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Transformers and related neural networks have shown significant promise as cognitive models. On
linguistic tasks, they show an impressive capacity to learn syntactic (Milliere, 2024) and morphological (Wu
et al., 2021) phenomena, and their internal representations can be used to predict brain activity (Schrimpf
et al., 2021). Neural learners have also been used to develop lexical representations (Sanabria et al., 2023)
and phonological features (Begus, 2020; Shain and Elsner, 2019) directly from acoustic data. This suggests
a pathway toward joint modeling of phonetic and phonological acquisition and shows how quasi-symbolic
representations may be synthesized from continuous (e.g., phonetic) data.

Neural networks are also capable learners of phonotactics (Muradoglu and Hulden, 2023; Mayer and
Nelson, 2020; Mirea and Bicknell, 2019) and alternation phenomena like reduplication (Prickett et al., 2022).
It therefore seems attractive to propose a model of language learning in which a single (perhaps transformer-
like) mechanism acquires language across multiple levels of representation. Such a model has the advantage
of parsimony and tallies with recent findings that the human brain’s language network lacks specialized
components for separate processing of syntax and phonology (Fedorenko et al., 2024; Regev et al., 2024).

Although neural learners do not yet completely mimic human acquisition (Kodner et al., 2023; Yedetore
et al., 2023), insights that motivate the transformer’s design could plausibly shed light on computational
mechanisms of human language learning. Among these may be their use of distributed representations
(Piantadosi et al., 2024) and attention as a form of latent structure building (Henderson, 2020).

The power of the transformer represents a potential problem for this model — if phonology and syntax
are learned by the same mechanism, why does phonology appear formally so much simpler?' If a transformer
or similar network is to serve as a model of phonological acquisition, it is necessary to show that such a
network can be configured to exhibit an inductive bias toward the formal properties of phonological rather
than syntactic phenomena.

A promising way to configure the inductive biases of a network is to pretrain it with synthetic data from
a particular formal class (McCoy and Griffiths, 2025; Papadimitriou and Jurafsky, 2023). The Simulation-
Induced Prior (SIP) framework of Lindemann et al. (2024), in which a pretraining step imposes a bias towards
regular languages, is applicable to this task. We extend it in this work. Because a long tradition (Graf, 2022;
Heinz, 2011) locates phonological phenomena within sub-regular classes of formal languages, we use the SIP
mechanism to create models with subregular biases, which we hypothesize may be better suited to learning
phonology.

We find that SIP training with different language classes is effective at creating transformer models
with measurably different inductive biases. In general, however, the biases observed are not wholly due to
SIP; even without this training, transformers exhibit a phonologically relevant preference for local rules over
long-distance rules. Pretraining matters most for learning an unbounded process, where a model whose
pretraining included an explicit notion of tiers succeeds faster than those with generic regular language

! Haley and Wilson (2021) shows empirically that LSTMs easily learn unnatural phonological patterns. In fact, Kallini
et al. (2024) claim that LLMs can learn languages which are beyond the bounds of even syntactic structure, although
these may be harder to learn than more natural ones; see Yang et al. (2025); Hunter (2025) for responses.
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or local language pretraining. We also find a strong and linguistically implausible asymmetry between
progressive and regressive conditioning.

Overall, these results are consistent with other work, which shows that the inherent biases of the
transformer architecture are useful for language learning. Moreover, we show that further cognitively useful
biases can be instilled in particular configurations of the transformer. These biases are not hard limits on the
class of learnable languages but might still operate to shape observed typology. The progressive/regressive
asymmetry, on the other hand, illustrates the limits of sequential symbolic processing as a metaphor for the
complex time-varying processes underlying human speech production.

1 Evidence for locality biases in phonology

Almost all known phonological processes belong to the class of regular languages, and, in fact, to more
restrictive classes (Graf, 2022; Heinz, 2010). 94% of the processes in P-base (Mielke, 2008) fall within the
extremely restrictive class of k-Input Strictly Local (ISL) languages, which view only a k-length window of
the input at a time (Chandlee et al., 2014:p138). The remaining processes, such as vowel and consonant
harmony, are generally considered ‘long-distance’ phonology. But even these do not require the same
formal machinery as syntax. Heinz (2010) shows that some harmony rules can be represented by precedence
grammars that track subsequences of the string, but a more commonly studied sub-regular class is the Tier
Strictly Local (TSL) languages, which generalize the ISL class by projecting some but not all input characters
onto a tier and applying the local constraints there (Burness et al., 2021; McMullin and Hansson, 2014). TSL
grammars capture a rich set of long-distance phenomena, including blocking (Chandlee et al., 2018).

A skeptic might claim that this typological evidence tells us nothing about phonological learning because
the link between learning and typology is too weak. Perhaps all sorts of languages (including unattested ones)
are equally learnable, and typological generalizations reflect only the sorts of patterns which historical change
tends to create (Moreton and Pater, 2012; Morley, 2015; Harris, 2008). This may be a useful explanation for
generalizations about sound classes or featural values for which participants in artificial grammar learning
experiments seem relatively indifferent to whether they are learning a ‘marked’ grammar or a ‘natural’ one
(Moreton and Pater, 2012). But it seems less satisfactory for claims about locality. While rules affecting
unnatural classes are merely rare, the generalization that phonology is local appears to be much more robust.
Secondly, evidence from artificial grammar learning tasks shows that human learners prefer to generalize
processes so that they apply as locally as possible (Finley, 2017, 2011). Finally, although weighing up
the potential impacts of a historical change is difficult (Morley, 2015), it does not seem impossible to us that
language change could offer the learner at least ambiguous evidence for unattested long-distance phonological
effects.’

