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Abstract

Formal verification provides strong correctness guarantees, but proof development1

remains difficult because developers must diagnose coarse verifier errors and repair2

failed proof obligations. Recent approaches leverage language models (LMs) to3

improve proof automation through verifier-in-the-loop repair, but they often rely4

on hand-engineered prompts, retrieved examples, or sparse pass/fail feedback. We5

present TOPOVERUS, an LM-based framework for Verus proof repair that inter-6

nalizes counterexample-guided diagnosis as a model capability. Our key insight7

is to train counterexample generation not as a standalone validation task, but as a8

data-driven diagnostic objective: a counterexample is useful when conditioning on9

it helps the model produce a safe, verifier-passing proof. Given a failed Verus proof10

and verifier error, TOPOVERUS generates a structured source-level counterexample,11

repair rationale, and repaired proof in one trajectory, optimized with reinforcement12

learning from Verus feedback and a proof-code safety gate. To address sparse13

and order-sensitive credit assignment, TOPOVERUS introduces a topological graph14

reward that derives invariant dependencies from inductiveness tests and encourages15

counterexample generation following the same topological order as the invariant16

dependencies. Across seven Verus benchmarks with 471 problems, TOPOVERUS17

achieves 61.6%/72.2% weighted-average Safe-Pass@1/Safe-Pass@3, outperform-18

ing the strongest baseline, Claude Sonnet 4.5, by 5.7/6.3 points. We also show19

that TOPOVERUS’s learned counterexample can directly augment the reasoning of20

existing LM-based proof repair approaches, improving their success rate by 64.3%21

compared to using the chain-of-thought diagnostics.22

1 Introduction23

Formal verification provides machine-checked guarantees that software satisfies rich correctness24

specifications, enabling the construction of safety-critical, large-scale software systems (Leroy et al.,25

2016; Klein et al., 2009; Sun et al., 2024b; Zhou et al., 2024; Chen et al., 2023). Yet these guarantees26

remain costly to obtain: developers must write specifications, discover inductive invariants, and repair27

failed proof obligations. Recent work using language models (LMs) for verification automates parts28

of this proof-construction loop (Sun et al., 2026; Zhong et al., 2025; Chen et al., 2025; Yang et al.,29

2025, 2026a; Zhong & Si, 2025; Aggarwal et al., 2025; Mugnier et al., 2025; First et al., 2023),30

lowering the expertise barrier for applying formal verification to real software.31

As LM-generated proof candidates are not sound by construction, existing LM-based approaches32

typically keep a verifier in the loop: the model proposes proof annotations, the verifier reports failures,33

and the model revises the proof based on the error messages (Yang et al., 2025; Sun et al., 2026;34

Zhong et al., 2025; Aggarwal et al., 2025). This loop resembles interactive verification, where35

developers debug failures by constructing concrete failing states and tracing where an invariant or36

postcondition breaks (Clarke et al., 2000, 2003). However, verifier messages often expose only37
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a failed proof obligation with limited diagnostic context, e.g., postcondition not satisfied,38

rather than the source-level state, execution path, or missing fact responsible for the failure. The LM39

must thus infer the root cause from ambiguous feedback, making repair brittle and token-inefficient.40

Existing LM-based proof repair approaches can be viewed as attempts to compensate for coarse41

verifier feedback. Some encode verifier-specific repair rules or syntax guidance in the prompt (Yang42

et al., 2025; Sun et al., 2026), supply in-context proof examples (Yang et al., 2025; Mugnier et al.,43

2025), or retrieve relevant proof fragments (Zhong et al., 2025). Others bypass explicit diagnosis and44

use verification outcomes, i.e., pass/fail signals, to guide search, data synthesis, self-improvement,45

or fine-tuning (Aggarwal et al., 2025; Chen et al., 2025). While effective, these approaches leave a46

diagnostic gap: engineered prompt knowledge is costly to curate and maintain as verifier behavior47

and proof idioms evolve (Yang et al., 2026a,b), whereas verifier-outcome objectives provide only48

sparse, indirect supervision for repair.49

A more actionable feedback signal is a source-level counterexample: a concrete program state,50

optionally with a short execution trace, that falsifies a proof obligation. Unlike verifier-specific51

repair rules, counterexamples describe the concrete failing program state, making them largely52

independent of diagnostic formats and directly useful for localizing repairs. They are central to classic53

counterexample-guided verification (Clarke et al., 2000, 2003; Bradley, 2011, 2012), where failed54

states drive refinement or blocking of bad regions. Recent LM-based works also show that generated55

counterexamples can improve proof repair (Yang et al., 2026b; Li et al., 2026; Huang et al., 2026).56

Unfortunately, a useful counterexample requires nontrivial, execution-level code reasoning: it must57

be feasible, expose the relevant corner case, and identify the missing proof fact, rather than merely58

state a plausible failure (Copet et al., 2025). Moreover, proof failures often conflate multiple missing59

or incorrect invariants, so which counterexample is most useful to address first is not well defined.60

Our approach. We present TOPOVERUS, an LM-based verification framework for Verus proof61

repair that internalizes counterexample-guided diagnosis as a model capability. Our key insight is to62

formulate counterexample generation as a diagnostic learning problem: a counterexample is useful63

not merely when it is plausible or independently valid (Yang et al., 2026b), but when conditioning64

on it helps the model produce a safe, verifier-passing proof. Given a failed Verus proof attempt and65

the corresponding verifier error, TOPOVERUS generates a structured source-level counterexample,66

a concise repair rationale, and a candidate repaired proof in this order within a single trajectory.67

We optimize the full trajectory using reinforcement learning with verifiable rewards (RLVR) from68

Verus, together with a proof-code safety gate that rejects repairs modifying the executable program or69

user-supplied specifications. As a result, counterexamples are not trained as standalone artifacts with70

hand-written validators (Yang et al., 2026b) or predefined verifier-specific repair taxonomies (Yang71

et al., 2025). Instead, they receive indirect credit through downstream repair success, biasing the72

model toward diagnostics that are actionable for safe proof repair.73

This formulation, however, creates a key technical challenge. The training signal for counterexample74

utility is sparse, delayed, and order-sensitive. A failed proof often contains multiple missing or75

incorrect invariants, so final verifier success alone does not reveal whether a generated counterexam-76

ple was wrong, merely unhelpful, or aimed at a downstream proof obligation whose preconditions77

were not yet established (Section 2.1). To expose this latent structure during learning, TOPOVERUS78

approximates dependencies among invariants with a graph derived from inductiveness tests, and79

rewards repaired proofs whose invariants respect a topological order over the resulting graph. The80

resulting topological graph reward turns sparse outcome feedback into a dependency-aware curricu-81

lum: establish state-constraining facts first, then generate counterexamples and repairs for dependent82

obligations in the corresponding order, where the counterexample’s diagnostics become informative.83

Results. Our evaluation shows that TOPOVERUS improves Verus proof repair and provides actionable84

diagnostics for downstream repair tools. Across seven Verus benchmarks comprising 471 problems,85

TOPOVERUS achieves 61.6% and 72.2% in Safe-Pass@1 and Safe-Pass@3, outperforming the86

strongest baseline, i.e., Claude Sonnet 4.5, by 5.7 and 6.3 points, respectively. The gains are87

largest on structurally difficult settings such as VeriCogen and ObfsBench, where proof templates88

and syntactic hints are less reliable. Ablations show that counterexample-augmented reasoning in89

TOPOVERUS improves weighted Safe-Pass@1 by 11.2 points over the repair with natural language90

diagnostic, e.g., chain-of-thought, while the topological graph reward further improves over binary91

verifier-only RL by 7.9 points. Importantly, TOPOVERUS’s generated counterexamples are also92

2



directly usable by existing proof repair tools, improving their repair success by 64.3% compared to93

chain-of-thought diagnostics.94

2 Overview95
1 fn search_insert(nums: Vec<i32>, target: i32) -> (res: i32)

2 requires

3 1 <= nums@.len() <= 10000,

4 forall|i, j| 0 <= i < j < nums@.len() ==> nums@[i] < nums@[j],

5 ensures /* insertion-position postcondition */

6 0 <= res <= nums@.len(),

7 nums@[0] <= target <= nums@[nums@.len() - 1] ==>

8 (forall|i| 0 <= i < res ==> nums@[i] < target) &&

9 (forall|i| res <= i < nums@.len() ==> nums@[i] >= target),

10 {

11 let mut low = 0i32;

12 let mut high = nums.len() as i32 - 1;

13 while low <= high

14 invariant

15 1 <= nums@.len() <= 10000, //I1

16 0 <= low <= nums@.len(), //I2

17 -1 <= high <= nums@.len() - 1, //I3

18 forall|i| 0 <= i < low ==> nums@[i] < target, //I4

19 forall|i| high < i < nums@.len() ==> nums@[i] > target //I5

20 {

21 let mid = ((low + high) as usize / 2) as i32;

22 if nums[mid as usize] == target { return mid; }

23 if target < nums[mid as usize] { high = mid - 1; }

24 else { low = mid + 1; }

25 }

26 low

27 }

28

Figure 1: Proof annotation for binary-search insertion.

