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—— Abstract

AT coding assistants are fundamentally reshaping software development by shifting developers’ effort
from writing code toward specifying intent through natural language prompts. In emerging chat-
based development practices such as vibe coding, prompts mediate the transformation of human intent
into executable software. While Requirements Engineering (RE) emphasizes capturing, validating,
and evolving requirements, current prompting practices remain informal and ad hoc. In this vision
paper, we argue that prompts represent lightweight, evolving requirements artifacts that combine
expressions of user needs with varying degrees of solution guidance. We use an existing conceptual
model that decomposes prompts into three interrelated dimensions: Functionality and Quality
(capturing intended system requirements), General Solutions (capturing architectural strategies
and technology choices), and Specific Solutions (capturing implementation-level constraints and
directives). Building on this conceptualization, we formulate four research hypotheses concerning (i)
the evolution of prompts over time, (ii) the influence of user characteristics on prompt evolution,
(iii) the relationship between prompt content and requirements validation and verification activities,
and (iv) the impact of prompt characteristics on requirements and resulting software quality. We
envision an empirical research agenda combining real-world Al-assisted development data, corpus
analysis, and controlled experimentation to investigate these hypotheses and derive evidence-based
practices for requirements-aware prompt engineering. By reframing prompts through the lens of RE,
we position prompting not merely as an interaction mechanism with AT systems, but as a central
software engineering concern requiring systematic study.
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The Prompt Triangle

1 Introduction

Software engineering has been reshaped by Al-assisted chat-based coding systems. Tools like
GitHub Copilot!, Tabnine?, and Codex? enable developers to describe desired functionality,
constraints, or behavior in natural language rather than writing code; the Al the responds with
implementations, design suggestions, or complete components. The quality of these prompts —
their clarity, completeness, and structure—often determines whether the resulting code meets
expectations. Consequently, prompt engineering and requirements engineering now overlap
more than in traditional workflows: developers must think both about what must be built
(requirements) and how to communicate it to the model (prompt). In emerging paradigms
like vibe coding [23] and agentic coding [35, 25], natural language prompts become the
primary artifact bridging human intent and executable software. Unlike traditional workflows
that maintain clear divisions between requirements, design, and implementation, chat-
based development collapses these boundaries: a single prompt encapsulates requirements,
architectural strategy, and implementation constraints simultaneously.

Yet prompts remain informal, ephemeral, and ad hoc. They lack the rigor traditionally
associated with Requirements Engineering (RE). We argue that prompts should be understood
as lightweight, evolving requirement artifacts that blend requirements with solution guidance,
and that systematic prompt engineering represents a new frontier for RE in the age of
generative Al

This paper builds on the existing prompt triangle [6] as an emerging result, a conceptual
model decomposing prompts into three interrelated dimensions: (1) Functionality and
Quality (the requirement), (2) General Solutions (architectural strategy and technology
choices), and (3) Specific Solutions (implementation-level constraints). We validate this
model using the DevGPT dataset [37], position it relative to existing prompt patterns and
RE validation techniques, and formulate four testable hypotheses about prompt evolution,
user characteristics, requirements verification in iterative prompting, and the relationship
between prompt refinement and code quality. Our vision is to establish empirically-informed
best practices for requirements-aware prompt engineering, rejuvenating RE for Al-assisted
development.

2 Chat-based Coding Assistants

AT coding assistants operate in two distinct modes that shape developer interaction fun-
damentally differently. Code completion interfaces work within existing code structures,
assisting with boilerplate, method bodies, and idiomatic patterns where developers provide
the architectural skeleton. Chat-based interfaces enable developers to describe functional-
ity, constraints, and solution strategies in natural language, potentially revamping entire
codebases from a single prompt. There is a rapidly growing body of literature on Al coding
assistants, with new papers posted to arXiv and other repositories without peer review daily.
The peer-reviewed sources are still few and far between and often make no distinctions
between chat-based interfaces to the Al and code completions. However, it is crucial to
make this distinction since they differ significantly in terms of user experience: while code
completion interfaces work within existing code and help the developer implement certain

