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Abstract— Requirements engineering remains a fundamental yet
time-consuming activity for aerospace and other complex systems,
where large project documents define mission- and safety-critical
specifications. Traditional approaches are challenged by the scale,
heterogeneity, and ambiguity of such documents, making it difficult
to ensure traceability, consistency, and completeness. This paper
introduces a human-in-the-loop requirements analysis pipeline that
automates requirement extraction, classification, and verification
for aerospace project documentation. The tool employs a hy-
brid architecture: a document-agnostic, Large Language Model
(LLM)-assisted parser induces regex-based rules to extract require-
ment blocks into a normalized database, while subsequent analysis
pipelines evaluate the requirements from complementary perspec-
tives. The structural pipeline identifies redundancy, traceability
gaps, and document coverage issues; the semantic/logic pipeline
leverages LLMs to assess ambiguity, conflicts, and requirement
clarity. A human-in-the-loop review process validates and refines
outputs for reliability in aerospace contexts. While the system is
designed for on-premises execution to satisfy export-control and
privacy constraints, our experiments were conducted with cloud-
hosted LLMs pending local deployment. An initial evaluation on a
synthetic European Cooperation for Space Standardization (ECSS)-
style corpus representative of spacecraft project documents demon-
strates the feasibility of the approach, with strong performance
in structured extraction and classification, and clear insights into
current limitations of semantic reasoning. Across 225 requirements,
leading models achieve Balanced Accuracy (BAcc) of 0.70-0.80 and
we have 3% parse errors. The architecture provides a foundation for
integration with formal modeling workflows and future verification
tasks.
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1. INTRODUCTION

Aerospace projects capture mission- and safety-critical be-
havior in large System Requirement Documents (SRDs)
and subsystem Technical Requirement Documents (TRDs).
Scale, many authors, and frequent revisions make clarity,
non-redundancy, and end-to-end traceability hard to sustain.
Ambiguities or duplicated intent can persist unnoticed and
surface late, where fixes are costly [1].

Industrial practice relies on requirements management (RM)
platforms such as IBM DOORS/DOORS Next, Jama Con-
nect, and Siemens Polarion ALM to author, version, base-
line, and link requirements artifacts. In parallel, model-
based systems engineering (MBSE) environments such as
Eclipse Capella (Arcadia) capture the system architecture
and behavior, typically integrating with RM tools via Re-
qIF/OSLC for traceability. These platforms are effective
for governance and change control, but they still depend on
manual authoring and review; they offer limited assistance for
detecting ambiguity or reasoning across multiple documents
and subsystems [2-6]. Research in Natural Language Pro-
cessing (NLP) and Machine Learning (ML) shows promising
point solutions: Bidirectional encoder representations from
transformers (BERT) models can classify requirement types,
and LLM-assisted methods can extract entities and relations
to build requirement knowledge graphs [7, 8]. Yet aerospace
prose is long and heterogeneous, jargon is domain-specific,
and cross-document dependencies are often implicit. Auto-
mated ambiguity checkers tend to achieve high recall but low
precision on real specifications, conflict identification typi-
cally needs structured formalisms or search, and SRD+>TRD
trace links are still created and maintained largely by hand [9—
11]. In addition, because requirements may include propri-
etary and export-controlled content, many projects mandate
on-premises (or Virtual Private Cloud (VPC)-isolated, no-
retention) model inference for privacy and compliance; our
design therefore targets an on-premises execution path, with
cloud-hosted LLMs used only for prototyping and ablation
studies.

To address these gaps, this paper contributes a human-in-the-
loop pipeline that complements existing RM/MBSE work-
flows rather than replacing them. First, an LLM-assisted
regex/template generator induces document-agnostic parsing
rules and converts heterogeneous SRDs/TRDs into a normal-
ized requirements database [12]. Second, a structural analysis
path detects redundancy, coverage gaps, and SRD<TRD
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Figure 1: Software architecture for requirement management using LLMs

traceability issues. Third, a semantic and logic path uses
LLMs to flag ambiguity and testability concerns [13]. Ex-
pert supervision closes the loop: reviewers validate outputs,
correct edge cases, and feedback improvements to rules and
prompts so results remain reliable and auditable in aerospace
contexts.

The paper is organized as follows. Section 2 details the
software architecture, including LLM-driven rule induction,
the structural pipeline (Requirement ID (ReqID) duplicates,
SRD++TRD traceability), the semantic/logic pipeline (se-
mantic similarity, ambiguity, testability), and human-in-the-
loop components. Section 3 details the dataset and evaluation
protocol (SRD and subsystem TRDs, expert/LLM labels, a
gold set with inter-rater «, and extraction/task-level metrics
including precision/recall/F; and confusion matrices). Sec-
tion 4 presents experiments and results (pipeline runs, model
comparisons) and key findings, and Section 5 presents the
conclusion.

