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Abstract—Proof-oriented programs mix computational content
with proofs of program correctness. However, the human effort
involved in programming and proving is still substantial, despite
the use of Satisfiability Modulo Theories (SMT) solvers to
automate proofs in languages such as F⋆.

Seeking to spur research on using AI to automate the construc-
tion of proof-oriented programs, we curate a dataset of 600K
lines of open-source F⋆ programs and proofs, including software
used in production systems ranging from Windows and Linux, to
Python and Firefox. Our dataset includes around 32K top-level
F⋆ definitions, each representing a type-directed program and
proof synthesis problem—producing a definition given a formal
specification expressed as an F⋆ type. We provide a program-
fragment checker that queries F⋆ to check the correctness of
candidate solutions. We believe this is the largest corpus of SMT-
assisted program proofs coupled with a reproducible program-
fragment checker.

Grounded in this dataset, we investigate the use of AI to
synthesize programs and their proofs in F⋆, with promising
results. Our main finding in that the performance of fine-tuned
smaller language models (such as Phi-2 or StarCoder) compare
favorably with large language models (such as GPT-4), at a
much lower computational cost. We also identify various type-
based retrieval augmentation techniques and find that they boost
performance significantly. With detailed error analysis and case
studies, we identify potential strengths and weaknesses of models
and techniques and suggest directions for future improvements.

Index Terms—Proof Oriented Programming, AI for Proofs,
Trustworthy AI programming

I. INTRODUCTION

The recent excitement around AI-assisted programming has
been tempered by concerns around the trustworthiness of AI-
generated code [1]. Languages that offer static guarantees
can help reduce some of these concerns, e.g., having AI
generate safe Rust code rather than C eliminates the risk
of AI-introduced memory safety issues. Taking this line of
thinking to its limit, using AI to generate code in proof-
oriented languages which allow programs to be augmented
with specification and proofs of correctness could eliminate
trust in AI-generated code, so long as the specification can be
audited to match a human’s intent. Conversely, proof-oriented
languages often require a high-level of human expertise—AI
assistance could help make them easier to use.

*Work done as interns at Microsoft Research

Recognizing the potential dual benefit (i.e., trustworthy AI
programming & easier program proof) many researchers have
begun investigating using AI to synthesize proofs. However,
most of the prior work has focused on using AI with tactic-
based proof assistants, such as Coq, Lean, and Isabelle [2]–
[5], including projects like CoqGym [6], which builds models
based on hundreds of Coq projects containing more than
70,000 tactic scripts, and LeanDojo [7], which uses math-
lib [8], a large corpus of formalized mathematics in Lean.
AI automation for proof-oriented programming languages like
F⋆ [9], Dafny [10], Viper [11], Verus [12] and others has
received comparatively less attention. The prior work [13]–
[18] has been limited by the availability of data, focusing
instead on small, hand-crafted problem sets numbering in
the few hundreds. This is unfortunate, since proof-oriented
languages may be close to the limit of symbolic automation
provided by SMT solvers and AI automation could open
the door to further automation that has remained out of
reach. Additionally, to achieve the promise of trustworthy
AI programming, we believe it is essential to develop AI
for program and proof synthesis rather that only on mostly
mathematical tactic-based proofs.

Towards this end, our paper makes the following three major
contributions:

1. A new dataset of programs and proofs: Aiming to
spur research in AI-assisted proof-oriented programming, our
first main contribution is FSTARDATASET, a dataset of F⋆

programs and proofs extracted from 2060 source files, repre-
senting about 600K lines of source code, drawn from 8 open
source projects. The dataset provides around 32K top-level F⋆

definitions, coupled with tooling that allows each definition to
be checked in isolation. We believe this is the largest dataset
of SMT-assisted proof-oriented programs and we envision for
it to be a live, evolving data set, with new projects added to it
over time. Indeed, even in the period of preparing this paper,
FSTARDATASET has grown to include 4 additional projects
reaching 940K lines of source code. Although we currently
focus on F⋆, we hope for the dataset to also grow to include
data from other proof-oriented languages. We describe the
dataset in detail in §III.

2. A benchmark problem: Grounded in this data, we de-
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sign a straightforward benchmark: given a type as a formal
specification, synthesize a program that has that type. Each
of the 32K definitions in FSTARDATASET yields its own
synthesis problem, where the type of the definition is the
“goal” type, and a technique is expected to synthesize a
definition that the F⋆ compiler attests is goal-type-correct. In
F⋆, types are rich enough to capture a variety of specifications,
ranging from simple types as in other functional programming
languages, to dependently typed specifications that capture
functional correctness properties of a program, i.e., types
can represent arbitrary propositions. Dually, programs in F⋆

contain computational content (e.g., logic for reversing a
list), but they can also be interpreted as proofs. As such,
our benchmark can be seen as an instance of a type- or
specification-directed program & proof synthesis problem. We
present a simple and objective taxonomy to classify benchmark
instances, distinguishing simply typed, dependently typed, and
fully specified proofs, corresponding roughly to the precision
of specifications.

3. Designing and evaluating neural synthesis techniques:
We apply a (by now) standard regime of prompting large
language models (LLMs) to generate solutions, backed by
retrieval augmentation and fine-tuning techniques specific to
our setting. In particular, we construct a prompt by augmenting
the goal type with related types and definitions from the
program context, based on various embedding models. In §V,
we evaluate the performance of off-the-shelf large language
models, including GPT-3.5 [19] and GPT-4 [20], as well
as fine-tuned smaller models include Phi2-2.7B [21], Orca2-
7B [22], and StarCoder-15B [23], with the following main
takeaways.

• Fine tuned smaller models can match or outperform large
language models (§V-A).

• Different classes of problems are solved with varying
degrees of success, with common error modes differing
between pretrained and fine-tuned models (§V-B).

• Leveraging the contexts as well as retrieval augmentation
significantly boosts the quality of results (§V-C).

Based on our results, we are optimistic about for the
future of AI-assisted proof-oriented programming. Researchers
building verified systems in proof-oriented languages have
reported writing around 3-5 lines of proof for each line of
verified code [24], [25], a considerable overhead, despite
strong symbolic automation from SMT solvers. For SMT-
assisted proof-oriented programs, we provide the first, sub-
stantial empirical evidence that LLMs trained on corpora like
FSTARDATASET, and prompted with retrieval augmentation,
can automate somewhere between a third and a half of proofs.
That said, our approach focuses on synthesizing program and
proof fragments given their specifications: finding the right
modular decomposition to prove a program correct, with the
right specifications and auxiliary lemmas, is not yet within
the scope of the techniques we explore. §VI provides further
discussion and analysis. We anonymously release the source
code, scripts, and data for the experiments in this paper in

https://doi.org/10.5281/zenodo.10853636.

