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Abstract

Many large language models (LLMs) for
medicine have largely been evaluated on short
texts, and their ability to handle longer se-
quences such as a complete electronic health
record (EHR) has not been systematically ex-
plored. Assessing these models on long se-
quences is crucial since prior work in the gen-
eral domain has demonstrated performance
degradation of LLMs on longer texts. Moti-
vated by this, we introduce LONGBOX, a col-
lection of seven medical datasets in text-to-text
format, designed to investigate model perfor-
mance on long sequences. Preliminary exper-
iments reveal that both medical LLMs (e.g.,
BioGPT) and strong general domain LLMs
(e.g., FLAN-TS5) struggle on this benchmark.
We further evaluate two techniques designed
for long-sequence handling: (i) local-global at-
tention, and (ii) Fusion-in-Decoder (FiD). Our
results demonstrate mixed results with long-
sequence handling - while scores on some
datasets increase, there is substantial room for
improvement. We hope that LONGBOX facil-
itates the development of more effective long-

sequence techniques for the medical domain'.

1 Introduction

In recent years, the exponential increase in
machine-readable text in the medical domain such
as electronic health records (EHRs) has sparked a
growing interest in the development of pretrained
medical language models (Lewis et al., 2020). Over
the years, many large language models (LLMs)
have been developed in these domains such as
BioGPT (Luo et al., 2022), BioMedLM (Venigalla
et al., 2022), GatorTRONGPT (Peng et al., 2023)
and MedPalLM (Singhal et al., 2022). These LLMs
have been evaluated on a wide range of medical

tasks, but most tasks have only involved short texts.

Many real-world medical tasks on the other hand

"Data and source code are available at <anonymous link>

require models to make predictions from longer
texts, such as a summary from a patient visit or
a series of EHRs for a patient, hence evaluating
performance on longer texts is crucial. While this
problem has been tackled in the general domain
(Shaham et al., 2022; Tay et al., 2021), model abil-
ity to handle long sequences in the clinical domain
is under-explored (More related work in App. A).

To tackle this, we propose LONGBOX, a col-
lection of seven carefully-curated clinical datasets,
which can measure performance of models on long
sequences, converted to a unified text-to-text for-
mat. LONGBOX incorporates three task types:
text classification, relation extraction and multi-
label classification, and several types of clinical
inputs such as discharge summaries and longitu-
dinal records. Most importantly, for all datasets,
input texts typically contains thousands of words.

We first benchmark the performance of widely
used high-performing LLMs on LONGBOX from
general domain: LLaMA-2 (Touvron et al., 2023),
GPT-Neo (Black et al., 2022), FLAN-T5 (Chung
et al., 2022) and from medical domain: SciFive
(Phan et al., 2021), In-BoXBART (Parmar et al.,
2022), Clinical-T5 (Lu et al., 2022), BioGPT (Luo
et al., 2022), and BioMedLM (Venigalla et al.,
2022). Our results reveal that these models strug-
gle on all datasets from LONGBOX achieving an
average score of ~ 52%. Next we evaluate two
long sequence techniques that have shown promise
in the general domain: (i) local-global attention
(e.g., LongT5 (Guo et al., 2022)), and (ii) Fusion-
in-Decoder (FiD) (Izacard and Grave, 2021) (w/
SciFive and Clinical-T5). These methods achieve
mixed results on LONGBOX, further highlighting
the need for our benchmark. We further evaluate
two long sequence clinical models, i.e., Clinical-
Longformer and Clinical-BigBird (results are dis-
cussed in App. D). We hope LONGBOX facilitates
the development of better long sequence handling
techniques for medical text.



| Document | # of Samples | Avg. Max.
Dataset Types Tokens |, Tokens
| YP® | Train | Val | Test | |
Smoking 2006 DS 358 40 104 1251.98 3858
Obesity 2008 DS 11552 805 7239 1920.47 4494
Assertions 2010 DS, PR 7073 1259 | 11013 | 2237.40 5805
Temporal RE DS 31513 | 2554 | 22643 | 1245.68 2866
RFHD 2014 LR 4243 280 2516 1194.14 4660
Cohort Selection LR 2626 1118 1118 6970.14 25637
ADE 2018 DS 36348 | 2346 | 20593 | 4356.43 11632

Table 1: An overview of document types used to create the dataset, along with a statistical analysis of each dataset.
DS: Discharge Summaries, PR: Progress Reports, LR: Longitudinal Records
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Figure 1: Cumulative distributions of input token

lengths for all LONGBOX datasets.

