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Abstract

Large Language Models (LLMs) show promise in automated software engineering, yet their guarantee
of correctness is frequently undermined by erroneous or hallucinated code. To enforce model honesty,
formal verification requires LLMs to synthesize implementation logic alongside formal specifications
that are subsequently proven correct by a mathematical verifier. However, the transition from informal
natural language to precise formal specification remains an arduous task. Our work addresses this
by providing the NaturalLanguage2VerifiedCode (NL2VC)-60 dataset: a collection of 60 complex
algorithmic problems. We evaluate 11 randomly selected problem sets across seven open-weight
LLMs using a tiered prompting strategy: contextless prompts, signature prompts providing structural
anchors, and self-healing prompts utilizing iterative feedback from the Dafny verifier. To address
vacuous verification, where models satisfy verifiers with trivial specifications, we integrate the uDebug
platform to ensure functional validation. Our results show that while contextless prompting leads to
near-universal failure, structural signatures and iterative self-healing facilitate a dramatic performance
turnaround. Specifically, Gemma 4-31B achieved a 90.91% verification success rate, while GPT-OSS
120B rose from zero to 81.82% success with signature-guided feedback. These findings indicate that
formal verification is now attainable for open-weight LLMs, which serve as effective apprentices for
synthesizing complex annotations and facilitating high-assurance software development.

Keywords: formal verification; dafny; program synthesis; software correctness; uDebug

1. Introduction

Formal specifications are indispensable for rigorously defining program logic and facilitating
automated reasoning about software correctness. Formal specifications transform ambiguous behaviors
into precise semantics, creating a framework for quality assurance through procedure contracts, loop
invariants, and assertions. As a result of this mathematical clarity, these specifications have become
essential across diverse tasks ranging from software testing [1] and model checking [2] to full-scale
program verification.

Formal verification is increasingly adopted to develop high-assurance software by providing
mathematical proof that programs strictly satisfy their specifications [3] than traditional dynamic
analysis methods such as testing or fuzzing [4]. Consequently, high-stakes domains, including security-
sensitive infrastructure, cryptographic libraries, and autonomous aerospace systems, rely on these
rigorous correctness guarantees to prevent critical vulnerabilities and operational disruptions [5].
Despite significant breakthroughs in Satisfiability Modulo Theory (SMT) solvers [6], writing program
properties and proofs remains a creative, manual process requiring immense expertise. Developers
must manually generate complex annotations, such as loop invariants and ranking functions, to enable
automated verification tools to complete a proof. This manual process is tedious and time-consuming,
often exceeding the effort required to write the executable code itself. For example, the verification of
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the seL4 microkernel project [7] required an eleven-person-year effort [8], while the verified code for
CompCert C [9] is more than three times the size of the compiler itself [10].

Concurrent with the evolution of formal methods, the rise of Large Language Model (LLM) based
assistants has rapidly transformed modern software development workflows. Al-driven tools such as
GitHub Copilot [? ], Cursor AI [11], and Amazon Q Developer [12] have accelerated programming
tasks through natural language to code translation and intelligent autocompletion. By leveraging
massive corpora of source code, these systems synthesize complex snippets from informal descriptions
to automate traditional refactoring and implementation workflows. This shift has popularized vibe
coding [? ], where developers rely on high-level intuition and conversational prompts to iterate on
software rather than manual line-by-line implementation [13]. However, the use of LLMs in software
synthesis introduces a new set of reliability concerns because, despite their fluency, these systems
frequently produce code that is syntactically plausible but semantically incorrect, a phenomenon
known as hallucinations. Furthermore, LLMs often exhibit insufficient reasoning capabilities when
dealing with complex algorithmic logic and remain susceptible to generating insecure patterns due to
adversarial poisoning or inherent biases in their training data [14]. Consequently, the need to ensure
the correctness and logical integrity of LLM-generated code has emerged as a fundamental challenge
in the software engineering community. The problems necessitate a bridge between the synthesis of Al
and the rigorous mathematical certainty of formal verification.

Furthermore, software requirements are typically written in natural language, which is often
ambiguous and imprecise. Capturing complete specifications from such requirements is difficult, and
there is currently a lack of direct mapping from natural language to formal specifications. Several
formal verification languages exist in the literature, such as F¥, Coq, Lean, and the Java Modeling
Language (JML); however, we choose Dafny [15] for our framework due to its unique balance of
imperative programming and automated theorem proving. Dafny supports verification via Design by
Contract [16] using assertions, preconditions, and postconditions. However, even in Dafny, authoring
formal specifications and auxiliary verification assertions remains difficult for developers [17]. This
challenge is exacerbated by a limited number of training data; while popular languages like Java and
Python have over 5 million repositories on GitHub, the Dafny ecosystem has approximately 779 results
[18]. This lack of large-scale data makes Dafny particularly challenging for LLM to synthesize correct
code without producing hallucinations.

To bridge these gaps, we introduce NL2VC-60: Natural Language 2 Verified Code dataset, a
novel benchmark designed to evaluate the synthesis of formally verified code from complex, real-
world requirements. We began by hand-authoring 60 high-quality Dafny programs to optimize our
prompt generation strategies, specifically targeting the nuanced demands of competitive programming
problems from the UVa Online Judge [19]. The UVa Online Judge is an online automated judging
system for programming problems, hosted by the University of Valladolid. Using this foundation, we
evaluate randomly selected 11 distinct problem sets across seven leading open-source LLMs using
three specialized prompting techniques. Existing work primarily focuses on small-scale, textbook-style
problems supported by limited Dafny datasets and natural language inputs that rarely exceed 50
words. In contrast, our problem set overcomes these constraints by incorporating complex algorithmic
challenges that require significantly more detailed specifications and extensive descriptive contexts.
Our analysis of the resulting code led to the creation of the first comprehensive dataset of Dafny-specific
compilation and verification errors in the literature, providing a unique resource for understanding
model failure modes in formal methods. We are the first to integrate uDebug [20] community test
suites to ensure rigorous functional correctness. uDebug is a community-driven platform designed for
competitive programmers to validate their solutions against high-quality test suites. By combining
community-driven testing with SMT-based formal proof, NL2VC-60 offers a new standard for code
generation that balances complex natural language requirements with mathematical certainty.

The goal of this paper is to advance the frontier of Al-assisted NL problem-to-code generation by establishing
a robust, Dafny-based formal verification framework that evaluates open-weight LLMSs’ ability to translate
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requirements into provably correct and functionally accurate software.
The primary contributions of this work are as follows:

¢ We conduct the first comprehensive empirical study of open-source LLMs synthesizing verifiable
Dafny code from real-world requirements, evaluating seven LLM models across three prompting
strategies to establish baseline performance in formal code generation.

¢ Weintroduce NL2VC-60 dataset, a novel benchmark consisting of 60 hand-authored programs
to bridges the gap between simple textbook tasks and the nuanced demands of competitive
programming tasks.

*  We provide the first categorization of Dafny-specific compilation and verification errors in the
literature, creating a diagnostic dataset of model failure modes to guide future improvements in
the synthesis of formal verification.

e  We establish a rigorous evaluation pipeline for functional correctness by being the first to integrate
extensive uDebug community test suites, ensuring synthesized programs are both formally
verified and correct across thousands of real-world edge cases.

Ultimately, the synthesis of verified methods remains a vast problem space, and this paper serves
as an initial exploration of its potential. While our first two contributions address the end-to-end task
of synthesizing code from narrative prompts, our third contribution, the systematic categorization
of compilation and verification errors, highlights that Large Language Models (LLMs) may be most
effective when tackling specific sub-problems. These include generating formal specifications from
natural language, synthesizing imperative code from existing contracts, or focusing exclusively on the
annotation bottleneck by producing loop invariants and termination conditions.

