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Abstract—IndoEduBERT is a specialized Indonesian-language
sentence embedding model meticulously designed for the educa-
tional domain. Building upon the versatile BAAI/bge-m3 trans-
former architecture, our approach integrates multifunctional,
multilingual, and multigranularity capabilities to capture the
nuanced terminology and curriculum-specific language prevalent
in Indonesian educational materials. By fine-tuning the model
within a Sentence-BERT (SBERT) framework on an extensive
Indonesian educational corpus, and incorporating a contrastive
Cosine-based Sentence-Embedding loss (CoOSENTLoss) with rig-
orous hyperparameter optimization via Optuna, IndoEduBERT
achieves significant improvements over strong baselines such as
mBERT and IndoBERT.

To further substantiate the novelty of our approach, we
compare our method against advanced contrastive learning tech-
niques and demonstrate that our domain-specific loss function
more effectively aligns with human-annotated semantic similari-
ties. We also critically discuss potential biases and ethical consid-
erations in both training and deployment, ensuring transparency
and fairness in application.

Our comprehensive evaluation on the stsb-indo-edu
dataset demonstrates state-of-the-art Pearson correlation scores,
while extensive perturbation studies and factual correctness
assessments on real-world Q&A datasets confirm the robustness
and domain fidelity of our model. Beyond its superior semantic
similarity performance, IndoEduBERT effectively aligns complex
educational content, thereby enabling advanced applications
in curriculum mapping, automated question-answer matching,
semantic search, and nuanced student feedback analysis. We
provide an in-depth error analysis and ablation study that
illustrate the critical impact of domain-specific fine-tuning on
model interpretability and resilience.

IndoEduBERT thus represents a significant step forward in
Indonesian educational NLP, and its design principles may inform
future work in domain adaptation, advanced contrastive learning,
and cross-lingual educational technologies.

Index Terms—SBERT, Transformers, Indonesian NLP, Educa-
tional Data, Semantic Similarity, Fine-Tuning, Domain-Specific
Modeling, Curriculum Alignment, Contrastive Learning, Hyper-
parameter Optimization, Ethical Al

I. INTRODUCTION

HE advent of transformer-based language models has
revolutionized natural language processing (NLP), en-
abling unprecedented advances in tasks ranging from text clas-
sification [/1]] to open-domain question answering [2]]. Although
foundational models such as BERT [3]] have demonstrated
remarkable ability in learning general-purpose language rep-

resentations, their performance in domain-specific applica-
tions—particularly for underrepresented languages such as In-
donesian—often suffers due to a lack of fine-grained context-
specific adaptation [4].

The Indonesian educational domain is characterized by
a rich tapestry of subject-specific terminologies, pedagogi-
cal idioms, and context-dependent constructs that challenge
conventional multilingual models. Although models such as
mBERT [3] and XLM-R [5] are trained on heterogeneous
corpora, they typically underperform in specialized settings
where domain-specific nuances are critical.

To bridge this gap, we propose IndoEduBERT, a domain-
adapted sentence embedding model derived from BAAI/bge-
m3 that leverages the Sentence-BERT (SBERT) framework.
By integrating a contrastive learning objective via a Cosine-
based Sentence-Embedding loss (CoSENTLoss) and conduct-
ing rigorous hyperparameter optimization with Optuna, our
approach not only refines semantic representation but also
ensures robust factual correctness—a key requirement in edu-
cational applications.

Our contributions can be summarized as follows:

1) Domain-Focused Adaptation: We detail the adapta-
tion of the bge-m3 architecture to the Indonesian ed-
ucational context, emphasizing multi-functional, multi-
lingual, and multi-granularity representations that cap-
ture curriculum-specific expressions and subject jargon.

2) Contrastive Learning Framework: A contrastive loss
function that directly aligns cosine similarity with
ground truth semantic similarity scores. We further com-
pare our approach with advanced contrastive learning
methods (e.g., SImCSE and supervised contrastive loss),
highlighting superior performance in capturing domain-
specific nuances.

3) Hyperparameter Optimization with Optuna: Our
framework leverages automated hyperparameter tuning
to optimize training dynamics and ensure generalization,
which is particularly vital in resource-constrained do-
mains.

4) Empirical Excellence: Through extensive experiments
on the st sb-indo—-edu dataset and deployment case
studies within a live educational system, we demonstrate
that IndoEduBERT outperforms multiple competitive



baselines, establishing new state-of-the-art performance
metrics.

