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Abstract—Automatic summarization of medical dialogues,
which converts colloquial doctor-patient conversations into con-
cise notes, is increasingly important due to the growing com-
plexity of healthcare data. However, the complexity of medical
language and the lack of annotated datasets pose challenges for
summarization models. In this paper, we propose a MediEx-
tract Distillation Framework (MEDF), a novel hybrid teacher-
student distillation process that leverages the power of Large
Language Models (LLMs) in information capturing to enhance
the performance of a smaller student model. Utilizing medical
key information generated by GPT-3.5-Turbo, the model training
involves two feedforward branches per iteration: one using
ground truth as labels and another using generated structured
medical key information as an auxiliary supervision. We val-
idated our method on the MTS-Dialogue dataset, achieving a
+2.1% improvement in BLEURT compared to previous methods,
demonstrating its effectiveness in summarizing medical dialogues.
Additionally, using UMLS-based BERTScore, we observed a
+1.8% increase in MedBERTScore for medical term extraction,
highlighting our model’s practical benefits in clinical information
processing. Our framework is publicly available at: https://github.
com/Xiaoxiao- Liu/distill-d2n.git

Index Terms—Hybrid Distillation, Medical Dialogue Summa-
rization

I. INTRODUCTION

As a problem, Medical Dialogue Summarization aims at
reporting the most essential information from extensive clin-
ical texts in a form of generated concise summaries [1].
This task finds its application in various healthcare settings,
including: documenting patient encounters, enhancing infor-
mation retrieval for decision-making processes [2]. Clinical
notes, created by clinicians after each patient visit are: time-
consuming and costly to write, requires awareness of medical
documentation. Therefore, the advances in automatic sum-
marisation domain that bridging colloquial conversations and
formal medical documentation are vital.

Traditionally, automatic summarization is divided into the
extractive and abstractive paradigms [3]. The conventional
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methods for extractive summarization task primarily relied on
rule-based algorithms [4], [S] and statistical techniques [6],
[7]. Such approaches usually struggle with the complexity and
variability of texts, as well as the handling of large datasets.
The appearance of attention mechanisms [8] revolutionized
this field by enabling models to dynamically focus on the most
relevant parts of the input text. It results in the appearance of
the vast amount of models that showcase enhanced perfor-
mance across the various text summarization problems [9]-
[11]. The emergence of instruction-tuned models referred
to as Large Language Models (LLMs), allow significantly
enhanced abstractive summarization, leading researchers to
focus on improving summarization tasks in target-oriented
domains [12].

In the medical summarization area, previous work has made
considerable progress in enhancing the automated generation
of medical notes by effectively capturing the critical elements
of medical dialogue. Due to the scarcity of medical datasets,
researchers have adapted LLMs pre-trained on extensive
general-domain datasets [13], [14].These models utilize their
deep learning capabilities to boost performance on smaller,
specialized datasets by transferring knowledge from extensive
general-domain corpora to nuanced medical contexts [15],
[16]. This knowledge transfer is pivotal as it substantially
augments the models’ comprehension and summarization of
medical information, despite the scarcity of domain-specific
data [17]-[19].

Nevertheless, a significant limitation of these models is their
inability to seamlessly incorporate domain-specific medical
knowledge into their frameworks [20]. Consequently, these
models frequently fall short on medical-specific evaluation
metrics, including the precise capture of medical terminology,
the understanding of contextually relevant nuances, and adher-
ence to clinical documentation standards [21]. This shortfall
underscores the crucial need for embedding explicit medical
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knowledge within the architecture of LLMs. Such integration
would enhance the models’ proficiency in grasping intricate
medical concepts, thereby boosting their practical utility in
medical settings and ensuring a more accurate alignment with
the requirements of medical summarization tasks.

In this paper, we propose a MediExtract Distillation Frame-
work (MEDF), which leverages the power of LLMs at scale
as a knowledge base in enhancing the performance and ac-
curacy of a smaller student model through a hybrid distilla-
tion process incorporating medically highlighted supervision.
We design a domain-oriented Teacher-Student Framework,
in which LLM at scale teacher model guides the student
model through an auxiliary supervision setting for ensuring
effective knowledge distillation. The MEDF methodology is
featured by: a) GPT-3.5-turbo as Teacher model Leverag-
ing the exceptional capabilities of GPT-3.5-turbo in medical
content comprehension [22], [23], our framework employs
this model to meticulously extract pivotal medical concepts.
This approach, which does not require traditional training
methods, significantly streamlines the learning process. b)
Auxiliary Supervision The key medical concepts identified by
the GPT-3.5-turbo are employed as auxiliary supervision in
the fine-tuning of the student model. This strategy enriches
the student model’s medical knowledge and understanding,
thereby enhancing its operational insight. ¢) Medical-Specific
Evaluation Acknowledging the necessity of clinical valida-
tion to ensure real-world applicability, we incorporate both
medical-specific evaluation metrics and human evaluation, in
addition to generic summarization metrics, to comprehensively
assess our results.

