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ABSTRACT

Automated Program Repair techniques aim to generate patches for software bugs, mostly relying on
testing to check their validity. It is possible that such a plausible patch may not be correct, as there
still might exist inputs under which the bug prevails.

We carry out a thorough empirical study to analyse the extent to which program repair tools suffer
from this overfitting problem in practice. We present how a random baseline can be used to under-
stand whether and when the use of automated methods is beneficial for reducing human effort in
patch assessment.

We find that the number of plausible patches generated by any of the program repair tools analysed
for a given bug from the Defects4J dataset is low — a median of 2. The median number of patches
one needs to randomly sample to have high confidence that a correct patch exists within the generated
patch set using 10 program repair tools for each of the bugs is only 6 at most. Moreover, for most
tools only 3 plausible patches are generated before producing a correct one.

1 Introduction

Patch overfitting [Smith et al.(2015)] is a well-known problem in automated program repair (APR), and arguably,
prevents a wider adoption of APR tooling. An important aspect of patch quality is whether an APR-generated patch
actually fixes the given bug. APR relies on measures of correctness. Finding such a measure is an open challenge,
and applies both to patches produced by humans and by machines. In APR, a patch is deemed overfitted if it satisfies
a given APR-tool functionality criterion (usually by passing an existing test suite), yet is actually incorrect (e.g., bug
prevails under untested inputs). The patch overfitting problem results in automatically generated patches that cannot
be trusted by practitioners, which in turn impacts the applicability of APR [Noller et al.(2022)].

In order to minimise the impact of overfitting, many approaches have been developed that either impose some con-
straints on the patch during the generation process (e.g., via a domain-specific language [Le et al.(2017)|]) or after
the APR process has finished, e.g., by analysing patch behaviour on a new set of test cases [[Yang et al.(2017),
Xiong et al.(2018)]. To increase the uptake of APR, these approaches aim to maximise the probability of showing
correct patches to the developer, who can then decide whether to apply the patch. It is a common belief that such
approaches are needed since APR tools usually produce tens or even hundreds of plausible patches [Yang et al.(2017),
Xiong et al.(2018), [Durieux et al.(2019a)], which may have implications on the effort needed for finding the correct
patch. However, to the best of our knowledge, there is no study that verifies this assumption by actually quantifying
how much overfitting exists per tool per bug in a practical scenario.

Prior research on overfitting assessment of APR techniques has provided evidence of effectiveness by evaluating the
approaches on metrics such as accuracy, precision, and recall [[Ye et al.(2021a), [Tian et al.(2020)]], or the numbers of
bugs fixed vs. not-fixed, and/or total numbers of plausible yet incorrect patches generated per project [Ye et al.(2021a),
Tian et al.(2020)]. For example, PATCH-SIM [Xiong et al.(2018)| is able to exclude up to 69.2% of incorrect patches
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(9 out of 13 incorrect patches for bugs from the Time project in Defects4]), while correctly classifying all correct
patches. While these results are impressive and demonstrate the effectiveness of the approaches for patch overfitting
assessment, we lack an understanding of how severe the problem of overfitting is for the existing APR techniques in
practice. In particular, most post-processing approaches were evaluated on a set of previously labelled patches, without
actually running the tools first. Many tools stop at the first plausible patch by default, but take different amounts of
time to generate one. Thus, it is not clear how many patches would be generated and whether the efficacy of the tooling
would increase (by fixing more bugs), if all tools were allowed to run for the same amount of time. As a result, we
do not know how effective the post-processing techniques that tackle overfitting are at reducing the human effort in
identifying the correct patch in such an arguably more fair scenario.

Moreover, to know if a patch overfitting assessment technique is beneficial or not, we must establish a baseline that
determines the probability of selecting a correct patch from the generated patches. If the probability of selecting a
correct patch is 1 (which some techniques can achieve for particular bugs), then patch overfitting assessment would
not be required. We propose all patch assessment techniques must at least beat a Random Selection (RS) strategy, i.e.,
the RS baseline, — a comparison not yet done in previous work.

In this work we first pick a sample of existing results reported for automated patch assessment techniques, and calculate
how a random selection strategy would fair against these. We show that for many bugs random sampling is just as
effective, i.e., at least the same number of patches would have to be manually assessed to find a fix. Next, we run
10 APR tools on a set of 395 bugs from the Defects4] v1.5 [Just et al.(2014)] dataset, allowing them to run beyond
the first patch found, up to an 8 hour time limit — this shows if tool effectiveness increases with time. We analyse
patches found within the first 3 hours, using this limit as often used in evaluation of APR tooling [Liu et al.(2021)],
and calculate the RS baseline per bug and per tool — this establishes the overfitting rate in a practical scenario. Our
study shows, for each tool, how many patches need to be sampled at random to have high confidence that a correct
patch exists among generated plausible ones. This establishes a baseline for techniques that tackle overfitting that use
the APR tools analysed — they must at least beat this Random Selection (RS) baseline.

Our experiment provides several insights:

* The median number of patches generated per tool per bug is 2 — developers only need to review 2 patches
to establish correctness in most cases (RQ1);

* one needs to randomly sample up to 6 unique patches per bug to have high confidence that a correct patch has
been generated or not (RQ2), and can use patches from multiple tools to do so — developers can disregard
patch assessment of more than 6 randomly sampled patches per bug (if they use the 10 tools we analyse)
(RQ3);

* knowledge of which tool generated a patch can speed-up patch assessment (RQ4);

* fixes for 91% (96%) of bugs are generated with the first (second) plausible patch if multiple tools are used,
with 21 patches needed to fix all bugs within 4.5 hours — generation beyond first plausible patch can further
find fixes (RQ5).

Overall, we recommend that developers should 1) use multiple APR tools with the same time limit 2) assess only up
to 6 randomly selected patches, taking the tool type into account. Furthermore, we strongly recommend that all future
patch assessment techniques, should be always compared against the RS baseline.

To summarise, our contributions are as follows:

* We present a baseline, based on random sampling, for approaches that target overfitting in APR. This baseline
indicates the minimum conditions that must be met in APR for an overfitting assessment approach to be
regarded effective.

* We conduct a large-scale empirical study to examine the magnitude of overfitting per APR tool per bug. This
enables us to analyse the need for patch assessment, and whether particular tools or bugs are more prone to
overfitting.

* We provide practical recommendations to software developers (listed above).

* We provide a dataset of patches, generated by 10 APR tools in a practical scenario. Each tool was run for the
same amount of time, beyond the first patch found. We provide RS baselines for the 3-hour time limit.

