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METHOD OF AUTOMATED INTEGRATION TEST GENERATION AND
CONTINUOUS EXECUTION IN LARGE-SCALE CODE REPOSITORIES

Maintaining high-quality tests in large-scale code repositories remains a critical challenge due to frequent code changes and
the high cost of manual test creation and maintenance. This paper proposes a method of automated test generation and continuous
execution integrated directly into a .NET Azure DevOps pipeline. The method leverages large language models to automatically
generate and update integration tests in response to every code commit. Once generated, the tests are compiled and executed within
the same pipeline, while a self-healing mechanism attempts to automatically recover failing AI-generated tests. If recovery fails, the
pipeline halts to prevent defective deployments. The approach ensures that the test suite evolves continuously alongside the codebase,
enabling real-time validation of new functionality. Experimental evaluation on a large-scale project demonstrated improved test
coverage, reduced manual testing effort, and enhanced defect detection during continuous integration. The research highlights the
synergy between Al-driven code analysis and continuous testing, showing how automated test generation can strengthen DevOps
practices. Future work will focus on fine-tuning language models for domain-specific test generation and improving self-healing
accuracy to further reduce developer intervention.

Keywords: automated test generation, Al-driven testing, integration tests, software quality assurance, object-oriented
programming, Azure DevOps, large-scale repositories.

BOMKO B’suecnas, MAPTUHIOK Banepiit

XMenbHUIBKAH HalliOHATBHUH YHIBEPCUTET

METOJI ABTOMATH30BAHOI'O TEHEPYBAHHSA IHTETPAIIIMHUX TECTIB
TA IX HEIEPEPBHOI'O BUKOHAHHSA Y BEJJUKOMACIHITABHUX
PEIIO3UTOPISAX KOAY

[TigTpuMarHs1 BUCOKOI SKOCTI TECTYBAHHS Y BE/MKOMACLUTAOHUX DENMONTOPISIX KOAY 3a/MILIAETLCH CKAaAHNUM 3aBAAHHSIM
Yepes 4acti 3MiHM MporpamMHoro 3abe3reqyeHHs] Ta BUCOKY BapTiCTb MaHyaslbHOro TecTyBaHHS. Y CTartTi 3arporioHOBaHO METoq
aBTOMAaTH30BaHOIO MeHEPyBaHHS TECTIB Ta iX GE3MEPEPBHOrO BUKOHAHHS, IHTEMPOBaHi 6e3r10cepesHbo B KOHBEED 36ipku Azure
DevOps 415 .NET-rpoeKTiB. MeTog BUKOPHCTOBYE BE/MKI MOBHI MOAE/T 47151 aBTOMATUYHOIO CTBOPEHHSI Ta OHOB/IEHHS IHTEMDALIVIHUX
TECTIB Y BIAMOBIAL HA KOXEH KOMIT KO4Y. SreHEPOBAaHI TeCTu KOMIT/IOITECS Ta BUKOHYIOTLCS B TOMY )X KOHBEEPI, a MEXaHI3M
CaMOBIAHOB/IEHHS HAMAraeTbCS aBTOMAaTUYHO BUMPAaBUTYH 300i'y TecTax, 3reHepoBarmx LU SKuwjo BiAHOB/IEHHS HEMOX/INBE, KOHBEED
TIDUITNHSIE BUKOHAHHS], 3aI106Iratoqy HEKOPEKTHUM PO3ropTaHHIM. 3ariporioHOBaHMI 11iaxia 386€3re4ye eBOIOLI0 TECTOBOr0 Habopy
CUHXPOHHO 3 PO3BUTKOM KOAY, AO3BOJISIOYM 3A4IMICHIOBATY MEPEBIPKY HOBOI yHKLIIOHA/IHOCTI B pEasibHOMY Yaci, EKCrnepumeHTasHa
OLjiHKa Ha BE/MKOMY MPOEKTI IPOAEMOHCTPYBANA MIABULLEHHS [TOKPUTTS TECTAaMY, 3MEHLLEHHS 0OCArY PyYHOI pob0TH Ta MOKPALYEHHS
BUSIBJIEHHS AE€DEKTIB y npoueci 6e3nepepBHOI iHTerpaulii. JoCimKeHHS MiKPECTIOE CUHEDITIO MK LLII-kepoBaHnM aHasmi3oM Kogy 1a
HEMNEPEPBHIM TECTYBAHHSM, AEMOHCTPYIOYY, K aBTOMATU30BAHE MEHEPYBAHHS TECTIB MOXE 3MILHUTY ripakTvuku DevOps. llogarsiui
JOCII[KEHHS] 30CEPELXKYBATUMYTLCH HA TOYHOMY HA/IALUTYBAHHI MOBHUX MOAENEH A/ AOMEHHO-CEUUPDIYHOrO TECTYBaHHS Ta
BAOCKOHA/IEHHI TOYHOCTI CAMOBIIHOB/IEHHS 3 METOIO MIHIMI3aLii BTPYYaHHS PO3POOHUKIB. .

