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Abstract

Summaries of medical text shall be faithful
by being consistent and factual with source
inputs, which is an important but understud-
ied topic for safety and efficiency in health-
care. In this paper, we investigate and im-
prove faithfulness in summarization on a broad
range of medical summarization tasks. Our
investigation reveals that current summariza-
tion models often produce unfaithful outputs
for medical input text. We then introduce
FAMESUMM, a framework to improve faithful-
ness by fine-tuning pre-trained language mod-
els based on medical knowledge. FAMESUMM
performs contrastive learning on designed sets
of faithful and unfaithful summaries, and it in-
corporates medical terms and their contexts
to encourage faithful generation of medical
terms. We conduct comprehensive experiments
on three datasets in two languages: health
question and radiology report summarization
datasets in English, and a patient-doctor dia-
logue dataset in Chinese. Results demonstrate
that FAMESUMM is flexible and effective by
delivering consistent improvements over main-
stream language models such as BART, T5,
mT5, and PEGASUS, yielding state-of-the-art
performances on metrics for faithfulness and
general quality. Human evaluation by doctors
also shows that FAMESUMM generates more
faithful outputs. Our code is available at https:
//github.com/psunlpgroup/FaMeSumm.

1 Introduction

Summarizing medical text is a key step towards
improving the efficiency in healthcare (Liu et al.,
2019; Krishna et al., 2020), including applications
in summarizing medical dialogues (Joshi et al.,
2020), clinical notes (Kanwal and Rizzo, 2022),
health questions (He et al., 2021), and radiology
reports (Dai et al., 2021).

An important but understudied issue of medical
text summarization is faithfulness, as defined in
recent literature (Maynez et al., 2020; Huang et al.,

2021): a summary is unfaithful if it contains in-
trinsic error (the fact that contradicts the source)
or extrinsic error (the fact that cannot be directly
inferred from the source text), while a faithful sum-
mary should be free from both. Unfaithful sum-
maries will pose significant healthcare risks by mis-
leading patients and medical providers. However,
to the best of our knowledge, only a few papers in-
vestigate the faithfulness of medical summarization
by providing systematic categorization of errors for
medical domain (Otmakhova et al., 2022; Adams
et al., 2022). Additionally, recent investigation
and faithfulness improvement (Zhang et al., 2020b;
Alambo et al., 2022) works are limited to certain
types of medical text such as radiology reports.

Moreover, as many summarization approaches
are based on language models that are pretrained
on general domain text, they are inadequate to gen-
erate faithful summaries due to the lack of medical
domain knowledge. For example, although He
et al. (2021) and Zhang et al. (2021) leveraged pre-
trained models such as T5 (Raffel et al., 2019) and
BART (Lewis et al., 2020), their performance is
suboptimal because they did not incorporate medi-
cal knowledge into their models.

In this work, we aim to both investigate and im-
prove the faithfulness of medical summarization.
We first provide a taxonomy of faithfulness error
types appearing in medical summaries and analyze
several competitive baselines. Our investigation
in Table 1 shows that current summarization mod-
els make a significant amount of faithfulness er-
rors. Then, we introduce FAMESUMM to improve
Fathfulness for Medical Summarization. FAME-
SUMM is a general-purpose framework applica-
ble to various language models on many medical
summarization tasks. It adopts two objectives that
finetune pre-trained language models to explicitly
model faithfulness and medical knowledge. The
first one uses contrastive learning (Khosla et al.,
2020; Cao and Wang, 2021). FAMESUMM adopts
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Category Description Example Percentage

Intrinsic Errors

Entity Rela-
tionship

Expressing wrong relations be-
tween two entities or actions.

Source: 医生: ...化验支原体抗体，阳性用红霉素治疗。
Prediction: 输液的,可以去医院

:::::::::::
用红霉素检查...

5.25%

Entity Generating wrong entities. Source: 患者:本人男17岁，身高176cm体重61.3kg...
Prediction:

:::::::::::::
患者身高1717cm体重61.3kg...

3.00%

Negation Ignoring or adding negation
words.

Source: 患者:尘肺在潜伏期可以检查出来嘛（男，19岁）
医生:你好。不能检查出来。

Prediction: 尘肺在潜伏期
:::
可以检查出来。

3.50%

Question Misinterpreting a question into
a statement or vice versa.

Source: 患者:意思是如果没控制好，也会使宝宝脑瘫了？
Prediction: 如果没控制好,

:::::::::::::::
也会使宝宝脑瘫了。

0.75%

Extrinsic Errors

Template Generating statement that fol-
lows the patterns (template) of
training samples.

Prediction:
::
No

:::::::
evidence

::
of

::::
acute

:::::::::::::
cardiopulmonary

:::::::
process.*

Gold: Minimal blunting of the right costophrenic angle, suggest-
ing a small pleural effusion. No focal infiltrate.

18.00%

Extraneous
Fact

Add additional facts that are not
in the source.

Prediction: No evidence of active or
::::
latent tuberculosis.

Gold: Unremarkable radiographic examination of the chest. No
radiographic evidence of tuberculosis.

14.50%

Low Speci-
ficity

Not specific enough to describe
the situation.

Prediction: What are the
:::::::
treatments for vomiting?

Gold: What can I give my 8-month-old for constant vomiting?
2.00%

Table 1: A taxonomy of faithfulness error categories of the baseline models. The translation of Chinese texts is
provided in Appendix A. Words marked in

:::::
waves are the errors and those marked in underlines are the evidence

from the source or reference summary to infer the errors. * This sentence is a common pattern in the training set
and thus is a template.

much simpler heuristics (as straightforward as rule-
based copying and manipulating source texts) than
other contrastive learning baselines and achieve
state-of-the-art performances. The second objec-
tive learns medical knowledge by modeling med-
ical terms and their contexts in the loss function.
We show that directly modeling context tokens of
medical terms is an effective design for faithfulness
improvement, which offers enrichment for existing
approaches to learning medical knowledge (Joshi
et al., 2020; Michalopoulos et al., 2022).

