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Abstract

In this work we introduce a collection of monolingual embedding models for ten South African languages in four
different architectures. To determine the quality of the embedding models we evaluate the embeddings on two
sequence-labelling tasks, namely Part-of-Speech (POS) tagging and Named Entity Recognition (NER). Languages
are grouped into conjunctive (isiNdebele, isiXhosa, isiZulu, and Siswati), disjunctive (Sepedi, Sesotho, Setswana,
Tshivenda, and Xitsonga), and Afrikaans to establish the influence of training data set size and typology on
the quality of the different embeddings. To isolate representation effects we train BiLSTM-CRF taggers, while
keeping the architecture, data splits, and training budget fixed, varying only the input imbedding representations,
namely GloVe, fastText, Flair, and RoBERTa. In our experiments, GloVe lags behind fastText, Flair, and the
transformer-based models, confirming that static word-level vectors are less suited to morphologically complex,
low-resource languages. Subword-aware embeddings such as fastText remain a reliable and computationally
efficient baseline, while Flair is the most competitive overall across both POS tagging and NER tasks.

Keywords: South African languages, embeddings, POS tagging, named entity recognition, low-resource
NLP

1. Introduction there are still a limited number of monolingual em-
beddings available for under-resourced languages,
and some of the available models (Grave et al.,
2018) are trained only on data from Wikipedia,
which may be limited in their scope. Most South
African languages are considered agglutinative,
with a rich morphosyntactic structure, but there is
a distinction in the orthographies of the languages.
The Sotho and Tswa-Ronga languages adhere
to a disjunctive orthography where morphemes
are written as separate tokens, e.g., Sesotho ke
a mo rata, while others are conjunctive (mor-
phemes fused into a single word), e.g., isiZulu
ngiyamthanda - both meaning “l love him/her”.
These characteristics, when coupled with rich mor-
phology and small training corpora, have been
shown in the past to negatively impact the quality
of sequence labelling models (Loubser and Put-
tkammer, 2020). There is also a practical ques-
tion that remains under-documented: Which em-
beddings are the best choice for languages un-
der typical low-resource constraints? Because or-
thography, morphology, and data availability differ
markedly for the South African languages, this pro-
vides a good test bed for ascertaining how different
embeddings behave between different typologies
and training data availability.

Vectorised representations of words in the form
of embeddings signalled the beginning of a ma-
jor change in Natural Language Processing (NLP).
The models based on these embeddings have led
to many state-of-the-art improvements in a vari-
ety of computational linguistic methods and appli-
cations. Embeddings also underscored the initial
improvements that were made possible with deep
learning architectures, eventually leading to the
emergence of transformers and the subsequent
‘Al revolution’ that is currently underway. Although
the initial embedding models, such as Word2Vec
and GloVe, have been superseded by contextu-
alised representations such as BERT, these con-
textual models generally require much more train-
ing data to build good representations than the
original embeddings. In resource-constrained en-
vironments, more static embeddings may still have
a role to play in NLP applications and computa-
tional linguistic research. In this paper, we intro-
duce a set of embedding models for ten South
African languages covering the major embedding
architectures and ascertain their relative quality
across two linguistic annotation tasks, part-of-
speech (POS) tagging and named entity recogni-

tion (NER). This study has three aims: (i) introduce six dif-

Although different embedding models have ferent embedding models for ten South African lan-
been around for more than a decade (Mikolov  guages from four embedding architectures; (ii) pro-
et al., 2013a; Pennington et al., 2014; Bojanowski  vide a controlled comparison of these embedding
et al., 2017; Akbik et al., 2018; Liu et al., 2019), models for POS tagging and NER; and (iii) deter-
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mine how data availability and orthographic typol-
ogy (conjunctive vs. disjunctive) systematically in-
fluence the quality of different embedding types.

By keeping the model, data splits, and train-
ing budget the same, this work offers an em-
bedding benchmark that isolates representation
effects. We evaluate GloVe (Pennington et al,,
2014), fastText (Bojanowski et al., 2017), Flair (Ak-
bik et al., 2018, 2019), RoBERTa (Liu et al., 2019),
and XLM-R (Conneau et al., 2020) embedding
models on POS tagging and NER for ten South
African languages, grouping languages by con-
junctive vs. disjunctive orthographies, and addi-
tionally Afrikaans.

