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Abstract - Autonomous software maintenance is becoming a 

critical research direction as modern codebases grow 

beyond the practical reach of manual debugging, release 

governance, and regression validation. Large language 

models have demonstrated strong code-generation 

capabilities, but repository-level maintenance remains 

difficult because defects frequently arise from interactions 

among multiple files, hidden dependencies, runtime 

configurations, and incomplete issue reports. This paper 

proposes AutoMaint-RAG, a retrieval-augmented multi-

agent framework for autonomous software maintenance. The 

framework coordinates specialized agents for issue 

interpretation, repository retrieval, fault localization, patch 

synthesis, static analysis, test generation, regression 

execution, and release-risk governance. Unlike single-agent 

code-generation workflows, AutoMaint-RAG treats 

maintenance as a controlled software-engineering process in 

which every generated patch must be grounded in repository 

evidence, ranked suspicious locations, executable test 

feedback, and auditable decision records. The proposed 

framework integrates hybrid retrieval over code, commit 

history, test traces, dependency graphs, and operational 

telemetry; combines spectrum-based fault localization with 

semantic ranking; and applies iterative patch refinement 

through execution-guided feedback. A reproducible 

validation protocol is defined using repository-level issue 

benchmarks, mutation-based regression assessment, and 

industrial-style CI/CD gates. The paper contributes a formal 

architecture, agent-interaction protocol, patch-risk scoring 

model, evaluation design, and governance layer for 

deploying agentic AI in safety-sensitive software 

maintenance environments. The central argument is that 

autonomous maintenance should not be reduced to prompt-

based patch generation; rather, it requires an engineered 

socio-technical pipeline that constrains language-model 

creativity through retrieval grounding, tool execution, 

regression evidence, and human-review escalation. The 

proposed framework advances a research agenda for 

maintainable, auditable, and operationally reliable AI agents 

in software lifecycle management. 

 

Keywords - Agentic AI, Autonomous Software Maintenance, 

Retrieval-Augmented Generation, Bug Localization, 
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1. Introduction 
Recent repository-level benchmarks have demonstrated 

that real-world software-engineering issues require models to 

edit codebases rather than merely complete isolated 

functions [1]. This shift is important because repository 

maintenance involves cross-file reasoning, build-system 

awareness, dependency interpretation, and test-oracle 

alignment. A model may generate syntactically plausible 

code and still fail because it modifies the wrong abstraction, 

ignores a hidden invariant, or overfits to a narrow failing test. 

Therefore, autonomous maintenance requires an architecture 

that can retrieve evidence, execute tools, inspect failures, and 

refine its actions through feedback rather than producing a 

single unconstrained patch. 

 

Agentic AI provides a promising foundation for this 

problem because agents can combine reasoning, action, 

memory, and tool use in iterative workflows. The ReAct 

paradigm showed that language models can alternate 

between reasoning and environment interaction, making 

them suitable for tasks that require intermediate observations 

and decisions [3]. However, software maintenance differs 

from many general agent tasks because the environment is 

unforgiving: a patch either compiles, passes tests, preserves 

behavior, and meets review standards, or it fails. 

Consequently, a maintenance agent must be evaluated not 

only by text quality but also by executable correctness, 

traceability, and risk reduction. 

 

Existing AI-driven software lifecycle governance 

research emphasizes the importance of linking defect 

prediction, automated testing, and decision intelligence into 

architecture-centered lifecycle management [2]. In this 

paper, that view is extended to autonomous maintenance by 

treating the agent as one component in a governed pipeline 

rather than as an unconstrained code assistant. The proposed 

AutoMaint-RAG framework coordinates multiple agents 

around a shared evidence store and enforces explicit gates 

for localization confidence, patch minimality, regression 

coverage, security review, and release readiness. 
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The motivation is reinforced by industrial CI/CD 

contexts in which risk-based deployment decisions are 

increasingly supported by machine-learning signals [4]. Yet, 

most current agentic coding workflows focus on patch 

generation and issue resolution, while fewer address 

operational governance after the patch is produced. In 

regulated or high-availability environments, a generated fix 

is not useful unless it can be justified, reproduced, tested, and 

rolled back. Thus, autonomous maintenance should be 

designed as a closed-loop engineering system with retrieval, 

localization, synthesis, validation, and governance phases. 

