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Article history: Transformer-based architectures have significantly advanced Natural Language Processing (NLP),
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for extractive Question Answering (QA). This study aims to evaluate the performance of Indone-
sian BERT models on extractive QA tasks and to identify the most effective model for low-resource
language settings. This research employed a comparative experimental method using two Indonesian
BERT variants: indobert-base-uncased (IndoLEM) and indobert-base-p1 (IndoNLU/IndoBenchmark).
Keywords: Both models were fine-tuned on an Indonesian version of SQuAD 2.0, automatically translated via
the Google Translate API. Answer-span alignment errors caused by translation were corrected using
fuzzy string matching. Evaluation was conducted under identical hyperparameter settings and training
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Fine-tuning;

IndoBERT; schemes, using Exact Match (EM) and F1-score as performance metrics. The results indicate that
Natural Language Processing; IndoLEM achieved superior performance, with better loss convergence and a higher F1-score (71.58)
Pre-training; than IndoNLU (63.59), and the difference was statistically significant (p < 0.001). In conclusion,
Questioning-Answering. IndoLEM is a more effective baseline model for Indonesian extractive QA systems. The findings
also demonstrate that the composition and scale of pre-trained corpora substantially influence model
performance in low-resource language contexts and highlight the importance of transfer learning for
advancing NLP in underrepresented languages.
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1. INTRODUCTION

Recent advancements in natural language processing (NLP) have significantly enhanced the development of question answering
(QA) systems, which aim to automatically extract or generate accurate answers to user queries from large textual datasets [1]. QA
systems are increasingly deployed across domains such as education, healthcare, customer service, and knowledge management [2].
Despite these advancements, achieving seamless and accurate QA remains a challenge. Ambiguities inherent in language, multi-hop
reasoning, domain-specific knowledge retrieval, and ethical considerations in generating reliable answers pose significant obstacles
that researchers and practitioners strive to overcome [3]. The emergence of pre-trained models has revolutionized NLP research by
providing powerful contextual representations learned from massive text corpora. These models leverage transfer learning to adapt
general linguistic knowledge to a downstream task using relatively small, labelled datasets [4, 5].

Transformer-based language models such as Bidirectional Encoder Representations from Transformers (BERT) [6] and Gen-
erative Pre-Training (GPT) [7] have demonstrated significant progress in understanding contextual dependencies and semantic rela-
tionships in text. Several studies have developed QA systems using pre-trained BERT models. Lee et al. [8] proposed BioBERT
as a domain-specific language model to enhance biochemical text-mining tasks. Their model enhances performance in biomedical
NLP tasks, including named entity recognition (NER), relation extraction (RE), and QA. However, BioBERT’s gains stem from
domain adaptation in a high-resource setting, not from solving the fundamental challenges of cross-lingual transfer or resource
scarcity—making it inapplicable to general-purpose Indonesian QA. Similarly, Zheng et al. [9] proposed PAL-BERT, which achieves
efficiency gains by fine-tuning on the English SQuAD dataset. While effective in English, this approach assumes linguistic and
structural compatibility between the source and target languages—an assumption that fails for Indonesian due to differences in mor-
phology, word order, and tokenization. However, none of these studies have examined how differences in pretraining corpora affect
the performance of Indonesian BERT models on extractive QA tasks.

Most transformer-based models have been primarily developed and optimized for high-resource languages such as English;
however, their applicability and performance in low-resource languages remain comparatively underexplored. The original BERT
base model was primarily trained in English, potentially overlooking linguistic structures and nuances specific to languages like
Bahasa Indonesia. To address this limitation, several Indonesian BERT variants have been developed. Koto et al. introduced
IndoBERT, trained on preprocessed Indonesian text comprising over 220 million words [10]. Another notable contribution, IndoNLU,
presented by Wilie et al., established a comprehensive benchmark for Indonesian NLP tasks spanning twelve datasets of varying
domains and complexities, built on top of the Indo4B pretraining corpus comprising approximately 23.4 GB of raw Indonesian text
[11]. These contributions highlight active efforts to strengthen Indonesian NLP, yet systematic comparisons of Indonesian BERT
variants, particularly regarding the influence of their distinct pretraining corpora on QA performance, remain limited.

