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Message from the Workshop Chairs

Language is a fundamental aspect of human culture and expression, yet not all languages
receive equal attention in the realms of research and technological development. Many
languages, often referred to as under-resourced languages, lack the necessary linguistic
resources and tools to fully harness the potential of modern computational and natural language
processing technologies.

The Proceedings of the 3rd Annual Meeting of the Special Interest Group on Under-resourced
Languages (SIGUL2024) at LREC-COLING 2024 serve as a testament to the growing
awareness and commitment within the research community to address the challenges faced
by these languages. This workshop aims at providing a platform for researchers, practitioners,
and stakeholders to come together, share insights, and collaborate on innovative solutions to
empower technological uptake for all languages equally.

In these proceedings, you will find a collection of papers that explore various facets of under-
resourced languages, including data collection, annotation, machine learning techniques, and
applications in fields such as machine translation, speech recognition, and information retrieval.
Each contribution represents a step forward in the collective effort to bridge the digital divide
and ensure linguistic diversity is preserved and celebrated in the digital age.

We extend our gratitude to the authors for their valuable contributions and to the workshop
reviewers and participants for their dedication and enthusiasm. It is our hope that the insights
shared in these proceedings will inspire continued research and advocacy for the inclusion and
empowerment of under-resourced languages worldwide.

Maite Melero, Sakriani Sakti, Claudia Soria
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A Bit of a Problem: Measurement Disparities in Dataset Sizes
Across Languages

Catherine Arnett*!, Tyler A. Chang*?3, Benjamin K. Bergen?
! Department of Linguistics,
2 Department of Cognitive Science,
3 Halicioglu Data Science Institute
UC San Diego
{ccarnett, tachang, bkbergen}@ucsd.edu

Abstract
How should text dataset sizes be compared across languages? Even for content-matched (parallel) corpora,
UTF-8 encoded text can require a dramatically different number of bytes for different languages. In our work, we
define the byte premium between two languages as the ratio of bytes used to encode content-matched text in
those languages. We compute byte premiums for 1155 languages, and we use linear regressions to estimate
byte premiums for other languages. We release a tool to obtain byte premiums for any two languages, enabling
comparisons of dataset sizes across languages for more equitable multilingual model development and data practices.

Keywords: multilinguality, datasets, low-resource languages.

1. Introduction

Large language datasets serve as the foundation
for modern natural language technologies. How-
ever, an often ignored question is how to compare
dataset sizes across languages. For standard multi-
lingual language models such as XLM-R, BLOOM,
and XGLM, dataset sizes are reported in bytes
(Conneau et al., 2020; Scao et al., 2022; Lin et al.,
2022)." However, content-matched (i.e. parallel)
text in two languages does not generally have the
same size in bytes, with some languages taking
over 5x as many bytes as others (§3).

Here, we compute byte premiums (cf. tokeniza-
tion premiums in Petrov et al., 2024), the ratios of
bytes taken to encode text in 1155 different lan-
guages. We find that these byte premiums are
highly correlated across datasets. We fit linear re-
gressions to estimate byte premiums for languages
not included in our parallel datasets, and we re-
lease a simple Python tool to retrieve or predict the
byte premium between any two languages.? Our
work enables comparisons of dataset sizes across
languages, with implications for equitable multilin-
gual model development and resource distribution.

*Equal contribution.

'Dataset sizes are also often reported in tokens,
which depend on model-specific tokenizers and which
exhibit similar cross-language disparities to bytes (Petrov
et al., 2024).

®https://github.com/catherinearnett/
byte-premium-tool

1

2. Related Work

Using UTF-8 encoding, which is by far the most
widespread text encoding (Davis, 2012), charac-
ters take between one and four bytes to encode
(Unicode Consortium, 2022). Numbers and Latin
characters without diacritics are one byte, and all
non-Latin scripts use two or more bytes per charac-
ter. This alone introduces a disparity in measured
dataset sizes in bytes (Costa-jussa et al., 2017),
but it must be balanced with the fact that different
scripts encode different amounts of “information”
per character. For example, Mandarin has high
UTF-8 bytes-per-character, but it generally requires
fewer characters than Latin-script languages to en-
code the same content. To account for this tradeoff,
previous work has used parallel text, finding that
byte-level tokenizers encode parallel text in some
languages using more “tokens” (bytes) than oth-
ers (“tokenization premiums”; Petrov et al., 2024).
We tie these results to dataset storage and training
dataset size measurement, we compute the byte
premium for 1155 languages, and we present a
method to predict the byte premium for novel lan-
guages. All our results use UTF-8 encoded text.

3. Computing Byte Premiums

In this section, we calculate the byte premium
BP 4, for different language pairs, which we de-
fine as the ratio of bytes taken to encode a compa-
rable amount of information in language A relative
to language B. For example, if A on average takes
twice as many UTF-8 bytes to encode the same
information (parallel text) as B, then BP 4,5 would
be 2.0. These byte premiums are useful when mea-

SIGUL2024 Workshop, pages 1-9
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suring “how much” content is in each language in a
corpus. In multi-parallel corpora, we note that the
byte premiums must satisfy:

Bytes 4

. Byteso  BPa/c

BytesB B BPB/C

BP =
A/B Bytess

This implies that if the byte premium is known
for every language relative to some language C,
then all pairwise byte premiums are determined.
Thus, we only calculate a single byte premium
BP4 = BP,4,c per language, all relative to ref-
erence language C. We use C = English as our
reference language, but using any other reference
language C, would simply multiply all our byte pre-
miums by a constant BP¢/¢,. In later sections, we
refer to byte premiums relative to English unless
otherwise noted. In contrast to Petrov et al. (2024),
calculating a single byte premium per language
allows byte premiums to be used for multilingual
corpora beyond just pairwise corpora.®

3.1. NLLB

Computing byte premiums requires parallel corpora
in the desired languages. We first use NLLB (Costa-
jussa et al., 2022), a dataset of pairwise parallel text
segments in 188 languages. We sample the first
100K parallel text segments for each language pair
(A, B), and we compute BP 4,5 as the mean ratio
of bytes used in language A versus B, averaged
over all segments. This produces a byte premium
value for every language pair.

To fit a single byte premium BP 4 = BP 4 ¢ for
each language relative to a reference language
C (in our case English), we minimize the mean
squared error of BP 4 /BP s relative to the ground
truth BP 4,5 (Equation 1) over all language pairs
(A, B). In other words, we fit 188 byte premium val-
ues (one per language) based on all 2656 pairwise
byte premium values. Fitting these single byte pre-
miums ensures that Equation 1 holds for all pairs.

Byte premiums computed from NLLB are re-
ported in Appendix Table A.1. For example,
Burmese has byte premium 5.10, so on average it
takes 5.10x as many UTF-8 bytes to encode text
in Burmese versus English. These byte premiums
are consistent when computed from different sub-
sets of the NLLB corpus, with Pearson’s r > 0.999
for byte premiums computed from ten disjoint sub-
sets of 10% of the NLLB corpus. Notably, byte
premiums computed from only 100 lines of text
per language pair correlate with the byte premiums
computed from the full NLLB dataset with Pear-

SFor example, if Equation 1 does not hold, then
English-Mandarin and Arabic-Mandarin byte premiums
could produce conflicting comparable dataset sizes when
adding Mandarin data to an English+Arabic corpus.

2
@ o o <
4| 9 | 2 5
=z L om D
FLORES 0.919 0.938 0.737
Bible 0.921 0.938 0.177
UDHR 0592 0.737 0.177

Table 1: Pearson correlations between byte pre-
miums calculated from different datasets. Correla-
tions are high between NLLB, FLORES, and the
Bible.

son’s r = 0.955, indicating that byte premiums can
be computed from fairly small parallel corpora.

3.2. Other Parallel Corpora

For comparison, we also compute byte premiums
from three multi-parallel corpora: FLORES-200
(Costa-jussa et al., 2022; 204 languages), the Bible
(eBible, 2023; 1027 languages), and the Universal
Declaration of Human Rights (Vatanen et al., 2010;
UDHR,; 241 languages). For each language A in
each dataset, we compute BP 4 = Bytes 4 /Bytes~
relative to reference language C' = English. Be-
cause each dataset is comprised of parallel text
across all included languages, these byte premi-
ums already satisfy Equation 1.

Computed byte premiums are highly correlated
between NLLB, FLORES, and the Bible (Table 1;
Pearson’s » > 0.90), suggesting that byte premiums
are fairly consistent across datasets. We posit that
lower correlations with UDHR byte premiums may
be because the UDHR corpora are much shorter
(roughly twenty total lines of text) and potentially
more domain-specific than the other corpora. For
this reason, we do not use UDHR in later sections.

3.3. Byte Premiums After Compression

Interestingly, we find that byte premiums persist
after compression with the common compression
algorithm gzip (at maximum compression level 9).
When byte premiums are computed from the com-
pressed FLORES corpora, they correlate strongly
with the uncompressed byte premiums (Pearson’s
r = 0.890). However, the scale of variation across
languages reduces substantially after compression;
for example, uncompressed byte premiums of 4.0
are roughly analogous to compressed byte premi-
ums of 1.7 (i.e. compressed data in that language
takes only 1.7x as many bytes as the reference lan-
guage rather than 4.0x as many bytes; Appendix
B). This suggests that standard compression algo-
rithms reduce but do not fully alleviate disparities
in dataset storage sizes across languages.



4. Predicting Novel Byte Premiums

In many cases, we may want to compute the byte
premium for a language A outside of our existing
datasets. If a single parallel text is available from
A to any language B in our datasets, then the byte
premium can easily be calculated as (using refer-
ence language C as before):

_ Bytesy

B
= OYSa mp, (@)

BP4 = =
A Bytesp,  Bytesp

However, there may be cases where no parallel
text is available for language A. In this scenario,
we can break the byte premium into (1) the mean
bytes-per-character in A and C, and (2) the ratio of
characters needed to express the same information
in A and C (the “length ratio”):

_ Bytes, Bytes, Charsy Charsc

— *
Bytesq Chars4 Charsc Bytesq

The bytes-per-character ratio for A can be cal-
culated with only monolingual text in A. We find
that this ratio is highly consistent regardless of the
dataset used. The computed bytes-per-character
ratios correlate strongly (Pearson’s » > 0.99) when
calculated from any of NLLB, the Bible, or FLO-
RES with 20, 200, or 2000 lines of text. Given the
consistency of these bytes-per-character ratios, we
find it efficient to break byte premiums down as in
Equation 3 such that we only need to predict the
length ratio between languages.

41.

We use linear regressions including language fam-
ily, script (writing system), script type (e.g. alphabet
vs. logography), and entropy over characters to
predict the length ratio Chars, /Charsc for a lan-
guage A relative to the reference language C' =
English. From the predicted length ratio, we can
use Equation 3 to calculate the predicted byte pre-
mium for language A. Our results use length ratios,
bytes-per-character ratios, and character entropies
computed from NLLB, FLORES, or the Bible when
available, in order of decreasing priority.*

Predicting Length Ratios

Language Family We predict that typological fea-
tures (e.g. inflection patterns or morpho-syntactic
distinctions) may drive differences in length ratios.
Languages that are in the same language family
are more likely to share typological features due to
their shared historical origin (Moravcsik, 2012).

“As with byte premiums, the choice of reference lan-
guage C only multiplies all length ratios by a constant.
NLLB length ratios are computed in the same way as
byte premiums, but using characters instead of bytes.
We obtain similar regression results using length ratios,
bytes-per-character ratios, and character entropies com-
puted from NLLB, FLORES, or the Bible (Appendix D).

Script and Script Type Some writing systems
may encode higher information content per charac-
ter than others (e.g. Chinese characters; Perfetti
and Liu, 2005), which leads to low length ratios, be-
cause the same content takes fewer characters to
write. We separate scripts into four script types (al-
phabet, abjad, abugida, and logography; Appendix
C), and we use script type as a predictor for length
ratio. We also consider the specific script as a
nested predictor (e.g. Latin vs. Cyrillic).

Character Entropy |t has been proposed that lan-
guages with fewer phonemes (contrastive sounds)
in their inventories have longer words, because it
requires more sounds per word to generate the
number of contrastive sound sequences necessary
to communicate (Nettle, 1995).° Using the same
logic, we predict that a language that tends to use
fewer unique characters will require longer charac-
ter sequences to express information (a high length
ratio). We operationalize the number of unique
characters in a language as the entropy over the
character probability distribution in that language.
A higher entropy indicates either a more even dis-
tribution over characters or a distribution over more
characters. Similar to bytes-per-character ratios
(§4), the entropy over characters is highly stable
across datasets, even computed from as few as
20 lines of text (Pearson’s r > 0.90 for the same
datasets as §4).

We fit linear regressions to predict length ratios
from three different subsets of our predictors. This
allows us to predict novel byte premiums depend-
ing on the available information about the novel
language. We consider the following three subsets:
(I) character entropy, language family, script, and
script type, (ll) character entropy, script, and script
type, and (lll) character entropy and script type.
The predicted length ratios can be used to predict
byte premiums using Equation 3.

5. Evaluating Byte Premium
Predictions

We validate the byte premium predictions from our
linear regressions by looping through languages
with known byte premiums (from NLLB, FLORES,
or the Bible, in that order of priority), evaluating the
byte premium prediction for that language when
holding it out from regression fitting.6 We report

®We also measure the number of phonemes per lan-
guage (PHOIBLE; Moran et al., 2014), but it does not
help predict length ratios (R? = 0.002). Therefore we do
not include it in our linear regressions.

®To prevent skew of regression coefficients, we clip
byte premiums to a maximum of 4.0 (three languages;
Appendix A).



Regression
I Il 1
Scripts with count > 5 | 0.261 0.288 0.290
Scripts with count < 5 | 0.770 0.739 0.589

Table 2: RMSEs when predicting byte premiums
using different regressions, for languages with com-
mon and uncommon scripts.

the root mean squared error (RMSE) for the three
linear regressions described in the previous sec-
tion (I, Il, and Ill). We compute separate RMSEs for
(1) languages whose script is shared by less than
five languages in our datasets, and (2) languages
whose script is shared by five or more languages
in our datasets. Languages whose script is uncom-
mon may have more poorly fitted script coefficients
(and potentially language family coefficients), so we
might expect them to exhibit larger byte premium
prediction errors.

Results are reported in Table 2. For languages
with common scripts (scripts with count > 5), the
regressions improve as predictors are added (ll, Il
then I). For these languages, RMSEs reach 0.261,
indicating that the predicted byte premiums are on
average approximately 0.261 away from the true
byte premiums.

As expected, we also find that languages with
uncommon scripts (scripts with count < 5) have
higher errors in their predicted byte premiums, in-
dicating that their script and family coefficients are
poorly fitted. Likely due to these poorly fitted coeffi-
cients, for those languages, the regression with the
lowest validation error is regression lll, which only
includes character entropy and script type as pre-
dictors. The validation RMSE is 0.589, indicating
that predicted byte premiums for languages with
uncommon scripts are on average approximately
0.589 away from the true byte premiums. Given that
byte premiums can range from below 0.75 to over
5.00, even this simple regression is a substantial im-
provement over a naive assumption that languages
take equal bytes to encode information (i.e. byte
premium 1.0).

6. Introducing the Tool

Finally, we introduce a Python tool that re-
turns pre-computed or predicted byte premiums
for any language pair. The tool is available
athttps://github.com/catherinearnett/
byte-premium-tool. If both input languages
are in our set of 1155 languages, the pairwise byte
premium is computed from Equation 1 using our
pre-computed byte premiums. Otherwise, the byte
premium is computed from a user-provided paral-
lel text (if available). If no parallel text is available,
the tool asks for a small monolingual corpus in

the novel language(s), from which it can compute
the character entropy and bytes-per-character ra-
tio per language, to use in the regressions from
§4. Following the validation results in §5, the tool
uses regression |, I, or lll (in order of decreasing
priority) for languages with common scripts. For
languages with uncommon scripts, regression Il is
always used. Aside from character entropy (which
is computed from the user-provided monolingual
text), regression lll requires only the script type for
the novel language(s), which can easily be found
on sites such as Wikipedia. Thus, our tool provides
a simple interface from which to obtain the pair-
wise byte premium between any two languages,
enabling easy dataset size conversions.

7. Discussion and Conclusion

Measuring Dataset Sizes One implication of our
work is that researchers currently may overesti-
mate the amount of data that multilingual NLP mod-
els are trained on for non-Latin script languages
(languages with high byte premiums). These lan-
guages are often already underrepresented in NLP
(van Esch et al., 2022). For example, if it is reported
that a model is trained on 1GB of Georgian data,
then based on its byte premium of 4.34 relative to
English, we should consider the model to be effec-
tively trained on the Georgian equivalent of about
230MB of English data.

As a preliminary investigation into whether scal-
ing training data quantities by byte premiums per
language is indeed a “better” measure of training
data quantity, we use this scaled measure to pre-
dict multilingual language model performance on
various per-language benchmarks. Across models
and tasks, we find that the scaled data proportions
do predict performance in different languages bet-
ter than reported proportions, but not significantly
(p = 0.13; see Appendix E for details).

Byte-Level Tokenization Our results also have
implications for dataset tokenization. Previous work
has argued that byte-level tokenizers enable more
uniform treatment of different languages in a model
(Zhang and Xu, 2022; Xue et al., 2022), but our byte
premiums demonstrate that some languages may
still be at a disadvantage with byte-level tokenizers.
Tokenization length inequalities can lead to higher
costs, longer latencies, and restricted effective con-
text lengths for some languages (Ahia et al., 2023;
Petrov et al., 2024), in this case languages with
high byte premiums.

Equitable Resource Costs Finally, languages
with high byte premiums require more storage
space than other languages to store comparable



content, and they are likely to require higher band-
width connections to transmit text content. In cases
where storage is charged per (giga)byte or Internet
connections are charged based on bandwidth and
usage, uniform pricing rates across languages may
lead to higher technology costs for low-resource
language communities. While only a marginal step
towards solving such issues, our work makes it
possible to take byte premiums into account when
measuring text data sizes across languages.
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Appendices
A. NLLB Byte Premiums

Byte premiums calculated from NLLB are reported
in Table A.1.

B. Byte Premiums After Compression

Byte premiums after compression by gzip, com-
pared to those before compression, are plotted in
Figure B.1.
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Figure B.1: Byte premiums before and after com-
pression by gzip. Each point is a language’s byte
premium relative to English.



C. Writing System Types

Our regressions in §4 require the script type for
each language. The four possible script types are
described below.

Alphabet Alphabets are writing systems where
each segment (either consonant or vowel) is rep-
resented by a symbol (Daniels, 1990). Latin script
is one of the most widely used alphabets. Other
alphabets include Greek, Cyrillic, and Mkhedruli
(Georgian).

Abjad Abjads are writing systems which repre-
sent each consonant with a symbol (Daniels, 1990),
but vowels are often not represented. Arabic and
Hebrew are written with abjads, for example.

Abugida Abugidas, also sometimes referred to
as neosyllabaries, represent consonant-vowel se-
quences, often with vowel notation secondary
to consonant notation (Daniels, 1990). Exam-
ples of abugidas include Devanagari (e.g. Hindi),
Ge’ez (e.g. Amharic), and Canadian syllabics (e.g.
Ojibwe).

Logography Logographies are different from al-
phabets, abjads, and abugidas in that they rep-
resent semantic information as well as phonetic
information. Chinese characters are the only lo-
gography that remains in use. The majority of Chi-
nese characters are composed of one semantic
component and one phonetic component (Williams
and Bever, 2010). A relatively small number of
characters are also pictographs or ideographs, rep-
resenting only semantic information (Ding et al.,
2004).

D. Validation from Different Datasets

In Table D.1, we report validation RMSEs for each
regression (§5) when computing character en-
tropies and bytes-per-character ratios from differ-
ent datasets. Within each dataset, we separate
the languages for which there are less than five
other languages with the same script in the dataset
from those which have five or more languages with
the same script in the dataset. RMSE results are
similar regardless of the dataset used to compute
character entropies and bytes-per-character ratios.

E. Downstream Performance

To evaluate the impact of byte premiums on down-
stream performance, we compile reported training
data proportions (measured based on bytes) per
language for existing massively multilingual models.

Regression
I Il 11

NLLB Scr!pt ct. >5 | 0.201 0.244 0.240

Scriptct. <5 | 0.700 0.744 0.637
Flores Scriptct. > 5 | 0.203 0.246 0.250
(20 lines) | Scriptct. <5 | 0.682 0.557 0.538
Flores Scriptct. > 5 | 0.204 0.252 0.254
(200) Scriptct. <5 | 0.702 0.615 0.544
Flores Scriptct. > 5 | 0.206 0.266 0.271
(2000) Scriptct. <5 | 0.703 0.647 0.558
Bible Scriptct. > 5 | 0.272 0.294 0.298
(4 books) | Scriptct. <5 | 0.766 0.680 0.577
Bible Scriptct. > 5 | 0.271 0.293 0.297
(1 book) Scriptct. <5 | 0.760 0.672 0.566

Table D.1: RMSEs when predicting byte premiums
using different datasets to compute character en-
tropies and bytes-per-character ratios. Results are
separated into common and uncommon scripts.

We adjust each training data proportion by dividing
the reported proportion by the byte premium for
that language. After re-scaling to sum to 1.0, this
provides the estimated effective proportion of data
for each language. If adjusted data proportions are
indeed “better” estimates of effective data quanti-
ties, then we expect them to predict downstream
task performance better than the original reported
training data proportions.

We evaluate ten models from three model fami-
lies: XGLM (Lin et al., 2022), BLOOM (Scao et al.,
2022), and mTO (Muennighoff et al., 2023). We
compile results from XGLM 7.5B, four sizes of
BLOOM (560M, 1.1B, 3B, 7.1B), and five sizes
of mTO (small, base, large, xl, xxl). We use bench-
mark scores from five multilingual benchmarks: XS-
toryCloze (Lin et al., 2022), XCOPA (Ponti et al.,
2020), XNLI (Conneau et al., 2018), Wikipedia next
word prediction (Guo et al., 2020), and XWinograd
(Muennighoff et al., 2023). These benchmarks
cover 22 languages: Arabic, Bulgarian, German,
Greek, English, Estonian, French, Haitian Creole,
Hindi, Indonesian, Italian, Japanese, Burmese, Por-
tuguese, Russian, Spanish, Swahili, Telugu, Turk-
ish, Urdu, Vietnamese, and Chinese (simplified
and traditional). Benchmark scores are compiled
from the Big Science evaluation results on Hugging
Face.”

We fit two linear mixed effects models. Each pre-
dicts the benchmark score for each language (all
scores between 0.0 and 1.0) from the training data
proportion for that language (either the original pro-
portion or those scaled according to our byte premi-
ums) as well as language family, with random inter-
cepts for model and task. We calculate the AICs of
the two non-nested models, along with their relative

"https:/huggingface.co/datasets/bigscience/evaluation-
results



log likelihoods (Wagenmakers and Farrell, 2004).
While the the data proportions scaled by byte premi-
ums better predict benchmark performance (lower
AIC and higher log likelihood), it is not a significant
difference (p = 0.13), using significance testing
as in Wagenmakers and Farrell (2004). This non-
significance may be because there are many other
factors that impact downstream performance apart
from dataset size. A larger meta-analysis would
lead to more reliable inferences.



Language | Byte premium || Language | Byte premium || Language | Byte premium
ace_latn 1.2419926 hye_armn 1.7241548 oci_latn 1.0146652
afr_latn 1.0373004 ibo_latn 1.3451287 ory_orya 2.5109372
aka_latn 1.5750612 ilo_latn 1.0765437 pag_latn 1.0439418
als_latn 1.1673181 ind_latn 1.1788023 pan_guru 2.2208951
amh_ethi 1.7210862 isl_latn 1.1543925 pbt_arab 1.7366557
arb_arab 1.4651134 ita_latn 1.0669230 pes_arab 1.5973940
asm_beng | 2.5264323 jav_latn 1.1468920 plt_latn 1.1512264
ast_latn 1.7490516 jpn_jpan 1.3220250 pol_latn 1.0774161
awa_deva | 2.7014324 kab_latn 1.0287174 por_latn 1.0979270
ayr_latn 1.0976628 kac latn 1.3451812 quy_latn 1.1639224
azb_arab 1.4901878 kam_latn 1.2177037 ron_latn 1.1151666
azj_latn 1.0761036 kan_knda | 2.6420061 run_latn 1.1193204
bak_cyrl 2.2716371 kas_arab 1.7762307 rus_cyrl 1.8228284
bam_latn 1.2569819 kas_deva 2.5259810 sag_latn 1.1632489
ban_latn 1.2695671 kat_geor 4.3381046 san_deva | 2.5428913
bem_latn 1.1553301 kbp_latn 1.4408085 sat_beng 2.1131754
ben_beng | 2.4308225 kea_latn 0.7821679 shn_mymr | 2.8224643
bho _deva | 2.5153669 khk_cyrl 1.8046135 sin_sinh 2.4463506
bod_tibt 2.6040539 khm_khmr | 3.9051643 slk_latn 1.0415468
bug_latn 1.2279017 kik_latn 1.2930516 slv_latn 0.9722273
bul_cyrl 1.8123562 kin_latn 1.1340740 sna_latn 1.1192729
cat_latn 1.0926706 kir_cyrl 1.9635570 snd_arab 1.5880165
ceb_latn 1.1134194 kmr_latn 1.0351712 som_latn 1.4224149
ces_latn 1.0358867 knc_arab 2.5022926 sot_latn 1.1661078
ckb_arab 1.6521034 knc_latn 1.1769876 spa_latn 1.0838621
ckb_arab 1.6521034 kor_hang 1.2933602 srp_cyrl 1.4249495
cym_latn 1.0265667 lao_laoo 2.7071355 sun_latn 1.0970417
dan_latn 1.0211031 lij_latn 1.1438412 swe_latn 1.0210256
deu_latn 1.0537171 lin_latn 1.1393024 swh_latn 1.0696621
dik_latn 1.1239299 lit_latn 1.0300780 tam_taml 2.7292892
dig_latn 0.9590188 ltg_latn 1.0028570 taqg_latn 1.2093634
dyu_latn 1.1545521 ltz_latn 1.2253827 tat_cyrl 1.8543562
dzo_tibt 3.2736977 lug_latn 1.2175185 tel telu 2.6198705
ell_grek 1.9673049 luo_latn 1.0358323 tgk_cyrl 1.7469201
ewe_latn 1.0783440 lus_latn 1.1689564 tgl_latn 1.1176348
fao_latn 1.1557437 Ivs_latn 1.2070388 tir_ethi 1.7631466
fii_latn 1.2107666 mag_deva | 2.5555142 tuk_latn 1.7850561
fin_latn 1.0589051 mai_deva 2.3896953 tur_latn 1.0444815
fon_latn 1.5413204 mal_mlym | 2.8852389 tzm_tfng 1.9259158
fra_latn 1.1742064 mar_deva | 2.4793638 uig_arab 2.3082357
fur_latn 1.0672371 min_latn 0.9497956 ukr_cyrl 1.7514786
fuv_latn 1.1109194 mkd_cyrl 1.8349890 umb_latn 1.1673612
gla_latn 0.9934613 mit_latn 1.0884567 urd_arab 1.7079714
gle_latn 1.9749562 mni_beng | 3.0027416 uzn_latn 1.6455453
glg_latn 1.0590246 mos_latn 1.1413713 vie_latn 1.3493725
guj_aujr 2.1627759 mri_latn 1.1826053 wol_latn 1.0787309
hau_latn 1.1766293 mya_mymr | 5.1034592 xho_latn 1.1988860
heb _hebr | 1.3555346 nid_latn 1.0516739 ydd_hebr 1.8074376
hin_deva 2.3701629 nob_latn 0.9977426 yor_latn 1.3750599
hrv_latn 0.9897218 npi_deva 2.4202344 zsm_latn 1.1438457
hun_latn 1.0199851 nus_latn 1.2935254 zul_latn 1.1639372

Table A.1: NLLB byte premiums. The byte premium for eng_latn is 1.0.
of the ISO 639-3 (language) and ISO 15924 (script) codes separated by an underscore.

Each language code is comprised
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Abstract
In this paper, we present a novel dataset for the study of automated sexism identification and categorization on social
media in Turkish. For this purpose, we have collected, following a well established methodology, a set of Tweets and
YouTube comments. Relying on expert organizations in the area of gender equality, each text has been annotated
based on a two-level labelling schema derived from previous research. Our resulting dataset consists of around
7,000 annotated instances useful for the study of expressions of sexism and misogyny on the Web. To the best of our
knowledge, this is the first two-level manually annotated comprehensive Turkish dataset for sexism identification. In
order to fuel research in this relevant area, we also present the result of our bench-marking experiments in the area

of sexism identification in Turkish.

Keywords: Text Classification, Turkish, Gender Discrimination, Misogynistic Language, Sexist Language,

Annotated Corpus

1. Introduction

Sexism is defined as “prejudice or discrimination
based on sex; especially, discrimination against
women”.! Past research has shown that everyday
sexism has a vast negative sociological and psy-
chological impact on people: On the one hand,
at the sociological level, it represents stereotypes
including gender status beliefs which are associ-
ated to social hierarchies and leadership statuses
(Ridgeway, 2001). On the other hand, there is a
demonstrated negative impact on psychological
well-being which affects self-esteem and leads to
anxiety and depression (Swim et al., 2001; Feigt
et al., 2022). There is an increasing interest in de-
tecting and handling sexist speech, particularly on
social media where anonymity and the sheer scale
of propagated messages makes moderation highly
difficult with existing manual moderation or filtering
methods.

Research on sexism identification on social media
has received considerable attention from the Nat-
ural Language Processing (NLP) community, with
abundant research efforts in languages such as En-
glish, Spanish, and Italian (Kirk et al., 2023; Fersini
etal., 2018; Rodriguez-Sanchez et al., 2021). How-
ever, low-resource languages (from the NLP per-
spective) such as Turkish have yet to be covered
in this relevant domain. Our work aims to fill the
existing gap in resources in the area of sexism iden-
tification in Turkish by releasing a new manually
curated two-level dataset for the NLP community.

The rest of the paper is organized as follows: In
section 2, we present an overview of the previous

'https://www.merriam-webster.com/dictionary/sexism
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work in the field. In Section 3, we describe our
methodology to create the dataset. In Section 4, we
provide the results of our investigatory experiments
on the dataset. Finally, in Section 5, we give a
conclusion and an outline for future work.

2. Related Work

With the ubiquitous presence of social media plat-
forms in modern societies, the amount of con-
tent published over the years has exponentially
increased. In a free-speech digital world moder-
ation is of paramount importance, this is why de-
tecting hate speech has taken a central stage in
many social media platforms and news organiza-
tions, and automated tools for its identification are
nowadays prominent. However, research that fo-
cuses on specific types of hate speech such as
gender discrimination is still rather limited. One of
the earliest works in the field (Hewitt et al., 2016)
proposed a Twitter dataset where tweets were clas-
sified according to the presence of misogynistic
language as a form of abuse. A finer grain collec-
tion of tweets was later on proposed by (Anzovino
et al., 2018) with annotations in classes indicating
(i) Discredit, (ii) Stereotype and Obijectification, (iii)
Sexual Harassment and Threats of Violence, (iv)
Dominance, and (v) Derailing. The AMI Automatic
Misogyny Identification shared task, for Italian and
English Tweets (Fersini et al., 2018) included misog-
yny identification and categorization as objectives.
The 2020 edition of AMI also proposed an analy-
sis of the models’ fairness in classification (Fersini
et al., 2020). For French, we highlight the Twit-
ter dataset created by (Chiril et al., 2020) which
follows a two-level annotation schema while, for
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Arabic, the misogyny multi-label annotated dataset
by (Mulki and Ghanem, 2021). We base our anno-
tation schema on the sEXism Identification in Social
neTworks (EXIST) shared task which covers Span-
ish and English languages (Rodriguez-Sanchez
et al., 2021).

With respect to Turkish datasets in the field, we
have identified the resource by (Cdltekin, 2020) on
abusive Turkish comments and the hate speech
dataset by (Beyhan et al., 2022). Moreover, (Tora-
man et al., 2022)’s dataset relates to offensive gen-
der topics and classifies them as hate, offensive or
normal. Our analysis indicates that none of these
Turkish datasets are solely focused on sexism iden-
tification and categorization.

3. Dataset

Given the lack of resources in the area for Turkish,
we have created the first dataset on sexism identi-
fication following a process of annotation schema
definition, data collection, expert annotation, and
consolidation.

3.1. Data Collection

Following an already established methodology,
data collection was carried out on X (formerly Twit-
ter) and Youtube using their respective APIs? by
issuing several focused queries. For YouTube, pop-
ular music videos have been selected from which
we have extracted comments under the videos. To
gather tweets from Twitter API, generic query exclu-
sion criteria have been defined such as excluding
re-tweets or tweets including images and videos.
Queries were limited to the Turkish language with
emoijis kept, as they might carry valuable informa-
tion. In addition, since Twitter Search APl was
normalizing special Turkish characters (§, G, ¢, C,
s, S, 0,0, 6, 0,1, 1), careful selection of keywords
was considered so as to discard words would mean
something different if normalized (e.g. ‘sik’ in Turk-
ish means ‘chic’ whereas the normalized version
‘s*k’ is a profane word.).

Queries were formed as a set of keywords and
hashtags identified as potentially falling under one
of the sexism categories, such as profane words
indicating sexual violence. Keywords selection was
based on various methods including not only com-
mon sense but also dictionaries created for gen-
der equality or offensive terminology, certain vi-
ral events which may trigger inappropriate com-
mentaries and additional keywords from initial test
queries that returned sexist comments. As an ex-
ample, a recent viral debate centered around the
repeal of the legal regulation known as the Istanbul
Convention, which addresses domestic violence
was chosen as it contained misogynistic comments.

2Note that our collection was carried out before the
restriction imposed by Twitter in recent months.
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In addition, time plays an important role in text clas-
sification since particular topics may only occur in
specific time-period, dates were also considered
for the searches. The full list of search keywords is
provided along with the dataset.

3.2. Classification Schema

As the classification and categorization schema,
EXIST 2021: sEXism Identification in Social neT-
works classification was taken as the base refer-
ence and after some sample annotation trials, some
minor modifications were done in the terminology
and the definitions to adapt to cultural nuances
(Rodriguez-Sanchez et al., 2021). At initial annota-
tion trials, annotators labeled instances containing
any statement related to politics (e.g., the name of a
politician) as ideological, regardless of whether the
instance included any sexism. To provide more clar-
ity, a new terminology was introduced, for discred-
iting of the feminist movement as ’anti-feminism’.

» Sexism Identification: Level 1 class is de-
fined as ‘Sexist’ or ‘Not-Sexist’. Therefore,
anything that does not include concepts in the
sexism definition is classified as ‘Not-Sexist’.

« Sexism Categorization: Sexism is classified
in different categories. Definitions are based
on EXIST 2021 with minor modifications. See
Table 1 for examples of each type (in both
the original language Turkish (TR) and English
(ENG)).

Stereotyping, ideological thinking or domi-
nance: The text expresses false ideas about
women that suggest they are more suitable to fulfill
certain roles (mother, wife, family caregiver, faithful,
tender, loving, submissive, etc.), or inappropriate
for certain tasks (driving etc), or claims that men
are somehow superior to women.
Objectification: The text presents women as ob-
jects apart from their dignity and personal aspects,
or assumes or describes certain physical qualities
that women must have in order to fulfill traditional
gender roles (compliance with beauty standards,
hyper sexualization of female attributes, women’s
bodies at the disposal of men, etc.).

