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g » ® syntactic paths while Dragon searches all the possibie syntactic (and acoustic) paths
through the network in parallel to determine the globally optimal path. Hearsay-i uses

segmentation and labeling to reduce the effective utterance length while Dragon is a
segmentation-free system. Systematic perfarmance analysis of various design choices
; of these two systems resulted in the HARPY system, in which knowledge is
, represented as a finite state transition network but withoul the a-priori transition
: probabilities. Harpy searches only a few "best" syntactic (and acoustic) paths in
] parallel to determine the optimal path, and uses segmentation to effectively reduce the
4 utterance length, thereby reducing the number of state probability updates that must
) be done.

Several new heuristics have been added to the HARPY system to improve its
performance and speed: detection of common sub-nets and collapsing them to reduce
overall network size and complexity, eliminating the need for doing an acoustic matcn
for all phonemic types at every time sample, and semi-automatic techniques for
learning the lexical representations (that are needed for a steady-state system of this
type) and the phonemic templates from training data, thus automatically accounting for
the commonly occurring intra-ward coarticulation and juncture phenomena. Inter-word
phenomena are handled by the use of juncture rules which are applied at network
| generation time, thereby eliminating the need for repetitive and time consuming
application of phonological rules during the recognition phase. State transition
probabilities are calculated dynamically during the recognition phase from speech
dependent knowledge rather than a-priori from statistical measurements.

The system was tested on four sets of data containing 240 sentences (80 for
training and 160 for testing) spoken by four speakers in a terminal room environment.
The test data of 160 sentences were recorded on two separate cccasions (80
sentences on each occasion); the first (SET 1) was recorded during the same session as
the 80 training sentences and the second (SET 2) was recorded in the same
environment but five months after the training data. The syntactic grammar used for
testing the system is a desk calculator task (sometimes called "voice programming”)
that contains 37 words. The performance characteristics of the Harpy system cn the
test data is given below.
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Abstract

The Harpy connected speech recognition system is the result of an attempt to
understand the relative importance of various design choices of two earlier speech
recognition systems developed at Carnegie-Mellon University: The Hearsay-I system
and the Dragon system. Knowledge is represented in the Hearsay-l system as
procedures and in the Dragon system as a Markov network with a-priori transition
probabilities between states. Hearsay-I uses a best-first search strategy of the
syntactic paths while Dragon searches all the possible syntactic (and acoustic) paths
through the network in parallel to determine the giobally optimal path. Hearsay-1 uses
segmentation and labeling to reduce the effective utterance length while Dragon is a
segmentation-free system. Systematic performance analysis of various design choices
of these two systems resulted in the HARPY system, in which knowledge is
represented as a finite state transition network but without the a-priori transition
probabilities. Harpy searches only a few "best” syntactic (and acoustic) paths in
parallel to determine the optimal path, and uses segmentation to effectively reduce the
utterance length, thereby reducing the number of state probability updates that must
be done.

Several new heuristics have been added to the HARPY system to improve its
performance and speed: detection of common sub-nets and collapsing them to reduce
overall network size and complexity, eliminating the need for doing an acoustic match
for all phonemic types at every time sample, and semi-automatic techniques for
learning the lexical representations (that are needed for a steady-state system of this
type) and the phonemic templates from training data, thus automatically accounting for
the commonly occurring intra-word coarticulation and juncture phenomena. Inter-word
phenomena are handled by the use of juncture rules which are applied at network
generation time, thereby eliminating the need for repetitive and time consuming
application of phonological rules during the recognition phase. State transition
probabilities are calculated dynamically during the recognition phase from speech .
dependent knowledge rather than a-priori from statistical measurements.

The system was tested on four sets of data containing 240 sentences (80 for
training and 160 for testing) spoken by four speakers in a terminal room environment.
The test data of 160 sentences were recorded on two separate occasions (80
sentences on each occasion); the first {SET 1) was recorded during the same session as
the 80 training sentences and the second (SET 2) was recorded in the same
environment but five months after the training data. The syntactic grammar used for
testing the system is a desk calculator task (sometimes called "voice programming")
that contains 37 words. The performance characteristics of the Harpy system on the
test data is given below.
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(BRANCHING (BRANCHING
FACTOR = 10.8) FACTOR = 37)
WORD ACCURACY
SET 1 9757 90.87
SET 2 93.17 8357
SENTENCE ACCURACY : :
SET 1 88.67 70.07
SET 2 70.97 ' 36.77
RECOGNITION TIME
(x_REAL-TIME) .
SET 1 13.1 : . 180
SET 2 13.2 e
RECOGNITION TIME
(MILLION OF
INSTRUCTIONS
EXECUTED PER
SECOND OF SPEECH) b
SET 1 45 : 6.2
SET 2 45 6.2

"SENTENCE ACCURACY" is the percent sentences that were correctly recognized (i.e.,
all words within the sentence were correctly recognized). "BRANCHING FACTOR" is the
average number of words from which the system must choose (as determined by the
syntax) at any point during the recognition process. The average number of words
per sentence is 5.5, the average number of phones per word is about 7, and the
average number of phones per sen!ence is about 39.

To the best of my knowledge, this represents the best performance of any
system reported to date along the above dimensions of number of speakers, branching
tactor, accuracy, and time. :
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MOTIVATION 1ol INTRODUCTION

1 INTRODUCTION

1.1 Motivation

The original title of this thesis was "A Comparative Performance Analysis of
Speech Understanding Systems”. It was intended to be a study of the various types
and levels of knowledge that are used in speech understanding systems (e.g.,
parametric schemes, acoustic-phonetic evaluation functions, and search strategies) to
determine their relative strengths and weaknesses. One of the objectives of the
; original thesis was, after the analysis study, to combine the “"good" features of the
o systems that were studied to form a system that would have performance
characteristics superior to the others. However, the ‘work on this "hybrid" system
proved to be more interesting than the original analysis study.

The Harpy system evolved from a systematic study of several design choices of
two speech systems previously developed at Carnegie-Melton University: The Hearsay -
I system (see Erman (1978)) and the Dragon system (see Baker (1975)). These two
systems are of interest because of their contrasting features: model, structure,
performance, and representation of knowledge. The following table shows some of
these features: ‘

FEATURE HEARSAY-I DRAGON

Model cooperating parallel ‘probabilistic function
processes " of a Markov process

knowledge procedures ‘Markav network

representation

units of speech segmentation 10 milli-second sample
signal representation

search strategy best-first ~  all paths in paraliel
search time 8-50 times real-time '45-200 times real-time
search time extremely large near iero

variation

performance does not always find - alwéys finds optimum

optimum recognition path. . recognition path
Occasionally resuilts in
no recognition
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syntax

phonetics

acoustics

1.1

uses anti-productions
of a BNF grammar

to generate the
syntactic paths to
search

uses a phonetic
dictionary and many
"hard-wired” heuristics
to do the phonetic
parsing

uses user dependent
phonetic templates
and many "hard-wired”
heuristics for
evaluating the

acoustic signal

INTRODUCTION

syntax is an integral
structure of the
Markov network

phonetic
pronunciations

are an integral
structure of the
Markov network.
contains no other
phonetic knowledge

uses user dependent
phonetic templates
and a simple
probabilistic function
for evaluating the
acoustic signal

These design choices were carefully studied to determine their relative
strengths and weaknesses. The criteria for evaluating these design choices were along
the dimensions of (in order of importance) accuracy, speed, and size.

1.2 Goals of the Harpy System

The goals of the Harpy system are to combine the “best” features of the above
two systems with additional heuristics to form a high speed and high performance
system. The features of the Harpy system are:

FEATURE HARPY
Mode! Dynamic programming system
knowledge state transition network

representation

units of speech

segmentation

signal representation

search strategy

search time

a "few best" paths in parallel

about 10-20 times real-time

2
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GOALS o R i INTRODUCTION
search time near zero
variation
performance nearly always (i.e., more than 997 of the

utterances) finds the optimum recognition path

syntax syntax is an integral structure of the state
transition network.

phonetics Phonetic pronunciations are an integral structure
of the start transition network. Word juncture
phenomena are also an integral structure of
the network. Contains no other phonetic knowledge.

acoustics Uses user dependent phonetic templates and
a simple praobabilistic function for evaluating
the acoustic signal: Also contains phonetic duration
heuristics for calculating state transition
probabilities.

Several heuristics and techniques were developed to reduce the network size
and complexity (see chapter 5). Also, new techniques were developed for the semi-
automatic generation (and tuning) of the lexicon and templates that are needed for this
type of “steady-state" system. This tuning has resuited in a vast improvement of the
accuracy of the system. :

1.3 Methods and Materials

The digital computer used in this study is a PDP KA-10, a 36 bit machine, which
has an effective speed of about 342,000 instructions per second. The hardware
speech interface to the computer consists of a-zero crossing counting device (called a
ZCC) and an analog to digital conversion device (called an ADC). The ZCC consists of
five octave band filters (200-400, 400-800, 800-1600, 1600-3200, 3200-6400 Hertz)
and an unfiltered band. The speech signal is sampled every 10 milli-seconds and six
pairs of nine bit numbers are produced (one pair for each of the six bands): the
maximum peak to peak amplitude and the zero crossing count for each sample. The
ADC device produces nine bit samples of the speech signal every 100 micro-seconds.
See Erman (1974) for a complete description of these devices.

The Dragon system and the Hearsay-I system both used the ZCC parametric data
for recognition. An early version of the Harpy system also used this same parametric
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scheme but was later changed to the more accurate Itakura m,etric..l which utilizes the
ADC data. g

The speech data used in this study fall roughly into two broad categories: the
original data used by Baker for his Dragon system and data recorded specifically for
the Harpr system. Within both categories are two classes of data: training and test.
Dragon’s® original training data contained several utterances taken from each of five
different task domains. This test data consisted of five sels,.one set from each of
these five task domains. All six data sets were recorded by the same speaker. The
data used for the Harpy system were recorded by four separate speakers and contain
the same 20 sentences in each set. Each speaker recorded three sets of these 20
sentences: one training set, one test set that was recorded during the same session as
the training set, and one test set that was recorded five months after the training set.
The following is a summary of the speech data sets used in this study:

DATA TASK LEX-SIZE  SPEAKER COMMENT

BTRAIN all 802 JB Training.for next five sets

BCHS CHESS 24 JB Chess game

B800OC DOCTOR 66 J8 Medical diagnosis

BDSC DESC CALC 37 JB Desk calculator

BAPT NEWS 28 JB News retrieval

BFRM FORMANT 194 JB Formant tracking

BL1 DESK CALC 37 BL Training

KP1 DESK CALC 37 KP Training

DS1 DESK CALC 37 DS Training

RG1 DESK CALC 37 RG Training

BL2 DESK CALC 37 BL Test, recorded with BL1

KP2 DESK CALC 37 KP Test, recorded with KP1

DS2 DESK CALC 37 DS ~ Test, recorded with DS1

RG2 DESK CALC 37 RG Test, recorded with RG1

BL3 DESK CALC 37 BL . Test, recorded 5 months after BL1
KP3 DESK CALC 37 KP Test, recorded 5 months after KP1
Ds3 DESK CALC 37 DS Test, recorded 5 months after DS1
RG3 DESK CALC 37 RG - Test, recorded 5 months after RG1

The Formant task, while it is the most complex of the five tasks, is too large for
the convenient testing of the new training techniques developed for the Harpy system.
The Desk Calc system was chosen because it contains a small number of words but still
contains non-trivial acoustic ambiguities. For example, the acoustically confusable
words “alpha”, "beta", "gamma", and “delta" all occur in syntactically equivalent
positions. See Goodman (1976) for a complete treatise on the complexities of these
grammars. The training data were used solely for the purpose of tuning the system
and the test data were used solely for the purpose of testing the performance of the

Tgee Itakura (1975), and Markel, et al. (1973).

Igee Baker (1975).

<
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system after tuning. The errors made by the system on the test data werse never
analyzed nor specifically corrected; the accuracy of the system on the.test data
represents the true effectiveness of the tuning on the training data.

1.4 Cutline of the Dissertation Presentation

Chapter 2 contains, besides a cursory description of the Hearsay-I system (see
Erman (1974) for a complete description of thes system), an examination of the
interesting -features of the Hearsay-l system. The merits of these features (heuristics,
algorithms, etc.) are discussed in order to gain some insight as to the strong and weak
parts of the Hearsay-l system. Some performancé results are given to form a basis of
comparison among the three systems discussed in this thesis.

Chapter 3 contains an examination {(similar to chapter 2) of the Dragon system.

Chapter 4 contains a detailed description of the Harpy system. This chapter
discusses the implementation of the data dependent transition probability heuristic,
implementation of the segmentation heuristic, and the motivation and implementation of
the search space reduction heuristics. The problem with tuning of this type of system
is discussed along with the actual scheme used. Performance results for the Harpy
system are also given in this chapter.” e

Chapter 5 discusses the network data representation of knowledge that is used

in this type of speech recognition system. Some network. size reduction heuristics are
also discussed in this chapter. :

Chapter 6 discusses conclusions of this work and gives some insfghi as t¢ what
future work must be done to implement the Harpy system on a larger sized grammar.

5
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2 ' THE HEARSAY-I SYSTEM

2 FEATURES OF THE HEARSAY-1 SYSTEM

2. l' Introdudion

The Hearsay-l system is the result of an attempt to represent the diverse
'sources of knowledge needed for speech recagnition as procedures. The system is
highly modularized into separate knowledge source pracedures. This modularity allows
each knowledge procedure to contain highly specialized heuristics about its own
knowledge. The Hearsay-I system is the product of about.10 man-years of effort from
about five principal contributors. The author is responsible for adding a large amount
of the acoustic-phonetic knowiedge to thls system. Htstoncally, this was the first
system to be demonstrated live.

2.2 Model

The model of the Hearsay-l system is ane of parallel cooperating processes.
The system contains three of these parallel processes (modules): semantics, syntax,
and acoustics. However, for the purposes of comnarison with Harpy, only syntax and
acoustics are considered. The search strategy used in the Hearsay-I system is a best-
first search of the legal syntactic paths (at the word level) with backtracking. The
search is driven by syntactic anti-productions which hypothésize words. The acoustics
module verifies these words by either rating them.or rejecting them. The search of
the syntactic paths is done in a best-first strategy. See Reddy et al.{1973) and Erman
(1974) for a detailed example and description of this system..

2.3 Representation of Knowledge

Knowledge in the Hearsay-1 system is represented in procedural form. Complete
details of the structure and recognition process of this system can be found in Erman
(1974) and Neely (1973). The following is a brief description of the main modules and
the recognition process of this system. The recognition portion of the system used in
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this study (i.e., without semantics) contains three main modules: the recognition
overlord (called Rover), the syntax module, ‘and the -acoustics module. Rover is the
coordinator for the syntactic and acoustic processes and contains all global data used
by the other two modules. Rover is also responsible for the selection of the "best"
syntactic path to follow. The "best" path is chosen from a list of all current partially
completed syntactic paths. The recognition proceeds in a left-to-right fashion at the
word level. A partially completed path contains all the words recognized so far and an
indication of where the unrecognized portion starts. A typical partial path, from the
desk calc task, may look something like "STORE FIVE PLUS THREE FOUR <FILLER>"
where <FILLER> is the unrecognized portion (This might, for example, be the first part
in the sentence "STORE FIVE PLUS THREE FOUR INTO ALPHA" of the Desk Calc task).
The "best" path is defined as the partial path with the highest provisional rating. The
provisional rating for a partial path is obtained by averaging the ratings of all words
currently recognized in the path. Rover, after selecting the best path to follow, calls
on the syntax module to hypothesize option words; these are all of the next words
possible in the <FILLER> position. In the above example, syntax uses its anti-
productions1 of the BNF grammar to hypothesize the ten digits plus the words “IN"
and "INTO". After receiving this list of option. words from syntax, Rover calls on the
acoustics module for verification and rating of these optlon words. Acoustics looks up
each option word in its phonetic dictionary and maps this phonetic spelling onto the
parametric representation of the acoustic signal, taking notice of possible word
juncture phenomena with the previous word (i.e., the word "FOUR"). After the phonetic
mapping is done, acoustics rates each phone of the spelling against tiie actual acoustic
signal. A total word rating is passed back to Rover from the combined ratings of all
the phones in the spelling. Rover expands each option word -with the words already
recognized to form new partially completed utterances, and the rating given to each
new partial path is corposed of all the words currently recognized in the path
(including the new word). Rover then sorts all the partial paths that its currently has
and selects the highest rated one as the best one for the next recognition cycle. This
searching continues until syntax hypothesizes and acoushcs verifios the end of
utterance for one of the partial paths.

The knowledge of the syntax module.is represented as a BNF grammar
specification. This BNF is used to generate the anti-productions for the hypothesis of
words for partially completed paths. The BNF is also used to do a top-down parse of
completed paths to verify the validity of an utterance. This complete tap-down parse
is needed to eliminate possible incorrect syntactic paths caused by the use of only two
left context words for the anti-productions. For example, if a partial path is "STORE
FIVE PLUS THREE FOUR <FILLER>", then the anti-productions, which look only at the
wards "THREE FOUR", will hypothesize, besides the correct words, the incorrect words
"1" (end of sentence), "PLUS", "TIMES", "POWER", etc.

I7he syntax module uses the two words immediately left of the <FILLER> part as
context for determining what words can follow. The lists of left context words are
called anti-productions (see Neely (1973) for a complete description).

2This process is also called "phonetic parsing”.

7




REPRESENTATION OF KNOWLEDGE 23 . - THE HEARSAY-I SYSTEM

The acoustic knowledge of the system includes a phonetic dictionary of lexical
words in the grammar,” a set of user dependent acoustic-phonetic templates (called
PP’s),2 and a large amount of explicitly programmed acoustic-phonetic knowledge for
segmenting and labeling the acoustic signal, ‘mapping the words to the segmented
signal, and rating the mapped words (by use of the PP’s and phonetic spellings) with
the segmented signal. This "hard-wired" knowledge takes the form of heuristics that
represent most of the actual code in the acoustic madule. The heuristics deal with
such phenomena as inter and intra-word junctures, coarticulation effects, acoustic
realizations of sounds, etc. :

2.4 System Tuning

System tuning for Hearsay-l consists of altering one or more of the following:
the user dependent templates, the phonetic dictionary, or the speech heuristics in the
acoustics module. The explicitly programmed speech heuristics are user-independent
and represent general acoustic-phonetic ‘knowledge. The - phonetic dictionary

-represents dialectal knowledge and is changed only when dealing with a new dialect or

when encountering new pronunciations. The PP’s represent user dependent vocal
characteristics and are usually not changed for an individual speaker once produced.
The tuning of the PP’s, for a new speaker, can be done by a pre-processing tuning
program: The program requests the speaker to say a set of words that is used for
extracting the PP parameters. The PP’s can also be tuned dynamically by the Hearsay-
I system itself: the system can be forced to recognize the correct path (by manually
forcing Rover to select the correct path at every recognition ¢ycle) and the acoustics
module can alter the PP’s according to the mapping of the correct path.

2.5 Performance Resuits

‘Following are the performance results of Hearsay-I (without semantics) on the
five sets of Baker’s data: y

MThere may be multiple entries per word.

2There is only one femplate entry per phone.

8 .
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-

TASK LEX B-F 7WORDS 7UTTS __TIME $.D.
CHESS 24 7.3 69 " < R 2.6
DOCTOR - 66 37 49 . 24 - 94 3.8
DESK CALC 37 10.8 B3 22 155 9.4
NEWS 28 2.7 74 - 50 108 - 64
FORMANT 194 3.8 33 33 444 235

LEX is the number of words in the grammar, B-F is the average branching factor for
the grammar (the average number of words that may legally follow any word in a
partial sentence of the language), 7ZWORDS are the 7 words carrectly recognized,
7UTTS are the 7 utterances correctly recognized (all words within.the utterance were
correctly recognized), TIME is the number of times real time - needed for recognition,
and S.D. is the standard deviation of TIME.

2.6 Strengths and Weaknesses

A powerful feature of the Hearsay-1 system is its best-first strategy. This
allows the system to follow one syntactic path to completion very quickly, as is shown
above by the low recognition time needed.

Paradoxically, one of the major problems with Hearsay-1 is its best-first search
strategy, due to the need for backtracking. The obvious manifestation of this is the
large variation in the time needed for recognition, as seen from the standard deviation.
The actual variation would have been even worse were it not for an upper time limit
imposed on the search. Because of this time limit cutoff, the system totally missed 187
of the utterances with no recognition at all. The variation in recognition time is due to
the fact that the system searches only one syntactic path at a time. The total number
of possible syntactic paths (sentences) in the grammar can range from vary large for a
finite grammar to infinite for a recursive grammar. For example, the number of paths
for the chess task grammar is more than 300,000,000. -This combinatorial expiosion of
syntactic paths proves to be overwhelming, in a best-first search with backtracking,
once the system loses the correct path.

Errors and incompleteness in the acoustic-phonetic knowledge aggravate the
best-first search problem. There. are many heuristics in the system that can
completely reject a path; if a correct path is rejected due to an error in one of these
heuristics, then there is no hope of recovery. :
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STRENGTHS AND WEAKNESSES* 2.6 THE HEARSAY-1 SYSTEM

A good heuristic that is used to reduce the effective data size is the
segmentation of the speech signal. Each 10 milli-second sample of the speech signal is
labeled with the PP that best matches to it. Neighboring 10 milli-second samples with
the same (or similar) PP labels are combined together into segments. These labeled
segments are categorized into one of three types: somorant, silence, or frication. Max~
min detection of the speech signal amplitude is also used to segment syllable
boundaries within the sonorant segments. Since the segmentation is done at a gross
level (silence, frication, and sonorant), the ratio of segments to the number of 10 milli-
second time samples is small. In one typical utterance of length 230 centi-seconds,
there were 18 segments produced (the average segment being about 13 centi-seconds
in length). The resulting segments are used as a’ guide for the phonetic mapping
routine. Segmentation ciiectively reduces the amount of acoustic data that must be
examined during the mapping and rating processes.

A weak feature of the system is that it does not remember what it has learned
during the search of one path in order to apply it to another path. For example,
assume the system is running on the chess task with semantics. turned on.! Assume
also that the sentence actually spoken was "Pawn to queen four". If the word "knight"
gets a rating better than "Pawn" during the first recognition cycle, then the partially
completed utterance that the system will work on during the next cycle is "Knight
<tiller>". Now assume that the system correctly recognizes the next two words. This
will make "Knight to queen <filler>" the partial utterance to be considered for the next
cycle. At this point a conflict will arise within the knowledge sources. Acoustics and
syntax will agree on "four" as the next word but semantics will reject this word.
Rover will, at this point, abandon this path completely and choose the next best path
(presumably "Pawn <filler>") to follow. The system wili now duplicate its effort in
hypothesizing and mapping the same next three words. It does not save any
information from one path to be used'in the next. This is true for both positive
information (words successfully identified) and negative. information (words rejected).

2.7 Discussion

The features of the Hearsay -1 system that Were considered in designing the
Harpy system are the following:

1) Segmentation of the acoustic signal can effectively reduce the amount of
speech data searched.

IThere is no loss of generality to the example to assume that semantics is turned on.
It simply makes the example easier to understand.

10
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2) A fast recognition can be achieved by searching a small number of paths
(e.g., one in the case of the best-first search).

3) Backtracking while searching can be costly, especially in a large search
space. ? :

4) Duplication of effort should be avoided (i.e., knowledge gained from past
searching should be used to guide future searching).

5) Heuristic speech knowledge is a useful guide to mapping and fating words.




3 - THE DRAGON SYSTEM

3 FEATURES OF THE DRAGON SYSTEM

3.1 Introduction

The Dragon system was essentially a one-man effort and represents about two
years of work. The system is interesting because of its simplicity of design, its
mathematical fractability, and its high accuracy performance. The program code
contains almost no speech dependent heuristics. The author is responsible for tuning
this system to the point where it is the first system developed at Carnegie-Mellon
University to achieve 1007 accuracy on a set of speech data (see QTRAIN experlment
in section 4.8.1) using only syntactic and acoustic-phonetic knowledge.

3.2 Model

The model of the Dragon system (See Baker (1975)) is one of a probabilistic
function of a Markov process. The system achieves recognition by updating state
‘probabilities of a Markov network on every 10 milli-second speech sample. The
network contains all the syntactic and phonetic knowledge used in the system. Inter-
state connections are indicated by a-priori transition. probabilities. The network also
contains intra-state a-priori transition probabilities.

3.3 Representation of Knowledge

The major knowledge sources for the system are: the network which contains
the integrated knowledge of both syntax and lexical phonetic spellings, a set of user
dependent acoustic-phonetic templates, and an acoustic-phonetic probability1 matching

IThe word “likelihood" may be better suited here. The acoustic probabilities are
numbers (one per template) between 0 and 1 that give the relative "probability™ of
each template matching to the actual acoustic sound present. The sum total is not
necessarily equal to 1. ;
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routine. The network consists of a set of states, where each state represents a
phonetic sound within a lexeme, with connectian pointers between them coupled with
inter-state a-priori transition probabilities. Each state also contains an a-priori intra-
state transition probability. There are two special states in the network called the
“initial state" and the "final state". All paths that lead from the initial state to the final
state (via intermediate states of course) represent not anly all legal syntactic paths
but also all phonetic pronunciations of these syntactic paths See chapter 5 for a
complete description of the networks.

The Dragon system uses a dynamic programming scheme to search all possible
paths through the network in parallel by the following formula:

Pi,f = Ai,fM?X(pj,t-lTj,i) .

P” is the probability of being in state i at time t A, t is the ‘acoustic match probability -
for state i at time t, T., is the a-priori probability of transuhonmg from state j to state
1,1 and t is in 10ms time units and runs from 1 te L (the length of the utterance). The
initial condition at t=0 is that all state probabilities are O except the initial state, which
is 1. At each 10ms sample, the probability of being in each state is calculated by the
above formula and the P; it- 1’s that represents the Max(P;_ lT“) are saved. These
are the best prior states.” If an utterance has length L and { here ‘are N network states,
then the system must save LxN best prior states. After the state probabilities have
been calculated for all time samples, the system backtracks through the best prior
states to find the globally optimum path (called simply the "global path") in the
following recursive way. The state on the global path at time L is the final state. The
state on the global path at time t is the best prior state for the global path state at
time t+1. The recognition result is taken from the syntactic path contained in the
global path as it runs from the initial state to the final state.

Tiere are two other types of network paths that need to be defined. A “correct
path" is “ine whose contained syntactic path represents what was actually spoken.
There is usually more than one correct path. The "global correct path” is the correct
path with the highest probability. There is a possibility of there being more than one
correct path with the same highest probability. The system achieves 1007 correct
recognition on an utterance only when the global path and the global correct path are
the same.

INote: j may equal i (intra-state transition). Most transition probabilities are 0 (i.e,
there are only a few states into which any state may transition.

13
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3.4 System Tuning

The Dragon systems contains no coded heuristics ‘except for the acoustic
prabability matching routine. The inter-state and intra- s\ate a-priori transition
probabilities are fixed, as is the "standard” phoenetic’ duchonary The only tuning that
can be done for the Dragon system is the selection .and modification of the acoustic-
phonetic templates. Each template is an exemplar of an allophonic variation of the
phone that it represents and is selected from a single 10 milli-second sample that best
represents the allophonic group. The allophoni¢ graups are obtained by hand labeling
the training data and matching each 10 milli-second sample of the training data to the
templates obtained so far. If a 10 milli-second sample exceeds a threshold of
acceptance (probability of .1 was used by Dragon) .for all templates (allophonic
variations) of the desired phone, then a new template is added for this phone. Dragon
uses 168 templates which cover 33 phones.

