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Abstract: Generative AI is increasingly reshaping software engineering (SE) 
across the development lifecycle. This review synthesises 113 peer-reviewed 
journal studies and organises the literature around five research questions and four 
application areas: code generation, testing and debugging, human–AI collaboration, 
and quality assurance. The reviewed studies show substantial progress in natural-
language-to-code generation, context-aware programming, automated testing, fault 
localisation, program repair, and AI-assisted development. At the same time, 
persistent challenges remain in semantic correctness, non-deterministic outputs, 
software security, maintainability, verification, and evaluation consistency. 
Drawing these findings together, the paper presents a lifecycle mapping, a closed-
loop AI-driven software engineering framework, and a four-dimension taxonomy 
to organise existing research and clarify connections across previously fragmented 
areas. Overall, generative AI is moving software engineering from a largely 
deterministic and human-centred workflow toward a more probabilistic and AI-
enhanced engineering process. Further progress will depend on stronger 
verification, security, reliability, maintainability, and appropriately calibrated 
human oversight. 

 Keywords: generative AI; software engineering; code generation; software testing; 
human–AI collaboration; quality assurance 

1. Introduction 

Modern digital infrastructure rests, to a considerable degree, on software engineering, the discipline that 
underpins the construction of large and increasingly intricate applications in nearly every sector. As systems grow, 
so do the cost of building them and the burden of keeping them running [1]. Much of this work remains manual: 
design decisions, implementation, testing and the ongoing care of system behaviour all fall to developers. 
Methodologies such as Agile and DevOps have matured and do raise productivity, yet neither removes the 
dependence on scarce human expertise [2]. Requirements, moreover, rarely stay fixed—shifting demands inject 
uncertainty into a process that is already difficult to plan [3]. Therefore, software engineering is still a labour-
intensive and error-prone discipline [4]. 

As a transformative technology, Generative AI has recently emerged in the field of software engineering. 
Large language models such as GPT, Codex and CodeBERT have shown strong capabilities in code generation 
and understanding. These models are built based on the Transformer architecture and trained using large-scale 
data sets [5]. The latest research published in journals such as IEEE Access, FGCS and Neurocomputing shows 
that generative artificial intelligence can support a variety of software engineering tasks, including code synthesis, 
test generation, defect detection and requirements analysis [6,7]. This marks the shift of software engineering from 
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a rule-based system to a data-driven intelligent model [4]. Unlike traditional programming tools, generative models 
do not rely on predefined rules, but learn statistical patterns from large-scale data sets. This enables it to be 
generalised across multiple programming languages and software fields [8].  

The rapid development of generative artificial intelligence has brought new opportunities to software 
engineering. One of the main driving forces is the automation of programming tasks: generative models can generate 
source code based on natural language descriptions, thus reducing manual workload [5]. Another driving force lies 
in the improvement of software testing and debugging: existing research shows that artificial intelligence systems can 
generate test cases and identify software defects [9,10], thus improving system reliability and shortening the 
development cycle [7]. In addition, human-computer collaboration is becoming an important research direction; 
developers interact with artificial intelligence systems more and more frequently in the process of software 
development [2], which changes the traditional division of roles and introduces a new development paradigm [11]. 
Finally, for systems generated by artificial intelligence, software quality assurance becomes more complex; how to 
ensure the correctness, security and reliability of the generated code is still a serious challenge [12].  

Although remarkable progress has been made, there are still some research gaps in the existing literature. First 
of all, there is a lack of a unified framework to integrate Generative AI into the whole life cycle of software 
engineering; existing research often focusses on isolated tasks such as coding or testing [1]. Secondly, the current 
research lacks a comprehensive classification system that can relate to different application fields; code generation, 
testing, collaboration and quality assurance are usually studied separately, and there is a lack of unified analysis [13]. 
Third, the evaluation method of generative artificial intelligence in the field of software engineering is not yet unified; 
existing indicators (such as pass@k—the probability that at least one of k generated candidates passes the specified 
tests—or code coverage) cannot comprehensively measure the correctness and reliability of software [14]. Finally, 
people have limited understanding of the long-term impact of generative artificial intelligence on software 
engineering practice, which covers changes in developer behaviour, system design and maintenance process [15]. 

This research focusses on five research questions, aiming to build a systematic understanding of generative 
artificial intelligence in software engineering.  

RQ1. How can generative AI be systematically integrated across the software engineering lifecycle within a 
unified framework? 

RQ2. What are the primary approaches and unresolved challenges in AI driven code generation? 
RQ3. How does generative AI contribute to automated software testing and debugging? 
RQ4. In what ways does generative AI reshape human AI collaboration and developer roles? 
RQ5. What are the key quality assurance concerns for AI generated software systems? 
This study conducts a structured and comprehensive analysis of generative artificial intelligence in the field 

of software engineering [13] (Figure 1). The research contribution covers three levels: concept, method and 
analysis. At the conceptual level, this study introduces the unified life cycle perspective of software engineering 
under the background of generative intelligence [4], and integrates fragmented research into a coherent framework 
consistent with TSE and JSS literature [16]. At the methodological level, this study has built a classification system 
covering code generation, testing, collaboration and quality assurance [5], so that it can make a structured 
comparison of different research schools and be consistent with the classification method of EMSE [13]. At the 
analytical level, this study synthesises evidence from major peer-reviewed journals such as TSE, JSS, IST, EMSE, 
IEEE Access, FGCS and Neurocomputing [5,17]. This comprehensive analysis focusses on mechanism rather than 
isolated findings, which is consistent with the practice of empirical software engineering research [18]. In addition, 
this study also points out key research gaps, including evaluation inconsistency, reliability issues and limitations 
in human-computer collaboration understanding [14,19]; these gaps have been widely recognised in EMSE and 
IST literature [15]. Finally, this study outlines the future research direction, including autonomous software 
engineering, verifiable code generation and people-oriented AI systems [4,20], which are in line with the emerging 
trends in TSE and FGCS research [21].  

Recent surveys have made important contributions, but most adopt a narrower task- or technology-centred focus. 
Jiang et al. [5] concentrate on LLM-based code generation, Faraji and Pombo [7] on AI-driven test automation, Zheng 
et al. [13] on LLM performance across software engineering tasks, and Otoum and Elkhalili [20] on agentic software 
engineering. The present review does not seek to replace these specialised surveys. Its distinctive role is to connect four 
application areas—code generation, testing and debugging, human–AI collaboration, and quality assurance—within a 
common lifecycle view, while also relating technical progress to developer roles, security and governance. 
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Figure 1. Research Motivation and Paper Structure. 

2. Research Methodology 

2.1. Data Sources and Search Strategy 

The literature examined here was gathered through a systematic search of four mainstream academic 
databases—Web of Science, IEEE Xplore, the ACM Digital Library and Scopus. The choice was a practical one: 
between them, these services index the bulk of peer-reviewed work at the intersection of software engineering and 
artificial intelligence, and both communities rely on them routinely. 

The search keywords are based on the cross-field combination of generative artificial intelligence and 
software engineering, covering terms such as generative artificial intelligence, large language model, code 
generation, software testing, debugging and software quality assurance. Boolean operators were then used to 
expand and combine these keywords, so that the search would capture relevant work as completely and as precisely 
as the databases allow. 

Publication dates were restricted to the window from 2018 to 2026—a span that brackets the arrival of 
Transformer-based architectures and the subsequent surge of large language model research within software 
engineering [5,13]. 

The search string, in its final form, read as follows. 
TS=((“Generative AI” OR “Large Language Models” OR “LLMs” OR “Foundation Models”)AND(“Software 
Engineering” OR “Software Development” OR “Software Lifecycle”)AND(“Code Generation” OR “Program 
Synthesis” OR “Software Testing” OR “Debugging”OR “Human-AI Collaboration” OR “AI-assisted 
Programming” OR “Software Quality Assurance”)) 

2.2. Inclusion and Exclusion Criteria 

Strict inclusion criteria were applied to protect the quality of the corpus. The selected research must be a 
peer-reviewed journal article focused on the application of generative artificial intelligence in the field of software 
engineering. In addition, each study needs to cover at least one stage of the software engineering life cycle, such 
as code generation, testing, debugging, collaboration or quality assurance. Exclusion rules were defined alongside 
them to filter out work that was unrelated or of doubtful rigour: preprints, technical reports and other material that 
had not passed peer review were removed, as were studies with no genuine software engineering application. What 
survived this screening is a comparatively clean body of literature, and it is on this foundation that the later analysis 
and the classification scheme were built. 

