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Abstract. Generative AI (GenAI) is rapidly transforming software engineering (SE) practices, influencing how SE processes
are executed, as well as how software systems are developed, operated, and evolved. This paper applies design science research
to build a roadmap for GenAI-augmented SE. The process consists of three cycles that incrementally integrate multiple
sources of evidence, including collaborative discussions from the FSE 2025 “Software Engineering 2030” workshop, rapid
literature reviews, and external feedback sessions involving peers. McLuhan’s tetrads were used as a conceptual instrument
to systematically capture the transforming effects of GenAI on SE processes and software products. The resulting roadmap
identifies four fundamental forms of GenAI augmentation in SE and systematically characterizes their related research
challenges and opportunities. These insights are then consolidated into a set of future research directions. By grounding the
roadmap in a rigorous multi-cycle process and cross-validating it among independent author teams and peers, the study
provides a transparent and reproducible foundation for analyzing how GenAI affects SE processes, methods and tools, and for
framing future research within this rapidly evolving area.
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CCS Concepts: • Software and its engineering → Software development techniques; • Computing methodologies →
Artificial intelligence.

Additional KeyWords and Phrases: Generative AI, Agentic AI, FoundationModels, Software Engineering, Software Engineering
Process, Software Development Life Cycle, Software Product, Research Roadmap

1 Introduction
Software engineering (SE) is experiencing a transformation of unprecedented speed and scale, driven by the
growing augmentation in software engineering processes and software products with Generative Artificial In-
telligence (GenAI) [1, 2, 73]. Such GenAI-augmentation offers unprecedented opportunities for efficiently and
effectively developing and operating novel kinds of software systems and applications, but at the same time
challenges established principles, practices, tasks, activities and processes of software engineering [2, 7, 30, 88].
It requires rethinking existing software development lifecycle models (SDLC models), particularly questioning
long-held assumptions about the roles of software engineers, the dynamics of hybrid human-AI teams, and the
very nature of software artifacts, which in addition to code and data, now include GenAI models and prompts.

We systematically identify those challenges and opportunities by starting from a structuring of the main forms
GenAI -augmentation in SE can take. This structuring consists of two dimensions that answer the following
questions.

”What is augmented by GenAI?” This dimension creates a distinction between using GenAI to augment SE
processes versus using GenAI to augment software products:

• GenAI-augmented SE processes mean that GenAI is used to automate software engineering activities and
tasks. Examples range from requirements analysis, through automatic code completion and code genera-
tion, via test case generation and test case prioritization, to optimized CI/CD pipelines and continuous
code refactoring and maintenance [2, 34, 39, 39, 79, 84, 89].

• GenAI-augmented software products mean that parts of the functionality of a software system or ap-
plication are not explicitly programmed but are realized with GenAI. Such GenAI-augmented software
products can generate novel content, power sophisticated conversational interfaces, or create adaptive
user experiences [35, 60, 68, 95].

”How autonomous is the GenAI augmentation?” This dimension creates a distinction of whether GenAI
plays a passive or an active role:

• In a passive role, GenAI does not have goals or act on its own. Instead, GenAI responds reactively to user
prompts or inputs provided via an API. Or, in other words, the human-AI interaction is triggered by the
human [35, 95]. A simple example is an FAQ chat interface included in a website.

• In an active role, GenAI possesses its own thread of control and makes (semi)autonomous decisions
about which actions to perform and when [55, 56, 91]. This means GenAI not only processes information
or generates content, but can also proactively make decisions and perform activities and tasks. Or, in
other words, the human-AI interaction is triggered by AI. A typical manifestation of such an active role
is Agentic AI, which refers to a collection of (semi)autonomous AI agents that jointly aim to achieve
higher-level goals [41, 83, 98].

The intersection of these two dimensions results in four distinct forms of GenAI augmentation in SE. On the
one hand, these four forms provide us with a clear and concise structure to analyze the state-of-the-art and
provide a research roadmap for form-specific research challenges and opportunities. Hence, these four forms
provide more rigor than loose terms such as “AI for SE”, which may refer to using AI in any form to enhance SE
processes, or “SE for AI”, which may refer to extending established SE principles and techniques to the unique
challenges posed by developing AI models or AI-augmented systems and applications. On the other hand, these
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four forms help us achieve a more systematic and comprehensive coverage of GenAI augmentation in SE, thereby
also allowing us to identify cross-form research challenges and opportunities.

Overall, we make the following main contributions to SE research:
• Classification of GenAI Augmentation: We provide a classification of GenAI in SE based on the
aforementioned two dimensions, resulting in four distinct forms: GenAI Copilot, GenAIware, GenAI
Teammate, and GenAI Robot.

• Analysis of GenAI Effects: We systematically capture the effects of GenAI on SE for each of the above
forms, determining what GenAI enhances, reverses, retrieves from the past, and makes obsolete.

• Comprehensive Research Roadmap:We distill those findings into a detailed roadmap identifying form-
specific and cross-cutting research challenges and opportunities. Key areas include prompt engineering,
accountability, hybrid human-AI team dynamics, and the coordination of process-level versus product-level
agents.

• Predictions for 2030: We conclude with ten strategic predictions for how SE may look like in the year
2030. This includes the death of manual coding for routine tasks and the shift from the role of SE developer
to AI agent orchestrator.

We structure the remainder of the article as follows. In Section 2, we detail the methodology followed during
our review and analysis. In Section 3, we elaborate on the four forms of GenAI augmentation and discuss related
research roadmaps. In Sections 4 through 7, we present the state of the art and a detailed analysis of the impact of
GenAI augmentation for each of the four forms. In Section 8, we distill a roadmap composed of a set of research
challenges and opportunities. In Section 9 we discuss validity risks. In Section 10, we conclude the paper.

2 Methodology
This section presents the methodology followed to perform this study. We adopted the Design Science Research
(DSR) approach [9, 38, 97], as our primary goal was to design a well-founded artifact that supports understanding
and future development of the GenAI-driven Software Development Life Cycle (SDLC). In our case, the artifact is
the Roadmap for the SDLC in the GenAI era, which was progressively derived through a sequence of McLuhan
Tetrads capturing challenges, limitations, and opportunities observed in current software engineering practices.
Figure 1 visualizes the overall DSR process, which was structured into three cycles. Each cycle is characterized
by distinct tasks and produces specific outputs that progressively shape the final roadmap.

2.1 Cycle 1 – Initial Investigation
The first cycle was intended to create initial awareness and structure the problem space.

2.1.1 Awareness - 2030 Software Engineering Workshop @FSE2025. The inspiration and basis for this special issue
article was the “2030 Software Engineering” workshop1, co-located with the ACM SIGSOFT FSE 2025 conference
(June 26–27, Trondheim, Norway), in which most of the authors of this article participated. The workshop adopted
the format of “liberating structures”2, leading to two full days of intensive discussions on topics including AI
for software engineering, software engineering for AI, sustainable software engineering and quantum software
engineering.

2.1.2 Solution - Structuring GenAI augmentation in SE. To facilitate a systematic discussion of the impact of
GenAI augmentation, an initial structure was defined for the different forms of GenAI augmentation in SE. The
structure was informed by discussions and insights from the FSE 2025 workshop and complemented by earlier

1https://conf.researchr.org/home/2030-se-2025
2https://www.liberatingstructures.com/
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Fig. 1. The design science approach for building a roadmap on GenAI-augmented processes and products in SE

efforts to classify GenAI augmentation in SE, notably the taxonomy by CMU’s Software Engineering Institute
(SEI) in 2023 [71].

This initial effort resulted in a structure for GenAI augmentation in SE along the two dimensions into four
distinct forms as introduced in Section 1. These four forms helped us analyze related roadmaps and understand
how our article may refine these. Additionally, these four forms provided the structure for Cycle 2, where rapid
literature reviews were conducted to collect evidence and characterize each of these four forms in detail.

2.1.3 Validation - Follow-up Discussions with External Peers. The resulting structure was validated through
discussions with seven fellow SE professors from the Ruhr Institute for Software Technology (paluno3) during a
two-day research retreat.

2.2 Cycle 2 – Preliminary Design
Cycle 2 focused on the collection of evidence through rapid literature reviews and the determination of the
impact of GenAI augmentation using McLuhan tetrads.

2.2.1 Awareness - Rapid Literature Reviews. When the research focus is well defined and unambiguous, as in our
case, rapid literature reviews (RLRs) constitute pragmatic evidence synthesis methods designed to deliver timely
and resource-efficient insights compared to full-fledged Systematic Literature Reviews (SLRs) or Systematic
Mapping Studies (SMSs) [14]. Unlike SLRs and SMSs, RLRs typically relax some methodological requirements,
such as triangulation among multiple researchers and systematic validation of study selection and data extraction
steps. Instead, these activities are often conducted by one or at most two researchers, which reduces the possibility
of cross-checking but allows the review to be completed within a short time frame (usually one or two months).
Despite this lower degree of formality, prior work in software engineering has shown that RLRs still provide
valuable evidence to support decision-making and efficiently characterize emerging research domains [14, 65].
3https://paluno.uni-due.de/en/
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We adopted this approach because, after the FSE workshop held at the end of June (see Section 2.1.1), only a
few months remained to obtain an initial evidence-based overview of the four fundamental forms of GenAI
augmentation in SE. Consequently, small teams of one or two authors conducted focused RLRs, each team
addressing one fundamental form, and completed the activity within two months. This pragmatic choice allowed
us to align the literature analysis with the design science process, ensuring that each fundamental form was
grounded on an initial evidence base despite the short time frame. To provide additional transparency and
replicability of the RLR process, we provide open access to the data of our literature reviews [17].

Research Protocol. All rapid literature reviews followed a shared baseline protocol, which was then specialized
by each group to fit the specific characteristics of the form under investigation. The protocol consisted of the
following steps:

(1) Selection of bibliographic databases: Relevant digital libraries were selected as sources for each form.
In a pragmatic manner, and depending on the coverage of the topic, in addition to standard databases
such as Scopus, Web of Science, IEEE Xplore, and the ACM Digital Library, we also used Google Scholar
to capture recently published papers not yet indexed elsewhere.

(2) Search string definition. Search strings were constructed from form-specific constructs and iteratively
refined by the responsible authors.

(3) Inclusion and exclusion criteria (IC/EC): Explicit criteria were defined to determine whether pub-
lications should be included or excluded, ensuring that only relevant contributions were retained. The
following core inclusion and exclusion criteria (applied consistently across all reviews) were defined,
while some groups complemented them with additional form-specific criteria:

• IC: (i) studies employ techniques of generative GenAI (e.g., Large Language Models such as GPT,
Generative Adversarial Networks, or Variational Autoencoders); (ii) studies explicitly address the
SDLC and/or software development and operations processes.

• EC: (i) studies not written in English; (ii) duplicated studies; (iii) studies authored by the same
group without introducing new contributions.

(4) Search execution: The search strings were executed in the selected databases and the retrieved records
aggregated.

(5) Screening and selection: Depending on the group, records were screened either in two phases (titles/ab-
stracts followed by full-text) or directly at full-text level, by applying the IC/EC to identify the final set of
primary studies.

(6) Analysis and synthesis: The selected publications were analyzed, and their relevant content synthesized
into the entries of the tetrads, i.e., the constituents of each quadrant for the corresponding fundamental
form.

2.2.2 Solution - McLuhan’s Tetrads for GenAI augmentation in SE. Marshall McLuhan’s Tetrad of media effects4
provides a framework for analyzing and visualizing the effects of a technology by categorizing them into
four interrelated dimensions as explained below. We chose McLuhan’s Tetrads for our analysis, as they were
successfully used in previous studies. In addition to being used during the FSE 2025 workshop (see Section 2.1.1)
and its predecessor at FSE 2024 [74] to examine the impact of GenAI on SE, they were also used to examine the
effects of LLMs on SE research [90].

For each form of GenAI, a preliminary McLuhan’s Tetrad was created based on the analysis of the selected
publications and insights from the FSE 2025 workshop (see Section 2.1.1), thereby synthesizing the findings. Each
tetrad was independently developed by a team of authors, with no author contributing to more than one tetrad,
to avoid bias and facilitate diversity of perspectives.

4https://en.wikipedia.org/wiki/Tetrad_of_media_effects
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The four interrelated dimensions of a McLuhan’s Tetrad are depicted in Figure 2. Together, these dimensions
offer a holistic perspective on the consequences of technology adoption.

(1) ”What does the technology enhance or intensify?” This aims to understand how the technology augments
or amplifies certain capabilities. For example, the advent of the printing press intensified the dissemination
of information, revolutionizing communication and education.

(2) ”What does the technology reverse or flip into when pushed to its extreme?” This examines how certain
technology, when pushed to its extreme, undergoes a reversal or transformation. As an example, the
ubiquity of smartphones, offering constant connectivity, has the potential to reverse into isolation and
disconnection.

(3) ”What does the technology retrieve or recover from the past?”This aims to understand how far technology
makes it possible to retrieve or recover concepts and ideas from the past. As an example, the advent of the
Internet retrieved the decentralized and participatory nature of oral communication in the digital realm.

(4) ”What does the technology make obsolete or displace?” This explores the obsolescence or displacement
caused by the technology in question. As an example, the rise of television displaced radio as the primary
source of news and entertainment.

• ”What does the technology enhance or
intensify?”

• ”What does the technology reverse or flip
into when pushed to its extreme?”

• ”What does the technology retrieve or
recover from the past?”

• ”What does the technology make obsolete
or displace?”

Enhances Reverses

Retrieves Obsolesces

Tech-
nology

Fig. 2. A blank tetrad diagram.

2.2.3 Validation - Internal Peer Review. The preliminary results, including the structuring into the four forms, the
findings of the rapid literature review, and the derived tetrads, were subjected to internal peer reviews between
the authors. Each tetrad was validated by the authors who had not participated in the derivation of the respective
tetrad, ensuring a collective assessment and reducing the risk of confirmation bias. Feedback was collected to
refine the structure, clarify ambiguities and improve the overall consistency of intermediate results.

2.3 Cycle 3 – Final Artifact Development
Cycle 3 focused on the development of the final artifact, that is, the roadmap for the augmentation of GenAI in
SE, and its collective validation.

2.3.1 Awareness - Roadmap Derivation Setup. In this phase, two authors, who were not involved in the construc-
tion of individual tetrads, analyzed the consolidated tetrads from Cycle 2 with the aim of synthesizing an overall
research roadmap on GenAI augmentation in SE. Their external position with respect to the earlier cycles was
intended to ensure a fresh and unbiased view on the consolidated tetrads.

ACM Trans. Softw. Eng. Methodol.
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2.3.2 Solution - Synthesis into Roadmap. To synthesize the roadmap, the two authors systematically analyzed all
validated tetrads, identifying transversal patterns, recurring themes, and complementary insights. The results of
this synthesis were distilled into a comprehensive roadmap that covers the form-specific and cross-form research
challenges and opportunities.

2.3.3 Validation - Collective Review and Refinement. The roadmap draft was subjected to a validation process
involving all remaining authors. Feedback was provided asynchronously through comments and revisions and
was further discussed in three one-hour meetings. This iterative process allowed for clarifications, refinements,
and resolution of disagreements, ultimately leading to the final version of the roadmap.

3 Preliminaries
Resulting as an outcome of Cycle 1 of our methodology (see Section 2.1), we provide the foundations for a
systematic discussion of the impact of GenAI augmentation in SE by elaborating on the four different forms of
GenAI augmentation, and discussing related research roadmaps.

3.1 Structuring of GenAI in SE
As introduced in Section 1, we define the following two dimensions:

• ”What is augmented by GenAI?”, distinguishing between GenAI-augmented SE processes (meaning
that GenAI is used to automate software engineering activities and tasks) and GenAI-augmented software
products (meaning that parts of the functionality of a software system or application are not explicitly
programmed, but are implemented with GenAI).

• ”How autonomous is the GenAI augmentation?”, distinguishing between passive roles (meaning that
the human-AI interaction is triggered by the human [35, 95] and that the behavior of GenAI is determined
by the methods invoked upon the GenAI model) and active roles (meaning that the human-AI interaction
is triggered by GenAI and that GenAI has its own thread of control and makes (semi)autonomous decisions
about which actions to perform and when; e.g., Agentic AI).

The intersection of these two dimensions forms a 2x2 matrix, as shown in Table 1, which defines four distinct
forms of GenAI augmentation in SE.

Table 1. Structuring of GenAI in SE: Four distinct forms of GenAI augmentation

”What is augmented by GenAI?”

