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In Optimality Theory or OT (Prince and Smolen0 to.
sky, 1993) grammars are defined by a set of ranka;gd
universal and violable constraints. The function o

the grammar is to map underlying or lexical forms
to valid surface forms. The task of the learner is toAn alternative algorithm is proposed in Escudero (2005), but
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Abstract

This paper proposes an unsupervised
learning algorithm for Optimality Theo-
retic grammars, which learns a complete
constraint ranking and a lexicon given
only unstructured surface forms and mor-
phological relations. The learning algo-
rithm, which is based on the Expectation-
Maximization  algorithm, gradually
maximizes the likelihood of the observed
forms by adjusting the parameters of a
probabilistic constraint grammar and a
probabilistic lexicon. The paper presents
the algorithm’s results on three con-
structed language systems with different
types of hidden structure: voicing neu-
tralization, stress, and abstract vowels. In
all cases the algorithm learns the correct
constraint ranking and lexicon. The paper
argues that the algorithm’s ability to iden-
tify correct, restrictive grammars is due in
part to its explicit reliance on the Opti-
mality Theoretic notion of Richness of the
Base.

Introduction

50

find the correct grammar, or correct ranking of
constraints, as well as the set of underlying forms
that correspond to overt surface forms given only
the surface forms and the set of universal con-
straints.

The most well known algorithms for learning
OT grammars (Tesar, 1995; Tesar and Smolensky,
1995; Boersma, 1997, 1998; Prince and Tesar,
1999; Boersma and Hayes, 2001) are supervised
learners and focus on the task of learning the
constraint ranking, given training pairs that map
underlying forms to surface forms. Recent work
has focused on the task of unsupervised learning of
OT grammars, where only unstructured surface
forms are provided to the learner. Some of this
work focuses on grammar learning without training
data (Tesar, 1998; Tesar, 1999; Hayes, 2004;
Apoussidou and Boersma, 2004). The remainder of
this work tackles the problem of learning the
ranking and lexicon simultaneously, the problem
addressed in the present paper (Tesar et al., 2003;
Tesar, 2004; Tesar and Prince, to appear; Merchant
and Tesar, to appear). These proposals adopt an
algebraic approach wherein learning the lexicon

involves  iteratively  eliminating  potential
underlying forms by determining that they have
become logically impossible, given certain

assumptions about the learning probfenin

particular, one simplifying assumption of previous
work requires that mappings be one-to-one and
This assumption prohibits input-output
ppings with deletion and insertion as well as

it has not been tested computationally.
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constraints that evaluate such mappings. This workIn classic OT, constraint ranking is categorical
represents a leap forward toward the accuraéd non-probabilistic. In recent years various sto-
modeling of human language acquisition, but thehastic versions of OT have been proposed to ac-
identification of a general-purpose, unsupervisecbunt for free variation (Boersma and Hayes,
learner of OT remains an open problem. 2001), lexically conditioned variation (Anttila,

In contrast to previous work, this paper proposekd97), child language acquisition (Legendre et al.,
a gradual, probabilistic algorithm for unsupervise@002) and the modeling of frequencies associated
OT learning based on the Expectation Maximizawith these phenomena. In addition to these advan-
tion algorithm (Dempster et al., 1977). Because thiages, probabilistic versions of OT are advanta-
algorithm depends on gradually maximizing amgeous from the point of view of learnability. In
objective function, rather than on wholly eliminatparticular, the Gradual Learning Algorithm for
ing logically impossible hypotheses, it is not cruStochastic OT (Boersma, 1997, 1998; Boersma and
cial to prohibit insertion or deletion. Hayes, 2001) is capable of learning in spite of

