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ABSTRACT

Objective: To overcome the challenges of high costs, infrastructure demands, and data privacy concerns in
medical applications of large language models (LLMs), we introduce Lite-Me-LLaMA, a suite of lightweight,
open-source medical LLMs. By enhancing LLaMA3-8B with extensive medical pre-training and instruction
fine-tuning, it is designed to be efficient, transparent, and readily deployable in clinical settings, requiring
minimal computational resources for seamless integration into workflows while maintaining robust data privacy
and security.

Materials and Methods: We developed Lite-Me-LLaMA by continually pre-training the LLaMA3-8B model
on a 72.47 billion token corpus sourced from biomedical literature, clinical guidelines, and textbooks. This
equips the base model with comprehensive medical knowledge and enables it to be efficiently adapted to
specific medical tasks through supervised fine-tuning using just one NVIDIA A100 40GB GPU. We then created
Lite-Me-LLaMA-Instruct by fine-tuning the base model with 602,000 instruction-response pairs from diverse
biomedical sources, optimized for robust performance on unseen medical tasks and instructions. It can be
deployed for real-time applications through prompt engineering without additional training, using a single 16GB
consumer-grade GPU.

Results: Lite-Me-LLaMA achieved state-of-the-art performance among lightweight open-source LLMs (<8B
parameters) and larger LLMs (13B parameters) across three commonly used medical question-answering
benchmarks, in both supervised learning and zero-shot learning settings.

Discussion: The superior performance proves that Lite-Me-LLaMA models offer a resource-efficient, locally
deployable tool that ensures data privacy and transparency. It allows fine-tuning with minimal resources,
enabling clinicians to tailor the model to specific tasks like diagnostics. Additionally, Lite-Me-LLaMA-Instruct
can be deployed instantly without retraining, streamlining workflows and enhancing decision-making efficiency
while maintaining low costs and privacy

Conclusion: We introduce Lite-Me-LLaMA as a valuable contribution to medical Al, offering a resource-efficient,
open-source tool designed for real-world clinical settings. This work demonstrates that combining continual
pre-training with instruction fine-tuning creates high-performing models that are both efficient and effective.
Lite-Me-LLaMA empowers healthcare institutions with limited computational resources to leverage cutting-edge
technologies for improved clinical workflows and decision-making. We openly release our models and evalua-
tion code, and are committed to ongoing development based on the most advanced backbone LLMs, such as
LLaMA 3.2.

Key words: Medical Large Language Models, Lightweight Large Language Models, Continual Pre-training,
Instruction Fine-tuning

1 INTRODUCTION decisions under pressure, often with limited or conflict-

There is a pressing need for solutions that provide clini-
cians with timely and accurate medical information, en-
abling evidence-based decision-making in fast-paced clin-
ical environments.2 2 Clinicians frequently face complex

ing information and insufficient time,? encountering an
average of two clinical questions for every three patients
seen.? However, current Al-driven clinical question-
answering (QA) systems fall short in language expres-
sivity and interactive capabilities,® leaving a significant
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gap between their abilities and the needs of clinicians.
Despite advancements in deep learning that have im-
proved system performance,& ! these systems remain
constrained by narrow generalization abilities, failing to
fully streamline clinical workflows and enhance patient
outcomes as required in real-world medical practice. 2

Recently, large language models (LLMs) have been
introduced, offering a transformative approach to Al-
based clinical decision support and showing significant
potential to revolutionize medical practice.d Advanced
close-source models, such as ChatGPTﬂ and GPT-44
trained on general domain broad topics, can handle
complex medical questions and generate human-like re-
sponses. These closed-source models, with proprietary
architecture and data, use in-context learning to per-
form new tasks without specific training, sometimes
even outperforming physicians in delivering personal-
ized advice.! 1 In contrast, open-source models like
Meditron® and Me-LLaMA,% enriched with domain-
specific clinical and biomedical data, offer greater flexi-
bility and consistently outperform general-domain mod-
els like GPT-4 in specialized medical tasks.

