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Abstract—Test-based automated program repair (TB-APR)
techniques automatically fix buggy programs by relying on a
failing test suite. This test suite serves a dual purpose: pinpointing
bugs and evaluating the validity of potential patches. However,
the effectiveness of TB-APR techniques in generating correct
patches is highly dependent on the test suite utilized. The primary
shortcoming of TB-APR techniques arises from the intrinsic
incompleteness of test suites, resulting in a significant drawback:
overfitting, i.e., the generation of ‘overfitted patches’, patches that
pass the given test suites but fail to repair the subject program
correctly regarding its more general intended behavior.

To address this challenge, we present a novel technique
designed to enhance the effectiveness of TB-APR methods
by automatically generating test suites tailored for program
repair. Unlike prior TB-APR techniques, it is rooted in the
recognition that edge cases that invalidate overfitted patches
play a pivotal role in guiding the repair process away from
incorrect solutions. This technique leverages formal specifications
and bounded verification to evaluate candidate patches and
transforms the counterexamples (CEs) obtained from verifying
candidate patches into tests for program repair. The efficacy of
iteratively using such CEs as tests for TB-APR is substantiated by
Iter-T our implementation of this technique for Java programs
and JML specifications, evaluated on a benchmark of 717 buggy
Java programs drawn from the APR literature. By progressively
constructing test suites exclusively from CEs of overfitted candi-
date patches, Iter-T increases the odds of fixing a bug by about
58% compared to the originally provided test suites. Moreover, in
cases where a TB-APR tool repairs a program using its original
suite, employing CEs alone as test suites reduces the median time
required to generate a correct patch by 42%. Remarkably, the
generated CEs-based test suites are very small, accomplishing
these results with only 2.4 tests on average.

Index Terms—Test suite generation, Automated program re-
pair, Specification-based program repair, Bounded verification

I. INTRODUCTION

Among the different stages of software development pro-
cesses, it is widely acknowledged that an important part
of software development is devoted to software debugging.

The reason is well known: building software is extremely
difficult, and despite the many techniques to improve the
development of quality software, software bugs still make it to
later development stages and deployed software. The amount
of time and other resources that are dedicated to software
debugging makes any effort put into improving the debug-
ging processes highly relevant. This situation has led to an
increasing interest in the development of tools and techniques
that can assist developers in both software verification and
software debugging. In effect, in the last decade or so, a
variety of techniques have been proposed to automatically
repair programs, i.e., given a buggy program, to attempt to
generate a syntactic variant of the program that gets rid of
existing bugs in it. Automated program repair techniques can
vary in many aspects: how bugs are localized, how candidate
repairs are generated, and how candidate repairs are assessed.
In this last aspect, most automated program repair tools use
tests. In fact, tests usually serve a dual purpose in program
repair: they are employed for fault localization (i.e., identifying
the statements in the program that are most suspicious to
contain bugs) and for patch validation, i.e., to decide when
a candidate patch is considered a fix.

Despite the inherently partial nature of tests as specifica-
tions, and the fact that existing test suites may originate from
a variety of concerns not directly related to automated repair
(e.g., to guide incremental coding in Test Driven Development
[1]] or to witness previous bugs maintained for regression [2]),
tests are still the most widely adopted mechanism to decide
the correctness of candidate repair patches. This has led to
a prominent issue in program repair: patch overfitting [3]. A
candidate patch is considered an overfit patch when, despite
passing all tests in the suite used for patch validation, the patch
does not meet the intended program behavior. The problem has
been extensively studied by researchers, and various solutions
have been proposed, including the use of high-coverage test
suites, the development of (test-based) semantic-based repair



techniques that seek to provide more general patches, and the
combination of program repair with automated test genera-
tion [3[]-[|6]. However, the intrinsic partiality of test suites
as descriptions of the intended software behavior makes the
overfitting problem a fundamental problem in most automated
program repair approaches [3[], [7]].

Recently, there have been some efforts to deal with patch
overfitting in the context of automated program repair by
making software specification part of the repair environment.
In particular, in Gissurarson et al. [5] specifications in the
form of general assertions known as properties in the context
of property-based testing [8]], are used in combination with
random testing to identify buggy programs and to assess
the correctness of Genprog-like candidate patches [9]. The
approach is implemented for Haskell and has been shown to
help in reducing overfitting. Similarly, in Nilizadeh et al. [10],
the program specifications given in terms of JML contracts
[11] are used to automatically assess patches produced by
automated program repair tools as correct fixes or overfit
patches. Moreover, the OpenJML tool is used to produce a
CE for overfit patches that, when added to the test suites used
for program repair, reduced overfitting. Le et al. [[12] pro-
posed JFix, a semantics-based repair framework for Java that
leverages symbolic execution and multiple synthesis engines to
reduce overfitting. Their evaluation used independent, held-out
test suites to measure patch generalizability, demonstrating that
JFix’s ability to combine several synthesis solvers significantly
increases the likelihood of producing non-overfitting repairs.
Shariffdeen et al. [13] introduced Concolic Program Repair
(CPR), a technique that directly tackles the problem of patch
overfitting by jointly exploring the patch and input spaces.
Instead of relying solely on test suites, CPR leverages concolic
execution to systematically generate new inputs and refine
patch candidates against user-provided specifications, such as
crash-freedom or assertion satisfaction. This dual exploration
allows the approach to discard overfitting patches that pass the
given tests but fail under unseen inputs.

In this paper, we present a technique that also leverages
formal specifications and automated verification to iteratively
produce test suites tailored for program repair. Iter-T, as the
implementation of the presented technique is called, receives
a program with a contract given in terms of pre- and post-
conditions specified in the Java Modeling Language (JML)
[11]. SAT-based bounded verification using the TACO tool
[14] is used to verify the program against its contract, and,
when a CE is found, it is automatically turned into a bug-
revealing test case. The obtained test suite (which at this point
contains a single test) is fed together with the buggy program
to an off-the-shelf TB-APR tool. If a patch is obtained, it
is checked against the specification using TACO again to
check for (bounded) correctness, or alternatively to produce
an additional bug-revealing test for a new repair attempt.
This leads to an iterative process in which overfitted patches
contribute new tests to the test suite until a fix (a correct,
non-overfitted) patch is produced by the underlying TB-APR
tool.

Contributions of the paper: The message we convey is
that the test suites generated from tests derived along the

automated detection of patch overfitting significantly improve
the performance of the TB-APR tools and therefore are natural
candidates to be used for TB-APR. We support this message
with an empirical evaluation that allows us to answer the
following research questions.

o RQ1: How effective are the test suites generated by Iter-T
compared to the provided test suite for program repair?

o RQ2: How many iterations/test-generations does Iter-T
require to converge to a repair?

¢ RQ3: What is the relative overhead of Iter-T compared
to the underlying TB-APR tool when using only the
provided test suite?

We show in Section [[V-E| among other results, that the test
suites generated by Iter-T increases the odds of fixing a bug
by about 58% compared to the originally provided test suites.
Moreover, the test suites generated by Iter-T are small, having,
on average, 2.4 tests, and the median repair time is reduced
by 42%.

While Iter-T, a language-specific implementation of the
presented technique, generates test suites from verification
attempts over JML-annotated Java methods using the bounded-
verification tool TACO, the technique itself is general and may
be ported to other programming languages using alternative
tools. For instance, to repair C programs using CBMC [15] (a
bounded model checker for C) instead of TACO and GenProg
[16], as the TB-APR tool for C. However, we acknowledge that
the availability, maturity, and expressiveness of specification
languages and verification tools can vary significantly across
programming languages, which may impact the effectiveness
of this technique.

In summary, the contributions of this paper are: (i) a tech-
nique for generating test suites specifically tailored to enhance
the performance of TB-APR tools, (ii) an implementation of
the technique, called Iter-T, and (iii) an evaluation and results
showing the effectiveness of Iter-T using existing benchmarks
with existing TB-APR tools. In addition, this work also
provides formal specifications for the well-known Introclass
benchmarks and new test suites that are small but important
for validating patch quality for buggy programs in existing
benchmarks. All results and data are open source and are made
available in Section [V-1l

II. MOTIVATING EXAMPLE

Let us start with an example to demonstrate our approach.
Listing [I] shows a buggy version of a Java implementation of
binary search, equipped with its specification using JML. The
bug has to do with an inaccurate check for the case in which
the key was not found, and can be fixed by modifying line
as shown in Listing [2| using the diff format.

//@ requires (\forall int j;

1

2 //@ 0 <= j && j < arr.length;

3 //@ (\forall int i;

4 //@ 0 <= 1 && 1 < j; arr[i] <= arr[jl));

5 //@ ensures \result == -1 <==>

6 //@ (\forall int i;

7//a 0 <= i && i < arr.length; arr[i] != key);
8 //Q@ ensures \result != -1 ==>

9 //@ 0 <= \result && \result < arr.length &&

10 //@ arr[\result] == key;



11

12 public int binary(int[] arr, int key) {
13 if (arr.length == 0)

14 return -1;

15 else {

16 int low = 0;

17 int high = arr.length;

18 int mid = high / 2;

19

20 while (low < high && arr[mid] != key) {
21 if (arr[mid] < key)

22 low = mid + 1;

23 else

24 high = mid;

25 mid = low + (high - low) / 2;

26 }

27 if (low > high)

28 return -1;

29 return mid;

30 }

31}

Listing 1. Py: Buggy binary search method.

