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Abstract

Recently, Large Language Models (LLMs) have been widely
applied to code generation, and recent studies have explored
their ability to produce programs in verification languages,
including Dafny. Although several benchmarks have been
proposed to assess LLM performance in generating Dafny
code, existing datasets suffer from several limitations, in-
cluding no clear verification goals, limited diversity in ver-
ification complexity, potential contamination, and heavy
reliance on manually collected examples that are publicly
available online. In this work, we introduce TACoDafny,
an automated pipeline for constructing Dafny verification
benchmarks directly from task descriptions sourced from
online programming repositories. As a preliminary result,
we successfully generated 76 Dafny programs with verifiable
properties derived from the task descriptions of the first 200
LeetCode problems. Our pipeline not only enables large-scale
benchmark generation, but also facilitates the creation of ad-
ditional verifiable Dafny code that can be leveraged to train
models to further improve their verification capabilities.

1 Introduction

The rise of LLM-based code assistants. AI-assisted code
generation is rapidly transforming modern software develop-
ment workflows. Tools such as GitHub Copilot [16], Cursor
AI [6], and Amazon QDeveloper [1] accelerate programming
tasks through natural language-to-code translation, auto-
completion, automated refactoring. Although these systems
significantly improve developer productivity, they frequently
produce code that is incorrect or vulnerable due to model’s
hallucinations, insufficient reasoning capabilities, and adver-
sarial poisoning [23]. As such, ensuring the correctness of
LLM-generated code remains a fundamental challenge.
Formal verification as away to improve LLM-generated

code. A promising direction to increase code reliability is to
leverage formal verification tools that automatically check
whether a program satisfies its specified behavioral contract.
Such contracts may include preconditions, postconditions,
termination clauses, and state framing clauses, with post-
conditions defining the expected state after execution. A
wide range of verification tools exists to reason about these

contracts, from SMT-based verifiers to proof assistants and
model checkers. Among them, Dafny [12] stands out as a
verification-aware programming language with native sup-
port for design-by-contract, enabling automated checking
of functional correctness.
Leveraging formal verification tools is challenging.

Despite being more accessible than traditional proof as-
sistants, formal verification tools like Dafny still require
non-trivial manual effort, including writing auxiliary anno-
tations, specifying termination arguments, and providing
loop invariants or lemmas. This hinders large-scale adop-
tion in practical industrial development settings. Recently,
Large Language Models (LLMs) have demonstrated growing
potential in generating not only executable code, but also
verification-oriented code, such as specifications, invariants,
and proofs [3, 10, 24]. From this perspective, proof generation
can be viewed as a specialized form of code generation, even
though it demands substantially deeper logical reasoning. As
recent LLMs increasingly incorporate advanced reasoning
mechanisms, this direction is becoming more feasible, moti-
vating growing interest in verification-aware code synthesis,
particularly in domains such as Dafny.
Dafny benchmarks lag behind established code gen-

eration benchmarks. LLMs performance is usually as-
sessed through targeted benchmarks tailored to specific
tasks, for instance, HumanEval [4], CodeContests [13], or
BigCodeBench [25] for code generation, MATH [8] for math-
ematical reasoning, and NetConfEval [22] for network con-
figuration synthesis. These benchmarks provide clearly de-
fined objectives and structured difficulty levels, which enable
systematic and reproducible evaluation of LLM capabilities.

Compared to mature code synthesis benchmarks, current
Dafny evaluation benchmarks exhibit four critical shortcom-
ings: (𝑖) unclear verification goals, code is provided without
specifying what should be verified; (𝑖𝑖) lack of structure, the
benchmark is a collection of programs without, e.g., a clear
progression of difficulty; (𝑖𝑖𝑖) contamination, a publicly avail-
able benchmark can be included in training data, artificially
increasing LLM performance [9, 19, 20]; and (𝑖𝑣) manual
creation, benchmark’s examples are handcrafted and there-
fore costly and time-consuming to expand. These limitations
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hinder systematic, large-scale evaluation of LLMs in Dafny
formal verification.
A contamination-free pipeline for Dafny benchmarks.

