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Abstract

Requirements elicitation from meetings is an expensive, manual,
and error-prone activity, in which practitioners must simultane-
ously participate in the discussion and record it as formal artifacts.
This work proposes a multi-agent system, based on generative artifi-
cial intelligence, that automates this process end to end, transform-
ing meeting audio into structured requirements documentation.
The architecture comprises four specialized agents responsible for
automatic audio transcription, persona identification and user story
generation following the INVEST criteria, requirements document
generation in two selectable formats (the IEEE 830 standard and a
client-specific format), and domain diagram synthesis; the agents
communicate through a file-based sequential pipeline that provides
loose coupling, fault isolation, and entry-point flexibility. The sys-
tem was validated on a real government software project, using a
manually produced official requirements document as ground truth.
The quantitative evaluation covers transcription accuracy (WER
of 6.3%), system-actor identification (F1 of 0.96) and the INVEST
conformance of the generated stories (52.5% on the AMI corpus
and 66.7% on the real domain), coverage against the official docu-
ment (72.7%), and error propagation and cost across the pipeline,
processing a nearly 100-minute meeting in about 11 minutes at a
cost of US$ 0.72.

Keywords

Requirements Engineering, Multi-Agent Systems, Generative Al,
Speech-to-Text, User Stories, Agentic Systems

1 Introduction

Requirements engineering (RE) is a fundamental phase of software
development, bridging stakeholder needs and technical implemen-
tation. In most organizations, requirements are gathered through
meetings facilitated by specialized professionals—requirements ana-
lysts, product owners, or scrum masters—whose role is to accurately
capture complex, evolving discussions and transform them into for-
mal artifacts [3]. This manual workflow introduces well-known
risks: information loss caused by memory decay between the meet-
ing and the documentation step, cognitive overload on the analyst
who must simultaneously participate and record, and inconsistency
in granularity and format across the resulting artifacts. Because
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requirements documents serve as the foundation for every sub-
sequent development decision, poor or incomplete specifications
translate directly into misaligned implementations, rework, and
cost overruns.

Commercial meeting intelligence tools—such as Fellow.ai [6],
Jamie [10], and Otter.ai—automate transcription and action-item
extraction but produce general-purpose notes rather than formal
software requirements artifacts. The translation from meeting dis-
cussion to a structured Software Requirements Specification (SRS)
remains a manual, expertise-intensive step. In the academic litera-
ture, studies applying Large Language Models (LLMs) to RE address
predominantly isolated subtasks: user story generation from exist-
ing textual requirements [5], conceptual model extraction [20], or
requirements classification; few works explore complete end-to-end
pipelines from raw meeting audio to stakeholder-specific, formally
structured documentation [15].

This work addresses the gap through a multi-agent architecture
in which four specialized agents collaborate to transform meeting
audio into requirements documentation. Decomposing the pipeline
into agents—rather than a single monolithic LLM prompt—provides
concrete engineering advantages: separation of concerns, so each
agent evolves independently; entry-point flexibility, letting users
join the pipeline at any stage; per-agent model selection, matching
LLM capability and cost to task complexity; and observable error
propagation, making it possible to trace how transcription errors
cascade downstream—a first-class engineering concern in agentic
systems.

Initial experiments with Agents 1 and 2—conducted as part of
this research—demonstrated the viability of persona identification
and INVEST-compliant story generation. This paper extends that
implementation to its complete form, adding Agents 3 and 4 for
document generation and domain diagram synthesis, introducing
two selectable output formats (IEEE 830 SRS and a client-specific
format), and conducting real-world validation on actual software
projects. It also replaces the preliminary qualitative evaluation with
a quantitative harness covering transcription accuracy, extraction
metrics, coverage against an official document, and error propaga-
tion analysis.

1.1 Research Questions

This paper addresses the following research questions:
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RQ1. What is the automatic transcription accuracy (WER/CER) of
Agent 1 for Portuguese meeting audio?

RQ2. How accurately does Agent 2 identify stakeholder personas
and generate user stories (Precision/Recall/F1, INVEST com-
pliance)?

