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1 Introduction

Prince and Smolensky (1993/2004: 236) consider, but reject, a version of OT with weighted constraints, as
in its predecessor Harmonic Grammar (HG: Legendre et al. 1990; Smolensky and Legendre 2006). In this

talk, I start by discussing three attractive properties of weighted constraints. They offer:

1. A retrictive theory of cumulative constraint interaction (cf. Local Constraint Conjunction)

2. Gradual, convergent learning algorithms

3. Straightforward extensions of the grammar and learning models to variation

I will illustrate these properties with an analysis of a pattern of cumulative constraint interaction in the

phonology of Japanese loanwords (Nishimura 2003, Kawahara 2006).
We will then turn to Prince and Smolensky’s concern about weighted constraints. They address this “fear

of optimization” (p. 232):

Loss of restrictiveness: “In order to handle optimality, you must use numbers and use count-
ing. .. The result will be a system of complicated trade-offs. . . giving tremendous descriptive flexi-

bility and no hope of principled explanation. Therefore, the main goal of generative grammatical

investigation is irredemeemably undermined.”

Their “reassurance” (p. 233):

Loss of restrictiveness through arithmetic: Concern is well-founded here. As we have shown,
however, recourse to the full-blown power of numerical optimization is not required...In Opti-
mality Theory, constraints are ranked, not weighted: harmonic evaluation involves the abstract

algebra of order relations rather than numerical adjudication between quantities.

*This research would not have been possible, or as enjoyable, without the contributions of my collaborators: Michael Becker,
Rajesh Bhatt, Paul Boersma, Karen Jesney, Chris Potts and Patrick Pratt. It also would not have been possible without

discussion with many other members of this department.



Prince and Smolensky offer no examples of unwanted results of numerical optimization: the only one in
the literature may be an example that uses gradient alignment (Legendre et al. 2006). I will demonstrate
new software that allows us to compare the predictions of OT and HG (OT-Help; Becker et al. 2007), and
admit that Prince and Smolensky were right. But, I will start to make a case that they are only right if
OT computes well-formedness globally and in parallel, which may well be wrong (Wilson 2003; McCarthy
2006a; 2006b; 2007).

2 The theory

2.1 Harmonic Grammar: A linear model of grammar

The model of grammar I will assume is OT translated into a linear system (Prince and Smolensky 1993/2004:
236; see Smolensky and Legendre 2006 and Pater et al. 2007a for further discussion and references). It is a
linear system because the Harmony function uses a linear equation. Because this Harmony function comes
from Harmonic Grammar, I refer to this theory as HG, but it is different in many ways from the original
1990 proposal.

(1)  Optimality
The optimal candidate has greater Harmony than its competitors
Harmony

The harmony of a candidate is the sum of its weighted constraint scores
OT constraints that assign violations assign negative penalties. For example:

(2) *CoDA-VOICE: Assign a penalty of -1 to each voiced coda

IDENT-VOICE: Assign a penalty of -1 to each input-output pair of corresponding segments that differ

in [voice| specification
The following tableau shows the outcome when *CODA-VOICE has a greater weight than IDENT-VOICE:

(3) Coda devoicing

Weight 2 1 H
/bad/ || *CODA-VOICE | IDENT-VOICE

=5 bat -1 -1

bad -1 -2

Differences from an OT tableau:

(4) i. The constraint weights are given in the top row, above the constraints to which they apply

ii. The final column shows each candidates’ Harmony



The interaction between *CoODA-VOICE and IDENT-VOICE is an example of what Prince (2002) calls an

Anything Goes scenario:

(5) To translate CON-1 > > CON-2 into an equivalent weighting, assign as weights any positive values
that satisfy the inequality w(CoON-1) > w(CON-2)

The outcome in (3) will obtain with any set of positive weighting values in which w(*CODA-VOICE) >
w(IDENT-VOICE). With w(IDENT-VOICE) > w(*CODA-VOICE), voiced codas are allowed:

(6)  Voiced codas allowed

Weight 2 1 H
/bad/ || IDENT-VOICE | *CODA-VOICE

bat -1 -2

= bad -1 -1

Prince (2002) does not comment on the fact that when constraints interact in this way, the typologies
produced by HG and OT are indistinguishable (see Pater et al. 2007a for discussion). An important point
made by Prince (2002), as well as Prince and Smolensky (1993,/2004: 236):

(7)  Any linguistic pattern that can be analyzed by a constraint ranking can be analyzed by a weighting

of the same set of constraints

As in Keller (2000; 2006) and Prince (2002), I will ban negative weights, so that constraints that assign

penalties cannot reward candidates that contain the dispreferred structure.

