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1  Introduction

The evolution of Nigerian Pidgin, a low-resource language 
also known as Naijá is attributed to linguistic adaptation, 
multilingual code-switching, and code-mixing (Aji et al., 
2022; Bob & Obiukwu, 2022; Saeed et al., 2024). Nigerian 
Pidgin is a creole that is popular in Western Africa (Okafor, 
2022; Oyewusi et al., 2020). It is widely spoken and used 
as the language of choice for entertainment, film and social 
media content in Nigeria. Naijá has grown significantly over 
recent decades, emerging as the most widely spoken and 
arguably the most influential language in Nigeria (Adelani 
et al., 2024). Due to its mutual intelligibility with other West 
African Pidgins, it offers substantial potential for regional 
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Abstract
This paper describes the development of a transformer-based text generation model for Nigerian Pidgin also known as 
Naijá, a popular language in West Africa. Despite its wide use, Nigerian Pidgin remains under-resourced, particularly 
in areas related to text generation and natural language processing. These difficulties are primarily due to technological 
constraints rather than the language’s fundamental attributes. There is currently a demand for Nigerian Pidgin-specific 
solutions because it is used in everyday communication and has a unique linguistic blend. This paper aims to close this 
gap by exploring the application of state-of-the-art transformer technology to develop a text generation model for Nigerian 
Pidgin. This work uses the public Afriberta-corpus dataset to optimize the Generative Pre-trained Transformer (GPT-2) 
model across a sizeable dataset. The performance evaluators, BLEU and Perplexity metrics provide a detailed breakdown 
of the model’s text quality and predictive accuracy. Despite the difficulties caused by a limited amount of training data, 
preliminary evaluations show that the model can generate coherent Nigerian Pidgin text. The performance evaluation 
yielded perplexity scores of 43.56 for variable target reference length and 43.26 for fixed text length. BLEU scores of 0.15 
for fixed max length and 0.56 for variable reference target length. This highlights the quality of generated text and the 
significant improvement when the generated text length is aligned with the reference target. Our work was benchmarked 
against African American Vernacular (AAVE) revealing that BLEU scores for AAVE are significantly lower than those for 
Standard American English, with BLEU given as 0.26. Our Nigerian Pidgin model, with a BLEU score of 0.56, shows 
a better performance. However, both results suggest that both dialects are challenging for language models. Leveraging 
the pre-trained transformer-based language model and evaluation metrics, we showcase the model’s capacity for coherent 
Nigerian Pidgin text generation. For future research, the research work can serve as a good foundation for advancement 
and progress in the Nigerian Pidgin language generation and other low-resource languages.
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integration and serves as a powerful tool in the pursuit of 
sustainable development.

Previous research attempts for Nigerian languages like 
Hausa, Igbo and Yoruba left significant steps in the under-
standing and development of tools for Nigerian Pidgin 
(Brasoveanu & Andonie, 2020). Due to its presence in daily 
communication and a distinct linguistic mix, there is now 
a need for Nigerian Pidgin-specific solutions (Cahyawijaya 
et al., 2021). Recently, the proliferation of digital tech-
nology and the internet has inspired a growing interest in 
leveraging natural language processing (NLP) techniques to 
explore and enhance the capabilities of different languages, 
including non-standard or low-resource ones. This increase 
in interest has led to improvements in the area of machine 
translation, sentiment analysis and text generation. How-
ever, Nigerian Pidgin, despite its widespread use and cul-
tural significance, has been largely overlooked in the realm 
of NLP and language technology development (Kolajo et 
al., 2019, 2020).