2. SOFTWARE ARCHITECTURE
Overview

Figure 1 summarizes the end-to-end pipeline. Requirement
documents enter a parser where a small sample from each
document is used to induce regex-style rules with an LLM;
these rules are then applied to parse all documents into
normalized requirement blocks stored in a project database.
On this foundation, two analysis lanes run in parallel: a
structural lane that checks redundancy, coverage, and cross-
document traceability, and a semantic/logic lane that analyse
semantic duplication and uses LLMs to assess ambiguity and
testability. A human-in-the-loop review validates findings,
edit the database and feeds back improvements to rules and
prompts.

Why not a full LLM pipeline?— We initially experimented
with an end-to-end LLM design in which the model parsed
entire documents, managed cross-document traceability, and
performed semantic audits. This proved impractical: (i) re-
quirement documents are long and heterogeneous, so prompts
quickly exceeded feasible context windows, (ii) processing
times and costs scaled poorly with large inputs, and (iii)

hallucination rates increased as prompts grew and spanned
multiple documents. We also tried a lightweight Retrieval-
Augmented Generation (RAG) over indexed requirement
blocks; in practice, the retrieval windows still missed nec-
essary cross-document context, and stitching many pas-
sages reintroduced long prompts without improving relia-
bility. Project-specific fine-tuning on the document set was
deemed costly (data curation, training, and validation) with
no guaranteed improvement in grounding or output quality,
and would need repeating for each new project.

We therefore adopt a hybrid architecture. LLMs are used
only where their strengths are clear: (a) rule induction from
small representative samples, where a profile is synthesized
once and then frozen into deterministic regex-style rules;
and (b) focused semantic audits on short, localized snippets
with only the necessary context. All high-volume structural
tasks run with explicit, versioned algorithms. This division
keeps parsing reproducible and deterministic at scale while
applying LLM judgment only where language understanding
is essential.

Implementation note: the pipeline is implemented in Python
as modular jobs; parsed data are stored in a local SQLite
repository with a lightweight embedding index for semantic
search; batch runs execute via a Command-line interface
(CLI) with report exports; LLM components are invoked
through a cloud Application Programming Interface(API);
and a small Graphical User Interface (GUI) provides inter-
active visualization and review.

LLM-driven rule induction

We handle all requirement files as PDF documents;
the pipeline does not assume access to native sources
(Word/LaTeX) and always starts from PDFs. Heteroge-
neous requirement-document styles make fixed parsers brit-
tle—page headers, numbering schemes, and field labels vary
by subsystem—so hand-written rules do not transfer well. To
stay document-agnostic, we induce parsing rules per docu-
ment family with a short, repeatable procedure.

Sampling and peek JSON— For each PDF, a lightweight
prober extracts a compact “peek”: table-of-contents cues,
a few representative pages, and simple signals (ID-like to-



kens, label-like lines, and normative verbs such as shall/-
must/should) as provided in the Appendix 5 (Listing 1). This
peek is serialized as JSON and serves as the only input to the
rule synthesizer.

Rule synthesis with an LLM—A structured prompt requests
a strict JSON “regex profile” that specifies: the require-
ment ID family, header and inline ID regexes, separators, a
canonical field set with label patterns, a statement detector
(shall/must/should), and optional helpers (e.g., decorative
labels, verification tokens) as provided in Appendix 5 (List-
ings 2). The LLM returns this profile as JSON; no free text
is accepted. We then compile the regex profile and validate it
(rejecting unsafe or incomplete patterns) before use.

Parsing and normalization—Using the compiled profile, the
full document set is parsed into normalized requirement
blocks. Each block stores at least: ReqlD, the requirement
statement, section/Table of Content (ToC) path, optional
parent link, and any extracted metadata (labels, verification
hints). The blocks are written to a project database and
become the single source of truth for downstream analysis.

Because rules are induced from local evidence, the same
pipeline adapts across subsystems without hard-coded lay-
outs. Analysts review early parses, fix edge cases, and
feedback corrections to the prompt or label maps. This keeps
the parser precise while preserving portability. The following
subsections build on this foundation: the structural pipeline
uses the normalized blocks to check redundancy, and cross-
document traceability; the semantic/logic pipeline applies
LLM checks for ambiguity and testability.

Structural analysis pipeline

The structural pipeline runs deterministic checks over the
requirements repository produced by the parser. It does not
interpret meaning; instead, it verifies identifier uniqueness,
referential integrity, and cross-document coverage.

Duplicate identifiers—The pipeline reads requirement identi-
fiers (ReqIDs) directly from the database and groups identical
values across all documents. Any identifier that appears more
than once—within the same document or across different
documents—is reported as a duplicate for review.

A “duplicate ReqID” means multiple parsed rows with the
same ReqID header; ReqID strings found in Trace/Mother
REQ or inline are modeled as references, not counted as
duplicates.

Traceability builder—For each subsystem requirement, the
pipeline looks for a cited parent—typically the “Mother
REQ” or equivalent reference to a system requirement. When
the cited parent exists in the repository, a link is created from
the TRD-Req to the SRD-Req and if a non existant parent is
cited, the TRD-Req is flagged as a dangling reference. If no
parent is cited at all, the TRD-Req is flagged as missing trace
(by policy, every TRD-Req should trace to an SRD-Req) [1].