We apply FAMESUMM to a variety of back-
bone pretrained language models on three datasets
including health question summarization, radiol-
ogy report summarization, and medical dialogue
summarization. We compare FAMESUMM with
baselines including backbone models, faithfulness-
based models, state-of-the-art medical summariz-
ers, and GPT-3 as an example of large language
models (LLMs). FAMESUMM generates 16%
more faithful summaries than GPT-3 based on doc-
tors’ evaluation, and it provides consistent score
improvements over baselines according to auto-
matic metrics. Unlike recent methods (Adams
et al., 2022; Chen et al., 2022) that train addi-
tional models for faithfulness, as a cost-efficient
method, FAMESUMM demonstrates the possibil-
ity of maximizing faithfulness by designing simple
contrastive sets and incorporating medical knowl-

edge. Our contributions are: (1) We investigate
existing summarization models for medical text
to reveal their faithfulness issues in the medical
domain; (2) We propose the FAMESUMM frame-
work with two fine-tuning strategies to improve
faithfulness; (3) We conduct a comprehensive set
of experiments to demonstrate the effectiveness of
FAMESUMM by improving mainstream language
models and achieving state-of-the-art performances
on several benchmarks.

2 Investigating Faithfulness of Medical
Summarization

Comprehensive error analysis can improve the un-
derstanding of the severity of faithfulness issues,
and help researchers better design a model for im-
proving faithfulness. However, little research has
studied the faithfulness issues in medical summa-
rization. Therefore, we provide a systematic tax-
onomy of faithfulness errors. Specifically, we first
randomly pick 100 samples from HQS, RRS, and
MDS datasets (Section 4.1), respectively, form-
ing 300 samples in total. We use fine-tuned trans-
former models and the pointer-generator network
as baselines to generate summaries for each sample,
and we manually check and categorize the faithful-
ness errors of the summaries. Inspired by Maynez
et al. (2020), we first classify the faithfulness errors
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Figure 1: Diagram of FAMESUMM architecture with an example reference summary. The underlined part in the
reference contains a medical term (“Vitamin K”) and its context (“do not contain”) that are modeled by FAMESUMM.

found in the 300 samples into intrinsic errors and
extrinsic errors. Then, we further cluster the error
cases in a finer granularity based on their main char-
acteristics: (1) The intrinsic error includes entity
error, entity relationship error, negation error, ques-
tion error, and modifier error, and (2) the extrinsic
error contains template error, low specificity error,
and extraneous fact error. Complementing the er-
ror types in Pagnoni et al. (2021) with new types
that are specific to the medical domain (e.g., low
specificity error), Table 1 shows examples of each
error type produced by our baselines along with
their popularity. As shown in the table, 47.00% of
the samples have faithfulness errors, demonstrating
that current summarization models make a signif-
icant amount of faithfulness errors. Among all
errors, entity relationship/template errors (5.25%,
18.00%) are the most common intrinsic/extrinsic
errors, respectively.

3 Improving Faithfulness of Medical
Summarization

We propose FAMESUMM, a faithfulness optimiza-
tion framework guided by medical domain knowl-
edge for pretrained language models. As shown in
Figure 1, the first objective LCL uses contrastive
learning (CL) over a set of curated faithful and
unfaithful summaries created by perturbing medi-
cal entities and concepts (Section 3.1); the second
objective LMKI explicitly performs medical knowl-
edge incorporation (MKI) and encourages generat-
ing accurate medical terms from source texts (Sec-
tion 3.2). These two strategies complement each
other during the fine-tuning stage in addition to the
cross-entropy loss LCE (Section 3.3). FAMESUMM

is flexible because it is widely applicable to various
backbone pretrained language models.

3.1 Learning from Contrastive Summaries
For our first objective, we design positive and neg-
ative sets of summaries guided by medical entities,
and we use contrastive learning to train models
to distinguish faithful and unfaithful summaries.
Medical terms are defined in Section 4.4.

We build a positive and a negative set for every
training instance to implement contrastive learning
(Cao and Wang, 2021). A positive set (P ) contains
faithful summaries of the source text while a nega-
tive set (N ) contains unfaithful and suspected un-
faithful summaries (references with unmentioned
medical terms).

Designing Contrastive Medical Summaries We
use two steps to build the positive set.
• Reference summary with faithfulness valida-

tion. Reference summaries have been found to
contain unfaithful contents (Maynez et al., 2020;
Dhingra et al., 2019), and thus we perform a faith-
fulness validation before adding them to the posi-
tive set. Specifically, we apply a simple heuristic
algorithm that a reference summary will be in the
positive set if all its medical concepts show up in
the corresponding source. Although a reference
summary with unmentioned medical terms does
not necessarily make itself unfaithful, we do no-
tice the faithfulness issues between source and
reference in both our dataset and existing litera-
ture. Since having unmentioned medical terms is
a good indicator of extraneous information, we
put a reference with unmentioned medical terms
into the negative set1.

• Data augmentation by sentence extraction. We
further augment positive summaries by extract-

1We experiment with placing all references into the pos-
itive sets but notice suboptimal faithfulness performance as
described in Section 5.
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ing sentences from the source. Depending on the
placement of the reference summary from the
previous strategy, we extract one or several sen-
tences (or utterances in dialogue) from the source
as positive example(s) to meet the minimum size
requirement of the positive set. We extract con-
tent in the following order of priority: (1) extract
a sentence that contains medical terms showing
up in both source and reference if there is one, (2)
extract the longest sentence (or the last utterance
in dialogue), (3) extract the first utterance (usu-
ally a question posted by a patient) if the data is
dialogue, and (4) apply back-translation by trans-
lating the sentence from (1), (2), or (3) to German
and then back to English as a paraphrase.

The negative set is constructed by manipulating
sentences from source text by the following:
• Reference summary failing faithfulness vali-

dation. Based on the verification of reference in
positive set construction, a reference summary
with any unmentioned medical terms will be a
negative example.

• Replacing and appending medical concepts.
When a reference summary contains a medical
term showing up in the source, we replace that
medical term with a new one. We also add a new
medical concept at the start or the end of the ref-
erence summary. These newly introduced terms
break the faithfulness of the original reference
summary because they are randomly selected and
do not appear in the source or the reference.

• Changing attribute value. If a reference sum-
mary contains numerical attributes, we change
the number to another random value, e.g., “5
doses” will be changed to “6 doses”.

• Entity swap. To break the relationships among
entities in a reference summary, we first apply
named entity recognition and swap all recognized
entities in the original summaries.

• Logic inversion. We invert the logic of a refer-
ence summary in our Chinese dataset so that its
affirmative sentence changes to a negative one or
vice versa. To achieve this, we first select a pair
of positive and negative unigrams (Appendix H).
Whenever we see a reference that has the posi-
tive or the negative unigram in this pair, we then
change it to invert the logic.
Given the positive and negative sets, the con-

trastive learning loss function LCL is:

LCL = − 1

(|P |
2 )

∑
yi,yj∈P
yi ̸=yj

log
exp(cos(hi,hj)/τ)∑

yk∈P∪N
yi ̸=yk

exp(cos(hi,hk)/τ)

where hi, hj , hk are representations for summaries
yi, yj , and yk (we use outputs produced by the
last layer of the decoder from a language model,
and the outputs are averaged over all sequence to-
kens). cos(·, ·) computes cosine similarity, and τ
is temperature. By minimizing LCL, we finetune
the model to generate summary representations to
maximize the discrepancy between contrastive sets
and develop a preference for more faithful outputs.

