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Abstract

The Marvin robot is intended to act as a security guard for the School of
Chemical and Physical Sciences capable of performing a number of simple tasks
and responding to a number of simple queries via a voice recognition mecha-
nism.

Interaction via spoken English requires that Marvin be capable of under-
standing commands and queries that are not necessarily complete or correct.
The output from the voice recognition software might also incorrectly interpret
utterances and so our system must take this into account.
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Chapter 1

Introduction

MARVIN (Mobile Autonomous Robotic Vehicle for Indoor Navigation) is a robotic security
guard developed by the School of Chemical and Physical Sciences’ Dale Carnegie.

The goal of the project is to develop a system capable of identifying commands delivered
to the MARVIN as series of sentences, or utterances, spoken by users. A third party speech
recognition system will convert the speech to text, as the speech recognition component is
outside the scope of this project. The system will need be able to handle instructions artic-
ulated in normal, everyday New Zealand English. The system will be used to understand
commands given to the MARVIN robot.

1.1 The Mµ system

There are several significant components required for an autonomous robot: path finding,
goal planning, speech recognition, dialogue systems and learning systems. The scope of this
project, however, is limited to identifying spoken commands.

The system, Mµ (MARVIN Understander), will have to be able to identify three kinds of
commands:

• Requests for directions to a location within the Laby building. For example: “Where is
the school office?”

• Requests to accompany a visitor to a location within the Laby building. For example:
“Can you show me to the exit?”

• Queries about a particular staff member within the School of Chemical and Physical
Sciences. For example: “Who is Dale Carnegie?”

The system should then output the appropriate command to execute along with the
appropriate parameter.

Although the scope of the project does not include learning support, the system should
be designed so that it would support on-line learning of new utterances.

1.2 Understanding a sentence

This project requires a natural language understanding system. In this case, the system
will be responsible for taking English sentences as strings of words and determining an
appropriate command to execute based on that input.
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Natural language processing would be a trivial problem if not for the many possible
ways to articulate a meaning from a sentence in natural languages. Consider the following
sentences:

• “Where is the school office?”

• “How do I get to the school office?”

• “Where is the administration handled?”

All of the above are requests for directions to the school office – they all have the same
meaning.

A visitor might not know the name of the person or place that they are looking for, and
instead might describe a person or place in terms of their function or position. For exam-
ple, a visitor searching for Dale Carnegie might ask: “Where might I find a robotics lecturer?”
rather than “Where is Laby 502?” The sentences received by the system must understand the
sentence in order to identify its meaning.

There are several parts of a sentence that must be considered in order to understand it:
the vocabulary or lexicon used, the structure of the sentence and the context of the dialogue.

The lexicon used in the sentence is vital to the underlying meaning of the sentence. Each
word has an associated meaning and, combined with the other words in the sentence, con-
tributes to the meaning of the entire sentence. Therefore, each word must be considered
when attempting to evaluate the meaning of the sentence.

However not all of the words in the sentence will have an impact of the meaning of the
sentence. Consider the two sentences: “Can you take me to the school office?” and “Can you
please take me to the school office?”. The use of the word “please” is simply manners on the
part of the speaker but contributes little to the meaning of the sentence – a request to be
accompanied to the school office. The system will therefore have to attach some meaning to
each of the words.

While some words might not contribute to the meaning of a sentence, the structure will
always affect its interpretation. Consider the two sentences: “Can you take me from the office
to Laby 502?” and “Can you take me to the office from Laby 502?” Both sentences have exactly
the same set of words. However, swapping the prepositions “to” and “from” give the two
sentences different meanings. It is therefore important that the system consider the structure
of the sentence when parsing.

The structure of a sentence is an important part of grammatically correct written and
spoken English. However everyday speech is much less formal. People tend to use slang
terms, mismatch tenses and omit unnecessary words altogether. The Mµ system will need
to be flexible when handling the query as it will often be grammatically incorrect, but com-
prehensible. For this reason a strict, traditional parser will likely be unsuitable for the Mµ
system.

A sentence can have different meanings in different contexts, and this can only be dis-
covered by looking at the entire conversation. In this case, examining the context would be
a good way to deal with situations in which the system does not understand a sentence and
would seek clarification. This, however, is outside the scope of this project.

1.3 Impact of speech recognition software output as system input

MARVIN will interact with visitors via a speech recognition system, so the Mµ system will
either have to use the output of a third party speech recognition system, or provide speech
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recognition directly. Speech recognition requires a different set of techniques and is outside
the scope of this project.

The third party system will likely introduce errors into the Mµ system’s input. This is
more likely in this situation as most speech recognition systems are developed for dictation
tasks and are used with a high quality headset and are trained for a single user. In this case,
the software will not be analysing the speech of a single user over an extended period of
time, but a variety of users for very short durations. The visitor will also be further away
from MARVIN’s microphone, so background noise will have a greater impact. The Mµ
system will have to account for errors in the input.

1.4 Outline of this report

Chapter two examines some existing approaches, both technological and sociological, and
how these approaches might influence the design and implementation of the system.

Chapter three provides details on the Mµ system and its individual components. It also
outlines how the system deals with the problems inherent in natural language processing.
It also outlines the data set used to train and test the Mµ system.

Chapter four covers the results of our testing of the system.
Chapter five discusses the effectiveness of the system in theory and expectations of the

system’s performance in practise.
Chapter six covers other possible extensions to the Mµ system.
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Chapter 2

Relevant ideas from the literature

Natural language driven interfaces are very intuitive for many applications, so there are
many systems already in use that have a similar approach.