2 LongBoX

LONGBOX contains seven clinical datasets curated
from n2c2 NLP Research collection?:(1) Smoking
Challenge 2006 (Uzuner et al., 2008), (2) Obe-
sity Challenge 2008 (Uzuner, 2009), (3) Assertions
Challenge 2010 (Uzuner et al., 2011), (4) Tempo-
ral Relations 2012 (Sun et al., 2013), (5) Heart
Disease 2014 (Kumar et al., 2015), (6) Cohort Se-
lection 2018 (Stubbs et al., 2019), and (7) Adverse
Drug Events (ADE) 2018 (Henry et al., 2020). Ta-
ble 1 presents the type of input text, dataset splits,
and token length statistics for each dataset, with
further details in Appendix B.

2.1 Qualitative Analysis

Length Analysis: Table 1 presents the average
and maximum input token lengths of test sets per
dataset after tokenization with the RoOBERTa-large
tokenizer, which range from 1194-6970 and 2866-
25637 respectively. Additionally, Figure 1 displays
cumulative distributions of input token lengths for
each dataset (cut off at 8% for visibility) - given a

thtps://portal.dbmi.hms.harvard.edu/projects/
n2c2-nlp/

RoBERTa
8000

[Z4 BioMedLM [ GatorTron

6000

4000

RETE T

e(‘\ovs o‘?’ ?3\0 (,0‘(\0(‘ P@(c
6

Avg. Token Length

e‘—’\’d

A9
oF o

2N

Figure 2: Average token length comparison between
GatorTron and RoBERTa for all LONGBOX datasets.

token length x, the Y-axis indicates the proportion
of inputs in the test set with token length < z.
Despite considerable variation across datasets, the
maximum token limit for most LLMs (1024) is
within 40" percentile range for most datasets, and
most of instances in each dataset exceed 3% tokens.

Comparing input lengths under domain-
specific tokenizers (RoOBERTa, BioMedLM, and
GatorTron): To assess whether clinical tokeniz-
ers significantly reduce text lengths over general
domain tokenizers, we compare text lengths post
tokenization by GatorTron (clinically-tailored),
BioMedLLM (biomedically-tailored) and RoBERTa
(general domain). We tokenize test sets of all
datasets using these three tokenizers. Figure 2
presents average token lengths for the test set of
each dataset (on the X -axis) from LONGBOX. It is
evident that the clinical tokenizer generates shorter
token lengths compared to the biomedical and gen-
eral domain tokenizers, though differences are of-
ten small. We also observe that average token
lengths for biomedical vs. general tokenizer are
nearly similar. Notably, difference between average
token lengths for clinical vs. biomedical or general
tokenizers becomes larger as input length increases,
particularly observed in cohort selection.


https://portal.dbmi.hms.harvard.edu/projects/n2c2-nlp/
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| Enc. + Dec. Models | Dec. Models
Dataset | "FLAN-TS | In-BoXBART | SciFive | Clinical-TS | GPT-Neo | BioGPT | BioMedLM | LLaMA-2

Smoking 2006 55.77 58.65 60.58 64.41 3.85 56.73 2.89 38.46
Obesity 2008 68.28 71.86 71.86 70.55 51.50 3321 71.86 84.78
Assertions 2010 | 68.86 67.95 67.83 68.17 61.07 63.77 67.83 73.09
Temporal RE 56.53 5636 56.03 56.27 38.10 10.75 37.29 54.22
RFHD 2014 64.99 66.64 64.58 65.57 58.59 11.34 44.34 74.76
Cohort Selection | 45.53 41.67 41.05 47.41 51.23 53.43 58.95 47.41
ADE 2018 19.07 17.62 19.22 18.56 9.70 4.96 8.79 23.97

Table 2: Performance of Enc. + Dec. and Dec. models on LONGBOX. All results are presented in %.

