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ABSTRACT
In the recent two decades, there has been exponential growth in
the amounts of text of various types that have become available on-
line. This significant increase in data has allowed language models,
which are core components of many natural language processing
applications, to greatly increase in quality. Thus, the quality of
these applications has increased dramatically as well. Despite these
great advances in the field of language modelling, much of the fo-
cus has been on language modelling for languages that have large
amounts of training data available on them, for language models to
use. This has resulted in many low-resource languages receiving
far less focus. We trained and evaluated two types of language
models, namely n-gram language models and feedforward neural
network language models, on the low-resource South African lan-
guages of isiZulu and Sepedi. We evaluated each of these types
of model’s performance and compared their performance against
each other. Both types of models perform similarly to each other
when trained and evaluated on both languages, however, feedfor-
ward neural network language models perform slightly better than
n-gram language models when trained and evaluated on datasets
of the language isiZulu, while n-gram language models perform
slightly better than feedforward neural network language models
when trained on datasets of the language Sepedi. These results are
explored and avenues for future research are briefly discussed.

CCS CONCEPTS
•Computingmethodologies→Neural networks;Machine trans-
lation; • Information systems→ Language models.

KEYWORDS
Language Modelling, Neural Networks, Low-Resource Languages

1 INTRODUCTION
Language modelling is a key component in natural language pro-
cessing, which is a core component for many types of applications,
such as information retrieval, voice recognition, machine trans-
lation, spelling correction, and question answering [3, 8, 12, 15].
Language Models assign probabilities to sequences of words [7],
thereby, they are defined as a probability distribution of a set of
strings over a given context [4, 15].

Recent advances in language modelling have yielded signifi-
cant improvements in performance, however, these improvements
have largely been seen for models that are typically trained on
large, high-quality datasets. The performance of language models
is largely dependent on the size of the training data available for
these models [9]. Thus, when language models are trained on data
that is insufficient in terms of size, these models perform poorly
or produce undesirable results [9]. For language models that are

based on widely used languages such as English, this has largely not
been an issue, as accumulating large amounts of data has recently
become much easier due to the amount of digital content available
online [16]. However, many languages, such as South African lan-
guages, lack large amounts of data [16]. These languages which
do not have large amounts of data are commonly referred to as
"low-resource languages".

The languages typically studied for language modeling are ty-
pologically1 very different from most African languages, such as
isiZulu or Sepedi. African languages are considered as morphologi-
cally rich languages [13], which means that the language’s gram-
matical relations are indicated by changes in the words, rather than
the words’ relative position in the sentence. African languages are
also agglutinative, where the words in the language are composed
of the combination of smaller morphological units. The nature of
these languages can lead to significantly large vocabulary sizes,
where there are many unique words that appear relatively seldom,
despite unique "sub-words" that appear relatively often.

This study aims to determine whether these recent advances
will also improve performance in low-resource South African Lan-
guages. This is done by evaluating the performance of a traditional
n-gram language model and a feedforward neural network lan-
guage model (FFNNLM) on a selection of these low-resource South
African languages. The most accurate iterations of these models
is evaluated and compared against each other. This is done by ob-
taining datasets for each language and suitably cleaning them of
unwanted artifacts. The open-source implementation of each type
of model is then adapted for training and evaluation on these se-
lected languages. The hyperparameters of each model are then
optimised, which requires many training runs. The resulting mod-
els of these optimisation processes are then evaluated based on the
chosen evaluation metrics on a test set for each language from a
specific language class, namely Nguni and Sotho-Tswana. These
languages are isiZulu and Sepedi. These metrics are then analysed
to determine whether there is a significant difference between the
two models in terms of performance. We hypothesise that for both
languages, FFNNLMs will slightly outperform n-gram language
models.

The rest of this paper is organized as follows: Section 2 pro-
vides background of the language models used in this study, the
performance metrics used to measure the performance of these
models, as well as reviewing similar work. Section 3 describes the
datasets used in this study and what processes were done on those
datasets. Section 4 explains the model development process. Section
5 presents the experiment’s results, while Section 6 analyzes and
discusses these results, including the opportunity for future work
that could extend this study. Finally, Section 7 concludes this study.
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2 BACKGROUND AND RELATEDWORK
One of the most challenging problems that the field of natural
language processing faces, is that of data sparsity, where there
is not a sufficient amount of training data to model a language
accurately [1], as well as what is commonly referred to as the "curse
of dimensionality", which refers to how a word sequence on which
the model will be tested, is often different from word sequences
seen in the training data [2]. This necessitates using other methods
of estimating the probability of a word, with various techniques
being used by the most popular language models.