2 Overfitting Assessment Baseline

In this section, we present a baseline to benchmark existing and future overfitting assessment approaches (i.e., ap-
proaches that aim to identify correct patches from a set of plausible ones). Our intuition is that for an overfitting
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assessment approach to be deemed as effective, it should at least outperform a random selection strategy. To deter-
mine this baseline, we calculate the following measure:

Given a fixed set of patches, what is the probability of selecting a desirable patch using a random
selection strategy?

In this work, we focus on selecting a correct patch, but the argument follows for any other desirable criterion.

Assuming a purely random selection process, given N patches with K desirable patches, the probability of selecting
at least 1 desirable patch in n consecutive draws is calculated based on the Hypergeometric distribution as follows:
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In the APR context, an approach that targets overfitting should select a correct patch from a set of candidate patches
more often than the aforementioned baseline. In our empirical study, we focus on the situation where the APR process
has finished, producing a fixed set of plausible, i.e., test-passing, patches.

We aim to answer the following question:

How many patches per bug does a developer need to sample at random to establish whether a correct
patch exists among plausible ones?

This will form a baseline for evaluation of any patch assessment approach that aims to overcome the overfitting
problem.

3 Motivation

To the best of our knowledge, no previous work on patch assessment overfitting compared against a baseline based on
random sampling, which we call here RS baseline for short. To illustrate the problem let us consider results reported
for some existing patch overfitting assessment techniques, and compare them with the RS baseline.

Several patch assessment techniques produce a ranking of patches, with the intention of the correct one being ranked at
the top. Their effectiveness is thus measured in terms of where the correct one is ranked. In order to calculate how the
RS baseline would perform in this scenario, we calculate how many patches one would need to randomly sample so
that the probability of selecting a correct one is at least 80%. We chose results reported for ObjSim [Ghanbari(2020)|]
and PraPR [Ghanbari and Zhang(2019)] for such an illustration. ObjSim is a standalone patch prioritisation technique,
while PraPR is an APR tool that prioritises patches internally. The author of ObjSim compared against PraPR’s strategy
and released an artefact, containing detailed patch information per bug, which allows us to make a comparison with the
RS baselineﬂ We present these results, with an extra column for the RS baseline in Table|l] Although in most cases
PraPR beats the RS baseline, ObjSim does not perform as well. The comparison with the RS baseline suggests that
in two cases (Mockito-5 and Math-50) a developer is better-off selecting patches at random rather than using PraPR.
Whereas, for all cases but one (where there are at least 10 plausible patches) selecting patches at random should be
preferred to ObjSim.

Another way to assess patch overfitting assessment efficacy is to calculate the reduction from a set of plausible
patches generated for a given bug [Wang et al.(2020)], and/or provide precision/recall for patch correctness predic-
tion [Lin et al.(2022)]. Most recently, Cache [Lin et al.(2022)|] was proposed to predict patch correctness, with the
authors having released a dataset of labelled patches. For instance, let us consider Cache’s results for the Chart-1 bugE]
The dataset contains 3 correct and 14 overfitted patches for this bug. Cache does not predict any of the correct patches
to be correct. Thus, a developer would be advised that no correct patches were found. If instead a developer were to
pick 6 of those at random for evaluation, they would have had 76% chance of picking at least one correct patch In
fact, Cache incorrectly predicts that for 100 out of 356 bugs no correct patch exists in their dataset, while with random

!Subset shown in Table 1. Full results available here: https://github.com/SOLAR-group/overfitting-baseline-art
efact/tree/main/saved_results/paper_results/table4Full.md

“https://github.com/Ringbo/Cache/blob/master/Results/RQ1/Small/Cache.csv

3Result from equation in Section with K =3, N =17,and n = 6.
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Table 1: ObjSim and PraPR patch ranking compared with the RS baseline on bugs for which 10+ patches were
generated. ‘T’ means a timeout after 5 minutes. All data reported in this table is from previous work [|Ghanbari(2020)[,
but the last column contains the likely rank of a correct patch (with 80% probability) if random selection is used.

Plausible Genuine Rank Rank Random
Bug patches fixes PraPR  ObjSim  prob. 80%
Chart-26 100 1 17 T 81
Closure-11 15 3 1 T 6
Closure-126 12 2 5 T 7
Jsoup-42 13 1 1 T 11
Math-50 30 1 30 30 24
Mockito-5 31 1 31 31 25
Time-11 32 1 1 1 26

selection strategy for 84 of those the developer would only need to randomly select up to 6 patches to find a fix with
80% chancef

Patches used in most patch overfitting assessment studies gathered labelled patches from previous work, and thus,
they share the threat of coming from different experimental setups. Of course a technique that picks the one correct
patch from a set of, say, 10,000, will be considered best, but the question is how would it fair in practice. Suppose an
APR tool generates only 2 patches per bug. Perhaps it would be advantageous to use a more efficient, but maybe less
effective automated patch assessment technique, if it can correctly decide if they are overfitted with high probability?
Perhaps random selection or even manual effort is less time-costly? We do not aim to answer these questions here, but
instead, provide a set of patches generated using a practical scenario. We show the rate of overfitting in practice per
tool and bug, with calculations of the effectiveness of a random patch selection strategy. Our work provides a baseline
for future studies.

4 Research Questions

Our study has two main goals. Firstly, we aim to establish the extent to which APR tooling suffers from overfitting in
practice. Secondly, our goal is to provide a baseline for the evaluation of approaches that tackle APR overfitting that
the community could use to evaluate current and future proposals.

In an ideal scenario, an APR tool will only produce correct patches, or none, if a correct patch cannot be found.
However, it is currently believed that APR tools mostly produce incorrect patches, and thus would require a lot of
human effort for patch assessment of the generated patches [Ye et al.(2021a),[Wang et al.(2020)]. Moreover, even if a
correct patch exists within all the plausible patches generated for a given bug, the effort required for their evaluation
might not be worth it. In fact, that effort could be better spent by the developer on manual analysis of code to derive a
patch from scratch. Furthermore, many of the APR tools in practice are set to stop at the first plausible patch found,
and, thus, we do not know what would be the efficacy of a given APR tool if we let it run for longer? (i.e., would it find
a correct patch?), and how many more patches would be produced for a given bug?. Answering these questions would
let us better understand the extent to which current APR tools suffer from the overfitting problem. Our first research
question aims to shed more light on this matter:

RQ1: Magnitude of Overfitting. How many patches are generated if the APR process does not halt
at the first plausible patch found?

To answer RQ1, we run a set of APR tools with the same stopping condition (i.e., we do not halt them at the first
plausible patch, but rather we let them execute for the same amount of time) and gather all patches generated for a
given bug (see Section[5)). We label the generated patches as correct ones if they syntactically match known fixes. We
use automatically generated tests for a fix to filter out overfitting patches for those bugs for which a fix was found.
After this step, we manually label plausible patches left. Then, we compute and report on the number of patches found
and their type to understand the magnitude of the APR overfitting problem for each of these tools, and overall across
all tools per bug.

