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PREFACE

This report is an augmented version of a report originally issued in September of
1976, during the demonstration at the end of the five-year speech effort. The first
section reports on the various speech understanding systems developed at CMU during
the five year period and highlights theiv individual contributions. Section 1l contains a
brief description of several techniques and knowledge sources that contributed to the
success of the final systems. Section 111 gives detailed performance results of the
Harpy and Hearsay-1l systems. Results include the performance of the systems not
only for the 1000 word task but for several simpler tasks. Section IV contains
reprints of papers presented at various conferences since September 1976. Section
V contains a list of publications of the CMU speech group.

The CMU Speech Group gratefully acknowledges the following contributions which
have been instrumental to the successful conclusion of the five-year speech
understanding systems research effort at Carnegie-Mellon University:

Howard Wactlar, Director of our Computer Facility, for his untiring efforts in
providing a smoothly working real-time computing environment for speech
understanding systems research.

Carolyn Councill, Mark Faust, Bill Haffey, John Paulson, and other members of the -
operations staft for providing 2 highly c00perative and reliable operating
environment. '

Bill Broadley, Stan Kriz, Rich Lang, Paul Newbury, Mike Powell, Brian Rosen, and
Jim Teter of the engineering Broup who designed and maintained the special-
purpose systems needed for this research. A special thanks to Mark Firley and
Ken Stupak for their superb engineering support. .

Allen Newell for giving freely of his time and ideas to foster this research.

Joe Traub and the Faculty of the Department of Computer Science for their help
in facititating this research.

Other individuals and groups working in this area for providing a stimulating,
intellectual atmosphere in which to solve this difficult problem.

Dave Cerlstrom, Steve Crocker, Cordell Green, Lick Licklider, and Larry Roberts

for providing a research management environment which makes breakihroughs
possible.
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. MULTI-SYSTEM APPROACH TO SPEECH UNDERSTANDING*
Raj Reddy

INTRODUCTION

In 1971, a group of scientists recommended the initiation of a five-year research
program towards the demonstration of 4 large-vocabulary connected speech
understanding system (Newell et al, 1971). Instead of setting vague objectives, the
group proposed a set of specific performance goals (see Fig. 1.1 of Newell et at.,
1971). The system was required to accept connected speech from many speakers
based on a 1000 word vocabulary task-oriented grammar, within a canstrained task,
The system was expected to perform with less than 107 semantic errors, using about
300 million instructions per second of speech (MIPSS)** and to be operational within a
five year period. The proposed research was a highly ambitious undertaking, given
the almost total lack of experience with connected speech systems at that time.

The Harpy and Hearsay -1l systems devcloped at Carnegie-Mellan University had
the best overall performance at the end of the five year period. Figure 1 illustrates
the performance of the Harpy system relati » to the original specifications. It not
only satisfies the original goals, but excerds some of the stated objectives, It
recognizes speech from male and female tpeakers using a IOll—word—vocabuiary
document retrieval task. Semantic error is B/ and response is an order of magnitude
faster than expected. The Hearsay-II system achieves similar accuracy and runs about
2 to 20 times slower than Harpy.

Of the many factors that led to the final successful demonstration of these
systems, perhaps the mos! important was thi systems development methodology that
evolved. Faced with prospects of develoning systems with a large number of
unknowns, we opted to develop several intermediate "throw-away" systems rather
than work towards a single carefully design:d ultimate system. Many dimensions of
these intermediate systems were deliberately finessed or ignored so as to gain deeper
understanding of some aspect of the overall <ystem. The purpose of this paper is to

* Paper to ap

GOAL (Nov. 1971)
Accept connected speech
from many
cooperative speakers
in a gquiet room
using a good microphone
with slight tuning /speaker
accepting 1000 words
using an artificial syntax
in a constraining task
yielding < 107 semantic error
requiring approx. 300 MIPSg**

HARPY (Nov. 1976)
Yes
5 {3 male, 2 female)
yes
computer terminal room
close-talking microphone
20-30 sentences/talker
1011 ward vocabulary
avg. branching factor = 33
document retrieval
5/
requiring 28 MIPSS
using 256k of 36 bit words
costing §5 per sentence processed

Figure 1. Harpy performance compared to desired goals.

pear in Carnegie-Mellon Comput:

' Science Research Review, 1977.
* The actual specifications stated "a few limes reai-time” on a 100 MIPS (Million
instructions per second) machine.



Task characteristics
speakers; number, male/female, dialect
vocabulary and syntax
response desired

Signal gathering environment
room noise level
transducer characteristics

Signal transformations
digitization speed and accuracy
special-purpose hardware required
parametric representation

Signai-to-symbol transformation
segmentation?
level transformation occurs
label selection technique
amount of training required

Matching and searching
relaxation: breadth-first
blackboard: best-first, island driven
productions: best-first
Locus: beam search

Knowledge source representation
networks
procedures
frames
productions

System organization
levels of representation

single processor / multi-processor

Figure 2. Design choices for speech understanding systems.

ilustrate the incremental understanding of the solution space provided by the various
intermediate systems developed at CMU.

Figure 2 illustrates the large number of design decisions which confront a
speech understanding system designer®. For each of these 10 to 15 design decisions,
we have 3 to 10 feasible alternative choices. Thus the solution space for speech
systems seems to contain 106 to 105 possible system designs. Given the interactions
between design choices, it is not possible to evaluate each design choice in isolation
outside the framework of the total system.

* Further discussion of many of these design choices can be found in Reddy
(1976). _
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SYSTEMS

Figure 3 shows the genealogy of the .peech understanding systems developed
at CMU. In this section we will briefly outline the interesting aspects of each of these
systems and discuss their contributions towards the development of speech
understanding systems technology. More complete descriptions of these systems can
be found in the references listed at the end.

The Hearsay-1 System (Erman, Fennell, Lowerre, Neely, and Reddy)*

Hearsay-l (Reddy, Erman and Neely 1973; Reddy, Erman, Fennell and Neely
1973), the first speech understanding system developed at Carnegie-Melion University,
was demonstrated in June of 1972. This system was one of the first connected speech
understanding systems to use task dependent knowledge to achieve reduction of the
search space. Recognition uses a best-first scarch strategy. :

Model

Hearsay-1 was the first system to utilize independent, cooperating knowledge
sources and the concept of a global data base, or "blackboard”, through which all
knowledge sources communicate. Knowledge sources consist of the acoustic-phonetic,
syntactic, and semantic modules. Each module operates in the "hypothesize-and-test"
mode. Synchronous activation of the modules leads to a best-first search strategy.
Several other systems have used this strategy (Forgie 1974). This system was one of
the first to use syntactically derived word diagrams and trigrams, as anti-productions
(Neely 1973), to predict forward and backward from “istands of reliability”. Task
dependent knowledge, such as a board position in the chess task, is used by the
semantic module (Neely 1973) to reject meaningless partial parses early in the
recognition process. The acoustic-phonetic module uses amplitude and zera-crossing
parameters to obtain a multilevel segmentalion into syllable-size and phoneme-size
units (Erman, 1974} '

Performance

Over a wide range of tasks, the averapc sentence error rate was 697 with a a
word error rate of 457. Speed varied between 3 and 15 MIPSS over 162 utterances
containing 578 words. Hearsay-l yields much higher accuracies on tasks with which it
is carefully trained, For the chess task, for inslance, average sentence and word error
rates were 21 and 7 percent, respectively, wilh an average speed of 2 MIPSS.

Discussion '

Hearsay-1, as a successful connected-«peech understanding system, served to
clarify the nature and necessary interaction of several sources of knowledge. Tts
flexibility provided a means for testing and ealuating competing theories, allowing the
better theories to be chosen as a basis for later systems. In retrospect, we believe
this system organization would have been adequate for the ARPA specifications given
present acoustic-phonetic knowledge.

* The principle contributors towards the development of each of these systems are
listed within parentheses. :



The Dragon System (Baker)

Baker formulated the recognition process as a dynamic programming problem.
The Dragon recognition system (Baker, 1975), based on this model was first
demonstrated in April of 1974, The systein was motivated by a desire to use a
general abstract model to represent knovrledge sources. The model, that of a
probabilistic function of a Markov process, is flexible and leads to features which allow
it to function despite high error rates. Recognition accuracy was greater with Dragon
than with Hearsay-1, but the system ran significantly slower.

Model

Bragon was the first system to demonstrate the use of a Markov model and
dynamic programming in a connected speech understanding system. It included several
interesting features, such as delayed decisions and integrated representation, and is
based on a general theoretical framework. The general framework allows acoustic-
phonetic, syntactic, and semantic knowledge 10 be embodied in a finite-state network.
Each path through this precomplied network represents an allowed pronunciation of a
syntactically acceptable sentence. Recognilion proceeds left-to-right through the
network, searching all possible paths in paralle! to determine the globally optimal path
(i.e,, the path which best matches the spoken utterance). Acoustic inputs are peak-to-
peak amplitudes and zero-crossings from overlapping, one-third octave filters, sampled
every centi-second.

Performance

Recognition accuracy was greater with DOragon than that obtained with Hearsay-
I, but at a cost of speed, Dragon being approximately 5 to 10 times slower. Over a
wide variety of tasks, the average sentence crror rate was 517. Speed ranged from
14 to 50 MIPSS. The computation is essentiaily linear with the number of states in the
Markov network. Performance was later improved by Lowerre (Lowerre, 1976).

Discussion

Oragon, with more accurate performaice than Hearsay-l, served to stimulate
further recearch into factors thal led to its improved performance. Many of the ideas
motivating its design were important in the development of subsequent connected-
speech understanding systems. Although later systems do not use the Markov Model
and do not guarantee finding the globally optimal path, the concepts of integrated
representation of knowledge sources and delayed decisions proved to be very
valuable.

The Harpy System (Lowerre and Reddy)

The Harpy system (Lowerre 1976) was the first connected speech system to
satisfy the original specifications given in the Newell report and was first
demonstrated in September of 1976. System design was motivated by an investigation
of the important design choices contributing to the success of the Oragon and
Hearsay-1 systems. The result was a combinalion of the "best" features of these two
systems with additional heuristics to give high speed and accuracy.

Model

The Harpy system uses the locus model of search. The locus model of search, a
very successful search technique in speech understanding research, is a graph-
searching technigque in which all except a be am of near-miss alternatives around the




best path are pruned from the search tree at each segmental decision ‘paint, thus
containing the exponential growth without requiring backtracking. This technique was
instrumental in making Harpy the most successful connected speech understanding
system to date. Harpy represents syntactic, lexical, and juncture knowledge in a
unified network as in Dragon, but without the a-priori transition probabilities. Phonetic
classification is accomplished by a set of speaker-dependent acoustic-phonetic
templates based on LPC parameters which represent the acoustic realizations of the
phones in the lexical portion of the network.

Performance

The system was tested on several diiferent tasks with different vocabularies
and branching factors. On the 10l1l-word task using the AIXOS5 grammar (see
Appendix 1II-C), the system word error rate was 37 and the semantic error rate was
57 (see fig. 1). The system was also tested with connected digits recognition attaining
a 27 word error raie. Using speaker-indepe ndent templates, error rate increases to
77 aver 20 speaker including 10 new speakers. Using telephone input increases the
error rate 1o 77 to 117 depending on the noise characteristics of the telephone
system. '

Discussion

«  Backlracking and redundant computation have always been problematic in Al
systems. The Harpy system eliminates these in an elegant way, using the beam search
technique. By compiling knowledge ahead of time, Harpy achieves a level of efficiency
that is unattainable by systems that dynamically interpret their knowledge. This
permits Harpy to consider many more alternatives and deal with error and uncertainty
in a graceful manner.

The Hearsay-l11 System (Erman, Hayes-Roth, Lesser, and Reddy)

_ Hearsay-Il has been the major researih effort of the CMU speech group over
the last three years. During this period, solutions were devised to many difficult
conceptual problems that arose during the implementation of Hearsay-I and other
earlier efforts. The result represents nol onl; an interesting system design for speech
underslanding but also an experiment in the area of knowledge-based systems
architecture. Attempts are being made by other Al groups to use this type of
architecture in image processing and other knowledge-intensive systems.

Hearsay-11 is similar to Hearsay~I in'that it is based on the hypothesize-and-test
paradigm, using cooperaling independent knowledge sources communicating through a
giobal data structure (blackboard). It differs in the scnse that many of the limitations
and shortcomings of Hearsay-I are resolved in Hearsay-il.

Hearsay-iI differs from the Harpy systim in that it views knowledge sources as
different and independent and thus cannol always be integrated into a single
representation. Further, it has as a design .oal the ability to recognize, understand,
and respond even in situations where sentences cannot be guaranteed to agree with
some predefined, restricted language model as is the case with the Harpy system.

Model

The main features of the Hearsay-II sy.tem structure are: 1) the representation
of knowledge as self-activating, asynchronous, parallel processes, 2) the
representation of the partial analysis in a generalized three-dimensional network; the
dimensions being level of representation (e.., parametric, segmental, syllabic, lexical,
syntactic), time, and alternatives, with contextual and structural support connections
explicitly specified, 3} a modular structure for incorporating new knowledge into the
system at any level, and 4) a system structure suitable for execution on a parallel
processing system. .



Performance

The present system has been tested using about 100 utterances of the training
data for the 101l-word vocabulary task. For a grammar with simpie syntax {(AIXO5,
the same one used by Harpy), the sentence error rate is about 167 {(semantic error
167). For a grammar with more complex syntax (AIX15, see appendic [1I-C), the
sentence error rate is about 427 (semantic er:or 267). The system runs about 2 to 20
times slower than Harpy.

Discussion

Hearsay-1l represents an important anc continuing development in the pursuit of
large-vocabulary speech understanding systeins. The system is designed to respond in
a semantically correct way even when the information is fuzzy and only partial
recognition is achieved. Independent knowledse sources are easity written and added
to Hearsay-II; knowledge sources may alto be removed in order to test their
effectiveness. The Hearsay-11 system aichitecture offers great potential for
exploiting parallelism to decrease recognition times and is capable of application to
other knowledge-intensive Al problems dealing with errorful domains. Many more
years of intensive research would be necess.ary in order to evaluate the full potential
of this system.

The Locust System {Bisiani, Greer, Lowe rre, and Reddy)

Present knowledge representation and search used in Harpy tend to require
much memory and are not easily extendable to very large languages {(vocabularies of
over 10,000 words and more complex syntav). Bul we do not view this as an
insurmountable limitation. Modified knowledf . representation designed for use with
sccondary memories and specialized pagir.s should ' overcome this difficulty, In
addition, it appears larger-vocabulary sjpieech understanding systems can be
implemented on mini-computers without tignificant  degradation in performance.
Locust is designed to demonstrate the feasibilily of these ideas,

Model

The model is essentially the same &. the Harpy system except, given the
limitations of storage capacity of main memory, the knowledge representation has to
be reorganized significantly . The network is assumed to be larger than main memary,
stored on secondary memory, and retrieved u-ng a specialized paging mechanism. The
choice of the file structure representation ad clustering of the states into pages of
uniform size are the main technical problems associaled with the development of this
syslem.

Discussion

A paging system for the 1011 word ‘ocabulary is currently operational on a
PDP-11/40E and has speed and accuracy perflaormance comparable to Harpy on a PDP-
10 (KAL10). Simulation of various paging modr s is currently in progress. As memories
with decreased access times become availatlc, this class of systems is expected to
perform as accurately and nearly as fast as s «temns requiring no secondary memory.

[y

Parallel Systems (Feiler, Fennell, Lesser, McCracken, and QOleinick)

Response time for the present systerr. is usually greater than real-time, with
indications that larger vocabularies and more complex syntax will require more time for
search. One method of achieving greater spe~d is to use paratlel processing. Several
systems designed and developed at CMU e-ploit multi-pfocessor hardware such as
C.mmp and Cmx,



Models

Several systems are currently under development as part of multi-processor
research projects which attempt to explore potential parallelism of Hearsay and Harpy-
like systems. Fennell and Lesser (1977) stucied the expected performance of parallel
Hearsay systems and issues of algorithm decomposition. McCracken (1977) is studying
a production system implementation of the H arsay model. Oleinick (1977) and Feiler
(1977) are studying paraliel decompositions of the Harpy algorithm. Several of these
studies are not yet complete, but preliminary performance results are very
encouraging. Oleinick has demonstrated a veision of Harpy that runs faster than real-
time on C.mmp for several tasks.

Discussion

The main contribution of these system studies (when completed) will be to show
the degree of parallelism which can reasonably be expected in complex speech
understanding tasks. Attempts to produre reliable and cost-effective speech
understanding systems would require extensive studies in this direction.

DISCUSSION

In the previous section we have briefly outlined the structure and contributions
of various speech systems developed at CMLl. [n retrospect, it is clear that the slow
rate of progress in this field is directly attributable to the large combinatorial space of
design decisions involved. Thus, one might reasonably ask whether the buman
research strategy in solving this and other <imilar problems can benefit from search
reduction heuristics that are commonly used in Al programs. Indeed, as we look
around, it is not uncommon to find reseach paradigms analogous to depth-first
exploration, breadth-first with shallow cut-oif, backtracking, "jumping-to-conclusions”,
thrashing, and so on.

Our own research has been dominated by two such paradigms. First is a variant
of best-first search: find the weakest Lnk (and thus the potential for most
improvement) in the system and attempt to improve it. Second is a variant of the
beam search: when several alternative approaches look promising, we use limited
paraliel search with feed-forward. The systems shown in Figure 3 are examples of
this type of system iteration and multi-systems approach.

Many system design decisions require «n operational total systems framework to
conduct experiments. However, it is not necessary to have a single system that
permits all possible variations of system desians. Given enough working components,
with well-designed interfaces, one can canstruct new system wvariants without
excessive effort. '

The success of the speech understanding research effort is all the more
interesting because it is one of the few e<amples in Al research of a five year
prediction that was in fact realized on time and within budget. It is also one of the
few examples in Al where adding additional knowledge can be shown to lead to system
speed-up as well as improved accuracy.

We note in conclusion that speech und-rstanding research, in spite of the many
superficial differences, raises many of the sane issues that are central to other areas
of Al Faced with the problem of reasoning n the presence of error and uncertainty,
we generate and search alternatives which have associated with them a likelihood
value representing the degree of uncertainty. Faced with the problem of finding the
most plausible symbolic description of the uttrrance in a large combinatorial space, we
use techniques similar to those used in least-cost graph searching methods in problem



solving. Given the problems of acquisition and representation of knowledge, and
control of search, techniques used in speech are similar to most other knowledge
intensive systems. The main difference is that given human performance the criteria
for success, in terms of accuracy and response time, far exceed the performance
requirements of other Al tasks except perhaps vision.
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II. KNOWLEDGE SOURCES AND TECHNIQUES

The Zapdash Parameters, Feature Extraction, Segmentation, and Labeling for
Speech Understanding Systems (Goldberg, Reddy, and Gill)

Introduction

In spite of early success with very simple parametric representations of speech
(see Reddy 1966 and Erman 1974), recent emphasis has been on highly accurate but
computationally expensive parameter extraction techniques such as LPC spectral
analysis, formant tracking, etc. We feel that simpler, more efficient methods must first
be applied to reduce the amount of input data before more expensive analysis is
performed. The uniform application of LPC analysis to all the input produces accurate
but very redundant results, and at high cost. (see Goldberg 1975)

Our approach involves two levels of parameter extraction and analysis. The first
level produces an accurate segmentation with strong clues as to manner of articulation
and phonetic identity of the segments. For this purpose, we have developed the
ZAPDASH parameters, described below. They provide a highly efficient basis for an
accurate, robust segmenter and broad classifier. After the phonetic elements are
isolated, a uniform LPC labeling stage is applied only where it is needed to further
refine  the segment identification. Preliminary evaluations show significant
computational savings is possible with no sacrifice of segmentation or labeling
accuracy,

The ZAPDASH Paramelric Representation

As digital processing of speech becomes commonplace, it becomes desirable to
have a parametric representation of speech which is simple, fast, accurate, and directly
obtainable from the PCM representation of speech. The ZAPDASH representation of
speech (Zerocrossings And Peaks of Differenced And SmootH waveforms) is of this
nature. An important means of reducing computational cost in much of the iow level
processing of speech is to reduce the quantity of data in the input representation to
the minimum necessary for accurate analysis of the phanetic content of the speech
signal. Our past experience shows that very simple measures of activity in the low
and the high frequency bands (approximately: <lkHz. and >1kHz.) would suffice for all
but the fine labeling stage. Peak-to-peak amplitudes and zero-crossing counts provide
simple measures of the amount of activity within each particular band. In ZAPDASH,
the PCM data is used to generate a differenced waveform and a down-sampled,
smoothed waveform (for 10KHz sampling rate, the smoothing FIR filter coefficients
were -1 012444210 -1, used every 4th point). Peak-to-peak distances and
number of zero-crossings are calculated each 10 ms, resulting in 400 8-bit parameters
per second of speech. ZAPDASH can be calculated in 15 to 20 computer instructions
per sample and, therefore, can be extracted in less than a 1/3 real time on
minicomputers with 2 micro-sec. instruction time. A simple parametric representation
like ZAPDASH appears to provide sufficient information for accurate phone
segmentation, thus sharply reducing the amount of more detailed spectral analysis
required by many other methods. The resulting four parametric measurements
(Smoothed Peak-to-peak, Smoothed Zero-crossing, Differenced Peak-to-peak, and
Differenced Zero-crossing) are sufficient to detect, with reasonable accuracy, a set of
10 features, described below, which are quite useful for both segmentation and initial
broad labeling. The ZAPDASH parameters are used by the first stage segmenter to
make decisions on manner of articulation. The resulting segmentation and broad
classification is accurate yet inexpensive. Further refinement of the segment labels
using spectral analysis is then much more economical.

10



Segmentation and Broad Classification

The first stage of the program contains an hierarchical, feature-extraction based
segmenter and classifier. A number of features relating to manner of articulation are
extracted. Silence, voicing, frication, front-back placement, high-low placement,
consonant-like, flap-like, aspiration-like, nasal, and sibilant decisions are made using
the ZAPDASH parameters. In the processing of an utterance, a set of segments is
chosen, with broad classification, for the entire utterance. These identify regions of
the signal such as SIL-silence, SON-sonorant, UFR-unvoiced fricative, VBK-back vowel,
etc. Further sub-segmentation andfor reclassification is conditional upon segment
class type, context, and feature values. There are 59 classes currently used internally,
although many overlap one another in the acoustic space.

Modified LPC Labeling

At the second stage, where no further refinement is possible using the ZAPDASH
information, a fine labeler is applied at the mid-points of all segments. The original
PCM signat is compared against stored templates by a modified LPC distance metric.
Itakura’s minimum prediction residual metric (Itakura 1975) is used to compare the
segment mid-point to a set of speaker-specific trained templates. The segment class is
used to provide a sub-set of the approximately 100 templates, or a set of a priori
weights to be added to the metric values for all templates. In this way, the manner-
of-articulation and the contextual information provided by the earlier feature
extraction improve the labeling.

Results

The highly efficient segmentation procedures in the first level segmenter and
the limitation upon the need for LPC analysis provide a factor of 5 speedup over the
uniform procedures used by HARPY and Hearsay-Il. Preliminary tests with this
program indicate that results for HARPY using this parameterization will be just as
accurate and will be computed faster than the results obtained with the more
redundant parameterization it now uses. Present performance of ZAPDASH can be
summarized as follows: Segmentation -- less than 207 extra segments, less than 27
missed segments, and boundary placement within an average of 10 ms. of the manually
defined location. Labeling {broad classes) -- 907 correct, (finer labeling) —- correct
template in first place 507 of the time, in the first five places 757 of the time. A more
detailed evaluation will be avaitable shortly.
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A Syllable Based Word Hypothesizer for Hearsay-I1 (Smith)

Problem and Motivation

A central problem for speech understanding systems is efficiently and accurately
determining what words are implied at the lexical level by the data at lower levels.
One solution to the problem is to map each word hypothesized by syntactic and
semantic information to the lower level representation, then match and rate the word.
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But as speech’ systems permit larger vocabularies and languages with less restricted
syntax and semantics, they must depend more on -bottom- -up methods to limit the
search space of possible word sequences. The effectiveness of a hypothesizer can be
measured by the percent of the correct words and the number of competing words it
hypothesizes. One method of bottom up word hypothesization is to go directly from
the phone sequences found for the utterance to word hypotheses as in the BBN HWIM
speech system (Klovstad, 1976). The solution used in Hearsay-II uses an intermediate
level of syllables between the words and phone segments.

Solution .

+ The word hypothesizer uses equivalence classes of syllables (called Syltypes) to
support word hypotheses (Smith, 1976). These Syltypes were defined so that
syllables which were likely to be given simifar segments and labels by the speech
system would have the same Syltype. No attempt is made by the word hypothesizer
to distinguish between words which have the same sequence of Syltypes. The word
verifier tater makes this distinction as it rates the words.

The Syltypes we now use are defined by a sequence of states corresponding to
phoneme equivalence classes. A Markov probability mode! relates the state sequence
of a Syltype to the segment labels hypothesised by the segmenter and labeler. A
word may be hypothesised by the following sequence of events: For each syllable
nucleus in the utterance (defined by a heuristic using segment |abels and an amplitude
function), the most likely Syltype state sequences are found by searching the segments
from the nucleus out to adjacent nuclei, or perhaps the utterance boundaries. For
each Syltype hypothesized with a "good” rating the set of words containing syliables
mapping to the Syltype, are retrieved using an inverted lexicon. A multi-syllabic word
in the set is rejected if it matches poorly with adjacent Syltype hypotheses. The word
verifier is then called to rate each word. Those with a poor rating are rejected.

