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Abstract

Fine-tuned LLMs have become increasingly useful for quickly summarizing medi-
cal data that would otherwise require medical professionals to review large amounts
of documentation over extended periods of time. However, a common issue with
these models is hallucination, where the model may fabricate information or miss
key clinical details within the data, particularly in areas such as planning, assess-
ment, and symptoms [1].
In this work, I propose going beyond standard fine-tuning by implementing a three-
stage curriculum learning strategy using QLoRA on the 0.6B parameter Qwen
model. In this approach, the model is trained to sequentially learn key terms, main
bullet points, and finally a full summary, allowing it to better understand which
information within the clinical note is most relevant for summarization.
Results show that while the full curriculum learning pipeline does not outperform
standard summary-only fine-tuning across ROUGE or BERTScore metrics, in-
corporating structured intermediate signals can still be beneficial. In particular,
fine-tuning on key terms together with summaries achieves roughly a 33% improve-
ment in BLEURT score compared to the non-fine-tuned baseline, suggesting that
concise clinical guidance helps the model better capture the overall meaning of a
medical note.
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2 Introduction

With the increasing use of Large Language Models (LLMs) to summarize clinical data, it is important
to ensure that these models are capable of identifying the necessary information while avoiding
hallucinations about a patient, which can be dangerous if the output is trusted [2]. Along with this,
there are also significant costs associated with using large models to summarize large amounts of
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data. If a general model such as GPT is used, it typically cannot be fine-tuned on private medical data,
which often leads to worse results compared to using a locally fine-tuned model trained directly on
clinical notes [3]. However, running and training a local model can also be expensive, as it requires
powerful GPUs and substantial computational resources.

Being able to create a model that can accurately summarize medical data while not being prohibitively
expensive would make it easier to identify patterns within Electronic Health Record (EHR) data,
which could potentially lead to the discovery of new methods for treating disease. It would also allow
healthcare professionals to understand complex patient information more quickly and at a deeper
level.

To address these challenges, I implement a curriculum learning strategy where the model learns what
information it should focus on when generating a summary. The model first learns to extract key
terms from the clinical notes and generate bullet points describing the main ideas. It is then trained
using the notes together with the extracted key terms to generate the main points of the document.
Finally, the model is trained using the notes, key terms, and bullet points together to generate a
detailed summary that explains the clinical note while reducing hallucination.

Results show that while the curriculum learning strategy improves BLEURT scores by around 33%
compared to standard summary-only fine-tuning, it performs similarly to regular fine-tuning when
evaluated using ROUGE and BERTScore metrics.

3 Related Work

This work is primarily inspired by the TriSum method proposed by [4], which employs a curriculum
learning strategy for document summarization by first extracting structured reasoning components
from a document before generating a summary. Specifically, they extract aspects, which represent
short phrases describing key topics in a document, and triples, which structure information into a
subject (s), relation (r), and object (o), which are then used to guide the model when producing the
final summary. My approach follows a similar staged structure but adapts it for clinical data, replacing
aspects and triples with key terms, bullet points, and summaries as the intermediate reasoning
steps. This structure is designed specifically for medical notes, where one of the main challenges
is ensuring that important clinical terms and symptoms are not missed during summarization. By
explicitly training the model to recognize key clinical terms and generate structured bullet points
before producing the final summary, the goal is to help the model focus on the most important medical
information within the note.

More broadly, there has been significant recent interest in improving summarization quality through
fine-tuning strategies. [5] explore fine-tuning open-source LLMs such as Llama2 and Mistral for
aspect-based summarization, finding that fine-tuning on domain-specific data leads to meaningful
improvements in summary quality over zero-shot baselines. This is particularly relevant to my work,
as the key terms I use during training serve a similar role to the aspect signals they use to guide
the model’s focus. [6] further investigate the trade-offs between in-context learning and parameter-
efficient fine-tuning for summarization, showing that combining both approaches outperforms either
alone, especially when only a limited number of annotated samples are available, a challenge I also
face given the relatively small size of my clinical dataset. Finally, [7] demonstrate that QLoRA
fine-tuning of LLaMA 2 on hospital discharge summaries can produce compact, clinically accurate
summaries while keeping memory requirements manageable — directly motivating my choice to
use QLoRA on a similarly small clinical dataset. Their finding that parameter-efficient fine-tuning
outperforms prompt engineering alone on medical text further supports the fine-tuning approach
taken in this work.

