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Abstract
Symbolic execution shows promise in automated program analysis
by systematically exploring the path space of the program. How-
ever, due to the inherent limitations of program analysis techniques,
symbolic execution cannot understand the program’s functional-
ity, which hinders its application in functional analysis and defect
detection. This paper introduces FuSE, a method that enhances
symbolic execution with Large Language Models (LLMs) to auto-
matically annotate program paths with functional specifications. A
program path is annotated with a natural language description of
its functionality, a precondition, and a postcondition. Our method
significantly reduces the effort required for functional testing and
defect detection. Based on UnitTestBot, FuSE can successfully anno-
tate functional specifications for C, C++, Java, and Python programs,
with success rates of 98.2%, 95.52%, 87%, and 95.37%, respectively.
In our user study with professional developers and testers, FuSE
helps users identify 21.67% more functional defects and improves
functional coverage by 15.83%, demonstrating its practical utility.

CCS Concepts
• Software and its engineering→ Software testing and debug-
ging.
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1 Introduction
Symbolic execution [7, 32] is a precise program analysis technique
based on constraint solving [12]. It can systematically explore a
program’s paths by symbolizing its inputs and executing the pro-
gram symbolically. Over the past decades, symbolic execution has
been successfully applied to diverse software engineering tasks,
such as automated testing [11, 44], bug detection [58], and bounded
verification [31]. The development and widespread adoption of
powerful tools like KLEE [11] and Symbolic Java PathFinder [55]
have significantly advanced the technique’s impact.

For a program P, symbolic execution explores its paths, col-
lecting a path constraint (PC) for each path. By solving the path
constraints, it determines the feasibility (i.e., the existence of inputs
satisfying the path constraint) of these paths, thereby enabling au-
tomated testing, vulnerability detection, and property verification.
However, its understanding of P is inherently limited to data and
control dependence [29]. Consequently, it lacks comprehension
of the program’s functional semantics—both at the high level (the
specification problem [20, 53]) and at the path level, where the func-
tionality of individual paths remains opaque. As a result, without
a formal functional specification, symbolic execution is restricted
to checking non-functional properties (e.g., division-by-zero, out-
of-bounds access) and cannot identify deviations from intended
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functionality. To conclude, empowering symbolic execution to rea-
son about functionality remains a key challenge.

Traditionally, tasks like automated functional testing [59], func-
tional bug detection [41], and program verification [10] depend on
formal functional specifications (e.g., pre/postconditions [24, 49]
or finite-state machines [21]), which are labor-intensive to create
manually. Translating natural language requirements into such for-
malisms demands significant expert effort. Although techniques
such as differential testing [46], metamorphic testing [8], and specifi-
cation mining [5] aim to alleviate this burden, they are often limited
to specific scenarios or suffer from imprecision and incompleteness.
Consequently, while these approaches offer valuable insights, the
general problem of automatically comprehending program func-
tionality remains largely open. Addressing this problem motivates
augmenting symbolic execution for automated functional analysis,
so that symbolic paths can serve as structured units for functional
analysis in addition to path exploration and test generation.

A key observation is that individual paths explored by symbolic
execution often embody specific sub-functions of a program. How-
ever, symbolic execution lacks the capability to automatically map
these paths to their corresponding functionalities. Consequently,
understanding the functional meaning of paths currently relies
on manual inspection, a process that is inherently time-consuming
and error-prone. Therefore, automatically linking path constraints to
their functional semantics emerges as a critical requirement, which
would empower symbolic execution to directly reason about pro-
gram functionality.

Such path-level functional annotations enable functional inter-
pretation of symbolic execution. By linking paths to requirement-
derived functionalities, FuSE supports three tasks: (1) functional
analysis, which identifies the functionality implemented by each
feasible path; (2) functional coverage assessment, which shows which
functionalities are covered by feasible paths or generated tests and
which remain uncovered; and (3) defect detection, which reveals
discrepancies between path behavior and the intended specification.

Since automated functional analysis remains challenging, we
present an approach that takes a first step in this direction by lever-
aging Large Language Models (LLMs) [61] to connect symbolic
execution paths with requirement-derived functional specifications.
Concretely, given a program P and a natural language specifica-
tion D, our approach uses an LLM to automatically link the path
constraints of P to D. To the best of our knowledge, this is the
first work to establish such a connection in the context of symbolic
execution. Our core insight is to exploit LLMs’ comprehension of
both code and natural language [62] to generate formal specifica-
tions, which then bridge the gap between path constraints and their
functional descriptions.

Guided by this insight, we propose FuSE as the first step toward
LLM-enabled symbolic execution for automated functional analy-
sis. Given a program P and its natural language specification D,
FuSE first collects path constraints by symbolically executing P.
Then, it leverages an LLM to generate formal pre/postconditions
from D and uses them to bridge the gap between the paths and
their corresponding functional descriptions. By combining the core
capabilities of symbolic execution (formal reasoning) and LLMs
(natural language understanding), FuSE enables symbolic execution
to perform functional reasoning.

Figure 1: An example Java program.