In this work, we aim to address the limitations of exist-
ing benchmarks by introducing TACoDafny, an automated
pipeline that generates Dafny verification tasks directly from
widely used programming competition problems. Each task
consists of an executable program paired with a correspond-
ing postcondition.1 This design enables both the program
and its formal contracts to be validated against a suite of
automatically generated test cases, ensuring that the exe-
cutable code and postconditions are aligned with the original
problem description. Since all tasks are synthesized automat-
ically, users can regenerate the benchmark entirely from
scratch, ensuring reproducibility and inherently mitigating
risks of data contamination.

Furthermore, we introduce a public leaderboard, available
at � tacodafny.github.io, to compare model performance on
TACoDafny. Rather than distributing a static benchmark,
whose public data could end up in the training dataset of
an LLM, we release a parameterized generation script, en-
abling transparent reproduction and fair comparison under
consistent conditions.
Contributions. Our contributions are:
• A fully automated benchmark generation pipeline

forDafny verification.Wedesign a reproducible pipeline
that converts common programming competition prob-
lems into Dafny verification tasks, each consisting of an
executable program and a contract to be verified.

• Functional consistency between implementations

and specifications. Our pipeline ensures that both the
executable code and its corresponding postcondition are
validated using automatically generated test cases, guar-
anteeing alignment with the original problem intent.

• A contamination-resistant, reproducible benchmark.

Instead of releasing a static dataset, we provide a genera-
tion script that allows researchers to recreate the entire
benchmark, mitigating data leakage and facilitating fair
comparison.

2 Related Work

Several benchmarks have been proposed to evaluate the
performance of LLMs on Dafny code generation, but they
exhibit several issues that reduce their effectiveness (see
Sec. 1). In the following, we examine the existing Dafny
benchmarks, highlighting their strengths and limitations.
Table 1 provides a summary of the different datasets.
CloverBench. CloverBench [21] is one of the earliest bench-
marks for Dafny code generation with LLMs, consisting of
60 handcrafted examples at a textbook level of difficulty.

1The postcondition is written in a “non-ghost” form, ensuring that it can be
executed.

While it provides clear verification goals and a well-defined
structure, its size is limited because all examples are cre-
ated manually. In addition, since CloverBench is publicly
available, it may have been included in model training data.
DafnySynthesis. DafnySynthesis [17] contains 153 sam-
ples, combining 50 manually curated examples with 103
generated by GPT-4 from the MBPP (Mostly Basic Python
Programming) dataset. However, it only checks Dafny ver-
ification without ensuring correct or strong postconditions,
offers no learning curve as MBPP covers basic concepts, and,
like CloverBench, suffers from contamination since all sam-
ples are publicly available.
DafnyBench. DafnyBench [15] is one of the most compre-
hensive benchmarks for Dafny code generation, with over
700 programs collected from more than 100 GitHub reposito-
ries, including CloverBench and DafnySynthesis. However,
it lacks structure, mixing examples without any indication of
difficulty, and its verification goals are unclear, as it provides
only Dafny code without natural language specifications.
The dataset is created in a largely automated way, but like
previous benchmarks, its main limitation is contamination,
since it is built from publicly available repositories and is
itself openly accessible.
DafnyGym. DafnyGym [18] is a benchmark of complex
lemmas extracted from three real-world Dafny codebases.
Since it is derived from such projects, it contains only diffi-
cult problems, with no structure or progression in difficulty.
On the positive side, the dataset has clear verification goals,
as the task is to generate a single missing assertion line.
Its construction is semi-automated: while repositories are
selected manually, the individual samples are generated au-
tomatically, making the dataset difficult to expand. Finally,
like previous benchmarks, DafnyGym is based on existing
Dafny repositories and is therefore subject to contamination.
Desiderata. As the above discussion shows, all existing
Dafny benchmarks suffer from one or more shortcomings
that limit their effectiveness in evaluating LLMs in Dafny
code generation. A key issue is contamination, as most bench-
marks are publicly available and may have been included
in model training, thus inflating performance results. An-
other limitation is the absence of a structured difficulty curve:
benchmark’s datasets either mix examples of varying com-
plexity or focus only on either simple or complex problems.
This makes it difficult to assess the true capabilities of LLMs,
as we cannot pinpoint the level at which models fail or de-
termine the gap in their ability to generate correct code.

