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In proposing constraint ranking Prince and Smolensky (1993/2004) depart from OT’s predecessor Harmonic
Grammar (HG; Smolensky and Legendre 2006). In HG optimality is defined numerically as maximal Har-
mony, which is calculated as the sum of a candidate’s weighted constraint scores.

OT’s use of ranking rather than weighting is sometimes justified in terms of its restrictiveness: weighted
interaction is claimed to be too powerful for HG to function as a realistic model of human language (Prince
and Smolensky 1993/2004: 236; 1997: 1608, Legendre et al. 2006b).

In this talk, I present results of several ongoing collaborative research projects on HG. I will discuss the
following points:

(1) i. HG is (perhaps surprisingly) restrictive, due to inherent limitations on the types of languages that
can be generated by an optimization system (Bhatt et al. 2007; Pater et al. 2007)

ii. HG is compatible with a simple correctly convergent gradual learning algorithm, the Perceptron
algorithm of Rosenblatt (1958) (Boersma and Pater 2007; Pater 2007a; see Jäger 2006, Soderstrom
et al. 2006 for precedents).

iii. To deal with variation, HG can be implemented with noise, as in stochastic OT (Boersma 1998;
Boersma and Hayes 2001). Testing shows that noisy HG+Perceptron is robust, unlike stochastic
OT+GLA (Boersma and Pater 2007).

iv. Gradual learning yields Harmony values that reflect frequency distributions. A problem for the
HG account of gradient well-formedness (Keller 2006; Legendre et al. 2006a) raised by Boersma
(2004) can be resolved with a revised HG acceptability metric (Coetzee and Pater 2007).

1 Weighted optimization

Given a linguistic representation R, its scores on a set of constraints ({C1(R), C2(R), C3(R),...Cn(R)}), and
a set of coe!cients, or weights for the constraints ({W1, W2, W3,...Wn}), HG’s Harmony function returns
the sum of the weighted constraint scores.

(2) H(R) = (C1(R)*W1) + (C2(R)*W2) + (C3(R)*W3) +... (Cn*Wn)

As Prince and Smolensky (1993/2004: 236) point out, optimality in an OT-like theory of generative grammar
can be defined in terms of Harmony (see also Keller 2000, 2006; Flemming 2001; Prince 2002; Legendre et al.

1



2006b; Soderstrom et al. 2006). In the following OT-style tableau, the top row provides the constraint
weights, and the rightmost column provides the Harmony score of each candidate. Constraint violations are
indicated as negative integers, and the optimal candidate has the maximal Harmony (Legendre et al. 2006b):

(3) A weighted constraint tableau

Weight 1.5 1 H
/Input-1/ Constraint-1 Constraint-2
Output-11 -1 -1
Output-12 -1 -1.5

Final consonant devoicing in HG:

(4) Coda devoicing

Weight 1.5 1 H
/bad/ *Coda-Voice Ident-Voice

bat -1 -1
bad -1 -1.5

In this situation, weighting functions just like ranking. So long as the weight of *Coda-Voice is greater
than that of Ident-Voice, coda devoicing is produced. If Ident-Voice has a greater weight than *Coda-
Voice, voiced codas are allowed:

(5) w(*Coda-Voice) > w(Ident-Voice) = *Coda-Voice ! Ident-Voice

w(Ident-Voice) > w(*Coda-Voice) = Ident-Voice ! *Coda-Voice

To illustrate the main di"erence between HG and OT, we can consider a slightly more complicated example
in the phonology of voicing.

In Japanese loanwords (but not native words), pairs of voiced obstruents are permitted (Nishimura2003,
Kawahara 2006; all data are from the latter source):

(6) Violations of Lyman’s Law in loanwords

bagii ’buggy’ bagu ’bug’
bogii ’bogey’ dagu ’Doug’
bobu ’Bob’ giga ’giga’

Japanese also has a restriction against voicing in geminate obstruents. But again, in loanwords, these occur:

(7) Voiced/voiceless obstruent geminate near-minimal pairs in Japanese loanwords

webbu ’web’ wippu ’whipped (cream)’
sunobbu ’snob’ sutoppu ’stop’
habburu ’Hubble’ kappuru ’couple’
kiddo ’kid’ kitto ’kit’
reddo ’red’ autoretto ’outlet’
heddo ’head’ metto ’helmet’
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However, when a word contains both a voiced geminate and a voiced obstruent, the geminate is optionally,
but categorically, devoiced:

