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ABSTRACT

The ability to allow developers to share their source code and col-
laborate on software projects has made GitHub a widely used open
source platform. Each repository in GitHub is generally equipped
with a README.MDfile to exhibit an overview of themain function-
alities. Nevertheless, while offering useful information, README.MD
is usually lengthy, requiring time and effort to read and comprehend.
Thus, besides README.MD, GitHub also allows its users to add a
short description called “About,” giving a brief but informative sum-
mary about the repository. This enables visitors to quickly grasp
the main content and decide whether to continue reading. Unfortu-
nately, due to various reasons–not excluding laziness–oftentimes
this field is left blank by developers.

This paper proposes GitSum as a novel approach to the summa-
rization of README.MD. GitSum is built on top of BART and T5,
two cutting-edge deep learning techniques, learning from existing
data to perform recommendations for repositories with a missing
description. We test its performance using two datasets collected
from GitHub. The evaluation shows that GitSum can generate
relevant predictions, outperforming a well-established baseline.
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1 INTRODUCTION

GitHub is the largest open source software store, where themajority
of projects are publicly shared with the world, free of charge [4].
Each GitHub repository has one or more README.MD files to
provide basic information about the repository, e.g., instructions,
help, or details about updates, to name a few. Such a file is presented
in the Markdown format to display information in an intuitive
way. A well-written README.MD is an important component,
allowing GitHub visitors to grasp the scope of a repository. In fact,
README.MD is usually the first item that visitors consider when
it comes to becoming acquainted with a repository [18].

By large-scale projects, where there are several software artifacts
and components, the amount of information that a README.MD
file needs to convey is large, and thus making it become very
lengthy, requiring much efforts to read and understand. Altogether,
this may discourage visitors from continuing with the respository.
Therefore, apart from README.MD, GitHub also allows its users to
add a short description called “About” to each repository, offering
a succinct summary of the main functionalities. Fig. 1 shows an
example with the DeepSpeed repository, seen from the Microsoft’s
GitHub frontpage.1 Apart from information related to the number
of forks, stars, there is also a short description, which is actually
the “About” field, describing the main functionalities. Thanks to
this, developers–especially first-time visitors–could gain a quick
orientation to browse the source code, without looking into the
corresponding README.MD, which resides behind the frontpage.

Figure 1: The DeepSpeed repository.

Nonetheless, in reality the “About” field is usually left unfilled
by developers, possibly due to laziness. Fig 2 shows a repository
as our motivating example. This repository contains the source
code of the N4JS project2 which is a general-purpose programming
language based on ECMAScript, supporting static type systems for
1DeepSpeed is a project developed by Microsoft https://github.com/microsoft/
DeepSpeed
2https://github.com/eclipse/n4js
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(a) The introduction (b) Blank description (About)

Figure 2: The N4JS repository.

JavaScript applications. More specifically, Fig 2(a) shows part of its
README.MD, and Fig 2(b) visualizes its structure in directory for-
mat. With around 1.8 millions lines of code, N4JS is a large project,
resulting in a big README.MD to compose all effective informa-
tion. However, as seen in Fig 2(b), no description is provided in the
“About” section (the blue frame). The example suggests the need to
automatically generate a short “About” description for a repository.
Prior work has focused on summarization for other artifacts such
as code [1, 27], issues [30], bug reports [5], pull requests [10, 19],
but none of them has tried to generate “About” descriptions.

We propose GitSum, a workable solution to the summarization
of README.MD files for GitHub repositories. GitSum is built on
top of BART [14] and T5 [26], two pre-trained models that have
shown superiority in several summarization tasks [28]. To the best
of our knowledge, GitSum is the first approach to offer this kind of

recommendations. Thus, our contributions are summarized below:
• We introduce GitSum as a novel approach to the summa-
rization of README.MD, providing a brief but informative
description of the repository under consideration.

• We perform an empirical evaluation on two datasets consist-
ing of GitHub open-source projects.

• The datasets collected and the tool developed through this
paper are made available to facilitate future research.3

2 RELATEDWORK

This section reviews related studies which address the emerging
summarization problems, including those in software engineering,
i.e., generation of release notes, issue titles, and post titles.

