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Bart: | smell a museum.
Homer: Yeah, good things don’t end with ‘eum’, they end witihania’
or ‘teria’.

The Simpsons

Ch. 2 introduced the regular expression, showing for exarhpiv a single
search string could help a web search engine find Wottdchuclandwoodchucks
Hunting for singular or plural woodchucks was easy; thegiljust tacks ais on to
the end. But suppose we were looking for another fascinatimgdland creatures;
let's say afox, and afish that surlypeccaryand perhaps a Canadiarild goose
Hunting for the plurals of these animals takes more thantaeting on ars. The
plural of fox is foxes of peccary peccaries and of goose geese To confuse
matters further, fish don’t usually change their form whesythare plural.

It takes two kinds of knowledge to correctly search for slaguand plurals
of these forms.Orthographic rules tell us that English words ending y are
pluralized by changing the to -i- and adding ares Morphological rules tell us
thatfish has a null plural, and that the plural gboseis formed by changing the
vowel.

The problem of recognizing that a word (likexe$ breaks down into compo-
nent morphemeddx and-e9 and building a structured representation of this fact
is calledmorphological parsing.

Parsing means taking an input and producing some sort of linguisticcs
ture for it. We will use the term parsing very broadly throaghthis book, includ-
ing many kinds of structures that might be produced; moqdioal, syntactic,
semantic, discourse; in the form of a string, or a tree, ortwork. Morpho-

1 (seee.g., Seuss (1960))
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logical parsing or stemming applies to many affixes othen tplrals; for ex-
ample we might need to take any English verb form endingng (going, talk-
ing, congratulating and parse it into its verbal stem plus thieg morpheme. So
given thesurfaceor input form going we might want to produce the parsed form
VERB-go + GERUND-ing.

Morphological parsing is important throughout speech andliage process-
ing. It plays a crucial role in part-of-speech tagging forrptmlogically complex
languages like Russian or German, as we will see in Ch. Sirtpsrtant for pro-
ducing the large dictionaries that are necessary for radpet-checking. We will
need it in machine translation to realize for example thatRrench wordsa and
aller should both translate to forms of the English vgd

In addition, there are many tasks where we don’t need to @avserd, but
we do need to map from the word to its root or stem. For exanmpleformation
retrieval (IR), we might want to map frofioxesto fox; but might not need to also
know thatfoxesis plural. Just stripping off such word endings is caleimming
in IR. For other speech and language processing tasks, vdetod@ow that two
words have a similar root, despite their surface differené®r example the words
sang sung andsingsare all forms of the versing The wordsingis sometimes
called the commofemmaof these words, and mapping from all of theseitnyis
calledlemmatization. 2

Morphological parsing is also related tlukenization, the task of separating
out words from running text. We can use blanks (whitespazktp in this task,
but there are hard cases, such as recognizingNtbet Yorkandrock 'n’ roll are
both words despite their spaces, Bat consists of the two wordsandam

To solve the morphological parsing problem, why couldn'tjust store all
the plural forms of English nouns anihg forms of English verbs in a dictionary
and do parsing by lookup? The major reason is timgg is a productive suffix;
by this we mean that it applies to every verb. Similagyapplies to almost every
noun. Productive suffixes even apply to new words; thus the werd fax can
automatically be used in theng form: faxing Since new words (particularly
acronyms and proper nouns) are created every day, the dlassias in English
increases constantly, and we need to be able to add the phargdheme-s to
each of these. Additionally, the plural form of these newmdepends on the
spelling/pronunciation of the singular form; for examglthe noun ends iRz then
the plural form is-esrather thans. We'll need to encode these rules somewhere.

Finally, we certainly cannot list all the morphological izants of every word
in morphologically complex languages like Turkish, whickstwords like:

2 | emmatization is actually more complex, since it sometiimeslves deciding on which sense of
a word is present. We return to this issue in Ch. 19.
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(3.1) uygarlastiramadiklarimizdanmissinizcasina
uygar +las +tir +ama +dik +lar +imiz +dan +mis +siniz+casina
civilized +BEC +CAUS +NABL +PART +PL +P1PL +ABL +PAST+2PL +Aslf

“(behaving) as if you are among those whom we could not ei#fli

The various pieces of this word (tineorphemeg have these meanings:

+BEC “become”

+CAUS the causative verb marker (‘cause to X’)

+NAB  “notable”

+PART past participle form

+P1PL 1st person pl possessive agreement

+2PL  2nd person pl

+ABL ablative (from/among) case marker

+Aslf derivationally forms an adverb from a finite verb

Not all Turkish words look like this; the average Turkish wias about three
morphemes. But such long words do exist; indeed Kemal Oflades came up
with this example, notes (p.c.) that verbs in Turkish hav@@0 possible forms not
counting derivational suffixes. Adding derivational sufx such as causatives, al-
lows a theoretically infinite number of words, since cawszdition can be repeated
in a single word You cause X to cause Y to .. .d9.Whus we cannot store all pos-
sible Turkish words in advance, and must do morphologicedipg dynamically.

In the next section we survey morphological knowledge faglsh and some
other languages. We then introduce the key algorithm forpmaogical pars-
ing, thefinite-state transducer. Finite-state transducers are a crucial technology
throughout speech and language processing, so we willnrétuthem again in
later chapters. Finally, we introduce other advanced amglated to finite-state
processing, including word segmentation and spell checkin

3.1 SURVEY OF (MOSTLY) ENGLISH MORPHOLOGY

Morphology is the study of the way words are built up from deraineaning-
worrHEMES  bearing unitsmorphemes A morpheme is often defined as the minimal meaning-

bearing unit in a language. So for example the wimpdconsists of a single mor-

pheme (the morphenfex) while the wordcatsconsists of two: the morphenvat

and the morphemss.

As this example suggests, it is often useful to distinguighiroad classes of

stems  morphemesstemsandaffixes The exact details of the distinction vary from lan-
AFFXEs  guage to language, but intuitively, the stem is the “main’tpheme of the word,

supplying the main meaning, while the affixes add “additfonaanings of vari-

ous kinds.
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Affixes are further divided int@refixes suffixes infixes, andcircumfixes.
Prefixes precede the stem, suffixes follow the stem, circ@®fito both, and infixes
are inserted inside the stem. For example, the veaidis composed of a stem
eat and the suffix-s. The wordunbuckleis composed of a stefiouckleand the
prefixun-. English doesn’t have any good examples of circumfixes, lautynother
languages do. In German, for example, the past participternke verbs formed by
addingge-to the beginning of the stem antto the end; so the past participle of
the verbsagen(to say) isgesagt(said). Infixes, in which a morpheme is inserted in
the middle of a word, occur very commonly for example in thdipihe language
Tagalog. For example the affiam which marks the agent of an action, is infixed to
the Tagalog sterhingi “borrow” to producehumingi There is one infix that occurs
in some dialects of English in which taboo morpheme like Kittg” or “bl**dy”
or others like it are inserted in the middle of other words &Mf**king-hattan”,
“abso-bl**dy-lutely”®) (McCawley, 1978).

A word can have more than one affix. For example, the wewdriteshas
the prefixre-, the stemwrite, and the suffixs. The wordunbelievablyhas a stem
(believe plus three affixesun-, -able, and-ly). While English doesn’t tend to stack
more than four or five affixes, languages like Turkish can vawels with nine or
ten affixes, as we saw above. Languages that tend to stringsatfhgether like
Turkish does are calleagglutinative languages.

There are many ways to combine morphemes to create words ofFthese
methods are common and play important roles in speech agddge processing:
inflection, derivation, compounding andcliticization.

Inflection is the combination of a word stem with a grammatical morpheme
usually resulting in a word of the same class as the origteah sand usually filling
some syntactic function like agreement. For example, Ehdias the inflectional
morphemes for marking theplural on nouns, and the inflectional morphereel
for marking the past tense on verliZerivation is the combination of a word stem
with a grammatical morpheme, usually resulting in a word difi@rentclass, often
with a meaning hard to predict exactly. For example the eerbputerizecan take
the derivational suffixation to produce the nounomputerization Compound-
ing is the combination of multiple word stems together. For eplenthe noun
doghouseis the concatenation of the morphemeg with the morpheméouse
Finally, cliticization is the combination of a word stem withcditic. A clitic is a
morpheme that acts syntactically like a word, but is redunddrm and attached
(phonologically and sometimes orthographically) to asotvord. For example
the English morphem@e in the wordl've is a clitic, as is the French definite arti-

3 Alan Jay Lerner, the lyricist of My Fair Lady, bowdlerizeckttatter toabso-bloomin’lutelyin the
lyric to “Wouldn't It Be Loverly?” (Lerner, 1978, p. 60).
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clel’ in the wordl'opera. In the following sections we give more details on these
processes.

3.1.1 Inflectional Morphology

English has a relatively simple inflectional system; onlyimg verbs, and some-
times adjectives can be inflected, and the number of pogsitetional affixes is
quite small.
PLURAL English nouns have only two kinds of inflection: an affix thadrksplural
and an affix that markpossessiveFor example, many (but not all) English nouns
sneuLar —— can either appear in the bare stemsorgular form, or take a plural suffix. Here
are examples of the regular plural suffsqalso spelledes, and irregular plurals:

\ | Regular Noun§Irregular Nouns

Singular cat |thrush Mousg 0x
Plural |catg thrushes |[mice |oxen

While the regular plural is spelleg after most nouns, it is spellees af-
ter words ending ins (ibis/ibiseg , -z, (waltz/waltzey -sh, (thrush/thrushes-ch,
(finch/finchel and sometimesx (box/boxes Nouns ending iny preceded by a
consonant change thgto -i (butterfly/butterfliel

The possessive suffix is realized by apostrophefer regular singular nouns
(Ilama’s) and plural nouns not ending #s (children’s) and often by a lone apos-
trophe after regular plural nounkafmas’) and some names ending-sior -z (Eu-
ripides’ comediep

English verbal inflection is more complicated than nomindkiction. First,
English has three kinds of verbsiain verbs, (eat, sleep, impeaghmodal verbs
(can, will, shoulg, andprimary verbs (be, have, dp(using the terms of Quirk
et al., 1985). In this chapter we will mostly be concernechwiite main and pri-
mary verbs, because it is these that have inflectional eadi@f these verbs a

reauar  large class aresgular, that is to say all verbs of this class have the same endings
marking the same functions. These regular verbs (gak, orinspec} have four
morphological forms, as follow:

Morphological Form Classgs  Regularly Inflected Verbs

stem walk |merge |try map
-sform walks |merges |tries |maps
-ing participle walking| merging| trying | mapping
Past form oredparticiple |walked |merged |tried |mapped

These verbs are called regular because just by knowing ém ste can
predict the other forms by adding one of three predictabldings and making
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some regular spelling changes (and as we will see in Ch. Tjaregronuncia-
tion changes). These regular verbs and forms are significahé morphology of
English first because they cover a majority of the verbs, @ursd because the
regular class iproductive. As discussed earlier, a productive class is one that
automatically includes any new words that enter the langudgpr example the
recently-created vertax (My mom faxedne the note from cousin Evepgttakes

the regular endingsed -ing, -es (Note that thesform is spelledfaxesrather than
faxs we will discuss spelling rules below).

