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Abstract. Pretraining language models for low-resource languages poses
significant challenges due to scarce and poor-quality data, a lack of com-
prehensive evaluation benchmarks, and often limited computational re-
sources. Research on compute-optimal language modeling typically fo-
cuses on scaling up decoder language models efficiently for high-resource
languages. While some studies have investigated the down-scaling of en-
coder language models for low-resource languages, they often prioritize
optimizing for computational constraints rather than pretraining text
volume constraints. We address this research gap by analyzing the scal-
ing behaviors of encoder language models which use the Replace Token
Detection (RTD) and Masked Language Modeling (MLM) objectives un-
der limited pretraining text volumes.
By downsampling three different high-resource languages (English, French,
Korean) and two low-resource languages (Xhosa and Swahili), we sim-
ulate varying degrees of data scarcity and evaluate downstream perfor-
mance using established benchmarks such as the GLUE benchmark for
English, FLUE for French, KLUE for Korean, and MasakhaNEWS for
Xhosa and Swahili. Our findings demonstrate that optimal MLM ac-
curacy scales logarithmically with increasing pretraining text volume
across these diverse languages. Additionally, our results show that RTD
models consistently outperform MLM models in low-resource scenarios,
achieving superior downstream performance with pretraining text vol-
umes smaller than 1000MB for downsampled high-resource languages.
However, we find that RTD performs worse than MLM for Xhosa and
Swahili. We also find that dynamic masking significantly improves MLM
accuracy in these settings. Furthermore, our results show that smaller
models are more effective for smaller pretraining text volumes, highlight-
ing the importance of adjusting model size according to data availability
in order to maximize performance and efficiency.

1 Introduction

Recent work on compute optimal language modeling has enabled researchers to
train better performing large language models (LLMs) while minimizing compu-
tational requirements. Notable studies such as Hoffmann et al. [11] and Kaplan
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et al. [13] have established guidelines for optimizing resource allocation based
on data and computational constraints. While research on optimizing large-scale
language model training often produces relevant findings that are applicable to
low-resource settings, these studies are primarily concerned with efficiently scal-
ing up models [13,11,18].

Researchers that focus on low-resource languages typically face more severe
resource constraints, such as restricted computational resources and a lack of
good-quality textual data, which led to an increased focus on more efficient
models or methods. Various approaches have been explored to improve the
pretraining efficiency of language models, including language specific model or
data augmentation [19,22,17], improvements to the attention mechanisms [12,9],
and the use of more efficient pretraining objectives. Among these, the choice
of pretraining objective is particularly significant. For example, BERT-base [6]
which is trained using the Masked Language Modeling (MLM) task was able
to significantly outperform GPT [21], which was trained using Causal Language
Modeling (CLM), on the General Language Understanding Evaluation (GLUE)
benchmark [26]. Furthermore, the Replace Token Detection (RTD) objective
proposed by Clark et al. [3] specifically emphasizes pretraining efficiency, with a
RTD model obtaining results comparable to a MLM model with only 1/4 of the
compute resources.

More efficient training objectives may lead to more advantageous scaling
behaviors in lower-resource settings when both compute and data volumes are
limited. However, research on compute optimal pretraining often focuses solely
on CLM models. A handful of studies have, however, explored the scaling be-
havior of MLM models in low-resource settings. Notably, Urbizu et al. [24] and
Deshpande et al. [5] identified a significant divergence from the original scaling
laws proposed by Hoffmann et al. [11] and Kaplan et al. [13] when applied to
encoder models in low-resource settings. These findings suggest that the estab-
lished scaling laws may not be directly applicable to encoder models trained
using limited data volumes.

With this paper, we provide insights and information useful for making in-
formed model decisions during the development of efficient low-resource language
models, emphasizing strategies to overcome computational barriers. To this end,
we analyze the scaling behaviors of encoder language models in low-resource
settings. However, pretraining low-resource language models presents several
challenges, including the large computational requirements, limited pretrain-
ing data, data quality issues, and limited evaluation datasets. Similar to prior
work [28,5,16,24], we circumvent the lack of quality pretraining data and com-
prehensive downstream benchmarks for low-resource languages by downsampling
high-resource languages. More specifically, we downsample three languages indi-
vidually, namely English, French, and Korean, since they have distinct linguistic
characteristics and comparable downstream benchmarks. This methodology al-
lows us to simulate the data scarcity of low-resource languages while allowing
us to evaluate downstream performance using established benchmark datasets
such as the General Language Understanding Evaluation (GLUE). Furthermore,
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we evaluate the scaling behaviors of two pretraining objectives, namely, Replace
Token Detection (RTD) and Masked Language Modeling (MLM). To further val-
idate our findings, we also downsample actual low-resource languages, Swahili
and Xhosa, and evaluate the resulting models on the MasakhaNEWS [1] down-
stream dataset.