The contribution of this paper is as follows:

o We propose novel hybrid distillation method that lever-
ages LLMs at scale as teacher model for enhancing
the efficiency and accuracy of a smaller student model.
This framework maintains high performance through a
teacher-student setup with medically highlighted super-
vision.

o We experiment with Flan-T5i,. application as a teacher
model in the proposed framework on the MTS-Dialogue;
according to our experiments that involve UMLS-based
BERTScore metrics, the application of the distilled model
surpasses the previous approach by +2.1% improvement
in human judgment and nuances, and +1.83% in medical
terms extraction compared with the prior top submission.

II. RELATED WORK

Medical summarization research has significantly advanced
automated note generation by addressing 1) resource lim-
itations and 2) employing fine-tuning techniques. This is
crucial for improving documentation efficiency and accuracy
in healthcare. Knowledge Distillation (KD) has proven to be
an effective method in various applications by transferring
knowledge from a large teacher model to a smaller student
model [24]-[28]. the method of KD enables the student model
to perform comparably to the teacher model while reducing
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computational resources [29], making it ideal for medical
summarization tasks.

A. Medical Resources and Summarization Techniques

Exploiting the power of the Pointer Generator Model [30],
Joshi et al. [15] utilized a pointer generator framework to
generate clinical notes from medical dialogues in telemedicine.
Their method is advantageous because it effectively captures
essential information from dialogues, improving the accuracy
of clinical note generation. However, the model has limitations
in handling more complex dialogues and capturing nuanced
medical details. Throughout this paper, we will refer to their
findings as the state-of-the-art (SOTA) work. model [31]
achieved the highest performance, this method faces chal-
lenges when applied to large medical datasets. In contrast,
the work of SummQA [18] involved a training-free two-stage
process where they selected similar dialogues from the training
set based on input dialogues from the test set, using these
selected dialogues as prompts for GPT-4. Authors propose to
encode dialogues from the training set and the test set using
MiniLLM [32], then calculated cosine-similarity scores between
encoded input dialogues. However, this work overlook the
medical information embedding. The Cadence [19] team who
use BART-large as the backbone, consider the importance of
medical information grasping and expression, firstly augment
the dataset using the MIMIC-IV-Note [33] dataset and the
SAMSum dataset [14]. Although these methods have proven
to perform well in the medical dialogue summarization task,
challenges persist in accurately capturing and representing
critical medical information in complex clinical dialogues.
Chen et al. [34] explored the robustness of several medical
dialogue systems by testing them on out-of-domain dataset,
discovering that some hallucinations may exist. Therefore,
they proposed a Subjective, Objective, and Assessment and
Plan (SOAP) notes configuration to ensure the model generates
information related to all essential categories.

methods may help to balance the hallucination problem.
In addition, Abacha’s work [20] indicates that when evalu-
ating the language model through domain- and task-specific
evaluation metrics, the language model may not be able to
perform as good as on generic evaluation metrics. The authors
suggest that language-model-based domain-specific metrics
are effective solutions to hallucination. However, authors have
not proposed one novel method which both performs well on
a generic evaluation metrics by taking into account domain-
specific metrics performance.

B. Knowledge Distillation

Traditionally, KD involves training a student model using
both ground truth labels and pseudo labels generated by a
larger teacher model [24]. But it still falls short in replicating
the predictive accuracy and the nuanced decision-making
capabilities of the larger model [35], particularly in complex
tasks [27] or datasets with high variability [36]. This challenge
later be tackled through another typical approach that involves
transferring logits and feature maps instead of soft labels from
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Fig. 1. A two-stage MediExtact distillation framework for fine-tuning student model; Stage I, the input dialogue data from the MTS-Dialogue dataset is
fetched along with an extraction prompt and passed to the LLM at scale (GPT-3.5-turbo); Stage 2: a Flan-T5 model is fine-tuned as the student model.

the teacher model [27], [37], [38]. For example, Liu et al. [39]
introduced the Instance Relationship Graph method, which
distills knowledge by extracting instance features, instance re-
lationships, and feature space transformations from the teacher
model. Although these methods improved the performance of
smaller models and reduce the need for extensive training
resources [40], they initially required fine-tuning the large
model on high-performance computing devices [27], [41].