RQ3. How completely does the generated document cover a man-
ually produced official requirements specification (cover-
age/Recall)?

RQ4. How do errors propagate across pipeline stages, and how
does per-agent model selection affect the cost—quality trade-
off?

1.2 Main Contributions

This work contributes: a complete, open-source 4-agent system for
end-to-end requirements elicitation from meeting audio, supporting
two document formats (IEEE 830 SRS and a client-specific format);
real-world validation on a government software project against
a manually produced official requirements document as ground
truth; a quantitative evaluation covering WER/CER (Agent 1), Pre-
cision/Recall/F1 with inter-rater agreement via Cohen’s kappa
(Agent 2), and document coverage (Agent 3); and a structured em-
pirical analysis of cross-agent error propagation, with per-stage
latency, API cost, and the residual human correction the pipeline
still requires.

The remainder of this paper is organized as follows. Section 2
reviews related work on LLMs in RE, automated user story gen-
eration, and multi-agent systems. Section 3 presents the system
architecture and the real-world case study. Section 4 describes the
evaluation design. Section 5 reports results and discussion. Sec-
tion 6 addresses threats to validity. Section 7 concludes with future
work.

2 Related Work

2.1 Large Language Models in Requirements
Engineering

The application of Large Language Models to requirements engi-
neering has attracted growing interest [9]. Motger et al. [15] con-
ducted a systematic mapping study identifying 62 publicly available
datasets for LLM-based RE research, finding that only 2 address
elicitation tasks and that 58 of 62 are English-only—a scarcity that
directly motivates Portuguese-language validation such as that
presented here.

Regarding artifact generation, Delgado et al. [5] compared N-
gram heuristics with GPT-3 for user story generation from existing
textual specifications (ROUGE-N = 0.46, BERTScore = 0.69 for the
LLM). Ren et al. [20] showed that Chain-of-Thought prompting
enables LLMs to extract conceptual class diagrams from user stories,
and Naimi et al. [16] generated descriptive use case text from UML
diagrams encoded as XML. Collectively, these works demonstrate
LLM viability for generating RE artifacts, but share a common
prerequisite: structured textual input. None addresses the extraction
of requirements from unstructured meeting audio.
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2.2 Speech Recognition for Meeting
Transcription

Automated speech recognition (ASR) is the enabling technology for
audio-based requirements elicitation. Radford et al. [19] introduced
Whisper, a large-scale weakly supervised model demonstrating ro-
bust multilingual transcription across diverse acoustic conditions,
including non-native speakers and background noise—characteristics
common in real stakeholder meetings. Kasakowskij and Haake [12]
developed T3 Talk2Text, a near-real-time ASR system that captures
full-group transcripts of virtual meetings for downstream analysis.

Despite these advances, ASR in requirements elicitation meet-
ings faces domain-specific challenges: technical vocabulary, over-
lapping speech, and project-specific acronyms that general-purpose
models may transcribe incorrectly. Such errors do not remain iso-
lated—they propagate to downstream agents, a failure mode we
analyze empirically as RQ4.

2.3 User Story Quality and the INVEST
Framework

User stories are the predominant requirements artifact in agile de-
velopment, following the format “As a role, I want goal so that bene-
fit” [13]. Wake [21] proposed the INVEST heuristics—Independent,
Negotiable, Valuable, Estimable, Small, Testable—as six criteria for
assessing whether a user story is actionable and well-scoped.

Lucassen et al. [13] formalized the Quality User Story (QUS)
framework comprising 13 criteria covering syntax, semantics, and
pragmatics, and introduced AQUSA, an NLP-based tool that detects
quality defects. Evaluated on 1,023 stories from 18 software organi-
zations, AQUSA demonstrates the feasibility of automated quality
assessment but requires manually written stories as input. Xu et
al. [22] combined INVEST with a seven-criteria model to automate
quality evaluation in agile pipelines. Our work extends this thread
by generating user stories from meeting audio and evaluating them
against INVEST using an LLM-judge protocol validated against
human raters.