Coverage and orphans—Using the built links, the pipeline
computes coverage in both directions. SRD-Req with no
incoming links are flagged as uncovered. TRD-Req without
a valid SRD link are flagged as orphans. The tool aggregates
these results into per-document and per-section summaries to
guide reviews.

Semantic/logic analysis pipeline

This pipeline inspects each requirement’s text to surface
meaning-level issues that typically require engineering judg-
ment. It can be run on a whole document or scoped to
a selected requirement. The checks are independent and
complementary: (i) an LLM-based ambiguity and clarity
audit, (ii) testability and verification, (iii) semantic duplicate
detection using embeddings, and (iv) a class audit that tests
whether requirements are filed under the right sections.

Ambiguity audit— We use a structured prompt (see Ap-
pendix 5, Listing 3) that applies a compact taxonomy and
returns machine-readable labels with a one-sentence ratio-
nale. The taxonomy covers: vague quantifiers (e.g., “as soon
as possible,” “sufficient”), missing bounds (no numeric lim-
its or conditions), underspecified conditions (when/if/while
not defined), modality clarity (use of non-binding modal
verbs where the intended enforceability is unclear), passive
phrasing, and unresolved placeholders : values marked To
Be Determined (TBD)/ To Be Confirmed (TBC), indicating
immaturity of the requirement).

For modality, we follow common requirements style: shall
denotes a mandatory requirement; should denotes a rec-
ommendation. We therefore do not flag should when a
statement is clearly intended as a recommendation. We only
flag modality clarity when a sentence otherwise reads like
a binding requirement but uses non-binding language that
makes enforceability unclear.

The model is constrained to judge only the given requirement
text and to return: (a) zero or more ambiguity tags, (b) a
short rationale, (c) the exact phrase span that triggered the
tag, and (d) a confidence score. Results (see Appendix 35,
Listing 4) are designed for triage, not automation; reviewers
accept, edit, or dismiss each flag.

Testability audit—The model judges whether a requirement
is testable as written and gives a brief rationale. When
—Analysis, Test, Review, Inspection —(A/T/R/I) tags are
present, it checks consistency with the statement and flags im-
plausible assignments (e.g., marked “A” although acceptance
hinges on a controlled test, or marked “T” for pure document
conformance). A requirement is considered testable when
it yields an objective pass/fail—through explicit numeric
bounds, a referenced test procedure, or a binary artifact that
can be verified by review or inspection. It is not testable when
verification would require adding measurable limits or condi-
tions or when a placeholder (TBD/TBC) gates acceptance.
Unlike the ambiguity audit, this check targets verifiability
rather than phrasing; for non-testable cases, the tool proposes
a minimal rewrite to make acceptance objectively checkable,
and reviewers confirm or amend the verdict.

Semantic duplicate detection (embeddings)— To reveal du-
plicated intent expressed with different wording, each re-
quirement statement is embedded into a vector space using
the BAAI/bge-m3 model. We compute cosine similarity be-
tween pairs and surface candidates whose similarity exceeds
a threshold 7qyp:

s(ig) = e

= flag if s(7,7) > .
Teal Tey o iF 8(6:3) 2 Taup

Candidate pairs are clustered into duplicate groups for review.
We choose bge-m3 for its strong retrieval/Semantic Textual
Similarity (STS) performance and practical fit to technical
specifications: long-context inputs (up to ~8k tokens) and



a unified design supporting dense, sparse, and multi-vector
retrieval; here we use its dense embeddings for cosine-based
detection while retaining a path to lexical or multi-vector
modes if needed [14, 15].

Section audit (TOC-kNN)—We derive a lightweight topic
map from each document’s table of contents by embedding
section titles (and brief blurbs) and comparing each re-
quirement’s embedding to section embeddings via k-nearest
neighbors (k-NN). If the assigned section is not among the
top-k matches or its similarity falls below 7yecion, We flag
suspect placement. This component is excluded from eval-
uation because it is not yet mature; a correct end-to-end
workflow depends on the standards-aware, cross-document
improvements planned in Section. 5.

Workflow and outputs—Each check produces a small, au-
ditable record (labels, spans, scores, and one-line rationales).
A reviewer queue groups findings by type and severity:
Ambiguity, Not testable, Duplicate candidates, and Suspect
placement. Quantitative performance for ambiguity and testa-
bility is reported in the next sections using precision/recall
and confusion matrices; duplicate and class-audit findings are
summarized as candidate sets with reviewer outcomes.

Human-in-the-loop

After the automated checks, the tool provides a compact
review workspace where reviewers can inspect findings, edit
requirement text or metadata, and adjudicate cases (accept,
revise, or dismiss). Typical actions include fixing a cited
parent, merging or splitting duplicate groups, adjusting am-
biguity/testability labels, and relocating a requirement to the
correct section. Every decision is stored as a structured
annotation with rationale, creating an auditable trail and a
reusable “gold” dataset. Accepted edits update the reposi-
tory, derived artifacts are then recomputed from the updated
database—links are rebuilt, coverage and orphan reports re-
freshed.

