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Abstract: Hungarian shows variable front vowel harmony, particularly in suffixed
back vowel + [¢] nouns. The study aims to address two main research questions: (1) To
what extent does stem-level information (similarity across stems) predict suffix
variation for back vowel + [€] stems in Hungarian corpus data? (2) Do suffixes
themselves predict suffix variation beyond the stem-level information? We draw on
a dataset of 200 noun stems, 4,501 suffixed forms and 4 x 10° tokens, based on the New
Hungarian Webcorpus, and use a K-Nearest Neighbours learner and a hierarchical
generalised linear model to address these questions. We find that the majority of
back vowel + [¢] stems show variable vowel harmony, that this depends on stem
similarity and that similarity effects are amplified by vowel-initial suffixes. This
points to a model of Hungarian vowel harmony in which stem- and suffix-level
information are lexically specified.

Keywords: vowel harmony; Hungarian; learning models; mental lexicon

1 Background

Hungarian shows active vowel harmony: the last vowel of the stem regularly
determines the suffix vowel. This paper is about back/front harmony, where a back
stem vowel selects for a back suffix vowel and a front stem vowel selects for a front
suffix vowel. Back/front harmony shows individual and lexical variation.

The Hungarian vowel system can be seen in Table 1, adapted from Siptdr and
Torkenczy (2000). There is an unrounded and a rounded set of high and low front
vowels, while roundedness is not phonologically relevant for back vowels. All vowels
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Table 1: Hungarian vowels.

DE GRUYTER MOUTON

Front Back
Unrounded Rounded
High i ir y y: u:
Mid e [} a: 0:
Low € a:

have long-short pairs. The pairs [€]/[e:] and [p]/[a:] are different in both length and
quality: [e] is lower than [e:] and [a:] is lower than [o] (the latter, phonetic, distinction

is not marked in the table).

In traditional descriptions, front unrounded vowels, marked in grey in Table 1,
are seen as neutral with respect to back/front harmony.
In practice, stems vary. Siptar and Térkenczy (2000) provide a typology of this
variation. They distinguish four stem classes of interest. We adopted their system

with slight changes, as seen in Table 2.

i. Simple harmonic stems consist of only front or back vowels, and select for a front

or back suffix, respectively.

ii. Complex harmonic stems contain both front and back vowels, and suffix vowel is
selected for by the final vowel of the stem.
iii. Simple neutral stems contain back vowels with a final neutral front vowel and

also select for back suffixes.

iv. Complex neutral stems have back vowel(s) + front low unrounded [g], which
vacillates as a neutral vowel. (We ignore the behaviour of the other front vowels
here.) The extent of this vacillation depends on stem type.

Table 2: Hungarian back/front harmony.

Class Subclass Stem Dative Gloss
i. Simple harmonic kosoru: kosoru:-nok wreath
kosory: kesory:-nek grinding wheel
ii. Complex harmonic nyons nypns-nok nuance
Jofa:r Jofg:r-nek chauffeur
iii. Simple neutral popizr popi:r-nok paper
ka:ve: ka:ve:-nok coffee
iv. Complex neutral a. True neutral hover hover-nok pal
b. Disharmonic ko:deks ko:deks-nek codex
¢. Vacillating dzungel dzungel-nok/nek jungle
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(@) True neutral stems have back vowels + [€] and predominantly select for a
back suffix.

(b) Disharmonic stems have back vowels + [¢] and predominantly select for a
front suffix.

(c) Vacillating stems have back vowels + [€] and are widely attested with both
back and front vowel suffixes.

Across- and within-stem variation in the complex neutral class is shaped by the
phonological composition of the stem. As Hayes et al. (2009) find, back vowel + [¢]
stems are more likely to prefer front suffixes if the stem ends in a hilabial stop, a
sibilant, a coronal sonorant or a consonant cluster. Native speakers carry over these
patterns to non-word stems in a Wug task (Berko 1958), leading Hayes et al. to
stipulate that these consonantal triggers, and, broadly speaking, specific phonolog-
ically unnatural patterns, have to be represented in the speaker grammar.
Within-stem variation is driven by one additional factor, the suffix-initial vowel.
Most suffixes exhibit back/front harmony: they agree with the last vowel of the stem.
In addition, some suffixes are always consonant-initial, while others have a linking
vowel with consonant-final stems. Some suffixes are always vowel-initial. This can be
seen in the example of the dative, the plural and the causalis in Table 3.
— The dative has a front- and back-vowel alternant. It is always consonant-initial.
—  The plural has a linking vowel if the stem ends in a consonant. The linking vowel
is front or back, depending on the stem.
— The causalis always has a front vowel. It is always vowel-initial. (There exist
vowel-initial suffixes, like the essive, that do harmonise with the stem.)