We focus on Verus, a Rust-native veri-96

fier for verifying Rust programs. A Verus97

proof consists of executable Rust code to-98

gether with specifications (e.g., precondi-99

tions and postconditions), and proof anno-100

tations (e.g., invariants, assertions). The101

verifier discharges the proof into Verifica-102

tion Conditions (VCs) and checks them103

with off-the-shelf SMT solvers (de Moura104

& Bjørner, 2008; Barbosa et al., 2022).105

Among the proof annotations, inferring in-106

variants has been a key challenge of au-107

tomating formal verification (Flanagan &108

Leino, 2001; Garg et al., 2014; Kamath109

et al., 2023). Loop invariants are proper-110

ties that always hold regardless of which111

iteration the loop is running at.112

2.1 Motivating Example113

Figure 1 shows the Verus code and proof that motivate our approach. The function implements binary-114

search insertion: it returns the position of target in a sorted array, or the index where target should115

be inserted. The requires (preconditions) assume the input to be a sorted array, and the ensures116

(postconditions) specify that target is inserted correctly. The loop invariants are the properties that117

are derived from the preconditions and execution code. They hold before entering the loop (base118

case) and remain true in each loop iteration (inductiveness). Note that invariants often depend on119

other invariants or are mutually dependent. We use this example to illustrate such dependencies and120

how fixing invariants following such dependencies benefits counterexample reasoning, diagnosis and121

repair of buggy proofs.122

Semantic dependencies among invariants. The five invariant clauses in Figure 1 play different123

semantic roles in verifying the program. I1 bounds the length range of nums. I2 and I3 use that124

length fact to keep low and high within index ranges. I4 and I5 are the semantic partition invariants:125

all indices strictly left of low contain values below target, while all indices strictly right of high126

contain values above target. The semantic partition invariants become useful only when the127

boundary invariants (I2 and I3) hold.128

Our dependency analysis makes this semantic structure operational by testing which previously129

established invariants are needed for another invariant to become inductive. In this example, the130

analysis identifies I1 as a prerequisite for proving the bounds invariants I2 and I3, and identifies131

the established bounds facts as prerequisites for proving the partition invariants I4 and I5. The132

resulting graph is therefore not just a syntactic relation among clauses: it reflects that high-level133

partition information is supported by lower-level index-range information. This motivates using the134

dependency graph as an operational proxy for proof progress, rather than as a complete semantic135

account of the proof.136

Under-constrained diagnostic. Consider a repair attempt that contains only the right-partition137

invariant but writes it with an inclusive lower bound:138

forall|i| high <= i < nums@.len() ==> nums@[i] > target.

Because I1–I3 are absent, verification may fail on preliminary preservation or postcondition obliga-139

tions before isolating the semantic boundary error. The annotated diagnostic in Figure 2 illustrates140

the failure mode: the output has a plausible State–Trace–Violation format, but the three parts are not141

mutually consistent. With high=2 and len=3, the range high <= i < len contains only i=2; a142
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Wrong Case (Non-inductive)

Correct Case (Inductive)

Invariants Dependency Graph  State Execution Trace Violation

Invariants Dependency Graph State Execution Trace Violation

I4  forall|i: int| 0 <= i < low 

==> nums@[i] < target

I5  forall|i: int| high <= i < 

nums@.len() ==> nums@[i] > target

I1 I2 I3

nums = [1, 3, 5]
target = 3
low = 0
high = 2
mid = 0

Preconditions satisfied:
len = 3 and nums is sorted

1 Before the loop, the verifier checks I5

2 With high = 2 and target = 3, the 
check at i = 2 requires nums[2] > 3 
i.e., 5 > 3, which holds.

3 Invariant also requires nums[1] > 3
for i = 1, i.e., 3 > 3, which is false.

4 Therefore the invariant is not
established before the loop.

Violation 1:
I5 fails at  i=high  ( index=1 in the example)
because nums[high] is equal to target .

•

I1  1 <= nums@.len() <= 10000

I2  0 <= low <= nums@.len()

I3  -1 <= high <= nums@.len() - 1

I4  forall|i: int| 0 <= i < low 

==> nums@[i] < target

I5  forall|i: int| high <= i < 

nums@.len() ==> nums@[i] > target

Preconditions satisfied: 
nums@.len()= 3 
(1 ≤ 3 ≤ 10000), array is sorted

1 The loop computes mid = 1.

2 Since nums[1] = 3 < target, the 
branch updates low to mid + 1 = 2.

3 Verifier checks the invariant: 
forall i. high <= i < len 

==> nums[i] > target

• Violation 1:
The invariant fails at i = high = 2,
because nums[2] is equal to target

• Repair signal:
Exclude the boundary index high:
high <= i  ->  high < i.

I4

•

🚨 handwavy elaboration, no actionable advice

Dependency-unaware reasoning output: [State] + [Execution Trace] + [Violation]

Dependency-aware reasoning output: [State] + [Execution Trace] + [Violation]

I5'

I4

I1 I2 I3

I5'

WrongCorrect Missing

WrongCorrect Missing

nums = [1, 3, 5]
target = 5
low = 0
high = 2

4

5 💡 actionable feedback, identifies the root cause

💡 faithful trace, logically consistent with State

      Boundary error❌

      Boundary error❌ With high = 2 and len = 3,
the quantified range contains i = 2.

Instantiating i = 2 requires
nums[2] > 5, but nums[2] = 5.

Violation 2:
Without proper invariants, the verifier cannot
establish any of the three postconditions at the
return sites ( return mid or return low ).

🚨 hallucination, contradicting with high=2
🚨 mid is not part of the pre-
loop invariant check;  mid=0
is a hallunicated value

Figure 2: Comparison of dependency-unaware (top) and dependency-aware (bottom) diagnostics.

trace that instantiates i=1 is outside the quantified domain, even though nums[1] is not greater than143

target. Its secondary violation is even less actionable: it broadly says that return-site postconditions144

cannot be proved, but does not identify a concrete failing return state or a local repair. The diagnostic145

therefore points at a partition invariant without providing a valid counterexample for the claimed146

quantified failure.147

Constrained diagnostic. Now suppose I1–I3 have already been established and the only remaining148

bug is the boundary in I5. The same diagnostic format becomes informative because the state and trace149

are anchored by the prerequisite invariants. The bottom half of Figure 2 shows the intended contrast:150

after one iteration with nums=[1,3,5], target=5, low=2, and high=3, the bounds invariants justify151

that the quantified range is the intended in-bounds suffix and I4 rules out unrelated left-partition152

failures. Now the incorrect I5 includes i=high=2, requiring nums[2] > 5, but nums[2]=5. The153

counterexample directly pinpoints the repair solution: change high <= i to high < i.154

Implication for training. The example shows why a good counterexample is critical to proof155

progress. If a model is rewarded only for final verifier success, it may spend attempts on diagnostics156

whose states and traces are not anchored by prerequisite invariants. The Topological Graph Reward157

in Section 3.3 turns the dependency graph above into process feedback: it encourages repairs to make158

prerequisite facts available, so that counterexamples for subsequent, semantic invariants are checked159

in a better-constrained proof state.160

3 Methodology161

3.1 Problem Formulation162

We formally define the problem of curriculum-based proof repair as a dependency-aware generation163

process. Given a program P with a specification Φ = (Ppre, Qpost), i.e., pre-conditions and post-164

conditions, the task is to synthesize a proof Π consisting of proof annotations (invariants, assertions,165

etc.) that verifies the program.166

Counterexample-guided repair. Let Πt denote the proof annotations at repair step t. If the proof167

contains a verification error et corresponding to a failing condition, we decompose this failing168

constraint into an antecedent At(σ) (pre-state) and a consequent Ct(σ) (proof obligation). A valid169

counterexample is a concrete program state σ that witnesses this failure, satisfying:170

σ |= At(σ) ∧ ¬Ct(σ), (1)

Rather than relying on an external SMT-based tool to statically resolve this state, our approach171

instructs the model to generate a structured diagnostic tuple (σ, τ , ψ) as an intermediate reasoning172

step, i.e., counterexample, execution trace, and violation in Figure 2. τ represents the specific173

execution trace by executing from σ, and ψ is a natural-language description detailing why the174

obligation was falsified.175

4



Invariant dependency. Let V = {v1, ..., vn} denote the canonical invariants required to verify176

P . We model their prerequisite structure via a dependency graph G = (V,E), where (vj , vi) ∈ E177

represents that prerequisite vj must be established prior to inductively verifying vi. At step t, the178

objective is to synthesize Πt+1 to resolve errors et. Rather than blindly blocking state σ, the model179

learns the curriculum where it tends to follow the topological ordering of G, via reinforcement180

learning, as detailed in Section 3.3.181

3.2 Reward Architecture182

We optimize a response-level policy πθ(y | x) with GRPO, where x is the current repair context and183

y is the complete structured response. The learning signal is a shaped reward:184

R(x, y) = Ssafe(x, y)
[
Gformat(y)

(
Rpass(x, y) + λdepRdep(x, y)

)
+ λformatRformat(x, y)

]
, (2)

where Ssafe is a safety gate, Rpass is the primary task reward from verifier feedback, Rdep is a185

dependency-aware shaping reward over proof structure, Rformat is an auxiliary format reward, and186