4 Approach

4.1 Curriculum Learning

To fine-tune the Qwen 0.6B model, I first use GPT-4o [8], a powerful reasoning model created by
OpenAI, to generate the key terms, bullet points, and summaries for each document. The key terms
represent the most clinically important topics within each note, giving the model an explicit signal
for what information it should prioritize. The bullet points then bridge the gap between these key
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terms and the final summary, allowing the model to practice structuring the most relevant clinical
information before being asked to produce a cohesive paragraph. This staged structure is designed to
reduce hallucination by ensuring the model has already identified the critical details before attempting
to summarize. The following prompt was used for GPT-4o:

You are a clinical documentation assistant.

Given a medical note written by a physician, complete the following tasks:

1. Extract clinically relevant key terms grouped under the following categories:
- Diagnoses / Conditions
- Symptoms
- Medications
- Procedures / Planned Procedures
- Imaging / Test Findings
- Relevant History (medical, surgical, family, social)
- Other clinically important details

2. Using those key terms, generate concise bullet points summarizing the main
clinical information.↪→

- Each bullet must begin with "- "
- Focus only on clinically relevant information
- Do not add interpretations or information not explicitly stated

3. Generate a cohesive clinical summary paragraph based on the key terms and bullet
points.↪→

- Maintain an objective clinical tone
- Do not add new information
- Avoid redundancy

Output format:

========================
Key Terms:
[Organized list]

Bullet Points:
- Bullet 1
- Bullet 2
- Bullet 3
- ...

Generated Summary:
[Concise clinical summary paragraph]
========================

The curriculum approach uses LLMs to sequentially generate key terms, bullet points, and finally
a summary of a clinical document D. First, the model generates key terms K from the document,
which can be represented probabilistically as

P (K | D) (1)

Using both the document and the generated keywords, the model then produces bullet points B
describing the note:

P (B | D,K) (2)

Finally, to generate the summary S, the model conditions on the document, the keywords, and the
bullet points:

P (S | D,K,B) (3)

Following this staged approach, I first fine-tune Qwen to generate key terms given the document with
the loss
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LK = −
∑
D∈D

log p(K | D; θs)

Next, I fine-tune the model to generate bullet points given the document and keywords, and then to
generate summaries conditioned on the document, keywords, and bullet points with the following
losses:

LT = −
∑
D∈D

log p(B | D,K; θs)

LS = −
∑
D∈D

log p(S | D,K,B; θs)

Finally, the fully trained model generates key terms, bullet points, and a summary using only the
document as input. This process can be interpreted as optimizing the combined objective formed by
the three losses above. All code used for training and experimentation was implemented by me (aside
from standard libraries), as the original TriSum paper [4] did not provide publicly available code.

4.2 Model Architecture

QLoRA (quantized low-rank adaptation) was used for parameter-efficient fine-tuning of a Qwen3-
0.6B backbone [9]. Qwen3-0.6B is a 600M parameter decoder-only transformer [10]. The model
contains 28 transformer layers and uses grouped-query attention to improve inference efficiency.
The base model weights were quantized to 4-bit NormalFloat in order to reduce the computational
footprint while maintaining strong language modeling performance.

LoRA parameters were configured to balance model expressivity and computational efficiency. The
rank (r) was set to 32 and the scaling factor (α) was set to 64, resulting in an α/r ratio of 2.0. A
dropout rate of 0.05 was applied to the LoRA layers to help mitigate overfitting. The LoRA adapters
were applied to all major linear projections within the transformer blocks, including the query, key,
value, and output projections of the attention layers, as well as the gate, up, and down projections of
the MLP layers. The Unsloth library, together with gradient checkpointing, was used to accelerate
training and improve VRAM utilization.