 

Retrieval-augmented generation is central to the 

proposed approach because it mitigates the mismatch 

between model context windows and repository-scale 

codebases. RAG originally combined parametric language-

model knowledge with non-parametric retrieval to improve 

factual grounding [5]. In software maintenance, the retrieved 

corpus is not external encyclopedic text but repository-

specific evidence: source files, tests, stack traces, issue 

reports, recent commits, architectural decision records, API 

contracts, configuration files, and production telemetry. This 

repository memory enables an agent to ground its patch in 

the actual system rather than in generic programming 

knowledge. 

 

This paper makes five contributions. First, it defines a 

multi-agent architecture for autonomous maintenance that 

decomposes work into interpretable roles. Second, it 

proposes a hybrid retrieval mechanism that integrates 

semantic code search, dependency graphs, test traces, and 

operational signals. Third, it introduces a fault-localization 

and patch-generation workflow that combines ranked 

suspicious locations with execution-guided refinement. 

Fourth, it defines a regression-validation protocol that uses 

existing tests, generated tests, mutation checks, and risk 

scoring. Fifth, it presents a governance model for human 

escalation, auditability, and CI/CD integration. 

 

2. Research Problem and Design Requirements 
The research problem addressed in this paper is: How 

can autonomous agents localize bugs, generate patches, and 

validate regressions in repository-scale software systems 

while remaining grounded, auditable, and safe for CI/CD 

integration? This problem has four subproblems. The first is 

context selection: the system must decide which files, tests, 

logs, and historical artifacts are relevant. The second is 

localization: the system must rank the program locations 

most likely to contain the defect. The third is synthesis: the 

system must generate a patch that addresses the root cause 

without introducing unrelated changes. The fourth is 

validation: the system must determine whether the patch 

preserves existing behavior and satisfies the issue 

requirement. 

 

Secure microservice research demonstrates that 

maintainability and compliance depend on explicit 

architectural boundaries, controlled interfaces, and 

deployment discipline [6]. These same principles apply to 

agentic maintenance. If an agent modifies a service without 

understanding its interface contracts or compliance 

constraints, it can create latent failures that pass local tests 

but fail in production. Therefore, the framework must reason 

about system structure, not just source-code snippets. 

Enterprise SAP transition studies similarly emphasize user-

experience, integration, and change-management constraints 

in S/4HANA modernization [9], while clean-core integration 

research highlights the need to preserve architectural 

boundaries when AI capabilities are introduced into SAP 

systems [10]. 

 

SWE-agent established the importance of agent-

computer interfaces for repository navigation, editing, and 

test execution [7]. AutoMaint-RAG builds on that insight but 

introduces a stronger separation of duties. Instead of one 

agent attempting to perform every action, specialized agents 

communicate through structured artifacts: issue hypotheses, 

retrieved evidence packs, suspicious-location rankings, 

candidate patches, test reports, and risk summaries. This 

decomposition improves observability and allows 

organizations to apply different trust thresholds to different 

stages.  

 

Enterprise decision-intelligence frameworks also 

indicate that AI systems become operationally useful when 

model outputs are tied to business policies, governance rules, 

and traceable decisions [8]. For software maintenance, this 

means that the system should not merely output a patch; it 

should output a maintenance case file. The case file records 

why the bug was localized to specific files, which evidence 

supported the change, which tests were executed, what risk 

remains, and whether human review is required. 

 

3. Related Work and Research Gap 
Automated program repair has long studied methods for 

generating patches from failing tests and correctness oracles. 

Classical APR research defines the repair problem as 

producing a patch that transforms a buggy program into one 

that satisfies a test suite [33]. However, traditional APR 

frequently depends on limited search spaces, templates, or 

test suites that may not fully represent intended behavior. In 

contrast, large language models can synthesize more diverse 

patches, but they also introduce risks of hallucination, 

overfitting, and unjustified edits. 

