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1 Background

Artificial language learning studies have proven to be a useful tool to understand the nature of
phonological processes, particularly how learning biases may shape common (and uncommon) phonological
patterns. However, much of the research that has explored whether learners are biased to phonetically
grounded patterns over ungrounded patterns has yielded inconsistent, or mixed results (Moreton and Pater
2012). This is particularly true for comparisons between vowel harmony and vowel disharmony. In vowel
harmony, vowels within a particular phonological domain must share the same phonological feature. In vowel
disharmony, adjacent vowels must disagree for a particular phonological feature. Vowel harmony is
typologically robust across language families and shows strong phonetic grounding (Ohala 1994). Both
articulatory (e.g., coarticulation) and perceptual pressures (e.g., increasing redundancies and phonetic
licensing) have been cited as phonetic motivators for vowel harmony, and may potentially explain why vowel
harmony is such a common process cross-linguistically. Vowel disharmony, on the other hand, has only one
advantage of creating distinction between adjacent vowels, but goes against coarticulatory pressures. Because
local harmony rules that apply between two vowels are logically similar between harmony and disharmony
processes, if learners show a bias for harmony over disharmony, it suggests that learners are sensitive to
phonetic grounding in learning (Martin and Peperkamp 2020). However, several artificial language learning
studies that directly compared vowel harmony to vowel disharmony showed no significant differences
between vowel harmony and vowel disharmony (Pycha et al. 2003; Skoruppa and Peperkamp 2011). Martin
and White (2021) showed a significant advantage to vowel harmony, but only in conditions that extended
beyond two syllables, where the constraints that govern harmony and disharmony vary; since harmony can
apply iteratively but disharmony cannot, it makes sense that learners should show a preference to vowel
harmony under iterative conditions. Other studies have shown a bias for vowel harmony over vowel
disharmony, but only under variable conditions (Huang and Do 2023). When the vowel (dis)harmony rule
was presented as a categorical rule that applied 100% of the time, participants showed no difference in
learning, but when the rule was presented as a variable rule (e.g., harmony in 75% of the trials), participants
were more likely to accept a majority harmonic pattern than a majority disharmonic one. In a study with child
language learners, participants seemed to reverse the majority disharmony pattern to vowel harmony when
exposed to a variable pattern (Do and Mooney 2022). This suggests that exposure to some vowel harmony
can help trigger the bias towards vowel harmony over disharmony, but there is no specific bias towards
categorical vowel harmony.

A question that remains is why variability helps induce a bias towards vowel harmony over disharmony.
Previous research has shown a general processing and perceptual bias towards harmony (Kimper 2017), and
vowel harmony is phonetically grounded (Ohala 1994). One possibility is the bias towards vowel harmony
is relatively small, since vowel disharmony must be a learnable pattern, as it is typologically viable. This
small bias means that under favorable but noisy learning conditions (as in an artificial language learning
experiment with categorical data), there is no clear preference for vowel harmony over vowel disharmony.
However, when variability is introduced, the learning problem becomes more challenging. The small bias for
harmony may help the harmonic words to stand out, which will favor conditions with a harmony majority,
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but disfavor conditions with a disharmony majority. The goal of the present study is to test this hypothesis
through a simulation of both categorical and variable learning conditions using MaxEnt Harmonic Grammar
(Goldwater and Johnson 2003; Hayes and Wilson 2008; Hayes, Wilson, and George 2009). In a MaxEnt
grammar, it is possible to manipulate the learning rate, biases towards specific constraints, as well as the
input and candidates. These manipulations make it possible to understand how learning biases and training
input interact in learning. The simulations in this study show that greater learnability of vowel harmony can
be observed under variable conditions when there is a prior bias towards the harmony-inducing constraint.

