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Abstract

Tests that nondeterministically pass or fail on the same version of
code are known as flaky tests, and their failures substantially hinder
regression testing and debugging. Reproducing failures from timing-
dependent (TD) flaky tests is particularly challenging because these
failures depend on rare thread interleavings that may not occur
even after running the test many times. Prior approaches reproduce
such failures by searching for locations at which to inject delays
during execution, but this search process can be expensive.

We present TDRepro, an automated approach that leverages
large-language models (LLMs) and program analysis to efficiently
reproduce TD-test failures. TDRepro first identifies relevant meth-
ods by collecting executed methods during the test run and identi-
fying those that execute concurrently with other methods. It then
ranks these methods by computing the embedding similarity be-
tween each method’s code and the observed failure log. Finally,
TDRepro uses an LLM to identify candidate locations for delay
injection within the top-ranked methods. TDRepro validates these
candidates by injecting delays and rerunning the test, iteratively
refining the candidate locations based on unsuccessful attempts
until the target failure is reproduced or the maximum number of
iterations is reached. We evaluate TDRepro on 82 TD tests across
25 modules from open-source Java Maven projects. TDRepro repro-
duces 100% more failures than the prior state-of-the-art approach,
FlakeRake, and achieves more reliable reproduction, with 55 tests
reaching a failure reproduction rate of >99%, compared with 30
tests for FlakeRake. Repeatedly reproducing failures with TDRepro
requires 1482.1x and 10.4X less time and costs 888.4X and 9.6X less
than repeatedly rerunning tests and using FlakeRake, respectively.
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1 Introduction

Regression testing is the common practice of running tests after
every code change to check whether the change introduced any
bugs [17, 18, 43]. However, this practice suffers from the presence
of flaky tests, which are tests that can nondeterministically pass
or fail on the same version of code [14, 26]. Failures from these
tests can mislead developers about their code changes and waste
developers’ time to debug. To understand the root cause of the
flakiness and to validate whether a patch successfully removed the
flakiness, developers need to reproduce the flaky-test failure, but
doing so is often challenging as the test fails nondeterministically.
Reliably reproducing flaky-test failures is often difficult as simply
rerunning a flaky test may rarely observe the same test failure. Prior
work [10] found that even after rerunning tests 10,000 times, certain
failures still rarely occurred. A test can be flaky because of many
reasons, and prior work identified timing-dependence (TD) as one
of the most prominent reasons, i.e., tests that depend on execution
timing [14, 26, 34, 35]. To help reproduce failures from TD tests,
Rahman et al. proposed FlakeRake [35], an approach that injects
delays at strategic locations during test execution to more easily
induce specific thread interleavings that can cause TD-test failures.
While FlakeRake improved the reproducibility of TD-test failures,
it relies on expensive instrumentation and multiple test reruns.
We propose TDRepro, a neurosymbolic approach that repro-
duces TD-test failures reliably by combining neural reasoning with
program analysis and execution-based validation. Specifically, pro-
gram analysis uses execution tracing, coverage information, and
concurrency information to constrain the search space of relevant
methods. Neural components then rank these methods using embed-
dings and employ an LLM to identify promising locations for delay
injection. These neural outputs are guided by program-analysis
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information and subsequently validated through source-level de-
lay injection and concrete test executions. Thus, rather than using
neural and symbolic components independently, TDRepro uses
program analysis and program execution to constrain, inform, and
validate neural outputs. Our insight is that the cost of an approach
like FlakeRake comes from its search process that needs to rerun
the test many times to check whether any injected delay makes
the test fail. Hence, we use an LLM to predict and rank potential
candidate locations where injecting a delay can make the test fail. If
the LLM can accurately inject delays (assisted by program analysis
to provide information and context to help prediction), then we
can dramatically reduce the number of candidate locations to try
before reproducing the failure.

Given a TD test, its failure log, and the project codebase, TDRepro
first executes the test to collect method-level coverage to focus only
on the executed methods. It also identifies which methods execute
concurrently with one another through light instrumentation to
further narrow the search space. TDRepro then encodes the failure
log, consisting of the failure message and stack trace, and each
candidate method into embeddings, which it then uses to compute
cosine similarities between each candidate method and the failure
log to estimate semantic relevance. Using these similarity scores,
TDRepro ranks the most relevant methods and prompts an LLM to
rank candidate locations within these methods, where a method
may result in one or multiple candidate locations. Injecting a delay
at a candidate location may trigger the TD-test failure. For the
top-ranked locations returned by the LLM, we rerun the test while
injecting a delay at each location to validate whether the failure is
reproduced. If the failure is not reproduced from any candidate lo-
cations, TDRepro applies a feedback-driven refinement strategy to
prompt the LLM again for new candidates, up to a maximum of five
attempts. Once TDRepro observes a failure, TDRepro reports the
delay location used to reproduce the failure, where each location is
delayed for five seconds. This approach combines dynamic execu-
tion signals, semantic embeddings, and LLM-guided reasoning to
reproduce TD-test failures.

We evaluate TDRepro on a dataset of 25 Maven project modules,
consisting of 82 TD tests, taken from prior work [2, 35]. Following
the prior work [35], we run each test in isolation (Isolated Rerun)
to obtain the baseline failure log that TDRepro aims to reproduce.
Our evaluation shows that TDRepro reproduces 100% more flaky-
test failures than FlakeRake, successfully reproducing 60 failures
compared to the 30 reproduced by FlakeRake. Moreover, TDRepro
achieves a higher failure rate than both FlakeRake and Isolated
Rerun, reaching a failure rate of >99% for 55 tests. In comparison,
FlakeRake achieves this failure rate level for only 30 tests, while
Isolated Rerun achieves it for none. We also compare the cost of
reproducing failures with TDRepro and Isolated Rerun. TDRepro in-
curs a one-time cost to search for a delay location, after which each
reproduction is inexpensive. Thus, repeatedly observing the same
failure is much cheaper with TDRepro than with Isolated Rerun,
which incurs the cost of multiple test reruns for each failure repro-
duction. To assess the role of different LLMs used within TDRepro,
we conduct different ablation studies. By default, TDRepro uses
GPT-2 for ranking candidate methods and GPT-5.6 for recommend-
ing specific locations to inject delays, which is the combination that
achieves the best overall performance. As GPT-5.6 is a proprietary
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model, we also explore open-source alternatives by replacing it with
two open-source models, and find that the open-source models also
perform well within TDRepro.

