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Abstract

Large language models (LLMs) have advanced from one-shot code
generation to agents that iteratively interact with development en-
vironments. Their evaluation, however, remains detached from how
software is delivered in companies: dominant benchmarks measure
isolated, self-contained tasks, and most multi-agent frameworks
operate in greenfield scenarios, disconnected from the repositories,
review processes, staging environments and people that constitute
a real delivery flow. This short paper proposes a role-based multi-
agent architecture, with Product, Architect, Engineer, Reviewer and
QA agents, that covers the flow end-to-end from requirement refine-
ment to staging validation. It uses the version-control platform itself
as the communication and traceability medium, advances through
staged validation gates, and keeps humans reachable at every step
through a team manifest. Our main contribution is an agentic soft-
ware development life cycle grounded in a survey of LLM-based
agent approaches relevant to corporate delivery (multi-agent frame-
works, benchmarks, requirements refinement and quality assur-
ance), together with an evaluation protocol based on real issues
from production repositories and centered on acceptance-criteria
coverage.
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1 Introduction

The use of Large Language Models (LLMs) in the Software Devel-
opment Life Cycle (SDLC) is rapidly transforming with Agentic
SDLC (ASDLC) featuring human-AI cooperation [17]. An LLM acts
as an agent when it interacts with an environment, taking actions
iteratively and receiving feedback through an interface to the envi-
ronment (e.g. search, file navigation) to resolve real issues [26]. In
that context, the use of multiple agents over a single one presents
improved results. Approaches range from agents organized in a
waterfall-style pipeline communicating in natural language to work
division among specialized roles [14]. Cooperation between human
and Al remains an important aspect throughout this process, with
humans kept in the loop to supervise, steer and validate agent
work, as surveys of LLM-based agents for software engineering
consistently report [15].

Despite this progress, there is a persistent mismatch between
what these systems are evaluated on and how SDLC operates in a
corporate environment. Evaluation is typically dominated by iso-
lated, self-contained tasks, and even benchmarks built from real
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repositories frame the solution as an isolated patch, a gap between
benchmark performance and real-world software engineering work-
flows documented in recent surveys of LLM code generation [7].
Unlike a lab-like, controlled environment, corporate software deliv-
ery presents a complex cycle that contains a product and a strategy
[21]. That is precisely the part these benchmark-centric evaluations
lack. In that light, a feature is not a patch: it is part of a workflow
that involves written requirements, refinements and user stories, ac-
ceptance criteria, planning and implementation against an existing
codebase, followed by review and tests before a release. Humans
are accountable at each step [1] due to the financial aspects of the
outcome, as enterprise studies of Al coding assistants underscore
the productivity, quality and security stakes at play [16].

This short paper presents a research proposal for a role-based
multi-agent architecture that covers the delivery flow end-to-end,
from requirement refinement to validation in the context of a cor-
poration with a real product. Human-Al collaboration is conducted
through a version-control platform, keeping humans accountable
and in the loop. Our main contribution is the proposal of an AS-
DLC, to be evaluated in a corporate SDLC context, grounded in a
survey of LLM-based agent approaches relevant to this goal. We
present this literature evidence on LLM-based agents in the SDLC,
highlighting the use of role-based, multi-agent approaches in a de-
livery contextualized not in a laboratory setup, but in the challeng-
ing environment of a corporation whose product has an audience,
requirements, planning, implementation, and testing. Finally, we
propose an evaluation of our approach.

2 LLM-Based Agents for Software Development

Using LLM agents to automate software maintenance and improve-
ment is itself an active research direction [24]. The works presented
in this section summarize different ASDLC approaches, how they
are evaluated and how they diverge from, or fall short of, a corporate
setup.

2.1 Multi-Agent Frameworks

Qian et al. [19] propose ChatDev, which simulates a software com-
pany in which agents communicate exclusively in natural language,
following a waterfall model where one phase of the process hap-
pens at a time. The evaluation reveals recurring failures such as
unimplemented methods and missing imports, which are resolved
through repeated development, review and test interactions, de-
fects that static analysis could catch before review. Hong et al. [9]
propose MetaGPT, which takes the opposite stance on communica-
tion: instead of free-form dialogue, it encodes Standard Operating
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Procedures, requiring each role to produce structured outputs (e.g.,
a Product Requirements Document) consumed by the next role
through a shared message pool. It was evaluated on HumanEval,
the Mostly Basic Python Problems (MBPP) and SoftwareDev datasets
using executability, cost and the number of human interventions
required.

Yang et al. [29] propose SWE-agent, a single-agent framework
that contributes the key idea of the agent-computer interface: purpose-
built commands for searching, reading and editing files designed to
use the context window efficiently. It reports %Resolved (pass@1)
and average dollar cost per instance, with a $4 budget limit per task,
an early acknowledgment that cost is a first-class metric for agents.

