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Abstract
We argue that the use of test cases and extensive test suites to drive
APR is harmful to the field and we push for something better. Such
test suites are rare in practice. Moreover, using test cases for APR
tends to skew how andwhere APR is used and bias experiments that
attempt to validate its techniques.We suggest that other approaches
to APR which do not assume such test suites are available are more
appropriate. We also suggest developing new means for evaluating
APR systems that do not depend solely on test-case-based examples.
We challenge researchers to create such approaches and evaluations
for a broad range of problems.

CCS Concepts
• Software and its engineering→ Software creation and man-
agement; Software development techniques.
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1 Introduction
Test cases have been widely used as the basis for Automated Pro-
gram Repair (APR) [28] ever since GenProg [16]. They are still used
today for fault localization, patch validation, and system evalua-
tion. Using test cases has made it easy to experiment with APR
through the use of spectra-based fault localization and by using
passing test cases for patch validation. In addition, standard APR
test suites based on fixing failing test cases provide a simple means
of mechanically evaluating and comparing APR systems.

However, test cases do not serve APR well and have skewed
their applicability, utility, and development. There are a number of
reasons for this.

First, few systems have a test suite that can support APR. Using
test cases for APR assumes the existence of a high-quality, com-
prehensive test suite. In practice, high-quality test suites are often
unavailable. As suggested by [4, 14], developers often do not write
a test suite containing a sufficient number of test cases or even
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write tests at all especially during initial development. We scanned
all Java projects in the Merobase source repository [10] and found
that of the 12,525 projects with 50 or more methods, about 58%
of them have no tests at all. In fact, only about 13% projects had
the density of tests per method as the minimum of the packages
in Defects4J [12] used to evaluate APR techniques. This limits the
utility of test-based APR.

Second, using test suites biases our evaluations. Many evalua-
tions are based on Defects4J or its more recent extensions. Defects4J
consists mainly of code for libraries. The code is not multi-threaded,
rarely interactive, and not particularly complex. Real Java systems
are more often complex, interactive, event-based processes. APR
results on Defects4J do not reflect the results on everyday systems.
Another problem, especially when using large language model-
based AI for APR, is that the sources both for the original and
repaired code for the examples in Defects4J are publicly available
and have most likely been used to train the LLMs. Since new sys-
tems and new bugs do not satisfy these criteria, evaluation results
might not reflect using APR on real systems.

A related issue is that test cases are difficult to create for event-
based systems where events can be triggered by user interaction,
by other processes, by timers, or by real-world actions. Bugs in
these systems can involve the interactions between various events,
timing issues, and the unexpected behavior of other processes and
users. Creating test cases for this kind of problem is difficult, if it is
even possible. Moreover, the number of possible interactions and
situations to consider grows exponentially, as would the number of
necessary test cases. Similar issues arise in finding and fixing bugs
related to graphical input and output. Again, because such applica-
tions and bugs are precluded from test-case-based evaluation, the
evaluation results might be biased.

The next problem is in the process of creating a test case, much
of the debugging has already been done. Koyuncu et al. [15] noted
that bugs are often reported without an available test suite being
able to reveal them. Over 90% of the test cases in Defects4J were
introduced only after the bug was identified. Creating a test case
based on a bug report or problem observed at the system level
involves doing considerable fault localization and debugging in
order to identify a particular routine and and its arguments that
illustrate the problem and can be called by a test case. Thus, using
test cases to drive APR oversimplifies the problem since the bugs
that are addressed have already been simplified and analyzed.

The next issue is that test cases are too coarse a measure for
validating a patch. The assumption is that test cases embody the
semantics of a program. This is what causes the overfitting problems
that plagued early bug repair efforts. While test cases were the best
informal approach one could take for a long time, this is no longer
true. Large language models (LLMs) let one use documentation,
natural language, or even the code itself and can do a reasonable
job of understanding what the code should do. The validation issue
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today is more of a problem in those systems that try to find a
complex repair involving multiple changes incrementally and thus
need to knowwhether an initial patch is a step in the right direction.
It is unlikely that there are multiple test cases where the first part
of a multi-part fix actually changes the number of tests passed for
a complex bug [20, 26].

The next issue is that test-based APR has typically assumed
spectra-based fault localization techniques, where coverage differ-
ences between passing and failing tests are used to identify suspi-
cious lines. These techniques are only moderately successful [1, 23].
This is one of the reasons why evaluations of APR systems often
use the perfect fault localization assumption. However, more in-
formation than the fact that a test failed is actually available for
APR, notably why the test failed, for example, if it was due to an
exception, what caused the exception and what led to that cause.
Using this additional information can yield more accurate fault
localization and hence better program repair. Moreover, without a
substantial test suite, spectra-based fault localization is not available
to APR techniques. The availability of large test suites has resulted
in most APR techniques ignoring the fault localization problem
which should be considered an integral part of the process.

