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Abstract

The task of sound-to-letter recognition of unknown utterances is a difficult and im-
portant problem for Natural Language systems. This thesis presents a multi-stage
sound-to-letter recognizer that is based on Finite State Transducer (FST) architec-
ture, and relies on components of SUMMIT and ANGIE systems developed in the
Spoken Language Systems Group. Specifically, we focus on isolated-word spelling
recognition on the Phonebook corpus of single telephone utterances that offer a re-
alistic model of real-life speech. The proposed recognition framework is developed
around a new class of sublexical units, called spellnemes, which seamlessly integrate
phonemic and spelling information. The advantages of the proposed multi-stage ap-
proach include improved performance due to tight linguistic constraint on recognition
hypothesis, and promising generalization performance. We achieve a Letter Accuracy
Rate of 69.5 percent on out-of-vocabulary utterances, which improves to 89.4 percent
for the pure phonetic recognition task.

Thesis Supervisor: Stephanie Seneff
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Chapter 1

Introduction

1.1 Background

Recent work on spoken language systems has yielded a promising array of prototypes
in a variety of domains, including weather information [11], flight scheduling [12], and
air travel information [7]. These systems propose different models of human-machine
interaction, but the recognition of individual utterances remains to be a fundamental
problem.

Utterance recognition in a broad sense is the process of mapping a particular in-
stance of an utterance to a singular identifying representation. These instances may
take many forms, such as pronunciations, keypad strokes, and/or visual informa-
tion, among others. The recognition mechanism usually consists of two components
— low-level domain-independent acoustic recognition, and high-level domain-specific
language modelling. The goal of domain-independent modules is to model patterns
common to a language as a whole, whereas a domain-specific approach takes advan-
tage of additional contextual information in order to identify linguistic phenomena
common to a particular subset of the language.

This thesis focuses on low-level acoustic recognition, with the overall goal of identi-
fying utterance waveforms. Specifically, we have developed a low-level sound-to-letter
recognizer (SLR) that maps waveforms of individual words into an N-best list of pos-

sible spellings. The spelling hypotheses can then potentially be used in a second-stage
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conjunction with extensive lexicons and/or context-driven language models to identify
the utterances. The proposed system is intended as a module in a larger recognition
framework, and expands on the work and research tools of the MIT Spoken Lan-
guage Systems group (SLS). Its primary features include domain-independence, and
the ability to handle out-of-vocabulary (OOV) words. Our sound-to-letter recognizer
is based on a multi-stage approach, motivated by the desire to achieve maximum
linguistic constraint, and thus recognition accuracy, while retaining flexibility and
generality. In order to achieve this dual goal, we rely on a new linguistic unit, the
spellneme, that combines phonetic and spelling information in a singular representa-

tion.

1.1.1 The Out-Of-Vocabulary Problem

It has been discovered that in many domains the occurence of out-of-vocabulary
(OOV) words is significant, and remains substantial as the vocabulary size increases,
even for large vocabularies [8]. Mainly, the presence of OOV words is sustained by an
influx of nouns and proper nouns, which are too numerous to be enumerated a priori.
Thus, an essential goal of a recognition system is the ability to “learn” new words,
eliminating the manual labor of entering new words together with their complete
lexical, syntactic and semantic properties. Another reason for the importance of ac-
curate (OOV) recognition is the fact that unknown words result in error-propagation
throughout an utterance, as they frequently disturb a recognizer’s hypotheses for

surrounding words.

1.1.2 Placing The Proposed System in Context

A long-term vision that we aspire towards is the ability for a speech recogntion system
to automatically recognize occurrences of new words. In particular, the system should
be able to propose a spelling and pronunciation for any new word, and then add it to
the existing vocabulary. While this vision is beyond the scope of this thesis, we focus

on a specific component that we envision as one of the building blocks in the overall
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system. We focus on the technological task of automatically proposing a spelling
and pronunciation for words spoken in isolation, without any prior explicit lexical
knowledge of the word. This is a challenging task, especially for a language like
English, which has highly variable letter-to-sound mappings. A further challenge is
that we require the spoken utterances to be telephone-quality speech, due to the fact
that most of the dialogue system development at SLS is based on telephone access

requirements.

1.1.3 The Sound-to-Letter Problem and General Speech Recog-
nition

It is appropriate to view the sound-to-letter task as a significant, but by no means
self-sufficient part of a recognition system. Indeed, domain-independence is a mixed
blessing. One the one hand, we hope that a recognizer designed to model sublexical
events will “learn” the linguistic structure common to the language as a whole. Thus,
it should have excellent capability to recognize unknown words, which can prove very
challenging for systems whose knowledge is limited to a particular domain. However,
this capability induces a performance penalty brought on by the fact that a low-level-
only recognizer does not have access to contextual information that would allow a
more efficient pruning of its search space. Therefore, in a well-designed recognizer the
sound-to-letter module would be augmented with other resources to help constrain
the task, such as large on-line lexica or solicited keypad word entry. We explore some

of these possibilities in the last chapter.

1.2 Problem Formulation

Our first goal was to formulate precisely the sound-to-letter problem and to define
the exact scope of this thesis. The main choices that we faced were concerned with
the recognition language, the type of utterances that the proposed recognizer would

handle, and the level of realism in speech quality that we wanted to recreate.
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1.2.1 Target Language: English

English is a good example of a highly-irregular language — a language with a great
variability in its sound-to-letter mappings. It is also the language with the most
readily available data. Therefore it is both a convenient and a challenging example
of the sound-to-letter task. Moreover, the majority of the research that provides
the foundation for this thesis involved recognition of English utterances. For these

reasons, English was the obvious language of choice for our experiments.

