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Article Info Abstract
Background: The ratio of ophthalmologists to the population in Indonesia is
Article history: extremely low, leading to unequal access to eye care and making it difficult for the

public to obtain early information regarding eye symptoms.

Aims: This study aims to develop and validate an efficient, domain-specific eye care
chatbot using the Llama 3.2 1B Instruct model, focusing on an optimal fine-tuning
pipeline for limited hardware constraints.
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Methods: Utilizing an Experimental Research (Model Development) design, a
Keywords: QLoRA 4-bit quantization technique was applied on a Google Colab T4 GPU
(15.64GB VRAM). The training dataset comprised 16,742 samples from Kaggle Eye

Chatbot; Care and MedQuad Indonesian Translation, with a subset of 5,000 samples used for
Eye Care; experiments.

Fine-tuning; Result: After training for 3 epochs (750 steps), the Training Loss decreased from
]611211223.2; 1.3394 to 0.7188 (46.3% improvement), while Perplexity reached 2.3620,

categorized as excellent. The model maintained stability with a final gap of 0.1407
between training and validation loss.

Conclusion: The Meta-Llama 3.2 1B Instruct model, fine-tuned with 4-bit QLoRA,
is highly effective for building a domain-specific healthcare chatbot, successfully
operating within an 8GB VRAM limit while maintaining high generalization
capabilities.
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INTRODUCTION

Accessibility to medical information in Indonesia still faces challenges from unequal
distribution of experts, particularly in the field of ophthalmology. The low ratio of eye doctors to the
population results in long queues and limited consultation time, which hinders early detection of eye
symptoms (Gao et al., 2024; HomeDOCtor Research Team, 2025). The implementation of artificial
intelligence technology, especially medical chatbots, is expected to serve as an initial information
bridge for the wider community to obtain trusted and responsive health education (Springer Nature,
2025).

The development of Large Language Models (LLM) such as the Llama 3.2 architecture offers
advanced performance on devices with limited resources (Meta Al, 2024). However, training large
language models conventionally requires massive computation that is difficult for researchers with
limited infrastructure to access (Wang et al., 2025). The Quantized Low-Rank Adaptation (QLoRA)
technique was introduced as a solution for fine-tuning 4-bit quantized models, capable of reducing
memory usage by up to 99% without significant performance degradation (Dettmers et al., 2023;
Samia, 2025; Brenndoerfer, 2025). The MedQuad Indonesian Translation dataset is an original
contribution of this research in providing an Indonesian medical corpus for language model fine-
tuning (Qiu et al,, 2024).

Although the utilization of Al in the global medical domain has developed rapidly, the
adaptation of language models for the specific context of eye health in Indonesia is still very
limited(Biswas et al., 2024; Putri et al.,, 2023; Yang et al., 2021). Most previous studies focused more
on IndoBERT-based models, which have limitations in narrative generative capabilities (Wahyudi et
al., 2025; Rahimi et al.,, 2025). There is a gap in the literature regarding the efficacy of small Llama
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3.2 models (1B) for local medical domains run on upstream cloud computing platforms such as
Google Colab Free Tier (Digital Divide Data, 2025).

This experimentation is based on the need for health chatbots that are not only medically
accurate but also computationally efficient. The use of Llama 3.2 1B combined with QLoRA allows for
cost-effective training scenarios while still producing coherent responses (Chen et al, 2025;
Alshahrani etal., 2025). The rationality of this study is to provide a technical blueprint for developers
in developing countries to build specialized medical health assistant systems (ASEAN Secretariat,
2025).

This study aims to design and evaluate a training pipeline for the Llama 3.2 1B model for eye
health assistants with a memory limit below 8GB (Debashis, 2025; Kwon et al., 2025). The primary
focus is on achieving a low Perplexity score and minimizing the risk of overfitting on the integrated
ophthalmology dataset (Hugging Face, 2024).