Most of the retained studies appeared in high-impact venues in software engineering and artificial intelligence 
(see Table 1), among them IEEE Transactions on Software Engineering, the Journal of Systems and Software, 
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Information and Software Technology, Empirical Software Engineering, IEEE Access, Neurocomputing and 
Future Generation Computer Systems [1,6]. Their selection reflects both their standing in the field and the breadth 
of theoretical and empirical work on generative artificial intelligence that they have carried [20,22]. 

The journal-focused scope is deliberate and should not be read as a judgement that peer-reviewed conference 
research is less rigorous. In software engineering, major conferences such as ICSE, ESEC/FSE, ASE and ISSTA 
are primary outlets for fast-moving work. Expanding the corpus to conference proceedings would require a new 
search and screening cycle and would materially change the evidence base reported here. The present review 
therefore retains the 113-study journal corpus, while treating the omission of conference literature as an explicit 
limitation (Section 9.8). 

The final corpus comprises 113 journal studies. Although the search window began in 2018, the studies that 
satisfied all inclusion criteria and entered the final corpus were published between 2024 and 2026. Specifically, 
the final corpus comprises 16 studies from 2024, 52 from 2025, and 45 from 2026. The retained review record 
documents the databases, publication window, search string and eligibility rules, but it does not contain a 
PRISMA-style stage-by-stage count, an exact search execution date, or an inter-rater agreement statistic. Rather 
than reconstructing such values retrospectively, this revision makes that reporting boundary explicit and treats the 
review as a structured literature synthesis with transparent search parameters, while acknowledging the resulting 
reproducibility limitation in Section 9.8. 

Table 1. Distribution of Selected Studies Across Journals. 

Journal Abbreviation Count 
IEEE Access IEEE Access 33 

IEEE Transactions on Software Engineering TSE 23 
ACM Transactions on Software Engineering and Methodology TOSEM 17 

Journal of Systems and Software JSS 15 
Empirical Software Engineering EMSE 11 

Information and Software Technology IST 11 
Neurocomputing Neurocomputing 2 

Future Generation Computer Systems FGCS 1 
Total  113 

2.3. Classification Framework Design 

This study adopts a multi-layer classification framework to systematically analyse the selected literature. The 
framework is based on the life cycle stage of software engineering and the construction of generative artificial 
intelligence capabilities.  

The first layer represents the life cycle perspective of software engineering, covering requirements analysis, 
system design, code implementation, testing, deployment and maintenance [1]. This structure is widely used in 
software engineering literature.  

The second layer represents the perspective of artificial intelligence capabilities, including natural language 
understanding, code generation, reasoning and verification support [13]. This layer is used to portray the functional 
capabilities of generative models in software engineering tasks.  

The third layer represents the application scenario perspective, which includes four categories: code 
generation, testing and debugging, human-computer collaboration and software quality assurance [6]. This 
structure is consistent with the empirical research framework adopted in the recent systematic review [7].  

The framework is deductive and synthesis-oriented. The lifecycle layer follows established software 
engineering stages, while the application layer reflects recurring clusters used across the reviewed literature. These 
categories are used to organise and compare the 113 studies; they were not generated through grounded-theory 
coding and are not claimed as an externally validated universal taxonomy. Accordingly, the framework should be 
interpreted as an analytical lens for this review rather than as a validated classification standard. 

3. Foundations of Generative AI for Software Engineering 

Generative artificial intelligence has evolved from an early statistical model to a Transformer-based 
architecture, which can capture the long-distance dependence between code and natural language [5], and thus 
give rise to universal and code-specific basic models [23]. However, systematic evaluations show that these models 
still face fundamental limitations in software engineering tasks [13]. This chapter will sort out this evolution 
process, outline its core competencies, and introduce the representative models that support current research.  
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3.1. Evolution of Generative AI 

Generative artificial intelligence has gone through many different technical stages, and its ability to model 
natural language and programming structure has also gradually improved [5]. The earliest statistical approaches 
did little more than predict the probability of token sequences—language modelling of a rudimentary sort, and 
well short of what would be needed to represent the structural intricacies of real software. 

Deep learning changed the picture. Neural architectures brought a marked improvement in representation 
learning [23]; trained on large text and code corpora, they could pick out semantic regularities and so lent 
themselves to tasks such as code prediction and program synthesis [13]. 

The Transformer reshaped generative modelling once again. Self-attention lets a model relate elements of 
code structure to a natural language description even when the two sit far apart in the input [24]—a property whose 
value in software engineering is hard to overstate, since program logic routinely threads through many 
interdependent modules and functions [25]. 

Architecture, though, is only half the story; large-scale pre-training accounts for much of the recent progress [26]. 
Foundation models trained on heterogeneous data transfer surprisingly well across programming languages and task 
types [8], generalising past the particular environments and development contexts they were exposed to [27]. 

Code-specific foundation models have meanwhile become a research direction in their own right [5]. Trained 
on very large software repositories, they are meant to internalise the structure and syntax of programming 
languages [28], and on source code understanding and generation they outperform their general-purpose 
counterparts [23].  

Viewed at a distance, the whole trajectory describes a move from rule-based systems to systems that learn from 
data [20]—and, with it, a growing capacity to model language, logic and structure jointly within a software engineering 
setting [1]. It is on this capacity that an AI-driven development ecosystem is beginning to take shape [4] (Figure 2).  

 

Figure 2. Evolution of Generative AI in Software Engineering. 

3.2. Capabilities for Software Engineering Tasks 

Several capabilities of generative AI bear directly on how software engineering is practised today. One of the 
most basic capabilities is to automatically generate code according to natural language descriptions [5]. A 
developer can state what is wanted in plain text and receive executable code in return [29], which trims the manual 
coding effort and, in turn, shortens development timelines [30].  

Code completion is just as widespread [31]: given the surrounding context, the system predicts the fragment 
a developer is about to write. This not only improves development efficiency, but also reduces syntax and structural 
errors in the implementation process [32].  

In addition, automatic test generation has become an important application field of generative artificial 
intelligence [7]. These models can generate unit tests, integrated tests and edge case scenarios according to the 
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program structure [9,16]. This helps to improve the test coverage and support the early detection of software 
defects [10].  

Defect detection and program repair are also key competencies supported by generative models [18]. These 
systems can identify anomalies in the source code and propose repair patches [33]. In many cases, they can also 
provide explanations for detected problems to help developers understand and debug [34].  

Requirements understanding is another emerging capability. Generative models can interpret natural-
language descriptions and extract structured representations that support system design [3]. This can reduce 
ambiguity in requirements engineering and improve consistency during the early stages of development [35].  

Beyond these core tasks lies support for specification work—turning informally stated needs into structured 
or semi-structured specifications that downstream tooling can act on [3]. Where user intent and system design tend 
to drift apart, this is precisely the gap such a capability helps to close [2].  

In general, these capabilities show that the application of generative artificial intelligence is not limited to 
isolated tasks. On the contrary, it is increasingly applied to multiple interrelated stages of the life cycle of software 
engineering [1]. This creates a more integrated and intelligent development process, and is gradually reshaping the 
traditional software engineering practice [4].  

3.3. Representative Models 

Several representative models constitute the technical basis of generative artificial intelligence in the field of 
software engineering. The GPT series model represents a universal architecture, which excels in both natural 
language processing and code generation tasks [30]. These models can generate grammatically correct and context-
related code based on text input [8].  

Codex is a special model specially designed for programming tasks [5]. It is trained based on a large-scale 
code base and optimised for converting natural language descriptions to executable programs. Its development 
process proves the effectiveness of specific field training for software engineering applications [26].  

CodeBERT introduces a different modelling strategy that focusses on the combined characterisation learning 
of code and natural language [23]. It is widely used in tasks such as code search and semantic alignment between 
documents and source code [28]. This enhances the system’s ability to understand the relationship between the 
code and its function description.  

StarCoder represents a new generation of basic models that focusses on code. It trains on diverse multilingual 
code data sets and supports multiple programming languages [17], thus showing stronger adaptability in 
heterogeneous software engineering environments [27].  