Process Product
”How autonomous is Passive Role GenAI Copilot GenAIware

the GenAI augmentation?” Active Role GenAI Teammate GenAI Robot

To be able to refer to these forms succinctly in this article, we use the following labels throughout the paper:
GenAI Copilot: GenAI is used as a tool – either standalone or integrated into an IDE or CI/CD pipeline

– to automate various SE tasks. Here, one typically can find solutions from the field of Automated Software
Engineering. For the label GenAI Copilot, we took inspiration from Github Copilot [22] and many other AI/GenAI
Copilots available. Examples of tasks supported by GenAI Copilot include requirement elicitation [52], code
generation [43], testing [92], and program repair [104].

GenAIware: GenAI is used to realize software functionality that otherwise would be impossible to realize or
require a significant effort to realize [95]. This means that GenAI is not used to generate actual code, but that
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the GenAI model is invoked from the code to perform specific computations. For the label GenAIware, we took
inspiration from FMware, which refers to “the type of software that uses foundation models (FMs), such as Large
Language Models (LLMs), as one of its building blocks” [35]. In this sense, the label “GenAIware” generalizes
from FMware to encompass a wider range of GenAI models. An example of GenAIware is a software system that
leverages large language models (LLMs) to summarize instructional video transcriptions, thus offering support
to teachers and students [16]. Here, the LLM prompt is far more than a simple text input – it is a meticulously
engineered part of the codebase. Another example is augmenting an online store with a chatbot to guide customers
in finding products that fit their needs.

GenAI Teammate: GenAI acts as an agent that proactively participates in the software development process
in one or more roles. GenAI Teammates are (semi)autonomous, goal-driven agents that collaborate with human
software engineers in real-world workflows. For the label GenAI Teammate, we took inspiration from a recent
post from the World Economic Forum5. Examples are autonomous coding agents, which actively initiate, review
and evolve code on a scale as part of open source ecosystems [55].

GenAI Robot: GenAI acts as a (semi)autonomous, goal-driven agent to deliver parts of the functionality of
the software system. For the label GenAI Robot, we took inspiration from the general definition of a robot as a
“machine […] capable of carrying out a complex series of actions automatically”6. As a simple example, a GenAI
Robot can browse the Web and make online purchases on behalf of a user: compare prices, select items, and
complete checkouts [29]. As a more complex example, a process-aware information system that facilitates the
on-boarding of new suppliers as part of a procurement process may be implemented via GenAI Robots [27]. In
such a system, there may be a Buyer GenAI Robot and different Supplier GenAI Robots. The Buyer GenAI Robot
identifies the potential Supplier GenAI Robots and issues a request for quotes, which is then answered by the
Supplier GenAI Robots. Based on these answers, the Buyer GenAI Robot can then select a suitable supplier.

Note that while we used the 2x2 matrix to define a set of four distinct forms, in a concrete software systems
more than one form may be present simultaneously. For instance, a highly advanced GenAI Copilot could also
exhibit some proactive behavior of a GenAI Teammate.

3.2 Related Research Roadmaps
Here we discuss how our article relates to existing efforts concerning research roadmaps on GenAI in SE. On the
one hand, we discuss recent roadmap papers (journal articles and conference papers published since 2024). On
the other hand, we assess the scope of research workshops that took place since 2024 at major SE conferences, as
they often feature a set of very timely forward-looking papers based on the participants’ contributions and onsite
discussions.

Concerning related roadmap articles, the first TOSEM special issue on “2030 Roadmap for Software Engineering”
particularly stands. This special issue presents the results of intensive 2-day discussions at the 2030 Software
Engineering Workshop, co-located with FSE 2024 [74]. The presented roadmap was intended to serve as a living
body to be refined based on follow-up workshops and updated during a series of forthcoming TOSEM special
issues. Our article presents such an update for one of the roadmap’s seven themes: ”artificial intelligence for
software engineering” [2]. This theme was covered in the 2025 TOSEM special issue by nine contributed articles.
Six of those discuss the impact of AI on the SE process (thereby providing initial directions on GenAI Copilots
and GenAI Teammates). The remaining three articles deal with the integration of AI into systems and applications
(thereby providing initial directions on GenAIware and GenAI Robots). In addition to the aforementioned special
issue articles, Table 2 lists relevant roadmap articles on GenAI in SE over the past two years and identifies which
of the four forms of GenAI augmentation they addressed. The list of roadmap articles indicates a very strong focus

5https://www.weforum.org/stories/2025/01/why-you-should-think-of-ai-as-a-teammate-not-a-tool-when-building-a-better-future/
6https://en.wikipedia.org/wiki/Robot
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Table 2. Coverage of GenAI augmentation in SE roadmap papers: ++ = main focus of article, + = secondary focus

Year Journal Title Copilot AIware Teammate Robot

2025 Autom. Softw. Eng. Future of software development with genera-
tive AI [84]

++

Applied Sc. AI-driven innovations in software engineer-
ing: a review of current practices and future
directions [3]

++

Inf. Softw. Technol. Copiloting the Future: How Generative AI
Transforms Software Engineering [7]

++ +

SP&E Generative Artificial Intelligence for Software
Engineering—A Research Agenda [70]

++

SSRN Generative AI for Software Architecture, Ap-
plications, Trends, Challenges, and Future Di-
rections [23]

++ +

TOSEM-SI 2030 Roadmap for Software Engineering [74] ++ ++ + +
arXiv Challenges and Paths Towards AI for Software

Engineering [33]
++ +

arXiv From LLMs to LLM-based Agents for Software
Engineering: A Survey of Current, Challenges
and Future [44]

++ ++

2024 TAAS Generative AI for Self-Adaptive Systems: State
of the Art and Research Roadmap [57]

++

on GenAI Copilots, or in other words automated SE, while only few address the other forms or even multiple
forms at the same time. Some of the recent roadmap articles touch on the aspect of autonomous GenAI, but
mainly focus on GenAI Teammates.

Concerning related roadmap workshops, Table 3 lists the relevant ones7 on GenAI in SE of the past two years
held at the three top-tier (A*) SE conferences and identifies which of the four forms of GenAI augmentation they
addressed. The list of workshops allows us to make the following high-level observations. First, there is a clear
increase between 2024 and 2025 in the number of workshops dedicated to the topic of GenAI, indicating the
increasing relevance of GenAI in SE. Second, similar to the roadmap articles, most workshops focus on GenAI
Copilots. Third, some of the recent workshops have started to cover the aspect of autonomous GenAI, but mainly
focus on GenAI Teammates.

As a major difference from the above roadmap articles and forward-looking workshops, our roadmap covers
all four forms, thus providing both individual and cross-form research challenges and opportunities.

4 Impact of GenAI Copilots in SE
This section presents the outcomes of Cycle 1 conducted on the GenAI Copilot form. As introduced in Section 3.1,
a GenAI Copilot is a passive element (such as a component, service, or tool) that supports human software
engineers in performing development tasks. We describe how this review was designed and executed using
a refinement of the general protocol defined in Section 2.2 and discuss the McLuhan tetrad derived from the
collected evidence.

7Note that for AgenticSE@ASE’25 and Ex-ASE@ASE’25 there was no program available at time of writing.
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Table 3. Coverage of GenAI augmentation in SE workshops: ++ = main focus of workshop, + = secondary focus

Conference Workshop Copilot AIware Teammate Robot

ICSE’25 AIOps AI for Cloud Service ++
APR Automated Program Repair ++
BotSE Bots in SE ++ +
DeepTest Deep Learning <> Testing ++ ++
LLM4Code Large Language Models for CODE ++
NLBSE Natural Language Based SE ++
NSE Neuro-Symbolic SE +
RAIE Responsible AI Engineering ++
RAISE Requirements Eng. for AI-Powered SW ++
IWSIB Software-Intensive Business +

ICSE’24 APR Automated Program Repair +
DeepTest Deep Learning <> Testing +
FTW Flaky Tests Workshop +
Intense Interpretability, Robustness, and Bench-

marking in Neural SE
++

IWSIB Software-Intensive Business +
LLM4Code Large Language Models for Code ++
NLBSE Natural Language Based SE ++
RAIE Responsible AI Engineering + +
SATrends New Trends in Software Architecture +

FSE’25 2030 SE 2030 Software Engineering ++ ++ ++ +
AI IDE Artificial Intelligence for Integrated Devel-

opment Environments
++

AI-SDLC Envisioning the AI-Augmented Software
Development Life Cycle

++ ++

BI4LLMC Benchmark Infrastructure for LLMs for
Code

++

Human AISE Human-Centered AI for SE ++ ++
LLinMAP Large Language Model-Oriented Empirical

Research
++ +

LLMApp LLM App Store Analysis + +
ResponsibleSE Engineering Responsible SE +

FSE’24 2030 SE 2030 Software Engineering ++ ++ + +

AISM AI for Software Modernization ++

ASE’24 Intelligent SE Intelligent Software Engineering ++
MAS-GAIN Multi-Agent Systems using Generative Ar-

tificial Intelligence for ASE
++

ASYDE Automated and verifiable Software syStem
Development

++

ACM Trans. Softw. Eng. Methodol.

 



A Research Roadmap for Augmenting Software Engineering Processes and Software Products with Generative AI • 11

ACM & IEEE Fulltext Search

("software development life cycle" 

OR "SDLC" OR "life*cycle" OR 

"development process" OR 

"software engineering process") AND 

"LLM?" OR "Large Language Model?" OR 

"GenAI" OR "Generative AI" OR 

"Generative Artificial Intelligence" 

OR "transformer architecture") AND 

ContentGroupTitle:("ICSE:" OR "ASE:" 

OR "FSE:" OR "ACM Transactions on 

Software Engineering and 

Methodology" OR "IEEE Transactions 

on Software Engineering" OR 

"Empirical Software Engineering" OR 

"Journal of Systems and Software" OR 

"Information and Software 

Technology" OR "Automated Software 

Engineering") AND 

E-Publication Date:(01/01/2019 TO *)

Qwen 3 Analysis of Title, 
Abstract and Keywords

Q2: Based on title, abstract and 

keywords provided does the paper 

utilize GenAI or LLMs as a tool to 

support or automate tasks along the 

software development process or 

life-cycle (and not as part of the 

final software system, product, or 

application)?

Q1: Based on title, abstract and 

keywords provided is there a chance 

that the paper discusses the role 

and/or implications of GenAI or 

LLMs on the software development 

process or life-cycle?

& Manual Inspection

374

161

191

147

Broader 
Discussion

Single 
Statements 

or Tasks

32 15

Fig. 3. Identifying relevant publications concerning GenAI Copilots

4.1 Rapid Literature Review
To provide an overview of the implications and impacts of GenAI Copilots on SE as identified in the literature,
we performed a rapid literature review as explained in Section 2.2.

4.1.1 Review Approach. The procedure we followed to perform the rapid literature review for GenAI Copilots is
depicted in Figure 3.

As this category of GenAI has attracted the most research focus in software engineering to date, we limited
our search to top-tier software engineering conferences and journals (ICSE, ASE, FSE, TOSEM, TSE, EMSE, JSS,
IST, ASEJ). We restricted the search to the years 2019–present, as the first Transformer-based models (BERT
and GPT) were released in 2018, requiring time for adoption by the SE community. To ensure comprehensive
coverage, we opted for full-text searches using ACM and IEEE as search engines, as we initially found that many
papers only discuss the impact on SE in the body of the paper and not in the title, abstract, or keywords. We
narrowed the scope to papers explicitly mentioning the SDLC, development process, or software engineering
process in conjunction with LLMs, GenAI, or transformer architecture. These criteria are reflected in the search
string8 presented in Figure 3.

To further streamline the analysis process, we leveraged Qwen39 to analyze the titles, abstracts, and keywords
of the retrieved publications. We asked Qwen3 to answer two questions about the publication that reflect the
scope of our search: (Q1) Whether the paper explicitly discusses the role and/or implications of GenAI on the
SDLC; (Q2) Whether the paper utilizes GenAI or LLMs as a tool to support or automate tasks along the SDLC.
Q1 focuses on the publication’s scope, while Q2 excludes GenAIware or GenAI Robot publications, as these are
addressed in the chapters below. For each question, Qwen3 provided a yes/no answer along with its reasoning10.
8The exact search strings can be found in Section A.1
9https://ollama.com/library/qwen3:8b
10The exact prompts can be found in Section B.1
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Table 4. Relevant publications concerning GenAI Copilots

Paper Authors Year

Future of software development with generative AI [84] Sauvola et al. 2024
A disruptive research playbook for studying disruptive innovations [87] Storey et al. 2024
Large language models for software engineering: a systematic literature review [39] Hou et al. 2024
Software testing with large language models: Survey, landscape, and vision [92] Wang et al. 2024
Formal requirements engineering and large language models: A two-way roadmap [26] Ferrari and Spoletini 2025
Copiloting the future: How generative AI transforms software engineering [7] Banh et al. 2025
Challenges and opportunities for generative AI in software engineering: a managerial view [79] Rico and Öberg 2025
What do professional software developers need to know to succeed in an age of Artificial Intelli-
gence? [47]

Kam et al. 2025

AI in the software development lifecycle: Insights and open research questions [34] Guimaraes and Nascimento 2025
The future of AI-driven software engineering [89] Terragni et al. 2025
From today’s code to tomorrow’s symphony: The AI transformation of developer’s routine by
2030 [76]

Qiu et al. 2025

From triumph to uncertainty: The journey of software engineering in the AI era [64] Mastropaolo et al. 2025
Automatic programming: Large language models and beyond [62] Lyu et al. 2025
The current challenges of software engineering in the era of large language models [30] Gao et al. 2025
Artificial intelligence for software engineering: The journey so far and the road ahead [2] Ahmed et al. 2025
Towards Automated Knowledge Management in the Software Life Cycle [48] Keim et al. 2025

The publications positively evaluated by Qwen3 for both questions were then manually inspected by two authors
(split equally).

4.1.2 Review Results. The initial search in ACM and IEEE resulted in 374 publications. Qwen3 classified 161
of these as discussing the role or implications of GenAI on the SDLC and 191 as utilizing GenAI as a tool to
support or automate tasks along the SDLC. Of these, 147 met both criteria and were manually inspected. During
the manual inspection process, the authors identified that most publications only mention SDLC as motivation
or in the related work, but do not describe the implications of GenAI on it (100 articles). Furthermore, many
publications made only single statements about the impact or role of GenAI in SDLC, or single tasks of the SDLC
that are improved (32 articles). Only a few publications provided a broader discussion of the implications and
role of GenAI Copilots on the SDLC (15 papers, see Table 4).

The latter two categories were used to inform our McLuhan’s tetrad (see Section 4.2), either by deriving insights
from the single statements or analyzing the full discussion in the 15 other papers. Furthermore, we included our
proposal for the FSE 2025 workshop on “Automated Knowledge Management in the Software Life Cycle” [48], as
it was one of the starting points for this contribution and fits into the category GenAI Copilot.

4.2 McLuhan’s Tetrad
Informed by our rapid literature review, we interpret each quadrant of the tetrad in Figure 4 and map the relevant
findings of previous work into these four dimensions.

4.2.1 Enhances.

• Requirements: Ferrari and Spoletini [26] describe how the Requirements phase can be enhanced by
LLMs through improved extraction, analysis, verification, and validation of requirements. Their two-way
roadmap demonstrates the mutual influence between formal requirements engineering and advances in
GenAI. Additionally, Rico and Öberg [79] highlight enhancements in the generation and refinement of
requirements.
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Fig. 4. McLuhan’s tetrad derived from the rapid literature review of GenAI Copilot publications.

• Design & Documentation: GenAI Copilots have been reported to improve activities in Design & Docu-
mentation by enabling the automated creation of context-sensitive and stakeholder-specific artifacts,
thereby reducing manual workload and ensuring that design intent is preserved throughout project
iterations (Rico and Öberg [79], Terragni et al. [89]). Also, Storey et al. [87] mention in their tetrad for
code generation, that documentation is enhanced by the introduction of GenAI Copilots. Furthermore,
Banh et al. [7] describe how GenAI Copilots support conceptualization and provide contextual knowledge,
such as relevant documents.

