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61 languages from StressTyp 2 (Goedemans et al. 2015) 
that have FSTs and that can in principle be represented by 
these constraint sets (e.g. no ternary weight distinctions)
-  FSTs used to generate stress patterns for all possible 

strings of heavy and light syllables of length 2-5, plus 
light syllables of length 6 and 7 

- Candidates include all possible placements of main 
and secondary stress

- Violations assigned for each constraint set

Target languages
Comparison of grammatical theories in 
terms of success and efficiency of learning

General project

Specific project
Comparison of theories of word stress 
placement with a MaxEnt learning framework

Stress theories
1. TS Original/OG Tesar and Smolenky’s 
(2000) foot-based constraint set, based on 
Prince and Smolensky (1993/2004) and 
McCarthy and Prince (1993; Generalized 
Alignment), including these constraints:

2. TS Revised/REV The TS constraint set 
with replacements: 

3. Gordon Original Gordon’s (2002) grid-based 
constraint set, plus Weight-to-Stress
4. Gordon Revised Gordon (2002) + W-to-S, 
with revised edge oriented main stress 
constraints (syllable-counting instead of 
stress counting)

Representational capacity 
A language can’t be learned if it can’t be represented!

The original Tesar and Smolensky (TS) constraint set 
represents a proper subset of the others 
- The revisions to the TS constraint set adds both 

QS (e.g. Latin) and QI languages (e.g. Québecois)
- The Gordon grid-based constraints add mostly 

QI languages, including ternary ones

Learning success
L-BFGS-B with initialization at 1 was successful for 
42/43 = 98% of languages. The exception is Garawa 
(QI), which will be our focus below

Learning efficiency
Efficiency measured as the number of epochs 
using Gradient Descent with initialization at 1; 
comparisons are on the 24 languages that all 
theories successfully learned
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(39) Success rates with Gradient Descent for foot-based constraint sets
Constraint Set QI QS All

TS-OG 0.95 (18/19) 0.83 (10/12) 0.90 (28/31)
TS-REV 0.83 (19/23) 0.95 (19/20) 0.88 (38/43)

To study the biases of the constraint sets within the languages for which learning was
successful, we selected the 24 languages that were learned successfully within 10,000
epochs by all four of the constraint sets we examined (TS-OG, TS-REV, Gordon-OG,
Gordon-REV). 14 were QI and 10 were QS. We then compared the number of epochs
that each model needed to reach a correct analysis. Summary statistics are shown in
(40).

(40) Epochs to success for 24 languages
Constraint Set Mean Median SD Min Max

TS-OG 247.46 30.5 360.26 1 1273
TS-REV 255.17 59.5 350.81 1 1018

Gordon-OG 299.13 162.5 331.85 1 1089
Gordon-REV 400.42 164 890.73 1 4417

We refrain from concluding on the basis of these comparisons that foot-based
learning is generally more efficient than grid-based learning, since in constructing this
set of languages, we included only those languages that were learned successfully by
the foot-based learners, taking out the hardest languages from just those constraint
sets. Nonetheless, we can say that we have failed to find evidence for the superiority
of the grid-based constraint sets in terms of the number of epochs to success on these
24 languages.5

A more valid comparison is of the biases within the constraint sets, which we turn
to next.

In (41), we provide the epochs to success for the foot-based constraints separately
for QI and QS languages. The speed of learning results match the pattern that we saw in
rates of success: QI languages are learned more quickly by TS-OG, and QS languages
are learned more quickly by TS-REV.

(41) Epochs to success for foot-based constraint sets broken down by quantity
insensitive and quantity sensitive languages

Constraint Set Mean Median SD Min Max
QI TS-OG 117.57 21.5 175.59 1 475

TS-REV 199.86 32 305.86 1 803
QS TS-OG 429.30 244 473.45 13 1273

TS-REV 332.60 76.5 409.82 13 1018

We have already discussed in some detail the differences in the formulation of the
constraints demanding left-headed feet, which is satisfied only by bisyllables in TS-
OG’s FootNonfin, and also by monosyllables in TS-REV’s Trochee. While Trochee
might have seemed to be a clear winner based on its greater success in representing

5In terms of overall compute time, grid-based constraints are a clear winner. Our learning experiments took much longer
with the foot-based constraints, because each update takes longer.

- TS-OG quicker on quantity insensitive (QI)
- TS-REV quicker on quantity sensitive (QS) 

We focus here on the foot-based 
constraint sets, especially in learning

TS-REV (L-BFGS-B random initialization)

TS-OG (L-BFGS-B, initialization at 1) 

Two “trochee” constraints? TS-REV + Ft-Nonfin (FNF) 

Take-aways: A constraint can be sufficient for representing attested patterns, 
but not for learning, smaller isn’t always better, new software (handout) 

Garawa
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and learning QS languages, we also have considerable evidence from learning QI
languages that Trochee is not completely adequate.

