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Abstract

Incomplete and ambiguous requirements remain a common source
of defects in safety-critical software systems. Formal methods pro-
vide rigorous correctness guarantees but rely on precise specifica-
tions, while Large Language Models (LLMs) enable flexible natural-
language processing but lack logical consistency guarantees. Bridg-
ing the gap between informal stakeholder intent and formally veri-
fiable specifications remains a key challenge in automated software
engineering. This paper presents C-GRiD (Counterexample-Guided
Requirements Discovery), a neuro-symbolic framework that inte-
grates model checking into the requirements elicitation process.
C-GRiD uses an LLM to synthesize an initial system model and a
set of candidate requirements properties, which are then analyzed
by a symbolic verifier. Counterexamples generated by the verifier
are converted into structured natural-language queries that elicit
missing constraints from stakeholders. This enables an iterative
refinement loop that progressively reduces specification incomplete-
ness while maintaining logical grounding of generated artifacts. We
evaluate C-GRiD on 10 benchmark specifications using a controlled
constraint-removal protocol to measure requirement recovery. Un-
der a perfect oracle assumption, the framework achieves a mean
constraint recovery recall of 79.2%. To assess robustness under
realistic interaction settings, we introduce a simulated noisy stake-
holder with a 25% error rate. In this setting, C-GRiD maintains a re-
call of 70.8%. Results show consistent improvements over one-shot
and template-based baselines, demonstrating that counterexample-
guided refinement can support the construction of more complete
and logically grounded software specifications.

CCS Concepts

. Software and its engineering — Requirements analysis;
Formal software verification; - Computing methodologies —
Natural language processing.

Keywords

Requirements Engineering, Formal Verification, Neuro-Symbolic Al,
Large Language Models, Specification Discovery, Model Checking

ACM Reference Format:

Okba Tibermacine and Chouki Tibermacine. 2026. Neuro-symbolic Require-
ments Elicitation: Utilizing Formal Verification Counterexamples as Contex-
tual Prompts. In Proceedings of the 41st IEEE/ACM International Conference

This work is licensed under a Creative Commons Attribution 4.0 International License.
ASE °26, Munich, Germany

© 2026 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-2882-2/2026/10

https://doi.org/10.1145/3832783.3834379

617

Chouki Tibermacine
IRISA, University of Southern Brittany
Vannes, France
chouki.tibermacine@univ-ubs.fr

on Automated Software Engineering (ASE 26), October 12-16, 2026, Munich,
Germany. ACM, New York, NY, USA, 11 pages. https://doi.org/10.1145/
3832783.3834379

1 Introduction

An important source of failures in complex software systems rarely
stems from coding bugs, but from incomplete, ambiguous, or con-
tradictory requirements [17, 22, 26]. Domain experts often possess
a latent mental model with unstated assumptions and unexplored
edge cases. A key challenge of requirements engineering is to make
this latent model explicit and logically sound.

Two paradigms address this challenge, each with a key limita-
tion. Formal Methods offer mathematical rigor via languages like
TLA+ and Alloy, but their steep learning curve creates a Blank Page
Problem: domain experts are rarely equipped to write or read for-
mal specifications. Large Language Models offer natural language
fluency and can translate informal descriptions into specifications,
but as statistical models they lack logical grounding and operate
without formal correctness guarantees—a Logical Grounding Prob-
lem [5]. LLMs are prone to hallucinating incorrect constraints and
missing subtle corner cases (e.g., race conditions), posing severe
reliability risks in safety-critical systems.

In this paper, we use formal verification failures not to judge
a final specification, but to drive interactive discovery of a com-
plete one [16, 22]. Our core insight is that a counterexample—a
finite execution trace witnessing property violation in a candidate
specification—provides a deterministic, semantic prompt signaling
a missing or incorrect requirement.

We embody this insight in Counterexample-Guided Requirements
Discovery (C-GRiD), a neuro-symbolic feedback loop targeting early
development phases lacking validated models or complete require-
ments. C-GRiD uses an LLM to generate an initial formal model
and candidate properties from incomplete descriptions. A symbolic
model checker explores this model for property violations. Each
counterexample is translated by the LLM into a targeted natural-
language question for the stakeholder (e.g., “Should concurrent
transfers be allowed if they might cause an overdraft?”). The stake-
holder’s answer provides a new constraint, repeating the loop to
systematically close requirement gaps.

This paper makes the following contributions:

(1) We introduce a software engineering approach that inte-
grates formal verification into the requirements discovery
process, making counterexample-driven refinement accessi-
ble to non-experts through natural language interaction.

(2) We define a practical neuro-symbolic architecture that pro-
vides a safety net for LLM-based specification generation,
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using a symbolic verifier to ground the LLM’s output in
logical truth and mitigate hallucinations.

(3) We present an empirical validation using a controlled constraint-

removal methodology, demonstrating that our approach re-
covers substantially more missing constraints than auto-
mated baselines, with demonstrated robustness to imperfect
stakeholder feedback.

The remainder of this paper is structured as follows: Section 2
reviews related work. Section 3 introduces the C-GRiD framework.
Section 4 presents the experimental evaluation. Section 5 discusses
findings and threats to validity, and Section 6 concludes.

2 Related Work

C-GRIiD lies at the intersection of Al-assisted requirements engi-
neering, requirements formalisation, formal verification, and the
neuro-symbolic use of LLMs.

2.1 AI- and ML-enabled Requirements
Elicitation

Artificial intelligence has been applied to requirements elicitation
primarily to automate processing of natural language artifacts
rather than integrating formal verification. Systematic reviews
identify tasks such as extracting candidate requirements, classi-
fying and prioritizing them, detecting conflicts, and generating
analyst questions, predominantly using classical ML and transform-
ers [6, 7, 21, 31]. Mapping studies document limitations including
language bias, lack of standard benchmarks, and deployment fric-
tion [18, 32, 33], while advanced conceptual models remain focused
on informal artifacts [8]. Recent works evaluate LLMs as elicitation
assistants for user stories, interviews, and multi-agent RE work-
flows [1, 30], or fine-tune models on standards like ISO 29148 [15].
Closest in spirit are interactive NLP/LLM requirements assistants
(e.g., Arora et al. [2]), which resolve ambiguity via dialogue and text
analysis. However, these operate entirely at the natural language
level without verification feedback. C-GRiD complements these
by coupling LLM elicitation with model checking, interpreting
counterexamples as formal indicators of missing constraints.