Our paper makes the following main contributions:

e We present TDRepro, a neurosymbolic-based approach that
uses LLMs to automatically identify locations to inject delays
to reproduce TD-test failures. TDRepro reduces the search
space by leveraging embedding-based similarity between the
failure log and project methods to rank candidate methods
and identify where in these methods to inject delays.

e We provide a comprehensive analysis and ablation study
covering: (i) the reliability of failure reproduction; (ii) design
choices, such as embedding-guided ranking versus single-
shot prompting, and embedding model sensitivity (GPT-
2-Medium embedding, Qwen/Qwen2-7B embedding, and
meta-llama/Meta-Llama-3-8B embedding); (iii) model substi-
tution, replacing GPT-5.6 with popular open-source LLMs;
and (iv) hyperparameter sensitivity.

e We evaluate TDRepro on 82 flaky tests across 25 Maven
project modules. TDRepro reproduces 100% more flaky-test
failures than FlakeRake. The reproduced failures are more
reliable, with 55 tests achieving a failure reproduction rate
of >99%, compared with 30 tests for FlakeRake and none
for Isolated Rerun. The cost of reproducing failures is much
lower than that of Isolated Rerun and FlakeRake.

2 Background
2.1 Reproducing TD-Test Failures

To repair a flaky test, a developer often needs to reproduce its
failure to better understand and debug the reason for the failure.
Furthermore, after implementing a patch, a developer needs to
confirm that the failure is no longer possible or its occurrence
is substantially reduced with the patch. During this debug and
repair process, nondeterministic flaky-test failures can mislead
the developer, so the ability to reliably observe the failure is of
high importance. A timing-dependent (TD) flaky test fails due to a
difference in expected execution timing [35], such as expecting a
separate thread to finish computations within a certain time, and
so the test fails if those computations are not completed in time.
Prior work [14, 26] identified TD tests as the most prominent type
(a combination of asynchronous wait and concurrency flaky tests
within their categorizations). There are two main approaches for
reproducing TD-test failures: (1) rerunning the test many times
until it fails or (2) introducing timing delays at strategic locations
to make the test fail more easily.

2.1.1  Isolated Rerun. To confirm whether a test is flaky, developers
commonly rely on rerunning the test until the test both passes
and fails across the multiple runs [23, 28]. Prior work has found
that rerunning a test in isolation, i.e., on its own within separate
processes between reruns, is most likely at forcing the test to fail [11,
29]. We refer to the approach of rerunning tests in isolation to
reproduce a flaky-test failure as Isolated Rerun.

While rerunning the test in isolation will eventually confirm the
test is flaky, it may require many reruns just to observe a failure. Al-
shammari et al. previously found that some flaky tests may require
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1 public class FileAppenderResilienceTest {
@Test public void smoke() {
3 Runner runner = new Runner(fa);
4 Thread t = new Thread(runner);
5 t.start();
6 double delayCoefficient = 2.0;
7 for (int 1 =0; i <5; i++) {
8 Thread.sleep(RecoveryCoordinator.COEFFICIENT_MIN
9 * delayCoefficient);
10 closelLogFileOnPurpose();

11 }

12 e

13 double bestCaseRatio = 1 / delayCoefficient;
14 // expect to lose at most 35% of the events
15 double lossiness = 0.35;

16 double resiliance = (1 - lossiness);
1 ResilienceUtil.verify(logfileStr, "...",
18 runner.getCounter(), bestCaseRatio * resiliance);
19 }
0}
21 public class RecoveryCoordinator {
3 public final static long COEFFICIENT_MIN = 20;
2« private long getBackoffCoefficient() {
25 long currentCoeff = backOffCoefficient;

26 if (backOffCoefficient < BACKOFF_COEFFICIENT_MAX)
27 backOffCoefficient *= 4;

return currentCoeff;

0}
30 }

Figure 1: Example flaky test from qos-ch/logback [6].

rerunning upwards to 10,000 times just to observe a failure [10].
Despite its simplicity, Isolated Rerun can be expensive due to the
large number of reruns needed, especially if a developer needs to
observe the failure multiple times as they debug the flaky test [35].
A recent study [9] on developer debugging found that developers
run tests to reproduce failures an average of six times and up to 32
times when debugging.

2.1.2  FlakeRake. Inserting delays at strategic locations during test
execution can make TD tests more likely to fail [24, 35, 36], i.e.,
forcing key operations for Async wait flaky tests to run too slow
or expose new thread interleavings that can lead to concurrency
flaky-test failures. Rahman et al. previously proposed FlakeRake as
a way to identify the locations where one can inject delays that can
more reliably reproduce a TD-test failure during a test run [35].

Given a TD test, FlakeRake identifies timing-related APIs used
during test execution and inserts delays at those locations during
the execution of a specific thread. Once it confirms that rerunning
the TD test with injected delays can lead to a test failure, FlakeRake
then conducts a search process to minimize the set of delay locations
down to a minimal set that still reproduces the failure. FlakeRake
finally outputs a configuration, consisting of where to inject a delay
for a specific thread along with the amount of delay. A developer
can then use this configuration to construct a reproduction script
to reproduce the failure reliably.

2.2 Example

Figure 1 illustrates a simplified version of an example flaky test
from project qos-ch/logback used in our evaluation. The flaky
test is FileAppenderResilienceTest.smoke(), a previously known
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Figure 3: Searching relevant methods for a test.

flaky test from a public dataset [2], meaning prior work observed
the test flakiness when rerunning it on the same version of code.

The smoke test in FileAppenderResilienceTest evaluates the
logging system’s ability to recover from intentional failures during
concurrent logging. It launches a background thread at Line 5 that
continuously logs messages, while the main thread intermittently
and deliberately closes the underlying log file’s FileChannel at
Line 10. This setup is meant to simulate real-world I/O failures.

The test finally terminates the logging thread and verifies the
system’s resilience by checking the continuity and integrity of the
logged messages. Using ResilienceUtil.verify(...) at Line 17,
the test asserts that, while some message loss is acceptable, the
system must recover quick enough to not lose more than 35% of
the messages. In the smoke test, the main thread repeatedly calls
Thread.sleep(...) using a delay derived from the getBackoffCo-
efficient method at Line 8. getBackoffCoefficient implements
an exponential backoff strategy for retrying operations. Meanwhile,
the background thread logs messages as the main thread intermit-
tently disrupts the log file.

Injecting a delay at the beginning of getBackoffCoefficient
slows down the main thread’s call to closeLogFileOnPurpose, re-
ducing the frequency of file disruptions. As a result, fewer messages
are lost during logging. However, the test expects some message
loss to exercise the recovery mechanism at Line 17. When the per-
centage of lost messages becomes too low, the test fails because the
intended failure-and-recovery behavior is insufficiently exercised.

