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Machine translation for low-resource languages remains a significant
challenge due to the lack of parallel corpora and optimized model
configurations. This study developed and optimized a Seq2Seq Long Short-
Term Memory (LSTM) model for Tegalan-to-Indonesian translation. A
manually curated parallel corpus was constructed to train and evaluate the
model. Various hyperparameter configurations were systematically tested,
with the best-performing model achieving a BLEU score of 11.7381 using a
dropout rate of 0.5, batch size of 64, learning rate of 0.01, and 70 training
epochs. The results demonstrated that higher dropout rates, smaller batch
sizes, and longer training durations enhanced model generalization and
translation accuracy. The optimized model was deployed into a web-based
application using Streamlit, ensuring accessibility for real-time translation.
The findings highlighted the importance of hyperparameter tuning in neural
machine translation for low-resource languages. Future research should

explore Transformer-based architectures, larger datasets, and reinforcement
learning techniques to further enhance translation quality and generalization.
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1. INTRODUCTION

Machine translation systems are currently more accurate and efficient as a result of the progressive
developments in Natural Language Processing (NLP). However, linguistic variances, a lack of comparable
corpora, and unique cultural characteristics make translation from regional language to Indonesian difficult [1].
While most machine translation research focuses on high-resource languages, underrepresented languages such
as Tegalan have received little attention. Our study addresses this gap by developing a specialized translation
model using the Sequence-to-Sequence (Seg2Seq) Long Short-Term Memory (LSTM) architecture.
Additionally, we integrate the model into a web-based platform to enhance accessibility for real-time
translation.

© SHM Publisher 40
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The necessity of smooth cross-linguistic communication has prompted advancements in translation
techniques. Although they set the groundwork for automation, early methods like statistical and Bayesian
models had limitations in terms of accuracy and adaptability. A breakthrough was made with the emergence
of Neural Machine Translation (NMT), which uses deep learning to enhance translation quality. Due to
complicated linguistic traits and a lack of training data, systems such as Google's Neural Machine Translation
(GNMT) perform poorly in low-resource languages but well in high-resource ones [2]. Despite progress in
NMT, Tegalan and other regional languages are still not extensively studied. Regional languages are not
sufficiently addressed by some studies on NMT, which mostly focus on national language. A few researchers
have explored machine translation for low-resource languages. However, these efforts are still limited in scope
and methodology [3]. Thus, exploring MT models for previously unstudied low-resource languages is essential.

Previous research has examined a variety of machine translation methodologies, from statistical
models to advanced neural network-based techniques. Seq2Seq LSTM networks are essential for improving
performance, and the transition from conventional techniques to NMT has resulted in notable improvements
in translation accuracy. This is shown from previous research that compared various LSTM methods to find
out the LSTM architecture with the best performance. According to this work [4], when analyzed using
standardized measures including the BLEU score, precision, recall, and F1-score, enhanced Seq2Seq LSTM
models obtain greater translation accuracy. The potential of Seq2Seq LSTMs in enhancing machine translation
performance was demonstrated by a comparative investigation.

Further validation of the LSTM Seq2Seq model is evident in other translation tasks. A study on
Spanish-English translation using the LSTM Seq2Seq-based NMT model demonstrated effectiveness in
maintaining contextual relationships on long sentences. A dataset of 47 multilingual culinary recipes in
Spanish-English and English-Spanish is used in this study. Seventy percent of the entire dataset is used for
training, while the remaining portion is used for testing. The higher performance of LSTM Seq2Seq in Spanish-
English translation has better that English-Spanish as indicated by their respective BLEU score results [5].

The next study describes a translation case that uses a low-resource language, namely Sundanese.
Sundanese is a language spoken by an ethnic group in Indonesia. An encoder-decoder Seq2Seq LSTM model
was employed in the study to translate Sundanese-Indonesian and Indonesian-Sundanese. This study concludes
that translation accuracy is high with minimal loss values. This confirms the appropriateness of Seq2Seq
LSTMs for low-resource languages. Furthermore, this study demonstrates that using greater epochs in Adam
optimization improves stability and performance in both translation directions [5].

