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Abstract

This paper describesand comparestwo unsupervised al-
gorithms to automatically align Japanesegrapheme and
phoneme strings, identifying segmer-level correspon-
dences between them. The rst algorithm is inspired
by the tf-idf model, including enhancemerns to handle
phonological variation and determine frequency through
analysis of \alignment potential". The secondalgorithm
relies on the C4.5 classi cation system, and makes mul-
tiple passesover the alignment data until consistency of
output is achieved. In evaluation, the rst algorithm
provesto be greatly superior to the second,producing a
word accuracy of 96.94%.

In tro duction

The task of grapheme-phonemealignment is intrinsi-
cally related to text-to-speed conversion, and provides
the basic toolset of grapheme-phonemecorrespondences
for usein predicting the pronunciation of a given word.
While it is certainly possible to handcraft grapheme-
to-phoneme mappings (see, e.g., (Allen et al.,, 1987;
Sejnavski and Roserberg, 1987; Huang et al.,, 1994;
Divay and Vitale, 1997)), we suggestthat it should
be possible to automatically extract such data from
a database of grapheme-phonemestring pairs without
any form of supervision. Thus, given a pronunciation-
annotated machine-readabledictionary, it should be pos-
sible to generate a set of aligned grapheme{phoneme
(word{pron unciation) pairs reliably and fully automat-
ically. Theoretically, the grapheme-phonemealignmert
output could then be plugged into a reading machine,
producing an instant text-to-speed system for any lan-
guage(as per (Ling and Zhang, 1998;Black et al., 1998)).
The objective of this paper is to analyse the appli-
cability of unsupervised learning methods to automated
grapheme-phonemalignment in Japanese.In particular,
we propose an incremertal learning algorithm founded
upon the tf-idf  metric, and comparethis to a multi-pass
alignment method drawing on the C4.5 classi cation sys-
tem (inspired by the method of (Ling and Wang, 1997)).
Alignment data is rst constructed by exhaustively gen-
erating all alignment mappings for a given grapheme-
phonemepair. We Iter o lexically and phonologically
implausible alignment candidates from this data, and
feed the nal set of alignment candidates into the dif-
ferent alignment algorithms. These algorithms then in-
cremenally disambiguate the data to produce a unique
alignment candidate for each grapheme-phonemetuple,
through analysis of frequency distribution in the data.

De nitions

Japaneseis made up of the three native orthographies
of kanji, katakana and hiragana. Kanji characters (e.g.

\c ") derive from the Chinese writing system and are
largely ideographic in nature; a single kanji character
tends to have multiple pronunciations (a sample of read-
ingsfor\ c " include syo, ki(eru) and ke(su)). Katak ana
and hiragana (collectively described as kana) are iso-
morphic syllabaries, with ead character describing a
unique, mutually exclusive phoneme content; examples
of hiragana and katakana are \7 " (si) and \4 " (go),
respectively. The three orthographies intermingle in
modern-day Japanesetexts, with hiraganagenerally used
for in ectional axes, case particles and stop words,
katakana for loan words, and kanji for content word
stems. This e ect is seenin the word c7 4 * [kesigomy
\eraser", which incorporates all three script types.

In targeting \graphemic Japanese",therefore, we must
consider all three writing systems. Phonemic Japanese,
on the other hand, can be described through kana char-
acters, as all kanji characters are transcribable into
kana, and kana describe the full phonemic invertory of
Japanesein the form of phonemechunks. That is not to
say that every kana character mapsto a single phoneme,
but there is a unique broad phonetic transcription asso-
ciated with almost all kana characters?! It is thus trivial
to complete the full grapheme-phonemeconversion pro-
cessif necessary and at the sametime, our choice of
kana characters as phoneme medium frees us from con-
sideration of low-level connectional restrictions between
phonemeunits, as this information is implicitly encaded
within the orthography.

