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Abstract—While LLM-based specification generation is gaining
traction, existing tools primarily focus on mainstream program-
ming languages like C, Java, and even Solidity, leaving emerging
and yet verification-oriented languages like Move underexplored.
In this paper, we introduce MSG, an automated specification
generation tool designed for Move smart contracts. MSG aims to
highlight key insights that uniquely present when applying LLM-
based specification generation to a new ecosystem. Specifically,
MSG demonstrates that LLMs exhibit robust code comprehension
and generation capabilities even for non-mainstream languages.
MSG successfully generates verifiable specifications for 84% of
tested Move functions and even identifies clauses previously
overlooked by experts. Additionally, MSG shows that explicitly
leveraging specification language features through an agentic,
modular design improves specification quality substantially
(generating 57% more verifiable clauses than conventional designs).
Incorporating feedback from the verification toolchain further
enhances the effectiveness of MSG, leading to a 30% increase in
generated verifiable specifications.

Index Terms—LLM, Specification, Verification, Move

I. INTRODUCTION

The need for high-assurance software has been increasingly
recognized as software becomes more complex and critical.
This is especially true for blockchains and smart contracts that
now manage crypto assets worth billions of USD as any bug
or vulnerability in the code can lead to significant financial
losses for its stakeholders [1], [2]. One of the key techniques
to deliver high-assurance software is formal methods such as
model checking [3] and theorem proving [4]. Among these
techniques, writing formal program specification that captures
the intended behavior of a program is a crucial step, as it
serves as the foundation for subsequent verification tasks.

However, writing specification is challenging, because it
requires not only a deep understanding of the program’s
intended behavior but also expressing the intention in formal
languages, which are often declarative in nature and require a
different mindset than implementing an algorithm imperatively
[5], [6], [7], [8]. Therefore, a more common practice in the
smart contract community is that developers often implement
based on loosely documented requirements first and then
formally specify and verify the code later (if timing and budget
permit) [9], [10]. While less optimal than a waterfall model
(specifications before code), this practice is often necessary
due to limited resources and time-to-market constraints.

And yet, late specification is better than no specification
at all. To ease the burden of developers, a practical tool
that automatically generates specifications from existing smart
contract code, with acceptable quality, would be beneficial.

In this work, we join forces with the recent advances in large
language models (LLMs) for formal methods (LLM4FM) [11],
[12], [13], [14], [15], [16], [17], [18], [19], [20], [21], [22],
[23], [24], [25], [26], [27] and provide our own findings and
insights based on our experience in developing an LLM-based
tool, MSG, that automatically generates specifications (more
precisely, functional pre/post conditions) for smart contracts
written in an emerging language—Move [28].

MSG is based on the same rationale why LLMs should be
used for specification generation—manually defined specifi-
cation synthesis templates [21], [22] cannot match with the
diversity and complexity of programs while LLMs can—as
piloted in the literature [11], [12], [13]. However, existing
works fail to provide more insights on the generalizability
of their designs nor shed light on how to adapt to new
programming/specification languages. So in this paper, we
first seek to answer the following research questions (RQs)
through the lens of Move:

RQ1 Will LLMs show degraded code comprehension and gen-
eration performance when the programming/specification
language is not a mainstream one (hence ruling out fine-
tuning opportunities as well)?

RQ2 As specifications need to be expressed in a formal
language, what features of the specification language
LLMs can leverage to generate better specifications?

RQ3 As the generated specifications will be eventually verified
by a verification tool to prove that the code satisfies the
specifications, will the feedback of such a verification
tool help improve the quality of generated specifications?

Move is a suitable candidate for these RQs because it is a
relatively new language (debuted in 2020 for the discontinued
Diem blockchain [29] and later evolved by Aptos [30], Sui [31],
and Movement [32] blockchains). Compared with mainstream
ones like C, Java, or even Solidity which are preferred in
prior works [11], [12], [19], [14], [13], Move has very limited
codebases or documentation for LLMs to train or fine-tune on.
And yet, formal verification is a first-class citizen in Move.
In fact, Move comes with a built-in specification language
called Move Specification Language (MSL), which allows
developers to write expressive specifications for their code.
The specifications are checked by an automatic verification
tool—Move Prover [33]—which discharges proof obligations
to SMT [34] solvers like Z3 [35] or CVC5 [36].

However, while addressing RQ1–3 help establish the fea-
sibility of MSG, in order for MSG to be practical and useful
in real-world Move codebases, we still need to resolve two
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technical concerns that are unaddressed in prior works:

RQ4 How to properly scope each LLM conversation context
if the ultimate goal is to autonomously generate a useful
set of specifications for the entire codebase without
interrupting developers (i.e., human-in-the-loop)?

RQ5 While the accuracy (or quality) of generated specifications
can be evaluated by comparing them against manually
written specifications, how can we evaluate the compre-
hensiveness of the generated specifications?

Key Findings. The design of MSG is heavily influenced by
the answers to these RQs, which we summarize as follows:
• LLMs show remarkable performance in comprehending

Move code and generating Move specification (in MSL
syntax) despite the language’s recency (RQ1). Overall, MSG
successfully generates specifications for 84% (300/357) Move
functions in Aptos core (analogous to libc in C) with
the OpenAI o3-mini model. Compared to expert-written
specifications, MSG generates 82% of matching verification
conditions and produces an additional 57% that differ;
aggregately 39% more than the expert-written ones. This is
on-par with results in prior works on different languages:
SpecGen [12] shows overall 60% correctness on Java, while
AUTOSPEC [11] achieves 79% correctness on C.

• Specification language matters and leveraging its features
explicitly at tool design time (instead of implicitly by LLMs)
can improve the quality of generated specifications (RQ2).
MSL allows function pre/post conditions to be expressed
in four different classes of specifications, each encodes
developers intentions from a different angle. MSG actively
leverages this by generating sub-specifications of different
classes in MSL, with one specialized agent for each class, and
subsequently ensemble sub-specifications into an idiomatic
one. Our evaluation shows that the agentic design generates
57% more verifiable specifications than a conventional all-
in-one design, which implicitly relies on LLMs to learn the
differences between the classes of specifications.

• Feedback from the verification tool can significantly
improve the quality of generated specifications (RQ3).
While prior works have shown that leveraging compiler feed-
back help generate syntactically correct specifications [19],
MSG goes a step further by leveraging the feedback from
Move Prover (especially the counterexample) as an oracle
to fix the wrongly generated specifications (similar to [12],
[26]), which improves the accuracy of generation as shown
in the evaluation results. We observe 30% more verifiable
specifications when using the Move Prover feedback for all-
in-one design in the ablation study of our evaluation. When
prover feedback is removed from the agentic design, the
accuracy does not dramatically drop because of the fail-safe
design: 13.1% less function are verified. However, a clear
decrease is observed in the quality of generated specifications:
it generates 33% less of clauses than the agentic design with
prover feedback.