The FuSE framework addresses two key technical challenges: (1)
reliably linking path constraints to LLM-generated specifications,
and (2) handling path constraints that cannot be linked to any spec-
ification. For (1), we guide the LLM to generate specifications in an
executable form, such as code that checks the pre/postconditions.
The link is then verified by executing this code, making FuSE eas-
ily adaptable to different programming languages. Regarding (2),
FuSE guides the LLM to generate specifications for these unlinked
constraints, thereby enhancing its overall effectiveness.

We implement FuSE for C, C++, Java, and Python by extending
the state-of-the-art symbolic execution engine UnitTestBot [25, 27,
60]. We evaluate its effectiveness through large-scale experiments
and a user study in real-world functional testing scenarios, which
confirm its practical utility. Our contributions are:

• We propose FuSE, an LLM-based framework that automatically
associates symbolic execution paths with their corresponding
natural language functional descriptions, enabling path-level
functional annotation and discrepancy analysis.
• We present a method that links symbolic execution paths to LLM-
generated functional specifications via executable code, enabling
language-agnostic and verifiable linkage as well as discrepancy
analysis between path behavior and functional specifications. We
further enhance FuSE by generating new specifications for path
constraints that cannot be linked to any existing specification.
• Our evaluation on four programming languages shows that FuSE
automatically associates functional specifications with 87%-98.2%
of paths. A user study further demonstrates that, with FuSE’s
assistance, users detect 21.67% additional functional bugs and
increase functional coverage by 15.83%.

2 Background and Motivation
2.1 Symbolic Execution and Its Limitations
Symbolic execution analyzes programs by executing them with
symbolic inputs, where each input represents a set of possible
concrete values. It maintains symbolic expressions for variables
influenced by these inputs, along with path constraints (PC), which
are quantifier-free first-order logic constraints over the inputs that
determine feasible execution paths. The PC is initialized to true. For
non-branching statements, the symbolic expressions are updated.
For conditional branches, the satisfiability of 𝑃𝐶 ∧ 𝜑 and 𝑃𝐶 ∧ ¬𝜑
is checked to determine path feasibility, enabling systematic explo-
ration. Here, 𝜑 denotes the branch condition. Moreover, concrete
test inputs can be generated automatically by solving the PC of a
path using a constraint solver.

Figure 1 shows a Java program that converts scores to grades, and
Figure 2 exhibits its symbolic execution tree. Symbolic execution
can collect all three path constraints, thereby covering all branches
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Figure 2: Symbolic execution tree of function s2g.

in the program. An example path constraint is:
𝛼𝑠 < 80 ∧ 𝛼𝑠 ≥ 60 ∧ 𝑟𝑒𝑡 = ‘B’ (1)

While symbolic execution is effective in achieving high path cover-
age and generating test inputs, it operates purely at the syntactic
and semantic level of the program. It lacks the ability to interpret
execution paths in terms of high-level functional specifications or
user requirements. For example, it can determine that the second
path returns ′B′, but it cannot capture the intended high-level func-
tionality of that path. This gap makes it challenging to automate
tasks such as functional test oracle generation, requirements trace-
ability, and detecting deviations between the implemented code
and the intended functionality.

2.2 Problem Statement
How can we automatically bridge the gap between the concrete
program paths explored by symbolic execution and the informal
functional specifications described in natural language, to enable
automated functional annotation, testing, and defect detection?

2.3 Overview of FuSE
To address the problem above, we propose FuSE, an LLM-enabled
symbolic execution for automated functional analysis. FuSE aug-
ments traditional symbolic execution by using LLMs to generate
candidate functional annotations and identify potential functional
discrepancies. Figure 3 illustrates FuSE’s workflow in four steps.

FuSE takes a program P and its functional description as inputs.
First, it uses symbolic execution to generate path constraints for P
(step ➀ in Figure 3). Second, an LLM is employed to derive candi-
date functional specifications from P’s functional description (step
➁). Specifically, the LLM decomposes P’s overall functionality into
candidate sub-functionalities, each consisting of a natural-language
description and a pre/postcondition pair. Third, FuSE matches each
pre/postcondition pair with the path constraints obtained from
symbolic execution (step ➂). A match is established when a path
constraint logically entails both the precondition and the postcon-
dition. If a path implies a precondition but not the corresponding
postcondition, FuSE reports a potential discrepancy between the
implementation and the specification as a defect candidate for user
confirmation. Fourth, for paths that cannot be functionally anno-
tated, the LLM is invoked to propose a new candidate functional
specification in a step we refer to as Path Constraint Enhancement
(step ➃). Finally, all paths with validated functional annotations are
automatically annotated by FuSE.

2.4 Motivating Example
We illustrate FuSE using the example program in Figure 1, with the
following functional description:

Convert scores to grades. Valid inputs are 0-100; scores 80 and above
receive ’A’, scores 60 and above receive ’B’, and scores below 60 receive ’E’.

1) Limitation of Traditional Symbolic Execution. As shown in
Figure 4(a), symbolic execution explores all three paths, producing
constraints such as:

𝑠 >= 60 && 𝑠 < 80.
However, it cannot derive that this path corresponds to “assigning
grade ’B’ to scores in [60, 80)”.
2) How FuSE Bridges the Gap. FuSE operates in four steps:

(i) LLM Querying. It uses an LLM to decompose the natural-
language requirement into four specification partitions (Figure 4(b)).

