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ABSTRACT

Generally, speech recognition engines can employ two
different grammar methods, rule and dictation, to
recognize an utterance. The purpose of these grammarsis
to constrain the search space in away that anticipates the
speaker’ s utterance. The research described in this paper
attempts to maintain the accuracy of arule grammar
without limiting the speaker to rigorous phraseology.
Latent Semantic Analysis (LSA) is used to connect
specific grammar rules with the meanings underlying
matching phrases resulting in utterances being matched to
knowledge base elements even though the exact phrase
did not match any grammar rule. A separate knowledge
baseis used to dynamically add or remove grammar rules
in the speech recognition engine as the conversation
context changes. Finally, alearning techniqueis used to
create new regular expressions based on utterances that
matched semantically through LSA.

1. INTRODUCTION

Speech recognition engines typically have two separate
modes of operation. Thefirst, called a dictation grammar,
relies on complex statistical models while the second,
called arule grammar, requires simplified regular
expressions that can be matched against incoming
utterances. The purpose of both of these grammarsisto
model the speech patterns of usersin away that narrows
the search space thereby increasing the likelihood of
accurate speech recognition. Dictation grammars are
typically less accurate than rule grammars, but allow for
free-form recognition. Rule grammars, on the other hand,
are highly accurate given that the user utters a phrase that
precisely matches one of the regular expressionsin the
grammar. Described below is a method for supplementing
rule grammars with Latent Semantic Analysis (LSA) in
order to remove the need for rigorous phraseology.
Ultimately, this enhanced recognition isonly useful if the
recognized text can be understood by the system.
“Understanding” here is used to mean that the system can

instantiate appropriate knowledge base elements based on
information gleaned from the text. In this model, Natural
Language Understanding (NLU) and speech recognition
are strongly interdependent. The current conversational
context is maintained by the knowledge base pursuant to
phrases or sentences recognized by the speech engine or
LSA. The currently active rulesto be used in the speech
recognition engine are, in turn, provided by the knowledge
base pursuant to the current conversational context.

Thiswork is being conducted within the framework of
an Intelligent Environment (IE). An |E is a space within
which a user or users interact with the computer system
without the encumbrance of interface devices. The
primary mode of interface will, therefore, be voice input.
In addition to recognizing user commands and questions,
this environment isintended to be conversational in
nature. There are three important aspects that must work
in conjunction to alow this system to perform as intended.
The first isthe recognition of unstructured utterances as
semantically matching to knowledge base elements. The
second is the maintaining and updating of the context
based on knowledge base inference. Changing the context
resultsin the modification of grammar rulesin the speech
recognition engine. The final important aspect isthe
learning of new grammar rules.

2. BACKGROUND

In a conversational system, such as the one being
described here, the natural language understanding
module has one responsibility. That responsibility isto
provide an analysis of the user’s utterance in order to
update the knowledgebase and, thereby, increase what the
system understands about the user and situation.

When a system is employed in alimited domain and
has only alimited number of choices of what to say or do
next, it need only classify the user’s utterance according to
what it needs to know in order to make that decision. For
instance, if asimpletravel advisor has just asked, “What
airport will you be departing from?’ then it might classify
the user’s utterance according to airports, cities and other



geographic regions. The main NLU technology utilized
here is based on classification.

The other main NLU technology is based on first-
order logic. It generally requires agrammatical and
syntactic parser. The parsing process is computationally
expensive and often requires that the parsed text be
grammatically and syntactically correct in order to assure
an accurate reading. Because of the conversational nature
of the task domain, an advanced classification method will
be used instead.

Classification approaches to NLU include statistical
[e.g., 1, 2], information retrieval [e.g., 3, 4] and
connectionist approaches [e.g., 5]. Notable among these
approaches are those that are based on word co-
occurrence patterns such as LSA [6, 7] and HAL [8].

LSA isan attractive approach because it istrained on
untagged texts and is a simple extension to keyword based
techniques.