The presence and quality of the suffix-initial vowel can be predicted from the
morphophonology of the stem and the suffix, to an extent (see Rebrus et al. 2024).
Descriptions of Hungarian would make a difference between a linking vowel (pre-
sent with a consonant-final stem) and a suffix-initial vowel. We only make a
distinction between consonant-initial and vowel-initial suffixes. (Note that, as we will

Table 3: Stems and suffix-initial vowels.

Stem type Stem Dative Plural Causalis Gloss
C-final back larn la:p-nok la:p-ok la:p-e:rt girl

C-final front lexp le:p-nek le:n-ek le:p-e:rt being
V-final back hollo: hollo:-nok hollo:-k hollo:-e:rt raven

V-final front hylla: hyllg:-nek hyllg:-k hyllg:-e:rt reptile
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see, all the stems in our analysis are consonant-final, so linking vowels will always be
present).

Rebrus et al. (2024) argue that the complex neutral stems under (iv) in Table 2 all
show variation to some extent and that this partly depends on the suffix. According to
this account, the true neutral class (iva) has examples of both back and front vowel
suffixes. It is much more likely to select for a back vowel with a vowel-initial suffix,
such that front [hover-ek] (pal-pl) is much less likely than front [hover-nek] (pal-dat).
Conversely, the disharmonic class (ivb) also has examples of both back and front
vowel suffixes. It is much more likely to select for a front vowel in a vowel-initial
suffix, such that back [ko:deks-ok] (codex-p1) is much less likely than back [ko:deks-
nok] (codex-dat).

Active vowel harmony in Hungarian has received considerable attention in the
literature (Goldsmith 1985; Hayes et al. 2009; Kertész 2003; Rebrus et al. 2012; Siptar
and Torkenczy 2000; Torkenczy 2011; Van der Hulst 2016; Zuraw and Hayes 2017).

Along with tonal systems, harmony systems have been one of the early successes
of autosegmental phonology (see Goldsmith 1985), which worked with the assump-
tion that the context of vowel-specific operations can be separate from the context of
consonant-specific ones. The autosegmental framework can capture dependencies
across vowels without regard to the intervening consonants, a major constraint on
systems that use linear representations with one-to-one correspondence between
segments and features.

As we have seen, more recent work on Hungarian vowel harmony, like Hayes
et al. (2009) and Rebrus et al. (2024), is difficult to reconcile with the autosegmental
account. This work suggests that the stem and the suffix together determine variable
behaviour in back/front harmony and puts the Hungarian pattern squarely among
morpho-phonological processes that make reference to lexical information (Hay and
Baayen 2005; Lindsay-Smith et al. 2024).

Whether we assume a model of speaker production that incorporates lexical
generalisations in a grammatical component or relies on analogy processes in the
mental lexicon is a separate question. Current evidence suggests, however, that
variable Hungarian vowel harmony makes reference to lexical information in some
way (see Zuraw and Hayes 2017).

A number of open questions remain. To what extent is variable vowel harmony
gradient or categorical? How broad is the distribution of stems that show within-
stem variation? (Referencing Table 2, can we speak of categorical disharmonic and
true neutral stems, or only vacillating stems?) How much and what type of lexical
information is necessary to capture this distribution?

Answers to these questions have consequences for an adequate description of
Hungarian variable vowel harmony in particular and a cross-linguistic typology of
vowel harmony in general.
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1.1 Present study

The aim of this study is to revisit front/back suffix vowel variation with bisyllabic
back vowel + [¢] noun stems. We created a dataset of variable stems based on the new
Hungarian Webcorpus (Nemeskey 2020).
We had two research questions:
1. To what extent does stem-level information (similarity across stems) predict
suffix variation for back vowel + [€] stems in Hungarian corpus data?
2. To what extent do suffixes themselves predict suffix variation above and beyond
stems? That is, do we need to make reference to the stem or the entire form in an
account of suffix variation?