(8) Optional devoicing of a geminate in Lyman’s Law environment

guddo ~ gutto ’good’ doggu ~ dokku ’dog’
beddo ~ betto ’bed’ baggu ~ bakku ’bag’
doreddo ~ doretto ’dredlocks’ budda ~ butta ’Buddha’
baddo ~ batto ’bad’ doraggu ~ dorakku ’drug’
deibiddo ~ deibitto ’David’ biggu ~ bikku ’big’

According to Nishimura (2003) and Kawahara (2006), such devoicing is judged unacceptable in both (6) and
(7).

An HG analysis:

(9) Japanese loanword devoicing as cumulative constraint interaction

Weight 1.5 1 H
/bobu/ Ident-Voice *2-Voice
[bobu] -1 -1
[bopu] -1 -1.5

Weight 1.5 1 H
/webbu/ Ident-Voice *Vce-Gem
[webbu] -1 -1
[weppu] -1 -1.5

Weight 1.5 1 1 H
/doggu/ Ident-Voice *Vce-Gem *2-Voice
[doggu] -1 -1 -2
[dokku] -1 -1.5

Due to the strict domination property of ranked constraints, which rules out cumulativity, or gang e"ects,
no OT ranking of these constraints can generate this pattern (see Nishimura 2003 and Kawahara 2006 for
expansions of the OT constraint set that deal with these data).

1.1 Optimization restricts cumulativity

Optimizing HG does not generate many of the cumulative interactions that one might expect a priori. For
example, HG is incapable of generating a one-coda maximum (cf. Prince and Smolensky 1997: 1606; see
also Prince 2002):

(10) No one-coda maximum in HG

/bat/ NoCoda Max

bat -1
ba -1

3



/bantat/ NoCoda Max

bantat -2
banta -1 -1

Because the weighting conditions required for the optima in (10) are contradictory, no HG grammar can
choose them:

(11) a. /bat/ " [bat]: w(Max) > w(NoCoda)

b. /bantat/ " [bantat]: w(NoCoda) > w(Max)

The di"erence in the Japanese example above:

(12) A single Ident-Voice violation results in the satisfaction of both *2-Vce and *Vce-Gem

In the NoCoda/Max example, whether each potential coda is parsed is an independent decision, and it is
therefore impossible to get a cumulative e"ect. This restrictiveness result would not hold with a numerical
cut-o", or threshold, on well-formedness:

(13) Evaluation of mappings with cut-o" of -1.5

Weight 1 H
NoCoda

#
/bat/ "[bat] -1 -1

#
/bantat/ "[banta] -1 -1

* /bantat/ "[bantat] -2 -2

Because of the inherent restrictiveness of optimization, HG does not generate the unattested cases of cumula-
tive constraint interaction identified in critiques of Smolensky’s (2006) OT with Local Constraint Conjunction
(see esp. McCarthy 1999, 2003a); see Pater (2006); Pater et al. (2007) for further discussion.

1.2 Locality and the power of HG

Given a set of constraints, HG is more powerful than OT:

(14) Any linguistic system that can be analyzed with a given set of ranked constraints can also be
analyzed with weighted ones (Prince and Smolensky, 1993/2004: 236; Prince, 2002).

While the greater power of HG has been claimed to be excessive, there appears to be only one example in
the published literature of unattested systems produced by weighting but not ranking:

(15) Weightings of Align-Head and Weight-to-Stress yield languages in which a heavy syllable is
stressed if it is n syllables from the edge, but not if is is n+1 syllables away, where n is any integer
(Legendre et al., 2006b)

It is clear that with gradient Alignment, HG overgenerates. The HG figures in (16) were obtained by
submitting OT-Soft (Hayes et al. 2003) files prepared by René Kager to HaLP (Potts et al. 2007), which uses
linear programming to find feasible combinations of optima (Bhatt et al. 2007). Positive HG limits constraint
weights to positive reals (Prince 2002; Pater et al. 2007; Boersma and Weenink 2007; cf. Keller’s 2000; 2006
limitation to non-negative reals). The OT figures were obtained by using Michael Becker’s implementation
of Recursive Constraint Demotion (Tesar and Smolensky 1998), which runs alongside HaLP in OT-Help
(Becker et al. 2007).
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(16) Number of predicted languages with Kager’s (2001) gradient Alignment constraint set