27c27
< if (low > high)
> if (low >= high)

Listing 2. A fix to method binary search.

The only pre-condition of this program states that the input
array must be non-decreasingly sorted, and the post-conditions
state that the result must be the index of the searched element
key in the array, or —1 if there is no such index.

Let Py be the program in Listing [T] and Tj the empty test
suite. First, we run the TACO bounded verification tool on all
the methods of the class containing Fy. Since Py is buggy, it
violates its specification and we obtain a CE from which we
can extract the actual parameters of method binary: arr =
[2, 2] and key = 4. With this input, we write a unit test
to and add it to Ty. After running ¢y, we confirm that it is a
bug-revealing test since it makes the method binary return
2 instead of —1. Now we have the buggy program F, and the
test suite 77 := Ty U {to} with at least 1 bug-revealing test
(actually, T7 only contains %p), a common requirement to run
TB-APR tools.

We now attempt to repair FPy. We use an off-the-shelf TB-
APR tool and T7. This produces one patch shown in Listing
This patch modifies one line of Py, and the program resulting
after applying the patch, namely, P, passes test suite 77.

27c27
< if (low > high)
> if (arr != null)

Listing 3. First patch of method binary.

We are now in the same scenario as in the beginning. We
have a (new) program P; equipped with specifications, so we
verify P; against the specification and obtain another CE, from
which we synthesize the test ¢1: arr = [6] and key = 6,
which is also a bug-revealing test. We add ¢; to 77 and try to
repair Py again, except this time we use Ty := T} U{¢1}. This
time, the TB-APR tool produces the patch shown in Listing 4]
When applied to Py, it produces the new program P.

27c27

< if (low > high)

0o

=
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TB-APR
finds a patch

Verification
yields CE

No
Fix found or
no more CE

Fig. 1. Flowchart of Iter-T

> if (low == high)

Listing 4. Second patch of method binary.

At this point, it should be clear that this is an iterative
process. P is correct, but it could be the case that it is not, and
we can continue to add bug-revealing tests and try to repair
Py. Even though P is correct, we do not know this until we
verify P, with TACO and get no CE.

Let us make some remarks on this process:

o We always try to repair the original program F, with a
new, and more comprehensive test suite, each time.

e P is an overfit patch.

o T and T5 are guaranteed to have at least 1 bug-revealing
test for Py.

e We do not know whether the remaining tests that were
added are bug-revealing tests for Py. What we do know
is that these tests will prevent the TB-APR tool from pro-
ducing the same overfitted patch as in previous iterations.

o The use of specifications has three main advantages. First,
they allow us to assess the correctness of a patch. Second,
they allow TACO to provide CEs whenever the patch is
incorrect. Third, specifications allow us to single out the
buggy methods from the non-buggy methods in a class.
This allows us to concentrate the repair on specific buggy
methods and automatically generate tests only to invoke
such methods under repair (see Section [[II-DJ.

III. ITER-T UNDER THE HOOD

In this section, we describe in detail how Iter-T works.
Iter-T is essentially a bash script that integrates various TB-
APR tools (nine tools in total, described in Section [IV-B)), and
the TACO verification tool, described in Section Fig.
shows a flowchart that depicts its main aspects.



A. Initial Step

We start the repair process with Py, the buggy program we
want to repair, and the empty test suite 7. We cannot yet use
any TB-APR tool because it requires a test suite with at least
one bug-revealing test and T is empty. Instead, since P is
fully specified with a JML contract, we verify Py with the
TACO bounded verification tool. In Fig. [1| Py would take the
place of the bottom buggy foo (), the one with the question
mark. If we do not get a CE, we cannot continue. This is
equivalent to traditional TB-APR: When there are no bug-
revealing tests in the provided test suite, the repair process
cannot start. However, if we get a CE ¢, after checking that ¢
is a bug-revealing test we add it to T to obtain the test suite
Ty := Tp U {t}. Now that we have a test suite with at least
one bug-revealing test, we can proceed with running a TB-
APR tool to attempt to repair Py. At this point, Py would take
the place of the top buggy foo () of Fig.[I} In Section [[II-E]
we explain why it may be the case that TACO produces no CE
when verifying a buggy program, or why the CE it produces
may not yield a bug-revealing test.

B. Iterative Step

After trying to repair Fy using a TB-APR tool with the test
suite 77, there are 2 possible outcomes, described below.

If we get a patch, say P;, we analyze it with TACO to assess
whether it is correct for the given specification. If TACO does
not find a CE, our repair process is complete and we classify
P as a correct patch. However, if we get a CE ¢, we proceed
as in Section we check whether the test reveals a bug,
add it to T} to get Ty := T7 U {t}, and try to repair Py again.
In this case, P; is an overfit patch. Notice that we always
try to repair Py, and intermediate patches (P, ..., P,), when
TACO deems them incorrect, are only used to enhance the test
suite with the CE found. This prevents the TB-APR tool from
producing previously overfitted patches.

If we do not get a patch, our process might be concluded.
However, we ask TACO for a new CE (different from the
previous ones) to add to the test suite 7>. One might think
that there is no gain in doing so, as adding more tests to
T, will only restrict the space of candidate patches that
the TB-APR tool considers. Still, some tools benefit from
this decision. Some TB-APR tools are non-deterministic (for
example, ARJA-e [17]). Thus, just running the tool again (and
with an extra test) might allow a patch to be generated.

Another argument supporting this decision is that some
TB-APR tools might widen the space of candidate patches
when a new test is added to the test suite. This is the case
of Nopol [18]], which prunes trivial patches from its search
space (ones that would pass the given test suite but contain
constant conditional expressions such as if (true) or if
(false). In this scenario, adding more tests could help
Nopol synthesize a new patch that will not be pruned (without
constant conditional expressions). While pruning these patches
seems to be necessary to produce a correct patch, two ob-
servations have to be made: first, there are many bugs, at
least on the studied benchmarks, that can be fixed with such
a simple conditional expression. For example, 1f (false)

is equivalent to removing a statement that might fix the bug.
Second, Iter-T requires the underlying TB-APR tool to keep
producing patches, regardless of their correctness. This is
because further patches enable Iter-T to add more tests to
the test suite, thus refining the production of patches on each
iteration, leading eventually to a correct patch or to not having
a patch at all (which is preferable to having an overfitted one).
Finally, adding more tests might change the ranking of the
source locations produced by the underlying fault localization
technique, thus changing the space of candidate patches.

We limit the number of tests that can be added whenever
the TB-APR cannot find a patch to three. In Section we
provide empirical evidence supporting this decision. If the TB-
APR tool still cannot find a patch after adding three tests on
the current iteration, our repair process is finished without a
patch.

C. Termination and Undecidability

APR is undecidable in general [19], as it combines un-
decidable sub-problems such as bug localization and patch
validation. Iter-T addresses these theoretical limits by enforc-
ing explicit practical bounds, which guarantee termination
while yielding conservative results. In Sections [[II-A] and
I1I-B] we describe the algorithm implemented within Iter-T.
Bug localization and patch generation are delegated to the
underlying TB-APR tools, which are treated as black-box
components whose execution is guaranteed to terminate by
setting a timeout. Patch validation is performed by TACO
using bounded verification, which restricts loop unrolling and
input domains as explained in Section making the
verification problem decidable within a finite search space.
Finally, each new call to TACO is constrained to produce a
CE different from the previous ones, ensuring progress and
preventing infinite refinement loops.

D. Writing Tests

In this section we describe how we create the tests to
evaluate Iter-T and some considerations about these tests.

Whenever TACO analyzes a class, it is invoked on the
methods of the class, and the latter are partitioned among
(possibly) correct and buggy. If TACO determines that a
method is buggy, i.e., it violates its specification, it produces
a CE from which a bug-revealing test is synthesized. This test
builds the receiver object on which the buggy method will
be invoked, as well as the parameters and static attributes.
The test then invokes only the method under repair, which of
course might call other methods as well. It is worth remarking
on the important role contracts play in Iter-T since they allow
us to identify buggy methods. We believe that this may help
the underlying TB-APR tool in the fault localization stage.