Gformat(y) acts as a feasibility gate that downweights malformed outputs. The scalars λdep and λformat187

are fixed reward weights; when the dependency reward is disabled, we set λdep = 0.188

The verifier reward is binary: Rpass = 1 when Verus accepts the repaired program. The format reward189

Rformat ∈ [0, 0.4] is an auxiliary term that rewards the presence of required structural components190

(XML reasoning tags and the three counterexample fields: state, execution trace, violation). The191

format gate Gformat scales the primary reward according to structural completeness, i.e., full score192

when both reasoning blocks are present, a reduced score when only one is present, and a smaller193

score when neither is present, preventing the mode collapse into standard Chain-of-Thought repair194

that bypasses the counterexample reasoning step.195

The safety gate Ssafe ∈ {0, 1} uses Lynette, an AST-level checker developed by Yang et al. (2025),196

to check if the model only modified the proof annotations (invariants, assertions, etc.); unsafe197

modifications (e.g., execution code) receive zero reward.198

3.3 Topological Graph Reward199

A core component of TOPOVERUS is the Topological Graph Reward (Rdep ∈ [0, 1]), which captures200

structural dependencies among proof obligations and encourages the model to establish prerequisite201

invariants before dependent ones.202

Definition 1 (Inductive Subset). Let V = {v1, . . . , vn} be the canonical set of loop invariants203

for a program. A subset S ⊆ V is inductive if the conjunction
∧

v∈S v is (i) established by the204

loop precondition, (ii) preserved by every loop body iteration, and (iii) sufficient to discharge all205

verification conditions in S. We write I(V ) for the family of all inductive subsets of V .206

Definition 2 (Invariant Dependency Graph). For each invariant vi ∈ V , define its dependency set as:207

deps(vi) =
( ⋂

S∈I(V ), vi∈S

S
)
\ {vi}. (3)

That is, deps(vi) consists of the invariants present in every inductive subset containing vi, i.e., the208

invariants that vi structurally depends on. The invariant dependency graph is G = (V,E) with:209

E =
{
(vj , vi) | vj ∈ deps(vi)

}
. (4)

An edge (vj , vi) ∈ E encodes that vj must be established before vi can be inductively verified.210

Definition 3 (SCC Condensation). When G = (V,E) contains cycles (mutually inductive invariants),211

we compute its strongly connected components SCC(G) = {S1, . . . , Sp} via Tarjan’s algorithm and212

form the condensation:213

Ĝ =
(
V̂ , Ê

)
, V̂ = SCC(G), Ê =

{
(Sa, Sb) | ∃ vi ∈ Sa, vj ∈ Sb : (vi, vj) ∈ E, a ̸= b

}
.

(5)
The condensation Ĝ is a DAG that admits a topological ordering ≺ over V̂ , capturing dependency214

order represented by the universal-prerequisite graph.215
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Invariant matching. Given the model’s generated code, we extract candidate invariants and match216

them against the canonical set V via: (1) exact substring matching, and (2) fuzzy token-set matching217

with Jaccard similarity J(·, ·) ≥ 0.6. Let V ′ ⊆ V denote the set of matched canonical invariants.218

Reward computation. Let E′ = {(vj , vi) ∈ E | vj , vi ∈ V ′} be the dependency edges between219

matched invariants, let Ê′ = {(vj , vi) ∈ E′ | Ŝ(vj) ̸= Ŝ(vi)} be the inter-SCC edges, and let pos(v)220

denote the source position of invariant v in the model’s output. The topological graph reward is:221

Rdep =
|V ′|
|V |︸︷︷︸

α (coverage)

×
∣∣{(vj , vi) ∈ Ê′ | pos(vj) < pos(vi)}

∣∣
|Ê′|︸ ︷︷ ︸

β (edge satisfaction)

, (6)

where Ŝ(v) denotes the SCC of v in the condensation Ĝ, and pos(vj) < pos(vi) means the model222

generated vj before vi. Intra-SCC edges (mutually inductive invariants) are excluded, since no223

meaningful ordering exists within an SCC. When Ê′ = ∅, we set β = 1. The coverage term224

α rewards producing more canonical invariants; the edge satisfaction term β rewards generating225

prerequisite invariants before dependent ones, inducing a micro-curriculum within each repair attempt.226

Remark. The dependency graph G and inductive subsets I(V ) are pre-computed offline for each227

training instance. In training, the reward computation reduces to invariant matching and DAG edge228

checking, i.e., an O(|V |+ |E|) operation that adds negligible overhead to the GRPO training loop.229

4 Evaluation230

4.1 Experimental Setup231

Benchmarks. We evaluate on 471 test problems from seven Verus benchmark suites: VerusBench (26232

general verification problems from AutoVerus (Yang et al., 2025)), DafnyBench (17 translated233

Dafny problems (Loughridge et al., 2024)), HumanEval (15 algorithmic problems (Chen et al.,234

2021)), LeetCode (5 algorithmic problems (Dai, 2025)), VeriCogen (89 proof-stripped HumanEval235

variants from AlphaVerus (Bursuc et al., 2025)), ObfsBench (266 problems with obfuscated variable236

names (Yang et al., 2026b)), and VeruSAGE (53 systems-level tasks from Anvil, Mimalloc, and237

NrOS (Yang et al., 2026a)).238

Models. All TOPOVERUS variants start from QwQ-32B (Team, 2025). CoT-Init is supervised239

fine-tuning with chain-of-thought repair only. CTX-Init uses the counterexample output format but240

no RL. CTX-Binary applies GRPO with a binary verifier reward. CTX-Dep, the full TOPOVERUS241

model, applies GRPO with the Topological Graph Reward. We compare against four prompted cloud242

LM baselines: Sonnet-4.5 (Anthropic, 2025), GPT-4o (Hurst et al., 2024), Qwen3-Coder (Cao et al.,243

2026), and DeepSeek-V4 (using the DeepSeek-V4-Flash model).244

Protocol and metrics. The standard repair setting uses iterative verifier feedback for up to 10 steps.245

We report Safe-Pass@1 and Safe-Pass@3; Safe-Pass@3 counts a problem as solved if any of three246

independent repair chains succeeds. A solution is safe if Lynette confirms that executable code and247

user specifications were not changed. For test-time scaling, we use 32 chains × 10 iterations for248

Pass@K curves and 1 chain × 32 iterations for iteration-scaling curves.249

Training details. SFT uses DeepSpeed ZeRO-3 on 4 NVIDIA L40S GPUs with learning rate250

2×10−5, batch size 32, maximum sequence length 8,192, and 2 epochs. RL uses GRPO with FSDP2,251

4-way Ulysses sequence parallelism, vLLM rollouts at temperature 0.7 and top-p = 0.9, 8 rollouts252

per prompt, learning rate 2 × 10−6, no KL penalty, PPO clip ratio 0.28, and 2 epochs over 249253

training samples.254

4.2 Main Results255

Table 1 shows that TOPOVERUS achieves the strongest average Safe-Pass@1 / Safe-Pass@3, 61.6% /256

72.2%. This is 5.7 / 6.3 points above Sonnet-4.5, the strongest cloud baseline by average, and 7.9 / 4.3257

points above CTX-Binary, the strongest non-dependency 32B variant. The clearest suite-level gain258

over cloud baselines is on ObfsBench, where TOPOVERUS reaches 69.9% Safe-Pass@1 and 80.1%259

Safe-Pass@3, improving over Sonnet-4.5 by 7.9 and 4.9 points. On VeruSAGE, closed cloud models260
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Table 1: Overall verification repair safe pass rates. Each cell reports Safe-Pass@k (%) across seven
benchmarks. Cloud LLMs use iterative repair with verifier feedback; our models use 3 chains × 10
iterations. A solution is safe if Lynette confirms only ghost (proof) code changed.
Approach VerusBench DafnyBench HumanEval Leetcode VeriCogen ObfsBench VeruSAGE

k = 1 k = 3 k = 1 k = 3 k = 1 k = 3 k = 1 k = 3 k = 1 k = 3 k = 1 k = 3 k = 1 k = 3

Cloud LLMs
Sonnet-4.5 73.1 84.6 70.6 76.5 13.3 13.3 40.0 40.0 26.7 30.0 62.0 75.2 75.5 84.9
GPT-4o 42.3 42.3 76.5 76.5 6.7 13.3 0.0 0.0 40.4 41.4 21.8 22.9 17.0 24.5
Qwen3-Coder 34.6 34.6 52.9 52.9 6.7 6.7 0.0 0.0 20.0 25.6 14.3 18.8 45.3 64.2
DeepSeek-V4 23.1 38.5 47.1 82.4 13.3 20.0 0.0 0.0 28.9 36.7 12.8 29.3 58.5 66.0

External proof-repair systems
AutoVerus 38.5 50.0 58.8 70.6 6.7 6.7 20.0 20.0 22.5 28.1 13.2 23.7 7.5 9.4