2.2 NLP and LLMs for Requirements
Formalisation

A parallel line targets requirement formalisation: transforming natu-
ral language requirements into formal specifications. Most classical
approaches apply heuristic NLP to structured inputs [19, 32]. Sub-
sequent work translates structured language into temporal logics,
including ARSENAL [11], Giannakopoulou et al. [12], and targeted
packages like NL2LTL [9], TR2MTL [23], NL2STL [24], and NL2CTL
[35]. Other frameworks integrate NLP, ontologies, and LLMs to gen-
erate verifiable specifications [3], while surveys document LLM
assistance across languages like Dafny, ACSL, Coq, Lean, and TLA*
[4].

These works predominantly translate existing requirements text.
In contrast, C-GRiD focuses on discovering unarticulated require-
ments using counterexamples as contextualized evidence of missing
assumptions.
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Table 1: Positioning of C-GRiD within Specification Engi-
neering Paradigms

Paradigm  Primary Inputs / Outputs Representative
Target Works
Translation Properties Natural language ARSENAL  [11],
(@) — LTL/CTL for- NL2LTL [9],
mulas NL2CTL [35]
Validation Formulas(®) Interactive traces LTLTalk [10],
— user validation ~ SynthTL [27],
ARTEMIS [28]
Joint elici- Model (J) Incomplete specs C-GRiD (this
tation and proper- — verified transi- work)
ties (P) tion systems

2.3 Formal Verification, Specification Mining,
and Interactive Assistants

Formal verification depends critically on precise specifications, mo-
tivating research on mining them from behaviour. Surveys of LTL
specification mining review constraint-solving, search-based and
neural techniques for learning properties from traces [29]. Neuro-
symbolic specification synthesis has also been explored: “seeking
specifications” uses an LLM to generate ACSL contracts for C code
and studies how symbolic analyses can augment prompts [14],
while broader studies position LLMs as assistants for code analysis
and bug detection with formal methods as a safety net [25]. Closest
to our setting among these, SpecVerify pairs an LLM with the ES-
BMC verifier to generate assertions from textual requirements of
cyber-physical systems and check them against Simulink/Stateflow
models [34]; it uses counterexamples to improve conformance be-
tween an implementation and a predefined specification, whereas
C-GRiD exploits them to derive the specification itself.

A distinct line of work uses model checkers to generate traces
that elicit human-in-the-loop judgement about specification intent,
and is the closest antecedent of our approach. LTLTalk [10] syn-
thesises temporal specifications from natural language together
with user feedback on system traces. SynthTL [27] and ARTEMIS
[28] combine LLMs and model checkers to generate and validate
temporal formulas by presenting low-complexity distinguishing
traces to stakeholders. Three paradigms are thus separable by what
they refine. Translation maps natural language to LTL/CTL formu-
las (ARSENAL [11], NL2LTL [9], NL2CTL [35]). Validation presents
interactive traces so that a user can confirm or reject a candidate
formula, under a given behavioural model (LTLTalk [10], SynthTL
[27], ARTEMIS [28]). C-GRiD performs joint elicitation: the loop
refines both the requirements properties and the underlying tran-
sition model, starting from an incomplete specification in which
either may be wrong, and it frames the counterexample as an elici-
tation prompt rather than as a discriminating query over a fixed
hypothesis space.

Table 1 summarises the three paradigms.

2.4 Summary, Gap, and Distinction from CEGIS

Al-based approaches have advanced automation in elicitation and
analysis mainly at the level of informal text [6, 7, 15, 31, 32], and
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Table 2: Conceptual Distinction Between CEGIS and C-GRiD

Aspect CEGIS C-GRiD (Our Work)

Goal Synthesize a correct pro- Discover missing or in-
gram/model that meets a  correct requirements to
fixed specification. complete the specifica-

tion itself.

Oracle A formal teacher or A (potentially non-
solver that provides a expert) human stake-
counterexample. holder or domain-aware

LLM.

Feedback A concrete counterexam- Natural language clari-
ple trace that falsifies the  fication of intent in re-
candidate. sponse to a scenario.

Refinement The candidate program  The set of requirements

target or model within a formal ~ ® and the system model

hypothesis space. 6.

formalisation work maps given requirements into formal represen-
tations [3, 4, 19]. Neuro-symbolic frameworks integrating LLMs
with formal analysis largely assume a fixed requirement baseline
and use counterexamples to repair artefacts rather than to expand
the requirement set [14, 34]. Requirements engineering is also in-
creasingly recognised as essential to assuring ML-based systems,
with neuro-symbolic methods proposed as the enforcement mech-
anism [8, 13]; C-GRiD is aligned with that perspective. C-GRiD
addresses the identified gap by reframing counterexamples as first-
class, semantically rich prompts in a human-in-the-loop elicitation
loop, turning formal verification from a terminal correctness check
into an interactive discovery engine.

C-GRiD’s iterative loop is structurally reminiscent of Counterex-
ample Guided Inductive Synthesis (CEGIS) [20] but differs con-
ceptually. CEGIS refines a formal hypothesis within a predefined
synthesis space so as to satisfy a fixed specification; its oracle is
a formal teacher or solver, its feedback a trace falsifying the can-
didate, and its refinement target the candidate program. C-GRiD
instead refines the problem statement itself its oracle is a (poten-
tially non-expert) human stakeholder or domain-aware LLM, its
feedback a natural language clarification of intent, and its refine-
ment target the requirement set together with the system model.
The counterexample is thereby elevated from hypothesis falsifier
to requirements elicitation artifact. Table 2 summarises it.

3 The C-GRiD Framework

This section presents the theoretical foundations, architectural com-
ponents and algorithmic implementation of C-GRiD. We formulate
requirements elicitation as a cooperative, iterative search through
the space of possible system specifications, guided by both symbolic
verification and human-in-the-loop feedback.

3.1 Problem Formulation and Formal
Foundations

To ensure domain independence and enable rigorous analysis, we

model the target system as a Labeled Transition System (LTS).

DEFINITION 1 (SYSTEM SPECIFICATION MODEL). A formal system
specification S is defined as a tuple M = (2, %o, A, 5, @), where:
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3 is a finite set of system states. A state s € X is a valuation of
all system variables V = {v1,...,0,}.

3o C X is the set of initial states.

A is a finite set of actions that trigger state transitions.

d : XX A — X is the transition relation, defining the be-
havioural model of the system.