 

RAG-enhanced repair approaches have begun to address 

grounding by retrieving relevant external or contextual 

evidence for bug localization and repair [12]. Nevertheless, 

many RAG workflows retrieve text passages without deeply 

integrating execution traces, dependency relations, or 

regression evidence. AutoMaint-RAG treats retrieval as a 

multi-modal software-engineering process, combining 

semantic search with structural and dynamic signals. This 

distinction matters because maintenance failures often arise 

from code interactions that are invisible in plain-text 

similarity. 

 

Repository-level code generation research has shown 

that real-world generation requires long-range dependency 

awareness, global consistency, and retrieval over large 
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codebases [37]. Yet, code-completion research and 

maintenance research are not identical. Completion predicts 

missing code, whereas maintenance must preserve existing 

behavior while changing faulty behavior. The regression 

objective makes maintenance stricter than many generation 

tasks. 

 

AutoCodeRover demonstrated that repository-level 

program improvement benefits from program-structure-

aware search and fault-localization cues [19]. This paper 

extends that direction by proposing a full multi-agent 

lifecycle, including validation and release governance. 

Similarly, iterative code-generation flows such as 

AlphaCodium emphasize the value of generating, running, 

and fixing code against tests [22]. AutoMaint-RAG adapts 

that execution loop to maintenance by adding fault-

localization agents, regression-risk agents, and governance 

artifacts. 

 

Reflection-based language-agent research shows that 

agents can improve behavior by storing feedback in memory 

and using it to guide subsequent attempts [16]. AutoMaint-

RAG uses a related principle, but the memory is constrained: 

reflections must be linked to executable evidence such as 

failing stack traces, test output, static-analysis warnings, or 

reviewer comments. This prevents the system from 

accumulating ungrounded self-justifications. 

 

Self-refinement techniques further show that iterative 

feedback can improve model outputs without changing 

model weights [40]. In software maintenance, however, 

feedback must be operational rather than merely linguistic. 

The strongest feedback signals come from compilers, unit 

tests, integration tests, linters, static analyzers, mutation tests, 

and runtime traces. Therefore, AutoMaint-RAG makes tool 

feedback first-class in the agent protocol. 

 

4. AutoMaint-RAG Framework 
AutoMaint-RAG consists of eight cooperating agents: 

the Issue Triage Agent, Retrieval Agent, Fault Localization 

Agent, Patch Planning Agent, Patch Generation Agent, Test 

Synthesis Agent, Regression Validation Agent, and 

Governance Agent. Each agent has a bounded responsibility 

and produces structured outputs that can be inspected 

independently. 

 

The Issue Triage Agent converts a raw issue report into 

a maintenance specification. It extracts the observed failure, 

expected behavior, affected component, reproduction steps, 

error messages, environmental assumptions, and uncertainty 

markers. If the report is incomplete, the agent generates a 

clarification checklist but continues with available evidence. 

Research on AI-driven lifecycle governance supports this 

emphasis on converting unstructured lifecycle artifacts into 

decision-ready information [47]. 

 

The Retrieval Agent builds an evidence pack. It 

combines lexical search, embedding search, call-graph 

expansion, dependency mapping, commit-history mining, 

and test-trace retrieval. Graph-based service dependency 

modeling is especially useful because failures in distributed 

systems often propagate across services rather than 

remaining local to a single function [17]. The Retrieval 

Agent therefore retrieves not only code files but also 

upstream callers, downstream consumers, configuration 

dependencies, and related tests. 

 

The Fault Localization Agent ranks candidate locations 

using a hybrid score. The score combines semantic similarity 

to the issue, historical defect density, stack-trace proximity, 

dependency centrality, and spectrum-based suspiciousness 

when failing and passing test coverage are available. 

Spectrum-based fault localization provides a principled way 

to rank suspicious program elements from test execution 

behavior [25]. The agent emits a ranked list of functions, 

methods, files, and configuration elements with confidence 

values and evidence links. 