3 TACoDafny Creation

We curate TACoDafny, an automatically generated Dafny-
based benchmark where each task consists of a program and
a clearly defined verification goal expressed as a postcon-
dition. In this paper, we mainly focus on LeetCode [11], a

tacodafny.github.io


Toward Automated, Contamination-free Dafny Benchmark Generation

Name

Clear Defined No Automatic

Verification Goals Structure Contamination Generation

CloverBench [21] ✓ ✓ ✗ ✗

DafnySynthesis [17] ✗ ✗ ✗ ✗

DafnyBench [15] ✗ ✗ ✗ ✗

DafnyGym [18] ✓ ✗ ✗ ✗

TACoDafny ✓ ✓ ✓ ✓

Table 1. Comparison among existing datasets.

widely adopted competitive programming platform, but our
methodology is generalizable to other programming reposi-
tories such as AtCoder [2] and CodeForces [5]. Each problem
includes a natural language description and example input-
output pairs, with the objective of implementing a program
that passes hidden tests. LLMs have demonstrated strong
capabilities to generate solutions that pass such tests in main-
stream programming languages [9, 14]. However, existing
work has not extended this capability to Dafny on these plat-
forms. Furthermore, no Dafny benchmark currently matches
the scale or systematic rigor of these widely used datasets.
Dafny is particularly well-suited for benchmark genera-

tion due to its dual role as both a verification-oriented speci-
fication language and a compilable programming language.
Once verified, Dafny programs can be compiled into lan-
guages such as C#, Java, or Go, enabling us to simultane-
ously validate functional correctness and ensure alignment
between implementations and formal postconditions by run-
ning them on a few test cases. We now describe our pipeline
for transforming LeetCode tasks into verifiable Dafny code.
Synthesizing Dafny program from natural language.

As shown in Fig. 1, the first step of TACoDafny is to syn-
thesize a correct Dafny program from a natural language
description. We begin by collecting programming tasks from
LeetCode along with their natural language descriptions and
a reference implementation in a mainstream language (we
adopt Python in our pipeline). Next, we 1 prompt the LLM
to implement the same code in Dafny, retrying as needed
until a syntactically valid program is obtained. At this stage,
we do not generate verification code, focusing instead on
functional correctness. To check this, we 2 ask the LLM to
create a suite of test inputs with positive input-output pairs
(𝑖𝑝 , 𝑜𝑝 ), ensuring that relevant edge cases are included. Then,

Task 
Description

LLM

Python 
Implementation

Test inputs 𝑖𝑝

Positive Test Cases 
(𝑖𝑝, 𝑜𝑝)

𝑜𝑝 ∶=  𝑃𝑦𝑡ℎ𝑜𝑛(𝑖𝑝)Run on 𝑖𝑝 

Task 
Description

LLM

Dafny program
𝑓𝑢𝑛𝑐()

𝑜𝑑 = 𝑜𝑝

Yes

No

Feedback

Valid program
𝑓𝑢𝑛𝑐()

Run on 𝑖𝑝 

𝑜𝑑 ∶= 𝑓𝑢𝑛𝑐(𝑖𝑝)1

2

3

Figure 1. Pipeline for generating a functional correct Dafny
program from natural language.

Task 
Description

LLM

Python 
Implementation

Negative test cases 
(𝑖𝑛, 𝑜𝑛)

Run on 𝑖𝑛 

Task 
Description

LLM

Dafny contract
𝑓𝑢𝑛𝑐𝑃𝑜𝑠𝑡()

𝑓𝑢𝑛𝑐𝑃𝑜𝑠𝑡 𝑖𝑝 = 𝑜𝑝 ∧
𝑓𝑢𝑛𝑐𝑃𝑜𝑠𝑡 𝑖𝑛 ≠ 𝑜𝑛

Yes

No

Feedback

Valid contract
𝑓𝑢𝑛𝑐𝑃𝑜𝑠𝑡()