3.5 Performance Results

The following are the performance results of Dragon 'on the. five sets of Baker’s

data:
TASK LEX B-F__7ZWORDS _ ZUTTS __ TIME S.D.
CHESS 24 7.3 94 - 68. 480 0.6
DOCTOR 66. 3.7 By T8 67.4 1.3
DESK CALC 37 10.8 63 2 0 o 83.1 1.0
NEWS 28 2.7 84 50 . 547 0.6

FORMANT 194 38 84 - 33 173.8 33

LEX is the number of words in the grammar, B-F is the average branching factor for
the grammar, 7WORDS are the 7 words correctly recognized, ZUTTS are the 7%
utterances correctly recognized (all words within the - utterance were correctly
recognized), TIME is the number of times real-time needed of for recognition, and S.D.
is the standard deviation for TIME.

IThis dictionary is, on rare occasions, manually changed to correct gross errors that
are detected in it. One example of this was to change the phonetic spelling of "queen"
from "K W IY N" TO "WH IY N".

14
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3.6 Strengths and Weaknesses

The strongest feature of the Dragon system is that is searches all possible paths
in parallel. This always allows it to achieve a recognition since it never gets lost in the
combinatorial explosion of syntactic paths, always find the globally optimum path and,
run at a constant speed, as shown by the near zero S.D. above. A timing model for the
Dragon system in number of times real-time is:’ .

(recognition time) = 20.9 + .067(#network states)

The weaknesses of the Dragon system are: L) the large amount of computation
time needed for recognition. This high computation time is due to the fact that Dragon
updates all the state probabilities at every 10 milli-second time sample. The system
must also perform an acoustic match of all its phonetic templates (168 of them) at
every time sample. 2) the dictionary used by Dragon contains mostly "phonemic"
spellings. That is, the spellings contain-phones that represent more than a single
acoustic type of sound. For example, burst phones such as /T/ are sometimes used to
indicate both the silence part and the aspiration part of the sound. The problem with
the phonemic dictionary stems from the fact that Dragon is unable to recognize
dynamic changes in the speech signal due to its myopic view of one 10ms sample per
state probability update. A phonemic dictionary does nat allow for the "steady-state"
nature of the search algorithm (see section 4.8.1). 3) there is no provision for word
juncture phenomena. 4) there are multiple template entries per phone {168 templates
covering 33 phOnes) used in an attempt to compensate for deficiencies 2) and 3). 5)
(a technicality) the floating point hardware limitations of the machine used are such
that the state probabilities would underflow within about 30 time samples. This
necessitated a time-consuming scaling operation. .

The state transition probabilities used by Dragon are a-priori constants. Its
intra-state transition probabilities are .9 (or 0) and its inter-state transition
probabilities are .1 divided by the branching factor for that state (i.e., the number of
inter-state transitions). An accidental discovery led to the following experiment: On
one set of test data, all intra-state probabilities were set to 1 and all inter-state
probabilities were varied with the following results:

IThe system chooses the best template match per phone for the acoustic match
probability.
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inter-state probability ZWord Accuracy
1.0 66.0
5 , 88.1
3 93.2
2 98.3
. 100.0
01 100.0
.001 96.6

The inter-state transition probability appears to act as a "throttie” on the
number of words recognized in an utterance. For a probability greater than .1, the
number of words in the global path are more than the number of words actually
spoken; below .01, the number in the global path are fewer than actually spoken. The
system achieved 1007 correct recognition for all probability settings between .01 and
.1. The reason for this behavior is that the real "action" of the recognition process is
due to the acoustic match probabilities rather than the transition probabilities.l

One reason for errors in the Dragon system is the large number of templates
used compared to the small number of phones that they represent. This results in a
large number of overlaps within the acoustic-phonetic space. These overlaps create
ambiguities within the phonetic spellings. For example, Dragon uses three templates to
represent the silence phone "-"; only one of these is true silence. The other two are
are noise like sounds that occur at sonorant to silence transitions (voice bars, etc.).
These noise like transitions match very ciosely to the nasal template which results in
ambiguities between nasals and silence.

3.7 Discussion

The Dragon systems demonstrates that it is possible to build a connected speech
recognition system that achieves better than 857 word accuracy using only syntactic
and acoustic knowledge. More importantly, the system also shows that there is a
search algorithm (that does no backtracking) which guarantees a recognition and in a
deterministic amount of time. .

The most significant feature of the Dragon system, as compared to most other
current speech recognition systems, is its almost total lack of speech-dependent

Isee section 4.4.
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heuristic knowledge. Dragon treats speech recognition as a mathematical computation
problem rather than as an artificial intelligence prablem.

The features of the Dragon system that were considered in designing the Harpy
system are the following:

1) The network data representation is a tractable means of representing the
combined knowledge of syntax and the phonetic dictionary spellings.

2) The dynamic programming scheme for searching all the network paths in 1
parallel guarantees not only that a recognition will always be achieved ’
(and in a deterministic amount of time) but also that the recognition will be
the globally optimum one (with the given model).

3) Searching all paths (even in parallel) can be.time consuming.

17
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4 THE HARPY SYSTEM

4.1 Introduction

The Harpy system is an attempt to combine the best features of the Hearsay-l
system and the Dragon system. Harpy contains a mathematically tractable model, as in
the Dragon system, plus speech-dependent heuristics, as in the Hearsay-I system, for
better performance and speed than either of the other two systems. Harpy also
incorporates many new techniques (and heuristics) for increasing its speed and
accuracy. Also, an entirely new semi-automatic system was designed to generate the
lexicon and templates needed for Harpy. The.following is a comparison of the two
previous systems and Harpy: oA :

HEARSAY-] DRAGON HARPY
Knowledge “Procedural Markoy | Transition
Representation embedding networks networks
(No a-priori
transition
probabilities)
Search best first all paths "best few"
strategy with in parallel in parallel
backtracking with no with no
backtracking backtracking
Segmentation yes no . yes.
Phonetic procedural multiple unique
classification templates templates
Word procedural none integral
Juncture part of
Knowledge network
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4.2 Model

The model of the Harpy system is one of a dynamic programming system with
the use of heuristics to reduce the search space, thereby increasing its speed. The
system uses a network that represents not only all legal syntactic paths, but also all
pronunciations of these legal paths. The combined knowledge ¢f syntax and lexicon is
contained within all the legal "syntactic-phonetic" paths of the network. The network
contains inter-state connections, but no a-priori"tra.nsition probabilities.

4.3 Representation of Knowlédge

The majority of the knowledge in the Harpy system.is represented within the
network. The network is generated by a network compiler from the BNF grammar
specification, the phonetic dictionary of the lexical words, and the inter-word juncture
rules. Thus, the network is a representation of these three knowledge sources. As in
the previously discussed systems, Harpy uses a set of speaker-dependent acoustic-
phonetic templates to represent the acoustic realization of the phones in the
dictionary.

4.4 Data Dependent Transition Probabilities

One of the weaknesses- of the Dragon system is its inability to perform an
accurate acoustic mapping. The reason for this is due ta its a-priori constant inter-
state and intra-state transition probabilities. A global path of length P (time samples)
that contains S number of states has a total of S-1 inter-state transitions and P-S+1
intra-state transitions! regardless of how the states are mapped to the acoustic signal.
Since the transition probabilities in Dragon are a-priori constants, the "penalty" paid
for making all the necessary state transitions is the same for all possible mappings of
the global path. The result is, that given the constant intra- and inter-state transition
probabilities, the acoustic mapping is determined solely by the acoustic match
probabilities. The acoustic knowledge of Dragon is errorfull and incomplete due to
errors in the templates2 and dictionary. These deficiencies cause Dragon to have the

IThe initial state is assumed to be at time sample 0.

: 2Template errors are of three types: a missing template, an extraneous template, or a

template that is not representative of its phonetic group (a "mis-tuned" template).
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tendency to either "over-parse” or "under-parse” the phone of a state. Over-parsing
occurs when a particular state phone incorrectly re,ceivesl a better rating than it
should for a large number of connected time sample_s.l This ¢an be very severe if the
phone in question is a burst such as "B" or "P" and it' gets parsed for 100msec or
more. Under-parsing is the opposite of over-paising.. An example of under-parsing is
a stressed vowel being parsed for one time sample (lOmsec).2 Because Dragon is able
to "hide" the bad acoustic probabilities by this time warping of the mapping, it can
produce some very erroneous mappings and, therefore, incorrect recognitions.

Harpy attempts to overcome this deficiency by using data-dependent transition
probabilities instead of the a-priori constant transition probabilities. The idea is to
heuristicaly calculate the transition probabilities for each state during the recognition
process from speech-dependent knowledge, such as pitch, amplitude, intrinsic phonemic
durations, etc. Currently the system uses only the intrinsic phonemic durations. Harpy
uses a file of minimum and maximum expected durations for. each phone (see appendix
E) and the current durations of the network states to calculate the transition
probabilities. The current duration for a state is the number of time samples for which
the state was its own best prior state.3 The inter-state transition probability from a
state is 1 if the current duration for that state is not less than the minimum expected
duration for the phone of that state. If the current duration is less than the minimum
expected, then the inter-state transition probability from that state is reduced by an
heuristic amount that is proportional to the difference between the minimum expected
and the actual current duration. If 1 is the the minimum expected duratlon. C the
current duration (with C<I) then the inter-state transition probability is HI-C where H
is a heuristic value. Similarly, if the current duration is not greater than the maximum
expected duration, then the intra-state transition probability is. 1, atherwise it is
where A is the maximum expected duration and C and H are as before. The current
value used for His .1. A value of O for H would be tantamount to a {otal rejection of a
path should the state duration fali outside the “inferval between the minimum and
maximum expected durations. A large value for H (close to 1) and a small interval
between the minimum and maximum expected durations would produce a Gaussian like
distribution for the transition probabilities.

There is clearly much room here for experimentation with the H value, maximum
and minimum durations, and other sources of knowledge {(e.g., pitch and amplitude) that
can be applied in calculating the data-dependent state transition probabilities.
However, as was shown with the Dragon system (see chapter 3), the transition
probabilities have only a secondary effect on the recagnition results. The simple-
minded scheme shown above is sufficient to produce very reasonable results and to

IThis error is usually caused when there is more that one template for the given
phone and at least one of the extra templates is not representative of the phonemic
sound.

2This type of error is usually caused by a mis-tuned template or a missing template.

3i.e. the number of intra-state transitions.
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eliminate the gross mapping errors. A typical result of using the data-dependent
transition probabilities is 96.27 word accuracy and 89.57 utterance accuracy
contrasted with 84.87 word and 57.97 utterance accuracies using the a-priori constant
transition probabilities.

It is important when using the data-dependent transition probabilities that the
phonetic dictionary contain no extra phones. Dictionary errors of this type are
handled easily by Dragon by under-parsing. However, extra phones have a severe
effect on the accuracy of the Harpy system since the system is forced to parse each
phone for its minimum duration.

4.5 Optimization

The first step in designing the high speed Harpy system was to optimize the
Dragon system. The optimized Dragon system served as the skeleton for the Harpy
system. The optimizations done to Dragon were the reduction of program size, code
streamlining, and improvemants in the algorithms used. The information that must be
saved during the recognition process is the best prior state for each staie per time
sample. The maximum number of time samples allowed is typically 800 (10ms time
samples for 8 seconds of utterance). Large networks may contain 2500 or more
states. This makes a total of at least 2,000,000 states that must be remembered during
the forward trace through the network. This is greater tran the main memary capacity
of the machine used. Dragon uses a clever scheme to reduce the memory capacity
needed for saving the best prior states; it takes advanfage of the fact that each state
has only a small number of possible prior states and, in fact, most states have only one
possible prior state.! Dragon uses only as many bits as are necessary to uniquely
specify the best prior state for each state. This greately reduces the storage
necessary to save the best prior-state pointers to about 80,000 words of memory.
Because this still will not work for very large networks and since the Harpy system is
larger (see 4.10), Harpy does not save all the best prior states in main memory at one
time. Harpy saves only a small number of prior states (typically 100 time samples
worth) in memory at a time and when more room is needed they are saved on external
storage (a high speed drum).

The code, although left in SAIL,2 was streamlined by combining redundant loops,

LAny state may undergo an implicit intra-state transition. "Prior" state here implies an
explicit inter-state transition.

2The program code is written in an Algol-60 based language called SAIL (see VanLehn
(1973)).
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eliminating small loops by doing the operations linearly, and eliminating as much array
subscripting as was possible.

The most significant change in the algorithms was to replace the probabilities by
their logs and thus do additions instead of multiplications. The big savings here is not
that addition is faster than multiplying but rather that the need to scale was eliminated.
The worse acoustic match probability that is allowed is .0l. Since the machine
hardware does not accommodate a number smaller than about 10’39, the exponents
could underflow within about 30 time samples. Thus. the time consuming scale checking
and updating was eliminated by using log probabilities.

The formulas for the recognition times (in number of times real-time) for the
original and optimized Dragon systems are:

original (rec.time) = 20.9 + .067(net size)
optimized (rec.time) = 18.8 + .0305(net size)

The optimized Dragon system was used as the hasis for the Harpy system. Ali
code that was added to the Harpy system was intentionally  streamlined for speed.

4.6 Segmentation

Reduction of the number of time samples used to update the state probabilities
is accomplished by segmentation of the input data into larger sized units than the 10
milli-second time samples. The only critical problem involved with doing segmentation
for this type of recognition system is that there must be no missing segments. The
system will map one or more time samples to one network state but it will never map
more than one state to a single time sample. If the global path for an utterance of U
10 milli-second time samples has P states from initial state to final state (P<U), then a
segmentation scheme may produce anywhere between P and U number of segments. If
it produces fewer than P segments, the global path cannot be parsed and therefore
will not be recognized. The fewer segments that are produced (but greater than P, of
course), the faster will be the recognition speed. One ‘measure of efficiency of a
segmenter is how few segments it produces. However, any errors that it makes must
be on the side of too many rather than too few segments.

Another point to be considered is that the time needed to do the segmentation
must not outweigh the time saved during the recognition process. The segmenter adds
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another overhead to the recognition time, usually proportional to the length of the
utterance. For example, it is possible to build a segmenter that will produce perfect
segmentation.1 However, the time needed to produce the segments will far outweigh
any advantage gained during the recognition ‘process. The total efficiency of a
segmenter should be a measure of the total time saved dunng the recognition process,
rather than how few segments it produces

An underlying assumption made so far about segmentation is that the recognition
system will oblain the same accuracy using segments as it does without segments.
Clearly this need not be true. The accuracy .of the segmenter will affect the accuracy
of the recognition system. An early "segmentation" experiment that was tried was to
use ‘every N'th 10 milli-second time sample. The. followmg are the results of this
experiment on one task

N__ WORDS CORRECT(7)  # TIMES REAL TIME
1 100.0 IR T
2 85.2 - 528
3 36.6 P 35.4.
4 16.9 ot 265

As expected, the time2 needed is inversely proportional to N. However, the
recognition accuracy suffers greatly by such a simple-minded segmentation scheme.
Harpy is a "steady-state" system; that is, the phones used in its dictionary (and
consequently in the network) must represent a "stable" portion of the acoustic signal.
This is due to the fact that Harpy looks at only one segment, which must be composed
of acoustically similar 10 milli-second speech samples, per state probability update.
The scheme used above, while each segment .is composed of similar type speech
samples (since there is only one per segment), does not account for every different
acoustic signal encountered since it ignores a major portion of the speech samples.
Consequently, there is a great loss of acoustic information. .

The accuracy of a segmenter can be determined by how close the recognition
system’s results are to the results obtained on the same data not using segments.a In
fact, it is possible for the use of an "intelligent" segmenter to produce better results
from the recognition system than can be achieved without. the use of segments, by
eliminating or smoothing the noise in the 10 milli-second samples. It is sufficient to
say that the segmenter is accurate if the results produced with its segments from the
recognition system are no worse than the results produced without segments.

1"perfect” means the number of segments exactly equals the length of the global path.
Such a segmenter can be obtained trivially by running the recognition piocess twice,
using the parsing results of the first recognition as segments for the second run.

2The overhead for segrmentation in this case is essentially 0.

3This assumes that there are no errors in the phonetic dictionary.
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The use of segments requires a small-change in the recognition algorithm. Since
the segments produced are not of uniform length, the.state acoustic-phonemic match
probabilities and the intra-state transition probabilities must- be weighted by the
length of the current segment during the recognition process.

The segmentation algorithm used in the Harpy system works as follows: The 10

“milli-second time samples are processed one at a time to extend the "current” segment.

As each 10 milli-second time sample is processed. it is compared against the first 10
milli-second sample of the current segment and against the middle sample. The current
segment is considered complete when the distance ! between the current 10 milli-
second sample and either the first sample or the middle sample exceeds an heuristic
threshold; the current 10 milli-second sample then becbmes the first sample of the
next segment. The linear predictor coefficients that are to represent the now
complete current segment are obtained from the sum of the autocorrelation
coefficients of all the samples in the segment. The heuristic threshold setting, for

segmentation, used in the Harpy system (currently .6) was determined experimentally. -
" Increasing the threshold results in fewer segments being produced, while lowering the

threshold results in. more segments being produced. 'Ideally, the threshold should be
as large as possible without combining acoustically dissimilar segments.

The ratio of 10 milli-second samples to segments that the segmenter produces is
dependent on the acoustic signal. On the average, it is about 35. The overhead for

the segmenter takes 1.3 times real-time (i.e., processmg time is 13. milli-seconds per 10.

milli-second sample). The segmentation scheme gives the Harpy system better than a
three fold speed up. The speed up is more ‘than expected (due only to the data
reduction) because the search space is also reduced by constraining the number of
possible paths that can be searched (see section 4.,). The following are some timing

. results of and old version of Harpy, which used the ZCCparametric scheme, with and

without segmentation (in number of times real-time):

TASK WITHOUT WITH
CHESS 183 5.2
DOCTOR 28.1 9.2
NEWS 22.1 65
DESK CALC 57.4 - 17.0
FORMANT - 1047 34.4

The word accuracy is 99.07 for the system without segmentahon and 24.37. with
segmentation. The drop in accuracy was attributed to errors ir the dictionary rather
than errors in segmentation (see 4.8.1). :

I"Distance” is the acoustic-phonemic metric that is used. In this case it is the negative
value of the Itakura metric probability (Log) match between a pseudo template
generated from the current 10 milli-second sample and one of the two samples in
question.
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4.7 Search Space Reduction

The speed up philosophy of the Harpy system is to use heuristics to reduce the
calculations and search space as much as possible during the recognition process. To
see where heuristics can be applied, it is necessary to ook at the time formula shown
in section 4.5 in more detail.

(rec.time) = 2.2 + .04(# templates) + .0_27(3 states) + .005(# pointers)

“"Rec.time" is number of times real-time, # pointers is the number of inter-state
connections in the network. A more enlightening way to express the formula is:

(rec.time in seconds) = (# time samples)(.022 + .0004(# templates) +
.00027(# states) + .00005(¢# painters))}

This shows the four main areas where Harpy applies heuristics to reduce its
calculations and search space: the number of time samples. used, the number of
templates used for the acoustic match probabilities per time sample, the number of
states checked per time sample, and the number of pointers checked per time sample.

The methods used by Harpy to reduce the number of templates, states, and
pointers checked per time sample are based on the notion that not all network state
probabilities need be updated at every time sample. There is a simple justification for
this. At time sample O, there is probability 1 of being in: the initial state and

probability O of being in all other states. The only states that have non-zero

probability at time sample 1 are those states that can be reached in one transition
from the initial state. Similarly, the only states that have non-zero probability at time
sample N are those states that can be reached in N transitions (both inter and intra-
state) from the initial state. At M time samples from the end of the utterance, the only
states that need be checked are those from which the final state can be reached in M
transitions. Unfortunately, this significantly reduces the number of states that need to
be checked only near the start or end of the utterance. Intuitively, the only paths that
need be checked at every time sample are those that are "obvious", or conversely, the
paths that are "obviously" wrong can be ignored. Harpy implements this notion of
"obvious" by the use of heuristic thresholds for the states that are checked at every
time sample. The only paths that Harpy follows are those whose states have "high"
probability while those paths whose states have a "low” probability are ignored. "High"
and "low" are defined by the heuristics used in the search reduction.
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The number of pointers checked at everv time sample is directly dependent on
the number of states checked; thus, their number is reduced automatically by reducing
the number of states checked. Dragon, at the start of.every time sample, calculates
the probabilities for all of the template matches since it uses them all at every time
sample. Harpy reduces the number of templates checked at every time sample by
calculating the template probabilities only on demand (if they have not already been
calculated). Thus, the search space reduction (and time reduction) problem in Harpy
becomes one of reducing the number of states (and theretore paths) that is checked at
each time sample. ; ;

The heuristics and algorithms used by Harpy to reduce the number of paths that
it follows are not speech-dependent and can be applied to any dynamic programming
system of this type. Hearsay-i reduces its search space by doing a best-first search.
That is, it searches one path as long as it looks mosf. promising. If the expectation
value for the current path falls below that of another path, then the current path is
temporarily abandoned and the next best path is followed. This process continues
until a path is completed with an acceptable value. An early experiment done with
Harpy was to implement a best-first search strategy. This required a major effort
and was done only for the sake of completeness as a fair comparison with Hearsay-I.
The following are the results of three systems on the Chess task: Harpy with
segmentation (see 4.6) in best-first mode, Hearsay-l, and Harpy with segmentation but
searching all paths (i.e., "Dragon mode").

SYSTEM 7_WORDS ~__ TIME

Harpy+BF S+segmentation 70 41
Hearsay-I 69 . 14
Harpy +segmentation(Dragon mode) 96 5.2

“TIME" is the number of times real-time and "7 WORDS" is the percent of words
correctly recognized. There was an attempt made to run the best-first Harpy at the
10 milli-second sample level. However, the system was manually aborted on the first
utterance when it ran for more that 800 times real-time (about 30 minutes of CPU
time) without a recognition. It is clear that the best-first search technique has severe
limitations when the search space becomes large. It is the large number of confusable
paths and the subsequent large amount of backtracking that causes the foundering of
the best-first search algorithm. :

IThe entire search space (state probabilities for all states for each time sample) must
be saved at all times. The search involves updating the state probabilities along the
best path. Also, an ordered list of normalized probabilities for each partial path must
be kept for selecting the best path to follow. This differs from the "normal” Harpy
search mode in that normally only the state prcbabilities of the previous time sample
need be kept for updating the current state probabilities. In best-first mode, all state
probabilities for all time samples must be kept since the search can "jump" around.
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To overcome these difficulties, Harpy searches only a few "best" paths in
parallel. This is a compromise between searching all paths and searching only the best
path. Here again, "best" is defined by the heuristics and algorithms used. The first
heuristic tried in Harpy was to search only a fixed number (N) of paths (actually,
states). This was done within Harpy by maintaining a current and previous list of best
states. The only candidate states (potential states that may go into the current best
list) that were checked were those states that could be reached in one transition (both
inter and intra) from the states in the previous list.! At time sample O, the only entry
in the current list was the initial state. At every time sample after that, the current
list became the previous list and the candidate states were -sorted to determine the
rank ordering of probabilities from best to worst and the "best" states were placed
into the current list. There were two problems with this method. First, the candidate
states had to be sorted to determine which belonged in the current list and which
could be ignored. This sort added an overhead to the search time (about 307 of the
total search time was devoted to sorh’ng).2 Second, and this was critical, each state
that was on the global path at each time sample had to be within the N best states;
otherwise the global path would be broken and therefore not recognized. A statistical
study showed that for more than 507 of the time samples, the states that were on the
global path had the best probability. However, on rare occasions (less than 17 of the
time samples)3 the probability of the global path states dropped to such- a low level
that more than 307 of the total network states had probabilities greater than or equal
to the global path state. The time needed to search each "best" state by this scheme
(not including sorting time) was about twice what it was when searching all states (i.e,,
Dragon mode) due primarily to the addition of forward pointers (see timing model at
the end of this section). Therefore, there was no time advantage realized when the
fixed number of states searched exceeded about 507 of the total number of network
states. This figure dropped to about 307 when the overhead for the sorting scheme
used was added. This meant that there was no time advantage for this system when
the number of states searched was large enough to guarantee that the global path
would not be broken. Looking at this another way, the minimum search time needed
(assuming zero sort time) to guarantee that no global path would be broken was about
607 of the time needed to search all paths. The "payoff" in this case was deemed too
small to warrant further investigation of different sorting strategies.

170 determine which states a particular state may transition into requires a list of
forward pointers. Each state in the Harpy network thus has, in addition to the list of
back pointers, a list of forward pointers. This is the only significant difference in the
format of the networks as used by Dragon and Harpy.

2Since the states in the prior best list were in decending probability order, the
candidate states which were produced from the best prior states were roughly in
sequerice by probability. The sorting scheme used took advantage of this fact by
placing the candidate states in the current best list one at a time. The current
candidate state was assumed to have a probability worse than all states already in the
current best list and the current best list was searched in reverse order to find the
proper place for the current state.

3The average utterance length was about 150 milli-seconds. Therefore, the
probability was that there was at least one 10 milli-second time sample per utterance
where this phenomena occured.
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The time samples where the ranking of the global' path falls to a low level are
the places where many different paths become confusable with the global path. The

current version of Harpy takes advantage of this phenomenon by searching a variable

number of "best" paths in parallel. The “best" states are those states whose
probability is within a threshold amount of the haghest state probability at each time
sample. Formally, the set By of best states is:

Bt = {S‘ | Pi>HtXT Vi)

where S and P are state i and probability of state i respectively, H, is the highest
state probablhty at the current time sample, and T is the threshold The threshold
setting is determined empirically. It should be .as large as possible without excluding
the global path states at any time sample. The following table shows the effect of
different values for T. These data are from the Formant task which has 2356 network
states.

AVE. # OF STATES SEARCHED

T WORD ACCURACY(7) __ PER_SEGMENT
1 0 1
107} 18 ‘ 5
1072 37 9
1073 46 s A oy
1074 66 - 33
107 73 61
1076 86 : 93
107 84 137
10°85 84 A 216

For comparison, Dragon gets 847 word accuracy on this data set. At large threshold
settings (close to one), the number of states searched per time sample is very small
and the accuracy is poor because of the large number of global paths that are broken.
As the threshold is lowered, more states are searched at every time sample and
consequently more global paths are recognized. When the threshold is small enough,
all the global paths are recognized and the accuracy is the same as for Dragon. The
accuracy reaches its peak at this point and remains at this peak for all lower setting of
the threshold.Z2 This occurs at about 10'7. which is the "standard" threshold setting

lHarpy uses log probabilities rather than actual probabilities. The set of best states
defined by Harpy is (Sj | P;>(Hy-T") Vi} where T’ is the negative log of T.

