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Large language models can generate conventional code, but formally verifiable programs demand more:
executable logic must be accompanied by specifications, loop invariants, and proof-oriented annotations
accepted by a verifier.

Existing resources either start from a formal specification, a partial program, or a proof obligation. They
therefore do not measure the full natural-language-to-verified-program setting.

NL2VBench fills this gap with a reusable benchmark for generating complete Verus programs from natural-
language task descriptions and task-defining interfaces.

Why strict review? A program may pass verification under a weak or task-misaligned specification. We therefore
report Strict Verified Correct (SVC), not verifier pass rate alone.

Benchmark scope. Each task requires a complete Verus artifact: executable Rust code, a functional specification, and
—where needed—loop invariants or proof annotations.

Task input: intent and interface

Input and target output.
Each task exposes a human-revised natural-
language description and a task-defining
Rust/Verus function interface; its verifier-
checked reference solution remains hidden.
The model must synthesize a complete Verus
artifact comprising executable Rust, a
functional specification, and, for loop-based
tasks, inductive invariants or proof
annotations. Verifier acceptance is necessary,
while Strict Verified Correct additionally
requires manual confirmation that both the
implementation and specification are
consistent with the intended task.

Reference artifact: verified Verus solution

Five public sources are filtered for validity and non-triviality, deduplicated, canonicalized, converted to natural-language tasks, and
finalized by human curation. The final dataset contains 762 instances.

LLM assistance is used only to draft task descriptions from curated artifacts. Two authors manually revise
descriptions, remove ambiguity, and verify consistency between the natural language, interface, and
reference solution.

Filtering removes malformed or syntactically incomplete programs, missing or severely incomplete
specifications, trivial examples, and duplicate or near-duplicate tasks. Canonicalization preserves the task-
defining interface and verifier-checked solution while normalizing the artifact format.

Human curation checks problem clarity and correctness, verifies X/Y consistency between task input and
code-specification pairs, and finalizes benchmark instances. Only human-revised descriptions are included in
the release.

Release quality. The benchmark retains only human-revised descriptions whose stated intent, function interface, and
verifier-checked solution have been checked for consistency.

NL2VBench is distinct because the input is natural language + interface and the target is a complete
verified Verus program, rather than only a proof, repair, or translation from another formal language.
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The benchmark is verification-intensive in both specification and implementation. Most tasks involve arrays,
sequences, or complex data structures; 598 tasks require loop invariants.

Simple tasks mainly require interface-level pre/postconditions. Loops tasks contain one or more loops and
require invariants to establish correctness. Complex tasks involve richer structures such as recursion, nested
loops, or sophisticated data manipulation.

The benchmark is intentionally diverse rather than balanced: it captures the common challenge of synthesizing
executable logic together with the formal artifacts needed for successful verification.

We evaluate five representative LLMs under four prompting strategies: zero-shot, few-shot, chain-of-thought,
and least-to-most. Each task receives five generated candidates; Pass@5 credits success if any candidate
verifies.

Pass@1 uses a fixed single candidate from the same batch. This makes Pass@1 and Pass@5 comparable
under the same model, prompt, and decoding configuration.

Best direct NL-to-Verus results. Pass reports verifier acceptance; SVC additionally requires manual expert approval that the
implementation and specification match the task intent.

GPT-5.2 performs best with 50.00% Pass@5 and 48.69% SVC@5, yet still solves only about half of the
benchmark after five attempts. The difficult Loops subset reaches 44.65% Pass@5 and 43.31% SVC@5.

Verifier acceptance alone cannot fully capture semantic correctness: a program may verify under a weak or
task-misaligned specification. In the direct NL-to-Verus setting, two authors with Verus experience
independently reviewed 3,981 verifier-passed outputs, obtaining 93.4% raw agreement before disagreements
were resolved.

The improvement from Pass@1 to Pass@5 shows that repeated attempts can help, but no evaluated model
solves the benchmark reliably. These results demonstrate both the utility of the benchmark and the remaining
difficulty of end-to-end verified code generation.

Research opportunity. The large gap between reliable verification and current model performance makes NL2VBench
suitable for evaluating prompting, agentic repair, retrieval, and proof-synthesis methods.

Conclusion. NL2VBench provides a challenging and reusable benchmark for end-to-end natural-language to verified Rust generation.
The best evaluated model reaches only 48.69% SVC@5, motivating stronger models, prompting strategies, and verification-aware agents.
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