1.2.2 Utterance Type: Isolated words

A reasonable initial target for sound-to-letter research is the domain of individual
words. As mentioned above, most OOV words turn out to be nouns and proper
nouns [8] which can be relatively easily separated from a backgound of words repre-
senting other parts of speech, and recognized individually. Moreover, specialization
on individal words allowed our research to be focused on word sublexical modelling,
eliminating the need to model word boundaries. In the last chapter, we describe how
our recognizer could be used as a post-processor for a system that identifies OOV

word boundaries.

1.2.3 Corpus: PhoneBook

One corpus that fits the English language and single-word utterance criteria, as well as
the requirement for telephone-quality recording conditions, is the Phonebook corpus
of single-word utterances collected over telephone lines [5]. This corpus is rich in both
vocabulary and the number of alternate pronunciations for each word. Further, its
design allows for easy manipulation and referencing of the data. The fact that the
word pronunciations were recorded in a realistic telephone environment lends some
credibility to the performance of PhoneBook-based systems on real-life data. The

PhoneBook corpus is described in greater detail in Chapter 4 of this thesis.
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1.3 Principal Characteristics of the Sound-to-Letter

Recognizer

In this section we review the general properties of the sound-to-letter task, preparing

the foundation for the description of our approach to this problem.

1.3.1 Probabilistic Modelling

The fact that the recognizer must propose reasonable spellings for OOV utterances
in a highly variable language requires it to probabilistically model sound-to-letter
relationships. Indeed, the space of possible English sound-to-letter mappings is ex-
tremely large, and there exist no compact collections of “hard” rules that can accu-
rately capture most of the sublexical phenomena in this space. Thus arises the need
to approximate exact recognition via a probabilistic approach, in which probabilities
or weights are assigned to possible letter-sound alignments on the basis of statistical
data. The recognition hypothesis is then produced by an algorithm that attempts to
maximize the likelihood of proposed spellings, based on the conditional probabilities

of component subsequences.

1.3.2 Data-driven Learning

While the space of sublexical sound-to-letter relationships is certainly too large to
be described manually, it is also very difficult to construct, a priori, a probabilistic
rule set that would adequately perform two principal tasks: (i) Generalization of
linguistic phenomena to unknown words, and (ii) Attainment of high recognition
accuracy on particular utterances. Thus, there arises a need to construct a recognition
framework in which the inherent sublexical probabilities are “learned” from a set
of utterances with the purpose of capturing linguistic patterns accross the entire
language. This approach gives birth to the training/development/test paradigm of
data decomposition. The training set, typically 70-80 percent of available transcribed

utterance data, is used to “train” the recognizer by optimizing its probabilistic rules.
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The development set is the test-bed for evaluating the recognition performance on
OOV words, and thus - gauging its ability to generalize linguistic patterns. Finally,
the test set is reserved for reporting final, unbiased system performance that is free of
overfitting (a recognizer may be optimized to perform well just on the development
set utterances). The words and their pronunciations are disjoint among the three
data sets, meaning that all pronunciations for a given word are part of the same set,

and every word appears in exactly one of the three sets.

1.4 Methods and Objectives

1.4.1 Thesis Goals

The purpose of this thesis is to determine the technical viability of domain-independent
sound-to-letter recognition and to develop a workable approach for this task. Specifi-
cally, our objective is to build a functioning sound-to-letter recognizer, and thoroughly
analyze its performance and construction issues. The proposed system architecture is
designed to tackle the dual goal of achieving high recognition accuracy via tightly con-
straining sublexical mappings, while retaining the flexibility and generality necessary

to cover unknown words.

1.4.2 Overall Approach

The critical design task of this thesis will be centered around integrating a new sublex-
ical unit, the “spellneme”, into a multi-stage recognition framework. The spellneme is
a unique lexical unit that combines local pronunciation and spelling information, thus
providing a complete description of an utterance. Our general approach will be to
process input utterance acoustics through a series of transducers, obtaining a string
of the most likely spellnemes, from which the spelling could be readily extracted.
We divide the overall sound-to-letter recognition task into three stages, acoustic-
to-phonetic, phonetic-to-phonemic, and phonemic-to-spellnemic. All three stages are

based on existing SLS tools: the SUMMIT recognizer for the first acoustic-to-phonetic
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stage, and the ANGIE probabilistic parser for the remaining two stages. Henceforth,
the phone-to-phoneme and phoneme-to-spellneme stages will also be referred to as
the first and the second ANGIE stages, or as the phonological rules and language

model stages (for reasons that will be made apparent in Chapter 2).

1.4.3 Thesis Roadmap

The current chapter has briefly presented the main characteristics of the sound-to-
letter problem, defining the goals of this thesis in the context of a particular set
of design constraints. Chapter 2 presents the framework of main recognition compo-
nents that form the basis of our system, and outlines the main features of the selected
approach. Chapter 3 deals with the most essential design issues in the recognizer con-
struction, and reveals the role of an important new sublexical unit, the spellneme,
in the overall framework. Chapter 4 describes in detail the architecture of the re-
sulting system, the tools used to glue the complete recognizer together, and various
integration issues. Chapter 5 presents the principal questions that our recognizer was
built to answer, and the detailed experiments that produced the answers to these

questions. Finally, in Chapter 6 we place our work in perspective, consider its logical

extensions, and set the stage for future work.