2.1 Latent Semantic Analysis

L SA has been remarkably successful at a number of
natural language tasks. In the arena of query-based
document retrieval [7, 9], LSA was compared to alarge
number of research prototypes and commercial systems.
The performance of LSA varied from equivalent to the
best other method to 30% better, with an average
improvement of 16% over the competitors. The next
success of LSA wasin its modeling of human
performance in the TOEFL test developed by Educational
Testing Service [6]. The LSA model answered 64.4% of
the questions correctly, which is essentialy equivalent to
the 64.5% performance for college students from non-
English speaking countries. Another of the recent
successes is the repeated demonstration that LSA can
grade the essays that college students write almost as well
as human graders [10-12]. Furthermore, LSA has been
very impressive in accounting for (1) the developmental
acquisition of vocabulary words, (2) the classification of
words into categories, (3) the extent to which context
activates the meaning of aword, (4) the amount of
learning that occurs when students with varying degrees
of domain knowledge read atext, and (5) the extent to
which sentencesin text are coherently related to each
other

Touse LSA, one must first develop an LSA space,
which actsasalexicon. The space represents the
“meaning” of aword as avector in a space of K
dimensions (where K istypically 100 to 300). The space
is built automatically from atraining corpus. The corpus
consists of alarge number of “documents,” where a
document could be sentence, a paragraph or alonger unit
of text. One computes a co-occurrence matrix that
specifies the number of times that word W, occursin
document D;. A standard statistical method, called
singular value decomposition, reduces the large WxD co-

occurrence matrix to K dimensions. This assigns each
word a K-dimensional vector in the space.

Given an LSA space, the similarity (i.e., similarity in
meaning, conceptual relatedness, match) between two
words is computed as a geometric cosine (or dot product)
between the two vectors, with values ranging from 0 to 1.
The similarity between two sentences (or longer texts) is
computed by first representing the meaning of each
sentence as a vector that is the weighted average of the
vectors for the words in the sentence, then computing the
similarity between those two vectors as a geometric
cosine. The match between two language strings can be
high even though there are few if any wordsin common
between the two strings. Thus, LSA goes well beyond
simple keyword matches because the meaning of a
language string is partly determined by the company
(other words) that each word keeps.

2.2 Maintaining Context

Knowing what a user might be thinking about at any
moment is important in determining what exactly a user
might be asking about and how the response might be
constructed to utilize the individual’ s currently active
knowledge/context. For example, a user might point to an
area of amap and ask, "what isthis?” Depending on
previous discussion and what the system believes the user
isinterested in, the system may interpret the user's
question as referring to a country, aregion or acity.
Similarly, the responses generated by the system can be
more natural if appropriate pronouns are used and
commonly held or irrelevant knowledge is omitted. For
instance, while looking at a map of Tennessee a user
might ask, "where is Beale Street?' An appropriate
response might be, "in Memphis." Note that the response
did not mention the state, since that was in the shared
context, nor did it mention the country, the latitude and
longitude, or driving directions. Under different
circumstances any of these responses might have been
quite valid.

Some intelligent environments, such as the Smart
Home [13], attempt to recognize individual users and
represent them separately. Here we hope to represent
humansin general for the explicit purpose of maintaining
acommon context between the user and the system.
Models in cognitive psychology [14-17] give us a starting
point for the creation of what a human might be thinking
about during the course of their interaction with the
system. The Construction-Integration model [16, 17], for
example, describes the contents of a person’s working
memory during the course of reading. As the author
points out, this model can be applied to information
acquisition in general .



2.3. Task Domain

Even within such a diverse project, or perhaps especially
in such a project, a specific domain must be chosen in
order to focus research efforts and to allow for meaningful
evaluation of the results. The domain chosen for these
initial stepsisageneral questioning answering system.
The user should be able to vocally ask the system a
question from a small set of topics and receive a
contextually relevant and accurate response.

Since the Intelligent Environment Lab is still inits
inception stage, this domain will provide us with an
opportunity to design and implement the main architecture
along with voice input, voice output, and the knowledge
representation structure discussed above. The main
question answering knowledge base will come from the
START system developed at MIT [18]. This system
provides a method for entering natural language questions
and receiving answers from any number of sources
presented asan HTML page. It does not provide,
however, for disambiguation of questions, trandation of
contextually relevant questions (such as, "what does that
mean") or amethod of directly answering the user’s
question in away that is natural and contextually
appropriate.

Thistask domain will also provide several nontrivial
challenges whose solutions will significantly benefit the
field of computer science. These challenges include:

1) theincrease of the accuracy of voice recognition
software based on contextual information and
system expectations,

2) maintaining amodel of the user based on the
interaction and previous experience

3) theintelligent reformulation of auser’'s query,
and

4) the creation of an English language response
that is succinct and appropriate for the context.