Resuits

Since the word hypothesizer’s ratings for words are used only to determine
whether to reject the word or to verifier the word, it is used as a filter for the word
verifier. The performance relevant to this task is the percentage of the spoken words
correctly hypothesized and the fraction of the vocabulary hypothesized per spoken
word. The results from twenlty test sentences indicate that, for a 1011 word
vocabulary, 677 of the correct words are hypothesized when 80 words are
hypothesized per spoken word (87 of the vocabulary). COf course these numbers can
be varied by changing thresholds. If the speech system can function with only 577 of
the correct words hypothesized bottom-up, then only 51 words need to be
hypothesized per spoken word (57 of the vocabutary). Similarly, higher accuracy can
be obtained with a greater number of competing word hypotheses.
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Wizard: A Word Verifier for Hearsay-il (McKeown)

Problem and Motivation

A key problem for speech understanding systems is the verification of word
hypotheses generated by various knowledge sources in the system. The verifier must
assign a likelihood score which is commensurate with the match between the
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underlying acoustic data and the phonetic description of the word. The goodness of a
score may be only temporally significant; the scores should rank order competitive
words in any time area such that the correct word is high in the ordering. In addition
to this acceptance criteria, it is also necessary for the verifier to reject absolutely a
large percentage of the hypothesized words, without rejecting a significant number of
correct words, in order to constrain the combinatorics at higher levels.

Solution

In HEARSAY II, words may be generated bottom-up by the word hypothesizer
(POMOW) or predicted top-down by the syntax and semantics module (SASS). Each
uses a very different strategy for verification since bottom-up hypothesis have a
known approximate begin/end time while top-down hypotheses use a verified word to
predict words to the left or right, and thus only one time is known. _ .

The word verifier, WIZARD, uses a general Markov mode! for speech recognition
(BAKER,1975 ; LOWERRE,1976). The acoustic information is a segmentation of the
utterance where each segment is represented as a vector of phoneme probabilities.
Each word in the lexicon is represented by a statically defined network which
embodies alternate pronunciations of the word. This model finds the optimal path
through the word network and assigns as the word score a normalized sum of all the
iog-probabilities for states (phonemes) on that path. Networks do not take into
account word junctures but do handle internal phoneme junctures. Thus WIZARD
attempts to verify words as if they exist in isolation.

Wizard handles bottom-up words in the following manner: The predicted
begin/end times are mapped into their respective beginfend segments: bseg/eseg. All
paths which begin at bseg-1/bseg/beg+1 and end at eseg-1/eseg/eseg+l are explored
in parallel. Each of the nine possible optimal mappings is examined and the .best of
these is chosen as the mapping of the word network over the segmented acoustic data.
This possible time shifting allows the verifier to recover from incorrect times due to
differences in representation of the acoustic data between knowledge sources. As a
result, the verifier may change times on word hypotheses as well as rate them.

Words which are hypothesized top-down pose a different problem in terms of
verification, since only the begin or end time is known. In this mode it is necessary for
WIZARD to predict the missing time as well as to return a rating. A major problem is
bounding the number of segmenis considered in a prediction. Currently several
heuristics are employed. Since all states on the optimal path must be mapped to at
teast one segment, the lower bound on the number of segments is the minimal number
of network transitions (mintran). An upper bound was experimentally determined to be
d4xmintran, thus on the average no more than 4 segments are mapped into any one
state. This number is a function of the segmentation, which tends to over-segment,
and the network descriptions, which allow reduced spellings. The POMOW word
hypothesizer generates an upper bound based on the expected number of vowel
nuciei in the word and their position relative to the beginning of the prediction. The
smaller of these upper bounds is used. WIZARD iteratively maps each of the segments
from the given begin segment to the upper bound. It considers those mappings which
fall between the lower and upper bounds and picks the best after appropriate
normalization. The time of the best end segment is returned along with the rating.

Results and Conclusions

The results summarized in Table | are for five data sets, containing 100
utterances, in which 332 correct words were hypothesized bottom-up by POMOW. In
addition, 13053 incorrect words were generated. The vocabulary size for POMOW and
WIZARD was approximately 550 words. WIZARD rated each of the words using
begin/end times generated bottom-up. Each verification took, on the average, 100ms of
CPU time on a DEC PDP-10 (KA). For each rating threshold (15,10) the number of
correct and incorrect words that were accepted or rejected is tabulated. From this
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data the number of words hypothesized per word position and the percent of the
vocabulary hypothesized per word position can be calculated. These numbers give a
vocabulary independent measure of performance, allowing comparisons between
various system configurations. An average rank order of the correct word is provided
which measures, at each threshold, the number of words in each word position that
must be examined in order to include the correct word. The range of rank orders
between the data sets (20 utterances/set) is also indicated.

TABLE I
THR 15 # HYPED BY POMOH RCCEPTED REJECTED 5.6 RANK ORDER
CORRECT 332 326 (98%) 6 ( 2%) 3.6 - 7.1)
INCORRECT 13053 18426 (88%) 2627 (28%)
TOTAL 13385 18752 (881} 2633 (287
#/HCRD POS 40 (8%) 32 ( 6%) 8 (2%
THR 18 # HYPED BY POMONW ACCEPTED REJECTED 4.5 RANK ORDER
CORRECT 332 312 (940 28 ( 6%} (3.4 -~ 5.6}
INCORRECT 13853 6462 (493%) 6531 (510
TOTAL 13385 6774 (51%) 6611 (49%)
#/HUORD POS 40 (87) 20 ( 42) 20 ( 40

Sample results of verification in the prediction mode are presented in Table Il
In this mode it is important that the best rating for the predicted word comes from a
mapping that closely approximates the actual time in which the word appears. If this is
not the case there is the danger that a correct word, which is highly rated, will be
hypothesized with times which will disrupt the recognition of word sequences by top
end knowledge sources. Small errors in the determination of the missing time can
propagate time errors which may cause whole words to be missed. Table II
summarizes the results of an experiment to predict beginfend times of 529 words
where both times were actually known. The distance, in segments, is calculated from
the known word bound and its predicted word bound. The table also shows the
distribution of distances for the best mapping. Given that the average segment
duration is 3.2¢cs, a distance of 2 would correspond to a range of predicted bounds
6.5¢cs about the actual bound. Each prediction takes, on the average, 180ms of CPU
time.

TABLE 11

BEST RANKED PREDICTED WORD BOUNDARY

pDIST FRECQ 7 cun z
g 125 247 24%
1 209 407 64X
2 1e3 19% 83%
3 41 8% 91%
4 20 L¥4 95%
5 17 3% 98%
6 7 1% 99%
7 4 1% 1ee%
8 2 B8z
9 1 ¥4

Y] 8

Areas of further research involve dynamic generation of multiple word networks
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using static networks and word juncture rules, alternate score normalization schemes,
and improvement in the effectiveness of bounding predictions using vowel nuclei.
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Word Pair Adjacency Acceptance Procedure in Hearsay-II (Robert Cronk)

Introduction

In the Hearsay-ll speech understanding system, several knowledge sources
attempt to construct sequences of words from the word candidates hypothesized on
the blackboard. Pairs of words which are approximately time-contiguous and
syntactically adjacent (may be paired in the grammar} are considered for extending
word sequences. To avoid the combinatorial explosion which occurs in a grammar with
a large branching factor, a procedure is required which will constrain the number of
word pairs to those which have a high probability of being the correct ones.

Such a procedure must be computationally inexpensive, since it must make
decisions on hundreds of pairs of hypothesized words. It must rely upon knowledge of
word junctures and upon the information contained in the segmental transcription of
the spoken utterance. And it must reject as many incorrect pairs (word pairs not
actually spoken) as possible, without rejecting any of the correct pairs.

This paper describes the word pair adjacency acceptance procedure (JUNCT)
developed for Hearsay-ll, the knowledge it uses, and the current results.

Description

Input to the JUNCT procedure is a pair of word hypotheses. If it determines
that the words are adjacent, based upon the times associated with the hypotheses, the
juncture rules contained in the procedure, and the blackboard segmental description of
the spoken utterance the pair is accepted as a valid sequence; otherwise it is rejected.

Word junctures which JUNCT must use to make its decisions fail within three
distinct cases:

(1) Time-contiguous hypotheses: Words which are time contiguous in the blackboard
are immediately accepted by JUNCT as a possible sequence. No further tests for
adjacency are performed.

(2) Overlapping hypotheses: When two words overlap in time, juncture rules are
applied in the context of the blackboard segmental transcription of the utterance to
determine if such a juncture is allowable for the word pair.

(3) Separated hypotheses: When the words are separated by some interval of time,
rules are applied, as in the overlap case, to determine whether the pair can be
accepted as a valid sequence in the utterance.

The juncture rules used by JUNCT are of two types: (1) allowable overlaps of
word end-phoneme and begin-phoneme, and (2) tests for disallowed segments within
the word juncture. A bit matrix of allowable overlaps is precompiled into the
procedure, and is indexed by the end-phoneme and begin-phoneme of the word pair.
Any overlap juncture involving phonemes which are not allowed to share segments is
rejected by JUNCT. In the separation case, as in allowed cverlaps, the blackboard
segmental description of the spoken utterance is examined in the context of the end-
phoneme and begin-phoneme of the word pair to determine if any disallowed segments
are present in the juncture gap. If such segments are found, the word pair is rejected.
Only when a word pair passes all rule tests which apply in the segmental context of its
juncture is it accepted as a valid sequence.
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Current Resulls

Stand-alone performance evaluation runs were made over 60 utterances using
words generated from files produced by the Hearsay-Il word hypothesizer.
Syntactically adjacent pairs of words whose ratings were 40 and above (on a scale
from O to 100) and whose times {left-word end time and right-word begin time) were
within a 200 millisecond interval were considered. All of the words used for testing
the procedure were hypothesized "bottom-up"” in Hearsay-II; no predictions were used
in the evaluation runs. The following table summarizes the performance of the JUNCT
procedure,

CORRECT INCORRECT TOTAL
WORD PAIRS | WORD PAIRS

ACCEPTED 188 (957) | 2891 (417) 3079 (427)

REJECTED 5 (57) 4224 (597) 4233 (587)

TOTAL 197 7115 7312

It is expected that, as lower-level sources of knowledge provide more accurate
times for word hypotheses, the rules for acceptance of valid word pairs may be
tightened, further increasing the speed and performance of Hearsay-IL

Syntactic Processing in Hearsay-II (Hayes-Roth, Erman, Fox, and Mostow)

The basic tasks facing the three syntactic knowledge sources in Hearsay-II are:
to parse syntactically acceptable sequences of words; to predict words that can be
(syntactically) adjacent to the ends of a word sequence; and to construct larger
sequences when predicted words are verified. The chief obstacle is finding all
possible syntactic structures that can produce a given sequence of words. Of the
traditional parsing mechanisms, only bottom-up Kay-type parsers have addressed the
problem of building phrase-structure trees which are not necessarily anchored at the
start (or end) of a sentence. But these methods are still inadequate for parsing in the
current environment because of their requirement that all constituents of a phrase be
present in order for a phrase to be recognized. In Hearsay-Il, a general method for
such partial parsing of incomplete phrase structures has been developed and is used
to parse grammatical word sequences, to predict extensions, and to join up to three
sequences of words together in a new syntactic structure,

The details of the method are now briefly described. To minimize redundant
computing, the syntactic (context-free) grammar is converted to an equivalent template
normal form grammar in which all sequential productions have binary derivations {e.g.,
A - B C D is replaced by A » B X and X » C D). Thus, frequently occurring
grammatical subsequences are replaced by a common higher-order non-terminal
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thereby minimizing recomputation of common subexpressions (Hayes-Roth and Mostow,
1975).

The word-sequence hypothesizer, WQSEQ, generates the initial word sequences
that are partial-parsed. Given a word sequence wl .. wn, the RECOGNIZE parser
knowledge source works in a conventional bottom-up manner, with the exception that
any words or phrases {non-terminals) that are required by a grammar rule to precede
(follow)} a constituent at the first (last} position of the sequence are pseudo-
recognized; that is, if the word sequence wl ... wn can be derived from the productions
SoAT, TowlV,VaUX,U=>..wn, A-> w0, and X 2 win+l), then the non-terminals
A and X will be pseudo-recognized and the sequence wl .. wn will be parsed as an
instance of S5, with closest lett-missing constituent A and closest right-missing
constituent X. Bottom-up parsing continues until all of the words in the input
sequence are subsumed by each highest-order phrase or untit no further rewrites are
possible. The highest-order phrases constructed that derive the entire word sequence
are referred to as spanning phrases. Because parsing is discontinued on spanning
phrases, the partial-parse technique essentially identifies minimal (lowest-order)
parses of each sequence. Each distinct parse of a sequence specifies a spanning
phrase and the pseudo-recognized closest missing constituents. There may, of course,
be several distinct parses of any word sequence. If no parse of a sequence is found,
it is rejected. Whenever a sequence hypothesized by the word-sequence
hypothesizer is rejected, that knowledge source wakes up, decomposes the rejected
sequence into maximal subsequences, and then hypothesizes any sufficiently rated new
word sequences. : '

Given a spanning parse of a sequence wl .. wn with closest left and right-
missing constituents A and X, the words that can be adjacent to <wl or wn> are all
rightmost derivatives of A or leftmost derivatives of X. If a spanning phrase has no
closest left-missing (right-missing) constituent, the possible adjacent words are found
by "going up-and-over™ the rightmost (leftmost) derivatives are computed for each
constituent that can be directly adjacent to this left-complete (right-complete) phrase
in some higher-level spanning phrase. Predictions of words are made by the PREDICT
knowledge source whenever the extension of a previously parsed word sequence is
scheduled and execuled. Predictions may be made to both sides or to only one side
depending on the relative and absolute numbers of grammatically possible words on
the two sides. In any case, if none of the predicted words on one side is verified, the
word-sequence hypothesis, although syntactically valid, is deactivated. No further
processing of that sequence can occur untess it is retrieved by another sequence
extension colliding with it on the side that failed the extension effort. Such a salutary
collision results in the reactivation of the sequence.

When predicted words are verified, the CONCAT knowledge source may extend
the parse by concatenating the verified words to the predicting word reference.
Given the sequence <wl .. wn> and verified preceding predicted words al, a2, .., ak
and verified succeeding predicted words bl, b2, .., bm, an attempt is made to partial-
parse all sequences <ai wl .. wn b)> as well as all sequences <x}] x2 ... xp ai wl ... wn
bj vyl y2 .. yg> where <x1 x2 .. xp ai> {<bj yl yl .. yg>) is a previously parsed
sequence of words on the blackboard that is time-adjacent to and precedes (succeeds)
<wl .. wn> All successfully parsed sequences generate phrasal hypotheses. Thus, in
addition lo simply extending sequences a-word-at-a-time in each direction, finding a
predicted word as the terminus of an existing adjacent sequence can trigger the
concatenation of three sequences at once.

Conclusion

Because the words that are hypothesized from other knowledge sources form
arbitrary sequences that usually do not completeiy satisfy constituent structures of
phrase rewriting rules, a general mechanism for partial-parsing is needed. The current
implementation generates minimal spanning phrases and retains at most one closest
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missing constituent on each side of each phrase. Partiat-parsing times average about
50 msec on the KLIO for a 1000 word vocabulary with a 15 branching-factor
grammar. Extensions of sequences are quickly computed by running down the right or
left sons of the binary sequence nodes of the closest missing constituents. Three
adjacent sequences are syntactically concatenated by partial-parsing the concatenated
word sequences. The current implementation provides an efficient solution to essential
problems of syntactic processing. In addition, the three related knowledge sources
decompose this processing into natural components with a grain-size that is attractive
for focusing and control.
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Focus and Control in Hearsay-Il (Hayes-Roth and Lesser)

The Hearsay-II speech understanding system currently comprises 13 knowledge
sources (KSs), 11 of which are data-directed. Each data-directed KS is invoked
whenever new or modified blackboard dsta configurations matching patterns of
interest are found. Monitoring for potentially relevant data changes is performed in
two steps: changes in hypotheses or links at particular levels are collected in change
sets specific to each KS; procedures called preconditions then closely examine each
accumulated change and its blackboard context to determine if the exact pattern of
interest is present. Once such a pattern is detected, the relevant KS is invoked
(scheduled) to operate upon it. The basic control problem is to execute first those
preconditions and KSs that are most likely to lead to successful recognition of the
utterance. The two chief subgoals are: (1) to find the best interpretation as quickly
as possible and (2) to reduce the number of incorrect hypotheses that are generated
and tested. In fact, if too many incorrect hypotheses are examined, working storage
capacity of the system may be exceeded, thus precluding eventual correct recognition
of the utterance.

The current approach to the control problem follows closely the design of the
focus of attention mechanism described in detail in Hayes-Roth and Lesser (1376). The
basic concepts of that paper are quickly reviewed here: (1) The Competition Principle:
the best of several alternatives should be performed first; (2) The Validity Principle:
more processing should be given to KSs operating on more valid data; (3) The
Significance Principle: more processing should be given to KSs whose expected results
are more significant; (4) The Efficiency Principle: more processing should be given to
KSs that perform most reliably and inexpensively; (5) The Goal Satisfaction Principle:
more processing should be given to KSs whose responses are most likely to satisfy
processing goals.

The degree to which a precondition or KS satisfies these principles is reflected
by its desirability, an increasing function of its validity, duration, level of analysis,
importance, concordance with control thresholds ({(goals), (relative and absolute)
expected superiority over the best competing alternative in the same time area, and
the time elapsed since an improved degree of recognition was achieved {stagnation) in
that time area. While the desirability of a KS instantiation awaiting execution is
determined directly from only one data pattern and the declarative control knowledge
about the direction {on the blackboard) and relative effectiveness of its actions, the
desirability of a precondition is taken to be the maximum of such values over all
hypotheses in its change set.

Using this general scheme, we have implemented one particular control strategy
by setting particular processing goals on the blackboard. Initially the
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segmenter/fiabeller is executed and is forced to run to completion. This insures that
bottom-up syllable hypothesization will have the benefit of complete segmental
contexts. The syllable hypothesizer is executed in turn, and for a similar reason is
also forced to run to completion. At this point the syllable-to-word KS responds to
new syllables and generates all potentially plausible words, The strategy module then
establishes thresholds governing which of these words is hypothesized. It attempts to
have several highly rated words hypothesized in each area of the utterance. After
this processing is completed, the word-sequence hypothesizer examines all words in
parallel and identifies promising connected sequences of time-adjacent syntactically
possible pairs of words (seeds). The best of these in each time are then hypothesized.
From this point on, a2 complex sequence of data-directed preconditions and KSs is
invoked, scheduled, and executed to control syntactic parsing, hypothesization of
plausible words to extend syntactic sequences, concatenation of verified words or
phrases with adjacent phrases, and the generation of further seeds whern the system
is stagnating. Whenever any new complete parse is found, a special KS is invoked to
determine which remaining hypotheses and KS instantiations are insufficiently
attractive to preserve. These are either rejected or deleted. Processing then
continues until a quiescence occurs reflecting that the remaining alternatives are
insufficiently credible to continue. If a sufficiently plausible sentence has been
recognized, the stopping condition KS decides to terminate the analysis; or if no
compiete sentence has been formed, an attempt is made to interpret the best partial
sequences by the syntax and semantics knowledge source.

Conclusion

Each precondition and KS is regarded as a- [conditionsaction] schema, with
known inputs (blackboard hypotheses and links), a known direction of action (bottom-
up, top-down, or same-level and forwards, backwards, or same-time), known reliability
and efficiency, and therefore, a known expected result. By comparing the expected
results of all scheduled activities to the current state of recognition and desired areas
of activity, the best pending instantiation can be execued first. As a result of tuning
the various weighting factors, we seem to have achieved a desirable balance of
breadth~ and depth-first search (in a global sense) with effective suppression of sub-
optimal (in a local sense) activities. Further, by separating expensive searches into
twe or more successive steps (e.g, change sets and preconditions do gross filtering
and only subsequent KSs do fine, expensive processing; or, before expensive syntactic
searches are performed, inexpensive searches are made for plausible sequences of
syntactic word pairs), it appears that we have achieved some efficiency in the overall
organization and control of the search process.
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Policies for Rating Hypotheses, Halting, and Selecting a Solution in Hearsay-
IT (Hayes-Roth, Lesser, Mostow, and Erman)

Purpose of hypothesis validity ratings

The rating policy module (RPOL) in Hearsay-II provides a uniform basis for
comparing the plausibility of different hypotheses. The hypotheses may be competing
alternative interpretations of the same portion of the utterance at some level of the
biackboard, in which case the hypothesis whose validity rating is higher is considered
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more likely to be the correct interpretation. However, the hypotheses may describe
different portions of the utterance, or provide representatlons at different levels of
the blackboard. Having a uniform rating policy means that such hypotheses may
nonetheless be meaningfully compared on the basis of their validity ratings. This
information is used in three ways by Hearsay-II:

(1) to focus attention in promising directions by considering higher-rated (more
likely correct) hypotheses before lower-rated hypotheses. This is implemented by
making the priority of a scheduled action an increasing function of the validity ratings
of the hypotheses which are being acted upon (Hayes-Roth and Lesser, 1976). Also,
certain types of actions are not even scheduled on hypotheses which fail minimum
plausibility tests specified by knowledge source modules. These tests use validity
ratings as a measure of plausibility.

(2) to select the most likely correct interpretation of the utterance if there is
more than one phrasal hypothesis spanning the utterance. The highest-rated such
hypothesis is then the chosen interpretation.

(3) to prune the search once a solution (ie, an utterance-spanning phrasal
hypothesis} has been found. This is done by restricting further processing to those
actions which are capable of leading to a better (higher-rated) solution.

Computation of hypothesis validity ratings

Hypotheses in Hearsay-Il represent interpretations of the speech signal at
various levels of representation: segmental (lowest level), syllabic, lexical, word-
sequential, and phrasal (highest level). An hypothesis may be either conjunctive,
representing a logical product, or temporal sequence, of lower level hypotheses or
disjunctive, representing a logical summation of lower level alternative hypotheses.
The degree to which each lower level hypothesis supports the upper hypothesis is
indicated by an implication between -100 (maximally disconfirming) and +100
{maximally confirming). This number is attached to a link m the blackboard from the
lower to the upper hypothesis.

The validity rating VLD(H) of an hypothesis H is a measure of the extent to
which that hypothesis is supported, ultimately, from the acoustic data. The lowest
ievel hypotheses are rated by the bottom-end processor. The rating of a higher level
hypothesis H is computed from the validities of the hypotheses which support H
directly from below, and is stored on the blackboard as part of H. The validity rating
of H need only be recomputed when the validity or implication of its support changes,
or when H receives new support. In such cases, RPOL immediately propagates
resultant validity changes up through the blackboard. Storing the ratings on the
blackboard avoids the expense of recomputing them recursively whenever they are
used.

The validity rating VLO(H) of a disjunctive hypcthesis H supported by n lower
level hypotheses Hl, .., Hn via respective links L1, .., Ln is given by

Max VLD(Hi)*IMPLICATION(Li}/100, {1<i<n).

Similarly, the wvalidity rating of a congunchve hypothesis at the word Ievel or

below is given by
(1 + (n-1)/10) * (Sum VLD(Hi)*IMPLICATION(Li)/100), (1<izn).

The weighting factor (I + {n-1}/10) reflects the increased plausibility of an

hypothesis which has many conjunctive supports.
Above the word level, a somewhat different function is used to rate conjunctive

hypotheses. The wvalidity VLD(H) of a phrasal or word sequence hypothesis H is given
by the duration-weighted average validity of its n underlymg words Wi, where
duration is measured in number of syllables. e,
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VLD(H) = (Sum VLD(Wi)xlength(Wi)) / Sum length{Wi}, (1si<n),

where length(Wi) = length (in syllables) of the word hypothesis Wi. This formula
s based on the empirical observation that the longer a word Wi, the greater the
correlation between its correctness and the correctness of H,

Hatting conditions and heuristic pruning

A phrasal hypothesis can be thought of as a subpath through a flow graph
whose arcs are word hypotheses, and whose source and sink are respectively the
beginning and end of the utterance. A solution (utterance-spanning phrase) then
corresponds to a complete path through the graph. The validity rating of a subpath
(hypothesis) is given by the average arc (word hypothesis) validity along the subpath,
weighted by arc (word) length measured in syilables,

There is a qualitative difference between the task of searching for a solution
{complete path) and the task of deciding when to stop searching and accept the
current best solution. The former task can efficiently be done best-first, ie, by
extending the most promising path at each step in the search. In contrast, the latter
task inherently involves searching all possible paths in order to guarantee that no path
is better than the best one found so far. Once a path has been found, the goal of
processing should be to enable such a guarantee to be made as quickly as possible. In
order to accelerate the attainment of this goal, two heuristics for pruning the search
are used.