Recently, the capabilities of these models have been signif-
icantly expanded due to the development of plug-in frame-
works that leverage the extensive abilities of LLMs. One
success paradigm is the Chain-of-thought (CoT) prompting
method [42], which refers to the strategy of prompting lan-
guage models to generate intermediate reasoning steps before
arriving at a final answer. Inspired by the insight of CoT, Hsieh
et, al [43] have proposed an efficient framework using LLMs
to generate rationales as the CoT for knowledge distillation
to the student model. This method saves the GPU cost by
directly collecting task rationales from LLMs inferencing. In
addition, the method is proved to be efficient when reducing
the training dataset, even with no dataset. Hsieh’s work did not
discuss the domain-adaptation application of their methods.
Hence, following Hsieh’s work, Zhou et al [44] explore the
CoT knowledge distillation methods in low-budget scenarios.
Previous studies have not explored the application of CoT
Distillation in domains or tasks that require the highly accurate
extraction and generation of domain-specific terms. In this
research, we focus on improving the extraction and processing
of precise medical terms. We employ our MEDF method
within a medical dialogue summarization task. Utilizing a
small medical dialogue dataset [16], we discuss whether our
training-free hybrid distillation methodis both efficient and
accurate.

III. MEDIEXTRACT DISTILLATION FRAMEWORK

Inspired by [43], our MediExtract Distillation Framework
(MEDF) engages in a two-stage knowledge distillation pro-
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cess, for medical dialogue summarization. We exploit teacher-
student model framework specifically adapted for capturing
nuances of medical dialogue. Fig. 1 illustrates the proposed
method. In the following subsections, we first describe how
medical knowledge is extracted using LLM. Next, we discuss
the process of knowledge transfer to the student model.

A. Medical Knowledge Extraction by the Teacher Model

In stage 1, inspired by [43], we employ a teacher training-
free approach in the distillation process, leveraging the out-
standing performance of LLMs in medical content comprehen-
sion [22], [23] and text extraction [45]. Specifically, we use
GPT-3.5-turbo to analyze doctor-patient conversation scripts.
Carefully designed prompts guide the LLM to extract key
medical concepts such as family history, medical history, and
medications. the design of prompts can be seen in IV-B. The
extracted information is then structured in a format suitable
for knowledge transfer. This involves converting the free-text
outputs from the LLM into structured data format and then
integrating them with the raw input data for the medically
auxiliary supervision in training pipeline III-B. By following
these steps, our approach leverages the strengths of the LLM
in comprehending and extracting medical information without
the need for a pre-trained teacher model. This method facili-
tates efficient and accurate knowledge transfer, enhancing the
performance of the student model in medical contexts.

B. Enhanced Supervision in Student Model Training

In stage 2, the focus is on fine-tuning the student model
through a dual-supervision strategy. During each training iter-
ation, the student model learns two key tasks: 1) extracting key
medical information, using the medical concepts extracted by
the teacher model as supervised labels; and 2) summarizing
the dialogue into clinical notes, using reference summaries
as labels. This dual focus is facilitated by employing distinct
prompts tailored to each task within instruction-tuning settings,
detailed further in I'V-B.
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Additionally, an auxiliary supervision method is introduced
via a specialized loss function. This function emphasizes
medical accuracy, ensuring that the student model not only
generates accurate summaries but also reproduces the critical
medical information contained in the dialogue. This enhanced
supervision is critical for improving the model’s understanding
of complex medical concepts, which in turn leads to better gen-
eralization and faster convergence during the training phase.
The loss function is a weighted sum of the label loss and the
auxiliary supervision :

E == "Yﬁsummarization + (1 - Py)ﬁextra—supervision (1)

where v is a weight parameter tuned during the optimization
process serving as the weighting factor for the label loss, while
(1 — ~) is the corresponding factor for the extra-supervision
loss. The best performance is observed when ~ is set to 0.8
(as shown in Fig. 2). Both of the Lje; and Liygonale are Cross
Entropy loss as shown in (2):

N
L==Y yilog(ii) )
=1

where N is the number of samples, y; is the true label for
the ¢-th sample, and g; is the predicted probability for the i-th
sample.