When we apply TDRepro on this test, TDRepro suggests the
correct delay location quickly, using only 22.3 seconds to reproduce
the failure. On the other hand, FlakeRake takes 5565.1 seconds to
reproduce the failure. We find that Isolated Rerun takes even more
time, requiring 18695.2 seconds. Our results show that TDRepro
can be 99.6% and 99.9% faster compared to FlakeRake and Isolated
Rerun, respectively, at reproducing this test failure.

3 TDRepro

We present TDRepro, an automated approach to reproduce timing-
dependent (TD) flaky-test failures. Prior approaches, such as Flak-
eRake [35], reproduce TD-test failures by injecting delays during
test execution. While effective, these approaches are often expen-
sive because they rely on exploring and trying to inject delays at
many possible delay locations during execution. Our intuition is
that a large-language model (LLM), when combined with program
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analysis, can substantially improve the efficiency of searching for
delay locations. Specifically, the LLM can help prioritize likely delay
locations and allow us to avoid many of the expensive search steps
required by prior approaches.

Figure 2 shows the high-level architecture of TDRepro. The
inputs to TDRepro include the program-under-test (codebase), test
code, and a previously observed failure log containing the desired
failure to reproduce. TDRepro consists of three main components:
(1) a method search component that finds the set of potentially
relevant methods for a given test, (2) a ranking component that
ranks these methods based on their relevance to the flaky-test
failure, and (3) an LLM-based pipeline that identifies candidate
delay locations that validates whether the injected delays at those
locations reproduce the failure, and iteratively refines the suggested
delay locations based on the validation results. The final output of
TDRepro is a failure-reproducible configuration, namely, a specific
location in the code and a delay to inject at this location such that
injecting the delay at this location causes the test to fail with the
same failure as the one given.

3.1 Method Search

Figure 3 illustrates the process of finding the relevant methods
in which to inject a delay to reproduce the TD-test failure. We
first resolve any detected dependency errors that might hinder
test execution, namely, issues that can lead to compilation errors.
We then modify the project’s build configuration (e.g., pom.xml for
Maven projects) to enable code coverage collection. Specifically,
we integrate JaCoCo [4] to collect coverage information for Java,
Maven-based projects. We then execute the flaky test under this
configuration to obtain coverage data for the target test and parse
the resulting report to extract the set of methods executed during
the test run. We then collect the methods executed concurrently
while running the test by following a similar approach used in prior
work [32] that finds concurrent methods for detecting concurrency
bugs by instrumenting method start and end points to determine

when multiple methods are executing concurrently. We perform
this instrumentation at the bytecode level and record method-entry
and method-exit events along with the executing thread to iden-
tify methods whose executions overlap across different threads.
This design is motivated by prior work that found TD-test failures
primarily arise from interactions among concurrent threads [26].

3.2 Method Ranking

Although collecting just the relevant methods by the test reduces
the search space from the full set of methods in the project, the
number of relevant methods still remains substantially large for
many tests in our evaluation (average of 417.0 per test, as shown
in Table 1). Prior work found that typically one can reproduce a
TD-test failure through just one delay location 35, 36], so searching
for that one delay location across all these methods is costly. To
address this challenge, we aim to rank the methods based on their
likelihood of containing a valid delay location for reproducing a
given TD-test failure. We then consider the top-K methods based
on this ranking for future steps.

We perform this ranking between the initial set of relevant meth-
ods obtained from the previous method search component using
advanced embedding models. As shown in Figure 4, the key in-
puts to this stage include the collected relevant method bodies and
the raw textual failure log from the failing execution. The embed-
ding model, i.e., a pre-trained LLM tailored for code or natural lan-
guage, processes each of these inputs, transforming them into fixed-
dimensional numerical representations, known as embeddings. In
our experiments, we use the GPT-2 embedding model [1], which
generates 1024-dimensional vectors for each input. We choose GPT-
2 because it is lightweight and less memory-intensive, and it also
preserves fine-grained lexical cues (identifiers, function names, and
error strings). This transformation is essential, as it maps both tex-
tual (e.g., failure log) and structural (e.g., method code) information
into a continuous vector space where semantic relationships are
preserved, enabling meaningful quantitative comparisons.
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LLM Prompt for Finding Delay Location

You are an expert Java developer. You will be provided with:
1. A non-deterministic test's failure log.

2. A list of methods.

3. The test code itself.

Your task:

- Carefully analyze each provided method

and identify the single most likely location

**Rules :**
1. Output a ranked list of 10 code locations
<Input>

<Failure>

</Failure>

<Methods-Under-Test>

</Me£ﬁéds—Under—Test>
<Test-Code>

</Teé£:Code>
</Input>

Figure 6: Prompt for finding delay locations. A more concrete
example is on our website [7].

LLM Output for Delay Location

ch.qos.logback.core.recovery.ResilientOutputStreamBase:write:
([BII)V:46 ( attemptRecovery();)

ch.qgos.logback.core.recovery.ResilientOutputStreamBase:write:
([BII)V:48 ( return;

ch.qgos.logback.core.recovery.RecoveryCoordinator:isTooSoon: ()
Z2:28 ( long now = getCurrentTime();)

Figure 7: Candidate lines for delay injection.

Once we generate embeddings for the different inputs, we quan-
tify their semantic similarity using cosine similarity. Specifically,
we compute the cosine similarity between each relevant method
and the failure log. Cosine similarity measures the angle between
two non-zero vectors in an inner product space; values closer to 1
indicate high semantic similarity, while values near 0 indicate little
to no similarity. Cosine similarity is particularly useful in our con-
text, as it captures the directional alignment between embeddings,
thereby revealing how closely a method’s behavior aligns with the
language and patterns observed in the failure log. For instance, a
high similarity between a method and the failure log suggests that
the method is likely related to the failure.

3.3 Delay Location Search with LLM

Given the top-K most relevant methods from the previous compo-
nent, we now aim to pinpoint an exact location where injecting
a delay can reproduce the given failure. Figure 5 illustrates this
process, which uses the provided relevant methods and failure log
to construct prompts for the LLM to generate a configuration, i.e.,
a delay location where injecting a delay reproduces the failure.