3.2 Incorporating Medical Knowledge
Our second objective aims to incorporate medi-
cal knowledge in the reference to generate more
faithful summaries. To this end, we design a loss
term LMKI to encourage models to maximize the
likelihood of the medical terms in reference by in-
creasing their generation probability.

We first identify all medical terms in reference
summaries, since this type of term is one of the
most important carriers of medical information.
For each medical concept, we further consider
its context including (1) two tokens preceding the
medical term and (2) any negative unigram (Ap-
pendix H) in the reference. Then, we maintain a
vector bm with the same length as the vocabulary
size to record the frequency of the context tokens
and medical terms. For example, if a token of inter-
est appears two times in a reference summary, its
corresponding value in bm is 2. Let p denote model
prediction scores of all vocabularies, i.e., logits of
all vocabulary tokens averaged across all reference
tokens before the softmax layer. Since bm and p
have the same dimension, LMKI is computed as the
dot product of bm and p:

LMKI = −bm · p (1)

In this way, LMKI encourages our model to maxi-
mize the prediction scores of the medical terms and
their context words during generation to improve
summary faithfulness.

3.3 Overall Fine-tuning Objective
As described above, LCL and LMKI incorporate
medical knowledge to promote faithfulness. Fur-
thermore, we add the cross-entropy loss LCE to
obtain our final training objective:

L = λCL · LCL + λMKI · LMKI + LCE (2)

where λCL and λMKI serve as weights. Note that
we encourage all the medical terms in reference
summaries due to LMKI while discouraging unmen-
tioned medical terms due to LCL.
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Summarization Task Source Language Split (# Instances)
Disease Distribution

Heart Liver Brain Kidney Respiration Stomach Others

Health Question (HQS) NLM English 1000/50/100 44 17 51 19 37 28 970
Radiology Report (RRS) Hospital English 91544/4000/600 34461 1069 4277 303 76433 6505 11195
Medical Dialogue (MDS) Telemedicine Chinese 1346/288/288 63 106 162 102 150 124 1322

Table 2: Statistics of three datasets for evaluation. We show the number of train/dev/test examples in the split.

4 Experiment Setup

4.1 Datasets
To demonstrate the applicability of our approach as
a general-purpose summarizer, we use three differ-
ent datasets in Table 2 including Health Question
Summarization (HQS) from the MEDIQA 2021
shared task 1 (Ben Abacha et al., 2021; Ben Abacha
and Demner-Fushman, 2019), Radiology Report
Summarization (RRS) from the MEDIQA 2021
shared task 3 (Johnson et al., 2019a,b; Demner-
Fushman et al., 2016), and Medical Dialogue Sum-
marization (MDS) (Song et al., 2020).

4.2 Evaluation Metrics
We adopt a holistic evaluation scheme in aspects of
faithfulness, general quality, and human evaluation.
Faithfulness Metrics To measure faithfulness, we
report three metrics from existing literature based
on question answering, medical entity, or textual
entailment: QuestEval (Scialom et al., 2021),
FaR (Shing et al., 2021), and SummaC (Laban et al.,
2022). We also use Concept F1 (C F1) to mea-
sure the coverage of medical concepts in reference
summaries (Joshi et al., 2020).
General Quality We report ROUGE-1/2/L (Lin,
2004) and BERTScore (Zhang et al., 2019) to assess
the general summarization quality.
Human Evaluation by Doctors We conduct a hu-
man evaluation by medical experts to judge coher-
ence and faithfulness. Six doctors are recruited:
three of them evaluate 100 test instances in HQS
while the other three are on 100 test instances in
MDS. Doctors are asked to identify incoherent and
unfaithful summaries produced by all candidate
models. The order of summaries generated by
models is randomized and anonymous to doctors.
When all doctors complete their evaluation, they
discuss how to resolve major disagreements while
still holding their distinctive opinions towards in-
dividual examples. We then count the number of
faithful and coherent summaries through a vote of
three doctors. Two types of voting are reported:
(1) consensus: a summary is considered faithful
or coherent if at least two doctors think so, and (2)

strict: a summary is faithful or coherent when all
three doctors agree.

4.3 Baselines

Five types of baselines are considered:
Backbone pretrained language model We fine-
tune Pegasus-large (Zhang et al., 2020a),
BART-large (Lewis et al., 2020), BioBART-large
(Yuan et al., 2022), T5-base (Raffel et al., 2019),
and mT5-small (Xue et al., 2021) as our baselines.
Different variants of FAMESUMM To sort out
the factors that affect performance, we present two
FAMESUMM variants on HQS including training
with contrastive learning only and training with
positive sets that accept all references. When using
mT5-small on MDS, we also conduct an ablation
study to showcase the effectiveness of individual
fine-tuning objectives.
Faithfulness-based model Since contrastive learn-
ing is a major part of FAMESUMM, CLIFF (Cao
and Wang, 2021) and QFCL (Zhang et al., 2022)
are the closest baselines we find. CLIFF is shown
to be effective for faithfulness improvement on
news-related datasets while QFCL is built specifi-
cally for medical question summarization. QFCL
is different from CLIFF in terms of negative set
construction method.
Abstractive medical summarizer We select Joshi
et al. (2020) as the medical dialogue summarizer
that fits MDS. Other related work (Krishna et al.,
2021; Zhang et al., 2021) target special types of
medical dialogue (e.g., extremely long dialogue),
which is not the focus of this paper.
LLM To make model comparison fair, we do not
consider zero-shot summarization from LLMs. We
fine-tune GPT-3 (Brown et al., 2020) on 10 random
training instances of HQS as a baseline.