D is a set of formal properties, typically expressed in Linear
Temporal Logic (LTL), that the system must satisfy. These
represent the requirements properties, such as safety invariants
(TP) or liveness properties (GQ).

We use a system model for (,%), requirements properties for
®, and a specification for the tuple M. Initially, both are imper-
fect: @ipirial € Pidear and Sinirial # Oideal, Where ideal elements
represent latent stakeholder intent. C-GRiD restricts its scope to
behavioral temporal properties over discrete LTSs; non-behavioral
qualities like performance and usability are out of scope. C-GRiD
discovers missing properties @;geqr \ Piniriar by treating property
violations as probes into the stakeholder’s mental model.

3.2 Architectural Overview

The framework is a closed-loop system of four interconnected
modules, illustrated in Figure 1. The core components are the Neural
Synthesizer, the Symbolic Verifier, and the feedback loop connecting
them through algorithmic analysis.

3.3 The Neural Synthesizer (N)

This component maps informal documentation O and dialogue
history H to specification M: N : (D X H) — M. We use an LLM
with constrained decoding to output a strict Intermediate Represen-
tation (IR) schema compiled into TLA+, mitigating syntax errors
and hallucinations.

Constrained decoding applies to initial synthesis V;, only; sub-
sequent refinements operate directly on TLA+ text (Section 3.8)
to preserve code structure. This asymmetry allows refinements to
introduce errors avoided during initial synthesis, motivating the
regression guard (Section 3.7).

3.4 The Symbolic Verifier (V)

This component is the logical core of the framework. It accepts a
candidate specification M; and performs bounded model checking
up to a predefined path depth k:

T if Vr € Pathspy(M;), 7 = @

1
7 if 3 € Pathsg (M;), « [ @ W

V(M;, @) = {
where 7 = (s8¢, a1, 81, ..., ak, Sk) (si € 2, a; € A) is a concrete coun-
terexample trace that interleaves states with the actions relating
them. The verifier’s soundness is critical: it acts as the logical base-
line that grounds the suggestions of the neural component.

Why bounding the search? The elicitation loop needs rapid feed-
back on shallow violations in order to construct clarification prompts,
so we bound exploration depth rather than verify to exhaustion.
We use “bounded model checking” in the sense of depth-bounded
state exploration: the backend is the explicit-state checker TLC
with its search depth capped at k (Section 4.2.3), not SAT-based un-
rolling. The consequence is a completeness limit we make explicit:
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LLM: Generate
Specification (V;)

Incomplete/Informal Input

No

Iteration <
MaxIter?

Timeout: Manual
Review Required
Yes(i=i+1)

Formal Verification:
Model Checking

Verified v/

Verification
Result

Complete, Veri-
fied Specification
Property Violated A

Counterexample
Analysis (Alg. 2)

Generate Targeted
Question (Alg. 3)

Can Answer Be!
Inferred?

Yes: Domain Knowl- No: Ambiguous/Novel
edge Sufficient il

¥
Query Human Stakeholder
LLM Infers Constraint
Update Specification: V; — Visy

Figure 1: The detailed execution flow of the C-GRiD frame-
work. The system iterates through verification loops, using
counterexamples to trigger either automated domain infer-
ence (Mode 1) or human clarification (Mode 2), updating the
specification (V;) until convergence.

violations requiring traces longer than k are never surfaced, so a
constraint whose only witness is a deep trace cannot be elicited.
Unbounded verification would remove this limit at the cost of per-
iteration latency that an interactive loop cannot absorb; evaluating
that trade-off is a future work.

3.5 Algorithmic Implementation

3.5.1 The Main Control Loop (Algorithm 1). Algorithm 1 is the
central coordinator of the iterative refinement process.

Initialization (Lines 1-3). The Neural Synthesizer generates an
initial candidate specification V; from the informal requirements R;
W is a joint hypothesis over the transition relation and the proper-
ties, either of which may be wrong. A history set is maintained to
detect cycles.

The Verification Loop (Lines 4-27). The loop continues until a veri-
fied specification is found or a termination condition is met. In each
iteration (Line 5) the symbolic verifier is invoked on V;; successful
verification (Lines 7-8) is the primary termination condition.

Counterexample-Driven Refinement (Lines 10-12). If verification
fails, a counterexample 7 is produced and passed to the purely
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Algorithm 1 Counterexample-Guided Requirements Discovery
(C-GRiD)

Require: Informal requirements R, Property set ®, Max iterations
Nmax
Ensure: Verified specification
{T1iMEOUT, OSCILLATION }
1: Vy < LLMGENERATE(R)
2: 10
3. History < 0
4: while i < N, do
5. (status,t) < MoDELCHECK(V;, ®)

v or status €

6. if status = VERIFIED then
7: return V; {Convergence to a correct specification}
8. endif
9:  {Counterexample analysis phase}
100 {Pviol; Sviol, 0), pattern < ANALYZETRACE(T, D)
11:  {Question generation phase}
122 q < GENERATEQUESTION(pattern, 7, R)
13:  {Answer acquisition phase}
14:  if CANINFERFROMDOMAIN(q, Kiomain) then
15: ans <« LLMINFER(q, Kgomain) {Mode 1: Automated}
16:  else
17: ans < QUERYHUMAN(q) {Mode 2: Interactive}
18:  endif
19:  {Specification refinement phase}
20:  Viy1 < REFINESPECIFICATION(V;, ans, 7, dyiol)
21:  {Convergence check}
22 if Vi41 € History then
23: return OsciLLATION {Cycle detected}
24:  endif
25:  History « History U {Vi41}
20 I i+1

27: end while
28: return TIMEOUT

symbolic ANALYZETRACE function (Algorithm 2), which dissects the
failure into a structured format including a high-level error pattern
(Line 10). GENERATEQUESTION (Algorithm 3) then formulates a
targeted natural-language query (Line 12).

Feedback Acquisition and Update (Lines 14-20). The question is
posed either to an automated domain reasoner or to a human stake-
holder. The framework supports a fully automated mode (Mode 1), in
which an LLM infers the constraint from a knowledge base Kiomain
(Line 15), and a semi-automated mode (Mode 2), which queries a
human on novel or ambiguous issues (Line 17). REFINESPECIFICA-
TION (Line 20) then incorporates the answer. The answer may add a
property to ®, relax an existing property in @, strengthen a guard in
the transition relation §, or combine these; which of them applies is
determined by the polarity of the stakeholder’s answer, as detailed
in Section 3.6.