2.4 Multi-Agent Systems for Software
Engineering

Multi-agent architectures have emerged as a productive paradigm

for automating complex software engineering tasks. ChatDev [18]

showed that specialized LLM agents can collaborate through struc-

tured dialogue across design, coding, and testing phases, and MetaGPT [8]

encoded Standardized Operating Procedures into prompt sequences,
assigning SE roles—product manager, architect, engineer, QA—to
distinct agents. Luo et al. [14] applied an agentic pipeline to repository-
level code documentation, surpassing human-authored baselines.
A recent survey by Cai et al. [4] of 94 papers on LLM-based multi-
agent systems for SE tasks found Role-Based Cooperation to be the
most commonly adopted design pattern—the same pattern under-
lying our pipeline.

The closest work to ours is MARE [11], a multi-agent collabo-
ration framework for the entire RE process. MARE decomposes
RE into four tasks (elicitation, modeling, verification, specification)
across five specialized agents, outperforming state-of-the-art RE
baselines by up to 15.4% in F1. However, MARE operates from
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1 audio / video file

Agent 1 — Transcription
Groq whisper-large-v3-turbo - faster-whisper fallback

transcription (.txt)

Agent 2 — Persona Identification & User Stories
Claude haiku-4-5

personas + user stories (.json)

Agent 3 — Requirements Document Generator
Claude sonnet-4-6 - IEEE 830 | Enterprise format

requirements document (.md + .pdf)

Agent 4 — Domain Diagram Synthesis
Claude sonnet-4-6 - PlantUML via kroki.io - IEEE 830 only

1 final unified document

Figure 1: Four-agent pipeline. Agents communicate via a
shared file system monitored by watchdog. Agent 4 is skipped
in enterprise-format runs.

a textual rough idea provided by a human and simulates elicita-
tion through agent-to-agent dialogue; it does not process meeting
audio and therefore cannot be deployed in a post-meeting, fully
automated scenario. Our system addresses precisely this gap.

2.5 Identified Gaps

Four gaps emerge from the reviewed literature. First, no audio-
to-SRS pipeline exists: commercial tools [6, 10] produce general-
purpose meeting notes rather than formal RE artifacts, and LLM-
based RE systems such as MARE [11] consume structured text, not
raw conversational audio. Second, prior LLM work on RE targets
isolated subtasks—user story generation [5], use case descrip-
tion [16], conceptual modeling [20]—without integrating transcrip-
tion, persona identification, and document generation into a single
pipeline. Third, real-world validation is scarce: most studies use
synthetic or controlled corpora, and few evaluate against a manually
produced official requirements document from an actual project.
Fourth, error propagation across agents is acknowledged but
never empirically measured. This paper addresses all four through
a 4-agent pipeline validated on real software projects with quanti-
tative measurement of cross-agent error propagation.

3 Method

3.1 System Overview and Architecture

The proposed system comprises four specialized agents connected
through a file-based sequential pipeline, as illustrated in Figure 1.
Each agent monitors the output directory of its predecessor using
the watchdog library and triggers processing automatically on each
new file, giving loose coupling between stages, fault isolation, and
auditable intermediate artifacts. Users may join the pipeline at any
stage—supplying raw audio, an existing transcription, or a prior
analysis JSON—reusing results across runs.

The pipeline supports two selectable output formats, chosen
once per run: IEEE 830, the standard Software Requirements Speci-
fication structure used throughout this research; and Enterprise, a
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client-specific document layout requested by the industrial partner
(Section 3.4). In enterprise runs, Agent 4 is skipped, as the client for-
mat does not include domain diagrams. The format affects only the
document template and some agent prompts; all upstream stages
(transcription, persona identification, user story generation) are
format-agnostic.

3.2 Agent Design

3.2.1 Agent 1 — Meeting Transcription. Agent 1 accepts any audio
or video file and produces a plain-text transcription. Processing
begins with ffmpeg normalization to a 16 kHz mono FLAC file,
reducing size while preserving transcription-relevant signal; if the
result exceeds the Groq API size limit, it is split at silence boundaries
into chunks, each transcribed independently and merged into a
single output.