3.3.1 Prompt Construction. Using the top-K most relevant meth-
ods for a TD-test failure, we construct a prompt that guides the LLM
to identify candidate delay locations. The prompt includes natural
language instructions that guide the LLM to analyze each method
body and identify the likely location to inject a delay that can trigger
the given failure. Figure 6 illustrates our prompt template.
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More specifically, we craft a task-specific prompt that includes:
(1) the failure log, (2) the test code, and (3) the top-K most relevant
methods. For each method, we format the structure that we provide
to the LLM to include its class name, method name, descriptor, line
range, and entire method body. Crucially, we annotate each line of
the method body with its corresponding source file line number,
enabling the LLM to reason about and output the exact location in
which to inject a delay. The prompt explicitly instructs the LLM
to output a ranked list of potential delay locations in the format:
Class:Method:Descriptor:FileLineNumber as shown in Figure 7,
for the example in Section 2.2. The LLM outputs the top-L locations
within the given methods where it predicts that injecting a delay at
that location reproduces the failure. We enforce strict constraints
in the prompt, allowing only complete statements, i.e., valid delay
locations are never partial lines, continuations, or insertions within
multi-line constructs.

3.3.2  Prompt Execution and Injecting Delay. Once we generate a
prompt using all the information for a specific TD test, we structure
a conversation using the OpenAI Chat API [3]. In the prompt, we
have a system message that defines the task and its constraints,
followed by a user message containing the full prompt, including the
failure log, test code, and candidate methods. This conversation is
submitted to the LLM within a loop that includes a retry mechanism
to ensure robustness against API failures.

The model’s response is then appended to the conversation his-
tory as an assistant message, enabling future refinement. We specif-
ically extract structured output enclosed between the <Output> and
</Output> tags. Each extracted line is expected to follow the format:
Class:Method:Descriptor:LineNumber. Each of these lines repre-
sents a candidate configuration, i.e., a delay location where the
model believes injecting a delay there should reproduce the failure.

3.3.3  Validation. For each candidate configuration, we rerun the
test in isolation to validate whether injecting a delay at that location
truly makes the test fail more reliably. We parse each candidate
configuration to extract the class name, method name, descriptor,
target line number, and corresponding source code. Using this
information, we inject a delay at the given location (in Java, we
would insert a call to Thread.sleep(...) at each location, one at a
time). We set the amount of time to delay as five seconds, aligning
with the delay amount used in prior work, FlakeRake [35].

By default, we run the test five times. We run the test with a
default three minutes timeout, which is substantially longer than
individual test runtimes in our dataset. The timeout helps deal with
indefinite executions from injected delays. We collect a failure log, if
any, after the test execution. We consider a candidate configuration
to be valid if running the test with it results in any failures for at
least three out of the five runs, following the same heuristic used
in prior work [35]. We report any valid configurations. However, if
we do not observe the same failure as the baseline failure at least
three times, we provide feedback to the LLM to get better candidate
locations, as shown in Figure 5.

3.3.4 Feedback. In case we cannot obtain a valid candidate loca-
tion, we apply a feedback-driven refinement process to enable the
model to make another attempt at generating candidate locations,
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Follow-up Prompt with Feedback for the LLM

Your previous suggestion did not reproduce the failure.
Here is what is already tried:

Method: <MethodName>

Location(s): <MethodCodeWithLineNumbers>

Suggest a new batch of 10 locations for delay injection.

Figure 8: Follow-up prompt incorporating failure reproduc-
tion feedback and refinement instructions.

up to a set maximum limit of five attempts. We construct a struc-
tured feedback prompt summarizing prior attempts after trying all
candidate locations the LLM last outputted, shown in Figure 8.
This feedback includes: (1) a ranked list of methods where we
have already tried injecting delays within, and (2) the candidate
locations used in the unsuccessful attempt. We also prompt the LLM
explicitly to instruct it to avoid repeating earlier suggestions and to
propose new delay locations, either in a different method or at an
untried location within the same method. This message is appended
to the ongoing conversation history, allowing the LLM to maintain
context across iterations and refine its reasoning accordingly.

4 Experimental Setup
We address the following research questions:

e RQ1: How effective is TDRepro at reproducing TD-test fail-
ures compared with prior approaches?

e RQ2: How reliably can the same TD-test failures be repro-
duced across repeated executions?

e RQ3: What is the cost of reproducing failures using TDRepro
compared with prior approaches?

e RQ4: How do different design choices affect TDRepro?

We address RQ1 to evaluate the number of TD-test failures re-
produced by each approach. We address RQ2 to assess how reliably
each approach can reproduce the same TD-test failures across re-
peated test runs. We address RQ3 to investigate the time and cost
associated with each approach when reproducing the TD-test fail-
ures. Finally, we address RQ4 to investigate how choices of different
components of TDRepro impact the performance of TDRepro.

4.1 Evaluation Dataset

We conduct our evaluation on TD tests collected from open-source
projects that are Java and Maven-based. The tests were previously
identified by FlakeRake [35] and contained in a public dataset,
IDOFT [2]. We first rerun each TD test in our environment 10,000
times to confirm the presence of flakiness. We include only tests
for which we observe flaky failures during our reruns, ensuring
that our evaluation focuses only on failures that can be reproduced
in our experimental environment.

FlakeRake. Rahman et al. [35] initially considered 811 tests that
were previously identified by FlakeFlagger [10]. As a baseline (“Iso-
lated Rerun”), representing the approach commonly used by de-
velopers to reproduce flaky-test failures, Rahman et al. [35] reruns
each test in isolation 10,000 times to detect flakiness. From this
process, Rahman et al. identified 160 flaky tests. We attempt to
include these 160 flaky tests in our evaluation. We run each test
10,000 times, and we find that only 102 tests failed at least once.
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We find that 59 of these tests are environment-dependent, meaning
their failures are not due to the tests themselves but rather due to
the environment in which they are run, e.g., the failure messages
indicate issues with port binding (i.e., throwing a BindException),
invalid port assignments (i.e., reporting port number being out of
range), or connection failures (i.e., reporting Connection refused).
These failure patterns suggest that the tests are primarily affected
by environmental or resource-related issues, such as leftover pro-
cesses, occupied ports, or unsuccessful service initialization, rather
than genuine timing-dependent behavior. Therefore, we exclude
those 59 tests from our evaluation, leaving us with 43 tests from
this dataset to use in our evaluation.

IDOFT. From IDoFT [2], we find 179 flaky tests are categorized as
TD tests. We run each test 10,000 times, and find that 68 tests fail
at least once. Among these tests, 29 overlap with the flaky tests
already included from the FlakeRake dataset. Therefore, we include
an additional 39 TD tests from IDoFT.

After combining tests from these two sources, our dataset con-
tains 82 TD tests across 25 Maven modules'. Table 1 summarizes
the characteristics of these modules. The “Tests” column reports the
number of TD tests in each module, while “Exec. Methods” reports,
for each module, the average number of methods executed by a
TD test in that module. Across all TD tests in our dataset, a test
executes 417.0 methods on average, indicating a large search space
for potential delay injection when reproducing TD-test failures.

