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Abstract
The pronunciation of pre-consonant l in Slovene words (e.g. alge,
polž, gledalka) is not easily predictable (/l/, /u

“
/, or both) and

poses a problem for the otherwise effective rule-based grapheme-

to-phoneme conversion. We present a method to discriminate

between the various pronunciations of pre-consonant l using
machine-learning models trained on vectors of character-level

𝑛-gram features from approximately 153,500 manually annotated

Slovene words with pre-consonant l from the ILS 1.0 dataset. We

achieve an accuracy of 86% (over a majority baseline of 76.53%)

and conclude the paper with potential steps for future work.
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1 Introduction
In languages that are characterized by greater orthographic depth

(i.e., a greater discrepancy between the written form and its pro-

nunciation), such as English or French, grapheme-to-phoneme

(G2P) conversion requires more sophisticated methods such as

neural networks (see e.g. [10] for French and [14] for English).

Slovene, on the other hand, features a much more transparent or-

thography ([15]; [17]). Phonetic transcriptions of Slovene words

– with some exceptions, such as acronyms, symbols, numerals,

and certain words of foreign origin (e.g. sommelier), including
proper nouns (e.g., Johnson; more on this in [3]) – can be very re-

liably generated using a rule-based approach, especially if taking

the accentuated form (e.g., drevó instead of the unaccentuated

drevo) as the starting point, as the diacritic disambiguates the

position of the accent and the manner of pronunciation of the

accentuated vowel grapheme. The Slovene IPA/X-SAMPA G2P
Converter1 achieves an accuracy of approximately 98% (based on

an evaluation on a stratified sample of words; see [2]).

However, there are several exceptions (in addition to the ones

alreadymentioned) inwhich the pronunciation of certain graphemes

is much more difficult to predict with rules. We focus on one

1
The Slovene IPA/X-SAMPA G2P Converter is part of Pregibalnik, a custom tool that

was developed for the expansion of the Sloleks Morphological Lexicon of Slovene [5],
which is the morphological basis for the Digital Dictionary Database of Slovene [8].
Pregibalnik is available as open-access code at https://github.com/clarinsi/SloInfle

ctor and as an API service at https://orodja.cjvt.si/pregibalnik/docs; the Slovene
IPA/X-SAMPA G2P Converter is also available as an API at https://orodja.cjvt.si/pre

gibalnik/g2p/docs.
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such problem in this paper: the pronunciation of pre-consonant l
in Slovene words. The grapheme l, when preceding a consonant

grapheme, can be pronounced as either /l/ or /u
“
/. In some cases,

both variants are acceptable. Examples include words such as

alge (‘algae’, IPA: /"a:lgE/, but never */"a:u
“
gE/), polž (‘snail’, IPA:

/"pO:u
“
S/, but never */"pO:lS/), gledalka (‘spectator (female)’, IPA:

/glE"da:u
“
ka/ or /glE"da:lka/), and decimalka (‘decimal number’,

IPA: /dEci"ma:lka/, but never */dEci"ma:u
“
ka/). The reasons for

these different pronunciations are historic and etymological in

some cases, while in others, the difference cannot be easily ex-

plained and has more to dowith conventions in language use. The

issue of pre-consonant l has been tackled by Slovene linguistics

for more than a century (see [4] for a brief overview). Percep-

tion tests and small-scale surveys ([16]; [11]) have recently been

conducted to collect data for lexicographic resources (such as

the Slovenian Normative Guide 8.0),2 but empirical data remains

scarce: relevant language resources are not machine-readable or

openly accessible (as is the case of the Dictionary of Slovenian
Literary Language3) or contain inconsistent data (e.g., OptiLeX
[19]). In this paper, we use the recently published ILS 1.0 dataset
([1]; described in Section 2).

Because the Slovene IPA/X-SAMPA G2P Converter is currently
entirely rule-based, all pre-consonant l graphemes are transcribed

as /l/, resulting in errors that need manual corrections when com-

piling language resources. Our goal is to implement a machine-

learning approach
4
to disambiguate between different pronuncia-

tions. Increasing the accuracy of the converter is important in the

context of the automatic compilation of modern lexicographic

resources that can also be used as machine-readable databases

for training models (including large language models) and im-

proving speech recognition and speech synthesis for Slovene. We

describe the dataset (Section 2), the statistical analysis used for

feature selection (Section 3), the results (Section 4), and several

steps for future work (Section 5).