Transcription is performed by Groq running whisper-large-
v3-turbo [7, 19], chosen for its combination of high multilingual
accuracy and low latency via hardware-accelerated inference. If
the Groq API is unavailable, the agent falls back automatically
to faster-whisper running the small model locally [17], trading

accuracy for offline availability.
3.2.2 Agent 2 — Persona ldentification and User Story Extraction.

Agent 2 reads the transcription and executes two sequential LLM
calls using Claude haiku-4-5 [2]. The first call identifies distinct
stakeholder personas present in the conversation, extracting for
each: name or identifier, role, defining characteristics, and represen-
tative dialogue excerpts. The second call generates persona-specific
user stories following the INVEST criteria [21] in the format “As
a [persona], I want [goal] so that [benefit].” Decomposing identifi-
cation and generation into two calls reduces context interference
and improves output structure. Results are saved as a typed JSON

document that serves as the contract between Agents 2 and 3.
3.2.3 Agent 3 — Requirements Document Generation. Agent 3 reads

the JSON produced by Agent 2 and generates a requirements docu-
ment using Claude sonnet-4-6 with Jinja2 templates. In IEEE 830
mode, the output follows the standard SRS structure (introduction,
general description, stakeholders, functional requirements, user
stories table). In enterprise mode, it follows the client layout (func-
tional features, detailed functional requirements with comments,
business rules, use cases, non-functional requirements). The docu-
ment is rendered to Markdown and then to PDF via WeasyPrint,
using CSS Paged Media for table of contents with automatic page

numbers.
3.24 Agent 4 — Domain Diagram Synthesis. Agent 4, active only in

IEEE 830 runs, reads the Agent 3 document and the original Agent 2
JSON and uses Claude sonnet-4-6 to extract domain entities and
their relationships. The resulting PlantUML class diagram is ren-
dered to PNG via the kroki.io public API and embedded in a final
unified document consolidating all previous sections.

3.3 Model Selection Strategy

Model selection per agent reflects an explicit cost—quality trade-
off. Agent 2 performs structured extraction with a well-defined
output schema (typed JSON); the task is repetitive and runs on every
meeting, making cost-per-call a primary concern—hence the use of
the lighter haiku-4-5 model. Agents 3 and 4 perform open-ended
synthesis and document generation requiring stronger reasoning
and language fluency; sonnet-4-6 is used for both. Agent 1 uses
a dedicated ASR model (Whisper) rather than a general-purpose
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LLM, as speech recognition is a specialized task for which Whisper
achieves substantially better accuracy and speed.

3.4 Real-World Case Study

To validate the system in an authentic setting, we established a
partnership with the technology team of a Brazilian public sector
agency. The team provided a recorded stakeholder meeting and a
manually produced official requirements document for the same
system, which serves as ground truth for evaluation (RQ3-RQ4).

The meeting involved 10 participants and ran for 1 hour,
37 minutes, and 47 seconds, conducted entirely in Brazilian Por-
tuguese. The subject was the redesign of a budget balance man-
agement module in a government financial planning system. The
raw video file (609 MB) was processed end-to-end by the pipeline:
ffmpeg normalization, silence-based chunking, Groq transcription,
persona identification, and enterprise-format document generation.

The enterprise format was adopted at the partner’s request, as the
organization does not use IEEE 830 internally—the requirement that
motivated the dual-format architecture. The generated document
and the official gold standard are compared in Section 4.

4 Evaluation Setup

The evaluation is organized around the four research questions,
each associated with an agent or the pipeline as a whole. Four data
sources support it: the AMI corpus [1] (seven annotated meet-
ings, for RQ2); a Portuguese audio corpus (Mozilla Common
Voice, for RQ1); the real-world case study (the recorded meet-
ing and official document of Section 3.4, for RQ3-RQ4); a second
real case (a meeting transcript from a software company, an ad-
ditional RQ2 case); and a third real case, an internal meeting of
a software company on a centralized authentication and access-
control microservice, whose generated document was reviewed by
a practitioner and adopted as the company’s internal requirements
specification (RQ4).