If we conclude that a learning bias for local phonology is real, we must next ask what kind of learning
mechanism is responsible. ISL languages are provably learnable by a deterministic algorithm (Chandlee
et al., 2014)— perhaps this is what human learners are using. Apart from the question of how this mechanism
might be implemented in neural tissue, the biggest problem with such a proposal is how to handle cases which
require a larger class of languages. These might arise from interactions between individually k-ISL processes,
which are not guaranteed to be ISL or retain a window size of k (Chandlee et al., 2018), or from inherently
long-distance processes like harmony. Thus, a deterministic learner only capable of learning £-ISL languages
seemingly requires a fallback plan.

One set of proposals to address these problems claims that such a fallback is not really necessary. In these
theories, many supposedly ‘long-distance’ processes are in fact strictly local ones (Gafos, 2014; Ni Chiosdin
and Padgett, 2001) — harmony does not leave intermediate segments untouched, but spreads the feature
value onto them. For instance, backness harmony in Turkish leaves non-contrastive [+back] diacritics on the
intervening segments (Ni Chiosdin and Padgett, 2001:p30). There is evidence for this kind of coarticulatory
effect, in which the realization of intervening ‘transparent’ segments are affected by harmony triggers, but it
is unclear that these effects are strong enough to learn harmony by tracking purely local statistics (Blaho and
Szeredi, 2013). Finley (2021) finds that the phonetic realization of a transparent vowel makes relatively little

2 For example, a CV language with vowel harmony could gain consonant clusters by vowel reduction. Speakers would
need to decide whether harmony can skip any number of consonants (an attested system) or skips one consonant but is
blocked by two (an unattested one) (McMullin and Hansson, 2014); without a learning bias, it is unclear why the second
system cannot be the result.
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difference to the learnability of an artificial harmony system.

Another proposal is to infer the appropriate subregular class of a particular grammar (e.g., ISL or TSL)
from the data. Belth (2024) proposes a preference hierarchy, in which 2-ISL grammars are simpler than
2-TSL grammars, and searches for a satisfactory grammar in that order. If his learner cannot find an ISL
grammar with few enough exceptions to satisfy the Tolerance Principle (Yang, 2016), it tries again using a
tiered representation. This kind of hierarchy accounts for the learnability of non-2-ISL patterns in phonology,
but extending it to cover more cases can be difficult. The strict ordering requires a decision about (e.g.)
whether a 2-TSL grammar is simpler than a 3-ISL grammar— and this decision must be made a priori, not
on the basis of how well each one accounts for the data.

An alternate cognitive modeling paradigm is to express preferences for one class of grammars over
another as defeasible prior biases. Learners would then balance a grammar’s preferability versus its goodness
of fit. Biases of this type are often expressed as Bayesian priors (Goldwater and Johnson, 2004), but the
inductive biases of neural networks can also be described in terms of defeasible biases (Griffiths et al., 2024,
2012).

Unlike learners with stages that search within a specific langauge class, a learner with a defeasible bias
towards locality is not limited to searching within a specific class of subregular grammars. Such a unified
approach is cognitively preferable to one involving sharp discontinuities. For example, the statistics it tracks
need not be discarded each time a smaller subregular class is rejected and the search expands to a larger one.
But searching a larger hypothesis space presents challenges; Hayes and Wilson (2008) find that unconstrained
search through a space of finite-space rules cannot discover a vowel harmony rule. The effectiveness of the
transformer at various learning tasks suggests that it may offer an efficient solution to this kind of search
problem. We discuss this hypothesis in more detail in the following section.

2 The inductive biases of transformers

In purely formal terms, transformer networks themselves search a limited space of grammars. Hahn
(2020) proves that even some finite-state languages are beyond the capacity of fixed-dimensional self-
attention networks (although Strobl et al. (2025) demonstrates that they are capable of representing all star-
free regular transductions, a class which includes the ISL and TSL classes discussed here (Heinz et al.,
2011)). In practice, however, they are capable of learning even context-free languages if either the length or
embedding depth of the inputs is bounded (Bhattamishra et al., 2020; Yao et al., 2021).

Within the set of learnable languages, networks have biases which push them strongly toward simpler
functions. Valle Pérez et al. (2019) show that feed-forward networks have a bias toward expressing functions
of low Kolmogorov complexity (operationalized in their experiments by Lempel-Ziv compressibility); most
random initializations of the network express such functions. Bhattamishra et al. (2023) find that randomly
initialized transformers tend to express functions with low boolean sensitivity, (the number of pairs of binary
input strings which differ by a single bit but have different labels). Moreover, on k-sparse functions whose
output is affected by only k bits of the input, transformers learn faster and are more robust to noise than
LSTMs. k-sparsity is not a locality property, since it does not specify where in the input the k critical bits
are located, but it does at least represent a preference for small factors which may predispose the transformer
toward phonologically useful representations.

The speed and sample efficiency with which transformers learn can be further improved by suitable
pretraining. The use of synthetic pretraining data has been motivated on applied grounds in order to teach
models to copy and/or denoise their input Bergmanis et al. (2017). More recently, synthetic pretraining has
been used to instill inductive biases into transformers in order to test cognitive modeling hypotheses (see
Griffiths et al. (2024) for an overview of this research program).