The development of NLP tools for Nigerian Pidgin is 
not only a matter of linguistic curiosity but also a practi-
cal necessity. While acknowledging that progress has been 
made there still more needs to be done because Nigerian 
Pidgin serves as the lingua of choice for communication 
among people from different linguistic backgrounds, there 
is a growing demand for technology-driven solutions that 
can facilitate effective communication, education and infor-
mation dissemination in this language (Chang et al., 2020). 
Transformer-based text generation serves as a develop-
ment in the field of Artificial Intelligence (AI), which uses 
machine learning algorithms to generate new content (Dong 
et al., 2022). Recently, a Transformer-based language model 
has been developed for Natural Language Generation (NLG) 
which produces high-quality, coherent text in response to 
arbitrary input. The Transformer architecture has revolu-
tionized the field of NLP (Khan et al., 2023; Waswani et al., 
2017). Pre-trained Language models like GPT-2 are one of 
the recent advancements in Natural Language Generation 
(NLG). This Transformer-based language model enables the 
generation of high-quality-coherent text (Groenwold et al., 
2020). Breakthroughs have been recorded due to its ability 
to handle long-range dependencies and to capture contextual 
information in machine translation, text summarization and 
language generation tasks (Brasoveanu & Andonie, 2020). 
Natural language generation (NLG), a sub-field of artificial 
intelligence, has brought remarkable enhancements in the 
generation of human-like texts (Bandi et al., 2023). This 
paper aims to create a specialized text generation mode by 
leveraging the pre-trained transformer architecture and to 
increase the diversity and inclusivity of the language envi-
ronment while enabling more open and inclusive digital 
communication. Apart from enhancing communication this 

study also combats the lack of diversity in terms of NLP 
tools for low-resource languages.

The rest of this paper is structured as follows: Sect.  2 
presents the background and related work underpinning 
the Nigerian Pidgin Language generation. The methodol-
ogy to achieve Nigerian Pidgin text generation is discussed 
in Sect. 3. Sect. 4 presents the results and discussion while 
Sect. 5 concludes the paper.

2  Background and related work

This section presents the background and the related work 
concerning low-resource language generation, especially 
Nigerian Pidgin.

2.1  Nigerian Pidgin

Pidgin as a Nigerian English adaption has developed through 
time as a result of linguistic adaptation, multilingual code-
switching, and code-mixing (Okafor, 2022). Nigerian Pid-
gin is a simplified form of communication used to bridge 
the language gap between two distinct cultures or language 
groups, often when English is the dominant language. West 
African Nigerian Pidgin is mostly spoken in Nigeria, with 
other varieties being spoken in various countries in Africa, 
such as Cameroon and Ghana.

Nigerian Pidgin has a long history in Africa, dating back 
to the 16th century when it was used among merchants and 
traders in the coastal areas of West Africa. Since then, it has 
evolved and changed depending on the needs of the speak-
ers (Bob & Obiukwu, 2022). Today, West African Nigerian 
Pidgin is used in informal contexts, and it is a type of Cre-
ole, meaning it has its own unique rules and structure. It 
combines elements of English with other local languages, 
such as Yoruba, Hausa and Igbo. Common features include 
pre-verbal particles, characteristic subject pronouns, simpli-
fied verb forms and shared vocabulary.

Nigerian Pidgin is a key part of Nigerian culture, and 
it is also spoken in neighbouring countries. There have 
been efforts recently to popularize the monolingual Nige-
rian Pidgin as seen in the BBC Pidgin however, it remains 
under-resourced in terms of the available parallel corpus for 
machine translation (Chang et al., 2020). The Transformer 
model, developed by Google researchers, was unveiled in 
2017 and has completely changed the field of natural lan-
guage processing by enabling more precise sentence encod-
ing. Transformer-based text production is based on this 
model (Okafor, 2022). This method of text production can 
be applied to many tasks, including question-answering, 
machine translation, and summarization. Additionally, 
it can be used to create fresh texts that look to have been 
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authored by people. Recent research has demonstrated that 
when it comes to people who are members of impoverished 
groups, NLG tools tend to be biased (Groenwold et al., 
2020). Due to bias, when subjected to transformer-based 
text generators like GP2, resource-rich languages like Eng-
lish typically perform better and provide greater accuracy 
than low-resource languages.

2.2  Transformer-based text generation for Nigerian 
Pidgin

Transformer-based text production is a recent innovation 
in artificial intelligence (AI) that uses machine learning 
algorithms to generate fresh content (Yu et al., 2022). This 
technology can model the complex links between words 
and sentences in a language, making it ideal for producing 
natural language content. Because it recognises long-range 
dependencies in the input sequence, the transformer is ideal 
for producing cohesive and contextually relevant text. With 
enough training data and fine-tuning, the transformer model 
can learn to write high-quality writing that is identical to 
text written by a human (Topal et al., 2021).