Similar to previous work that shows a smooth power law relationship between
optimal model performance and CLM validation loss [13,11,18], we find that
MLM accuracy scales logarithmically as pretraining text volume is increased for
optimally trained BERT models. We define “optimal models” as the model which
achieves the best performance for a given pretraining text volume, considering
both the model size and the number of pretraining steps. Our analyses indicate
that this logarithmic scaling property generalizes across five diverse languages as
text volumes increase. Consequently, the optimal models identified in this paper
can be directly used by language modeling practitioners when pretraining future
low-resource language models without the need to execute costly experiments to
find the optimal model parameters for their use case.

Additionally, our results highlight the importance of selecting the appropri-
ate pretraining objective when training in low-resource settings. While the more
efficient RTD pretraining objective generally leads to improved downstream per-
formance for downsampled high-resource languages, the more commonly used
MLM objective performs best for downsampled low-resource languages. Specif-
ically, for models trained with less than 1000MB of English, French, or Korean
pretraining data, the more compute efficient RTD objective outperforms equiv-
alent MLM models in most downstream tasks. However, for low-resource lan-
guages, such as Xhosa and Swahili, we observe the opposite trend with MLM
models consistently outperforming RTD models on the MasakhaNEWS dataset.
Furthermore, we find that MLM improvements such as dynamic masking are
effective in lower-resource settings. For example, we find that a BERT model
which uses dynamic masking is able to achieve better results for some down-
stream tasks compared to the original BERT while using almost two orders of
magnitude less input data.

2 Related Work

2.1 Scaling Language Models

Language models have improved rapidly in recent years, driven primarily by
increases in model sizes, the amount of training data used, and the available
compute. As a result, to train competitive models nowadays requires significant
computational resources which makes it increasingly difficult for researchers to
study and small organizations to experiment with LLMs. Many approaches exist
that attempt to identify optimal scaling strategies to train larger and better
performing language models under constrained resources scenarios [13,11,18],
which may guide researchers to more efficiently pretrain future models.

Kaplan et al. [13] conducted the first study on compute optimal LLMs and
found a power law relationship between the number of parameters within a
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language model and its test loss. They found that for every 10 fold increase in
compute, the number of training tokens should be increased by a factor of 1.8
and model size should be increased by a factor of 5.5. Additionally, Kaplan et
al. [13] found that models trained until convergence are not compute optimal.
Alternatively, Hoffmann et al. [11] argue that the recommendations created by
Kaplan et al. [13] result in significantly undertrained models and suggest that
model size and number of training tokens should be scaled equally. They show
the efficacy of this scaling behavior prediction by training Chinchilla, a model
which is able to significantly outperform Gopher, a 280 billion parameters LLM,
by training on 4 times more data while using a similar amount of compute and
1/4 the number of parameters. More recently Muennighoff et al. [18] noted that,
according to the scaling law proposed by Hoffmann et al. [11], the current trend
of rapidly increasing sizes of LLMs will soon lead to a demand for training data
volumes exceeding the total amount of publicly available text. In light of this
issue, they analyzed the effect of training language models for multiple epochs,
rather than the single epoch which has become standard practice for LLMs.
They found that the loss of a model trained once on a full training dataset is
similar to that of a model trained for 4 epochs on 1/4 of the training dataset.
Consequently, they recommend training for multiple epochs to extract a higher
quality signal from the data. However, they also observe that the improvements
obtained by training for additional epochs eventually reduces to zero.

Instead of following the prevalent trend of expanding decoder models, Desh-
pande et al. [5] assessed the efficacy of pretraining encoder models using the
MLM training objective at a smaller scale. To better analyze the impact of pre-
training smaller models, they reduced the languages’ complexity by filtering out
pretraining data that contains words outside of a simplified child-directed speech
corpus. They find that models with as few as 1.25M parameters benefit from pre-
training. Additionally, they observed a discontinuity in the FLOPs-perplexity re-
lationship, with a sudden shift in the exponent value in the low-compute region,
diverging from previous scaling law observations.