Grapheme-phoneme(\ g-p") alignment is de ned as
the task of maximally segmeting a graphemecompound
(a single dictionary ertry, usually constituting a sin-
gle word) into morpho-phonic units, and aligning eah
such unit to its corresponding phonemeunit in the pho-
netic transcription for that compound. Segmermation of
the grapheme compound is maximal in the sensethat
no segmen can be further segmeited into aligning sub-
segmems. To take the example of the grapheme string
6 -U -su-ru [ka-n-sya-su-ru] \to thank/b e thankful", 2 g
aligns with ka-n in the phonemestring, and y with sya,
asindicated in align; of Figure 1.

1The only exception to a ect usis the kana u, which when
not used as an inecting sux, is pronounced as/o/ when
immediately proceedingan /o/ sound within a phoneme seg-
ment, and /u/ otherwise. Here, disambiguation is possible
given phoneme segmert context and part-of-speed informa-
tion.

23pasto make this paper as accessibleas possibleto read-
ers not familiar with Japanese, kana characters are written
italicised in Latin script for the remainder of this paper, with
character boundariesindicated by \-" and segmen boundaries
(which double as character boundaries) indicated by \
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Figure 1: Candidate alignments for g -y -su-ru [ka-n-sya-su-rd \to thank/b e thankful"

Cognitiv e aspects of G-P alignmen t

Onevital issuein grapheme-phonemalignmert is the de-
termination of “atomic' graphemesegmets, that is seg-
ments which are not further divisible. Clearly, the lower
bound on atom sizefor Japaneseis a single kana or kanji

character, but there is no inherent upper bound on the
number of characters that can combine to form a seg-
mert, for either graphemeor phonemesegmeis. While

it is correct to say that there is a cognitive preference
to segmem o individual kanji characters (possibly with

kana su ces), there is equally potential for (indivisible)

multiple-k anji graphemesegmetts, suc asf -| [se-ri-fu]

\one's lines". Consequetly, alignmernt does not simply
consist of segmeting the graphemestring up into indi-

vidual characters and aligning them with chunks of the
phonemestring, and consideration must be given to the
granularity of segmemation.

A number of inter-related cognitive factors seemto de-
termine the \segmertabilit y" of a grapheme string and
resultant \alignabilit y* with a given phoneme string,
namely: (i) the relative frequency of eadh segmett-level
g-p sub-alignmert; (i) the cognitive immediacy of ad-
jacernt segmets; and (iii) phonetic similarity to regular
readingsin the caseof novel g-p sub-alignmert.

High relative frequency of alignmert refersto the situ-
ation of a given graphemesegmem g commonly aligning
with a given phonemesegmen p (and phonological vari-
ants thereof), such asg invariably aligning with the read-
ing ka-n. Clearly if the h.. g ...i{h.. p ...i alignment
sub-sthemais obsened with su cien t frequency a natu-
ral preferencewill ariseto emulate that samealignment
sub-shemawherewer possible,for reasonsof familiarit y.

In the casethat there is no alignment schema which
producesfamiliar alignmernts for all individual grapheme
segmets, there is a tendency to presene as much regu-
larity to the overall alignment schemaaspossibleby max-
imising the number of regular alignments and framing any
irregular alignmens betweensegmert-level alignments of
high cognitive immediacy. Thus, when presenied with a
g-p tuple such as hy -1 i{hsi-ra-gai, where ¢y is com-
monly assaiated with the reading si-ra but not si and
there are no independert instancesof 1 taking a ga or
ra-gareading, there is a natural preferenceto uphold the
single known sub-alignmen for y and produce a forced
alignmert for 1 , asin hy 1 i{hsi-ra gai.

Finally, if a novel alignment must be made suc as
h.. 1 i{h.. gai above,consenatism rulesin that irreg-
ular readingstend to be chosenso asto be phonetically
similar to established readings. In the caseof 1 , the
established reading is ka-mi (or ga-mi in its voiced re-
alisation), from which the deletion of a single character
producesthe suggestedga reading.