IRREGULAR VERBS The irregular verbs are those that have some more or less idiosyncratic
forms of inflection. Irregular verbs in English often haveefidifferent forms,
but can have as many as eight (e.g., the \m#bor as few as three (e.gcut or
hit). While constituting a much smaller class of verbs (Quirlaket(1985) esti-
mate there are only about 250 irregular verbs, not countingiaries), this class
includes most of the very frequent verbs of the languagée table below shows
some sample irregular forms. Note that an irregular verbic#ect in the past

ereterie form (also called thepreterite) by changing its voweldat/atg, or its vowel and
some consonantsdtch/caught or with no ending at alldut/cu).

Morphological Form Classedrregularly Inflected Verbs
stem eat |catch |cut
-sform eats |catches|cuts
-ing participle eating| catching cutting
Past form ate |caught |cut
-edpatrticiple eaten|caught |cut

The way these forms are used in a sentence will be discuss&aaipters 8—
12 but is worth a brief mention here. Thkeform is used in the “habitual present”
form to distinguish the third-person singular endi&d¢ jogs every Tuesddyom
the other choices of person and numbéyou/we/they jog every TuesdayThe
stem form is used in the infinitive form, and also after certaiher verbsI{d
rather walk homel want to walk homg The-ing participle is used when the verb
cerunD IS treated as a noun; this particular kind of nominal use cdré is called gerund
perrect  Use:Fishing is fine if you live near watel he-ed participle is used in thperfect
construction e’s eaten lunch alreadyor the passive constructiolfe verdict
was overturned yesterday.
In addition to noting which suffixes can be attached to whtelms, we need
to capture the fact that a number of regular spelling chaogear at these mor-
pheme boundaries. For example, a single consonant letteuised before adding

4 In general, the more frequent a word form, the more likelg ita have idiosyncratic properties;
this is due to a fact about language change; very frequerdsmend to preserve their form even if
other words around them are changing so as to become motaregu
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NOMINALIZATION

the-ing and-edsuffixes peg/begging/beggédif the final letter is “c”, the doubling
is spelled “ck” picnic/picnicking/picnicked If the base ends in a silerg, it is
deleted before addingng and-ed(merge/merging/mergédJust as for nouns, the
sending is spelledesafter verb stems ending #s (toss/tosses -z, (waltz/waltzes
-sh, (wash/washgs-ch, (catch/catchesand sometimesx (tax/taxe¥. Also like
nouns, verbs ending ky preceded by a consonant change-th -i (try/tries).

The English verbal system is much simpler than for exampeBhropean
Spanish system, which has as many as fifty distinct verb fdomgach regular
verb. Fig. 3.1 shows just a few of the examples for the amiar, ‘to love’. Other
languages can have even more forms than this Spanish example

Present | Imperfect| Future Preterit¢ Present Conditional Imperfect Future

Indicative Indicative Subjnct, Subjnct. | Subjnct.
1SG amo amaba amaré ameé ame amaria amara amare
2SG amas amabas | amaras | amaste| ames | amarias amaras | amares
3SE ama amaba amara amo ame amaria amara amareme

n

1PL| amamos| amabamdsamaremdsamamo$ amemos amariamo$ amaramds amaremg
2PL| amais amabais | amaréis | amasteis améis | amariais | amarais | amareis
3PL| aman amaban | amaran | amaron| amen | amarian | amaran | amaren

Figure 3.1 To love in Spanish. Some of the inflected forms of the veantar
in European SpanishlSGstands for “first person singular”, 3PL for “third person
plural”, and so on.

3.1.2 Derivational Morphology

While English inflection is relatively simple compared thet languages, deriva-
tion in English is quite complex. Recall that derivation e tcombination of a
word stem with a grammatical morpheme, usually resultingord of adifferent
class, often with a meaning hard to predict exactly.

A very common kind of derivation in English is the formatiohnew nouns,
often from verbs or adjectives. This process is caliethinalization. For ex-
ample, the suffixation produces nouns from verbs ending often in the suffig
(computerize— computerization Here are examples of some particularly produc-
tive English nominalizing suffixes.

| Suffix | Base Verb/AdjectivéDerived Noun |
-ation| computerize (V) |computerization
-ee ||appoint (V) appointee
-er kill (V) killer

-ness || fuzzy (A) fuzziness
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PROCLITICS

ENCLITICS

Adjectives can also be derived from nouns and verbs. Herexamples of
a few suffixes deriving adjectives from nouns or verbs.

| Suffix | Base Noun/VerhDerived Adjectiveg
-al computation (N)computational
-able |[embrace (V) |embraceable
-less | clue (N) clueless

Derivation in English is more complex than inflection for anmer of rea-
sons. One is that it is generally less productive; even a malizing suffix like
-ation, which can be added to almost any verb endingap, cannot be added to
absolutely every verb. Thus we can'’t sagatationor *spellation(we use an as-
terisk (*) to mark “non-examples” of English). Another isatithere are subtle and
complex meaning differences among nominalizing suffixes.dxamplesincerity
has a subtle difference in meaning fr@mncereness

3.1.3 Cliticization

Recall that a clitic is a unit whose status lies in between diaan affix and a
word. The phonological behavior of clitics is like affixesiey tend to be short
and unaccented (we will talk more about phonology in Ch. 8heiill syntactic
behavior is more like words, often acting as pronouns, lagjcconjunctions, or
verbs. Clitics preceding a word are callptbclitics, while those following are
enclitics.

English clitics include these auxiliary verbal forms:

\ Full Form\ Clitic H Full Form\ Clitic \

am m have ve
are re has 's
is 's had d
will Il would d

Note that the clitics in English are ambiguous; Tlsh&’scan mearshe is
or she has Except for a few such ambiguities, however, correctly seging off
clitics in English is simplified by the presence of the apmsitie. Clitics can be
harder to parse in other languages. In Arabic and Hebrevex@ample, the definite
article the Al in Arabic, hain Hebrew) is cliticized on to the front of nouns. It
must be segmented off in order to do part-of-speech tagparging, or other tasks.
Other Arabic proclitics include prepositions likeby/with’, and conjunctions like
w ‘and’. Arabic also hagncliticsmarking certain pronouns. For example the word
and by their virtueshas clitics meanin@nd by, andtheir, a stemvirtue, and a
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plural affix. Note that since Arabic is read right to left, skevould actually appear
ordered from right to left in an Arabic word.

proclitic | proclitic | stem | affix | enclitic
Arabic||w b Hsn |At |hm
Gloss ||and by virtue|s their

3.1.4 Non-concatenative Morphology

The kind of morphology we have discussed so far, in which ahisscomposed of

concarenaTve @ String of morphemes concatenated together is often catledatenative mor-
phology. A number of languages have extengi-concatenative morphology
in which morphemes are combined in more complex ways. Thaldggnfixa-
tion example above is one example of non-concatenative motogy, since two
morphemesHhingi andum) are intermingled.

Another kind of non-concatenative morphology is caltedhplatic mor-
phology or root-and-pattern morphology. This is very common in Arabic, He-
brew, and other Semitic languages. In Hebrew, for exampleylais constructed
using two components: a root, consisting usually of thregscnants (CCC) and
carrying the basic meaning, and a template, which givesrtiterimg of consonants
and vowels and specifies more semantic information abouethéting verb, such
as the semantic voice (e.g., active, passive, middle). xample the Hebrew tri-
consonantal rodind, meaning ‘learn’ or ‘study’, can be combined with the active
voice CaCaC template to produce the wtathad ‘he studied’, or the intensive
CiCeC template to produce the wdlithed, ‘he taught’, or the intensive passive
template CuCacC to produce the wdutnad ‘he was taught’. Arabic and Hebrew
combine this templatic morphology with concatenative rhoipgy (like the cliti-
cization example shown in the previous section).

3.1.5 Agreement

We introduced the plural morpheme above, and noted thalptumarked on both
nouns and verbs in English. We say that the subject noun andh#in verb in
asree English have taagree in number, meaning that the two must either be both sin-
gular or both plural. There are other kinds of agreementgs®es. For example
GENDER  Nouns, adjectives, and sometimes verbs in many languagesaaked folgender.
A gender is a kind of equivalence class that is used by theukg®y to categorize
the nouns; each noun falls into one class. Many languagegxXtmple Romance
languages like French, Spanish, or Italian) have 2 gendérgh are referred to
as masculine and feminine. Other languages (like most Gecnaad Slavic lan-
guages) have three (masculine, feminine, neuter). Songeid@es, for example
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NOUN CLASSES

the Bantu languages of Africa, have as many as 20 gendersn Weewumber of
classes is very large, we often refer to thenmasn classesnstead of genders.

Gender is sometimes marked explicitly on a noun; for exar8pkenish mas-
culine words often end iro and feminine words ira. But in many cases the
gender is not marked in the letters or phones of the nourf.itée$tead, it is a
property of the word that must be stored in a lexicon. We v&# sin example of
this in Fig. 3.2.

3.2 HNITE-STATE MORPHOLOGICALPARSING

FEATURES

Let's now proceed to the problem of parsing morphology. Gaal gvill be to take
input forms like those in the first and third columns of FigR2,3produce output
forms like those in the second and fourth column.

English | Spanish
Input Morphologically Input | Morphologically Gloss
Parsed Output Parsed Output

cats cat +N +PL pavos, pavo +N +Masc +PI ‘ducks’
cat cat +N +SG pavo | pavo +N +Masc +Sg ‘duck’
cities city +N +PI bebo | beber +V +PInd +1P +Sg ‘I drink’
geese goose +N +PI canto| cantar +V +PInd +1P +Sg ‘I sing’
goose goose +N +Sg canto| canto +N +Masc +Sg ‘song’
goose goose +V puse | poner+V +Perf +1P +Sg ‘Il was able’
gooses | goose +V +1P +Sg|| vino | venir +V +Perf +3P +Sg| ‘he/she came]
merging| merge +V +PresPajit vino | vino +N +Masc +Sg ‘wine’
caught | catch +V +PastPart| lugar | lugar +N +Masc +Sg ‘place’
caught | catch +V +Past

Figure 3.2  Output of a morphological parse for some English and Spamists.

Spanish output modified from the Xerox XRCE finite-state laamgg tools.

The second column contains the stem of each word as well agesdsnor-
phologicalfeatures These features specify additional information about tems
For example the featureN means that the word is a nourSg means it is singular,
+PI that it is plural. Morphological features will be referremdgain in Ch. 5 and
in more detail in Ch. 13; for now, considefSg to be a primitive unit that means
“singular”. Spanish has some features that don’'t occur igligm; for example the
nounslugar and pavo are marked+tMasc (masculine). Because Spanish nouns
agree in gender with adjectives, knowing the gender of a nalirbe important
for tagging and parsing.