Misogyny and non-sexual violence / hatred to-
wards women: The text expresses hatred and
violence towards women.

Obscenity or Sexual violence: Sexual sugges-
tions, requests for sexual favors or harassment of
a sexual nature (rape or sexual assault) are made.
The examples in this category usually include the
highest level of profanity.

Anti - Feminism: The text discredits the feminist
movement, rejects inequality between men and
women, or presents men as victims of gender-
based oppression.



Category

Example

Stereotyping

Objectification

Misogyny

Obscenity

Anti feminism

TR: @USER kadinlar mumkunse futbol konusmasin (@USER women should not
talk about football if possible)

TR: @USER Ablada tam ** +30 yas Ustu,evde kalmis kadin** sendromu var sanki.
Gereksiz asabiyet,kendisini gevresinden farkli sanmasi ve hayvanli foto. (It’s like
she has the ** 30+ year old, spinster woman ** syndrome. Unnecessary irritability,
feeling different from her surroundings and a photo with animals.)

TR: @USER Kadinlarin beyni yok ( @USER Women have no brains)

TR: @USER S*X S*X. Tecavuz den kacinamazsan zevk alacaksin, hala anlayamad-
inmi ahmakk ( "@USER S*X S*X. If you can’t avoid rape, you will enjoy it, haven't
you figured it out yet, idiot)

TR: @USER ... Erkeklegmis, feminist kadin kiliginda, kadinlktan ¢ikmig, kadinlardan
uzak durun. ("@USER ... Behind every successful man there is a woman.. Stay
away from women who have become masculinized, disguised as feminist and

unfeminine.)

Table 1: Level-2 annotations for tweets in the dataset

Class # instances % instances
Not-Sexist 3167 45.8
Sexist 3748 54.2
Sexual Violence 1352 19.6
Stereotyping 1124 16.3
Misogyny 655 9.5
Obijectification 468 6.8
Anti-Feminism 149 2.2
TOTAL 6915 100

Table 2: Dataset instances by category

3.3. Data Annotation

Based on EXIST (Rodriguez-Sanchez et al., 2021),
a data labeling guideline was adapted to our data
and refined after an annotation trial. Since annota-
tion on current annotation platforms such as Ama-
zon Mechanical Turk (AMT) demonstrated to be
rather ineffective, we hired the services of a non-
profit organization called "SistersLab"® that works
for gender equality in the STEM fields. Their volun-
teers and experts, native Turkish speakers and in-
volved in gender studies or volunteer actively in the
field of gender equality, were engaged for the an-
notation process. For each instance in our dataset
(Tweet or Youtube Comment) at least 2 agreed
annotations have been requested for the target
schema. In case there was no agreement between
the first and second annotation a third annotation
was requested.

Our final dataset resulted in 6,915 instances of
which 54.2% is annotated as some type of ’sexist’
content. See 2 for the distribution of categories

Shttps://sisterslab.org/
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in the dataset. Cohen’s Kappa (Cohen, 1960)
was used to calculate inter-annotator agreement
and resulted in a value of 0.68 for Level 1 which
refers to substantial agreement; and a value of
0.55 for Level 2 which refers to moderate agree-
ment. Lower inter-annotator agreement for Level
2 than Level 1 annotation is expected due to the
variety and complexity of the sub-types. Moreover,
as some text might include more than one sub-type,
even though the annotators have been advised to
choose the most dominant type it added more com-
plexity to the annotation process.

4. Preliminary Experiments

We have carried out a set of initial experiments
in order to evaluate the dataset for comment
classification experiments. Level 1 (sexism
identification) was used for binary classification
while Level 2 (sexism categorization) was used for
multi-class classification. F1-scores were used to
assess model performance. For the experiments
described below we applied a fixed train (90%)
and test (10%) partitions. Initially, we have tried a
Support Vector Machine (SVM) (Cortes and Vapnik,
1995) model (linear kernel, C = 0.1, gamma="auto’)
training on a Term Frequency - Inverse Document
Frequency (TF-IDF) vectorization. We have also
used a neural network architecture bi-LSTM
feed with word embedding. More concretely,
the model consists of a word embedding layer
(embedding dimension=300) implemented with
a FastText (Joulin et al., 2016) model for Turkish
('cc.tr.300.bin’) and a bidirectional Long Short-Term
Memory (bi-LSTM) (Graves and Schmidhuber,
2005) layer (epochs = 10, batch size = 32) which



Model Level-1 Level-2
SVM 0.88 0.70
bi-LSTM 0.89 0.70
BERT (multilingual) 0.87 0.72
BERT (Turkish) 0.87 0.73

Table 3: Classification results with neural models

is capable of capturing contextual information in
both forward and backward directions.

Further experiments were run using Bidirec-
tional Encoder Representations from Transformers
(BERT) model (Devlin et al., 2018). The model
used was extracted from Simple Transformers NLP
(Wolf et al., 2020) library by HuggingFace *.

A version of BERT for the Turkish language,
BERTurk (bert-base-turkish-cased)® which is a
community driven BERT model, trained on various
Turkish corpora was used. And, for comparison,
we also applied the multilingual BERT (bert-base-
multilingual-cased)® which is pretrained on the top
104 languages of Wikipedia.

In Table 3 we show results for experiments involving
neural networks which were trained with 90% of the
training data and evaluated with 10% of test data.
In Figure 1, we present the confusion matrix for
Level 1 classification (sexist / not-sexist) based on
the predictions of the SVM model which has 90%
train / 10% test data-set split.

Confusion Matrix

Actual Negative

True Label

Actual Positive

Predicted Negative

Predicted Label

Predicted Positive

Figure 1: Binary classification - confusion matrix

In Figure 2, we present the confusion matrix for
Level 2 classification. Number representations of
labels corresponds to the following classes: 0:Not-
Sexist, 1:Streotyping, 2:Anti-Feminism, 3:Misogyny,
4:Sexual Violence, 5:0bijectification.

A manual error analysis was also done based on
false predictions corresponding to the SVM model.
Some of the findings and examples are as follows:

“https://huggingface.co/transformers/

Shttps://huggingface.co/domdz/bert-base-turkish-
cased

Shttps://huggingface.co/bert-base-multilingual-
cased
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Confusion Matrix

17 0 5 2

56 1 9 2 1

6 0 6 0

26 0 17 1 2

11 0 1 110 2

7 0 9 4 12

0 1 2 3 4 s
Predicted

Figure 2: Multi-class classification - confusion ma-
trix

Opposing opinion to the hate speech: The writer
actually opposes to the sexist speech including the
sexist speech in the sentence. The below example
is predicted as 'Sexist’/'Stereotyping’; however it
is actually 'Not-Sexist’. In addition, the writer uses
this punctuation ’(!)’ to express irony.

(ENG) @USER They want her to give birth
to children and stay at home, not to work
or study like a man (!) "Break your knees
and sit at home", that’s what they want.
(TR) @USER istiyorlar ki cocuk dogu-
rup evde otursun,erkek gibi(!) calis-
masin,okumasin."Kir dizini otur evinde"
istedikleri bu.

Idiomatic expressions with sexist background
such as the example below is falsely labeled as
not-sexist whereas its actual label is sexist. This
example is sentimentally quite positive and not
a hate speech directed to women; however the
impression ’like a man’ itself is a sexist idiom.

(ENG): @USER You love like a man, my
friend

(TR): @USER Adam gibi seviyorsun
kankam

5. Conclusion and Future Work

We created a manually annotated corpus for
Sexism identification in Turkish on social media.
Our corpus consists of 6915 instances which 54%
of them contains a type of sexism. The dataset
is publicly available to the research community 7.
To the best of our knowledge, this is first compre-
hensive dataset focusing sexism identification in
Turkish. For future work, we would like to execute
further Turkish specific pre-processing, data
augmentation with language generation models
and training on ensemble models.

"https://github.com/smut20/Turkish_Sexism_Dataset



Acknowledgments

We acknowledge support from the Maria de Maeztu
Units of Excellence Programme CEX2021-001195-
M, funded by MICIU/AEI /10.13039/50110001103
and with the support from Departament de Recerca
i Universitats de la Generalitat de Catalunya (ajuts
SGR-Cat 2021).

6. Bibliographical References

Maria Anzovino, Elisabetta Fersini, and Paolo
Rosso. 2018. Automatic identification and clas-
sification of misogynistic language on twitter. In
Natural Language Processing and Information
Systems: 23rd International Conference on Appli-
cations of Natural Language to Information Sys-
tems, NLDB 2018, Paris, France, June 13-15,
2018, Proceedings 23, pages 57—-64. Springer.

Valerio Basile, Cristina Bosco, Elisabetta Fersini,
Debora Nozza, Viviana Patti, Francisco
Manuel Rangel Pardo, Paolo Rosso, and
Manuela Sanguinetti. 2019. Semeval-2019 task
5: Multilingual detection of hate speech against
immigrants and women in twitter. In Proceedings
of the 13th international workshop on semantic
evaluation, pages 54—63.

Fatih Beyhan, Buse Carik, inang Arin, Aysecan
Terzioglu, Berrin Yanikoglu, and Reyyan Yen-
iterzi. 2022. A turkish hate speech dataset and
detection system. In Proceedings of the Thir-
teenth Language Resources and Evaluation Con-
ference, pages 4177-4185.

Patricia Chiril, Véronique Moriceau, Farah Bena-
mara, Alda Mari, Gloria Origgi, and Marlene
Coulomb-Gully. 2020. An annotated corpus for
sexism detection in french tweets. In Proceed-
ings of the Twelfth Language Resources and
Evaluation Conference, pages 1397-1403.

Jacob Cohen. 1960. A coefficient of agreement for
nominal scales. Educational and psychological
measurement, 20(1):37—-46.

Gagrn Coltekin. 2020. A corpus of turkish offensive
language on social media. In Proceedings of
the Twelfth Language Resources and Evaluation
Conference, pages 6174—-6184.

Corinna Cortes and Vladimir Vapnik. 1995.
Support-vector networks. Machine learning,
20(3):273-297.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2018. Bert: Pre-training of
deep bidirectional transformers for language un-
derstanding.

14

Nicole D Feigt, Melanie M Domenech Rodriguez,
and Alejandro L Vazquez. 2022. The impact of
gender-based microaggressions and internalized
sexism on mental health outcomes: A mother—
daughter study. Family Relations, 71(1):201—
219.

Elisabetta Fersini, Debora Nozza, Paolo Rosso,
et al. 2018. Overview of the evalita 2018 task on
automatic misogyny identification (ami). In CEUR
workshop proceedings, volume 2263, pages 1-9.
CEUR-WS.

Elisabetta Fersini, Debora Nozza, Paolo Rosso,
et al. 2020. Ami@ evalita2020: Automatic misog-
yny identification. In Proceedings of the 7th evalu-
ation campaign of Natural Language Processing
and Speech tools for Italian (EVALITA 2020).

Alex Graves and Jurgen Schmidhuber. 2005.
Framewise phoneme classification with bidirec-
tional Istm and other neural network architectures.
Neural networks, 18(5-6):602—-610.

Sarah Hewitt, Thanassis Tiropanis, and Christian
Bokhove. 2016. The problem of identifying misog-
ynist language on twitter (and other online social
spaces). In Proceedings of the 8th ACM Confer-
ence on Web Science, pages 333—-335.

Aiqi Jiang, Xiaohan Yang, Yang Liu, and Arkaitz
Zubiaga. 2022. Swsr: A chinese dataset and
lexicon for online sexism detection. Online Social
Networks and Media, 27:100182.

Armand Joulin, Edouard Grave, Piotr Bojanowski,
and Tomas Mikolov. 2016. Bag of tricks for effi-
cient text classification.

Habibe Karayigit, Ali Akdagli, and Cigdem inan
Aci. 2022. Homophobic and hate speech de-
tection using multilingual-bert model on turkish
social media. Information Technology and Con-
trol, 51(2):356-375.

Hannah Kirk, Wenijie Yin, Bertie Vidgen, and Paul
Réttger. 2023. SemEval-2023 task 10: Explain-
able detection of online sexism. In Proceedings
of the 17th International Workshop on Semantic
Evaluation (SemEval-2023), pages 2193-2210,
Toronto, Canada. Association for Computational
Linguistics.

Hala Mulki and Bilal Ghanem. 2021. Let-mi: an
arabic levantine twitter dataset for misogynistic
language.

Laura Plaza, Jorge Carrillo-de Albornoz, Roser
Morante, Enrique Amigd, Julio Gonzalo, Dami-
ano Spina, and Paolo Rosso. 2023. Overview
of exist 2023: sexism identification in social net-
works. In European Conference on Information
Retrieval, pages 593-599. Springer.



Cecilia L Ridgeway. 2001. Gender, status, and
leadership. Journal of Social issues, 57(4):637—
655.

Francisco Rodriguez-Sanchez, Jorge Carrillo-de
Albornoz, Laura Plaza, Julio Gonzalo, Paolo
Rosso, Miriam Comet, and Trinidad Donoso.
2021. Overview of exist 2021: sexism identi-
fication in social networks. Procesamiento del
Lenguaje Natural, 67:195-207.

Francisco Rodriguez-Sanchez, Jorge Carrillo-de
Albornoz, Laura Plaza, Adrian Mendieta-Aragdn,
Guillermo Marco-Remdn, Maryna Makeienko,
Maria Plaza, Julio Gonzalo, Damiano Spina, and
Paolo Rosso. 2022. Overview of exist 2022:
sexism identification in social networks. Proce-
samiento del Lenguaje Natural, 69:229-240.

Elena Shushkevich and John Cardiff. 2019. Au-
tomatic misogyny detection in social media: A
survey. Computacion y Sistemas, 23(4):1159—
1164.

Janet K Swim, Lauri L Hyers, Laurie L Cohen, and
Melissa J Ferguson. 2001. Everyday sexism: Ev-
idence for its incidence, nature, and psychologi-
cal impact from three daily diary studies. Journal
of Social issues, 57(1):31-53.

Cagri Toraman, Furkan Sahinug, and Eyup Halit
Yilmaz. 2022. Large-scale hate speech detection
with cross-domain transfer.

Yasmen Wahba, Nazim Madhavji, and John Stein-
bacher. 2022. A comparison of svm against pre-
trained language models (plms) for text classi-
fication tasks. In International Conference on
Machine Learning, Optimization, and Data Sci-
ence, pages 304—-313. Springer.

Thomas Wolf, Lysandre Debut, Victor Sanh, Julien
Chaumond, Clement Delangue, Anthony Moi,
Pierric Cistac, Tim Rault, Rémi Louf, Morgan Fun-
towicz, et al. 2020. Transformers: State-of-the-
art natural language processing. In Proceedings
of the 2020 conference on empirical methods in
natural language processing: system demonstra-
tions, pages 38—45.

15



Advancing Generative Al for Portuguese with Open Decoder
Gervasio PT*

Rodrigo Santos, Joao Silva, Luis Gomes, Joao Rodrigues, Anténio Branco
University of Lisbon
NLX - Natural Language and Speech Group, Department of Informatics
Faculdade de Ciéncias, Campo Grande, 1749-016 Lisboa, Portugal
{rsdsantos, jrsilva, luis.gomes, jarodrigues, antonio.branco}@fc.ul.pt

Abstract

To advance the neural decoding of Portuguese, in this paper we present a fully open Transformer-based,
instruction-tuned decoder model that sets a new state of the art in this respect. To develop this decoder, which we
named Gervasio PT*, a strong LLaMA 2 7B model was used as a starting point, and its further improvement through
additional training was done over language resources that include new instruction data sets of Portuguese prepared for
this purpose, which are also contributed in this paper. All versions of Gervasio are open source and distributed for free
under an open license, including for either research or commercial usage, and can be run on consumer-grade hard-
ware, thus seeking to contribute to the advancement of research and innovation in language technology for Portuguese.

Keywords: Portuguese, large language model, decoder, open source, open license, open distribution

1. Introduction

This paper presents a model that is the first com-
petitive, 7 billion parameter, fully open and fully
documented large language model of the decoder
family of Transformers that is prepared specifically
for the Portuguese language, by means of instruc-
tion tuning, for both the European variant, spoken
in Portugal (PTPT) and the American variant, spo-
ken in Brazil (PTBR). These variants have enough
differences in terms of vocabulary and syntax to
warrant the creation of specialized models.

By being fully open, it is open source and openly
distributed for free under a free license, including
for research and commercial purposes. By be-
ing fully documented, the new datasets that were
specifically developed for its construction can be
reused, its development can be reproduced, and
reported performance scores can be independently
assessed. By being fully open and documented,
its further development and improvement is openly
available to the community.

In the last half decade, the neural approach to
natural language processing became pervasive,
with virtually any language processing task attain-
ing top performance under the Transformer archi-
tecture (Vaswani et al., 2017). Initially proposed
and explored in an encoder-decoder setup (Raffel
et al., 2020), subsequent research has shown the
particular strengths of separate encoder-only and
decoder-only solutions (Devlin et al., 2019; He et al.,
2021; Brown et al., 2020), with decoders becoming
specially notable with the availability of ChatGPT
to the general public (Ouyang et al., 2022; OpenAl,
2023).

Among the thousands of natural languages spo-
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ken in the world, English is the one whose research
is, by a huge margin, better funded and thus the one
for which more language resources exist, including
the gigantic collections of text that are necessary to
train top performing large language models. Con-
sequently, the largest and best performing monolin-
gual models have been developed for this particular
language (Touvron et al., 2023b; He et al., 2021).

Seeking to build on the strength of such monolin-
gual models, multilingual models have also been
developed. Typically, they are trained over datasets
where relatively small portions of data from a few
other languages are added to the data from En-
glish (Devlin et al., 2019; Scao et al., 2022). In-
terestingly, these models have shown competitive
performance in handling tasks in languages other
than English, leveraged by the massive volume of
data thus made available and outdoing the meager
results that would otherwise be obtained if a mono-
lingual model had been trained only in the data
available for those languages alone (Pires et al.,
2019).

In order to further mitigate the relative data
scarceness impacting the non-English languages,
further approaches have been undertaken that in-
clude the continuation of the self-supervised train-
ing with monolingual data from a specific language.
This continuation of causal language modelling
(CLM) has been experimented with over multilin-
gual models or even monolingual English models.
Research has shown that when such training is
appropriately continued, the performance of the
resulting model for that specific language exceeds
the performance of the baseline model on that lan-
guage, whose training has not been thus continued
(Kaplan et al., 2020; Rodrigues et al., 2023).

SIGUL2024 Workshop, pages 16—26
21-22 May, 2024. © 2024 ELRA Language Resource Association: CC BY-NC 4.0
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Figure 1: Gervasio PT* Methodology

By exploiting this approach of continuing the train-
ing of a previous strong foundation model, we con-
tribute a new model with instruction tuning to foster
the technological preparation of the Portuguese lan-
guage. To the best of our knowledge, this is the first
decoder under the Transformer architecture that is
both (i) specifically improved for Portuguese, cover-
ing two variants of this language, namely PTBR
and PTPT, and (ii) fully open, that is it cumula-
tively complies with all the features of being open
source and openly distributed for free under a most
permissive license (including for research and for
commercial purposes). The model is available at
https://huggingface.co/PORTULAN.

To the best of our knowledge and at the time of
writing, Gervasio represents the state of the art re-
ported in the literature for open, 7 billion parameter
decoders for Portuguese, surpassing the model it is
based on as well as other decoders for Portuguese
of similar size. The release of Gervdasio, alongside
the instruction dataset used to train it and which
is also a novel contribution of this paper, seeks to
contribute to foster research and innovation for the
language technology for Portuguese. The method-
ology employed in this work name be observed in
Figure 1.

The remainder of this paper is organized as fol-
lows: Related work is covered in the next Sec-
tion 2; the data used to train and test the model
is presented in Section 3; Section 4 describes the
decoder for Portuguese created in this study and
Section 5 presents and discusses the results of its
evaluation. The last Section 6 offers concluding
remarks.
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2. Related Work

In this section we discuss previous results and re-
sources in the literature that are related to the aim
of the present paper. We first address decoders
for Portuguese that are publicly reported or publicly
distributed, and then we address the available op-
tions concerning the base model that can be used
to be continued to be trained with Portuguese data.

2.1. Decoders for Portuguese

Looking for decoders specifically developed or im-
proved for Portuguese that are publicly distributed
and for which it is possible to find a publicly avail-
able report, to the best of our knowledge there can
be found only two that, with 7 billion parameters or
more, match or surpass the size of Gervasio PT*
contributed in the present paper, namely the Sabia
models with 7 and 65 billion parameters (Pires et al.,
2023). It is worth noting that: (i) these two models
were developed for only one of the variants of Por-
tuguese, PTBR, but not for PTPT; (ii) the 65 billion
parameter model is reported in that publication but
it is not distributed; and (iii) the 7 billion parameter
model is distributed in a non open license, being
its reuse restricted to research purposes only.

Other decoders that at the time of writing the
present paper can be found of comparable size are
not documented, besides being also for only one of
the variants of Portuguese, namely PTBR: Boana,
Cabra, Cabrita, Canarim.’

Al on HuggingFace, at Irds-code/boana-7b-instruct,
nicolasdec/CabraMistral7b-0.2, 22h/open-cabrita3b, and
dominguesm/canarim-7b, respectively.



The other decoders, numbering about a dozen,
that can be found for Portuguese have a smaller
size, and are also only for PTBR. The largest of
these, the 3 billion parameter Cabrita mentioned
above, is distributed through Hugging Face (HF)
and documented in a non peer-reviewed publication
(Larcher et al., 2023). The second largest is Aira,?
with 1.7 billion parameters and based on Bloom. No
evaluation results on benchmarks or downstream
tasks for it are reported, it has a residual number
of downloads from HF and, being based on Bloom,
it inherits the restrictions from Bloom’s license and
it is thus not fully open as Gervasio.

Common to these decoders other than Sabia,
which are of similar or smaller size, is that while
they are publicly distributed, no public detailed pre-
sentation of them seems to be provided, be it an
implementation report or a paper, either in pre-print
or in peer-reviewed versions. This hampers know-
ing, among other aspects, which datasets were
used for their training and thus hampers sensible
comparison with other related work and models,
which may risk being evaluated in datasets where
they were trained.

Turning to Sabid, while there is a paper with its
reporting (Pires et al., 2023), this model was de-
veloped by a commercial company and the variant
with 7 billion parameters is not openly distributed,
with its license restricting its use only for research,
a restriction inherited from the license of LLaMA 1
(Touvron et al., 2023a), which was taken as its base
model. The variant with 65 billion parameter, in turn,
does not appear to be publicly distributed. Sabia is
reported to have been obtained by continuing the
training of LLaMA 1 both in its 7 billion and 65 bil-
lion parameter versions. A third version of Sabia
was trained over GPT-J (Wang, 2021), with 6 billion
parameters. All of these were trained for the PTBR
variant of Portuguese only.

Looking into the collection of tasks reported to
have been used to evaluate Sabid, one finds a few
that are common with the evaluation of Gervasio,
such as BoolQ, which were also machine translated
into PTBR to evaluate Sabia. Additionally, Sabid’s
authors present its performance scores in a few
other downstream tasks whose datasets did not
result from machine translation from English ones,
but were developed originally in PTBR.

The performance scores from Sabid’s publica-
tion are repeated in Section 5, side by side with
related scores of the Gervasio PTBR, for American
Portuguese. Against this background, and as it
will be discussed at length in that Section, at the
time of this writing and to the best of our knowl-
edge, Gervasio offers the state of the art in terms
of fully open decoders specifically improved for
Portuguese in both PTPT and PTBR variants, and

20n HF at nicholasKluge/Aira-2-portuguese-1B7.
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it is the first 7 billion parameter decoder specifically
developed and distributed for the PTPT variant.

2.2. Base Models

In this connection, it is worth noting also that not
only Gervasio happens to be the top performing
7 billion open decoder for Portuguese, but also that
it adopted the best possible setup and codebase
available at the time of its development given the
goals and requirements assumed for its construc-
tion.

There are a number of multilingual decoders re-
ported in the literature, such as mBART (Liu et al.,
2020), XLM-R (Conneau et al., 2020), mT5 (Xue
et al., 2021), ByT5 (Xue et al., 2022), XGLM (Lin
etal., 2022), mGPT (Shliazhko et al., 2023), Bloom
(Scao et al., 2022), and LLaMA (Touvron et al.,
2023b), to which the promising English open mod-
els Mistral (Jiang et al., 2023) and Pythia (Biderman
etal., 2023) were added in our considerations of the
options available. From these possibilities, many
had to be excluded given their non-open license,
leaving only those from the Mistral, Bloom, Pythia,
and LLaMA families as viable bases on which to
build Gervasio.

From these, we decided to leave out Mistral given
that, unlike the others, it is indicated to have been
developed with no guardrails or other possible state-
of-the-art preventive measures available that could
help mitigate possible ethical issues.

From the remainder three models left, Bloom is
distributed under a RAIL license,® which hampers
its use in some important application domains, such
as law and healthcare, and thus it was left aside.

Finally, as LLaMA models appear to generally de-
liver better performance than similarly sized Pythia
models in the Hugging Face’s Open LLM Leader-
board,* we adopted LLaMA for our base model. In
this leaderboard, LLaMA appears as superior to
all the other models mentioned above, except pos-
sibly to Mistral, for which it is a matching or close
alternative option, with the important advantage
over Mistral though of safeguarding ethical aspects
to the extent possible given the current status of
knowledge concerning foundation models.

3. Data

In this section we present the datasets we devel-
oped or reused to train and evaluate Gervasio.

3https ://huggingface.co/spaces/
bigscience/license

*https://huggingface.co/spaces/
HuggingFaceH4/open_1llm_leaderboard



3.1.

To benefit from the advantages of instruction tuning
over standard supervised fine-tuning (Wei et al.,
2022), and to keep some alignment with main-
stream benchmarks for English, we resorted to
tasks and respective datasets in the GLUE (Wang
et al., 2018) and the SuperGLUE (Wang et al.,
2019) collections.

Developed Datasets

Task selection We selected those datasets
where the outcome of their machine translation
into Portuguese could preserve, in the target lan-
guage, the linguistic properties at stake and thus
be acceptable for the purposes of this paper.

For instance, the COLA dataset from the GLUE
benchmark contains examples of grammatical and
non-grammatical expressions from English. This
dataset had to be put aside given that an auto-
matic machine translator typically delivers gram-
matical expressions in the target language, even if
the source expression is not grammatical, defeating
the purpose of the benchmark.

From GLUE, we resorted to the following four
tasks: (i) MRPC (paraphrase detection), (ii) RTE
(recognizing textual entailment), (iii) STS-B (seman-
tic textual similarity), and (iv) WNLI (coreference
and natural language inference). And from Super-
GLUE, we included these other four tasks: (i) BoolQ
(yes/no question answering), (ii) CB (inference with
3 labels), (iii) COPA (reasoning), and (iv) MultiRC
(question answering).

Task translation To machine translate into Euro-
pean Portuguese and into American Portuguese,
we resorted to DeepL,® which to our knowledge is
the only online service that translates to both of
these variants.

Task templates Instruction templates have been
manually crafted for each task. These take the
various fields in the dataset and arrange them into
a prompt by, for instance, appending “Frase 1:”
(Eng. “Sentence 1:”) before the first sentence of
an example in the RTE dataset. A more detailed
example is provided below in the Annex A.

Training data For continuing causal language
modelling (CLM) with Portuguese data, we used
the datasets STS-B and WNLI, from GLUE, and
BoolQ, CB and MultiRC, from SuperGLUE, ma-
chine translated into Portuguese twice, once for
PTPT, and another time for PTBR.

For CLM, each training instance includes the task
instruction followed by one or more examples taken
from the training partition of that task (including the
respective gold answers).

5https ://www.deepl.com
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task #exs.tra #exs.aug total
STS-B 5749 5749 11498
WNLI 635 1270 1905
BoolQ 9427 28281 37708
CB 250 500 750
MultiRC 27243 81729 108972
Total #exs 43304 117529 160833
Total #tok pt 17.9M 50.1M  68.0M
Total #tok br 17.8M 50.6M  68.4M

Table 1: Size of translated (tra) and augmented
(aug) training datasets, in number of examples
(#exs). The number of examples is identical for
both variants, since they are translated from EN
to PTPT and PTBR. Token counts (#tok) concern
examples only and do not include the instruction or
the context examples in few-shot mode

Every instance from the training partitions is seen
twice during CLM: once where it is the only exam-
ple in the respective training instance (that is, it
is not preceded by other examples — zero-shot
mode); and once where it is preceded by other, 1
to n randomly selected examples (few-shot mode),
where n is the largest number possible given the
sequence length in CLM.® Instances, examples,
modes and values for n are shuffled.

Statistics on the training datasets are in Table 1.
Taking into account the instructions, the examples
in few-shot mode and the two subsets, one for zero-
shot mode and the other for few-shot mode, al-
together, the CLM resorted to a 83 million token
dataset (83.1M for PTPT and 83.6 for PTBR) when
we trained our model.

Testing data For testing, we reserved the trans-
lated datasets MRPC (similarity) and RTE (infer-
ence), from GLUE, and COPA (reasoning/ga), from
SuperGLUE, which were taken as representatives
of three major types of tasks, and were not seen
during training in CLM.

Each testing prompt includes the task instruction
followed by an instance from the validation parti-
tion (without the gold label). This instance may be
preceded by zero (in zero-shot prompting) or by a
few examples (in few-shot prompting) taken from
the training partition (these examples include the
respective gold labels).

Augmented datasets Following (lyer et al,
2023), we employ data augmentation techniques
to enhance the size and diversity of our dataset.

®Exceptions were BoolQ and MultiRC, which given
the size of their examples and the maximum sequence
length of the model, allowed zero-shot mode only.



translated tasks  #exs
MRPC 408
RTE 277
COPA 100

subtotal 785
reused tasks #texs
ASSIN2 RTE 2448
ASSIN2 STS 2448
BLUEX 178
ENEM 2022 118
FaQuAD 63

subtotal 5255

Table 2: Size of translated and reused testing
datasets, in number of examples (#exs). The
number of examples is identical for both variants.
Reused tasks are pt-br only

This involves repurposing the tasks in various ways,
such as generation of answers from MultiRC, ques-
tion generation from BoolQ, and other relevant mod-
ifications. These are presented in the Annex B. Ta-
ble 1 summarizes the number of examples in the
augmented datasets we arrived at. We did not per-
form data augmentation for any dataset reserved
for testing.

3.2. Reused Datasets

For further testing our decoder, in addition to the
testing data described above, we also reused some
of the datasets that had been resorted to by (Pires
et al., 2023) for American Portuguese to test the
Sabia model and that were originally developed
with materials from Portuguese: ASSIN 2 RTE (en-
tailment) and ASSIN 2 STS (similarity) (Real et al.,
2020), BLUEX (question answering) (Almeida et al.,
2023), ENEM 2022 (question answering) (Nunes
et al.,, 2023) and FaQuAD (extractive question-
answering) (Sayama et al., 2019). To secure com-
parability with that model, we filtered out these
datasets and prepared their test instances as indi-
cated in the Annex of the Sabia paper.”

Statistics on the testing datasets are show in
Table 2.

4. Models

The Gervasio models are based on the LLaMA 2
(Touvron et al., 2023b) model with 7 billion param-

"We did not reuse TweetSentBR because its distribu-
tion is discontinued; ENEM Challenge because it is very
similar to ENEM 2022, which was already on board; and
FaQuAD because its domain is very narrow (viz. higher
education institutions).
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eters. LLaMA 2 is a open-sourced decoder-based
Transformer that has achieved state-of-the-art re-
sults in various natural language processing tasks
in the English language. In comparison with pre-
vious decoder-based models, such as LLaMA 1
(Touvron et al., 2023a), the main reasons for its
superiority are the use of a larger context length
of 4096 tokens and the extensive volume of data it
was trained on, a volume that is currently lacking
for the Portuguese language. More specifically, the
LLaMA 2 model is pretrained using 2 trillion tokens
from publicly available sources. The Gervasio mod-
els aim to advance generative Al capacity to handle
the Portuguese language by further pretraining it on
the data we have curated for Portuguese language
variants.

Regarding the details of the decoder architecture,
the model has a hidden size of 4096 units, an inter-
mediate size of 11,008 units, 32 attention heads, 32
hidden layers, and a tokenizer obtained using the
Byte-Pair Encoding (BPE) algorithm implemented
with SentencePiece (Kudo and Richardson, 2018),
featuring a vocabulary size of 32,000.

We adopted the LLaMA 2 implementation pro-
vided by Hugging Face (Wolf and et al., 2020) as
our codebase. For this purpose, we employed the
Transformers library in conjunction with Acceler-
ate (Gugger et al., 2022), Flash Attention (Dao
et al., 2022) and DeepSpeed (Rasley et al., 2020).

Fine-tuning In accordance with the previously
described architecture and pre-trained model, we
applied supervised fine-tuning for each variant of
Portuguese, PTPT and PTBR. The training objec-
tive was causal language modeling (CLM) using
the training data specified in Section 3.

It is noteworthy that we implemented the zero-out
technique during the fine-tuning process, as out-
lined in (Touvron et al., 2023b). Specifically, while
the entire prompt received attention during fine-
tuning, only the response tokens were subjected to
back-propagation.

In terms of hyper-parameters, we aimed to
closely match those utilized in (Touvron et al.,
2023b). Consequently, both models were trained
with a learning rate of 2 x 10~?, a weight decay of
0.1, a two-epoch training regime without warm-up,
and to ensure the same number of tokens back-
propagated per step, we employed an input se-
quence of 512 tokens with a batch size of 16 and
16 accumulation steps.

Due to hardware limitations that imposed a
shorter sequence length (512) compared to the
base model (4096), instead of the typical practice
of concatenating all training examples and then
dividing them into batches with the same input se-
quence length, we separated each example indi-
vidually. In other words, each example occupies



the full input sequence length.

To achieve this, we adapted the tokenizer of the
base model to accept padding to allow grouping
examples with different size into batches while pre-
serving the original input sequence length.

Considering the substantial discrepancy in
dataset sizes between the training set and the pre-
training corpus used for the base model, with the lat-
ter being orders of magnitude larger, and given the
language shift from English to Portuguese, we were
uncertain about the expected loss behavior. We
observed that both models exhibited convergence,
featuring in the training steps an initial acceleration
in terms of loss decay followed by a deceleration.
This behavior suggests the inherent ability of the
base model to adapt its focus to a new language,
especially considering that the tokenizer was not
retrained for Portuguese.

For the model training process, we resorted to an
a2-megagpu-16gb Google Cloud A2 VM, equipped
with 16 GPUs, 96 vCPUs, and 1.360 GB of RAM.
The training of each model took approximately two
hours.

5. Evaluation and Discussion

To assess Gervasio models, we resorted to the test
sets introduced above in Section 3. For every task
under evaluation, we use the respective evaluation
metrics commonly found in the literature, typically
the F1 score or the Pearson correlation coefficient,
as indicated below.

In this connection, it is worth noting that in a text
generation task where the generated text is evalu-
ated against a gold label, various responses may
arise in which the generated text does not match
any of the predefined classes. In such cases, the
response was considered different from the correct
label and thus incorrect. To maintain the integrity of
the generated text, which corresponds to the final
label, in tasks where the answer is a word, like “sim”
ou “ndo” (Eng. “yes” or “no”), we only considered
the first word provided as the response, after trim-
ming any leading whitespace. In tasks where the
outcome involve classes consisting of single digit
numeric value, only the first digit is accepted as the
response.

