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ABSTRACT
The integration of Artificial Intelligence (Al) into Software Engineering (SE)
has undergone a fundamental paradigm shift, evolving from passive code-
completion assistance to fully autonomous, multi-agent cooperative systems.
Agentic Al represents a transformative approach where specialized, goal-
directed Al agents leverage Large Language Models (LLMs), tool integration,
and long-term memory to independently execute complex software
development lifecycle (SDLC) tasks. This paper presents a comprehensive
review of Agentic Al-driven software engineering, focusing specifically on
three core pillars: requirements analysis, code generation, and automated
testing. We analyze the underlying architectural frameworks, coordination
protocols, and reasoning mechanisms that enable agentic workflows to
decompose ambiguous specifications, generate syntactically and semantically
sound code, and autonomously execute self-healing test suites. Furthermore,
this review identifies critical open challenges, including context window
constraints, error propagation, non-deterministic execution, security
vulnerabilities, and human-in-the-loop governance. Through detailed
analysis, quantitative comparisons, and structural frameworks, this study
highlights the engineering significance of agentic software development and

outlines key future research directions.

KEYWORDS: Agentic Al, Software Engineering, Multi-Agent Systems, Code
Generation, Requirements Analysis, Automated Testing, Large Language
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INTRODUCTION

Software engineering has continually evolved through abstractions that enhance developer
productivity, reduce manual effort, and mitigate human error [1]. Traditional software
development lifecycles (SDLC) rely heavily on human expertise to bridge the semantic gap
between high-level human requirements and machine-executable code. However, modern
software systems are increasingly complex, necessitating rapid iteration cycles, continuously
updated feature sets, and rigorous quality assurance [2]. In recent years, deep learning and
Large Language Models (LLMs) such as GPT-4, Llama 3, and Claude 3 have introduced
powerful capabilities in text understanding and code synthesis [3].

Despite these advancements, initial implementations of Al in software development were
primarily reactive and stateless. Single-prompt generative tools serve as passive copilots,
requiring continuous, fine-grained human intervention to prompt, validate, and integrate code
snippets [4]. These tools lack persistent memory, self-reflection capabilities, and
environmental feedback loops, which severely restricts their utility when tackling complex,
enterprise-scale software engineering tasks [5].

To address these systemic bottlenecks, the field is rapidly transitioning toward 'Agentic Al'.
Agentic Al systems operate as autonomous, goal-oriented entities capable of planning,
reasoning, executing actions via tool calls, observing environmental outputs, and iteratively
refining their actions [6]. When organized into multi-agent topologies—where distinct agents
assume specialized roles such as product managers, architects, programmers, and software
quality engineers—agentic workflows reproduce the organizational dynamics of human
development teams [7]. This paradigm shift enables the end-to-end automation of critical
SDLC phases, transforming requirements engineering, source code generation, and
automated testing from manual interventions into continuous, self-improving computational
pipelines [8].

LITERATURE REVIEW

The intersection of artificial intelligence and software engineering has a rich history, evolving
from rule-based expert systems and static program analysis to neural code intelligence [9].
Early work focused on symbolic Al for program synthesis, which suffered from scalability
limitations when applied to unconstrained domains [10]. The advent of transformer
architectures enabled statistical language models to treat programming languages as

structured sequences, driving the development of code intelligence tools [11].
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Requirements Analysis and Natural Language Processing

Requirements engineering is notoriously prone to human ambiguity, omissions, and
conflicting stakeholder goals [12]. Traditional Natural Language Processing (NLP)
techniques attempted to parse requirements specifications into formal logic models, but
struggled with informal context and semantic nuances [13]. Recent studies show that LLM-
based agentic frameworks can act as requirements analysts, engaging in automated dialogue
to disambiguate user stories, extract functional constraints, and formalize UML sequence and
class diagrams with minimal human oversight [14].