2 Dataset
ILS 1.0 ([1]; described in more detail in [4]) is a dataset of approx.

173,400 inflected Slovene word forms (of approx. 6,000 Slovene

lexemes) containing a single pre-consonant l grapheme. Each oc-

currence of pre-consonant l was annotated for its pronunciation

by 5 linguists (2 annotations per occurrence). The word forms

were extracted from the manually validated lexemes of Sloleks
3.0 [5], the largest open-access dataset with machine-readable

morphosyntactic information on Slovene words. Table 1 shows

the distribution of word forms by agreement: in 89% of word

2Pravopis 8.0 (Slovenian Normative Guide 8.0): https://pravopis8.fran.si/
3
The Dictionary of Slovenian Literary Language (SSKJ) is available at https://fran.si/.

4
An attempt at using machine learning for Slovene phonetic transcriptions was

made by [9]; however, the method was evaluated on the Sloleks Morphological
Lexicon of Slovene 3.0 [5], where the issue of pre-consonant l is still unresolved.
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Table 1: Word forms in ILS 1.0 by agreement.

Pronunciation Number of Forms %

/l/ 117,459 67.73

/u
“
/ 23,884 13.77

Both 12,160 7.01

Both | /l/ 11,205 6.46

Both | /u
“
/ 7,051 4.07

/l/ | /u
“

1,660 0.96

Total 173,419 100.00

Figure 1: Extraction of character-level 𝑛-gram features for
the pre-consonant l in the word gledalka.

forms (highlighted in gray), the annotators agree on the pronun-

ciation of pre-consonant l. They disagree in 11% of the examples,

with one annotator allowing for both pronunciation variants

and the other allowing for only one pronunciation. Complete

disagreement is present only in less than 1% of the examples.

We use the 153,503 forms with complete agreement as training

data for machine-learning models as described in the following

sections. It should be noted, however, that while ILS 1.0 is the

largest open-access dataset on pre-consonant l pronunciations, it
is not completely representative of language use in general (with

annotations by only 5 linguists with a background in translation

and Slovene studies; these can be biased towards linguistic rules

that might not reflect real language use). Despite this, the dataset

is robust enough to help disambiguate themore obvious examples

(such as alge, IPA: /"a:lgE/, and polž, IPA: /"pO:u
“
S/).

3 Feature Selection
To some extent, the pronunciation of pre-consonant l depends on
the preceding and subsequent graphemes,

5
so we use character-

level 𝑛-grams as features for prediction. For each pre-consonant

l in each word form, we identify the 𝑛-grams (1 ≤ 𝑛 ≤ 5) in its

direct left/right surroundings as shown in Figure 1 (see footnote

6). We include word boundary markers (#) to discriminate be-

tween word-initial and word-final 𝑛-grams. We also perform the

same extraction on robust and finegrained C+V representations

of each word form.
6

5
The Slovenian Normative Guide 8.0 (Pravopis 8.0, see https://pravopis8.fran.si),
for instance, states that a pre-consonant l preceded by the grapheme o is often

characterized by the /u
“
/ pronunciation; this is true of words that historically used

the syllabic l (e.g. polh IPA: /"pO:u
“
x/ ‘dormouse’; volk IPA: /"vO:u

“
k/ ‘wolf’). However,

there are exceptions as not all ol 𝑛-grams originate from the syllabic l (e.g., polkovnik
IPA: /pOl"kO:u

“
nik/ ‘colonel’; voltaža IPA: /vOl"ta:Za/ ‘voltage’).

6
In the robust C+V form, all consonant graphemes are substituted with C and all

vowel graphemes with V. In the finegrained C+V form, consonant graphemes were

generalized into more finegrained categories, e.g. graphemes denoting Slovene

sonorants (M), voiced (G) and voiceless obstruents (K), foreign consonants (X), etc.

Table 2: Contingency table for the general 𝑛-gram c when
following a pre-consonant l.

Pronunciation→
↓ Presence /l/ /u

“
/ /l/+/u

“
/

Yes 2,653 1,847 5,980

No 114,898 22,045 6,180

Table 3: A sample of statistically significant general
character-level 𝑛-grams.