The joint probability of all words 𝑃 (𝑤1,𝑤2, ...𝑤𝑛) can be decom-
posed as follows, using the chain rule, into the probability of each
word given its preceding context [9]:

𝑃 (𝑤𝑛1 ) = 𝑃 (𝑤1)𝑃 (𝑤2 |𝑤1)𝑃 (𝑤3 |𝑤2
1) ...𝑃 (𝑤𝑛 |𝑤

𝑛−1
1 )

=

𝑛∏
𝑘=1

𝑃 (𝑤𝑘 |𝑤𝑘−11 )
(1)

Equation (1) defines a statistical language model, which is repre-
sented by the conditional probability of the next word, given the
word’s history.

2.1 N-grams
N-grammodels are one of the simplest widely used languagemodels
[6, 14], which perform well across a variety of language modellings
tasks. N-gram models make use of the approximation that the
probability of a word depends entirely on the previous (𝑛 − 1)
words. This approximation relates to the idea of Markov models,
which states that we can predict the probability of some future unit
without looking too far into the historical context of that future unit.
This approximation relates to n-gram models in terms of future
words and their history [5, 9]. The general approximation for n-
grams relating to the calculation of the probability of a future word
in a sequence is as follows:

𝑃 (𝑤𝑛 |𝑤𝑛−11 ) ≈ 𝑃 (𝑤𝑛 |𝑤𝑛−1𝑛−𝑁+1) (2)

An example of using this general approximation can be shown
with the use of the most common n-gram model, the trigram lan-
guage model [6]. A trigram model computes the probability of a
word by considering the context of the two words that precede it:
𝑃 (𝑤𝑛 |𝑤𝑛−1𝑛−2). This probability can be approximated by using the
maximum likelihood estimate (MLE), which can be calculated by
counting the frequency at which the word sequence (𝑤𝑛−2𝑤𝑛−1𝑤𝑛)
appears in some training corpus, and dividing that value by the
frequency at which the word sequence (𝑤𝑛−2𝑤𝑛−1) appears [5, 9].
This equation is as follows:

𝑃 (𝑤𝑛 |𝑤𝑛−1𝑛−2) =
𝐶 (𝑤𝑛−2𝑤𝑛−1𝑤𝑛)
𝐶 (𝑤𝑛−2𝑤𝑛−1)

(3)

Where the function C refers to the frequency of a word sequence.

This approximation can be done for any order n-gram, with the
general case of MLE n-gram parameter estimation being as follows:

𝑃 (𝑤𝑛 |𝑤𝑛−1𝑛−𝑁+1) =
𝐶 (𝑤𝑛−1

𝑛−𝑁+1𝑤𝑛)
𝐶 (𝑤𝑛−1

𝑛−𝑁+1)
(4)

Potential insufficient amounts of data and the inherent sparse-
ness in statistical modelling may cause the use of the MLE to lead
to undesirable results for many applications, as these issues may
lead to the assignment of zero probability to unseen sequences in
the training data [5]. This would lead to inaccurate or undefined
probability estimates, as an event that was not observed in some
training data could potentially be seen in some test data [5]. In the
case where there is a significantly large amount of training data,
data sparsity still becomes an issue if one expands the model [5]. To
address this issue, smoothing techniques, which largely produces
probabilities very close to the MLE, can be used by modifying the
MLE to produce more accurate results [5]. This modification in-
volves changing the probability distributions to be more uniform,
by increasing significantly low probabilities and decreasing sig-
nificantly high probabilities [5]. An example of this would be the
increase in the probability of a sequence that was initially assigned
a probability of zero.

2.1.1 Smoothing. No matter how much data is available for use,
smoothing techniques can almost always improve the performance
of language models without much effort [3].

Within the context of n-gram models, Modified Kneser-Ney [5]
smoothed models achieve the best performance when compared to
all other smoothing techniques, as well as performing significantly
better than models that are smoothed with regular Kneser-Ney
smoothing [5]. As its name suggests, Modified Kneser-Ney is a
modification of regular Kneser-Ney smoothing, which has the fol-
lowing form:

𝑃𝐾𝑁 (𝑤𝑖 |𝑤𝑖−1𝑖−𝑛+1) =

𝑚𝑎𝑥 [𝐶 (𝑤𝑖

𝑖−𝑛+1)−𝐷,0]∑
𝑤𝑖
𝐶 (𝑤𝑖

𝑖−𝑛+1)
if 𝐶 (𝑤𝑖

𝑖−𝑛+1) > 0

𝛾 (𝑤𝑖−1
𝑖−𝑛+1)𝑃𝐾𝑁 (𝑤𝑖 |𝑤𝑖−1𝑖−𝑛+2), if 𝐶 (𝑤𝑖

𝑖−𝑛+1) = 0
(5)

where 𝛾 (𝑤𝑖−1
𝑖−𝑛+1) is chosen to make the distribution sum to 1,

and D is a fixed discount, where 𝐷 ≤ 1 .