! https://azure.microsoft.com/en-us/products/github/copilot

2 https://www.tabnine.com/?utm_source=chatgpt.com
3 https://openai.com/codex/?utm_source=chatgpt.com
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boilerplate code, smaller features, or tests, chat interfaces have a much bigger scope and
give the developer the chance to revamp entire code bases with a single prompt. We are
interested in the former setting. Sergeyuk et al. [29], for instance, conducted a study with 481
respondents in which they asked about tasks such as “Implementing new features”, “Writing
tests”, or “Bug triaging”. Depending on whether a code completion interface or a chat
interface is used, the user experience will be quite different. For a code completion interface,
the developer will create a structure for the feature with functions etc. that might have small
pieces of documentation that describes the desired functionality. For a chat interface, the
developer might write a single prompt and include elements of the requirements and the
solution approach as we argue above. This distinction is methodologically critical [2, 32, 29]:
code completion preserves traditional incremental programming, while chat-based prompting
externalizes problem-solving into conversational exchanges where a single prompt conflates
requirements specification, design rationale, validation-verification criteria, and implementa-
tion intent.These are a methodically and cognivitely distinct approaches that should not be
treated the same when asking developers how much they “enjoy” these activities. Conflating
the two modes risks masking key differences in cognitive effort, developer mental models,
and the role of requirements [36]. This paper focuses on chat-based interfaces and their
implications for requirements engineering.

3 Prompts and Requirements

Prompt engineering refers to the practice of carefully crafting and refining prompts to guide
large language models (LLMs) toward producing desired outputs [24, 8]. In the context of
software development, prompt engineering is increasingly seen as a crucial skill for effectively
leveraging chat-based coding assistants. However, while prompts may contain elements
of system requirements or design intent, they are often ad hoc and lack the structure of
formal requirements [2]. Many developers struggle to provide the right level of detail and
to translate requirements into prompts consistently [33]. This raises an important question
for RE: How can the rigor of RE be infused into prompting practices? Viewing
prompts as lightweight but evolving requirement artifacts offers a way to bridge the gap
between informal developer intentions and structured requirements specification [34]. Such
an integration will enhance the reliability of Al-generated solutions and redefine RE practices
in the era of Al-assisted chat-based development.

3.1 A Conceptual Model of Prompts

Recent work has begun to examine the role of prompts in software development and RE [27, 14].
However, understanding prompts as artifacts within Al-assisted development remains an
open challenge. This is particularly relevant in emerging practices such as wvibe coding, where
software is iteratively developed through conversational interactions with Al [20], and agentic
coding, where autonomous Al agents reason about and execute development tasks, guided
by the developer and a large language model (LLM). In such settings, prompts become
the primary medium through which developer intent is communicated and translated into
executable systems. Consequently, prompts increasingly occupy a role that extends beyond
simple instructions and intersects with core concerns of RE, such as requirements elicitation,
specification, and evolution.

To better understand this role, we draw on an existing conceptual model that decomposes
prompts into three interrelated components. The Prompt Triangle (Figure 1) provides a
practical and conceptual lens for structuring prompts and assessing their completeness from
an RE perspective. We posit that most prompts used in chat-based coding contain these
three dimensions implicitly.
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The Prompt Triangle

Functionality and Quality
The requirement that Al needs to translate to a
solution; the qualities the solution needs to have.

General Solution

Information about {\ Specific Solution

how the Al is supposed to U Concrete implementation
solve the problem such as level instructions or
technology to use, constraints relevant to the
architectural patterns, etc. final solution

Figure 1 Prompt Triangle: prompts consist of three interrelated dimensions: Functionality and
Quality, General Solutions, and Specific Solutions. The circular relationship indicates iterative
refinement across development interactions.