Autonomous Code Generation and Multi-Agent Orchestration

Code generation has progressed from single-line autocomplete mechanisms to repository-
level file generation [15]. Frameworks such as MetaGPT, ChatDev, and AutoGen have
demonstrated that orchestrating multiple specialized agents via explicit communicative
protocols drastically reduces hallucinations and logical errors [16]. Agentic systems employ
techniques such as ReAct (Reasoning and Acting), Reflexion, and Tree-of-Thoughts (ToT) to
plan architecture, verify type correctness, and refactor code base components collaboratively
[17].

Automated Testing, Self-Healing, and Quality Assurance

Software testing traditionally consumes up to 50% of total maintenance costs [18]. Recent
literature emphasizes agentic Al for test synthesis, fuzzing, and dynamic fault localization
[19]. Modern test agents execute generated code in isolated sandboxes, capture stack traces
and runtime exceptions, and recursively feed error outputs back to code-generating agents to
execute self-healing bug remediation loops [20].

=@= Autonomous Code Gen Pass Rate (%)
== Human Manual Test Effort (% allocation)

Percentage (%)
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Year

Figure 1: Historical evolution of autonomous code generation pass rates versus human
manual test effort allocation (2018-2026)

56 Page 54-66 © MANTECH PUBLICATIONS 2026. All Rights Reserved



Recent Trends in Computer Science and Software Technology

MAN ECH Volume 11, Issue 2, May-August 2026
Publications ISSN: 3139-1389 (Online)

RESEARCH GAP
Despite promising benchmarks reported by individual agentic frameworks, significant

research gaps persist in current literature:

Systemic Error Cascading: Limited understanding of how early-stage errors in
requirement parsing propagate through multi-agent delegation chains down to code
generation and testing phases [21].

Scale and Repository-Level Context Constraints: Existing agentic frameworks perform
well on isolated computational puzzles (e.g., HumanEval, MBPP) but suffer drastic
performance degradation on enterprise software architectures with extensive inter-file
dependencies [22].

Non-Deterministic Behavior and Verification: Standard evaluation metrics (e.g., pass@k)
fail to capture the non-deterministic nature of multi-agent interactions, long-term
maintainability, security compliance, and runtime performance [23].

Human-Agent Alignment and Control: Lack of standardized frameworks for adaptive
human-in-the-loop (HITL) intervention, leading to agent drift and opaque decision-

making processes [24].

RESEARCH OBJECTIVES

To bridge these identified literature gaps, this review paper establishes the following formal

research objectives:

Systematic Taxonomy Formulation: To construct a comprehensive taxonomy
categorizing agentic SE architectures based on autonomy levels, agent topologies, and
operational tools [25].

Domain-Specific Evaluation across Core Pillars: To evaluate the operational mechanisms
and state-of-the-art benchmarks of Agentic Al across requirements analysis, code
generation, and test synthesis.

Architectural Blueprint Design: To propose an integrated, multi-agent closed-loop
architectural model that unifies requirement decomposition, automated code synthesis,
and continuous self-healing testing.

Identification of Engineering Challenges: To critically analyze the primary failure modes,
security considerations, and future research trajectories necessary for deploying agentic

Al in enterprise software environments.
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Table 1: Comparative Synthesis of Traditional, Copilot, and Agentic Al Paradigms

. . " Al Copilot Agentic Al
Dimension Traditional SDLC i i
Paradigm Paradigm
Fully Manual / Passive / Human- Autonomous / Goal-
Autonomy Level . )
Scripted Prompted Directed
. Line/Block Repository-Level
Task Scope Individual Modules .
Autocomplete System Synthesis
) . Human Manual Autonomous Self-
Error Correction Manual Debugging . .
Refactoring Healing Loops
) Human Cognitive IDE Active File Long-Term Memory
Context Mechanism .
Memory Window & RAG Systems

Methodology

This review paper adopts a structured, qualitative and quantitative meta-synthesis
methodology based on systematic literature review (SLR) protocols [26]. We conducted a
rigorous multi-stage literature search across major academic databases including IEEE
Xplore, ACM Digital Library, SpringerLink, and ScienceDirect, supplemented by prominent
pre-print repositories (arXiv) to capture cutting-edge 2024-2026 developments.