(ii) Matching Paths with Specifications. It matches these specifica-
tions to the path constraints. A path matches a sub-functionality
only if its path constraint implies both the corresponding pre-
condition and postcondition. For instance, the second path con-
straint implies both the pre- and the postcondition of the second
partition. Consequently, the second path is annotated with the
functional specification highlighted in blue in Figure 4(c). In con-
trast, path 1 does not match sub-functionality 1: its path constraint,
𝑠 ≥ 80 ∧ 𝑟𝑒𝑡 = ’A’, does not imply the precondition 80 ≤ 𝑠 ≤ 100,
since 𝑠 = 101 satisfies the constraint but violates the precondition.
The same holds for path 3. As a result, among these three path
constraints and four functional specifications, only one constraint-
specification pair is matched.

(iii) Path Constraint Enhancement. During the matching process,
the LLM initially fails to produce functional specifications for the
first and third paths. For such unmatched paths (e.g., the third),
FuSE automatically infers and assigns a specification based on the
path constraint. Consequently, the third path is annotated with the
functional specification highlighted in blue in Figure 4(d). In this
way, FuSE aims to annotate as many execution paths as possible
with functional specifications.

(iv) Functional Specification Enhancement. Conversely, functional
specifications that remain unmatched (e.g., Partition 4) indicate a
potential gap between the requirements and the implementation.
FuSE leverages this insight to support the automated identification
of candidate missing functionality—for instance, by generating a
test case targeting the potentially unimplemented behavior (e.g.,
“𝑠 = −5” with the expected outcome “𝐼𝑙𝑙𝑒𝑔𝑎𝑙𝐴𝑟𝑔𝑢𝑚𝑒𝑛𝑡𝐸𝑥𝑐𝑒𝑝𝑡𝑖𝑜𝑛”).
Consequently, the test case is annotated with the functional spec-
ification highlighted in blue in Figure 5. Executing this test can
expose the discrepancy as a defect candidate. In this example, it is
confirmed as a functional defect because the implementation fails
to handle the invalid input required by the specification.
3) Summary. This example illustrates the key capabilities of FuSE,
namely, to automatically connect low-level execution paths to high-
level functional semantics, infer missing specifications, and reveal
discrepancies between requirements and implementation. These
capabilities collectively form the basis for the automated functional
analysis we present in this work.

3 Method
Algorithm 1 details the workflow of FuSE. The algorithm takes a
program P and its functional specificationD as inputs, and outputs
a set of path constraints annotated with functional specifications
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Figure 3: The design of FuSE framework.

Figure 4: Path-level functional analysis of the example program by FuSE.

Figure 5: Functional Specification Enhancement.

alongside a set of unmatched specifications. The process comprises
three main steps.
Symbolic Execution and LLM Querying (Lines 1-3). First, FuSE
employs SymbolicExecution(P) to generate a set of path constraints
PC for program P(Line 1). Each path constraint 𝑝𝑐 ∈ PC encodes
the conditions to reach a specific path and its expected output. Next,
it queries the LLM viaQueryLLM1(D) to decompose the functional

description D into a set of functional specifications FS(Line 2).
Each specification 𝑓 𝑠 ∈ FS is a triple (𝑃𝑟𝑒, 𝑃𝑜𝑠𝑡, 𝐷𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛), rep-
resenting the precondition, postcondition, and a natural language
description. Essentially, FuSE leverages the LLM’s ability to decom-
pose functionality and generate functional specifications, rather
than to annotate all path constraints directly. Using LLMs to anno-
tate every path would primarily capture what the implementation
appears to do, whereas FuSE aims to determine whether the imple-
mentation conforms to the intended requirements. Therefore, FuSE
generates path-agnostic functional specifications that define in-
tended behavior independently of any execution path, which helps
identify discrepancies between requirements and implementation.
In contrast, generating specifications per path risks overfitting to
potentially faulty implementations and thereby obscuring defects.
The algorithm maintains four initially empty sets during matching:
annotated path constraints PC𝑎 , matched path constraints PC𝑚 ,
covered specifications FS𝑐 , and the mapping between 𝑝𝑐 and 𝑓 𝑠 ,
R (Line 3).
MatchingPathConstraintwith Functional Specification (Lines
4-12). FuSE then matches each path constraint 𝑝𝑐 ∈ PC with a
functional specification 𝑓 𝑠 ∈ FS. A match is established if 𝑝𝑐
logically implies both the precondition (𝑝𝑐 ⇒ 𝑃𝑟𝑒 at Line 7) and
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Algorithm 1 LLM-Enabled Path-Level Functional Analysis
Input: P is a program, and D is the functional specification of P in natural
language.
Output: (R, FS𝑢 ), where R is a set of annotated path constraints and FS𝑢 is a
set of unmatched functional specifications.