Convergence and Termination (Lines 22—-26). An oscillation check
terminates the process if V11 has been seen before; otherwise the
loop continues until Ny, iterations are exhausted.
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3.5.2  Domain Knowledge Inference. Line 14 chooses between the
two modes by testing whether g can be answered from a knowl-
edge base Kyomain Of ontological facts (domain rules encoded as
natural-language statements, e.g. “banking: transfers require posi-
tive balance”) and syntactic patterns with canonical answers (e.g.
“Should [variable] be non-negative?”). It returns true above a match
confidence of 0.85, otherwise deferring to the human. Approxi-
mately 40% of questions were answerable automatically.

3.5.3 Counterexample Trace Analysis (Algorithm 2). Algorithm 2 is
a deterministic, symbolic procedure that converts a raw counterex-
ample trace into structured, actionable information, abstracting
away the complexity of the model checker’s output. It takes the
trace 7 and property set ® and returns the violated property ¢y;o1,
the point at which the violation is witnessed, the causal action
sequence o, and an error-pattern classification.

Phase 1 (Lines 2-8) locates the violation. Because the proper-
ties are temporal, satisfaction is defined over traces and prefixes
rather than over individual states; there is in general no single “state
where the violation occurred”. Our analysis targets safety proper-
ties, for which every violation has a finite bad prefix, and pins the
violation to the shortest prefix 7[0..i] at which the invariant is first
falsified. Liveness violations, which are witnessed by lasso-shaped
traces, are reported to the stakeholder as whole traces and are not lo-
calised further. Phase 2 (Line 10) backtraces from the violation point,
pruning irrelevant actions and returning the minimal sequence o
necessary to reach it. Phase 3 (Lines 13-21) classifies the failure:
numeric bound violations indicate a MIsSINGGUARD, two or more
concurrent accesses to a shared resource in o a RACECONDITION,
circular resource waits a DEADLOCK, and remaining cases fall back
to LOGICERROR.

3.5.4 Trace-to-Scenario Question Generation (Algorithm 3). Algo-
rithm 3 is the neuro-symbolic component that bridges the cognitive
gap between formal methods and stakeholder intent. It takes the
error pattern, the trace, and a domain ontology mapping formal
variable names to business concepts, and outputs a formatted natu-
ral language question with answer options. It first extracts domain
entities (e.g., ‘Account-A’) and concrete values (e.g., ‘balance = -50°)
to construct a short narrative of what went wrong, as illustrated in
Table 3. To keep questions precise and resistant to hallucination,
each error pattern is bound to a question template—a RACECONDI-
TION always yields a question about atomicity or serialization—so
that the interaction is predictable and focuses the stakeholder on
a single decision. For unknown or complex logic errors the frame-
work falls back to an open-ended LLM prompt.

3.6 Symmetric Resolution of Translation Errors
and Missing Requirements

A counterexample on Vj can reflect either a genuinely missing con-
straint or an over-constrained property introduced during trans-
lation. C-GRiD does not attempt to distinguish the two cases au-
tomatically; it resolves both through the same stakeholder-facing
interface, and the polarity of the answer determines the repair. An
answer of the form “this behaviour is allowed” identifies a trans-
lation artifact and triggers relaxation of ®; an answer of the form
“this behaviour is disallowed” identifies a missing constraint and
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Algorithm 2 Counterexample Trace Analysis

Require: Counterexample trace 7 = (s, ay, . .
set
Ensure: Violation (¢yiol, Sviol, 0), Error pattern pattern
1: {Phase 1: Identify violation point}
: fori=0tondo
for each ¢ € ® do
if 7[0..i] |~ ¢ then
Pviol < @5 Sviol < Si; goto ViolationFound
end if
end for
: end for
: {Phase 2: Extract causal action sequence}
: 0 < BACKTRACEACTIONS(T, Syijol)
: {Phase 3: Classify error pattern}
: pattern < UNKNOWN
: if Fv € syjo1 1 0 < 0 or v > MAX _VALUE then
pattern < MISSINGGUARD
. else if |{a € 0 : CONCURRENT(a)}| > 2 then
pattern < RACECONDITION
. else if 3 circular resource wait in o then
pattern < DEADLOCK
. else
pattern < LOGICERROR
: end if
: return (Pyiol, Sviol, 0), pattern

., Qn, Sn), Property

b I N A i 4

L T T N S Sy S e G

Algorithm 3 Generate Clarification Question from Counterexam-
ple
Require: Error pattern pattern, Trace 7, Domain ontology O
Ensure: Natural language question g with answer options
1: {Extract domain entities, actions, and values from trace}
. entities, actions «<— EXTRACTENTITIESANDACTIONS(T, O)
: values, condition < EXTRACTSTATECONTEXT(T)
: scenario «— BUILDSCENARIO(7, entities, values)
. if pattern = MissINGGUARD then
action < LASTACTION(7)

q < "Should +action+ be allowed when +condition+
o

N U s W

8: else if pattern = RaAcECONDITION then

9: q « "Should concurrent +actions+ be serialized?"
. else

q < LLMGENERATEQUESTION (scenario, R) {Fallback}

: end if

: return FORMATQUESTIONWITHOPTIONS(scenario, q)

triggers either the addition of a property to ® or the strengthen-
ing of a guard in §. The stakeholder therefore never has to reason
about which case applies, or about formal logic at all. Two episodes
illustrate each direction.

Example 1: translation artifact, resolved by relaxing ®.
During initial generation of BasicTransfer the LLM over-constrained
the property set, producing @y = {O(balance > 100)} from a
misread business rule. A legitimate transaction reducing a balance
to 50 triggered a TLC violation, which C-GRiD rendered as: “A
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Table 3: Examples of Trace-to-Scenario Abstraction

Domain | Raw Counterexample | Generated Question
(Snippet)
Banking | State 3: A.bal=100; | “Two transfers happened
T1: read(A); | at the exact same time.
T2: read(A); T1: | Both saw the original bal-
write(A-10); T2: | ance, so the second trans-
write(A-10) fer overwrote the first.
Should concurrent trans-
fers be locked?”
Logistics | State 5: Ord.st=Ship; | “The system allowed an or-
Action: Cancel; | der to be cancelled after
Result: Ord.st=Can it was already marked as
‘Shipped’. Is this transition
allowed?”

transaction reduced the balance to 50, violating the rule that balance
must remain above 100. Is this allowed?” The stakeholder answered
“Yes, any non-negative balance is allowed”, and the framework relaxed
the property to ®gxeq = {O(balance > 0)}, correcting an error in
the initial translation rather than adding a requirement.