Corpus data could support a number of possible scenarios. First, we have expecta-
tions on lexical distributions. It is possible that, within the complex neutral class
(Table 2, iv.), the behaviour of true neutral (iva) and disharmonic (ivb) stems is near-
categorical and the vacillating subclass (ivc) shows free variation. This would suggest
that the whole complex neutral stem class is lexically idiosyncratic. Alternatively, the
subclasses of the complex neutral class might be binning a continuous distribution of
stems ranging from back- to front-suffix preference. This continuous distribution
might result from free variation or be sensitive to stem composition. Second, we have
expectations on the effects of stem phonology (Hayes et al. 2009) and stem simi-
larity (Rebrus et al. 2024). Third, the effect of suffix-initial vowels, that is, vowel-
versus consonant-initial suffixes on front variation might be either negligible, or
present but unidirectional (such that vowel-initial suffixes always prefer back
vowels, for instance), or else interact with stem type.

We used a K-Nearest Neighbours learner (see Peterson 2009) to check whether
lexical similarity across stems predicts suffix variation. We used generalised linear
models to test whether suffix-level information contributes over stem-level infor-
mation in accounting for suffix variation.

2 Methods
2.1 Tools

We implemented the K Nearest-Neighbours model in R (R Core Team 2023). We used
the packages ggplot2 (Wickham 2011), patchwork (Pedersen 2024) and sjPlot (Ludecke
2023) for visualisation, Ime4 (Bates et al. 2015), performance (Lidecke et al. 2021) and
broom (Robinson et al. 2023) for modelling.
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2.2 Dataset

We compiled a frequency list from the Hungarian Webcorpus 2 (Nemeskey 2020). The
Webcorpus contains 1.8 x 107 types and 8 x 10° tokens. We filtered the frequency list
to include noun forms of two syllables with a back vowel + <e> (the regular spelling of
[e]). We used the hunspell spellchecker package (Ooms 2023) and hand-filtering to
winnow the list. We picked the 30 most common harmonising suffix types that co-
occur with these nouns. The resulting list has 200 stems and 4,501 suffixed forms, and
a frequency count of 3.75 x 10° across all forms. All stems are consonant-final. For
details, see the Supplementary Information.

We restricted the data to suffixed forms that do show back/front variation in the
corpus, resulting in 164 stems and 2,462 suffixed forms. We went on to calculate the
log odds ratio of back and front forms for each suffixed form (log 22k), resulting in
1,231 suffixed pairs across 161 stems. The difference here arises because 3 stems do
not show variation for any given suffixed form, only across suffixes.

A random sample of the resulting dataset can be seen in Table 4. The data were
written. We will use transcriptions in the International Phonetic Alphabet to make
the examples consistent and legible.

Table 4: Random sample of our dataset.

Stem Suffix Form Back Front log fock Gloss
hover DAT hover-nok/hover-nek 3,259 161 3.01 pal

notes poss.15G notes-om/notes-em 80 219 -1.01 pocketbook
pu:der INE pu:der-bn/pu:der-be 12 77 -1.86 makeup
fotel PL fotel-ok/fotel-ek 754 5,282 -1.95 armchair
bolet: ACC bolet:-ot/bolet:-gt 604 4,587 -2.03 ballet
Inteks ELA Ioteks-ro:l/loteks-ral 39 737 -2.93 latex

Table 4 shows one variable stem + suffix pair per row. The columns are the stems
attested in the corpus, the variable suffix, the variants, the number of back and front
forms in the corpus, their log odds and the gloss for the stem.

2.3 Stem effects: K-nearest neighbour learner

To create our training data, we took the 164 varying stems and transcribed them
using a simplified phonetic transcription. This transcription replaced letter digraphs
with single characters (szoftver [softver] (‘software’) — <softver>). We calculated the
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log odds of back/front forms for each stem by grouping the data across stems and
summing back and front counts across suffixes:

Y back

105 = IOgZ front

An alternative approach would have been to follow Janda et al. (2010) and fit a
generalised linear mixed model on all forms with the odds of back/front variants as
the outcome variable and estimate a random intercept for stems and for suffixes. We
could then use the stem random intercept in place of the raw totals. However, the
correlation between this random intercept and the raw log odds across stems is
r=0.99, and this makes little practical difference. We used stem frequency to split the
stems into five frequency quantiles.