The Prompt Triangle consists of three interrelated dimensions. Functionality and Quality
captures intended system behavior and desired quality characteristics, i.e., what the system
should do and how well it should perform, encompassing both functional requirements and
quality requirements such as performance, security, accessibility, reliability, and usability.
General Solutions capture higher-level guidance on how functionality should be realized,
including architectural decisions, preferred technologies, design paradigms, and development
strategies. Specific Solutions represent detailed implementation instructions and constraints
that further narrow the solution space and guide concrete realization. Embedding quality
attributes directly within the functionality description ensures that prompts capture not only
what a system should achieve, but also how well it should achieve it. Whenever possible,
these requirements should be expressed in a measurable way, while guidance on realization
mechanisms remains within the General and Specific Solutions dimensions. Co-locating
quality requirements with functionality stabilizes developer intent and creates a clearer
foundation for validation and verification activities.

Unlike traditional requirements artifacts, which often separate requirements from imple-
mentation concerns, prompts frequently blend these dimensions within a single interaction.
During iterative development, prompts evolve by expressing intent, refining solution strategies,
and constraining implementation details. The circular relationship within the Prompt Tri-
angle represents this continuous refinement process, where movement across components
occurs as developers and Al systems progressively converge toward a desired solution.

As an illustrative example of the Prompt Triangle, consider the following prompt:

Build a React web app that shows the current weather for a given city, and make it fast,
reliable, safe, and accessible. Use server-side rendering; fetch data from OpenWeather. Style
the page cleanly and show city, condition, humidity, wind, and Celsius temperature with an icon.
It should load quickly on a typical phone, show a loading state, retry if the network fails, and
display clear errors. Keep the APl key on the server, avoid logging personal details, and ensure
people can use the app with a keyboard and screen readers with readable colors.

Although the prompt appears as a single instruction, it combines multiple concerns
that can be mapped to the dimensions of the Prompt Triangle. Functionality and Quality
includes the requirement to build a weather application, together with quality characteristics
such as performance, reliability, security, and accessibility (e.g., fast loading, robust error
handling, privacy-preserving logging, and support for keyboard and screen-reader interactions).
General Solutions guide broader implementation decisions, including the use of React, server-
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side rendering, and integration with the OpenWeather API. Finally, Specific Solutions
further constrain implementation through concrete design choices such as displaying weather
attributes (city, humidity, wind, temperature, icons), applying a clean visual style, and
ensuring that API keys remain securely stored on the server.

We believe that this triangular model provides a lens through which we can examine
prompts not just as one-off commands, but as evolving artifacts of requirements
expression, negotiation, and realization which capture the main intentions of the
developer [17]. As prompts are iteratively refined, attention may oscillate between specifying
what is needed (Functionality and Quality), how it should be approached (General Solutions),
and how exactly it should be executed (Specific Solutions). The developer thus incrementally
reshapes the solution space. In this sense, even prompts focused on implementation remain
grounded in a shifting understanding of Functionality and Quality.

Model Validation. Before devising an empirical research agenda around this model, we
conducted an initial assessment of its applicability using a diverse set of prompt examples
drawn from sources on the web and from the DevGPT dataset [37]. Selected examples are
presented in Table 2. In addition, we analyzed a sample of 359 prompts extracted from
DevGPT (~2% of the prompts in DevGPT) and examined the extent to which prompt
content could be mapped to the dimensions of the Prompt Triangle.

To obtain the sample, we randomly extracted initial prompts from conversations contained
in 20230803_095317_commit_sharings. json and 20231012_233628_pr_sharings. json.
We focused exclusively on initial prompts, as the objective at this stage was not to in-
vestigate prompt evolution during interactions, but rather to assess whether the Prompt
Triangle dimensions are observable in standalone prompt formulations. Prompt content
was categorized using Claude Sonnet 4.6 and subsequently reviewed manually to verify
consistency. All prompts and analysis artifacts are available in the replication package [5].