2 Method

The MaxEnt Grammar Learning Tool (Hayes, Wilson, and George 2009) simulates learning condition
using the maximum entropy learning algorithm (Goldwater and Johnson 2003). For more details on the
mathematical underpinnings of this model, the reader is invited to read Goldwater and Johnson (2003) as
well as Hayes and Wilson (2008) for an application of the model to vowel harmony. For details on the
mathematics of the model as applied to artificial language learning studies, the reader is also invited to read
Wilson (2006) and White (2017). The MaxEnt learning algorithm essentially finds the optimal weights for a
set of constraints, given a specific input set that contains the input-candidate mappings and their constraint
violations. In order to avoid overfitting, the model makes use of a Gaussian prior for each constraint. This
prior can serve as a bias for both the initial weights, as well as create penalties for changing the weights too
quickly. The MaxEnt Grammar Learning Tool allows the user to provide the program with a list of inputs
and their subsequent constraint violations. The user also must specify two learning parameters: p, a parameter
roughly corresponding to starting weights of the constraints, and o7, a parameter that sets the shape of the
prior distribution, such that lower values require more data to change the constraint weight. The output of the
program includes the learned weights for each constraint, as well as the associated probabilities for each
candidate. All files associated with the simulations can be found at: https://osf.io/pyrxq/.

2.1 Harmony Constraints and Input In this model, I assume a very simple grammar, where all words
are bisyllabic and all vowels are either [+F] or [-F]. The model also assumes that harmony can be induced
by the AGREE constraint, which is violated by either [+F][-F], or [-F][+F] (i.e., when the vowels disagree in
the harmonic feature). Disharmony is induced by the DISAGREE constraint, which is violated by either
[+F][+F], or [-F][-F] (i.e., when the vowels agree in the harmonic feature). This creates a complementary
distribution; when AGREE is satisfied, DISAGREE is violated, and vice versa. While there are other possible
constraints to induce harmony and disharmony that may capture more complex vowel harmony patterns
better (Walker 2012; Finley 2024), the AGREE/DISAGREE constraints are regularly used to account for
naturally occurring vowel harmony patterns (e.g., (Bakovi¢ 2000). These constraints are also sufficient to
provide insights into the relevant descriptive driving force of vowel harmony and disharmony (agreement of
vowels).

The input to the simulation contained 24 total items across four types of bisyllabic words: [+F][-F],
[+F][+F], [-F][-F], and [-F][+F]. These were divided into two inputs, one pitting [-F][-F] against [-F][+F],
and another pitting [+F][+F] against [+F][-F]. In the categorical conditions, the n for non-conforming items
was 0 (e.g., in the Categorical Harmonic condition there were 12 [-F][-F] items, and 12 [+F][-F] items). The
variable conditions had nine of the majority pattern, and three of the minority pattern (e.g., in the Variable
Vowel Harmonic condition there were nine [-F][—F] items, and nine [+F][-F] items). This is spelled out in
Table 1 below.

Candidates | Categorical Categorial Variable Variable
Harmonic Disharmonic Harmonic Disharmonic

[-F1[-F] 12 0 9 3

[-F][+F] 0 12 3 9

[+F][+F] 12 0 9 3

[+F][-F] 0 12 3 9

Table 1: Simulation Input
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2.2 Learning Parameters In addition to setting the input and the constraint set, the user must also set
values for 6* and p, which as noted above, can be used to induce a bias on the prior weight and reweighting
of a specific constraint. The values based on these parameters have been used to induce biases in learning
(Wilson 2006; White 2017; Finley 2022). Wilson (2006) placed the perceptually based bias towards velar
palatalization on o2, and Finley (2022) used o to model perceptual similarity of consonants. White (2017)
modeled the bias based on confusability data that changed the values of p but kept the value of 6> constant.
While Finley (2023) was able to model a bias for vowel harmony in exceptions without any specific bias for
the harmony constraint, there was no proposed a prior phonetic or cognitive bias towards harmony, but a
formal property of the constraint interaction.