21



22



Chapter 2

Toward a Sound-to-Letter Solution

Our approach to the sound-to-letter task relies heavily on certain core components
developed at MIT’s Spoken Language Systems (SLS) Group, and therefore we begin
with a discussion of some of these systems and the motivation behind them. Then,
we outline one possible approach to the sound-to-letter problem, comment on its
viability, and use the insights thus obtained to propose a multi-stage sound-to-letter

recognition scheme based on a new sublexical unit, the spellneme.

2.1 Recognition Tools: an Overview

In the context of the sound-to-letter task, past SLS research had oriented our efforts
in the direction of constructing an FST-based recognition framework. This frame-
work would support hierarhical sublexical structure, synthesizing both phonetic and
spelling information, and enable the realization of the recognizer in the form of a
finite state transducer. Two SLS systems are particularly suited for such tasks - the
ANGIE probabilistic framework for sublexical modelling, and the SUMMIT acoustic
recognizer for phonetic transduction of input acoustics.

Finite-state transducers (FST) are a relatively new approach to speech recognition
tasks. The elegance of FST representation stems from a solid mathematical founda-
tion [6]. Fundamentally, FSTs are graphical models that describe state transition

possibilities and the accompanying transition probabilities, mapping/transducing a
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sequence of input units into a sequence of output units. Their advantage lies in the
simplicity of construction, compactness of representation, modularity (the ability to
compose multiple FSTs into multi-stage mappings), and a rich set of fast operations
congruent with speech recognition tasks (simulation, hypothesis selection and prun-
ing, optimization). One of the most significant benefits of FST-based recognition
is the remarkable ease of integration of different models into a seamless recognition
framework [10]. We make full use of this trait in our our multi-stage sound-to-letter

proposal, and explore some interesting integration possibilities in the final chapter.

2.1.1 The SUMMIT Recognizer

A critical tool that provides the foundation for much current SLS research is the
SUMMIT speech recognition system [4]. This FST-based recognizer can be used
to transcribe acoustic signals into phonemic sequences and subsequently into words
and sentences. SUMMIT is a segment-based recognizer capable of utilizing context-
dependent diphone boundary models. In the current instantiations for English appli-
cations, it uses a total of 68 phonetic units and 631 diphones. In order to calculate
acoustic features, the signal is split into 5 msec frames, and 8 different averages of
14 Mel-scale cepstral coefficients are computed from 150 msec windows surrounding
each of the frame boundaries. A diagonal Gaussian mixture, with up to 50 kernels, is
created for each of the resulting diphone boundary models. Hand-written phonologi-
cal rules are used to expand a pronunciation network based on the phonetic baseform.
The system typically uses a bigram in a forward Viterbi search, and a trigram in a
subsequent backward search. In its standard form, the overall SUMMIT recognizer

can be represented as the composition of several FST's:
R=PoLod,

where P is a phonetic graph weighed with acoustic scores, L is the lexicon, and G
is the language model. As we will see, SUMMIT can be used as the ideal low-level
complement for our higher-level systems (ANGIE), parsing acoustics into a form that

can be used by other FSTs for further sublexical analysis. In our work, we utilize
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only the low-level part of the typical SUMMIT configuration — a phone graph based
only on acoustic and syllable-level information. In the recognition framework that we
propose, the SUMMIT phonological rules and language model are replaced by FST
modules derived from ANGIE — another principal SLS tool, which we describe next.
However, the phonetic sequences that are used to train the phonological component
of the ANGIE FST are obtained via a forced alignment step that makes use of the

standard phonological rule mechanism in SUMMIT.

2.1.2 The ANGIE framework

ANGIE [9] is a powerful platform for the representation of various sublexical linguistic
phenomena in a unified framework. It is essentially based on a hierarchical tree
structure whose layers capture sublexical phenomena at different levels - morphology,
syllabification, phonemes, and phones/letters. Normally, the inter-layer grammars -
are constructed manually. Depending on recognition requirements, ANGIE can be
configured in various ways. Figure 2-1 presents a typical ANGIE parse tree(s) for the
word “novel”, showing both a phonetic and an orthographic terminal level alignment, °
corresponding to the two common ANGIE configurations: letter-to-phoneme and
phone-to-phoneme. In this example, a letter/phone sequence feeds the tree terminals,
with phonemes as the pre-terminal units.

It is helpful to briefly discuss some key ANGIE terminology that defines the rela-
tionships between adjacent layers in the sublexical hierarchy. The following discussion
is illustrated in Table 2.1, which details some of the inter-layer mappings for the word

“novel”, whose parse trees appear in Figure 2-1.

Lexicons

The lexicons are mappings with unique domains and ranges, defining dictionaries of
units higher up in the hierarchy in terms of the units below them. The two main
ANGIE lexicons are the word-to-morph and morph-to-phoneme lexicons. Typically,

for each word, there corresponds one and only one morph sequence; and conversely,
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SENTENCE sentence

| '

WORD word
SROOT UROOT morphology
ONSET NUC+ UCODA NUC syllabification
| | | |
n! aa+ v el phonemes
} ! y v |
E“ _____ aat __V____ ax _dashl l’f"."!".ﬂ;l OR

n o v el letters

Figure 2-1: Typical ANGIE parse tree(s) for the word “novel”, showing both phone-
to-phoneme and letter-to-phoneme terminal alignments. In bold on the right is the
corresponding sublexical layer hierarchy.

a particular morph sequence maps to a unique word. The morph-to-phoneme lexicon

follows the same one-to-one pattern.