Contributions

* Introduce embedding models for ten South
African languages in four different architec-
tures.

» Provide a controlled benchmark comparing
the different embedding architectures across
POS and NER tasks for ten South African lan-
guages.

» Provide a typology analysis contrasting re-
sults for conjunctive and disjunctive writing
systems.

Key findings

For sequence labelling tasks like POS tagging and
NER, Flair character-based LSTM language mod-
els show the highest and most consistent quality,
particularly for conjunctive languages. fastText re-
mains a close competitor, offering strong POS tag-
ging performance at reduced computational cost.

2. Background and Related Work

2.1. Word Embeddings

Word embeddings map tokens to dense vectors
that can serve as inputs to various linguistic pro-
cessing applications, but also as an investigative
tool for linguistic analysis. Although vectorised
representations of words were first introduced in
2003 (Bengio et al., 2003), these representations
became more widely used after the introduction
of the Word2Vec (Mikolov et al., 2013b,a) and
GloVe (Pennington et al., 2014) embedding mod-
els. These embeddings allowed for efficient train-
ing of representations that included both seman-
tic and morphosyntactic information. This in turn
allowed more complex neural architectures to ac-
curately model various NLP tasks. Subsequently,
alternative embedding models have been intro-
duced, initially by including subwords in the calcu-
lation of embeddings (Bojanowski et al., 2017), fol-
lowed by the introduction of contextualised embed-
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dings on character (Akbik et al., 2018) and word
level (Devlin et al., 2019).

Training embedding models requires large
amounts of text data to learn informative represen-
tations, with the original models trained on cor-
pora of several billion tokens (Pennington et al.,
2014; Mikolov et al., 2013b; Bojanowski et al.,
2017), while the latest transformer models for
well-resourced and multilingual models are trained
on hundreds of billions of tokens. Availability
of data at this scale remains a significant chal-
lenge for most languages in the global South, and
even when substantial amounts of data are avail-
able, the quality of the data is often question-
able (Kreutzer et al., 2022).

We consider three families of embeddings with
different trade-offs relevant to South African lan-
guages: (i) static word-level embeddings that as-
sign one vector per token (GloVe); (ii) subword-
aware static embeddings that compose embed-
dings from a combination of word and character n-
grams (fastText); and (iii) contextual embeddings
whose token representations depend on sentence
context (Flair and RoBERTa). We emphasise out-
of-vocabulary handling, morphological robustness,
and data efficiency.

Static word vectors GloVe (Pennington et al.,
2014) learns static word vectors by fitting a
weighted least-squares model to global co-
occurrence statistics, training the dot product of
word and context vectors to approximate the loga-
rithm of co-occurrence counts. GloVe represents
each word type with a single vector and cannot
produce unique representations for unseen words
(OQVs).

Subword-aware static vectors fastText (Bo-
janowski et al., 2017) yields static yet subword-
aware embeddings that are more robust to mor-
phological complexity and can compose vectors
for unseen (OOV) words. Each word is repre-
sented as the combination of the token and charac-
ter n-gram vectors, trained with either a skip-gram
or continuous bag-of-words (CBOW) objective.

Contextual embeddings Flair (Akbik et al.,
2018, 2019) provides contextual string embed-
dings by training forward and backward character-
level LSTM language models, making each to-
ken’s representation a function of the characters
comprising the token, as well as surrounding con-
text. Transformer models (e.g., BERT (Devlin
et al.,, 2019), RoBERTa (Liu et al., 2019)) pro-
duce subword-level contextual embeddings via
self-attention, generally delivering strong perfor-
mance at higher compute cost.