2.2 A gradual learning algorithm for HG
Similarities with OT learners in Tesar (1995 et seq.) and Boersma (1997 et seq.):

(8)  On-line error driven learner
The learner is supplied with one correct (input, output) pair at a time.
The learner finds uses the current state of its grammar to find the optimal output for the same input
(input, output’).
If the two outputs do not match (output # output’), the learners’ own mapping is labeled an error,

and the grammar is adjusted based on a comparison to the correct form.

The difference (this is the Perceptron update rule of Rosenblatt 1958; it is also used in other learning algo-
rithms and statistical estimation procedures - see Pater 2007 for references, especially to previous linguistic

applications):

(9) HG update rule
For each constraint, subtract the (unweighted) score of the error from that of the correct form.

Multiply each of these by a constant n ( > 0, > 1 ), and add the results to the weights of the

constraints.



For example, given the pair (/bad/, [bad]), a learner with the grammar in (3) would make an error. We first

get the difference between the correct form and the error:

(10) Creation of a learning vector

IDENT-VOICE | *CODA-VOICE
Correct | /bad/ [bad] -1
Error | /bad/ |bat] -1
Correct - Error H 1 -1 ‘

If we set the constant n at 1, the result of adding the values from (10) to (3) is as shown in the following

tableau:

(11) Updated grammar on next voiced coda

Weight 2 1 H
/bad/ || IDENT-VOICE | *CODA-VOICE

bat -1 -2

= bad -1 -1

This learner combines the advantages of the OT learners (see Boersma and Pater 2007 on (12a), and Jesney
and Tessier 2007 on (12b)):

(12) a. Like Tesar’s Constraint Demotion Algorithm (CDA), it is guaranteed to find a correct grammar
for a set of data if one exists (and if full information about structure is provided); this is not true of
Boersma’s Gradual Learning Algorithm for stochastic OT (GLA; see Pater 2007)

b. Like the GLA, this learner can learn gradually, thus making it suitable to model the course of
human language acquisition (see Jesney and Tessier on advantages over the stochastic OT/GLA
combination); this is not true of the CDA (cf. Tessier 2006).

And with simple elaborations, it may have an advantage over both the CDA and the GLA (Jesney and

Tessier 2007, Jesney tomorrow, Magri tomorrow):

(13) With a bias for low faithfulness, this learner appears to do better on subset problems than the CDA

or GLA, even with equivalent, or more elaborate biases in those other learners

2.3 Noisy Harmonic Grammar

The linear model can be turned into a stochastic model of grammar by adding evaluation noise (an adaptation
of stochastic OT; Boersma 1998; Boersma and Hayes 2001):

(14) 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



If *CoDpA-VOICE and IDENT-VOICE are given equal weight, the result will be approximately 50% devoicing:

(15) Variable coda devoicing in Noisy HG

Mean Weight 2 2 H
/bad/ || *CoDA-VOICE | IDENT-VOICE

50% bat -1 w=-2

50%  bad -1 = -2

The surprising finding of Boersma and Pater (2007) is that with evaluation noise in the grammar model, the

learning algorithm in 2.2 continues to find correct weightings for categorical systems.

There are other approaches to stochastic HG, and other learning algorithms: Johnson (2002); Goldwater and
Johnson (2003); Jager (2006); Wilson (2006) propose log-linear models of grammar with associated learning
algorithms (see Jesney 2007 for some comparisons with noisy HG), and Soderstrom et al. (2006) propose a

connectionist learning implementation.

3 An application

To see how the HG model of grammar differs from that of OT, we can consider a slightly more compli-
cated 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):

(16) 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 (doubled) obstruents. But again, in loanwords,

these occur:

(17) 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’

However, when a word contains both a voiced geminate and a voiced obstruent, the geminate is optionally,

but categorically, devoiced:

IThanks to Shigeto Kawahara for pointing out that this case could be dealt with in terms of HG.