When the verification tool finds a violation of the post-
condition, it typically produces a concrete input. For such
inputs, we determine the corresponding expected outputs to
fully construct a unit test, including the appropriate assertion.
If the reported failure corresponds to an unhandled exception,
no expected output is considered. Thus, we need an oracle
to determine the expected output. The benchmarks used in



this work come with reference implementations for every case
study that we use for this purpose (we run the reference
implementation on the produced input and collect the obtained
output to write the corresponding assertion). In a real-world
setting, reference implementations are typically not available.
However, there exist other viable alternatives given the fact
that we have a (violated) post-condition for the identified
CE inputs. An alternative is to employ a run-time assertion
checker, e.g., the one accompanying OpenJML [20], to extract
the assertion checking code and use it directly as the unit test
assertion. Another alternative is to query the solver underlying
the verification tool, TACO in our case, to produce concrete
expected values (values that satisfy the post-condition) that
correspond to the input from the CE. In this last option, we
do not need to encode the program (which is incorrect) or the
pre-condition (which the inputs of the CE are guaranteed to
satisfy); only the post-condition, instantiated with the inputs of
the CE, suffices. This is a significantly cheaper SAT problem to
solve than the verification problem, and thus the SAT overhead
should be minimal.

Currently, the conversion of CE into unit tests is semi-
automated. The approach relies on manually written test
templates containing placeholders that are instantiated with
concrete values extracted from the CE. After invoking the
failing method, these tests assert the post-conditions and
class invariants. While such manual templating would not be
practical in a realistic setting, the primary goal of Iter-T is
to evaluate and compare the repair capabilities of existing,
off-the-shelf TB-APR tools when supplied with CE-derived
test suites. Fully automating this step is orthogonal to our
evaluation and can be achieved using existing techniques, such
as TACO’s built-in support for generating unit tests via Java
reflection or the automated CE-to-test translation approach
proposed by Nilizadeh et al. [21]

Another observation that has to be made is that Iter-T
only adds bug-revealing tests to the suite, but this does not
necessarily mean that the TB-APR tool has only bug-revealing
tests available for repair. For example, consider a case where
Iter-T iterates 3 times to repair Fy. The intermediate patches
P, and P, are overfitted, and Ps is a fix. In this case, 13
would consist of 1-3 bug-revealing tests for Py, 1-3 for P,
and 1-3 for P». Notice that the bug-revealing tests for P, and
P, might be passing tests for F.

E. No CE - No Bug-revealing Test

This section describes some issues regarding the finding of
CE and bug-revealing tests.

When the TB-APR tool cannot find a patch, we ask
TACO for more CEs following the procedure described in
Section However, there may be no more CEs. This
happens when there are a reduced number of inputs that cause
the program to violate its contract. For example, consider the
buggy program in Listing [5] corresponding to bug 9 of class
FindFirstZero. The method findFirstZero should
return —1 when the array is empty; however, it returns 0. If
the TB-APR tool cannot find a patch only with this test, we
cannot continue the repair process, since there are no new

CEs to enhance the test suite. This is the case of Nopol,
jGenProg, and Cardumen, three of the TB-APR tools used
in the experimental evaluation (see Section [[V-B). The same
scenario arises when asking TACO for a new CE (different
from the previous ones) as described in Section but all
possible CEs have already been found and the TB-APR tool
could not find a patch.

public static int findFirstZero(int[] x) {
if (x.length == 0) {
return 0;
else {

// Code to handle non-empty arrays

1
2
3
4 }
5
6 }
7

}

Listing 5. Method with only one input exposing the bug.

Even if TACO finds a CE, it is possible that, when translated
into a test, this results in a positive test. Consider again the bug
shown in Listing I} which can be fixed by modifying the guard
at line [27| as shown in Listing 2| ARJA-e (one of the TB-APR
tools used in the experimental evaluation, see Section |[V-B)
finds a patch for this bug that is shown in Listing [6} it inserts
a new assignment statement just before line

26a27

> low = mid + 1;

Listing 6. Patch generated by ARJA-e.

The patch found by ARJA-e is overfitted and fails with
an array of length Integer.MAX VALUE and a key greater
than all the elements stored in the array. With such inputs, the
patch produced by ARJA-e will lead to an overflow setting
low with Integer.MIN_VALUE, making binary return
mid (which equals Integer .MAX_VALUE and is not even
a valid index) instead of —1.

When this patch is analyzed with TACO, it finds the fol-
lowing CE: arr = {0, 0, 0, 0, 0, 0, O} and key
= 2 which does not expose the bug when run as a test.
However, this is not an error of TACO. TACO can be instructed
to consider the full bitwidth of Java integers or a restricted
one (see Section [IV-C), and in this particular case it was
instructed to use a bitwidth of 4. Let us name the Integer class
with a restricted bitwidth of n Integer,; then, Integer,
allows values ranging from -8 to 7. With this setting, TACO
finds the same failure scenario: an overflow occurs setting the
variable low to Integer, .MIN_VALUE, making binary
return mid (which equals Integer, .MAX_VALUE) instead
of —1. Notice that the length of the array arr is also
Integer, .MAX_VALUE. This case is correctly identified
by Iter-T as a “possible overflow-related bug” and the repair
process is concluded since Iter-T could not provide a bug-
revealing test. Still, it is important to make some remarks:

e TACO found a bug that manifests itself only with ar-
rays of length Integer .MAX_VALUE using a restricted
bitwidth of 4.

o Even if TACO was run with an unrestricted bitwidth, it
would not be easy to run a test holding such a big array,
since it would require almost 8 GB of heap memory only
to store the array.



FE. The Contracts

In this section, we discuss some issues regarding the use of
contracts in this work. Contracts have many applications, and
many times contracts are written with a specific verification
task in mind, and even on the assumption of implicit properties
of the code being verified. For example, if one only wants to
verify that a given method does not throw exceptions, there
is no need to provide a specific post-condition (other than the
implicit “no exception thrown”). Another example concerns
sorting: a typical post-condition for sorting algorithms only
states that the resulting array or collection is increasingly
sorted (this is sufficient in cases in which, e.g., array modifica-
tions are only performed by array value swapping). However,
a method that just returns an empty array for whatever input
array it receives, would satisfy such (weak) specification (an
additional assertion stating that the resulting array must be
a permutation of the input array should be added to prevent
these incorrect outputs). Iter-T uses the contracts as the oracles
for repair: imprecise or weak contracts might lead Iter-T to
produce overfitting and incorrect specifications, in the sense
of not satisfying the intended behavior of the program. Notice
that the same applies to traditional TB-APR techniques: the
inherent incompleteness of test suites makes them weak as
oracles, and an incorrect test case may lead to incorrect
repairs. Contracts, however, provide at once a specification
of the intended behavior of a program, replacing the need
for possibly infinitely many tests of an equivalent test-based
specification.

The contracts in the studied benchmarks do not consider
the time complexity. Then, for example, a ©(n) patch for a
program expected to be O(logn) would be deemed correct if
the input-output behavior is correct. This is the case of the
correct patch found by ARJA-e for method binary, which
is shown in Listing [/} The bug was introduced in line [T4]
and ARJA-e patched the same line. The resulting program
performs a linear search instead of a binary search, but still
produces the expected result. The same issue is discussed in
Nilizadeh et al. [22]] and we got similar results regarding a
change in time complexity. In this work, as in Nilizadeh et al.
[22], these patches are considered correct.

1 public int binary(int[] arr, int key) {
2 if (arr.length == 0)
3 return -1;
4 else {
5 int low = 0;
6 int high = arr.length;
7 int mid = high / 2;
8
9 while (low < high && arr[mid] != key)
10 if (arr[mid] < key)
11 low = mid + 1;
12 else
13 high = mid;
14 mid = low - (low - low) / 2;
15 }
16 if (low > high)
17 return -1;
18 return mid;
19 }
20}

Listing 7. Correct ©(n) patch for binary search.

Another issue arises when the specification does not capture
the expected behavior of the program but only the input-
output relation. Consider the buggy method t imer from class
Time of Listing [8] The method decr decreases the time by
one second, and the loop guard should be ! isTimeZero ().
However, the specification only states that the final state must
be hour 0 && minute 0 && second == 0,
which does not prevent a patch that sets these fields to 0
while at the same time removing the while loop from being
considered correct.

1 //Q@ ensures hour == 0 && minute == 0 && second ==

0;

2 public void timer () {

3 while (isTimeZero()) {
4 decr () ;

5 }

6 1}

Listing 8. Buggy method timer.

The contracts in the BuggyJava]ML benchmark (one of
the studied benchmarks, see Section include invariants
and variant functions for loops. Unlike the pre- and post-
conditions, these contracts are tied to the body of the method
they were written for. Although they are useful to verify
that specific implementation, they may generate spurious CEs
during verification that lead to false positives in the testing
process. In effect, if a correct patch (a fix) is produced by
the TB-APR tool that modifies the loop body in a way that
violates the loop invariant or in a way that does not decrease
the value of the variant function, TACO would deem that
(correct) patch as incorrect. In particular, the invariants in-
cluded in BuggyJava]ML were written for the correct version
of the programs, those that once mutated spawned all the
bugs of the benchmark. Including these contracts during the
verification phase sets the unrealistic expectation of TB-APR
tools undoing the mutation in a syntactic sense.