Although LLMs show significant potential in health-
care, their integration in real-world workflows with clini-
cians faces challenges related to high costs, infrastruc-
ture demands, and data privacy concerns.2d Closed-
source models like GPT-4 and MedGemini2! offer quick,
ready-to-use solutions but come with steep API fees
ranging from $0.03 to $0.06 per 1,000 tokens, potentially
amounting to $2700 monthly.2? These models cannot
be fine-tuned locally, limiting customization, and their
reliance on external servers raises concerns about data
privacy and HIPAA compliance.2324 Open-source mod-
els like Meditron and Me-LLaMA offer more flexibility,
supporting local fine-tuning and deployment to mitigate
privacy risks.2329 However, they require substantial re-
sources, i.e, fine-tuning large models with up to 70 bil-
lion parameters using NVIDIA A100 80GB GPUs can
cost $2,304 for 192 hours with a large scale dataset, 27-28
along with significant infrastructure and technical exper-
tise for hosting.

To address it, we introduce Lite-Me-LLaMA, a suite
of lightweight, open-source medical LLMs designed for
local deployment with minimal GPU memory require-
ments. We begin by continual pre-training the LLaMA3-
8B model on 72.47 billion tokens sourced from biomed-
ical literature, clinical guidelines, and books, creating
the Lite-Me-LLaMA base model, which bridges the med-
ical knowledge gap. It can be adapted to specific medi-
cal tasks by supervised fine-tuning, which requires only
one NVIDIA A100 40GB GPU, making it feasible for
institutions with modest infrastructure. Building on
this foundation, we developed Lite-Me-LLaMA-Instruct,
fine-tuning the base model with 602,000 instruction-

Lhttps://openai.com/index/chatgpt/

response pairs from diverse biomedical sources, enhanc-
ing the model’s ability to handle new medical tasks with-
out requiring additional training. It is designed to be
deployed with one 16GB consumer-grade GPU. This al-
lows for real-time inference in resource-constrained en-
vironments while maintaining strong performance on di-
verse medical tasks. Our models have demonstrated su-
perior performance over other lightweight open-source
medical LLMs (smaller than 8B parameters) and even
outperform larger models (13B parameters) on three
commonly used medical question-answering benchmarks,
while maintaining low resource demands. Our findings
also highlight the value of continual pre-training and in-
struction fine-tuning in improving LLM performance on
medical tasks, making Lite-Me-LLaMA an ideal choice
for healthcare settings that require both efficiency and
privacy. By making the Lite-Me-LLaMA models_pub-
licly availabled and releasing our evaluation codeH, we
ailm to empower the healthcare and research commu-
nities to advance accessible, secure Al solutions. We
are committed to continually maintaining and develop-
ing advanced, lightweight open-source models that pri-
oritize accessibility, privacy, and performance for real-
world clinical applications.

2 METHOD

We developed Lite-Me-LLaMA by continual pre-training
and instruction fine-tuning of the LLaMA3-8B model.

21 Lite-Me-LLaMA: Enhance LLaMA3 with Medical
Knowledge by Continual Pre-training

2.1.1 Continual Pre-training Corpus

To effectively adapt the general-purpose LLaMA3-8B
model to the medical domain, we developed a mixed
continual pre-training dataset that equips the model
with comprehensive medical knowledge and enhances
its performance on medical tasks. Our continual pre-
training corpus was meticulously curated to ensure com-
prehensive coverage of medical knowledge, drawing from
a wide array of high-quality medical data sources (as
shown in Table [I]): (1) Biomedical Literature: The cor-
pus includes the full texts of 3,098,931 biomedical arti-
cles from the PubMed Central (PMC) subset, covering
publications from the year 2000 to June 2020. In addi-
tion, abstracts from 15,518,009 biomedical articles in the
PubMed online repository were also incorporated. Both
of these resources were sourced from The Pile dataset. 2
(2) NIH Reporter: We integrated 939,668 NIH grant
abstracts from awarded applications spanning the fis-
cal years 1985 to 2020.29 These abstracts, sourced from