(18) 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 (16)
and (17).

The voicing pattern in Japanese loanwords can be analyzed as the cumulative effect of a constraint against

multiple voiced obstruents (*2-VOICE), and one against voiced geminates (*VCE-GEM):

(19) Japanese loanword devoicing as cumulative constraint interaction

Weight 1.5 1 H
/bobu/ || IDENT-VOICE | *2-VOICE
I¥"  |bobu] -1 -1
[bopu] -1 -1.5
Weight 1.5 1 H
/webbu/ || IDENT-VOICE | *VCE-GEM
I¥"  [webbu] -1 -1
[weppu] -1 -1.5
Weight 1.5 1 1 H
/doggu/ || IDENT-VOICE | *VCE-GEM | *2-VOICE
[doggul] -1 -1 -2
" |dokkuy] -1 -1.5

Due to the strict domination property of ranked constraints, which rules out cumulativity, or gang effects,
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, and section 4 for a comparison with

Nishimura’s Local Conjunction approach).

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 difference 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:

(20) Voicing in native Japanese phonology

Mean weight 100 50 H
/bobu/ *2-VOICE | IDENT-VOICE
[bobu] -1 -100 (p)
i [bopu] 1 50 (n)
Mean weight 100 50 H
/webbu/ || *VCE-GEM | IDENT-VOICE
[webbul] -1 -100 (u)
e [weppu] 1 50 ()

Praat (Boersma and Weenink 2007) implements the grammar and learning model discussed above. The

details of this simulation:

(21) i. Learning data: mappings /bobu/ —|bobu], /webbu/ —[webbu| and /doggu/ —[doggu| with equal
frequency
ii. The initial weightings: as in (20)

iii. Learning rate (Praat’s plasticity, the constant n in 2.2): 0.1.
After 1100 pieces of learning data, the weightings were as shown in (22):

(22) Emergent variable Japanese loanword devoicing

Mean weight 107.72 53.65 H
/bobu/ IDENT-VOICE | *2-VOICE
100% [bobu] -1 -53.65 ()
[bopu] -1 -107.72 (p)
Mean weight 107.72 52.50 H
/webbu/ || IDENT-VOICE | *VCE-GEM
100% [webbu] -1 -52.50 (p)
[weppu] -1 -107.72 ()
Mean weight 107.72 52.50 53.65 H
/doggu/ || IDENT-VOICE | *VCE-GEM | *2-VOICE
67.5% [doggu] -1 -1 -106.15 (w)
32.5% [dokkul] -1 -107.72 ()

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.



4 Harmonic Grammar versus Local Conjunction

Smolensky (2006) proposes a version of OT that includes a mechanism of local constraint conjunction (hen-
ceforth OT-LC), which allows OT to capture cumulative interactions between constraints. Conjunction takes

two independent constraints and creates a new one that is violated iff both conjuncts are violated.

Japanese loanword devoicing as local conjunction (Nishimura 2003):

(23)

The main issue with OT-LC is that it predicts a number of cumulative interactions that seem highly unlikely
as sound patterns of natural languages (see esp. McCarthy 1999, 2003a). For example, as well as coda
devoicing, many languages have processes in which consonants assimilate in place of articulation. No known

language has coda devoicing only when the adjacent segment disagrees in place of articulation. OT-LC

/bobu/

IDENT-VOICE

*2-VOICE

IS

[bobul]

*

[bopu]

/webbu/

IDENT-VOICE | *VCE-GEM

&

[webbu]|

[weppu]

*

/doggu/

*VCE-GEM&*2-VOICE

IDENT-VOICE

*VCcE-GEM

*2-VOICE

[doggu]

*

*

&

[dokku]

predicts that this pattern should occur.

(24)

This is a problem of co-relevance (McCarthy 2003a): two constraints that regulate independent dimensions

/bad/

IDENT-VOICE

*CoDpA-VOICE

bat

*

IS5

bad

*

/sat-+ma/

IDENT-PLACE | AGREE-PLACE

satma

*

sapma

*

/bad+ma/

*CODA-VOICE& AGREE-PLACE

IDENT-VOICE

*CoDA-VOICE

IS

batma

*

badma

of well-formedness interact in an implausible way.