Transformer-based text creation can be used to generate 
high-quality, natural-sounding text in the case of Nigerian 
Pidgin, an informal language that arose as a result of lin-
guistic adaptability and code-switching. This is because 
the transformer architecture is intended to reflect long-term 
dependencies in a language, which is required for generat-
ing coherent text in Nigerian Pidgin.

The significance of transformer-based text creation for 
Nigerian Pidgin resides in its ability to bridge the language 
gap between Nigerian Pidgin speakers and speakers of 
other languages. Even though it is not legally recognised 
as a language of instruction in schools or other formal set-
tings, Nigerian Pidgin is extensively used in Nigeria and is 
recognised as a valuable language for communication (Bob 
& Obiukwu, 2022). Recent research has revealed the cir-
cumstances in which natural language models (NLG) mod-
els exhibit bias towards particular languages even though 
pidgin corpus development and translation have received so 
much attention. The creation of a transformer-based text-
generating system for Nigerian Pidgin can produce texts that 
are more linguistically accurate and diversified, improving 
language comprehension and enabling more realistic and 
natural discussions. It can also result in applications like 
increased sentiment analysis and sentiment categorization, 
as well as machine translation accuracy improvements.

2.3  Related work

Oyewusi et al. (2020) studied the evolution of Pidgin, a 
West African (especially Nigerian) English adaption using 

multi-language code-switching, code-mixing and inference 
for natural language generation (NLG) in a few-shot envi-
ronment. In sequence linguistic adaptation, this output token 
selection across the two generators enables the adapter to 
take into account just task-relevant elements. The authors 
argue that employing direct English sentiment analysis of 
Nigerian social media posts is sub-optimal because it fails 
to capture semantic diversity and contextual change in the 
modern meaning of these phrases. To solve this problem, 
they supplement sparsely human-labelled code-changed 
material with an abundance of synthetic code-reformatted 
text and meaning. They also provide 300 VADER lexicon-
compatible Nigerian Pidgin sentiment tokens and scores, 
as well as 14,000 gold standard Nigerian Pidgin tweets and 
sentiment labels.

Chang et al. (2020) developed a natural language gen-
eration technique to bridge the gap between West African 
Nigerian Pidgin and English. To create relevant machine 
translation systems and NLP datasets for Nigerian Pidgin, 
the authors used a monolingual Nigerian Pidgin text and a 
parallel English data-to-text corpus to build a system that 
can automatically generate Nigerian Pidgin descriptions 
from structured data. Dong et al. (2022) provided an in-
depth look at Natural Language Generation, a subject within 
Artificial Intelligence and Natural Language Processing that 
focuses on generating language that is both understand-
able and coherent for humans. They explored traditional 
approaches, statistical models and deep learning approaches 
to open-domain dialogue systems and investigated the cur-
rent state of research in this booming field.

Groenwold et al. (2020) created a dataset of intent 
equivalent parallel African American Vernacular English 
(AAVE)/Standard American English (SAE) tweet pairs to 
evaluate the effect of utilizing GPT-2 to generate text in 
AAVE. Sentiment analysis results demonstrate that, while 
AAVE text has more negative sentiment classifications than 
SAE, using GPT-2 enhances positive sentiment occurrences 
for both. The human examination also demonstrates that 
GPT-2 generated text has a high level of contextual rigour 
and overall quality.

Iqbal et al. (2022) offered an overview of deep genera-
tive modeling developments for text generation using deep 
learning algorithms. The authors analysed several deep 
learning models that are used for text production and dis-
cussed the past, present and future of text generation models 
in deep learning, focusing on publications published after 
2015. This review also includes the many models and meth-
odologies investigated and evaluated in various NLP appli-
cation fields. Syed et al. (2021) reviewed recent research in 
automatic text summarizing, focusing on neural network-
based abstractive summarization. The survey presented 
several neural network-based abstractive summarization 
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Analysis of the results showed that GPT-2 effectively 
picked up task syntax and captured context dependencies, 
including hard cases with group references and long-turn 
dependencies.

