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Abstract

Certified program synthesis (a.k.a. vericoding) is the process of au-
tomatically generating a program, its formal specification, and a
machine-checkable proof of program/specification alignment from
anatural-language task description. Two key challenges make veri-
coding difficult. First, specifications synthesised from natural lan-
guage descriptions are often either too weak to be meaningful or
too strong to be implementable, yet existing approaches lack sys-
tematic means to detect such defects. Second, the program verifiers
used to validate results are fragmented: each tool supports a partic-
ular reasoning mode—auto-active (e.g., Dafny, Verus) or interactive
(e.g., Rocq, Lean)—with its own trade-off between automation and
expressivity. This forces each synthesis methodology to target a
single paradigm, limiting the tasks it can handle.

We overcome both challenges by structuring the synthesis
workflow in stages around a multi-modal verifier—a single tool that
combines dynamic validation, automated proofs, and interactive
proof scripting within one foundational framework. We realise this
idea in LeetProof, a new agentic pipeline built on Velvet, a multi-
modal program verifier built in the Lean theorem prover. Multi-
modality enables LeetProof to validate generated specifications via
randomised property-based testing before any code is synthesised,
decompose the synthesis task into sub-problems guided by verifi-
cation conditions, and delegate residual proof obligations to fron-
tier Al provers specialised for Lean. We evaluate LeetProof on an
extensive benchmark suite derived from prior work on certified
synthesis. Our specification validation uncovers defects in existing
reference benchmarks, and LeetProof’s staged pipeline achieves a
significantly higher rate of fully certified solutions than a single-
mode baseline at the same fixed budget—consistently across two
different frontier LLM backends.
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1 Introduction

Certified program synthesis, or vericoding [8], is the task of produc-
ing, from a description in a natural language, a program together
with a formal specification and a machine-checkable proof that the
program meets it. This is inherently difficult because it weaves to-
gether two problems that are hard in isolation—(a) translating an
informal intent into a precise formal specification and (b) proving
that a synthesised implementation satisfies it—and each feeds back
into the other: a faulty specification dooms even a correct program,
while an inadequate proof strategy leaves a correct specification
unverified. Recent advances in LLM-based code generation have
made vericoding feasible by enabling models to produce formal
specifications and proof scripts [9, 25, 41, 58, 65], while program
verifiers serve as trustworthy oracles that check the results.

The landscape of modern program verifiers broadly splits into
two families. Auto-active verifiers, such as Dafny [32], Viper [45],
Verus [28], and F* [9], ask the programmer to annotate code with
pre/postconditions, assertions, and loop invariants, which an SMT
solver [6, 13] then checks automatically. Interactive provers, such
as Rocq [55] and Lean [14] instead require the user to construct
proofs, step by step, using proof scripts, offering full expressivity at
the cost of greatly increased manual effort.

A growing body of work has tackled vericoding for each indi-
vidual verifier and paradigm. On the auto-active side, LLM-based
approaches have been developed for Dafny [4, 5, 35, 41, 43, 58],
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Verus [2, 10, 65], and F* [9]. On the interactive side, analogous ef-
forts target Lean [57] and Rocq [25, 36, 61]. Dedicated benchmarks
have accompanied each line of work: DafnyBench [35] for Dafny,
and VERINA [67], CLEVER [60], and VeriBench [40] for Lean.

This fragmentation of the verifier landscape, and of the veri-
coding efforts built atop it, is not merely an inconvenience. Be-
cause each approach is built around the idioms of a single verifier,
the resulting workflows, prompting strategies, and feedback loops
are deeply entangled with tool-specific details, making it difficult
to distil reusable principles that transfer across different verifiers
or LLM backends. Moreover, validating formal program specifica-
tions in most of these pipelines is typically limited to human in-
spection [8, 37, 41, 67], with no systematic way to detect whether
a generated specification is too weak (admitting incorrect imple-
mentations) or too strong (ruling out every correct one).

The specification-quality problem is not hypothetical. During
this work, we discovered that roughly 10% of the reference spec-
ifications in two state-of-the-art benchmarks, VERINA [67] and
CLEVER [60], are defective—they either under-constrain or incor-
rectly express the intended properties of the expected output (more
on that in Sec. 5). This reinforces the need for automated specifica-
tion quality checks as a component of any vericoding pipeline.

In this work, we propose to address both the tool-fragmentation
and the specification-quality problems by designing the veri-
coding workflow around a multi-modal verifier—a single tool
that supports dynamic validation (testing), automated verification
(SMT), and interactive proof scripting within one foundational
framework—one whose reasoning principles are themselves me-
chanically verified, rather than trusted axioms. Traditional single-
mode approaches commit to one paradigm: auto-active tools such
as Dafny [32] offer fast SMT-backed feedback but cannot express
proofs outside the solver’s reach, while interactive provers such
as Lean are more expressive but provide less automation. A multi-
modal verifier combines both, letting the pipeline choose the most
effective mode at each step: automation for routine obligations, in-
teractive mode for harder cases, and testing as a fast oracle.

We implement this idea on top of Velvet [18], a new verifier for
imperative programs embedded as a library in Lean. Velvet is built
on Loom [19], a general framework for foundational multi-modal
verification in Lean. It integrates SMT-based automation [42, 53]
with interactive Lean proofs and supports QuickCheck-style [11,
20, 29] property-based testing (PBT) of programs, specifications,
and loop invariants. Since Velvet programs are ordinary Lean pro-
grams, the entire Lean ecosystem—type checker, automation tac-
tics, and the Mathlib library [38]—is available at every stage, and
tricky verification goals can be delegated to frontier Al provers [1].

Working with a foundational yet executable language (i.e., Lean)
also lets us address the specification-quality problem. Lahiri [27]
proposed symbolic specification testing: using specifications and an
SMT-based verifier to prove that concrete tests do not fail, without
executing code. While effective for Dafny, purely symbolic check-
ing becomes prohibitively expensive in Lean, where SMT covers a
smaller fraction of proof obligations. What turned out to work sur-
prisingly well is randomised specification testing—using property-
based testing [20] to validate specifications against test cases in-
stead of formal proofs. PBT is fast, requires no proof engineering,
and catches the same class of defects at a fraction of the cost. A
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specification that fails is rejected before any code synthesis, catch-
ing under-specification early and cheaply.

Combining multi-modal verification with randomised specifica-
tion testing, we present LeetProof: an Al-assisted agentic pipeline
for end-to-end vericoding that decomposes synthesis into inde-
pendently validated stages—specification generation, program/in-
variant synthesis, and last-mile proof construction. This structure
maps onto an agentic architecture [66, 68], in which independent
Al systems work in tandem with deterministic symbolic tools, al-
lowing the pipeline to be composed modularly and optimised for
costs by fine-tuning its specific components. It was only by experi-
menting with different modes at each stage that we identified PBT
as the most cost-effective approach for specification validation—
illustrating the benefit of the staged, multi-modal design.