𝑛-Gram 𝜒2 p V 𝑟 |𝑚𝑎𝑥 | Category

c 38,199.59 **** 0.499 178.81, /l/, No post-l
n 29,081.52 **** 0.435 79.27, /l/, No post-l
ce 16,003.46 **** 0.323 118.30, /l/, No post-l
o 77,025.17 **** 0.708 227.83, /l/, No pre-l
po 48,241.29 **** 0.560 193.98, /l/, No pre-l
a 16,592.50 **** 0.329 -79.85, /l/, No pre-l

We extract a total of 8,082 different general 𝑛-grams (consist-

ing of actual graphemes; 3,041 in pre-l position, 5,541 in post-l
position), 116 different robust C+V 𝑛-grams (65 pre- and 51 post-

l), and 603 different finegrained C+V 𝑛-grams (262 pre- and 341

post-l). For each 𝑛-gram, we compile a contingency table. For

instance, Table 2 shows the occurrences of the general 𝑛-gram c
in the position directly following a pre-consonant l (e.g., morilca,
‘murderer’, masculine common noun, genitive singular form)

depending on the pronunciation of the pre-consonant l.
In order to determine statistically significant features that help

discriminate between different pronunciations, we performed a

series of Pearson’s 𝜒2 tests [12] and corrected for family-wise

error rate with the Holm-Bonferroni method [7]. We calculated

Cramér’s V [6] as the measure of effect size.
7
This resulted in a

total of 4,263 statistically significant features (1,856 pre-l general
and 1,794 post-l general 𝑛-grams; 60 pre-l and 40 post-l robust
C+V 𝑛-grams; 242 pre-l and 271 post-l finegrained C+V 𝑛-grams).

Several statistically significant pre-l general 𝑛-grams are shown

in Table 3.
8
The table shows the values of the 𝜒2 statistic and

Cramér’s V, the p-value representations, the maximum absolute

value of Pearson’s residuals (and its position in the contingency

table), and the category of the 𝑛-gram (post-l or pre-l). With the

exception of the a 𝑛-gram, which is more indicative of the /l/
pronunciation, the others indicate one of the other two options

(/u
“
/; or /l/+/u

“
/). The results also confirm the statement found in

the Slovenian Normative Guide 8.0 that the o grapheme in pre-l
position is strongly indicative of the /u

“
/ pronunciation.

4 Prediction and Evaluation
We compiled a custom vectorizer based on the identified fea-

tures. The vectorizer scans each input word form (along with

its Multext-East v6 morphosyntactic tag
9
) for all occurrences of

7
We calculate Cramér’s V as

√︂
𝜒2

𝑁 ∗𝑑𝑚𝑖𝑛
, where 𝜒2

is the Pearson’s 𝜒2
statistic, 𝑁

is the total sample size, and 𝑑𝑚𝑖𝑛 is the minimum dimension of the contingency

table.

8
For all tests, the degrees of freedom (df) were equal to 2 and the total sample

size (N) was equal to 153,603. The p-values should be interpreted in the following

manner: ****→ p ≤ 0.0001; ***→ p ≤ 0.001; **→ p ≤ 0.01; *→ p < 0.05

9
Multext-East v6 Morphosyntactic specifications: https://nl.ijs.si/ME/V6/msd/html

/msd-sl.html

https://pravopis8.fran.si
https://nl.ijs.si/ME/V6/msd/html/msd-sl.html
https://nl.ijs.si/ME/V6/msd/html/msd-sl.html
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Table 4: Model performance based on 10-fold cross-
validation.

Model A BA P R F1

LinearSVC 86.08 72.39 69.26 55.39 61.54

Multin. NB 77.29 69.54 33.33 81.84 47.36

kNN (k=5) 85.91 73.30 64.11 62.98 63.53

Majority 76.53 - - - -

pre-consonant l, extracts the surrounding 𝑛-grams, converts the

morphosyntactic tag into 146 morphosyntactic features, and rep-

resents the occurrence as a 4,409-dimensional vector of {0,1} val-

ues (with 0 and 1 indicating the absence or presence, respectively,

of the 𝑛-gram in the direct surroundings of the pre-consonant

/l/). We compile a total of 153,503 vectors in this way and use

the scikit-learn Python library [13] to train several models for

a classification task with three classes: the goal is to correctly

predict whether a pre-consonant l is pronounced as /l/, /u
“
/, or

both.