Example 2: missing constraint, resolved by strengthening .
In MutualExclusion, V, contained the invariant ® = {O0-( active; A
activey) } but lacked serialization guards in 8. TLC found a trace in
which concurrent execution violated mutual exclusion, and C-GRiD
asked: “Both processes accessed the shared resource simultaneously.
Should concurrent requests be serialized?” The stakeholder replied
“Yes, serialize process execution”, and the system strengthened the
action guards in § to require a mutex lock.

3.7 Regression-Guarded Refinement

Because refinement edits TLA+ directly, an edit that correctly incor-
porates a new constraint may still disturb a part of the specification
that was previously correct. We therefore specify a regression-
guarded variant of the loop. After REFINESPECIFICATION produces
Vi+1, the model checker re-checks every property in ®yerified that
held on V;. If any is violated, the refinement is rejected as a re-
gression and the synthesizer is re-prompted with the regression-
inducing trace and an instruction to revise the change while pre-
serving prior correctness, bounded to three retries before the run
is reported as failed. The guard makes refinement monotone with
respect to previously established properties, at the cost of one addi-
tional verification sweep per iteration. This is a design proposal:
it is specified here but is not part of the implementation used
in Section 4, and none of the results reported below include
it. Implementing it, and reporting the resulting regression rate, is
our immediate next step.

3.8 Core Prompt Templates

Two structured system prompts drive the loop. They are keyed to
the error-pattern taxonomy of Algorithm 2 and were fixed before
the reported runs. Question generation receives the trace details and
the error-pattern name and is asked to synthesize a clear natural-
language question, in domain terminology, about whether the ob-
served behaviour is allowed. Specification refinement receives the
current TLA+ code, the stakeholder answer and the causal trace,
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and is asked to refine the transition guards or properties to incor-
porate the feedback while avoiding any other modification. The
complete prompt set, including the Mode 1 inference prompt and
the noisy-oracle prompts, is in the replication package.

3.9 Scope Limitation: Variables Absent from the
State Space

Because discovery is driven entirely by the model checker, a missing
requirement that refers to a domain variable not present in the
current state space cannot produce a counterexample and will never
be surfaced by the automated loop. The recall figures reported below
are therefore measured over constraints expressible in the variables
of the generated model, and should not be read as completeness with
respect to the stakeholder’s full intent. Introducing such variables
remains a manual analysis step, or must be inferred during initial
synthesis.

3.10 Convergence Analysis

Sufficient conditions. Let ¥ be finite (as enforced by bounded model
checking). If each stakeholder answer is consistent (does not con-
tradict previous answers) and strictly restrictive (generates a prop-
erty ¢new that eliminates at least one previously allowed execu-
tion trace), then C-GRiD converges to a verified specification S*
or proves unsatisfiability in finitely many steps. Argument: at it-
eration i a counterexample 7; € 7 (M;) is found and feedback
yields ¢;y1 with 7; [ ¢iy1. Since @41 = ®; U {di+1}, we have
T (Mir1) € T (M;); the trace set of a finite-state system is finite
and strictly reduced at each step, so the loop terminates.

Interaction with property relaxation. The monotonicity assump-
tion is violated by exactly one class of step: relaxation of an over-
constrained property (Example 1 above), which weakens ® and
therefore enlarges 7 (M). The argument is consequently stated for
a two-phase loop. Each answer is classified as relaxing or restricting;
a relaxation may be applied to a given property at most once, so
the number of relaxation steps is bounded by |®|, and termination
follows from strict trace-set reduction over the restriction steps,
which are the only ones that recur.

Behaviour under realistic conditions. This argument assumes cor-
rect oracle feedback. Under a noisy oracle, termination is not guar-
anteed by state-space reduction alone, since incorrect answers may
induce cycles or expand the trace set; convergence is then ensured
in practice only by the explicit timeout and oscillation detection
mechanisms, which trigger after N,y iterations or on a repeated
specification state.

4 Empirical Evaluation

Evaluating any requirements discovery technique faces a method-
ological obstacle: how can one quantitatively measure the recovery
of requirements that are, by definition, unknown? We adopt a con-
trolled constraint-removal protocol that begins from a complete,
formally verified specification and systematically removes a known
set of critical constraints, creating a testbed with objectively mea-
surable incompleteness and computable recall and precision.

We state the resulting scope restriction explicitly, because it
bounds every claim that follows. What we measure is the recovery
of formal constraints removed from an existing verified specification.
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Table 4: Benchmark Suite Characteristics

Specification Domain #Vars # Constr Complexity
BasicTransfer Banking 3 4 Small
ShoppingCart E-commerce 4 5 Small
OverdraftProtection Banking 4 6 Medium
PatientRecords Healthcare 5 5 Medium
MutualExclusion Concurrency 3 4 Medium
SpecificationName Generic 2 2 Small
TwoPhaseCommit Distributed 8 10 Large
AuctionProtocol Distributed 6 9 Medium
ElevatorController Embedded 10 15 Large
TrafficLightController ~Embedded 7 11 Medium

We do not measure the recovery of unstated informal stakeholder
requirements, and we do not measure the correctness of the initial
natural-language-to-TLA+ translation. These are related but distinct
problems, and the second is arguably the harder one. The protocol
isolates the neuro-symbolic loop so that recall and precision are
computable at all; validating the full elicitation pipeline, from in-
formal documents through to a verified specification, requires the
human studies outlined in Section 6.

4.1 Research Questions

e RQ1 (Effectiveness): How effectively does C-GRiD recover
missing requirements compared to automated baselines un-
der ideal conditions (perfect oracle)?

¢ RQ2 (Robustness to Noise): How does C-GRiD’s perfor-
mance degrade when interacting with an imperfect, “noisy”
stakeholder?

e RQ3 (Efficiency & Scalability): Is the C-GRiD process effi-
cient, and how does its performance scale with specification

complexity?
4.2 Evaluation Methodology
4.2.1 Benchmark Suite. Our benchmark suite comprises 10 for-

mally verified specifications from public literature, detailed in Ta-
ble 4. The suite spans multiple domains and complexity levels, from
small state machines to larger distributed protocols. Complexity is
classified by the number of state variables (#Vars) and constraints
(#Constr). The suite is deliberately weighted towards small and
medium specifications, since the protocol requires a complete, inde-
pendently verified ground-truth specification for every benchmark,
which is expensive to obtain; the largest, ElevatorController,
has 10 variables and 15 constraints. We discuss the consequences
for external validity in Section 5.2.