In the casethat the above processesdo not apply to
any substring of the g-p tuple, the tendency is to chunk
unalignable kanji together into a single multi-k anji seg-
ment, such as occurred for se-ri-fu above.

The implications of the above obsenations to our sta-
tistical modelling of g-p alignment areto developa model
which gives preferenceto sub-alignmerts of high plau-
sibility, allows irregular alignments given that the sur-
rounding context displays high cognitive immediacy of
alignment, and has the facility to \back-o " to multi-
kanji segmems when necessary Our interpretation of
tf-idf  is suggestedto constitute such a model.

Grapheme-phoneme alignmen t

Grapheme-phonemealignment is performed as a three-
stageprocess:(a) detection of lexical alternation and re-
moval of lexical alternates from the input; (b) determina-
tion of all possiblealignment candidatesand subsequeh
pruning through alignment constraints; and (c) scoring
of all nal candidate alignments to determine the nal
solution.

Lexical alternates arede ned ascortaining the same
kanji charactersin the samelinear order, and coinciding
in phonemic content (i.e. having the samereading). We
enforcethe constraint that all lexical alternates must be
governed by the samebasic alternation schema, allowing
usto lter o alignment candidatesfor a given g-p tuple
which are incompatible with one or more alternates of
that tuple.

Giventhat both graphemeand phonemesegmers can
be of arbitrary length, alignmen t candidate gener-
ation must encompassall segmemation cardinalities.
That is, for the example of a three-character grapheme
string, we must consider the maximal segmemation of
the string into three segmerts, and also partial segmema-
tions into two segmeits or alternativ ely a single segmern
encompassinghe full string.

Luckily, we are able to rely on strict linearity of align-
ment between the grapheme and phoneme strings, and
in most casescan court on the alignment being isomor-
phic (the only exception being\grapheme gapping" { see
(Baldwin and Tanaka, 1999b)). AIS_,a result, the total

number of alignmerts is given by Lzé ch ch tin
the general case,where m is the character length of the
graphemestring, n the character length of the phoneme
string, and | = min(m; n).

Weare ableto reducethe alignment spaceconsiderably
howevwer, through the advent of v e lexical and phonolog-

ical constraints on alignmert, as described in (Baldwin
and Tanaka, 1999b). These constraints apply to script
and syllable boundaries, the character length of aligned
segmetts, and the number of voiced obstruents contained
in a single phoneme segmen. For the data targeted in
evaluation, the averagealignment paradigm size was re-
duced from 12.06to 3.27 (a reduction of closeto 75%),
with no instancesof the correct alignment candidate be-
ing pruned from the alignmert paradigm.

It is important to realise that the application of the
above constraints not only reducesthe seard spacefor
statistical scoring, but can actually single out a unique
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legal solution, providing what turns out to be vital \free
riq%" alignment data to bootstrap the dierent systems
with.

The alignment constraints are the only componert of
the overall formulation which is specic to Japanese,
and the di erent algorithms would be equally applicable
to unconstrained alignment data, making them directly
transferrable to any other language.

We next turn to description of the two main unsuper-
vised alignment methods.

Incremen tal learning with TF-IDF

The rst algorithm (originally proposedin (Baldwin and
Tanaka, 1999a))is basedon incremental learning or \hill-
climbing", wherelby the system disambiguates a single
alignment paradigm at a time and incrementally up-
dates the statistical model according to both discarded
alignment candidates and the selected alignment solu-
tion. Selection of the alignment paradigm to be dis-
ambiguated is performed according to an adaptation of
the tf-idf  scoring metric (Salton and Buckley, 1990),
originally dewveloped within the information retrieval fra-
ternity for term weighting. In this, we score and rank
ead alignment candidate contained within the current
alignmernt paradigm, and further rank the di erent align-
ment paradigmsaccordingto the weighted ratio between
the top- and second-rankingalignment candidates. The
highest-scoring alignment paradigm on ead iteration is
selectedfor disambiguation, accordingto the top-ranking
alignment candidate described therein. We then up-
date the statistical model, revise scoresfor alignment
paradigms a ected by the changedstatistics, and rerank
in preparation for the next iteration.