Ki1to40Bi C10Ba: aBTOMAaTU30BAHE IEHEPYBAHHS TECTIB; TECTYBAHHS HA OCHOBI LUTYYHOrO IHTEEKTY, IHTErpaLiviHi Tecrv,
3abe3neyeHHs1 SKOCTi MPOorpamMHoOro 3abesneyerHHs;, 00 EKTHO-OPIEHTOBAHE rporpamyBaHHs, Azure DevOps; Be/MKOMAaclUTaOHI
PErno3nTopii.

CratTs HagiinIa 1o penakuii / Received 04.12.2025 @ This is an Open Access article distributed under the
Ipuitnsra 1o apyky / Accepted 02.02.2026 ™ terms of the Creative Commons CC-BY 4.0

OnyoumnikoBano / Published 05.03.2026

©  Boiko Viacheslav, Martyniuk Valerii

ANALYSIS OF THE LATEST RESEARCH

Recent advancements in Al-driven software testing suggest that intelligent tools can automatically create
detailed test cases, adapt to code changes, and even identify risky code areas — enabling continuous testing with self-
healing capabilities [1].

This promises more efficient regression testing, broader test coverage, and faster release cycles. In particular,
large language models (LLMs) like OpenAl’s GPT have emerged as powerful engines for generating and improving
test code. Researchers have rapidly embraced LLMs for automated test generation, seeing remarkable results but also
encountering new challenges. A 2025 systematic review analyzed 105 papers on LLM-based testing and found
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significant interest in using LLMs to generate tests and even oracles, while highlighting unresolved issues (e.g.
inconsistent outputs, integration complexities) and the need for better prompt strategies and model tuning [2].
Likewise, Celik and Mahmoud report that LLMs have improved metrics such as test coverage, correctness, and
developer usability, yet their performance can be inconsistent, with issues like compilation errors and hallucinated
assertions still common [3]. These surveys underscore that although LLM-generated tests can boost automation,
careful engineering is required to ensure reliability and maintainability.

Concurrently, empirical studies have demonstrated the potential of LLM-based test generation on real
codebases. Schéfer et al. introduced TestPilot, a JavaScript unit test generator using GPT-3.5, which achieved a
median 70.2% statement coverage — significantly higher than a state-of-the-art search-based technique (51.3%
coverage) on the same projects [4]. This shows that even without special fine-tuning, LLMs can produce thorough
tests that cover most program logic. In parallel, Yaraghi et al. developed a system called TaRGET that fine-tunes an
LLM for automated test repair. TaRGET successfully fixed 66% of broken test cases (exact-match) in a dataset of
over 45k failing tests [5]. Such results illustrate two important points of recent research: using Al to generate new
tests from scratch and to repair/adapt existing tests when code evolves. Both aim to reduce the manual effort of
maintaining test suites in large projects.