• Implementation: GenAI Copilots also enhance activities in the Implementation phase. For instance, coding
itself is enhanced [7, 39, 84] through the abilities of the GenAI Copilots to translate natural language
descriptions into functional code, enabling developers to work more efficiently and reducing the cognitive
gap between design intent and implementation. For improving code comprehension [7, 62, 84], these
tools can provide explanations of unfamiliar code. Additionally, in the refinement and optimization
of code [7, 79], the literature identifies potential enhancements, such as GenAI Copilots suggesting
performance improvements, cleaner syntax, and better algorithmic solutions. Code analysis [62, 79] is
elevated with AI-driven insights that catch errors, suggest alternatives, and flag security vulnerabilities as
the code is written (Real-time).
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• Testing & Quality Assurance: GenAI Copilots also play a transformative role in Software Testing & Quality
Assurance by improving the efficiency, coverage, and intelligence of testing and debugging processes [34,
39, 79, 84]. Test design and generation [79, 92] is enhanced by the ability to derive test cases from more
diverse sources, such as documentation or even natural language requirements. GenAI Copilots also
improve bug detection and fixing [7, 62, 84], by analyzing code context to locate faults and propose fixes,
reducing the time developers spend on manual debugging. Vulnerability Detection [39] is enhanced
by automatically identifying potential security risks based on learned patterns and best practices, even
in complex codebases and potentially real-time. GenAI Copilots support or even enable automated
debugging [79, 92] by explaining runtime errors, tracing root causes, and suggesting corrective actions
in real-time. When bugs or vulnerabilities are found, GenAI Copilots can automatically generate fix
suggestions or patches, enabling automated program repair [92]. In general, the introduction of GenAI
Copilots can enhance code quality [2, 34, 47, 87, 89], especially by automating code reviews [39, 62],
flagging potential errors, style inconsistencies, and design-level issues, allowing human reviewers to focus
on broader architectural or strategic concerns.

• Project & Process Management : GenAI Copilots are mentioned to enhance Project & Process Management by
improving productivity [39, 47, 87], development time [7], effort estimation, completeness and consistency
checks, and knowledge management. For Effort Estimation [79], they can analyze diverse historical data
sources to provide more accurate time and resource predictions, helping managers plan and allocate
effectively. By identifying gaps, redundancies, or conflicting logic across artifacts, GenAI Copilots may be
able to ensure completeness & consistency throughout the SDLC [48]. Finally, Keim et al. [48] envision
GenAI Copilots to enhance knowledge management throughout the SDLC as they are able to extract,
summarize, and deliver contextually relevant information from different artifacts and sources, such as
code, documentation, and requirements, thus supporting more effective onboarding, collaboration, and
knowledge sharing.

• Human & Team Factors: Another area influenced by the emergence of GenAI Copilots are Human & Team
Factors. They may support the development, collaboration, and well-being of individuals within software
engineering teams. For onboarding and training [79], copilots can reduce ramp-up time by answering
technical questions, explaining project contexts, and guiding new developers through unfamiliar codebases.
In the area of Skills Learning [76], GenAI tools provide on-demand, personalized learning by offering code
explanations, best practice recommendations, and interactive coding suggestions that help developers
improve their competencies as they work. Team Coordination [76] may benefit from automated task
summaries, meeting notes, and synchronization of project status, making collaboration smoother and
more transparent. Communication-wise [47], GenAI Copilots can facilitate clearer and more efficient
interactions between team members and/or stakeholders by, for example, translating technical concepts
into simpler language, drafting documentation, or generating summaries for cross-functional stakeholders.
Finally, they may also positively impact mental health [76] by reducing repetitive tasks or providing more
structured and manageable workflows.

Across the reviewed literature, enhancements represent the most dominant impact of GenAI Copilots. Hou et
al. [39] provide quantitative evidence, with most LLM applications enhancing mid-phase SDLC tasks: coding
(57%), maintenance (23%), and quality assurance (15%). Wang et al.[92] echo this in the domain of software testing,
with LLMs improving test generation, bug detection, program repair, and debugging, leading to faster testing
cycles and increased coverage.

In summary, GenAI Copilots are reported and/or envisioned to enhance the SDLC by improving efficiency,
quality, and collaboration, by enabling automation of tasks such as requirements engineering, coding, testing,
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documentation, and project management, while also supporting human factors like learning, communication,
and well-being.

4.2.2 Reverses.

• Trustworthiness & Reliability [34, 39, 48, 62, 64, 79, 92]: Though intended to streamline tasks, a major
concern arises from “hallucinations” or plausible-but-incorrect code suggestions as well as misaligned
designs. This lowers trustworthiness in generated artifacts. Moreover, inexperienced developers may
accept erroneous suggestions without critical review, introducing errors and subtle bugs that compromise
reliability.

• Explainability [34, 48]: Traditionally, explainability in software development flows from code to developer,
meaning that because humans write the code, they inherently understand its logic, structure, and intent.
With GenAI Copilots, this paradigm is reversed, and the developer must then interpret and validate the
GenAI Copilot’s output. This shift challenges explainability, as the rationale behind a copilot’s suggestion
is not always transparent or grounded in an easily traceable design decision.

• Fairness [2]: GenAI Copilots may generate code or logic that reflects patterns from biased training data,
unintentionally encoding unfair assumptions or discriminatory behavior. Instead of proactively designing
for fairness, developers may find themselves reacting to unintentional bias introduced by the copilot,
scrutinizing and retroactively correcting outputs whose fairness implications are opaque.

• Compliance [64]: Instead of designing for compliance, developers may unknowingly introduce non-
compliant constructs created by the AI. As a result, compliance becomes reactive, and developers must
verify and audit AI-generated code post hoc, increasing the burden of compliance validation and intro-
ducing new risks if oversight is insufficient.

• Sustainability [64]: Traditionally, sustainability in software development (e.g., energy-efficient code,
minimizing computational overhead, designing maintainable systems) is an intentional design goal. With
GenAI-powered GenAI Copilots, this mindset can be inadvertently reversed: copilots often prioritize
functionality and speed of development over resource efficiency or long-term maintainability. They may
generate verbose, redundant, or suboptimal code that increases energy consumption or contributes to
technical debt, especially if developers accept suggestions without critical evaluation.

• Accountability [64]: Developers and teams are usually directly responsible for the code they write and
the decisions they make. With GenAI copilots, this clarity is blurred, effectively reversing accountability
dynamics. As copilots generate code and design suggestions, it becomes more difficult to trace the origin
of specific decisions or defects, especially when developers treat AI outputs as trustworthy by default. This
creates ambiguity around who is responsible when something goes wrong: the developer, the organization,
or the AI provider.

• Individual Understanding Capabilities [7, 87]: GenAI Copilots may reverse the individual understanding
capabilities of developers, by encouraging overreliance or abstraction away from low-level detail.

• Strict boundaries between SDLC stages [84]: Strict boundaries between SDLC stages begin to dissolve,
creating blurred transitions where coding, testing, and releasing collapse into a continuous loop. While
this can enhance agility, it may also reverse long-established process controls, thereby increasing risks to
traceability, defect localization, and process accountability.

• Clear code ownership [62, 64, 79]: Copilots produce code without clear attribution or traceable authorship,
raising questions of accountability and provenance. Developers risk becoming curators rather than
creators, which can weaken their sense of ownership and design rationale. Psychological ownership may
likewise decrease – an effect observed for AI-generated text [18] – with yet unknown consequences for
developer productivity and long-term maintenance.
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• Security [39, 62]: With GenAI, security often becomes an afterthought, as developers may unknowingly
incorporate insecure code patterns suggested by the AI, which is trained on a mixture of secure and
insecure code.

Taken together, these reversed effects highlight the importance of critical oversight and contextual awareness
in the deployment of AI within software engineering, to prevent inadvertently undermining productivity rather
than enhancing it.

4.2.3 Retrieves.

• Formal Requirements Specification [26]: Ferrari and Spoletini argue that GenAI Copilots can retrieve
the value of formal requirements specifications by lowering the barrier to entry. By automating or
assisting in transferring classical natural language requirements to formal requirements, even developers
or stakeholders without deep expertise in formal methods can retrieve those more rigorous and precise
software specifications.

• Formal Verification [26]: Similarly, GenAI Copilots can act as a bridge between informal descriptions
and formal verification logic. By generating or refining logical assertions, pre- and postconditions, and
invariants, they help retrieve the rigor and guarantees offered by formal verification practices, which
were once restricted to high-assurance systems and required highly specialized experts.

• Rapid Prototyping [79, 89]: Through their coding capabilities GenAI Copilots enable fast, exploratory
implementations and, thus, can retrieve rapid prototyping where it was, beforehand, not feasible to
perform.

• Natural Language Explanation of Code [87]: Storey et al. note that the widespread use of LLMs retrieves
natural language explanations within code, a practice that echoes literate programming traditions. GenAI
Copilots may generate intuitive summaries and explanations, making codebases more accessible and
human-centric once again.

Together, these capabilities illustrate that GenAI Copilots do not simply retrieve practices, but rather help
re-integrate enduring principles of software engineering that have long remained valuable yet were often too
difficult or time-consuming to apply widely.

4.2.4 Obsolesces.

• Manual debugging and bug reproduction [76, 92]: Qiu et al. [76] and Wang et al. [92] highlight that test
generation, bug reproduction, and oracle design are increasingly supported by GenAI Copilots, replacing
manual processes.

• Manual elicitation and formalization of requirements [26, 89]: Ferrari and Spoletini [26] predict that the
use of GenAI Copilots in requirements engineering and formalization may reduce the need for manual
elicitation work, an idea echoed by Terragni et al. [89].

• Need for Search of Code Snippets [87]: Storey et al. assert that the need for searching code snippets is
reduced or disappears by GenAI Copilots suggesting or even generating whole parts of the software.

• Need for manually created documentation [87]: They also discuss that the need for manually created
documentation is reduced if GenAI Copilots are capable enough of generating informative and precise
documentation.

• Expert-only use of formal methods [26]: Ferrari and Spoletini predict that the exclusive use of formal
methods by experts may diminish, as GenAI Copilots can assist or even automate the extraction or
generation of formal specifications from different sources, such as natural language requirements and
code.

As a result of this analysis, we can state that each quadrant of the tetrad reflects deep shifts in software
engineering due to the emergence of GenAI Copilots. Enhancements dominate current research, ranging from
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automation of coding and testing to productivity and team dynamics. At the same time, developers and organiza-
tions must actively manage reversals, including diminishing understanding, blurred responsibility, and ethical
concerns. GenAI Copilots retrieve formalism and creativity once undervalued in industry, while also rendering
some traditional workflows and manual effort increasingly obsolete. This complex balance invites continuous
investigation as the role of GenAI in the SDLC matures.

5 Impact of GenAI Teammates in SE
This section focuses on the GenAI Teammate form of GenAI augmentation and examines how (semi-)autonomous
and goal-driven agents collaborate with human software engineers within development processes. As described
in Section 3.1, GenAI Teammates differ from GenAI Copilots discussed in Section 4, as they are not merely
invoked by humans but proactively participate in software engineering activities, sharing goals, responsibilities,
and contextual awareness. This section presents the results of Cycle 2 of our methodology (see Section 2.2) and
discusses the McLuhan tetrad derived from the collected evidence.

5.1 Rapid Literature Review
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OR ABS ( Agent software development 
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Fig. 5. Identifying relevant publications concerning GenAI Teammate

5.1.1 Review Approach. To include papers in the analysis of the perspective of GenAI Teammates, a mixed search
approach – as a refinement of the one introduced in Section 2.2 – was conducted by searching among the papers
accepted for the top-tier (A*) SE conferences (ICSE, FSE, and ASE), jointly with an effort-bound search on the
academic database aggregator Google Scholar and Scopus. This refinement method was chosen to reduce the
noise in the search by directly addressing the most important conference about the topic analyzed. The use of
academic aggregators was nevertheless employed to complement focused research with extensive research on all
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possible venues. Unlike the other RLRs, no AI support was utilized in the analysis of the papers because the total
number of primary sources from the initial phase (77) was not sufficiently high to justify the use of automated
assistance.

The process for conducting the rapid literature review is depicted in Figure 5. The search string is reported
in Appendix A.2 and illustrated in Figure 5. The effort bound was set to 200 results; however, in both cases,
this limit was never reached. The search was performed using the popular tool Publish or Perish11 to facilitate
a parameterized search on Google Scholar and Scopus. To include only the relevant sources in the non-peer-
reviewed databases, the number of citations ranked the papers, and only those publicly accessible, written in
English, with at least one citation were considered for inclusion in the initial pool of sources. Two inclusion
criteria were set to ensure the inclusion of papers only relevant to the topic of Generative AI used as an Agent
included in the SDLC: (i) the approach presented in the paper had to discuss multiple agents being able to act
autonomously or on demand with additional capabilities beyond purely conversational ones (chatbots); (ii) the
paper needed to explicitly discuss implication of the approach on the software development lifecycle.

Table 5. Relevant publications concerning GenAI Teammates

Paper Authors Year

ChatDev: Communicative Agents for Software Development [75] Qian et al. 2023
Toward AI-facilitated Learning Cycle in Integration Course through Pair Programming with AI Agents [96] Wei et al. 2024
SOEN-101: Code Generation by Emulating Software Process Models Using Large Language Model
Agents [59]

Lin et al. 2024

From LLMs to LLM-based Agents for Software Engineering: A Survey of Current, Challenges and Future [44] Jin et al. 2024
Experimenting with Multi-Agent Software Development: Towards a Unified Platform [82] Sami et al. 2024
DevCoach: Supporting Students in Learning the Software Development Life Cycle at Scale with Generative
Agents [93]

Wang et al. 2024

Autonomous Agents in Software Development: A Vision Paper [78] Rasheed et al. 2024
CodePori: Large-Scale System for Autonomous Software Development Using Multi-Agent Technology [77] Rasheed et al. 2024
Self-Evolving Multi-Agent Collaboration Networks for Software Development [40] Hu et al. 2024
An Autonomous Multi-Agent LLM Framework for Agile Software Development [63] Sanwal et al. 2024
COMMIT0: Library Generation from Scratch [106] Zhao et al. 2024
An AI-native application assemble platform for easy-integrating of AIGC based services [45] Jin et al. 2024
RepairAgent: An Autonomous, LLM-Based Agent for Program Repair [12] Bouzenia et al. 2024
SALLMA: A Software Architecture for LLM-Based Multi-Agent Systems [10] Becattini et al 2025
ProphetAgent: Automatically Synthesizing GUI Tests from Test Cases in Natural Language for Mobile
Apps [51]

Kong et al. 2025

MUARF: Leveraging Multi-Agent Workflows for Automated Code Refactoring [103] Xu et al. 2025
Knowledge-Based Multi-Agen [105] Zhang et al. 2025
IDE Native, Foundation Model Based Agents for Software Refactoring [11] Bellur et al. 2025
Facilitating Trustworthy Human-Agent Collaboration in LLM-based Multi-Agent System oriented Software
Engineering [80]

Ronanki 2025

Evaluating Agent-based Program Repair at Google [81] Rondon et al. 2025
Engineering LLM Powered Multi-Agent Framework for Autonomous CloudOps [72] Parthasarathy et al. 2025
Developing Multi-Agent LLM Applications through Continuous Human-LLM Co-Programming [86] Song et al. 2025
AGILECODER: Dynamic Collaborative Agents for Software Development based on Agile Methodology [69] Nguyen et al. 2025
AI-Driven Automation in Agile Development: Multi-Agent LLMs for Software Engineering [49] Khan et al. 2025
Multi-Agent Collaboration in AI: Enhancing Software Development with Autonomous LLMs [94] Wasif et al. 2025
Multi-Agent Collaboration via Cross-Team Orchestration [19] Du et al. 2025

11https://harzing.com/resources/publish-or-perish
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5.1.2 Review Results. A total of 77 were identified via direct search to be considered for inclusion in the analysis;
among these, 27 passed the screening phase by applying duplicate removal, inclusion, and exclusion criteria
(details listed in Table 5). Among these, three secondary studies were found, and they were used to complement
the information synthesized by directly analyzing primary sources.

5.2 McLuhan’s Tetrad
To summarize the state of the art and the existing challenges in the domain of GenAI Teammates on the SDLC,
the corresponding McLuhan’s tetrad shown in Figure 6 was built to depict the latest advances in the field and
identify future directions.

• Speed [51]
• Time To Market [82]
• Debugging Skills [12, 93]

• Software Automation [82]
• Fast Prototyping [86]

• Git Versioning [72, 82]
• Code Comprehension [105]
• Ethics and autonomy

[12, 49, 80]

• Environmental/Electrical
sustainability [75]

• Accountability & Code
Ownership [80, 105]

• Software and Architectural
Design [10, 82, 105]

• Requirement Engineering
Elicitation and Modeling
[10, 59]

• Linguistic Skills, Clarity and
Transparent Communication
[75, 82]

• Code Quality and Technical
Debt [59, 75]

• Static Analysis [59, 81, 82]
• Human-Computer

Interactions Principles [11]
• Dependency management

[63, 106]

• Project Tracking Software
Tools [78, 82]

• Traditional IDE editors [11]

• Manual Coding [77, 82, 94]
• Conventional Quality

Assurance Testing [82]

Enhances Reverses

Retrieves Obsolesces

GenAI
Team-
mate in
SDLC

Fig. 6. McLuhan’s tetrad derived from the rapid literature review of GenAI Teammate publications.