4.2 Baselines and Configuration

We evaluate TDRepro against two baselines, Isolated Rerun and
FlakeRake (Section 2.1). For Isolated Rerun, we rerun each TD test in
isolation 10,000 times. For FlakeRake, we use the tool as is, targeting
a given TD test. We run FlakeRake with the default configuration
in a Docker container with 16GB of RAM and 4 CPU cores. When
running TDRepro, we consider the top K = 10 methods and L = 10
ranked candidate locations per prompt. We choose these values
based on our ablation study in Section 5.4.

5 Evaluation
5.1 RQ1: Number of Reproduced Failures

Table 2 shows the number of TD-test failures detected (column “#
Tests Failure Detected”), and reproduced (column “# Tests Failure
Reproduced”) by each approach. We consider a test’s failure to be
“detected” if the approach triggers at least one failure that fails at
least three out of five runs, regardless of whether it matches the
baseline failure from Isolated Rerun. We consider a failure “repro-
duced” if such a failure matches that baseline failure. To identify
whether a failure matches the baseline failure, we encode the logs
using a pretrained sentence transformer model [37] and compute
the cosine similarity between their embeddings. We consider two
failures to match when their cosine similarity is at least 0.9, similar
to prior work [27] that showed this approach to be effective for
failure-log matching. We therefore evaluate whether an approach
can reproduce one of the known failures for a given TD test using
the available failure log.

1A Maven project may be divided into multiple modules, where each module contains
its own set of tests that are run isolated from one another.
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Table 1: Number of TD tests per module and characteristics of the tests.
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Number of Test Suite
ID Project Module Tests ‘ Exec. Methods ‘ Tokens | Runtime (sec.)
M1 | activiti/activiti activiti-engine 3 2247.0 | 45653.3 21.5
M2 Alluxio/alluxio . 2 811.3 | 24376.2 14.7
M3 | apache/dubbo dubbo-config/dubbo-config-api 3 975.7 | 31293.0 17.7
M4 | apache/dubbo dubbo-rpc/dubbo-rpc-dubbo 2 568.2 | 19873.5 15.5
M5 | apache/httpcore httpcore 2 29.0 1250.0 7.7
M6 | apache/incubator-dubbo dubbo-cluster 1 77.0 3340.0 13.9
M7 | davidmoten/rxjava2-extras . 1 84.0 1887.0 21.2
M8 | doanduyhai/Achilles integration-test 2 1198.0 | 34092.0 29.9
M9 | doanduyhai/Achilles integration-test-2_1 6 422.7 | 13888.7 40.2
M10 | doanduyhai/Achilles integration-test-2_2 6 398.5 | 13494.5 27.1
M11 | doanduyhai/Achilles integration-test-3_10 2 329.0 | 10328.0 25.6
M12 | doanduyhai/Achilles integration-test-3_7 2 355.0 | 11487.0 24.1
M13 | feroult/yawp yawp-testing/yawp-testing-appengine 1 204.5 3812.0 23.1
M14 | flaxsearch/luwak luwak 2 132.2 3133.0 7.0
M15 | javadelight/delight-nashorn-sandbox | . 1 69.0 1776.0 7.0
M16 | jknack/handlebars java handlebars-humanize 1 97.0 2874.0 10.3
M17 | kagkarlsson/db-scheduler . 1 107.0 2800.0 19.1
M18 | qos-ch/logback logback-classic 2 432.0 | 11509.5 13.2
M19 | qos-ch/logback logback-core 1 60.0 1327.0 12.3
M20 | square/okhttp okhttp-tests 9 267.4 8436.7 11.4
M21 | TooTallNate/Java-WebSocket . 26 186.0 8220.3 8.8
M22 | undertow-io/undertow core 2 319.0 | 11556.0 19.8
M23 | vmware/admiral adapter/registry 1 206.0 7524.0 15.3
M24 | vmware/admiral compute 1 781.0 | 32455.0 13.3
M25 | zxing/zxing core 2 69.5 2868.5 3.0
Sum x 1| Average x 3 | 82| 417.0 | 12370.2 | 16.9

Isolated Rerun, which repeatedly reruns each test in isolation,
serves as an upper bound and detects all 82 TD-test failures in
our dataset by design, albeit at a high cost (Section 5.3). Overall,
TDRepro detects failures for 60 out of 82 TD tests, achieving a
detection rate of 73.2%. In contrast, FlakeRake detects 36 TD-test
failures, corresponding to a detection rate of 43.9%. Concerning
reproduced failures, we find that TDRepro reproduces all 60 TD-
test failures detected, meaning that all detected failures match the
corresponding failures from Isolated Rerun. In contrast, FlakeRake
reproduces only 30 failures.

Answer to RQ1. TDRepro substantially outperforms FlakeRake,
detecting 60 failures (73.2%) versus 36 (43.9%), and reproducing 60
failures compared to 30, representing a 100% improvement.

5.2 RQ2: Reliability of Reproduced Failures

We evaluate how reliably each test failure can be reproduced by
counting how often the same failure occurs across 100 runs, using
the configurations outputted by TDRepro and FlakeRake. We specif-
ically count how often the same failure is reproduced when run
under the configuration within 100 runs. We also compare against
the number of times the failure is reproduced in the first 100 runs of
the 10,000 Isolated Rerun runs, ensuring we use the same number
of runs for comparison purposes.

Table 3 shows a comparison of failure reproduction rates between
TDRepro, FlakeRake, and Isolated Rerun. The rows correspond
to the failure reproduction rates achieved by TDRepro, grouped

into multiple percentage intervals (from 0% to (99%,100%]), and
the columns are divided into the same percentage intervals for
FlakeRake and Isolated Rerun. Each cell in the table indicates the
number of tests that fall into a specific combination of reproduction-
rate ranges between TDRepro and the other two approaches. A
higher failure reproduction rate enables more efficient debugging
and root-cause analysis.

The table shows that TDRepro achieves high reliability in re-
producing TD-test failures, with near-to-deterministic reproduc-
tion rate (99%,100%] for 55 tests. Interestingly, FlakeRake similarly
achieves near-to-deterministic reproduction rate for all 30 TD tests
whose failures it can reproduce, though it reproduces much fewer
TD-test failures than TDRepro. Meanwhile, although Isolated Rerun
reproduces all failures by our evaluation design (note that the table
shows 39 tests reproduced at rate 0% because we only consider the
first 100 runs for comparison purposes), the failure reproduction
rate per test is lower and no tests fail at the highest (99%,100%] rate.
Answer to RQ2. Across 100 reruns, TDRepro delivers more stable
failure reproductions, with 55 tests failing at a >99% rate. FlakeRake
reaches that level for all 30 tests it can reproduce, and Isolated
Rerun cannot achieve that level for any tests.