 

The Patch Planning Agent converts localization results 

into a minimal change plan. The plan specifies which files 

may be edited, which invariants must be preserved, which 

tests should be run, and which failure mode the patch is 

intended to resolve. This prevents the Patch Generation 

Agent from making broad, opportunistic edits. Research on 

feature-model integrity and refactoring highlights the 

importance of maintaining structural correctness when 

software variants or product-line constraints exist [42]. 

 

The Patch Generation Agent produces candidate patches 

using the change plan and evidence pack. It is prohibited 

from editing files outside the approved scope unless it 

requests a scope expansion. This constraint is important for 

auditability. The agent also generates a rationale that maps 

each changed line to a failure hypothesis. Prior work on ML-

based defect prediction supports the value of connecting 

defect signals to engineering decisions rather than treating 

predictions as isolated scores [30]. 

 

The Test Synthesis Agent creates additional tests when 

the existing test suite does not sufficiently cover the reported 

behavior. These tests include reproduction tests, boundary 

tests, contract tests, and regression tests for nearby 

functionality. Comparative analysis of automated testing 

frameworks indicates that tool choice affects reliability 

outcomes in enterprise systems [18]. AutoMaint-RAG 

therefore records which test framework was used, which 

assertions were added, and whether generated tests are 

retained or used only for validation. 

 

The Regression Validation Agent executes a staged 

validation plan. The first stage runs targeted failing tests. The 

second stage runs related unit and integration tests. The third 

stage runs static analysis, linting, type checking, and security 

scans. The fourth stage optionally runs mutation testing or 

differential tests to detect overfitting. Cloud-native 

deployment research shows that deployment optimization 

depends on test evidence, observability, and platform-

specific validation [35]. 
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The Governance Agent produces a maintenance 

decision. It calculates a patch-risk score from localization 

confidence, patch size, test coverage, modified criticality, 

security impact, and historical failure rates. Banking API 

validation work shows why critical transaction systems 

require stronger validation thresholds than ordinary 

application modules [11]. If risk exceeds a policy threshold, 

the Governance Agent escalates the patch for human review 

rather than approving autonomous merge. 

 

5. Retrieval and Localization Method 
The retrieval layer is organized around five indices. The 

first is a code-text index built from functions, classes, 

comments, and docstrings. The second is a structural index 

built from call graphs, import graphs, and service 

dependencies. The third is a test index linking tests to 

covered files, fixtures, and assertions. The fourth is a 

temporal index built from commits, pull requests, issue 

history, and recent dependency updates. The fifth is an 

operational index built from logs, traces, metrics, and 

incident records. 

 

Sparse matrix methods for scalable machine learning are 

relevant because repository retrieval often produces high-

dimensional representations over tokens, paths, 

dependencies, and historical features [13]. AutoMaint-RAG 

uses sparse lexical retrieval for exact identifiers and dense 

embeddings for semantic similarity. Exact identifier retrieval 

is essential in software because small tokens such as method 

names, feature flags, and configuration keys often determine 

correctness. For SAP-oriented enterprise repositories, the 

database layer can also shape retrieval and validation 

requirements because S/4HANA relies on high-performance 

in-memory data processing models [14]. 

 

The retrieval score for artifact (a) is defined as a 

weighted composition of semantic similarity, lexical overlap, 

graph proximity, temporal recency, and execution relevance. 

The score is not used as a final answer; it is used to construct 

a candidate evidence pack for agent reasoning. This design 

prevents retrieval from becoming a brittle single-ranking 

mechanism. 

 

Fault localization then combines retrieval evidence with 

dynamic execution evidence. If failing tests are available, the 

system instruments execution to collect coverage. If stack 

traces are available, the top frames receive higher priority. If 

no test fails, the system uses issue text, dependency graphs, 

and historical defect predictors to estimate candidate files. 

Predictive monitoring research in change-data-capture 

pipelines shows that runtime signals can identify error-prone 

data paths before failures become visible in downstream 

systems [20]. 

 

The localization score is intentionally interpretable. For 

each candidate location, the system stores the top evidence 

items, including issue phrases, retrieved code snippets, stack 

frames, coverage statistics, and commit links. This design 

allows human reviewers to inspect whether the agent 

localized the bug for plausible reasons. Anomaly detection 

and decision-path auditing research in regulated financial 

systems supports the need for explainable decision pathways 

in AI-supported operational decisions [15]. 