The first heuristic consists of rejecting every word, word sequence, and phrase
hypothesis which, due to its low rating, cannot be extended into a better solution than
the best already found. This heuristic can be thought of as a form of alpha-beta
pruning, simplified for the case of a one-player game. Rejecting a subpath
(hypothesis) amounts to abandoning certain nodes in the search tree which correspond
to extensions of that subpath. In operation, an hypothesis is rejected if, when it is
extended into an utterance-spanning path using the highest-rated word hypotheses
currently on the blackboard, the resutting (not necessarily syntactically legal) path is
rated lower than the best existing solution. Further processing on rejected
hypotheses is cancelled. This operationalization is imperfect in that it ignores the
possibility of "missing arcs,” i, words which may subsequently be predicted by the
syntax module (added as arcs in the graph) and be rated high enough to invalidate
previous decisions to reject earlier hypotheses.

The second heuristic is based on the observation that, if a better soiution than
the current best solution exists, it must be possible to construct it by extending some
existing subpath (hypothesis) which is rated higher than the subpath of the existing
solution spanning the same time interval. (Once again, the missing arc problem is
ignored.) All hypotheses (subpaths) which do not have this property are deactivated,
i.e, incapacitated as active stimuli, Any scheduled inferential action based on a
stimulus set of hypotheses is cancelled if all the hypotheses in the set are deactivated.
This heuristic can be thought of as another form of alpha-beta pruning, modified to
allow sharing of common subtrees in the search tree. Deactivating a subpath
(hypothesis) amounts to deferring expansion of certain search tree nodes which
correspond to extensions of that subpath.

The observed effect of these two heuristics is to cancel a large amount of
scheduled processing once a solution is found, and to focus attention on those
activities which are capable of leading to a better solution. When no such activities
are left to pursue, RPOL halts processing, selects the highest-rated solution, and
passes it to the semantics module to be interpreted.
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Solutions and partial solutions

RPOL also halts processing when Hearsay-il exceeds predefined limits on size or
execution time. In this case, RPOL chooses the highest-rated utterance-spanning
phrasal hypothesis as its solution. If no such hypothesis has been generated, RPOL
tries to extract a maximum of information from the blackboard by selecting the best
partial parses (phrasal hypotheses) and patsing them to the semantics module for
further interpretation (Hayes-Roth, Fox, GHl, and Mostow, 1976). Here, the “best"
phrase hypothesis H at time t is considered to be the hypothesis whose time interval
includes t and which has the highest information content, defined by VLD(H) # length(H).
RPOL finds the best hypothesis at each time t (measured in syllables from the
beginning of the utterance), and passes the (typically small} set of such hypotheses to
the semantics module. Thus even when Hearsay-Il fails to find a complete solution, the
best partial solution (set of partial interpretations) is found, and this information is
used in determining the system’s response to the utterance {Hayes-Roth, Gill, and
Mostow, 1976). '

Conclusions )

The task of rating hypotheses in Hearsay-II is handled by the system policy
module RPOL. The role of knowledge source modules in this task is limited to linking
together hypotheses and specifying the implications with which lower hypotheses
support upper hypotheses. Thus the effects of hypothesis rating changes due to new
information are automatically propagated throughout the blackboard without requiring
the help of the knowledge source modules. The centralized implementation of rating
computation and propagation has made it easy to experiment with different rating
formulas. It has also simplified the task of developing new knowledge source modules.

The uniform rating scheme employed permits the meaningful comparison of the
plausibility of any two hypotheses. Validity ratings are used by Hearsay-Il to focus
processing, to prune the search, and to select the best solution or partial solution, In
addition, hypothesis validity ratings are used by the knowledge source modules for
plausibility tests which must be satisfied in order for various inferencing rules to be
applied. Thus validity ratings help to guide processing in a best-first direction until a
solution is found, and to validate it quickly thereafter as the best possible solution.
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Semantics and Pragmatics in Hearsay-1l (Hayes-Roth, Fox, Gill, and Mostow)

A speech understanding system differs from a recognition system in two
principal ways. First, an understanding system verifies that the sentences it hears are
meaningful and plausible. This requires use of semantic knowledge. Second, the
understanding system expects particular types of communication to occur in specific
discourse contexts and interprets the sentences it recognizes accordingly. Such
expectation and contextuat interpretation requires pragmatic knowledge. The purpose
of semantics and pragmatics knowledge sources is to convert this knowledge about
meanings, intentions, and communication conventions into effective action. The most
significant type of action is one that constrains the recognition process, a search for a
plausibie parse of the spoken utterance. The second most important type of action is
to hypothesize what was intended, when what was said cannot fully be recognized.
The last type of effective action needed is to interpret {deduce the intention) of a
successfully parsed utterance.
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The complexity of artificial spoken lanpuages may be constrained by restricting
either the way ideas are expressed (syntax) or the number of ideas that can be
expressed (semantics). Our approach, in the news retrieval and computer science
abstract retrieval tasks, has been to develop one comprehensive semantic grammar
(average branching factor 50) used for interpretation of recognized word sequences
and to vary systematically the syntactic con.traint of the languages used for speech
recognition per se (branching factors 5, 15, 25). Regardless of the particular syntax
used for recognition, the same general semantic grammar is used for semantic analysis.
This grammar is a template grammar like those developed for Parry by Colby, with
distinct templates for each unique type of semantic form (Colby, 1974; Hayes-Roth and
Mostow, 1975). Semantic interpretation is accomplished by extracting from the (parse)
tree of instantiated templates the particular words or expressions filling the various
functional "slots.”

Partially recognized sentences are also easily interpreted in this framework.
When the attempt to recognize a complete sentence has failed, the best (longest and
most highly rated) syntactic word sequences in each time area of the utterance are
passed to semantic analysis. All templates fully or partially satisfied by word
sequences are instantiated. The most fully matched semantic pattern is then chosen as
the interpretation of the utterance. Thus, the recognized sequence "Newell or Simon"
would be interpreted effectively as if “List all abstracts by Newell or Simon from any
journal from any date" had been recognized.

The capacity to provide semantic constraint during recognition is determined
primarily by the reliability of predictions regarding what the speaker is likely to say.
We have implemented a discourse knowledge source including a conversation model
that prompts the speaker with questions, provides information about using the system
and the organization of the data base, and predicts the (semantic and syntactic) type
of utterance next expected. Earlier versions of the syntax and semantics knowledge
source biased recognition actions in favor of predicted communication forms, However,
both because any valid sentence is permitted at any time and because the system is
usually employed for isolated sentence understanding, no direct semantic bias is
currently used. The basic scheme for such bias is, however, conceptually simple: -
given an expected type of utterance (a highest-level semantic template), recursively
compute the expected lower-order subtemplates and, ultimately, the words and
phrases that would instantiate the expected meaning templates. During recognition,
priority is given to actions based on expected forms, at the expense of delayed
processing of unexpected word sequences. :

Conclusions

We have identified three types of actions to be performed by semantics and
pragmatics knowledge sources: (1) bias recognition in favor of expected forms; (2)
interpret semantically plausible, partial sequences; and (3) correctly interpret the
intention of the speaker when a sentence is fully recognized. These actions are
effected in Hearsay-II by combining semantic template grammars with a conversational
model that anticipates the speaker’s general intention and can enumerate its manner of
expression. The realization of such actions, at least in restricted domains of discourse,
can now be considered a well-understood technology. '

References

K. M. Colby, B. Faught, and R. C. Parkinson (1974). "Pattern-matching rules for the
recognition of natural language dialogue expressions,” AIM-234, Stanford Al
Laboratory, Stanford, CA.

F. Hayes-Roth and D.-J. Mostow (1975). "An automatically compilable recognition
network for structured patterns,” Proc. 1ICAI-4, Thilisi, USSR,

F. Hayes-Roth and D. J. Mostow (1976). "Syntax and semantics in a distributed speech
understanding system,” Proc. IEEE Int. Conf, on ASSP, Philadelphia, PA.

F. Hayes-Roth, G. Gill and D. J. Mostow (1976). "Discourse analysis and task

23



performance in the Hearsay-Il speech understanding system,” in Working Papers
in Speech Recognition IV, Dept. of Computer Sci, Carnegie-Mellon univ,
Pittsburgh, PA.

M. S. Fox and D. J. Mostow {(1977). "Maximal consistent interpretations of errorful data
in hierachically modeled domains”, Proc. I JCAI-5, Cambridge, MA.

Discourse Analysis and Task Performance in Hearsay-1l (Hayes-Roth, Gill,

and Mostow)

The discourse analysis module (DISCO) in Hearsay-il uses knowledge about the
state of the conversation to interpret the speaker’s intention and to direct the
appropriate actions within the task program. Usually, the intention of the speaker is to
establish a general area of interest, to retrieve articles by keyword expression, to
further qualify a keyword expression, to print selected articles, or to request certain
information about the retrieved articles, such as title, date, author, author’s affiliation,
or publisher. The speaker can also ask for help or complain about the system’s
response. ‘

The state of discourse is represented by the contents of several semantic
registers, one of which points to a node in a finite state automaton discourse model.
(See Figure 1.) Each node in the model corresponds to a general sentence pattern or
template (Hayes-Roth, Fox, Gill, and Mostow, 1976). (See Figure 2.) Other registers
hold the current menu (general area of interest), the most recent keyword expression,
the article most recently referred to, the most recently retrieved articles, and the
subset of retrieved articles which satisfy further qualifications specified by the
speaker. The finite state model is used to interpret yes-or-no responses and
partially-recognized utterances, and to make predictions about what the speaker is
likely to say next. All possible transitions between nodes in the model are permitted;
the arcs in the model indicate the transitions which are considered likely.

Figure 3 shows a sample interaction between BISCO and a speaker. Utterances
enclosed in square brackets denote recognized spoken utterances. In the example
shown, the first utterance

[ WE’RE INTERESTED IN LEARNING ]

is recognized by the semantics module as an instance of the $SELECTION template, and
the semantic feature SLEARNING (indicated area of interest, or menu) is extracted. This
semantic interpretation of the utterance is passed to DISCO, which records the
indicated area of interest, LEARNING, in the MENU register, and sets the NODE register
to point at the $SELECTION node in the finite state model. DISCO then predicts that
the next utterance will be an instance of the SREQUEST template and will concern the
area of LEARNING. These predictions can be used to bias subsequent processing to
favor recognition of keywords in the LEARNING menu and function words characteristic
of a $REQUEST (Hayes-Rath, Fox, Gill, and Mostow, 1976). Such predictions can also be
used to respond gracefully in the case of a partially-recognized utterance (Hayes-Roth,
Lesser, Mostow, and Erman, 1976). In the example, if the speaker’s second utterance

[ WERE ANY ARTICLES ON LEARNING WRITTEN IN MAY 1974 ]

were not fully recognized, DISCO would assume that the speaker had REQUESTed some
articles about LEARNING and could ask him to repeat the request. If the utterance
fragment "LEARNING WRITTEN IN MAY 1974" were recognized and interpreted by the
semantics module, DISCO could retrieve articles on learning dated May, 197A.
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Figure 1: Semantic registers and finite state discourse model.
labels Y and N indicate YES and NO responses;
0 indicates empty retrieval set.
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$SELECTION [ WERE INTERESTED IN LEARNING ]
Specifies a menu. DISCO responds by printing keywords and phrases from the menu.

SREQUEST [ WERE ANY ARTICLES ON LEARNING WRITTEN IN MAY 1974 ]
Specifies a set of articles. DISCO retrieves the articles and asks for further directions.

SPRUNELIST [ WHICH OF THESE MENTION ROBCTS ]
Further specifics a set of ariicles. DISCO removes articles from the currently retrieved
set which don't satisfy the new restrictions.

SQETUNFO [ WD WROTE THESE ]
Reguests information about the retrieved articles. DISCO prints the requested information.

SLISTITHEM [ PLEASE LIST THEM ]
Requests oulput of a set of articles. DISCO prints ail the articles in the currently retrieved set.

SLISTUT [ PRINT IT ]
Requests output of a single article. DISCO prints the article most recently referred to.

SSTOPILISTING [ STOP LISTING PLEASE ]
Requests cessation of output. DISCO aborts the current output operation.

SMAKEWFILE [ MAKE A FILE OF THESE PIECES ]
Reguests file output. DISCO creates a file containing the retrieved articles.

SCOMTENTSIENL [ WHAT ARE TiHE KEYWORDS FOR LEARNING ]
Reruests the contents of a menu. DISCO lists the keywords and phrases of the menu.

SHELP [ WHAT CAN T ASK ] :
Reguests assistance or information aboul the system. BISCO attempts to fulfill the request.

SGRIPE [ WHY ARE YOU S0 SLOW ]
Complaint. DISCO responds with a pacifying message.

The following three nodes represent responses to yes-or-no questions asked by DISCO.

SWANTSER
DISCO has printed the tille of an article and asked, “Oo you want to see this article?"

SWANTMORE
DISCO has printed some of the arlicles in the currently retrieved set and asked,
"Uo you want (o see another of these articles?”

SMOREOMIAENU
DISCO has exhausied tihe currently retrieved set and asked, "Uo you want to ask more about
<curront menu>?" where <current menu> is the most recent area of interest.

Figure 2. Templates corresponding to nodes in the finite state model.
Instances of templates are shown in square brackets.
Text describes ihe intention of each utterance template and DISCO’s response to it
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OK, WHAT SUBJECT DG YOU WANT TO ASK ABOUT?
[ WE'RE INTERESTED Iy LEARNING ]

THE KEYWORD PHIRASES WIHICH T KNOW ABOUT ARE:
LEARMING
FHYPOTHESIS FORMATION
CLLL ASSEMBLY THEQRY
HRAIN THEORY
CAUSAL REASONING
COMMON SENSE THEORY FORMATIGN
COMZEPTUAL INFERENCE
CYBERNETICS
GRAMIATICAL INFERENCE
NEURAL NETWORKS
PERCEPTRONS
RULE ACCHNSITION CAPABILITIES
ABSTRACTION
ACQUISITION OF KNOWLEDGE

OK, ASK ME ABCUT LEARNING
[ WERE ANY ARTICLES Ol LEARNING WRITTEN IN MAY 1974 ]
THERE ARE 2 STORIES
THE FIRST ONE 1S:
TITLE:
DESIGH OF AN INTERACTIVE ENVIROMMENT TO STUDY THE BEHAVIOR OF SEVERAL
RGBCTS WHICH CAN LEARN, PLAN THEIR ACTIONS, AND COEXIST
DO YOU WANT TO SEE THIS ARTICLE?
[ W WROTE THESE ]
OESIGN OF AN INTERACTIVE ENVIRONMMENT TO STUDY THE BEHAVIOR OF SEVERAL
ROBOTS WHHICH CAN LEARN, PLAN THEIR ACTIONS, AND COEXIST
NICHOLAS V. FINDLER

PROCEOURAL LEARNING 1 WORLDS OF ROBQTS
LAURENT SIKLOSSY

Figure 3. Sampie interaction between DISCO and speaker,
Spoken ullerances are encicsed in square brackets.
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PARALLEL PROCESSING IN SPEECH UNDERSTANDING SYSTEMS

Parallelism in Artificial intelligence Problem-solving (Lesser and Fennell)

Background

Many artificial intelligence problem-solving tasks require large amounts of
processing power because of the size of the search space that needs to be examined
during the course of problem solution. This is especially true for tasks that involve
the interpretation of real-world perceptual data which is generally very noisy (i.e.,
speech and image understanding systems). For example, a speech-understanding
system capable of reliably understanding connected speech involving a large
vocabulary is likely to require from 10 to 100 million instructions per second of
computing power, if the recognition is to be performed in real time. Recent trends in
technology suggest that raw computing power of this magnitude can be economically
obtained through a closely-coupled network of asynchronous “simple” processors. The
major problem with using a network multiprocessor is in specifying the various
problem-solving algorithms in such a way as to exhibit a structure appropriate for
exploiting the available parallelism.

This restructuring of an artifiicial intelligence task for parallel processing may
not be as difficult as might be expected. The basic problem-solving paradigm that is
used to resolve ambiguities resulting from the error in input data and the imprecise
and errorful nature of knowledge sources implicitly involve parallel activity. This
paraliet activity arises because many weakly supported alternative hypotheses must be
"simultaneously” evaluated in order to locate a consistent hypothesis which is a
solution to the problem. These problem-solving techniques are implemented through
sophisticated control structures that (1) permit the selective searching (usually
heuristic) of a large part of the state-space of possibilities and (2) allow the combining
of multiple, diverse sources of knowledge {e.g., in the speech domain, acoustics, syntax,
semantics, prosodics) so as to cooperate in resolving ambiguity [Reddy 76, Woods 74,
and Lesser 75A] The state-space searching in existing systems is implemented
through backtracking control structures; these are basically sequential implementations
of non-deterministic control structures. Thus, a large potential for parallelism arises
from implementing these non-deterministic control structures in a parailel manner, i.e.,
searching different parts of the state space in parallel. In addition, if these diverse
knowledge sources (KS’s) can be made independent, there exists the potential for a
proportional speed-up in the recognition process by executing them in parallel.
Finally, there is the possibility of decomposing each knowledge source into separate
parallel processes.

Summary of Current Research

In order to test the ease and effectiveness with which an artificial intelligence
task could be structured for and executed on a muitiprocessor, an organization for a
knowledge-based artificial intelligence problem-solving system was developed which
takes maximum advantage of any separability of the processing or date components
available within that organization. Knowiedge sources are intended to be largely
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independent and capable of adynchronous execution in the form of knowledge source
processes. Overall system control is distributed and primarily data-directed, being
based on events occurring in a globally shared data base. Such a problem-solving
organization is believed to be particularly amenable to implementation in the hardware
environment of a network of closely-coupled asynchronous processors which share a
common memory. The Hearsay Il speech-understanding system (HSII) [Lesser 75,
Fennell 77, Erman 75], which has been developed using the techniques for system
organization described above, has provided a context for evaluating the
multiprocessing aspects of this system architecture.
Based on multiprocess simulations and implementation of these systems on the
C.mmp multiprocessor, the following results were obtained {Fennell 751
1. There does exist extensive parallelism in the speech understanding
task (e.g., given a small configuration of knowledge sources, between
4-14 processors could be effectively utitized).
2. The overheads involved in supporting the multiprocessing and
synchronization primitives are quite high {e.g., over 1007).
3. The locking structures had to ve very carefully tailored to the
particular set of knowledge sources; otherwise, the effective
parallelism would be significantly degraded.

In trying to understand the implications of the last two results, some tentative
observations were made. The first and somewhat surprising observation was that the
basic self-correcting nature of the information flow in the HSII system, which comes
from knowledge source cooperation through a hypothesize-and-test paradigm, may
obviate the need for most uses of explicit synchronization techniques to maintain data
integrity. To elaborate on this point, one knowledge source can correct the mistake of
another knowledge source whether the error arises from a mistake in the theory
behind the knowledge source or from incorrect synchronization (i.e., working on
partially invalid data). Another example of this self-correcting type of computation
structure is the relaxation method (iterative refinement) used to solve partial
differential equations. This type of computational  structure, when put on
asynchronous multiprocessors, can be decomposed so as to avoid a lot of explicit
synchronization at the expense of more cycles for convergence. This type of
decomposition is accomplished by not requiring each point to be calculated based on
the most up-to-date values of its neighboring points. The iterative refinement niture
of computation will correct (within a certain range) for this lack of synchronization. It
is felt the feed-forward/feed-backward data-directed problem-solving paradigm of
HSII has similar properties. The other observation was that a drastic decrease in the
cost of certain types of synchronization primitives could be accomplished if their
implementation is tailored to their (statistical) usage.
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The HSII/C.mmp System (Lesser, Buchalter, McCracken, Rbbektson, and
Suslick)

The HSII/C.mmp system has been developed to test whether an asynchronous
multiprocess architecture such as C.mmp (16 PDP-11 processors sharing a common
memory) can be effectively applied to speed up the higher level processing of a
speech understanding system. Extensive simulation studies were done on a PDP-10
using a multiprocess version of Hearsay-Il to test the feasibility of the idea betore
embarking on the actual implementation (Fennell and Lesser 1977).

A prototype version of this system written in L%, a system building language
developed by Newell et al. 1970-71, was constructed and running in February of 1976.
In addition, an algebraic-language interpreler, SLx, was constructed for executing
knowledge sources written in an Algol dialect. However, the knowledge source
modules were very primitive, and no substantial results were obtained except the
measurement of the overhead of certain Hearsay=Il primitives. As a result of these
measurements, a reimplementation was begun in order to significantly speed up the
system (especially those system primitives which deal with synchronization operations),
and to make it possible to run large knowledge source modules in the small address
space environment that the PDP-11 provides. This reimplementation is now almost
complete, with preliminary results indicating a speed-up of approximately 10 over the
original version. In addition, a translator has been developed which takes most PDP-10
statements written in SAIL and transfates them into equivalent SL statements. Thus, it
should be possible in the next few months te run, without major code conversion, the
knowledge source modules of the PDP-10 Hearsay-ll system on the HSII/C.mmp
system.
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A Parallel Production System for Speech Understanding (McCracken)

The question addressed br this thesis (McCracken 1977) is whether or not a
production system architecture! can remedy some of the chronic problems of
knowledge representation and system organi-ation in large knowledge-based artificial
intelligence systems, particularly speech understanding systems. Of particular interest
is the problem of exploiting paraliel machine architectures to obtain near real-time
response. To explore this question, a production system version of the Hearsay-II
speech understanding system, called HSP, for HearSay Production system, is being
implemented on C.mmp, the CMU multi-mini-processor. A large fraction of the Hearsay-
Il speech knowledge has been translated into productions for HSP, specifically:
POMOW (word recognizer), POSSE-WOMOS (word verifier) and SASS (syntax and
semantics)<.

Expected results come under two main categories: comparisons between the
way knowledge is encoded in HSP versus Hcarsay-lI, and comparisons in the use of
parallelism. The major differences between the HSP and Hearsay-Il architectures are:
(1) the basic knowledge unit in HSP, a production, is considerably smaller than a
Hearsay-II Knowledge Source ; (2) HSP encodes knowledge in a more formal and
simple, but less expressive, language than Hearsay-1I; (3) HSP totally segregates
condition from action (i.e., read from write), while Hearsay-ll allows a mixture; and (4)
there is virtually no use of local working meniory in HSP (only a single shared working
memory), whereas Hearsay-Il knowledge sources make use of rather large local data
contexts in addition to the shared Blackboard. It is expected that these architectural
differences will yield an improvement for HSP in effective paralielism, in clarity of
knowledge, in ease of augmentation, and in ather problem areas, such as handling of
error, directionality control, and performance analysis. .

1. A production system encodes all long-term knowledge as simple condition-action
rules which operate from a shared working memory. For entry into the subject
see: R. Davis and J. King, An Overview of Production Systems, Computer Science
Department, Stanford University, Oct. 1975.

2. POSSE, WOMOS, and the version of SASS used are from an earfier version of
Hearsay-II used in the Spring of 1972.

References
D. McCracken (1977). A Parallel Production System for Speech Understanding, Ph.D.
Thesis (in preparation), Comp. Sci. Dept., Carnegie-Mellon Univ,, Pittsburgh, PA.
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I11. PERFORMANCE MEASUREMENT

In this section we present the detailed performance results obtained for the
Harpy and Hearsay-ll systems in September of 1976. Since then both systems have
been improved; future papers will provide results of improved performance. The
purpose of this section is to provide a record of system performance as measured on
September 8, 1976. .

In addition to the performance of the systems on the 1011-word tasks, this
section also contains results of experiments on connected digit recognition, effect of
telephone on accuracy, effect of multiple speakers {using speaker independent
templates) on accuracy, and effects of branching factor and vocabulary size on the
performance of the Harpy system.

Performance of the Harpy and Hearsay-II Systems

Figure 1 gives the performance of the Harpy system on the 10li-word Al
abstract retrieval task. The vocabulary used in this task and the phone dictionary
associated with the vocabulary is given in Appendix [II-8.

Given the vocabulary and protocols taken of humans interacting with a mock
system, Hayes-Roth generated s set of typical sentences that are likely to be useful in
the abstract retrieval task. No attempt was made to restrict these to any specific
zrammar. However, care was taken to see that each word in the vocabulary occured
at least once in these sentences. These sentences (a total of 496) served two
purposes: 1) as a set of training sentences (spoken by Lee Erman), and 2) for the
Hesign of a family of fanguages with varying branching factors that accept at least the
iraining sentences and possibly many more.

Goodman designed many such languages. Two extreme examptes are a language
where any word (of the 1011) could follow any other word, permitting many nonsense
sentences, and another in which only the 496 training sentences were legal. Of the
several languages chosen for the experimentation, three specific ones--AIX05, AIX15,
and AIXF--are given in Appendix III-C (an earlier version of AIXF was developed by
Hayes-Roth).

The grammar that allowed Harpy to reach the performance goals of the ARPA
program was AIX05, with a static branching factor of 9.53 and an average dynamic
fanout of 33.4. The others were too large to.fit within the memory of the PDP-10
system. However, it was possible to study the performance of AIX15 and AIXF using
variants which used smalier vocabularies, created by eliminating some of the proper
nouns.

The training sets for the other four speakers (two male and two female)
consisted of a small subset of the original training sentences. These were used to
generate speaker-dependent phone templates for each of the speakers {see the paper
by Lowerre in SectionI¥ on speaker adaptaticn).