Regarding the hyper-parameters relevant in infer-
ence time for the decoder to generate responses to
the test tasks, we employed a temperature setting
of 1.0, greedy decoding, a beam search value of 1,
and applied top-k filtering with a threshold of 50.

Each performance score reported below is the
average of the outcome of three independent runs
using different seeds.

Tasks from GLUE and SuperGLUE Each lan-
guage variant of Gervasio was evaluated with the
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Model MRPC  RTE COPA
Gervasio ptbr  0.7822 0.8321 0.2134
LLaMA 2 0.0369 0.0516 0.4867
LLaMA 2 Chat 0.5432 0.3807 0.5493
Gervasio ptpt  0.7273 0.8291 0.5459
LLaMA 2 0.0328 0.0482 0.3844
LLaMA 2 Chat 0.5703 0.4697 0.4737

Table 3: F1 scores for ptbr and ptpt tasks trans-
lated from GLUE and SuperGLUE, not seen during
training. Best scores for each task are in bold

respective translated version of the test tasks se-
lected from GLUE and SuperGLUE. The evaluation
scores are displayed in Table 3.

The LLaMA 2 and LLaMA 2 Chat models were
evaluated by us over the Portuguese data for both
variants by following also the same approach used
for Gervasio, described above.

Other downstream tasks Gervasio PTBR was
also evaluated in the downstream tasks whose data
sets were not translated from English but originally
developed for Portuguese. The evaluation scores
are displayed in Table 4. For Sabig, the results pre-
sented therte are those reported in the respective
publication (Pires et al., 2023).

Discussion The first important result worth un-
derling is that Gervasio largely outperforms its base-
line LLaMA 2 in all tasks by both models, as re-
ported in Table 3, except for the PTBR model on
the COPA task.

This demonstrates that it was rewarding to con-
tinue the causal language modeling of LLaMA 2
with the Portuguese data, even though LLaMA 2
had been pre-trained over a overwhelming majority
of English data, and also despite the Portuguese
dataset used to continue its pre-training being tiny
(1.8 billion tokens) when compared to the one used
for LLaMA 2 (2 trillion tokens).

8To further examine the outlier score of COPA in ptbr,
we proceeded with cross evaluation. The PTPT model
shown quite similar scores for both the PTPT and PTBR
datasets, which seems to indicate that the possible cause
for the outlier value did not occur with the construction
of the PTBR dataset. The PTBR model, in turn, run over
the PTPT testset, shown again an outlier score, similar to
the outlier score obtained for PTBR, which may indicate
the root of the difference occurs with the training sets. In
fact, the base model LLaMA was trained on 2.8 Billion
tokens of Portuguese (0.09% of the total 2 Trillion tokens
used for its training in English), where PTBR texts were
most probably in much superior number than PTPT ones,
given the respective demographics. This indicates in



Model ENEM 2022 BLUEX RTE STS

Gervasio ptbr 0.1977 0.2640 0.7469 0.2136
LLaMA 2 0.2458 0.2903 0.0913 0.1034
LLaMA 2 Chat 0.2232 0.2959 0.5546 0.1750
Sabia-7B 0.6017 0.7743 0.6487 0.1363

Table 4: Evaluation (F1 for RTE, Accuracy for ENEM 2022 and BLUEX, Pearson for STS) in data sets
originally developed for American Portuguese, not seen during training. Best scores in bold

Another result from the values in Table 3 is
aligned with similar results that had been found
in (Rodrigues et al., 2023). The different perfor-
mance scores of Gervasio for each of the language
variants reinforce that it is relevant to have a specific
version of the model for each language variant.

Turning to Table 4, one finds the results obtained
with datasets originally developed for PTBR, thus
not having been obtained by machine translation.
For two of the tasks, namely RTE and STS, the per-
formance scores obtained here repeat the same
contrast obtained with the other test datasets trans-
lated into Portuguese whereby Gervasio PTBR
greatly outperforms its baseline LLaMA 2.

For the two other tasks, ENEM 2022 and BLUEX,
in turn, Gervasio does not show clear advantage
over its starting model. This difference in perfor-
mance seems to be justified by the different type
of tasks in each group. Gervasio seems to cope
better with tasks concerned with comparing sen-
tences (RTE, with binary decision, and STS, with
6-way decision), rather than with tasks concerned
with question answering (ENEM2022, with 5-way,
and BLUEX, with 4-way), likely less exercised in
the training set.

The scores of Sabia in Table 4 invite to contrast
them with Gervasio’s but such comparison needs
to be taken with some caution.

First, these are a repetition of the scores pre-
sented in the respective paper (Pires et al., 2023),
which only provide results for a single run of each
task, while scores of Gervasio are the average of
three runs, with different seeds.

Second, the evaluation methods adopted by
Sabia are sui generis, and different from the one’s
adopted for Gervasio. Following Gervasio’s de-
coder nature as a generative model, our scores
are obtained by matching the output generated by
Gervasio against the ground labels. Sabid, in turn,
followed a convoluted approach away from its intrin-

which measure the two training conditions for PTBR and
PTPT may differ. Nevertheless, if this larger exposure
to PTBR data, by the starting model LLaMA, was the
cause for the outlier value with COPA, then it will remain
to expalin why the score for MRPC and RTE are in line for
both PTBR and PTPT. We leave this for future research.
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sic generative nature, by “calculating the likelihood
of each candidate answer string based on the in-
put text and subsequently selecting the class with
the highest probability” (Pires et al., 2023, p.231),
which forces the answer to be one of the possible
classes and likely facilitates higher performance
scores than Gervasio’s, whose answers are gener-
ated without constraints.

Third, to evaluate Sabid, the examples included
in the few-shot prompt are hand picked, and iden-
tical for every test instance in each task (Pires
et al., 2023, p.4). To evaluate Gervasio, the ex-
amples were randomly selected to be included in
the prompts.

Even taking these considerations into account,
it is noticeable that the results in Table 4 indicate
performance scores for Gervasio that are clearly
better than for Sabid, over the same two test tasks
where it also excels over its starting model.

Given that Gervasio, in addition, is distributed as
an fully open model, and Sabia is publicly available
for research only, all these circumstances seems
to speak for Gervasio’s advantage in terms of its
usage for research and commercial purposes.

Limitations and Potential Negative Impact
Large language models come with their own set of
limitations and potential for negative impacts. One
notable limitation is their dependency on the data
they were trained on, which can embed biases into
their outputs, potentially perpetuating stereotypes
and discriminatory practices.

In this work we make use of curated data,
namely the GLUE and SuperGLUE, which miti-
gates the propagation of the aforementioned issues.
Nonetheless, we inherit all the bias and limitations
of the Llama 2 model which is the base to the Gerva-
sio model.

6. Conclusion

This paper contributes new, instruction-tuned large
language models of the decoder family of Trans-
formers specifically developed for the Portuguese
language, as well as the instruction datasets used
to train and evaluate them.



The models are openly available for free and with
no registration required under an MIT license at
https://huggingface.co/PORTULAN, where
the respective datasets are also openly available
for free and with no registration required.

With a 7 billion parameter, these models have
an unique set of features for their size. They are
fully open: they are open source; and they are
openly distributed, under an open license, thus in-
cluding for either research or commercial purposes.
They are the most encompassing models for the
Portuguese language: they cover both the Euro-
pean variant, spoken in Portugal, and the American
variant, spoken in Brazil; and the model for the Eu-
ropean variant it is the first of its class, known in the
literature. They show a competitive performance:
they outperform other models of similar size pub-
licly reported, thus representing the state of the
art. They are fully documented: the new datasets
that were specifically developed for its construction
can be reused and its development can be repro-
duced; and reported performance scores can be
independently assessed.

By being fully open and fully documented, its
further development and improvement is openly
available to the community.

Also, given their size, these models can still be
run on consumer-grade hardware with technologi-
cal solutions currently available, thus being a con-
tribution to the advancement of research and inno-
vation in language technology for Portuguese.

Future work will include taking these models as
the inaugural members of a future family of fully
open decoders for Portuguese with a range of other
sizes, and characteristics and for other variants of
Portuguese.
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7. Annex A: Template Example

As an example, here we describe the template used
for the RTE task in PTPT. In this task, two sen-
tences are given and the task consists in deter-
mining whether the first sentence entails the sec-
ond. Each instance in the dataset contains the
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fields premise, hypothesis and labels. The tem-
plate describes how to handle these fields, usually
by prepending some string to their contents, as well
as defining the initial instruction.

instruction “Nesta tarefa vais receber duas frases.
Indica se a primeira frase implica claramente
a segunda frase. Ou seja, indica se se conclui
que a segunda frase é verdadeira desde que a
primeira frase seja verdadeira. Deves respon-
der ‘sim’ se a primeira frase implica a segunda
frase ou deves responder ‘ndo’ no caso con-
trario.” (Eng. “In this task you’ll receive two
sentences. Indicate whether the first sentence
clearly entails the second sentence. That is,
indicate whether one can conclude that the
second sentence is true as long as the first
sentence is true. You should answer ‘yes’ if
the first sentence entails the second sentence
or ‘no’ otherwise.”)
This is the instruction that is given at the be-
ginning of the input.

premise “Frase 1:” (Eng. “Sentence 1:”)
This is placed before the contents of the
‘premise’ field of the RTE instance.

hypothesis “Frase 2:” (Eng. “Sentence 2:”)
This is placed before the contents of the ‘hy-
pothesis’ field of the RTE instance.

pre-label “Resposta:” (Eng. “Answer:”)
This is placed before the answer.

labels “0” — “sim”, “1” — “ndo”
This is a mapping from the 0/1 labels used in
the RTE dataset to the yes/no labels that are
asked for in the instructions for the task.

Applying the template above to an instance gives
something like what is shown below.

Nesta tarefa vais receber duas frases. Indica se
a primeira frase implica claramente a segunda
frase. Ou seja, indica se se conclui que a se-
gunda frase € verdadeira desde que a primeira
frase seja verdadeira. Deves responder ‘sin?’
se a primeira frase implica a segunda frase ou
deves responder ‘ndo’ no caso contrario

Frase 1: Em 1969, redigiu o relatdrio que prop-
unha a expulsao do partido do grupo Manifesto.
Em 1984, apds a morte de Berlinguer, Natta foi
eleito secretario do partido.

Frase 2: A Natta apoiou o grupo do Manifesto.
Resposta: nédo

In addition, a separator string formed by 3 to 5
consecutive ‘=" (equals) symbols is inserted be-
tween each instance in the training data. And, dur-
ing few-shot inference, each instance is headed by
“Exemplo n” (Eng. “Example n”), with increasing



n, and within each instance its few-shot examples
are delimited by a separator string formed by 3 or
4 consecutive -’ (hyphen) or *’ (asterisk) symbols.

8. Annex B: Instruct Training Tasks

The base tasks and their augmented counterparts
that together form the training data are:

STS-B for semantic textual similarity, with aug-
mented STS-B Aug1 for generation of a sen-
tence with a STS score of 0/1/2/3/4/5

WNLI for coreference and natural language infer-
ence, with augmented WNLI Aug1 for gen-
erating an hypothesis with Positive/Negative
inference, and WNLI Aug2 for generating a
premise with Positive/Negative inference

BoolQ for Yes/No question answering, with aug-
mented BoolQ Aug1 for question genera-
tion with Yes/No answer based on an excerpt,
and BoolQ Aug2 for excerpt generation with
Yes/No answer to a question

CB for inference with labels Entailment (E), Con-
tradiction (C) and Neutral (N), with augmented
CB Aug1 for generating an hypothesis with
label E/C/N, and CB Aug2 for generating a
premise with label E/C/N

MultiRC for question answering, with augmented
MultiRC Aug1 for question generation, Mul-
tiRC Aug2 for excerpt generation, and Mul-
tiRC Aug3 for answer generation
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Abstract

Significant research has focused on speaker recognition (SR), determining which speaker is speaking in a segment
of audio. However, few experiments have investigated speaker recognition for very low-resource or endangered
languages. Furthermore, speaker recognition has the potential to support language documentation and revitalization
efforts, making recordings more accessible to researchers and communities. Since endangered language datasets
are too small to build competitive speaker representations from scratch, we investigate the application of large-scale
pre-built speaker recognition models to bridge this gap. This paper compares four speaker recognition models on
six diverse endangered language data sets. Comparisons contrast three recent neural network-based x-vector
models and an earlier baseline i-vector model. Experiments demonstrate significantly stronger performance for
some of the studied models. Further analysis highlights differences in effectiveness tied to the lengths of test audio
segments and amount of data used for speaker modeling.

Keywords: speaker recognition, endangered languages

1. Introduction Known Speakers Other
Recordings
Recent advances have led to substantial improve- ?\,:
ments in many natural language and speech pro- 3 .
cessing tasks. However, such systems are largely Bais X LR S
focused on and available for a few hundred, typ- -t

ically high-resource, languages. In contrast, a

significant language technology gap remains for

many of the world’s languages, which may be

lower-resource or endangered. At the same time, Figure 1: lllustration of speaker recognition
there are significant efforts to document, research,

and revitalize these languages. Language tech-

nologies have potential to support these efforts. speaker recognition could allow community mem-
Current speaker recognition (SR) models are de- bers to automatically identify recordings from a par-
veloped on large datasets, such as VoxCeleb2 (Na-  ticular speaker in an audio collection, even in the
grani et al., 2020), with over 2k hours of record-  absence of complete, manually created metadata.
ings, over 1M utterances from 6k speakers. Incon-  Similarly, such tools could allow endangered lan-
trast, our endangered language datasets range guage archives to semi-automatically enrich meta-
from 2 to 14.5 hours. The requirements for train-  data with speaker information for their deposits.
ing data size and computational power preclude  Also, a field linguist could use such a system to
building such models from scratch for endangered  identify speech from a particular consultant, and
languages. Fortunately, high-performing pre-built ~ exclude the researcher’s own speech, when prior-
models have been released and can potentially be itizing recordings for transcription.

used to create good speaker representations for  This paper compares four speaker recognition
endangered language data. However, a mismatch  models on six diverse endangered language data
remains between languages used to buildthe mod-  sets. Comparisons contrast three recent neu-
els and those we hope to apply them to. ral network-based x-vector models and an ear-
This paper investigates the use of pre-built speaker  lier baseline i-vector model. Experiments demon-
recognition systems for endangered language  strate significantly stronger performance for some
data, which could support documentation efforts  of the studied models. Further analysis highlights
by automatically enriching metadata or facilitate  differences in effectiveness tied to the lengths of
access to recorded materials by community mem-  test audio segments and amount of speaker mod-
bers. Figure 1 depicts this process. For example, eling data.
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2. Related Work

Speaker recognition (or speaker identification) has
long been an area of research interest. The NIST
Speaker Recognition Evaluation (SRE) (NIST,
2016) series has been active since 1996. The
data has included both telephone and microphone
speech and explored different training and test du-
ration configurations. While earlier iterations fo-
cused on English test data, with a mix of languages
in the training set, recent years have included test
data from Cantonese, Tagalog, and Arabic, as well
as audio-visual settings. The Odyssey workshops
have also promoted work on speaker recognition.
Other large speaker recognition data sets are now
available, such as “Speakers in the Wild” (McLaren
et al., 2016) or VoxCeleb (Nagrani et al., 2020),
which use YouTube interviews. Systems have also
been built for lower resource languages such as
Bengali (Das and Das, 2018) and Uyghur (Rozi
et al., 2015).

A range of models for speaker recognition have
been developed leveraging these resources and
evaluation programs. i-vector models (Verma and
Das, 2015), which dominated the field, have now
largely been supplanted by x-vector models. X-
vector models (Snyder et al., 2018) use neural net-
works pre-trained on large amounts of supervised
speaker identification data to create embedding
representations of new audio. A variety of modifi-
cations and improvements to the standard x-vector
model have been developed (Desplanques et al.,
2020; Li et al., 2020). In addition, enhancements
over simple cosine similarity between vectors have
been implemented, such as PLDA (Biswas et al.,
2014), though cosine remains a strong approach.
Endangered language data presents a number
of challenges for speaker recogntion. Documen-
tary linguistic data may have significant variation
in recording conditions, for instance due to back-
ground noise from public or outside settings. In
contrast, most speaker recogntion data has fo-
cused on telephone or wideband laboratory record-
ing settings, though datasets such as VoxCeleb
include YouTube videos in a wide range of set-
tings. Further, our endangered language datasets
were chosen for areal and typological diversity. Fi-
nally and crucially, documentary linguistic data is
typically much more limited in quantity, preclud-
ing techniques which rely on large amounts of in-
language training data.

3. Data

The experiments below follow Levow et al. (2021)
in terms of data set and selection as well as
pre-processing. Six different languages stored
in the Endangered Language Archive, http://
elararchive.org, were chosen to provide typo-
logical and areal variety. Gold-standard speaker
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segments for training and evaluation are de-
rived from the recordings and accompanying time-
aligned transcriptions in ELAN (Brugman and Rus-
sel, 2004) format. We note that this data is drawn
from diverse genres, including greetings, narrative
and ritual discourse, interviews, elicitations, folk-
tales, and cultural practices.

For each language, we provide information about
its language family, the 1ISO639-3 language codes
where available, location of the fieldwork, as well
as overall statistics about recording and turns
lengths in the experimental data.

Cicipu (ISO639-3:awc) is a Niger-Congo family
language, and the material for this deposit was col-
lected in Nigeria (McGill, 2012). 3.3 hours of audio
form the experimental data set, with an average
turn length of 1.9 seconds, with a standard devia-
tion of 1.3 seconds.

Effutu (ISO639-3:awu) (Agyeman, 2016) is a
Niger-Congo family language, with data collected
in Ghana. 2.0 hours of recordings form the experi-
mental data set, with mean turn length of 3.4 sec-
onds, and standard deviation of 11.1s.

Mocho’ (ISO639-3:mhc) (Pérez Gonzilez,
2018) is a Mayan family language, and the data
for this deposit recorded in Mexico. 4.3 hours
of recordings are available in the experimental
data set, with an average turn length of 2.0s (1.5s
standard deviation).

Upper Napo Kichwa (Grzech, 2018) (U. N.
Kichwa in tables.) is a Quechuan family language,
and the material for this deposit was collected in
Ecuador. The resulting experimental data set in-
cludes 10 hours of audio, with mean turn duration
of 2.9s and standard deviation of 4.6s.

Toratan (ISO639-3:rth)  (Jukes, nd) is an Aus-
tronesian language, and the material for this de-
posit was collected in Indonesia. 14.5 hours of au-
dio are included in the experimental data; mean
turn length is 2.1s, and standard deviation 2.2s.

Ulwa (1SO639-3:yla) (Barlow, 2018) is a Keram
family language, with data collected in Papua New
Guinea The experimental dataset includes 3.2
hours of audio, with mean turn length of 3.6s and
standard deviation of 5.1s.

4. Speaker Recognition Models

All approaches share a comparable overall archi-
tecture. They employ a pre-trained model that cre-
ates vector representations from new input audio.
These models are trained on large-scale external
speech datasets, distinct from the current endan-
gered language data. Representations of audio
samples are then compared. The details of the
different models are presented below.



4.1. Kaldi Language # Known | # Seg | # Files | Total
This approach is based on the sre08 (v1) recipe in | S;)krs gpkrs = Ig(s)tg
the Kaldi (Povey et al., 2011) speech processing Eff ? 15 5 4 514
toolkit. Following the baseline system presented M u# , 8 5 2 1576
in (Levow et al., 2021), this approach builds a 0;\3] ?(_ h ]

strong i-vector model, using data from a subset U. :, ichwa | 69 ° 7 6768
of the Fisher corpus (Cieri, Christopher, et al., Toratan 18 7 9 8686
2004), NIST SRE 2005 (NIST Multimodal Informa- | J!Wa 6 6 4 654

tion Group, 2011c) and 2006 (NIST Multimodal
Information Group, 2011a) training datasets, and
NIST SRE 2005 test data (NIST Multimodal Infor-
mation Group, 2011b). This represents a subset
of the full sre08 recipe and was chosen due to re-
source limitations. This data enables the creation
of the Gaussian Mixture Models (GMM) for the Uni-
versal Background Model (UBM) which support i-
vector extraction.

4.2. Pyannote

We employed the pyannote (Bredin et al., 2020;
Coria et al., 2020) embedding model from Hugging
Face'. This embedding uses a standard x-vector
TDNN (Time Delay Neural Network) (Snyder et al.,
2018) enhanced with trainable SincNet features re-
placing filterbank features. TDNN approaches ap-
ply statistic pooling to create fixed dimension rep-
resentations from variable length input audio. The
model is trained on the VoxCeleb dataset (Nagrani
et al., 2020). It achieves a 2.8% Equal Error Rate
(EER) on the standard VoxCeleb 1 test set.

4.3. SpeechBrain (xvec)

We also applied the SpeechBrain x-vector
model (Ravanelli et al., 2021) from Hugging Face?
to create x-vector embeddings. This model also
employs a pre-trained TDNN-based model. This
model was trained on the VoxCeleb 1 and 2
training datasets, and reaches an EER of 3.2%
on the VoxCeleb 1 test set.

4.4. SpeechBrain (ECAPA)

Finally, we compared the above models to the
SpeechBrain ECAPA-TDNN pre-trained model, us-
ing the implementation on Hugging Face®. ECAPA
(Emphasized Channel Attention, Propagation, and
Aggregation) (Desplanques et al., 2020) incorpo-
rates improvements to the basic TDNN architec-
ture with factors such as frame-level attention and
more effective exploitation of hierarchical features.
This model was also trained on VoxCeleb 1 and 2,
achieving an EER of 0.8%.

https://huggingface.co/pyannote/embedding

2https://huggingface.co/speechbrain/spkrec-xvect-
voxceleb

Shttps://huggingface.co/speechbrain/spkrec-ecapa-
voxceleb
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Table 1: Statistics of evaluation data

For all the neural models, we used default settings
for the pre-trained models with no additional train-
ing or parameter tuning.

5. Experiments & Findings

We follow the basic structure of the NIST Speaker
Recognition Evaluation (SRE) tasks. A set of
known speakers are enrolled by providing one or
more instances of their recorded speech. During
evaluation, an unseen audio segment is presented
along with a known speaker identity. In a “target”
pair, that known speaker’s speech is present in the
new audio sample; in a “non-target” pair, it is not.
The system must assign a score to each speaker-
segment pair. Equal Error Rate, computed based
on that score and gold-standard target/non-target
label, provides a single figure of merit, balancing
between false alarms and misses.

We leveraged the data pre-processing and train-
ing/test splits for each of the six endangered lan-
guage data sets from (Levow et al., 2021). The
evaluation data is evenly split between target and
non-target instances, and all test segments are
drawn from held-out recording session files. Statis-
tics of the data are shown in Table 5*.

We applied all three new neural network models
to that data, and compare to the results for the
baseline i-vector model reported in (Levow et al.,
2021). In each of the neural x-vector models, we
extracted an embedding for each audio segment.
We evaluated two configurations. In one set of
experiments, we used those embeddings directly,
computing the representation for a known speaker
as the average of the individual training sample
x-vectors and scoring each speaker-segment pair
with cosine distance computed using scipy cdist
function. In the second set, we applied (in-domain
adapted) ADT PLDA 5 with hyperparameters tuned
on a small development set to create the segment
representations, again averaging to create known
speaker models, and scoring with likelihood ratio.

4 Due to model constraints, test segments were a
minimum of 0.75 secs.
Shttps://github.com/RaviSoji/plda/



Kaldi | Pyan | SB SB
(xvec) | (ECAPA)

Cicipu 26.0 | 1297 | 17.83 | 5.98
Effutu 42.0 | 21.7 32.29 | 15.56
Mocho’ 115 | 8.375 | 12.30 | 9.39

U. N. Kichwa | 49.2 | 40.25 | 46.69 | 42.17
Toratan 27.3 | 19.52 | 30.43 | 16.96
Ulwa 19.9 | 15.36 | 19.87 | 11.62
With PLDA

Cicipu 11.41 | 18.57 | 7.87
Effutu 18.97 | 29.96 | 7.74
Mocho 7.42 7.23 8.12

U. N. Kichwa 37.77 | 45.5 38.06
Toratan 19.19 | 25.12 | 6.19
Ulwa 8.10 13.76 | 9.39

Table 2: Equal Error Rates (EER) for Pyan-

note), SpeechBrain (SB) (xvec), and SpeechBrain
(SB) (ECAPA) compared to a baseline Kaldi sys-
tem for six endangered language data sets. X-
vector&cosine above; x-vector&PLDA&likelihood
ratio below. Lower scores are better; best results
for each language/block are in bold.

5.1. Overall Findings

The EER values for each model applied to each of
the six endangered language data sets appear in
Table 2. The best overall effectiveness was found
for the Pyannote and SpeechBrain ECAPA models,
in both configurations, with the best performance
for each language being reached by one of these
two models (shown in bold in Table 2), except for
Mocho’ PLDA. The Kaldi i-vector and SpeechBrain
(xvec) models did not perform as strongly, with
the Kaldi model having the weakest average EER
scores. With cosine, all pairwise system differ-
ences were significant by Wilcoxon test (p < 0.05),
except for Kaldi vs. SpeechBrain (xvec) and Pyan-
note vs. SpeechBrain (ECAPA). With PLDA, al-
though numerically better - sometimes substan-
tially - in all but three cases, only the improvement
for Pyannote reached significance (p < 0.05), and
cross-model differences did not reach significance.
The difference between best and worst models
reached a factor of four for some languages. It is
also important to note that there were large differ-
ences between languages as well as across mod-
els. The Upper Napo Kichwa data set was chal-
lenging for all models with EERs near or above
40%. In contrast, the EER for the best perform-
ing data set overall, Mocho’, had 75% lower EER.
Finally, all EERs remain substantially higher than
for the same models on the VoxCeleb test set.
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5.2. Analysis

To better understand the source of the variations in
data set and model performance, we conduct fur-
ther analysis. In particular, we focus on two factors
relating to sample size: (1) duration of test audio
segments and (2) amount of data used train known
speaker representations.

Audio segment length has been used as a con-
trastive factor in prior NIST SRE tasks (NIST,
2016), and can impact tasks such as language
identification (Styles et al., 2023). We also note
that the annotated speaker segments for the en-
dangered language data sets average only 2-5
seconds. To assess the impact of test audio seg-
ment duration, we broke down results by length
into 0.5s bins, using the threshold associated with
EER to compute accuracy. We focus on the
“target” instances, where the new segment and
speaker representation should have high similarity.
For each of the models, we find a highly significant
correlation® of accuracy with segment duration,
ranging from correlation of 0.69 (p < 0.0001) for
SpeechBrain (xvec) to 0.22 (p < 0.01) for ECAPA,
both with and without PLDA.

We also observe in our data sets that there is
substantial variation in the amount of enroliment
training data for the known speaker models. One
speaker has only a single instance of roughly 1
second, while another reaches almost 11000 in-
stances for a total of more than 5 hours. Here we
compute the total duration of enroliment training
data for each speaker. We then check the corre-
lation of the target and non-target accuracies for
each speaker. We find a significant negative corre-
lation of amount of speaker data with non-target ac-
curacy, under all models. In other words, speakers
modeled with less total audio data are less likely
to be mistakenly matched to a new audio segment.
Possibly, larger amounts of modeling data can cap-
ture too much within-speaker variation, making it
harder to exclude incorrect matches. This obser-
vation suggests the need for alternate strategies
to incorporate speaker modeling audio data.

6. Conclusion & Future Work

This paper has investigated the effectiveness of
three pre-built neural x-vector models and a base-
line i-vector model for speaker recognition on six
endangered language datasets. Experimental re-
sults indicate better effectiveness for the Speech-
Brain (ECAPA) and Pyannote models, while high-
lighting substantial variation across data sets.
Analysis showed the impact of test segment dura-
tion and amount of speaker modeling data.

These experiments highlight the need for better
modeling of short segments and integration of

®Correlation is computed with scipy.stats.spearmanr



speaker enrollment data. Future work will also ex-
plore approaches to fine-tune existing models to
better match the endangered language data.
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8. Ethical Considerations

Speech is intrinsically personally identifying infor-
mation. Speaker names are anonymized during
data set preprocessing, but speaker recognition
links audio to speaker identities. Thus models of
these speakers could possibly be linked to non-
anonymized speech samples elsewhere on the
Web. Furthermore, work risks “dual use” where
models designed to support research or commu-
nity access could instead be exploited for harmful
purposes, such as spoofing.
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Abstract

Recent advances in neural networks based language representation made it possible for pretrained language
models to outperform previous models in many downstream natural language processing (NLP) tasks. These
pretrained language models have also shown that if large enough, they exhibit good few-shot abilities, which is
especially beneficial for low-resource scenarios. In this respect, although there are some large-scale multilingual
pretrained language models available, language-specific pretrained models have demonstrated to be more accurate
for monolingual evaluation setups. In this work, we present BERTbek - pretrained language models based on the
BERT (Bidirectional Encoder Representations from Transformers) architecture for the low-resource Uzbek language.
We also provide a comprehensive evaluation of the models on a number of NLP tasks: sentiment analysis, multi-label
topic classification, and named entity recognition, comparing the models with various machine learning methods as
well as multilingual BERT (mBERT). Experimental results indicate that our models outperform mBERT and other
task-specific baseline models in all three tasks. Additionally, we also show the impact of training data size and quality
on the downstream performance of BERT models, by training three different models with different text sources and
corpus sizes.

Keywords: BERT, language modeling, Uzbek language, natural language processing; low-resource lan-
guages

1. Introduction outperform their monolingual counterparts in mono-
lingual evaluation settings (Virtanen et al., 2019;
The approaches towards natural language process- ~ Safaya et al., 2020; de Lima et al., 2022); (2) Multi-
ing (NLP) applications have seen a rise in pre- lingual language models require larger vocabulary
trained large language models (LMs) on large unla-  size and number of training parameters, thus requir-
beled data to solve downstream NLP tasks overthe ~ ing more GPU performance and time to fine-tune
last years. These pretrained LMs are then usually ~ them; (3) Creating LMs trained on quality data is
used in zero-shot or few-shot setups, being fine-  important for reliable evaluation (Melis et al., 2017;
tuned to fit the LM output to a specific NLP task,  Xu et al., 2022), especially when the size and diver-
often achieving state-of-the-art performances (Rad-  Sity of non-English data involved are considered in
ford et al., 2018; Devlin et al., 2019; Yang et al.,  pretraining multilingual models (Pires et al., 2019).
2019; Lample and Conneau, 2019). One of the Apart from the fact that these neural pretrained
most popular approaches used to create these  LMs are favored in terms of their better perfor-
LMs relies on using Transformers-based architec- mance, they can be pretrained just on raw texts,
tures (Vaswani et al., 2017), such as BERT (Devlin  reducing the reliance on large amounts of labeled
etal., 2019), GPT (Radford et al., 2018), as wellas  data, which works in favor of low-resource scenar-
XLM (Lample and Conneau, 2019), among many  ios where such data is scarce (Kryeziu and Shehu,
others. Especially, BERT has been particularly in-  2022). For the above-mentioned reasons, besides
fluential, due to its early adoption and success in  English, monolingual BERT models have been
a range of downstream NLP tasks in English and  trained for different languages: rich-resourced ones
other languages. such as Spanish (Canete et al., 2020), Russian (Ku-
Along with monolingual models, multilingual mod-  ratov and Arkhipov, 2019), and Portuguese (Souza
els have been developed for the same kind of ar- et al., 2020); as well as low-resource languages
chitectures, like multilingual BERT, XLM (Lample like Galician (Vilares et al., 2021), Maltese (Micallef
and Conneau, 2019), and XLM-RoBERTa (Con-  etal.,,2022), Armenian, Kazakh, or Tamil (Tsai etal.,
neau et al., 2019). These multilingual models are ~ 2019).
interesting because they have been proven to per- In this work, we present BERTbek - openly avail-
form well for cross-lingual transfer-learning (Wu  able pretrained BERT-based language models for
and Dredze, 2019). However, they also have some  Uzbek, a low-resource language like the major-
problems: (1) Multilingual pretrained LMs could not ity of other counterparts in the Turkic family. We

33

SIGUL2024 Workshop, pages 33—44
21-22 May, 2024. © 2024 ELRA Language Resource Association: CC BY-NC 4.0



first collect raw text corpora from different sources
like Wikipedia and news websites, then pretrain
BERT language models with different text sources
and sizes. We also evaluate the models perfor-
mance in number of downstream NLP tasks, such
as sentiment analysis, multi-label text classifica-
tion, and named entity recognition, against various
task-specific baseline models, including multilin-
gual BERT. Our experiments indicate that not only
the size, but also the quality and source of the
training text directly affect the downstream perfor-
mance of the pretrained models. Also, BERTbek
monolingual models not only outperform their mul-
tilingual counterpart, but also other task-specific
neural models without pretraining in all the evalu-
ated tasks. All the code used in this work is openly
available at the project’s GitHub repository' and
the BERTbek models have been uploaded to the
HuggingFace Models Hub?.

2. Related Work

The evolution of current transfer learning tech-
niques dates back to word (or sub-word) level vector
representations, such as word2vec (Mikolov et al.,
2013), GloVe (Pennington et al., 2014), and fast-
Text (Bojanowski et al., 2017), among the most pop-
ular models for generating static word embeddings.
These models were trained on large unlabeled lan-
guage corpora using shallow neural networks (Ben-
gio et al., 2000; Collobert and Weston, 2008). A
limitation of these traditional techniques is that they
could only encode non-contextualized word repre-
sentations, which is an issue to describe words with
same spellings (homographs), words that have dif-
ferent meanings based on the context they appear
in (polysemous), or simply to model rich in-context
representations for words within a sentence. This
was addressed by the more advanced methods pro-
posed, for instance, by ELMo (Peters et al., 2018)
and Flair (Akbik et al., 2018) embeddings, which
use recurrent neural network (RNN) architectures
to obtain richer context-sensitive embeddings.
More recently, word vector contextualization
has shifted towards large pretrained LMs with
deep transfer learning techniques, after the suc-
cessful introduction of the attention-based Trans-
former (Vaswani et al., 2017) architecture. One
popular example is the BERT model presented by
Devlin et. al (Devlin et al., 2019), a bidirectional
encoder representation model using Transformers.
For pretraining, BERT models optimize two lan-
guage objectives, namely masked language mod-
eling (MLM) and next sentence prediction (NSP),

"Mttps://github.com/elmurod1202/
BERTbek

thtps://huggingface.co/elmurod1202/
bertbek—-news-big-cased
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where the former training objective tries to predict
a word hidden with a special label ((MASK]) in a
given sentence (also known as Cloze task), and the
latter predicts the logical or contextual connection
between two sentences.

The success of the BERT model that was origi-
nally trained in English together with its multilingual
variant (mBERT, trained using more than a hundred
languages in one big model) has also attracted
attention from research communities in other lan-
guages. As a result, a number of monolingual pre-
trained BERT models for many other languages
were released, e.g., Russian (Kuratov and Arkhipov,
2019), Arabic (Antoun et al., 2020), Czech (Sido
et al., 2021), or models for specific subdomains
of English, such as medical sciences (Lee et al.,
2020), or finance (Yang et al., 2020), to name a
few. Also, various studies have taken place to study
the way in which BERT-based models encode the
language knowledge in its deep architecture (Lin
et al., 2019; Ettinger, 2020), or syntax-sensitive
phenomena (Vilares et al., 2020).

