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Are Small Language Models Enough for Biomedical QA
Tasks?
Fine-Tuning Mistral-7B Using LoRA and PubMedQA
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This paper presents a specialized fine-tuning approach for the Mistral-7B Large Language Model (LLM)
tailored for biomedical applications. We employ Low-Rank Adaptation (LoRA), a parameter-efficient fine-
tuning method, to adapt the model to the intricacies of biomedical language and domain-specific knowledge.
By integrating LoRA, we aim to preserve the general language understanding capabilities of Mistral-7B while
enhancing its performance on biomedical tasks. The fine-tuning process involves training the model on the
PubMedQA dataset. Our experiments demonstrate that the fine-tuned Mistral-7B model achieves notable
accuracy, 60%. This performance is particularly significant given the relatively modest size of the Mistral-7B
model compared to other approaches that often require larger models to achieve comparable results. The results
highlight the effectiveness of LoRA in fine-tuning large language models for domain-specific applications,
particularly in the biomedical field, where precise and contextually accurate language understanding is crucial.
This work contributes to the advancement of Al in healthcare by providing a robust and efficient method for
adapting LLMs to biomedical applications, demonstrating that high precision can be achieved with a smaller
model size.
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1 Introduction and Motivation

The rapid evolution of Large Language Models (LLMs) has profoundly transformed Natural Lan-
guage Processing (NLP), equipping it with unprecedented capabilities for understanding and
generating human-like text. Pioneering models such as GPT, Mistral, LLaMA, and Gemini have
demonstrated remarkable versatility, addressing complex tasks ranging from open-domain question
answering (QA) to creative text generation. These advances have catalyzed the integration of LLMs
in various sectors, fundamentally reshaping domains such as education, entertainment, and health-
care. In healthcare, LLMs offer transformative solutions to longstanding challenges. Their deep
learning-based ability to process and synthesize vast, intricate datasets, including medical literature,
electronic health records, and clinical research, addresses the cognitive limitations imposed by the
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sheer volume of information. By mitigating information overload, LLMs empower healthcare pro-
fessionals to make informed decisions, extract actionable insights, and improve diagnostic accuracy.
These capabilities streamline workflows and improve patient outcomes, marking a paradigm shift
in healthcare delivery [8].

One particularly impactful application of LLMs in healthcare is biomedical question-answering
(QA), which enables practitioners to efficiently navigate extensive biomedical knowledge [12].
Domain-specific adaptations of foundational models, such as BioBERT, ClinicalBERT, Med-PaLM 2,
and BioMistral, have demonstrated the ability to handle complexities of medical language, including
intricate terminologies and context-dependent meanings. Biomedical QA systems generally fall
into three categories: Extractive QA, which pinpoints precise information from structured data;
Open Generative QA, which synthesizes nuanced, free-text responses; and Closed Generative QA,
which relies solely on pre-trained knowledge for rapid, independent insights. Although Closed
Generative QA is efficient for real-time applications, its reliance on static training data necessitates
regular updates to maintain accuracy and reliability.

The integration of prompt engineering and fine-tuning techniques offers a promising strategy
for optimizing LLMs in biomedical QA systems. Prompt engineering uses task-specific instructions,
such as natural language prompts or learned vector representations, to guide model outputs
without altering core parameters. Fine-tuning, particularly parameter-efficient fine-tuning (PEFT),
complements this by adapting large models to specific tasks with minimal computational overhead.
Together, these techniques enhance the contextual relevance and accuracy of LLMs in interpreting
clinical queries, synthesizing biomedical knowledge, and delivering precise responses, paving the
way for innovation in precision medicine and patient-centered care.

Among fine-tuning approaches, Low-Rank Adaptation (LoRA) has emerged as a pivotal method
for addressing the challenges of maintaining accuracy in Closed Generative QA systems. By
introducing lightweight, trainable components into pre-trained models, LoRA enables efficient
adaptation to domain-specific tasks without the computational burden of retraining the entire model.
In biomedical QA, LoRA facilitates the integration of evolving medical guidelines and recent clinical
research, ensuring models remain contextually relevant and reliable. This approach mitigates risks
associated with outdated knowledge bases while reducing the financial and computational barriers
to deploying advanced LLMs in high-stakes healthcare applications.

The contrast between models with over 100 billion parameters and those with fewer than 20
billion parameters highlights the importance of efficiency in resource-constrained settings. While
larger models deliver unparalleled performance, their immense hardware requirements often render
them impractical for deployment outside of specialized environments. Smaller models, such as
the Mistral-7B, offer a viable alternative, balancing performance and accessibility. These models,
when enhanced through techniques like LoRA and prompt engineering, achieve domain-specific
adaptability without overwhelming hardware limitations, ensuring broader applicability in settings
like healthcare.