5.3 RQ3: Cost to Reproduce Failures

We measure the cost of each approach to reproduce failures multiple
times, measured in terms of both time and monetary cost. For
TDRepro and FlakeRake, we apply the configuration outputted by
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Figure 9: Average expected time (sec., log scale) across all tests per module required to observe N failures by the approaches per
module. The time includes both the per-run normalized cost and, for TDRepro, the one-time configuration search cost.
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Figure 10: Average expected monetary cost (USD, log scale) across all tests per module required to observe N failures by the
approaches per module. The cost includes both the per-run machine cost and, for TDRepro, the one-time LLM prompt cost.

Table 2: Test failures detected and reproduced by FlakeRake
and TDRepro.

# Tests Failure Detected || #Tests Failure Reproduced
D FlakeRake ‘ TDRepro || FlakeRake ‘ TDRepro

M1 3 3 2 3
M2 2 0 2 0
M3 3 3 3 3
M4 2 1 2 1
M5 1 0 1 0
Me6 0 0 0 0
M7 1 1 1 1
M8 0 0 0 0
M9 0 6 0 6
M10 0 6 0 6
Mi11 0 2 0 2
Mi2 0 2 0 2
M13 1 0 0 0
M14 1 2 0 2
M15 1 1 1 1
Mie 1 0 1 0
M17 1 1 1 1
M18 2 0 2 0
M19 1 1 1 1
M20 9 4 7 4
M21 4 25 4 25
M22 2 2 2 2
M23 1 0 0 0
M24 0 0 0 0
M25 0 0 0 0
Total 36 60 || 30 60

each approach for a given TD test and run the test 100 times. For
Isolated Rerun, we run the test 10,000 times. Using the observed
failure rate, we estimate the expected number of reruns required

to observe N failures using: E[runs for N failures] = N/p, where
p is the empirical failure probability.

For TDRepro, the total time cost is the sum of the time required
to search for a failure-inducing configuration and the time required
to run the test with that configuration enough times to observe N
failures. The monetary cost for TDRepro accounts for both the cost
of LLM API calls during configuration search (we estimate the cost
using OpenAl pricing?) and the cost of compute resources for both
searching and test execution (we estimate using AWS on-demand
pricing® for the m8a.4xlarge instance type that closely matches
the specification of the machine we use in our experiments). For
FlakeRake, the total time cost is the sum of the time required to
search for failure-inducing configurations and the time required
to run the test with that configuration enough times to observe
N failures, based on the empirical failure rate. The monetary cost
for FlakeRake accounts for the cost of compute resources for both
configuration search and test execution. For Isolated Rerun, there is
no one-time configuration search or LLM cost. Therefore, the total
time and monetary cost is simply the amount of time and money
needed to run the test enough times to observe N failures, based
on the observed empirical failure rate. To enable comparison across
tests with varying runtimes, we normalize the reproduction cost
for each failure by dividing by the time and money required to run
the corresponding test once in isolation.

Figures 9 and 10 show the expected normalized time and mone-
tary cost, respectively, to reproduce up to 50 failures using TDRepro
(blue line), Isolated Rerun (orange line), and FlakeRake (green line).
We show results for the four modules that contain more than five TD
tests (Table 1). In each subplot, the X-axis represents the number of
desired reproduced failures (N) and the Y-axis (log scale) shows the
normalized cost (either time in seconds or money in USD) relative to
the cost of a single isolated test run. As FlakeRake cannot reproduce
a failure for the M9 and M10 modules, the corresponding subplots

Zhttps://openai.com/pricing
3https://aws.amazon.com/ec2/pricing/on-demand
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Table 3: Comparison of failure reproduction rates for TDRepro, FlakeRake, and Isolated Rerun.

FlakeRake Isolated Rerun
TDRepro 0% (0%,10%] (10%,25%] (25%,50%] (50%,75%] (75%,99%] (99%,100%] ‘ 0% (0%,10%] (10%,25%] (25%,50%] (50%,75%] (75%,99%] (99%,100%] | Total
0% 12 0 0 0 0 0 10 9 12 1 0 0 0 0 22
(0%,10%] 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
(10%,25%] 0 0 0 0 0 0 3 3 0 0 0 0 0 0 3
(25%,50%] 0 0 0 0 0 0 1 0 0 1 0 0 0 0 1
(50%,75%] 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
(75%,99%) 1 0 0 0 0 0 0 0 1 0 0 0 0 0 1
(99%,100%] | 39 0 0 0 0 0 16 || 27 5 1 0 4 18 0 55
Total | 52 0 0 0 0 0 30 || 39 18 3 0 4 18 0] 82

contain only two lines, representing TDRepro and Isolated Rerun.
The results show that the cost of TDRepro and FlakeRake flattens
as N increases, because they search for a configuration only once,
while the cost of Isolated Rerun keeps growing with N. To observe
50 failures, both TDRepro and FlakeRake cost less than Isolated
Rerun in both time and money. When comparing TDRepro against
FlakeRake, we observe that TDRepro outperforms FlakeRake. On
average, to reproduce a failure 50 times, TDRepro is 1482.1X faster
and 888.4x cheaper than Isolated Rerun, and 10.4X faster and 9.6X
cheaper than FlakeRake across all modules. TDRepro’s machine
cost averages $0.22 per test, compared with $2.55 for FlakeRake.
Although FlakeRake does not incur any LLM cost, its machine cost
is much higher than TDRepro. TDRepro adds a small one-time
LLM search cost of $0.018 per test on average, for a total cost of
$0.24 per test. The LLM cost accounts for 7.5% of TDRepro’s total
cost. FlakeRake performs better than TDRepro (1.5% faster and 1.6X
cheaper than TDRepro to reproduce the same failures for 50 times)
only for module M20 as shown in Figures 9 and 10. The reason is
that, for module M20, TDRepro has many unsuccessful attempts,
for which configuration search requires more time. Results for the
remaining modules are available on our website [7].

Answer to RQ3. TDRepro takes substantially less time and costs
less money to use than Isolated Rerun, with an average of 1482.1x
less time and 888.4% less money. Compared to FlakeRake, TDRepro,
on average, takes 10.4X less time and costs 9.6X less money.