4.4 Implementation Details

FAMESUMM relies on the identification of medical
terms. For English datasets, we use Unified Medi-
cal Language System (Bodenreider, 2004) to iden-
tify them. For MDS in Chinese, we recruit human
annotators to tag them as described in Appendix B.
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Model
Faithfulness General Quality

QuestEval FaR SummaC C F1 R1 R2 RL BERTScore

PEGASUS (He et al., 2021) 0.3069 0.3188 0.4279 26.24 30.19 11.93 28.52 0.7427
+ CLIFF (Cao and Wang, 2021) 0.3145 0.3217 0.4225 30.18 29.92 11.40 27.67 0.7401
+ QFCL (Zhang et al., 2022) 0.3193 0.3042 0.4322 28.00 29.27 11.01 27.32 0.7396
+ FAMESUMM (CL only) 0.3157 0.3222 0.4355 30.20 29.31 10.82 27.39 0.7352
+ FAMESUMM (All ref in P )† 0.3105 0.3267 0.4138 28.90 31.14 12.29 29.09 0.7489
+ FAMESUMM 0.3134 0.3492 0.4401 30.92 30.84 12.19 28.99 0.7456

BART (He et al., 2021) 0.3120 0.3300 0.4062 30.02 31.51 10.57 29.84 0.7512
+ FAMESUMM 0.3127 0.3233 0.4640 40.42 31.76 11.71 29.64 0.7491

T5 (He et al., 2021) 0.3126 0.3237 0.4125 27.38 30.11 11.40 27.54 0.7460
+ FAMESUMM 0.3186 0.3467 0.4342 32.79 30.19 11.00 27.91 0.7470

BioBART (Yuan et al., 2022) 0.3116 0.3487 0.4810 30.15 32.38 11.91 29.51 0.7486
+ FAMESUMM 0.3239 0.3595 0.4740 33.33 32.99 12.57 30.56 0.7544

Table 3: Results for HQS. We rerun baselines to compute all metrics. † places all references into positive sets.

Model
Faithfulness General Quality

QuestEval FaR SummaC C F1 R1 R2 RL BERTScore

RRS-Indiana

PEGASUS (Dai et al., 2021) 0.2413 0.0682 0.2350 46.12 44.35 29.67 43.87 0.7999
+ FAMESUMM 0.2441 0.0741 0.2769 47.37 46.69 33.13 46.15 0.8111

RRS-Stanford

PEGASUS (Dai et al., 2021) 0.2892 0.2146 0.4907 40.74 40.97 26.37 38.45 0.7755
+ FAMESUMM 0.2884 0.2324 0.4931 42.86 41.21 26.90 38.86 0.7768

Table 4: Results for RRS. We rerun baselines to compute all metrics. We show two splits separately.

Model FaR C F1 RL BERTScore

Joshi et al. (2020) 0.0619 32.53 19.99 0.6937
mT5* 0.3784 36.96 32.43 0.7505

+CL* 0.4040 37.85 32.73 0.7518
+MKI* 0.4072 39.30 32.27 0.7492
+FAMESUMM * 0.4177 38.57 33.05 0.7520

Table 5: Results for MDS. For models with *, we report
their scores that are averaged over 3 random seeds (seed
values 42, 0, and 1) due to unstable training dynamics
of transformer-based models (Mosbach et al., 2021).
Scores based on a single seed (single-run scores) are
reported in Appendix I.

More implementation details are in Appendix C.
Due to differences on language and dataset struc-
ture, we customize the contrastive set construction
for each dataset, and the details are in Appendix F
and G. Hyperparameters of each model are in Ap-
pendix J.

5 Results and Analysis

All performance scores in this section are evalu-
ated on the test set of each dataset. Our results

and analysis aim to answer the following research
questions:
• RQ 1: How can FAMESUMM improve faithful-

ness of backbone models (5.1)?
• RQ 2: What are the effects of the two loss func-

tions in FAMESUMM (5.2 and 5.5)?
• RQ 3: How does FAMESUMM compare with

other types of baselines including faithful sum-
marization models (5.1), state-of-the-art medical
text summarization (5.3), and LLMs (5.4)?

• RQ 4: Is performing faithfulness validation on
reference summaries better than accepting all of
them into the positive sets (5.1)?

• RQ 5: How do doctors judge the faithfulness of
medical summarization and its correlation with
current faithfulness metrics (5.4)?

5.1 Overall Results

Our overall results for three datasets are presented
in Table 3, 4, and 5.

Improvements over Backbone Models As dis-
cussed in Section 4.2, the effects of learning from
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Dataset Model R1 R2 RL

HQS
Sänger et al. (2021) 33.40 15.99 31.49
He et al. (2021) 35.14 16.08 31.31
FAMESUMM + Ensemble 35.35 14.86 33.06

RRS-Indiana
Mahajan et al. (2021) 67.72 58.81 66.57
Dai et al. (2021) 68.34 59.56 67.17
FAMESUMM + Ensemble 68.30 59.68 67.46

RRS-Stanford
Mahajan et al. (2021) 38.84 22.84 36.11
Dai et al. (2021) 43.12 27.69 40.14
FAMESUMM + PEGASUS 43.34 28.11 40.46

MDS
Joshi et al. (2020) 22.81 8.34 19.99
mT5 34.20 19.95 32.43
FAMESUMM + mT5 34.92 20.56 33.05

Table 6: Ensembling results of FAMESUMM. We report
ROUGE compared with previous state-of-the-art on each
benchmark.

contrastive medical summaries are demonstrated
by improved automatic faithfulness measures. The
effects of medical knowledge incorporation are
mainly demonstrated through C F1. With only
three exceptions on QuestEval, FaR, and SummaC
metrics (minimal decrease), FAMESUMM provides
consistent improvements over the corresponding
backbone models on all automatic faithfulness met-
rics. Therefore, we show that the proposed fine-
tuning strategies are effective at learning medical
knowledge and generating more faithful outputs.
ROUGE and BERTScore are not compromised with
FAMESUMM, since most of them are higher when
compared against corresponding backbone models.

Advantage of Faithfulness Validation on Ref-
erences Comparing the last two rows of
PEGASUS-based models in Table 3, we see that
faithfulness validation on reference summaries en-
ables FAMESUMM to dominate all faithfulness
metrics. ROUGE and BERTScore are slightly lower
after adding this validation, since we disvalue many
references by placing them into the negative sets.
We include this validation as a step of building con-
trastive sets, since the decrease is trivial and this
paper mainly deals with improving faithfulness.