This paper builds on these advancements by presenting a practical adaptation of the Mistral-7B
model for biomedical applications. Through the integration of LoRA and prompt engineering, the
model achieves significant improvements in biomedical language processing while preserving its
foundational language capabilities. Fine-tuned on the PubMedQA dataset, the Mistral-7B model
attains a noteworthy 60% accuracy, showcasing the potential of smaller models to deliver domain-
specific performance comparable to their larger counterparts. These findings emphasize the cost-
effectiveness and computational feasibility of leveraging lightweight adaptation strategies for
advancing Al in healthcare, where precision and contextual accuracy are critical.

The remainder of the paper is organized as follows: Section 2 delves into Parameter-Efficient
Fine-Tuning (PEFT) methods, with a focus on Low-Rank Adaptation (LoRA). Section 3 provides an
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Are Small Language Models Enough for Biomedical QA Tasks? 3

overview of the PubMedQA dataset, detailing its structure and significance for biomedical research.
Section 4 presents the experimental setup and results, showcasing the effectiveness of LoRA in
fine-tuning the Mistral-7B model for biomedical applications. Finally, Section 5 concludes the paper,
summarizing the key findings and discussing the broader implications of this research for advancing
Al in healthcare.

2 Parameter-Efficient Fine-Tuning

Parameter-Efficient Fine-Tuning (PEFT) methods has revolutionized the process of fine-tuning
by significantly reducing the computational burden, making it faster and more accessible. By
leveraging PEFT, instruction fine-tuning enhances the performance of biomedical LLMs in adhering
to task-specific instructions while minimizing resource consumption. This paradigm represents
an efficient and cost-effective strategy to align LLMs with biomedical objectives, demonstrating
strong capabilities in instruction-following and zero-shot learning with minimal computational
overhead. For more details, please consult the review on PEF in [3].

Instruction Fine-Tuning (IFT) involves retraining the model using task-specific instructional
data, such as question-answer pairs, to refine its performance for specialized domains. This training
process optimizes model responses by minimizing response-content loss, thereby enabling LLMs to
excel in understanding and executing domain-specific instructions.

2.1 Low-Rank Adaptation (LoRA)

Low-Rank Adaptation (LoRA) [11] emerges as a pivotal technique for adapting Large Language
Models to domain-specific applications. LoRA not only embodies the principles of efficiency seen
in PEFT, but also offers unique advantages in scalability and precision. By introducing lightweight
trainable matrices to specific layers of pre-trained models, LoRA optimizes task performance while
maintaining the core linguistic and contextual understanding of the base model.

Neural networks, particularly those featuring dense layers, rely heavily on matrix multiplications.
The weight matrices in these layers are typically full-rank. When adapting pre-trained language
models to specific tasks, [1] demonstrated that these models exhibit a low "intrinsic dimension"
and can still learn efficiently despite random projections to a smaller subspace. Building on this
insight, [11] hypothesized that the updates to the weights during adaptation also possess a low
intrinsic rank. For a pre-trained weight matrix W, € R¥¥, we constrain its update by representing
it with a low-rank decompositions:

Wo + AW =W, + BA

where B € R4*", A € Rk and the rank r < min(d, k). During training, W} is frozen and does not
receive gradient updates, while A and B contain trainable parameters. Both Wy and AW = BA are
multiplied with the same input, and their respective output vectors are summed coordinate-wise.
For an input x, the modified forward pass yields:

h = Wyx + BAx.

See Figure 1 for an overview of the process described above.

2.2 Integrating LoRA into Transformer Architectures

In transformers, LoRA is seamlessly incorporated into two primary components: the attention
mechanism and the feed-forward network. For attention, LoRA replaces standard weight matrices in
the query (g), key (k), value (v), and output projections, enabling these layers to adapt to specialized
tasks without requiring extensive re-training of the entire model. Similarly, in the feed-forward
network, LoRA is employed in the intermediate and output transformations.
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| Outputh=W ,x + BAx|

Trainable
params

BeRR"

Non-trainable
params

Pretrained
Weights
AeR™k

dxk
WeR Trainable

params

Fig. 1. Overview of the LoRA Process.

This dual integration of LoRA across both attention and feed-forward modules highlights its
versatility and impact. By focusing on lightweight adaptations, LoRA ensures that transformer
architectures can achieve high performance on downstream tasks while remaining scalable and
resource-efficient. This makes it a crucial tool for advancing the deployment of large language
models in diverse computational environments.