Modified Kneser-Ney [5] differs from regular Kneser-Ney smooth-
ing as instead of using a single discount 𝐷 for all nonzero counts ,as
in Kneser-Ney smoothing, three or more parameters 𝐷1, 𝐷2, 𝐷3+
are applied to n-grams that have been seen once, twice, and three
or more times, respectively, in the training data.

2.2 Feed-Forward Neural Network Language
Model

The first type of neural networks introduced to the field of lan-
guagemodellingwas FeedforwardNeural Networks (FFNNs), which
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adopted the paradigm of supervised learning, which refers to output
targets being provided for each input pattern, which is followed by
explicitly correcting the errors of the network [19]. In contrast to
traditional count-based n-gram models, FFNNs estimate probabili-
ties of words and sequences via the use of a neural network, rather
than using smoothing methods to estimate probabilities. Although
FFNNs differ from n-grams in terms of probability estimation, both
models are based on the Markov assumption [18].

FFNNs are built up from three different layers; the input layer,
hidden layer, and output layer, which consist of input, hidden, and
output units respectively. While there can be multiple hidden layers
in FFNNs, there is always only one input and output layer [10]. Lay-
ers in FFNNs are fully-connected, which means that each unit in a
layer processes all the separate outputs of the units in the previous
layer, as input. Layers that have at least one layer succeeding them
also have units that send their output to all separate units in the
following layer. Each neural unit in FFNNs output values that are
referred to as activation values, which are calculated by taking
a weighted sum of its inputs, adding a bias term, and applying a
non-linear function to this resulting value. This activation value
can be represented using vector notation as follows [10]:

𝑦 = 𝑎 = 𝑓 (𝑧) = 𝑓 (𝑤 • 𝑥 + 𝑏) (6)

where𝑤 is the weight vector, 𝑥 is the input vector, 𝑏 is the bias
scalar, 𝑓 is the activation function, 𝑎 is the activation value, z is the
intermediate output of the node, and y is the final output of the
network, which in this case, consists of a single unit.

The three most popular non-linear functions used by FFNNs to
compute activation values are the sigmoid, tanh, and rectified lin-
ear unit (ReLU) [10]. The sigmoid function can be defined as follows:

𝑎 = 𝜎 (𝑧) = 1
1 + exp−𝑧 (7)

Tanh function:

𝑎 =
𝑒𝑧 − 𝑒−𝑧

𝑒𝑧 + 𝑒−𝑧
(8)

ReLU function:

𝑎 =𝑚𝑎𝑥 (𝑓 (𝑥), 0) (9)

FFNNs are able to perform some hidden layer computation more
efficiently by using a single matrix𝑊 for the weights of some hid-
den layer. This enables the hidden layer computation to be done

with simple matrix operations [10]. Each hidden unit in some hid-
den layer has a weight vector 𝑤 , and a bias scalar 𝑏. Thus, these
parameters can be represented for some hidden layer by combining
them for each hidden unit 𝑖 with weight𝑤𝑖 and bias 𝑏𝑖 , into a single
weight matrix𝑊 and a single bias vector 𝑏.𝑊 now represents all
the parameters from some hidden layer, with each element𝑊𝑖 𝑗 of
𝑊 representing the weight applied to the 𝑖th input unit 𝑥𝑖 to the 𝑗 th
hidden unitℎ 𝑗 . After these steps, hidden layer computation can now
be done much more efficiently. This can be done by multiplying the
input vector, 𝑥 , by the weight matrix𝑊 , and adding the bias vector
𝑏 to it to produce an intermediary result. This intermediary result
can now be used as input to the activation function. The resulting
value ℎ, can be given or "fed forward" to successive hidden layers or
the output layer as their input. This output from the hidden layer
can be defined as follows [10]:

ℎ = 𝜎 (𝑊𝑥 + 𝑏) (10)

The output layer also has a weight matrix,𝑈 , that is used in with
its inputs (outputs from the previous hidden layer) and bias scalar.
It must be noted that although the output of hidden layers can be
real-valued numbers, the result of the output layer is used to make
classification decisions [10]. Thus, this final result of the output
layer must be focused on the case of classification. The softmax
function converts a vector of real-valued numbers into a vector that
encodes a probability distribution and can be used as the activation
function for the output layer. It is defined as follows:

𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥 (𝑧𝑖 ) =
𝑒𝑧𝑖∑𝑑
𝑗=1 𝑒

𝑧 𝑗
1 ≤ 𝑖 ≤ 𝑑 (11)

where 𝑧 is the vector of the intermediate output of the output
layer that has dimensionality 𝑑 .