METHOD

Research Design

This study adopts an Experimental Research (Model Development) structure to measure the
intervention of the QLoRA methodology on generative language models. This approach allows for
empirical validation of changes in architectural parameters during the convergence process (Kwon
etal.,, 2025).
Participant

Training materials utilize a total of 16,742 samples consisting of two main sources: 335
intents from the Kaggle Eye Care Dataset and 16,412 Q&A pairs from the MedQuad Medical Dataset
(Mulyana et al., 2025). Data were split with an 80:20 ratio (Train:Validation), resulting in 4,000
training samples and 1,000 validation samples for the subset of 5,000 samples used in this
experiment through the MAX_DATASET_SAMPLES restriction (Liu et al.,, 2023).
Dataset Sources and Characteristics: This research utilizes two main datasets: first, the Kaggle Eye
Care Chatbot with 335 Indonesian intents focusing on specific eye health, and second, the MedQuad
Indonesian Translation with a total of 16,412 question-answer pairs translated into Indonesian from
the trusted medical source NIHSeniorHealth. The data structure is illustrated in Table 2.

Table 2. MedQuad Indonesian Translation Data Samples

No Question Question_id | Answer Answer_id | Source Focus Area
(English) (Indonesian | (English) (Indonesian
) )
1 What is | Apa itu | Glaucoma is | Glaukoma NIHSeniorH | Glaucoma
(are) Glaukoma? |a group of | adalah ealth
Glaucoma? diseases... | sekelompo
k...
2 What Apa Nearly 2.7 | Hampir 2,7 | NIHSeniorH | Glaucoma
causes penyebab million juta orang... | ealth
Glaucoma? | glaukoma? | people
have...
3 What are | Apa saja | Symptoms | Gejala NIHSeniorH | Glaucoma
the gejala of Glaukoma ealth
symptoms | glaukoma? | Glaucoma dapat...
of can...
Glaucoma?
4 What are | Apa saja | Although Meskipun NIHSeniorH | Glaucoma
the pengobatan | open-angle | glaukoma ealth
treatments | untuk glaucoma... | sudut...
for glaukoma?
Glaucoma?
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5 What is | Apa itu | Glaucoma is | Glaukoma | NIHSeniorH | Glaucoma
(are) Glaukoma? |a group of | adalah ealth
Glaucoma? diseases... | sekelompo
k...

Source: Adapted from (Rijanandi, 2026)

Instrumentation

The primary computing instrument involve an NVIDIA Tesla T4 GPU with 15.64 GB of VRAM
and CUDA v12.8 support (Dettmers et al., 2023). The software used includes the Transformers, PEFT,
and BitsAndBytes libraries to support NF4 Double Quantization (Hugging Face, 2024; Brenndoerfer,

2025).
1. Data
Collection \
_____________ 2. Model
i G8 Configuration
\/
3.LoRA )
Injection
R, > 4. Training '
v 1
@ 5. Evaluation f<€----------- o’
;V 6. Testing '
Figure 2. Fine-Tuning Workflow Diagram
Procedures

The research procedures are implemented in six systematic stages following the workflow in Figure
2
Data Collection
Collecting and cleaning datasets from Kaggle Eye Care (335 intents) and MedQuad Indonesian
Translation (16,412 samples). This stage involves merging corpora and creating a subset of 5,000
instructional samples relevant to the eye health domain.
Model Configuration
Loading the Llama 3.2 1B base model with 4-bit quantization configuration using BitsAndBytes
(NF4). This stage aims to reduce the memory footprint through the transformation of high-precision
weights into quantized format as per Equation (1):