Moreover, recent developments in NMT, such as the Skip Convolutional Network and LSTM (SCN-
LSTM) architecture, have outperformed conventional models. The SCN-LSTM model increased accuracy,
enhanced translation quality, and reduced semantic ambiguity [6]. Another research paper [7] describes an
NMT paradigm that combines the strengths of transformers and LSTM. The suggested methodology requires
enhancing the quality of translation from English to Hindi by utilizing self-attention techniques and sequential
modeling. This research project is examining the integration of paraphrase approaches inside NMT frameworks
for English-to-Hindi translation.

Although various academics have investigated machine translation for low-resource languages, there
has been little investigation into the optimization of Seq2Seq LSTM parameters for regional language
translation. As a result, it is critical to investigate the Tegalan-Indonesian translation, which includes Tegalan
as a low-resource language. In addition, it is also important to optimise the Seq2Seq LSTM using multiple
hyperparameter combinations. This is required to determine which hyperparameter provides the highest
performance. Furthermore, the existing literature rarely examines the practical deployment of web-based
platforms. Consequently, this study is trying out an unusual approach by utilizing the most effective translation
model on a web platform.

Our research is aimed at highlighting the significance of hyperparameter tuning in neural machine
translation namely seq2seq LSTM for low-resource languages. To accomplish our goal, we begin by building
a Tegalan-Indonesian corpus to use for modeling and assessing translation models. Using this corpus, a
Seq2Seq LSTM model will be constructed, regarding hyperparameters fine-tuned for optimal performance.
The model's accuracy will be evaluated using BLEU, precision, recall, and the F1-score. Finally, the best-
performing model will be deployed on a web-based application by Streamlit, allowing for real-time translation.

Our research contributes to preserving local languages by enhancing computerized translation for
under-resourced languages. The study improves the usability of Tegalan translation by optimizing a Seq2Seq
LSTM model and implementing on a simple website. Moreover, this study demonstrates the potential of deep
learning in extending NLP applications to regional dialects. Most importantly, this research shows that machine
translation is essential to prevent endangered languages.
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2. METHOD

This project uses a structured process to generate a Seq2Seq LSTM-based machine translation model
for Tegalan-to-Indonesian translation. The research procedure, depicted in Figure 1, consists of five major
steps. The five steps are simultaneous corpus construction, preprocessing, model development, evaluation, and
deployment. Initially, a parallel corpus is produced by manually translating Tegalan texts into Indonesian. For
improved model performance, the dataset is preprocessed using tokenization, text normalization, and
vectorization. During the model developing phase, the Seq2Seq LSTM model is trained through
hyperparameter adjustment, training, and testing. The trained model is then assessed using standard machine
translation criteria to determine its effectiveness. Finally, the most effective model is integrated into a web-
based application. Web-based apps require real-time translation and accessibility to end users. This systematic
methodology allows it to be easier to construct an efficient and scalable translation system for the Tegalan
language.

Seqg2seq LSTM

Parallel Corpus 3
Model Development

Construction Preprocessing i

Hyperparameter
Tuning

Training

Model Deployment <€— Model Evaluation Testing

Figure 1. Workflow of Seq2Seq LSTM translation model

Parallel Corpus Contruction

Constructing a high-quality parallel corpus is a crucial phase in developing a machine translation
model. Since Tegalan is a language with limited resources. Our study utilizes an existing dataset obtained by
Harsh Jain's research, which is freely available on the Kaggle platform [8]. The collection contains English-
Indonesian translation pairings. Following that, only the Indonesian text component is extracted and used to
build a Tegalan-to-Indonesian parallel corpus. Native speakers and linguistic experts carry out manual
translations to ensure that grammatical structures, cultural settings, and semantic meanings are preserved. The
input of language specialists is essential in maintaining authenticity between Tegalan and Indonesian sentences
while minimizing potential translation discrepancies.