2https://huggingface.co/YBXL
Shttps://github.com/BIDS-Xu-Lab/Lite-Me-LLaMA
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the NIH Reporter, provide valuable insights into cutting-
edge biomedical research topics. (3) Clinical Guidelines:
Our corpus also includes 37,000 clinical practice guide-
lines collected from nine authoritative online medical
sources. ¥ These guidelines offer critical, evidence-based
recommendations for clinical care, helping to bolster the
model’s knowledge of best practices in various medical
specialties and real-world clinical decision-making. (4)
Other Sources: To further broaden the scope of the
model’s medical understanding, we included an addi-
tional 32.37B billion tokens from various supplementary
sources, such as Articles, Medical Wikipedia, textbooks,
and medical news articlesd. These resources provide gen-
eral medical knowledge, as well as updates on recent de-
velopments in healthcare and medical research.

To avoid the issue of catastrophic forgetting, com-
monly discussed in previous research,¥ we incorporated
a subset of general-domain data alongside the medi-
cal domain corpus. For this purpose, we utilized the
Fineweb dataset,2’ which comprises more than 15 tril-
lion tokens of clean, deduplicated English web data
sourced from CommonCrawl. We maintained a balance
by setting the ratio of medical to general-domain data at
approximately 4:1. As a result, we sampled 14.5 billion
tokens from the general-domain corpus to complement
the 57.97 billion tokens from the medical domain. We
utilized Data-Juicer®! to clean the dataset, eliminating
overlaps and standardizing characters to ensure consis-
tent Unicode formatting.

Table 1. Overview of continual pre-training datasets.

Data Source Size
Pile-Pubmed-Article PubMed Central 20.86B
Pile-Pubmed-Abstract PubMed 4.28B
Pile-NTH-Grant NIH Reporter 358M
Healix-Shot Wikipedia, News et al 32.38B
Guidelines Clinical guidelines 999.7M
Fineweb CommonCrawl 14.5B
Total - 72.47B

2.1.2 Training Detalils

For the development of Lite-Me-LLaMA, we used
LLaMA3-8B as the backbone model. The pre-training
process followed the standard language modeling objec-
tive,” aimed at maximizing the likelihood of token se-
quences within the training data. The objective function
is defined as: L(©) = Zf log Po(zi|x1, T2, - ,xi—1),
where = {21,292, -,z } is a given input sequence of
tokens, and © is the parameters of LLaMA3-8B model.
The model was trained for one epoch using five nodes
with 8 NVIDIA A100 80G GPUs from the super com-
puting cluster at University of Florida, a process that

“https://huggingface.co/datasets/health360/Healix-Shot

took approximately 110 hours. The maximum sequence
length was set to 8192 tokens. The training configura-
tion included a learning rate of le-5, weight decay of
0.00001, and a warmup ratio of 0.05. Additionally, we
employed bfl6 precision, with a seed value of 1234. For
optimization, we set gradient accumulation steps to 16,
with a per-device batch size of 3. The training process
utilized DeepSpeed H to enhance the efficiency of large-
scale model training.

2.2 Lite-Me-LLaMA-Instruct: Adapt Lite-Me-LLaMA
for Instruction Following by Instruction Fine-tuning

To further improve the model’s ability to follow instruc-
tions and directly perform on new medical tasks with-
out additional training, we developed Lite-Me-LLaMA-
Instruct-8B by fine-tuning Lite-Me-LLaMA using a com-
prehensive medical instruction data.

Table 2. Overview of instruction datasets. Data marked
with "*" indicates novel data created by us.

Data Task Source Size
Anki flashcards 22 Open-ended QA Online learning tool 34K
Wikidoc Patient 22 Open-ended QA Wikidoc 5.94K
Wikidoc Textbook 22 Open-ended QA Wikidoc 10K
MediQA B3 Open-ended QA Online QA system 2.21k
LiveQA B4 Open-ended QA Online QA system 529
MedicationQA B2 Open-ended QA Online QA system 690
Medical QA B¢ Open-ended QA Clinical trials, PubMed 426K
GuidelineQA L€ Open-ended QA Clinical Guidelines 2K
MMLU medical 27 Multiple-choice QA Online sources 3.79K
Genetic QA* Open-ended QA Medical book 9.54K
Conversations 28 Real conversations Online forums 50K
MedInstruct 29 Open-source instructions ~ ChatGPT generated 52K
Pubmed Case* Diagnosis prediction PubMed 33.38K
Dolly %4 Open-source instructions  human generated 15K
Total after filtering 602K

Table 3. Overview of evaluation datasets.