4.1 Automatic Evaluation
We trained three different models: a Linear Support Vector Clas-

sifier (LinearSVC), a Multinomial Naïve Bayes Classifier (Multin.

NB), and a 𝑘 Nearest Neighbors Classifier (kNN) and evaluate

their performance with a 10-fold cross-validation (with a strat-

ified random test set of word forms). The results are shown in

Table 4.
10
The worst performing model is the Multin. NB classi-

fier, which barely achieves an above-baseline accuracy and a very

low F1-score compared to the other two classifiers, although its

recall is much higher. In terms of balanced accuracy and F1-score,

the best model is the kNN classifier. However, it seems that the

algorithm is not the most suited for this type of data. It performs

similarly to the LinearSVC classifier, but if we compare the sizes

of the resulting models, it becomes apparent that the LinearSVC

model is much more efficient (with a size of approximately 100

kB) compared to the kNN model, which is overly inflated (with a

size of more than 2 GB), possibly indicating overfitting.
11

Because the LinearSVC model is the most viable, we analyze

its performance in more detail. Table 5 shows the confusion ma-

trix for the classifications of the LinearSVC model on a stratified

test set (20% of the total 153,503 dataset instances). The model

seems to lean more towards the most frequent category (/l/) in its

predictions, with approximately 30% of /u
“
/ and /l/+/u

“
/ instances

being misclassified as /l/, whereas 94% of the /l/ instances are
classified correctly. It seems that instances allowing both pronun-

ciations are very rarely misclassified as /u
“
/ (only 1%). It should

also be noted that the instances of /l/+/u
“
/ misclassified as either

/u
“
/ or /l/ are not entirely incorrect, just incomplete. Compared to

the rule-based approach (which classifies everything as /l/), the
model performs quite well in terms of /l/+/u

“
/ and /u

“
/ instances

and sacrifices only 6% of its accuracy for /l/ instances. In order

to determine any future improvements to the model, we analyze

some of the misclassified examples in more detail in Section 4.2.

10
A, BA, P, R, and F1 refer to accuracy, balanced accuracy, macro-precision, macro-

recall and macro-F1, respectively.

11
We also ran a 10-fold cross-validation using only 𝑛-gram features (no morphosyn-

tax). The performance of the models was slightly worse, e.g. for LinearSVC: A =

85.05, BA = 69.14, P = 68.94, R = 46.85, F1 = 55.76.

Table 5: Confusion matrix for the Linear Support Vector
classifier.

True→
↓ Predicted /l/ /u

“
/ /l/+/u

“
/

∑
/l/ 22,006 1,495 729 24,230

/u
“
/ 1,071 2,764 31 3,866

/l/+/u
“
/ 434 519 1,672 2,625∑

23,511 4,778 2,432 -

4.2 Manual Evaluation
We performed a manual analysis of the misclassified examples to

determine whether there are any patterns to the errors that could

be help further improve the model with additional features. Due

to space limitations, we only focus on the most obvious problems

in this paper.

In the examples where the /l/ pronunciation was misclassi-

fied as /u
“
/, many words contain a pre-consonant l followed by

the grapheme d (kaldera ‘caldera’, buldožerski ‘pertaining to a

bulldozer’, heraldičen ‘heraldic’, bodibilder ‘bodybuilder’). The
majority of these examples are pronounced with /l/, with the

exception of words like dopoldne ‘late morning’, popoldanski ‘per-
taining to the afternoon’, where the pre-consonant l is preceded
by an o grapheme. This could indicate that an additional 𝑛-gram

feature should be added (the l along with its preceding and sub-

sequent graphemes: old, ald, etc.). This could resolve some other

misclassifications, such as impulziven ‘impulsive’ and pulzirajoč
‘pulsating’, where words with the ulz combination are never pro-

nounced as /u
“
/, but words with olz are (e.g., polzeti ‘to slip’). The

emergence of such patterns in the misclassifications is a good

sign that the classifiers might benefit from a joint pre-l/post-l
feature. This will be explored in future versions.

Many of the instances in which the /u
“
/ was misclassified as /l/

contain compound words with the element pol ‘semi, half’: pol-
nag ‘half-naked’, polfinale ‘semi-final’, polpuščava ‘semi-desert’.

Because the element pol is always pronounced with /u
“
/, this is

also true of derived compound words. However, the 𝑛-gram fea-

tures used offer no indication of morpheme boundaries, so these

misclassifications can be expected.