 

6. Patch Generation and Refinement Protocol 
Patch generation follows a constrained iterative 

protocol. In iteration zero, the Patch Planning Agent defines 

the expected behavioral change. In iteration one, the Patch 

Generation Agent proposes the smallest patch consistent 

with the plan. The Regression Validation Agent then runs 

targeted tests and returns structured failures. The Patch 

Generation Agent may revise the patch, but each revision 

must explain how it responds to test feedback. 

 

This protocol is designed to reduce overfitting. 

Automated repair systems may generate patches that satisfy 

visible tests while violating hidden requirements [68]. 

AutoMaint-RAG counters this risk through patch minimality 

constraints, generated regression tests, mutation checks, and 

reviewer escalation. A patch that deletes a failing assertion, 

broadens an exception handler, or disables a feature flag 

without justification is marked as suspicious. 

 

API architecture research across centralized, distributed, 

and hybrid deployment models indicates that patch effects 

depend strongly on deployment topology [39]. For this 

reason, AutoMaint-RAG distinguishes local code correctness 

from system-level safety. A patch that passes unit tests may 

still affect API latency, serialization compatibility, cache 

invalidation, or downstream schema expectations. The 

Governance Agent therefore requires additional validation 

for public APIs, data pipelines, authentication flows, 

payment workflows, and safety-critical modules. 

 

For cloud-native systems, the framework integrates with 

containerized test environments and deployment descriptors. 

Research on microservice migration and gateway 

optimization shows that architectural transitions can expose 

hidden failure modes if routing, service discovery, and 

gateway constraints are not validated [49]. AutoMaint-RAG 

therefore retrieves deployment manifests, gateway rules, and 

configuration files whenever the suspicious code belongs to a 

service boundary. In data-intensive systems, the patch 

workflow also inspects schema migrations, CDC jobs, and 

cache layers. Intelligent root-cause analysis research for 

multi-system data integrity problems emphasizes that failures 

may originate from interactions among systems rather than 

from a single faulty function [67]. AutoMaint-RAG reflects 

this by allowing the Retrieval Agent to expand from code to 

data contracts, transformation jobs, and lineage metadata. 

 

7. Regression Validation and Release 

Governance 
Regression validation is divided into technical validation 

and release governance. Technical validation answers 

whether the patch appears correct under available tests and 

analyses. Release governance answers whether the patch is 

safe to merge or deploy under organizational policy. 

 



Dr. Swathi .J .N et al. / IJERET, 7(2), 282-291, 2026 

386 

The validation pipeline begins with reproduction. If the 

original failure can be reproduced, the system records the 

failing command, environment, stack trace, and baseline 

output. If reproduction fails, the framework marks the issue 

as non-reproducible and reduces confidence. Then, after 

patch generation, the same command is rerun to confirm 

behavioral change. Research on predictive validation of 

banking APIs reinforces the importance of validating 

transaction workflows against realistic execution paths [51]. 

 

Next, the system runs regression tests selected by 

dependency proximity. Rather than executing the entire test 

suite first, AutoMaint-RAG selects tests linked to modified 

files, callers, configuration changes, and historical co-change 

clusters. If these pass, broader suites may be executed 

depending on risk. Reinforcement-learning approaches for 

dynamic service composition suggest that adaptive selection 

can improve resource use when service conditions vary [31]. 

 

Generated tests are handled carefully. A generated test 

may be useful for reproducing the issue, but it should not be 

treated as an authoritative oracle without review. The system 

labels generated tests as provisional until they are accepted 

by a maintainer. This avoids the risk that the agent writes a 

test that merely matches its own patch. Research on AI 

chatbots in enterprise solutions similarly warns that domain-

specific AI systems require ethical and operational controls 

rather than blind automation [23]. AI optimization research 

in supply-chain contexts further reinforces the need to 

balance efficiency gains with fairness constraints [24]. 

 

Security and compliance validation are also integrated. 

If the patch touches authentication, authorization, data 

serialization, encryption, or personally identifiable 

information, the framework runs additional security checks. 