A two-layer FFNN that uses ReLU as the activation function for
all intermediate outputs, except the final layer intermediate out-
put, which uses the softmax function, can be represented as follows:

𝑧 [1] =𝑊 [1]𝑎 [0] + 𝑏 [1]

𝑎 [1] = 𝑅𝑒𝐿𝑈 (𝑧 [1] )

𝑧 [2] =𝑊 [2]𝑎 [1] + 𝑏 [2]

𝑎 [2] = 𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥 (𝑧 [2] )

𝑦 = 𝑎 [2]

(12)

where the superscripts in square brackets refer to the layer num-
ber, and 𝑦 is the final output of the network, which, in this case, is
a vector that encodes a probability distribution.

Some of the advantage that FFNNs have over traditional n-gram
language models are their capacity to handle much longer word
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histories, they do not require smoothing techniques, and they can
generalize to unseen data better through the use of embeddings,
which are used to represent the history or prior context of a word
[10].

2.3 Performance Metrics
Intrinsic evaluation methods measure the quality of a language
model independent of applications. These methods include cross-
entropy and perplexity, which are derivatives of the probability that
the model assigns to test data. Intrinsic evaluation metrics give us a
measure of how well the model fits the data we evaluate against [9].
In practice, the use of raw probabilities as a metric of performance
is not used. Instead, cross-entropy and perplexity are used.

Cross-entropy is useful if the probability distribution p that gen-
erated some data, is unknown to us. The cross-entropy 𝐻 (𝑊 ) of a
model𝑀 = 𝑃 (𝑤𝑖 |𝑤𝑖𝑁+1 ...𝑤𝑖1) on a sequence of words𝑊 is defined
as [5, 9] :

𝐻 (𝑊 ) = 1
𝑁

log 𝑃 (𝑤1𝑤2 ...𝑤𝑁 ) (13)

where 𝑁 is the total number of words in the data evaluated
against. This value can be interpreted as the average number of bits
needed to encode each word in the test data, using the compression
algorithm associated with the specific language model [5].

The perplexity 𝑃𝑃 (𝑊 ) of a model can be defined as the exp of
the model’s cross-entropy value [5]:

𝑃𝑃 (𝑊 ) = 2𝐻 (𝑊 )

= 𝑃 (𝑤1𝑤2 ...𝑤𝑁 )−
1
𝑁

= 𝑁

√
1

𝑃 (𝑤1𝑤2 ...𝑤𝑁 )

=
𝑁

√√√
𝑁∏
𝑖=1

1
𝑃 (𝑤𝑖 |𝑤1 ...𝑤𝑖−1)

(14)

The lower the cross-entropy and perplexity of a model is, the
better the model is said to perform [5].

Although cross-entropy and perplexity measure the performance
of language models independent of applications, these performance
metrics cannot be compared across language models with differ-
ent vocabulary sizes, as lower vocabulary sizes decrease the cross-
entropy and perplexity of a language model. Thus, the key perfor-
mance metric used in this study is bits-per-character (BPC), which
can be used to compare languagemodels across different vocabulary
sizes. BPC can be defined with the use of the model’s cross-entropy
value as follows:

𝐵𝑃𝐶 (𝑊 ) = 𝐻 (𝑊 ) ∗ 𝑇

𝐶
(15)

Where𝑇 refers to the number of tokens in a dataset, and𝐶 refers
to the number of characters in a dataset.

The reason we can use cross-entropy to calculate BPC, is be-
cause cross-entropy is a measure of 𝑖𝑛𝑓 𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛/𝑒𝑣𝑒𝑛𝑡 . If the cross-
entropy is calculated with log to the base 2, then these units of
information are bits. This means that a cross-entropy calculation
using log to the base 2 is a measure of 𝑏𝑖𝑡𝑠/𝑒𝑣𝑒𝑛𝑡 . We can regard the
events as being tokens related to datasets. Thus, to calculate BPC,
or 𝑏𝑖𝑡𝑠/𝑐ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑠 , we simply need to multiply the cross-entropy
by the total number of tokens over the total number of characters
of a test set.

2.4 Related Work
The research field of language modelling has seen significant im-
provements in recent history, however, the majority of the re-
search has been concentrated on languages with significantly large
datasets [15]. Thus, there has not been much research on how these
recent strides in the performance of language models relate to
low-resource languages, such as South African languages.

A 2014 study by Gandhe, Metze, and Lane [8] investigated and
compared the performance of a modified Kneser-Ney [11] n-gram
language model, Feedforward Neural Network Language Model,
and a Recurrent Neural Network Language Model (RNNLM), which
were trained on a significantly limited amount of training data.
The results of this study demonstrated that, under low-resource
conditions (approx. 100k training tokens), FFNNLMs perform bet-
ter than RNNLMs. The low-resource languages modelled on were
Tagalog, Pashto, Cantonese, Turkish, and Vietnamese. The study
showed that as the size of the training data increased, the rela-
tive improvement from the modified Kneser-Ney model to Neural
Network models increased as well.