All logically possible combinations of optima (words 2-9 syllables in length, candidates are all
footings with QI binary trochees): 685, 292, 000

Optimality Theory: 35

Positive Harmonic Grammar: 911

It is less clear that HG overgenerates when independently motivated locality restrictions are imposed on the
theory (Pater et al., 2007). For example, if gradient Alignment constraints are eliminated (see esp. McCarthy
2003b), the HG typology is reduced dramatically:

(17) Number of predicted languages with Kager’s (2001) non-gradient Alignment + Lapse constraints

All logically possible combinations of optima: 685, 292, 000

Optimality Theory: 25

Positive Harmonic Grammar: 85

The HG typology would likely shrink further if the evaluation of representations by constraints was made
even more local, in the senses discussed in Pater et al. (2007). Furthermore, a constraint set suitable for HG
may be di"erent from one that is suitable for OT (Pater 2007b).

2 Gradual learning in HG

One advantage of HG over OT is that it is compatible with the broad range of learning algorithms (and esti-
mation and optimization procedures) that have been developed for linear and log-linear models of grammar
(Johnson 2002; Goldwater and Johnson 2003; Hayes and Wilson 2006; Jäger 2006; Soderstrom et al. 2006;
Wilson 2006).

A particularly simple such algorithm is the Perceptron update rule of Rosenblatt (1958). Like the Gradual
Learning Algorithm for stochastic OT (GLA; Boersma 1998; Boersma and Hayes 2001), and some imple-
mentations of the constraint demotion algorithm (Tesar and Smolensky 1998, 2000), Perceptron is on-line
and error-driven. Given the learner’s error and the correct observed mapping, the weight of each constraint
is updated as follows:

(18) Add n(vE - vC) to the weight of each constraint

Where 0 < n < 1, vE = number of violations incurred by the error, vC = number of violations
incurred by the correct form

For comparison’s sake, the GLA can be stated as:

(19) Add n to the value of each constraint for which vE > vC, and subtract n from the value of each
constraint for which vE < vC

In the GLA, the degree of di"erence between violations on a constraint in the error and correct form is
irrelevant (as it should be for OT evaluation).
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The Perceptron model has a convergence/correctness proof (Noviko" 1962), which is extended to part-of-
speech tagging by Collins (2002). Collins’ proof seems to further extend to an application of Perceptron with
HG (Boersma and Pater 2007).

3 Noisy HG

The noisy HG account of variation (an adaptation of stochastic OT Boersma 1998; Boersma and Hayes 2001;
see Boersma and Weenink 2007; Boersma and Pater 2007; Jesney 2007; Pater 2007a):

(20) i. Each time the grammar evaluates a candidate set, weighting values are perturbed by noise
(sampled from a normal distribution with SD = 2)

ii. In repeated evaluations, this can produce variation in the choice of optima

In the Japanese loanword case, a voiced geminate optionally devoices in the presence of another voiced
obstruent. This can be modeled with a noisy HG grammar in which the sum of the weights of the markedness
constraints is su!ciently close to being equal to the weight of Ident-Voice:

(21) Variation produced by noisy HG

Mean weight 100 50 50 H
/doggu/ Ident-Voice *Vce-Gem *2-Voice

50% [doggu] -1 -1 -10 (µ)
50% [dokku] -1 -10 (µ)

4 Perceptron with noisy HG

Kawahara (2006) empasizes that the devoicing pattern is emergent: it has entered Japanese in recent bor-
rowings, and there would have been no evidence in the learners’ input for a di"erence between the forms
that show devoicing, and those that do not. This pattern is in fact a predicted stage of gradual learning in HG.