Improvements over Faithful Summarization
Baselines Compared with CLIFF or QFCL in
Table 3, FAMESUMM (CL only) offers a consistent
improvement on all faithfulness metrics despite a
small decrease on QuestEval, which demonstrates
the advantage of our contrastive learning method.
There are two reasons: (1) both CLIFF and QFCL
do not enforce any validation of references, and this
is a flawed design based on Adams et al. (2022)
and the discussion above, and (2) our CL considers
much more comprehensive error types than CLIFF

Model
Consensus Strict

Fleiss’ kappa
# C # F # C # F

HQS

GPT-3 100 60 100 37 0.4675
PEGASUS 100 71 100 54 0.4295

+ CLIFF 100 70 100 59 0.6508
+ FAMESUMM † 100 73 100 60 0.4976
+ FAMESUMM 100 76 100 66 0.4697

MDS

Joshi et al. (2020) 100 22 54 1 0.7316
mT5 100 82 100 77 0.7479

+ MKI 100 84 100 81 0.7946
+ FAMESUMM 100 89 100 83 0.6351

Table 7: Human evaluation results. † places all refer-
ences into positive sets. “# C”: Coherent. “# F”: Faithful.
We report Fleiss’ kappa on faithfulness.

Model Dataset
Spearman’s ρ

QuestEval FaR SummaC

FAMESUMM +PEGASUS HQS 0.067 0.171 0.312

Table 8: Correlation analysis between human evaluation
and three faithfulness metrics.

and QFCL based on our observation in Section 2.
The advantage of our CL demonstrates the util-
ity of designing more diverse and accurate con-
trastive sets to learn a decision boundary. In Ta-
ble 5, FAMESUMM and all mT5-based models are
better than Joshi et al. (2020) due to the success of
pre-trained transformer models.

Complementary Roles of CL and MKI The per-
formance gap between FAMESUMM and CLIFF
(or QFCL) becomes much more significant after we
add MKI, which is shown through the last row of
PEGASUS-based models in Table 3. Most faithful-
ness metrics are positively impacted when we train
with the complete version of FAMESUMM (FaR ex-
periences the greatest increase), and general qual-
ity metrics of FAMESUMM are also significantly
higher than CLIFF and QFCL. Although CL and
MKI have different focuses, their complementary
roles enable performance boost across a variety of
metrics.

5.2 Ablation Study of Two Loss Functions

As discussed above, both fine-tuning strategies in
FAMESUMM contribute to the overall faithfulness
improvement. In Table 5, we iteratively add a fine-
tuning strategy to mT5. As a result, FaR score
keeps increasing when we add more strategies. The
overall quality as measured by RL and BERTScore
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Figure 2: Two examples (from MDS and HQS datasets) to show the effect of FAMESUMM finetuned on mT5 and
PEGASUS. We mark the medical terms in blue in the second example.

is also the highest with both strategies. C F1 is
slightly lower on the last row of Table 5, indicating
that our pipeline is learning a trade-off between our
two strategies.

We can see that MKI is most effective on entity-
based faithfulness metrics. It yields the highest C
F1 and the second highest FaR. Relative to MKI,
CL improves faithfulness more comprehensively in
a mixture of question answering, entailment, and
entity aspects. CL has better RL and BERTScore
than MKI, which indicates that improving faithful-
ness in comprehensive ascepts has the potential of
improving general summarization quality. CL also
has better scores than plain mT5.

5.3 Ensembling for Comparison with
State-of-the-art Medical Summarization

Since the best papers on HQS and RRS adopt
model ensembling, we perform ensembling over
multiple FAMESUMM results to compare with
those works. Table 6 displays this comparison,
which demonstrates that our proposed fine-tuning
strategies can yield state-of-the-art performance. In
general, we could achieve better performance than
the best paper on each benchmark of MEDIQA
with much fewer base models or ad-hoc techniques.
For example, as the best paper on HQS, He et al.
(2021) utilized ensembling based on four models
along with training on the validation set and error
correction for misspellings. Our ensembled outputs
(with FAMESUMM) surpass the best score on R1
and RL without using the validation set or any error
correction techniques. More ensembling details
are provided in Appendix E. On MDS, we see a
constant ROUGE increase from Joshi et al. (2020)
to FAMESUMM. One reason is due to the superi-
ority of pre-trained language models over pointer-
generator networks in Joshi et al. (2020). Besides
that, FAMESUMM yields better scores than plain
mT5 because of FAMESUMM’s capability of gener-
ating domain-specific and more faithful summaries.

Although this paper mainly deals with faithful-
ness concerns in healthcare, we show that improv-
ing faithfulness can also yield better ROUGE scores
due to the fact that FAMESUMM output stays con-
sistent with the source text.

5.4 Human Evaluation
We report our human evaluation results in Ta-
ble 7. FAMESUMM outputs the most faithful sum-
maries on both HQS and MDS, which reconfirms
its strongest capability of improving faithfulness.
Echoing the analysis in Section 5.1, FAMESUMM

without faithfulness validation has suboptimal per-
formance. Joshi et al. (2020) suffers from incoher-
ent summaries and only has 1 faithful summary
under the strict standard (doctors will not mark a
summary as faithful if it is incoherent). We find
moderate to substantial inter-annotator agreement
for faithfulness judgments. Fleiss’ kappas on MDS
are higher than those on HQS (except for CLIFF),
both of which are above 0.4.

Compare with GPT-3 GPT-3 only has 37 faith-
ful outputs under the strict protocol. FAMESUMM

generates 16% more faithful summaries than GPT-
3 based on consensus protocol. Doctors find that
GPT-3 generates more extrinsic errors than other
models (e.g., extraneous fact error in Table 1). Its
linkage to external knowledge allows its outputs to
be more diverse, but it also yields more unrelated
or even incorrect information.

Correlation Analysis We show the correlation
between human evaluation and the three faithful-
ness metrics in Table 8. All correlation scores are
small. SummaC has the strongest correlation while
QuestEval has very weak correlation. Our find-
ings of the low correlation are echoed in Wang
et al. (2023) and call for future research efforts
on faithfulness metrics for medical summarization.
This also reflects our motivation for conducting
doctors’ evaluations.
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5.5 Case Study

We present two examples in Figure 2 to show
the effectiveness of the two loss functions in
FAMESUMM. In the contrastive learning exam-
ple, FAMESUMM copied a key sentence from the
source while capturing an important negative uni-
gram (“not”). However, plain mT5 ignored it and
thus generated a negation error. FAMESUMM is
more likely to capture this kind of negative uni-
gram than its baseline because we applied logic
inversion when we built the negative sets for the
MDS dataset.

In the second example, FAMESUMM success-
fully generates an important medical term “birth
defects”, while the baseline failed. This term makes
its summary more specific and consistent with
the reference. Incorporating medical knowledge,
FAMESUMM is more likely to generate medical
concepts than its baselines to improve faithfulness.