Our study results suggest that efforts in LLM-assisted coding should concentrate on generat-
ing verifiable programs, and that the combination of open-source models with formal verification
techniques provides a cost-effective path toward high-assurance software development. Modern
software development requires handling real-world requirements, yet existing literature focuses on
small, textbook-style programming and algorithmic problems. However, our study relies on different
algorithmic patterns, which fully reflect real-world software requirements. We can reduce this gap; by
curating a more representative set of problems from the UVa Online Judge.

The remainder of this paper is organized as follows. Section 2 provides a motivational example.
Section 3 establishes the background on the Dafny language, open-weight LLMs, and the uDebug
platform. Section 4 reviews relevant literature and existing benchmarks. Section 5 details our
methodology, and Section 6 presents our experimental results and a detailed analysis of model failure
modes. Section 7 discusses the implications of our findings and potential threats to validity in Section 8.
Finally, Section 9 concludes the paper.

2. Motivational Example

We consider the Magic Formula problem (UVa 11934) [21] to illustrate the gap between traditional
competitive programming and formal verification. The task requires counting how many values of a
quadratic function f(x) = ax? 4 bx + c are divisible by a divisor d within the range 0 < x < L. Ina
typical software engineering workflow, a developer might rely on sample test cases to verify their logic.
However, such an approach is prone to off-by-one errors and boundary case failures that testing alone
may not catch. By contrast, formal verification ensures that the counting logic remains correct across
all possible integer inputs within the specified bounds, transforming a fragile test-based heuristic into
a mathematically guaranteed solution.

1| function Power (x:int, n:int): int
requires n >= 0

decreases n

if n == 0 then 1 else x * Power(x, n-1)
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s| method MagicFormula(a:int, b:int, c:int, d:int, l:int) returns (result:int)

9 requires d > 0 && 1 >= O

10 // Formal Specification: The result must match the cardinality of the set

11 ensures result == |set x:int | 0 <= x <= 1 && (a*Power(x,2) + bxx + c) % d
== 0|

12 // Boundary Case: Constant functions

13 ensures (a == 0 && b == 0 && c % 4 == 0) ==> result == 1 + 1

14 {

15 var x, count := 0, O;

16 while x <=1

17 invariant 0 <= x <= 1 + 1

18 decreases 1 - x

19 {

20 var value := (a*Power(x,2) + (b * x) + c);

21 if value % d == 0 { count := count + 1; }

2 x = x + 1;

2 }

24 result := count;

5|}

Listing 1: Dafny implementation (Magic Formula problem)

Our research proposes a shift from testing-based validation to formal synthesis. As shown in Listing 1,
the Dafny implementation goes beyond the imperative logic of the loop by defining a formal contract.
The ensures clause specifies the ground truth using mathematical set cardinality:

result = |[{x € Z|0<x < LA (ax*4+bx+c)=0 (modd)}| (1)

This example motivates our work: by utilizing LLMs to generate both imperative code and
associated formal specifications, we can leverage SMT solvers to provide a mathematical guarantee
of correctness. This approach effectively eliminates common algorithmic bugs that persist even after
extensive testing on platforms like UVa Online Judge [22].

3. Background

This section provides the theoretical and technical foundations for contextualizing our study of
Al-assisted formal verification. We first discuss the unique architecture of the Dafny language and
the inherent challenges of the specification burden. Then we discuss the current state of open-weight
LLMs and the iterative prompt engineering techniques used to optimize their reasoning. Finally, we
introduce uDebug as a validation layer to ensure that formally verified programs remain functionally
robust under real-world test cases.

3.1. Dafny: A Verification-Aware Programming Language

Dafny [15,23,24] is a verification-aware, statically typed programming language originally de-
veloped at Microsoft Research [25] and currently supported by the Amazon Automated Reasoning
group [26]. Dafny bridges the gap between high-level programming paradigms, including imperative,
functional, and object-oriented styles, and formal mathematical proof. A distinguishing feature of
Dafny is its native support for Design by Contract, employing Floyd-Hoare-style [16] verification using
preconditions (requires), postconditions (ensures), and loop invariants.

To develop a verified program, developers provide formal specifications along with executable
code. The Dafny static program verifier then checks the functional correctness of the implementation
against these specifications. This is achieved by transforming the code into an intermediate verification
representation (Boogie) [27], encoding the conditions into predicate calculus, and invoking the Z3
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SMT solver [28] to prove their validity. In recent years, Dafny has been used by industry leaders like
Amazon to verify AWS authorization logic [29] and by Intel for hardware encryption libraries [30].

While Dafny ensures that the code does what the developer specifies, the difficulty lies in the
specification burden. As illustrated in Listing 1, a simple method to find the value of a quadratic
function may require more lines of formal annotations (preconditions, postconditions, and invariants)
than actual executable code. Researchers have observed that writing these auxiliary verification
annotations remains the primary bottleneck in formal software development [17]. If an LLM can
successfully synthesize both the implementation and the proofs required for verification, the code
generation could lower the barrier for high-assurance software engineering.

3.2. Large Language Models and Open-Weight Models

The landscape of Large Language Models (LLMs) has shifted from a dominance of proprietary
APIs (like GPT-4 and PaLM-2) toward highly capable Open-Weight Models [31]. Unlike closed models,
open-weight models [31] such as Llama 3.3 [32], Qwen 3 [33], Gemma 3 [34], and Gemma 4 [35] allow
researchers to host the models locally, providing full control over parameters, token limits, and data
privacy.

Recent advancements in these models have demonstrated that smaller, specialized architectures
(e.g., Qwen 3 Coder [36]) can rival proprietary models in code generation and logical reasoning tasks.
However, applying these open-weight models to verification-aware languages such as Dafny remains
an underexplored frontier. Because Dafny code is scarce in public training datasets compared to Python
or Java, our research explores whether the reasoning capabilities inherent in modern open-weight
architectures can generalize to the syntactic and logical requirements of formal verification.

3.3. Prompt Engineering and Self-Healing

Prompt engineering [37,38] is the systematic process of crafting inputs to align an LLMs output
with a specific technical task [39]. In the context of Dafny, prompts must be engineered to be unambigu-
ous and structured. We employ a tiered approach: starting from Contextless Prompting to establish a
baseline, moving to Signature Prompting to provide structural anchors, and finally utilizing Self-Healing
Prompting. Self-healing [40] mimics the human developer’s workflow by feeding the Dafny verifier’s
error messages back into the LLM, allowing the model to iteratively repair its logic and specifications
until verification is achieved.

3.4. uDebug: Beyond Vacuous Verification

A critical challenge in LLM-driven formal synthesis is vacuous verification, where a model
generates weak or trivial specifications that pass the Dafny verifier but do not actually solve the
intended problem. We integrate uDebug [20] into our evaluation pipeline to mitigate the problem.
uDebug is a community-driven platform designed for competitive programmers to validate their
solutions against high-quality test suites. By providing an accepted output for given inputs, uDebug
allows us to perform a dual-layer validation:

e  Formal Layer: The Dafny verifier proves that the code is logically consistent with its formal
specifications.

*  Functional Layer: uDebug ensures the code is semantically correct by testing the generated code
against extreme edge cases and boundary conditions contributed by the competitive programming
community.