Ours (QwQ-32B)
CoT-Init 46.2 50.0 82.4 100 20.0 26.7 0.0 0.0 38.2 48.3 42.9 60.9 15.1 24.5
CTX-Init 88.5 92.3 88.2 100 26.7 26.7 20.0 40.0 48.3 61.8 55.3 73.3 9.4 22.6
CTX-Binary 88.5 96.2 94.1 100 26.7 26.7 20.0 40.0 44.9 60.7 58.6 75.9 24.5 30.2
CTX-Dep 88.5 88.5 100 100 20.0 33.3 20.0 20.0 49.4 65.2 69.9 80.1 30.2 43.4

remain stronger, but TOPOVERUS still improves over the other QwQ-32B variants, suggesting that261

dependency-aware RL helps the open model without eliminating all model-capacity gaps.262

4.3 Ablation Study263

Table 1 also isolates the effect of counterexample formatting and dependency-aware RL. Moving264

from CoT-Init to CTX-Init raises weighted safe Pass@1 from 39.3% to 50.5%, a gain of 11.2 points.265

This supports the core premise that asking the model to expose a concrete failing state before repair is266

more useful than unstructured reasoning. The improvement is especially large on VerusBench (46.2%267

to 88.5%) and ObfsBench (42.9% to 55.3%), indicating that the format helps even before RL.268

Binary RL improves CTX-Init from 50.5% to 53.7%, but its gains are uneven. It improves VeruSAGE269

from 9.4% to 24.5%, yet degrades VeriCogen from 48.3% to 44.9%. This pattern is consistent with270

the sparsity problem discussed in Section 3.3: verifier success is useful, but binary reward does not271

distinguish whether a repair trajectory is building the proof structure in a robust order.272

The full dependency reward produces the largest gain, improving weighted safe Pass@1 to 61.6%273

and Pass@3 to 72.2%. It is the best variant on DafnyBench, VeriCogen, ObfsBench, VeruSAGE,274

and the weighted average. The largest absolute gain over CTX-Binary is on ObfsBench (+11.3275

Pass@1 points), where obfuscated identifiers reduce the usefulness of memorized templates and276

make structural proof ordering more important.277

4.4 Experiment 3: Counterexample Utility278

Table 2: Counterexample usability on 118 hard failed
states. Cells report frozen-repair success; colored deltas
are relative changes over CoT-Init.
CEX source DeepSeek Sonnet Qwen

CoT-Init 11.9% 31.4% 13.6%
CTX-Init 15.3% (+28.6%) 32.2% (+2.7%) 12.7% (-6.2%)
CTX-Binary 19.5% (+64.3%) 33.1% (+5.4%) 15.3% (+12.5%)
CTX-Dep 19.5% (+64.3%) 39.0% (+24.3%) 15.3% (+12.5%)

Table 2 tests whether generated coun-279

terexamples help repair models other than280

the generator itself. We freeze 118 hard281

failed states from unverified repair at-282

tempts. For each state, we keep the buggy283

program and verifier error fixed, replace284

only the counterexample source, and ask285

three independent repairers (DeepSeek-286

V4, Sonnet-4.5, and Qwen3-Coder) to produce a repair. CTX-Dep counterexamples yield the287

best Sonnet repair rate, 39.0%, a 24.3% relative improvement over CoT-Init diagnostics. DeepSeek-288

V4 and Qwen3-Coder also improve over CoT-Init when given CTX-Dep diagnostics. The result289

supports a conservative claim: the learned diagnostics need not be independently formal certificates,290

but they carry actionable information that transfers to separate repair policies.291
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Figure 3: Safe test-time scaling. The sample-scaling panel reports Safe Pass@K as the number of
chains increases, while the iteration-scaling panel reports Safe Pass@1 as the repair budget increases.

4.5 Test-Time Scaling292

Figure 3 reports test-time scaling on the 63-problem validation set drawn from VerusBench, Dafny-293

Bench, HumanEval, and LeetCode. CTX-Dep scales best with additional test-time compute, reaching294

79.4% Safe Pass@32 in sample scaling and 69.8% Safe Pass@1 with 32 repair iterations. The gains295

over CTX-Init, CoT-Init, and Sonnet-4.5 show that dependency-aware diagnostics improve scaling296

with both independent samples and iterative repair budgets.297

5 Related Work298

LM-Based formal verification. Recent efforts have significantly lowered the barrier to formal299

verification using LMs, across both mathematical theorem proving (Polu & Sutskever, 2020; Yang300

et al., 2023; Lample et al., 2022) and program verification (First et al., 2023; Sun et al., 2024a;301

He et al., 2026; Zhong et al., 2025). In Verus proof generation, prior works primarily focused on302

encoding heuristics and repair strategies via either engineering prompts Yang et al. (2025); Sun303

et al. (2026), or constructing large-scale synthetic training sets Chen et al. (2025). However, a304

common limitation across these systems is their reliance on the traditional iterative-refinement305

paradigm, heavily depending on coarse, abstract feedback from the underlying SMT solvers. Such306

feedback often fails to isolate the root cause of verification failures, frequently causing LM-based307

repair to degenerate into inefficient trial-and-error generation. Our work advances this paradigm by308

moving beyond verifier feedback; we train the model to internalize diagnostic reasoning, integrating309

actionable, concrete counterexamples directly into the repair policy.310

Counterexample-guided feedback for proof repair. Traditional formal methods have long relied311

on counterexamples, i.e., concrete execution traces that witness proof failures, as the key actionable312

feedback to iteratively refine invariants and generate proofs (Clarke et al., 2000; Bradley, 2012).313

Recent works have begun to explore LM-driven counterexample generation to sidestep the challenge314

of reconstructing counterexamples from low-level SMT solver models (Yang et al., 2026b; Li et al.,315

2026). Nonetheless, these existing methods often demand strict formal validation of the generated316

counterexamples, which is often intractable, especially for complex proofs where there are multiple317

counterexamples to different missing/wrong invariants. Following the philosophy of reasoning over318

counterexamples, TOPOVERUS aims to generate high-quality counterexamples, but in a principled319

way, i.e., internalizing the capability of generating high-quality counterexamples following the320

topological dependency graph. Rather than searching for arbitrary counterexamples for a proof,321

TOPOVERUS trains the model to produce counterexamples whose diagnostic content is useful for322

successful downstream repair.323

Reinforcement learning and curriculum learning. Reinforcement learning with verifiable rewards324

has shown strong results in theorem proving (AlphaProof & AlphaGeometry, 2024; Xin et al., 2024;325

Wang et al., 2025) and code generation (Le et al., 2022; Liu et al., 2023), but optimizing complex326

verification tasks remains challenging due to reward sparsity and long proof trajectories. Curriculum327

learning (Bengio et al., 2009; Portelas et al., 2021; Wang et al., 2021) mitigates such sparsity328

by structuring learning from easy to hard; traditionally this operates across episodes as a macro-329
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curriculum over training data. More recently, work on long-horizon reasoning has begun exploring330

intra-episode micro-curricula that structure the generation process within a single rollout (Dou et al.,331

2024; Zhang et al., 2026; Shen et al., 2025). These approaches define curricula through external332

heuristics (e.g., sequence length, task decomposition), whereas our Topological Graph Reward333

extracts an intrinsic micro-curriculum directly from the natural dependency DAG among Verus proof334

obligations, rewarding the model for establishing prerequisite invariants before more complex ones335

within each repair trajectory.336

6 Discussion and Conclusion337

Limitations. First, the dependency-aware micro-curriculum is fundamentally targeting loop in-338

variants. While invariants are often a key bottleneck of formal verification, this focus restricts the339

framework’s immediate generalization to other critical verification structures, e.g., assertions. Second,340

the validity of the generated counterexamples is not formally guaranteed. Because exact reachability341

checking is fundamentally challenging and often infeasible (Yang et al., 2026b), the model treats342

the counterexample (σ, τ, ψ) strictly as an intermediate reasoning step optimized for downstream343

repair success rather than absolute mathematical validity. Consequently, the model may occasionally344

hallucinate imprecise execution traces that provide ambiguous guidance.345

Conclusion. We presented TOPOVERUS, a 32B-parameter framework that transforms automated for-346

mal verification from a chaotic, unordered trial-and-error process into a dependency-aware generation347

pipeline. By training a response-level policy via GRPO, our model learns to synthesize structured,348

intermediate counterexamples in a principled way and incrementally repair the proofs. The Topologi-349

cal Graph Reward extracts a natural micro-curriculum directly from the DAG of proof obligations,350

explicitly incentivizing the model to establish foundational constraints before writing dependent in-351

variants. Our extensive evaluations demonstrate that synergistically coupling counterexample-guided352

feedback with topological curriculum learning significantly mitigates the sparsity of verifier rewards353

and outperforms the baselines.354

Ethics Statement355

This work develops AI methods for automated formal verification, which aims to improve the356

reliability and correctness of software systems. We do not foresee direct negative societal impacts.357

All benchmarks used are publicly available or synthesized from open-source codebases. Our models358

are trained on code verification tasks and are not designed for generating harmful content.359
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A Inductive Subset Enumeration Algorithm533

A.1 Problem Formulation and Computational Complexity534

Let V = {v1, . . . , vn} be the set of loop invariant clauses in a verified Verus program. A subset535

S ⊆ V is inductive if the program annotated with only the clauses in S passes the Verus verifier. The536

family of all inductive subsets forms an antichain-closed (monotone) collection: if S is inductive and537