Urbizu et al. [24] also study the scaling behaviors of MLM models for low-
resource scenarios. Instead of training on simplified English, they trained multi-
ple monolingual models across four languages, namely Basque, Spanish, Swahili,
and Finnish. Despite employing the more efficient MLM objective and training
for multiple training epochs, compared to a single-epoch and the CLM objec-
tive approach used by Hoffmann et al. [11], they conclude that compute optimal
models require larger data volumes than what is suggested by the scaling laws
created by Hoffmann et al. [11]. The work by Urbizu et al. [24] and Deshpande
et al. [5] reveals that the conventional scaling laws, while instrumental in guid-
ing the development of large decoder models, may not be fully applicable for
optimizing encoder models in low-resource settings.

2.2 Pretraining objective

CLM is an unidirectional pretraining objective which learns from text data by
incrementally predicting next tokens based on previous tokens within a context
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[21]. Although this objective is effective for training models that generate text,
models trained using CLM can only learn using prior tokens, effectively ignoring
signals from later tokens. This objective is used to train decoder models such as
GPT [21], which was the state-of-the-art model at the time. CLM-based models
remain the most often used LLMs for evaluating the scaling behaviors [13,11,18].

Devlin et al. [6] introduced Masked Language Modelling (MLM), a deeply
bidirectional objective that enables every token to attend to all other tokens in
a sequence. This objective was used to pretrain BERT, an encoder model that
outperforms GPT on various language understanding tasks in the GLUE bench-
mark. Devlin et al. [6] believe that the deeply bidirectional nature of the MLM
objective is the reason for the improved performance on language understanding
tasks.

Clark et al. [3] introduced the more efficient Replace Token Detection (RTD)
objective with the ELECTRA model. In the RTD objective, randomly selected
tokens are substituted with closely matching generated alternatives. ELECTRA
is then tasked with determining whether each token was generated or was part
of the original input sequence. Unlike BERT, which predicts the identity of 15%
of tokens, ELECTRA has to determine the correctness of every token. Clark et
al. [3] studied the impact of the RTD compared to MLM pretraining objective
using the same model size, data volume, and compute budget and found that
ELECTRA substantially outperforms BERT on GLUE. They argue that the
enhanced performance is primarily due to the increased number of decisions
made per sequence in the RTD compared to the MLM task.

2.3 Multilingual models

Multilingual models such as mBERT [6] and XLM-R [4] have emerged as a viable
options for improving performance for low-resource languages by leveraging the
shared linguistic features of multiple languages. These models are pretrained
on diverse sets of languages, enabling them to transfer knowledge from high to
low-resource languages, thus improving performance in multilingual contexts.

Language-specific performance of multilingual models can be further im-
proved with continual pretraining, by further training a pretrained multilingual
model on a specific language or set of languages to adapt it more closely to the
target languages. For instance, AfroXLM-R [2] was continually pretrained using
an XLM-R model on 17 African languages. This approach allows the model to
retain general language knowledge while also refining its performance on specific
languages.

3 Methodology

3.1 Language sampling

In contrast to most studies that analyze scaling behaviors of language models, we
pretrained models on multiple diverse languages individually, namely English,
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French, and Korean. English and French have similar scripts and a significant
overlap in vocabulary [8], while Korean differs significantly in both vocabulary
and language symbols. This diversity allows us to evaluate whether language
characteristics affect the scaling behavior of language models or whether lan-
guage independent patterns may be found. Additionally, we extend our analysis
to include two low-resource languages, namely, Xhosa and Swahili.

We sampled seven data volumes ranging from 2M to 200M tokens from the
mC4 [27] and Oscar [20] text corpora. The specific data volumes are 12MB,
25MB, 50MB, 100MB, 250MB, 500MB, and 1GB, which results in 7 distinct data
volumes for both mC4 and Oscar.1 Our sampling strategy involved splitting the
entire common crawl datasets into 1MB chunks and randomly selecting chucks
until the desired data volume was reached. The 100MB-1GB volumes represent
the amount of data commonly found for low-resource languages in the common
crawl dataset. For instance, Samoan has 245MB of textual data and Lao has
641MB. Furthermore, these volumes align with the 10 million to 100 million
words which Zhang et al. [28] suggest could enable language models to reliably
acquire syntax comprehension capabilities. The smaller 12MB-50MB volumes
represent the volumes that can be obtained when scraping several websites.
While Zhang et al. [28] argue that these volumes might not be adequate for
RoBERTa-base [15] models to learn syntax, we examine if smaller models or the
RTD objective can better enable syntactical learning from these volumes.

