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Abstract
The precision of specifications plays a crucial role in system ver-
ification, with correctness and completeness being complemen-
tary properties required for soundness. Previous approaches for
automated software verification focused mainly on evaluating cor-
rectness, overlooking or only partially addressing the specification
completeness. Recent work has renewed interest in completeness
evaluation, but existing approaches remain critically dependent on
test suites, effectively shifting the challenge of assessing the cover-
age of the specification to the coverage of the tests. To overcome
this limitation, we introduce a novel method for checking postcon-
dition completeness that can evaluate whether a specification is the
Strongest Postcondition, requiring only the candidate specification
for a deterministic program. To assess its feasibility, we evaluated
our completeness check across representative LLM-based speci-
fication generation approaches, demonstrating its effectiveness,
reliability, and potential for automated verification.

Keywords
Specification Completeness, Strongest Postcondition, Specification
Coverage, Program Verification, Formal Specification, Large Lan-
guage Models.

1 Introduction
Formal verification establishes program correctness through formal
methods, providing strong guarantees about functional behavior.
However, writing the required contracts is a demanding task, es-
pecially for developers unfamiliar with formal verification [15].
Keeping requirements, specifications, and test suites synchronized
as systems evolve also introduces substantial overhead [21]. These
challenges have motivated extensive work on automated specifica-
tion generation, including template-based generation [18], dynamic
invariant mining [17], strongest-postcondition predicate transform-
ers [34], neural networks [42], and fuzzing [29]. More recently,
large language models (LLMs) have been explored for specification
inference [27, 38, 39, 41], alongside growing efforts to verify AI-
generated code to prevent bugs or vulnerabilities [37]. Despite the
diversity of existing approaches, nearly all have focused on produc-
ing specifications that can be verified correct, while overlooking
or only partially addressing the specification coverage (also called
completeness).

Consider the example shown in Listing 1. This specification par-
tially captures the behavior of abs, as it requires the result to be non-
negative, but not equal to the absolute value of x. Low specification
coverage can hide functional bugs because required behaviors may
remain unchecked by the verifier. It can also limit the information
available to callers, preventing the verifier from proving the desired

properties. Thus, ensuring a complete specification is crucial for
automated software verification, as incomplete specifications can
reduce both bug-finding effectiveness and proof scalability.

1 //@ requires x != Integer.MIN_VALUE; // neg overflow
2 //@ ensures \result >= 0;
3 public static int abs(int x) {
4 return x > 0 ? x : -x;
5 }

Listing 1: Correct but incomplete specification of the abs
function. Any implementation that returns a non-negative
value, such as one that always returns 0, satisfies it.

Endres et al. [16] formalized correctness and completeness as
complementary specification-quality metrics. Their completeness
evaluation relies on mutated implementations and a test suite as-
sumed to cover all functional behavior, making the assessment
dependent on both mutant selection and test adequacy. However,
generating tests with exhaustive structural and functional coverage
is inherently complex and computationally expensive, as illustrated
by approaches based on evolutionary algorithms [11] and mutation
testing [1]. Consequently, this approach may be impractical and
unreliable, as it effectively shifts the challenge of assessing spec-
ification completeness to the completeness of the test suite itself.

To address this limitation, we introduce a novel, self-contained,
lightweight, and reliable method to check postcondition complete-
ness. Our approach uses Strongest Postcondition semantics and
requires only the specification of a deterministic program. By elim-
inating the need for oracle implementations or test suites, our
method represents an important step towards autonomous spec-
ification generation.

To assess the feasibility of our check, we evaluated three LLM-
based generation approaches: a conversational repair loop, the
SpecGen workflow [27], and a conversational loop augmented with
a closed-loop completeness feedback. Our contributions are as fol-
lows.
• We present a novel postcondition completeness checking method
that is reliable, lightweight, and self-contained, requiring only
the candidate specification of a deterministic program (Section 3).
• We assessed the FormalBench [24] mutation-based completeness
evaluation on known complete and incomplete specifications,
and identified that false positives arise from insufficient mutant
coverage and that false negatives occur even with Equivalent
Mutant Suppression [23] (Section 6.1).
• We extend the evaluation of SpecGen [27], showing that its mu-
tation repair can trade completeness for correctness (Section 6.2).
• We evaluated an LLM conversational technique enriched with
our completeness check and observed an effectiveness of up to
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50.0% in improving completeness, contributing up to 10.7% of
the total complete successes (Section 6.3).

2 Related Work and Motivation
Previous studies on automated function contract generation [18,
27, 34, 38] focused on generating correct specifications and on tech-
niques to increase the success rate. However, until recently, there
was no widely recognized method to assess the coverage of specifi-
cations. This led prior studies to rely on human evaluation [27] or
heuristics such as length and keyword presence [34]. Other lines of
work focused on the generation of loop invariants [39, 41] which
were required to prove an already available top-level specification.
For this task, the generated loop invariants only need to convey
the information necessary to prove the desired properties, making
the evaluation more straightforward.

Traditional testing techniques, such as unit testing, end-to-end
testing, and regression testing, struggle to exhaustively cover all
possible scenarios. Formal methods address this limitation by using
static mathematical reasoning to verify program behavior over all
execution paths [12]. However, formal methods are not a silver
bullet in system verification, and the weakness of such approaches
lies precisely in the verification of incomplete or incorrectly stated
specifications [7]. If the desired behavior is not properly stated, the
specification might have gaps where functional bugs are allowed.
Unlike runtime errors, such as nullptr dereference or arithmetic
overflows, functional bugs are much harder to catch with static
analyzers, as they are valid programs that do not violate any of the
language rules [40]. This highlights the need for complete specifi-
cations for software verification.

From a scalability perspective, a weak postcondition can be prob-
lematic as it can be too imprecise to convey necessary information
for its callers. An example is shown in Listing 2: the abs postcon-
dition is insufficient to prove that the caller avoids division by
zero. Note that even though this might be visible in the body, ver-
ifiers (OpenJML, Frama-C/WP, Dafny) use only the specification
when verifying the caller, ensuring a modular approach to verifica-
tion [8, 13].