Industry practitioners have also begun leveraging Al for testing at scale. A notable example is Meta’s
TestGen-LLM, an internal tool that integrates LLMs into the test creation workflow for mobile code. Deployed in
“test-a-thon” events at Facebook and Instagram, TestGen-LLM automatically extended existing test suites with new
cases covering previously untested behaviors. In trials on Instagram’s code, 75% of Al-generated test cases built and
ran successfully, over 57% passed reliably, and 25% of the new tests increased coverage of the code base [6].
Impressively, when engineers reviewed these additions, 73% of the Al-recommended tests were accepted and merged
into production, indicating that LLM-generated tests can meet real-world quality standards in a large-scale repository.
This is one of the first reports of industrial-scale deployment of LLM-generated code in testing, and it demonstrates
tangible benefits like higher coverage and faster test creation.

Beyond unit tests, researchers are tackling integration and system-level testing with Al. Yachamaneni
explores Al-driven test automation for enterprise integration scenarios, where systems of systems must be validated.
Key emerging techniques include autonomous testing agents, Al-powered test orchestration, generative Al for test
case creation, predictive analytics for detecting likely failure points, and cognitive/self-healing automation [7]. These
innovations aim to produce more intelligent and adaptable integration tests that can dynamically respond to changing
requirements and system configurations. For example, self-healing test frameworks use Al to automatically adjust
tests when an interface or workflow changes (e.g., finding a moved UI element or updating an API call), thereby
reducing flaky test failures and maintenance overhead. Such capabilities are especially valuable in large-scale
integration testing, where traditional scripted tests often break as systems evolve. The literature indicates that by
leveraging Al’s ability to analyze runtime behavior and past failures, next-generation test suites can “eliminate
repetitive maintenance tasks and proactively identify issues before they hit production” [7]. This aligns with Wavhal’s
observation that Al-driven testing can continuously monitor and adapt tests, leading to more resilient and scalable
quality assurance processes [1].

It is worth mentioning that current Al test generation methods are not without limitations. Andrzejewski et
al. found that while LLMs can readily generate unit tests for simple, well-structured code, their effectiveness drops as
code complexity increases [8]. In their experiments, GPT-based models often produced tests that were syntactically
correct but lacked the semantic depth or diversity of human-written tests (e.g., similar assertions repeated, or missing
edge-case scenarios). They also reported that tailoring prompts and model choices is critical: different LLMs varied
in coverage achieved, and none consistently outperformed human tests on more complex functionalities. These
findings target the need for prompt engineering and possibly fine-tuning to guide LLMs in generating high-quality
tests. Another common challenge is test correctness. LLMs may introduce incorrect assumptions or expected values.
Research emphasizes adding verification steps or filters. For instance, Meta’s approach incorporated a filtration layer
to discard any Al-generated tests that did not demonstrably improve coverage or that might cause regressions.

In summary, the state-of-the-art suggests that automated test generation and maintenance are becoming
feasible even for large codebases, powered by generative Al. We now have evidence of LLMs generating unit tests
with substantial coverage [4], updating tests in response to code changes [5], and augmenting enterprise-level test
suites with minimal human intervention [6]. The latest research has progressively moved from small-scale demos
towards addressing scalability, reliability, and integration with development workflows. However, challenges remain
in achieving consistent accuracy, handling complex logic, and integrating these Al tools seamlessly into Continuous
Integration pipelines. Indeed, continuous integration and continuous testing (CI/CT) are viewed as essential practices
in modern DevOps to maintain software quality at speed, and any Al-based solution must complement these practices
[9, 10]. The method proposed in this paper builds upon these insights, aiming to leverage LLM-driven test generation
within a CI pipeline to achieve continuous, automated testing for a large-scale .NET code repository, while
incorporating mechanisms to address the known challenges.
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FORMULATION OF THE GOALS OF THE ARTICLE

The goal of this article is to propose and detail a novel automated testing pipeline for large-scale software
projects, which integrates Al-driven test generation and continuous execution into the standard DevOps workflow. In
particular, we target a .NET ecosystem and aim to show how an Azure DevOps build pipeline can automatically
generate and update integration tests on each code commit, execute those tests, and self-correct any failures. Key
objectives include: improving test coverage and quality by generating new integration tests whenever the application
code changes, reducing manual effort in test writing and maintenance through Al automation, and ensuring rapid
feedback in a CI pipeline. By achieving these goals, the proposed method seeks to increase software reliability and
developer productivity, and to illustrate a path for integrating generative Al into continuous testing processes.

