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 This study asks whether a monolingual encoder can realistically outperform 

multilingual and larger transformer models for Indonesian automatic 

question generation (AQG) when all models share the same training budget. 

We compare Indonesian bidirectional encoder representations from 

transformers (IndoBERT), multilingual BERT (mBERT), and BERT-large 

using a single fine-tuning pipeline with answer highlighting, applied to an 

Indonesian version of TyDiQA-GoldP and a 20,000 translated subset of 

SQuAD 2.0. We evaluate model quality using bilingual evaluation 

understudy score n-gram 4 (BLEU-4), metric for evaluation of translation 

with explicit ordering (METEOR), and ROUGE-Lincoln (ROUGE-L). 

IndoBERT consistently achieves the best scores on both datasets (e.g., 

BLEU-4 of 19.69 on TyDiQA-GoldP and 3.79 on the SQuAD 2.0 subset) 

while requiring less computation than mBERT and BERT-large. Our results 

show that language-specific pretraining gives clear advantages for 

Indonesian AQG, yielding higher accuracy at lower computational cost than 

multilingual or larger encoders. The work closes a gap in Indonesian AQG 

benchmarking by providing the first head-to-head comparison of IndoBERT, 

mBERT, and BERT-large under a shared fine-tuning and evaluation 

protocol. For educational assessment, the findings offer a practical recipe for 

building deployable AQG systems on mid-range GPUs that generate higher-

quality questions without prohibitive training or inference budgets. 
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1. INTRODUCTION 

A standard method of assessing student understanding through targeted questioning has remained a 

core concept of educational assessment and a valuable tool for understanding, provided the questions are 

aligned with appropriate learning objectives [1]. In this context, creating high-quality questions for assessing 

student understanding is a demanding task, even for experienced teachers. The items must be valid, coherent, 

and varied enough to elicit more than simple recall [2]–[6]. 

Automatic question generation (AQG) closes this gap by automatically generating items from text 

and/or databases, thereby improving coverage and variety with less authoring time [7], [8]. Carefully 

designed AQG has the potential to improve assessment efficiency and refocus attention from remembering 

answers to reasoning and understanding. The evolution of AQG can be traced back to its origins in 1976 [9]. 

https://creativecommons.org/licenses/by-sa/4.0/
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From a methodological perspective, the evolution of AQG methods began with rule-based pipelines that 

included semantic/syntactic matching and handwritten templates. AQG has expanded beyond the classroom 

and found applications in commercial sectors such as chatbot development [7] and healthcare services [10].  

It progressed to neural models that learn question-answering directly from data [11]–[15]. The process 

requires systems to accurately interpret text and generate well-structured, meaningful questions [16]–[18]. 

Encoder-decoder models and cross-lingual transfer have made them applicable in low-resource environments 

as well [19], [20], and pre-training goals such as masked language modeling (MLM) have enhanced 

linguistic capabilities [21], [22]. The recurrent neural networks (RNNs) enable natural language processing 

(NLP) tasks by considering the sequential context. However, RNNs face challenges like vanishing gradients 

and long dependencies. The long short-term memory (LSTM) networks solve the above challenges by 

incorporating memory cells to store data for long sequences [23]–[26]. 

The use of transformer models has further advanced the field of AQG. They efficiently exploring 

long-range dependencies. Currently, NLP is widely applying models like bidirectional encoder 

representations from transformers (BERT), generative pre-trained transformer (GPT), and text-to-text 

transfer transformer (T5) [27]–[40]. 

For Indonesian, Indonesian BERT (IndoBERT) provides a monolingual encoder pre-trained on 

Indonesian text [41]. Previous studies have investigated monolingual encoders for Indonesian AQGs using 

sequence-to-sequence architectures (open neural machine translation (OpenNMT) using bidirectional gated 

recurrent unit (BiGRU), bidirectional long short-term memory (Bi-LSTM), or transformer) that achieve 

competitive performance on SQuAD 2.0 translation and TyDiQA-style datasets [41]–[44]. However, there 

has been no comprehensive evaluation that simultaneously considers the effectiveness and cost efficiency of 

encoders for general AQGs. In this paper, IndoBERT is compared for the first time to mBERT and  

BERT-large in terms of their performance on identical downstream datasets, the Indonesian SQuAD 2.0 

(20,000 subset) and TyDiQA-GoldP, using bilingual evaluation understudy score n-gram 4 (BLEU-4), metric 

for evaluation of translation with explicit ordering (METEOR), and ROUGE-Lincoln (ROUGE-L) scores, 

respectively, as evaluation criteria for AQG models. 

