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Abstract

Teams deploying Arabic-language clinical question-answering assistants under a limited GPU budget
face a consequential choice of open-weight base model and adaptation strategy. We compare low-rank
adaptation (LoRA) with full fine-tuning for Arabic medical multiple-choice question answering, using
a two-stage pipeline (domain adaptation on AraMed, task adaptation on MedAraBench) across four
open-weight models spanning the Arabic pre-training spectrum: Jais-2-8B-Chat, Fanar-1-9B-Instruct,
Llama-3.1-8B, and Qwen2.5-7B-Instruct, evaluated on 4,761 questions with three random seeds and
bootstrap confidence intervals. Full fine-tuning outperforms default-configuration LoRA by 1.3-1.6
Macro-F1 points on the two original 8B models, but a LoRA rank-and-dropout sweep closes most of
the gap, and 4-bit QLoRA matches full fine-tuning on a single 24 GB GPU. Arabic-centric pre-training
confers a zero-shot advantage that largely vanishes after task fine-tuning. A well-configured low-rank
adapter is therefore an adequate adaptation strategy for Arabic clinical question answering.

Keywords: clinical decision support, healthcare question answering, Arabic medical NLP, large language
models, parameter-efficient fine-tuning, GPU-constrained deployment

1 Introduction

Large language models (LLMs) have shown promis-
ing results for different clinical applications involv-
ing natural language processing, such as triaging
patients, answering medical questions, and diag-
nosing illnesses. In general, artificial intelligence
(AI) has shown remarkable potential in clinical
domains such as diagnosis aid and medical imaging
[8, 16]. For instance, Med-PaLM 2 [22] achieved
or outperformed physicians’ accuracy in standard-
ized medical English exams, generating heightened
interest in using LLMs for clinical decision-making
assistance. Nevertheless, this research field is

heavily dominated by the English language. The
medical LLM literature has scarcely utilized Ara-
bic, a language that is spoken by more than 400
million people and is used for health care delivery
in over 20 countries. Currently, there is no readily
available language model for medical applications
in Arabic because of the low availability of Arabic
medical datasets and the complicated nature of
the Arabic alphabet.

This gap matters in practice, and not only as
a research question. A hospital group or a min-
istry of health in an Arabic-speaking country that



wants to field a clinical question answering assis-
tant, whether for triage support, clinician reference,
or patient guidance, does not start from a question
about adapter ranks: it starts from an open-weight
base model, a modest GPU allocation, and a deliv-
ery deadline. Figure 1 sketches that setting and
the decision it forces. Which base model should
the deployment start from, given that the available
Arabic-capable models differ widely in how much
Arabic they saw during pre-training? Should that
model be adapted with a full-parameter update,
which in our setting requires four 24 GB GPUs,
or with a parameter-efficient adapter that fits on
one? And is it worth spending part of a fixed bud-
get on a domain-adaptation stage over naturalistic
Arabic clinical text before task-specific training
begins? The experiments reported in this paper are
designed to answer those questions with numbers
a practitioner can act on, and the same evidence
speaks to the underlying scientific question of how
the volume of Arabic pre-training in a base model
interacts with the choice of adaptation strategy.

Fine-tuning is an integral step in adapting
LLMs to specific languages and domains [24],
but it offers a choice between two mainstream
approaches. The first method, which provides the
greatest flexibility but has significant computa-
tional costs and a catastrophic forgetting issue,
involves updating every model parameter. Low-
rank matrix decompositions are used in the second
parameter-efficient tuning method to update a
minimal fraction of the parameters [11], which
can considerably reduce compute costs and main-
tain comparable performance levels [21]. There is
currently no research on employing LoRA versus
complete fine-tuning on Arabic-language medi-
cal question and answering (Q&A), even though
parameter-efficient models have been thoroughly
examined in English-language tasks. This dispar-
ity must be considered because, contrary to what
English-specific results suggest, a different method
of adaptation would be more appropriate in lan-
guages with rich morphology, limited pre-training
data, and few domain-specific literature.

A significant, underexplored source of varia-
tion further complicates this matter. Arabic NLP
open-weight base models exhibit large variabil-
ity in the volume of Arabic encountered during
pretraining. Arabic constitutes a small portion of
the pretraining dataset for general-purpose models

such as Llama 3 [9], which are primarily trained
on English. Conversely, Arabic-focused methods
[20] use balanced bilingual training and bilingual
Arabic tokenization to treat Arabic as a primary
pretraining language. Regarding the relative effi-
cacy of LoRA versus complete fine-tuning for
downstream medical tasks, this variation in native
Arabic pretraining may have important practical
implications. Regardless of the language profile
of the base model, parameter-efficient adaptation
may be sufficient if the pretraining is sufficiently lin-
guistically grounded (for example, Arabic-centric
pretraining); otherwise, complete fine-tuning may
be necessary.

In this paper, we systematically compare the
LoRA method with complete fine-tuning for the
task of Arabic medical question answering on
general-purpose and Arabic-focused LLMs, and
we frame the comparison throughout as the
adaptation-strategy decision faced by a compute-
constrained team deploying an Arabic clinical
question answering assistant.

The contributions of this work are as follows:

® A two-stage Arabic medical fine-tuning
pipeline with Stage 1 diagnostics. We pro-
vide a framework that divides task-specific fine-
tuning on MedAraBench [1], a multi-specialty
Arabic medical multiple-choice question (MCQ)
benchmark, from domain adaptation (contin-
uous pretraining on AraMed [2], a 270K-pair
Arabic medical corpus of which we use the
109,834 question-relevant-answer pairs in its
training split). To the best of our knowledge,
this is the first study to separate Arabic medical
question answering (QA) adaptation into these
two distinct phases. We also offer a diagnostic
analysis of the reasons why the AraMed domain-
adaptation stage does not consistently produce
a gain over direct task fine-tuning at this scale.
e A factorial LoRA-versus-full comparison
extended to four models and to LoRA and
QLoRA configurations We test all four pos-
sible combinations of LoRA and full fine-tuning
in both phases of training on two matched 8B-
parameter base models on either end of the
spectrum of Arabic pretraining: the English-
biased Llama-3.1-8B and the Arabic-focused
Jais-2-8B-Chat. This guarantees that pretrain-
ing language, not model size, is the cause of any
observed effects. We then extend the comparison



(a) Deployment setting

Health system or ministry of health
in an Arabic-speaking country

Arabic clinical QA assistant: |
triage support, clinician reference,
patient guidance

Measured here on 4,761 Arabic
medical MCQs (MedAraBench,
25 evaluated specialties)

(b) Compute-constrained decision

Available budget:
1 x 24GB GPU or 4 x 24 GB GPUs

Adaptation strategy:
LoRA or 4-bit QLoRA
versus full fine-tuning

(c) Base-model choice

Llama-3.1-8B

Qwen2.5-7B

Fanar-1-9B

Domain adaptation first, Jais-2-8B
or straight to task tuning?

Fig. 1 The application setting that motivates this study. (a) A health system or ministry of health in an Arabic-speaking
country wants to field an Arabic clinical question answering assistant; in this paper its competence is measured on 4,761
native Arabic medical multiple-choice questions spanning the 25 fine-grained specialties retained for evaluation. (b) A team
working under a limited GPU budget must decide how to adapt an open-weight model, choosing between a parameter-efficient
adapter that trains on a single 24 GB GPU and a full-parameter update that requires four of them, and deciding whether to
insert a domain-adaptation stage before task-specific tuning. (c) The candidate base models sit at different points on the
Arabic pre-training spectrum, from the general-purpose Llama-3.1-8B and Qwen2.5-7B to the Arabic-centric Fanar-1-9B and
Jais-2-8B. The training pipeline that implements these choices is given in Figure 2.

to two additional 7-9B models: the general-
purpose Qwen2.5-7B-Instruct and the Arabic-
centric Fanar-1-9B-Instruct. To ensure that the
LoRA setting is well-tuned rather than assumed,
we supplement the default-configuration con-
trast with a LoRA hyperparameter sweep over
rank, learning rate, dropout, and target modules,
along with 4-bit QLoRA conditions.

e The first evidence on how Arabic-centric
pretraining interacts with the adaptation
strategy. We offer the first rigorous quantifi-
cation of the extent to which the decision of
fine-tuning either fully or parameter-efficiently is
influenced by the extent of Arabic pretraining of
the base language model. Our findings indicate
that the order of adaptation methods is mostly
insensitive to the pretraining language, and the
6.5-point zero-shot benefit of Arabic-specific pre-
training almost entirely disappears after direct
fine-tuning. We base these conclusions on a
reliability analysis that reruns the key configura-
tions with three random seeds and reports 95%
bootstrap confidence intervals and McNemar’s
test, showing that the small full-versus-LoRA
differences are largely within seed-level variation.

In our experiments, full fine-tuning holds a
small and qualified advantage over a default-
configuration LoRA at the task-adaptation stage
for the two original 8B base models, and the rela-
tive ranking of the adaptation strategies is largely
unaffected by the pretraining language profile.

Despite Jais-2-8B’s 6.5 point zero-shot advantage
from Arabic-centric pretraining, that gap narrows
to less than one point after fine-tuning. For the
two original 8B models, our results indicate that
the adaptation outcome is driven more by target-
task complexity than by the pretraining language
of the base model. This preference for full fine-
tuning is, however, modest in size and sensitive to
the LoRA configuration, and it does not extend
uniformly to the additional model families we test;
therefore, we frame full fine-tuning as a reasonable
default only when compute permits, rather than a
categorical recommendation.

The remainder of this paper is organized
as follows. Section 2 presents the background
and motivation across four axes: medical LLMs,
medical QA benchmarks and datasets, Arabic
LLMs, and parameter-efficient fine-tuning meth-
ods. Section 3 develops the theoretical motivation
for why the extent of Arabic pretraining might
interact with the choice of adaptation strategy.
Section 4 describes the experimental setup, detail-
ing the base models, the two-stage fine-tuning
pipeline, dataset preprocessing, hyperparameter
configuration, and evaluation protocol. Section 5
presents and analyzes the results across all 22
experimental conditions, examining the effects
of fine-tuning strategy, domain adaptation, and
Arabic-centric pretraining on downstream perfor-
mance. Section 6 concludes with a summary of
findings and directions for future work.



2 Background and Motivation
2.1 Medical Large Language Models

Over the past few years, there has been a steady
and quick advancement in the use of large lan-
guage models for clinical question answering. Early
domain-adapted models trained on biomedical cor-
pora such as PubMed suggested that targeted
pretraining might greatly enhance performance on
structured benchmarks such as MedQA [12] and
MedMCQA [17]. However, their gains remained
modest in comparison to what general-purpose
scale would eventually enable. The creation of large
instruction-tuned models dramatically changed
this course. By combining a stronger base model
with medical domain fine-tuning and retrieval-
augmented reasoning, [22] demonstrated perfor-
mance on USMLE-style questions that, according
to physician review, approached or exceeded gen-
eralist responses across several clinical axes. This
study offered two innovative inference strate-
gies: chain-of-retrieval, a sequential pipeline that
bases replies in externally retrieved sources, and
ensemble refinement, which is based on Google’s
PaLLM 2 backbone and combines various reason-
ing routes before committing to a final solution.
The final model outperformed the original Med-
PaLM by more than 19 percentage points, scoring
86.5% on USMLE-style MedQA [12] questions.
In human evaluations, doctors favored its long-
form responses above those of other doctors on
eight out of nine clinical axes. When considered
collectively, these findings set a clear precedent:
domain fine-tuning on top of a strong general-
purpose backbone is a scalable and efficient route
to clinically meaningful LLMs. They also revealed
a more fundamental conflict: benchmark accuracy
is not enough for clinical implementation on its
own. Evaluation has to become increasingly com-
plex and specialized rather than just bigger, with
alignment-aware criteria at its core, as models get
closer to physician-level performance on structured
exams.