Although several Indonesian BERT variants have been proposed, systematic empirical evaluations on extractive QA remain
limited, particularly with respect to fine-tuning effectiveness, generalization behavior, and performance comparability. Prior studies
have predominantly emphasized model development or dataset construction, leaving controlled benchmarking underexplored. To
address this gap, this study empirically evaluates two widely used monolingual Indonesian BERT models—indobert-base-uncased
(IndoLEM) and indobert-base-p1 (IndoBenchmark/IndoNLU)—on an extractive QA task using a standardized Indonesian translation
of the SQuAD 2.0 dataset. Both models share identical architectural configurations but differ in the composition of their pretraining
corpora, enabling a controlled analysis of how pretraining data characteristics influence QA performance. Model effectiveness is
assessed using Exact Match (EM) and F1-score metrics, alongside an examination of training and generalization behavior. To the
best of our knowledge, no prior study has conducted a controlled evaluation of monolingual Indonesian BERT models for extractive
QA that jointly incorporates statistical significance testing and systematic error analysis.

This research, entitled “Comparative Analysis of Indonesian Pre-trained BERT Models for Extractive Question Answering Task
on an Indonesian-Translated SQuAD Dataset”, aims to provide empirical evidence on how differences in pretraining corpora shape
model effectiveness in Indonesian QA. Both models were fine-tuned under identical hyperparameters and training configurations to
ensure a fair comparison. Additionally, an extractive QA system was implemented to demonstrate the practical applicability of these
models in real-world scenarios.

2.  RESEARCH METHOD

The research process begins with problem identification, specifically determining a relevant and effective method or language
model for completing the QA task. Developing a language model from scratch requires extensive resources, high computational costs,
and a large dataset. To address these challenges, the author leverages a pre-trained model trained on large-scale data and fine-tunes it
for the specific task. Data preparation encompasses both data collection and preprocessing, starting with gathering a labeled dataset
suitable for the question-answering (QA) task in Figure 1.
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Figure 1. Research Methodology

The text data was then tokenized using the BERT Tokenizer. Furthermore, the pre-trained BERT model, along with its weights
and architecture, is loaded. In this case, the Indonesian BERT base model, IndoBERT, is used. The model fine-tuning process was
performed by adding task-specific layers on top of BERT, typically two linear layers: a start-position layer and an end-position layer,
which predict the answer span’s start and end positions. Then, this model was trained using the Trainer API and/or native PyTorch.
After training, the fine-tuned BERT model was evaluated on a separate test or validation set to assess its performance and compute
relevant evaluation metrics. The model’s weights and architecture are then saved for future inference or deployment. The conceptual
workflow pipeline of the research is illustrated in Figure 2.
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Figure 2. Workflow Pipeline
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Based on the conceptual pipeline workflow, the research methodology follows a four-phase systematic approach. The pro-
cess begins with Data Preparation, where the QA dataset is cleaned, tokenized, and split into training and development sets. The
workflow then proceeds to the Experimental Design phase, in which two Indonesian BERT models—IndoLEM and IndoBench-
mark—are selected and fine-tuned under controlled hyperparameter settings, specifically Batch Size 16 and Batch Size 32. Each
model—configuration pair is subsequently processed through the Fine-Tuning Pipeline, generating corresponding model checkpoints.
All models were fine-tuned using identical hyperparameters to ensure a fair comparative evaluation. Finally, in the Evaluation & Out-
put phase, the performance of each checkpoint is measured using key QA metrics—F1 Score and EM—to enable a comprehensive
comparative analysis and identify the optimal experimental configuration.

2.1. Data Preparation

The Indonesian-translated Stanford Question Answering Dataset (SQuAD) 2.0, provided by Muis et al. [12], was used as the
primary dataset in this study. SQuAD has long been recognized as a benchmark for developing and evaluating question-answering
systems due to its well-structured format, high-quality annotations, and inclusion of both answerable and unanswerable questions
[13]. In their translation process, Muis et al. used the Google Translate API v2 to translate the English SQuAD data into Bahasa
Indonesia, followed by a post-processing step that updated answer texts and their corresponding character positions. To resolve
inconsistencies introduced by translation, they applied fuzzy string matching based on the Levenshtein edit distance, enabling the
system to locate approximate matches whenever direct character alignment was not preserved.