RQ1 (transcription). We measure the Word Error Rate (WER)
and Character Error Rate (CER) of the produced transcription
against a reference, over the Portuguese audio corpus, and report
the Real-Time Factor (RTF); we compare Groq transcription with a
local faster-whisper run. Reference and hypothesis are normalized
(lowercased, punctuation removed, spelled-out numbers converted
to digits) before scoring. RQ2 (extraction). Persona identification
is evaluated via Precision, Recall, and F1 against a reference set of
system actors. User story quality is measured by the conformance
rate to the six INVEST criteria using an LLM-as-judge protocol.
As automatic assessment is sensitive to the judge model, we com-
pare two judges (a light model and a reasoning model) and adopt
the latter as reference, validating it by blind manual annotation;
agreement between the reference judge and the human annotator
is quantified with Cohen’s kappa. RQ3 (coverage). We compare
the generated document with the manually produced official doc-
ument through an item-by-item matching of requirements; the
central metric is Recall (coverage) per requirement category. RQ4
(error propagation and cost). Error propagation is analyzed as a
qualitative case study tracing how a transcription error manifests
downstream; we additionally measure per-stage processing time
and estimated API cost, and characterize, in the third real case,
the corrections a practitioner still had to apply to the generated
document before adopting it.
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Table 1: Transcription accuracy (corpus-level WER/CER) and
mean RTF of Agent 1, over 200 Portuguese Common Voice
clips.

Engine Samples WER CER RTF
Groq (whisper-large-v3-turbo) 200 6.3% 23% 091
Local (faster-whisper, small) 200 13.5% 4.9% 0.56

5 Results and Discussion

5.1 RQ1 — Transcription Accuracy

Table 1 reports corpus-level WER/CER and mean RTF over 200 Por-
tuguese Common Voice clips. Groq (whisper-large-v3-turbo)
achieved a WER of 6.3% and CER of 2.3%, on par with the Whis-
per state of the art for Portuguese; 76% of clips were transcribed
with no error, and the remaining errors are mostly phonetic. The
local engine’s WER was more than double (13.5%), evidencing the
accuracy-availability trade-off. Both engines ran with RTF be-
low 1.0. One caveat applies: Common Voice is read speech in short
clips, so this WER underestimates the difficulty of real meetings
(overlapping speech, noise, and the domain vocabulary whose fail-
ure mode we trace in Section 5.4).

5.2 RQ2 — Persona Identification and User
Stories

Persona identification. Comparing the identified roles to refer-
ence roles, micro-averaged over the seven AMI meetings, Agent 2
achieved Precision of 1.00, Recall of 0.92, and F1 of 0.96: it
introduces no spurious actors and recovers most discussed actors,
missing only lightly emphasized profiles.

INVEST conformance. The quality of the 122 generated stories
was assessed by conformance to the six INVEST criteria via an
LLM-as-judge protocol; a story is conformant if it satisfies all six si-
multaneously. Conformance proved highly sensitive to the judge
model: evaluating the same set with a light judge (haiku-4-5)
and a reasoning judge (sonnet-4-6, with more detailed instruc-
tions), global conformance rose from 5.9% to 52.5% (Table 2). In-
specting the disagreements revealed that the light judge system-
atically underrated Estimable, Small, and Testable; we therefore
adopt sonnet-4-6 as the reference judge. Under it, AMI stories
are mostly valuable (98.4%) and independent (100%), with non-
conformances concentrated on granularity—confirming Small as
the predominant failure mode. A blind manual annotation of 25
stories yielded close global rates (60% human vs. 48% judge) but
story-by-story agreement of Cohen’s k = 0.13; the divergence con-
centrates on the testability of aesthetic requirements—“appealing
design” is valuable but admits no objective acceptance criterion—a
conceptual and defensible divergence rather than annotation noise.

Conformance in the real domain. AMI consists of design
meetings for a consumer product, which favor aspirational stories.
Applying the same protocol to the 24 government-partner stories,
conformance rises to 66.7%, with 100% of stories testable and valu-
able (Table 2). Requirements of a real corporate system are concrete
and verifiable by construction—a story about querying the available
balance by action, expense group, and funding source has an ob-
jective acceptance criterion, unlike the aesthetic stories of the AMI
domain. Blind human validation of these 24 stories reinforces this:
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Table 2: INVEST conformance by domain, under the refer-
ence judge (sonnet-4-6): AMI (122 stories), the government
partner (24), and a software company (20). The light-judge
column (haiku-4-5) is shown only for AMI, evidencing judge
sensitivity.