1

2

4

𝑜𝑛 ≠ 𝑃𝑦𝑡ℎ𝑜𝑛(𝑖𝑛)
Yes

No

Feedback

Valid Negative Test Cases 
(𝑖𝑛, 𝑜𝑛)

Positive Test Cases 
(𝑖𝑝, 𝑜𝑝)

3

Figure 2. Pipeline to generate postcondition specifications.

both the Python and Dafny implementations are executed
against these test cases, and we 3 compare their outputs.
For each task, we iteratively provide the LLM with failing
test cases until the Dafny program consistently matches the
reference Python implementation.
Synthesizing accurate postcondition specification.Once
TACoDafny generates functionally correct Dafny imple-
mentations, we derive their formal specifications, focusing
in particular on postconditions, since these capture the in-
tended program behavior. Integrating the postconditions
into the code yields a complete verification task. Fig. 2 shows
our pipeline to generate postcondition specifications. We
1 prompt the LLM to define the intended behavior as a
single non-ghost predicate 𝑓 𝑢𝑛𝑐𝑃𝑜𝑠𝑡 (𝑖, 𝑜), and to insert the
corresponding predicate call into the method’s postcondition.
We then 2 reuse the previous positive input-output pairs
(𝑖𝑝 , 𝑜𝑝 ) to test the soundness of the candidate specification.
In addition, we 3 prompt the LLM to create negative exam-
ples (𝑖𝑛, 𝑜𝑛), where 𝑜𝑛 differs from the actual program output,
which we automatically validate by executing the Python
implementation. Since non-ghost predicates in Dafny are ex-
ecutable, we 4 evaluate 𝑓 𝑢𝑛𝑐𝑃𝑜𝑠𝑡 (𝑖, 𝑜) over all positive and
negative examples, requiring that 𝑓 𝑢𝑛𝑐𝑃𝑜𝑠𝑡 (𝑖𝑝 , 𝑜𝑝 ) = true
and 𝑓 𝑢𝑛𝑐𝑃𝑜𝑠𝑡 (𝑖𝑛, 𝑜𝑛) = false. Whenever a candidate specifi-
cation fails any of these checks, we refine it through iterative
feedback until a consistent and sound behavior specification
is obtained.
Our final benchmark consists of tasks that combine an

implementation with its corresponding postcondition. Note
that in this work, we do not address the problem of providing
full verification proofs for these postconditions; instead, we
focus on generating specifications that are both functionally
correct and verifiable.
Assessing postcondition specification strength.Our gen-
eration pipeline ensures that each synthesized program is
coupled with a behavior specification that is executable and
verifiable against a set of tests. However, beyond mere ver-
ifiability, it is crucial to assess the strength of the gener-
ated specification, i.e., the extent to which it accurately con-
strains the intended program behavior. Intuitively, a desir-
able specification should be sufficiently strong such that, for
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a given input 𝑖 and a bounded search space, the correspond-
ing output 𝑓 𝑢𝑛𝑐 (𝑖) is the unique solution that satisfies the
postcondition 𝑓 𝑢𝑛𝑐𝑃𝑜𝑠𝑡 (𝑖, 𝑜). If the specification is too weak
(e.g., 𝑓 𝑢𝑛𝑐𝑃𝑜𝑠𝑡 (𝑖, 𝑜) = true), then every output in the search
space becomes admissible. Instead, a restrictive specification
may eliminate all potential solutions. The challenge lies in
formally characterizing this search space and determining a
threshold to decide the strictness of a specification definition.

For TACoDafny, we rely on a heuristic-based assessment
approach that works as follows. First, we prompt Claude 4
Sonnet to synthesize a definition of a finite search domain,
denoted as 𝑓 𝑖𝑛𝑖𝑡𝑒𝑆𝑒𝑡 (𝑖), which bounds the set of candidate
outputs for a given input 𝑖 . Using this domain, we perform
model counting to compute the cardinality of:

{ 𝑜 | 𝑜 ∈ finiteSet (𝑖) ∧ 𝑓 𝑢𝑛𝑐𝑃𝑜𝑠𝑡 (𝑖, 𝑜) }.
If the model count equals 1, we consider the specification as
sufficiently strong within the defined search space.