2.2. South African NLP Context

Over the last two decades, South African NLP
has grown substantially with various research
groups focussing on developing resources and
NLP technologies for both the South African lan-
guages and African languages more generally,
with a relatively substantial ecosystem of corpora
and datasets (Eiselen and Puttkammer, 2014;
Barnard et al., 2014; Orife et al.,, 2020; Ade-
lani et al., 2021; Dione et al.,, 2023), yet sev-
eral challenges remain: uneven data availabil-
ity, orthographic differences (Loubser and Put-
tkammer, 2020), and frequent code-switching ob-
served in multilingual communication (Moodley,
2007; Biswas et al., 2022). The Masakhane com-
munity (Orife et al., 2020) has advanced collab-
orative dataset creation and evaluation and have
released the MasakhaNER (Adelani et al., 2021)
and MasakhaPOS (Dione et al., 2023) datasets
and baseline sequence labellers (CNN-BiLSTM-
CRF; fine-tuned mBERT/XLM-R) for both South
African and African languages. Local institutions
have contributed parallel corpora (e.g. Autshu-
mato (Groenewald and Fourie, 2009; Gaustad
and McKellar, 2024)) and morphological analysers
(du Toit and Puttkammer, 2021); recent work adds
morphologically annotated corpora for nine South
African languages (Gaustad and McKellar, 2024).

More recently, there have been several studies
that evaluated the viability of neural approaches for
South African languages. Loubser and Puttkam-
mer (2020) reported strong gains on compound
analysis and modestly lower averages for conjunc-
tive vs. disjunctive languages on POS tagging and
NER. du Toit and Puttkammer (2021) highlighted
how typology impacts model design for Nguni lan-
guages. AfriBERTa (Ogueji et al., 2021) and AfroX-
LMR (Alabi et al., 2022) demonstrated that com-
petitive multilingual transformers can be trained on
relatively small African language corpora, under-
scoring the potential of contextual subword embed-
dings in low-resource settings.

Despite this progress, data scarcity and imbal-
ance persist, specifically for the South African lan-
guages. While Afrikaans, isiXhosa, and isiZulu
have larger corpora available, isiNdebele, Siswati,
Tshivenda, and Xitsonga remain severely under-
resourced. There are still several ongoing efforts
to improve the availability of data in these lan-
guages, but most of these languages will remain
under-resourced for the foreseeable future.

3. Embedding Models

Although the various embedding architectures use
different strategies for learning vectorised repre-
sentations, they all require large amounts of text
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data. In the context of the South African lan-
guages, the amount of data available for the dif-
ferent languages vary greatly, from very limited
amounts of data available for isiNdebele, to rela-
tively large amounts of data available for Afrikaans.
In order to maximise the amount of available train-
ing data, several sources were investigated to as-
certain their quality and usefulness in training em-
bedding models, including OPUS (Skadin$ et al.,
2014), Leipzig Corpora Collection (Goldhahn et al.,
2012), CommonCrawl!', NCHLT (Eiselen and Put-
tkammer, 2014), and Autshumato (Gaustad et al.,
2024a,b; Gaustad and McKellar, 2024; Groe-
newald and Fourie, 2009).

After removing duplicate items, all data from
these publicly available data collections were run
through the NCHLT South African Language iden-
tifier (Puttkammer et al., 2016) to ensure that all
data was in the requisite language. After lan-
guage identification, the data was cleaned by re-
moving items that were likely to be ill-formed, such
as sentences consisting only of numbers, lines
containing e-mail addresses and hyperlinks, and
malformed UTF-8 characters. No capitalisation
removal or normalisation was performed, since
these characteristics may be helpful in some con-
texts such as named entity recognition, where cap-
italisation remains important. These sources were
combined with internal material for which copyright
agreements have been signed, but which is not in
the public domain, to create monolingual datasets
for each of the languages.

Table 1 provides a summary of the final sen-
tence and token counts of the embedding train-
ing data available for each language. Apart from
the disparity in data availability for the respective
languages, the distinction between conjunctively
and disjunctively written languages is also appar-
ent from this table. As an example, although
Sesotho (sot) and Siswati (ssw) have a similar
amount of sentences available, Siswati has less
than half the number of tokens. This is espe-
cially relevant to word embeddings, as the learned
representations are based on word co-occurrence,
and consequently, for languages with lower token
counts and larger vocabulary sizes, the quality of
the embeddings is also likely to be lower. In total,
six different embedding models were trained for
each language, two flavours for fastText, continu-
ous bag-of-words (CBOW) and Skip-grams, GloVe
embeddings, forward and backward Flair embed-
dings, and a RoBERTa masked language model.
Details of the training hyperparameters for each of
the models is provided in Table 3 in Appendix A.