Criterion AMI AMI Gov. Company
(light) (ref) (ref) (ref.)
Independent 76.3%  100.0% 87.5% 60.0%
Negotiable 90.7%  82.0%  87.5% 100.0%
Valuable 96.6% 98.4%  100.0% 100.0%
Estimable 17.8% 73.8% 95.8% 15.0%
Small 21.2% 77.9% 87.5% 20.0%
Testable 16.1% 77.9%  100.0% 15.0%

Conformant 5.9% 52.5% 66.7% 15.0%

Table 3: Coverage (Recall) of the generated document against
the official one (gold standard) in the comparable scope
(item 2.1).

Category Covered Total Recall
Functional requirements 2 5 40.0%
Business rules 3 3 100.0%
Use cases 3 3 100.0%
Overall 8 11 72.7%

k = 0.31 (fair agreement), more than double AMI’s, with observed
agreement rising from 56% to 75%. A qualitative observation is
also worth noting: some generated stories are semantically close
but describe the same capability for distinct actors (e.g., the bal-
ance query requested by the Budget Manager and by the Balance
Consultant); this is not redundancy but the correct granularity of
a user story, always written from a single actor’s viewpoint—an
observation that reverses one level up, where the same interaction
reproduced once per actor is redundancy between use cases (Sec-
tion 5.4). The software company case, a platform-planning session
closer to epics, scored only 15.0%, reinforcing that INVEST quality
depends heavily on the granularity of the source-meeting discourse.

5.3 RQ3 — Coverage Against the Official
Document

We compared the generated document (enterprise format) with the
partner’s official document, produced manually and adopted as gold
standard. A caveat precedes the comparison: the official document
details only one item of the project (the Balance Maintenance
screen, item 2.1) whereas the meeting covers items 2.1 to 2.7, so
coverage is restricted to that comparable scope. Within it, both
documents identified the same core points, including a highly spe-
cific detail—the flag for including a balance with a zeroed value or
without appropriation—evidencing precise extraction. Recall from
the item-by-item matching is reported in Table 3.

Overall coverage was 72.7%, with 100% on business rules and
use cases. The apparently low functional-requirements coverage

SE4AS 2026, September 8, 2026, Sao Paulo, SP, Brazil

(40%) deserves scrutiny: the three uncovered requirements are all of
the “delete screen X” type, screen-manipulation operations whose
capture would require perceiving what was displayed on screen
during the meeting—a visual input the current audio-only ar-
chitecture does not process. This is not an extraction failure but a
modality limitation of the input: excluding those three, coverage
of the functional content discussable by voice approaches 100%.
The system faithfully recovers the spoken content, and the gaps
concentrate on what exists only visually—mitigable in future work
with multimodal input.

5.4 RQ4 — Error Propagation and Per-Agent
Cost

In a sequential pipeline, an early error can propagate to all sub-
sequent artifacts. While processing the partner meeting, Agent 1
transcribed the acronym “IPOF” as “HIPOF” in several passages.
The behavior was subtle: in an earlier run, with Agent 3 on a lighter
model, the incorrect term survived to the final document; with
Agent 3 on the reasoning model (sonnet-4-6), the downstream
agents corrected the acronym from context. The first agent’s ac-
curacy (RQ1) thus conditions the potential quality of the whole
pipeline, but capable intermediate agents act as a mitigation layer.

To assess practical feasibility, Table 4 reports per-stage time and
estimated API cost over the real meeting. The pipeline processed
the nearly 1 h 40 min meeting in about 11 minutes (677 s) at
a cost of US$0.72. Transcription reached an RTF of about 0.018
(roughly 55x faster than real time) at a cost of US$ 0.065. Cost and
time concentrate on Agent 3 (82% of the cost and 74% of the time),
which justifies the model-selection strategy: the light model for
Agent 2’s repetitive extraction and the more expensive reasoning
model reserved for document generation.