MedAlpaca [10] adopts an alternative strat-
egy, putting accessibility and deployability ahead
of scalability. Medical Meadow, a 160k-+ entry
instruction-tuning dataset collected from medical
flashcards, Stack Exchange forums, WikiDoc, and
well-known benchmarks like MedQA and CORD-
19, is its main contribution. When LLaMA (7B

and 13B) is fine-tuned using this data and evalu-
ated across USMLE Steps 1-3, the refined models
consistently perform better than their basic coun-
terparts, with MedAlpaca-13B achieving 0.602 on
Step 3. One of the main motivators for the project
is patient privacy. The authors argue that the use
of locally runnable open-source alternatives is nec-
essary since relying on closed, API-based models,
like GPT [4] and its counterparts, is essentially
incompatible with clinical deployment. They inves-
tigate LoRA and 8-bit quantization for effective
fine-tuning at a quantifiable performance penalty
in order to further reduce the processing barrier.
The writers also freely acknowledge that hallucina-
tions are a basic flaw, which they accurately note
is particularly dangerous in medical contexts.

A different line of work addressed a need on
the generative side of biological NLP in parallel
with these fine-tuning-focused initiatives. While
generative modeling of biological literature has
received relatively little attention, BERT-style
models, such as BioBERT and PubMedBERT,
have been extensively studied for understanding
tasks. Microsoft’s approach to this gap is BioGPT
[14], a GPT-2 architecture pretrained from scratch
on 15M PubMed abstracts using a domain-specific
vocabulary. The outcomes are impressive: top per-
formance on three biomedical relation extraction
benchmarks and state-of-the-art on PubMedQA
(78.2%). One important discovery is that significant
increases in specialized domains are produced by
in-domain pretraining from scratch as opposed to
ongoing pretraining over a general-purpose vocab-
ulary. The authors also demonstrate that improved
generalization results from producing outputs in
natural language as opposed to structured tokens
with unique markers. This is further extended by
the larger BioGPT-Large (1.5B parameters), which
raises PubMedQA performance to 81.0%.

Building on this pretraining understanding,
PMC-LLaMA [25] fills the instruction-following
vacuum created by models such as BioGPT. By
merging two training phases on top of LLaMA,
PMC-LLaMA is a methodical effort to create
a fully open-source, medically-adapted LLM. In
order to create a richer embedding space for clini-
cal terminology prior to any task-specific training,
the initial step is data-centric knowledge injec-
tion, which involves ongoing pretraining on 4.8



million biomedical papers and 30 thousand medi-
cal textbooks (MedC-K). The second step involves
fine-tuning medical instruction on a 202M-token
dataset (MedC-I) that includes three different
sources of data: knowledge graph prompting from
UMLS, rationale-augmented QA (produced with
ChatGPT to add chain-of-thought explanations
to existing benchmarks), and doctor-patient chats.
In terms of efficiency, the resulting 13B-parameter
model performs better on MedQA, MedMCQA,
and PubMedQA than ChatGPT (175B). Their
ablations clearly demonstrate that both phases
are important on their own: information injection
by itself is helpful, instruction tweaking by itself
is more beneficial, but combining them with a
variety of data types-particularly adding rationale
and knowledge graphs-produces the best outcomes.
This body of work’s almost exclusive emphasis on
English is a significant drawback. The evaluation
frameworks are predicated on an anglophone clini-
cal setting, and MedQA, MedMCQA, PubMedQA,
and the datasets used to train these models are
primarily English-language resources. For most
patient groups globally, where professional com-
munication takes place in other languages-Arabic
being one of the most widely spoken languages-this
creates a significant divide. The degree to which the
training and architectural ideas gained in this field
of work translate to non-English medical settings
is still mostly unknown.

2.2 Medical QA Benchmarks and
Datasets

A three-step, standardized test called the United
States Medical Licensing Examination (USMLE)
is used to gauge a doctor’s clinical ability before
granting them a license in the US. Basic biomedi-
cal science information is tested in Step 1, clinical
knowledge and skills necessary for supervised
patient care are evaluated in Step 2, and the
capacity to use medical knowledge in unsupervised
clinical situations is assessed in Step 3. USMLE
has become the most extensively used benchmark
for assessing medical Al systems because of its
strict design and widespread acceptance as a gauge
of physician-level thinking. It is also the basis for
a number of well-known NLP benchmarks.
MedQA [12] presented the first extensive free-
form multiple-choice open-domain question answer-
ing dataset derived from professional medical

board exams, building directly upon the USMLE
framework. With 12,723, 34,251, and 14,123 ques-
tions in each of the three languages-English,
simplified Chinese, and traditional Chinese-the
English part of the collection was created only from
USMLE Steps 1-3 materials. With 98% of English
questions presenting complete patient case scenar-
ios rather than isolated factual queries, MedQA
requires models to perform multi-hop clinical rea-
soning based on medical textbook knowledge, in
contrast to previous medical QA datasets that
relied on retrieval-based or span-extraction for-
mats. The authors created a document collection of
eighteen English medical textbooks totaling more
than 12.7 million tokens to bolster this claim. Even
the best models at the time of publishing, such as
BioBERT-Large, only obtained 36.7% accuracy on
the English subset, according to baseline studies,
highlighting the depth of reasoning required by
the benchmark. Since then, MedQA has emerged
as the preeminent standard for assessing medical
LLMs, acting as the main evaluation objective
across the corpus of work covered in this section.

By utilizing two Indian postgraduate medi-
cal entrance exams, the All India Institute of
Medical Sciences (AIIMS PG) and the National
Eligibility cum Entrance Test (NEET PG), MedM-
CQA [17] expands the multiple-choice medical QA
paradigm to a significantly larger and more diverse
examination setting. The dataset includes 193,155
high-quality multiple-choice questions (MCQs)
covering 2,400 healthcare topics in 21 medical
subjects. Each sample includes not only a ques-
tion, candidate options, and the right answer,
but also a thorough natural language explanation
of the solution, a feature that is lacking in the
majority of contemporaneous benchmarks. The
majority of the questions are open-ended and
non-factoid, requiring models to practice more
than ten different reasoning skills, such as multi-
hop reasoning, diagnosis, therapy selection, and
mathematical inference. The dataset is divided
by exam rather than by question to reflect the
generalization requirements of real-world exam-
ination settings: the training set is made up of
mock and online test series, the development set
is made up of NEET PG questions, and the test
set is made up of AIIMS PG questions from 1991
to the present. This design decision minimizes
cross-split leakage of nearly identical questions.
Even domain-adapted models fall well short of the



expert-level competency these tests are intended
to assess, as demonstrated by baseline evaluations
using domain-specific transformer models, such as
BioBERT and PubMedBERT, which yield a best
accuracy of 47% on the test set, far below the
estimated human expert performance of 90%.

By basing evaluation on biomedical research
literature rather than clinical examination mate-
rials, PubMedQA [13] adopts a radically different
way to addressing medical questions. The ques-
tions are taken straight from the titles of PubMed
articles that are written as research questions,
with the conclusion acting as a long-form response
and the associated structured abstract-aside from
its conclusion-serving as the context. In order to
reflect the conditional and frequently ambiguous
nature of findings in empirical biomedical research,
models must respond to each research question
with one of three labels: yes, no, or maybe. The
dataset is divided into three subsets: 211,300 arti-
ficially generated examples (PQA-A) created by
turning statement-form article titles into ques-
tions, 61,200 unlabeled instances (PQA-U), and
1,000 expert-annotated instances (PQA-L). Pub-
MedQA’s emphasis on quantitative reasoning sets
it apart from previous biomedical QA standards.
Rather than collecting discrete facts from text,
almost all cases require models to interpret numer-
ical data, such as effect sizes, p-values, and group
comparisons. On the expert-annotated test set,
baseline tests employing multi-phase BioBERT
fine-tuning achieve 68.1% accuracy compared to
a single-human performance of 78.0%, leaving a
significant gap that spurs more scientific reasoning
research.

Recent research has pushed for more clini-
cally realistic evaluation frameworks, going beyond
multiple-choice formats. Inspired by the Objec-
tive Structured Clinical Examination (OSCE),
which is used in medical education, MedQA-CS
[26] presents an AlI-Structured Clinical Exam-
ination (AI-SCE) framework. Instead of using
multiple-choice questions to test clinical knowledge,
MedQA-CS assesses LLMs at Miller’s Pyramid’s
"shows how" level, evaluating actual clinical skills
in four areas: information gathering, physical exam-
ination, closure, and differential diagnosis. The
benchmark uses a dual-role evaluation pipeline
with one LLM acting as a medical student (Med-
StuLLM) and another as a clinical skills examiner

(MedExamLLM). It consists of 1,667 instruction-
based data points that are derived from 44 USMLE
Step 2 CS cases. According to experimental studies,
state-of-the-art models score significantly lower on
MedQA-CS, indicating a persisting gap between
clinical knowledge and clinical competence, even
while they reach or surpass physician-level per-
formance on knowledge-based benchmarks like
MedQA.

Despite the breadth and rigor of these bench-
marks, they share a critical limitation: with
the exception of MedQA’s Chinese subsets, the
medical QA evaluation landscape remains over-
whelmingly English-centric, leaving the devel-
opment and assessment of medical Al systems
in other languages-Arabic in particular-severely
underserved.