2There is an interesting anomaly in the above table. The accuracy actually reaches a
peak at a threshold setting of 1076 and then lowers slightly and remains constant for
all lower threshold settings. This is a quirk of this data set and is caused by a
confusion hetween the global path and the globally correct path. There is one
utterance in this data set that Dragon does not correctly recognize (i.e., the global path
is not a correct path) but Harpy does correctly recognize at a threshold of 1076, At
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chosen for Harpy.l This threshold has been tested on all five of Baker’s data sels, and
with it Harpy achieves the identical recognition results as Qragon.

Since each candidate state is now compared against only one other state (the
highest state probability) at each time sample, the need for sorting the candidate
states has been eliminated. This greatly increases the speed of this heuristic. There
is, however, one small technical problem with this heuristic. The highest state
probability at each time sample is not known until all the candidate states have been
checked, since the highest state probability comes from one of the candidate states.
Harpy could save all the current candidate states until the highest state probability is
found, then place the appropriate candidate states in the current best list. However, a
simpler and faster technique is used in the actual implementation of this heuristic. The
best lists (both previous and current) are unsorted with one exception -- the first
place in both lists is reserved for the highest probability state. At the start of each
time sample, the highest state probability (found sp far) is set to 0. As each candidate
state is processed, its probability is checked against the current highest state
probability using the threshold T to determine if it belongs in the current best list.2 In
addition, the candidate state’s probability is checked directly against the current
highest state probability. If the candidate states’ probability is higher, this state is
placed at the beginning of the current list (the state that was in first place is added to
the end) and its probability becomes the current highest. In the majority of cases
(greater than 907), the current highest probability state will be one of the states
following the previous highest probability state. Since the previous highest probability
state, which is first in the previous list, is the first to be processed, the current
highest state probability is usually found immediately. For the cases where the
highest state probability is not immediately found, there may be some states placed in
the current best list that do not meet the heuristic criterion. However, the difference
between the highest state probability and the "pcoud0" highest state probability that
was produced from the previous highest is so small that the number of extraneous
states placed in the current list is negligible (i.e., fewer than 0.17).

Following are the results of Dragon and Harpy on Baker’s five sets of data.
These tests were done after an attempt was made to improve Dragon’s performance
by tuning the templates and dictionary (see sections 4.8 and 4.9). The accuracies are
7 words correct and the times are in number of times real-time. "Harpy states" is the
mean number of network states per time sample that Harpy actually searches.
"NO.POINTERS" is the number of inter-state connections in the network (i.e., either
forward or back pointers).

this threshold setting, Harpy breaks the global path for this utterance, resulting in a
correct path being recognized!

IThis setting is for the ZCC parametric scheme. A value of 1075 is used for the
Itakura metric.

2The first candidate state checked will always be placed in the current best list.
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TASK DRAGON ACCURACY HARPY_ ACCURACY
CHESS 100 : 96.2
DOCTOR 100 88.0
NEWS 100 90.8
DESK CALC. 94.8 89.7
FORMANT 100 90.1
Total %9.0 908
TASK DRAGON TIME HARPY TIME
CHESS 183 15

. DOCTOR 28.1 25
NEWS 22.1 1.9
DESK CALC. 57.4 4.1
FORMANT 104.7 5.8
TASK STATE SIZE NO.POINTERS _ HARPY STATES _ (7)
CHESS 323 1020 . 24 7.4
DOCTOR 592 1147 35 569
NEWS 439 884 30 68
DESK CALC. 973 5040 66 6.8
FORMANT 2250 80 36

7630

83 templates were used in the above ruhs. Following is a timing model for the Harpy

system using the ZCC parameters:

(Time needed in seconds per time sample) = .019 +
.00046(# templates checked per time sample) +
.00047(# states checked per time sample) +
L000096(# pointers checked per time sample).

The timing model for Harpy using the ltakura metric is: -

(Time needed in seconds per time sample) = .019 +
0007 1(# templates checked per time sample) +
.00047(# states checked per time sample) +
.000096(# pointers checked per time sample).

The above times must be multiplied by the total number of time samples, and the
cegmentation overhead (see 4.6) must be added to obtain the total processing time.
The number of templates, states, and pointers checked per time sample is a function of
both the heuristic setting and the contusibility among the network paths. The more
confusable the network paths are, the closer their probabilities will be and,
consequently, the larger the number of states that are placed in the best lists.
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Comparing the above Harpy time model with Dragon’s time model (see page 25)
indicates the following: The reduction in overhead (019 vs. .022) is due to some of the
general calculations being done at specific times (e.g., the template acoustic match
probabilities are done only when needed in Harpy); this is reflected in the rise of the
template calculation time (.00046 vs. .00040). The increase in state calculation time
(.00047 vs. .00027) is due to the processing overhead of the best lists. Finally, the
doubling of the pointer processing is due to a list of following states in addition to the
list of prior states that must be processed per state.! The overall increase in Harpy’s
speed is due to the small number of states (and consequently the small number of
pointers and templates) that is checked per time sample, as shawn in the above table.

4.8 System Tuning

The Harpy system is almost completely free of programmed speech-dependent
knowledge; the only exception is the acoustic-template match routine. The speech
knowledge of the system is contained in the templates, BNF syntax (via the network),
lexical spellings and word juncture rules (again via the network), and phone durations
(see section 4.4). Any errors that the Harpy system makes, assuming that the heuristic
thresholds are properly set, must be attributed to one or more of these knowledge
sources.

4.8.1 Lexical Generation

The first Harpy system used the original Dragon lexicon (see Baker (1975)).
This lexicon is a dictionary of phonetic spellings and daes not allow for the steady-
state nature of the Dragon (and Harpy) system. For example, every word begins with
a silence that is not optional, burst phones (such as [K], and [T]) do not allow for a
silence part and an aspirated part and there is no accaunting for voice bars caused by
stops. Dragon is able to cope with many of these errors by its ability to over-parse
and under-parse (see 4.2). However, these errors are magnified in the Harpy system
because of segmentation and have a severe impact on the performance of the system.
Harpy attempts to correct these errors by the use of a phonetic dictionary and word
juncture rules that account for unique acoustic sounds in the pronunciations of the
words.

IThe "number of pointers” refers to the number of inter-state connections.
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There is an obvious close relationship between the phonetic spellings of the
lexical words and the acoustic-phonetic templates used. This gives rise to the
“"chicken-egg" problem of generation of dictionary and templates. Baker, in his Dragon
system, started with a "standard phonetic" dictionary and generated as many templates
as needed to match the acoustic signal of his training data to the lexicon. The
dictionary was changed only when gross errors were detected (e.g., the use of [WH]
instead of [K W] in the word "queen"). One could just as weil start with a set of
templates and generate the lexicon to match to the training data. The success of
either scheme depends on the accuracy of the starting set (either dictionary of
templates). The single major problem with Dragon’s scheme is that it allows multiple
templates per phone in order to match the dictionary to .the training data. The result
is that there are many overlaps among the phones: within the parametric space (there
were 168 templates covering 33 plones). For example, the silence phone ([-]) has
several templates, some of which are the voice bars produced by the sonorant stops.
These voice bar templates match very closely to nasals. The result is that silences in
the lexicon match both to true silences and to nasals.

The "QTRAIN" experiment was the first attempt to produce an acoustic dictionary
by starting with a set of hamplates.l This experiment was done using the ZCC
parameters. The training data (same as used by Baker for the Dragon system) was
tediously hand segmented and labeled. Goldberg (1975)2 used this data to produce a
set of templates that covered the acoustic space to within the limit set by Baker.3 All
templates produced were uniquely named and only after. the lexicon was produced
were some of the templates given similar names (there were 83 templates covering 62
phones). :

The lexicon was produced in a semi-automatic fashion by considering together
all occurrences of each word. The best seven template matches for each segment
were manually examined to produce a dictionary spelling of each word (and possibly
juncture rules) that best explained the acoustic phenomena.” The resulting dictionary is
shown in appendix A; the corresponding perforriance results are given in section 4.7.
The results show that it is possible to start with a set of templates and produce a
lexicon tuned to training data that gives good results.

There are many problems with the QTRAIN scheme: 1) The dictionary is tuned
for the Dragon system rather than for Harpy. The result is that there are many
"inclusive or" (see 4.3) choices in the dictionary which are needed to account for the
oscillating nature of the 10ms samples among several templates. This becomes
detrimental when the acoustic signal is segmented into larger sized time units, as in the

IThis tuning was actually done for the Dragon system rather than the Harpy system
2My thanks to Dr. Goldberg for producing these templates for me.

3gach 10ms sample matched at least one of ifs corresponding templates to within a
probability of at least .1.
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Harpy system. 2) The ZCC parameters are unstable (this is the cause of condition 1
above). There is a great variation in the parameters, even for two separate
occurrences of the same acoustic-phonetic sound within the same context. This
variation is due mainly to changes in amplitude. 3) There is nothing “sacred” about the
chosen set of templates. Each template center was chosen from one 10ms sample that
best fit a large number of similarly labeled samples. A change in the tolerance limit for
matching will produce a different set of templates. 4) Since the templates are not
fixed, neither is the dictionary. A different set of templates will result in a different
dictionary. 5) Concluding from the above, this scheme is not extendable to other
speakers; a new set of templates and a new dictionary would have to be generated for
a hew speaker.

To make a system that is extendable to many speakers, a "standard” phonetic
dictionary is needed that is composed of phones that represent speaker-independent
acoustic sounds. The data used to accomplish this consist of two sets, each of the
same 20 utterances spoken by four different speakers. One set from each speaker
was used as training data and the second set was used as test data.l The Desk Calc
task domain was chosen because of the large number of acoustically confusable words
that it contains.? The templates were generated by “averaging” all occurrences of each
phone in the training data (see section 4.9). A separate set of templates was
generated for each speaker but a single phonetic dictionary was produced for all four
speakers. ‘

At this point the ZCC parametric scheme was abandoned in favor of the more
accurate Itakurad metric. The lexicon was generated by starting with an "obvious"
phonetic transcription of each word and then modifying it by the acoustic evidence in
the training data to produce the final phonetic dictionary. Every word of every
utterance in the training data was manually examined to confirm or alter the dictionary
entry and to add to or modify the word juncture rules. An important point is that the
templates were manually generated simultaneouysly with the d;chonary generation and
modification (see section 4.9).

After the initial dictionary and template sets were generated, the system was
run on the training data with no syntactic support. This was achieved by generating a
netwark from the dictionary, word juncture rules, and a BNF grammar that allows any

1The errors that the system makes on the training data are manually analyzed and the
appropriate corrections are made. The system is repeatedly run on the training data
to find and correct all errors that it makes. It is assumed therefore, that the system
will achieve 1007 accuracy on the training data.

2The branching factor for this language is about 10.8, The confusable words "alpha”,
"beta", "gamma", and "delta” can all occur in syntachcally equwalent positions. See
Goodman (1976).

3gee Itakura (1975).
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word to follow any other word. The lack of syntactic support (and the resulting high ‘3
branching factor of 37 at each word) allows acoustic ambiguities and errors to be

! spotted immediately by manual examination of the recognition results on the training

data. The resuiting errors were analyzed and attributed to either mis-tuned templates, ; i
lexical spelling errors, word juncture rule errors, or acoustic duration errors (for the

-data-dependent transition probabilities). The errors were corrected and the system

re-run until the system achieved 1007. (or near 1007) accuracy on the training data

without syntactic support. The final dictionary produced by this tuning is shown in

appendix B. The performance results with this tuning are given in section 4.9.

REITTTTITTY

4.8.2 Template Generation

The lessons learned from the QTRAIN experiment about template generation are:
1) It is nearly impossible to find a single exemplary sample that can serve as the
cluster center for any particular sound and 2) Errors in hand labeled data result in
extraneous and errorfull templates being produced by an automatic template
generation system. The templates generated for the Harpy system, in contrast, are
‘manually selected and represent an averaging of many samples of the acoustic data for
each phone. There is only one template per phone. Averaging for the Itakura metric
is accomplished by summing the autocorrelation coefficients from the desired samples.
This average cluster center, while it may not match perfectly to any single sample, is
the only template which receives the highest (or near highest) probability match
across all of its acoustic samples. This averaging is especially desirable in the Harpy
system because of the averaging done by its segmenter (see section 4.6). Mistuned
templates (templates that do not match "well" to an occ'urrence of its acoustic signal)
are corrected by adding the autocorrelation coefficients of the acoustic samples that
are in error to the cumulative sum of the cluster center for the template in question.

Intra-word allophonic variation is accounted for by the use of unique phone (and
template) names within the dictionary. For example, there are six different variations
for the phone "AH" (see appendix E). Each phone is uniquely named (by numbering)
and each has one and only one template. There is some "art" needed in generating the
templates and lexicon. Very often while generating the templates, a particular
template that has been partially tuned will match-very poorly to the acoustic signal of
a word in which it should belong. One is tempted at this point to alter the lexical entry
to account for this phenomenon. However, after averaging the template with the
acoustic signal, it is usually found that the resulting template matches surprisingly well
with both the current acoustic signal and all prior occurrences of this phone. The
lexical entries are changed only as a last resort in tuning. This results in a "clean”
looking dictionary (see appendix B) that can be easily used to tune templates for a
new speaker to the system. '
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words within the utterance are correctly recognized'.), and TIME is the number of times
real-time needed for recognition. TIME includes 8.4 times real-time for the generation
of the autocorrelation coefficients and the linear predictor coefficients.

Complete details of the above results are ‘given in appendix F. The dictionary
used for the above test results is shown in appendix B, the word juncture rules are
shown in appendix D, and the phone durations are ‘shown in apperdix E.

4.10 Program Space and Time

The Harpy system currently runs on a POP KA-10 computer which is a 36 bit
word machine, and has an effective speed of about 342,000 instructions per second.
The space used by the program may be considered in two parts, a fixed amount for
code and general data, and variable amount for data, depending on the network size,
number of templates, etc. The fixed amount is 54K words and is composed of the
following: e

3K output routines
1K segmentation routine
1K network searching algorithm
10K autocorrelation coefficients generation routine.
2K initialization routines :
1K “linear predictor generation routine

18K general global data
5K debugging routines

6K library routines (LOG function, 1/0, etc.)
_7K general storage (stacks, string space, etc.)
54K

The breakdown for the variable data storage (in words) is as follows:

9 x number of network states
18 x number of 10ms samples used per utterance
(currently 600 = 6 seconds maximum)
5 x number of pointers (i.e., ‘nter-state transitions, approximately)
19 x number of templates
4 x number of phones
(usually the same as # of templates)

The variable data sizes (in K words) for the Desk Calc task with syntax are:
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4.8.3 W_ord Juncture Rule Generation

The word juncture rules are used to describe acoustic-phonetic phenomena that
occur at word boundaries. Each juncture rule contains a left and right context of a
word boundary and a description of what changes may occur at this juncture. A
complete description of the word juncture rules is given in 5.2.3. The word juncture
rules are generated simultaneously with the dictionary and the templates. Tuning of
the juncture rules consists of either adding new rules or altering existing ones to
account for new occurrences of juncture phenomena.

4.9 Performance

" After the system was tuned on its training data, it was run on its test data. The
test data consist of two large sets, each 0f which contains four smaller sets, one from
each of four speakers. All three sets spoken by each of the four speakers (one
training set and the two test sets) contain the same 20 sentences and 110 words. The
first test set was recorded during the same session as the training set; the second test
set was recorded five months after the training set. No analysis has been done on any
of the errors made by the system on the test data, nor has any attempt been made to
correct these errors. Error corrections were done only on the training set. Each test
set was run in two modes: with syntactic support and without syntactic support. The
network for the latter mode was created by using a BNF grammar that allowed any
word to follow any other word. The effective syntactic branching factor (the average
number of words that can follow any other word in a sentence) for the runs with
syntax is about 11, and without syntax it is 37. See Goodman (1976) for a complete
treatise on the complexities of these two grammars. The following are the overall
results of the Harpy system on the two sets of test data:

TJEST DATA 7WORDS ZUTTS TIME
1) WITH SYNTAX 97.5 88.6 13.1
1) NO SYNTAX 90.8 55.0 180
2) WITH SYNTAX 93.1 709 13.2
2) NO SYNTAX 835 36.7 180

"1)" and “2)" indicate the immediate and five month test sets respectively. 7ZWORDS is
7. words correctly recognized, ZUTTS is the 7 utterances correctly identified (i.e., all
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7.0k network states
10.8 speech data
175 network pointers

1.1 . templates
3 phones
37.1K

The variak!e dsta sizes (in K words) for the Desk Calc task without syntax are:

22K  network states
108"  speech data
11.4 network pointers

1.1 templates
L&l phones
25.8K

The total size of Harpy for the Desk Calc task is about glK with syntax and
about 80K without syntax. :

A breakdown of the time needed for the recogmhon of an average utterance
that takes 13.1 times real-time is as follows: :

# TIMES
ZTIME REAL-TIME ROUTINE _

57.5 753 autocorrelation coefficient generation
- 6.6 87 linear predictor coefficient generahon
120 S LY segmentation
125 1.64 state probability updating

3 .04 backtracking
111 1.45 acoustic-phonetic template matching

13.1 ' :

The above tables indicate that the majority of program space and time is taken
in the generation of the autocorrelation coefficients and the linear predictor
coefficients. The search algorithm itself is very small (27 of the fixed program space
and about 157 of the total space). The major portion of the data space used is for
storing the network data. This may be the major problem with systems of this type
for larger grammars (see section 6.3).
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5 NETWORK DATA REPRESENTATION

5.1 Description and Format

The networks as used by the Harpy and Dragan systems are a tractable method
for representing the combined syntactic, lexical, and, for Harpy, word juncture
knowledge. A network is a set of states with inter-state. connections and, in the case
of Dragon, inter-state and intra-state transition probabilities. The networks for Harpy
do not contain transition probabilities (See section 4.4). The networks are generated
by a network compiler from the BNF grammar, the phonetic dictionary, and the word
juncture rules.l Each state in the network contains the following information: the word
(the terminal symbol from the BNF grammar), a unique ID mumber (every BNF terminal
symbol is given a unique number), the phone (from either the phonetic dictionary or
the word juncture rules), a list of prior states (all the states that. may transition into
the current state), and, for Harpy, a list of following states (all the states to which the
current state may transition). The words that represent the recognized utterance are
taken from the states that lie along the global path. It is important to note that each
word of the recognition usually occurs in more than one state. For.example, the word
"one" may occur in at least three states, namely the states that represent the phones
[W), [AH], and [N]. If a word (i.e., terminal symbol of the BNF grammar) can legally
occur several times in a row, then the recognition system must have a means of
detecting that the multiple states (on the global path) which contain the same word
(terminal BNF symbol) actually represent more.than one occurrence of the symbol in
the BNF grammar. The unique ID number is used to indicate to the recognition system
when the global path actually passes through a different BNF termjnal symbol.2 There
are two unique states in the network: the initial state, which has no prior states, and
the final state, which has no following states. These two. states are indicated in the

A network should not be confused with the derivation tree of a context free language
(a BNF grammar) (see Hopcroft, et al. (1969)). The nodes of a derivation tree that are
not terminal represent the non-terminal symbols of the grammar while every node
(called state) of a network represents a terminal symbol of the grammar. Also, a
derivation tree does not allow loops while a network does.

2This causes a small problem in the BNF grammar specification. A terminal symbol in
the BNF must never be allowed to immediately follow itself, otherwise the recognition
system would not realize that there is a loop in the global path which passes through a
terminal symbol more than once. In these cases, the BNF must specify two alternating
terminal symbols of the same name. See one of the "DIGIT™s specification in the desk
calc BNF grammar in appendix C. '
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BNF by the symbols "[" and "]", respectively. Every path"3 that goes from the initial
state to the final state represents a syntactically and phonetically legal path. Also, the
set of all such network paths is exactly the set of all legal syntactic-acoustic paths. 1

52 Generati on

Baker (1975) gives the basic method for generating a network from the BNF
grammar and a phonetic dictionary. The networks are generated in several passes: the
BNF grammar is used to generate a grammar network; each state in the grammar
network, which represents a terminal symbol in the BNF grammar, is expanded with a
phonetic subnetwork that represents the dictionary spelling for the terminal symbol;
word juncture rules are added; and, finally, specual network reduction heuristics are
applied.

5.2.1 BNF Grammars

The syntactic knowledge contained within the networks tomes from the BNF
grammar specification (See appendix C for an example). The network compiler reads
the BNF specification and generates a grammar network in which every state
represents a terminal symbol of the BNF. A path through the network is a contiguous
sequence of states that are connected by inter-state connections. Each path through
the network from the initial state to the final state represents an utterance (sentence)
of the language that is specified by the BNF grammar.. A BNF grammar .is not the most
efficient means to specify a network because of the possibility of either NIA’s (see
below) or redundant states (see section 5.3.2). However, a BNF is a convenient means
of defining an artificial language for a specific task damain in a connected speech
recognition system because the BNF represents the productions rules of a context free
grammar and the parsing of a context free grammar is well: understood.

One major problem that may be encountered with using a BNF grammar
specification to generate a network is what Baker refers to as a loss of context for a

A "path” is a sequence of states that is connected by mter-state connections (or
pointers). :

Ithis may not be true in the case of Non- Iermmal Inlersechon Amblgumes (explained
below).
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non-terminal symbol when it is used in more than one unique context. We call this
“Non-terminal Intersection Ambiguity” (NIA). NIA’s are not inherent in the BNF
grammar specification, but occur because of the way in which the BNF is used to
generate the network. This can best be explained by an example. Consider the two
partial BNF productions:

(left-context-1) <non-terminal-x> (right-context-1)
(left-context-2) <non-terminal-x> (right-context-2)

The <non-terminal> symbol has been used in more than one unique context (both left
and right). The production for <ron-terminal-x> (subnetwork) will be expanded once
and all references to this non-terminal (occurrences of it on the right hand side of the
productions) will create links to and from this subnetwork. The resulting network will
contain not only the legal paths "(left-context-1) <non-terminal-x> (right-context-1)"
and “(left-context-2) <non-terminal-x> (right-context-2)" but also the illegal paths
"(left-context-1) <non-terminal-x> (right-context-2)" -and "(left context-2) <non-
terminal-x> (right-context-1)". There is no known practical automatic way of detecting
and eliminating the NIA’s from a grammar because similar cantexts for a non-terminal
symbol cannot be accurately determined during the network generatior\.l With one
notable exception, all the BNF grammars that are used by the Dragon and Harpy
syslems were hand edited to remove NIA’s. The exception is the formant task
grammar (see Baker, 1975). In this grammar, the non-terminal symbol <f!nine-digit>
occurs in at least 12 unique contexts. This is compounded by the fact that within the
<finine-digit> production, the non-terminal symbol <f'three-digit> occurs in three
different contexts. Further, the non-terminal symbol <f!digit> occurs in two different
contexts within the <f!three-digit> production, The result. is that there would have to
be at least 72 (2x3x12) different productions for <f!digit> to resolve the NIA’s for the
<f!nine-digit> non-terminal symbol only. There are other NIA’s in this grammar. The
point of all of this is that there are some task networks which contain illegal paths
because it is impractical, if not impossible, to remove all NIA's. The correct recognition
path must be resolved by the lower level knowledge sources in these cases. This is
strong motivation for accurate lexical and acoustic knawledge within the system.

10ne method for eliminating NIA’s from a grammar network is to generate a separate
unique production (subnetwork) for every occurrence of a non-terminal symbol on the
right hand sidz of a production. However, this becomes impractical for large grammars
because of the large number of productions generated and, in fact, impossible for
recursive grammars.
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5.2.2 Dictionaries

Each state of the grammar network (which represents a terminal symbol) is
expanded with a subnetwork, that represents the pronunciation(s) of the terminal
symbol word, to form the complete syntactic-phonetic state network. These
subnetworks are generated from a phonetic dictionary (see appendices A and B).

The phonetic dictionary that Dragon uses contains only one phonetic
transcription per word entry; alternate transcriptions are specified by multiple word
entries. This becomes unwieldy for words that have several choices for more than one
phone in the word because of the multiplicative explosion (see below for an example).
Therefore, the Harpy dictionaries have only one phonetic transcription entry per word
with alternate choices being indicated by a special notation. This notation consists of
parentheses to indicate aiternative choices, and commas to separate the alternatives.
The special character "0" is used to indicate the null choice. Parentheses may be
nested in any manner (provided they are paired). For example, the entry for the word
“into": :

(-,OX(IH,IX,0) N - T,IX N DX) AX

is equivalent to the eight entries:

-IHN-T AX
-IXN-TAX
-N-TAX

- IX N DX AX
IHN - T AX

IXN-T AX

N -T AX

IX N DX AX

Further, the square bracket pair "[]" is used to indicate optional acoustic choices
within a single state. That is, the list if phones within the "[]" pair generates one state
only and the entire list of phones will be assigned to that state as optional choices.
Nesting of the the "[]" is not allowed. For example, the spelling for "four”, [K1,F] AD2
{ER1,ERA], generates three states; the first state allows for the occurrence of either
the phone [K1] or [F], the second allows only the phone [A02], and the third allows tor
the occurrence of either the phones [ER1] or [ER4} Logically, the "[]" pair encloses
inclusive or choices of phones whereas the "()" pair encloses exclusive or choices of
phones. (see QTRAIN dictionary in appendix A).
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5.2.3 Word Juncture Rules

The word juncture rules are added to the néiwork, after the acoustic spellings
have been incorporated, in order to resolve possible inter-word juncture phenomena.
Appendix D shows the word juncture rules. The syntax for the juncture rules is as
follows: S ;

<rule>:= <left-context><right-context><opcode><phonetic-trans>
<left-context>::= <phone-choice> ;

<right-context>::=  <phone-choice> :

<phone-choice>::=  <j-phone>|[<phone-list>]

<phone-list>::= <j-phone>|<j-phone><phone-list>

<j-phone>:= <any-legal-phone>|<|>|0]#

<opcode>::= Thilel> 24

Juncture rules are applied only at word jc_v_n.cturesl within the network during
generation. The <left-context> and <right-context> are the phone choices for the last
phone of the left word and the first phone of the right word, respectively, at the
juncture. There are four special symbols that can be used in the context specification.
They are: “<" and ">" for left phone and right phone respectively, “0" for any phone
except for the initial and final states, and "#" for the initial state if used in left context
or final state if used in right context (i.e, the start or end of utterance, respectively).
For example, the rule:

0,<{
is applied at junctures where there is anything on the left (except the initial state) and
the right phone matches the left. The following rule would have the same effect:

>,0{

Tintra-word acoustic juncture phenomena are accounted for in the dictionary.
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The semantics for the opcodes are:

-

substitute the <phonetic-trans> in place of both phones
insert the <phonetic-trans> between the two phones
make the left phone optional

make the right phone optional

remove the left phone (and link around it)

remove the right phone (and link around. it)

§ gy

The <phonetic-trans> is a dictionary-like entry with the following exceptions: the "<"
and ">" characters may be used to indicate the left and right phones respectively; all
phones given within the <phonetic-trans> are assumed to be asspciated with the right
hand lexical word; and a "." is used in front of a phone to force it to be associated wnh
the left lexical word. For example, the following ru|es are equlvalent

>,0{
0,<1((.<,0) >)

Another example, the rule "ER,#1(.<,R).AXX,0)" when applied to the word "four" (*(-,0)
F AH4 ER") at the end of the sentence has the effect of artermg the phonetic spelling
fo “(-,0) F AH4 (ERR) (AXX,0)".