Grammars

Other mappings require greater flexibility, for units which have many possible real-
izations in the underlying layer. ANGIE grammars are expressed in terms of the
high-level rules, which describe possible word decompositions into pre-terminals, and
the low-level-rules, which define the potential realizations of pre-terminal units in
terms of the terminals. For example, a particular phoneme may be realized by one of

several letter sequences, as shown in Table 2.1.

Alignments

Finally, word-to-(terminal) alignments constitute the training data in the ANGIE
framework. These alignments constitute the data for the training of the ANGIE
recognizer. An alignment represents a known representation of a word in terms of the
chosen terminal units. Given an alignment, ANGIE builds up a hypothesis for the
most likely corresponding sublexical structure, constrained by its various inter-layer

rules. The probabilistic inference is performed in terms of ANGIE tree “columns” (a
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| Lexicons |

| Word to morphs | Morph to phonemes |
novel : nOv+ el nOv+ : n! aa+ v
el : el
Grammars

Word to phonemes | Phoneme to phones
(High-level-rules) (Low-level-rules)

word n!

[pre] sroot [uroot] ... | (n nx)

onset aa+

(p! t! .. n!.) (aa aa-f ao ao-f..)
Alignment

| Word to phones |

novel : n aa+ v az dash-1
novel : n aa+ v el

Table 2.1: Excerpts from the phonebook-phones ANGIE domain corresponding to the
parsing of the word “novel”.

sequence of units on a path from the top to the terminal layer), whose likelihoods are
ultimately represented in an FST in terms of column-column transition probabilities.
Thus, the “best” hypothesis corresponds to a sequence of the most likely “columns”.
The training ANGIE over a set of alignments is an iterative process: counts are
maintained on the observed pairs of adjacent columns, and then used to determine the
best column sequences for subsequent alignments. More information on the ANGIE

framework can be found elsewhere [9].

Domain

The sum total of grammars, lexicons, and alignment files for a particular ANGIE
configuration forms the ANGIE domain. Typically, the locations of the various com-
ponents are specified in a domain file that controls the operation of ANGIE training
and parsing algorithms. Table 2.1 shows some excerpts from files constituting the

phone-to-phoneme ANGIE domain.
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The column-bigram probabilities obtained from training ANGIE on a set of align-
ments can be used to hypothesize the full sublexical structure for input sequences
of terminal units. In the final step the best parse tree is usually transformed into
a compact FST that maps the terminal input sequence into a sequence of corre-
sponding pre-terminals. For example, in the letter-to-sound ANGIE configuration
(a conceptual inverse of our sound-to-letter problem) input strings of letter termi-
nals are mapped into sequences of phonemes, providing a phonemic representation of
utterance spellings.

In this thesis, we will mostly be concerned with modifying the two bottom-most
layers in the ANGIE hierarchy, henceforth referred to as the terminal and pre-terminal
layers. The upper layers model word morphology and syllabification — units which de-
scribe general sublexical structure, and do not carry enough word-specific information

to encode word pronunciation or spelling.

2.2 Combining the Recognizers: Acoustics to Phone-
mics

As mentioned above, SUMMIT and ANGIE can be combined to form a complete
recognizer that can be trained up to parse diphone acoustics into a complete sublex-
ical structure. The speech recognition task is an example of one such combination.
As one may recall from section 2.1.2, in the speech recognition context ANGIE can
be trained to align phoneme pre-terminals to phone terminal units. In this case,
the column-bigram FST constructed from the trained ANGIE grammar transduces
phonetic sequences into strings of phonemes. FST composition enables us to inte-
grate this phone-to-phoneme transducer with an acoustic recognizer by composing
the SUMMIT diphone-to-phone and ANGIE phone-to-phoneme FSTs. This proce-
dure yields a complete recognizer that can parse utterance acoustics into strings of

phonemes.

The power and compatibility of the SUMMIT and ANGIE models motivated
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us to seek a solution for the sound-to-letter task that would integrate instances of
both systems. SUMMIT was to be used as a bridge between the utterance acoustics
and phonetic sequences. ANGIE would be called upon to transduce the resulting
SUMMIT phonetic transcriptions of words into spelling hypotheses, according to its
sublexical probabilistic grammars. Our major challenge was to modify the ANGIE
framework in a way that would enable the extraction of spelling information from the

hypothesized sublexical hierarchy of parsed words.

2.3 Initial Proposal: Phone-to-Phoneme-to-Letter

The most obvious approach to the task of sound-to-letter modelling in the context of
ANGIE came from considering the two existing ANGIE configurations — phone-to-
phoneme and letter-to-phoneme. Specifically, we began by considering the possibil-
ity of reversing the letter-to-phoneme mapping in order to obtain a sound-to-letter
transducer. A key property of FSTs is that they can easily be inverted, reversing the
input-output roles. Thus, one way to generate spelling hypotheses is to reverse the
letter-to-phoneme FST, obtaining a phoneme-to-letter transduction. The resulting
FST can then be composed with the usual phone-to-phoneme transducer to obtain
an overall phone-to-letter transduction (Figure 2-2).

