
When are Alternations Learned?
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Because the acquisition of phonotactics begins before the acquisition of morphology, it is possible
that phonotactic knowledge underlies the acquisition of alternations, at least when the two align.
An example is final devoicing. The typical analysis is that alternating obstruents are underlyingly
voiced but devoiced in final position, avoiding a phonotactic violation. If phonotactic knowledge
underlies alternation learning, acquisition of alternations should follow rapidly after the acquisition
of the morphology that produces violations. Yet different languages with voicing alternations show
developmental differences: Dutch-learning children’s developing knowledge is more restricted than
that of their German-learning peers. I hypothesize that children begin attending to alternations, and
form non-surface-faithful representations, not as a reflex of phonotactic knowledge, but in response
to being unable to morphologically generalize without doing so. Implemented as an incremental
learning model, the proposal explains observed developmental trajectories, with implications for
our understanding of alternations and non-surface-faithful representations.

1 Introduction

The place of alternations, phonotactics, and abstract representations has varied across phonological
theories. In SPE (Chomsky & Halle, 1968), phonological processes were central and phonotactics
were interpretable as little more than the surface structures not produced. SPE’s preference for min-
imal numbers of symbols encouraged compressing any regularity in the lexicon into increasingly
abstract representations and corresponding generalizations. That path, however, led to arguably
excessively abstract representations. Subsequent critiques, perhaps most famously by Kiparsky
(1968), urged better justification for abstract representations and emphasized the importance of
productive alternations in that justification. However, the lack of a general theory of productivity
and a shift towards constraint-based theories (Prince & Smolensky, 1993) accompanied a near in-
version of focus to restrictions on surface structures, with alternations being viewed as the (nearly)
automatic consequence of morphological processes creating phonotactically illicit structures. For
instance, Hayes & Wilson (2008:p. 424) propose that when putting morphemes together violates
phonotactic restrictions that are already learned, the need to learn the corresponding alternation
becomes “immediately apparent” to the learner. This view, marshaling the observation that phono-
tactics appear to be acquired earlier in development than much of morphology (Jusczyk et al., 1994;
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Sundara et al., 2022), is now often adopted (Hayes, 2004; Pater & Tessier, 2005; Hayes & Wilson,
2008; Chong, 2021; Kuo, 2024; Wang & Hayes, 2025).

Consider a cross-linguistically prevalent example: final devoicing. Final devoicing produces
alternations when a vowel-initial suffix leads to an obstruent being syllabified in both final and
onset positions across a paradigm, like examples from Dutch (1a)-(1b) (Booij, 1999) and German
(1c)-(1d) (Wiese, 1996) show. The vowel-initial PL suffixes result in a voicing alternation in some
paradigms (1a)-(1c) but not others (1b)-(1d).

(1) a. [bEt] ‘bed’ [bEd@n] ‘beds’

b. [pEt] ‘cap’ [pEt@n] ‘caps’

c. [mo:nt] ‘moon’ [mo:nd@] ‘moons’

d. [bKo:t] ‘bread’ [bKo:t@] ‘breads’

A typical analysis involves positing non-surface-faithful URs for the alternating stems—for
instance, /bEd/ as the stemUR for (1a). The final [t] in the SGmust then be interpreted as something
other than /t/—it is not surface faithful.

This alternation avoids a violation of language-specific phonotactics, as both languages lack
final voiced obstruents, and of general markedness. By age 3, well after a sensitivity to language-
specific phonotactics emerges (Sundara et al., 2022), Dutch- and German-learning children have
acquired the basicmorphology that triggers alternations (Mills, 1986; Elsen, 2002; Kerkhoff, 2007).
Thus, if acquisition of phonotactics is carried over to alternation learning, we ought to expect Dutch-
and German-learning children to show similar knowledge of the alternation.

Yet the developmental facts vary sharply betweenDutch andGerman. Because prior acquisition
research on voicing alternations has focused on noun paradigms, our discussion centers on nouns.
Dutch, where development has been studied in the greatest detail (see § 4), shows a slow develop-
mental trajectory, with limited productivity of the voicing alternation well into childhood—at least
age 6-7, the oldest age of children in studies I am aware of—(Zamuner et al., 2006; Kerkhoff, 2007;
Zamuner et al., 2012). There is little evidence even of productive devoicing through at least 4;8.
The voicing alternation appears to have highly-limited productivity even for adults, who extend it
to wugs only about 2% of the time (Kerkhoff, 2007).

In contrast, German-learning children are extending voicing alternations to novel nouns produc-
tively by age 5 (the earliest age in studies I am aware of: van de Vijver & Baer-Henney 2014), and
in an age-controlled experiment with 3-year-old Dutch- and German-learning children, German-
learning children appeared more advanced in their knowledge of stem-final obstruent voicing than
Dutch-learning children (Buckler & Fikkert, 2016). Buckler & Fikkert also note that, despite for-
mal similarity, the distributional properties of the voicing alternation in corpus data are markedly
different between Dutch and German, with greater evidence of the alternation being available in
German.
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In this article, I propose a theory of alternations in which representations are constructed and
alternations learned in order to support productive generalizations in the face of a sparse linguistic
input. Specifically, I hypothesize that learners attend to learning voicing alternations—and set
up non-surface-faithful representations—only when they fail to construct sufficient morphological
inflection rules without doing so. This hypothesis is formalized in an implemented computational
learning model for Dutch and German noun morphophonology. The model extends Belth et al.
(2021)’s recursive learning model, ATP, to the case of voicing alternations. The core of the model
is a recursive application of the Tolerance Principle (Yang, 2016), which is used to propose and
verify rules, thereby serving as a threshold for when learners will begin to attend to, and learn, the
alternation.

I apply the model to Dutch and German child-directed speech, and compare its generaliza-
tion behavior to a range of results from prior corpus and experimental studies with Dutch- and
German-learning children. The model accounts for the developmental differences between Dutch
and German, closely matching voicing error rates, mispronunciation recognition, wug test, and
reverse wug test results.

I begin with a discussion of the distributional facts of Dutch and German noun voicing alterna-
tions (§ 2), followed by a description of the general problem of morphophonological learning and a
presentation of my proposed learning model (§ 3). I then present the developmental facts of Dutch
and German, comparing the model and alternative proposals to them at each turn (§ 4). I conclude
with a discussion (§ 5).

2 Distributional Facts of Dutch and German Noun Voicing Alternations

Dutch (§ 2.1) and German (§ 2.2) both have phonotactic constraints against final voiced obstruents
and both have vowel-initial nominal suffixes that lead stem-final consonants to be syllabified in
an onset in some inflected nouns. Whether a noun is alternating or non-alternating is lexically
specific (typically treated as a difference in underlying voicing). The distributional patterning of
the alternation is markedly different between the languages.

2.1 Dutch

In Dutch, the vowel-initial suffixes are the plural allomorph [-@n] and the diminutive allomorph [-
@tj@], though the latter is rare and is usually the last of five DIM allomorphs to be acquired (Van Tuijl
& Coopmans, 2021). Both trigger alternations in some obstruent-final paradigms but not others (2).
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(2) a. [bEt] ‘bed’ [bEd@n] ‘bed’-PL

b. [pEt] ‘cap’ [pEt@n] ‘cap’-PL

c. [slAp] ‘slab’ [slAb@tj@] ‘slab’-DIM

d. [pOp] ‘doll’ [pOp@tj@] ‘doll’-DIM

The Dutch stops that contrast in voicing in initial and/or medial position are /t/ ∼ /d/ and /p/ ∼
/b/. There is a contrast between fricatives /f/ ∼ /v/, /s/ ∼ /z/, and /x/ ∼ /G/, but it is weakening for
many speakers (Slis & van Heugten, 1989; Booij, 1999).

Some plurals are marked with [-s], though the [-@n] allomorph is more frequent. The [-s] suffix
does not create the environment for an alternation (3).

(3) [vo:G@l] ‘bird’ [vo:G@ls] ‘bird’-PL
[vIN@r] ‘finger’ [vIN@rs] ‘finger’-PL

The choice between [-@n] and [-s] is largely predictable from prosodic features: in particular, nouns
with unstressed final syllables usually take [-s] (Booij, 1999:p. 82).

Dutch has four additional DIM allomorphs—[-j@], [-tj@], [-pj@], [-kj@]—none of which are
vowel initial, and the PL DIM is categorically formed by adding [-s] to the DIM form. More-
over, diminutives are very common in Dutch and particularly in child-directed speech, often occur-
ring at higher token frequencies than their non-DIM counterparts (Kerkhoff, 2007). For example,
Kerkhoff:p. 113, reports that, in a corpus of child-directed speech, eendjes “ducklings” occurs more
times than eenden “ducks.” Thus, even for an alternating paradigm, a child who knows the DIM PL
of a noun but not the PL, has no evidence of that alternation. In a paradigm like (4), only one of
four forms (4b) provides evidence for the alternation.

(4) a. [pa:rt] ‘horse’

b. [pa:rd@n] ‘horse’-PL

c. [pa:rtj@] ‘horse’-DIM

d. [pa:rtj@s] ‘horse’-DIM-PL

In our dataset (see § 4.1.1), the DIM PL is more frequent than the non-DIM PL in 42.3% of
paradigms. Together these facts indicate that the voicing alternation, at least descriptively, occurs
in a rather small corner of the Dutch noun system.

2.2 German

German has a complex noun system, involving five plural suffixes and casemarkings for some nouns
(Wiese, 1996). The plural suffixes are predictable from complex combinations of features of the
noun, including its grammatical gender and phonological ending. Several studies have investigated
the productivity and acquisition of these suffixes (Clahsen et al., 1992; Marcus et al., 1995; Elsen,

4



2002; Zaretsky & Lange, 2015; Yang, 2016; McCurdy et al., 2020; Belth et al., 2021), but do not
typically discuss the voicing alternation.

The plural suffixes are -(e)n [-@n]/[-n], -e [-@], -∅, -er [-5], -s [-s]. The vowel-initial [-@n], [-@],
and [-5] all create possible environments for voicing alternations (5).

(5) [ge:g@nt] ‘area’ [ge:g@nd@n] ‘area’-PL
[mOnt] ‘moon’ [mOnd@] ‘moon’-PL
[bIlt] ‘picture’ [bIld5] ‘picture’-PL

In comparison to Dutch, where only labial and coronal stops contrast voicing and the contrast
is weakening for fricatives, German stops /t/ ∼ /d/, /p/ ∼ /b/, and /k/ ∼ /g/ all contrast voicing, as
well as the fricatives /f/ ∼ /v/ and /s/ ∼ /z/ (Wiese, 1996:sec. 2.1).