The word juncture rules are included with the phanetic dictionary to indicate the
complete options of the word pronunciations in all contexts. The generation of the
word juncture rules is part of the overall system tuning (including the dictionary
generation and templaie generation).

5.3 State Size Reduction

From the Dragon time model (see section 3.6), one sees that, except for a
constant overhead, the recognition time for a given utterance is nearly linearly
dependent on the network size. As was shown with Harpy (see section 4.7), the
recognition time is dependent upon the confusibility among the paths. Therefore,
several techniques were developed to reduce the network size and complexity (the
number of confusable paths). They are removal of null states, removal of redundant
states, and subsumption of common states.
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5.3.1 Null State Removal

A null state is a state which contains no pertinent syntactic or phonetic
information. That is, a null state contains no information other than the connections to
its prior and following states; it is a "dummy" state. The null states as they appear in
Dragon’s networks, are the "ghosts" of the non-terminal symbols of the BNF grammar.
It is an expedient technique to utilize null states during the network generation
because they are the common juncture links between many incoming and outgoing
states. These null states have little or no effect on the Dragon system because the
system is able to "hide" them in the many 10ms time samples during the recognition
process by underparsing them,l i.e., by absorbing them into the many 10 milli-second
time samples. However, it becomes essential to remove the null states for the Harpy
system because this system operates on larger time units, due to segmentation, than
the 10ms time level (see section 45). A segment is too large a time unit to be "thrown
away" in "hiding" a null state (i.e., too much acoustic information is lost). A nuli state is
removed by linking each of its prior states to each of its following states and deleting
the null state.? This results in a reduction in the total number of states of between 77
and 267, depending on the BNF grammar. However, the efficiency of this state
reduction is tempered by the fact that there is an increase in the number of inter-
state links ("pointers”). If a null state has N prior states and M following states, its
removal reduces the state size by one but increases the number of pointers by MxN-
(M+N).

5.3.2 Redundant State Removal

A considerable savings in both state and pointer size can be realized through
the technique of removing redundant states. This technique is a heuristic (as opposed
to an algorithm) and does. not guarantee a minimal network.3 However, it is a simple
heuristic to implement that is guaranteed not to alter the semantic content of the
network (i.e., the grammar specification). Redundant states can occur in both the
grammar network and the complete network.

IThe intra-state transition probability for these null states is set to 0.
2"Delete” implies removing all links to and from the state being deleted.

Ssee Hopcroft and Ullman (1969) and Karp, et al, (1974)
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Two states A and B in the grammar network are redundant if: 1) each has have
the same terminal lexical symbol (but different 1D numbers) and each has exactly the
same prior states, or 2) each has the same terminal lexical symbol and exactly the
same fallowing states.! When two states, assume A and B, are found to be redundant,
one of them can be removed from the network without any loss of syntactic
information in the following way: One of the states is selected for removal (they are
equivalent). Assume, for the sake of argument, that the two states satisfy condition 1
and that state A is to be removed. Removal is then accomplished by !'inking state B to
all the following states of A (if they are not already linked) and deleting state A from
the network. Similarly if the two states satisty condition 2, then all of the prior states
of state A are linked to state B (again if they are not already linked) and state A is
deleted. It is important to note that by removing one redundant state from the
network others may be created by the relinking. process. Therefore, the network must
be repeatedly searched until no more redundant states are found.

For example, consider the following BNF grammar:
<sentence>:= [ <request> ]
<request>:= TELL <pron> <quan> THE <sum>

TELL <pron> ABOUT <det>
GIVE ME THE <sum>

<pron>:;= us
ME
<quan>:= ABOUT
ABOUT ALL
<sum>i= STORIES
HEADLINES
<det>::= NIXON
CHINA

Figure 5.1 shows the grammar network that is generated from this BNF (with null
states removed). There is a state in the network for every occurrence of a terminal
symbol in the BNF. The two "TELL" states are redundant by condition 1, as are the
three "ABOUT" states. The two "THE" states are redundant by condition 2. This gives
a total of four redundant states and nine pointers that may be removed. Figure 5.2
shows the resulting network after the redundant states are removed. The two sets of
syntactic paths specified by the two networks are identical; there has been no loss of
syntactic information.

1"Same prior" and "same following" states mean identically the same states, not just
the same terminal lexical symbol. This constraint guarantees the integrity of the
semantic content of the network.
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FIGURE 5.1 Grammar network as generated from BNF.
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Redundant states in the complete network are. caused by the optional choices
specified in the dictionary (or word juncture rule) entries. Two states, A and B, in the
complete network are redundant if they contain the same ID number (and lexicon
symbol) and the same phone and 1) they hoth have the same prior states or 2) they
have the same following states! or 3) they are linked together (e.g., B is one of A’s
following states).? Redundant states that satisfy either condition 1 or 2 are removed in
the identical manner as removing redundant states from the grammar network. It may
not always be possible to remove redundant states that satisty condition 3 but the
redundant condition can always be removed in the following way: Assume state A is
one of slate B’s prior states. State A is then linked to each of B’s following states and
the link between A and B is removed. State B can then be deleted if it now has no
prior states (i.e., state A was B’s only prior state). Consider the followmg three partial
phonetic spellmgs for the ending of the word "hundred":

spelling-1 D ((ER,0) EH, ER (EH,0)) D
spelling-2 D (EREHER EH) D
spelling-3 D (ER,OXEREH) D

Figure 5.3 shows the subnetwork that is generated for each of these spellings plus the
resulting common subnetwork that occurs when the redundant states are removed
from any one of the above (i.e., they are all equivalent). As with the terminal symbols
in the grammar network, there is a state generated for each phone specified in the
dictionary. In the first two spellings, the two "ER" states are redundant by condition 1
and the two "EH" states are redundant by condition 2. In the third spelling, the two
"ER" states are redundant by condition 3; after removing the redundant condition, they
become redundant by condition 1 and one of them can then be deleted. The collapsed
network cannot be generated from a phonetic spelling, with the given syntax, without
the technique of removing redundant states. The reduction in network size is
dependent on both the BNF grammar specification and the phonetic dictionary. A
typical reduction is about 107 for the number of states and about 207 for the number
of pointers. The reduction in search time of the recognition system is typically about
307 for networks where the state reduction is 107. This is due mainly to the
reduction of the number of confusable paths that are searched.

IAgain, "same prior" and "same following" states mean identically the same states.

2This is a redundant condition only because there is an implied intra-state link for all
states in the complete network.
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NETWORK FROM D (EREH,ER EH) D

ANY OF THE ABOVE NETWORKS AFTER REMOVAL OF REDUNDANT NODES
FIGURE 5.3 Examples of phonetic networks. i
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5.3.3 Subsumption of Common States

The removal of null and redundant states from the network does not affect the
accuracy of the recognition process, but does speed it up because of the reduced
network size, and is transparent to the recognition system. The third technique for
reducing the network size, the subsumption of common states, has the potentiai of
affecting the recognition process and also requires a minpr modification to the
recognition system. The definition of common states is a generalization of the
definition of redundant states in the complete network. Two states A and B are
common (in the complete network) if: they both have the same phone and 1) they both
have the same prior states or 2) they both have the same following states.! The
difference in definition between common states and redundant states is that common
siates contain different lexicon symbols whereas redundant states contain the same
lexicon symbol. In such a case, one of the states can in effect be removed by
subsuming both states into a common null state, A common null state is a "dummy"
state that does not contain a lexicon symbol (nor ID number) but does contain a phone.
A common null state is common to more than one lexicon symbol. For example, most of
the phonetic spellings of the words in the dictionary start with an optional silence
phone [-]. If the number of possible words that can follow some word is N, then there
will be N optional silence states (one for each of the following words) following the
last state of the word. It is not necessary to have an optional silence state for each of
the following words; one common null state (of silence) will suffice. It is because the
common null state has no lexical symbol information that the recognition system must
be modified to recognize this fact. The actual technique used to remove common
states is identical to removing redundant states except that the lexical symbol and ID
information in the remaining state are removed or tagged to mdncate that it is now a
common null state.

The potential danger that can affect the recognition process is that there can be
a complete loss of grammatical information due to the subsumption of either total or
partial homonyms. Words that are total homonyms have identical phonetic dictionary
spellings (e.g., "steel”, "steal" .2 Wards that are partial homonyms are ones in which the
dictionary spelling for one word is completely contained in the other word’s spelling
(e.g., "king", "king’s" and "onto", "to"). Homonyms, either partial or total, that are
syntactically identical will result in a loss of grammatical information when they are
subsumed into common null states. To prevent this information loss, the special
character "" may be placed in the acoustic dictionary after any phone to indicate to

1Again, "same prior" and "same following" states mean identically the same states.

2Total homonyms that are syntactically equivalent cannot be distinguished by the
recognition process and one or the other would be randomly chosen. However, if the
total homonyms are subsumed into common null states then the recognition process
could no longer make the random chonice because -all syntactic information would be
lost.
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the network compiler that the state that is generated for this phone is not to be
subsumed into a common null state. It is to be considered an uncommon state. The

words “IN" and "INTO" in the Desk-calc task dictionary contain these uncommon state

markers (see appendix C).

The savings realized by the subsumption of common states is typically about
307 for the number of states and about 507 for the number of pointers. The savings
is more significant for the Harpy system than the Dragon system because the number
of confusable paths is considerably reduced by the collapsing of many acoustically
identically paths into one. The effect on Harpy is a better than two fold speed up.

-

5.3.4 Intersection States

Recent experiments with large vocabulary grammars of about 1000 words (see
appendix H) and large branching factors of about 30, have necessitated the
development of another technique for the reduction of the nhumber of pointers needed
for the network representation. Recall from 53.1 that by removing a null state, the
number of pointers needed increases. In the large branching factor grammars where
the number of forward and back pointers of a null stale can be 30 or more, then the
cost! of removing them becomes prohibitive. To save the exponential blow up in the
number of pointers needed, the offending null- states are re-defined to be
“intersection” states. An intersection state is a dummy state that is the common
intersection between several incoming and outgoing states, An intersection state does
not contain the usual state information such as lexical word, phoneme, unique ID
number, etc., and the probably of being in an intersection state during the recognition
process is (by definition) 0. States which link to an intersection state are logically
linked to the states that the intersection state are linked to, rather than to the
intersection state itself. The intersection state is considered to be an indirect list of
pointers during the recognition process. This requires a modification to the recognition
system to recognize the intersection states and act accordingly.

170 remove a null state with 30 forward and back pointers requires 840 more pointers
than it takes to leave it in ((30x30) - (30+30)).
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6 CONCLUSIONS

6.1 Introduction

The performance of the Hearsay-l system shows ‘he power that speech-
dependent heuristics have in improving the search speed bty reducing the search
space. Dragon shows the feasibility of searching through a network that contains the
integral knowledge of both syntax and phonetics for the optimal acoustic path. Harpy
combines the network representation of knowledge with heuristic techniques for
reducing search space to produce a high speed and high accuracy system. The
networks of the Harpy system differ from the Dragon networks in that Harpy uses
connection networks while Dragon uses Markov networks.” The following are some of
the design choices of the Hearsay-l, Dragan, and Harpy systems that affect speed:

Hearsay-I Dragon _____Harpy
Search Best-first All paths Best few
strategy with in ~ paths in

backtracking parallel _parallel
segmentation yes no yes
phonetic match match “selective
match ~all phones all phones “match”
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The designh choices of the three systems that affect accuracy are the following:

Hearsay-I Dragon Harpy
Word base form base form network
representation dictionary dictionary (machine
- derived)
juncture procedural none yes
rules (can be
added)
prosodic procedural none duration -
rules i
parametric 5 octave 5 octave LPC
representation band filters band filters

Some interesting features of the Harpy system are the following:

. The system was tuned on one set of data and tested on two separate sets

of data for four different speakers. One phonetic dictionary is used for all
speakers.

. Harpy is faster than any other connected-speech system currently

running. Harpy requires 4.5 million machine instructions per second of
speech for recognition. Reddy (1976) gives the following rates for four
other system (in million instructions per second of speech): Hearsay-l 3-
15, Drago= 15-60, Lincoln 45-75, 1BM 30.

. Harpy is more accurate than any other system currently running. Harpy

achieves 88.67. utterance accuracy for four speakers on a set of test data
that was recorded with its training data and 70.97 utterance accuracy on
a set of test data that was recorded five months after its training data.
The accuracies reported for the ai:ove four systems are: Hearsay-1 327,
Dragon 487, Lincoln 497, IBM 557 (on two speakers). The branching
factor (the average number of words that can follow any word in the
syntax) of 10.8 for the task used in this study for Harpy is higher than for
the other existing systems. The branching factor for the Lincoln task is
7.2 and for IBM 7.3.
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6.2 Contributions

The contributions made by the Harpy connected speech recognition system are:

1. Harpy offers a viable compromise between a best-first search and a
complete parallel search of all the syntactic paths. Harpy’s technique of
searching a variable number of "best" paths :(both syntactic and phonetic)
in parallel offers the same accuracy as searching all paths in parallel while

i taking only a fraction of the time (typically, about 77 of the time needed
i to search all paths in parallel). Harpy demonstrates that there is a simple
heuristic which can be used to determine which are the "best” paths to
follow; namely, only those states which are within a threshold amount of
the highest state probability at every speech time sample need be
followed.

2. Inter-state and intra-state transition probabilities, for this type of
recognition system, will produce more accurate acoustic-phonetic
mappings and, therefore, more accurate.recognition results, if they are
calculated dynamically during the recognition process from speech
dependent-knowledge rather than a-priori from statistical measurements.

f' 3. There are simple heuristics that can be used to reduce the network size,
complexity, and confusibility among alternate paths. These heuristics are
the removal of redundant states and subsumption of common states.

4. The accuracy of a speech recognition system is greatly improved by using
speech evidence in producing the dictionary and templates. The
dictionary of the Harpy system was praduced by a careful study of the
realizations of the words in the training data. Aliophonic variations are
specified in the Harpy system by the use of many unique phones (60) with
one template per phone rather than a small number of phones with a
large number of templates per phone. -

54




i T T T A it P 5 AN TP e e

FUTURE WORK 6.3 e CONCLUSIONS

6.3 Future Work

The system will need to be tested on a larger grammar than the 37 word desk
cale grammar, preferably between 200 and 1000 words. The grammar should be
carefully selected to reduce the a-priori acoustic ambjguities as much as possible.l
New techniques for obtaining the lexicon and the user dependent-templates will have
to developed as the current manual method will prove to be too tedious for 1000 word
grammars. The time needed to produce the lexicon for the 37 word desk calc task was
four hours for each of the four training sets, or a total of about 16 hours.
Extrapolation implies that it will require more than 400 man-hours to produce the
lexicon for a 1000 word task. The size and complexity of a network for a large
grammar may require new methods for representation and storage; the network may
be too large to fit in main memory of the current system. A rough estimate indicates
that the network for a 1000 word task (assuming there are 22,000 states and 95,000
pointers) will require over 670K words of storage for representation of this network
in the current system. While working with the Harpy system, the author observed that
the speed of the system is roughly inversely proportional to the log of the retwork
size. For example, consider the follow observed search times (excluding paremeter
calculations), in number of times real-time, and network state sizes (for the 7CC
parametric scheme): ' '

STATES TIME
323 1.5
439 1.9
592 25
973 4.1

2250 5.8

The formula for recognition time is roughly

TIME = 4.4xLOG(STATES) -~ 9.7

If the extrapolation is accurate, then the search iime (excluding the autocorrelation and
linear predictor coefficient calculation time) should increase by only about a factor of
two for a 1000 word grammar (assuming 22,000 network states) over the 37 word
desk calc grammar (assuming 820 network states). However, there may be an overhead
added for the storage scheme (possibly paging) of the larger network.

The majority of time used by the system (more that 647) is for the generation of
the autocorrelation and linear predictor coefficients. This problem is not unique to

Harpy; all speech systems that use this parametric scheme must face this problem. The .

I'see Goodman (1976).
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actual code used by Harpy for calculating these parameters has been streamlined by
the removal of all loops and array subscripting. Instead of having an inner loop code
that is called on 1500 times, Harpy replicates the.inner loop code 1500 times and
executes it linearly. Despite this effort at optimization, it still takes 8.4 times real-time
to generate these parameters. It seems unlikely that an improved algorithm can be
found to speed this calculation since the problem lies in the shear volume of data that
must be used in calculating these parameters (the digitized wave form). A possible
solution for improving the speed of this calculation may lie with hardware technology
(e.g, a special high speed hardware device specifically designed to do these
calculations). Another possibility is the use of anather parametric scheme.

6.4 Summary

The Harpy system described in this thesis is an example of a fast and accurate
connected speech recognition system which ‘is "also conceptually: simple. The Harpy
system, in its present state, appears to be faster and more accurate than any other
speech recognition system that has been reported. This is not to imply that the design
choices used in the Harpy system (e.g., data representation, search, and speed up
heuristics) are either ideal or optimal techniques for recognition of connected speech
but rather they represent one point in the evolution of speech recognition systems
and help point the way for further research.
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KNIGHT
L=1-P
LABELING
LABELS
LEFT
LESIONS
LET
LINEAR
LITERAL
LOGARITHM

LONG
LOOK
LOW

1.PC
MARKEL
MARKING
MATE
MAX

ME
MEASLES
METHOD

"METHODS

MICROSECONDS

MILD
MILLION

MILLISECONDS

MIN
MINUS
MOD

MOVE
MOVES
MOVES-TO
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(-0) HI N [GP1,82] ER3 M IH3 [N,NX] -

(-,0) (IM1,[AX1,AX2]) N - SH [ERI ER2] -

(-0) [IHI,IH2]N'S - [T2,5] AXI N'S

(-0) (IH1,IH2) N [T3,T4] [ER1,ER2] AEL - [D1,02] 1Y (N,V)
(-0) ([AA1,EH2], [AX3,AX1]) N - [P1,D1,T1,T2,T3,T6]
[AX1,AX2,AX3]

(-0) [IH2,IH1] N V [ER1,ER2] S

(-,0) (NO) [1Y,AX1,AX3,IH2] [S,T6,T4)

(-,0) [IH2,1Y,UW] S [ERL,ER2,V] [AX1,IH2] [OW,AX2] [LW]
(-0) [AE2,IH1] - (T7,0) =

(-0) (IH1,[AX1,AX2,AX3)) - [T1,F2,T3,T7] AH1 - [K2,T7,T2)
[ER1,ER2] AH1 e

- [T2,TA,T7]1HL M S

- [K2,T7,T2] (IH1,IH2] [NX,N]

(-0) N AHL THL IY - ([T2,T3K1]0)

(-0) [EH1,EH2] L AEL AE2 - IY

(~0) (L,0) EH1 TH1 [-,B1] (OW,AX4) L [IH1,1H2] [NX,N]
(-,0) (L,0) EH1 IH1 [-BIJOWL S

(-0) L [EH1,EHR] F -

(-0) L IY SH [AX1,AX2] N'S

(-0) (L,0) AHI - (T7,0)

(-0) L (IH1,[AX1,AX2,AX3,AX4]). N IY [ER1,ER2]

(-0) H3 V AH2 L

(-0) L (AO1,0W) - [G,P1,P2] ((AE1,AE2),0) [ERL,ER2]
(IH1,[AX1,AX2,AX3,AX4]) F M

(-0) L AO1 NX '

(-,0) L (UH[AX8,0W)) - ([K1K2]0)

(-0) L (UHEH2) OW

(-0) EHL L - [TL,T2]IY S 1Y

(-0) M AAI [ER1ER?] - [K2,T7,T2] L

(-,0) M ERI - K2 AX3 [N,NX]

(-0) M AE2 1Y - ([T2,T7],0)

(-0) M AEL - §

(-0) M [IH2,IH1]

(-O)MIYSLS

(-0) MEH2 T2 PI -

(-0) M [EH2,AXA] F (AHI,[AX1,AX2,AX3)) - 6

(-0) M (AAL,AH1) [EH2,AE1,AX2] - [K2,T7,T2] [ERL,ER2]
(UH,EH2) OW S [EH2,AX4] - [K2,T7,T2] [AX1,AX2,AX3] N - S
(-0) M AAL THL L -

(-0) M (IH1,[AX1,AX2,AX3,AX4]) L (IH1,[AX1,AX2,AX3,AX4])
[AX1,AX2,AX3] N

(-0) M (IH1 [AX1,AX2,AX3,AX4]) L (IH1 [AX1,AX2,AX3,AX4])
S [EH2,AX4] - [K2,T7,T2] [AX1,AX2,AX3] N - §

(-0) M IHI N

(-0) M [AA1,EH2,AE 1] [IH2,AH3,IY,AE2] N [AX1,IH2] S
(-0) M AHI -

(-0) M AXa Vv

(-0)MUW VS

(-0) MUW V S - [T1,T5,T7] [AX1,-2]

AS




MUCH
MUMPS
MURDER
NAUSEA
NEGAT
NETWORK
NEWTON
NINE
NINETEEN
NINETY
NIXON
NUMBER
NUMBNESS
OCTAL
OCTAVE
OF

OFTEN

ON

ONE
OPERATION
OR

ORDER
OVEREAT
PAIN
PAINS
PARAMETER

PARAMETERS

PART
PASS
PAWN
PEAK
PEAKS
PER
PHONE
PHONEME
PHONETIC
PHRASE
PICKING
PITCH
PLOT
PLUS
POINTS
POSITION
POSITIONS

POST-EMPHASIS

POT
POWER
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(-0) M AAI - SH

(-,0) M AHI [Me2] - S

(-0) [M«2] [ER1,ER2] [-,D1,B2,M] [ER1,ER2,ERE]

(-0) N AO! SH [AX1,AX2)

(-0) N [AX1,AX2] - [G,P1,P2] (AE2,IH1) 1Y - ([T1,T2,T3],0)
(-0) N IH1 (AX3,0) - W [AX2,ER],ERA] - (K2,0)

(-0) N UW - [T1,T2,73,T7] [AX1,AX2,AX3] N

(-0) N (AA1,AH1) [EH2,AE1,AX2] N

(-0) N (AAL,AH1) [EH2,AEL,AX2] N - [T1,T2,T3,T7] IY N
(~0) N (AALAH1) [EH2,AEL,AX2] N - [T1,T2,T3,T7] IY
(-0) N IH1 - S [AX1,AX2] N

(-0) N AHI M [B1,82] ERI

(-0) N AHI M N AX1'S

*(-0) (AOL,AAL) - [T1,T2,T3] L

(-0) AAL - [T1,T2,T3,T7) [EH2,AX4] V

(~,0) (OW,AX2) [V,«2] (F,0)

(-,0) AOL F (- [D1,02],0) [AX1,AX2] N

(-,0) (AX2,0W) N :

(-,0) W [AH1,A01,0W,AA1,AX3] N _

(-0) AHI - [P1,P2] [ERL,ER2] [AE1,AE2] 1Y SH [AX1,AX2] N
(-,0) [AX2,AH2,A02] ER4

(-,0) (AO1,0W) [ER1,ER2] - [D1,D2,03] [ER],ER2]

(-0) OW V [ERLER2] IY - ([T1,T2,73]0)

- [KL,GPI)AE2 IY N

- [KI,GP1JAE2 IY NS

- [B1,G] (AX2,0) [ER2,ER1] [AE2,IH1] M [AX3,AX2,AX4)
(-W) [D2,T1,T2,73,T7] ER2

- [B1,G] (AX2,0) [ER2,ER1] [AE2,IH1] M [AX3,AX2,AX4]
(-W) [D2,T1,72,T3,T7] ER2 (-0) S

- [P1,P2] AAI [ERLER2] - ([T1,T2,T31,0)

- [P1,P2] (AE1,AE2) S

- [G,P2] (AO1,0W) (AX2,0) N

- [P1,P2] 1Y - ([K1,K2],0)

-[P1,P2]IY - §

- [P1,P2] [ER1,ER2]

(-,0) F (UHEH2) OW N

(~,0) F (UHEH2) OW N IY M.