Papadimitriou and Jurafsky (2023) and McCoy and Griffiths (2025) both show that networks trained on
structured artificial languages learn the syntax of human languages more rapidly when fine-tuned on small
datasets. McCoy et al. (2020) studies the phonological problem of syllabification. Their artificial languages
are generated by randomly ranking four Optimality Theoretic constraints. They show that the resulting model
has a preference for languages with a consistent constraint ranking and learns such languages faster than an
unbiased model. Lindemann et al. (2024) learn a bias towards regular languages, which they apply to a
grapheme-to-phoneme task but without detailed linguistic analysis.

Although all these projects involve synthetic pretraining, there are methodological differences in the
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training procedure. Papadimitriou and Jurafsky (2023) simply generate the synthetic data and train on it.
McCoy and Griffiths (2025) and McCoy et al. (2020) use MAML (Finn et al., 2017) as a meta-learning
strategy. In MAML training, a sub-model is used to learn each new synthetic language, and the base model
is then tweaked to provide a better initializer which would have enabled that language to be learned faster.

Lindemann et al. (2024) propose a different method, which they call SIP (Simulation Induced Prior).
During SIP training, the system is given a mechanistic description of the finite-state transducer (FST) that
generated a particular input-output pair. A training input therefore has the format:

h17h27--.,hk,I1,I2,...7l'n

FST encoding Input to FST

The h; are embeddings of the transitions of the generating FST F', and the x; are the characters of its
input. The prediction target is the string y; ...y, = F(x). Lindemann et al. (2024) show that SIP training
can induce a robust bias toward regular languages, while being computationally more efficient than MAML.
Moreover, the SIP transformer appears to mechanistically simulate an FST, since a trained probe can extract
the state sequence from its internal representations.

After pretraining, the SIP transformer can be fine-tuned on new processes for which no FST transition
table is available. To do so, the FST embedding h is replaced with a series of tunable embeddings h’,
and then both the transformer and the h’ embeddings are fine-tuned— a procedure similar to prefix tuning.
The learning rate for /' is higher than for the transformer parameters, encouraging the system to make larger
changes to the prefix. Loosely speaking, fine-tuning h’ searches for the embeddings of a finite-state transducer
that might have generated the fine-tuning inputs. But there is an important difference: there is no requirement
that h’ actually represent such an FST! This means that SIP can learn processes for which the transition table
could not fit within the allocated k-element prefix, or non-regular transductions for which no FST exists. This
is exactly the sort of defeasible bias we hypothesize for phonology.

3 Models

We investigate the learnability of synthetic and natural language datasets by various transformer models
trained with SIP. We begin with ByTS (Xue et al., 2022), a multilingual transformer encoder-decoder trained
on a byte-level tokenization of a large multilingual dataset. Lindemann et al. (2024) perform SIP fine-tuning
on ByT5 to produce a model we call SIP-FST. SIP-FST is trained on transition tables and input-output
pairs from 50,000 random finite-state transducers with up to 4 states; the sampling process is biased to favor
identity transductions for many characters and has some other tunable parameters described in the paper.

We create a SIP-ISL model by changing the training distribution. Rather than sampling the state
transitions directly (which would not necessarily yield an ISL transducer), we sample up to 4 string
replacement patterns drawn from the same distribution of character alphabets as SIP. Each pattern contains
up to two input characters and up to two replacements, ab — cd. Our sampling procedure ensures that 25%
of these patterns have a = c (the rule is progressive, with a fixed context on the left and a changing target on
the right). 25% of the patterns have b = d (regressive rules). 5% of the rules have either a = € or ¢ = € (the
rule epenthesizes a segment). Otherwise, characters within patterns are sampled uniformly at random from
the alphabet.

We apply the algorithm described in Chandlee et al. (2014)[$5.1] to induce a 2-ISL transducer from the
sampled patterns; if the language is not 2-ISL, we skip it. We continue until 50,000 random languages have
been sampled. We represent 2-ISL transducers by minimizing them to yield what Chandlee et al. (2014) calls
the canonical representation.

We also create a SIP-TSL model. In this model, we sample a character alphabet for the transducer in
the same way as SIP, but then pick 1-3 random characters from that alphabet to form a tier 7. We sample
replacement patterns and create an ISL transducer operating only on that tier. We then add self-loops to each
state of the transducer which read and copy each other character in the alphabet. When sampling input/output
pairs for TSL languages, we ensure that the inputs match the regular expression X*7T'3*T%*, that is, at least
two characters in 1" appear somewhere within the input.

We embed transition tables in the same way as in baseline SIP except that 2-ISL/TSL machines must be
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allowed to output two characters from a single transition.® Thus, we embed transitions as tuples s, 4, 01, 02, d:
current state s, input character 7, outputs o1, 02 and destination state d, using a null character when o5 is
absent.

At test time, SIP models are applied to new transductions via the process described in Lindemann et al.
(2024:$4.2). Briefly, the “FST embedding” part of the input is initialized at random, and then the entire
network, including this random prefix, is fine-tuned on the task examples. The learning rate for the prefix is
set at a higher rate, to encourage prefix-tuning-like behavior.*

4 [Experiments

We conduct experiments on synthetic and natural transductions with each of the four models. In general,
the models’ tendency is to copy their inputs; this is especially true for SIP models, since the transducers they
are trained on are biased toward copying. This means that they may achieve a deceptively high accuracy on
tasks where the rule to be applied is very specific, and that accuracy cannot be compared across tasks with
different rates of rule application. To avoid this issue, we report our main results in terms of informedness,
defined as the average of the rate of correct rule application and correct non-application (Powers, 2011). A
classifier that always copies and never applies the rule will always score 0 (0 true application rate + 1 true
non-application rate - 1). Over triples of input x, target y, prediction ¥:

#y=9#x  #ly=19=a]

I="dv#a T #w=a ! M

4.1 Synthetic transductions We create synthetic datasets by beginning with a set of strings, then
applying deterministic artificial rewrite rules to them. The rules are phonetically unmotivated, so that they
are not affected by any knowledge of natural language learned during ByT5’s training process. However, we
use natural language words as the input strings so that we have a naturalistic distribution of segments.