Zhang et al. (2022) addressed the Controllable Text 
Generation (CTG), a new topic of research in the field of 
natural language generation (NLG). The authors empha-
sized the significance of CTG for the creation of cutting-
edge text generation technologies that are more believable 
and better able to adhere to certain limitations in real-world 
applications. They stressed how the most recent iteration 
of NLG is based on comprehensive pre-trained language 
models (PLMs), especially transformer-based PLMs that 
enable the production of more diverse and fluid text. The 
controllability of these methods must be guaranteed because 
deep neural networks have a low interpretability degree. To 
handle this problem, the authors used transformer-based 
PLMs to give a systematic critical review of the common 
duties, approaches, and evaluation methods in CTG. They 
discussed the wide variety of approaches that have devel-
oped over the last three to four years, each of which focuses 
on a different CTG job that might call for a different kind of 
controlled restriction.

The findings from studies reveal common themes that 
deserve attention; insufficient evaluation, limited practi-
cal application, ignoring language-specific considerations, 
neglecting the diversity of linguistic and cultural back-
grounds, lack of knowledge integration, and limited analysis 
of constraints and biases (Chang et al., 2020). Many stud-
ies fail to compare and evaluate text generation techniques 
or models in terms of their performance and effectiveness. 
This is particularly true when it comes to low-resource lan-
guages like Pidgin (Groenwold et al., 2020; Floridi & Chi-
riatti, 2020).

3  Methodology

The research methodology borders on the development of a 
transformer-based text generation model for Nigerian Pid-
gin. In this section, the architecture along with the descrip-
tion of its components, the rules for text generation, and the 
sequence diagram, highlighting the processes and how a 
user interacts with the model are presented. The develop-
ment process of the transformer-based text generation was 
in these phases: data collection, preprocessing, feature engi-
neering, training/fine-tuning, testing, and evaluation.

3.1  Description of components of the architecture

This section presents the description of each component in 
the architecture as depicted in Fig. 1.

models as well as a proposed conceptual framework that 
included five important elements: encoder-decoder archi-
tecture, processes, training techniques, optimization algo-
rithms, dataset and evaluation measure. The survey’s 
goal was to provide a general overview of modern neural 
network-based abstractive text summarization models, as 
well as to raise awareness of the challenges and issues con-
nected with these systems. The paper proposed the use of 
pre-trained language models in conjunction with neural net-
work architecture for abstractive summarization tasks and 
the review revealed that transformer-based encoder-decoder 
architecture models are the new state-of-the-art. The analy-
sis was performed qualitatively, and a concept matrix was 
used to indicate similar trends in the design of recent neural 
abstractive summarization systems. In the same vein, Bandi 
et al. (2023) investigated the fundamentals of generative AI 
systems focusing on requirements necessary for the imple-
mentation, taxonomy of architectural characteristics, input-
output formats classification, and evaluation metrics.

Wang et al. (2019a) explored Transformer designs for 
language models. These models have shown usefulness for 
many NLP tasks on large-scale corpora utilizing pre-trained 
language models, but they are suboptimal for language 
modelling itself. The authors attempted to improve lan-
guage modelling by adding extra LSTM layers while retain-
ing computational efficiency. They presented a Coordinate 
design Search (CAS) approach to locate an effective design 
through iterative refining of the model to accomplish this. 
Experiment findings on the WikiText2 and WikiText103 
datasets revealed that CAS attained perplexity scores rang-
ing from 20.42 to 34.11 on all tasks, representing a 12.0 per-
plexity unit improvement over state-of-the-art LSTMs. The 
source code is publicly available. Wang et al. (2019b) used 
a neural topic module and a variational auto-encoder-based 
neural sequence module to construct topic-based sentences 
while providing considerable flexibility to the estimated 
posterior of the latent code during model inference. The pro-
posed model has been evaluated and found to outperform 
previous approaches for both unconditional and conditional 
text creation. The topic-guided variational auto-encoder 
model may generate semantically relevant sentences on a 
variety of themes.