S ⊆ S′, then S′ is also inductive. The dependency graph GV is derived from the minimal inductive538

subsets Imin (Definitions 3.3–3.6 in the main text).539

Hardness of complete enumeration. Enumerating all minimal inductive subsets of a mono-540

tone Boolean oracle is equivalent to the Hypergraph Transversal Enumeration problem (Trans-541

Enum) (Eiter & Gottlob, 1995). Formally, given a hypergraph H = ([n], E), a minimal transversal is542

a minimal set T ⊆ [n] that intersects every hyperedge; enumerating all minimal transversals is pre-543

cisely our problem when each hyperedge encodes a “necessary support” constraint for inductiveness.544

This problem occupies a rare position in the complexity landscape (Eiter & Gottlob, 1995). Despite545

30+ years of effort, it is not known to be solvable in polynomial time for general hypergraphs. At546

the same time, it is not known to be NP-hard: were it NP-hard, the existence of a quasi-polynomial547

algorithm would imply NP ̸= co-NP, a separation stronger than P ̸= NP. The best known algorithm548

runs in quasi-polynomial time NO(logN/ log logN) (Fredman & Khachiyan, 1996), where N is the549

combined size of the input and output. This problem is the enumeration-complexity analogue of550

Graph Isomorphism: believed hard, but provably outside standard NP-hardness. The connection to551

formal verification is not coincidental: the same structure arises as Minimal Inductive Validity Core552

(MIVC) enumeration (Ghassabani et al., 2016), where one seeks all minimal subsets of a transition553

system sufficient to prove a safety property.554

The intractability of exact enumeration motivates a practical approximation: collect a sufficient555

sample of inductive subsets within a fixed verifier call budget B, yielding an approximate Imin that556

is exact for the vast majority of programs and near-exact for the rest.557

A.2 Level-wise BFS Enumeration Algorithm558

Given that exact enumeration is intractable in general, we design an algorithm that (i) is correct559

when the budget suffices to exhaust the search space, and (ii) degrades gracefully to a well-structured560

approximation when the budget is exceeded. The algorithm exploits the antichain-closed structure561

of I(V) via a level-wise breadth-first search: subsets are enumerated in increasing cardinality order562

k = 1, 2, . . . , n, and any superset of an already-found inductive set is pruned without a verifier call.563

Remark (Correctness under mutual inductiveness). Some invariant groups are mutually inductive:564

no individual clause {vi} verifies on its own, but the group S = {vi, vj , . . .} does (these form SCCs565

in GV ). A seed-based approach that initializes from singletons would produce an empty queue for566

such groups and miss them entirely. The level-wise algorithm below handles this correctly by starting567

from k = 1 and increasing k until the first inductive subsets are found.568
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Algorithm 1 Level-wise BFS Enumeration of Minimal Inductive Subsets
Require: Invariant set V = {v1, . . . , vn}, verifier oracle VERIFY(S)→ {true, false}, budget B
Ensure: Family Imin of minimal inductive subsets

1: Imin ← ∅; Visited← ∅; calls← 0
2: for k = 1, 2, . . . , n do ▷ level = subset size
3: for each S ∈

(V
k

)
in lexicographic order do

4: if S ∈ Visited then continue
5: end if
6: Visited← Visited ∪ {S}
7: if ∃T ∈ Imin : T ⊆ S then continue ▷ antichain pruning
8: end if
9: if calls ≥ B then goto DONE

10: end if
11: calls← calls + 1
12: if VERIFY(S) then
13: Imin ← Imin ∪ {S}
14: end if
15: end for
16: if calls ≥ B then break
17: end if
18: end for
19: DONE: return Imin

A.3 Complexity Analysis569

Verifier call budget. Each subset S is tested at most once (tracked in Visited). The antichain570

pruning step (line 5 of Algorithm 1) skips any superset of an already-found inductive set: once a571

minimal inductive subset T is found, all 2n−|T | supersets are guaranteed inductive by the antichain-572

closed property and are pruned without further verifier calls. In the best case (self-inductive singletons573

exist), the algorithm terminates at level k = 1 with n calls and prunes the remaining 2n − n − 1574

supersets. In the general case, the worst-case call count is
∑k∗

k=1

(
n
k

)
where k∗ is the size of the575

smallest inductive subset, compared to 2n − 1 for naive enumeration. For programs with n > 8 (2%576

of our dataset), we apply a budget cap of B = 256 calls.577

Empirical preprocessing statistics. We ran the level-wise BFS enumeration offline on all 531578

verified programs across five benchmark datasets (Table 3). The median program has n = 3 invariants;579

98% have n ≤ 8. During actual training, we only use dependency graphs from 249 training samples.580

Table 3: Preprocessing statistics per dataset. “Calls” = actual verifier invocations (total). “Naive”
= calls without the budget cap (2n − 1 per file, summed). “Reduction” = Naive / Calls. “Est. time”
assumes 0.42 s per Verus call (measured mean on our hardware; range 0.25–0.71 s).

Dataset Files n (mean) Calls (total) Naive (total) Reduction Est. time

Dafnybench 55 1.9 205 205 1.0× 1.4 min
HumanEval-Alphaverus 47 3.4 1,135 2,669 2.4× 7.9 min
LeetCode 23 6.6 2,817 72,955 25.9× 19.7 min
Obfuscated-VerusBench 266 3.0 3,498 3,498 1.0× 24.5 min
cleaned-VerusBench 140 2.7 1,561 1,816 1.2× 10.9 min

Total 531 3.0 9,216 81,143 8.8× ≈64 min

This concretizes the approximation motivated in §A.1: for the 98% of programs with n ≤ 8,581

the full search space (2n − 1 ≤ 255 subsets) is exhausted within budget B = 256, so Imin is582

exact—equivalent to the intractable complete enumeration, achieved cheaply because our benchmark583

programs are small. For the remaining 2% (n > 8, all from LeetCode, n ≤ 16), the budget cap584

triggers the approximation: the returned Imin contains the minimal inductive subsets found within B585

calls, which are guaranteed to be locally minimal (no proper subset was found inductive) but may586

not be globally minimal. The level-wise traversal order ensures that small subsets are tested first,587
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so the approximation is biased toward finding small inductive sets—the most informative ones for588

dependency graph construction. These 9 files constitute a negligible fraction of the training data,589

and the overall reduction in verifier calls is 8.8× (9,216 actual vs. 81,143 naive), with LeetCode590

benefiting most (25.9×).591

Dependency graph construction and amortization. Given Imin, the dependency edges E are592

computed in O(|Imin| · n2) time (Definition 3.7), and SCC condensation via Tarjan’s algorithm runs593

in O(n+ |E|)—both polynomial in n. The entire offline preprocessing—9,216 verifier calls across594

531 programs—completes in approximately 64 minutes on a single machine (measured mean Verus595

call time: 0.42 s; range 0.25–0.71 s across benchmarks), and is performed once before training begins.596

At training time, the reward function performs only a dictionary lookup (O(1)) plus topological order597

evaluation (O(n+ |E|)), adding negligible overhead to the RL rollout.598

B Qualitative Counterexample Case Studies599

We include three representative examples where the generated counterexample context directly600

identifies the proof obligation that should be repaired. In each example, the display keeps the601

source-level artifact fixed: the left panel contains the task and buggy proof fragment, while the602

right panel contains the raw verifier message and the generated [State], [Execution Trace],603

and [Violation] fields. The accompanying text below analyzes why the raw error message is604

insufficient and how the counterexample makes the repair target explicit.605

Assertion placement. The first case illustrates a failure mode where the relevant counterexample606

is an intermediate program state rather than a loop-entry or loop-exit state. The task is to move607

elements from shrink into grow while preserving the sum of their lengths. The loop invariant is608

semantically correct at the loop boundary, but the assertion is placed after shrink.pop() and before609

grow.push(i), where the length sum is temporarily one smaller. The verifier message reports only610

an assertion failure at the source line, so it does not distinguish a wrong invariant from an assertion611

placed at the wrong program point. The generated counterexample makes this distinction explicit by612

tracing the execution to the precise state where the assertion is evaluated.613

Case Study A: Assertion Checked at the Wrong Program Point

Task. Dafnybench/program 422 count less than
Move elements from shrink to grow while preserving the total length.
Buggy code.
fn count_less_than(numbers: Vec<u32>, threshold: u32)

-> (count: u32)

ensures count == numbers.len() as u32,

{

let mut shrink = numbers.clone();

let mut grow: Vec<u32> = Vec::new();

while shrink.len() > 0

invariant

grow.len() + shrink.len() == numbers.len(),

decreases shrink.len(),

{

let i = shrink.pop().unwrap();

// BUG: checked before grow.push(i).

assert(grow.len() + shrink.len()

== numbers.len());

grow.push(i);

}

assert(numbers.len() == grow.len());

grow.len() as u32

}

The assertion is checked after pop and before the compensating
push; the loop invariant only holds at loop boundaries.

Verus error.
error: assertion failed

--> program_422_count_less_than.rs:19:16

|

19 | assert(grow.len() + shrink.len() == numbers.len());

| ^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^^

Counterexample.