4.2.2  Protocol and Baselines. For each specification we created
incomplete variants by stratified random removal of constraints, at
two levels k € {3, 5}, simulating moderately and significantly in-
complete requirements. The stratification is a quota over constraint
types and k is the size of that quota rather than an achieved count:
where a specification holds fewer constraints of a requested type,
the sampler takes all available and continues. Between one and
three constraints are therefore removed per configuration, and ev-
ery recall figure uses that number, not k, as its denominator—which
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is why values such as 66.7% arise at k = 5. We compare against two
automated baselines:

e Gen-Once (One-Shot LLM): a sophisticated but non in-
teractive use of LLMs, employing a carefully engineered
prompt with few-shot examples of similar specifications.
It tests the value of the iterative, verification-driven loop
against a purely generative approach.

e Auto-Repair (CEGIS-style Synthesis): a purely symbolic
refinement approach using the same counterexample analy-
sis as C-GRiD but applying fixed syntactic repair templates
(e.g., “add guard: variable > 0” or “enforce mutual exclusion
by locking the resource”) instead of generating a seman-
tic question. Its complete failure (0% recall) is instructive:
generic syntactic templates, without domain semantics or
the ability to query a stakeholder, cannot cover the diversity
of missing constraints in the suite.

On translation systems as baselines. We deliberately do not com-
pare against ARSENAL [11], NL2LTL [9], NL2CTL [35] or related
tools, because they solve a different problem. Those systems map
a given natural-language requirement to a formula under a fixed
behavioural model; they take the requirement set as input and can-
not, by construction, propose a requirement that was never stated.
Running them on our protocol would measure translation fidelity
on the constraints that remain, not recovery of the constraints
that were removed, and the resulting recall would be zero by def-
inition rather than by finding. The two lines are complementary
rather than competing: a translation front-end would be a natural
source of the initial V; that C-GRiD then refines, and evaluating
that combination is future work.

4.2.3 Implementation Details and Experimental Setup. Experiments
were run on an 8-core Intel Xeon CPU with 64 GB RAM. We used
the Groq API with the 11ama-3.3-70b-versatile model, at tem-
perature 0.3 for refinement tasks—chosen in pilot experiments to
balance reproducibility against the semantic diversity needed for
constraint synthesis. The symbolic backend was the TLC model
checker for TLA+, with a bounded depth of k = 15, Njpax = 10
iterations, and a timeout of 300 s per verification run.

To address the “oracle assumption” threat we designed a two-
phase evaluation:

(1) Perfect Oracle: A simulated stakeholder that consults St
(the ground-truth specification) to provide ideal, correct an-
swers, establishing an upper bound.

(2) Noisy Oracle: a simulated stakeholder with a 75% probabil-
ity of a correct answer, 15% of being “ambiguous” (providing
no constraint), and 10% of providing an incorrect, mutated
constraint.

We note that this noise model is deliberately simple. It captures
per-answer error and abstention, but not the phenomena that make
real elicitation hard: partial domain knowledge, intent that evolves
as the dialogue proceeds, and answers that contradict earlier ones.
It is best read as a stress test of the loop’s error-recovery mechanism
rather than as a model of human behaviour. Our full replication
package, including the noisy oracle implementation, all prompts
and benchmark data, is available online.
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4.2.4  Metrics and Analysis. We use three primary metrics: Recall
(the fraction of removed constraints correctly recovered), Precision
(the fraction of newly added constraints that were correct), and the
F1 Score, macro-averaged over runs rather than computed from the
mean recall and precision. To evaluate statistical significance we
use a paired t-test after confirming normality with a Shapiro-Wilk
test, and report Cohen’s d for effect size. We evaluate constraint
equivalence using strict semantic matching that preserves structural
differences: array-indexed constraints (e.g., balance[from] >=
amount) are distinguished from non-indexed variants (e.g., balance
>= 0), as these are semantically different predicates.

Termination categories. A run can stop for reasons that differ
sharply in meaning, and a single “converged” flag conflates them.
We therefore classify each run into one of four categories. V (verified-
convergent): the checker verified V; against ® before Np,.x. RS
(recall-saturated): every removed constraint was recovered, but
the loop continued to Nyax without a final clean verification. VT
(vacuously terminated): the reduced specification already satisfied
®Djnit, so no counterexample was produced and no elicitation took
place. F (failed): terminated by oscillation detection or timeout. The
convergence rates we report aggregate V, RS and VT; the per-run
breakdown is given in Table 6 so that the aggregate is not over-
read. In particular, a VT run carries no information about elicitation
quality, since the loop was never given a counterexample to work
from.

4.3 Results and Analysis

We executed 40 C-GRiD runs, 20 under each oracle, across the
ten-specification benchmark at two incompleteness levels, together
with 24 baseline runs (12 per baseline) on the six-specification
subset described below.

4.3.1 RQI: Effectiveness. As shown in Table 5, C-GRiD under ideal
conditions (perfect oracle) achieved a mean recall of 79.2% and a
high precision of 90.0%, indicating that the framework identifies
correct missing constraints while largely avoiding the hallucination
problem of purely generative models. The strengthened Gen-Once
baseline recovered 2.8% of the removed constraints: even with so-
phisticated prompting and few-shot examples, a non-interactive ap-
proach rarely uncovers a missing requirement. The purely symbolic
Auto-Repair baseline recovered nothing (0.0% recall), confirming
that syntactic template-matching is insufficient for domain-specific
semantic constraints.

The baselines were evaluated on a six-specification subset, giv-
ing 12 paired configurations, whereas C-GRiD’s figures cover the
full suite. We therefore restrict the significance test to the 12 config-
urations on which all three approaches were run rather than pair
measurements taken over different suites. On that subset C-GRiD
recovers 65.3% of removed constraints against 2.8% for Gen-Once,
a mean difference of 62.5 percentage points (95% CI [34.6, 90.4]),
significant by a paired t-test (¢(11) = 4.93, p < .001) with a large
effect size (d, = 1.42). Extending both baselines to the full suite is
the first item of future work.

Decomposing the aggregate convergence rate by termination
category (Table 6) gives a more precise picture than the aggregate
alone. Under the perfect oracle, 2 of the 20 configurations were
verified-convergent, 13 were recall-saturated, 2 were vacuously
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Table 5: Overall Performance Comparison Across All Ap-
proaches.