Work on secure fax communication and encryption strategies 

illustrates how domain-specific data-in-transit requirements 

can shape validation gates [59]. In healthcare or financial 

systems, an otherwise correct patch may still be unacceptable 

if it weakens data protection. 

 

Finally, the Governance Agent creates a patch dossier. 

The dossier includes issue summary, evidence pack, 

localization ranking, patch diff, test report, generated tests, 

static-analysis output, security flags, rollback notes, and 

recommended merge decision. Governed agentic AI research 

for enterprise CRM platforms highlights the need for trust 

controls, grounding, lifecycle reliability, and decision 

governance [53]. AutoMaint-RAG applies the same 

principles to software maintenance. 

 

8. Evaluation Protocol 
A rigorous evaluation of AutoMaint-RAG should use 

repository-level maintenance benchmarks, controlled 

enterprise-style testbeds, and ablation studies. The primary 

benchmark category consists of real issue-to-patch datasets 

in which a system receives an issue report and codebase and 

must produce a patch validated by tests. SWE-bench is 

appropriate because it evaluates language models on real 

GitHub issues and corresponding pull-request fixes [1]. 

The experimental protocol should compare AutoMaint-

RAG with four baselines: direct LLM patch generation, 

single-agent tool-using repair, retrieval-only repair, and 

localization-only repair. The direct baseline receives the 

issue and limited code context. The single-agent baseline can 

browse files and run tests. The retrieval-only baseline 

receives an evidence pack but no specialized localization or 

governance agents. The localization-only baseline receives 

suspicious locations but no iterative validation loop. 

 

Metrics should include resolved issue rate, first-patch 

pass rate, number of iterations, patch size, localization 

precision, regression pass rate, generated-test utility, static-

analysis warnings, and human-review escalation rate. Cost 

and latency should also be measured because autonomous 

maintenance must be practical for CI/CD use. AI-augmented 

service-fabric research similarly emphasizes adaptive 

resource management in cloud environments [55]. 

 

Ablation studies should remove one component at a 

time. Removing structural retrieval tests whether semantic 

retrieval alone is sufficient. Removing dynamic fault 

localization tests whether coverage and stack traces improve 

localization. Removing generated regression tests evaluates 

overfitting risk. Removing governance tests whether 

autonomous merge recommendations become unsafe. 

Probabilistic reasoning in multi-agent reinforcement learning 

provides a useful conceptual basis for analyzing uncertainty 

across interacting decision agents [46]. 

 

A separate industrial validation track should use 

anonymized enterprise repositories or synthetic replicas with 

realistic build systems, service dependencies, and test suites. 

Insurance anomaly-detection research demonstrates that 

industry-specific data and operational constraints can 

materially affect model behavior [41]. Therefore, 

maintenance agents should not be evaluated only on public 

Python repositories if the intended deployment includes 

banking, healthcare, insurance, CRM, or edge-cloud systems. 

 

9. Discussion 
AutoMaint-RAG reframes autonomous software 

maintenance as a systems-engineering problem. The central 

technical claim is that agentic patch generation becomes 

more reliable when it is constrained by retrieval grounding, 

localization evidence, executable feedback, and governance 

policy. The central organizational claim is that autonomous 

maintenance should augment, not bypass, existing software 

lifecycle controls. 

 

The framework has direct relevance to enterprise 

systems where AI already supports lifecycle optimization, 

cybersecurity intelligence, and software-quality governance 

[34]. In such environments, the key value of agentic AI is not 

replacing developers but reducing the time spent on 

repetitive localization, reproduction, test selection, and patch 

drafting. Human engineers remain responsible for ambiguous 

requirements, high-risk architectural decisions, and final 

approval of sensitive changes. 
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The approach also aligns with research on ML-based 

anomaly detection, fraud detection, and monitoring because 

maintenance often begins with operational symptoms rather 

than clear bug reports [32]. For example, a production 

incident may appear as a latency anomaly, failed transaction, 

or data discrepancy. AutoMaint-RAG can ingest such signals 

into its retrieval layer, connect them to code paths, and 

propose candidate patches only when sufficient evidence 

exists. 