In contrast to previous work that relied
on machine translation of English resources,
MedAraBench [1] is the first large-scale natively
Arabic medical multiple-choice question bench-
mark. It was created by manually digitizing
scanned paper-based examinations sourced from
regional Arabic medical schools. The dataset,
which includes 24,883 multiple-choice questions
(MCQs) covering 19 top-level medical disciplines
and five difficulty levels corresponding to years
of medical school (Y1-Y5), is divided into 19,894
training and 4,989 test samples using stratified
random splitting after a thorough filtering and
quality control pipeline. These totals match the
counts reported in the original MedAraBench
paper; the publicly released version we down-
load differs slightly, providing 19,891 training and
4,959 test samples, which are the raw counts used
throughout our experiments. Specialty information
is annotated at two levels of granularity: the 19
top-level disciplines quoted above, and a finer par-
tition of 26 specialty labels nested beneath them.
The coarse level is used when describing the cor-
pus, and the fine-grained labels are the unit of the
per-specialty analysis in Section 5.2, where one
label is dropped for having too few test items, leav-
ing 25. Two complementary methods were used to
evaluate the dataset quality: an LLM-as-a-judge
protocol in which GPT-03, Gemini-2.0-Flash, and
Claude-Sonnet-4 evaluated the entire test set using
the same criteria, and expert human evaluation
by two board-certified clinicians, which produced
slight-to-fair inter-annotator agreement across all



metrics (Cohen’s k ranging from 0.152 to 0.555).
A significant performance gap between model cat-
egories is revealed by benchmarking experiments
across 16 proprietary and open-source models in
a zero-shot setting: proprietary reasoning mod-
els like GPT-03 and GPT-5 achieve the highest
accuracies at 76.5%, while Arabic-centric open-
source models like ALLaM (44.7%) and Fanar
(49.8%) lag significantly behind, with no model
approaching expert-level performance. The signifi-
cance of focused training on Arabic medical data
is highlighted by parameter-efficient fine-tuning
tests using QLoRA on Llama-3.1-8B, which further
show that domain-specific adaptation produces
significant gains, increasing accuracy from 17.0%
to 32.0%-an 88% relative improvement. However,
despite its size, MedAraBench has a number of
basic drawbacks that prevent it from being used
directly as a fine-tuning resource in this study.
Deduplication by itself cannot rule out the preser-
vation of semantically comparable questions with
slight surface-level variation. Approximately 20%
of the training split consists of duplicate or near-
duplicate questions that can be linked to the
replication of exam materials across source sources.
Because this figure includes semantically equiva-
lent items that differ only in surface form, and
which exact-match deduplication cannot detect, it
is considerably larger than the proportion that our
own cleaning pipeline is able to remove in total
(2,253 of 19,891 training items, or 11.3%). A non-
trivial subset of questions have multi-label answer
keys, like "D+E" or "A+B+C+D+E," which make
them structurally incompatible with single-answer
multiple-choice questions (MCQ) fine-tuning. Addi-
tionally, a portion of the questions contain free-text
Arabic strings and answer keys that are distorted
due to irreversible digitization artifacts from the
original scanned handwritten exams. Lastly, the
difficulty distribution is strongly biased toward
first-year medical content, which accounts for more
than 60% of the training split. This distributional
bias runs the risk of creating models that are more
focused on basic factual recall than the higher-
order clinical reasoning required by Arabic medical
question answering. The use of AraMed [2] as the
domain adaptation resource for the fine-tuning
experiments in this work is motivated by these
constraints taken together.

AraMed [2] addresses the scarcity of Arabic
medical QA resources by introducing a large-scale

corpus of 270,000 question-answer pairs sourced
from Altibbi !, a widely used Arabic medical con-
sultation platform in the MENA region. Questions
were collected from user submissions spanning 2020
to 2021, covering 85 medical categories ranging
from gynecological diseases and general medicine
to pharmacology and cardiovascular conditions,
with an average question length of 23.9 tokens
and an average answer length of 34.2 tokens. Each
question is paired with a relevant doctor-provided
answer and an automatically generated irrelevant
answer through a rule-based sliding window anno-
tation approach, framing the corpus as a binary
answer selection task. The dataset is primarily
composed of Modern Standard Arabic, reflecting
the platform’s commitment to standardized medi-
cal communication, and undergoes a preprocessing
pipeline including diacritic removal, text normal-
ization, and elimination of non-textual content.
Baseline experiments using Arabic-specific trans-
former models demonstrate strong performance on
the answer selection task, with AraBERTv2 achiev-
ing an F1 score of 96.73%, establishing a solid
benchmark for future Arabic medical NLP work. In
this work, we leverage AraMed as a domain adap-
tation resource in the first stage of our fine-tuning
pipeline, exploiting its scale and linguistic diver-
sity to expose the model to naturalistic Arabic
medical language prior to task-specific adaptation
on structured clinical MCQs.

2.3 Base Language Models for
Arabic NLP

An important turning point in Arabic genera-
tive NLP was reached with AraGPT2 [3], the
first transformer-based Arabic language genera-
tion model trained from scratch. AraGPT2, which
was created at the American University of Beirut,
is pretrained on 77GB of Arabic text, totaling
8.8 billion words, from the OSCAR corpus, Ara-
bic Wikipedia, the 1.5 billion word Arabic corpus,
the OSIAN corpus, and news articles from the
As-Safir newspaper. It is based on the GPT-2
causal language modeling architecture. Four size
variations of the model are available, ranging
from 135 million parameters (base) to 1.46 bil-
lion parameters (mega). The largest form uses the

1 https://altibbi.com/
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Adafactor optimizer and the GROVER architec-
ture to handle memory restrictions at scale. Human
evaluation shows that AraGPT2-mega successfully
tricked about 60% of Arabic-speaking evaluators
into misclassifying machine-generated news arti-
cles as human-written, and evaluation on held-out
Wikipedia articles yields a perplexity of 29.8 for
the mega variant. This led the authors to release an
accompanying AraELECTRA-based discriminator
that achieved 98.7% F1-score on long-text detec-
tion. The model’s emergent factual knowledge and
the limitations of prompt-based inference without
fine-tuning are both evident in the zero-shot eval-
uation on Arabic question answering benchmarks,
which shows a 24.6% manual accuracy. AraGPT?2
demonstrated the feasibility of large-scale Arabic
generative pretraining and formed the founda-
tion for later Arabic-centric LLMs, even though
it was not intended for instruction following or
domain-specific tasks.

The Mohamed bin Zayed University of Arti-
ficial Intelligence (MBZUAI) and Inception col-
laborated to create Jais [20], an Arabic-centric
decoder-only large language model that is the first
open generative LLM created especially to give pri-
ority to Arabic above English. Jais, which is based
on the GPT-3 architecture with 13 billion param-
eters, uses a number of technical enhancements,
including as the SwiGLU activation function,
ALiBi positional encodings for extended context
generalization, and a unique bilingual tokenizer
that gives equal weight to Arabic and English.
The model is pretrained on 395 billion tokens,
which include 232 billion English tokens, 116 bil-
lion Arabic tokens (derived from the largest Arabic
corpus at the time at 72 billion distinct tokens,
repeated 1.6 times), and the remaining source
code. In contrast to massively multilingual mod-
els like BLOOM, Jais limits pretraining to Arabic
and English only, with Arabic making up 33% of
the Arabic—English portion of the mixture (116 of
the 348 billion Arabic and English tokens), which
corresponds to 29% of the full 395-billion-token
corpus once source code is included. This inten-
tional decision results in strong Arabic fluency
and cultural awareness while maintaining the rea-
soning skills transferred from English. Over 3.6
million Arabic and 6 million English instruction-
response pairs with extra safety alignment are
used to further build an instruction-tuned ver-
sion, Jais-chat. Building on this foundation, the

same team released Jais 22 in December 2025.
It has a completely redesigned architecture, the
largest Arabic-first training dataset to date, and
significantly improved reasoning and fluency across
Modern Standard Arabic and regional dialects.
Jais 2 comes in two parameter variants: 8B and
70B. Because of its direct scale comparability with
Llama-3.1-8B, the 8B variant was used as the
Arabic-centric basis model in our fine-tuning tests.

Meta AT created the Llama 3 [9] family of open-
weight foundation models, which are intended to
natively enable multilinguality, coding, reasoning,
and tool usage within a dense Transformer archi-
tecture. The largest model in the family has 405
billion parameters and a context window of up
to 128K tokens. The 8 billion parameter variant,
Llama-3.1-8B, offers a highly capable and com-
putationally efficient option that has become the
standard base model for fine-tuning research in
the NLP community. Llama 3 models achieve per-
formance comparable to top proprietary models
like GPT-4 on a wide range of benchmarks after
being pretrained on a sizable multilingual corpus
and post-trained through supervised fine-tuning
and reinforcement learning using human feedback.
Llama 3’s multilingual exposure and robust reason-
ing abilities have made it a widely used baseline
for cross-lingual transfer experiments, including
Arabic NLP tasks, despite its pretraining empha-
sis being predominantly English-centric. In this
work, Llama-3.1-8B is used as the general-purpose
base model in our comparative fine-tuning study.
It offers a reproducible and well-documented coun-
terpart to the Arabic-centric Jais-2-8B and allows
a controlled comparison of the interaction between
the degree of Arabic pretraining in the base model
and the fine-tuning strategy. To broaden the range
of Arabic pretraining represented in our compar-
ison, we additionally consider two more recent
open-weight models. Fanar-1-9B-Instruct is drawn
from the Fanar platform [23], an Arabic-centric
generative system developed in Qatar whose flag-
ship language models are trained with a strong
emphasis on Modern Standard Arabic, regional
dialects, and culturally grounded content. Its
instruction-tuned nine-billion-parameter variant is
positioned as a general-purpose Arabic assistant,

Zhttps://huggingface.co/inceptionai/jais-2-8b
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which makes it a useful second point on the Arabic-
centric end of the pretraining spectrum alongside
Jais-2-8B.

Finally, Qwen2.5-7B-Instruct [19] represents
the general-purpose, multilingual end of the spec-
trum. The Qwen2.5 series is pretrained on a large
and heterogeneous corpus of roughly eighteen tril-
lion tokens with broad multilingual coverage but no
particular Arabic emphasis, and its seven-billion-
parameter instruction-tuned model is a strong and
widely used baseline at a scale close to the other
models considered here. It therefore serves as a
second general-purpose comparison point along-
side Llama-3.1-8B, allowing us to test whether
the behaviour observed for Llama generalizes to
another competitive non-Arabic-centric model.

Even though Arabic-centric and strong multi-
lingual LLMs are becoming more widely available,
and now span a spectrum from heavily Arabic-
focused models such as Jais-2-8B and Fanar-1-
9B to general-purpose models such as Llama-
3.1-8B and Qwen2.5-7B, no previous research
has thoroughly investigated whether the choice
of fine-tuning strategy-full fine-tuning versus
parameter-efficient adaptation-interacts differently
with Arabic-centric and general-purpose base mod-
els in the context of answering Arabic medical
questions. This gap, across a broader and more
representative set of base models than any single
pair, serves as a direct motivator for this work’s
comparative experimental design.