Contributions. This work makes the following contributions:

LeetProof: the first agentic pipeline for end-to-end vericoding
built around a foundational multi-modal verifier, combining test-
ing, automated SMT-based proofs, and Al-assisted interactive
proof scripting in a unified, staged synthesis pipeline (Sec. 3).

A new testing infrastructure for Lean-based vericoding (Sec. 4):
type class-based output mutation for specification completeness
checking, bounded enumeration for existential quantifiers in ver-
ification conditions, and a meta-programmed harness for ran-
domised testing of synthesised programs and invariants.

An evaluation of LeetProof specification inference (Sec. 5) demon-
strating that 97.4% of our generated specifications are logically
equivalent or represent justified divergence points from the VE-
RINA benchmark [67], while randomised specification testing
uncovers defects in ~10% of two published benchmark suites:
VERINA and CLEVER [60].

A new benchmark of 50 imperative-style LeetCode problems
with complexity annotations, and an evaluation of LeetProof
synthesis pipeline (Sec. 6) showing that: (a) the multi-modal Leet-
Proof pipeline produces significantly more fully certified solu-
tions than a single-mode Lean baseline at the same fixed budget
(Sec. 6.2); (b) all partially verified Velvet solutions are discharge-
able with additional interactive effort, confirming the correct-
ness of the synthesised artefacts (Sec. 6.3); and (c) these gains
are consistent across different frontier LLM backends (Sec. 6.4).

2 Background

We start by briefly introducing the two systems that LeetProof
builds on: the Lean theorem prover and the Velvet verifier.

2.1 Lean

Lean [12] is an open-source theorem prover and dependently typed
programming language. Its expressive type system allows users to
state and prove theorems (including statements about pure func-
tional programs) interactively using proof scripts. Lean’s mathe-
matical library Mathlib [38] contains over 210,000 formalised the-
orems, making it one of the most extensive such libraries in any
proof assistant. This rich ecosystem has made Lean the platform
of choice for major Al-assisted mathematical reasoning efforts,
including AlphaProof [23], which achieved silver-medal perfor-
mance at the 2024 International Mathematical Olympiad (IMO),
and Aristotle [1], which reached gold-medal level at the 2025 IMO.
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1 def countDivisors (n: N) : N :=

2 ((List.range (n + 1)).filter

3 (fund=>d>0 An%d-=0)).length

4

5 def isPrime (n: IN) : Prop := n > 1 A countDivisors n = 2
6

7 method IsNonPrime (n: IN) return (result: Bool)

8 ensures result = true < —isPrime n

9 do

10 if n < 1 then return true

1 let mut i : IN := 2

12 let mut ret : Bool := false

13 while i *x i < n

14 invariant —ret & Vd, 2 < dAd<i—>n%d=+0
15 invariant i > 2 A (1 -1) * (i -1) <n
16 do

17 if n % i = @ then ret := true

18 i:=1+1

19 return ret

Fig. 1: A Velvet method for checking non-primality.

Beyond mathematics, Lean also serves as a meta-verifier: its hy-
gienic macro system and metaprogramming facilities [49] allow
users to embed domain-specific reasoning frameworks as libraries.

2.2 Velvet

Velvet [18] is a Hoare-style [22] program verifier for imperative pro-
grams, embedded as a library in Lean via Loom framework [19].
Programs in Velvet are annotated with pre/postconditions and
loop invariants, and Loom generates verification conditions (VCs)
whose validity implies program correctness. Because Loom is for-
malised in Lean, this implication is a machine-checked theorem—
making Velvet a foundational verifier that need not be trusted.

Fig. 1 shows a complete Velvet example: a method that decides
whether a natural number is not prime. The specification relies on
two auxiliary Lean definitions, countDivisors and isPrime (lines 1-
5). These are ordinary Lean functions that use list filtering and
quantification; they are executable but would be inefficient to run
on large inputs. This is a deliberate design choice: specifications in
Velvet are Lean propositions and need not be executable.

The imperative method IsNonPrime (lines 7-19) comes with
the postcondition (ensures clause at line 8), which states that
its Boolean result corresponds exactly to —isPrime n. The loop
(lines 13—-18) carries two invariants: ret is false iff no divisor of
n has been found in [2,i), and i > 2 with (i—1)> < n. Velvet pro-
grams are ordinary Lean programs (with monadically encoded ef-
fects [59]): one can execute, e.g., #eval (IsNonPrime 42).run to test
the method.

The Velvet command prove_correct triggers VC generation. For
this example, it produces 15 verification conditions—plain Lean
theorems that together imply correctness of IsNonPrime w.r.t. the
ascribed specification. Of these, 14 are discharged fully automati-
cally with the help of SMT-based automation (via lean-auto [53])
and Lean tactics such as grind [30] and aesop [34]. The single
remaining VC requires an interactive proof: it is the number-
theoretic fact stating that a number is prime if and only if it has no
divisors between 2 and its integer square root. This proof can be
written in Lean or delegated to an Al prover such as Aristotle.
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3 A Tour of LeetProof

LeetProof takes a programming task in natural language and pro-
duces a verified Velvet program with a machine-checkable correct-
ness proof in Lean. The task is decomposed into three stages: speci-
fication (Sec. 3.1), program synthesis (Sec. 3.2), and proof (Sec. 3.3);
each producing a validated intermediate artefact. Fig. 2 illustrates
the pipeline on LeetCode problem 1752:! the natural language
statement (Fig. 2a) becomes a formal specification (Fig. 2b), then a
Velvet implementation (Fig. 2c) with a correctness proof (Fig. 2d).

3.1 Specification Synthesis

The first stage translates a natural-language problem description
into a formal Lean specification (Fig. 2b). The LLM also generates
several concrete test cases alongside the specification; these serve
both as validation inputs and as human-readable documentation
for the formal definitions. Since every subsequent stage—program
synthesis, invariant inference, and correctness proof—depends on
this specification, ensuring its quality is crucial. An LLM-generated
specification can go wrong in several ways: it may fail to type-
check, admit trivially correct implementations by being too weak,
impose constraints that no implementation can satisfy by being too
strong, or simply misinterpret the problem. Our pipeline addresses
these risks in steps, as shown in the top row of Fig. 3.

The process begins with an LLM proposing a draft specification
together with ~10 test cases (some derived from the problem state-
ment, some are synthesised). The draft must type-check in Lean; an
LLM judge then reviews it for common issues. If either check fails,
the LLM revises the draft. To gain further confidence, we apply our
new take on randomised specification testing using Lean’s Plausible
PBT library [29]. For each test case, LeetProof programmatically
generates three checks: (a) the test input satisfies the precondition,
filtering irrelevant inputs; (b) the intended input/output pair satis-
fies the postcondition, catching specs that reject correct answers;
and (c) no alternative output satisfies the postcondition for the
same input, ruling out under-specification [4, 27].