Underneath such systems sit general-purpose orchestration frame-
works, e.g. AutoGen [27], CrewAl [6] and LangGraph [13], which
supply conversation patterns, role abstractions and graph-structured
control flow. They are deliberately domain-agnostic: they define
how agents talk and hand off, not which roles a delivery flow needs,
which artifacts it produces or where a human must sign off. Our
proposal is scoped to that missing layer and could be implemented
on any of them.

2.2 Benchmarks and Their Limits

Chen et al. [4] established the dominant evaluation paradigm with
HumanEval: 164 hand-written programming problems checked by
unit tests, with correctness measured by pass@k, but they remain
isolated functions. Jimenez et al. [10] propose SWE-bench, moving
to 2,294 tasks extracted from real pull requests in 12 Python reposi-
tories: given a repository and an issue, the model must produce a
patch that makes the original test suite pass. Performance is very
low (GPT-4 resolved ~1.7% of tasks with retrieval), showing that
understanding large real codebases, localizing changes across files
and reasoning about side effects are fundamentally harder than
completing functions.

Xu et al. [28] propose TheAgentCompany, which evaluates agents
on 175 professional tasks in a self-hosted simulated company with
GitLab, an issue tracker, chat and simulated colleagues. Beyond bi-
nary success, it scores partial completion through weighted check-
points, which localize where in a long-horizon flow the agent fails.
The best agent fully completed 24.0% of tasks (34.4% partial score),
with communication as the main bottleneck and a documented
tendency to fabricate shortcuts when stuck. Han et al. [8] propose
SWE-Skills-Bench, a requirement-oriented design in which each task
carries explicit acceptance criteria, and each criterion is converted
into a deterministic test, so progress is traceable to requirements
without relying on an LLM judge. Its paired with/without-skill
comparison found a mean gain of only +1.2% and no correlation
between added context (token cost) and accuracy.

2.3 Requirements and Acceptance Criteria

Zhang et al. [30] apply two agents, a Product Owner and a Require-
ments Engineer, to improve user stories in a real industrial setting
(Austrian Post, six agile teams). The agents improved clarity, com-
pleteness and business value on INVEST-based criteria, but several
stories became too long for practical use, and human validation,
particularly by the PO, remains necessary to avoid scope creep.
Quattrocchi et al. [20] compared 10 LLMs against students and an
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expert ground truth on user-story generation: LLMs achieved better
coverage of the central requirements but markedly lower diversity,
and when given an explicit evaluation codebook they assessed story
quality with high human agreement (x = 0.87): LLMs are good first-
draft generators, and explicit criteria make LLM-based assessment
reliable.

For acceptance criteria specifically, Wang et al. [25] propose
RAGcceptance M2RE, which uses multimodal retrieval-augmented
generation, drawing textual and visual context from the actual
project, to generate Gherkin-format criteria, raising accuracy by
over 20 percentage points versus a no-RAG baseline in an industrial
system. Rawson and Reddivari [22] address the same grounding
problem without RAG: they inject multi-level codebase summaries
and the relevant requirements into the prompt, observing that
without such context the model invents criteria or targets the wrong
use case. The consistent finding is that acceptance criteria are only
as good as the project context provided, and that Gherkin gives
them a direct bridge to testing.

2.4 Quality Assurance by Agents

Chevrot et al. [5] investigate converting Autonomous Web Agents
into Autonomous Test Agents (ATA), an important distinction: an
end-to-end test must follow prescribed steps and evaluate asser-
tions, while a generic web agent only needs to reach a goal. Their
PinATA design splits the tester into orchestrator, actor and asser-
tor sub-agents. Almeyda Alania et al. [2] orchestrate two LLMs to
transform backlog user stories into executable tests, injecting the
frozen database schema to anchor generation in real data. They
report an 80% reduction in test-design effort and a 91.9% pass rate,
but concede that this “functional correctness” measures whether
scripts execute, not whether they detect faults. At a different level,
Kohl et al. [11] adapt the test pyramid to agents through structural
testing, using OpenTelemetry traces, mocked LLM responses and
assertions over observed behavior, covering the “are we building
the product right?” question that acceptance-level evaluations skip.

3 Human-in-the-Loop and Corporate Adoption

The previously mentioned works automate individual functions.
A smaller set examines what happens when agents are deployed
inside a company. Takerngsaksiri et al. [23] propose HULA, de-
ployed at Atlassian to resolve Jira work items, keeping engineers in
control of planning and coding stages and reviews of every output,
resolving 31% of SWE-bench Verified issues as a guardrail metric.
Evaluating such systems is itself a challenge directly relevant to
our design: unit-test-based correctness is binary, expensive and
hard to scale, while LLM-as-judge fluctuates enough to mask small
improvements, leaving a methodological gap between the two. Ban-
dara et al. [3] propose Agentsway, a development methodology de-
signed for agent-based teams (planning, prompting, coding, testing
and fine-tuning agents with the human as orchestrator), including
privacy-preserving fine-tuning with local LLMs after each devel-
opment cycle. Its evaluation, however, covers only the planning
and prompting agents via Likert-scale ratings. On the adaptation
question, Pornprasit and Tantithamthavorn [18] study LLM-based
code review automation and find that fine-tuning is the strongest
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strategy when enough data exists, while few-shot prompting is the
best cold-start option.