In HG, however, this cumulative interaction is correctly predicted to be impossible. The following shows the

violation marks of the unconjoined constraints, converted into negative integers, along with the optima for

the pattern generated by OT-LC:

/bad/ || IDENT-VOICE | *CODA-VOICE
(25) bat -1
s bad -1
/sat+ma,/ || IDENT-PLACE | AGREE-PLACE
s satma -1
sapma -1
/bad+ma/ || IDENT-PLACE | IDENT-VOICE | *CODA-VOICE | AGREE-PLACE
= batma -1 -1
badma -1 -1

For the optima to beat their competitors, their scores must be higher than that of their competitors. From

that we can infer the following required inequalities in the weight values of the constraints:

(26) a. /bad/ — [bad]: w(IDENT-VOICE) > w(*CODA-VOICE)

b. /bad+ma/— [batma|: w(*CODA-VOICE) + w(* AGREE-PLACE) > w(IDENT-VOICE) +
w(* AGREE-PLACE)

After removing the term that appears on both sides of the inequality in (26b.), we can see that the two

inequalities are inconsistent:

(27) a. /bad/ — [bad]: w(IDENT-VOICE) > w(*CODA-VOICE)

b. /bad+ma/— [batma]: w(*CODA-VOICE) > w(IDENT-VOICE)

The shared AGREE-PLACE violation in /bad+ma/— [batma| and /bad4+ma/— [badmal is irrelevant in

determining whether devoicing occurs:
(28) Co-relevance is entailed by the nature of cumulative interaction in HG

In the Japanese example above, a single IDENT-VOICE violation results in the satisfaction of both *2-VcE

and *VCE-GEM. Because of this, the weighting conditions are not inconsistent:

(29) a. /bobu/ — [bobu|: w(IDENT-VOICE) > w(*2-VOICE)
b. /webbu/— [weppu|: w(IDENT-VOICE) > w(*GEM-VOICE)

c. /doggu/ — [dokku]: w(*GEM-VOICE) + w(*2-VOICE) > w(IDENT-VOICE)

This comparison between HG and OT-LC shows that it is possible to reason about the predictions of weighted
constraints (see also Legendre et al. 2006; Pater 2006; Pater et al. 2007a).



5 Computationally testing the typological predictions of HG

For the simple cases we have been discussing, it is relatively easy to infer the weighting conditions from the
violation profiles of the candidates, and to find a set of weights that fits the inequalities, or to show that the

inequalities are inconsistent.

For larger sets of inputs, output candidates, and constraints, hand-solving of HG problems quickly becomes
very difficult. Furthermore, the task of finding the set of languages generated by a set of constraints might

seem to be impossible, since even a single constraint has infinitely many weighting values.

While the number of rankings of a set of OT constraints is finite, it is still extremely large. With large

constraint sets, calculating the predicted typology requires software help:
(30) OT-Soft (Hayes et al., 2003)
The HG solution:

(31) HaLP (Potts et al., 2007)
OT-Help (Becker et al., 2007)

These programs use the Linear Programming Simplex Algorithm to find a set of weights for a given set of
optima, or to find out if no such weighting exists. For details on the translation from HG problems to LP
systems see Pater et al. (2007b). To calculate the HG and OT typologies, OT-Help uses the same strategy

as OT-Soft: tableaux are added one at a time and the sets of jointly feasible optima are gradually built up.

Because OT-Help also uses the same input file format as OT-Soft, we can easily compare the results for OT

and HG, using files that have been constructed for OT typological investigations.

The HG and OT figures in (32) were obtained by submitting OT-Soft files prepared by René Kager to OT-
Help. Positive HG refers to a version of HG in which the constraint weights are limited to positive reals, as

we have been assuming.

(32) Number of predicted languages with Kager’s (2006) 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

This typological explosion is expected - gradient Alignment constraints lead to especially unwelcome results
in HG (Legendre et al. 2006; Pater et al. 2007b). A somewhat less dramatic increase also occurs with Kager’s

Lapse constraints:

(33) Number of predicted languages with Kager’s (2006) non-gradient Alignment + Lapse constraints
All logically possible combinations of optima: 685, 292, 000
Optimality Theory: 25

Positive Harmonic Grammar: 85
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But this is still a three-fold increase in the number of predicted languages.