A 2018 study by Scarcella [15] also investigated and compared
modified Kneser-Ney N-gram language models to basic RNNs on
a severely limited amount of language model training data. The
languages that this study modelled on were Xitsonga, IsiZulu,
Afrikaans, and English. It was shown that the n-gram models used
in this study performed better across all languages except Afrikaans,
with the n-gram model having a particularly significant improve-
ment over the RNN model on the IsiZulu dataset. This study also
showed that a linear interpolation of the two models performed
significantly better than each individual model.

3 DATASET DESCRIPTION AND
PREPROCESSING

For the language models used in this study to be able to train on
South African language data and evaluate these models on datasets
of these specific languages, it was necessary to acquire datasets for
each language that the language models will train and be evaluated
on, namely isiZulu and Sepedi. As such, this study required South
African language corpora of sufficient size and quality.

3.0.1 Autshumato Project Corpora. The Autshumato project1 was
initiated in 2007, and is funded by the South African Department
of Arts and Culture. The project provides resources such as parallel

1Datasets are available at https://sourceforge.net/projects/autshumato/files/Corpora/



Low Resource Language Modelling for South African Languages

corpora for three pairs of South African languages, namely English-
Afrikaans, English-Sepedi, and English-isiZulu. These are sentence-
level, aligned corpora, constructed via a combination of automatic
and manual alignment techniques, and sourced from the South
African government domain.

3.0.2 Dataset Preprocessing. There were many unwanted artifacts
in the datasets obtained, mostly owing to most of them being ob-
tained from web-scraped articles, which needed to be stripped out
for this research. These unwanted artifacts included HTML tags,
URLs, Twitter tags, as well as English web-related sentences such
as software warnings. It was therefore necessary for these datasets
to be pre-processed, or cleaned, before use. These datasets were
then partitioned into their training, validation, and test sets. The
training set was produced by obtaining the first 80

4 MODEL DEVELOPMENT AND
IMPLEMENTATION

This study used Google Colab2, a service that provides a notebook
environment that runs entirely in the cloud, while also providing
the use of a GPU. The current study uses this notebook environment
to download and run all of the necessary programs to construct
the language model, as well as providing the ability to write and
execute python code to achieve this purpose.

4.1 Tokenization
The datasets used in this study have significantly large vocabularies,
owing mainly to the extensive use of agglutination in South African
languages. Thus, to reduce the vocabulary size of language models
trained on the segmented training sets available, Byte-Pair encod-
ings [17] (BPE) was used as a tokenization strategy, where common
groups of characters may be grouped into single tokens, resulting
in a far smaller vocabulary size. This was necessary, as an overly
large vocabulary often leads to the poor performance of language
models. Before any of the language models in this study were built
or evaluated for a specific language, a BPE vocabulary, which could
vary in size, was created from the training set of that language, and
this vocabulary was then used to encode the identification numbers
of these tokens to a new file for the original training, validation,
and testing datasets. The language models were then trained on
these encoded files, as well as evaluated on the encoded validation
and test datasets.

4.2 N-gram Language Model
For our n-gram language model, KenLM3, an n-gram with modified
Kneser-Ney smoothing estimation and inference implementation
was used. The KenLM implementation supports high-performance
estimation bymap-reduce parallelisation. To use KenLM, the library
needed to be downloaded, built, and setup.

Once KenLM was successfully implemented, the open-source
Huggingface Tokenizers4 library was used to train a byte-level
BPE tokenizer model, with a specified vocabulary size, on a se-
lected training dataset of a specific language, namely isiZulu or

2Google Colab is available for use at https://colab.research.google.com/
3KenLM is available at https://github.com/kpu/kenlm
4Huggingface Tokenizers is available at https://github.com/huggingface/tokenizers

Sepedi, from the data source. Using this BPE vocabulary, the original
training, validation, and test datasets were encoded. Their encoded
identification numbers(IDs) were then written, space-separated, to
separate files respectively. KenLMwas then used to train an n-gram
model of chosen n, on the new training dataset of space-separated
IDs, which produced a language model. This model was created as
an arpa formatted file, a text format that is supported by language
modelling toolkits. This file was then converted to a binary format,
klm, to improve performance relating to evaluation. This model
was then evaluated on the newly encoded test dataset. The eval-
uation metrics perplexity and bits-per-character (BPC) were then
calculated and recorded for later use. This process was repeated
through multiple cycles, with each cycle having a different set of
parameter values, to determine the best parameter values which
produced the most accurate model.