6 Related Work

Medical Summarization There are different
medical summarization datasets on medical di-
alogues (Joshi et al., 2020; Zeng et al., 2020;
Krishna et al., 2021; Yim and Yetisgen, 2021;
Navarro et al., 2022; Zhou et al., 2021) and multi-
documents (DeYoung et al., 2021; Katsimpras
and Paliouras, 2022). Some of them are pri-
vate. MEDIQA 2021 shared tasks (Ben Abacha
et al., 2021) tackle three summarization tasks: con-
sumer health question summarization (HQS), multi-
answer summarization (MAS), and radiology re-
port summarization (RRS).

As for medical summarization models, Joshi
et al. (2020) and Enarvi et al. (2020) constructed
pointer-generator networks, so they did not ben-
efit from the success of pre-trained transformer
models. Zhang et al. (2021) fine-tuned BART and
developed a multistage approach to handle long
conversations. The length of conversations is not
the concern of our work. The focus of Krishna
et al. (2021) is to generate SOAP notes (Subjective
information, Objective observation, Assessments
made by doctors, and Plan for future care), and
their work aims to have summaries divided into
at most 15 sections. By contrast, FAMESUMM

serves as a general-purpose fine-tuning strategy for
abstractive summarization in healthcare with wide
applicability.

Faithfulness and Factuality in Abstractive Sum-
marization Recent work has proposed several
factual evaluation metrics (Fabbri et al., 2021;
Scialom et al., 2021; Wang et al., 2020; Fabbri
et al., 2022; Laban et al., 2022; Shing et al., 2021).
Cao and Wang (2021) utilized contrastive learning
(Khosla et al., 2020) with a design of contrastive
sets in the news domain for faithfulness enhance-
ment. Several recent efforts (Goyal et al., 2022;
Liu et al., 2022; Tam et al., 2022) investigated
summarization factuality of LLMs such as GPT-
3 (Brown et al., 2020) and BLOOM (Scao et al.,
2022), yet they only used news-related datasets.
Few papers (Zhang et al., 2020b; Alambo et al.,
2022) that directly modeled faithfulness in health-
care (by adding inductive bias informed by faithful-
ness through model optimization) focused on single
specific tasks such as radiology report summariza-
tion. By contrast, we show that it is important to
design domain-specific contrastive sets and offer a
general-purpose medical summarizer.

7 Conclusion

In this paper, we investigate faithfulness issues on
abstractive medical summarization in current sum-
marization models. We propose FAMESUMM con-
sisting of two fine-tuning objectives that can be
applied to mainstream pretrained language mod-
els across many datasets. Our results based on
automatic metrics and doctor evaluation show that
our method mitigates the faithfulness concern in
medical summarization and delivers state-of-the-art
performances on several benchmarks.

Limitations

Since FAMESUMM involves learning from con-
trastive summaries, it sets a relatively high require-
ment on GPU memory, which is a common draw-
back of existing contrastive learning framework.
For any dataset used for training, adding the con-
trastive learning component of FAMESUMM will
demand more memory than training without it. As
a result, the training batch size of FAMESUMM

may be set to a small value. For example, fine-
tuning Pegasus-large with FAMESUMM on RRS-
Indiana takes about 48GB memory using a training
batch size of 2. Note that FAMESUMM is more
efficient than many recent works such as Chen et al.
(2022) in terms of memory consumption and/or
other training requirements as described in Sec-
tion 1, and we never need to go beyond batch size
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of 4 for all experiments on FAMESUMM. Our code
supports multi-GPU training to allow users to try
larger batch sizes.

Ethics Statement

Improving the faithfulness of abstractive sum-
maries is an active research area. Although meth-
ods proposed in this work are shown to be effective
at reducing unfaithful errors in Section 5, com-
pletely eliminating these errors has not yet been
reached. Since unfaithful errors may still exist
in our model outputs, we emphasize that FAME-
SUMM is designed to be used under supervision
from at least one medical practitioner. This medi-
cal practitioner needs to check the faithfulness of
any summaries generated from FAMESUMM be-
fore providing them to patients in order to avoid
risks. We used detailed statistics as well as a case
study in Section 5 to showcase the performance of
FAMESUMM in terms of faithfulness.

All medical datasets used in this work were de-
identified before we accessed them.
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A Translation of Chinese Examples for
The Taxonomy of Faithfulness Errors

In Table 9, we provide English translation of the
Chinese texts in Table 1.

B Details of Constructing Medical
Dialogue Summarization Dataset

We follow Song et al. (2020) to construct our med-
ical dialogue summarization dataset. During web
crawling, we find that the URLs of all the dia-
logues on Chunyu-Doctor start with a common
part2. Most of the dialogues have summaries (type-
A summaries) that are concatenations of original
utterances from the doctors, and only a small group
of them contains summaries (type-B summaries)
written by the doctors that may have novel words.
We set the type-B summary as the reference sum-
mary and only collect the dialogues that contain
type-B summaries. A type-B summary is always
preceded by an identifier called “based on this
inquiry, the doctor updates the summary and sug-
gestion:”.

We look for URLs that start with the common
part described above, and we only download their
HTML pages if their source dialogues contain the
identifier of the type-B summary. Due to constant
changes of the URL of each dialogue on the plat-
form, we download its source HTML immediately
after we find it. Then, we scrape dialogue and sum-
mary from every HTML document collected and
discard the dialogues that have images or audio
inputs. We also throw away those that contain only
one utterance, because they are technically not con-
versations between two characters. Finally, some

2https://www.chunyuyisheng.com/pc/qa/
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Category Example (English Translation)

Entity Relationship
Source: Doctor: ...to test for mycoplasma antibodies and treat with erythromycin if the result is positive.
Prediction: receive IV therapy, you can

::
get

::::::::
checked

:::
for

::::::::::::
erythromycin at the hospital...

Entity
Source: Patient: I am a 17-year-old male, with a height of 176cm and a weight of 61.3kg...
Prediction:

:::
The

:::::::
patient

::::
with

::
a
::::::
height

::
of

::::::::
1717cm and a weight of 61.3kg...

Negation
Source: Patient: Can pneumoconiosis be detected during its latency period? (Male, 19 years old)

Doctor: Hello. It cannot be detected.
Prediction: Pneumoconiosis

:::
can be detected during its latency period.

Question
Source: Patient: Does it mean that if it’s not well controlled, it can also lead to cerebral palsy in the baby?
Prediction: If it’s not well controlled,

:
it
::::
can

::::
also

::::
lead

::
to

::::::::
cerebral

:::::
palsy

::
in

:::
the

::::::
baby.