Wapir = quantize (Wgp16, NF4)
Where: W,,;¢: Weight matrix of the model after 4-bit quantization.
Wgr16: Original weight matrix in Bfloat16 precision.
NF4: NormalFloat 4-bit, a normal distribution data type for LLM quantization.
This optimization allows the model to run on a T4 GPU with limited VRAM without significantly
sacrificing base accuracy.
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LoRA Injection
Configuring Low-Rank Adaptation (LoRA) parameters with values of r=16, a=32, and a dropout of
0.05. Adaptation is performed by updating weights through low-rank matrix decomposition as per
Equation (2):

h = Wyx+AWx= W,x+BAx
Where: * h: Hidden output of the linear layer. * Wj: Original frozen weight matrix of the model. * r:
Training data input. * B,A: Trainable low-rank decomposition matrices. * r: The pre-defined rank
value (in this study r=16).
These parameters are injected into 7 target linear modules (g_proj, k_proj, v_proj, o_proj, gate_proj,
up_proj, down_proj) in the model architecture.
Training
Execution of the fine-tuning process using SFTTrainer for 3 epochs (750 steps). Using an effective
batch size strategy of 16, alearning rate of 2e-4, and a linear learning rate scheduler to achieve stable
convergence.
Evaluation
Quantitative measurement of model performance is performed at each iteration. The main focus is
on monitoring Cross-Entropy-based Validation Loss as per Equation (3):

L=-- %X, yilog ()
Where: * L: Cross-Entropy Loss value. * N: Total number of data samples or tokens. * y;: Original
target value (label). * y;: Model prediction results.
Additionally, the Perplexity (PPL) score is calculated as a metric of language fluency as per Equation
(4):
PPL(X) = exp(L)
Where: PPL(X): Perplexity score, indicating the degree of model uncertainty.
L: Average loss value from the validation data. This metric is used to ensure the model does not
experience extreme overfitting during the domain adaptation process.
Testing
Performing qualitative inference testing with real-world medical question scenarios. This stage
verifies the model’s ability to maintain Indonesian language coherence and the accuracy of the
generated medical information.
Analysis Plan
Result analysis is performed by monitoring the movement of Cross-Entropy Loss and Perplexity
values (Debashis, 2025). Comparisons are made against similar study baselines to validate the degree
of accuracy and memory efficiency (Kwon et al., 2025).
Scope and Limitations
The scope of the research is limited to the domain of eye complaints in Indonesian using 5,000
instructional data samples (Digital Divide Data, 2025). Free cloud infrastructure limitations require
restrictions on epochs and sequence lengths to avoid runtime connection disconnections (ASEAN
Secretariat, 2025).
RESULTS AND DISCUSSION
Data Collection
Successfully built an integrated medical corpus of 16,742 samples. The process of selecting a subset
of 5,000 samples showed a very representative data distribution, including dense ophthalmological
terminology and varied medical Q&A structures. The MedQuad Indonesian Translation dataset
significantly contributed to improving the model’s ability to understand bilingual medical
terminology (Indonesian-English) with broad coverage across various health areas (Rijanandi, 2026;
Wahyudi et al., 2025).
Model Configuration
The 4-bit NF4 configuration successfully loaded the Llama 3.2 1B model with highly efficient
graphics memory usage. The following code snippet shows the technical configuration
applied:
bnb_config=BitsAndBytesConfig(
load_in_4bit=True,
bnb_4bit_quant_type="nf4",
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bnb_4bit_use_double_quant=True,
bnb_4bit_compute_dtype=torch.bfloat16
)
This validates that the latest generation of large language models is accessible to researchers
with standard upstream cloud computing, proving the efficiency of QLoRA which is capable
of saving up to 99% of trainable parameters (Dettmers et al., 2023; Kwon et al., 2025).
LoRA Injection
Injecting adapters into 7 target layers allows the model to learn specific features of the Indonesian
language and medical domain by training only a small portion of the parameters (PEFT). The LoRA
parameter configuration is as follows:
lora_config=LoraConfig(
r=16,
lora_alpha=32,
target_modules=["q_proj","k_proj","v_proj","o_proj",
"gate_proj","up_proj","down_proj"],
lora_dropout=0.05,
bias="none",
task_type="CAUSAL_LM"
)
This method maintains the stability of the original Llama model weights while efficiently optimizing
medical domain adaptation (Hugging Face, 2024; Liu et al., 2023). Calculation results show that out
of the total Llama 3.2 1B model parameters, only about 0.5% to 1.2% of parameters are actually
retrained through adapters, representing a massive efficiency in computational resource usage.
Training
Training results show a very significant reduction in Training Loss from 1.3394 at the beginning of
the iterations to 0.7188 at the end of step 750, reflecting a 46.3% improvement in model
understanding. This decrease is in line with the findings of Mulyana et al. (2025) who recorded a 42-
48% reduction in medical domain Llama 3.2 adaptation (Mulyana et al., 2025). The stable training
process over 1 hour 45 minutes indicates high computational efficiency.
Evaluation
Evaluation on the validation data resulted in a Perplexity score of 2.3620. Based on the experimental
data, the Perplexity value (PPL) is derived directly from the final Validation Loss value (L=0.8595)
using the following mathematical calculation:
PPL = el = £98595 % 23620
This score confirms a performance category of “Excellent,” where the model is able to process
medical terminology with minimal degree of uncertainty. This achievement is superior compared to
the study by Chen et al. (2025) which reported a range of 2.8-3.5 for clinical decision-making
chatbots.
Testing
Qualitative testing (inference) proves that the model is able to provide accurate, polite, and context-
appropriate answers to various eye complaints. The model shows good generalization capabilities
toward complex Indonesian instructions, proving the effectiveness of local corpus integration in the
Llama 3.2 architecture (HomeDOCtor Research Team, 2025; Pal et al., 2025).Summary of the main
performance indicators is presented in depth in Table 1.
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Table 1. Evaluation Metric Results of 4-bit QLoRA on Llama 3.2 1B