2.2.1 Attention mechanism. In the attention mechanism, the input tensor X € R™%dmodel where
n represents the sequence length and dy04e1 denotes the model’s dimensionality, serves as the
common source for generating the query (Q), key (K), and value (V) projected vectors. Due to the
concept of self-attention, all three Q, K, and V are derived from the same input tensor, such that
X = q = k = v. These projections are computed as:

Q=W,X, K=W,X, V=WX, (1)
where:

o W, Wi, W, € Rmode X (h-dhead)

o his the number of query heads,

® dpcad is the dimension of each head.

With LoRA, each weight matrix W is decomposed into a sum of the frozen pre-trained weights
(Whretrained) and a low-rank adaptation term (AW):

W = Whretrained + AW, AW = BA @)
where:
o A e R*X(hdncad)
o B e RfmodelXr,
o 1 is the rank of the low-rank decomposition, with r < min(dpodels (7 - dhead))-

Thus, for LoRA-enabled projections:
Q= Wq,pretrainedX + BquX
K= Wk,pretrainedX + BpAg X (3)
V= Wv,pretrainedX + By Ay X
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Are Small Language Models Enough for Biomedical QA Tasks? 5

The queries, keys, and values are used to compute attention scores and produce the weighted
sum of values. The scaled dot-product attention is computed as:

0K
Vdhead

Attention(Q, K, V) = softmax ( + Mask) Vv (4)

where:
e Q¢ R™% (h-dhead)
o K,V e R (hidhead)
e Mask ensures causal or padding constraints, if applicable.

After computing the attention output, the result is projected back to the original model dimension
using the output projection weight Wj:

Z = W, Attention(Q, K, V) (5)
where:
e / € R"deodel,
° WO € R(h'dhead)deodeI.
With LoRA applied, the weight matrix W, is similarly decomposed as:
Wo = M/o,pretrained + By A, (6)

where:
° AO € R(h'dhcad)xr’
° BO € Rermodel.

Thus, the output projection becomes:
output = Wo,pretrainedZ + By,AoZ (7)

The decomposition ensures that the output adaptation is concentrated solely on the low-rank
components, thereby substantially reducing the number of trainable parameters needed for fine-
tuning. This methodology not only minimizes computational overhead but also optimizes hardware
utilization and accelerates the training process, making it an efficient solution for fine-tuning
large-scale models.

2.2.2 Feed-Forward Network. The forward pass through the layer is defined as:
y = Wo(SiILU(W; X) © (W3X)), (8)

where:

e X € R™moddl; The input matrix comes from the attention layer (Eq. 7) output after residual
connections and layer normalization in the transformer architecture..

Wi, Wy € R%modelXdhidden Project the input X into a higher-dimensional space (dhidden)-
SiLU(z) = z - 0(z): A smooth activation function (Sigmoid-Weighted Linear Unit) applied
to Wi (x).

W, € RéiddenXdmodel; Projects the result back to the original dimension (dmodel)-

o O: Element-wise multiplication.

Each weight (W), W, W3) is defined through the application of the LoRA decomposition, as
outlined in 2.2.1.
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6 Léon, et al.

3 PubMedQA: A Benchmark for Biomedical Question Answering

PubMedQA ! is a meticulously curated biomedical question-answering dataset designed to evaluate
scientific reasoning over structured abstracts in research articles. The dataset is derived from
over 760,000 PubMed ? articles with question-based titles, of which approximately 120,000 include
structured abstracts with sections such as Introduction, Results, and Conclusions. The architecture
of this dataset is depicted in figure 2.

PQA-Artificial (211.3k)  PQA-Unlabeled (61.2k) PQA-Labeled (1k)

Ori. Title -> Question

Ori. Question Title

Ori. Question Title

Structured Context
(Ori. Abstract
w/o conclusion)

Structured Context
(Ori. Abstract
w/o conclusion)

Structured Context
(Ori. Abstract
w/o conclusion)

Long Answer
(Conclusion)

Long Answer
(Conclusion)

Long Answer
(Conclusion)

| Generated yes/no | | Unlabeled ] [ Yes/no/maybe |

Fig. 2. Architecture of PubMedQA dataset (from [4]).

The dataset is composed of three key components. The first is the Manually Annotated Subset,
which includes 1,000 articles manually annotated for evaluation and cross-validation purposes.
The second is the Unlabeled Subset, designed for semi-supervised learning and serving as a
valuable resource for training models without explicit labels. Lastly, the Automatically Generated
Instances consist of 211,300 examples created by converting statement titles into questions and
labeling them heuristically.