[State] numbers = [1,2,3], threshold = 5. At loop en-
try: grow = [], shrink = [1,2,3]; hence grow.len()
+ shrink.len() = 0 + 3 = 3.

[Execution Trace] Execute the first loop iteration. The state-
ment shrink.pop() removes one element, so shrink =
[1,2] while grow is still empty. The assertion is checked im-
mediately at this intermediate point, before grow.push(i).

[Violation] At the assertion site, grow.len() +
shrink.len() = 0 + 2 = 2, but numbers.len() = 3.
The invariant is re-established only after the subsequent push;
it cannot justify an assertion placed between the two updates.

614

Prefix-scoped semantic invariant. The second case demonstrates how counterexample analysis615

identifies the scope of a semantic loop invariant. The function computes the maximum profit over a616

price sequence, but during the loop max pro only summarizes the prefix processed so far. The buggy617

proof copies the final full-array property into the loop invariant, requiring max pro to bound profits618

involving future prices even before the first iteration. The verifier reports that the invariant is not619
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satisfied before the loop, but the message does not reveal which quantifier range is too strong. The620

generated counterexample instantiates the full-array claim with prices = [5,3,7], j = 0, and k621

= 2, yielding the false obligation 7 - 5 <= 0. This turns a coarse invariant failure into a localized622

repair target: replace the full-array range with the processed-prefix range k < i.623

Case Study B: Full-Array Claim Used as a Prefix Invariant

Task. Leetcode/121-BestTimeSell
Compute the maximum profit from one buy-sell pair in a price sequence.
Buggy code.
pub fn max_profit(prices: Vec<i32>) -> (res: i32)

requires

1 <= prices.len() <= 100000,

forall|i: int| 0 <= i < prices.len()

==> 0 <= prices[i] <= 10000,

ensures

forall|j: int, k: int|

0 <= j < k < prices.len()

==> prices[k] - prices[j] <= res,

{

let mut max_pro = 0;

let mut min_price = i32::MAX;

for i in 0..prices.len()

invariant

forall|j: int| 0 <= j < i

==> prices[j] >= min_price,

i > 0 ==> exists|j: int| 0 <= j < i

&& prices[j] == min_price,

// BUG: full-array range; should be k < i.

forall|j: int, k: int|

0 <= j < k < prices.len()

==> prices[k] - prices[j] <= max_pro,

{

min_price = min_i32(min_price, prices[i]);

max_pro = max_i32(max_pro, prices[i] - min_price)

;

}

max_pro

}

The last invariant talks about all future days. It should only summa-
rize the processed prefix: 0 <= j < k < i.

Verus error.
error: invariant not satisfied before loop

--> best_time_sell_v2.rs:37:13

|

37 | forall|j: int, k: int|

| ^^^^^^^^^^^^^^^^^^^^^^^

Counterexample.

[State] prices = [5,3,7]. Before the first loop iteration, i
= 0, max pro = 0, and min price = i32::MAX. All input
bounds hold.

[Execution Trace] Verus checks the loop invariants at entry.
The buggy invariant requires every pair in the whole array to
have profit at most max pro. Instantiate it with j = 0, k =
2. Then prices[2] - prices[0] = 7 - 5 = 2.

[Violation] The invariant demands 2 <= max pro = 0,
which is false. The counterexample identifies the quantifier
range as the root cause: before processing any day, the proof
can only make claims about the empty prefix 0..i, not about
the full input sequence.

624

Arithmetic-safety context. The third case shows that a counterexample can diagnose proof-context625

loss rather than a concrete runtime overflow. The function preconditions already state that each square626

and cube of an input element is within the i32 range, but the loop invariant only records the output627

length and the values already pushed. Consequently, the verifier reports a possible overflow at the628

multiplication site, without indicating that the missing ingredient is the arithmetic-bound precondition629

inside the loop context. The generated counterexample keeps the execution state concrete and benign,630

then explains why the verifier still rejects it: at the current index i, the loop context does not contain631

the bound needed to prove nums[i] * nums[i] * nums[i] safe.632
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Table 4: Ordinary Pass, Safe Pass, and safe rate on the 63-problem TTS validation set from Verus-
Bench, DafnyBench, HumanEval, and LeetCode. Safe rate is computed as Safe Pass divided by
ordinary Pass at the endpoint budget.

Sample scaling, K = 32 Iteration scaling, 32 iters
Method Pass Safe Pass Safe Rate Pass Safe Pass Safe Rate

CoT-Init 87.3 60.3 69.1% 76.2 54.0 70.8%
CTX-Init 85.7 61.9 72.2% 73.0 42.9 58.7%
CTX-Dep 90.5 79.4 87.7% 79.4 69.8 88.0%
Qwen3-Coder 57.1 41.3 72.2% 46.0 30.2 65.5%
Sonnet-4.5 90.5 73.0 80.7% 85.7 54.0 63.0%

Case Study C: Missing Arithmetic-Safety Fact in the Loop Context

Task. cleaned-verusbench/task id 447
Return a vector containing the cube of each input element.
Buggy code.
fn cube_element(nums: &Vec<i32>) -> (cubed: Vec<i32>)

requires

forall|k: int| 0 <= k < nums.len()

==> i32::MIN <= nums[k] * nums[k]

<= i32::MAX,

forall|k: int| 0 <= k < nums.len()

==> i32::MIN <= nums[k] * nums[k] * nums[k]

<= i32::MAX,

ensures

forall|i: int| 0 <= i < nums.len()

==> cubed[i] == nums[i] * nums[i] * nums[i],

{

let mut cubed_array: Vec<i32> = Vec::new();

let mut i = 0;

while i < nums.len()

invariant

i <= nums.len(),

cubed_array.len() == i,

forall|k: int| 0 <= k < i

==> cubed_array[k] == nums[k] * nums[k] *

nums[k],

decreases nums.len() - i,

{

// BUG: loop invariants omit cube bounds.

cubed_array.push(nums[i] * nums[i] * nums[i]);

i += 1;

}

cubed_array

}

The function precondition has the needed arithmetic bounds, but
the loop invariant does not carry them into the loop body.

Verus error.
error: possible arithmetic underflow/overflow

--> task_id_447.rs:40:26

|

40 | cubed_array.push(nums[i] * nums[i] * nums[i]);

| ^^^^^^^^^^^^^^^^^^^^^^^^^^^

Counterexample.

[State] nums = [10,20,30]. At the first iteration, i = 0,
cubed array.len() = 0, and all function preconditions are
satisfied.

[Execution Trace] The loop guard gives i < nums.len().
The program then evaluates nums[i] * nums[i] *
nums[i]. Although the function precondition bounds every
square and cube, the loop invariant only states the index
bound, result length, and previously computed elements.

[Violation] Verus cannot prove that the current multiplication
is within the i32 range from the loop context alone. The repair
is to carry the arithmetic-bound facts as loop invariants, so the
verifier can instantiate them at the current index i.

633

C Additional Results634

C.1 Safe Rate under Test-Time Scaling635

Table 4 compares ordinary verifier Pass with Safe Pass at the endpoint budgets used in Figure 3. We636

define the safe rate as SafePass/Pass, i.e., the fraction of verifier-passing successes retained after637

filtering repairs that modify executable code. CTX-Dep has the highest safe rate in both regimes:638

87.7% for sample scaling and 88.0% for iteration scaling. This indicates that its test-time scaling639

gains are not primarily due to unsafe verifier-satisfying edits; most of its additional verifier successes640

survive the safety filter.641

D Prompt Templates642

We document the prompt templates used during RL training and iterative test-time evaluation. Both643

templates elicit the same structured output format: a chain-of-thought reasoning block ⟨think⟩, a644

semi-formal counterexample block ⟨counterexample⟩ with three mandatory subsections ([State],645

[Execution Trace], [Violation]), a repair rationale block ⟨reasoning⟩, and a single rust646

code block containing the repaired program.647
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D.1 RL Training Prompt648

During GRPO training, each rollout is conditioned on a fixed system message that establishes the649

model’s role and a per-problem user message that supplies the buggy program and the Verus verifier650

output.651

System Message

You are an expert in Verus, a formal verification framework for Rust.
You fix buggy Verus programs by analyzing verification errors,
constructing concrete counterexamples, and writing repaired code
that passes the verifier.

Common Verus fix patterns:
- Missing decreases clause: add ‘decreases <expr>‘ to while/for loops
- Postcondition not satisfied: add loop invariants that mirror the
postcondition

- Precondition not satisfied: add invariants proving bounds
(e.g., index < len)

- Arithmetic overflow: add bounds invariants or use checked arithmetic
- Recommendation not met: add ‘assert‘ to guide the prover

652

User Message

Fix the following buggy Verus Rust program so it passes the verifier.