Note that some of the input forms (likaught goose cantq or vino) will be
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ambiguous between different morphological parses. For m@will consider the
goal of morphological parsing merely to list all possibleges. We will return to
the task of disambiguating among morphological parses irbCh

In order to build a morphological parser, we’ll need at le¢hstfollowing:

LEXICON 1. lexicon: the list of stems and affixes, together with basic informratdout
them (whether a stem is a Noun stem or a Verb stem, etc.).
MORPHOTACTICS 2. morphotactics: the model of morpheme ordering that explains which classes

of morphemes can follow other classes of morphemes insiderd. wFor

example, the fact that the English plural morpheme follomesrioun rather

than preceding it is a morphotactic fact.

3. orthographic rules: thesespelling rulesare used to model the changes that
occur in a word, usually when two morphemes combine (e.@.yth ie
spelling rule discussed above that changig + -s to cities rather than
Citys).

The next section will discuss how to represent a simple orrsf the lexicon
just for the sub-problem of morphological recognition lirding how to use FSAs
to model morphotactic knowledge.

In following sections we will then introduce the finite-gtdtansducer (FST)
as a way of modeling morphological features in the lexicon] addressing mor-
phological parsing. Finally, we show how to use FSTs to modélographic rules.

3.3 BUILDING A FINITE-STATE LEXICON

A lexicon is a repository for words. The simplest possibkiden would consist
of an explicit list of every word of the languageveryword, i.e., including abbre-
viations (“AAA’) and proper names (“Jane” or “Beijing”) aslfows:

a, AAA, AA, Aachen, aardvark, aardwolf, aba, abaca, aback, .

Since it will often be inconvenient or impossible, for therigas reasons
we discussed above, to list every word in the language, ctatipnal lexicons
are usually structured with a list of each of the stems andesffof the language
together with a representation of the morphotactics thkt s how they can fit
together. There are many ways to model morphotactics; otteeahost common
is the finite-state automaton. A very simple finite-state etdor English nominal
inflection might look like Fig. 3.3.

The FSA in Fig. 3.3 assumes that the lexicon includes requans (eg-
noun) that take the regulass plural (e.g.,cat dog fox, aardvark. These are the
vast majority of English nouns since for now we will ignore flact that the plural
of words likefox have an inserte@ foxes The lexicon also includes irregular
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reg—noun plural —s

irreg—pl-noun

irreg—sg—noun

Figure 3.3  Afinite-state automaton for English nominal inflection.

noun forms that don't takes, both singularirreg-sg-noun (goose, mougeand
pluralirreg-pl-noun (geese, mice

reg-noun | irreg-pl-noun | irreg-sg-noun | plural |
fox geese goose -s

cat sheep sheep

aardvark mice mouse

A similar model for English verbal inflection might look likeig. 3.4.

irreg—past-verb—form

past (—ed)

past participle (—ed)
pres part (-ing /
‘ 3sg (-s)

Figure 3.4  Afinite-state automaton for English verbal inflection

irreg-verb—stem

This lexicon has three stem classes (reg-verb-stem, \wedg-stem, and irreg-
past-verb-form), plus four more affix classesd past,-ed participle,-ing partici-
ple, and third singulass):
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reg-verb-| irreg-verb- | irreg-past-| past| past-part| pres-part| 3sg
stem stem verb
walk cut caught -ed | -ed -ing -S
fry speak ate
talk sing eaten
impeach sang

English derivational morphology is significantly more cdaxthan English
inflectional morphology, and so automata for modeling Esfgtierivation tend to
be quite complex. Some models of English derivation, in,fact based on the
more complex context-free grammars of Ch. 11 (Sproat, 108gn, 1995).

Consider a relatively simpler case of derivation: the motabtics of English
adjectives. Here are some examples from Antworth (1990):

big, bigger, biggest, cool, cooler, coolest, coolly
happy, happier, happiest, happily red, redder, reddest
unhappy, unhappier, unhappiest, unhappily real, unreallyr

clear, clearer, clearest, clearly, unclear, unclearly

An initial hypothesis might be that adjectives can have amopl prefix (Un-

), an obligatory rootljig, cool etc) and an optional suffix€r, -est or -ly). This
might suggest the the FSA in Fig. 3.5.

. —er -est
un-— adj—-root ~ly

Figure 3.5 An FSA for a fragment of English adjective morphology: Antitds
Proposal #1.

Alas, while this FSA will recognize all the adjectives in ttable above, it
will also recognize ungrammatical forms likebig unfast oranger, or smally.
We need to set up classes of roots and specify their possiffiges. Thusadj-
root; would include adjectives that can occur with- and-ly (clear, happy and
real) while adj-root, will include adjectives that can'b{g, small), and so on.

This gives an idea of the complexity to be expected from Bhglierivation.
As a further example, we give in Figure 3.6 another fragmémtnoFSA for En-
glish nominal and verbal derivational morphology, basedproat (1993), Bauer
(1983), and Porter (1980). This FSA models a number of déoival facts, such
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as the well known generalization that any verb endingza can be followed by
the nominalizing suffixation (Bauer, 1983; Sproat, 1993)). Thus since there is a
word fossilize we can predict the worfbssilizationby following statesyp, g1, and

0. Similarly, adjectives ending iral or -able atgs (equal formal, realizablg can
take the suffixity, or sometimes the suffixnessto stategs (naturalnesscasual-
nes3. We leave it as an exercise for the reader (Exercise 3.2tmeker some of
the individual exceptions to many of these constraints, asd to give examples

of some of the various noun and verb classes.

noun; —-ize/V  —ation/N

Figure 3.6  An FSA for another fragment of English derivational morgiwy/.

We can now use these FSAs to solve the problemarphological recogni-
tion; that is, of determining whether an input string of letterskes up a legitimate
English word or not. We do this by taking the morphotactic BS#@nd plugging in
each “sub-lexicon” into the FSA. That is, we expand each eug. (thereg-noun-
stem arc) with all the morphemes that make up the setegfnoun-stem The
resulting FSA can then be defined at the level of the indivitktter.

Fig. 3.7 shows the noun-recognition FSA produced by expantie Nom-
inal Inflection FSA of Fig. 3.3 with sample regular and irrlgunouns for each
class. We can use Fig. 3.7 to recognize strings diigvarksby simply starting
at the initial state, and comparing the input letter by tetigh each word on each
outgoing arc, and so on, just as we saw in Ch. 2.
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Figure 3.7 Expanded FSA for a few English nouns with their inflection t&ihat
this automaton will incorrectly accept the infoks We will see beginning on page
21 how to correctly deal with the insertedn foxes

%4

3.4 HNITE-STATE TRANSDUCERS

We've now seen that FSAs can represent the morphotactictsteuof a lexicon,
and can be used for word recognition. In this section we ihtce the finite-state
transducer. The next section will show how transducers eaapbplied to morpho-
logical parsing.

A transducer maps between one representation and anotliieiteastate

rsT transducer or FST is a type of finite automaton which maps between two sets of

symbols. We can visualize an FST as a two-tape automatorhweaognizes or
generategpairs of strings. Intuitively, we can do this by labeling each ardhe
finite-state machine with two symbol strings, one from eaget Fig. 3.8 shows
an example of an FST where each arc is labeled by an input apdtostring,
separated by a colon.

Figure 3.8 A finite-state transducer, modified from Mohri (1997).

The FST thus has a more general function than an FSA; wher8Awé&fines
a formal language by defining a set of strings, an FST defimetaton between
sets of strings. Another way of looking at an FST is as a macthat reads one
string and generates another. Here’s a summary of thisfédtiway of thinking
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REGULAR
RELATIONS

INVERSION

about transducers:

e FST as recognizer: a transducer that takes a pair of strings as input and
outputsacceptif the string-pair is in the string-pair language, ancegectif
it is not.

e FST as generator: a machine that outputs pairs of strings of the language.
Thus the output is a yes or no, and a pair of output strings.

e FST as translator: a machine that reads a string and outputs another string
e FST as set relater:a machine that computes relations between sets.

All of these have applications in speech and language psogesFor mor-
phological parsing (and for many other NLP applications3,will apply the FST
as translator metaphor, taking as input a string of lettedspgoducing as output a
string of morphemes.

Let’s begin with a formal definition. An FST can be formallyfided with 7
parameters:

e Q: afinite set ofN statesyp,qy, - - -, 0On

e 3 afinite set corresponding to the input alphabet

e A: afinite set corresponding to the output alphabet

e (o € Q: the start state

e F C Q: the set of final states

e 5(q,w): the transition function or transition matrix between etatGiven a
stateq € Q and a stringv € Z*, (g, w) returns a set of new stat€s € Q. 6
is thus a function fronQ x Z* to 22 (because there aré@2ossible subsets
of Q). d returns a set of states rather than a single state becausenaput
may be ambiguous in which state it maps to.

e 0(q,w): the output function giving the set of possible output gfsifior each
state and input. Given a stadec Q and a stringv € >*, o(q,w) gives a set of
output strings, each a strirme A*. o is thus a function fron® x >* to 2*

Where FSAs are isomorphic to regular languages, FSTs amoigphic to
regular relations. Regular relations are sets of pairs of strings, a naturanex
sion of the regular languages, which are sets of stringse E8As and regular
languages, FSTs and regular relations are closed undem,waiibough in general
they are not closed under difference, complementation ratedsiection (although
some useful subclasses of FSiFe closed under these operations; in general FSTs
that are not augmented with tlhee are more likely to have such closure proper-
ties). Besides union, FSTs have two additional closure gnt@s that turn out to
be extremely useful:

e inversion: The inversion of a transducdr (T 1) simply switches the input
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COMPOSITION

PROJECTION

SEQUENTIAL
TRANSDUCERS

and output labels. Thus i maps from the input alphabétto the output
alphabe®O, T~1 maps fromO to .

e compositiort If Ty is a transducer frorh, to O; andT, a transducer fron®;
to O, thenT; o T, maps froml; to Os.

Inversion is useful because it makes it easy to convert adsSJarser into an
FST-as-generator.

Composition is useful because it allows us to take two tracsis that run in
series and replace them with one more complex transducenp@sition works as
in algebra; applyindy o T, to an input sequenc®is identical to applyindl; to S
and thenT> to the result; thudy o To(S) = T2(T1(9)).

Fig. 3.9, for example, shows the composition[@b]+  with [b:c][+ to
producefa:c]+

Figure 3.9 The composition ofa:b]+ with [b:c]+ to producda:c]+

Theprojection of an FST is the FSA that is produced by extracting only one
side of the relation. We can refer to the projection to thedefupper side of the
relation as theipper or first projection and the projection to the lower or right side
of the relation as theower or secondprojection.

3.4.1 Sequential Transducers and Determinism

Transducers as we have described them may be nondeteroyimighat a given
input may translate to many possible output symbols. Thugugeneral FSTs
requires the kinds of search algorithms discussed in ChaRimg FSTs quite slow
in the general case. This suggests that it would nice to haaégarithm to convert
a nondeterministic FST to a deterministic one. But whilengven-deterministic
FSAis equivalent to some deterministic FSA, not all finitate transducers can be
determinized.