As noted by Professor Miguel Angel Revilla (Creator of UVa Online Judge), uDebug is a perfect
complement for identifying critical inputs that break solutions [20]. In this research, we use uDebug
to confirm that our synthesized, verified Dafny programs are also functionally robust in real-world
scenarios type requirements.
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4. Summary of the Literature

This section contextualizes our research within the broader landscape of automated software
engineering and formal verification. We review existing efforts in program synthesis, evaluate the
evolving role of LLMs in formal methods, and compare current Dafny-centric benchmarks.

4.1. Program Synthesis and Verification with Dafny

In the last two decades, formal methods for software synthesis [41] and verification [42] have
transitioned from esoteric research topics to practical industrial tools [15,43]. Modern tools like Dafny,
SAW, and SPIN are now mature enough to support critical applications in encryption algorithms [44],
Ethereum Virtual Machine (EVM) bytecodes [45], scientific software, and quantum circuitry [46].

Despite this maturity, a barrier to adoption remains the scarcity of engineers trained in formal
specification [47]. The gap has spurred research into automated support for Dafny, such as XDsmith
for differential testing [48] and techniques for generating counterexamples when verifiers fail [49].
Our work builds on this momentum by exploring how LLMs can bridge the gap between Natural
Language (NL) requirements and verified Dafny code.

4.2. LLMs for Formal Methods and Software Engineering

LLMs have been increasingly applied to automated proof synthesis and theorem proving, with
models like Baldur [50] and Thor [51] outperforming traditional heuristic tools like CogHammer [52].
Beyond proofs, researchers have utilized LLMs to translate natural language into Isabelle/HOL [53]
and event graphs [54]. While general-purpose models like GPT-4 often struggle with algorithmic
reasoning [55], specialized models such as Minerva [56,57] demonstrate that domain-specific pre-
training can mitigate these limitations.

In the broader software engineering context, LLMs now support code completion, repair, and test
generation [58,59]. Our research follows the philosophy of letting LLMs generate plausible candidates
while leveraging the Dafny verifier to guarantee correctness, effectively filtering out the hallucinations
common in LLM-generated code.

4.3. Benchmarking Dafny Generation

Existing literature on LLM-based Dafny generation remains relatively limited in both dataset
scale, limited word length for problems, and problem diversity. Prior studies have primarily evaluated
models ranging from GPT-3.5 to the recent Llama 3.3 [32], Qwen 3 [33], and Gemma 3 [60] on a narrow
set of benchmarks. Table 1 provides a comparative overview with limitations of existing literature.

Table 1. Comparison of Dafny Verification Datasets and Benchmarks.

Work / Dataset Input Type Problem Type Dafny Size  AvgCode Limitations
Clover [61] Short NL / Ann.  Textbook Yes 63-66 ~19 LoC Simple problems,
small scale
MBPP-Dafny NL (short) Basic Python Yes 164 ~19 LoC Entry-level tasks
[62] only
HumanEval- . . Still
Dafny [63] NL (short) Algorithmic Yes 132 ~50 LoC benchmark-style
Limited
DafnyBench [64]  Mixed Real + Textbook ~ Yes 782  ~53LoC  human-written
verified
programs
TacoDafny [65]  NL (Gen.) Syntheti Yes  Auto. Vari Synthetic, not
acoDafny en. ynthetic es uto. aries real-world
ATLAS [66] Alg. + Ref. Algorithmic Yes Large Varies g:fg;rect NLto
SpecGen[67]  NL LeetCode No N/A N/A Uses OpenJML,
not Dafny
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As shown in the table, benchmarks like Clover [61] and MBPP-Dafny [62] focus on textbook-level
tasks with average lengths of only on average 19 lines of code. DafnyBench [64] represents a greater
effort with 782 samples, yet the research relies heavily on converted rather than native requirements.
Besides that, existing work primarily focuses on small-scale, textbook-style problems supported by
limited Dafny datasets and natural language inputs that rarely exceed 50 words. In contrast, our
problem set overcomes these constraints by incorporating complex algorithmic challenges that require
significantly more detailed specifications and extensive descriptive contexts. While frameworks
like ATLAS [66] synthesize verified code using algorithmic references and test cases, our approach
targets the direct synthesis of Dafny programs from NL descriptions, addressing the complexity of
requirements.

5. Approach

This study aims to bridge the gap between textbook-style benchmarks and real-world software
requirements by evaluating LLM performance on complex algorithmic tasks curated from the UVa
Online Judge. We focus on the transition from NL requirements to formally verified Dafny code
through tiered prompting and iterative repair.

5.1. Research Questions

We investigate the capability of LLMs to synthesize formally verified Dafny methods. We employ
a tiered evaluation strategy to isolate the impact of structural hints and iterative feedback. We address
the following research questions:

RQ1 - (Contextless Prompting): How effective are LLMs at synthesizing fully verified Dafny methods
when provided only with a natural language description, without any formal structural hints?

RQ2 - (Signature Prompting): How does the provision of a formal method signature and accompany-
ing functional tests affect the initial synthesis success rate compared to contextless prompting?

RQ3 - (Self-Healing Capabilities): To what extent can an iterative feedback loop recover failed
synthesis attempts under varying initial conditions?

RQ3a (Self-Healing with Contextless Prompting): Can LLMs repair verification failures
when the initial attempt was generated from NL alone?

RQ3Db (Self-Healing with Method Signature): Does the presence of a pre-defined method
signature provide a superior result for the self-healing process, leading to higher repair rates
than contextless healing?

RQ4 - (Error Analysis ): To what extent can error descriptions help to overcome errors by using the
signature prompt and the self-healing method?

5.2. Problem Curation and Abstraction

This subsection details the systematic process of converting competitive programming tasks into
standardized formal requirements to ensure high-fidelity evaluation of LLM.

5.2.1. Test Dataset

We conducted our study using a collection of problems with rich natural-language descrip-
tions and corresponding formally verified Dafny code. Existing literature often relies on small-scale,
textbook-style datasets like MBPP or HumanEval; however, these focus on basic programming tasks
with short specifications. To evaluate LLMs on complex, real-world requirements, we curated 60 set of
problems from the UVa Online Judge, an automated judging system with thousands of competitive
programming problems [22].
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5.2.2. Problems Generalization

Unlike benchmarks that use one-line descriptions, UVa problems provide paragraph-level specifi-
cations involving different programming tasks, with average word counts exceeding 179. However,
these problems are typically encumbered by what we term presentation flavor details designed for
contest environments (e.g., input formatting, multiple test case counts like |t| < 15, and arbitrary
constraints like [a| < 10%) that do not contribute to the semantic understanding of the requirement.

To adapt these for formal verification, we performed a Generalization Process in Table 2 to
make the problems generic. We manually transformed the competitive programming descriptions
into a more generic, requirement-focused form by removing presentation-specific instructions while
preserving the core computational logic. For example, a problem asking to identify relational operators
(“>",“<”, or “=") between two integers was stripped of its “process T lines” loop instructions and
reduced to its functional essence.

Table 2. Comparison Between Original UVa Problem Description and Generalized Generic Description.