Even if we found that current APR tooling would generate a very large number of plausible patches per bug, it would
be useful to investigate whether a given tool only ever generates correct or incorrect patches per bug. If this is the case,

“Full result table: https://github.com/SOLAR-group/overfitting-baseline-artefact/tree/main/saved_resu
1ts/paper_results/cache_comparison.csv
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a developer would only need to sample one patch at random to establish whether a correct patch was generated or not.
This motivates our second question:

RQ2: Overfitting Per Tool. How many patches a developer needs to randomly sample per tool per
bug to establish whether a correct patch was generated?

To answer RQ2, we focus on the patches generated by each tool for each bug. We analyse those bugs for which a tool
generated at least one correct patch over the same execution time limit. For each pair of bug and tool, we analyse the
probability of sampling at least one correct patch per set of generated patches.

Different APR tools might exhibit different effectiveness for a certain bug [Liu et al.(2020),|Aleti and Martinez(2021)].
Therefore, in order to increase chances of finding a correct patch, a developer might choose to run multiple APR tools
rather than relying only on a specific one. This will consequently increase the number of patches generated, and
potentially the effort required to alleviate overfitting, yet there might be cases where all tools are able to find a correct
patch, or only one tool is able to generate one patch. Similarly to RQ2, analysing what happens in practice when APR
tools do not halt at the first plausible patch found would help us gain a better understanding of the overfitting problem.
Therefore, our third research question asks:

RQ3: Overfitting Per Bug. How many patches a developer needs to randomly sample from all
available APR tools to establish whether a correct patch was generated for a given bug?

To answer RQ3, we aggregate all the patches generated by the APR tools for a particular bug over the execution time
limit and carry out the same analysis as for RQ2.

When we gather together the patches produced by each APR tool the total number may add up to hundreds of patches.
Analysing which tool generated which patches might help us derive some insights on whether there are tools from
which one should sample first. For example, if we find that certain APR tools always generate either all correct
patches or incorrect ones, then a developer would need to sample only one patch generated by such a tool to determine
if a correct patch exist. Therefore, our fourth research question asks:

RQ4: Patch Sampling Strategy When evaluating patches generated by multiple tools for a given bug,
is it better to sample patches per tool or from the whole set of patches generated?

To answer RQ4 we consider the patches generated by each tool per bug over the same execution time limit. We
compare the strategy of random sampling from patches generated per tool vs. randomly sampling from the set of all
patches generated by all tools. If, for instance, one tool generates 2 correct patches, while another 100 incorrect ones,
then sampling from the set of patches generated by the first tool is clearly more beneficial than sampling from the
whole set of 102 patches for a given bug.

Finally, we would like to understand the extent to which an APR tool can generate a correct patch if it does not halt at
the first plausible patch found. To this end, our fifth research question investigates for how long each of the APR tools
should run in order to find a correct patch:

RQS5: APR Tool Usage. How long shall an APR tool run for? How many plausible patches are
needed before one can have confidence that the tool is (or is not) able to find a correct patch?

To answer RQ5, we analyse the patch generated by each of the tools over a longer execution time (8 h). This allows
us to understand if and when a correct patch has been found.

S Methodology

In this section, we present the methodology that we follow to answer the research questions posed in Section
Figure [T] shows the steps we undertook in our experiments. We first generate patches by executing several existing
APR approaches for the same amount of time, as detailed in Section Then, we examine all plausible patches
found by these tools in order to determine their correctness based on four different subsequent assessments (i.e., based
on developer-written patches, on previous work, on automated analysis, and on manual analysis), as explained in
Section [5.2] Finally, we analyse this data to respond to each of our research questions to gain understating of the
overfitting problem per tool and per bug.
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Figure 1: Overview of the methodology adopted to generate and label the patches obtained by using multiple APR
approaches.

5.1 Patch Generation

In this section, we detail the procedure we adopt to generate patches by using existing APR tools. We describe the
corpus of bugs, and the APR tools and settings, used in our empirical study, as well as the rationale behind our choices.

5.1.1 Bugs

In this work, we focus on repairing Java bugs because: 1) Java is one of the most adopted program-
ming languages in the industry. 2) APR approaches have been widely evaluated on Java programs (e.g.,
[Liu et al.(2019b), |Liu et al.(2018), Jiang et al.(2018), [Lutellier et al.(2020)]). 3) Overfitting analysis and approaches
have mainly focused on the analysis of Java patches (e.g., [Xiong et al.(2018), |Ye et al.(2021a), [Wang et al.(2020)),
Lin et al.(2022)]). We use the Defects4] v1.5 [Justet al.(2014)] dataset, which contains 395 bugs that have
been widely used in the assessment of the recently proposed Java repair systems (e.g.,[Koyuncu et al.(2020),
Lutellier et al.(2020), |Chen et al.(2021), Jiang et al.(2021)]) as well as by other studies evaluating existing ap-
proaches [Martinez et al.(2017), Durieux et al.(2019b)} [Liu et al.(2020)]. Using Defects4J allows us to leverage on
the information, data and knowledge built in previous studies, which is relevant to carry out our own experiments and
to facilitate future replications, extensions, and comparisons. In particular, we can reuse from such previous work:
a) labels for patches generated by other studies that have been manually or automatically assessed, and b) tools devised
for automatically assessing Defects4] bugs.

The reuse of such information is valuable to us because it allows us to: /) speed up patch correctness analysis (we
do not have to assess again patches already assessed), and 2) reduce the threats to the validity of the patch analysis
step [[Ye et al.(2021b), 'Wang et al.(2020)].

5.1.2 APR Candidate Tools

We considered an initial set of 16 APR tools, which has been previously used by Liu et al. [Liu et al.(2020)|]
since these tools are all open-source and working [Liu et al.(2020)], and capable of repairing bugs from
Defects4): Avatar [Liuetal.(2018)], ARJA [Yuan and Banzhaf(2018)], ACS [Xiong et al.(2017)], Cardu-
men [Martinez and Monperrus(2018)[], Dynamoth [Durieux and Monperrus(2016)], FixMiner [Koyuncu et al.(2020)[,
GenProg-Arja [Yuan and Banzhaf(2018)]], jGenProg [Martinez and Monperrus(2016)]],
jKali [Martinez and Monperrus(2016)], jMutRepair [Martinez and Monperrus(2016)], kPAR [Liu et al.(2019a)].
Kali-ARJA [Yuan and Banzhaf(2018)], Nopol [Xuan et al.(2017)], RSRepair [Martinez and Monperrus(2016)[,
SimFix [Jiang et al.(2018)[] and TBar [Liu et al.(2019b)]. These tools are all publicly available on GitHub, so we
downloaded the latest version of each tool, at the time of the experiment, by cloning the default branch. We then
inspected each of the tools in order to check if they satisfy our study’s requirements in terms of the execution timeout
and stopping condition. Specifically, we need to use APR tools that are able to: /) Continue analysing the search
space after finding the first patch that passes all the tests contained in the buggy program. We recall that those are
called plausible patches. 2) Execute for a specified amount time. To this end, we carefully inspected the source code
of each of the 16 tools.
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5.1.3 Enabling Multiple Plausible Patches Generation and Fixed Execution Time.