This approach ensures that the model can efficiently assim-
ilate critical information, significantly improving performance
with reduced computational resources.

IV. EXPERIMENTIAL SETUP
A. Dataset

We use the MTS-Dialog dataset [46], a comprehensive
collection of doctor-patient conversations accompanied by
corresponding notes, curated for the MEDIQA-Chat 2023
challenge. This dataset includes 1,201 entries in the training
set, 100 in the validation set, and 200 in the test set, providing
a robust foundation for empirical analysis.

The MEDIQA-Chat 2023 challenge introduces several dif-
ferent tasks, including dialogue summarization, which requires
participants to generate clinical notes from doctor-patient
dialogues. In this study, we focus exclusively on the dialogue
summarization aspect of TASKA, aiming to explore and eval-
uate methodologies tailored specifically to this challenge.

B. Models

In the development of our hybrid distillation method as
outlined in Section III, we adopt a teacher-student framework
for the training process. Within this framework, the teacher
model is employed to extract structured medical information
from input dialogues. This extraction task is crucial for gener-
ating the supervision needed by the student model. To design
effective extraction prompts, we draw inspiration from the
MEDIQA-23 Challenge [47]. Based on our observations and
consultations with medical experts, we have included ’age’
and ’sex’ in the prompts, as these details are crucial in real-
world clinical note scenarios. The prompts utilized by both
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the teacher and student models are crucial for the success of
our distillation method, ensuring accurate and relevant medical
information extraction. These prompts are detailed in:

Extract Prompt: Extract the key information from the
dialogue, Include all medically relevant information, such
as age, sex, medications or drugs, smoking, alcohol,
family history, diagnosis, past medical (and surgical)
history, immunizations, lab results, and known allergies.
DIALOGUE: {dialogue}

Summarize Prompt: Summarize the following patient-
doctor dialogue in a clinical note style. DIALOGUE:
{dialogue}

For the student model, we select the Google Flan-TSlargel,
which undergoes instruction-tuning using prompts for medical
key information extraction and dialogue summarization. The
structured data generated by the teacher model serves as extra
supervision for the student model.

The training of the student model is performed on an
NVIDIA A100 GPU with 80G of memory, and involves a
double feed-forward process in each training iteration, with a
batch size set to 2. We fine-tuned the MeDistill model ? for 20
epochs at a learning rate of 1 x 10~5, focusing particularly on
the efficient extraction and processing of medical terminology.

C. Evaluation with Medical-Specific Metrics

Inspired by [20], we utilize several advanced clinical eval-
uation metrics, including precision, recall, and F1 score, as
part of the MedBERTScore. The MedBERTScore calculates
the similarity between tokens in a candidate summary and
a reference summary. Specifically, the score is calculated
by comparing each token in the candidate summary against
each token in the reference summary, focusing particularly
on clinically significant words as defined by the Unified
Medical Language System (UMLS) [48]. The UMLS corpus
is accessed through the MedCat tool 3.

For a pair of a candidate summary & and reference summary
x, the MedBERTScore [20] is defined as:

MedBERTScore = % Z Wy, H;?X a:iTi‘j 3)

ZT;€T

where, for both metrics, w, = 1 for all the non-medical words
and w, = 2 for all the medical words. By adopting these
medical-specific evaluation metrics, we can achieve a more
nuanced assessment of the relevance and accuracy of clinical
details. As generic evaluation, we also compute ROUGE
scores [49], including: ROUGE-1, ROUGE-2, ROUGE-L, and
ROUGE-Sum. Furthermore, we incorporate advanced metrics
such as BLEURT [50] and BERTScore [51] for enhancing text
quality assessment.

Thttps://huggingface.co/google/flan-t5-large
Zhttps://huggingface.co/Xiaolihai/flan-t5-large-MeDistill
3https://github.com/CogStack/MedCAT
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Given that automatic evaluation methods sometimes fall
short in capturing the nuances required in medical contexts,
human evaluation was crucial to assess if the generated
summaries were accurate and practically useful for real-world
medical practice. For the human evaluation, we engaged four
medical experts, who are currently or have been a doctor,
nurse or healthcare administrator, to review clinical notes from
doctor-patient conversations. All experts assess the clinical
notes by selecting the most suitable note, with the option to
choose multiple notes if equally comprehensive or ’none of
the above” if none met the criteria. Each evaluation included
10 random samples with one dialogue and three summaries
(reference, our model, existing model [17]) in random order.
Detailed descriptions of the specifically designed evaluation
questions can be accessed through:

Comprehensive Assessment: Of these three notes, which
one most accurately matches the factual information from
the clinical note and covers the important information
from the dialogue most completely?