Data Train Test Choices
PubMedQA 211,269 500 3
MedQA 10,178 1,273 5
MedMCQA 182,822 4,183 4

2.2.1 Medical Instruction Dataset

We compiled a diverse and comprehensive instruction-
tuning dataset, specifically curated to enhance Lite-Me-
LLaMA’s instruction-following capabilities for medical
applications, as detailed in Table PJ. This dataset com-
prises 602K samples, sourced from a range of publicly
available datasets and novel datasets created for this
project. The dataset integrates several key sources:
(1) Anki flashcards,?? which include 34K open-ended
question-answer pairs derived from an online learning

Shttps://github.com/microsoft/DeepSpeed
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Table 4. The supervised fine-tuning performance of different models.

Model PubMedQA MedQA MedMCQA
Accuracy Macro-F1  Accuracy Macro-F1  Accuracy Macro-F1
LLaMA2 7B 0.758 0.529 0.428 0.425 0.503 0.496
Meditron 7B 0.758 0.452 0.462 0.459 0.555 0.549
LLaMA2 13B 0.800 0.560 0.467 0.465 0.527 0.524
PMCLLaMA 13B 0.778 0.544 0.456 0.454 0.548 0.545
Me-LLaMA 13B 0.802 0.562 0.493 0.487 0.557 0.551
LLaMA3 8B 0.750 0.519 0.496 0.497 0.574 0.563
Lite-Me-LLaMA 8B  0.777 0.538 0.539 0.533 0.583 0.575

tool; (2) Wikidoc Patient and Textbook datasets,?2 con-
tributing 15.94K combined samples of medical questions
and answers from Wikidoc; (3) MediQA,%? with 2.21K
open-ended QA pairs from an online medical QA sys-
tem; and (4) MedicalQA ¢ a large dataset of 426K open-
ended QA examples based on clinical trials and PubMed
articles. In addition, we included a variety of specialized
data: (5) GuidelineQA,% featuring 2K QA pairs drawn
from clinical guidelines; (6) Genetic QA, a new dataset
we developed, containing 9.54K open-ended QA pairs
based on a genetic review medical textbook Y; and (7)
Pubmed Case, another novel dataset created by us, with
33.38K samples focused on diagnosis prediction of pa-
tient cases sourced from PubMed. We also incorporated
conversational data (50K samples) from online medical
forumsB€ to enhance the model’s ability to manage real-
world interactions, and MedInstruct,2 an open-source
dataset of 52K medical instruction-response pairs gener-
ated via ChatGPT i} We finally mixed a general domain
data Dolly,?0 with 15K human-generated open-source
instruction-response pairs. To maintain data quality,
we conducted extensive filtering and deduplication pro-
cesses. We removed instruction pairs where either the
input or output was null, ensuring that only complete,
meaningful interactions were included. For open-ended
datasets, we applied additional filters by removing sam-
ples where the output was fewer than 20 tokens or where
the input contained fewer than 20 tokens. After these
efforts, the final dataset includes 602K samples. The
Erompt of each dataset is shown in Appendix @, Table

2.2.2 Training Details

We fine-tuned Lite-Me-LLaMA for 1 epoch. The model
was optimized on 1 NVIDIA A100 40GB GPUs, with the
entire training process taking approximately 48 hours.
We utilized a learning rate of le-4 and applied a weight
decay of 0.00001 and a warmup ratio of 0.01 to regularize
the model during training. The fine-tuning process em-
ployed gradient accumulation with a step size of 1. We

Shttps://www.ncbi.nlm.nih.gov/books/NBK1116
"https://openai.com/chatgpt/

utilized parameter-efficient tuning with LoRA®! settings
of r = 64, a = 128 and no dropout.