This chapter outlines the papers relevant to the design or implementation of the Mµ
system. Each section covers how the key ideas presented in the paper are applicable to the
Mµ system.

2.1 “Experiences with Commercial Telephone-based Dialogue Sys-
tems”

[4], unlike most of the others, is not a technical paper. It only mentions briefly the tech-
niques used by the Sympalog system, an automated, telephone-based dialogue system. The
paper’s main focus is how the system performed in several different organisations. Three
applications are mentioned: A car rental agency’s helpdesk, a soccer information system
and a movie timetable helpline.

All systems assist the novice user by directing the dialogue of the system. This is a
possible strategy for Marvin for more complex queries in the future, but for the initial scope
of the system the queries are not likely to be complex enough to warrant a directed dialogue.
A directed dialogue might still be useful when requesting clarification of an ambiguous or
unclear request.

The Sympalog system also allow the user to interrupt the dialogue when the system
is responding to the user. This usually indicates that the user is frustrated or in a hurry.
The system should react appropriately to interruptions by the user. If the system is seeking
clarification of an ambiguous parse, and is interrupted, the interruption will likely contain
extra information that may help clarify the user’s request. During Marvin’s deployment,
logging interruptions with the assumed request may help provide further insight into which
parses are ambiguous or incorrect.

The paper covers several features or aspects that would help to create a more successful
telephone-based dialogue system. Some of these points are applicable to the Mµ system:

• The Sympalog systems use a dialogue-based approach, rather than a menu-driven
approach. The conversation nature should take previous correspondence into account.
This is natural in normal face–to–face interaction. This can help the system establish
context. A telephone dialogue system has the two advantages that we will not have
with the MARVIN robot: A definitive manner with which to associate an utterance
with a conversation, and a reasonably confident history of past dialogues, especially
with a cellphone number.
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In the former case, the telephone conversation is established between the system and
a known connection to a known telephone number. MARVIN will typically handle
requests that do not require extended dialogue. Utterances received by MARVIN in a
short period of time can be considered part of the same conversation. A more accurate
way would be to match the voice of the user, as several users might approach in a
short space of time. This approach relies on the dictation software being capable of
matching voices with queries.

In the latter case, the system could associate previous conversations with the phone
number, if it is applicable to the domain. This will be difficult if not impossible with
the Marvin system unless the software is capable of a matching voices to previous
dialogues. Even if this is possible, it is highly unlikely the same user will have the
same requests.

• While not related to any system in particular, the paper suggests that input and out-
put be analysed in order to investigate how people interact with the system. The Media
Equation covers how people interact with technology in more detail. Section 3.5 de-
scribes how sample utterances for training and testing were collected.

• The paper also suggests matching words that are spelled differently but are pronounced
in the same way. This is an important factor to consider in the design of the system.
The paper also points out that pronunciation of names can also be problematic for two
reasons: The dictation software might misinterpret the name depending on the context
(if it has that capability), and a user might not be able to correctly pronounce a name
when asking about a person. The system will have to be able to try to find the most
likely name, if mispronounced.

• The paper also suggests that directed dialogue systems will receive desirable responses
if they are polite. This makes sense as a user will likely become hostile towards Mar-
vin if his dialogue is abrasive. It suggests that a request for clarification; ”I’m sorry. I
didn’t hear you properly. Could you repeat that?” will be better received than ”Speak
loudly and clearly”.

• The paper insists that a response time of two seconds or more is too long and will
confuse the user. This is a very valid point as the user may infer that the Mµ system
is having difficulty understanding the request, when in fact it is processing using a
processor-intensive algorithm. The user might attempt to rephrase the request unnec-
essarily, and this may confuse the Mµ system further.

While the paper did not provide any technical approaches to the system, it did provide
a number of very valuable non–technical considerations that may lead, if not to improved
accuracy, to improved user interaction. This may indirectly improve accuracy by making
the user more tolerant of the system’s inaccuracies. The points outlined in this paper will
feature highly in the design of the prototypes.

2.2 “Cooperative Model Based Language Understanding in Dia-
logue”

[2] outlines a similar strategy to the overall design I had chosen for the Mµ system; and goes
into more technical detail for each algorithm. The paper describes a system with an accurate
but inflexible finite state machine model and a more flexible but less accurate statistical
learning model. The system was deployed for the Mission Rehearsal Exercise, a system to
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help army recruits experience the real-world scenarios. This system is unlikely to receive
grammatically complete sentences. The Mµ system will have a similar problem.

Feng also explains the ”frames” or formal semantic representation that is created from
the input sentence. The frames decompose a sentence into its type (question, action and
proposition) along with extra information, including but not limited to; the time frame,
subject of the utterance and negation (if any).

The paper describes two finite state machine models: a series model and a single model.
The series model uses predefined contexts to match predefined slots, or sets of key words.
It will end gracefully with an empty frame if no key words are found, but it does not take
into account words that have different meanings in different contexts. The single model
provides a single, large finite state machine to parse the sentences. If the sentence exists in
the machine, it will always return the correct result. However, this model requires that all
sentences in the domain be known before the state machine is constructed, and it must be
constructed by hand, which is time–consuming and tedious.

Having outlined the failings of a direct match with a finite state automaton, Feng goes
on to introduce the Naı̈ve Bayes statistical learning model. Naı̈ve Bayes expresses the prob-
ability that the word W has meaning M as:

P(M|W) =
P(W|M)P(M)

P(W)
(2.1)

where P(W|M) is the probability that meaning M is expressed by the word W, P(M) is the
probability that any word has meaning M and P(W) is the probability of word W occurring
in the sentence.