3. HOW IT WORKS

Understanding spoken speech really requires two very
different capabilities. Thefirst isthe trandation of the
sound patternsinto textual representations. This process
isreferred to as speech recognition and, in our model, will
contribute significantly to natural language understanding.
While this research will not delve directly into the area of
audio to text conversion, a primary focusis how to modify
the grammar rules used as guidance to the speech
recognition engine. We have chosen to use the
commercially available Dragon Naturally Speaking™
software package as our speech recognition engine. Like
most commercially available speech recognition products,
Dragon Naturally Speaking™ can translate audio streams
to text using two modes. One mode uses what is called a
dictation grammar. Dictation grammars tend to use
complex statistical models and a great deal of ongoing

research is being devoted to creating better models.
Unfortunately, without completely replacing the dictation
grammar there is no prescribed way to update or modify
the grammar. The other mode used by most speech
recognition engines uses arule grammar. Rule grammars
use regular expressions to constrain the possible
trandation of utterances. Unlike dictation grammars, rule
grammars can easily be modified at runtime. The regular
expression rulesin this type of grammar can aso be
mapped to knowledge base tokens thereby providing a
first step towards understanding the text. Understanding
the text refersto trandating it into the common knowledge
format of the system.

Using the rule grammar described above is the most
direct way to map incoming utterances to knowledge base
elements. Regular expressions are matched against the
text supplied by the speech recognition engine to
determine if they satisfy the associated rule. If so, then
any modifications to the knowledge base dictated by that
rule areinstigated. The speech recognition engine also
provides a method for defining and dynamically activating
its own pattern recognition rule sets at runtime. We will
use this facility to interject, based on context, expected
utterances predicted by the knowledgebase into the rule
base of the speech recognition software thereby
significantly increasing the likelihood of accurate
recognition of those phrases. For example, suppose that
the user has mentioned Albert Einstein. Expected phrases
or partial phrases related to Albert Einstein, like “theory
of relativity” or “speed of light,” can be added to the rule
base. By adding specific phrasesto the list of possibilities
we are actually narrowing the initial search space of
interpretations of the audio stream. This both speeds up
recognition, since these rules can be parsed very
efficiently, and increases accuracy. Keep in mind that
only a subset of the available rulesis considered as
possible matches for any given utterance. Valid rules
might, therefore, not be active causing erroneous or
incomplete knowledge to be inferred from an utterance.

The key to making this approach work is predicting
key elements of upcoming utterances. Although we will
start with a set of hand-coded rules, the likelihood of these
rules being correct will be assessed by the system based
on their actual use. Thisissimply amatter of updating
statistical information relating whether a particular rule
was used during the periods when it was considered to be
in context. Statistical information will also be gathered to
determine if a particular rule should have been considered
in context but was not. This second measure is a bit
difficult to obtain and could require a great deal more
processing than is feasible for a system that must react in
real time. Essentially, what needsto be gleaned is
whether the user uttered a phrase that was encoded by a
rule that was not active at the time of the utterance. This
requires checking every utterance against every rule in the
system —the active rulesin context as well as all inactive



rules. Needlessto say, this defeats part of the reason for
using subsets of rulesin the first place. The solution for
thisisto store utterances along with context states until
the system is not actively engaged and do the comparisons
during these periods. Results of these analyses would be
used to determine if new rules need to be created in order
to add an utterance to a given context. In addition to
increasing the likelihood that the speech recognition
engine will correctly recognize that pattern in that context,
this also increases the system’ s understanding of what that
utterance means by dictating knowledgebase
modifications that will occur as a result of its recognition.

The second way that we will approach the problem of
natural language understanding isto use Latent Semantic
Analysis[6, 7] to extract and match knowledgebase
elementsto arbitrary utterances. LSA isamethod of
extracting the semantic meaning of words, sentences, or
even paragraphs taken from a large corpus of text. Words
and sentences can then be compared computationally
based on their semantics. The basic ideais to decompose
sentences into sets of knowledgebase encoded elements —
the rules discussed above. Thisisthe same task
performed by text parsers but using statistical methods
applied to very large texts. Inthe LSA approach, al
domain knowledge is represented as vectorsin LSA space
regardless of whether it is aword, a question, a statement
or a knowledgebase element. When the user speaks, each
word islooked up in the LSA space, and its vector
retrieved. The vector to represent the whole utterance is
computed as the weighted average of the vectors
representing the words. This vector isthen compared to
the knowledgebase-appropriate meanings (this processis
described in more detail below). If the utterance vector is
close enough in LSA space to the knowledgebase vector,
then the system infers that the user has expressed the basic
idea encoded in that knowledgebase element. Depending
on what the knowledgebase rule is, the systemislikely to
update its model of the current user (shared knowledge,
current context, etc.) and might respond to the user’s
query.