The utilit y of tf-idf  within the task of g-p align-
ment, stemsfrom it weighting up terms (aligned g-p seg-
ments) which occur frequertly within a given documert
(grapheme segmen) context, but relatively infrequently
within other documerts (left/righ t adjoining grapheme
and phonemecortexts). As described above, we wish to
model the cognitive processof g-p alignmert by max-
imally weighting high-frequency (regular) readingsfor a
givengraphemestring, but at the sametime scoringdown
readingswhich occur primarily in a xed lexical context,
as this would tend to point to oversegmetation at the
phoneme level (the phoneme context is in actual fact
part of the reading for the current grapheme segmen)
and/or the graphemelevel (the graphemecorntext clusters
with the current graphemesegmen to form a multiple-
graphemesegmet).

In addition to facilitating the detection of regular align-
ments, tf-idf  provides a means of variably \windo w-
ing" over the graphemeand phonemestrings, in that it
does not involve a pre-conceied notion of segmen size.
Additionally , by way of taking the mean of the scores
for the left/righ t and grapheme/phoneme cortexts for
ead aligned g-p segmen pair, we are able to weight
up alignments with more highly regularisedsegmett-level

readings, again mirroring the cognitive processingof g-
p alignmert.

While tf-idf o ers no immediate solution to the third
cognitive issue of consenatism in casesof non-regular
readings, it doesallow us to handle abbreviations of reg-
ular readings|as was seenabove for the gareading of 1
lin that they will generally be found within the (undis-
ambiguated) alignment paradigm of g-p tuples drawing
on the regular reading.

Counting frequencies

Clearly, to be ableto apply the tf-idf metric, we require
some way of cournting frequencies. For disambiguated
alignment paradigms, we can rely on the absolute fre-
quenciesof segmeits cortained within the alignment so-
lution. For residuealignment paradigms awaiting disam-
biguation, on the other hand, we have an arbitrary num-
ber of alignment candidatesto choosefrom, and no im-
m?diate way of producing an all-encompassingfrequency
value.

We resolwe this issueby assaiating a single frequency
count with every segmen type occurring independertly
in agivenalignment paradigm, irrespective of the number
of alignment candidatesit occurswithin. In this way, we
model the \alignment potential* of eat segmen. This
processcan be formalised as in equation equation (1),
in the caseof freg(hg; pi) (singleton and triple segmen
combinations are de ned in a similar fashion). Here, p
is the phonemesegmen aligning with graphemesegmen
g, and phon_var(p) describesthe set of \phonological al-
ternates” of p. Phonological alternates are predictable
instances of phonological alternation from a base form
p, with the most widespreadtypes of phonological alter-
nation being\sequential voicing" (Tsujimura, 1996) and
gemination. Fortunately, phonological alternation occurs
only on syllables at phoneme segmen boundaries, and
phonologicalalternate \equivalenceclasses"are mutually
exclusive in the main. This allows us to cluster together
frequenciesfor members of ead equivalenceclass, going
someway toward combating the e ects of data sparse-
ness.

The basic TF-IDF model

Our interpretation of the tf-idf model is given in equa-
tion equation (3), where g is a grapheme segmen, p a
phonemesegmen and ctxt a singlephonemeor grapheme
context for hg;pi within the current alignmert. As an
additional facet of hill-clim bing, we weight up segmen
frequencies contained within disambiguated alignment
paradigms (fregg,, ., ), over those for unprocessedalign-
ment processefreq .o veo )- THiS is achieved through
the wfreq functions for the various segmen combina-
tions, which use the xed SOLVED and UNSOLVED
weights to prioritise disambiguated frequencies(0 < <
UNSOLVED SOLVED). The subtractions by a fac-
tor of UNSOLVED are designedto discourt the single
occurrencesof hg; pi and hg; p;ctxti in the current align-



ment paradigm, and is an additive smoothing constart
designedto courter the e ects of low frequency courts.