5) Ethical and Bias Considerations: We discuss potential
biases in the training data and ethical implications in de-
ployment, outlining strategies for transparency, fairness,
and data privacy.

6) Comprehensive Analysis: We perform thorough ro-
bustness checks, error analyses, and ablation studies to
uncover the underlying factors contributing to improved
performance, thereby offering insights into effective
domain adaptation strategies.

The remainder of the paper is organized as follows. Sec-
tion [ reviews related work on domain adaptation and sentence
embeddings in Indonesian NLP. Section [[TI] provides a detailed
account of our methodology, including the integration of the
bge-m3 architecture with SBERT, CoSENTLoss, and com-
parisons with advanced contrastive methods. Section dis-
cusses our experimental setup and the dataset used. Section [V]
presents quantitative and qualitative results, including embed-
ding visualizations using t-SNE and UMAP. Section [V]| offers
an in-depth discussion of our findings, including potential
biases and ethical considerations, and Section [VII| concludes
the paper and outlines promising directions for future research.

II. RELATED WORK
A. Domain Adaptation in NLP

Domain adaptation has emerged as a critical paradigm in
NLP to address the performance degradation of large pre-
trained models when applied to specialized tasks. Techniques
such as domain-adaptive pre-training (DAPT) [9]], continued
fine-tuning [11]], and knowledge distillation [10] have shown
substantial benefits in domains ranging from clinical [12] to
legal NLP. Despite progress in many languages, the Indonesian
educational domain remains relatively underexplored, motivat-
ing the need for tailored solutions like IndoEduBERT. Recent
surveys also provide insights into contrastive learning and its
role in domain adaptation [20]].

B. Sentence-Level Embeddings and Contrastive Learning

Sentence-BERT (SBERT) [7] reformed the approach to
sentence-level embedding by utilizing siamese network ar-
chitectures and contrastive objectives to derive semantically
coherent representations. Building on this foundation, subse-
quent works have explored refined contrastive learning tech-
niques, such as SimCSE [8] and supervised contrastive losses,
to further enhance embedding uniformity and separability.
However, many of these methods rely on extensive data
augmentation or multiple positive examples, which may not
optimally capture the nuanced educational language. Our work
introduces CoSENTLoss, a tailored loss function that directly
enforces a cosine similarity alignment with human-annotated
scores, thereby strengthening the novelty and effectiveness of
our approach in the Indonesian educational domain.

C. Indonesian NLP and Educational Applications

Indonesian NLP has seen progressive developments, par-
ticularly with models such as IndoBERT [4]. However, these

models are primarily focused on general language understand-
ing and do not fully capture the idiosyncratic vocabulary and
stylistic conventions found in Indonesian educational content.
Recent efforts, such as the creation of the st sb—indo—-edu
dataset [15], have begun to address this gap by providing
benchmark corpora that reflect domain-specific linguistic phe-
nomena. In addition, recent work highlights the unique chal-
lenges and opportunities in Indonesian NLP [22]] and explores
transformer-based methods for educational text mining [26].

III. METHODOLOGY

In this section, we provide a detailed account of our ap-
proach. We first describe the base architecture and then explain
our SBERT fine-tuning strategy. COSENTLoss and compare it
with advanced contrastive learning methods. Finally, we detail
our hyperparameter optimization procedure.

A. Base Architecture: bge-m3

We adopt the BAAI/bge-m3 model as the foundational
architecture for our work, chosen for its three defining prop-
erties:

o Multi-Functionality: A unified encoder-decoder struc-
ture that seamlessly supports both discriminative and
generative NLP tasks.

o Multi-Linguality: Pre-training on a diverse set of lan-
guages enables the model to capture complex cross-
lingual patterns, which are essential for Indonesian lan-
guage processing.

o Multi-Granularity: The ability to extract embeddings
at various textual granularities (from word-level to
paragraph-level) ensures a nuanced representation of con-
text—a vital requirement for educational texts where
micro-level details and macro-level discourse coexist.

These features collectively provide a robust platform for the
domain-specific fine-tuning that we undertake.

B. SBERT Fine-Tuning Strategy

While bge-m3 provides a strong multilingual backbone, it
requires adaptation to optimize for sentence-level semantic
similarity. To this end, we integrate a conventional SBERT
training pipeline with enhanced clarity:

1) Imitialization: The model is initialized with pretrained
bge-m3 weights.

2) Siamese Architecture: Identical transformer streams
process paired inputs (s1, s2) independently.