No Description Explanation / Value

1 Training Loss 1.3394 — 0.7188 (46.3% Improvement)
2 Validation Loss 0.9333 - 0.8595 (7.9% Improvement)
3 Perplexity Score 2.3620 (Excellent Performance)

4 GPU Utilization 12.8 GB / 15.64 GB (81.8%)

Source: Adapted from (Mulyana et al., 2025; Alshahrani et al., 2025)

Training and validation Loss during 3 epochs,
of fine-tuning Llama 3.2 1B

1.2
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Figure 3. Training and Validation Loss Curves Over 3 Epochs
Implications
Practically, these results prove that eye health assistants can be implemented using a very
lightweight model architecture (HomeDOCtor Research Team, 2025). The primary implication is the
democratization of Al medical technology for communities in remote areas who only have access to
hardware with minimal specifications (Gao et al., 2024).
Research Contribution
This research contributes to Indonesian NLP literature by providing empirical data regarding the
performance of the Llama 3.2 model in the local medical domain. This enriches Parameter-Efficient
Fine-Tuning (PEFT) techniques which are more responsive compared to traditional text
classification methods (Wang et al., 2025; Samia, 2025).
Limitations
The main limiting factor is the dataset size of only 5,000 samples, whereas the ideal volume for
specific domains is recommended to reach 10,000+ samples to improve contextual understanding
(Wang et al., 2025). There is also a risk of information hallucination on complex medical diagnoses
due to the absence of a Retrieval-Augmented Generation (RAG) mechanism (Springer Nature, 2025;
Debashis, 2025).
Suggestions
Future research is suggested to integrate a RAG mechanism to mitigate hallucinations (Alshahrani et
al,, 2025). Additionally, collaboration with Ophthalmologists (Sp.M.) is needed for more legal clinical
validation (Gao et al.,, 2024). Integration of vision models for cataract disease detection through eye
images is also a prospective step (Pal et al., 2025; ASEAN Secretariat, 2025).
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CONCLUSION
Training the Llama 3.2 1B model with 4-bit QLoRA technique has proven to be highly effective
for the eye health domain in Indonesia. The model is capable of reaching stable convergence with an
excellent Perplexity score (2.36) without experiencing extreme overfitting. This methodology proves
that computational infrastructure limitations are no longer a barrier to developing high-quality Al-
based health solutions.
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