A major challenge posed by unsupervised learmoisy training data and is capable of learning vari-
ing of OT is that of learningestrictive grammars able grammars in a supervised fashion. In addi-
that generate only grammatical forms. In previouson, probabilistic versions of OT and variants of
work, the preference for restrictive grammars i©T (Goldwater and Johnson, 2003; Rosenbach and
implemented by encoding a bias into the rankingaeger, 2003) enable learning of OT via likelihood
algorithm that favors ranking constraints that pranaximization, for which there exist many estab-
hibit marked structures as high as possible. In colished algorithms. Furthermore, as this paper pro-
trast, the solution proposed here involves poses, unsupervised Ilearning of OT using
combination of likelihood maximization and ex-likelihood maximization combined with Richness
plicit reliance orRichness of the Base, an OT prin- of the Base provides a natural solution to the
ciple requiring that the set of potential underlyinggrammar-as-filter problem due to the power of
forms be universal. This combination favors reprobabilistic modeling to use negative evidence
strictive grammars because grammars that mapnaplicitly.
“rich” lexicon onto observed forms with high The algorithm proposed here relies on a prob-
probability are preferred. The proposed model igbilistic extension of OT in which each possible
tested on three constructed language systems, eaohstraint ranking is assigned a probability P(r).
exemplifying a different type of hidden structure. Thus, the OT grammar is a probability distribution

over constraint rankings rather than a single con-

2 Learning Probabilistic OT straint ranking. This notion of probabilistic OT is

) ) ) similar to - but less restricted than - Stochastic OT
While the primary task of the grammar is to Mag, yhich the distribution over possible rankings is
underlying forms to overt forms, the grammar'gsiven by the joint probability over independently
secondary role is that of a filter — ruling out unygmaly distributed constraints with fixed, equal
grammatlcal forms no matter what underlying formy,riance. The advantage of the present model is
is fed to the grammar. The role of the grammar agmpytational simplicity, but the proposed learn-
filter follows from the OT principle of Richness Ofing algorithm does not depend on any particular
the Base, according to which the set of possib|gstantiation of probabilistic OT.
underlying forms is universal (Prince and Smolen- t5pies 1 and 2 illustrate the proposed probabilis-
sky 1993). In other words, the grammar must B& version of OT with an abstract example. Table

restrictive and not overjggnerate. The requirementshows the violation marks assigned by three con-
that grammars be restrictive complicates the lear@gaints. A B and C. to five candidate outputs O

ing problem - it 'is not sufficient to find a combir)a-o5 for the underlying form, or input /I. To com-
tion of underlying forms and constraint ranking, ie the winner of an optimization, constraints are
that yields the set of observed surface forms: tgl?g%plied to the candidate set in order according to
constraint ranking must yield only grammaticalnejr rank. Candidates continue to the next con-
forms irrespective of the particular lexical itemsi qint if they have the fewest (or tie for fewest)
selected for the language. constraint violation marks (indicated by asterisks).
In this way the winning or optimal candidate, the
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candidate that violates the higher-ranked comuistic proposition that each morpheme has a con-

straints the least, is selected. sistent underlying form across contexts, while the
grammar drives allomorphic variation that may

constraints result in the morpheme having different surface

input: n A ' B » C realizations in different contexts. Rather than iden-
0 O, * P * i tifying a single underlying form for each mor-

% O, *x ; P * pheme, this model represents the underlying form
= 0Os Pk ; as a distribution over possible underlying forms,

_(% O, L * | x and this distribution is constant across contexts. To
o Os * : e determine the probability of an underlying form for

Table 1. OT Candidates and Constraint Violationg morphologically complex word, the product of
the morpheme’s individual distributions is taken —

The third column of Table 2 identifies the win-the probability of an underlying form is taken to be
ner under each possible ranking of the three cotidependent of morphological context. For exam-
straints. For example, if the ranking is A >> B >>ple, suppose that some morphemehds two pos-

C, constraint A eliminates all buts@nd Q, then sible underlying forms,;land b, and the two
constraint B eliminates £ designating @as the underlying forms are equally likely. This means
winner. The remainder of Table 2 illustrates théhat the conditional probabilities of both underly-
proposed probabilistic instantiation of OT. Theng forms are 50%: P(| M) = P(k | M) = 50%.

first column shows the probability P(r) that the In sum, the probabilistic model described here
grammar assigns to each ranking in this exampleonsists of a grammar and lexicon, both of which
The probability of each ranking determines thére probabilistic. The task of learning involves
probability with which the winner under that rank-selecting the appropriate parameter settings of both
ing will be selected for the given input. In othethe grammar and lexicon simultaneously.

words, it defines the conditional probability(® | . o .