Some SG nouns also mark case, using various suffixes (Pounder, 1996). GEN case is sometimes
marked, mostly for neuter and masculine nouns, with [-s], [-@s], [-n], or [-@n]; [-@s] and [-@n]
can both create environments for voicing alternations (6a). Some nouns (mostly masculine) mark
Acc case with [-@n] or [-n], with the former creating environments for voicing alternations (6b).
Similarly, some nouns mark DAT case with [-@], [-@n], or [-n], also creating some environments for
alternations (6c).

(6) a. [>tsu:k] ‘train’ [>tsu:g@s] ‘train’-GEN
[bIlt] ‘picture’ [bIld@n] ‘picture’-GEN

b. [hElt] ‘hero’ [hEld@n] ‘hero’-Acc

c. [>tsu:k] ‘train’ [>tsu:g@] ‘train’-DAT
[hElt] ‘hero’ [hEld@n] ‘hero’-DAT

Any PL noun that does not already end in [n] or [s] marks DAT with [-n]. This does not directly
introduce an alternation, but in alternating paradigms it adds an additional form with a voiced final
obstruent, as (7) shows for the last two nouns in (5).

(7) [mOnt] ‘moon’ [mOnd@] ‘moon’-PL [mOnd@n] ‘moon-PL-DAT’
[bIlt] ‘picture’ [bIld5] ‘picture’-PL [bIld5n] ‘picture’-PL-DAT

Thus, in comparison to Dutch, German has ample environments for the alternation.

3 Learning Model

I begin by describing some important aspects of the empirical conditions of morphophonological
acquisition (§ 3.1) and how these motivate the main idea of the proposal (§ 3.2), before turning to
a description of the model (§ 3.3).
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3.1 Empirical Conditions of Morphophonological Acquisition

The acquisition of morphophonology (and language more broadly) is characterized by sparsity. It
is well known that the frequency distributions of many linguistic structures—including words and
lemmas—have long tails. Plotting rank frequency against token frequency in log scale roughly
forms a downward-sloping line, like in Figure 1: the Zipfian distribution (Zipf, 1949). Figure (1a)
was generated from the child-directed words in the Van Kampen (Van Kampen, 2009) and Gronin-
gen (Bol, 1995) CHILDES Dutch corpuses (MacWhinney, 2014), and Figure (1b) from the child-
directed words in the German Leo corpus (Behrens, 2006). Since the plots approximate downward-
sloping lines, token frequency is approximately inversely proportional to rank frequency. The
density of the plot increases as it moves downward (movement is exponential since the scale is
logarithmic). The upshot is that a small number of words dominate the upper-end of the frequency
distribution, while most are low frequency.

Because this distribution characterizes a child’s input, they will only have heard a small subset
of a language’s vocabulary enough times to have the possibility of learning their form. In order
to use the vast number of word forms never (or rarely) encountered in the input, the child must
generalize from the words they know: morphophonological generalization is a necessary response
to sparsity.

Moreover, paradigms are characteristically incomplete. Chan (2008:ch. 4) introduced paradigm
saturation, which measures, for a given lemma, the fraction of forms of that lemma that are attested
in a corpus, out of the total number of possible forms for the lemma. Chan analyzed verb paradigms
in 16 corpuses of different languages, and reported that only English had even one verb with 100%
paradigm saturation. Figure 2 plots saturation values for Dutch and German noun paradigms in
the child-directed speech used for the present study (see § 4.1.1 for dataset details). I computed
saturation values by sampling nouns until the sample included forms from 1000 unique paradigms.
Each saturation value is a distribution over 30 samples. Dutch nouns can appear in four forms (SG,
PL, DIM, DIM PL) while German nouns can appear as SG or PL in any of four cases (NOM, Acc, DAT,
GEN; see § 2). Case is only marked for some German nouns, so I include only forms that differ
from the NOM in the denominator of the saturation value. Most noun paradigms are incomplete.

3.2 The Main Idea

These results suggest that sparsity drives learners to generalize from the words that they know to
construct a productive grammar. However, it is not in general possible to form perfect generaliza-
tions; learners may be content with generalizations that cover a sufficient amount of the regularity
and tolerate the remaining input as irregularity.

As a precise criterion of sufficient generalization, Yang (2016) introduced the Tolerance/Sufficiency
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(b) German

Figure 1: Frequency vs. Rank plots (log-log scale) of words in child-directed speech for Dutch (a)
and German (b). The distributions are Zipfian: most words are low frequency.

Principle (TSP). The TSP evaluates a generalization/rule, 𝑅, based on the number of items in its
scope (𝑛) and the number of those that follow the rule (𝑚), or the number that violate the rule
(𝑒 = 𝑛 − 𝑚). The threshold, given in (8), is a proposed psychological tipping point for how many
exceptions a rule can tolerate—alternatively, what a sufficient number of rule-followers is—for a
learner to accept the rule and apply it productively to new items. The threshold 𝑛/ln 𝑛 is denoted
𝜃𝑛.

(8) Tolerance/Sufficiency Principle: a rule 𝑅 is productive iff 𝑒 = 𝑛 − 𝑚 ≤ 𝑛

ln 𝑛
The TSP threshold was derived (Yang, 2016:ch.3) from considerations of the Zipfian character

of linguistic data and its psychological impacts on processing. Experimental evaluation of the
TSP has supported it as a categorical generalization tipping point for human learners (Schuler
et al., 2016; Koulaguina & Shi, 2019; Shi & Emond, 2023), in particular children, and it has been
extensively used in corpus and computational studies of acquisition (Yang 2016; Kodner 2020;
Belth et al. 2021; Björnsdóttir 2021; Pearl & Sprouse 2021; Richter 2021; Van Tuijl & Coopmans
2021; Belth 2023b; Henke 2023, among others). The TSP evaluates a rule, but Yang (2016:ch.3)
described a recursive approach to both proposing and evaluating rules. Belth et al. (2021) developed
a computational implementation of such a recursive approach, which is the basis of my model
(§ 3.3).

Voicing alternations in noun paradigms form exceptions to morphological generalizations that
do not account for them. For example, if a Dutch-learning child forms the generalization that
plurals are formed by adding [-@n], then an alternating noun like [bEt] ∼ [bEd@n] is an exception
because of the [t] ∼ [d] alternation. However, because lexical exceptions are inevitable, some
degree of alternating nouns may be tolerated without causing the rule to be refined to incorporate
the alternation. If, at some point during acquisition, enough nouns alternate that they can no longer
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Figure 2: Saturation values for Dutch (a) and German (b) noun paradigms plotted against the
fraction of paradigms with that saturation, after sampling words until 1000 unique lemmas were
represented. The plot is generated from 30 samples, yielding a distribution for each saturation
value. Most paradigms are incomplete (saturation < 1.0).

be tolerated as exceptions, then this triggers the learner to refine the generalization. This is the core
of my proposal: learning the voicing alternation is triggered when the relative number of alternating
nouns rises to the level that productive morphological rules (as measured by the TSP) can no longer
be constructed without them capturing the alternation. I turn now to making this proposal concrete,
in the form of a learning algorithm.

3.3 The Learning Model

The proposed model, ALTERTP (I will publish code along with the article), learns incrementally
to do morphophonological (re)inflection from a growing lexicon. From the lexicon, it attempts
to learn a grammar to predict the phonological forms of empty paradigm slots. Following the
morphological (re)inflection literature (e.g., McCurdy et al. 2020; Belth et al. 2021; Kodner &
Khalifa 2022; Goldman et al. 2023), the learning data is represented as (SRC, FEATS, TGT) triples,
where SRC is a phonological form (a lemma or inflected form), FEATS is a set of features of the
SRC (morphosyntactic, prosodic, etc.), and TGT is a phonological form inflected from the SRC. For
instance, Dutch input may include triples like (9), where “F-stress” means the SRC has final stress.

(9) ([pa:rt], {DIM, F-stress}, [pa:rtj@])
([pa:rt], {PL, F-stress}, [pa:rd@n])
([pa:rtj@], {DIM, PL, F-stress}, [pa:rtj@s])

The FEATS are presumed to be those available from earlier stages of development: in particular,
Dutch-learning children know the main features of stress before age 3 (Fikkert, 1994) and by the
same age German children are robustly sensitive to case, but are still figuring out how it is marked
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(Tracy, 1986; Eisenbeiss et al., 2006; Dittmar et al., 2008). ALTERTP interprets any concatenative
difference between the SRC and TGT as a suffix.1 I will typically refer to the TGT as only the suffix:
for instance, ([pa:rt], {DIM, F-stress}, [-j@]) for the first triple in (9). If the TGT is not equal to the
SRC plus the inferred suffix, then the TGT is labeled “+alter.” This only means that ALTERTP knows
that, in addition to taking a suffix, the stem undergoes some change (it alternates), though the nature
of that change is yet to be learned (see § 3.3.4).2 For instance [pa:rd@n] adds [-@n] to [pa:rt] but
does not equal [pa:rt] + [-@n], so it is represented ([pa:rt], {PL, F-stress}, [-@n] +alter). Moving
forward, I refer to the TGT as represented within ALTERTP (e.g., “[-@n]” or “[-@n] +alter”) rather
than the full phonological form.

ALTERTP is based on the model ATP, developed by Belth et al. (2021) for recursively applying
the TSP to construct morphological inflection rules. We can think of a linguistic rule as a structural
description, which is a conjunction of properties that an item must match in order for the rule to
apply, together with a property that is predicted to be true of any items matching the structural
description. For instance, (10) predicts that any triple that has the FEATS ‘PL’ but not ‘DIM’ is
inflected with [-@n].

(10) PL ∧ ¬DIM =⇒ [-@n]

By selecting the set of items that match its structural description, a rule tacitly also defines the
complement of that set. In other words, the structural description partitions the set of items into
the set of those that match the rule and the set of those that do not.

The TSP evaluates a rule of this form, where 𝑛 is the number of items matching the rule’s
structural description and 𝑚 = 𝑛 − 𝑒 is the number of matching items about which the prediction
is true. If 𝑛 items match the structural description of a rule but 𝑒 > 𝜃𝑛 of those items do not
match the prediction, the rule can be refined by adding an additional condition to the structural
description in an attempt to filter out the exceptions. This process of evaluating a rule under the
TSP and, if necessary, adding a condition to its structural description can be carried out recursively.
Consequently, we can represent a collection of rules as a binary3 branching decision tree, like that
in (11), where each node represents a recursive evaluation of and, if not a leaf, a refinement of a
rule.

