once a second) instead of once per spectral sample (about 100 times per second),
Because the grammar-processing requirement for trigram grammars can be a large percentage of the
syslem’s tolal computational load for continuous-speech recognition, isofated speech represents a
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significant simplification. Tsolated speech also slgnificantly reduces the number of word r':andi‘dalcs to
choose among in a given position, because words cannot ovetdap each other pruning is more
effective. Due to these differences between isolated and continuous speech. the IBM hardware
approach would have difficully with a continuous-speech recogmition system,

Camegie Melion University has constructed special hardware for 1000-word continuous-speech
recognition based on several parallel microprocessors and digital signal processors. This hardware
approaches real-time performance when the Sysiem uses a constraining bigram grammar, The CMU
system can process in real time approximately 8,000 candidates {in this case, states in a HMM
speech-recognition system) per 10-ms frame, This may be sufficient for a 1000-word vocabulary
using a simple bigram grammar, but with a 20,000-word vocabulary (or a mere complex, trigram
gramunar), as many as 100,000 to 300,000 such candidates might have to be processed per frame.
Thus, a technology based on peneral-purpose processors may require large amounts of replication 1o
run this task.

3. SYSTEM ARCHITECTURE

3.5 Overall Properies

The very high computation rates needed for recognition of continuous speech with fexible syn-
tax can be achieved through the use of application-specific hardware, and, when appropriate, the
design of speclal-purpose integraied circuits,

We have designed a new architecture that can achieve real-time performance for the kind of
" computationally demanding speech recognition algorithms described the Appendix. This architecture
has the following specifications:

*  Continuous-speech

*  Large vocabulary (3.000 words in the initial prototype, 10,000 to 20,000 words in future ver-
sions with pruning and 10Mhz cycle times).

¢  Hidden-Markov-model recognition algorithm

. (:Ip 10 four parallel discrete output densities

L) Probabiiistic finite-state syntactic constraints

*  Breadth-first pruned recognition search (This will not be implemented in the first version of the

system),
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significant simplification. Tsolated speech also significantly reduces the number of word candidates to
choose among in a given position, because words cannot overlap each other pruning is more
effective. Due to these differences between isofated and contimuous speech, the IBM hardware
approach would have difficulty with a continuous-speech recognition system.

Camegie Mellon University has constructed special hardware for 1000-word continuous-speech
fecognition based on several parallel microprocessors and digital signal processors. This hardware
appioaches real-time performance when the system uses a constraining bigram grammmar. The CMU
system can process in real fime approximately 8,000 candidates (in this case, states in a HMM
speech-recogmition system) per 10-ms frame, This may be sufficlent for & 1000-word vocabulery
using & simple bigram grammar, but with g 20,000-word vocabulary (or a more complex, trigram
grammar), as many as 100,000 1o 300,000 such candidates might have to be processed per frame,
Thus, a techinolopgy based on general-purpose processors may require large amounts of replication to
run this task.

3. SYSTEM ARCHITECTURE

34 Overall Properies

The very high computation rates needed for recognition of continuons speech with flexible syn-
tax cant be achleved through the use of application-specific hardware, and, when appropriate, the
design of special-purpose integrated circuits.

We have designed a new architecture that can achieve real-time performance for the kind of
computationally demanding speech recognition algorithms described the Appendix. This architecture
has the following specifications:

*  Continuous-speech

*  Large vocabulary (3,000 words in the initial prototype, 10,000 to 20,000 words in future vers
sions with pruning and 10Mhz cycle times).

¢  Hidden-Markov-model recognition algorithm

*  Up o four paralle} discrete output densities

*  Probabilistic finite-state syntactic constraints

¢ Breadih-first pruned recognition scarch (This will not be implemented in the first version of the
system). '

Figure 1: Overalt Systems Architecture
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These specifications were chosen because they apply 10 several relatively stable research
specch-recognition systems [3), [6). and [9]; with some modification. they wouldd apply a8 well 1n
several others: |12], [10).

The overall system architecture is shown in Figure 1. The major processing is achieved with
three separate modules and is controlled by a microcompuler:

¢ The front-end module samples the speech and extracts basic features.