Original UVa Problem Description (Com- Generic Description (Requirement Fo-

Component petitive Flavor) cused)
Some operators checks about the relation- Some operators checks about the relation-
ship between two values and these opera- ship between two values and these opera-
tors are called relational operators. Given tors are called relational operators. Given
Description two numerical values your job is just to find ~ two numerical values your job is just to find
P out the relationship between them thatis (i) out the relationship between them that is (i)
First one is greater than the second (ii) First  First one is greater than the second (ii) First
one is less than the second or (iii) First and  one is less than the second or (iii) First and
second one is equal. second one is equal.
First line of the input file is an integer  (f <
15) which denotes how many sets of inputs . . .
Input are there. Each of the next t lines contain The input contain two integers  and b.
two integers a and b (|a|, |b| < 1000000001).
For each hn.e o.f mnput Pr oduce one line of The output contains any one of the relational
output. This line contains any one of the ey, C 11
. vr s . operators ">’,’<’ or '=’, which indicates the
Output relational operators ">’, "<’ or '=’, which . . . .
L . . . relation that is appropriate for the given two
indicates the relation that is appropriate for
- numbers.
the given two numbers.
3
1020 1020
Sample Input 2010
2010 1010
1010
< <
>

Sample Output >

5.2.3. Empirical Problem Selection

We selected 60 problems based on their acceptance rates and user submission statistics to act
as a proxy for practical relevance. Across the selected problems, total submissions varied from
approximately 27,000 to over 370,000 in the online Judge platform, ensuring the tasks were neither
trivial nor excessively niche.

For each generalized problem, we developed ground-truth Dafny verification code by all the
authors to ensure a unified and satisfactory implementation standard. We utilized the uDebug
platform to access a diverse collection of test cases, including edge and corner cases, to validate the
functional correctness of our verified solutions. This resulted in our main test dataset, NL2VC-60: a
collection of 60 real-world algorithmic problems, each consisting of a generic requirement description,
a formal method signature, and a suite of validation test cases. Since no public Dafny implementations
of UVa problems existed prior to this study, our dataset minimizes the risk of data leakage during
LLM evaluation.
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5.3. Human Written Dataset: NL2VC-60

To perform Dynamic Few-Shot Prompting, we required a high-quality, diverse collection of verified
Dafny methods to serve as in-context exemplars. Given the absence of existing datasets that map
complex natural language requirements to Dafny, we manually developed a reference set, NL2VC-60,
consisting of 60 problems from our suite.

This process involved translating the core computational requirements of 60 UVa problems into
complete Dafny implementations. Unlike standard coding tasks, this required the manual formulation
of formal specifications, including method preconditions (requires), postconditions (ensures), and
complex loop invariants until the Dafny verifier could formally prove the code’s correctness. We
performed all necessary annotations, hint insertions, and structural refinements until the verifier
signaled a successful proof for each method.

In developing this dataset, we experienced first-hand the significant cognitive load associated
with formal specification. Formulating precise postconditions that capture the semantic intent of
paragraph-level requirements and providing sufficient invariants for algorithmic logic proved to be a
rigorous undertaking. The creation took approximately 300 person-hours for the authors and 50 more
hours to resolve conflicts among authors to create this dataset of 60 formally verified problems, even
with access to official Dafny documentation [68].

5.4. Functional Validation via uDebug

A significant limitation in existing formal synthesis literature is the reliance on simplified func-
tional validation. Current benchmarks typically employ either a small set of basic input-output pairs
[69] or rely on the LLM itself to generate test cases [65]. Such methods often fail to identify subtle
semantic bugs because they rarely cover the complex edge and corner cases inherent to algorithmic
problems.

To address this gap, we incorporate uDebug [20] into our validation pipeline for the first time
in the context of Dafny synthesis. uDebug is a community-driven platform that provides extensive,
high-quality test suites for competitive programming problems, specifically designed to uncover
logical flaws through extreme inputs and boundary conditions.

We ensure a dual-layer validation process by using uDebug: while the Dafny verifier proves
that the code satisfies its formal specification, the uDebug integration confirms that the code remains
functionally correct across a comprehensive range of real-world scenarios. This approach eliminates
the circularity of using an LLM to test its own generated code and provides a much higher degree of
confidence in the programs’ robustness than standard textbook-style test sets.

5.5. LLM Selection and Evaluation Setup

Program synthesis in a verification-aware language like Dafny requires more than syntactic
fluency. The synthesis demands an intricate understanding of formal semantics, proof obligations, and
the underlying theorem-proving logic of the language [50]. To evaluate these reasoning capabilities,
we selected a diverse suite of contemporary LLMs ranging from 4B to 176B parameters, including both
general-purpose and code-specialized architectures.

To evaluate the performance of diverse generative architectures on formal Dafny synthesis, we
utilize a selection of seven state-of-the-art Large Language Models (LLMs) ranging from specialized
coding assistants to massive-scale general reasoners. Our general-purpose reasoning suite includes
GPT-0SS5-120B [70], GPT-OSS-20B [70], and Gemma 4-31b [71], which provide a baseline for high-level
logic and instruction following. These are contrasted with a series of models specifically optimized for
software engineering tasks: Qwen3.5-9B [72], Qwen3-Coder-30B [73], Codestral-22b-v0.1 [74], and the
mixture-of-experts (MoE) based Qwen3.6-35b-a3b [73]. By evaluating models across this spectrum
of parameter sizes and training objectives, we can analyze the correlation between general reasoning
capacity and the precision required for formal specification generation.
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Table 3 provides a detailed overview of the model suite. Each model was evaluated across five
temperature settings (T = 0.0 to 0.8) to identify the optimal configuration for balancing creative
exploration with logical precision. We consider the open-source weights architectures; our study
provides a comprehensive look at the current state of automated formal verification across different
scales of machine intelligence.

Table 3. Large Language Models Evaluated for Dafny Synthesis.

Model Params Context Type Category
GPT-0SS-120B 120B 131k (O8] General
Qwen 3.6-35B-A3B 35B 256k (O8] Agentic
Gemma 4-31B 31B 256k oS Multimodal
Qwen 3 Coder 30B 30B 160k oS Coder
Codestral-22B-v0.1 22B 32k oS Coder
GPT-0SS-20B 20B 128k oS General
Qwen 3.5-9B 9B 262k (O}) General

OS = Open-Source Weights

5.6. Prompt Design

Based on our research questions and the unique challenges posed by the NL2VC-60 dataset, we
designed three distinct prompting strategies. Each level of prompting is intended to evaluate how
increasing structural context and iterative feedback affect the synthesis of verified Dafny programs.

5.6.1. RQ1 [Contextless Prompting]

To answer RQ1, we use contextless prompting by providing only the natural language problem
description without any additional structural guidance. This setup establishes a baseline to evaluate
the model’s ability to infer program structure, formal specifications, and verification constraints (such
as termination arguments) directly from the requirement.

Contextless Prompt:
You are an expert in Dafny. Output ONLY raw Dafny code.
Generate one Dafny source file for the following task.

Problem ID: <Problem_ID>
Task Description: <Generalized_Description>

5.6.2. RQ2 [Method Signature Prompting]

For RQ2, we utilize method signature prompting by supplying an additional structured hint in the
form of a formal method signature. This guidance constrains the solution space and helps the model
align its implementation with the expected input-output behavior and type-system requirements. Code
generation experiments for non-verified code often perform better when prompted with signatures;
we hypothesize that this formal frame is even more critical for successful verification in Dafny.

Method Signature Prompt:
You are an expert in Dafny. Output ONLY raw Dafny code.
Generate one Dafny source file for the following task.

Problem ID: <Problem_ID>
Task Description: <Generalized_Description>

Method Signature Prompt: <Method_Signature_Prompt>

5.6.3. RQ3 [Self-Healing Prompting]

To address RQ3, we employ self-healing prompting by iteratively refining generated programs
based on direct feedback from the Dafny verifier. When a generated program fails verification, we

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202604.1772.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 April 2026 d0i:10.20944/preprints202604.1772.v1

11 of 25

feed the specific error messages (e.g., assertion violations or termination failures) back into the model
along with the previous code. We apply this process to both contextless and method-signature settings
(RQ3a and RQ3b) to evaluate the model’s capacity to correct specification errors and invariant issues
through autonomous repair.

