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Abstract

The generation of structured medical reports using large lan-
guage models (LLMs) presents unique challenges, particu-
larly in maintaining clinical relevance and adhering to strict
formatting requirements. In this work, we investigate the ef-
fectiveness of fine-tuning LLMs for structured report gener-
ation using DeepSeek R1 models. We conduct experiments
with two model variants: DeepSeek R1 8B and DeepSeek R1
14B. For both models, we apply Group Relative Policy Op-
timization (GRPO) using the Medical Information Mart for
Intensive Care (MIMIC-IV) dataset, leveraging Low-Rank
Adaptation (LoRA) for parameter-efficient fine-tuning. Our
results show that the GRPO fine-tuned DeepSeek-R1 8B and
14B models outperformed all baseline models, including the
larger 32B DeepSeek-R1 model, demonstrating the effective-
ness of parameter-efficient tuning. These findings underscore
the potential of reinforcement learning-based fine-tuning of
LLMs for generating structured reports in the medical do-
main.

Introduction

The automation of clinical documentation is a critical step
toward improving the efficiency, consistency, and accessi-
bility of healthcare records. Medical reports, such as dis-
charge summaries, Subjective, Objective, Assessment, and
Plan (SOAP) notes, and radiology findings, follow highly
structured formats that ensure clarity, completeness, and
compliance with clinical standards. However, generating
such structured reports from unstructured data (e.g., physi-
cian notes or patient interactions) remains a significant chal-
lenge (Huang et al. 2024). Large Language Models (LLMs)
have demonstrated remarkable capabilities in generating flu-
ent, context-aware text (Raiaan et al. 2024). While general-
purpose models like GPT-3 (Brown et al. 2020), LLaMA
(Grattafiori et al. 2024), and DeepSeek (Guo et al. 2025)
have been successfully applied to a variety of natural lan-
guage processing (NLP) tasks, their use in structured text
generation, particularly in the clinical domain, requires care-
ful adaptation. These models often lack the innate ability
to follow rigid formatting constraints and domain-specific
language styles without targeted fine-tuning (Lehman et al.
2023; Kim et al. 2025). Recent advances in reinforcement
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learning and parameter-efficient fine-tuning methods have
opened up new possibilities for aligning LLM outputs with
structured target formats (Schulman et al. 2017; Ding et al.
2023). In particular, Group Relative Policy Optimization
(GRPO) has emerged as a powerful strategy for optimiz-
ing model behavior with respect to custom reward functions
(Shao et al. 2024), while Low-Rank Adaptation (LoRA) en-
ables scalable fine-tuning without requiring updates to the
entire model (Hu et al. 2022). In this work, we explore the
effectiveness of these techniques for guiding the DeepSeek
R1 8B and 14B models toward generating high-quality,
structured medical reports (here 8B and 14B represent the
number of parameters in billion).

Related Work

Early clinical NLP systems relied heavily on rule-based
frameworks such as CHARTextract, which used handcrafted
rules and regular expressions to achieve high accuracy in ex-
tracting stroke-related data from radiology reports (Gunter
et al. 2022), and other deterministic engines that extracted
critical information from patient records (Mykowiecka,
Marciniak, and Kupé 2009). While transparent and au-
ditable, such methods often failed to generalize beyond spe-
cific domains. Statistical models like Conditional Random
Fields (CRFs) and Support Vector Machines (SVMs) ad-
dressed these limitations by leveraging labeled data for tasks
such as named entity recognition (NER) and relation extrac-
tion (Meystre et al. 2007; Patrick and Li 2010). Hybrid sys-
tems combining rule-based logic with ML models, such as
those by Sohn et al. and Uzuner et al., further improved per-
formance and interpretability (Sohn et al. 2014; Uzuner et al.
2012).

The advent of pretrained language models brought sig-
nificant advances in clinical NLP. BioBERT (Lee et al.
2019), pretrained on biomedical literature (National Library
of Medicine 2025), outperformed BERT in biomedical NER
and relation extraction, while ClinicalBERT (Huang, Al-
tosaar, and Ranganath 2019), trained on MIMIC-III notes
(Johnson et al. 2016), improved performance in clinical con-
cept extraction. BlueBERT (Peng, Yan, and Lu 2019), com-
bining biomedical and clinical text, demonstrated the value
of blended corpora. Larger models such as GatorTron (Yang
et al. 2022) and Clinical-T5 (Lu, Dou, and Nguyen 2022)
showed the benefits of scaling and adapting architectures
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Figure 1: Overview of the training pipeline.

for summarization, classification, and structured generation.
Prompt engineering has recently emerged as an alternative
to fine-tuning, enabling GPT-3.5 and GPT-4 to perform clin-
ical NLP tasks with minimal supervision (Hu et al. 2024;
Taylor et al. 2024).