1 While sufficient for present purposes, extensions would be necessary to consider the left edge
(prefixation) or to apply the approach to non-concatenative morphology.

2 Suffix alternations are directly captured. TheDutch andGerman suffixes all involve allomorphy
(§ 2); ALTERTP learns the conditions inwhich each applies. Belth et al. (2021) provide further cases.

3 Building one feature at a time is motivated by experimental results that adults and children sort
items into categories by attending to one dimension (feature) at a time (Smith, 1979; Nelson, 1984;
Medin et al., 1987).

9



(11) Example Inflection Tree

pl

[-jə]

¬pl

[-s]

dim

[-ən]

¬dim

This grammar predicts that PL DIM nouns take [-s], while PL non-DIM nouns take [-@n] and non-PL
(DIM) nouns take [-j@].

ALTERTP constructs such a grammar, which is a (partial) mapping from (SRC, FEATS) pairs to
TGT’s. The grammar partitions the triples: each leaf picks out a subset of triples subject to the rule
whose structural description is encoded in the path to that leaf. The majority TGT of the triples is
predicted for those triples and evaluated by the TSP. For example the left-most path in (11) picks
out the PL DIM nouns, and predicts that they take [-s]. Because the grammar is a partition, every
triple falls at exactly one leaf.

As any recursive procedure, themodel can be specified by describing the conditions of recursion—
the recursive case(s)—and the conditions in which recursion stops: the base cases(s). The recursive
procedure applies to a set of triples, but § 3.3.3 will describe how the recursive procedure fits into
ALTERTP learning incrementally.

I will use the triples in (12) as an example input to a recursive step. The triples are a small
snapshot of Dutch plurals curated to demonstrate the model.
(12) a. ([bu:k], {PL, F-stress}, [-@n])

([pEt], {PL, F-stress}, [-@n])
([blum], {PL, F-stress}, [-@n])
([vut], {PL, F-stress}, [-@n])

b. ([bEt], {PL, F-stress}, [-@n] +alter)
([hœys], {PL, F-stress}, [-@n] +alter)
([hant], {PL, F-stress}, [-@n] +alter)

c. ([vo:G@l], {PL}, [-s])
([vIN@r], {PL}, [-s])

([lEt@r], {PL}, [-s])
([mud@r], {PL}, [-s])
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The model description will work through (12) as an example, ultimately producing the grammar
(20) in § 3.3.3. You may wish to follow along with Figure 3, which provides a diagrammatic
summary.

3.3.1 Recursive Step

The input to a recursive step is a set of 𝑛 triples, such as (12). ALTERTP computes the most frequent
TGT (i.e., the TGT occurring with the largest number of those triples), whose frequency is 𝑚. AL-
TERTP checks whether the path to the current node is a sufficient condition for that most frequent
TGT under the TSP: if 𝑛 − 𝑚 ≤ 𝜃𝑛, then the current node is a sufficient condition for being in the
set of triples with the most frequent TGT at the node. This is a base case, and recursion stops, here
yielding a productive rule captured by the path to the current node.

On the other hand, if 𝑛−𝑚 > 𝜃𝑛, ALTERTP chooses a feature to form a binary split of the triples
at the node, as described in § 3.3.2. The feature is chosen to cover a necessary number (under
the TSP) of the triples with the most frequent TGT.4 The binary split creates two child nodes, and
ALTERTP recurses on each (the recursive case).

In the example input (12), [-@n] and [-s] both have frequency of 4, as they occur with 4 triples
each. However, being at the current node is not a sufficient condition for either because, of the 11
triples at the node, 7 have a different TGT and 7 > 𝜃11 = 4.6. Thus ALTERTP attempts to subdivide
the input based on some feature. Before turning to this, it will be helpful to define the ordinary
notions of necessity and sufficiency as interpreted under the TSP and in the terms of the present
work.

(13) A feature is necessary for (or covers a necessary subset of) triples 𝑇 if 𝑚 of the 𝑛 = |𝑇 |
triples have the feature and 𝑛 − 𝑚 ≤ 𝜃𝑛. In this case, being a triple in the set 𝑇 implies, up
to the TSP threshold, having the feature.

• Example: 𝑚 = 7 of the 𝑛 = 11 triples in (12) have the feature F-stress; since 4 ≤ 𝜃11,
F-stress covers a necessary subset of those triples.

(14) A (conjunction of) feature(s) is sufficient for being in a set of triples, 𝑇 , if of the 𝑛 triples
matching the feature(s),𝑚 of them are in𝑇 and 𝑛−𝑚 ≤ 𝜃𝑛. In this case, having the feature(s)
implies, up to the TSP threshold, being in 𝑇 .

• Example: 𝑚 = 4 of the 𝑛 = 7 triples with feature F-stress in (12) take [-@n] and are
4 If no split is possible, then recursion stops (another base case) and the rule represented by the

path to this node fails to be productive. Because, in this scenario, recursion stops without finding
sufficient conditions, ALTERTP learns a partial mapping from (SRC, FEATS) pairs to TGT’s. Such
cases are predicted non-productive conditions (e.g., Björnsdóttir 2021).
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not subject to an alternation; since 3 ≤ 𝜃7, F-stress is sufficient for being one of those
triples.

3.3.2 Choosing a Split Feature

When a node fails to be productive, ALTERTP seeks to subdivide the triples at the current node into
two sets based on whether or not they have a certain feature. The main idea is (15).

(15) Summary: If the current node contains more than one suffix, ALTERTP chooses a feature to
separate the triples with the most frequent suffix. However, if a suffix has been isolated but
is unproductive due to alternating nouns, ALTERTP turns to looking for a feature to separate
the alternating nouns. I will call the subset of triples that ALTERTP attempts to separate
from the rest, 𝑇 .

ALTERTP first searches for a feature shared by the triples with the most frequent suffix. In
counting suffix frequency, ALTERTP includes triples that alternate with those that do not, such that,
for instance, “[-@n]” and “[-@n] +alter” triples both count towards the frequency of [-@n]. In (12),
[-@n] occurs with 7 triples while [-s] occurs with 4, so ALTERTP will first seek a feature shared by
[-@n] triples. So ALTERTP tries to separate triples 𝑇 = (12a)-(12b) with the [-@n] suffix from triples
(12c) with [-s].

ALTERTP considers two kinds of features: features that are contained in a triple’s FEATS and
properties of the SRC’s phonological form, which I will call FORMFEATs. The former are part of the
input, believed to be acquired by children before the age under investigation. The FORMFEATs are
learned on-the-fly by ALTERTP.

FORMFEAT construction is based on the phonological learning model D2L (Belth, 2024), which
uses a domain-general adjacency mechanism (Saffran et al., 1996, 1997; Aslin et al., 1998; Santel-
mann & Jusczyk, 1998; Saffran et al., 1999; Fiser & Aslin, 2002; Gómez, 2002; Gómez & Maye,
2005) to identify segments that are sufficiently predictive of an alternation under the TSP and, when
not possible, to automatically construct a tier representation by iteratively removing segments that
are not sufficient predictors of the alternation on the current representation. This basic mechanism
has formal support (Jardine & Heinz, 2016; Burness & McMullin, 2019; Yin, 2025) and accounts
for developmental and experimental results (Belth, 2023b, 2025a,b). In the present work, D2L’s
adjacency-mechanism is used to identify segments that are predictive of the triples TGT, automati-
cally constructing tiers as needed.

Using this D2L mechanism, ALTERTP tries to construct a necessary (and if possible sufficient)
FORMFEAT. A FORMFEAT created by this process (described in more detail in appendix A) matches
a triple if it matches the suffix-adjacent segment of its SRC, possibly after projection onto a tier. For
example, a feature like (16a) matches suffix-adjacent coronals while a feature like (16b) matches
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the suffix-adjacent segment after constructing a tier that deletes/excludes the segments in del(·).
For example (16b) matches [@] when suffix-adjacent on a vowel tier.

(16) a. [+cor] __
b. [@]__ / del([−syl])

I will call the features ALTERTP considers at a particular recursive step, 𝐹, which contains the
features from the node’s triples’ FEATS and any constructed FORMFEAT. In finding a split feature,
ALTERTP seeks a feature that covers a necessary chunk of 𝑇 , as defined in (13): being a triple in 𝑇
implies, up to the TSP threshold, having the feature.5

With the feature options 𝐹 in hand, ALTERTP chooses a feature from 𝐹 using the criteria in
(17). Any features in 𝐹 that would yield vacuous splits (i.e., all triples at the node share/lack the
feature) or are not necessary for 𝑇 are excluded from consideration. If no feature is necessary, then
ALTERTP proceeds to the next most frequent suffix.6

(17) Any features in 𝐹 that are necessary and sufficient are preferred over those that are only
necessary. Of the resulting features, ALTERTP chooses the one that covers the most triples
in 𝑇 , breaking ties based on the number of non-𝑇 triples it removes, then lexicographically
if still tied.

For (12), 𝐹 = {PL, F-stress, [−lat] __}. Feature PL is shared by all triples and is thus vacuous.
F-stress covers a necessary proportion of 𝑇 (all of them) and because all F-stress triples are in 𝑇 , it
is also sufficient. Because F-stress removes more non-𝑇 triples (all 4) than does [−lat]__ (only 1),
ALTERTP splits on F-stress, yielding the tree (18).

(18) Grammar after first split

[-ən]

F-stress

[-s]

¬F-stress

5 ALTERTP allows negated features, in which case necessity means being in 𝑇 implies not having
the feature. The only difference is 𝑇 triples go down the right (not left) branch.

6 Any suffixes occurring ≤ 5 triples are skipped, because the TSP is ill-defined for very small 𝑛
(Belth et al., 2021).
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Down the F-stress branch, the next node starts a new recursive step. The most frequent TGT at that
node is [-@n], with 4 of the 7 triples at that node having that TGT (3 have “[-@n] +alter”). Since
3 ≤ 𝜃7 = 3.6, this rule is productive and recursion stops (the alternating nouns are lexicalized).
Down the ¬F-stress branch, 4/4 triples have the [-s] TGT, so this rule is also productive.