However, this approach is beset with several problems. Most notably, letters are
not very specific sublexical units — they allow many possible phonemic representations,
and thus are not very constraining on the space of ANGIE column-bigram hypotheses.
As a rule, the ambiguity resulting from such lack of constraint leads to a large number
of low-probability hypotheses, resulting in a decrease in recognition performance. In
our realization of the sound-to-letter recognizer, one of the principal goals was to
create a framework with maximum linguistic constraint, in order to reduce the search
space and prune away as many unlikely hypotheses as possible. Based on the lack of
constraint in low-level letter-to-phoneme mapping, we expected the phone-phoneme-
letter approach to the sound-to-letter task to fare poorly in practice. Therefore, we

were motivated to seek an alternative route.
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Figure 2-2: The initial sound-to-letter proposal: modified concatenation of the two
common ANGIE frameworks: phone-to-phoneme and inverted letter-to-phoneme.

Despite the fact that this initial model seemed inherently flawed, it helped us
identify a potentially better approach to sound-to-letter recognition. Specifically, we
began the search for a new sublexical unit that would contain spelling information
while retaining the properties of phonemes in the ANGIE hierarchy. Thus, a sequence
of these new units would be able to yield a spelling for an utterance, and fulfill a use-
ful sublexical purpose, helping constrain the recognition hypotheses. Naturally, our
attention turned to the spellneme, a sublexical unit first introduced by Grace Chung
[3]. This unit performs exactly the desired function of synthesizing phonemic and
spelling information. Moreover, the spellneme provides the benefit of additional lin-
guistic constraint without sacrificing the generalization capabilities of the recognizer.
Therefore, we turned to the question of incorporating the spellneme into the overall

recognition scheme.

2.4 A New Approach: Phone-to-Phoneme-to-Spellneme

The primary challenge of incorporating spellnemes into the ANGIE framwork lay in

exposing their true sublexical function, which translated into finding their place in the
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ANGIE sublexical hierarchy. In general, recognition requires the fulfillment of two
essential but often conflicting tasks - generalization ability and recognition accuracy.
For a static, unchanging domain, it is often possible to build very accurate recognizers;
however, the OOV problem demands recognizers with a very large coverage - and as
a rule some performance has to be sacrificed to obtain the necessary flexibility. In our
task, the decision of how to model the role of spellnemes in sublexical decomposition
had a critical effect on the performance and coverage properties of the resulting
system.

Careful analysis of the characteristics of our sound-to-letter task, the capabilities of
available recognition tools, and the issues uncovered in our initial approach, motivated
us to propose a multi-stage recognizer framework. As before, we decided to rely on
SUMMIT to supply a mapping from input acoustics to phonetic sequences. However,
the final phase of spelling recognition was decomposed into two ANGIE stages - an
initial phone-to-phoneme transduction followed by a phoneme-to-spellneme stage, as

diagrammed in Figure 2-3.

I

Figure 2-3: The final sound-to-letter proposal: A SUMMIT phone graph composed
with two ANGIE-based FSTs — phone-to-phoneme for the modelling of phonological
rules, and phoneme-to-spellneme in the role of the language model.

Several important factors drove this design decision. First, as we show in the
next chapter, we identified the ANGIE pre-terminal layer as the source of spelling
information. This necessitated the creation of an end-of-the-line transducer that
would align spellnemes in the pre-terminal layer with one of the existing unit types

as terminals. A straight phone-to-spellneme approach was dropped in favor of a more

31



constraining multi-stage system. We identified the phoneme as the sublexical unit
that most naturally fit the role of a bridge between the phone sequences and the
spellnemes. Therefore, the phonemic layer became the glue in the composition of the
two FSTs, acting in its normal pre-terminal role in the first stage phone-to-phoneme
FST, and as a terminal unit in the second phoneme-to-spellneme stage. This choice

offered several significant advantages:

1. The ability to use a known, well-defined phone-to-phoneme ANGIE configuration
as the first stage.

2. A phoneme-to-spellneme stage readily constructable from a sublexical mapping

that implicitly defined the low-level grammar.

3. Improved performance obtained from applying “double” linguistic constraint via

the two recognition passes.

4. Clarity of implementation and testing - the consequence of a clean, modular

design.

2.5 Summary

The remainder of this thesis deals with describing in detail the proposed two-stage
ANGIE-spellneme recognizer. The next chapter describes the process of designing a
recognizer framework around the spellneme units and existing recognition tools, as
well as the task of integrating the spellneme into the sublexical hierarchy. Chapter 4
presents the technical issues of recognizer implementation and testing, and Chapter 5
completes our account of the multi-stage sound-to-letter framework with an analysis

of obtained recognition performance.
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Chapter 3

Design of the recognizer

The approach outlined in Chapter 2 calls for the integration of SUMMIT and ANGIE
systems into a multi-stage sound-to-letter recognition framework. The role of SUM-
MIT will be acoustic-to-phone transduction, while ANGIE will be employed to han-
dle higher-level sublexical phenomena — phonemics, syllabification and morphology.
There are multiple advantages in decomposing recognition into separate stages. Most
importantly, we intended to use multiple recognition passes in order to impose a
sequence of tight linguistic constraints on the recognition hypotheses, thereby pre-
venting the system from running into overgeneralization problems detrimental to rec-
ognizer performance. This approach would also be more conceptually clear, enable
us to build on existing recognizer configurations, and allow for more precise opti-
mization of system parameters, whose effect could be analyzed separately by keeping
independent variables constant. These reasons were particularly enticing in light of
the fact that we were going to rely heavily on a new linguistic unit, the spelineme,

whose properties and function were not yet fully understood.