(-,0) [F,T2] AH3 N IH1 [P1,P2] H2 - ([T2K2},0)

(~0) F [ER1,ER2] [EH2,AXA] (IHI,[AX1,AX2,AX3]) S

- [P1,P2] (IH1,[AX1,AX2,AX3,AX4)) - [K2,T7,T2] [IH1,IH2] [NX,N]
- [G,P2] [IH1,IH2] - SH

- [P1,P2] L AAL - ([T1,T2,73]0)

- [P1,K1,G,P2] (L,0) [AAL,AA2,AHI] S

- [P2,K1,G,B2] (HH0) [AD2,0W] (ERI,ER2,AX2] N - §

- [K1,G) AX1 S UW SH (AX1,0) N

- [K1,G] AX1 S UW SH (AX1,00 N S

- [P1,P2] (UHEH2) OW S - ([T1,T2,T3,T7),0) [EH2,AX4)
M F AHI S (IH1,[AX1,AX2,AX3,AX4)) §

- [P1,P2] AAL - ([T1,T2,T3]0)

- [P1,K1,G) AO1 W [ERL,ER2]

Ab
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PRE-EMPHASIS
PREDICTION

PREDICTIVE

PRESENT
PRONY
PROTOCOL
PUT
QUEEN
RABINER

RAPE
RATING

REAL
RECTANGULAR

REQUEST
RESOLUTION
RIGHT
ROBINSON

ROOK
ROOT
ROOTS
RUSSIA
SAY
SCALE
SCHAFFER
SECOND
SEGMENT
SENTENCE
SERIOUS
SEVEN

SEVENTEEN
SEVENTY
SEVERE

SEX

SHARP
SHOW

SI1CK

SIDE
SIMULATION

SIX
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- [P1,P2] [ERL,ER2] IY [EH2,AX4] M F AHL S
(IHL,[AX1,AX2,AX3,AX4]) S

- [P1,P2] [ERI,ER2] IY - [D1,02,03]
(IH1,[AX1,AX2,AX3,AX4]) - SH (AX1,IH2,0) N

- [P1,P2] [ER1,ER2] [AX1,AX2,AX3] - [D1,02,03]
(IH1,[AX1,AX2,AX3,AX4)) - [T1,T2,T3,T7]
(IH1,[AX1,AX2,AX3,AX4]) V

- P! [ERI,ER3] EH1 S AH3 N -

- [P1,P2] [ER1,ER2] ((UH,EH2),0) OW N 1Y

- ([GK1),0) [ER1,ER3] UH OW V AX] - G AOI L

- [D1,G,P3,P2] [EH1,EH2,AX3,0W] (N,0) -

(-,0) WH (IH1,0) IY N

(-,0) [ER1,ER2] AHL - [D1,D1,P1,P2] (IH1,[AX1,AX2,AX3,AX4))
N [ERI,ER2] :

(-,0) ERA THL 1Y (NO) - (K1,0)

(-,0) [ERL,ER2] [EH2,AX4] (IHI,[AXI AX2,AX3]) - [T1,T2,13,T7]
[IHL,1H2] [NX,N]

(-,0) [ERLER2) IY L

(-,0) [ER1,ER2] [EH2,AX4] - [T1,T2,13,T7] [EH2,AX4]
(IH1,[AX1,AX2,AX3]) [NX,N] - [G,PL,P2]Y UW L

(AA1,0) [ERL,ER2]

(-,0) [ER2,ER4] [IH2,AX1] WH (W,0) EHL S -

(-,0) [ERL,ER2] [EH2,AX4] S (UH,EH2) OW L UW SH (AX1,IH2,0) N
(-,0) ER1 UH IH1 - (T4,0)

(-,0) [ER1,ER2] AAL - [D1,D1,P} P2] (IH1,[AX1,AX2,AX3,AX4))
NS AHI N

(-,0) [ERI,ERG] [UH,AA2] - (K1,0)

(-,0) [ERI,ER2] UW -.([T1,T2,T310)

(-,0) [ER3,ERATUW - S

(-,0) [ER1,ER2] [AX1,AX2] SH [AXl ,AX2]

(-,0) S HL 1Y

(-0) S - [K2,T7,T2] [EH2,AX4] (lHl,[AXl,AXZ,AXS])'L

(-,0) SH [EH2,AXA] (IH],[AX1,AX2,AX3)) F [ER1,ER2)

(-,0) S [EH?,AX4] - [K2,T7,T2] AHI N -

(-,0) S AX4 - M AXI N -

(-,0) S EH2 N [P1,T2,T6] AX1 (NO) S

(-,0) S IH] [ER1,ER2] IY [AX]1,AX2] S

(-,0) S [EHIEH2] [-,V,T3,K1,P2] ({AX1,AX3,EH1,EH2] N,
[AX1,AX2,AX3))

(-,0) S [EH2,AXA] V [EH2,AX4] N - [Tl,TZ,TS,T?] IYN

(-,0) S [EH2,AX4] V [EH2,AX4] N - [T1,T2,T3,T7] IY

(-,0) S [AXI,HH] (-,0) [V,«2] IY ([AX1,AX3]0) [ER2,ER4,P2]
(-,0) S [AXA,EHI,AX3] - S

(-,0) SH AH] [ER1ER?2] -

(-,0) SH (UH,EH2) OW

(-,0) S IH1 - ([K1,K2]0)

(-,0) S AH1 AE2 -

(-,0) S (IH1,[AX1,AX2,AX3,AX4]) M Y UW L [EH2,AX4)
(IH1,[AX1,AX2,AX3])) SH (AX1,IH2,0) N

(-,0) S (IH1,AX4) - S

A7
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SIXTEEN

SIX1Y

SMOKE
SMOOTHED
SMOQTHING
SPEAKER
SPECIFICATION

SPECTRAL
SPECTROGRAM

SPECTRUM
SPEECH
START
STARTING

STEPS
STOP
STORE
STORIES
SUMMARY
SURGERY
SYMBOL
SYNTHESIS

TAKE
TAKES
TASK
TELL

TEN
TESTING
THE
THIRTEEN
THIRTY
THOUSAND
THREE
TIME
TIMES

TO

TRACKING
TRACKS
TRANSCRIPTION
TRANSFORM

TRIANGULAR

TUBERCULOSIS
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(-0) S (IH1,[JAX1,AX2,AX3,AXA)) - S - [T1,T2,T3,T7] IY N
(-0) S (IH1,[AX1,AX2,AX3,AX4]) - § - [T1,T2,T3,T7] IY
(-0) S M UH OW AX2 - ([K1,72},0) :

(-0) S (-0) MUW V - DH -

(-0) S M UW (F,DH) [IH1,IH2] [NX,N]

(-0) S - [D1,D2,P1] 1Y - [K1,K2) [ER2,ER]]

(-0) S - [AX4,EH2] S [AX1,AX2,AX3] F [AX1,AX2,AX3] -
K1 [AX1,1H?] SH [AX1,AX2,AX3] .

(-0) S - [P1,P2] [EM2,AX4] - [T1,72,13,14,T7] [ERL,ER2] L
(-0) S - [P1,P2] [EH1,IM3] - [T1,T2,73,74,77] [ER1,ER2]
([UM,0W1,0) - [GP1,R2] [ER1,ER2] [EH2,IHI] (M«2]

(-0) S - P1 EHI - [T2,T4,T7] [ERL,ERA] M

(-0) S - [P1,P2] IY - SH '

(-0) S - [T1,T2,T3,T7] AAL [ERIER2] - ([T1,T2,T31,0)
(-,0) S - [T1,T2,T3,T7] AA1 [ER1,ER2] - [T1,T2,T3,T7]
[IH1,IH2] [NX,N]

(-0)S - [S,T1,T6] IH3 (NO) - S

(-0) S - (16,0) AAL - :

(-0)'S - [T1,T4,T5,T6] (AO1,0W) [ER1,ERA]

(-0) S - [T1,74,75,T6] (AO1,0W) [ER1,ERA]IY (-0) S

(-0) S AH1 M ER4 :

(-,0) S [ER1,ER?] - SH [ERIER2] IY

(-,0) S [IM1,EH2] M B1 (UHEH2) L

(-0) S (IH1,[AX1,AX2,AX3,AXA]) N F [AX1,AX2,AX3] S
(IM1,[AX1,AX2,AX3,AX4]) S

- [T1,72,73,T7] [EH2,AX4] (IH1 [AX1,AX2,AX3]) - ([K1,K2],0)
- [T1,T2,T5,T7] AE2 IY - S

- (S,T2) AEL S - ([K1,T2],0)

- [T2,15,T6,T1] [EH1,AD1] L

- [T1,T2,73,T7] [EH2,AX4] N

- [T1,72,73,77] [EH2,AX4] S - (T1,T2,T3,T7] [IH1,IH2] [NX,N]
(-,0) (DH[T1,T3F,T2,GK1]) ([AX],AX2,AH3)IY)

(-0) F [ERL,ER2] - [T1,T2,T3,T7] 1Y N

(-,0) [G,T5,F] (AX4,0) [ER1ER2] (- [T1,T2,T3,T7}M) IY (N,0)
(~,0) F (UHEH2) OW S (AE1,AE2) N -

(-,0) [F,T2,T6] [ERL,ER2,ERA] (IY,[AX1,AX3)) (N,0)

- [T1,72,73,T7] AAL THI M ;

- {T1,72,T3,T7,01 K1,P2] [AA1,EH2,0W] [AH3,AX 1,AX3,IH1]
[<2M] S

- [T1,75,T7,76] [AX],-2] (V,0)

- [T2,T4,K2}[ER],ER2,ERA] EH2 - [T2,K1K2] (IH2,AX3) (NX,N)
- [T1,72,T3,77] [ER1,ER2] (AEI,AE2) - S

- [T2,74] [CR1,ER2,ERA] EH2 N S - [K1,K2]

[ERL,ER2,ERA] [IH1,IH2] - SH (AX1,0) N

- [T1,72,T3,T7,K2] [ERL,ERZ] (AEL,AE2,IHL) N § (-,0)
[F,K1] ((AO1,0W) [ER1,ER2] M[L,AX2] M)

- [T1,72,73,T7] (ER1,ER2] (AA1,AH1) [EH2,AE 1,AX2]
[EH2,AXA) (IH1 [AX],AX2,AX3)) N - [GP1,P2] Y UW L
(AA1,0) [ER]ER2)

- [T1,T2,13,T7] UW - [B1,B2] [ER!,ER2] -

A8
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TWELVE
TWENTY
TWO
UNTIL
URINE
us

JSE
USING
UTTERANCE

VALUE
VIETNAM
WANT

WAR
WATERGATE

WAVEFORM
WEIGH
WERE
WHAT
WHEN
WHERE
WINDOW
WITH
WORD
YOU
YOUR
ZERO

[
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[K2,T7,T2] Y UW L OW S [AX1,AX2] S

- [T2,K1,K2] W [EHI,OW] L [W,V] .

- [T1,T2,T3,T7] W [EH2,AXA] N - [T1,T2,T3,T7] IY
- [T1,14,T5] (IH1 UW,AX3) (V,0) '

(-,0) [HH,ERA,AX2] N (-,0) [S,T6,T5] EH2 L

(-,0) Y [ERI,ER2] [AX1,AX2] N’ :

(-,0) (AO1,0) EH2 S

(-0) Y UW S

(-,0) Y UW S TH2 [N,NX]

(-,0) [AA2,AAL] (-,0) ([T2,T71HH) ([A%2,AX3],0)
[ER1,ER3] ([AX1,AX3],0) N S

(-0) V (AELLAE2) L Y UW .

(-,0) [V,T2] 1Y [IH1,IH2,AX1,AX3] - N [EH2 ER2,AX2] [M,P1,P3]
(-,0) W {AO1,AA2,AHI]I N - (T7,0)

(-,0) W AO2 [ER1,ER2]

(-,0) W AD2 - ([T1,T2,01,02]0) [ERI,ER2] -
[GP1,P2) AE2 IY - ([T1,T2],0)

(-,0) W IH] V3 F AX2

(-,0) W (IH1,AE2) IY

(-,0) W [ER1,ER2]

(-,0) W [AH1,AH4T - ([T1,T2],0)

(-,0) W [AX1,AX2] N

(-,0) W IH1 [ER1,ER2]

(-,0) W IH1 N D] EHI (AH2,AX2,0W) (W,0)

(-,0) (W,HH) (IH1,[AX1,AX2,AX3,AX4])) (F,W)
(-0) WERI -

(-,0) (Y,T2) IY [AX1,AX2,AX3]

(~,0) [1Y,0W] [ER1,ER2] (ERA,0) :

(-,0) S [1Y,IH2] [ER],ER2] (QW,0) AX2




APPENDIX B' i DESK CALC DICTIONARY

Desk Calc Dictionary

g &

ABSOLUTE (-,0) (HH,0) AE (« (-,0),-) S (IX,0) L UW ((«,-) (- T,0),DX)
ALPHA (-,0) (HH,0) (AE,AA) EL (« (-,0),0) F (AX,AH2)
BECOMES (« (~,0),-) (BC) (IHIX,IY4) (« (-,0),-) K AH3 M (Z ($,0),5)
BETA (e (-,0),-) (B,0) E1 E2 E3 (DX,(« (-,0),-T,0)) (AX,AH2,IH5)
DECIMAL (& (-,0),-) (DDT) EH S (-,0) M EL2

DELTA (« (-,0),-) (D,DT) EH EL (« (-,0),-) (T,DX) (AX,AH2,IH5)
DIVIDE (« (-,0),-) (D,DT) (AX,IX) (VX,V) (F,0) Y1 Y2 Y3 (« (-,0),-) (D IX,0)
EIGHT (-,0) (HH,0) E1 E2 ESB ((«,~) (- T,0),DX) . ‘e
EPSILON (-,0) (HH,0) EH (< (-,0),-) S (-,0) (IX,IH3,0) L AON

FACT (~0) F AE ((<,-) (- T,0),DX)

FIVE (-0)F Yl Y2Y3V

FOUR (-,0) F AH4 ER

GAMMA (« (-0),-) G AE M (AX,AH2)

GETS (« (-,0),-) G IH (~ (-,0),-) S

IN (-,0) (HH,0) (IX!,IH2Y) N

INTO (-,0) (HH,0) (IX1,IH2!) N (<,0) (-,0) T (AX,IX,UW2)

IS (-,0) (HH,IX) (IH,IH4) (Z (S,0),5)

MAX (-,0) M AE (¢« (-,0),-) S

MIN (-,0) M (IHIX) N

MINUS (0) M Y1 Y2 Y3 N IX (HH,0) S

MOD (-,0) M AA3 (- (-0),-) ,
NEGATE (-,0) N (AX,E1 E2 E3,EH3) (« (-,0),-) G E1 E2 E3 ((«,-) (- T,0),0X)
NINE (-0)NY1Y2Y3N

OCTAL (-,0) (HH,0) AA (< (-,0),-) T EL2

ONE (-0) WAHN

PLUS (« (-,0),-) P (EL3ELL) AHB S

POWER (« (-0),-) P AWl AW2 AW3 ER

PUT (< (-,0),-) P UH ((+,-) (- T,0),DX}

SEVEN (-,0) S (HH,0) EH (VX,V) (~,0) (IX,EH,AX) N

SHOW (-,0) SH AH6 OW OW2

SIX (-,0) S TH2 (¢« (-,0),-) S

STORE (-0)S - T AHER

THREE (« (-,0),-) THRIY IY2

TIMES (« (-0),-) T Y1 Y2 Y3 M (-,0) (Z (5,0),5)

TWO (« (-0),-) T (IHO) UW

WHAT (-,0) W AA2 ((«~,-) (- T,0),0X)

ZEROQ (-,0) 7 (IY4,IH) (RER) OW (OW2,0)

AlQ
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Desk Calc BNF Grammar

<REQUEST>:=

<COMMAND>::=

<SET-WORD>::

<IN-WORD>::=

<GET-WORD>::
<SHOW-WORD>::=

<BIN-OPE>::=

<UN-OPE>:=

<BIN-OPF>::=

<UN-OPF>::=

<SIMPLE-EXPRE>::=

[ <COMMAND> ]

<SET-WORD> <SIMPLE-EXPRE> <IN-WORD> <VARIABLEDF>

<VARIABLE> <GET-WORD> <SIMPLE-EXPRF>
<SHOW-WORD> <SIMPLE-EXPRF>

STORE
PUT

IN
INTO

GETS
BECOMES

WHAT IS
SHOW

PLUS
MINUS
TIMES
DIVIDE
MOD
POWER
MAX
MIN

NEGATE
ABSOLUTE
FACT

PLUS
MINUS
TIMES
DIVIDE
MOD
POWER
MAX
MIN

NEGAT™
ABSOLUTE
FACT

<PRIMARYCE> <BIN-OPE> <PRIMARYDE>
<UN-OPE> <PRIMARYDE>

All




e

<VARIABLECE>::=

<PRIMARYCE>::=

<RADIXCE>::=

<INTEGERCE>::=

<DIGITACE>::=

<INTEGERCE2>::=

<DIGITACE2>::=

<VARIABLEDE>::=

<VARIABLE>::=

APPENDIX C

<PRIMARYDE>

ALPHA
BETA
GAMMA
DELTA
EPSILON

<RADIXCE> <INTEGERCE>
<INTEGERCE>
<VARIABLECE>

OCTAL
DECIMAL

<DIGITACE> <INTEGERCE2>
<DIGITACE>

ZERO
ONE
TWO
THREE
FOUR
FIVE
SIX
SEVEN
EIGHT
NINE

<DIGITACE2><INTEGERCE>
<DIGITACE2>

ZERO
ONE
TWO
THREE
FOUR
FIVE
SIX
SEVEN
EIGHT
NINE

ALPHA
BETA
GAMMA
DELTA
EPSILON

ALPHA

Al2

Desk Calc BNF Grammar



<PRIMARYDE>::=

<RADIXDE>::=
<INTEGERDE>::=

<DIGITADE>::=

<INTEGERDE2>::=

<DIGITADEZ2>::=

<SIMPLE-EXPRF>::=

<VARIABLECF>::=

APPENDIX C - Desk Calc BNF Grammar

BETA
GAMMA
DELTA
EPSILON

<RADIXDE> <INTEGERDE>
<INTEGERDE>
<VARIABLEDE>

OCTAL
DECIMAL

<DIGITADE> <INTEGERDE?2>
<DIGITADE>

ZERO
ONE
TWO
THREE
FOUR
FIVE
SIX
SEVEN
EIGHT
NINE

<DIGITADE2><INTEGERDE>
<DIGITADE2>

ZERO
ONE
TWO
THREE
FOUR
FIVE
SIX
SEVEN
EIGHT
NINE

<PRIMARYCF> <BIN-OPF> <PRIMARYDF>
<UN-OPF> <PRIMARYDF>
<PRIMARYDF>

ALPHA
BETA
GAMMA
DELTA
EPSILON




<PRIMARYCF>::=

<RADIXCF>::=

<INTEGERCF>::=

<DIGITACF>::=

<INTEGERCF2>::=

<DIGITACF2>::=

<VARIABLEDF>::=

“PRIMARYDF >::=

<RADIXDF>::=

<INTEGERDF>::=

APPENDIX C

Desk Calc BNF Grammar

<RADIXCF> <INTEGERCF>
<INTEGERCF>
<VARIABLECF>

OCTAL
DECIMAL

<DIGITACF> <INTEGERCF?2>
<DIGITACF>

ZERO
ONE
TWO
THREE
FOUR
FIVE
SIX
SEVEN
EIGHT
NINE

<DIGITACF2><INTEGERCF>
<DIGITACF 2>

ZERO
ONE
TWO
THREE
FOUR
FIVE
SIX
SEVEN
EIGHT
NINE

ALPHA
BETA
GAMMA
DELTA
EPSILON

<RADIXDF> <INTEGERDF>
<INTEGERDF>
<VARIABLEDF>

OCTAL
DECIMAL

<DIGITADF> <INTEGERDF2>
<DIGITADF>

Ald




APPENDIX C ‘ Desk Calc BNF Grammar

<DIGITADF>::= ZERO
ONE
TWO
THREE
FOUR
FIVE
SIX
SEVEN
EIGHT
NINE

<INTEGERDF2>::= <DIGITADF2><INTEGERDF> - -
<DIGITADF2>

. <DIGITADF2>::= ZER0

E ONE
TWO
THREE
FOUR
FIVE
SIX
SEVEN
EIGHT
NINE

A15




APPENDIX D JUNCTURE RULES

QTRAIN Juncture Rules

z 0,<c
i (EH2,AH3,AX3,AX 1,IY}[ER1,ERA}(«2,0)
; 0,[LWE(<2,0)

Desk Calc Juncture Rules

ER,#1(.<,.R}N.AXX,0)

N,#1(.<,0) ((AXX,0) (.«,0)

V,# 1((.<,.VX) (F,0),(.<,0) «)

M,

N,M{

0,<

[AAAA2,AABAE,AH,AH2, AH3,AHA,AH5,AH6,A0,AW3 ] #T(.AXX,.<}.AXX,0X.<,0)
[OW,0W2,UH,UW,AX,EH,EH3,ELEL2,ER],#T(.AXX,<X.AXX,0X.<,0)
[IH,IH2,IH3,IH4,IH5,1X,1Y,1Y2,1Y4,E3,Y3] 8 T(.IXX,.<)(.IXX,0X.<,0)
DX, #e

DX ,[ _IB)D'DxlFDG!HH)K’p!s’sHﬁT’TH!VlZ)‘_]‘-

S,F1(.< (-,0) (>,F2))

Al6




Desk Calc Phonemes and Durations

PHONEME

<

IN MAX

AA
AA2
AA3
AE
AH
AH2
AH3
AHA
AHB
AH6
AO
AW)
AW2
AW3
AX
AXX
B

D
DT
DX
El
E2
E3
EH
EH3
EL
EL2
EL3
ER
F

F2
G
HE
I
IH2
IH3
IHA
IH5
X
IXX
1Y
1v2
1Y4
K

APPENDIX E

PHONEMES AND DURATIONS




P

Q02 -~
2%
nN

~“~wvwwnwxuTv
i

TH

uwz
VX
Y1

Y2
Y3

NWNWW—=NNNNBOOON OO WNTTWWNN

APPENDIX €

Al8

PHONEMES AND DURATIONS




APPENDIX F R TEST RESULTS

i Test Summary of Speaker BL, No Syntax,
on Test Data recorded with Training Data.

L

7COR R-TIME  sSTATES SEGS

uTT LNG WORDS  #COR
1 2.0 5 q 80.0 8.9 44 62
2 1.6 5 4 80.0 9.4 53 49
3 15 4 4 1000 93 54 44
q 20 5 5 100.0 8.7 42 63
5 1.7 5 5 100.0 10.0 - 80 58
6 1.9 5 5 100.0 8.6 45 60
7 2.2 6 6 1000 10.2 61 74
8 20 6 5 833 9.1 56 62
9 25 7 7 1000 8.2 a4 72
10 2.7 8 6 75.0 - 79 39 76
11 23 % 6 85.7 9.6 54 63
12 2.3 6 6 1000 9.2 32 70
13 2.6 7 5 71.4 11.0 58 86
14 20 4 1 25.0 117 67 61
15 1.8 q 4 1000 12.0 64 62
16 20 4 3 75.0 8.1 50 54
17 1.7 5 5 100.0 85 48 a5
18 15 4 4 1000 6.3 29 36
19 2.4 7 7 1000 10.2 48 80
20 2.2 6 5 833 - 11.1 55 67
LNG = Utterance length in seconds
WORDS = Number of words in utterance
#COR = Number of words correctly recognized
7COR = 7 of words correctly recognized
R-TIME = Number of times real time needed for recognition

Add 8.4 for ACS and LPC calculations.
#STATES = Average number of states checked at each segment
SEGS = Number of segments produced (LNGx10Q = -number of

10ms. time samples)
Total words = ' 110 .
Correct words = 97 = 88.27
Correct utterances = 11 = 55,07
Average search time = 9.4 times real time
Including ACS and LPC calculation = 17.8 times real time -
Average number of states searched = 49
Ratio of segments/10ms samples = 30.67




APPENDIXF

Test Detail of Speaker BL, No Syntax,
on Test Data recorded with Training Data.

10
11
12
13
14
15
16
17
18
19

20

UTT="STORE NEGATE ALPHA INTO EPSILON" - .
REC="STORE EIGHT BETA ALPHA INTO EPS]JLON"
UTT="PUT ABSOLUTE BETA [N DELTA"

REC="PUT ABSOLUTE EIGHT IN DELTA"
UTT="ALPHA GETS FACT GAMMA"

REC="ALPHA GETS FACT GAMMA"

UTT="BETA BECOMES OCTAL ONE ZERO"
REC="BETA BECOMES OCTAL ONE ZERO"
UTT="GAMMA GETS DECIMAL TWO THREE"
REC="GAMMA GETS DECIMAL TWO THREE"
UTT="DELTA BECOMES FOUR PLUS FIVE"
REC="DELTA BECOMES FOUR PLUS FIVE"
UTT="EPSILON GETS SIX EIGHT MINUS DELTA"
REC="EPSILON GETS SIX EIGHT MINUS DELTA"
UTT="WHAT IS SEVEN NINE TIMES EPSILON"
REC="WHAT GETS SEVEN NINE TIMES EPSILON"
UTT="SHOW ONE ZERO TWO DIVIDE THREE FOUR"
REC="SHOW ONE ZERO TWO DIVIDE THREE FOUR"
UTT="STORE FIVE SIX MOD SEVEN EIGHT INTQ ALPHA"
REC="STORE FIVE SIX NINE SEVEN INTO ALPHA"
UTT="PUT NINE POWER TWO ONE IN BETA"
REC="PUT IN NINE POWER TWO ONE IN. BETA"
UTT="ALPHA BECOMES THREE ZERO MAX GAMMA"
REC="ALPHA BECOMES THREE ZERO MAX GAMMA"
UTT="BETA GETS DECIMAL FOUR SIX MIN DELTA"
REC="MIN GETS DECIMAL FOUR SIX IN IN DELTA"
UTT="GAMMA BECOMES NEGATE EPSILON"
REC="IN MOD BECOMES MIN BETA EPSILON"
UTT="DELTA GETS ABSOLUTE ALPHA"
REC="DELTA GETS ABSOLUTE ALPHA"
UTT="EPSILON BECOMES FACT BETA"
REC="EPSILON BECOMES FACT BETA IN"
UTT="WHAT IS SEVEN PLUS EIGHT"

REC="WHAT IS SEVEN PLUS EIGHT"

UTT="SHOW NINE MINUS FIVE"

REC="SHOW NINE MINUS FIVE"

UTT="STORE TWO ZERO TIMES THREE INTO GAMMA™
REC="STORE TWO ZERO TIMES THREE INTO GAMMA"
UTT="PUT FOUR DIVIDE DELTA IN EPSILON"
REC="PUT FOUR DIVIDE DELTA IN IN:EPSILON"

A20

TEST RESULTS

CORRECT=4/5
CORRECT=4/5
CORRECT=4/4
CORRECT=5/5
CORRECT=5/5
CORRECT=5/5
CORRECT=6/6
CORRECT=5/6
CORRECT=7/7
CORRECT=6/8
CORRECT=6/7
CORRECT~6/6
CORRECT=5/7
CORRECT=1/4
CORRECT=4/4
CORRECT=3/4
CORRECT=5/5
CORRECT=4/4
CORRECT=7/7

CORRECT=5/6




T

4 APPENDIX F TEST RESULTS

Test Summary of Speaker KP, No Syntax,
on Test Data recorded with Training Data.

TSI TRy

utT LNG WORDS #COR  7COR R-TIME. #STATES SEGS
1 2.1 5 5 1000 8.7 57 55
2 1.9 5 5 1000 - 107 80 52
3 1.7 4 4 1000 10.3 71 46
q 2.1 5 5 1000 9.4 52 62
3, 1.9 5 5 100.0 10.6 70 53
6 2.0 5 3 60.0 9.6 61 53
7 2.4 6 6 100.0 113 82 69
8 2.4 6 5 83.3 85 61 58
9 2.7 7 5 71.4 9.2 57 73
10 3.2 8 8 1000 9.0 60 85
11 2.4 7 7 100.0 - 9.1 68 61
12 25 6 6 100.0 7l 36 64
13 2.6 7 5 71.4 11.7 78 82
14 2.1 4 4 100.0 8.4 55 56
15 1.8 4 4 1000 95 : 66 52
16 20 q 4 100.0 7.7 57 44
17 1.7 5 5 1000 9.7 70 41
18 1.7 q 2 50.0 5.2 28 31
19 2.8 7 7 100.0 8.6 55 74
20 2.4 6 6 100.0 108 73 68
LNG = Utterance length in seconds
WORDS = Number of words in utterance 3
#COR = Number of words correctly recognized
7COR = 7 of words correctly recognized
R-TIME - = Number of times real time needed for regognition

ADD 8.4 for ACS and LPC calculations.
#STATES = Average number of states checked at each segment
SEGS = Number of segments produced (LNGx100 = number of

10ms. time samples)
Total words = 110
Correct words = 101 =91.87
Correct utterances = 15 = 75.07
Average search time = 9.3 times real time
Including ACS and LPC calculation = 17.7
Average number of states searched = 61
Ratio of segments/10ms samples = 26.717

A2l




APPENDIX F

Test Detail of Speaker KP, No Syntax,
on Test Data recorded with Training Data.

