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End-to-End verified code (provably correct code)
generation from Natural Language (NL) description
requires generation of formal specification from the
NL description and proof of correctness of the
generated code in an Interactive Theorem Proving
(ITP) language like Lean 4. The challenge is not
just writing the proof of correctness in a formal
language but coming up with the semantically
correct formal specification (aligned with the NL
description). This can be addressed using multi-
phased correctness certification where not just the
correctness of implementation matters but also the
correctness of the formalization itself.

Intro: Formal Verification

* Formal verification involves writing formal specification in languages like
Lean 4. See the example below:

theorem spec list is sorted

(1st : List Nat) (sort func : List Nat -» List Nat)
:let sorted 1lst := sort func 1lst;

Viij,i<3JA3J< 1lst.length » 1st[i]! < 1st[j]! :=

* Once we describe the formal meaning of correctness for the code being
generated. We can then write proofs about correctness of the
Implemented function. In fact, we can write proof about any formal
statement (including the ones about correctness of programs). Example
of simple proof for mathematical fact:

theorem mod arith 2 (x : Nat): x % 2 = 0 > (x * x)
% 2 = 0:=

intro h

rw [Nat.mul mod]

rw [h]

* In terms of software verification, we can think of specification as a
combination pre and post condition for an implementation of a function.
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Why proof of correctness matters?

The Compiler Trust Gap: Formally verified compilers like CompCert [1]
eliminate the risk of compiler-introduced bugs by proving mathematically
that the generated assembly code works exactly as it is expected to.

The Limits of Testing: Because the astronomical number of possible input
states makes exhaustlve testing impossible for complex systems.
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Dataset Origin: The benchmark adapts 161 problems from
HumankEval[2] (originally Python coding tasks) into Lean 4,
transforming them from simple coding tests into rigorous formal
verification challenges.

Task 1 (Specification): The model must translate the Natural
Language statement (v) into a formal specification (y) and
prove it is mathematically equivalent (isomorphic) to the hidden
human-written ground truth (@*).

*Task 2 (Implementation): The model must generate the actual
functional code (11) and prove that it satisfies the specification,
guaranteeing correctness without relying on test cases.

Strict "QED" Success: Unlike standard benchmarks that
check if code "runs,”" CLEVER considers a solution correct only
If the model produces valid formal proofs for both the
specification alignment and the implementation correctness.

COPRA Baseline

¥ Clavde-3.7 COPRA-enhanced B8l.366% 65.217%

W GPT 055 268b COPRA-enhanced 78.261% 65.83%%

¥ GPT-4o COPRA-enhanced 76.398% 68.323%

* We evaluated both few shot invocation of models and using an theorem
proving agent like COPRA [3]

Future directions

(Natural Language <~ Formal Specification < Proof) Mining:
"Informal-to-Formal” Data: To overcome data scarcity, future work must
mine and align massive datasets of natural language descriptions (like
docstrings) paired with formal specifications, training models to better
"translate” human intent into logic.

* Neuro-Symbolic "AlphaProof" Systems: Moving beyond simple text
generation to hybrid systems where the LLM acts as an "intuitive" guide
for a rigorous "logical" theorem prover (similar to DeepMind's
AlphaProof), solving the problem of hallucinated proofs.
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