For structured generation, fine-tuning general-purpose
LLMs for domain-specific outputs has proven effective.
MediGen fine-tuned LLaMA3-8B for generating clinical re-
ports from dialogues (Leong et al. 2024), while schema-
guided generation and in-context learning improved adher-
ence to predefined formats like JSON and XML (Du et al.
2020). Chain-of-Thought instruction tuning has enhanced
faithfulness in discharge summary generation (Tang, Zhang,
and Dinh 2024). Domain-specific efforts include LLM-
assisted cardiology discharge summaries that increased ef-
ficiency without sacrificing accuracy (Jung et al. 2024) and
attribute-aware fine-tuning to improve factuality and consis-
tency in SOAP notes (Ramprasad, Ferracane, and Selvaraj
2023).

Methodology
Dataset

We used the MIMIC-IV-Note v2.2 dataset (Johnson et al.
2023), a large corpus of de-identified clinical notes linked
to MIMIC-IV structured data made available by PhysioNet
(Goldberger et al. 2000). It includes 331,794 discharge
summaries from 145,915 patients and 2,321,355 radiology
reports from 237,427 patients, covering admissions from
2008-2019 at Beth Israel Deaconess Medical Center. We
selected a subset of 500 discharge summaries for model
training and 50 discharge summaries for model testing. The
preparation of data for training the models is depicted in Fig-
ure 1.

Models

In this study, we used two 4 bit quantized variants of the
DeepSeek-R1 language models: DeepSeek-R1 8B distilled
from the LLaMA 3.1 8B and DeepSeek-R1 14B distilled
from the Qwen2.5-14B; with a LoRA module of rank 32
incorporated into each model for training. These configura-
tions are hereafter referred to as the LoORA models. The gen-
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eral preparation of models for training is depicted in Fig-
ure 1. These models were selected due to their advanced
reasoning capabilities, particularly their ability to engage in
step-by-step logical inference and generate coherent chains
of thought. Such characteristics make them well-suited for
tasks involving the extraction and structuring of information
from unstructured medical reports.

Fine-Tuning

The LoRA models were fine-tuned using GRPO, which is a
reinforcement learning method designed to efficiently fine-
tune LLMs for tasks requiring structured reasoning and out-
put (Shao et al. 2024).

For each input prompt z, the GRPO framework samples
a set of K candidate responses {y1,¥2,...,yx} from the
current policy 7g(y|z). Each response yy, is scored by a re-

ward model R(yy, ), producing rewards {ry,7a,...,7x }.
The group average reward is computed as
1 X
P > (1)
k=1
The advantage for each candidate is then given by
Ap=rp,—T 2

which centers the rewards and encourages the policy to pri-
oritize responses better than the group mean.
Policy updates are performed using the objective:

1 K
L(0) = 1 >_ min[px(6) Ay,

k=1
clip(pe(0),1 — €, 1+ €) Ax]
— BKL(79(-|2) || 70, (1)) (3)

7o (Yi|z)
TO,1a (yx|z)
tio, € is the clipping threshold, and the KL-divergence term
regularizes the updated policy toward the previous policy
to maintain training stability. GRPO computes advantages

where p(0) = is the importance sampling ra-



Model Size Avg. Reward SD GPU Memory
DeepSeek-R1 8B 6.86 7.32 49 GB
DeepSeek-R1 14B 5.54 6.87 9.0GB
DeepSeek-R1 32B 10.02 7.23 20.0 GB
Qwen2.5 14B 11.42 6.98 9.0GB
Llama3.1 8B 0.20 0.00 4.9 GB
DeepSeek-R1 (Fine-tuned) 8B 15.30 5.04 49 GB
DeepSeek-R1 (Fine-tuned) 14B 16.38 3.51 9.0GB

Table 1: Comparison of model performance in terms of average reward, standard deviation (SD), and GPU memory usage.
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Figure 2: Rewards during fine-tuning with GRPO

across multiple candidates per prompt, enabling richer com-
parative learning signals for structured text generation tasks
such as medical report formatting.