II. BACKGROUND

We start by providing some general background on F⋆,
adapted from its online manual. F⋆ is a dependently typed
programming language and proof assistant. It encourages
proof-oriented programming, a paradigm in which one co-
designs programs and proofs which attest various aspects of
a program’s correctness, including its input/output behavior
together with its side effects, if any.

The core design philosophy of F⋆ is that the type of a
program is a specification of its runtime behavior. Many terms
can have the same type and the same term can have many
types, e.g., e : int states that the term or program fragment
e reduces to an integer; and e : nat states that e reduces
to a non-negative integer, where nat = x:int{x ≥ 0} is a
refinement of type int. When proving a program e correct,
one specifies the properties one is interested in as a type t

and then tries to convince F⋆ that e has type t, i.e., deriving
e : t.

Many dependently typed languages have the same core
design, however F⋆ is distinctive in that in addition to
several built-in type-checking algorithms, it uses the Z3
SMT solver [26] to try to automatically prove various obli-
gations that arise during type-checking. For example, un-
der the hypothesis that x : even, proving that x + 2 : even,
where even = x:int{x % 2 == 0}, results in a query to Z3
of the form ∀(x:int). x % 2 == 0 =⇒ (x + 2) % 2 == 0. While
in general the queries F⋆ presents to Z3 are undecidable,
in practice Z3 successfully automates a large number of the
queries it receives. However, when Z3 proof search fails, the
programmer must write additional lemmas and other proofs
hints to decompose the proof into smaller pieces that can be
checked by F⋆ and Z3.

The concrete syntax of F⋆ is based on other languages in
the ML family, including OCaml and F#. Shown below is
a recursive implementation of Quick Sort, together with its
specification and proof of correctness. The type of sort states
that for any total order f on elements of type α, given an
input list l:list α, sort is a total function (i.e., it always
terminates) returning a list m:list α that is sorted according
to f and where m is a permutation of l. The predicates like
total_order, sorted, is_permutation etc. are other aux-
iliary definitions in scope. The implementation of sort mixes
the computational behavior (i.e., partitioning the list based
on a pivot, recursively sorting the partitions, combining and
returning them) with proof steps that attest to the correctness
of the code with respect to its specification.1

1Many F⋆ examples, including the ones shown here, are similar to program
proofs in languages like Dafny or Verus. However, F⋆ also allows other styles
of higher order and dependently typed definitions that are not expressible in
other SMT-assisted languages. We refer the reader to the F⋆ manual for a full
discussion of similarities and differences.

https://doi.org/10.5281/zenodo.10853636


let rec sort (f:total_order_t α) (l:list α)
: Tot (m:list α{ sorted f m ∧ is_permutation l m })

(decreases (length l))
= match l with

| [] → []
| pivot :: tl →

let hi, lo = partition (f pivot) tl in
let res = append (sort f lo) (pivot :: sort f hi) in

(* <proof> *)
partition_mem_permutation (f pivot) tl;
append_count lo hi; append_count hi lo;
sorted_concat f (sort f lo) (sort f hi) pivot;
append_count (sort f lo) (sort f hi);
permutation_app_lemma pivot tl (sort f lo) (sort f hi);

(* </proof> *)
res

For example, the annotation decreases (length l)
indicates that the recursion terminates because the length of
the list input decreases at each recursive call. Additionally, the
source lines delimited by <proof> comment tags are calls to
F⋆ lemmas, auxiliary definitions that prove certain properties.
For instance, the auxiliary lemma append_count is shown
below. Its type states that every call to append_count l m x

guarantees the postcondition described in the ensures
clause; or, equivalently, the type claims the universal property
∀l m x. count x (append l m) = count x l + count x m.
The proof of this property is by induction on the list l,
expressed as a recursive function.

let rec append_count (l m:list α) (x:α)
: Lemma (ensures (count x (append l m) = count x l + count x m))
= match l with
| [] → ()
| hd :: tl → append_count tl m x

Program and proof fragments like sort, append_count
etc. each constitute a top-level definition in an F⋆ program.
Each definition yields a type-directed synthesis problem, i.e.,
given a goal type such as the first two lines of append_count
shown above, can an LLM generate a type-correct definition.
To help the LLM succeed, we aim to augment the goal type
with related information, e.g., the definitions of symbols such
as count, append etc. We evaluate the performance of various
retrieval augmentation strategies and LLMs on this task.

III. A CORPUS OF PROOF-ORIENTED PROGRAMS

FSTARDATASET is an archive of source code, build arti-
facts, and metadata assembled from eight (8) different F⋆-
based open source projects on GitHub, summarized below,
with a focus on libraries that provide secure low-level software
and the tools that enable their proofs.
• FStar: The F⋆ compiler itself, including its standard libraries

and examples.
• Karamel: A transpiler from a subset of F⋆ called Low* to

C, including libraries to work with a model of C types and
control structures, e.g., for- and while-loops [27].

• EverParse: A parser generator for binary formats [28], used
in various large scale systems, e.g., the Windows kernel [29]

• HACL*: A library of verified cryptographic algorithms [25],
including ValeCrypt [30], a library of verified assembly
code, as well as EverCrypt, a cryptographic provider [31],
including code deployed in Linux, Firefox, and Python.

• miTLS-F*: A partially verified reference implementation of
the TLS protocol [32].

• EverQuic-Crypto: A verified implementation of header and
packet protection for the QUIC protocol [33].

• Merkle-tree: A verified, incremental Merkle tree, designed
for use in Azure CCF, a confidential computing system [31].

• Steel: A concurrent separation logic library, with proofs of
data structures and concurrency primitives [34].

The dataset will be available publicly as an open source
repository referencing the other projects as sub-modules, in-
cluding a given version of F⋆ itself. All the projects are built
with the same version of F⋆ and the Z3 SMT solver, resulting
in a single archive with all the 2,060 source files and a build
artifact for each of them, i.e., F⋆’s .checked files. Each
checked file is accompanied by record of metadata about its
contents: for each top-level element (e.g.,, the definition of a
function, or a type, or a type signature), the metadata records
its dependences, the compiler settings used to verify them, etc.