1 // Correct, but weak postcondition:
2 //@ requires x != Integer.MIN_VALUE; // neg overflow
3 //@ ensures \result >= 0;
4 public static int abs(int x) { ... }
5

6 public static int foo(int x) {
7 if (x <= 0) return 0;
8 int abs = abs(x);
9 // Verifier cannot prove non-division by 0.
10 // abs postcondition is insufficient
11 return 1 / abs;
12 }

Listing 2: Proof failure in foo due to a weak spec of abs. Post-
condition does not convey that the result cannot be 0 for x >
0.

Endres et al. [16] explored this gap and proposed correctness and
completeness metrics to evaluate the quality of software specifi-
cation contracts. Their evaluation resorted to runtime assertions

rather than formal model checkers, but the concepts can be ex-
tended to formal contract verification.

Correctness is a metric that evaluates whether the specification
and implementation are in accordance. The idea was that if the tests
cover all valid inputs (as constrained by the precondition), one could
measure correctness by evaluating whether the postcondition holds
after each execution. In contrast, formal verifiers such as OpenJML,
Frama-C/WP and Dafny use Formal Methods to reason about every
constrained input, verifying that all possible executions satisfy the
contract. The specification should also constrain unexpected inputs,
an aspect that was overlooked in Endres et al. evaluation, but later
addressed in [33] and [28].

Completeness is a metric that evaluates how much functional
behavior is covered by the specification. Endres et al. [16] mea-
sured this by evaluating the postconditions against a test suite
with mutated implementations. The idea is that if there is a pro-
gram mutated to differ with respect to each functional behavior of
the original implementation, a complete specification would flag
all mutants as incorrect, as it describes all expected (un-mutated)
behaviors. Based on our literature review, the use of mutation to
evaluate specification coverage was first introduced by Ammann
and Black [2]. Despite this early work, this method has received
limited attention until recently. In addition to Endres et al. [16],
this method has also been used by Richter and Wehrheim [33],
VeriAct [28], FormalBench [24], and AutoReSpec [5].

Despite its widespread use in recent work, mutation-based com-
pleteness evaluation remains limited by the selected mutants. Gen-
erated mutants are not guaranteed to cover all possible behaviors,
since their effectiveness depends heavily on the mutation operators
and target task [1, 2, 22, 36]. This dependence makes mutation-
based coverage difficult to generalize across different environments.
Mutants are also not equally useful or representative [22], which
can lead to inaccurate coverage scores. The presence of equivalent
mutants also affects the accuracy and can lead to false negatives,
representing a recognized obstacle to mutation adoption [3, 9, 23].
Overall, constructing tests that capture all relevant functional be-
havior without redundancy remains a central challenge of mutation
testing and other test-suite based approaches [9]. To address these
challenges, we explored an alternative solution using formal model
checkers and Strongest Postcondition semantics.

3 Assessing the Specification Quality
To evaluate the quality of auto-generated function contracts, we
need to assess both postconditions and preconditions. This section
presents the methodology used to evaluate these complementary
aspects.

3.1 Evaluating Postcondition Completeness
This section presents our main contribution, a methodology for
evaluating postcondition completeness requiring only the specifi-
cation of a deterministic program. We also describe an empirical
evaluation of the proposed approach, used as a proof of concept.

3.1.1 Description. Verification completeness measures how much
of a program’s behavior is covered by the verification process [4].
A specification can be formally expressed as a precondition 𝑃 and
a postcondition 𝑄 , which define the behaviors that a program 𝐶
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must exhibit. We say that the specification is consistent with the
program if the Hoare triple {𝑃}𝐶{𝑄} can be proven to hold [20].

The Strongest Postcondition predicate transformer, 𝑆𝑃 (𝑃,𝐶),
characterizes exactly the set of final states reachable by executing
the program 𝐶 from an initial state satisfying 𝑃 [14]. It is the most
refined specification, which contains all and only the reachable final
states. Therefore, it is not an over-approximation of the program
behavior.

𝑆𝑃 (𝑃,𝐶) = { 𝑠 | 𝑠 is reachable from (𝑃,𝐶) }

In specification inference, the program is used only to infer
and validate a candidate specification. Once {𝑃}𝐶{𝑄} has been
verified, we know that the specification is satisfied by the program.
However, this does not guarantee that 𝑄 precisely characterizes
the program’s behavior, as it may be an over-approximation that
loosely accepts states that are unreachable from (𝑃,𝐶). A direct
way to assess completeness is to compute the reachable states 𝐶 (𝑖)
for every input 𝑖 ∈ 𝑃 and verify that ∀𝑖 ∈ 𝑃,𝐶 (𝑖) = 𝑄 (𝑖). If this
holds, then 𝑄 corresponds to 𝑆𝑃 (𝑃,𝐶).

Computing the exact set of reachable states can be difficult using
static analysis alone. Instead, we explored a key property of deter-
ministic programs: the same input always produces the same output.
Therefore, the SP of a deterministic function associates each valid
input with a single reachable output state. Once {𝑃}𝐶{𝑄} has been
verified, Property 1 is true. Figure 1 illustrates this relationship.

∀𝑖 ∈ 𝑃 →
��𝑄 (𝑖 ) �� = 1 ⇐⇒ 𝑄 is 𝑆𝑃 (𝑃,𝐶) ∧𝐶 is deterministic (1)

Determining whether a function is deterministic can also be
addressed using formal techniques. For example, Mudduluru et
al. [30] introduced a type-system approach to express determinism.
As determinism is a requirement for the proof to succeed, knowing
in advance that the specification describes deterministic behavior
allows us to better interpret failed proofs, which must then indicate
an incomplete specification or a limitation of the verifier.

Heap allocation is a common source of nondeterminism. How-
ever, if allocated objects are not used in heap-exposing ways, such
as object equality comparisons on fresh allocations or using the
address as unique keys for operations [13], then this does not af-
fect our approach. We view this form of nondeterminism as an
implementation detail rather than a property of the specification.

It is important to note that, due to the challenges of deductive
verification, a failed proof does not necessarily imply that the spec-
ification is incomplete. A specification formulation may be difficult
for the verifier to reason about, often requiring it to be rewritten in
ways that are more verifier-friendly [10, 12]. In contrast, Bounded
Model Checking (BMC) techniques could be used to search for
counterexamples. When a counterexample is found, it provides
evidence that the specification is incomplete.