Other emerging large-scale language models continue to expand the application ability of generative artificial 
intelligence in software engineering [13]. These models aim to improve robustness, reduce “hallucinations”, and 
enhance consistency in multi-step programming tasks [19]. In addition, they also show better performance in 
complex reasoning scenarios involving software development [36].  

In addition, recent empirical studies show that increasing the size of the model can usually improve its 
performance in software engineering benchmarks [27]. However, the improvement of ability does not always 
ensure the correctness or reliability of the results [37]. This highlights the importance of combining generative 
models with verification and confirmation mechanisms in the actual software engineering system [38].  

4. Unified Framework of Generative AI in Software Engineering 

Existing research on generative artificial intelligence often explores various software engineering tasks in isolation, 
and there is a lack of a unified framework that can run these tasks throughout the development life cycle [1]. At the 
same time, the agent-based method has begun to explore autonomous multi-stage workflow [20]. A broader 
systems perspective is also consistent with recent AI research that examines AI models and applications within an 
integrated system framework rather than as isolated technological components. This chapter therefore proposes a 
conceptual lifecycle framework that maps artificial intelligence capabilities to the stages of the life cycle and 
introduces a closed-loop model for organising generation, execution, testing, feedback and refinement. The model 
is intended as a synthesis of the reviewed evidence rather than as a validated replacement for established Agile, 
DevOps or MLOps processes.  

4.1. Software Engineering Lifecycle Mapping 

The life cycle of software engineering provides a structured perspective for system development activities. 
The traditional model describes the process as a series of clearly defined stages, including requirements analysis, 
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system design, coding, testing, deployment and maintenance. This structure has been widely discussed in software 
engineering research and is still a basic abstract concept [1].  

Under the background of generative artificial intelligence, each stage of the life cycle can be reinterpreted 
from the perspective of intelligent automation [1]. In the requirements stage, generative models support the 
transformation of natural-language descriptions into structured specifications [3], thus reducing ambiguity and 
improving communication between stakeholders and developers [2].  

In the design stage, generative artificial intelligence-assisted architecture suggestions and system 
decomposition. These models can analyse text requirements and propose structural design schemes [3], thus 
accelerating the speed of design exploration and supporting decision-making in the early stage of development.  

In the coding stage, generative artificial intelligence plays a direct role in source code generation [5]. The 
model generates executable code based on natural language input and context prompts [29]. This ability 
significantly reduces the workload of manual realisation and shortens the development cycle [30].  

In the testing stage, the generative model supports the automatic creation of test cases and the generation of 
test data [7], and assists in identifying boundary situations that are difficult to detect manually [10], thus improving 
software reliability and expanding test coverage [9].  

In the deployment stage, generative artificial intelligence can assist in generating configuration information 
and realise deployment script automation, which helps to simplify the continuous integration and continuous 
delivery process in the modern software engineering assembly line [39].  

In the maintenance stage, generative artificial intelligence supports defect repair, code reconstruction and 
system evolution tasks [33,40]. These capabilities enable software systems to continuously improve over time and 
reduce long-term maintenance costs.  

Overall, life cycle mapping shows that the application of generative artificial intelligence is not limited to 
isolated tasks, but provides support for all stages of software engineering [13]. Compared with the traditional 
software engineering model, this builds a more unified and intelligent development process [4].  

4.2. GenAI Capability Mapping 

The generative artificial intelligence system shows a series of core capabilities, which can directly correspond 
to software engineering tasks. These capabilities constitute the cornerstone of artificial intelligence-driven 
software development systems and have been widely discussed in recent literature [6,17].  

Natural language understanding is a basic ability to generate models, which enables the system to interpret 
user needs expressed in text form [3]. This ability is crucial to bridge the gap between human intent and software 
realization [2]. 

Code generation—program synthesis, in older terminology—is a second core competence: from natural 
language, or from a fragment of existing code, the model produces a complete program [5]. 

This is conducive to rapid prototyping and reduces the workload required for the initial implementation stage [29].  
Reasoning ability enables the model to analyse program logic and identify the association between code 

components [36]. This enables the system to perform more complex software engineering tasks, such as defect 
analysis and system optimisation [24]. 

Support for Verification and Validation is an emerging capability in generative artificial intelligence systems. 
These models can generate test cases and assist in checking the correctness of the program [10,38]. Although the 
capability is still in the development stage, it plays an important role in improving software reliability and reducing 
defects. 

These capabilities are combined to form a comprehensive system to support software engineering activities. 
They enable generative artificial intelligence to participate in multiple stages of development, not just as a single-
purpose tool [13].  

4.3. Closed-Loop AI-Driven SE Framework 

The traditional software engineering process is often described as a linear assembly line, that is, following 
the sequential process from requirements analysis to system maintenance. However, this linear structure has 
limitations in adapting to the dynamic changes of the software system (Figure 3).  

Generative artificial intelligence has contributed to the transformation from a linear assembly line to a closed-
loop system [20]. Under this new paradigm, software development is regarded as a continuous circular process 
that includes generation, execution, feedback and optimisation [41]. Each iteration improves the quality of the 
software system through the adaptive learning mechanism. 
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Figure 3. Closed-Loop AI-Driven Software Engineering Framework. 

In the closed-loop framework, the generation model first generates code or design products according to the 
input specification [3]. Subsequently, these products are executed or tested in the system environment. The feedback 
signals generated by the execution results will be used to improve the subsequent generation process [42]. 

This continuous feedback cycle transforms software engineering into an iterative optimisation process. The 
system no longer only produces static output, but also evolves over time by generating repeated interactions 
between components and evaluating components.  

Artificial intelligence-driven iterative optimisation plays a central role in the framework [43]. The generation 
model learns from the past output and adjusts the future generated content accordingly [44]. This helps to improve 
consistency, reduce errors, and improve the overall system performance in software development tasks. 

From a more macroscopic perspective, this closed-loop model provides a conceptual abstraction of the shift 
toward more autonomous software engineering systems [20]. It summarises how generation, execution, 
verification and feedback may be linked while human supervision remains important. The model should therefore 
be read as an organising synthesis of recurring lifecycle interactions in the reviewed literature, not as evidence that 
a fully autonomous closed-loop process has already been established in practice [4]. 

5. Code Generation 

Code generation has become the most widely researched application in the field of generative artificial 
intelligence. The relevant progress covers prompt engineering [45], parameter efficient fine-tuning [26] and multi-
agent collaboration [43]. However, this field still faces many serious challenges, including code hallucination [19], 
insecure code patterns [46], and the lack of an evaluation framework other than functional correctness [6]. This 
chapter will analyse code generation methods based on prompts, context-aware generation and multilingual code 
generation, and discuss program repair techniques and challenges to be solved.  

5.1. Prompt Based Code Generation 

Code generation is one of the most mature and widely studied applications of generative artificial intelligence 
in the field of software engineering [5]. What it offers is a route from natural language description to executable 
code [47]—in effect, a direct mapping between what a person intends and what a machine can run. Recent work 
treats it as the basic bridge linking requirements specifications to their implementation [48]. 

The early literature confined itself largely to simple instruction-to-code settings: a short textual prompt goes 
in, the corresponding code comes out [45]. Success in this regime rests almost entirely on large-scale pre-training 
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and on pattern recognition over programming corpora, and it improves markedly when prompts are structured and 
spell out their functional constraints explicitly [49]. 

As the models matured, prompt-based programming moved past single-function generation. There is now 
evidence that they can sustain multi-step reasoning while constructing code [36]—which suggests learning that 
goes beyond surface grammar to higher-order program structure and logical dependency [24].  

For practitioners the appeal is obvious: less hand-written code, shorter cycles [50]. The catch is that output 
quality remains hostage to prompt design and to the distribution of the training data [45]. Correctness, in other 
words, tracks the quality of the human input—a coupling that limits what the approach can deliver in practice [51]. 

5.2. Context Aware Code Generation 

Context-aware generation takes the basic prompt mechanism and feeds it the surrounding code as well [52]. 
With that additional signal, the output can be made to respect a project’s existing structure and its architectural 
constraints [53]. 