Reproducibility & evolution. We aim to strike a balance
between reproducibility of the dataset, while also encouraging
the data set to grow and change along with projects it
references. Referencing the precise commit hashes of all the
referenced projects as sub-modules allows any version of the
dataset to be fully reproducible. The results reported in this
paper focus on version 1 of the dataset, a snapshot from
November 2023, provided as an anonymous supplement.

A type-checking harness. To enable using the data to val-
idate program-proof synthesis attempts, we provide scripts
that enable launching F⋆ and initializing it so that it is
capable of checking each top-level definition independently.
Once initialized in this way, the F⋆ process can be repeatedly
queried using an interactive JSON-based API to type-check
program fragments—in F⋆, type-checking amounts to program
verification. However, replaying the F⋆ type-checker on top-
level definitions in the dataset is not perfect, e.g., due to
sensitivity to small changes in the search heuristics used by
SMT solvers. We use the type-checking harness to identify
those top-level definitions whose proofs can be checked in
isolation, finding that 90% of them meet this criterion. In all
our experiments, we focus on this re-checkable fragment of
the dataset.

During the development of the harness, we faced similar
challenges as reported by LeanDojo [7, A.2], mainly: (a)
ensuring names are resolved correctly by opening the right
namespace in the right order, (b) ensuring that definitions
to be checked cannot refer to their original version in the
library, that they cannot use their original definition implicitly
via Z3, (c) verifying that solutions do not use escape hatches
such as admit () or assume that are intended for interactive
use, and (d) that all files can be loaded in a consistent
state even though the bare dataset has clashing file names
and conflicting options. Challenges (b) and (c) are hard to
notice during development because they only result in false
positives, i.e., the checker incorrectly claiming that a solution
is correct. The biggest development effort was related to



TABLE I: Summary statistics of the FSTARDATASET.

Metric Train Valid Test
Intra-project Cross-project

Number of Definitions 22779 1541 5965 1769
Number of Projects 6 6 6 2
Number of Files 1216 72 306 126

Avg. num of lines 8.66 13.63 11.40 7.45
Avg. num of tokens 92.16 157.26 124.32 60.32

# Simply Typed 6736 434 1248 149
# Dependently Typed 12047 764 3111 1431
# Proofs 3996 343 1606 189

efficiently supporting (b): we added a feature to F⋆ that allows
the client to partially load a compiled .checked file until we
reach the definition to be checked; this ensures that exactly the
same definitions and modules are in scope that were accessible
to the original definition. After deduplication, removal of auto-
generated code, data type definitions, and all proofs that are
fully automated by SMT, the dataset contains 32,054 top-level
definitions.

Partitions of the dataset. We split FSTARDATASET into
four sets: training, validation, intra-project test, and cross-
project test. Each source file is in exactly one of these sets.
The first three sets are taken exclusively from the F⋆, Karamel,
EverParse, HACL*, Merkle-tree, and Steel projects, while
the “cross-project test” (we refer as “cross-project” hereafter)
exclusively contains definitions from EverQuic-Crypto and
miTLS-F*. The training set is closed under the dependence
relation, i.e., a file in the training set also has all its depen-
dencies in the same set. As such, the training set contains
files close to the roots of the dependence graphs for each
project. In contrast, files in the intra-project test set (refers to
as “intra-project” hereafter) may depend on files from other
sets. Partitioning according to the dependence relation ensures
that our trained models have not been contaminated with any
information that depends on the test set. Files in cross-project
set are from projects whose files are not in any of the other
sets. This allows us to do a generalization evaluation across
projects of the trained models, while again minimizing the
potential for dataset contamination.

A Taxonomy. We classify the definitions in the dataset
by their type, providing three classes corresponding loosely
to the theoretical complexity of synthesizing a type-correct
definition.
• Simply typed definitions have simple types such as
int →int. Types that include refinements but no
dependences are also considered simply typed, e.g.,
nat →nat. Definitions that are type polymorphic, e.g.,
f:(α→β) →list α→list β, are also considered simply
typed. Types in this class could be expressed in many
other general-purpose programming languages. Synthesiz-
ing definitions in this class is non-trivial—many symbolic
synthesis techniques focus exclusively on simple types,
while also excluding type polymorphism or non-dependent
refinements [35]. Nevertheless, types in this class may admit
many simple solutions. For example, given a goal type of

    Related Example Retrieval
// Type:

val appendList (l1:list a) (l2:list a) 
   : (res: list a{

length res = length l1 + length l2})
// Context:

open FStar.List.Tot.Base // Opened Modules
open FStar.Nat.Tot.Base // Opened Modules

module N = FStar.Nat.Tot.Base // Instantiated

val length: #a:Type -> l:list a -> nat
let rec length #a (l: list a): nat =
    match l with
    ...

// Configuration:

    "smtencoding_valid_intro": true,
    ...
    "z3rlimit": 100,
    "z3seed": 0,
    ...

// Other Metadata
1. Ideal Premises
2. Defn location: project, sha, file, line
3. Dependencies and Effects
...

F* Example Training
Data

// Related Examples:

val appendSet: ...
...
let subtractList l1 l2 = ... // Selected Premises:

    index 
    add 
    length 
    head 
    tail
    ...

The type is:
    val appendList (l1: list a) (l2: list a) ...

The following files are opened and instantiated:
    open FStar.List.Tot.Base
    ...
    module N = FStar.Nat.Tot.Base 

Following definitions are in the context:
    val length: ...
    ...
    let rec index ...

You may use some of all of the following premises:
    index add length head tail

Following definition are related and might be helpful
    val appendSet: ...
    let appendSet l1 l2 = ...

Instructions:
    1. Synthesize a definition that satisfies the type
    2. Start the definition with `let rec appendList`.
    ...

Prompt / Input

// Synthesized Definition:

let rec appendList l1 l2 = 
    match l1, l2 with ...

 Premise
Selection

Prompt
Preparation

 Synthesis &
Verification

Verifier

LM

Fig. 1: Overview of our experimental approach for synthesizing
F⋆ definitions.

nat →nat, a solution such as λ _ → 42 would succeed.
• Proof definitions have types that represent propositions, e.g.,

the type of append_count shown in §II. Such types are so
precise that F⋆’s logic allows proving that all well-typed
terms of a given proposition type are semantically equal.
As such, this is the most challenging class, since there is at
most one semantically unique solution and as synthesizing
a solution amounts to proving a theorem in one go.