In order to enhance the trustworthiness of the parallel corpus, rigorous validation was performed.
Linguistic experts meticulously analyzed and validated the sentence alignment to ensure that each Tegalan
sentence corresponded appropriately to Indonesian. The data was then organized into a systematic format. This
was done for preprocessing and integrating the Seq2Seq LSTM model development workflow. The completed
corpus is a valuable resource for training and assessing translation models. Finally, this will increase the
performance of Tegalan-Indonesian translation machines and support low-resource language processing
research.

Preprocessing

A systematized preprocessing workflow is adopted. This provides data consistency and quality before
model training training [9], [10]. The method begins with reading and cleaning the Tegalan-Indonesian parallel
corpus. A validation process follows, assuring accurate alignment between the two languages by selecting
sentence pairings with the same number of lines. The cleaned text is then saved as structured Tegalan-
Indonesian sentence pairs. The following step is to filter by removing punctuation marks. Filtering is also used
to reduce data size and eliminate variances in terms with punctuation marks [11]. Following that, casefolding
is the method employed to transform all characters into lowercase letters. This technique assures word form
consistency and eliminates variances caused by letter sensitivity.

Tokenization, coding, and padding proceed after text normalization or case folding. These procedures
transform textual data into a structured format appropriate for deep learning models. The tokenization function
is implemented using Keras' Tokenizer module. The tokenization process outputs two separate tokenizers for
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the Tegalan and Indonesian text components. These tokenizers map words to unique indices while respecting
the vocabulary and structure of each language. Sequence encoding is used, which converts phrases into
numerical representations [12][13]. For handling sentence lengths, padding is used by adding zeros to shorter
sequences. Padding also guarantees that the input dimensions are uniform throughout the training procedure.
This preparation procedure increases the dataset's quality, enabling the Seq2Seq LSTM model to effectively
learn linguistic patterns [10].

After preprocessing, the dataset was separated into two parts: 80% for use in training and 20% for use
in the testing phase. This fraction was chosen to ensure that the model had enough data to train from while also
providing a trustworthy set for testing generalization ability. Using a set random seed ensures that data splitting
remains consistent over numerous runs. Although no specific validation set is defined, the model training
process is monitored using loss values to reduce the potential risk of overfitting. This data partitioning method
offers a balanced framework for constructing and evaluating translation models in consistent and reproducible
situations.

Model Development

This stage comprises training the translation model with the Long Short-Term Memory (LSTM)
algorithm [14]. The Seq2Seq architecture comprises an encoder and a decoder for designing our model. The
encoder converts the input sequence (Tegalan sentences) into a fixed-dimensional state vector, and the decoder
uses this state vector as input to construct the output sequence (Indonesian sentences). Figure 2 depicts the

Sequence-to-Sequence Learning (Seq2Seq) approach in our study.
O
SEEISS:‘JI{I:E
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Input
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Figure 2. Seq2Seq method

Our model is composed of multiple layers, including an input layer, an embedding layer, an LSTM
layer, and an output layer. The input layer gets tokenized and padded sequences. The embedding layer
translates integer sequences to dense vector representations. The encoder and decoder both use LSTM layers
to record temporal dependencies. A dense layer that employs the softmax activation function to generate a
probability distribution across the target vocabulary [15]. The LSTM units are defined by the following
equations:

fo = c(Ws - [he_y, x] + bf) 1
ip = o(W; - [he_y, x¢] + by) 2
C; = tanh(W, - [he_q, x¢] + bc) 3)
Ct=ft*Ct—1+it*5t (4)

o = (W, - [he—q, x¢] + by) )
h: = o; * tanh(C;) (6)

The £, is the forget gate, i, is the input gate, C, is the candidate cell state, C, is the cell state, o, is the
output gate, and h, is the hidden state. W and b are the weight matrices and biases, and ¢ and tanh are the
sigmoid and hyperbolic tangent activation functions, respectively. The model is trained using a preprocessed
parallel corpus. The training process involves several iterations (epochs) to optimize the model weights. The
loss function used is categorical cross-entropy, which is suitable for multi-class classification problems:

Loss = = > (vi10g(%)) (7)

The y; is the actual label and ¥, is the predicted probability for class i. The Adam optimizer is
employed to update the model weights, combining the advantages of AdaGrad and RMSProp. The optimization
process is governed by the following equations:

me = pimey + (1 —B1)g: (8)
Ve = Boveog + (1 = B gt 9)
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The m, and v, are estimates of the first moment (mean) and second moment (uncentered variance)
of the gradients, B, and 3, are the decay rates for these estimates, a is the learning rate, g, is the gradient at
time step t ,and € is a small constant for numerical stability.

The parameterization procedure entails determining model parameters such as batch size, learning
rate, dropout, and epoch. The batch size sets the amount of training samples utilized in a single iteration.
Meanwhile, the learning rate determines the step size utilized by the optimizer to update the model weights.
Furthermore, the dropout function inhibits overfitting by making the network learn redundant representations.
In addition, there is an epoch that facilitates the model to learn patterns by modifying its weights to reduce
errors [16][17]. This optimization step is crucial for achieving high translation accuracy and improving the
model’s ability [18][19].

The building of the Seq2Seq LSTM model is systematic, beginning with data segmentation. Data
segmentation is required to ensure the best training and evaluation methodologies. The dataset is separated into
two sets, including a testing set and a training set. The remaining 20% of the data is saved for assessment, while
the other 80% is used for the training process. Training this data enables the model to learn linguistic patterns
efficiently. At the same time, the testing data serves as an impartial source for performance evaluation.
Following that, each round of hyperparameter tuning will include training and testing until the model's
performance value is demonstrated.

A modeling approach is carried out based on each hyperparameter combination. The Seq2Seq LSTM
architecture is trained by passing preprocessed data onto it. Furthermore, the encoder-decoder system learns
the relationship between Tegalan and Indonesian sentence pairings. In out experiment study, the Adam
Optimizer Algorithm improves model performance during training. Following training, the model is assessed
on the testing dataset. The BLEU score will be reported based on the performance evaluation results from the
testing process. The BLEU score is calculated to determine the quality of the translation. Furthermore, the
BLEU results provide information about the model's effectiveness.

Model Evaluation

The evaluation stage determines which model has the best performance based on the BLEU score.
The BLEU score is utilized in this study since it is a well-known metric for evaluating machine translation
quality. The BLEU score additionally measures the similarity between the model's translations. This allows the
BLEU score to give a quantitative evaluation of translation correctness [20]. Several hyperparameter
configurations are evaluated, and the model with the greatest BLEU score is chosen for use. This evaluation
approach ensures that the final model performs optimally in translating Tegalan to Indonesian.

The Bilingual Evaluation Understudy (BLEU) score is a commonly used statistic for assessing the
quality of machine translation outputs. This statistic is based on how closely the candidate translation matches
the reference translation in terms of n-grams. The BLEU score is computed using the subsequent equation:

N (13)
BLEU = BP.exp (Z wy, log Pn>

n=1

In formula 13, BP represents the brevity penalty. B, denotes the modified n-gram precision for n-
grams with size n,. While w,, is the weight attributed to each n-gram level (usually uniform, e.g., w,, = %).
The brevity penalty defines BP=1 if the candidate length c is more than the reference length r. Besides, if BP

T
[

is not equal to one then BP = exp (1 - —). This approach assures that translation outputs are not only precise,
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but also sufficiently long. This formulation establishes a BLEU score as a credible metric for evaluating
machine translation quality.