Both the vocabulary size and n, of the nth order n-gram, were
able to be changed through every cycle, and these variables were
our parameters that were optimised over many iterations. We eval-
uated the BPE vocabulary size over the range {1000,10000}, with
an interval size of 1 thousand within this range. We evaluated the
order of n-gram in the range {0,5}, with an interval size of 1 within
this range.

Each language model was optimised by changing the parame-
ters over multiple cycles, with the parameters being changed in
accordance with which values led to the language models achieving
better performance metrics. The best performing language models
for each language were then directly compared to each other in
terms of performance.

4.3 Feed-Forward Neural Network Language
Model

For our Feedforward neural network language model (FFNNLM),
this study used the Pytorch implementation5 to train and evaluate
our FFNNLM on our previously encoded datasets. Once the im-
plementation was set up, the model was trained on the encoded
training dataset of a specific language, namely isiZulu or Sepedi,
and evaluated on the encoded verify and test datasets of the same
language. Each language model relating to a specific language was
optimised to produce the most accurate results possible.

A range of hyperparameters was considered to best optimize
the FFNNLMs. We evaluated the BPE vocabulary size in the range
{2000,10000}, with an interval size of 2 thousand within this range.
We evaluated the size of theword embeddings in the range {500,2500}
with an interval of size 250 within this range, hidden units per layer
in the range {500,2500} with an interval size of 250 within this range,
the number of hidden layers sizes {1,2,3}, and learning rates in the
range {5,25} with an interval size of 5 within this range. We also
evaluated batch sizes {10,20,30}, sequence lengths {35,70,140,280},
dropout percentages applied to the layers in the range {30,80} with
an interval size of 5 within this range, tying the word size of the
word embeddings to the softmax weights, and the order of the n-
grams in the range {0,5} with an interval of 1 within this range. It
was decided that 50 training cycles for each model were necessary,

5Pytorch including FFNNLM support is available at https://github.com/janmbuys/word-
language-model

https://colab.research.google.com/
https://github.com/kpu/kenlm
https://github.com/huggingface/tokenizers
https://github.com/janmbuys/word-language-model
https://github.com/janmbuys/word-language-model


Jared Shapiro

Table 1: Dataset sizes for each language, including each partitioned dataset.

Language Family
Dataset Sizes (Thousands)

Sentences Tokens
Training Validation/Test Total Training Validation/Test Total

isiZulu Nguni 22 3 28 264 33 330
Sepedi Sotho-Tswana 27 3.5 34 547 68.5 684

as more training cycles did not improve performance by a signifi-
cant amount and each cycle added increased training time of the
model.

After each FFNNLM was evaluated, the resulting perplexity was
analysed and the BPC metric was calculated. The BPC was then
used to determine new values to set the parameters to, based on
whether there was an increase or decrease in the performance of
the model. This process underwent many iterations with different
sets of hyperparameter values to best determine the hyperparam-
eter values which gave the best possible performance metrics of
the resulting language model. Once these results were collected,
and there was confidence that further tuning of the model param-
eters would not lead to significant improvements in the model’s
performance metrics, we concluded the optimisation process for
FFNNLMs for the specific language.

Once the optimisation process for FFNNLMs trained and eval-
uated on datasets relating to both languages was done, the final
results of the best performing FFNNLMs and their sets of param-
eters were tabulated, analysed, and compared in terms of their
performance.

The best results achieved for the n-gram language model were
then compared to the best results achieved for the FFNNLM model
for each language modelled on, as well as their overall performance.

5 RESULTS
5.1 N-gram Language Model
Preliminary results from testing many different parameter values
demonstrated that the 6-gram language model consistently outper-
formed other n-grams for both languages, across all BPE vocabulary
sizes tested. For this reason, the testing was later focused to only test
6-gram (5-order n-gram) language models at different vocabulary
sizes.

Table 2 illustrates the best performing n-gram language models’
BPC performance metric, as well as each model’s hyperparameters,
namely the BPE vocabulary size and the n-gram order of the model.
As can be seen in Table 2, the language model trained and evaluated
on the isiZulu language scored a performance metric of 1.904 BPC
with a BPE vocabulary size of 6 thousand tokens, 1.885 BPC with a
BPE vocabulary size of 4 thousand tokens, 1.854 BPC with a BPE
vocabulary size of 2 thousand tokens, and 1.832 BPC with a BPE
vocabulary size of 1 thousand tokens. The language model trained
and evaluated on the Sepedi language scored a performance metric
of 1.732 BPC with a BPE vocabulary size of 6 thousand tokens, 1.720
BPC with a BPE vocabulary size of 4 thousand tokens, 1.710 BPC
with a BPE vocabulary size of 2 thousand tokens, and 1.705 BPC
with a BPE vocabulary size of 1 thousand tokens.