• Scaffolding is necessary to keep LLMs focused on the
context of the function being specified while also catering to

the compositional nature of functional specification (RQ4).
Sending the entire codebase to LLMs is obviously infeasi-
ble [27], and sending only the function being specified is
often not enough, MSG implements a series of scaffolding
utilities including static dependency analysis, selective func-
tion inliner, and a pretty-printer to lift Move abstract syntax
tree (AST) back to source code after inlining. These utilities
help MSG to scope the conversational context with LLMs
autonomously without human-in-the-loop. For example, MSG
can automatically decide whether inline the callee functions
based on the best scoping strategy. During the evaluation,
selective inlining unblocks 7 new functions for agentic design
and 20 new functions for all-in-one design, respectively.

• Specification coverage, a simple metric to measure how
much code in the function body is covered by specifications,
can be used to evaluate comprehensiveness (RQ5). Our
experiment shows that MSG generated unique clauses that
were missed in expert-written specifications: 130 ensures,
86 aborts_if, and 75 modifies clauses. These account
for 33.2% (291) of the total 876 clauses generated by
MSG. Furthermore, the specification coverage component
validates its outstanding performance, as MSG produces
comprehensive specifications covering provided code.

II. BACKGROUND

In this section, we briefly describe the Move programming
language, Move specification language (MSL), and Move
Prover.

A. Example for Move Smart Contract and Move Specification

To get a taste of programming and specifying in Move,
Figure 1 (page 3) shows a simple Move smart contract and its
specification. In the implementation (Figure 1a), two data types,
Coin and Balance, and three functions, transfer, withdraw,
and deposit, are defined. transfer withdraws a coin from the
sender’s account and deposits it into the receiver’s account
by internally calling withdraw and deposit respectively. In
withdraw and deposit, borrow_global_mut is used to borrow
a mutable reference to the global state of the blockchain, which
is a map from addresses to the data structure Balance.

The corresponding specification (Figure 1b) defines the
intended behavior of these functions, which follows the standard
style of Hoare triple [37] with precondition (true) omitted
(although more complicated pre-conditions can be specified
with require clauses). aborts_if clauses capture exhaustively
the conditions under which the function should abort. The
modifies clauses marks modifications to blockchain global
state, and the effects of such modifications are often captured by
ensures clauses in an axiomatic style. Collectively, modifies,
aborts_if, and ensures clauses capture the complete set of
post-conditions for the specified function.

As a concrete example, the specification of transfer consists
of two parts: bindings (by let and let post) and properties.
For bindings (Line 3-9), global is used to access the global
state of the blockchain, which is an immutable (read-only)
reference. let is used to bind the state of variables before the
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1 module NamedAddr::BasicCoin {
2 /// This module defines
3 /// a minimal and generic Coin and Balance.
4 use std::signer;
5 struct Coin has store {
6 value: u64
7 }
8

9 struct Balance has key {
10 coin: Coin
11 }
12

13 /// Transfers `amount` of tokens from `from` to `to`.
14 public fun transfer(from: &signer, to: address,
15 amount: u64) acquires Balance {
16 let from_addr = signer::address_of(from);
17 assert!(from_addr != to, EEQUAL_ADDR);
18 let check = withdraw(from_addr, amount);
19 deposit(to, check);
20 }
21

22 /// withdraw `amount` to get a Coin
23 fun withdraw(addr: address, amount: u64): Coin
24 acquires Balance {
25 let balance = balance_of(addr);
26 assert!(balance >= amount, EINSUFFICIENT_BALANCE);
27 let balance_ref = &mut
28 borrow_global_mut<Balance>(addr).coin.value;
29 *balance_ref = balance - amount;
30 Coin { value: amount }
31 }
32

33 /// despoit a Coin to addr
34 fun deposit(addr: address, check: Coin)
35 acquires Balance{
36 let balance = balance_of(addr);
37 let balance_ref = &mut
38 borrow_global_mut<Balance>(addr).coin.value;
39 let Coin { value } = check;
40 *balance_ref = balance + value;
41 }
42 }

(a) Move Smart contract for a Coin

1 spec NameAddr::BasicCoin {
2 spec transfer {
3 let addr_from = signer::address_of(from);
4 let balance_from =
5 global<Balance>(addr_from).coin.value;
6 let balance_to = global<Balance>(to).coin.value;
7 let post balance_from_post =
8 global<Balance>(addr_from).coin.value;
9 let post balance_to_post = global<Balance>(to).coin.value;

10 modifies global<Balance>(addr);
11

12 aborts_if !exists<Balance>(addr_from);
13 aborts_if !exists<Balance>(to);
14 aborts_if balance_from < amount;
15 aborts_if balance_to + amount > MAX_U64;
16 aborts_if addr_from == to;
17

18 ensures balance_from_post == balance_from - amount;
19 ensures balance_to_post == balance_to + amount;}
20

21 spec withdraw {
22 let balance = global<Balance>(addr).coin.value;
23 modifies global<Balance>(addr);
24

25 aborts_if !exists<Balance>(addr);
26 aborts_if balance < amount;
27

28 let post balance_post = global<Balance>(addr).coin.value;
29 ensures result == Coin { value: amount };
30 ensures balance_post == balance - amount;}
31

32 spec deposit {
33 let balance = global<Balance>(addr).coin.value;
34 let check_value = check.value;
35 modifies global<Balance>(addr);
36

37 aborts_if !exists<Balance>(addr);
38 aborts_if balance + check_value > MAX_U64;
39

40 let post balance_post = global<Balance>(addr).coin.value;
41 ensures balance_post == balance + check_value;}
42 }

(b) Corresponding specification

Fig. 1: An example of Move smart contract and its corresponding specification for a simple Coin used in Move-based blockchains.

function is executed, and let post is used to bind the state of
variables after the function is executed. The transfer function
modifies the global states of the struct Balance because of
its calls to withdraw and deposit, which both also modify
the global state of Balance (Line 10). The transfer function
should abort when the Balance struct does not exist for
either sender or receiver, on overflow, or when the sender
has insufficient balance (Line 12-16). The transfer function,
upon successful execution, should ensure that the sender’s
balance is reduced by the amount transferred and the receiver’s
balance is increased by the same amount (Line 18-19).

B. Move Prover

Move Prover [33] is an automatic formal verification tool
specifically designed for Move, which as of now is primarily
used within the Aptos blockchain ecosystem to ensure the
correctness and security of smart contracts. Move Prover
first translates specification and implementation into Boogie
intermediate verification language [38], based on which the
actual verification conditions (VCs) are produced in the form
of SMT formulas, which are subsequently checked by SMT
solvers such as Z3 [35] or CVC5 [36]. One notable features of
Move Prover is its ability to provide feedback in the form of a
call stack in Move source code when encountering verification
failures by lifting the counterexample provided by Boogie

back to the Move source code level. The original intention of
this feature is to help developers debugging issues in code or
specifications but such feedback can also be analyzed by LLM
to auto-fix generated specifications, as later shown in §V.