3. EVALUATION AND METRICS
Dataset creation

Corpus.— We use a synthetic mission rather than a real
project. Space-project requirements are typically proprietary
and often export-controlled, which prevents running third-
party LLMs on the text or releasing it publicly without an
on-premise setup. A synthetic corpus lets us share data
and code for full reproducibility while keeping the structure
and phrasing of ECSS-style documents (sections, verification
tokens A/T/R/I, units and limits). This choice is appropriate
for a first proof-of-concept; we discuss generalization limits
in the results.

We compiled a set of 225 requirements from six engineering
documents: the System Requirements Document (SRD) and
five subsystem TRDs (Communications, Thermal, Power,
Onboard Software, Electrical), as presented in Table 1.

Annotation and adjudication.—Each requirement was inde-
pendently labeled by a human expert and by an LLM (Ope-
nAl GPT-5) for Ambiguity (Yes/No) and Testability (Yes/No)
under a frozen prompt that operationalizes the decision rules
(see Appendix 5, Listing 3). Both annotators followed the
same rules; the prompt was fixed after a brief calibration
to avoid post-hoc drift. Disagreements were resolved via
adjudication to produce the final gold labels. The workflow

Table 1: Source documents and requirement counts.
’ PDF (source) Acronym \ #Reqs ‘

System Requirements Document GEN 40
Communication Subsystem TRD COM 31
Thermal Control Subsystem TRD THM 40
Power Subsystem TRD PWR 41
Onboard Software Subsystem TRD SFT 41
Electrical Subsystem TRD ELC 32
Total | 225

was: (i) double annotation, (ii) disagreement review, (iii)
refinement of edge-case examples, and (iv) consensus labels.
This follows standard multi-rater practice [16].

Inter-rater agreement.— Why two raters ? Ambiguity is
context-dependent; a single reader (human or LLM) can
introduce systematic bias. Dual annotation lets us quantify
consistency, expose prevalence effects (few positives), and
detect directional bias (one rater calling more positives). We
then adjudicate only what needs attention and refine the
adjudication rules with concrete edge cases, this motivates
the contingency table and agreement statistics below.

Contingency table. For two raters (R1 and R2) on a binary
label (Yes or No), we use the 2x2 table:

| R2:Yes R2:No
R1:Yes a b
R1:No c d

a =Dboth Yes, b =R1:Yes/R2:No, ¢ = R1:No/R2:Yes, d = both
No, N = a+b+c+d.

Notation: N denotes the total count; “No” denotes the
negative label.

Observed vs. chance agreement.—We separate “how often we
agree” p,, from “agreement expected by chance” p. given the
marginals.

_ a+d
po—aN7 Pe

_ (attare) | (cdbrd) (g

Cohen’s k (chance-corrected).—rk rescales observed agree-
ment by subtracting chance and normalizing the headroom;
x=0 means chance-level; 0.6-0.8 is typically substantial.

k= Be=le, @)

Positive/negative agreement (prevalence-aware).— Overall
agreement can be high while positives are inconsistent when
the positive class is rare. PPA/NPA make that explicit.

a d
PPA = fib — NPA = 24 dﬁb —. (3)

PABAK (prevalence- and bias-adjusted ).—A simple adjust-
ment that corresponds to chance-correcting under balanced
prevalence; useful in the “prevalence paradox.”

PABAK = 2p, — 1. “4)

McNemar’s test (directional bias).—Tests whether discordant
pairs are symmetric (b =~ c¢). If not, one rater systematically



says “Yes” more often. We report the continuity-corrected
x?; for small b+c we give the exact binomial p-value.

2 _ (lb—c|-1)”
XMcNemar — btc . 5

Decision policy during gold construction.—

o Substantial agreement: if x > 0.75 and PPA> 0.80, trust
agreements; adjudicate only (b+c) and keep the rubric.
Note: The rubric is the adjudication rules in our case.

« Moderate agreement: if 0.60 < x < 0.75, adjudicate
disagreements; spot-check ~10% of agreements; if PPA is
low, tighten the “positive” criterion.

« Weak agreement: if x < 0.60, pause gold build; run
a 30—60 min calibration on 10-20 hard cases; refine rubric;
relabel slice; recompute «.

« Prevalence paradox: if x is low but PABAK high (few
positives), emphasize PPA; if PPA> 0.8, proceed with adjudi-
cation.

« Systematic bias: if McNemar p < 0.05 (b # c), update
rubric to fix asymmetry; re-run a small batch to confirm b= c.

Notes on construct difficulty.—Ambiguity is not purely a tax-
onomy issue; it often depends on project-closed acceptance
criteria (limits, units, referenced standards). Accordingly, we
report x/PPA alongside the adjudication log and publish the
exact prompt and taxonomy used for labeling (Appendix 5,
Listings 3-4).

Metrics

Overall model metrics are reported as micro averages (we
pool all decisions across documents); per-subsystem bars
are macro averages (we compute metrics per subsystem and
report their unweighted mean). Fleiss’ « is reported descrip-
tively as an agreement statistic.