3 Experiments and Results

3.1 Experimental Setup

Models: We benchmark eight models from two
architecture families: (i) four Encoder (Enc.) +
Decoder (Dec.) models (FLAN-T5-Large from
general domain; SciFive-Large, In-BoxBART, and
Clinical-T5-Large from medical domain), and (ii)
four Decoder (Dec.) only models (LLaMA-2-7B
and GPT-Neo-1.3B from general domain; BioGPT-
1.5B and BioMedLLM-2.7B from medical domain).
In addition, we evaluate two long sequence models.
The first one is LongT5-Large, which enables a
T5 encoder (Raffel et al., 2020) to more efficiently
handle long sequences by leveraging local-global
attention sparsity patterns. The second is Fusion-
in-Decoder (FiD), which breaks each input into
smaller chunks, encodes them using an encoder-
decoder model and then fuses encoded chunks in
the decoder while generating output. We experi-
ment with both SciFive and Clinical-T5 as the base
encoder-decoder models for FiD.

Experimental Details: For all the models, we re-
framed all the datasets as text generation tasks and
provide every (input, output) pair in text-to-text for-
mat. However, when training Dec. models using
this setting (except for LLaMA-2), we observe poor
performance in majority cases on classification and
relation extraction - they either produce malformed
labels or just generate continuations for the input
text instead of generating the output label. While
we did not investigate this deeper, this indicates
that long inputs might be particularly problematic
for Dec. models. Based on these observations,
we further investigate a different setup for Dec.
models (except LLaMA-2 since it achieves good
performance in above setting) on these tasks: the
final prediction is made by first encoding the in-
put, then applying a classification head to the last
token. Results are presented in Appendix C. All
Enc.4 Dec. and Dec. models have an input length
of 1024 tokens, while LongT5 and FiD are evalu-

ated with three different token lengths: 2048, 3072,
and 4096. More details are presented in App. E.
Metrics: For all classification and relation extrac-
tion tasks in LONGBOX, we report performance
using the Accuracy metric. However, for RFHD
2014, which is the only dataset for multi-label clas-
sification, we use the Fj-score metric. For Dec.
models, we report lenient accuracy for all tasks,
which post-processes predictions to exclude any un-
necessary text generated aside from the predicted
label to determine the final accuracy.

3.2 Results

Table 2 presents the performance of all general and
medical domain LLMs (baseline models) bench-
marked on LONGBOX, while Tables 3 and 4 show
the performance of the two long sequence tech-
niques we test.

Baseline Models: Table 2 shows that overall, av-
erage performance of all benchmarked models on
LONGBOX is low (~ 52%). Among Enc. + Dec.
models, medical LLMs generally outperform gen-
eral domain models on most datasets (five of seven),
and are competitive with each other. For Dec. only
models, we see the reverse - LLaMA-2 outperforms
medical LLMs on most datasets (five of seven). We
also observe that all models consistently exhibit
lower scores on datasets with higher input lengths
such as ADE 2018 and Cohort Selection (see Table
1 for lengths), indicating that long input techniques
could help. Lastly, as model size increases, we see
that capability to handle longer texts improves; for
instance LLaMA-2 (7B) improves results on five of
seven datasets, compared to other models (<2.7B).
Long Sequence Techniques: From Table 3 and
Table 4, we see that adding more input context pro-
vides mixed results - only improving performance
over baseline models on some datasets. We also
observe that performance on many datasets contin-
ues to improve with increasing input length (from
2048 to 4096 tokens). We further qualitatively
analyze the mixed performance of long sequence



FiD (w/SciFive) FiD (w/ClinicalT5)

Dataset 248 | 302 | 409 2048 | 3072 | 409
Smoking 2006 | 60.26 032% | 62.03 1:45% % | 64.423.84% % | 56.73 353% 1 | 60.58 1:45% | 60.58 3:84% )
Obesity 2008 | 64.82 7.04% § | 71.320.54% ) | 73.151:29% % | 64.36 046% 4 | 73.001.68% 1 | 74.20 1.05% 1

Assertions 2010 | 67.14 0:69% | 66.950:88% | 66.71 1:12% | 66.71 0:43% 3 | 66.920:03%§ | 67.06 0.35% 1
Temporal RE | 58.812.78% 1 | 60.17 4.14% 1 | 6321 7.18%% | 58.37044% ) | 60.530.36% 1 | 63.79 0.58% %
RFHD 2014 | 70.655.98% 1 | 76.16 11.6% 1 | 78.60 14.0% 1 | 60.65 100% | 65.46 107% | 68.76 9.84% |
Cohort Selection | 48.66 7.61% % | 46.875.82% 1 | 44.28323% 1 | 48.120:54% ) | 46.51036% ] | 46.332.23% 1
ADE2018 | 17.58 [i64% Y | 29.159.93% 1 | 46.9427.9% % | 17.730.15% % | 29.36021% | | 47.070.13% 1