3.1 Motivating Spellnemes

We identified the following main design issues for the proposed recognizer:

1. Modelling spelling: loading graphemic (spelling) information into the ANGIE

sublexical framework.
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2. Maximizing linguistic constraint: introducing tight low-level constraints to im-

prove recognition performance.

3. Preserving generality: keeping the recognition framework domain-independent,

capable of parsing unobserved phonetic sequences.

There is a principal tradeoff between tightening constraints, which often increases
domain-specificity, and attaining greater flexibility, which usually implies loss of con-
textual information with a corresponding negative effect on performance. One way
to enhance linguistic constraint with low-level domain-independent knowledge is by
augmenting the set of linguistic units with grapheme information. In this case, load-
ing the sublexical framework with richer contextual spelling knowledge leads to more
precise models without sacrificing domain-independence. At the same time, the dual
goal of obtaining spelling information is satisfied. The task of integrating the aug-
mented units into the ANGIE framework in such a way as to model both phonological
and éound—to-letter rules provides the primary motivation for the development of the

“spellneme” sublexical unit.

3.2 Defining Spellnemes

The “spellneme” unit !, also referred to as a “grapheme” or a “letter-phoneme”, was
inspired in part by the symbiosis of the two most common ANGIE configurations,
letter-to-phoneme (also known as letter-to-sound) and phone-to-phoneme. The former
has letters as the terminal units, while the latter casts phones as terminals. In both
configurations, ANGIE models phonemics, aligning the phonemes in the pre-terminal
layer with either phonetic sequences or word spelling transcriptions. In the letter-
to-sound configuration, input word spelling information is lost as it is transduced
into a sequence of phonemes. One factor driving the development of spellnemes was
precisely the desire to model phonemics while also capturing spelling information.

The application of this approach to sound-to-letter modelling is obvious - if it were

1Henceforth we omit the quotes when using this relatively new term, for reasons of convenience.
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possible to augment the sublexical hierarchy with a unit that fundamentally behaves
like a phoneme, while at the same time containing spelling information, then perhaps

the usual phone-to-phoneme configuration could be augmented to model spelling.

One difficulty in incorporating spellnemes into the ANGIE framework, for exam-
ple by creating a set of units that directly substitutes phonemes in the modelling
process, is the fact that there isn’t a singular method to combine sound and spelling
information into one unit. Work on low-level acoustic recognition and observations
of the human sound production has produced a set of sound units of speech, called
phones. Observations of word syllables and repeating sublexical patterns have yielded
accepted sets of phonemes. No such explicit templates, inspired by physical observa-
tions, exist for spellnemes. This ambiguity implies that spellnemes need to be defined

in terms of their relationships with existing sublexical units.

The first question is that of identifying the place of the new unit in the general
sublexical hierarchy. In the context of the ANGIE multi-layer framework, one possible
target for the combination of spelling and sound information is the terminal level -
through augmentation of phones with spelling information. However, this approach is
impractical because of the tremendous size of possible phone-letter pairs. Augmenting
the terminal level with spelling information would shift the entire sound-to-letter
task to the SUMMIT acoustic recognizer. However, the original SUMMIT task of
transcribing acoustics into phonetic sequences is already quite difficult, as evidenced
in part by the results obtained in this thesis (see section 5.3.7). Thus, it seems unwise
to enrich SUMMIT’s search space by substituting phones with “spellphones”, which

constitute a significantly more numerous set.

The principle of SUMMIT/ANGIE decomposition implied that SUMMIT was to
be entrusted with the task of transcribing acoustics into phonetic sequences. There-
fore, the effective input into the (remaining) sound-to-letter system would consist
of SUMMIT phonetic transcriptions. Consequently, in the alignments on which
the ANGIE column-bigrams are to be trained, SUMMIT phones form the termi-
nal level. The upper sublexical levels in the ANGIE framework are fundamentally

word-independent — it is impractical to augment the upper ANGIE syllabification
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layers with spelling information specific to particular words, because the unit sizes
become too big, and sparse data problems become severe. Therefore, any spelling
information has to be encoded on the pre-terminal level, which is the phonemic level

in the normal ANGIE framework. The above discussion is represented graphically in

Figure 3-1.
Source of the Constraint on spellneme position
spellneme mapping in ANGIE hierarhy

Letter-to-Sou.nd' i Sound-to-Letter| [Identifying | (Generic

[ Setup tl‘ramve d Parse] [ Setup j [Spellnema ANGIE
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Traindi URQOT SROOT Spellmorphs?
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Figure 3-1: Deducing the spellneme-based framework: the top right part shows the
constraints which defined the place of the spellneme in the sublexical hierarchy; the
top left part describes how the set of spellnemes was derived from a common ANGIE
configuration.

3.3 Design Tasks for the Spellneme-based ANGIE

Configuration

The previous section motivated the notion that the place of the spellneme unit in
the ANGIE hierarchy should be the pre-terminal layer, the usual position of phone-

mic information. Therefore, the sound-to-letter problem can be reformulated as the

36



problem of deriving spellnemes from phonemes by augmenting the later with spelling
information. Two major tasks were identified as critical pieces in successful construc-

tion of an ANGIE system with spellnemes as pre-terminals:
i) Creation of the morph-to-spellneme lexicon.

ii) Creation of an exhaustive set of rules governing the role of spellneme units in

the ANGIE framework.