In order to collect more than one plausible patch and enable the execution of the tools for a specific amount of time,
we had to modify these tools that do not support the preferred options by default. We thus modified the source code
of ARJA (including Arja, GenProg-Arja, RSRepair-Arja, Kali-Arja), Nopol (including Dynamoth), SimFix, TBAR,
AVATAR, kPAR and FixMiner to add two command-line arguments that indicate: a) if the tool must continue or stop
after the first plausible patch found, ) the timeout in minutes. We also modified each of the tools to register and report
the time that it takes to find each plausible patch. The modified versions of the tools are available in our repository.

To assure the correct behaviour of a given tool after our modifications, we executed the modified version on three
Defects4] bugs that were repaired by the original (not modified) tool, and verified if the first patch found was the
same.

After this step, we ended up with 16 repair tools successfully modified by us, which are able to generate multiple
patches over a specific period of time, which can be passed as a parameter to each tool.

5.1.4 Running APR tools

We then executed the modified version of each tool on each of the Defects4] bugs. We use the Defects4J version 1.5,
which contains 395 bugs. We call repair attempts each of those executions. Each repair attempt is executed once for
8 hours and each tool continues after finding the first plausible patch. A tool can stop before the timeout only if it
happens to completely navigate its search space (this can happen for example when a tool uses a set of mutations for
a particular construct, e.g., an if statement, then it only has a fixed number of possibilities to explore, and therefore
the search space of patches could be exhaustively evaluated). It is important to remark that we do not use any other
argument beyond those required for minimal usage (i.e., each tool uses the default values defined by their developers).

We ran each repair attempt on a Dell PowerEdge R630 machine, with Intel Xeon E5-2630 v3 (Haswell, 2.40GHz, 2
CPUs, 8 cores/CPU), and 128 GiB of RAM memory.

5.1.5 APR Tools Evaluated

Among the 16 tools we analysed, we could evaluate results obtained from 10 in our empiri-
cal study: Avatar [Liuetal.(2018), FixMiner [Koyuncu et al.(2020)], Nopol [Xuan et al.(2017)],
SimFix [Jiang et al.(2018)]], TBar  [Liu et al.(2019b)]], Dynamoth [Durieux and Monperrus(2016)],
jGenProg [Martinez and Monperrus(2016)[, jKali [Martinez and Monperrus(2016)], jMutRe-
pair [Martinez and Monperrus(2016)] and kPAR [Liu et al.(2019a)]. We had to exclude the other six (GenProg-
Arja [Yuan and Banzhaf(2018)f], RSRepair [Martinez and Monperrus(2016)], Kali-ARJA [Yuan and Banzhaf(2018)],
ARIJA [Yuan and Banzhaf(2018)], ACS [Xiong et al.(2017)], Cardumen [Martinez and Monperrus(2018)]) for reasons
explained below.

As our experiment is demanding both in terms of computational resources — for carrying out automated patch as-
sessment (see Section [5.2.3) — and of human resources — for carrying out manual patch assessment (see Section
[5.2.4), we decided to simplify our experiment by choosing only one tool per approach whenever the same approach is
implemented by multiple tools. This allows us to save computational and human resources by avoiding the analysis
of duplicated patches produced by two tools that implement the same approach. In our case, there are two approaches
that are implemented by more than one tool: GenProg [Le Goues et al.(2011)]] by GenProg-Arja and jGenProg, and
Kali [Q1 et al.(2015)] by Kali-Arja and jKali. We choose jGenProg and jKali for the following reason. After the
execution of those tools, we find that the approaches from Arja generate a large amount of patches, much larger than
any other tool. For example, GenProg-Arja generates 296,623 patches, probably due to incorrectly reporting also
non-plausible patches. Such a large amount of patches makes infeasible both manual and automated patch analyses.
For that reason, we discard from our study GenProg-Arja and Kali-Arja tools, and use jGenProg and jKali to rep-
resent GenProg and Kali, respectively. Moreover, following the recommendation from ACS’s authors written in the
ACS repositoryE] we use SimFix [Jiang et al.(2018)] instead of ACS. At this step we thus excluded 3 tools from our
experiments (i.e., ACS, GenProg-Arja, and Kali-Arja).

Next, we collected all plausible patches generated by each of the 13 tools in the 8 hour time limit. At this point, one
needs to assess all the plausible patches in order to determine whether they are correct (i.e., patch assessment). Overall,
218,552 patches were generated, 186,277 syntactically unique. We noticed that three tools (ARJA, RSRepair, and
Cardumen) produced significantly more patches than all the others: ARJA over 163k, RSRepair 20k, Cardumen 1.5k.

>Source code of the modified tools https://github.com/SOLAR-group/overfitting-baseline-artefact/tree/mai
n/tools/
°ACS repository: https://github.com/Adobee/ACS, last visit March 17 2022.
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Such large numbers of patches makes it infeasible to conduct manual analysis, and thus these tools will unlikely be used
in practice. In contrast to previous studies, we ran the tools for 8 hours each, and we do not stop the search at the first
plausible patch found. We observed that those tools may be affected by a bug that reports either implausible patches
or non-minimised patches (spurious changes not related to the bugfix). The fact that previous work [Liu et al.(2020)}
Durieux et al.(2019b)] halts at the first patch found did not fully expose the problem. Therefore, since we focus on a
practical scenario, and these tools will unlikely be used in practice, we discarded all patches produced by them.

This leaves us with 5,454 plausible patches (of which 2,841 unique) to analyse. Strictly speaking, the analysis pre-
sented to answer RQs 14 is based on the set of plausible patches generated in the first 3 (of the 8) hours, while to
answer RQ5 we provide insights on all plausible patches generated over 8 hours. Full results for the two time limits
are included in our on-line repository. Overall, the 10 tools generated patches for 158 bugs, for 155 of which within
3h.

5.2 Patch Assessment

The patch assessment stage takes as input the patches generated by the APR tools and outputs, for each of them, a
label indicating whether a patch is Correct or Overfitting (i.e., incorrect).

We break this task into four different steps: (1) assessment based on developer-written patches, (2) assessment
based on labels obtained from previous work; (3) assessment based on automated analysis using extra test cases; (4)
assessment based on manual analysis). Each assessment is described in the following subsections.