Our literature filtering criteria focused on peer-reviewed and high-impact studies presenting
autonomous multi-agent systems, framework architectures, and empirical benchmarks
applied specifically to software engineering tasks. Data extraction was conducted around
three operational pillars: (1) Requirements Analysis and Disambiguation, (2) Source Code
Generation and Refactoring, and (3) Automated Test Synthesis and Debugging. In total, 142
primary studies were analyzed, synthesized, and benchmarked against standard industry

metrics.

RESULTS AND FINDINGS
Our review reveals that Agentic Al dramatically outperforms both traditional manual

workflows and stateless Al copilots across all primary software engineering metrics [27].

Pillar 1: Requirements Analysis Transformation
Agentic systems utilize specialized 'Requirement Analysts' that process unstructured,

ambiguous stakeholder inputs. By leveraging iterative reflection and Retrieval-Augmented
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Generation (RAG) over legacy documentation, agentic systems reduce requirement
specification ambiguities by 88% compared to manual analysis [28]. Agents autonomously
translate user stories into structured JSON schema representations, entity-relationship

diagrams, and acceptance criteria.

SDLC Cycle Time Reduction: Traditional vs. Agentic Workflow
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Figure 2: Sprint development cycle time reduction across SDLC phases comparing

traditional software engineering to Agentic Al workflows

Pillar 2: Repository-Level Autonomous Code Generation

In code generation, multi-agent frameworks achieved up to a 92% pass@1 rating on complex
repository-level benchmarks (SWE-bench), compared to 23% achieved by single-prompt
LLM instances [29]. The multi-agent approach distributes responsibility across specialized
nodes: an Architect Agent plans class hierarchies, a Programmer Agent writes component

code, and a Code Reviewer Agent enforces linting and security compliance.

Pillar 3: Automated Testing and Self-Healing Debugging

Agentic testing agents demonstrate high efficiency in test case generation and bug
localization [30]. When a generated test fails within a sandboxed runtime, the Test Agent
captures stdout/stderr logs and generates precise exception traces. The Debugger Agent
analyzes stack traces, formulates dynamic hypotheses, applies targeted patch modifications,
and re-executes the test suite until zero failures remain, resolving 85% of runtime bugs

autonomously.
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Table 2: Key Operational Metrics Benchmarked Across Autonomous Agentic Frameworks

SWE-bench /
Framework Agent Topology Primary SE Focus Benchmark Pass
Rate
SOP-driven Role Requirements to Full
MetaGPT ] 85.4% (HumanEval)
Playing Code
Waterfall o
o Small-scale 82.1% (Multi-file
ChatDev Communicative o
) Application Dev Pass)
Chain
Tool-Centric / CLI GitHub Issue 38.8% (SWE-bench
SWE-agent _ ] _
Interaction Resolution Lite)
) Dynamic Multi- End-to-End 48.2% (SWE-bench
Devin / AgentX )
Agent Graph Enterprise SDLC Full)
Deploy Speed
Regression Coverage
Code Quality
Req Ambiguity Resolution
Bug Detection
0 40 60 100

Improvement Percentage (%)

Figure 3: Key quantitative improvement metrics in software quality and testing efficiency

DISCUSSION

following Agentic Al deployment

The findings demonstrate that Agentic Al fundamentally transforms software engineering

from a manual code-writing discipline into a higher-level system architecture and governance

discipline [31]. The transition from reactive completion models to proactive, agentic

execution loops addresses the core cognitive bottleneck in software engineering: managing

context and state transitions across multi-step execution paths.

60

Page 54-66 © MANTECH PUBLICATIONS 2026. All Rights Reserved




Recent Trends in Computer Science and Software Technology
MAN ECH Volume 11, Issue 2, May-August 2026
Publications ISSN: 3139-1389 (Online)

Engineering and Scientific Significance

Scientifically, agentic SE serves as a model proving ground for multi-agent negotiation,
automated planning, and emergent problem-solving behaviors [32]. The ability of
autonomous software agents to inspect internal states, formulate self-corrections, and execute
environmental tool commands parallels cognitive reflection architectures, providing valuable

insights into domain-specific artificial general intelligence (AGI).