There are three main contributions from this study. First, to the best of our knowledge, this study 

offers the first comprehensive comparison of IndoBERT, multilingual BERT (mBERT), and BERT-large for 

the Indonesian AQG task under equal training and testing conditions. The second contribution is a 

comprehensive fine-tuning pipeline that leverages the answer-highlighting mechanism via the tags 

`[HL]…[/HL]` to ensure the model maintains attention on the relevant answer portion and enables the 

generation of genuine questions. The third contribution is an analysis of efficiency aspects, including the 

number of parameters, the time per epoch, GPU memory consumption, and processing rate, in a practical 

setting on mid-range graphics processing unit (GPU) models. Together, these contributions show that 

language-specific pretraining can offer a practical advantage over multilingual and larger encoders for 

Indonesian AQG. Beyond this task, the same insight is relevant for other Indonesian NLP applications, such 

as summarization, translation, and adaptive learning systems, where resource-efficient yet accurate models 

are essential [41]–[44]. 

 

 

2. METHOD 

We adopt a research and development methodology to build and evaluate Indonesian AQG models 

using transformer-based techniques. Each of the three pre-trained BERT variants (IndoBERT, mBERT, and 

BERT-large) was fine-tuned on our Indonesian question answering (QA) datasets under a consistent training 

regimen [45], [46]. Fine-tuning allows the models to adapt their pre-trained language understanding to the 

specific task of question generation. To ensure a fair comparison, we maintained the same data 

preprocessing, training schedule, and optimization parameters for all models, adjusting only the model-

specific components such as the tokenizer and pre-trained weights. All experiments were implemented in 

Python using the PyTorch deep learning framework, leveraging its facilities for transformer models and 

sequence generation. This uniform methodology enables a direct performance comparison to determine the 

optimal model for Indonesian AQG. 

 

2.1.  Procedure 

The overall procedure for developing the Indonesian question generation models was identical for 

IndoBERT, mBERT, and BERT-large. We followed three main stages for each model: dataset preparation, 

model fine-tuning (training), and evaluation. This supervised learning pipeline adheres to standard practices 

in machine learning model development, ensuring that each model undergoes the same sequence of steps. By 

keeping the procedure consistent, we can attribute performance differences to the models themselves rather 

than to any variation in processing. The orchestration of these processes is facilitated through a Python 

environment and using PyTorch. 
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2.2.  Data preparation 

We use SQuAD 2.0 [47] and TyDiQA-GoldP [48] parallel sources of context-answer-question 

triples. We first translate both corpora into Indonesian and then split them into training, validation, and test 

sets. Because SQuAD 2.0 is substantially larger than TyDiQA-GoldP, we sample 20,000 QA pairs from the 

SQuAD 2.0 training split. This choice keeps training time manageable and yields a training set that is 

comparable in size to TyDiQA-GoldP. All three models are trained on the same set of instances to ensure a 

fair comparison. The resulting Indonesian paragraphs, answers, and reference questions provide a shared 

supervision signal across encoders. To balance training time and maintain a comparable computational 

budget on a single 16 GB GPU, we cap the SQuAD 2.0 portion at 20,000 instances while retaining the full 

TyDiQA-GoldP split. As a robustness check, we retrain IndoBERT on disjoint 20,000 SQuAD samples and 

observe no qualitative change in the model ranking or conclusions. 

 

2.3.  Model fine-tuning 

We frame the Indonesian answer-aware AQG as a conditional sequence generation with transformer 

encoders. During training, each model receives a passage in which the target answer span is marked with 

[HL]…[/HL] and learns to predict the next question token at [MASK] given the highlighted context and the 

previously generated tokens (cf. BERT-based question generation (QG) [49]–[51] and the IndoBERT  

setting [41]). The [HL] tags act as a soft pointer to the answer span, helping the model focus on the intended 

content and reducing off-target questions. We apply the same fine-tuning recipe to IndoBERT, mBERT, and 

BERT-large and keep the core training hyperparameters fixed to preserve protocol parity across models. 

Table 1 summarizes the learning rate, batch configuration, sequence length, optimizer, precision, and early-

stopping settings for each encoder. 