We start with constraint values that are appropriate for the pattern of voicing in the native vocabulary, in
which there is no voiced geminates, and only a single voiced obstruent in each word:

(22) Voicing in native Japanese phonology

Mean weight 100 50 H
/bobu/ *2-Voice Ident-Voice

[bobu] -1 -100 (µ)
[bopu] -1 -50 (µ)

Mean weight 100 50 H
/webbu/ *Vce-Gem Ident-Voice
[webbu] -1 -100 (µ)
[weppu] -1 -50 (µ)

Praat (Boersma and Weenink 2007) implements an error-driven learner with HG evaluation, and the update
rule in (18). The details of this simulation:
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(23) i. Learning data: mappings /bobu/ "[bobu], /webbu/ "[webbu] and /doggu/ "[doggu] with equal
frequency

ii. The initial weightings: as in (22)

iii. Learning rate (Praat’s plasticity, n in (18)): 0.1.

After 1100 pieces of learning data, the weightings were as shown in (24):

(24) Emergent variable Japanese loanword devoicing

Mean weight 107.72 53.65 H
/bobu/ Ident-Voice *2-Voice

100% [bobu] -1 -53.65 (µ)
[bopu] -1 -107.72 (µ)

Mean weight 107.72 52.50 H
/webbu/ Ident-Voice *Vce-Gem

100% [webbu] -1 -52.50 (µ)
[weppu] -1 -107.72 (µ)

Mean weight 107.72 52.50 53.65 H
/doggu/ Ident-Voice *Vce-Gem *2-Voice

67.5% [doggu] -1 -1 -106.15 (µ)
32.5% [dokku] -1 -107.72 (µ)

This simulation is a gross abstraction from the actual process of loanword adaptation, and does not explain
why this grammar seems to be stable in current Japanese. However, the fact that this pattern emerges as a
stage in learning should make the necessary further elaboration tractable.

5 Testing gradual learning algorithms

5.1 Testing GLAs on categorical grammars

There is not (yet) a proof of that the Perceptron update rule will convergence on a correct categorical
grammar when combined with noisy HG. A method for testing learning algorithms (Boersma 2007a):

(25) i. Violation marks are randomly assigned to candidates

ii. Values are randomly assigned to constraints

iii. Optima are found using an OT ranking (no noise)

iv. The learner is provided with i. and iii., and has to find constraint values, given an even
distribution of the input-output mappings in a maximum of 1, 100, 000 trials (100, 000, then success
check, then 1, 000, 000 more if necessary)

v. Success checked using Praat’s “Fraction correct” (100, 000 randomly chosen inputs submitted to
learned grammar), with noise set to zero: Criterion is 100% correct

Common settings for all simulations reported here:
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(26) i. Each language has 20 constraints and 20 sets of 20 candidates

ii. Each candidate has between 0 and 5 violations of each constraint

iii. Initial constraint values of 10, and update value of 0.1 (Praat’s plasticity, n in 18)

iv. In all HG simulations, the update rule is as in (18)

v. Each learner is tested on 1000 languages

Success rates:

(27) i. Stochastic OT + standard GLA (Boersma and Hayes 2001; Praat’s ’symmetric all’, ’maximal GLA’
in Boersma 1998):

963/1000

ii. Stochastic OT + demotion only GLA (Boersma 1998):

1000/1000

iii. HG without noise:

1000/1000

iv. HG with noise:

1000/1000

v. Positive HG (minimum value = 1) without noise:

1000/1000

vi. Positive HG, with noise:

999/1000

The failure of the standard GLA with stochastic OT to find correct rankings for randomly generated lan-
guages shows that its convergence issues are general, and are not just limited to carefully engineered problems
like the one in Pater (2007a).

5.2 Testing GLAs on probability matching

The success rate for learning languages with variation can be assessed by making the following change to
the procedure in (25) (Boersma 2007b):

(28) i. Noise is added in the generation of the target language, which is produced using the same type of
grammar as the learner’s (stochastic OT and noisy HG are not in a subset relation)

ii. The target language is then a distribution over candidate mappings

iii. Success is checked by generating 10, 000 outputs for each input using the target grammar and the
learned grammar. The Distance score is absolute di"erence between probabilities of occurrence,
averaged over all candidates and all candidate sets.