A completely new set of 100 test sentences was created by Hayes-Roth which
were not part of the training set. These are given in Appendix III-A. Erman recorded
all the 100 test sentences and the other four speakers recorded a subset of twenty
one sentences each. These sentences were used only for testing the performance. of
the system; the system was not tuned in any way in response to errors in this set.

The Harpy system achieved an -aggregate 917 sentence accuracy and 957
semantic accuracy over all the 5 speakers and required 27.9 million instructions per
second of speech processed (Fig. 1). Hearsay-l1I (Fig. 3) was tested on only twenty
two sentences-for lack of time and achieved 917 semantic accuracy and requirad about
85 mipss. Figures 2 and 4 give the performance of the two systems on test sentences
recorded live in the classroom on September 8. The 'Harpy system recognized four of
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the five sentences recorded by two male and one female speaker correctly. The
Hearsay-Il system recognized three of the five. These sentences were generated by
the observers who were given copies of the grammar; the sentences were in no way
preselected. The classroom environment was somewhat more noisy than the terminal
room environment normally used to collect training data.
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TASK
Recognition of Al information retrieval task
Vocabulary size: 1811
Branching factor: 9.53
Average fanout: 33.4

DATA
Number of speakers: 5
3 male
2 female
Training set for speaker LE
496 sentences
4P49 words
24.7 minutes of speech
Training set for speakers DS KP BH CW
256 sentences
1444 words
18.1 minutes of speech

Test set for all speakers
184 sentences
1138 words
6.5 minutes of speech

PERFORMANCE ON THE TEST DATA
97% word accuracy
91% sentence accuracy

95% semantic accuracy
27.9 Mipss

Figure 1. Harpy results for the Al retrieval task test data.
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RESULTS OF LIVE SENTENCES HRRPY VERSION

UTT TIMEIN WORDSIN WORDSOUT #COR ZCOR TIHE TINEQUT W#STATES

/TIMEIN
1 2.2 B 6 6 1ne.e 7.3 32.2 261
2 2.1 & & 6 108.8  69.9 33.0 355
3 3.8 9 1t 5 55.6  381.1 80.3 395
& 2.1 9 9 9 100.¢ 9.1 45.6 8§32
5 1.5 4 4 4 0.6 53.8 36.6 352
2.3 34 36 30 88.2  118.3 $6.8 353
5.0.<18.8
Correct utts=4/5 = 88.87Z
RESULTS OF LIVE SENTENCES HARPY VERS 10N

utT 1

UTT="ARE ANY PRPERS RBOUT SEMANTIC NETHORI 5"
REC="ARE ANY PAPERS REOUT SEMANTIC NETHOR! 5*
CORREET=6/6 AVE. PRB.=-.4954388

utT 2

UTT="DOES SEMANTIC NETS GET MENTIONED ANYHHERE®
REC="DOES SEMANTIC NETS GET MENTIONED AMYIIHERE"
CORRECT=6/B RVE. PRB.=~.5618708

utT 3
UTT="WHICH PAPERS ON REGION ANALYSIS ALSO DISCUSS LANGURGE UNDERSTRNDING "

SEGHENTS

82
78
138
a1
53

36.4%

REC="WHICH PAPERS ON A REGION RNALYSIS SURSYSTEM AND OESIGN MENTION UNDERSTANDING®
CORRECT=5/9 AVE. PRB.=-.6636959 R EEEEEEE

utT 4

UTT="HOM MANY RRTICLES ON CHESS AND LEARNING RRE THERE"
REC="HOW MANY ARTICLES ON CHESS AND LERRNING ARE THERE"
CORRECT=9/9 RVE. PRB.=-~.5521E64

utT s

UTT="WE'RE INTERESTED IN HERRSAY"
REC="HE’RE INTERESTED IN HEARSAY"
CORRECT=4/4 RVE. PRB.=-.6638372

Figure 2. Harpy results for the live demonstration, 8 September 19786.
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TASK Recognition of Al information retrieval task
Vocahulary size: 1811
Branching factor: 3.53
Average fanout: 33.4

DATA Number of speakers: 1 male speaker

Training set for word hypothesizer

68 sentences

348 words

2.2 minutes of speech
Training set for word verifier

747 sentences

4849 words

24.7 minutes of speech

Test set for all speakers
22 sentences
154 words
1.8 minute of speech

PERFORMANCE ON THE TEST DATA
86% word accuracy
73% sentence accuracy
91% semantic accuracy
85.8 Mipss

Figure 3. Hearsay-II results for the Al retrieval task test data.

RESULTS OF LIVE SENTENCES: HERARSAY-1I

UTT 1: UTT="I RM INTERESTED IN ENGLISH"
REC="1 RM INTERESTED IN ENGLISH"

UTT 2: UTT="ARE ANY PRPERS ABOUT SEMANTIC NETHORKS"
REC="RRE ANY PAPERS RBOUT A SEMANTIC NETHORK"

UTT 3: UTT="DOES SEMANTIC NETS GET MENTIONED ANYWHERE"
TIMEOUT - 2 best partial parses are:
[00 SIMULTANEQOUS RCTIONS........ ]
[....DESIGN AND SYNTAX MENTIONED ANYWHERE]

UTT 4: UTT="HOM MANY ARTICLES ON CHESS AND LERRNING ARE THERE"
TIMEOUT ‘ .

UTT 5: UTT="WE'RE INTERESTED IN HEARSRY"
REC="HE'RE INTERESTED IN HEARSRY"

40% SENTENCE RCCURRCY
604 SEMANTIC RCCURRCY

Figure 4. Hearsay-ll resulis for the live demonstration, 8 September 1376,
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Connected Digit Recognition using Symbolic Representation of Pronunciation
Variability (Goodman, Lowerre, Reddy, and Scelza)

Most connected speech recognition systems, such as Harpy and Hearsay-II, use
some form of symbolic representation to represent alternative pronunciations of the
vocabulary, whereas most isolated word recognition systems use word templates. In
an attempt to compare relative performance of systems that use symbolic
representations of words, the Harpy system was run on four tasks requiring the
recognition of random sequences of digits. Recording was in a computer terminal room
environment {approximately 60 dBA) with speakers recording one session per day in
order to include as much intra-speaker varisbility as possible. Both male and female
speakers were used. :

3-Digits Task ]

This task was selected as a typical numerical data input task. Sentences are
connected sequences of three digits, such as "zero three eight”. Each of ten speakers
spoke thirty training sentences and 100 test sentences over a period of three weeks.
Using speaker-specific phoneme templates, the word error rate over all ten speakers
was about 27,

7 -Digits Task

This task, sometimes refered to as the “"telephone number task", consists of
connected seven digit sequences such as "seven three nine six one seven three”. This
task was selected as a benchmark. Error rate for the singie speaker was 17

Telaphone Input Task

Sentences are three digit connected sequences, as in the J-digits task.
Recordings were taken over telephone lines in order to determine the effects of
restricted frequency response, distortion, envelope delay, etc. The error rate under
these conditions was 77.

Speaker Independent Task

This task is similar to the 3-digits task. However, recognition is performed using
speaker-independent phoneme templates computed from the training data for all
speakers. The word error rate was about 77 on test data of 1200 random three-digit
sequences from twenty speakers, including ten new speakers.
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A summary of the results for these tasks is shown in the accompanying tables.
The total test data are 2700 sentences, representing more than an hour of recorded
speech. While this is already a large amount of data, a more extensive and thorough
study is to be initiated.

TASK ‘ 3-Digit 7-Digit Telephone Speaker-
Independent
Yocabulary Size 1@ 18 1e 18
Branching Factor 18 1@ 18 18
No. of Speakers 10 1 4 20
Male 7 1 3 14
Female 3 1 6
Training Set K
No. of Sentences 3088 30 128 384
No. of Words 308 210 360 gee
Mins. of Speech 7.5 1.4 3.1 7.6
Kords/minute 128 1508 116 118
Test Set
No. of Sentences 1888 100 , 408 1208
No. of Words 3008 788 1200 3699
Mins. of Speech 25.1 4,8 18.3 33.8
Words/minute 128 1486 117 - 1@9
Per formance on Test Data
YUord Accuracy 98 99 93 . a3
%Sent.Accuracy 36 36 82 83

Mipss 3.5 3.5 3.5 3.5
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Effects of Branching Factor and Vocabulary Size on Performance {Goodman,
Lowerre, and Reddy)

Analysis

Analysis of the languages of a given set of recognition tasks permits the
comparison of the relative difficutties of the tasks. We have developed notions of
equivalent vocabulary size, branching factor, effective branching factor, search space
size, and search space reduction (Goodman 1976). All of these are useful as relative
comparison measure.

Deasign

A family of languages having varying characteristics is required in order to be
able to compare language measures with actual performance data. Such a family has
been generated for the Al abstract retrieval task by interactive grammatical inference.
There are four subfamilies for each of the (approx.} vocabulary sizes 250, 500, 750,
and 1000 words. Several grammars representing differing branching factors exist
within each subfamily. With the 250 word grammar, for instance, the available
branching factors are 1.23, 3.87, 4.6, 8.2, 8.8, 11.9, 33.3, and 395.

Rasults

The relationships between accuracy and speed versus branching factor and
vocabulary size are summarized in the accompanying tables. As expected, there is
positive correlation in all cases. In the case of speed versus branching factor, the
relationship is almost linear. A more comprehensive study of measures for grammatical
complexity and their predictive abilities is necessary before any significance can be
attached to these preliminary results,

Table 1. Effects of branching factor on error rates of the Harpy system within the 250
word family of grammars.

STATIC

BRANCHING ERROR
CRAMMAR  MIPSS FACTOR RATE
AlSB6 6.63 4.6 8%
AlS1@ 9.36 8.2 4%
AIS15 13.65 11.9 6%
AIS30 44,72 33.3 16%
AlS48 53.15 33.5 16%

Table 1I. Speed versus vocabulary size for Harpy when
branching factor is held constant (approx. 10).

BRANCHING
GRAMMAR MIPSS FACTOR VOCABULARY SIZE (APPROX)
AlS18 3.36 8.2 258
AlM12 16.77 18.5 1515
Al XBS 26. 88 3.5 18689
References

R. G. Goodman (1976), "Analysis of languages for man-machine voice communication,”

Ph.D. dissertation., Comp. Sci. Dept., Stanford Univ,, Tech. Rept. Comp. Sci. Dept.,
C-MU, Pittsburgh, Pa.
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APPENDICES for Section III

Appendix III-A lists the 100 tesl sentences used by the Harpy and
Hearsay-II systems, along with characteristics measuring their complexity
relative to several grammars.

Appendix III-B is the phonetic dictionary for the 1011 words used
in the Al retrieval language.

Appendix III-C contains the complete definition of three of the
grammars (AIXF, AIX15, and AIX05) used in testing the systems. These
grammars have become standards for future development and testing.
AIXF was not used to test Harpy because the network was too large to be
generated.
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Appendix [1I-A. Characteristics of the Al Retrieval Task sentences

Below is a description of the test sentences uted for the Harpy and Hearsay-Il
systems. The September Hearsay-il resulls used 22 of the sentences randomly
selected from the 100. The entire set of 100 was used for the 100 single-speaker
test sentences for Harpy, and 21 of them were used for the- other four speakers
tested on Harpy.

CMU Test Sentences

The branching factors previously given for the languages used by the CMU
speech understanding systems (HARPY and Hearsay-II) are “static” branching factors
(SBF) (as derived by Gary Goodman and described in his recent thesis). Intuitively,
they can be thought of as being derived by doing a Monte Carlo probing of a network
describing all acceptable word sequences and taking the average of the number of
words possible following any legal initial sequence. Other groups have generated
somewhat similar numbers.

What we present here is a characterization of the lexical fanout aliowed by our
grammars for the particular test sentences. The notion is to calculate the average
fanout for each sentence-initial sequence of words (i.e., going left-to-right).

The method used here is the following: For any sequence of words, denote by
Word Branches (WB) the number of words that may legally follow that sequence in the

given language. Consider a sentence of length N-1 words to have N WB’s -- each is
calculated from the initial sequence of i words, i=0,1...N, (Le., the first WB for any
sentence is always the same -- the number of legal first words.) Then, for any

sentence or collection of sentences, the Average Fanout (AF) is the arithmetic mean of
the WB’s of the sentence(s).

The languages used (all defined using the same 1011-word vocabulary) are
called AIXO5, AIX15, and AIXF. The first two have static branching factors of 10 and
28, respectively. This summary is over 100 test sentences containing a total of 683
words,

AF
Al XBS AIX15 AIXF sents words/sent

33.4 46.5 8.8 108 6.83 {average over all)

17.3 26.9 33.4 2 3
31.3 45.4 84.8 18 4
36.1 58.7 73.8 11 5
29.7 41.5 68.3 21 b

3.6 47.8 78.2 24 7
37.2 51.1 78.3 15 8
38.1 48.5 63.8 3 3
42.3 1.5 78.8 3 18
42.8 57.9 76.3 3 11
21.2 23.9 53.4 2 12
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The 100 sentences, presented with fanouts according to the AIX05S language.

B0 6 ANY 6 OF 3 THESE 3 MENTION 132 PSYCHOLOGY 3 words=b
AF=39. 857
WHICH 21 COGNITIVE 1 PSYCHOLOGY 2 CONTAINED 192 WINGCGRAD'S 1
ARTICLE 1 words=6 AF=48.5/]
WHAT 26 TOPICS 1 ARE 1 RELATED 1| TO 192 SEMANTIC 2 NETWORKS 3 .
words=7 AF=36.508
DOES 196 PATTERN 3 DIRECTED 1 FUNCTION 1 ENVOCATION 3 GET 2
DISCUSSED 1 ANYWHERE 1 words=8 AF=38.444
WHICH 21 TITLES 1 CONTAIN 1 THE 1 PHRASE 192 TIME 2 COMPLEXITY 3
words=7 AF=35.875 5 ‘
DOES 136 THAT 1 ARTICLE 1 MENTIGN 192 TIME 2 OR 1 SPACE 1 BOUNDS
3 uords=8 AF=51.444 '
WHICH 21 OF 2 THEM 1 DISCUSSES 192 EVALUATION 1 FUNCTIONS 3
words=6 AF=48.857
ARE 292 THERE 2 ANY 5 ABSTRACTS 1 WHICH 1 REFER 1 TO 192 PAPERS
1 BY 96 NEWELL 3 wuords=18 AF=c@.088
WHERE 5 1S 192 PREDICATE 1 CALCHLUS 3 MENTIONED 1 words=5S
AF =44 . BG7
WHAT 26 ARE 3 SOME 1 OF 1 THE 1 AREAS | OF 192 ARTIFICIAL 1
INTELLIGENCE 3 uords=9 AF=23.%848
WHAT 26 WAS 1 1TS 1 TITLE 1 words=4 AF=19,008
WHO & WAS 2 THE 1 AUTHOR 1 words=4 AF=15,880
WHERE 5 DOES 1 HE 1 WDRK 1 uords=4 AF=14.388
WHAT 26 15 4 HER 1 AFFILIATION 1 words=4 AF=19.688
WHAT 26 ADDRESS 1 1S 1 GIVEN 1 FOR 1 THE 1 AUTHORS 1 words=7
AF=12.258
HOW 4 MANY & REFERENCES 1 ARE 1 GIVEN |  words=5 AF=13.588
PLEASE &4 LLIST 1 THE 1 AUTHORS 1  words=4 AF=14.500
PLEASE 4 MAKE 1 ME 1 A1 FILE )1 OF 1 THOSE 1 words=7 AF=9,560
CAN 2 1 1 HAVE 1 THESE 1 ABSTRALTS 1 LISTED 1 wuwords=6 AF=18.429
ARE 232 ANY B ARTICLES 2 ABOUT 192 STRUCTURED 1 PATTERN 1
RECOGNITION 3 wuords=7 AF=/8.375%
DO 6 ANY 6 OF 3 THE 1 ABSTRACTS 1 MENTION 192 LEARNING 3
words=7 AF=34.758
HOW 4 MANY 8 OF 1 THESE 1 ALSO | DISCUSS 192 ABSTRACTION 3
wordss=/7 AF=34,5DB
WHICH 21 PAPERS 7 ON 192 LANGUAGE 6 UNDERSTANDING 4 ARE 1 ABOUT
192 ENGLISH 2 wnords=8 AF=54,6&7
DO 6 ANY 6 PAPERS S ON 182 AUTOMATIC 7 PROGRAMMING 3 EXIST 1
words=7 AF=35.7%0
WHAT 26 ABDUT 288 PROGRAM 1 VERIFICATION 3  words=46 AF=76.888
I 2 AM 2 INTERESTED 1 IN 192 ARTIFICIAL 1 INTELLIGENCE 3
words=65 AF=38.143
THE 3 AREA 2 1 1 AM 1 INTERESTED 1 IN i IS 192 UNDERSTANDING 3
words=8 AF=30.089
DON'T 1 GET 1 ME 1 ANY 1 ARTICLES 1 WHICH 1 MENTION 192 GAME 2
PLAYING 3 words=3 AF=26.383
] 2 AM 2 DNLY 1 INTERESTED 1 IN 1 PAPERS 1 ON 192 CHESS 4
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nords=8 AF=38.888
LET'S 1 RESTRICT 1 OUR 1 ATTENTION 1 TO 1 PAPERS 1 SINCE 1
. NINETEEN 1 SEVENTY 1 FOUR | words=18 AF=5.989
00 & ANY 6 PAPERS 5 THIS 1 YEAR 1 CITE 96 ROSENFELD 3 words=7
AF=23,008
ARE 232 COMPUTER 7 NETWORKS 4 M(NTIONED 2 ANYWHERE 1  wordgs=S
AF=652.008
ARE 232 ANY B ARTICLES 2 ABDUT 192 GRAIN 1 OF 1 COMPUTATION 3
words=7 AF=70.375
ARE 232 ANY B ARTICLES 2 BY 96 ROSENFELD 3 words=5 AF=77. 580
ARE 232 ANY 6 BY 96 FEIGENBAUM 3 AND 96 FELOMAN 1 words=6
AF=80.000
ARE 232 THERE 2 ANY 5 ABSTRACTS 1 WHICH 1 REFER 1 TO 192 PAPERS
1 BY 36 HOLLAND 3 .ords=18 AF=58.008
ARE 292 THERE 2 ANY 5 NEW 2 PAPFRS 1 ON 192 PROGRAM 1
VERIFICATION 3 words=8 AF=52.867
D0 6 ANY B OF 3 THESE 3 ALSO 2 MENTION 192 PLANNER-LIKE 1
LANGUAGES 3 words=8 AF=31.333
DOES 186 PROBLEM 1 SOLVING 3 GET 2 MENTIONED 1 ANYWHERE 1
Hords=6 AF=38.571
WHICH 21 PAPERS 7 CITE 96 NEWELL 3 AND 96 SIMON 1 words=8B
AF=41.429 '
ANY 1 ABSTRACTS 1 REFERRING 1 TN 192 Al 4 OR 191 ARTIFICIAL 1
INTELLIGENCE 1 words=8 AF=50.889
ARE 232 ASSOCIATIVE 2 MEMORIES 4 DISCUSSED 1 IN 1 RECENT 1
JOURNALS 1  uords=7 AF-=46.088
ARE 232 LEARNING 4 AND 191 NEURAL 1 NETWORKS 2 NENTIUNED 2
ANYWHERE 1 words=7 AF=69,875
01D 93 REDDY S PRESENT 2 A 1 PAPER 1 AT 2 1JCAl 1 words=7
AF=22.125
DIDN"T 1 THAT 1 PAPER 1 QUOTE 95 DREYFUS 3 words=5 AF=28. peo
DOES 136 PICTURE 1 RECOGNITION 3 GET 2 MENTIONED 1 ANYWHERE 1.
words=6 AF=38.571
GET 1 ME 2 EVERYTHING 1 ON 192 DYNAMIC 3 CLUSTERING 3 words=8H
AF=38.2885
GENERATE 1 A 1 COPY 1 OF 1 THOSE 1 wuwords=5 AF=11.833
GIVE 2.ME 4 THE 1 DATE 1 OF 1 THAT 1 ABSTRACT 1 words=7
AF=3,82%
HOW 4 CAN 1 1 1 USE 1 THE 1 SYSTEM 1 EFFICIENTLY 1 words=7
AF=9,588
I 2 AM 2 INTERESTED 1 IN 192 LEARNING 3 words=5G AF=44,333
I'D 1 LIKE 1 TO 2 SEE 1 THE 1 MFNUS 1 words=6 AF=108.429
SELECT 1 FROM 1 ARTICLES 1 ON 192 GAME 2 PLAYING 3 words=b
AF=38. 88D ‘
WHAT 26 ADDRESSES 1 ARE 1 GIVEN 1 FOR t THE 1 AUTHORS 1 words=7
AF=12.258
WHAT 268 PAPERS 1 ON 192 PREFERENTIAL 1 SEHANT!CS 3 ARE 1 THERE 1
words=7 AF=36,375
WHEN 3 WAS 194 A 28 SEMANTIC 1 NETWORK 3 LAST 2 REFERRED 1 TO 1
words=8 AF=32,333
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WHICH 21 PAPERS 7 CITE 96 FELDMAN 3 uords=4 AF=38.600
WHO 5 HAS 1 WRITTEN 1 ABOUT 192 AUTOMATIC 7 PROGRAMMING 3
words=6 AF=33.286
WHO 5 WAS 2 QUOTED 1 IN 1 THAT 1 ARTICLE 1 words=6 AF=11.0080
WHICH 21 IS 1 THE 1 DLDEST 1 words=4 AF=18.008
ARE 292 ANY 6 NEW 1 BOOKS 1 BY W TERRY 1 WINOGRAD 3 words=7
AF =58, 258
CAN 2 1 1 HAYE 1 THESE 1 ABSTRACTS 1 LISTED 1 words=6 AF=10.423
DID 99 CARL 1 HEWITT S PRESENT 2 A 1 PAPER 1 AT 2 THE 1 IFIP 1
MEETINGS 1 IN 1 SEPTEMBER 1 words=12 AF=14.0288
DID 99 ANY 4 ACL 1 PAPERS 1 CITE 96 RICK 1 HAYES-ROTH 3 wordse=7
AF=33.875%
DO 6 ANY B OF 3 THOSE 1 PAPERS 1 MENTION 132 AXIOMATIC 1
SEMANTICS 3 words=8 AF=31.0808
DURING 1 WHAT 1 MONTHS 1 WERE 1 THEY 1 PUBLISHED 1 words=b
AF=10.286
HOW 4 MANY & RECENT 1 1SSUES 1 CONCERN 192 INVARIANCE 1 FOR 1
PROBLEM 1 SOLVING 3 words=9 AF=27.808
HOW 4 MANY 8 SUMMARIES 1 DISCUSS 192 KNOWLEDGE 2 BASED 1 SYSTEMS
3 uords=7 AF=34.B25
HAVE 97 ANY 2 NEW 1 PAPERS 1 BY 96 LEE 1 ERMAN 3 APPEARED 1
words=R8 AF=29.778
['D 1 LIKE 1 TO 2 KNOW 1 THE 1 PUBLISHERS 1 OF 1 THAT 1 STORY 1
words=9 AF=7.608 '
[S 298 HUMAN 3 BEHAVIOR 5 OR 191 HUMAN 3 MEMORY 3 DISCUSSED 2 IN
1 A 1 RECENT 1 SUMMARY 1 wuords=11 AF=47.258
LIST 2 THE 2 ABSTRACTS 1 BY 96 HERB 1 SIMON 3 words=6 AF=24,423
WAS 290 ALLEN 2 NEWELL 3 CITED 2 IN 1 THAT 1 SUMMARY 1 words=7
AF=45,758B '
WHAT 26 ABOUT 288 ALLEN 2 COLLINS 3 words=4 AF=77,080
WHERE S DID 1 THAT 1 ARTICLE 1 APPEAR 1 words=5 AF=12.580
WHO S HAS 1 WRITTEN 1 ABOUT 192 LANGUAGE & COMPREHENSION 3 ANO
191 LANGUAGE B DESIGN 1 words=9 AF=47.200
QUIT 1 LISTING 1 PLEASE 1 words=3 AF=17.258
WEREN'T 1 SOME 1 ARTICLES 1 PUBLISHED 1 ON 192 GOAL 1 SEEKING 1
COMPONENTS 3  words=8 AF=23.667
WHAT 26 SORTS 1 OF 192 LANGUAGE B PRIMITIVES 3 ARE 1 WRITTEN 1
UP 1 weords=8 AF=33.000
HASN’T 192 A 21 CURRENT 1 REPORT 1 ON 192 PRODUCTION 1 SYSTEMS 3
BEEN 1 RELEASED 1 wuords=9 AF=47.90808 )
ARE 292 THERE 2 ANY © 1SSUES 1 ABOUT 192 COOPERATING 1 SOURCES 1
OF 1 KNOWLEDGE 3 words=3 AF=56.4808
DID 99 VIC 1 LESSER S PRESENT 2 PAPERS 1 AT 2 IFIP 1 words=/
AF=22.12%
DID 99 ANYONE 1 PUBLISH 1 ABOUT 192 LARGE 1 DATA 1 BASES 3 IN 1
COMMUNICATIONS 1 OF 1 THE 1 ACM 1  words=12 AF=28.385
DO 6 ANY 6 AUTHORS 1 DESCRIBE 192 ORAGON 3 words=5 AF=45.667
DOES 196 HE 1 WORK 1 AT 1 CMU 1  words=5 AF=44,333
DO B ANY 6 RECENT &4 ACM 1 CONFERENCES 1 CONSIDER 192 SEMANTIC 2
NETS 3 OR 191 SEMANTIC 2 NETWORKS 1 words=11 AF=33.583
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DO & RESPONSES 1 EVER 1 COME 1 -FASTER'1 words=S AF=12.B687