Fig. 4 illustrates this on our running example. The specification
defines a precondition (@) requiring the array size to exceed 1, and
apostcondition (@) stating that result = true implies the array is
sorted-and-rotated. A test case (®) is generated alongside. Each
PBT check is a Lean definition typed as Prop—syntactically iden-
tical to a theorem. Normally this requires a deductive proof; how-
ever, the tactic plausible’ (a non-failing variant of Lean’s Plausi-
ble tactic [29]) instead searches for counterexamples by generating
random inputs. If a counterexample is found, the check fails and
the spec or test case is flagged. If none is found, plausible’ silently
admits the goal (i.e., inserts a sorry), letting the pipeline proceed.
This is safe in terms of verification because these checks are vali-
dation guards, not part of the final correctness certificate.

In this example, checks @ and ® both pass: the input #[1, 2, 3]
satisfies the precondition (size 3 > 1), and the expected output true
satisfies the postcondition. However, the uniqueness check ® fails:
PBT finds result = false as a counterexample. Because the post-
condition uses an implication (— rather than <), setting result
to false makes it vacuously true—so the specification admits a

'https://leetcode.com/problems/check-if-array-is-sorted-and-rotated/
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Given an array nums, return true if the array was originally sorted in non-decreasing order, then rotated some number of
positions (including zero). Otherwise, return false. There may be duplicates in the original array. An array A rotated by x
positions results in an array B of the same length such that B[i]l == AL[(i+x) % A.length] for every valid index i.

(a) LeetCode problem 1752 statement in plain English

-- A "drop" is a strict decrease from an element to

-- its cyclic successor.

def isDrop (nums : Array Int) (i :
nums.size > @ A 1 < nums.size A
nums[(i + 1) % nums.size]! < nums[i]!

Nat) : Prop :=

-- A sorted-and-rotated array has at most one cyclic drop.
def rotSortedProp (nums : Array Int) : Prop :=
nums.size < 1 Vv
(Y i j : Nat, isDrop nums i — isDrop nums j — i = j)
-- No extra assumptions are needed for this problem.
def precondition (nums : Array Int) : Prop := True

-- The returned boolean should exactly decide "rotSortedProp"
def postcondition (nums : Array Int) (result : Bool) :=
result = true < rotSortedProp nums

(b) Lean specification: auxiliary functions and pre/postconditions

-- One of the residual goals to prove interactively
theorem goal_2
(nums : Array Int)
(i_2 : Nat)
(invariant_inv_bounds : i_2 < nums.size)
-- other invariants are omitted for brevity
(if_pos : {k € Finset.range i_2 | nums[(k + 1) % nums.size]!
< nums[k]l!}.card < 1)
(done_1 : nums.size < i_2)
: postcondition nums true := by sorry
prove_correct CheckSortedAndRotated by
loom_solve <;> ...
exact (goal_2 ...)

(d) Proof script and an example extracted residual goal

1 method CheckSortedAndRotated (nums : Array Int)
2 return (result : Bool)

3 require precondition nums

4+ ensures postcondition nums result

5 do

¢ let n := nums.size

7 if n < 1 then return true

s else

9 let mut drops : Nat := @

10 let mut i : Nat := @

11 while i < n

12 -- The loop index stays within bounds. @
13 invariant "inv_bounds" (i < n)

14 -- The array size used in the loop is fixed.
15 invariant "inv_n_def" (n = nums.size)

16 -- Modulo indexing is safe because n > 0.
17 invariant "inv_n_pos" (n > 0)

18 -- drops counts the cyclic decreases

19 invariant "inv_drops_count"

20 (drops = (Finset.filter

21 (fun k : Nat => nums[(k + 1) % nl! < nums[k1!)
22 (Finset.range i)).card)

23 decreasing n - i

24 do

25 let a := nums[i]!

26 let b := nums[(i + 1) % n]!

27 if b < a then drops := drops + 1

28 i=1i+1

29 return (drops < 1)

31 #guard (CheckSortedAndRotated #[4, 1, 2, 31).extract ©@
32 velvet_plausible_test CheckSortedAndRotated ®

(c) Executable Velvet implementation and tests

Fig. 2: LeetProof pipeline: from the task description in a natural language to formally specified and verified Velvet code.

degenerate implementation that always returns false. This is ex-
actly the class of under-specification that randomised testing is
designed to catch. Beyond filtering, the generated tests serve as
human-readable documentation for the formal specification: a user
can inspect the accepted concrete input/output pairs to understand
what the spec means without reading the formal Lean definitions,
closing an important gap between the informal task description
and the rigorous specification used in subsequent stages. An al-
ternative is symbolic specification testing [27], which proves that
each test passes under the specification via an SMT-based verifier.
We experimented with this and found it ineffective in Lean: even
simple proof obligations were expensive to construct, making PBT
the clear winner in cost. Once a specification and its tests pass all
checks, they serve as the ground truth for the subsequent stages.

3.2 Program and Invariant Synthesis

Velvet is an intrinsic program verifier: correctness proofs rely
on program-level annotations—most importantly, loop invariants—
that drive the verification condition (VC) generation covered in
Sec. 3.3. Consequently, this stage couples two sub-tasks: synthesis-
ing the program code and inferring its loop invariants.

Code generation. Given a validated specification from Stage 1,
the LLM generates a candidate Velvet program (middle row of
Fig. 3). For our running example, the result is shown in Fig. 2c.
Because Velvet programs are ordinary Lean programs, they can
be tested immediately: @ shows a concrete test case assertion (via
Lean’s #guard command), and ® invokes PBT via a helper macro.
PBT checks the program against both the specification and con-
crete test cases by running it on random inputs satisfying the pre-
condition and verifying the postcondition holds. Any failure is fed
back to the LLM for revision. An LLM judge additionally reviews



Certified Program Synthesis with a Multi-modal Verifier

ASE ’26, October 12-16, 2026, Munich, Germany

Task description . .
specification

LLM drafts
[in natural language

LLM reviews
specification

Hoare-style
specification

Revise

LLM drafts
program

Hoare-style
specification

Build + test case
assertion + PBT
U

LLM reviews
program

Velvet program
(no invariants)

Revise

LLM drafts

. . Build + PBT
invariants

Velvet program
(no invariants)

(test invariants) }_"

LLM reviews
invariants

Check VCs
(SMT + PBT)

Velvet program
+ loop invariants

Revise

Fig. 3: Partial LeetProof pipeline: specification generation (top), program synthesis (middle), and invariant inference (bottom).
Solid blue arrows show artefacts flowing between stages; dashed red arrows show revision loops within each stage.