Table 3: Performance of long document techniques, FiD (w/SciFive) and FiD (w/ClinicalT5), on LONGB0OX. All
results are presented in %. Green indicates improvement and red indicates degradation in performance comparison
between the SciFive vs. FiD (w/SciFive) and FiD (w/ClinicalT5) vs. FiD (w/SciFive).

| LongT5
Dataset \"™"ooa8 | 3072 4096

Smoking 2006 | 53.85 10:6% | 58.655:76% | 55.77 8:64%
Obesity 2008 | 71.870.01% % | 76.794.93% % | 77.73 5.87% 1
Assertions 2010 | 67.85 101%) | 68.070:79% | 67.76 1:10% ]
Temporal RE | 60.73420% 1 | 57.96 1.43% % | 72.89 15.4% %
RFHD 2014 | 45.07 21i6% ) | 45.32213% ) | 44.44222%
Cohort Selection | 56.350.54% % | 57.7010.1%% | 48.30 0.63% 1
ADE2018 | 18.12010% | 17.831:39% | 46.58 27.4% 1

Table 4: Performance of long document technique
LongT5 on LONGBOX. All results are presented in %.
Green indicates improvement and red indicates degra-
dation in performance compared to the best performing
Enc. + Dec. model from Table 2.

techniques.

Clinical vs Biomedical Base Models for FiD: Ta-
ble 3 shows that clinical pretraining shows marginal
improvements over using FiD with a biomedical
base model on some datasets with the largest in-
put token length (4096). We also observe that FiD
(w/ClinicalT5) shows mixed performance on many
datasets for 2048 and 3072 input token lengths.

3.3 Qualitative Analysis

Why is LONGBOX difficult for long document
models? We first perform a qualitative error anal-
ysis on one dataset on which long input techniques
provide no improvement over baselines: cohort se-
lection. We randomly sample 50 cases which both
techniques get wrong and observe three categories
of errors. The first one is caused due to very few
and/or late occurrences (i.e., outside our maximum
length of 4096 tokens) of informative cues needed
for the task. The second one stems from a lack of
awareness of EHR document structure (e.g., fam-
ily history does not contain conditions present in
current patient) or ability to deal with longitudinal
records (e.g., later test results override earlier ones).

The third category is not caused due to input length,
but rather consists of errors caused by the presence
of comorbidities, similar symptoms, etc., which
require precise clinical inference.

Why do models lag behind human performance?
Despite mixed results, long document techniques
do improve perfomance on some datasets, but lag
behind human performance. We analyze 50 ran-
domly sampled error cases from one dataset (obe-
sity 2008) and observe the same three error cate-
gories, with ~80% errors falling into the third cat-
egory (requiring precise clinical inference). This
indicate two potential avenues to push performance
on LONGBOX: (i) exploring relevant sentence se-
lection in addition to increased context length, and
(i1) developing pretraining/finetuning techniques to
equip models with the ability to handle document
structure and longitudinality.

4 Conclusions

We introduced LONGBOX, a collection of seven
carefully curated clinical datasets, aimed to com-
prehensively and systematically investigate perfor-
mance of clinical LMs on long texts. LONGB0OX
covers three task types: text classification, rela-
tion extraction and multi-label classification and
various input types like longitudinal records and
discharge summaries. We benchmark the perfor-
mance of eight general and medical domains LLMs
on LONGBOX, and show that they do not achieve
good performance. We also investigate two long
sequence techniques and our results reveal that
though these methods provide some benefit, there is
substantial room for improvement. We believe that
LONGBOX can serve as an important benchmark
for developing long sequence techniques tailored
to the clinical domain.