Respond with these sections in order:
1. <counterexample> with [State], [Execution Trace], [Violation]
2. <reasoning> with a concise repair plan
3. A single ‘‘‘rust ... ‘‘‘ block with the complete fixed program

---
Benchmark: {benchmark}
Problem: {problem}

[Buggy Code]
‘‘‘rust
{buggy_code}
‘‘‘

[Verifier Error]
{verifier_error}

653

D.2 Iterative Repair Prompt (Refinement Turn)654

During test-time scaling, the model is queried for up to T iterations. For iteration t ≥ 2, a refinement655

turn is appended after the original prompt, supplying the previous repair attempt and the verifier’s656

updated error log. This enables the model to construct a fresh counterexample and revise its repair657

strategy based on the remaining verification failures.658

Refinement Turn (appended after the original prompt, iteration t ≥ 2)

{original_prompt}

---
# Previous Attempt
The code generated in the previous turn was:
‘‘‘rust
{previous_code}
‘‘‘

659
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# Verifier Output
The Verus verifier reported the following errors:
{verifier_output}

# Task
Analyze the remaining verification errors. Respond with:
1. <counterexample> with [State], [Execution Trace], [Violation]
2. <reasoning> with a concise repair plan
3. A single ‘‘‘rust ... ‘‘‘ block with the complete fixed program.

660
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NeurIPS Paper Checklist661

The checklist is designed to encourage best practices for responsible machine learning research,662

addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove663

the checklist: The papers not including the checklist will be desk rejected. The checklist should664

follow the references and follow the (optional) supplemental material. The checklist does NOT count665

towards the page limit.666

Please read the checklist guidelines carefully for information on how to answer these questions. For667

each question in the checklist:668

• You should answer [Yes], [No], or [N/A].669

• [N/A] means either that the question is Not Applicable for that particular paper or the670

relevant information is Not Available.671

• Please provide a short (1–2 sentence) justification right after your answer (even for [N/A]).672

The checklist answers are an integral part of your paper submission. They are visible to the673

reviewers, area chairs, senior area chairs, and ethics reviewers. You will also be asked to include it674

(after eventual revisions) with the final version of your paper, and its final version will be published675

with the paper.676

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.677

While [Yes] is generally preferable to [No], it is perfectly acceptable to answer [No] provided a678

proper justification is given (e.g., error bars are not reported because it would be too computationally679

expensive” or “we were unable to find the license for the dataset we used”). In general, answering680

[No] or [N/A] is not grounds for rejection. While the questions are phrased in a binary way, we681

acknowledge that the true answer is often more nuanced, so please just use your best judgment and682

write a justification to elaborate. All supporting evidence can appear either in the main paper or the683

supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification684

please point to the section(s) where related material for the question can be found.685

1. Claims686

Question: Do the main claims made in the abstract and introduction accurately reflect the687

paper’s contributions and scope?688

Answer: [Yes]689

Justification: The abstract and introduction accurately reflect the paper’s contributions and690

scope.691

Guidelines:692

• The answer [N/A] means that the abstract and introduction do not include the claims693

made in the paper.694

• The abstract and/or introduction should clearly state the claims made, including the695

contributions made in the paper and important assumptions and limitations. A [No] or696

[N/A] answer to this question will not be perceived well by the reviewers.697

• The claims made should match theoretical and experimental results, and reflect how698

much the results can be expected to generalize to other settings.699

• It is fine to include aspirational goals as motivation as long as it is clear that these goals700

are not attained by the paper.701

2. Limitations702

Question: Does the paper discuss the limitations of the work performed by the authors?703

Answer: [Yes]704

Justification: The limitation discussion can be found in the Discussion and Conclusion705

section.706

Guidelines:707

• The answer [N/A] means that the paper has no limitation while the answer [No] means708

that the paper has limitations, but those are not discussed in the paper.709
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• The authors are encouraged to create a separate “Limitations” section in their paper.710

• The paper should point out any strong assumptions and how robust the results are to711

violations of these assumptions (e.g., independence assumptions, noiseless settings,712

model well-specification, asymptotic approximations only holding locally). The authors713

should reflect on how these assumptions might be violated in practice and what the714

implications would be.715

• The authors should reflect on the scope of the claims made, e.g., if the approach was716

only tested on a few datasets or with a few runs. In general, empirical results often717

depend on implicit assumptions, which should be articulated.718

• The authors should reflect on the factors that influence the performance of the approach.719

For example, a facial recognition algorithm may perform poorly when image resolution720

is low or images are taken in low lighting. Or a speech-to-text system might not be721

used reliably to provide closed captions for online lectures because it fails to handle722

technical jargon.723

• The authors should discuss the computational efficiency of the proposed algorithms724

and how they scale with dataset size.725

• If applicable, the authors should discuss possible limitations of their approach to726

address problems of privacy and fairness.727

• While the authors might fear that complete honesty about limitations might be used by728

reviewers as grounds for rejection, a worse outcome might be that reviewers discover729

limitations that aren’t acknowledged in the paper. The authors should use their best730

judgment and recognize that individual actions in favor of transparency play an impor-731

tant role in developing norms that preserve the integrity of the community. Reviewers732

will be specifically instructed to not penalize honesty concerning limitations.733

3. Theory assumptions and proofs734

Question: For each theoretical result, does the paper provide the full set of assumptions and735

a complete (and correct) proof?736

Answer: [Yes]737

Justification: The theoretical formulations are defined in Section 3.738

Guidelines:739

• The answer [N/A] means that the paper does not include theoretical results.740

• All the theorems, formulas, and proofs in the paper should be numbered and cross-741

referenced.742

• All assumptions should be clearly stated or referenced in the statement of any theorems.743

• The proofs can either appear in the main paper or the supplemental material, but if744

they appear in the supplemental material, the authors are encouraged to provide a short745

proof sketch to provide intuition.746

• Inversely, any informal proof provided in the core of the paper should be complemented747

by formal proofs provided in appendix or supplemental material.748

• Theorems and Lemmas that the proof relies upon should be properly referenced.749

4. Experimental result reproducibility750

Question: Does the paper fully disclose all the information needed to reproduce the main ex-751

perimental results of the paper to the extent that it affects the main claims and/or conclusions752

of the paper (regardless of whether the code and data are provided or not)?753

Answer: [Yes]754

Justification: The experiment details are in Section 4.755

Guidelines:756

• The answer [N/A] means that the paper does not include experiments.757

• If the paper includes experiments, a [No] answer to this question will not be perceived758

well by the reviewers: Making the paper reproducible is important, regardless of759

whether the code and data are provided or not.760

• If the contribution is a dataset and/or model, the authors should describe the steps taken761

to make their results reproducible or verifiable.762
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• Depending on the contribution, reproducibility can be accomplished in various ways.763

For example, if the contribution is a novel architecture, describing the architecture fully764

might suffice, or if the contribution is a specific model and empirical evaluation, it may765

be necessary to either make it possible for others to replicate the model with the same766

dataset, or provide access to the model. In general. releasing code and data is often767

one good way to accomplish this, but reproducibility can also be provided via detailed768

instructions for how to replicate the results, access to a hosted model (e.g., in the case769

of a large language model), releasing of a model checkpoint, or other means that are770

appropriate to the research performed.771

• While NeurIPS does not require releasing code, the conference does require all submis-772

sions to provide some reasonable avenue for reproducibility, which may depend on the773

nature of the contribution. For example774

(a) If the contribution is primarily a new algorithm, the paper should make it clear how775

to reproduce that algorithm.776

(b) If the contribution is primarily a new model architecture, the paper should describe777

the architecture clearly and fully.778

(c) If the contribution is a new model (e.g., a large language model), then there should779

either be a way to access this model for reproducing the results or a way to reproduce780

the model (e.g., with an open-source dataset or instructions for how to construct781

the dataset).782

(d) We recognize that reproducibility may be tricky in some cases, in which case783

authors are welcome to describe the particular way they provide for reproducibility.784

In the case of closed-source models, it may be that access to the model is limited in785

some way (e.g., to registered users), but it should be possible for other researchers786

to have some path to reproducing or verifying the results.787

5. Open access to data and code788

Question: Does the paper provide open access to the data and code, with sufficient instruc-789

tions to faithfully reproduce the main experimental results, as described in supplemental790

material?791

Answer: [Yes]792

Justification: The data and code are in supplemental materials.793

Guidelines:794

• The answer [N/A] means that paper does not include experiments requiring code.795

• Please see the NeurIPS code and data submission guidelines (https://neurips.cc/796

public/guides/CodeSubmissionPolicy) for more details.797

• While we encourage the release of code and data, we understand that this might not798

be possible, so [No] is an acceptable answer. Papers cannot be rejected simply for not799

including code, unless this is central to the contribution (e.g., for a new open-source800

benchmark).801

• The instructions should contain the exact command and environment needed to run to802

reproduce the results. See the NeurIPS code and data submission guidelines (https:803

//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.804

• The authors should provide instructions on data access and preparation, including how805

to access the raw data, preprocessed data, intermediate data, and generated data, etc.806

• The authors should provide scripts to reproduce all experimental results for the new807

proposed method and baselines. If only a subset of experiments are reproducible, they808

should state which ones are omitted from the script and why.809

• At submission time, to preserve anonymity, the authors should release anonymized810

versions (if applicable).811

• Providing as much information as possible in supplemental material (appended to the812

paper) is recommended, but including URLs to data and code is permitted.813

6. Experimental setting/details814

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-815

rameters, how they were chosen, type of optimizer) necessary to understand the results?816
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Answer: [Yes]817