PRESENTING THE MAIN MATERIAL

The core of our approach is a CI pipeline that not only builds and tests the application code, but also
dynamically generates and executes integration tests in response to code changes. We implement this pipeline in Azure
DevOps for a large .NET project. The process consists of the following steps: building the main .NET solution, Al-
driven generating or updating integration tests, executing integration tests, and deploying the main project artifact.
These steps are described below.

When a developer merges a pull request with commits to the main (master) branch, the pipeline is triggered.
The first stage compiles the primary application and runs any unit tests or static analysis as usual. This ensures the
latest code changes are integrated and that the build is stable before proceeding. Successful completion of this stage
produces build artifacts (binaries, etc.) needed for testing. If the build fails or baseline unit tests fail, the pipeline stops
here (as in any standard CI process). Next, a specialized Test Generation Project within the repository is built and
executed. This project is essentially an automation harness that orchestrates Al-driven test creation. It operates by
detecting what changed in the main codebase and then invoking LLM’s API (e.g., GPT-5) to generate new or modify
existing integration test code accordingly.

Firstly, the tool identifies modified components in the latest commit. For example, if a developer updated a
controller ina Web API or added a new service class, the tool pinpoints those changes (using git diff, commit metadata,
or reflection on the built assembly to see new/changed APIs). This focus ensures we generate tests only for affected
areas, which is crucial for large repositories to avoid unnecessary work.

Then, context gathering happens. For each affected module, the tool gathers context to provide to the LLM.
This context includes the source code of the module and dependencies, existing integration tests related to that module
(if any), and a summary of the module’s purpose or its recent changes. By supplying existing test code and code
comments to the Al, we guide it to produce tests that are consistent in style and that complement the current test suite.
This strategy draws on findings from research that LLMs can generate more effective tests when given usage examples
and signatures as prompts [4].

The next phase is a prompt construction. The tool formulates a prompt for OpenAl. For example, a prompt
might say: “Generate integration tests for the following C# class/method. Ensure that the tests cover typical and edge
cases, and follow the style of the existing tests. The code under test is: ... (code snippet). Existing test (if updating): ...
(old test code).” The prompt also asks the LLM to output code in a format directly usable (a test class with methods).
We leverage OpenAl’s Codex/GPT capabilities to understand the code semantics and produce appropriate test
assertions. Importantly, suppose an existing integration test file needs updating. In that case, we prompt the Al to
modify that test (e.g., update expected values or add a new test method) rather than create a duplicate. This ensures
we maintain one test file per component and evolve it. LLM should decide whether we modify the existing integration
tests, create new ones, or even delete old unused test cases. The signal system is introduced. We prompt Al to produce
specific signals depending on its decision. And depending on them, we modify the integration tests codebase
accordingly.

The prompt is shown in Fig. 1. If there are more changes than an LLM’s context window, we should perform
batch prompting accordingly to the context saved.

After we get integration tests generated, we should perform an action based on the type of modification sent
by Al in response (create new, update existing, or remove unused).

After generation, the pipeline compiles the updated Integration Tests project to catch any syntax errors or
trivial issues. This serves as a verification step: if the Al produced uncompilable code, the build will fail here.
However, research and our early trials indicate that with well-engineered prompts and modern code-focused LLMs,
the majority of generated tests do compile on the first try. For example, Meta’s deployed system filtered out non-
compiling test suggestions, and we incorporated similar validation [6].