5.4 RQ4: Component Analysis of TDRepro

We show how our design choices behind each component of TDRepro
contribute to its overall performance. We begin by examining four
different ablations that remove key capabilities: (i) Method Ranking,
where we evaluate the importance of TDRepro’s method-ranking
strategy by comparing it with an LLM-only approach that does not
perform method ranking and instead provides all executed methods
directly to the LLM to rank delay locations (Section 3.3); (ii) Em-
bedding Model Comparison, where we compare GPT-2-Medium
embedding with other popular embedding models for ranking can-
didate methods and evaluate their effectiveness in reproducing fail-
ures and their runtime; (iii) Reasoning Model Comparison, where
we compare GPT-5.6 with popular open-source reasoning mod-
els for reproducing failures using the same ranked methods; and
(iv) Hyperparameter Sensitivity, where we evaluate the impact of
varying the number of candidate methods (K) and the number of
GPT-suggested delay locations (L).

Method Ranking. Table 4 shows the effectiveness of method rank-
ing in reproducing TD-test failures. The table shows the LLM-only

Table 4: Effectiveness of method ranking for reproducing
test failures.

LLM-only Embedding-only

ID | Reproduced ‘ Runtime || Reproduced ‘ Runtime
M1 0 184.0 3 320.4
M2 0 131.8 0 1032.5
M3 0 0.0 3 323.9
M4 0 132.6 1 36067.6
M5 0 76.2 0 1375.3
M6 0 155.5 0 65751.9
M7 1 56.0 1 237.2
M3 0 165.9 0 24844
M9 0 246.2 6 2276.3
M10 0 254.3 6 1608.6
Mi11 0 34.0 2 611.2
Mi12 0 275.0 2 2524.4
Mi13 0 0.0 0 3332.5
Mi14 1 85.3 2 390.1
M15 1 71.1 1 146.5
M16 0 0.0 0 1115.0
M17 0 114.1 1 686.2
M18 0 224.7 0 14200.0
M19 1 96.2 1 80.2
M20 1 92.8 4 8396.7
M21 4 27.4 25 377.5
M22 0 240.6 2 815.9
M23 0 318.4 0 2975.7
M24 0 0.0 0 4671.8
M25 0 0.0 0 12373.6
Total/ 9 60
Avg. 345.9 13335.0

baseline reproduces 9 test failures (avg. 345.9 seconds), whereas
the embedding-guided method ranking (i.e., TDRepro’s method
ranking using GPT-2-Medium embedding) reproduces 60 test fail-
ures (avg. 13335.0 seconds) across 25 modules. This result indicates
that ranking methods using embedding similarities substantially
improves failure reproduction. Furthermore, when we sequentially
introduce delays before each line, we identify the correct location
for 60 tests. These results highlight the effectiveness of our ranking
in identifying the most relevant methods, including cases where
the LLM-only baseline fails.
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Table 5: Experiments with different embedding choices and open-source inference models. Runtime represents the percentage
difference in runtime relative to TDRepro. A positive value indicates that the technique is that percentage slower than TDRepro,
whereas a negative value indicates that it is faster.

Ranking Quality (Embedding Model) Replacing GPT-5.6 with Open-source Models
Qwen/Qwen2-7B embedding | meta-llama/Meta-Llama-3-8B embedding || Qwen/Qwen2.5-Coder-14B-Instruct | meta-llama/Llama-3.3-70B-Instruct
ID Reproduced ‘ Runtime Reproduced Runtime Reproduced ‘ Runtime Reproduced Runtime
M1 2 227.9 2 425.0 0 332.2 0 3740.7
M2 2 -415 1 -34.7 0 0.0 0 0.0
M3 3 108.9 3 123.8 3 589.8 2 3055.1
M4 1 -87.9 1 -87.5 1 8.3 0 768.1
M5 0 6.9 0 -1.9 0 0.0 0 0.0
M6 0 -14.1 0 -42.2 0 0.0 0 0.0
M7 1 8.2 1 29.1 1 33.8 1 1110.1
M8 0 0.0 0 0.0 0 0.0 0 0.0
M9 6 152.6 6 104.9 3 1053.7 5 1206.8
M10 6 437.9 6 2745 5 427.6 5 1205.0
Mil 2 2857.6 2 270.1 0 1109.0 2 1214.6
Mi12 2 404 2 18.1 1 403.4 2 596.4
M13 0 38.2 0 -20.5 0 0.0 0 0.0
Mi14 2 8.2 2 2.8 2 29.5 2 2029.4
M15 1 22.2 1 -34.0 1 119.4 1 1643.3
Mi6 0 22.6 0 -25.1 0 0.0 0 0.0
M17 1 80.2 1 -11.9 1 20.6 1 1588.3
Mi8 0 8.4 0 814 0 0.0 0 0.0
M19 1 2.9 1 447 1 32.3 1 1146.5
M20 2 59.9 2 -41.9 2 664.2 1 303.5
M21 23 -0.6 24 29.2 24 49.8 21 20305
M22 1 3.5 1 17.8 2 54.7 1 12473
M23 0 -18.7 0 155.4 0 0.0 0 0.0
M24 0 33.6 0 18 0 0.0 0 0.0
M25 0 0.0 0 0.0 0 0.0 0 0.0
Total/ 56 56 47 45
Avg, 431.2 1974 893.7 43033
. . . 0
Embedding Model Comparison. We replace GPT-2-Medium em- 1.00) o Kablation o
bedding with Qwen/Qwen2-7B embedding and meta-llama/Meta- = L ablation
. ¥ Chosen: K=10, L=10

Llama-3-8B embedding to rank executed methods. From each model, 0.98
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produce 56 failures, requiring 431.2 seconds and 197.4 seconds, §°-94
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bedding, by 431.2% and 197.4%, respectively.

Reasoning Model Comparison. We evaluate the choice of reason-
ing model GPT-5.6 by swapping it with open-source LLMs, namely,
meta-llama/Llama-3.3-70B-Instruct and Qwen/Qwen2.5-Coder-14B-
Instruct. As shown on the right-side of Table 5, Qwen reproduces
47 failures in 893.7 seconds, while Llama reproduces 45 failures in
4303.3 seconds. However, when compared with our GPT-5.6 config-
uration (Table 2), both open-source alternatives reproduce fewer
failures. In summary, large open-source models can serve as faster,
usable substitutes when budgets dominate, but GPT-5.6 remains
preferable when maximizing failure reproduction.
Hyperparameter Sensitivity. Figure 11 presents the success rate
versus average runtime for different values of K and L used to
achieve that success. For both parameters, increasing the search
space initially improves reproduction effectiveness, but the benefit

Avg. time (sec.)
Figure 11: Comparison between different values of K and L.