III. MSG DESIGN

Figure 2 (page 4) illustrates the overall agentic design of
MSG. To kickstart MSG, users specify the target Move function
they want to generate specification for. MSG then performs
static analysis to extract the function and its dependencies, such
as definitions to (direct and indirect) callees, data structures, and
constants involved. This enables MSG to produce two versions
of conversation context for subsequent LLM interactions: (V1)
target function with all callees inlined at best-effort (§III-D)
which often leads to a single function with a complicated
function body; (V2) target function with all callees’ definition
listed alongside, leveraging LLM’s inherent capability to
recognize function calls. Both versions are dispatched to
separate specification generation (ClauseGen) agents (§III-A)
as seed conversation context.

MSG employs four different ClauseGen agents, each special-
ized in generating a specific class of functional specification
clauses expressible in MSL: loop invariants (if the code contains
loops), abort conditions (i.e., aborts_if clauses), global state
modification markings (i.e., modifies clauses), and axiomatic
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Fig. 2: Workflow of MSG. The top row shows the main agentic workflow of MSG, which contains 4 clauses generation (ClauseGen) agents
for each class of specifications and the specification ensembler for idiomatic Move specifications. The bottom row shows a workflow in a
single ClauseGen agent, which runs a generation loop to refine or fix the generated specification.

semantics for state changes (i.e., ensures clauses). Generated
specification snippets from all agents are subsequently merged
and optimized by a specification ensembler to produce a co-
herent and idiomatic set of specifications. While an alternative
design could generate all classes of clauses in a single pass,
MSG adopts an agentic design to avoid overwhelming LLM
with too many instructions in a single system prompt, which
is later proven effective in our evaluation (§V-B).

Inside each ClauseGen agent, MSG runs a generation loop
to refine or fix the generated specification. After each round,
the generated clauses are first vetted by the post-processing
steps to fix common issues (e.g., misplaced semicolon or
spaces), if any, followed by Move Prover to check whether
the vetted specification, after ensembling, pass verification
or fail with a diagnostic message (e.g. syntax error or a
counterexample) (§III-B). If the ensembled specification fails,
MSG will first instruct the LLM to summarize the diagnostic
message and generate guidance for possible fixes. Besides
the LLM-generated guidance, MSG also includes pre-defined
guidance for common error patterns. All this information
will be included in the user prompt for the next round of
generation loop to help corresponding ClauseGen agent(s) fix
wrong clauses. On the other hand, if the generated specification
passes Move Prover, MSG will generate a series of mutated
code snippets by randomly deleting parts of original Move
code (i.e., nodes in the AST) to get the specification coverage
(§III-C), which will be included in the user prompt for the
next round to refine the specification. The whole process is
repeated until a predefined bound (e.g. 5 rounds).

“Agentic” Terminology. We treat self-contained LLM
components as distinct sub-agents—such as ClauseGen (which
includes clause generation and error summary/guidance) and
the specification ensembler—each handling specific sub-tasks.
While the definition of “agent” is debated in communities,
our approach uses these sub-agents in a controlled, orches-
trated manner rather than through a dedicated autonomous
planning agent. Given MSG’s modular architecture, integrating
a planning agent would be straightforward. Notably, ClauseGen
adopts an agent pattern—the Reflection pattern [39]—which
enables it to fix errors autonomously with the help of Move

Prover diagnostics and LLM-powered error summaries that
suggest possible fixes.

A. Agentic Design for Different Classes of Specifications

As previously explained, MSG uses specialized agents to gen-
erate four classes of clauses expressible in MSL—aborts_if,
modifies, ensures, and loop invariants—independently. This
design decision is motivated by the observation that generating
all types of clauses in one-pass could be too burdensome for
LLM. To be specific, in an all-in-one design, we need to pack
comprehensive MSL guidelines in a single system prompt, in
which not all instructions are closely followed by the LLM.
To make things worse, failures to generate one class of clauses
might lead to overall failures in the all-in-one design, which
is not ideal for a specification generation tool—ideally, even
if one class of clauses fails, the rest of the clauses might still
be correct and useful for users.

Backed by the fact that different classes of clauses encode
completely different aspects of the function semantics (i.e.,
they are inherently compositional) in MSL, MSG takes the
stance that there is no need to generate them in a single pass.
Instead, MSG devises an agentic design: specific ClauseGen
agents with specialized prompts for each class of clauses:
aborts_if Clauses. This agent is to find possible scenarios
of aborts, such as integer overflows (e.g., line 15 in Figure 1b),
missing resources (e.g., line 12 in Figure 1b), or manually
annotated abort conditions in the form of assertions.

We instruct LLM to carefully looks for various types of
abort conditions to generate aborts_if clauses. Addition-
ally, we independently run Move Prover to check whether
aborts_if false is true. aborts_if false signals the inten-
tion that the function will never abort in any condition, which is
the strongest predicate for this class of clause. Therefore, if the
Move Prover passes the aborts_if false check, we skip abort
condition generation and simply output aborts_if false.
modifies Clauses. When borrow_global_mut expressions
are identified in the target function (and its callees), MSG
launches this agent to find all such expressions, check whether
the mutable references are actually written, and generate
corresponding modifies clauses. In Move, if we need to verify
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that the caller function modifies the global state, we need to
have specifications for the callee functions, too. For example, in
Figure 1b, the function transfer modifies the Balance global
resources because of the callees withdraw and deposit. To
pass the Move Prover, in addition to the modifies (Line 10)
in transfer, the ones in withdraw (Line 23) and deposit
(Line 35) are also needed. Therefore, in the specialized system
prompt for modifies clauses, we instruct LLM to also generate
the modifies clauses for the callee functions.

ensures Clauses. This agent is used to generate the post-
conditions of the function: for example, a function summary
which captures the correspondence between the function
inputs and outputs like the transfer example in Figure 1b.
We instruct the LLM to identify operations linking input
(function arguments), output (return values), and global state
modifications. When a function modifies the global state, it
should use let and let post to capture the state before and
after execution. We also provide a prompt addressing common
syntactic errors specifically in ensures clauses. For example, if
a function contains branches (if-else), the LLM might generate
disallowed constructs such as ensures if (c) ... else ....
Instead, we suggest encoding branches with the ==> (implies)
operator: ensures c ==> ...; ensures !c ==> ..., which
significantly reduces errors when dealing with branches.