A further problem:

(34) Pater et al. (2007a) identify several cases in which the interaction of categorical, local constraints on

segmental and syllable structure produce an infinite number of languages in HG.
Infinity may or may not be a worry, but the languages in the space we can examine are bizarre:

35) A string of n segments assimilate to a “trigger”, but a string of n+1 does not
g g gg g

A segment will metathesize with n segments to provide an onset, but will stay in place if the onset

position is n+1 segments away
Pater et al’s (2007a) diagnosis of the source of these problems:
(36) Due to standard OT’s global evaluation, not to numerically weighted constraints
OT is unique amongst generative constraint-based theories of phonology in that the entire representation is

evaluated once and only once by the entire constraint set. As Wilson (2003) and McCarthy (2006b et seq.)

show, this globality can lead to unwelcome results, even with ranked constraints.

6 Some consequences of Harmonic Serialism for HG

Here I will briefly show that a theory in which representations are evaluated incrementally and locally has
desirable consequences not only for OT, but also for HG (see Pater et al. 2007a for other examples). The

local, incremental theory:
(37) Harmonic Serialism (HS; Prince and Smolensky 1993/2004: ch. 2, McCarthy 2000; 2006b et seq.)
Fundamental principles of HS:

(38) Gradualness Gen is limited to a single operation at a time (AKA serialism or incrementalism)

Harmonic improvement Each operation must increase well-formedness as defined by the constraint

set?

There are various ways that a theory of HS could be elaborated: McCarthy’s (2007) OT with Candidate
Chains (OT-CC) is the best-developed version (though see also Wilson 2003, which moves further from
standard OT assumptions, as well as the early precedent in Goldsmith 1993).

2More precisely, a step in a derivation S involves the choice of the most harmonic member of a candidate set that includes
the representation at step S-1, and all candidates that result from applying a single operation. “Single operation” could be
defined in several ways: one instance of any operation (deletion, insertion, etc.), one instance of some defined operation, (e.g.
one deletion) or any number of instances of a single operation (e.g. any number of deletions). We will only be considering a
single instance of a single operation.
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6.1 Serial HG in segmental phonology

To see how HS works, and its consequences for HG, we can start with a problem you may have noticed. If
we replace IDENT-VOICE and IDENT-PLACE with a single M AX constraint, we get an unattested cumulative
interaction between *CODA-VOICE and AGREE-PLACE, as shown in (39).

(39) An unattested cumulative interaction produced by HG

Weight 1.5 1 H
/bad/ || Max | *CODA-VOICE
ba -1 -1.5

= bad -1 -1

Weight 1.5 1 H
/sat+ma,/ || MAX | AGREE-PLACE

sama -1 -1.5
g satma -1 -1

Weight || 1.5 1 1 H

/bad4+ma/ || MAX | *CODA-VOICE | AGREE-PLACE

= bama -1 -1.5
badma -1 -1 -2

This is in fact a special case of a broader problem:

(40) Why are AGREE-PLACE and *CODA-VOICE always repaired by featural change, rather than by

segmental deletion?
McCarthy’s (2006a) Harmonic Serialist account of this sort of gap:
(41) Segmental deletion is not a single operation, but is the result of a set of featural deletions
The following are serial HG reformulations of MAX-FEATURE constraints:

(42) *DELETE-VOICE Assign a penalty of -1 to an candidate produced by deleting a voice feature

*DELETE-PLACE Assign a penalty of -1 to a candidate produced by deleting a place feature
A derivation for /bad+ma/ — [bama| could proceed as follows:

(43) Gradual deletion in Harmonic Serialism

Step 1 Step 2 Step 3
/d m |/ [ m ]
[root] [root] [root] [root] [root][root] [root]
[vee][cor] [lab] [nas] [cor] [lab][nas] [lab][nas] [la(]blas]

12



For Step 1 to be harmonically improving we need a weighting with w(*CoDA-VOICE) > W(*DELETE-VOICE),

as in the following tableau:

Weight 1.5 1 H
(44) /bad+ma/ || *CODA-VOICE | *DELETE-VOICE
= batma -1 -1
badma -1 -1.5

Which will equally lead to deletion of the [voice] feature in every coda:

Weight 1.5 1 H
(45) /bad/ || *CoODA-VOICE | *DELETE-VOICE
bad -1 -1.5
= bat -1 -1

*CoDA-VOICE has nothing to say about whether these representations continue along the chain to full

deletion; this will depend on the weightings of constraints that penalize other aspects of the coda.