The final issue is that test cases can be slow. Running a single
test case can take anywhere from a fraction of a second to minutes.
Running a single test case multiple times to validate patches takes
minutes. Running a whole test suite can take hours. The result
of this is that APR has typically been viewed as a batch process
where APR is fully responsible for finding the correct fix with no
developer supervision. However, choosing the correct patch can be
difficult and requires a solid understanding of the overall system
semantics, both current and future. This is something the developer
knows but the APR system does not. Considering interactive APR
makes sense, but is often precluded when using test cases.

We as a community need to do APR without relying on an exten-
sive test suite or, in many cases, even a single test case. At the same
time, we want APR to handle the wide range of problems that test
cases can identify as well as those that arise in real applications.

2 Desired Approach to APR
Practical APR should work with a variety of different types of
applications and a variety of different types of bugs. It should work
as an assistant to the developer.

APR should start by identifying a symptom that exemplifies
a problem that needs to be fixed. This can be a failing test case
(with or without a test suite), but it can just as easily be a bug
report, the errors found during static analysis, error messages from
a log file, or the developer noting a problem such as an exception
during debugging. The problem to be repaired is then defined by
this symptom and a description of the desired program behavior.

APR should ideally find the "correct" repair for this problem. This
is not always possible or practical because the correct repair can
be ambiguous, can depend on the complete and future semantics
of the application, and can require a substantial rewrite of the
application. Moreover, APR systems are known to overfit patches
to test cases or to hallucinate fixes or problems when using LLMs.
APR should explain what causes the symptom, identify where in
the code the problem lies, and suggest possible patches, including

complex fixes that might require multiple changes in various parts
of the application. APR should also validate the fixes as much as
possible, providing confidence levels where appropriate. Unless the
patch is an obvious and simple fix, the developer should vet the
patches and accept what they consider a correct one.

This should be done in the context where the problem was iden-
tified. If the problem was identified while debugging, this should
be done in the context of the debugger and the developer should be
able to fix and continue. If the problem was identified during static
analysis, then the failing static analysis should be rerun. If the prob-
lem was identified while testing, the program should be retested.
Moreover, this should be done in a timely fashion, especially if the
developer is involved in selecting the appropriate patches.

3 APRWithout Test Cases
Doing all this without a test suite or even a test case can be difficult.
APR first needs to define the expected behavior of the application,
identifying the symptom and what should have occurred. When
testing this is just the failing test case and the fact that the test
should have passed. Next, APR needs to identify which parts of the
code might cause the problem. With a test suite, one can do spectra-
based fault localization to identify particular lines. Then APR needs
to suggest patches for these lines or for their containing methods
using one of the myriad of methods that have been proposed and
used. Complications arise when these patches are complex requiring
multiple changes possibly in multiple methods. Finally, APR needs
to validate the patch, showing that it removed the symptom and
caused the program to behave correctly. With a test case, this can
be the test case passing without any other tests that used to pass
failing.

Thus, test cases are tightly integrated into existing APR tech-
niques and performing APR without a test case is challenging and
difficult. Nevertheless, there have been several approaches that
attempt to do this, albeit in specialized domains.

A group of test-free techniques focus on addressing security
vulnerabilities using methods such as constraint-based code syn-
thesis [8], neural machine translation [5, 7], invariant inference [29],
and safety property guidance [9]. Another group targets GitHub
issues. Jimenez et al. [11] used LLMs to generate patches based
on the issue description and the project code. SWE-agent [27] and
AutoCodeRover [30] use LLMs as agents to analyze the issue, search
for code, and propose patches. CrossFix [24] searches for similar
GitHub issues or bugs and leverages their fixes for patch generation.
ExtractFix [8] extracts a constraint encoding the expected program
behavior and synthesizes patches from that.

Getafix [2], Phoenix [3], FootPatch [25], and SymlogRepair [18]
are repair techniques that rely on static analyzers for bug detec-
tion and repair validation. Addressing the problem of providing
assistance from within the debugger has been more recent [19].

LLMs for programming have improved significantly so that to-
day’s models are capable of doing a lot of the work of APR. Agentic
LLMs can do bug diagnosis, fault localization, and patch generation
for simple examples. For example, ChatDBG [17] and Cursor [6]
integrate an LLM with the debugger so that the LLM controls the
debugger through agents. This approach does not provide a unified
integration of extensive static-flow, slicing, and repair validation
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for various debugging contexts, limit the types and complexity of
bugs that can be handled [13].

4 Our Approach and its Limitations
Our efforts at non-test-based APR, originally ROSE [22] and now
DIAD [21], try to be more general and to handle a wider variety of
bugs. In these systemswemake the assumption that the developer is
working in the debugger and the program has stopped. This might
be at an exception, at a breakpoint, say in defensive code, or after
a sequence of debugging actions. We try to be general within this
context by handling a variety of symptoms. Although somewhat
limited, identifying a problem while debugging is a fairly common
occurrence during development.