Table 2: Summary of the best performing KenLM n-gram
models and their bits-per-character (BPC) performancemet-
ric on the isiZulu and Sepedi datasets. For each model
trained on a specific language, that model’s hyperparam-
eters, namely BPE vocabulary size and n-gram order, is
shown. The best performing model’s BPC score is shown in
bold for each language modelled on.

Hyper-Parameters
Language Vocabulary Size n-gram order BPC
isiZulu 6000 5 1.904
isiZulu 4000 5 1.885
isiZulu 2000 5 1.854
isiZulu 1000 5 1.832
Sepedi 6000 5 1.732
Sepedi 4000 5 1.720
Sepedi 2000 5 1.710
Sepedi 1000 5 1.705

Analysis of these results shown in Table 2 reveals that the best
performing isiZulu n-gram language model, which scored 1.832
BPC, was the isiZulu model that used a BPE vocabulary size of 1
thousand tokens, and was of n-gram order 5. The best performing
Sepedi n-gram language model, which scored 1.705 BPC, was the
Sepedi model that used a BPE vocabulary size of 1 thousand tokens,
and was of n-gram order 5. It must be noted that the language
models consistently performed best when using a lower BPE vocab-
ulary size. This was true for language models trained on both the
isiZulu and Sepedi BPE datasets. It can also be seen that language
models trained and evaluated on the Sepedi language consistently
performed better than the language models trained and evaluated
on the isiZulu language.

5.2 Feed-Forward Neural Network Model
Preliminary results from testing many different parameter values
across their different ranges demonstrated that certain parameters,
when set to specific values, always yielded the best performing
models across the different BPE vocabulary sizes tested. Thus, we
have chosen to only present the best results across the range of the
best performing models that used different BPE vocabulary sizes.

These hyperparameters and their chosen values, which remained
the same across the best performing models tested, were the size
of word embeddings of value 2000, the hidden units per layer of
value 2000, the number of hidden layers of value 1, the learning
rate of value 10, the dropout percentage of value 0.7, the batch size
of value 10, the sequence length of value 280, and tying the word
embeddings to the softmax weights.



Low Resource Language Modelling for South African Languages

Table 3 illustrates the best performing FFNNLMs’ BPC perfor-
mance metric, as well as each model’s hyperparameters, namely
the BPE vocabulary size and the n-gram order of the model. As can
be seen in Table 3, the language model trained and evaluated on the
isiZulu language scored a performance metric of 1.822 BPC with a
BPE vocabulary size of 10 thousand tokens, 1.815 BPC with a BPE
vocabulary size of 8 thousand tokens, 1.824 BPC with a BPE vocab-
ulary size of 6 thousand tokens, 1.851 BPC with a BPE vocabulary
size of 4 thousand tokens, and 1.911 with a BPE vocabulary size
of 1 thousand tokens. The language model trained and evaluated
on the Sepedi language scored a performance metric of 1.716 BPC
with a BPE vocabulary size of 10 thousand tokens, 1.716 BPC with
a BPE vocabulary size of 8 thousand tokens, 1.724 BPC with a BPE
vocabulary size of 6 thousand tokens, 1.744 BPC with a BPE vocab-
ulary size of 4 thousand tokens, and 1.817 with a BPE vocabulary
size of 2 thousand tokens. All of the language models presented
in Table 3 were of n-gram order 2, except for the isiZulu language
model trained on a BPE vocabulary of 2 thousand tokens, which
was of n-gram order 3.

Analysis of these results shown in Table 3 reveals that the best
performing isiZulu FFNNLM, which scored a BPC of 1.815, was
the isiZulu model that used a BPE vocabulary size of 8 thousand
tokens and was of n-gram order 2. The two best performing Sepedi
FFNNLMs, which both scored a BPC of 1.716, were the Sepedi
models that were of n-gram order 2 and used a vocabulary size of
10 thousand and 8 thousand BPE tokens. It can also be seen that
language models trained and evaluated on the Sepedi language
consistently performed better than the language models trained
and evaluated on the isiZulu language.

Table 3: Summary of the best performing feedforward neu-
ral network models at different BPE vocabulary sizes and
their bits-per-character (BPC) performance metric on the
isiZulu and Sepedi datasets. For eachmodel trained on a spe-
cific language, the BPE vocabulary size and n-gram order, is
shown. The best performing model’s BPC score is shown in
bold for each language modelled on.