3.2 Model Scaling

We assess the scaling behavior of two distinct model objectives: RTD and MLM.
For each objective, we trained two dedicated model sizes. In addition, we also
included the MLM generators from each RTD model which results in a total
of four MLM models: BERT-xsmall (3M), BERT-small (12M), BERT-medium
(40M), BERT-base (110M) and two RTD models: ELECTRA-small (12M) and
ELECTRA-base (110M). To assess the benefit of additional pretraining com-
pute, we evaluated both the pretraining and fine-tuning performance of model
checkpoints at specific training steps of 20 000, 100 000, 300 000, as well as the
final fully-trained model.

3.3 Pretraining

We pretrained all models using the standard base and small pretraining hyper-
parameters, while for the generators we used the hyperparameters outlined by
Clark et al. [3]. However, to reduce computational requirements, we decreased
sequence lengths from 512 to 128 which reflects the computational limitations
faced by many practitioners who train on low-resource languages.

To evaluate the pretraining performance of our model checkpoints we held
out 5MB of pretraining text as a validation set for each language. We use MLM
1 Only mC4 contains sufficient Swahili and Xhosa text. For Xhosa, we only sampled

up to 100MB as the total available text volume is less than 250MB.
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Fig. 1. Contour plots of the MLM accuracy of models using varying amounts of epochs
and parameters. Each subplot shows the performance of 16 model checkpoints trained
with specific data volumes of English Oscar text.

accuracy when evaluating BERT models and RTD accuracy for ELECTRA mod-
els. MLM accuracy corresponds with the number of times the model correctly
predicts masked words in a text, while RTD accuracy corresponds with the
number of times the model correctly identifies replaced tokens. We determine
the optimal model for each pretraining text volume by selecting the model which
has the best pretraining performance across all models sizes and checkpoints.

3.4 Fine-tuning

We evaluated the language understanding performance of each model by fine-
tuning them on specific language understanding tasks. For English, we used the
Generalized Language Understanding Evaluation (GLUE) benchmark which in-
cludes a wide variety of classification tasks including linguistic acceptability
(CoLA), sentiment classification (SST-2), sentence similarity (STS-B), para-
phrase identification (MRPC), and textual entailment (RTE).

We also used tasks from the Korean and French GLUE alternatives, named
KLUE and FLUE respectively. Specifically, we evaluated our French and Korean
models using the paraphrase identification (PAWS-X) and textual entailment
(NLI) tasks, respectively. For Xhosa and Swahili we evaluated the downstream
performance using the MasakhaNEWS news topic classification datasets.

When fine-tuning both RTD and MLM models, we applied the model size-
dependent hyperparameters outlined by Clark et al. [3]. Tables 1 and 3 in the
Appendix give all relevant hyperparameters for pretraining and fine-tuning, re-
spectively. Additionally, Section 5.1 details our hyperparameter tuning process.
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4 Results

4.1 Pretraining Results

In our analysis “optimal model” refers to the model that achieves the best perfor-
mance for a given pretraining text volume, taking into account both the model
size and the pretraining step count. Figure 8 depicts the increase in the number
of times input data is reused as training duration increases. From this figure, we
can see that the optimal BERT-base models reuse the input data between 1 000
and 10 000 times, independent of the input text volume available. Furthermore,
Figure 1 shows the MLM validation performance of our English models when
varying both the size of models and number of training epochs. From these plots,
we observe that the optimal model MLM performances are generally obtained
after 5 000 epochs but only when the chosen model size is not too large for the
pretraining text volume. This contrasts with recent research findings on scal-
ing decoder language models which suggest that training for more than several
epochs may be computationally wasteful [18]. Furthermore, these results also
do not agree with other work that recommends against the reuse of data when
pretraining models [10]. Although many well-known encoder models are trained
for hundreds of epochs [6,3,15], it is typically not recommended to repeat data
thousands of times.