The result of adopting HS for HG:

(46) Because of gradualness, there is no way for AGREE-PLACE and *CODA-VOICE to gang up to force

deletion of a segment
More broadly:

(47) Gradualness provides additonal limits on gang effects along with those that are inherent to HG

6.2 Serial HG in metrical phonology
A proposal from Pruitt (in prep.):
(48) Metrical structure is built incrementally in accordance with harmonic improvement

To see the consequences of this for HG, we can first consider why the HG + gradient Alignment combination

is such a disaster

In the following tableaux, foot edges are indicated by parentheses, and prosodic word edges by square
brackets. ALIGN(FT, WD, L) demands that the left edge of every foot be aligned with the left edge of the
word, and is violated by each syllable intervening between these two edges. PARSE-SYL is violated by every
syllable that fails to be parsed into a foot.

(49) Violation profiles
’ ‘ AvrieN(FT, WD, L) ‘ PARSE-SYL

a. [(ta.ta)(ta.ta)(ta.ta)] 24+4=6 0
b. [(ta.ta)(ta.ta)ta.ta] 2 2
c. [(ta.ta)ta.ta.ta.ta 0 4
d. [ta.ta.ta.ta.ta.tal 0 6

13



AvLieN(FT, WD, L) and PARSE-SYL conflict in that every foot added after the leftmost one satisfies PARSE-
SYL at the cost of violating Alignment. This cost increases as feet are added: the second foot from the
left adds two violations, the third one adds four, and so on. This type of cost increase can interact with
weighting to produce results impossible in OT (see Prince 2002a on collective harmonic bounding and HG/OT
differences):

(50) An optimum that can be picked by HG but not OT

Weight 1 1.5 H
AvieN(FT, WD, L) | PARSE-SYL
a. [(ta.ta)(ta.ta)(ta.ta)] -6 0 -6
K" Db. [(ta.ta)(ta.ta)ta.tal -2 -2 -5
c. [(ta.ta)ta.ta.ta.ta] 0 -4 -6
d. [ta.ta.ta.ta.ta.ta] 0 -6 -9

HG in fact predicts an infinite number of possible languages: any maximum of n feet can be imposed (see
also Legendre et al. 2006; Pater et al. 2007a).

If we add one foot at a time, it is not at all obvious that we need gradient alignment.? For example, one

(probably too) simple approach to left-to-right footing would make use of this constraint:
(51) *x( Assign a penalty of -1 to a foot preceded by an unfooted syllable

As the following table shows, misalignment of the first foot assigned, or any subsequent foot, gets just one

violation:

(52) Violation profiles for incremental foot assignment

| | [ *x(]
Assignment of first foot [(ta.ta)ta.ta.ta.ta.ta] 0
[ta.(ta.ta)ta.ta.ta] -1

Assignment of second foot | [(ta.ta)(ta.ta).ta.ta.ta] | 0
[(ta.ta)ta.(ta.ta).ta.ta] | -1

Assignment of third foot [(ta.ta)(ta.ta)(ta.ta)ta] | O
[(ta.ta)(ta.ta)ta(tata)] | -1

The consequence for HG/OT differences:

(53) When each foot can get at most one violation of the “Alignment” constraint, we cannot get the
HG/OT difference illustrated in (50)

3McCarthy’s 2003b proposes that OT constraints are non-gradient, arguing that stress typology is better handled by Kager’s
Lapse constraints. There remain some issues, and some reasons to think that something like gradient Alignment may be necessary
in standard OT: see Alber 2005a; 2005b and Hyde 2007.
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The broader point:

(54) When constraints evaluate locally, we may not get the “complicated trade-offs” Prince and Smolensky
(1993,/2004: 232) worry about

In other words, when evaluation is local, it becomes unclear whether the added restrictiveness of ranking is

necessary.

7 Conclusions

Much remains to be done in terms of further developing and evaluating HG as a theory of phonological typol-
ogy, 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.
This viability appears to be dependent on adopting Harmonic Serialism’s model of Gen/Eval interaction (or
some other mode of local evaluation). Much also remains to be done in developing that model (including

learning theories), and assessing HG/OT differences within it.
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