Furthermore, a number of successors of BERT
were proposed with various optimization methods
to the original model, while maintaining similar per-
formance results. For instance, RoBERTa (Liu
et al., 2019) proposes an improved recipe for train-
ing BERT models that suggests training on longer
sequences and dynamically changing the masking
pattern. The paper also reports that training the
model with bigger data and for longer time improves
the model performance on NLP benchmarks. An-
other recent work, called ALBERT (Lan et al., 2020),
proposed a BERT-based model with lesser compu-
tational cost, by reducing the number of training pa-
rameters (25M less than the base model) that helps
to both use less memory space and train faster.
Performance enhancement was also achieved by
introducing cross-layer parameter sharing and re-
placing the NSP training task with a sentence order
prediction (SOP) one.

Regarding the focus language of this work, the
Uzbek language is included in multiple multilingual
pretrained LMs, such as mBERT (Devlin et al.,
2019), XLM-RoBERTa (Conneau et al., 2019),
and mT5 (Xue and et, 2020), where the texts
were collected from Wikipedia and CommonCrawl.
Mansurov and Mansurov (2021b) developed a
monolingual pretrained LM based on BERT archi-
tecture, named UzBERT, with very much like pa-
rameters as the original BERT-base model (12-
layers, 110M parameters, 30K vocabulary size,
MLM and NSP training objectives). UzBERT was
pretrained using news corpus collected from web-
sites in Uzbek language, covering various domains
like economics, law, literature and agriculture, to-
talling around 140M words. A main downside of
the UzBERT model is the choice of alphabet to



collect training text, where authors used Cyrillic,
which is an old alphabet of Uzbekistan with many
websites, books, and even official documents still
available (Salaev et al., 2023; Madatov et al., 2022).
This leaves alternative space to create BERT-based
language model for Uzbek, in particular in the offi-
cial Latin script.

3. BERTbek Models

This section includes brief information about the
Uzbek language and the steps taken to train the
BERT models for Uzbek, like data collection, vo-
cabulary creation and pretraining.

3.1.

Uzbek (native: O’zbek tili) belongs to the Eastern
Turkic or Karluk branch of the Turkic language fam-
ily, also referred as Northern Uzbek language to
not to mistake it with the Southern Uzbek, which
is another variety of Uzbek spoken by an ethnic
Uzbek minority in Afghanistan (which together with
northern Uzbek, they form one macrolanguage). It
is the only national and the first official language of
Uzbekistan (Sharipov et al., 2022; Madatov et al.,
2023). Uzbek is spoken by more than 30 million
speakers inside Uzbekistan alone, and more than
ten million elsewhere in neighbouring Central Asian
countries, the Southern Russian Federation, as
well as the North-Eastern part of China (Salaev
etal., 2022b). Although it is the second most widely
spoken language among Turkic languages (right
after the Turkish language), it is considered as a
low-resource language due to scarce availability of
NLP resources and tools (Matlatipov et al., 2022;
Sharipov and Yuldashov, 2022).

Uzbek Language

3.2. Training Data Collection

To provide a sufficiently large and varied text cor-
pus for pretraining the BERT model, we collected
Uzbek texts from two primary sources: Wikipedia
and news data.

Wikipedia corpus. The Wikipedia corpus was
collected from the Uzbek version of Wikipedia 2,
more specifically, from the 2022-01-20 dump *
with around 124K articles. For extracting raw text
and cleaning, the wikiextractor tool ° was
used. Post-cleaning process was used to clean
the collected texts as some of the articles in Uzbek
Wikipedia contained words in Latin script with some

Shttps://uz.wikipedia.org/wiki

*https://dumps.wikimedia.org/uzwiki

Shttps://github.com/attardi/
wikiextractor
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of letters mixed with their homoglyphs € in Cyrillic.
For this, we identified articles that contain homo-
glyphs in Cyrillic, and replaced with their correct
alternatives in Latin. Although encyclopedic data,
such as Wikipedia, are a common choice to create
text corpus in NLP (Nothman et al., 2013; Virtanen
et al., 2019; Vilares et al., 2021) for its coverage
of various topics and genres, Uzbek Wikipedia has
many articles that were created by bots that used
either automatically translated text or articles gener-
ated from predefined structures. Another downside
of this source is the fact that the majority of the
Uzbek Wikipedia articles were bulk imported from
Uzbek Encyclopedia (Aminov et al., 2000-2006)
directly, which were written in a terse style with
an abundance of abbreviations to save printing
space (Mansurov and Mansurov, 2021b). All these
factors mentioned above result a corpus with a
lower data quality.

News corpus. The News corpus was collected
from ‘Daryo’ 7, the most popular news portal in
Uzbekistan &, using the Scrapy web crawler tool °.
Around 200K articles were collected from Daryo
news in various domains, such as sport, tech, law,
economics, health, etc. Daryo offers the same
news article in two scripts, Cyrillic and Latin, we
collected only Latin ones. For only the minority of
the news data that were not available in the Latin
alphabet, we collected the Cyrillic ones, and translit-
erated them into the Latin scheme using a Python
machine transliteration tool for Uzbek (Salaev et al.,
2022a). This collection of texts serves as a good
quality corpus, due to the structural variety and com-
plexity of the sentences, and the cleanliness of the
texts contained in it compared to the Wikipedia cor-
pus. We also decided to use this news data in two
forms, first we took all of the collected data (around
200K articles) and named it as ‘News-big’, then we
took another smaller part of it (around 56K articles)
that was cut down to the size of our Wikipedia cor-
pus (both having roughly 9.7M tokens) and named
it ‘News-small’. Overall, having these Wikipedia
and two forms of news corpora allows us to use
them for training three different BERT models and
achieving this work’s two main goals: (i) Compare
how data quality affects over models trained with
two corpora of the same size (using Wikipedia and
News-small); (2) Analyse how the training data size

®Homoglyph (a term from ortography or typograpy) is
one of two or more characters, with shapes that appear
identical or very similar. In the case of Uzbek Wikipedia,
it was caused by bad transliteration practice from Cyrillic
to Latin when creating articles.

"https://daryo.uz

8https://www.uz/uz/stat/visitors/
ratings

*https://scrapy.org



affects the model performance over two models
trained on the same data source but different sizes
(using News-big and News-small).

In both corpus sources, the titles were also in-
cluded alongside the article body. To make sure
that none of the texts used for evaluation were
not seen during the training the BERT models, all
the sentences used in the sentiment analysis and
named entity recognition experiments (these exper-
iments are explained thoroughly in Section 4) were
removed from all three corpora. More about the
detail size comparisons of all corpora can be seen
in Table 1.

Table 1: Number of articles, sentences and tokens
in each corpus.

Corpus name Articles Sentences Tokens

Wikipedia 120K 2M 9.7M
News-small 56K 0.8M 9.7M
News-big 190K 2.6M 32.5M

3.3. Pretraining
Here we explain the steps taken for vocabulary
generation and pretraining the BERT models.

3.3.1. Vocabulary Generation

Pretraining a language model requires a vocabu-
lary of sub-word pieces with a set size for a lan-
guage to tokenize training texts using that vocabu-
lary, where most common tokens are described in
one piece, lesser common ones can be described
using a combination of smaller word-pieces, and
the least common or not seen ones get a speci-
fied label (UNK). We generated a dedicated BERT
vocabulary for Uzbek, by gathering all raw data
we collected (Wikipedia and news) and tokenized
it using BERT WordPiece tokenizer, following the
same setup that was used in the original English
tokenizer. We use cased vocabulary, since casing
is an important aspect for some NLP tasks, such as
the named entity recognition task we use in the ex-
periments. For the size of the vocabulary, we chose
30K word pieces, following the common practice of
other monolingual BERT models, like English (De-
vlin et al., 2019), Spanish (Canete et al., 2020),
or Russian (Kuratov and Arkhipov, 2019). Similar
vocabulary size (32K) was also used by Turkish
BERT ', a language in the same family. For this
reason, we use the vocabulary with the same size
(30K) further in all training and experiments in this
work, leaving the topic of finding the optimal vocab-
ulary size and its effect on the model performance
for Uzbek and other Turkic languages for a future

Ohttps://github.com/stefan—it/
turkish-bert
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work. We set the minimum frequency limit of the vo-
cabulary down to two, because of the agglutinative
nature of Uzbek where words are used in various
inflectional and derivational forms, hence lowering
the word-form frequency.

3.3.2. Pretraining Parameters

As determining the impact of training data size and
quality to the overall BERT model performance is
one of the key contributions of this work, we trained
three different BERTbek models with different data
sources and sizes, which are named as follows:

* BERTbekwr; model, trained using around
120K articles extracted from Uzbek Wikipedia;

* BERTbeknews—smau Model, trained using
news corpus, limited to only 56K articles (con-
taining the same number of tokens as the pre-
vious BE RTbekyy;r; one);

* BERTbeknews—Big Model, trained using the
same news corpus, but with all 190K articles
collected from Daryo.

The first 95% of the texts were taken as a train-
ing set and the remaining 5% were used as a dev
set in all three cases. In the case of news cor-
pus, the domains of the articles (new categories)
were also considered to provide the same diver-
sity for both sets. For most of the training hyper-
parameter setup, and all of the codes used, we fol-
lowed the original BERT paper for all three models.
We trained models on Masked Language Model-
ing (MLM) task using 12 transformer layers, 768
hidden dimensions and 12 attention heads. 30K
size of vocabulary described above was used for
the tokenizer. The Adam optimizer with decoupled
weight decay (Loshchilov and Hutter, 2017) was
used with a learning rate set to 1e-4 with 10,000
warm-up steps.

The transformers library by HuggingFace (Wolf
et al., 2020) was used to train each model using
a PC with two NIVIDIA GeForce RTX 3090 GPUs
(24GB each) for around 18 days until they reached
3M steps (the BERTbeknews—pig Model was later
trained further to assess the performance gain, this
will be discussed in Section 5).

4. Experiments and Results

This section describes the evaluation results of the
pretrained BERTbek models by fine-tuning them
for three different downstream NLP tasks, namely
sentiment analysis, topic classification, and named
entity recognition. We fine-tuned the models pre-
trained in the previous section for our target tasks.
For this step we again used specific classes pro-
vided by the transformers library (unless explicitly



stated, default parameters were used) and the train-
ing and dev sets of datasets were used for fine-
tuning.

4.1. Datasets for Downstream Tasks

Sentiment analysis. The dataset we used for this
evaluation task was obtained from the work of Kuriy-
ozov et.al. (Kuriyozov et al., 2022), in which the
authors present two datasets: the first comprises
about 4.5K reviews extracted from Google’s An-
droid app store ' reviews in Uzbek and manually
annotated (hence called “Manual dataset”);
and the second dataset is automatically translated
from around 8.5K movie reviews in English into
Uzbek, with minor manual corrections (and called
“Translated dataset”). Both datasets are an-
notated with binary sentiment classification (posi-
tive and negative labels for each review).

The splits provided for both datasets in the origi-
nal paper were only training and test sets, but no
development one, so we redivided the datasets and
split them into train, dev, and test splits with 0.5 x
0.2 x 0.3 ratio, respectively, to use the dev set for
fine-tuning.

Topic classification. There is no officially avail-
able multi-label text classification dataset for the
Uzbek language, so we followed the dataset cre-
ation methodology of Rabbimov et.al (Rabbimov
and Kobilov, 2020) and created a new one from our
news corpus. The Daryo news articles come with
metadata that indicate what news category each
article belongs to. There are more than 50 different
categories associated with various amounts of ar-
ticles in the corpus. We regrouped the articles by
merging the smaller article categories in the same
domain into one big category (like ‘Auto’, ‘Gad-
gets’, ‘Technology’ were grouped as one ‘Tech’ cat-
egory, and ‘Show-business’,'Cinema’,'Music’ were
grouped as ‘Media’, etc.), to simplify the dataset
with labels down to ten, and also helping to reduce
the imbalance between the samples of different
categories.

Also, when choosing articles to create a dataset
for this task, we made sure that no article ap-
pears as a source of BERTbek model pretrain-
ing in at least two models (BERTbekyir; and
BERTbek News—smany Models), which we used for
evaluation. The detailed information regarding all
the news categories, as well as the number of arti-
cles are reported in Table 2.

We split the created dataset into train, dev, and
test sets with 0.5 x 0.2 x 0.3 ratio, respectively. We
also made sure that each set would get news texts
equally distributed over all the categories.

Named Entity recognition. For this task we use

"https://play.google.com/store/apps

Table 2: Names, number of articles, and names of
subcategories included per category.

Category Articles | Category Articles
Local 49404 Media 3067
World 43909 Culture 3040
Sport 19375 Science 1541
Tech 8470 Health 889
Misc 3318 Food 405
TOTAL: 133418

the UzNER dataset '? that consists of 300 news
articles with around 95K tokens in total, balanced
over ten different domains, such as Sport, Tech,
Media, Science, etc. The same news text source as
our news corpus was used for the UzNER dataset
and it contains roughly 7K named entities (12% of
the overall tokens in the dataset) over six named
entity labels: Organisation (ORG), person (PER),
location (LOC), date (DATE), time (TIME), as well
as miscellaneous (MISC). We use the original splits
provided by the dataset with training, evaluation,
as well as testing sets with 0.5 x 0.2 x 0.3 ratios,
respectively.

4.2. Baseline Models

We use mBERT (official base model '®) as a base-
line model to compare the performance results in
all three tasks. The other models used for each
specific task are described below.

Text classification tasks. We evaluate from
traditional bag-of-words models to sequential bidi-
rectional neural network architectures. We applied
the same methodology to both datasets, only dif-
ference being the number of labels to be predicted
for each one: for the sentiment analysis task, we
used a dataset with two labels (positive and neg-
ative), whereas the topic classification dataset we
generated from the news texts uses ten different
labels.

More specifically, the baselines used for compar-
ison are:

* LRword—ngrams: LOgistic regression with
word-level n-grams (unigram and bi-gram bag-
of-words models, with TF-IDF scores);

* LRcharacter—ngrams: LOQistic regression with
character-level n-grams (bag-of-words model
with up to 4-character n-grams);

* LRword+Char—ngrams: Logistic regression
with word and character-level n-grams (con-

2The UzNER dataset was taken from a work that is
not publicly available yet. We will share this information
upon acceptance in the Appendix.

Bhttps://huggingface.co/
bert-base-multilingual-cased



catenated word and character TF-IDF matri-
ces);

RN N: Recurrent neural network without pre-
trained word embeddings (bidirectional GRU
with 100 hidden states, the output of the hid-
den layer is the concatenation of the average
and max pooling of the hidden states);

RN Nw ord—embeddings: BRecurrent neural net-
works with pretrained word embeddings (pre-
vious bidirectional GRU model with the SOTA
300-dimensional FastText word embeddings
for Uzbek (Kuriyozov et al., 2020));

CNN: Convolutional neural networks (multi-
channel CNN with three parallel channels, ker-
nel sizes of 2, 3 and 5; the output of the hidden
layer is the concatenation of the max pooling
of the three channels);

RNN + CNN: RNN + CNN model (convolu-
tional layer added on top of the GRU layer);

For the detailed description of methodology se-
tups, parameters, and the code of the above-
mentioned models, readers are advised to refer to
the original sentiment analysis dataset paper (Kuriy-
ozov et al., 2022). That paper also presents eval-
uation results for these baseline models, but we
cannot compare those results with our models’ per-
formance, since we used different splits. For this
reason, we reproduced all the methods and calcu-
lated results using the same splits we used for our
model evaluations.

All three BERTbek models were used for evalua-
tion in the sentiment analysis task, but we skipped
outthe BERTbek news—big Model in the topic classi-
fication task to provide a fair comparison, since the
dataset of the latter task was part of its pretraining
text source.

Named entity recognition. Besides multilingual
BERT (mBERT), we also compare the BERTbek
models’ performance using following models with
neural network architectures, as baseline models
for this task:

LST M .q: Word sequence layer with bi-
directional LSTM encoder;

LSTMchariwora: Word sequence layer on
top of charagter sequence layer, using bi-
LSTM for both layers;

LSTMchar+wora + W.emb.: Character and
word bi-LSTM sequence layers (as previous)
with external pretrained word embeddings;

LSTMchariwora + W.emb. + CRF': Charac-
ter and Word bi-LSTM sequence layers with
pretrained word embeddings (as previous) and
CREF output layer;
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The (LSTMw,-q) model uses a single layer,
the rest of the baseline models use two neural
sequence layers of bi-directional long short-term
memory (LSTM) encoder. Since it is bi-directional,
both the left-to-right and right-to-left sequence in-
formation are captured, and the final two hidden
states are concatenated. Character sequence layer
takes character embeddings as an input, while
word sequence layer takes character sequence rep-
resentations (output of the previous layer) concate-
nated with word embeddings. Word embeddings
are randomly initialized in the case of the first two
models (LST My orq and LSTMchar+word), Ut
starting from LST Mchariwora + W.emb. model,
they are replaced by pretrained Uzbek FastText
word embeddings (Kuriyozov et al., 2020). The
LSTMchar+wora + W.emb. + CRF model has
the same setup as the previous one, only with
CRF output layer instead of softmax. All the
models were built, trained and evaluated using
NCRF++ ' neural sequence labeling toolkit. The
rest of the model setup, such as embedding sizes
(word_emb_dim=300, char_emb_dim=30), train-
ing parameters (Adam optimizer for all models but
LSTMechariworat+W.emb.+C RF one, which uses
SGD) as well as hyperparameters (learning rates,
hidden dimensions, dropouts) were chosen accord-
ing to the best performance using an evaluation
performed on the development set.

4.3. Results

Sentiment analysis. The results of the sentiment
analysis experiment are reported in Table 3. All
three of our BERTbek models performed well in
this task, outperforming the results of all but one
of the methods previously studied by Kuriyozov et.
al. 2022, and our BERTbekncws—pig model has
achieved the state-of-the-art results in both manual
and translated datasets with 92.25 and 87.05 F1-
scores, respectively. ltis also worth mentioning that
the RN N model performed better than BERTbek
models in terms of precision score, but was low
on recall, the opposite also applies to some other
baseline models (LRword+Char—ngrams» RNN +
CNN).

Topic classification. The evaluation results of
BERT models for this task for all categories '° is
given in Table 4. Performance results (F1-score)
for each category gives better understanding of
how models perform based on each text domain,
and its relation with the various sizes of the training
data per label.

"“https://github.com/jiesutd/NCRFpp

Since the label attached to each document in the
dataset is also the category name of the news article
that makes up that document, we use terms ‘label’ and
‘category’ interchangeably in this task.



Table 3: Sentiment analysis evaluation results on
two datasets: Manually collected app reviews of
small size, and movie reviews translated from En-
glish with bigger size. F1-score (F1), Precision
(Prec) and Recall (Rec) metrics are reported. The
best performing model results for each metric are
highlighted.

achieve high scores for most of the entities, and the
cases where models struggled can be explained by
the very limited amount of entities appearing in the
dataset (in the case of TIME, with only 45 entities in
total), and the broad range of domains covered by
a single entity (in the case of MISC, which includes
all data regarding nationality, currency, percentage,

metrics, etc.).
Overall NER results of all BERTbek and baseline

models are reported in Table 6. In this task, only the
BERTbeky ;; model achieved at least one point
less score (for all metrics reported) than mBERT
among all the tested BERT models. On the other
hand, the BERTbek news—pig model has achieved
the state-of-the-art results in this task with 78.69
F1-score, outperforming the next best model by at

Model Name F1_Manual F1_Trans-d
LRWOV'd—ngrams 88.82 84.89
LRCth’—ngrams 90.38 85.78
LRWordJrCharfngrams 91.97 86.39
RNN 88.19 84.69
RNNWOTd—embeddings 90.01 85.54
CNN 89.38 85.24
RNN +CNN 90.67 85.70
mBERT 91.31 85.48
BERTbekyy ki 91.14 85.74
BERTbekNews—Small 91 A1 85.59
BERTbekNews—Big 92.25 87.05

least 1.5 points.

5. Discussion

The BERTbeky ;; model performs mostly on
par with m BE RT due to the same source and sim-
ilar size of Uzbek texts used for training, and the
BERTbek news—smau Model outperforms both in
majority of the categories. Scores have a large
variability range per category and all three models
followed a similar pattern. The number of articles
reported as reference indicates that not only the
big size of documents enhances the performance
results (the cases of ‘Local’ and ‘World’), but also
the uniqueness of the terminology used in the cate-
gory context regardless of the limited availability of
training data (like in the cases of ‘Food’ and ‘Sport’).
Moreover, the models struggled to predict the cor-
rect label for categories with wider domains that
include various text contexts, in the cases of ‘Misc’,
‘Media’, and ‘Science’ categories.

Table 5 presents the overall evaluation results
for topic classification, compared with the base-
line models. The BERTbeknews—sman Model
achieves the highest result in this task with a F1-
score of 73.31, outperforming the next highest
model result by at least 0.5 points (RNN + CNN).
In terms of F1-score, although our BERT bekyy ik
model (71.41) performed better than linear re-
gression and mBERT models, it still lacked beind
a couple of other baseline models, such as
RNNWord—embeddings and RNN + CNN.

Named entity recognition. For all the evalu-
ations in this task, we do not consider the non-
entity tokens (labeled as “O”). The results indi-
cate that the BE RTbeky;;; model handled loca-
tion (LOC) and time (TIME) entities better, while
the BERTbekncws—ig Model performed best for
organisation (ORG), person (PER), as well as mis-
cellaneous (MISC) entities with F1-scores of 67.1,
91.2 and 58.57, respectively. Overall, all models
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In this section, we discuss some of the tendencies
the BERTbek models possess that were found in
the evaluation tasks, such as the effect of pretrain-
ing data size and quality to the overall performance
of BERT models.

Data size and quality. We trained two BERT-
bek models with the same training data size
(BERTbek‘Wiki and BERTbekNews—Smau Mod-
els) but different sources of text (Wikipedia and
news data, see Section 3.2) to then analyse
the models’ performance. Although both mod-
els were trained using the same setups, the
BERTbek N ews—smayn Model reached better results
than the BERTbekyy;; one in all three NLP tasks
we evaluated. Especially, it outperformed the alter-
native by at least two F1-score points in topic clas-
sification and NER tasks. This can be explained by
a number of factors that lower the data quality of
the Wikipedia corpus, such as many articles with
the same structure that were created using bots as
well as bulk import of articles from Uzbek Encyclo-
pedia without correcting their terse style (Mansurov
and Mansurov, 2021b). Overall, it can be inferred
that data quality plays an important role in training
BERT models.

Moreover, to analyse the performance dif-
ferences of BERTbek models regarding train-
ing data size, two models were trained us-
ing the same text source and setups, but
with different sizes: BERTbeknews—Smar and
BERTbeknews—pig models with around 10M and
32.5M tokens, respectively (reported in Table 1). As
a result, the BERTbeknews—pig Model, that was
trained using a corpus more than three times larger,
outperformed not only other BERTbek models, but
also all the other task-specific baseline models in
all tasks we evaluated in this work, becoming the
state-of-the-art model. This indicates that training



Table 4: Topic classification F1-scores for each news category for two of our BERTbek and multilingual
BERT (mBERT) models. Number of articles per category is also reported for reference. Best scores per

category are highlighted.

“, < o 8
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o ') = Qo (0} o (1] 3 [3)
Models = - = (7] = = 1 T o 0]
# of articles 49404 8470 3318 19375 43909 3067 405 889 3040 1541
BERTbekwir; 93.48 72.49 65.43 96.36 92.68 38.53 92.00 60.79 61.50 40.87
BERTbekNews—smail | 94.54 76.48 67.56 97.17 93.36 49.47 92.37 60.50 60.68 40.98
mBERT 93.49 74.36 64.64 96.13 92.59 47.35 91.13 48.72 56.57 42.16

Table 5: Topic classification evaluation results for
BERTbek and baseline models. F-score (F1), pre-
cision (Prec.) and recall (Rec.) scores are reported,
best scores for each metric are highlighted.

Model Name F1 Prec. Rec.
LRword—ngrams 60.32 75.81 54.01
LRcCharacter—ngrams 66.33 76.43 58.59
LRword+Char—ngrams ©68.69 76.36 62.42
RNN 70.81 72.60 69.11
RN Nw ord—embeddings 1.88 75.23 68.81
CNN 68.41 63.98 71.86
RNN +CNN 72.77 76.08 69.74
mBERT 70.72 72.46 70.01
BERTbekw ki 71.41 75.08 70.00
BERTbekNews—Smanr 1331 75.34  72.31

Table 6: NER performance results on the test set
(F1 scores) for BERTbek and the baseline models.
The highest score in each metric is highlighted.

Model F1
LST My g 59.08
LSTMChaT+W0rd 70.18
LSTMChar+Word + W.emb. 74.41
LSTMcharivword + W.emb. + CRF 71.87
mBERT 75.14
BERTbekwy ik 73.85
BERTbek N ews—Small 76.88
BERTb@]{JNewS_big 78.69

data size is as crucial as the quality of data, if not
more.

Training steps. Initially, all three BERT-
bek models were trained for 3M steps (as ex-
plained in Section 3.3.2). We further continued
BERTbeknews— Big Model training until 6M steps to
assess the model’s performance gain. The model’s
performance over all the evaluation tasks keeps im-
proving gradually for the first 3M steps, then it either
starts to decline, or fluctuate around the highest
score gained in the first 3M steps, indicating that
training the BERT models more is not only time-
consuming, but also does not necessarily gain any
performance after all.

6. Conclusions and Future Work

In this work we presented BERTbek, consisting of
three BERT pretrained language models for Uzbek,
trained on different sizes and sources of text. We
highlighted the process of obtaining a pretrained
LM for a low resource language, such as data col-
lection, tokenization, pretraining, in the example of
the Uzbek language. Moreover, the resulting mod-
els were evaluated using three downstream NLP
tasks, namely sentiment analysis, topic classifica-
tion, and named entity recognition. The evaluation
results showed that our BERTbek models outper-
formed all other baseline models in all three tasks,
becoming state-of-the-art. Regardless of the rela-
tively small size of the texts that were used to train
our models, BERTbek has outperformed its multi-
lingual counterpart (MBERT). The analysis results
once more proved the statements from previous
work that it is not only the bigger size of training
data that increases BERT model’s performance,
but also the quality of the text that makes a big
impact (Li et al., 2019), such as the cleanliness and
structural diversity of the sentences in a corpus.

As a future work, following the trend of other
ideas around pretraining BERT models for morpho-
logically rich languages, especially with highly in-
flectional syntax, we aim to create morphologically-
aware BERT language models for Uzbek as well as
other similar languages in the Turkic family by using
a tokenizer that splits words into chunks based on
their prefix, stem, and suffixes, which will hopefully
improve performance.

Furthermore, following the trend of multilingual
BERT and other LMs, there is a plan to pretrain a
multilingual BERT model including only strongly-
related languages in the same language family
(like multi-Turkic-BERT) to analyse the performance
differences from multilingual BERT itself, as well
as their monolingual counterparts in various NLP
tasks, both in multilingual and monolingual eval-
uation settings. It would be interesting for truly-
low-resource languages in the family, such as Turk-
men and Karakalpak, where available raw text is
not even enough for pretraining monolingual LMs,
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to see if they profit from gained knowledge from
resource-rich languages in the same family, such
as Turkish.

7. Data Availability

All the code used in this work are openly avail-
able at https://github.com/elmurodl1202/
BERTbek. Also, the BERTbek models have
been uploaded to the HuggingFace Models Hub
athttps://huggingface.co/elmurodl1202/
bertbek—-news-big-cased.
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Abstract

Automatic spell and grammar checking can be done using various system architectures, and large language models
have recently been used to solve the task with promising results. Here we describe a new method of creating
test data to measure the performance of spell and grammar checkers, including large language models. Three
types of test data represent different approaches to evaluation, from basic error detection to error correction with
natural language explanations of the corrections made and error severity scores, which is the main novelty of this
approach. These additions are especially useful when evaluating large language models. We present a spell and
grammar checking test set for Icelandic in which the described approach is applied. The data consists of whole
texts instead of discrete sentences, which facilitates evaluating context awareness of models. The resulting test set
can be used to compare different spell and grammar checkers and is published under permissive licenses.

Keywords: test data, evaluation, spell and grammar checking, large language models, Icelandic

1.

Automatic spell and grammar checking deals with
various spelling and grammar errors in text, ty-
pos, deviations from the accepted language stan-
dard, and stylistic flaws. Work on Icelandic spell
and grammar checkers has evolved quickly in the
last years (see Oladéttir et al. (2022)), but Ice-
landic is still considered low-resourced in the Euro-
pean language technology field (Rehm and Way,
2023), and test sets for Icelandic spell and gram-
mar checkers are scarce. Methods for evaluating
spell and grammar checking systems range from
feedback from language experts to a fully auto-
mated approach based on a particular metric and
test set (Napoles etal., 2016; Fang et al., 2023; Wu
etal., 2023). Expert feedback can be hard to come
by, so automatic evaluation methods are valuable
tools.

Until now, evaluation data for spell and gram-
mar checkers has been limited to sentences, cor-
rected and annotated with predetermined error
categories. However, the paradigm shift that
emerges with the abilities of large language mod-
els (LLMs) opens up many options for creating bet-
ter and more flexible spell and grammar checkers,
calling for a re-examination of how evaluation data
is prepared and applied.

Here we present a new method of creating test
data for evaluating spell and grammar checkers,
including modern LLM-based ones, both existing
and emerging. The dataset consists of complete
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texts, which are manually annotated, and is in
three parts, each one annotated differently, to bet-
ter encompass strengths and weaknesses of the
models evaluated, from simply detecting errors to
explaining the corrections made. In particular, we
present data where language experts correct er-
rors in texts and annotate them with explanations
as to why they make a particular change, using
free-form text. In addition to explanations, sever-
ity scores are assigned to corrected errors. This
is an effort to move away from typical test data,
and towards more user-oriented data. Moreover,
the demand for explainable Al has been increas-
ing, and the method described here is a step to-
wards better evaluation of such systems as they
emerge. The test set is published under a permis-
sive license (Simonarson et al., 2023).

2. Related Work

Within automatic spell and grammar checking,
rule-based methods are being replaced by neu-
ral network-based methods. Solving the spell and
grammar checking task as a machine translation
task is a prevalent method (Yuan and Briscoe,
2016; Ji et al., 2017; Junczys-Dowmunt et al.,
2018; Korre and Pavlopoulos, 2022). LLMs can
be used for spell and grammar checking and mod-
els such as GPTs (Floridi and Chiriatti, 2020)
and LLaMa (Touvron et al., 2023) have broader
abilities than smaller models. They tend to be
better at evaluating and correcting text fluency,

SIGUL2024 Workshop, pages 45-52
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and they are in general good at finding errors
in text, including context-dependent errors (Pen-
teado and Perez, 2023; Li et al., 2023; Qu and
Wu, 2023). However, they sometimes overcorrect
text, paraphrasing it unnecessarily and detecting
errors where there are none, which is not as com-
mon with state-of-the-art (SOTA) methods.

The spell and grammar checking task is largely
language-dependent, and the most prominent and
accessible spell and grammar checkers for Ice-
landic are a rule-based one (Oladéttir et al., 2022)
and a byte-level neural network-based model (In-
golfsdéttir et al.,, 2023). While the rule-based
method can detect syntactic inconsistencies and
errors, and justify its discoveries, the byte-level
model is more robust, capable of correcting texts
with multiple and complex errors, but lacks ex-
plainability. LLMs capable of checking spelling
and grammar are currently not available for Ice-
landic.

Recently developed test sets for evaluating spell
and grammar checkers contain corrected texts,
where errors have been annotated, either manu-
ally or automatically, corrected and often catego-
rized into error types (see e.g. Wang et al. (2022);
Bexte et al. (2022); Katinskaia et al. (2022) and Ko-
rre and Pavlopoulos (2022)). Some Icelandic error
corpora have been published in recent years, with
manually annotated errors which have been cor-
rected and categorized by error type (Arnardéttir
etal., 2021, 2022; Ingason et al., 2021b, 2022b,a).
Commonly used automated evaluation metrics for
spell and grammar error checkers include Fy 5 and
GLEU (Wang et al., 2020). Fy5 is based on the
precision and recall metric but precision is given
twice the weight of recall. This means that cor-
rectly corrected errors are prioritized over all pos-
sible errors being corrected. Fg5 is included in
ERRANT (Bryant et al., 2017) and was used in
the CoNLL-2014 shared task (Ng et al., 2014).
The GLEU score rewards correct edits while it pe-
nalizes ungrammatical edits, and uses n-grams
to capture fluency and grammatical constraints.
It does not rely on error categories and is thus
a straightforward way to evaluate sequence-to-
sequence models (Napoles et al., 2015, 2016).

3. Creating the Test Set

The newly created test set includes common Ice-
landic spelling and grammar errors, but also errors
dependent on context and world knowledge. The
first step in creating the test set was text collec-
tion, where text sources were searched for partic-
ular error categories, and metadata files were cre-
ated for all collected erroneous documents. The
second step was proofreading these documents
according to Icelandic spelling and grammar stan-
dards, such as the Icelandic Language Council’s
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spelling rules' and an official resource on vari-
ous errors relating to language usage.? Only un-
equivocal errors were corrected and not stylistic
ones, so a correction was not made unless the
original text was clearly erroneous. Finally, a re-
vision step examined the distribution in error cat-
egory and data type, and the aforementioned pro-
cess was repeated to ensure error category and
data type distribution. These steps were carried
out by a group of three annotators who were all na-
tive speakers of Icelandic and had either finished
a university degree in Icelandic at the undergrad-
uate level or had significant work experience as
professional proof-readers.

The texts to be corrected are sourced from real-
world data, i.e. texts which have been written by
a third party. Errors are naturally occurring to the
greatest extent possible and error examples are
of two kinds: natural examples, i.e. errors which
are found in the original text, and constructed ex-
amples, i.e. errors that haven’t been found in real-
world data so a text with the appropriate con-
text is found and it is perturbed so that it be-
comes erroneous (these instances are much rarer
and are recorded in a metadata file for each re-
viewed text). As mentioned, the test set evaluates
the general performance of a spell and grammar
checker, while also exercising its context aware-
ness. Therefore, the test set does not consist
of single sentences but of whole texts, which are
called error documents. Each error document,
which can range from being a few sentences to
a chapter in an essay, is proofread as a whole.

Two resources were used to search for errors
in; a subcorpus of the Icelandic Gigaword Cor-
pus, containing text from news media, both on-
line and written, (Barkarson et al., 2022; Barkarson
and Steingrimsson, 2022), along with the Icelandic
Common Crawl Corpus (Sneebjarnarson et al.,
2022; Mideind, 2022), which consists of web texts.
These corpora reflect modern Icelandic language
and a common Icelandic writing style. Variation in
written Icelandic is minimal and these resources
reflect both relatively formal and informal language
use.

The resulting test set is in three parts and con-
tains roughly 380,000 words in total, with more
than 9,000 annotations. Texts of type 1 consist of
a little less than 200,000 words with around 3,300
annotations, while texts of type 2 consist of just
under 150,000 words with roughly 5,000 annota-
tions, and texts of type 3 consist of approximately
30,000 words with around 900 annotations.

"https://ritreglur.arnastofnun.is
’https://malfar.arnastofnun.is



3.1. Three Types of Test Data

Unlike most test sets for spell and grammar check-
ing, the one discussed here is not annotated in
the same way throughout. The test set is in three
parts, which are annotated in different ways to fa-
cilitate different kinds of evaluation.

Type 1: Labeling only. Error spans in the texts
have been marked. The errors are not corrected
and individual errors are not labeled further.3
Type 2: Correction only. Texts are corrected as a
whole, without explicitly marking the span of each
error or labeling each error further.*

Type 3: Labeling, correction, explanation and
severity score. Errors in texts have been marked,
corrected and each correction is supported with
natural language explanations.® Explanations can
consist of a few words to a few sentences, e.g. with
reference to Icelandic grammar and spelling stan-
dards. Providing an explanation to a correction is
helpful to users as it gives them nuanced informa-
tion on the error they made. Additionally, each er-
ror is annotated with a severity score on the scale
of 1to 5, 5 being the most severe. Severity scores
give information on how important the correction is
and the aim of them is to express the potential for
reputational impact.