HAS 96 LEE 1 ERMAN 4 BEEN 1 REFERENCED 1 IN 1 ANY 1 OF 1 THOSE 1
words=9 AF=17,3808

HAS 86 ALLEN 2 NEWELL 4 PUBLISHED 2 ANYTHING 1 -RECENTLY 1
words=b AF=24.571

HAVE 97 ANY 2 NEW 1 PAPERS 1 BY 35 TERRY 1 WINOGRAD 23 APPEARED 1
words=8 AF=29,778 '

HOW 4 BIG 1 1S 1 THE 1 DATA 1 BASE 1 uwords=6 AF=18.714

HOW 4 MANY 8 OF 1 THESE 1 ALSO ! DISCUSS 192 DYNAMIC 3 BINDING 3
words=8 AF=31,0880

HOW 4 MANY 8 RECENT 1 ISSUES 1 CONCERN 192 DISPLAY 1 TERMINALS 3
words=7 AF=34.588

KILL 1 THE 1 LISTING 1 words=3 AF=17.258

PLEASE 4 MAKE 1 ME 1 A1 FILE 1 OF 1 THOSE 1 words=7 AF=3.508

WHAT 26 IS 4 HIS 1 AFFILIATION | uords=4 AF=19.608

WHICH 21 OF 2 THESE 5 CITES 96 PERRY 1 THORNDYKE 3 words=E

AF=27.714
WHICH 21 PAPERS 7 ON 192 DESIGN 6 IN 1 THE 1 ARTS 4 ALSO 2
DISCUSS 1392 DESIGN 5 AUTOMATION 3 words=11 AF=41.EE67

WHO 5 WAS 2 QUOTED 1 IN 1 THAT | ARTICLE 1 words=6 AF=11.088

WHICH 21 PAPERS 7 WERE 1 WRITTEN 2 AT 1 NRL 1 OR 1 AT 1 SMC 1
Wwords=9 AF=10.289
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Appendix 11I-B. Al Retrieval Language Dictionary

A (-,0) (AXLUHALEHOLEYL EYC! EYR)
ABOUT {-,0) (AH2,AX,EH3,0) {« (-,0),-{4}) (B,0) (AWL,0) AWC! (AWR,0) ({+~ (-,0),-{4}) (T,0),0%)
ABSTRACT (-,0) AEQ (« (-,0),-) S (-,0) (DR (R,0),T R) AE2! ({+ (-,0),-{4}) {T,0),DX)

ABSTRACTION  (-,0) AE3 (« (-,0),-} 5 (-,0) (DR (R,0),T R} AE2! {« (-0},-) SH IH5 N
ABSTRACTS (-,0) AE3 (~ (-,0),-) 5 (-,0} (DR (R,0),T R) AE2! (& (~,0},-) § (HH,0)

ACL (-,0) (EV1,0) EYC (EYR,0) S IV (EH EL,EL2)

ACM (-,0) (EYL,0) EYC! (EYR,0) S 1Y AH2 M

ACQUISITION  (-,0) AES5 (+ (~,0),-) WH IHI (Z{8},(Z,0) ) IH2 SH IH5 N

ACTIONS (-,0) AE5 (e (-,0),-) SH! IH5 N (2{48},(2,0) S)

ACTIVE (-,0) AE (& (-,0),-) TV IH V (F,0)

ACYCLIC (-,0) (EYL,0) EYC (EYR,0) S TH3! (& (-,0),-{4}) (K,0) L UH2 (v (-,0),-{4}) (K,0)
ADAPTATION  (-,0) AE4 (« (-,0),-D) (D,0) AES (¢ (-,0),-) T (EYL,0) EYC! (EYR,0) SH IH5 N
ADAPTIVE (-,0) (IX,UH) (« (-,0),-) (D,0) AE (¢ (-,00,-) T IX V (F,0)

ADDITION (-,0) IH3 {{« (-,0),-) (D,0),DX) IH3! SH IH5 N

ADDRESS (-,0) ((AE,1XOUH) {« (-,0),-) DR R EH2! § (HH,0)

ADDRESSES (-,0) ({AE,DO,UH) (« (-,0),-) DR R EH2!' § IH4 (2{4},(2,0) )

ADVISING (-,0) {IX.UH) (« (~,0),-) (D,0) V (AYL,0) AYC!I (AYR,0) {2{8}(Z,0) S) (IH3,IY) NX

AESTHETICS (-,0) AX S TH EH (« (-,0),-) T IH (e (-,0),-) S (HH,0)
AFFILIATION (-,0) (EH3.AH) F (IH,0) EL 1Y (EYL,0) EYCI (EYR,0) SH IHE N
AFFILIATIONS  (-,0) AX (-,0) F EH2 L 1¥Y2 (EVL,0) EYC! (EYR,0) SH IHS N (Z{4},(2,0) S)

AFTER (-,0) AELF ((+ (-,0),-) TDX) ER

Al (-,0) (EYL.0) EYC! (EYR,0) (AYL,0) AYC (AYR,0)

ALGEBRAIC (-,0) AEZ EL {« (-,0).-) SH{,B} TH («~ (-,0),-{4}) (B,0) R (EY¥YL,0) £YC (EYR,0) IH2 (e (-,0),-(4}) (K,O)
ALGOL (-,0) AEA EL (~ (-,0)-) (G,0) OW3 EL3

ALGORITHM (-,0) AE EL (e (-,0),-) (G,0) (AA,OW) RI TH (TH,DH) (IH,IX,0) M
ALGORITHMIC  (-,0) AE EL (e (-,0),-) (G.0) (AA,OW) RI IH (TH,OH) M IH (e (-,0),-{4}) (K,0)
ALL (-,0) OW4! EL

ALL-OR-NONE  (-,0) OW4! EL (-,0) (AA4,0) ER217,14) (-0} N UH (N,DX)

ALLEN (-,0) AEL EL3 (IH6 N.EN)

ALSO (-,0} (AO,0WA) EL S (THE (OW2,0),0W}

ALWAYS (-0} AD EL W (EYL,0) EYC! (EYR,0) (2{4},(Z,0) 5}

AM (-,0) ((EH2LAE3Y) MEM)

AMONG (-0} (IXLAXH M LH2Z NX

AN {(-,0) AES! (EN,N}

ANALOGY (-,0) AES (N,EN) AEQ! (ELLY OW4 (« (-,0),-) SH{, 8] TY
ANALYSIS (-,0) UHA N AE EL3! (UHZ{2,6},1H6,0) S IH6 § (HH,0)
ANALYZER (-,0) AES N ELZ (AYL,0) AYC! (AYR,0) (Z{8},(2,0) 5) ER2
AND (-,0) AESY5,10} N (« {-,00,-,00 (D,O)

ANN (-,0) AE4Q! (N,DX)

ANOTHER (-,0) AH N AAZ! (DH,TH) (ER,AA2)

ANSWER (-,0) AEBI N S ER

ANSWERING (-,0) AEA N SI (RER) TH5 NX

ANTHONY (-,0) AEG (N} (« (- 0),-,0) TH I[HA!' N TV

ANY (-,00 (EHZEH) (N{2Z},DX) I¥! (IY3,0)

ANYONE {-,0) (EH3,EH} (N{2},DX) I¥! (I¥Y3,0) (-,0) W AH (N,DX)
ANYTHING (-,0) (EHZ,EH) (N{2},DX} 1Y) TH (IH3,1Y) NX
ANYWHERE (-,0) (EHZEH) (N}2},DX) 1¥! (-,0) W (EH3.0) ER
APPEAR (-,0) (AH3 UH2) (« (-,0)-) (P,PH) IY2I ER[,18}
APPEARED (-,0) (AH3,UH2} (« (-,0),-) (P,PH) I¥Y2! ER{,18} {« (-,0),-) (D,DK,0)

APPLICATION (-,0) AE3 (« (-,0),-) (P L,PL (L,00) IH6 (« (-,0),-) (K,0) (E¥YL,0) EYC! (EYR,0) SH IHS N
APPRENTICE (-,0) EH3 (« {-,00,-) (P RPR (R,0) EH2' N (« {-,0),-,0) T I1H4 S (HH,0)

APPROACH (-,0) UHIZY (« (-,0),-)} (P R.PR (R,0)) OW2! (« {-,0),-) SH{,8]
APRIL (-,0) (EYL,0) EYC! (EYR,0) (¢ (-,0),-) (P R,PR (R,0)} (IH EL,EL2}
ARBIB (-0 AA R (« {(-,00-{4Y) (B0} IY (« (-,0),-) (B,0)

ARE (-,0) (AA3Y 1Y (ERZER),ER2D

AREA (-,0) IH2! ER I¥2 UH
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AREAS
AREN'T
ARPA
ART
ARTICLE
ARTICLES
ARTIFICIAL
ARTS
ASIMOV
ASK
AGSEMELY
ASSERTIONS
ASSIMSLATION
SGOCIATION
ooOC!AT!VF
AT
ATTENTIGN
AUGMENTED
ALIGUST
ALITHOR
AUTHORS
AUTOMATED
ALITOMATIC
ALUTOMATION
AVAILABLE
AWARD
AXIOMATIC
AXIGMS
AZRIEL
BACKGAMMIN
BANER N
BANK
BARRDW
BASE
BASEBALL
ASED
BASES
BATES
BAY
BELH
BEFORE
BEHAVIOR
BELIEF
BERKELEY
BERLINER
BERNARD
BERT
BEYWLLN
BI1G
BILL
BINDING
BINDINGS
BIOMEDICINE
BLEDSOE
BLOCK
BOBROW
BONNIE
BCOK

Dictionary

(-,0) TH2! ER I¥2 UH (Z]4L(Z.0) )
(«,0) (AAZ(ERZ,ERLER2Y) AN (+ (-,0),-{8}) (1,0),DX)

-,0) AAL(ERERD) ( (~,0),-) P[1] TH

{(-,0) AAY(ER,0) ({e (-,0),-{41) (T,0),DX)

(-\0) (AAZ (ER,DY, ER2) (e (-,0),-) T,0%) IH8! (« {-,0),-) K{1} ELZ

(-0} (AAZ (ER,0) ER2) ({« (-,0),-) T,OX) THB! {« (-,00,-) K{1} EL (Z[4},(Z,0) S)
(-0 (AAZ (ER,0% ER2) {(+ (-,0),-) T,DX) IH7! (-,0) F IH3 SH EL

{(-,0) AAB!LER, O} (e (-,00,-) S (HH,0)

(-,0) AL (Z{41(2,0) 5) IHG M OWAI F (HH,0)

(-0} AEQ S - (KM

(-0} tHA 3 EHA M1 (e {-0),-{41) (B,O) L IV

(-,0) AH S ER' SH L§5 N (Z{A%L(Z,0) §)

(-,0) IHG $ I M EL3 {EYL,0) EVC! (EYR,Q) SH IHG N

(-,0) UHA S OW3 (5,5H) IV AL! SH (AX,IX,IHS) (N,DX)

(-,0) LA 8 OW3 (5,SH) 1Y IH? ({e (~,0),-) T,DX) IH3 V (F.O)

(«0) (AEALAL 24} (e (-,00-{43) (T,0),D%)

(-0 UHZ2UHY (= (00,3 T EHZIN S IHG N

(-0} AA (& (~0)-) M EH N ((+ (+,00,-,0) T,DX) IH3 (« (~,0),-) (D,0)

(-,0) AD (« (-,0,-) (G,0} TH3 S -[4)} (T,0)

(-0} AD! (-,0) TH ER

(-0 AG! (-,0) TH ER (ER3,0) (Z1414(Z,0) S)

(-,0) AD (= (-,0)-) T,OX) EH3 M (EYL,0) EYC (EYR,O) (e (-,00,-) T,0X) IH3 (e (-,0),-} (0,0)
(-,0) AD (e (-0)-} T,DXY EH3 M AE! (e (-,0),-) T,DX) TH3 (e (-,0),-{4}) ®0
(-,0) AA ((e (-,00-) T,DX) OWZt M (EYLQ) EYC (EYR,0) SH IHS N

(-0 AV (EN, (EYL,00 EYC EYRY EL! (IX,IH} {+ (-,0),-[4}) (B,0) EL

{-, 01 UW2 Wi WA ER (e (-,0),-) (D,0,0%)

(-0) AL (e (-,0),-) S 1Y UH M AE (fe (-,0),-) T,0%) TH3 (e (-,0),-) (KO)

() AL (= (-0),-) S IV LIH M (2{23(Z2,00 S)

{00 AER (2{4]42,00 S) TH (FR R) ELZ

(e (,00,-143) (B,0) AEA (e (-,00-) (G,0) AEA! M THE (N,DX)

(e (-,00,-{42) (B,0Y IH7 N ER) (« (-,0),-) SH,8} IV

(= (-,00,-{00) (B,0) AE' N (e (-,00,-{4) (KO)

(e (-.00,-140) (B,0) EH3 (ER,RY OW

(e {-,0),~14D (B,0) (E¥YL,0) EYCI (EYR0) S (HH,0)

(e (-,00-{43) (B,0) (EYL,0Y EYCH (EYR.) S - (B,0) AD EL?

(v (-,00,-{A2 (B0} (EYL0) EYC! (EYRO) S -{4] (T,0)

(e (-,04-141) (B,0) (EYL,0) EYC (EYR,0) § IH4 (Z{42(2.0) §)

(e (-,0),-141) (B,0) (EYLO) [YC (EYRQ) (e (-,0),-) S (HH,0)

(e (0L-183) (B0 (FYL,0Y EYCY (EYR,Q)

(e (-, 00,-145) (B,0) TH2! (N,DX)

(e ,04-141 (B,0) (V,IH) FLAD ER

{e (0).-140) (BO) 1Y (HH,HH2,0) (EYL,0Y EVC! (EYR,0) V Y ER3

(e (500,-141 (B0 GUIY) L IVIF (HH,0)

le (-,00,-140) (B,0) ERZ (e (00,043 (K03 L Y2

(e (=004 (B,0) ER2 L' UHA N (EH,0) £A

(e« (-,0h-{A2) (B,0) (AAA0} ERZ N AAZ FR (+ (-,0),-) (D,0)

(& (00-{A41) (8,00 ER2T ({e (-,05,-{A1) (T.00,DX)

f- (00,007 (B0 (THIY) (e (-,00,-) T OW EH2  (NDX)

(e (1 0h-142 (3,0 HLTXD (- (-,0),-) (G,0)

(e {-,00,-107) CH,0) TH! EL

(e {00,120 (B,0) (AYL0) AYC (AYR.O) N (e (~,0),-,0) (D,0) (TH3,I¥) NX

(e €-,00,-040) (8,0) (AYL,0) AYC! (AYR,0) N (« (-,0),-,0) (D,0) (IH3,1¥) NX (Z{4}(Z,0) S)
(e (-,00,-{A0) (B.0) (AYL,0) AYC (AYR(0) OW M EH2! ((e (-,0)-) (D,0),DX) IHE S IHG (N,DX)
(e (- o»,-:a FORLO) L AN (e {-,0),-) 5 OW

(e (-,00,-141) (B0} L AD! (e (-0)-{41) (KDY

(e (-,01-1427) (B,0) (AWL,0) AWC! (AWR,O) (e (-,0),-{4}) (B,0) R OW

(- (-,00,-147) (B,0) AAI N Y

e (-0),-{41) (B,0) LWIA} (e (-0),-{4}) (KO
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BOOKS
BOUNDS
BRAIN
BRUCE
BUCHANAN
BUSINESS
eut

BY

CACM

CAl
CALCULUS
CAN
CAPABILITIES

(e (-,0),-) (K (EYL,0) EVCE (EYR,D) (« (-,0),-) P OW3 (« {-,0),-{4}) (B,0) IH EL IH6 (+ (-,0),-} T IY (2(4},(Z,0) S)

CAR

CARL.
CARTOGRAPHY
CASE
CALISAL
CEASE

CELL
CHARNIAK
CHECKER
CHECKING
CHESS
CHOOSE
CHRISTOPHER
CHUCK
CIRCLE
CIRCUIT
CIRCUITS
CITE

CITED
CITES
CLIMBING
CLUSTERING
Chil

CODE
CODING
COGNRITION
COGNITIVE
corLpy
COLLS
COLLINS
COME
COMMENTS
COMMITTEE
COMMON

Dictionary

(= (,0},-197) (B,0) UW!4} (« {~,0},-)} 5 (HH,0)

(e (-,01,-141) (B,0) (AWL,0) AWC! (AWRM N (e (-,0),-) S (HH,0)
(e (-,03,-{4}) (B,0) R (EYL,0} EYC (EYR,0) (N,DX}

(« (-,00,-{147) (B,0) R LIW3!' S (HH,0}

(e (+00,-14D) (B Y IV2! (+ (-,0),-} (X,0) AES N UHA (N,DX)
(e (~,0).-[4}) (B,0) IH (2{4},(Z,0) 5} (N IX,EN) § (HH,0)

(= (- 0)-[4}) (B,0) UR! ({« {-,0),-{4}) ({T,0),0K}

(e (-,00,-{43) (B,0) (AYL,0) AYCI (AYRO)

(-0} S IV (EYL,0) EVCH (EYR,0) S 1Y AHZ M

(-,0) S 1Y (EYL,0} EYC {EYR,0) (AYL,0} AYC! (AYR,0)

{« (-,0),-) (K0) AES! ELA (« (-,0),-) (K,0) [H3 L IHG S (HH,0}
(« (-,0),-) (K,G) (AEALIHZN (N

(e {~0),-) (K,0) AAY (ER2E,12),0) ER
{e (~0),-) (K,0) AAS! ER? £L3

(e (-,00,-) (KO) AASYER (- (-0),-) T AD (e (~,0),-) (GOY ER F IY
(- (~,0%,=) (K0} (EYL,0) EYC! (EYR,0) § (HH,0)

(e (-,00-) (K0} ADH (2{4%(Z,0) S} UH2 EL

(-0} S IV § (HH,0)

(-,0) § (EH,AASD) EL 21

(e (~,00,-) SH{,B} ER N IV} ATS (+ (~,0),-[4}) (K0

(e (~,0),-) SH{, 10} EH! (« (-,0),-) (K,0) ER

{e (-00,-) SH EH (e (-,0),-) (KO) (IH3,I¥) NX

(e {-,0),-) SH{,10} EHA! S (HH,0)

(e (-,00-) SH (IH2,00 Uk (2{A°(2,0) S)

(e (-0),-) (KM R IH2 S' - T 1K (-,0) F ER2

(« (~,0),-) SH|,10} AAS! (e {-,0),-{4}) (K,Q)

(-0 S (JH,1X,0) ER (« (-,0),-) (K,0) EL

(-0 S (IHO) ER (e (+,00,-) (K,0) UH! (¢ {~,0),-{8}) (T,00,0X}
(=0} 5 ER (e {-,01-) {K,0) IX (e (=,0),-) S (HH,0)

(-0} S (AYL,0) AYC! (AYR,0) (& (-,0),-{41) (7,0),DX)

(-,0) S (AYL,00 AYCH (AYR,O) (< (-,00,-) T,0X) TH3 (¢ (~,0),-) (0,0
(-,0) S (AYL,0) AYC! (AYR,®) (e (-,0%,~) S (HH,0)

{« (-,0),-) (K03 L (AV(,0) AYC! (AYR,0) M IH5 NX

(e (-,0),-) (K0} L UHZ215 - T ER (IH3,IV) NX

(-0 S 1Y EHZ M! Y {IHA.0) UWZ

(= (=00} (K,0) OW! (e (=0} (D,0)

(e (-,00,-) {K,0) OWT (e (=,0),-) (D,D%) (TH3,T¥} NX

(e (-,0),-) (KO) AAZ (e (-,0),-) (6,0} N IH3 SH IH5 N

(e {-,0%,-) (K00 AAB! {e (-,0),-,0) NDX) THA ({e (-,00,-) T,DX} IHE V (F,0)
(e {-,00,-) (K,0) OW3 ELS (+ (-,0),-{4) (B,0) IV

(e (-, 0)-) (K00 OW EL (Z{43,4Z,0) S)

(e (-,0),-) (K,0) AD EL3 UH2 N (Z{4}(Z.0) S)

(e (-,0),-) (K0} AABE M

(e {-,00,-) (K0} AR M EH2f N (e (-0),-) S (HH,0)

(e (-,00,-) (K,OY EM!THZ ({e (-,00,-) T.DX) TV

(e (=00-) (K,0) AA M AX (NOX)

COMMUNICATION(= (-,00,-) (K,0) AH M UW3 N TH3 (e {-,0},-) (K0} {EYL,0) EYC! {EYR,0) SH IH5 N
COMMIINICATIONS(« (-,0),-) (K,0) AH M UW N TH (« {-,0}-} (K,Q} (EYL,0) EVC! (EYR,0) SH IHS N (2{4},(Z,0) S)

COMPLEX
COMPLIXITY
COMPONINTS

(e (4,001 (KD AA M (e (-,0),-,00 (P LPL (LO)) EH (« {~,0),-) S (HH,0)
{« (-,0)-) (KM AA[2Y M (e (-,0)-,0) (P LPL (L,0)) EHAY (« (-,0),-) S TH7 ((« {-,0),-) T,DX) 1Y
(e {(-,0%-) (KM AX M (= (-,00,-,0) P OW N AX N {« {-,0),-) S (HH,O}

COMPREUENSION (e (-,0),-) (K00 AA M (« (-,00,-,0) (P RPR (R0} IY HM2! Ed2 N SH IH5 N

COMPLTATION

(e (-,01=) (K AAL M (- (-,01-,0) P IN3 (« (-,0),-} T {(EYL,0) EYC (EYR,0) SH IH5 N

COMPUTATIONAL (e (-,0},-) (K0} AA M (« (-,0),-0) P IN3 {e (~0)-) T (EVL,0) EYC (EYR,0) SH IH5 N (AH EL,EL})

COMPUTER
COMPUTERS

(e (-,0},-) (K0} (AH2 M,EM) (« {-,0)},-,0) (P,PH) [H2! (UW2Z,0} ((« {-,0},-) T,DX) ER
{« {-,0)-) (KO} (AHZ M,EM} (« {-,0},-,0) (P,PH) IH2! (UW3,0)} ({« (-,0),-) T,DX) ER (Z{4},(Z,0} 5)
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COMPUTING
CONCEPTUAL
CONCERN
CONCERNED
CONCERNING
CONCURRLLT
CONFERENCE
CONFERERCES
CONFINE
CONSIDER
CONSIDERED
CONSTRAINT
CONSTRUCTING
CONSTRUCTION
CONSULTANT
CONSULTATICN
CONSULTATIONS
CONTAIN
CONTAINED
CONTAINS
CONTEXT
CONTINUOUS
CONTROL
CONTROLLED
CONVENTICN
CONVENTIONS
COOPLRATING
COOPERATION
cory
COPYING
CORRECTNESS
coutn
CURRENT
CURVED
CYBERNETICS
v
DARNNY

DATA

DATE

DATES

DAVE

DAVID
DEBATE
DECEMBER
DECISION
DEDUCTION
DEGUCTIVE
DEMAND
DENOTATIONAL
DEPTH
DERIVATION
DESCRIBE
DESCRIPTION
DESGCRIPTIONS
DESIGN
DESIRE
DETECTION
DEVICES

Dictionary

(= =, 00-) (G0 (AHZ MEM) (e (-,0),-,0) (P,PH) 12! (UW3,0) (e (-0),-) T,DX) TH2 NX
(e (-01-2 (KOY AX N S EH (=~ (-,0),-) $H{,101 UW EL

(= (5,000 (K, (JH7,THA) N S ER! (N,DX)

(e G,00-3 (KO) (TH7IH3Y N S EREN (e (-,00,-) (D,0)

(e (-,04,-) (K00 (JH7THR)Y N S ERI N THS NX

(e (00, (K0 THS N (e (-,0},-} KI ER EH2 N ((+ {-,0),-{4}) (T,00,DX}

(e (400,-) (K,0) AALN (-0} F ER IHG N S (HH,0)

(e -, 0),-} (K,0) AAIN (-,0) F ER THG N S 114 S (HH.0)

(e {-,00,-) (K00 (HH7,TH3) N Ft (AVL,0) AYC (AYR,0) (N.DX)

{e (-,00,-) (KO TH3 N S IN3 {{« (~,0),-) (D,0),DX) ER

{e (-,0),-1 (K,0) ((THZ,THAY NENY § TH2! (e (~,00.-) (D,0),DX) ER (« -,0),-) (DO

(e (-0-) (KO (IH7,JH) N S - DR R {EYL.0} EYC (EYR,0} N (0.T)

(= ,00-) (KOY HZTHZY N S - DR R EHD (+ (-, 00,-) T {IH3,TY) NX

(e (-,0%-) (K01 (IR7,JHZY N S - DR R EH3! (« {-,07,-) SH IH5 N

{e= (500,-) (K0) THZUN S AD EL (e (~,0),-) T IH6 N (e (-,0),-) (O,T)

e (-00h-3 (KO AA N S ELTY (« (-,0),-) T {EYL0) EYC (EYR,0) SH IHS N

(= (-,00-3 {K,0) AA N 5 AX (1,0} (e (,00,2) T (EYL,0) EYC (EYR,0) SH IHS N (Z{4},(2,0} S}
(= {=,00,-) OGO (THTFHRY N (e (-,0),-) T,0%) (EYL,0% EYCH (EYR,0) (N,DX)