The original Indonesian-translated dataset consists of 85,812 training samples and 8,170 validation samples, all of which are
answerable question—answer pairs. However, additional preprocessing was conducted in this study to ensure that all answer start
indices are correctly aligned with the first character of the annotated answer text. Since SQuAD stores answer annotations as the
answer text and its character-based start location within the context, misalignments can lead to incorrect span extraction during fine-
tuning. Therefore, entries with mismatched indices and text spans were removed. After this cleaning step, the dataset used in this
study contained 85,776 training samples and 7,587 validation samples. Before tokenization, the data needs to be transformed into a
format that is compatible with Hugging Face’s Datasets library. This library simplifies the organization and management of multiple
datasets by storing them in a dictionary-like structure, enabling efficient, streamlined processing.

2.2. Model

A pre-trained BERT architecture was employed, as illustrated in Figure 3, focusing on two Indonesian BERT base mod-
els trained on large-scale Bahasa Indonesia text corpora. The first model, indobenchmark/indobert-base-p1, has been downloaded
920,000 times and was trained on the Indo4B dataset, which consists of 4 billion words of pre-processed text data with a total file size
of 23GB. The dataset was obtained from social media, online news, online articles, Wikipedia, parallel datasets, and video subtitles.
This model contains approximately 124.5 million parameters. The second model, indolem/indobert-base-uncased, has been down-
loaded 7,960 times. It was trained on a corpus of over 220 million words, including 55 million from news sources such as Kompas,
Tempo, and Liputan6, 74 million from Indonesian Wikipedia, and 90 million from the Indonesian web corpus. For QA tasks, an
additional QA output layer was added on top of the BERT base model [6]. This layer consists of two vectors: a start-position vector
that predicts the start position of the answer span within the input text, and an end-position vector that predicts the end position of
the answer span. These vectors allow the model to precisely locate the portion of text that answers a question. The entire system,
including the BERT base and the QA output layer, is then fine-tuned using a QA dataset to enhance its effectiveness for this task.
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Figure 3. BERT architecture for Question Answering Tasks [6]
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2.2.1. Hyperparameter Initialization

In this study, three key hyperparameters were configured to ensure stable, efficient fine-tuning of BERT-based models. First,
the batch size, which determines the number of training samples used to compute the gradient at each optimization step, was set to
16 and 32, following the recommendation of Devlin et al. [6], who observed that batch sizes of 16 or 32 provide an effective balance
between training stability, memory usage, and model performance. Second, the number of epochs, defined as the number of complete
passes through the training dataset, was set to 4, aligning with common fine-tuning practices for BERT in QA tasks to prevent
underfitting while avoiding overfitting. Lastly, the learning rate, a crucial parameter that controls the magnitude of weight updates
during training, was set to 2x 1072, a widely adopted value in BERT-based fine-tuning to promote stable convergence. Together,
these hyperparameter choices aim to optimize model performance while maintaining training efficiency.

By default, the Trainer API uses AdamW, a sophisticated optimizer that blends elements of RMSprop and SGD with momen-
tum. It adapts the learning rate for each parameter independently and updates weights based on estimates of the first (mean) and
second (variance) moments of the gradients. AdamW is particularly effective for transformer models like BERT, as it manages sparse
gradients well and incorporates weight decay during optimization.

For regularization, BERT incorporates dropout layers, typically with a rate of 0.1, to enhance robustness and generalization.
This dropout rate ensures that a small proportion of neurons are dropped in each layer during training, preventing overfitting. Addi-
tionally, weight decay, commonly set to 0.01, penalizes large weights, further improving generalization and model stability.

2.2.2. Model Training

Trainer API was utilized to simplify the process of training and fine-tuning transformer models. It offers a high-level interface
that streamlines tasks like data management, optimization, and evaluation. The API model is compatible with a wide range of
models from the Hugging Face hub, enabling effortless fine-tuning of pre-trained models. Using the Trainer API ensures an efficient,
organized training workflow, allowing researchers to focus on experimental design. Throughout training, the model iteratively updates
its parameters to reduce loss, improving its accuracy in predicting correct answer spans within the provided context. An NVIDIA
A100 GPU, a high-performance deep learning-optimized device, was used for model training. As shown in Figure 4 , the workflow
included multiple steps to ensure efficient data handling and training.