Our analysis shown in Table 1 demonstrates a strong tendency toward structured, multi-
component prompts. Requirements (i.e., Functionality and Quality) appeared in 80.8%
of prompts, establishing them as the foundational element of prompt construction. The
predominant pattern (n = 247, 68.8%) incorporated all three components, indicating that
users frequently provide comprehensive specifications of the solution. General Solutions
(79.7%) are more commonly included than Specific Solutions (69.4%), suggesting that users
prefer constraining the solution while preserving implementation flexibility. Co-occurrence
analysis shows that requirements with at least one solution component accounted for all but
two prompts. This asymmetry supports a way of thinking where specifying intent precedes
the prescription of a solution. The secondary pattern of requirement-plus-general-solution
prompts (n = 39, 10.9%) further supports a two-stage refinement process from “what” to
“how” that may optionally extend to specific implementation details. Around 20% of prompts
were not applicable as they did not relate to coding (e.g., “translate to Spanish”).

3.2 Prompting as a Tool for Requirements Validation and Verification

Requirements Engineering traditionally distinguishes between validation (ensuring we are
building the right thing) and verification (ensuring we are building it right). In the context of
Al-assisted chat-based development, structured prompts offer a novel mechanism to support
both activities. By explicitly articulating Functionality and Quality, General Solutions,
and Specific Solutions, prompts act as evolving artifacts of stakeholder intent and technical
interpretation. Requirement wvalidation occurs as the functionality component is refined in
light of feedback and gradually reconciled with specific solutions, ultimately aligning the
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Table 1 Prompt Component Analysis (N=359).

Component Present

Pattern Req Gen Spec n % % (excl. N/A)
All Three v v v 247  68.8 85.2
Req 4+ Gen v v 39 10.9 13.4
Req + Spec v v 2 0.6 0.7
Gen + Spec v v 0 0 0
Req Only v 2 0.6 0.7
Gen Only v 0 0 0
Spec Only v 0 0 0
Not Applicable 69 19.2 —
Total 290 286 249 359 100 100
(%) (80.8) (79.7) (69.4)

prompt with stakeholder needs. Meanwhile, requirement verification is observable in the
iterative interactions and adjustments between the three prompt components, which mirror
the ongoing process of checking that the system is being built correctly. Thus, prompts not
only guide the Al in code generation, they serve as dynamic roadmaps for both validating
what should be built and verifying how it is implemented.

This bears similarities to classical requirement validation and verification techniques.
Atoum et al’s recent systematic review [1] categorizes these into six approaches. Our method
resembles prototyping, inspection, and testing-oriented techniques.

In terms of validation by inspection, the Functionality and Quality part of the Prompt
Triangle serves a similar role to traditional requirements documents subjected to inspection.
However, there are two distinctions: First of all, rather than discrete review meetings,
the approach enables continuous, Al-mediated inspection through the iterative refinement
between Functionality and Quality and Specific Solutions. The Al acts as an automated
consistency analyzer that surfaces conflicts when it cannot reconcile high-level intent with
implementation details, though the effectiveness of this detection depends on the Al’s
interpretive capabilities and how explicit the formulation in the prompt is. Second of all,
we expect the Functionality and Quality part of a prompt to be much more limited than
a requirements document. An important part of inspections is the relationships between
requirements [21]. We do not expect such relationships to become visible in individual
prompts, but potentially as part of longer conversations.

Prototyping as a requirement validation technique was introduced by Boehm in 1984 [3].
In prototyping, working models of the software are created to validate that requirements
meet stakeholder needs. One of the strengths of the Prompt Triangle is that it separates the
solution components from the Functionality and Quality parts, thus enabling rapid iteration
between Functionality and Quality and multiple solution formulations. Unlike traditional
prototyping, which requires substantial development effort to explore alternative designs, the
Prompt Triangle allows developers to experiment with different approaches in the General
Solutions and Specific Solutions components while holding Functionality constant, generating
executable prototypes within seconds rather than days [4]. When the AI fails to generate
satisfactory code when a Specific Solution is provided, this failure signals either requirement
ambiguity or an incorrect solution approach. Notably, this mechanism also works in reverse:
when the AI successfully generates code that nonetheless fails to meet stakeholder needs
upon review, this reveals gaps in the Functionality and Quality rather than implementation
errors —a form of validation through executable prototyping.
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Table 2 Example prompts with classification of the information contained in them to the components
of the prompt triangle. More examples can be found in the supplementary material [5].