*+  The word-processor module performs a Viterbi search and finds the prebabilitics that certain
words in the vocahulary match certain features extracted by Ihe frant end,

*  The grammar module controls the word processor by telling it what words 1o process next
based on symiactic constraints. In initial system versions without pruning, it simply teifs the
word processor what the probability is that each word in the vocabulary will begin al the
current time frame,

The rationale for panitioning the system in this way is both logical and compulational. Logi-
cally, future changes in one module need not affect another. For instance, new types of gramimars
nreed not affect the design of the word processor, Computalionally, the system is panitioned to meet
the different processing needs of the different modules. For instance, the front-gnd processing 1§
efficlently done with a fow digital signal processor 1Cs (Hke the Texas Instruments TMS320 family
[7]). The grammar-processing algorithms require many simple computatons that can be implemented
efficiently with a se1 of simple special-purpose integrated circuits that operate in paraliel. The word-
processor algorithms require access to a large amount of memory at a high rate and cannot be imple-
mented by parallel processors as efficiently (unless several large memories are replicated); it is more
effectively implemented with a more complex pipelined architecture that has several memory inputs
operating concurrently.

3.2. Capabilities of this Architecture

With the above architecture, we expect o implement a speech-recognition system that is far
beyond today's real-time capabilities. The reason is the special-purpose design, which allows the
processors to achieve the specifications noted below:

. Word Processor Raw Speed—The inner loop of the recognition rontine {£gs. (A3) and (A4) in
the Appendix) is performed every clock cycle (5,000,000 times per second, using our initial
SMhz memory access rates).

. Grammar Processor Raw Speed—One grammatical transition [the inner loop of the MAX func-
tion for Eqs. (A9) and (A10)] is also processed every clock cycle. This rate increases linearly
with the clock rate and number of grammar processors used. in the first version we will use 4
PIOCEsSors,

The above specifications have the following practical implications. For our initial system with
5Mhz memory access rates and no hypothesis pruning, and 2ssuming a typical word has 18 states, !
then Egs. (A3) and (A4) would be run 18 times for each word; hence, 50,000/18 = 2777 active
words can be searched in 10 ms. ‘This is the possible real-time vocabulary size for unpruned 5Mhz
systems. When we incorporate pruning and a 10Mhz clock, then about 5,500 hypotheses can be
searched. Then, because not all words in the vocabulary will be active at the same time (because of
the hypothesis-pruning algorithmn), the actual vocabulary size can be much larger than the number of
active words. A single grammar module can process 100,000 grammar transitions for each (paralicl)
grammar processor that is used (at 10Mhz). Asseming 5,500 active words, an average of 18 next-
word hypotheses could thus be processed in real time with a single processor system., or abowt 72
next-words per hypothesis for the expected four-processor system, We expect these rates to be
appropriate for a speech-recognition system with a vocabulary of 20,000 words using a type of
bigram and possibly trigram grammars.

! Using the BYBLOS {3] speech-recognition system as an ple, 18 statcs translates 1o three states
per ph timeés six pt per word, which is a rensonable approximation for large vocabularies.
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33. Detailed Description of the Modules

The first-generation system, configured as shown in Figure 1, is organized around a control
microcomputer that communicales with the cutside world through an Ethemnet, accepts speech
featres from the front-end board, and communicates with the speech-recognition system (which
incorporates the word processor and the grammar Processors),

. The microcomputer board consists of a 68020 microprocessor with memory, control logic and
logic for an Ethemet interface. A number of slave units are organized around this processor, com-
municating with it over the VME bus. The following chapters describe in detail the fonctionality and
the architectre of the front-¢nd and speech recognition sub-systems,

33.1. Front-End Processing

The front-end hoard, which is being designed at U.C. Berkeley comprises A/D and D/A con-
verers, control logie, and two TMS$32025 digital signal processors {7]. It performs the cepsiral
analysis on the incoming speech (after A/D conversion) followed by a vector quantization. The result-

ing data stream (800 bits/sec) forms the input to the HMM-reco zer, which is impl d
another set of boards, P gul plemented on

3.3.2. Processing at the Word Level
Reguirements

The architecture described in this section is capable of performing the Viterbi Algorithm [13] in
real time to find the single best state sequence in the HMM word graph. Equation (1) formulates the
inner 1oop of the Viterbi Algorithm:

P = max, [p,_ta ) a,-,-] X b(0,) m

In onder to update the probability of a given state / at time ¢ the probabilities of the predecessor
states of J, P,_y({), computed at time r—1, have 1o be multiplied with their individual transition pro-
babilities a;; to state . The maximum of these values then Is muliiplied with the output probability
b;{0,), which is the probability that state } matches the cbservation @ at time ¢ (Figure 2). If ¢t is
the number of predecessors for state J. this equation. which has 10 be performed for every state in
every limeframe, involves o + 1 multiplications and one maximum operation. Representing the pro-
babilities as logarithmic quantities transforms multiplications into additions, which results in a sub-
stantial hardware saving.

states slales states states

%] t
Figure 2; Viterhi Algorithm  Figuee 3: Viterbi Algorithm for Left-To-Right HMMs
Looking at the number of operations which have to be performed it is obvious that a cusiom

implementation with multiple parallel units is necessary. In this way, it becomes feasible to update
On¢ state (or one evaluation of eqn (1) ) per processor cycle.
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The major bottleneck however is the amount of data needed 1o perform (1. In oxder 1o deter-
mine a predecessor for a given state a topology memory describing the graphs of all the given Mar-
cov Models has to be read. Then P,_;(i) and @;; have to be accessed so that the probability of one
possible transition of the ideal path can be compuled. To finally compute Pi(j} the output probability
£;(0yy must be read and the tesult writien to memory. Accumnnlating alf the dala needed and consid-
ering the real time aspect, the resulting bitrate is 61x10° Bits per 0msec or 6x10° bits per second.
However, the bandwidth between memory and a single chip is limited by the number of pins per chip
(< 257) and the speed of the data transfer. To keep up with the data rate described above using high
density DRAMs (cycle time = 200nsec) 1200 datapins would be required. Using fast (and expen-
sive) static RAMS is not 2 reasonable solution to this bandwidth problem since the emount of
memory required 1o store the word models and the intermediate results is large (3.5 MBytes),

Besides these algorithmic specific reguirements, it s desirable to putsue the following architec-
tural features, which may help 10 simplify the implemenation in 2 drastic way,

*  If possible, memory accesses should be erganized sequentially. This avoids the use of expensive
address arithmetic and simplifies the DRAM memory refreshing process.

*  Control flow should be kept straightforward: In order to obtain the required arithmetic
throughput, a heavy use has 1o be made of deep pipelining. This makes the usage of conditional
operations much harder and less efficient.

Architecture

The architecture of the sub-system working on the word level is based on the fact that the word
models are lefi-to-right Hidden Markov models. That means that the word graph is always traversed
from left to right (as shown in Figure 3), so that the predecessors of a given state are situated to the
left of that state. The number of possible predecessors is thus reduced to a very small number com-
pared 1o the mimbier of states. The adopted word model has the restriction that a state J must never
have predecessors that are more than 16 states behind (or Ieft of) j. If the word processor has the
capability to store 16 successive predecessor probabilities on chip, then all the predecessor probabili-
ties necessary to compute (1) are readily available. In the word processor implementation, the prede-
cessor probabilities P;_y(f) are sequentially transferred from extemal memory into an on-chip buffer.
This read operation is synchronized with the evalvation of (1) is such z way that P,(f) is being
computed, while P,_y(i) is being read. This technique makes it possible to parallelize the computa-
tion of the inner loop of (1),

Py e, | &)

on one single chip without increasing chip ifo for reading the different predecessor probabilities
Pra)

Since most states in the Models don’t have more than three predecessors, three identical con-
current data paths have been provided (Figure 4). The data paths are heavily pipelined (11 stages) in
order to achieve the necessary arithmetic throughput. Each data path reads the predecessor probabili-
ties from a private copy of the on chip mestory so that memory contention is avoided. To increase
the throughput, these buffers are designed such that 2 read and a write operation can be performed
within one clock cycle. Reading the extemal memory as well as writing these bidirectional memories
{modulo 16) is done in a sequential fashion thereby overwriting the probability of the state which is
16 locations left of the current state. The (random) read eddresses to access the different P,_;(i)'s
are generated from offsets relative to the corrent write address.