Figure 2 gives the optimal model MLM validation accuracy achieved over
increasing pretraining text volumes for the three different languages as well as
the different common crawl datasets sampled for the pretraining text. When
comparing models that are trained using mC4 and Oscar, we do not observe any
significant performance differences. Furthermore, we observe similar data scaling
improvements across all three languages, with the optimal model performance
of each language improving by approximately 25 percentage points between our
smallest and largest text volumes.

Regarding optimal model sizes, the results show that models with 12M pa-
rameters perform the best for text volumes smaller than 50MB. As the pretrain-
ing text volume increases, larger models with greater capacity tend to perform
better. Accordingly, for text volumes between 50MB and 100MB, 40M models
are preferred, while base-sized models (110M) achieve the highest accuracy for
text volumes larger than 100MB. These optimal model sizes seem to generalize
well across the different languages and pretraining datasets.

To determine the relationship between pretraining text volumes and opti-
mal model performance, we adopted a similar approach to Deshpande et al. [5].
Specifically, we fit the data to a logarithmic function of the form y = a log(x)+b
and found that for each pretraining dataset, the optimal model MLM perfor-
mance scales logarithmically with R-squared values of over 0.96. See Figure 6
and Table 4 in the Appendix for the fitted logarithmic curves and the fitted
parameters.
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Fig. 2. The optimal model MLM accuracy for increasing pretraining text volumes. The
line color and style respectively indicate the target language and common crawl dataset
sampled for the pretraining text. The marker type shows the optimal model size for
the corresponding pretraining data volumes.

4.2 Fine-tuning results

Figure 3 shows the downstream paraphrase identification (MRPC) performance
of the same English models considered in Figure 1. We observe that the exact
model checkpoints which obtain the best pretraining performance did not nec-
essarily perform the best when fine-tuned. However, similar performance trends
as in Figure 1 can be seen when the model size, compute, and pretraining text
volumes are increased.

A mismatch between pretraining and fine-tuning is not uncommon. Tay et
al. [23] also observed that pretraining performance can be a misleading indicator
of downstream performance. Conversely, Deshpande et al. [5] found that there
is a strong correlation between pretraining and fine-tuning performance when
training BERT models in low-resource settings. Alternatively, the inherent vari-
ability of fine-tuning performance can distort results [7].

Clark et al. [3] find that ELECTRA models are significantly more compute-
efficient than BERT models. In Figure 4, we compare the sample efficiency of
differently-sized ELECTRA and BERT models by indicating the downstream
MRPC performance of several pretraining checkpoints (20 000, 100 000, 300 000,
and fully trained) and the corresponding FLOPs used. ELECTRA and BERT
models’ performances are shown in blue and red respectively. Although ELEC-
TRA uses more FLOPs per pretraining step due to the addition of the models’
generator component, it consistently outperforms BERT across almost all data
volumes for both small and base-sized models under similar compute constraints.
We also observe that small models generally achieve better performance per
FLOP for both ELECTRA and BERT. However, this could be due to the char-
acteristics of the MRPC dataset and might not be generally true. Notably, the
fully-trained ELECTRA-small checkpoints exhibit the best performance across
most data volumes. ELECTRA-small trained on only 100MB of pretraining data
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Fig. 3. Contour plots of the downstream MRPC accuracy of models using varying
amounts of epochs and parameters. Each subplot indicates the performance of 16 model
checkpoints trained using different pretraining text volumes of English Oscar text.

manages to outperform BERT-base by Devlin et al. [6], which was trained on
16GB of text.

Figure 5 shows the downstream performance obtained by the English ELEC-
TRA and BERT models across 5 different English downstream tasks. We observe
that ELECTRA consistently and significantly outperforms BERT across STS-
B (sentence similarity), RTE (textual entailment), CoLA (grammatical accept-
ability), and MRPC (paraphrase detection). Moreover, the optimal ELECTRA
model trained on 100MB of pretraining data outperforms the optimal BERT
model trained on 1000MB of text for three tasks (STS-B, RTE, MRPC). How-
ever, for sentiment classification (SST-2) BERT marginally outperforms ELEC-
TRA.