Prompt

Specific Solutions

Write a Python implementation of
merge sort optimized for memory effi-
ciency with time complexity analysis
and error handling for edge cases in-

Functionality and General
Quality Solutions
Sort input values; Use merge
Provide time complex- sort al-

gorithm; Im-
plement in

ity analysis; Handle
error/edge cases; Op-

cluding empty arrays.) timized for memory Python

efficiency
Create a TypeScript function that val- Validate input; RFC Use validateEmail (email:
idates email addresses with the follow- 5322 compliance; Re-  TypeScript string)

ing requirements: Must be RFC 5322
compliant Rejects disposable email
domains Returns detailed error mes-
sages. Example of expected function
signature and usage: function valid-
ateEmail(email: string): { isValid:
boolean; message: string }1)

ject disposable email
domains; Return de-
tailed error messages

I want to enable custom, unobtrusive
update notifications and installs by
customizing SPUUserDriver. Let’s
start by planning the custom UI we’ll
need. We’ll ONLY work on Ul Create
a plan for creating SwiftUI views that
can show the various states that are
required by SPUUserDriver. I think
the best place for these to show up
is in the macOS window titlebars on
the top-right. Create a plan to put it
there. Consult the oracle.?

Enable custom update
notifications; Only UL
work

Put UI in macOS
window titlebars;
Use SwiftUI views

Generate a Python function using
pandas to: Read a CSV file. Drop
null values. Convert a date column
to datetime format. Group data by
category and calculate average values.®)

Read CSV file; Drop Use pandas

null values; Convert library; Im-
date column; Group plement in
data by category; Cal- Python

culate average values

Read with pan-
das.read_ csv

Write a FastAPI endpoint that: Ac-
cepts a POST request with JSON
data ({name: str, age: int}). Val-
idates the input. Returns a success
message with the received data.?)

Use FastAPI
framework;

Validate input; Re-
turn success message

Implement in

Python

Define a POST end-
point; Accept JSON

with {name: str, age:

int}

Create a Python script using Beau-
tifulSoup to: Fetch HTML from ’ex-
ample.com/news’. Extract all head-
lines (h2 tags). Export results to a
JSON file.?)

Fetch HTML; Extract

data from HTML; Ex-

port results to JSON
Python

Use Beautiful-
Soup library;
Implement in

Extract all <h2>
tags

1) https://margabagus.com/prompt-engineering-code-generation-practices/
2) https://mitchellh.com/writing/non-trivial-vibing
3) https://zencoder.ai/blog/vibe-coding-prompts
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In verification via testing-oriented approaches, prompts inherently produce testable
artifacts. By maintaining explicit traceability between Functionality and Quality (what to
test) and Specific Solutions (how it is implemented) within the same artifact, the Prompt
Triangle enables test generation that simultaneously validates stakeholder intent and verifies
implementation correctness. However, the quality of generated tests depends critically on
whether the AT grasps the essential test scenarios implied by Functionality and Quality and
the edge cases introduced by the Specific Solutions. This dual focus is difficult to achieve
when requirements and code exist as separate artifacts. In many cases, developers instruct
Als to generate test cases for each new functionality automatically. Research on automated
test case generation with LLMSs is just emerging (see, e.g., [28]), but combining requirement
and solution approaches in a prompt can help guide the generation towards more targeted
tests of the technical solution.