3 EXPERIMENTS

3.1 Evaluation Datasets

To assess the performance of Lite-Me-LLaMA, we
followed established evaluation protocols from previ-
ous studies’®#2 and used three widely-used medical
question-answering (QA) datasets: (1) PubMedQA®:
Given a PubMed abstract and a question, the model
predicts one of three answers: yes, no, or maybe. We
use 500_test samples following existing studies. (2)
MedQA®4: This dataset contains questions styled af-
ter the US Medical License Exam (USMLE). It tests
a broad range of medical knowledge, including patient
profiles, symptoms, and treatments. We use the subset
with five answer options, which includes 10,178 training
samples and 1,273 test samples. (3) MedMCQA®3: A
dataset comprising over 194K multiple-choice questions
with four answer options, sourced from Indian medical
entrance exams. It covers 21 medical subjects and 2.4K
healthcare topics. We evaluate using the 4,183-sample
validation set, as the test set does not have publicly avail-
able answers. As shown in Appendix , Table [, the
standardized prompts used for each test dataset to en-
sure consistency in the evaluation.

3.2 Evaluation Setting

Supervised Learning. In the supervised learning set-
ting, we fine-tuned Lite-Me-LLaMA using the training
sets of the evaluation datasets independently outlined
earlier. We used the AdamW optimizer®® for training
up to 3 epochs. Across all datasets, a consistent learning
rate of le-4 was applied. After fine-tuning, the perfor-
mance of the models was evaluated on the corresponding
test sets, allowing us to measure their task-specific capa-
bilities. For comparison, we included general-purpose
lightweight LLMs (models with fewer than 13B pa-
rameters), such as LLaMA2 7B/13B,%7 LLaMA3 8B, 4
as well as medical-specific lightweight LLMs, including
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Table 5. The zero-shot learning performance of different models.

Model PubMedQA MedQA MedMCQA
Accuracy Macro-F1 ~ Accuracy Macro-F1  Accuracy Macro-F1
LLaMA2-7B-chat 0.572 0.288 0.214 0.070 0.322 0.121
LLaMA2-13B-chat 0.546 0.457 0.097 0.148 0.321 0.243
PMCLLaMA-13B-chat 0.504 0.305 0.207 0.158 0.212 0.216
Medalpaca-13B 0.238 0.192 0.143 0.102 0.205 0.164
AlpaCare-13B 0.538 0.373 0.304 0.281 0.385 0.358
Me-LLaMA-13B-chat 0.700 0.504 0.427 0.422 0.449 0.440
LLaMA3-8B-Instruct 0.650 0.420 0.487 0.405 0.459 0.401
Lite-Me-LLaMA-Instruct  0.704 0.500 0.508 0.501 0.487 0.482

Meditron 7B, PMC-LLaMA 13B,22 and Me-LLaMA
13B.1¢

Zero-shot. For the zero-shot learning evaluation, we
tested Lite-Me-LLaMA-Instruct’s ability to handle un-
seen tasks without any task-specific fine-tuning. We
compared Lite-Me-LLaMA-Instruct’s zero-shot perfor-
mance against several baseline models that excel in
instruction following. These baselines included gen-
eral purpose LLMs LLaMA2-7B/13B-chat,®? LLaMA3-
8B-Instruct, 8 and instruction-tuned medical LLMs
including PMCLLaMA-13B-chat,*? Medalpaca-13B,22
AlpaCare-13B,29 and Me-LLaMA-13B-chat. ¢