A rule-based reward function was developed to guide the
learning process during fine-tuning. This function evaluates
the generated response based on its structural completeness
and length. Specifically, it awards a bonus of 0.2 to the to-
tal reward if the response exceeds 500 words. Additionally,
it assigns a reward of +1 for each required section heading
correctly included in the output and penalizes the model by
-1 for each duplicate heading present.

Due to the large scale of LLMs, which comprise billions
of parameters, fine-tuning them is computationally inten-
sive and necessitates substantial GPU memory resources. To
overcome these issues and fine-tune the base models effi-
ciently, we adopt LoRA, which is a parameter-efficient tun-
ing technique that inserts trainable low-rank matrices into
existing linear layers, such as those used in attention mech-
anisms (Hu et al. 2022). This method allows for signif-
icant reduction in memory and compute requirements by
freezing the pre-trained weights and updating only a small
number of additional parameters. Specifically, we applied
LoRA-based fine-tuning to the attention projection layers
(q_proj, k_proj, v_proj, o_proj) and Multi-Layer Percep-
tron (MLP) layers (gate_proj, up_proj, down_proj).
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Experimental Settings

The DeepSeek-R1 8B and DeepSeek-R1 14B models were
fine-tuned with GRPO using the 8-bit paged AdamW opti-
mizer, with a learning rate of 5 x 109 scheduled via a cosine
decay function. A per-device batch size of 2 was employed,
and gradient accumulation over 4 steps was used to simu-
late a larger effective batch size. For each input prompt, four
candidate responses were generated to compute group-based
advantages. The DeepSeek-R1 8B model was fine-tuned for
3,000 steps on an NVIDIA RTX 4090 GPU, with a total
training duration of 219 hours. Similarly, the DeepSeek-R1
14B model was fine-tuned for 3,000 steps on an NVIDIA
RTX A6000 GPU with a total training duration of 322 hours.

Results
Evaluation Protocol

The evaluation focused on verifying the presence or absence
of specific report sections and assessing their correct se-
quential ordering, following the same criteria used in the
reward function. The performance of the fine-tuned mod-
els was benchmarked against several base models, includ-
ing DeepSeek-R1 (8B, 14B, and 32B), Qwen2.5 (14B), and
LLaMA3.1 (8B), to assess improvements in structured re-
port generation. For performance comparison, reward aver-
age and standard deviation (SD) were calculated for all the
models on the test set.



Results and Analysis

Figure 2 shows the moving average (window size = 20) and
SD of rewards during GRPO fine-tuning, showing a clear
upward trend as the models increasingly align with the re-
ward function. Table 1 presents the average reward and SD
achieved by various large language models on the test set,
along with the GPU memory required at the time of infer-
ence. The fine-tuned DeepSeek-R1 models consistently out-
performed the baseline models. Among all models evalu-
ated, the fine-tuned DeepSeek-R1 14B model achieved the
highest average reward of 16.38 with an SD of 3.51, indi-
cating both improved performance and greater consistency
in generating structurally accurate clinical summaries. The
fine-tuned DeepSeek-R1 8B model also achieved compara-
ble results with the mean reward and SD of 15.30 and 5.04
respectively, outperforming all the baseline models, includ-
ing the DeepSeek-R1 32B model.

Conclusion

In this study, we explored the use of LLMs for the task of
structuring unstructured clinical narratives, specifically dis-
charge summaries from the MIMIC-IV dataset. We fine-
tuned the DeepSeek-R1 8B and 14B models using GRPO
to enforce structural fidelity in the generated outputs. The
results demonstrate that the fine-tuned DeepSeek-R1 mod-
els outperformed all baseline models, including the larger
DeepSeek-R1 32B model. This work highlights the potential
of reinforcement learning techniques, specifically GRPO, in
tailoring LLMs to domain-specific generation tasks that re-
quire adherence to strict structural constraints.

Future work will focus on applying our methodology to
a wider spectrum of clinical documents in order to rigor-
ously assess the robustness and generalizability of the mod-
els across heterogeneous healthcare datasets. Additionally,
we plan to fine-tune alternative large language models, in-
cluding LLaMA 3.1 and Qwen2.5, and perform a compre-
hensive comparative analysis of their performance relative to
the fine-tuned DeepSeek-R1 models. Furthermore, we aim
to integrate these optimized models into a broader agentic
framework powered by large language models, designed for
the automated generation of structured clinical reports and
medical knowledge graphs from unstructured textual data.
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