As described above, consideration of lexical context
for a given segmen tuple hg;pi is four-fold, made up
of the single character immediately adjacert to g in the
graphemestring and single syllable immediately adjacert
to p in the phonemestring (or the null string in the case
of a string-initial/ nal segmet), for both the left and
right directions. An individual tf -idf scoreis calculated
for ead of these contexts ctxt, and the resultant scores
combined by taking the 4-way arithmetic mean. In the
caseof full-string segmen alignmert, the overall scoreis
de ned to be tf (hg; pi).

The overall scorefor all g-p segmen tuples cortained
in the current alignment is computed according to the
arithmetic mean of the respective combined tf -idf scores,
with the proviso that full kana-basedgraphemesegmeits
are excluded from computation.

Additional allowancesfor axation and conjugation
are made according to the method described in (Bald-
win and Tanaka, 1999b).

Selectiv e sampling

As described above, a single alignment paradigm is se-
lected for disambiguation on ead iteration, and the sta-
tistical model updated by way of incremerting frequen-
cies for segmen alignments cortained in the alignment
solution (according to the SOLVED weight), and decre-
menting frequenciesderiving from segmers occurring in
disallowed alignment candidates and not the alignment
solution. The method of \selectively sampling" a single
alignmert solution on ead iteration, is performed by cal-
culating a scorefor ead alignment paradigm, and disam-
biguating the highest scoring paradigm accordingto the
top-scoring alignment candidate cortained therein. The
scorefor the alignment paradigm is calculated according
to the \w eighted log odds" discriminativ e ratio s; log :—;

wheres; isthe scorefor the top-ranking alignment candi-
date and s, that for the second-rankingalignmert candi-
date within the current alignment paradigm. Intuitiv ely,
this balancesup maximisation of both s; and the dis-
parity betweens; and s;, such that we are after not only
alignmert candidateswhich scorewell, but alsoalignment
paradigmswherethe top-scoring alignment candidate has
a clear empirical advantage over other candidates.

Multi-pass classi cation

The secondalgorithm is inspired by the researt of Ling
and Wang (1997), who applied the C4.5 classi cation sys-
tem (Quinlan, 1993) to unsupervised alignment of En-
glish g-p tuples. Specically, C4.5 was usedto predict
the phonemic equivalent of English words (graphemic
strings), by way of outputting a phonemefor ead con-
stituent character in a given character window and com-
bining phonemesto give an aligned phonemic equivalent
for the original word. A phonetic transcription for the
original word was then used to independertly generate
alignment candidates,and the alignment candidate most
similar to the C4.5-constructed alignmert chosenas the
alignmert solution. Similarly to our incremertal learning
method, alignment solutions are then fed badk into C4.5
as training data, for usein aligning subsequeh words.
Ling and Wang implemented a number of heuristics to
improve the performanceof their basic method, including
ordering the system inputs in ascendingorder of align-
ment cardinality, delaying making a decision in cases
of multiple alignment candidates being equally similar

to the C4.5-constructed alignment, and cross-walidating
held-out partitions of the alignment data against the re-
mainder of the data. The nal alignment precision over
33,121 English words exceeded9.5%.

The alignment accuracyon English is certainly impres-
sive, and suggeststhe method as promising for Japanese
g-p alignment. Unfortunately, however, the case of
Japaneseg-p alignmernt is considerably more complex
than that of English. Most importantly, as noted above,
Japanesephoneme segmeits often extend over multiple
characters for single character graphemesegmeits even,
whereasin the caseof English, graphemesegmeis almost
always map onto single phonemes. It was thus possible
for Ling and Wang to enumerate the 40 or so possible
phonemesegmems and have C4.5 choose betweenthem
In predicting the phonemic equivalert of eac grapheme
segmen. If we attempted to do the samefor Japanese,
we would end up with a total of over 56,000 phoneme
segmets in the caseof the data set usedin evaluation,
making the classi cation task unmanageable. Addition-
ally, English usesonly 26 letters (assuminguniform case),
whereasour test data cortains 4429 graphemecharacter
tokensand 167 phonemecharacter tokens. This blow out
in the seard spacesuggeststhe needfor a di erent clas-
si cation approad.