1: PC ← SymbolicExecution(P)
2: FS ←QueryLLM1(D)
3: PC𝑎, PC𝑚, FS𝑐 , R ← ∅, ∅, ∅, ∅
4: for each 𝑝𝑐 ∈ PC do
5: for each 𝑓 𝑠 ∈ FS do
6: ⊲ 𝑓 𝑠 = (𝑃𝑟𝑒, 𝑃𝑜𝑠𝑡, 𝐷𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛)
7: if 𝑝𝑐 ⇒ 𝑃𝑟𝑒 then
8: R ← R ⊎ {𝑝𝑐 ↦→ { 𝑓 𝑠 }}
9: PC𝑎 ← PC𝑎 ∪ {𝑝𝑐 }
10: if 𝑝𝑐 ⇒ 𝑃𝑜𝑠𝑡 then
11: PC𝑚 ← PC𝑚 ∪ {𝑝𝑐 }
12: FS𝑐 ← FS𝑐 ∪ { 𝑓 𝑠 }
13: for each 𝑝𝑐 𝑓 ∈ PC \ PC𝑎 do
14: 𝑓 𝑠𝑛 ←QueryLLM2(D, 𝑝𝑐 𝑓 )
15: ⊲ 𝑓 𝑠𝑛 = (𝑃𝑟𝑒𝑛, 𝑃𝑜𝑠𝑡𝑛, 𝐷𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛𝑛 )
16: if 𝑝𝑐 𝑓 ⇒ 𝑃𝑟𝑒𝑛 ∧ 𝑝𝑐 𝑓 ⇒ 𝑃𝑜𝑠𝑡𝑛 then
17: R ← R ⊎ {𝑝𝑐 𝑓 ↦→ { 𝑓 𝑠𝑛 }}
18: return (R, FS \ FS𝑐 )

the postcondition (𝑝𝑐 ⇒ 𝑃𝑜𝑠𝑡 at Line 10) of 𝑓 𝑠 . Upon a success-
ful match, 𝑝𝑐 is annotated with 𝑓 𝑠’s functionality (Line 11), and
𝑓 𝑠 is marked as covered (Line 12). If 𝑝𝑐 implies the precondition
but not the postcondition, it is annotated with the corresponding
specification and flagged for user inspection, indicating a potential
discrepancy between the program and the LLM-derived specifica-
tion (Lines 8-9). Here, ⊎ denotes adding 𝑓 𝑠 to the annotation set of
𝑝𝑐 . The set R records all successful (𝑝𝑐 , 𝑓 𝑠) mappings.
Path Constraint Enhancement (Lines 13-17). If a path con-
straint cannot be initially annotated, FuSE performs an enhance-
ment step. Specifically, when the LLM fails to produce a precondi-
tion implied by the constraint, FuSE prompts the LLM to generate a
new functional specification 𝑓 𝑠𝑛 , which is then used to annotate the
path. The annotation succeeds only if the path constraint implies
both the new pre- and postcondition, and accepted annotations
must pass executable validation. Thus, FuSE avoids directly using
the LLM to annotate all paths, since unvalidated LLM-generated
annotations may be unreliable.

Following this enhancement, the algorithm yields the final an-
notated path constraints R and the set of unmatched specifications
FS𝑢 = FS \ FS𝑐 (Line 18). The LLM is re-queried if its output
contains invalid syntax. Methodologically, Algorithm 1 does not
restrict the search scope and serves as a general-purpose approach
applicable to different levels of symbolic execution, such as unit-
level and system-level analysis. It employs two LLM queries (Lines
2 and 14), each with a tailored prompt: one for high-level functional
partition and specification generation, and the other for generating
a functional specification for a single path constraint.

3.1 Matching Path Constraint with Functional
Specification

The primary challenge is automatically translating natural language
functional descriptions into precise, verifiable formal specifications.
For the first LLM query, QueryLLM1(D) (Line 2 of Algorithm 1),
we designed a structured prompt template based on prompt engi-
neering research [37, 45, 66]. Our template consists of four parts: (1)

Figure 6: Prompt template for generating functional specifi-
cations from natural language descriptions.

Figure 7: Prompt template for generating functional specifi-
cations for unannotated path constraints.

a role description, (2) relevant information, (3) task requirements,
and (4) the expected output format, as detailed in Figure 6.

Key design choices include: providing only the function signa-
ture to ensure reasoning from the natural language description,
and tailoring instructions to the target language (e.g., including
explicit guidance on handling exceptions for Java). The prompt
instructs the LLM to reason solely from the function signature (ex-
cluding the implementation code) and to generate path-agnostic,
executable pre/postconditions. To enhance the generalizability of
FuSE and avoid designing a language-specific intermediate con-
straint representation, we prompt the LLM to generate executable
formal specifications directly in the target programming language.
These executable checks enable direct validation of path constraints
against the generated specifications.

Consider the example in Section 2, where the symbolic execution
generates three path constraints (Figure 4(a)). Only one of them
is successfully matched against the LLM-derived specifications
(Figure 4(b)). This result directly underscores the necessity of our
enhancement step.

3.2 Path Constraint Enhancement
A further challenge arises because LLMs, trained on finite corpora,
may not cover all corner cases or exception-handling scenarios [23].
Consequently, some path constraints may initially lack a matching
specification. To address this, we introduce a second LLM query
QueryLLM2(D, 𝑝𝑐 𝑓 ) (Line 14 of Algorithm 1). This query provides
the LLM with additional context (i.e., the unannotated path con-
straint) and instructs it to generate a tailored functional specifica-
tion on demand.