1 UTT="STORE NEGATE ALPHA INTO EPSILON"
REC="STORE NEGATE ALPHA INTO EPSILON"

2 UTT="PUT ABSOLUTE BETA IN DELTA"
REC="PUT ABSOLUTE BETA IN DELTA"

3 UTT="ALPHA GETS FACT GAMMA"
REC="ALPHA GETS FACT GAMMA"

4  UTT="BETA BECOMES OCTAL ONE ZERO"
REC="BETA BECOMES OCTAL ONE ZERO"

5  UTT="GAMMA GETS DECIMAL TWO THREE"
REC="GAMMA GETS DECIMAL TWO THREE"

6  UTT="DELTA BECOMES FOUR PLUS FIVE"
REC="DELTA BECOMES FOUR EPSILON"

7 UTT="EPSILON GETS SIX EIGHT MINUS DELTA"
REC="EPSILON GETS SIX EIGHT MINUS DELTA"

8  UTT="WHAT IS SEVEN NINE TIMES EPSILON"
REC="WHAT GETS SEVEN NINE TIMES EPSILON"

9  UTT="SHOW ONE ZERO TWO DIVIDE THREE FOUR"
REC="SHOW IN ZERO TWO TWO FIVE THREE FOUR"

10 UTT="STORE FIVE SIX MOD SEVEN EIGHT INTO ALPHA"
REC="STORE FIVE SIX MOD SEVEN EIGHT INTO ALPHA"

11 UTT="PUT NINE POWER TWO ONE IN BETA"
REC="PUT NINE POWER TWO ONE IN BETA"

12 UTT="ALPHA BECOMES THREE ZERO MAX GAMMA"
REC="ALPHA BECOMES THREE ZERO MAX GAMMA"

13 UTT="BETA GETS DECIMAL FOUR SIX MIN DELTA"
REC="BETA GETS DECIMAL FOUR EIGHT SIX MIN DELTA IN"

14  UTT="GAMMA BECOMES NEGATE EPSILON"
REC="GAMMA BECOMES NEGATE EPSILON"

15  UTT="DELTA GETS ABSOLUTE ALPHA"
REC="DELTA GETS ABSOLUTE ALPHA"

16 UTT="EPSILON BECOMES FACT BETA"
REC="EPSILON BECOMES FACT BETA"

17 UTT="WHAT IS SEVEN PLUS EIGHT"
REC="WHAT IS SEVEN PLUS EIGHT"

18 UTT="SHOW NINE MINUS FIVE"
REC="SHOW NINE EPSILON"

19 UTT="STORE TWO ZERO TIMES THREE INTO GAMMA"
REC="STORE TWO ZERO TIMES THREE INTO GAMMA"

20 UTT="PUT FOUR DIVIDE DELTA IN EPSILON"
REC="PUT FOUR DIVIDE DELTA IN EPSILON"

A22

TEST RESULTS

CORRECT=5/5
CORRECT=5/5
CORRECT=4/4
CORRECT=5/5
CORRECT=5/5
CORRECT=3/5
CORRECT=6/6
CORRECT=5/6
CORRECT=5/7
CORRECT=8/8
CORRECT=7/7
CORRECT=6/6
CORRECT=5/7
CORRECT=4/4
CORRECT=4/4
CORRECT=4/4
CORRECT=5/5
CORRECT=2/4
CORRECT=7/7

CORRECT=6/6




APPENDIX F TEST RESULTS

Test Summary of Speaker DS, No Syntax,
on Test Data recorded with Training Data.

7COR R-TIME  #STATES SEGS

uTT LNG WORDS  #COR
1 2.0 5 4q 80.0 105 60 61
2 2.0 5 5 100.0 '10.3 76 57
3 1.8 q 4 1000 10.7 80 55
4 2.4 5 L} €00 . v Bl - 42 68
5 2.2 5 5 1000 - 96 61 60
6 2.2 5 4 800 .- 86 45 60
7 2.6 6 6 100.0 9.6 58 71
8 24 6 5 83.3 - 85 60 65
9 33 7 7 100.0 8.9 64 89
10 35 8 7 875 94 55 93
11 2.6 7 7 1000 - 100 62 70
12 2.9 6 6 1000 9.2 53 87
13 3.1 7 6 85.7 ‘10.1 63 91
14 2.1 4 4 1000 95 58 62
15 1.9 i} 4 100.0 10.9 78 57
16 2.4 4 4 1000 8.7 61 62
17 1.9 5 4 80.0 8.9 69 48
18 1.9 4 4 100.0 5.9 32 42
19 3.0 7 6 85.7 10.1 60 94
20 25 6 5 833 . 10.7 68 76
LNG = Utterance length in seconds
WORDS = Number of words in utterance -
#COR = Number of words correctly recognized
7COR = 7 of words correctly recognized
R-TIME = Number of times real time needed for recognition

ADD 8.4 for ACS and LPC calculations,
#STATES = Average number of states checked at each segment
SEGS = Number of segments produced (LNGx100 = number of

10ms. time samples)
Total words = 110
Correct words = 101 = 91.87
Correct utterances = 11 = 55.07
Average search time = 9.4 times. real time
Including ACS and LPC calculation = 17.8
Average number of states searched = 60

Ratio of segments/10ms samples = 28.27.




APPEND:IX F

Test Detail of Speaker DS, No Syntax,
on Test Data recorded with Training Data.

10
11
12
13
14
15
16
17
18
19

20

UTT="STORE NEGATE ALPHA INTO EPSILON"
REC="STORE IN EIGHT ALPHA INTO EPSILON"
UTT="PUT ABSOLUTE BETA IN DELTA"

REC="PUT ABSOLUTE BETA IN DELTA"
UTT="ALPHA GETS FACT GAMMA"

REC="ALPHA GETS FACT GAMMA"

UTT="BETA BECOMES OCTAL ONE ZERO" ,
REC="BETA BECOMES WHAT OCTAL ONE IN ZERO".
UTT="GAMMA GETS DECIMAL TWO THREE”
REC="GAMMA GETS DECIMAL TWO THREE"
UTT="DELTA BECOMES FOUR PLUS FIVE"
REC="WHAT BECOMES FOUR PLUS FIVE" ,
UTT="EPSILON GETS SIX EIGHT MINUS DELTA"
REC="EPSILON GETS SIX EIGHT MINUS DELTA"
UTT="WHAT IS SEVEN NINE TIMES EPSILON"
REC="WHAT IS SEVEN NINE TIMES IN EPSILON"
UTT="SHOW ONE ZERO TWO DIVINE THREE FOUR"
REC="SHOW ONE ZERO TWO DIVIDE THREE FOUR"
UTT="STORE FIVE SIX MOD SEVEN EIGHT INTO ALPHA"

REC="STORE FIVE SIX MOD SEVEN EIGHT INTQ WHAT ALPHA"

UTT="PUT NINE POWER TWO ONE IN BETA"
REC="PUT NINE POWER TWO ONE IN BETA"
UTT="ALPHA BECOMES THREE ZERO MAX GAMMA"
REC="ALPHA BECOMES THREE ZERO MAX GAMMA"
UTT="BETA GETS DECIMAL FOUR SIX MIN DELTA"

-REC="EIGHT IN GETS DECIMAL FOUR SIX MIN DELTA"

UTT="GAMMA BECOMES NEGATE EPSILON"
REC="GAMMA BECOMES NEGATE EPSILON"
UTT="DELTA GETS ABSOLUTE ALPHA"

REC="DELTA GETS ABSOLUTE ALPHA"
UTT="EPSILON BECOMES FACT BETA"
REC="EPSILON BECOMES FACT BETA"

UTT="WHAT IS SEVEN PLUS EIGHT"

REC="WHAT GETS SEVEN PLUS EIGHT"

UTT="SHOW NINE MINUS FIVE"

REC="SHOW NINE MINUS FIVE"

UTT="STORE TWO ZERO TIMES THREE INTO GAMMA"
REC="STORE TWO ZERO TIMES FOUR EIGHT INTO GAMMA"
UTT="PUT FOUR DIVIDE DELTA IN EPSILON"
REC="PUT FOUR TWO NINE DELTA IN EPSILON"

A24

TEST RESULTS

CORRECT=4/5
CORRECT=5/5
CORRECT=4/4
CORRECT=4/5
CORRECT=5/5
CORRECT=4/5.
CORRECT=6/6
CORRECT=5/6
CORRECT=7/7
CORRECT=7/8
CORRECT=7/7
CORRECT=6/6
CORRECT=6/7
CORRECT=4/4
CORRECT=4/4
CORRECT=4/4
CORRECT=4/5
CORRECT=4/4
CORRECT=6/7

CORRECT=5/6




APPENDIX F \ TEST RESULTS

Test Summary of Speaker RG, No Syntax,
on Test Data recorded with Training Data.

7COR R-TIME = #STATES

utT LNG WORDS  #COR

1 2.1 5 5 100.0 9.9 52

2 1.8 5 4 80.0 10.2 56

3 15 4 3 75.0 135 78

4 1.9 5 5 100.0 9.7 43

5 1.9 5 5 1000 10.8 63

6 1.8 5 4 80.0 9.3 46

7 2.4 6 6 100.0 103 58

8 2.2 6 6 1000 ' 8.7 45

9 2.7 7 7 100.0 9.7 47

10 2.1 7 7 100.0 9.0 © 49

11 23 6 6 1000 10.2 45

12 2.6 7 7 1000 118 56

13 1.8 q 3 75.0 13.0 61

14 1.8 4 4 1000 - 128 60

15 1.8 4 3 75.0 10.3 56

16 15 5 5 100.0 92. - 55

17 1.4 q 3 75.0 5.4 _ 22

18 2.6 7 7 100.0 10.2 55

19 2.2 6 5 833 10.3 62

LNG = Utterance length in seconds

WORDS = Number of words in utterance

#COR = Number of words correctly recognized

7COR = 7. of words carrectly recognized

R-TIME = Number of times real time needed for recognition
ADD 8.4 for ACS and LPC calculations.

#STATES = Average number of states checked at each segment

SEGS = Number of segments produced (LNGx 100 = number of
10ms. time samples)

Total words = - 102

Correct words = 95 = 93.17

Correct utterances = - 12 = 63.27

Average search time = 10.2 times real time

Including ACS and LPC calculation = 18.6

Average number of states searched = 53

Ratio of segments/10ms samples = 30.27

A25

SEGS

62
50
51
55
55
53
68
59
82
56
69
82
60
63
53
42
33
85
69




APPENDIX F

Test Detail of Speaker RG, No Syntax,
on Test Data recorded with Training Data.

10
11
12
13
14
15
16
17
18

19

UTT="STORE NEGATE ALPHA INTO EPSILON"
REC="STORE NEGATE ALPHA INTO EPSILON"
UTT="PUT ABSOLUTE BETA IN DELTA"
REC="MOD ABSOLUTE BETA IN DELTA"
UTT="ALPHA GETS FACT GAMMA"

REC="ALPHA GETS FIVE GAMMA"

UTT="BETA BECOMES OCTAL ONE 2ERQO"
REC="BETA BECOMES OCTAL ONE ZERO"
UTT="GAMMA GETS DECIMAL TWO THREE"
REC="GAMMA GETS DECIMAL TWO THREE"
UTT="DELTA BECOMES FOUR PLUS FIVE"
REC="DELTA BECOMES FOUR PLUS MOD IN"
UTT="EPSILON GETS SIX EIGHT MINUS DELTA"
REC="EPSILON GETS SIX EIGHT MINUS DELTA"
UTT="WHAT IS SEVEN NINE TIMES EPSILON"
REC="WHAT IS SEVEN NINE TIMES EPSILON"
UTT="SHOW ONE ZERO TWO DIVIDE THREE FOUR"
REC="SHOW ONE ZERO TWO DIVIDE THREE FOUR"
UTT="PUT NINE POWER TWO ONE IN BETA"
REC="PUT NINE POWER TWO ONE IN BETA"
UTT="ALPHA BECOMES THREE ZERO MAX GAMMA"
REC="ALPHA BECOMES THREE ZERD MAX GAMMA"
UTT="BETA GETS DECIMAL FOUR SIX MIN DELTA"
REC="BETA GETS DECIMAL FOUR SIX MIN DELTA"
UTT="GAMMA BECOMES NEGATE EPSILON"
REC="GAMMA BECOMES MIN BETA EPSILON"
UTT="DELTA GETS ABSOLUTE ALPHA"
REC="DELTA GETS ABSOLUTE ALPHA"
UTT="EPSILON BECOMES FACT BETA"
REC="EPSILON BECOMES FACT ZERQ"
UTT="WHAT IS SEVEN PLUS EIGHT"

REC="WHAT IS SEVEN PLUS EIGHT"

UTT="SHOW NINE MINUS FIVE"

REC="SHOW NINE MINUS MOD"

UTT="STORE TWO ZERO TIMES THREE INTO GAMMA"
REC="STORE TWO ZERO TIMES THREE INTO GAMMA"
UTT="PUT FOUR DIVIDE DELTA IN EPSILON"
REC="WHAT FOUR DIVIDE DELTA IN EPSILON"

A26

TEST RESULTS

CORRECT=5/5
CORRECT=4/5
CORRECT=3/4
CORRECT=5/5
CORRECT=5/5
CORRECT=4/5
CORRECT=6/6
CORRECT=6/6
CORRECT=7/7
CORRECT=7/7
CORRECT=6/6
CORRECT=7/7
CORRECT=3/4
CORRECT=4/4
CORRECT=3/4
CORRECT=5/5
CORRECT=3/4
CORRECT=7/7

CORRECT=5/6




APPENDIX F TEST RESULTS

Test Summary of Speaker BL, With Syntax,
on Test Data recorded with Training Data.

utTt LNG WORDS #COR 7COR - R-TIME  «STATES SEGS
1 2.0 5 5 1000 3.7 15 62
2 1.6 5 4 800 4.2 23 49
3 15 4 4 100.0 43 22 44
4 20 5 5 100.0 4.7 24 63
5 1.7 5 5 100.0 45 21 58
6 1.9 5 5 100.0 43 20 60
7 2.2 6 6. 1000 5.6 34 74
8 20 6 6 100.0 55 36 62
9 25 7 7 1000 5.0 28 72
10 2.7 8 6 75.0 a3 22 76
11 2.3 7 7 1000 -39 19 63
12 2.3 6 6. 100.0 3.9 17 70
13 2.6 7 7 1000 . 48. 26 86
14 20 q 4 1000 4.0 23 61 ;
15 1.8 4 4 1000 50 30 62 i
16 20 4 4 100.0 .39 22 54 i
17 1.7 5 5 1000 ... 483 24 a5 f
18 15 4 4 1000 32 - 15 36 i
19 2.4 7 7 1000 .50 25 80 !
20 2.2 6 6 1000 4.4 25 67 i
LNG = Utterance length in seconds ; E
WORDS = Number of words in utterance i
#COR = Number of words correctly recognized }
7COR = 7 of words correctly recognized s |
R-TIME = Number of times real time needed for recognition
ADD 8.4 for ACS and LPC calculations. i
#STATES = Average number of states checked at each segment !
SEGS = Number of segments praduced (LNGx100 = number of i
10ms. time samples) !
Total words = ] 110
Correct words = : 107 = 97.37%
Correct utterances = ; 18 = 90.07
Average search time = 4.5 times real time
Including ACS and LPC calculation = 129
Average number of states searched = 23
Ratio of segments/10ms samples = 30.67
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APPENDIX F

Test Detail of Speaker BL, With Syntax,
on Test Data recorded with Training Data.

10

11

12

13

14

15

16

17

18

19

20

UTT="STORE NEGATE ALPHA INTO EPSILON"
REC="STORE NEGATE ALPHA INTO EPSILON"
UTT="PUT ABSOLUTE BETA IN DELTA"

REC="PUT ABSOLUTE EIGHT IN DELTA"
UTT="ALPHA GETS FACT GAMMA"

REC="ALPHA GETS FACT GAMMA"

UTT="BETA BECOMES OCTAL ONE ZERO"
REC="BETA BECOMES OCTAL ONE ZERO"
UTT="GAMMA GETS DECIMAL TWO THREE"
REC="GAMMA GETS DECIMAL TWO THREE"
UTT="DELTA BECOMES FOUR PLUS FIVE"
REC="DELTA BECOMES FOUR PLUS FIVE"
UTT="EPSILON GETS SIX EIGHT MINUS DELTA"
REC="EPSILON GETS SIX EIGHT MINUS DELTA"
UTT="WHAT IS SEVEN NINE TIMES EPSILON"
REC="WHAT IS SEVEN NINE TIMES EPSILON"
UTT="SHOW ONE ZERO TWO DIVIDE THREE FOUR"
REC="SHOW ONE ZERO TWO DIVIDE THREE FOUR"
UTT="STORE FIVE SIX MOD SEVEN EIGHT INTO ALPHA"
REC="STORE FIVE SIX NINE SEVEN INTO ALPHA"
UTT="PUT NINE POWER TWO ONE IN BETA"
REC="PUT NINE POWER TWO ONE IN BETA"
UTT="ALPHA BECOMES THREE ZERO MAX GAMMA"
REC="ALPHA BECOMES THREE ZERO MAX GAMMA"
UTT="BETA GETS DECIMAL FOUR SIX MIN DELTA"
REC="BETA GETS DECIMAL FOUR SIX MIN DELTA"
UTT="GAMMA BECOMES NEGATE EPSILON"
REC="GAMMA BECOMES NEGATE EPSILON"
UTT="DELTA GETS ABSOLUTE ALPHA"
REC="DELTA GETS ABSOLUTE ALPHA"
UTT="EPSILON BECOMES FACT BETA"
REC="EPSILON BECOMES FACT BETA"
UTT="WHAT IS SEVEN PLUS EIGHT"

REC="WHAT IS SEVEN PLUS EIGHT"

UTT="SHOW NINE MINUS FIVE"

REC="SHOW NINE MINUS FIVE"

UTT="STORE TWO ZERO TIMES THREE INTO GAMMA"
REC="STORE. TWO ZERO TIMES THREE INTO GAMMA"
UTT="PUT FOUR DIVIDE DELTA IN EPSILON"
REC="PUT FOUR DIVIDE DELTA IN EPSILON"

A28

TEST RESULTS

CORRECT=5/5
CORRECT=4/5
CORRECT=4/4
CORRECT=5/5
CORRECT=5/5
CORRECT=5/5
CORRECT=6/6
CORRECT=6/6
CORRECT=7/7
CORRECT=6/8
CORRECT=7/7
CORRECT=6/6
CORRECT=7/7
CORRECT=4/4
CORRECT=4/4
CORRECT=4/4
CORRECT=5/5
CORRECT=4/4
CORRECT=7/7

CORRECT=6/6




APPENDIX F TEST RESULTS

Test Summary of Speaker KP, With Syntax,
on Test Data recorded with Training Data.

urtr LNG WORDS #COR  7COR R-TIME  #STATES SEGS
1 2.1 5 5 100.0 137 16 55
2 1.9 L5 5 1000 5.3 32 52
3 1.7 4 4 1000 4.7 26 46
4 2.1 5 5 1000. 55 30 62
5 1.9 5 5 1000 55 34 53
6 20 5 4 80.0 - 43 22 53
7 2.4 6 6 1000 - 54 41 69
8 2.4 6 6 100.0 4.3 32 58
9 2.7 7 6 85.7 6.1 50 73
10 3.2 8 8 100.0. 4] 28 85
11 24 7 7 1000 39 28 61
12 25 6 6 1000 3.7 20 64
13 2.6 7 6 857 5.2 36 82
14 2.1 4 4 100.0 3.7 23 56
15 1.8 4 4 1000 ; 44 30 52
16 20 4 4 1000 3.4 27 44
17 1.7 5 5 100.0 48 38 41
18 1.7 q 2 50.0 3.1 17 31
19 2.8 7 7 1900 4.6 31 74
20 2.4 6 6 1000 46 29 68
LNG = Utterance length in seconds
WORDS = Number of words in utterance :
#COR = Number of words correctly recognized -
7COR = 7 of words correctly recognized ;
R-TIME = Number of times real time needed for recognition

ADD 8.4 for ACS and LPC calculations.
#STATES = Average number of states checked at each segment:
SEGS = Number of segments produced (LNGx100 = number of

10ms. time samples) '
Total words = : 110
Correct words = 105 = 9557
Correct utterances = 16 = 80.07
Average search time = 4.5 times real time
Including ACS and LPC calculation = 129
Average number of states searched = - 29

Ratio of segments/10ms samples = ’ 26,77
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APPENDIX F

Test Detail of Speaker KP, With Syntax,
on Test Data recorded with Training Data.

10

11

12

13

14

15

16

17

18

19

20

UTT="STORE NEGATE ALPHA INTO EPSILON"
REC="STORE NEGATE ALPHA INTO EPSILON"
UTT="PUT ABSOLUTE BETA IN DELTA"
REC="PUT ABSOLUTE BETA IN DELTA"
UTT="ALPHA GETS FACT GAMMA"
REC="ALPHA GETS FACT GAMMA"
UTT="BETA BECOMES OCTAL ONE ZERQ"

‘REC="BETA BECOMES OCTAL ONE ZERQ"

UTT="GAMMA GETS DECIMAL TWO THREE"
REC="GAMMA GETS DECIMAL TWO THREE"
UTT="DELTA BECOMES FOUR PLUS FIVE"
REC~"DELTA BECOMES FOUR PLUS ONE"
UTT="EPSILON GETS SIX EIGHT MINUS DELTA"
REC="EPSILON GETS SIX EIGHT MINUS DELTA"
UTT="WHAT IS SEVEN NINE TIMES EPSILON"
REC="WHAT IS SEVEN NINE TIMES EPSILON”
UTT="SHOW ONE ZERG TWO DIVIDE THREE FOUR"
REC="SHOW ONE ZERO TWO TWO FIVE THREE FOUR"
UTT="STORE FIVE SIX MOD SEVEN EIGHT INTO ALPHA"
REC="STORE FIVE SIX MOD SEVEN EIGHT INTO ALPHA"
UTT="PUT NINE POWER TWO ONE IN BETA"

REC="PUT NINE POWER TWO ONE IN BETA"
UTT="ALPHA BECOMES THREE ZERO MAX GAMMA"
REC="ALPHA BECOMES THREE ZERO MAX GAMMA"
UTT="BETA GETS DECIMAL FOUR SIX MIN DELTA"

REC="BETA GETS DECIMAL FOUR EIGHT SIX MIN DELTA™

UTT="GAMMA BECOMES NEGATE EPSILON" .
REC="GAMMA BECOMES NEGATE EPSILON"
UTT="DELTA GETS ABSOLUTE ALPHA"

REC="DELTA GETS ABSOLUTE ALPHA"
UTT="EPSILON BECOMES FACT BETA"
REC="EPSILON BECOMES FACT BETA"

UTT="WHAT IS SEVEN PLUS EIGHT"

REC="WHAT 1S SEVEN PLUS EIGHT"

UTT="SHOW NINE MINUS FIVE"

REC="SHOW NINE MOD EPSILON"

UTT="STORE TWO ZERO TIMES THREE INTO GAMMA"
REC="STORE TWO ZERO TIMES THREE INTO GAMMA"
UTT="PUT FOUR DIVIDE DELTA IN EPSILON"
REC="PUT FOUR DIVIDE DELTA IN EPSILON"

A30

TEST RESULTS

CORRECT=5/5
CORRECT=5/5
CORRECi=4/4
CORRECT=5/5
CORRECT=5/5
CORRECT=4/5
CORRECT=6/6
CORRECT=6/6
CORRECT=6/7
CORRECT=8/8
CORRECT=7/7
CORRECT=6/6
CORRECT=6/7
CORRECT=4/4
CORRECT=4/4
CORRECT=4/4
CORRECT=5/5
CORRECT=2/4
CORRECT=7/7

CORRECT=6/6




APPENDIX F TEST RESULTS

Test Summary of Speaker DS, With Syntax,
on Test Data recorded with Training Data.

utT LNG WORDS #COR  7COR R-TIME #STATES SEGS
1 2.0 5 5 100.0 40+ 23 61
2 2.0 5 5 100.0 3.9 - 28 57
3 1.8 4 4 1000 40 28 55
4 2.4 5 4 800 - 4.1 25 68
5 2.2 5 5 1000 4.3 27 60
6 2.2 5 5 100.0 40 21 60
7 2.6 6 6 1000 4.4 30 71
8 2.4 6 6 1000 50 36 65
9 3.3 7 7 1000 7.0 56 89
10 35 8 8 100.0 41 - 25 93
11 2.6 7 7 1000. 48 32 70
12 2.9 6 6 1000 49 26 87
13 3.1 7 7 1000 . 46 26 91
14 2.1 4q 4 100.0 3.2 . 15 62
15 1.9 4 4 1000 5.2 37 57
16 2.4 4 4 1000 .43 31 62
17 1.9 5 5 100.0 i el 50 48
18 1.9 4 4 1000 34 19 42
19 3.0 7 6 85.7 . - 5.2 33 94
20 25 6 6 100.0 55 42 76
LNG = Utterance length in seconds
WORDS = Number of words in utterance
#COR = Number of words correctly recognized:
7COR = 7. of words correctly recognized
R-TIME = Number of times real time needed for recognition

ADD 8.4 for ACS and LPC calculations.
#STATES = Average number of states checked at each segment
SEGS = Number of segments produced (LNGx100 = npumber of

10ms. time samples)
Total words = v 110
Correct words = 108 = 98.27
Correct utterances = 18 = 90.07
Average search time = 4.6 times real time
Including ACS and LPC calculation = 13.0
Average number of states searched = 30

Ratio of segments/10ms samples = & 28.27




APPENDIX F

Test Detail of Speaker DS, With Syntax,
on Test Data recorded with Training Data.

10
11
12
13
14
5
16
17
18

19

UTT="STORE NEGATE ALPHA INTO EPSILON"
REC="STORE NEGATE ALPHA INTO EPSILON"
UTT="PUT ABSOLUTE BETA IN DELTA"

REC="PUT ABSOLUTE BETA IN DELTA"
UTT="ALPHA GETS FACT GAMMA"

REC="ALPHA GETS FACT GAMMA"

UTT="BETA BECOMES OCTAL ONE ZERO"
REC="BETA BECOMES OCTAL ONE MIN ZERO"
UTT="GAMMA GETS DECIMAL TWO THREE"
REC="GAMMA GETS DECIMAL TWO THREE"
UTT="DELTA BECOMES FOUR PLUS FIVE"
REC="DELTA BECOMES FOUR PLUS FIVE"
UTT="EPSILON GETS SIX EIGHT MINUS DELTA"
REC="EPSILON GETS SIX EIGHT MINUS DELTA"
UTT="WHAT IS SEVEN NINE TIMES EPSILON"
REC="WHAT 1S SEVEN NINE TIMES EPSILON"
UTT="SHOW ONE ZERO TWO DIVIDE THREE FOUR"
REC="SHOW ONE ZERO TWO DIVIDE THREE FOUR""
UTT="STORE FIVE SIX MOD SEVEN EIGHT INTO ALPHA"
REC="STORE FIVE SIX MOD SEVEN EIGHT INTO ALPHA"
UTT="PUT NINE POWER TWO ONE IN BETA"
REC="PUT NINE POWER TWO ONE IN BETA"
UTT="ALPHA BECOMES THREE ZERO MAX GAMMA"
REC="ALPHA BECOMES THREE ZERO MAX GAMMA"
UTT="BETA GETS DLCIMAL FOUR SIX MIN DELTA" .
REC="BETA GETS DECIMAL FOUR SIX MIN DELTA"
UTT="GAMMA BECOMES NEGATE EPSILON"
REC="GAMMA BECOMES NEGATE EPSILON"
UTT="DELTA GETS ABSOLUTE ALPHA"
REC="DELTA GETS ABSOLUTE ALPHA"
UTT="EPSILON BECOMES FACT BETA"
REC="EPSILON BECOMES FACT BETA"

UTT="WHAT IS SEVEN PLUS EIGHT"
REC="WHAT IS SEVEN PLUS EIGHT"

UTT="SHOW NINE MINUS FIVE"

REC="SHOW NINE MINUS FIVE"

UTT="STORE TWO ZERO TIMES THREE INTO GAMMA"

REC="STORE TWO ZERO TIMES FOUR EIGHT INTO GAMMA"

UTT="PUT FOUR DIVIDE DELTA IN EPSILON"
REC="PUT FOUR DIVIDE DELTA IN EPSILON"

TEST RESULTS

CORRECT=5/5
CORRECT=5/5
CORRECT=4/4
CORRECT=4/5
CORRECT=5/5
CORRECT=5/5
CORRECT=6/6
CORRECT=6/6
CORRECT=7/7
CORRECT=8/8
CORRECT=7/7
CORRECT=6/6
CORRECT=7/7
CORRECT=4/4
CORRECT=4/4
CORRECT=4/4
CORRECT=5/5
CORRECT=4/4
CORRECT=6/7

CORRECT=6/6




APPENDIX F - TEST RESULTS

Test Summary of Speaker RG, With Syntax,
on Test Data recorded with Training Data.

utT LNG WORDS #COR  7COR R-TIME  #STATES SEGS

1 2.1 5 5 100.0 3.6 13 62

2 1.8 5 5 100.0 4.9 26 50

3 15 q 4 1000 - 6.7 438 51

q . 1.9 5 5 1009 47 22 55

5 1.9 5 5 1000 5.3 29 55

6 1.8 5 5 100.0 B 23 53

7 2.4 6 6 1000 - 5O 29 68

8 2.2 6 6 100.0 53 . 30 59

9 27 7 7 1000 5.7 27 82

10 2.1 7 7 .100.0 4.2 21 56

11 2.3 6 6 100.0 5.1 23 69

12 2.6 7 7 1000 - Bi5 . 26 82

13 1.8 4 4 1000 - 58 31 60

14 1.8 4 4 1000 5.3 24 63

15 1.8 4 3 75.0 5.4 29 53

16 15 5 5 100.0 5.6 32 42
f 17 1.4 4 4 1000 36 13 33

18 ' 2.6 7 7 100.0 5.7 26 85

19 2.2 6 6 1000 84 . 61 . 69

LNG = Utterance length in seconds

WORDS = Number of words in utterance

#COR = Number of words correctly recognized

7COR = 7 of words correctly recognized

R-TIME = Number of times real time needed for recognition

ADD 8.4 for ACS and LPC calculations.
#STATES = Average number of states checked at each segment
SEGS " = Number of segments produced (LNGx100 = number of
10ms. time samples) : .