Yu et al. (2022) proposed a few-shot generative approach 
for rewriting a conversational query. The method is based on 
rules and self-supervised learning to generate weak super-
vision data using large amounts of ad hoc search sessions 
and to fine-tune GPT-2 for the task. On the TREC Conver-
sational Assistance Track, the weakly supervised GPT-2 
rewriter improved the state-of-the-art ranking accuracy by 
12%, using very limited amounts of manual query rewrites. 
Notably, the rewriter still gave a comparable result to previ-
ous state-of-the-art systems in the zero-shot learning setting. 
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word in the sequence. This helps the model maintain the 
sequential nature of the text.

d.	 Masked multi-head attention: In this layer, the model 
focuses on different parts of the input sequence to gen-
erate predictions. The “masked” aspect ensures that the 
model only considers previous words when predicting 
the next word in a sequence, which is essential for text 
generation tasks.

e.	 Add & norm (add and normalize): This layer applies 
residual connections (adding the input of the layer to its 
output) followed by normalization. This process stabi-
lizes and speeds up the training process by preventing 
the vanishing or exploding gradient problem, ensuring 
the model learns effectively.

a.	 Nigerian Pidgin text inputs: This component repre-
sents the raw Nigerian Pidgin text data that is fed into 
the model. It is the initial input that undergoes various 
transformations throughout the architecture to generate 
meaningful outputs.

b.	 Input embedding: The input text is transformed into 
dense vectors (embeddings) in this layer. These embed-
dings are numerical representations of the input words 
or tokens, capturing their semantic meaning in a high-
dimensional space. This is crucial for enabling the 
model to process and understand the text.

c.	 Nigerian Pidgin positional encoding: Since trans-
former models do not inherently understand the order 
of tokens, positional encoding is added to the embed-
dings to provide information about the position of each 

Fig. 1  Architecture of the transformer based text generation for Nigerian pidgin
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tokens the model can use, thereby managing computa-
tional efficiency and ensuring relevant text generation.

c.	 Formatting: Text formatting is handled through prepro-
cessing steps that clean and prepare the data before it is 
fed into the model. This includes removing non-alpha-
numeric characters and converting text to lowercase, 
ensuring that the generated text adheres to expected for-
matting norms.

d.	 Neural networks: The core of the text generation pro-
cess involves GPT-2, a neural network-based trans-
former model. Unlike simpler statistical models, GPT-2 
leverages deep learning to understand and generate text 
based on complex patterns and dependencies learned 
from extensive datasets (Pandey, 2024).

e.	 Prompt design: Effective prompt design (prompt engi-
neering) is crucial for guiding the model’s output. The 
prompts used in this text generation process are care-
fully crafted to elicit desired responses from the model. 
This involves designing prompts that provide clear con-
text and direction, ensuring the generated text meets 
specific requirements and objectives (Pandey, 2024).

3.3  Process workflow

In this section, the workflow which includes data collection, 
data preprocessing, feature engineering, model training/
fine-tuning, and model evaluation is presented (see Fig. 2).

3.4  Data collection

The dataset used for this research was acquired via Twit-
ter which is a popular social media platform and publicly 
available datasets referred to as the castorini/afribertacor-
pus, accessible on the Huggingface website’s datasets sec-
tion. The primary source of textual data was the castorini/
afriberta corpus. The Twitter API provided access to Twit-
ter’s vast data repository particularly BBCPidgin, allowing 
for the collecting of real-time and user-generated material in 
Nigerian Pidgin. We used pre-existing datasets freely offered 
via the Hugging Face website, a centre for natural language 
processing tools, in addition to Twitter data. These datasets 
presented unique challenges due to the various types and 
degrees of linguistic noise. This combination allowed us to 
create a broad and complete corpus by combining real-time 
Twitter posts with selected text sources.

3.5  Data preprocessing

To prepare it for model training, the obtained textual data 
underwent considerable preprocessing. Tokenization and 
lemmatization were part of the preparation workflow. 

f.	 Feed forward: After the attention mechanism, the data 
passes through a feed-forward neural network. This net-
work further processes the information and helps the 
model capture complex patterns and relationships in the 
text.

g.	 Multi-head attention: Similar to the masked attention 
layer, but this time, the model can attend to any part 
of the input sequence. It allows the model to consider 
different parts of the sequence simultaneously, captur-
ing relationships between words that are far apart in the 
text.

h.	 Output embedding: This layer converts the processed 
data back into a dense vector format, which can then be 
used to generate the final output sequence. It essentially 
reverses the input embedding process but in the context 
of generating text.