The paper recognises that a word’s meaning is combination of the word’s meaning and
the context in which it appears. Feng briefly outlines a Hidden Markov model approach.
This approach determines the meaning of the word, based on the probability of the meaning
and the words preceeding the word in the sentence.

This approach can lead to very noisy results, as Feng points out. The paper outlines
the methods used to control large variations in meaning. The first ignores any meaning
obtained by a large jump in probability given a new word in the sentence. The second
groups slot-meaning pairs and takes the first meaning.

The above approaches are combined together to produce a confidence score for the sen-
tence from each model. If the sentence exists in the single finite state model, then the system
will immediately produce the correct frame with a confidence score of 1.0. Failing that, the
sentence can be run through the series finite state machine and the statistical learning model
to try to approximate the frame. Moreover, the output of the statistical learning model can be
passed to the series finite state machine in order to reduce the inaccuracies of the statistical
model.

Feng covers the results of experiments with the system in this paper. As expected, both
the single and series finite state machines have 100% accuracy when passed a known sen-
tence. The statistical model produced frames with 85% precision and 95% recall. The results
for new patterns from a blind test are not empirical for the finite state machines, resulting
in a partial frame from the series model and an empty frame from the single model. The
statistical model produced frames with 75% precision and 92% recall. The reduced accuracy
of the system on the blind set is to be expected.

Feng also lists the precision and recall of the system at points where increasing portions
of the blind set are added to the system. As expected, the precision and recall improve sig-
nificantly. Given Marvin will be operating autonomously the ability to learn new commands
without supervision will be a great asset. Although the recall and precision for this system
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seems low for the statistical learning model, the finite state machines would help to reduce
these error rates for the system as a whole.

The system mentioned in this paper faces similar difficulties that our system will face.
This paper provides a useful confirmation of the earlier decision. The combined use of
accurate finite state automata and flexible statistical methods is a feature that the Mµ system
employ to improve understanding. The Mµ system will use a different finite state automata
to the system outlined in this paper.

2.3 “Natural Language Understanding Using Statistical Machine
Translation”

[3] takes a purely statistical approach to the problem of natural language understanding. It
argues that stochastic grammars are inflexible and are not easily reused. Stochastic gram-
mars are often written by hand and this would make extending the Marvin parser difficult.

The paper introduces alignment templates, and cites an earlier work by some of the
authors of the paper: ”Alignment templates have proven to be very effective in statistical
machine translation because they allow many–to–many alignments between source and tar-
get words. [5]” This paper also points out, like many of the others, that a single mapping
on a word is insufficient to infer meaning. The example used shows ’Cologne’ used as the
origin of a journey, but this is only apparent in the context: ’from Cologne’.

The alignment templates provide two levels: a top level to align phrases and a bottom
level to align words within a phrase. The paper points out that three probabilities must
be trained by the system, but does not cover how they are trained, only how they can be
decomposed. The details of the training are in a referenced paper which I have not read.

The paper measures success by counting the number of words mapped to the correct
concept or meaning. Words were also represented by word sets where applicable. The use
of the city name set was one example, as this provides the required information without
requiring any changes to the structure of the sentence.

Macherey et al define several metrics to measure the accuracy of the system: the concept
error rate, the sentence error rate and the concept–alignment error rate. The sentence error
rate is the simplest and most appropriate metric for us to consider, as it corresponds to the
overall error rate that I will use to measure the accuracy of our system. This error rate is
simply the number of incorrectly translated sentences. The results are listed with respect to
the underlying algorithms from which the actual algorithm is derived. This demonstrates
that the algorithm was worthwhile as its performance is better than the simpler algorithms.
The error rate of the final algorithm was 4.3%, or a success rate of 95.7%.

The notion of two–level alignment templates seems to be a very good approach to the
problem of matching a formal meaning language to a natural language input, taking into
account instances when words are out of order. I will use a similar system in order to match
the output of the dictation software to Marvin’s possible actions when the utterance is not
already found in the system’s cache.

8



2.4 “Fertility Models for Statistical Natural Language Understand-
ing”

[6] mentions a system that must be trained with an annotated corpus. It uses an EM1 algo-
rithm to learn the probabilities that a given ”clump” or ”clumps” are associated with a word
in the formal language. A clump is a word or set of consecutive words that are associated
with a prior word in the sentence.

The paper does not explicitly say how the algorithm handles words grammatically out
of place. It is important that the Mµ system can handle words out of place in an utterance,
so this algorithm might not be appropriate for the Mµ system. The nature of EM algorithms
require that they be run several times until the variance of the results are reduced below a
certain threshold. With a large corpus of words, this might take a long time and [4] suggests
it is important to have a timely response.

A possible application of this kind of learning could be learning or training the Mµ
system to associate particular words with particular subjects (associating secretaries or sec-
retary with the office for example). This would almost certainly have to be off line, as this
information is probably not likely to come up in practice, and learning to associate a new
term with a given location would only be possible if the user rephrases the question in such
a way that the Mµ system can recognise the command.

The system was tested by using a program that constructed SQL queries against an
ARPA test database. The highest accuracy was 83.04% when using an annotated corpus,
and 79.91% without. These values are too low to meet our goal accuracy and would need
some sort of additional checking in place to improve accuracy. The use of clumps of words
was also suggested in [3] and would be a useful feature in the statistical implementation to
reduce individual words in the utterance to words in the formal language.