Total words = . 102

Correct words = 101 = 99.07.

Correct utterances = : 18 = 94.77.

Average search time = 5.3 times real time

Including ACS and L.PC calculation = 13.7

Average number of states searched = 28

Ratio of segments/10ms samples = 30.27




APPENDIX F

Test Detail of Speaker RG, With Syntax,
on Test Data recorded with Training Data.

10

11

12

13

14

15

16

17

18

19

UTT="STORE NEGATE ALPHA INTO EPSILON"
REC="STORE NEGATE ALPHA INTO EPSILON"
UTT="PUT ABSOLUTE BETA IN DELTA"
REC="PUT ABSOLUTE BETA IN DELTA"
UTT="ALPHA GETS FACT GAMMA"
REC="ALPHA GETS FACT GAMMA"
UTT="BETA BECOMES OCTAL ONE ZERO"
REC="BETA BECOMES OCTAL ONE ZERO"
UTT="GAMMA GETS DECIMAL TWO THREE" .
REC="GAMMA GETS DECIMAL TWO THREE"
UTT="DELTA BECOMES FOUR PLUS FIVE"

-REC="DELTA BECOMES FOUR PLUS FIVE"

UTT="EPSILON GETS SIX EIGHT MINUS DELTA"
REC="EPSILON GETS SIX EIGHT MINUS DELTA"
UTT="WHAT IS SEVEN NINE TIMES EPSILON"
REC="WHAT IS SEVEN NINE TIMES EPSILON" ;
UTT="SHOW ONE ZERO TWO DIVIDE THREE FOUR"
REC="SHOW ONE ZERO TWO DIVIDE THREE FOUR"
UTT="PUT NINE POWER TWO ONE IN BETA"
REC="PUT NINE POWER TWO ONE IN BETA"
UTT="ALPHA BECOMES THREE ZERO MAX GAMMA"
REC="ALPHA BECOMES THREE ZERO MAX GAMMA"
UTT="BETA GETS DECIMAL FOUR SIX MIN DELTA"
REC="BETA GETS DECIMAL FOUR SIX MIN DELTA"
UTT="GAMMA BECOMES NEGATE EPSILON"
REC="GAMMA BECOMES NEGATE EPSILON"
UTT="DELTA GETS ABSOLUTE ALPHA"
REC="DELTA GETS ABSOLUTE ALPHA"
UTT="EPSILON BECOMES FACT BETA"
REC="EPSILON BECOMES FACT ZERO"
UTT="WHAT IS SEVEN PLUS EIGHT"

REC="WHAT IS SEVEN PLUS EIGHT"

UTT="SHOW NINE MINUS FIVE"

REC="SHOW NINE MINUS FIVE"

UTT="STORE TWO ZERO TIMES THREE INTO GAMMA"

REC="STORE TWO ZERO TIMES THREE INTO GAMMA"
UTT="PUT FOUR DIVIDE DELTA IN EPSILON" '
REC="PUT FOUR DIVIDE DELTA IN EPSILON"

A34

" TEST RESULTS

CORRECT=5/5
CORRECT=5/5
CORRECT=4/4
CORRECT=5/5
CORRECT=5/5
CORRECT=5/5
CORRECT=6/6
CORRECT=6/6
CORRECT=7/7
CORRECT=7/7
CORRECT=6/6
CORRECY=7/7

CORRECT=4/4

CORRECT=4/4

CORRECT=3/4
CORRECT=5/5
CORRECT=4/4
CORRECT=7/7

CORRECT=6/6




APPENDIX F TEST RESULTS

Test Summary of Speaker BL, No Syntax,
on Test Data recorded 5 Months after Training Data.

utT LNG WORDS #COR  7COR R-TIME  #STATES SEGS
1 2.1 5 4 80.0 9.4 55 63
2 1.8 5. 5 1000 9.9 54 54
3 1.6 q 4 100.0 99 62 46
4 2.0 5 5 100.0 83 40 59
5 1.8 5 5 1000 105" 56 58
6 1.9 5 q 80.0 {1 53 64
7- 2.3 6 6 100.0 9.1 51 68
8 2.1 6 6 100.0 9128 53 65
9 2.6 7 6 85.7 8.7 55 72
10 2.7 8 6 75.0 95 _ 50 90
11 2.0 7 5 70 (L 9.4 5l 61
52 2.3 6 6 100.0 94 - 45 77
13 25 7 6 85.7 9.3 50 77
14 1.9 4 50 . 103 62 62
15 7/ 4 4 1000 - 99 47 59
16 : 1.9 i} 4 1000 9.5 56 59
17 1.6 L5 4 80.0 T 38 42
18 1.6 4 4 1000 6.3 - 30 40
19 27 7 7 1000 . 95 52 86
20 2.3 6 5 833 10,0 57 71
I NG = Utterance length in seconds
WORDS = Number of words in utterance
#COR = Number of words correctly recognized
7COR = 7 of words correctly recognized
R-TIME = Number of times real time needed for recognition

ADD 8.4 for ACS and LPC calculations.
#STATES = Average number of states checked at each segment
SEGS = Number of segments produced (LNGx100 = number of

10ms. time samples)
Total words = : 110"
Correct words = 99 =90.07
Correct utterances = 11 = 55,07
Average search time = 9.3 times real time
Including ACS and LPC calculation = - 17.7 times real time
Average number of states searched = : 50
Ratio of segments/10ms samples = 30.97
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APPENDIX F

Test Detail of Speaker BL, No Syntax,
on Test Data recorded 5 Months after Training Data. -

10

11

12

13

14

15

16

17

18

19

20

UTT="STORE NEGATE ALPHA INTO EPSILON"
REC="STORE NEGATE DELTA INTO EPSILON"
UTT="PUT ABSOLUTE BETA IN DELTA"
REC="PUT ABSOLUTE BETA IN DELTA"
UTT="ALPHA GETS FACT GAMMA"

REC="ALPHA GETS FACT GAMMA"

UTT="BETA BECOMES OCTAL ONE ZERO"
REC="BETA BECOMES OCTAL ONE ZERO"
UTT="GAMMA GETS DECIMAL TWO THREE"
REC="GAMMA GETS DECIMAL TWQ THREE"
UTT="DELTA BECOMES FOUR PLUS FIVE"
REC="DELTA BECOMES FOUR PLUS NINE"
UTT="EPSILON GETS SIX EIGHT MINUS DELTA"
REC="EPSILON GETS SIX EIGHT MINUS DELTA"
UTT="WHAT IS SEVEN NINE TIMES EPSILON"
REC="WHAT IS SEVEN NINE TIMES EPSILON"’
UTT="SHOW ONE ZERO TWO DIVIDE THREE FOUR" -
REC="SHOW ONE ZERO TWO DIVIDE THREE WHAT"

UTT="STORE FIVE SIX MOD SEVEN EIGHT INTO ALPHA"
REC="STORE FIVE SIX NINE SEVEN EIGHT MIN PUT ALPHA"

UTT="PUT NINE POWER TWO ONE IN BETA"
REC="MOD NINE POWER TWO ONE MIN BETA" :
UTT="ALPHA BECOMES THREE ZERO MAX GAMMA"
REC="ALPHA BECOMES THREE ZERO MAX GAMMA"
UTT="BETA GETS DECIMAL FOUR SIX MIN DELTA"
REC="EIGHT GETS DECIMAL FOUR SIX MIN DELTA"
UTT="GAMMA BECOMES NEGATE EPSILON"
REC="GAMMA BECOMES MIN BETA EPSILON"
UTT="DELTA GETS ABSOLUTE ALPHA"

REC="DELTA GETS ABSOLUTE ALPHA"

Ui 1 ="EPSILON BECOMES FACT BETA"
REC="EPSILON BECOMES FACT BETA"

UTT="WHAT IS SEVEN PLUS EIGHT"

REC="WHAT IN SEVEN PLUS EIGHT"

UTT="SHOW NINE MINUS FIVE"

REC="SHOW NINE MINUS FIVE"

UTT="STORE TWO ZERO TIMES THREE INTO GAMMA"
REC="STORE TWO ZERO TIMES THREE INTO GAMMA" .
UTT="PUT FOUR DIVIDE DELTA IN EPSILON"
REC="PUT FOUR DIVIDE DELTA IN MIN EPSILON"

A36

TEST RESULTS

CORRECT=4/5
CORRECT=5/5
CORRECT=4/4
CORRECT=5/5
CORRECT=5/5
CORRECT=4/5
CORRECT=6/6
CORRECT=6/6
CORRECT=6/7
CORRECT=6/8
CORRECT=5/7
CORRECT=6/6

CORRECT=6/7

CORRECT=3/4

CORRECT=4/4
CORRECT=4/4
CORRECT=4/5
CORRECT=4/4
CORRECT=7/7

CORRECT=5/6




APPENDIX F ’ TEST RESULTS

Test Summary of Speaker KP, No Syntax, .
on Test Data recorded 5 Months after Training Data.

urT LNG WORDS  #COR  7COR R-TIME  #STATES SEGS
1 20 5 4 80.0 95 72 54
2 1.8 5 5 100.0 12.8 100 57
2 15 q 4 1000 . 9.8 72 39
4 20 5 4 80.0 95 68 55
5 1.7 5 3 60.0 10.0 66 49
6 1.9 5 3 60.0 7.8 53 43
7 23 6 3 50.0 129 101 71
8 2.0 6 5 833 10.6 78 54
9 2.6 7 5 71.4 8.6 61 63
10 2.8 8 8 1000 9.7 69 77
11 2.6 7 6 85.7 . 7.6 55 55
12 2.3 6 5 833 8.4 51 63
i3 2.6 7 4 57.1 9.7 81 67
14 2.1 4 4 100.0 8.1 54 53
15 1.9 4 4 1000 10.2 80 52
16 1.9 q 4 100.0 7.8 59 46
117 1.6 5 2 40.0 - 100 87 42
18 1.6 4q 2 50.0 6.7 46 35
19 2.7 7 6 85.7 % 8.9 69 70
20 2.2 6 q 66.7 .+ 95 74 59
LNG = Utterance length in seconds
WORDS = Number of words in utterance
#COR = Number of words correctly recognized
7COR = 7 of words correctly recognized
R-TIME = Number of times real time needed for recognition

ADD 8.4 for ACS and LPC calculations.
#STATES = Average number of states checked at each segment
SEGS = Number of segments produced (LNGx100 = number of

10ms. time samples) :
Total words = 110
Correct words = 85 = 77.37
Correct utterances = 6 = 30.07
Average search time = 9.4 times real time
Including ACS and LPC calculation = 17.8 times real time
Average number of states searched = ; 69
Ratio of segments/10ms samples = 26.27.
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APPENDIX F

Test Detail of Speaker KP, No Syntax,
on Test Data recorded 5 Months after Training Data.

10

11

12

13

14

15

16

| 37

18

9

20

UTT="STORE NEGATE ALPHA INTO EPSILON"
REC="STORE MIN BETA ALPHA INTO EPSILON"
UTT="PUT ABSOLUTE BETA IN DELTA" :
REC="PUT ABSOLUTE BETA IN DELTA"

UTT="ALPHA GETS FACT GAMMA"

REC="ALPHA GETS FACT GAMMA"

UTT="BETA BECOMES OCTAL ONE ZERO"

REC="EIGHT TWO BECOMES OCTAL ONE ZERQ"
UTT="GAMMA GETS DECIMAL TWO THREE"
REC="GAMMA BECOMES ONE TWO THREE"
UTT="DELTA BECOMES FOUR PLUS FIVE"
REC="DELTA BECOMES FOUR MOD NINE"
UTT="EPSILON GETS SIX EIGHT MINUS DELTA"
REC="EPSILON MIN GETS BETA EIGHT NINE MAX DELTA"
UTT="WHAT IS SEVEN NINE TIMES EPSILON"
REC="MOD 1S SEVEN NINE TIMES EPSILON"
UTT="SHOW ONE ZERO TWO DIVIDE THREE FOUR"
REC="SHOW ONE ZERO TWO TWO NINE THREE ONE"
UTT="STORE FIVE SIX MOD SEVEN EIGHT INTO ALPHA"
REC="STORE FIVE SIX MOD SEVEN EIGHT INTO ALPHA"
UTT="PUT NINE POWER TWO ONE IN BETA"

REC="PUT NINE POWER TWO IN ONE IN BETA"
UTT="ALPHA BECOMES THREE ZERO MAX GAMMA"
REC="OCTAL BECOMES THREE ZERO MAX GAMMA"
UTT="BETA GETS DECIMAL FOUR SIX MIN DELTA"
REC="BETA GETS DECIMAL ONE FACT IN DELTA"
UTT="GAMMA BECOMES NEGATE EPSILON" :
REC="GAMMA BECOMES NEGATE EPSILON"
UTT="DELTA GETS ABSOLUTE ALPHA”

REC="DELTA GETS ABSOLUTE ALPHA"

UTT="EPSILON BECOMES FACT BETA"

REC="EPSILON BECOMES FACT BETA"

UTT="WHAT IS SEVEN PLUS EIGHT"

REC="WHAT IS WHAT IN MOD IN"

UTT="SHOW NINE MINUS FIVE"

REC="SHOW NINE MIN ONE" .
UTT="STORE TWO ZERO TIMES THREE INTO GAMMA"
REC="STORE TWO ZERO TWO ONE THREE INTO GAMMA"
UTT="PUT FOUR DIVIDE DELTA IN EPSILON"

REC="IN FOUR WHAT FIVE DELTA IN EPSILON"

A38

TEST RESULTS

CORRECT=4/5
CORRECT=5/5
CORRECT=4/4
CORRECT=4/5
CORRECT=3/5
CORRECT=3/5
CORRECT=3/6
CORRECT=5/6
CORRECT=5/7
CORRECT=8/8
CORRECT=6/7
CORRECT=5/6
CORRECT=4/7
CORRECT=4/4
CORRECT=4/4
CORRECT=4/4
CORRECT=2/5
CORRECT=2/4
CORRECT=6/7

CORRECT=4/6




APPENDIX F TEST RESULTS

Test Summary of Speaker DS, No Syntax,
on Test Data recorded 5 Months after Training Data.

utT LNG WORDS «COR  7COR R-TIME  «STATES SEGS
1 2.1 5 3 60.0 95 46 61
2 1.9 S 5 1000 11.2 65 57
3 1.8 4 3 75.0 9.0 62 47
4 23 5 a 800 9.2 51 69
5 2.2 5 a 800 98 67 61
6 2.1 S 5 1000 7.4 43 54
7 26 6 6 1000 90 60 75
8 2.2 6 6 1000 96 a5 63
9 2.8 7 6 85.7 9.4 56 82
10 3.1 8 8 1000 88 54 86
11 24 7 6 85.7 10.1 66 72
12 25 6 S 833 85 a8 75
13 20 7 6 85.7 10.7 70 79
14 2.0 a 1 250 13 68 64
15 1.9 4 4 1000 112 62 62
16 20 q 3 75.0 10.4 68 60
17 1.7 5 a 800 11.0 69 49
18 1.8 q 3 75.0 7.6 47 46
19 2.7 7 4 57.1 11.6 65 86
20 23 6 a 66.7 109 69 73
LNG = Utterance length in seconds
WORDS = Number of words in utterance
#COR = Number of words correctly recognized
7COR = 7 of words correctly recogmzed
R-TIME = Number of times real time needed for recognition

ADD 8.4 for ACS and LPC calculations.
#STATES = Average number of states checked al each segment
SEGS = Number of segments produced (LNGx100 = number of

10ms. time samples)
Total words = 110
Correct words = 90 = 81.87
Correct utterances = 6 = 30.07
Average search time = 9.8 times real time
Including ACS and LPC calculation = 18.2 times real time
Average number of states searched = 59
Ratio of segments/10ms samples = 29.27.
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APPENDIX F

Test Detail of Speaker DS, No Syntak,
on Test Data recorded 5 Months after Training Data.

10

11

12

13

14

15

16

17

18

19

20

UTT="STORE NEGATE ALPHA INTO EPSILON"
REC="STORE IN EIGHT BETA ALPHA IN EPSILON"
UTT="PUT ABSOLUTE BETA IN DELTA"

REC="PUT ABSOLUTE BETA IN DELTA"
UTT="ALPHA GETS FACT GAMMA"

REC="MOD WHAT GETS FACT GAMMA"

UTT="BETA BECOMES OCTAL ONE ZERO"
REC="BETA BECOMES WHAT OCTAL ONE ZERO"
UTT="GAMMA GETS DECIMAL TWO THREE"
REC="GAMMA MIN DECIMAL TWOQ THREE" .
UTT="DELTA BECOMES FOUR PLUS FIVE"
REC="DELTA BECOMES FOUR PLUS FIVE"
UTT="EPSILON GETS SIX EIGHT MINUS DELTA"
REC="EPSILON GETS SIX EIGHT MINUS DELTA"
UTT="WHAT IS SEVEN NINE TIMES EPSILON"
REC="WHAT IS SEVEN NINE TIMES EPSILON"
UTT="SHOW ONE ZERO TWO DIVIDE THREE FOUR"™
REC="SHOW NINE ZERO TWO DIVIDE THREE FOUR"
UTT="STORE FIVE SIX MOD SEVEN EIGHT INTO ALPHA"
REC="STORE FIVE SIX MOD SEVEN EIGHT INTO ALPHA"
UTT="PUT NINE POWER TWO ONE IN BETA" :
REC="PUT NINE POWER TWO ONE MIN EIGHT BETA"
UTT="ALPHA BECOMES THREE ZERO MAX GAMMA"
REC="ALPHA BECOMES THREE ZERO MAX ZERQ"
UTT="BETA GETS DECIMAL FOUR SIX MIN DELTA" -
REC="IN GETS DECIMAL FOUR SIX MIN DELTA"
UTT="GAMMA BECOMES NEGATE EPSILON"
REC="ZERO BECOMES MIN EIGHT MAX NINE"
UTT="DELTA GETS ABSOLUTE ALPHA"

REC="DELTA GETS ABSOLUTE ALPHA"
UTT="EPSILON BECOMES FACT BETA"
REC="EPSILON BECOMES FACT IN MIN"
UTT="WHAT IS SEVEN PLUS EIGHT"

REC="WHAT IN SEVEN PLUS IN EIGHT"

UTT="SHOW NINE MINUS FIVE"

REC="SHOW MIN NINE MINUS ALPHA"

UTT="STORE TWO ZERO TIMES THREE INTO GAMMA"
REC="STORE TWO ZERO BECOMES STORE EIGHT IN GAMMA"
UTT="PUT FOUR DIVIDE DELTA IN EPSILON"
REC="PUT FOUR PUT NINE DELTA IN IN EPSILON"
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TEST RESULTS

CORRECT=3/5
CORRECT=5/5
CORRECT=3/4
CORRECT=4/5
CORRECT=4/5
CORRECT=5/5
CORRECT=6/6
CORRECT=6/6
CORRECT=6/7
CORRECT=8/8
CORRECT=6/7
CORRECT=5/6
CORRECT=6/7
CORRECT=1/4
CORRECT=4/4
CORRECT=3/4
CORRECT=4/5
CORRECT=3/4
CORRECT=4/7

CORRECT=4/6




APPENDIX F- ~ TEST RESULTS

Test Summary of Speaker RG, No Syntax, :
on Test Data recorded 5 Months after Training Data.:

utT LNG WORDS #COR  7COR R-TIME = #STATES
1 1.9 5 q 80.0 10.7 60
2 1.7 5 3 60.0 110 62
3 15 4 4 1000 . 85 - 54 -
4 1.9 5 5 1000 9.3 43
5 1.9 5 q 80.0 J £ L 63
6 1.7 5 4 80.0 105 50
7 2.4 6 q 66.7 10.4 55
8 20 6 5 833 . 80 49
9 2.7 7 6 85.7 8.2 47
10 3.1 8 6 75.0 9.7 61
11 2.1 7 6 85.7 10.2 57
12 2.6 6 6 1000 8.7 44
13 2.7 7 6 85.7 12.2 79
14 1.8 q 3 75.0 113 63
15 1.9 4 4 1000 9.9 62
16 1.6 5 5 1000 fo.e 62
17 1.6 4 3 75.0 7.2 37
18 28 7 7 1000 105 59
19 2.2 6 5 83.3 10,0 58
LNG = Utterance length in seconds
WORDS = Number of words in utterance
#COR = Number of words correctly recognized
7COR = 7. of words correctly recognized
R-TIME = Number of times real time needed for recognition

ADD 8.4 for ACS and LPC calcuylations.
#STATES = Average number of states checked at each segment
SEGS = Number of segments produced (LNGx100 = number of

10ms. time samples) ' '
Total words = P (o[ S
Correct words = - 90 = 8497
Correct utterances = 6 =31.67
Average search time = 9.9 times real time
Including ACS and LPC calculation = 18.3 times real time
Average number of states searched = : 56
Ratio of segments/10ms samples = 29.77.
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APPENDIX F

Test Detail of Speaker RG, No Syntax,
on Test Data recorded 5 Months after Training Data

10

11

12

13

14

15

16

17

18

19

UTT="STORE NEGATE ALPHA INTO EPSILON"
REC="STORE MIN BETA ALPHA INTO EPSILON"
UTT="PUT ABSOLUTE BETA IN DELTA"

REC="WHAT ABSOLUTE BETA IN MOD"

UTT="ALPHA GETS FACT GAMMA"

REC="ALPHA GETS FACT GAMMA"

UTT="BETA BECOMES OCTAL ONE ZERO"
REC="BETA BECOMES OCTAL ONE ZERO"
UTT="GAMMA GETS DECIMAL TWO THREE"
REC="GAMMA GETS OCTAL TWO THREE"
UTT="DELTA BECOMES FOUR PLUS FIVE"
REC="DELTA BECOMES FOUR PLUS MOD"
UTT="EPSILON GETS SIX EIGHT MINUS DELTA"
REC="EPSILON GETS SIX EIGHT NINE IS MOD".
UTT="WHAT IS SEVEN NINE TIMES EPSILON"
REC="WHAT IS GAMMA NINE TIMES EPSILON"
UTT="SHOW ONE ZERO TWO DIVIDE THREE FOUR"
REC="SHOW ONE ZERO TWO MOD DIVIDE THREE FOUR"
UTT="STORE FIVE SIX MOD SEVEN EIGHT INTO ALPHA"
REC="STORE FIVE SIX TIMES SEVEN BETA INTO ALPHA"
UTT="PUT NINE POWER TWO ONE IN BETA"
REC="WHAT NINE POWER TWO ONE IN BETA"
UTT="ALPHA BECOMES THREE ZERO MAX GAMMA"
REC="ALPHA BECOMES THREE ZERO MAX GAMMA™
UTT="BETA GETS DECIMAL FOUR SIX MIN DELTA"
REC="BETA GETS DECIMAL FOUR SIX MIN ALPHA"
UTT="DELTA GETS ABSOLUTE ALPHA"

REC="MOD GETS ABSOLUTE ALPHA"

UTT="EPSILON BECOMES FACT BETA"
REC="EPSILON BECOMES FACT BETA"

UTT="WHAT IS SEVEN PLUS EIGHT"

REC="WHAT IS SEVEN PLUS EIGHT"

UTT="SHOW NINE MINUS FIVE"

REC="SHOW NINE MINUS MOD"

UTT="STORE TWO ZERO TIMES THREE INTQO GAMMA"
REC="STORE TWO ZERO TIMES THREE INTO GAMMA"™
UTT="PUT FOUR DIVIDE DELTA IN EPSILON"
REC="WHAT FOUR DIVIDE DELTA IN EPSILON"
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TEST RESULTS

CORRECT=4/5
CORRECT=3/5
CORRECT=4/4
CORRECT=5/5
CORRECT=4/5
CORRECT=4/5
CORRECT=4/6
CORRECT=5/6
CORRECT=6/7
CORRECT=6/8
CORRECT=6/7
CORRECT=6/6

CORRECT=6/7

- CORRECT=3/4

CORRECT=4/4
CORRECT=5/5
CORRECT=3/4
CORRECT=7/7

CORRECT=5/6

Asslagidiiin noavia




APPENDIXF TEST RESULTS

Test Summary of Speaker BL, With Syntax,
on Test Data recorded 5 Months after Training Data.

utTt LNG WORDS #COR  7ZCOR R-TIME  #STATES SEGS
1 2.1 5 4 80.0 37 14 63
2 1.8 . 5 5 1000 35 15 54
3 1.6 q 4 100.0 : 45 : 26 46
4 20 5 5 1000 4.4 24 59
5 1.8 5 5 1000 - 5.2 25 58
6 1.9 5 4 80,0 * A || 64
7 23 6 6 1000 42 23 68
8 2.1 6 6 1000 55 L3 65
9 2.6 7 6 85.7 6.0 45 72
10 2.7 8 7 875 5.7 37 90
11 20 7 7 1000 49 25 61
12 23 6 6 1000 48 22 77 E
13 25 7 7 1000 45 23 77 1
14 1.9 4 4 1000 4.7 25 62 2
15 1.7 q 4 1000 43 - 20 59
16 1.9 4 4 100.0 4.1 o 19 59
17 1.6 5 5 1000 43 25 42
18 1.6 4 4 1000 : 39 20 40
19 2.7 7 7 1000 5.0 26 86
20 23 6 6 1000 : 44 ' 24 71
LNG = Utterance length in seconds
WORDS = Number of words in utterance
#COR = Number of words correctly recognized
7COR = 7 of words correctly recognized ;
R-TIME = Number of times real time needed for recagnition

ADD 8.4 for ACS and LPC calculations.
#STATES = Average number of states checked at each segment
SEGS = Number of segments produced (LNGx100 = number of

10ms. time samples) '
Total words = 110
Correct words = 106 = 96.47
Correct utterances = "~ 16 = 80.07%
Average search time = " 4,7 times real time
Including ACS and LPC calculation = 13.1 times real time
Average number of states searched = : 24

Ratio of segments/10ms samples = 30.97
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APPENDIX F

Test Detail of Speaker BL, With Syntax,
on Test Data recorded 5 Months after Training Data.