Loop Invariants. When the code context contains loops, we
enable this agent to find loop invariants. However, unlike other
agents that simply return the requested clauses, this agent will
return an annotated function with loop invariants embedded
in the function body (as required by the MSL syntax). In
addition, loop invariant inference by itself is a complex task
and an independent research topic even in LLM4FM [15],
[16], [17], [18]. To generate loop invariants, we instruct the
LLM to carefully inspect the loop body, identifying modified
variables and preserved properties as candidates for invariants.
We observed many syntactic errors in the generated invariants,
largely due to limited training data for Move—especially for
loop invariants. Therefore, in addition to an annotated function
example with loop invariants, we include a set of invariant
examples to guide the LLM.

Ensembler for Idiomatic Specification. Although MSL
permits embedding all pre/post conditions and loop invariants in
the code like other deductive verification tools with inline spec-
ification blocks, it is not the idiomatic way in Move. Idiomatic
Move specification instead puts all clauses in a separate spec
block (or even file) except for loop invariants. Additionally,
in the spec block, MSL supports declaring variable bindings
(let/let post) for convenience and clarity. Therefore, when
we have multiple specification from the ClauseGen agents
discussed above, although they specify different properties of
the function, they might declare overlapping variable bindings,
which is not allowed. Naively concatenating bindings and clause
snippets from different ClauseGen agents leads to not only
compilation errors but also an over-verbose set of specification.
As a result, MSG uses an ensembler (another LLM agent)
to merge the output from ClauseGen agents. On top of that,

the ensembler also enforces coherent coding styles, such as
ordering variable bindings, modifies, aborts_if, and finally
ensures clauses in the spec block.

B. Verifier-in-the-Loop: Incorporating Move Prover Feedback

While powerful, LLMs can rarely generate an acceptable
set of specification in one attempt. Failures may arise due
to compilation errors (e.g., wrong syntax) or semantic errors
(incorrect specifications). As LLMs cannot self-validate the
generated specifications, we use Move Prover as an oracle
for verification. Move Prover checks for compilation errors
and, if none exists, attempts to prove that the code matches
the generated specification. This process will yield one of the
following outcomes: 1 the generated specification passes the
prover, 2 the generated specification fails with a counterexam-
ple generated, 3 the verification times out, or 4 a compilation
error is reported. As long as verification fails ( 2 , 3 , 4 ), we
include the Move Prover diagnostics, error summary, pre-
defined guidance on common fixes for known error types,
and the counterexample (if any) in the prompt for one or
more responsible ClauseGen agents to re-generate a new set
of clauses in the next round.

More specifically, if the verification failure is caused by
an incorrect ensures clause, MSG will instruct the ensures
agent (and the loop invariant agent if loops are involved) to
re-generate a new set of clauses. MSG also attempts to provide
some pre-defined guidances for common errors by pattern
matching the prover error message. The most common errors
include: the usage of undefined functions or impure functions
(e.g. containing early returns in CFG) that cannot be used in
the specification because they cannot be translated to Boogie.
We use regular expressions to match the prover error message
to find those bad function usages and guide LLM to avoid
them in the next round of generation loops.

C. Specification Coverage to Pinpoint Missing Parts

Generating a complete (strong) specification for a function
is notoriously hard. Therefore, Move Prover accepts partial
specifications and expressions in MSL have partial semantics
by design. This implies that there might be multiple speci-
fications that can pass the verification for a given function.
To differentiate and rank them, we introduce a metric called
specification coverage, analogous to traditional line code
coverage. Intuitively, given two specifications, sa is considered
more complete than sb if covsa > covsb .

Unlike code coverage which can be readily collected during
execution, we cannot instrument specifications and track
how they are used in the proof obligations. Instead, we
approximate specification coverage via a method called random
deletion (inspired by FAST [40]). The idea is simple: if the
implementation is incorrect after deleting parts of code, then a
correct specification s should fail the Move Prover, unless s is
incomplete and captures only part of the behavior.

Consider the function f in Figure 3a (page 6) with its
complete specification s+ in Figure 3c (verifying both elements
of a pair), versus a modified function f− in Figure 3b and
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1 public fun add_pair(a: (u64, u64), b: (u64, u64)): (u64, u64) {
2 let (a0, a1) = a; let (b0, b1) = b;
3 (a0 + b0, a1 + b1)
4 }

(a) Original Move Code f

1 public fun add_pair(a: (u64, u64), b: (u64, u64)): (u64, u64) {
2 let (a0, a1) = a; let (b0, b1) = b;
3 (a0 + b0, 0) // changed to 0 for deletion
4 }

(b) Modified Move Code f−

1 spec add_pair(a: (u64, u64), b: (u64, u64)): (u64, u64) {
2 let (a0, a1) = a; let (b0, b1) = b;
3 ensures result.0 == a0 + b0;
4 ensures result.1 == a1 + b1;
5 }

(c) Complete Specification s+

1 spec add_pair(a: (u64, u64), b: (u64, u64)): (u64, u64) {
2 let (a0, a1) = a; let (b0, b1) = b;
3 ensures result.0 == a0 + b0;
4 // ensures result.1 == a1 + b1; // miss
5 }

(d) Incomplete Specification s−

Fig. 3: Example to show the random deletion of Move code. (a) Original Move code, (b) Modified Move code, where the deleted parts are
marked with a comment, (c) Complete specification, and (d) Incomplete specification.

its incomplete specification s− in Figure 3d (verifying only
one element). Here, s− can pass the prover for both f and
f−, while s+ passes only for f , indicating that s+ is more
complete.

We implement random deletion at the AST level, and the
specification coverage measurement is as follows:
1 Randomly delete parts of the AST (e.g., code blocks,

statements, expressions) of function to create mutants.
2 Lift modified AST to source code and check the code

mutant against the generated specification by Move Prover.
3 If verification passes, the deletion is not covered by the

specification; otherwise, the part is covered.
We then include line diffs for the deleted codes to pinpoint the
non-specified parts in the prompt for the next round.

D. Construct Context for Specification Generation

The full dependency information for the target function is
indispensable for verifiable specification generation. While
including the entire Move library is tempting, this is unrealistic
given LLM context length limits and instruction-following
capabilities. To address this, MSG uses static analysis to
slice the target and its dependencies from the library and
packs them as the normal conversion context (V2). However,
even after slicing, the isolated dependencies might still be
overwhelming. Thus, we perform best-effort function inlining
to selectively fold as many dependencies as possible into the
target function’s body, reducing LLM burden in reasoning
across multiple function boundaries. The inlined target function
and remaining non-selected dependencies are then packed as the
inlined conversion context (V1). Both contexts are dispatched
to ClauseGen agents for specification generation.
Static Analysis for Cross-module Function Dependencies.
We perform interprocedural def-use analysis to identify target
functions and their dependencies (structs, constants, and both
direct and indirect callees). Using this analysis, MSG tracks
cross-module usage and uncovers dependencies often missed
by similar tools limited to single code snippets.
Best-effort Function Inlining to Reduce Context Complexity.
MSG intercepts compilation to eagerly inline callees. Naively
inlining all callees is infeasible due to compiler safety checks
(e.g., resource safety). Instead of exhaustively enumerating safe
combinations, MSG uses a best-effort monotonic approach: it
attempts to inline the first callee, inlining it if compilation

passes; if not, it skips it. This continues for each callee, with
later ones skipped if they conflict with earlier inlines.