{e (00,2} (KO) {TH7,IHB) N ((e {-,00,-) TDX) (EYL,0) EYCH (EYRQ) N (+ (-,0),-) (D,DH,0)
(e (5, 00,-3 (GOY (HZTHI) N ((e (-,00,-) TOX) SEYLOY EYC! (EYR.0) N (2{4},(2,0} $)

G (00D iGN AA N (- (-,0),-) T EHBY (« (-,0)-) 8 -4} (1,

(e =000 KO THBIUN (¢ (-,01,-) T THB N Y UH2 Al S (HH.0)

(e (00,23 (KON HZTHR N (e (-,0),-) (SH{,10LT) R QW1 EL

(e (-,00,-) (RO} IHZIHZ) N (e (-,00,-) {T.SH{10)) R OW (ELQ) ¢+ (-,0),2) (D,O)

(e (=00 y (ROY RITHD N (V,F) UHER (o (=00 =) SH IHS N

(e (000 CROY QN7 IHIY N (VF) UHY N (= (e,0) <) SH THS N (Z8{Z0) D

{6 (-,00,-) (K OW ADB! (« {-,0),-) (P,0) ER2 {I'YL0Y EYC (EYRO) {(+ (-,0),-) T.DX) (IH3,1¥) NX
e C400=0 (K00 OW ADY (- (00,2} (P.0) ER2 (EYL,0) EYC (EYR,0) SH IHS N

(= (- 002 (KO AAY (e« (03-) P IV

(e (-,01-) (ROY ADY (e (<, 01-} P Y (IH30) NX

G (000 (K00 R EH (G- (-,0),-) TOX) N IX S (HHL0)

(e (0),-) (KON UKD (= (-,0),-) (D.0)

(e 00,3 (R0 ERT NS NENY ((e (-,0),-102) (T,0),0%)

(= (4,000 CROY UHALER (F V) (e (-,0),-) (D)

(-0} S (AYL0) AYC) (AYR,0 (e (00,140 (B,0) ER N EH ((« (-,0,-3 T,0%) IH3 (« (~,0),-} S (HH,0}
(00 S THB (= (-00.-{A1) (K01 L UH2 (e {«,0),-147) K0

e 002 (0.MDX) AEAL N TY

(e (=,00,-) (D,01DX) (EVL,GY EYCE (EVR,0Y ({e (-,003) (0,00,0%) UH

(Ce (=,00,-) {D,05DXY (EVL0) EYCH (EYR,0) ((w (-,00,-{47) (T,0),0X)

{(= €-,00) DOLEKY EVLOY EYCH (EYR,0) (e (-,00.-) S (HH,0)

He (00,0 (DONLDX) (EVLOY EYCH EYR.O) V (7,0

(e (00 (D,00,DXY (EVL0Y EYCULEYRO) V 12 (e (-,0),-) (D,0)

(Ce (0=} (DOXDX) THZ (- (-,0),-{2) (B,0) (EYL.0) EYC (EYR,0) ((+ (-,0},-{4}) (T,0),DX}
(e {-,00,-) (D,01DX) IHZ S LHI M (« (-,0),-14%) ¢B,0) EX

((e (-,00,-) (D.0)DX) IHZ S IH (« (-,0),-) SH THG N

(e (-0, (D,00DXY (1Y, IH2,IX} (e (-,0),-) (D,0) AAS! (« (-,0)-) SH IH5 N

(o= (=002 {DONDKD 1Y, 3H2,TH) ({e (-,00) D,0X) AAZ! ({e {-,0%-) T,.DX} 1H2 V (F,0)
{{e {-,0%-) (D.0),DX) TH! M ACA N (« (-,0},-} (D,0)

(e (0),-) (DOLDX) 1Y N OW (e (00,3 T (EYL,0) EYC (E¥YR,0) SH JHY N EL

({e (-,00,-) (D.OLDX) [HA (e (-,0),-) TH (HH.0}

(te (- 0h-) (D,OXDXY TH2 ER (IH,0) V (EYL,0) EYC (EYR,D) SH! IHS N

(e ,03-) ALOLDX) THAI S - (KWH.0) R (AYL,0) AVC (AYRO) B

(= -00-3 (D,00DX) THA S - (K,0) R IHZ (e (-,0),-) SH IHS N

e (002 (DODX) IX S - (KO R IH (« (-,0),-) SH IH5 N (Z2{4:(2,0) 5)

(Ce (-.060,-) {D,05,DX) (JHG,IX,0) (Z{4}(Z,0) §) (AYL,Q) AYC! (AYR,0) (N,OX)

(e (-,0),-) (D,0),DX) (JHIY) (Z{4].(2.0) 5) (AYL,0) AYC! (AYR () ER

((e (-,00-) (D,00,DX) (JHIY) (o (-,0),-) T FHI (e (-,0},-) SHIHS N

(e {-,00-) (D,00,0X) UNIY) VI (AVL,0) AYC (AYR,0) S IHG (Z{4},(Z,0} 5) (HH,0)
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DIAGNOS|S
DIALQGUE
DICK

DID

DIDN'T
DIMENSIONAL
DIRCCTED
DISCUSS
DISCUSSED
DISCUSSES
DISCUSSING
DISPLAY

DO

DOES
DOESK'Y
DOMAIN
DON'Y
DONALD
DONL

DOUG
DRAGON
DRAGONS
DRAWINGS
DREW
DREVYFUS
DRIVING
DURING
DYNAMIC
EACH

EARL
EARLIEST
EARNEST

ED
EDINBLIRGH
EFFICICNTLY
ETGHT
EIGHTEEN
EIGHTY
ELECTRONIC
ELECTRONICS
ELEVEN
ELL1GY
ENGLISH
ENVIRCNMENT
ERTK

ERMAN
ERNST
EUGENE
EVALUATIDON
EVALUATOR
EVENTS
EVER
EVERY
EVERYTHING
EXAMPLE
EXAMPLES
EXIGT
EXPERT

Dictiohary

{{e (=,00,-) {DM,DX) (AVL,0) AYC! (AYR,0) IH3 (« (-,0}-) N OW2 S [HA S (HH,0)
((+ (-,0),-) (D,00,DX) (AYL,0) AYC! (AVR,0) AA EL3 AC (+ (-,0),-) (G,0)
{{e (-,00,-) {D,00,DX) THZ! (e (-,0),-{A4}) (R0}

((+ (-,00,-) {D,0,DX) (1124, TH3N (¢ (-,0),-) (0,0),DX,0)

{{e (=,0),-) (D0)DX) TH3! (« (-,00,-) (D,0) IHE N ((« (-,0),-147) (T,0),DX)
(e {~,00,~) ([,0,DX) 1H2 M EH21 N (« (-,0),-,0) SH[,10} EN EL3

{(« (-,0),-) (D,00,DX) ER R EH3! {(e (-,0}-) T,.0X) (HZ,iX) (e {-,03,-) (D,DH,0)
(e (=,00,-) ([3,0,DX) THA 5 - (K0} AAZ! S (HH,O)

((e (-,00-) (D,00DX) 1HA 5 - (K0) AA2! § -{4) (T,0)

{(e (-,00,-) (D,OLDX) IHA 5 - (K,0) AA2! § THG (Z{4},(Z2,0) §)

(e (~,00,-) D,00,DX) THE 5 - (K,00 AAZ! S THS NX

((= (=,00-} (D,0LDX) (THA,0) S - (P LPL (L0} (EYLO) EYC! (EYRO)

(e {-,0%-) DU2} (JH2,0) UX({6,12}

((« (-,0},-) (D,0).DX) AH2! (Z2{4},(2,0) B)

({e (-,0%-) (DOXBX) AX (Z{AL(Z,0) ) AX N ({+ (-,0),-[4}) (T,00,DX)
(e (-,0),-) {D,0%,DX) OW M (EYL,00 EVC! (EYR,0) (N,DX)

((e (-,00,-) {D,0%,DX) OWZ OW!I N ({« (-,0),-[4}) (T,00,DX)

(e (-,00,-} {D,0),DX) AR (NDXY) EL2 (+ (-,0),-) (D)

((e (-,00,-} {D,0)DX) AA2Y, 22 (NDX)

(e (-,03-} {D,0)DX) AAZY (e {-,00-) {(GO)

(e {-,0},-) DR R AL {« (-,0%,-Y (GO IH5 N

(e (-,01,-) DR R AL (e (0=} (G,O) THI N (Z{41Z0 )

(e {-,0},-) DR R AA! THG NX (2[41,(2,0) §)

(e (~,0},-) DR R (IH0) LW

(e {-,0)%-) DR R (AYL,0) AYC! (AYR,0) F AH § (HHO)

(-0} {{« (-,00-) SH,R} (AYL,0} AYC! (AYR,0) V (IH3,IY) NX

((+ (-,00,-) (D,0NDX) ER IY2I NX

(e (-,00,-) (D,0),DX) (AYL,0) AYC! (AYR,0} N AES M IH3 (« (-,0),-{8]) (KD)
{-,0) I¥! (« (~,0),-) SH (HH,0)

{-,0) ERZVELY

(-,0) ER! I IV (IX,0) 8 -{4} (T,0)

{(-,0) ER (N,DX) THB § -{4} (1,00

(-0 EH2! (= (,0),-) (D,0)

(-,0) EH2! ((e (-,00,-) (D,0),DX} (JHB N,EN) {« (-,0},-,B) (B,0) ER2

(-, 00 EHA (-,0) F TH21 SH IHS N ((« {-,00,-) (O,T),D¥) L 1¥2

(-,0) (EYL0) EYCH (EYR0) (e (-,0),-[41) (T, DX)

(-,0) (EYL,0} EYCH (EYR,0) ({e (~,00,-) T,DXY IY (N,0X)

(-0 (FYL,0) EYC! (EYR,O) ((e {-,0),-) T.DX) IY

(-,0) Y L ELE) EH2 (e (- 0)-) (TSHL101) R AAZ N IH3 (e (-,0),-{4}) (KO}
(0 (Y |, ELD) EHZE (= (=,0),-) (T,8HL 10T R AAZ N TH3 (« (-0),-)} § (HH,0)
(-,0) TH (LELY FHUV (JHS NENY

{-,0) EH EL3 IV! THA (e (-,03-147 (T,00,DX)

{-,0) (GHBIY) NX (e (-,0),-,0) (G,0) L IH6! SH (HH,O0

(-0t THR NV (AYL,0) AYC! (AYR,0) ERt N M IHS! (¢ (-,03-) (T,

(-,0) (REZLHY ERYTHA G (-,00,-{40) (KO

(-3 ER M IHS! (N,OX)

(-,0) IHB ERIN § {4} (T,0)

(«/0) ¥ UWS (e (-,0),-) SH{, 101 1Y (N,DX)

(-,00 THG W AA ELI Y W (EYL,0) EYC! (EVR0) SH IHE N

(-.0) IHG WV AA ELA Y UW (EYL,0) EYC! LEYR,0) ((+ (-,0),-) T,DX) ER
(-0 (IV,AX) V EHA N (= (-,0}-) S (HH,0)

{-,Q) 141V ERZ

(-,0) (FHEHDY V R 1Y2

(-,00 (EHEH2Y (V) [EIYZ2 TH (IH3,1Y) NX

{-,0) EH (e (~,0)-) (Z{3,(2,00 §) AE M (« (-,0},-,0) P EL

{-,0) EH (e (-,0),-) (Z[A4{Z,0) §) AE M (« {-,0),~0) P EL (Z[4},iZ2,0) B)
{-,0) THZ (e {-,0),-) (Z{43,(Z,0) B) IH71 5 {4} (T.0)

{-,0) EH2 (= (-,0),-) 8 - P ER {(« (-,0},-[4}) (T,0),DX)
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EXPLANATION
EXPRESSIONS
FABLES
FACES

FACTS
FAHLMAN
FAIRY
FASTER

Dicticrary

(-0} EH (« (-,0),-} 5 - (P L,PL (LLO)) IH N (EYL,0) E¥CI (EYR,0) SH IH5 N
(-0 IH3 (« (-,0),-3 5 - {P R.PR (R,(N) EH3! SH (IHS NEN) (Z[4}(2.0) S)
(-0 F(EYL,0) EYC (EYR.O} (« (-,0),~{4}) (B,0) AX (L,0) (Z{4},(2,0) §)
(-,0) F (EVL,0) EYCH (EYR,0) S THA (2{43,(Z,0) $)

(-,0) F ALY (« (-,00-} S (HH,O)

-0 F AQ EL2 M BHA (N,DX)

(-,0) F EHY (CRRY Y

(-0)FALRS-TER

FEATURL-ORIVER(-,0} F IV (e (-,0),~) SH{,10) ERI (e (~,0),-) DR R IH V (((IH,IX) N)LEN)

FEBRUARY
FEDERAL
FEIGENBALUM
FELOMAN
FICTION
FIFTEEN
FIFTY
FIKES

FILE
FINIGH
FINISHED
FIRST

FivE

FOR
FORLSTS
FORMAL
FORMATION
FORTY
FOUR
FOURTEEN
FRAME
FRAMES
FROM

Fu
FUNCTION
FUNCTIONS
FUZZY
GAME
GAMNES
GARY
GASCHNIG
GENERAL
GENERATE
GENERATION
GEOMETRIC
GEGRGE
GEY

GiPs

GIVE
GIVEN

GM

GO
GO-MOKU
GOAL
GOALS
GRAIN
GRAMMARS

GRAMMATICAL

GRAPH

(-,0) F EH3! (= (-,0),-[41) (B,0) (R,Y) (UW (W,0),0) AA (ER,R} ¥
(-0) F EH ((e (~,0),-} D,DX) ERZ EL3

(-0) F (AYL,0) AYC (AYR,0) (e (~,0),-) (G,0) IH5 N (e (-,0),-,0) (B,0) (AWL,0} AWC! (AWR,0) M
(-0 F EH2VEL € (-,0) ,-} M ING (N,DX)

(-0) F THZ (e (-,00,-) SH IH5 N

(-0 F IH2LF ((e (-,00,-) T.OXY 1Y (N,DX)

(-0 F IH21F ((~ (~,0)-} T,0X) I¥

(~0) F (AYL,0) AYCi (AYR,0) (e (-,0),-) S (HH.Q)

(«,0) F (AYL,0) AYC! (AVR,0) EL3

{-,0) F IH31 N THS SH (HH,0)

(~,0) F IN3' N IHS SH -4} (7,00

(~,0) F (AA3 ER,ERD) G 143 (T,0)

(-,0) F (AY1,05 AYC! (AYR,0) (VF}

(-,0) F (AA4,0) ER!

(-0) F AAZ ERSTH S - § (HH,0)

(~0) F AAAY ERZ (M, £L2

{-,0) F AAR ER M (EYL,0) EYC! (EYR0) SH THS N

(-,0) F AAAL (ER,ERR) (e (-,00,-) T,00) IV

(-0} F AAQI ER

(-0} F AARLER ((= (-,0},-) T.DX) IY (N.DX)

(-,0) F R (EVL,0Y EYC! (EYR,0) M

(-,0) F R (EYL,0) EYC (EYR,0} M (Z{4}(Z,0) §)

{(-,0) F R AHI M

(-0 F Uw2!

(00 F AAUNY (e (~,0),-,0) SH IHS N

(-,0) F AALNX (e (-,00,-,0) SH IHS N (Z{41{Z,0) S)

(-0} F UHZ! (Z[42(2,0) S} 1Y

(e (-0),-) (6,0) (E¥L,0) EYC! (EYR,0) M

(e (-,00,-) (G, (EYL,00 EVC! (EVR,0) M (Z{41(Z.0) §)

(= (-,0).-) (6,00 AE21 ER T¥2

(& (+,01,-) (G,0) ALY SH N TH3 (e (-,0),-{41) (K.0)

( (-,00,-) SH{,10} EH2 N [R2! EL3

(& {-,0%-) SHL, 10} EH2 N LR (EVL,Q0) EVC! (EYR,O) (e (-,0),-{4}) (T,0),0X}
(e« (~,0),-) SH, 101 1115 N ER (EVL,0) EYCS (EYR,Q) SH IHS N

(e (-,00,-) SHL10T IV 1 M EH2! (e (-,0)-) DR R FH8 (e (-,0)-{41) (K0}
(e (-,0),-) SHL1G) WA ERI (e (-,0),-) SH{, 10}

(e (-00-) (6,00 (EH2LIHAN ((e (-0),-(4}) (T00.0X)

(e (-,00,-) {G,0) THI! (« (-,0)-) § (HH,0)

(¢ (-,00-) (GO TH2! (FV (F,00)

(e (-,0)-) (6,00 TH3 V Ul (N.DIX)

{e (-,0),-) SH{, 101 IVt FH2 M

(e {-,00-} (6,00 OWY, 56

(e (-,00-) (6,00 OW M DW! (e {-,00,-) (K,0 UW

(e {-,00,-) (6,00 OW! Ef

(= {~,0%-) (G,0) OWS EL (Z[44(Z,0) )

(e (~,04-) (G,0) R (EYL,0) EVC! (EYR,0) (N,DX)

(e (-,00,-) (6,00 R ALG M ER! (Z[43,(Z,0} §)

(= (-,01=) (6,00 ER M AC! (¢ (-,0),-) T,OX) TH8 (e (-, 0),-14]) (K0} EL
(e {~,0%,-) (6,00 R AE3 F (HH,0)
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Dictionary

GRAPHICS (e {-,04-) (G,0) R AE2!F IH2 (e« (-,0),-) S (HH,0}
HAMBURG {~,0) (HH,0) AAI M (+ (-,0),-,B) (B,0) ER2 (e (-,0),-) (5,0
HANS {-,0) (HH,0) AAL N (-,0) S (HH,0)
HAPPEN (-,0) (HH,0% ALY (e (-,03,-) P EH2 (N,DX)
HARRY (-,0) (HH2 HH)Y AE2 (ER,RY 1¥2
HAS (-,0) (HH,HH2,0Y ACA (2{4},{2,0} §)
HASH'T (-0 (HH HH2,0) AE) (Z2{4}(Z,0Y S) THE N ({« (-,0),-{4]) (7,0),DX}
HAVE {-,0) (HH,HH2,0) (AELAESH V (F.0)
HAVER'T (=,0) (HH,HH2,0) AL (V,e) (EHZ NEN) {(e (-,03,-[4]) (T,0),DX)
HAYES-ROTH (-1} (HH,HH2,0) (EYL,0) EYC (EYRQ) (2{4},(Z.0) S} R AA TH (HH,0)
HE (-,0) (HH,HH2,0) IV
HEARSAY (~,0) (HH 112,05 I¥Y2 ER (-,0) S (EYL,0) EYC! (EYR,Q)
HELP (-,0) (HH,0) AAZ FL3 G (-,0),-) (PO)
HERDRIX {-,0) (HH,0) EH2 N ((« (-,00,-,0) (DR,DYDX) ER IHZ! (« ¢-~,0),-) § (HH,®)
HER {-,0) (HHLHH2Y ER
HERR {-,0) (HBL0) ERT (e (-,0),-{43) (BO)
HERBERT (-,0) (HHLOY ER2! (e (-,00,-{42) (B,0) ER (e (-,0),-{4}) (T,0),0%)
HETERODSTATIC  (-,0) (HH,0) EH (e (-,0),-) DR R OW § - T AL ((« (~,0},-) T,DX) IHZ (e {-,0),~) (K0}
HELRISTIC {-,0) (HHHH2,0) (EH3,1¥2,0) ER TH2! § (- T,0) [HZ (« (~,0),-{4}) (K,Q)
HEWITT {-,0) (HHHN2,00 ¥ UW JH4 (- (-0),2) (T,.0)
HILARY {-,0) (HH,HH2,0> [L3 ER Iv2
HILL (-,0) (HH 12,05 AHB ELA
HIS (-,0) (HH,0) TH3 (264:,(7,0) S}
HISTORY {-,0) (H,0) I3 S - DR ER 1Y
HOLLARD {-,00 (HH,0) AALELY EN (e (-,00,-,0} (D,0)
HOW (-,00 (HH HHZ,05 (AWL,00 AWC! (AWR,0)
HUGH (-,0) (HH,HH2,0) 1H2 Ui
HUMAN (-,0) (HH HH2,00 UW3 M1 UH (NDX)
HUNDRED (-0} (HH,0) (AABLAAZND N {- (-,0),-) (DR,D,0) ER (+ (-,0)-) (D,0)
HUNGRY (-,0) (HH,D) LH21 NX (« (-,0),-) (5,00 R I¥3
HUNT (-,0) (HH,0) UH2' N ((e (-,00,-143) (7,050,050
HYPOTHESIS (-,0) (HH,0) (AYL,0) AYCi (AYR,0) (« {-,0}-} P AA TH IH6 S IHG S (HH,0)
! (-,0) (AYL,0) AYC! (AYR,O)
I'D (-,0) (AYL,0) AYC (AYR.O) (« (-,0),-) {D,0)
I'M {-,00 (AYL,0) AYC! (AYRAYY, 0 M
IEEE (-,0) (AYL,0) AYC (AYR,0) {{e (-,0),-) TDX) R 1H! (« (-,0},-) P (ELAX EL) 1V
IFIP {(-,0) (AYL,0) AYC! (AYR,G) F THZ (¢ (-,0),-} (P.O)
1JCNAT
(-,0) (AYL,0) AYC (AYR,() (« (-,0},-) SH[,10} (EYL,0) EYC! (EYR,0) S IY (EYL,0} EYC (EYR,0) (AYL,0) AYC (AYR,()
ILLINGIS (-,0) IH3 EL3 UHA N (OYL,0) OYC! (OYR,0)
IMAGE (-,0) EH2 M! IH3 (« {-,0),-} SH{.8}
IMAGES (-,0) EH2 M! [H3 (« (-,0),-) SH{,B} IH3 (Z{41,(Z,00 D)
IMPROVIRG (=00 IH3 M (& (~,0),-,0) PLR (IH,0) UW! V (TH3,IY) NX
IN (-, 03 CUHLTIELIXD (DX
INDUCT IVE G0 THA N (= {-,0),-,0) {D.0) AAB {« (-,0),-) T THZ V (F,0}
INDUSTRIAL {-,0) THA N {~ {-,0),-,D) (D.0) AAZ! S - DR (R() 1H2 EL3
INEXACT (-0 TH5 N IH3! (e (-,0),-) (Z{41,(2,0) §) AL ((e (-,0),-{47) (T,0),0%)
INFERENCE (-0 TH3NFI R IHG N 5 (HH,0)

INFERERCES 0 IHZ N FIR JHG N § N1 (Z214}(2,0) S)

INFEREWTINAL -0y IH3NT ER2! EH2 N SHEL

INFORMATION (-0 IN3 N F ER2 M (EYL,0) EYC (EYR,0) SHI THH N

IRHERITARCE (-,0) TH3 N (HH,HHZ2,00 TH3 ER! TH2 (« (-,0),-) T TH4 N § (HH,O)

INSARE (-,0) TH3 N & {EYL,0) LYC! (EYR,0) (N,DX)

INSTITUTE (-,0) ITHZ3 NS - T THA (e {-,00-) T UWR {(« (-,0),-{41) (T,0),DX}
INTELLIGENCE  (-,0) IH3 N ({« (~,0),-) T.DX) EH EL IH6! {+ (-,0)-) SH IK3 N S (HH,O)
INTELLIGENT {~,0) IH3 N ((« (-,0},-) T,0X) EH EL THB! (« (~,0),-) SH IH3 N (« (-,0),-) {O,T}
INTENSITY (-, 0) TH3 N (v (,0),-) T EH2! N § IHA ((« (-,0),-) T,D,DX) 1Y

INTENTIONS (0} TH5 N e ¢-,0),-} T EH2 N SH IHS N (Z2{4,.(Z,0) 5}
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INTERACTIVE
INTERESYED

INTERPRETARLE
INTERPRETIVE

INTERRUPTS
INTERVIEW
INTGHATION
INVARIANCE
INVARIANCES
INVESYMENT
INVOCATION
IRV

IS

ISK'T
ISCMERS
ISSAC

ISSiE
ISSUED
ISSUES

T
ITERATION
178

JACK

JAKES
JANLIARY
JEAN
JECIHEY
JERRY

JOHN
JOSEPH
JOURNAL
JOLRNALS
JUDEA
JUNICIAL
JULyY

JUNE

KARL

KEITH

KEN

KEY

KEYS

KILL

KIND

KINDS

KING

KNOW
KROWLEDGE
KNOWN
KLUGEL

LABS
LAMBDA
LANGUAGE
LANGUAGES
LARGE

LAST
LATCLY
LATEST
LALIRENT

Dictiorary

{-0) THB N ({« (~,03,-) DR,DX) ER AL3 (« (-,0),-) T IH3 V (F,0)
(-,0) TH3' N ({e (-,0),-) DR.DX) ER § (- 1,0) TH3 (c (-,03,-) (D,DH,0)

(-0} IH7 N (e (~,0),-) DR.DX) ER (v (-,0),-) (P,0) ERZ! (¢ (~0),-) T,0X) UW4 (e (-,0),-{4]) (8,0) EL
(-0) TH5 N (( (-,0),-) DR,DX) ER3! (=« (-,0),-,0) P ER ({e (-,0),-) T,DX) IH2 V (F,0)
{-0) THZ N ({« (~,0),-,0) DR,DX) LR3I AAZ (e (-,0),-) S (HH,0)

(~,03 THE N (e (-,0),-) DRDX) ER! (V,F) ¥ UW

(~,0) IH5 N (« (-,0),-) T UH N! (EYL,0) EYC (EYR.0) SH IH5 N

(-0} 1H3 N V EH3 ER! IV (JHA[3},0) N (~,0) § (HH.0)

{~0) IH3 N 'V EH3 ER! IV (IHA[3],0) N (-0} S IH4 (2{4},(Z,0) S)

(-,01 THS NV EHA St - M IH5 N (e {~,0),-{43} (T,0)

(-,0) TH3 N (-,0) V{1] THB (e (-,0),-) (K,0) (EVL,0) EYC! (EYR,0) SH IH5 N
(~0) ERZ' Vv (F .1

(-,0) 1H3! (Z{4%(2,0) S)

(-0) THBI (2[81,(Z.0) S} (IH6 NEN) ((+ (-,0),-{42) (T,00DX)

{-/0) (AYL,0) AYC (AYR,() § EHA M1 ER (2{42(2.0) 5)

(-,0) (AYL,0) AYCI (AYR,0) (Z{4},(Z,0) S} IH3 (¢~ {~0),-{8}) (KO)

(-,0) TH3 SH UW3R's53

(-,0) IH3 SHI UWS!5} (- (-.0)-) (D,0)

(-, TH3 SHI LIW3!S] (2642070 §)

(03 THA! (e (-,0),-) (.00, DX)

(-,0) TH3 ((« (~,0),-) T,0X) ER (EVL,0) EYC! (EYR,0) SH IHS N

(~,0) THAt (- (~,00,-) § (H#,0)

(&= (-,00,-) SKRE10) AL (e (,0),-{4) (K,0)

(& (-,03,-} SH, 10T (EYL,0) EYC! (EYRO) M (-,0) (Z142.(Z,0) S)

(e (=,00,-) SH, 10V ATAV IV V (LH,IH2) (AAG,O) (ER.QD 1Y

(e {=,0),-) SHL 10! IVT (NDX)

(e (-,0),-) SKL, 10! EH3' F R TY2

{e= (~,0),-) SH{, 10§ EHI ER TV

(e (-,00,~) SHI, 10! AAZ! (N,DX)

(e (-,00,-) SHL,10Y OWI S T F (HH,0)

(e« (~,00,-) SH, 10} ER' N (AA,0) EL3

(-,00,) SKL10) ERI W (AAG) ELY (Z141(7.0) §)

(e (-,00,-) SH, 1O} UWS! {e (-,0),-) (0,0} 1Y 1H2

(e {~,00,-7 SH},10} UW 3! (- (-,0},-) (D,0) IH3 SH EL3

(e (-,00,-) SH{,10Y AX¢ | (AVL,00 AYC (AYR,0)

(& {-,0),-) SHL, 10§ (IH2,00 UW? (N,DX)

(e (-,0),- (K,0) AAZIERD £13

(e (=000 (K, TY! TH (HH,0)

(e €=,00,-) (K00 EHZU(N,DX)

(e (-,0),-) (K05 Iy

(= (-,0),-) (K00 IV! § (HH,0)

(e (+,00,=) K0 THG! EL

(e (-,00,) (K0! (AY1,0) AYC) (AYRO) N (e (-,0},-) (0,0}

(e (00,0 (KOY (AYLOY AYC (AYR,0) N! (0,0 (2{4],(2.0) S)

(e (-,03,-) KI (IN3,1¥) NX

(-0} N OW!