The following results were obtained using the same settings as in (26), but with 100 rather than 1000 target
languages. Praat also implements a gradual MaxEnt learner that uses the update rule in (18); this is the
stochastic gradient ascent model in Jäger (2006). MaxEnt weights had initial value of 1.0, which resulted in
an amount of variation in the target language comparable to the other models of grammar with initial value
10.0 and noise 2.0.
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(29) i. Stochastic OT with symmetric all:

Mean Distance = 0.057 (SD 0.005)

ii. Stochastic OT with demotion only GLA:

Mean Distance = 0.47 (SD 0.06)

iii. Noisy HG:

Mean Distance = 0.025 (SD 0.007)

iv. Positive noisy HG:

Mean Distance = 0.025 (SD 0.006)

v. MaxEnt:

Mean Distance = 0.046 (SD 0.006)

It is di!cult to know if the di"erences between the results with Mean Distance < 0.1 are meaningful, but it
is clear that stochastic OT with the demotion only GLA fails to adequately match probability distributions.
As Boersma (1998) predicted, demotion only fails to converge on grammars with variation.

Stochastic OT’s GLA and HG’s Perceptron are comparable in their complexity, in that both are extremely
simple on-line learners. However, their performance is di"erent:

(30) i. Perceptron with noisy HG succeeds in both learning categorical choices of optima and matching
probability distributions over optima

ii. The standard GLA with stochastic OT fails in learning categorical choices of optima

iii. The demotion-only version of the GLA with stochastic OT fails to match probability distributions

6 Gradual learning and gradient well-formedness

A weighted constraint grammar that is learned gradually will reflect frequency di"erences in the relative
weights of constraints. Even when these di"erences don’t e"ect the outcome in input-output mappings,
they can a"ect acceptability scores, both for the observed forms, and for ill-formed candidates (see relatedly
Zuraw 2000).

A simple hypothetical case of a frequency skewing:

(31) In onset clusters, C2 is coronal 91% of the time

I submitted the following distribution of onset clusters to Praat with the standard settings for learning
(except for HG evaluation/learning).

(32) Frequency of input data

klV 91%

kwV 9%

The markedness constraints began at a weighting value of 100:

9



Figure 1: Observed and unattested forms evaluated by a gradually learned grammar

(33) C2-Oral Assign a violation mark if the second member of an onset cluster is nasal

C2-Cor Assign a violation mark if the second member of an onset cluster is not coronal

C2-Lab Assign a violation mark if the second member of an onset cluster is not labial

There was just one alternative candidate for each form, a mapping to a null output, and one faithfulness
constraint ’Faith’ which this mapping violated. The initial value for Faith was 10. Figure 1 shows the re-
sulting grammar, and its evaluation of the attested forms, as well as two ill-formed onsets. Both the relative
Harmony of the attested forms, and of the ill-formed clusters, is a"ected by the weighting C2-Cor > C2-Lab.

The fact that the unattested forms are di"erentiated by their Harmony scores highlights an important
di"erence between this phonological approach to gradient phonotactics, and a theory that relies only on raw
segmental probability (see relatedly Moreton 2002; Albright 2006; Hayes and Wilson 2006):

(34) Generalization based on phonological constraints leads to predicted asymmetries in structures of
equal frequency, based on distributional di"erences elsewhere in the language, and on universals that
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are encoded in the constraint set

In Coetzee and Pater (2007), this approach is applied to restrictions against homorganic consonants in Arabic
and Muna. The correlation between the resulting Harmony scores and O/E is stronger than that between
Similarity (Frisch et al., 2004) and O/E, especially in Arabic.

7 Harmony and Acceptability

One of the fundamental arguments for HG is that Harmony scores provide a means of modeling degrees of
acceptability (Legendre et al. 1990, 2006a). In the standard account (see also Keller 2000; 2006), degree of
acceptability = H. The abstract example in (35) shows how multiple violations of a single constraint leads
to decreased H, and hence decreased acceptability (see Ohala and Ohala 1986 on cumulative ill-formedness
in phonotactic acceptability judgments; cf. section 1 above) .

(35) Standard HG account:H(Output-12) > H(Output-22)

Weight 1.5 1 H
Input-1 Mark Faith

Output-11 -1 -1
Output-12 -1 -1.5

Weight 1.5 1 H
Input-2 Mark Faith

Output-21 -2 -2
Output-22 -2 -3

Boersma (2004) points out an apparently fatal flaw in this approach: because it does not relativize accept-
ability to the Input, in many cases ill-formed structures will receive higher scores than well-formed ones (see
also Legendre et al. 2006b: 354 for a related conceptual critique of Legendre et al. 1990, 2006a).