Iter-T ignores these contracts and the rationale behind
this decision is presented below. Consider the correct patch
generated by ARJA-e for method addLoop of Listing [0}

The bug was introduced in line 8} while (n >= 0)
instead of while (n > 0). However, ARJA-e managed to
fix this bug by adding the assignment sum = sum - 1 at
line E} Now, let us analyze the invariant at line [/| Recall that
the loop invariant must hold at the beginning of each iteration,
and upon loop termination, the invariant and the negation of
the loop guard must also hold. The patch of Listing [9] while
correct for the input-output behavior, does not satisfy this
invariant: first, sum x + y — n does not hold at the
beginning of the loop (v equals n and sum equals x - 1).
Second, immediately after the loop, the negation of the loop
guard ! (n >= 0) conjoined with the invariant (consider
its second conjunct) 0 <= n must hold; however, this is a
contradiction. Considering this invariant during the verification
phase, any pair of integers (x, vy), where (y > 0), would
produce a CE, yet none of them would produce a bug-revealing
test. Even if the program is not correct for the expected input-
output behavior, a CE might expose a violation of the invariant
with a set of inputs that do not expose a violation of the
post-condition. In the last case, the execution of Iter-T would



terminate, since there is no bug-revealing test to continue the
repair process.

1 public int addLoop (int x, int y) {
2 int sum = x;

3 if (y > 0) |

4 sum = sum - 1;

5 int n = vy;

6

7 //@ maintaining sum == x + y - n && 0 <= n;
8 while (n >= 0) {

9 sum = sum + 1;

10 n=n-1;

11 }

12 } else {

13 // Code to handle y <= 0

14 }

15 return sum;

16 1}

Listing 9. Fix for addLoop not complying with the invariant.

There are other issues related to loop contracts. Let us con-
sider a patch, most likely an intermediate one, that completely
removes a loop while keeping the loop contract. This might
lead the verification tool to an error since there is a missing
loop. The converse situation is also possible: a patch that adds
a new loop but its contracts would be missing.

Finally, the use of loop contracts might be necessary to
find a CE. After TACO unwinds the loops with the user-
provided upper bound (see Section[[V-C), it adds the necessary
constraints to the underlying SAT problem to prune any
path of execution that exceeds the aforementioned bound. By
doing so, it might prune all the paths if the program loops
infinitely for every valid input. Then, the verification would
pass vacuously producing no CE. The current version of Iter-T
does not address this issue, but it can be instructed to enable
loop contracts and restart the verification phase whenever it
produces no CE. Some cases fall into this category and are
discussed in Section [[V]

IV. EVALUATION

In this section, we present the results of the experimental
evaluation and address the research questions RQ1-RQ3.

A. Benchmarks

To evaluate Iter-T, we use two benchmarks: BuggyJava]ML
[22] and IntroclassJava [23]], resulting in a total of 717 different
bugs. Although TACO is precise in verifying the supported
constructs of Java and JML, it does not support all of them,
such as the Java types String and Short, or control
statements like cont inue and switch. Regarding the JIML
constructs, TACO does not support the full JML language
specification. As a result, the number of bugs considered
in this work is a subset of the original benchmarks. In
particular, all bugs from the IntroclassJava benchmark output
strings that are compared against the expected ones in the test
assertions, so we replaced every output with integers, e.g., "5
is the smallest" with 5. During this instrumentation,
many bugs involving incorrect or misspelled strings with
otherwise correct values, e.g., "5 is the smallesst"
were corrected. From the original BuggyJavaJML benchmark
containing 597 bugs, we removed 48 bugs, and from the

original IntroclassJava benchmark containing 297 bugs, we
removed 129 bugs.

The bugs in BuggyJava]ML consist of mutants generated
with PiTest [24] from correct versions of a variety of programs.
Each bug comes with a specification in JML and a test suite
generated using Kelinci [25].

The bugs in IntroclassJava consist of student-written ver-
sions of 6 small C programming assignments in an intro-
ductory, undergraduate, C programming course that were
automatically translated into Java. IntroclassJava includes an
instructor-developed solution for each of the 6 assignments
but does not come equipped with JML specifications. We took
the specifications from [26]], which were written using Code
Contracts [27] for Pex [28]], and translated them into JML. We
then verified the solutions developed by the instructor against
these specifications to assess their correctness.

The test suite provided in this benchmark is a combination
of white-box tests, generated with KLEE [29] and manually
written black-box tests. The availability of specifications on
these benchmarks makes them suitable for this study.

B. TB-APR Tools

To evaluate Iter-T we use nine TB-APR tools that we
describe below.

o AlphaRepair [30]: A cloze-style APR approach that uses
large pre-trained code models under a zero-shot learning
setting to directly generate patches.

o TBar [31]: A template-based technique that systemati-
cally attempts to apply fix patterns to program bugs.

e ARJA-e [17]]: An evolutionary approach to program re-
pair, more precisely genetic programming, that combines
two sources of fix ingredients: the statement-level redun-
dancy assumption and repair templates.

o jGenProg [32]: A redundancy-based repair approach that
synthesizes candidate fixes from existing code written
somewhere else in the system under repair.

o jKali [32] and KaliA [33]: Java versions of Kali [7]
from the Astor [32] and ARJA [33]] repair libraries,
respectively. jKali and KaliA carry out an exhaustive
search of the repair space and implement three syntactical
changes: removal of statements, change of if-conditions
to true and false, and insertion of return statements.

o jMutRepair [32]: A repair approach that mutates suspi-
cious if conditional statements, performing one single
change to the condition, including relational, logical, and
unary operators.

e Cardumen [34]]: The Cardumen mode of Astor [32]. A
program repair algorithm that is designed to maximize the
number of test-suite adequate patches based on mining
repair templates. It uses a probabilistic heuristic for
prioritizing candidate patches.

¢ Nopol [18]]: Nopol dynamically gathers information about
if-conditions. Then, it transforms this information into an
SMT problem, and the solution to this SMT problem is
then translated into a corrected if-condition.



C. Verification Tool

TACO [14] (for Translation of Annotated COde) is a tool
for bug detection in Java methods. It receives as input a Java
method annotated with a JML contract and produces an input
exposing a failure (if one such input exists) or informs that no
bug has been detected in the method under analysis. TACO
performs a bounded verification, that is, it searches for bugs
under some constraints:

o The number of loop iterations is bounded by the user,
and, in the experiments we conducted, it is usually set to
4 iterations. In some experiments, it had to be increased to
detect bugs in the source programs. The actual values for
each experiment can be found in the replication package
(see Section [IV-I)).

o Data domain sizes are also bounded to some maximum
sizes. For the integer primitive data type, TACO allows
the user to constrain the range of integers to be considered
via the prescription of a bitwidth, i.e., the number of
bits to be considered for representing integer numbers
when using 2’s complement arithmetic. TACO also allows
for the use of full-fledged integer representations of
integers as in Java (with 32 bits) and also full-fledged
representations of longs (64 bits) and floats (32 bits).

These parameters are not independent and must be chosen
consistently: a bitwidth that is too small with respect to the
loop unrolls may cause overflows before reaching their in-
tended iterations, yielding spurious CEs, while an excessively
large bitwidth increases verification costs without improving
failure detection. We select low but sufficient values for both
loop unrolls and bitwidth, ensuring that TACO can expose
violations while keeping bounded verification tractable. Sec-
tion includes a sensitivity analysis for these parameters.

Internally, TACO translates the contract-annotated code to
an Alloy [35] model that is analyzed using the Alloy Analyzer
[35] with the aid of an off-the-shelf SAT-solver. If a bug is
detected by TACO, from the satisfying valuation produced
by the SAT-solver a program input is synthesized by TACO.
When the method is executed, this input exposes the contract
violation.

D. Evaluating Patch Correctness

Even though we use TACO to assess the correctness of
candidate patches, every patch when deemed correct is subject
to additional analysis to capture situations where the spec-
ification does not capture the bug. For every patch of the
BuggyJava]ML benchmark, we run two independent analyzes:
(i) we use an off-the-shelf diff tool to compare side-by-side
the patch under analysis and the reference implementation. In
the vast majority of cases, the fixes are trivially equivalent to
the reference implementation. And (ii) we check that the patch
under analysis passes the suite provided for the corresponding
case study.

IntroclassJava does provide reference implementations, but
the bugs on this benchmark are not derived from them as in
BuggyJavaJML. Instead, they are implementations of the same
problem from scratch, making it infeasible to use a diff tool.

To further evaluate the correctness of these patches, we used
bounded exhaustive suites of 1000+ tests taken from [26]].

This additional correctness assessment showed that Iter-T
achieves a 92% precision rate.

Note that we do not distinguish patches that are syntactically
identical to the reference solution from those that are semanti-
cally equivalent but syntactically different. Instead Iter-T relies
on TACO to assess the correctness of candidate patches.

E. Experimental Evaluation and Research Questions

In Section [l we describe how Iter-T works. To evaluate
Iter-T, we compare the performance of the TB-APR tools
running with the test suites generated by Iter-T and with those
that accompany each bug in the benchmark. Regardless of the
origin of the test suite, whenever a TB-APR tool finds a patch
with the benchmark suite, we analyze it with TACO to assess
its correctness. If a CE is found and produces a bug-revealing
test, we classify the patch as overfitted; otherwise, we evaluate
the patch as described in Section

From now on, we refer to a buggy program as a bug, e.g.
bug3 of class Time from the BuggyJava]ML benchmark,
and we call case study or case for short, the application of
a TB-APR tool to a specific bug. With a total of 717 bugs
and 9 different TB-APR tools, we generated 6453 cases, each
of which we evaluated using 2 test suites: the benchmark-
provided suite and the one generated by Iter-T, resulting in a
total of 12906 experiments.