Limitations

Currently, LONGBOX is limited in terms of task
variety since it primarily consists of different types
of classification tasks. This is largely because it is
challenging to find shareable datasets across vari-
ous task types in the clinical domain, but we plan
to further increase task variety in this benchmark.
Additionally, we hope to expand our analysis to in-
clude the most recent large language models such
as GPT-4 and ChatGPT on LONGBOX. Our ob-
servation that existing long document models still
struggle on LONGBOX, also suggests that it may
be interesting to conduct detailed analysis of differ-
ent aspects such as model understanding of clinical
document structure and better clinical tokenization,
which we have left to future work.
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A Related Work

Prior work in the general domain has developed
benchmarks to evaluate the ability of transformer-
based models to handle long sequence tasks (Tay
et al., 2021; Shaham et al., 2022). These bench-
marks motivated the design of several techniques
capable of handling long input sequences (see
Dong et al. (2023); Tay et al. (2022); Fournier
et al. (2021) for detailed surveys), which can
broadly be divided into two categories: (i)
architecture-focused approaches (e.g., developing
sparse or hierarchical attention mechanisms), and
(ii) data-focused approaches (e.g., chunking or sub-
selecting input). However, most of these methods
have not been systematically and broadly tested in
the clinical domain due to the lack of a comprehen-
sive benchmark which we try to address.

In the clinical domain, some prior work has
explored architecture-focused long document ap-
proaches (Si and Roberts, 2021; Li et al., 2022;
Cahyawijaya et al., 2022), however, their evalua-
tion is limited to a handful of tasks. LONGBOX,
on the other hand, covers a broad range of tasks
and datasets in the clinical domain with longer in-
put token lengths (> 5k in many cases) for more
comprehensive and systematic evaluation.

B Benchmark Details

We provide a comprehensive overview of all
datasets in LONGBOX, along with descriptions of
diverse document types that were annotated to cre-
ate these datasets.

B.0.1 Document Types

Discharge Summaries are clinical notes contain-
ing details about why a person was admitted, di-
agnosis, medical regimen and response to their di-
agnosis, medical condition at discharge time, and
after discharge care such as medications to continue
at home (Kind and Smith, 2008). These summaries
are in long text format but often not organized.

Progress Reports are clinical documents that
form the basis of the next plan of treatment. They
consist of assessment, diagnosis, planning, inter-
vention, and evaluation sections.

Longitudinal Records are clinical documents
that aggregate information from various sources in
the health care system.

B.0.2 Dataset Overview

Smoking 2006 (Uzuner et al., 2008): Given dis-
charge summaries for patients, the task is to cat-
egorize the smoking status of a patient into: (1)
Past Smoker, (2) Current Smoker, (3) Smoker, (4)
Non-Smoker, and (5) Unknown. This dataset was
released as part of the n2¢2 challenge in 2006.

Obesity 2008 (Uzuner, 2009): Based on dis-
charge summaries, the task is to determine the pres-
ence of 15 different diseases such as asthma, and
diabetes, which are potential indicators of obesity.
The goal here is to categorize the presence of dis-
ease into: (1) Present, (2) Absent, (3) Questionable,
and (4) Unmentioned. This dataset was released as
part of the n2c2 challenge in 2008.

Assertions 2010 (Uzuner et al., 2011): Given
discharge summaries as well as progress reports
of patients, the task is to classify the occurrence
of a concept into 6 categories: (1) Present, (2) Ab-
sent, (3) Hypothetical, (4) Possible, (5) Associated
with someone else, and (6) Conditional. The con-
cept can be medical problems, treatments, and tests.
This dataset was released as part of the n2¢2 chal-
lenge in 2010.

Temporal Relations 2012 (Sun et al., 2013): The
dataset consists of discharge summaries. Given a
clinically significant event and time entity, the task
is to find the type of relationship between them -
BEFORE (event happens before given temporal ex-
pression), AFTER (event happens after given tem-
poral expression), SIMULTANEOUS (event hap-
pens on given temporal expression), OVERLAP
(event overlaps with temporal expression), BE-
GUN_BY (event started on given temporal expres-
sion), ENDED_BY (event ended on given temporal
expression), DURING (event happens during given
temporal expression), and BEFORE_OVERLAP
(event started before and lasts during given tempo-
ral expression). This dataset was released as part
of the n2c2 challenge in 2012.

Heart Disease 2014 (Kumar et al., 2015): This
dataset consists of longitudinal medical records.
The task here is to find indicators of a given condi-
tion in the text and classify them into "Present" and
"Not present”. For instance, the indicator for Di-
abetes can be different aspects such as the patient
mentioning having diabetes, high glucose, and high
HBAIc levels. This dataset was released as part of
the n2c2 challenge in 2014.