4.3 Baselines

To evaluate the impact of different fine-tuning strategies and data structures, GPT-4o summaries were
used as reference summaries when comparing six different model configurations:

– Base Qwen_notFinetuned: The original Qwen model utilized in a zero-shot capacity without
further optimization

– Qwen FT, Summary Only: A fine-tuned variant optimized strictly based on existing sum-
maries

– Qwen FT, Terms + Summary: Fine-tuned on both key terms and summaries (part of
curriculum learning)

– Qwen FT, Terms + BP + Summary: Fine-tuned on key terms, bullet points, and summaries
(part of curriculum learning)

– Qwen FT, Curriculum (Summary Extracted): The model predicts the full hierarchical; key
terms, bullets, and summary structure, from which the summary is extracted

– Base Qwen (Thinking Mode): The base model uses a “thinking” (Chain-of-Thought)
inference strategy without additional fine-tuning

These configurations allow us to evaluate how different levels of structured supervision influence the
final summarization quality.
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5 Experiments

5.1 Data

The FDA defines Real-World Evidence (RWE) as “clinical evidence about the usage and potential
benefits or risks of a medical product derived from analysis of real-world data (RWD), which refers to
data relating to patient health status and the delivery of health care routinely collected from a variety
of sources.” RWD examples include case reports, retrospective observational studies, electronic health
records, patient-generated data, wearable sensors, and measures of social determinants of health [11].

The University of California San Francisco (UCSF) Health and the San Francisco Department of
Public Health (SFDPH) provide de-identified clinical data through Information Commons, which is
a comprehensive ecosystem of data, tools, secure computation, and analysis environments. In this
project, I use EHR clinical notes from UCSF for women with endometriosis between the ages of 15
and 50 who may or may not be taking hormonal contraceptives. These notes primarily document the
evaluation and management of complex gynecologic conditions including endometriosis, chronic
pelvic pain, infertility, pre-operative surgical planning, and post-operative follow-up.

In total, the dataset contains 1050 patient notes, with 900 used for training, 100 for evaluation, and
50 for testing. Each patient record includes an H&P (History and Physical), which is the most
comprehensive assessment produced by physicians and is derived from patient interviews, physical
examinations, and summaries of completed or pending tests [12].

5.2 Evaluation Method

The six model configurations described in Section 4.3 were evaluated by comparing their generated
summaries against GPT-4o reference summaries. The goal is to determine whether the proposed
curriculum learning strategy helps the model better understand the clinical notes and generate
higher-quality summaries compared to simpler fine-tuning strategies.

Evaluation metrics included ROUGE-1, ROUGE-2, and ROUGE-L, which measure unigram overlap,
bigram overlap, and the longest common subsequence between generated and reference summaries
[13]. In addition, I report BERTScore F1 using BioClinicalBERT embeddings (embeddings trained
for medical data), METEOR, and BLEURT. BERTScore measures semantic similarity using con-
textual embeddings [14], METEOR evaluates alignment using lexical and synonym matches with
fragmentation penalties [15], and BLEURT is a learned metric designed to approximate human
judgments of text generation quality [16].

5.3 Experimental Details

For training, I used the AdamW optimizer with a learning rate of 8× 10−5 and a cosine learning rate
scheduler to help reduce overfitting on the 900 training samples. Each phase of training was run for 4
epochs using a batch size of 8, with 100 samples reserved for evaluation.

For the second and third phases of training, the first two epochs use inputs consisting of the clinical
note together with GPT-4o outputs. This provides higher-quality intermediate signals to help guide
the model during the early stages of training, when the model’s own generations are still too noisy
to be useful as training targets. However, the final two epochs instead use outputs generated by
Qwen itself. This is done to reduce exposure bias, since in practice the model will not have access
to GPT-generated intermediate outputs during inference. Without this step, the model would only
ever learn to condition on high-quality GPT outputs, meaning it would likely struggle at test time
when it must instead rely on its own generated key terms and bullet points, which are inevitably
noisier. By gradually transitioning to self-generated inputs, the model learns to be robust to its own
imperfections, better reflecting the conditions it will face during actual inference.

During generation, a temperature of 0.6 was used to allow some variability in the generated summaries
while still maintaining stable outputs. To prevent repetitive text generation, the maximum repeated
n-gram size was limited to 8, as I observed that the model would otherwise occasionally repeat the
same bullet point multiple times.
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5.4 Results

Table 1 shows the evaluation results for the six model configurations across ROUGE, BERTScore,
METEOR, and BLEURT. Overall, fine-tuning on summaries alone achieves the strongest performance
across most metrics, while incorporating additional structured supervision produces mixed results.