Unlike other question-answering datasets, where questions and contexts are crowdsourced or
artificially paired, PubMedQA offers intrinsic consistency, as both are authored by domain experts.
This ensures high accuracy and relevance, making PubMedQA a valuable benchmark for advancing
NLP models in biomedical research.

Two primary approaches are used to evaluate PubMedQA. The first incorporates contextual
information as model input, extensively studied in recent works (see * and [7]). The second excludes
context, posing a more challenging task, as highlighted in [9]. These approaches highlight varying
levels of difficulty in question-answering tasks with or without context.

4 Low-Rank Adaptation of Mistral with PubMedQA

In this section, we outline experiments conducted to evaluate the performance of LoRA fine-tuning
applied to the Mistral 7B Instruct model using the PubMedQA dataset. The Mistral 7B Instruct model,
an enhanced version of the Mistral architecture optimized for instruction-following tasks, was fine-
tuned using LoRA to adapt its pre-trained parameters efficiently while minimizing computational
costs. To ensure accurate alignment with the dataset’s format, carefully designed prompts were
employed to guide the model’s responses. These experiments demonstrate the effectiveness of
integrating fine-tuning techniques with prompt engineering to address the challenges of domain-
specific question-answering tasks in the biomedical field.

In this approach, we evaluate the PubMedQA dataset, where answers are categorized as "Yes",
"No", or "Maybe", using a more challenging approach that omits contextual information. This

Uhttps://pubmedqa.github.io/

2https://pubmed.ncbi.nlm.nih.gov/
3https://pubmedqa.github.io/
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Are Small Language Models Enough for Biomedical QA Tasks? 7

evaluation strategy aligns with recent studies, such as [9], which highlight the increased difficulty
of question-answering tasks when the model is not provided with contextual cues. By excluding
context, the model is tasked with relying solely on the input question and its internal knowledge,
making this approach significantly more demanding. This experiment aims to assess the model’s
ability to generate accurate answers in a more constrained setting, providing valuable insights into
its performance under these challenging conditions.

The Mistral 7B Instruct * model was chosen for this study due to its state-of-the-art perfor-
mance and suitability for instruction-following tasks, making it ideal for the PubMedQA dataset.
Its transformer-based architecture, optimized for generating accurate and contextually relevant
responses, aligns well with the question-answering requirements of the task. Additionally, Mistral’s
open access, including the pre-trained model and source code on GitHub °, ensures transparency,
reproducibility, and ease of adaptation, supporting further advancements in domain-specific appli-
cations.

4.1 Preparing the Dataset

For effective fine-tuning of the Mistral 7B model, the training data must adhere to strict formatting
requirements specified by the mistral-finetune framework. All data must be stored in the JSONL
(JSON Lines) format, with each line representing a separate data sample in valid JSON format.

In this study, we focus exclusively on the Instruct data format, which is specifically designed for
instruction-following tasks. The data is structured under the key "messages", which holds a list
of dictionaries. Each dictionary contains two primary fields: "content" and "role". The "role"
field indicates the participant in the conversation, with possible values of "user", "assistant",
or "system". The model is trained (obtaining loss) by using only those entries where the "role" is
"assistant", as these represent the responses that the model is expected to generate.

Listing 1 presents a sample entry of the Instruct data format, where "user" entries represent the
queries or inputs, while the "assistant" entries correspond to the desired model responses. This
sequential organization ensures that the model learns to generate appropriate responses based on
the preceding user input, facilitating its ability to follow instructions and engage in meaningful
dialogue.

Listing 1. Example of Instruct data format

{
"messages": [
{
"role": "user",
"content": "User interaction n. 1 contained in document n.1"
1
{
"role": "assistant",
"content": "Bot interaction n.1 contained in document n.1"
3
]
3

4https://models.mistralcdn.com/mistral-7b-v0-3/mistral- 7B-Instruct-v0.3.tar
Shttps://github.com/mistralai/mistral-finetune
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4.2 Prompt Training

In this section, we introduce the prompt training approach used to fine-tune the Mistral 7B model,
following the specific structure designed for instruction-following tasks. The training data is
organized using the Instruct format (see listing 1). The core objective of this approach is to guide the
model in generating contextually appropriate and coherent responses based on the input provided
by the user. The prompt training procedure is carefully structured to ensure the model learns how
to follow instructions effectively, aligning its output with the format and nature of real-world
task-specific queries. This methodology is designed to improve the model’s performance on tasks
such as question answering, where understanding user queries and generating accurate responses
is critical.