'
SSHand SFTP H [ 120111 o]

' '

—

[

Figure 4. Fine-tuning BERT Model Environment

Training took place on a remote server equipped with the A100 GPU, accessed securely via SSH (Secure Shell). Data and
model files, including datasets, pre-trained models, and scripts, were securely transferred via SFTP (Secure File Transfer Proto-
col). To maintain a consistent environment, training was carried out within a Docker container, ensuring consistent application and
dependency management across sessions. Once the setup was complete, the training scripts were executed within the Docker con-
tainer using the docker exec command, enabling smooth training and evaluation within the containerized environment. To ensure
reproducibility, detailed specifications of the computational environment are provided. The specific software versions and hardware
configurations used in this study are summarized in Table 11.

Table 1. Experimental Environment and Specifications

Component Specification
Python Version 3.12.7
HF Transformers Version 4.45.0
PyTorch 24.0
CUDA 12.6.0
RAM 40 GB
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2.2.3. Model Evaluation

Model performance was evaluated using quantitative metrics to ensure an objective assessment of prediction quality. The
evaluation procedure adopts the standard metrics proposed in the SQuUAD benchmark [13], as implemented in the Hugging Face
evaluation library. Exact Match (EM), as defined in (1), measures the proportion of predictions that exactly match the ground truth
answer, while the F1-score computes the harmonic mean of precision and recall at the token level. Both metrics were calculated
following the original SQuAD evaluation formulation:

EM Number of exact matches

~ Total number of questions M

Exact Match refers to cases where the predicted answer exactly matches the ground truth answer span, while the total number
of questions represents the number of QA pairs evaluated. The F1-score , defined in (2), measures the overlap between the predicted
answer and the ground truth answer and is calculated as the harmonic mean of precision (3) and recall (4). Precision is defined as the
number of correct positive results divided by the total number of positive results predicted by the model, whereas recall is the number
of correct positive results divided by the total number of positive results that should have been returned. In QA tasks, precision and
recall were adapted to assess how accurately the model predicts answer spans within the text.

. Number of overlapping tokens between the predicted and true span
Precision =

(©))

Total number of tokens in the predicted span

Number of overlapping tokens between the predicted and true span

Recall = 3)

Total number of tokens in the true span

Precision x Recall
F1=2 4
x Precision + Recall “)

3. RESULT AND ANALYSIS
3.1. Training Results

During training, two versions of the BERT model, IndoLEM and IndoNLU, were fine-tuned using the Indonesian translation of
the SQuUAD dataset. Although both models share the same BERT-base architecture, they differ slightly in parameter size: IndoLEM
(indobert-base-uncased) contains approximately 110 million parameters, while IndoNLU (indobert-base-p1) contains approximately
124.5 million parameters due to differences in vocabulary size and embedding configuration. To examine the impact of training
stability, each model was fine-tuned with two batch sizes (16 and 32), enabling analysis of how mini-batch scaling influences conver-
gence and final performance. The number of training epochs was set to 4, based on the recommendation from previously reported [6],
which suggests that fine-tuning BERT for 2 to 4 epochs generally yields optimal performance across various downstream tasks. In
this study, 4 epochs were selected to ensure sufficient learning without overfitting, while remaining within the recommended range.
With a batch size of 16, the final epoch training losses were 0.5183 for IndoLEM and 0.6036 for IndoNLU, as illustrated in Figure
5. These values reflect the models’ ability to minimize errors during training. For a more detailed analysis, the training loss was
evaluated every 500 steps, yielding five measurements per epoch.

Training Loss During Fine-tuning

20
Epoch

Figure 5. Training loss with a batch size of 16
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The training loss value occurred when the batch size was set to 32, as depicted in Figure 6. In this setting, the final training
losses for IndoLEM and IndoNLU models were 0.6686 and 0.7456, respectively. These values provide insights into the models’
performance and convergence behavior at larger batch sizes, illustrating how their learning processes adapt across different batch
configurations.

Training Loss During Fine-tuning

0.0 05 1.0 15 2.0 25 3.0 35 4.0
Epoch

Figure 6. Training loss with a batch size of 32

Based on these results, there is no significant difference between the two batch size settings. The difference in the final training
loss values between the two models suggests that each has adapted differently to the QA task. The IndoLEM model, with a slightly
lower final training loss, provides a better fit to the training data than the IndoNLU model. Training losses were tracked and visualized
to monitor the models’ learning curves. The loss curves for both the IndoLEM and IndoNLU models showed a steady decrease in
training loss over epochs, with batch size 16 converging faster than batch size 32. This visualization provided insights into how batch
size affected training dynamics and model performance. In terms of execution and training time, with two batch size settings, both
models have similar total execution time, ranging from 40 to 45 minutes.