Self-Healing Prompt:
The previous Dafny code failed verification with the following errors:
<Dafny_Verifier_Output>

Please repair the code to satisfy all specifications. Output ONLY the raw fixed Dafny code.

5.7. Evaluation Metrics

We evaluate the quality of the LLM-synthesized methods using a multi-layered approach that
combines formal verification, functional validation, and qualitative error analysis.

5.7.1. Quantitative Metrics: verify@k and functional@k

The primary metric for our study is verify@k (adapted from pass@k [75,76]), which measures the
model’s ability to produce at least one formally verified solution within k attempts. A problem is
considered solved under this metric only if the Dafny verifier signals that the implementation satisfies
all formal specifications, as follows in existing research [69].

5.7.2. Qualitative Assessment: Specification Strength and Error Analysis

Automated metrics serve as a proxy for performance, but they do not capture the nuance of formal
reasoning. To assess the semantic depth of the results, we manually reviewed all verified methods
to ensure they contain strong formal specifications, specifically, postconditions that fully capture the
problem’s requirements rather than assertions.

For the failures observed in RQ3 (Self-Healing), we conducted a manual inspection of the verifier’s
error logs. We categorized these failures into distinct types, such as termination failures (missing or
incorrect decreases clauses), invariant violations, and index out-of-bounds errors. This analysis allows
to evaluate the extent to which the iterative feedback loop addresses the logical challenges of formal
proof development.

5.8. Temperature Tuning

The temperature is a hyperparameter in LLMs that controls the randomness and creativity of the
decoding process [77-79]. Lower temperatures lead to more deterministic and focused outputs, while
higher temperatures encourage diversity at the risk of logical incoherence. Since formal synthesis
in Dafny requires high structural precision, identifying the optimal temperature for maximizing
verification rates.

To determine the ideal configuration for our study, we conducted a temperature tuning experiment
on a subset of the NL2VC-60 dataset. We selected a representative sample of problems and executed
each across five distinct temperature settings: T € {0.0,0.2,0.4,0.6,0.8}. This range allows us to
observe the transition from greedy decoding (T = 0.0) to high-variance sampling (T = 0.8).

We evaluated the synthesized methods using the verify@k metric where k € {1,3,5}. Our
preliminary results indicated that lower temperatures (0.0 to 0.4) generally yielded higher success
rates for initial synthesis (RQ1 and RQ2), as the models remained more faithful to Dafny’s strict
syntax. However, for the Self-Healing process (RQ3), slightly higher temperatures occasionally proved
beneficial by allowing the model to explore alternative algorithmic implementations when the primary
logic failed to verify. Based on these findings, we report our final results using the optimal temperature
identified for each specific model and prompt type.
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5.9. Error Analysis

We analyzed the error logs for different methods on identified three types of errors. We then
examined the error types and classified them into several subgroups. Table 7 demonstrates the presence
of different types of errors in open source LLMs.

5.9.1. Syntax Errors

Dominant in Contextless and Signature Prompting for most models. This confirms that without
iterative feedback, models frequently struggle with Dafny’s specific grammar (e.g., missing semicolons,
improper loop syntax).

5.9.2. Semantic / Type Errors

High in models like GPT-OSS-120B and MistralAl. These occur when the code is structurally
correct but violates Dafny’s strict type system, or attempts to use unavailable modules (such as System).

5.9.3. Verification Errors

Notably higher in Self-Healing categories for models like Gemma 4 and Qwen3-Code30B. This
suggests that as models fix their syntax through iterations, they reach a stage where the code compiles
but fails the deeper logical proof (e.g., an assertion might not hold).

5.10. Experimental Setup

To conduct our large-scale synthesis and verification experiments, we utilized a distributed
environment comprising a high-performance inference server and a local development machine. For
the open-source Large Language Models (LLMs), we deployed LM Studio version 0.4.8 (Build 1) on a
dedicated Ubuntu-based server. This server features a high-end hardware configuration equipped
with four NVIDIA RTX 6000 Ada Generation GPUs, each providing 48 GB of VRAM (totaling 192
GB), supported by NVIDIA Driver version 580.126.09 and CUDA 13.0. This infrastructure allowed
us to host and query large-parameter models locally, ensuring consistent inference latency for our
60-problem dataset.

For the development of orchestration scripts and the formal verification of synthesized methods,
we used a MacBook Pro (Model Mac16,8) running macOS 15.3.1. The software environment was
managed using Visual Studio Code version 1.115.0 (arm64) and Python 3.14.4 within a dedicated
virtual environment in our experiments.

To manage the iterative repair process, our self-healing orchestration script was configured with
a maximum of 10 repair attempts per problem. If a model failed to produce a verified solution
within these ten iterations, the result was recorded as a failure for that specific trial. Furthermore, to
accommodate the processing time of large models (such as GPT-OSS-120B) and prevent connection
timeouts, we implemented a response wait time of 180 seconds for all LM Studio API calls during our
experiments.

For verifying the code, we employed Dafny 4.11.0 [80], which represents a modern and stable
iteration of the language. Since recent versions of Dafny introduced significant changes to the ver-
ification engine and syntax compared to the 3.x series, our experiments provide a rigorous test of
the models’ ability to adapt to contemporary formal verification standards. All functional validation
against uDebug [20] test suites was executed within this same environment to ensure parity between
the formal proof and the executable implementation.

6. Results

This section presents the empirical findings of our study. To establish a robust evaluation frame-
work, we manually developed NL2VC-60, a benchmark dataset consisting of 60 formally verified
Dafny programs used to optimize our tiered prompting strategies. For the primary comparative analy-
sis, we evaluated seven state-of-the-art open-weight models against a subset of randomly selected 11
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algorithmic problems. Performance is measured using the veri fy@k metric, indicating the percentage
of problems for which at least one successful verification was achieved within k attempts.

6.1. RQ1: Performance of Contextless Prompting

The initial evaluation of LLMs using contextless prompting shows significant disparities in their
ability to synthesize verifiable Dafny code from raw requirements. As shown in Table 4, the majority
of the tested models, including the massive GPT OSS 120B and the Qwen series, failed to produce a
single verified solution across all temperature settings. This widespread failure suggests that simply
providing a natural language problem description is insufficient for most models to navigate the
syntactic and semantics of the Dafny language.

Several observations emerge from the RQ1:

¢ Unlike the other general purpose models, Gemma 4-31B showed a surprising aptitude for gener-
ating verifiable programs even without external context. The model achieved a peak verify@5
success rate of 54.55% at a temperature of 0.2. This performance indicates that its pretraining
likely involved a higher density of formal or algorithmic logic, allowing it to guess correct loop
invariants and post-conditions that other models completely missed.