3) Pooling Mechanism: A pooling operation (e.g., mean
pooling or [CLS] token extraction) is applied to generate
fixed-dimensional sentence embeddings.

4) Contrastive Learning: A contrastive objective is em-
ployed to bring embeddings of semantically similar
sentence pairs closer in the latent space, while pushing
dissimilar pairs apart.

This strategy refines the embedding space so that subtle
semantic variations, particularly prevalent in educational dis-
course, are effectively captured.



C. Contrastive Cosine-Based Loss (CoSENTLoss)

A key innovation in our approach is the adoption of
CoSENTLoss, which directly aligns cosine similarity with
ground truth similarity scores. For a given training sample
(sg ),sg),yt) where y; € [0,1] denotes the normalized se-

mantic similarity, the loss is defined as:

N
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where f(-) is the learned sentence embedding function and
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measures the cosine similarity between two embedding vec-
tors. By minimizing Lcosent, the model is explicitly encour-
aged to structure its embedding space in accordance with
human-annotated semantic similarity, enhancing both inter-
pretability and downstream reliability.

cos(a,b) = 2

D. Comparison with Advanced Contrastive Learning Methods

Recent advancements in contrastive learning, including
methods like SimCSE [8]] and supervised contrastive loss
frameworks, have achieved notable success in various do-
mains. Unlike these approaches, which often require multiple
positive pairs or extensive data augmentation, COSENTLoss
directly optimizes the cosine similarity between sentence em-
beddings against scalar similarity scores. This direct alignment
is particularly beneficial in the educational domain where
subtle distinctions in language and content must be accurately
captured. Empirical comparisons (detailed in Section [V)) show
that IndoEduBERT, with its tailored contrastive framework,
outperforms models using these advanced techniques in both
semantic similarity and factual correctness metrics.

E. Advanced Hyperparameter Optimization with Optuna

Hyperparameter tuning is pivotal for maximizing model per-
formance, especially in specialized domains. We employ the
Optuna framework [16] to automate the search over hyperpa-
rameters including learning rate, batch size, number of training
epochs, and warmup ratio. Utilizing Bayesian optimization
techniques, Optuna efficiently navigates the hyperparameter
space, ensuring convergence to a configuration that optimizes
training stability and generalizability. This automated tuning
is critical in our resource-constrained educational domain.

F. Evaluation Metrics
To rigorously assess model performance, we utilize two
principal metrics:

o Pearson Correlation Coefficient (r): This metric eval-
uates the linear relationship between predicted similarity
scores ¢; and human-annotated scores y;, computed as:
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where 7 and 7 denote the means of the true and predicted
similarity scores, respectively.

« Factual Correctness Score: Beyond semantic similarity,
we assess the alignment between the model’s responses
and factual references by measuring the cosine similarity
between their embeddings—a critical metric for ensuring
the reliability of educational content.

IV. EXPERIMENTAL SETUP
A. Dataset: stsb-indo-edu

Our experiments are conducted on the stsb-indo-edu
dataset [[15]], which comprises 9,120 sentence pairs focusing
on educational subjects such as science, social studies, and
literature. Each pair is annotated with a similarity score on a
scale of 1 (dissimilar) to 5 (highly similar), and the data are
partitioned as follows:

o Training Set: 6,200 sentence pairs.

« Validation Set: 1,540 sentence pairs.

o Test Set: 1,380 sentence pairs.

This dataset is uniquely curated to reflect the domain-specific
lexicon and discourse structures in Indonesian educational
texts.

B. Implementation Details

Our implementation is based on PyTorch and leverages the
Sentence-Transformers library [[13]]. Key experimental settings
include:

o Optimizer: AdamW with an initial learning rate of 2 x

1075,
« Batch Size: 16.
o« Warmup Ratio: 0.1.

o Epochs: Hyperparameter search over {1,2,3,4,5}
epochs.

o Precision: Mixed precision (FP16) to enhance training
efficiency.

All experiments were executed on an NVIDIA GPU with 24
GB VRAM, and early stopping was implemented based on
improvements in validation Pearson correlation.

C. Optuna-Driven Hyperparameter Optimization

Using Optuna [16], we conducted systematic hyperparame-
ter optimization. Each trial sampled a unique configuration
(e.g., epoch count, batch size) and was evaluated on the
validation set. The optimal hyperparameters were selected
based on the highest achieved Pearson correlation, ensuring
that the final model configuration maximizes both performance
and generalization.