5.2.1 Enhances.
• Software Automation: Most research effort in Agent-based GenAI aimed a fully automating the software

development process, relying on the agents to create software artifacts and descriptive documentation [82].
Some human-in-the-loop proposals emerged, aiming to put human developers, or more generally software
engineers, in control of the whole process, characterizing the person with the ability to act as a validator
of the generated software [80]. Other architectural proposals place the LLM agent(s) in the role of the
verifier, double checking the solutions proposed by the model [45, 81].

• Speed : These agentic methodologies, relying on full or semi-automation, facilitate acceleration of the
SDLC, improving developer efficiency [51].

• Fast Prototyping: The agentic approach can achieve rapid prototyping, allowing the developer to evaluate
their artifact in the early stages of the SDLC [86].
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• Time To Market : LLM generation capabilities, parallelized in an agentic approach, allow developers to
quickly produce high-quality code and even entire programs, significantly expediting the SDLC, reducing
the development effort, and accelerating project timelines [82].

• Debugging Skills: Improvements can be made in debugging competencies, which can gain from the
expertise of specialized agents in the role of pair programmers, investigating the root causes of errors by
elucidating error messages, thereby increasing the effectiveness of debugging [12, 93].

5.2.2 Reverses.

• Git Versioning: The commonly used Git Version control in a fully automated agentic approach may lack any
remaining meaning [72]. Its original purpose of tracking versions and facilitating parallel programming
human intent in assembling software may be reversed in an environment where every modification is
automatically done by an agent, especially because most architectures do not parallelize code generation
(mocking human teams’ structure), but rather streamline the development pipeline with specialized
agents [82].

• Environmental Sustainability: Heavy reliance on agentic architecture involves different LLM instances
working jointly towards a common solution. Among the costs of this autonomy, an important commu-
nication overhead has to be taken into account, directly associated with potentially high energy costs,
leading to environmental and sustainability concerns [75].

• Accountability & Code Ownership: Accountability challenges are partially addressed by frameworks that
incorporate human oversight, holding individuals responsible for the software developed under their
guidance. Specifically, responsibility assignment guidelines mandate that when an LLM-based multi-agent
(LMA) system is assigned ‘Responsible’ status for a task, there must be at least one human actor assigned
the ‘Accountable’ responsibility, thereby ensuring human control and validation over critical software
development activities. However, in proposals for entirely autonomous systems, accountability continues
to be an unresolved matter [80, 105].

• Code Comprehension: This landscape also includes situations in which individuals progressively diminish
their proficiency in essential programming skills and code comprehension. Extensive codebases that were
once developed through profound human expertise may now be constructed merely by depending on
requirements definition: this could result in an increasing reliance on the tool, thereby losing control
over the knowledge that underpins it. Furthermore, automated unsupervised solutions may prioritize
functionality over readability, ultimately impairing the overall capacity for comprehension [105].

• Ethics and Autonomy: A core ethical mandate is respecting Human Autonomy and ensuring Human
Agency and Oversight in AI systems. This is particularly challenging because agentic systems are designed
to autonomously plan and execute actions to achieve goals, invoking tools and making decisions without
human initiation for every step, mimicking a human developer’s workflow [12]. This level of autonomy
necessitates structured governance to maintain control, leading to frameworks like the RACI matrix, which
explicitly mandates that when an LLM-basedmulti-agent (LMA) system is assigned the ‘Responsible’ status
for a task, at least one human actor must be assigned ‘Accountable’ responsibility [80]. This mechanism
ensures that human control is maintained over critical activities, aligning with trustworthy AI guidelines.
Additionally, multi-agent systems, particularly those trained on large-scale code repositories, risk rein-
forcing existing biases in software development practices, which necessitate developing bias-mitigation
techniques to ensure responsible AI deployment. Multi-agent systems may also pursue conflicting goals
that should be taken into account when planning the overall system behavior. Ultimately, achieving
trustworthy human-agent collaboration requires explicitly defining roles, ensuring human validation,
and addressing the inherent lack of transparency in autonomous decision-making processes [49].
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5.2.3 Retrieves.

• Software Design: Architectural definition becomes crucial both concerning the definition of the agents’
architecture to be used, and the software architecture to be implemented [82, 105]. RAG mechanisms are
also employed to retrieve knowledge from existing software designs (both from literature and from existing
industrial documents), thereby empowering the agents’ knowledge related to architectural patterns and
design trade-offs, which influences their decision-making ability [10].

• Requirement Engineering Elicitation and Modeling: Multi-agent systems utilize roles such as the Require-
ment Engineer, Analyst, and Product Manager to replicate human development activities.These specialized
agents actively apply knowledge by interpreting natural language user input and translating it into struc-
tured artifacts, such as precise user stories containing clear acceptance criteria [10, 59]. To make the most
of the agents’ skills, an effective requirements elicitation

• Linguistic Skills, Clarity, and Transparent Communication: Other non-technical skills, such as linguistic
ability and unambiguity, enable a clear and transparent specification of the software to be implemented.
Clarity is the key aspect in all the input artifacts provided to any agentic approach to obtain a working
implementation consistent with the end-user needs [75]. To enforce clarity and precision across the whole
process, agents leverage specialized Prompt Engineering techniques and employ structured mechanisms
like communicative dehallucination, which systematically requires the assistant agent to proactively seek
more detailed suggestions from the instructor agent before providing a formal solution [82].
Although the Waterfall model is often applied in systems requiring a linear path, the agentic emulation
demonstrates how these established software process models can enhance the quality and stability of
LLM-generated code by organizing collaborative activities [59].

• Code Quality and Technical Debt : Given the probabilistic nature of the implementation provided by the
agents, assessing software quality becomes essential tominimize code debt [75]. Metric-driven assessments,
refactoring practices, and code review should be used to maintain an acceptable code quality. Furthermore,
fine-grained analysis of how development activities impact code quality reveals that a dedicated phase
like code review is crucial for reducing the density of code smells and improving code reliability [59].

• Static Analysis: Static quality analysis and functional validation become essential steps in creating robust
code. Automatic or manual validation of AI-generated code becomes essential to avoid pitfalls [59, 81].
Specialized agents can leverage external tools to detect and categorize code smells, providing objective
feedback that guides code refinement. By integrating these specialized quality checks and iterative
refinement loops, the agentic approach systematically combats the creation of low-quality, high-technical-
debt code, bringing existing software quality knowledge directly into the autonomous execution cycle [82].

• Human-Computer Interactions Principles: As the automated generation of software through agentic AI
has demonstrated the ability to create functional solutions with rather naive or no graphical interfaces,
a critical challenge that must be tackled by leveraging the existing body of knowledge is the effective
design of interactions between humans and technology, drawing upon principles of Human-Computer
Interaction [11].

• Dependency Management : Although some agentic approaches can autonomously handle broader project
management tasks related to dependencies, such as migrating a dependencymanagement system, updating
dependency files, resolving compatibility issues, and generating necessary lock files [63], in a completely
automated setting, the challenge of managing dependencies and ensuring that libraries are up to date is a
significant hurdle that requires appropriate expertise to navigate [106].

5.2.4 Obsolesces.

• Manual Coding: The obsolescence of manual coding is cemented by the agentic AI’s ability to handle
iterative development, debugging, and quality assurance autonomously [94]. Agents autonomously
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generate executable code segments and iteratively refine them through collaborative exchanges and
internal feedback loops. Since agentic AI effectively automates complex and time-consuming technical
tasks, the role of human software engineers shifts from manual coders to that of oversight and strategic
decision makers, allowing them to focus on more complex and innovative problem solving activities [77,
82].

• Project Tracking Software Tools: Autonomous agentic environments aim to seamlessly link all phases
of development, incorporating a continuous feedback loop where discussions among stakeholders are
automatically transformed into actionable items, such as prioritizing features in the project’s backlog,
generating user stories, and suggesting test cases, all without manual intervention. This integrated and
automated approach suggests a paradigm shift in which task and project management artifacts are
generated and maintained fluidly within the AI development ecosystem itself, reducing the dependence
on separate dedicated project tracking software [78, 82].

• Traditional IDE editors: Although some research emphasizes that IDEs remain the ”ideal place” for agents
to reside because they provide critical safeguards and static analysis APIs that can be utilized as tools by
the agent, the agent’s ability to automate core code generation, editing, and quality assurance processes
inherently reduces the constant necessity for manual file opening and editing within the visual editor
interface, ultimately yielding to a chat-oriented development environment [11].

• Conventional Quality Assurance Testing: Agentic AI significantly obsolesces traditional and conventional
Quality Assurance (QA) testing by integrating automated testing and verification directly into autonomous
software development [82]. Multi-agent systems, leveraging specialized agents like Developers and Testers,
streamline the QA process by autonomously generating and executing comprehensive test suites, thereby
reducing the need for continuous manual testing efforts. This autonomous generation and execution of
diverse tests, from unit and end-to-end tests to GUI and robustness checks, integrates QA as a continuous,
intrinsic element of the multi-agent workflow, rather than a separate, manual phase.
Human involvement gains a pivotal role in clearly expressing desired goals and tasks for the GenAI
Teammate, currently in the form of prompts. This prompt-based programming obsolesces traditional
Integrated Development Environments and their built-in features, such as conventional debugging and
testing strategies. Rethinking Quality Assurance and Program Correctness strategy becomes crucial to
deliver code without the burden of technical debt [82].
Agentic Gen-AI research is clearly centered around the automatic software generation, directly from
specifications. In this scenario, the creation of “off-the-shelf” solutions can largely lose its appeal. This can
happen since adapting existing software in a specific process is more complex compared to automatically
generating software tailored to users’ and companies’ needs. The same phenomenon can cause the
obsolescence of project tracking software tools, which will likely turn into requirements definition
management software to gather user needs and organize requirements to be dispatched to the agentic
architecture for software evolution [93].

6 Impact of GenAIware in SE
This section reports the results of Cycle 2 of our methodology (see Section 2.2) for the GenAIware form of GenAI
augmentation. The corresponding literature review investigated how GenAIware manifests in software systems
whose functionality is partially or fully realized through GenAI components, embedding intelligence directly
into the tools and environments that support software engineering activities.
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6.1 Rapid Literature Review
6.1.1 Review Approach. For the literature review, we followed the process depicted in Figure 7. We report further
details on the search strings and the prompts to filter the results for interested readers in Sections A.3 and B.3.

ACM, IEEE & Scopus
Keywords Search

("software development 

life?cycle" OR "sdlc" OR "software 

development process" OR 

"software engineering process" OR 

"development process" OR "software 

system" ...) AND ("llm?" OR "large 

language model?" OR "fine?tuned 

llm?" OR

"fine?tuned language model?" 

OR "fine?tuned lm?" OR 

"fine?tuned language model?" OR 

"gen?ai" OR "generative?ai" ...) 

AND ("use case" OR "functionalit*" 

OR "integrat*" OR "deploy*" 

OR "architectur*" OR "backend" 

OR "micro?service" OR 

"application" OR ...) AND ("ai?ware" 

OR "gen?ai?ware" OR "semantic 

search" OR "gopher" OR "agent 

orchestration" OR "multi?agent 

orchestration" OR ...)

Qwen 3 Analysis of Title, 
Abstract and Keywords

Q2: Assess whether this 

paper likely contains relevant 

information about the design, 

implementation, or architectural 

considerations deriving from the 

use of Generative AI (e.g., Large 

Language Models) as a component or 

a service of a software system 

Q1: assess whether this paper 

likely contains relevant 

information about using Generative 

AI (e.g., Large Language Models) as 

a component or a service of a 

software system (and not as a 

development tool)

& Manual Inspection

1500

287

436

272 21

Fig. 7. Identifying relevant publications concerning GenAIware

Due to the topic of GenAIware has only recently gained traction, we slightly adapted the process from
Section 2.2.1. We started the rapid literature review searching results on full-text and metadata from ACM and
IEEE, and on metadata only on Scopus. We focused on papers published since January 2019, following the release
of the main Transformer-based language models, namely GPT and BERT. We did not limit ourselves to the main
SE venues, because GenAIware is often only reflected in specific events dedicated to this topic, such as the ACM
International Conference on AI-powered Software (AIware). Yet, we only considered the top 500 results from
each source for a total of maximum 1500 papers.

To find GenAIware-related work, we adapted the search terms to reflect, besides SDLC and GenAI (i) software
components and processes (e.g., “deployment”, “architecture”), and (ii) GenAIware-specific keywords (e.g., “prompt
engineering”, “ai-ware”).

We automatically filtered the initial results using the Qwen3 LLM to help reduce the burden of manually
assessing which of the papers were relevant to the topic. Given the title, abstract and keywords of each retrieved
paper, we prompted the LLM with two questions, in as many separate contexts, covering the two aspects of
GenAI characterizing GenAIware. Specifically, we asked the LLM these two questions: (Q1) assess whether the
paper likely contains relevant information about using Generative AI (e.g., Large Language Models) as a passive
element (e.g., as a component or a service of a software system), and (Q2) assess whether this paper likely contains
relevant information about the design, implementation, or architectural considerations deriving from the use of
Generative AI (e.g., Large Language Models) as a component or a service of a software system. Q1 was aimed at
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highlighting papers where GenAI is augmenting the developed software system and Q2 was aimed at highlighting
papers where GenAI was integrated as a component or a service of the software system. We retrieved the papers
that received a positive answer to both questions, for a total of 272 papers.

We manually processed these LLM-selected papers by taking care of removing any remaining papers not
relevant to the scope of the review. At this step, we noticed many false positives coming from papers concerning
the integration of GenAI Copilot into software development tools. Additionally, we discarded all papers presenting
or discussing application-specific solutions, which – despite the fact that they represent a valuable reference for
the development of GenAIware – are outside the scope of this review. After this last manual filtering step, we
were left with 21 papers.

6.1.2 Review Results. We report the main information about the papers retrieved from the rapid literature review
in Table 6. The most covered topics were architectures for and integration of GenAI in a software system. This
was followed by topics related to prompt engineering and information retrieval. Finally, the few remaining papers
discuss requirements, security and safety of GenAI-augmented software.

From the architecture perspective, several patterns have been presented to exploit existing models depending
on the target task, often with an agent-oriented perspective [61]. These patterns for architectures, mainly thought
for LLM, prescribe how to manage memory (short- and log-term), schedule model queries and execution, possibly
with accessory plugins (like guardrails). Frameworks like DAWN [4] or SALLMA [10] focus on distribution and
multi-agent use cases. Finally, security is becoming a concern already at architectural-level when the software is
backed by GenAI, especially when moving to enterprise-level solution [46].

The challenges concerning the integration are the lack of detailed interface specifications and the variability
of the model’s output [85], which often cause defects affecting functionality, efficiency and security [85]. As a
result, traditional software engineering practices are exposed to new failure modes and the subsequent need for
testing, hence requiring manual effort, which in turn leads to inherent subjectivity in evaluating LLM outputs [68].
Emerging solutions are pushing for clean component interfaces, as well as input preprocessing and output
postprocessing [85]. On top of these issues, there are those related to the integration of the Machine Learning
processes into the pipeline, which require accounting for data dependencies management and Machine Learning
model lifecycle [50].

As mentioned before, memory plays a special role [61]. Long-term memory plays a central role in dealing
with challenges given by hallucinations, outdated knowledge, and domain-specific gaps, thus the introduction of
Retrieval Augmented Generation (RAG)-powered applications for information retrieval [8]. These applications
enable better reliability and trustworthiness of LLM-powered software. Building these applications implies the
choice of the appropriate data store (e.g., vector databases for semantic search, that is, replacing traditional lexical
search) and the correct preprocessing of the stored documents [8]. User data can be stored and retrieved as well,
introducing the need for privacy-related requirements.

Finally, we are witnessing the development of prompt programming, as prompts for LLMs are becoming a
meticulously engineered part of the code-base, functioning as programs themselves [58]. What makes prompting
challenging is their ever-evolving nature as they strongly depend on the LLM they are given to, which may
change, and on the current knowledge about that LLM’s capabilities, which is again changing through time.
Only recently, approaches for rigorous prompt engineering [6] and prompt sharing [5, 25] are emerging, leaving
otherwise the task subject to a naive trial and error approach [58].