Sequential transducers by contrast, are a subtype of transducers that are
deterministic on their input. At any state of a sequentiahsducer, each given
symbol of the input alphabét can label at most one transition out of that state.
Fig. 3.10 gives an example of a sequential transducer frorhrM&997); note
that here, unlike the transducer in Fig. 3.8, the transstiont of each state are
deterministic based on the state and the input sybol. Séqué&ansducers can
have epsilon symbols in the output string, but not on thetinpu
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Figure 3.10 A sequential finite-state transducer, from Mohri (1997).

Sequential transducers are not necessarily sequentiaéoroutput. Mohri's
transducer in Fig. 3.10 is not, for example, since two distiransitions leaving
state 0 have the same outpbj.(Since the inverse of a sequential transducer may
thus not be sequential, we always need to specify the directi the transduction
when discussing sequentiality. Formally, the definitiorsefjuential transducers
modifies thed and o functions slightly;d becomes a function fror® x * to Q
(rather than to ), ando becomes a function fror® x =* to A* (rather than to
28,

SUBSEQUENTIAL One generalization of sequential transducers istibsequential transduce(?),
which generates an additional output string at the finaéstatoncatenating it onto
the output produced so far.

What makes sequential and subsequential transducerstanp@ their ef-
ficiency; because they are deterministic on input, they @processed in time
proportional to the number of symbols in the input (they amedr in their input
length) rather than proportional to some much larger numitch is a function of
the number of states. Another advantage of subsequertieducers is that there
exist efficient algorithms for their determinization (MgHr997) and minimization
(Mohri, 2000), extending the algorithms for determinieatiand minimization of
finite-state automata that we saw in Ch. 2. also an equivalalgorithm.

While both sequential and subsequential transducers semdaistic and ef-
ficient, neither of them is able to handle ambiguity, sin@yttiansduce each input
string to exactly one possible output string. Since ambjgsia crucial property of
natural language, it will be useful to have an extension bésguential transducers
that can deal with ambiguity, but still retain the efficieraoyd other useful proper-
ties of sequential transducers. One such generalizatisolfequential transduc-
ers is thep-subsequentialtransducer. Ap-subsequentialtransducer allows for
p(p > 1) final output strings to be associated with each final stateh(i@996).
They can thus handle a finite amount of ambiguity, which iguiger many NLP
tasks. Fig. 3.11 shows an example of a 2-subsequential FST.

Mohri (1996, 1997) show a number of tasks whose ambiguitybealmited
in this way, including the representation of dictionaribg compilation of morpho-
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Figure 3.11 A 2-subsequential finite-state transducer, from Mohri ()99

logical and phonological rules, and local syntactic caists. For each of these
kinds of problems, he and others have shown that thep-awgdsequentializable
and thus can be determinized and minimized. This class onédizcers includes
many, although not necessarily all, morphological rules.

3.5 FSTS FORMORPHOLOGICALPARSING

Let's now turn to the task of morphological parsing. Giver thput cats for
instance, we'd like to outputat +N +PI, telling us thatcatis a plural noun. Given
the Spanish inpubebo(‘l drink’), we'd like to outputbeber +V +PInd +1P +Sg
telling us thabebois the present indicative first person singular form of tharggh
verbbeber ‘to drink’.
In the finite-state morphology paradigm that we will use, we represent a
word as a correspondence betwedmxacal level which represents a concatena-
surrice tion of morphemes making up a word, and thefacelevel, which represents the
concatenation of letters which make up the actual spellinheword. Fig. 3.12
shows these two levels for (Englistatsand (Spanishpebao

Lexicalg [ca]t [+N[+P] | [ ¢

Surface§|c|a|t|s| | | |§

Figure 3.12 Schematic examples of the lexical and surface tapes; thaldcans-
ducers will involve intermediate tapes as well.

For finite-state morphology it's convenient to view an FSThasing two
texcaLare tapes. Theupper or lexical tape, is composed from characters from one alphabet
>. Thelower or surfacetape, is composed of characters from another alph@abet
In the two-level morphology of Koskenniemi (1983), we allow each arc only to
have a single symbol from each alphabet. We can then comibénevo symbol
alphabetsz andA to create a new alphabef], which makes the relationship to
FSAs quite clearZ’ is a finite alphabet of complex symbols. Each complex symbol
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(3.2)

(3.3)

FEASIBLE PAIRS

DEFAULT PAIRS

MORPHEME
BOUNDARY

#

WORD BOUNDARY

is composed of an input-output pairo; one symboi from the input alphabel,
and one symbab from an output alphabel, thusZ’ C = x A. < andA may each

also include the epsilon symbael Thus where an FSA accepts a language stated

over a finite alphabet of single symboils, such as the alpludloeir sheep language:
Z={bal!}

an FST defined this way accepts a language statedoawerof symbols, as in:
={a:a b:b!:l,a:l,aie e:!}

In two-level morphology, the pairs of symbolsihare also calledeasible pairs
Thus each feasible pair symbat b in the transducer alphab&t expresses how
the symbola from one tape is mapped to the symlbobn the another tape. For
examplea : e means that aa on the upper tape will correspond iothingon the
lower tape. Just as for an FSA, we can write regular expnesdiothe complex
alphabet?’. Since it's most common for symbols to map to themselveswion t
level morphology we call pairs lika : a default pairs, and just refer to them by
the single letter.

We are now ready to build an FST morphological parser out ofeaulier
morphotactic FSAs and lexica by adding an extra “lexicapjetaand the appro-
priate morphological features. Fig. 3.13 shows an augrtientaf Fig. 3.3 with
the nominal morphological features§g and+PI ) that correspond to each mor-
pheme. The symbol ~ indicatesnaorpheme boundary, while the symbol# in-
dicates avord boundary, The morphological features map to the empty steng
or the boundary symbols since there is no segment corresgptwthem on the
output tape.

In order to use Fig. 3.13 as a morphological noun parser,citisi¢o be ex-
panded with all the individual regular and irregular nowanss, replacing the labels
reg-noun etc. In order to do this we need to update the lexicon for tiEas-
ducer, so that irregular plurals likgeesewill parse into the correct stemgoose
+N +Pl. We do this by allowing the lexicon to also have two levelsncsisur-
facegeesanaps to lexicafjoose , the new lexical entry will bed:g o:e o:e
s:s e:e ". Regular forms are simpler; the two-level entry fimx will now be
“f.f 0.0 XX ", but by relying on the orthographic convention tfiastands for
f:f and so on, we can simply refer to it and the form fogeesaas ‘g o:e
o:e s e ". Thus the lexicon will look only slightly more complex:

| reg-noun | irreg-pl-noun | irreg-sg-noun |
fox goeoese goose
cat sheep sheep
aardvark m o:i ue s:.ce mouse
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MORPHEME
BOUNDARY

#

WORD BOUNDARY

reg-noun

Figure 3.13 A schematic transducer for English nominal number inflecTigum.
The symbols above each arc represent elements of the mogitall parse in the
lexical tape; the symbols below each arc represent thecautége (or the intermedi
ate tape, to be described later). The arcs need to be expbypdedividual words in
the lexicon. The morpheme-boundary symbol ~ and word-bagneharker # will be
discussed below.

Figure 3.14 A fleshed-out English nominal inflection FSI[,,, expanded from
Thumby replacing the three arcs with individual word stems (@nfgw sample word

stems are shown).

The resulting transducer, shown in Fig. 3.14, will map dlm@uns into the
stem plus the morphological markeP| , and singular nouns into the stem plus
the morpheme-Sg. Thus a surfaceatswill map tocat +N +Pl . This can be
viewed in feasible-pair format as follows:

c.c aa tt +N: e +Pl"s#

The symbol " indicates morpheme boundary, while the symbo# indicates
aword boundary,
Since the output symbols include these boundary markegdptter labels
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Fig. 3.14 do not correspond exactly to the surface level. ddeme refer to tapes
with these morpheme boundary markers in Fig. 3ntérmediate tapes; the next
section will show how the boundary marker is removed.

Lexical% |f |0|X |+N|+PL| | | é

Intermediates | f [o[Xx |[" |[s [#]| | <

Figure 3.15 A schematic view of the lexical and intermediate tapes.

3.6 TRANSDUCERS ANDORTHOGRAPHICRULES

SPELLING RULES

The method described in the previous section will succégsfecognize words
like aardvarksandmice But just concatenating the morphemes won't work for
cases where there is a spelling change; it would incorreejlyct an input like
foxesand accept an input likiexs We need to deal with the fact that English often
requires spelling changes at morpheme boundaries by urdhogispelling rules
(or orthographic rules) This section introduces a number of notations for writing
such rules and shows how to implement the rules as transdubregeneral, the
ability to implement rules as a transducer turns out to bé&ul#eroughout speech
and language processing. Here’s some spelling rules:

|Name | Description of Rule | Example |

Consonant | 1-letter consonant doubled befeiag/-ed| beg/begging
doubling
E deletion Silent e dropped beforéng and-ed make/making
E insertion |e added afters,-z-x,-ch, -shbefore-s watch/watches
Y replacement-y changes teie before-s, -i before-ed | try/tries
Kinsertion |verbs ending witlvowel + -cadd-k panic/panicked

We can think of these spelling changes as taking as inputg@leiconcatena-
tion of morphemes (the “intermediate output” of the lexitahsducer in Fig. 3.14)
and producing as output a slightly-modified (correctlyfgoh concatenation of
morphemes. Fig. 3.16 shows in schematic form the threedewvel are talking
about: lexical, intermediate, and surface. So for exammecauld write an E-
insertion rule that performs the mapping from the interratdio surface levels
shown in Fig. 3.16. Such a rule might say something like ‘fihaa e on the sur-
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(3.4)

Lexical 5 [fF o[ x[+«N[+PL] | T 3

Intermediates | f o | x ["|s [#] | <

Surface |[f [o|[x|e|s | | | <

Figure 3.16  An example of the lexical, intermediate, and surface taBesween
each pair of tapes is a two-level transducer; the lexicaistlacer of Fig. 3.14 be-
tween the lexical and intermediate levels, and the E-iisedpelling rule between
the intermediate and surface levels. The E-insertionisgelule inserts ar on the
surface tape when the intermediate tape has a morphemedmgurfdllowed by the
morphemes.

face tape just when the lexical tape has a morpheme endix(pire, etc) and the
next morpheme iss’. Here’s a formalization of the rule:

X
e—ell{ s " _s#
z

This is the rule notation of Chomsky and Halle (1968); a riildhne forma —
b/c__d means “rewritea asb when it occurs betweenandd”. Since the symbol
€ means an empty transition, replacing it means insertingetiing. Recall that
the symbol ~ indicates a morpheme boundary. These bousdaréedeleted by
including the symbol & in the default pairs for the transducer; thus morpheme
boundary markers are deleted on the surface level by defabk # symbol is a
special symbol that marks a word boundary. Thus (3.4) memsert ane after
a morpheme-finak, s, or z, and before the morphenss. Fig. 3.17 shows an
automaton that corresponds to this rule.