We first need to identify the symptom of the problem. In ROSE
we ask the programmer to define it from a fixed set of types. DIAD
does a detailed analysis of the stopping location and the run time
environment and attempts to automatically define an appropriate
symptom, letting the developer change this if necessary. DIAD
also takes a broader approach to symptoms by using LLMs to do
the underlying analysis. The developer can describe an arbitrary
symptom, but is then asked to optionally identify variables that
affect that symptom to facilitate fault localization and bug analysis.

Next, ROSE and DIAD identify potential source locations that
affect the symptom and hence might be candidates for patching.
This starts from a set of variables or run time values based on the
symptom, uses a flow analysis tool that is part of the IDE, and does
a backward slice to identify the set of lines and methods that affect
these values. The result is a set of all locations that might contain an
error. This is not perfect: the set can become quite large and is then
restricted by PDG distance; and the resultant set is not necessarily
accurate for errors of omission. The flow analysis needs to deal
with language issues including reflection and native methods and
takes some short cuts for performance. To allow for better accuracy,
the developer can customize the analysis for the application and
the libraries used.

The systems then use a live-programming extension built into
the IDE to get an execution trace for a relevant portion of the cur-
rent call stack. This can fail for several reasons. First, it requires
that the execution can be restarted and will still match the current
debugger state. This can require resetting values that have changed,
for example, removing an element from a DONE set so it will be
considered again in the simulated run. ROSE and DIAD handle this
using a set of heuristics. Second, it is difficult for live programming
to handle items such as native methods, database access, and input
from sockets or previously opened files. The trace is used to iden-
tify the potential fault locations that are actually executed and to
provide additional information for later analysis.

ROSE then performs a broad search, looking for possible patches
at each identified location using a combination of patch generators
based on previous APR techniques. It attempts to validate each
patch using the live programming extensions. It first checks that
the symptom disappeared, for example that a previously thrown
exception is not thrown with the patched code. It also checks if
execution of the modified program runs to completion without
other errors. It assigns a priority score to each patch.

DIAD asks an LLM to explain the symptom, identifying its root
cause. It used agents to provide the LLM with access to the back-
ward slice results, to the execution trace, to semantic and syntactic
program information, and to the source code.

Finally, both ROSE and DIAD interact with the developer to
choose the most appropriate patch. ROSE shows the set of patches
found along with their priority ratings. It lets the developer see
the actual changes for a patch before having the system actually
change the code, allowing fix and continue if the system allows.
DIAD shows the explanation to the developer and lets them ask
the system to try the explanation again, possibly with additional
information. DIAD can also show the patch suggested by the LLM
to the developer and let the developer edit the result. It can change
the original source code once the developer approves.

We note that ROSE and the original version of DIAD only ad-
dress one way of identifying a problem to fix: defining a symptom
while actively debugging. There are several other ways in which a
software issue can be identified. This includes test cases (which if
they fail during debugging are essentially a type of problem DIAD
can handle); stack traces that are included either in a bug report or
in a log file; bug reports noting incorrect output; bug reports noting
an incorrect display or other user interface issue; trace output that
identifies a potential problem, for example, from defensive code;
or semantic analysis that identifies potential security or system
problems. We are extending DIAD to handle debugging stack traces,
but the rest of these need to be handled in some other manner.

5 Challenges
The various techniques developed to perform APR without test
cases demonstrate that such approaches are possible, even if they
are not complete or are often impractical. Moreover, the success of
modern LLMs in diagnosing and fixing problems without test cases
shows that APR without test cases can be practical. This raises
several challenges.

For our research, the challenges involve extending the applicabil-
ity of our techniques by considering a broader range of symptoms,
better fault localization, and more complex partial executions to un-
derstand what led to the problem. For example, we need to extend
our approach to problems that arise outside the current call stack.
We are currently working on extensions of DIAD to do APR directly
from a stack trace, and to generate a test case that can duplicate an
identified symptom.

For the APR community in general, we encourage researchers to
stop assuming an extensive test suite for fault localization, patch val-
idation, and experimental validation and to develop and incorporate
other techniques. LLM-based techniques with agents specialized
for debugging seem particularly promising. We also encourage APR
techniques that are interactive rather than batch, techniques that
involve the developer in the patching decisions. We also encour-
age researchers to address the other common methods in which
potential bugs are identified.

More importantly, as a community, we need to develop evalua-
tion criteria that can be applied fairly to a broad range of techniques
and problems and do not assume a publicly available test suite.With-
out this, new approaches which target other bug situations will
be discouraged since it will be much more difficult to demonstrate
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their utility compared to existing systems and the evaluation re-
sults will continue to be biased and not necessarily reflective of the
techniques being used on a user’s applications. Limiting an evalu-
ation of a technique that can handle a wide range of problems to
only problems that are derived from test cases, and then comparing
the results to previous results on the test suite does not show the
advantages of the new technique. We are currently developing a
test suite more suitable for evaluating DIAD, but this is not the
broad-based suite that should be our target goal.
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