®  Codestral was the only other model to consistently yield results, reaching a peak verify@5 of
27.27% at T = 0.8. The success of this model at higher temperatures suggests that while the
model possesses the basic syntactic intuition for Dafny. The model often requires more stochastic
exploration to arrive at the precise formal annotations needed to satisfy the Z3 SMT solver.

e The 0% success rate of the remaining five models highlights a fundamental challenge in the
field. Even highly capable models struggle to infer complex formal specifications from scratch.
The findings are reinforcing the need for more structured prompting techniques or retrieval
augmentation to bridge the gap between informal requirements and mathematical proof.
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Table 4. Complete Verification Success Rates for Contextless Prompting (RQ1).
Model Temp (T) verify@1 verify@3 verify@5
Succ. Total % Succ. Total % Succ. Total %
0.0 0 11 0.00% 0 11 0.00% 0 11 0.00%
0.2 0 11 0.00% 0 11 0.00% 0 11 0.00%
GPT-OSS-120B 04 0 11 0.00% 0 11 0.00% 0 11 0.00%
0.6 0 11 0.00% 0 11 0.00% 0 11 0.00%
0.8 0 11 0.00% 0 11 0.00% 0 11 0.00%
0.0 0 11 0.00% 0 11 0.00% 0 11 0.00%
0.2 0 11 0.00% 0 11 0.00% 0 11 0.00%
Qwen 3.5-9B 04 0 11 0.00% 0 11 0.00% 0 11 0.00%
0.6 0 11 0.00% 0 11 0.00% 0 11 0.00%
0.8 0 11 0.00% 0 11 0.00% 0 11 0.00%
0.0 0 11 0.00% 0 11 0.00% 0 11 0.00%
0.2 0 11 0.00% 0 11 0.00% 0 11 0.00%
Qwen 3 Coder 30B 0.4 0 11 0.00% 0 11 0.00% 0 11 0.00%
0.6 0 11 0.00% 0 11 0.00% 0 11 0.00%
0.8 0 11 0.00% 0 11 0.00% 0 11 0.00%
0.0 0 11 0.00% 0 11 0.00% 0 11 0.00%
0.2 0 11 0.00% 0 11 0.00% 0 11 0.00%
GPT-0OSS 20B 0.4 0 11 0.00% 0 11 0.00% 0 11 0.00%
0.6 0 11 0.00% 0 11 0.00% 0 11 0.00%
0.8 0 11 0.00% 0 11 0.00% 0 11 0.00%
0.0 1 11 9.09% 1 11 9.09% 1 11 9.09%
0.2 1 11 9.09% 1 11 9.09% 2 11 18.18%
Codestral-22B 0.4 1 11 9.09% 2 11 18.18%| 2 11 18.18%
0.6 1 11 9.09% 2 11 18.18% 1 11 9.09%
0.8 1 11 9.09% 1 11 9.09% 3 11 27.27%
0.0 0 11 0.00% 0 11 0.00% 0 11 0.00%
0.2 0 11 0.00% 1 11 9.09% 2 11 18.18%
Qwen 3.6-35B 0.4 0 11 0.00% 1 11 9.09% 2 11 18.18%
0.6 0 11 0.00% 0 11 0.00% 1 11 9.09%
0.8 0 11 0.00% 0 11 0.00% 1 11 9.09%
0.0 3 11 27.27%| 3 11 27.27%| 3 11 27.27%
0.2 0 11 0.00% 4 11 36.36%| 6 11 54.55%
Gemma 4-31B 0.4 0 11 0.00% 5 11 45.45%| 3 11 27.27%
0.6 2 11 18.18%| 5 11 45.45%| 4 11 36.36%
0.8 2 11 18.18%| 3 11 27.27%| 4 11 36.36%

6.2. RQ2: Performance of Signature Prompting

The second phase of our evaluation explores the impact of providing the method signature as
additional context. As illustrated in Table 5, the structural guidance resulted in a performance shift,
effectively reversing the widespread failures observed in the contextless setting. By providing the
skeleton of the Dafny method including the input parameters and return types, the models were freed
from the burden of syntactic structure and could instead focus on synthesizing the internal logic and
required verification annotations.

Several observations emerge from the RQ2:

¢ The most striking improvement was observed in GPT-OSS-120B. While this model recorded a 0%
success rate in RQ1, the introduction of method signatures allowed it to achieve a peak verify@5
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rate of 63.64% at T = 0.8. This suggests that the model possesses a deep latent knowledge of
formal verification and Dafny logic but lacks the ability to self-structure the initial code container
from raw requirements.

*  Surprisingly, Qwen 3.5-9B emerged as the top performer in this category, reaching a peak verify@5
success rate of 72.73%. This indicates that signature prompting provides constraint to allow
smaller models to focus their computational budget on the complex task, often outperforming
much larger general-purpose models.

¢ Unlike the zero-shot results, peak performance under signature prompting was consistently
achieved at higher temperatures (typically T = 0.8). This suggests that once the structural
constraints are fixed via the signature, the models benefit from increased stochastic exploration
to identify the precise mathematical formulations. For example, specific loop invariants or
termination measures required to satisfy the SMT solver.

¢ All seven models demonstrated signs of life in this setting, with even the weakest models
surpassing a 30% success rate at their peak. This confirms that the primary bottleneck in verifiable
code generation is not necessarily the logic itself, but the difficulty of mapping informal natural
language to the rigid formal signatures required by the Dafny compiler.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202604.1772.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 April 2026 d0i:10.20944/preprints202604.1772.v1

16 of 25
Table 5. Verification Success Rates for Signature Prompting (RQ2).
Model Temp (T) verify@1 verify@3 verify@5
Succ. Total % Succ. Total % Succ. Total %

0.0 6 11 54.55%| 6 11 54.55%| 6 11 54.55%
0.2 5 11 45.45%| 6 11 54.55%| 6 11 54.55%
GPT-OSS-120B 0.4 6 11 54.55%| 6 11 54.55%| 6 11 54.55%
0.6 6 11 54.55%| 5 11 45.45%| 6 11 54.55%
0.8 6 11 54.55%| 7 11 63.64% 7 11 63.64%
0.0 3 11 27.27%| 2 11 18.18%| 2 11 18.18%
0.2 4 11 36.36%| 3 11 27.27%| 5 11 45.45%
Qwen 3.5-9B 0.4 2 11 18.18%| 5 11 45.45%| 4 11 36.36%
0.6 2 11 18.18%| 4 11 36.36%| 3 11 27.27%
0.8 4 11 36.36%| 5 11 45.45%| 8 11 72.73%
0.0 3 11 27.27%| 4 11 36.36%| 3 11 27.27%
0.2 3 11 27.27%| 4 11 36.36%| 3 11 27.27%
Qwen 3 Coder 30B 0.4 4 11 36.36%| 5 11 45.45%| 5 11 45.45%
0.6 4 11 36.36%| 4 11 36.36%| 5 11 45.45%
0.8 4 11 36.36%| 4 11 36.36%| 4 11 36.36%
0.0 3 11 27.27%| 3 11 27.27%| 3 11 27.27%
0.2 4 11 36.36%| 5 11 4545%| 5 11 45.45%
GPT-0OSS 20B 0.4 2 11 18.18%| 4 11 36.36%| 5 11 45.45%
0.6 5 11 45.45%| 6 11 54.55%| 4 11 36.36%
0.8 2 11 18.18%| 6 11 54.55%| 5 11 45.45%
0.0 3 11 27.27%| 3 11 27.27%| 3 11 27.27%
0.2 4 11 36.36%| 4 11 36.36%| 5 11 45.45%
Codestral-22B 0.4 3 11 27.27%| 2 11 18.18%| 5 11 45.45%
0.6 2 11 18.18%| 3 11 27.27%| 7 11 63.64%
0.8 3 11 27.27%| 2 11 18.18%| 6 11 54.55%
0.0 2 11 18.18%| 3 11 27.27%| 7 11 63.64%
0.2 2 11 18.18%| 3 11 27.27%| 3 11 27.27%
Qwen 3.6-35B 0.4 2 11 18.18%| 3 11 27.27%| 4 11 36.36%
0.6 1 11 9.09% 3 11 27.27%| 4 11 36.36%
0.8 0 11 0.00% 3 11 27.27%| 3 11 27.27%
0.0 3 11 27.27%| 3 11 27.27%| 5 11 45.45%
0.2 3 11 27.27%| 3 11 27.27%| 6 11 54.55%
Gemma 4-31B 0.4 3 11 27.27%| 3 11 27.27%| 4 11 36.36%
0.6 3 11 27.27%| 3 11 27.27%| 4 11 36.36%
0.8 5 11 45.45%| 7 11 63.64%| 7 11 63.64%

6.3. RQ3: Performance of Self-Healing Mechanisms

The third research question evaluates the efficacy of iterative self-healing, where models are
provided with error feedback from the Dafny compiler to repair their own code. The evaluation
consists of two strategies: healing from a contextless baseline (RQ3a) and healing from a signature-
guided baseline (RQ3b). As shown in Table 6, the ability to self-correct varies significantly across
models, with the initial prompt quality serving as a critical predictor of repair success.