Model R-1 R-2 R-L R-Lsum BERT-F1 METEOR BLEURT

Base Qwen_notFinetuned 0.3678 0.1115 0.1971 0.1995 0.7605 0.2613 -0.4847
FT: Summary Only 0.5078 0.1905 0.2840 0.2842 0.8175 0.3379 -0.2439
FT: Terms + Summary 0.4836 0.1588 0.2523 0.2522 0.8151 0.3250 -0.1628
FT: Terms + BP + Sum-
mary

0.4878 0.1594 0.2574 0.2574 0.8132 0.3290 -0.1671

FT: Curriculum (Sum-
mary Extracted)

0.4371 0.1384 0.2361 0.2366 0.7933 0.2870 -0.4042

Base Qwen (Thinking
Mode)

0.4093 0.1189 0.2168 0.2177 0.7783 0.2532 -0.4311

Table 1: Evaluation results for the six Qwen model configurations across ROUGE, BERTScore (F1),
METEOR, and BLEURT metrics.

Figure 1: BLEURT scores for the six Qwen configurations.

This can also be compared to the results achieved in the original paper (Jiang et al., 2024):

CNN/DailyMail XSum ClinicalTrial

Model R-1 R-2 R-L ∆ R-1 R-2 R-L ∆ R-1 R-2 R-L ∆

Baselines
BERTSumAbs 41.2 18.7 37.2 +13.6% 38.8 16.5 31.0 +28.3% 39.2 19.3 29.6 +19.3%
T5Large 42.4 20.8 39.9 +7.0% 40.1 17.2 32.3 +23.5% 41.3 22.1 32.5 +9.6%
BARTLarge 44.0 21.1 40.6 +4.4% 45.4 22.3 37.3 +5.4% 43.5 23.3 33.7 +4.6%
PEGASUS 44.2 21.6 41.3 +3.0% 46.7 24.4 38.9 +0.6% 41.8 22.9 31.7 +9.0%
GSum 45.5 22.3 42.1 +0.4% 45.1 21.5 36.6 +7.3% 43.5 23.1 32.8 +5.7%
BigBirdLarge 43.8 21.1 40.7 +4.5% 47.1 24.1 38.8 +0.6% 44.2 23.8 34.5 +2.5%
SimCLS 45.6 21.9 41.0 +1.7% 46.6 24.2 39.1 +0.7% 43.8 23.3 34.1 +3.9%
SeqCo 45.0 21.8 41.8 +1.6% 45.6 22.4 37.0 +5.4% 42.8 22.5 33.2 +6.7%
GLMRoBERTa 43.8 21.0 40.5 +4.7% 45.5 23.5 37.3 +4.1% 43.3 23.0 33.9 +4.9%
GPT-3.5 zero-shot 37.4 13.8 29.1 +37.4% 26.6 6.7 18.8 +112.5% 34.8 12.8 23.5 +47.8%

Our Method
GPT-3.5 w/ TriSum rationale 46.7 23.5 40.7 −0.5% 34.4 12.6 28.4 +46.8% 44.6 24.5 30.4 +5.6%
TriSum-S 45.9 22.8 42.3 −0.6% 47.4 24.8 39.4 −1.0% 45.3 24.8 35.0 +0.0%
TriSum-C 45.5 22.3 41.2 +1.2% 46.5 24.0 38.7 +1.1% 44.2 23.7 34.4 +2.7%
TriSum-J 45.7 22.7 41.9 — 47.3 24.4 39.0 — 45.3 24.6 35.2 —

Table 2: ROUGE evaluation results across CNN/DailyMail, XSum, and ClinicalTrial datasets. ...
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The most important metric was BLEURT as it is trained off human evaluations of summaries (albeit
not specifically for medical data). As shown in Figure 1, using parts of the Curriculum Learning
method allows the model to attain the highest BLEURT score; however, full Curriculum Learning
does not perform well.

In the original paper, we can clearly see improvements in ROUGE through the curriculum learning
method they use, which is not the case with my model. It is worth noting that these results are not
directly comparable, as TriSum was evaluated on CNN/DailyMail, XSum, and ClinicalTrial datasets,
while my model was evaluated on a much smaller private dataset of endometriosis clinical notes.