Analysis at the level of the whole code base—variable definitions, dependencies among functions, control 
flow [25]—gives such models a view that a lone prompt cannot supply. Code generated against this backdrop 
conforms more closely to system-level design requirements [54] and keeps the modules of a project in better 
agreement with one another. 

One advance deserves particular mention: dependencies that stretch across file boundaries can now be 
captured [25]. Large systems, whose components are densely interconnected, benefit most. Technically, the 
capability rests on self-attention, which the Transformer architecture supplies. 

Structural consistency, however, is not design understanding. Implicit intentions still escape these models [55]; 
many systems carry architectural assumptions that were never written down in the source [56], and inferring that 
unstated logic inside a complex code base remains an open difficulty. 

5.3. Program Repair and Code Refactoring 

Program repair extends generation into the corrective domain: the model is asked to find defects and put them 
right [57]. Its close bearing on maintenance and on reliability explains the volume of attention it has drawn [33]. 

In the usual arrangement the system inspects execution traces, error logs or the offending fragment itself [58], 
and from that evidence proposes a candidate patch for the observed fault [39]. Set against traditional workflows, 
the hours spent in manual debugging fall considerably. 

Refactoring is repair’s near neighbour, though its object differs: internal structure is improved while 
externally visible behaviour stays fixed [40]. Readability, modularity, reduced complexity [59]—gains of this kind 
matter little on any given day and a great deal over the life of a system, where maintainability and the capacity to 
evolve are decided. 

Correctness and stability nonetheless remain genuine problems for repair systems [60]; a generated fix can 
itself introduce behaviour nobody asked for, or defects that stay hidden [61]. This limitation highlights the need to 
integrate verification or test-based verification mechanisms in the repair process [62]. 

5.4. Multi Language Code Generation 

Modern generative AI systems increasingly support the processing of multiple programming languages in a 
unified architecture [8]. This capability is due to large-scale multilingual training data sets containing multiple 
programming languages and frameworks [17].  

The multilingual code generation function allows the model to convert or generate code with equivalent 
functions between different programming languages [63]. This is especially important in heterogeneous software 
systems with components realised by different technologies, and also supports legacy system migration and cross-
platform development tasks [64].  

In addition, this capability also improves the convenience of developers working across different 
programming ecosystems [65]. A single unified model can support multiple programming languages without 
retraining for specific languages [54], which significantly enhances the flexibility of deployment in the actual 
development environment.  

However, the characteristics of a specific language are still a major challenge to realise model generalisation [31]. 
Various programming languages are different in syntax, semantics and runtime behaviour [66]. These differences may 
reduce the accuracy of generation in complex translation or multilingual integrated tasks [63] (see Table 2).  
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Table 2. Summary of Code Generation Approaches. 

Approach Description Key Advantage Key Challenge 

Prompt-based NL instruction to code translation Reduces manual 
coding effort Sensitive to prompt quality 

Context-aware Incorporates project-level code context Structural 
consistency Difficulty with implicit design logic 

Program repair Identifies and patches code defects Accelerates 
debugging May introduce new defects 

Code refactoring Improves internal structure without 
changing behavior 

Enhances 
maintainability Limited domain-specific understanding 

Multi-language Cross-language generation and 
translation 

Supports 
heterogeneous 
systems 

Language-specific semantic gaps 

5.5. Challenges in Code Generation 

Although code generation technology based on generative AI has made significant progress, there are still 
some fundamental challenges that have not been solved. One of the most critical problems is “code hallucination”, 
that is, although the code generated by the model is grammatically correct, it is functionally wrong [19]. Reports 
of the phenomenon recur across models and across benchmarks [18].  

A second limitation is the absence of any formal guarantee of correctness [38]. Code that clears the basic test 
cases can still break at boundary conditions or under production workloads [51]—an uncomfortable prospect 
wherever software is safety- or mission-critical [67]. 

Security adds a further layer of concern [46]. Insecure idioms—careless data handling, misused APIs—find 
their way into generated code [61,68], and the recent literature argues for security-aware training and verification 
as the countermeasure [69,70].  

Evaluation, finally, is unfinished business [6]. Pass rates and similarity-based measures capture neither 
semantic correctness nor functional adequacy in full [14], so comparisons between generative models across 
studies rest on shaky ground [47]. 

6. Software Testing and Debugging 

In testing, large language models have shown promise on several fronts at once: unit tests with high coverage [16], 
defect reproduction from natural language reports [34], and mutation-based techniques that sharpen test 
effectiveness [10]. However, challenges such as test oracle problems, non-deterministic behavior [37] and 
scalability limitations are still serious. This chapter will discuss automated test generation, fuzz testing, fault 
localization, self-healing systems, and the principal barriers to practical deployment.  

6.1. Automated Test Generation 

Automated test generation is a basic application of generative artificial intelligence in the field of software 
engineering [71]. It transforms software testing from an artificial design activity to a model-driven generation 
process [7] (Figure 4). Recent research shows that large language models can generate unit tests and integrated 
tests directly according to the source code and function description [72].  

These models acquire knowledge by learning the test mode in the large-scale software code base [73] and 
capture the relationship between the input conditions and the expected program output [74]. This enables them to 
generate test cases that cover both the normal execution path and contain boundary conditions [10].  

In addition to basic unit tests, generative artificial intelligence also supports the generation of system-level 
and functional-level tests [75]. This makes it possible to verify complex software behaviour under different runtime 
conditions, which is especially important for large-scale systems with incomplete manual testing designs or high 
costs [71].  

More recent work pairs test-suite generation with retrieval-augmented generation (RAG) [76]. Suites built 
this way adapt to the input space at hand rather than being fixed in advance, which makes verification more flexible 
and extends functional coverage [77].  

Effectiveness, even so, is bounded by prompt quality and by how diverse the underlying data happen to be [16]. 
Generated tests frequently arrive without meaningful assertions [78]—a reminder that human guidance still stands 
between a test and its semantic correctness [79].  
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Figure 4. AI-Driven Testing and Debugging Pipeline. 

6.2. Test Optimization and Input Generation 

Test optimisation is concerned with making the testing process cheaper and faster [80]. Here the contribution 
of generative AI is chiefly analytical: it reads the existing suite and points to what remains uncovered. Branch and 
path coverage both improve measurably under AI-based methods, according to recent studies [81]. 

For paths that no test exercises, such systems suggest additional inputs—some mined directly from defect 
reports [82]. Blind spots in verification shrink as a result, and the software stands up better to inputs nobody 
anticipated [83]. 

Regression testing is a second target. By ranking test cases against recent code changes and execution history [80], 
a generative model keeps fault detection high while holding compute costs down. 

Minimisation follows naturally: redundant cases are pruned without giving up coverage, which matters in 
continuous integration settings where the suite runs constantly [84]. What has proved harder is settling on the right 
coverage criterion in the first place. A generated test can raise the coverage figure without raising the odds of 
catching a fault [81], and in that gap structural coverage and functional correctness part company. 

6.3. Fault Localization 

Automated debugging occupies a central place in AI-driven software engineering research [85]. The task is 
twofold—trace a failure to its root cause, then help the developer repair it—and deep learning approaches, small 
language models among them, have been shown to sharpen localisation accuracy [86]. 

In operation, the system reads execution traces and error logs, flags the fragments that look suspect [85], and 
ties the failure mode back to the program’s structure [58]. Debugging takes less time; developers get more done. 

Explanation is a useful extension [34]: the probable cause of a failure is described in natural language, which 
makes the diagnosis easier to interpret and the system’s behaviour easier to grasp. 

A few studies push further, into multi-step debugging reasoning [33]. The model there imitates how a human 
developer would work through a problem, and the fault analysis it yields has more structure than anything single-
step prediction produces. 

Complexity is where the approach runs out of road. When many components interact, as they do in any large 
system, root cause analysis becomes genuinely hard [58], and accuracy in real debugging scenarios suffers 
accordingly. 

6.4. Self-Healing Systems 

Self-healing systems mark the far end of automation in software maintenance. Running software is watched 
continuously and anomalies are flagged without human involvement [87]; automated logging supplies the record 
from which behaviour is understood and faults are diagnosed. 
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On failure, the generative model attempts a patch [57], drawing on repair patterns learned from historical 
data [33]. Sometimes—not always—recovery completes with no one intervening at all. 