3.2. Validation Results

The validation loss is calculated at the end of each epoch and remains relatively stable, providing insights into how well the
models were generalizing to unseen data, as shown in Figure 7. At the final epoch (epoch 4), IndoLEM achieved a validation loss
of 2.7150, while IndoBenchmark (IndoNLU) recorded a higher validation loss of 2.8193. The steeper slope of the IndoLEM curve
suggests faster convergence and better optimization stability during training. This lower final loss aligns with IndoLEM’s superior
QA performance (F1 = 71.58 vs. 63.59), indicating stronger generalization to unseen data.When the batch size is set to 32, the
validation loss is 2.3911 for the IndoLEM model and 2.7096 for the IndoNLU (IndoBenchmark) model, as illustrated in Figure 8.

Validation Loss During Fine-tuning

2.8193

1.0 15 2.0 25 3.0 35 4.0
Epoch

Figure 7. The validation loss with a batch size of 16
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Validation Loss During Fine-tuning

2.7096
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Epoch

Figure 8. The validation loss with a batch size of 32

3.3. Model Evaluation

As shown in the evaluation results of both pre-trained models presented in Table 2, a specific set of hyperparameter was applied
to perform a comparative analysis between the two Indonesian BERT models. The settings included an epoch count of 4 and batch
sizes of 16 and 32, with an initial learning rate set to 2e-5. These specific hyperparameters were selected to ensure a fair and effective
comparison of the models’ performance.

Table 2. Evaluation Results

Component Specification
Python Version 3.12.7
HF Transformers Version 4.45.0
PyTorch 2.4.0
CUDA 12.6.0
RAM 40 GB

The evaluation showed that IndoLEM delivered more dependable, accurate performance on Indonesian QA tasks. Its higher
F1 Scores (71.58 and 71.48) and EM scores (60.58 and 60.11) highlight its superior ability to comprehend and process Indonesian,
making it better suited for practical NLP applications in this domain. Furthermore, no notable differences in Fl-score and EM
were observed between batch sizes of 16 and 32. The superior performance of IndoLEM may be attributed to its cleaner, more
domain-diverse corpus, which enhances the quality of contextual embeddings.

3.4. Statistical Significance

To assess whether the observed performance difference between IndoLEM and IndoNLU is statistically significant, bootstrap
resampling was performed on the validation set with 10,000 iterations—a standard approach in QA evaluation when models are
fine-tuned in a single run. This method estimates the sampling distribution of the F1 and Exact Match (EM) score differences by
repeatedly resampling questions with replacement and recomputing metrics on each bootstrap sample. The results shown in Table 3
confirm that IndoLEM’s advantage is highly significant. The mean F1-score difference of 7.10 points (71.58 vs. 63.59) has a 95%
confidence interval of [6.32, 7.89] and a one-tailed p-value < 0.001, indicating that the probability of observing such a gap by chance
is negligible. Similarly, the EM difference of 8.46 points (60.58 vs. 51.02) is also highly significant (95% CI: [7.53, 9.40], p <
0.001). These findings provide strong statistical evidence that IndoLEM’s superior performance is not due to random variation but
reflects a genuine improvement in answer extraction capability.

Table 3. Bootstrap Resampling Results

Metric Difference CI (95%) P-value
F1-score 7.10 [6.32,7.89] < 0.001
Exact Match 8.46 [7.53,9.40] < 0.001
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3.5. Error Analysis

To gain deeper insight into the performance gap between IndoLEM and IndoNLU, an error analysis was conducted on a
controlled set of 15 questions derived from a single Indonesian passage about “Danau Toba”, as shown in Table 4. Among these,
4 cases were identified in which IndoNLU failed to predict the correct answer while IndoLEM produced the correct result. The
analysis was restricted to these instances to isolate model-specific weaknesses. All IndoNLU errors were found to be boundary mis-
matches: the predicted spans were either truncated or extended with extraneous words, resulting in inexact matches with the ground
truth. These consistent boundary errors suggest that the tokenizer used in IndoNLU—shaped by a smaller and noisier pretraining
corpus—struggled to align answer spans precisely with the linguistic structures of Bahasa Indonesia. This pattern confirms that pre-
training corpus quality—particularly its impact on tokenization and phrase integrity—plays a decisive role in QA effectiveness for
morphologically rich languages like Indonesian.