Hyper-Parameters
Language Vocabulary Size n-gram order BPC

isiZulu

10000 2 1.822
8000 2 1.815
6000 2 1.824
4000 2 1.851
2000 3 1.911

Sepedi

10000 2 1.716
8000 2 1.716
6000 2 1.724
4000 2 1.744
2000 2 1.817

5.3 Comparison Between n-gram Model and
Feed-Forward Neural Network Model

Table 4 illustrates a direct comparison between n-gram models
using KenLM and FFNNLMs. The table shows the best performing

Table 4: The best performing models across both model
classes, and their bits-per-character (BPC) performancemet-
ric on the isiZulu and Sepedi datasets. For each model
trained on a specific language, that model’s hyperparame-
ters, namely BPE vocabulary size and n-gram order, as well
at the model type, is shown. The best performing model’s
BPC score is shown in bold for each language modelled on.

Hyper-Parameters
Language Model Vocab Size n-gram order BPC

isiZulu n-gram 1000 5 1.832
FFNNLM 8000 2 1.815

Sepedi
n-gram 1000 5 1.705
FFNNLM 10000 2 1.716
FFNNLM 8000 2 1.716

model/s for each model type across both languages tested. The table
shows a summary of each model’s hyperparameters and illustrates
each model’s BPC score. As can be seen from this table, for the
language of isiZulu, the best performing FFNNLM, which used a
BPE vocabulary size of 8 thousand tokens and was of n-gram order
2, outperformed the best performing n-gram model slightly, as the
BPC score for the best performing isiZulu FFNNLMwas 1.815, while
the best performing isiZulu n-gram model achieved a BPC score
of 1.832. For the language of Sepedi, the best performing n-gram
model, which used a BPE vocabulary size of 1 thousand tokens
and was of n-gram order 5, outperformed the best performing
FFNNLM slightly, as the BPC score for the best performing Sepedi
n-grammodel was 1.705, while the best performing Sepedi FFNNLM
achieved a BPC score of 1.716.

It must be noted that across the two different models, n-gram
language models achieved better results as the size of the BPE
vocabulary was lowered, whilst this was not the case for FFNNLMs.

6 DISCUSSION
Since FFNNLMs, like n-gram models, also make use of n-grams
at a basic level, we found it unexpected that the best-performing
FFNNLMs used trigrams, as the best performing n-gram models in
this study were exclusively 6-gram models. The reasons for this dif-
ference in optimisation are unclear, however, many of the FFNNLMs
tested that used 6-grams in their model came close to achieving
the same performance as the best performing FFNNLMs at certain
BPE vocabulary sizes. This leads us to believe that FFNNLMs that
made use of 6-grams may have been able to achieve the best perfor-
mance, as although thorough testing and optimisation was done,
more stringent and precise optimisation of the FFNNLMs, possibly
across expanded ranges of hyperparameters, could have led to more
accurate models. Future work could explore whether this could be
achieved.

It must be noted that although Sepedi language models, across
both types of language models tested, achieved significantly better
performance metrics than isiZulu language models, this was likely
due to roughly half the number of tokens in the training data
available to our models for the language of isiZulu when compared
to the number of tokens in the training data available to our models
for the language of Sepedi.
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It was unexpected that the best n-gram models performed very
close to the level of the FFNNLMs when trained and evaluated
on the isiZulu datasets and that the best n-gram models outper-
formed the best FFNNLMs when trained and evaluated on the
Sepedi datasets. We expected that the FFNNLMs would outper-
form n-gram models for both languages by a slight, but significant
margin. We suspect that further optimisation may have allowed
FFNNLMs to outperform n-grams for the language of Sepedi and
that given more training data, the performance gap would swing
in FFNNLMs favor.

7 CONCLUSIONS
The implementation and analysis of the performance of language
models when modelled on low-resource languages, such as the
South African languages isiZulu and Sepedi, is important as lan-
guage modelling is a key component in natural language processing,
which is used for many types of applications, and language mod-
elling on low-resource languages has not been widely studied.

In this study, we implemented, optimised, and tested many lan-
guage models of two different types, namely traditional n-gram
models and feedforward neural network language models, on the
low-resource languages of isiZulu and Sepedi. Both types of models
were evaluated and then compared against one another, in terms of
their performance, which was measured in bits-per-character. Our
results show that for both the languages of isiZulu and Sepedi, in
low-resource conditions, traditional n-gram models and FFNNLMs
performed similarly in terms of performance, however, the most
accurate FFNNLM performed slightly better than the most accu-
rate n-gram model when trained and evaluated on the language
of isiZulu. The opposite is true when these models were trained
on the language of Sepedi, where the best performing traditional
n-gram model slightly outperformed the best performing FFNNLM.

In terms of possible future work, n-gram models using different
types of smoothing methods could be implemented, tested, and
analysed to determine if there is an uplift in performance over the
results achieved in this study. Our results obtained in this study
have the potential to assist researchers to evaluate which types
of language models would work best in low-resource settings, es-
pecially in the context of South African low-resource languages,
specifically isiZulu and Sepedi.
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