Note: structural checks (deterministic).—Duplicate ReqIDs
and cross-document traceability defects are computed by
explicit algorithms over the parsed repository. They are
quality-control checks, not learned predictions, so we do not

score them as model metrics. We report raw counts in table
4.

Why these metrics ?— Accuracy can be misleading under
class imbalance, so we emphasize Precision/Recall/F} for
error trade-offs, Specificity and Balanced Accuracy (BAcc)
to account for the negative class, and MCC as a prevalence-
robust single-number summary. For multi-rater consistency
(humans/models), we report Fleiss’ x (chance-corrected)
alongside the mean per-item agreement P to make prevalence
effects explicit. A plain-language glossary appears in Table 2.

Duplicate semantic detection.—We classify pairwise dupli-
cates by cosine similarity with a fixed threshold (definition
given earlier Sec. 2). Evaluation uses Precision, Recall, and
F for the positive (duplicate) class.

Ambiguity (binary).—Positive class = Ambiguous = Yes. For
each model vs. gold we compute True Positives (TP), False
Positives (FP), False Negatives (FN), True Negatives (TN)
and derive all reported metrics from these counts.

Precision, recall, F';.—Precision penalizes false alarms; recall
penalizes misses; [ summarizes the trade-off.

P= R= F1=%- (6)

TP TP
TP+FD> TP+FN’
Specificity, Accuracy, Balanced Accuracy.—Specificity com-
plements recall on the negative class; accuracy is reported
but prevalence-sensitive; Balanced Accuracy is more robust
under imbalance.

A TP+TN

o— =1 :
JAce = rprppienyrNy o BAce = 3(R + Spec)

)

Matthews correlation (MCC).— A correlation over all four
cells; stable under imbalance and recommended as a single-
number summary.

._ TN
Spec = Fx1rp

N TP-TN - FP.FN L ®)
/(TP +FP)(TP + FN)(TN + FP)(TN + FN)

Table 2: Metric glossary (plain-language reference).

’ Metric

What it captures / why we use it

\ Range / neutral

|

Precision (P)

Among predicted positives, share that are correct; penalizes false
alarms.

[0, 1] (higher is better)

tives.

Recall / TPR (R) Among true positives, share we found; penalizes misses. [0, 1] (higher is better)

F1 score Harmonic mean of P and R; single number for the precision-recall | [0, 1] (higher is better)
trade-off.

Specificity / TNR True-negative rate; complements recall; important with many nega- | [0, 1] (higher is better)

Balanced Accuracy (BAcc)

Mean of TPR and TNR; more robust than Accuracy under class
imbalance.

[0,1]; chance baseline
~ 0.5

under imbalance.

Accuracy Overall fraction correct; can look high under imbalance; reported but | [0, 1]; prevalence-
interpreted cautiously. sensitive
Matthews corr. (MCC) Correlation over all TP/FP/FN/TN; robust single-number summary | [—1,1]; 0 = chance

Mean agreement P

Average per-item rater agreement; prevalence-sensitive; descriptive
only (not chance-corrected).

[0,1] (higher = more
raw agreement)

Fleiss’ k

Chance-corrected multi-rater agreement; summarizes rater consistency
(per subsystem).

[—1,1]; 0.4-0.6 mod-
erate, 0.6—0.8 substan-
tial




Testability (binary).— Positive class = Non Testable = Y.
Metrics mirror Ambiguity (same formulas and interpreta-
tion), with both overall (micro) and per-subsystem (macro)
reporting.

Inter-rater agreement (multi-rater; descriptive).—When ag-
gregating several raters (gold + models or model subsets),
we describe consistency and prevalence using mean per-item
agreement P and Fleiss’  (chance-corrected). Let items
i = 1,...,N, categories j = 1,...,K, with n;; raters
assigning item 7 to category j, and n; = > ; Mij (items may
have different n; if some ratings are missing).

Per-item and mean agreement.—

K
Pi= o=y ) _mislnig = 1), P=
j=1

z|=

N
> P9
i=1
Category prevalences and chance agreement.—
i=1 T

K
N g
pj==F P=Y R (10)
j=1

Fleiss’ k (chance-corrected multi-rater agreement).—

P—P,
KFleiss = 1—pP, - (11)

These describe labeling consistency and prevalence; they are
not used as scoring metrics.

4. EXPERIMENTS AND RESULTS

We run the full pipeline on the 225-requirement corpus
(Sec. 3): PDF parsing — requirement extraction (Re-
qIDs, text, metadata) — structural checks (duplicate Re-
qIDs, TRD—SRD traceability) — semantic flags (Ambi-
guity, Testability). Structural checks are deterministic and
reported as counts/coverage; semantic flags are produced by
five instruction-tuned LLMs under the same prompt settings
and evaluated against the gold labels with the metrics in
Table. 2. To reduce tuning bias, thresholds for duplicate
semantic matching (cosine) are fixed once on a small dev
slice and held constant. For space, we center the discussion
on Ambiguity; the full Testability set appear in the Appendix
(Fig. 9-10-11-13-14-15).