The main advantage of this approach is that, assuming a sound
verifier, it cannot produce false positives, i.e., classify an incomplete
specification as complete. This follows from the rigor of formal
verification: rather than relying on a finite set of tests or generated
mutants, the check establishes the one-to-one input-output map-
ping for all valid inputs. In contrast, mutation-based approaches
may produce false positives when their mutation operators fail to

{x = -10}
Postcondition:

result >= 0

Instance of valid input tuple
(restricted by precondition)

{res = 1}

{res = 0}

{res = 10}

...

Output tuples that
satisfy the postcondition
for the given Input tuple

(a) For deterministic programs, any postcondition that is not the
Strongest Postcondition maps at least one input to multiple output
states.

{x = -10}

Postcondition:

result >= 0
&&

(result == x ||
result == -x)

Output tuples that
satisfy the postcondition
for the given Input tuple

Instance of valid input tuple
(restricted by precondition)

{res = 10}

(b) For deterministic programs, the Strongest Postcondition maps
each input to a single output state.

Figure 1: For deterministic programs, a correct specification
is the Strongest Postcondition if and only if every valid input
tuple maps to a single output tuple.

expose behaviors omitted by the specification, or false negatives
when they generate semantically equivalent mutants.

3.1.2 Proof-of-Concept Implementation. Our implementation uses
OpenJML, a deductive verifier, to reason about all possible inputs,
addressing the limitations identified in [16, 33]. As a proof of con-
cept, we implemented the completeness check through an auxiliary
method rather than extending the verifier functionality. Themethod
invokes the target function twice from identical initial states and
attempts to prove that, for all valid inputs, both executions produce
the same observable outputs. The algorithm is shown in Listing 1.
The assertions in the auxiliary method encode the left-hand side
of Property 1. Listing 3 shows the check applied to the weak abs
specification discussed earlier.

Our implementation of the check is sound due to the character-
istics of the verification setup and the following assumptions:
(1) Method bodies are not considered when proving callers, even

if visible. OpenJML (as well as Frama-C/WP and Dafny) rea-
sons about called methods using their specifications [13]. By
introducing a clone method, the verifier treats 𝑓 and 𝑓𝑐𝑙𝑜𝑛𝑒 as
potentially different implementations. If the specification over-
approximates the behavior for any valid input, the two calls
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Algorithm 1 Pseudocode for automating our completeness check
for deterministic programs with OpenJML.
Require: Specification 𝑆

Require: function signature 𝑆𝐼𝐺 : type 𝑓 (type 𝑝1, type 𝑝2, . . .)

1: Create a clone method with the same spec 𝑆 , signature 𝑆𝐼𝐺 ,
replacing the function name: 𝑓 → 𝑓𝑐𝑙𝑜𝑛𝑒

2: Create a void model method 𝑀 with the same parameters as
𝑆𝐼𝐺

3: In𝑀 , assume the precondition of 𝑆

Begin𝑀 implementation:
4: parameters_to_call_f = []
5: parameters_to_call_f_clone = []

6: for each parameter 𝑝𝑖 in 𝑆𝐼𝐺 do
7: if 𝑝𝑖 is in the frame condition of 𝑆 then
8: 𝑝𝑖_dc1← deep_copy(𝑝𝑖 )
9: 𝑝𝑖_dc2← deep_copy(𝑝𝑖 )
10: parameters_to_call_f← 𝑝𝑖_dc1
11: parameters_to_call_f_clone← 𝑝𝑖_dc2
12: else
13: 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠_𝑡𝑜_𝑐𝑎𝑙𝑙_𝑓 ← 𝑝𝑖
14: 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠_𝑡𝑜_𝑐𝑎𝑙𝑙_𝑓𝑐𝑙𝑜𝑛𝑒 ← 𝑝𝑖
15: end if
16: end for

17: if return type is not void then
18: 𝑟1 ← 𝑓 (∗parameters_to_call_f)
19: 𝑟2 ← 𝑓𝑐𝑙𝑜𝑛𝑒 (∗parameters_to_call_f_clone)

20: if the return value is of reference type and is a fresh heap
allocation then

21: assert ∗𝑟1 and ∗𝑟2 are equal
22: else
23: assert 𝑟1 and 𝑟2 are equal
24: end if
25: else
26: 𝑓 (∗parameters_to_call_f)
27: 𝑓𝑐𝑙𝑜𝑛𝑒 (∗parameters_to_call_f_clone)
28: end if

29: for each parameter 𝑝𝑖 in the frame condition of 𝑆 do
30: if 𝑝𝑖 is of reference type and it’s a fresh heap allocation

then
31: assert ∗𝑝𝑖_dc1 and ∗𝑝𝑖_dc2 are equal
32: else
33: assert 𝑝𝑖_dc1 and 𝑝𝑖_dc2 are equal
34: end if
35: end for

End𝑀 implementation.
36: Verify𝑀 . If all assertions are verified, then 𝑆 corresponds to the

Strongest Postcondition and specifies a deterministic program.

1 public class Test {
2 //@ requires x != Integer.MIN_VALUE;
3 //@ assigns \nothing;
4 //@ ensures \result >= 0;
5 public static int abs(int x) {
6 return x > 0 ? x : -x;
7 }
8
9 //@ requires x != Integer.MIN_VALUE;
10 //@ assigns \nothing;
11 //@ ensures \result >= 0;
12 public static int abs_clone(int x) {
13 return x > 0 ? x : -x;
14 }
15
16 //@ requires x != Integer.MIN_VALUE;
17 //@ model public static void test_completeness(int x) {
18 //@ int ret1 = abs(x);
19 //@ int ret2 = abs_clone(x);
20 //@ assert ret1 == ret2;
21 //@ }
22 }

Listing 3: Completeness check of weak Abs specification. As
the postcondition is incomplete (and so, not the strongest
postcondition), the assertion at line 20 cannot be verified.

may therefore return different values, preventing the equality
assertions from being proven.

(2) OpenJML requires all side effects to be explicitly captured by
frame conditions. Therefore, comparing only the parameters
listed in the frame condition (lines 29–35) is sufficient to capture
all method outputs.

(3) Specifications are verified for total correctness, requiring the im-
plementation to terminate for all valid inputs. Under partial cor-
rectness, contracts are vacuously satisfied for non-terminating
executions [20]. Since JML cannot specify which inputs cause
non-termination, partial correctness would prevent us from
characterizing a one-to-one input-output mapping.