1 def precondition (nums : Array Int) : Prop :=

@
2 nums.size > 1 -- not the final one, too restrictive

3 ®
4+ def postcondition (nums : Array Int) (result : Bool) :=
5 result = true — rotSortedProp nums

6 ®
7 def testi_nums : Array Int := #[1, 2, 3]

s def test1_Expected : Bool := true

10 def precondition_testl : precondition testl_nums := @

11 by simp; plausible’

13 def postcondition_testl : ®
14 postcondition testl_nums test1_Expected := by
15 simp; plausible’

17 -- counterexample to uniqueness: result = false ®
15 def uniqueness_test1l (result : Bool) :

19 result # testl_Expected —

20 - postcondition testl_nums result := by

21 simp ; plausible’

Fig. 4: PBT checks for generated specifications and test cases.

the output for common issues (e.g., producing pure functional Lean
code rather than imperative Velvet code, which would bypass in-
variant inference and undermine the multi-modal design).
Invariant inference. Loop invariant inference—finding induc-
tive properties that hold at every iteration and are strong enough to
imply the postcondition—is a notoriously difficult problem, closely
intertwined with the specification inference and program correct-
ness proof [4, 17, 43]. In auto-active verifiers like Dafny, candidate

1 invariant "inv_drops_count"

2 (drops = < (Finset.filter
3 (fun k : Nat => nums[(k + 1) % nl! < nums[k]!)
4 (Finset.range i)).card)

Fig. 5: Incorrect invariant caught by PBT.

invariants can be checked cheaply via SMT. In Lean, SMT covers
a smaller fraction of obligations (though it remains effective for
linear arithmetic), so we again exploit multi-modality.

The invariant inference loop (bottom row of Fig. 3) proceeds
as follows. The LLM proposes candidate invariants (® in Fig. 2c).
LeetProof then triggers VC generation via Loom and attempts to
discharge the resulting VCs with automated tactics. For VCs that
remain, PBT searches for counterexamples. If a counterexample is
found—or if the LLM, inspecting the remaining VCs, judges one to
be unprovable given the current invariants—the feedback is prop-
agated back and the LLM revises its invariants.

Fig. 5 illustrates this: replacing = with < in the inv_drops_count
invariant causes PBT to immediately produce a counterexample:

[velvet_plausible_test] FAIL: invariant "inv_drops_count"

« doesn’t hold

nums = #[-18, 10, -13, 11, 8, 17, 13, -19, 15, -1, -27, -25]
The buggy invariant claims drops is strictly less than the number of
cyclic decreases seen so far. For this input, the two quantities are
equal at some iteration, violating the strict inequality.

The decreasing clause (line 23 of Fig. 2c) specifies a termina-
tion measure for the loop, which is also inferred by LLM at this
stage and formally verified in the subsequent proof synthesis stage.
This clause is optional: Velvet supports both partial correctness (the
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postcondition holds if the program terminates) and total correct-
ness (the program terminates and satisfies its postcondition) [19].
The choice can be configured per task in the vericoding pipeline.

Guarantees at the end of this stage. PBT can refute incorrect
invariants but cannot prove that the surviving ones are induc-
tive or sufficiently strong. The goal of this stage is therefore high-
confidence invariants: candidates that pass all automated checks
(PBT, LLM review) without yet having been formally proved cor-
rect. This leaves room for incompleteness: an invariant may turn
out to be too weak during the proof stage. In practice, the combi-
nation of PBT filtering and LLM-based VC assessment produces in-
variants that rarely need revision (cf. Sec. 6). A program that passes
all checks is forwarded to the next stage for the final formal proof.

3.3 Proof Synthesis and Residual Obligations

Once a Velvet program with high-confidence invariants is ready,
the prove_correct command triggers VC generation via Loom.
Each VC is an ordinary Lean theorem, which means we can dis-
patch it using any method available in the Lean ecosystem—a key
advantage of working inside a foundational proof assistant.

LeetProof first attempts to close every VC automatically using a
combination of SMT-based tactics [42, 53] and built-in Lean tactics
such as grind [30] and aesop [34]. For our running example, this
step discharges 14 out of 18 VCs, leaving 4 residual obligations.

A residual obligation is a VC that automation cannot close. In
the listing, these appear as Lean theorems with sorry placehold-
ers (Fig. 2d), which are then plugged into the prove_correct block.
The goal goal_2 in Fig. 2d is one such obligation: it requires show-
ing that the loop’s postcondition follows from the invariants at
termination—a mathematical fact that SMT cannot discharge.

To close residual obligations, LeetProof employs an LLM-based
agent inspired by the decomposition technique of Hilbert [63]. The
prover agent has access to Mathlib [38] search, can register auxil-
iary lemmas, and can decompose a goal into smaller sub-goals that
it attempts recursively. For particularly hard obligations, LeetProof
can delegate to specialised Al provers such as Aristotle [1]. The
agent operates autonomously within a fixed token budget.

In principle, the PBT-based checks from earlier stages (specifica-
tion validation, invariant inference) could be all replaced by a loop
over Al-assisted interactive proof attempts. We experimented with
this alternative and found it impractical: even for simple tasks, the
token and time costs of attempting formal proofs vastly exceeded
those of PBT, which provides the same filtering effect at a fraction
of the cost. This confirms our design choice of reserving interactive
proving for the final stage, where it is strictly necessary.

4 LeetProof Testing Infrastructure

This section details the PBT machinery that underpins the pipeline
stages described in Sec. 3: generating specification tests, handling
existential quantifiers in statements, testing programs and invari-
ants, and the role of Lean meta-programming. All PBT checks
in LeetProof are built on Plausible [29], a property-based testing
framework for Lean 4 that integrates with the tactic system. Given
a theorem statement, Plausible generates random inputs and at-
tempts to refute the theorem by finding counterexamples.
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4.1 Handling Existential Quantification

PBT fundamentally struggles with existential quantification. Uni-
versally quantified properties can be tested by sampling inputs and
checking the predicate, but negating an existential postcondition
requires showing that no witness exists—which in general entails
reasoning over the entire domain. This pattern is pervasive in ver-
ification conditions for array programs. For example, to test

(Vi, i < arr.size — arr[i] > 0) = sum(arr) > 0,
one must handle the logically equivalent form
(3i, i < arr.size A arr[i] < 0) Vv sum(arr) > 0.

(The equivalence follows from rewriting the implication A — Bas
—AV B and pushing the negation through the universal quantifier.)
Plausible cannot test the existential disjunct directly, since refuting
it would require enumerating the entire domain of i.

We exploit a structural property of the verification conditions
that arise in practice: existential variables typically admit finite
bounds inferable from the theorem structure. In the example above,
the constraint i < arr.size bounds the existential variable i, so
the disjunct can be checked by enumerating i € [0, arr.size). We
extend Plausible with a lightweight heuristic that extracts subex-
pressions appearing in inequality constraints as candidate bounds
for existential variables and uses Lean tactics (e.g., grind, omega)
to discharge the resulting bound obligations—i.e., to prove that the
candidate expression is indeed an upper bound, which is necessary
for the enumeration to be sound. When bounds can be established,
existential quantification reduces to bounded enumeration during
testing. While this does not solve the challenge of testing arbitrary
existential quantifiers, it covers the common patterns that arise in
program verification and is effective in practice.