* RQ3a: Contextless Healing: When attempting to heal from the zero-shot failures of RQ1, most
models remained stagnant. GPT-OSS-120B and several others continued to post 0% success rates.
The findings suggests that without an initial structural foundation, compiler error messages are
too abstract for the model to navigate toward a valid solution. However, Gemma 4-31B proved
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to be a notable exception, demonstrating a remarkable self-correction capability. By leveraging
compiler feedback, it achieved a peak verify@5 rate of 90.91% at T = 0.2 and T = 0.6, indicating
that it can effectively use error logs to guess missing loop invariants and post-conditions.

* RQ3b: Signature-Guided Healing: Self-healing proved most potent when initiated from the
signature-guided prompts of RQ2. In this setting, the structural skeleton provided enough stability
for the compiler feedback to be actionable. GPT-OSS-120B demonstrated the most significant
turnaround, rising to a peak of 81.82% success at T = 0.2. This suggests that when the method
signature is fixed, larger models are efficient at using error feedback to refine mathematical proofs
and satisfy the SMT solver.

¢ Unlike previous rounds, several models (such as Qwen 3 Coder 30B) reached a plateau where
performance remained consistent across temperatures in the signature-guided setting. Conversely,
Gemma 4-31B maintained high performance (over 80%) in both RQ3a and RQ3b, establishing
itself as the most robust model for autonomous Dafny development, regardless of the initial
prompt’s context level.
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Table 6. Detailed Verification Success Rates for Self-Healing (RQ3).
Model Temp (T) Contextless Healing (RQ3a) Signature-Guided Healing (RQ3b)
Succ. Total % Succ. Total %
0.0 0 11 0.00% 7 11 63.64%
0.2 0 11 0.00% 9 11 81.82%
GPT-OSS-120B 0.4 0 11 0.00% 7 11 63.64%
0.6 0 11 0.00% 8 11 72.73%
0.8 0 11 0.00% 7 11 63.64%
0.0 3 11 27.27% 2 11 18.18%
0.2 0 11 0.00% 3 11 27.27%
Qwen 3.5-9B 04 2 11 18.18% 5 11 45.45%
0.6 0 11 0.00% 4 11 36.36%
0.8 0 11 0.00% 3 11 27.27%
0.0 2 11 18.18% 6 11 54.55%
0.2 2 11 18.18% 6 11 54.55%
Qwen 3 Coder 30B 04 3 11 27.27% 6 11 54.55%
0.6 1 11 9.09% 6 11 54.55%
0.8 6 11 54.55% 6 11 54.55%
0.0 0 11 0.00% 4 11 36.36%
0.2 1 11 9.09% 4 11 36.36%
GPT-OSS 20B 0.4 0 11 0.00% 7 11 63.64%
0.6 0 11 0.00% 5 11 45.45%
0.8 1 11 9.09% 4 11 36.36%
0.0 0 11 0.00% 2 11 18.18%
0.2 0 11 0.00% 3 11 27.27%
Codestral-22B 0.4 0 11 0.00% 5 11 45.45%
0.6 1 11 9.09% 6 11 54.55%
0.8 0 11 0.00% 3 11 27.27%
0.0 0 11 0.00% 4 11 36.36%
0.2 0 11 0.00% 4 11 36.36%
Qwen 3.6-35B 0.4 1 11 9.09% 4 11 36.36%
0.6 0 11 0.00% 4 11 36.36%
0.8 2 11 18.18% 6 11 54.55%
0.0 8 11 72.73% 7 11 63.64%
0.2 10 11 90.91% 7 11 63.64%
Gemma 4-31B 0.4 9 11 81.82% 8 11 72.73%
0.6 10 11 90.91% 9 11 81.82%
0.8 8 11 72.73% 9 11 81.82%

6.4. RQ4: Qualitative Error Analysis and Failure Taxonomy

We conducted a systematic qualitative analysis of our total runs to understand the specific
challenges in automated formal synthesis as depicted in Table 7. We categorized failures into a
three-tiered taxonomy: Syntax Errors (malformed code structure), Semantic and Type Errors (type
mismatches or API hallucinations), and Verification Failures (syntactically correct code that the SMT
solver cannot prove).

6.4.1. Syntactic Fragility and Contextual Dependence

Our analysis confirms that syntax errors are the primary bottleneck for models lacking structural
anchors. In contextless settings, GPT OSS 20B and GPT OSS 120B produced syntax errors in the
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majority of attempts. These failures typically involve the misuse of Dafny-specific keywords or the
generation of Pythonic indentation, which is incompatible with Dafny’s curly-brace syntax. This
suggests that while open-weight models possess general algorithmic logic, they lack the specific
syntactic density required for niche-verification languages without external guidance.

6.4.2. Semantic Drift and Invariant Generation

As we transitioned to Signature Prompting, syntax errors decreased significantly, but we observed
a sharp rise in semantic and type errors. Models frequently hallucinate non existent predicates or
attempt to perform arithmetic on incompatible types, such as treating a sequence as a set. A critical
finding is the Invariant Gap; even when models generate correct imperative logic, they often fail to
provide the inductive loop invariants required for the Z3 solver to complete the proof. Models like
Qwen 3 Coder 30B demonstrated a tendency to repeat the same insufficient invariant across multiple
self-healing iterations, indicating a logical plateau in the repair process.

6.4.3. Functional Robustness and Vacuity

The most complex category involves code that satisfies the verifier but fails the functional test
suite. By integrating uDebug, we identified several instances where models achieved verification by
providing weak specifications. For instance, a model might satisfy a postcondition by returning a
trivial constant that happens to meet a weak mathematical constraint. The uDebug community test
cases acted as a vital truth oracle, identifying these as functional failures and ensuring that the verified
code maintains real world utility against extreme edge cases.

Table 7. Dafny Compilation and Verification Errors.

Model Prompt Strategy = Total Runs Syntax Errors SemaElsrt:;:r/SType Verification  Verified

Contextless 564 435 45 0 0
GPT-0SS-120B Signature 316 397 53 111 150

Prompt

Self-Healing 1,134 620 471 5 20

Contextless 672 597 75 0 0
GPT-0SS-20B Signature 816 397 53 111 150

Prompt

Self-Healing 1,564 793 149 166 395

Contextless 1,285 732 518 0 33
Codestral-22B Signature 790 407 217 0 138

Prompt

Self-Healing 1,666 1,116 188 58 217

Contextless 470 9 23 0 438
Qwen 3.6-35B Signature 495 0 29 0 466

Prompt

Self-Healing 827 39 127 10 651

Contextless 1,510 579 657 15 46
Qwen 3-Coder-30B  Signature 205 53 16 47 29

Prompt

Self-Healing 1,893 589 569 351 101
Qwen 3.5-9B ;Zior:l;catfiess 910 430 350 23 56

ghature 861 557 77 0 224

Prompt

Self-Healing 280 182 14 27 52

Contextless 1,016 489 209 25 251
Gemma 4-31B Signature 562 145 5 41 369

Prompt

Self-Healing 1,008 368 217 110 296

7. Findings and Discussion

This section presents a comprehensive analysis of our experimental results, detailing how dif-
ferent architectural scales and prompting methodologies influence the synthesis of provably correct
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code. By systematically decomposing the performance of seven state-of-the-art models across four
Research Questions (RQs), we illustrate the critical transition from natural language requirements to
formal mathematical proofs. The following findings highlight the interplay between model reasoning,
structural guidance, and the iterative feedback loops required to overcome the data-scarcity bottleneck
in the Dafny.