(4) The deep copies (lines 7–11) ensure that the two calls receive an
identical initial state, despite sequential execution. To simplify
verification, copies are restricted to the parameters listed in the
frame condition. Although copying all parameters would be
semantically equivalent, we observed cases where additional
copies made the verification task more difficult for the verifier.
This step assumes that there is no parameter aliasing in the
parameter list, as otherwise the deep copy would incorrectly
duplicate aliased objects. This assumption holds for our dataset
and could be eliminated with additional checks. These limita-
tions are artifacts of our proof-of-concept encoding and could
be cleanly addressed in a built-in verifier implementation.

3.2 Evaluating Precondition Quality
The Strongest Postcondition is a predicate defined relative to both
the precondition and postcondition, since it needs to describe be-
haviors only for the allowed inputs. This makes the precondition
another aspect that must be considered in automatic contract infer-
ence (as also discussed in [33]). If the precondition underconstrains
the input space, the postcondition must also generalize the program
behavior for unintended inputs, which may make it more difficult
to be achieved and verified. On the other hand, if it overconstrains
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the input space, it may exclude desired behaviors and reject valid
callers.

Richter and Wehrheim [33] reported that LLM-inferred precon-
ditions were generally aligned with developer intent. We observed
similar behavior in initial generation attempts, but also saw cases
where, after struggling to verify the postcondition, the LLM ex-
cluded failing behaviors by overconstraining the precondition. List-
ing 4 shows one example. The function explicitly handles negative
inputs, but the generated precondition excludes them. The com-
ments were added by the LLM.

1 /*@
2 @ // Restrict to non-negative inputs to avoid reasoning
3 @ // about sign/negation overflow and to
4 @ // keep verification tractable.
5 @ requires x >= 0 && y >= 0;
6 @ // ensure the repeated-addition result fits into an int
7 @ // (prevents overflow of the algorithm)
8 @ requires (long)x * (long)y <= Integer.MAX_VALUE;
9 @ assigns \nothing;
10 @ ensures \result == x * y;
11 @*/
12 public static int mul(int x, int y);

Listing 4: Example of overconstrained precondition, gener-
ated by GPT-5 Mini. It undesirably excludes negative inputs.

Automatically assessing precondition quality is beyond the scope
of this work. Feasibility checks [13] could potentially identify over-
constrained preconditions by detecting unreachable code. However,
systematically evaluating this approach is left for future work.

We evaluate precondition quality by checking logical equiva-
lence against the ground-truth dataset. Given two Hoare triples
(𝑃𝑅𝐸1,𝐶1, 𝑃𝑂𝑆𝑇1) and (𝑃𝑅𝐸2,𝐶2, 𝑃𝑂𝑆𝑇2) with 𝐶1 ≡ 𝐶2, equiva-
lence can be checked by proving 𝑃𝑅𝐸1 ⇐⇒ 𝑃𝑅𝐸2 and then
𝑃𝑂𝑆𝑇1 ⇐⇒ 𝑃𝑂𝑆𝑇2 assuming either precondition holds [6, 35].

4 Dataset
Our dataset contains 50 Java programs, each consisting of a single
static method. The programs implement common computer science
tasks and were sourced or adapted mainly from SpecGenBench [27],
but also from CloverBench [35], programming course material, and
problems from competition platforms [25]. We classified them by
loop nesting depth. The classification groups 18 loop-free programs,
classified as easy; 23 programs with single-level loops, classified
as medium; and 9 programs with double-nested loops, classified as
hard.

We curated the dataset to avoid redundancy and ensure compat-
ibility with our verification evaluation. SpecGenBench [27] contains
120 test programs. Among these, we identified 35 near-duplicates
with minor syntactic or semantic variations, such as replacing a
single expression with multiple conditionals, using alternative loop
structures, or reversing the intended semantics. We excluded these
programs to avoid overrepresenting repeated variants of the same
task.

We also excluded programs for which a complete specification
required predicates that are not directly supported by OpenJML,
such as the multiset predicate for permutations and sum or product
predicates for loop accumulation [13]. Evaluating whether LLMs

can generate more complex predicates, which often require induc-
tive properties expressed in auxiliary methods [19], is outside the
scope of this work.

For each selected program, we manually constructed and ver-
ified a ground-truth (GT) specification with OpenJML, including
the expected precondition and postcondition. GT specifications are
used to evaluate precondition quality through logical equivalence,
as discussed in Section 3.2. We excluded inputs that trigger run-
time exceptions by constraining the precondition, rather than using
exceptional_behavior clauses.

The GT specifications were also used to create a second dataset
of correct but intentionally incomplete specifications. We obtained
these variants by weakening postconditions while preserving cor-
rectness. For example, replacing “\𝑟𝑒𝑠𝑢𝑙𝑡 ⇐⇒ 𝑝𝑟𝑒𝑑𝑖𝑐𝑎𝑡𝑒” with
“𝑝𝑟𝑒𝑑𝑖𝑐𝑎𝑡𝑒 → (\𝑟𝑒𝑠𝑢𝑙𝑡 == 𝑡𝑟𝑢𝑒)”, replacing “\𝑟𝑒𝑠𝑢𝑙𝑡 == 𝑣𝑎𝑙𝑢𝑒_𝑒𝑥𝑝𝑟”
with “\𝑟𝑒𝑠𝑢𝑙𝑡 >= 𝑣𝑎𝑙𝑢𝑒_𝑒𝑥𝑝𝑟”, or removing some ensures clauses
from multi-behavior specifications (also clauses).

5 Methodology
This section describes our evaluation methodology. We first assess
how accurately the FormalBench [24] mutation-based completeness
metric identifies known complete and incomplete specifications.
We then evaluate how our completeness check can be used to assess
LLM-based specification generation techniques.

5.1 Mutation-Based Completeness Evaluation
As discussed in Sections 2 and 3.1.1, mutation-based completeness
evaluation may produce false negatives, i.e., classify a complete
specification as incomplete, when it generates mutants semantically
equivalent to the original program. It may also produce false pos-
itives, i.e., classify an incomplete specification as complete, when
the generated mutants fail to cover missing behaviors.