One possible solution is to expand the TS-REV constraint set to include a constraint
that requires bisyllabic feet. As an initial exploration of this possibility, we compared
learning of Garawa and Latin for TS-REV versus TS-REV plus the FootNonfin con-
straint. The results are presented in the table in (42). For Garawa, the addition of the
constraint does make L-BFGS-B with initialization at 1 successful, and increases the
number of successful L-BFGS-B runs with random initialization from 2 to 10 (our
prior test without FootNonfin reported above got 4/10). It also results in success with
Gradient Descent (GD) at initialization of 1, in a relatively speedy 163 epochs. For
Latin, the addition of the constraint reduces the success rate with random initialization
slighty, from 9 runs to 7 (we got these same success rates in an earlier test, mentioned
above). In terms of speed of learning with Gradient Descent using initialization at 1, the
addition of the constraint has a slightly positive impact. If this pattern of results holds
up in further testing, it would seem that the slight increase in local minima in quantity
sensitive learning is well compensated for by the larger decrease in local minima in
quantity insensitive languages.

(42) Consequences of adding FootNonfin (FNF) to the TS-REV constraint set
Constraint Set L-BFGS-B L-BFGS-B GD

(init 1) (random init) (init 1)
Garawa TS-REV Failure 2/10 Failure

TS-REV + FNF Success 10/10 163
Latin TS-REV Success 9/10 205

TS-REV + FNF Success 7/10 184

The table in (43) shows that while the QI languages are learned faster with the
Gordon-REV constraints than the Gordon-OG constraints, the QS languages are
learned faster with the Gordon-OG constraints. While the median is slightly lower
for QS languages with Gordon-REV than Gordon-OG, all other measures indicate that
they are learned faster with the Gordon-OG constraints. Even though the representa-
tional capacity of the two constraint sets is identical in terms of the space of patterns
we have examined, there is a difference between the two in terms of the rate of learning,
as a function of whether the languages are quantity-sensitive.

(43) Epochs to success for grid-based constraint sets broken down by quantity
insensitive and quantity sensitive languages

Constraint Set Mean Median SD Min Max
QI Gordon-OG 204.21 103 265.61 1 875

Gordon-REV 143.36 94 185.50 1 685
QS Gordon-OG 432.00 303 381.96 22 1089

Gordon-REV 760.30 274 1315.74 76 4417

For the grid constraints, there are likely two reasons that Gordon-REV is faster
than Gordon-OG on the QI languages (see also Lee et al. (2023) for a similar finding
on a slightly larger set of QI languages). First, there is the simple fact that a count of
intervening syllables will usually be greater, and will never be smaller, than a count

FootNonfin: Assign a violation for every 
finally stressed foot: *(0 1), *(1) 
Main-L/R: Assign a violation for every 
syllable between the L/R edge of the 
word and the L/R edge of the foot that 
has primary stress.

Trochee: Assign a violation for every foot 
that is not initially stressed: *(0 1), ✓ (1)
Main-Syl- L/R: Assign a violation for 
every syllable between the L/R edge of 
the word and the L/R edge of the syllable 
that has primary stress.
And added Nonfin-main “no final main stress”
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Parses 
(1 0)
(1 0) 0
(1 0) 0 (2 0)(2 0)

Parses 
(1) 0
(1 0) 0
(1 0) (02) (02) 0

FootNonfin
MainLeft
WordFoot-L
Parse
AllFeet-R
WordFoot-R
FtBin

26.87
12.54
12.00
11.27
6.90
5.10
4.93

153, 167,
178, 194,
196, 199,

210

111, 112, 113, 115, 117,
118, 119, 128, 131, 133,
136, 145, 150, 157, 158,

170, 179, 211, 212

116, 132, 148, 156, 159,
162, 165, 192, 200, 205,

214, 218
134, 144, 
169, 171,

191

129, 208, 213, 215

177

114, 127, 139, 146, 149,
172, 176, 182, 184, 203,

204, 209, 219

TS Revised Gordon 
Original/Revised

TS Original

— Quantity sensitive
— Quantity insensitive

178 Latin, 129 Québecois, 157 Garawa

Nonfin
Parse
Main-Syl-L
Iambic
All-Feet-R
WordFoot-L
All-Feet-L
Nonfin-Main

55.06
35.90
30.70
12.99
7.83
7.43
6.96
5.16


