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ABSTRACT 
Verbal command and control systems are fairly common; almost 
all off-the-shelf speech recognition packages come with a way to 
perform various tasks through a voice command.  Unfortunately, 
these systems require that the user utter the commands precisely 
in the format that it is expecting.  These systems have a small 
number of grammar rules defined that are used to match against 
incoming utterances.  Here, we present a method of using these 
same grammar rules to expand the capabilities of command and 
control engines to include semantically similar utterances.  Latent 
Semantic Analysis (LSA) is used to connect specific grammar 
rules with the meanings underlying matching phrases resulting in 
utterances being matched to grammar rules even though the exact 
phrase did not match any specific rule.  Experiments are described 
that determine the extent to which this method can be used and 
how accurate it is. 

Categories and Subject Descriptors  
H.5.2 [Information Interfaces and Presentation (e.g., HCI)]: 
User Interfaces – Natural language, User-centered design, Voice 
I/O. 

I.2.7 [Artificial Intelligence]: Natural Language Processing – 
Language parsing and understanding, Speech recognition and 
synthesis, Text analysis. 

General Terms 
Reliability, Experimentation, Human Factors. 

Keywords 
natural language understanding, latent semantic analysis, speech 
recognition, command-and-control 

1. INTRODUCTION 
Speech recognition engines typically have two separate modes of 
operation.  The first, called a dictation grammar, relies on 

complex statistical models of a language, while the second, called 
a rule grammar, requires simplified regular expressions that can 
be matched against incoming utterances.  The purpose of both of 
these grammars is to model the speech patterns of users in a way 
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 expressions in 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 is only useful 
if the recognized text can be understood by the system.  
“Understanding” here is used to mean that the system can match 
an utterance to an existing grammar rule and extract the 
appropriate information.  
This work is being conducted within the framework of an 
Intelligent Environment (IE). An IE is a space within which a user 
or users interact with the computer system without the 
encumbrance of tactile interface devices such as a mouse or 
keyboard.  The primary mode of interface will, therefore, be voice 
input. In addition to recognizing user commands and questions, 
this environment is intended to be conversational in nature.  

2. BACKGROUND 
In the system being described here, the natural language 
understanding module has one responsibility.  That responsibility 
is to provide an analysis of the user’s utterance in order to 
determine what action or actions need to be taken to satisfy the 
user’s request.    
When a system is employed in a limited domain and has only a 
limited 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 a simple travel 
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 natural 
language understanding (NLU) technology utilized here is based 
on classification.   
Notable among the various classification approaches are those 
that are based on word co-occurrence patterns such as LSA [8, 12] 
and HAL [6].  LSA is an attractive approach because it can be 

 
 
 



trained on untagged texts and is a simple extension to keyword 
based techniques. 
In general, methods for analyzing a large corpus of text, such as 
LSA, are described as generating “language models” rather than 
being applied to the specific task of speech recognition.  It should 
be made clear that we are referring to corpus analysis based on 
large digital texts; this is quite different from the analysis of audio 
corpuses as is quite common in building dictation grammars for 
automatic speech recognition systems. What is being proposed 
here will not alter the audio models used within a speech 
recognition engine.  Instead, a large corpus of text is analyzed in 
order to create a semantic representation.  Our project attempts to 
use these semantic representations to categorize incoming 
utterances as if it were one of the existing grammar rules. 
There has been research conducted on the application of this type 
of corpus analysis to speech recognition, although it is generally 
assumed that the language models produced would replace or 
modify those in existing speech recognition engines.  Some 
examples would include Siivola’s technique of using a neural 
network to cluster semantically similar words based on their 
context [14] and a method created by Gotoh and Renals that 
automatically generates multiple topic-based language models 
using a statistical scheme related to singular value decomposition 
[9]. While the proposed research overlaps with this type of 
language modeling, it is more akin to information retrieval 
methods that do text classification.  Aside from those already 
mentioned in the above section, some notable examples would be 
[3-5, 10, 11]. 

2.1 Latent Semantic Analysis 
LSA has been remarkably successful at a number of natural 
language tasks.  In  the arena of query-based document retrieval 
[7, 8], LSA was compared to a large number of research 
prototypes and commercial systems. LSA was shown to perform 
as well as the best other method in some trials and as much as 
30% better in others, with an average improvement of 16% over 
the competitors.   
To use LSA, one must first develop an LSA space, which acts as a 
lexicon.  The experiments described below were conducted using 
a combination of  Grolier's Encyclopedia and the TASA corpus.  
The space represents the “meaning” of a word as a vector in a 
space of K dimensions (where K is typically 100 to 300).  From 
the corpus, one computes a co-occurrence matrix that specifies 
the number of times that word Wi occurs in document Dj.  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.  