Approach Recall Precision F1 Convergence
Gen-Once (One-Shot)® 2.8% 8.3% 0.04 100%*
Auto-Repair (CEGIS)® 0.0% 0.0%  0.00 16.7%
C-GRiD (Noisy) 70.8% 80.0% 0.74 75.0%*
C-GRiD (Perfect) 79.2% 90.0% 0.83 85.0%*

*Terminates in 1 iter.; does not imply verification success.
¥ Aggregate of V, RS and VT; see Table 6.
SEvaluated on the six-specification subset; see text.

terminated and 3 failed; under the noisy oracle the splitis 2/ 11/ 2
/ 5. The dominant category is recall-saturation: in most successful
runs every removed constraint had been recovered, but the loop
exhausted Ny, without reaching a clean verification, because sub-
sequent refinements kept introducing new violations elsewhere
(Section 5.1). The appropriate reading of these results is therefore
that C-GRiD reliably finds missing constraints, while reliably in-
tegrating them into a re-verified specification remains an open
problem.

4.3.2  RQ2: Robustness to Noise. When the simulated stakeholder
provided incorrect or ambiguous feedback 25% of the time, C-
GRiD’s mean recall dropped by only 8.4 percentage points to a
still-strong 70.8%, and the convergence rate degraded gracefully
from 85% to 75%. This suggests the symbolic verifier acts as a cor-
rective mechanism: even when the LLM is led astray by an incorrect
answer, a subsequent verification step is likely to produce a new
counterexample, giving the framework another opportunity to ask
a clarifying question and return to the correct path.

Iteration count. The noisy oracle terminates in fewer iterations
on average than the perfect oracle (6.3 vs. 7.1), which is at first sight
counter-intuitive. It is an artifact of early termination rather than
faster convergence. Incorrect or contradictory constraints drive
the loop into oscillation or timeout, and those runs stop after very
few iterations, as the failed k = 5 rows of Table 6 show. Because
the noisy oracle has more failed runs than the perfect oracle, and
failures are short, the global mean is pulled down even though the
successful runs are no faster.

4.3.3 RQ3: Efficiency and Scalability. C-GRiD converged in an av-
erage of 7.1 iterations with the perfect oracle and 6.3 with the
noisy oracle. For moderately incomplete specifications (k = 3) the
perfect oracle achieved 85.0% recall with 90.0% precision and a
100% convergence rate; as incompleteness increased (k = 5) recall
remained strong at 73.3% with unchanged 90.0% precision, while
the convergence rate dropped to 70.0%, a graceful degradation.
The framework also handled our largest benchmarks, including
ElevatorController with 15 constraints, converging in the ma-
jority of runs. One property of these results should be stated plainly.
The four largest specifications account for eight of the twenty con-
figurations and all eight reach 100% recall, but they are also the con-
figurations on which the sampler removed the fewest constraints,
so they are individually the easiest instances despite the largest
surrounding models. They show that the loop is not destabilised
by a larger specification; they are not evidence that recall holds as
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the number of missing constraints grows. Per-benchmark results
appear in Table 6.

In a few cases, such as OverdraftProtection at k = 3, the
framework converged with 0% recall. This occurs when the reduced
specification is vacuously correct for the given properties; without
a counterexample from the model checker the loop terminates
immediately, as there is no feedback to drive the discovery process.
Such runs are labelled VT in Table 6 and, as noted above, say nothing
about elicitation quality.

5 Discussion

Our results support the hypothesis that formal verification, used
as an interactive feedback mechanism for LLMs, is an effective
method for discovering missing requirements: the symbolic verifier
supplies the rigorous, targeted feedback needed to steer the LLM’s
generative capability toward a more complete specification. The
100% convergence rate for moderately incomplete specifications
(k = 3) under a perfect oracle indicates reliability at the most
common scale of requirement gap. As the termination breakdown
in RQ1 shows, however, most of those runs are recall-saturated
rather than verified-convergent, so what is demonstrated is reliable
discovery of the missing constraints rather than reliable production
of a re-verified specification.

5.1 Failure Analysis

The drop in convergence for more complex cases (k = 5) warrants
closer analysis. The three non-convergent perfect-oracle runs are
named in the caption of Table 6. In all of them the framework
identified at least one correct missing constraint, so elicitation was
not the limiting factor.

The failures stemmed from the automated refinement step: while
integrating a correct new constraint, the LLM sometimes intro-
duced a subtle error elsewhere in the specification, producing a
new and different counterexample. This pattern of cascading re-
finement failures indicates that the automated, correct editing of
formal specifications remains an open challenge and our primary
direction for future work.

The prevalence of recall-saturated terminations is evidence of
the same effect at larger scale: in 13 of the 20 perfect-oracle config-
urations the loop had already recovered every removed constraint
and still could not reach a clean verification within Nj,x, which is
the signature of refinements that repair one property while disturb-
ing another. We deliberately do not attach a single corruption rate
to this phenomenon, because our present instrumentation does not
record, for each refinement, which previously-satisfied properties
held before and after the edit. Obtaining that figure requires exactly
the re-verification sweep described in Section 3.7, which is why
we report the regression guard as the next step rather than as a
measured result.

5.2 Threats to Validity
We address four standard categories of validity threats.
5.2.1 Construct Validity. The main threat is the oracle assump-

tion: our simulated perfect and noisy stakeholders are idealized,
whereas real stakeholders are ambiguous, inconsistent and change
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their minds. Mitigation: we frame the study as validating a neces-
sary precondition—the efficacy of the neuro-symbolic loop under
controlled, repeatable conditions—rather than as a study of the
socio-technical elicitation process. Strong performance with a per-
fect oracle and graceful degradation under noise establish an upper
bound and evidence of resilience, motivating a full human study. A
second threat is the realism of constraint removal; we use stratified
sampling across constraint types (guards, invariants) to simulate
diverse omissions, and note that the protocol, while synthetic, is
what makes objective metrics computable.

A third threat is the initial formalization step. In practice, translat-
ing informal requirements into V; can introduce errors that mimic
missing requirements. C-GRiD is designed to surface these symmet-
rically rather than to suppress them (Section 3.6), and we model-
check V; before entering the loop. However, our protocol begins
from existing formal specifications rather than from informal doc-
uments, so it cannot measure how often each case arises in prac-
tice. Quantifying that distribution, and adding automated semantic
validation of the initial translation, requires a study anchored in
natural-language requirements documents, which we have not con-
ducted and which we regard as the most important gap in this
evaluation.

