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introduction

How can we trust code generated by AI? Traditional fine-tuning relies

on human feedback, which is subjective and prone to error. We pro-

pose using formal verification as an automated, objective reward signal.

By training language models with reinforcement learning guided by the

Dafny theorem prover, we aim to produce code that is not just plausi-

ble, but provably correct.

background/relatedwork

GRPO. Reinforcement Learning has shown great success in encour-

aging reasoning and improving model outputs. Group Relative Policy

Optimization saves on training costs within RL by removing the critic

model used in PPO-basedmethods, estimating the baseline from group

scores instead. GRPO samples a group of outputs per prompt and then

maximizes the following objective:

J(θ) = Ex∼D, y∼πθ(·|x)

[
πθ(y | x)
πref(y | x)

A(x, y)
]

with group normalized advantage

Ai = Ri − µR

σR + ε
, for i = 1, . . . , M

Figure 1. GRPO training pipeline

Dafny. Modern AI systems often generate code that appears correct

but contains minor logical errors. Dafny is a programming language and

verifier that integrates specifications (preconditions, postconditions, in-

variants) and proves code to be correct using an SMT solver. Using

Dafny, we can train models to generate provably correct code.

DeepSeek R1-Zero. We build on the Reinforcement Learning with

Verifiable Rewards (RLVR) approach proposed by DeepSeek R1-Zero.

In contrast to Reinforcement Learning with Human Feedback (RLHF),

RLVR uses rule-based or verifiable signals, making it well-suited to do-

mains like Dafny formal verification.

methodology

We propose a dual-model architecture for provably correct code gen-

eration: a writer model that is encouraged to write correct code, and a

diff-based annotator model that serves as a verification function to-

gether with the Dafny verifier. We use DafnyBench for training, a

dataset containing both unannotated and annotated Dafny code.

Annotation Method. In order to reduce the number of tokens gen-

erated, we propose a json-based annotation method. The annotator

model is encouraged to provide its changed in a json format that is de-

terministically merged into the original code.

Annotator Model. We develop a two-step training pipeline for

Qwen2.5-3B-Instruct using DafnyBench. We begin with supervised

fine-tuning then train using RLVR with the following reward specifica-

tion, tuned to encourage reasoning as well as success:

Formatting reward: 0.1 if the json structure can successfully be

merged, 0 otherwise.

Compilation reward: 0.3 if the merged code contains correct Dafny

syntax and compiles, 0 otherwise.

Verification reward: 1.0 if the merged code passes the Dafny

verifier, 0 otherwise.

Assumption reward: -1.0 if the model introduced ’assume’

statements, 0 otherwise.

WriterModel. We develop a RLVR post-training pipeline forQwen2.5-

3B-Instruct that encourages the model to reason and utilizes the an-

notator model within its reward function:

Formatting reward: 0.1 if the model puts its reasoning within

<think> tags and its answer within <answer> tags, 0 otherwise.

Correctness reward: 1.0 if the annotator model and Dafny verifier

pass, 0 otherwise.

example
Unannotated Dafny code:

method Max(a: int, b: int)
returns (m: int) {

if a > b { m := a; }
else { m := b; }

}

Verified code:

method Max(a: int, b: int)
returns (m: int)
requires true
ensures m >= a && m >= b
{

if a > b { m := a; }
else { m := b; }

}
The annotator model introduces postconditions that formalize the in-

tended behavior of the function. These annotations allow the Dafny

verifier to mechanically prove that the implementation satisfies its

specification for all possible inputs.

constraints

A central challenge has been the high computational and memory cost

of RLVR on the DafnyBench dataset. Despite access to an AWS g6e
instance with an NVIDIAA40 GPU (48GBVRAM), parallel sample pro-

cessing quickly exhausts available memory, constraining training to se-

quential execution to avoid memory failures.

Each training iteration requires approximately two minutes per sample.

With over 620 samples per epoch, a single epoch requires on the order

of 20 hours, making multi-epoch training prohibitively expensive. Our

efforts have focused on validating the correctness and stability of the

end-to-end training pipeline-including reward specification, verifier in-

tegration, and rollout execution-rather than producing large-scale con-

vergence results.

optimizations

We explored several optimization techniques for rollout and training,

including:

Selectively offloading inactive GPU tensors to CPU memory.

Introducing minibatching for verification and reward computation.

Redesigning our prompting strategy to minimize token usage

through structured JSON-based annotations, significantly reducing

activation memory and verification overhead by lowering generated

token counts.

Employing a custom transformer pipeline to enable finer-grained

control over memory allocation and execution order.

Auditing PyTorch operations during rollouts, minimizing

unnecessary GPU residency by offloading non-critical computations

and reducing redundant device transfers wherever possible.

While these did not fully eliminate our scalability challenges, they im-

proved stability, allowed for sustained experimentation, and informed

the architectural and algorithmic tradeoffs involved in RLVR-based for-

mal verification.
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