2.5 “The Media Equation”

[7] is quite different to the other sources and it covers the psychology and sociology of peo-
ple as they interact with different media.

Reeves and Nass’s research concludes that people will often react to media in a way that
they would normally act with another person. The book includes an example in which an
entire audience personalised a puppet, directing questions to it rather than the puppeteer.

Taking this research into consideration, it would seem that it is highly likely that people
will use natural dialogue when addressing MARVIN, rather than trying to use language
that they think a robot may understand. This is an important justification for the project in
general.

2.6 Summary of relevant papers

The papers outlined above have provided some excellent starting points for the design of
the Mµ system. Not only have the papers covered some existing technical approaches, they
have also provided some sociological and psychological insight that may well prove invalu-
able in practice.

1An Expectation-Maximisation algorithm estimates values for hidden variables and performs the calculation
with the hidden variables and uses the output to adjust its estimates for the hidden values until variance drops
below some threshold
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Chapter 3

The Mµ system

The Mµ system will have to consider both the vocabulary and partial structure of a sentence
in order to understand its meaning. It will also have to take into consideration the likelihood
of errors introduced by the speech recognition software. It should also provide support for
a learning mechanism that adds to the knowledge base through interactions with visitors.

The Mµ system uses a high-level approach very similar to the approach outlined in [2]. It
has two complimentary methods: a finite state automaton to store complete phrases known
to the system, and a Naı̈ve Bayes module to parse utterances that are previously unknown,
or have little structure.

The Mµ system attempts to use the finite state automaton to match the utterance, or find
a near-match. If no result is found in the finite state automaton, then the utterance is passed
on to the Naı̈ve Bayes module.

3.1 Fast matching using a deterministic finite state automaton

The direct lookup uses a large trie – a directed tree with each node having an arbitrary
number of children. In contrast with a more general prefix tree, the trie used in Mµ stores the
next word in the utterance at each node. This way, the path to a node at depth n represents
the first n words in the utterance. The transition to the next node in the trie is determined
by looking at the next word in the utterance and using the transition from the current node
that for that word.

This module is instance-based, storing each individual utterance that is known by the
system in advance. This module is designed to quickly match utterances that are already
known to the Mµ system, as many of the phrases known to the system are likely to be found
in many of the input utterances.

This approach however relies on the Mµ system receiving completely accurate input
from the speech recognition system. Given that most speech recognition systems are de-
signed for use with a headset rather than a microphone at a distance, errors in the input
are highly likely. It also relies on having all possible utterances stored in the system. The
Mµ system has three extensions to trie: caching synonyms for each word when loading
utterances into the trie, separating the noun phrases in utterances from the utterance and
modifying the search to include utterances the trie that have only a one word difference.

3.1.1 Adding synonyms from the WordNet database during training

The English language has a rich vocabulary, with many words having the same meaning.
Priceton University’s WordNet database [1] has a large corpus of English words and con-
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tains a broad network of relations between words, including synonyms.
By locating synonyms for each word during training, the lexicon of the system that is

stored in the trie can be expanded without having to manually annotate the training data,
nor add extra training utterances.

3.1.2 Parameterising known utterances

Many of the utterances known to the system and stored in the trie will have the same under-
lying command with a varying noun phrase representing the person or location of interest.
For example, consider the sentences:

• “How do I get to the school office?”

• “How do I get to the first year chem lab?”

• “How do I get to Dale’s office?”

All of these sentences are requests for directions to different locations. Separating the
noun phrase, or parameter, from the rest of the sentence allows greater generalisation of the
stored utterances.

By representing locations as metawords in an utterance, we can model the request for
directions generically as: “Where is 〈location〉?” and “How do I get to 〈location〉?”, and then
substitute locations in order to increase the vocabulary. This substitution can be made either
when the known phrases are loaded into the lexicon in the system, or dynamically when the
utterance is parsed.

The former option is trivial to implement, but would drastically increase the size of the
trie, which would increase the search space and slow the search down significantly. The
latter option reduces the search space and conveniently categorises the noun phrases into
different classes that can be referred to from different utterances. This allows the system to
match utterances that have not explicitly been added to the system.

Storing known phrases in the trie

Utterances that share a common sequence of words at the beginning of the sentence will
share a path in the trie until the two utterances differ. For simple requests and queries this is
a simple and effective optimisation, as they will often share a similar structure and branch
later, when describing the object in the sentence.

Figure 3.1 represents the state of the trie after the contents of the training file in figure 3.5
are entered.

3.1.3 Using an augmented transition network to facilitate parameterised utter-
ances

As mentioned above (section 3.1.2), parameters can be parsed at runtime easily if they are
stored together, and can be parsed as easily as existing utterances. We use an augmented
transition network to separate groups of common parameters from the utterances in which
they appear.

Rather than a singly-connected trie, an augmented transition network is a set of singly-
connected components, with each component representing a distinct classification or group-
ing. In our case, we use an component to store utterances and metawords to reference the
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Figure 3.1: The trie after loading the training file in figure 3.5.

classes of the parameters. Parameters of a class are then all grouped into a single compo-
nent. Locations and people, for example, are treated as two distinct classes. This reduces
the number of nodes in the trie further thereby reducing the time required to search the trie.