(-0} N AALELS 166 (e (-,00,-) SH{, 12}

(-,0) N OW! (N,DX)

(= (0020 (KOY UWZE e (-0)-) (6,0) EL

(03 L AEY (e (-, 00.-{43} (B,0) (ZI4°(2.0) S)

(-0) L AE M (e (-,0),-) (D) (AH,UH)

(-,0) LAAAAERY NX (e {-0)-,0) WHEIHZ ( (=,0),-) (ZH (SH{, 10},0),8H(,10))
(-,0) L (AAALAY NX (e (-,00,-,0) WHI THE (e (-,0),-) (ZH (SH,10},0),8H(,10]) IH71(6, 16} (2{4}(Z,0) S}
(-0Y L AA R (o (=,0),-) SH (HH.0)

(-0) L AL S <[4 (5.0)

(-,0) (L2} (EYL,0) EYCS LEYR.O) (e {,00,-) (T {-.00,0) L Y

(-0 L (EYL,0) EYCH (EYR,0) (e (-,0),-{4}) (T,0),0X) IHA 5 -{4} (T,0)
(-0 L AAG ER2! THA N (= {-,0%,-) {T,0)

T
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LEARNING
LECTURES
LEE

LENAT
LEONARD
LES

LESSER

LET

LET'S
LERICOMETRY
LIGHT

LIKE

LiIT
LIMITED
LINDA

LINE

LINEAR
LINGUISTICS
LisP

LIST

LISTED
LISTIRG
LOCATION
LOCATIONS
LOGIC
LOGICAL
LONG
LOSING

LOW
MACHINE
MACHINES
MACRD
MADELINE
MAGAZINES
MASE
MARAGEMENT
MARIPULATING
MANIPULATORS
MARNA
MARTRA
MANY
MAPPING
MARCH
MARKET
MARR
MARSLAND
MARTELLI
MARVIN
MARY
MASINTER

(-,0) L2 ERY N JH7 NX

(-, 0Y L EH (« (-,0),-) SH,10) ER (Z{4;,(Z.00 &)

0y LIV

-, 00 L AAZE (N DX AHZ ((e (-,0),-{4]) (7,00,D))

-0y L AAZ EN' ER ((« (-,0),-) (D,0),DX)

(-,0) L UHAT S (HH,0)

(-0 L ANV S ERZ

(-0} L ARZ! (e (-,0)-{4}) (T,00,DX)

(-,0) L AHZ! (« (-,0),-) 5 (HH,0)

{-,0) L EH (= {-,0),-) § TH2! (« (-, 01} (K0) AA M UHE (« (-,0)-) DR R IY2
¢, 00 L (AYLOY AYCH (AYR,O) ((« (-,00,-{41) (T,00,0X}

(-0} L (AYL,0) AYCH (AYR,0) (+ (-,0),-{4}) (K0}

(-0} L IH M UHA! (e (-,0),-{4}) (7,00,

(-,00 L IH M UHA! ({« (-,0),-) (1,D,0), DX) THA (e (-,0),-) (0,0}
(~,0) L THE Nt {« (-,0},-,D) (D,0) LUH4

(-, 0 L (AYL,0Y AYCH (AYR,0) (N,DX}

(-0 L [H3' N 1Y ER

(=00 L TH3 NX (« (-,0)-) WHIH S - T IH3 (e« {~,0),-)} S (HH,0}
(-,0) L IHG! § - (P (1

(-,0) L THG! (Z[A1,12,00 5} (- (T,00,0)

(-,0) L THG!' 5 - T (IX,IR8) (« (-,0}-} (O,DHQ)

-, 00 L UHA S - TV (TH3IV) WX

(-,0) L OW3 (& (-,00,-) (K,0) (EYL,0) EYC! (EYR,0) SH THE N
{(-,0) L OW3Z (« (-,0),-) (K0} (EVLO) EYCH (EVR,0) SH THS N (2{4}(Z,0) S)
(-,00 L AD (e (-,0%,-) SH B2 THS (« {-,0),-{43) (KDY

(-0 L AD (« (-,0),-3 SHI{ B} EH3 (« (-,0),-) (KO EL

{-,0) L2 OWat NX

(-,00 L UW3{2{47,42,0) S} (IHZ,1¥) NX

(-0 L OW

(-, 0F M THS SHITY (N,D¥)

(-0 M THS SHETY N (Z{4:(2,00 S)

(- M ALS (« (-,0)-) (KO} R OW

(-0} M ALY ({e (~,0),-) (D,00,DX) AH EL THG (N.OX)

(-0) M ALS (& (+,00,-) (G THA (Z{41,(2.0) ) IV N (Z{45.(2,00 §)
(-,0) M (EYL,0) EYC! (EVR,0) (« (-,0}-{42) (0D

{-, 00 M ACS (DX,N) EH21 SH{.8} M EH2 N ((« (-,0},-{4}) (T,6),DX)

(-, M JHS N IH3 {« (,00,-) PY UH2 L (EVL,0) EYC! (EYR0) ((e {-,0),-) T,DX) (IH3,IY) NX
(-0) M IHE N IH3 (e (- 00,-) P Y UW2 L (EYLO) EYCH(EYR0) {(« (-,0),-) T,.DX} ER (Z2{4},(Z,0) S)

(-, 0) M AALN AA

(-,0) M AG N (e (-,0),-} DR R IH2

(-,0) M (EH2,LH3) (N,DX) IV1

(-,00 M ALG (e (-,0),-) P (IH3,T¥) KX

(-.0) M AAIR (- (-,0},-) SH (HHOY

(-0} M AAZ ERZ! (- (-,00,-) (K07 TH3 (e (-,00,-{4}) (T,0),00)
(-,0) M AALERZ

(-,00 M AQ ER (Z{83,(2,0) SY L UHA' N (« {-,0}-,0) (B,0)
{-,00 M ER2 (e« {-00,-3 T ELI 1¥2

(-.0) M AARY YV TH (N DX

(-, 0y M AZ2UER IVZ

(-,0) M UHA 5 EH2I N (= (-,0),-) T,OX) ER

MASSACHLSETTS (-,0) M AEG 5 THY (e (-,0%,-) SH{,8} UW3I S THE (« (-,0),-) 5 (HH,Q)

MATCHING
MAY
MCCARTHY
MCCORBGUCK
MCDERMOTT
ME
MEANING

(-,0) M AFSH (= (-,00,-) SHE 10} THS NX

{-,0) M (EYL,0) EYC EYR!

(-,0) M AAE (« (00,3 (K00 AASHERZ TH IV

(00 M (= (-,0),-) (K,0) AAGEER {(« (-,0),-) D,DX) IHB (« (-,0),-{4]) (KO}
(-0 M TH3 (« (-,0),-) DR ER M EHA (= {-,0),-) (.}

(-,0) M I¥!

(-,0) M 1Y NI (IH3,1Y) NX
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Dictionary

MEANZ LM IV N (Z{40(Z,0 %)
MEDIC AL (-,0) M EH {{e (-,00,-) (DOM,DXY TH2 (+ {-,0),-}42) (K0} EL
MEETING {-,0) M IV ({« (-,0),-) T,DX) TH7 NX

MEETINGS 00 M IV (e (-,00,-) T,DX) IH7 NX (2,(5,0,5)

MELTZER {-,0) M AAZ EL3Y (v (-,00,-) S ER

MEMORIES (-0} M EHZY M (OWA,0) (RERD) I¥YZ (2(5,0),5)

MEMORY (-,0) M EH2! M (OW4,0) (RER2) V2

MENTION {-,0) M (EH2,JH) NI e (-,0},-,0} SH{,10] IHS N
MENTIONED (-0} M (EHZ,JH) N) (« (-,0),-,0} SK{,10] IHS N ({ (-, 0},-{4}) (D,0),DX)
MERTIGNING (-0} M {(EHZ,JH) N (e (-,0),-,0) SH JHS! N (IN3,1Y) NX
MENTIGNS (-,0Y M (EHZ,THY N! (+ (-,0),-,0) SH IH3 N (2{43,(2,0) S)
MERN (-0 M EH2! N ¥ (AX,1H7)

MENLIS (-0) M EHZ! N Y IH7 (Z2{4}(Z,0) 5)

META-SYMBOLIC (-,0) M EH ({e (~,0),-) T,DX) IH3 S IHS! M ({e (~,0),-{4}) (B,0),B) AQ! EL [H3 (e (-,0},-[4}) (K,0)
METAMATHEMATICS (-,0) M EH {{e (-,0),-) T,DX) 1HS M AE TH AHZ M! AES ({¢ (-,0),-) T,0X) IH3 (~ (-,0),-) § (HH,O)
METHODS (-0} M EH2 TH THA (e (-,0},-} S (HH,0)

MICHAEL (-,0) M (AYL,0) AYC! (AYR,D) (e (-,0),-) (K.0) EL
MICHALSKI (-0 M TH (e (~,03,-) (KOY ADIEL § « (K,0) 1Y

MICHIE (~,0) M TH2! (« {-,0),-) SHl,BY IV

MIKE (-0 M AYLOY AYCHIAYR,0Y (¢ (~00-[43) (K,0)
MINNAL (- 0y MTH3 N THI M EL2

MINKER (-0} M THZINX (e (-0),-) (K00 ER2

MINSKY (-O)MIH3 NS - (KO IV

MITCHELL (~,0) M IH3 (« (-,0),-) SH{, 10} EL3

Mi.1SP (-0 EHA M (-0) L THG! 5 - (P,

MLISP2 (~0) EHA M (-,0) L IG5 - T IH2 LW (UwW2,0)

MODEL (-,0) M AAL ({ (-,0),-) D,DX) EL2

MODCLING (- 0) M AAL (e (-,0),-) D,DX) EL (IN3 TV NX

MONELS (-0 MUGAQLAAY ((« (-,0%,-) DOXY ELA! (2144,(Z,0) S)
MONITOR (-,0) M AA N UH! (e (-,0),-} T,DX) (EH,0) ER

MONKEY (=0} (MM Y UH2 NX (e (-,00,-) (K00 IY

MONTH (=01 M (AALUR2Y N (e (-,0),-,0} TH (HH,0)

MONTHS (=, 0) M {AAVHHZY N (- (-,0),-,0) (T,0,TH) S (HH.O)

MORE (-,0) M AAQ) ER2

MOST (=0 M DWUS 043 (T,00

MOSTOW 0) M AAS - T (AWLO) AWC! (AWR,O)

MOTION (-,0) M OW SH IS N

MOVE (-0 M w2 v (o

MOVEMENTS («,0) M UW2 ¥V M EHZ N (v (-,0),-) G (HH,0)

MOVILS (-0 M UW2 VI Y (2124200 $)

MULTILEVEL
MULTIPROCLSS
MUSHC

MUST

MVYSELF
NAGEL
NASH-\WEBBER
NATIONAL
NATLURAL

NETS
NETWORK
NETWORKS
NEURAL

NEW
NEWGEORN
NEWCOMER
NEWELL
NEWEST

G0 MELZ (e (001450 (T,00,DX) TY L EH VI EL

(=0 M OWA EL2 ({e- (-,00,-141 (T,00,0%) IV (« (-,00-) (P R,PR (R,OY) AD § [H7 S (HH,0}
(-0 M (Y03 1Y THAN(ZT4102,0) §) THA (e {-,0),-14}) (KO

-, 0) M UH2I'S -[4: (7,00

(-,0) M (AYL,0) AYC (AYR.0) S AH2IEL F ¢HHD)

(-0 N (EYL,0) EYCH (EYRQ) (= (-,0)-) (G,0) EL

(-0r N ACS SH W EHZ! (« (-,00,-{43) (B,0) ER

(-,0y NALS SH INA N EL?

(-0} N ALSH (= (- 0),-) SH{, 10) ER2 EL 3

(=00 B AHZNZ 6} (- {-,04,-) S (HH,0)

(-,0F N EHZ (- {-,00,-) (T -,0) W (AAS,Q) ERD! (« (-,0,-{41) (KQ)
(=100 N EH2 (e (- 0=1 (T -,0) W ER2! {« {-,0),-) § (HH,0)

(-0 N ARG (RERDY ELY

(-,0) N (THZ,00 Uw! (UW2,0)

(+,0) N (IH3,0) UW' (« (-,0),-{4]} (B,0) AAG ER2 (N,DX)

(-0} N (IH3,0) LW! (e (-,0),-) (K,0) AA M ER

(-0} N (IHS,UH,00 UwW21 10,30} EL

(-0} N UwW THI S ~{4} (T.0)
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NEWEY
NEWSLLTTER
NEXT

NI

NILS
NILSSON
NINE
NINETEEN
NINETY

NG
NOMINATING
NOMINATION
NOMINEES

Dictionary

(-,0) N (UHA0Y Uw! TY

(-,0) N IS8 ({UWR,0) (2141(2,00 S) L EH2 ({« (-,0),-) T,DX} R

(-,0) N EH! (« (~,0)-) 5 - (T,D}

(-,0) EN (AYL,0} AYC! (AYR,0) (EYL,0) EYC (EYR,0) {+ (~,0},~) SH (HH,0)
(-,0) N IH3t EL (2{4},(7,0) §)

(-,0) N IY EL3! {-,0) § UHA (N,DX)

(-,0) N (AYL,0) AYC (AYR,0) NI

(-,0) N (AYL,0) AYC (AYR,0) N ((+ (-,0),-) T,DX} I¥t (N,0X)

(-,0) N (AYL0Y AYC (AYR,0} N ((« (-,0),-) T,0DX) I¥!

(-,0) N Ow4ar

(-,0) N AA M UH N (EYL,0) EYC! (EYR,0) {{« (~,0),-) T,DX) (IH3,iV) NX
(-,0) N AA M UH N (EYL,0) EYC! {EYR,0) SH IHS N

(-0) N AAM LHI N IY (Z145,(2,00 §)

NON-INDEPERDENT

(-,0) N AA N TH3 N (e (~,0),-) D,DX} TH! {« (-,0),-) P EH2 N {« {-,0),-,0) D,DX,0) IHZ N ((« (-,0},-{4}) (7,0),DX}

NONDETERMINISTIC
{(-,0) N AAZ N ({« (,00,2) D,DX) I¥! (e« (-,0),-) (DR,T) ER M IH? N IH3 8 - T JH3 (e (-,0),-{4}} (KD

NORI
NORIMAN
NOT

NOTES
NOVEMBER
NRL
OB.ECT
QBJECTS
OCTOBLR
OF
OHLANDER
OK

OLDESTY

ON
ON-LINE
ONE

ONES

ONLY
ONTOGENRY
OPLRATIDNAL
OPTIMAL
OPTIMIZED
CR

ORDER
ORDERS

ORGANIZATION

ORIENTED
OUR
OURSELVES
OVERLAYS
PACKET
PAIR
PAKELA
PAPER
PAPERS
PAPERT
PARALLELISM
PARANOIA
PARAPHRASE
PARRY
PARTIAL

(-,0) N AAQ! ER2 TV

{-,0) N OW4a! ER2 M UH (N,DX)

(-,0) N AAL ((e (~,0),-{A3) (T,00,DX)

(-0} N DW! (e (-,0),-) 5 (HK,0)

(-,0) N OW! V EH3 M (= (~,0),~{4} (B0} {(ER,ANG)

{07 (FH N,EN) AAS ER2! B EL

(00 AD (e (-,0},-) SH{BY TH2H, 14} (e (-,00,-141) (F,0),0%)

(-, 0) AQ (v (-,0),-) SHL B} TH2IL 14 (« (-,0),-) § (HH,O)

(=, AAZ ({e (-,05-) T,DX) OW! (e {-,0),-{41) (B,0) ER

(-,0) (IHUH2Y V!

{~,0) OW EL2! AEA N {{« {-,0),-) D,DX) ER

(-,0) OW {~ {-,0),-) (K, {EVL0) EYC! (EYRD)

(-,0Y OW! EL ((« (-,03,-) (D,0,DX) IHG S {4} (T,0)

(-,0) ARZI (NDX)

(-,03 AA N 12 (AYL,0) AYC! (AYR,0) (N,DX)

(-.0) W AAG! (N,DX)

(-0} W AALN (Z143,(7,0} 5)

{-,0y OWaI N2 L2 IV

(-,0) B2 N (e (-,00,-) T AQ! (- (~,0),-,0) SH{,8] [HS N IY

(-0} AL (e (-,01,-) (PO ERZ (EVL,0) EYC! (EYR,0) SH (IH5 NEN) EL2
(-0} AA (e (-,0},-) T.DX) TH6 M EL2

(~,0) AA (e (-04-) T THE M (AYL,0) AYC! (AYR,0) (Z{4},(2,0) S) - (0,0)
(-,0) (OW3,AAAQG) ERZNG, 14}

(-0} UW4 ER! ({e (-0~} D,DX) ER

(-,0) UWA ER! ((« (-,0),-) D,DX) ER (Z{4(2,0) §)

(- 0) AAA ER (- (-,0),-) (5,0} IH3 N THB (Z{4},(Z,0) S} {EYL,0) EYC! (EYR,0) SH IHE N
(=00 UW4a ER2! 1Y EHZ N ((« (-,0),-) T,0X) IH4 (e (-,0),-} (D,0)
(-,0) (AAZ(AWL0) AWE (AWR.0Y) ER!

(-0 AR R S EH2 (ELLLD (V) (ZIALEZ0) S)

(-,0) OW V ER L (EYL,0) EYC (EYRD) (Z{41(Z,0) $)

(¢ (- 00-) P ALS! (= {-,00,2) (K,Q) THB ({e (-,0),-{4}) (T,00,0%)

(e (-,0),-) P EH ER

(= (-,00,-) P AL (M) AA EL3 AAA

(e (,00,-) P (EYL,0) EYC! (EYR,0) (« (-,0),-} (P,0) ER2

(e {=,00,-) P (EYL,0) EYC! (EYRO) (e (=0),-) (P,0} ER (2{4},(Z,0) S)
(e (-,0)-) P AED (e (-,0),-) (PO} ER ( (-,0),-) (T,0)

(e (-,0),-) P EH3 ER UH2 EL3 EL IHG (Z{4}(2,0) S) (IHG M,EM)

(e -,0%,-) (P,0) ER LH N {OVL,0) G¥C! (OYR,0) TH2

(e {~01-) P AEZ ER (AX,0) F R (EYL,0) EYCH (EYR) (Z{4},42,0) §)
(e (-,0},-) P AE2 ERI 1Y2

(e (-,0},-) P AA3 ER SH(, 10} THEL
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PASCAL

PAT
PATHFINDER
PATTLRN
PEARL
PERCEPTIGN
PERCEPTRONS
PERFORMANCE
PERRY

Dictionary

(e (~0)-) P ACAL S ~ (K05 AE EL3
(& (-,00,-) P AET (e (-,00,-£4}) (T,0),DX)

(e (-,0)-) P AEA TH T (AYL,0) AVCI (AYRO) N (e {-,0),-) D,0X) ER
(e (-0),-) P AEB! {DX,((« (-,0),-) T,DX) ) ER (N,DX)

(e (~,00-) (P.OY ER2I ELD2

(e (-,0),-) (P,0Y ER 5 EHAY (¢ (-,0)-) SHL,10) 145 N

(e 0=} (PO) ER S EH! (e (-,0),-) DR R AA N (Z{4)(2,0) S}

(& (-,0),-) (P,0) ER2 § AAAI ERZ M LH N § (HH,0)

(e {-,0),-) P EHZ ER IV

PETER (e £-,00,-) P IY! ((e (-,0%-) T,DX) (EH3,0) ER

PHOTOGRAMMEYRY (5,00 F OW (e (~,0),-) T,DX) IHB (e (-,0),-) ¢G,0) R AE M IH7! (& (-,0)-)DRR I¥2
PHRASE -0 F R (EYLO) EYC! (EYR,O) (Z141,(2,0) §)

PHRASES (-0} F R (EYL,0) EVC! (EYR,0) (2142,(2,0) S) 1HA (2{4;4(2,0) S)

PHYSICIANS (-0} F IX (Z{4},(2,0) S) IHI SH INS N (2{41,(Z,0) S)

PICTURE (e (-,0%-) P IH3 (~ (-,0),-) SH[,10} ER

PILCE (= (-, 0=} P IVES (KR

PINGLE e (-,00,-) P UN3IY) NY (e (-,01-) (G,0) EL2!