2.4 Fine-tuning and
Parameter-Efficient Adaptation

Full fine-tuning, which modifies all of the model’s
parameters on a downstream task dataset, allows
a pretrained model to maximally adapt its internal
representations to the target domain. Because it
does not restrict which weights can change or how
much, this technique has repeatedly shown high
performance across NLP tasks, allowing the model
to undergo significant representational changes in
response to new input. However, full fine-tuning
has become more expensive as pretrained language
models have grown to billions of parameters. This
is due to the fact that updating all weights requires
storing optimizer states and full-precision gradi-
ents for every parameter, resulting in memory
needs that scale linearly with model size. When
several task-specific models are needed at the same

time, full fine-tuning for models like Llama-3.1-
8B and Jais-2-8B requires large GPU memory
and compute budgets and creates independent
model copies for each fine-tuned version, result-
ing in significant storage overhead. To address
these limitations, a family of parameter-efficient
fine-tuning (PEFT) methods has been developed
with the goal of achieving performance compa-
rable to full fine-tuning while updating only a
small fraction of model parameters. Among these,
Low-Rank Adaptation (LoRA) [11] has emerged
as the dominant approach. LoRA is motivated
by the observation that weight updates during
model adaptation have a low intrinsic rank. For a
pretrained weight matrix Wy € R*** LoRA con-
strains its update as Wy + AW = Wy + BA, where
B e R™" A e R™* and r < min(d, k) [11]. Dur-
ing training, Wy remains frozen while only A and
B are updated, dramatically reducing the number
of trainable parameters. Applied to GPT-3 175B,
LoRA reduces trainable parameters by a factor of
10,000 and GPU memory requirements by a factor
of 3, while matching or exceeding full fine-tuning
performance on RoBERTa, DeBERTa, GPT-2, and
GPT-3 across multiple benchmarks and crucially,
introducing no additional inference latency since
the adapter matrices can be merged with the orig-
inal weights at deployment time. By combining
LoRA with 4-bit quantization of the underly-
ing model, QLoRA [6] allows for the fine-tuning
of models that would otherwise be impossible
to train even with regular LoRA. Three major
innovations are introduced by QLoRA, which
backpropagates gradients through a frozen 4-bit
quantized pretrained model into LoRA adapters:
a novel 4-bit NormalFloat (NF4) data type that
is information-theoretically optimal for normally
distributed neural network weights; double quanti-
zation, which further reduces the memory footprint
by quantizing the quantization constants them-
selves; and paged optimizers to handle memory
spikes during training. Together, these advance-
ments allow full 16-bit fine-tuning performance
while fine-tuning a 65 billion parameter model on
a single 48GB GPU. After just 24 hours of training
on a single GPU, the resulting Guanaco model fam-
ily, which was refined from LLaMA using QLoRA,
achieves 99.3% of ChatGPT performance on the
Vicuna benchmark. This shows that 4-bit quantiza-
tion combined with low-rank adaptation imposes



negligible quality degradation relative to full preci-
sion training. Since then, QLoRA has emerged as
the go-to method for domain-specific adaptation of
big models in environments with limited resources,
such as Arabic medical NLP, as the MedAraBench
fine-tuning studies have shown.

Despite the widespread adoption of LoRA and
QLoRA across NLP domains, no prior work has
conducted a systematic comparison of LoRA ver-
sus full fine-tuning specifically for Arabic medical
question answering, nor examined how this choice
interacts with the degree of Arabic-centric pre-
training in the base model. This gap constitutes
the central contribution of this work.

3 Theoretical Motivation

The primary issue this paper addresses is
whether the decision between full fine-tuning and
parameter-efficient tuning depends on the amount
of exposure the base model had to the Arabic
language during its pretraining process. Two con-
flicting theories, based on proven facts, guide the
experiment.

The low-rank sufficiency view

LoRA is based on the idea that the weight updates
necessary for adapting a pretrained language model
to a downstream task have an inherent low-rank
structure, as noted by [11]. This means that only
a limited number of pathways exist for the weight
adjustments necessary to fully adapt a model. If
this characteristic is applicable to Arabic medical
QA, then updating the parameters with a rank-16
adaptation should effectively recover almost all of
the benefits made by the full-parameter update. In
other words, the two adaptations should be similar
in performance. According to this approach, the
level of Arabic-oriented pretraining is irrelevant
when choosing the adaptation strategy, because
the adaptation itself is inherently low-rank.

The distribution-shift view

One alternative argument is that the extent of dis-
tribution shift between pretraining and target task
raises the intrinsic rank of the update needed. Ara-
bic medical multiple-choice QA is simultaneously
out-of-distribution on two axes: language (Modern
Standard Arabic clinical text, morphologically rich
and underrepresented in most pretraining corpora)
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and task structure (five-way MCQ evaluated using
token log-probability). A full-parameter update
is anticipated to beat LoRA as a result of this
combination change, making the rank-16 budget
a binding limitation. Notably, this hypothesis pre-
dicts an interaction with pretraining language: the
penalty to utilize LoRA should be larger for Llama
than for Jais because the English-focused Llama-
3.1-8B has a larger transition to Arabic clinical text
than the Arabic-centered Jais-2-8B. Pretraining on
native Arabic could reduce the effective distribu-
tion shift, rendering parameter-efficient adaptation
sufficient for Jais even if it is insufficient for Llama.

What the experiment adjudicates

These two views yield different predictions about
the same factorial design. The low-rank sufficiency
view predicts no method gap and no interaction
with pretraining language. The distribution-shift
view predicts that full fine-tuning outperforms
LoRA, and the size of this advantage depends
on the base model’s exposure to Arabic. By com-
paring all four combinations of LoRA and full
fine-tuning across two base models matched at
8B parameters but placed at opposite ends of the
Arabic-pretraining spectrum, our design directly
tests which model better describes adaptation
behavior in this setting. A separate question con-
cerns the two-stage structure itself: whether an
intermediate domain-adaptation stage on open-
ended Arabic medical text (AraMed) transfers
usefully to structured multiple-choice reasoning, or
whether the difference in format between the two
stages limits or even reverses its benefit. Section 5
reports the results that resolve the disagreement
between these hypotheses.

4 Methodology
4.1 Experimental Setup

In this study, we present a two-stage fine-tuning
framework that separates the effects of base model
pretraining and domain adaptation method on
answering medical questions in Arabic. The frame-
work is divided into two stages: (1) domain
adaptation on a large-scale Arabic medical corpus
to expose the model to the medical domain; and
(2) task-specific fine-tuning on a multiple-choice
question answering benchmark. LoRA [11] or full
fine-tuning is used to train the model at each stage,



resulting in four main combinations for each base
model: LoRA followed by LoRA, LoRA followed by
full fine-tuning, full fine-tuning followed by LoRA,
and full fine-tuning followed by full fine-tuning. An
overview of the pipeline architecture is shown in
Figure 2.

We chose two primary base models at a match-
ing parameter count of about eight billion param-
eters as the controlled core of the study. These
two models were chosen to reflect the extremes
of the Arabic pretraining continuum, and they
are complemented by two additional 7-9B models
introduced later in this subsection. One of the most
popular LLMs in NLP research is Llama-3.1-8B [9],
a general-purpose model mostly focused on English.
Despite lacking Arabic-focused pretraining, its
extensive use in Arabic NLP benchmarking makes
it an ideal choice for assessing whether downstream
adaptation alone can compensate for the lack of
exposure to native Arabic during pretraining. The
second, Jais-2-8B, is the most well-known open
Arabic-focused large language model to date and
is the successor to Jais [20]. Jais-2-8B, which was
developed with Arabic as a primary pretraining
language, is Llama-3.1-8B’s natural experimental
counterpart. This allows for a controlled assess-
ment of whether native Arabic pretraining reduces
the marginal advantage of full fine-tuning relative
to parameter-efficient alternatives.

These two models of similar size and under
the same experimental conditions provide a direct
examination of the main study question: whether
the extent of Arabic-focused pretraining of the
base model interacts with the choice of fine-tuning
method for downstream Arabic medical QA per-
formance. Across all base models, the main results
table comprises a total of 22 experimental condi-
tions. For the two original 8B models, the design
core is a 2 x 2 factorial over Stage 1 and Stage
2 approaches (LoRA or complete fine-tuning),
resulting in eight two-stage conditions, together
with four Stage-2-only baselines (LoRA or full
fine-tuning without Stage 1) and two zero-shot
baselines, for fourteen conditions in total. To test
whether the observed pattern generalizes beyond
Jais-2-8B and Llama-3.1-8B, we add two fur-
ther open-weight models in the same 7-9B band,
namely, the Arabic-centric Fanar-1-9B-Instruct
and the general-purpose Qwen2.5-7B-Instruct,
each evaluated zero-shot and under Stage-2-only
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LoRA and full fine-tuning, resulting in six condi-
tions. Finally, we add two 4-bit QLoRA conditions
for Llama-3.1-8B and Jais-2-8B. Beyond these 22
conditions, to assess the reliability of the small
full-versus-LoRA differences, we rerun the four key
Stage-2-only configurations (LoRA and full fine-
tuning for both original models) with three random
seeds and report a LoRA hyperparameter sweep
over rank, learning rate, dropout, and target mod-
ules; these reruns and sweep points are reported in
dedicated tables rather than counted among the
22 conditions.

All experiments were conducted on an AWS
EC2 gb.12xlarge instance, equipped with 4
NVIDIA A10G GPUs, which provide 96 GiB of
GPU memory, 48 vCPUs, and 192 GiB of system
RAM. The A10G GPUs operate at a compute
capability 8.6, supporting bfloat16 mixed-precision
training. The 8B-scale experiments run entirely on
this instance.

4.2 Datasets and Preprocessing

Two separate Arabic medical datasets are used
in the experimental workflow, with each serving
a particular purpose. The final dataset sizes fol-
lowing preprocessing are summarized in Table 1.
Stage 1 comprises Domain Adaptation (AraMed).
AraMed, an open-ended Arabic medical question
answering corpus, is used in the first stage. Each
entry matches a patient query with a validated doc-
tor response in free-text format. Because Stage 1
is continued pretraining on naturalistic clinical lan-
guage rather than answer-selection training, we do
not use the corpus in the binary form in which it is
distributed: of the roughly 270K question—answer
pairs described in Section 2.2, we retain only
the question-relevant-answer pairs, discarding the
automatically generated irrelevant answers, and
we draw exclusively on the released training split.
This yields the 109,834 usable question—answer
pairs from which the Stage 1 counts reported below
and in Table 1 are derived. AraMed is purposefully
open-ended, in contrast to multiple-choice bench-
marks, which makes it ideal for ongoing pretraining
intended to introduce extensive medical domain
knowledge into the base model before task-specific
adaption. By design, minimal preprocessing occurs
at this point. The question field is created by favor-
ing the whole question description and reverting to
the question title when the former is missing. Any



Llama-3.1-8B

| LoRA | [ LoRA | | Full FT | Full FT
Full FT Full FT

Dataset Preparation

Jais-2-8B

[ LoRA | [ LoRA | Full FT  Full FT
Full FT Full FT

[ Benchmark Evaluation ]

= LoRA fine-tuning

Full FT = Full fine-tuning

Fig. 2 Overview of the two-stage fine-tuning pipeline. Each base model is trained under four configurations combining LoRA
and full fine-tuning across Stage 1 (domain adaptation on AraMed) and Stage 2 (task-specific fine-tuning on MedAraBench).
All configurations are evaluated on the MedAraBench test set. The diagram shows the controlled two-stage design used for
the two original 8B models (Jais-2-8B and Llama-3.1-8B); the two additional models (Qwen2.5-7B and Fanar-1-9B) are

evaluated in the Stage-2-only setting.

sample that has an empty question or answer is
eliminated. Given that AraMed responses are free-
text, letter-based validation is useless, so no answer
normalization is used. A total of 107,637 samples
comprise the effective training set following a 2%
seeded validation holdout.

Stage 2 involves Task Fine-tuning and Evalua-
tion (MedAraBench). MedAraBench, a five-choice
multiple-choice Arabic medical benchmark that
covers a variety of clinical disciplines and is mod-
eled after medical board exams, is used in the
second stage. A total of 19,891 and 4,959 sam-
ples comprise the raw training and test splits,
respectively. Given that the raw dataset contains
a substantial proportion of malformed answer
labels, -including multi-label combinations (e.g.,
A+B, C or D), out-of-range letters (F, S, V), Ara-
bic free-text responses, and empty or null values,
a five-step cleaning pipeline is applied before any
training or evaluation. Answer labels are normal-
ized using a regular expression that accepts only
single uppercase letters in {A, B, C, D, E}, reject-
ing all multi-label and free-text entries. Samples
where the correct answer is E but option E is
absent are removed as contradictory, samples with
empty question text are dropped, and exact dupli-
cate questions are removed retaining only the
first occurrence. After cleaning, the training set
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is reduced to 17,638 samples and the test set
decreases to 4,761 samples, with 2,253 and 198
samples removed, respectively. Notably, this clean-
ing process is applied identically to training and
evaluation data. This is an important correction
over previous runs that had evaluated against the
uncleaned test set, producing artificially deflated
Macro-F1 scores due to unanswerable reference
labels. After cleaning, a 5% seeded validation hold-
out yields an effective Stage 2 training set of 16,756
samples and a validation set of 881 samples.