We also find that our models outperform the original BERT-base [6] on both
SST-2 and MRPC, while for STS-B the ELECTRA models obtain performances
similar to BERT-base. These results indicate both the range of expected perfor-
mance that can be achieved with limited text volumes as well as the improvement
gains that can be obtained with more efficient model architectures such as RTD
and dynamic masking.

In terms of model size for BERT models we find similar tends as in Figure 2
across most tasks, with small models being generally preferred for pretraining
text volumes up to 50MB, 40M parameter models for text volumes between
50-100MB, and base models for text volumes greater than 250MB. However,
smaller BERT models are generally preferred for the RTE downstream task.
These results contradict the findings of Urbizu et al. [24] who observed that
their largest model, a base-sized model, tends to obtain the best downstream
performance even when pretrained using relatively small text volumes of 5M
and 25M tokens. However, they use the same hyperparameters typically used to
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Fig. 4. Downstream MRPC accuracies plotted against the amount of FLOPs used
across different model types (line colour), model sizes (line style), and pretraining step
counts. Each subplot shows the achieved model accuracies when pretrained on different
pretraining text volumes of English Oscar text.

train BERT-base when both pretraining and fine-tuning all their models, which
likely negatively affects the performances of smaller models.

Figure 7 depicts the downstream performance of the low-resource languages,
Xhosa and Swahili. We observe that models pretrained with only 12MB of Xhosa
text data significantly outperform XLM-R-base. Moreover, BERT models trained
on 25MB or more of pretraining text can outperform AfroXLM-R-base. For
Swahili, while BERT models pretrained with a relatively small amount of text
data can surpass XLM-R-base, its performance still falls short of AfroXLM-R-
base.

In contrast to most higher-resource language downstream results, we find that
BERT tends to outperform ELECTRA across all text volumes for Xhosa and
Swahili news classification. This finding aligns with Visser et al. [25], who also
report that BERT outperforms ELECTRA across multiple African languages for
three different downstream tasks, including NER, POS, and news classification.
This discrepancy in performance may be attributed to the poor data quality
of textual data available in common crawl datasets for these languages. Both
Kreutzer et al. [14] and Visser et al. [25] note the low-quality of low-resource
common crawl text, with Visser et al. [25] stating that the majority of sentences
in the Zulu mC4 dataset do not contain common Zulu words.
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Fig. 5. Downstream performance of optimal BERT and ELECTRA models trained
using varying pretraining text volumes. The line colors indicate the used pretraining
objective, while the line style corresponds with the dataset sampled for pretraining.
Each subplot shows the optimal model performances for a specific downstream task.

5 Conclusion

We analyzed the scaling behaviors of BERT and ELECTRA models in low-
resource settings to create practical guidelines for language modeling practition-
ers working with low-resource languages. While Urbizu et al. [24] also evaluate
the scaling laws in low-resource settings, they suggest training with larger text
volumes and larger models, both of which are typically unattainable for low-
resource practitioners. In contrast, we focused on evaluating the optimal model
size and compute requirements for fixed pretraining text volumes.

We found that optimal MLM accuracy scales logarithmically as pretraining
text volume increases. Specifically, BERT models with 12M parameters are op-
timal for text volumes smaller than 50MB, 40M parameter models are preferred
for text volumes between 50MB and 100MB, and 110M parameter models per-
form best for text volumes greater than 100MB. These trends are consistent
across English, French, and Korean, as well as two different pretraining datasets
for each language, suggesting broad applicability of our observations.

We also found that the more efficient RTD objective leads to significantly im-
proved downstream performances across multiple languages and different down-
stream tasks. However, our downstream results for Xhosa and Swahili indicate
that BERT consistently outperforms ELECTRA across all text volumes. These
results emphasise the importance of selecting the appropriate pretraining ob-
jective in low-resource settings. Furthermore, the dynamic masking technique
introduced by Liu et al. [15] further enhances BERT models, allowing it to out-
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perform the original BERT-base [6] in certain downstream tasks while using only
a small fraction of the pretraining text.

Limitations

Due to computational constraints, we only tuned the learning rate using a basic
grid search. More fine-grained and task-specific parameter tuning could result
in clearer scaling behaviors. Future research should validate the generalizability
of our results by evaluating models trained on additional actual low-resource
languages for which appropriate and comparable downstream test datasets exist.
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Appendix

5.1 Fine-tuning Hyperparameters

For fine-tuning, we conducted a grid search over the following learning rate
values:

– Small Models: {2.5e-5, 5e-5, 1e-4, 2e-4}
– Base Models: {5e-5, 1e-4, 2e-4, 4e-4}

We found that base models performed best with a learning rate of 5e-5, while
small models achieved the best results with a learning rate of 1e-4. Additionally,
we used the same hyperparameters for our 3M model as for small models and
for our 40M model as for base models.