Our K-Nearest Neighbour learner was written in R. It matched a target word to
training words and predicted its behaviour based on the behaviour of its nearest
neighbours. It calculated the Levenshtein distance between the transcribed test word
and transcribed training words, arranged training words from smallest to largest
distance from the test word and selected the first k training words. Some training
words might have the same Levenshtein distance from the test word (e.g. the Lev-
enshtein distance between <hotel>, <motel> and <fotel> (‘armchair’) is 1), so the order
of target words within distance brackets was randomised. The learner then summed
over the back and front form counts for the k nearest neighbours and calculated a
total log odds, using the formula:

¥* back
y¥ front

where Zk is the sum of counts for the first k forms, back refers to forms with a back
vowel suffix and front to those with a front vowel suffix. The learner returned this
value as the prediction for the test form. The learner used a leave-one-out fitting
method, comparing test forms to all training forms except the test form itself.

Our learner differs from the K-Nearest Neighbours (KNN) learner used in cat-
egorisation problems and machine learning. A more typical KNN learner provides a
category label, not a category weight. In addition, a more typical KNN learner will not
involve a random component, since distances in any given category space are likely
more fine-grained and so unique for every target item in the training set. (E.g. on an
RGB scale, every unit of change in R/G/B from a reference colour will define a distinct
colour, however small the difference is.)

Our learner had two hyperparameters, k, the number of nearest neighbours
(possible values: 1, 7, 10, 12, 15), and f; the relative frequency of stems in the training
set (possible values: 1 — 5, where the training set consists of forms in the f< quantiles
of the total training set). Higher values of k involve comparison of the target stem to
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more neighbours, while higher values of f mean that the comparison set will be
increasingly limited to higher frequency forms.

For each hyperparameter setting, we fit a binomial generalised linear model
predicting the back/front ratio for each stem from the KNN prediction for that stem
across all 164 stems. We used the linear model’s z-value to select the best model. Since
models only differed from one another by the KNN hyperparameter settings, this
gave us the best KNN hyperparameters: k = 7 and f = 3. This means that the best
learner compared the target form to its first seven nearest neighbours. The best
learner operated on the top 40 % of the frequency distribution of training forms,
ignoring the less frequent training forms.

A K Nearest-Neighbour Learner is very likely not the state-of-the-art model of
lexical similarity, but it is sufficient to demonstrate the relevance of stem-level
similarity for suffix variation. We return to this briefly in the Discussion. In addition,
a distance metric that incorporates segmental similarity (where voiceless coronal
stop <t>will be more similar to voiced coronal stop <d> than to voiced labial stop <b>)
will be likely more accurate in expressing the role of similarity in a learning model.
At the same time, Racz et al. (2024) have explored various distance metrics in
modelling Hungarian morphophonological variation, including vowel harmony, and
found that models based on Levenshtein distance have comparable accuracy to
models using segmental similarity.

2.4 Suffix effects: generalised linear models

The K-Nearest Neighours learner makes predictions for stems only. In order to
incorporate suffix-specific information on some level, we marked whether a suffix
was vowel- or consonant-initial in our paired dataset. We then went on to build
generalised linear mixed models that used stem-level information (learner pre-
dictions), and suffix-level information (whether the suffix is consonant- or vowel-
initial), to predict the log odds of variable forms in the data using the formula:

back . .
—~learner weight + suffix —initial vowel
front

where learner weight is the back/front ratio of the stem as predicted by the best KNN
learner and suffix-initial vowel specifies whether the suffix is vowel-initial or
consonant-initial. We built four models, seen in Table 5. In establishing the random
effect structure, we followed Janda et al. (2010). We used AIC, BIC and a likelihood
ratio test of model fit to find the best random effect structure for each model and to
find the best model.
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Table 5: Generalised linear mixed models fit on the data: formula, statistics (AIC, BIC, conditional and
marginal R? RMSE), pairwise likelihood tests (1 vs. 2, 2 vs. 3, 3 vs. 4): )(2 difference and p value.

n Formula AIC BIC R2c. R2m. RMSE ydiff. p
11 2111572 21,131.07 0.68 0.00 0.15

2 1+knn 21,095.15 21,115.62 0.68 0.08 0.15 22.57 <0.001
3 1+ knn + suffix-initial vowel 16,574.85 16,610.66 0.69  0.07  0.14 4,526.31 <0.001
4 1+ knn * suffix-initial vowel  16,563.04 16,603.96 0.70  0.11  0.14 13.81 <0.001