On the implementation side,Ling and Wang are unable
to usenegative evidencefrom discardedalignment candi-
dates, a possibility we look to. We also usethe certainty
factor valuesreturned by C4.5in scoring the plausibility
of di erent alignment candidates.

Algorithm  basics

We apply the basic xed window method suggestedby
Ling and Wang, but instead of inputting only grapheme
context to return a phoneme, we input both grapheme
and phoneme contexts to return a binary judgemert on
the plausibility of a coincidert segmei boundary existing
at the certre of the two context windows. Graphemeand
phonemecortext is setto 3 characterson either sideof the
segmem boundary, making for a combined window sizeof
12 characters. To give an example basedon align; from
Figure 1, the classier\, , 6, U, sy, ru, _, ka, n, sya
su, ru" should produce a judgemernt of true, correspond-
ing to the leftmost inter-segmen boundary in align; (the
"' tokenindicates an empty character beyond the bound-
aries of the original word, and the underlined componert
is the graphemewindow). \ , ., 6 , U, Su, ru, ka, n, sya
sy, ru, ", on the other hand, is assaiated with a neg-
ative judgemert within the context of align;, as despite
segmen boundaries existing at the certres of the two
context windows, they do not coincide under alignmert.
At the same time as classifying input for segmen
boundary compatibilit y, C4.5 can be setto output a cer-
tainty factor cf : 0 cf 1 for ead class. This is par-
ticularly useful in comparing the overall plausibility of
alignment candidateswith little or no segmen boundary
overlap. In the caseof the tuple g -H [ta-i-si] \am bas-
sador”, for example,we needto chdosebetweenthe three
alignmert candidatesof ay = hg Hi{ha i-sii, a; = h
Hi{ha-i sii and az = hg -Hi{ha-i-sii, the second
of which (ay) is correct. In sizing up az against a; and
ap, we are making a judgemern asto the plausibility of
the single segmen boundary distinguishing ead align-
ment candidate pairing. Howevwer, if a; were determined
to be more plausible that az, and equivalertly a, more
plausible than az, how could we choosebetweena; and
a,? Here, we apply the certainty factors in transferring
ewvaluation acrossto a numeric comparison.




So asto limit comparison of alignment candidates to
only those determined to be legal by the alignment con-
straints, we cluster \homogeneous"legal alignment can-
didatestogetherinto \packedalignment arrays" and indi-
vidually scoreead alignment candidate describedtherein.
Packed alignmen t arrays are of the form hg 4 i{
ha?i-sii, for example,where ?' indicates an optional seg-
ment boundary aligning with the corresponding bound-
ary in the opposing string (note that packed alignment
arrays can also corntain xed segmen boundaries, the
scorefor which cortributes to the overall scoreof align-
ment). Homogeneous alignment candidatesare de ned
as not having any crossing-ower of alignment and having
all coincidert segmets aligning similarly. a; and a, from
above are not homogeneous(due to the \g " and \H"
segmers aligning di erently), producing the two packed
alignment arrays hg 4 i{hta?-sii and hg 4 i{ Ha-i?sii
for\g H". A combined scorefor ea alignment candi-
date is determined basedon the averagesegmen bound-
ary certainty factor, and alignment candidatesrealisedin
multiple padced alignment arrays (such as az in the two
preserted arrays) are given the minimum score out of
those realisations. The optimal alignment candidate for
a given alignment paradigm is then that which produces
the maximum mean certainty factor.