Let us start with a summary of the results. Table [I[] shows
the overall results without distinction of the benchmarks or the
TB-APR tools used. This table has a twofold aim: to enable
us to provide answers to the RQs and to help the reader gain a
high-level understanding of the results and possible outcomes
of the experiments.

The first column of Table [I] lists all possible outcomes
of the experiments described below. Note that it does not
include “plausible patch” as a possible outcome since these are
immediately subjected to verification and classified as either
fix or overfit. What is commonly referred to as a “plausible
patch” in the APR literature corresponds, in Iter-T, to an
intermediate patch.

o Fix: The generated patch is deemed correct.

o Overfit: The generated patch is overfitted.

o No patch: No patch was generated.

« No negative: No bug-revealing test is available to run the
TB-APR tool.

o Timeout: The TB-APR tool reached the one-hour timeout.

o Error: There was an error running any of the tools
involved.

The last column of Table [l shows the number of cases that
fall into each difference, the intersection and the union. That is,
there were 1875 cases fixed with either source of the test suite,
of which 162 (8.6%) were fixed only using the benchmark
suite, 1249 (66.6%) with both suites, and 465 (24.8%) only
with Iter-T. The second row presents the same numbers broken
down by bugs instead of cases. That is, if a bug is fixed with
at least one TB-APR tool, we report it here. Remarkably,
there are 68 bugs that can only be fixed with Iter-T. The



percentages accompanying each value in Table [I| correspond
to the difference Iter-T makes over the benchmark suite, e.g.,
there is an increase of 21% in the number of fixes when we
use the suite generated by Iter-T. 18 out of the 162 cases fixed
only using the benchmark suite correspond to situations where
the TB-APR tool could not find a patch even after adding three
tests to the current iteration.

While reporting raw proportions gives a first glimpse of
the results, to assess whether this difference is statistically
significant while accounting for variability across classes, bugs
and tools, we performed a mixed-effects logistic regression
with random intercepts for class, bug, and tool. This model
isolates the effect of the test suite itself. The analysis shows
that Iter-T increases the odds of fixing a bug by about 58%
compared to the originally provided test suites (odds ratio =
1.58, 95% CI [1.48,1.70], p < 0.001), confirming that the
improvement is robust and not driven by particular bugs or
tools.

These numbers show a significant difference in favor of
Iter-T providing a clear answer to RQI. The test suites that
Iter-T produces improve the performance of the TB-APR tools
compared to that of using the ones originally provided within
the benchmarks. The number of overfitted patches is decreased
by 77%. This result is further supported by a similar logistic
model as before, which indicates that Iter-T reduces the odds
of overfitting to about 14% of the odds under the provided
test suites (odds ratio = 0.14, 95% CI [0.12,0.17], p < 0.001).
This is aligned with the way Iter-T synthesizes the test suite.
Nevertheless, there are 155 cases for which Iter-T did not
provide a bug-revealing test. This usually happens because
the specification is not strong enough to expose the bug, or a
loop in the buggy method does not terminate.

The number of cases classified under the No patch outcome
increases by 10%. While this might initially appear to be a
negative result, the primary goal of Iter-T is to provide a test
suite tailored for program repair, guiding the TB-APR tool to
either produce a valid fix or conclusively determine, through
unskippable bug-revealing tests, that it cannot fix the bug. In
other words, Iter-T shifts cases from the overfit outcome to
either the Fix or No patch outcomes.

The inherent incompleteness of test suites not only results
in overfitting but also may fail to provide bug-revealing tests
for the to-be-repaired program, preventing the TB-APR tool
from starting. The cases classified under the No negative
outcome illustrate this scenario. The benchmark test suite did
not include a single bug-revealing test for 423 cases. Iter-T
is also subject to this problem resulting in a total of 125
cases, TACO could not find a bug-revealing test in the first
verification attempt. The reason is the same as that for the
overfitted patches described earlier, except that happening on
the first iteration discards the possibility of calling the TB-
APR tool.

Before we continue with the Timeout outcome, recall that
Iter-T might call the TB-APR tool multiple times so we
compare the sum of all calls against the timeout to classify
accordingly. This outcome also shows an improvement for
Iter-T. We believe this is related to the size of the suites that
Iter-T produces, which we discuss later. Finally, the number

of errors incurred by the underlying tools, while small with
respect to the 6453 cases, is 246% greater for Iter-T. This is
not surprising, if we consider that the experiments with the
benchmark test suite require just 1 call to the TB-APR tool
and, at most (if there is a patch) 1 call to TACO. While Iter-T
calls these tools up to 3 times (each) per iteration.

The rest of this section focuses mainly on the fixes found.

TABLE I
#CASES BY EXPERIMENT OUTCOME: BENCHMARK TEST SUITE VS. ITER-T
GENERATED TEST SUITE

Outcome Bencl;lmark Iter-'g (Diff) A\B ANB B\A BUA
Fix (bugs) | 535| 576 (+7%)| 27 508 68 603
Fix (cases) 1411 | 1713 (+21%) | 162 1249 465 1875
Overfit 685 155 (-77%) | 657 28 127 812
No patch 3733 | 4111 (+10%) | 315 3418 692 4425
No negative 423 125 (-70%) | 366 57 68 491
Timeout 124 104 (-16%) | 109 15 89 213
Error 77 | 246 (+219%) | 22 55 191 268
Total | 6453 | 6453 (-%) | -
TABLE II

#FIXES BY TB-APR TOOL AND BENCHMARK: BENCHMARK TEST SUITE
VS. ITER-T GENERATED TEST SUITE

TB-APR tool #Cases Benchmark Iter-T

Benchmark #Fixes #Tests | #Fixes (Diff) #Tests #It.
AlphaRepair 717 474 61 420 (-11%) 24 24
ARJA-e 717 266 55| 402 (+51%) 27 26
Cardumen 717 64 52| 111 (+73%) 20 19
JGenProg 717 57 34 56 (-2%) 1.5 15
JKali 717 21 17 20 (-5%) 1.0 1.0
JMutRepair 717 145 47 | 183 (+26%) 1.6 1.6
KaliA 717 43 51 46 (+7%) 20 20
Nopol 717 53 33 97 (+83%) 53 43
TBar 717 288 47 | 378 (+31%) 1.9 19
Total | 6453 | 1411 52 | 1713 (+21%) 24 23
BuggyJava]ML 4941 1198 59 | 1489 (+24%) 22 2
IntroclassJava 1512 213 15 224 (+5%) 2.8 3
Total \ 6453 \ 1411 52 \ 1713 (+21%) 24 23

Having presented the overall results, we can break down
the cases by TB-APR tool and benchmark to discard any bias.
Table [[I| shows the number of fixes found by each TB-APR
tool for both test suites. For example, ARJA-e produced 266
fixes using the benchmark test suite, with an average of 55
tests per suite, and 402 fixes using the suite provided by
Iter-T, increasing 51% the fixing ratio. The suites produced
by Iter-T for ARJA-e have an average of 2.7 tests and ARJA-
e had to patch each bug 2.4 times on average to find a fix.
Table [l shows an increment of the fixing ratio for most tools.
Interestingly, jKali required only 1 iteration and 1 test to find
a fix for each of the 10 bugs, when run within Iter-T.

AlphaRepair, just as many large language model-based
(LLM) repair tools [36]-[39], produces a pool of patches
rather than a single candidate. While this demonstrates the
expressive power of such tools, it introduces the question of
patch selection. Iter-T picks one of them at random, following
the ranking of buggy statements, to continue to the next



iteration. However, when running the experiments with the
benchmark’s suite, we lack such a mechanism and report the
experiment as a fix if we have at least one plausible patch.

Although this approach may overestimate the number of
fixes, we chose to favor the baseline technique, believing
that the comparison still highlights the benefits of Iter-T.
In particular, Iter-T automatically filters plausible patches
and executes less code through its minimal test generation
strategy, thereby shortening the ranking of buggy statements
and reducing repair time.

One might wonder whether multi-patch repair tools benefit
differently from iterative test suite augmentation. Iter-T oper-
ates on a uniform abstraction that effectively treats single-
patch and multi-patch tools equivalently, as Iter-T always
selects and evaluates a single patch per iteration, independently
of how many candidate patches were originally produced.

When supported by the APR tool, we explicitly configure
it to generate a single candidate patch, as this is sufficient for
Iter-T and avoids wasting time exploring parts of the search
space that would be immediately discarded in later iterations.
AlphaRepair, however, does not expose such a configuration
option, therefore it produces multiple candidate patches by
design.