2.1 Text summarization

Summarization has been conceived as an effective means to gener-
ate a shorter but informative summary from long pieces of text [14,
26]. There are two main types of approaches in automatic text sum-
marization, namely extractive summarization and abstractive sum-
marization. The former involves selecting important keyphrases
from the original text and combining them to produce a summary
without generating any new text. With various algorithms being
proposed, the main tasks have been effectively resolved, including
intermediate representation, sentence score, and summary sentence
selection [24]. Meanwhile, the latter entails more deep understand-
ing of the document, which could offer a realistic summary by
employing paraphrasing sentences or new text generation [3, 24].

Extractive summarization has become a trendy research topic
with a high level of maturity [9]. Starting with initial ideas based

3https://github.com/MDEGroup/GitSum/

on scoring sentences [6, 25], various approaches with the help of
neural networks recently have been proposed that show impressive
results [2, 21]. Now the community has shifted towards abstractive
summarization which requires deeper analysis of the input text in
order to generate a more human-like summary [9, 11, 13, 20, 29].

In this work, we formulate the generation of descriptions from
README.MD as an abstractive summarization task. We aim to
produce realistic and useful summaries for GitHub repositories.

2.2 Summarization in Software Engineering

Recently, the SE community has deployed summarization in dif-
ferent tasks. Chen et al. [5] proposed iTAPE, an approach to the
generation of high-quality titles for issues on GitHub, exploiting
one-sentence summarization. Hao et al. [16] developed a quality
prediction-based filter TitleGen-FL including the deep learning-
based (DL) module and the information retrieval-based (IR) module.
This filter can predict whether the method iTAPE can generate a
high-quality title by analyzing the issue body.

Moreno et al. developed ARENA [22, 23], an approach for the
automatic generation of release notes that combines in a unique
way source code analysis, code summarization techniques, and
information from versioning systems and issue trackers. The ob-
tained results indicate that ARENA is effective in producing helpful
release notes, as considered by professional developers. With a dif-
ferent direction, a recent study [12] introduced an approach named
DeepRelease to generate release notes according to pull requests.
The approach exploits useful information from pull requests, and
then summarizes change entries in release notes effectively.

Studies have been conducted to generate titles for Stack Overflow
posts. Gao et al. [8] were the first to automatically generate a post
title according to a specific code snippet, implementing a tool named
Code2Que which employs a sequence-to-sequence model as their
backbone model. Liu et al. [17] considered both modalities (code
snippet and problem description) in their work. They proposed
SOTitle, which is fine-tuned based on the pre-trained transformer
language model T5. The experimental results showed that SOTitle
outperforms various baselines including Code2Que.

README.MD contains important information about source code,
and it could scale dramatically with large-scale projects. As no
studies have tackled the issue of README.MD summarization, we
conduct this work with the aim of helping developers quickly catch
up with a GitHub repository by means of a succinct summary.

3 PROPOSED APPROACH

The workflow of our GitSum is presented in Fig 3, including three
main phases, i.e., Data Collecting, Summarizing, and Generating &
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Evaluating. Firstly, README.MD data is fetched from real open-
source projects in GitHub by means of the Data Collecting phase.
After that, the data is pre-processed and fed to the selected pre-
trainedmodel for further training in the Summarizing phase. Finally,
summaries for elements in test dataset are generated, and evaluated.

Generating & EvaluatingSummarizing

Data Collecting

BART

README.MD
and description

Training
data 

Testing
data

ROUGE
Scores

Generate

README.MD
Remove

description

Generated
description

Ground-truth
description

Evaluate
SplitFetch data

Train

1

2

3

T5

Figure 3: The GitSum workflow.

3.1 Data collecting

The extraction of data from GitHub repositories can be done in dif-
ferent ways, including GitHub API, GitHub snapshots, and GitHub
GraphQL. We opted for GitHub GraphQL API to crawl reposito-
ries to provide input for the evaluation, as it offers a more flexible,
efficient, and robust way of querying data compared to the other
alternatives. GraphQL API allows for a strongly typed schema that
defines the available data and the relationships between the data.
A search query can be executed to perform a repository search on
GitHub using GraphQL. The search facility requires three parame-
ters, including a query to search for, the type of entity to search for,
and the number of requested results (max 100).