Table 9: English translation of Chinese examples in Table 1. Words marked in
:::::
waves are the errors and those marked

in underlines are the evidence from the source to infer the errors.

patients ask follow-up questions after conversations
are summarized. We truncate these conversations
to ensure they only contain the parts before the
follow-up. Following these steps, we obtain 2251
dialogues with reference summaries. Our collected
data is anonymous.

After an exploratory analysis, we notice 2 things
to be completed for data cleaning. The first thing
is about the specificity of the reference summary.
Some reference summaries written by doctors are
not directly related to their source dialogue, so
we treat them as nonspecific templates. For ex-
ample, in a conversation about heart disease, a
summary like “please follow my account to ask
further questions” are not directly related to the
conversation. We need to filter out these nonspe-
cific summaries before training our model. Another
thing is to identify the medical concepts in the ref-
erence summaries, because we utilize these terms
for fine-tuning FAMESUMM. Any terms that refer
to disease names, treatment methods, drug names,
and biomedical vocabularies are considered as med-
ical concepts in this dataset. To maximize medical
term coverage, we recruit annotators who are na-
tive speakers of Chinese to manually tag medical
terms, because existing glossaries of Chinese medi-
cal terms do not fully cover those in our dataset. For
instance, although Unified Medical Language Sys-
tem (Bodenreider, 2004) and THU Open Chinese
Lexicon (Han et al., 2016) own large collections
of Chinese medical concepts, many drug names
from our dialogues such as “Yinaoning” (a Chinese
patent drug for the growth of brain) are not found
in this collection. Annotators are asked to evalu-
ate the specificity of each reference summary and
manually tag medical terms. Every dialogue comes
with 3 annotation questions:

1. Does the reference summary serve as a non-

specific template to its source conversation?

2. Are there any medical terms found in the sum-
mary but not in the dialogue?

3. Are there any medical terms found in both
summary and dialogue?

After the completion of annotation, we discard
the dialogues that have nonspecific templates as
summaries and consider the rest as our dataset for
dialogue summarization. Every dialogue in this
dataset comes with two sets of medical terms that
correspond to annotation questions 2 and 3. We
apply 70/15/15 random split on the collected data
to construct our dialogue summarization dataset.

C More Implementation Details

FAMESUMM relies on medical terms, and the def-
inition of medical terms or concepts depends on
the different ways we use to identify them. For
example, if the tool we use to tag them is Unified
Medical Language System (Bodenreider, 2004),
any named entity that has a CUI (Concept Unique
Identifier) or is an alias of another CUI-term is con-
sidered as a medical term. We also recruited human
annotators for the Chinese dialogue to do medical
term identification due to the lack of promising
tools. We do not align the difference of this defi-
nition, because our contributions are based on pro-
vided medical terms.

We perform grid search on the validation set of
each dataset for hyperparameters tuning. For RRS
(both Indiana and Stanford) and Chinese dialogue,
we tune hyperparameters on their validation sets
based on ROUGE scores. Because the validation data
of RRS is a combined set that comes from two dif-
ferent sources (the data distributions of training
and combined validation sets are similar but dif-
ferent), we train models of both RRS benchmarks
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using the same training set but a different valida-
tion set. Specifically, we use “validation Indiana”
for the Indiana benchmark and use the combined
validation set of RRS (“validation MIMIC” and
“validation Indiana”) for Stanford, since Stanford
does not come with its own validation data and we
hope a greater data variety would help in this case.

Hyperparameter tuning is more challenging on
HQS, since its training, development, and test sets
are all different in terms of summarization style
(He et al., 2021). Thus, we compute: (1) Rouge-2
between model output and source text of the vali-
dation set, and (2) string length of the source text
in validation divided by the string length of the out-
put. The weights of these two values are 1 and 0.5
respectively. We use their weighted sum to tune
hyperparameters for training and decoding.

D More Example Outputs from
FAMESUMM and Baselines

In Figure 3, we show two more examples of faith-
fulness improvement brought by FAMESUMM in
addition to the case study in Section 5.5. For the
two examples in HQS, we copy the source text (a
health question posted by a patient) and the outputs
from CLIFF, QFCL, GPT-3, and FAMESUMM. In
the first example, both CLIFF and QFCL misinter-
pret the source text and make faithfulness errors. In
the second example, GPT-3 makes an extraneous
fact error by mentioning “a skin infection caused by
staphylococcus bacteria” that is never asked in the
source. FAMESUMM shows strong capabilities of
protecting information integrity in both examples.

E Model Ensembling for HQS and RRS

We provide more ensembling details here. On HQS
benchmark, following the previous state-of-the-art
(He et al., 2021), we rerank four system outputs
(FAMESUMM fine-tuned with BioBART, T5, PE-
GASUS, and BART) based on three features: fi-
delity, consensus, and wellformedness. Computing
a weighted sum of the three features, we pick the
best summary from the four outputs for every test
instance. Since each of our single systems has
better performance as shown in Table 3, our ensem-
bling result achieves the new state-of-the-art.

On RRS-Indiana, the previous state-of-the-art
(Dai et al., 2021) fine-tuned 16 PEGASUS models
(with different seeds) on the union of training and
validation data and performed ensembling based
on mutual similarity scores among any two system

outputs. In contrast, we rerank the generated sum-
maries from 7 FAMESUMM (fine-tuned based on
PEGASUS with different hyperparameters) outputs
based on the observations from us and Dai et al.
(2021).

On RRS-Stanford, the previous state-of-the-art
(Dai et al., 2021) fine-tuned 16 PEGASUS (with
different seeds) on the training set with output nor-
malization. We reach better performance by just
using one FAMESUMM output. This FAMESUMM

model is the same model as the last row of Table 4,
except that length penalty parameter is additionally
tuned on the validation set in order to encourage
our model to generate longer output.

F Customization of Positive Sets for Each
Dataset

For HQS dataset, we apply rule (1), (2), and (4)
for sentence extraction. If the reference summary
of a training instance is placed into the positive
set, either (1) or (2) will be used in order to get
one more positive example. Otherwise, (1) or (2)
will be used to get the first positive example, and
(4) will be used to augment it to get the second.
For the experiment that places all references into
the positive sets, only (4) is utilized to augment a
reference summary to obtain the second positive
example.

For RRS dataset, we use the same way to build
positive sets as HQS.

For MDS dataset, we apply rule (1), (2), and (3)
for sentence extraction. All three rules are executed
to ensure we end up with at least two positive ex-
amples for each training instance. Rule (4) is not
used, since we do not find a comparable machine
translation tool for Chinese.