Additionally, emerging topics concerning include requirements engineering, safety and security. Requirements
are affected by the stochastic and probabilistic nature of Machine Learning models in general, leading to the
need to define a “window of acceptable behavior” or “soft-goals” rather than traditional hard constraints [21].
These soft constraints are also applied in terms of the safety of the generated content, as challenges about the
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Table 6. Relevant publications concerning GenAIware

Paper Authors Year Covered topic(s)
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Seven Failure Points When Engineering a Retrieval Augmented Generation
System [8]

Barnett et al. 2024 3

CoPrompt: Supporting Prompt Sharing and Referring in Collaborative Natu-
ral Language Programming [25]

Feng 2024 3

Secure Software Architecture for Enterprise Generative Artificial Intelli-
gence [46]

Joshi 2024 3 3

Securing Applications of Large Language Models: A Shift-Left Approach [53] Lan et al. 2024 3

A Taxonomy of Foundation Model based Systems through the Lens of Soft-
ware Architecture [60]

Lu et al. 2024 3

Towards Responsible Generative AI: A Reference Architecture for Designing
Foundation Model Based Agents [61]

Lu et al. 2024 3 3 3

Feature Model-based Integration of Machine Learning in Software Product
Lines [50]

Kholkar et al. 2024 3

Requirements Elicitation for Machine Learning Applications: A Research
Preview [21]

Elvira at al. 2024 3

Tutorial on Landing Generative AI in Industrial Social and E-commerce
Recsys [102]

Xu et al. 2025 3

Iterative Proof-Driven Development LLM Prompt [6] Bakharia 2025 3

Prompts Are Programs Too! Understanding How Developers Build Software
Containing Prompts [58]

Liang et al 2025 3

Supporting Students in Prototyping AI-backed Software with Hosted Prompt
Template APIs [5]

Aveni et al. 2025 3

SALLMA: A Software Architecture for LLM-Based Multi-Agent Systems [10] Becattini et al. 2025 3

Beyond the Comfort Zone: Emerging Solutions to Overcome Challenges in
Integrating LLMs into Software Products [68]

Nahar et al. 2025 3

Verification and Validation of LLM-RAG for Industrial Automation [66] Min et al. 2025 3

An Architecture and Protocol for Decentralized Retrieval Augmented Gener-
ation [36]

Hecking et al. 2025 3 3

A Functional Software Reference Architecture for LLM-Integrated Sys-
tems [13]

Bucaioni et al. 2025 3 3

Are LLMs Correctly Integrated into Software Systems? [85] Shao et al. 2025 3

Towards Retrieval-Augmented Large Language Models: Data Management
and System Design [24]

Fan et al. 2025 3 3

Development of AI Agent Based on Large Language Model Platforms [15] Chen et al. 2025 3

DAWN: Designing Distributed Agents in a Worldwide Network [4] Aminiranjbar et al. 2025 3

generation of toxic, untruthful or unfaithful [42] content do not allow for 100% solutions [46, 53]. Nevertheless,
some use cases still require hard constraints which result in tailored Verification and Validation frameworks [66].

6.2 McLuhan’s Tetrad
Our rapid literature review informed each quadrant of the tetrad as shown in Figure 8.

6.2.1 Enhances.
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• Prompt
Programming [6, 15, 25]

• Data Management [13, 68]
• User Experience [4, 10, 13]

• Modular Software
Design [24, 36, 46, 66]

• Responsible and Secure
AI [61, 68]

• Reliabil-
ity [8, 21, 53, 58, 66, 85]

• Standardization [13, 46, 85]

• Transparency and Trustwor-
thiness [36, 50, 53, 58, 60, 61]

• Efficiency and Sustainabil-
ity [8, 58, 60, 61, 68]

• Manual
Evaluation [58, 60, 61, 68]

• Runtime Verification and
Validation [46, 66, 68]

• Interoperability Issues [58]
• Document Stores [8]
• Goal-Oriented

Requirements [21]

• Manual Annotation [8]
• Traditional Static

Testing [8, 13, 66, 85]
• Static Code Development [58]
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Learning Cycle and
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Fig. 8. McLuhan’s tetrad derived from the rapid literature review of GenAIware publications.

• Prompt Programming: The introduction of GenAI has altered the programming paradigm, extending it to
include dynamic prompts and data, along with code. Prompts allow for the programming of the behavior
of LLMs, resulting in a form of natural language coding or prompt programming [58]. As a result, prompt
engineering developed into an actual research area, providing structured approaches to create and (re-)use
prompts and strategies to manage the context [6, 15, 25]. At the same time, data are necessary to prompt
and evaluate these generative models. RAG and few-shot learning rely on input data to construct the
prompt and manage the context as well.

• Data Management : Data management, especially information retrieval, has undergone a strong
makeover [24, 36]. Semantic search approaches are now integrated into search engine architectures,
pushing for the enhancement of vector databases to support the new indexing approach. LLMs have
become the new interface to unstructured and semi-structured data stores and, at the same time, LLMs
result in more reliable and trustworthy having access to updated and trusted data sources [46, 66].

• User Experience: In addition to search engines, the integration of AI assistants in existing applications
enhances the user experience, providing an interactive interface that can search the application and
respond in a human-understandable language [13, 68]. This experience is further improved by improved
customization. In fact, user-specific or domain-specific data can be plugged into the generative model
without needing any training or fine-tuning.

• Unified Software Design: On the design and architecture side, we are finally observing steps toward unified
interfaces for these models [4, 13].This unification has multiple positive effects. It helps the modularization
of software architectures using these models, it enhances the automation of deployment and testing and
it helps the interoperability with and among agentic approaches [4, 10].
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• Responsible and Secure AI : The integration of AI modules in software systems and applications is raising
awareness towards the risks connected to its use. As a result, we are observing interests in non-functional
aspects like responsible AI and security [61, 68]. Security is not only limited to data privacy, but also to the
safety of user inputs and generated content, leading to the development of dedicated testing approaches
and guardrails [68].

6.2.2 Reverses.

• Reliability: GenAI models are de facto probabilistic tools; this nature clashes with the control, predictability,
and replicability of traditional software. For example, LLMs are stochastic [8, 21, 66], which introduce new
challenges for validating GenAI-augmented software [8, 85]. At the same time, the issue of hallucinations
may compromise trust in GenAIware [8, 53, 66]. Moreover, prompts, being fragile, model-dependent, and
context-dependent, often push the development toward rapid, unsystematic, trial-and-error practices
rather than structured processes [58].

• Standardization: The existence of multiple, independent, and different interfaces to GenAI models chal-
lenges modularity, creating difficulties in system composition and management due to insufficient spec-
ifications and varied contextual requirements [13, 46, 85]. Several solutions, such as the MCP (Model
Context Protocol) and A2A (Agent-to-Agent Protocol), have been proposed; however, the absence of a
(yet) universally adopted framework enforcing consistent interface definitions and interoperability across
platforms and vendors has resulted in fragmented ecosystems.

• Transparency and Trustworthiness: Quality attributes and the development process are also affected. The
opaque nature of GenAI models obscures transparency and lack of control, complicating fault localization
and scattering responsibility across multiple components [36, 50, 58, 60, 61]. Furthermore, biases arising
from training data manifest in outputs that can be discriminatory or unfair, making ethics an ongoing
challenge and a fixed requirement [53, 60, 61].

• Efficiency and Sustainability: From an operational standpoint, efficiency and sustainability are reversed in
exchange for escalating costs and more difficult maintenance. Relying on external APIs may introduce
latency and high costs, while local deployment of large GenAI models may require significant computa-
tional and human resources [8, 58, 68]. As these models evolve, their behavior drifts over time, demanding
continuous calibration, monitoring, and adaptation. This dynamism disrupts established workflows and
erodes long-term stability, reversing the traditional pursuit of cost-effectiveness and reliability in software
systems [8, 58, 60, 61].

6.2.3 Retrieves.

• Manual evaluation: Development once again becomes grounded in human-intensive, iterative practices,
with prompt engineering emerging as a central trial-and-error activity where prompts are often crafted
and revised to enforce the desired agent behavior [58, 60, 61]. Much of the manual effort that was thought
to be lost resurfaces in new forms, particularly in data annotation and curation, which become essential
for building domain-specific, high-quality datasets [58, 68]. Evaluation and testing similarly shifts back
towards more subjective, qualitative inspection, as the adequacy of generated outputs can be often
evaluated only through human qualitative analysis [58].

• Runtime Verification and Validation: Architecturally, GenAIware retrieves and reshapes persistent software
engineering challenges. The dynamic and probabilistic nature of GenAI revives the need for continuous
runtime evaluation and adaptive verification and validation frameworks [46, 66, 68].

• Interoperability Issues: The challenges of integrating opaque machine learning elements return emphasis
on transparency [58].
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• Document Stores: When using RAG (retrieval augmented generation), long-standing document stores
and search infrastructures regain prominence, now replaced by vector databases that enable semantic
search and provide external, trusted, and verifiable knowledge to complement internal GenAI model
memories [8]. In this way, GenAIware not only revives but also reconfigures older practices and concerns
of information retrieval systems.

• Goal-Oriented Requirements: Concerning requirements engineering, rigid and deterministic specifications
no longer align with the stochastic and unpredictable behavior of LLMs. Goal-oriented requirements
engineering approaches, which focus on soft goals and acceptable behavior ranges, could be adapted to
address the inherent uncertainty and flexibility required in the development of the ML system [21].

6.2.4 Obsolesces.

• Manual Annotation: In information retrieval, the rise of RAG reduces the need for labor-intensive manual
annotation, further eroding the role of static methods. This last effect extends to many cases that require
human-in-the-loop approaches [8].

• Traditional Static Testing: In terms of quality assurance, deterministic test-driven development is challenged
by the probabilistic and uncertain outputs of GenAIware, whose evaluation goes beyond a simple binary
pass/fail metric [66]. Moreover, static, quantitative evaluation techniques also lose relevance, as prompt
programming and RAG systems demand runtime, qualitative, and operational assessment as the underlying
GenAI model and data change [8]. Advances in vector databases reinforce this shift, making traditional
storage, indexing, and retrieval mechanisms less capable of supporting rapid changes in models and
data [13, 85].

• Static Code Development : At the process and organizational level, the experimental nature of prompt
programming makes the prompt engineering stage detached from the slow and rigid code review cycles,
which turn out less suitable for practical development [58].

• Separation between Machine Learning Cycle and SDLC : The long-standing separation of machine learning
development from the broader SDLC is becoming obsolete as integration of AI-based elements becomes
relevant across all stages, from requirements to deployment [50].

• Opacity of AI elements the demand for responsible AI, transparency, and explainability makes purely
opaque integration unsustainable, replacing it with approaches that emphasize explainers, guardrails, and
continuous monitoring to ensure trustworthiness and accountability [13, 46, 60, 61].

7 Impact of GenAI Robots in SE
This section presents the results of Cycle 2 of our methodology (see Section 2.2) concerning the GenAI Robot form
of GenAI augmentation. The corresponding literature review examines how (semi-)autonomous and goal-driven
agents deliver part of the functionality of software systems or applications. As discussed in Section 3.1, GenAI
Robots differ from GenAI Teammates in that they are not involved in the development process itself but become
integral elements of the resulting software product, operating as self-contained AI components once deployed.

7.1 Rapid Literature Review
Given the wide range of application domains in which software systems can be realized to deliver parts of their
functionality through GenAI Robots, we opt for a broad search and review, as explained in the following.

7.1.1 Review Approach. The rapid literature review approach we performed for GenAI Robots is depicted in
Fig. 9.

We started with a keyword search using Elsevier’s Scopus database (note that Scopus, since 2021, also includes
arXiv preprints). The keyword search gave us fine-grained control over the search terms (providing synonyms
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Scopus
Keyword Search

( "agentic" OR "agent-based" ) 

AND ( "LLM" OR "large language

model" OR "generative AI" OR "Gen 

AI" OR "transformer" OR "GPT" or

"BERT" OR "Generative Adversarial

Network" OR "GANs" or

"Variational Autoencoder" OR 

"VAE" ) AND ( "applications" OR 

"use cases" OR "impacts" OR 

"effects" ) AND ( "software" OR 

"software development" OR 

"software engineering" ) AND 

PUBYEAR > 2023 AND PUBYEAR < 2027 

AND ( LIMIT-TO ( SUBJAREA , 

"COMP" ) ) AND ( LIMIT-TO ( 

DOCTYPE , "ar" ) OR LIMIT-TO ( 

DOCTYPE , "cp" ) ) AND ( LIMIT-TO 

( LANGUAGE , "English" ) )

904
Q1: Does the paper utilize 

Agentic AI as part of the final 

software system, product, or 

application. (and NOT only as 

part of the software 

development process)?

Q2: Does the paper discuss the 

role and/or implications of 

Agentic AI on the software 

development process or life-

cycle (such as CI/CD, DevOps, 

Agile Development, Scrum, XP, 

etc.)?

&
Manual 

Inspection

431

48

11 6
Gemini 2.5 Analysis of Title, 

Abstract and Keywords

Fig. 9. Identifying relevant publications concerning GenAI Robots

for agentic AI and requiring GenAI as a technique), while also being able to explicitly state inclusion criteria
(publications from 2024 and beyond) and exclusion criteria (only articles and conference publications in English).
This Scopus search resulted in 903 publications.

As a second step, we then employed Google’s Gemini 2.5 Flash via its programmatic API to aid us in the
analysis process. We prompted Gemini to scrutinize the title, abstract and keywords to answer two specific
questions: (Q1) whether the paper actually covers the use of GenAI as a Robot (and not as a GenAI Teammate,
for instance), and (Q2) whether the paper explicitly discusses impacts or implications for the SDLC. For each
of these questions, we not only asked for a yes/no answer but also required Gemini to provide its rationale for
giving the respective answer. The full prompt is provided in Appendix B.4. This resulted in 11 publications for
which both answers were yes.

Finally, we manually inspected these 11 publications and eliminated the ones that were out of scope, resulting
in 6 relevant publications.

7.1.2 Review Results. The relevant publications on GenAI Robots are listed in Table 7.
We observe that given the very low number of relevant publications, GenAI Robots are clearly an emerging

area. Even though, GenAI Robots were used in several different application domains. Two of the papers focus on
individual tasks, i.e., on isolated aspects of the lifecycle. For example, Mishra et al. focus on the task of testing
retail systems. Three of the papers address broader lifecycle aspects by introducing domain-specific development
processes. For example, Lee et al. integrate the use of GenAI Robots into the Double Diamond lifecycle from
(industrial) design12. However, these papers lack alignment and integration with an overall software development
lifecycle.

7.2 McLuhan’s Tetrad
As seen above, there is only little existing work on how GenAI Robots may impact SE, indicating that this is a
nascent research area. What this means is that the below McLuhan’s tetrad and roadmap items are necessarily
more speculative than those for the other, more established forms. To accommodate the fewer existing work, we
12https://www.designcouncil.org.uk/our-resources/the-double-diamond/
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Table 7. Relevant publications concerning GenAI Robots

Paper Authors Year Application Domain SDLC Aspects

A Conversational Assistant Framework for
Automation [20]

Duesterwald et al. 2024 BPM Overall: domain-specific lifecycle

OMACS Based Adaptive Intelligent Tutoring
System Development [31]

Gowri 2025 Education Overall: domain-specific lifecycle

When and How to Use AI in the Design Pro-
cess? Implications for Human-AI Design Col-
laboration [54]

Lee et al. 2025 (Industrial) Design Overall: domain-specific lifecycle

Retail Resilience Engine: An Agentic AI
Framework for Building Reliable Retail Sys-
tems With Test-Driven Development Ap-
proach [67]

Mishra et al. 2025 Retail Single Task: testing

Business Compliance Detection of Smart Con-
tracts in Electricity and Carbon Trading Sce-
narios [101]

Wu et al. 2024 Electricity Single Task: compliance verification

• Novel forms of
human-computer interaction
(HCI) [84]

• Increased human-AI team
Performance [37]

• Human-agent balance [91]
• Traditional separation of

concerns [28, 91]

• Static assurance of legal and
ethical norms [29, 32, 91]

• Agent-oriented Software
Engineering
(AOSE) [41, 99, 100]

• Natural language AI-to-AI
communication

Enhances Reverses

Retrieves Obsolesces

GenAI
Robots
in SDLC

Fig. 10. McLuhan’s tetrad for GenAI Robots.

also explore more general challenges identified for GenAI Robot in the literature, leading to the following items
of the tetrad, also shown in Figure 10.