As our vocabulary, we sample Spanish words from the set of inflected forms in Unimorph (McCarthy
et al., 2020). Not every word in the vocabulary offers an opportunity to learn something about a particular
rule; for example, a word without a d character offers no evidence for a rule d — D. For each group
of synthetic languages, we define a set of critical environments which must be represented when sampling
instances. These critical environments cannot be defined as simply the domain of application of the rule and
its converse— in this case, it might be difficult to tell whether the model over- or under-generalizes the rule.
For example, consider the pair of target rules d — D/a _ a (intervocalic) and d — D/a _ (progressive). ,
If the dataset does not provide evidence for the case ad X, these two rules cannot be distinguished, so either
might be considered a correct learning outcome in theories that allow different degrees of generalization
beyond the input. To avoid this sort of ambiguity, we ensure that all triggering environments are equally
represented in training and test sets.

We test the transductions given in Table 1. We compute the critical environments by searching each
word for the regular expressions eaq, e.a, e..a, e.*a, a and . in order, and assigning it to the first match; we
balance across these groups in our sampled datasets. For each experiment, we sample random training sets
with 2. . .40 instances of each critical environment at increments of 2 and random test sets with 8 instances
of each. We run 16 random samples at each dataset size. Results are shown in Figure 1; see Appendix B for
numerical scores.

We find a clear trend in the ease of learning of the first three processes, which differ in their degree of
locality (and therefore in the smallest k& for which they are k-ISL). The most local processes are learned
from fewest examples; this is true for every model, even T5. T5 is generally slightly slower to learn
than SIP models. In particular, SIP-ISL also shows increasing deficits when attempting to learn less local
languages, but these deficits are gradual— the bias toward ISL languages is defeasible rather than absolute.
The unbounded process A4 shows a different pattern of results, with SIP-TSL learning it faster than A3 while

3 This is needed for the rules like the regressive one in Figure 5. When the machine reads an input d, it cannot output
yet— it has to wait to see whether the next character is a or not. An epsilon transition would also suffice, but ISL
languages are otherwise epsilon-free, a property we aim to preserve in our representations.

* We use the parameters from the original SIP paper, using a fixed-length 50 element prefix, tuning the prefix at rate 1.0
and the rest of the parameters at rate 3e-4.
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Ref SPE Formal
Al a—Ale_ 2-ISL
A2 a—Ale[]- 3-ISL

A3 a—Ale[][]. 4ISL
A4 a—Ale[]*. 2-TSL

Table 1: The 4 rules used in Experiment 1, written in SPE notation.

task = ae->aA task = a.e->a.A task = a..e->a.A task = a.*e->a.*A

1.0 ]

0.9 A~
< —— SIP-ISL
s08 SIP-FST
€ — SIPTSL

—t5
0.7
0.6
10 20 30 10 20 30 10 20 30 10 20 30

num_train num_train num_train num_train

Figure 1: Informedness by number of training examples per critical condition across four languages from
Table 1. Shaded region shows 50% confidence interval of the data.

the other models do not.

We also present results comparing progressive and regressive local processes. These are part of a larger
set of experiments fully described in Appendix A which also test bidirectional processes and processes which
insert segments; in general, these experiments did not reveal interesting differences between models other
than the one described here. Comparing a regressive rule (B1) to a progressive rule (B2), however, we see
a substantial difference; B1 is more difficult for every model. This occurs despite both languages being
2-ISL, both being part of the training distribution for SIP-ISL/TSL, and our sampling procedure selecting
replacement patterns in either direction at the same rate. We return to this issue in the discussion.

4.2 Natural languages We run our system on natural language datasets from Belth (2023, 2024). The
datasets representing local processes are German (final devoicing), Polish (final devoicing and a related vowel
alternation) and English (plural suffix voice assimilation, 3rd person singular -d voice assimilation, and
vowel nasalization). The datasets representing non-local processes are Finnish front/back vowel harmony
and Turkish (CHILDES) front/back and secondary roundness vowel harmony. Following Belth, we sample
random training datasets based on token frequency. To generate a dataset with k types, we sample tokens

task = da->Da task = ad->aD
1.0
0.9
— SIP-ISL
Sos SIPTSL
—— SIP-FST
— t5
0.7
0.6
10 20 30 10 20 30
num_train num_train

Figure 2: Informedness by number of training examples per critical condition across a regressive local change
(d — D _a) and a progressive one (d — D a _). Shaded region shows 50% confidence interval of the data.
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language = german-syll language = english2 language = polish
1.0 0.90
0.8 0.85 0.2
0.80 0.1
0.6 —— SIP-ISL — SIP-ISL

inform
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Figure 3: Informedness by total training examples for three natural language datasets from Belth (2023).
Shaded region shows 50% confidence interval of the data.

language = finnish language = turkish-childes
1.0
0.95 ,
0.9
0.90
0.8
£ 0.85 —— SIP-ISL I —— SIP-ISL
$ SIP-FST S 07 SIP-FST
£0.80 ¥ —— SIPTSL £ —— SIPTSL
—_ 0.6 —_
0.75 t5 t5
0.70 03
250 500 750 1000 250 500 750 1000
num_train num_train

Figure 4: Informedness by total training examples for two natural language datasets from Belth (2024).
Shaded region shows 50% confidence interval of the data.

from the unigram distribution until we have sampled k distinct types, then hold out the remaining types for
testing. Each word type appears only once in the training or test set presented to the network.’