3.3 Performance
3.3.1 Supervised Learning Performance

As shown in Table H, Lite-Me-LLaMA 8B demonstrates
clear superiority over all baseline models in the super-
vised learning setting, including those with significantly
larger parameter sizes. In particular, Lite-Me-LLaMA
8B surpasses models such as LLaMA2 13B and PMC-
LLaMA 13B on the MedQA benchmark, highlighting
the efficiency of smaller models equipped with domain-
specific knowledge. This performance illustrates that
continual pre-training on specialized medical corpora
can bridge the gap typically attributed to model size,
allowing smaller models to outperform their larger coun-
terparts. Furthermore, Lite-Me-LLaMA 8B outperforms
its backbone model, LLaMA3 8B, despite sharing the
same architecture, underscoring the critical impact of
continual pre-training in adapting general-purpose mod-
els to excel in domain-specific tasks. These findings em-
phasize that specialized pre-training, rather than sheer
model size, can be the determining factor in achieving
superior performance in medical Al applications.

3.3.2 Zero-shot Learning Performance

In the zero-shot learning evaluation, Lite-Me-LLaMA-
Instruct exhibited outstanding generalization capabil-
ities across unseen medical tasks without any task-
specific fine-tuning, as shown in Table Compared

to both general-purpose instruction-following models
and other medical LLMs, Lite-Me-LLaMA-Instruct
consistently achieved superior performance, particu-
larly against larger models like PMC-LLaMA-13B-chat,
MedAlpaca-13B, AlpaCare-13B, and Me-LLaMA-13B-
chat. Despite its smaller size, Lite-Me-LLaMA-Instruct
outperformed these models across various benchmarks,
underscoring the value of domain-specific continual pre-
training. This pattern holds true when comparing Lite-
Me-LLaMA-Instruct to its backbone model, LLaMA3-
8B-Instruct, with substantial gains in performance at-
tributed to its continual pre-training on medical datasets
and instruction tuning. These findings emphasize the im-
pact of domain adaptation in boosting zero-shot capabili-
ties, highlighting the efficiency and power of tailored pre-
training for medical tasks, even in resource-constrained
environments.

4 DISCUSSION

Our experimental findings highlight that Lite-Me-
LLaMA outperforms both lightweight open-source med-
ical LLMs (around 8B parameters) and larger models
(13B parameters), while maintaining low resource de-
mands, making it an ideal tool for clinicians and health-
care institutions. Designed for local deployment with
minimal computational infrastructure, Lite-Me-LLaMA
provides a cost-effective solution, allowing hospitals and
clinics to implement advanced AI models without the
need for large-scale computing resources. The Lite-Me-
LLaMA base model can be easily fine-tuned with task-
specific datasets using just one NVIDIA A100 40GB
GPU, enabling healthcare providers to tailor the model
to their unique needs, such as diagnostic support, pa-
tient record analysis, or clinical decision-making. Clini-
cians can directly use Lite-Me-LLaMA-Instruct for real-
time tasks through prompt engineering, offering immedi-
ate support for various medical tasks without extensive
retraining. This makes the model highly adaptable to
clinical workflows and significantly reduces deployment
complexity, even in resource-constrained environments
where multiple consumer-grade GPUs can be used in-
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stead of high-end hardware.

One of the key advantages of Lite-Me-LLaMA is its
ability to ensure data privacy and transparency. Since
the models are locally deployable, sensitive patient data
can be processed in-house, eliminating the need for ex-
ternal servers and reducing the risk of data breaches or
non-compliance with privacy regulations such as HIPAA.
Furthermore, because Lite-Me-LLaMA is open-source,
clinicians and institutions gain full visibility into how
the model operates, offering transparency that is often
lacking in closed-source, proprietary models. This trans-
parency fosters trust in the model’s outputs, ensuring
that healthcare providers can rely on the Al to support
critical medical decisions.

Despite its robust capabilities, Lite-Me-LLaMA does
have limitations, particularly in its reliance on the
LLaMA3-8B backbone, which may not be as efficient
as newer iterations like LLaMA3.1 and LLaMA3.2. Ad-
ditionally, the current model handles only textual data,
and expanding it to support multimodal inputs like med-
ical images and charts would significantly increase its
applicability in comprehensive clinical workflows. Look-
ing ahead, we are committed to the continual develop-
ment of lightweight, open-source medical LLMs by inte-
grating more advanced backbone models and exploring
multimodal capabilities. This ongoing work aims to en-
hance efficiency, performance, and versatility, ensuring
that Lite-Me-LLaMA remains a powerful, accessible tool
for healthcare providers.
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A MEDICAL INSTRUCTION DATA

Table E shows the prompt of each dataset for instruction
fine-tuning the Lite-Me-LLaMA model.