Listing 1: Search parameters.

query:"topic:'<featured -topic >' stars:>500'# Introduction
' in:readme", type: Repository, first:100

As shown in Listing 1, we considered repositories with more than
500 stars to avoid toy or dummy ones. Since the GitHub Search
API provides up to 1,000 search items, we used a python script
to perform searches iteratively by varying the topics query ele-
ment. Those topics are extracted for GitHub featured-topic list.4
The script iterates among the result pages if needed. Because we
are interested in summarizing README.MD files, we restrict the
results to repositories that include structured README.MD files.
The response to this query contains information about the reposito-
ries that match the search criteria, such as their name, description,
number of stargazers, and the login of the repository owner.

3.2 Summarizing

▷ BART. This is a standard sequence-to-sequence Transformer
architecture developed by Lewis et al. [14]. Built on top an encoder-
decoder architecture, BART has demonstrated its ability to achieve
state-of-the-art (SOTA) results in several summarization tasks. Fur-
thermore, it was fine-tuned as standard Seq2Seq models in order to
provide a quick solution for various sequence-to-sequence learning
problems. It can be considered as generalizing BERT (due to the
bidirectional encoder), GPT (with the left-to-right decoder), and
many other more recent pretraining schemes. But following GPT,
GELU is used as the activate function in BART instead of ReLU.
4https://github.com/topics

▷ T5. Text-to-Text-Transfer-Transformer (T5) was firstly intro-
duced by Raffel et al. [26], and it becomes one of the state-of-the-
art pre-trained models, which has shown to obtain a promising
performance in solving NLP tasks. T5 is based on a Transformer
architecture using a text-to-text approach as its input and output
are always presented in text strings, and trained in a high quality
pre-processed English corpus with 700GB in size [26]. T5 is pre-
trained with the same objective to BERT [7], following the concepts
of Masked Language Models. Masked Language Models are Bidi-
rectional models in which the representation of a word is derived
from both the left and the right of its context.

Table 1: Details of the base BART and T5.

Pre-trained model BART T5

Development team Facebook Google
# encoder-decoder layers 6 12
Embedding size 1,024 512
Beam size 4 4
Length penalty 1.0 1.0
# parameters 140M 220M

In this implementation, we adopted T5 and the base version of
BART as the classification engine. We set all the hyper-parameters
values as the default configuration. Details about the BART and T5
recommendation engines are depicted in Table 1. We continuously
trained on README.MD files and their descriptions. For every
README.MD and its description in the training dataset that could
be considered as a pair of source sequence and target sequence,
they are tokenized into token vectors by using the tokenizier going
along with each pre-trained model. Afterward, the achieved token
vectors of the source sequence and the target sequence are fed to
the models to update weights.5

3.3 Generating & Evaluating

In this phase, the model is used to the prediction engine, which
has been trained with several training repositories. README.MD
files of testing repositories are used as input to generate summaries.
The real label of each testing instance is removed to use as ground-
truth data. The generated summaries are then compared with the
real ones in the ground-truth data to evaluate the performance.
In reality, GitSum should be trained with a lot of repositories to
provide predictions for those without any “About” description.

4 EVALUATION

This section describes the methods and materials used to conduct
an empirical evaluation on GitSum.

4.1 Research questions

We consider the following research questions:
▷ RQ1:Which technique between BART and T5 brings a better per-

formance for GitSum? BART [14] and T5 [26] have been conceived
to deal with translation tasks. We evaluate which of them is more
suitable for generating “About” summary from README.MD.
▷ RQ2: Compared to iTAPE, how effective is GitSum in summarizing

README.MD? To the best of our knowledge, no work has been
conducted to tackle the issue of summarizing README.MD to yield
5The fine-tuning script and other materials related to our work are provided in the
replication package.
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Table 2: Examples of recommendation provided by GitSum.

No. Ground-truth Description Generated Description ROUGE-1 ROUGE-2 ROUGE-L

1 compiled list of more than 350 resources to delve into the
endless realm of blockchain technology and web3

A compiled list of more than 350 resources to delve into the
endless realm of blockchain technology

0.914 0.909 0.914

2 Pilot project of Spring Boot with Kafka Streams for SMS
Delivery Filtering

A pilot repo for Spring Boot with Kafka Streams for SMS
Delivery Filtering

0.800 0.696 0.800

3 JSON query and transformation language A complete query and transformation language for JSON 0.769 0.545 0.615
4 Listen to your to PostgreSQL database in realtime via web-

sockets. Built with Elixir.
A server built with Elixir using the Phoenix Framework to
listen to changes in your PostgreSQL database via logical
replication and then broadcast those changes viaWebSockets.