Structural Quality Check results.—We report performance-
style summaries for deterministic repository checks; no
model scoring applies. Parser-induced issues are separated
from QC outcomes.

Table 3: Structural QC — simple summary (counts;
parser-caused issues separated).

[ What we measured [ Result ]
Duplicate ID collisions detected / total 4/4 (100%)
TRD—SRD parent links resolved (exclud- 100%
ing parser errors?)

TRD—SRD links unresolved (due to parser 2
errors)

Blocks parsed correctly / total 2187225 (96.9%)
Requirements with no cited parent (“or- 6
phans”)

Cited parent missing in SRD (“dangling” 3
refs)

0.8

0.7

0.6

0.5

0.4

Balanced Acc

0.3

0.2

0.1

0.0
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Figure 2: Ambiguity—Balanced Accuracy by model (micro,
pooled over all requirements).

Notes. Duplicate-ID detection found all collisions. All cited-
parent links were resolved except 2 cases caused by parser
mis-segmentation. Parser missed 7 of 225 blocks (~3.1%),
hence 218 parsed.

Models evaluated—We evaluate five instruction-tuned
LLMs. Our selection prioritizes open-weight models that can
run on-premises for reproducibility and data-governance, and
includes one hosted, closed-weight model to broaden operat-
ing styles and licensing regimes. Concretely: DeepSeek v3.1
(DeepSeek), GPT-OSS 120B (GPT-0OSS), Qwen3 235B In-
struct (Qwen), Llama 3.3 70B Instruct (Llama), and Claude
Sonnet 4 (Claude). All models use the same prompts and
decoding settings (temperature 0.2, top-p 0.9, fixed max
tokens) without per-model tuning; thresholds are fixed once
on a small dev slice and held constant. Hereafter we refer to
them by the bold shorthand in parentheses.

Reading guide. We structure the results as compact Research-
Questions (RQ) and answer units: each RQ states a short
takeaway, cites the evidence (figures/tables/metrics), and
ends with a brief implication.

RQ1 — Which models perform best overall on ambiguity de-
tection?—Balanced Accuracy (Fig. 2) provides a prevalence-
robust view. The leading group (DeepSeek, GPT-OSS,
Claude) sits in the high 0.7-0.8 range; Qwen is slightly lower;
Llama lags (mid-0.6). These differences are consistent across
documents and foreshadow distinct error profiles.

Matthews Correlation (Fig. 3) yields the same ordering and
similar gaps: DeepSeek leads (MCC~0.59), GPT-OSS and
Claude follow (=0.55), Qwen is close (=0.50), and Llama
trails (=0.40). Because MCC is prevalence-robust and penal-
izes one-class behavior, this supports using Balanced Accu-
racy as the primary ranking metric.

Interpretation:  on this corpus, the leading models
(DeepSeek, GPT-OSS, Claude Sonnet 4) miss substantially
fewer ambiguous requirements than Llama. For example,
DeepSeek missed about 15 items versus about 60 for Llama.
Because missed issues carry higher risk in our setting, we do
not consider the mid-0.6 BAcc model suitable as a primary
triager during requirement review.

RQ2 — What is the trade-off between missed issues and false
alarms?—The FPR-FNR scatter (Fig. 4) makes the false-
alarm vs. miss trade-off explicit. Llama is conservative
(fewer flags, more misses); DeepSeek is liberal (more flags,
fewer misses); GPT-OSS and Claude are closer to balanced.

2“Parser errors” = PDF block mis-segmentation.
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Figure 4: Ambiguity—error trade-off (FPR vs. FNR). Lower/left
is better.

Implication: this is a choice between misses and reviewer
load. In our results, DeepSeek missed 15 items but raised
31 extra flags; Llama missed 60 but raised 5. During
drafting we prefer the recall-leaning behavior to avoid misses;
as documents stabilize, a conservative setting/model can be
used to reduce flags.

Reliability for our use case: we treat reliability as avoiding
dangerous misses with stable behavior across subsystems;
by that criterion, Llama-style conservative operation is not
appropriate as the sole triager.

RQ3 — Where are the models strong or weak across sub-
systems ?— Performance is not uniform across documents.
The F; breakdown by subsystem (Fig. 5) shows Power and
Electrical as more straightforward (scores around 0.9 across
models), while System and Thermal exhibit larger spread and
lower centers. Software is mixed: one model is notably lower
while others remain strong, suggesting that domain phrasing
and document style shape ambiguity cues. Precision and
recall figures are in the Appendix 5, (Fig. 16-17).

Likely cause: Power/Electrical feature crisper local patterns
(units, numeric bounds, interface tokens) with fewer cross-
sentence dependencies; System/Thermal contain broader pol-
icy wording and multi-condition clauses whose meaning re-
lies on surrounding prose, which increases ambiguity even for
human readers.

implication: allocate more reviewer attention (and use recall-
leaning settings) for System/Thermal; default settings typi-
cally suffice for Power/Electrical.
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Figure 5: Ambiguity—F" by subsystem (per-subsystem scores;
macro view).
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Figure 6: Ambiguity—Fleiss’ « by subsystem and rater pool
(descriptive agreement).