4.2 Testing Specifications

Sec. 3.1 described the three PBT checks—pre/postcondition sound-
ness, and output uniqueness—that LeetProof generates for each
test case. Here we formalise the underlying definitions. Let I de-
note a set of inputs, let /(i) be the precondition, and let ¢(i, 0) be
the postcondition. For an input i € I, let 6(1) denote the set of in-
tended outputs. A postcondition ¢(i, 0) is precise on I if it satisfies:
(1) Soundness: all intended outputs are accepted, ie., Vi € I, Yo €
6(i), ¢(i,0). A violation means the spec is too strong.
(2) Completeness: all unintended outputs are rejected, ie., Vi €
I,Voé¢ 6(1'), =¢(i, 0). A violation means the spec is too weak.

During spec generation, the LLM produces concrete test cases
alongside the spec. Each test case consists of an input i together
with a representative intended output 6 € 0(i). To validate sound-
ness, for each test case (i, 0), Plausible checks (a) the input satisfies
the precondition and (b) the input/output pair satisfies the postcon-
dition. Failure in either check indicates a flaw in either the gener-
ated specification or the tests; the failing check and counterexam-
ple are fed back to the LLM, which revises the spec (cf: Sec. 3.1).
Testing completeness is more challenging, because it requires
checking that no unintended output satisfies the postcondition—
a universal statement over an unbounded output domain. How-
ever, for many algorithmic problems (e.g., typical LeetCode tasks),
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the intended output is deterministic: 6(1) = {0}. Under this as-
sumption, completeness simplifies to verifying the uniqueness of
the intended output, yielding the testable form Yo # 06, =¢(i, 0).
Checking completeness thus becomes a search for a spurious out-
put 0 # 0 that erroneously satisfies ¢. In practice, spurious out-
puts often share structure with the intended one. We therefore
first sample candidate outputs randomly, then apply small muta-
tions to 0, checking via Plausible whether any candidate inadver-
tently satisfies ¢. The mutations are type-directed: Booleans are
flipped; numeric types (Nat, Int, Char) are perturbed by a small ad-
ditive delta (with Int additionally supporting negation); pairs a x f§
have one component mutated (or, when ¢ = f, swapped); collec-
tions (Array @, List a, String) undergo element-level mutation, ran-
dom deletion, or random insertion. These operators target common
classes of specification errors: small numeric perturbations expose
boundary and off-by-one errors, swaps expose unintended order
sensitivity, and insertion or deletion exposes incorrect length or
cardinality constraints.

All mutations are implemented via Lean type classes—a mech-
anism for expressing constrained polymorphism, similar to
Haskell’s type classes or Rust’s traits [31]. A type class Mutatable &
declares a single operation mutate : @ — Gen @, where Gen is Plau-
sible’s randomised generation monad. The operation takes a value
and returns a “nearby” variant, enabling corpus-guided fuzzing on
top of Plausible. Concrete instances provide the implementation
for each base type listed above. Composite types such as multi-
dimensional arrays are supported automatically through recursive
instance resolution: the instance for Array a delegates element-
level mutations to the Mutatable « instance, which in turn may
recurse further.

4.3 Testing Programs and Invariants

We adapt PBT to test both synthesised programs and their loop
invariants, as outlined in Sec. 3.2, by transforming a Velvet method
into a testing harness that interleaves execution with checks done
at runtime. Fig. 6 illustrates the result for our running example.

The harness has three noteworthy components (highlighted in
Fig. 6). First, the input is sampled randomly subject to the precon-
dition (line 3): Plausible generates candidate arrays and retains
only those satisfying precondition. Second, each loop invariant
is checked both at loop entry (lines 9-11) and after every itera-
tion (lines 17-19). A failure pinpoints the exact invariant and the
concrete input that violates it, giving the LLM targeted feedback
for revision. Third, the postcondition is checked on the final result
(lines 21-22), catching implementations that compute an incorrect
answer despite maintaining all invariants.

4.4 Using Lean Meta-Programming

The testing harness of Fig. 6 must inspect a method’s structure
to instrument each invariant, so it cannot be an ordinary func-
tion. We implement it via Lean’s meta-programming facilities [49],
which manipulate program components during compilation. Vel-
vet is shallowly embedded in Lean: a method is a monadic com-
putation in VelvetM [19], modelling mutable state and imperative
control flow. We enrich it with two monad transformers [33] for
failure reporting and randomised input generation:
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1 method CheckSortedAndRotatedTesting

2 do

3 nums <« sample(Array Int) satisfying precondition
4+ let n := nums.size

5 if n < 1 then return true

¢ else

7 let mut drops : Nat := @

8 let mut i : Nat := @

9 if not (plausible_test "inv_bounds") then
10 throwError "inv_bounds failed at entry"

1 -- (other invariants checked similarly)

12 while i < n do

13 let a := nums[i]!

14 let b := nums[(i + 1) % n]!

15 if b < a then drops := drops + 1

16 i:=1i+1

17 if not (plausible_test "inv_bounds") then
18 throwError "inv_bounds not preserved"
19 -- other invariants are checked similarly
20 let result : Bool := drops < 1

21 if not (plausible_test "post") then

22 throwError "postcondition failed"

Fig. 6: A testing procedure for CheckSortedAndRotated

def VelvetTestingM := ExceptT String (StateT StdGen VelvetM)

Here, ExceptT String adds the ability to abort with an error
message (used when a check fails), and StateT StdGen threads
a pseudo-random generator through the computation (used by
Plausible for sampling). During elaboration—the phase in which
Lean resolves implicit arguments, synthesises type class instances,
and type-checks terms—our metaprogramming code embeds ev-
ery VelvetM operation into VelvetTestingM (via the standard
monad transformer 1ift) and replaces each invariant annotation
with an inlined Plausible check. The result is exposed as the
velvet_plausible_test command (cf. Fig. 2¢), which runs property-
based tests on Velvet methods and reports any counterexamples.

5 Specification Inference Evaluation

Specification quality is the bedrock of the vericoding pipeline: a
flawed spec renders every subsequent stage vacuous. To the best
of our knowledge, there is no established method to rigorously
prove that a formal specification perfectly captures the subjective
intent of a natural language description. Therefore, we instead eval-
uate the accuracy of LLM-generated specifications compared to
human-written references and whether PBT can serve as a qual-
ity oracle, which is a priori not obvious, since specs are logical
formulas whose counterexamples may be hard to find by random
sampling. We test against the VERINA benchmark [67]; the results
are surprising—both in accuracy and in what PBT reveals about
existing benchmarks.

5.1 Assessing Specification Accuracy

RQ1: How accurate are the specifications generated by Leet-
Proof compared to human-written reference specifications?

To answer this question, we need a benchmark with ground-
truth specifications against which we can compare. We choose
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Tab. 1: Specification issues discovered in published benchmark suites for vericoding in Lean.