Nevertheless, this method is subject to several limitations.
A trivially small 𝑓 𝑖𝑛𝑖𝑡𝑒𝑆𝑒𝑡 (𝑖) may exclude the valid solution,
leading to a model count of 0 even when a valid solution is
known to exist based on previous unit testing steps. Con-
versely, an overly large search domain can result in model
counting timeouts due to combinatorial explosion. Optimiz-
ing the generation of the exploration space is therefore a
critical direction for future work. Additionally, some pro-
gramming tasks inherently permit multiple valid solutions
(e.g., lists with interchangeable element orderings), where
the model count may be greater than 1 yet still significantly
smaller than the overall search space. Establishing quanti-
tative thresholds to distinguish sufficiently strong specifica-
tions in such cases remains to be refined.
Preventing data contamination. TACoDafny’s genera-
tion process is fully automated from a set of natural-language
programming tasks description. We mitigate contamination
in two ways: (𝑖) we release only the code to generate the
benchmark, instead of a static snapshot of instances cre-
ated at evaluation time; and (𝑖𝑖) because the pipeline is fully
automated, TACoDafny can be live-updated from newly
released programming tasks, allowing evaluators to include
only tasks published after a model’s training cutoff.

4 Experimental Setup

Benchmark generation. We build TACoDafny using a
publicly available LeetCode dataset from HuggingFace [7].
For program synthesis, we employ Claude 4 Sonnet to gener-
ate corresponding Dafny programs, as prior work has shown
that Anthropic models demonstrate strong capabilities in
Dafny code synthesis [15, 17]. We generate test cases using
GPT-5, leveraging its advanced reasoning ability to ensure
diverse and logically consistent inputs and outputs.
Running TACoDafny. The objective for each LLM is to
produce Dafny code with sufficient specifications and proofs

such that it successfully passes the Dafny verification pro-
cess. We conduct a preliminary experiment evaluating model
performance using the metric verify@k, where 𝑘 denotes the
maximum number of interaction rounds between the user
and the model. A task is considered solved within 𝑘 steps
if the generated code verifies without errors after no more
than 𝑘 iterative refinement attempts.
It is worth noting that after each unsuccessful verifica-

tion attempt, Dafny returns a detailed error message. We
implement a feedback-driven interaction loop by appending
the verifier feedback to the conversation history, enabling
the LLM to iteratively refine the program until verification
succeeds or the interaction budget is exhausted.
We evaluate TACoDafny on three proprietary models:

Claude 4 Sonnet, GPT-5, and GPT-4o, and three open-weight
models of different sizes: Llama3.1 8B, Qwen3-Coder 30B,
and Llama3.3 70B.

5 Preliminary Results

5.1 Dataset

As an initial evaluation, we applied our benchmark gen-
eration pipeline to the first 200 LeetCode problems. This
process yielded 87 Dafny programs that were executable
and successfully passed all auto-generated test units. Among
these, Claude 4 Sonnet was able to produce 76 executable,
non-ghost formal specifications that function as valid post-
conditions within the verification process. All generated
specifications satisfied their corresponding test units, indi-
cating their basic correctness.
To further assess the strength of the specification, we

conducted model counting checks on specific input cases.
We found that 51 specifications imposed sufficiently strong
constraints. The remaining specifications often led to the
timeout problemwementioned in Sec. 3, primarily due to the
large exploration space introduced with a broad definition
of 𝑓 𝑖𝑛𝑖𝑡𝑒𝑆𝑒𝑡 ().

5.2 Models Performance on TACoDafny

Claude 4 Sonnet achieves the highest overall perfor-

mance. As shown in Fig. 3, Claude 4 Sonnet achieves a
verify@20 score of 39.5%, significantly outperforming all
other models, including GPT-5. The GPT-5 series reaches a
moderate score of 22%. Among open-weight models, Qwen3-
Coder 30B performs the best, achieving a level comparable
to the much larger Llama3.3 70B. In contrast, smaller models
such as Llama3.1 8B consistently fail to solve any verifica-
tion tasks, indicating the lack of Dafny code generation and
reasoning capabilities.
Iterative feedback leads to steady performance gains.