The inlined representation is then generated as an AST,
converted back to Move code via an AST pretty-printer, and
used to build the inlined conversion context (V1).

E. Abstract Specification as Last Resort

When all ClauseGen agents fail to generate a specification,
e.g., due to excessive complexity or unsupported operations
(e.g., non-linear arithmetic), MSL allows writing abstract speci-
fications [41] using uninterpreted functions [42] as stubs. These
stubs may later be replaced with concrete specifications or serve
as implementation contracts. Thus, instead of abandoning the
effort when the LLM fails across all specification classes,
MSG instructs the LLM to generate abstract specifications as
proof templates to assist experts. However, we do not consider
abstract specifications as verifiable specifications in evaluating
MSG as they are only placeholders for developers essentially.

IV. IMPLEMENTATION

MSG is implemented within the Aptos Move toolchain
monorepo for ease of integration and code reuse. MSG consists
of the core agentic system that generates, fixes, and refines
specifications (5k LoC) as well as scaffolding utilities (e.g.,
dependency analysis, pretty-printer, scripts) consisting of 2.3k
LoC. The entire monorepo with MSG included can be found
in the supplementary material associated with this paper. MSG
is open source at https://github.com/sslab-gatech/MSG.

V. EVALUATION

We evaluate MSG based on the research questions (RQs)
that both motivate and influence its design (§I):
• RQ1: (Effectiveness) How effective is MSG in generating

acceptable specifications for real-world codebases? (§V-A)
• RQ2, RQ3, RQ4: (Ablation Study): How does each com-

ponent affect the performance of MSG (§V-B)? More
specifically: is the agentic design of MSG beneficial? is the
Move Prover feedback useful? is function inlining helpful?

• RQ5 (Comprehensiveness): How complete are the speci-
fications generated by MSG? Are there gaps in coverage
(§V-C)?

Experiment Settings. MSG attempts to generate specifications
in multiple rounds as shown in Figure 2. During this evaluation,
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we set the number of rounds to 5. We conduct the same
experiments 3 times to reduce randomness from the LLM.
Target Move Codebase.

We have evaluated MSG on the following foundational Move
libraries on Aptos:
• move-stdlib: standard libraries like vector, string.
• aptos-stdlib: extended standard libraries designed for Aptos.
• aptos-framework: Aptos Framework libraries including ac-

count, coin, etc, which are used to build the smart contracts.
Sui [31], another popular Move-based blockchain mentioned
in §I, is not chosen as the Move Prover is not compatible with
the extended UTXO model embedded in Sui Move.
Target Function Selection. Not all the functions in the target
Move codebase are selected as the target for specification
generation. We exclude 1) native functions which are imple-
mented in Rust instead of Move. 2) functions that are marked
as not verified (marked with pragma verify = false). Table I
presents the breakdown details for each library: 357 functions
in total, 17 of them containing loops. The small number of loop-
related functions arises because: (1) smart contracts seldom
use loops, and (2) loops mostly occur in low-level libraries,
such as vector modules.

Codebase LOC Public Private Args Loops

move-stdlib 82 10 0 15 8
aptos-stdlib 397 58 5 122 1
aptos-framework 2,780 205 79 492 8

TOTAL 3,259 273 84 629 17

TABLE I: Code metrics for three Move codebases. 357 functions
in total, 17 of them containing loops. LOC counts only lines inside
function bodies (type/constant declarations excluded). Public/Private
are function counts; Args is the total number of formal parameters
across all functions; Loops counts functions with loops.

Specification Quality Metrics. We use two metrics to
gauge the quality of generated specifications: verifiability
and comprehensiveness. Verifiability simply means that the
generated specification, combined with the implementation of
the target function, produces valid verification conditions that
can be proved by the Move Prover.

Regarding specification comprehensiveness, Aptos smart
contracts include expert-written Move specifications for parts
of their codebase. To assess whether the specifications generated
by MSG are comparable to these experts’ ground-truth specifica-
tions, we define a metric called specification comprehensiveness,
which is checked by subsumption [43].

Consider the complete specification s+ in Figure 3c, which
proves both the first and second members of the result pair,
versus an incomplete specification s− in Figure 3d, which only
proves the first member. In this case, the complete specification
is stronger, as it implies the incomplete one (s+ =⇒ s−).

We formalize this idea as follows. Given a generated
specification sg and an expert-written specification se, we
first decompose se into verification conditions:

se ≡ se1 ∧ se2 ∧ · · · ∧ sen ,

where each sei corresponds to clauses such as ensures and
aborts_if in Move. We then check for each i ∈ {1, 2, . . . , n}
whether sg implies sei and count the number of successful
implications. The ratio of successful cases over n serves as
the specification comprehensiveness.

Automatic splitting and implication checking is non-trivial.
Fortunately, with a manageable number of functions (357), we
manually extracted and split the expert-written specifications
from the Aptos Move codebase, and verified each implication
through human inspection or by running the Move Prover.
LLM Backends. During the evaluation, we use OpenAI’s
LLMs as the backend for MSG. We use the official API
endpoints without web-browsing features. Both base models
and reasoning models are used, as follows:
• OpenAI o3-mini: the compact reasoning model with default

medium reasoning effort (o3-mini-medium).
• OpenAI GPT-4o: the general-purpose model.
• OpenAI GPT-4o-mini: the compact general-purpose model.
During our evaluation, the weaker models, OpenAI GPT-4o and
GPT-4o-mini, are only used by the simpler design, MSGAIO,
for the ablation study (§V-B) to showcase that stronger models
have better performance in generation as expected. Due to
space limitations, evaluation results for weaker models (GPT-
4o and GPT-4o-mini) are provided in the extended version [44].
Only results for o3-mini are included in this version.

A. Overall Effectiveness of MSG

Specification Verifiability. As shown in Table II (page 8),
MSG successfully generated valid specifications for 84% of the
target functions (300 out of 357), which is a clear indication
that MSG is effective in generating specifications for real-
world Move codebases. The specifications generated by MSG
cover all 10 functions in move-stdlib, 48 out of 63 in aptos-
stdlib, and 242 out of 284 in aptos-framework as shown
in Table III (page 8). Additionally, MSG generates abstract
specifications (§III-E) for the remaining 57 functions, which
serve as placeholders for experts to further complete. Finally,
within the 357 functions, 17 of them contain loops. MSG
successfully generates verifiable loop invariants for 14 out
of 17 functions, which is at the same level of accuracy as
generation for loop-free functions.
Specification Comprehensiveness. Figure 4 (page 8) shows
the distribution of specification comprehensiveness percentage
for all generated specifications by MSG that are verifiable across
the Aptos libraries. A "full match" indicates that all manually
written clauses in the codebase (e.g., ensures, aborts_if, and
modifies) are implied by the generated specification. MSG
shows strong performance in the less complex libraries (move-
stdlib and aptos-stdlib) with 86.2% (50/58) fully matched, but
achieves only 63.8% (120/188, excluding functions without
ground-truth conditions) in the more complex aptos-framework.
We observe that the missing clauses from MSG are mostly
aborts_if clauses, which LLMs tend to miss in functions with
deeply-nested calls.