1), shown in the fourth column, of thé"loutput 3 EXpectation Maximization and Richness
candidate given the input /I/ under the ranking r.  Of theBasein OT

The last column shows the total conditional prob- . . . .
ability for each candidate after summing acros his section presents the detalls. of t.he 'ea'.r”'”g
rankings. For instance,;@ the winner under two algorithm f(_)r prObab'I'SF'C OT. .F'rSt’ n Sgctlon
of the rankings, and thus its total conditional probs:1 the objective function and its properties are
ability P(Q; | 1) is found by summing over the con-discussed. Next, Se'ctlon 3.2 proposes th'e solution
ditional probabilities under each ranking. The totdP the grammar-as-filter problem, which involves
conditional probability P(@] 1) refers to the prob- restnctmg the sgarch space available to 'Fhe learn-
ability that underlying form /I/ will surface assO ing algorithm. Finally, Section 3.3 describes the

; " likelihood maximization algorithm — the input to
and this probability depends on the grammar.
ISP ity dep 9 the algorithm, the initial state, and the form of the

P(r) [ranking winner |P,(Oc|1) |P(Oc|1) | Solution.
0.2

0.20 | A>>B>>C . 0.2 . . .
0.15 | A>>C>>B 8 0.15 3.1 TheObjective Function

) ‘ 0.2
828 CB::::::E g 8'25 01 The learning algorithm relies on the following ob-
0.00 | B>>C>>A | Q 0.0 0.0 jective function:

0.50 C>>B>>A Q 0.5 0.5 P (OIM)= P (O |M Fy
Table 2: Probabilistic OT #(OIM) I:l[ +(O M

- Fy
In addition to the conditional probability as- _H[ZPH Q& i IM]
signed by the grammar, this model relies on a “
probability distribution P(I | M) over possible un- = [ JI22Pa(Oc 1 DR (1 IMI™
derlying forms for a given morpheme M. This ko
property of the model implements the standard lin-
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The likelihood of the data, or set of overt surfacd.2 Richness of the Base
forms, R(O | M) depends on the parameter set-
tings, the probability distributions over rankinggAlthough the notion of a restrictive grammar is
and under|ying forms’ under the hypothesis H. thItlver Clear, it is difficult to implement for-
is also conditional on M, the set of observed mofally. Previous work on OT learnability (Tesar,
phemes, which are annotated in the data providé§95; Tesar and Smolensky, 1995; Smolensky
to the algorithm. M is constant, however, and doek?96; Tesar, 1998, Tesar, 1999; Tesar et al., 2003;
not differ between hypotheses for the same dal&sar and Prince, to appear; Hayes, 2004) has pro-
set. Under this model each unique surface fogm ®0osed the heuristic dflarkedness over Faithful-
is treated independently, and the likelihood of theess during learning to favor restrictive grammars.
data is simply the product of the probability of OT there are two basic types of constraints,
each surface form, raised to the power corresponf@larkedness constraints, which penalize dis-
ing to its observed frequency.F Each surface preferred surface structures, and faithfulness con-
form O, is composed of a set of morphemeg M Straints, which penalize nonidentical mappings
and each of these morphemes has a set of undeffigm underlying to surface forms. In general, a
ing forms |;. The probability of each surface formrestrictive grammar will have markedness con-
P4(O | My) is found by summing the joint distribu- Straints ranked high, because these constraints will
tion P4(O« & ;| My) over all possible underlying restrlct the type of surface forms thgt are allowed
forms kJ for morphemes Mthat compose 0 n a Ianguage. On the other hand, if faithfulness
Finally, the joint probability is simply the productconstraints are ranked high, all the distinctions in-

of the conditional probability {0y | I;) and lexi- troduced into the lexicon will surface. Thus, a
cal probability R(lx; | M), both of which were heuristic preferring markedness constraints to rank

defined in the previous section. high whenever possible does in general prefer re-