The prompt template for this query consists of four parts: (1)
role definition, (2) details about the unannotated path constraint,
including relevant functional specifications, the function signature,
and the path constraint itself, (3) task requirements, and (4) the
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Algorithm 2 Functional Specification Enhancement
Input: D is the functional specification of program P in natural language, and
FS𝑢 is a set of unmatched functional specifications.
Output:M is a set of annotated functional test cases.

1: M ← ∅
2: for each 𝑓 𝑠𝑓 ∈ FS𝑢 do
3: ⊲ 𝑓 𝑠𝑓 = (𝑃𝑟𝑒𝑓 , 𝑃𝑜𝑠𝑡𝑓 , 𝐷𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛𝑓 )
4: 𝑢𝑐𝑛 ←QueryLLM3(D, 𝑓 𝑠𝑓 )
5: ⊲ 𝑢𝑐𝑛 = (𝐼𝑛,𝑂𝑛 )
6: if 𝐼𝑛 ⊢ 𝑃𝑟𝑒𝑓 ∧ (𝐼𝑛,𝑂𝑛 ) ⊢ 𝑃𝑜𝑠𝑡𝑓 then
7: M ← M ∪ {𝑢𝑐𝑛 ↦→ 𝑓 𝑠𝑓 }
8: returnM

Figure 8: Prompt template for generating satisfying assign-
ments for uncovered functional specifications.

required output format, as shown in Figure 7. The LLM is prompted
to generate executable pre/postconditions, which are then used to
validate the path constraint. If the LLM’s output contains syntax
errors or fails the validation check, the query is repeated, with a
maximum of five attempts. If validation continues to fail after this
threshold, the path constraint remains unannotated. For example,
this enhancement successfully generates the functional specifica-
tion in Figure 4(d) for the third path in Figure 4(a).

3.3 Functional Specification Enhancement
A symmetric challenge arises when some functional specifications
are not covered by any path constraint, indicating potential gaps in
test coverage. To address this, we leverage unmatched specifications
for functional test generation, as outlined in Algorithm 2.

For each unmatched specification 𝑓 𝑠𝑓 , we construct a prompt
incorporating 𝑓 𝑠𝑓 and its original natural language description
D. The LLM is then queried (QueryLLM3(D, 𝑓 𝑠𝑓 ) at Line 4) to
generate a satisfying assignment 𝑢𝑐𝑛 , consisting of an input 𝐼𝑛
and an expected output 𝑂𝑛 . The consistency of this assignment
with 𝑓 𝑠𝑓 is verified (Line 6) by checking that the input satisfies the
precondition (𝐼𝑛 ⊢ 𝑃𝑟𝑒𝑓 ) and that the input–output pair satisfies
the postcondition ((𝐼𝑛,𝑂𝑛) ⊢ 𝑃𝑜𝑠𝑡𝑓 ). If consistent, the assignment is
annotated as a functional test case (Line 7). The algorithm ultimately
returns a setM of such annotated test cases. If the LLM’s output
contains syntax errors or fails the consistency check, the query is
repeated up to a maximum of five attempts. If the failure persists,
no test case is generated for that specification.

The prompt template consists of three components: 1) role defi-
nition and language-specific guidance, 2) the requirement specifica-
tion, function signature, sub-functionality descriptions, and formal
specifications, and 3) the required output content and format, as
shown in Figure 8. For instance, this enhancement annotates the
invalid-input sub-functionality with a new satisfying assignment
in Figure 5, thereby enhancing the robustness of testing against the
functional specifications.

3.4 Discussion
FuSE supports functional analysis by generating path-level an-
notations, including preconditions, postconditions, and natural-
language descriptions. LLM-derived specifications and annotations
are not treated as ground truth; instead, LLMs serve only as candi-
date generators, and their outputs are validated against symbolic
execution results through pre/postcondition implication checks.
As a result, FuSE reports validated annotations and defect candi-
dates, while the final judgment of semantic correctness remains
with developers or testers.

4 Experimental Design
We evaluate the effectiveness and utility of FuSE in automated func-
tional testing scenarios. Our investigation addresses the following
research questions:

RQ1: Effectiveness in Automated Generation. How well can
FuSE automatically generate functional annotations for paths?

RQ2: Practical Utility. Does FuSE improve automated func-
tional testing (quantified by improvements in functional coverage
and the identification of confirmed functional defects)?

RQ3: Quality of Automated Annotations. To what extent do
the annotations generated by FuSE meet the required quality?

4.1 Evaluation Subjects
We evaluate FuSE across two complementary categories of subjects.
Benchmarks. Our evaluation employs two established bench-
marks: HumanEval-X[71] for code generation and logic_bombs[67]
for symbolic execution. HumanEval-X provides natural language
intents and reference solutions for each problem, enabling direct
construction of functional testing and defect candidate identifica-
tion tasks. In contrast, logic_bombs is designed to capture core
challenges in symbolic execution rather than to provide functional
descriptions. Consequently, we manually craft a functional descrip-
tion for each program in this benchmark to support our evaluation.
Real-world Programs. To further assess the practical applicabil-
ity of FuSE, we select four popular, high-star-count open-source
projects that contain functional descriptions in their source code
comments. Our selection spans multiple languages and domains,
including the numerical C library FDLIBM [1], the Python algorithm
repository The Algorithms [2], the Java libraries Apache Commons
Math [3] and Apache Commons CLI [4].