5.2.1 Equivalence to Developer-written Patches

The first assessment consists of determining if a generated patch for a given bug is syntactically equivalent to the patch
written by the developer to fix that bug. Defects4] provides the developer-written patch for each bug. The syntactic
equivalence check between two patches is carried out by doing String comparisons (ignoring white-spaces, empty
lines). If a generated patch is equivalent to the developer-written, we assess it as correct. Otherwise, the patch is
assessed in the next step.

5.2.2 Previous Correctness Annotations

The second assessment is based on annotations made in previous work. In this study, we reuse the annotations pro-
duced in four previous studies by either manual analysis [Wang et al.(2020), |Kechagia et al.(2019)] or automated tech-
niques [Ye et al.(2021b)|], or gathered from previous work [Lin et al.(2022)||. For instance, Liu et al. [Liu et al.(2020)]]
and Kechagia et al. [Kechagia et al.(2019)] manually classified patches as correct or incorrect generated by different
existing repair tools. Then, Wang et al. [Wang et al.(2020)]] found a few misclassifications in the dataset of Liu et
al. [Liu et al.(2020)]. Therefore, we considered the correct dataset produced by Wang et al. [Wang et al.(2020)]. He
et al. [Ye et al.(2021b)||, on the other hand, automatically labelled generated patches (collected from previous work)
by using test cases automatically generated based on human-written patches. Lin et al. [Lin et al.(2022)] collected the
largest set of labelled patches for Defects4J to-date from previous work. We use it for syntactic analysis as well. If a
patch generated by our experiment was already labelled by any of the aforementioned previous work, we reused the
labels that these works assigned to the same patch. This check was done by an automatic syntactical comparison of
patches, same as described for developer-ones. To ensure the reliability of this labelling process, two of the authors
manually analysed all the patches labelled as correct found in previous work. The results of this analysis are in our
online replication package (Section [T0).

Based on the above process we labelled 226 of the patches generated in our experiment. This left us with 2,615
unique patches still to be assessed. Since the probability of selecting a correct patch for a bug for which there are only
overfitted patches is 0, we focus our labelling efforts only on the patches for those bugs, for which a correct patch
has already been found. According to our syntactic check, we can find correct patches for 45 bugs. Thus, we further
analysed the patches for those bugs only.

For the 45 bugs for which a correct patch was already identified, the 10 tools generated 1,223 patches, 572 of which
were unique, with 110 already labelled through our syntactic checks. This leaves us with 462 unlabelled patches. We
present the evaluation of these patches in the next step.

5.2.3 Automated Assessment

We executed the automated labelling approach RGT, proposed by He et al. [ Ye et al.(2021b)|]. RGT generates new test
cases from the patched version of the program, patched with the correct ground-truth patch, written by the developer.
Then, the approach executes those generated test cases on a buggy program patched with a generated patch: If a
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Table 2: Patches analysed, generated in 8 hours in our experiment, by 10 APR tools, for 158 bugs from Defects4J for
which at least one tool generated a patch. For 45 bugs a fix was found based on syntax check with previous work. Last
row shows numbers for the first 3 hours.

Bugs All  Unique Unique Unique
Stage patched patches patches labeled unlabeled
Generated (5.1) 158 5,454 2,841 0 2,841
Automated syntactic 158 5,454 2,841 226 2,615
check (5.2.2)
Automated syntactic 45 1,223 572 110 462
check w/correct (5.2.2)
Automated test 45 1,223 572 275 222
assessment (5.2.3)
Manual analysis (5.2.4) 45 1,223 572 572
Within first 3h \ 43 1,086 472 472

generated test case fails, it means that the generated patch has a different behaviour from the ground-truth patch, i.e.,
the generated patch is overfitted.

RGT includes sets of test cases generated by Evosuite [Fraser and Arcuri(2011)] and Ran-
doop [Pacheco and Ernst(2007)] from the fixed version of the Defects4J bugs. We used two sets of test cases included
in RGT: a) one from Shamshiri et al. [Shamshiri et al.(2015)[], and ») a second one from He et al. [Ye et al.(2021b)]].
In our experiment, we used test cases generated by Evosuite [Fraser and Arcuri(2011)] because, according to the
results from He et al. [[Ye et al.(2021b)|], Evosuite outperforms Randoop in the detection of incorrect patches. We
applied the scripts from RGT that remove flaky test cases that could be generated by Evosuite.

We ran RGT using Evosuite tests on all the unlabelled 366 patches. RGT applies a patch to the buggy version and
then executes the Evosuite test cases. Those patches that have at least one associated failing test case are classified
as overfitting. To validate the correctness of RGT, we then sample a subset of them (10% from the total of patches
analysed by RGT) and check if those patches are actually incorrect. The manual assessment that was done by two
authors of the paper did not find any false positive reported by RGT.

Nevertheless, the patches that are not classified by RGT as overfitting (i.e., no test case from RGT fails on the patched
version) cannot be considered at that point as correct. That is because Evosuite may not able to generate a test that
exposes the incorrect behaviour of a overfitting patch. Consequently, we proceeded with a manual analysis, explained
as follows. At this stage we labelled 240 patches as overfitting, leaving 222 for manual analysis.

5.2.4 Manual Assessment

For all the patches that could not be labelled by using the three methods described above (222 overall), we carry out a
manual assessment of their correctness, following the recommendation by Liu et al [Liu et al.(2020)]. Each patch was
independently assessed by two authors of this paper. Each assessor compared an APR-generated plausible patch for a
given bug with the corresponding human-written patch (which is provided by the Defects4] framework), and labelled
the plausible patch as correct if both patches were syntactically or semantically equivalent. Otherwise it was marked
as overfitting. If the assessors had any disagreement on the assessment of a patch, an additional author was asked to
assess the given patch. We also sampled 10% of patches for cross-checking, achieving a 100% agreement rate.

5.2.5 Final Set Of Patches

To answer our RQs, we thus report on 1,223 labelled patches, 572 of which are syntactically unique, generated by
10 tools for 45 bugs within an 8-hour time limit (Table [2). Since for RQs 1-4 we consider 3-hour time limit, we
present the numbers in the table too. Overall, 155 bugs were patched, with 43 bugs fixed in the 3-hour time limit.

6 Results

In this section, we present the results of our patch analysis and answer our research questions. We chose a 3-hour time
limit for RQ1-4, as this is the standard for APR tool evaluation [Liu et al.(2021)]]. For RQ5 we use data for the full
8-hour runs.
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Table 3: RQ2 & RQ4. Number of patches per tool to be sampled to have 80%, 90%, or 100% chance of selecting a
correct patch at random. Data per bug is aggregated per tool.