The usual deployment couples the mechanism to the continuous integration pipeline [22], so that errors 
introduced as the software evolves are caught and corrected at once [39]. Stability improves; in large applications, 
so does the maintenance bill. 

Iterative self-repair goes a step further [88]: patches are generated, tested, discarded and regenerated until 
one holds [42], closing a feedback loop between the generating and the verifying sides of the system.  

Full autonomy, though, is not yet within reach [18]. A patch can bring inconsistencies of its own [60], which 
is reason enough to keep verification at the heart of any automated repair system [38] (Table 3).  

Table 3. Summary of Testing and Debugging Approaches. 

Approach Description Key Advantage Key Challenge 
Automated test 
generation 

Generate unit/functional tests from 
code or specs Improved coverage May lack meaningful assertions 

Fuzz testing & 
input generation 

Generate diverse test inputs for 
untested paths Enhanced robustness Difficulty defining coverage criteria 

Fault localization Identify root causes of failures Reduced debugging 
time Limited accuracy in complex systems 

Self-healing 
systems 

Automatic patch generation and 
iterative repair 

Enables autonomous 
recovery May introduce new inconsistencies 

6.5. Challenges in Testing and Debugging 

For all the progress, AI-driven testing and debugging carries unresolved difficulties, and the oracle problem 
heads the list: for a test case produced automatically, deciding what the correct output ought to be is often no easier 
than the original testing task, and the accuracy of evaluation is capped as a result [6].  

Another challenge is the non-deterministic behaviour of the generative model [37]. The same input may 
produce different outputs in multiple runs [89], which reduces the reproducibility of the testing workflow.  

Scalability is also a major limitation. Large-scale software systems require extensive analysis of code and 
execution trajectory, and existing models are often difficult to maintain good performance in complex and large-
scale environments [90].  

In addition, there is a gap between structural correctness and functional correctness. The generated test cases 
may achieve high code coverage, but cannot detect actual software failures [10]. This shows that coverage 
indicators alone are not enough to evaluate the quality of the test [14].  

Another challenge is how to integrate it into the actual development pipeline [84]. Many generative test 
systems run in an isolated environment [91], which limits their uptake in industrial-grade continuous integration.  

7. Human–AI Collaboration in Software Engineering 

Generative AI is promoting changes in software engineering: from a human-centred discipline to a 
collaborative paradigm, that is, developers and AI systems work together to develop software artifacts [2,92]. This 
transformation redefines the role of developers, reshapes the organisational structure, and triggers fundamental 
thinking about trust and control in artificial intelligence enhancement workflows [15]. This chapter will discuss 
this change from five dimensions: human-in-the-loop programming, AI-assisted paradigm, collaboration mode, 
impact on developers, and trust and control issues.  

7.1. Human-in-the-Loop Programming 

Human-in-the-loop programming represents a fundamental change in software engineering under the 
generative AI system [64]. Traditional programming assumes that developers are fully responsible for the design, 
implementation and verification of software logic in a deterministic workflow. In contrast, generative AI 
introduces a probabilistic and interactive development environment, and the code is jointly constructed by humans 
and intelligent systems [93].  

The interaction is better described as a standing feedback loop between human intention and machine 
generation than as a handover of tasks. A developer states a need in a prompt; the system answers with candidate 
solutions [50]; and those candidates are then judged, refined and reworked over several cycles [94]. 

Cognitively, the paradigm redistributes where programming knowledge is applied [56]. Attention moves up 
a level—away from syntax, toward semantics: decomposing the problem, pinning down constraints, judging the 
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resulting program. Programming, on this account, is becoming intention-driven where it used to be 
implementation-driven. 

Uncertainty enters as well. The same input can yield several different outputs [37]—something deterministic 
programming never had to contend with—so developers find themselves weighing alternatives against one 
another, and the decision structure of the task shifts under them. 

On routine tasks the productivity gains are empirically documented [93]. They are not automatic: how much 
the interaction delivers depends on the developer’s expertise and on whether the prompts are precise. Skill in 
steering the generative system, in short, still matters [45]. 

7.2. AI-Assisted Programming Paradigms 

Of all the ways generative AI has entered software engineering, AI-assisted programming is the most visible [11]. 
Embedded in the development environment, these systems offer code suggestions in real time along with broader 
support, and the day-to-day workflow of development has been reorganised around them [92]. 

The AI functions here as a persistent layer of cognitive support: from partial input and context it anticipates 
the code structure to come [32], relieving some of the burden of repetitive coding and quickening the pace of 
development [95]. 

A key feature of this paradigm is adaptive context learning. The model will adjust its output according to the 
project structure, coding specifications and historical code mode [96], which not only improves the integration 
with the existing software system, but also enhances the consistency of large-scale code libraries.  

However, over-reliance on AI assistance can also bring behavioural risks [56]. Developers may gradually 
reduce their participation in underlying coding tasks, which may weaken their deep understanding of the internal 
mechanism of the system and reduce their debugging ability over time [97].  

7.3. Human AI Collaboration Models 

Human-computer collaboration in software engineering can be divided into multiple modes according to the 
different distribution of autonomy [92]. These models reflect the different degrees of control sharing between 
developers and generative systems (see Figure 5).  

 

Figure 5. Human-AI Interaction Models in Software Engineering. 

Related HCI research shows that user attributes and structural information can support user modelling, 
highlighting the importance of accounting for user heterogeneity in human–AI collaboration [98]. The Assistive 
model represents the lowest degree of autonomy. In this mode, AI provides advice, and developers retain full control 
over decision-making [11]. This model is widely used in modern integrated development environment (IDE).  

The cooperative model represents a structure of joint decision-making [2]. Humans and AI jointly participate 
in the construction and improvement of software [41], and task allocation is dynamically adjusted according to the 
complexity of the system and the input of developers.  
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The Autonomous model represents the highest degree of independence of AI [20]. In this mode, the AI system 
generates and modifies software artefacts with very little manual intervention [99]. Although this improves the 
level of automation, it also brings risks in terms of reliability, responsibility attribution and control [100].  

These models show that software engineering systems are undergoing a gradual evolution from human-
centred programming to AI-enhanced and some autonomous systems.  

7.4. Impact on Developers 

Generative artificial intelligence has greatly reshaped the cognitive structure of software development. For 
the individual, hours once spent typing code are being reallocated to reasoning, verification and system-level 
design [94]—execution giving way, in effect, to decision-making. 

The cognitive workload is redistributed along with the hours. Interpreting what the model produces, judging 
whether it is correct, folding it into a larger system—these responsibilities now fall to the developer [94]. This 
requires stronger analytical ability and architectural thinking ability. 

At the team level, the software development process is deeply integrated with artificial intelligence. 
Generation models are increasingly embedded in the development process and dialogue interface, acting as 
collaborative intelligence [101]. This change changes the task allocation pattern within the team and reduces the 
importance of repeated programming roles. 

In addition, the role of software engineer is also constantly evolving. Developers are gradually changing from 
code writers to system coordinators [4]. This role focuses on supervision, coordination and verification, rather than 
direct code implementation. 

Long-term dependence on generative artificial intelligence may affect the development of skills [56]. Failure to 
balance with traditional learning practices, reducing exposure to underlying coding tasks may weaken basic 
programming skills [97]. This has an important inspiration for software engineering education and practitioner training. 

The effect on junior developers is likely to be mixed rather than uniformly positive or negative. AI assistance 
can lower the barrier to completing routine tasks and expose less-experienced developers to examples and 
explanations [93], but excessive substitution of foundational coding practice may weaken code comprehension 
and debugging skills over time [56,97]. Software engineering education should therefore combine AI-supported 
development with deliberate practice in programming fundamentals, testing and code reading. As routine code 
production becomes faster and less costly, greater value is likely to shift toward requirements specification, 
architectural reasoning, verification, security review, system integration and the ability to judge when AI output 
should be accepted, revised or rejected. This shift is consistent with the broader human-centric innovation 
perspective, which emphasises that technological transformation should augment human capabilities rather than 
simply replace them. Related Industry 5.0 research likewise identifies upskilling, reskilling, and the redesign of 
human roles as central requirements for effective human-AI integration [102]. 