The above architecture makes it possible to use one single chip to evaluate the Viterbi equation
(1) in real time at a rate of one state/cycle. All the memories in the system involved in solving this
equation arc sequentially addressed and share one single address bus. If the number of predecessors
for a particular state cxceeds three, more processor cycles are needed to update the state. However,
the memory describing the Markov Models is organized in such a way that the counter generating the
memory addresses is not interrupted. ‘This simplifies the control of the word processor and the entire
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subsystem by avoiding conditional branches. The word processor acts as a slave device of the gram-
mar processor, which will be described next.
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Figure 4 Word Processor Architecture

3.3.3. Processing af the Grammer Level

The major task of the grammar processor is 1o evaluate once per time frame the grammar node
probabilities of all the words in the grammar. In addition, for each word a pointer has w be stored,
defining the most probable path leading to that particular word at that point in fime. At the end of
the sentence, those pointers will be used to reconstruct the optimal word sequence (back wacing).

This task requires the following operations in the grammar processor :

e Sequentially fire up every word in the grammar with the input grammar node probability,
derived during the previous time frame. The word and its probability are passed lo the word proces-
sor for evaluation of the intemnal state. Eventually, it is possible to reduce the computational com-
plexity by pruning words with a probability lower than a certain threshold. This feature is however
not implemented in the cusrent system,

= Determine the input grammar node probabilities for all the words, based on the output gram-
mar node probabilities returned by the word processor. In contrast to the structure of the word model,
the grammar modet does not form a left-right graph, since every word can (in principle) follow every
other word. Instead of using the predecessor technique of the word processor, we have adopted a
successor based evaluation of the grammar graph (Figure 5). For each word i retumed from the
word processor with output grammar node probaility PGO, the input grammar node probability PGI
of the successor words j can be updated using (3)

PGl () = max{PGO, (i) X ¢ PGl {(j) 3)

(1]
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where ¢;; represents the Lransition probability from word i te word j. Once again, muitiplications can
be replaced by additions by using a logarithmic number representation. The successor nodes are

stored in the order of descending transition probability, so that part of evaluaton can be pruncd when
the result of (3) drops below a variable threshold.

* A statistical grammar requites a complete praph, where every node connects © every other
nede, but this would require excessive siorage. Therelore we have adopted a simplified model (called
the e-model) for arcs with low probabilities. In this model, the low probabilities ¢y; are approximated
by 2 simplified probability €5, (with ey =g;xe;). This rereduces the storage requirements (for 2 |
vocabulary of slze N) from N*N to 2N, K is the task of the grammar processor to evaluate thase -
probabilitles and to update the input grammar node probahbllitics when that computed e-probahHily
becomes dominant, The ameunt of computation involved here is only minor and does not require any
special architectural cptimization.
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Figure 5: Grammar Graph Evaluation

The bottleneck of the grammar processor is clearly located in the evalualion of equation (3). For

a system with 3000 words with an average of 100 successors per word, 300.000 evaluations are

required in a worse case scenario. A custom processor, requiring ! clock cycle per evaluation, could

handte only 50,000 evaluations (for a clock frequency of 5 Mhz). Therefore, parallel processing is a

necessity. The paritioning of the task over a set of parallel processors is however not straightfor-
PG LI
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Figure 6: Memory Partitioning
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ward. In fact, all those processors have to read and wilte from the PGI,,; memory, so that contention
with its necessary slow down cainot be avoided. One possibility is to provide multipie copies of that
memory and to combine the information from the different memories upon transmoission in the next
framie, Due to the read-write requirement of equation (3), fast static memories with 25 nsec access
time have to be used for the PGl-memory. Replication of that memory is therefore expensive. A
better solution is to partition the memory into different sections and have one processor supporting
each section (Figure 6). A word, retuned from the word processor is passed to the different con-
current processors afier which each processor picks only those successors, which are part of its own
memory space. In order 1o balance the Toad between the different processors, buffering FIFD's have
been provided between the word-processor and ihe concurent grammar processers, A fotal view on
fhe grammar processor is given In Figure 7. The concyment processors have been designed in such &
fashion that an arbittary humber of processors can be used. In this way, this design can easily be
extended to system with farger grammars,
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Figure 7: Architecture of the Grammar Processor

4. CONCLUSIONS

A large vocabulary real time continuous speech recognition system has been described. Tt has
been shown that the largest botteneck in such a system is located in the access of the memories, The
presented architecture exploits a variety of techniques, such as partitioning and replication in order to
cope with this memory bottleneck. The tequired throughput is achieved with the aid of extensive
pipelining (up io eleven levels deep) and concurrency. The architecture allows for the extension to
larger vocabularies by just adding more parallel units. Pin count considerations have resulied in the
definition of five custom integrated circuits, which are cumrently under development.
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Appendix