Table 5 shows the four models fit on the data along with their AIC, BIC, R* and
root mean square error (RMSE). The model also shows the results of pairwise like-
lihood ratio tests (model 1vs. 2,2 vs. 3,3 vs. 4). Model 1 only estimates an intercept and
arandom intercept for stems and suffixes. Model 2 adds the weight that is estimated
by the K Nearest-Neighbour learner. As we see in the AIC and BIC scores that Model 2
is a better fit than Model 1 - the learner weights explain some variation in the data.
Model 3 also includes whether the suffix is vowel- or consonant-initial, that is,
whether a suffix-initial vowel is present or absent in the suffixed form. It gives a
much better fit than Model 2 — the presence of the suffix-initial vowel is hugely
informative in determining the suffix vowel. Model 4 includes an interaction of
learner weight and suffix-initial vowel. This model provides the best fit.

3 Results

We start the section by reporting on the raw corpus data and then build up the best
model.

3.1 Distributions in the corpus

In our sample, 200 stems fit the template for the complex neutral class (iv) in Table 2.
A total of 164 stems vary across all suffix types. Distributions can be seen in Figure 1.
When we consider stems separately with vowel- and consonant-initial suffixes, we
find that the majority of stems show vacillating behaviour in both sets, and more
stems show disharmonic behaviour (categorical preference for the front suffix) with
vowel-initial suffixes (top panel). When we consider back-suffix preference for
vacillating stems only, these tend toward disharmonic behaviour (preference for a
front suffix), and this preference is more apparent with vowel-initial suffixes (bottom
panel). Note that, even among vacillating stems, some show extreme preference for
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Ratios of stem classes

. true neutral (back suffix only)

C-initial |
. vacillating (both back / front suffixes)

suffix

V-initial | stem type
suffix
. disharmonic (front suffix only)

0 50 100 150 200
count

Ratios across vacillating stems

p(back)
0.01 005 010 025 050 075 090 095 0.99
: L :
H ] H
V-initial : | :
suffix 0" O T e o o8 7 :
wLwle ° ,® o 0 : e
KL PR SO A R R .

C-initial : — :
suffix 0 o % oS 2 % ° S :
SRERARNEOERL e

: 1 :

S T R
log (back / front)

Figure 1: Counts of true neutral (only back suffixes), disharmonic (only front suffixes) and vacillating
(both back and front suffixes) stems in the corpus (top panel). Distributions of vacillating stems for back-
suffix preference, across vowel-initial and consonant-initial suffixes. Scale in log odds back (bottom)/p
(back) (top). The dotted vertical lines show 1% and 99 % preference, the dashed line, 50 % preference,
for the back suffix (bottom panel).

back or front suffixes. Stems left of the left-hand dotted line have at least a 99:1 ratio
of front suffixes. Stems right of the right-hand dotted line have at least a 99:1 ratio of
back suffixes. Interesting variation happens in between.

The class-based terminology is restrictive in the sense that, among variable
stems, the same stem might show more ‘disharmonic’ or ‘neutral’ behaviour
depending on the presence of the suffix-initial vowel. This can be seen in Figure 2.

The top panel of the figure is the bottom panel of Figure 1, rotated 270 degrees.
For each stem, we see the back suffix preference across suffixes with and without a
suffix-initial vowel. When stems have a strong neutral tendency (top right panel), this
is more pronounced with vowel-initial suffixes. If stems have a disharmonic ten-
dency (top left panel), then this is more pronounced with vowel-initial suffixes. There
are two important caveats: first, vacillating stems are, by definition, variable. Second,
below a log odds of -5, a stem will show front preference 99.33 % of the time, so
differences across suffix-initial vowel in this tail of the distribution are actually
negligible.

