A Language-Portable Orthography Analysis System

Barbara Wheatley, Thomas Staples, and Joseph Picone
Texas Instruments

Central Research Laboratories, P.O. Box 655474, MS 238, Dallas, Texas 75265, U.S.A.

The development and implementation of speech technology
applications requires the ability to deal with both text and speech
and to map between them. For example, text segmentation and
mapping to pronunciation are required in order to automatically
generate language models from text corpora for large vocabulary
speech recognition; the reverse mapping, from pronunciation to
text, is required to produce useful output from a large vocabulary
recognition system. Text to pronunciation is also invaluable in
speech corpus construction, both to develop phonetically bal-
anced elicitation materials and to automatically time mark data
that is transcribed orthographically.

A system that attempts to process multiple languages must
deal with the fact that orthography is one of the most variable
aspects of language. Languages differ in whether the basic ortho-
graphic unit corresponds to syntactic/semantic units, syllables,
phonemes, or some combination or subset of these; in the regu-
larity of the relationship between orthography and pronunciation;
and in extent to which larger units such as words are indicated
explicitly in text. Because of this variability, the nature of a prob-
lem such as text-to-pronunciation mapping may differ fundamen-
tally from one language to another.

For example, a conventional approach for a language such
as English is to use word-based dictionaries. Each dictionary
entry is keyed by an orthographic word, defined in English as a
space-delimited sequence of characters. And although the con-
tents of entries may be highly complex, particularly in represent-
ing semantic and syntactic information, entries are accessed
through a simple string matching procedure. However, such an
approach may be much less suitable for a language like Japanese
in which words are not delimited in normal text, or a language
like Spanish in which text-to-pronunciation mapping is readily
determinable without explicit enumeration of every word. In
such cases, the conventional approach is to develop rule sets to
supplement or replace dictionaries. For example, Japanese text
may be preprocessed by a rule-based parser that attempts to
determine word boundaries. Spanish text may be processed using
a rule set (such as the text-to-pronunciation component of a text-
to-speech system) to generate pronunciations.

The major drawback of this strategy is the difficulty of sup-
porting it readily in a new language. Rule-based approaches may
provide the most parsimonious and elegant solutions, but they
also typically require a high level of expertise to develop and
maintain. It can be quite difficult to find individuals who combine
this kind of expertise with knowledge of the language. Also,
implementing rule-based systems in a generic way that supports
ready extension to other languages is a major challenge, requir-
ing substantial knowledge and effort in system design.

As an alternative to rule-based systems, we have developed
a method that combines dictionaries with a dynamic program-
ming algorithm to support diverse languages in a uniform sys-

tem. In this system, dictionaries are not necessarily word-based;
instead, entry keys are simply defined to consist of sequences of
symbols (n-grams). When the dictionary is used to process any
given input, for example to map a text sentence to pronunciation,
the dynamic programming algorithm performs a length-con-
strained n-gram search to find the optimal set of entries for that
string, as shown in Figure 1. Each n-gram in the dictionary has an
associated weight that is used in determining which matches are
optimal. This weight is normally defined to be a simple function
of the entry length, such that the search algorithm will favor
longer matches over shorter ones.

The n-gram dictionary system has been used for Japanese to
perform both segmentation of sentences into words and mapping
from orthography to pronunciation. Dictionary entries consist of
n-grams of logographic characters (kanji) and syllabary symbols
(kana). Entries are chosen to provide enough information to reli-
ably perform segmentation and pronunciation mapping. The pro-
nunciation of kanji is typically context-sensitive and may depend
on word segmentation. Entries may span word boundaries in
order to provide the necessary context, so that a single entry may
contain multiple words or even fractional words—such as a kana
particle or suffix followed by a word-initial kanji. Also, entries
may be partial words, facilitating efficient treatment of verb
stems and conjugations. In tests of accuracy in converting text
sentences to pronunciation, this system performed significantly
better than public domain tools, as shown in Table 1.