Effectively, both of these tasks require the replacement of the phonemes with
their spellneme counterparts - thus uncovering the underlying problem of defining the
spellneme units and their mappings to phonemes, in the context of word spellings.
The mapping that we were seeking can be described by the following functional

expression: (letter, phoneme)-to-spellneme.

3.4 Letter-to-Sound: A Source for Spellneme Map-
pings

The source for the (letter, phoneme)-spellneme mapping that we were seeking came
from considering the logical complement of the sound-to-letter task. Indeed, the
existing implementation of the ANGIE letter-to-sound recognizer implied that a set
of sound-spelling mappings must become at least implicitly available after the system
is trained. The ANGIE letter-to-sound system replaces phones with letters in its
terminal layer, meaning that the alignment files contain simply the words and their
spellings. The remaining upper layers in the sublexical hierarchy remain unchanged.
During training, ANGIE aligns the most likely phonemes to a given sequence of
letters. This alignment is precisely the source of possible (letter, phoneme)-spellneme
mappings that is required for the sound-to-letter system. Indeed, given a phoneme,
the set of all phoneme-letter alignments constitutes the set of all possible spellnemes —
all possible “spellings” of particular phoneme. The logical outcome of this observation

is to use the ANGIE letter-to-sound parses to fill up the (letter, phoneme)-spellneme

mapping.
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3.5 Parallel Construction of the Letter-to-Phoneme-

to-Spellneme map (LPSM)

During the course of our recognizer’s development, we encountered the need to develop
an efficient data structure that would model the mappings between phoneme and

spellneme units. This mapping was to be used in at least three important applications:

1. The expansion of a morph’s phoneme sequence into the list of possible spellneme

counterparts.

2. The construction of the spellneme-to-phoneme low-level grammar, for which it
was necessary to determine all the phonemes mapping to a particular spellneme

(under all possible letter contexts).

3. The construction of the high-level grammars with spellnemes taking the place of
phonemes in the sublexical hierarchy: this task was the inverse of the problem
in case 2, as it required to look up, for a particular phoneme, all the possible
spellnemes that it could yield in various spelling contexts, so that its entry in

the high-level rules could be appropriately replaced.

The construction of the mapping was accomplished through an iterative process
that built it up in parallel with the morph-to-spellneme lexicon. The constructed
spellneme units were loosely based on a spellneme subset proposed by Grace Chung
[3], [2]. For her experiments in the Jupiter weather domain, Grace had constructed a
certain morph-to-spellneme lexicon - which became the starting point for the develop-
ment of a set of spellnemes that would cover the sublexical phenomena. observed in the
PhoneBook data. The principal entity in our construction was the (letter, phoneme)-
spellneme map. The original intention was to map a specific (letter,phoneme) pair
to a unique spellneme. However, it was discovered empirically that greater flexibil-
ity was required of this mapping. Some phonemes aligned with sequences of letters,
such that, for a fixed first letter, several continuations for the remainder of the letter
sequence were possible, depending on the parsed word. One example of this phe-

nomenon is shown in Figure 3-2, which shows the ANGIE parse trees for the words
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“corned” and “borrows”.

SENTENCE SENTENCE
"corned" l "borrows" |
WORD WORD
VAN —N T
SROOT ISUF SROOT SROOT ISUF
ONSET NUC+ CODA  APAST ONSET NUC+ NUC+ APAST

| ! I '
kII aor+ n d*ed b! oxlv s*pl
| NN\ | I I I
c [ r n ed b ow s

Figure 3-2: Example of an ambiguous one-to-many alignment for the phoneme aor+,

in the context of the letter “o”.

For both words, the phoneme ”aor+” is aligned with “o” as the first letter. How-
ever, it is not possible to associate a unique spellneme to the (letter,phoneme) pair
( “aor+”,70”) because, as the two trees show, at least two different spellings ( “or”,
“orr”) are possible for aor+” in the context of “o”, depending on the continuation
of the letter sequence ( “r”, “rr2”).

Since such cases constituted a small minority of the observations, but were never-
theless significant, it was decided against expanding the map contextually to include
letters surrounding the given alignment, and instead to allow the range of each map-
ping to overgeneralize as an OR-set of possibilities. Thus, a typical entry in the
letter-phoneme-spellneme map grew to include multiple range possibilities. Table 3.1
depicts the subset of LPSM mapping for the phoneme “aor+”, showing both normal
and ambiguous mappings.