Taken together, the surveyed works automate isolated roles, eval-
uate on synthetic or simulated environments, and only partially
address human collaboration. We are not alone in targeting the cor-
porate setting: HULA [23] keeps humans in control of an end-to-end
Jira-to-pull-request flow, Agentsway [3] redesigns the development
methodology around agents, and Konda [12] proposes Konda, a
role-based multi-agent architecture spanning requirements, testing
and deployment. What distinguishes our proposal is the combina-
tion of three choices that none of them make together: it uses the
version-control platform itself as the communication and traceabil-
ity medium rather than a dedicated bus, it covers the full span from
requirement refinement to staging validation under one set of roles,
and it makes human escalation explicit through a team manifest.
Konda, the closest work, is evaluated on benchmark datasets and
synthetic microservices and frames deployment as release and roll-
back operations, whereas we ground every step in real issues from
production repositories and center the flow on code review and
pull-request semantics.

4 Proposal for a Role-Based Multi-Agent
Delivery Flow

We propose a multi-agent architecture that mirrors a real develop-
ment team, illustrated in Fig. 1. The pipeline is composed of five
specialized agents, i.e. Product, Architect, Engineer, Reviewer
and QA, which operate on the company’s existing infrastructure.
The five roles are not arbitrary: each covers one function that the
surveyed literature automates in isolation, i.e. requirements refine-
ment (Section 2.3), planning and code understanding (Section 2.2),
implementation (Section 2.1), review (Section 3) and quality assur-
ance (Section 2.4), and each mirrors a function a corporate delivery
team already staffs. The decomposition therefore follows the role
division already adopted by agent teams [3, 12, 14] and by industry
practice, rather than an invented taxonomy. Throughout the stages,
agents conduct the work with human cooperation when needed,

guided by the following profiles:

(1) Product refines a raw issue into a user story with accep-
tance criteria in Gherkin format, grounded in project context
(Section 2.3 shows that ungrounded criteria are generic or
wrong, and that explicit criteria enable reliable downstream
evaluation).

(2) Architect researches before coding: it explores the reposi-
tory, related code and existing external solutions to produce
an implementation plan, addressing the code-understanding
bottleneck that SWE-bench exposes (Section 2.2).

(3) Engineer implements the plan and validates locally in stages:
static analysis and linting first, then execution in a devel-
opment environment. The static-analysis gate is a direct
response to the failure modes ChatDev resolves expensively
through review rounds (Section 2.1): deterministic checks
run before any LLM-based review, saving tokens and itera-
tions.

(4) Reviewer examines the pull request against the implementa-
tion plan and the acceptance criteria, posting change requests

VEM 2026, September 11, 2026, Sao Paulo, SP, Brazil

as review comments on the pull request itself. Because de-
terministic checks already ran in the Engineer’s stage, the
Reviewer is freed to focus on semantic and design issues
(plan conformance, side effects, project conventions) rather
than the mechanical defects that consume review rounds
in ChatDev (Section 2.1). Following the code-review find-
ings (Section 3), it uses few-shot prompting at cold start.
Final merge approval remains with a human, consistent with
HULA’s human-control principle (Section 3).

(5) QA converts each acceptance criterion into a deterministic
test, including browser-automated end-to-end tests executed
against a staging deployment, following the requirement-
to-test traceability of SWE-Skills-Bench and the assertion-
centric ATA design (Sections 2.2, 2.4).

Communication and traceability between agents and humans
are based on GitHub, a version-control platform, via issues, pull
requests, comments and code or text files. It allows humans and
agents to interact in the same context, which seamlessly incor-
porates the addition or removal of members (human or Al). The
handoff artifacts produced by each stage in the pipeline, such as user
stories, acceptance criteria, implementation plans, pull requests and
review comments, are versioned, structured and human-readable
objects. For instance, acceptance criteria are written in Gherkin in
an issue body, and implementation plans are markdown files in the
repository docs folder. That approach ensures native traceability
and evolution of the artifacts produced, preserving the discipline
of structured handoffs mentioned by previous work instead of free-
form content, and lets humans participate at every stage by editing
the artifacts, commenting or judging the work.