0.600 0.263 0.350

5 A light-weight monitoring tool with UI for user defined ser-
vices and protocols

An extensible monitoring software tool that offers a light-
weight User Interface to monitor the services and protocols
defined by users

0.484 0.129 0.363

“About” summary. Thus, we adopted iTAPE [5], an approach for
bug report summarization as the baseline to compare with GitSum.

4.2 Evaluation metrics

The ROUGE metrics [15] including ROUGE-1, ROUGE-2, ROUGE-L,
are used to evaluate GitSum, as they have been widely used for
text summarization tasks [5, 30], computed as follows:

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑟𝑜𝑢𝑔𝑒−𝑛 =

∑
𝑅,𝐺∈𝑆

∑
𝑔𝑟𝑎𝑚𝑛∈𝑅 𝐶𝑜𝑢𝑛𝑡𝐺 (𝑔𝑟𝑎𝑚𝑛)∑

𝑅,𝐺∈𝑆
∑
𝑔𝑟𝑎𝑚𝑛∈𝐺 𝐶𝑜𝑢𝑛𝑡𝐺 (𝑔𝑟𝑎𝑚𝑛)

𝑅𝑒𝑐𝑎𝑙𝑙𝑟𝑜𝑢𝑔𝑒−𝑛 =

∑
𝑅,𝐺∈𝑆

∑
𝑔𝑟𝑎𝑚𝑛∈𝑅 𝐶𝑜𝑢𝑛𝑡𝐺 (𝑔𝑟𝑎𝑚𝑛)∑

𝑅,𝐺∈𝑆
∑
𝑔𝑟𝑎𝑚𝑛∈𝑅 𝐶𝑜𝑢𝑛𝑡𝑅 (𝑔𝑟𝑎𝑚𝑛)

𝐹1𝑟𝑜𝑢𝑔𝑒−𝑛 =
2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑟𝑜𝑢𝑔𝑒−𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙𝑟𝑜𝑢𝑔𝑒−𝑛
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑟𝑜𝑢𝑔𝑒−𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙𝑟𝑜𝑢𝑔𝑒−𝑛

where 𝑅, 𝐺 , and 𝑆 are the reference summary, generated summary,
and the test set, respectively. 𝑔𝑟𝑎𝑚𝑛 is an n-gram phase, where 𝑛
presents for the length of a word sequence; 𝐶𝑜𝑢𝑛𝑡𝑅 (𝑔𝑟𝑎𝑚𝑛) and
𝐶𝑜𝑢𝑛𝑡𝐺 (𝑔𝑟𝑎𝑚𝑛) are the occurrence number of 𝑔𝑟𝑎𝑚𝑛 in 𝑅 and 𝐺 .

ROUGE-1 and ROUGE-2 are computed using 𝑁 = 1, 2, i.e., uni-
gram and bi-grams.

∑
𝑔𝑟𝑎𝑚𝑛∈𝑅 𝐶𝑜𝑢𝑛𝑡𝐺 (𝑔𝑟𝑎𝑚𝑛) is the number of

N-grams existing in both the reference summary and generated
summary. The above equations can be interpreted as follows. Given
two sets of N-grams produced from a generated summary and its
original summary, respectively, Precision measures the proportion
of N-grams in the first set that exists in the second set, while Recall
gauges the proportion of N-grams in the second set that have been
captured in the first set. Slightly different from ROUGE-N, ROUGE-
L F1-score is based on Longest Common Subsequence (LCS):

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑟𝑜𝑢𝑔𝑒−𝑙 =
𝐿𝐶𝑆 (𝑅,𝐺)
𝑙𝑒𝑛𝑔𝑡ℎ(𝐺) ;𝑅𝑒𝑐𝑎𝑙𝑙𝑟𝑜𝑢𝑔𝑒−𝑙 =

𝐿𝐶𝑆 (𝑅,𝐺)
𝑙𝑒𝑛𝑔𝑡ℎ(𝑅)