 

 

Table 1. Hyperparameters used across models 
Model Learning 

rate 
Batch 
size 

Gradient 
accumulation 

Effective 
batch 

Max seq 
length 

Optimizer Precision Early 
stopping 

Epoch 

IndoBERT 5×10-5 8 4 32 128 AdamW 16 Y 3 

mBERT 5×10-5 8 4 32 128 AdamW 16 Y 3 

BERT-large 5×10-5 8 8 64 96 AdamW 16 Y 3 

 

 

We train all three encoders with AdamW at a fixed learning rate of 5×10-5 and a per-device batch 

size of 8, using FP16 mixed precision. To achieve larger effective batch sizes without exceeding 16 GB of 

GPU memory, we use gradient accumulation: IndoBERT and mBERT accumulate 4 steps (effective batch 

size 32), whereas BERT-large accumulates 8 steps (effective batch size 64) to stabilize training for the deeper 

24-layer architecture. We set the maximum sequence length to 128 tokens for IndoBERT and mBERT, and 

96 tokens for BERT-large, to balance contextual coverage with memory usage. Each model trains for up to  

3 epochs with early stopping based on validation loss, providing a fair, computationally comparable setup 

across encoders. 

 

2.4.  Evaluation 

We evaluate the generated questions with BLEU-4 [52], METEOR [53], and ROUGE-L [54], with 

additional background in text summarization [55]. BLEU-4 measures n-gram precision with a brevity 

penalty, METEOR emphasizes recall using synonym and stem matching, and ROUGE-L computes overlap 

via the longest common subsequence. We use reference implementations with default settings. We 

acknowledge that these n-gram overlap metrics do not fully reflect pedagogical quality or semantic adequacy; 

we revisit their limitations in the discussion and provide complete formulas and notation. 

 

2.5.  Model architecture 

Figure 1 illustrates the IndoBERT-AQG pipeline. We first mark the answer span in the passage with 

[HL]…[/HL], to obtain the highlighted context C’. The highlighted context and the partial question tokens 

are then tokenized, and encoded with IndoBERT. At each decoding step i, the model predicts the next 

question token at [MASK] given C’ and the previously generated tokens q̂1:𝑖−1
; the new token is appended 

until the full question (q). For motivation and prior work on [HL] tagging in answer-aware question 

generation, we refer the reader to subsection 2.5 and in studies [41], [49], [50].  

Formally, we follow the BER-based hierarchical label-aware sentence question generation  

(BERT-HLSQG) formulation [44]. IndoBERT has the BERT-base architecture but is pre-trained on 

Indonesian. At decoding step i, the model receives the input sequence in (1). 
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𝑋𝑖 = ([CLS], 𝐶, [SEP],q̂1, … , q̂𝑖 , [MASK]) (1) 

 

Here, q̂1=𝑖−1
are the previously generated question tokens, and [MASK] marks the position to predict next. 

The next-token distribution is produced from the final hidden state at [MASK] via an affine layer and softmax 

in (2), and the token choice is made by argmax in (3). 

 

Pr(𝑤|𝑋𝑖) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (ℎ[mask]. 𝑊𝐻𝐿𝑆𝑄𝐺 + 𝑏𝐻𝐿𝑆𝑄𝐺) (2) 

 

q̂𝑖 = 𝑎𝑟𝑔𝑚𝑎𝑥𝑤Pr (𝑤|𝑋𝑖) (3) 

 

Together, (1) to (3) formalize the loop depicted in Figure 1: highlight the answer span, encode the context 

with IndoBERT, predict the next token at [MASK], and append it to the partial question until [SEP]. 

 

 

 
 

Figure 1. IndoBERT-AQG pipeline 

 

 

2.6.  Data analysis techniques 

Data analysis encompassed the evaluation of each model configuration, which underwent the 

training stage utilizing standard automatic evaluation metrics to compare performance results. These metrics 

assessed and determined the model configuration with the most optimal performance during the training 

process. Graph and plotting tools were adeptly utilized to visually interpret and comprehend the performance 

trends in analyzing the newly developed QG model. 

 

 

3. RESULTS AND DISCUSSION 

3.1.  Data preparation 

We selected the translated SQuAD 2.0 and TyDiQA-GoldP as our datasets. We follow the original 

splits from both SQuAD 2.0 and TyDiQA-GoldP. For training, we use only 20,000 instances from the 

SQuAD 2.0 training set, while we use the entire TyDiQA-GoldP dataset. 

 

3.2.  Experimental setting 

We apply the same fine-tuning setup to IndoBERT, mBERT, and BERT-large. IndoBERT and 

mBERT follow the 12-layer BERT-base configuration, whereas BERT-large uses the 24-layer variant. All 

experiments run on a single NVIDIA RTX 4060 Ti GPU (16 GB VRAM). We use AdamW with a learning 

rate of 5×10-5, the maximum sequence length specified in Table 1, FP16 mixed precision, and early stopping. 