Finally, the communication among team members in our pro-
posed role-based architecture is routed via a team manifest that is
always available to all. It contains one entry per member, i.e. human
or agent, detailing their name, GitHub handle and specialization.
For instance, entries can be tech lead(s), project owner(s) and QA
engineer(s) who can be mentioned in specific situations. During
development, for instance, an agent can reach a tech lead when
an architectural decision is unclear, or the project owner when a
requirement is ambiguous. Since artifacts and collaborators are all
mentionable, social handoffs become explicit and traceable across
every stage, addressing a failure point identified in previous work
[28]. Additionally, agent executions are instrumented with traces
(Section 2.4) so failures and progress can be localized within the
workflow.

The validation of each phase is staged, so each phase only ad-
vances when the previous one is satisfied. The flow admits return
cycles when a condition is not properly met. For instance, a change
request from the Reviewer or a defect found by QA during testing
reopens the Engineer’s implementation step.

4.1 Evaluation Plan

We deliberately avoid external synthetic benchmarks, since the
object of study is the delivery pipeline itself. The architecture will
be evaluated on real issues from at least two production reposito-
ries of distinct domains, for example, calendar and file-manager
modules of a commercial SaaS. Evaluation will be performed under
two protocols. The retrospective protocol evaluates re-submission
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Figure 1: Role-based multi-agent delivery flow. Five agents (blue) hand off versioned artifacts (issues, pull requests and review
comments) through the version-control platform itself, giving native traceability. Work advances through staged validation
gates (dashed) only when the previous one passes, and dashed red cycles return it to the Engineer on a review change request or
a staging defect. Humans are reachable at every step through a team manifest, and the final merge approval stays with a human.

of already-resolved issues compared against the recorded human
implementation, while the prospective protocol follows current,
never-before-resolved issues end-to-end. The retrospective proto-
col can be run at scale, since the issues are already resolved.

Due to the complexity of a corporate environment, we do not
use coarse success or failure labels. Instead, we measure each run
along several axes. They include the number of times the work
loops through the stages, review and test cycle, how much of the
acceptance criteria it satisfies, the token cost, the wall-clock time,
and a final human rating of how well the delivered work fulfills the
task. The central, fine-grained metric is acceptance-criteria coverage:
each criterion produced by the Product agent becomes a determin-
istic test, and coverage is reported in bands, e.g. 90-100%, 70-89%,
50-69% and below 50%, so progress is legible without relying on
binary test suites (success/failure) or unstable LLM judges. To keep
this metric from rewarding criteria the system itself made too easy,
the criteria will be first validated by a human technical reviewer
who will score them from 0 to 10. Only criteria that pass this human
check count toward coverage, and in the retrospective protocol the
recorded human resolution provides a further reference for what
they should have required.

4.2 Expected Obstacles

Real issues in a corporate environment tend to be noisier than
benchmark tasks, because descriptions are incomplete and accep-
tance criteria may be wrong. As a consequence, part of the flow’s
quality depends on the Product agent and the associated human
review. A cost and cycle limit per issue must be enforced, as agent
loops can consume unbounded tokens (Sections 2.1, 2.2). We there-
fore bound any return cycle between two agents at ten exchanges
per issue: a change request that is still unsatisfied at that point
is escalated to the human role named for it in the team manifest
instead of looping silently, and the issue is recorded with the cov-
erage it achieved rather than discarded, since its interactions still

provide investigation material. Running on the version-control plat-
form also exposes the flow to API rate limits, since agents read and
write far more often than humans do. We mitigate this by batching
calls, backing off exponentially on throttling responses and caching
repository reads within a run, and we count API calls as a measured
cost alongside tokens. Finally, results on our internal repositories
may not generalize across companies due to size, team dynamics,
business market and so on. The contribution we aim for is the
architecture and the results of the evaluation protocol, with our
deployment as evidence of feasibility. A fuller treatment of these
limitations is left to the future full paper.

5 Conclusion and Future Work

This short paper proposes a role-based multi-agent architecture
(Product, Architect, Engineer, Reviewer and QA) for corporate
software delivery, grounded in a survey of LLM-based agent ap-
proaches, that communicates through the version-control platform,
validates in stages and keeps humans reachable at every step. Our
proposed evaluation, based on real issues and acceptance-criteria
coverage, will be conducted in a corporate scenario rather than the
lab-like setups where previous building blocks were tested, aiming
for a traceable, human-supervised delivery flow with integrated
human-AI collaboration on real infrastructure. As future work, we
plan to run a pilot with the Engineer and QA pair on a single
repository, operationalize the handoff artifacts (user story, plan,
pull request, test report) and instrument the internal benchmark,
before extending the flow to the full five-role architecture.

Artifact Availability

This paper contributes an architectural proposal and its evaluation
design, with no implementation yet, so no research artifact accom-
panies it. The agent prompts, the team-manifest schema and the
evaluation package will be released with the full paper that reports
the results of the protocol described in Section 4.
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