We evaluated the accuracy of the FormalBench [24] mutation-
based evaluation in identifying complete specifications by running
it on our ground-truth dataset, whose specifications were validated
as Strongest Postconditions by our method. This experiment as-
sessed the ability of Equivalent Mutant Suppression (EMS) [23],
used by FormalBench, to remove equivalent mutants.

We then evaluated its accuracy in identifying incomplete spec-
ifications by running it on our incomplete specification dataset,
obtained by manually weakening the complete postconditions. This
experiment assessed whether the generated mutants adequately
cover the behaviors missing from the weakened specifications.

5.2 Specification Inference
We evaluated three generation strategies: (1) a conversational loop,
in which the LLM generates a specification and iteratively repairs it
when verification fails; (2) the SpecGen workflow [27], which uses
fixed mutation operators to repair incorrect specifications; and (3)
a conversational loop augmented with closed-loop Completeness
Feedback (CF).

The LLM is expected to infer specifications from code artifacts
such as data types, variable names, control flow, function calls, and
comments. We used our completeness check (Section 3.1) to eval-
uate generated postconditions, and evaluated precondition quality
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by checking logical equivalence against the GT specifications, as
described in Section 4.

We included SpecGen to evaluate how its mutation-based repair
phase affects specification completeness. SpecGen applies fixed
mutations to failed loop invariants or postconditions in an attempt
to repair incorrect specifications and make them verifiable. This
made it a natural case study for analyzing whether its mutation
repair preserves, improves, or degrades completeness.

The evaluated scenarios were:

• The SpecGen workflow, to evaluate the trade-offs introduced by
its mutation repair heuristics, which interrupt the LLM repair
loop once a mutation candidate is found.
• A Conversational loop, to compare continued LLM-based repair
against SpecGen’s mutation-based repair workflow.
• A Conversational loop with closed-loop Completeness Feedback
(CF), to evaluate whether the LLM could strengthen or rewrite
specifications that could not be proven complete with our check.

Figure 2 illustrates the generation flow for these scenarios. The
generated specification is first checked against validity rules (Sec-
tion 5.2.1) and then verified with OpenJML. If verification fails, we
generate simple repair instructions from the verifier error, following
the approach used by Ma et al. [27].

The SpecGen workflow is built on top of the conversational flow.
On each failed attempt, it checks for mutation candidates, namely,
loop-invariant or postcondition errors. If a mutation candidate is
found, the process branches to SpecGen’s mutation-based repair
phase. Otherwise, the workflow starts another iteration, until a cor-
rect specification is generated or the maximum number of iterations
is reached.

In the CF flow, once a correct specification is found, we apply our
completeness check. If the specification cannot be proven complete,
we provide feedback to the LLM stating that the specification is
correct but needs to be strengthened. The CF loop continues until
a correct and complete specification is generated or the maximum
number of iterations is reached.

Prompt,
Implementation,

4 Few shot

Conversation
History

LLM
Check candidate

and verify
with OpenJML

No

Yes Mutation
criteria?

Simple
error

feedback

No

Complete?
Yes

No

SpecGen
Mutation
Phase

Correct but not
Complete

Specification

Done
Yes

SpecGen flow
enabled

 Completeness
Feedback
enabled

Figure 2: Flowchart of the three specification generation ap-
proaches: SpecGen, Conversational and Completeness Feed-
back (CF).

Our SpecGen setup uses the randommutation-candidate selector
heuristic available in the digital artifact [26]. We limited the muta-
tion repair phase to 1000 iterations, since preliminary runs showed
that some programs produced more than 3000 repair candidates
and took over two hours to complete. The original setup of Ma et al.
did not impose this limit, but reported an average of approximately
50 mutation iterations per test [27].

All three approaches use the same initial generation prompt,
kept from the SpecGen artifact [26]. The LLM receives the task de-
scription, the program, and four fixed few-shot examples. We used
a limit of 10 LLM generation iterations and an OpenJML timeout
of 200 seconds per invocation.

5.2.1 Generation Rules. We enforced additional rules in the gener-
ation phase. If one of these rules is violated, the iteration candidate
is rejected, and the LLM receives feedback to fix it.
• Assumptions are forbidden. Preliminary tests showed that GPT-
3.5 Turbo sometimes used assumptions instead of proper loop
invariants, a behavior encouraged by some SpecGen repair ex-
amples [26]. We forbid assumptions because they can make ver-
ification unsound if used to bypass proof obligations.
• The specification must contain at least one explicit postcondition.
Preliminary tests showed that, when all repair mutation operators
failed to produce a correct specification, the SpecGen mutation
phase removed the failing specification clause entirely. In one
GPT-3.5 Turbo trial, this removed all behaviors from the post-
condition in 24 out of 143 tests that reached the mutation phase.
An empty postcondition defaults to ensures true, which is always
correct. We therefore classify empty postconditions as incorrect.
• The specification must contain an explicit frame condition dif-
ferent from assigns \everything [32].
• The LLM may modify only comments, not source code.
• The specification must not use exceptional postconditions (sig-
nals clauses). This keeps the generated specifications aligned
with the GT specifications. Inputs that would cause exceptions
must instead be excluded by the precondition.

5.2.2 Model Variants. We evaluated three models: GPT-3.5 Turbo
(gpt-3.5-turbo-1106, t=0.4), GPT-4.1 Mini (gpt-4.1-mini-2025-04-14,
t=0.4), and GPT-5 Mini (gpt-5-mini-2025-08-07, t=1). GPT-3.5 Turbo
follows the setup of Ma et al. GPT-4.1 Mini and GPT-5 Mini add
more recent non-reasoning and reasoning variants. These models
are suitable for well-defined tasks and precise prompts [31] and fit
the requirements of our evaluation.

5.2.3 Experimental Settings. The SpecGen artifact [26] invokes
OpenJML with assumptions that references are non-null and that
any arithmetic operations are in range. The command used by the
artifact is:

openjml --esc --esc-max-warnings 1 --arithmetic-
failure=quiet --nonnull-by-default --timeout 200

These options simplify verification by reducing the behaviors
that generated contracts must cover. In particular, specifications
do not need to account for nullable references or arithmetic over-
flows, simplifying both correctness and completeness checking (Sec-
tion 3.2). We confirmed this effect in a preliminary GPT-3.5 Turbo
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experiment, as removing these assumptions reduced the overall
success rate by 7.6% for SpecGen and 4.8% for Conversational. The
data are available in the artifact repository.