7.2.1 Enhances.

• Novel forms of human-computer interaction (HCI): Having agents – in the form of GenAI Robots – deliver
parts of the software systems’ functionality opens up novel avenues for HCI. Instead of humans initiating
the interaction with the ”computer” (i.e., software), it can now be the GenAI Robots that initiate this
interaction. This leads to several different forms of human-agent interactions that may be chosen to realize
a software application. As an example, Sauvola et al. describe four different scenarios with increasing AI
participation [84]. As another example, Stanford’s Social and Language Technologies Lab (SALT) envisions
five levels of such interaction, ranging from fully human to fully AI task completion13. Altogether, this

13https://futureofwork.saltlab.stanford.edu/
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raises the question of where in the SDLC such a decision is taken, or whether there is a need to adapt and
evolve the initial decision.

• Increased human-AI team performance: Combining GenAI Robots and humans in a complementary manner
offers an increase in overall team performance, i.e., a level of performance that neither of them can
individually achieve [37]. Or, in other words, we see the emergence of hybrid intelligence, where humans
and GenAI complement each other rather than compete. Of course, this raises the question of when and
how to determine what such a human-AI team should look like.

7.2.2 Reverses.

• Human-agent balance: One key concern is how best to leverage AI capabilities and human expertise, thus
increasing efficiency while maintaining human judgment and creativity [91]. This requires defining clear
roles and responsibilities between humans and GenAI Robots, including identifying situations where
human intervention is necessary; for example, in the case of failure of GenAI Robot s [91]. In general,
human-agent teaming raises questions to be answered during the SDLC, such as whether, for a given
task, human actors will collaborate with agents as peers or whether humans take on supervisory roles
with selective intervention.

• Traditional separation of concerns: The SDLC has to provide activities to determine which parts of the
functionality of the application software will be carried out by GenAI Robots and which parts of manual
human tasks can be automated by GenAI Robots. This may go significantly beyond the traditional SE
concept of separation of concerns, such as object orientation, and may require a much deeper analysis.
On the one hand, it may require analyzing historical data of how previous applications were used [28].
On the other hand, it may require clear metrics and performance indicators such that the impact of GenAI
Robots on process efficiency (e.g., in terms of cost and time, decision quality, and broader organizational
outcomes) can be measured at run time [91].

• Static assurance of legal and ethical norms: It must be ensured that GenAI Robots comply with legal
norms, while considering the context and environment in which they operate [91]. Given the greater
degree of autonomy of GenAI Robots, using static rules to ensure compliance with these norms may no
longer be feasible, making GenAI Robot s find unexpected and potentially harmful ways to achieve their
goals [29]. We thus require ”guardrails”, which codify norms in such a way as to ensure compliance also
in unspecified, unstructured situations [32]. As abstractions for managing such guardrails, the notion of
(normative) frames may be explored. In contrast to more operational notions of declarative or procedural
abstractions, frames rely on deontic logic, which specifies obligations, permissions, and prohibitions14.
The definition of guardrails at design time should be complemented by safety measures that monitor
GenAI Robot performance at run time, thus helping to observe and prevent unwanted adaptations or
evolutions of GenAI Robots [91].

7.2.3 Retrieves.

• Agent-oriented Software Engineering (AOSE): Now that powerful GenAI makes the vision of agent-based
systems realistic, it is worth revisiting SE research on building agent-based systems, which was conceived
more than two decades ago [41, 100]. The principles, methods and processes of agent-oriented software
engineering (AOSE) provide a strong foundation for novel approaches to developing, operating, and
maintaining GenAI Robots. An example is the Gaia methodology [99], intended to allow a software
engineer to go systematically from a statement of requirements to a design that is sufficiently detailed for
it to be implemented. Gaia provides an agent-specific set of concepts through which a software engineer

14http://www.dagstuhl.de/25192
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can understand and model a complex system, such as responsibilities, activities, interaction protocols,
and permissions.

7.2.4 Obsolesces.

• Natural language AI-to-AI communication: If GenAI Robots communicate with other GenAI Robots or
traditional software, it is no longer necessary for them to converse in natural language. Other forms of
communication may become much more effective. As an example, GenAI Robots realized via LLM may
directly exchange the tokens and not the original natural-language input. As a more extreme example,
interacting GenAI Robots may even come up with their own efficient language, as demonstrated by the
Gibberlink project15. This raises the question when and how in the SDLC to balance efficiency with
transparency, i.e., the capability for human understanding of the AI-to-AI language.

8 Research Roadmap
Resulting as an outcome of Cycle 3 of our methodology (see Section 2.1), this section synthesizes an overall
research roadmap on GenAI augmentation in SE. To do this, we analyze the four McLuhan tetrads and identify
transversal patterns, recurring themes, and complementary insights. The roadmap includes the four forms of
GenAI augmentation in SE with the associated challenges and opportunities. The mapping of these challenges and
opportunities to their sources (i.e., the analysis via the McLuhan’s tetrad) offers a valuable lens for understanding
why certain phenomena emerge and how their side effects can be anticipated, for instance, how an innovation that
enhances a practice may simultaneously reverse or obscure critical aspects, creating new needs for interoperability
and compliance. This dual perspective, operational and theoretical, supports a multidisciplinary research agenda.

The overall roadmap consists of five parts, Parts A–D (Sections 8.1–8.4) for each form of GenAI augmentation,
and Part X (Section 8.5) for cross-form aspects.

8.1 Roadmap Part A: GenAI Copilots
Table 8 shows the challenges and opportunities in augmenting the process with GenAI Copilots. The table
systematizes key research challenges in the integration of GenAI into software development workflows, along with
corresponding opportunities for innovation. The challenges span both technical and social dimensions, ranging
from the specification of reliable interaction interfaces (A1) and mechanisms for traceability and accountability
(A2) to quality assurance of generated artifacts (A3) and the long-term maintenance of evolving AI elements (A4).
Several entries highlight the need to embed GenAI Copilots seamlessly into established development processes
(A5), while maintaining developer agency and transparency (A6). Broader concerns include addressing bias and
fairness in domain-specific contexts (A7) and enabling collaborative work across multiple stakeholders (A8).
Finally, systemic risks are considered, such as dependency management, safety, and security (A9), as well as the
fundamental question of how to establish trustworthiness in GenAI-assisted development (A10). The outlined
opportunities point to a research agenda encompassing formal abstractions, hybrid verification techniques,
orchestration mechanisms, debiasing methods, lightweight inference strategies, and governance frameworks, all
aimed at creating reliable, sustainable, and accountable GenAI Copilots for software engineering.

Table 9 maps the research challenges and opportunities to the source that triggered the form of GenAI Copilot
augmentation. The source can be one or more elements in the McLuhan’s tetrad. A clear and pragmatic research
framework naturally emerges from the mapping. The introduction of GenAI elements as copilots in software
development processes brings both significant technical opportunities (formal prompt abstractions, provenance
tracking, hybrid verification, CI/AI pipelines, orchestration tools) and systemic and social risks (opacity, bias,
dependency, degradation over time, and collaborative conflicts). Entries A1–A10 entries are not isolated; they

15https://olafwitkowski.com/2025/03/11/ai-to-ai-communication-unpacking-gibberlink-secrecy-and-new-ai-communication-channels/
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Table 8. Challenges and Opportunities for GenAI Copilots

Form of GenAI augmenta-
tion

Challenge Opportunity

A1. Prompt engineering and
specification clarity

How to systematically design prompts or APIs for
GenAI elements so outputs are reliable, traceable,
and modifiable?

Create formal abstractions or domain-specific
prompt languages that can be composed, vali-
dated, and versioned in software pipelines.

A2. Traceability, provenance,
rationale, and audit trails

When a GenAI tool produces, e.g., code snippets,
designs, test cases, how do you trace which input
tokens or model internals led to it?

Embedding provenance metadata or “explanation
traces” in software artifacts to enable accountabil-
ity, debugging, and compliance.

A3. Quality control & vali-
dation of AI-generated arti-
facts

Ensuring that AI-generated process artifacts (e.g.,
requirements drafts, design sketches, code sug-
gestions) are correct, consistent, non‑contradic-
tory, and align with system constraints.

Hybrid verification approaches (symbolic + sta-
tistical) to validate, constrain, or filter AI outputs
before acceptance.

A4. Model drift, update, ver-
sion management, and main-
tenance of GenAI elements

Over time, the context, codebase, or domain
evolves; the GenAI elements must be re‑aligned.
How tomanage this versioning, continuous learn-
ing, and validation?

Develop continuous integration pipelines for AI
models (CI/AI), similar to CI/CD, to monitor per-
formance, retrain, revoke, or rollbackwhen degra-
dation occurs.

A5. Workflow integration
and orchestration

Embedding GenAI process tools into conven-
tional development workflows (CI, issue trackers,
code review) without disrupting developer flow.

Research orchestration layers or microservices
that interleave GenAI calls transparently in Dev
pipelines, handling context, caching, and incre-
mental updates.

A6. Cognitive load, trans-
parency, and user control

Even as GenAI offers suggestions, developers
must remain in control. Too much opacity or
“black‑box” behavior may erode trust or lead to
overreliance.

Design user interfaces and interaction modalities
(e.g., “explain why this suggestion”) that balance
automation and human oversight effectively.

A7. Bias, fairness, and do-
main alignment

The training data or model biases may propagate
into process artifacts (requirements, testcases, de-
sign decisions).

Techniques to detect, mitigate, or “debias” gen-
erated outputs in domain‑specific engineering
settings (e.g., safety‑critical, regulated systems).

A8. Collaborative work and
multi‑user context merging

When multiple developers or stakeholders inter-
act with GenAI suggestions in parallel, merging
outputs can lead to conflicts. Individual contexts
(e.g., changes, actions, perspectives) need to be
properly merged or synchronized.

Techniques to merge multiple suggestion threads,
version control for AI outputs, context-aware col-
laborative “AI‑augmented” tools capable of merg-
ing changes so that the final result makes sense
to everyone, ensuring everyone sees a consistent
view of the shared work.

A9. Safety, security, & depen-
dency risk

If the GenAI element itself becomes a dependency
(e.g., an external API), what happens if it fails,
changes, or is compromised?

Formalizing fallback strategies, sandboxing, and
verification for AI-assisted process tools.

A10. Trustworthy GenAI How to build GenAI elements so that outputs are
trustworthy?

Identify even less powerful, generic, and con-
strained GenAI that is trustworthy under specific
assumptions and in specific contexts.

form an interconnected set of challenges that require both engineering and organizational solutions. Only through
controlled experimentation, empirical evidence, and collaboration across software engineering, machine learning,
HCI, ethics, and regulatory disciplines will it be possible to turn these opportunities into truly useful, reliable,
and adoptable GenAI Copilots for software development. This section therefore closes with a call to pursue the
operational directions outlined above, balancing technical innovation with socio-technical governance to build
copilots that assist, rather than replace, human judgment and responsibility.
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Table 9. Mapping between forms of GenAI augmentation and its sources for GenAI Copilots

Research Challenges and Opportunities Source (McLuhan’s tetrad)

A1. Prompt engineering and specification clarity Trustworthiness and Reliability of the Reverses quadrant.
A2. Traceability, provenance, rationale, and audit
trails

Explainability of the Reverses quadrant.

A3. Quality control & validation of AI-generated arti-
facts

Compliance of the Reverses quadrant.

A4. Model drift, update, and maintenance of GenAI
elements

Compliance of the Reverses quadrant.

A5. Workflow integration and orchestration Strict boundaries between SDLC stages of the Reverses quadrant.
A6. Cognitive load, transparency, and user control Accountability and Trustworthiness & Reliability of the Reverses quadrant
A7. Bias, fairness, and domain alignment Fairness of the Reverses quadrant.
A8. Collaborative editing and multi-user context
merging

Project & ProcessManagement and Human& Team Factors of the Enhances
quadrant.

A9. Safety, security, & dependency risk Security of the Reverses quadrant.
A10. Trustworthy GenAI Trustworthiness and Reliability of the Reverses quadrant. Runtime Verifi-

cation and Validation of the Retrieves quadrant.

8.2 Roadmap Part B: GenAI Teammates
Table 10 outlines the central challenges and opportunities in augmenting the process via autonomous agents
(GenAI Teammates). The issues primarily concern the balance between autonomy and human oversight (B1),
conflict resolution in multi-agent or human–agent teams (B2), and the ability to engage in long-horizon, multi-step
planning across development phases (B3).Questions of accountability and responsibility attribution (B4) as well as
mechanisms for recovery, rollback, and self-diagnosis (B5) highlight the need for formal governance and resilience
strategies. Additional challenges include coordination across heterogeneous agents operating on different parts of
the software lifecycle (B6) and the calibration of human trust in agent recommendations (B7). The opportunities
point to the development of supervisory architectures, negotiation protocols, embedded planning capabilities,
formal responsibility frameworks, self-monitoring mechanisms, and coordination protocols, all aimed at creating
safe, transparent, and effective human-agent collaboration in complex engineering workflows.

Table 11 maps the research challenges and opportunities to the source that triggered the form of GenAI
Teammate augmentation. As above, the source can be one or more elements in the corresponding tetrad. The
mapping to McLuhan’s tetrad highlights that ethical and autonomy concerns predominate and should shape
design choices. Research should therefore focus on supervisory architectures, meta-control policies, negotiation
and consensus protocols, embedded planning modules, and contract-like responsibility models. Complementary
engineering work must deliver runtime verification, safe fallback strategies, and shared knowledge protocols for
inter-agent consistency. Finally, multidisciplinary evaluation, combining controlled experiments, field studies,
and governance frameworks, is essential to produce human-agent teams that are effective, accountable, and
socially acceptable.

8.3 Roadmap Part C: GenAIware
Table 12 describes the GenAIware aspects by highlighting deployment-centric challenges and opportunities for
integrating GenAI into software development and operation.
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Table 10. Challenges and Opportunities for GenAI Teammates

Form of GenAI augmenta-
tion

Challenge Opportunity

B1. Agent autonomy vs hu-
man oversight balance

Deciding when the agent should act au-
tonomously versus requesting human confirma-
tion; how to avoid undesirable emergent behav-
ior.

Develop meta‑control policies or supervisory ar-
chitectures that mediate trust, escalation, and safe
boundaries for agent actions.

B2. Conflict resolution and
negotiation among agents &
humans

In a team setting, multiple agents (or agent + hu-
man) may propose conflicting plans or changes.
How to mediate conflicts?

Research negotiation protocols, consensus algo-
rithms, or hierarchical control structures for hy-
brid teams.

B3. Long-horizon planning,
multi-step decision-making

Agents must plan across multiple SDLC phases,
not just local suggestions. This requires predic-
tion, cost estimation, tradeoff reasoning.

Agents with embedded planning modules, rein-
forcement learning for planning over develop-
ment workflows, and cost-benefit reasoning.

B4. Accountability and re-
sponsibility attribution

When an agent autonomously makes a change
that fails or introduces defects, who is account-
able?

Formal frameworks for attributing responsibility
in human-AI collaborative systems, perhaps with
contract models or “permission scoping”.

B5. Recovery, rollback, and
agent self-diagnosis

Agents must detect when their own suggestions
degrade system quality or violate constraints, and
autonomously rollback or correct.

Research self‑monitoring agents that propose and
validate undo plans, safe failsafes, and “what-if”
scenario testing.

B6. Inter-agent coordination
across modules

If multiple agents operate (e.g., one for require-
ments, one for testing, one for deployment), they
must coordinate and exchange context.

Architectures for agent collaboration, shared
knowledge bases, or protocols for consistency
and dependency handling.

B7. Trust calibration and
human-agent teaming

Humans must calibrate when to rely on agent
proposals. Too much trust leads to overreliance,
too little undermines utility.

Techniques to signal confidence, uncertainty, or
explain rationale to support human trust calibra-
tion.

Table 11. Mapping between forms of GenAI augmentation and its sources for GenAI Teammates

Research Challenges and Opportunities Source (McLuhan’s tetrad)

B1. Agent autonomy vs human oversight balance Ethics and autonomy of the Reverses quadrant.
B2. Conflict resolution and negotiation among agents &
humans

Ethics and autonomy of the Reverses quadrant.

B3. Long-horizon planning, multi-step decision-making Ethics and autonomy of the Reverses quadrant.
B4. Accountability and responsibility attribution Accountability & Code Ownership of the Reverses quadrant.
B5. Recovery, rollback, and agent self-diagnosis Code Quality and Technical Debt of the Retrieves quadrant. Static

Analysis of the Retrieves quadrant.
B6. Inter-agent coordination across modules Ethics and autonomy of the Reverses quadrant.
B7. Trust calibration and human-agent teaming Ethics and autonomy of the Reverses quadrant.