7.1. Summary of Findings

Our evaluation of seven open-weight models across three prompting tiers shows critical insights
into the automated synthesis of formally verified software.

*  RQI1 [Contextless Prompting]: Our experiments show that while most LLMs fail to generate
verifiable Dafny code from raw requirements, Gemma 4-31B and Codestral-22B demonstrate
a surprising aptitude for the task. Specifically, Gemma 4-31B achieved a peak verify@5 success
rate of 54.55% at T = 0.2. However, the 0% success rate of the remaining five models suggests
that without structural guidance or external context, most systems struggle to navigate the strict
formal constraints of the Dafny language.

e RQ2[Signature Prompting]: Providing the method signature as additional context drastically
improved performance across the board, reversing the widespread failures observed in RQ1.
Most notably, GPT-OSS-120B rose from a 0% success rate to 63.64%, while the smaller Qwen
3.5-9B achieved the highest overall verify@5 score of 72.73% at T = 0.8. These results indicate that
the primary bottleneck in verifiable synthesis is the structural mapping of requirements to formal
signatures, rather than the generation of the underlying verification logic.

e RQ3 [Self-Healing]: Iterative self-healing significantly amplifies success rates, provided a struc-
tural foundation (method signature) is present. Gemma 4-31B emerged as the most resilient
model, achieving a near-perfect 90.91% success rate in contextless healing. Meanwhile, GPT-
0OSS-120B achieved its performance ceiling (81.82%) only when signature-guided, suggesting
that large-scale general purpose models require structural constraints to effectively interpret and
act upon formal compiler feedback.

*  ROQ4 [Error Distributions]: Our analysis of compilation failures shows that Syntax Errors are the
primary barrier in contextless settings, often exceeding 80% of total failures for models like GPT-
0SS-20B. While Signature Prompting significantly reduces syntax issues, it shifts the bottleneck to
Verification Errors, particularly for the largest models. Notably, Self-Healing effectively converts
semantic and syntax errors into verified solutions for most models, though Codestral-22B and
Qwen 3-Coder-30B show a tendency to regress into higher syntax error counts during iterative
repair, suggesting a struggle to maintain syntactic integrity under compiler-driven feedback.

7.2. Discussion

The results of this study suggest a shift in the paradigm of automated formal programming. While
the scaling law often assumes that larger parameters equate to better reasoning, our findings indicate
a more nuanced reality. The significant success of Gemma 4-31B, which achieved a near-perfect
90.91% success rate in self-healing, suggests that specific pretraining data density regarding formal
and algorithmic logic is more critical than raw model size for the Dafny language.

Furthermore, the transition from total failure in RQ1 (0% for most models) to high success in
RQ3b underscores the necessity of a Verification-in-the-Loop approach. By utilizing the Dafny verifier
and the Z3 SMT solver as a ground-truth reward signal, we effectively mitigate the common LLM
issue of logical hallucinations. The integration of uDebug was essential to this framework; it ensured
that models did not achieve verification through vacuous or trivial specifications such as empty
post-conditions but rather through functional correctness that holds up against rigorous edge cases.

Finally, the structural bottleneck identified in RQ2 suggests that the future of automated formal
methods lies in hybrid prompting strategies. Even the most capable models, like GPT-OSS-120B,
require a structural skeleton (the method signature) to bridge the gap between natural language intent
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and mathematical proof. This suggests that LLMs should be viewed not as autonomous agents, but
as sophisticated co-processors that thrive when provided with high-level formal constraints to guide
their stochastic exploration.

8. Threats to Validity

Following Siegmund et al. [81] and Feldt and Magazinius [82], we identified several threats to
the validity of this study. The deterministic nature of our verification criteria, relying on the Dafny
verifier’s acceptance and the success of the uDebug test suite, is designed to ensure construct and
internal validity. By using the formal verifier and the Z3 SMT solver as a ground-truth oracle, we
eliminate human subjectivity in assessing whether the Al assisted synthesized code meets the formal
requirements.

External validity concerns the generalizability of our results to other models and languages. We
acknowledge that the open-weight landscape, featuring models like Gemma 4-31B, Qwen 3.6-35B,
and GPT-OSS-120B, is evolving rapidly. Our findings are specific to the contemporary architectures
and the Dafny 4.11.0 verification engine. While we expect the success rates to improve with future
iterations, the performance disparities observed particularly the structural bottleneck in contextless
prompting. The issue likely represents a fundamental challenge in mapping natural language to formal
logic that persists across model generations.

A specific threat to external validity is vacuous verification, where a model satisfies the verifier
with trivial specifications (e.g., ensures true). We mitigated this threat through our dual-layer
validation pipeline. By requiring all verified methods to pass the uDebug functional test suites, we
ensure that our results represent genuine functional correctness rather than mere logical consistency
with a weak or empty specification. This approach strengthens the claim that the models are reasoning
rather than satisfying the solver’s constraints.

While our dataset introduces the first verified Dafny implementations for these UVa problem:s,
there remains a risk that models may leverage cross-lingual knowledge of the underlying algorithms
from more prevalent languages like C++ or Python. However, we mitigate this by focusing our
evaluation on the synthesis of formal specifications and loop invariant constructs that are uniquely
absent from standard competitive programming solutions.

Finally, to ensure reproducibility despite the rapid development of these tools, we have docu-
mented the precise hardware configurations (NVIDIA RTX 6000 Ada) and software versions (LM
Studio 0.4.8, Python 3.14.4) used. The research artifacts, including the NL2VC-60 dataset and our
synthesis pipeline, are provided to allow for verification of these results.

9. Conclusion

We investigated the potential of contemporary open-weight LLMs to synthesize formally verified
methods and specifications in the Dafny programming language. Utilizing the NL2VC-60 dataset,
we evaluated tiered prompting strategies across seven state-of-the-art models. Our findings confirm
that while contextless natural language prompts generally lead to synthesis failure due to a structural
bottleneck, tiered strategies incorporating formal method signatures and iterative self-healing allow
models to overcome the scarcity of specialized training data. Notably, Gemma 4-31B emerged as a
highly resilient verification assistant, achieving a peak success rate of 90.91%, while the GPT-OSS-120B
demonstrated the most significant performance leap when transitioned to a signature-guided healing
pipeline.

Our results demonstrate that an iterative feedback loop utilizing direct SMT-solver output,
combined with structural anchors, yielded the highest performance ceiling. The orchestrated self-
healing pipeline achieved a verification success rate of 81.82% for the 120B model and nearly 91% for
the 31B model. By integrating the uDebug platform, we confirmed that these verified solutions are not
only logically consistent but also functionally robust against extreme edge cases, effectively mitigating
the risk of vacuous verification.
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These findings underscore the importance of Verification-in-the-Loop architectures and suggest
that open-weight models can significantly lower the specification challenges. Our study suggests
that the high success rates achieved by these models represent a several-thousand-fold cost reduction
compared to human expert synthesis, making high-assurance software economically viable for general
engineering tasks. Ultimately, the integration of formal oracles and generative models represents a
vital path toward a future of trustworthy, Al-assisted software engineering where code is not plausible,
but provably correct.
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