Table 6.
dataset.

The prompt of each instruction fine-tuning

Data

Prompt

Anki Flashcards
Wikidoc Patient
Wikidoc Textbook
MediQA

LiveQA
MedicationQA
GuidelineQA
MMLU Medical

Genetic QA
Conversations

MedInstruct
Pubmed Case

Dolly

“If you are a medical professional, answer this question truthfully. INPUT: {text} OUTPUT: ”

“Answer this medical question truthfully. INPUT: {text} OUTPUT: ”

“Answer this medical question truthfully. INPUT: {text} OUTPUT: ”

“Answer the input medical question based on the given context. INPUT: {text} CONTEXT: {text} OUTPUT: ”

“Given a medical query, provide a concise and clear answer based on the given details. INPUT: {text} OUTPUT: ”
“Answer this medical question truthfully. INPUT: {text} OUTPUT: ”

“If you are a medical professional, answer this question truthfully. INPUT: {text} OUTPUT: ”

“Given a medical question and four options, select the correct answer from the four options. INPUT: {text} OUTPUT: ”
“You are an expert in genetics and gene-related diseases. Give a question related to a specific gene disease,

your task is to answer the questions accurately and concisely. INPUT: {text} OUTPUT: ”

“Given a medical query, provide a concise and clear answer based on the patient’s description. INPUT: {text} OUTPUT: ”
“Below is an input that describes a medical task, maybe paired with a context that provides further input information.
Write a response that appropriately completes the request. INPUT: {text} CONTEXT: {text} OUTPUT: ”

“As a physician engaged in clinical diagnostic reasoning, here is a case report from Pubmed,

please analyze the input and accurately identify the diagnosis presented within it. INPUT: {text} OUTPUT: ”

“Below is an input that describes a task, maybe paired with a context that provides further information.

Write a response that appropriately completes the request. INPUT:{Text} CONTEXT:{Text} OUTPUT: ”

Table 7. The prompt of each QA test dataset.

Data

Prompt

PubMedQA

“TASK: Your task is to answer the biomedical questions based on the provided input. Only output yes, no,
or maybe as answer. INPUT:{Text} Question:{Text} OUTPUT:”

“You are a medical doctor taking the US Medical Licensing Examination. You need to demonstrate your understanding
of basic and clinical science, medical knowledge, and mechanisms underlying health, disease, patient care, and modes

MedQA

of therapy. Show your ability to apply the knowledge essential for medical practice. For the following multiple-choice

question, select one correct answer from A to E. Base your answer on the current and standard practices referenced in
medical guidelines. Question:{text} Options: {text} Answer:”

“You are a medical doctor taking the US Medical Licensing Examination. You need to demonstrate your understanding
of basic and clinical science, medical knowledge, and mechanisms underlying health, disease, patient care, and modes

MedMCQA

of therapy. Show your ability to apply the knowledge essential for medical practice. For the following multiple-choice

question, select one correct answer from A to D. Base your answer on the current and standard practices referenced in
medical guidelines. Question:{text} Options: {text} Answer:”

B EXPERIMENTS

Table H shows the prompt of each QA test dataset for

evaluation.



	Introduction
	Method
	Lite-Me-LLaMA: Enhance LLaMA3 with Medical Knowledge by Continual Pre-training
	Continual Pre-training Corpus
	Training Details

	Lite-Me-LLaMA-Instruct: Adapt Lite-Me-LLaMA for Instruction Following by Instruction Fine-tuning
	Medical Instruction Dataset
	Training Details


	Experiments
	Evaluation Datasets
	Evaluation Setting
	Performance
	Supervised Learning Performance
	Zero-shot Learning Performance


	Discussion
	Medical Instruction Data
	Experiments