Benchmark Issue type #  Instances

VERINA [67] Underspecified postcondition 12 adv.8, adv.47, adv.71, bas.22, bas.34, bas.37, bas.46, bas.77, bas.84, bas.95, bas.97, bas.103
Incorrect postcondition 4 adv.10, adv.12, adv.13, bas.79
Underspecified postcondition 16  P7,P24,P27, P29, P30, P44, P49, P68, P69, P79, P84, P88, P89, P96, P156, P161

CLEVER [60]  Implementation issue 1 P9

Possible incorrect specification 1 P94

VERINA, the largest available Lean-based vericoding benchmark
to date [67], which pairs 189 natural-language problem descrip-
tions with manually curated formal specs. We excluded one prob-
lem (basic_104) from our experiment because its reference specifi-
cation relies on a custom data structure that prevents automated
comparison. Data leakage does not readily explain our results: al-
though VERINA is public, a model merely recalling its reference
specifications would also reproduce their defects, whereas our gen-
erator diverges from and corrects them (cf. Sec. 5.2).

For each of the remaining 188 problems, we run our specifica-
tion generator (Sec. 3.1) to produce a candidate (preyey, postye,)
and compare it against the reference (pre,y, post.s). We as-
sess semantic accuracy via formal equivalence checking in Lean:
(i) the preconditions are equivalent, pres., <« pres and
(i) under the precondition the postconditions agree, Pregen =
(postyey, < postyr). We discharge these obligations using Aristotle
Al prover [1], which was freely available at the time of submission,
though high demand for the system led to long waiting times. We
rely on an Al prover rather than SMT alone here because Lean’s
SMT bridge (lean-auto [53]) cannot translate every Lean construct,
and these equivalence checks frequently involve functions that re-
sist such translation. When equivalence cannot be established, the
authors manually inspect the specifications to categorise the dis-
crepancy. The 188 problems break down as follows:

(1) Equivalent (150): generated specifications are logically equiva-
lent to the reference ones.

(2) Reference issues (16): inconsistencies between the benchmark’s
reference specs and the intended semantics (cf- Sec. 5.2).

(3) Precondition variations (14): preconditions differ slightly (e.g.,
admitting broader input sets) but remain valid semantic exten-
sions. These do not affect correctness of synthesised programs.

(4) Ambiguous language (3): vague descriptions admit multiple in-
terpretations, leading to divergent but defensible specs.

(5) Owver-restrictive postconditions (2): our postconditions impose
unstated constraints to ensure determinism (e.g., a tie-breaking
rule not mandated by the problem). While stricter than neces-
sary, these specs are still sound and lead to correct, if slightly
constrained, implementations.

—
=)
=

Incorrect specifications (3): the specifications generated by Leet-
Proof are semantically inconsistent with the problem: incorrect
preconditions (2) and an incorrect postcondition (1).

Categories (1)-(4) are logical equivalents or defensible specifica-
tions (183/188, 97.4%). The remaining 5/188 instances (2.6%) consist
of genuine generation errors (category 6) and over-restrictive cases
that stem from a preference for deterministic specifications (cate-
gory 5). Notably, when semantic disparities occur, they are more

frequently attributable to inconsistencies in the human-written
benchmark itself (16/188, or 8.5%, category (2), cf. Sec. 5.2) than to
limitations in our generation process (2.6%). The PBT techniques
from Sec. 4.2 played a critical role: PBT caught errors in two specifi-
cations that had already passed the LLM judge, reducing incorrect
specifications from 7 (3.7%) to 5 (2.6%). It also uncovered one case
where the generated test cases did not satisfy the stated precondi-
tions despite passing the judge.

The three incorrect specs (category 6) are all over-constraining
output in some edge cases: a spurious frequency bound, and an
input bound mistakenly imposed on the output. Because the gen-
erated test cases happen to satisfy these constraints, PBT cannot
detect them—a fundamental limitation of testing-based validation.

Answer to RQ1. Specifications generated by LeetProof are logi-
cally equivalent to or represent justified divergence points from
human-written baselines in 97.4% of cases. Furthermore PBT filter-
ing caught 2 of the 7 errors that pass the LLM judge.

5.2 Specification Defects in Benchmarks

Beyond evaluating our own specifications, we applied
specification-level PBT to the reference specs of both VERINA
and CLEVER [60]. For each benchmark problem, we run the three
PBT checks of Sec. 4.2—precondition soundness, postcondition
soundness, and output uniqueness—using the test cases provided
by the benchmarks.

Without any LLM assistance, this process uncovered 13 issues
in VERINA and 18 in CLEVER within one day on a single Apple
M4 MacBook Pro (14-core CPU, 24 GB RAM). Specification-level
PBT is dramatically more cost-effective than LLM-based equiva-
lence checking in Lean: the 13 VERINA issues require only 9 min-
utes of PBT, whereas Aristotle-based equivalence checking takes
approximately 8 hours (both are run with GPT-5.2 at a USD $1 bud-
get per problem, though most problems consume less than $0.2).

In total, we identify 16 issues in VERINA (out of 189 specifica-
tions, 8.5%) with the help of Aristotle, and 18 in CLEVER (out of
161 specifications, 11.2%) purely via PBT, summarised in Tab. 1. Al-
though our primary focus was testing specs, sampling inputs and
executing reference implementations can also surface implemen-
tation bugs (e.g., problem P9 in CLEVER). We reported all findings
to the benchmark authors. The VERINA authors acknowledged and
addressed 15; the remaining one is under review. The CLEVER au-
thors acknowledged the 18 issues but have not yet released fixes.

6 Certified Program Synthesis Evaluation

We evaluated our approach to program synthesis on a new bench-
mark of imperative-style problems (Sec. 6.1), comparing the multi-
modal LeetProof pipeline against a single-mode Lean baseline
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Fig. 7: Synthesis results for single-mode Lean and Velvet.

(Sec. 6.2), assessing the provability of residual obligations (Sec. 6.3),
and testing robustness across different LLMs (Sec. 6.4).

6.1 Benchmark Selection

Existing Lean benchmarks (VERINA [67], CLEVER [60]) favour
functional patterns (e.g., recursive list traversals), omit complex-
ity constraints, and risk training-data contamination due to long
public availability. We therefore construct a benchmark of 50 Leet-
Code problems targeting imperative algorithms (two-pointer, slid-
ing window, random index access). We manually selected 15 prob-
lems during development, deliberately including harder cases to
stress-test individual components, which explains their lower suc-
cess rate in Fig. 7; 35 more were sampled using Claude Opus 4.6
requiring: simple input types, no complex data structures, deter-
ministic specifications, a mix of classical and recent problems, and
easy-to-medium difficulty. For each problem, Claude suggested a
target time complexity based on input constraints; we manually
verified all annotations and applied minor simplifications where
needed. Below, we report results on all 50 problems, distinguishing
the development and evaluation sets where relevant (e.g., Fig. 7).

6.2 Multi-Modal vs. Single-Mode Synthesis

One might expect that handing a formal specification to a fron-
tier LLM and asking it to produce executable Lean—without stag-
ing through an imperative DSL or inferring invariants—would suf-
fice. We call this single-mode synthesis: the LLM directly produces
a Lean definition with its proof, verified solely by the type checker.
Does LeetProof’s staged pipeline offer a measurable advantage?

RQ2: Does the LeetProof pipeline produce more certified so-
lutions than a single-mode Lean baseline at the same cost?