(36) A problem for the standard HG account: H(Output-21) > H(Output-12)

Weight 3 2 1 H
Input-1 C1 C2 C3

Output-11 -2 -6
Output-12 -2 -4

Weight 3 2 1 H
Input-2 C1 C2 C3

Output-21 -1 -2
Output-22 -1 -1

A ’real-life’ example using Lombardi’s (1999) analysis of final devoicing (see Boersma 2004 for syntactic
examples):
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(37) A problem for the standard HG account: H([pad]) > H([bam.bam])

Weight 3 2 1 H
/bambam/ Ident-Ons-Vce *Voice Id-Vce
[pam.pam] -2 -2 -8
[pam.bam] -1 -1 -1 -6

[bam.bam] -2 -4

Weight 3 2 1 H
/pad/ Ident-Ons-Vce *Voice Id-Vce
[pad] -1 -2
[pat] -1 -1

To make gradient ill-formedness comparative and relative, I propose that Acceptability is the di"erence
between the Harmony of a mapping and the most harmonic alternative:

(38) Acceptability(x ) = H(x ) - H(y)

Where x is a candidate mapping, and y is the most harmonic mapping for the same Input, and where
x $= y

Using this metric, grammatical forms get positive scores, and ungrammatical ones get negative scores:

(39) Acceptability([bam.bam]) = H([bam.bam]) - H([pam.bam]) = 2

Acceptability([pad]) = H([pad]) - H([pat]) = -1

Cumulative ill-formedness continues to be predicted under the revised HG Acceptability metric, as the
following calculation for (35) shows:

(40) Acceptability(Output-11) = H(Output-11) - H(Output-12) = -0.5

Acceptability(Output-21) = H(Output-21) - H(Output-22) = -1

None of the three following OT accounts of gradient acceptability addresses this problem, and deals with
both gradient ill-formedness and well-formedness. Examples from phonotactics:

(41) Types of gradient acceptability

i. Gradient well-formedness: Two attested structures in a language di"er in their acceptability

Hebrew roots with identical consonants in C2 and C3 (SMM) vs. heterorganic sequences (PSM)
(Berent and Shimron 1997; Berent et al. 2001)

Arabic roots with homorganic consonants of di"erent degrees of similarity (Frisch and Zawaydeh
2001)

ii. Gradient ill-formedness: Two unattested structures di"er in their acceptability

Cumulative ill-formedness (Ohala and Ohala 1986)

Onset clusters unattested in English (Scholes 1966; Pertz and Bever 1975; Smolensky et al. 2003;
Berent et al. 2006)
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Coetzee’s (2004) account compares performance on the constraint hierarchy for Output candidates from
di"erent Inputs (see also Everett and Berent 1998). As such, it has the same weakness as the standard HG
account:

(42) A problem for cross-tableau comparison

Ident-Ons-Vce *Voice Id-Vce
/bambam/" [bam.bam] **

/pad/" [pad] *

Two OT accounts of gradient acceptability that are Input-relative involve considerable elaboration of the
theory, and work only on one side of the ill-formed/well-formed divide:

(43) a. The account of gradient well-formedness in Pater (2005) involves the postulation of lexically
specific faithfulness constraints for every lexical item, and requires the calculation of the outcome of
every possible indexation to determine degree of well-formedness for a nonce word. As Hayes and
Wilson (2006) point out, it does not extend to gradient ill-formedness.

b. The account of gradient ill-formedness in Boersma (2004) involves the incorporation of numerical
values of constraints, and the calculation of the percentage of times each candidate wins relative to
the other candidates. This account does not extend to gradient well-formedness, since by definition
attested (non-variable) forms win 100% of the time.

8 Conclusions

Much remains to be done in terms of further developing and evaluating HG as a theory of phonological
typology, learning and gradience. However, the results we have thus far indicate that it has significant
advantages over OT in modeling learning and gradience, and that it is also viable as a framework for
typological study.
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