Annotating the documents in different ways al-
lows for different evaluation methods and evaluat-
ing different aspects of spell and grammar check-
ers. Type 1 is the most time-efficient method of
creating a test set, as errors are simply marked.
This method optimizes the annotator’s error label-
ing throughput, and can thus deliver examples of
more text types, vocabularies and error types than
the more labor-intensive types. The data resulting
from this method can be used to compute error de-
tection accuracy, but it can’t be used to evaluate
the accuracy of suggested corrections.
Annotating type 2 is less time-efficient than type
1, but it results in more information, i.e. which er-
rors are in the text and how they can be corrected.
Although error spans are not explicitly annotated,
they can be obtained automatically afterwards by
analyzing changes in the document. This method
of computing spans can be limiting but it was in
part chosen for its simplicity when correcting text,
making it possible for annotators to produce more
amounts of corrected texts. This data gives us
information on error detection accuracy and error
correction accuracy, as long as only one correction
is available, and can be used to calculate GLEU
scores.

3The Doccano annotation tool (Nakayama et al.,
2018) is used for this data type.

4 Any text processing tool can be used when annotat-
ing this data.

5The Brat annotation tool (Stenetorp et al., 2012) is
used for this purpose.
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Finally, type 3 is a novel kind of test data, pro-
viding the most amount of information. Not only
does it enable the computation of error detection
and error correction accuracy, but it also supplies
the reasoning behind the correction and a severity
score to the original error. Data can then be strat-
ified by severity and models can be trained on fil-
tered data. This type of data is elemental for eval-
uating explainable LLMs, in particular LLMs that in
addition to correcting, are able to instruct the user
on better language use, something that benefits
language learners and native speakers alike. Ex-
planations to corrections can be used to train LMs
by annotating the training data in an appropriate
way so that the model learns to formulate useful
explanations to the corrections. These additions to
corrections provide useful information when train-
ing and evaluating future LLMs.

3.2. Data Format

Texts in the test set are obtained from different
sources, which means that they can have different
licenses. Where possible, texts published under
permissive licenses were used and the resulting
test set is published under permissive licenses.
For every original document, at least two files are
published, the corrected text or output of the soft-
ware used to annotate errors, and a metadata file.
The metadata file includes information such as
text genre, text source and focus error category.
Texts from the Icelandic Common Crawl Corpus
are published under permissive licenses, so origi-
nal texts can be published with the test set, which
is done as .txt files for all data types. Texts from
the Icelandic Gigaword Corpus are, however, pub-
lished under more restricted licenses, so original
texts cannot be published. Instead, for data of type
2, changes to the texts (diffs) are published with a
reference to the original text, along with a program
which outputs the original text and the corrected
one. For data of types 1 and 3, the original acces-
sible document is listed. This approach makes the
test data accessible while also making more texts
employable when creating the test set.

Corrected data of type 1 is published as JSON
Lines files, where each line represents a docu-
ment. Information shown for each document in-
cludes the original text, error spans and their start
and end offset. Corrected data of type 2 is pub-
lished as a .txt file. Error spans are not anno-
tated when the data is created, but they are com-
puted afterwards, showing minimum changes. Fi-
nally, corrected data of type 3 is published as .ann
files, and information on each document includes
an error span’s start and end offset, the text in-
cluded in the span, the corrected version of that
text, the severity score and natural language ex-
planation. For more information on the format of



all data types, see the dataset's README file.

3.3. Classifying Documents

Each erroneous document in the dataset is cate-
gorized into one or more of five focus error cat-
egories, instead of each annotated error within a
document being classified. The focus categories
were chosen heuristically, based on what kinds
of errors we prioritized at this time for evaluating
a spell and grammar checker on. Available Ice-
landic error corpora are descriptive in that they
only include errors which are naturally occurring
and texts are not chosen for proofreading based
on whether they include a certain error. Evalu-
ating spell and grammar checkers on these cor-
pora gives results on the checkers’ general perfor-
mance on Icelandic text, but with the dataset pre-
sented in the paper, the aim is to expand the scope
of errors that we can evaluate spell and grammar
checkers on.

The annotators searched for these error types in
extensive text corpora, and corrected the ones
found, but if they could not be found, the correct
version was found and an error injected into the
text, which was then corrected. This process en-
sures that the dataset consists of these focus error
categories. As expected, documents classified as
containing a particular error category can contain
errors from other categories as well. As a result,
we are evaluating a model’s performance on a par-
ticular type of error and at the same time evaluat-
ing its general correction abilities.

The five focus error categories are idiomatic ex-
pressions, which are Icelandic idioms/phrases
with a figurative meaning. People commonly make
errors in these idioms; a published language re-
source is used as a reference for these errors
(Halldoérsson et al., 2022). Frequent errors made
by Icelandic informants is used as an umbrella
term to comprise various errors which can be
found in the texts, e.g. spacing errors, errors relat-
ing to punctuation and capitalization, and incorrect
cases of nouns, adjectives and pronouns. Errors
relating to context include inconsistent use of
words throughout a text and errors in personal pro-
nouns when they relate to a particular item or per-
son. Errors relating to cohesion or coherence
are e.g. errors in certain discourse markers, as an
example writing ’on the one hand’ and then not
providing a counterexample, or not using correct
pronouns when referring back to previously men-
tioned objects. Lastly, semantic analysis com-
prises errors which depend on the text’s meaning,
i.e. real-word errors, errors which cannot be iden-
tified and corrected unless the spell and grammar
checker has some world knowledge. An example
of such an error is 'My ant bought a car’. This sen-
tence is correct with regards to spelling and gram-
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mar, but having world knowledge, a proofreader
would see that an ant is unlikely to buy a car, so a
correction (‘aunt’) should be provided.
Boundaries between different error categories are
not always clear, and ambiguous errors arose
when the test set was created. An example of
this is the aforementioned error My ant bought a
car’, where the 'ant’ error can be considered an er-
ror due to semantic analysis or as a typographical
error. Both classifications can be reasoned, and
edge cases were discussed in detail amongst the
annotators before reaching a conclusion on how
to classify them.

3.4. Inter-Annotator Agreement

To measure inter-annotator agreement on the
data, we prepared 168 examples for evaluation
where an annotator had to indicate preference for
an original sentence or a corrected sentence. The
ordering of examples was random, i.e., the anno-
tator was blinded towards which example was the
original and which one was corrected. Four par-
ticipants, separate from the test set’'s annotators,
performed the evaluation on all examples. They
all had either finished a university degree in Ice-
landic at the undergraduate level or had significant
work experience as professional proofreaders. On
average, the corrected sentences were preferred
in 92.3% of cases (ranging from 87.5% to 94.6%
for the annotators). We computed inter-annotator
agreement using Krippendorff's Alpha (Krippen-
dorff, 2018) and the result was a score of 0.829,
indicating almost perfect reliability.

4. Discussion

Creating this test data as described above, using
the resources mentioned, has the possible limi-
tation of underlying texts being used for training
LLMs, since some of them are sourced from the
internet. This is hard to avoid, as we need a large
corpus in order to find naturally occurring errors.
On the other hand, in most cases, it is the erro-
neous version that is in the training data, not the
one corrected by our experts.

As part of future work, an LLM will be fine-tuned on
the spell and grammar checking task for Icelandic.
Following this is possible work on enhancing text
beyond correcting explicit errors, e.g. improving
text fluency and making stylistic changes to better
conform to a particular register. Changes to be
made can be less distinct when it comes to these
categories, so which guidelines should be followed
would have to be considered.

5. Conclusion

We have presented a new test set for evaluat-
ing automatic spell and grammar checkers of dif-
ferent kinds, in particular large language mod-



els. The test set is manually annotated for Ice-
landic spelling and grammar errors with a focus
on context-dependent errors. The data is anno-
tated in three different ways: with span-marking,
with corrections and with natural language expla-
nations of corrections and severity scores. Expla-
nations of corrections and error severity scores are
a novel addition to test data, particularly intended
for evaluating LLMs. The test set can be used
to evaluate current and future spell and grammar
checking systems and is published under a per-
missive license (Simonarson et al., 2023).
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Abstract

Nepali, a low-resource language belonging to the Indo-Aryan language family and spoken in Nepal, India, Sikkim,
and Burma has comparatively very little digital content and resources, more particularly in the legal domain. However,
the need to translate legal documents is ever-increasing in the context of growing volumes of legal cases and a large
population seeking to go abroad for higher education or employment. This underscores the need for developing
an English-Nepali Machine Translation for the legal domain. We attempt to address this problem by utilizing a
Neural Machine Translation (NMT) System with an encoder-decoder architecture, specifically designed for legal
Nepali-English translation. Leveraging a custom-built legal corpus of 125,000 parallel sentences, our system achieves
encouraging BLEU scores of 7.98 in (Nepali — English) and 6.63 (English — Nepali) direction.

Keywords: English-Nepali, Low-resource, Legal Domain MT, Machine Translation, Neural Machine Transla-
tion

1. Introduction In this research work, we have:
Machine Translation (MT) Systems are perform- » Developed the first transformer-based bidi-
ing better lately with advanced methods and tech- rectional Machine Translation (MT) system
niques coming along the way in Deep Learning and (Vaswani et al., 2017) for English-Nepali and
Natural Language Processing. Correspondingly, vice-versa in the legal domain, specifically fo-
the reliability of MT systems and the trust of the cusing on legal terminology and nuances.

general public towards them have also increased.

Large Language Models (LLMs) are offering a
helping hand to Machine Translation (MT) systems
for languages that don’t have a lot of digital re-
sources (low-resource languages) (Moslem et al.,
2023). They act as a kind of "platform” that can be 2. Related Works
fine-tuned utilizing different aspects of a specific
language. This flexibility largely facilitates for creat-  Machine Translation (MT) systems for Nepali have
ing entirely new and more robust MT systems for  primarily focused on general domains, leaving a no-
these languages. table gap in addressing the specific requirements

The transition from a Statistical Machine Trans-  of legal translation. This lack of domain-specific
lation System (SMT) to Neural Machine Transla-  tools impedes efficient and accurate legal commu-
tion (NMT) has been reasonably smooth for high-  nication in Nepali. However, insights from studies
resource languages but this has not been the case  conducted in other languages offer valuable per-
for low-resource languages. The primary reason  spectives and methodologies for addressing this
behind this is that the NMT models are more data-  gap.

» Created a parallel corpus consisting of 125k
sentences in the Nepali legal domain, a pio-
neering effort in this field.

hungry. To make things worse, the challenges of (Defauw et al., 2019) explored the use of Re-
developing a suitable dataset for domain-specific  current Neural Network (RNN)-based MT for legal
work are manifold. content in Irish, highlighting challenges and dataset

Nepali, which is the official language of Nepal  requirements for optimal results. Their study em-
and spoken in parts of India and Burma is a low-  phasizes the importance of domain-specific con-
resource language (Bal, 2004) with considerably  siderations in legal translation tasks.
fewer resources and has limited research in the Additionally, discussions on resource sharing for
field despite the growing interest (Duwal and Bal, = under-resourced European languages by (Bago
2019); (Chaudhary et al., 2020); (Acharya and et al., 2022) provide an understanding of potential
Bal, 2018). This scarcity of resources extends to  works and challenges in the legal domain. This
domain-specific MT applications, particularly within ~ study stresses on the collaborative efforts needed
the legal domain, where the lack of specialized to overcome resource limitations in addressing le-
translation tools presents a significant challenge. gal translation needs.
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(Martinez-Dominguez et al., 2020) developed
a customized Neural Machine Translation (NMT)
system named "LexMachina," explicitly tailored for
legal contexts in French. Their work showcases the
effectiveness of specialized NMT systems in achiev-
ing high translation accuracy in legal domains.

Similarly, (Briva-Iglesias et al., 2024) analyzed
various state-of-the-art models in Large Language
Models (LLM) and NMT for legal translations across
multiple language pairs. Their study offers valuable
insights into the effectiveness of different technol-
ogy approaches in legal translation tasks.

A common theme among these studies is the
utilization of domain-specific corpora tailored ex-
plicitly for legal translation tasks. These specialized
datasets play a crucial role in enhancing transla-
tion accuracy and addressing the unique linguistic
nuances present in legal documents.

Despite advancements in related language pairs,
such as Nepali-English translation, previous stud-
ies primarily focused on general domains, utilizing
Transformer models. Works by (Duwal and Bal,
2019) and (Garcia et al., 2020) achieved promising
results, setting the foundation for further experimen-
tation with NMT models in the Nepali legal domain.

Moreover, (Nemkul and Shakya, 2021) explored
alternative translation methods beyond state-of-the-
art NMT approaches using RNN with LSTM(Long
Short-Term Memory) providing a valuable under-
standing of potential avenues for experimentation
in Nepali legal translation.

Overall, while the lack of domain-specific works
in Nepali legal translation presents challenges, in-
sights from existing studies offer valuable guidance
and methodologies for addressing this gap. Our
study aims to build upon this foundation and con-
tribute to developing specialized translation tools
tailored for the Nepali legal domain.

3. Methodology

3.1. Data Collection

Our research faced an initial challenge concerning
the lack of a suitable parallel dataset for the legal
domain in Nepali. Previous works exploring Nepali
Machine Translation (MT) relied primarily on gen-
eral corpora for various language pairs. While we
initially considered adopting a general corpus for
our project, we quickly dropped the idea keeping
into consideration the following reasons:

* Legaltranslations predominantly use a passive
voice and tone.

» Legal language possesses unique character-
istics distinct from general discourse. Employ-
ing a general corpus could introduce noise
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and bias, hindering the translation accuracy
for legal terminology and nuances.

« Utilizing a general corpus would require ex-
tensive filtering and data cleaning to extract
domain-specific content, leading to inefficiency
and potential loss of valuable domain-specific
data.

Therefore, we undertook the extensive task of
creating a new, domain-specific dataset tailored to
our project. This involved:

» Manual translations by legal professionals: We
commissioned experts to translate legal doc-
uments, including constitutional acts, court
cases, and general legal proceedings, ensur-
ing linguistic accuracy and domain expertise.
Confidentiality agreements ensured sensitive
information was redacted.

Website scraping: To expand the dataset,
we utilized custom legal keywords to filter
and collect relevant legal documents from the
Supreme Court website and news websites
focusing on legal topics'. However, this raw
data required significant cleaning to remove
noise and errors.

3.2. Dataset

Through the efforts mentioned in the previous
section, we built a final dataset of approximately
125,000 parallel sentences (Table 1). The cu-
rated dataset included a balanced mix of general
and complex sentence structures while excluding
shorter sentences for overall quality in the legal
domain. The sentences consisted of legal termi-
nologies which helped in the better training of the
model. Shorter sentences were removed during
filtering, to improve the general quality of the train-
ing data thereby matching with the general trend of
legal texts (long and complex sentences).

Corpus Source Corpus Size
Manually translated data 60K
Legal website scraped data 25K
News site scraped data 40k

Table 1: Data source and corpus size. The data
mentioned are cleaned from noise and filtered.

3.3. Data Preprocessing

For this work, we collected data from multiple
sources which were raw and considerably noisy.
The noises were texts from non-Unicode encod-
ing, XML, and HTML tags in the text and issues

"Documents: www.supremecourt.gov.np



with improper date and time conversion. Each
scraped data was stored as an individual file and
also cleaned for any noise individually.

Further preprocessing was done thus creating a
final larger dataset following the steps below:

» Normalization and tokenization: We used In-
dicNLP? library (Kunchukuttan, 2020) to both
normalize and tokenize the Nepali language,
and then used Sacremoses? library for English
language.

Vocabulary Building: Translation cannot al-
ways include all the words in a model. Byte-
Pair-Encoding (BPE)* (Sennrich et al., 2016)
is also used in this work to learn the legal vo-
cabulary for both source and target language.
Earlier works on Nepali MT employed a small
vocabulary size of 5k. Hence, for this work, we
have used a vocabulary size of around 10000.
Sentencepiece® library (Kudo and Richardson,
2018) was used to learn BPE for the source
language.

3.4. Choosing the Right Model

Initially, we explored Recurrent Neural Networks
(RNNs) as proposed by (Defauw et al., 2019). How-
ever, the results obtained revealed several weak-
nesses of RNNs for the English-Nepali pair. The
training was slow and resource-intensive owing to
the following reasons:

* Lack of parallelization and recursion: Process-
ing took longer than expected.

* High memory usage: Dealing with large text
segments strained resources.

 Limited long-range dependency handling:
Capturing distant relationships within sen-
tences was challenging.

Seeking significant improvements, we shifted our
focus to Transformer-based Neural Machine Trans-
lation (NMT)(Vaswani et al., 2017).

The Transformer model, renowned for its fast
training, inherent parallelization, and ability to han-
dle long-range dependencies, offered a promising
solution. Equipped with six encoder-decoder lay-
ers, the NMT architecture effectively addressed
the challenges encountered in previous models,
leading to demonstrably improved performance for
both English-to-Nepali and Nepali-to-English trans-
lations.

Table 2: Tuning Parameters for models used in
experimentation.

Parameters RNN Model NMT Model
Batch Size 32 96
Learning Rate 3e-3 5e-4
Epochs 100 150
Optimizer Adam Adam
Beam Size 5 6
Dropout rate 0.5 0.5

4. Experiments

For our experiments, we utilized a server equipped
with an NVIDIA RTX 3090 GPU, 96 GB RAM, and
2TB RAID storage. Opting for the more promising
Neural Machine Translation (NMT) approach, we
employed the Fairseq® toolkit(Ott et al., 2019) for
training our models.

To tackle data sparsity, a common challenge in
NMT, we employed preselected and custom legal
domain-specific word lists of varying sizes (10k and
20k words). This helped in creating training data
with relevant terminology, enhancing the model’s
ability to translate legal text accurately.

Further details regarding the experimental pa-
rameter setup specific to the models are presented
in a separate table (Table 2). This information al-
lows for in-depth analysis and potential adjustments
in the future.

5. Results and Discussion

Since this work is the first of its kind on the MT
System in the Nepali legal domain, we do not have
a baseline model to compare our work with. Nev-
ertheless, we have considered the BLEU scores
of other Nepali MT systems in the general domain
alongside for tentative analysis purposes. We used
the BLEU” (Papineni et al., 2002) for evaluation and
the results are presented in Table 3.

Our research explored multiple MT models for
the legal domain in Nepali. We started by explor-
ing Recurrent Neural Networks (RNNs) with LSTM
architecture. While the initial RNN model achieved
scores of 6.19 and 5.89 for Nepali-English and
English-Nepali translation, respectively, the trans-
lated documents lacked proper readability and flu-
ency.

Subsequently, we transitioned to using a
Transformer-based Neural Machine Translation
(NMT) model. During our efforts in building a bidi-
rectional translation model, we achieved scores
of 7.98 and 6.63 for Nepali-English and English-

2https://github.com/anoopkunchukuttan/indic_nlp_library Nepali translations, respectively.

Shttps://github.com/alvations/sacremoses
A data compression technique.
Shttps://github.com/google/sentencepiece
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Additionally, when we compared our model’s per-
formance on general domain data, we attained
scores of 13.76 and 9.47 for Nepali-English and
English-Nepali translations, respectively. These re-
sults surpassed the performance of previous stud-
ies (Duwal and Bal, 2019); (Guzman et al., 2019),
demonstrating the effectiveness of our approach in
improving translation quality.

The model’s better performance in the general
domain compared to previous work could be due to
sources for the data collection. We gathered data
from news sites like OnlineKhabar® in both English
and Nepali. Initially, we created a legal terminol-
ogy dictionary to guide our data extraction. How-
ever, the extracted articles were primarily intended
for a general audience, potentially resulting in a
mismatch with the actual legal language. Addition-
ally, documents from the Supreme Court websites,
aimed at a general audience, were included. This
mix of general and legal domain content may have
influenced the model’s performance, providing bet-
ter results in the general domain as well.

Our findings underscore the challenges inher-
ent in translation tasks, particularly between Nepali
and English, and highlight the ongoing efforts re-
quired to enhance accuracy and fluency in specific
domains. The adoption of an NMT-based archi-
tecture resulted in an improved score compared
to previous works, indicating progress in the right
direction, particularly for low-resource languages
like Nepali. The modest increase in score from
previous experiments signifies a positive advance-
ment, considering the scarcity of available datasets
and the inherent challenges in constructing a com-
prehensive legal domain corpus for Nepali. These
challenges include difficulties in achieving proper
alignment and the limited availability of publicly ac-
cessible data sources for training purposes. While
the Transformer model shows promise, further ef-
forts are needed to improve accuracy and domain-
specific fluency

6. Conclusion and Future work

We present a Neural Machine Translation (NMT)
based approach utilizing a Transformer model for
an English-Nepali machine translation system in
the legal domain. To the best of our knowledge,
this is the first research work carried out in the
English-Nepali legal domain which also achieves
results on par with the general-domain English-
Nepali machine translation systems. The results
of this experiment set a baseline for future domain-
specific research in low-resource legal MT.

While MT technology is rapidly evolving, many im-
provements are required in the legal domain. Build-
ing on our work, future efforts could focus on:

8https://www.onlinekhabar.com
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Nepali —English
Legal | General
- 7.6

English— Nepali
Legal | General
- 43

Model
(Guzman
et al.,
2019)
(Duwal
and
Bal,
2019)
NMT
Model
RNN
Model

12.17 7.49

7.98 13.67 6.63 9.47

6.19 5.89

Table 3: BLEU score comparison between models
by (Guzman et al., 2019), (Duwal and Bal, 2019)
and our work.

» Enhanced Out-of-Vocabulary (OOV) handling:
Implementing better methods to address out-
of-vocabulary words.

Improved fluency: Refining techniques to gen-
erate smoother and more natural translations.

Date and time conversion: Integrating a tool
for seamless conversion between English Gre-
gorian and Nepali Bikram Sambat calendars.

Exploring the usefulness and appropriateness
of the SMT(Statistical Machine Translation)
model especially because the word order for
English and Nepali is different (S-V-O, S-O-V)
and the previous study by (Acharya and Bal,
2018) has reported some promising results for
the English-Nepali pair using this approach.

Furthermore, we aim to explore newer transla-
tion architectures to enhance the translation pro-
cess. By conducting thorough comparisons of re-
sults obtained from these architectures on the same
dataset, we can gain deeper insights into their ef-
fectiveness. Additionally, to facilitate better testing
and validation, we plan to deploy the model as soft-
ware and distribute it to legal professionals for their
input and understanding of the output. Leveraging
feedback from these professionals, we intend to re-
fine the architecture further to ensure more robust
and accurate translations.

7. Limitations

The research work is the first one in the Nepali legal
domain, hence has several limitations which are:
Challenges with Legal Terminologies:

The model struggles to accurately translate intri-
cate legal terms.

Complexity of Legal Nuances:

Legal language varies according to contexts and



nuances making it difficult to capture the intended
meanings in the translation.

Adaptation to Legal Variability:

Legal terminology and conventions vary across ju-
risdictions, requiring additional model adaptation
for accurate translation across diverse legal con-
texts.

In addition, due to confidentiality constraints and
restrictions associated with legal documents from
Nepal, we are unable to make our dataset publicly
available. We also acknowledge this as a limitation
in terms of reproducibility and replicability of this
research work.

8. Ethics Statement

In accomplishing this research work we had to
deal with proprietary legal data, which we acquired
through the signing of the NDA agreement, that
restricts the sharing of the data openly. Other than
that there are not any issues that affect individuals
or groups, hence the research ethics have been
properly followed in due course of the research.
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Abstract

Bangsamoro languages are among the under-resourced languages in the Mindanao region in the Philippines.
Moreover, there is no currently publicly available data for children’s speech on most of these languages. BK3AT
children’s speech corpus is a corpus designed for creating speech technologies that could help facilitators and
teachers in K-3 education. The corpus consists of 122 hours of children speech data across 10 languages: Bahasa
Sug, Chavacano, English, Filipino, Iranun, Maguindanaon, Meranaw, Sinama, Teduray, and Yakan. Preliminary
experiments using Wav2Vec-XLSR architecture have been done in fine-tuning the Tagalog and L2 English corpus
subsets to develop automatic speech recognition backend for literacy assessment. Results from the experiments
show low word error rates (WERs) for small-vocabulary and targeted domains.

Keywords: children’s speech corpora, low-resource languages, Bangsamoro languages

1. Introduction

The Bangsamoro Autonomous Region in Muslim
Mindanao (BARMM) is home to at least 4 million
Filipinos of distinct and diverse indigenous and |s-
lamic cultures (Philippine Statistics Authority, a).
They are using at least 13 languages including
Filipino, Arabic, English, Cebuano, Sabah Malay,
Meranaw (Maranao), Yakan, Bahasa Sug (Tausug),
Sinama (Sama), Iranun, Chavacano, Teduray (Tiru-
ray), and Maguindanaon. From among these
languages, only Tagalog, Cebuano, and Maguin-
danaon are in the top ten leading languages used
at home according to the census of the Philippine
Statistics Authority (Philippine Statistics Authority,
b). The available speech corpora on languages
used in BARMM would be little to none especially
with children’s speech data.

In 2022, The Bangsamoro K-3 Assessment Tools
(BK3AT) Project was launched through the fund-
ing of the Australian government through Education
Pathways to Peace in Mindanao (Pathways), in part-
nership with the Department of Education (DepEd)
and the Ministry of Basic, Higher, Technical Educa-
tion (MBHTE) and Readability Center. The objec-
tive of the project is to develop an assessment tool
kit that will provide the educators and eventually
to policymakers information on the performance of
the Bangsamoro K-3 students in the domains of
numeracy, literacy, and social emotional learning.

The automated literacy assessment of the tool kit
requires the development of an automatic speech
recognition (ASR) and language modeling. Hence,
the need for the creation of a Bangsamoro Chil-
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dren’s speech corpus. Not only can the corpus be
used for developing assessment tools, but also for
other applications like phonological awareness and
reading tutors.

2. Data Design and Collection

Developing ASR systems requires data relevant
to your application. It is important to obtain clean
and accurate speech utterances in order to have
a usable ASR, at the least. This section details
the process of collecting children’s speech data
including the tools used and setup.

2.1. Design

The BK3AT Children’s corpus was designed to
be the baseline data which the software developers
and engineers can use as models for the literacy
assessment. It consists of 10 languages: Filipino,
English, and 8 mother tongue languages used in
BARMM namely: Bahasa Sug, Chavacano, Ira-
nun, Maguindanaon, Meranaw, Sinama, Teduray,
and Yakan. The prompts for every language con-
sists of four different types of texts: words, phrases,
sentences, and passages. The prompts were first
created in Filipino and were listed in increasing dif-
ficulty. Then the seed prompts were shared with
translators recommended by the MBHTE to cre-
ate a similar corpus. The mother tongue language
prompts are not translated word for word but rather
follow the structures of the syllables and the increas-
ing difficulty as in the Filipino prompts. In addition
to the structure, the corpus should cover all the

SIGUL2024 Workshop, pages 5965
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phonemes of the language and the texts should be
at level or age appropriate for Grade 2 and Grade
3 students.

The requested participants for the data collection
are Grade 1-3 students coming from all divisions
of BARMM. They are comprised of instructional or
independent readers in order to gather correctly
read prompts over recordings containing miscues.
They were asked to read three languages: Filipino,
English, and their mother tongue language. In ad-
dition to the three languages, the participants were
also requested to read English letters.

2.2. Data Consent

To protect of the identity of the participants, a
data consent form was given to the parents of the
participants through their class advisers to request
for their permission to be recorded. The data con-
sent form contains the description of the project and
the recording activity. The parents are informed
that the participants will be asked to read a set of
prompts and have their voice recorded in three lan-
guages. In addition to the asking for permission
for the audio recording, taking of pictures for docu-
mentation was also included in the consent form.
Only those participants with signed parent consent
forms are included in the activity.

The time slots per participant per language is at
30 minutes each. If they are not able to finish on
time, the recording will be stopped and not force
the participant to finish all the remaining prompts.
They can also request for a break should they need
to rest. Moreover, the participant is free to back out
from the session anytime and the session will not
be included in the corpus.

The names of the participants were redacted in
the speech corpus. Only the information on age,
gender, and mother tongue language will be in-
cluded. Furthermore, their identity is kept confiden-
tial in reports by not mentioning the names and
blurring the face of the participants in the photos
taken.

2.3. Recording Tool

An audio recording software was used to facili-
tate the collection of speech data. However, data
collection in BARMM involved addressing some
limitations. These limitations include not having
computers on hand, unstable internet connections,
and not having the proper recording equipment re-
quired for a clean recording. Since android phones
are more accessible than computers in BARMM, a
recording tool that is compatible with Android de-
vices (RecTool Mobile) was developed using the
Flutter' framework. It is an application that is spe-

'https://docs.flutter.dev/
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<  Data Collection

Nasa mesa ang bote.

A_

Figure 1: BK3AT RecTool Mobile interface

A+

cific for collecting speech utterances which has a
simple user interface as shown in Figure 1.

For each recording session, the speaker is pre-
sented with the prompts to be read. The selection
and order of prompts is done automatically by the
recording tool. After pressing the record button, the
speaker starts to read the prompt which could be
a word, a phrase, a sentence or a passage. The
facilitator ensures that the speaker completes read-
ing text before pressing the stop button to proceed
to the next prompt. The recording tool is operated
by a volunteer teacher in BARMM.

The recording tool is also used to collect informa-
tion about the speaker. This information includes
the speaker’s age, gender, profession, first lan-
guage and the first languages of the speaker’s par-
ents. The information about the first language is
further differentiated by adding the region where the
speaker or speaker’s parents grew up, which is how
we approximate the dialect spoken. The collected
information is used to categorize the speakers and
easily monitor the distribution of speakers per lan-
guage according to age, gender and dialect.

2.4. Recording Setup

The data collection was done through the assis-
tance of teachers in BARMM. They were given an
online orientation by the BK3AT tech team so they
are aware of the prescribed recording set-up and
the proper usage of the recording tool. A recording



kit shown in Figure 2 which consists of a headset, a
splitter, earphones, and a flash drive were shipped
to the data collectors for a consistent hardware set-
up. The prompts to be recorded, along with the
installer for RecTool Mobile were stored in the USB
OTG flash drives.

STERED /-
D

EARPHONE

Figure 2: Equipment used for BK3AT children’s
speech corpus data collection.

Mobile Device

Headphones
Data collector

Noise Cancelling headset: Logitech H150 headset

Noise-cancelling
headset

Participant

Figure 3: Diagram of the recording setup

A noise reduced headset was provided to the
child to be able to concentrate during the recording
session. On the other hand, the teacher also used
earphones to properly hear the utterance. If mis-
takes are heard, the participant is asked to repeat
the recording of the prompt. This setup is shown
in Figure 3

The recordings were mostly done in empty class-
rooms or admin offices to minimize the noise. Fig-
ure 4 shows two examples of the setup. The partic-
ipants are given a 30-minute time slot per language
to provide an ample time to complete the recording.
The data collectors then uploaded the recorded au-
dio files on an online sharing folder for accessibility.
The files are organized in a structure illustrated in
Figure 5 where directories of languages contains
the data of each speaker. Specifically, each utter-
ance of the speaker is matched with its ground truth
transcription which are the prompts presented dur-
ing recording. All of these are compiled in a .log file
together with the speaker’s metadata and session
ID.

61

Classroom

(@)

setup

recording (b) Small room

recording setup

Figure 4: Data collection recording setup for BK3AT
children’s speech corpus

3. Corpora Details

3.1.

Summary statistics for the BK3AT Children’s
speech corpus are shown in Table 1. The corpus
details are divided per language. The BK3AT Chil-
dren’s speech corpus currently contains 130,733
recordings from over 244 speakers of 10 different
BARMM languages. This corresponds to over 122
hours of recorded read speech. A language cor-
pus in the BK3AT Corpora has at least 4 hours of
recording (Maguindanaon) to 45 hours (Filipino).
The combined recording prompts used for data
collection correspond to 352,785 tokens, where a
token can be a word, number, acronym etc. used
in the text.

In the data collection for each language, the
majority of participants are female, compromising
a percentage of the total speakers ranging from
57.14% for Bahasa Sug (20 female and 15 male),
up to 76.67% for Iranun, Sinama, and Yakan (23
female and 7 male). The only exception is Teduray,
where the majority of the speakers are male (14
female and 16 male). It is noteworthy that genders
were not recorded for some participants in English
and Filipino (6.15% and 6.61% of their populations,
respectively). We also examined the age distribu-
tion of our speakers per language, and histograms
of the speaker ages are shown in Figure 6. The
means of speaker ages range fr'om 9 for Maguin-
danaon and Yakan to 12 for Teduray. Meanwhile,
the highest standard deviation of ages was reported
at 2.93 for Filipino.

Corpora Statistics

3.2. Licensing and Availability

The BK3AT Children’s speech corpus is owned
by Department of Foreign Affairs and Trade (DFAT)
Australia and Ministry of Basic, Higher and Tech-
nical Education. Access to the dataset can be re-
quested to the aforementioned agencies. Upon
creation, it is licensed under Creative Commons
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SPEAKER 001

log file
ENG_001-04112023-140756.log

Speech I —={ CHAVACANO

Corpus

—» ENGLISH —

+— FILIPINO —

SPEAKER 001
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MAGUINDA-
NAON
SPEAKER xxx
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SPEAKER 001
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wav files: letters, words, phrases sentences,
passages
ENG_001-04112023-140756-0001.wav

ENG_001-04112023-140756-0131.wav

log file
FIL_001-04112023-140756.log

wav files:words, phrases sentences, passages
FIL_001-04112023-140756-0001.wav

FIL_001-04112023-140756-0131.wav

log file
MER_001-04112023-140756.log

wav files:words, phrases sentences, passages
MER_001-04112023-140756-0001.wav

MER_001-04112023-140756-0131.wav

Figure 5: BK3AT Children’s Speech Corpus Structure

Attribution-Non-Commercial (CC-by-NC 4.0).

4. Corpora Use

4.1.

The English and Filipino subset of the BK3AT
Corpora were used to develop children speech rec-
ognizers (CSRs) integrated in the Bangsamoro K-3
Assessment Tool (BK3AT) in order to detect read-
ing miscues and evaluate the Bangsamoro K-3 stu-
dents’ phonological awareness and reading skills.
The use of ASRs to aid the assessment of students’
literacy have been implemented in other research
such as an automated reading tutor [(Pascual and
Guevara, 2012)].

The systems were implemented using Wav2Vec2
[Baevski et al. (2020)], a self-supervised speech
system. Specifically, the CSR model was built using
XLSR-Wav2Vec2 [Grosman (2021)] a pre-trained
speech model, which performs at a Word Error Rate
(WER) of 7.33% tested on the Common Voice 11.0
Corpora. The aforementioned model was tested
on 5.86 hours of multi-speaker data from the En-
glish BK3AT subset, achieving a WER of 47.49%.
To further improve the recognition of the model,
a language model (LM) was incorporated. The
KenLM Language Model Toolkit [Heafield (2011)]
was used to create a language model for the En-
glish BK3AT prompts. By incorporating an LM
boost to the model, the recognition of the same

Speech-to-Text Systems
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test data improved to a WER of 33.31%.