The table emphasizes the need for adaptive prompt mechanisms that adjust dynamically to runtime contexts
(C1), along with rigorous approaches to testing and validation to assure the correctness and safety of GenAI-
infused features (C2). Performance considerations such as inference cost, latency, and resource efficiency (C3) must
be balanced with user expectations for reliability and robust fallback behavior when outputs fail (C4). Security
and privacy concerns are critical, as embedded models may inadvertently expose sensitive data (C5). Sustaining
these systems further requires lifecycle management strategies, including safe in-field updates, controlled A/B
testing, and dynamic rollback capabilities (C6). Finally, explainability and transparency (C7) are essential for both
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Table 12. Challenges and Opportunities for GenAIware

Form of GenAI augmenta-
tion

Challenge Opportunity

C1. Dynamic prompt engi-
neering in deployed systems

At runtime, code must generate appropriate
prompts or adaptively modify them as user input
context changes.

Self-tuning prompt modules or meta-prompting
layers that adapt to usage distributions and con-
text drift.

C2. Testing, verification, and
validation of GenAI-infused
features

Ensuring that the GenAI-enabled portions of soft-
ware meet functional, nonfunctional, and safety
requirements.

New testing paradigms, formal specifications for
GenAI behaviors.

C3. Performance, latency,
and resource constraints in
deployment

Embedding GenAI into products often raises con-
cerns of inference cost, latency, memory, and en-
ergy.

Edge-compatible GenAI modules, hybrid local/-
cloud partitioning, caching, and approximate in-
ference.

C4. User expectation, relia-
bility, and backoff strategies

Users often expect predictable behavior; when
GenAI fails or returns suboptimal output, the
product must cope gracefully.

Fallback rules, ensemble strategies, confidence
thresholds, graceful degradation paths, human-
in-the-loop fallback.

C5. Security, privacy, and
data leakage in GenAI ele-
ments

The embedded GenAI might memorize or leak
private or sensitive data.

Techniques like differential privacy, context-
window isolation, on-device fine-tuning, or en-
cryption to mitigate leakage.

C6. ML Model lifecycle in-
field updates and A/B testing

Updating or deploying new machine learning
models inside a product, measuring the effect on
users online, dynamically rolling back if negative
side effects are detected.

Tools for safe online A/B testing of GenAI sub-
modules, rollback strategies, incremental updates,
and versioning at runtime to actively maintain
and improve a model after deployment, using
real-world data and real-time feedback to keep it
performing well over time.

C7. Explainability and trans-
parency within features

Users and regulators may require explanations. Embed explanation layers or rationale surfaces in
the product, enabling “why this response” queries
or tracebacks.

user trust and regulatory compliance. Collectively, the opportunities point toward adaptive prompting layers, new
verification paradigms, efficient deployment strategies, privacy-preserving techniques, robust lifecycle tooling,
and explanation features that enable reliable and trustworthy GenAIware in the software development lifecycle.

Table 13. Mapping between forms of GenAI augmentation and its sources for GenAIware

Research Challenges and Opportunities Source (McLuhan’s tetrad)

C1. Dynamic prompt engineering in deployed systems Prompt Programming of the Enhances quadrant.
C2. Testing, verification, and validation of GenAI-infused
features

Responsible and Secure AI of the Enhances quadrant. Runtime Verifica-
tion and Validation of the Retrieves quadrant.

C3. Performance, latency, and resource constraints in
deployment

Efficiency and Sustainability of the Reverses quadrant.

C4. User expectation, reliability, and backoff strategies Reliability of the Reverses quadrant.
C5. Security, privacy, and data leakage in GenAI elements Responsible and Secure AI of the Enhances quadrant.
C6. ML Model lifecycle in-field updates and A/B testing Traditional Static Testing, and Separation between Machine Learning

Cycle and SDLC of the Obsolesces quadrant.
C7. Explainability and transparency within features Opacity of AI elements of the Obsolesces quadrant.
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As already done for the GenAI Copilot and GenAI Teammate augmentations, Table 13 maps the research
challenges and opportunities to one or more tetrad elements in Section 6 that triggered GenAI GenAIware in
SDLC. In short, Table 12 and Table 13 frame GenAIware as an integration-, embedding- and deployment-centered
challenge: adaptive prompting, rigorous validation, performance and fallback engineering, security/privacy,
lifecycle updates, and explainability are all essential. Key opportunities include adaptive prompting layers,
new verification paradigms, efficient deployment strategies, privacy-preserving techniques, robust lifecycle
tooling, and rich explanation features. Also, for this type of augmentation, design should be informed by the
tetrad mapping so that enhancements do not inadvertently reverse or obscure critical system properties. Top
research priorities are runtime-aware prompt controllers that adapt to context and user intent, and scalable
testing/validation frameworks for generative features. Engineering work must address cost/latency trade-offs
(model selection, quantization, caching) while guaranteeing reliable fallback behavior. Security and privacy
require privacy-by-design, data minimization, and provenance controls to avoid sensitive exposure. Operational
tooling-observability, A/B pipelines, and automated rollback will be crucial for safe in-field evolution. Finally,
multidisciplinary evaluation (benchmarks, field studies, regulatory alignment) is needed to ensure GenAIware is
performant, trustworthy, and compliant in real-world software products.

8.4 Roadmap Part D: GenAI Robots
Table 14 describes challenges and opportunities of GenAI Robots in SE. The table focuses on the challenges
and opportunities of engineering software systems where part of the functionality is delivered by autonomous
GenAI agents. Key risks include emergent behavior and goal drift over time (D1), the need to preserve user
trust and control through override or reversibility mechanisms (D2), and the stability of agents that adapt or
learn in the field without violating constraints (D3). Additional concerns arise when multiple agents interact in
shared environments, where competition or interference may disrupt outcomes (D4), and when scaling such
systems to production settings introduces significant infrastructure and cost challenges (D5). The opportunities
point toward research in alignment and auditing techniques, user-facing control interfaces, safe online learning
methods, multi-agent coordination protocols, and efficient architectures that minimize computational overhead
while maintaining robust performance.

Table 15 completes the mapping of the research challenges and opportunities referring to the tetrad of the fourth
form of augmentation in Section 7. In summary, the integration of GenAI Robots into the SDLC brings tangible
challenges and related risks, such as emergent behaviors and goal drift, loss of control, instability in field learning,
multi-agent interference, and scalability costs, but also clear opportunities for software engineering research.
This section highlights that, also in this case, solutions are not isolated: they require alignment and auditing
methods, human control interfaces and reversibility, safe online learning techniques, multi-agent coordination
protocols, and compute-efficient architectures. Progress demands a roadmap that combines theoretical research,
field experiments, and engineering practices (testing, metrics, and governance) to measure and mitigate risk.
Only a systemic and interdisciplinary approach can turn these autonomous agents from risk factors into reliable
enablers of the software development process.

8.5 Roadmap Part X: Cross-form Aspects
Tables 16 and 17 describe cross-form challenges and opportunities (X1–X8) that extend beyond individual
workflows or deployment contexts. X1 highlights the complexity of coordinating process-level and product-level
agents, while X2 stresses the absence of robust benchmarks and evaluation methods for measuring GenAI’s
impact in engineering practice. Human factors emerge prominently in X3, where changes to team roles, skills,
and dynamics require careful study, and in X4, where unresolved questions of intellectual property, licensing, and
liability remain. Broader systemic concerns include sustainability and environmental costs (X5), resilience against

ACM Trans. Softw. Eng. Methodol.

 



38 • D. Amalfitano, A. Metzger, M. Autili, T. Fulcini, T. Hey, J. Keim, P. Pelliccione, V. Scotti, A. Koziolek, et al.

Table 14. Challenges and Opportunities for GenAI Robots

Form of GenAI augmenta-
tion

Challenge Opportunity

D1. Emergent behavior,
alignment, and goal drift

Over time, autonomous product agents may stray
from their intended goals or produce unexpected
behavior under edge conditions.

Research alignment techniques, safe sandbox test-
ing, reward shaping, and continual auditing of
behavior drift.

D2. User trust, control, and
override mechanisms

As the product acts more autonomously, users
must retain ultimate control; the agentmust allow
override, reversibility, and “undo.”

User interfaces for control granularity, adjustable
autonomy levels, interactive consent, and trans-
parency.

D3. Evolution, self-
improvement, and adapta-
tion

Agents that learn in the field must adapt without
compromising stability or violating constraints.

Techniques for safe online learning, constraint en-
forcement, minimizing “catastrophic forgetting”
and ensuring consistency.

D4. Inter-agent competition
or collaboration in a shared
environment

If multiple intelligent agents act and interact (e.g.,
multiple AI users on same platform), coordina-
tion, conflicts, or negative interference may arise.

Multi-agent coordination algorithms, negotiation
protocols, hierarchical control, or regulatory “pro-
tocols” for agent behavior.

D5. Scalability, infrastruc-
ture, and operational cost

Running autonomous agents (with reasoning,
evaluation, planning) at scale in production envi-
ronments is expensive.

Efficient architectures, caching, hierarchical rea-
soning, selective activation, and event-triggered
execution to reduce compute load.

Table 15. Mapping between forms of GenAI augmentation and its sources for GenAI Robots

Research Challenges and Opportunities Source (McLuhan’s tetrad)

D1. Emergent behavior, alignment, and goal drift Novel forms of human-computer interaction (HCI) of the Enhances quadrant.
Human-agent balance and Traditional separation of concerns of the Reverses
quadrant.

D2. User trust, control, and override mechanisms Human-agent balance and Traditional separation of concerns of the Reverses
quadrant.

D3. Evolution, self-improvement, and adaptation Novel forms of human-computer interaction (HCI) of the Enhances quadrant.
Static assurance of legal and ethical norms of the Reverses quadrant.

D4. Inter-agent competition or collaboration in a
shared environment

Novel forms of human-computer interaction (HCI) of the Enhances quadrant.
Human-agent balance of the Reverses quadrant.

D5. Scalability, infrastructure, and operational cost Traditional separation of concerns of the Reverses quadrant.

adversarial manipulation (X6), and the limited transferability of GenAI methods across domains (X7). Finally, X8
underscores the need for continuous adaptation as software ecosystems evolve. Together, these themes point to a
research agenda that blends technical innovation with organizational, legal, and ethical considerations to enable
trustworthy GenAI augmentation.

9 Threats to Validity
This section discusses potential threats to the validity of our study and the measures taken to mitigate them.

Construct Validity. Construct validity concerns whether the key concepts investigated were correctly defined
and operationalized. A potential threat lies in the subjective interpretation ofwhat constitutes GenAI augmentation
in software engineering processes and artifacts. To address this, the fundamental forms of GenAI in SE were
initially elicited through collective discussions during the FSE 2025 “2030 Software Engineering” workshop
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Table 16. Challenges and Opportunities for Cross-form GenAI Augmentation

Form of GenAI augmenta-
tion

Challenge Opportunity

X1. Hybrid systems: integrat-
ing process agents + product
agents

In future systems, process-level agents (that plan
development) and product-level agents (in soft-
ware) may co-exist and influence each other. Man-
aging their interactions is complex.

Architectures and protocols for cross-layer con-
sistency, feedback loops, negotiation, and coordi-
nated evolution.

X2. Metrics, evaluation
benchmarks, and empirical
validation

How do we measure “goodness” of GenAI aug-
mentation (for productivity, reliability, maintain-
ability, human satisfaction)?

Define standard benchmarks, controlled experi-
ments, and evaluation suites for hybrid human-AI
engineering settings.

X3. Human factors, team dy-
namics, education and roles

As GenAI changes workflows, roles and skills
shift. Resistance, cognitive burden, misuse, or mis-
alignment may arise.

Study human-AI teaming, change management,
training curricula, and social/organizational adap-
tation strategies.

X4. Intellectual property, li-
censing, and legal liability

Who owns code, designs, or artifacts generated
by GenAI? What licenses apply? What liability
when AI-generated code fails?

Legal and policy frameworks for IP attribution,
shared licensing models, AI-generated artifact
contracts, and compliance regimes.

X5. Model robustness, adver-
sarial attacks, and misuse

GenAI elements and agents can be manipulated
via adversarial prompts or injection attacks to
produce harmful outputs.

Robustness research, prompt sanitization, query
filtering, anomaly detection, and secure in-
put/output boundaries.

X6. Updating of knowledge,
evolving software land-
scapes

The software ecosystem (languages, frameworks,
libraries) evolves rapidly; GenAI augmentation
must keep up.

Continual learning, modular plugin adaptation,
community-based model updates, and open
model ecosystems in the software engineering
domain.

and grounded in existing taxonomies, such as the one proposed by SEI. These constructs were subsequently
refined and validated through multiple iterations of internal discussions and external feedback sessions involving
peers. This triangulation of sources and perspectives aimed to ensure that the constructs reflect a shared and
well-grounded understanding rather than the isolated view of a subset of authors.

Another potential threat concerns the coverage of the Rapid Literature Reviews (RLRs) used in Design Cycle 2.
The search strings adopted in each review may not have captured all relevant literature, potentially limiting the
breadth of the investigated evidence. Moreover, the use of LLM-based filtering (using Qwen3 and Gemini-2.5
respectively) might have inadvertently excluded relevant publications due to the potential risks of bias and
hallucination. To mitigate this validity risk, we manually inspected samples of the excluded papers to double
check that no relevant literature was systematically missed. We also provide open access to the data of our
literature reviews [17], thereby providing additional transparency and replicability of the RLR process.

Internal Validity. Internal validity refers to the soundness of the study design and the correctness of the
reasoning linking evidence to conclusions. A potential risk arises from interpretive bias during the construction
of the McLuhan Tetrads and from the compressed time frame of the rapid reviews, which could have reduced the
depth of evidence interpretation. To mitigate these risks, the research was organized into three design science
cycles, each including explicit awareness, solution, and validation stages. Within Cycle 2, the RLRs followed a
shared baseline protocol and were independently executed by different author teams. Subsequent cross-review
by authors not involved in their initial construction helped reduce confirmation bias and ensured consistency
and traceability across the four forms of GenAI.

External Validity. External validity concerns the generalizability and transferability of the study results. Since
the goal of this work was to design a conceptual roadmap rather than to produce statistically generalizable
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Table 17. Mapping between Cross-form Research Challenges and Opportunities

Cross-cutting Research Chal-
lenges and Opportunities

Source (Process) Source (Product)

X1. Hybrid systems: integrating pro-
cess agents + product agents

A5. Workflow integration and orchestration.
B6. Inter-agent coordination across modules.

D4. Inter-agent competition or collaboration
in a shared environment.

X2.Metrics, evaluation benchmarks,
and empirical validation

A10. Trustworthy GenAI C4. User expectation, reliability, and backoff
strategies.
C6. ML Model lifecycle in-field updates and
A/B testing.

X3. Human factors, team dynamics,
education and roles

A6. Cognitive load, transparency, and user
control.
B2. Conflict resolution and negotiation
among agents & humans.
B7. Trust calibration and human-agent team-
ing.

C7. Explainability and transparency within
features.
D2. User trust, control, and override mecha-
nisms.

X4. Intellectual property, licensing,
and legal liability

A6. Cognitive load, transparency, and user
control.
B4. Accountability and responsibility attribu-
tion.

C7. Explainability and transparency within
features.
D2. User trust, control, and override mecha-
nisms.

X5. Model robustness, adversarial
attacks, and misuse

A9. Safety, security, & dependency risk.
B5. Recovery, rollback, and agent self-
diagnosis.

C2. Testing, verification, and validation of
GenAI-infused features.
C5. Security, privacy, and data leakage in
GenAI elements.

X6. Updating of knowledge, evolv-
ing software landscapes

A4. Model drift, update, and maintenance of
GenAI elements.

D3. Evolution, self-improvement, and adap-
tation

evidence, its external validity is inherently limited. However, its findings draw upon diverse forms of evidence,
including literature, workshop discussions, and multi-author evaluations, which provide analytical rather than
statistical generalization. Furthermore, the final roadmap was refined through iterative co-author reviews and
three dedicated meetings, strengthening confidence in the broader relevance and applicability of the identified
challenges and opportunities.

Conclusion Validity. Conclusion validity relates to the credibility, logical coherence, and consistency of the
study’s outcomes. Potential threats include overgeneralization and interpretive divergence among authors. To
address these, all results were progressively consolidated and validated across the three design science cycles. In
the final Cycle 3, two authors synthesized the validated tetrads into the roadmap, while the remaining authors
collectively reviewed and refined it until consensus was reached. This iterative synthesis and collective validation
ensured that the conclusions drawn in the roadmap are well supported by the evidence gathered and consistently
interpreted within the scope of the study.