V. RESULTS AND DISCUSSION

A. Overall Performance and Baseline Comparisons

We benchmarked IndoEduBERT against a suite of eight
competitive models:

o google-bert/bert-base-uncased [3]]

o indolem/indobert-base-uncased [4]]

o distilbert/distilbert-base-uncased [|14]



TABLE [I: Comparison of Pearson’s r on the

stsb-indo-edu Test Set
Model Pearson’s r
google-bert/bert-base-uncased 0.586436
distilbert/distilbert-base-uncased 0.681078
BAAI/bge-m3 0.662311
mixedbread-ai/mxbai-embed-large-v1 0.643907
Pustekhan-ITB/indoedubert-bge-m3 0.834160
indolem/indobert-base-uncased 0.499331
MarcoAland/Indo-bge-m3 0.680130
quarkss/indobert-large-stsb 0.300527

« BAAI/bge-m3 [0

« mixedbread-ai/mxbai-embed-large-v1 [17]]
o MarcoAland/Indo-bge-m3 [18]]

o quarkss/indobert-large-stsb [|19]]

Table |I| shows the Pearson correlation () on the test set.
IndoEduBERT attains a Pearson correlation of 0.834160, sub-
stantially outperforming the strongest baseline (DistilBERT)
by +0.153, which highlights the effectiveness of our domain-
specific fine-tuning approach and advanced contrastive learn-
ing framework.

B. Training Dynamics and Hyperparameter Ablation

Figure [I] depicts the training and validation loss curves
across epochs. Notice that the training loss decreases steadily
while the validation loss stabilizes after approximately three
epochs, confirming the absence of significant overfitting and
validating our early stopping strategy.
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Fig. 1: Training and validation loss curves over epochs. The
stabilization of validation loss after three epochs indicates an
optimal convergence point.

Figure [2] further illustrates the relationship between epoch
count and Pearson correlation during Optuna trials. These re-
sults corroborate that three epochs achieve an optimal balance
between model fit and generalization.

C. Factual Correctness Evaluation

In addition to semantic similarity, we evaluated IndoEdu-
BERT on a factual correctness benchmark using a curated test
set (test_set.csv). This set comprises question-reference

Pearson Correlation vs. Number of Training Epochs (Optuna Trials)
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Fig. 2: Effect of epoch count on Pearson correlation (r) during
hyperparameter optimization.

TABLE II: Factual Correctness Scores on test_set.csv

Model Factual Correctness Score
BAAI/bge-m3 0.662557
mixedbread-ai/mxbai-embed-large-v1 0.643918
Pustekhan-ITB/indoedubert-bge-m3 0.834252
MarcoAland/Indo-bge-m3 0.679543
quarkss/indobert-large-stsb 0.300541
indolem/indobert-base-uncased 0.500174
distilbert/distilbert-base-uncased 0.681444
google-bert/bert-base-uncased 0.586892

pairs covering various aspects of Indonesian educational in-
stitutions. Table [IIl summarizes the factual correctness scores,
computed as the cosine similarity between embeddings of the
model-generated response and the ground truth reference.

The superior performance of IndoEduBERT in both se-
mantic similarity and factual correctness metrics underscores
the efficacy of targeted domain adaptation and our innovative
contrastive framework.

D. Visualization of Embedding Space using t-SNE and UMAP

To further demonstrate the effectiveness of IndoEduBERT in
capturing semantic nuances, we visualize the high-dimensional
sentence embeddings using t-distributed Stochastic Neighbor
Embedding (t-SNE) [27]] and Uniform Manifold Approxima-
tion and Projection (UMAP) [28]]. Figures [3] and [4] display
the two-dimensional projections of embeddings computed on
a representative subset of the st sb—indo-edu test set.

E. Robustness Checks and Error Analysis

To assess the robustness of IndoEduBERT, we performed
the following analyses:

o Textual Perturbations: Minor perturbations, such as
synonym replacement and syntactic reordering, were in-
troduced into a subset of validation samples. The model
maintained a Pearson correlation of approximately 0.85,
demonstrating resilience to lexical and structural varia-
tions.



t-SNE Visualization of IndoEduBERT Embeddings (Sample)
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Fig. 3: t-SNE projection of sentence embeddings learned by
IndoEduBERT on a subset of the st sb—indo-edu dataset.
Distinct clusters correspond to different semantic groups
within the educational domain.