12

13

14

15

16

17

18

19

20

UTT="STORE NEGATE ALPHA INTO EPSILON"
REC="STORE NEGATE DELTA INTO EPSILON"
UTT="PUT ABSOLUTE BETA IN DELTA"
REC="PUT ABSOLUTE BETA IN DELTA"
UTT="ALPHA GETS FACT GAMMA"
REC="ALPHA GETS FACT GAMMA"

UTT="BETA BECOMES OCTAL ONE ZERQ"
REC="BETA BECOMES OCTAL ONE ZERQ"
UTT="GAMMA GETS DECIMAL TWO THREE"
REC="GAMMA GETS DECIMAL TWO THREE"
UTT="DELTA BECOMES FOUR PLUS FIVE"
REC="DELTA BECOMES FOUR PLUS NINE"
UTT="EPSILON GETS SIX EIGHT MINUS DELTA"
REC="EPSILON GETS SIX EIGHT MINUS DELTA"
UTT="WHAT IS SEVEN NINE TIMES EPSILON"
REC="WHAT IS SEVEN NINE TIMES EPSILON"
UTT="SHOW ONE ZERO TWO DIVIDE THREE FOUR™
REC="SHOW ONE ZERO TWO DIVIDE THREE ONE"

UTT="STORE FIVE SIX MOD SEVEN EIGHT INTO ALPHA"
REC="STORE FIVE SIX NINE SEVEN EIGHT INTO ALPHA"

UTT="PUT NINE POWER TWO ONE IN BETA"
REC="PUT NINE POWER TWO ONE IN BETA"
UTT="ALPHA BECOMES THREE ZERO MAX GAMMA"
REC="ALPHA BECOMES THREE ZERO MAX GAMMA"
UTT="BETA GETS DECIMAL FOUR SIX MIN DELTA"
REC="BETA GETS DECIMAL FOUR SIX MIN DELTA"
UTT="GAMMA BECOMES NEGATE EPSILON"
REC="GAMMA BECOMES NEGATE EPSILON"
UTT="DELTA GETS ABSOLUTE ALPHA"

REC="DELTA GETS ABSOLUTE ALPHA"
UTT="EPSILON BECOMES FACT BETA"
REC="EPSILON BECOMES FACT BETA"

UTT="WHAT IS SEVEN PLUS EIGHT"

REC="WHAT IS SEVEN PLUS EIGHT"

UTT="SHOW NINE MINUS FIVE"

REC="SHOW NINE MINUS FIVE"

UTT="STORE TWO ZERO TIMES THREE INTO GAMMA"
REC="STORE TWO ZERO TIMES THREE INTO GAMMA"
UTT="PUT FOUR DIVIDE DELTA IN EPSILOM"
REC="PUT FOUR DIVIDE DELTA IN EPSILON"

Ad4

TEST RESULTS,

CORRECT=4/5
CORRECT=5/5
CORRECT=4/4
CORRECT=5/5
CORRECT=5/5
CORRECT=4/5
CORRECT=6/6
CORRECT=6/6
CORRECT=6/7
CORRECT=7/8
CORRECT=7/7
CORRECT=6/6
CORRECT=7/7
CORRECT=4/4
CORRECT=4/4
CORRECT=4/4
CORRECT=5/5
CORRFCT=4/4
CORRECT=7/7

CORRECT=6/6




APPENDIX F TEST RESULTS

Test Summary of Speaker KP, With Syntax, .
on Test Data recorded 5 Months after Training Data.

utTt LNG WORDS #COR 7COR - R-TIME #STATES SEGS
1 20 5 5 100.0 4.1 23 54
2 1.8 5 5 1000 6.1 52 57
3 . 15 4 4 1000 3.6 24 39
4 2.0 5 5 1000 4.6 37 55
5 1.7 5 3 600 .. - 46 ' 32 49
6 1.9 5 i3 60.0 3.6 26 43
7 23 6 4 667 7.6 71 71
8 20 6 6 1000 NeD 52 54
9 2.6 7 5 7.4 B.2. 45 63
10 2.8 8 8 100.0 43 28 77
11 2.6 7 7 1000 35 - 23 55
12 2.3 6 6 1000 4.2 . 26 63
13 2.6 7 6 85.7 - .65 66 67
14 2.1 4 4 1000 3.8 21 53
15 1.9 4 .4 1000 . 48 38 52
16 1.9 4 4 1000 44 35 46
17 1.6 5 3 60.0 7.1 79 42
18 , 1.6 4 2 50.0 4.1 25 35
19 2.7 7 6 85.7 6.1 51 70
20 2.2 6 6 100.0 56 . - a5 59
LNG = Utterance length in seconds
WORDS = Number of words in utterance
#COR = Number of words correctly recognized
7COR = 7 of words correctly recognized
R-TIME = Number of times real time needed for recognition

ADD 8.4 for ACS and LPC calculations.
#STATES = Average number of states checked at each segment
SEGS = Number of segments produced (LNGx100 = number of

10ms. time samples) '
Total words = 110
Correct words = 96 = 87.37
Correct utterances = 12 = 60.07 -
Average search time = 5.0 times real time
Including ACS and LPC calculation = 13.4 iimes real time
Average number of states searched = 39
Ratio of segments/10ms samples = 26.27
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APPENDIX F

est Detail of Speaker KP, With Syntax,
- on Test Data recorded 5 Months after Training Data.

10

11

12

13

14

15

16

17

18

19

20

UTT="STORE NEGATE ALPHA INTO EPSILON"
REC="STORE NEGATE ALPHA INTO EPSILON®
UTT="PUT ABSOLUTE BETA IN DELTA"
REC="PUT ABSOLUTE BETA IN DELTA"
UTT="ALPHA GETS FACT GAMMA"
REC="ALPHA GETS FACT GAMMA"
UTT="BETA BECOMES OCTAL ONE ZERO"
REC="BETA BECOMES OCTAL ONE ZERO"
UTT="GAMMA GETS DECIMAL TWO THREE"

-REC="GAMMA BECOMES ONE TWQ THREE" -

UTT="DELTA BECOMES FOUR PLUS FIVE" . -
REC="DELTA BECOMES FOUR MOD NINE"
UTT="EPSILON GETS SIX EIGHT MINUS DELTA"
REC="EPSILON GETS EIGHT EIGHT NINE MAX DELTA"
UTT="WHAT IS SEVEN NINE TIMES FPSILON"
REC="WHAT IS SEVEN NINE TIMES EPSILON"
UTT="SHOW ONE ZERO TWO DIVIDE THREE FOUR"
REC="SHOW ONE.ZERO TWO TWO NINE THREE ONE"
UTT="STORE FIVE SIX MOD SEVEN EIGHT INTO ALPHA"

REC="STORE FIVE SIX MOD SEVEN EIGHT INTO ALPHA" .

UTT="PUT NINE POWER TWO ONE IN BETA"
REC="PUT NINE POWER TWO ONE IN BETA"
UTT="ALPHA BECOMES THREE ZERO MAX GAMMA”
REC="ALPHA BECOMES THREE ZERO MAX GAMMA",
UTT="BETA GETS DECIMAL FOUR SIX MIN DELTA" -
REC="BETA GETS DECIMAL ONE SIX MIN DELTA"
UTT="GAMMA BECOMES NEGATE EPSILON"
REC="GAMMA BECOMES NEGATE EPSILON"
UTT="DELTA GETS ABSOLUTE ALPHA"

REC="DELTA GETS ABSOLUTE ALPHA" -
UTT="EPSILON BECOMES FACT BETA"
REC="EPSILON BECOMES FACT BETA"

UTT="WHAT IS SEVEN PLUS EIGHT"

REC="WHAT IS ONE ONE MOD EIGHT"

UTT="SHOW NINE MINUS FIVE"

REC="SHOW NINE NINE MIN ONE"

UTT="STORE TWO ZERO TIMES THREE INTO GAMMA"
REC="STORE TWO ZERO TWO ONE THREE INTQO GAMMA"
UTT="PUT FOUR DIVIDE DELTA IN EPSILON"
REC="PUT FOUR DIVIDE DELTA IN EPSILON"
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TEST RESULTS

CORRECT=5/5

CORRECT=5/5

CORRECT=4/4

CORRECT=5/5

' CORRECT=3/5

CORRECT=3/5
CORRECT=4/6
CORRECT=6/6
CORRECT=5/7
CORRECT=8/8
CORRECT=7/7
CORRECT=6/6
CORRECT=6/7
CORRECT=4/4
CORRECT=4/4
CORRECT=4/4
CORRECT=3/5
CORRECT=2/4
CORRECT=6/7

CORRECT=6/6
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APPENDIX F TEST RESULTS

Test Summary of Speaker DS, With Syntax,
on Test Data recorded 5 Months after Training Data.

utTt LNG WORDS #COR  7COR R-TIME  #STATES SEGS

1 2.1 5 i} 80.0 39 20 61

2 1.9 5 5 1000 39 20 57

a 1.8 4 4 100.0 36 22 47

4 2.3 5 5 100.0 43 26 69

5 2.2 5 5 1000 44 27 61

6 2.1 5 5 100.0 3.7 22 54

7 2.6 6" 6 1000 a2 26 75

8 2.2 6 6 1000 - . ‘3.9 22 63
3 9 2.8 7 ) 85.7 5.8 42 82

10 3.1 8 8 100.0 45 30 86

11 2.4 7 7 1000 . 5.2 .34 72

12 25 6 5 83.3 4.2 21 75

13 2.7 7 7 1000 48 34 79

14 2.0 4 4 1000 4.7 30 64

15 1.9 4 4 1000 3.9 21 62

16 20 4 4 1000 44 28 60

17 1.7 5 4 80.0 5.6 47 49

18 1.8 4 3 75.0 4.7 . 37 46

19 2.7 7 5 71.4 6.0 40 86

20 23 6 6 1000 6.1 51 73

LNG = Utterance length in seconds

WORDS = Number of words in utterance

#COR = Number of words correctly recognized

7COR = 7. of words correctly recognized

R-TIME = Number of times real time needed for recognition

ADD 8.4 for ACS and LPC calculations.
#STATES = Average number of states checked at each segment
SEGS = Number of segments produced (LNGx100 = number of
10ms. time samples)

Total words = - 110

Correct words = 103 = 93.67

Correct utterances = 14 = 70.07

Average search time = 4.6 times real time

Including ACS and LPC calculation = 13.0 times real time

Average number of states searched = ' f 30

Ratio of segments/10ms samples = 29.27,
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APPENDIX F

Test Detail of Speaker DS, With Syntax,
on Test Data recorded 5 Months after Training Dala

10

11

12

13

14

15

16

17

18

19

20

UTT="STORE NEGATE ALPHA INTO EPSILON"- -
REC="STORE NEGATE ALPHA IN EPSILON"
UTT="PUT ABSOLUTE BETA IN DELTA"
REC="PUT ABSOLUTE BETA IN DELTA"
UTT="ALPHA GETS FACT GAMMA"

REC="ALPHA GETS FACT GAMMA"

UTT="BETA BECOMES OCTAL ONE ZERO"

. REC="BETA BECOMES OCTAL ONE ZERO"

UTT="GAMMA GETS DECIMAL TWO THREE"
REC="GAMMA GETS DECIMAL TWO THREE"
UTT="DELTA BECOMES FOQUR PLUS FIVE"
REC="DELTA BECOMES FOUR PLUS FIVE"
UTT="EPSILON GETS SIX EIGHT MINUS DELTA"
REC="EPSILON GETS SIX EIGHT MINUS DELTA"
UTT="WHAT IS SEVEN NINE TIMES EPSILON"
REC="WHAT IS SEVEN NINE TIMES EPSILON"
UTT="SHOW ONE ZERO TWO DIVIDE THREE FQUR"
REC="SHOW NINE ZERO TWO DIVIDE THREE FOUR"
UTT="STORE FIVE SIX MOD SEVEN EIGHT INTO ALPHA"
REC="STORE FIVE SIX MOD SEVEN EIGHT INTO ALPHA""
UTT="PUT NINE POWER TWO ONE IN BETA"
REC="PUT. NINE POWER TWO ONE IN BETA"
UTT="ALPHA BECOMES THREE ZERO MAX GAMMA™
REC="ALPHA BECOMES THREE ZERO MAX:ZERO"
UTT="BETA GETS DECIMAL FOUR SIX MIN DELTA"
REC="BETA GETS DECIMAL FOUR SIX MIN DELTA"
UTT="GAMMA BECOMES NEGATE EPSILON"
REC="GAMMA BECOMES NEGATE EPSILON"
UTT="DELTA GETS ABSOLUTE ALPHA"

REC="DELTA GETS ABSOLUTE ALPHA"
UTT="EPSILON BECOMES FACT BETA"
REC="EPSILON BECOMES FACT BETA"

UTT="WHAT IS SEVEN PLUS EIGHT"

REC="WHAT IS SEVEN PLUS BETA"

UTT="SHOW NINE MINUS FIVE"

REC="SHOW NINE MINUS ALPHA" :
UTT="STORE TWO ZERO TIMES THREE INTO GAMMA"

REC="STORE TWO ZERO TIMES FOUR EIGHT IN GAMMA".

UTT="PUT FOUR DIVIDE DELTA IN EPSILON™
REC="PUT FOUR DIVIDE DELTA IN EPSILON"
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TEST RESULTS

CORRECT=4/5

CORRECT=5/5

CORRECT=4/4
CORRECT=5/5
CORRECT=5/5
CORRECT=5/5
CORRECT=6/6
CORRECT=6/6
CORRECT=6/7
CORRECT=8/8
CORRECT=7/7
CORRECT=5/6
CORRECT=7/7
CORRECT=4/4
CORRECT=4/4
CORRECT=4/4
CORRECT=4/5
CORRECT=3/4
CORRECT=5/7

CORRECT=6/6




APPENDIX F - TEST RESULTS

Test Summary of Speaker RG, With Syntax,
on Test Data recorded 5 Months after Training Data.

56
54
38
57
58
53
76
52
77
91
65
68
86
60
54
51
4]
87
67

utT LNG WORDS  #COR . 7COR R-TIME  #STATES SEGS

1 1.9 5 5 100.0 3.6 16

2 1.7 5 5 1000 40. 19

3 15 4 4 1000 235 23

4 1.9 5 5 100.0 43 22

5 1.9 5 4 80.0 5.4 38

6 1.7 5 4 800 42 23

7 2.4 6 6 1000 5.3 37

8 2.0 6 6 100.0 - 48 - 4]

9 2.7 7 6 857 4.6 26

10 3.1 8 7 875 8.7 42

11 2.1 7 7 1000 A2 : 22

12 2.6 6 6 1000 4.2 : 26

13 2.7 7 6 857 6.2 47

14 1.8 4 4 1000 . 5.4 34

15 1.9 q 4. 1000. Qe 25

16 1.6 5 5 1000 - 5.1 30

17 1.6 ] 4 1000. 36 18

18 2.8 7 7 100.0 ‘5.2 32

19 2.2 6 6 1000 4.7 30

LNG = Utterance length in seconds

WORDS = Number of words in utterance

#COR = Number of words correctly recognized

7COR = 7. of words correctly recognized

R-TIME = Number of times real time needed for.recognition
ADD 8.4 for ACS and LPC calculations.

#STATES = Average number of states checked at each segment

SEGS = Number of segments produced (LNGx100 = number of
10ms. time samples)

Total words = : 106

Correct words = 101 = 95.37

Correct utterances = 14 = 73.77.

Average search time = 4.7 times real time

Including ACS and LPC calculation = 13.1 times real time ~

Average number of states searched = 29

Ratio of segments/10ms samples = A
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APPENDIX F

Test Detail of Speaker RG, With Syntax, -
on Test Data recorded 5 Months after Training Data.

10

11

12

13

14

15

16

17

18

19

UTT="STORE NEGATE ALPHA INTO EPSILON"
REC="STORE NEGATE ALPHA INTO EPSILON"
UTT="PUT ABSOLUTE BETA IN DELTA"
REC="PUT ABSOLUTE BETA IN DELTA"
UTT="ALPHA GETS FACT GAMMA"

REC="ALPHA GETS FACT GAMMA"

UTT="BETA BECOMES OCTAL ONE ZERO" -
REC="BETA BECOMES OCTAL ONE ZERO"
UTT="GAMMA GETS DECIMAL TWO THREE"
REC="GAMMA GETS OCTAL TWO THREE"
UTT="DELTA BECOMES FOUR PLUS FIVE"
REC="DELTA BECOMES FOUR PLUS ONE"
UTT="EPSILON GETS SIX EIGHT MINUS DELTA" -
REC="EPSILON GETS SIX EIGHT MINUS DELTA" .
UTT="WHAT IS SEVEN NINE TIMES EPSILON" -
REC="WHAT IS SEVEN NINE TIMES EPSILON"
UTT="SHOW ONE ZERO TWO DIVIDE THREE FOUR" -

REC="SHOW ONE ZERO TWQ MOD TWO NINE THREE FOUR"
UTT="STORE FIVE SIX MOD SEVEN EIGHT INTO ALPHA" °
REC="STORE FIVE SIX TIMES SEVEN EIGHT INTQ ALPHA"

UTT="PUT NINE POWER TWO ONE IN.BETA"
REC="PUT NINE POWER TWOQ ONE IN BETA"
UTT="ALPHA BECOMES THREE ZERO MAX GAMMA" -
REC="ALPHA BECOMES THREE ZERO MAX GAMMA"
UTT="BETA GETS DECIMAL FOUR SIX MIN DELTA”
REC="BETA GETS DECIMAL FOUR SIX MIN ALPHA"
UTT="DELTA GETS ABSOLUTE ALPHA"

REC="DELTA GETS ABSOLUTE ALPHA"
UTT="EPSILON BECOMES FACT BETA"
REC="EPSILON BECOMES FACT BETA" -
UTT="WHAT IS SEVEN.PLUS EIGHT"

REC="WHAT IS SEVEN PLUS EIGHT"

UTT="SHOW NINE MINUS FIVE"

REC="SHOW NINE MINUS FIVE"

UTT="STORE TWO ZERO TIMES THREE INTO GAMMA"

REC="STORE TWO ZERO TIMES THREE INTO GAMMA"

UTT="PUT FOUR DIVIDE DELTA IN EPSILON"
REC="PUT FOUR ODIVIDE DELTA IN EPS{{ ON"

ASQ

TEST RESULTS

CORRECT=5/5
CORRECT=5/5
CORRECT=4/4
CORRECT=5/5
CORRECT=4/5
CORRECT=4/5
CORRECT=6/6

CORRECT=6/6

"CORRECT=6/7

CORRECT=7/8
CORRECT=7/7
CORRECT=6/6
CORRECT=6/7

CORRECT=4/4

. CORRECT=4/4

CORRECT=5/5
CORRECT=4/4
CORRECT=7/7

CORRECT=6/6




S

APPENDIX G NETWORK STATISTICS

Network Statistics

TASK STATES POINTERS PHONS TEMPLATES
BAKER CHESS 410 481 33 168
BAKER DOCTOR 702 775 ~ege 168
BAKER NEWS 498 558 - 33 168
BAKER FORMANT 2356 2256 33 168
BAKER DESK CALC 466 1065 33 168
QTRAIN CHESS 323 1020 62 83
QTRAIN DOCTOR 592 1147 62 - 83
QTRAIN NEWS 439 884 62 83
QTRAIN FORMANT 1964 6027 62 83
QTRAIN DESK CALC 973 5040 g2 .7 83
; DESK CALC 820 3497 67 : 67
i DESK CALC
NO SYNTAX 244 2271 67 67
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PRELIMINARY RESULTS APPENDIX H . : LARGE GRAMMARS

Large Grémmars, Preliminary Results

The following are preliminary results for a task grammar of 1011 words and a
branching factor of about 10. These results were obtained by a PDP KL-10 computer
which is about four times faster than the KA-10 computer which was used to obtain
the previous results. Therefore, the recognition fimes should be multiplied by 4 to
obtain comparable recognition times. The network for this grammar contains about
18000 states and about 29000 pointers. This is the largest network ever attempted
with the Harpy system. The results are for one typical data set of about 25
utterances.

Complete results and details for the large grammars witl be given in future editions of
the "Working Papers .in Speech Recognition”, published by the Computer Science
Department, Carnegie-Mellon University. ’ » :
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PRELIMINARY RESULTS APPENDIX H LARGE GRAMMARS

Preliminary Test Summary of Large Grammar

- utT LNG WORDS #COR 7COR - R-TIME - #STATES SEGS
1 25 7 7 1000 7.9 72 87
2 3.0 6 6 100.0. 6.5 .1 29 103
3 25 6 5 833 7.7 55 89
4 2.6 8 6 75.0 7.2 56 88

: 5 35 8 8 100.0 6.4 46 111
i 6 238 7 7 1000 6.7 36 95
7 1.3 3 3 100.0 3.9 6 31
8 1.7 5 5 100.0 55 30 50
9 2.7 8 8 100.0 57 16 89
10 2.9 7 7 100.0 5.8 39 88
11 20 6 6 1000 5.4 34 58
12 1.6 5 5 1000 8 - 42 48
13 15 5 5 100.0 49 19 42
14 15 6 6 100.0 5.7 18 47
15 2.4 9 9 1000 6.2 26 82
16 20 5 5 100.0 5.9 19 69
17 1.9 8 q 125 58 33 58
18 2.2 7 7 1000 6.3 40 73
19 1.4 q 0 0.0 75 112 38
20 115 6 6 .1000 Gy 10 74 47
21 0.7 1§ 1 1000 . 4.2 17 15
22 1.2 q 4 100.0 - 56 38 34
23 1.1 3 3 100.0 5.9 29 33
24 1.1 4 4 1000 7.8 88 34
25 2.6 8 8 100.0 5.9 46 77
LNG = Utterance length in seconds
WORDS = Number of words in utterance
#COR = Number of words correctly recognized
7COR = 7 of words correctly recognized '
- R-TIME = Number of times real time needed for recognition
ADD 2.1 for ACS and LPC calculations.
#STATES = Average number of states checked at each segment
SEGS = Number of segments produced (LNGx100 = number of
10ms. time samples)
Total words = 146
Correct words = 132 = 90.47.
Correct utterances = 21 = 8407
Average search time = 6.3 times real time
Including ACS and LPC calculation = 8.4
Average number of states searched = 40

Ratio of segments/10ms samples = 3207




PRELIMINARY RESULTS

APPENDIX H

Preliminary Test Detail of Large Grammar

UTT="WHAT PAPERS ON GRAMMATICAL INFERENCE ARE THERE"
REC="WHAT PAPERS ON GRAMMATICAL INFERENCE ARE THERE"

LARGE GRAMMARS

CORRECT=7/7
CORRECT=6/6
CORRECT=5/6

CORRECT=6/8

CORRECT=8/8

CORRECT=7/7

CORRECT=3/3
CORRECT=5/5
CORRECT=8/8
CORRECT=7/7
CORRECT=6/6
CORRECT=5/5
CORRECT=5/5
CORRECT=6/6
CORRECT=9/9
CORRECT=5/5
CORRECT=1/8
CORRECT=7/7
CORRECT=0/4
CORRECT=6/6
CORRECT=1/1

CORRECT=4/4

2  UTT="ANY ABSTRACTS REFERRING TO DYNAMIC CLUSTERING"
REC="ANY ABSTRACTS REFERRING TO DYNAMIC CLUSTERING"
3  UTT="WHICH PAPERS CITE FEIGENBAUM AND FELDMAN"
REC="WHICH PAPERS BY FEIGENBAUM AND FERDMAN" :
4  UTT="ARE THERE ANY NEW PAPERS ON GRAPH MATCHING"
REC="ARE THERE ANY NEW PAPERS ON DRAGON MENTIONED"
5  UTT="IS RESOLUTION THEOREM PROVING MENTIONED IN AN ABSTRACT"
REC="IS RESOLUTION THEOREM PROVING MENTIONED IN AN ABSTRACT"
6  UTT="GET ME EVERYTHING ON UNIFORM PROQF PROCEDURES"
REC="GET ME EVERYTHING ON UNIFORM PROOF PROCEDURES"
7  UTT="NO MORE PLEASE"
'REC="NO MORE PLEASE"
8 UTT="GIVE ME ONE MORE PLEASE"
REC="GIVE ME ONE MORE PLEASE"
9  UTT="WHO WROTE PAPERS ON PRODUCTION SYSTEMS THIS YEAR"
REC="WHO WROTE PAPERS ON PRODUCTION SYSTEMS THIS YEAR"
10 UTT="DID ANY Al JOURNAL PAPERS CITE WOODS"
REC="DID ANY AI JOURNAL PAPERS CITE WOODS"
11 UTT="DO ALL QUERIES TAKE THIS LONG" :
REC="DO ALL QUERIES TAKE THIS LONG"
12 UTT="ARE YOU ALWAYS THIS SLOW"
REC="ARE YOU ALWAYS THIS SLOW"
13 UTT="HOW LONG DOES IT TAKE"
REC="HOW LONG DOES IT TAKE"
14 UTT="WHEN WILL YOU HAVE THE ANSWER"
REC="WHEN WILL YOU HAVE THE ANSWER"
15 UTT="DOES IT ALWAYS TAKE THIS LONG TO ANSWER ME"
REC="DOES IT ALWAYS TAKE THIS LONG TO ANSWER ME"
16 UTT="DO RESPONSES EVER COME FASTER"
REC="DO RESPONSES EVER COME FASTER™
17 UTT="WHAT CAN | DO TO SPEED YOU UP*
REC="WHAT HAVE THIS YEAR"
18 UTT="HOW CAN I USE THE SYSTEM EFFICIENTLY"
REC="HOW CAN I USE THE SYSTEM EFF lClENTLY"
19 UTT="WHAT MUST I ASK"
REC="WHEN WAS Al AND"
20 UTT="WHAT DO I HAVE TO DO"
REC="WHAT DO I HAVE T0 DO"
21 UTT="HELP"
REC="HELP"
22 UTT="CAN YOU HELP ME"
REC="CAN YOU HELP ME"
23 UTT="PLEASE HELP ME"
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PRELIMINARY RESULTS APPENDIX H

REC="PLEASE HELP ME"

UTT="WHAT SHOULD I ASK"

REC="WHAT SHOULD I ASK"

UTT="WHEN WAS THE LAST PAPER BY HOLLAND PUBLISHED"
REC="WHEN WAS THE LAST PAPER BY HOLLAND PUBLISHED"
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LARGE GRAMMARS

CORRECT=3/3
CORRECT=4/4

CORRECT=8/8
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