10 Conclusion and Perspectives
GenAI implies a paradigm shift in SE, profoundly reshaping both development processes and the nature of software
products. To navigate this complex transformation, we introduced a systematic framework for understanding
and analyzing the impact of GenAI on SE. We proposed a structuring of GenAI augmentation along two principal
dimensions: what is being augmented (process versus product) and the level of autonomy of the augmentation
(passive versus active). This categorization yields four distinct and tangible forms of GenAI augmentation: the
GenAI Copilot, GenAIware, the GenAI Teammate, and the GenAI Robot.
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Using this framework as our analytical lens, we conducted an examination of the state-of-the-art for each of the
four forms. Our methodology – grounded in a multi-cycle design science approach – employed rapid literature
reviews to gather evidence, which was then synthesized using McLuhan’s tetrads. This approach enabled a
holistic assessment of each form of GenAI augmentation, identifying what it enhances, what established practices
it reverses when pushed to extremes, what past concepts it retrieves, and what it may render obsolete. This
multidimensional analysis revealed a complex interplay of benefits and challenges, from enhanced productivity
and retrieved formalisms and paradigms to issues such as trustworthiness, accountability, and the potential
erosion of human expertise.

The culmination of this analysis is a comprehensive research roadmap that distills our findings into specific,
actionable challenges and opportunities. This roadmap addresses not only the unique issues pertinent to each of
the four forms but also identifies cross-cutting themes, including human-AI team dynamics, legal and ethical
considerations, and the need for robust evaluation benchmarks.

By offering a structured and evidence-based perspective, this work refines and updates existing roadmaps,
serving as part of an overall prescriptive guide for the SE community contained within this special issue. As
GenAI continues its rapid evolution, this roadmap serves as a foundation for future research, encouraging a
balanced approach that maximizes the transformative potential of GenAI while proactively mitigating its inherent
risks, thereby helping to shape the future principles, practices, and economics of software engineering.

—

We like to close by offering our ten predictions for software engineering in the year 2030:
Death of manual coding for routine tasks: By 2030, 70% of boilerplate code, CRUD operations, and standard

API integrations will be autonomously generated by GenAI Teammates with zero human keystrokes. Human
developers will spend less than 20% of their time writing code from scratch. Our roadmap indicates that manual
coding will become obsolete. The shift from developer-as-coder to developer-as-architect/orchestrator will be
complete for routine functionality.

Prompt Engineering as a core SE discipline: By 2030, ”Prompt Architect” will be a recognized job title
with professional certifications. Universities will offer dedicated courses on prompt engineering, and 40% of SE
job postings will list prompt engineering as a required skill alongside traditional programming languages. Our
roadmap indicates that prompt programming will be a new ”programming” paradigm. As GenAIware proliferates,
prompt quality directly determines system reliability.

Emergence of ”Software Compliance as Code”: By 2030, legal compliance, ethical constraints, and safety
requirements will be encoded as formal guardrails in machine-readable formats (e.g., ”compliance specification
languages”) that GenAI systems must satisfy in real-time. 40% of regulated software projects will use automated
compliance verification that checks both human and AI contributions against these formal specifications. The EU
AI Act and similar regulations will mandate this for high-risk AI systems. Our roadmap mentions static assurance
of legal/ethical norms becoming insufficient together with IP, licensing, and legal liability, which will lead to
widespread concerns about compliance, fairness, and responsible AI across all forms. The need for guardrails that
work at runtime, not just design time, is critical.

Rise of AI accountability standards: By 2030, at least three major organizations (ACM, IEEE, or ISO) will have
published formal standards for AI accountability in software development, contributing to the aforementioned
”software compliance as code”. 50% of Fortune 500 companies will require explicit ”AI Attribution Metadata” in
their codebases, documenting which code was human-written, AI-suggested, or AI-autonomous. This results
from our roadmap indicating widespread concerns about accountability and code ownership.

Emergence of ”Responsible GenAI Engineering”: By 2030, there will be dedicated ”GenAI Responsibility
Engineers” on software teams, who are in charge of implementing guardrails, detecting hallucinations, and
ensuring ethical and sustainable AI behavior. Responsible engineering for GenAI will become distinct from
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traditional QA, with specialized tools and methodologies. At least 20% of SE teams in regulated industries will
have this role. This is backed by our roadmap that indicates the relevance of testing/verification of GenAI features,
security and privacy, emergent behavior and goal drift detection, and adversarial attacks, which raises concerns
about reliability and trustworthiness.

Obsolescence of Classical IDEs: By 2030, traditional IDEs (such as VS Code, IntelliJ) will face existential
competition from ”conversational development environments” where 30% of developers primarily interact with
their codebase through natural language chat interfaces rather than file editors. The concept of ”manually opening
and editing files” becomes optional for many tasks. This becomes evident from our roadmap as GenAI Teammates
will mean that traditional IDE editors fade, emphasizing natural language interaction as the primary interface
between humans and AI.

Integrated CI/CD/AI pipelines: By 2030, CI/CD will evolve into ”CI/CD/AI” where 80% of software projects
include automated pipelines for monitoring, retraining, and rolling back GenAI components. Model drift detection
and automated A/B testing of GenAI features will be as common as unit testing is today. Our roadmap clearly
indicates the consideration of model drift and maintenance, AI model lifecycle updates, and the need for runtime
verification and validation.

Multi-Agent orchestration platforms: By 2030, at least 5 major platforms for orchestrating multiple GenAI
agents (both Teammates and Robots) will have emerged, with at least one achieving ”Kubernetes-level” adoption
(used by 40%+ of organizations). These platforms will standardize agent-to-agent communication protocols,
making multi-agent systems as manageable as microservices are today. This is backed by our roadmap indicating
emerging inter-agent coordination, multi-agent competition/collaboration, as well as hybrid systems integrating
process and product agents.

”10x Developer” becomes ”10x Orchestrator”: By 2030, the concept of the ”10x developer” will shift from
someone who writes 10x more code to someone who effectively orchestrates 10+ GenAI agents simultaneously.
Performance metrics will measure ”agents successfully coordinated” rather than ”lines of code written.” Top
performers will manage complex ecosystems of specialized AI agents rather than large codebases. Our roadmap
reflects this transformation across all forms, particularly with respect to agent autonomy balance, trust calibration,
and the general shift from coding to orchestration.

GenAI-induced technical debt crisis and recovery: By 2030, 60% of software maintenance effort will focus
on understanding and improving AI-generated code rather than human-written code. In particular, we will see
a new generation of ”AI Code Archaeology” tools that can analyze, explain, and refactor legacy AI-generated
code. This is to address the development of previous years where industry will experience a ”GenAI technical
debt crisis”, during which accumulated low-quality AI-generated code creates major maintenance problems.
Our roadmap indicates this by mentioning quality control of AI artifacts and maintenance of GenAI elements,
together with code comprehension, code quality and static analysis.
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A Search strings used for literature review

A.1 Search Strings for GenAI Copilots

Search String ACM
”query”: { Fulltext:((”software development life cycle” OR ”SDLC” OR ”life*cycle” OR ”development
process” OR ”software engineering process”) AND (”LLM?” OR ”Large Language Model?” OR ”GenAI”
OR ”Generative AI” OR ”Generative Artificial Intelligence” OR ”transformer architecture”)) AND Con-
tentGroupTitle:(”ICSE:” OR ”ASE:” OR ”FSE:” OR ”ACM Transactions on Software Engineering and
Methodology” OR ”IEEE Transactions on Software Engineering” OR ”Empirical Software Engineering” OR
”Journal of Systems and Software” OR ”Information and Software Technology” OR ”Automated Software
Engineering”) } ”filter”: { E-Publication Date: (01/01/2019 TO *) }

Search String IEEE
((”Full Text Only”: ”software development life cycle”) OR (”Full Text Only”: ”SDLC”) OR (”Full Text
Only”:”life*cycle”) OR (”Full Text Only”:”development process”) OR (”Full Text Only”:”software engineering
process”)) AND ((”Full Text Only”: ”LLM?”) OR (”Full Text Only”:”Large Language Model?”) OR (”Full
Text Only”:”GenAI”) OR (”Full Text Only”:”Generative AI”) OR (”Full Text Only”:”Generative Artificial
IntelligenceI”) OR (”Full Text Only”:”transformer architecture”)) AND ((”Publication Title”: ”*International
Conference on Software Engineering *ICSE”) OR (”Publication Title”: ”*Automated Software Engineering
*ASE”) OR (”Publication Title”: ”*Foundations of Software Engineering”) OR (”Publication Title”: ”IEEE
Transactions on Software Engineering”) OR (”Publication Title”: ”Empirical Software Engineering”) OR
(”Publication Title”: ”Journal of Systems and Software”)) AND ((”Publication Year”: ”2019”) OR (”Publication
Year”: ”2020”) OR (”Publication Year”: ”2021”) OR (”Publication Year”: ”2022”) OR (”Publication Year”:
”2023”) OR (”Publication Year”: ”2024”) OR (”Publication Year”: ”2025”))

A.2 Search strings for GenAI Teammate

Search String Google Scholar/Scopus
ABS ( Agent software development generative AI ) OR ABS ( Agentic software development generative AI
) OR ABS ( Agent software development lifecycle generative AI ) OR ABS ( Agentic software development
lifecycle generative AI ) OR ABS ( Agent sdlc generative AI ) OR ABS ( Agentic sdlc generative AI ) OR
ABS ( Agent software development genAI ) OR ABS ( Agentic software development genAI ) OR ABS (
Agent software development lifecycle genAI ) OR ABS ( Agentic software development lifecycle genAI )
OR ABS ( Agent sdlc genAI ) OR ABS ( Agentic sdlc genAI )
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A.3 Search strings for GenAIware

Search String ACM/IEEE/Scopus
(”software development life?cycle” OR ”sdlc” OR ”software development process” OR ”software engineer-
ing process” OR ”development process” OR ”software system” OR ”software application” OR ”software
architecture” OR ”system design” OR ”application development” OR ”software component” OR ”software
service” OR ”system development” OR ”application design” OR ”application” OR ”software component”
OR ”software product”) AND (”llm?” OR ”large language model?” OR ”fine?tuned llm?” OR ”fine?tuned
language model?” OR ”fine?tuned lm?” OR ”fine?tuned language model?” OR ”gen?ai” OR ”generative?ai”
OR ”generative artificial intelligence” OR ”transformer model” OR ”transformer language model” OR
”transformer lm” OR ”neural language model” OR ”neural lm” OR ”instruction tuning” OR ”instruction
fine?tuning” OR ”instruction following” OR ”retrieval?augmented generation” OR ”rag” OR ”assistant
tuning”OR ”assistant fine?tuning” OR ”function calling” OR ”tool use” OR ”guardrails”) AND (”use case”
OR ”functionalit*” OR ”integrat*” OR ”deploy*” OR ”architectur*” OR ”backend” OR ”micro?service” OR
”application” OR ”orchestration” OR ”agent orchestration” OR ”safety filter” OR ”filter” OR ”pipeline” OR
”workflow” OR ”service” OR ”framework”) AND (”ai?ware” OR ”gen?ai?ware” OR ”semantic search” OR
”gopher” OR ”agent orchestration” OR ”multi?agent orchestration” OR ”inference engine” OR ”dev?ops
2.0” OR ”prompt?engineering” OR ”prompt?ware”)

A.4 Search string for GenAI Robot

Search String Scopus
( ”agentic” OR ”agent-based” ) AND ( ”LLM” OR ”large language model” OR ”generative AI” OR ”Gen AI”
OR ”transformer” OR ”GPT” or ”BERT” OR ”Generative Adversarial Network” OR ”GANs” or ”Variational
Autoencoder” OR ”VAE” ) AND ( ”applications” OR ”use cases” OR ”impacts” OR ”effects” ) AND ( ”software”
OR ”software development” OR ”software engineering” ) AND PUBYEAR > 2023 AND PUBYEAR < 2027
AND ( LIMIT-TO ( SUBJAREA , ”COMP” ) ) AND ( LIMIT-TO ( DOCTYPE , ”ar” ) OR LIMIT-TO ( DOCTYPE
, ”cp” ) ) AND ( LIMIT-TO ( LANGUAGE , ”English” ) )

B Prompts used for literature review

B.1 GenAI Copilot
Prompt invoked for Qwen3 version qwen3:8b_q4_K_M (commit 500a1f067a9f)16 using Ollama.
System prompt:
You are a helpful academic assistant. If you include reasoning , enclose it in <

think > tags and give a clear 'Final Answer:' at the end.

User message Q1:
Title: {title}

Abstract: {abstract}

Keywords: {keywords}

Question: Based on title , abstract and keywords provided is there a chance that the

paper discusses the role and/or implications of GenAI or LLMs on the software

development process or lifecycle? Answer only with yes , no , or maybe.

16model card: https://ollama.com/library/qwen3:8b
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User message Q2:

Title: {title}

Abstract: {abstract}

Keywords: {keywords}

Question: Based on title , abstract and keywords provided does the paper utilize

GenAI or LLMs as a tool to support or automate tasks along the software

development process or lifecycle (and not as part of the final software system ,

product , or application)? Answer only with yes or no.

B.2 GenAI Teammate
In the context of GenAI Teammate, no AI model was involved in the analysis of the paper during the Rapid
Literature Review.

B.3 GenAIware
Prompt invoked for LLM Qwen3 version unsloth/Qwen3-4B-Instruct-2507-GGUF17 using the Llama CPP python
library version 0.3.16.

System prompt:

The following is a conversation between a human user and an AI assistant. The

assistant is knowledgeable in several research areas including computer science ,

software engineering and artificial intelligence. In this dialogue , the

assistant answers to the user 's questions and requests straightforwardly and

concisely , providing detailed explanations only when required.

User message Q1:

Based on the following paper metadata (title , abstract , and keywords), assess

whether this paper likely contains relevant information about using Generative

AI (e.g., Large Language Models) as a component or a service of a software

system (and not as a development tool), specifically from a software development

lifecycle perspective.

Answer yes or no depending on whether the paper discusses ways to augment the

software development life cycle when using Generative AI to realise software

functionalities that would otherwise not be available , then explain your

response.

Title: "{TITLE}"

Abstract:

{ABSTRACT}

Keywords: {KEYWORDS}

User message Q2:

17model card: https://huggingface.co/unsloth/Qwen3-4B-Instruct-2507-GGUF
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Based on the following paper metadata (title , abstract , and keywords), assess

whether this paper likely contains relevant information about the design ,

implementation , or architectural considerations deriving from the use of

Generative AI (e.g., Large Language Models) as a component or a service of a

software system , specifically from a software development lifecycle perspective.

Answer yes or no depending on whether the paper discusses ways to augment the

software development life cycle when using Generative AI to realise software

functionalities that would otherwise not be available , then explain your

response.

Title: "{TITLE}"

Abstract:

{ABSTRACT}

Keywords: {KEYWORDS}

B.4 Prompts for GenAI Robots
Prompt invoked for LLM version gemini-2.5-flash via Python code using the Google GenAI Python library version
1.24.0.

<Role > You are a researcher of software engineering that analyses research papers

found via a literature data base search.

<Context > The data provides the title , abstract and keywords of each research paper

that is supposed to cover argentic AI as part of software systems and

applications.

Agentic AI means that part of the system is realized by an AI system or model ,

which (a) operates with a greater degree of autonomy , (b) is capable of

undertaking (human) roles , (c) manages multi -step tasks , (d) proactively

collaborates with human developers or other agents , (c) achieves higher -level

goals.

<Task > Your task is to analyze the paper and provide an answer to the following

research question.

<Output > Answer this question by providing your answers as bullet points. Use the

character '*' as bullets. Only provide the answers , but nothing else , i.e., do

not repeat the given question , your train of thought , or additional background

information.

Before providing the bullet -style answer to the question , give a general assessment

of whether the question can be answered with TRUE or FALSE.
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<Question 1> Does the paper satisfy the following criteria?

(a) The paper utilizes Agentic AI as part of the final software system , product , or

application.

(b) The paper does NOT only focus on using Agentic AI as part of the software

development process.

If both criteria are met , answer with TRUE.

If at least one of the criteria is NOT met , answer with FALSE.

<Question 2> Does the paper discuss the role and/or implications of Agentic AI on

the software development process or lifecycle (such as CI/CD , DevOps , Agile

Development , Scrum , XP, etc.)?

ACM Trans. Softw. Eng. Methodol.
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