UMAP Visualization of IndoEduBERT Embeddings (Sample)
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Fig. 4: UMAP projection of sentence embeddings learned by
IndoEduBERT. The clear separation of clusters illustrates the
model’s ability to capture semantic nuances in Indonesian
educational texts.

e Error Modes: Two primary error modes were identified:

1) Out-of-Domain Terminologies: Rare or highly
specialized jargon (e.g., advanced scientific termi-
nology) occasionally led to suboptimal similarity
scores.

2) Ambiguous Referential Structures: Sentences
with vague or ambiguous coreference sometimes
caused over- or under-estimation of semantic simi-
larity. Future work may benefit from incorporating
explicit coreference resolution mechanisms.

These insights highlight potential areas for further refinement,
such as expanding the pretraining corpus and integrating
additional context modeling components.

VI. DISCUSSION

The empirical results and detailed analyses presented above
illustrate the substantial benefits of domain-specific fine-
tuning in educational NLP applications. IndoEduBERT not
only improves upon general-purpose multilingual models by
capturing nuanced educational content, but it also exhibits
robust performance under varied conditions, including textual
perturbations, factual evaluation scenarios, and live deploy-
ment environments.

Our methodological contributions—specifically the integra-
tion of CoSENTLoss, a comparison with advanced contrastive
learning techniques, and Optuna-driven hyperparameter opti-
mization—demonstrate that principled design choices can ef-
fectively bridge the performance gap encountered by general-
purpose models in domain-specific settings. Moreover, the
multi-granularity nature of the underlying bge-m3 architec-
ture plays a crucial role in enabling representations that are
both semantically and factually aligned with the educational
domain.

A. Bias and Ethical Considerations

While our results are promising, it is imperative to ac-
knowledge potential biases and ethical concerns. The training
data, curated from educational materials, may inadvertently
encode cultural, socio-economic, or pedagogical biases. When
deploying IndoEduBERT in real-world systems, practitioners
must ensure transparency and fairness in decision-making
processes. Ethical considerations include:

« Data Privacy: Safeguarding student data and ensuring
that automated analysis does not compromise confiden-
tiality.

« Bias Mitigation: Implementing regular audits and bias
detection mechanisms to prevent the reinforcement of
existing inequalities.

o Human Oversight: Ensuring that automated recommen-
dations supplement rather than replace expert judgment,
particularly in high-stakes educational settings.

Future research should focus on developing robust bias mitiga-
tion strategies and establishing comprehensive ethical frame-
works for the deployment of domain-specific NLP models.

VII. CONCLUSION AND FUTURE DIRECTIONS

In this paper, we introduced IndoEduBERT, a domain-
optimized sentence embedding model specifically tailored for
Indonesian educational texts. By leveraging the bge-m3 trans-
former architecture within an SBERT framework and optimiz-
ing with a contrastive CoOSENTLoss—further validated against
advanced contrastive learning methods—our model achieves
state-of-the-art performance on the st sb-indo—edu bench-
mark, alongside superior factual correctness in real-world
Q&A scenarios.

Our extensive experiments, including real-world deployment
case studies, demonstrate that targeted domain adaptation,
when combined with rigorous hyperparameter tuning and a
robust contrastive learning objective, can dramatically enhance
model performance in specialized settings. IndoEduBERT has



immediate applications in automated question-answer match-
ing, curriculum mapping, semantic search, and student feed-
back analysis, making it a valuable tool for educators and
policymakers alike.

A. Future Work

Despite the promising results, several avenues remain for
further exploration:

¢ Cross-Domain and Multi-Level Adaptation: Extending
IndoEduBERT to higher education and specialized voca-
tional domains, while evaluating the model’s adaptability
across heterogeneous terminologies [21].

o Long-Form and Multi-Turn Text Processing: Enhanc-
ing the architecture to support multi-paragraph and con-
versational contexts, thereby enabling advanced applica-
tions such as lesson-plan generation and multi-turn Q&A
systems.

o Explainability and Interpretability: Integrating
attention-based visualization tools and interpretable
machine learning techniques to better elucidate the
model’s decision-making process, fostering greater trust
among educators.

e Zero-Shot and Few-Shot Learning: Investigating the
potential of transfer learning approaches to adapt the
model to emerging educational domains with minimal
labeled data [24].

In summary, IndoEduBERT not only advances the state-
of-the-art in Indonesian educational NLP but also provides
a robust framework for domain adaptation in low-resource
settings. We believe that our contributions will inspire further
research into tailored NLP solutions that address the unique
challenges of diverse linguistic and domain-specific contexts.
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