Justification: The experiment details are in Section 4.818

Guidelines:819

• The answer [N/A] means that the paper does not include experiments.820

• The experimental setting should be presented in the core of the paper to a level of detail821

that is necessary to appreciate the results and make sense of them.822

• The full details can be provided either with the code, in appendix, or as supplemental823

material.824

7. Experiment statistical significance825

Question: Does the paper report error bars suitably and correctly defined or other appropriate826

information about the statistical significance of the experiments?827

Answer: [Yes]828

Justification: The experiment details are in Section 4.829

Guidelines:830

• The answer [N/A] means that the paper does not include experiments.831

• The authors should answer [Yes] if the results are accompanied by error bars, confidence832

intervals, or statistical significance tests, at least for the experiments that support the833

main claims of the paper.834

• The factors of variability that the error bars are capturing should be clearly stated (for835

example, train/test split, initialization, random drawing of some parameter, or overall836

run with given experimental conditions).837

• The method for calculating the error bars should be explained (closed form formula,838

call to a library function, bootstrap, etc.)839

• The assumptions made should be given (e.g., Normally distributed errors).840

• It should be clear whether the error bar is the standard deviation or the standard error841

of the mean.842

• It is OK to report 1-sigma error bars, but one should state it. The authors should843

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis844

of Normality of errors is not verified.845

• For asymmetric distributions, the authors should be careful not to show in tables or846

figures symmetric error bars that would yield results that are out of range (e.g., negative847

error rates).848

• If error bars are reported in tables or plots, the authors should explain in the text how849

they were calculated and reference the corresponding figures or tables in the text.850

8. Experiments compute resources851

Question: For each experiment, does the paper provide sufficient information on the com-852

puter resources (type of compute workers, memory, time of execution) needed to reproduce853

the experiments?854

Answer: [Yes]855

Justification: The experiment details are in Section 4.856

Guidelines:857

• The answer [N/A] means that the paper does not include experiments.858

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,859

or cloud provider, including relevant memory and storage.860

• The paper should provide the amount of compute required for each of the individual861

experimental runs as well as estimate the total compute.862

• The paper should disclose whether the full research project required more compute863

than the experiments reported in the paper (e.g., preliminary or failed experiments that864

didn’t make it into the paper).865

9. Code of ethics866
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Question: Does the research conducted in the paper conform, in every respect, with the867

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?868

Answer: [Yes]869

Justification: The research conforms with the Code of Ethics.870

Guidelines:871

• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of872

Ethics.873

• If the authors answer [No], they should explain the special circumstances that require a874

deviation from the Code of Ethics.875

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-876

eration due to laws or regulations in their jurisdiction).877

10. Broader impacts878

Question: Does the paper discuss both potential positive societal impacts and negative879

societal impacts of the work performed?880

Answer: [Yes]881

Justification: The broader impacts are discussed in the supplemental materials.882

Guidelines:883

• The answer [N/A] means that there is no societal impact of the work performed.884

• If the authors answer [N/A] or [No], they should explain why their work has no societal885

impact or why the paper does not address societal impact.886

• Examples of negative societal impacts include potential malicious or unintended uses887

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations888

(e.g., deployment of technologies that could make decisions that unfairly impact specific889

groups), privacy considerations, and security considerations.890

• The conference expects that many papers will be foundational research and not tied891

to particular applications, let alone deployments. However, if there is a direct path to892

any negative applications, the authors should point it out. For example, it is legitimate893

to point out that an improvement in the quality of generative models could be used to894

generate Deepfakes for disinformation. On the other hand, it is not needed to point out895

that a generic algorithm for optimizing neural networks could enable people to train896

models that generate Deepfakes faster.897

• The authors should consider possible harms that could arise when the technology is898

being used as intended and functioning correctly, harms that could arise when the899

technology is being used as intended but gives incorrect results, and harms following900

from (intentional or unintentional) misuse of the technology.901

• If there are negative societal impacts, the authors could also discuss possible mitigation902

strategies (e.g., gated release of models, providing defenses in addition to attacks,903

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from904

feedback over time, improving the efficiency and accessibility of ML).905

11. Safeguards906

Question: Does the paper describe safeguards that have been put in place for responsible907

release of data or models that have a high risk for misuse (e.g., pre-trained language models,908

image generators, or scraped datasets)?909

Answer: [Yes]910

Justification: The experiment details are in Section 4. Verus verifier execution is safe and911

has no risk.912

Guidelines:913

• The answer [N/A] means that the paper poses no such risks.914

• Released models that have a high risk for misuse or dual-use should be released with915

necessary safeguards to allow for controlled use of the model, for example by requiring916

that users adhere to usage guidelines or restrictions to access the model or implementing917

safety filters.918
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• Datasets that have been scraped from the Internet could pose safety risks. The authors919

should describe how they avoided releasing unsafe images.920

• We recognize that providing effective safeguards is challenging, and many papers do921

not require this, but we encourage authors to take this into account and make a best922

faith effort.923

12. Licenses for existing assets924

Question: Are the creators or original owners of assets (e.g., code, data, models), used in925

the paper, properly credited and are the license and terms of use explicitly mentioned and926

properly respected?927

Answer: [Yes]928

Justification: The experiment details are in Section 4. All used datasets are public.929

Guidelines:930

• The answer [N/A] means that the paper does not use existing assets.931

• The authors should cite the original paper that produced the code package or dataset.932

• The authors should state which version of the asset is used and, if possible, include a933

URL.934

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.935

• For scraped data from a particular source (e.g., website), the copyright and terms of936

service of that source should be provided.937

• If assets are released, the license, copyright information, and terms of use in the938

package should be provided. For popular datasets, paperswithcode.com/datasets939

has curated licenses for some datasets. Their licensing guide can help determine the940

license of a dataset.941

• For existing datasets that are re-packaged, both the original license and the license of942

the derived asset (if it has changed) should be provided.943

• If this information is not available online, the authors are encouraged to reach out to944

the asset’s creators.945

13. New assets946

Question: Are new assets introduced in the paper well documented and is the documentation947

provided alongside the assets?948

Answer: [Yes]949

Justification: The trained model and data are in supplemental materials.950

Guidelines:951

• The answer [N/A] means that the paper does not release new assets.952

• Researchers should communicate the details of the dataset/code/model as part of their953

submissions via structured templates. This includes details about training, license,954

limitations, etc.955

• The paper should discuss whether and how consent was obtained from people whose956

asset is used.957

• At submission time, remember to anonymize your assets (if applicable). You can either958

create an anonymized URL or include an anonymized zip file.959

14. Crowdsourcing and research with human subjects960

Question: For crowdsourcing experiments and research with human subjects, does the paper961

include the full text of instructions given to participants and screenshots, if applicable, as962

well as details about compensation (if any)?963

Answer: [N/A]964

Justification: We did not do crowdsource experiments.965

Guidelines:966

• The answer [N/A] means that the paper does not involve crowdsourcing nor research967

with human subjects.968
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• Including this information in the supplemental material is fine, but if the main contribu-969

tion of the paper involves human subjects, then as much detail as possible should be970

included in the main paper.971

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,972

or other labor should be paid at least the minimum wage in the country of the data973

collector.974

15. Institutional review board (IRB) approvals or equivalent for research with human975

subjects976

Question: Does the paper describe potential risks incurred by study participants, whether977

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)978

approvals (or an equivalent approval/review based on the requirements of your country or979

institution) were obtained?980

Answer: [N/A]981

Justification: We did not do crowdsource experiments.982

Guidelines:983

• The answer [N/A] means that the paper does not involve crowdsourcing nor research984

with human subjects.985

• Depending on the country in which research is conducted, IRB approval (or equivalent)986

may be required for any human subjects research. If you obtained IRB approval, you987

should clearly state this in the paper.988

• We recognize that the procedures for this may vary significantly between institutions989

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the990

guidelines for their institution.991

• For initial submissions, do not include any information that would break anonymity (if992

applicable), such as the institution conducting the review.993

16. Declaration of LM usage994

Question: Does the paper describe the usage of LMs if it is an important, original, or995

non-standard component of the core methods in this research? Note that if the LM is used996

only for writing, editing, or formatting purposes and does not impact the core methodology,997

scientific rigor, or originality of the research, declaration is not required.998

Answer: [N/A]999

Justification: LM is used only for writing, editing, or formatting purposes and does not1000

impact the core methodology, scientific rigor, or originality of the research, declaration is1001

not required.1002

Guidelines:1003

• The answer [N/A] means that the core method development in this research does not1004

involve LMs as any important, original, or non-standard components.1005

• Please refer to our LM policy in the NeurIPS handbook for what should or should not1006

be described.1007

26


	Introduction
	Overview
	Motivating Example

	Methodology
	Problem Formulation
	Reward Architecture
	Topological Graph Reward

	Evaluation
	Experimental Setup
	Main Results
	Ablation Study
	Experiment 3: Counterexample Utility
	Test-Time Scaling

	Related Work
	Discussion and Conclusion
	Inductive Subset Enumeration Algorithm
	Problem Formulation and Computational Complexity
	Level-wise BFS Enumeration Algorithm
	Complexity Analysis

	Qualitative Counterexample Case Studies
	Additional Results
	Safe Rate under Test-Time Scaling

	Prompt Templates
	RL Training Prompt
	Iterative Repair Prompt (Refinement Turn)