• Dependently typed definitions describe all cases whose types
are not in the other two classes. Dependent types can encode
complex specifications, e.g., the type of sort shown in
§II is a detailed functional correctness property. Therefore
definitions in this class in general have a higher theoretical
complexity than the simply typed class. However there
can still be multiple semantically different solutions to a
dependently typed goal. For example, an implementation of
merge sort can be given the same type as sort.
Table I shows some statistics of FSTARDATASET version

1, the basis of all experiments and analyses in this paper.

IV. NEURAL PROGRAM & PROOF SYNTHESIS FOR F⋆

Figure 1 shows a high level overview of the program and
proof synthesis technique we develop in this paper. The top-
left of the figure shows an instance of a top-level definition
from FSTARDATASET, containing the dependent type ti of a
function appendList, other metadata, and, importantly, infor-
mation about its “file context”, i.e., all the top-level elements
preceding appendList in the file in which it appears. To
synthesize definitions for ti, first (at top right) we retrieve
related examples from the training data and select premises
(i.e., ingredient definitions) that are likely to be used in the
definition body. At the center of the figure, combining ti with



its file context, related examples, selected premises, we create
a prompt pi. We use the prompt and the ground truth definition
from the training data (DT ) to train models. Finally, at bottom
left, for testing and evaluation, we present the same kind of
prompt to our finetuned LLMs, and evaluate the correctness
of definitions with the type-checker harness. Note, we do
not feedback type-checking results to the LLM for repair, an
enhancement we are considering for the future.

Related Examples Retrieval. Inspired by successes of pro-
viding language models with related examples (colloquially
known as Retrieval Augmented Generation, RAG) [36]–[38],
we provide related examples as input to the model for better
generalization. To find related examples, we calculate the
similarities between the input type and the types of training
examples. Our intuition is that if two examples’ types are
very close, there will be similarities between their definitions.
We compute the similarity between types in their embedding
space. Concretely, we embed the types into a fixed dimen-
sional vector space using an LLM-based embedding model,
text-embedding-ada-002 [39], and compute the cosine
similarity between ti and tx ∈ DT . We use the tx and dx (i.e.,
definition of tx from DT ) as related examples.

Premise Selection. Following Yang et al. [7], we also
provide the models with other definitions (premises) which are
likely to be used in the body of the definitions. We fine-tune
an embedding model based on all-MiniLM-L6-v2 [40].
During inference, given a type as input the fine-tuned premise
selection model produces ranked list of premises based on their
likelihood of being used in the definition. We also explore fine-
tuning alternative embedding models in Section VI-D.

To fine-tune an embedding model e(·), we take for every
definition g in the training set the definitions p1, . . . , pn
whose name occurs in the definition’s value but not in
its type and then randomly sample q1, . . . , qn definitions
whose name occurs in neither the value nor the type but
are in scope at the definition’s location. As training objec-
tive we use the mean-square error 1

2n

∑n
i=1 (e(g)

T e(qi))
2
+

(e(g)T e(pi)− 1)
2, which aims to align the goal g to the

ground-truth premises p1, . . . , p1, and making the embedding
of the goal orthogonal to the negative premises q1, . . . , qn. For
evaluation, the premises are then ranked by cosine distance to
the goal. Note that, “Premise Selection” allowed us to fine-
tune model as we already know the ground truth premises from
the dataset. In contrast, there is no straightforward notion of
ground truth for related example, hence we use embeddings
from an LLM that supposedly understands its input.

Prompt Preparation. We prepare the input to the LLM
(colloquially known as a prompt), by combining the “goal”
type, the file context, selected premises, retrieved related
examples, together with some fixed instructions for the model.
We reserve a fixed number of tokens in the prompt for the
file context, premises, and related examples. The file context
contains opened and instantiated modules in the file together
with other definitions in the file up to the point of the goal
type, preferring definitions that are closer to the goal to fit in

the fixed token budget for the file context. Likewise, for related
examples and premises, we rank them according to descending
similarity values, including as many as fit into their respective
token budgets. We organize different components within a
natural language prompt, i.e., each component of the prompt
is preceded by a brief description of what the component is.
Finally, the prompt ends with a set of instructions including
the prefix of the definition. Figure 1 shows an example prompt
at bottom right. We experiment on the impact of different com-
ponents (context, retrieved examples, and selected premises)
in §V-C.

Training. We train different language models of varying
sizes to synthesize definitions from prompts. In particular, we
trained Phi-2, Orca-2, and StarCoder with 2.7B, 7B, and 15.5B
parameters, respectively. The input to the models is the prompt
constructed as described above and the target response is set
to be the definition from the dataset itself. We use standard
practices for training, including low rank optimization [41],
parameter efficient model tuning [42], and quantized model
training, enabling us to deploy the models with GPUs with
smaller memory size, for both both training and inference. We
train Phi-2 model for 10K steps, Orca-2 model for 5K steps,
and StarCoder for 2K steps, requiring roughly similar training
time. The training objective is to maximize the probability of
the definition given the prompt, which is realized by Cross
Entropy Loss. We retain the model checkpoint which resulted
in the least loss in the validation dataset.

Synthesis & Verification. Having the prompt designed, we
synthesize the definition for a given type using the fine-tuned
(also pretrained) LMs. While generating, we use temperature
based sampling. For each example, we generate k definitions
(Sk) using the LMs. We evaluate each of these generated
definitions using the type-checking harness. In the case of a
verification (type check) failure, the checker return the error
code with error message. We define the evaluation metric,
verify@k as the percentage of examples in the evaluation data
for which there is at least one verified definition in the k
generated solutions by the LM.

V. EMPIRICAL EVALUATIONS

A. Performance of Different Models

In this section, we evaluate the ability of language models to
synthesize F⋆ programs and proofs, including of state-of-the-
art LLMs such as GPT-3.5 and GPT-4, which are available
for inference through APIs, as well as fine-tuned small and
medium-sized language models deployed on local machines,
posing the following research question:

RQ1. Can language models effectively synthesize F⋆ definitions given
the specification?