G Customization of Negative Sets for
Each Dataset

For HQS dataset, we use all the sentence manip-
ulation rules except logic inversion, since we find
that negation error is more popular in our Chinese
MDS dataset. For the experiment that places all
references into the positive sets, no reference sum-
maries will be placed into the negative set, so “refer-
ence summary failing faithfulness validation” will
also not be used.

Since RRS dataset is the largest one we use, we
choose not to use “changing attribute value”, entity
swap, and logic inversion to reduce training cost.
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Figure 3: Two more examples of improvement brought by FAMESUMM on HQS. We mark the faithfulness errors in
red.

Model FaR C F1 RL BERTScore

Joshi et al. (2020) 0.0619 32.53 19.99 0.6937
mT5 0.3973 37.26 32.80 0.7512

+CL 0.4133 37.50 32.99 0.7534
+MKI 0.4041 40.00 32.26 0.7497
+FAMESUMM 0.4264 38.24 33.28 0.7540

Table 10: Results for MDS based on a single seed.

For MDS dataset, we use all the sentence manip-
ulation rules except entity swap.

H Positive and Negative Unigrams Used
by Each Dataset

As a step towards building negative sets for our
Chinese dataset (MDS), we select “可以” and “不
可以” as the pair of positive and negative unigrams
to invert the logic of reference summaries. Their
English translations are “can” and “cannot” respec-
tively.

As a step towards incorporating medical knowl-
edge for our English datasets (HQS and RRS), we
select “no”, “nope”, “doesn’t”, “don’t”, and “not”
as the negative unigrams to model medical con-
cepts. As for our Chinese dataset (MDS), we select
“不”, “没有”, “无”, “没”, and “非” as the negative
unigrams. All these Chinese negative unigrams
mean “no” in English.

I Single-run Scores

Due to relatively unstable training dynamics, we
do not want to report “lucky” or “unlucky” scores

of models based on mT5. Therefore, in Table 5,
these models are fine-tuned three times with seed
values 42, 0, and 1. Note that all the models on
the held-out validation set present the same trend
as in Table 5 based on a single run (seed value
42), including Joshi et al. (2020). We report all
the single-run scores on the test set of MDS in
Table 10. It is clear to see that the trend is the
same as in Table 5 (e.g., MKI has the largest C F1,
and FAMESUMM has the best scores on all other
metrics), which reinforces our analysis.

J Hyperparameters

PEGASUS on HQS. The key hyperparameters
are learning rate, warmup steps, and training
batch size. Their values are 0.00005, 700, and 8
respectively.

CLIFF + PEGASUS on HQS. The key hyperpa-
rameters are learning rate, λCL, warmup steps, and
training batch size. Their values are 0.00003, 1.0,
600, and 4 respectively.

QFCL + PEGASUS on HQS. The key hyperpa-
rameters are learning rate, λCL, warmup steps, and
training batch size. Their values are 0.000025, 1.0,
600, and 4 respectively.

FAMESUMM (CL only) + PEGASUS on HQS.
The key hyperparameters are learning rate, λCL,
warmup steps, and training batch size. Their values
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are 0.00003, 1.0, 600, and 4 respectively.

FAMESUMM (All ref in P) + PEGASUS on
HQS. The key hyperparameters are learning rate,
λCL, λMKI, warmup steps, and training batch size.
Their values are 0.00004, 1.0, 0.001, 600, and 4
respectively.

FAMESUMM + PEGASUS on HQS. The key
hyperparameters are learning rate, λCL, λMKI,
warmup steps, and training batch size. Their values
are 0.00003, 1.0, 0.001, 600, and 4 respectively.

BART on HQS. The key hyperparameters are
learning rate, warmup steps, and training batch
size. Their values are 0.000045, 1000, and 2
respectively.

FAMESUMM + BART on HQS. The key hyper-
parameters are learning rate, λCL, λMKI, warmup
steps, and training batch size. Their values are
0.00003, 1.0, 0.0011, 1000, and 2 respectively.

T5 on HQS. The key hyperparameters are learning
rate, warmup steps, and training batch size. Their
values are 0.0004, 1700, and 2 respectively.

FAMESUMM + T5 on HQS. The key hyperparam-
eters are learning rate, λCL, λMKI, warmup steps,
and training batch size. Their values are 0.00055,
1.0, 0.0013, 1500, and 2 respectively.

BioBART on HQS. The key hyperparameters
are learning rate, warmup steps, and training
batch size. Their values are 0.00008, 0, and 2
respectively.

FAMESUMM + BioBART on HQS. The key
hyperparameters are learning rate, λCL, λMKI,
warmup steps, and training batch size. Their
values are 0.00003, 0.95, 0.0011, 1000, and 2
respectively.

PEGASUS on RRS-Indiana. The key hyper-
parameters are learning rate, warmup steps, and
training batch size. Their values are 0.00006, 0,
and 4 respectively.

FAMESUMM + PEGASUS on RRS-Indiana.
The key hyperparameters are learning rate, λCL,
λMKI, warmup steps, and training batch size.

Their values are 0.00006, 2.0, 0.0014, 0, and 2
respectively.

PEGASUS on RRS-Stanford. The key hyper-
parameters are learning rate, warmup steps, and
training batch size. Their values are 0.00006,
1000, and 4 respectively.

FAMESUMM + PEGASUS on RRS-Stanford.
The key hyperparameters are learning rate, λCL,
λMKI, warmup steps, and training batch size.
Their values are 0.00004, 0.8, 0.0014, 600, and 4
respectively.

Joshi et al. (2020) on MDS. The key hyperpa-
rameters are learning rate, λm (for magnitude of
medical concept modeling), λn (for magnitude of
negation modeling), δ (for controlling the strength
of generation probability), dimension of hidden
states, and dimension of input embeddings. Their
values are 0.15, 1.0, 0.1, 1.0, 256, 128 respectively.

mT5 on MDS. The key hyperparameters are
learning rate, warmup steps, and training batch
size. Their values are 0.00055, 1000, and 4
respectively.

CL + mT5 on MDS. The key hyperparameters
are learning rate, λCL, warmup steps, and training
batch size. Their values are 0.0005, 1.0, 1200, and
4 respectively.

MKI + mT5 on MDS. The key hyperparameters
are learning rate, λMKI, warmup steps, and training
batch size. Their values are 0.0005, 0.0014, 1200,
and 4 respectively.

FAMESUMM + mT5 on MDS. The key hyper-
parameters are learning rate, λCL, λMKI, warmup
steps, and training batch size. Their values are
0.0005, 1.0, 0.001, 1000, and 4 respectively.
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