The primary property of this objective functionstrictive grammars. However, the markedness over
is that it is maximal only when the hypothesis gerfaithfulness heuristic does not exhaust the notion
erates the observed data with high probability. |@f restrictiveness. In particular, markedness over
other words, the grammar must map the select&jthfulness does not favor grammar restrictiveness
lexicon onto observed surface forms without wasthat follows from particular rankings between
ing probability mass on unobserved forms. Bemarkedpess constraints or between faithfulness
cause there are two parameters in the model, ti§@nstraints.
can be accomplished by adjusting the ranking dis- This work aims to provide a general solution
tributions or by adjusting lexicon distributions.that does not require distinguishing various types
The probability model itself does not Specifyof constraints — the proposed solution implements
whether the grammar or the lexicon should be aaa.iChneSS of the Base eXpIICItIy in the initial state
justed in order to maximize the objective functionof the lexicon. Specifically, the solution involves
In other words, the objective function is indifferenf€quiring that initial distributions over the lexicon
to whether the restrictions observed in the larfke uniform, or rich. Although the objective func-
guage are accounted for by having a restrictiéon alone does not prefer restrictive grammars
grammar or by selecting a restrictive lexicon. A§Ver restrictive lexicons, a lexicon constrained to
discussed in Section 2, according to Richness Be uniform, or nonrestrictive, will in turn force the
the Base, only the first option is available in OTgrammar to be restrictive. Another way to think
the grammar must be restrictive and must neutra@bout it is that a restrictive grammar is one that
ize noncontrastive distinctions in the languagé&ompresses the input distributions maximally by
The next subsection addresses the proposed sdRapping as much of the lexicon onto observed sur-
tion — a restriction of the search procedure that face forms as possible. By requiring the lexicon to

vors maximizing probability by restricting thebe rich the proposed solution relies on the objec-
grammar rather than the lexicon. tive function’s natural preference for grammars

that maximally compress the lexicon. The objec-
tive function prefers restrictive grammars in this
situation because restrictive grammars will allow
the highest probability to be assigned to observed
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forms. In contrast, if the lexicon is not rich, thereinrelated surface forms. For this reason, potential
is nothing for the grammar to compress, and thenderlying forms are derived from surface forms
objective function’s natural preference for comby considering all featural variants of surface
pression will not be employed. The next subsectidorms for features that are evaluated by the gram-
discusses the algorithm and the initialization of themar. Of these potential underlying forms, only

parameters in more detail. those that can yield each of the observed surface
o o _ allomorphs of the morpheme under some ranking
3.3 Likelihood Maximization Algorithm of the constraints are included. This formulation

differs substantially from previous work, which
Qimed to construct the lexicon via discrete steps,
he first of which involved permanently setting the
. 2 .Values for features that do not alternate. In coptras
ity assigned to the observed set of data accordi

S . " . approach taken here aims to create a rich initial
to the objective function. In addition, any regma”:&xicon, to compel the selection of a restrictive

As discussed above, the goal of the learning alg
rithm is to find the probability distributions over
rankings and lexicons that maximize the probabi

ties present in the data should be accommodated By - - .
the grammar rather than by restricting the lexicor., 5 ygition to featural variants, variants of sur-

g?l_ ir:hpre\lliou__:,hwork on unsll(Jper\I/isded Ie?g_ipg Face forms that differ in length are included if they
, the algortthm assumes knowledge o COM4re supported by allomorphic alternation. In par-

straints, the possible gnderlylng forms of .Overﬁcular, featural variants of all the observed surface
forms, and sets of candidate outputs and their Coﬂomorphs of the morpheme are considered as po-
straint violation profiles for all possible underlying, i~ | underlying forms for the morpheme if each

forms. While the present version of the algorithrgf the observed surface forms can be generated
receives this information as input, recent work in nder some ranking. Including these types of un-

computational QT. (Rigglg, 2.004; Eisner, _2000 erlying forms extends previous work, which did
suggests that this information is formally derlvabl(f‘:|