Experimental Setup. We evaluate all models using the same
prompt, as described in §IV. We divide the experiments into
two solution strategies: (i) prompting and (ii) fine-tuning.
Prompting involves giving a pre-trained language model a task
and assessing whether or not it is able to solve it. Fine-tuning,



TABLE II: Comparison between Prompting different models and
finetuning for synthesizing F⋆ definitions. Combined Prompted∗

shows the result when we combine the synthesized definitions
from all prompted experiments (5), Combined Finetuned† corre-
sponds to the combined results from finetuned experiments (3),
and Comb. Prompted & Finetuned‡ shows the results across all
the experiments (8).

Strategy Model verify@k (intra-project) verify@k (cross-project)
k = 1 k = 5 k = 10 k = 1 k = 5 k = 10

GPT-3.5 13.51 25.20 29.81 6.67 14.41 18.54

GPT-4 19.41 31.90 36.38 13.00 23.57 28.49

Prompted Phi-2 (2.7B) 0.30 1.26 2.20 0.11 0.62 1.75

Orca-2 (7B) 2.63 6.39 8.55 0.45 2.20 3.84

StarCoder (15.5B) 1.89 7.14 12.27 0.73 3.79 6.90

Combined Prompted∗ 26.34 40.02 45.47 16.56 29.96 36.18

Finetuned

Phi-2 (2.7B) 17.28 27.75 31.10 8.59 16.62 20.97

Orca-2 (7B) 14.90 26.02 30.61 7.74 14.92 18.37

StarCoder (15.5B) 27.95 39.50 43.98 16.73 27.64 32.90

Combined Finetuned† 32.86 44.17 48.52 20.97 32.28 37.20

Comb. Prompted & Finetuned‡ 38.76 50.49 55.34 27.13 40.14 45.56
∗ : verify@k interprets as verify@5k. †: verify@k interprets as verify@3k,

and ‡: verify@k interprets as verify@8k.

on the other hand, involves further refinement of a model
parameters based on a task-specific dataset. For prompting
LLMs, we use the OpenAI Python API. For prompting smaller
language models, namely Phi-2, Orca-2, and StarCoder, we
fine-tune these models (from the HuggingFace library [43]) as
described in §IV and use the fine-tuned model checkpoints for
inference. We set the same token limits for all models: 500
tokens for context, 400 for related examples, 300 for selected
premises, and 500 for generated definitions.

Results. Table II shows the results of different strategies
across different models. We focus on the verify@k metric
defined in §IV, but also report a combined verify@nk metric
which considers an example solved if the instance was solved
by any of n models under the verify@k metric.

Both GPT-3.5 and GPT-4 solve a significant fraction of
problems in the verify@10 metric, though GPT-4 is better.
Their success is likely due to F⋆ code being part of their
training data. Both models also perform better on intra-project
examples than on cross-project examples. When constructing
prompts, we only retrieve related examples from the training
data split, which specifically does not include any examples
from the cross-project set—as such, the cross-project examples
benefit less from retrieval augmentation.

The performance of prompted smaller models (Phi-2, Orca-
2, and StarCoder) is significantly worse. Among these models,
we do observe a positive correlation between the model
size and performance, with the 15.5B parameter StarCoder
performing better than Orca-2 (7B parameters), which in turn
is better than Phi-2 (2.7B parameters). Their relative perfor-
mance may possibly also be attributed to their pre-training
data. Unlike Phi-2 and Orca-2, StarCoder’s pre-training data
contains OCaml code from GitHub; the syntactic similarity
between OCaml and F⋆ could also contribute to the relatively
higher success of prompted StarCoder.

When we fine-tune these models, their performance signif-
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Fig. 2: Venn Diagram showing intersection of examples from
Cross-Project examples solved by different models. The GPT-*
performance in Fig. (b) are from prompting respective models.

icantly improves. For example, fine tuning Phi-2 improves its
verify@10 score by more than a factor of 10. In fact, fine-
tuned Phi-2 slightly outperforms GPT-3.5, while fine-tuned
StarCoder also outperforms GPT-4. The combined verify@nk
results suggest that one could use one or more cheaper, fine-
tuned models for synthesis at first, falling back to the larger
models only when the smaller models fail.

Fine-tuning equips a model with project-specific code id-
ioms to improve performance. However, we argue that fine-
tuning also yields benefits transferable across projects. Fig-
ure 2 shows the intersection of successes in the cross-project
examples between different models in both prompted and
fine-tuned settings. As Figure 2a shows, 451 examples are
correctly solved by GPT-3.5 and GPT-4 exclusively, which
could not be solved by prompting any other models; other
models exclusively solved only 53 examples. In contrast, after
fine-tuning (Figure 2b), prompted GPT models could only
exclusively solve 137 problems, the rest 314 are solved by at
least one fine-tuned model. On the other hand, 165 examples
are exclusively solved by the smaller models that neither GPT-
4 nor GPT-3.5 can solve. We believe this demonstrates the
effectiveness of fine-tuning beyond specific projects they are
trained on.
Result 1: Language models are helpful in automating
the synthesis of definitions and proofs in F⋆. Fine-tuning
smaller models can match or outperform the performance of
large language models. Despite being significantly smaller,
the fine-tuned Phi-2 (2.7B) model slightly outperforms GPT-
3.5 by up to 5%. In addition, StarCoder (15.5B) outperforms
the most advanced GPT-4 by up to 21%. Further, our
evaluation shows the generalizability of these fine-tuned
models on unseen projects.

B. Understanding models’ successes and failures

In this section we focus on the following research question:

RQ2. What are the models’ success rate across different problem types
and what kinds of errors do they produce?

Experimental Setup. From §III, recall that we divide the
problems in our dataset into three categories, i.e., (i) simply
typed definitions, (ii) dependently typed definitions, and (iii)
proofs. We report on the performance of models in each of
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Fig. 3: Verify@10 across different types of examples for different models.

these categories. We also analyze the types of errors reported
by the type-checking harness on synthesized code. We divide
the errors into three broad categories (i) Syntax errors: where
the F⋆ could not parse the generated code, (ii) Identifier not
found errors: where the definition was parsed, but one or more
identifiers could not be resolved, and (iii) Semantic errors:
the definition is syntactically valid and has no unresolved
identifiers, but the type-checker could not verify the code
against the goal type.

GPT-3.5 GPT-4 Phi-2 Orca-2 StarCoder0.0%
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Fig. 4: Different errors spawned from the generated definitons
by different models, presented as percentage of all errors.