Once the integration test suite compiles, the pipeline runs these tests against the freshly built application
code. This is effectively an automated regression test phase. All newly generated tests and existing integration tests
are executed in the Azure pipeline environment, typically by invoking the test runner (e.g., “dotnet test” for NET with
the appropriate test adapter). The outcome of this step is critical. We expect a few possible scenarios:

— All tests pass. Suppose every integration test succeeds. In that case, it implies that the new code changes
did not break any existing behavior (as verified by old tests) and that any new behaviors either matched the Al’s
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expectations or that the Al-generated tests correctly capture the new logic. This is the ideal case, which means the Al
effectively wrote the right tests or updated them correctly, and the code is robust. In this scenario, the pipeline can
confidently move forward to deployment steps (since both build and tests are green).

— Test failures occur. If one or more integration tests fail, it indicates a discrepancy. This could mean the
code has a bug, or the test itself is incorrect (perhaps the Al predicted an assertion wrongly). In traditional pipelines,
any test failure would abort the process and require developer attention. However, our method introduces a recovery
mechanism to handle failing Al-generated tests automatically. The pipeline does not immediately fail on a test failure;
instead, it will attempt to diagnose and fix the test, which is a novel aspect of our approach. But if the failing test was
an old, manually-written test, we wouldn’t auto-fix it. That likely signals a real bug introduced by the commit. In such
a case, we skip the Al recovery and fail fast to let the developer know they broke something. The recovery mechanism
focuses on the new or updated tests that the Al just produced.

/Generaie C# integration tests based on the followirh

parameters:
List of incoming code changes:
<batched _incoming _code_changes_pasted here>

Existing integration tests code:
<existing_integration_test_code_pasted_here>

Related dependencies:
<code_of related_dependencies_pasted here>

The integration tests format should be
followed by the following template in JSON:
It

filePath: string,

methodName: string,

lineStart: number | null,

lineEnd: number | null,

action: Add | Update | Delete,

methodBody: string | null

b

\ /

Fig. 1. Input prompt to the Al to generate a set of integration tests

If a newly generated or updated test fails, the pipeline invokes a self-healing procedure. The idea is to
leverage the Al again to adjust the test so that it passes (assuming the code behavior is correct and the test was wrong).
Firstly, failure analysis takes place. The pipeline captures the details of the test failure, the assertion that failed, and
the error message/stack trace. For example, if an assertion expected output X but got Y, that information is crucial.
We prompt the LLM with the failing test and the error output, asking it to debug and fix the test. The prompt might
be: “The following test failed when run against the latest code. Here is the test code and the error message. Modify
the test so it aligns with the application’s expected behavior.” This is analogous to how a developer would adjust an
incorrect test after seeing what the actual output is. The LLM, having context of the code (from prior prompts, or we
may include the relevant code snippet again), can infer whether the test’s expectation was wrong. For instance, perhaps
an API now returns data sorted differently, so the test should accept that new order. The Al would then revise the
assertion accordingly. A threshold can be provided, which determines how much the process of recovery will happen.
And it can be configured inside the pipeline with a default value of “1”. The recovery process is shown in Fig. 2.

After the integration tests and any recovery attempts have been executed, the pipeline reaches a decision
point. If all integration tests are now passing (some possibly after auto-correction), the pipeline proceeds to the
deployment stage. This typically means publishing the build artifacts and possibly deploying them to a staging or
production environment, depending on the release strategy. The successful tests give confidence that new changes
haven’t broken integration points and that new features are covered by tests. The newly generated/updated tests are
then committed back to the code repository, so they become part of the permanent test suite. This last step is important
— it institutionalizes the AI’s contributions so that next runs benefit from them. Essentially, the test suite evolves in
sync with the application.
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All tests are
passed
successfully
Execute integration \./\ YES o | Execute Mext Build
tests = = Pipeline Stage
NO
A
Bug in the
source code?
Extract failed Al- Decide whether it is YES
created/modified 1 bug in the code or in
integration tests the test itself
o]
YES Collect the test
Build is Build Integration Test Start Al-based test | assertion error and
successiul? Project repairing process integration test code
NO inta the Al prampt
-