¢ i traint d ¢ surf ¢ rk'C{)t allow segmental insertion or deletion or con-
rom the constraints and overt sufface 1orms aNGyaints that evaluate these unfaithful mappings,

can be ggnerated automatlcally. ' '  such as Mx and CEP.
In addition, the algorithm receives information

bout th holoaical relati bet The algorithm initializes both the lexicon and
abou € morphological relations beween Oy, mmar to uniform probability distributions. This
served surface forms. Specifically, output form

: eans that all rankings are initially equally likely.
are segmentgd Into morphemes, .and .t_he MAMkewise, all potential underlying forms for a mor-
phemes'are mdexed by a unique |dent|f|er.. Th heme are initially equally likely. Thus, the prob-
mformatlon, which has also' been 'assumed In pr bility distributions begin unbiased, but choosing
vious vyork, cannot be derived dweqtly from thean unbiased lexicon initially begins the search
constraints and observed forms but is a necesszi‘aﬁyough parameter space at a position that favors

]E:ompon;ent of ha mode_lrrt]hat refer? to Ll’(nderlympestrictive grammars. The experiments in the fol-
orms ol morphémes. 1nhe présent work assum ing section suggest that this choice of initializa-

this information is available to the learner althoug on correctly selects a restrictive final grammar

Section 5 wil digcuss th? pogsibility of I'earnir'lg The learning algorithm itself is based on the Ex-
these mqrphologlcal relations in conjunction Wlttbectation Maximization algorithm (Dempster et al.,
the learning of phon'ology. . . . 977) and alternates between an expectation stage
The set of potential underlying forms 'S derive nd a maximization stage. During the expectation
:rom obsdert\;]ed surf?ce_ Iorrr:s, (r)nortﬁhologlcr?l rg‘lt'tage the algorithm computes the likelihood of the
lons, and the constraint Set. ©n the one hand e eq surface forms under the current hypothe-
set of potential underlying forms, which is 'n't'a”ysis. During the maximization stage the algorithm

unn‘or_mly d|s'tr|buted, should be rich gnough 9 djusts the grammar and lexicon distributions in
constitute a rich base for the reasons discussed e Jer to increase the likelihood of the data. The

Iie(. On the other hand, the set shoulq be r robability distribution over rankings is adjusted
stricted enough so that the search space is not

ording to the following re-estimation formula:
large and so that the grammar is not pressured to g g

favor mapping underlying forms to completely
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_ F L (O M) more positions. Such languages, three of which
PH+1(r)_ZZF P,(O, [M,) are shown below, test the algorithm’s ability to
K . ko TR identify correct and restrictive grammars. The par-
» ) ) tial rankings shown below correspond to the neces-
Intuitively, this formula re-estimates the prob-ary rankings that must hold for these languages;
ability of a ranking for statél+1 in proportion 10  gach partial ranking actually corresponds to several
the ranking’s contribution to the overall probabilityyota) rankings of the constraints. Also shown below
at stateH. The algorithm re-estimates the probabily e the morphologically analyzed surface forms for
ity distribution for an underlying form according tog5cph language that are provided as input to the al-

an analogous formula: gorithm. The subscripts in these forms indicate
_ Fo PO &1 M) morpheme identities, while the hyphens segment
Pl IM;) —ZZF E P.(O. [M) the words into separate morphemes. For example,

k - k R tat,, means that the surface form “tat” could be

derived from either morpheme 1 or 2 in this lan-
Intuitively, the re-estimate of the probability ofgyage.

an underlying form; for stateH+1 is propor-

tional to the contribution that underlying form e (A) Final devoicing, contrast intervocalically:
makes to the total probability due to morpheme M * NOSFV,Max >>IDVolI>>IVV, NoVol

at stateH. The algorithm continues to alternate « tat,; dat, tat-es; tad-es; dat-es; dad-es
between the two stages until the distributions con-

verge, or until the change between one stage an8l (B) Final devoicing and intervocalic voicing:
the next reaches some predetermined minimum. At * NOSFV,MAX, IVV >>IDVoI, NOoVOI

this point the resulting distributions are taken to * tat, dat tad res; dad +6e5

correspond to the learned grammar and lexicon. _
(C) No voiced obstruents:

4 Experiments * MAx, Novoi>>IDVol, IVV

e tab o34 tal 23465
This section describes the results of experiments _ . o
with three artificial language systems with differ- Inlanguage C, it would be possible to maximize
ent types of hidden structure. In all experimentdi€ objective function by selecting a restrictive
presented here, each unique surface form is é%XICOﬂ rather than a restrictive grammar. In par-

sumed to occur with frequency 1. ticular, /tat/ could be selected as the underlying
form for morphemes 1-4 in order to account for the
4.1 Voicing Neutralization lack of voiced obstruents in the observed surface

forms. In this case, the objective function could

The first test set is an artificial language systeqist as well be satisfied by an identity grammar

(Tesar and Prince, to appear) exhibiting voicinghapping underlying /tat/ to surface “tat”. However,
neutralization. The constraint set includes five comys discussed in Section 2, such a grammar would
straints: violate the principle of Richness of the Base by
putting the restriction against voiced obstruents
into the lexicon rather than the grammar. Thus, this
* NOSFV- No syllable-final voiced obstruents |anguage tests not only whether the algorithm finds
e |VV - No intervocalic voiceless consonants a maximum, but also whether the maximum corre-

* IDVoI - Surface voicing must match underly-SPONdS t0 a restrictive grammar.

ing voicing . In fact, for all three languages abov.e,. the algo-
rithm converges on the correct, restrictive gram-

MAX - Input segments must have output COfmgars and correct lexicons. Specifically, the final
respondents grammars for each of the languages above con-
These five constraints can describe a number wérge on probability distributions that distribute the
languages, but of particular interest are languagpsobability mass equally among the total rankings
in which voicing contrasts are neutralized in one aonsistent with the partial orders above. For ex-
ample, for language C the algorithm converges on

* NoVol - No voiced obstruents
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a distribution that assigns equal probability to thef lexical and grammatical stress, requiring that the
20 total rankings consistent with the partial ordeslgorithm learn that a contrast in roots is preserved,
given by Max, Novoi>>IDVol, IVV. while a contrast in suffixes is neutralized.

The initial uniform lexicon for language C is ] )
shown in Table 3. Here the numbers 1-5 refer to©  Full contrast: roots and suffixes contrast in
morpheme indices, and the possible underlying Stress, default left:
forms for each morpheme are uniformly distrib- * F>>ML>> MR, FAR
uted. This initial lexicon favors a grammar that can  « pa-kas; pa-gé; bé-kas; ba-ga,
map as much of the rich lexicon as possible onto . , :
surface forms with no voiced obstruents. With © Full contrast. rpots and suffixes contrast in
these constraints, this translates into ranking stress, default right:

NoVor above ID\OI and IVV. As the algorithm * F>>MR>>ML, FAR

begins learning the lexicon and continues to refine  « pa-kés; pa-g&; bé-kas; ba-ga

its hypothesis for this language, nothing drives the S
algo?/i?hm to abandon thegi’nitigl rich Iexi%on. Thus, * Root contrast only, default right.
in the final state, the lexicon for this language is * FAR>>MR>>ML

identical to the initial lexicon. In general, the final * pa-kds; pa-ga,, bd-kas, bd-gay
lexicon will be uniformly distributed over underly-
ing forms that differ in noncontrastive features.

Predictable left stress:
« ML >>FAR, F, MR

1 |/tat/ - 25% | /tad/ - 25%dat/ - 25%/dad/ - 25% * pé-kas; pa-gas; ba-kas; bé-gay
2 |/tat/ - 25% | /tad/ - 25%dat/ - 25%4/dad/ - 25% . : .