Because it is possible to induce a learning bias on by changing either (or both) c? and p, I ran multiple
simulations with the biases on different parameters in order to test whether the location of the bias might
make a difference to learning, and the bias for vowel harmony over disharmony under different levels of
variability in the input. For example, if the bias is placed on o2, it may suggest that learners have no pre-
determined knowledge of AGREE over DISAGREE, but that they are able to reweight the AGREE constraint
with less information than the DISAGREE constraint. If the bias is placed on p, it could suggest that learners
start with some knowledge of the AGREE constraint. However, it is also important to note that both p and ¢*
are parameters used by the model to determine the probability of the data given the evidence, and both
working together can influence the final weighting of constraints and probabilities assigned to each candidate.
It is important to note, however, that while creating multiple simulations can help to distinguish between
biasing methods, there are numerous ways to implement each strategy. This large degree of freedom means
that the results should not be taken as a blanket result for all possible implementations.

I created several different simulations each with different values for 6> and . The first simulation placed
the harmony bias on p. I followed White’s (2017) procedure of using the output of an unbiased run the
MaxEnt Grammar tool on the biased items (e.g., harmonic items) to get the input weight. Doing this yielded
a value for p of -1.41 for AGREE and 0 for DISAGREE. Following White (2017), I kept the value of 6 at 0.6
for both constraints. The second simulation set the harmony bias on 62. I followed Wilson’s (2006) procedure
and set u to 0 for both constraints, 6° to 0.1 for DISAGREE 0.6 for AGREE, which should have the effect of
making it easier to reweight AGREE over DISAGREE. A third simulation was also created that carried the bias
on both ¢?and p, and combined both strategies, with p set to -1.41 for AGREE, and o set to 0.1 for AGREE,
and 0.6 for DISAGREE. This was meant to have the effect of keeping the weight on AGREE, more evidence in
favor of DISAGREE. The fourth simulation served as a control, and set p to 0 for both constraints, and o to
0.6 for both constraints. We expect that there should be no bias for vowel harmony over disharmony in this
simulation, but that the model will show a stronger preference for the majority pattern when it is categorical.

3 Results

3.1 Biasonu When the bias was placed on p (-1.41 for AGREE), the model showed a small difference
in learning for categorical harmony (90%) over categorical disharmony (80%) but showed a bigger difference
between learning variable harmony (77%) over variable disharmony (62%), as shown in Table 2. These
findings generally simulate the results of the adult experimental literature. The difference between categorical
harmony and disharmony is just 10%, while the difference between variable harmony and disharmony is
15%. With noisy human data, it is likely that a 10% difference between categorical harmony and categorical
disharmony would only reach statistical significance under very ideal conditions or with a very large sample
size.

Candidates | Categorical Categorial Variable Variable
Harmonic Disharmonic Harmonic Disharmonic

[-F1[-F] 0.90 0.20 0.77 0.38

[-F1[+F] 0.10 0.80 0.23 0.62

[+F][+F] 0.90 0.20 0.77 0.38

[+F][-F] 0.10 0.80 0.23 0.62

Table 2: Simulation Output, Bias on p
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3.2 Bias on o When the bias was placed on o? (0.1 for DISAGREE, and 0.6 for AGREE) the learner
showed higher rates of learning categorical vowel harmony (80%) over categorical disharmony (61%), a
difference of 19%, as shown in Table 3. The difference between harmony and disharmony was smaller for
the variable conditions (66% for vowel harmony and 56% for vowel disharmony, for a difference of 10%).
While the difference between harmony and disharmony is smaller for the variable than the categorical
conditions, it is important to note that the low performance of the variable disharmony condition suggests
that it would not be learnable at a rate significantly higher than chance. This is the opposite pattern of the
human data, where the differences were bigger under variable conditions.

Candidates | Categorical Categorial Variable Variable
Harmonic Disharmonic Harmonic Disharmonic

[-F1[-F] 0.80 0.39 0.66 0.44

[-F][+F] 0.20 0.61 0.34 0.56

[+F][+F] 0.80 0.39 0.66 0.44

[+F][-F] 0.20 0.61 0.34 0.56

Table 3: Simulation Output, Bias on o2

3.3 Biasonpand @  When the bias was placed on both p and o2, the model showed better learning
for harmony over disharmony in both the categorical (83% vs. 72%), and the variable conditions (77% vs.
56%), as shown in Table 4. However, the difference was greater for the variable condition (11% vs. 21%).
In addition, the the variable disharmony condition was barely above 50%, suggesting a general lack of
preference for disharmony when it was the majority pattern. This simulation may be the closest one to the
human data, where the biggest difference between harmony and disharmony is shown in the variable
conditions, and the model failed to learn the variable disharmonic pattern.