3.3 Prompt Patterns and Prompt Iterations

Recent studies analyze prompt patterns, but none treat prompts as blends of requirements
and solutions. DiCuffa et al. [11] identify seven patterns, such as persona (“you are”,
“pretend to be”) or recipe (“step-by-step”, “guide”), focusing on structural conventions
rather than semantic content. Siddiq et al. [30] investigate quality issues with developer
prompts, finding they often suffer from ambiguity and insufficient context for producing
high-quality output. While these anti-patterns are complementary to our findings, we believe
the Prompt Triangle can alleviate some of the issues Siddiq et al. identified by making
the prompt components explicit and providing a way to reason about their balance. Della
Porta et al. [10] analyze how prompt patterns affect code quality across three dimensions:
meta-prompting (zero-shot and few-shot), chain-of-thought, and personas. They find no
statistically significant differences between combinations, but like others, do not examine
prompt content systematically. Huang et al. [14] specifically address prompt engineering for
requirements engineering, exploring techniques including multimodal prompting (e.g., UI
mockups) and self-reflection prompts where LLMs provide confidence values. They propose
using generated code to validate requirements, yet do not distinguish between requirement
and solution elements within prompts themselves. Beyond individual prompts, Robino [26]
proposes “conversation routines” to structure extended human-LLM dialogues through system
prompts, applicable to software development contexts. Our prompt triangle provides the
first systematic model decomposing prompts into requirement (Functionality and Quality)
and solution (General, Specific) dimensions, enabling analysis of how these elements evolve
through iterative refinement and therefore significantly goes beyond the state of the art in
terms of analytical powers and the ability to craft high-quality prompts.

4 Hypotheses

The Prompt Triangle decomposes prompts into three complementary dimensions that char-
acterize the information developers communicate when interacting with Al coding assistants:
Functionality and Quality, General Solutions, and Specific Solutions. While this decom-
position helps explain what information is present in prompts, understanding prompts as
requirements artifacts also requires explaining how these components are used throughout
the development process.

As discussed in the previous sections, prompts increasingly resemble evolving software
artifacts that support activities traditionally associated with Requirements Engineering (RE).
Following established RE practice [22], we distinguish between three fundamental activities:
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validation, concerned with ensuring that the right system is being built; verification, concerned
with ensuring that the system is built correctly; and solution generation, concerned with
exploring and realizing implementation alternatives. While the Prompt Triangle captures the
semantic structure of prompt content, these RE activities characterize the role such content
plays during development interactions.

Reflecting on the relationships between Prompt Triangle components and RE activities
raises several questions concerning how prompts evolve, how developers compose them, and
how prompt composition may influence resulting software quality. Based on the conceptual
arguments developed throughout this paper and prior observations of iterative Al-assisted
development [2, 6], we formulate the following hypotheses:

H1 (Prompt Evolution) During iterative Al-assisted development, prompt content gradu-
ally shifts from emphasizing Functionality and Quality toward increasingly detailed
General Solutions and Specific Solutions information.

H2 (Developer-specific Prompt Composition) The composition of Prompt Triangle com-
ponents differs according to developer characteristics, such as programming experience
and domain familiarity. In particular, developers with greater experience are expected to
provide proportionally more Specific Solutions information.

H3 (Prompt Components and RE Activities) Prompt Triangle components are associated
with different RE activities. Specifically, Functionality and Quality information
is expected to occur more frequently during validation-oriented interactions, whereas
Specific Solutions information is expected to occur more frequently during verification-
oriented interactions.

H4 (Prompt Alignment and Development Outcomes) Al-assisted development interac-
tions exhibiting stronger alignment between Prompt Triangle components and their
corresponding RE activities are expected to produce higher software quality outcomes.

Together, these hypotheses define an empirical research agenda for studying prompts as
evolving requirements artifacts. H1 and H2 focus on understanding how prompt composition
emerges and changes across interactions and users, whereas H3 and H4 investigate whether
these structures influence development processes and software outcomes.