PLANES (& (,01-) (P L,PL (L0 (EYL,0} EVC (EYR,O) N (2{4}(Z,0) 8)

PLARNER-LIKE (e (-, 0)-) (P LPL €L,0% ALH (DXN) ER (EL,LY (AYL,0) AYC! (AYR,0) (« (-,0),-{4}) (K,0)
PLANNING (e 003 (P LPL (1,00 ACS!(DX,NY (133, 1Y) NX

PLANG (e (00} (P LPL (L0Y) AESI N (2:47,(2,0) )

PLAYING (e {-,03-) (P LPL (0N (EYL,0) EYC! (EVR,0) (IH3,1¥) NX

PLEASE (e €= 0h-) (P CLLZYPL (L0 BV (2{8142,0) S)

POKER (e (<,00,-) P OW (e {-,0},-) (K ER

POLYHEDRA {0 (+,0%.-) P AD TL UBA I¥ SH, 10} ER3 IH2

PREGICATE
PREFERENTIAL
PRESENT
PRICE
PRICE'S
PRIMITIVES
PRINT
PRINTED
PRINTING
PRCBLEIA
PROBLERS
PRCCEDURAL
PROCLEOURES
PROCIEDING
PROCEEDINGS
PROCESSES
PROCESSING
PRGIICE
PRODUCED
PRODUCTION
PRODUCTIVITY
PROGRAM
PROGRAMMING
PROGRAMS
PROGRESGS
PROOK
PRGOS
PROPERYIES
PROTOCOL
PROTQCOLS
PROVER
PROVING
PSYCHOLOGY

(e (4,00 (P RPR (RN EHAE (e (-,0),-) (D,00,0X) TH3 (e (-,0),-) (K,0) IH3 ({e (-,0),-{4]) (T,0),DX)
(= (-0}, (P RPR (IOY EH3!F ER2 EH N (e (-,0),-,0) SHI,B} EL3

(= (000 (P RPR (R0)) IHS! (Z[43,(2,0) §) EH2 N (¢ (-,03,-]41) (7,00,0%)

e (-,0),-) (P R,PR (1,03 (AYL,0) AYC! (AYR,0) S (HH,0)

(= (-00-) (P RPR (RO)) (AYL0Y AYC! (AYR,Q) S THE (2{4)42.0) §)

(e (-,0h=) (P RPR (RN ITH M AX (e (-,0),-) T X V (21414Z,0) §)

(e (=,00,2) (P RPR (ROM (IH2,THRY Nt ({e (-,0},-14}) (T,00,DX)

(e (00,3 (P RPR (R0N JHLAEAY N (e (-,0),-) T,0X) IX (e (-,0),-) (0,0}

(e (-,04-) (P RPR (AN (THZLAEAD N ((e {-,0),-) T.DX} TH5 NX

(e {-,0%-) (P RPR (R,0N AD (e (-,0),-{47) (B.6) FLt M

(e (2,0),-) (P RPRARON AA (e (- 0),-141) (BO) EL M (2{4},(2.0) §)

(+ (-0)=3 (POY ERZ S 1Y (e (-,00,-) SH!, 10} ER2! EL

(= (500 P AR AXEER) S 1Y (e (-,0),-] K|, 10! ER (Z{42,(2,0) )

(e (-,0%-) P (R AXH ER)Y S IV {6 (-,00,-) D,00,0X) THE NX

(e €,00-) PR AXE, ER) S 1Y ((e (-,00,=) (D,0),DX) THS NX (2{81(Z.0) §)

(e (0),= (P RPR CRON A0 S THA S (IV,IX) (214120} §)

(e (00~} (P RPR (ROM AAIS THG § (HAIY) NX

(= (-,03,-) P IR AXILERY (o 00,20 (DO),DXY UW 5 (HH.O)

(= (5 00-) PR AX, ERY (L (=002} (D,OL0X) UW! 5 {42 (T.0)

(= C400-) (PO} ER (e {-,00-) (D,0),DX) AAZ (- {-,0),-) SHI THA (N,DX)

(e (=003 (P RPR (00 AAS! (e (+,00,-) D,0X) AK (e (-0),-) T [H3 V [HE ({ (-,0),-) T,DX) 1
(= (5,000 (P RPR GLON UWA (e (-,0)-3 (5,00 R ACS!H M

(o= A= 000 0P RPR GRLON DWA (e (-,00,-) (G,0) B ALZI (M THE M1) NX

(e (001 (P RPRARON OW (e (-0),-) (6.0) & AUGOM (Z{4},(2,0) )

e (= 00-) P RPR G050 A (= (-,00,-) (G,0) R EHA 5 (HH,0)

{e (-,00-) (P RPR (00 UW!F (HILOD

(e G000 (P RPR (H00 UW F S (HH,0)

(= 6,000 (P RPRAROM AD (v (-,00,2) {P,0) ERT (4o (-,0),-) T,0X) IV (Z{42,(2.0) 5)
(= (,00-) (P RPR (ROM OW ([« (-,00,-) T,BX) OWI (o (-,0),-) (K,0) AD EL

feo (,0-) <P RPR (R0 OW (e (-,00,-) T,DX) GW! (e (-,0},-) (K.O) AD EL (Z[43(Z.0) )
(e {-,0},-) (P R,PR (0,00 LW2I V ER2

(e (-, 0h=) (P R (R,0% UW!EV IHG NX

=0} S (AYLOY AYC! (AYR,0) (e (-,0),-) (K,) AO (LELA) UHA (e (-,0),-) SH IV
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PUBLISH (e (-0~ (PO} (BHZAD) (e (<,00,-{41) (B,0) L IHA: SH (HH,0)
PUBLISHED (e (-,00,-) (PO} (BHZAD) (e (-,00,-{41) (B,0) L TH&! 5H - (D,0)
PUBLISHER (e (-,04,-) (B0 (BHZAG) (e (-,0),-{42) (B,0) L IH2¢ SH ER
PUBLISHERS (e (-,01,-) (PO (UKZ,A0) (e (-,0),-{41) (B,0) L TH2( SH ER (2{4},(2,0) S)
PLIRPOSE (e (~O)-) (P,OY ERH (e (~0},-) P UHA S (HH,O)

PUTNAR (e (.00} P AAt (« (-,00,-) N UH& M

QUERIES (e {-,0),-) WH IV3 (ER (ROLR) IY2! (Z(41(Z,0) S)
QUESTION (¢ {~,0)-) WH EH3!' 5 (-,0) SH IH5 N

ouIT (e {~0h-) WH T (e (-,00,-{42) (T,00,DX)

OUOTE (e {-,00,-) WH OWT (e {-,0),-]81) (T,00,0X)

OUOTED (¢ (,00-) WH OWS (e {-,0),-) T,DX) IX (« (-,0),-} (D,O)
RADIO (-0} R (EYL,0) EYC! (EYR,0} ((« (-,0),-} D,OX) IY OW

RAY (~,0) R AD! 78

RALSTON (-0 RAO LL21 8 « T UH (N,DX)

RANAN (-0 R AAT N AAZ (N,DX)

RARHAEL (-0) R ALAtF 1¥2 ELY

RAYMOND (=00 R (EYL,0) EYCH (EYRM) M UH N (e (-,05-) (B0

REAL-WGRLD (-,0) RIYZ EL {-,0) W ER2 EL (« (-,0),-) (D0}
REASONING (-,0Y R IV! (2{4},(7,0) 5) (IH6,0) N (JH3,IV) NX

RECENT (-, 0) R I¥2!1 5 (JHG NEN) ({e- (-,00,-141) (T,0),DX)
RECENTLY (-,00 R IV2! § (JHG NEN) ((e (-,0)-143) (T,00,00) L 1Y
RECOGNITION  {~,0) R EH3! (- (-,00,-) (KO 1X (e {-,0),-} N [H3 SH IHG N
REDDY (-,0) R;, 151 EH2! ((e (-,0),-} (D.0DX) 1Y

REDUCTION -0 R IY2 ({e {-,0),-) D.DX) AA2! [« (-,0),~} SH THO N
REED (=) R IY {e {-,0),-) (DM

REFER (-0 (RO I¥2U (-0 F ER

REFERENT (-,0) R EH3H (- 0) F ER NS (HH,00

REFERENCED (-,0) R EH3 (-,00 F ER N5 {4} (T,0)
REFERENCES {-,0) R EH3' (-,0) F £R N 5 THG (Z{4},(Z,0) 5)

REFERRED (-0 R IV2 (-, O F ER (o {-,0)-) (OO

REFERRING (-0 R 1Y2! (-,0) F ER (IH3,1Y,0) NX

REGARDING (-,0) R 1¥2! (- (-,0),-) (G,0) AAZ ER {DX,0) IH5 NX

REGION (-,0) R 1¥! (- {-,0},-) SH{,8} IH5 N

REGULARLY (-,0) R EH (—~ {-,0),-) (G,0) (Y.0) UW (EL,L} ER L IY

REITER (-,00 R IH2 (e {-,00,-} T,DX} ER

RELATE (-,0) R (IH3,1¥2) L (FYL,0) EYC EVYR! ({« {-,0,-[4}) (T,0),DX)

RELATED (-,0) R (IH3,]¥Y2) L (EYL,00 EYC EVR! ({e {-,0),-) T,DX} (JHZIX} (e (-,0)-) (O,DH,0)
RELATES {(-,0) R (IHZ,I¥2) L (EYL,0) EYC EVR! {« {~,0}-) § (HH,0}

RELATIONAL {-,0) R I¥ L (EYL,0) EYC! (EYR,0) SH N EL

RELEASED (-0} R GH3IY¥2) L VIS -[4; (T,0)

REPCRT (-,0) R IH3 (« (-,0),-) P AAGL ER (e (-,0),-{42} (T,0),DX}

REPORTER (-,0) R IN3 ¢ {-,0),-) P AAGI ER ({e {-,0),-) T,0X) ER

REPCRTERS (-0} R (IH3,1Y2) (e (-,01,-) P OW!ER2 {{e (-,0},-) T,DX) ER (Z{4},(£,0] S)
REPDRTS (-0 R (IHZIY2) (+ {-,00,-) P OW! {RERD) {« (-,0),-) S (HH,0)

REPRESENTATION(-,0} R EH3 (« (-.0),-) (P R,PR (R0 1H2! (Z{41,(7,0) S} IHA N (« (-,0),-) T (EYL,0) EYC (EYR,0) SHIHE N
REPRESENTIRG (-0 R EH3 (« (-,0),-) (P RPR (RMY) IN2! (2(41(2,0) S) EHZ N ({e (-,0),-) T,DX) (IH3,1¥) NX

REQLIEST -,0) R {(IH3,IY?) (e (-,0%,-) (K,0) OW AE S -{4] (T.O)

RESEARCH (-0 R 1Y S ER! {« (-,0),-) SH{ 10}

REGDLUTION (-,0) R TH6! (Z[43,(Z,0) §) UHZ (ELL) OWZ SH INE N

REGOURCE (-0 R 1Y § UWAILER S (HHO

RESPINSES (-,0) R (JH3,I¥2} S - (P.0) AAL N § (-IX) (2{4:,(2,0) S)

RESTRICT (-0 R (LHZI¥2) S (-0} (DR (ROLT R} IH2! ((+ (-,0),-{4}) (T,0),DX)
RETRIEVAL (-,0) {R (IHZIYZLERD (« (-,0),-,0) (SH[1OLDR) (ROY I¥Y2! V UW EL
RETRIEVE (~,0) R (IHZIYZ) (= (,0),-} (SH{IOLTY R IYI V (F.O)

REVIEWS (-,0) R (IHZ,I¥2) (V) (FOy IV UW (Z{47(2.0) 5)

RHOMBERG (-0} R AA M [+ (-,0),-141 (B,0) ER2 ¢+ (-,0),-) (G,

RiCH {~,0} R IH3 (e (-,0),-) GH[, 10}

RICHARD {-,0} R IH2! (« (-,0},-) SH{,10} ER (+ {-,0),-) {D,O)
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RICK
RIEGER
RIESBECK
RISERMAN
ROBERY
ROBOT
ROBOTIC
ROBOTICS
ROBOTS
ROCHESTER
ROGER

RON
ROSENFELD
RUBIN
RULE

RULES
RUMELHART
RUTGERS
RYCHENER
S-L-GRAPHS
SAGERDOT]
SAMMLY
SANDLWALL
SATISFACTICN
SAY

SCENE
SCHANK
SCIENCE
SCOTT
SEARCH
SEE

SEER
SEERING
SEGMENTATION
SELECT
SELTZER
SEMANTIC
SEMANTICS
SENSE
SERTENCE
SENTENCES
SEPTEMBER
SERIAL
SESSICN
SESSIONS
SEVER
SEVERTEEN
SEVERTY
SEVERSL
SEYMOUR
SHAPE
SHAW

SHE
SHOOTIRG
SHORTLIFFE
SHGULD
SHOW
SIGARY

Dictionary

(-,0) R I (e {~,0),-[4}) (K,0)
(-,0) R 1¥2! (& (~0),-,0) (5,0) ER

(-0) R IV S - (B0 EHA (e (-,0),-{42) (KO)

(-0} R (AYL,0) AYC! (AYR.0) (Z[4},(Z,0) S} M EH2 (N,DX)

(-0} R AQ! (e (-,0),-{43) (8,0 ER ({w (~,0),~{4}} (T,00,D%)

{-,0) R OW (e {~,00,-{41) (B,0) AD! ((« (-,0),-{42) (T,0%,D)

(-,0) R OW (e (-, 00,43} (B,0) AD! ((« {~,0),-) T,OX) IH3 (e (~,0),-[8]) (K0}
(-0) R OW (= (-,0},-{6}) (8,0} AD! (e {-,0),-) T,DX) TH3 (e (-,0),-) S (HH,0)
(-,0) R OW (e (-,04,-{4}) (B,0) AA (e (-,0),-) S (HH,0)

(-,0) R AA! (e (-,00,-) SH!,10} EHA S - DR £R

(-0} R AOI (+ (-,0),-) SH{, 10} ER

(-,0) R AAI (N,OX)

{-,0) R OW! (OWE,0} (Z(4%(2,0) S) IHB N (-,0) F EHA EL (e {-,0),-} (D,DH,0)
(=00 R LW (e (~,01,-183) (B,0) TH (N,OX)

(-,0) R Uwa2t £L

(-,00 R UWarEl. (2{43(2.00 &)

{-,0) R AA M EL2 (HILOY AAZ ER (e (-0),-) (T,0)

(-,0) R AAS (e (-,0}-) (6,0 ER! (Z{4}(2,0) S

(-0} R IH (= (-,0%-) N ER

(-0) EH2 § AHZ EL! (e (-,0,-) (6,00 R AL F S (HH,0)

(-0} § AL 5 LR (e (-,00,-) (D,00,0X) AD ((+ {-,00,-) T.DX) IV

(-0) 8 ALS M £HA (- (~,0),~) (T,0)

(-0) S ALA! N (v {-0)-) (0,00 W ELZ

(-0} § AL ¢T,DX) IX § F AC (« (-,0),-) SH IH5 N

(-,0) § (EVL,0) EVC! (EYR,0)

(~0) § 1¥! (N,OX)

(-0 SH ACS! WY (+ {-,00,-.0) (K,

(-,0) S (AYL,0) AYC! (AVR,0) TH5 N S (HH,0)

-,0) S - (K,0) AAB! (e (-,0%,-{4}) (T,00,0%

(-,0) S ER (- (-,00,-) Sii (HH,0)

(-0 § 1v!

(-0} § (IVLIXI (e (-,00,-{A3) (K,0)

(03 S AIV,IXY) (e (-,0),-) (K,0F (JH3,TY) NX

(-,0) S EHZ (« -,0),-) {G,0) M UHA N (« (~0),-) T (EVL,0) EYC (EVR,0) SH IHS N
(-,0) S (AX,IX) L EHI ((+ (-,01-{4}) (T,0),0X)

(-0} 8 EH EL2! o (00 § ER

{-,0) S THG! M ALS N ({e €-,0),-) T,DX) TH3 (e (-,0),-{4}) (K0}

{-,0) S THB! M AES N ((= (-,0),-) T,DX) TH3 (e (-,0),-) S (HH,0)

(-0 S EH N S (HH.0)

{-,0) S (EH2 (¢ €-,0)-) EN(EH2 NEN) €e (~,00,-,0) T EH2 N) St (HH,Q)

(-0) 5 (EH2 (e ,00,-) ENEHZ NEN) (e (-,0,-,0) T EHZ N) S THE (2(41,(Z,0) S)
(-,0) S EH! (e (- 00} T EH M (e (-,00-14}} (B.O) ER

(-0} § JH2 ER IV2! AH EL

(-0} S (AH2,EH} {-,0) SHI THE N

(-0} S (AKZ,ER) (-.0) SHI THE N (Z{4},(Z,0) S}

(-0) S AHZ VE LHA (N,DX)

(-0) S (AHZEH) VI (GHEEHD) NEN (e €,0)-) T,OX) 1Y (N,OX)

(-.0) 5 (AHZ,EH) VI (GH5,EH) NEN) ((e (-,00,-) T,DX,0) TV

(-,0) S EHZ VIR EL

(-,0) S IY Mi D\W ERD

(-,0) SH (EYL,0) EYC! (EYR,0) (e (~,00,-) (P,0)

(-0 SH Al

(-0} SH Iy

(-,0) SH UW3 {(« (-,0).0) T,0X) (IH3,1¥) NX

(-, SH AAA ER2 (e {-,0},-) (7,00 L IN7 F (HH,0)

(-0 SH (HZ,0 UHM ((« (-, 04~} (D,01,0X}5

(-,0) SH AABI (OW,0)

(=00 § THB1 (e (-,00,-) (G.,0) AAZ (RER) (= {~,0)-{4]) (T,0),DX)
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SIKLOSSY
SIMON
SIMULATION

SIMULTANEOUS (-,0) S (AYL,0} AYC! (AYR,0) M EL3 (e (~,0),-) T (EYL,0) EYC (EYR,0) N IV IH3 S (HH,0)
SIMULTANEOUSLY{-,0) § (AYL,0} AYC! (AYR,03 M EL3 (e (-,0),-) T (EYL,0) EYC (EYR,QY N 1Y IH3 S L 1Y

SINCE

SIX
SIXTEEN
SIXTY

SIZE
SLAGLE
SLOW

SME

SMITH
SNARING
S0

SOBEL
SOFTWARE
SOLOWAY
SOLUTIONS
SOLVING
SOME
SOMETHING
SOMEWHERE
SORT

SORTS
SOLURCES
SPACE
SPANNING
SPEECH
SPEED
SPROULL
SRI
STANUORD
STATE
STERED
STEVE
STQCHASTIC
STOCK
sTOP
STORAGE
STORED
STORIES
STORY
STRUCTURE
STRUCTURED
STRUCTURES
STUDIES
SUBJEGT
SUBIECTS
SUBPROBLEIMS
SUBSELECT
SUBSYSTEM
SUMEX
SUMMARIES
SUMMARY
SUNG
SUNSHINE

(- 5 THZ (e (-,00,-) (K,0) L AAZI 3 1Y
(-,0} S (AYL,0) AYC! (AYR,0} M [UH2,IH3) (N,DX)
(-0 S THZM Y UHI L (EYL0Y EYC! (EVR.0) SH (IHG N,EN)

(~,0) S (IH3,THGY NI S (HH,0)

{00 S IH3! (e (-,00,-) S (HH,0)

(-0 S TH! (« (-,0%,-) S - T IY (N,DX)

(-0} S IH (e (-,01,-) S - T IV

(-,0} S! (AYL,0) AYC (AYR,0) (Z{4L(Z.0) §)

(-,00 S L {EYL,0) EYC (EYR,0} (« (-,0),-) (G,0) EL
(-,0) S L OW!

(~,0) EHA S EH2I M § 1V

(-,0) S M IH3! TH (HH,0)

(-,0) 8 N (EYL,0) EYCt (EYR,M) ER (IHZ,1¥) NX

(-,0) S OWHt

(-0} 5 OW3t (e {-,0),-(47) (B0} EL

(-,0) S AGIF (~0) (T,0) W ER2

{-,0) § AO [L3 UW2 W (CYL,0) EYC! (EYR,0)

{-,0) 5§ OW Lt W SH 115 N (2{43,(Z.0) §)

(-,0) S AALELZ V THS NX

(-,0) S AAI M

(~,0) § AAI M TH {IN3,IV} NX

(-,0Y S AAI M W EH3 ER

(-0) § UWAI ER ({e {~,0),-143) (T,05,D%)

(~,0) S UWA ER (e (~,0)-} § (HH,0)

(00 § UWA ER S 154 (2143,(2.00 )

(-0 S ~ (F,0) (EYL,0) EVC! (EYR) S (HH,0)

(-,0) § - (P,0) ALS (N,0X%) (JH3,1Y) NX

(-0} S - (P,0) IVt (- (~,0),-) SH (HH,0)

(-0} S = (B0 IY! (e (~,0),-) (D00

(-0 8 - (P RPR (R,0)) AQ £L3

(~,0) EHA § AAZ ERZ (AYL,0) AYC! (AYR,0)

(-0) S = TAEG NF ER (e (+,00,-) (D,0)

(-0} S = T (EYL,0) EYC! (EYR,O) {(« (~,0),-{8}) (T,0,0X}
(~0) S - T JH3 ER 1YZ OW

(-01S - TIVIV (F,0)

(01 S - T IHB (e (-,0),-) (KOY AEA S - T [H3 (e (-,0),-{4}) (K,0)
(<00 S = T ADH ( (-,0)-[A1) (K,O)

(-0 S - T AAI (e (-,0)-) (PO

(<00 S - T UWAI ER IHZ (e (-0),-,0) (ZH (SH,0), SH)
(- 0) § - T (AALADT ER! (e (-,0,-) (D,0)

(-,0) S -« T (AAQADY TR 1Y (2{43,(2,0) §)

(-0)S - TAGHER 1Y

(-0 S - DR R EH3 ( (-,0),-) 5H{,8} ER

(-,0) § - DR R EHB3! (« (-,0),-) SHL8? ER ¢« (-,0),-) (D,DH,0)
(-0} S - DR R EH3! (e (-,0),-) SHLBY ER (Z2{4%(Z.0) S)
(-,0) S - T UHA ((e (-,0)-) D,OX) IV (Z{41,(2,0) S)
(-0 S AA! ( (= 0),-) SH THB (e (-,0,-{4}) (T,00,DX)
(-,0) § AAI ( (-,00,-) SH TH3 (« (-,0),-) S (HH,0)

{-<1 S UHZ (« (-,0),-) (P R,PR (R0} AD! {« (-,0},-{4}) (B,0) ELZ M (2[4},(2,0} 5)

(-0 S AAL (e (-,0,-18%) (B,0) § AX EL EH (e (+,0),-]41) (T,00,DX)
(~,03 8 K2 (e (-,00,-{4]) (B,0) S THAI § - T (iK6 M,EM)

{~,0) S UH2T M EHZ (e (,0),-) § (HH,O)

(-0} S UHA W R IV2 (2{442,0) 5)

(-,0) S UHAL I R 1V2

(-,0) S UHA WY

(-,0) S UH2 N SH (AYL,0) AYC! (AYR,0) (N,.DX)
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SURE (-0} Sh ER!

SURKNOTES (-0} G (JH,0) ER N DW20 OW {« (-,0),-) § (HHO

SLRVEY (-,0) S ER V (LYL,0) EYC! (EVYR,O)

SURVLEYS (-0) S ER V (EYL,0) EYC! (EYR0) (Z2{4}(Z0) S)

SUSSEX (-0) S UH2 5 IH3 (- (~04-) 8

SUZUKI (-,0) G THA (Z{4](2,0) §) UW3Z! (= (-0),-) (K.Y IY

SYKES {-,0) S (AYL,0} AYC! (AYR,0) (+ (-,0),-) § (HH,0)

SYMEDOL (-,0) S IHE M! (~ (-,0},-,B) (B,DY EL2

SYNCHRONIZATION (01 S TH3 N (- (-,03,-) K1 ER N [HA (2{41,(2,0) S) (EYL,0} EYC {EYR,0) SH (IH5 N,EN)
SYNTACTIC (-0) S IH3 N (= (- 0)-3 T AR (e (-,0)-) T TH3 K

SYNTAX {(-,0) 5 IH3 N ((« (-,0),-) TOX) AE! {« {-,0),-) § (HH,0}
SYNTHESIS (-, S THS N TH IH6! S IHA S (HH,0)

SYNTHESIZER  {~,0) S 1H5 N TH IHG S {AYL,0) AYC! (AYR,®) (7{4},(2,0) S) ER
SYSTEM (-,00 S THATS - T (IHG M,EN}

SYSTEMS (-,0) S THAI 5 - T THG M (Z{4.(Z,(h S)

TARE ((e (-,00,-) 1,035 (EVL,0) EYC EYR! (« (-,0}-{4}) (K0

TALES {{e (-,0)-3 T.DX) (AEEVL EVC EVR) L (2{41(Z,00 S}

TASH (e« 0N TDXYAE S - (KO

TECH-1I (e (0= T.OXY ER {e (-,00,-) T (JHZ,0) LiIW3

TECHNICAL (te (-,00-) T.OX) EH (e (-,0),-) (KO N TH (- (-,0),-} (KO) £L
TECHNIQLUES (T {=,00-) T,DX) EH (= (~,0,-) (KO} N 1Y (e (-0)-) S (HH,0)
TECHNOLOGY {{e (000 T.DXT EHE (e (-,0),-} N AA EL3T LIHA (+ (-,0),-} SH,8} 1V
TED (e {-.0,-) T,0X3 EH e (<,00,-) (D)

TELEOLOGICAL
TELL
TEMPORAL
TEN
TERMINAL
TERMINALS
TERMINATE
TERMINATION
TERRY

TEXT
TEXTLURE
THARK
THANKS

THAT

e {=0)-) 10X 3YZ EL3 IH2 ELE AD (« (-,0),-) SH{,B] IH3 (e (0)-) (G,K) ELZ
(le (00-3 T,DX) (AARY LD

(e (=) TO%) EHEM (- (-,0),-,0) (P R,PR (R,0)) OW4 EL2

((e -.0%-) T,03) BN (NDXG

(e (-,00,-) DR ER2 M (1N5,15H2) N EL?

(e (000 T.0X) TR2 MRS N CLE <00 (2941200 S)

(e (-,0)-) T,DX3 [R M IKS N (FYL.0) £V (EYRD) (e (-,03,-{4}) (1,0),D%X)
(Ce (-0N-} TOXH ER M IHS N (EYL,0) EYC! 