Setup. We compare the full LeetProof pipeline (Velvet code + in-
variants + multi-modal proof) against a single-mode Lean baseline
in which the LLM directly synthesises Lean programs verified by
the same prover. Both configurations use the same LLM (GPT-5.2)
and the same specifications produced in Sec. 5; the USD $5-per-
problem budget covers only code synthesis and proving, excluding
specification generation (which is identical for both). Fig. 7 shows
the results; the development set (15 problems, top part) and evalu-
ation set (35 problems, bottom part) are visually distinguished.

Results. For each problem we record one of three outcomes. Fully
proven: the pipeline synthesises an implementation (with loop in-
variants for Velvet) and produces a complete machine-checked cor-
rectness proof. Overall, Velvet fully proves 28/50 problems, signifi-
cantly outperforming single-mode Lean with 17/50. (Development:
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Tab. 2: Overlap between Velvet and single-mode Lean.

Fully Partial / Partial / Synthesis

Velvet /Lean proven Aristotle ok Aristotle fail  failure Total
Fully proven 13 13 1 1 28
Partial (Aristotle ok) 4 9 4 1 18
Partial (Aristotle fail) 0 0 0 0 0
Synthesis failure 0 1 2 1 4
Total 17 23 7 3 50

5/15 vs. 1/15; Evaluation: 23/35 vs. 16/35.) Partially proven: an im-
plementation is synthesised but the proof is incomplete—some ver-
ification conditions remain open after GPT-5.2 exhausts its budget.
In Sec. 6.3 we further attempt to discharge these residual obliga-
tions with Aristotle; here we report both sub-categories together.
Velvet yields 18 partially proven cases, while single-mode Lean pro-
duces 30. (Development: 7 vs. 13; Evaluation: 11 vs. 17.) Synthesis
failure: no implementation passes the pipeline’s checks. Velvet fails
on 4 problems, compared to 3 for single-mode Lean. (Development:
3 vs. 1; Evaluation: 1 vs. 2.) We attribute the higher failure rate of
Velvet to the stricter validation imposed by invariant checking.
Overlap analysis. Tab. 2 breaks down the per-problem overlap.
For example, the entry in the first row, second column indicates
that 13 problems are fully proven by Velvet but only partially
proven by Lean. While Velvet outperforms Lean overall, it does
not uniformly dominate: 15 problems are fully proven only by
the multi-modal pipeline, whereas 4 are fully proven only by the
single-mode baseline. Because the outcomes are paired per prob-
lem, we compare fully proven versus not fully proven outcomes
using an exact two-sided McNemar test. The difference is statisti-
cally significant (p = 0.0192 < 0.05). A representative example
is LeetCode 917 (“reverse only the English letters in a character
sequence”). The idiomatic functional recursive implementation in
Lean handles skipping non-letter characters, whereas the impera-
tive two-pointer implementation in Velvet requires maintaining a
complex invariant, significantly complicating the proof. Depend-
ing on the problem, one style may yield a more concise implemen-
tation whose correctness is easier to establish. Since Velvet is em-
bedded in Lean, users can freely fall back to single-mode synthesis.

Answer to RQ2. At the same USD $5 budget, the multi-modal
LeetProof pipeline produces 44% more fully certified solutions on
the evaluation set (23 vs. 16) and 65% more overall (28 vs. 17) com-
pared to the single-mode Lean baseline using GPT-5.2. The advan-
tage stems from staging: invariant inference and PBT filtering re-
solve issues early, leaving the prover with fewer obligations.

6.3 Last-Mile Interactive Proof Effort

The “partially proven” category in Fig. 7 contains programs whose
proofs are incomplete: some verification conditions remain open
after GPT-5.2 exhausts its $5 budget. This does not necessarily
mean the program is wrong: it may simply need more proving ef-
fort. We therefore ask the following research question.

RQ3: Are partially proven LeetProof-synthesised programs
actually correct, ie, can their remaining verification condi-
tions be discharged with additional proof effort, and does the
multi-modal decomposition make them easier to close?
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Fig. 8: LLM robustness. Left: fully proven vs. failure for single-mode Lean and Velvet. Right: overlap of fully proven problems.

To answer this, we attempted to close remaining verification
conditions using Aristotle [1], a powerful AI prover. For Velvet,
all 18 partially proven programs are fully discharged by Aristotle.
This confirms that the LeetProof pipeline synthesises correct im-
plementations and invariants in every case; the incomplete proofs
reflect budget limitations, not errors in the synthesised artefacts.

For single-mode Lean, Aristotle successfully discharges 23 of the
30 partial solutions but fails on the remaining 7. Notably, 1 of these
problems is fully solved by Velvet, and for the other six the cor-
responding Velvet verification conditions are fully discharged by
Aristotle. This suggests that the staged pipeline generates proof
obligations that are structurally easier to close.

Answer to RQ3. Every partially proven Velvet program from our
benchmark suite is provably correct: the Aristotle prover success-
fully closes all residual obligations. The single-mode Lean baseline
leaves seven programs whose VCs resist even Aristotle, whereas
the equivalent Velvet VCs are discharged, confirming that multi-
modal decomposition yields more tractable proof obligations.

6.4 Robustness to LLM Choice

RQ4: Are the advantages of synthesis with a multi-modal ver-
ifier over the single-mode one we discussed in RQ2 consistent
across different frontier LLM backends?

We randomly sample 25 problems from our benchmark suite and
replicate the experiment using Claude Opus 4.6 in place of GPT-5.2,
keeping all other settings identical. Fig. 8 (left) confirms that Vel-
vet outperforms single-mode Lean under both backends: 28/50 vs.
17/50 for GPT-5.2, and 10/25 vs. 7/25 for Opus 4.6. The lower abso-
lute numbers for Opus 4.6 reflect its higher per-token cost, which
leaves less room within the fixed $5 budget. Fig. 8 (right) shows
the overlap of fully proven sets. Under GPT-5.2, 13 problems are
solved by both pipelines, 4 only by single-mode Lean, and 15 only
by Velvet. Under Opus 4.6, the split is 5/2/5. Changing the backend
affects which individual problems are solved but does not change
the overall ranking: Velvet remains the stronger pipeline.
Answer to RQ4. The results are qualitatively consistent across
LLMs: the multi-modal pipeline yields more fully proven solutions
than single-mode Lean under both GPT-5.2 and Claude Opus 4.6,
even though the margin narrows on the Opus subset.
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7 Threats to Validity

Benchmark scale and selection. Our benchmark comprises 50 al-
gorithmic LeetCode problems (Sec. 6.1), which do not cover all soft-
ware classes (e.g., concurrent or I/O-heavy systems). Of these, 15
informed pipeline design, though no hyperparameters were tuned
on them. To mitigate selection bias, we additionally test our spec-
ification inference against two external suites (VERINA, CLEVER)
and observe consistent results across LLMs, suggesting structural
rather than dataset-specific advantages.