For the BK3AT Filipino subset, a similar approach
was explored. An English-Filipino speech topic
tagger [Tumpalan and Recario (2023)] with the
same model but trained on an open-source Filipino
dataset [MagicHub (2022)] resulted in 26.8% WER.
This model was used as a baseline for the Filipino
CSR model.

The proposed Filipino CSR model yielded un-
recognizable results or a WER of 100% when the
system was evaluated solely using Jonatas’ XLSR-
Wav2Vec2 model, thus it was further fine-tuned
on the BK3AT Filipino subset using 0.236 hours of
data. Learning rate of 0.0003 was used for fine-
tuning. Training ran for a maximum of 300 steps
with a batch size of 1 while evaluation ran for 200
steps with a batch size of 2.

The fine-tuned model was then tested using
14.71 hours of the Filipino subset, achieving a WER
of 61.66%. Similar to the English CSR model, a LM
boost was implemented to improve the recognition,
acheiving a 50.59% WER.

Table 2 summarizes the fine-tuned data, test
data, and WER performances of the English and
Filipino CSR models.

5. Future Work

Currently, the developers are still working on
improving the assessment tool including the fine-
tuned backend ASR previously mentioned. Meth-



Total Audio

Speaker Utterance . Tokens
Language Gender Count Count Duration .
(h:m:s) Total Unique
F 20 4,107 04:48:06 10,650 217
M 15 3,081 03:48:26 7,991 217
Bahasa Sug
all 35 7,188 08:36:32 18,641 217
F 19 4,073 03:44:50 11,919 132
M 11 2,199 01:50:18 6,429 132
Chavacano
all 30 6,272 05:35:08 18,348 132
F 169 22,038 16:13:49 63,072 155
, M 75 9,780 07:44:.06 27,959 155
English
all 244 31,818 23:57:55 91,031 155
F 157 29,208 28:47:24 84,404 212
Filiino M 83 15,427 16:58:42 44,554 212
P all 240 44,635 45:46:06 128,959 212
F 23 4,630 05:16:00 13,546 227
M 7 1,446 01:58:52 4,257 227
Iranun
all 30 6,076 07:14:52 17,803 227
F 20 3,459 02:52:41 7,677 183
. M 10 1,732 01:22:51 3,831 183
Maguindanaon
all 30 5,191 04:15:33 11,508 183
F 21 4,432 04:34:48 13,299 210
M 9 1,943 02:10:05 5,882 210
Meranaw
all 30 6,375 06:44:53 19,181 210
F 23 3,514 03:45:28 7,901 167
. M 7 1,069 01:17:21 2,404 167
Sinama
all 30 4,583 05:02:50 10,305 167
F 14 2,937 03:10:36 7,535 263
M 16 3,331 03:41:28 8,537 263
Teduray
all 30 6,268 06:52:04 16,072 263
F 23 9,451 06:15:47 16,048 291
M 7 2,876 01:53:42 4,889 291
Yakan
all 30 12,327 08:09:30 20,937 291
Total - 244 130,733 122:15:23 352,785

Table 1: Summary statistics for the BKSAT Corpora.

Language Total Audio Duration Duration of Fine-tuned Data Duration of Test Data Word Error Rate (WER)

w/o LM w/ LM
English ~24 hours - 5.86 hours 47.49% 33.31%
Filipino ~45 hours 0.236 hours 14.71 hours 61.66% 50.69%

Table 2: Summary of the fine-tuned and test data durations and the WER performances of the English
and Filipino CSR models.
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Figure 6: Speaker age distribution of different languages in BK3AT children’s speech corpus

Bahasa Sug (BAH), Chavacano (CHA), English (ENG), Filipino (FIL), Iranun (IRA), Maguindanaon (MAG),
Meranaw (MER), Sinama (SIN), Teduray (TED), Yakan (YAK)

ods such as language model (LM) boosting, pre-
training, and data augmentation are being explored
and implemented to further utilize the corpus for
its intended application. For future work, the team
envisions completion of automated literacy assess-
ment for all the BARMM mother tongue languages.
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Abstract

The Occitan language is a less resourced language and is classified as 'in danger’ by the UNESCO. Thereby, it
is important to build resources and tools that can help to safeguard and develop the digitisation of the language.
CorpusArieja is a collection of 72 texts (just over 41,000 tokens) in the Occitan language of the French department of
Ariege. The majority of the texts needed to be digitised and pass within an Optical Character Recognition. This
corpus contains dialectal and spelling variation, but is limited to prose, without diachronic variation or genre variation.
It is an annotated corpus with two levels of lemmatisation, POS tags and verbal inflection. One of the main aims of
the corpus is to enable the conception of tools that can automatically annotate all Occitan texts, regardless of the
dialect or spelling used. The Ariege territory is interesting because it includes the two variations that we focus on,
dialectal and spelling. It has plenty of authors that write in their native language, their variety of Occitan.
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1. Introduction

Many languages, mostly minority and endangered
ones, have no official standard for writing. This
exacerbates their status as under-resourced lan-
guages because the surface variations are an im-
portant challenge in NLP.

The Occitan language deals with plenty of these
variations: spelling, dialectal, formal, etc. Our aim
is to provide resources and tools to help processing
these variations in Occitan NLP.

In this article, we are going to describe the par-
ticularities of the Occitan language and some of its
variations. Then, we will present our work to build
and annotate a corpus of Occitan texts.

We build an annotated (lemma, supra-lemma,
POS and verbal flexion) collection of texts that con-
tains different types of variations present in the
language. We selected texts from the French de-
partement, Ariege. This departement and the texts
provided are quite representative of the variations
we focus on in this research.

2. Occitan is an Under Resourced
Language

2.1. What is Occitan?

The Occitan is a Romance language spoken in
the south of France, the Aran valley in Spain and
some valleys in the ltalian Alps. Traditionally, it is
divided into six dialects (Bec, 1978) (Figure 1). The
language has no official standard for spelling or
speaking, as it has no official recognition in France
nor ltaly. Therefore, Occitan texts contain many
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Figure 1: Map of Occitan Dialects.

variations in spelling and dialect.

Occitan has nearly a million speakers, the major-
ity of which are over 60 years old and live in rural
areas (OPLO, 2020). It is a language classified
as "in danger" of disappearance by the UNESCO
(Moseley, 2010). Thus, it is important to work on
its safeguarding.

2.2. Resources and Tools for Occitan
NLP

As discussed, Occitan is a minority language and
many of these languages have fewer resources
that can be used in natural language processing.
However, during the past ten years, some studies
have been done to provide resources for the nat-
ural processing of the Occitan language. For pro-
cessing of written text, three major funded projects
had helped increase the digitization of Occitan.
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BaTelOc (Bras and Vergez-Couret, 2013)! was
a project to build a digital collection of nearly 3.4
million words of Occitan texts. From this collection,
and other texts, Bernhard et al. (2019) built an an-
notated corpus (12,425 tokens), with lemmas and
part-of-speech (POS) tags, and provided a first tool
for the automatic annotation of an Occitan corpus
with POS tags (Urieli, 2013). This tool was then
used in the project TolosaTreebank (Miletic et al.,
2020a) to annotate a collection of texts (25,000
tokens) with both POS tags and syntactic depen-
dencies.

Moreover, the independent institution Lo Con-
grés permanent de la lenga occitana? is working on
NLP tools for public applications, such as automatic
translation® or speech synthesis*.

2.3. A Low Resourced Language?

Thanks to the European Language Grid (ELG)
(Rehm et al., 2020) we can compare the amount of
resources and tools between European languages.

Nowadays, Occitan has more resources for NLP
than many other endangered and minority lan-
guages, like Aragonese, Gallo or Friulian. On the
other hand, we cannot say that it is a well resourced
language, as there is a lot of work yet to be done.
For example, the automatic annotation tools can be
improved, it could be interesting to fine-tune or train
an Large Language Model (LLM) for occitan tasks
and have more tools for speech processing, among
other aims. Nevertheless, we do not consider Occ-
itan as a low resourced language. If we compare
Occitan with other European languages in the ELG,
we can observe similarities in term of number and
quality of NLP resources and tools with Breton, As-
turian, Aragonese and Basque for video processing
tasks. Basque is considered as a less-resourced
language (Urbizu et al., 2022), Breton as an under-
resourced language (Guennec et al., 2022) and
Asturian and Aragonese as low-resourced (Lignos
et al., 2022). Many others European languages
are low-resourced and have less resources than
Occitan. We thus choose to classify Occitan as an
under-resourced language more likely to be less-
resourced than low-resourced.

3. The Need for a Corpus with
Variation

Occitan is a language with many variations. We
chose to focus on two of these variations in our work
on Occitan texts: dialectal and spelling. These sur-
face variations add an additional challenge to the

'http://redac.univ-tlse2.fr/bateloc/

2the permanent congress of the Occitan language’
Shttps://revirada.eu/

*https://votz.eu/
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NLP of under-resourced language, and it is impor-
tant to study their effects on various NLP tasks.

3.1.

The first variation we chose to study is the dialec-
tal variation. This variation can be observed on
a lexical, morphological, phonetic level and some-
times on a syntactic level. As previously stated,
Occitan has about six dialects (Bec, 1978). These
six dialects are a linguistic continuum, meaning
there are plenty of isoglosses that traverse the Oc-
citan territory, constituting different varieties in the
dialects.

For example, the sentence Lo gos vegét un caval.
('The dog saw a horse.’) is a variety of Lengadocian.
In Provengau it could be Lo chin veguét le cavau.
and in Gascon Eth can vedo eth chivau..

The second variation concerns spelling variation.
Contemporary Occitan has commonly three differ-
ent spelling conventions. The most widely used
is "classical" spelling, inspired by medieval Occi-
tan and Catalan spelling °. Another spelling widely
used is "Mistral" spelling. It uses mostly French
spelling to write Occitan. The third group is per-
sonal spelling conventions. Indeed, the majority of
Occitan speakers are not in contact with people or
institutions that can teach them how to write the
language. Nevertheless, many want to write in their
language, so they choose to write with the spelling
learned in school, French, Spanish, Catalan or Ital-
ian spelling.

For example, the sentence Loccitan es una lenga
romanica. ('Occitan is a romance language.’)® is
written with "classical" spelling. Loccita es uno
lengo roumanico. is an example of "Mistral" spelling
and Loxita €s uno léngo roumaniko. is an example
of what could be a personal spelling.

These two forms of variation limit the use of texts
if we do not have tools that are trained to take
them into account. The collections TolosaTree-
bank (Miletic et al., 2020b) and Restaure (Bernhard
et al., 2018) introduced some dialectal variation,
and the first tool (Vergez-Couret and Urieli, 2015)
has good results on this variation. However, there
is no spelling variation in these collections. In order
to automatically handle all types of Occitan texts
we need to build a robust tool that can deal with
spelling variation.

The Different Variations

3.2. The Challenge of Variation

As mentioned before, we chose two types of varia-
tions to work on with the texts in our corpus. More-

5in this article, Occitan extracts will be written with
"classical" spelling.

®lt can be pronounced [lutsita ez yno I'engo ru-
man’iko] in Lengadocian.



over, these variations are present in the majority of
Occitan texts. A lot of texts are written in spelling
conventions other than the "classical" one. There-
fore, it is a necessity to build collections and tools
that are able to process these variations.

Furthermore, the personal spelling and the "Mis-
tral" spelling are often very similar to the pronunci-
ation of the writer. Thereby, it appears important
to study texts written with these spellings to study
some particular Occitan varieties.

To the best of our knowledge, no annotated cor-
pus of contemporary Occitan texts contains spelling
variation.

3.3. Aim of the Corpus

We decided to build a collection of texts with these
two kinds of variation, dialectal and spelling. The
objective is to annotate it with POS tags and verbal
flexion. The corpus is divided into a part that is
manually annotated and a part that will be automat-
ically annotated. We used the manually annotated
part to train tools that will automatically annotate
texts with spelling and dialectal variation.

When the annotations are completed, the cor-
pus will be accessible to the scientific community
through an OpenScience platform.

4. Description of the CorpusAriéja

The CorpusArigja is the collection of 72 texts of the
French department of Ariege, for a total of 41,233
tokens. We selected 56 authors who are natives of
Ariege and who write in their own variety of Occitan.

To limit the type of variations, we restrained the
collection to contemporary texts (1850 to nowa-
days) and to prose (tales, legends, novels and jour-
nalistic texts). We feel that texts previous from 1850
would introduce too much diachrony whereas we
wish to concentrate on synchronic variation. The
choice of 1850 is purely subjective. Other genres
of texts, such as poetry, are more likely to have
some syntactic forms that differ from the natural
speaking of the language.

Setting aside diachronic and genre variations,
the corpus contains both types of variation that
interest our research, dialectal and spelling.

The majority of these texts were not available in a
digital form. We needed to scan them and perform
Optical Character Recognition (OCR) to prepare
them for downstream processing. The OCR tool
we used’ was quite good and fast. However, we
corrected every text manually to eliminate errors.

"https://www.ocr2edit.com/fr/convertir-en-txt with lan-
guage parameters of Occitan, Catalan and French.
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Figure 2: Map of some isoglosses in Ariege

4.1.

Ariege is a border territory in the south of France.
It has a frontier with Spain, but linguistically it bor-
ders Catalonia. This territory is also crossed by
isoglosses that separate Lengadocian and Gas-
con dialects (Figure 28).That makes Ariége an area
of transition between two dialects and a land that
has several linguistic variations. The proximity with
Catalan creates, in the mountains, some language
varieties that lay outside the continuum between
Gascon and Lengadocian. Similarly, certain vari-
eties in the high Pyrénées are very conservative in
terms of their phonology and do not fit in the dialec-
tal continuum between Lengadocian and Gascon.

Ariége is also an area that contains a lot of texts
and especially texts written with different spellings.
Indeed, there is an association, the "felibrige”, that
defends "Mistral" spelling and was very present in
Arigge® with many publications with that spelling.
Moreover, with the resurgence of occitanism in the
early 1900s, many authors adopted the "classi-
cal" spelling which had just been created. In addi-
tion, many authors were not aware of or refused to
adopt these spelling conventions, using a personal
spelling convention instead. We believe that there
isn’t a significant difference between personal and
"Mistral" spelling in the CorpusArieja collection, so
we categorize them together under the "Mistral"
label.

We feel it is important for tools and experiments
to have a balanced distribution between the vari-
ous types of variation (Table 1). As can be seen
from the Linguatec project (Miletic et al., 2020a),
we seem to have enough tokens of each dialect in
our corpus in order to train a tool. However, it was
complicated to maintain balanced numbers of to-
kens for the dialectal variation because the corpus

The Choice of Ariége

8Made from https://d-maps.com/carte.php?num_car
=111145&lang=fr
®Particularly the institution *Escolo deras pirenéos’.



Dialect # tokens
Lengadocian 20,194
Gascon 12,901
Other varieties 8,138
Spelling # tokens
Mistral 19,887
Classical 21,346

Table 1: Distribution of variation in CorpusArieja

POS meaning count
ADJ adjective 1,226
ADP adposition 5,180
ADP+DET adp.+determiner 762
ADV adverb 2,000
AUX auxiliary 865
CCONJ coord. conjunction 1,397
DET determiner 7,686
INTJ interjection 143
NOUN common noun 9,307
NUM numeral 330
PART particule 236
PRON pronoun 4328
PROPN proper noun 219
SCONJ subord. conjunction 981
VERB verb 7,683
X foreign word 71

Table 2: Category distribution in CorpusArigja

contains a lot more Lengadocian texts than Gascon
or other varieties.

4.2. Description of Annotations

We built a corpus with annotations of the POS tags,
lemmas and verbal inflexion. For the annotation of
the collection we adhere to the Universal Depen-
dencies guidelines (Nivre et al., 2016).

We divided the corpus into two parts. One is
annotated manually (21,691 tokens) to train and
evaluate our tool and the other one (19,542 tokens)
will be annotated automatically using the model of
the automatic tool with the better results on spelling
and dialectal variation.

The manual annotation of the corpus was per-
formed by a single annotator. Indeed, it was a work
that required a great expertise on the varieties of Ar-
iege and of the spelling conventions used. Thereby,
the annotator is a linguistic expert in these varieties.

4.2.1. Part-Of-Speech Annotation

For the annotation of POS we followed the guide-
lines used in Miletic et al. (2020a). These guide-
lines were made for the particularities of Occitan.

Table 2 is the description of the distribution of
POS tags in the corpus.
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4.2.2. Verbal Inflection Annotation

The annotation of verbal inflection is divided into
six features, following the UD guidelines.

1. ’Gender’, feminine or masculine, to describe
the gender inflection for the past and present

participles.

‘Number’, singular or plural, is required for all
verbal inflections except the infinitive form.

‘Person’, 1, 2 or 3, is necessary to describe
the person of conjugation for verbs that are not
infinitive nor participles.

. "VerbFornv’, participle or infinitive, to tell the
inflection form of the verb. If it is not present it
means that is neither participle nor infinitive.

‘Mood’, indicative, subjunctive, conditional or
imperative, describes the mood inflection.

‘Tense’, present, past, future or imperfect, is
used to indicate the tense used in the conjuga-
tion of the verbal form.

a | Number=Sing|Person=3|Mood=Ind|Tense=Pres
sautat | Gender=Masc|Number=Sing|VerbForm=Part|Tense=Past

Figure 3: Example of verbal inflection annotation

The Figure 3 is an example of an annotation of
verbal inflection in the CorpusArieja.

4.2.3. The Lemma Annotation

The lemma is the form of citation of a word form.
For example, ostals ('houses’) is an inflected form
of the lemma ostal ('house’). As already mentioned,
the corpus contains variations of spelling and di-
alect, which makes the lemmatisation of the tokens
in Occitan quite delicate. We have to make sure
that we are not normalizing the language variety
or spelling of the author. One of the interests of
lemmas is to gather all of the inflections of a word
together. However, we can go a little further saying
that it could be interesting to unite all the variations
of a word with a single lemma.

We therefore decided to create a second level of
lemmatisation called Supralemma.

The first level of lemmatisation follows the
spelling and language variety of the author, oustals
is lemmatised oustal (spelling variation), the lemma
of ostaus is ostau (dialectal variation) and oustaou
is the lemma of oustaous (spelling and dialectal
variation).

The second level, the Supralemma is an abstract
lemma, it is not a normalisation or a standardisa-
tion, it is only a way to bring together all variations
of a same word. Oustals, oustaus and oustaous



have the same Supralemma, ostal. We chose to
follow classical spelling and most of the Lengado-
cian dialect for the Supralemma. This choice is for
the personal comfort of the expert annotator who is
accustomed to this dialect and spelling in Occitan.

5. Conclusions and Perspectives

We presented the CorpusArigja, a corpus of Occi-
tan texts. It has 42,413 tokens and it is divided into
three dialects (Gascon, Lengadocian and other va-
rieties of Ariege) and two spellings (mistralian and
classical). We annotated the resource with POS
tags, verbal inflection and two levels of lemmatisa-
tion: one level giving the presumed lemma that the
author would use, and another more abstract level
called Supralemma to lemmatise all the variations
of a word together.

The annotated corpus can be modified to add
others annotations, like the syntactic dependencies.
Work is underway to train NLP tools for automatic
POS annotation with good results on texts with and
without spelling and dialectal variation. With the
bests results of our POS tagger and Flex tagger,
we want to automatically annotate the BaTelOc col-
lection. Our aim is to help the study of Occitan
language and the development of public NLP ap-
plications.

We want to pursue this work introducing other
variations, such as diachrony or a variation in the
genre of the texts. There are numerous poems and
songs available in Occitan that could be presented
as variations.

We also want to try our tools on other Occitan
dialects and test our methodology on other less
or low resourced languages that have no writing
standard. Indeed, we are willing to demonstrate
that it is not necessary to have corpora with mil-
lions of words to build high-performance automatic
annotation tools.
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Abstract

For many of the world’s small languages, few resources are available. In this project, a written online accessible
corpus was created for the minority language variant Gronings, which serves both researchers interested in
language change and variation and a general audience of (new) speakers interested in finding real-life examples
of language use. The corpus was created using a combination of volunteer work and automation, which together
formed an efficient pipeline for converting printed text to Key Words in Context (KWICs), annotated with lemmas
and part-of-speech tags. In the creation of the corpus, we have taken into account several of the challenges that
can occur when creating resources for minority languages, such as a lack of standardisation and limited (financial)
resources. As the solutions we offer are applicable to other small languages as well, each step of the corpus
creation process is discussed and resources will be made available benefiting future projects on other low-resource
languages.

Keywords: low-resource language, online corpus, corpus creation

1. Introduction ten want to reflect their (local) pronunciation of a

) ) ) word in its spelling. Additionally, these spelling
This pape(; introduces the mfraT_trUCtUlfed _an?] soft-  guidelines are not always known or accepted by
ware used to create a monolingual diachronic  gyeryone who produces writing in Gronings. Both
corpus for an under-resourced language variety.  f these factors cause a substantial amount of
The corpus was created for Gronings, a language  gpeljing variation, which is increased in our cor-

variety spoken in the north of the Netherlands, s by Janguage change in general, which is also
and is freely accessible as part of a larger online  ofacted in the spelling.

database on this language variant, called Woord- ]
Waark. This paper will detail the steps takeninthe ~ Although there have been developments in the
creation of this corpus and offer recommendations  collection of written corpora for languages with-

for future corpus building projects in order to also ~ ©ut @ standardised orthography (e.g., Millour and
benefit other minority languages. Fort, 2020), previous endeavours in creating an-

notated corpora for minority languages (e.g., Lin-

Gronings is a variant of the Low Saxon language, der et al., 2019: Tracey et al., 2019; Tahir and

which is spoken in the Netherlands and Germany
and is recognised within the Netherlands under :\/Iehmo?:,tz_()?) uTuaIIy cti_o not addr?css ghe clhal-
Part 1l of the European Charter for Regional or enges that Internal vanation poses for develop-

Minority Languages (ECRML, 1998). Although N language technology, which do not only ap-
exact numbers of speakers are difficult to deter- ply to Gronings but to many minority languages.

mine, variants of Low Saxon in the Netherlands ;’-\Ithough spellirt1_g vatrrilgti_on CT; pose ti cthallelrlm_ge
are in decline and show clear age-grading, with or corpus creation, this IS not fo say that spefiing

only a relatively small proportion of young speak- variation i_n itself is neg_ativg or harmful to anguage
ers (Bloemhoff, 2005; Versloot, 2020). As inter- p_reserva.tlon or gmanm_pgtlon. In fgct, ret_alnmg re-
generational transmission of the language within 9'0”3" dlachr.onlc a”‘?' |.d|osyncra_t|c spelling varia-
families is declining, it is imperative that resources tion as found in the original texts is one of the main
facilitating both research and language learning features of our corpus.

are created. As of yet, no indexed corpus for writ-  The written corpus created in this project is an in-
ten Gronings exists. Although attempts have been  tegral part of WoordWaark, an online openly ac-
made to standardise the spelling of Gronings (e.g.,  cessible language database for Gronings which
Ter Laan, 1947; Reker, 1984), it can hardly be interlinks, among other things, several dictionar-
considered a standardised language. These at- ies, survey data on language variation, and (au-
tempts take the form of a set of guidelines rather  dio) material contributed by speakers of the lan-
than strict rules as authors writing in Gronings of-  guage. As of January 2024, the corpus contains
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10,036,643 tokens, 243,466 types and 622,470
sentences from 431 documents. As a part of
WoordWaark, the corpus serves two main goals.
On the one hand it facilitates linguistic research
on Gronings. On the other hand it makes the body
of written texts in Gronings accessible to a gen-
eral audience. For the first goal, it is necessary
that the corpus includes sufficient linguistic infor-
mation, such as part-of-speech tags, and that it
presents sentences exactly as they were found in
the original texts. For the second goal, it is impor-
tant that the sentences in the corpus can be used
to illustrate KWIC-entries from the dictionary and
thereby be used by a general audience as a refer-
ence work, to broaden their knowledge of real-life
applications of words found in the dictionaries and
as a tool to learn the language."

In addition to serving different audiences with one
corpus, the method proposed here is particularly
suited to contexts of (financially) under-resourced
languages as it makes use of volunteers and au-
tomation, thereby both involving the speaker com-
munity in the preservation of language, and reduc-
ing the amount of labour necessary.

2. Requirements

2.1. Texts

Several materials need to be in place or be ar-
ranged in order to build a corpus of this type. First
and foremost, a collection of written texts in the
target language is needed. The texts used for
the WoordWaark corpus were available through
the Library of the University of Groningen. All
texts that were tagged with the word ‘Gronings’
were included in our initial search, resulting in
763 texts, containing published books, periodi-
cals, magazines, posters and miscellaneous pub-
lications ranging in publication year from 1822 to
2016. This also meant that some texts that were
erroneously tagged with Gronings but were actu-
ally a different Low Saxon dialect or texts that were
about the province of Groningen but not written in
Gronings had to be later excluded, and that there
might have been texts that were (partly) written in
Gronings that were not tagged as such that were
therefore not included. All (included) texts that are
still copyrighted (all but 124) are not published in-
tegrally, but only cited from their original works as
KWICs and publicly searchable but not download-
able. Although for many corpora, it is important
to be restrictive in the selection of texts in order
to ensure that the corpus is balanced and repre-
sentative of different types of texts (Adel, 2020),
this is less feasible for low-resource varieties such

"The corpus will also be included in a massive open
online course for Gronings to provide resources to new
speakers.
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as Gronings, for which all available printed text
need to be included in order to keep a substantial
corpus. All texts were already assigned a unique
identifier by the University Library, and had some
metadata associated (such as title, author(s), pub-
lisher, etc.). Through the identifiers, it was pos-
sible to request texts in batches from the Univer-
sity Library so that volunteers could process them,
and to keep track of the status of each text in the
pipeline.

2.2. Volunteers

The second requirement for building the corpus is
to have an organisation that is capable of recruit-
ing and coaching volunteers. For this project, it
was not necessary for all volunteers to be profi-
cient in Gronings, but most of them were. Pro-
ficiency in Gronings was most useful when there
was doubt about the dialect of Low Saxon a text
was written in, but was not necessary for either
adding metadata, or checking and correcting the
optical character recognition (OCR) results after
scanning the texts in print. A total of 13 volun-
teers worked on this project, although not all si-
multaneously. Most of the volunteers were re-
tirees with active or passive knowledge of Gron-
ings, who had an interest in language and liter-
ature in general. An exception were the volun-
teers who scanned books, as elderly volunteers
were hesitant to perform in-person tasks due to
the COVID-19 pandemic and student volunteers
were recruited instead. Volunteers were recruited
through the Center for Groningen Language and
Culture as well as through the Dutch heritage plat-
form Erfgoedvrijwilliger.? Volunteers were offered
a small hourly compensation for their work, in ac-
cordance with the Dutch Tax and Customs Admin-
istration. Volunteers that did tasks from their own
home (relating to OCR and metadata) were pro-
vided with a laptop where all required software was
installed, which also included TeamViewer, so that
help could be provided and the computer could be
controlled remotely if the volunteers encountered
problems or had questions. We estimate that vol-
unteers have spent between 1800 and 2000 hours
working on the corpus thus far. One member of the
project team was available through email and tele-
phone to answer questions and solve problems for
the volunteers.

2.3. Digital Infrastructure

The final requirement for building this corpus was
to have a digital infrastructure in place in order to
ensure a smooth process combining work done by
volunteers and automation. This digital infrastruc-
ture consisted of a pipeline which all texts went

2w, erfgoedvrijwilliger.nl



through. Each step of this pipeline (see Figure 1)
will be explained in detail below.
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Figure 1: Pipeline used for converting texts in print
to a corpus. Green boxes represent steps con-
ducted by volunteers, blue boxes represent auto-
mated steps.

3. Volunteer Tasks

3.1. Scanning

The first step in the pipeline was to create digital
scans from the texts. Volunteers came to the Uni-
versity Library (UL) and were instructed to scan
the texts from cover to cover, using a CZUR-ET16
overhead scanner. Although only running text
would be used in the final corpus, the inclusion of
the covers and first and last few pages of all in-
cluded books helped with the retrieval of relevant
metadata later in the process. The scans were
saved using the unique UL identifier and exported
as colour TIFF files with LZW compression and
stored in a Google Drive folder. Some of the texts
were difficult to scan using the overhead scanner
because of issues with light reflecting from pages
or books having rigid spines. These texts were
scanned using a Ricoh MP C3003 multi-function
(flatbed) printer, at 300 dpi, in black-and-white and
at full brightness (these settings proved to deliver
the best quality scans for OCR). These scans were
also saved as TIFF files using the unique identi-
fier and exported to the Google Drive folder. The
quality of these scans was lower than those of the
CZUR scanner, but still sufficient (using the afore-
mentioned settings) to conduct OCR.
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3.2. Text Selection and Correction

The next step in the pipeline was to convert the
scans to text using optical character recognition
(OCR), using ABBYY FineReader 15 Corporate.
First, the volunteers indicated the text areas that
needed to be converted, which meant selecting
and deselecting areas so that only running text
in Gronings remained. In other words, all areas
that were not text (e.g., images or page numbers),
that were not Gronings (e.g., parts of multilingual
texts in, for example, Dutch or other Low Saxon
dialects) or not running (e.g., tables, word lists,
title page, chapter titles, etc.) had to be dese-
lected as we are only interested in full sentences
for this corpus. Then the volunteers had to in-
struct the program to start converting the selected
areas to text. In advance, we provided the pro-
gram with a lexicon of Gronings on the basis of
Klunderloa, a website with texts for primary school
children,® as well as the Reker dictionary of Gron-
ings (Reker, 1998). The initial lexicon contained
35,012 unique words. This increased the chance
of the program correctly recognising a word it was
not certain about and made the task of the volun-
teers easier. After the initial OCR step, the pro-
gram presented the volunteers with all words of
which it was not certain whether they were recog-
nised correctly. The volunteers then had to com-
pare the text as recognised by the program to the
scan, and correct the text if necessary. If a word
had not been encountered by the program before,
this was also indicated and volunteers were pre-
sented with the opportunity to add this word to
the lexicon in order to facilitate recognition in the
future. As the goal of the corpus was to serve
as an accurate representation of all forms of writ-
ten Gronings, no alterations to the original texts
were made. As the spelling of Gronings shows
substantial variation diachronically, between vari-
ants, and also between authors, it is impossible to
make an objective distinction between typing and
spelling errors on the one hand, and intentional
‘non-standard’ forms meant to reflect differences
in pronunciation on the other hand. Therefore, vol-
unteers were explicitly instructed to only perform
corrections on the texts if the OCR output did not
match the text in the scan that they were presented
with, and to leave in all other ‘errors’ they might
perceive. Some of the texts were not suitable for
OCR, as they used non-standard fonts (for exam-
ple to resemble cursive handwriting), because the
text was overlaid on a background image where
parts of the image could be confused for text (such
as drawings) or (especially for the older texts) be-
cause the quality of the paper and/or printing was
poor. These texts (<5% of the total) were taken

Swww.klunderloa.nl



out of the pipeline and stored in a separate folder
for potential later correction, as it would take the
volunteers too much time to transcribe these texts
manually.

3.3. Adding Metadata

After the OCR results were checked, the files were
transported to a website that allowed volunteers to
do both a final check of the text and to add meta-
data. Some volunteers preferred to conduct this
step themselves for each text they did the OCR
check for, and some only did one of two steps.
Both of these options worked well. For this step,
we designed a custom application that allowed vol-
unteers to view (1) the scan, (2) the (editable)
text as produced in the OCR step, and (3) forms
through which they could add the metadata. The
metadata that volunteers were asked to add con-
sisted of two parts: metadata about the whole text,
and metadata about different parts of the text. The
metadata about the whole text consisted of edi-
tor, title, source type (book, journal, newspaper,
website), series, year, number, place of publica-
tion, publisher, edition or printing, website, date of
consulting website, and comments. The metadata
about different parts of the text consisted of author,
title, genre (prose, poetry), first language variant
(normally Gronings), second language variant (if
another language variant was is used as well),
and comments. The metadata was partly found in
the sources themselves, and partly needed to be
looked up online or in reference works. If the data
were available through the University Library, the
form fields were filled in automatically with those
data.

4. Adding Lemmas and
Part-of-Speech Tags

41.

We developed a lemmatiser which lemmatises to-
kens in Gronings to lemmas in Dutch. Assigning
Dutch lemmas to tokens in texts that are written in
Gronings is important for two reasons. It (1) allows
the user to search the corpus in both Gronings
(via the tokens) and Dutch (via the lemmas), and
(2) regional, morphological and spelling variants of
the same word are ‘linked’ in this way. For exam-
ple, if a user searches by using the Dutch word
huis ‘house’, sentences with all occurring Gron-
ings variants are found: hoes, huus, hoeske, hu-
usie, etc, representing respectively two different
regional forms of the base word and two differ-
ent regional forms of the diminutive. If the user
searches for the Groningen word hoes, it is also
possible to not only find sentences that include the
exact word hoes, but also sentences that include
huus, hoeske and huusie. In this way, forms of re-

Lemmatisation
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gional, diachronic and idiosyncratic spelling vari-
ation are preserved and made accessible in the
corpus.

To be able to lemmatise automatically, a lemma-
tiser had to be trained on the basis of a training
corpus. Our training corpus consisted of six texts
in Gronings, containing 109,765 tokens, 93,739
words and 6,513 sentences in total. When as-
signing the lemmas, a Dutch cognate was cho-
sen whenever possible. If there was no cognate in
Dutch for the Gronings word, a non-cognate was
chosen. This training corpus was manually cre-
ated as a part of our project. We estimate that the
creation of this corpus, including the training of a
student assistant, took 150 hours.

For lemmatisation, we trained the PIE (Manjava-
cas et al., 2019) lemmatiser. We chose this lem-
matiser as it is robust in the presence of much
language variation, as is the case for our corpus.
On the one hand there is regional and diachronic
variation, and on the other hand authors use dif-
ferent spellings. The accuracy of our model was
determined to be 89% through 10-fold cross val-
idation. A visual inspection suggests that a sub-
stantial portion of the errors are cases where the
model generates a Dutch-sounding cognate that
is not commonly used, while the word was previ-
ously annotated in the training corpus with a non-
cognate. When no cognate in Dutch is present
at all and the word was not included in the train-
ing corpus, the lemma is derived from or identical
to the token. We do not consider this a problem
since different variants of Gronings still normalise
to the same (pseudo-)Dutch lemma, and this is
the primary goal of the lemmatisation process (al-
though in cases where no cognate is present, this
can mean that the word is not findable through the
Dutch lemma).

4.2. Part-of-Speech Tags

Assigning part-of-speech (POS) tags to the words
is important because some words in Gronings —
just like some Dutch words — belong to a different
part of speech depending on the context in which
they appear. For example, there are three POS-
tags for the word aal (an adverb when the meaning
is ‘constantly’, a pronoun when the meaning is ‘ev-
eryone’ and a noun when the meaning is ‘the uni-
verse’). Consequently, in order to search the cor-
pus for appropriate sentences containing the word
aal, one needs to specify the part of speech.