To support word segmentation, each entry contains word
boundary information. Because the correct segmentation for an
entry may depend on the larger context in which it occurs, the
boundary labels distinguish between definite word boundaries
and potential word boundaries. Uncertainties are resolved by a
simple postprocessor which looks at adjacent boundary labels
arising from concatenation of dictionary entries to determine
which potential boundaries are realized. For example, an entry
which might be a complete word or might appear with a suffix is
marked as terminating in a potential word boundary; the suffix
entry has no initial boundary, either potential or definite. When
these occur together, the potential boundary is not realized and
the entire unit is classified as one word. Thus, word segmentation
of text is performed using the dictionary and n-gram matching
algorithm; no rule-based parsing is necessary.

The n-gram system has also been used to process Spanish
text. In this case, the problem is vastly simpler: given a small
amount of context, letter-to-sound mapping in Spanish is predict-
able, with a small number of exceptions such as place names.
Both exceptional and regular mappings in Spanish are easily han-
dled by the n-gram dictionary. Each entry contains one or more
symbols consisting of letters or word boundaries (which are
marked in Spanish orthography); weights are assigned to favor
longer sequences and exceptions. The search algorithm finds the
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Figure 1. An example illustrating an efficient dynamic programming-based search for the best dictionary match. The horizontal axis
corresponds to the input characters. The vertical axis corresponds to the n-gram order. Node costs include the weight of an appropriate

entry in the dictionary. Straight lines denote backpointers that point

to the previous column; arcs denote backpointers that skip the

previous column(s). Previous paths from a given node can extend backwards as far back as the maximum n-gram order. Theoretically,
this would be prohibitively expensive in computational cost. In practice, there are very few competing paths that need to be considered.

A diagram showing the first three allowable backpointers for a 1-gram

optimal set of entries for any given input word or sentence and
produces the expected pronunciation.

This system has been used to process Spanish text corpora
to produce phonetically balanced sentence sets. It also lends itself
to other uses. It can serve to bootstrap a word-based dictionary
from text, providing possible orthographies corresponding to
phoneme sequences, to support large vocabulary recognition in
Spanish. Also, the same system (with a different dictionary) has
been used to divide words into units corresponding to named let-

ters in Spanish—which includes ch and 11, as well as individual

characters. This facilitates construction of elicitation materials to
collect a corpus of spelled words in Spanish.

The n-gram dictionary system is used to provide real-time
support for an interactive transcription and time marking tool for
multilanguage speech corpus creation. The tool provides a mul-

and 2-gram node is shown to the right.

tilanguage editor, waveform display and audio functions, inte-
grated with automatic time marking. Time marking is performed
using supervised recognition, with supervision based on the tran-
scription. Integration of the n-gram dictionary system allows
transcription in native orthographies, since the orthography can
be readily converted to the expected pronunciation.

In summary, the n-gram dictionary system allows a uniform
approach to be used for text-to-pronunciation mapping in lan-
guages as divergent as Japanese and Spanish. More importantly,
the approach does not rely on a high degree of expertise in syn-
tactic parsing or complex text-to-pronunciation rules. Creating
and maintaining the dictionaries requires expert knowledge of
the language, but only the kind of knowledge typical of an edu-
cated, intelligent native speaker—not a native speaker who is
also a speech technologist or parsing expert.

Kaniji

Combined Sentence Sentence Characjzter
Sentence Substitution Rejection Substitution

Algorithm Error Rate Error Rate Error Rate Error Rate
JUMAN 39.2% 30.3% 8.9% 9.0%
Wnn 52.2% 20.1% 32.1% 21.8%
KAKASI 11.1% 11.0% 0.1% 1.8%
N-Gram 3.6% 3.6% 0.0% 0.5%

Figure 1. A summary of the results of evaluations on a 1,000 sentence database. The n-gram algorithm, in closed-set testing, is shown
to provide significantly better performance than public domain counterparts.
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