On German, SIP-ISL underperforms the other models, but T5 is surprisingly effective in comparison
to the synthetic datasets and does not show the same trend of early poor performance. On English, the
trends are more similar to those on synthetic data, with T5 performing worse early on and TSL performing
better. On English, 400 examples are enough for differences between models to disappear, but for German,
ISL continues to lag behind. Most errors are underapplications of the change (failure to devoice), rather than
overextensions (unmotivated voicing); stem copying errors also occur. Results on Polish are poor; with the 40
examples available, no model reaches a clearly positive informativity. Underapplication of the process is very
severe, with the best true positive rate (SIP-TSL) no higher than 30%. The Polish dataset thus appears too
small for transformer models to learn the appropriate generalizations, while Belth’s local learner is capable
of doing so.

For Finnish, we observe the same trends as with a synthetic harmony process: SIP-ISL performs poorly,
while SIP-TSL has a clear advantage early on. For Turkish, SIP-ISL also clearly performs poorly, but SIP-
FST is competitive with SIP-TSL.

> For German, we follow Belth in sampling 100 to 400-type training vocabularies in increments of 100 for training. For
Finnish and Turkish, we use the same sizes, plus the larger sizes (975 and 1k) used by Belth. His English experiment
uses a larger vocabulary for which we did not observe meaningful differences between models; we use the German sizes
instead. For Polish, only 80 types are available; we use 20-40 types for training.
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Figure 5: ISL transducer fragments for (left) progressive ad — aD, (right) regressive da — Da.

5 Discussion

Our most basic finding is that SIP training fulfills its intended function, producing models with different
biases based on their training distribution. SIP-ISL is noticeably slow to learn a long-distance language
(A4) while SIP-TSL is fast. On the other hand, SIP training does not restrict models to learning languages
within their training distribution; the learned biases are defeasible. SIP-ISL is slightly slower than SIP-FST at
learning 3-ISL languages that skip a character (A2) or have bidirectional conditioning (see Appendix A), but
not much slower. Moreover, much of the locality bias which determines relative learning rates among these
languages is already present in TS. Natural language pretraining is apparently already capable of instilling a
strong bias towards learning local transductions; SIP training only mildly strengthens this existing prior.

Just as important as where models succeed is where they fail. The ISL-biased model learns long-distance
phenomena much more slowly than the other transformer models. This suggests that transformer networks
can indeed operate in a regime where their locality preferences are strong enough to typologically differentiate
phonology from syntax— the same learning architecture can learn both kinds of system, but can be differently
configured to produce different results.

One area in which this pretrained bias is not sufficient to explain the typological facts is the case of
unbounded versus count-based long-distance languages (A4 vs A3). While humans prefer to interpret these
cases as harmony (Finley, 2012), TS, SIP-FST and SIP-ISL learn the count-based language faster. SIP-
TSL has the more cognitively plausible preference for an unbounded process rather than a count-based
one. This suggests that, while locality bias is a robust phenomenon arising from generic statistical learning
mechanisms and language exposure, tier-based assimilation and dissimilation are more sensitive. Not all
plausible learners will inevitably have biases that lead to tier-based harmony systems. Hayes and Wilson
(2008) is still correct that models must be explicitly nudged towards the possibility of tier-based analyses (if
not the tiers themselves).

Another area where our results diverge from the cognitive facts is in the progressive-regressive
asymmetry observed in Figure 2. This difference is comparatively large— at 10 critical examples, SIP-ISL
has succeeded perfectly for the progressive language but has a median informedness of 83 for the regressive
one, despite both types being well-represented in the training distribution. Moreover, the typological
asymmetry is (mildly) in the other direction for segmental phonology; P-base has twice as many regressive
assimilation patterns as progressive ones (Brohan and Mielke, 2018).

We view the asymmetry as an artifact of left-to-right processing. The default behavior of phonological
transducers is to copy unless some specific criterion is met. A regressive transduction involves more non-
copying behavior than a progressive transduction, as shown by the state diagrams for the two processes
(Fig. 5). The progressive transducer has only a single non-copying arc (from a to d) while the regressive
transducer has a non-copying arc for every transition to and from d. While t5 does not literally implement
this transduction as a state machine, it still appears to be affected by this difference in complexity, suggesting
that its internal representation of string transductions involves some analogue of state tracking.
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This asymmetry does not occur in human languages. This is likely because local phonological processing
is not strictly left-to-right. Anticipatory planning is necessary for speech motor control and phonetic
representations contain a lot of local context, including following segments (Levelt, 1999), so there is
probably more built-in temporal blending at the process level than is induced by building a byte-level LM.
This reduces the cost in complexity caused by having to delay the output of the d until « is detected; in reality,
the two representations are closely entwined from the start.