SPEECH-RECOGNITION ALGORITHMS

‘This appendix is provided as a bref description of the basic speech-recognition approach we
plan to use on this project, namely, hidden Matkov model recognition algorithms vsed in conjunction
with finite-state statistical grammars, These algorithms were chosen because they seem W underlic
the mosi successful speech-recognition systems 1o date, and show continued promise for Improve-
ment, TBM has demonstrated & 20,000-word speaker-dependemt isolated-gpeech recognilion system
based on this wechnology {1); BBN has demonstrated a system with high performance on a 1000-
word continuous-speech speaker-dependent task [3}, and CMU and SRI have demonstrated sysiems
with good performance on speaker-independent continuous-word tasks: [6] and [9).

Hidden Markgv Mode} Speech-Recognition Algorithms

In Hidden Mastkov Model (HMM) speech-recognition systems, speech is modeled as being gen-
erated by a Hidden Markov process; i.e., a process that has a finite number of states, state-10-state
transition probabilities that depend only on the two states, and a probability density function for out-
putting some speech component Because speech can be modeled as a sequence of features, the out-
put speech component is a feature or a vector of feares generated according to the state-dependent
probability density function.

One approach to appiying hidden Markov medeling to continuous-speech recognition systems is
shown below: We first collect models M; comresponding to each word in the recognition vocabulary
V. A composite model M comprising all M; that could generate any sequence of wonds in V is
created by adding transitions from each model's final states to each model’s initial states. Now,
given an output sequence O of speech features, the word sequence corresponding to the state
sequence § in M that maximizes P (0 .S IM) is recognized as the most likely sequence of words 10
generate 0 and would be the recognized sentence.

The foltowing technique can be used to find the state sequence that maximizes P (0,5 IM). Let
M(x.A B) be a (composite) Markov model with %(s) being the initial state probability distribution,
A(s,1) being the probability that state s transitions 1o state ¢, B, (o) being the probability that state s
outputs o, O = {0;} being a sequence of N outputs, and S = (5;] being a sequence of N states.
The probability of the staie sequence and the outputs given the mode! is

N
POSIM) =161 Boon) - T [AGsi00 - Byten]. @an
imd

Let us define P(0;,s IM) as the probability of the most probable state sequence that ends with state
s and generates the { outputs O; = (0102, ~ 0;}. Let B(0;s M) be the corresponding state
sequence. We will use these to find the most Iikely sequence for generating the whole output
sequence by means of dynamic programming. Noie that ’

P (05 'M)=mn(s)- B,{oy) ., (A2)
P05 1M) = B, (0;) - MAX [P(O;_,pIM)-A(pJ)] . (A3)
P
and
PO s IM)=F(O, 1 pIM)ss (A4)

where the p in Eq. (A4) is the state p that maximizes Eq. (A3), and « is the concatenation operator.,
Given these equations, P (0;,5 M) can be computed for all states for Oy, then all states for O,

and so on untit probabilities for all states for Oy are computed. Then the final state § that maxim-

izes MAX P(Oy.s IM) is solved for and F(ON.; M) is the most likely state sequence whose proba-
x
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bility is P{Oy S 1M).

Finite-State Grammatical Constraints

The preceding section describes a continuous-speech recognilion system configured by allowing
all words to follow each other. ‘The problem can be constrained more—thereby improving recogni-
tion performance—by only allowing seasible word sequences. Two approaches to achieving this goal
use finite-state networks. The first approach using finite-state network to constrain the problem is to
connect the word madels of Section 1 of this appendix according to a finite-state grammar {31, This
approach is shown in Figure A-1, where the ellipses are word metworks. Note that word networks
may have 10 be replicated If they appear more than once In the grammar,
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FIGURE A-1  FINITE-STATE GRAMMATICAL CONSTRAINTS

Another approach to constraining the problem based on finite-state networks is the use of N-
gram statistical models [4]). Because the probability of an M-word sequence W = {W;) can be
represented as the product of the probabilities of each successive word, given the previous words,

P(W)=P(WPWIW P(W; W Wy) - PWyl WM_;,WM;Z. - Wy . (AS)
Ple/ajax] w/ap )
Pluzuk) — o
f M’{lhﬂa}
) -
ARCs AEPRESENT -
PROBABRITY
OF NEXT WORD GIVEN
THE PREVIOUS WORD .
" Plzuhva)
Plzuhrajnx}
PL " *ruhs” -