Overall, the process is remarkably simple. However,
afew points have been glossed over that deserve fuller
discussion, namely (1) constructing the LSA space, (2)
calculating the match between two vectors, and (3)
representing knowledgebase elements as L SA vectors.

An LSA space with K dimensions can be developed
automatically given a sufficiently large corpus of texts.
Since the system may be asked to converse on a most any
topic, we will use one full, unabridged encyclopedia.
Additional texts may be required if performanceis not
adequate. Analyseswill be performed that assess the
relationship between corpus size and performance within
this domain.

There are three steps in computing the K dimensions
for a corpus of texts with LSA. These steps are specified
below.

(2) Preparation of a Word by Text rectangular matrix.
L SA first prepares alarge rectangular co-occurrence
matrix that specifies the number of times that word W;
occursintext T;. A cell inthe matrix is designated as
fr(W;i ,T;). The matrix is extracted from all of the words
and texts in the entire corpus. It is possible to define a
basic text unit (i.e., adocument) as either a sentence or
paragraph in the corpus. We will start out defining each
sentence in the corpus as a text document.

(2) Transformation of cell values. Each cell
frequency is transformed in two ways. Firt, the
frequency (plus 1.0) is converted to its logarithm: log
[fr(W; ,T;) + 1]. Second, there is a computation that
estimates the relative distinctiveness of the word to a
particular text, relative to the alternative texts. For
example, the information-theoretic measure of entropy is
computed for each word (- Zp log p) over all entriesin its
row and then the cell entry is divided by the row entropy
value. This value increases to the extent that a word
appearsin a particular text and not in aternative texts.

(3) Singular Value Decomposition (SVD). SVD
decomposes the large rectangular Word by Text matrix
into the product of three component matrices. We refer to
the large matrix as{ X} and the three component matrices
as{Wj}, {S}, and {P}. LSA determines a best-fit set of
component matrices that approximately reproduces { X} .
Thatis, { X} = {W}{SH{P}. The{W} matrix maps the set
of words onto the set of K dimensions (i.e., functional
features, factors). If there are N wordsand K dimensions,
thiswould be an N by K matrix with each cell having a
weight for a word-dimension combination (capturing the
extent to which aword possesses afunctional feature).
{S} isavector with K values that weights the generic
importance of each of the K dimensions. (P} isaK by T
matrix that maps the K dimensions onto the set of T texts.
Therefore, the Word by Text matrix isreduced to K
dimensions that serve as functional factors/featuresin the
domain knowledge. It should be noted that thereis an
optimal number of dimensions that fits data in tests of
LSA. For example, in Landauer’ s tests on the corpus of
encyclopedia articles and the TOEFL data, 300
dimensions provided better fits to the data than 100
dimensions and 500 dimensions. We will need to
experiment to determine the appropriate dimensions for
our task.

After the LSA space is constructed, one can compute
the conceptual relatedness between any two bag of words
i.e, sm(A,B). A bag contains one or more words,
without any information about the order of the wordsin
thetext. In some LSA applications, the function words
and other high frequency words (e.g., the, are, it) are
removed because they are not distinctive words that
discriminate texts. The results are frequently unaffected
when these nondi stinctive high frequency words are
retained, but the role of high frequency wordsis still a
matter of debate and research.



The two most common ways of computing
relatedness are the cosine match and the dot product [19].
These two methods normally provide very similar results.
Consider the relatedness of two words, X and Y. Thereis
aK-dimensional vector for word X that is extracted from
the {W} matrix: X = (X1, X2, ..., Xx). ThereisalsoaK-
dimensional vector for word Y: Y = (y4, Vo, ..., Yx). The
dot product (XY) istheinner product of the two vectors:
XY =Xy1 + Xo¥, +... XYk Thedot product isascalar
(not avector) that reflects the extent to which the two
words are conceptually related. The length of vector X,
designated as XX, is the square root of the dot product of
vector X with itself: [XX = XiX1 + XoXp +... XiXee] Y2
Similarly, there is alength of vector Y, designated at Y'Y .
The cosine match between X and Y is computed as
follows: cos(X,Y) = XY/(XX * YY). When the cosine
match is used, the values can vary from -1 to 1 (but values
vary in practicefrom0to 1). The computations are
readily extendible to cases when two or more words are in
each bag of words. A bag of 2 or more wordsisa
weighted average of the vectors of the words it contains.