The idea in building a transducer for a particular rule isxpress only the
constraints necessary for that rule, allowing any othengtof symbols to pass
through unchanged. This rule is used to ensure that we cgrsealthe: e pair if
we are in the proper context. So state which models having seen only default
pairs unrelated to the rule, is an accepting state, @g ishich models having seen
az s, orx. g models having seen the morpheme boundary aftez, theor x, and
again is an accepting state. Stgtemodels having just seen the E-insertion; it is
not an accepting state, since the insertion is only allowéds followed by thes
morpheme and then the end-of-word symisol

The other symbol is used in Fig. 3.17 to safely pass through any parts of
words that don’t play a role in the E-insertion rugher means “any feasible pair
that is not in this transducer”; it is thus like a version@f@ which is context-
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Figure 3.17 The transducer for the E-insertion rule of (3.4), extendethfa sim-
ilar transducer in Antworth (1990).

dependent in a transducer-by-transducer way. So for exawipén leaving state
Oo, We go toqg; on thez, s, or x symbols, rather than following thether arc and
staying indp. The semantics aftherdepends on what symbols are on other arcs;
since# is mentioned on some arcs, it is (by definition) not includedther, and
thus, for example, is explicitly mentioned on the arc frgsio qp.

A transducer needs to correctly reject a string that appltiesrule when it
shouldn’t. One possible bad string would have the correeir@mment for the
E-insertion, but have no insertion. Stajgis used to ensure that tleeis always
inserted whenever the environment is appropriate; thesdw@rer reachegs only
when it has seen amafter an appropriate morpheme boundary. If the machine is
in stategs and the next symbol i, the machine rejects the string (because there
is no legal transition o# from gs). Fig. 3.18 shows the transition table for the rule
which makes the illegal transitions explicit with the “~"rajpol.

Staté Input s:S X:X z:z “le €.e # other

do: 1 1 1 0 - 0 0

O1: 1 1 1 2 - 0 0

Op: 5 1 1 0 3 0 0

U 4 - - - - -l -

G - - - - |- 0 -

ds 1 1 1 2 - - 0
Figure 3.18 The state-transition table for E-insertion rule of Fig.3.éxtended
from a similar transducer in Antworth (1990).
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The next section will show a trace of this E-insertion trares running on a
sample input string.

3.7 COMBINING FST LEXICON AND RULES

CASCADE

We are now ready to combine our lexicon and rule transduagrpdrsing and

generating. Fig. 3.19 shows the architecture of a two-levelphology system,

whether used for parsing or generating. The lexicon tracesdonaps between the
lexical level, with its stems and morphological featureg] an intermediate level
that represents a simple concatenation of morphemes. Thestaf transducers,
each representing a single spelling rule constraint, allimuparallel so as to map
between this intermediate level and the surface levelirfgudtll the spelling rules

in parallel is a design choice; we could also have chosemtaltwhe spelling rules

in series (as a long cascade), if we slightly changed eaeh rul

Lexical § [T [0 [ X [*N[+] | ] 3
A
' LEXICON-FST!
L S === !
)
Intermediates [ Jo[x[*"[s [ [ [ 3
A
S s WO s S
:FSTli XX :FSTn:
T J____;___J ______ !
Sufaces [f [o|[x[e[s ]| [ [ ¢
Figure 3.19 Generating or parsing with FST lexicon and rules

The architecture in Fig. 3.19 is a two-lewascadeof transducers. Cascading
two automata means running them in series with the outputeofitst feeding the
input to the second. Cascades can be of arbitrary depth, acid level might
be built out of many individual transducers. The cascadeign 8.19 has two
transducers in series: the transducer mapping from thedkto the intermediate
levels, and the collection of parallel transducers mapfiogp the intermediate to
the surface level. The cascade can be run top-down to gereesating, or bottom-
up to parse it; Fig. 3.20 shows a trace of the syséeeeptingthe mapping from
fox"sto foxes

The power of finite-state transducers is that the exact saswade with the
same state sequences is used when the machine is gendnatswgface tape from
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AMBIGUITY

DISAMBIGUATING

Lexical % flo|Xx |+N][+PL | | %
T QOO Q
Intermediates | f [o | x [~ [s [# | <
Te—insert [E> [E [l/\ > [}%
Surfaces [f |o|[x e [s | | 3
Figure 3.20  Acceptingfoxes The lexicon transducéijey from Fig. 3.14 cascaded
with the E-insertion transducer in Fig. 3.17.

the lexical tape, or when it is parsing the lexical tape frdva $urface tape. For
example, for generation, imagine leaving the IntermediatéSurface tapes blank.
Now if we run the lexicon transducer, givéox +N +PL , it will producefox"s#
on the Intermediate tape via the same states that it accémddexical and Inter-
mediate tapes in our earlier example. If we then allow allsgmes orthographic
transducers to run in parallel, we will produce the sameasertape.

Parsing can be slightly more complicated than generatiecatlse of the
problem ofambiguity. For examplefoxescan also be a verb (albeit a rare one,
meaning “to baffle or confuse”), and hence the lexical paosddxescould be
fox +V +3Sg as well asfox +N +PL . How are we to know which one is
the proper parse? In fact, for ambiguous cases of this $@tiransducer is not
capable of decidingDisambiguating will require some external evidence such as
the surrounding words. Thdiexesis likely to be a noun in the sequentsaw two
foxes yesterdayout a verb in the sequenddat trickster foxes me every tim&Ve
will discuss such disambiguation algorithms in Chaptersi® &7. Barring such
external evidence, the best our transducer can do is jushenate the possible
choices; so we can transduiox"s#into bothfox +V +3SG andfox +N +PL .

There is a kind of ambiguity that we need to handle: local guby that
occurs during the process of parsing. For example, imagangng the input verb
assess After seeingass our E-insertion transducer may propose thatétibat
follows is inserted by the spelling rule (for example, asdarthe transducer is
concerned, we might have been parsing the vemsk} It is not until we don’t see
the # afterassesbut rather run into anothey that we realize we have gone down
an incorrect path.

Because of this non-determinism, FST-parsing algoritheedrto incorpo-
rate some sort of search algorithm. Exercise 3.8 asks tlierda modify the
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INTERSECTION

algorithm for non-deterministic FSA recognition in Fig? in Ch. 2 to do FST
parsing.

Running a cascade, particularly one with many levels, camlbegeldy. Luck-
ily, we've already seen how to compose a cascade of transglutseries into a
single more complex transducer. Transducers in paraltebeacombined byu-
tomaton intersection The automaton intersection algorithm just takes the Carte
sian product of the states, i.e., for each stpta machine 1 and statg in machine
2, we create a new statg. Then for any input symbad, if machine 1 would tran-
sition to statey, and machine 2 would transition to stajg, we transition to state
Onm- Fig. 3.21 sketches how this intersectior) &nd compositiond) process might
be carried out.

!
LEXICON FST LEXICON FST
. LEXICON-FST

\ \ \ = compose e}

{

Figure 3.21 Intersection and composition of transducers.

Since there are a number of rabd-ST compilers, it is almost never necessary
in practice to write an FST by hand. Kaplan and Kay (1994) gixemathematics
that define the mapping from rules to two-level relationsg &mtworth (1990)
gives details of the algorithms for rule compilation. Motit®97) gives algorithms
for transducer minimization and determinization.

3.8 LEXICON-FREEFSTS: THE PORTER STEMMER

KEYWORDS

While building a transducer from a lexicon plus rules is ttemdard algorithm for
morphological parsing, there are simpler algorithms tloattdrequire the large on-
line lexicon demanded by this algorithm. These are usedcedfyein Information
Retrieval (IR) tasks like web search (Ch. 21), in which a gserch as a Boolean
combination of relevankeywords or phrases, e.g.marsupial OR kangaroo OR
koalg) returns documents that have these words in them. Sinceuwardod with
the wordmarsupialsmight not match the keyworcharsupial] some IR systems
first run a stemmer on the query and document words, Morplaabformation
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in IR is thus only used to determine that two words have theesstem; the suffixes
are thrown away.

STEMMING One of the most widely used sustemming algorithms is the simple and
efficient Porter (1980) algorithm, which is based on a sesfesimple cascaded
rewrite rules. Since cascaded rewrite rules are just theo$ohing that could be
easily implemented as an FST, we think of the Porter algorifts a lexicon-free
FST stemmer (this idea will be developed further in the esesc(Exercise 3.7).
The algorithm contains rules like these:

ATIONAL — ATE (e.g., relational- relate)

ING — € if stem contains vowel (e.g., motoring motor)
The algorithm is presented in detail in Appendix B.

Do stemmers really improve the performance of informatietrieval en-
gines? One problem is that stemmers are not perfect. Kr¢¥883) summarizes
the following kinds of errors in the Porter algorithm:

Errors of Commission Errors of Omission
organization organ European Europe
doing doe analysis analyzes
generalization generic matrices matrix
numerical numerous noise noisy
policy police sparse sparsity

Krovetz also gives the results of a number of experimentsntgsvhether
the Porter stemmer actually improved IR performance. OiMaedound some im-
provement, especially with smaller documents (the lafdgedocument, the higher
the chance the keyword will occur in the exact form used inginery). Since any
improvement is quite small, IR engines often don’t use stérgm

3.9 WORD AND SENTENCE TOKENIZATION

We have focused so far in this chapter on a problem of segm@mtdnow words

can be segmented into morphemes. We turn now to a brief discusf the very

related problem of segmenting running text into words amteseses. This task is
Tokenzaion  calledtokenization.

Word tokenization may seem very simple in a language likeliEmghat
separates words via a special ‘space’ character. As we @éllbglow, not every
language does this (Chinese, Japanese, and Thali, for exatopgiot). But a closer
examination will make it clear that whitespace is not sugiitiby itself. Consider
the following sentences from a Wall Street Journal and Nevk Yomes article,
respectively:
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SENTENCE
SEGMENTATION

Mr. Sherwood said reaction to Sea Containers’ proposal
has been "very positive." In New York Stock Exchange
composite trading yesterday, Sea Containers closed a

t $62.625, up 62.5 cents.

“l said, ‘what're you? Crazy?” " said Sadowsky.
“l can't afford to do that.”

Segmenting purely on white-space would produce words liked:
cents. said, positive." Crazy?