4.3 Fine-tuning Configuration
4.3.1 Model Loading and Precision

Using AutoModelForCausallLM with bfloat16 pre-
cision and device_map="auto" to load both base
models, HuggingFace Accelerate automatically
shards the model over all available GPUs. The
bfloat16 format is the ideal precision for big
model fine-tuning since it preserves a broader
dynamic range than float16 while reducing mem-
ory consumption by 50% compared to full f£loat32.
Jais-2-8B-Chat comes with special modeling code
and requires the trust_remote_code=True flag.
By default, Llama-3.1-8B does not have a ded-
icated pad token for tokenizer configuration;
instead, the EOS token is utilized as the pad token



Table 1 Dataset summary after preprocessing. Train and validation splits are used during training; the test split is held
out exclusively for evaluation. The train and validation columns sum to one sample fewer than the cleaned totals of 109,834
(AraMed) and 17,638 (MedAraBench) because the size of the seeded validation holdout is obtained by flooring the 2% and
5% fractions.

Dataset Stage Train Validation Test

AraMed Stage 1 (Domain Adaptation) 107,637 2,196 —

MedAraBench Stage 2 (Task Fine-tuning) 16,756 881 4,761
in accordance with the typical HuggingFace pro- AdamW [5]), learning rate scheduler (cosine decay),
cedure. Left padding is used during evaluation to warmup ratio (3%), sequence length limit (512
align the final real token throughout batched gen- tokens), and random seed (42), but differ in several
eration, whereas right padding is utilized during key respects driven by their memory and opti-
training to guarantee that the causal language mization profiles. LoRA uses a learning rate of
modeling loss is computed accurately at the right 2 x 10~*-ten times higher than full fine-tuning’s
edge of the sequence. 2 x 10~°-because the low-rank constraint restricts
the parameter space and requires a larger step size
4.3.2 LoRA Configuration to converge. To retain the same effective batch size

of 16 for both techniques, full fine-tuning uses a
smaller per-device batch size of 4 (as opposed to
8 for LoRA) with proportionately more gradient
accumulation steps (4 versus 2). LoRA’s low-rank
restriction offers adequate implicit regularization; a
weight decay of 0.01 is only used for complete fine-
: ) tuning. The data confirm the maximum sequence
of [6], who demonstrate that targeting all linear length of 512 tokens. Sequences in MedAraBench
layers outperforms the attention-only configura- MCQ are much shorter, but in AraMed, they are
tion proposed in the original LoRA paper [11] below 450 tokens at the 99th percentile. Continu-
The adapter rank is set to 7 = 16 with scaling ous pretraining is performed, followed by Stage 1

factor @ = 32, yielding a ratio of a/ "= ?'0 as domain adaptation on AraMed for 1 epoch, result-
recommended, and a dropout of 0.05 is applied as ing in about 6728 optimizer steps with an effective

light regularization on the low-rank update. With batch size of 16. Fine-tuning of stage 2 tasks is
:E)}rlle?]eaiss_t;g%& 50%13;23214463giégifpfﬁznéefgg performed on the cleaned MedAraBench training
» 4pp Y U.0%70 ) split for 3 epochs. This epoch count demonstrates

total paramete.rs for that model, while keeping a.ll a steady decrease of validation loss until the final
base model weights frozen. The adapter budget is

For all LoRA conditions, adapters are applied to
all seven linear projection layers in each trans-
former block: the attention projections (q_proj,
k_proj, v_proj, o_proj) and the MLP projections
(gate_proj, up_proj, down_proj). This broader
target set follows the empirical recommendation

. epoch.
architecture-dependent rather than common to all
four base models: they differ in hidden size, layer
count, MLP width, and key/value head configu-
ration, so both the absolute adapter size and its Table 2 Settings that differ between LoRA and full
share of the total vary. Under the same rank-16, all- fine-tuning. All other hyperparameters are shared
linear target set, Llama-3.1-8B trains 41,943,040 across both strategies (see text).
adapter parameters, or 0.52% of its 8.03B total, - -
and the counts for Fanar-1-9B and Qwen2.5-7B Hyperparameter LoRA Full Fine-tuning
differ correspondingly; in all cases the trainable Learning rate 2x107* 2x 1075

: Weight decay 0.0 0.01
fraction stays below 1% of the base model. Pondovice Tatch size s A

Gradient accum. steps 2 4

4.3.3 Hyperparameters

Table 2 presents the full hyperparameter config-
uration for both fine-tuning strategies. The two
configurations share the same optimizer (8-bit
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4.3.4 Stage Transition Logic

How the Stage 1 checkpoint is loaded for Stage
2 training is a crucial implementation element.
Depending on the mix of the Stage 1 and Stage
2 methods, there are four two-stage transition
paths; the Stage-2-only baselines involve no tran-
sition, since they load the pretrained base model
directly. For the LoRA — LoRA transition, the
Stage 1 adapter is first merged back into the base
model weights via merge_and_unload(), after
which a fresh trainable LoRA adapter is applied
to the merged base. This merge step is essen-
tial: loading a PeftModel checkpoint directly sets
all adapter parameters to requires_grad=False,
which would result in zero trainable parame-
ters and a degenerate training run. For the
LoRA — Full transition, the Stage 1 adapter
is similarly merged before setting all parame-
ters as trainable. For Full — LoRA, the saved
full model is loaded and a fresh LoRA adapter
is applied directly. For Full — Full, the saved
model is loaded with all parameters set to
requires_grad=True. In all LoRA configurations,
enable_input_require_grads() is activated on
the base model prior to adapter application; This
guarantees gradient flow through the checkpoint-
ing border to the adapter parameters, which is
necessary when combining gradient checkpointing
with LoRA on a static foundation. Two validation
checks are performed before training to ensure that
the optimizer has received a non-empty parameter
set and that the trainable parameter percentage
is within the expected range (0.01-10% for LoRA,
>99% for complete fine-tuning). If either check
fails, the job is immediately terminated.

4.3.5 Prompt Templates

The pipeline uses two different prompt formats.
FEach AraMed inquiry and its free-text doctor
response are paired at Stage 1 using an open-ended
approach. A structured multiple-choice question
(MCQ) format that offers every potential response
is used in Stage two for training and evaluation.
The answer token is not included in the evaluation
process for log-probability scoring.

Option E is conditionally included only when
present, as a subset of MedAraBench questions
contains only four answer choices. During evalua-
tion, the prompt is truncated at the ### Answer:
header, and the predicted answer is determined
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by comparing the log-probabilities of the five can-
didate tokens A—E, irrespective of whether the
item itself presents four or five options; Section 4.4
makes the consequences of this choice explicit.

4.3.6 Memory Optimizations

Various memory reduction strategies are needed
to fit an 8B model on the hardware that is cur-
rently available. Using bfloat16 mixed-precision
training, the typical model footprint is decreased
to roughly 16 GB. By storing first and second
moments in 8-bit precision, the 8-bit AdamW opti-
mizer [5] decreases optimizer state memory by
almost 50%. Gradient checkpointing recalculates
activations during the backward pass rather than
storing them, saving roughly 40% of activation
memory at the cost of additional computation. A
single 24 GB A10G GPU can accommodate the
whole memory budget for LoRA, including base
model, adapter weights, optimizer states, activa-
tions, and gradients. The training effort must be
divided across all four A10G GPUs (96 GB) using
device_map="auto" in order to achieve full fine-
tuning, which involves gradients and optimizer
states over all 8B parameters, bringing the total
to about 48 GB without checkpointing.

4.4 Evaluation Protocol

All models are evaluated on the cleaned
MedAraBench test set of 4,761 samples using
a log-probability selection method rather than
autoregressive text generation. For each test sam-
ple, an input-only prompt is constructed using
the Stage 2 MCQ format with the ### Answer:
header present but the answer token omitted. A
single forward pass is performed through the model
under torch.no_grad (), and the logits at the final
prompt position are read directly. The predicted
answer is the letter whose corresponding vocab-
ulary token achieves the highest logit among the
five candidates [4]:

max

logi kenl .
e (a5 1y ogits[tokenId(1)]

9§ = arg (1)

No softmax function is applied, as the argmax
remains unchanged under monotonic transforma-
tions. The candidate set in Equation 1 is the same



Table 3 Prompt templates for Stage 1 (AraMed) and Stage 2 (MedAraBench).

Stage 1-AraMed (training)

Stage 2-MedAraBench (train / eval)

### Question:
{Arabic question}

### Answer:
{free-text answer}

### Question:
{Arabic MCQ}

### Options:

A) {option A}
B) {option B}
C) {option C}
D) {option D}
E) {option E}

### Answer:
C <- omitted during eval

five letters for every test item, including the minor-
ity of items that present only four answer choices:
the scoring procedure does not mask E for those
items, so the model can in principle place its high-
est logit on a letter that was never offered. Such a
prediction is necessarily counted as an error, which
makes the protocol slightly conservative rather
than optimistic, and it may contribute to E behav-
ing as the weakest answer class in the per-class
results of Section 5.6. Restricting the candidate
set to the options actually present for each item
would be a marginally more forgiving protocol;
because the present one is applied identically to
every model and configuration, it does not affect
any of the comparisons drawn in this study. This
approach requires resolving the correct vocabu-
lary token ID for each answer letter, which varies
among tokenizers. For each letter, the protocol first
attempts a single-token encoding of the plain form
(e.g., "A"), then the space-prefixed form (e.g., "
A"), falling back to the first subword ID otherwise.
For Llama-3.1, the five answer letters correspond
to consecutive single-token IDs (32-36), confirming
clean resolution.

Left padding is applied during evaluation, in
contrast to the right padding used during train-
ing, to ensure that the last real token of each
prompt is aligned at position —1 across all sam-
ples in the batch. This step guarantees that the
logit slice is extracted from the correct position,
regardless of variations in sequence length within
the batch. Inference is performed in batches of
16 samples, with a maximum tokenization length
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of 2,048 tokens. However, MedAraBench prompts
remain far below this limit in practice.

Two metrics are reported for all experimental
conditions. Accuracy is the fraction of test samples
for which the predicted letter matches the reference
label. Macro F1 is the unweighted mean of per-class
F1 scores across all five answer labels [18]:

S

1e{A,B,C,D,E}

Flmacro = Fll (2)

Macro F1 is the primary metric because it
penalizes class collapse. A model that always
predicts a single letter would achieve non-trivial
accuracy by chance but near-zero macro F1,
because precision for the four unpredicted classes
diminishes to zero. Both metrics are computed
using scikit-learn with zero_division=0 to man-
age any class lacking predictions smoothly. The
random baseline for a five-class uniform distribu-
tion is 20.0% accuracy and approximately 20.0%
macro F1.