We see the magnitude of difference between vowel- and consonant-initial
suffixes across magnitude of overall difference for each stem in the bottom panel
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Overall preference for back/front forms
across stems and suffix type
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Figure 2: Back suffix preference for each vacillating stem across consonant- and vowel-initial suffixes,
splitinto two panels based on overall preference (top panel). The absolute difference of back-preference
with vowel-initial versus consonant-initial suffixes compared to overall rate of back-preference (bottom
panel). Coloured examples are discussed in the running text.

of Figure 2. If a stem shows meaningful vacillating behaviour, the difference
based on the suffix-initial vowel will steadily increase as a function of back-
preference.
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A few examples will put this relationship into context. For the word traverz
[troverz] ‘beam’, 3 % of all suffixed forms have a back suffix. This increases to 7 %
(more than double) for consonant-initial suffixes only. It decreases to 1% (one third)
for vowel-initial suffixes only. The low overall preference goes with a much lower
preference when a suffix-initial vowel is present: [troverz-nok] ‘beam-dat’ is more
likely than [troverz-ok] ‘beam-p1’. For the word krapek [kropek] lad’, the overall rate
of back suffixes is 92 %. This goes down to 83 % with consonant-initial suffixes only
and up to 99 % with vowel-initial suffixes only. The high overall preference goes with
a much higher preference when a suffix-initial vowel is present: [kropek-ok] lad-pl’
is more likely than [kropek-nok] ‘lad-dat’. Compare these two words to a word in the
middle of the overall distribution, macesz [motses] ‘matzo’: 57 % overall, 57 % with a
suffix-initial consonant, 54 % with a suffix-initial vowel — roughly the same numbers.
The three examples here are drawn from a clearly increasing trend: The suffix-initial
vowel amplifies disharmonic/neutral tendencies across stems.

3.2 K nearest-neighbour predictions

In order to understand the factors underlying the shifting effect of the suffix-initial
vowel, we need to first understand stem behaviour in itself. Is there a particular
reason for [troverz] to have a disharmonic preference and for [kropek] to have a
neutral preference? (So that we usually find [troverz-ek] ‘beam-pl’ and [kropek-ok]
‘lad-pl’)

The predictions of the K Nearest-Neighbours Model indicate that stem similarity
drives stem behaviour, as seen in Figure 3. The main interpretation of this figure is
that the more a stem looks like other stems that have a back vowel preference
(vertical axis), the more the stem itself will have a back vowel preference (horizontal
axis). For reference, the Pearson correlation between KNN similarity weights (how
much the stem looks like other stems) and the log odds of back preference is r = 0.34.
For a number of outliers, KNN weight clearly overestimates back preference.

3.3 Stem phonology

A flip side of stem similarity is stem phonology. Hayes et al. (2009) argue that a
Hungarian complex neutral stem is more likely to select a front vowel suffix if it ends
in a labial stop, a sibilant, a coronal sonorant or a consonant cluster. 142/164 stems
match one of these categories in our data. We fit a generalised linear model
predicting the log odds of back suffixes if the stem matched any of the categories.
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Stems across variable forms (log odds)
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0.01 0.050.10 025 0.50 075 0.900.95 0.99

5 . ;
.......................... E.....................................‘..............E.... _099
o : :
L)
34 1o Ts F0.95
F0.90

KNN log (back/front)
o

.......................... L 0.01

5 4 3 =2 4 0 1 2 3 4 5
log (back/front)

Figure 3: The log odds of back/front variants per stem (horizontal axis) and best KNN predictions for
the stem (vertical axis).

We found that these stems are less likely to select a back suffix (est = -2, 95% CL:
[-1.99; 2.02]). This means that our data broadly replicate their findings.

3.4 Combined model predictions

Table 5 shows that the best model of back/front variation across forms in the data
includes an interaction term of K Nearest-Neighbour learner weight and the suffix-
initial vowel. That is, stem-level similarity and the presence of a suffix-initial vowel
together predict back/front ratios across forms in the data. This can be seen in
Figure 4, a prediction plot of the best model.

The vertical axis shows the overall model prediction for the log odds of back/front
variants per stem-suffix pair. The horizontal axis shows the effect of the KNN learner
prediction only: our best estimate of the effect of stem similarity. We see two trajectories,
for stems with vowel-initial suffixes and the same stems with consonant-initial suffixes.
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Figure 4: The log odds of back/front variants per stem (horizontal axis) and best KNN predictions for
the stem (vertical axis).

If we look at forms with a suffix-initial vowel, the stem-similarity effect is stronger. As
seen in Table 5, this difference is significant (p < 0.001).

4 Discussion

We compiled a dataset of bisyllabic back vowel + [¢] stems from the new Hungarian
Webcorpus and used a simple algorithmic learning model and hierarchical gener-
alised logistic regression to test existing claims in the literature. We found that the
majority of complex neutral stems are vacillating in our data. Stems behave like
similar stems in their disharmonic/neutral preference (preference for a front or back
suffix). This similarity effect is stronger when a suffix begins with a vowel.