Our results on natural languages are generally less impressive than those reported by Belth (2023, 2024),
whose learner achieves near-perfect accuracy on small datasets. But we argue that this is not a reason to write
off the transformer (or the broader class of connectionist models) for phonological learning. First, our results
are generally much better than the ones Belth reports for connectionist models, which struggle even to copy
the word stems. For German, for instance, Belth reports an encoder-decoder with an accuracy of 54% on
400-word datasets; since the German devoicing process applies to only 8% of the words, the vast proportion
of these errors are simple copying mistakes. On datasets of the same size, all four of the models reported here
are 98% accurate or better. The regularization effect of either natural language or SIP training is substantial;
while our models still make copying errors, these are few, and even humans make speech errors as part of
normal production.

Secondly, this project addresses one area of phonological inductive bias (formal language class) but
Belth’s learner includes another important bias we do not attempt to model: natural classes. Belth’s learners
include featural representations for each segment. While natural class biases are violable (as discussed in
$2), they allow the learner to share statistical strength across related contexts, rather than learning a family
of per-segment processes individually. Such classes can be acquired from rich enough datasets (Shain and
Elsner, 2019), but not from the small character-level sets used here.

6 Conclusion

Our results are broadly in line with previous work that views the inductive biases of transformers as
inherently well-suited for certain kinds of language data (Bhattamishra et al., 2023), as well as with work
exploring how particular biases can be instilled into the transformer through specialized training (McCoy
et al., 2020; Griffiths et al., 2024). In our case, we find a pre-existing bias for locality and demonstrate a
mechanism for creating a human-like preference for harmony over counting. These biases are not absolute,
but they do not need to be to explain observed typology. Learning biases matter when language change
creates an ambiguous situation in which learners might acquire one of several grammars (Morley, 2015). In
such a situation, the learner does not need to be incapable of acquiring a disfavored grammar in order to
eliminate it; they merely have to prefer a different one.

On the other hand, evidence of continued discrepancies between transformer biases and human language
typology shows the limits of some of our machine metaphors. First, we should not deceive ourselves into
thinking that the Chomsky hierarchy provides the only or even the most meaningful way of measuring how
hard a language is to learn (Yang and Piantadosi, 2022)— other notions of complexity, like sensitivity, may
offer better ways of describing the relative complexity of different grammars. In particular, metaphors
based on strictly sequential processing may not correctly describe the kinds of locality that emerge from
the interplay of time-varying phonetics with motor planning. We believe that investigating the phonological
biases of models which process acoustic phonetic input rather than symbol strings is a promising direction.
Such models might offer a richer account of how locality operates at different timescales, leading to a strong
tendency for harmony but no bias towards progressive rules for adjacent segments, and begin to address the
relationship between learning biases due to natural classes/features and the computational biases presented
in this work.
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Ref Rule Formal In train?
Bl d—D/_a 2-ISL regressive yes
B2 d—D/a_ 2-ISL progressive yes

B3 d—DD/.a 2-ISL regressive+epenth. no
B4 d—DD/a._ 2-ISL progressive+epenth.  yes
B5 d—D/a_a 3-ISL bidir. no
B6 d—DD/a_a 3-ISL bidir.+epenth. no

Table 2: The 6 local transitions considered, written in SPE notation.

task = da->Da task = ad->aD task = da->DDa task = ad->aDD task = ada->abDa task = ada->aDa

10
£ [/ — SIP-ISL
5 o SpsL
2 — ST
—
0 20 0 2 0 20 0 2 2 0 20

num_train num_train num_train num_train num_train num_train

°

f
°

Figure 6

A Additional local transductions

We run a group of experiments to test the model’s capacity to learn local transductions within and outside
the training distribution. These languages are given in Table ??. The critical environments are defined as ada,
adX, Xda and XdX. Results are shown in Figure ??. Languages B1 and B3 are compared in Figure 2 in
the main text. Numerical scores appear in the next section.

All models reach informativity 1.0 for the largest datasets (which contain 40 instances of each critical
environment = 160 total). However, for smaller datasets, T5 (the red line) learns slower than other models.

Several of the languages lie outside the training distribution for the ISL/TSL models. Languages with
an a _ a conditioning environment (A5, A6) are 3-ISL but not 2-ISL. A3 (which inserts DD in a regressive
context) is also outside the distribution, in this case not for formal reasons but because the embedding format
allows only two output characters from a transition, but the required output sequence in this case would be
DDa. However, none of these languages appear to impose meaningful learning delays beyond the delay
caused by a regressive environment.

B Numerical scores

This section gives the numerical scores for the experiments in the main text and the previous appendix.
For synthetic experiments, we show scores only for datasets with 2, 10, 20 and 30 critical examples, as the
full range of sizes is too large. We report the actual median and the 95% confidence interval of the median
obtained by bootstrapping with scipy.stats.bootstrap and the percentile method.
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Al

10

20

30

SIP-FST
SIP-ISL
SIP-TSL
t5

A2

0.25 (0.17 — 0.44)
0.12 (0.06 — 0.25)
0.55 (0.41 — 0.72)

-0.80 (-0.83 — -0.66)

2

1.00 (1.00 — 1.00)

0.94 (0.88 — 1.00)

0.98 (0.88 — 1.00)

1.00 (0.94 — 1.00)
10

1.00 (1.00 — 1.00)

1.00 (1.00 — 1.00)

1.00 (1.00 — 1.00)

1.00 (1.00 — 1.00)
20

1.00 (1.00 — 1.00)

1.00 (1.00 — 1.00)

1.00 (1.00 — 1.00)

1.00 (1.00 — 1.00)
30

SIP-FST
SIP-ISL
SIP-TSL
t5

A3

0.15 (0.00 — 0.38)
0.00 (0.00 — 0.12)
0.18 (0.03 — 0.30)