Table |lIj also breaks down the cases by benchmark, showing
a better performance of Iter-T for both of them. For Buggy-
JavaJML, the suites generated by Iter-T allow one to fix 24%
more cases. Similarly, for IntroclassJava, the number of fixes
grows by 5%.

Since Iter-T initiates the test suite generation process from
an empty test suite, the number of iterations required (and tests
generated) to converge to a test suite that allows the TB-APR
tool to produce a non-overfitting patch may be prohibitively
large. RQ2 dwells on this problem. Table [[I] shows that 2.3
iterations are required on average, and 2.4 tests are generated.
Notice that the number of tests is substantially smaller than
the number in the provided test suites which contain, on
average, 52 tests. While it is clear that both suites have
different goals and should therefore not be compared regarding
their usefulness as specification artifacts (the provided suites
should be definitely better in that sense), Fig. |Z| shows that the
distributions of the time required by TB-APR tools to find a
fix are skewed toward lower values when they are fed with the
Iter-T test suites. This trend applies to all TB-APR tools except
jKali, for which the execution times remain nearly the same.
Fig. 2] is limited to the 1249 cases in which both test suites
led the TB-APR tools to a fix. Recall that Iter-T increases the
odds of fixing a bug by about 58%. For Iter-T, only the last
call to the TB-APR tool, the one that successfully produced a
fix, is considered.

As with proportions in Table[l] the times reported in Fig. [2]
do not account for variability across classes and bugs. For this
reason, we fit these times to a log-transformed linear mixed-
effects model with the same random intercepts as before to
isolates the effect of the test suite itself. The analysis shows
that the time required to find a fix with the Iter-T test suite
is reduced by 42.5% (95% CI [38.0%,46.8%], p < 0.001)
compared to the provided suite.

Fig. 3] shows the number of cases fixed by Iter-T as a
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function of the size of the corresponding test suite. For
example, Iter-T fixed 627 cases using a test suite containing
only 1 test. Adding more tests increases the number of bugs
repaired, but the gain diminishes rapidly, with 97% of the fixes
found using up to 6 tests.

RQ3 asks if the overhead added by Iter-T makes its use
unappealing. Given a buggy method, recall that Iter-T carries
out an iterative process that extends an initially empty test
suite one test at a time until the TB-APR tool (using a test
suite T¥y,q;) produces a patch that is deemed correct by the
TACO verification tool.

Table [I] reports the total time on average to fix a bug.
Unlike Fig. [2] we now include all the overhead incurred by
calls to TACO to build the suite and verify the fix and all the
calls to the TB-APR tools, including the ones that produced the



fix. Table [ITl] like Fig. 2] is limited to the 1249 cases in which
both suites lead the TB-APR tools to a fix. Remarkably, the
overhead incurred by Iter-T when running TACO or making
intermediate calls to the repair tool is compensated by the
lower program repair times (See Fig. [2), to the point that Iter-T
is near 0.

On the other hand, we compare the time Iter-T took to repair
a bug (including all the overhead) versus the time the TB-APR
tool took to return a negative result (all outcomes except Fix
and Error) using the provided suite in Table Interestingly,
Iter-T requires almost the same time and ends up providing a
correct patch. Recall that verifying a fix usually takes longer
since the underlying decision procedure must analyze the
whole search space. This time, again, is compensated by the
lower repair times (See Fig. [2)). That is, not only is the quality
of the produced patch better, but it is also generated efficiently.

Some experiments may reach the timeout, which was set to
one hour for all tools, except for AlphaRepair, for which we
used a five-hour timeout following the authors’ configuration
[30]. Test suites generated by Iter-T yield 16% fewer timeouts.
Whenever a TB-APR tool cannot find a patch, Iter-T adds
another test (up to 3 per iteration) to the suite and retries
the repair with the enhanced test suite. If we consider all
intermediate patches despite the final result of Iter-T, 95.8% of
them were found after adding only one test. 3.9% after adding
2 tests and 0.3% after adding 3 tests.

FE. Sensitivity Analysis of Verification Parameters

As stated in Section the bitwidth and loop unroll
parameters must be chosen consistently to produce meaningful
CEs. While the selection of these parameters followed a simple
rule, namely low but sufficient to ensure that Iter-T produces
a bug-revealing test, one might wonder how sensitive the final
outcome is to these parameters.

In this section, we present a sensitivity analysis evaluating
the final outcome (as defined in Table [[) as a function of
these parameters. For these experiments, we use TBar as the
underlying APR tool for two reasons: (i) TBar does not rely on
stochastic search or randomized exploration, which eliminates
an important confounding factor, and (ii) TBar produces the
largest number of successful repairs. Since the goal is to study
how verification parameters affect the outcome, we focus on
cases where the APR tool is able to generate a patch. We
therefore restrict the analysis to bugs for which TBar succeeds
when using both the benchmark test suite and the test suite
generated by Iter-T, which we use as a proxy for the APR
tool’s ability to find a fix. Among the bugs that satisfy these
criteria, multiple case studies may correspond to the same
class. For each class with at least one matching case, we
select the case for which TBar requires the largest number of
tests to find a fix. This selection strategy allows us to evaluate
the impact of verification parameters in the most demanding
scenarios for each class, where the ability of Iter-T to generate
bug-revealing tests is exercised to the greatest extent possible.
As a result, a total of 25 cases are included in this analysis.

Table [V] presents the final outcome of these experiments as a
function of the bitwidth and loop unroll parameters. Some bugs

TABLE III
AVERAGE TIME TO FIX IN SECONDS BY CLASS: BENCHMARK TEST SUITE
VS. ITER-T GENERATED TEST SUITE

Class | Benchmark |  Iter-T (Diff)
Absolute 19 | 26 (+135.65%)
AddLoop 1563 1248 (-20.1%)
Alphabet 172 337 (+96.2%)
BankAccount 113 214 (+89.0%)
BinarySearch 152 116 (-24.0%)
BubbleSort 190 206 (+8.6%)
Calculator 288 268 (-7.0%)
CombinationPermutation 16607 17433 (+5.0%)
CopyArray 243 140 (-42.6%)
Factorial 14 22 (+64.8%)
Fibonacci 190 | 398 (+109.7%)
Find_First_In_Sorted 282 71 (-74.9%)
Find_In_Sorted 57 100 (+74.5%)
FindFirstZero 342 101 (-70.6%)
FindInArray 151 91 (-39.6%)
GCD 1193 486 (-59.3%)
IC_digits 53 58 (+8.1%)
IC_grade 34 63 (+82.2%)
IC_median 53 93 (+75.7%)
IC_smallest 214 338 (+58.0%)
IC_syllables 24 58 (+145.0%)
Inverse 105 39 (-63.4%)
LCM 766 756 (-1.3%)
LeapYear 18287 | 18329 (+0.2%)
LinearSearch 32 48 (+50.0%)
OddEven 13 14 (+10.0%)
Perimeter 44 49 (+10.8%)
PrimeCheck 195 101 (-48.4%)
PrimeNumbers 550 257 (-53.3%)
Smallest 219 113 (-48.3%)
StackQueue 169 184 (+9.0%)
StrPalindrome 26 63 (+147.2%)
StudentEnrollment 510 738 (+44.8%)
Time 1099 996 (-9.4%)
Average 885 | 884 (-0.2%)

either do not contain loops or require the full Java bitwidth;
in these cases, the sensitivity analysis is naturally limited to
the remaining parameter. The results are divided into three
groups, according to the parameters that were varied. In those
cases where it is meaningful to vary both parameters, they
were varied together, i.e., (1,1), (2,2), ...

Table [V] shows that in most cases a fix (v') is found.
Entries marked with “-” correspond either to cases where
the corresponding parameter is not applicable i.e., there are
constants in the source code that cannot be represented with
the corresponding bitwidth, or cases that reached a timeout for
previous scopes.

Not surprisingly, for very low parameters TACO becomes
unable to find a CE. These cases are marked with N (No
negative). In some cases, marked with E" (Error), TACO
does not support some Java constructs produced by TBar.
However, we show the actual iteration at which this happened
to illustrate that an actual bug-revealing test was generated and
enabled TBar to produce a patch. Particularly, E® corresponds
to cases where the TACO translation capacity was exceeded
i.e., no call to TBar was made.