Stop Build Pipeling

Y

@<

Fig. 2. Integration tests repairing process

If tests are still failing (even after recovery attempts), the pipeline will abort and mark the build as failed. In
this case, it will usually notify developers (via CI notifications) that something went wrong. The failure could be due
to a genuine defect uncovered by a new test or an inability of the Al to adjust a test correctly. Developers would then
manually inspect the failing scenario. It’s worth noting that even in this failure case, our method provides value: the
Al may have generated a test that exposed a real bug that developers didn’t catch. Alternatively, if the AI was wrong,
the developers now have a starting point (the AI’s test) to correct and improve. In either case, no code is deployed to
production until the issue is resolved, maintaining software quality. The whole process of automated integration test
generation is illustrated in Fig. 3.

This method ensures that every code change is accompanied by corresponding integration tests, either
confirming expected behavior or flagging discrepancies immediately. It operationalizes the point of continuous
testing: not only running tests continuously, but also writing tests continuously. It also addresses one key challenge in
large-scale projects: test suite rot. Here, the test suite stays in lockstep with the code because the Al helps update it on
the fly. Over time, as more changes flow, the suite grows and adapts, potentially leading to very high coverage and
up-to-date documentation of system behavior.

CONCLUSIONS FROM THIS STUDY
AND PROSPECTS FOR FURTHER RESEARCH IN THIS DIRECTION

This study introduced a novel CI/CD pipeline methodology that automatically generates and executes
integration tests in response to code changes in a large-scale .NET repository. By leveraging LLMs like GPT-5, our
pipeline can be used to produce new test cases or update existing ones on the fly, enabling each software commit to
be validated by fresh integration tests targeting the recent modifications. We integrated a self-healing mechanism that
uses Al to adjust failing tests, thereby maintaining test suite stability and alignment with intended system behavior.
The proposed approach was analyzed in the context of recent research and was shown to embody many state-of-the-
art concepts, such as Al-driven test generation, autonomous test maintenance, and continuous testing.

Automated tests generated for each change lead to early detection of issues — in our evaluation, the pipeline
caught several regression bugs that would have been missed by the legacy manual tests. This continuous generation
also enriched the test suite with new scenarios, ultimately increasing overall coverage of the application over time.

We demonstrated a practical self-recovery testing workflow, where the Al resolves certain test failures. This
concept, often discussed in literature, was realized to a useful extent.
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Fig. 3. Automated integration tests generation process

Future research directions are abundant. One immediate line of work is to conduct a more extensive
evaluation of this method across different projects and domains to quantify benefits like time saved in QA, defect
escape rates, and developer satisfaction. It would be valuable to compare different LLMs (GPT-5 vs other open
models) in this pipeline to assess cost-benefit and performance differences. Additionally, future research could explore
fine-tuning the Al on a project’s codebase and test style to further improve the relevance and correctness of generated
tests — essentially developing project-specific test generation models that learn from the repository’s history. Another
avenue is integrating property-based testing or fuzz testing: the pipeline could ask the Al not only for example-based
tests but also for more general property validations, potentially catching a broader class of errors.

From a process perspective, a valuable research question is how developers interact with Al-generated tests.
As these techniques are adopted, will developers treat the AI’s output as final, or will they use it as a draft? Studying
this could inform better human-AlI collaboration mechanisms, such as providing justifications for each generated test.
There is also room to enhance the self-healing mechanism using more sophisticated approaches like reinforcement
learning, so the Al could learn from each failure correction it makes, improving its future guesses for test expectations,
by creating a loop of continuous learning within continuous testing.

In conclusion, our work shows that continuous integration of Al-generated tests is not only possible but
highly beneficial for maintaining quality in large code repositories. It paves the way towards autonomous testing
systems that keep pace with rapid development, an essential capability in modern software engineering. With further
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refinement and research, such systems could become a standard guardrail in software projects, empowering teams to
innovate quickly while the Al ensures that quality and correctness are relentlessly enforced at every change.
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