4.2 Evaluation Metrics
We evaluate FuSE in two phases: the match phase and the enhance-
ment phase. Our metrics are derived from the following founda-
tional sets.
Foundational Sets. For a target program P, let (1) PC be the set
of all path constraints and (2) FS be the set of formal specifications
(pre/postcondition pairs) derived from the functional description.
We partition PC and FS according to the following two phases.
Match Phase. This phase matches the paths PC against the formal
specification FS, where (1) PC𝑚 denotes the path constraints fully
matched by a specification (both pre/postconditions hold); (2) PC𝑎
denotes the path constraints annotated by at least one specifica-
tion’s precondition (may not be fully matched); (3) PC𝑑 denotes
the path constraints annotated but not fully matched, indicating
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potential implementation-specification discrepancies and reported
as defect candidates for user confirmation; and (4) FS𝑚 denotes the
specifications covered by at least one fully matched path constraint.
Notations are formalized as follows.

PC𝑚 = {𝑝𝑐 ∈ PC | ∃𝑓 𝑠 ∈ FS, (𝑝𝑐 ⇒ 𝑓 𝑠𝑃𝑟𝑒 ) ∧ (𝑝𝑐 ⇒ 𝑓 𝑠𝑃𝑜𝑠𝑡 )} (2)

PC𝑎 = {𝑝𝑐 ∈ PC | ∃𝑓 𝑠 ∈ FS, 𝑝𝑐 ⇒ 𝑓 𝑠𝑃𝑟𝑒 } (3)
PC𝑑 = PC𝑎 \ PC𝑚 (4)

FS𝑚 = {𝑓 𝑠 ∈ FS | ∃𝑝𝑐 ∈ PC, (𝑝𝑐 ⇒ 𝑓 𝑠𝑃𝑟𝑒 ) ∧ (𝑝𝑐 ⇒ 𝑓 𝑠𝑃𝑜𝑠𝑡 )} (5)
Enhancement Phase. In this phase, FuSE utilizes a set of newly
generated candidate specifications FS𝑛 and a set of newly generated
test cases UC𝑛 to improve matching.

PC𝑒𝑚 = {𝑝𝑐 ∈ PC \ PC𝑎 | ∃𝑓 𝑠 ∈ FS𝑛, (𝑝𝑐 ⇒ 𝑓 𝑠𝑃𝑟𝑒 ) ∧ (𝑝𝑐 ⇒ 𝑓 𝑠𝑃𝑜𝑠𝑡 )} (6)

FS𝑒𝑚 = {𝑓 𝑠 ∈ FS \ FS𝑚 | ∃𝑢𝑐 ∈ UC𝑛, 𝑢𝑐𝐼 ⊢ 𝑓 𝑠𝑃𝑟𝑒 ∧ 𝑢𝑐𝑂 ⊢ 𝑓 𝑠𝑃𝑜𝑠𝑡 } (7)
Here, PC𝑒𝑚 is the set of previously unmatched paths that are newly
matched by FS𝑛 and FS𝑒𝑚 is the set of previously uncovered
specifications that are newly covered byUC𝑛 .
Metrics. Based on the sets defined above, we derive three core
metric groups: the Path Match Rate (R𝑚), the Path Annotation Rate
(R𝑎), and the Functional Coverage (R𝑐 ). These metrics are reported
in three variants: initial (R∗), enhancement (R𝑒∗), and final (R 𝑓

∗ ).
1. Path Match Rate (R𝑚): The proportion of path constraints that
are fully matched to a specification.

R𝑚 =
|PC𝑚 |
|PC| R𝑒𝑚 =

|PC𝑒𝑚 |
|PC| R 𝑓

𝑚 =
|PC𝑚 ∪ PC𝑒𝑚 |
|PC| (8)

2. Path Annotation Rate (R𝑎): The proportion of path constraints
annotated with at least one specification.

R𝑎 =
|PC𝑎 |
|PC| R 𝑓

𝑎 =
|PC𝑎 ∪ PC𝑒𝑚 |
|PC| (9)

3. Functional Coverage (R𝑐 ): The proportion of formal specifica-
tions (derived from discretizing natural language requirements via
an LLM) that are covered by at least one test case.

R𝑐 =
|FS𝑚 |
|FS| R𝑒𝑐 =

|FS𝑒𝑚 |
|FS| R 𝑓

𝑐 =
|FS𝑚 ∪ FS𝑒𝑚 |
|FS| (10)

4.3 Baseline and LLMs
Baseline. We adopt UnitTestBot [25–27, 60] as the baseline. For
each subject, we generate two sets of test cases: the original UnitTest-
Bot output and those annotated by FuSE.
LLMs. Since FuSE relies on an underlying LLM, we use two widely-
used models: OpenAI’s GPT-4o and Alibaba Cloud’s Qwen3-Max.
Our evaluation focuses on assessing FuSE rather than benchmark-
ing the LLMs themselves.