These experiments were not free from overfitting. Such
cases are marked with O™ (Overfit). We also show the iteration
at which TACO deemed correct an overfit patch. These cases



TABLE IV
COMPARING THE TIME IN SECONDS ITER-T REQUIRES TO FIX BUGS
VERSUS THE TIME WASTED WHEN USING THE PROVIDED TEST SUITE AND
FAILING TO FIX THE BUGS

Class | Wasted | Iter-T (Diff)
Absolute 1 9.5 (+849%)
Alphabet 8864 4615.1 (-48%)
BankAccount 67 193.2 (+190%)
BinarySearch 2356 1225.9 (-48%)
BubbleSort 5 132.7 (+2554%)
CombinationPermutation 271 | 23257.5 (+8482%)
Fibonacci 259 282.3 (+9%)
Find_First_In_Sorted 10800 2740.5 (-75%)
Find_In_Sorted 50 30.3 (-40%)
FindInArray 15059 10478 (-30%)
GCD 1160 357 (-69%)
IC_digits 89 326 (+265%)
IC_grade 175 844 (+382%)
IC_median 28 228 (+716%)
IC_smallest 4 1007 (+25068%)
IC_syllables 138 52 (-62%)
Inverse 210 395 (+88%)
LCM 92 734 (+698%)
LinearSearch 2 10 (+406%)
Perimeter 9002 4175 (-54%)
PrimeCheck 42 141 (+239%)
PrimeNumbers 5646 588 (-90%)
Smallest 2 11 (+463%)
StackQueue 491 235 (-52%)
StudentEnrollment 169 558 (+231%)
Time 1115 1326 (+19%)
Average | 2205 | 1572 (-29%)

correspond to infinite loops not detected by TACO, since we
are deliberately truncating loops through the corresponding
parameter and loop invariants were removed, as explained in
Section

A one-hour timeout was set for TACO on these experiments.
Entries marked with @ correspond to cases where TACO
exhausted the allotted time verifying an actual fix. On the
other hand, ©, means a timeout occurred on the first iteration.

Interestingly, for the bug on class PrimeNumbers, an
overfit patch was generated at scope 4 (which means that
TACO was able to find a CE). One might expect that, by
increasing both verification parameters by one, TACO would
be able to find at least the same CE. However, for scopes
5 and 6 TACO found no CE, and ended up exhausting the
allotted time at scope 7. For scope 4, an input that produced
an overflow with a restricted bitwidth was found. This input
also exposed the bug when translated to Java (without bitwidth
restrictions). However, the same input produced no overflow
when analyzed with a higher bitwidth, which resulted in no
CE being found.

G. Evaluation of a Binomial Heap Bug

We complement our earlier experiments with an evaluation
on a buggy binomial heap implementation. Binomial heaps
are a classic yet non-trivial data structure, characterized by
complex structural invariants. The bug considered in this ex-
periment is particularly difficult to detect: it manifests only for
heaps of size at least seven and for specific key configurations.
As a result, standard random or small test suites are unlikely
to expose the bug.

TABLE V
OUTCOME BY BITWIDTH AND LOOP UNROLL PARAMETERS

Scope
1 2 3 4 5 6

BankAccount . . . . v v
Calculator
Perimeter
Time

AddLoop
CombinationPermutation
BubbleSort
BinarySearch
CopyArray

Factorial
Find_First_In_Sorted
Find_In_Sorted
FindFirstZero
FindInArray
IC_syllables

Inverse

LinearSearch
Smallest
StrPalindrome

GCD

LCM

IC_digits

PrimeCheck

PrimeNumbers . . . 0?

StackQueue . . . v E°
v: Fix; © / ©¥': Timeout finding a CE / checking a fix; N: No negative; E" / O™:
Error / Overfit on iteration n.

Class

Bitwidth
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Table [VI] presents the overall results of these experiments.
The times, like those reported in Table include all the
overhead incurred by calls to TACO to build the test suite and
verify the fix, as well as the calls to the TB-APR tools.

As a baseline test suite, we generated 51 inputs (binomial
heaps) with sizes ranging from O to 50 using the insert
method with random keys. The tests call the extractMin
method on these inputs and assert both the invariant of the
resulting data structure and the returned value. However,
this test suite contained no bug-revealing test, a common
requirement to run TB-APR tools, so we added one of the
inputs generated by Iter-T in the first iteration that successfully
exposed the bug (see Fig. [).

The only fix generated was obtained using the test suite
generated with Iter-T, which consists of only 3 tests, with
Cardumen as the underlying TB-APR tool. The time reported
in Table V for this experiment includes the verification of
the fix (1982 seconds), as well as the calls to Cardumen to
generate intermediate patches and TACO to build the test suite
(183 seconds). The only patch generated with the benchmark
test suite, found by JMutRepair, was immediately discarded by
TACO after 9 seconds of analysis using a proper bug-revealing
test.

AlphaRepair is, by far, the most time-consuming TB-APR
tool in this experiment (see Fig. 2. Although it exhausted the
five-hour timeout with both test suites, the candidate patches
explored up to that point were stored on disk. After inspecting
these patches, we identified valid fixes in both experiments.

While no individual call to ARJA-e exhausted the one-
hour timeout, the cumulative execution time did; therefore,
we classify this experiment as a timeout. Notably, ARJA-e
advanced up to iteration 5, generating five overfitting patches
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Fig. 4. Bug-revealing binomial heap

for which Iter-T was able to provide bug-revealing tests. In
the final iteration, after adding 3 bug-revealing tests, ARJA-e
did not find any patches.

TABLE VI
EVALUATION OF BINOMIAL HEAP BUG BY TB-APR: BENCHMARK TEST
SUITE VS. ITER-T GENERATED TEST SUITE

Benchmark Iter-T
TB-APR tool | pocult  Time | Result  #Tests #It. Time
AlphaRepair | Timeout - | Timeout 1 0 -
ARJA-e Timeout - | Timeout 11 5 -
Cardumen No patch 88 | Fix 3 2 2165
JGenProg No patch 1192 | No patch 3 0 1094
JKali No patch 271 | No patch 4 1 551
JMutRepair Overfit 5 | No patch 6 3290
KaliA No patch 77 | No patch 4 1 221
Nopol No patch 1 | No patch 3 0 79
TBar Timeout - | Timeout 2 1 -

H. Experimental Setup

All experiments were carried out on a Debian GNU/Linux
12 Docker with 32GB RAM, which runs on a workstation
equipped with a 12th Gen Intel(R) Core(TM) 19-12900KF
processor and 64GB RAM.

L. Data Availability

The reproducibility package is available at [40]. It contains
all tools, experimental data, and detailed instructions on how
to setup a Docker container to replicate the experiments.

J. Discussion

Automated test generation techniques such as EvoSuite [41]]
and Randoop [42] are widely used to improve code coverage
and support regression testing. However, their suitability for
program repair is limited. These techniques typically generate
large test suites, which significantly increase patch validation
costs and often cause TB-APR tools to scale poorly or time
out.

Moreover, coverage-driven test generation lacks the preci-
sion provided by formal specifications. As a result, such tests
often miss subtle or boundary-case bugs that are explicitly
captured by contracts. Recent work [43] empirically supports
this limitation: more than 50% of EvoSuite-generated test
suites failed to detect existing bugs, and complete repairs
using ARJA-e were achieved in only 2.3% of incorrect sub-
missions. These results highlight that increased coverage does
not necessarily translate into effective bug exposure or reduced
overfitting.

Iter-T currently relies on manually provided JML contracts,
reflecting a limitation shared by most specification-based
approaches. Importantly, Iter-T does not require full specifi-
cations: partial contracts, similar to those used in property-
based testing, are sufficient to guide CE generation. While
well-specified contracts are still uncommon in practice, recent
advances in large language models have demonstrated that in-
ferring formal specifications from comments or documentation
is increasingly feasible [44].

At the same time, while LLM-based repair tools have shown
strong performance on small and relatively simple programs,
their use often introduces a new challenge: the generation of
multiple plausible patches rather than a single definitive fix.
Iter-T addresses this issue by iteratively filtering candidate
patches, providing a principled mechanism for patch selection
that is complementary to LLM-based repair approaches.

K. Threats to Validity

While our experimental evaluation supports the conclusion
that test suites generated with Iter-T are of high quality for TB-
APR, there are several threats to the validity of these results
that warrant explicit discussion.

1) Internal Validity: To ensure a fair comparison and miti-
gate confounding variables, we maintained a strict consistency
in tool configuration. When evaluating the nine TB-APR tools,
the only variable modified was the test suite provided to them
(the benchmark test suite versus the one generated by Iter-T).

Another potential threat is the human factor in evaluating
patch correctness. While TACO automatically deems patches
as correct based on bounded verification, we manually verified
these patches to ensure they were true fixes. This manual
process is inherently error-prone, however, we conducted the
inspections carefully to mitigate this risk.

Furthermore, we justified our choice of algorithmic cutoffs,
specifically the maximum of three tests per iteration, execution
timeouts, and bounded verification parameters. The 3-test limit
is supported by a clear saturation trend in our data: the
frequency of patches found dropped from 95.8% to 3.9% and
0.3% as the number of added tests progressed from 1 to 3. This
sharp decline demonstrates that increasing the cutoff would be
meaningless. Regarding timeouts, they occurred in less than
1.7% of our experimental runs. Given this low frequency, we
consider the impact of timeouts on our overall conclusions to
be negligible, representing a necessary trade-off for practical
experiment termination. Regarding the verification bounds,
these were kept small enough to ensure the feasibility of the
process while remaining sufficient to expose the bugs. These
limits were applied consistently across all tools to prevent bias.



2) External Validity: Several factors may limit the gener-
alizability of our findings. Our experiments were limited to
the IntroclassJava and BuggyJava]ML benchmarks. Although
these provide a wide variety of both seeded and real bugs,
they may not fully represent the complexity of large-scale
codebases or specific bug classes.