𝐹1𝑟𝑜𝑢𝑔𝑒−𝑙 =
2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑟𝑜𝑢𝑔𝑒−𝑙 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙𝑟𝑜𝑢𝑔𝑒−𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑟𝑜𝑢𝑔𝑒−𝑙 + 𝑅𝑒𝑐𝑎𝑙𝑙𝑟𝑜𝑢𝑔𝑒−𝑙

where 𝐿𝐶𝑆 (𝑅,𝐺) is the length of the longest common subsequence
of 𝑅 and 𝐺 , presenting for a reference summary and its generated
summary, respectively. ROUGE-L indicates the natural similarity be-
tween the two given sequences in sentence-level structure. It is also
considered to be useful in evaluating summarization performance.

4.3 Baseline and datasets

By investigating the existing literature, we realized that there has
been no work with the same purpose, i.e., summarization of a
README.MD to yield an “About” description. Thus, no approach
can be considered as a direct baseline for our work. We looked

for similar applications in Software Engineering, and came across
iTAPE [5], a system for summarization of bug reports. To make
a fair comparison with our proposed approach that focuses on a
different domain, we only reused the given script for fine-tuning,
skipping its pre-processing mechanism.

Two datasets consisting of README.MD files with their corre-
sponding descriptions from GitHub repositories have been curated
following the process described in Section 3.1. The first dataset
contains 1,824 repositories which have README.MD file presented
in English. The second dataset is curated by enriching the first
one with data from GitHub by crawling repositories that match
the search criteria, including their name, description, number of
stargazers, and the login of the repository owner. Eventually, we
obtained an additional dataset with 4,200 repositories. Following ex-
isting studies, we randomly split the dataset in the ratio of 80:20 for
training and testing purposes. The splitting was done only once for
the whole dataset, and we shuffled the data so as to randomly dis-
tribute the repositories. The final evaluation metrics are computed
by averaging out the results obtained by all the testing instances.

5 RESULT ANALYSIS

Section 5.1 gives some recommendation examples provided by Git-
Sum. Section 5.2 and Section 5.3 report and analyze the experimental
results to answer the two research questions.

5.1 Recommendation examples

Table 2 lists some recommendation examples. The first column
depicts the real descriptions, collected fromGitHub. Meanwhile, the
descriptions generated by GitSum are shown in the second column.
The metrics for each pair of ground-truth data and recommendation
are also reported.

Examples 1, 2, 3 show that GitSum can generate descriptions
with highly close meaning to the real ones. Moreover, despite hav-
ing lower ROUGE scores than the former, the last two samples
demonstrate that the summary generated by GitSum brings even
more useful information about the repository under consideration
than the ground-truth specified by real users. We can see that by the
examples, GitSum is able to provide meaningful recommendations.

5.2 RQ1: Which technique between BART and T5

brings a better performance for GitSum?

We compare between the two GitSum configurations, i.e., BART
and T5, to study which of them yields a superior summarization.
Aiming for efficiency, we ran the two techniques using the small
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dataset with 1,824 GitHub repositories. By an empirical evaluation,
we noticed that when incorporating various pre-processing steps,
e.g., stop-word removal, or lemmatization in our proposed solution,
we did not get any significant improvement in the experimental
results. Thus, we removed these steps from the pipeline.

Table 3: Performance of the two GitSum configurations.

Metric BART T5

Average ROUGE-1 0.500 0.484
Average ROUGE-2 0.373 0.363
Average ROUGE-L 0.480 0.461
Inference time 1m43s 3m28s

After fine-tuningwith the training dataset, both BART and T5 are
used to generate summary for README.MD in the test dataset, and
then ROUGE scores are calculated for evaluation. Table 3 shows the
experimental results achieved by the two configurations. The table
demonstrates that BART obtains a better performance compared to
T5 by all the considered metrics. In particular, BART yields 0.500,
0.373, and 0.480 as ROUGE-1, ROUGE-2, and ROUGE-L F1-score,
respectively. Meanwhile, the corresponding scores by T5 are: 0.484,
0.363, and 0.461. Moreover, BART is also more timing efficient, i.e.,
it provides the prediction for all the testing instances within 1m43s,
much faster in comparison with T5, which spends 3m48s for the
same task. This essentially means that using BART to generate
summarization for GitHub repositories brings both effectiveness
and efficiency with respect to using T5. Nevertheless, the gain in
accuracy obtained by BART compared to T5 is rather marginal.