When traversing the trie, a node can reference a meta-transition by a metaword. The
component corresponding to the metaword is then traversed with the remaining words in
the utterance and a stack with the most recently encountered metaword on top (this allows
classes to be parameterised also). When the class component is traversed and an end node
is encountered, the parameter stored at the last node is returned and mapped against the
metaword. This is later used when parsing the action to discover the parameter for the
action that the utterance corresponds to.

Figure 3.2 shows the above trie separated into the structure trie at the top and the two
parameter tries: “locations” and “people”. As well as the reduced storage requirements for
very large sets of commonly used noun phrases, these separate tries could be useful for a
parser that attempts to break an utterance down into parts of speech. The “people” trie
could even be used in conjunction with tries that use other languages.

This approach however requires that the noun phrases in the sentences in the training
set be marked so that the system can add them to the correct tries. Currently, this must be
done by hand.
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Figure 3.2: The trie in figure 3.1 with the common noun phrases separated into a “locations”
trie and a “people” trie.

3.1.4 Modifying direct lookups to handle a single word out of place

Our system relies on input from third-party speech recognition software. At the time of
writing, this will by Dragon NaturallySpeaking. Dragon NaturallySpeaking is designed for
use with a user’s vocal profile and is trained by the user to their voice and accent. It is
also used with a headset that puts the microphone near the user’s mouth. This setup helps
improve the software’s accuracy.

We will not have the two advantages that the training and microphone offer. Most users
will interact with MARVIN briefly and as such the system cannot be trained to one visi-
tor’s voice. The visitors will also be further from the microphone and so the spoken com-
mands will be heard along with noise from the surrounding environment. This increases
the chances of misheard or misinterpreted words significantly.

In order to cope with these situations, we have modified the direct match traversal to
handle situations in which the speech recognition software has incorrectly matched a word,
added an extra word, or missed a word altogether. The requires a modified depth-first
search of the trie containing the known utterances.

3.1.5 Near-match graph traversal

Complete, known utterances are stored in the system in a trie structure. This structure com-
bines reduced storage requirements with rapid traversal. Future work could also use the
structure to infer interchangable noun phrases by recombining paths in the trie after they
have branched closer to the root node. Figure 3.3 outlines the leave-one-out search for the
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trie.

Traversing the augmented transition network

Direct traversal of the basic trie is trivial. However, traversal of the augmented transition
network including all matches differing from the input utterance by one word is not. Figure
3.3 is modified slightly to include transitions to the components containing the different
noun phrases.

3.2 Statistical methods to handle ’noisy’ input

As mentioned in the introduction (section 1.2), conversational English tends to be informal,
an is often grammatically incorrect. Words that add little to the meaning, or that can be
inferred from the sentence itself, are often skipped.

In these situations a strict grammar parser will fail as the sentence itself, while easily
understood by a fluent human audience, is not formally correct English. These situations
will also be the norm rather than the exception.

In order to handle ’noisy’ input of this kind a statistical model will be employed. Typi-
cally these statistical models use a combination of the probability of a word in the utterance
being heard by the system with the probability that the word is associated with a particular
meaning. In this case, a Naı̈ve Bayes approach was taken and is described in more detail
below (section 3.2.1).

3.2.1 Naı̈ve Bayes statistical analysis for both command and parameters

Naı̈ve Bayes is statistical method based around Bayesian inference. The formula below
forms the basis of Bayesian inference:

P(H|E) =
P(E|H)P(H)

P(E)
(3.1)

where P(H|E) is the likelihood of the hypothesis H given the evidence E. This likelihood is
necessary to determine the probability of the hypothesis given the evidence. However, this
is unknown, so the Bayes formula must be used to calculate the probability. P(H) and P(E)
are the probabilities if the hypothesis and evidence occuring in the data respectively. They
are known as priors.

For our problem, the evidence E can be represented as a sequence of words, similar to a
term vector1 ~w. This gives the formula:

P(A|~w) =
P(~w|A)P(A)

P(~w)
(3.2)

where P(A|~w) is the probability of performing some action given the sentence defined
by the term vector ~w. Expanding the equation further yields:

P(A|~w) = ∏n
i=1 P(wi|A)P(A)

∑m
j=1 ∏n

i=1 P(wi|Aj)P(Aj)
(3.3)

where n is the number of words in the utterance and m is the number of actions that the
system can perform.

1Normally a term vector is a vector of length n where n is the length of the system’s vocabulary, and the ith
entry is a boolean value indicating whether the ith word in the vocabulary occurs in the utterance.
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The above equation multiplies the likelihood of each word occuring in the utterance
given the action together and then multiplies that by the prior probability of that action
being required. Therefore, the actions more commonly requested will have a greater prior
P(A), so the calculation will favour the more common actions.

The denominator of the function simply normalises it, ensuring that a valid probabil-
ity from 0.0 to 1.0 is produced. As mentioned above, our term vector includes only those
words in the utterance. This can raise problems if a previously unknown word occurs in the
utterance. How should we deal with this new word?

One approach is to ignore the probability of the word P(wi|A) where the ith word is the
unknown word. However when considering the equation given above and also considering
that the factors in the sum are all probabilities (and hence fall in the range 0 – 1), it becomes
intuitively clear that ignoring the unknown word will give higher value for the product in
the denominator for utterances that do not contain the word, as each additional factor in the
product will make the result smaller.