Practicality and Thoroughness: Of these three notes,
which one best summarizes the essential diagnostic de-
tails, includes relevant contextual information, and is
most practical for real-world clinical settings while min-
imizing irrelevant content?

V. RESULTS
A. Automatic Summarization Evaluation

The evaluation metrics and rules adopted on the generated
notes follow the MEDIQA-Challenge. For the comparison, we
include the application of: OpenAl models (GPT-3.5-turbo,
GPT-4), well-performed model of the MEDIQA-Challenge
(WangLab-run2) [17]. In Table I, Zero-shot learning mode
indicates model performance without prior training on task-
specific data (GPT-3.5-turbo, GPT-4, Flan-T5ys), Whereas
fine-tuning mode shows performance after model adjustment
with task-specific training (MeDistill). According to the ob-
tained results, MeDistill demonstrates notable improvements
over GPT-3.5-turbo and GPT-4 and competitive performance.
In particular, MeDistill achieves the highest ROUGE-1 score
and ROUGE-L score, indicating better unigram overlap and
longest common subsequence match with the reference sum-
maries. Furthermore, MeDistill showcases the +2.1% improve-
ment in BLEURT over the prior officially best submission
results, suggesting a better alignment with human judgment.
Overall, the results highlight the effectiveness of our proposed
framework, which consistently delivers strong performance
across the summarization evaluation metrics.

B. Automatic Medical-Specific Evaluation

The proposed MeDistill significantly outperforms other
models by MedBERTScore (Table I). With the highest Pre-
cision at 74.62, which is 2.62% higher than the second rank
model, and the highest F1-Score at 72.96, which is 1.83%
higher than the existing model (Table I). This suggests the
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MeDistill model as significantly more accurate in identifying
medical relevant instances identification. Both GPT-3.5-turbo
and GPT-4 showcasing a lag behind both in all categories,
with GPT-4 having the lowest scores, particularly in Precision
at 66.34%, which is significantly lower by 8.28% compared
to our MeDistill.

C. Human Evaluation

Although, the human evaluation has subjectivity in assessing
the reasons, it can demonstrate whether the summary genera-
tion results align with the actual work scenarios of healthcare
professionals from their perspective. Together with the auto-
matic evaluation, the assessment can more comprehensively
reflect the effectiveness and applicability of the summaries
in real-world medical settings. The results of the human
evaluation can be seen in Table II. From the table, we can
tell that our model MeDistill stands out as the top performer
in both “Comprehensive Assessment” and “Practicality and
Thoroughness,” with 57.5% and 47.5% of respondents rating it
highest, respectively. Another existing model, while receiving
the lowest score in comprehensive evaluation at 20%, fares
better in practicality and thoroughness with 30% of the vote,
suggesting its strengths lie more in application than in breadth.
The Reference model shows moderate results, attaining 15%
and 20% in the respective categories, indicating an average
performance. The “None of above” option, despite being
frequently chosen in comprehensive assessment (23 times),
only reflects a minority opinion overall (7.5%), and it is rarely
considered best for practicality and thoroughness (2.5%),
highlighting a significant preference for the named models
over the null option.

VI. ABLATION STUDY/DISCUSSION

To evaluate the efficacy of our proposed distillation frame-
work, we conducted two ablation studies based on these two
questions:

a) What will be the difference if we only use the teacher
model backbone and the student model backbone?

b) What are the differences for different weight parameter
settings?

A. Distillation VS Standard Finetuning on Teacher and Stu-
dent models

The goal of this ablation study is to quantify the perfor-
mance improvements provided by the distillation process by
comparing the results of the teacher model, student model,
and the combined distillation framework. This will help in
understanding the effectiveness of knowledge transfer from the
teacher to the student model. In the experiments, we utilize
GPT-3.5-turbo accessed from OpenAl API to inference the
results. As for the student model, we fine-tune the backbone
model of the Flan-T5, for 20 epochs. Other hyperparameters
are all the same as our proposed distillation experiments.
Both the student and teacher models are performed on the
test dataset. Table III showcases the relative performance
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BERTScore