When no split is found for a suffix, either because the remaining exceptions are due to the
as-of-yet-unlearned alternation or because no further separation of alternative suffixes is possible,
ALTERTP turns its attention to separating alternating from non-alternating nouns. In this case, 𝑇
comprises the triples that take the most-frequent suffix and alternate (e.g., all triples with a “[-@n]
+alter” TGT). If no necessary feature is found for the alternating triples, ALTERTP tries to find one
for the non-alternating triples. The choice of feature, however, happens identically in all cases. The
only difference is what triples are in 𝑇 .

3.3.3 Incremental Update

ALTERTP is incremental, learning one triple at a time. Suppose the next triple is (19).

(19) ([pa:rt], {PL, F-stress}, [@n] +alter)

Upon receiving a new triple, ALTERTP identifies which leaf (rule) the new triple matches and adds
it to that leaf. If the rule represented by the leaf remains productive, then nothing further is needed.
If the rule is not productive7, ALTERTP restarts recursion from the node (3.3.1). This is why the
recursive step applies to a set of triples even though ALTERTP is incremental. If all of the triples at
the node fall under some rule produced by this recursion, then the grammar has been successfully
updated. If some triples fall under unproductive conditions, the model traverses up the tree to the
current node’s parent and tries again. This continues either until the tree update is successful or the
root node is reached.

In our example, because (19) has the feature F-stress, the left leaf of (18) matches. After adding
the new triple to it, the node has 𝑛 = 8 triples, 𝑒 = 4 of which alternate. Since 4 > 𝜃8 = 3.8,
productivity is broken. This triggers the recursive step.

All 8 triples take [-@n] as a suffix, so the 4 exceptions are due to the unlearned alternation. Thus,
ALTERTP seeks a feature to separate the alternating from the non-alternating triples. The features
F-stress and PL are both vacuous. However, the FORMFEAT constructed is “[+cor]__”, which covers
𝑚 = 3 of the 𝑛 = 4 alternating triples while excluding all but the 2 [t]-final non-alternating triples.
Since 1 ≤ 𝜃4 = 2.9 this feature is necessary for the alternating triples and is used to form a new
split (20).

7 The triple could break rule productivity or it could already have been unproductive.
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(20) Grammar after second split

F-stress

[-s]

¬F-stress

[-ən] (+alter)

[+cor]_

[-ən]

¬[+cor]_

Down the new branch, the TGT “[-@n] +alter” is now productive, because only 𝑒 = 2 of the 𝑛 = 6
F-stress, coronal-final nouns do not alternate, which is below the TSP threshold of 𝜃6 = 3.3. To
this point however, ALTERTP only knows that something happens in addition to taking [-@n]. This
is thus the point at which ALTERTP turns its attention to learning the alternation.

3.3.4 How Alternations are Learned

Thus, ALTERTP seeks to separate alternating from non-alternating nouns when the alternating
nouns cannot be lexicalized as exceptions. Once a TGT that requires learning an unknown alternation
(a “+alter” TGT) becomes productive (contingent on the alternation) at a leaf, ALTERTP constructs
non-surface-faithful representations for alternating segments at that leaf and turns to learning the
alternation.

ALTERTP sets up non-surface-faithful URs for each alternating stem at the node using the SRC
and inflected forms. It aligns the two forms of the stem at their right edge and forms a new sequence
of segments. Any segments that are identical between the aligned forms are copied; any that are
not identical are merged into a set. This yields underlying-surface form pairs. In our example, (21)
shows the aligned pairs and their derived URs, where /D/ = {[t], [d]} and /Z/ = {[s], [z]}.

(21) [bEt]
[bEd@n]
/bED/
/bED@n/

[hœys]
[hœyz@n]
/hœyZ/
/hœyZ@n/

[hant]
[hand@n]
/hanD/
/hanD@n/

[pa:rt]
[pa:rd@n]
/pa:rD/
/pa:rD@n/

[pEt]
[pEt@n]
/pEt/
/pEt@n/

[vut]
[vut@n]
/vut/
/vut@n/
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Thus, alternating stems at this node now receive non-surface-faithful URs. The UR-SR pairs
are added to a global set shared by all nodes where non-surface-faithful URs are introduced so that
the alternation is not learned individually at each node where it is predicted productive. Over these
pairs, ALTERTP learns a phonological grammar using PLP (Belth, 2023a). PLP learns phonological
rule(s) to predict the surface form of alternating segments—e.g., in what contexts /D/→ [d] and in
what contexts /D/→ [t]—by incorporating adjacent segments into a rule and iteratively increasing
its window of attention beyond those until the rule passes the TSP.8 See Belth (2023a) for details
on how learning multiple alternations and interactions is handled in the PLP framework. In our
example (and the experiments), the right-adjacent context is predictive of the alternation, which
PLP incorporates into the learned rule on the first iteration (22).

(22) {D, Z} → [−voi] / __ #
→ [+voi] / __ /@/

ALTERTP then checks whether one of the forms in each set /D/ and /Z/ is an elsewhere/default
form. To do so, it tries replacing /D/ and /Z/ with their [+voi] or [−voi] members and checks
whether either resulting rule, /d, z/ → [−voi] / __ # or /t, s/ → [+voi] / __ [@], makes the same
predictions as (22). Here, since both [d] and [t] occur before [@] but only [t] before #, the [+voi]
forms are learned as the elsewhere forms and reorganized into the UR by replacing /D/ with /d/ and
/Z/ with /z/ in both the URs and the rule. This results in a familiar devoicing rule (23).

(23) /d, z/ → [−voi] / __ #

Since new nouns falling at this node are predicted to alternate, such stems receive non-surface-
faithful URs: /d/ for any final [t] and /z/ for any final [s].

In summary, any noun that falls at a leaf where the alternation is productive, like the left-
most leaf in (20), is predicted to be an alternating noun, and hence is given a non-surface-faithful
UR. In other words, predicting the alternation amounts to predicting the underlying voicing of
stem-final obstruents. Any non-alternating nouns at the leaf are lexicalized. ALTERTP predicts
learners to have robust knowledge of the voicing alternation for nouns at these nodes, as well as
to extend the alternation productively to new words falling at it. Nouns falling at other leaves
are not predicted to alternate; any such alternating nouns will be lexicalized. However, because
phonological rules are learned globally, devoicing applies productively to any new nouns. For
instance, if a learner encounters a wug PL [slAd@n], removing the suffix will strand [d] in final
position, subject to devoicing (23), even if the same learner instead encountering the wug SG [slAt]
might not predict it to alternate. As shown in (§ 4.3-4.4), this asymmetry—where the productivity

8 If PLP fails to learn a rule, the node is deemed unproductive, though this never occurs in the
experiments as the alternation is predictable from the right-adjacent context.
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of the alternation is highly restricted while devoicing eventually comes to be applied productively—
aligns with a developmental asymmetry between these two kinds of knowledge.

3.3.5 Accessing Known Forms and Predicting Novel Forms

Inflecting a noun. Given a noun form with some features, ALTERTP can predict the form of that
noun with an additional inflection feature (e.g., predict the PL from a SG or the PL DIM from a DIM).
To do so, ALTERTP traverses the learned tree based on the noun’s features and the inflection feature
until it reaches a leaf. Since the grammar partitions the nouns, exactly one leaf will match. If the
leaf is productive, it is applied to predict the inflected form. If the alternation is productive at that
node, the stem-final segment is given a non-surface-faithful-UR. Any phonological processes then
apply to predict the SR for the inflected UR. If the leaf is not productive, the input form is returned
uninflected, mirroring the fact that in wug tests, children who do not know how to inflect a wug
often repeat it uninflected (e.g., Berko 1958). For example, if the tree (20) is applied to the SG
wug [slAt], which has final stress and ends in a [+cor] segment, the left-most leaf matches. The
surface [t] will be parsed to /d/, and the inflection will yield /slAd@n/. ALTERTP can also inflect
a noun lemma into any paradigm slot by applying the same method iteratively for each feature
characterizing the target paradigm slot.

Uninflecting a noun. ALTERTP can also uninflect a noun for a particular feature (e.g., predict a
SG from a PL). To do so, ALTERTP searches the learned inflection tree’s leaves for any productive
leaf that predicts the input word’s ending (suffix). The suffix predicted by that leaf’s rule is then
removed. Any phonological rules (e.g., devoicing) that have been learned are then applied to predict
the SR. For example, if the tree (20) is applied to the PL wug [slAd@n], the [-@n] suffix matches and
is removed, yielding [slAd], which would then be devoiced to [slAt]. The same would apply to a
wug like [klat@n], only devoicing would not apply, yielding [klat].

Known Nouns. At each leaf, exceptions are lexicalized, meaning each (SRC, FEATS) pair is stored
with its full TGT form. To produce the inflected form of a known SRC, ALTERTP identifies the ap-
propriate node (as above) and checks the exceptions. If the SRC exists, the stored TGT is returned;
otherwise, the rule is applied. Stems, unless lexical exceptions, are stored in the lexicon with
the underlying form predicted by the grammar (i.e., surface faithful unless predicted to alternate).
ALTERTP does not predict that children produce voiced final obstruents in known words. Each
alternating noun either falls at a leaf where the alternation is productive or one where it is not. If
unproductive, then the stem form, stored surface-faithfully, is produced. If productive, then devoic-
ing has been learned and applies. Either way, the form produced will not violate the phonotactic
restriction. For discussion of predictions on wugs, see § 4.3.
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Figure 3: Diagram of ALTERTP’s recursive logic.

3.4 Model Summary

The model is summarized in Figure 3. ALTERTP recursively tries to separate triples that take the
same TGT from those that take a different one. Each split is necessary for the set of triples the model
is currently trying to account for, and recursion stops when the conditions leading to the current
recursive state (node) are sufficient for the TGT trying to be explained (or when no further splitting
is possible). Thus, the model learns necessary and sufficient conditions for each TGT. When trying
to explain a particular suffix, if enough of the triples taking that suffix alternate to prevent the suffix
from being sufficient, ALTERTP subdivides to separate the alternating from the non-alternating
triples; otherwise, the alternating exceptions are lexicalized. When ALTERTP finds necessary and
sufficient conditions for a TGT that includes stems alternating, ALTERTP then turns its attention to
learn the alternation for those stems.

Because ALTERTP incrementally partitions the input into subsets, represented by the leaves of
the tree, the alternation might be learned down some but not all branches, as in (20). That is, not
all nouns alternate, and ALTERTP learns the structural conditioning of that lexical variation. Thus,
even though the TSP is categorical, productivity is not all-or-nothing at the lexicon level; rather,
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it is conditioned by each subset of the partitioned lexicon. This is in the spirit of other work on
generalizations over sublexicons (e.g., Itô & Mester 1999; Gouskova et al. 2015).