Figure 3 illustrates the sequence of steps involved in this training process, demonstrating how
the user and assistant interactions are formatted, processed, and utilized for fine-tuning the model.
This example is taken from the first sample file, ori_pgaa_. json, of the PubMedQA dataset. In
Step 1, the red square contains the "question”, and the green square represents the "long_answer".
In Step 2, the red and green squares show the conditioned prompt (the model’s response to the
question based on the context), followed by the "final_decision", which is the model’s generated
answer.

role: “user”

content: Are group 2 innate lymphoid cells ( ILC2s ) increased in
chronic rhinosinusitis with nasal polyps or eosinophilia?

Stepl
role: "assistant”
content: As ILC2s are elevated in patients with CRSWNP, they
may drive nasal polyp formation in CRS. .... e
H MISTRAL
S |
role: “user”
content: Can you make a final yes/no/maybe decision in one of
these situations?
Step2

role: "assistant”

content: yes

Fig. 3. Training process illustration using a sample from the ori_pqaa_.json of the PubMedQA.

4.3 Training Configuration

This section details the parameters and configurations used to fine-tune the Mistral 7B model on
the PubMedQA dataset, ensuring efficient training and feasibility.

Training Process Parameters

Dataset: ori_pqgaa. json file.

LoRA Rank: 128.

Sequence Length: 28,672 tokens per batch.

Batch Size: 1, the number of tokens per batch calculated as seq_len X batch_size.
Learning Rate: 6 X 1075,

Optimizer: AdamW, an adaptive moment estimation optimizer with weight decay.
Loss Function: Cross entropy with masking applied.
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Are Small Language Models Enough for Biomedical QA Tasks? 9

Model Parameters Mistral 7B

Model Dimension (dpodel): 4096.

Number of Layers (njayers): 32.

Head Dimension (dpeaq): 128.

Hidden Dimension (dpjgden): 14,336.
Number of Attention Heads (npeads): 32.
Number of Key-Value Heads (niy heads): 8-
Vocabulary Size: 32,768.

Normalization Epsilon (€orm): 1 X 1075,
Rope Theta: 1,000,000.0.

Hardware Configuration

The training was performed on an NVIDIA A100 GPU with 40 GB of memory, enabling the handling
of long sequences and the computational demands of fine-tuning the Mistral 7B model with LoRA.

4.4 Evaluation

The model’s performance was evaluated using the dataset provided in the ori_pgal. json file,
adhering to the evaluation protocol outlined in the source code repository at (https://github.com/
pubmedqa/pubmedqa). As previously outlined, the model under evaluation receives only the
question as input. To ensure that the model generates responses in the specific format of yes, no,
or maybe, a conditional prompt is appended to the end of each question, such as:

Can you make a final yes/no/maybe decision in one of these situations?

However, if more detailed or extended responses are desired, this prompt can be omitted, allowing
the model to generate a more elaborate answer. This approach offers flexibility in the evaluation
process, enabling both concise and comprehensive. Nevertheless, this method of conditioning the
model’s response through the use of a prompt does not always guarantee that the output will
be strictly limited to yes, no, or maybe. However, this approach offers a high degree of reliability,
ensuring 100% consistency in the desired response format. By directing the model’s output with a
well-defined prompt, we significantly increase the likelihood of obtaining responses in the required
format, which is essential for the integrity of the evaluation process.

Table 1. Evaluation on the PubMedQA benchmark.

Method Model Size Fine-Tuning PubMedQA (%)
ChatGPT [5] 175B - 63.90
Mistral 7B LoRA (our approach) 7B v 60.00
LlamaCare [9] 13B v 57.70
Chat-Doctor [6] 7B v 54.30
Med-Alpaca [2] 13B v 53.20
LLaMA-2 [10] 13B - 52.40

Table 1 presents the performance results of our model, highlighting its effectiveness relative to
other state-of-the-art approaches. Despite being built with only 7 billion parameters, our model
achieves an impressive accuracy of 60%, outperforming many contemporary models. Notably,
the only model that surpasses our approach is ChatGPT, with 175 billion parameters, which
demonstrates slightly superior performance.
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5 Conclusions and Future Work

This study highlights the effectiveness of fine-tuning the Mistral-7B model with LoRA for biomedical
applications. LoRA proved to be a cost-efficient method for improving domain-specific performance,
achieving 60% accuracy on the PubMedQA dataset—showcasing the potential of smaller models to
rival larger ones in precision and contextual understanding.

The results emphasize the value of parameter-efficient fine-tuning in advancing healthcare Al,
enabling adaptation to specialized domains with minimal computational resources. This approach
contributes to improving diagnostic accuracy, streamlining workflows, and enhancing patient
outcomes.

Future efforts will optimize fine-tuning, explore additional datasets, and expand capabilities
across broader biomedical applications, fostering continued innovation at the intersection of Al
and healthcare.
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