Sample sufficient with x% probability
Bugs median maximum
Tool fixed | 80% 90% 100% | 80% 90% 100%
Avatar 13 1 1 1 5 6 6
FixMiner 9 1 1 1 3 3 4
Nopol 0 0 0 0 0 0 0
SimFix 19 1 1 1 3 3 3
TBar 25 1 1 1 23 28 40
dynamoth 2 2 2 4 3 3 6
jGenProg 3 2 2 2 3 3 3
jKali 2 4 5 6 5 6 6
jMutRepair 4 2 2 2 3 3 3
kPAR 5 3 3 3 7 10 37

6.1 RQI1: Magnitude of Overfitting

For the 10 APR tools and 43 bugs the median number of patches generated per tool per bug is 2, while the average is
4.11, with a max of 45 (produced by the tool kPAR for the Math-50 bug).

This is already a striking result. Indeed, on this dataset for a single tool for a single bug either no plausible patches
are generated or, most frequently, just 2 plausible patches are produced. This means that unless a post-APR overfitting
approach is very quick and easy to use, it might be more cost-effective for a developer to manually analyse the two
patches.

Interestingly, for all 10 tools, the median number of unique patches generated for the 155 bugs (for which patches have
been generated by at least one tool) is 2, while the average is 6.71.

Answer to RQ1: Our study reveals that the median number of patches generated per tool per bug is 2. Although
APR tools generated patches for only 155 out of 395 bugs, developers might still consider using such tools, as
they would likely only need to analyse two patches per bug.

6.2 RQ2: Overfitting Per Tool

Table [3] presents the number of patches a developer using a particular tool would have to randomly sample in order
to have 80%, 90% or 100% chance of selecting a correct patch for a given bug, by using the RS baseline outlined in
Section 2] A median value of 1 or 0 means that for most bugs the patches generated by a given tool are either correct
or incorrect, respectively. We note that Nopol did not generate any correct patches for any of the bugs for which at
least one other tool generated a correct patch.

For half of the tools the maximum value of patches one needs to sample to have 90% chance of finding a correct patch
(if one was generated) for a given bug is 3 (see second-to-last column in Table [3). More interestingly, SimFix and
TBar, tools that are able to fix the largest numbers of bugs, require max 3 and 28 patches to be sampled, respectively,
while the median is 1 for both. Therefore, if a developer wants to use either SimFix or TBar for bugs similar to those
in our dataset, one could sample just one patch at random, and in most cases, they would know if a correct patch was
generated. Furthermore, for SimFix they might consider up to 3 patches.

For 8 tools only up to 5 incorrect patches have been generated per bug. This means that if one samples any 6 patches
per bug generated by any of these tools, one would have certainty whether a correct patch was generated or not.

TBar, on the other hand, generated 41 unique patches for Math-85, 2 of which were correct It is worth noting that
jMutRepair generated only 3 patches for this bug, one of them correct. KPAR generated 45 unique patches for Math-50,
9 of which correct. It was, however, the only tool to generate a correct patch for this bug.

Our results also reveal that the more recent tools are more effective at finding correct patches, such as SimFix and
TBar (Table . In particular, we note that TBar is able to find the largest number of fixes, i.e., 25, for 43 bugs for

"https://github.com/SOLAR-group/overfitting-baseline-artefact/tree/main/saved_results/paper_resu
1ts/rq2/preprocessed.csv
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Table 4: RQ3 & RQ4. Number of patches per bug to be sampled, from the set of all patches generated by 10 tools, to
have 80%, 90%, or 100% chance of selecting a correct patch at random.

Sample sufficient with x% probability

Bug 80% 90% 100% Bug 80% 90% 100%
Chart-11 1 1 1 Lang-57 3 3 4
Chart-20 1 1 1 Math-70 3 3 4
Chart-24 1 1 1  Math-79 4 4 4
Chart-4 1 1 1  Mockito-29 4 4 4
Chart-8 1 1 1 Time-7 4 4 5
Closure-14 1 1 1 Math-30 4 5 6
Closure-73 1 1 1 Math-82 5 6 7
Closure-86 1 1 1 Chart-1 3 4 8
Math-11 1 1 1 Closure-46 5 6 9
Math-34 1 1 1 Lang-55 3 4 9
Math-5 1 1 1 Chart-9 9 10 11
Math-59 1 1 1 Closure-62 5 6 12
Math-65 1 1 1 Closure-126 6 8 15
Math-75 1 1 1  Math-58 15 17 18
Math-89 1 1 1 Chart-7 16 18 19
Mockito-38 1 1 1 Lang-59 21 24 26
Math-57 2 2 2 Math-33 16 21 37
Closure-2 3 3 3 Math-80 32 36 39
Closure-57 2 3 3 Lang-58 35 39 43
Lang-33 2 2 3 Math-85 21 27 48
Lang-43 2 3 3 Math-50 11 15 61
Math-53 3 3 3

which known fixes were found by any of the 10 tools. However, it requires the largest number of patches to be sampled
randomly to establish whether a correct patch was generated or not, pointing out that the internal patch assessment
used by TBar could be further improved.

Answer to RQ2: Our study reveals that one needs to randomly sample up to 6 unique patches per tool for most
bugs to have confidence whether a correct patch was generated or not. SimFix outperforms other tools in that
regard, being the second best tool in terms of efficacy (finding fixes for 19 bugs), while needing only up to 3
randomly sampled patches to review per bug.

6.3 RQ3: Overfitting Per Bug

Next, we consider the case where for a given bug we gather all syntactically unique patches generated by all 10 tools.
This should increase the chances of finding a correct patch, since there are bugs for which only one tool might be able
to generate a correct patch. However, this strategy might make the selection of a correct patch more difficult, as a
developer would have to undertake patch assessment for a larger set of patches than if they were to use just one tool.
Therefore, we calculate the probabilities of randomly sampling a correct patch from the set of all patches generated by
all 10 tools for a given bug, based on the RS baseline. Table | reports the number of patches that need to be sampled
to have 80%, 90%, or 100% chance that among them there is a correct patch.

We observe that for half of the bugs (22) up to 2 incorrect patches are generated, and thus one only needs to sample
3 patches to have 100% confidence that a correct patch exists in the sampled set. However, even up to 61 plausible
patches would have to be reviewed for one bug (see Math-50 in Table @), rendering a post-APR overfitting approach
useful in those cases.

Nevertheless, the results show that indeed combining patches from different tools significantly increases the number
of bugs fixed, from 25 fixed by an individual tool, to 43 when 10 tools are used. This comes at the cost of a higher
number of patches to be assessed, yet for 26 bugs only 3 patches need to be assessed to have 80% confidence that a
correct one would be found (see 2nd column in Table ), with the number increasing to 34 bugs if up to 6 patches are
analysed per bug.

11
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Answer to RQ3: Our study reveals that for 34 out of 43 bugs, one has a 80% chance of selecting a correct
patch if only up to 6 patches are sampled, while for half of the bugs only 3 patches need to be evaluated. These
numbers are not much higher than for an individual tool. Therefore, the use of multiple tooling to select a set of
patches might be a viable approach to increase chances of finding a fix.