7.5. Trust and Control Issues 

Trust is the core element of the human-computer collaboration system [15]. Developers must constantly 
decide whether to accept or reject the output generated by artificial intelligence [94]. This decision-making is 
influenced by experience, system reliability and task complexity [92].  

Excessive trust in generative artificial intelligence may lead to unnoticed software defects [60]. At the same time, 
insufficient trust will reduce the efficiency advantage brought by artificial intelligence assistance [15]. Therefore, in the 
collaborative development environment, it is necessary to establish a balanced trust calibration mechanism. 

In software engineering systems, control and transparency are also crucial [100]. Developers need to 
understand how generative models generate outputs. Without interpretability, it is difficult to verify correctness 
and ensure system reliability in key applications [15].  

Explainability plays an increasingly important role in improving the quality of collaboration. When the model 
provides reasoning instructions for the generated code, developers can better assess its correctness [103] and 
effectively integrate the output into the software system.  

8. Software Quality Assurance 

The code generated by the large language model (LLM) often has defects in maintainability, performance 
and security, which far go beyond the category of functional correctness [12]; at the same time, the non-
deterministic generation process also complicates the traditional quality assurance process [37]. Existing research 
shows that there is a significant imbalance: compared with other quality dimensions, functional correctness has 
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received more attention [6]. This chapter will discuss the quality dimension, artificial intelligence-based code 
review, vulnerability detection, the risks of generative artificial intelligence and verification methods.  

8.1. Software Quality Dimensions 

In a software engineering system driven by generative artificial intelligence, software quality assurance is a 
basic consideration [12]. Traditional software engineering defines quality by attributes such as reliability, 
maintainability, security and efficiency [6]. These attributes are still applicable in artificial intelligence-generated 
software systems. However, due to the probabilistic and non-deterministic characteristics of the generative model, 
its evaluation becomes more complicated [37] (Figure 6).  

 

Figure 6. Impact of Generative AI on Software Quality Dimensions. 

Reliability in generative artificial intelligence system refers to the stability of output under similar input 
conditions [51]. Empirical research shows that the same prompt may produce different code outputs in multiple 
executions [37]. This brings variability to software behaviour and reduces the predictability of the development 
workflow [89].  

Maintainability is also significantly affected by generative artificial intelligence [12]. Although the code 
generated by artificial intelligence can accelerate the development process, it may also introduce less modular or 
difficult-to-understand code structures [104]. Over the long run the system becomes harder to maintain, and 
evolving it costs more [56].  

Security belongs on the list as well [46]. Insecure patterns slip into generated code without anyone intending 
them [68], and unless extra analysis tooling or a verification framework is in place, they tend to surface late rather 
than early [105]. 

Efficiency has begun to attract attention of its own [106]. LLM-generated code, the evidence suggests, can 
underperform hand-written code—consuming more energy, occupying more resources. 

Correctness, finally, carries growing weight in AI-generated systems [38]. Structural checks that sufficed 
under deterministic code generation no longer guarantee it [62]; assessment has to reach down to the semantic 
level [107]. 

8.2. AI-Based Code Review 

The code review system based on artificial intelligence has become an important application of generative 
artificial intelligence in the field of software engineering [96]. These systems detect potential defects or style 
inconsistencies by analysing the source code. The generative artificial intelligence model can provide semantic-level 
feedback beyond the level of syntax analysis [107], so as to identify deeper design problems in the software system.  

In addition, artificial intelligence systems can also make reconstruction suggestions during code review [40]. 
These suggestions help to improve code readability and reduce technical debt during long-term software 
maintenance [12].  
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However, the automated code review system still has limitations in understanding the logic of specific fields [108]. 
This may lead to false alarms or missed inspection defects in complex systems [105].  

8.3. Security and Vulnerability Detection 

Security analysis is the core component of software quality assurance in generative artificial intelligence 
systems. Recent research shows that generative models can be used to detect unsafe coding patterns in a variety 
of programming languages [105]. These systems identify potential vulnerabilities by analysing the source code, 
such as unsafe API use or unsafe data flow [63]. Risks are thereby caught early in the development pipeline rather 
than after release [39].  

The same technology, though, opens new avenues of risk. Chief among them: the system may itself emit 
insecure code [69]. A model that learns from massive corpora will reproduce whatever unsafe patterns those 
corpora contain [70]. 

Adversarial attacks on code-generating models are a newer worry [109]. By manipulating the prompt, an 
attacker can bend model behaviour in ways the operator never anticipated [109], planting vulnerabilities inside 
automated generation and deployment chains. 

Dependency hallucination deserves separate mention [19]. A model that cites a package which does not 
exist—or one that is unsafe—exposes the real software supply chain to serious risk [100]. 

Taken together, these problems make one point plain: securing generative AI systems means preventing flaws 
at generation time, not merely detecting them afterwards [46]. 

The question is therefore not whether AI-generated code is inherently more or less secure than human-written 
code. Current evidence does not justify a general claim of systematic superiority: security can improve when 
models are guided by secure coding constraints, security-aware prompting, contrastive decoding or dedicated 
verification [46,68–70], but generated code can still reproduce unsafe APIs and patterns from training data [61]. 
For autonomous coding agents, mitigation requires layered controls that combine static and dynamic analysis, 
dependency and vulnerability scanning, sandboxed execution, test-based validation, provenance logging and 
human approval at high-risk merge or deployment points [39,105,109]. 

At scale, a further concern is correlated risk. If the same models, prompts or suggested dependencies are 
reused across many systems, one insecure pattern or hallucinated dependency may be replicated widely rather than 
remaining a local defect [19,61]. This creates a software-supply-chain concern in which diversity of tools, 
continuous dependency monitoring and rapid patch propagation become as important as the security of any 
individual generated component. 

8.4. Verification and Validation 

Verification and validation have always been load-bearing elements of quality assurance, traditionally carried 
out through structured testing, formal methods and manual review. Where generative AI is involved, the same 
processes are being folded, step by step, into automated pipelines [22]. 

One contribution the models make is producing verification test cases against which their own output can be 
checked for functional compliance [10]; divergence between specification and implementation then shows up early 
rather than late. 

Hybrid schemes that pair formal verification with generative models are under active exploration [99]; 
symbolic reasoning is coupled to neural components [110], and the pairing strengthens both the assurance of 
correctness and the reliability of the whole. 

Comprehensive formal verification of AI-generated code, however, has not been achieved. Current models 
operate without strict logical consistency constraints, and no guarantee of correctness across every execution scenario 
can be given—a limitation that keeps them out of safety-related domains and autonomous systems [67,111]. 

Verification practice must also come to terms with software that is probabilistic in origin: rather than checking 
against a single expected result, as deterministic systems allow, it has to reckon with a set of possible outputs [37]. 

8.5. Evaluation Metrics and Frameworks 

The absence of full formal verification bears directly on how evaluation should be framed. Because current 
models enforce no strict logical consistency, correctness across every execution scenario cannot be certified, and 
metrics that quietly presuppose deterministic behaviour lose part of their meaning in safety-related and 
autonomous settings [67,111]. 

Any credible evaluation framework must likewise accommodate probabilistic output: a single expected result 
is no longer the right yardstick when one and the same request can legitimately produce several answers [37]. 
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Prevailing indicators, moreover, weight structural attributes over semantic correctness [14]. This leads to a 
gap between the measured performance and the reliability of real-world software.  

Therefore, future research should focus on developing a comprehensive evaluation framework that integrates 
correctness, reliability, security and maintainability into a unified evaluation model [6,12].  

9. Discussion 

The previous chapters show that generative AI is promoting a paradigm shift: from a certain and human-
centred workflow to a probabilistic, AI-enhanced engineering system [1,4]. However, there are still urgent 
challenges to be solved in terms of correctness [19], evaluation standardisation [14] and the long-term impact on 
developer skills [56]. This chapter will synthesise the key findings, summarise the proposed classification system, 
evaluate its industrial impact, and outline the future research direction.  

9.1. Paradigm Shift in Software Engineering 

Generative AI is triggering the fundamental restructuring of the discipline of software engineering [1]. 
Traditional software engineering is based on a deterministic workflow in which developers clearly define system 
logic and execution rules. In contrast, generative AI has contributed to a probability-driven and data-driven 
paradigm, under which software artefacts are generated through learned characterisation, not through manually 
coded instructions [4] (Figure 7).  