Knowledgebase elements are represented internally as
vectorsin LSA space. Here, we need to map an arbitrary
utterance to a preexisting rule that then states what
knowledge needs to be updated and what actions need to
betaken, if any. Thisisthe same task as was performed
by the rule-based approach described at the beginning of
this section, but, with the LSA approach, the phrases
spoken do not necessarily have to match precisely aslong
as their meanings, expressed as vectorsin the LSA space,
are similar enough. Unfortunately, there's not a one-to-
one correspondence between arule in the speech
recognition engine and a vector in the LSA space. A
given utterance may match to a combination of rulesin
the grammar. For example, the utterance "who is Albert
Einstein," might match to a pair of rules such as the
following:

(1) <whoQuestion> = *who is <person>’

(2) <person> = ‘Newton’ | ‘Einstein’ | * Albert

Einstein’ | ‘ Copernicus
Stated loosely, these two rules recognize the words "who
is' followed by any of the people listed in (2). Thisvery
simple combination recognizes four different sentences.

L SA would be able to match the utterance against any of
the instantiations of the rules, but thereis no LSA vector
that would match to (1) or (2) individualy. Instead, a LSA
vector is generated for each possible rule instantiation.
The token bindings that went into each rule instantiation
are stored along with the LSA vector. Therefore, when an
arbitrary utterance isreceived, its LSA vector is match
against the instantiations of all of the grammar rules
currently in context. If a match is found then the tokens
associated with that LSA vector (that particular rule
instantiation) are obtained and said to the knowledgebase
just asif the user had uttered the phrase exactly as
prescribed in the grammar rule. It would be impractical,

however, to construct these vectors by hand. Instead, the
system automatically generates al possible instantiations
for agiven rule. Asnew utterances are encountered that
do not trigger a specific rule in the grammar but are
matched viathe LSA method, analysisis performed in
order to determine how the rules might be updated to
account for this new example.

4. EVALUATION

We plan on conducting two kinds of evaluations:
formative evaluations and summative evaluations. Eachis
discussed below.

The formative evaluations are intended to guide user
interface design and tool development as well as expose
any flaws in the assumptions about user behavior. These
evaluations will be in the form of “Wizard of Oz" sessions
conducted with volunteers from outside the project. The
volunteer will interact with the interface as though the
system were fully functional. However, all input will be
fed to an unseen human experimenter who will provide
the response to the user’s question. The text of the
response will be input directly into atalking head module,
which will output synthesized speech along with the
appropriate animation. After the session is over, we will
interview the volunteer user to determine how they felt
about the system’ s performance, the talking head, the
accuracy of the responses, etc.

Thefirst thing that this type of evaluation will provide
us with is feedback on what type of information we need
to be able to acquire from the user. The human
responding to the user will not get any additional data that
the system would not get. If it turns out that the human
“wizard” behind the scenes needs additional information,
then we will need to provide methods for getting that
information to the system aswell. We will also get data
on the usefulness of the talking head and other user
interface elements. Finaly, thisevaluation will provide us
with a benchmark for future tests of the complete system.
By setting the standard based on human intelligence, we
will get a good measure asto how well our system should
be able to perform.

The summative evaluations are designed to
benchmark the overall performance of the system. We
will again use volunteers outside of the project. Thistime
they will interact with the completed system. After the
session is over they will be asked the same questions as
were asked of the first set of volunteersin the “Wizard of
Oz" tests. By comparing the results of these tests, we will
get an idea of how well the system performed and what
might still need to be modified. The summative
evaluations as just described may occur at severa stages
of the project. Thiswill not only provide guidance for
future work but will also tell us how effective previous
modifications had been.



5. CONCLUSION

In an effort to free users from the constraints of the
desktop, intelligent environments are being created that
alow for device-free interaction. A key pieceto this
endeavor will be the accurate understanding of natural
human language. Described above is a method for the
enhancement of speech recognition and natural language
understanding through the coupling of highly accurate
rule-based grammars with a powerful categorization
technique. Together they should alow for accurate
recognition and understanding without the constraints of
strict phraseology. In addition to LSA, alearning
mechanism will be used to infer new grammar rules. This
method can do no worse than using rule grammars alone,
but it remains to be seen exactly what the practical benefit
will be. Emphasiswill be placed on detailed evaluation
regimens that will tease out thisinformation along with a
host of other important information.
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