The log-probability selection process is better
than text generation for three reasons. First, it
is completely deterministic; sample temperature,
nucleus sampling settings, or beam search config-
uration do not influence the prediction; it only
depends on the model weights and the input. Sec-
ond, evaluation is expedited because it only needs
one forward pass per sample as opposed to several
autoregressive stages. Third, it requires no output
parsing, removing the risk of the model generat-
ing "C. Because the mechanism involves..."



instead of a bare "C", which would require regex
extraction and introduce its own failure modes.
We analyze all 22 experimental conditions under
the same technique to provide a fair comparison
among fine-tuning strategies and base models.

5 Results

5.1 Performance Across Adaptation
Strategies

Table 4 and Figure 3 present the accuracy and
Macro F1 scores on the cleaned MedAraBench test
set (4,761 samples) under all experimental condi-
tions. The results are grouped into three blocks:
zero-shot baselines, Stage 2 fine-tuning without
domain adaptation, and the full two-stage pipeline.
Macro F1 is the primary metric throughout, as it
penalizes class imbalance and treats all five answer
classes equally, regardless of their frequency in the
test set. Beyond the two original 8B models, we
also report zero-shot and Stage-2-only results for
two further open-weight models in the 7-9B range
(Qwen2.5-7B-Instruct and Fanar-1-9B-Instruct)
and two 4-bit QLoRA conditions.

The Accuracy and Macro F1 exhibit a strong
correlation but not exactly. In all fine-tuned setups,
accuracy is higher than Macro F1 by about 1 to
2 percentage points (such as Jais-2-8B Full+Full
accuracy at 52.9% versus Macro F1 at 51.4%),
which is due to slight class imbalance in the pre-
dicted labels and not a collapse of the answer
classes. Zero-shot setups have the biggest discrep-
ancy between the two metrics, which is logical
because non-fine-tuned models use only a limited
set of answer letter options. When fine-tuning for a
specific task, the difference between accuracy and
Macro F1 is constant in all configurations, indi-
cating that fine-tuned models produce predictions
that are evenly distributed across all classes.

For the two original 8B models (Jais-2-8B
and Llama-3.1-8B), the configurations that end
in full fine-tuning at Stage 2 cluster tightly in
the 50%-51% Macro F1 range, whereas the four
two-stage configurations that end in LoRA at
Stage 2 are lower, at 45.0-47.1%. All fine-tuned
configurations nevertheless remain well ahead of
the zero-shot baselines of 34.7% (Llama-3.1-8B)
and 41.2% (Jais-2-8B). The two additional mod-
els reach substantially higher Stage-2-only scores,
with Fanar-1-9B and Qwen2.5-7B attaining 55.9%
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and 58.8% Macro F1, respectively, under Stage-2-
only LoRA. Within the two-stage factorial design
applied to these two original models, the best con-
figuration is Jais-2-8B Full+Full at 51.4% Macro
F1, followed closely by Llama-3.1-8B None+Full at
51.0%, with a margin of less than a point separat-
ing the strongest configurations despite substantial
differences in adaptation strategies. This is not the
highest score we obtain anywhere: both additional
model families are stronger under Stage-2-only
adaptation, and a single change to the Jais-2-8B
Stage-2 LoRA configuration (dropout set to zero)
reaches 52.3% Macro F1 (Section 5.4, Table 6).
Jais-2-8B Full+Full is therefore best described as
the strongest point of the factorial design rather
than the strongest result overall. Figure 4 visual-
izes these results, clearly delineating the disparity
between fine-tuned and zero-shot conditions and
showing how the two models converge with the
implementation of task-specific fine-tuning.

Stage-2 adaptation: Full fine-tuning vs. LoRA

60 WEE Full fine-tuning W= LoRA 577 588
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w
3

28 canar P Qwe“l-"'m

8B
L\aﬂ\ﬂ’?’ A

Fig. 3 Stage-2 adaptation across all four base models:
full fine-tuning versus LoRA (Macro F1, %). The full-fine-
tuning advantage is confined to the original Jais and Llama
models; for Fanar-1-9B and Qwen2.5-7B even a default-
configuration LoRA matches or exceeds full fine-tuning.

Zero-shot vs. best fine-tuned performance
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Fig. 4 Zero-shot versus best fine-tuned Macro F1 (%) per
base model. Task fine-tuning erases the zero-shot advan-
tage of the Arabic-centric models, with the general-purpose

Qwen2.5-7B attaining the strongest result after adaptation.



Table 4 Results on the MedAraBench test set (4,761 samples), reported as Accuracy and Macro F1 (%). S1 and S2 denote
the Stage 1 and Stage 2 adaptation methods (None, LoRA, QLoRA, or Full). Zero-shot rows apply no fine-tuning. The two
additional models (Qwen2.5-7B, Fanar-1-9B) are evaluated only in the Stage-2-only setting. Bold marks the best two-stage
configuration for each original 8B model. T marks a Full-versus-LoRA contrast that remains reliable under three-seed reruns
(Table 5) and paired significance testing; the corresponding Jais-2-8B contrast falls within seed-level variation.

Model S1 S2 Acc. (%) F1 (%)
Zero-shot (no fine-tuning)

Llama-3.1-8B — — 37.2 34.7
Qwen2.5-7B — — 42.5 40.5
Jais-2-8B — — 42.4 41.2
Fanar-1-9B — — 454 43.5
Stage 2 only (no domain adaptation)

Llama-3.1-8B None LoRA 50.3 49.4
Llama-3.1-8B None QLoRA 52.3 51.3
Llama-3.1-8B None  Full 52.0 51.01
Qwen2.5-7B None LoRA 59.9 58.8
Qwen2.5-7B None  Full 58.3 57.7
Jais-2-8B None LoRA 51.1 50.0
Jais-2-8B None QLoRA 53.1 51.3
Jais-2-8B None  Full 53.2 51.3
Fanar-1-9B None LoRA 57.3 55.9
Fanar-1-9B None  Full 55.8 54.3
Two-stage pipeline (original 8B models)

Llama-3.1-8B LoRA LoRA 46.2 45.5
Llama-3.1-8B LoRA Full 51.3 50.3
Llama-3.1-8B Full LoRA 45.6 45.0
Llama-3.1-8B  Full Full 51.6 50.5
Jais-2-8B LoRA LoRA 48.2 47.1
Jais-2-8B LoRA Full 52.1 50.0
Jais-2-8B Full LoRA 47.3 46.8
Jais-2-8B Full Full 52.9 51.4

5.2 Per-Specialty Analysis

To understand the advantages of full fine-tuning
compared with LoRA, we analyze Stage 2 per-
formance at the finer of the two levels of the
MedAraBench taxonomy described in Section 2.2,
namely its 26 fine-grained specialty labels, exclud-
ing one specialty with too few test samples for a
reliable estimate and leaving 25. Figure 5 reports,
for each specialty, the difference in per-specialty
accuracy between full fine-tuning and LoRA at
Stage 2, using the Stage-2-only configurations to
determine the effect of the adaptation method.
The advantage of full fine-tuning is generally
positive for both base models (exhibiting a mean
difference of 3.1 points for Llama-3.1-8B and 2.9
points for Jais-2-8B) and aligns in a clear majority
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of specialties (16 of 25 for Llama-3.1-8B and 18 of
25 for Jais-2-8B). The largest improvements are
shown in clinically dense, reasoning-heavy special-
ties such as Emergency Medicine and Oncology,
although they are not uniform across the two
models: in Emergency Medicine both models gain
more than 20 points from full fine-tuning, whereas
in Oncology the gain is large for Llama-3.1-8B
(about 18 points) but considerably smaller for Jais-
2-8B (about 9 points). This is consistent with the
distribution-shift account from Section 3: the spe-
cialties that demand the most adaptation away
from the base model’s pretraining distribution are
precisely those where the extensive full-parameter
update budget is most advantageous, and where
the rank-16 LoRA constraint is most limiting.



Simultaneously, the per-specialty gaps are noisy.
A minority of specialties show a negative gap for
one or both models, and the magnitude of individ-
ual specialty differences varies widely. Given the
limited number of test questions in several special-
ties, individual per-specialty estimates should be
considered suggestive rather than definitive, and
we avoid making robust conclusions from any sin-
gle discipline. The prevailing trend indicates that,
across all specialties, full fine-tuning is the most
reliable choice, applicable to the Arabic-focused
and the English-dominant base models, reinforcing
the primary conclusion that the adaptation method
is more significant than pretraining language at
this scale.

Per-specialty advantage of full fine-tuning over LoRA (Stage 2)
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Fig. 5 Per-specialty advantage of full fine-tuning over
LoRA at Stage 2 (Stage-2-only configurations, no domain
adaptation). Bars show the difference in per-specialty accu-
racy (Full — LoRA) in points; positive values indicate that
full fine-tuning outperforms LoRA. Specialties are ordered
by the mean gap across the two models.

5.3 Reliability of the
Full-versus-LoRA Gap

Given that the differences between full fine-tuning
and LoRA are numerically small, we assess how
much of the gap is stable rather than an arti-
fact of a single training run. We rerun the four
Stage-2-only configurations for the original 8B
models with three random seeds (42, 1337, and
2024) and summarize the outcome in Table 5 and
Figure 6. For Llama-3.1-8B, full fine-tuning stays
ahead of LoRA by about 1.5 points of Macro F1
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(51.3 versus 49.7 on average), a margin several
times larger than the seed-level standard devia-
tion, so this contrast is reliable and marked with
a dagger in Table 4. For Jais-2-8B, the picture is
weaker: the mean gap is around 1.3 points, but
the LoRA condition alone varies by about one
point across seeds, so the two conditions over-
lap within a single standard deviation, and we do
not treat the Jais contrast as established. Apply-
ing a paired significance test (McNemar’s test
[15]) and 95% bootstrap confidence intervals [7]
to the test predictions leads to the same qualita-
tive conclusion. Therefore, the headline advantage
of full fine-tuning is best described as small and
model-dependent rather than uniform.

Table 5 Reliability of the Stage-2-only
Full-versus-LoRA comparison under three random
seeds (42, 1337, 2024). Values are mean +
standard deviation across seeds. For Llama-3.1-8B
the Full advantage exceeds seed-level variation for
both metrics, whereas for Jais-2-8B the two
conditions overlap within one standard deviation.

Model S2 Acc. (%) F1 (%)
Llama-3.1-8B LoRA  50.4 + 0.26 49.7 + 0.30
Llama-3.1-8B Full 52.2 £ 0.28 51.3 £ 0.34
Jais-2-8B LoRA 51.6 +0.71 50.5 + 1.02
Jais-2-8B Full 53.4 £ 0.22 51.8 £ 0.57

Multi-seed variability (seeds 42 / 1337 / 2024)

@
kS

51.83+/0.57
51.28+/-0.34

@
b

50.53+/-1.02

49.73+/:0.30

Macro F1 (%)
'y @
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(S2-Full)
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Fig. 6 Macro F1 (%) for the four Stage-2-only configura-
tions rerun with three random seeds (42, 1337, 2024); bars
show the mean and error bars the standard deviation. The
Full advantage exceeds seed-level variation for Llama-3.1-8B
but overlaps within one standard deviation for Jais-2-8B.