4 Dutch and German Development

I now turn to how ALTERTP explains results from prior studies on the acquisition of Dutch and
German voicing alternations. I first describe the datasets and setup (4.1).

4.1 Data and Setup

4.1.1 Datasets

I constructed a Dutch dataset from the Van Kampen (Van Kampen, 2009) and Groningen (Bol,
1995) CHILDES corpuses (MacWhinney, 2014), which together contain child-directed speech
(CDS) for 9 Dutch-learning children, aged 1;05-6;0. After processing the dataset as described in
appendix B, it consists of 1562 (SRC, FEATS, TGT) triples, falling into 1051 unique noun paradigms.
The SRC and TGT are transcribed in IPA and the FEATS are PL/DIM and prosodic features (the place-
ment of stress in the lemma and whether the lemma is monosyllabic) believed to be acquired prior
to the ages being modeled. The triples are also annotated for token frequency.

For German, I extracted all CDS nouns from the Leo (Behrens, 2006) CHILDES corpus, which
contains CDS from 1;11 to 4;11. After processing the dataset (also described in appendix B), it
contains 9390 triples falling in 4195 noun paradigms. The SRC and TGT were again transcribed
in IPA and the triples annotated for token frequency. The FEATS consist of grammatical gender,
number (PL), and case.

4.1.2 Simulating Acquisition Trajectories

To simulate developmental trajectories for multiple learners, I took 30 random samples (using 30
seeds for pseudorandom initialization) of triples from each dataset; each sample was weighted by
triple token frequency. The sampled triples were added to a list of training items in the order they
were sampled, and ALTERTP was trained incrementally on this. Timepoints were inserted from 100
to 1500 in increments of 100 to produce a sequence of developmental timepoints for evaluating
learning models periodically during training. These increments were also used for batch learning
by the non-incremental comparison models (§ 4.1.3). The training set at each training size was
a proper subset of the next-larger training set (e.g., training size 400 contains all the words of
training size 300, plus 100 more). For each seed, the triples not sampled are test triples, available
for evaluating generalization behavior (§ 4.5). This sampling reflects the fact that, due to sparsity
§ 3.1, paradigms are not typically complete.
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In the results below, I report evaluation metrics against training size. The experiments primar-
ily compare to children age 2;6 and above. Szagun et al. (2006) estimated that German-learning
children know on average 429 (± about 100) words by age 2;6 and Bornstein et al. (2004) estimated
that across several languages (including Dutch), children’s vocabularies of 201-500 words contain
on average 54% nouns. Thus, 200 training triples is the chosen starting size for the experiments.
Due to the size of the Dutch dataset, the largest training size is 1500.

4.1.3 Comparison Models

To compare to the view of alternation learning that early acquisition of phonotactics underlies the
learning of phonological alternations, I used theUCLAphonotactic learner (Hayes&Wilson, 2008)
to learn a set of phonotactic constraints from the surface forms present in the training data. In
§ 4.3, I will describe how I used this model to evaluate a phonotactic-driven theory of alternations
against my proposal in reverse wug tests that evaluate Dutch-learners’ knowledge of devoicing.
Since the UCLA phonotactic learner is a model for learning phonotactics, it is not applicable to
the experiments involving morphological inflection; the results speak to the view of alternation
learning as arising from phonotactic knowledge, not the UCLA learner as a model of phonotactics.

I also chose a neural network to compare to, as an exemplar of connectionist approaches to ac-
quisition (Rumelhart & McClelland, 1986): a character-level, transformer-based encoder-decoder
model augmented to incorporate morphological features based on Wu et al. (2021)’s model, which
is commonly used in morphophonological tasks (e.g., Kodner & Khalifa 2022; Goldman et al.
2023). I will call this model NEURAL. I describe the implementation and hyperparameter tuning in
appendix C.

4.2 Lexical Knowledge of Alternation

One aspect of voicing alternation acquisition is lexical knowledge. This includes the ability to cor-
rectly produce the stem-final obstruent of PL nouns and the ability to recognize mispronunciations
of such obstruents. The former has been investigated in Dutch through corpus analysis of child
speech and elicitation studies, while the latter has been studied experimentally in an age-controlled
experiment comparing Dutch- and German-learning children. I will begin with the Dutch studies.

4.2.1 Voicing Error Rates on Alternating and Non-Alternating Plurals

Kerkhoff (2007:ch. 4) studied the rates of mispronunciations of stem-final [t] and [d] in PL nouns
in the CLPF corpus (Fikkert, 1994; Levelt, 1994), which contains productions from twelve Dutch-
learning children age 1;0-2;11. Kerkhoff reports that of 43 PL productions with stem-final [t] tar-
gets, 0 were incorrectly produced as *[d]. In contrast, 16/66 (24.2%) [d] targets were incorrectly
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Table 1: Summary of voicing error rates by Dutch-learning children for target [t] and [d] in pro-
ducing noun plurals. Column averages are given in the final row.

Source Type Age *[d] (target [t]) *[t] (target [d])

Kerkhoff (2007:tab. 17) Corpus 1;0-2;11 0.0% 24.2%
Zamuner et al. (2012) Elicitation 2;7-3;7 2.0% 15.5%
Kerkhoff (2007:ch. 5) Elicitation 3;0-7;0 3.1% 41.6%

Average 1.7% 27.1%

produced as *[t].
Zamuner et al. (2012) elicited [t] and [d] plurals from Dutch-learning 2;7 and 3;7 children.

They found 1% and 3% error rates for the respective ages for [t]-target plurals, compared to 24%
and 7% for [d]-target plurals. Kerkhoff (2007:ch. 5) performed a similar elicitation study, and found
2.8% (age 3;0), 4.6% (age 5;0), and 1.7% (age 7;0) voicing error rates for target [t], compared to
42.2%, 41.4%, and 40.8% for target [d].

These results are summarized in Table 1 (results are averaged across the age groups of children
in each study). Erroneous productions of *[d] for target [t] are rare, while productions of *[t] for
target [d] are comparatively common. The dominance of *[t] for target [d] errors could at least
in part be due to children’s lack of knowledge of the voicing alternation, perhaps indicating the
overapplication of a plural “add [-@n]” morphological rule that does not encode the alternation.

Given the substantial number of voicing errors, it is worth discussing the possible role of the ac-
quisition of the voicing contrast in the subsequent acquisition of the voicing alternation. Dutch is a
prevoicing language while German is an aspirating language (Buckler & Fikkert, 2016). In produc-
tion, Dutch-learning children accurately produce medial [t] by age 2;11 (van der Feest, 2007) and
medial [d] by age 4;5 (Kuijpers, 1993) (perhaps by 3;6, Zamuner et al. 2012). The Dutch-learning
children modeled below fall in the range 2;7-7;2, except for Kerkhoff’s study of voicing error rates
for age 1;0-2;11 children in the CLPF corpus. Based on the same CLPF corpus, van der Feest ob-
serves that for all medial [t]’s and [d]’s (not necessarily plurals), children more often produce an
incorrect *[t] for a medial [d] (28.4%) than the reverse (1.5%). This is the same pattern of errors
described above for stem-final [t]/[d] when in medial position in a plural. Thus, it is possible that
the earliest asymmetry in error types reported in the studies in Tab. 2 could at least in part be due
to the acquisition of the voicing contrast, rather than a reflection of the acquisition of the voicing
alternation. However, Kerkhoff’s elicitation study of plurals spans children age 3;0-7;0, well past
the age that children’s production of medial voicing is reported to be acquired. In fact, Kerkhoff
grouped 3-year-olds, 5-year-olds, and 7-year-olds, but found no effect of age, indicating that the
error asymmetry between medial [t] and [d] in plurals cannot simply be attributed to the general
medial voicing errors observed early in development.
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Furthermore, van der Feest concluded that, while voicing error rates in production occur, chil-
dren are representing the voicing contrast (evidenced by a perceptual study) by age 2;0, though
the perceptual study was limited to the contrast in initial position. Kerkhoff (2007) concludes that
the voicing contrast is acquired by around age 3. In the studies discussed below, Dutch children’s
knowledge (or lack thereof) of the voicing alternation persists well past this age, indicating that the
acquisition of the voicing alternation cannot simply be attributed to the acquisition of the voicing
contrast.

As far as I am aware, the acquisition of the voicing contrast in German has only been studied
in initial position. This prior research suggests that the contrast is acquired early, by around age
2 (Kager et al., 2007). Thus, the voicing contrast is probably acquired earlier in German than in
Dutch. However, the asymmetrical developmental trajectory of the voicing alternation persists well
past the age the contrast is acquired in both languages, even to adulthood (§ 4.4).

4.2.2 Knowledge of Which Nouns Alternate

In an age-controlled experiment, Buckler & Fikkert (2016) tested Dutch- and German-learning 3-
year-olds’ sensitivity to mispronunciations in alternating and non-alternating plurals. They used an
eye-tracking experiment that allows for inferring relative sensitivity to mispronunciations based on
the speed and duration of children’s looks to target items. They found a greater degree of sensitivity
to mispronunciations of both alternating and non-alternating plurals among the German-learning
children than the Dutch-learning children. This could indicate that German 3-year-olds have more
advanced knowledge of which nouns alternate and which do not than their Dutch peers.

4.2.3 Evaluating Model Lexical Knowledge of Alternation

To compare to Dutch child error rates, I probed each model at each training size and seed to predict
the PL of the 30 most-frequent /t/- and /d/-final nouns in the Dutch dataset. The children’s error
rates could in theory be comprised of a mixture of PL nouns that they know from experience and
those that they have predicted the form of despite not having learned it from experience. Evaluating
over a fixed set of PL nouns allows for simulating this, since some may be training items and some
unseen. Moreover, children’s rates were computed over tokens and some tokens may be retrieved in
whole rather than be derived via the grammar (Bybee, 1995). Using the fraction of errors rather than
absolute error rates allows for comparison between models and humans while factoring out these
aspects of production, which affect both types of errors. Thus, I computed the fraction of predicted
voicing errors that are /d/ → *[t]. Lastly, the studies of children did not find any significant trends
in errors with age, so I average error rates across training sizes and seeds.

Table 2 shows the average fraction of predicted voicing errors in Dutch that are /d/ → *[t] for
each model. Errors producing a *[t] for a target [d] amounts to generalizing the [-@n] suffix without
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Table 2: The fraction of predicted voicing errors for each model that are /d/ → *[t] rather than /t/
→ *[d]. For comparison, I show the average for children across studies.