4.4 Implementation and Environment
Implementation. Our implementation extends UnitTestBot [25–
27, 60], a multi-language symbolic execution engine that generates
unit test cases and therefore naturally supports function-level anal-
ysis. Building on this foundation, the core of FuSE is a prompt
that instructs the LLM to generate executable formal specifications
(pre/postconditions) directly in the target programming language as
check code. For each function, FuSE matches the generated specifi-
cations against execution paths. Our approach bypasses the conven-
tional pipeline (natural-language→ intermediate representation
→ code), eliminating the semantic gaps inherent in translation.

Under-approximation Validation. To match path constraints
with generated specifications in functional testing, we adopt an
under-approximation strategy based on executable validation rather
than logical implication checking. This approach is well-suited for
functional testing, where the objective is to obtain correct test cases
rather than to perform exhaustive verification. For each path, we
verify that concrete solutions (i.e., values satisfying the constraint)
also satisfy the specification’s pre- and postconditions. Since these
solutions satisfy the path constraint, any input derived from them
is guaranteed to follow the intended execution path.

This under-approximation ensures that the generated test cases
satisfy both the path constraints and the formal specifications, al-
though it may miss some functional issues because logical impli-
cation is not guaranteed. We use this design for two reasons. First,
such satisfaction is sufficient for behavior validation in our set-
ting. Second, checking whether path constraints logically imply
specifications is difficult in practice, as it would require a unified for-
mal representation: path constraints are logical formulas, whereas
specifications may involve library calls, helper functions, or other
constructs that are hard to encode uniformly in logic across tools
and languages. To evaluate the correctness of the matching, we
manually inspected a random sample of matches.
Experimental Setup. All experiments were conducted on a server
running Ubuntu 20.04, equipped with 128 3.1GHz cores and 256G
memory. To mitigate the stochasticity of LLM generation, we con-
ducted 5 independent runs and report the mean results.

4.5 Manual Inspection Design
To evaluate the quality of generated specifications and the impact of
under-approximation (RQ3), we conducted a manual inspection on
8 randomly selected programs per language (C++, Java, and Python).
Three inspectors with formal methods background independently
assessed each specification along three dimensions:
• Consistency: The extent to which the path constraints logically
imply the preconditions and postconditions. Specifically, we cal-
culate the proportion of test cases (satisfying the path constraints)
that also satisfy the pre/postconditions.
• Correctness: The semantic accuracy of each LLM-generated
component (preconditions, postconditions, descriptions) in cap-
turing the intended requirements. It is quantified as the ratio of
correct component specifications.
• Completeness: This property holds for a program if the dis-
junction of all its generated preconditions covers the entire input
domain. The ratio is the proportion of programs for which com-
pleteness holds.

4.6 User Study Design
To evaluate the practical utility (RQ2) and perceived quality of
the generated annotations (RQ3), we conducted a controlled user
study with software testers. The study was designed to compare
the effectiveness of FuSE against a state-of-the-art baseline and to
collect subjective ratings on annotation quality.
Participants. We recruited 40 participants (33 from academia and
7 from industry) with backgrounds in software development and
testing. Their average experience was 3.88 years in software devel-
opment and 1.3 years in software testing. The participants were
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grouped by their primary programming language expertise: C/C++
(18 participants), Java (10), and Python (12). Each participant was
assigned to evaluate programs written in their declared language
of expertise, ensuring familiarity with the code under review.
Subject Programs and Assignment. We selected 18 programs (2
C, 4 C++, 6 Java, 6 Python) spanning a range of complexity. They
were partitioned into two groups (Set A and B) of comparable com-
plexity and defect distribution. The study used a within-subjects,
counterbalanced design. Each participant evaluated 6 programs.
The independent variable was the type of test information pro-
vided: (1) Experimental Condition: Programs evaluated with FuSE’s
functionally annotated test cases. (2) Baseline Condition: Programs
evaluated with UnitTestBot’s non-annotated test cases.
Procedure and Tasks. Each session lasted one hour. For each
program, participants were given its source code, a functional spec-
ification, and a set of test cases (the format of which depended on
the experimental condition). Their task was to identify as many
functional defects as possible within a time limit.

To ensure comparability, both groups were required to demon-
strate their understanding of program functionality in different
forms. Participants in the FuSE group wrote new test cases based
on the annotated tests, whereas those in the UnitTestBot group
wrote functional descriptions based on the unannotated tests. This
design allowed us to assess functional understanding while control-
ling task difficulty across conditions. Effectiveness was measured
by the number of confirmed functional defects identified and the
functional coverage achieved during the session. Table 1 details the
presentation format and instructions for each condition.
Quality Assessment Survey. To complement the task-based eval-
uation, we administered a survey to assess the perceived quality of
the functional annotations generated by FuSE. After completing the
experimental tasks, participants rated the annotations on several
dimensions using a 5-point Likert scale, with scores of 5, 4, 3, 2,
and 1 indicating “extremely well”, “very well”, “moderately well”,
“slightly well”, and “not well”, respectively. The rated dimensions,
explained to participants beforehand, were:
• Correctness (𝐹𝑆𝑐𝑜𝑟 /𝐹𝐷𝑐𝑜𝑟 ):Whether the specification/ descrip-
tion accurately captures the intended requirement.
• Accuracy (𝐹𝑆𝑎𝑐𝑐 /𝐹𝐷𝑎𝑐𝑐 ): The precision and lack of ambiguity in
the specification/description.
• Completeness (𝐹𝑆𝑐𝑜𝑚/𝐹𝐷𝑐𝑜𝑚):whether the set of specifications/
descriptions collectively covers the complete functionality.
• Usefulness (𝐹𝐴𝑢𝑠𝑒 ): Whether the annotations reduce the effort
required to understand test case functionality.
• Necessity (𝐹𝐴𝑛𝑒𝑐 ):Whether each annotation is essential, as op-
posed to redundant (e.g., for trivial test cases).