-0.75 (-0.81 — -0.65)

2

0.88 (0.75 — 0.92)

0.66 (0.50 — 0.75)

0.88 (0.75 — 1.00)

0.73 (0.62 — 0.80)
10

1.00 (0.98 — 1.00)

1.00 (0.88 — 1.00)

1.00 (1.00 — 1.00)

0.93 (0.88 — 1.00)
20

1.00 (1.00 — 1.00)

1.00 (1.00 — 1.00)

1.00 (1.00 — 1.00)

1.00 (1.00 — 1.00)
30

SIP-FST
SIP-ISL
SIP-TSL
t5

A4

0.08 (-0.01 — 0.25)
0.12 (0.00 — 0.33)
0.09 (-0.03 — 0.23)

-0.76 (-0.82 — -0.70)

2

0.66 (0.29 — 0.75)

0.39 (0.25 — 0.50)

0.71 (0.47 — 0.88)

0.31(0.22 — 0.47)
10

0.81 (0.77 — 0.97)

0.83 (0.75 — 0.86)

0.84 (0.73 — 1.00)

0.67 (0.50 — 0.76)
20

0.86 (0.78 — 1.00)

0.83 (0.73 — 1.00)

1.00 (0.95 — 1.00)

0.83 (0.74 — 0.86)
30

SIP-FST
SIP-ISL
SIP-TSL
t5

0.36 (0.23 — 0.48)
0.34 (0.25 — 0.44)
0.51 (0.42 — 0.56)

20.71 (-0.77 — -0.64)

0.73 (0.66 — 0.77)
0.65 (0.52 — 0.69)
0.91 (0.81 — 1.00)
0.81 (0.77 — 0.85)

0.93 (0.87 — 1.00)
0.74 (0.69 — 0.81)
1.00 (1.00 — 1.00)
0.85 (0.80 — 0.90)

1.00 (0.94 — 1.00)
0.74 (0.69 — 0.77)
1.00 (1.00 — 1.00)
0.94 (0.88 — 0.96)

Table 3: Informedness scores for synthetic processes (Table 1) as a function of number of examples per

critical environment.

confidence interval from 16 random samples.

(That is, 2 examples per environment = 12 total.) Median and bootstrapped .95
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B1

10

20

30

SIP-FST
SIP-ISL
SIP-TSL
t5

B2

0.66 (0.56 — 0.79)
0.32(0.17 — 0.43)
0.41 (0.12 — 0.58)

20.72 (-0.81 — -0.65)

2

1.00 (0.96 — 1.00)

0.83 (0.69 — 0.94)

0.96 (0.94 — 1.00)

0.42 (0.33 — 0.52)
10

1.00 (1.00 — 1.00)

1.00 (0.94 — 1.00)

1.00 (1.00 — 1.00)

0.91 (0.82 — 0.94)
20

1.00 (1.00 — 1.00)

1.00 (1.00 — 1.00)

1.00 (1.00 — 1.00)

0.96 (0.94 — 1.00)
30

SIP-FST
SIP-ISL
SIP-TSL
t5

B3

0.84 (0.77 — 0.89)
0.81 (0.72 — 0.89)
0.77 (0.68 — 0.87)

-0.66 (-0.83 — -0.50)

2

1.00 (0.97 — 1.00)

1.00 (0.98 — 1.00)

1.00 (0.96 — 1.00)

1.00 (0.96 — 1.00)
10

1.00 (1.00 — 1.00)

1.00 (1.00 — 1.00)

1.00 (1.00 — 1.00)

1.00 (1.00 — 1.00)
20

1.00 (1.00 — 1.00)

1.00 (1.00 — 1.00)

1.00 (1.00 — 1.00)

1.00 (1.00 — 1.00)
30

SIP-FST
SIP-ISL
SIP-TSL
t5

B4

0.54 (0.45 — 0.79)
0.26 (0.15 — 0.29)
0.39 (0.25 — 0.57)

-0.79 (-0.85 — -0.71)

2

1.00 (0.94 — 1.00)

0.71 (0.69 — 0.88)

1.00 (0.96 — 1.00)

0.34 (0.27 — 0.42)
10

1.00 (1.00 — 1.00)

0.94 (0.88 — 1.00)

1.00 (1.00 — 1.00)

0.71 (0.69 — 0.77)
20

1.00 (1.00 — 1.00)

0.95 (0.94 — 1.00)

1.00 (1.00 — 1.00)

0.97 (0.94 — 1.00)
30

SIP-FST
SIP-ISL
SIP-TSL
t5

B5

0.74 (0.58 — 0.85)
0.70 (0.59 — 0.85)
0.54 (0.44 — 0.71)

-0.59 (-0.73 — -0.52)

2

1.00 (1.00 — 1.00)

1.00 (0.95 — 1.00)

1.00 (1.00 — 1.00)

1.00 (0.96 — 1.00)
10

1.00 (1.00 — 1.00)

1.00 (1.00 — 1.00)

1.00 (1.00 — 1.00)

1.00 (0.95 — 1.00)
20

1.00 (1.00 — 1.00)

1.00 (1.00 — 1.00)

1.00 (1.00 — 1.00)

1.00 (0.96 — 1.00)
30

SIP-FST
SIP-ISL
SIP-TSL
t5

B6

0.39 (0.19 — 0.62)
0.30 (0.00 — 0.47)
0.27 (0.11 — 0.62)

-0.69 (-0.81 — -0.59)