Model Average Fraction /d/ → *[t] Errors

Human 0.9410

ALTERTP 0.9335
NEURAL 0.7110

applying a voicing alternation when one in fact occurs; producing *[d] for target [t] amounts to
over-applying the voicing alternation to a noun where it in fact does not occur. The vast majority
of ALTERTP’s voicing errors are /d/ → *[t], comparable to the relative error rates of children in
acquisition studies.

NEURAL also shows a discrepancy between error types, but its fraction of /d/ → *[t] errors is
well below children’s: it overextends the alternation too much.

To compare to Buckler & Fikkert (2016)’s children’s sensitivity to mispronunciations, I had
each model predict the PL nouns used by Buckler & Fikkert (see tables 4 and 6 of their paper).
Buckler & Fikkert identified these as nouns the Dutch and German children were likely to know,
but it is ultimately unknown whether every child in the study indeed knew all the words. Similarly,
by probing the models for predictions on these words, they are likely to be words seen during
training, but it is not guaranteed. I compute the accuracy of each model at predicting [t] vs. [d] for
these words in Dutch and German.

Figure 4 shows the model accuracies at predicting the stem-final stop voicing of Buckler &
Fikkert’s stimuli (error bands are 95% confidence intervals). The ALTERTP models trained on Ger-
man correctly predict voicing for a substantially higher fraction of nouns than the Dutch-learning
models. This is consistent with Buckler & Fikkert (2016)’s finding that German-learning 3-year-
olds show better knowledge of which nouns alternate than Dutch-learning 3-year olds. NEURAL
also matches this result.

4.3 Productivity of Devoicing

Another aspect of knowledge of the voicing alternation is the productivity of devoicing. Zamuner
et al. (2006), Kerkhoff (2007:sec.6.2), and Zamuner et al. (2012) performed reverse Wug tests for
Dutch-learners, which involve asking participants to produce or identify the SG form of a PL wug,
flipping the classic SG→ PL direction (Berko, 1958). Example stimuli from Zamuner et al. (2006,
2012) (stimuli were comparable in Kerkhoff 2007) are in (24). Some wugs had stem-final voiced
obstruents (24a), others voiceless (24b).
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Figure 4: Accuracy on Buckler & Fikkert (2016)’s Dutch and German nouns.

(24) a. [slAd@n]
[kEd@n]

b. [klat@n]
[jIt@n]

Zamuner et al. (2006) performed an identification reverse wug test, where age 2;7-3;7 Dutch-
learning children were auditorily presented a PL wug together with two images of an imaginary
animal. The children were then presented three images—the same PL image, a SG version of the
image, and a SG distractor image of another animal—and asked to identify the SG, which they heard
auditorily. For example, “These are two [slAd@n]” followed by, “Can you find the [slAt]”?

Zamuner et al. (2012) carried out a production version of the same experiment with children
of the same age, asking them to produce the SG. For example, “These are two [slAd@n]” followed
by, “What’s this?”. Kerkhoff (2007:sec.6.2) performed a similar production reverse wug test on
children 3;1-6;0 and adults.

Since identifying or producing the SG wug involves morphologically decomposing the PL wug
into a stem and [-@n] suffix, which is a familiar suffix to Dutch-learning children, this task is similar
to experiments testing children’s ability to morphologically decompose wugs inflected with a fa-
miliar suffix. In those experiments, children robustly demonstrate an ability for such morphological
decomposition (Marquis & Shi, 2012; Ladányi et al., 2020) as early as 0;6 (Kim & Sundara, 2021).
For non-alternating wugs, the task involves only morphological decomposition, but for alternating
wugs, it also requires productively devoicing the final obstruent, which removing [-@n] strands in
final position. Thus, if children have learned a productive devoicing process, they should perform
comparably across alternating and non-alternating trials.

Table 3 summarizes the results from these reverse wug tests. Children appear to have difficulty
with the tasks overall, but they were substantially better at the identification task than the production
task (an example of the common comprehension/production asymmetry). Importantly, in every
experiment and at every age, children were statistically significantly better at identifying/producing
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Table 3: Summary of prior study reverse wug test results. The last two columns show the aver-
age accuracy at identifying/producing the anticipated singular for Non-Alternating and Alternating
wugs. “Average” rows are column averages for each task.

Source Task Age Non-Alter Alter

Zamuner et al. (2006:tab.2) Identification 2;7 0.67 0.50
Zamuner et al. (2006:tab.2) Identification 3;7 0.50 0.43

Average 0.59 0.47

Zamuner et al. (2012:tab.4) Production 2;4 0.22 0.14
Zamuner et al. (2012:tab.4) Production 2;7 0.17 0.13
Zamuner et al. (2012:tab.4) Production 3;7 0.44 0.23
Zamuner et al. (2012:tab.4) Production 4;8 0.38 0.13
Kerkhoff (2007:tab.39) Production 4;8 0.53 0.31

Average 0.35 0.19

Kerkhoff (2007:tab.42) Production Adults 0.99 0.93

the SG for non-alternating than alternating wugs. This suggests, at least until age 4;8, a lack of a
robustly productive devoicing process, which—if present—should have yielded comparable results
for the two wug types. Since adults show much better performance in the alternating condition, it
is likely that productive devoicing is eventually acquired. No reverse wug test studies are available
for German.

4.3.1 Evaluating Productivity of Devoicing in Models

To evaluate the productivity of devoicing, I had each model predict the SG form of the PL wugs
from Zamuner et al. (2006, 2012). I interpret model predictions in terms of the identification task,
since children were overall better at it, but this choice is unimportant since the children’s trend was
the same in both tasks. If a model-predicted SG did not match the SG spoken by the experimenter,
the identification was left to a random guess. I used a 0.5 probability of guessing the correct form
when the predicted SG did not match, since children had three image choices, but never chose the
distractor.

ALTERTP predicts the SG as described in (3.3.5). So long as a [-@n] rule is learned, non-
alternating forms like [slAt@n] are mapped to [slAt] and are correctly identified. Alternating forms
like [slAd@n] are mapped first to /slAd/, stranding [d] in final position. If ALTERTP has learned
the [d] ∼ [t] alternation at some node, then it will have also learned a devoicing rule, which leads
ALTERTP to predict [slAt]. If ALTERTP has not yet learned a devoicing rule, then the prediction
will not match the expected SG.

For NEURAL, when training on Dutch, I augmented the training data with a SG → PL pair for
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each training PL→ SG pair so that themodel was also trained for predicting SG forms fromPL forms.
NEURAL was then prompted to predict the SG for each PL wug; predicted forms that matched the
SG wug (i.e., had a final [t]) were treated as correct identifications.

I also trained the UCLA phonotactic learner on the surface forms for all the training nouns at
each training size and each seed, each time yielding a set of phonotactic constraints. Then, for each
PL wug, I generated two candidate forms for the SG by removing the [-@n] suffix: one with a final
[d] and one with a final [t] (e.g., [slAd@n] to [slAd] and [slAt]). I then ran these through UCLA’s
phonotactic grammar to generate a harmony score for each. If the form spoken by the experimenter
(the [t] form) had a higher harmony score, it was deemed that the model correctly identified the
SG.

Any model failing to predict a final [t] for an alternating wug should not be taken as a prediction
that children would produce such forms. Indeed, in the production reverse wug tests, children
never did so. This could be interpreted as evidence that they know the phonotactic restriction,
but it is not evidence that they know devoicing, since we would then expect children to produce a
devoiced form. Instead, children consistently repeated the plural (Kerkhoff 2007:p.224; Zamuner
et al. 2006:p.491). This is consistent with ALTERTP, which does not predict a lack of phonotactic
knowledge, but rather that knowledge of phonotactics does not automatically trigger alternation
learning.

Figure 5 shows accuracies at identifying the SG. ALTERTP consistently matches children’s
asymmetry between non-alternating and alternating wugs until 600-700 training triples, where AL-
TERTP comes to consistently learn devoicing. This aligns with both the fact that children show
limited command of devoicing (hence an asymmetry) and that adult performance (0.93 accuracy)
suggests that devoicing is eventually acquired. Indeed, Kerkhoff (2007:p. 15) argues that devoicing
in loanwords also provides evidence of its eventual productivity.

NEURAL shows a slight asymmetry at most training sizes. UCLA’s accuracies are always 1.0
for both wug types because it always learns a constraint against voiced final obstruents and con-
sequently always assigns higher harmony scores to the [t]-final SG than the [d]-final competitor.
This failure to produce an asymmetry aligns with Zamuner et al. (2006:p. 495)’s conclusion, “we
found little evidence that the early acquisition of phonotactics is generalized to the acquisition of
morphophonological alternations.”

Model accuracies are mostly higher in absolute terms than those of the children, indicating the
overall difficulty of the task for children.

4.4 Productivity of Alternation

The final type of knowledge tested concerns the productivity of the voicing alternation. That is,
not all nouns with obstruent-final SG forms alternate; if presented with an obstruent-final SG wug,
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Figure 5: The fraction of PL wugs for which each model correctly identified the SG. Orange shows
alternating wugs (e.g., [slAd@n]); black shows non-alternating wugs (e.g., [slAt@n]).

do learners expect it to alternate? This question has been studied for Dutch (Zamuner et al. 2006;
Kerkhoff 2007:ch.5), and German van de Vijver & Baer-Henney (2014) using SG-to-PL wug tests.

A summary of results from prior wug tests is provided in Table 4. German learners extend the
alternation to wugs at much higher rates than comparably-aged Dutch learners. Productivity of the
alternation is highly restricted for Dutch learners, as children and adults rarely extend it to wugs.
Even adult Dutch speakers only extend the alternation 2.3% of the time.

Zamuner et al. (2006) performed an identification Wug test where 2;7-3;7 year old Dutch-
learning children were asked to identify a PL image of a wug SG: for example, “This is a [slAt]”
followed by “Can you find the [slAd@n]?”. Children at both ages were worse at identifying the
plural for alternating than non-alternating wugs (0.75 alternating vs. 0.59 non-alternating accuracy
at 2;7 and 0.7 alternating vs. 0.57 non-alternating accuracy at 3;7). These corroborate, from a
comprehension perspective, the conclusion of limited productivity in the production Wug tests.

Similarly, Kerkhoff (2007:ch. 6) performed an acceptability experiment, in which children were
presented a SG wug and then its PL with an alternation and asked whether the word was correct—
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Table 4: Summary of wug test results from prior studies. Column “Alternation %” gives the per-
centage of wugs for which participants produced a voiced obstruent in the PL.