For IndoBERT and mBERT, we use an adequate batch size of 32, and for BERT-large, we rely on a smaller 

per-step batch with gradient accumulation to fit within 16 GB of VRAM; the smaller batch also adds 

regularization under limited data. We match the total number of optimization steps and the learning rate 

schedule across models so that observed differences reflect architectural and pre-training effects rather than 

the training protocol. To maintain computational-budget parity in this single-GPU setting, we cap the 
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SQuAD 2.0 training portion at 20,000 instances (with a robustness re-sampling check yielding the same 

qualitative ranking) while retaining the full TyDiQA-GoldP split. 

 

3.3.  Evaluation 

The performance of IndoBERT, mBERT, and BERT-large on the two Indonesian QA datasets is 

summarized in Tables 2 and 3. IndoBERT achieved the highest scores across all evaluation metrics on both 

datasets, while mBERT showed the second-best performance and BERT-large the lowest. This ranking is 

consistent for each metric (BLEU-1 through BLEU-4, METEOR, and ROUGE-L), reflecting the advantages 

of a language-specific model over a multilingual model and the drawbacks of using a large model not  

pre-trained in the target language. 

 

 

Table 2. Performance of the three models on the TyDiQA-GoldP dataset 
Model BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L 

IndoBERT 54.81 38.68 26.86 19.69 31.62 58.83 
mBERT 47.67 30.83 19.82 13.69 25.64 52.15 

BERT-large 46.15 27.78 17.25 11.12 24.34 50.64 

 

 

On TyDiQA-GoldP, IndoBERT’s BLEU-4 score of 19.69 is about 6 points higher than mBERT’s 

13.69 and 8.5 points higher than BERT-large’s 11.12. Likewise, IndoBERT leads substantially in METEOR 

and ROUGE-L, indicating it generates questions that not only match the reference wording more closely but 

also capture more of the reference content. mBERT’s scores, while lower than IndoBERT’s, are clearly 

above those of BERT-large. Notably, mBERT outperforms BERT-large by around 2-3 points on most 

metrics, demonstrating the benefit of multilingual pre-training that includes Indonesian: even though mBERT 

is a smaller model than BERT-large, its familiarity with Indonesian gives it an edge. BERT-large’s 

underperformance on TyDiQA-GoldP suggests that its large capacity remains underutilized due to the 

model’s lack of prior Indonesian knowledge and the limited fine-tuning data available. In practical terms, the 

IndoBERT model shows strength in handling the TyDiQA-GoldP material, likely leveraging its pre-trained 

understanding of Indonesian nuances to produce more accurate and fluent questions. 

 

 

Table 3. Performance of the three models on the SQuAD 2.0 (20,000 subset) dataset 
Model BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L 

IndoBERT 33.75 16.24 7.32 3.79 16.25 37.45 

mBERT 28.23 10.31 3.64 1.51 12.63 32.77 
BERT-large 25.30 8.72 3.19 1.46 11.22 30.32 

 

 

On the SQuAD 2.0 subset, the overall scores are lower for all models, reflecting the increased 

difficulty of this dataset and the smaller training sample. IndoBERT still holds the highest scores by a notable 

margin. For instance, IndoBERT’s BLEU-4 (3.79) is more than double that of mBERT (1.51) or BERT-large 

(1.46). This dramatic gap underscores IndoBERT’s efficiency in learning from a limited dataset. mBERT and 

BERT-large both struggle on this dataset, but mBERT maintains a slight advantage over BERT-large on 

every metric. The differences between mBERT and BERT-large, though small in absolute terms here, 

consistently favor mBERT (ROUGE-L of 32.77 vs. 30.32), reinforcing that knowing the language is crucial 

for performance. The BERT-large model, despite having over three times the parameters of the others, fails 

to outperform the base models in this low-resource scenario. We attribute this to its inability to generalize 

from such a limited fine-tuning set, its large capacity cannot be effectively used without far more data. 

IndoBERT, by contrast, avoids this pitfall thanks to its prior Indonesian pre-training, which allows it to 

generalize better from the same small sample. 