Results. Figure 3 shows the accuracy of different models
in different classes of problems under the verify@10 met-
ric. Across all configurations, models are most successful at
simply typed definitions. For dependently typed definitions,
we observe slightly lower performance across all models
compared to simply typed definitions and performance on
proof definitions is lower still. This is in keeping with our
expectations: as described in §III, our taxonomy is meant to
roughly capture the theoretical complexity of the problems
and the model performance appears to validate this view. As
in §V-A, performance on intra-project examples across all
categories is also systematically better than on cross-project
examples. In all cases, fine-tuned StarCoder performs the best.

We also examined specific successes from fine-tuned Star-
Coder to give a qualitative sense of the kinds of problems it
is able to solve. We give two representative examples.

Our first example is dependently typed, for
FStar.OrdSet.where, a function that filters and ordered set s
to those elements that satisfy a condition c. The specification
provided in the prompt is very detailed and includes functional
correctness. The model is able to synthesize the type-correct
definition shown, a fairly typical functional program. To
put this in perspective, compared to AI automation for

tactic-based proofs, our work exploits an LLMs ability to
generate programs, and relies on F⋆’s dependent types and
SMT-based automation to certify synthesis results.

let rec where #a #f (s:ordset a f) (c:condition a)
: Pure (ordset a f)

(requires ⊤)
(ensures λ (z:ordset a f) →

(as_list #a z == FStar.List.Tot.Base.filter c
(as_list s)) ∧ (∀ x. mem x z = (mem x s && c x)) ∧

(if size z > 0 && size s > 0 then
f (head s) (head z) else true))

= match s with
| [] → empty
| x::q →
let z = where q c in
if c x then insert’ x z else z

Our next example is from EverQuic-Crypto, a cross-project
proof problem. The lemma is about the property of a binary
formatted header, using functions from the EverParse library.
The preceding file context for this example contains a similar
proof and the related examples includes an example from the
EverParse library. In this case, the model has successfully
adapted a related proof from the file context. Indeed, program
proofs often contain many similar elements, tedious for a
human to write, but models are adept at identifying common
patterns and adapting them accordingly.

let serialize_header_is_retry
(short_dcid_len: short_dcid_len_t)
(h: header’ short_dcid_len)

: Lemma (
let s = LP.serialize (serialize_header short_dcid_len) h in
Seq.length s > 0 ∧
(is_retry h ⇐⇒

(LPB.get_bitfield (U8.v (Seq.index s 0)) 7 8 == 1 ∧
LPB.get_bitfield (U8.v (Seq.index s 0)) 4 6 == 3)

)
) = serialize_header_eq short_dcid_len h;
let tg = first_byte_of_header short_dcid_len h in
let x = LPB.synth_bitsum’_recip first_byte tg in
LP.serialize_u8_spec x;
let s = LP.serialize (serialize_header short_dcid_len) h in
assert (Seq.index s 0 == x);
assert (is_retry h ⇐⇒ (
LPB.get_bitfield (U8.v (Seq.index s 0)) 7 8 == 1 ∧
LPB.get_bitfield (U8.v (Seq.index s 0)) 4 6 == 3

))

Turning our attention to errors, Figure 4 plots three different
class of errors made by models as a percentage of the total
erroneous solutions they generated. Interestingly, for GPT-3.5,
the largest error class is “Syntax error”, whereas for GPT-
4 it is “Identifier not found”—GPT-4 seems to be better at
F⋆ syntax than GPT-3.5. For the smaller models, when we
prompt them, most of the errors are syntax errors. This is not



TABLE III: Impact of different sources of information in the
finetuned Phi-2 model.

Experiment Auxiliary Information verify@10
Name Context RE Premise Intra Cross

Phi2full ✓ ✓ ✓ 31.10 20.97

Phi2-ctx ✗ ✓ ✓ 21.89 10.97
Phi2-re ✓ ✗ ✓ 25.92 21.82
Phi2-pre ✓ ✓ ✗ 31.15 20.35

Phi2ideal ✓ ✓ Ideal 35.84 23.74

RE = Related example definition from training set

surprising, since none of them have been trained on F⋆. When
we fine-tune the models, the largest error class is “Identifier not
found”, indicating that models often hallucinate identifiers. For
example, the following definition is generated by StarCoder:

let eqList_ok (#a: Type) (d: deq a) :
Lemma (decides_eq #(list a) (Raw.eqList d.raw.eq)) =
let open FStar.Classical in
let lemma_eq (xs ys: list a)

: Lemma (Raw.eqList d.raw.eq xs ys) =
FStar.List.Tot.lemma_eq_intro (

Raw.eqList d.raw.eq
) xs ys; () in

Classical.forall_intro (lemma_eq)

While seemingly syntactically correct, this definition uses
the symbol lemma_eq_intro, which is not in scope. Adapt-
ing recent techniques to guide models based on lightweight
static analyses (e.g., based on the identifiers in scope) is a
promising direction for the future [44], [45].

The last, but not the least, category of error is Semantic
error, which is a collection of many different errors. Notable
among these include Type Error: a value or identifier
with incompatible type is used and Z3 Solver Error:
Z3 cannot prove the SMT query. Program repair techniques,
both search-based [46] and LLM-assisted [2], may help reduce
some of these errors, another direction for the future.

Result 2: Model performance follows our taxonomy, with
simply typed problems being most commonly solved, then
dependently typed, and finally proofs. Models are able to
generate type-correct functional programs with complex
dependent types, and to generate proofs by adapting similar
examples. For most of the pre-trained models, the major
source of errors are syntax errors, while after fine-tuning,
“Identifier not found” consist of the majority of errors,
followed by semantic errors.

C. Impact of components of the prompt

Recall from §IV, a prompt contains the (1) local file context;
(2) related examples retrieved from the training data; and,
(3) selected premises by the premise selection model. In
this section, we evaluate the impact of each of these three
components on model performance.

RQ3. How do the different prompt components impact the effective-
ness of language models?