"https://commoncrawl.org/
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Language (ISO code) Sentence count Token count

Afrikaans (afr) 12,794,432 381,087,586
isiNdebele (nbl) 247,926 3,633,845
Sepedi (nso) 292,594 8,908,709
Siswati (ssw) 299,112 4,436,576
Sesotho (sot) 535,853 17,425,650
Setswana (tsn) 515,961 14,518,437
Xitsonga (tso) 360,698 7,357,764
Tshivenda (ven) 304,248 7,363,713
isiXhosa (xho) 718,751 13,190,962
isiZulu (zul) 816,776 15,801,081

Table 1: Embedding training data sentence and
token counts

4. Experimental Setup

4.1.

In order to establish the quality and usefulness of
the embeddings, we evaluate embeddings on two
linguistic annotation tasks: POS tagging and NER.
For both tasks, we use existing annotated corpora
for South African languages from five publicly avail-
able data sets:

« MasakhaNER?2 and MasakhaPOS?® data for
tsn, xho, and zul;

¢ NCHLT annotated POS data (Eiselen and
Puttkammer, 2014) for afr (Puttkammer et al.,
2014a) and disjunctive languages (nso, sot,
tsn, tso, and ven) (Puttkammer et al,
2014b,c,d,e,f);

Datasets

« Linguistically enriched corpora (LEC) (Gaus-
tad and Puttkammer, 2022) for conjunctively
written languages (nbl, ssw, xho, and zul)
(Puttkammer and Gaustad, 2021); and

* NCHLT Named entity annotated corpora for
all languages (Eiselen, 2016) (Golele et al.,
2016; Mahlangu and Eiselen, 2016; Malang-
wane et al., 2016; Manzini and Eiselen, 2016;
Phakedi and Eiselen, 2016; Podile and Eise-
len, 2016; Prinsloo and Eiselen, 2016; Setaka
and Eiselen, 2016; Tshikota et al., 2016; van
Huyssteen et al., 2016).

Given that the respective corpora annotated with
POS did not all follow the same annotation
schemas, and to make comparisons between the
respective data sets possible, all annotations were
simplified to the set of universal parts-of-speech
as defined as part of the Universal dependency
project (De Marneffe et al., 2021). Table 2 provides
a summary of the respective data sets used in the
benchmarking experiments.

https://github.com/masakhane-io/
masakhane-ner

®https://github.com/masakhane-io/
masakhane-pos

POS data sets
Language Source Train Test
tsn Masakhane 26,211 15,520
xho Masakhane 15,598 9,725
zul Masakhane 14,802 9,215
afr NCHLT 55,483 5,834
nbl LEC 44,663 5,026
nso NCHLT 65,908 7,153
sot NCHLT 66,877 6,847
SSW LEC 42,596 4,789
tsn NCHLT 65,784 6,803
tso NCHLT 64,534 6,518
ven NCHLT 59,818 6,646
xho LEC 43,825 4,910
zul LEC 44,098 4,981
NER data sets
tsn Masakhane 30,852 3,779
xho Masakhane 30,513 3,863
zul Masakhane 32,356 4,198
afr NCHLT 205,977 23,841
nbl NCHLT 161,544 15,006
nso NCHLT 201,431 20,831
sot NCHLT 269,624 21,966
ssw NCHLT 175,378 15,731
tsn NCHLT 231,390 19,444
tso NCHLT 268,496 22,071
ven NCHLT 235,450 17,144
xho NCHLT 121,166 11,346
zul NCHLT 201,331 18,593

Table 2: Token counts for POS and NER corpora
across South African languages.

4.2. Embedding Models

We compare the six trained embedding models
as discussed in Section 3 for each of the lan-
guages®*. In addition to these monolingual mod-
els, we also include a multilingual language model,
XLM-R-base, to establish whether the monolingual
models outperform the multilingual model.