We can also not use 0.0 as this will result in a probability of 0.0 for the action. We do
not want to rule out the action, as it could easily be the correct action, based on an utterance
with an extraneous word. Instead, we need to know the probability that the action has a
previously unseen word associated with it. We use the following formula:

P(wi|A) =
number of distinct words for action

total number of words for action
(3.4)

3.2.2 Naı̈ve Bayes using effective hashmaps

The Naı̈ve Bayes algorithm relies on the system having stored a table containing the values
for p(wi|Aj) and p(wi|NPj) in a table. Rather than storing the probability in each cell of
the table, we store the number of times during training that the word is associated with the
given noun phrase or action. It is easier to store the count and then, during training, locate
the appropriate cell and increment its value, rather than having to recalculate the probability
of the word given the action or parameter each time.

The tables 3.1 and 3.2 on page 17 are produced after the system is trained with the fol-
lowing sentences:

• “Where is the dean’s office?” (Give directions to Laby 406a)

• “Where is the school office?” (Give directions to the school office)

• “Show me the school office.” (Move to the school office)

• “Who is Dale Carnegie?” (Play recording about Dale Carnegie)

The tables shown are small and are very sparse, even for a small set of actions, noun
phrases and words. In much larger data sets, most of the counts will be zero. Rather than al-
locating a large and unnecessary multidimensional array to store the counts, we instead use
a series of nested HashMap objects. The outermost HashMap maps the action or noun phrase
to another HashMap. The internal HashMap’s keys are the words that have been associated
with the action or parameter that the row is mapped to, and the values are integers count-
ing the number of times the given word is associated with the given noun phrase or action.
Missing words in the internal HashMap indicate that the word has not been associated with
the action or noun phrases during training. Looking up an entry in a hash table is typically
a constant time operation (O(1)).

16



Words Actions
query directions moveto

the 0 2 1
deans 0 1 0
office 0 2 1
where 0 2 0

me 1 0 0
who 1 0 0
show 0 0 1

is 1 2 0
dale 1 0 0

school 0 1 1
carnegie 1 0 0

Table 3.1: Table of number of instances of the given word for the given action

Words Noun phrases
Laby 406a Dale Carnegie office

the 1 0 2
deans 1 0 0
office 1 0 2
where 1 0 1

me 0 0 1
who 0 1 0
show 0 0 1

is 1 1 1
dale 0 1 0

school 0 0 2
carnegie 0 1 0

Table 3.2: Table of number of instances of the given word for the given noun phrase

3.3 Combining results of the two modules

Attempting to find a direct match in a trie is accurate if the trie contains the utterance (and its
correctly associated action), and fast whether or not the trie contains the utterance. Statistical
methods like Naı̈ve Bayes are flexible enough to handle partial mismatches in the system
and can make a good estimate of the utterance if the utterance is not already known by the
system.

[2] combines a direct match algorithm and statistical method together to increase the
resulting accuracy of the system. We have adopted a similar approach, using Bayesian anal-
ysis to attempt a parse when the direct lookup fails.

3.4 Implementation

Our implementation is written in Java 5.0. The genericity of the data structures in the Java
SDK are used heavily throughout the system.

The standard Java libraries also tend to employ method names and types that are ver-
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bose. It is also well-documented. The language itself is also widely-used. These character-
istics make the Java language easy to port to other imperative languages.

The latest version of Carnegie Mellon University’s open-source speech recognition soft-
ware, Sphinx 4.0, is also written in Java. Future testing should involve data from a speech
recognition system and having our system written in Java would facilitate integration of the
Sphinx software.

Java programs can also be executed on multiple operating systems via the Java Virtual
Machine. This is always an advantage, but is not of high importance in our case, as we can
tailor the system to a particular operating system or hardware.

3.5 ’Chatterbox’ for web-based sample utterance collection

When training and testing the system it is important to find a large set of unique training
sentences. However, if one person constructs all of the training sentences, they will likely
reflect the idioms of that person, rather than a broader range sampling the population likely
to interact with the system.

An early stage of the project involved the development of the Chatterbox tool. The tool
is used to collect a wide variety of

The tool stored 10 goals that a visitor might have, and picked one at random every time
a person visited the web page. It was necessary to state some goals so that the site’s visitors
had an understanding of the queries that the system was capable of dealing with. On the
other hand, people that used the site pointed out that the way the questions were phrased
lead the user – giving the impression that a particular response was needed. Despite this,
very few of the collected samples were repetitive.

The Chatterbox tool used direct text input. Ideally, we would like to collect utterances as
spoken English, rather than written, as people tend to use different language in speech than
they would when writing or typing. Spoken utterances would have variations in accent that
could be useful for testing the speech recognition software.

The Chatterbox program strips out punctuation and excess whitespace at the end of the
response and between words, converts the response to lower case text, and then is stored in
the database. These modifications allow the script to find repetitions regardless of capital-
isation and whitespace. It does not perform any spelling check, so this must be performed
manually.

3.5.1 Raw retrieved samples

258 responses were collected from the Chatterbox tool, 231 of them being unique.

3.5.2 Ambiguities, spelling errors, and insufficient information in collected sam-
ples

Some of the collected samples were unsuitable for training and had to be corrected.
The most common errors were spelling mistakes. As our system will use the output of a

speech recognition program, the system is highly unlikely to encounter spelling errors. After
correcting the spelling, a number of them were found to be duplicates of existing requests.

There were some ambiguous phrases. These were typically responses that expected a
request to be accompanied to a location, but the response suggested that only directions
were required. These requests were annotated as being requests for directions to the location
instead.

18



Some responses were in fact several responses combined together. These responses were
split into individual responses.

The corrected set contains 216 unique responses.