6.4 RQ4: Patch Sampling Strategy

In the previous two questions (RQs 2-3), we looked at two scenarios: one in which we sample plausible patches for
assessment from a single tool (RQ2); and one where we gather all plausible patches generated by all given tools and
sample a patch from that set (RQ3). Whereas in RQ4 we discuss in which circumstances which strategy is more
beneficial.

Let us assume that the APR tools are used to fix bugs that are similar to the ones reported here, and thus the numbers in
Tables [3|and[d]are representative of the ability of the tools to find patches for such a set of bugs. If a developer where to
use all 10 tools to find a patch with 80% confidence for one bug, they would have to sample (5+%3+23+742x5) = 55
patches, if figures from TableE] in the 6th column, are considered, or up to 35, based on the results reported in Table E]
(in 2nd column). This is a worst-case scenario for this dataset and our chosen probability measure. However, since
the developer knows which patches come from which tool, they might consider evaluating patches from SimFix in the
first instance, as they only need to consider 3 of those patches in order to have confidence that a correct patch was
found by the tool.

Therefore, whether it is best to consider the patches of individual tooling or combine patches together to sample
from a bigger sample will depend on the choice of tools and bugs used, thus we advocate both sampling strategies
are considered. Our initial empirical results provide a probabilistic estimate for each of the tools and bugs. We
acknowledge that the results will differ, depending on the bugs and tools used. However, future research on post-APR
overfitting that uses the Defects4J dataset should take into account the empirical baselines established here.

Answer to RQ4: Our study reveals that when using multiple tools to generate plausible patches, it is worth
considering which tool the patches came from at the patch assessment stage. Prioritising patches from tools that
have a higher effectiveness rate and generate fewer patches needed for assessment could significantly reduce the
overall patch assessment effort.

6.5 RQS5: APR Tool Usage

To answer RQS5, we analyse how the 10 APRs tools we considered behave when executed up to 8 hours, as depicted
in Figure [2|and in Table providing more details on our artefact pageﬂ

First of all, we observe that when the 10 tools run for a longer time, although some (e.g., TBar, FixMiner) keep finding
correct patches, the rate decreases with time. Moreover, beyond 4.5 hours, the 10 tools are able to find fixes for only 2
additional bugs (Lang-6 and Lang-10, both found by TBar). Correct patches generated after 4.5 hours do not fix any
bug that has not already been fixed by at least one of the tools before the 4.5 hour time limit. This provides us with
an estimate, at least for the Defects4] set, of how long the tools should be run for (assuming the same environmental
conditions).

Moreover, we analysed the first n patches (where n=1,2,..,37) generated per bug for all 10 tools, within the 8 hour
limit. The results are summarised in Table[5] We observe that: (i) for 41 of the bugs, a correct patch was generated
as the first patch by at least one of the tools; (ii) for 43 bugs a correct patch was found if just the first two patches
were analysed per tool; (iii) correct patches for the remaining 2 bugs were found only when we considered the first 21
patches generated by each tool.

Answer to RQ5: Our study reveals that beyond 4.5 hours no new patches, syntactically equivalent to known
fixes, were found. Furthermore, TBar, the tool that was able to find fixes for the largest number of bugs, is
the tool that is able to fix more bugs, if given more time. We found that in order to find all patches that are
syntactically equivalent to known fixes for most (43 out of 45) bugs, one only needs to consider the first two
patches per tool when using multiple tools (i.e., either the correct patch was generated or not).

Shttps://github.com/SOLAR-group/overfitting-baseline-artefact/tree/main/saved_results/paper_resu
1ts/rq5/

12


https://github.com/SOLAR-group/overfitting-baseline-artefact/tree/main/saved_results/paper_results/rq5/
https://github.com/SOLAR-group/overfitting-baseline-artefact/tree/main/saved_results/paper_results/rq5/

The Patch Overfitting Problem in Automated Program Repair

jMutRepair-INC
jMutRepair-COR
SimFixINC{ ~ E=———
SImFix-COR{
jKaliINC{
jKali-COR
Avatar-INC
Avatar-COR
KPAR-INC
KPAR-COR{  r—im
FixMiner-INC
FixMiner-COR
TBar-INC
TBar-COR

Dynamoth-INC{ =
Dynamoth-COR
jGenProg-INC
jGenProg-COR

NopolINC{ B

Nopol-COR

Figure 2: RQ5. Time (in min) in which each APR tool finds correct (green bar) and incorrect patches (red bar).

Table 5: RQS. For each tool we show the no. of bugs fixed if the first n patches are considered per bug (for selected
n).

No. of bugs fixed within
first n patches per bug
Tool 1 2 3 4 5 20 21 36 37

TBar 27 29 29 29 30 31 32 32 32

SimFix 19 19 19 19 19 19 19 19 19
jMutRepair 3 3 4 4 4 4 4 4 4
Avatar 12 14 14 14 14 15 15 15 15
kPAR 4 4 4 4 4 4 5 5 5
FixMiner 9 10 10 10 10 10 10 10 10
jGenProg 2 2 2 2 2 2 2 2 3
dynamoth 2 2 2 2 2 2 2 2 2
jKali 1 1 1 1 2 2 2 2 2

7 Related Work

Software engineering research has long advocated for comparing novel approaches against existing alternatives, or in
their absence, against a simpler baseline [Ralph et al.(2020),/Cohen(1995)]. For example, the ACM empirical standard
on optimisation studies recommends that if a novel approach, for which there is no state-of-the-art available, is pro-
posed then it should be benchmarked against random searchﬂ Various studies have shown that such benchmarking is
crucial to ameliorate conclusion instability in empirical SE research [Sarro and Petrozziello(2018), |Chen et al.(2019),

Langdon et al.(2016)| Krishna and Menzies(2019)]. However, the use of a baseline benchmark for APR studies is not
a common practice yet.

Moreover, although previous work has empirically assessed the effectiveness of their proposed patch overfitting as-
sessment approaches, they all overlooked the extent to which they are beneficial in a practical scenario that reflect
their usage in the real-word. In fact, the effectiveness of these approaches has been generally assessed in terms of
patch reduction from a set of plausible patches. These patches were generated for a given bug in different previous
work, where the APR tool was usually stopped at the first patch found or have different configuration settings. This
may be due to the fact that it was convenient to reuse existing labelled patches from previous work instead of running
additional experiments hence the majority of the studies focused on the evaluation of a very large number of existing
patches, which exacerbated the perception of the magnitude of the manual patch assessment problem. Although such
evaluations are valid in their own right, we argued that we need to consider a more practical scenario.