3 Iftat - 25% | ftad/ - 25%dat - 2504/dad/ - 25% ' redictable right stress:

4 |Jtat/ - 25% | tadl - 25%dat/ - 25%]/dad/ - 25% * MR>>FAR, F, ML

5 |/e/-100% * pa-kés; pa-ga,; ba-kés; ba-gé

Table 3. Initial Lexicon for Language C .
In all cases the algorithm learns the correct, re-

4.2 Grammatical and Lexical Stress strictive grammars corresponding to the partial
orders shown above. As before, the final lexicon

The next set of languages from the PAKA systemssigns uniform probability to all underlying forms
(Tesar et al., 2003) test the ability of the algorithrthat differ in noncontrastive features. For example,
to identify grammatical stress (most restrictive)in the case of the language with root contrast only,

lexical stress (least restrictive), and combinatiorthe final lexicon selects a unique lexical item for
of the two. The constraint set includes: root morphemes and maintains a uniform probabil-
e MANLEET- Stress the leftmost svilable ity distribution over stressed and unstressed under-
y lying forms for suffixes.

®* MAINRIGHT - Stress the rightmost syllable
* FAITHACCENT - Stress an accented syllable

* FAITHACCENTROOT - Stress an accented root The final experiment tests the algorithm on an
syllable artificial language, based on Polish, with abstract
derlying vowels that never surface faithfully.

4.3 Abstract Underlying Vowels

: Possible Ianggages and their corr'es'pondmg IOé;(rl']though the particular phenomenon exhibited by
tial orders ranging from least restrictive to mosélavic alternating vowels is rare, the general phe-
restrictive are shown below. In the first two lan- '

guages, the least restrictive languages, lexical gigomenon wherein underlying forms do not corre-
s ; : ; ."Spond to any surface allomorph is not uncommon
tinctions in stress are realized faithfully, while

: . .. —and should be accommodated by the learning algo-
grammatical stress surfaces only in forms with ng

underlying stress. In the final two languages stregghm' This language presents a challgnge for pre-
vious work on unsupervised learning of OT

is entirely grammatical; underlying distinctions ar . .
. . ecause alternations in the number of segments are
neutralized in favor of a regular surface stress pat;

tern. Finally, the middle language isacombinatioﬂbserved in-morpheme 3. The morphologically
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annotated input to the algorithm for this languagkvor restrictive grammars, but the ability of the

is shown in Table 4. algorithm to learn restrictive grammars in these

experiments suggests that initializing the lexicons

kater vatr, sateg to uniform distributions does compel the learning

kater-ay vatn-as satg-ay algorithm to select restrictive grammars rather than
Table 4. Yer Language Surface Forms restrictive lexicons.

While the experiments presented in this section

In this language morphemes 1, 2 and 4 exhibit focus on the task of learning a grammar and lexi-
alternation while morpheme 3 alternates betweeaon simultaneously, the proposed algorithm is also
sater andsatr depending on the context. The concapable of learning grammars from structurally
straints for this language, based on Jarosz (2008)nbiguous forms. The same likelihood maximiza-

are shown below: tion procedure proposed here could be used for

o unsupervised learning of grammars that assign full

* *E=’[+HIGH|[-ATR] structural description to overt forms. Future direc-

* DepV tions include testing the algorithm on language
e MAX-V data of this sort.
° *C OMPLEXCODA 5 Condus'on

® IDENT[HIGH] , ,
In sum, this paper has presented an unsupervised,

1 2 3 4 probabilistic algorithm for OT learning. The paper
kater/ Natr] | /satEr/ Ial argues that combining the OT principle of Rich-
ness of the Base and likelihood maximization pro-
vides a novel and general solution to the problem

In the proposed analysis of this language, the afif finding a restrictive grammar. The proposed

stract underlying [E], which is a [+high] version Ofsolution involves explicitly implementing Richness