2.2 Task Domain 
The task domain chosen for these tests was that of Microsoft™ 
Outlook's Calendar program.  This was chosen for a number of 
reasons.  First, the domain is narrow enough to have a tractable 
number of possible action or query types that might be presented.  
Second, the domain is broad enough to allow for a large number 
of possible utterances, thereby giving the system a sufficient test 
of semantic possibilities.  A set of fourteen initial grammar rules, 
was expanded into a set of 14,792 instantiations of those rules 
even after not elaborating items such as dates.  The third reason 
for this domain choice is the fact that it is a widely used program 

that can be easily tested in real-world situations.   Finally, 
Outlook has an easily accessible API. 

3. CONNECTING LSA AND NLU 
Understanding spoken speech really requires two very different 
capabilities.  The first is the translation of the sound patterns into 
textual representations.  This process is commonly referred to as 
speech recognition.  This research does not delve into the area of 
audio to text conversion.  We have chosen to use the 
commercially available Dragon Naturally Speaking™ software 
package as our speech recognition engine mainly due to the level 
of developer support available.  Like most commercially available 
speech recognition products, Dragon Naturally Speaking™ can 
translate audio streams to text using two modes, dictation and 
grammar, discussed previously.   
In a way, our system uses both modes simultaneously.  The 
speech recognition engine is set up to use a list of grammar rules 
as its primary matching scheme; however, if no rule from this list 
is matched, the engine will still provide text based on the dictation 
grammar. For this reason, all the grammar rules used as the basis 
for semantic classification will still function exactly as originally 
intended.  Our system comes into play only when an existing rule 
is not matched.  In these instances, Latent Semantic Analysis [8, 
12] is used to extract and match grammar rules to the text 
provided by the dictation grammar.   
Instantiated grammar rules are represented internally as vectors in 
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 be taken, if any.  This is the 
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 as long 
as their meanings, expressed as vectors in the LSA space, are 
similar enough.  Unfortunately, there is not a one-to-one 
correspondence between a grammar rule and a vector in the LSA 
space.  A given utterance may match to a combination of rules in 
the grammar.  For example, the utterance "when is my next 
meeting," might match to a pair of rules such as the following:  

(1) <whenQuestion> = ‘when is my next <eventType>’  
(2) <eventType> = ‘meeting’ | ‘conference’ | ‘luncheon’   

Stated loosely, these two rules recognize the words "when is my 
next" followed by any of the events listed in (2). This very simple 
combination (not actually used in the research) recognizes three 
different sentences.  LSA would be able to match the utterance 
against any of the instantiations of the rules, but there is no LSA 
vector that would match to (1) or (2) individually. Instead, a LSA 
vector is generated for each possible rule instantiation.  Therefore, 
when an arbitrary utterance is received, its LSA vector is matched 
against the instantiations of all of the grammar rules currently in 
context. If a match is found then the system instantiates 
appropriate data extractors based on the types of variables 
contained within the matched rule.  These extractors are then used 
to bind values to the necessary variables.  These values would be 
things like a proper name, a date, etc.  For the example given 
above, the <eventType> variable would be bound to “meeting.”  
Since the grammar rule prescribes which variables need to be 
bound and their type, regular expressions specific to those types 
can be used to extract the necessary information from the text.  A 
more complete version of the algorithm is provided in Figure 1.  



The result is that the appropriate grammar rule is “fired” with the 
correct variables bound just as if the user had uttered the phrase 
exactly as prescribed in the grammar rule.     

4. EXPERIMENTS 
Initial testing using LSA has been both encouraging and 
enlightening.  The system has demonstrated its ability to locate 
semantically appropriate rules even when a given rule 
phraseology does not match.   