Model Deployment

The final step is to integrate the best-performing Seq2Seq LSTM model into a web-based platform.
We provide a web-based platform for real-time translation of Tegalan to Indonesian. This implementation is
built with Streamlit. Streamlit is employed, resulting in a lightweight and interactive platform for developing
machine learning applications. Furthermore, Streamlite's user interface is simple to use interface [21]. Users of
the platform are able to input Tegalan sentences and obtain exact Indonesian translations. This implementation
ensures that a larger audience has access to it while remaining computationally efficient. Then, depending on
the web implementation, the translation system becomes more practical. Furthermore, the platform that we
developed enables people to interact with the model without the requirement for technical expertise.

3. RESULTS AND DISCUSSIONS
Result of Dataset Preparation

Our research produces a parallel corpus of Tegalan and Indoenesia languages. This corpus is derived
from two distinct text files, "tegalan.txt" and “indonesia.txt". Each file includes the relevant sentence pair. To
assure data quality and consistency, a preprocessing flow is used on this corpus. First, the data set is read, and
any blank lines are eliminated. Following that, we build a single corpus. Next, all punctuation marks are deleted
from both language columns using a technique that reduces noise and focuses on lexical data. To ensure
consistency, all text is changed to lowercase. This lowercase procedure guarantees that there is no case
sensitivity.

The corpus was converted into tokens using the Keras Tokenizer. This tokenization procedure
generates two unique tokenizers for Indonesian and Tegalan. As a result, these tokenizers facilitate it being
easier to translate words into numerical representations, which is an important step in model input. Padding is
required to handle variable phrase lengths while maintaining input uniformity for the model. Sequences were
padded with zeros to ensure that all sequences had the same length. Table 1 offers an overview of the dataset
following the preprocessing steps.

Table 1. Sample Dataset After Preprocessing

Original Tegal Original Preprocessed Preprocessed Padded Tegal Sequence Padded Indonesian
Sentence Indonesian Tegal Indonesian Sequence
Sentence Sentence Sentence
Nyong lagi Saya sedang nyong lagi saya sedang [2,3,4,5,0,0,0,0] [6,7,8,9,0,0,0,0]
mangan sega. makan nasi. mangan sega  makan nasi

(I am eating rice.) (I am eating rice.)

Kowen pan Kamu mau pergi kowen pan kamu mau [10,11,12,0,0,0,0, 0] [13, 14, 15, 16, 17,0, 0, 0]

ngendi? ke mana? ngendi pergi ke mana

(Where are you (Where are you

going?) going?)

Delengna kuwe! Lihat itu! delengna lihat itu [18,19,0,0,0,0,0,0] [20, 21, 0,0,0,0,0, 0]
kuwe

(Look at that!) (Look at that!)

Following preprocessing, we investigated the sentence length distribution in the Indonesian and
Tegalan languages. This was done in order to better understand the corpus's properties. Sentence lengths were
calculated by grouping words into separate groups. Then, we put them into a Pandas Data Frame to allow for
statistical analysis. Figure 3 presents a Histogram illustrating the distribution of sentence lengths in both
languages. This histogram provides a comparative overview and highlights any potential issues or biases in the
dataset. This sentence length analysis can be used to identify the proper sequence length for padding, which
may influence the neural machine translation model design.
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Result of Model Evaluation

The Seq2Seq LSTM model is evaluated by adjusting a number of hyperparameters to enhance
translation performance. We employed four key hyperparameters: dropout rate, batch size, learning rate, and
number of epochs. The dropout rate controls the inactivation of neurons during training to minimize overfitting.
The dropout values were set to 0.2, 0.3, and 0.5. The batch size is the second parameter, and it specifies how
many training data are processed before the model's weights are updated. We tried with batch sizes of 64, 128,
and 256. The next parameter is the learning rate. The learning rate is a key aspect in determining the step size
in weight updating. We tested learning rates of 0.001, 0.005, and 0.01. Lastly, the number of epochs determines
the frequency which the model processes the complete dataset. We used three epochs: 30, 50, and 70. There
were 81 distinct possibilities formed when all available hyperparameter setups were taken into account. These
hyperparameter adjustments were investigated systematically to discover the most successful configuration
using the BLEU Score.