6 Analysis

6.1 Limitations

From the results, we can see that the Curriculum Learning strategy does not perform significantly
better than regular summary fine-tuning. In fact, because the model is required to generate longer
outputs consisting of key terms, bullet points, and the final summary, this sometimes leads to
hallucinations and ultimately produces summaries that are worse than those generated by the summary-
only fine-tuned model. Fine-tuned models also appear to prioritize using more medical terminology,
even when the reference summaries generated by GPT do not contain as many clinical terms. Figure
2 further illustrates how curriculum-based models tend to generate more medical terminology than
the reference summaries.

Figure 2: Average number of medical terms used in generated summaries across the six model
configurations.

However, we also observe that having the model first generate key terms and/or bullet points and then
feeding them back into the model to produce the final summary can still be beneficial. In particular,
the model achieves approximately a 33% improvement in BLEURT score under this setup, although
the other evaluation metrics remain roughly the same.

One of the main limitations of this work is the size of the dataset. The model was trained on only 900
clinical notes, which is likely not sufficient for the model to fully learn patterns within gynecology-
related clinical data. This relatively small dataset also increases the risk of overfitting. As a result, I
had to use a relatively small learning rate (8e-5) to prevent the Qwen3 0.6B model from overfitting
too quickly. Although I implemented evaluation callbacks to monitor performance and ensure the
model did not fully overfit, the model still showed a strong tendency toward overfitting, highlighting
the limitations imposed by both the dataset size and model capacity.

Another limitation relates to the reproducibility of the TriSum method used as inspiration for this
work. In the original paper [4], the authors report that their TriSum model performs better when using
curriculum learning. They describe their approach as transferring summarization ability from a very
large language model (≥100B parameters) to a smaller model (≤1B parameters) through rationale
probing and curriculum learning. However, the model used in their experiments is GPT-3.5 Turbo,
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which is estimated to contain at least 20 billion parameters according to Microsoft, and the paper
does not clearly demonstrate experiments using models below the 1B parameter range.

Additionally, while the paper provides a detailed conceptual description of their curriculum learning
framework, it does not include any publicly available implementation or detailed training setup. As
a result, much of my implementation required experimentation and trial-and-error when selecting
training procedures and hyperparameters. These differences in implementation may have contributed
to some of the limitations observed in my results.

6.2 Future Work

From the results, we can see that the most impactful improvement beyond simple summary fine-tuning
comes from incorporating key terms during training. However, the key terms used in this work may
be too verbose for a smaller model such as Qwen 0.6B to handle effectively. In future work, it would
likely be beneficial to use more concise key terms, potentially restricting each category to only a few
important words.

Another possible direction would be to test the proposed curriculum learning strategy on a larger
model. A model with more parameters may be better able to handle longer structured outputs and
generate summaries with fewer hallucinations. Exploring this approach could help determine whether
the limitations observed in this work are primarily due to model capacity or the curriculum learning
strategy itself.

7 Conclusion

In this project, I explored whether a curriculum learning strategy could improve the quality of clinical
note summarization using a relatively small language model. Specifically, I implemented a three-stage
training pipeline in which the model learns to generate key terms, bullet points, and finally a summary
of the clinical document. The goal of this approach was to encourage the model to focus on the most
important clinical information before generating the final summary.

The experimental results show that while the full curriculum learning pipeline does not outperform
standard summary fine-tuning across most evaluation metrics, incorporating structured intermediate
signals can still be beneficial. In particular, fine-tuning on key terms together with summaries
produces the highest BLEURT score, suggesting that explicitly guiding the model toward important
clinical concepts helps it better capture the overall meaning of the medical note. However, extending
this structure to include longer outputs such as full bullet point rationales introduces additional
complexity and appears to increase hallucination, especially for a smaller model such as Qwen 0.6B.

Overall, these findings suggest that structured supervision can improve semantic quality in clinical
summarization, but the amount of intermediate structure must be carefully balanced with model
capacity and dataset size. While the full curriculum learning strategy did not outperform simpler
approaches in this work, the results indicate that incorporating concise clinical signals such as key
terms may still be a promising direction for improving summarization models trained on limited
medical datasets.

Future work could explore applying this curriculum framework to larger language models or us-
ing more compact intermediate representations that are easier for smaller models to learn. Such
approaches may help better leverage structured reasoning signals while reducing hallucinations in
clinical summarization tasks.
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