Experimental Setup. We take as a baseline for our expe-
rience the performance a fine-tuned Phi-2 model (Phi2full)

that has access to all three prompt components. We fine-
tune three other versions of Phi-2, each time dropping one
of three three prompt components: for the Phi2-pre model,
we drop the selected premises from the prompt; Phi2-ctx,
drops file context information; and Phi2-re, drops the related
examples. In addition, since we know the ideal premises used
in the ground truth definition, we fine-tune another version of
Phi2full, where instead of the selected premised, we used the
actual premises (Phi2ideal). Phi2ideal is not realistic, but it
serves as a roof-line for premise selection. We evaluate these
variants on verify@10 as well on the numbers of errors each
of these models produce. We also experiment with different
ways to combine and present these prompt components to the
model. Note that, since these experiments entail a large number
of fine-tuning runs, we chose to focus on the Phi-2 model, as
it is the most cost-effective. We believe our findings should
generalize to other models.

Results. Table III summarizes our results. The baseline
Phi2full model performance is as in Table II. When we remove
the related examples from the prompt (Phi2-re) and fine-
tune a model, for intra-project, the performance drops by ∼5
percentage points. Interestingly, without the related examples,
the performance in cross-project examples increases slightly.
Since we extract the related examples from other projects in
the training set, and there is little to no helpful examples in
the Phi2full model for the cross-project examples. Thus we
conjecture, the related examples from the same project helps
the model most.

On the other hand, in Phi2-ctx, we observe the performance
dropping significantly from the Phi2full model for both intra-
project and cross-project examples. Such a drop is not sur-
prising, since even for a human user, the file context has the
most relevant information about the target definition, e.g., in
the FStar.OrdSet.where example shown in §V-B, the local
file context defines the type ordset a f as an ordered list,
crucial information for synthesizing a solution.

Finally, when we remove the selected premises (Phi2-pre),
the performance remains very close to the Phi2full model. This
is surprising, since prior work [7] demonstrates that premise
selection improves the performance of proof synthesis. To
investigate further, we fine-tuned Phi2ideal, where instead of
using premise selection model, we use the ideal premises.
The results reveal that, with ideal premises, the performance
does improve significantly from Phi2full model to 35.84%
in intra-project and 23.74%in cross-project. Additionally, the
number of “Identifier not found” errors with Phi2ideal reduces
significantly to 22149 from 30108 such errors in Phi2full.
As such, Phi2ideal suggests that a premise selection model
that better approximates the ideal premises can provide a
significant improvement—see §VI for more discussion.

Result 3: File context and related examples are very im-
portant sources of information for synthesizing definitions in
F⋆. Without the context, the performance of a model drops
down by up to 29.6% and up to 16.55% without the related
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Fig. 5: Normalized Levenshtein distance between verified solu-
tions and ground truth across different classes.

examples. An ideal premise selection roof line suggests
that it may also provide significant improvements, however
our current premise selection model does not significantly
impact performance.

VI. FURTHER ANALYSIS & DISCUSSION

This section takes a closer look at some of the results from
§V. We report on additional experiments and explore potential
for future improvements.

A. Syntactic Evaluation of Model Generated Definitions

In addition to the semantic verify@k metric of the prior
section, we also evaluate how close a model’s generated
solutions are to the ground truth solution (g). We calculate
the normalized edit (Levenshtein) distance between tokenized
g and solution v. For every problem which has a non-
empty set of verified candidate solution (V S), we define the
distance as minv∈V S lev dist(g, v). The lev dist calculates
the edit distance between g and v and normalized it w.r.t.
the number of tokens in g. Figure 5 shows the distribution
of distances. Prompted LLMs such as GPT-3.5 and GPT-4
generate solutions that are further away from the ground truth
compared to fine-tuned models.

B. Impact of maximum tokens on model performances

TABLE IV: Performance of different state-of-the-art LLMs with
increasing model capacity for 100 randomly sampled examples.

Model Max number of tokens verify@10

GPT-3.5 2,048 29
16,000 35

GPT-4 2,048 37
16,000 50

StarCoder (finetuned) 2,048 45

Throughout the paper, for a fair comparison, we restrict
the maximum number of tokens for different models to 2048
tokens. However, some LLMs accommodate much larger
prompts, e.g., gpt-3.5-turbo-16K with 16K. While ex-
perimenting on these larger context models are expensive,
we evaluate GPT-3.5 and GPT-4 models allowing maximum
10K tokens for context, 3K for related examples, and 2K for
selected premises, and 1K maximum generation length. To
keep the cost of experiment tractable, we randomly sample 100
problems for evaluation. As Table IV shows, we observe that,
with increased capacity, both GPT-3.5 and GPT-4 improves

Selected Premises
pvalue << 0.05
Cohen's d : 0.28

Context
pvalue << 0.05
Cohen's d : 0.34

Related Examples
pvalue << 0.05
Cohen's d : 0.84
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TABLE V: Evaluation of alternative models for the premise
selection. An asterisk (*) indicates a fine-tuned model.

Model Intra-Project Cross-Project
MAP NDCG MAP NDCG

Pythia 70M 0.15 0.37 0.14 0.37
Pythia 160M 0.15 0.38 0.13 0.37
all-MiniLM-L6-v2 0.15 0.38 0.16 0.40
OpenAI Ada 0.19 0.42 0.19 0.43

Pythia 70M* 0.33 0.55 0.15 0.40
Pythia 160M* 0.34 0.56 0.13 0.38
all-MiniLM-L6-v2* 0.32 0.54 0.18 0.43

by a large margin compared smaller capacities. While GPT-
4 with 16K token capacity achieves 50% verify@10, fine-
tuned StarCoder achieves 45% with only 2K tokens. Further
experiments with GPT-4 on the entire data set would be more
definitive, though the cost is prohibitive.

C. Definition ingredients in the prompt and its impact

Following our observation that that majority of the errors are
due to hallucinated identifiers, we investigated how much each
of the prompt components help the model generate correct
identifiers. We calculated the percentage of overlap between
the identifiers used in the ground truth and different prompt
components and investigate whether this correlates with model
performance. Figure 6 shows that when there is a higher
overlap between an information modality and the ground truth
identifiers, the models are more likely to generate verified
definitions (with statistical significance). While in theory, it
is impossible to know the name of the identifiers that will be
used in a definition a priori, the analysis suggests that better
retrieval augmentation could boost performance.