Figure 4 demonstrates the distribution of BLEU scores for various hyperparameter setups. The box
plots show the median, interquartile range, and probable outliers, revealing how each hyperparameter affects
translation performance. The dropout rate varies significantly depending on BLEU scores. Higher dropout
values lead to a greater range of BLEU scores. The batch size shows moderate fluctuation. Smaller batch sizes
were used to produce more consistent BLEU results. Meanwhile, the learning rate has a significant impact on
the BLEU score distribution. Larger learning rates resulted in a wider range of scores. Similarly, the number
of epochs influences performance consistency. Epochs with longer training cycles might result in performance
improvements but with increased variability.

The analysis of Figure 4 demonstrates that hyperparameter selection has a considerable impact on
translation accuracy. This is evident in the range of BLEU scores across configurations. The learning rate
appears as a key component. Lower numbers (e.g., 0.001) yield more stable results, whereas higher rates (e.g.,
0.01) result in increased transmission. At the same time, a 0.2 dropout rate appears to strike a balance between
generalizability and performance. Moreover, higher dropout values lead to larger volatility. Besides that,
smaller batch sizes (e.g., 64) result in more consistent BLEU results. This shows that using a big batch size
may not be appropriate for this dataset. Furthermore, training for more epochs (50 or 70) often improves
performance, but the benefits decline beyond a certain point. These findings serve as a foundation for
determining the most effective hyperparameter configuration for improving the resilience and accuracy of the
Tegalan-to-Indonesian translation model.



Af’idah, et. al. / J. Soft Comput. Explor., Vol. 6, No. 1, March 2025: 40-50 47

Distribution of SacreBLEU Scores by Dropout Distribution of SacreBLEU Scores by Batch Size
12 12
10 10
o 8 s 8
5 5
& &
D6 T 6
E o
m o
° T
"] o
& 4 8 4
2 2
0 0
0.2 03 0.5 64 128 256
Dropout Batch Size
Distribution of SacreBLEU Scores by Learning Rate Distribution of SacreBLEU Scores by Epochs
12 12
10 10
o 8 v 8
5 5
5 a
3 6 T 6
= u
m oM
@ 4
S S
3 4 A 4
2 2
0 + + + 0 e e
0.001 0.005 0.01 30 50 70
Learning Rate Epochs

Figure 4. Distribution of scare BLEU score regarding parameters

Figure 5 depicts a line chart that shows the trend of BLEU scores across various hyperparameter
setups. The observed variation implies that hyperparameter selection has a considerable impact on translation
performance. This is clear because certain configurations produce much greater results than others. Among all
evaluated setups, the following ratio hyperparameters produced the highest BLEU score of 11.7381: dropout
0.5, batch size 64, learning ratio 0.01, and 70 epochs. This configuration demonstrates that a higher dropout
percentage, paired with a smaller batch size and more training epochs, leads to enhanced model performance.
These findings emphasize the need of careful hyperparameter adjustment in neural machine translation. This
emphasizes the need of carefully selecting configuration parameters to optimize translation accuracy and model
stability.

BLEU Score Trends Across Hyperparameter Configurations
12}
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SacreBLEU Score
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Figure 5. BLEU score trends across hyperparameter configurations

Result of Model Deployment

The top-performing Seq2Seq LSTM model had a BLEU score of 11.7381. This paradigm is used in a web-
based program called Streamlit to provide real-time Tegalan-to-Indonesian translation. As illustrated in Figure
6, the web interface enables users to enter Tegalan sentences and receive quick translations into Indonesian.
Our implementation on a web-based platform improves accessibility by incorporating the optimized model into
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an interactive environment. This platform enables efficient and accurate translations without requiring
significant computational resources. This implementation improves the model's practical applicability while
also helping to preserve low-resource languages.