3.5.3 Training data as direct and parameterised utterances

Our training data is stored in an easily-readable format in a text file. Each line contains an
utterance and the associated action delimited with a colon (see 3.5).
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Treat the utterance as an indexable sequence of words.

Create queue to holds tuples containing possible searches.

The queue should be ordered such that tuples are ordered by increasing number
of mismatches and decreasing positions in the utterance.

Set the global minimum number of mismatches to the maximum number
of mismatches allowed.

Push a tuple of the form 〈start node, 0, 0, empty〉 onto the queue.

While the queue is not empty...

Pop the first tuple from the queue. This is the current tuple.

If the current tuple doesn’t reference the first node, and the current tuple
does not contain position 0 and the word at that position doesn’t match the word
at the node reference by the tuple...

Add one to the number of mismatches contained in the tuple.

If number of mismatches contained in the tuple is greater than global minimum...

Continue to the next iteration of the loop.

If the current tuple’s position corresponds to the last word in the utterance,
and the node referenced by the tuple has an action...

Create a response from the action on the node and the utterance match
contained in the tuple.

Otherwise...

If the number of mismatches in the tuple is less than the global minimum...

For each child of the node referenced by the current tuple...

Add a tuple of the form 〈child node, mismatches in current tuple + 1,
position in current tuple + 2, the utterance match in the current tuple
with the word on the child node appended to the end〉
Add a tuple of the form 〈child node, mismatches in current tuple + 1,
position in current tuple, the utterance match in the current tuple with
the word on the child node appended to the end〉

For each child of that node...

Add a tuple of the form 〈child node, mismatches in current tuple + 1,
position in current tuple + 2, the utterance match in the current tuple
with the words on the first child and second child nodes appended〉

For each node reachable from the node referenced by the current tuple
along an edge labelled with the word referenced by the current tuple...

Add a tuple of the form 〈child node, mismatches in current tuple + 1,
position in current tuple + 1, the utterance match in the current
tuple with the word on the first child appended〉

Return all the possible actions found by the algorithm.

Figure 3.3: The look up algorithm used to traverse the augmented transition network.
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Figure 3.4: The Chatterbox web-based sample collection tool

where is the deans office:directions〈laby 406a〉
where is the school office:direction〈office〉
show me the school office:moveto〈office〉
who is dale carnegie:query〈dale carnegie〉

Figure 3.5: Training data file used to train the system shown in tables 3.1 and 3.2.
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Chapter 4

Results

The training set collected with the Chatterbox tool is small compared to the number of pos-
sible ways to articulate the commands that the Mµ system is capable of identifying.

It is therefore necessary to test the Mµ system with a set of utterances that are not pre-
viously known by the system, as it can retrieve the appropriate command when given a
known utterance.

The system can be tested using a leave-one-out test. This test involves removing a record
from the test set, training the system with the remaining records, and then comparing sys-
tem’s output when parsing the omitted record with the expected result. This test is repeated
for all the entries in the test set. Synonyms were not loaded into the trie for this training set.

4.1 Results with raw samples*

The Combined method uses the near-match first. If no results are found the Naı̈ve Bayes
module is used instead.

The Sympalog paper[4] mentions that the visitor might assume that the system has not
heard them if a response is not given, so it is important that the modules execute quickly.
The average time for each query was recorded. The individual times for each query were
recorded from the time the system receives the utterance to the time it returns a response.
This time does not include any processing by the speech recognition software.

Method Accuracy Partial Average Time
Near-match 12.2% 4.1% 57ms
Naı̈ve Bayes 69.5% 20.0% 1ms
Combined 68.6% 21.4% 58ms

Table 4.1: Results of leave-one-out test on raw test set (220 phrases)

4.1.1 Results with corrected samples*
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Method Accuracy Partial Average Time
Near-match 15.0% 2.7% 55ms
Naı̈ve Bayes 78.6% 15.0% 1ms
Combined 76.8% 16.8% 62ms

Table 4.2: Results of leave-one-out test on corrected test set (220 phrases)
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Chapter 5

Conclusion

Despite having a relatively small training set, early results at this point have shown promise.
Our system is fairly accurate for the limited range of actions that the system will have to
perform, given the utterances presented in the training set.

5.1 Effectiveness of these approaches in the real world

The two modules of the Mµ system that we have implemented are at opposite extremes in
terms of flexibility. The near-match is extremely rigid, but is expected to be exactly accurate
for known phrases, however this assumes a 100% accurate parse by the speech recognition
software. The Naı̈ve Bayes module is highly flexible, as it all but ignores sentence structure,
but this will lead to some situations in which the command returned by the system is wrong.

It is very difficult to predict the range of sentences that MARVIN will encounter in prac-
tice. The training data set, while an accurate sample of some of the sentences, is unlikely to
match the prior distribution of the sentences. The users that created the test utterances were
aware of their applications, and were intentionally trying to come up with a wider range of
sentences. Some of the more direct sample utterances will have a higher prior probability
than some of the more obscure requests. Capturing these common sentences and the prior
distributions is important for both modules.

The near-match trie is there for necessary for the Mµ system, as opposed to using the the
Naı̈ve Bayes module by itself. If the sentence exists in the near-match trie, then the system
will find the correct command when presented with the same utterance. The Naı̈ve Bayes
system will be more likely to select the similar command with the highest prior probability.

5.2 Impact of speech recognition software on accuracy

When deployed, our system is highly dependent on the speech recognition software that
provides input to our system. Inaccuracies introduced into the input by the speech recogni-
tion software will directly affect the system. The near-match system might still avoid these
problems if only one word is incorrect. The Naı̈ve Bayes system does not handle these in-
accuracies and will process the incorrect word regardless. Adding homonyms for words or
several words could help here.