We automatically added POS-tags to our corpus
with a BERTje-based language model. BERTje
is a general language model for Dutch (de Vries
et al., 2019). This model was trained for Dutch
POS tagging, based on training data from the Uni-
versal Dependencies project (de Marneffe et al.,
2021). Additionally, the model was adapted to



work with words in Gronings through a multi-step
adaption process. In this process, the model was
fine-tuned for POS tagging in Dutch, and adapted
to Gronings using unlabeled data (de Vries et al.,
2021) and reached an accuracy of 92% on the un-
seen Gronings test set. Since the POS tagging
model is trained cross-lingually using Dutch train-
ing data, there should not be a bias towards a spe-
cific Gronings variant, but the model might perform
better for variants that are more similar to Dutch.
POS tags are useful discriminators for seman-
tic disambiguation (Wilks and Stevenson, 1996).
However, they are not enough to fully disam-
biguate a text. For example, bank can be a finan-
cial institute or the edge of a river. In both cases
bank is tagged as a noun. Therefore, a useful re-
finement would be to assign the appropriate sense
to each occurrence of the word in a given con-
text, a process known as sense tagging (Wilks and
Stevenson, 1997). In order to train a sense tagger,
you need to annotate a training corpus with word
senses, a task that may be time-consuming. Due
to the limitations of our project, this has not been
done yet, but will be useful future work.

4.3. XML

The final result consists of texts in XML format that
contain the metadata and in which the words are
annotated with their lemmas and POS tags. These
texts are suitable to be searched by the Black-
Lab corpus search engine (de Does et al., 2017).
BlackLab is a corpus retrieval engine built on top of
Apache Lucene and used by the newly developed
corpus search interface in WoordWaark.

The interface offers four search options allow-
ing for varying search query complexity: sim-
ple, extended, advanced, and expert. The basic
search option enables the user to search for spe-
cific words, while the advanced options allow for
more complicated search queries involving partial
words, lemmas, and POS tags. The input provided
by the user is converted into CQL (Corpus Query
Language), a query language used by BlackLab to
allow users to retrieve information from the avail-
able corpora. The server’s response is presented
in the form of a table, with the matching word(s)
displayed together with its surrounding context.
Those words are clickable and take the user to
the corresponding lemma in the dictionary. Addi-
tionally, details concerning each text in which the
search term appears, such as the title and author,
can be easily viewed.

5. Other Considerations & Lessons
Learned
One of the main difficulties we expected in build-

ing the corpus was having to account for the sub-
stantial variation that would be present in the data.
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However, by using PIE and a manually annotated
dataset for lemmatisation together with an adapted
version of BERTje, we still achieved results that
are sufficiently accurate for a general audience
and that would greatly aid researchers in provid-
ing a first crude annotation of the data. As man-
ual tagging and lemmatisation would not be feasi-
ble for corpora of this size, we think this method
is suitable for other languages as well. It is impor-
tant to note, however, that the effectiveness of this
approach is dependent on the presence of linguis-
tic resources from a closely related (standardised)
higher-resource language (de Vries et al., 2021).

Another recommendation for similar projects in the
future concerns the use of volunteers. Although
our volunteers were highly intrinsically motivated
to partake in this project, they indicated that it
was sometimes demotivating that the work they
did was very individual. Because of the COVID-
19 pandemic, we were unfortunately not able to
organise many activities or (informative) gather-
ings for the volunteers, but would recommend this
for similar projects in the future. It was evident,
once this was again possible, that the volunteers
enjoyed seeing the results of their work illustrated
through presentations about WoordWaark and re-
search conducted on the corpus at the university.

6. Conclusion

Both the infrastructure designed for this project
and the lessons learned from it may be useful
for other under-resourced languages with inter-
nal variation for which the construction of a writ-
ten corpus would be desirable. The current pa-
per has demonstrated a method in which a com-
bination of volunteer work and automation creates
an efficient pipeline for converting printed texts to
annotated sentences which are potentially useful
for a general audience and researchers. Further-
more, we have demonstrated how resources from
a larger related language (Dutch) can be usefully
employed for a (related) low-resource variety and
how challenges concerning spelling variation can
be circumvented while preserving the variation in
the corpus. As the infrastructure of the corpus was
designed to be used by other languages as well, a
pilot is currently underway in which the infrastruc-
ture will be used for Bildts, another minority lan-
guage variety that is spoken in the Netherlands.
Furthermore, the complete pipeline, manuals for
software and coaching volunteers as well as the
software designed for the project are available in
the project’s GitHub repository.*

4github.com/woordwaark/Spotlight-pipeline
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8. Ethical Considerations

One of the main ethical considerations we encoun-
tered during the construction of our corpus is that it
can be difficult to adequately take into account the
interests of the two target audiences that might be
using the corpus. As the corpus should both be us-
able for academic research and for a general audi-
ence trying to gain insight in the usage of specific
words, some conflicts arose in which sentences
were appropriate to include. All material from the
texts that was in principle usable was included in
the corpus, which meant that there were also sen-
tences containing racist, sexist, homophobic and
other offensive language. Although it is necessary
to include these sentences for linguistic research,
they are not appropriate to present to a general
audience as examples of how other (inoffensive)
words are used in the language. Therefore, we
constructed a list of words that caused sentences
containing one or more of these words to not be
shown as illustrations of the use of a different (in-
offensive) word in that sentence when using the
basic search functionality. In case someone would
deliberately search for an offensive term, the sen-
tences containing these terms are shown, how-
ever. We feel that this approach best combines
the interests of both researchers and a general
audience, as the sentences containing offensive
terms are still accessible using the more complex
searching functionality used by researchers, but
would not be presented as examples that could be
seen as normative to a general audience.
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Abstract
We experiment with sentiment classification models for Icelandic that leverage machine-translated data for training.
Since no large sentiment dataset exists for Icelandic, we translate 50,000 English IMDb reviews, classified either
as positive or negative, into Icelandic using two services: Google Translate and GreynirTranslate. After machine
translation, we assess whether the sentiment of the source language text is retained in the target language.
Moreover, we evaluate the accuracy of the sentiment classifiers on non-translated Icelandic text. The performance
of three types of baseline classifiers is compared, i.e., Support Vector Machines, Logistic Regression and Naive
Bayes, when trained on translated data generated by either translation service. Furthermore, we fine-tune and
evaluate three pre-trained transformer-based models, RoBERTa, IceBERT and ELECTRA, on both the original
English texts and the translated texts. Our results indicate that the transformer models perform better than the
baseline classifiers on all datasets. Furthermore, our evaluation shows that the transformer models trained on data
translated from English reviews can be used to effectively classify sentiment on non-translated Icelandic movie reviews.

Keywords: sentiment classification, movie reviews, machine translation, machine learning

1. Introduction also allows us to explore the efficacy of MT in
capturing sentiment nuances in Icelandic. By
Sentiment analysis is the task of using Natural Lan- using both Google Translate and GreynirTrans-
guage Processing (NLP) to identify, extract, and late, we aim to compare the effectiveness of a
quantify subjective information in texts, such as pos- general-purpose translation tool (from Google)
itive, negative, or neutral sentiments. This task has against a specialized, localized one (see Sec-
been found to be practically beneficial, both for busi- tion 3.1.1) in the context of sentiment analysis.
nesses to understand customer opinions in large
volumes of text, e.g., to guide marketing strategies 2. Machine Learning (ML) model development:
and guide investment decisions (Hartmann et al., We develop and evaluate several different ML-
2023), and for research, e.g., analyzing human be- based sentiment analysis models, specifically
havior in social networks (Ramirez-Tinoco et al., for the Icelandic language. The set of ML mod-
2018), and patient outcomes based on medical els consist of i) baseline classifiers based on
records data (Denecke and Deng, 2015). Support Vector Machines, Logistic Regression,
For the Icelandic language, neither open senti- and Naive Bayes, as well as ii) the transformer-
ment analysis models exist nor a large corpus of based models RoBERTa (Liu et al., 2019),
labelled sentiment data, which is typically required IceBERT (Snaebjarnarson et al., 2022), and
for training such models. For other languages, ELECTRA (Clark et al., 2020) pre-trained on
researchers have previously resorted to machine Icelandic data (Dadason and Loftsson, 2022).
translation to address data scarcity (Shalunts et al., Furthermore, we validate the model’s perfor-
2016; Lohar et al., 2019; Poncelas et al., 2020). mance on a small set of movie reviews written
Our method to create sentiment analysis models in Icelandic.

for Icelandic involves two phases: . o
Our research has two primary objectives:

1. Machine Translation (MT) of the IMDb

dataset: We use Google Translate and 1. Assessing Sentiment Translation Accu-
GreynirTranslate! (Snaebjarnarson et al., racy: We investigate if sentiment in English
2021) to machine translate the English IMDb movie reviews is accurately preserved when
reviews dataset (Maas et al., 2011a) into Ice- translated into Icelandic.
landic. This approach not only compensates . . . .
for the lack of Icelandic sentiment data, but 2. Developing Icelandl_c Sentiment Analysis
Resources: We provide three key resources:
"https://velthyding.is/ » An open sentiment analysis model for Ice-
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landic movie reviews, addressing the cur-
rent lack of such tools for the language?.

Two variations of a machine-translated
dataset of 50,000 movie reviews, to serve
as a foundational corpus for both our mod-
els and future research?.

An open source pipeline for creating Ice-
landic machine-translated datasets and
models for other domains and tasks®.

Our hypotheses are as follows:

1. Assuming that meaning is not lost in transla-
tion, sentiment classification on Icelandic text,
that have been translated from English, will
perform similarly to sentiment classification in
English. However, given that MTs are not per-
fect, models trained on the original English
dataset will obtain a somewhat higher accu-
racy than models for Icelandic, trained on trans-
lated data.

Provided that that GreynirTranslate was cre-
ated using fewer resources compared to
Google Translate, all of our classifiers trained
on data translated by Google Translate will
achieve the highest accuracy.

Given that IceBERT is pre-trained on the
largest Icelandic datasets (Snaebjarnarson
et al., 2022) and assuming that GreynirTrans-
late has more translation errors compared to
the more established Google Translate, sen-
timent classification on Icelandic text is ex-
pected to yield the highest accuracy when Ice-
BERT is fine-tuned on translated data gener-
ated by Google Translate.

2. Related Work

Maas et al. (2011b) introduced a large dataset
of movie reviews, the IMDb dataset (Maas et al.,
2011a), to serve as a benchmark for work in sen-
timent classification. They used a mix of unsu-
pervised and supervised techniques to learn word
vectors capturing semantic term-document informa-
tion as well as rich sentiment content. They built a
probabilistic model of documents using the word
vectors and used a logistic regression classifier for
sentiment classification. Their model obtained an
accuracy of 87.3—88.9% using a variety of features
when evaluated on a test set of 25,000 reviews. The

2https://huggingface.co/Birkir/
electra-base—-igc—-is—sentiment—-analysis

3https://github.com/cadia—lvl/
sentiment-analysis/tree/main/Datasets

*https://github.com/cadia-1vl/
sentiment-analysis
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IMDb dataset has provided a standardized bench-
mark for testing sentiment analysis algorithms and
has been influential in advancing research in this
area.

Research has shown that it is possible to pre-
serve sentiment post-machine translation from vari-
ous European languages to English. Shalunts et al.
(2016) explored the impact of MT on sentiment
analysis, using state-of-the-art tools, SentiSAIL (for
sentiment analysis) and SDL Language Weaver (for
MT). The study involved translating original corpora
from German, Russian, and Spanish, which com-
prised general news content, into English. They
found that the worst case performance decrease in
sentiment classification in English was within 5%.

Poncelas et al. (2020) used a dataset consisting
of customer feedback in English, French, Spanish,
and Japanese. They translated the non-English
feedback into English and then classified all the
feedback as either positive or negative. They found
that the classifiers do not classify translated data as
well as original sentences, but that the translation
quality is not completely correlated to the accuracy
of the classifier.

Lohar et al. (2019) presented the outcomes of an
experiment addressing the complexities inherent in
constructing an MT system for user-generated con-
tent, specifically tackling the challenges posed by
a morphologically complex South Slavic language.
The focus was directed towards translating English
IMDb user movie reviews into Serbian within a low-
resource context. The investigation delved into the
potentials and limitations of two approaches: (i)
phrase-based and (ii) neural MT systems. These
systems were trained using out-of-domain clean
parallel data sourced from news articles. The pri-
mary observations revealed that, even in this low-
resource scenario with domain mismatch, the neu-
ral approach outperformed the phrase-based ap-
proach in handling morphology and syntax.

Amulya et al. (2022) assessed the accuracy of
both classical ML models and Deep Learning (DL)
models, trained on the IMDb movie reviews. While
ML algorithms operate within a single layer, DL algo-
rithms function across multiple layers, yielding su-
perior outcomes. This study facilitated researchers
in discerning the optimal algorithm for sentiment
analysis. Comparative analysis between ML and
DL approaches showed that DL algorithms exhibit
precision and efficiency in results.

Researchers have developed sentiment analysis
resources for low-resource languages. Kapukara-
nov and Nakov (2015) presented a system for fine-
grained sentiment analysis in Bulgarian movie re-
views. They created freely available resources:
(i) a dataset of movie reviews with fine-grained
scores, (ii) and a sentiment polarity lexicon. They
further compared experimentally the performance



of classification and regression, using as features
the text from the reviews and the contextual infor-
mation in the form of metadata, e.g., movie length,
director, actors, genre, country, and various scores:
IMDB, Cinexio, and user-average. Their results
showed that adding contextual information yields
strong performance gains. Shode et al. (2023) cre-
ated a dataset of reviews about Nigerian movies.
Professional translators translated about 1,000 re-
views, originally written in English, to four Nige-
rian languages, resulting in a multilingual parallel
sentiment corpus. The authors train and evaluate
both classical machine learning methods and pre-
trained language models.

Experiments have shown that Deep Neural Net-
works (DNNs) can effectively model sentiment anal-
ysis. Qaisar (2020) experimented with using Long
Short-Term Memory (LSTM) classifier for analyzing
sentiments of the IMDb movie reviews. The data
was effectively preprocessed and partitioned to en-
hance the post classification performance. The
results showed a best classification accuracy of
89.9%. The author argued that the results confirm
the potential of integrating the designed solution in
modern text based sentiments analyzers.

Linear models have also been successfully used
for sentiment classification. Ghosh (2022) em-
ployed three distinct supervised learning methods
for sentiment analysis on IMDb reviews: Linear
Support Vector Machine, Logistic Regression, and
Multinomial Naive Bayes Classifier, each with var-
ied hyperparameter settings. Additionally, the uti-
lization of N-grams was adopted to capture infor-
mal jargon nuances. A comprehensive compara-
tive analysis was conducted to determine the opti-
mal model for each supervised learning technique,
considering Accuracy Score, F1-Score, and AUC
Score. The outcomes of this approach yielded a
top accuracy score of approximately 0.910 using
Linear SVM, and a mean F1-score of approximately
0.894 following a 10-fold cross-validation process.

Though many of these approaches have been
successful, they are largely under-researched for
the Icelandic language. This presents an opportu-
nity to advance NLP for Icelandic, particularly in
examining how sentiment analysis, when applied
through machine-translated content, retains its ac-
curacy and relevance.

3. Methods

Our methodology involved developing sentiment
classification models that leverage machine-
translated data for training, aiming to reliably pre-
dict sentiment in non-translated Icelandic movie re-
views. We utilized the IMDb movie review dataset
for both training and evaluation. For baseline clas-
sifiers, we used Naive Bayes, Support Vector Ma-
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chine, and Logistic Regression as implemented in
the Scikit-learn Python library®. For advanced mod-
els, we utilized the pre-trained transformer mod-
els RoBERTa (Liu et al., 2019), IceBERT, which is
based on the RoBERTa architecure and pre-trained
on Icelandic data (Snaebjarnarson et al., 2022), and
a version of ELECTRA (Clark et al., 2020), also pre-
trained on Icelandic data (Dadason and Loftsson,
2022) (see Section 3.3).

3.1.

Icelandic lacks a dataset for training models for
sentiment classification. We addressed this by
translating the English IMDb datset into Icelandic.
The dataset consists of 50,000 reviews, evenly di-
vided into 25,000 positive and 25,000 negative sen-
timents, categorized by their rating. Reviews with
a rating of 4 or below are negative, and those with
ratings of 7 and above are positive. The remain-
ing reviews were considered neutral and excluded
from the dataset. Table 1 shows two examples of
movie reviews written in English from IMDb and
their respective sentiment level.

We also evaluated our sentiment analysis mod-
els on non-translated Icelandic data, distinct from
the machine-translated dataset. This step provides
insight into the effectiveness and applicability of our
models trained on translated data in practical sce-
narios using reviews originally written in Icelandic.
For the non-translated data, we curated Icelandic
movie reviews from two sources:

Data

+ 209 reviews from Twitter @kvikmyndaryni ac-
count®.

* 1,111 reviews from officialstation.com, a blog
by Hannes Agnarsson Johnson’.

These reviews had star ratings on a scale from 1
to 10. To align these ratings with the IMDb dataset,
we categorized scores of 1-4 as negative and 7-
10 as positive. This resulted in a total of 63 nega-
tive reviews and 745 positive reviews. To address
this imbalance and to maintain a balance equiv-
alent to that of the IMDb dataset, we selected all
63 negative reviews from both datasets and ran-
domly sampled 63 positive reviews. Table 2 shows
two examples of non-translated Icelandic movie
reviews.

When evaluating the accuracy on non-translated
data, we selected the transformer model that ob-
tained the highest accuracy on machine-translated
Icelandic. We conducted 10 runs, with each run
consisting of a random sample of 50 positive and
50 negative reviews, which were sampled from the

Shttps://scikit-learn.org/
bhttps://twitter.com/kvikmyndaryni
"http://officialstation.com



Movie Review Text

Sentiment

If you like original gut wrenching laughter you will like this movie. If you are young
or old then you will love this movie, hell even my mom liked it. Great Camp!!!

Positive

unglamorous than it did.

Besides being boring, the scenes were oppressive and dark. The movie tried to
portray some kind of moral, but fell flat with its message. What were the redeeming
qualities?? On top of that, | don’t think it could make librarians look any more

Negative

Table 1: English IMDb movie reviews with sentiment.

Movie Review Text

Sentiment

enda ekki vid 60ru ad buast fra Christopher Nola

Mdégnud mynd. Intense hljéd og tdnlist skapadi mjég dramatiska stemningu.
pétt keyrsla mikid i gangi og verid ad hoppa fram og til baka i mismunandi timabil.
ahugaverd saga og personur. Fullt af geggjudum leikurum. Virkilega flott mynd

n.

Positive

0g pvingudum veemnum atridum. netflix

Onnur Klisjukennd og fyrirsjaanleg mynd. Ekki gott handrit mikid af vandraedalegum

Negative

Table 2: Non-translated, original Icelandic movie reviews with sentiment.

63 negative and 63 positive reviews, mentioned
above.

For the baseline classifiers, the data was divided
into training and test sets, with 67% (33,500 re-
views) allocated for training and 33% (16,500 re-
views) reserved for testing the models’ accuracy.
For the transformer models, the test data was fur-
ther split into validation and test sets. Accordingly,
the dataset was divided into 70% (35,000 reviews)
for training, 15% (7,500 reviews) for validation, and
15% (7,500 reviews) for testing.

3.1.1. Translations

We utilized Google Translate and GreynirTranslate
(Sneebjarnarson et al., 2021) for the MT of the IMDb
movie reviews to investigate which MT system more
effectively preserves sentiment. This can be seen
by evaluating Icelandic sentiment models trained
on data translated by Google Translate, on the one
hand, and by GreynirTranslate, on the other.

The rationale for selecting these tools is twofold.
First, Google Translate is known for its wide us-
age and effectiveness for multiple languages, and
it offers a baseline for quality and reliability in trans-
lation. Second, in contrast, GreynirTranslate is a
product of Mideind® — a company specializing in
NLP and Artificial Intelligence technologies for the
Icelandic language — which offers a more localized
approach. It uses DNNs specifically trained for
translating to and from Icelandic, potentially captur-
ing nuances of the language more accurately.

Google Translate Utilizes a hybrid model that
combines a transformer (Vaswani et al., 2017)
encoder with a Recurrent Neural Network (RNN)

®https://mideind.is/
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decoder. All the reviews were translated using
the googletrans Python library, which uses the
Google Translate API°. The only preprocessing
step applied to the raw data was the removal of
<br/>tags. The absence of errors during the trans-
lation process could likely be attributed to the API's
maturity and extensive user adoption.

Table 3 shows two examples of reviews trans-
lated by Google Translate.

GreynirTranslate Uses the multilingual BART
(Lewis et al., 2020) model and was trained using
the Fairseq sequence modeling toolkit within the
PyTorch framework. The GreynirTranslate model
achieved a BLEU score of 24.3 on the English-
Iceland news translation task at WMT 2021 (Si-
monarson et al., 2021). The Translator encoun-
tered challenges when translating the English re-
views into Icelandic. To prepare the text for transla-
tion, several preprocessing steps were necessary.
These steps included consolidating consecutive
punctuation marks, eliminating all HTML tags, en-
suring there was a whitespace character following
punctuation marks, and removing asterisks. Sub-
sequently, we divided the reviews into segments of
128 tokens, which were then translated in batches
by the GreynirTranslate.

Additionally, for the resulting machine-translated
dataset by GreynirTranslate, it was necessary
to remove lengthy nonsensical words (e.g.,
“...BARNABARNABARNAPATTURINN”), and con-
vert repeated sequences of the same character into

,,,,,,,, 4.

Table 4 shows two examples of reviews trans-

lated by GreynirTranslate.

9To the best of our knowledge, evaluation results for
English-Icelandic translations have not been published.



Movie Review Text

Sentiment

Ef pér likar vid frumlegan hlatur, muntu lika vid pessa mynd. Ef pu ert ungur | Positive
eda gamall pa muntu elska pessa mynd, helviti jafnvel mémmu likadi hana.

Frabaer budir!!!

Fyrir utan ad vera leidinleg voru atridin prugandi og dimm. Myndin reyndi ad | Negative

lysa einhvers konar sidferdi, en féll nidur med bodskap sinum. Hverijir voru
endurleysandi eiginleikarnir?? [ ofanalag held ég ad pad gaeti ekki l4ti®
bdékaverdi lita meira Ut fyrir ad vera églamoriskur en pad gerdi.

Table 3: Translated text using Google Translate (the original English text can be seen in Table 1).

Movie Review Text Sentiment
Ef pu ert hrifin/n af skreekjandi hlatri dr maganum a pér mun pér lida vel Positive

i pessari mynd. Hvort sem pu ert ung eda gémul muntu verda hrifin/n af

pessari mynd, jafnvel mamma hafdi gaman af henni. Frabzerar budir!

Auk pess ad vera leidinleg voru atridin kugandi og myrk. Kvikmyndin reyndi ad | Negative

draga upp einhvers konar sidferdislega mynd en féll flatt med bodskap sinum.
Hvada eiginleikar voru pad sem séfnudust upp? | ofandlag held ég ad pad gaeti

ekki gert békaverdi 6gedfelldari en pad.

Table 4: Translated text using GreynirTranslate (the original English text can be seen in Table 1).

3.2. Baseline Classifiers

Our baseline classifiers are a set of established
algorithms that serve as a starting point for model
performance evaluation. The accuracy of these
classifiers is the minimum threshold that the more
complex models should exceed.

We selected the following classifiers as our base-
line:

» Logistic Regression: This statistical algo-
rithm is used to predict the probability that a
given input belongs to a certain class. It em-
ploys a logistic function to estimate the likeli-
hood of a class, which in our context is cate-
gorized as either positive or negative.

Multinomial Naive Bayes Classifier: Naive
Bayes (NB) is collection of algorithms based on
Bayes’ theorem that assumes all features are
mutually independent within a given a class.
Multinomial Naive Bayes is a variant of NB
which assumes that the feature probabilities
follow a multinomial distribution.

Linear Support Vector Classification: A vari-
ant of Support Vector Machine (SVM) that
aims to find the optimal separating hyperplane,
thereby maximizing the margin between two
distinct classes.

The input to the classifiers was data in the form
of term frequencies, calculated using the TF-IDF
vectorizer from Scikit-learn. This allows the classi-
fiers to weigh the importance of a each term in the
corpus relative to its frequency across the entire
dataset.
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3.2.1. Normalization

Before beginning text normalization — the process
of transforming text into a single canonical form
— tokenization is needed. For the original En-
glish dataset, we used a tokenizer from the Nat-
ural Language Toolkit (NLTK)'. In contrast, for
the machine-translated datasets, we utilized a to-
kenizer (Porsteinsson et al., 2022) specifically de-
signed for Icelandic.

The normalization steps for the baseline classi-
fiers were as follows:

* Remove Noise: Brackets, HTML tags, and
certain special characters were removed.
Punctuation was also removed, except in the
case of abbreviations, to reduce noise in the
data.

Sentiment Conversion: The sentiment labels
were changed to a binary format, with O for
negative and 1 for positive.

Lowercasing: This step normalized and re-
duced the vocabulary of the datasets by con-
verting all texts to lowercase.

Remove Stop Words: Stop words (Jasonar-
son, 2018) that do not contribute significantly
to the meaning of the sentences were removed,
which improved the accuracy of the classifiers.

Lemmatization: Different forms of the same
word were converted to a standardized form,
reducing the datasets’ vocabulary and improv-
ing the classifiers’ accuracy.

Ynttps://www.nltk.org/



Movie Review Text

Sentiment

lika frumlegur hlatur muna likur mynd vera ungur gamall muna elska mynd helviti | Positive
jafnvel mamma lika hana. frabeer bud
vera leidinlegur atridi prugandi dimmur mynd reyna lysa konar sioferdi Negative

falla bodskapur sinn endurleysandur eiginleiki ofanalag halda geta ekki lata_NEG
bokaverd NEG lita_ NEG mikil_NEG vera_NEG déglamoriskur_NEG gera_NEG

Table 5: A normalized version of the movie review from Table 3 that had been translated to Icelandic by

Google Translate.

Movie Review Text Sentiment
vera hrifa skraekjandi hlatur magi munu lida vel mynd vera ungur gamall muna | Positive
verda hrifa mynd jafnvel mamma hafa gaman hun frabaer bud

vera leidinlegur atridi kiga myrkur kvikmynd reyna draga konar sidferdislegur | Negative
mynd falla flatt bodskapur sinn eiginleiki safna upp ofandlag halda

geta ekki gera_NEG bokaverd_NEG 6gedfelldur_ NEG pad_NEG

Table 6: A normalized version of the movie review from Table 4 that had been translated to Icelandic by

GreynirTranslate.

* Mark Negation: Text following a negation
word and up to a punctuation mark was suf-
fixed with _NEG. This helped the classifiers
understand sentence context by marking the
scope of negation. Our analysis indicated that
this approach improved the accuracy of the
classifiers.

We developed a custom normalization class in
Python to execute all the normalization steps above,
with the exception of lemmatization. For lemma-
tization, we employed Nefnir (Dadason, 2017), a
rule-based lemmatizer for Icelandic text (Ingdlfsdot-
tiretal., 2019). Nefnir needs part-of-speech tagged
text, for which we used IceStagger (Loftsson and
Ostling, 2013), which is part of the IceNLP toolkit
(Loftsson, 2009).

Table 5 and 6 show two examples of normal-
ized reviews translated by Google Translate and
GreynirTranslate.

3.3. Transformer Models

A transformer model is a type of neural network
characterized by its multi-head attention mecha-
nism and absence of recurrent units. The trans-
former model employs a mechanism called self-
attention for creating contextual embeddings of the
input text to understand the context within a se-
quence of data (Vaswani et al., 2017). The specific
transformer models that we utilized are:

* RoBERTa (Liu et al., 2019): An enhanced ver-
sion of BERT (Devlin et al., 2019), pre-trained
on 160 GB of English textual data. We fine-
tuned the RoBERTa base model (FacebookAl,
2019) on the original English IMDb dataset.

* IceBERT (Snaebjarnarson et al., 2022): A
variant of the RoBERTa model developed by
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Mideind (Mideind, 2022), pre-trained on a com-
bination of the Icelandic Gigaword Corpus
(IGC) (Steingrimsson et al., 2018) and web
data, 15.8 GB in total.

ELECTRA (Clark et al., 2020): A transformer
model that simultaneously trains two distinct
transformer models: a generator and a discrim-
inator. The generator turns existing tokens into
fake tokens, while the discriminator predicts
which tokens have been changed by the gen-
erator. We used the Icelandic ELECTRA-base
model (Dadason, 2022), which was pre-trained
on the IGC, encompassing 8.2 GB of Icelandic
textual data (Dadason and Loftsson, 2022).

RoBERTa and IceBERT tokenize the text us-
ing the Byte Pair Encoding method (BPE)'"!, while
ELECTRA uses the WordPiece'? method.

3.3.1. Normalization

Sentiment labels were changed to a binary format
for all datasets. For the translated datasets, noise
removal was performed prior to tokenization, simi-
lar to the “Remove Noise” step performed for the
baseline classifiers (see Section 3.2.1). This step
is crucial because translation may introduce errors
or irrelevant information not present in the original
dataset, which could potentially impair the model’s
accuracy.

Conversely, the English dataset required no fur-
ther normalization before tokenization. Our ob-

"https://huggingface.co/docs/
transformers/main/tokenizer_summary#
byte-level-bpe

12https://huggingface.co/docs/
transformers/main/tokenizer_summary#
wordpiece



Classifier English Google Greynir
Support Vector Classifier 89.68% 89.02% 88.15%
Naive Bayes 85.79% 85.78% 85.16%
Logistic Regression 89.35% 88.74% 87.76%
RoBERTa 94.90%

IceBERT 92.18% 90.74%
ELECTRA 92.24% 92.16%

Table 7: Accuracy of the baseline classifiers and the transformer models on the original English IMDb
dataset (column 2) and on the translated datasets (columns 3 and 4).

servations indicated that transformer models yield
better results when trained on more diverse cor-
pora, thereby eliminating the need for lemmatiza-
tion, negation marking, and stop word removal.

3.4. Model Training

For our baseline classifiers, we kept the default
parameters from the scikit-learn library. The default
parameters can be seen in the Appendix.

For training the transformer models, we used the
AdamW optimizer (Loshchilov and Hutter, 2019).1t
alters the weight decay application process, effec-
tively decoupling it from the gradient update, which
enhances regularization and helps prevent overfit-
ting. We started with an initial learning rate of 1e-6
and used a linear decay schedule, gradually reduc-
ing the learning rate to zero throughout the training
period. The models were trained for 4 epochs with
a batch size of 8. We observed that extending train-
ing beyond this point led to overfitting, as evidenced
by an increase in validation loss while the training
loss decreased. All transformer model training was
executed on an ASUS ROG Strix GeForce RTX™
3080 graphics card, using CUDA 11.8, Python 3.10
and PyTorch 2.0.1.

4. Results

In this section, we provide evaluation results, for the
baseline classifiers, on the one hand, and the trans-
former models, on the other, for both translated and
non-translated data.

4.1.

The accuracy of each baseline classifier trained
on the English dataset and the machine-translated
datasets are shown in Table 7. The best-performing
baseline classifier for the translated Icelandic
datasets is the Support Vector Classifier (SVC),
which achieved an accuracy of 89.02% on the data
translated by Google Translate'®. Thus, the best

Baseline Classifiers

BMcNemar’s test (McNemar, 1947) shows a statisti-
cally significant difference between the classifiers trained
on data translated by Google Translate and data trans-
lated by GreynirTranslate.
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Translation Service Accuracy SD
GreynirTranslate 90.9% 1.69
Google Translate 91.5% 1.36

Table 8: The average accuracy and standard devia-
tion of the ELECTRA model, fine-tuned on data
translated by either GreynirTranslate or Google
Translate, when evaluated on original Icelandic
movie reviews.

Icelandic SVC model is only 0.66% less accurate in
determining the sentiment of IMDb movie reviews
than the best English model.

4.2. Transformer Models

The accuracy of the transformer models are shown
in Table 7. The RoBERTa model obtains an accu-
racy of 94.9% on the original English IMDb dataset.
For the translated Icelandic datasets, ELECTRA
obtains the highest accuracy of 92.24% on data
translated by Google Translate'®. Thus, the best
Icelandic transformer model is 2.66% less accurate
than the English RoBERTa model.

4.3.

We evaluated the best performing model, trained on
translated data (i.e. ELECTRA), on movie reviews
originally written in Icelandic. We ran the evaluation
10 times with 100 sampled reviews split evenly into
50 positive and 50 negative reviews, and averaged
the accuracy. The results, shown in Table 8, show
that ELECTRA fine-tuned on translations produced
by GreynirTranslate and Google Translate obtained
an accuracy of 90.9% and 91.5%, respectively.

Icelandic Reviews

5. Discussion

Our work outlines a methodology for developing ML
models for sentiment analysis of Icelandic movie
reviews by using machine-translated data for train-
ing. Our findings indicate that this task is feasible
using current state-of-the-art ML methods and NLP
tools.

Ouir first hypothesis was that sentiment classifi-
cation on Icelandic texts, that have been translated



from English, would perform similarly to English.
Our findings suggest that employing sentiment clas-
sification models trained on machine-translated Ice-
landic yields performance very similar to models
trained on the original English data — the drop in
accuracy is only 2.66%. Additionally, we found
support for the claim that models trained on the
original English dataset would obtain the highest
accuracy. Our evaluation shows that the RoBERTa
model trained on English data performed the best
of all the models, obtaining an accuracy of 94.9%.

We found evidence across all of the models
in support of our second hypothesis, that mod-
els trained on data translated by Google Trans-
late would obtain the highest accuracy. The most
accurate baseline model was the Support Vector
Classifier, trained using data translated by Google
Translate, with an accuracy of 89.02%. The most
accurate transformer model was ELECTRA, fine-
tuned using data translated by Google Translate,
with an accuracy of 92.24%. Comparatively, the
RoBERTa model, which is fine-tuned on the origi-
nal English data, achieved an accuracy of 94.9% —
thus, the drop in accuracy is 2.66%.

The third and last hypothesis was that IceBERT
(a RoBERTa model) would obtain the highest accu-
racy amongst the transformer models. We did not
find support for this, since the Icelandic ELECTRA
model obtained the highest accuracy on the trans-
lated data. This is an interesting result, because the
the ELECTRA model is pre-trained on considerably
less data than the IceBERT model. Both models
use the IGC for pre-training, but, in addition, Ice-
BERT uses web data. Thus, the lack of web data
as part of the pre-training data for the ELECTRA
model does not seem to make a difference for this
sentiment analysis task.

We also note that the accuracy is similar when
evaluating the model on Icelandic non-translated
data. ELECTRA, fine-tuned using data translated
by GreynirTranslate, achieved an average accu-
racy of 90.9% and, when fine-tuned using data
translated by Google Translate, the same model
obtained an average accuracy of 91.5%.

We observed that the translated texts from both
GreynirTranslate and Google Translate are most
often syntactically correctly, and that the semantic
meaning of the text in both cases transfers when
sentiment analysis is carried out on the translations.

When developing a sentiment classification
model, the ease of adoption of Support Vector Clas-
sifiers, combined with their excellent performance,
should be considered. ELECTRA performs better
then the baseline, and could potentially achieve
even better results than our findings indicate, if fine-
tuned on a larger corpus, with more epochs, or
different set of hyperparameters. It could possibly
reach the accuracy level similar to the RoBERTa
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model which was fine-tuned on English IMDb data,
i.e. around 95%.

6. Conclusion

Our study demonstrates the effectiveness of lever-
aging machine-translated data for sentiment clas-
sification in Icelandic, where no such dataset previ-
ously existed. Through the automatic translation of
50,000 English IMDb reviews into Icelandic using
two translation services, we evaluated the reten-
tion of sentiment in the target language and as-
sessed the accuracy of sentiment classifiers on
non-translated Icelandic text. Our analysis com-
pared three types of baseline classifiers with three
pre-trained transformer-based models (RoBERTa,
IceBERT, and ELECTRA) on both original English
texts and translated texts. Our findings reveal that
transformer models outperform baseline classifiers
across all datasets, indicating their superiority in
sentiment classification tasks. Additionally, we
showed that transformer models trained on data
translated from English reviews effectively classify
sentiment in native Icelandic movie reviews. These
findings are promising for the task of sentiment
analysis in Icelandic and may generalize to other
(low-resource) languages for which a large corpus
of sentiment data is not available.