4.1 Setup 
The general population of test instances is considered to be the set 
of utterances that, in principle, can be mapped to a grammar rule, 
but are not direct matches for any rule.  In other words, all test 
instance phrases would have been missed by the speech 
recognition engine as being a match for any of the grammar rules 
it had been provided.  For a given context, this set can be obtained 
by expanding every grammar rule (assuming that all feature sets 
are complete) within that context. However, this would lead to a 
combinatorial explosion because some features have extremely 
large feature sets.  For example a complete feature set for the 
feature <first-name> would be every possible first name. In order 
to compensate for the intractability of the general population, a 
sampling frame (working population) was obtained by expanding 
all the grammar rules, but with incomplete feature sets. Expansion 
of these grammar rules within the Microsoft™ Outlook context, 
lead to approximately nine million rule instances. A statistically 
significant sample size for the sampling frame was determined to 
be 700 by a method specified by [13]. The confidence interval 
was set at 95% with a margin of error of 3.705%.  Each of seven 
tests attempted to match 100 instances to grammar rules.  Each 
test modified the instances from the target rule in some prescribed 
way. 
The samples were selected by a simplified stratified random 
sampling strategy [13] in which the population was divided into 

three broad categories, namely semantic equivalent, feature, and 
gibberish instances. A handful of sample test instances, (presented 
as examples here), are derived from the create grammar rule 
presented below.  

<create> = <creation-command> a new <event-type> with  
(the | that)  <informal-actor-reference> <connector> 
<organizational-entity> at <time> on <month> <date> 

An example rule instantiation of this grammar rule would be 
“begin a new meeting with the person from Microsoft at 3:00 on 
March 3rd.”  The elements within the <…> are generally 
references to lists of alternative strings that could be placed in 
these positions.  These will be referred to as features of a rule 
instance or variables. 

4.1.1 Gibberish  
The gibberish test instances are divided into three categories 
based on the amount of gibberish present in the samples. 
Gibberish is considered to be any out of context text or random 
noise. The gibberish text in these experiments were randomly 
selected snippets of text taken from CNN.com [1].  In the first 
category, all test samples are completely constituted of out of 
context text. “defended security efforts amid questions about” is 
an example of a test instance of complete gibberish. The second 
set of gibberish instances address the situation where the speech 
recognition engine has accurately recognized a complete spoken 
utterance, but has introduced some gibberish due to noise.  An 
example would be “begin a new meeting with the man of 
Microsoft at 3:00 on March 3rd serious responsibility country was 
proud”.  The italicized text is the gibberish appended to the 
spoken utterance. Finally the third category addresses situations 
where a part of the spoken utterance has been recognized along 
with some gibberish. This is a fairly common phenomenon 
observed in speech recognition.  Consider the example, “on his 
computer to extend vice president of Microsoft at 3:00 on March 
3rd”, where some gibberish (in italics) has been added before a 
partially recognized utterance of the <create> grammar rule. 

4.1.2 Feature Replacement 
The feature instance test samples are a type of controlled semantic 
equivalence instances in which the utterance replaces one or more 
features in the rule instantiation. These samples are also divided 
into three sub-categories based on the replacement feature 
selected. In the first category, the replacement is chosen from a 
small, but frequently used set of synonyms (taken from [2]) of the 
replaced feature. An example would be, “begin a new conference 
with the person of Microsoft at 3:00 on March 3rd”.  (In the 
grammar rule instantiation meeting was bound to the <event-
type> feature and has now been replaced by conference).  In the 
second category, the replacement is chosen from a larger set of 
synonyms. An example would be replacing the original binding of 
the <event-type> feature meeting with parley. Finally, the third 
category consists of test instances where a binding is replaced 
with a highly specific instance of itself. For example, shareholder 
would replace person as the binding of the <informal-actor-
reference> feature in the <create> grammar rule, because a 
shareholder is a very specific type of a person. 

Figure 1. Algorithm flow for understanding spoken 
commands 



4.1.3 Semantic Instances 
The semantic equivalence test instances address situations where 
the spoken utterance means the same as a rule instantiation, but is 
specified with significantly different wording.  The test instances 
for this experiment were manually created by human volunteers.  
Each volunteer was given the text for several rule instantiations 
and was asked to rewrite each instance in a way that preserved its 
meaning while being as structurally dissimilar as possible.  An 
appropriate example based on the create rule specified above, 
would be, “let's set up a meeting to meet the gentleman from 
Microsoft at 3:00 am on the 3rd of March”.   
An LSA vector for each test instance was obtained and its cosine 
similarity to the vectors for all rule instantiations within context 
was obtained. The rule instantiation with the highest cosine 
similarity to the spoken utterance is considered to be the best 
match for the utterance, and the rule instantiation is said to have 
fired. The cosine between the fired rule and the spoken utterance 
is the confidence of the match. A false positive occurs when an 
incorrect rule has been fired, sometimes with an alarmingly high 
confidence level. For example, “The Attaché coming from Cuba 
needs to meet with me at 11:00 am on March the 16th” matching 
to the <where-event> rule instead of the <create> rule. In order to 
prevent false positives, a rejection threshold is introduced so that 
if the confidence of the best match is under the rejection 
threshold, the fired rule is rejected and the spoken utterance is 
considered to be unclassified. Selecting an appropriate threshold 
for rejection is a non-trivial problem because it involves 
minimizing the frequency of false positives while maximizing the 
number of true positives. Therefore, this study experiments with a 
rejection cosine thresholds ranging from 0.5 to 1.0 with 
increments of 0.01. All 700 test instances were run in the search 
space and the cosine value of the best match along with the fired 
rule was recorded for each test instance. 