RQ4 — How much do raters agree on ambiguity judg-
ments?—To contextualize model-gold disagreements, Fig. 6
reports Fleiss” x by subsystem for several rater pools. Com-
munications attains the highest agreement (around 0.7-0.8
depending on the pool), whereas System and Software are
lower (~ 0.4-0.5). The “No GOLD” column shows that
models alone can still align strongly in some domains, high-
lighting prevalence and rubric effects rather than pure noise.
Interpretation: agreement is moderate overall—good enough
for triage but not for auto-acceptance. High agreement
in Communications implies lower adjudication cost; lower
agreement in System/Software justifies mandatory reviewer
pass or stricter acceptance rules in those domains.

RQ5 — What do the errors look like in practice?>—Contrasting
confusion matrices (Fig. 7) make the behaviors concrete.
Llama shows many misses (e.g., FN = 60 vs. FP = 5 in
this corpus), while DeepSeek shows the opposite tendency
(e.g., FN = 15 vs. FP = 31), consistent with the trade-
off plot. This pattern also matches the Balanced-Accuracy
ranking and the subsystem spread above.

Interpretation: the paired matrices confirm complementary
tendencies: conservative models under-flag borderline am-
biguity, liberal models over-flag it. In practice we mitigate
this without retraining by adding light score calibration, using
domain-specific flagging rules in System/Thermal, and prior-
itizing flags that touch safety-relevant tokens (limits, modes,
inhibits).

Testability (summary).— Results broadly mirror Ambiguity
but with a different operating trade—off. As shown by the
FPR-FNR scatter in Fig. 8§, GPT-OSS 120B and DeepSeek
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Figure 7: Ambiguity—contrasting confusion matrices. Dark =
correct (TP/TN), light = errors (FP/FN).

deliver the best balanced operating points (low—moderate
FNR with comparatively low FPR), while Llama 3.3 70B
is the weakest due to many missed flags (high FNR, low
FPR). Qwen3 235B sits close to the leaders and Claude
Sonnet 4 skews conservative (higher FNR, very low FPR).
By subsystem (Appendix, Fig. 10), Electrical and Power are
easiest (F; =~ 0.9 across models), while Thermal is hardest
(~0.75). Agreement analysis (Appendix, Fig. 11) shows
moderate Fleiss’ « overall (~0.5-0.6), highest in Commu-
nications and lowest in System/Thermal. Paired confusion
matrices (Appendix, Fig. 13) illustrate the contrast: GPT-
OSS is more liberal (higher FP, lower FN) whereas Llama
is more conservative (lower FP, higher FN).

Policy: favor recall-first thresholds during drafting (flag po-
tential non-testables aggressively), then shift to precision-first
near verification planning to avoid noise in test procedure
generation.

Interpretation: testability rewards explicit acceptance con-
ditions and coherent A/T/R/I tags, which favors structure-
sensitive models. During drafting we run in a recall-first
mode to surface potentially non-testable statements early;
near verification planning we tighten the policy to avoid noise
in procedure generation.
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Figure 8: Testability—error trade-off (FPR vs. FNR).

5. CONCLUSION

We presented an end-to-end, human-in-the-loop pipeline that
parses different requirement documents, enforces structural
integrity, and audits semantics (ambiguity, testability). On
a 225-requirement corpus with adjudicated gold labels, the
deterministic stage reliably surfaced duplicate ReqIDs and
SRD—TRD traceability gaps, while five instruction-tuned
LLMs achieved balanced accuracy of about 0.65-0.80 with
distinct false-positive/false-negative profiles and measurable

B -
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variation across subsystems. These results support a hybrid
structure-first, semantics-second design: rules provide re-
producible, auditable corpus structure at scale, and LLMs
assist reviewers by pre-screening statements for potential
issues without replacing expert judgment. The pipeline is
document-agnostic, versioned and auditable end-to-end, and
integrates with RM/MBSE workflows.

Strengths include portable rule induction that adapts across
document families, normalized storage for cross-document
analytics, and interpretable outputs (confusion summaries,
per-subsystem metrics, agreement analyses). The main lim-
itations are evaluative scope and data quality: we used a
synthetic corpus with limited adjudication (a more definitive
study would involve larger, multi-expert labeling), and we
observed occasional parser mis-segmentations (7 of 225, 3%)
that can perturb reported scores; performance is also sensitive
to domain phrasing. Immediate applications include pre-
commit checks, review screening, supplier-document intake,
change-impact via traces, and continuous coverage/redun-
dancy audits, with outputs consumable by RM/MBSE tools.
Future work will strengthen robustness across larger and
more diverse documents and layouts, study sensitivity to
prevalence and subsystem style, align prompts and rubrics
with ECSS/Consultative Committee for Space Data Systems
(CCSDS), develop a standards-aware model via domain-
adaptive fine-tuning on ECSS/CCSDS guidelines [17] to en-
able direct conformance checks against the standards them-
selves, and normalize statements into templates that compile
to temporal logics for tighter MBSE coupling. Overall, the
pipeline advances automated quality assurance for aerospace
requirements and opens a clear path from reliable parsing and
analytics to formal verification.