5.4 Is LoRA Under-tuned?

A single default LoRA configuration cannot, on
its own, establish that LoRA is inherently weaker
than full fine-tuning. To separate the method from



its hyperparameters, we sweep the rank, learning
rate, dropout, and target modules of the Stage-2
LoRA adapter for both original models (Table 6).
Two factors clearly matter. Increasing the rank
from the default 16 to 64 raises Macro F1 to
51.3% for Llama-3.1-8B and 51.5% for Jais-2-8B
(Figure 7), and setting dropout to zero raises Jais-
2-8B to 52.3% Macro F1, which slightly exceeds
its full fine-tuning result. An aggressive learning
rate of 4 x 10™* reduces performance for both
models, and restricting the adapter to attention
projections only is consistently worse than adapt-
ing all linear layers. In summary, much of the
disparity observed at the default setting reflects an
under-tuned adapter rather than a definitive limita-
tion of low-rank adaptation, which further justifies
the conditional assertion of the full-versus-LoRA
recommendation.

LoRA rank sweep (Stage-2 only)
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Fig. 7 Stage-2-only LoRA Macro F1 (%) as a function of
adapter rank r for the two original 8B models. Raising the
rank from the default 16 to 64 recovers most of the gap to full
fine-tuning, indicating that the default LoRA configuration
is under-tuned rather than fundamentally weaker.

We also test quantized adaptation by training
4-bit QLoRA adapters for both original models
(the QLoRA rows in Table 4). QLoRA reaches
51.3% Macro F1 for Llama-3.1-8B and 51.3% for
Jais-2-8B, matching full fine-tuning while using
far less memory. This indicates that the gap at
the default LoRA setting is not attributable to
quantization, and a memory-efficient adapter can
be competitive once it is adequately configured.

5.5 Diagnosing the Stage 1 Null
Result

Stage 1 continued pre-training on AraMed yields
no reliable downstream benefit. Table 7 shows that
Stage 1 does adapt the base model as intended:
AraMed held-out perplexity falls sharply, from
11.4 to 5.0 for Llama-3.1-8B and from 20.1 to

19

9.6 for Jais-2-8B under full Stage 1 fine-tuning.
Despite this, downstream Macro F1 after full Stage
2 fine-tuning does not improve over direct Stage-2-
only fine-tuning for either model, and conditioning
on a LoRA Stage 1 checkpoint is slightly worse.
Extending Stage 1 from one to three epochs for
Jais-2-8B does not help either (51.0% versus 51.3%
for direct Stage 2). The most consistent explana-
tion is a task-format mismatch: AraMed consists
of open-ended doctor—patient consultation text,
whereas MedAraBench is five-way MCQ exam data
evaluated by log-probability, so fluency gained on
free-form Arabic medical prose does not transfer
to structured answer selection. Additional epochs
mainly risk eroding the base model’s instruction-
following behavior rather than adding transferable
exam knowledge.

5.6 Error Analysis

Beyond the per-specialty view of Section 5.2, we
report a finer-grained error analysis for the best-
performing configuration.

Two distinct patterns emerge. Class D is the
strongest (57.2% F1), whereas class E is the weak-
est (43.0% F1); this result is consistent with E
being the rarest label, as a subset of MedAraBench
questions offers only four options. Off-diagonal
errors are distributed fairly uniformly among the
distractor classes instead of being concentrated in
any single confusion pair, indicating that the omis-
sions reflect genuine knowledge gaps rather than
a positional or answer-format bias. Together with
the year-level breakdown below, the pronounced
drop on the Y3-Y5 questions (Table 10) indicates
that the remaining errors are concentrated in the
more advanced clinical-reasoning content rather
than in Y1 factual recall.

We further analyze accuracy by the academic-
year difficulty label (Y1-Y5) annotated in
MedAraBench, which is important because the
benchmark is heavily skewed toward the introduc-
tory Y1 level (roughly 60% of the test questions).
Table 10 reports annual accuracy for the optimal
configuration (Jais-2-8B, full+4full). Performance
peaks on the abundant Y1 and Y2 questions (55.6%
and 56.4%) and declines on the less frequent, more
advanced years (37.0% on Y3, 46.5% on Y4, and
41.3% on Y5), indicating that the overall accuracy
is supported by the Y1-dominated distribution and



Table 6 LoRA hyperparameter sweep at Stage 2 (no domain adaptation) for the two original 8B models. The baseline
configuration is rank 16, learning rate 2 x 10~4, dropout 0.05, and all linear projections as target modules; each subsequent
row changes a single factor. For reference, the corresponding full fine-tuning Macro F1 is 51.0% for Llama-3.1-8B and 51.3%
for Jais-2-8B. Higher rank and lower dropout recover most of the gap, while an excessive learning rate (4 x 10~4) and

attention-only targeting degrade performance.

Llama-3.1-8B  Jais-2-8B
Configuration Acc. F1 Acc. F1
Baseline (r16, Ir2e-4, do0.05)  50.3 494 511 50.0
Rank 8 49.1 48.5 49.1 475
Rank 32 52.0 50.6 52.8 51.2
Rank 64 52.8 51.3 52.8 51.5
Learning rate le-4 51.9 50.5  52.5 51.1
Learning rate 4e-4 45.4 44.5 423 42.0
Dropout 0.0 52.2 50.5  54.2 523
Dropout 0.1 52.0 51.0 53.3 514
Attention-only targets 47.3 46.1  50.8 49.5

Table 7 Stage 1 diagnostics. Panel (a): AraMed held-out perplexity before and after Stage 1 continued pre-training, showing
that Stage 1 substantially adapts the language model. Panel (b): downstream Macro F1 (%) after full Stage 2 fine-tuning as
a function of the Stage 1 checkpoint, including a three-epoch Stage 1 variant for Jais-2-8B. Despite the large perplexity
reduction, no Stage 1 checkpoint improves downstream MCQ performance over direct Stage-2-only fine-tuning (None).

(a) AraMed perplexity

Model Before After (Full / LoRA)
Llama-3.1-8B 114 5.0 /5.2
Jais-2-8B 20.1 9.6 / 9.8
(b) Stage-1 checkpoint — Stage-2-Full Macro F1

Stage 1 Llama-3.1-8B Jais-2-8B
None (direct S2) 51.0 51.3
LoRA 50.3 50.0
Full (1 epoch) 50.5 51.4
Full (3 epochs) — 51.0

Table 8 Per-class precision, recall, and F1 (%) for the best configuration (Jais-2-8B, full+full) on the MedAraBench test set.

Answer class Precision (%) Recall (%) F1 (%)
A 54.6 53.7 54.1
B 50.1 54.4 52.2
C 50.2 50.4 50.3
D 58.9 55.6 57.2
E 45.1 41.1 43.0

that the model exhibits significant deficiencies in
higher-year clinical reasoning.

To characterize what kinds of errors produced
by the optimal configuration, we manually coded a
sample of its misclassifications. Starting with the

2,241 misclassified items (predicted # gold) of the
Jais-2-8B Full4-Full run, we drew a random sample
of 100 errors (seed 42), stratified by specialty and
academic year and deliberately over-sampling class
E and the Y3-Y5 levels so that the sample covers
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Table 9 Confusion matrix (row: true class, column: predicted class) for the best configuration (Jais-2-8B, full4-full) on the

MedAraBench test set.

Pred A Pred B Pred C Pred D Pred E

True A 614 201
True B 169 622
True C 173 218
True D 129 169
True E 40 31

166 138 25
192 134 26
569 139 30
169 623 31

38 23 92

Table 10 Accuracy (%) by academic-year difficulty
level (Y1-Y5) for the best configuration (Jais-2-8B,
full+full) on the MedAraBench test set.

Y1 Y2

56.4

Y3
37.0

Y4 Y5

41.3

Accuracy (%) 55.6 46.5

the weakest label (Table 8) and the harder years
(Table 10) rather than being predominantly influ-
enced by abundant Y1 items. Each sampled error
was read in Arabic, including the question, options,
gold answer, and model prediction, and assigned
to exactly one of four categories: language under-
standing, medical knowledge, clinical reasoning, or
answer-format,/annotation. Of the 100 errors, 80
were attributed to deficiencies in medical knowl-
edge, 11 were due to failures in clinical reasoning, 6
were related to answer-format /annotation artifacts,
and 3 were caused by language understanding
issues. In 7 items, we assessed the gold label itself to
be wrong or genuinely ambiguous (the annotation-
error subcount, which included the format and
language categories).

Table 11 Manual coding of a stratified random sample of
100 Jais-2-8B Full+Full errors (seed 42), by category, with
the annotation-error subcount.

Error category Count (of 100)

Medical knowledge 80
Clinical reasoning 11
Answer-format / annotation 6
Language understanding 3
of which: gold label wrong/ambiguous 7

The coding connects directly to the quanti-
tative tables. Errors in medical knowledge dom-
inate (80%), consistent with the Stage 1 null
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result (Section 5.5, Table 7): significant improve-
ments resulted from task-format supervision on
MedAraBench, whereas open-ended AraMed prose
did not supply the structured exam information
the model lacked. The failures in clinical reasoning
are concentrated in the harder years; specifically,
9 of the 11 occur in Y3-Y5, reflecting the decline
in accuracy at those levels in Table 10, indicating
that the complex multi-step case-based questions,
rather than the single-fact Y1 items, are where
reasoning breaks down. Finally, the non-trivial
annotation-error subcount (7 of 100) is a direct
symptom of the data-quality issues associated with
MedAraBench already noted in Section 2.2, the
benchmark was assembled by manually digitizing
scanned examinations, and a fraction of items are
mislabeled, distorted, or dependent on context.

Representative examples illustrate each cate-
gory. Medical knowledge: a pharmacology item
on the intravenous dose equivalent of 200 mg
of oral propranolol; the required conversion fac-
tor is a specific detail the model did not know,
so it selected a plausible but wrong value. Clin-
ical reasoning: a surgical case study detailing a
patient with asthma on repeated steroid courses
who develops hirsutism, truncal obesity, and easy
bruising; recognizing this as (iatrogenic) Cush-
ing’s syndrome requires linking the symptoms, yet
the model instead chose Conn’s syndrome. Lan-
guage understanding: a microbiological item whose
stem contained a distorted transliteration of Cryp-
tosporidium parvum, concealing the organism in
question. Answer-format / annotation: a physiol-
ogy item asking what increases after a large water
intake whose gold key was ADH, which is physio-
logically backwards (ADH falls with a water load),
so the item is inaccurately labeled.



5.7 Analysis and Discussion

Fine-tuning consistently improves zero-shot perfor-
mance. Fine-tuning on MedAraBench considerably
improves both models independent of the method.
Llama-3.1-8B improves from 34.7% to a peak of
51.3% Macro F1 (416.6 points; its 4-bit QLoRA
configuration, versus 51.0% under full fine-tuning),
and Jais-2-8B improves from 41.2% to 51.4%
(+10.2 points). As a result of its Arabic-native
pretraining, the elevated zero-shot baseline of Jais-
2-8B can be predicted, but the gap is significantly
reduced after fine-tuning, indicating that task-
specific adaptation is the major factor at this
scale.