Fixed budget and LLM evolution. The RQ2 comparison (Sec. 6.2)
uses a fixed $5 budget per problem. At substantially higher budgets
single-mode synthesis might close the gap; conversely, at lower
budgets the gap may widen. As frontier models improve, single-
mode approaches will also get stronger. However, multi-modality
reduces cost by letting cheap validation modes (testing, SMT) filter
candidates before expensive interactive proving is invoked—a cost-
reduction principle that holds regardless of model capability.

Implementation and external dependencies. Although the staged
decomposition of vericoding is a conceptual contribution not tied
to any particular tool, our implementation relies on Velvet, Lean,
and Aristotle. The RQ3 claim that all partial Velvet proofs are dis-
chargeable (Sec. 6.3) depends on Aristotle’s current capabilities.
Porting LeetProof to another multi-modal verifier would require
engineering effort, but the pipeline architecture transfers directly.

Validity of Natural Language Formalisation. Since no method
to rigorously prove that a formal specification perfectly captures
a natural language description exists, a small risk of semantic
misalignment remains even when our outputs are equivalent to
the benchmark (Sec. 5.1). While our pipeline empirically produces
fewer errors than the human-written baseline, establishing a more
rigorous logical connection between informal language and formal
specifications remains an open challenge for future work.

8 Related Work

In this section we position our contributions with regard to the
relevant prior efforts on Al-assisted vericoding, certified program
synthesis, specification validation, and multi-modal verification.

Al-assisted vericoding. A growing body of work uses LLMs to
generate verified code for specific verifiers: auto-active approaches
target Dafny [4, 5, 35, 41, 43, 58], Verus [2, 10, 65], and F* [9], while
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interactive-side efforts focus on Lean [57] and Rocq [25, 36, 61].
Several of these systems employ staged pipelines. Misu et al. [41]
first generate a specification, then synthesise a verified Dafny
method; Clover [58] generates code, docstrings, and annotations
separately before cross-validating them; ATLAS [4] uses an ex-
plicit two-stage spec-then-implementation loop; and Laurel [43]
decomposes invariant inference from proof search in Dafny. How-
ever, all these pipelines rely on a single verification mode (SMT)
throughout every stage, leaving no fallback when the solver times
out or cannot handle a particular obligation. LeetProof differs by
building on a multi-modal verifier, matching each stage to the
most cost-effective reasoning mode: PBT for specification valida-
tion, SMT + PBT for invariant inference, and interactive proofs
for last-mile obligations. The reusable insight is this mode-aware
decomposition, rather than a prompting strategy tied to one tool’s
annotation language.

The most closely related agentic effort is AutoRocq [62], which
uses an LLM agent with an iterative feedback loop to generate tac-
tic proofs in Rocq. However, AutoRocq addresses only the proof
generation sub-problem: specifications and loop invariants are pro-
duced externally (e.g., by Frama-C verifier [26]).

Mukherjee et al. [44] use an LLM in a feedback loop with VST [3]
to synthesise verified C programs, but start from a formal specifi-
cation rather than natural language and target a single verification
mode: Rocq proofs in Separation Logic [46, 54]. By contrast, Leet-
Proof is an end-to-end pipeline covering the full vericoding task
from natural language to certified code, using multi-modal verifica-
tion to match each sub-task to the most effective reasoning mode.

Non-LLM certified program synthesis. Before LLMs, several sys-
tems produced programs with machine-checkable correctness
proofs using deductive synthesis or verified compilation. Fiat [15]
synthesises correct-by-construction implementations of abstract
data types in Rocq via tactic-driven stepwise refinement. Rupi-
cola [51] compiles idiomatic Rocq functions to efficient impera-
tive code, preserving correctness through the compilation pipeline.
The work by Watanabe et al. [64] certifies the output of a separa-
tion logic-based program synthesiser [52] in a post-hoc way by
translating deductive derivations into Rocq proofs. More recently,
Goldstein et al. [21] used deductive synthesis in Lean to produce
certified constrained random generators for property-based test-
ing [11]. These approaches require the specification to be written
manually in the verifier’s logic; LeetProof complements them by
using LLMs to bridge natural language and formal specifications.

Specification quality and validation. Ensuring generated speci-
fications are neither too weak nor too strong is a recurring chal-
lenge. Existing approaches rely on manual tagging [41], user stud-
ies [37], LLM-as-judge with manual inspection [8], design disci-
plines such as non-computable specifications [60], or multi-stage
evaluators mixing theorem proving with testing [67]. Notably, VE-
RINA [67] also uses PBT (via Lean’s Plausible library [29]) to check
spec soundness and completeness, but as a fallback when theo-
rem proving is inconclusive and only for retrospective benchmark
evaluation—not as an online filter during synthesis. Moreover, VE-
RINA compares generated specs against ground-truth reference
specs, whereas our checks require only test cases and the gener-
ated spec itself. ATLAS [4] attempts a similar uniqueness check by
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generating Dafny lemmas that derive a contradiction from alterna-
tive outputs, but reports that this often exceeds SMT capabilities.
Using randomised testing to validate formal specs has a long his-
tory [7, 24, 48]; however, these works target hand-written specs in
stand-alone proof assistants, not LLM-generated specs inside a syn-
thesis pipeline. Lahiri [27] proposes symbolic specification testing,
checking LLM-generated Dafny specs against concrete input/out-
puts via the Dafny verifier. Our approach builds on these ideas
but (1) uses PBT as the primary method and as a filtering stage
in the synthesis pipeline (not a fallback or post-hoc evaluation),
(2) replaces SMT-based checking with randomised testing, which
we found more cost-effective in Lean, and (3) includes a uniqueness
check that PBT handles naturally but SMT often cannot.

Multi-modal verifiers. K [56] derives multiple reasoning modes
(execution, model checking, deductive verification) from a single
semantics but lacks interactive proofs. Ivy [39, 47] and Veil [50]
combine SMT verification with model checking and manual proofs,
but target distributed systems. Velvet [18], which LeetProof builds
on, unifies SMT automation, interactive Lean proofs, and PBT—
making all three modes available to an LLM-driven pipeline. To
our knowledge, no prior multi-modal verifier has been used for
implementing end-to-end LLM-assisted certified synthesis.

9 Conclusion

We have presented LeetProof, an agentic pipeline for certi-
fied program synthesis that leverages multi-modal verification—
combining testing, SMT-based automation, and interactive proof
scripting—to decompose vericoding into stages, each matched to
the most effective reasoning mode. Our evaluation shows that this
decomposition yields more fully certified solutions than single-
mode baselines at the same cost, while randomised specification
testing catches defects that existing benchmarks miss. While a
sufficiently powerful Al prover could in principle subsume ev-
ery stage, our results demonstrate that reserving interactive prov-
ing for the final stage—and delegating earlier filtering to cheaper
modes such as PBT and SMT—reduces costs by orders of magni-
tude without sacrificing correctness. Multi-modality is not merely
a convenience but a practical necessity: principled composition
of complementary reasoning modes within a foundational frame-
work provides a robust foundation for future vericoding systems.
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