FIGURE A-2 BIGRAM LANGUAGE MODEL
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To simplily this representation fand because the large-order probabilities in Eq. (AS) cannot reason-
ably be estimated], we use an N -gram model thal approximates the conditienal probabilily of one
word given all the previous words as the probability of one word given the past N - 1 words:

POW AW Wi, =~ W)= POW W, W Win) (A6)
A simple model, the bigram model (N = 2), represents
PW AW, (Wi, ~ W) = POWi 1 W) . (a7
This can also be represenied in a finlle-state network, as shown in Figure A-2. In this figure, each
node corresponds 1 a probability distdbution for what the next word is given the previous ¥ -}
words {encoded by the state). One might expect that for irigram grammars (N =3) with & V-word
vocabulary, V2 nodes would be required 1o encode all the possible previous two words. However,
typically far fewer than v2 distributions can be reasonably estimated, and thus many of the 1wo-word
histories share digmributions and states. Cumently, trigram models are the largest order models that
can be practically estimated.
Alihough it is often the case that probabilities of the form POW; 1W,_ W, _)—or cven
P(W,;1W,_;)—are not available, it is possible 1o estimate these unavailable probabilities as functions
of the proposed word and the history. That is,

P(W 1W_ W )= Cy(W)) - ColWi Wi (A8)
or
PW; 1W; ) = C(W;) - C2Wip)

A Complete Speech-Recognition System

There are several ways that hidden Markov models for words and finite-state word-grammars
can be combined into speech-recognition systems. The speech-recognition architecture described in
this paper uses the following approach: Speech is processed by a front-end processor; an outpul vee-
tor from this processor is passed to the HMM processor every time frame (typically every 10 ms).
The grammar processor keeps a data structure called the aclive words, which is initialized before
frame 1 1o the list of words that can begin 2 sentence. Al each frame ¢, the grammar processor
instructs the HMM processor to compute Egs. (A2), (A3), and {A4) for all states in at] the words of
the active word list. For each word in the active word list, the HMM processor retums to the gram-
mar processor o ‘
s The probability of the most probable state in that word, P (w;.f)
«  The probability of the last-state of that word, Py, (v .t)
e A tag, TAGy,,(w;,r), which represents the sequence of words thal led 10 Pigyr (w1

The grammar processor then computes the probabilities that new wonds can begin the next
frame continuing from these last states as the product of the last state’s probability and the grammar
transition’s probability.

Thus, the probai:’ility2 that word w; can start at frame t + 1 using a bigram grammar is

Prs Oy +1) = MAX [P,,,.(w,-.w-P(w,-!w.-)] : (A%
wi

and the tag or sequence of words comesponding to this hypothesis is
TAGm,,(wj.rﬂ) = TAGp (Wpt) * w; . (ATD)

where w, in Eq. (A10) is the w; that maximized Eq. (A9). At the end of frame £, the grammar pro-
cessor places all words w; in the active list for frame 1 + 1 if ¢ither P, (w; 041} of Plw ) is

2 Actually the true probability would use & sum insteed of a mex in Eq. (49). Using the max resulis
in the probability of the best hypathesis as opposed (o the probability of all possible hypotheses.

n
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greater than a pruning threshold. This continues until frame = N, where the probability of the best
word sequenice s J

MAX P (w; NY (AI1)
w

and the recognized word sequence is TAG ,, (w; N) for the w; that maximized Eq. (A11).

The above procedure is modified so that the approximations shown in Eqs. (A8) can be used.
Thus, using bigram grammars as an example, each word has a €y value and a €, value [see Eq.
(A8)] in addition to its Yst of transition probabilities P(W; 1W;). If we define

€ — transition = MAX [PM(W.-J) - C.(w,-)] {A12)
Wi
and
TAG, = TAGL, (W ,£) , (Al3)

where W; in Eq. (A13) is the w; in Eq. (A12) thar was maximum, then Eqgs. (A9) and (A10) can be
rewritten as

Pm(wp!“) = MAX {M‘JZX [Pm(w,-,t) . P(‘Wj |W;)] . e~transition + C;(w_,—)} (Al4)

TAG 0 Wy a41) = OR, [ma,,,,(w.-.r) . mas] W, (A15)

where OR, uses TAG, if the e — transition was chosen in Eq. (A14), and uses the TAG),, value oth-
erwise.
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