TegalLingo

Hasil:

Kalimat: Aku pengin tuku bakso akeh

Hasil Terjemahan: saya mau beli bakso yang banyak

© 2024 TegalLingo. All rights reserved

Figure 6. Web platform of tegalan-to-indonesian language

Discussion

The results of this study show that hyperparameter adjustment has a substantial impact on the
performance of the Tegalan to Indonesian translation model based on Seq2Seq LSTM. The maximum BLEU
score of 11.7381 was obtained with the following configurations: a dropout rate of 0.5, a batch size of 64, a
learning rate of 0.01, and 70 epochs.

When compared to earlier studies on machine translation for low-resource languages, our findings
show competitive performance in terms of translation accuracy and system deployment. Table 2 displays that
the proposed Seq2Seq LSTM model for Tegalan-Indonesian translation outperformed earlier LSTM-based
techniques applied to languages such as Sundanese and Javanese, which got BLEU scores of 10.28 [5] and
9.80 [22]. In contrast to previous studies, which relied mostly on lower dropout rates and shorter training
epochs, our work used a greater dropout rate and a longer training duration, resulting in improved
generalization and translation quality. Furthermore, unlike earlier studies, which did not discuss
implementation in practical systems, our current work distributed the optimized model through a web platform.
This platform supports real-time translation and improves accessibility. These results indicate that careful
hyperparameter tweaking and deployment integration can considerably increase the effectiveness and usability
of neural machine translation systems for regional languages.

Table 2. Comparison of BLEU scores in language translation studies

Study Language Pair Model Architecture BLEU Score Deployment

Our Study Tegalan-Indonesia seq2seq LSTM 11.74 Web Platform (Streamlit)
Ramadhan et al., English-Sundanese LSTM 10.28 Not specified

2022 [5]

Hidayattullah et Javanese Dialects CNN-BIiLTSM 9.80 Not specified

al., 2020 [22]
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Our study's findings emphasize the necessity of hyperparameter adjustment in neural machine
translation models, particularly for low-resource languages. The higher performance of chosen hyperparameter
configurations implies that fine-tuning the dropout rate, learning rate, and training time might have a
considerable impact on translation quality. The practical application of our concept on a web-based platform
emphasizes the research's practical usefulness. This demonstrates the feasibility of implementing real-time
translation systems for underrepresented languages. Furthermore, our findings highlight the importance of
high-quality parallel corpora, such as manual translation methods, for ensuring adequate language preservation.

One of the study's main features is its methodical approach to hyperparameter optimization, which
allowed us to identify an optimal configuration for Tegalan-to-Indonesian translation. Furthermore, integrating
the model into a Streamlit-based web application makes it more accessible to a wider range of users. However,
the study had certain drawbacks. The short parallel corpus may have limited the model's ability to generalize
across Tegalan's numerous language variances. Furthermore, while Seq2Seq LSTM networks performed well
in this setting, the use of Transformer-based models could provide even greater translation accuracy. Future
research should look into larger datasets, different deep learning architectures, and reinforcement learning
techniques to further improve machine translation for low-resource languages.

4. CONCLUSION

Our study successfully constructed and optimized a Seq2Seq LST model for Tegalan-to-Indonesian
machine translation, revealing that hyperparameter adjustment is critical for enhancing translation
performance. The greatest BLEU score of 11.7381 was obtained with the ideal setup of 0.5 dropout rate, 64
batch size, 0.01 learning rate, and 70 epochs. Our analysis confirms that correctly chosen hyperparameters
considerably improve translation accuracy. The deployment of the best-performing model into a web-based
application further validated its practical usability, making real-time translation accessible to a wider audience
and supporting the broader goal of low-resource language preservation.

Future studies should explore larger parallel corpora, Transformer-based architectures, and
reinforcement learning techniques to further refine translation performance. The integration of advanced deep
learning methods, including attention mechanisms and transfer learning, may enhance translation quality while
addressing existing challenges in low-resource language processing. Additionally, expanding the application
scope of the developed model to other regional dialects could contribute to broader linguistic inclusivity in
machine translation research.
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