i.	 Nigerian Pidgin positional encoding (for output): 
Positional encoding is again applied here to ensure 
that the order of generated tokens is taken into account 
when producing the output sequence. This maintains 
the coherence and grammatical structure of the gener-
ated text.

j.	 Linear transformation: This is a simple linear transfor-
mation applied to the output embeddings before gener-
ating the final predictions. It maps the high-dimensional 
embeddings back to the vocabulary space, preparing the 
data for the final SoftMax layer.

k.	 SoftMax: The SoftMax function is applied to the output 
of the linear layer to convert the raw scores into prob-
abilities. These probabilities represent the likelihood of 
each token in the vocabulary being the next word in the 
sequence.

l.	 Output probabilities: The final output of the model 
is a set of probabilities for each possible word in the 
vocabulary. The word with the highest probability is 
selected as the model’s prediction for the next word in 
the sequence.

3.2  Rules of text generation

a.	 Length limits: In this text generation process, inputs 
and outputs are by setting specific length constraints. 
This is achieved through parameters such as max_length 
for text generation and block_size for data preparation. 
These constraints ensure that the generated text remains 
within practical and manageable limits (Li et al., 2024).

b.	 Vocabulary restrictions: The text generation model 
relies on a predefined managed vocabulary that is estab-
lished during the tokenization phase. This vocabulary is 
crucial for the model’s operation, as it defines the set of 
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a fixed-size window across the tokenized and lemmatized 
data. Furthermore, particular care was taken to create atten-
tion masks that highlight the places of real tokens in a given 
sequence while masking out padding tokens. This allowed 
the model to concentrate solely on the relevant information, 
which was important to the training process’s success.

3.7  Model training/fine-tuning

The pre-processed datasets were used for training and fine-
tuning our transform-based model. GPT-2 was used as the 
starting point for transfer learning approaches. GPT-2, a 
cutting-edge language model, was pre-trained on a massive 
corpus of text spanning several languages and disciplines.

On the Nigerian Pidgin datasets, we fine-tuned this model 
by changing its weights to our particular linguistic environ-
ment, allowing it to create coherent and contextually mean-
ingful Nigerian Pidgin text. About 161,842 Nigerian Pidgin 
tweets were gotten from castorini/afriberta-corpus on the 
hugging face website, while over 200,000 tokens were used 
for fine-tuning for 100 epochs. An increase in the quality 
of text was observed at a temperature of 0.7. We applied 

Tokenization was used to separate the raw text into indi-
vidual tokens or words while maintaining the grammatical 
structure of Nigerian Pidgin phrases. Lemmatization, on the 
other hand, sought to reduce terms to their base or diction-
ary form, reducing dataset dimensionality and guaranteeing 
vocabulary consistency. Stopword removal was carried out 
on the data to remove unwanted noise and special charac-
ters which are irrelevant and unneeded. We utilized about 
15,744 words and 2249 unique words. These pretreatment 
measures were critical in reducing the issues given by 
Nigerian Pidgin’s informal language usage, slang, and non-
standard orthographic variances. This will make the model 
to discover significant patterns and create cohesive text by 
transforming the data into a structured and standardized 
format.

3.6  Feature engineering

In this case, feature engineering is essentially related to the 
creation of input features sufficient for training our trans-
former-based model, namely GPT-2. As input, the model 
needed token sequences, which were produced by sliding 

Fig. 2  Sequence diagram of the transformer based text generation for Nigerian pidgin
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2023). These metrics often rely on n-gram matching, which 
may not align with the unique syntactic and lexical prop-
erties of such languages, leading to discrepancies between 
automated scores and human judgments. Perplexity, while 
useful for evaluating language model performance, can also 
be misleading when applied to low-resource languages due 
to limited training data and vocabulary coverage. As high-
lighted by Lee et al. (2023) and Al-Khalifa et al. (2024), the 
effectiveness of automated metrics is context-dependent, 
and their ability to accurately reflect translation or genera-
tion quality varies across different languages and domains. 
Table  shows the initial evaluation of the model.

From Table 1, we obtained a perplexity score of 43.26 
which suggests that the model was not so certain in its pre-
diction. This could be due to the limited size of the train-
ing data. A lower perplexity is an indication of a better 
prediction. For the BLEU metric, the average score of 0.15 
indicates that the generated text is not too similar to the ref-
erence text.