When we look at stem and form distributions, we find a larger disharmonic class
(stems that always take a front suffix) and a smaller true neutral class (stems that
always take a back suffix). The vacillating stems in between are the largest group.
They show a unimodal distribution in their behaviour, from mostly front suffixes
(close to disharmonic) to mostly back suffixes (close to true neutral).
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For a large number of stems, we can just about detect variability, with a handful
of back/front suffixed forms in the data. This is despite the size of our dataset, the
New Hungarian Webcorpus, which is about an order of magnitude larger than the
previous Hungarian webcorpus (Haldcsy et al. 2004; Nemeskey 2020). To us, this
suggests that the appearance of categorical disharmonic and true neutral stems
results from data scarcity — for these stems, the vacillating variants might exist but be
very difficult to find in the wild. The reverse scenario, where most stems inherently
vary but some do not, and the data reflect this, seems far less likely to us. This would
mean that all of the complex neutral stems in Siptar and Térkenczy (2000) belong to
the vacillating class, some with stronger disharmonic or neutral tendencies.

Stem similarity clearly plays a role in shaping stem preference. We know that
such stem-level effects generalise to novel forms in Wug tasks (Hayes et al. 2009).
Curiously, stem-level effects are amplified when the suffix begins with a vowel.

While this is primarily a descriptive paper, we want to speculate on the origin
and the larger context of the observed patterns.

4.1 Diachronic context

Rebrus et al. (2022) note a semantic pattern underlying complex neutral stem
behaviour, namely, that learned borrowings show a disharmonic tendency, while
familiar borrowings show a neutral tendency. This is replicated in our data, as shown
by Table 6. The table shows the ten most neutral and ten most disharmonic variable
stems in our dataset, with the strongest and weakest back suffix preference,
respectively. The most neutral examples are all informal, familiar words, colloqui-
alisms or diminutives, while the most disharmonic examples are all learned
borrowings.

Forro (2013) and Rebrus et al. (2022) suggest that colloquial and learned forms
were borrowed with different phonemic realisations for the [g]. The phonetic dif-
ferences, in time, disappeared, while the resulting suffixation preferences remained.

Table 6: The most neutral and most disharmonic stems in our data.

Back prefer- Stem Gloss

ence rank

Most neutral hover, motek, foter, mosek, bolek, pojes,  pal, maths, dad, tradie, dupe, sideburns,
kropek, koles, muter, komplet: fellow, dorm, mum, complete

Most ma:gne[, go:lem, model:, konsern, ko:deks, magnet, golem, model, firm, codex, soft-

disharmonic softver, projekt, sovjet, dotsen], koncert ware, project, soviet, lecturer, concert
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This tentative account would need to be cross-referenced with diachronic and dia-
lectal data. What remains true is that source of borrowing and variable behaviour
are correlated for the complex neutral stem class.

If we overlay the source of borrowings in our data on the front/back suffix vowel
distribution, we see clear clusters of older and more recent borrowings. This can be
seen in Figure 5, which shows the disharmonic/neutral preferences of variable stems
(like in the bottom panel of Figure 1), across the five main source languages of the
borrowings (Gerstner et al. 2024; Zaicz et al. 2006). Words with Yiddish and German
origin, which are overwhelmingly recent, colloquial borrowings, are markedly more
neutral than the rest. Words of French and Latin origin, which tend to be older,
learned borrowings, are more disharmonic than the other groups. A Yiddish
borrowing is far more likely to have a back suffix than a Latin borrowing in our data.

This account would presuppose that suffix vowel preference is gradient and
lexically specified. The K-Nearest Neighbour model is likely not the most accurate or
cognitively plausible model of lexically grounded suffix selection. More complex
algorithmic learners, like the Generalised Context Model (Nosofsky 2011), have seen
considerable success in modelling morphologically complex languages in general
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Figure 5: Distributions of vacillating stems for back-suffix preference, from disharmonic (all front) to
true neutral (all back), across source language (German (de), English (en), French (fr), Yiddish (yi) and
Latin (la)). Scale in log odds back (bottom)/p (back) (top). The dotted vertical lines show 1% and 99 %
preference, the dashed line, 50 % preference, for the back suffix.