4.2 Results 
First off, it should be reiterated that the system described here is a 
supplement to the standard rule grammar systems already in use 
for command and control.  For this reason, all of the phrases that 
the command and control grammars are designed to recognize 

will still be recognized as usual.  The results of the system will, 
therefore, be providing a level of increased recognition that would 
not have been made by the original rule grammar alone.  For this 
reason, it does not make sense to test exact matches.  All of the 
test instances being used for these experiments would not have 
been matched by the grammar alone. 
For any given instance of a phrase, the results of a matching 
attempt could be categorized in four ways: (1) a hit is when the 
phrase is exactly matched to the intended command, (2) a miss 
occurs when the phrase is matched to a command that is unrelated 
to the intended command, (3) a partial hit happens when a phrase 
is matched to a command that is not exactly the intended 
command but would result in the same action as the intended 
command along with necessary information, and (4) a phrase 
might not be matched to any command and would, therefore, not 
result in an action.  All of the graphs presented here show the 
percentage of instances (y-axis) categorized into these four areas 
when a particular cosine threshold (x-axis) is used to make the 
distinction.  As the cosine threshold increases, the requirements 
for a match (both correct and incorrect) become more stringent 
and the likelihood that the phrase will not be matched increases.   

4.2.1 Gibberish  
In our first experiments we needed to know how robust the 
system was at handling gibberish input.  In other words, if the 
utterance was completely unrelated to the subjects addressed by 
the command and control grammar, how would the system 
categorize these?  The gibberish used where random phrases 
extracted from a corpus of news articles [1].  For example, the 
following phrase was used as gibberish text: “to resign by the end 
of the year and urged Disney to split.” The graph in Figure 2 
shows the results over 100 test instances at different cosine 
thresholds.  For our complete gibberish instances there is no 
intended command that is supposed to match.  Therefore, a 
perfect result would be one in which there were zero hits, zero 
misses, zero partial hits, and 100 percent unmatched.  The system 
actually reaches this ideal at a cosine value of 0.87.  Even at the 

Figure 2: Results of experiments using complete gibberish 
instances.  The ideal result would show 0 hits, 0 misses, and 

100 unknown. 
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Figure 3: Results of experiments using instances with partial 
gibberish.  Half of the instances had random statements 

added to a complete command while the other half replaced 
part of the command with a random statement. 
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lowest cosine value of 0.5, the system has only 7% false positives 
and reaches 2% false positives at a cosine value of 0.64. 
Our second experiment also involves some gibberish, but in this 
case only some of the incoming test phrase is gibberish, the rest is 
a valid command.  For example, the following phrase was used as 
a test case, “begin a new meeting with the man of at on serious 
responsibility country was proud.” Current speech recognition 
systems will still occasionally misrecognize an individual’s 
utterance. Unlike when a person uses a speech recognition system 
to dictate text, the Intelligent Environment does not have a way 
for the user to correct the speech recognizer’s output.  This partial 
gibberish test is intended to simulate when the speech recognition 
engine incorrectly translates a portion of the user's utterance.  
Often the erroneous section of the output is completely unrelated 
to the current context of the statement even though the words 
themselves are valid.  Figure 3 displays the averaged results of 
two different types of these tests.  Half of the instances had 
random statements added to a complete command while the other 
half replaced part of the command with a random statement.  The 
interesting line on this graph is the one representing false 
positives (misses).  Even at the most liberal cosine value of 0.5, 
only 5% of the test instances where incorrectly matched.  This 
means that even when the speech recognizer incorrectly translates 
a portion of the user's utterance, this methodology is still likely to 
correctly ascertain the user's intended purpose.  This does not 
mean that all of the information needed to successfully complete 
the user's request will be available.  Under such circumstances, 
the system will specifically request that the user supply the 
missing data. 