Table 4. Boundary Mismatch Errors in IndoNLU on the “Danau Toba” Passage

Question IndoNLU Prediction Ground Truth Error Pattern
Mengapa Danau Toba dianggap penting bagi ~ sumber mata pencaharian melalui  sebagai sumber mata pencaharian  Missing leading word
masyarakat lokal? perikanan dan pariwisata melalui perikanan dan pariwisata
Tantangan apa yang sedang dihadapi pencemaran air pencemaran air akibat limbah do-  Truncated answer
kawasan Danau Toba? mestik dan penurunan kualitas ekosis-

tem perairan

Di provinsi manakah Danau Toba berada? Sumatera Utara, Indonesia Sumatera Utara Extra trailing words
Berapa tahun yang lalu Danau Toba terben- ~ 74.000 tahun yang lalu 74.000 Extra descriptive words

tuk?

3.6. Save Model and Implementation

After fine-tuning the BERT model for a specific question-answering task, the resulting model was saved locally and uploaded
to the Hugging Face Hub for easier deployment and accessibility. To showcase the capabilities of the fine-tuned model, a simple
web-based application was developed using the FastAPI framework, chosen for its high performance and ease of API development.
The application allows users to interact with the model by first providing a context paragraph related to their query, followed by a
specific question based on that context. The system processes the inputs and returns a generated answer along with a confidence
score that reflects the model’s estimated reliability of the response. The implementation of the model is in Figure 9.

Question Answering System

\ggris: Jakarta Mass Rapid Transit) adalah sistem transportasi rel angkutan cepat di Jakarta, Proses
tanggal 24 Maret 2019, terpadu

Figure 9. Model Implementation for Question Answering System

3.7. Discussions

The findings of this study advance current understanding of pretrained language model performance for Indonesian QA by
offering a controlled and linguistically grounded comparison between two monolingual BERT variants. While previous work has
evaluated architectures such as ROBERTa and IndoBERT-lite on translated SQuAD datasets, those comparisons often conflate archi-
tectural differences with variability in pretraining corpora and evaluation protocols. By holding the fine-tuning setup constant and
comparing two full-sized Indonesian-specific models—IndoLEM and IndoNLU—this study isolates the effect of pretraining corpus
design on downstream QA performance.
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The performance gaps reported by Richardson and Wicaksana [14]—where RoBERTa outperforms IndoBERT-lite—reflects an
inherently unbalanced comparison, as IndoBERT-lite is a distilled, efficiency-oriented model, while RoOBERTa benefits from extensive
multilingual pretraining. More notably, the higher scores reported by Suwarningsih et al. [15] (F1 = 78.29, EM = 67.89) stem from
methodological differences: their approach involves heuristic post-processing of answers and evaluation on a filtered subset that
excludes translation-induced misalignments. In contrast, the present study evaluates on the full, systematically cleaned Indonesian-
SQuAD split (85,776 training; 7,587 validation), ensuring that results reflect true model capability. Under this stricter evaluation
protocol, IndoLEM’s F1-score of 71.58 represents a realistic upper bound for base-sized monolingual models on the benchmark.

While validation loss measures model confidence in predicting answer spans, the F1-score evaluates the precision and recall
of the extracted text. It is possible for a model to achieve high F1 scores despite relatively high loss values—particularly when
the model correctly identifies answer spans but assigns them moderate confidence. In this study, IndoLEM’s lower validation loss
(2.7150 at epoch 4) compared to IndoBenchmark (2.8193) aligns with its higher F1 score (71.58 vs. 63.59), indicating that IndoLEM
not only predicts more accurate spans but also does so with greater confidence. This suggests better optimization and generalization
during fine-tuning. Although indobert-base-p1 by IndoNLU is pretrained on the substantially larger Indo4B corpus (approximately
23.4 GB of raw text, containing several billion tokens), IndoLEM’s indobert-base-uncased—trained on a smaller but cleaner 220M-
word corpus—achieves higher F1 and EM scores in this study. This advantage is explained by corpus quality rather than corpus size:
IndoLEM’s pretraining data consists of well-curated Indonesian text (Wikipedia, news, and web sources) with minimal noise, yielding
a more coherent subword vocabulary and better handling of Indonesian morphology. In contrast, Indo4B contains a broader range
of user-generated, heterogeneous web content, introducing noise that affects tokenization consistency and reduces span extraction
accuracy during QA fine-tuning.