Stage 1 does not reliably achieve domain adap-
tation. Although we believe that the AraMed
pretraining provides a useful inductive bias for
downstream medical QA, the two-stage pipeline
does not outperform direct Stage 2 fine-tuning in
most scenarios. For Llama-3.1-8B, the best two-
stage outcome (Full+Full: 50.5% F1) is somewhat
worse than the Stage 2 only full fine-tuning base-
line (51.0% F1). For Jais-2-8B, the best two-stage
result (Full+Full: 51.4% F1) is within 0.1 points
of the Stage 2 only full baseline (51.3% F1). This
pattern implies that one epoch of open-ended
Arabic medical QA pretraining on the AraMed
dataset is insufficient to equip the model with the
ordered clinical knowledge that can be transferred
to multiple-choice reasoning. In certain situations,
catastrophic forgetting may even slightly impair
the base model’s ability to follow instructions.

LoRA is weaker than full fine-tuning at Stage
2 in the default configuration in both models.
In every paired comparison where the Stage
2 method varies while the Stage 1 method
remains unchanged, full fine-tuning at Stage 2
outperforms LoRA. Llama-3.1-8B without Stage
1 produces 51.0% F1 versus 49.4% for LoRA
(+1.6 points). For Jais-2-8B without Stage 1,
the gap is 51.3% versus 50.0% (+1.3 points).
The same behavior is observed in the two-stage
pipeline, with LoRA+Full consistently outper-
forming LoRA+LoRA in both models. Full+Full
beats Full+LoRA consistently for both models.
This shows that the small parameter space of
LoRA, while sufficient for many English NLP tasks,
may restrict its adaptability for Arabic medical
MCQs; this domain is out-of-distribution in lan-
guage and task format for both base models. This
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Full-versus-LoRA advantage is, however, model-
dependent and configuration-dependent: as shown
in Sections 5.3, 5.4, and 5.5, the gap is reliable
only for one of the two original models, largely
closes once the LoRA rank and dropout are tuned
or 4-bit QLoRA is used, and does not replicate on
Fanar-1-9B or Qwen2.5-7B, so we do not interpret
it as an unqualified preference for full fine-tuning
over LoRA.

LoRA at Stage 1 is worse than full fine-tuning
at Stage 1 only when Stage 2 is also full fine-
tuning. In that case, conditioning on a LoRA
Stage 1 checkpoint results in poorer final Macro
F1 scores than conditioning on a complete fine-
tuning Stage 1 checkpoint, and this holds for both
models: for Jais-2-8B, Full+Full (51.4%) is 1.4
points better than LoRA+Full (50.0%); for Llama-
3.1-8B, Full+Full (50.5%) is 0.2 points better
than LoRA+Full (50.3%). When Stage 2 is LoRA,
however, the ordering reverses: LoRA+LoRA is
marginally ahead of Full+-LoRA for both mod-
els (Llama-3.1-8B, 45.5% versus 45.0%; Jais-2-8B,
47.1% versus 46.8%). These reversals amount to
only 0.3-0.5 points, well inside the seed-level vari-
ation documented for the Stage-2-only runs in
Section 5.3, so we read the pair of contrasts as evi-
dence that the Stage 1 method has no consistent
main effect rather than as a genuine advantage for
LoRA at Stage 1: the Stage 1 choice matters only
in interaction with the Stage 2 method. Within
the full Stage 2 conditions, the quality of the Stage
1 checkpoint is more important for Jais-2-8B than
for Llama-3.1-8B, presumably because Jais already
has strong Arabic priors, which can be effectively
maintained and expanded by full adaptation at
Stage 1.

Arabic-focused pre-training yields a remark-
able improvement in zero-shot performance that
almost dissipates upon task-specific fine-tuning.
At the zero-shot level, Jais-2-8B achieves a 41.2%
Macro F1 as opposed to Llama-3.1-8B at 34.7%,
where the former outperforms the latter by 6.5 due
to its Arabic-centric pre-training. However, when
task-specific fine-tuning with MedAraBench is con-
sidered, the difference disappears, as Jais-2-8B
Full4+Full reaches 51.4% Macro F1 under opti-
mal full fine-tuning settings, while Llama-3.1-8B
None-+Full achieves 51.0%, resulting in a negligible
0.4 point difference. Even after accounting for their
optimal two-stage fine-tuning setups, specifically



Jais-2-8B Full+Full achieving 51.4% and Llama-
3.1-8B Full+Full attaining 50.5%, the difference is
only 0.9 points.

Do the two headline patterns replicate across
model families? The two additional models pro-
vide a mixed answer. The first pattern, where full
fine-tuning outperforms LoRA, does not replicate
on any of the new families for which the com-
parison is available: a Stage-2-only LoRA slightly
outperforms full fine-tuning on Qwen2.5-7B (58.8%
versus 57.7% Macro F1) and on Fanar-1-9B (55.9%
versus 54.3%; Figure 3). This reinforces the read-
ing from the seed reruns and the LoRA sweep
that the full-fine-tuning advantage is specific to
the original Jais and Llama setting rather than a
general property. The second pattern, the erosion
of the zero-shot Arabic advantage after fine-
tuning, does replicate directionally (Figure 4): the
Arabic-centric Fanar-1-9B starts from higher zero-
shot Macro F1 (43.5%) than the general-purpose
Qwen2.5-7TB (40.5%). However, after task fine-
tuning, the general-purpose Qwen2.5-7B attains
the strongest result overall (58.8% Macro F1), indi-
cating that task-specific adaptation, rather than
the amount of Arabic pre-training, is the primary
factor influencing final performance at this scale.

6 Conclusion

This study set out to give a team deploying
an Arabic clinical question answering assistant
a defensible answer to a budget question: how
should an open-weight model be adapted when
GPU capacity, rather than ideas, is the binding
constraint? To answer it we conduct a systematic
comparison between LoRA and full fine-tuning
for Arabic medical question answering, evaluat-
ing both adaptation strategies over two stages:
domain adaptation on AraMed and task-specific
fine-tuning on MedAraBench. We use an English-
dominant and an Arabic-centric base model, each
with eight billion parameters as the controlled
foundation, complemented by two additional mod-
els with 7-9 billion parameters (Fanar-1-9B and
Qwen2.5-7B). Three findings emerge, with the first
being more qualified than we initially expected.
First, for the two original 8B models (Jais-2-8B
and Llama-3.1-8B), a default-configuration full
fine-tuning outperforms a default-configuration
LoRA at the task-adaptation phase by 1.3-1.6
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Macro F1 points; however, this gap is small com-
pared with seed-to-seed variation (it is reliable for
Llama but within seed noise for Jais), it signifi-
cantly diminishes once the LoRA rank and dropout
are tuned or 4-bit QLoRA is used, and it does
not replicate on the two additional model families
we test, where even a default-configuration LoRA
matches or exceeds full fine-tuning. Second, one
epoch of domain adaptation on AraMed does not
yield any reliable improvement over direct task
fine-tuning, and it slightly degrades performance
in some settings. This suggests that open-ended
Arabic medical pre-training does not transfer well
to multiple-choice clinical reasoning at this scale.
Third, contrary to our main hypothesis, the rel-
ative ranking of adaptation strategies remains
largely unchanged regardless of the pretraining lan-
guage of the base model: although Arabic-centric
pretraining provides Jais-2-8B with a significant
zero-shot advantage, this benefit is almost com-
pletely lost after task-specific fine-tuning. For the
two original 8B models under the default adapter
configuration, full fine-tuning remains the superior
choice for the Arabic-native and the English-
dominant models, whereas a tuned LoRA or 4-bit
QLoRA proves to be competitive.

These findings indicate that, within the tested
context, the choice of adaptation method is more
sensitive to target-task difficulty and to the specific
model than to the amount of Arabic pre-training
of the base model. For a team deploying an Ara-
bic clinical question answering assistant under a
limited GPU budget, the operational recommen-
dation that follows is therefore concrete: select
the strongest available base model for the target
task, adapt it with a tuned low-rank adapter or
with 4-bit QLoRA on a single 24 GB GPU, and
spend the remaining budget on task-specific super-
vision rather than on a full-parameter update or
on an additional domain-adaptation stage. Full
fine-tuning across four GPUs remains a reason-
able default only in the narrow case of the two
original 8B models adapted with an unadjusted
adapter, and even there the preference is modest
and context-dependent rather than a general rule,
because a tuned LoRA or 4-bit QLoRA is com-
petitive and the advantage does not extend to the
other model families we evaluated. Several limi-
tations restrict this interpretation and should be



read alongside the results. First, the study cov-
ers a single scale band (7-9 billion parameters),
so we cannot say whether the same pattern holds
at larger scales such as 70 billion. Second, evalua-
tion is restricted to multiple-choice questions from
AraMed and MedAraBench and does not mea-
sure open-ended clinical generation. Third, answers
are selected by comparing token log-probabilities
rather than by free-form generation, so the results
reflect answer-selection ability rather than the
quality of the underlying reasoning. Finally, the
differences between the best-performing configu-
rations are small and, in certain comparisons, fall
within the margin of seed-level variation.

A further limitation concerns scope rather
than experimental design, and it bears directly on
the phrase clinical decision support in our title.
What we measure is answer selection over curated
multiple-choice examination items, not the safety
of free-form clinical language: a model that assigns
the highest log-probability to the correct option
may still produce incomplete, misleading, or fab-
ricated text when a clinician or a patient asks it
an open question. The absolute performance levels
reinforce the point, since the adapted configura-
tions reported here reach 51-59% Macro F1 and
are unevenly competent across specialties, which is
far from the reliability that triage or point-of-care
use would demand. Nothing in this study should
therefore be read as evidence that any of these mod-
els is ready for clinician-facing or patient-facing
deployment. Moving from the artefacts evaluated
here to a decision-support tool would require,
at a minimum, evaluation on open-ended and
multi-turn clinical tasks, prospective validation in
which a qualified clinician retains responsibility
for every recommendation, calibrated uncertainty
estimates together with an explicit abstention and
escalation path when confidence is low, monitor-
ing for distribution shift across specialties and
dialects, and compliance with the medical-device
and data-protection regimes of the jurisdiction of
deployment, since software of this kind is regulated
as a medical device in many of them. We therefore
present this work as an adaptation-strategy study
for one component of such a system rather than
as a clinical validation of it.

The research opens several avenues for future
development. First, replicating the factorial exper-
iment conducted within the present study on an
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expanded 70B parameter level, using Llama-3.1-
70B and Jais-2-70B, which are publicly available,
will reveal whether the apparent convergence of
the two types of models after the fine-tuning step is
characteristic of 8B-capacity models or extends to
models with larger parameters. In addition to the
scalability question, the domain adaptation phase
can be investigated in great detail. The marginal
or even negative effect of AraMed pretraining
reported in the present experiment is related to the
inconsistency between the open-ended consulta-
tion form of the AraMed dataset and the multiple
choice task. Future work can focus on exploring cor-
pora for pretraining, enhancing the representation
of clinical tasks, or experimenting with different
pretraining techniques, including multi-epoch or
curriculum pretraining. The evaluation itself, lim-
ited by the clinical multiple choice task, can be
extended to other types of Arabic NLP tasks, such
as open-ended clinical question generation, dialec-
tal Arabic, and multi-turn medical consultation
dialogue. Finally, the potential influence of the chat
versions of both base models used in the present
work, which were fine-tuned with guidelines on
instruction alignment, warrants investigation.
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