 

Figure 7. Paradigm Shift in Software Engineering. 

This change has led to a structural change in the essence of software engineering work. The discipline no 
longer takes manual implementation as the core, but transforms into an interactive process with generative systems, 
which are responsible for generating, refining and optimising software artefacts [94]. The role of developers is 
increasingly changing from simple implementers to supervisors and evaluators [56].  

Under this new paradigm, reasoning ability has become more and more important. Developers need to define high-
level constraints and interpret system-level output, rather than just focussing on coding at the grammar level [35]. This 
marks the transformation of the engineering model from realisation-centred to standard-centred and intention-
driven [2].  

At the system level, software development becomes more dynamic. The generative model will continuously 
update the output results according to the feedback of the test and execution environment [42]. This model brings 
an adaptive and evolving software engineering process, which is completely different from the traditional static 
development pipeline [20].  

9.2. Addressing the Research Questions 

This subsection revisits the five research questions and summarizes the principal findings from Chapters 4 
through 8. 

RQ1. Unified lifecycle integration. 
The analysis of Chapter 4 shows that generative artificial intelligence provides functional support for all 

stages of the life cycle of software engineering. In the requirements stage, the generative model transforms natural 
language into structured specifications; in the design stage, they assist in providing architectural suggestions; the 
coding link benefits from direct source code generation; the test link benefits from automated test case generation 
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and boundary identification; in the deployment and maintenance stage, it automates and iteration through 
configuration. Defect repair is enhanced.  

The study further clarifies the four core artificial intelligence capabilities that support the above applications: 
natural language understanding, code generation, logical reasoning and verification support. These abilities are not 
isolated collections of functions, but constitute an interrelated layer of capabilities. In addition, the closed-loop 
framework proposed in this article transforms the linear development process into a continuous cycle including 
generation, execution, feedback and optimisation links, so as to achieve iterative improvement through the 
adaptive learning mechanism. This closed-loop representation is used as an organising lens rather than as an 
externally validated process model. 

RQ2. Code generation approaches and challenges. 
Chapter 5 explains the five main methods. Prompt-based generation converts natural language into code, and 

its ability has evolved from simple function synthesis to support multi-step reasoning. Context-aware generation 
uses information at the code base level to ensure that the generated content is consistent with the existing project 
structure. Program repair aims to identify defects and provide corresponding repair patches. Code reconstruction 
optimises the internal structure without changing external functions. Multilingual generation supports cross-
language conversion within a unified architecture.  

There are still some unresolved challenges. Code hallucination can result in syntactically valid but 
functionally incorrect generated code. The lack of formal correctness guarantee limits its application in security-
critical systems. When the model reproduces the unsafe mode in the training data, it will cause security 
vulnerabilities. The existing assessment indicators cannot comprehensively measure semantic correctness. These 
limitations show that code generation technology is not mature enough to be deployed without manual 
intervention.  

RQ3. Testing and debugging contributions. 
Chapter 6 explains how generative artificial intelligence extends automated testing beyond traditional 

methods. Large language models can generate unit tests and functional tests according to the source code and 
specifications; they learn test patterns from the code base and cover standard paths and boundary conditions. The 
advanced method also combines retrieval enhancement technology to generate an adaptive test suite.  

Generative models also play a role in prioritising test cases, simplifying test sets and fault localization. Some 
systems can generate natural language interpretations for detected defects, thus enhancing interpretability. The 
self-healing system further expands these capabilities by continuously monitoring the execution process and using 
iterative cycles to generate repair patches. However, test oracle problems, non-deterministic behavior, and 
scalability challenges in large-scale systems are still major obstacles to be overcome urgently.  

RQ4. Human AI collaboration and developer roles. 
Chapter 7 points out a fundamental change in software development practice. Human-in-the-loop 

programming establishes a feedback mechanism: developers express some requirements through prompts and 
iteratively optimise the solutions generated by AI. This model transforms programming from a deterministic 
implementation process to a probabilistic collaborative construction process; the focus of developers is also 
increasingly shifting to semantic reasoning and program evaluation, rather than code writing at the grammar level.  

The study summarises human-computer collaboration into three models: the assistive model retains the full 
control of developers; the cooperative model allocates decision-making power between humans and AI; and the 
autonomous model grants the AI independence, with only minimal human supervision. At the individual level, 
developers are changing from simple code producers to system arrangers; at the organisational level, workflows 
are becoming more closely integrated with AI systems. In this process, trust becomes a key factor: excessive trust 
may lead to undetected defects, and insufficient trust will weaken the effectiveness of efficiency improvement. 
This highlights the need to ensure transparency and interpretability in human-computer collaboration.  

RQ5. Quality assurance concerns. 
Chapter 8 points out multiple quality dimensions affected by generative artificial intelligence. Probabilistic 

output means correctness can never be promised outright; non-determinism eats into reliability; maintainability 
suffers wherever the generated code is hard to read; unsafe patterns inherited from training data translate into 
security exposure; and performance regressions in AI-written code raise questions about efficiency as well.  

Verification today leans on pass@k, code coverage, defect detection accuracy and similar measures—useful 
reference points, none of which adds up to a complete evaluation. Recent studies have explored hybrid approaches 
that combine formal verification with neural methods to strengthen correctness assurance [99,110]. However, 
complete formal verification remains an open challenge. Analysis shows that there is a significant gap between 
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the current assessment practice and the comprehensive evaluation required for production deployment, which 
highlights the need to establish a unified framework that can comprehensively consider correctness, reliability, 
safety, maintainability and efficiency.  

9.3. Taxonomy Summary 

For the purposes of this review, the literature is organised into a four-dimension analytical taxonomy covering 
code generation, testing and debugging, human–AI collaboration and software quality assurance [13]. The 
taxonomy integrates the reviewed evidence into a common structure for comparison across the corpus [6] (see 
Table 4). It is intended as an organising device for synthesis rather than as a universally validated classification. 

Table 4. Unified Taxonomy of Generative AI in Software Engineering. 

Dimension Sub-Categories Focus 

Code Generation Prompt-based; context-aware; program repair; multi-
language Automation and efficiency 

Testing & Debugging Test generation; fuzz testing; fault localization; self-healing Reliability and defect reduction 

Human–AI Collaboration Human-in-the-loop; AI-assisted; cooperative; autonomous Workflow and role 
transformation 

Quality Assurance Vulnerability detection; code review; verification Correctness, security, robustness 

The first dimension of the classification system is code generation. This covers tasks such as natural language 
code conversion, program synthesis and code completion [5]. Relevant research focusses on improving the 
efficiency of automation and reducing the workload of manual programming [29].  

The second dimension is testing and debugging. This includes automated test generation, fault localization, 
and self-healing systems [7]. These methods aim to improve software reliability and reduce the spread of defects 
between stages of development [71].  

The third dimension is human-computer collaboration. This includes human-in-the-loop programming, 
collaborative development mode and artificial intelligence-assisted coding environment [92]. Relevant research 
focusses on changes in developer cognition, workflow organisation and decision-making process [56].  

The fourth dimension is software quality assurance. This includes vulnerability detection, automated code 
review and verification support system [12]. These studies are dedicated to solving key issues related to 
correctness, security and system robustness [46].  

In addition, the multimodal method of code search and synthesis by combining code examples and natural 
language descriptions is becoming an emerging cross-field research topic [112].  

In general, the classification system comprehensively organises the application of generative artificial 
intelligence in software engineering. It not only facilitates cross-research comparison, but also highlights the 
integration trend of different research directions under a unified framework.  

The contribution of the present review is therefore integrative rather than exclusive. Table 5 shows how its 
lifecycle-oriented scope differs from representative recent surveys that concentrate on a single task family, a broad 
set of LLM tasks, or agentic workflows. 

Table 5. Comparison with Representative Recent Surveys. 