The results show that IndoBERT is the best-performing model for Indonesian question generation in 

our experiments, excelling especially in scenarios with limited training data. The multilingual mBERT 

provides decent performance and can be considered a strong baseline for Indonesian AQG, but it consistently 

lags behind IndoBERT. The large-capacity BERT-large model did not yield any performance benefit in this 

context; on the contrary, it underperformed even the smaller mBERT. From a practical perspective, these 

findings suggest that for Indonesian-language AQG tasks, one should favor a model that has been pre-trained 

on Indonesian rather than simply opting for a model with greater size or general multilingual training. 

Additionally, IndoBERT’s superior performance, coupled with its relatively smaller size and thus faster 

inference and training, makes it an attractive choice for real-world applications where computational 
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resources and training data may be limited. Meanwhile, mBERT’s results indicate that if a multi-language 

solution is required, it can handle Indonesian QG reasonably well, though with some loss in question quality. 

BERT-large, given its resource demands and low payoff here, would likely only be justified if significantly 

more Indonesian training data were available or if an Indonesian-specific large model were pre-trained. 

 

3.4.  Efficiency and resource usage 

We compare model size, time per epoch, peak VRAM usage, and inference throughput, and 

summarize the results in Table 4. As shown in Table 4, IndoBERT is the most efficient model: it uses fewer 

parameters (124 M), trains faster (1 h/epoch), requires less VRAM (4.8 GB), and reaches the highest throughput 

(5,200 tokens/s). mBERT sits in the middle (179 M; 3 h/epoch; 11 GB; 3,200 tokens/s), whereas BERT-large is 

the most resource-demanding with the lowest throughput (340 M; 4 h/epoch; 11 GB; 1,600 tokens/s). Taken 

together, Table 4 shows that IndoBERT offers the best trade-off between accuracy and efficiency for Indonesian 

AQG under realistic resource budgets. 

 

 

Table 4. Efficiency summary of IndoBERT, mBERT, and BERT-large (parameters (M), time per epoch (h), 

peak GPU memory (GB), throughput (tokens/s)) 
Model Parameter (M) Time per epoch (h) Peak GPU memory (GB) Throughput (token/s) 

IndoBERT 124 1 4.8 5,200 
mBERT 179 3 11 3,200 

BERT-large 340 4 11 1,600 

 

 

These efficiency results carry direct system implications. IndoBERT is a practical backbone for 

Indonesian AQG on mid-range GPUs (≈5 GB VRAM), enabling fast retraining (≈1 h/epoch) and high 

throughput (5,200 tokens/s). If multilingual support is required, mBERT is a reasonable fallback at a higher 

cost, whereas BERT-large is unlikely to be justified without substantially more Indonesian data and compute. 

 

3.5.  Limitations and future works  

Our evaluation relies on automatic overlap metrics (BLEU-4, METEOR, and ROUGE-L). However, 

these scores correlate only imperfectly with pedagogical usefulness and perceived question quality, and we 

did not include human-rater studies with teachers or subject-matter experts. The Indonesian SQuAD 2.0 

portion uses a 20,000 translated subset, which may contain translation artifacts and therefore does not fully 

mirror classroom discourse. At the same time, TyDiQA-GoldP focuses on information-seeking questions 

rather than curriculum-aligned materials. Working on a single 16 GB GPU, we used smaller effective batches 

for BERT-large and could not explore a vast hyperparameter space; even though we matched the number of 

optimization steps across models and ran a re-sampling robustness check on SQuAD 2.0, some confounding 

factors may persist. We also limit our comparison to encoder-only transformers and do not benchmark 

decoder or instruction-tuned large language models. In future work, we plan to add expert and teacher 

ratings, curriculum-specific Indonesian datasets, and a broader set of model families. 

 

 

4. CONCLUSION 

This study evaluated IndoBERT, mBERT, and BERT-large for Indonesian AQG and found that 

IndoBERT consistently produced the highest-quality questions while using resources most efficiently. mBERT 

remains a viable multilingual alternative, albeit with a modest accuracy trade-off, whereas BERT-large offers 

no clear advantage in this setting and requires a greater computational budget. We therefore recommend 

IndoBERT as the default backbone for Indonesian AQG in educational applications and deployments on  

mid-range GPUs. For developers and educators, a practical approach is to fine-tune IndoBERT with [HL] 

tagging at a learning rate of 5×10-5 (batch size 16, or 8 for larger models) and utilize FP16/mixed precision 

with early stopping. We recommend evaluating systems using BLEU, METEOR, and ROUGE-L. For 

deployment, enable batching/caching and consider FP16 or 8-bit inference to meet typical latency and memory 

budgets on mid-range (~5 GB VRAM) GPUs. 
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