D. Evaluating Different Premise Selection Models.

We compared four embedding models for premise selection,
before and after fine-tuning: the small 22M parameter model
all-MiniLM-L6-v2 from sentence transformers [40], the
text-embedding-ada-002 model [39] from OpenAI, as
well as two generic transformer models from the Pythia [47]
family with 70M and 160M parameters. Comparing the Mean
Average Precision (MAP) and Normalized Cumulative Dis-
counted Gain (NDCG) (Table V), without fine-tuning the Ada
model achieves roughly 25% higher performance. Surpris-
ingly, the off-the-shelf Pythia models are competitive with
all-MiniLM-L6-v2 even though they are not trained on



any contrastive objective. After fine-tuning, all of the mod-
els have comparable performance irrespective of model size.
However, the training does not generalize well and fine-tuning
only barely improves performance on the cross-project set.

VII. THREATS & LIMITATIONS

Data contamination. The training data for GPT-3.5 and
GPT-4 is not publicly known, but it is very likely that it
intersects the intra-project and cross-project test sets because
those are taken from repositories publicly hosted on GitHub.
On the other hand, despite maintaining file level separation
between train and test sets, we observe that there are a small
number of clones (i.e., examples with different names, yet
same definitions) between train and test set. In particular, we
identified 343 such clones in intra-project test set and 7 in
the cross-project test set. While these solutions are clones, the
context they are in are different. Hence, the prompt to the
language model (see Section IV for prompt preparation) are
different for these. While the related examples retrieval method
are in general capable of finding these clones, we argue that
such a setup is not unrealistic for real development, where
developer often reuse code written elsewhere.

Hints about the definition problem statement. The synthe-
sis problem in this paper requires the model to synthesize a
definition for a given type. However, there are some implicit
hints about the definition that are present in the types, and
context. For instance, consider the example sort in §II,
the type contains an effect decreases (length l), which
implicitly tells the model that there will be an induction on
the length of thel. While these are hints potentially helping
the model, we argue that these are the hints that a developer
writing F⋆ code may already know.

Preciseness of specifications. We consider a problem to be
solved if the solution type-checks. For problems in the proof
class, all solutions are equivalent, so no further inspection
is necessary for a successful proof. However, in other cases,
specifications may only be partial and, although type-correct,
a solution may still be subject to inspection to confirm if it
matches a user’s under-specified intent.

Non-deterministic nature of LLMs. Large Language Mod-
els, especially those for which we do not have access to
the model weights (e.g., GPT-3.5/GPT-4) often go through
regular updates. Hence, it it very difficult, if not impossible, to
reproduce some of the results from those LLMs. In contrast,
the fine-tuned model, being smaller in size, will be accessible
to those seeking to reproduce our results.

VIII. RELATED WORK

In the past 15 years, an increasing number of software
systems have been proven correct, both using interactive the-
orem provers like Coq and Isabelle/HOL, as well using SMT-
assisted proof-oriented languages like F⋆ and Dafny. Software
proofs require expertise and can be quite verbose. A common
metric used to evaluate proof effort is a proof:code ratio, i.e.,
the number of lines of proof for each line of executable code.

This ratio is typically higher in interactive proof assistants
than in SMT-assisted proof-oriented languages. For example,
sel4 in Isabelle/HOL [48] incurs a proof:code ratio of 20:1
despite the use of automated theorem provers integrated with
Isabelle/HOL, e.g., Sledgehammer [49]. Meanwhile, Ironclad
in Dafny [24] reports a ratio of 5:1, and EverCrypt in F⋆ [31]
reports a ratio of 3:1, through the use of SMT-solvers and pro-
grams that mix computational content and proofs. Improved
automation through the use of AI in both settings could help
lower these overheads.

In the context of interactive theorem provers, machine-
learning has been used to improve premise selection in the-
orem provers [50], [51]. Predictive models based on existing
proofs to guide proof search have been used in TacticToe [52],
TacTok [53]. GPT-f [54] uses expert iteration and HTPS [3]
online reinforcement learning to improve the model by self-
learning based on previous proof attempts. Baldur [2] uses an
LLM-based synthesis and fine-tuned repair model to complete
full proofs for Isabelle/HOL theorems. LeanDojo [7] and
LEGO-Prover [55] integrate retrieval augmentation to find
relevant existing theorems and proofs from the library. Draft-
sketch-proof [56] introduced the use of informal sketches as
an intermediate step, which has also been used in [57], [58].

In the context of SMT-assisted program verifiers, recent
approaches leverage LLMs for synthesizing loop invariants
[13]–[16]. Closest to our work, Rakib et al. [18] leverage
LLMs along with retrieval augmentation to generate both
functional specification and code with proofs from natural
language in Dafny. However, the specifications generated
may be too weak or incorrect and requires a human to
audit them; this makes it subjective and difficult to treat
as a benchmark problem set unlike FSTARDATASET where
specifications are drawn from ground truth. In addition, prior
works on automating proof-oriented programming [18], [59]
are evaluated on much smaller benchmarks with less than
200 mostly introductory algorithmic tasks. In contrast with
FSTARDATASET we provide a benchmark with more than
32K reproducible F⋆ programs and proofs that form part of
production software deployed in real-world.

Additionally, many works use LLMs for general-purpose
programming tasks [60]–[63]. Recent approaches [64], [65]
even attempt at formalizing functional specifications for lan-
guages such as python—without access to static verifiers, these
functional specifications often are used as runtime assertions.

IX. CONCLUSION

Aiming to enhance both the trustworthiness of AI-generated
code and to ease program proof, we investigate AI-based
program and proof synthesis backed by a program verifier.
While prior work has predominantly focused on tactic-based
proof, we investigate AI automation for F⋆, a proof-oriented
language with SMT-based automation. To fuel future research
in this direction, we introduce the FSTARDATASET, a public
benchmark dataset of F⋆ programs and proofs. We expect
FSTARDATASET to evolve and grow: indeed in recent weeks,



after our experiments, it has grown to include four more
projects, reaching 940K lines of F⋆ code and proofs.

On a type-based program and proof synthesis task, we
evaluate several state-of-the-art LLMs such as GPT-3.5 and
GPT-4, fine-tune smaller language models such as StarCoder.
Our findings suggest that LLMs, when trained on appropriate
datasets and prompted effectively with necessary information
through retrieval, can automate a significant portion programs
and proof. However, beyond boosting synthesis performance,
many interesting problems remain, notably around specifi-
cation formulation and modular decomposition of proofs,
exciting areas for further exploration.

Overall, with this paper, we contribute to the ongoing
discourse on trustworthy AI programming and lay a foundation
for advancements in AI-assisted proof-oriented programming.
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