peaks at 10 and then declines. With K, the success rate peaks at 10
candidate methods; considering 15 methods increases execution
time by approximately 5% while slightly reducing effectiveness.
Likewise, increasing the number of GPT-suggested delay locations
beyond 10 incurs additional runtime without improving reproduc-
tion performance. Conversely, using only 3 or 5 candidates reduces
runtime but noticeably lowers the success rate because relevant de-
lay locations are more likely to be excluded from the search space.
Consequently, K = 10 and L = 10 lie on the best effectiveness
and efficiency trade-off, achieving the highest reproduction rate
while also costing less time than the larger K = 15 and L = 15
configurations. We therefore use K = L = 10 throughout the paper.
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Answer to RQ4. Ranking executed methods before passing them
to the LLM achieves better reproduction effectiveness than directly
passing all executed methods. Among the embedding models eval-
uated for method ranking, the model used by TDRepro more effec-
tively ranks the true method (i.e., the method containing the actual
delay location) than the other open-source embedding models. Sim-
ilarly, GPT-5.6, which TDRepro uses to identify delay locations,
reproduces more failures than the evaluated open-source LLMs.
Finally, using K = L = 10 achieves the best balance between repro-
duction effectiveness and runtime.

6 Threats to Validity

Our study focuses on open-source Java projects, which may limit
the generalizability of our findings to other programming languages
and projects. While the high-level algorithm behind TDRepro is
language-agnostic, differences in syntax and testing frameworks
(e.g., pytest [5]) may affect its effectiveness.

Certain design choices may affect our results. For instance, we
fix the feedback count to five, though higher values may improve
performance. TDRepro currently injects a single five second delay at
one location, similar to prior work [35]. Some failures may require
injecting multiple delays or having different amounts of delays.

TDRepro restricts delay injection to the project code under test.
It may be possible to reproduce more TD-test failures by expanding
the search to consider locations outside the project code, e.g., in
library code, so our current results may still be underestimating
the effectiveness of injecting delays to reproduce failures.

7 Related Work

Luo et al. performed the first empirical study on flaky tests in
open-source projects [26]. They categorized flaky tests by man-
ually inspecting developer-fixed flaky tests. They found that the
most prevalent types of flaky tests are asynchronous wait and con-
currency flaky tests, where both types similarly fail due to differ-
ences in timing when a test executes multiple threads concurrently.
Rahman et al. termed both types of flaky tests together as timing-
dependent (TD) tests [35]. Researchers would develop approaches
to automatically detect different types of flaky tests based on the
results from Luo et al.’s study, including rerun, dynamic analysis,
static analysis, and machine-learning approaches [10, 11, 13, 20—
23, 30, 31, 38-42, 44].

Rahman et al. developed an approach, FlakeRake [35], to repro-
duce the failures from TD tests. FlakeRake targets a set of known
Java APIs related to multithreading by injecting delays at locations
that use these APIs during test execution to see whether the test
fails more reliably. Similarly, Leesatapornwongsa et al. proposed
FlakeRepro [24], which uses static and dynamic program analysis
to determine where to inject delays to reproduce specific thread
interleavings that can lead to previously observed failures. TDRepro
is similar to both prior work in that we also aim to inject delays to
induce TD-test failures. The difference is that TDRepro relies on
code similarity and LLMs to rank likely delay locations, with the
goal to more effectively and efficiently determine the correct de-
lay locations that lead to the failures. We directly compare against
FlakeRake given our focus on Java projects, finding that TDRepro
can reproduce TD-test failures better than FlakeRake.
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Rahman et al. investigated repairing TD tests with FlakeSync [36],
in contrast to approaches that focus on reproducing TD-test failures.
FlakeSync identifies points during test execution that need to be
synchronized with one another to force out the expected behavior,
preventing the test from flakily failing. Jayanthi et al. improved
upon the original implementation of FlakeSync [19], outputting
patches that can be applied to the project code to repair the TD
test. Our work is complementary. By finding more efficient ways to
reproduce TD-test failures, TDRepro can guide repair strategies to-
wards generating the patch as well as validating patch correctness.

Recently, researchers have increasingly explored the use of LLMs
to address various challenges related to flaky tests. Fatima et al. pro-
posed Flakify [15], which fine-tunes CodeBERT [16], a pre-trained
language model, to predict whether a test is flaky or not using only
its source code. Flakify does not require repeated test executions
or access to the production code. Akil et al. proposed FlakyCat [8],
which uses CodeBERT and few-shot learning to classify flaky tests
according to their root causes, such as classifying a flaky test as
a TD test. Rahman et al. proposed FlakyQ [33] to further explore
LLM-based flaky-test classification, making the predictions faster
through quantization. Rahman et al. also proposed FlakyLens [34]
to improve flaky-test classification by addressing limitations in
prior evaluations, including data leakage and class imbalance. Chen
and Jabbarvand proposed FlakyDoctor [12], which uses a neurosym-
bolic approach that combines LLMs with program analysis to au-
tomatically repair different types of flaky tests. Li et al. proposed
FlakyGuard [25], which extends upon this direction of leveraging
LLMs to repair flaky tests, but in an industrial setting and using
selective graph exploration to provide LLMs with relevant code
context for flaky-test repair when there is a large codebase to ana-
lyze. Although these approaches demonstrate the potential of LLMs
for addressing problems with flaky tests, they primarily focus on
detecting, classifying, or repairing flaky tests. In contrast, TDRepro
focuses on reproducing flaky-test failures, specifically on TD tests,
by using LLMs and code similarity to rank candidate locations to
inject delays and more easily reproduce failures. Essentially, tech-
niques to reproduce flaky-test failures are complementary to these
prior flaky-test approaches.

8 Conclusions

We present TDRepro, a neurosymbolic approach for detecting and
reproducing TD-test failures via injecting delays at strategic loca-
tions to more easily induce the failures. TDRepro reduces the search
space by first identifying methods executed by the TD test, ranking
them using embedding-based similarity, and then leveraging an
LLM to infer candidate delay locations. The approach validates
these candidates through targeted delay injections and iteratively
refines the search using feedback from unsuccessful attempts.

TDRepro reproduced 60 out of 82 test failures, while FlakeRake
reproduced 30 failures. TDRepro also demonstrated high reliability,
achieving a >99% failure reproduction rate for 55 tests. In compari-
son, only 30 tests reach this rate of reproduction with FlakeRake,
and none with Isolated Rerun. TDRepro also required substantially
less time and cost to reproduce failures than FlakeRake and Iso-
lated Rerun. Such a high reproduction rate combined with lower
reproduction cost can substantially improve developers’ ability to
debug flaky tests.
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