2

0.88 (0.84 — 0.92)

0.91 (0.81 — 0.98)

0.88 (0.81 — 0.97)

0.36 (0.22 — 0.50)
10

1.00 (0.88 — 1.00)

0.98 (0.88 — 1.00)

1.00 (1.00 — 1.00)

0.83 (0.75 — 0.88)
20

1.00 (0.94 — 1.00)

1.00 (0.94 — 1.00)

1.00 (1.00 — 1.00)

0.97 (0.88 — 1.00)
30

SIP-FST
SIP-ISL
SIP-TSL
t5

Table 4: Informedness scores for synthetic processes (Table ??) as a function of number of examples per

critical environment. (That is, 2 examples per environment = 12 total.) Median and bootstrapped .95

0.33 (0.19 — 0.50)
0.11 (0.00 — 0.16)
0.30 (0.12 — 0.42)

-0.75 (-0.88 — -0.69)

0.88 (0.81 — 1.00)
0.84 (0.73 — 0.88)
0.94 (0.88 — 1.00)
0.50 (0.38 — 0.53)

confidence interval from 16 random samples.

B.1 Synthetic data

1.00 (0.88 — 1.00)
0.88 (0.81 — 0.98)
0.97 (0.88 — 1.00)
0.88 (0.72 — 0.97)

1.00 (1.00 — 1.00)
1.00 (0.88 — 1.00)
1.00 (1.00 — 1.00)
0.98 (0.88 — 1.00)
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german-syll

100

200

300

400

SIP-FST 0.37 (0.27 — 0.54) 0.62 (0.55 — 0.75) 0.82 (0.70 — 0.84) 0.95 (0.91 — 0.97)

SIP-ISL 0.13 (0.07 — 0.25) 0.42 (0.32 — 0.57) 0.64 (0.59 — 0.72) 0.78 (0.70 — 0.84)

SIP-TSL 0.35(0.28 — 0.44) 0.61 (0.48 — 0.77) 0.81 (0.67 — 0.92) 0.93 (0.86 — 0.97)

t5 0.34 (0.26 — 0.44) 0.65 (0.44 — 0.77) 0.80 (0.65 — 0.87)  0.89 (0.84 — 0.95)

english2 100 200 300 400

SIP-FST 0.76 (0.74 — 0.77) 0.83 (0.79 — 0.84) 0.86 (0.84 — 0.88) 0.88 (0.86 — 0.90)

SIP-ISL 0.70 (0.66 — 0.73) 0.80 (0.78 — 0.82) 0.85 (0.84 — 0.86) 0.86 (0.85 — 0.87)

SIP-TSL 0.79 (0.76 — 0.80) 0.84 (0.82 — 0.84) 0.86 (0.83 — 0.88)  0.88 (0.87 — 0.89)

t5 0.64 (0.59 — 0.68) 0.77 (0.76 — 0.79) 0.84 (0.84 — 0.86) 0.88 (0.85 — 0.89)

polish 20 30 40

SIP-FST -0.15 (-0.18 — -0.09)  -0.08 (-0.17 — 0.10)  -0.05 (-0.19 — 0.13)

SIP-ISL -0.11 (-0.16 — -0.08)  -0.19 (-0.25 — 0.00)  -0.11 (-0.23 — -0.03)

SIP-TSL -0.08 (-0.16 — -0.02)  0.00 (-0.10 — 0.05) 0.04 (-0.13 — 0.29)

t5 -0.18 (-0.32 — -0.14)  -0.17 (-0.26 — -0.09)  -0.12 (-0.28 — 0.03)

finnish 100 200 300 400 975

SIP-FST 0.80 (0.77 — 0.84 (0.82 — 0.87 (0.85 — 0.90 (0.89 — 0.95 (0.93 —
0.82) 0.86) 0.89) 0.90) 0.96)

SIP-ISL 0.70 (0.68 — 0.76 (0.74 — 0.83 (0.80 — 0.85 (0.84 — 0.92 (0.90 —
0.71) 0.78) 0.84) 0.88) 0.94)

SIP-TSL 0.79 (0.78 — 0.86 (0.84 — 0.90 (0.86 — 0.90 (0.88 — 0.95 (0.94 —
0.83) 0.88) 0.91) 0.93) 0.96)

5 0.80 (0.78 — 0.83 (0.82 — 0.86 (0.85 — 0.89 (0.87 — 0.92 (091 —
0.81) 0.84) 0.87) 0.90) 0.95)

turkish-childes 100 200 300 400 1000

SIP-FST 0.74 (0.70 — 0.84 (0.81 — 0.89 (0.84 — 0.92 (0.90 — 0.96 (0.95 —
0.77) 0.86) 0.91) 0.93) 0.98)

SIP-ISL 0.49 (0.44 — 0.72 (0.67 — 0.77 (0.76 — 0.83 (0.80 — 0.95 (0.93 —
0.55) 0.74) 0.80) 0.86) 0.95)

SIP-TSL 0.69 (0.63 — 0.82 (0.79 — 0.90 (0.87 — 0.93 (092 — 0.97 (0.96 —
0.73) 0.84) 0.91) 0.94) 0.97)

5 0.61 (0.51 — 0.78 (0.77 — 0.84 (0.82 — 0.88 (0.87 — 0.95 (0.94 —
0.65) 0.79) 0.86) 0.90) 0.96)

Table 5: Informedness scores for natural languages as a function of training set size: Median and

bootstrapped .95 confidence interval from 10 random samples.

B.2 Natural languages
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