« fastText (CBOW, Skip-gram) (Bojanowski
etal., 2017)

+ GloVe (Pennington et al., 2014)

Flair (forward, backward) (Akbik et al., 2018,
2019)

RoBERTa (Liu et al., 2019)
XLM-R-base (Conneau et al., 2020)

4.3. Training Framework and
Hyperparameters

For all experiments, we use the Flair BILSTM-CRF
tagger (Akbik et al., 2019) to train and evaluate

“All embedding models are available for download
from https://repo.sadilar.org/home
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Figure 1: Micro-F1 scores for UPOS per embed-
ding model variant for disjunctive languages

the respective models. Although more modern
architectures, such as transformer-based classi-
fiers, have been shown to improve performance on
some sequence labelling tasks, initial experiments
with transformers consistently underperformed in
the low resource environment.

In order to isolate the embeddings representa-
tion effects in the experiments, we keep the model
parameters, data splits, and training budget con-
stant across runs; the only factor that changes
is the embedding type used. We optimize us-
ing stochastic gradient descent (SGD) with an An-
nealOnPlateau learning rate scheduler, configured
with a patience of 3 epochs, a reduction factor
of 0.5, and a minimum learning rate (min LR) of
1x10~%. We use word dropout (0.05) and a locked
(variational) dropout (0.5). Training is run on an
NVIDIA RTX5000 GPU.

For evaluation purposes, we use the the Micro-
F1 on token level for POS tagging (a single to-
ken labelling task), and exact entity level match for
NER (a multi-token labelling task).

5. Reslults

5.1. Part-of-Speech (POS) Tagging

Figures 1 and 2 show the results of POS tagging
for embedding model variants per language for
the disjunctive languages and the conjunctive lan-
guages (with afr shown separately) respectively
5. For the disjunctive languages, the monolin-
gual embedding models all perform very similarly,
with GloVe embeddings performing slightly worse
for all the disjunctive languages, and the XLM-R
model performing substantially worse. However,
there is no single embedding model which consis-
tently performs best across all the languages. The
two languages with significantly less embedding
model training data, Xitsonga and Tshivenda, do
perform worse than the other three disjunctive lan-
guages, but the difference is not as large as would
be expected.

SFull results are available in Tables 4 and 5 in Ap-
pendix B
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Figure 2: Micro-F1 scores for UPOS per embed-
ding model variant for conjunctive languages and
Afrikaans

For the conjunctive languages, there is some-
what more variance for the respective embedding
models, especially for the GloVe models that per-
form significantly worse than the other models, ex-
cept for isiNdebele and isiZulu, even when com-
pared to the XLM-R embeddings. This relatively
poorer performance for GloVe is most likely due
to the fact that the conjunctive languages have a
much more complex morphology, and by exten-
sion a larger vocabulary with sparser represen-
tation in the embedding training corpora. Since
GloVe does not account for morphological fea-
tures, such as sub-words, it is not surprising that
these embeddings perform the worst. Once again,
there is no clear single embedding model that is
better in all cases, but the Flair variants are gener-
ally one of the two best performing models in this
task. As was the case for disjunctive languages,
the XLM-R model performs substantially worse,
even for languages included in its training regime
(Afrikaans and isiXhosa). Rather surprisingly, both
conjunctive languages with very little embedding
training data, isiNdebele and Siswati, still attain
relatively good POS tagging accuracy, indicating
that even with little training data, monolingual em-
bedding models do encapsulate enough linguistic
information to provide accurate POS tagging.

The relatively lower scores on the Masakhane
data sets for both conjunctive and disjunctive lan-
guages can mainly be ascribed to the fact that
these data sets have substantially less training
data, but may also be due to target domains of
the respective data sets. Since a substantial part
of the embedding training data originates from the
government domain, and the NCHLT annotated
data is also from the government domain, the
learned representations may not be as represen-
tative of the domains from which the Masahkane
data originates.

5.2. Named Entity Recognition (NER)

The results for NER are provided in Figures 3 and
4 for the disjunctive and conjunctive languages
respectively The results reflect a similar pattern
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Figure 3: Micro-F1 scores for NER per embedding
variant for disjunctive languages.

to those found for POS tagging, with relatively lit-
tle variance for the disjunctive languages, some-
what more variance for the conjunctive languages,
and no single embedding model performing best
across the board. As with the POS experiments,
GloVe embeddings perform substantially worse
than the other embeddings, especially for the con-
junctive languages. In general though, the best
performing embeddings across languages appear
to be one of the Flair variants, especially for the
conjunctive languages, and can likely be attributed
to the fact that the character-level contextual em-
beddings are better suited to provide the neces-
sary vector information to distinguish named enti-
ties in these languages.