We could address these errors by treating punctuation, ditia to whitespace,
as a word boundary. But punctuation often occurs word ialgrnin examples
like m.p.h Ph.D, AT&T, cap’n, 01/02/06 andgoogle.com Similarly, assuming
that we wan62.5to be a word, we’ll need to avoid segmenting every period;esin
that will segment this into 62 and 5. Number expression®chice other com-
plications as well; while commas normally appear at wordrigawies, commas
are used inside numbers in English, every three didt5,500.50 Languages
differ on punctuation styles for numbers; many continefatopean languages
like Spanish, French, and German, by contrast, uses a commark the decimal
point, and spaces (or sometimes periods) where Englistcpaismas’555 500,50

Another useful task a tokenizer can do for us is to expanit dantractions
that are marked by apostrophes, for example convewtingt're above to the two
tokenswhat are andwe’reto we are This task is complicated by the fact that apos-
trophes are quite ambiguous, since they are also used dvgemarkers (as ithe
book’s overor in Containers’above) or as quotative markers (asvmat’re you?
Crazy?’ above). Such contractions occur in other alphabetic lagegiancluding
articles and pronouns in Frengfa(, I'hnommeé. While these contractions tend to
be clitics, not all clitics are marked this way with contianot In general, then, seg-
menting and expanding clitics can be done as part of the gsomfemorphological
parsing presented earlier in the chapter.

Depending on the application, tokenization algorithms rabp tokenize
multiword expressions lik&lew Yorkor rock 'n’ roll, which requires a multiword
expression dictionary of some sort. This makes tokenigaititimately tied up
with the task of detecting names, dates, and organizatwhish is callednamed
entity detectiorand will be discussed in Ch. 17.

In addition to word segmentatiosgntence segmentatioms a crucial first
step in text processing. Segmenting a text into sentencgsrisrally based on
punctuation. This is because certain kinds of punctuapendds, question marks,
exclamation points) tend to mark sentence boundaries.tiQuesarks and excla-
mation points are relatively unambiguous markers of seet@oundaries. Periods,
on the other hand, are more ambiguous. The period charddeambiguous be-



30

Chapter 3. Words & Transducers: Morphology, Tokeniratigpelling

MAXIMUM MATCHING

tween a sentence boundary marker and a marker of abbrexgdii@ Mr. or Inc.
The previous sentence that you just read showed an even oonglex case of
this ambiguity, in which the final period dhc. marked both an abbreviation and
the sentence boundary marker. For this reason, sentenerizakon and word
tokenization tend to be addressed jointly.

In general, sentence tokenization methods work by buildirgnary clas-
sifier (based on a sequence of rules, or on machine learnihghvdecides if a
period is part of the word or is a sentence boundary markemdking this deci-
sion, it helps to know if the period is attached to a commordgduabbreviation;
thus an abbreviation dictionary is useful.

State-of-the-art methods for sentence tokenization asedan machine learn-
ing and will be introduced in later chapters. But a usefut &tsp can still be taken
via a sequence of regular expressions. We introduce heréréhgart; a word
tokenization algorithm. Fig. 3.22 gives a simple Perl warkknization algorithm
based on Grefenstette (1999). The algorithm is quite mihidesigned mainly to
clarify many of the segmentation issues we discussed iriqure\paragraphs.

The algorithm consists of a sequence of regular expressiostitution rules.
The first rule separates unambiguous punctuation like gurestarks and paren-
theses. The next rule segments commas unless they are msit®ers. We then
disambiguate apostrophes and pull off word-final cliticsalty, we deal with pe-
riods, using a (toy) abbreviation dictionary and some Istigs for detecting other
abbreviations.

The fact that a simple tokenizer can be build with such simetilar ex-
pression patterns suggest that tokenizers like the onegn322 can be easily
implemented in FSTs. This is indeed the case, and (Kartteheh, 1996) and
(Beesley and Karttunen, 2003) give descriptions of suchb&Ed tokenizers.

3.9.1 Segmentation in Chinese

We mentioned above that some languages, including Chidepanese, and Thai,
do not use spaces to mark potential word-boundaries. At segmentation
methods are used for these languages.

In Chinese, for example, words are composed of charactexsrkashanzi
Each character generally represents a single morphemesagrdriounceable as
a single syllable. Words on average are about 2.4 chardorgs A simple al-
gorithm that does remarkably well for segmenting Chinese, ia often used as
a baseline comparison for more advanced methods, is a nevsigreedy search
called maximum matching or sometimesnaxmatch. The algorithm requires a
dictionary (wordlist) of the language.

The maximum matching algorithm starts by pointing at theiro@gg of a
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#!/usr/bin/perl

$letternumber = "[A-Za-z0-9]";
$notletter = "["A-Za-z0-9]";
$alwayssep = "[W2LO\ATY

sclitic = "([:|-I'S'DI'M|'LL'RE|'VE|N'T|'s|'d[m]’ l're|'ve[n't)";
$abbr{"Co."} = 1; $abbr{"Dr."} = 1; $abbr{"Jan."} = 1; $abbr {"Feb."} = 1,
while (<>){

# put whitespace around unambiguous separators
s/$alwayssep/ $& /g;

# put whitespace around commas that aren’t inside numbers
s/([0-9]),/$1 , /g;
s/,([0-9])/ , $1/g;

# distinguish singlequotes from apostrophes by

# segmenting off single quotes not preceded by letter
s/VI$& /g;

s/($notletter)'/$1 '/g;

# segment off unambiguous word-final clitics and punctuati on
s/$cliticd/ $&/g;
s/$clitic($notletter)/ $1 $2/g;

# now deal with periods. For each possible word
@possiblewords=split(\s+/,$_);
foreach $word (@possiblewords) {
# if it ends in a period,
if (($word =" /$letternumber\./)
&& !($abbr{$word}) # and isn't on the abbreviation list
# and isn't a sequence of letters and periods (U.S.)
# and doesn't resemble an abbreviation (no vowels: Inc.)
&& !($word =" I"([A-Za-z]\.([A-Za-z)\.)+|[A-Z][bcdfghj -nptvxz]+\)$/)) {
# then segment off the period
$word =" sN\.$/ \./;

# expand clitics
$word ="s/'ve/have/,
$word ="s/'m/am/;
print $word," ";

print "\n";

}

Figure 3.22 A sample English tokenization script, adapted from Grefeites
(1999) and Palmer (2000). A real script would have a longbrahation dictionary.

string. It chooses the longest word in the dictionary thatames the input at the
current position. The pointer is then advanced past eadfactes in that word. If
no word matches, the pointer is instead advanced one char@ceating a one-
character word). The algorithm is then iteratively applagin starting from the
new pointer position. To help visualize this algorithm, rRat (2000) gives an
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English analogy, which approximates the Chinese situdiyoremoving the spaces
from the English sentendbe table down therto producehetabledownthereThe
maximum match algorithm (given a long English dictionanguld first match the
word thetain the input, since that is the longest sequence of lettatsrttatches
a dictionary word. Starting from the end thietg the longest matching dictionary
word is bled, followed by ownand thenthere producing the incorrect sequence
theta bled own there

The algorithm seems to work better in Chinese (with suchtskords) than
in languages like English with long words, as our failed eglarshows. Even
in Chinese, however, maxmatch has a number of weaknesgubentty with un-
known words (words not in the dictionary) oanknown genres(genres which
differ a lot from the assumptions made by the dictionaryderi).

There is an annual competition (technically calletbakeoff) for Chinese
segmentation algorithms. These most successful modeonitalgs for Chinese
word segmentation are based on machine learning from hegrdented training
sets. We will return to these algorithms after we introduepgbilistic methods in
Ch. 5.

3.10 DeTECTING AND CORRECTINGSPELLING ERRORS

ALGERNON: But my own sweet Cecily, | have never written you any
letters.
CECILY: You need hardly remind me of that, Ernest. | remember only
too well that | was forced to write your letters for you. | weadlways
three times a week, and sometimes oftener.
ALGERNON: Oh, do let me read them, Cecily?
CECILY: Oh, | couldn’t possibly. They would make you far too corezkit
The three you wrote me after | had broken off the engagemensar
beautiful, and so badly spelled, that even now | can hardadrthem
without crying a little.

Oscar Wilde,The Importance of being Ernest

Like Oscar Wilde’s fabulous Cecily, a lot of people were #iitg about spelling
during the last turn of the century. Gilbert and Sullivanyide many examples.
The GondoliersGiuseppe, for example, worries that his private secratatghaky

in his spelling” while lolanthés Phyllis can “spell every word that she uses”.
Thorstein Veblen’s explanation (in his 1899 clas3ice Theory of the Leisure
Clas9 was that a main purpose of the “archaic, cumbrous, anddcogfe” En-
glish spelling system was to be difficult enough to providest bf membership
in the leisure class. Whatever the social role of spelling,o&n certainly agree
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that many more of us are like Cecily than like Phyllis. Estiesafor the fre-
quency of spelling errors in human typed text vary from 0.08%the words in
carefully edited newswire text to 38% in difficult applicais like telephone direc-
tory lookup (Kukich, 1992).

In this section we introduce the problem of detecting andexting spelling
errors. Since the standard algorithm for spelling erroremion is probabilistic,
we will continue our spell-checking discussion later in @rafter we define the
probabilistic noisy channel model.

The detection and correction of spelling errors is an irtegart of modern
word-processors and search engines, and is also impontaotriecting errors in

ock  optical character recognition (OCR), the automatic recognition of machine or
hand-printed characters, and-line handwriting recognition, the recognition of
human printed or cursive handwriting as the user is writing.

Following Kukich (1992), we can distinguish three increay broader prob-
lems:

1. non-word error detection: detecting spelling errors that result in non-words
(like graffefor giraffe).

2. isolated-word error correction: correcting spelling errors that result in non-
words, for example correctingraffe to giraffe, but looking only at the word
in isolation.

3. context-dependent error detection and correction: using the context to
help detect and correct spelling errors even if they actadgnresult in an
REALWORR actual word of Englishréal-word errors). This can happen from typo-
graphical errors (insertion, deletion, transposition)cllaccidently produce
areal word (e.gtherefor threg, or because the writer substituted the wrong
spelling of a homophone or near-hnomophone (elgsserfor desert or piece
for peace.

Detecting non-word errors is generally done by marking aoyowhat is not
found in a dictionary. For example, the misspelliggaffe above would not oc-
cur in a dictionary. Some early research (Peterson, 1986sbggested that such
spelling dictionaries would need to be kept small, becaaggeldictionaries con-
tain very rare words that resemble misspellings of otherdaoiFor example the
rare wordswvontor veeryare also common misspelling afon’t andvery. In prac-
tice, Damerau and Mays (1989) found that while some misggsliwere hidden
by real words in a larger dictionary, the larger dictionargyed more help than
harm by avoiding marking rare words as errors. This is egfigdrue with prob-
abilistic spell-correction algorithms that can use woeljfrency as a factor. Thus
modern spell-checking systems tend to be based on largerdides.

The finite-state morphological parsers described througtinis chapter pro-
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vide a technology for implementing such large dictionariBg giving a morpho-
logical parser for a word, an FST parser is inherently a wembgnizer. Indeed,
an FST morphological parser can be turned into an even mficeeat FSA word
recognizer by using thprojection operation to extract the lower-side language
graph. Such FST dictionaries also have the advantage adsepting productive
morphology like the Englishs and-ed inflections. This is important for dealing
with new legitimate combinations of stems and inflection r &ample, a new
stem can be easily added to the dictionary, and then all flectad forms are eas-
ily recognized. This makes FST dictionaries especially grdw for spell-checking
in morphologically rich languages where a single stem cae bans or hundreds
of possible surface forns.