There were two main objectives in the construction of this spellneme mapping:
coverage and compactness. First, there was the question of determining all the pos-
sible spellnemes that mapped to a given phoneme in the context of a certain letter.
Second, it was necessary to prune all unnecessary mappings in order to avoid overgen-
eralization that could degrade final performance. The key step towards the realization
of both of these goals was to link the problem of constructing the LPS mapping to the
task of creating a morph-to-spellneme lexicon. We proposed an iterative algorithm

that gradually transforms the morph-to-phoneme lexicon into a morph-to-spellneme
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Letter | Phoneme | Spellneme
Normal mappings
au aor+ aur+
e aor-+ eor+
€0 aor+ eor+
02 aor+ or+
0a aor-+ oar—+
ou aor+ our+
T2 aor+ T+
uo aor+ uor+
Ambiguous mappings
a aor-+ ar+.,arr+-
0 aor+ | or4,ore+,orr+,ort+
002 aor+ oor+,oore+

Table 3.1: LPS mappings involving the phoneme aor.

lexicon. On each iteration, the algorithm starts out by using the LPS map to replace
morph-to-phoneme alignments with (possibly ambiguous) morph-to-spellneme expan-
sions. These expansions are then stripped of phonetic labels to produce spellings,
which are compared to the morphs. Thé spellneme sequences that yield correct
spellings become part of the morph-to-spellneme lexicon. The remaining alignments
are written out as errors. In the next step, the LPS map is incremented with the least
possible number of mappings necessary to sufficiently expand the space of available
spellnemes, and cover the sublexical space of (some of) the incorrect instances. After
each iteration, the number of successful morph-to-spellneme lexical entries increases,
and the number of failed parses decreases. In our experience, this iterative proce-
dure produced a geometric decline in lexical errors. Thus, the parallel approach to
spellneme lexicon and mapping creation transformed the daunting tasks of manually
creating the 500+ element LPS map and a 11,0004 entry morph-to-phoneme lexicon
into a tractable rapidly-converging problem.

In greater detail, the proposed iterative algorithm consisted of the following steps:

e Given: Morph-to-phoneme lexicon M P.
e Construction object 1: Morph-to-Spellneme lexicon MS = MP.
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e Construction object 2: (Letter,Phoneme)-to-Spellneme map LPSM.
e Set LPSM =0, MS = 0.
e Run modified ANGIE on the trained letter-to-sound domain:
letters as terminals and phonemes as pre-terminals.
e For each proposed word-to-letter alignment:
e For each morph:
e Consider the sequence of aligned phonemes.
e For each phoneme P:
e Determine the corresponding terminal letter L.
e Look up SP=LPSM(L, P).
e Write the set of spellneme alternatives SP to the
morph-spellneme alternatives file.
e For each morph-to-spellneme entry:
e Create a tree of alignment alternative.s
e Search the tree for a spellneme sequence that matches the morph:
e Build up a spellneme sequence that at every step
matches a substring of the morph.
e If the entire morph has been matched,
Return the matching spellneme sequence.
e Else backtrack and try a different spellneme sequence.
e If a matching sequence has been found,
Write out the entry to M .S lexicon.
e Else write the morph and the alternatives to an M S errors file.
e For each entry in the M S errors file:
e Consult the LPSM map.
e If the error is due to a (letter,phoneme) pair with unaccounted
spellneme mappings, augment the map entry for that
phoneme and letter with the necessary mappings.
e Repeat the ANGIE run, producing a new M.S lexicon and errors file,

and augmenting the LPSM, until all spelling errors are eliminated.
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At each iteration, a new entry in the LPSM is created only when a need for a
mapping arises from observing the actual ANGIE alignments. Specifically, modifica-
tions to the LPSM are made only when the algorithm fails to explain an alignment
using the current mapping. In this way, only the relevant mappings are added to the

LPSM, preventing overgeneralization and performance problems.

3.6 Multi-Stage ANGIE Configuration for Sound-

to-Letter Recognition

One possible implementation of sound-to-letter recognition starting based on SUM-
MIT phones in the terminal level would involve the direct replacement of phonemes
with spellnemes in the sublexical hierarchy (see Figure 3-1). While at first glance
this approach seems like the natural application of the spellneme units, it was judged
problematic because of the large increase in the low-level rules search space that would
occur if spellnemes were used in ANGIE low-level rules. Indeed, a very important
constraint that must be satisfied in training the' ANGIE column bigram probabili-
ties is the requirement that the number training utterances must be sufficiently large
relative to the space of accepted parses that is given by the grammars. In the nor-
mal ANGIE framework, the low-level phoneme-to-phone grammar is already quite
comprehensive, covering a very large space of phonological variants. Rewriting this
grammar as a spellneme-to-phone mapping would cause the search space to balloon,
as it would involve taking the product of the set of phonetic sequences and the set of
spelling contexts: a particular spellneme would get mapped to all the phone sequences
that were originally aligned with any of its phonemes — phonemes that mapped to

that particular spellneme in some letter context.

It was thus decided to take a multi-stage approach to the spellneme-based sound-
to-letter task. Instead of training up an over-generalized phone-to-spellneme recog-
nizer on the usual word-to-phone alignments, we decided to keep the original ANGIE

configuration of terminal phones and pre-terminal phonemes intact, and augment it
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with a second ANGIE stage that would then transduce phonemics into our spellneme
units. The advantages of this approach were numerous. First, we were able to avoid
the problem of ballooning grammars, essentially replacing a mapping of cardinality
[Phones * Phonemes * Spellnemes] with the more feasible [Phones * Phonemes +
Phonemes * Spellnemes]. With this reduction, we were hopeful to avoid particu-
larly critical overgeneralization problems. Second, retaining a well-developed ANGIE
(phone-to-phoneme) configuration as part of the overall recognizer ensured that we
had a solid basis on which to develop our multi-stage system, making it more mod-
ular, conceptually clearer, and easier to test and debug. Finally, the second ANGIE
stage would serve as a higher-level language model, allowing us to test its influence on
recognition separately