5.2.1 Effect of the environment on speech recognition

Commercial speech recognition products are typically used for dictation and are therefore
trained for a particular user. Our system will not be used in a single-user environment, nor
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will the accents tend to be similar, as the population of the university is quite varied.
As well as being designed for a single user, the commercial products are typically used

with a high-quality, noise-cancelling headset and microphone. This places the microphone
closer to the speaker’s mouth, so the volume of the speaker’s voice relative to any back-
ground noise is greater.

MARVIN will typically be at a greater distance than this, so background noise will have
more of an effect on the speech recognition software.

The speech recognition system has yet to be installed, so it has not been possible to
evaluate Mµ system with real data that it would receive from the speech recognition system.
We expect that further modifications would be necessary to address errors introduced into
the Mµ system’s input by the speech recognition system.

5.3 Future work

Understanding natural language requires accurate speech recognition, understanding of the
syntax and semantics of the spoken language and a knowledge of the domain of the conver-
sation.

5.3.1 Improving accuracy

The most immediate goal for our system for the future would be to increase the accuracy of
the system for the utterances already stored in the system. Because the near-direct match
does not have this problem, any immediate improvements must be made in the Naı̈ve Bayes
module.

Short of implementing complete Bayesian inference or a hidden Markov model, the
Naı̈ve Bayes module will still be relying on a word-by-word calculation. The meaning of
sentence is a combination of several factors of which the words in the sentence are a major,
but not the only, part. The context of the conversation, the structure of the sentence, the
order of the words, and the relationship between those involved the conversation are all
contributing factors.

Combining P(A|~w) and P(NP|~w) together in the Naı̈ve Bayes algorithm

Some of the inaccuracies encountered during testing were partial matches with only one of
the action or parameter correct, resulting in commands that have an inappropriate parame-
ter for the given action.

The probabilities P(A|~w) and P(NP|~w) are interdependent, but our system does not
combine them together. Currently, the system attempts to find both the most likely action
and the most likely parameter, but not the most likely combination of the two.

We could use the Bayes formula to find a single command C consisting of an action and
a parameter, however in a large dataset this will result in nm unique commands where n is
the number of possible actions and m is the number of possible parameters.

A better solution would be to use a variation on the Naı̈ve Bayes formula that computes
P(A, NP|~w). Describe formula here. This should greatly reduce some of the inaccuracies we
have encountered when using the Naı̈ve Bayes module.

Different accents and pronounciation

As mentioned earlier (see section 1.3) it is likely that speech recognition trained to the voice
and accent of a single user will have difficulty understanding the speech of different users
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from the same background, let alone users that are from different countries and have com-
pletely different accents.

Some of these inaccuracies can be overcome by taking the context of the conversation
into account. This will however require either a tighter coupling with the speech recognition
software (so that the natural language understanding system can influence the probability
that a word is recognised) or use some sort of phonetic encoding of each word to find possble
utterances that sound similar.

We can however resolve misunderstandings by storing the utterances or words that were
matched by the previous search and then using these words and utterances to increase the
prior probability of these utterances when attempting to resolve the misunderstanding.

Examining the structure of the sentence

As mentioned previously in this chapter (section 5.3.1), part of a sentence’s meaning comes
from the order of the words in the sentence, and from its structure. While the system will
likely encounter unstructured sentences, having the ability to infer a basic structure of the
sentence would be useful for more complex commands, very long utterances, or utterances
that describe a location through characteristics.

A more robust parse producing the structure of the sentence should help break the sen-
tence into meaningful sub-phrases that can later be used to infer the intended command
with greater accuracy, particularly for those utterances or commands that are potentially
confusing. For example, the phrase: “How do I get from the school office to Laby 502? I’m look-
ing for Dale Carnegie.” contains two locations and mentions a faculty staff member. This will
confuse the Naı̈ve Bayes module as it potentially fits two commands with three possible
parameters. A parse that produces the structure of the utterance and recognises the prepo-
sitions in the sentence will be able to determine both the origin and the intended destination
for the directions. A more advanced system might could even potentially indicate if Dale
was in his office at that time.

5.3.2 Expanding Marvin’s lexicon

Of the 216 unique utterances collected for testing, most were sentences that one would nat-
urally expect to hear when asked for directions. This provides an excellent knowledge base
to start with, but it is unlikely to cover the full range of sentences that real visitors might
use.

Learning from encounters with visitors

Developing a system capable of learning new sentences through its encounters with visi-
tors would be extremely advantageous for an autonomous robot like MARVIN. If the Mµ
system is given an unknown utterance and cannot identify the command, it could request
clarification. If it can identify the command from the second utterance, then it can store the
first utterance as having the same command as the second.

Including other languages

While the Naı̈ve Bayes module’s results are not as accurate as those produced by a grammar-
based parser, it is capable of dealing with unstructured queries. It is also flexible enough
to deal with foreign languages, as it does not rely on being able to infer the structure of
a sentence for that language. A direct match will have the same advantage for a known
query stored and retrieved in a foreign language. Most languages do not fully translate
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from one language to another well, and idioms and colloquialisms are often lost. However,
by storing the query in the native language, the near-direct match and Naı̈ve Bayes match
should perform very well.

A more structured parse of utterances in foreign languages would require a greater un-
derstanding of the language’s sentence structure.
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