Review Primary Scope Coverage Distinctive Emphasis 

Jiang et al. [5] LLM code generation Coding-centric Methods and evaluation for code 
generation 

Zheng et al. [13] LLMs across SE tasks Multi-task Broad task-level understanding of 
LLM use in SE 

Faraji & Pombo [7] AI-driven test automation Testing-focused Testing techniques, tools and 
challenges 

Otoum & Elkhalili [20] Agentic software engineering Multi-stage Agent methods and autonomous 
workflows 

Present review 
Code generation; 
testing/debugging; human–AI 
collaboration; quality assurance 

Lifecycle-oriented Cross-stage synthesis linking technical, 
human, security and QA issues 

To complement the conceptual figures with a data-driven view of the corpus, Figure 8 reports the publication-
year distribution of the final included corpus, rather than the full search eligibility window. All 113 retained studies 
were published between 2024 and 2026, with 97 appearing in 2025–2026. 
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Figure 8. Publication-Year Distribution of the Reviewed Corpus. 

9.4. Industrial Impact 

Generative artificial intelligence has had a significant impact on industrial software engineering practises. 
AI-assisted development systems such as GitHub Copilot have been widely integrated into the modern 
programming environment [11].  

These systems improve development efficiency by providing real-time code suggestions, debugging 
assistance and document support [32], thus shortening development time and improving the productivity of 
personal and team workflows [50].  

In addition, organisations are increasingly integrating generative AI into the DevOps pipeline [22]. Automated 
testing, continuous deployment and system monitoring all ride on that integration [39], and software delivery becomes 
correspondingly more continuous and less manual. Generative AI adoption extends beyond task automation to 
reshape workflows, human roles, decision-making, responsibility allocation, and governance [92,98]. 

Industrial practice has also exposed the technology’s rough edges [92]. Code reliability, security 
vulnerabilities and the danger of leaning too hard on the AI remain live concerns [15]—enough to argue for 
controlled rollout, and for keeping human supervision in the loop wherever these systems are deployed [100].  

9.5. Ethical Considerations 

Wide adoption has brought ethical questions along with the technical ones—questions of intellectual 
property, of data privacy, of environmental cost, and of responsible use in the classroom. 

Ownership and attribution come first. Models trained on vast open-source corpora can emit output closely 
resembling copyrighted material, and with that resemblance come questions of legal liability and provenance. 
Watermarking and attribution mechanisms for tracing AI-generated code have been studied [100], but the trade-
off between robustness and deployability means reliable source tracking remains some distance away. 

Privacy runs a close second. The corpora needed to train large models are big enough to sweep in proprietary 
code, and once such a model is deployed in industry its output can leak confidential material. Collaboration on 
open source across organisational lines only multiplies the exposure [91]. 

Environmental sustainability is drawing scrutiny too. Training and running large models is computationally 
expensive, and comparative work finds wide variation in energy use and carbon output across models and tasks [106]—
variation large enough that ecological impact belongs among the criteria for model selection. 

Education presents a dilemma of its own. With AI tools now part of the curriculum, the worry is that students 
will lean on them until basic programming skill atrophies [97]; curricula will need deliberate design if the tools 
are to aid learning rather than substitute for it. 

None of these questions will be settled by any single constituency; researchers, practitioners and 
policymakers will have to answer them together. The task ahead is a governance framework under which 
productivity gains can coexist with the protection of intellectual property, of privacy, and of integrity in education. 
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9.6. Key Challenges 

Rapid as the progress has been, several foundational problems remain open. Correctness leads the list: code 
can be syntactically flawless and still fail once it meets real operating conditions or a sufficiently complex 
environment [19,51]. 

Evaluation criteria have yet to converge. Benchmarks of the pass@k or coverage variety measure neither 
semantic correctness nor system-level reliability in full [14], and results reported by different studies consequently 
resist comparison [6]. 

Scale is a bottleneck of its own. Models that acquit themselves well on small generation tasks falter when 
confronted with large, intricate systems [25]; and deploying them where resources are thin—educational tooling, 
edge devices—runs into practical obstacles [113] that curb their use in enterprise settings. 

Security risks are another major concern. Generative models may introduce vulnerabilities or insecure coding 
patterns that are difficult to detect at the development stage [46], so these models need to be more closely combined 
with security-aware learning and verification mechanisms [69,114]. At wider scale, shared models and 
dependencies can also create correlated vulnerabilities across otherwise separate software systems, increasing the 
importance of supply-chain monitoring and staged human approval. 

9.7. Future Research Directions 

Generative artificial intelligence research for software engineering is expected to focus on several important 
directions. One of the key directions is the autonomous software engineering system [20]. Such systems are 
designed to realise end-to-end automation of software generation, testing and maintenance, and minimise manual 
intervention [3,99,115].  

Another important direction is verifiable code generation. This involves combining formalised methods with 
generative models to ensure the correctness of the code [35]. This is especially important for security-critical 
systems that are crucial to reliability [67].  

The third direction is DevOps automation based on the Large Language Model (LLM) [21], which includes 
intelligent automation of deployment, monitoring, testing and maintenance processes [22]. In addition, researchers 
are also exploring new computational paradigms such as quantum-classical hybrid methods to achieve parameter-
efficient code generation.  

Human-centred AI engineering, finally, will stay at the centre of the research agenda [2]: the aim is a working 
balance between automation and human control, in a development environment that people can inspect, interpret 
and reasonably trust [15,116]. 

9.8. Review Scope and Limitations 

Several limitations should qualify the interpretation of this review. First, the corpus is deliberately journal-
focused. This improves consistency in article maturity and reporting, but it excludes peer-reviewed conference 
literature from major software engineering venues such as ICSE, ESEC/FSE, ASE and ISSTA. The review may 
therefore underrepresent fast-moving results in areas such as test generation, program repair and agentic development. 

Second, although the databases, publication window, search string and inclusion/exclusion rules are reported, 
the retained review record does not provide a PRISMA-style stage-by-stage count, the exact search execution date 
or an inter-rater agreement statistic. The review is therefore best understood as a structured literature synthesis 
rather than a fully protocol-reproducible systematic review. Future updates can strengthen reproducibility through 
a preregistered protocol, dual screening and explicit study-quality appraisal [98,102]. 

Third, the lifecycle framework and four-dimension taxonomy are conceptual organising devices based on 
established software engineering stages and recurring themes in the reviewed literature. They have not been 
externally validated, and alternative classifications are possible. Finally, the field is moving rapidly; as Figure 8 
shows, most studies in the corpus were published in 2025–2026. These limitations do not invalidate the synthesis, 
but they bound the strength and generalisability of its claims. 

10. Conclusions 

Drawing on a structured review of 113 peer-reviewed journal studies, this review has taken stock of where 
generative AI now stands in software engineering. The picture that emerges is of a technology that has outgrown 
its role as a helper on scattered tasks: what it now reshapes is the life cycle itself, from requirements analysis 
through to maintenance. 
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The development paradigm, the analysis suggests, is being remade at its foundations. Traditional 
deterministic workflows are gradually giving way to probabilistic and adaptive processes; in these new processes, 
software artifacts are continuously generated, evaluated, and refined through human-AI interaction. This change 
not only affects technical practice, but also changes the cognitive structure of development work—the role of 
developers is increasingly changing from direct code writers to system arrangers. 

At the same time, the study also points out that there is still a gap between the current technical capacity and 
the demand for production-level applications. Problems such as code “hallucination”, security vulnerabilities and 
lack of formal correctness guarantee have not been solved. The current evaluation practice still relies mainly on 
indicators that measure structural characteristics, and cannot comprehensively evaluate the correctness of the 
semantic level. In addition, there is still a lack of a unified framework for the quality assurance of AI-generated 
code, and it is impossible to integrate correctness, reliability, security, maintainability and efficiency into a 
coherent evaluation model. 

The research results also show that human-computer collaboration brings new risks while improving 
productivity. Trust calibration, transparency, and the possible weakening of basic programming skills require 
continuous attention from the research and education circles. In addition, ethical issues involving intellectual 
property rights, data privacy and environmental sustainability have also made the responsible deployment of 
generative artificial intelligence in the field of software engineering more complicated. 

Several directions ahead look genuinely promising. End-to-end autonomous software engineering, with 
human intervention pared to a minimum, remains the long-horizon goal; verifiable code generation—formal 
methods married to neural models—will matter most where safety is critical; and human-centred AI engineering, 
holding automation and effective oversight in balance, is what will make any of this sustainable. A unified 
evaluation framework and a workable governance structure are needed alongside, so that the field’s speed does 
not outrun the standards of quality, safety and ethics that modern software engineering practice demands. 
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