Source Language Age Alternation %

Kerkhoff (2007:tab.23) Dutch 3;4 3.5%

Kerkhoff (2007:tab.23) Dutch 5;2 3.5%
van de Vijver & Baer-Henney (2014:tab.4) German 4;9 32%

Kerkhoff (2007:tab.23) Dutch 7;2 1.9%
van de Vijver & Baer-Henney (2014:tab.4) German 7;1 21.4%

Kerkhoff (2007:tab.35) Dutch Adults 2.3%
van de Vijver & Baer-Henney (2014:tab.4) German Adults 12%

for example, “This is a [slAt]” followed by “Now there are two, are they [slAd@n]?” The rates
of acceptance were compared to a place alternation [t] ∼ [p] (e.g., [slAp@n]) that is unattested in
Dutch. The children (aged 3;1 to 4;0) accepted the (voice) alternating PL forms 47% of the time,
but also accepted the place alternating PL forms 37% of the time, which was not a statistically
significant difference. Again, these results are consistent with the conclusion that the alternation
has very limited productivity for children.

4.4.1 Evaluating Productivity of Alternation in Models

To compare the models to these Wug test results, I probed each Dutch-learning model to predict
the PL for each wug from Zamuner et al. (2006, 2012) and from Kerkhoff (2007:p. 295), and each
German-learning model to predict the PL for each wug from van de Vijver & Baer-Henney (2014).
I computed the fraction of predictions for which each model predicted a stem-final voiced obstruent
in the predicted PL.9 German nouns have gender, but it is not clear how the participants in van de
Vijver & Baer-Henney (2014)’s study interpreted the wugs’ gender, or if they were cued to gender
by a determiner.10 Consequently, I had each model make predictions for the wug one time for each
gender and then sampled a prediction, for ALTERTP weighted by the scope of the rule that produced
it, and, for NEURAL, uniformly.

9 Not all the German wugs were obstruent-final. The denominator was the number of obstruent-
final nouns for which the model predicted a form different from the SG, since only those potentially
alternate. Through correspondence with van de Vijver & Baer-Henney, I confirmed that this is also
how they computed the fraction.

10 German uses different determiners (der/die/das) for different genders. van de Vijver & Baer-
Henney do not report which they used to present wugs and it is not clear that participants would
use the determiner anyways, rather than using the phonology of the wug to guess gender (Zaretsky
& Lange, 2015; Belth et al., 2021).

28



250 500 750 1000 1250 1500
Training Size

0.0

0.2

0.4

0.6

0.8

1.0
Fr

ac
tio

n 
of

 W
ug

s 
A

lte
rn

at
in

g Dutch
German

(a) ALTERTP

250 500 750 1000 1250 1500
Training Size

0.0

0.2

0.4

0.6

0.8

1.0

Fr
ac

tio
n 

of
 W

ug
s 

A
lte

rn
at

in
g

(b) NEURAL

Figure 6: The fraction of wugs for which each model predicted an alternation. The dashed lines
show averages of human alternation rates. ALTERTP tightly matches human alternation rates in both
languages.

Figure 6 shows the results for Dutch (orange) and German (black), where the 𝑦-axis shows
the fraction of wugs that each model predicted to alternate. The dashed lines show the average
alternation rates for children.

ALTERTP predicts the difference betweenDutch andGerman alternation rates and tightlymatches
the average children’s alternation rates for both languages (2.8% and 26.7%, respectively). The
close match to German children’s alternation rates, which are well below 100%, suggests that
ALTERTP’s learned structural conditioning for the lexical variation underlying the alternation is
compatible with what children learn (see § 4.5 for an example learned tree). Moreover, there is
no upward trend with training size for Dutch, consistent with the fact that Dutch-speaking adults
extend the alternation at a comparable rate to children.

NEURAL shows a difference between Dutch and German alternation rates, but is far more likely
to extend the alternation in both languages than children were.

Though there were few instances of children extending the alternation productively, Kerkhoff
(2007) reported the fraction of alternating responses for each wug rhyme type. The most common
context for children’s alternating responses was a final [t] following a nasal. This is likewise the
most common context where ALTERTP sometimes learns the alternation productively. This is be-
cause alternating nouns are disproportionately common in this context in Dutch (Kerkhoff:ch. 4),
and ALTERTP sometimes identifies this context as predictive of the alternation. Table 5 shows,
across rhyme types, the correlation between the alternation rates reported by Kerkhoff and those
produced by each model. ALTERTP has the highest correlation, whether measured under an as-
sumption of a linear relationship (Pearson’s 𝑟) or just a monotonic relationship (Spearman’s 𝜌).
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Table 5: Correlations, across wug rhyme types, between the fraction of alternations produced by
children (Kerkhoff, 2007) and the fraction of alternations predicted by models.

Model Pearson’s 𝑟 Spearman’s 𝜌

ALTERTP 0.747 (𝑝 < 0.01) 0.674 (𝑝 < 0.01)
NEURAL 0.499 (𝑝 = 0.04) 0.650 (𝑝 < 0.01)

4.5 Example Inflection Trees and Generalization Performance

I give example inflection trees that ALTERTP learned for Dutch and German, each after training on
300 triples. The Dutch tree (Fig. 7) contains twomain branches, one for DIM nouns and one for non-
DIM. The DIM branch contains rules for [-j@] and [-tj@] but not the other DIM allomorphs, which is
consistent with the fact that [-j@] and [-tj@] are acquired earliest (Os & Harder, 1987; Van Tuijl &
Coopmans, 2021); ALTERTP indeed begins learning the other allomorphs at larger training sizes.
As expected, the choice between [-@n] and [-s] PL suffixes (right of tree) is determined by prosodic
features of the stem. No leaf in this tree triggered the alternation to be learned—all alternating
nouns are lexicalized as exceptions to one of the productive nodes. It is common, across training
sizes and seeds, for most Dutch alternating nouns to be lexicalized. However, by the largest training
size (1500), the alternation is sometimes learned for some restricted classes of words, in particular
where a [t] is preceded by a nasal (see § 4.4.1), which causes devoicing to be consistently learned.

The German tree (Fig. 8, “*” marks unproductive nodes) is large, due to the complex condition-
ing factors of the various suffixes, but familiar generalizations are present, like the early split on
F (feminine) and the narrow applicability of [-s] and [-5] (-er) (Marcus et al., 1995; Wiese, 1996;
Yang, 2016). Unlike Dutch, the German tree contains a number of leaves where the alternation
was learned (marked with “+alter” and highlighted in orange). These leaves will map stem-final
obstruents to non-surface-faithful URs. The greater presence of “+alter” leaves for German than
for Dutch, indicates that in German, where alternations are more prevalent (§ 2), ALTERTP more
often needed to recursively subdivide to separate alternating from non-alternating words in order
to construct sufficient morphophonological generalizations.

I also evaluated the overall generalization ability of ALTERTP. Since ALTERTP demonstrated
limited productivity of the alternation for Dutch, its learned generalizations will predict few alter-
nations for test words. If generalization accuracy for Dutch is nevertheless high and productive
rules cover most nouns, this supports the argument that alternations may be a small enough corner
of the nominal system to be largely tolerated as exceptions.

Figure 9a shows ALTERTP’s accuracy predicting held-out (not seen during training) test forms
for Dutch and German. The dashed lines show NEURAL’s accuracy for comparison. On both lan-
guages, ALTERTP achieves reasonably high accuracy. It is not possible to compare to children’s
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generalization accuracy because production errors do not transparently reveal a child’s grammar.
However, compared to NEURAL, ALTERTP’s accuracies are higher or comparable, including for
Dutch, where it reaches around 0.9. NEURAL achieves similar accuracy at larger training sizes, but
over-predicts the voicing alternation (Tab. 2 and Fig. 6b).

While it is difficult to interpret the reasons for NEURAL’s behavior due to the opaqueness of
neural models, it clearly deviates from ALTERTP and from children in its higher tendency to over-
apply the voicing alternation. This was observed in § 4.2.2, where NEURAL erroneously produced
*[d] for non-alternating [t] at a higher rate than ALTERTP and children did, and in the wug test
in § 4.4.1, where NEURAL applied the alternation in both Dutch and German at higher rates than
ALTERTP and children did. Because alternating nouns are exceptions to morphological general-
izations that do not incorporate the alternation, underapplication of a voicing alternation is a form
of overregularization (e.g., analagous to the English past tense) whereas overapplication is a form
of overirregularization. Thus, NEURAL’s extensive overapplication of the voicing alternation is
reminiscent of a tendency to overirregularize. While overregularization is typically much more
common than overirregularization in child development, neural network models are consistently
prone to excessive overirregularization (Kodner et al., 2023; Payne & Kodner, 2025). The fact
that ALTERTP is similar or higher in accuracy while better-matching children’s knowledge of the
voicing alternating supports its proposal that the alternation is only learned to the extent needed to
support morphological generalization.

Figure 9b shows the fraction of training items that are covered (i.e., not lexicalized) by AL-
TERTP. Dashed lines show what coverage would be if no alternating nouns were learned. German’s
coverage is lower overall because of the large number of suffixes and complexity of condition-
ing factors. However, the solid and dashed lines are nearly identical for Dutch but not German:
predicting alternating forms is more important for German.

These trees and plots are consistent with the argument that Dutch voicing alternations form
a comparatively small corner of the lexicon, which can largely be lexicalized without hindering
generalization.

5 Conclusion

This article proposed a theory of the acquisition of Dutch and German noun morphophonology.
In the proposal, learners’ representations are initially concrete (Richter, 2021) and item-specific,
similar to usage-based theories (Bybee, 2010). Learners’ first morphological generalizations are
over these representations, but resulting rules may break down in the face of alternations. If the
alternations are prevalent enough, then I proposed that learners construct new representations for
alternating stem-final obstruents, treating them as elements of comparatively abstract categories.
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Figure 7: Example Dutch tree learned by ALTERTP.

This allows the alternation to be learned. On the other hand, if alternations are marginal, then this
refinement does not occur and the representations remain concrete.

Implemented as a learning model, the proposal provides a possible explanation for the differ-
ent developmental trajectories of Dutch- and German-learning children. It suggests that Dutch
learners encounter the need to construct non-surface-faithful representations less rapidly and in
more restricted cases than their German-learning peers, who more rapidly expand their hypothesis
space to incorporate the alternation. Thus, the proposal provides a learning-based approach to the
Kiparskian question of how abstract phonology is.