5 Discussion

The power of chat-based interfaces is most obvious in vibe coding. Meske et al. [20]
define vibe coding as the culmination of a historical process of intent mediation: “the level
of abstraction required to implement solutions has evolved from hardware manipulation
through conceptual modeling to prompting, shifting the mediation of developer intent
from deterministic instruction to probabilistic inference.” To guide this inference, “goal-
oriented intent expression” via prompts is necessary. Crucially, Meske et al. consider actual
implementation details irrelevant. However, in the chat-based coding prompts we have
studied, solution details as captured in the Prompt Triangle are almost always present.
This discrepancy suggests either that current practice remains anchored to solution-
level control due to developer trust issues or LLM limitations, or that Meske et al’s vision
represents an idealized future state not yet achievable. Our Prompt Triangle embraces this
reality by explicitly accommodating solution guidance alongside functional intent, rather
than treating solution details as impurities to eliminate. As LLMs mature, we hypothesize
the relative weight of Specific Solutions may decrease, but the tripartite structure will remain
relevant as developers will always need some architectural control. Our work on H1 and H2
will identify how developers evolve prompts during their work, while H3 and H4 will reveal
how requirements and solutions co-evolve and whether this strategy benefits code quality.
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Taking this further, OpenAl’s Sean Grove proposes that prompts become executable
specifications, arguing future programmers will write elaborate specifications that generative
Als turn into complex programs?. Counter-arguments exist: executable specifications
have long existed [13, 12] but have arguably failed to achieve large-scale adoption, and
making specifications fully executable constitutes programming itself. Moreover, unlike
formal programming languages, natural language is ambiguous. Jackson considers this
ambiguity a strength rather than weakness for natural language reasoning in Al [15]. LLMs
arguably realize his vision by connecting natural language to vector space concepts. However,
Jackson envisioned reasoning Als, not code generators: the ability to “understand the
world” via natural language does not directly translate to reproducibly creating programs
fulfilling user needs. Much requirements engineering work addresses disambiguating unclear
requirements [16].

Our work addresses this conflict directly: we study how requirements are captured in
prompts with all their ambiguity and how engineers constrain generation by providing
solution approaches. We believe prompt requirements must evolve through disambiguation
and scaffolding. H1 and H3 will illuminate this process, while H4 will reveal the impact on
code quality when validation and disambiguation happen early.

The tool landscape further validates our premise that prompts are not merely transient
instructions but increasingly function as software engineering artifacts. For example, Kiro®
promises to turn “your prompt into clear requirements, system design, and discrete tasks.”
Here, prompts come first and requirements follow, suggesting that the requirements are already
embedded within the prompt alongside implementation guidance, architectural decisions,
and domain knowledge. Kiro’s value proposition is therefore not creating requirements from
scratch, but extracting, structuring, and disambiguating the information that already exists
within the prompt. This pattern is not unique to Kiro. Modern Al-assisted development
environments such as GitHub Copilot Chat, Claude Code, and OpenCode also preserve
conversational context and support reusable prompt artifacts in the form of prompt files,
skills, or similar templates. In these systems, prompts are often iteratively refined, versioned,
and shared among team members, resembling traditional software artifacts such as design
documents or user stories. For instance, developers frequently maintain prompt libraries that
encode architectural constraints [19, 18] (e.g., “generate a REST API following hexagonal
architecture with Spring Boot”), testing strategies (e.g., “write unit tests using Mockito with
clear separation of concerns”), or organizational coding standards. This observation aligns
with recent research that explicitly frames prompts as software engineering artifacts and
argues that prompt engineering can be informed by requirements engineering principles [33].
In that view, a prompt is not just a query to a model; it is a specification vehicle that
captures intent, constraints, quality expectations, and contextual assumptions.

Another compelling argument lies in the role of prompts as boundary objects between
stakeholders. In collaborative settings, prompts often encode both user intent and technical
constraints, effectively bridging the gap between domain experts and developers [31]. For
example, a product manager might articulate a feature through a structured prompt that
includes user goals, edge cases, and acceptance criteria, which is then directly consumed
by an Al system to generate implementation scaffolding. In this sense, prompts blur the
distinction between requirements specification and implementation, collapsing phases of the
traditional software lifecycle.

4 https://www.youtube.com/watch?v=8rABuKRsec4
5 https://kiro.dev/
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Table 3 Comparison of data collection methods.