Because we aim to evaluate whether LLMs can infer specifi-
cations covering multiple behaviors, our evaluation used stricter
OpenJML settings:

openjml --esc --esc-max-warnings 1 --nullable-by-default
--arithmetic-failure=hard --timeout 200

Table 1 summarizes the experimental configurations for the se-
lected generation strategies.

Table 1: Experimental settings.

Model SpecGen Conversational Conversational + CF

GPT-3.5 Turbo E1 E2 E3
GPT-4.1 Mini E4 E5 E6
GPT-5 Mini E7 E8 E9

To account for variation in LLM outputs, each experiment was
repeated 10 times per dataset entry and the results were aggregated
(50x10). Our evaluation used OpenJML version 21-0.21.

6 Results
This section presents and discusses the empirical results of the
experiments described in Section 5.

6.1 Mutation-Based Completeness Evaluation
Table 2 shows the coverage scores obtained for the known com-
plete specifications. The metric follows FormalBench [24] and is
computed as the number of mutants that fail verification divided
by the total number of generated mutants. A failed verification
indicates that the mutated behavior is ruled out by the specification
and therefore covered by it. Thus, for complete specifications, the
expected result is a 100% mutant failure rate, corresponding to a
100% coverage score. The results show that some equivalent mu-
tants remain even after applying Equivalent Mutant Suppression
(EMS) [23]. These mutants can lead to false negatives, i.e., reporting
a complete specification as incomplete.

Table 2: FormalBench mutation-based coverage scores on
known complete specifications. Equivalent mutants that re-
main even after EMS lead to false negatives.

Dif. Cov. Score Avg. number of
mutants generated

Avg. num. of equiv.
mutants generated

easy 0.95 14.11 0.44
med. 0.92 20.78 1.83
hard 0.90 25.44 2.22

Table 3 shows the coverage scores obtained for the known in-
complete specifications. FormalBench generated the same mutants
used in the complete-specification experiment. The evaluation pro-
duced 6 false positives out of 50 cases, i.e., incomplete specifica-
tions reported as complete. These false positives occur because the

generated mutants fail to cover the behaviors missing from the
incomplete specifications.

Except for the easy category, the coverage scores are close to
those obtained for the complete specifications in Table 2. This sim-
ilarity suggests that the mutation-based coverage score does not
reliably measure the degree of specification coverage. Instead, the
score is strongly influenced by the selected mutants and may there-
fore give a misleading characterization of completeness.

Table 3: FormalBench mutation-based coverage scores on
known incomplete specifications. The scores are similar to
those obtained for complete specifications, and 6 out of 50
incomplete specifications were reported as complete.

Difficulty Coverage Score False positives reported

easy 0.72 2/18
med. 0.90 4/23
hard 0.88 0/9

6.2 SpecGen Reproducibility and Re-Evaluation
Table 4 compares the SpecGen and conversational workflows. For
GPT-3.5 Turbo, we obtained non-incorrect rates of 58.6% for Spec-
Gen (E1) and 51.4% for the conversational workflow (E2). Ma et
al. [27] reported corresponding rates of 72.3% and 64.2%. The lower
success rates in our re-evaluation can be explained by the removal
of near-duplicate programs and by the stricter OpenJML settings,
which remove the non-null and no-overflow assumptions used in
the original artifact. Nevertheless, the relative result reported by
Ma et al. is preserved: on GPT-3.5 Turbo, SpecGen outperforms the
conversational workflow for correctness.

For GPT-4.1 Mini and GPT-5 Mini, however, the trend changes.
As shown in Table 4, the conversational workflow outperforms
SpecGen on both models. This suggests that, for more recent mod-
els, allowing the LLM to continue repairing the specification is
more effective than prematurely switching to the mutation-based
repair phase. The difference is more visible in the detailed categories
shown in Table 5. In particular, SpecGen produces fewer verifiable
Complete-GT outcomes than the conversational workflow for GPT-
4.1 Mini and GPT-5 Mini, while both workflows produce similar
completeness rates for GPT-3.5 Turbo. We discuss this degradation
in more detail in Section 6.2.1.

Table 4: Performance comparison between the SpecGenwork-
flow and the conversational workflow. The conversational
workflow achieved higher non-incorrect rates on GPT-4.1
Mini and GPT-5 Mini.

Model Overall SpecGen
non-incorrect

Overall conversational
non-incorrect

GPT-3.5 Turbo: E1 vs E2 293/500 (58.6%) 257/500 (51.4%)
GPT-4.1 Mini: E4 vs E5 407/500 (81.4%) 413/500 (82.6%)
GPT-5 Mini: E7 vs E8 441/500 (88.2%) 475/500 (95.0%)
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Table 5: Detailed result categories for all experiments. GPT-
4.1 Mini and GPT-5 Mini produced more verifiable Complete-
GT specifications with the conversational workflow than
with SpecGen.

Experiment Dif. Incorrect At Least
Correct

Complete
not GT

Complete
GT

E1: SpecGen.
GPT-3.5 Turbo

easy 16 (8,9%) 19 (10,6%) 54 (30,0%) 91 (50,6%)
med. 112 (48,7%) 58 (25,2%) 22 (9,6%) 38 (16,5%)
hard 79 (87,8%) 9 (10,0%) 1 (1,1%) 1 (1,1%)

E2: Convers.
GPT-3.5 Turbo

easy 15 (8,3%) 17 (9,4%) 55 (30,6%) 93 (51,7%)
med. 139 (60,4%) 32 (13,9%) 21 (9,1%) 38 (16,5%)
hard 89 (98,9%) 0 (0,0%) 0 (0,0%) 1 (1,1%)

E3: Convers.
+ CF
GPT-3.5 Turbo

easy 17 (9,4%) 9 (5,0%) 67 (37,2%) 87 (48,3%)
med. 137 (59,6%) 35 (15,2%) 20 (8,7%) 38 (16,5%)
hard 90 (100,0%) 0 (0,0%) 0 (0,0%) 0 (0,0%)

E4: SpecGen
GPT-4.1 Mini

easy 0 (0,0%) 18 (10,0%) 30 (16,7%) 132 (73,3%)
med. 62 (27,0%) 50 (21,7%) 45 (19,6%) 73 (31,7%)
hard 31 (34,4%) 30 (33,3%) 1 (1,1%) 28 (31,1%)