TABLE I

PERFORMANCE COMPARISON OF MODELS ON GENERIC AND MEDICAL-SPECIFIC EVALUATION METRICS

Model ROUGE-1 | ROUGE-2 | ROUGE-L | ROUGE-LSum | BERTScore | BLEURT __MedBERTScore
Precision [ Recall | FI score
Zero-shot-learning mode
Flan-T5)yge 28.53 12.61 24.13 24.13 67.00 50.95 74.52 70.34 71.89
GPT-3.5-turbo 30.32 12.09 24.20 24.20 65.97 50.32 65.50 68.37 66.40
GPT-4 30.71 12.83 23.65 23.65 64.84 52.92 66.34 70.79 68.06
Fine-tuning mode
WangLab-run2 44.66 22.82 38.37 38.37 73.07 55.93 72.00 71.14 71.13
MeDistill (ours) 44.80 22.10 39.00 39.00 72.80 57.10 74.62 72.24 72.96
TABLE II
EVALUATION WITH MEDICAL-SPECIFIC METRICS
Comprehensive Assessment  Practicality and Thoroughness
Model Freq Percent Freq Percent
WangLab-run2 8 20.0 12 30.0
Reference 6 15.0 8 20.0
MeDistill 23 57.5 19 47.5
None of above 23 7.5 1 2.5
TABLE III

PERFORMANCE COMPARISON OF MODELS WITH AND WITHOUT DISTILLATION. GPT-3.5-TURBO REPRESENTS THE TEACHER MODEL, WHILE
FLAN-T5; Arge AND MEDISTILL REPRESENT STUDENT MODELS.

Model | ROUGE-1 [ ROUGE-2 [ ROUGE-L | ROUGE-LSum [ BERTScore | BLEURT
Zero-shot-learning mode
GPT-35-turbo | 3032 [ 1209 [ 2420 ] 24.20 [ 65.97 [ 5032
Fine-tuning mode
Flan-T5j,rge 41.30 20.50 35.50 35.50 71.50 54.00
MeDistill (ours) 44.80 22.10 39.00 39.00 72.80 57.10

enhancements observed in models when distillation techniques
are applied.

The teacher model, GPT-3.5-turbo, is set as the zero-shot
learning mode.Whereas the Flan-T5,5. and our MeDistill are
set as fine-tuned mode. When distillation is employed, our
MeDistill, exhibit significant improvements in their perfor-
mance metrics, which is reflected in its superior performance
in the BLEURT metric. These results underscore the effective-
ness of model distillation in boosting the linguistic capabilities
of student models, enhancing their performance in a range of
evaluation metrics without direct reference to specific scores.

B. Optimal distillation weight () parameter searching

40 - 1
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ROUGE
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Fig. 2. The result performance of MeDistill depending on the distillation
weight paramter (vy)

In this ablation study, we critically examine the effects
of varying the alpha coefficient in our hybrid loss function,
defined in 1. The objective is to identify the optimal + value
that maximizes model performance, balancing between label-
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focused accuracy and the benefits derived from the extra-
supervision. We conducted experiments with various alpha set-
tings, systematically analyzing how changes in this coefficient
influence overall model effectiveness. Results on Fig 2 indicate
that the model achieves the best performance at y 0.8,
suggesting higher weighting towards the label-focused loss
component significantly enhances model accuracy.

We conducted a series of experiments with various alpha
settings to systematically analyze how variations in this coeffi-
cient affect overall model performance. As shown in Fig 2, the
model exhibits optimal performance at -y 0.8. This finding
suggests that assigning a higher weight to the label-focused
loss component substantially improves model accuracy

VII. CONCLUTION

In conclusion, our study introduces a pioneering two-stage
distillation process tailored for the medical domain, which
significantly enhances the capability of smaller models to
accurately summarize complex medical dialogues. By utilizing
a robust teacher model, GPT-3.5-turbo, to initially extract key
medical concepts, and then distilling this knowledge into a
student model, our approach not only reduces computational
demands but also maintains high standards of accuracy. The
integration of UMLS-based evaluation further ensures that the
summaries generated are both medically precise and relevant.
The success of our model, as demonstrated by surpassing
SOTA models +1.83% in terms of UMLS precision and +2.1%
improvement in general summarization metrics, underscores
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the effectiveness of our methodology. Ultimately, this research
contributes to the field of medical informatics by improving

the

efficiency and accuracy of information processing in

healthcare settings, offering substantial benefits for medical
professionals and patients alike.
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