Table III summarizes the aggregated statistics: MSG gen-
erates 100% clauses for move-stdlib, 89.3% for aptos-stdlib,
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MSG MSG− MSGinline

Fail 0 0 0
Success 300 253 299
Abstract 57 104 58

ensures 466 328 510
aborts_if 252 182 245
modifies 144 73 89

Loop invariants 14 7 14
All clauses 876 590 858

Success
Total

84% 70.9% 83.8%

% of Clauses 100% 67.6% 97.9%

MSGAIO MSG−
AIO MSGAIO-inline MSGAIO-naive

1st 132 140 132 106
2nd 33 6 35 18
3rd 14 0 15 7
4th 8 0 7 7
5th 4 1 4 3

Fail 54 77 47 220
Success 191 147 193 137
> 1st 59 7 61 31

Abstract 112 133 117 0

Success
Total

53.5% 41.1% 54.1% 38.3%
1st

Success 69.1% 95.2% 68.4% 77.4%
>1st

Success 30.9% 4.8% 31.6% 22.6%

Success
Success+Abstract 63% 52.5% 62.3% 100%

TABLE II: Comparison of agentic design (MSG variants) and all-in-one design (MSGAIO variants) using o3-mini model.
Left: Results of MSG, MSG−, and MSGinline with counts of failures, successes, and abstracts specification along with clause metrics (ensures,
aborts_if, modifies), loop invariants, and success rates.
Right: Detailed results for all-in-one variants showing round-by-round performance where 1st to 5th represents the earliest successful round.
“Fail” means the system cannot generate specification within five rounds. “Success” is the sum of 1st to 5th. “> 1st” means non-one-shot
generation (sum of 2nd to 5th). “Abstract” is the number of generated abstract specifications. The success rate, one-shot rate, and concrete
specification rate are shown in the bottom rows.

move-stdlib aptos-stdlib aptos-framework

Verified Functions 10 48 242
Expert-written Clauses 29 149 442

Generated Clauses 29 143 690
Matched Clauses 29 133 347
Loop Invariants 8 1 5

Unique ensures 0 4 126
Unique aborts_if 1 3 82
Unique modifies 0 3 72

Match
Total 100% 89.3% 78.5%

Generated
Total 100% 96% 156.1%

Uniques
Generated 3.4% 7% 40.6%

TABLE III: Comparison of the number of verified functions, expert-
written, generated, matched clauses, loop invariants, and unique clauses
for different codebases. Please refer to Table I: loop invariants are
from 17 selected loop-containing functions.

Variant A P S I V

MSG ✓ ✓ ✓ ✗ 84.0%
MSG− ✓ ✗ ✓ ✗ 70.9%
MSGinline ✓ ✓ ✓ ✓ 83.8%

MSGAIO ✗ ✓ ✓ ✗ 53.5%
MSG−

AIO ✗ ✗ ✓ ✗ 41.1%
MSGAIO-inline ✗ ✓ ✓ ✓ 54.1%
MSGAIO-naive ✗ ✗ ✗ ✗ 38.3%

TABLE IV: Feature breakdown and verifiability for all variants used
in the evaluation and ablation study. Abbreviations: A = Agentic
design, P = Prover feedback, S = System Prompt & Static Analysis,
I = Function inlining, V = Verifiability rate with o3-mini.

and 78.5% for aptos-framework, aggregating to 82.1% overall.
Although some generated specifications are not fully matched,
they remain useful—often yielding even aggregately more
verification conditions than the expert-written versions (aggre-
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Fig. 4: Specification comprehensiveness distribution of verifiable
specifications by MSG.

gately 139%: 82% matching ones plus an additional 57% that
differ). Among them, MSG also generates unique clauses that
manually-written specifications miss: 3.4% in move-stdlib, 7%
in aptos-stdlib, 40.6% in aptos-framework, and overall 33.2%
(291) of all 876 generated clauses. The excellent performance
corresponds to less presence of specification coverage feedback
discussed later in §V-C.

Overall, these statistics answer RQ1: LLMs can reason
about Move programs well even though Move is an emerging
language, which is validated by the strong performance of
MSG in generating not only more verifiable specifications but
unique ones compared to expert-written specifications.
Reasons for Not Generating Specifications. MSG fails to
generate specifications for 57 functions (or rather it generates
an abstract specification as a last resort). The main reasons
include:
• Calling impure functions. Impure functions are Move func-

tions that have side effects, such as modifying global storage
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and those functions should not be called as an expression
in the specification. Instead, the idiomatic way is to write a
pure version of the function as a helper function and call it
in the specification. While we explicitly instruct the LLM
to do this, it still sometimes calls them, causing failures.

• Calling non-existent functions. We observe that LLMs might
still hallucinate and generate specifications that invoke non-
existent functions. This could be due to the fact that LLMs
are trained with limited data on Move and improvised with
knowledge from other programming languages.

• Other compiler errors. LLMs sometimes generate code that
is not valid Move syntax, including type errors or calling a
function with the wrong number of arguments. This might
be another sign of hallucination.

• Complexity of the target function. Some functions are too
complex for the LLM to understand, especially those with
deeply-nested calls or branches that appear in the aptos-
framework (as shown in Figure 4 as well).

B. Ablation Study for MSG and MSGAIO

In this section, we evaluate the agentic design and its
underlying components. This ablation study highlights the
contributions of each component in our design.
MSGAIO: All-in-one Version of MSG. In addition to the
agentic version of MSG, we implement an all-in-one variant,
MSGAIO, which was our initial approach to explore the
capability of LLMs in generating Move specifications. The key
difference is that MSGAIO generates all classes of specifications
in a single generation loop, whereas MSG generates them
separately and then merges the results using the specification
ensembler. Notably, MSGAIO lacks the prover error summary
agent, the guidance for addressing prover errors, and the post-
processing steps used to resolve common prover issues.

To illustrate the benefits of our agentic design, we compare
MSG with MSGAIO. Furthermore, to assess the individual
contributions of the underlying components (i.e., curated system
prompts, static analysis, and prover feedback), we evaluate three
variants of MSGAIO:
• MSGAIO-naive: A baseline version without any features.
• MSG−

AIO: MSGAIO-naive enhanced with a system prompt and
static analysis, but without prover feedback.