Further tests were carried out to examine the impact of 
increasing the finetuning duration and training data size. As 
demonstrated in Table  2, increasing the finetuning period 
from 50 to 100 epochs reduced Perplexity from 46.72 to 
43.66 while increasing BLEU from 0.02 to 0.08. Simi-
larly, extending the dataset from 100,000 to 200,000 tokens 
reduced Perplexity further to 43.26 and improved BLEU to 
0.15, suggesting that more data and training time enhance 
model performance. Additionally, when the evaluation was 
performed using a variable target reference length, Perplex-
ity showed a slight increase (47.12 to 43.56) compared 
to the fixed-length evaluation, indicating slightly higher 
uncertainty. However, BLEU scores significantly improved, 
reaching 0.56 when the model was trained with 200,000 
tokens over 100 epochs, underscoring the importance of 
aligning the length of generated text with the reference tar-
get for better performance.

techniques such as gradient clipping, adaptive learning rate 
scheduling, and early stopping to aid in fine-tuning, model 
convergence, and stability. We tweaked the model’s hyper-
parameters to increase its performance; the hyperparameters 
are the maximum sequence length (max length) parameter, 
number of return sequences and temperature. The max 
length hyper-parameter controls the maximum length of 
generated sequences, and the number of sequences param-
eter generates multiple diverse outputs enhancing robust-
ness and creativity. Lastly, the Temperature hyperparameter 
regulates the randomness of word selection which improves 
the model’s fluency and versatility.

3.8  Model evaluation

The effectiveness and quality of our Transformer-based text 
generation model for Nigerian Pidgin was extensively eval-
uated as part of this project. Perplexity scores and BLEU 
scores were used as evaluation measures.

Perplexity scores evaluated the model’s ability to pre-
dict the next token in a sequence, giving details about its 
language comprehension and generation abilities. BLEU 
scores test the model’s fluency and coherence in contrast to 
human-produced Nigerian Pidgin by measuring the similar-
ity between generated text and reference texts. It is impor-
tant to note that the model was finetuned for 100 epochs, 
while over 200,000 tokens were utilised. We conducted 
additional experiments to examine the effect of increasing 
the finetuning duration and training data size. We started 
finetuning from 50 to 100.

4  Result and discussion

We discuss our model’s performance focusing on the quanti-
tative metrics and qualitative insights gained from the eval-
uation. A publicly available dataset derived from the work 
of Ogueji et al. (2021) termed the Afriberta-corpus which is 
available on GitHub and Hugginface was employed for fine-
tuning the GPT-2 model. The training data made up of over 
200,000 tokens was used to finetune the GPT2 pretrained 
model for 100 epochs. The evaluation was carried out with 
Bleu and Perplexity as the evaluation metrics. Although the 
limitations of BLEU and Perplexity in assessing text gen-
eration accuracy for low-resource languages are notable. 
Automated metrics like BLEU were initially designed to 
evaluate translation systems and may not fully capture the 
quality of text generated in low-resource languages. For 
instance, BLEU scores can overestimate the performance 
of statistical models compared to rule-based ones and may 
fail to account for linguistic nuances or variations inherent 
in low-resource languages (Babych, 2014; Mokander et al., 

Table 1  The evaluation score for the Model
Evaluation Metric Score (Fixed text length)
Perplexity 43.26
BLEU 0.15

Table 2  Effect of increased epochs and Training data on evaluation 
Metrics
Metric 50 Epochs, 

50 K Tokens
100 
Epochs, 
100 K 
Tokens

100 
Epochs, 
200 K 
Tokens

Perplexity (Fixed-Length) 46.72 43.66 43.26
BLEU (Fixed-Length) 0.02 0.08 0.15
Perplexity(Variable target) 47.12 43.96 43.56
Bleu(Variable Target) 0.21 0.38 0.56
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However, the results, suggest that both dialects remain 
challenging for language models to process effectively. 
Although Groenworld et al. (2020) utilized BLEU and 
ROUGE, with a ROGUE score of 0.81, the authors did not 
utilise the Perplexity metric, our Perplexity score is 43.56. 
The results indicate that these non-standard English varia-
tions, including AAVE and Nigerian Pidgin, present similar 
difficulties in predicting the next token, suggesting consis-
tent challenges across these non-standard English varieties. 
The comparison is presented in Fig. 3.