Residual human effort. Coverage and cost say nothing about
the correction the pipeline still demands. In the third real case,
the generated document (47 pages) was read end to end by a prac-
titioner on that project, who annotated every correction judged
necessary; an Al assistant then applied the wording as instructed,
so the human effort lies in reading and deciding, not in editing.
Nine corrections were raised over 71 numbered items and applied
in three rounds; the document was adopted as the company’s inter-
nal specification the next day, shrinking from 47 to 30 pages and
from 18 to 11 use cases while its business rules grew from 26 to
34—review made it more precise, not merely shorter. The causes
matter more than the count. Three corrections were unreachable
from the audio: a component the team dropped after the meet-
ing, and two requirements presupposing knowledge of the existing
system inventory. The agent was faithful to what was said—fidelity
to the transcript is not validity at delivery time, and no gain in
transcription or extraction would close this gap. Two more resolved
a genuine ambiguity in Portuguese (“login tnico” denotes both a
unified credential and a single session, and the agent consistently
chose the stronger reading), one supplied a missing requirement,
one removed redundancy inherent to per-persona generation, one
split a meeting covering two subjects, and one was a rendering de-
fect. Only the last two are defects the architecture can fix unaided,;
the rest indicate that the realistic target is a reviewed draft, not a
final document.
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Table 4: Processing time and estimated API cost per agent,
over the partner meeting (enterprise format; Agent 4 not
executed).

Agent Model Time (s) Cost (US$)
1 (Transcription) whisper-large-v3-turbo 107 0.065
2 (Identification) claude-haiku-4-5 71 0.063
3 (Document) claude-sonnet-4-6 499 0.593
Total - 677 0.721

6 Threats to Validity

Construct. INVEST conformance is a subjective construct: it is
sensitive to the judge model (5.9% vs. 52.5%), and human-judge
agreement on AMI was only slight (k = 0.13), mainly due to diver-
gence on the testability of aesthetic requirements. This is mitigated
with a more capable judge, explicit instructions, and blind human
validation in both domains. Internal. INVEST scoring and require-
ment matching (RQ3), when done by a single annotator, are subject
to bias; this is mitigated, in RQ2, with a second rater and Cohen’s
kappa. The post-editing analysis of the third case rests on a single,
non-blind reviewer who is an author of this paper, so no « is re-
portable for it; its nine corrections count what one reader flagged
in one pass over 71 items, not an exhaustive defect rate, and review
time was not instrumented—only elapsed calendar time is reported.
External. The validation rests on three real cases and the AMI
corpus; results do not automatically generalize to all domains and
languages, and only the first case has an official document, limiting
RQ3 to a single domain. Conclusion. Given the small number of
meetings, we avoid conclusions beyond what the data support.

7 Conclusion and Future Work

This paper proposed and evaluated a generative-Al multi-agent
system that automates requirements elicitation end to end, trans-
forming meeting audio into structured requirements documentation
with two selectable output formats. The quantitative results support
its feasibility: a WER of 6.3% for Portuguese (RQ1); an F1 of 0.96 for
actor identification with INVEST conformance of 52.5% (AMI) and
66.7% (real domain) (RQ2); 72.7% coverage of the official document
in the comparable scope, with gaps restricted to interface details
absent from the audio (RQ3); and a nearly 1 h 40 min meeting pro-
cessed in about 11 minutes for US$ 0.72, with evidence that capable
intermediate agents mitigate error propagation and that the realistic
target is a reviewed draft rather than a final document (RQ4). The
main limitations are the three real cases (only one with an official
reference document), the subjectivity of INVEST conformance, and
the interface details the audio does not carry. As future work, we
intend to broaden the validation with more meetings and official
reference documents; mitigate error propagation with dedicated
handling of technical vocabulary and verification steps between
agents; segment multi-topic meetings into separate documents; in-
corporate multimodal input (screens and prototypes); and add a
human-in-the-loop review over the intermediate artifacts.

Artifact Availability
The source code, evaluation scripts, and generated artifacts pro-

duced in this research are publicly available in an open repository
(https://github.com/gabrielsfg/PFC1) under the MIT License.
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