Table 1 provides a detailed list of all fine-tuning hyperparameters. The fine-
tuning tasks include CoLA (grammatical acceptability), SST-2 (sentiment clas-
sification), MRPC (paraphrase identification), STS-B (semantic similarity), and
RTE (textual entailment), as summarized in Table 2.
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Table 1. Hyperparameter used when fine-tuning.

Hyperparameter Value

Learning Rate 1e-4 (3M-12M), 5e-5 (40M-110M)
Batch Size 32
Warmup steps 10%
Epochs 3 (GLUE, FLUE, KLUE), 20 (MasakhaNEWS)
Experiment repetitions 3

Table 2. Summary of fine-tuning tasks.

Dataset Description Example
CoLA Is the sentence grammatical or

ungrammatical?
The book was written by John. (grammatical)

SST-2 Is the movie review positive or
negative?

This movie doesn’t care about cleverness, wit or
any other kind of intelligent humor. (negative)

MRPC Is sentence A a paraphrase of
sentence B?

A) The identical rovers will act as robotic geolo-
gists, searching for evidence of past water.
B) The rovers act as robotic geologists, moving on
six wheels. (not equivalent)

STS-B How similar are sentences A and
sentence B from 0 to 5?

A) A man is cutting a potato.
B) A woman is cutting a tomato. (1.25)

RTE Does sentence A entail sentence
B?

A) Sida does not take any new decisions on
support to projects in the Baltic states.
B) Baltic Countries join the EU.
(not entailment)

Table 3. Hyperparameters used when pretraining our various models. We train both
ELECTRA and BERT models using small (12M) and base (110M) hyperparameters,
while the 3M and 40M parameter configurations only correspond with BERT models.

Model Size (Parameters)

Hyperparameter 3M 12M 40M 110M

Number of layers 12 12 12 12
Hidden Size 64 256 256 768
FFN inner hidden size 256 1024 1024 3072
Attention heads 1 4 4 12
Attention head size 64 64 64 64
Generator Size (ELECTRA) N/A 1/4 N/A 1/3
Embedding Size 128 128 768 768
Learning Rate Decay Linear Linear Linear Linear
Warmup steps 10000 10000 10000 10000
Learning Rate 5e-4 5e-4 2e-4 2e-4
Batch Size 128 128 256 256
Pretraining Steps (BERT/ELECTRA) 1M 1M/1.5M 766K 1M/766K
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Fig. 6. Optimal BERT model results with increasing pretraining text volumes on the
left and the corresponding fitted logarithmic curves on the right. The line for Xhosa is
incomplete as the mC4 dataset volume of Xhosa text is less than 250MB.

Table 4. Scaling results for each pretraining dataset of the parameters a and b for the
logarithmic fit y = a log(x) + b along with the R-squared values.

Dataset a b R-squared

English mC4 0.0510 0.3145 0.9642
English Oscar 0.0536 0.2989 0.9706
French mC4 0.0466 0.4361 0.9713
French Oscar 0.0491 0.4363 0.9645
Korean mC4 0.0583 0.2631 0.9747
Korean Oscar 0.0596 0.2619 0.9784
Swahili mC4 0.0546 0.3322 0.9634
Xhosa mC4 0.0798 0.2481 0.9919
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Fig. 7. Downstream performance of optimal BERT and ELECTRA models trained
using varying pretraining text volumes. The different line colors indicate which pre-
training objective was used, while the line style corresponds with the common crawl
dataset sampled for the pretraining text. Each subplot indicates the optimal model per-
formances for a specific downstream task, evaluated using the appropriate task metric.
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Fig. 8. Number of times input data is repeated during training of BERT-base models.
The markers indicate the pretraining step counts at which optimal model performance
is observed when sampled from the English Oscar dataset.

Fig. 9. Contour plots of the MLM accuracy of models using varying amounts of epochs
and parameters. Each subplot shows the performance of 16 model checkpoints trained
with specific data volumes of Swahili mC4 text.
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