FST dictionaries can thus help with non-word error detect®But how about
error correction? Algorithms for isolated-word error @mtion operate by finding
words which are the likely source of the errorful form. Fomele, correcting
the spelling errograffe requires searching through all possible words Gkaffe,
graf, craft, grail, etc, to pick the most likely source. To choose among thetenpo
tial sources we need @distance metric between the source and the surface error.
Intuitively, giraffe is a more likely source thagrail for graffe, becauseagiraffe is
closer in spelling tgraffethangrail is tograffe The most powerful way to capture
this similarity intuition requires the use of probabilityetory and will be discussed
in Ch. 4. The algorithm underlying this solution, howevsritie non-probabilistic
minimum edit distance algorithm that we introduce in the next section.

3.11 MINIMUM EDIT DISTANCE

DISTANCE

MINIMUM EDIT
DISTANCE

ALIGNMENT

Deciding which of two words is closer to some third word inlipg is a special
case of the general problem sifing distance The distance between two strings
is a measure of how alike two strings are to each other.

Many important algorithms for finding string distance rely some version
of the minimum edit distance algorithm, named by Wagner and Fischer (1974)
but independently discovered by many people; see the Blisegtion. The min-
imum edit distance between two strings is the minimum nunobediting opera-
tions (insertion, deletion, substitution) needed to tiams one string into another.
For example the gap between the woirdtentionandexecutioris five operations,
shown in Fig. 3.23 as aalignment between the two strings. Beneath the aligned
strings are a series of symbols expressing@peration list for converting the top

5 Early spelling error detectors for English, by contrastgly allowed any word to have any suffix
— thus UnixSPELL accepts bizarre prefixed words likeisclamand antiundogginglyand suffixed
words based othelike thehoodandtheness
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DYNAMIC
PROGRAMMING

string into the bottom string; d for deletion, s for subgtdn, i for insertion.

INTE*NTION
RN
*EXECUTION
dss is

Figure 3.23 Representing the minimum edit distance between two str@sgan
alignment. The final row gives the operation list for conwegthe top string into the
bottom string; d for deletion, s for substitution, i for imgen.

We can also assign a particular cost or weight to each of tbpsgtions.
ThelLevenshteindistance between two sequences is the simplest weightitgy fa
in which each of the three operations has a cost of 1 (Leveimsht966)° Thus
the Levenshtein distance betweiatention and executionis 5. Levenshtein also
proposed an alternate version of his metric in which eacérfimsn or deletion has
a cost of one, and substitutions are not allowed (equivabesitowing substitution,
but giving each substitution a cost of 2, since any subgiitutan be represented
by one insertion and one deletion). Using this version, theehshtein distance
betweenntentionandexecutions 8.

The minimum edit distance is computed dynamic programming. Dy-
namic programming is the name for a class of algorithms, ifitsbduced by Bell-
man (1957), that apply a table-driven method to solve probldy combining
solutions to subproblems. This class of algorithms inctutiee most commonly-
used algorithms in speech and language processing; besidéaum edit dis-
tance, these include théterbi andforward algorithms (Ch. 6), and theéYK and
Earley algorithm (Ch. 12).

The intuition of a dynamic programming problem is that aégpgoblem can
be solved by properly combining the solutions to variougpsoblems. For exam-
ple, consider the sequence or “path” of transformed wordsdbmprise the mini-
mum edit distance between the stringtentionandexecutionrshown in Fig. 3.24.

Imagine some string (perhaps iEsention that is in this optimal path (what-
ever it is). The intuition of dynamic programming is thaekKentionis in the op-
timal operation-list, then the optimal sequence must alstude the optimal path
from intentionto exention Why? If there were a shorter path framtentionto
exentionthen we could use it instead, resulting in a shorter oveatt pand the
optimal sequence wouldn’t be optimal, thus leading to areainttion.

Dynamic programming algorithms for sequence comparisork Wy creat-

6 We assume that the substitution of a letter for itself, eupsttutiont for t, has zero cost.
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(3.5)

ntentiilon
delete i —
substituten by e ntention
substitute thy x _ etention
insertu__‘exentlan
substitute n by ¢ —u exenutilon
e X ecu i on
Figure 3.24 Operation list transformingntention to execution(after Kruskal
1983)

ing a distance matrix with one column for each symbol in thgdasequence and
one row for each symbol in the source sequence (i.e., tatgeg ahe bottom,
source along the side). For minimum edit distance, thisimitithe edit-distance
matrix. Each celkedit-distanc§,j] contains the distance between the firsharac-
ters of the target and the firgtharacters of the source. Each cell can be computed
as a simple function of the surrounding cells; thus starfingy the beginning of
the matrix it is possible to fill in every entry. The value irchacell is computed
by taking the minimum of the three possible paths throughta#ix which arrive
there:
distancéi — 1, j| + ins-cosftarget_)
distancéi, j] = min{ distanceéi — 1, j — 1] + subst-cogsourcg_1,target_,)
distancei, j — 1] + del-cos{sourcg_1))

The algorithm itself is summarized in Fig. 3.25, while Fig2@ shows the
results of applying the algorithm to the distance betwieention and execution
assuming the version of Levenshtein distance in which teertrons and deletions
each have a cost of 1 (ins-co¥té del-cost() = 1), and substitutions have a cost of
2 (except substitution of identical letters has zero cost).

Knowing the minimum edit distance is useful for algorithrike Ifinding po-
tential spelling error corrections. But the edit distantggathm is important in
another way; with a small change, it can also provide the mmnn costalign-
ment between two strings. Aligning two strings is useful throoghspeech and
language processing. In speech recognition, minimum éstiirice alignment is
used to compute word error rate in speech recognition (ChrAnment plays a
role in machine translation, in which sentences in a pdredigpus (a corpus with
a text in two languages) need to be matched up to each other.

In order to extend the edit distance algorithm to produceligmment, we
can start by visualizing an alignment as a path through tlitedéstance matrix.
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function MIN-EDIT-DISTANCE(target, sourc returns min-distance

n«— LENGTH(targe
m<«— LENGTH(source
Create a distance matrikistance[n+1,m+1]
Initialize the zeroth row and column to be the distance fromémpty string
for each colummn from Oto ndo
distance][i,0}—i
for each rowj from 0to mdo
distance[0,m}—j
for each colummn from 1to ndo
for each rowj from 1to mdo
distanceli, j]«+ MIN( distancéi—1,j] + ins-cosftarget_1),
distancgi—1,j—1] + subst-cogsourcg_1, target_1),
distancé¢i,j—1] + del-cosfsourcg_1))

Figure 3.25 The minimum edit distance algorithm, an example of the ctdsg
dynamic programming algorithms.

n 9 8] 9] 10| 11| 12| 11 10] 9] 8
o [8 7] 8| 9| 10| 11] 10 9| 8| 9
i |7 6| 7| 8| 9] 10 9 8| 9| 10
t |6 5] 6| 7| 8| 9 8 9] 10| 11
n |5 4] 5| 6| 7| 8 9 10| 11| 10
e |4 3] 4| 5| 6| 7] 8 9] 10| 9
t |3 4] 5| 6| 7| 8 7 8| 9| 8
nl2 3| 4| 5| 6| 7 8 7| 8] 7
i 1 2| 3| 4] 5] 6 7] 6| 7| 8
# o 1| 2| 3| 4] 5 6 7| 8| 9

[# el x[ e[ c[ u tf i] of n

Figure 3.26  Computation of minimum edit distance betwdptentionandexecu-
tion via algorithm of Fig. 3.25, using Levenshtein distance veitist of 1 for inser-
tions or deletions, 2 for substitutions. In italics are thiéial values representing the
distance from the empty string.

Fig. 3.27 shows this path with the boldfaced cell. Each lzaldél cell represents
an alignment of a pair of letters in the two strings. If twodfaked cells occur in
the same row, there will be an insertion in going from the seuo the target; two
boldfaced cells in the same column indicates a deletion.

Fig. 3.27 also shows the intuition of how to compute thisratgnt path. The
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BACKTRACE

computation proceeds in two steps. In the first step, we aogthe minimum edit
distance algorithm to store backpointers in each cell. Tdekpointer from a cell
points to the previous cell (or cells) that were extendethfim entering the current
cell. We've shown a schematic of these backpointers in ERj(,3after a similar
diagram in Gusfield (1997). Some cells have multiple baakeos, because the
minimum extension could have come from multiple previoutscén the second
step, we perform hacktrace. In a backtrace, we start from the last cell (at the final
row and column), and follow the pointers back through theadyitc programming
matrix. Each complete path between the final cell and thairméll is a minimum
distance alignment. Exercise 3.13 asks you to modify themrmim edit distance
algorithm to store the pointers and compute the backtracetifmut an alignment.

18,19, 10| ] 11| | 12 111 110 19/ 8

17| /=1 8] /19| ,~110| 11 110 19 /8] <9

16|/~ 7| /18] /19|10 19 8 —9] —10

5|/~ 6| /=1 T| /-1 8] /-9 8 —9| —10|— 11

14| /15| /16| /1 T| /18| /19| ~110| 11|, 10

3 4| -5 —6 —7| <18 19|10 19

S 4| =15 16| =1 T| /18 i ~1 8| 19 18

/L 3| =LA LD 16 LT 1 8 V7] =18 /7

A R Y B R B I N | RV 4 /6 ~7| <8

H| =S|~ D S| ~|—|O|>
OR[N W OO N|00|©

1 2 3 4 5 6 7 8 9

H

e X e c u t i 0 n

Figure 3.27 When entering a value in each cell, we mark which of the 3 rimgh
ing cells we came from with up to three arrows. After the tabkell we compute an
alignment (minimum edit path) via &acktrace, starting at the8 in the upper right
corner and following the arrows. The sequence of boldfacstdmces represents on¢

possible minimum cost alignment between the two strings.