The substantially poorer performance of
Sesotho and Tshivenda (<.70) appears to be a
function of annotation consistency in the training
data, but may also indicate some shortcomings
in the embedding models for these languages,
especially since Sesotho has a relatively large
embedding training corpus, and performance
on par with Sesotho sa Leboa and Setswana
would be expected. It is also surprising that both
isiNdebele and Siswati perform relatively well in
this task, given the limited available embedding
training data.

With regard to the results on the Masakhane
data sets, and specifically the XLM-R results, our
results somewhat contradict those presented by
(Dione et al., 2023; Adelani et al., 2022). This may
be due to the fact that, in their experiments, they
fine-tuned the embedding models as part of their
training regime. We opted not to fine-tune the em-
beddings based on the assumption that the train-
ing sets under consideration are very small, and
adjusting the embeddings may hinder their quality
on a larger or more general test set.

6. Discussion

From our experiments with different monolingual
embedding models across a range of languages
and typologies, Flair embeddings is the most con-
sistent top performer across both POS and NER
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Figure 4: Micro-F1 scores for NER per embedding
for conjunctive languages, including Afrikaans

tasks and different language typologies. fast-
Text embeddings still offer a strong and compu-
tationally efficient baseline (within less than ~0.3
point for POS and ~1 point for NER on average).
The more complex transformer RoBERTa models
match Flair on POS but do not surpass Flair or
fastText on NER. The static GloVe embeddings
perform notably worse across both tasks and for
all languages, especially for the conjunctive lan-
guages, where their lack of subword modelling and
handling of out-of-vocabulary or morphologically
complex tokens limits the quality of the available
representations. Furthermore, all of the models
outperform the multilingual XLM-R model, even
when a language has been included in the XLM-
R training regime.

7. Conclusion

In this work we introduced six monolingual embed-
ding models for ten South African languages from
four embedding architectures, namely GloVe, fast-
Text, Flair, and RoBERTa. The embedding models
were trained on a combination of publicly available
corpora and institution-internal copyrighted mate-
rial, with a large variance between the largest cor-
pus, more than 380 million tokens for Afrikaans,
and the smallest, only 3.6 million tokens for isiN-
debele. This disparity in training corpus size, and
the diverse typographic nature of the South African
languages made these models an ideal test bed
to evaluate the impact both training data size and
language typology have on linguistic annotation
tasks.

In our experiments for POS tagging and NER we
found that although languages with larger embed-
ding training sets outperformed those with smaller
sets, the embedding representations across all of
the languages produced relatively acceptable re-
sults for all language with one or two exceptions.
It was also shown that these monolingual embed-
ding models outperform the multilingual XLM-R
model across all experiments, even for languages
included in the XLM-R training regime. Although
most embedding models performed comparably



within each language, Flair embeddings consis-
tently perform well, irrespective of task or typology.
The more complex and computationally expensive
transformer RoBERTa models did not perform as
well, but may be more suited to tasks other than
linguistic sequence labelling in low-resource envi-
ronments.

Although these models provide a good baseline
and starting point for providing vectorised repre-
sentations, there are several avenues for future re-
search that remain. In addition to fine-tuning exist-
ing multilingual models, and specifically Afrocen-
tric models, with additional data for these under-
resourced languages, these embedding models
should be tested on a wider variety of tasks beyond
sequence labelling. Further research into the na-
ture and internal representations of the embedding
models may also provide greater insight into the
type of information encoded in the models that may
be used in further NLP developments and com-
putational linguistic research for the South African
languages.