 

The framework is particularly suitable for cloud-native 

and microservice systems. Work on HIPAA-compliant cloud 

architecture, prescription automation, and platform 

comparison shows that enterprise systems often combine 

strict compliance rules with heterogeneous deployment 

platforms [44]. Autonomous maintenance in these settings 

requires platform awareness, audit logging, and rollback 

planning. It cannot be safely handled by a model that only 

sees a source-code excerpt. Healthcare digital-transformation 

research further shows that clinical research and data-

management technologies impose domain-specific validation 

and governance requirements [27]. 

 

There are also limits. First, agentic systems remain 

vulnerable to incomplete tests. If the available test oracle is 

weak, the agent may produce a plausible but incorrect patch. 

Second, retrieval can fail when code lacks meaningful names 

or when dependencies are implicit. Third, multi-agent 

systems can introduce coordination overhead and 

inconsistent intermediate assumptions. Fourth, governance 

policies may reduce autonomy in high-risk contexts, limiting 

fully automatic repair. These limitations do not undermine 

the framework; they define where human review and better 

evidence collection are necessary. 

 

10. Threats to Validity 
Construct validity depends on whether the selected 

metrics capture real maintenance quality. A patch that passes 

visible tests may still be semantically wrong. To mitigate 

this, the evaluation protocol includes regression breadth, 

mutation checks, generated-test review, and human 

inspection. Research on vulnerability detection using code 

metrics and feature extraction suggests that multiple 

evidence types are needed to assess software risk [72]. 

 

Internal validity depends on whether observed 

improvements come from the proposed architecture rather 

than from a stronger base language model. The evaluation 

must therefore fix the underlying model across baselines and 

vary only architecture components. Studies comparing 

neural-network optimization approaches show that 

algorithmic configuration can significantly influence 

measured performance [50]. This reinforces the need for 

controlled ablations. 

 

External validity depends on repository diversity. A 

framework that works on Python libraries may not generalize 

to Java services, Salesforce platforms, cloud infrastructure, 

or data pipelines. Research on Salesforce CRM, DeFi 

intelligence, and healthcare engagement illustrates that 

enterprise platforms impose domain-specific constraints [65]. 

The evaluation should therefore include multiple languages, 

deployment patterns, and organizational policies. 

 

Reliability depends on reproducibility. Each run should 

record model version, prompts, retrieval results, tool 

commands, test outputs, container images, and patch diffs. 

Monitoring and observability frameworks for cloud-based 

data pipelines demonstrate the importance of trace evidence 

for diagnosing AI-assisted operational decisions [73]. 

 

11. Conclusion 
This paper proposed AutoMaint-RAG, a retrieval-

augmented multi-agent framework for autonomous software 

maintenance. The framework decomposes maintenance into 

issue triage, retrieval, fault localization, patch planning, 

patch generation, test synthesis, regression validation, and 

governance. Its core contribution is the integration of agentic 

AI with software-engineering controls: evidence-grounded 

context selection, suspicious-location ranking, iterative 

execution feedback, regression-risk scoring, and auditable 

release decisions. 

 

The paper argues that autonomous maintenance should 

not be understood as unrestricted code generation. Instead, it 

should be treated as a disciplined lifecycle process in which 

agents operate under explicit constraints and produce 

reviewable artifacts. This design is especially important for 

cloud-native, regulated, and enterprise systems where 

correctness, compliance, and rollback readiness are as 

important as patch generation. 

 

Future work should implement the full framework 

across multiple benchmark families, measure cost and 

latency in CI/CD environments, and study human-agent 

collaboration during code review. Additional research should 

examine how agent memory can be safely reused across 

maintenance tasks without leaking sensitive code or 

reinforcing previous mistakes. Hybrid deep-learning fault-

prediction research suggests that predictive signals can 

further strengthen the localization stage when combined with 

retrieval and execution feedback [70]. The long-term 

objective is not to remove engineers from maintenance but to 

create trustworthy autonomous collaborators that reduce 

debugging effort while preserving software reliability, 

security, and governance. 
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