5.2.2 Internal Validity. The main threat is LLM non-determinism.
Mitigation: all experiments used a fixed random seed, and the re-
ported figures are re-derivable from the archived run records.

5.2.3 External Validity. Threats include benchmark representative-
ness, model dependence and scalability. Our 10 specifications span
diverse domains and are drawn from established formal methods
literature, but do not capture industrial complexity. Results are
specific to 11ama-3.3-70b-versatile; the framework is architec-
turally model-agnostic and we expect the relative improvement
over a one-shot baseline to hold, since the contribution lies in the
iterative process rather than in the model.

Scalability is the most serious of the three, and we state it plainly.
Our largest benchmark has 10 variables and 15 constraints, whereas
industrial specifications may have hundreds of variables and com-
positional structure. C-GRiD also operates at the level of the whole
specification rather than the individual requirement, so each veri-
fication call scales with the entire model rather than with the re-
quirement under discussion, and the state-space explosion problem
applies in full. Behaviour at 50+ variables is empirically unvalidated.
We therefore regard compositional verification not as an optional
extension but as a prerequisite for industrial deployment, and we
do not claim applicability at that scale on the basis of the present
results.

5.2.4 Conclusion Validity. The primary threat is the small sam-
ple size: 20 configurations per oracle for C-GRiD, and 12 paired
configurations for the baseline comparison. Mitigation: the effect
on the paired subset (d, = 1.42, t(11) = 4.93) is large enough to
detect at this size, and test assumptions were verified (normality
via Shapiro-Wilk, p > 0.05). We regard the baseline comparison as
indicative rather than definitive until both baselines are run over
the full suite.
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Table 6: Detailed Experimental Results per Benchmark for C-GRiD with Perfect vs. Noisy Oracles. Termination codes: V
verified-convergent, RS recall-saturated (all removed constraints recovered, loop ran to Ny,x), VT vacuously terminated (no
counterexample generated), F failed. Under the perfect oracle, failures were oscillation (MutualExclusion, PatientRecords) and

timeout (ShoppingCart).

Specification Kk C-GRiD (Perfect Oracle) C-GRiD (Noisy Oracle)
Recall Iter. Conv.? Term. | Recall Iter. Conv.? Term.

BasicTransfer 3 | 50.0% 2 v \% 50.0% 2 v \%4
BasicTransfer 5 0.0% 1 v VT 0.0% 1 v VT
OverdraftProtection 3 0.0% 1 v VT 0.0% 1 v VT
OverdraftProtection 5 33.3% 2 v A% 33.3% 2 v \Y%
MutualExclusion 3 | 100.0% 10 v RS 100.0% 10 v RS
MutualExclusion 5 66.7% 2 X F 66.7% 2 X F
TwoPhaseCommit 3 | 100.0% 10 v RS 100.0% 10 v RS
TwoPhaseCommit 5 | 100.0% 10 v RS 100.0% 10 v RS
AuctionProtocol 3 | 100.0% 10 v RS 100.0% 10 v RS
AuctionProtocol 5 | 100.0% 10 v RS 50.0% 2 X F
SpecificationName 3 | 100.0% 10 v RS 100.0% 10 v RS
SpecificationName 5 | 100.0% 10 v RS 50.0% 2 X F
ShoppingCart 3 | 100.0% 10 v RS 100.0% 10 v RS
ShoppingCart 5| 66.7% 2 X F 33.3% 2 X F
ElevatorController 3 | 100.0% 10 v RS 100.0% 10 v RS
ElevatorController 5 | 100.0% 10 v RS 100.0% 10 v RS
TrafficLightController | 3 | 100.0% 10 v RS 100.0% 10 v RS
TrafficLightController | 5 100.0% 10 v RS 100.0% 10 v RS
PatientRecords 3 | 100.0% 10 v RS 100.0% 10 v RS
PatientRecords 51| 66.7% 2 X F 33.3% 2 X F
Average | -] 7922 7.1 85.0% - | 708% 63 75.0% -

6 Conclusion

Eliciting formally verifiable specifications from informal stake-
holder requirements remains a recognized challenge in software en-
gineering. This paper introduced C-GRiD, a neuro-symbolic frame-
work that integrates formal verification directly into iterative re-
quirements discovery. Rather than using model checking solely for
post-development validation, C-GRiD translates counterexample
traces into natural-language queries, establishing an LLM-mediated
feedback loop that systematically elicits missing constraints from
stakeholders.

Using a controlled constraint-removal methodology, C-GRiD
achieved a constraint recovery recall of 79.2% with a perfect oracle
and 70.8% with a simulated noisy oracle, an improvement over both
one-shot generative and template-based synthesis baselines. These
findings support the hypothesis that combining LLM-based gen-
eration with symbolic verification supplies the logical grounding
needed to reduce semantic hallucination and facilitate the discovery
of unstated requirements.

Three limitations define our future work. First, integrating elicited
constraints can introduce syntax or logic errors into the existing
formal model; the prevalence of recall-saturated terminations sug-
gests this is the dominant obstacle to full convergence, and we
will implement and evaluate the regression-guarded loop of Sec-
tion 3.7 alongside verifiable model transformations for monotonic
refinement. Second, having established baseline performance with
a simulated noisy oracle, we plan controlled user studies with soft-
ware engineers and domain experts to evaluate the framework
under natural human ambiguity, contradiction and cognitive load.

626

Such a study is also the only way to close the gap identified in
Section 4, since our present evaluation measures recovery of formal
constraints rather than of informal stakeholder intent. Third, to
mitigate state-space explosion we will explore compositional verifi-
cation, testing whether LLMs can decompose complex requirements
into modular, independently verifiable sub-specifications, and ex-
tend input processing to semi-formal artifacts such as sequence
diagrams and execution logs. Integrating model checking directly
into the elicitation loop offers a structured, automated mechanism
for requirements discovery and a practical route toward more com-
plete and verified formal specifications.

Data Availability Statement

All data and artifacts underlying the reported results—the formal
specification benchmarks, the simulated stakeholder prompts, the
complete experimental results and the Python implementation of
C-GRiD—are publicly available. The replication package is archived
at https://doi.org/10.5281/zenodo.19222714.

Declaration on the Use of Generative Al

The authors used large language models (Google Gemini and Claude)
to assist with code development and language editing. All code was
reviewed, tested and validated by the authors, who take full respon-
sibility for the correctness of the implementation and the integrity
of all reported results.
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