There are various publicly available packages to computedesiance, in-
cluding UNIX diff, and the NISTsclite  program (NIST, 2005); Minimum edit
distance can also be augmented in various ways. The Vitiegbiigtom, for exam-
ple, is an extension of minimum edit distance which usesaisidistic definitions
of the opertations. In this case instead of computing thenimim edit distance”
between two strings, we are interested in the “maximum goitibaalignment” of
one string with another. The Viterbi algorithm is crucialgrobabilistic tasks like
speech recognition and part-of-speech tagging.
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3.12 HUMAN MORPHOLOGICALPROCESSING

In this section we briefly survey psycholinguistic studieshow multi-morphemic
words are represented in the minds of speakers of EnglisheXample, consider
the wordwalk and its inflected formsvalks andwalked Are all three in the human
lexicon? Or merelyalk along with-edand-s? How about the wortiappyand its
derived formshappily and happines8 We can imagine two ends of a theoretical
FuLusng  Spectrum of representations. Thal listing hypothesis proposes that all words
of a language are listed in the mental lexicon without angriml morphological
structure. On this view, morphological structure is simatyepiphenomenon, and
walk, walks walked happy andhappily are all separately listed in the lexicon.
This hypothesis is certainly untenable for morphologicattmplex languages like
reociM - Turkish. Theminimum redundancy hypothesis suggests that only the constituent
morphemes are represented in the lexicon, and when progesalks (whether
for reading, listening, or talking) we must access both rherpes Walk and-s)
and combine them.
Some of the earliest evidence that the human lexicon repieatleast some
morphological structure comes frapeech errors also calledlips of the tongue
In conversational speech, speakers often mix up the ordéeawords or sounds:

if you breakit it'll drop

In slips of the tongue collected by Fromkin and Ratner (1988) Garrett
(1975), inflectional and derivational affixes can appeaassply from their stems.
The ability of these affixes to be produced separately fragir 8tem suggests that
the mental lexicon contains some representation of moogjid! structure.

it's not only us who have screw loosésr “screws loose”)
wordsof rule formation (for “rules of word formation”)
easy enoughlyfor “easily enough”)

More recent experimental evidence suggests that neitleiuthlisting nor
the minimum redundancy hypotheses may be completely tnugtedd, it's pos-
sible that some but not all morphological relationships rmentally represented.
Stanners et al. (1979), for example, found that some deffioads (happiness
happily) are stored separately from their stelnagpy, but that regularly inflected
forms (pouring) are not distinct in the lexicon from their stenso(r). They did
this by using a repetition priming experiment. In short,at#on priming takes
advantage of the fact that a word is recognized faster if st l@en seen before

amven  (if it is primed). They found thatifting primedlift, andburnedprimedburn, but
for exampleselectivedidn't prime select In a more recent study, Marslen-Wilson
et al. (1994) found thatpokerderived words can prime their stems, but only if the
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meaning of the derived form is closely related to the stent. éxamplegovern-
mentprimesgovern butdepartmentloes not primalepart Marslen-Wilson et al.
(1994) represent a model compatible with their own findirgyfodows:

-al —-ure -s

-ing

Figure 3.28 Marslen-Wilson et al. (1994) result: Derived words are didko their

stems only if semantically related.

In summary, these results suggest that morphology doesaptale in the
human lexicon, especially productive morphology like icfien.

3.13 SUMMARY

This chapter introducedhorphology, the arena of language processing dealing

with the subparts of words, and tlimite-state transducer, the computational
device that is important for morphology but will also playoterin many other tasks
in later chapters. We also introducsi@mming, word and sentence tokenization
andspelling error detection.
Here’s a summary of the main points we covered about thess:ide
e Morphological parsing is the process of finding the constituenbrphemes
inaword (e.g.cat +N +PL for cats.
e English mainly useprefixesandsuffixesto expressnflectional andderiva-
tional morphology.

e Englishinflectional morphology is relatively simple and includes person and

number agreementq) and tense markingsgd and-ing).

e Englishderivational morphology is more complex and includes suffixes like

-ation, -ness-ableas well as prefixes likeo-andre-.
e Many constraints on the Englighorphotactics (allowable morpheme se-
guences) can be represented by finite automata.

e Finite-state transducersare an extension of finite-state automata that can

generate output symbols.

¢ Important operations for FSTs includemposition, projection, andinter-
section

o finite-state morphologyandTwo-level morphologyare applications of finite-
state transducers to morphological representation arsihgar
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¢ Spelling rulescan be implemented as transducers.

e There are automatic transducer-compilers that can producnsducer for
any simple rewrite rule.

e The lexicon and spelling rules can be combinedbmposingandintersect-
ing various transducers.

e ThePorter algorithm is a simple and efficient way to dsiemming, strip-
ping off affixes. It is not as accurate as a transducer modliticludes a
lexicon, but may be preferable for applications likéormation retrieval in
which exact morphological structure is not needed.

¢ Word tokenization can be done by simple regular expressions substitutions
or by transducers.

e Spelling error detectionis normally done by finding words which are not in
a dictionary; an FST dictionary can be useful for this.

BIBLIOGRAPHICAL AND HISTORICAL NOTES

Despite the close mathematical similarity of finite-statsms$ducers to finite-state
automata, the two models grew out of somewhat differentiticad. Ch. 2 de-
scribed how the finite automaton grew out of Turing’s (193@ydel of algorithmic
computation, and McCulloch and Pitts finite-state-like eledf the neuron. The
influence of the Turing machine on the transducer was sontembee indirect.
Huffman (1954) proposed what was essentially a stateitramdable to model
the behavior of sequential circuits, based on the work ohSba (1938) on an
algebraic model of relay circuits. Based on Turing and Shaisnwork, and un-
aware of Huffman’s work, Moore (1956) introduced the tdimite automaton for

a machine with a finite number of states with an alphabet aftisgmbols and an
alphabet of output symbols. Mealy (1955) extended and sgizhd the work of
Moore and Huffman.

The finite automata in Moore’s original paper, and the extenby Mealy
differed in an important way. In a Mealy machine, the inputfait symbols are as-
sociated with the transitions between states. In a Moorénmagcthe input/output
symbols are associated with the state. The two types ofduess are equivalent;
any Moore machine can be converted into an equivalent Mealghimne and vice
versa.

INSERT PGRAPH HERE about Mealy and Moore machines and ambigu-
ity, history of FSTs, sequential FSTs, minimization, etc

Many early programs for morphological parsing usedix-stripping ap-
proach to parsing. For example Packard's (1973) parsernicieat Greek itera-
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tively stripped prefixes and suffixes off the input word, nmaknote of them, and
then looked up the remainder in a lexicon. It returned any ttwat was compatible
with the stripped-off affixes. This approach is equivaleniebottom-up method
of parsing that we will discuss in Ch. 12.

AMPLE (A Morphological Parser for Linguistic ExploratiorfyVeber and
Mann, 1981; Weber et al., 1988; Hankamer and Black, 1991 hathar early
bottom-up morphological parser. It contains a lexicon véthpossible surface
variants of each morpheme (these are callemmorphs), together with constraints
on their occurrence (for example in English #esallomorph of the plural mor-
pheme can only occur after s, X, z, sh, or ch). The system fively @ossible se-
quence of morphemes which match the input and then filteralbtite sequences
which have failing constraints.

An alternative approach to morphological parsing is cajjederate-and-test
or analysis-by-synthesiapproach. Hankamer’'s (1986) keCi is a morphological
parser for Turkish which is guided by a finite-state represtén of Turkish mor-
phemes. The program begins with a morpheme that might mhaéctett edge of
the word, and applies every possible phonological rule,tohiecking each result
against the input. If one of the outputs succeeds, the pmoghen follows the
finite-state morphotactics to the next morpheme and triesttinue matching the
input.

The idea of modeling spelling rules as finite-state transiuts really based
on Johnson’s (1972) early idea that phonological rules ¢aliscussed in Ch. 7)
have finite-state properties. Johnson'’s insight unfotelpadid not attract the at-
tention of the community, and was independently discovénedRonald Kaplan
and Martin Kay, first in an unpublished talk (Kaplan and Ka981) and then fi-
nally in print (Kaplan and Kay, 1994) (see page for a discussion of multiple
independent discoveries). Kaplan and Kay's work was fadldwp and most fully
worked out by Koskenniemi (1983), who described finiteestabrphological rules
for Finnish. Karttunen (1983) built a program called KIMM@d®d on Kosken-
niemi's models. Antworth (1990) gives many details of tvewdl morphology and
its application to English. Besides Koskenniemi’'s work dnritsh and that of
Antworth (1990) on English, two-level or other finite-stat@dels of morphology
have been worked out for many languages, such as Turkishz@dfla993) and
Arabic (Beesley, 1996). Barton, Jr. et al. (1987) bring ups@omputational com-
plexity problems with two-level models, which are respahdie by Koskenniemi
and Church (1988). Finally, readers with further interadtnite-state morphology
should turn to the definitive text, (Beesley and Karttun€)3).

ADD PGRAPH ON SEGMENTATION . Good summaries of segmentation
can be found in Palmer (2000), Grefenstette (1999), and &ki{2003).

(Gusfield, 1997) is an excellent book covering everything gould want to
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know about string distance, minimum edit distance, and so on

Students interested in further details of the fundamentthematics of au-
tomata theory should see Hopcroft and Ullman (1979) or LangPapadimitriou
(1981). Roche and Schabes (1997) is the definitive matheahatitroduction to
finite-state transducers for language applications, ageth@r with Mohri (1997)
and Mohri (2000) give many useful algorithms such as thos¢rémsducer mini-
mization and determinization.

Sproat (1993) gives a broad general introduction to contioumi@ morphol-

0gy.

EXERCISES

3.1 Add some adjectives to the adjective FSA in F48.

3.2 Give examples of each of the noun and verb classes in Figadddind some
exceptions to the rules.

3.3 Extend the transducer in Fig. 3.17 to deal wsth andch.
3.4 Write a transducer(s) for the K insertion spelling rule irgksh.
3.5 Write a transducer(s) for the consonant doubling spellig m English.

3.6 The Soundex algorithm (Odell and Russell, 1922; Knuth, 19a method
commonly used in libraries and older Census records foresgmting people’s
names. It has the advantage that versions of the names ¢hsligirtly misspelled
or otherwise modified (common, for example, in hand-writtensus records) will
still have the same representation as correctly-spelletesa(e.qg., Jurafsky, Jarof-
sky, Jarovsky, and Jarovski all map to J612).

a. Keep the first letter of the name, and drop all occurrencempfinitial a, e,
h,i,0,u,w,y
b. Replace the remaining letters with the following numbers:
b, fp,v—1
c, 0 kq,s, X2 2
dt—3
| — 4
m,n—5
r—6
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c. Replace any sequences of identical numbers , only if thelyed&om two
or more letters that wer@djacentin the original name, with a single number
(i.e., 666— 6).

d. Convert to the form_etter Digit Digit Digit by dropping digits
past the third (if necessary) or padding with trailing zefibaecessary).

The exercise: write a FST to implement the Soundex algorithm
3.7 Implement one of the steps of the Porter Stemmer as a tragsduc

3.8 Write the algorithm for parsing a finite-state transduceing the pseudo-
code introduced in Chapter 2. You should do this by modifyihg algorithm
ND-RECOGNIZEIn Fig. ??in Chapter 2.

3.9 Write a program that takes a word and, using an on-line diatig computes
possible anagrams of the word, each of which is a legal word.

3.10 InFig. 3.17, why is there a, s, xarc fromgs to q;?

3.11 Computing minimum edit distances by hand, figure out whethae is
closer tobrief or to divers and what the edit distance is. You may use any version
of distancethat you like.

3.12 Now implement a minimum edit distance algorithm and use ytamd-
computed results to check your code.

3.13 Augment the minimum edit distance algorithm to output agratient; you
will need to store pointers and add a stage to compute thdrbaek
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