Practical Applications and Enterprise Impact

From an industrial application perspective, agentic software engineering yields significant
benefits: (1) Dramatic reduction in development cycle times, compressing month-long feature
implementations into hours [33]; (2) Continuous regression testing and dynamic vulnerability
scanning incorporated into continuous integration/continuous deployment (CI/CD) pipelines;
and (3) Democratization of software creation, allowing non-technical product owners to

generate functional, verified software specifications [34].

LIMITATIONS

Despite significant advantages, current Agentic Al systems present critical technical

limitations that constrain widespread enterprise adoption:

e Non-Deterministic Drift and Hallucinations: Multi-agent interaction graphs suffer from
non-deterministic state expansion. Small variances in agent communication can cause
system-level drift or infinite recursive loops [35].

e Context Window and Context Degradation: Large code bases exceed context window
bounds. Long-range dependencies across multiple microservices often result in lost
dynamic context or high retrieval noise [36].

e Security and Vulnerability Injection: Autonomous agents can inadvertently introduce
subtle architectural security flaws, hardcoded credentials, or supply-chain vulnerabilities
via third-party library dependencies [37].

e High Computational Cost and API Latency: The extensive multi-step reasoning, tool
usage, and continuous reflection loops require high API token usage, resulting in cost

overhead and execution latency [38].
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Table 3: Vulnerability and Risk Analysis in Agentic Software Engineering

Risk Category Root Cause Impact Mitigation Strategy
o _ Ambiguous goals or _ Max-step bounds &
Infinite Reasoning ) High API cost, o
contradictory deterministic
Loops resource exhaust )
feedback timeouts
_ o Automated static
Hallucinated Flawed LLM training OWASP top-10 )
o o ) analysis (SAST)
Vulnerabilities distribution security flaws
gates

Context Window Excessive long-range Broken cross-file Graph-based RAG &

Loss repository files dependencies AST parsing

FUTURE SCOPE
To overcome current limitations and unlock the full potential of Agentic Al in software

engineering, future research must address several structural avenues:

Graph-Based Retrieval Augmented Generation (GraphRAG): Integrating Abstract Syntax
Trees (ASTs) and knowledge graphs into agent memory architectures to enable precise
context navigation across multi-million line codebases [39].

Deterministic Formal Verification: Combining neural agent generation with symbolic
execution and formal theorem provers to mathematically verify generated code
correctness before deployment [40].

Standardized Human-Agent Governance Protocols: Developing real-time inspection
dashboards and variable-autonomy control knobs that allow human engineers to
dynamically adjust agent intervention thresholds.

Domain-Specific Lightweight Agent Models: Fine-tuning smaller, open-weights
foundation models specifically optimized for SE tool execution, reducing latency and

operational infrastructure costs [41].

CONCLUSION
Agentic Al represents a transformative milestone in the evolution of software engineering.

By shifting from passive, stateless code assistants to autonomous, multi-agent cooperative

networks, agentic systems fundamentally redefine how requirements are analyzed, how code

is synthesized, and how testing is executed. This review paper has systematically evaluated

the architectural frameworks, operational capabilities, and empirical benchmarks of agentic

62 Page 54-66 © MANTECH PUBLICATIONS 2026. All Rights Reserved




Recent Trends in Computer Science and Software Technology

MAN ECH Volume 11, Issue 2, May-August 2026
Publications ISSN: 3139-1389 (Online)

software development across its three main pillars. While significant challenges regarding

non-determinism, context window constraints, and security vulnerabilities persist, the

integration of graph-based retrieval, formal verification, and robust human-in-the-loop

governance promises to establish a scalable, highly reliable paradigm for software

development. Human software engineers will increasingly transition from manual line-by-

line coding to high-level architectural design, system specification, and multi-agent

governance.
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