E5: Convers.
GPT-4.1 Mini

easy 0 (0,0%) 7 (3,9%) 32 (17,8%) 141 (78,3%)
med. 40 (17,4%) 28 (12,2%) 57 (24,8%) 105 (45,7%)
hard 47 (52,2%) 12 (13,3%) 1 (1,1%) 30 (33,3%)

E6: Convers.
+ CF
GPT-4.1 Mini

easy 0 (0,0%) 0 (0,0%) 32 (17,8%) 148 (82,2%)
med. 44 (19,1%) 19 (8,3%) 49 (21,3%) 118 (51,3%)
hard 51 (56,7%) 8 (8,9%) 3 (3,3%) 28 (31,1%)

E7: SpecGen
GPT-5 Mini

easy 3 (1,7%) 7 (3,9%) 51 (28,3%) 119 (66,1%)
med. 34 (14,8%) 39 (17,0%) 40 (17,4%) 117 (50,9%)
hard 22 (24,4%) 18 (20,0%) 7 (7,8%) 43 (47,8%)

E8: Convers.
GPT-5 Mini

easy 3 (1,7%) 5 (2,8%) 48 (26,7%) 124 (68,9%)
med. 6 (2,6%) 32 (13,9%) 54 (23,5%) 138 (60,0%)
hard 16 (17,8%) 12 (13,3%) 5 (5,6%) 57 (63,3%)

E9: Convers.
+ CF
GPT-5 Mini

easy 4 (2,2%) 0 (0,0%) 54 (30,0%) 122 (67,8%)
med. 5 (2,2%) 18 (7,8%) 58 (25,2%) 149 (64,8%)
hard 12 (13,3%) 4 (4,4%) 13 (14,4%) 61 (67,8%)

6.2.1 SpecGen Mutation Analysis. Table 6 shows the effectiveness
of the SpecGen mutation repair phase. The results show that most
mutation runs resulted in Incorrect or At-Least-Correct specifica-
tions, while few produced verifiable Complete-not-GT or Complete-
GT outcomes. This suggests that the mutation-based repair rarely
contributed to generating verifiable complete specifications.

Table 7 shows the contribution of the SpecGen mutation repair
phase within all the results obtained. The results show that the LLM
alone produced the majority of Complete-not-GT and Complete-GT.
This suggests that prematurely shifting to the mutation phase may
prevent further LLM-based repair, which was more effective than
mutation-based repair at producing complete specifications in our
experiments.

SpecGen uses four mutation operators: predicative, logical, com-
parative, and arithmetic [27]. If all mutation operators are applied
and none produces a verifiable specification, the candidate speci-
fication clause is removed. Upon manual inspection, we found that
this step often removes desired behaviors that the LLM had identi-
fied but failed to express correctly, with the extreme case being the
removal of all postconditions, as discussed in Section 5.2.1. These
results suggest that SpecGen’s mutation-based repair phase often
improves verifiability by weakening the specification, which can
reduce completeness even when correctness improves.

Table 6: Effectiveness of SpecGen’s mutation repair phase,
measured by the distribution of outcomes among runs in
which the phase was activated. Most mutation-repair runs
could not be proven complete and produced either Incorrect
or At-Least-Correct specifications.

Experiment Dif. Incorrect At Least
Correct

Complete
not GT

Complete
GT

E1: SpecGen
GPT-3.5 Turbo

easy 5/8 (62.5%) 0/8 (0.0%) 3/8 (37.5%) 0/8 (0.0%)
med. 56/92 (60.9%) 28/92 (30.4%) 5/92 (5.4%) 3/92 (3.3%)
hard 45/54 (83.3%) 9/54 (16.7%) 0/54 (0.0%) 0/54 (0.0%)

E4: SpecGen
GPT-4.1 Mini

easy 0/9 (0.0%) 8/9 (88.9%) 0/9 (0.0%) 1/9 (11.1%)
med. 54/83 (65.1%) 27/83 (32.5%) 1/83 (1.2%) 1/83 (1.2%)
hard 17/37 (45.9%) 16/37 (43.2%) 0/37 (0.0%) 4/37 (10.8%)

E7: SpecGen
GPT-5 Mini

easy 1/6 (16.7%) 5/6 (83.3%) 0/6 (0.0%) 0/6 (0.0%)
med. 28/47 (59.6%) 9/47 (19.1%) 9/47 (19.1%) 1/47 (2.1%)
hard 19/36 (52.8%) 9/36 (25.0%) 1/36 (2.8%) 7/36 (19.4%)

Table 7: Contribution of SpecGen’s mutation repair phase
to the final results, measured as the proportion of outcomes
attributable to mutation repair among all obtained outcomes.
The LLM alone accounted for most Complete-not-GT and
Complete-GT specifications.

Experiment Dif. Incorrect At Least
Correct

Complete
not GT

Complete
GT

E1: SpecGen
GPT-3.5 Turbo

easy 5/16 (31.3%) 0/19 (0.0%) 3/54 (5.6%) 0/91 (0.0%)
med. 56/112 (50.0%) 28/58 (48.3%) 5/22 (22.7%) 3/38 (7.9%)
hard 45/79 (57.0%) 9/9 (100.0%) 0/1 (0.0%) 0/1 (0.0%)

E4: SpecGen
GPT-4.1 Mini

easy N/A (-) 8/18 (44.4%) 0/30 (0.0%) 1/132 (0.8%)
med. 54/62 (87.1%) 27/50 (54.0%) 1/45 (2.2%) 1/73 (1.4%)
hard 17/31 (54.8%) 16/30 (53.3%) 0/1 (0.0%) 4/28 (14.3%)

E7: SpecGen
GPT-5 Mini

easy 1/3 (33.3%) 5/7 (71.4%) 0/51 (0.0%) 0/119 (0.0%)
med. 28/34 (82.4%) 9/39 (23.1%) 9/40 (22.5%) 1/117 (0.9%)
hard 19/22 (86.4%) 9/18 (50.0%) 1/7 (14.3%) 7/43 (16.3%)

6.3 Impact of Completeness Feedback (CF)
Table 8 shows the effectiveness of the Completeness Feedback. It
groups all results obtained by runs where CF occurred. The results
show that GPT-3.5 Turbo was usually unable to improve the spec-
ification after CF, as most activations remained At-Least-Correct.
For GPT-4.1 Mini and GPT-5 Mini, CF was more effective, produc-
ing Complete-GT results in up to 50.0% of cases where feedback
occurred. These runs would otherwise have terminated earlier with
correct but not provably complete specifications.