4.2.2 Feature Replacement  
The next three experiments attempted to measure the system's 
ability to correctly match an incoming utterance with a grammar 
rule that has a very similar meaning.  As described above, these 
experiments replaced one or more features of the original 
grammar rule with synonym words not included in the original 
rule.  All of these feature replacement tests produced very similar 
results with false positives accounting for no more than 1% of the 
test cases.  Figure 4 is a graph showing the average for all three 
types of feature replacement experiments.  Again, these tests 

show only a 1% error rate with synonym replacements and a very 
high hit rate.  These experiments give us confidence that small 
deviations from the provided grammar rule will nearly always be 
correctly identified. 

4.2.3 Semantic Instances  
Finally, the results for the experiment testing what we have called 
semantically equivalent instances were significantly different.  
These test cases were made up of phrases that mean the same 
thing (based on human interpretation) as a provided grammar rule, 
but do not necessarily share any structural similarity.  For 
example, “What time is my date with that person with Dell 
computers?” had a 0.74 cosine with the rule instance, “when is 
my talk with that person with <organization>?”  Figure 5 shows 
the results for the semantic equivalence tests.  Just as we have 
seen previously, as the cosine threshold becomes more stringent, 
the unmatched instances increase while the positive instances 
(those correctly matched to a grammar rule) decrease.  While, the 
number of false positives increases as expected, they remain 
below 12% for all cosine values above 0.5.  The number of partial 
hits also goes up, but only reaches 8% even at the lowest 
threshold.   
In initial tests (not shown here) we got a much higher error rate at 
the lower cosine levels (~40% at 0.5).  Two things brought the 
error rate down to the level show in Figure 5.  First, the process 
(Figure 1) was modified to remove information elements that 
were hypothesized to be semantically neutral or negative from the 
perspective of LSA.  Second, during those early tests, partial hits 
were being incorrectly labeled as incorrect matches.  For instance, 
some of the grammar rules being tested here involve follow-ups to 
previous commands.  In other words, the user should have issued 
a command such as, “create a new meeting,” prior to providing 
information that would be matched to a follow-up rule.  In these 
circumstances, the follow-up rule would not have been in context 
and, therefore, not considered for a match.  For example, the test 
instance, “The representative of Taiwan will be meeting us on 
March the 16th at 10:00am,” is meant to instigate the creation of a 
new meeting.  It was incorrectly matched to a follow-up rule of 
the form, “the meeting will be with the <position> of 
<organization> at <time> on <date>.”  Semantically the incoming 
utterance about the representative of Taiwan is very similar to the 
follow-up rule.  However, if the follow-up rule had not been 

Figure 5: Experimental results in which rules were matched 
against semantically equivalent instances. 
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Figure 4: Results showing one or more features replaced by 
synonyms not present in the original grammar rules. 
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available as a possible match, then it might have been correctly 
matched to an appropriate creation command. 

5. CONCLUSION 
In an effort to free users from the constraints of the desktop, 
intelligent environments are being created that allow for device-
free interaction.  A key piece to 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 classification technique.  
The results presented here, although not performed on “live” 
speech, demonstrate a clear benefit over rule-based grammars.  
Since none of the test instances could have been recognized by a 
rule-based approach, any command correctly categorized by this 
new approach can only serve to increase the accuracy of the 
overall system.  The trade-off of possible miscategorizations 
seems reasonable although testing under real-life conditions needs 
to be conducted.  The technique presented here in conjunction 
with standard rule-based methods should allow for accurate 
recognition and understanding without the constraints of strict 
phraseology.  Future experiments will test the system under “real-
world” conditions in order to gauge its full usefulness.  In 
particular, we want to know what percentage of utterances is 
likely to match the original grammar rules as opposed to being 
semantic equivalents.  We also would like to find out what 
percentage are going to be simple synonym replacements and how 
many will be complex restatements.  Experiments with human 
subjects are currently underway. 
Finally, the system was not tested as a whole unit.  Instead, the 
NLU module was tested without the inclusion of variable 
bindings or text actually coming from the speech recognition 
engine.  Future experiments will include these elements.  The 
results presented here show that this method of supplementing the 
speech recognition system to aid in natural language 
understanding is worth additional testing and can increase the 
usability of verbal command and control software significantly. 
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