Answer to RQ1. On the considered dataset, BART yields a slightly

better summarization performance compared to T5. Moreover, it is

also more efficient, generating recommendations in shorter time.

5.3 RQ2: Compared to iTAPE, how effective is

GitSum in summarizing README.MD?

To further validate the generalizability of GitSum, we use the sec-
ond dataset, which is larger than the first one in RQ1, containing
4,200 repositories. By following the given descriptions of iTAPE in
the original paper [5], we also fine-tune it on our training dataset
and perform summary generation on the testing dataset.

The ROUGE scores achieved by iTAPE and GitSum are shown
using the violin boxplots in Fig. 4. Such diagrams bring more infor-
mation about the distribution of testing samples according to the
ROUGE scores. We can see that the distributions of ROUGE metrics
achieved by GitSum are presented in a shape that is slimmer around
the middle and significantly wider at the top, compared to iTAPE. In
other words, the amplitude of scores for GitSum in the top level, i.e.,
1.0, is larger than that of iTAPE, i.e., the scores achieved by our ap-
proach are higher concentrated around the upper quartile, implying
that GitSum provides effective summaries for more README.MD
samples than iTAPE. This is further confirmed when we look into
the whiskers of GitSum in the middle of the figures, i.e., they are
in a higher level compared to those of iTAPE. By computing the
metrics pairwise, we got the following improvement obtained by
GitSum with respect to iTAPE: 3.85%, 1.35%, and 2.62% in terms of
average ROUGE-1, ROUGE-2, and ROUGE-L scores, respectively.

(a) ROUGE-1 (b) ROUGE-2 (c) ROUGE-L

Figure 4: RQ2: The experimental results.

Answer to RQ2. GitSum is more effective than iTAPE, as it provides

more closely relevant descriptions with respect to all the three metrics,

i.e., ROUGE-1, ROUGE-2, and ROUGE-L.

Discussion. While GitSum yields a better performance compared
to iTAPE in all the metrics, such a gain is considerably small, and
thus we still see the room for improvement. We anticipate that
additional pre-processing steps such as data cleaning and align-
ment could help GitSum further improve its performance. Due
to space limits, we are not able to address this issue in this paper,
and thus we consider as our future work. There are the follow-
ing remarks: (i) it is necessary to anticipate the limitation of the
summarization the risks with GitSum; and (ii) according to the
results in Table 2, we can see that even when the ROUGE scores are
considerably low, the generated descriptions are more informative
and meaningful compared to the ground-truth one. Essentially, this
triggers the need to propose more suitable metrics for measuring
the relevance/serendipity between generated and real text.

5.4 Threats to validity

▷ Internal validity. This concerns how well our evaluation re-
sembles real-world scenarios. In the evaluation, we crawled data
from GitHub, and for the testing projects, we removed their real
descriptions, and saved as ground-truth data. This simulates a real
development scenario where we need to recommend summary for
repositories using their README.MD.
▷ External validity. This is related to the generalizability of the
findings outside this study. We attempted to mitigate the threats
by evaluating GitSum using different experimental configurations
to simulate real-world scenarios. Since there exists no approach
with the same purpose, iTAPE–a tool for generation of titles for
bug reports–was chosen as the baseline.
▷ Construct validity. This threat is related to the experimental
settings to compare GitSum with iTAPE. To aim for a reliable
comparison, we used the original implementation of iTAPE made
available by its authors,6 keeping the internal design unchanged.
Moreover, we tried to employ the same settings to experiment with
both systems.

6 CONCLUSION AND FUTUREWORK

This paper presented GitSum as a workable solution to the sum-
marization of README.MD to yield the “About” summary for a
repository. BART and T5 were used as the classification engine,

6https://github.com/imcsq/iTAPE
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and the experimental results showed that GitSum obtains an en-
couraging recommendation performance, outperforming a baseline.
For future work, we plan to evaluate GitSum with more data col-
lected from GitHub. Moreover, we will try to improve the overall
performance by incorporating different pre-processing steps, and
summarization techniques, apart from BART and T5.
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