Table 9 shows the contribution of the Completeness Feedback
within all results obtained1. CF accounted for up to 10.7% of all
Complete-GT outcomes. It also appears frequently among Complete-
not-GT outcomes, which may suggest that the feedback can induce
the LLM to modify the precondition rather than only strengthen
the postcondition. Confirming this effect requires further experi-
mentation.

1Ideally, every At-Least-Correct result would have received the CF. We identified that
6 tests were proven complete during the generation, but could not be verified when
reprocessing the logs. We attribute this to the SMT solver nondeterminism, which can
be mitigated with the solver-seed switch [12]. These are listed as missing feedback in
the At-Least-Correct column of Table 9.
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Table 8: Effectiveness of Completeness Feedback, measured
by the outcome distribution among runs in which CF was
activated. For GPT-4.1 Mini and GPT-5 Mini, Completeness
Feedback producedComplete-GT specifications in up to 50.0%
of activated runs.

Experiment Dif. At Least
Correct

Complete
not GT

Complete
GT

E3: Convers.
+ CF
GPT-3.5 Turbo

easy 9/17 (52.9%) 6/17 (35.3%) 2/17 (11.8%)
med. 33/33 (100.0%) 0/33 (0.0%) 0/33 (0.0%)
hard N/A (-) N/A (-) N/A (-)

E6: Convers.
+ CF
GPT-4.1 Mini

easy 0/10 (0.0%) 5/10 (50.0%) 5/10 (50.0%)
med. 18/38 (47.4%) 8/38 (21.1%) 12/38 (31.6%)
hard 8/13 (61.5%) 2/13 (15.4%) 3/13 (23.1%)

E9: Convers.
+ CF
GPT-5 Mini

easy N/A (-) N/A (-) N/A (-)
med. 15/35 (42.9%) 6/35 (17.1%) 14/35 (40.0%)
hard 4/15 (26.7%) 5/15 (33.3%) 6/15 (40.0%)

Table 9: Contribution of Completeness Feedback to the fi-
nal results, measured as the proportion of outcomes attrib-
utable to Completeness Feedback among all obtained out-
comes. Completeness Feedback accounted for up to 10.7% of
Complete-GT specifications and contributed frequently to
Complete not GT specifications.

Experiment Dif. At Least
Correct

Complete
not GT

Complete
GT

E3: Convers.
+ CF
GPT-3.5 Turbo

easy 9/9 (100.0%) 6/67 (9.0%) 2/87 (2.3%)
med. 33/35 (94.3%) 0/20 (0.0%) 0/38 (0.0%)
hard N/A (-) N/A (-) N/A (-)

E6: Convers.
+ CF
GPT-4.1 Mini

easy N/A (-) 5/32 (15.6%) 5/148 (3.4%)
med. 18/19 (94.7%) 8/49 (16.3%) 12/118 (10.2%)
hard 8/8 (100.0%) 2/3 (66.7%) 3/28 (10.7%)

E9: Convers.
+ CF
GPT-5 Mini

easy N/A (-) 0/54 (0.0%) 0/122 (0.0%)
med. 15/18 (83.3%) 6/58 (10.3%) 14/149 (9.4%)
hard 4/4 (100.0%) 5/13 (38.5%) 6/61 (9.8%)

7 Threats to Validity
Internal validity: Deductive verifiers may fail to prove valid prop-
erties due to the formulation of the specification or the need for
additional invariants [10]. Therefore, some specifications classified
as At Least Correct may in fact be complete but not provable by
OpenJML in their current form. To avoid overclaiming, we treat
At Least Correct as an inconclusive category and do not use it for
broad direct comparisons.

Our results also depend on the soundness of OpenJML and its un-
derlying SMT solver. To mitigate this threat, we extensively tested
OpenJML on our dataset and reported all issues found during the
evaluation, which were later fixed by the developer.

External validity: The size and scope of our dataset limit the
generalization of the results. The dataset focuses on Java meth-
ods, deterministic behavior, and specifications expressible with the
OpenJML constructs used in this study. Therefore, the results of the
specification inference may not generalize to larger programs or

specifications that require more complex predicates. Due to this, we
frame our evaluation as a proof of concept rather than a large-scale
benchmark.

We became aware of the FormalBench base dataset [24] only af-
ter constructing and verifying our dataset. As discussed in Section 4,
our evaluation required manually curating the dataset for fairness.
Manually curating the 700 programs on FormalBench would require
substantial additional effort. Although our dataset is small, it was
sufficient to illustrate the feasibility of our method and to reveal
limitations of mutation-based completeness evaluation, as well as
the trade-off between correctness and completeness introduced by
SpecGen’s mutation repair phase.

Conclusion validity: The limited dataset size may also affect
conclusion validity, since aggregate results can be sensitive to in-
dividual samples. We therefore avoid broad quantitative claims
and interpret the results as evidence of feasibility rather than as a
definitive benchmark of specification quality.

8 Conclusion and Future Work
We introduce a verification-based postcondition completeness check,
which requires only the candidate specification for a deterministic
program. This makes it independent of the specification generation
process, extending its applicability beyond LLM-inferred contracts.
We demonstrated its feasibility through an empirical study of three
LLM-based generation workflows, using it both to evaluate gener-
ated specifications and to provide closed-loop completeness feed-
back. This also allowed us to obtain additional insights about the
studied methodologies.

Bounded model checking is a natural complement to our ap-
proach, as it can help identify incomplete specifications through
counterexamples when deductive verification cannot prove com-
pleteness. Integrating such checks directly into the verifier func-
tionality would also make completeness checking more practical
and easier to adopt.

Precondition quality is also fundamental to the completeness
analysis, since the Strongest Postcondition is defined relative to
the precondition. Therefore, automatically inferring the appropri-
ate preconditions remains an important direction for automated
contract inference.

Artifact Availability
The dataset, code, logs, and other artifacts are available at
https://zenodo.org/records/22119557, under the MIT license.
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