8. Limitations

Our conclusions are limited by dataset size imbal-
ances across languages and by a fixed architec-
ture; results may vary with larger models or alterna-
tive taggers, as well as other settings or configura-
tions. Furthermore, much of the data used to train
the embeddings and the subsequent taggers orig-
inate from government documents, especially for
languages with very little data. These models and
the reported results may substantially degrade on
test sets in other domains. Lastly, the embedding
models have only been tested on two sequence
labelling tasks, and their utility for more complex
tasks and other benchmarks should be verified.
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Appendix A: Embedding Model
Training Parameters

Table 3 provides details on pertinent hyperparam-
eters used during training of the embedding mod-
els. The reported hyperparameters were initially
selected after running preliminary tests for both
conjunctive and disjunctive languages. Due to the
large number of possible hyperparameters, only
parameters that were explicitly tested and deviate
from default values are reported here.

Parameter Afrikaans Conjunctive Disjunctive
fastText-CBoW
Dimensions 600 600 600
Epochs 40 40 40
Min occur 5 2 5
Min n 5 2 3
Max n 5 4 4
fastText-Skipgram
Dimensions 500 600 600
Epochs 40 40 40
Min occur 5 2 5
Min n 2 2 2
Max n 4 6 6
Flair (forward/backward)
Hidden size 2048 2048 2048
Epochs 20 20 20
Layers 2 2 2
Sequence length 250 250 250
GloVe
Dimensions 500 300 400
Max iter 50 50 50
Min occur 5 2 5
Window 20 20 20
RoBERTa
Hidden size 768 768 768
Epochs 40 40 40
Vocabulary 30000 30000 30000
Attn. heads 6 6 6
Layers 6 6 6

Table 3: Training hyperparameters for embedding
models across Afrikaans, conjunctive, and disjunc-
tive languages.
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Appendix B: Full Evaluation Results

Embedding model
Language fastText-cbow fastText-skipgram Flair-backw Flair-forw GloVE RoBERTa XLM-R

afr 0.9847 0.9851 0.9817 0.9878  0.9702 0.9349 0.9647
nbl 0.9491 0.9507 0.9539 0.9528  0.9417 0.9524 0.8267
nso 0.9824 0.9789 0.9863 0.9835 0.9734 0.9832 0.9480
sot 0.9555 0.9518 0.9604 0.9552  0.9457 0.9552 0.9191
Ssw 0.9390 0.9096 0.9371 0.9090 0.8313 0.9175 0.8710
tsn 0.9578 0.9578 0.9556 0.9578  0.9509 0.9587 0.9184
tsn (Mas) 0.8891 0.8825 0.8889 0.8855  0.8743 0.8885 0.7769
tso 0.9422 0.9469 0.9445 0.9460 0.9373 0.9409 0.9135
ven 0.9294 0.9270 0.9273 0.9288  0.9168 0.9276 0.8938
xho 0.9593 0.9391 0.9733 0.9415  0.8646 0.9607 0.9008
xho (Mas) 0.8653 0.8416 0.8724 0.8624  0.7536 0.8681 0.8123
zu 0.9476 0.9636 0.9627 0.9643  0.9561 0.9589 0.8892
zu (Mas) 0.8804 0.8623 0.8837 0.8846  0.8047 0.8812 0.8197

Table 4: Micro-F1 scores for UPOS per embedding model variant across ten South African languages

Embedding model
Language fastText-coow fastText-skipgram Flair-backw Flair-forw GloVE RoBERTa XLM-R

afr .8198 .8094 .8150 .8137 .7863 .8014 .7300
nbl .7609 .7444 7613 .7547 .6264 .7459 .6492
nso .7988 .7995 .8199 .8007 .7485 .7847 .6250
sot .5999 .5929 .6006 .5973 .5930 .5536 4831
ssw .7049 .7088 7124 .7022 5784 .6465 5714
tsn .8052 .8058 .8059 .8020 .7891 .7867 .6981
tsn (Mas) .8586 .8718 .8555 .8755 .8281 .7975 .7602
tso .7594 .7507 .7608 .7514 .7255 .7167 .6616
ven .6741 .6854 .6743 .6943 .6557 .6431 .5186
xho 7372 .7413 .7708 7617 .6369 .7133 .6006
xho (Mas) .7956 .8475 .8646 .8670 .7198 .8054 .8040
zu .6536 .7054 .7077 7137 .5564 .7099 .5753
zu (Mas) .7958 .8320 .8596 .8529 .7167 .8090 .7314

Table 5: Micro-F1 scores for NER per embedding model variant across ten South African languages
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