In future work, we would like explore the feasibil-
ity of employing our methodology for various other
classification tasks in Icelandic, such as emotion
detection, spam detection, and topic categorization.
We are also interested in the effectiveness of data
augmentation methods for low-resource languages
to increase available dataset for NLP tasks, such as
text classification, e.g., back-translation, synonym
replacement, or text generation.

7. Limitations

In our research, several constraints were noted.
The first concerns time constraints and compu-
tational resources required. Training transformer
models can be time-consuming and resource-
intensive, but this is contingent on the dataset pro-
vided for the model. Second, our methodology may
not generalize to other domains beyond sentiment
classification on movie reviews. Other domains and
tasks may require bespoke approaches to data col-
lection and processing, as well as modeling meth-
ods. Furthermore, while Transformer models are
powerful, they are often seen as “black boxes”. The
lack of interpretability can be a significant limitation,
especially when trying to understand the factors
contributing to the model’s classification of new
reviews or when errors need to be diagnosed.
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10. Appendix

Classifier Default parameters

Naive Bayes alpha=1.0, fit_prior=True,
class_prior=None

Support Vector penalty="I2’, loss="squared_hinge’,

Classifier dual=True, tol=0.0001,
C=1.0, multi_class="ovr’,
fit_intercept=True, intercept_scaling=1,
class_weight=None, verbose=0,
random_state=None, max_iter=1000

Logistic penalty="12’; dual=False,

Regression tol=0.0001, C=1.0,

fit_intercept=True, intercept_scaling=1,
class_weight=None, random_state=None,
solver="Ibfgs’, max_iter=100,
multi_class="auto’, verbose=0,
warm_start=False, n_jobs=None,
I1_ratio=None

Table 9: Parameters for the baseline classifiers.
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Abstract

Digital game-based language learning (DGBLL) can help with the language learning process. DGBLL applications
can make learning more enjoyable and engaging, but they are difficult to develop. A DBGLL app that relies on target
language texts obviously needs to be able to use texts of the appropriate level for the individual learners. This
implies that text classification tools should be available to DGBLL developers, who may not be familiar with the target
language, in order to incorporate suitable texts into their games. While text difficulty classifiers exist for many of
the most commonly spoken languages, this is not the case for under-resourced languages, such as Irish. In this
paper, we explore approaches to the development of text classifiers for Irish. In the first approach to text analysis and
grading, we apply linguistic analysis to assess text complexity. Features from this approach are then used in machine
learning-based text classification, which explores the application of a number of machine learning algorithms to the
problem. Although the development of these text classifiers is at an early stage, they show promise, particularly in a
low-resourced scenario.

Keywords: text classification, under-resourced language, digital game-based language learning

1. Introduction report our results to date and conclude by pointing
to future work in this area.

Language learning is a challenging process and
is even more difficult when motivation levels are
low. This is often the case with ‘smaller’ languages,
including languages like Irish. Digital game-based .
language learning (DGBLL) tools can help in the 2.1. NLP for CALL and Irish
language learning process, but they are difficultto  NLP resources such as text analysers have the
develop. Often the developers are specialists in  potential to contribute to Computer-Assisted Lan-
game development and not necessarily experts in - guage Learning (CALL) but they remain largely
linguistics or Computer Assisted Language Learn-  under-used (Ward, 2019). This is because NLP
ing (CALL). For many well-resourced languages,  focuses on language, linguistics and technology
the developers can avail of a variety of Natural Lan-  with limited consideration for pedagogy, whereas
guage Processing (NLP) tools to help them build  CALL researchers focus on pedagogy first and tech-
DGBLL resources for these languages. For exam-  nology second. Therefore there is limited overlap
ple, they can use text classifiers to determine suit-  between the two areas. As it is difficult to develop
able texts for students of different abilities (Crossley NLP resources, naturally there are fewer NLP re-
et al., 2023). However, for lesser-resourced lan-  sources for lower-resourced languages. This im-
guages, these tools may not exist and that makes  poses an additional challenge to the use of NLP
it difficult to develop pedagogically suitable games  tools in CALL resources.
for these languages. Although Irish is the first official language of Ire-
This paper looks at the development of text analy-  land, it is only spoken on a daily basis by less than
sis tools for Computer Assisted Language Learning 2% of the population (CSO, 2016). Therefore, there
(CALL), with a focus on less commonly taught lan-  is a great need for additional sources of language
guages (Irish in particular). The format of the paper  input, such as games, for L2 learners. lIrish is a
is as follows. We provide a brief overview of NLP ~ compulsory subject in both primary and secondary
and CALL for Irish and of Cipher - a DBGLL appli-  schools in Ireland, but given that there is a very
cation for Irish. We then describe our dataset and  small number of learners on a worldwide basis, it
various Machine Learning approaches to the de- s often not economically feasible for companies
velopment of text difficulty classifiers for Irish. We  to develop Computer Assisted Language Learning

2. Background
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(CALL) resources for Irish.

2.2. Cipher Project: Context and
Motivation

The Cipher project (Xu et al., 2022) explores the
integration of a digital game into language learning,
in this case targeting the Irish language. Cipher is
a DGBLL game that leverages the engaging me-
chanics of gameplay to facilitate language learning,
particularly in the context of endangered or low-
resourced languages. Cipher emphasises peda-
gogical foundations while maintaining an enjoyable
game design (see Fig. 1). It aims to address cer-
tain challenges in Irish language learning, such as
orthographic complexity and learner motivation is-
sues, by encouraging language learning through
gameplay. The game’s design incorporates socio-
cultural approaches, linguistic elements, and ad-
vanced technology to enhance comprehension and
engagement. Feedback from learners and teach-
ers has highlighted Cipher as a promising tool for
language acquisition and cultural reconnection. An
adaptive approach is used whereby texts may need
to be of a higher or lower difficulty level depending
on player characteristics and their performance in
the game. It is important to ensure that the texts
presented to the player are of a suitable level. This
paper explores the development of text analysis
tools for Irish which are necessary to enhance the
educational outcomes of Cipher.

Click the enchanted words you notice below
Seo scéal faoi Hansel agus Gretel

Bhi dais ag siil sa hdic
Bhi ocras orthu. Ni raibh aon

3 aib| uca Thainig siad godti teach
beag deas. O féach, ta miseain
suga) deacidis ar an teach, arsa
Gretel.  Thainig caileach amach. An bhfui

% 7 O9.

o)

Figure 1: A screenshot of Cipher

2.3. Text Difficulty Classification

Text analysis and text grading has been a popular
research area in linguistics as it can aid language
learners to progress gradually by building their vo-
cabulary and other language skills. Much of the
research to date surrounding text analysis and text
grading has been carried out on major languages
such as English (Balyan et al., 2018; Ding et al.,
2022; Pujianto et al., 2019) while languages such
as Irish have not been researched to the same ex-
tent. Our goal is to apply the tools used for text
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grading and analysis in other languages to the Irish
language. Previous research (O Meachair, 2019;
Ui Dhonnchadha et al., 2022) shows that lexical
and grammatical complexity play an important role
in text grading for Irish. Therefore lexical, grammat-
ical and frequency measures were calculated as
input features to the ML models.

3. Dataset

3.1. Test Set

In order to build a text difficulty classifier for Irish,
a suitable dataset must be built, since none cur-
rently exist for the Irish language. To create our
dataset, we need to collect as much labelled Irish
text data as is publicly available across the inter-
net. We decided to mainly focus on two web-
sites: ccea.org.uk which is an Irish language
resource for schools in the UK and scoilnet.ie
which is a primary and post-primary school website
which contains Irish resources for different class
groups. Texts from each of these websites were
extracted along with their respective labels that
can be used to predict the class (grade) range
for a sample of Irish text across primary and sec-
ondary school level. We decided on 5 levels, with
1 representing 1st-2nd class (ages 6-8), 2 repre-
senting 3rd-4th class (ages 8-10), 3 representing
5th-6th class (ages 10-12), 4 representing lower
secondary/middle school level (ages 12-15) and
5 representing upper secondary/high school level
(ages 15-18). This test set consists of 190 labelled
non-translated Irish text samples from the two web-
sites ccea.org.uk and scoilnet.ie. It also
contains some manually labelled Irish stories used
in the Cipher game mentioned above.

3.2. Training Set

Since there was not enough labelled Irish data
across these websites to train an effective ML
model we explored other options to get more train-
ing data, in particular machine translation of exist-
ing labelled text datasets for the English language.
One such publicly available dataset is Clear Cor-
pus (Crossley et al., 2023)", which contains thou-
sands of English text excerpts, with various diffi-
culty metrics calculated on each. There are texts
in different genres such as fiction, history, science
and poetry, with a combination of different difficulty
scores such as the Automated Readability Index
and Flesch-Kincaid Grade Level (FKGL) (Kincaid
et al., 1975), as well as the Crowdsourced Algo-
rithm of Reading Comprehension (CAREC) (Cross-
ley et al., 2019) and the Coh-Metrix L2 Readabil-
ity Index (Crossley et al., 2008). The Clear Cor-

'https://github.com/scrosseye/CLEAR-Corpus



Dataset Split

Total Samples Source

Train 2610 Clear Corpus (translated), chatgpt

Validation 653 Clear Corpus (translated), chatgpt

Test 190 ccea.org.uk, scoilnet.ie, cipher
Table 1: Dataset Statistics

pus also contains a unique difficulty metric called
BT_easiness (Bradley and Terry, 1952) which was
calculated using manual rankings by teachers, who
were given two texts and asked to rank which one
was more difficult.

The first step in making this dataset useful for
our project was to translate each of the 3195 ex-
cerpts to Irish, using the Google Translate library
in Python. We did this with the assumption that
the translations were mostly accurate and that a
more difficult English text translated to Irish would
be more complicated than a simpler English text
translated to Irish, i.e. the difficulty labels would be
preserved.

Once the text was translated, we needed to use
the different difficulty labels to create an overall
level that corresponds to the levels 1-5 mentioned
above for Irish L2 school learners, which proba-
bly will not coincide with the L1 English grading.
We first looked at the given lexile level assigned to
the respective English texts to see how many texts
there were at each different grade level. We re-
alised most of the texts were at higher grade levels
9th grade + (level 5) and there were not many texts
at the lower grades (level 1). We then mapped the
BT_easiness, L2 Readability Index and lexile level
scores to an appropriate level 1-5. An average of
these three levels was calculated to get an overall
level which was rounded to the nearest whole num-
ber. To validate how accurate the levels were for
Irish we calculated some automatic difficulty mea-
sures used in the Clear Corpus on the Irish trans-
lated text. We calculated FKGL and Automated
Readability Index on the Irish text and converted
these grade scores to our levels 1-5. We then com-
pared this to our BT_easiness, lexile level and L2
Readability Index average level, and found a good
overlap. We then incorporated these scores into the
calculation of the final level label. One was added
to each label as these scores assumed Irish as a
first language whereas for most students across
the country that is not the case. When consulting
Irish primary school teachers they recommended
this increase and said that the easiest text in the
dataset would probably be too challenging for most
1st and 2nd class students, which resulted in data
labelled 2- 6 to be used for training.

To get Irish data for 1st-2nd class students for
use in training our model we had to find another
text source. After finding some basic 1st- 2nd
class level sentences on the web we used these
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to prompt chat-gpt? to generate more text excerpts.
We looked over each of these generations, mak-
ing changes and deletions where necessary. Ulti-
mately we were able to add 180 level 1 (1st-2nd
class) excerpts to our training set. The training set
was then split to create a validation set for the mod-
els. This resulted in 2610 entries in the training set,
and 653 rows in the validation set — see Table 1.

4. Methodology

4.1.

This method involves calculating linguistic mea-
sures specifically for Irish on pre-graded data and
using these measures as features to predict the
difficulty levels. To investigate the most useful lin-
guistic measures for Irish texts, pre-graded texts
for use in Irish primary schools were used. Sto-
ries from Séidedn Si (SS) and Taisce Tuisceana
(TT) were sourced on www.cogg.ie. Various lex-
ical and grammatical measures were calculated
for this data set (Vajjala and Meurers, 2012). For
this data, the lexical measures TTR (type token
ratio), WTR (word type ratio) and CTTR (corrected
type token ratio) as well as grammatical measure
WDSEN (average number of words per sentence)
appeared to be best at distinguishing between each
age group showing an increase between 1st to 6th
class stories, as shown in Figs. 2 and 3. These

Baseline Features

CTTR Values for SS and TT Files
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Figure 2: CTTR values for Séidean Si (SS) and
Taisce Tuisceana (TT) texts

2https://chatgpt.com/, accessed 19th January 2024
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Figure 3: Avg. Sentence Length values for Séidean
Si (SS) and Taisce Tuisceana (TT) texts

4 metrics were then calculated on our training and
test data and used as the baseline features to train
our model. A basic autoML experiment was run on
the training and validation data using Pycaret and it
was found Logistic Regression performed the best.

4.2. Classification with Traditional ML

Features The features used in the traditional ML
experiments are Tf-Idf-weighted word counts. Tf-
Idf features take into account the frequency of a
word in a document in proportion to the amount
of documents overall that the word occurs in. To
prepare the texts for Tf-Idf vectorisation, stop words
were removed (using a custom made list for Irish)
and words were lowercased.

Algorithms Before deciding on which multiclass
classification algorithms to use, a basic autoML ex-
periment was run on the training and validation data
using Pycaret. In order to determine if accuracy of
the classification algorithms would be higher when
trained on a set of balanced classes, we experi-
mented with oversampling using Synthetic Minority
Oversampling Technique (SMOTE) (Chawla et al.,
2002).

The top four performing models were chosen for
manual experiments. The four models were trained
on two versions of the training data: the original
version and the SMOTE oversampled version. The
four classification models used for the experiment
were the ridge regression, logistic regression, ex-
treme gradient boost (XGBoost) and random forest
classifiers.

4.3. Neural Network Classification

Features The default Tokenizer class in tensor-
flow was used to vectorize the text. The input text

93

Model Val Test
LR Baseline Features 62 41
LR TFIDF w SMOTE 56 43
LR TFIDF w/o SMOTE 52 42
RR TFIDF w SMOTE 56 41
RR TFIDF w/o SMOTE 55 41
mBERT 77 40
gaBERT 80 31
bi-LSTM 54 50
CNN 51 47

Table 2: Classification Accuracy on the Validation
and Test Sets. LR: Logistic Regression. RR: Ridge
Regression.

was split into individual words or tokens, with unique
words were mapped to integer indices.

Algorithms We experimented with deep learning
models in the form of neural networks in an attempt
to capture more contextual information and non-
linear relationships in our data. Recurrent Neural
Networks including uni- and bi-directional LSTMs
were tried, as well as Convolutional Neural Net-
works (Hochreiter and Schmidhuber, 1997; Kim,
2014). We experimented with the number of layers,
embedding dimension size and learning rate to find
the parameters that worked best for our data.

4.4. Pretrained Language Models

As well as traditional ML classification, experiments
were run to investigate the performance of pre-
trained neural language models on the text diffi-
culty classification task. We fine-tuned language
models that have been pretrained on multilingual
data and/or Irish data. Two language models were
used — multilingual BERT (Devlin et al., 2019) and
monolingual gaBERT (Barry et al., 2022). Multilin-
gual BERT was pre- trained on Wikipedia text with
104 different languages, and the gaBERT model
was pre-trained solely on Irish text, including Irish
language Wikipedia text, the Irish side of English-
Irish parallel corpora and the National Corpus of
Ireland (Kilgarriff et al., 2006). When tokenising the
text for the gaBERT model, the maximum padding
length was set to match the maximum length of the
multilingual BERT model. The performances of the
models were measured based on training/validation
loss and validation accuracy. Both models were
trained for 3 epochs.

5. Results

Table 2 summarises the different classification al-
gorithms and language models used, along with
their accuracy scores against the validation set and
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For all models, we observe that there is a sub-
stantial difference in accuracy between the valida-
tion and test sets. This trend can be explained
by the fact that the validation set texts have been
translated from English or, in the case of the sim-
pler text, generated by a large language model,
whereas the test set texts are Irish-language text
used to teach Irish. The best performing approach
on the test data was the bi-LSTM neural network,
followed by CNN. The best models to choose when
the training/test data align are the fine-tuned lan-
guage models (gaBERT and multilingual BERT)
since these are the top performing models, by a
large margin, on the validation data. However, this
performance did not translate to the unseen data,
highlighting the substantial differences between the
train/validation and the test data.

The test data comes from two sources: ccea.

org.uk and scoilnet.ie. The Logistic Regres-
sion model with baseline features performed better

3Note that only the top-performing models from the
ML and neural network groups are included.
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on documents from CCEA, whereas this was not
the case for the bi- LSTM classification. Feature
importance for the Logistic Regression model with
baseline features was found by retrieving the ab-
solute coefficient value for each feature. Fig. 5
shows that the most important baseline feature in
determining the difficulty of texts in Irish was the
type-token ratio. The difficulty classification was
influenced the most by the lexical diversity of the
sentences.

Fig. 5 depicts the confusion matrix of the bi-LSTM
network on the Scoilnet subsection of the unseen
data. The model performed the best in classifying
texts of difficulty level 5. The network confused
texts of level 3 with those of level 4, as well as level
5 text exhibiting similar traits to level 4 text.

6. Conclusion

There is a need for NLP tools such as text classifiers
for low-resource languages, which can help DG-
BLL developers select suitable texts for language
learners. In this paper, we have outlined a series
of machine learning experiments on the task of
text difficulty classification for Irish. Predictive fea-
tures were developed based on text analysis of
pre-graded Irish resources, and a variety of clas-
sification algorithms were tried, including classical
and neural approaches as well as neural language
model fine-tuning.

The current results, although promising, are pre-
liminary and further tests will be carried out on more
unseen data. We aim to increase the amount of
Irish texts that can be used in model training and to
improve data quality by seeking the help of primary
school teachers to manually assign a difficulty level
to the texts. Future work also involves improving
the classification models so that they may be at
an adequate enough standard to be implemented
in the Cipher game. The aim would be to use the
models to help the game ensure Irish texts are of
a suitable difficulty level to assign to different age
groups.
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Abstract

In NLP, zero-shot classification (ZSC) is the task of assigning labels to textual data without any labeled examples for
the target classes. A common method for ZSC is to fine-tune a language model on a Natural Language Inference
(NLI) dataset and then use it to infer the entailment between the input document and the target labels. However,
this approach faces certain challenges, particularly for languages with limited resources. In this paper, we propose
an alternative solution that leverages dictionaries as a source of data for ZSC. We focus on Luxembourgish, a
low-resource language spoken in Luxembourg, and construct two new topic relevance classification datasets based
on a dictionary that provides various synonyms, word translations and example sentences. We evaluate the usability
of our dataset and compare it with the NLI-based approach on two topic classification tasks in a zero-shot manner.
Our results show that by using the dictionary-based dataset, the trained models outperform the ones following the
NLI-based approach for ZSC. While we focus on a single low-resource language in this study, we believe that the
efficacy of our approach can also transfer to other languages where such a dictionary is available.

Keywords: Less-Resourced/Endangered Languages, Document Classification, Corpus

1. Introduction embourg. There is no large NLI dataset for the
language, and only a small amount of unlabeled
Zero-shot classification (ZSC) allows to classify a  pre-training data is available. Therefore, using NLI
text document into a category for which no labeled ~ datasets for ZSC in Luxembourgish results in poor
examples are available. A common technique for ~ performance.
ZSC is to leverage pre-trained language models In this work, we propose an alternative solution
that have learned general semantic representa-  that provides sufficient data for low-resource lan-
tions from large corpora. These models can be  guages in the context of ZSC. The proposed ap-
fine-tuned on a natural language inference (NLI)  proach exploits dictionaries as a source of data
dataset and then be used to infer the entailment  for ZSC. More specifically, this dictionary-based
between the document and the labels (Yin et al., approach offers two main advantages: 1) it pro-
2019). In this approach, each potential target label ~ vides data that is more relevant to the task of ZSC,
is considered as a hypothesis in natural language, and 2) it leverages resources that are more read-

and the NLI model is used to evaluate the level ily available in many low-resource languages. We
of entailment between the input document and po- ~ demonstrate our approach on the Luxembourgish
tential labels. For example, given a document "I language, for which we construct two new topic

always eat my soup with a spoon" and the labels  relevance classification datasets based on a dic-
"food" and "animals", the model can predict a score tionary.! In short, our main contributions are as
of how likely the document entails each label. The  follows:

label with the hlghest entailment score can be se- 1. We introduce a new approach for Crea‘[ing

lected as the predicted class. datasets that allow to adapt models to ZSC
Directly adopting NLI datasets for ZSC poses for low-resource languages where a dictionary

several challenges and limitations in real-world sce- is available.

narios. We identify and highlight three main limi- 5 ysing this approach, we construct and release

tations of such an approach. First, there is a mis- two new datasets for Luxembourgish that are

match between the NLI and ZSC tasks. Second, more suitable for ZSC tasks than existing NLI

the performance of this approach depends on the datasets.

availability and quality of NLI datasets, which are 3. We evaluate our datasets on the task of zero-

challenging and costly to obtain. Third, for many
low-resource languages, the lack of pre-training
data hinders the model’s ability to solve complex
reasoning tasks such as NLI. In this work, we dis-
cuss the case of Luxembourgish, a West Germanic 'Our code and datasets are accessible via
language spoken by around 400,000 people in Lux-  https://github.com/fredxlpy/LETZ/

shot topic classification by comparing the per-
formance of models trained on our datasets
and NLI| datasets
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2. Motivation

Our work aims to address the following limitations
and challenges that hinder the effectiveness of zero-
shot classification for low-resource languages such
as Luxembourgish:

1. The mismatch between the fine-tuning task,
NLI, and the inference task, topic classification,
as the former requires reasoning about logical
relations between sentences (entailment, con-
tradiction, neutral), while the latter evaluates
the relevance of labels to a sentence (relevant,
irrelevant) (Ma et al., 2021).

The difficulty and the expense of creating NLI
data, especially for low-resource languages.
NLI data requires high-quality annotations that
capture the subtle nuances of entailment and
contradiction between sentence pairs. More-
over, such annotations are often prone to
inter-annotator disagreement, which under-
mines the validity and reliability of NLI datasets
(Pavlick and Kwiatkowski, 2019; Kalouli et al.,
2023).

The poor performance of language models on
high-level tasks such as NLI for low-resource
languages (Ebrahimi et al., 2022). Low-
resource language models suffer from insuffi-
cient training data and vocabulary coverage,
which affects their ability to encode rich se-
mantic representations and handle complex
reasoning tasks such as NLI.

3. Related Work

A common method for ZSC is the entailment ap-
proach (Yin et al., 2019), which uses NLI datasets
to fine-tune pre-trained language models and then
apply them to ZSC tasks. However, this approach
has several drawbacks, as discussed by Ma et al.
(2021). They identify issues such as label mis-
match, data imbalance, and semantic ambiguity
that affect the performance and generalization of
the entailment approach. Moreover, Ebrahimi et al.
(2022) show that NLI models perform cross-lingual
transfer poorly for low-resource languages, which
in turn affects their ZSC capability. Therefore, they
argue for the need of creating annotated datasets
for semantic tasks in low-resource languages.

Luxembourgish Language

Luxembourgish is one of the three national lan-
guages of Luxembourg and is spoken by roughly
400,000 people (= 70% of the population). Ac-
cording to UNESCO World Atlas of Languages?,
Luxembourgish belongs to the world’s potentially
vulnerable languages.

2https://en.wal.unesco.org
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However, Luxembourgish has seen significant
transformations over the past century, including
its development into a national language, expan-
sion into written and digital media, and its role as a
symbol of national identity.

The sociolinguistic landscape of Luxembourg,
with its unique multilingual setup (Purschke and
Gilles, 2023) and the dynamic evolution of Lux-
embourgish from a dialect to a national language
with increasing digital presence, provides a fertile
ground for NLP research. Researching Luxembour-
gish through the lens of NLP contributes to the field
of lesser-studied languages by developing method-
ologies that can be applied to other multilingual and
language variation contexts.

4. Our Dataset

Based on a publicly available online dictionary,
we create two new topic relevance classification
datasets that allow to adapt pre-trained language
models to zero-shot topic classification in Luxem-
bourgish.

4.1. Data Collection

Luxembourg Online Dictionary® (LOD) is a publicly
available platform hosting a multilingual dictionary
with the aim of promoting Luxembourgish as the
language of communication, integration and litera-
ture. In the following, we present some statistics
relevant to our work about the data provided by the
Center for the Luxembourgish Language (ZLS*) in
a report® in 2022.

The dictionary contains around 10,000 syn-
onyms and 48,000 example sentences on ap-
proximately 31,000 entries. Words with multiple
meanings are treated separately for each of their
distinct meanings, with corresponding synonyms
and example sentences. For most entries, the dic-
tionary provides translations from/to 5 languages:
German, French, English, Portuguese and Sign
Language. In addition, it features 20,000 phonetic
transcriptions, 30,000 audio recordings, 9,300 con-
jugation and declension tables as well as 5,000
proverbs and idiom explanations.

ZLS released all of their data on the Luxembour-
gish Open Data platform® under a Creative Com-
mons Zero (CCO) license. In this work, we use the
dataset version released on June 5, 2023.

Shttps://lod.1lu

4 Zenter fir d’Létzebuerger Sprooch

Shttps://gouvernement.lu/fr/actualite
s/toutes_actualites/communiques/2022/0
6-juin/21-lod-neie-look.html

®https://data.public.lu/en/organizati
ons/zenter-fir-dletzebuerger-sprooch/



4.2. From Dictionary to Dataset

We first extract the part-of-speech tag, synonyms,
and example sentences for each meaning of every
word in the raw LOD data, and filter out the non-
nouns.

Next, we assign all the synonyms of a word mean-
ing as labels to its example sentences. To prevent
the model from exploiting the shortcut of matching
the label with the word occurrence in the sentence,
we exclude the word itself from the label set .

Moreover, since many Luxembourgish words are
orthographic variants of French or German words’,
we discard noun-synonym pairs that have a low
Levenshtein distance.

Finally, we generate “non-entailment” samples
by randomly selecting a word from the entire noun
vocabulary as a label for each example sentence.
However, we exclude any words that are similar
to any of the words in the sentence based on the
Levenshtein distance.

Following the exact same approach, we addition-
ally create a separate dataset based on the word
translations available in the dictionary instead of
synonyms.

This new type of dataset is termed
Luxembourgish Entailment-based Topic clas-
sification via Zero-shot learning (LETZ), with
the synonym-based dataset being referred to
as LETZ-SYN and the one derived from word
translations as LETZ-WoT.

The number of "entailment"/"relevant” ("1") and
"non-entailment"/"irrelevant” ("0") samples is bal-
anced for all sets. The dataset split sizes are pro-
vided in Table 1. We provide examples and more
details of our data sets in Appendix A.

Dataset |Train| | |Dev| | |Test|
LETZ-SYN | 11,822 | 1,478 | 1,478
LETZ-WoT | 39,132 | 4,892 | 4,892

Table 1: Dataset statistics

5. Implementation

5.1. Training

We conduct experiments using two different mod-
els that have been pre-trained on Luxembourgish
data: LuxemBERT (Lothritz et al., 2022), a mono-
lingual Luxembourgish model, and mBERT (Devlin
et al., 2019), a multilingual BERT model that has
been pre-trained on 102 languages, including Lux-
embourgish.

"Examples: “alerte” - “Alert”, “Million” — “Millioun”.

In order to perform the classification task, we
append an additional layer to the pre-trained model
that consists of a linear layer and a tanh activa-
tion function. The classification layer has two out-
put nodes which are used to determine whether
a given document contains a topic or not (Figure
2a). Considering the limited amount of fine-tuning
data, which could lead to variability in performance
outcomes, we conduct each experiment four times
using distinct random seeds. We then report the
average results to account for any inconsistencies.

Besides fine-tuning both models on our new
datasets, we use additional training datasets for
comparison:

* NLI-Ib (Lothritz et al., 2022), a Luxembourgish
NLI dataset consisting of 568 train and 63 vali-
dation samples. The dataset only contains en-
tailment ("1") and contradiction samples ("0").

* XNLI-de, XNLI-en & XNLI-fr, German, En-
glish and French subsets of the XNLI (Con-
neau et al., 2018) dataset respectively.

In addition, we perform experiments in "high-
resource" (11,822 train and 1,478 validation sam-
ples)® and "low-resource" (568 train and 63 valida-
tion samples)® settings.

5.2. Evaluation

Due to the inherent limitations associated with Lux-
embourgish being a low-resource language, there
is a conspicuous lack of labeled datasets available.
Within the context of topic classification, we could
only identify two evaluation datasets that were suit-
able for our study:

+ The Luxembourgish subset of SIB-200 (Ade-
lani et al., 2024), a multilingual topic classifi-
cation dataset, containing seven categories,
namely: science/technology, travel,
politics, sports, health, entertain-
ment, and geography.

* A Luxembourgish News Classification dataset
introduced by Lothritz et al. (2022), consist-
ing of news articles from a Luxembourg-based
news platform. For our experiments we re-
strict it to the following 5 (out of 8) categories:
Sports, Culture, Gaming, Technology,
Cooking recipes. We exclude National
news, International news and Euro-
pean news to avoid overlap with other cat-
egories. In what follows we will refer to this
dataset as LuxNews.

8Number of samples in LETZ-SYN.
®Number of samples in the Luxembourgish NLI
dataset (Lothritz et al., 2022).



n = 568 n=11.822
Model Train data SIB-200 LuxNews SIB-200 LuxNews
NLI-Ib 17.52 (16.56) 15.87 (12.51) \ \
NLI-de 25.61 (24.69) 30.22 (25.88) | 48.04 (43.76) 43.06 (35.18)
MBERT NLI-en 22.67 (22.38) 28.55 (23.20) | 49.51 (44.34) 50.73 (38.18)
NLI-fr 22.30 (21.30) 25.02 (20.01) | 49.75 (45.77) 46.30 (37.65)
LETZ-WoT | 49.39 (49.50) 59.81 (43.18) | 53.55 (52.46) 59.96 (52.13)
LETZ-SYN | 52.08 (51.45) 65.08 (49.20) | 53.80 (54.13) 66.07 (47.73)
LuxemBERT NLI-Ib 14.58 (12.91) 24.69 (16.53) \ \
LETZ-SYN | 18.50 (15.86) 30.63 (19.48) | 65.07 (64.07) 51.81 (38.27)

Table 2: Results of our experiments on two topic classification datasets. Experiments are conducted
for different number of training samples n from the different training sets. The performance metrics are

reported as "Accuracy (F1 score)" for each task.

Following Yin et al. (2019), we use an entailment
approach (Figure 2b in Appendix B) to evaluate the
models on these datasets, instead of a traditional
supervised classification approach, where the num-
ber of output nodes corresponds to the number of
categories. To be more exact, for a given sample
x and potential topics/categories T' = {11, ..., T, },
we compute the entailment probability for each
pair (X, T3)ieq1,... ny denoted by P; ; and select T;-
where

i* = argmax P;;
ie{l,...,n}

The details of the training and evaluation method-
ology and the datasets employed are presented in
Appendix B.

6. Results

Table 2 shows that models fine-tuned on our
datasets exceed the performance of those trained
on NLI data, especially in the "low-resource" setting.
More exactly, mBERT, with only 568 samples from
our dictionary-based datasets, exceeds the results
achieved with 20x more NLI samples in French,
German, or English.

However, fine-tuning on German, French, or En-
glish NLI datasets markedly improves results over
Luxembourgish data for which the performance is
comparable to that of the random baseline. This
suggests that the limited size of the Luxembourgish
pre-training corpus may hinder the model’s ability
to acquire a sulfficient level of semantic and prag-
matic understanding to solve complex reasoning
tasks such as NLI.

In the "low-resource" setting, LuxemBERT un-
derperforms mBERT, suggesting it needs more

data for task-specific knowledge compared to
mBERT’s general cross-lingual knowledge ac-
quired during pre-training from high-resource lan-
guages. Nonetheless, in the "high-resource" set-
ting, LuxemBERT outperforms mBERT on S/B-200
but underperforms on LuxNews, possibly due to its
inability to interpret multilingual speech excerpts or
quotes.

7. Discussion

While we focus on Luxembourgish as an example
of low-resource languages in this paper, we believe
that this approach can be generalized to other lan-
guages where such dictionaries are available as
well.

While we acknowledge that our method depends
on the availability of dictionaries for low-resource
languages, it is crucial to note that dictionaries of-
ten receive priority due to their fundamental role in
educational and cultural preservation efforts. They
are typically more prevalent because they form the
bedrock for literacy and basic education, which are
more fundamental needs than specialized datasets
like those required for NLI. The creation of NLI
datasets demands advanced linguistic knowledge
and resources, making it a less immediate concern
compared to building basic language tools. Initia-
tives, such as the Dictionaria'® journal, the Living
Dictionaries'' or the Webonary'? platform, support
the development of dictionaries for low-resource
and even indigenous languages. So, while both
dictionaries and NLI datasets may not be univer-
sally available, there is a stronger, more widespread

https://dictionaria.clld.org
11https ://livingdictionaries.app
12https ://www.webonary.org
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motivation behind the creation of dictionaries, ren-
dering them relatively more accessible and likely to
exist for low-resource languages.

Additionally, our experiments suggest that these
dictionaries would not require tens of thousand of
entries to be effective, as it appears that a multilin-
gual language model can attain satisfactory perfor-
mance with just a few hundred sentence-synonym
or sentence-word translation pairs.

8. Conclusion

This paper presents a new but simple approach to
construct datasets that enable a language model
to perform zero-shot topic classification in a low-
resource language, such as Luxembourgish. We
argue that the conventional approach of transfer-
ring from NLI to ZSC is ineffective for such lan-
guages, due to the semantic complexity of NLI and
the scarcity of linguistic resources. We propose
an alternative approach that leverages a dictionary
to create a dataset that is more aligned with the
ZSC task. We demonstrate that our dataset en-
ables the model to outperform the ones that em-
ploy cross-lingual NLI transfer or in-language NLI
fine-tuning on Luxembourgish ZSC, using over 20
times fewer training samples. In future work, we
intend to explore the effectiveness of our approach
when applied to other low-resource languages, as
well as to high-resource ones.

Limitations

One of the limitations of our study is that we only
focus on a single low-resource language, Luxem-
bourgish, and we do not test our approach on other
languages. Therefore, the generalizability of our
method may be limited by the availability and qual-
ity of dictionaries for different languages. Another
limitation is that we rely on a single source of data,
namely a dictionary, which may not capture all the
nuances and variations of natural language.

Ethics Statement

Our study aims to provide a novel solution for
zero-shot classification in low-resource languages,
which can potentially benefit various applications
and users who need to classify textual data without
labeled examples. While our method could poten-
tially benefit any language, we specifically empha-
size its usefulness for low-resource languages that
suffer from data scarcity and lack of adequate tools.
We believe that our method can contribute to the
promotion of linguistic diversity, as well as to the
empowerment and inclusion of speakers of low-
resource languages.
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However, we also acknowledge that some dictio-
naries may contain outdated, inaccurate, or offen-
sive information that could harm certain groups or
individuals. Therefore, we urge future researchers
and practitioners to carefully select and evaluate
the dictionaries they use and to adhere to the eth-
ical principles and guidelines of their respective
fields and communities.
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