We evaluated Iter-T using nine representative TB-APR
tools covering several repair paradigms: genetic/evolutionary,
constraint-based, large language models, template-based, and
simple mutation/replacement. While this broad selection is
representative of the state-of-the-art in TB-APR and mitigates
the risk of results being biased toward a specific repair algo-
rithm, the observed behavior might still differ when applied
to radically different program repair paradigms.

While the technique implemented by Iter-T is theoretically
agnostic of the specific language or verification tool, the
current implementation is bound to the Java/JML ecosystem
and the TACO verifier. Its effectiveness in other environments
(e.g., for C using CBMC or Rust using Kani) remains to be
empirically validated to assess its generality fully.

3) Construct Validity: This threat concerns whether the
experimental measures accurately capture the intended con-
cepts. We operationalize “repair effectiveness” exclusively as
the ability to generate functionally correct patches and to
expose overfitting via bug-revealing tests. We recognize this
as a case of construct underrepresentation, as our metrics
do not capture other qualitative aspects of repair, such as
code readability, maintainability, or changes in complexity.
However, this choice allows for an objective evaluation based
on precise correctness specifications as an explicit oracle,
ensuring that “effectiveness” is measured strictly in terms of
functional correctness.

4) Conclusion Validity: To mitigate these threats, we con-
ducted a large-scale empirical evaluation comprising 12906
experiments, resulting in a total of 1411 and 1713 successful
repairs for the baseline and Iter-T techniques, respectively.
This extensive sample reduces the risk that observed differ-
ences are driven by chance or outliers. Furthermore, to account
for structured variability in the data, we employed mixed-
effects models when analyzing both repair success and repair
time, incorporating random effects for classes, bugs, and APR
tools. These analyzes confirm that the observed improvements
are statistically significant and robust, and are not driven by
any particular tool, benchmark, or defect category.

Finally, to mitigate the risk that conclusions could be
distorted by the bounded nature of automated verification, all
patches deemed correct by TACO were manually inspected,
ensuring that our conclusions regarding the effectiveness of
Iter-T are not inflated by false negatives.

V. RELATED WORK

Program repair is a fruitful field with many advanced
techniques and tools. In Section[[V]we have looked at nine rep-
resentative repair tools, including GenProg, Kali, and Nopol,
which use a variety of techniques, such as heuristics, syntactic-
based and SMT-based solving. As mentioned throughout the
paper, the overfitting problem has long been recognized in

program repair. Moreover, the problem of evaluating repair
results is further challenging because many research projects
do not release their patches and correctness results, and
researchers are encouraged to make their repair results publicly
available (e.g., see [45]], [46]). Typically, patch correctness
is assessed through a test suite (e.g., an independent test
suite [46]), by manual inspection, or by comparing patches
to a ground truth [31]], [47]. These approaches have limi-
tations, e.g., human bias when using manual validation, as
well as the ineffectiveness of additional tests. In Yang et
al. [48]], the authors revisit Patch-Correctness Checking (PCC)
techniques using 1,988 manually labeled plausible patches
for the Defect4] [49] dataset. The study reevaluates nine
state-of-the-art PCC methods, focusing primarily on oracle-
absent approaches such as static analysis, dynamic testing,
and naturalness-based metrics. Among its findings, the authors
report that common assumptions, such as correct patches being
syntactically closer to the original buggy code, do not hold in
many cases. Additionally, learning-based techniques are shown
to overfit, while dynamic approaches, although generally
reliable, degrade on complex patches. Notably, naturalness-
based techniques outperform traditional static methods. In Tian
et al. [50], the authors also predict patch correctness with
an oracle-absent approach by combining deep learning-based
code embeddings with manually engineered features. They
construct a manually labeled dataset of 2,147 patches drawn
from both APR-generated and human-written sources. Their
findings demonstrate that embedding-based models capture
valuable semantic information, but combining them with struc-
tured, human-understandable features leads to significantly
higher accuracy and robustness. Recent work by Le-Cong et
al. [51] introduced INVALIDATOR, a technique for automated
patch correctness assessment that addresses the persistent
challenge of overfitting in APR. Unlike traditional approaches
relying on test suite augmentation or costly manual inspection,
INVALIDATOR combines semantic reasoning based on dy-
namically inferred program invariants with syntactic reasoning
derived from pre-trained language models. This hybrid strategy
allows the system to detect patches that either violate correct
specifications or preserve erroneous behaviors, even when
additional test generation fails. Their evaluation on Defects4]J
demonstrated that INVALIDATOR substantially outperforms
prior state-of-the-art methods, highlighting the effectiveness
of integrating semantic and syntactic perspectives in patch
correctness assessment. In this work, we focus on automatic
testing using formal specifications and bounded verification,
which not only allow for automatic validation of repair candi-
dates but also help us to create good “corner case” tests that
can effectively guide the repair process. Interestingly, while the
use of formal specifications and bounded verification is limited
in traditional program repair (e.g., due to lack of specifica-
tions [9]]), this type of repair has been shown to be natural and
effective for debugging declarative languages (e.g. Alloy) [52],
[53]. PROPR is a technique that also attempts to overcome
overfitting by profiting from specifications [5]. It differs from
ours in that it uses properties, in the sense of property-
based testing, rather than contracts. Although properties are
expressed as contract-like assertions, they generally apply to



parameterized tests (as metamorphic properties), instead of
capturing the intended behavior of methods and classes, as
contracts do.

In Nilizadeh et al. [[10], the authors present the cornerstone
on which Iter-T is built. It introduces the idea of using a CE
in order to build a single test that is added to the provided
test suite. The article shows that it is enough to reduce
overfitting. In this article, we go further by (i) presenting a
technique that doesn’t require existing test suites, (ii) iterating
this process and (iii) providing evidence of the effectiveness
of test suites composed solely of verification CEs of plausible
patches, as finely tailored suites for APR. These test suites are
significantly smaller, which in turn reduces the time required
to find a fix. In Yang et al. [6]], the authors tackle the same
problem we focus on in this paper: reducing overfitting by
generating better test suites. The authors propose Opad, a
framework for the detection of overfitted patches that uses
fuzzing and automatically generates crash and memory-safety
oracles. When compared to Iter-T, Opad scales to substantially
larger programs due to the use of fuzzing, but the automatically
generated oracles are significantly weaker than the contracts
used in Iter-T. Also, Opad only detects overfitted patches
so that the underlying APR tool can continue traversing the
patches search space, but does not enrich the developer-
provided test suite. Actually, Opad could benefit by following
the Iter-T technique and enriching the provided test suite in
order to help the APR tool.

Since we are already using specifications, the question
of how Iter-T compares to specification-based repair tools
immediately comes to mind. Gopinath et al. [54] do contract-
based program repair using SAT. They assume fault location
is known and only consider a limited set of fix candidates
(expressions of the form wv.f7.--- .f;,). This work does not
fall within the realm of TB-APR, yet it can benefit from our
work: Iter-T can contribute a test suite to be used during fault
localization, and the extra cost of requiring a contract can be
amortized during fault localization and posterior repair using
the approach from [54]. SpeciFix [55] also uses specifications.
Like Iter-T, it fixes programs equipped with contracts. Unlike
Iter-T, which modifies the source code with the aid of the
underlying TB-APR tool, SpeciFix modifies the contracts (i.e.,
a program is considered correct if it complies with its contract,
and compliance is achieved by SpeciFix by modifying the
latter). A similar approach is followed in Abreu et al. [56]
for Dafny [57] programs.

Le et al. [58] leverage formal specifications for APR by
combining genetic programming with modular deductive ver-
ification. They use CEs to localize faults and extract violated
sub-formulas from the specification, which directly guide
patch synthesis, following the intuition that concrete code
extracted from the specification would help in patching the
program. Similar to Iter-T, they rely on specifications as the
ultimate correctness oracle. In contrast, Iter-T can be seen as
a hybrid approach: specifications are not directly consumed
by the repair tools but are instead used to generate fault-
revealing tests that refine a test suite. This test suite can then
be used by a wide range of mature, off-the-shelf APR tools
without modifying their internals. An additional advantage of

this approach is that Iter-T produces a reusable artifact, a
synthesized regression test suite, alongside the patch itself.

VI. CONCLUSIONS

We have presented a technique supported by Iter-T, that
allows generating test suites automatically that are of good
quality for test-based automated program repair. The generated
test suites are built out of tests synthesized from CEs produced
while verifying overfitted patches with the aid of a bounded
verification tool. These test suites are small and allow one to
fix more bugs using less time compared to test-based program
repair from developer-generated test suites. The presented
technique requires that the methods to be fixed contain precise
specifications. We are aware that writing such specifications is
a task that requires qualified developers. This may be perceived
as a limitation, but at the same time, these specifications enable
the generation of test suites that correctly repair substantially
more bugs in less time.

Regarding further work, in Section we mentioned we
believed the particular structure of the test synthesized by
Iter-T might be related to its good performance. We will assess
this hypothesis. Moreover, new, more extensive benchmarks
will be used in the experimental evaluation of Iter-T.
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