Although the accuracy and quality of text generated are 
not of the standard intended, the finetuning duration and 
substantial training data offer promise for capturing lan-
guage patterns. This demonstrates the model’s potential and 
provides a foundational framework for future research in 
this area, offering insights and opportunities for improve-
ment. In the future, Few-shot learning is essential for pick-
ing up on linguistic nuances and model performance can be 
improved by fine-tuning on the small Nigerian Pidgin data-
set. Although not optimal due to English bias, Bleu and Per-
plexity were employed as temporary standards, highlighting 
the necessity for customized metrics in future evaluations. 
Overall, the model can be said to be conclusively successful 
in generating Nigerian Pidgin text.

5  Conclusion and further work

In this study, we addressed the pressing need for the cre-
ation of a transformer-based text production model for 
Nigerian Pidgin, a widely spoken language in West Africa. 
Nigerian Pidgin deserves more attention, especially in the 
fields of text production and natural language processing. 
This restriction serves as a problem for generative AI tech-
nology or AI-assisted creative writing, formal publications, 
and blog posting. Our research aimed to close this gap and 
enhance the utility of Nigerian Pidgin across domains such 
as business, entertainment, social media, and machine trans-
lation. The overall goal of this research work is to develop a 
transformer-based text generation for Nigerian Pidgin that is 
coherent and linguistically accurate. To achieve this, we lev-
eraged pre-trained transformer models and built a language 
model that was tested and evaluated. We were able to collect 
and preprocess Nigerian Pidgin texts. In addition, we built 
a model utilizing the GP2 pre-trained model for fine-tuning. 

A good Perplexity score is typically lower, indicating 
higher certainty in the model’s predictions, while a good 
BLEU score is higher, reflecting closer similarity to the ref-
erence text. Perplexity doesn’t require a reference text but 
is affected by the `max_length` function in GPT-2, which 
determines the number of tokens the model is to generate. 
Table 3 presents the sample of generated text based on the 
input.

From Table 3, each generated text begins with the prompt 
given to the model. It is good to note that the reference tar-
get is only applicable to BLEU for evaluation as perplexity 
does not require a reference target.

We compared our Perplexity and BLEU scores with those 
found in a study on African American Vernacular English 
(AAVE) by Groenwold et al. (2020) to put the performance 
of our model in perspective (see Table 4). As with our work 
with Nigerian Pidgin, their study demonstrated the difficul-
ties in utilising GPT-2 to generate text in a non-standard 
English dialect.

The BLEU score for AAVE was much lower than the 
BLEU score for Standard American English (SAE), with 
AAVE achieving a BLEU score of 0.26. Our Nigerian Pid-
gin model, with a BLEU-1 score of 0.56, performs better. 

Table 3  Sample of generated text based on the input
Evaluation prompt Reference Target Generated Text
I chop food sotay belle full, I no fit chop again. I chop food sotay belle full, I no fit chop again; I just 

find space siddon make I rest small.
I chop food sotay belle full, I no fit 
chop again. correct guy wey sabi dey

I tell them say I no go fit come, dem talk say e 
go dey alright

I tell them say I no go fit come, dem talk say e go dey 
alright; dem say make I nor worry, dem go hold my 
own

I tell them say I no go fit come, dem 
talk say e go dey alright. bros abeg 
fit follow go

Table 4  Comparative scores for perplexity and BLEU
Metric Current Study Groenwold et al. (2020) (AAVE)
Perplexity 43.56 N/A
BLEU 0.56 0.26
Rogue N/A 0.81

Fig. 3  Comparison of BLEU, ROUGE, and perplexity for pidgin Eng-
lish and AAVE

 

1 3

1035



International Journal of Speech Technology (2024) 27:1027–1037

outputs, offering a more nuanced understanding of how well 
a text generation model preserves the integrity of entity rec-
ognition and categorization. This approach is especially cru-
cial in low-resource settings, where limited training data can 
hinder a model’s ability to correctly identify and classify 
entities. NER could thus enhance the robustness of evalua-
tions by providing a detailed analysis of the model’s perfor-
mance in generating contextually accurate text.
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