• MSGAIO: The full MSGAIO incorporating the Move Prover.
Based on our evaluation, prover feedback significantly con-
tributes to the overall accuracy of MSGAIO. Consequently, we
introduce a variant of MSG, called MSG−, which employs the
agentic design without incorporating Move Prover feedback. In
later paragraphs, we evaluate the effect of function inlining with
MSGinline and MSGAIO-inline. Table IV shows feature breakdown
and verifiability for all variants that will be used in the
evaluation and ablation study.

Table II presents the breakdown and aggregated results from
three runs, comprising 357 functions with three trials per
function. In our evaluation framework, a function is considered
successful if any one of the three trials produces a verifiable
specification. If multiple trials succeed, the trial with the
earliest successful round is recorded. Evaluation results for

weaker models are in the extended version [44]. We selectively
mentioned them in the following paragraphs.
Effectiveness of the Agentic Design. Comparing the results
between MSG and MSGAIO, the benefits of the agentic design
become clear. With the advanced o3-mini model, MSG pro-
duced non-abstract specifications for 84% of the cases (300
out of 357), while MSGAIO achieved only 53.5%. In addition,
MSG yielded abstract specifications for 57 functions, whereas
MSGAIO generated 112 abstract specifications but outright failed
on 54 functions. These results demonstrate that the agentic
design significantly enhances verifiability, thereby addressing
RQ2: leveraging MSL features (four compositional classes of
specifications) truly makes a difference.
Round and Move Prover Feedback. To assess the impact
of Move Prover feedback for RQ3, we compare MSG−

AIO
with MSGAIO, and MSG with MSG−, respectively. With
additional rounds in the generation loop, the LLMs have more
opportunities to refine or fix the generated specifications with
the aid of the Move Prover. In contrast, without prover feedback,
the later rounds offer limited corrective value, as the LLM
lacks guidance regarding specific errors.

The results show that Move Prover feedback is indeed
beneficial for the generation process. For example, in the all-in-
one design MSGAIO, with o3-mini, 30.9% (59 out of 191) of
verifiable specifications were generated in later rounds using
prover feedback, compared to only 4.8% in MSG−

AIO (high
one-shot rate 95.2%, but little self-correction). Similarly, when
comparing the agentic design MSG with MSG−, the overall
accuracy for MSG− drops by 13.1% from 84% to 70.9% after
removing prover feedback. Moreover, MSG− verifies only
13.1% fewer functions while generating just 67.6% of the
clauses compared to MSG (a 32.4% reduction), indicating that
Move Prover feedback improves both the accuracy and quality
of generated specifications.

This substantial difference demonstrates that the improve-
ment primarily stems from incorporating prover feedback rather
than solely increasing the number of rounds, thereby answering
RQ3: Move Prover feedback is indeed useful.
System Prompts and Static Analysis. The naive version of all-
in-one design, MSGAIO-naive, achieves only 38.3% verifiability
with o3-mini and 18.4% with GPT-4o-mini (detailed results in
extended version [44]), showing that without enriched prompts,
the LLM generates incorrect Move syntax and ignores callee
function contents. By using a curated system prompt with
examples and applying static analysis to capture function
dependencies, MSG−

AIO significantly improves performance:
41.4% verifiability with o3-mini and 29.1% with GPT-4o-
mini—a 58.2% improvement over MSGAIO-naive for GPT-4o-
mini. This demonstrates the value of these enhancements,
particularly for less capable LLMs, and shows that static
analysis effectively builds the correct context for specification
generation, partially answering RQ5.
Best-effort Function Inlining. We assess whether inlining
functions affects MSG’s performance, which ultimately depends
on the LLM’s understanding of function calls. Inlining is
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a double-edged sword: it reduces the number of functions
processed, but may increase the target function’s complex-
ity—especially when the inlined function contains branches
(e.g., if-else statements). Table II includes results for the
normal (with conversation context V1) and inlined versions
(V1 and V2) of MSG and MSGAIO: MSGinline and MSGAIO-inline.
Overall, the aggregated performance difference is minimal:
MSG generates one more specification than MSGinline, and
MSGAIO generates two fewer than MSGAIO-inline.

Normal-only Common Inline-only

MSG 8 292 7 MSGinline
MSGAIO 18 173 20 MSGAIO-inline

TABLE V: Table representation of Venn diagrams comparing the
generated specifications between the normal and inlined variants for
MSG and MSGAIO. “Common” means the specifications that could
be found by both normal and inlined versions.

Table V further uses Venn diagram [45] (in table form) to
illustrate the specification sets produced by the normal and
inlined versions for both MSG and MSGAIO. The evaluation
results confirm our hypothesis: inlining has both positive
and negative effects on the LLM’s specification-generation
capability. Specifically, MSGinline generates 7 specifications
that are missed by MSG, while it misses 8 specifications
that MSG does produce. Similarly, MSGAIO-inline generates 20
specifications not produced by MSGAIO, but fails to generate
18 ones that MSGAIO does.

Analysis of these discrepancies reveals that the inlined
version could be overwhelmed by the complexity of inlined
functions (e.g. deeply-nested calls or branches). In such cases,
attempting to cover all aspects of the function in a single large
body could fail, even with the corrective help of Move Prover.

On the positive side, we observe that the inlined version
sometimes offers better reasoning than the normal version,
particularly when dealing with reasonably-nested calls. In
scenarios where multiple functions with small bodies are
combined into a single larger function, the unified context
can be easier for the LLM to understand, which highlights our
design choice for best-effort function inlining.

In conclusion, our results confirm that inlining is beneficial
for certain programs, which partially addresses RQ4. A
promising approach to optimize performance is to combine the
advantages of both the normal and inlined versions. Running
them in parallel and subsequently selecting or merging the
best results using a specification ensembler can lead to overall
improved generation verifiability.
Summary. Our ablation study shows that the agentic design
of MSG significantly improves accuracy by leveraging the
compositional nature of various Move specifications (RQ2).
With Move Prover feedback, both MSG and MSGAIO gain the
ability to self-fix erroneous specifications, drastically improving
accuracy and quality (RQ3). Finally, scaffolding utilities like
static analysis and best-effort function inlining effectively
enhance the accuracy of generated specifications by providing
well-scoped conversation contexts (RQ4).

C. Comprehensiveness for Generated Specifications

To evaluate the comprehensiveness of the generated spec-
ifications, we utilize the specification coverage component
in MSG. During the evaluation, the specification coverage
component was enabled in the ensures ClausesGen agent,
which attempts to identify missing ensures clauses, similar
to those illustrated in the simplified example in Figure 3.
By examining the execution traces of MSG and MSGAIO, we
filter cases where specification coverage feedback is triggered
(i.e., non-empty). Using o3-mini, we conducted total 1,071
trials (i.e., 357 functions with 3 trials each in evaluation).
Among these, only 66 trials for MSG and 77 trials for MSGAIO
triggered specification-coverage feedback. This is primarily
due to the fact that the Move Prover helps MSG generate
sufficiently complete specifications to pass verification, which
is the prerequisite for specification coverage computation. As
there are a non-trivial number of unique clauses (specifically,
unique ensures clauses) that MSG generates as shown in
Table III, it’s not surprising that generated specifications are
comprehensive enough, which leads to few observations of
specification coverage feedback.