All models exhibit an increasing trend as 𝑘 increases, con-
firming that iterative feedback in the form of error messages
and verification failures helps models incrementally refine
their code. For instance, Claude 4 Sonnet improves from
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Figure 3. Model performance improves as more attempts
are allowed for iterative correction of verification code.
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Figure 4. Tasks that are easier to implement are often easier
to verify.

15.8% at 𝑘 = 1 to 39.5% at 𝑘 = 20. This increment demon-
strates its ability to interpret feedback and systematically
strengthen its verification logic.
Small models struggle to adhere to formal verification

constraints. We conducted an examination of model traces
of small models, and we noticed that they frequently resort
to invalid shortcuts when facing complex verification tasks.
Common failures include: (𝑖) inserting placeholder state-
ments, (𝑖𝑖) adding unverifiable assumptions to bypass proof
obligations, or (𝑖𝑖𝑖) weakening or omitting the postcondition
altogether. These behaviors indicate a lack of robustness in
reasoning and a limited understanding of Dafny’s formal
verification semantics.
Programs that are easy to implement tend to be easy

to prove. Fig. 4 presents verify@20 performance grouped
by LeetCode difficulty levels. All models show a consistent
decline in success rates as the task difficulty increases. This
suggests that problems requiring more complex implementa-
tions also tend to induce harder verification challenges, likely
due to increased control-flow complexity, deeper invariants,
and more intricate postconditions.

6 Discussion and Future Work

How do we ensure that all benchmark tasks are verifi-

able? Currently, TACoDafny does not guarantee that every
task is fully verifiable; rather, we ensure that all programs
pass a set of auto-generated unit tests. As with real-world
software development, untested edge cases may still exist,
potentially leaving some implementations or specifications
unverifiable. Nonetheless, the majority of tasks are verifiable
in practice, and different models demonstrate competitive
performance across the benchmark, fulfilling our goal of
enabling meaningful comparative evaluation.
Scaling to real-world scenarios. Our current experiments
focus on beginner- or learner-level programming and veri-
fication tasks, constrained by the difficulty level of the pro-
gramming platforms we explore. As a next step, we aim to
extend our pipeline toward more complex industrial-grade
codebases, enabling the evaluation of scalability and practical
applicability in real-world verification settings.
Extending to ghost predicates for postconditions.We
plan to extend our approach to generate ghost-based post-
conditions that can also be validated using test units. This
requires establishing a provable equivalence between ghost
definitions and corresponding executable code, where the
latter can be used for testing purposes.
Developing a more rigorous evaluation methodology.

Our current method for assessing the quality of generated
formal specifications remains preliminary and unreliable.
We aim to design a more principled evaluation framework,
including a clearer definition of the exploration space, to re-
duce the likelihood of timeouts, and a quantitative threshold
to decide the quality of the postcondition definition.
Beyond LLM evaluation. The automated pipeline produces
scalable datasets of unverified but functionally correct Dafny
programs, and executing cutting-edge models on the bench-
mark generates detailed traces of attempts and verification
obligations. As Fig. 3 shows, small/medium models strug-
gle on Dafny verification; all the dataset and traces in the
generation and evaluation process can be used to train or
fine-tune Dafny-specialized models to improve code gener-
ation and postcondition verification, enabling knowledge
transfer from strong models to smaller ones.

7 Conclusions

In this paper, we introduced TACoDafny, a novel bench-
mark for evaluating LLMs performance in Dafny code gen-
eration. TACoDafny addresses the main limitations of pre-
vious benchmarks by offering a fully automated generation
pipeline and contamination-free tasks, releasing only the
scripts needed to produce them from natural language spec-
ifications. We assessed several LLMs on TACoDafny and
observed that their ability to generate verifiable code de-
clines as task difficulty increases. We also released an online
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leaderboard for TACoDafny, enabling transparent tracking
and comparison of LLM performance within the commu-
nity. For future work, we plan to extend TACoDafny with
more real-world tasks drawn from complex codebases and
to refine our methodology for generating and evaluating the
postcondition specifications.
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