D | RoBERTa |  Clinical-Longformer | Clinical-BigBird
ataset
| 512 | 2048 | 3072 | 4096 | 2048 | 3072 | 4096
Smoking 2006 61.54 63.46 56.73 59.62 78.85 80.77 82.69
Obesity 2008 71.86* 71.86* | 71.86* | 71.86* | 71.86* | 71.86* | 71.86*
Assertions 2010 67.84%* 72.52 67.84%* 75.00 67.84*% | 67.84* 77.46
Temporal RE 54.01%* 54.01* | 54.01* | 54.01* 55.75 54.01%* 58.3
Cohort Selection 58.95% 58.95% 56.08 58.95*% | 58.95* | 58.95%* 57.87
ADE 2018 17.65%* 17.65*% | 17.65* 18.01 17.65* | 17.65* | 17.65*

Table 5: Performance of RoOBERTa-large, Clinical-Longformer, and Clinical-BigBird models on LONGBO0OX. All
results are presented in %. * denotes that the model has only generated labels corresponding to the majority classes.

Cohort Selection (Stubbs et al., 2019): In this
dataset, the goal is to classify whether a patient
meets or does not meet specific criteria for partici-
pation in clinical trials. Clinical trials have certain
criteria for including a patient in the trial group.
The dataset includes 13 defined criteria such as
MAJOR-DIABETES (Major diabetes-related com-
plication), ALCOHOL-ABUSE (Current alcohol
use over weekly recommended limits), and EN-
GLISH (Patient must speak English). This dataset
was released as part of the n2c2 challenge in 2018.

ADE 2018 (Henry et al., 2020): Given discharge
summaries, the task here is to classify the rela-
tionship between a drug and another related en-
tity such as Strength-Drug (e.g., 20mg), Dosage-
Drug (e.g., 1 tab per day), Duration-Drug (e.g., 5-
day course), Frequency-Drug (e.g., every 4-6 hrs),
Form-Drug (e.g., tablet, capsule), Route-Drug (e.g.,
intraperitoneal, IM), Reason-Drug (reason/disease
for which the medication is prescribed), and ADE-
Drug (side effect caused by the drug). This was
another dataset released as part of the n2c2 chal-
lenge in 2018.

C Additional Results - Dec. Models

In this section, we provide results for our further
investigation on a different setup for Dec. models
on LONGBOX: the final prediction is made by first
encoding the input, then applying a classification
head to the last token. Results are presented in
Table 6. From the Table 6, it is evident that apply-
ing a classification head to the last token improve
the model performances in majority tasks by large
margin.

D Additional Results - Long Sequence
Clinical Models

In this section, we present an evaluation of long se-
quence clinical models - Clinical LongFormer and

Dataset | GPT-Neo | BioGPT | BioMedLM
Smoking 2006 58.6554.8% 1 59.622.89% 1 50.5847.69% 1t
Obesity 2008 73.0821.58% 1 | 71.8638.65% t 71.750.11% |

Assertions 2010 70.879.8% t 67.633.86% 1 66.011.82% |
Temporal RE 46.378.27% t 48.5437.79% 1 | 48.9611.67% 1
RFHD 2014 34.1324.46% | 2.98.44% | 33.9810.36% 1
Cohort Selection 55.90 4.67% 1 51.521.91% | 46.6012.35% |
ADE 2018 21.9512.25% 1 17.4612.5% 1 17.298.5% 1

Table 6: Comparison of different approach for Dec.
models on LONGBOX w.r.t. Table 2. All results are
presented in %.

Clinical BigBird (Li et al., 2022). Given that these
models are based on the ROBERTa encoder-only
architecture, we compare their performance against
the RoBERTa-large model. It’s well-known that
smaller models are susceptible to class imbalance,
and our findings reflect this trend: in the majority
of cases, these models predominantly predict la-
bels corresponding to the majority class only. Our
evaluation specifically focuses on single-label tasks
within the LONGBOX. As our primary objective is
to assess these models on the LONGBOX and em-
phasize the necessity of our benchmark, we intend
to conduct further experiments aimed at enhancing
their performance in future.

E Additional Experimental Setup

For better comparability, we use the same hyperpa-
rameter settings for all runs: training is run for 3
epochs, with a batch size of 32 and an initial learn-
ing rate of 5e-5. The experiments were conducted
on A6000 and A100 NVIDIA GPUs.
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