DE GRUYTER MOUTON Hungarian vowel harmony =—— 109

(see e.g. Dawdy-Hesterberg and Pierrehumbert 2014) and Hungarian in particular
(see e.g. Racz et al. 2021). The best fit might even be provided by a model that captures
stem-level generalisations without any explicit reference to the words in the mental
lexicon, like Naive Discriminative Learning (Baayen 2010), Minimal Generalisation
(Albright and Hayes 2003) or Harmonic Grammar (Zuraw and Hayes 2017).

4.2 Paradigmatic context

Whatever the source of stem-level effects, these are clearly amplified by a suffix-initial
vowel, as seen in Figures 2 and 4. One possible underlying factor is the discrepant
frequency distribution of vowel-initial and consonant-initial suffixes, which can be seen
in Figure 6. First, 60 % of all suffixed forms in our data are vowel-initial. What is more,
50 % of vowel-initial suffixed forms and 30 % of all suffixed forms belong to the most
frequent Hungarian noun suffix, the plural, which has a linking vowel with consonant-
final stems. Two things to note here: first, the same is true for the second most frequent
noun suffix, the accusative. Second, all our stems are consonant-final.

We can tie together the frequency distribution of suffixes in Figure 6 and the
behaviour of suffixed forms with vowel-initial versus consonant-initial suffixes if we
assume that not only stems but also suffixes are represented in the mental lexicon. If
aform has a suffix-initial vowel, the suffix is very often the same, the plural. If a form
has no suffix-initial vowel, the suffix can be any one of a number of different
consonant-initial suffixes. In a hierarchical, richly detailed lexicon (Johnson 2006),
the weights that determine behaviour for an individual form will be partially pooled
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Figure 6: Tree map of suffix frequencies across all data. Rectangle size shows frequency.
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over both stems and suffixes (as in a hierarchical model, see Bates et al. 2015). Stem
preference will have a stronger effect for forms with a suffix-initial vowel, which
have a simpler hierarchical structure, as compared to forms without a suffix-initial
vowel, which have more competing pressures from a range of suffixes. This would
point toward a paradigm-based, as opposed to simply harmonic, morphology of
Hungarian, as suggested by Rebrus et al. (2024).

In summary, the behaviour of Hungarian complex neutral noun stems is
gradient, rather than categorical. It is shaped by the back suffix vowel preference of
the stem, which, in turn, is driven by similarity and has a tentative historical
explanation. It is also shaped by the presence or absence of a suffix-initial vowel,
which is evidence for a paradigm-based, rather than concatenating — autosegmental
model of vowel harmony.

4.3 Future directions

Our analysis uncovers a number of interesting patterns in Hungarian corpus data,
which support a lexical account of variation in vowel harmony. It does not tell the
whole story. In particular, we see three ways of expanding this analysis.

First, we briefly reference but do not elaborate on the role of stem phonology,
highlighted by Hayes et al. (2009), in Section 3.3. One could systematically explore the
strength of the specific phonological constraints proposed by Hayes and colleagues
(does the stem end in a labial stop, a sibilant, etc.) and compare them to a measure of
analogical similarity in a single model that allows for regularisation over collinear
predictors (Emmert-Streib and Dehmer 2019). This could show if our lexical effects
can be completely reduced to more parsimonious abstract generalisations.

Second, both our proposed diachronic and paradigmatic explanation remain
somewhat circular if these are only applied to corpus data. A production experiment
could evaluate whether (a) non-word targets act like neologisms and pattern with more
recent borrowings and (b) show any paradigmatic effects — we would not trivially expect
this from non-words which have no attested plural in the ambient language.

Third, if we explore these two facets of this variation, we would be in a better
position to link the pattern we discuss in this paper to broader theories of language
variation and change (see Hayes 2022; Pierrehumbert 2016).

4.4 Conclusions

Accounts of Hungarian vowel harmony have pointed at stem-level effects (Rebrus
et al. 2022), and, to our knowledge, ours is the first study to use algorithmic learning
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over corpus data to support these arguments. In addition, accounts of vowel har-
mony in general either assume no lexical effects (Van der Hulst 2016) or effects
restricted to stem-control (Hayes et al. 2009), assuming that all harmonically alter-
nating suffixes harmonise in the same way when combined with the same type of
stem. Our results show a suffix effect, offering an update of the broader under-
standing of the typology of vowel harmony systems.

Supplementary Material

The supplementary material for this article is available at https://doi.org/10.5281/zenodo.
12699305.
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