While we do not have any pre-annotated training data
(preserving the true unsupervised status of our method),
we do have disambiguated positive evidence from the
\free ride" data disambiguated by the alignmernt con-
straints. We can also construct negative evidencefrom
alignment candidates disallowed by the alignment con-
straints,® although here there is potential for segmen-
level overlap with the correct alignment. We thus take
only those segmem boundary windows not found within
the nal alignment paradigm. Finally, we stretch the
boundariesof unsupervisedlearning somewhatin provid-
ing the systemwith positive instancesfor ead hiragana
and katakana character, aligning it as a single character
in the graphemeand phonemestrings. These instances
combine to form the \b ootstrap data” with which the
systemis initialised.

We further order the g-p tuple data set in ascending
order of alignment cardinality, in the manner of Ling and
Wang, so asto give the systemthe chanceto make eas-
ier decisionsearly on and use the resulting evidencein
making decisionsof greater complexity later on.

First pass

In the rst passover the data, C4.5 is initialised with
the bootstrap data from above, and run over ead align-
ment paradigm in turn. The classifying decisiontree is
then updated ead time an alignment paradigm is dis-
ambiguated, basedon the positive evidencedescribed by
the alignment solution. Due to the potentially dubious
nature of evidencearising from this rst pass,we commit
oursehesto an alignmert solution only in the casethat
there is no tie in combined certainty factor; in the caseof
a tie, we resene our decisionfor subsequen passes.Ad-
ditionally, we feed only positive evidenceback into C4.5.

Second and subsequent passes

In the secondand subsequen passes,we classify eah
alignment paradigm accordingto the combination of the

3We take only negative evidence produced through align-
ment incompatibilit y between otherwise legal alignment can-
didates for lexical alternates, and also that produced by Ly-
man's Law (Vance, 1987).

original bootstrap data and any positive or negative data
generatedfor other alignment paradigmsin the preced-
ing pass,holding out data pertaining to the current align-
ment paradigm. Negative data is progressiely addedinto
the training data throughout the secondpass,and main-
tained through subsequeh passes.

In the caseof a tie in alignment score,we take the rst
alignment producing that score. Note that paded align-
ment arrays are listed in descendingorder of the number
of individual alignment candidates they describe, suc
that by taking the rst alignment candidate to produce
the maximum alignment score,we are giving it credit for
gaving won out over a larger number of alignment candi-

ates.

We cortin ue iterating over the data until the combined
alignment output corverges,that is we attain consistert
output over successie passes.

Evaluation

The proposedsystemsweretested on a set of 5000g-p tu-
ples containing at least one kanji, randomly extracted
from the combined edict Japanese-English and Shin-
meikai (Nagasawva, 1981) dictionaries. Any lexical alter-
natesof the 5000g-p tuples werefurther addedto the test
set to give the alignment constraints full scope for appli-
cation (expanding the test data out to 6503 instances),
and the original 5000 g-p tuples manually aligned for
use in system performance ewvaluation. The extra lex-
ical alternate data is used only in applying the align-
ment constraints and has no bearing on subsequenh eval-
uation. The annotated alignment data was, of course,not
available to any of the systemcon gurations at execution
time.

The test data wasadditionally pre-processednto align-
ment paradigmsand sorted into ascendingorder of align-
ment cardinality, so as to ensurethat the input to the
two systemswas identical.

The baselineword accuracyfor this test suite, basedon
random selection of an alignmernt schema from the nal
alignment paradigm for ead g-p tuple, is 44.75%.

Looking rst to the incremental tf-idf learning me-
thod, we tested the algorithm with dierent settings for
the parametersSOLVED , UNSOLVED and , andfound
that the respective values of 1.0, 0.5 and 0.05 produced
the best word accuracy of 96.94%. Higher values of
tendedto producegreaterlevelsof under-alignmert (chunk-
ing together of graphemeand phonemesegmeitts into sin-
gle super-segmets), whereaslower levels of  produced
greater levels of over-alignmen (intra-segmen segmen-
tation). Larger values of SOLVED, on the other hand,
tendedto in ate the overall rate of both over- and under-
alignment. Interestingly, most errors were homogeneous
with the correct alignmert.