Candidates | Categorical Categorial Variable Variable
Harmonic Disharmonic Harmonic Disharmonic

[-F1[-F] 0.83 0.28 0.77 0.44

[-FI[+F] 0.17 0.72 0.23 0.56

[+F][+F] 0.83 0.28 0.77 0.44

[+F]1[-F] 0.17 0.72 0.23 0.56

Table 4: Simulation Output, Bias on p and c?

3.4 No Bias When there was no bias placed on any constraint, the model learned harmony and
disharmony at the same rate, but at a lower rate than in the variable conditions. The model learned the
categorical harmony and disharmony at a rate of 80% each for harmony and disharmony, and the variable
rules at a rate of 66% each for both rules. This simulates a model where a learner roughly probability matches
when faced with variable data.

Candidates | Categorical Categorial Variable Variable
Harmonic Disharmonic Harmonic Disharmonic

[-F1[-F] 0.80 0.20 0.66 0.34

[-FI[+F] 0.20 0.80 0.34 0.66

[+F][+F] 0.80 0.20 0.66 0.34

[+F]1[-F] 0.20 0.80 0.34 0.66

Table 4: Simulation Output, No Bias

4 Discussion and Conclusion

All of the biased parameter settings showed greater preference for vowel harmony over vowel
disharmony, but the bias was only greater for variable conditions when there was a bias on p. One possible
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reason why the difference was greater for categorical learning than variable learning when the bias was on
o? creates different penalties for changing the weights. In a situation where there is a small amount of
categorical data, having a bias that allows for larger changes may make it easier to show almost perfect
learning with minimal training data.

The fact that a bias on p best mirrors the human data suggests that learners come to the task with some
prior experience with or preference towards the AGREE constraint. There is some research to support the idea
that speakers have a general preference towards vowel harmony. Listeners tended to be faster and more
accurate at identifying phonemes when they obeyed vowel harmony constraints (Kimper 2017), and English
speaking infants tend to show preference for vowel harmony in speech segmentation tasks (Mintz et al. 2018).
The present simulations support these results because all of the biased learning simulations show some
preference for vowel harmony over disharmony, even in categorical conditions. This is different from many
of the results of the artificial language learning studies comparing the learnability of a categorical vowel
harmony to categorical vowel disharmony (Huang and Do 2023; Pycha et al. 2003; Skoruppa and Peperkamp
2011). However, in many cases in the simulations, the differences in learning for the harmony and
disharmony conditions were quite small (e.g., 10%), just like the differences found in human learners under
categorical conditions (Martin and Peperkamp 2020). For example, Pycha et al. (2003) showed a numerical
advantage to vowel harmony over vowel disharmony, but this advantage was not statistically significant.
Small biases may not always be detectable in an artificial language learning setting, which is subject to
participant noise, and metacognitive judgments that may mask a small bias. Because participants in artificial
language learning studies use a variety of strategies, some more implicit than others (Moreton and Pertsova
2024), it is reasonable to assume that a small bias for vowel harmony be more likely to be detectable under
certain learning conditions. In the variable condition, participants receive evidence for both the harmony and
the disharmony rules. If they already have some weight to the harmony-inducing constraint, this can push
them to learn a harmony pattern better but make it even harder to learn a majority disharmony pattern.

The present study made us of the MaxEnt Harmonic Grammar Learning Tool to simulate learning biases
for vowel harmony over vowel disharmony in variable vs. categorical exposure conditions. When the learner
was given a small bias to weight vowel harmony before exposure to the training items, a bias emerged
towards vowel harmony over vowel disharmony, and this bias was greater in variable conditions than
categorical ones. These results may provide some insights into the nature of human learnability under natural
and artificial settings.
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