These findings carry practical significance. For industry applications—such as customer service chatbots, legal information re-
trieval, and e-government QA systems—the approximately 8-point F1 improvement achieved by IndoLEM can meaningfully reduce
incorrect answers and improve system reliability without requiring more complex architectures. From a research perspective, the
results reinforce that, in morphologically rich and low-resource languages, the quality and linguistic suitability of the pretraining cor-
pus exert greater influence on downstream performance than architectural choices alone. Consistent with observations from Ahmad
and Romadhony [16] and TyDiQA [17]. The study further highlights the limitations of machine-translated benchmarks and under-
scores the need for native, human-authored Indonesian QA datasets to support rigorous evaluation and continued progress. Overall,
this study demonstrates that IndoLEM’s superiority is systematic and linguistically explainable: corpus quality drives tokenization
fidelity, which in turn governs span-level QA accuracy. Nevertheless, these findings establish a general principle for low-resource
NLP: native-language data curation is more impactful than architectural innovation when developing performant QA systems.

4. CONCLUSION

A language model was developed through the fine-tuning of two Indonesian variants of the pre-trained BERT architecture-
indobert-base-pl from IndoNLU/IndoBenchmark and indobert-base-uncased from IndoLEM — on an extractive QA task using a
translated version of the SQuAD dataset. The experimental results showed that IndoLEM outperforms IndoBenchmark across multi-
ple QA performance metrics. Specifically, IndoLEM achieved an F1-score of 71.58 and an EM score of 60.58, significantly surpassing
IndoBenchmark’s F1-score of 63.59 and EM score of 51.02. These scores highlight IndoLEM’s stronger ability to accurately answer
questions in Indonesian. Furthermore, IndoLEM consistently achieved lower training and validation losses than IndoBenchmark, in-
dicating better convergence during fine-tuning and stronger generalization to new data. The reduced loss values suggest that IndoLEM
is more effective at minimizing errors and enhancing QA task performance. Despite these findings, several limitations should be ac-
knowledged. First, the study relies on a machine-translated Indonesian version of SQuAD, which may introduce translation noise,
inconsistencies in answer alignment, and deviations from natural Indonesian linguistic structures. Second, only one QA dataset was
used for benchmarking, limiting the generalizability of the comparative analysis across different question types, domains, or difficulty
levels. Third, the analysis focused on standard EM and F1 metrics; more nuanced evaluations—such as robustness testing, domain
adaptation, or error-type analysis—were not conducted. Lastly, due to computational constraints, advanced fine-tuning strategies
(e.g., parameter-efficient training, multi-stage pretraining, or cross-lingual transfer techniques) were not explored.

Future research could expand comparisons to include native Indonesian QA datasets, providing more realistic insights into
model capabilities. Collecting or curating such datasets—preferably across multiple domains such as education, legal, healthcare,
or government—would be a significant step forward. Further improvements may be achieved by experimenting with ensemble
approaches, data augmentation, adversarial training, or domain-specific pretraining. Investigating parameter-efficient methods (e.g.,
LoRA, adapters) may also improve model performance while reducing computational cost. Additionally, extending the evaluation
to include robustness, zero-shot, or few-shot performance would yield a deeper understanding of model generalization. Overall, the
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findings of this study provide one of the few empirical benchmarks comparing Indonesian BERT models on extractive QA tasks,
offering a valuable reference point for future model development. The results highlight the importance of pretraining corpus quality
in low-resource languages, demonstrating that models trained on larger and more diverse Indonesian corpora can deliver substantial
performance gains. This work also emphasizes the need for high-quality, native Indonesian QA datasets, which remain scarce but
are essential to advancing Indonesian NLP. More broadly, the study contributes to ongoing efforts to improve NLP technologies
for underrepresented and linguistically diverse languages, reinforcing the potential for transformer-based architectures to support
inclusive Al development.
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