Additional 𝑛-gram features could be extracted from the ac-

centuated forms of words. In some examples, the accentuation

diacritic can disambiguate the pronunciation of the subsequent

pre-consonant l. For instance, dólnji ‘pertaining to something that

is downwards or downstream’ and prestólničen are pronounced

with /l/, whereas tôlšča ‘blubber’ and pôlhográjski ‘pertaining
to the town of Polhov Gradec’ are pronounced with /u

“
/. How-

ever, accentuation is rarely written in Slovene and is much more

difficult to assign automatically compared to morphosyntactic

features. Relying on too many features that are not easily ex-

tractable would make the model less robust (more on this in

Section 5).

5 Conclusion
We presented a machine-learning approach to improve the ac-

curacy of phonetic transcriptions of Slovene words that contain

the ambiguous pre-consonant l. While the method does improve

accuracy (86% over a majority baseline of cca. 76%) by using very

simple character-level 𝑛-gram and morphosyntactic features, it

does not resolve the problem entirely. Aside from several excep-

tions in language use which are difficult to predict (e.g. gasilci,
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čistilka; both pronounced with /l/ even though the majority of

words endingwith -ilec and -ilka in the dataset can be pronounced
with either /l/ or /u

“
/), the analysis of misclassified examples has

shown several potential future steps that can be implemented

to further improve the performance of the models. First, several

additional features should be tested. Some of the features are sim-

ple, such as word length or number of syllables in word (which

could potentially help to correctly classify words such as volk
and polh; short words where the pre-consonant l is pronounced
as /u

“
/). The relative position of the pre-consonant l in the word

could also potentially be helpful. Several more complex features

could also be added, such as word formation relations and mor-

pheme boundaries to help disambiguate, for instance, decimal-ka
‘decimal number’, which is derived from the adjective decimalen
‘pertaining to decimal numbers’ and is pronounced with /l/; and
mor-ilka ‘murderer (feminine)’, which is derived from the verb

moriti ‘to murder’ and can be pronounced as either /l/ or /u
“
/). Tak-

ing into account the accentuated form of the word could also help:

for instance, the ôl accentuation – vôlk ‘wolf’, pôlh ‘dormouse’

– indicates the /u
“
/ pronunciation, while the ól accentuation is

indicative of the /l/ pronunciation, e.g. pólka ‘polka’). However,
more complex features cannot be extracted from the word form

itself, so making the model too heavily reliant on external linguis-

tic knowledge would sacrifice its robustness and usefulness for

unseen words. We will explore these options in our future work

but we will first focus on the simplest features to determine the

upper boundary of accuracy that can be achieved based solely

on the word form and its morphosyntactic features. We will per-

form additional statistical analyses on 𝑛-grams containing the

pre-consonant l as well, and once the optimal model is achieved,

it will also be evaluated on previously unseen words containing

the pre-consonant l that have not been included in the ILS 1.0
dataset. The results will hopefully also provide more interesting

material for further linguistic analyses (such as exceptions to the

rules).

As already mentioned, the ILS 1.0 dataset does not necessarily
accurately reflect the linguistic landscape of pre-consonant l pro-
nunciation in Slovene words, and more annotations along with

perceptive tests and surveys are required. The pronunciations

will be manually validated as part of the work on the Digital
Dictionary Database of Slovene [8], the largest machine-readable

open-access database of Slovene linguistic and lexicographic data.

The pronunciations will also be cross-referenced with the record-

ings from the GOS Corpus of Spoken Slovene [18], which contains

real recordings of Slovene speech and can contribute towards

a more accurate distribution of different pronunciations for in-

dividual lexemes (e.g., how many occurrences of /glE"da:u
“
ka/

or /glE"da:lka/), along with any potential relevant metadata (for

instance, whether the pronunciation depends on the region the

speaker originates from). The models can then be re-trained on

new data and further improved to better reflect real language

use.

Themodels will be implemented into the Slovene IPA/X-SAMPA
Grapheme-to-Phoneme Converter as part of the Pregibalnik tool

for automatic Slovene lexicon expansion, which is available under

a Creative Commons BY-SA 4.0 license.
12

12
The best-performing LinearSVC model (and the accompanying code) for the

prediction of pre-consonant l pronunciation is available on Github: https://github.c

om/jakacibej/sikdd2025_predicting_preconsonant_l
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