Method Data Type Strengths Limitations
Controlled Structured, Complete metadata, ground truth Limited scale, potential
Experiments curated requirements, comparable tasks observer effects
Community Real-world, Authentic usage, varied contexts, Incomplete metadata,
Uploads diverse scalable self-selection bias
Public Mining  Opportunistic =~ No recruitment overhead, naturally = Sparse, variable quality
shared
Controlled Experiments Community Uploads Public Mining
N = 30 developers n > 150 conversations > 200 conversations
4 coding tasks Voluntary IDE exports GitHub, Reddit, Blogs
Chat logs, code, recordings Demographics + context DevGPT and social platforms

!

Unified Processing Pipeline
Format normalization — Quality checks — PII removal — Annotation

1

Prompt Analysis
Prompt Triangle coding
(F&Q, General Solutions, Specific Solutions)
RE activity coding + metadata

1

Hypothesis Testing
H1: Prompt evolution

H2: User characteristics
H3: RE activity alignment
H4: Temporal alignment and quality

Figure 2 Overview of the mixed-method study design. Three complementary data sources (con-
trolled experiments, community-sourced uploads, and publicly mined conversations) are integrated
through a unified processing and annotation pipeline to investigate the proposed hypotheses.

These observations support a reconceptualization of prompts as structured, information-
rich artifacts that encapsulate requirements, design intent, and domain knowledge.

6 Plans for Empirical Validation

We intend to employ a multi-method data collection strategy to construct a comprehensive
corpus of developer—Al interactions. Our approach combines three complementary sources of
data: (i) controlled experiments, (ii) community-sourced prompt exports, and (iii) mining of
publicly available datasets. Figure 2 shows the complete vision for this study. It is described
in more detail in a registered report [7].

Our triangulated design balances internal and ecological validity through three com-
plementary data sources. Following Colnet et al. [9], who review methods for combining
randomized trials and observational studies, our controlled experiment (n = 30) provides
unconfounded causal estimates with full quality measures, while community uploads (target
n > 150) and mined public datasets assess generalizability through observational data.
Confirmatory hypothesis testing (H1-H4) is based on controlled experiment data; community
uploads serve as co-primary replication data for H2 and supplementary validation for H1
and H3; mined datasets serve an explicitly exploratory role for pattern characterization only.
Table 3 summarizes the collection approaches and their contributions to the corpus.
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7 Conclusion

With chat-based development becoming more common, the role of software developers
is starting to change. Instead of spending most of their time writing code line by line,
developers are increasingly focused on thinking about how to communicate with Al systems.
In many cases, writing a good prompt has become just as important as writing good code.
These prompts are no longer simple instructions, they combine high-level requirements,
design decisions, implementation hints, and constraints into a single artifact. Because
of this, prompts deserve to be treated as first-class software engineering artifacts rather
than temporary inputs to an Al tool. The Prompt Triangle provides a structured lens
to characterize prompt content, enabling the analysis of prompt composition, evolution,
and its relationship to requirements engineering activities and software outcomes. Based
on this perspective, we formulate hypotheses on prompt evolution, developer strategies,
and software quality. Looking ahead, we see this work as only the beginning. The ideas
presented here raise several interesting questions about how developers refine prompts, how
prompting strategies change throughout a development task, and how prompt evolution
compares to the evolution of traditional software artifacts such as requirements and design
documents. Future work will investigate these hypotheses to derive evidence-based practices
and tool support for requirements-aware prompt engineering. Ultimately, we hope this
will lead to practical guidelines, evidence-based prompting strategies, and tools that help
developers create prompts that better capture software requirements and support high-quality
Al-assisted development.

Data Availability Statement

The following materials are available in the supplementary material [5]: (1) a small set of
prompts from sources on the web that were manually classified; (2) a set of 359 prompts
randomly extracted from the DevGPT dataset and classified by Claude Sonnet 4.6; (3) a set
of scripts to extract, classify, and visualize prompts from DevGPT.
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