The proposal argues that it is the breakdown of morphological generalizations, rather than prior
knowledge of phonotactics, that triggers the learner to attend to learning alternations, even when
phonotactics motivate those alternations. This indeed appears to be the case: Dutch-learning chil-
dren show no evidence of phonotactics mediating the acquisition of the alternation. This was a
central conclusion of Zamuner et al. (2006:p. 495), “we found little evidence that the early acqui-
sition of phonotactics is generalized to the acquisition of morphophonological alternations” and
Kerkhoff (2007:p. 258), “even if voicing neutralisation is acquired by Dutch children (reflecting
both language specific phonotactics and phonetic naturalness), there is no evidence that this knowl-
edge is subsequently applied to the acquisition of alternations.” While some artificial-language-
learning studies have found a difference in learning performance between alternations that align
with phonotactics vs. those that do not, (Pater & Tessier, 2005; Chong, 2021; Kuo, 2024), learn-
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Figure 8: Example German tree learned by ALTERTP.

ers in laboratory settings still do not generalize from phonotactic knowledge to alternations when
the alternation was not present during training (Chong, 2021). Other studies have not found an
effect of phonotactics at all (Do & Yeung, 2021). Beyond the laboratory, the present case of nat-
ural language acquisition suggests that—whatever the effect of phonotactics in laboratory settings
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Figure 9: Accuracy on held-out test words and productive coverage of training items.

may be—it is premature to conclude that phonotactic knowledge is a central mechanism behind
alternation learning.

5.1 Approaches to UR Learning

A number of proposals have been made for learning morphophonological grammars in tandemwith
URs. Many of these models use some combination of maximum entropy learning and expectation
maximization (Jarosz, 2006, 2013; Pater et al., 2012; O’Hara, 2017; Nelson, 2019; Wang & Hayes,
2025). Other models use the Minimum Description Length principle (Rasin et al., 2020, 2021) or
Bayesian inference (Cotterell et al., 2015; Ellis et al., 2022). Some use constraint-based formalisms
(Kager, 1999; Tesar, 2013; Nyman & Tesar, 2019). Hua et al. (2020) proposed a model under the
assumption that the target grammar falls in the Input Strictly Local class of functions (Chandlee
& Heinz, 2018). These models typically specify a hypothesis space of URs and grammars, and
either formulate learning as joint inference over the hypothesis spaces or iterate between inference
of URs and inference of grammars. They often make the assumption that morphological paradigms
are complete, which changes the nature of the learning problem from that indicated by empirical
studies of paradigm sparsity (3.1). Jarosz (2011) applied Jarosz (2006)’s learning model to Dutch
voicing alternations, training the model on 6 exemplar Dutch nouns and finding that the model
matched basic trends in voicing error rates for target [t]’s and [d]’s. The model was not applied to a
corpus or to wugs, so it is not clear whether the model would match further developmental facts in
Dutch or the asymmetries between Dutch and German. Most of these models solve small problem
sets and are not expected to scale unaltered to natural-language-acquisition-scale settings, with
Cotterell et al. (2015) being a notable exception. However, Cotterell et al.’s code is not available for
comparison. Thesemodels differ fromALTERTP because they chooseURs based on an optimization
problem, whereas ALTERTP constructs more abstract representations only when surface-faithful-
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representations are not sufficient to support generalization. Moreover, these models are sometimes
referred to as attempting to solve the hidden structure problem (Jarosz, 2019), called such because
abstract representations are viewed as presenting a learning challenge. Core to the present proposal
is the idea that learners construct non-surface-faithful URs precisely when they help generalization
succeed, mirroring in learning terms the typical reason that linguists propose them: to capture
productive generalizations (Hyman, 2018).

5.2 Future Directions

Ernestus & Baayen (2003) report an overall adult productive generalization rate of 25.4% for verbs
(combining numbers from their tables 6-7), which is much higher than the 2.3% rate for nouns
(§ 4.4) and suggests that there are important differences between nouns and verbs. Ernestus &
Baayen identified a number of properties of verbs (e.g., the identity of the final obstruent and the
quality of the preceding vowel) that are predictive of whether they alternate and argued that these
factor into wug responses. These features are precisely the sort that ALTERTP uses to partition the
input into the categories over which it forms generalizations. I plan to extend the proposal to Dutch
verbs, with the hypothesis that the alternation will emerge as productive for more subcategories of
verbs than nouns.

It is also important to study the acquisition of more alternations, as acquisition research has dis-
proportionately focused on phonotactics. A handful of studies on alternations do suggest that some
are productive at relatively young ages. Vowel harmony alternations in Hungarian (MacWhinney,
1978) and Turkish (Altan, 2009), as well as tone sandhi in Mandarin (Tang et al., 2019), show pro-
ductivity before age 3. These processes are arguably more complex than the voicing alternations
discussed here, since they involve non-local dependencies and/or abstract prosodic or autosegmen-
tal structure. Thus, we should continue researching the formal and language-internal properties
that influence alternation acquisition.
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A Constructing FORMFEATs

ALTERTP creates an initial FORMFEAT containing any SRC-final-segment where having it as the final
segment is a sufficient predictor of being in𝑇 . If the resulting FORMFEAT is necessary and sufficient
for being in 𝑇 , then it is added to the set 𝐹 of features under consideration. Otherwise, the set of
endings that were not sufficient predictors is used to form new tier representations for each SRC by
excluding any segment in the SRC that is not a sufficient predictor of the TGT. The process then
repeats based on the final segments of the new representation. Iteration terminates either when
the resulting set of endings is a necessary and sufficient predictor or when enough segments are
excluded from the representation that nothing is projected. In our example, all 𝑇 triples end in {k,

t, m, s} and none of the (12c) triples do, so this set of endings is necessary and sufficient for 𝑇 .
If the above procedure fails to find a necessary and sufficient FORMFEAT, then a FORMFEAT is

instead formed by adding any segment that is the final segment of more SRC forms in 𝑇 than SRC
forms not in 𝑇 . If this feature is necessary, it is added to 𝐹.

When a FORMFEAT is added to 𝐹, ALTERTP first tries to form a natural class for the endings in
the feature by the same mechanism used in Belth (2023a) and subsequent work: distinctive features
shared by all segments in the set are incrementally added to an initially-empty natural class in the
order of the number of triples not in 𝑇 they remove, until no further removal is possible. If the
segments do not form a natural class or the natural class breaks sufficiency, the set of segments
is used extensionally. In our example, the endings {k, t, m, s} are all non-laterals, and adding
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[−lat] removes one (12c) triple, which ends in lateral [l]. Because [m] and [r] are both sonorants,
no further features are added. However, the feature is still necessary and sufficient (3 ≤ 𝜃10 = 4.3)
and is thus added to 𝐹.

B Dataset Creation

I constructed a Dutch dataset from the Van Kampen (Van Kampen, 2009) and Groningen (Bol,
1995) CHILDES corpuses (MacWhinney, 2014), which together contain child-directed speech
(CDS) for 9 Dutch-learning children, aged 1;05-6;0. I extracted all CDS words annotated as nouns
on the %mor tier and computed each noun’s token frequency across the two corpuses. The %mor
tier marks the plurality of nouns, but not whether they are diminutives. However, the %mor tier lists
lemmas (e.g., koek for koekje “cookie-DIM”), albeit with some inconsistency for diminutives. To
improve the quality of the data, I followed Van Tuijl & Coopmans (2021) in extracting lemmas from
the online platform PaQu (Odijk, 2015), and then used the features and lemmas from CHILDES
and PaQu to infer the features PL and DIM. Any inconsistencies between CHILDES and PaQu
were discarded (2.7% of nouns). I then organized nouns by paradigm (i.e., grouping nouns with
the same root) and dropped any nouns for which only a single paradigm form was present (over-
whelmingly low-frequency words), since no generalization is possible from such words. From
CELEX (Baayen et al., 1996) I extracted IPA transcriptions and prosodic features (the placement
of stress in the lemma and whether the lemma is monosyllabic). I normalized transcriptions be-
tween the lemma and inflected forms, except for the voicing alternation, since other stem changes
(e.g., vowel length differences) are orthogonal to the present study. This yielded a dataset of 2727
unique nouns, falling into 1051 paradigms. These were organized into (SRC, FEATS, TGT) triples
by taking, from each paradigm, every pair of words where the second word is formed by marking
one feature beyond the first word (i.e., lemma → PL, lemma → DIM, and DIM → PL DIM). Each
triple was assigned a weight equal to the probability of both the SRC and TGT being sampled in a
frequency-weighted sample. Due to incomplete paradigms, this produced 1562 triples.

For German, I extracted all CDS nouns from the Leo (Behrens, 2006) CHILDES corpus. I
retrieved noun lemmas and grammatical gender from the %mor tier, resolving any inconsistencies
of gender by choosing the most-frequently-annotated gender for each lemma. I computed the token
frequency of each noun lemma. To improve the data quality, I intersected the resulting lemmas
with Unimorph 4.0 (Batsuren et al., 2022) and, for each matching lemma, looked up the inflected
form of each case (NOM, Acc, GEN, DAT) in both SG and PL. I extracted the NOM SG and PL, to-
gether with any non-NOM SG forms that differed from the NOM;SG and any PL forms that differed
from the NOM;PL form. I then computed the frequency of each inflectional category in Leo and dis-
tributed the lemma frequencies proportionately across the forms extracted from Unimorph. Lastly,
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I converted all nouns to IPA using Epitran (Mortensen et al., 2018) and, like Dutch, normalized
transcriptions between the lemma and inflected forms (except for the voicing alternation) and an-
notated nouns with the same prosodic features as for Dutch (except stress placement, which was
unavailable). This resulted in a dataset of 14340 unique noun forms belonging to 4195 paradigms.
These were organized into (SRC, FEATS, TGT) triples in the same way as the Dutch dataset, producing
9390 triples.

C NEURAL Hyperparameter Tuning

For the NEURAL comparison model, I used the Yoyodyne implementation from Gorman et al.
(2024). I tuned hyperparameters (embedding size ∈ {256, 512}, encoder/decoder layers ∈ {1, 2},
attention heads ∈ {4, 8}, and learning rate ∈ {0.001, 0.0001}) for each evaluation size and seed by
forming an 80/20% train/validation split of the training triples, and then performing a grid search
over the hyperparameter options by training on the 80% and evaluating generalization on the 20%.
The hyperparameter combination that produced the best validation accuracy was then used to train
a model on the full, recombined 80% and 20%.
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