[e], is neutralized on the surface and exhibits tw8]c the Base |n.t.he |n|t|aI|zat|on of the Iexu_:on.m
der to fully utilize the properties of the objective

repairs systematically depending on the context. _ : .
deletes in general, but if a complex coda is at sta pqtlon. By re.Iyl.ng 9” Richness (.)f the. Base and
IKelihood maximization, the algorithm is able to

the vowel surfaces as [e] by violating . : P . e
IDENT[HIGH]. The required partial ranking for this use negative evidence implicitly to find restrictive

language is shown below while the desired lexicogl amMmars. The algorithm is shown to b? sucpessful
is shown in Table 5. on three constructed languages featuring different

types of neutralization and hidden structure.
{*E, {DEPV >> *COMPLEXCODA }} >> ~ Onpe potential extension of the proposed algo-
IDENT[HIGH] >> MAX-V rithm involves combining a system for unsuper-
yised learning of morphological relations with the

ing above and the lexicon in Table 5. Specificall;},)mposed algorithm for learning phonology. Sev-

the final grammar assigns equal probability to afffd! algorithms have been proposed for automati-
gally inducing morphological relations, like those

the rankings consistent with the above partial of- . _
der. The final lexicon selects a single underlyin ssumed by the present learner (Goldsmith, 2901’
form for each morpheme as shown in Table 5 be"OVer and Brent, 2001). The task of uncovering
morphological relations is complicated by allo-
morphic alternations that obscure the underlying
identity of related morphemes. While these algo-
4.4 Discussion rithms are very promising, their performance may
be significantly enhanced if they were combined
In summary, the algorithm is able to find a corwith an algorithm that models such phonological
rect grammar and lexicon combination for all oflternations.
the language systems discussed. As discussed iln conclusion, this is the first proposed unsuper-
Section 3, the objective function itself does notised algorithm for OT learning that takes advan-

Table 5. Desired Final Lexicon

The algorithm successfully learns the correct ran

are contrastive.
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tage of the power of probabilistic modeling to learn EM Algorithm. Journal of Royal Statistics Society.
a grammar and lexicon simultaneously. This paper 39(B):1-38

demonstrates that combining OT theoretic prinCgjsner, Jason. 2000. Easy and hard constraint ranking in
ples with results from computational language optimality theory: Algorithms and complexity. In Ja-
learning is a worthwhile pursuit that may inform son Eisner, Lauri Karttunen and Alain Thériault
both disciplines. In this case the theoretical princi- (eds.), Finite-State Phonology: Proceedings of the
ple of Richness of the Base has provided a novel 5th Workshop of the ACL Special Interest Group in
solution to a learning problem, but at the same Computational Phonology (SGPHON), pages 22-33,
time, this work also informs theoretical OT by Luxembourg, August.

providing a formal characterization of this theoEscudero, Paola. 200inguistic Perception and Sec-
retical principle. Future work includes testing on ond Language Acquisition.Explaining the attainment
larger, more realistic languages, including lan- of optimal phonological categorization. Doctoral dis-
guage data with noise and variation, in order to Sertation, Utrecht University.

determine the algorithm’s resistance to noise argbidsmith, John. 2001. Unsupervised Learning of Mor-
ability to model variable grammars like those ob- phology of a Natural LanguagE€omputational Lin-
served in natural languages and in human languageguistics, 27: 153-198.

acquisition. Goldwater, Sharon and Mark Johnson. 2003. Learning

OT constraint rankings using a maximum entropy
model. In Jennifer Spenader, Anders Eriksson and
Osten Dahl (eds.)Proceedings of the Sockholm

I would like to thank Paul Smolensky for his in-  \yerkshop on Variation within Optimality Theory.
valuable feedback on this work and for his sugges- siockholm University, pages 111-120.

tions on the preparation of this paper. | am also

L ; :Hayes, Bruce. 2004. Phonological acquisition in Opti-
grateful to Luigi Burzio, Robert Frank, Jason Eis mality Theory: the early stages. Appeared 2004 in

ner, and members of the Johns Hopkins Linguistics Kager, Rene, Pater, Joe, and Zonneveld, Wim, (eds.),

Research Group (especially_ Joan Cher?-'Main, Fixing Priorities: Constraints in Phonological Ac-
Adam Wayment, and Sara Finley) for additional g igition. Cambridge University Press.

comments and helpful discussion.
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