We are the first to investigate the magnitude of how the overfitting problem affects the practitioner, where a developer
runs one or more APR tools for a given bug, within a fixed time budget, before the patch overfitting assessment takes
place. Future research could use our dataset of patches generated in such a practical real-world scenario, as well as the
RS baselines for that dataset, for future comparisons of patch assessment approaches.

https://acmsigsoft.github.io/EmpiricalStandards/docs/?standard=OptimizationStudies

13


https://acmsigsoft.github.io/EmpiricalStandards/docs/?standard=OptimizationStudies

The Patch Overfitting Problem in Automated Program Repair

8 Threats to Validity

Internal Validity. The internal validity of our study may be affected by the tools we considered. However, we
relied on the criteria proposed in previous work [Liu et al.(2020)|] to identify a well-established set of open-source
tools, which could be fit to the purpose of this study as we described in Section[5] For example, we did not include
APR tools based on neural-networks evaluated on Defects4] because these tools are either @) not publicly available
(e.g., CURE [Jiang et al.(2021)]) or b) require substantial modifications to produce a well-formed patch (e.g., Co-
CoNut [Lutellier et al.(2020)]). Starting from an initial set of 16 open-source tools, we refined it to a final set of 10
tools as we discarded three tools that are re-implementations of approaches we already consider, and other three due
to likely bugs (see Section [5.1] for more detail). Regardless, the random selection baseline is general enough to be
applicable to assess the impact of the overfitting problem suffered by any APR tool in practice. The fact that we do not
evaluate all state-of-the-art APR tooling does not invalidate our results and the novelty of our work: Any approach that
claims to reduce patch assessment due to the overfitting problem should use the RS baseline (regardless of tooling).
No previous work has considered that, that is why our work is novel beyond the tools considered.

Moreover, although we are generally consistent with previous work [Liu et al.(2020)]], we acknowledge some minor
differences.

As shown in previous work previous labelling may contain errors [Wang et al.(2020)]]. To mitigate such a threat, two
of the authors who have 15+ years of Java experience, verified all those patches considered herein that were labelled
as correct in previous work, and found 3 mislabelled ones which were therefore excluded from our study. [13]

Some of the APR tools we considered are heuristic-based and we run them once only in order to emulate a real-world
scenario, thus it should not be surprising if results vary between runs. There is also some randomness associated with
the use of test-case generation tools such as EVOSUITE [Fraser and Arcuri(2011)|], because of the stochastic nature of
the algorithm they use. Therefore, the results of our experiments may vary between different executions. To mitigate
this threat, we relied on a set of generated test cases that were generated on multiples seeds in previous work — that
is, for a given buggy program (patched with the developer-written patch), He et al. [Ye et al.(2021b)|] carried out
30 executions of Evosuite, each using a different random seed value, while Shamshiri et al. [Shamshiri et al.(2015)]]
carried out 10 executions. These multiple executions of Evosuite help produce more diverse test cases. Our automated
evaluation (Section[5.2.3)) uses all of those test cases in order to increase the probability of detecting overfitting patches
in an automated manner. Moreover, the test cases generated by Evosuite may be flaky. Flaky test could induce our
automated assessment to produce false positives (i.e., labeling correct patches as overfitting). To reduce this threat, we
execute the scripts provided by He et al. [Ye et al.(2021b)] for removing flaky tests from the set of Evosuite test cases
we used.

Finally, we use a timeout as a stopping criterion for the APR tools rather than setting a limit on the number of
patch candidates generated. However, Liu et al [Liu et al.(2021)] found that the time-to-validate cost (i.e., the use of a
timeout to stop the execution of a tool) may lead to comparison biases when the results of different studies are obtained
using different execution environments. This is not the case for our experiment as we executed all the approaches on
the same infrastructure.

Nevertheless, to reduce the comparison bias that might occur when comparing our results to other work, we describe
in detail our experimental environment (Section [5.1.4)), and provide a replication package (Section [I0).

Construct Validity. The main threat to the construct validity of our study is related to the manual labelling of the
patches. To ensure that patches were correctly labelled we had a second round of labelling to crosscheck the results.
Patches that were not as straightforward to label were discussed among the authors until a mutual decision was made.
Moreover, since we used an automated method for assessing patch correctness proposed by He et al. [Ye et al.(2021b)[,
we also manually analyzed 10% of such automatically assigned labels to verify that the assessment approach does not
produce a false positive i.e., reporting that a correct patch is overfitting.

External Validity. In this study we investigate all bugs from one dataset, Defects4J, which may limit the external
validity of our findings. This choice was dictated by the data available and the aim to include as many APR techniques
as possible. In fact, the majority of APR techniques work with Defects4J, and the use of other datasets would have
limited the number of techniques that we could study. The size of our dataset could mitigate such external validity
issues. Future research using other bug benchmarks would further reduce this threat, thus we provide all our scripts
and patches for replicability purposes (Section [I0). Nevertheless, the latest version of the dataset contains the same
programs as version 1.5 we use, thus our results generalise to the latest set (albeit not all programs are used as version
2 was extended with new software).

https://github.com/SOLAR-group/overfitting-baseline-artefact/tree/main/ground_truth_patches/mis
labelled_in_previous_work.txt
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We also acknowledge the threat of test suite coverage. However, Defects4] was specifically developed to ensure good
coverage of the given bug. The same threat concerns all APR studies using this dataset. We pose that regardless of
the dataset, researchers should ensure patch assessment studies compare against a random baseline. Here we provide
empirical data in case they use the same dataset to speed up such comparisons.

9 Conclusions

In this paper, we outlined a baseline, based on Random Selection (RS), for patch overfitting assessment. The main
premise of this work is that every post-APR overfitting approach should beat this baseline. The RS baseline helps
us explore and analyse the benefits of post-APR overfitting assessment techniques, and when it pays off to use such
techniques. To this end, we have empirically investigated to what extent popular APR tools for Java programs suffer
from the overfitting problem.

Our results confirm that ARP tools suffer from overfitting (solving 45 out of 158 bugs for which candidate plausible
patches are generated) yet this problem might be negligible as we found that a developer only need to consider a
median of 2 patches sampled at random to be confident to find a fix (or be sure none exists) for the Defect4] bugs
considered in our study. Therefore, we recommend to always evaluate the benefit arising from the use of any post-
processing APR tooling against the RS baseline outlined herein. We found that using multiple APR tools at the same
time does not make the APR overfitting problem much worse, and taking into account the type of an APR tool a patch
was generated from can further mitigate the problem. Letting an APR tool run at least to the second plausible patch
(most of which were found within 3h in our study) increases the chance of finding a patch that correctly fixes a given
bug.

10 Data Availability

All of our scripts and labelled patches are available at: https://github.com/SOLAR-group/overfitting-baselin
e-artefact/tree/mainl
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