The multi-pass classi cation method produced a word
accuracy of 47.34%on the rst passand 58.18%on the
second and third passes,halting on completion of the
third passdue to coincidenceof output with the second
pass. Ties in alignment scorewere produced for only 78
of the 5000 annotated g-p tuples on the rst pass,suc
that we were able to produce alignments for 4922 g-p
tuples. On the rst pass, most errors took the form of
underalignmert, whereaserrors on the secondand third
passeswere generally instancesof overalignmert or non-
homogeneouswith the correct alignmert.

Basedon these gures, the incremertal tf-idf  learning
method is clearly superior to the multi-pass classi cation
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method, both in terms of raw accuracyand the degreeof
error in the caseof incorrect output. The 58.18%word
accuracy for the multi-pass classi cation approac also
cortrasts starkly with the 99.5% word accuracy claimed
by Ling and Wang for English g-p alignmert, although
it doeswell outperform the baselineword accuracy

To further comparethe accuraciesof the di erent me-
thods, we calculated the progressiwe alignment accuracy
over corridors of 250 alignment solution outputs, based
on the order of output. In the caseof the multi-pass clas-
si cation method, the order of output correspondsto the
order of the original data, in increasingorder of alignment
cardinality, whereasfor the incremertal tf-idf learning
method, the order of output is determined by the dis-
criminativ e ratio values. For both methods, however, the
rst 895outputs are the \free ride" alignment paradigms
of cardinality one, at word accuracy 100%. The progres-
sive word accuraciesfor pass1 and passe2 and 3 of the
multi-pass classi cation method are preseried separately
as \MP-P1" and \MP-P2/3", respectively. We include
evaluation of a number of variations on the basic tf-idf
method (\BASIC") to verify the e cacy of the discrimi-
nativeratio, rstly by way of arandom sampling method,
where a random alignment paradigm is disambiguated at
ead iteration (\RAND"), and secondlyby way of a non-
incremental method where all alignment paradigms are
disambiguated according to the initial top-scoring align-
ment candidate and output in descendingorder of the
discriminativ e ratio value \DUMP"). The various pro-
gressive word accuraciesare given in Figure 2.
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Figure 2: Progressiwe alignment accuracy

We can seea clear correlation betweenalignmernt cardi-
nality and accuracy for the multi-pass classi cation me-
thod, and also a clear performance gain for the second
passover the rst pass. The performance gain for the
basic tf-idf  method over random sampling (word ac-
curacy 96.64%) and the non-incremertal method (word
accuracy 96.20%)is more subtle, although the basic me-
thod doesreturn higher word alignment accuracyand the
output is more consisterilly accurate over the rst 4000
or so annotated outputs, pointing to the successof the
selective sampling method.

Conclusion

In conclusion, we have proposedtwo fundamentally dif-
ferert methods of unsupervisedg-p alignment, and tested
them on a set of 5000 Japaneseg-p tuples. The rst
method certres around an adaptation of the tf-idf  met-

ric, and iterates over the data, hill-climbing as it goes.
The second method, inspired by Ling and Wang (97),
uses C4.5 to determine segmen boundary compatibil-
ity for combined g-p context windows, and selectsthe
most plausible overall alignment candidate according to
the con dent factor values returned by C4.5. It makes
multiple passesover the data, incremertally enhancing
alignment accuracy asit goes. The tf-idf -basedlearn-
ing method returned a word accuracy of 96.94%in evalu-
ation, surpassingthe 58.18%3-password accuracyfor the
C4.5 multi-pass classi cation method by a large margin.
In the future, we are interested in running the dierent
methods over data for other languages,and expanding
evaluation.
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