APPENDIX
"doecs": [{
"meta": { "name": <str> },
"Eee”s [

"level": <int>,

"title": "<str>",

"page": <int>,

"number": <int>,

"full_title": "<str>"

.
"samples": [{

"page_index": <int>,

"text": "..."

"signals": {
"id_token_candidates": [<str>],
"id_contexts": [{

"tok": <str>,

"left_has_norm": <bool>,
"right_has_norm": <bool>,
"has_version": <bool>,
"at_line_start": <bool>,
"snippet":<str>

3.

"label_ like_candidates": [<str>],

"literal_ separator_counts": {<char>:<int>},

"shall_must_should_present": <bool>

}
}H
} "

Listing 1: Peek — minimal example

{

"schema": "regex_profile/v3",

"id_core": "ASTRA-[A-Z]{3}-REQ-[\\d]1{5}",

"header_regex": "“ASTRA-[A-Z]{3}-REQ-[\\d]{5} (?:\\s*v:\\sx (\\d
+(2:\\\\d+) 2)) 2 (2:\\s* (2: (\\w+) ) ) 2",

"inline_id_regex": "ASTRA-[A-Z]{3}-REQ-[\\d]{5}",

"canonical_fields": [

"statement", "rationale", "Verification Method",

"Standard Origin Source", "ECSS DOORS Req ID", "Mother REQ"
1s
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"field label_map": {

"statement": ["The", "shall"],
"rationale": ["Rationale"],
"Verification Method": ["Verification Method"],
"Standard Origin Source": ["Standard Origin Source"],
"ECSS DOORS Req ID": ["ECSS DOORS Req ID"],
"Mother REQ": ["Mother REQ"]
}
"field_split_regex": " (2:"|\\s) (?:The|shall|must|should) (?=\\s*[
a-zA-Z])",
"statement_regex": " (?:shall|must|should) (?=\\s*[a-zA-Z])",
"verification_tokens_regex": "" (2:A|T|I|R) (?:,\\sx(2:A|T|I|R))*$
"
i
"page_noise_regexes": [""\\d+$", "“\\sx$"],
"external_ref_regexes": ["ECSS-[A-z]{2}-[A-z]{2}-\\d{2}c"]

Listing 2: regex profile — minimal example

ROLE: You are an expert auditor of space/ECSS-style requirements.
TASK: For each requirement block, decide Ambiguous (Y/N), Testable
(Y/N),
enumerate issues (taxonomy), and give a minimal fix. No
external knowledge.

INPUT FIELDS:
ReqID, STATEMENT, (optional) STANDARD, PARENT, PARENT_TEXT, DOC,
SECTION, VERIF (A/T/R/I)

CONTEXT PRIORITY:
1) If PARENT_TEXT closes acceptance (limits/tests), use it.
2) If STATEMENT delegates to STANDARD and says "per <STD> limits
/tests", use it.
3) Else evaluate STATEMENT alone.

DELEGATION & PLACEHOLDERS:

- Valid delegation to ICD/ICDR/ECSS/config/data pack; don’t
restate numbers.

— If delegation clear but artifact missing in fields "Cross-ref
missing" (not Ambiguous=Y) .

- Explicit TBD/TBR/TBC: not ambiguous by itself tag "
Placeholder"; if pass/fail depends on it Testable=N + "
Verification gap".

DECISION LOGIC:

Ambiguous=Y if acceptance cannot be determined without
clarification:
missing closing value and no delegation/managed placeholder;
vague/undefined term with no measurable acceptance or
reference;
open-ended range with no closing reference.

Ambiguous=N if closed by explicit limits, cited standard/test,
PARENT_TEXT, clear artifact, or managed placeholder.

Testable=Y if measurable predicate exists or pass/fail defined
by standard/test/artifact (incl. binary R/I).

Testable=N if qualitative with no binding reference or decisive
value is TBD ("Verification gap") .

Multiple predicates: Ambiguous adopts worst case; Testable=Y if
any predicate verifiable.

TAXONOMY (multi-label):
Missing number; Missing unit; Vague term; Undefined term; Cross-—
ref missing;
Contradiction; Range/open-ended; Verification gap; Environment
unspecified; Placeholder (TBD/TBR/TBC) .

OUTPUT: STRICT JSON only (schema ambig_test/v2), one item per
block.

Listing 3: Ambiguity/Testability prompt

"schema": "ambig_test/v2",
"items": [{
"id": "<ReqID>",

"ambiguous": true,
"testable": false,

"issues": [
{"type":“<taxonomy>", "quote":"<exact phrase>", "explain":"<
why>"}

1,

"suggestion": "<minimal rewrite>",

"rationale": "<24 lines; cite PARENT/STANDARD/SECTION when
used>",

"off_taxonomy_ambiguity": "<optional or empty>",

"confidence": 0.0

Listing 4: Ambiguity/Testability output schema
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Figure 9: Testability—Balanced accuracy by model.
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