For most of the observed cases, the feedback was triggered
by the deletion of an isolated assertion statement. Since the
LLM can capture the intention behind such assertions very well,
as it’s a common feature for most programming languages, the
LLM typically already generates specifications that inherently
cover these cases.

Thus, while specification coverage did not lead to notice-
able improvements in our current evaluation, its presence
and traces confirm that MSG already produces high-quality,
comprehensive specifications. Moreover, the use of specification
coverage to evaluate comprehensiveness of specifications
is fully-automatic without the need to manually compare
generated specifications with expert-written ones as we conduct
in §V-A. The results answer RQ5: non-trivial specification
coverage is not observed for verifiable specifications generated
by MSG and MSGAIO: the generated verifiable specifications
are comprehensive enough when they pass the Move Prover.

VI. DISCUSSION

A. Adaptation to Other Verification Languages

MSG’s language-agnostic approach combines compositional
generation with an automated specification-coverage metric to
ensure comprehensiveness.
Compositional Generation. Compositional generation scales
by isolating orthogonal property groups such as post-conditions,
aborts (which serve similar purposes to pre-conditions1 in other
languages), global-state updates in Move for blockchains. The
approach can be adapted to other languages (e.g., Dafny [46],
Why3 [47] for general programs, or solc-verify [48], Cer-
tora [49] for Solidity [50] used to verify Ethereum [51]

1actual pre-conditions specified by require appear in just ≈ 2% of Aptos
functions—typically to assume external assumptions (e.g.., "blockchain is
running").
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smart contracts) by grouping properties around domain-specific
concerns.
Certora. For example, a straightforward adoption is verifying
contracts in Ethereum with Certora Prover. Due to the different
natures of Move/Ethereum and Move Prover/Certora Prover,
the specific syntax/implementation might be different; how-
ever, these blockchain-specific concerns are shared between
both platforms (i.e., abortion/revert, global-state changes). To
be more concrete, in Certora Verification Language (CVL),
we could combine require (pre-condition), fun@withrevert
annotation (asks the prover to set lastReverted based on
whether the function fun reverted), and assert lastReverted
to test whether a function will abort under certain conditions,
which corresponds to aborts_if in MSL. Testing global-state
updates requires more scaffolding due to the lack of modifies
clauses; this can be addressed by using ghost variables [52]
to record additional variable updates during verification, after
which the modification of final states can be checked with
assert by comparing with original states. As long as the
verification languages have enough constructs (withrevert,
and ghost variables in Certora, for example), the adaptation
will be easy and straightforward for other blockchain smart
contract verifiers.

For other domains (e.g., operating systems, network pro-
tocols), it requires the experts to identify distinct groups of
domain-specific concerns that could be verified independently.
Specification Coverage. Specification coverage only requires
language-specific mutators for random deletion used in §III-C.

B. Threats to Validity: Data Exposure to LLM

LLMs show strong generalization across domains and a
solid grasp of Move, despite its limited training data. However,
our evaluation shows that baseline MSGAIO-naive with advanced
o3-mini model proves only 38.3% of specifications without
advanced context engineering and an agentic approach. Thus,
while familiarity with mainstream languages aids general
capabilities, it does not necessarily ensure strong performance
in niche languages like Move, especially for specification
generation without proper system design.

VII. RELATED WORKS: LLM-BASED SPECIFICATION

As briefly discussed in §I, MSG is built upon the same
insights highlighted in the recent LLM for specification gener-
ation works [11], [12], [13], [14], [15], [16], [17], [18], [23],
[24], [25], [26]: heuristic or rule-based specifications synthesis
templates [21], [22] can hardly match the code comprehension
and reasoning capabilities of modern LLMs. And yet, MSG
provides more insights on generality of this research direction,
while also independently rediscovering and validating parts of
previous works in low-resource languages such as Move: 1
LLM for specification generation has the potential to generalize
to even non-mainstream programing languages (e.g., Move); 2
an LLM-based specification generator should leverage features
in the underlying specification language at the design stage
(e.g., a separation of concerns of different clauses in MSL
enables MSG to generate specifications in a modular and agentic

way); 3 leveraging feedback, especially counterexamples [26],
from the verification toolchain (not only the compiler) can
significantly improve the quality of generated specifications;
4 simple metrics such as specification coverage can be used
to gauge the comprehensiveness of generated specifications;
5 scaffolding utilities (e.g., static analysis tools or function
inliners) can be helpful to scoping the context [27] for LLMs to
generate specifications, but the engineering effort to build such
utilities should not be underestimated. We hope the experience
and insights from MSG can inspire future works in specification
generation and LLM4FM research in general. We highlight
key differences with two particularly relevant works:
AUTOVERUS. AUTOVERUS [23] uses specialized repair
agents, each addressing a specific prover error, based on the
idea that specification repairing can be decomposed into sub-
problems aligned with common failure modes. They imple-
mented 10 such agents with tailored prompts. Similarly, MSG
leverages the compositional structure of the Move Specification
Language, assigning different prompts to different specification
parts in an integrated way. The two approaches are orthogonal
and could be fruitfully combined. Notably, besides specialized
prompts for different classes of clauses, MSG already uses
specialized prompts for some prover errors, but does not (yet)
isolate them into separate agents as AUTOVERUS does.
Testcase-based Evaluation of Specifications. Testcase-based
evaluation used in [25] helps gauge specification comprehen-
siveness through differential testing, where both buggy and
correct implementations are checked against the specification
to see whether it captures the intended behavior. However,
this approach relies on the availability of such paired imple-
mentations, which are often scarce in emerging languages like
Move. Our specification coverage metric is implementation-
agnostic, making it particularly useful where suitable code
versions are lacking. It assesses specification quality via code
mutation (random deletion) and verifiability. Both approaches
are complementary, and ideally should be used together for a
thorough evaluation.

VIII. CONCLUSION

In this paper, we present MSG, a fully automated, end-
to-end Move specification generation agent for Move smart
contracts. Building on an agentic design that leverages the com-
positional characteristics of the Move Specification Language,
MSG integrates several scaffolding utilities, including static
analysis, best-effort function inlining for a well-scoped LLM
conversation context, Move Prover feedback as a verifier-in-the-
loop oracle, and a simple metric—specification coverage—to
automatically evaluate the comprehensiveness of the generated
specifications during the generation process. Evaluation results
demonstrate that MSG not only produces verifiable expert-level
specifications but also generates unique specifications, proving
its capability to ease the burden of formal verification for Move
smart contracts.
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