This survey provided direct subjective feedback on the annotation
quality, addressing RQ3.

5 Experimental Results
5.1 Results of RQ1: Effectiveness
This section evaluates the effectiveness of FuSE in automatically
generating functional annotations for program paths. We present
benchmark results reporting the initial match rate (R𝑚), enhance-
ment match rate (R𝑒𝑚), and final annotation success rate (R 𝑓

𝑎 ). Ta-
ble 2 summarizes the core findings. Columns 1, 2, and 3 present the
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Figure 9: Match and Annotation Success Rates Across Lan-
guages and LLMs (Initial vs. Final).

following information, respectively: (1) the programming language
and the number of subject programs; (2) the number of symbolic ex-
ecution paths explored, with the average per program ranging from
2.1 to 5.6 across languages; and (3) the large language model (LLM)
used. (Note: Due to UnitTestBot’s limitations in handling complex
data types, the C/C++ evaluation uses a subset of the benchmark.)
Overall Effectiveness. FuSE achieves high final annotation rates
(R 𝑓

𝑎 ), ranging from 0.61 to 0.99 across the four programming lan-
guages. This demonstrates successful functional annotation for the
majority of analyzed program paths. Both LLMs (GPT and Qwen)
produce competitive results, with GPT consistently outperforming
Qwen, particularly on Java programs (0.87 vs. 0.61).
Effectiveness of theTwo-Phase Process.The decomposition into
matching (R𝑚) and enhancement (R𝑒𝑚) phases elucidates each com-
ponent’s contribution. The initial match phase achieves substantial
rates (0.50–0.70), confirming the core mechanism’s efficacy. The en-
hancement phase then provides significant absolute improvements,
increasing match rates by 0.03 to 0.26. This highlights the value of
the enhancement step in recovering matches initially missed. For
example, on C++ programs, enhancement improved GPT’s match
rate by 0.26, raising the final annotation rate to 0.96. Figure 9 visu-
ally illustrates this two-phase progression, showing the consistent
gains from initial to final match rates across languages and LLMs.
Causes of Unmatched or Unannotated Paths.A path is counted
as annotated once it receives an annotation, and as matched only
if it passes executable validation after the two-stage process. Ac-
cordingly, the annotation rates (0.61–0.99) reflect annotated paths,
whereas the match rates (0.53–0.88) reflect validated matches rather
than raw LLM outputs. Paths that remain unmatched or unan-
notated may arise from several factors, including (1) underspeci-
fied requirements; (2) implementation-specific behavior, such as
helper functions, defensive checks, or exception handling, that is
not captured by the requirements; (3) specifications that do not
pass executable validation in either the matching stage or the en-
hancement stage; (4) complex path constraints involving boundary
cases, compound predicates, or library-dependent behavior; and
(5) discrepancies between the implementation and the intended
requirements.
Actionable Output: The Candidate Set PC𝑑 . Paths that satisfy
a precondition but lack a matching postcondition are collected in
the candidate set PC𝑑 (Column 6 in Table 2). This set is a high-
priority target for analysis. It may include: (1) potential specification
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Table 1: User Study Design: Task Breakdown by Group
Group Materials Provided Participant Tasks

FuSE
1. Functional Specification 1. Functional Defect Identification: Annotate code locations inconsistent with the specification.
2. Program Source Code 2. Coverage Assessment: Annotate the degree to which test cases cover the specification.
3. Test Cases with Functional
Annotations

3. Comprehension & Extension: Write new test cases covering the same functionality.

UnitTestBot
1. Functional Specification 1. Functional Defect Identification: Annotate code locations inconsistent with the specification.
2. Program Source Code 2. Coverage Assessment: Annotate the degree to which test cases cover the specification.
3. Test Caseswithout Functional
Annotations

3.Comprehension&Description:Write a natural language description of each test case’s functionality.

Table 2:Main experimental results on benchmarks (♯𝑃𝐶: num-
ber of 𝑝𝑐, R𝑚 : initial match rate, R𝑎 : initial annotation rate,
♯PC𝑑 : number of defect candidates,R𝑒𝑚 : enhancedmatch rate,
R 𝑓
𝑚 : final match rate, R 𝑓

𝑎 : final annotation rate)
Lang. (No.) ♯𝑃𝐶 LLM R𝑚 R𝑎 ♯PC𝑑 R𝑒𝑚 R 𝑓

𝑚 R 𝑓
𝑎

C(32) 67
gpt 0.69 0.84 10 +0.14 0.83 0.98
qwen 0.70 0.82 8 +0.16 0.86 0.99

C++(65) 201
gpt 0.60 0.70 21 +0.26 0.85 0.96
qwen 0.64 0.72 16 +0.24 0.88 0.96

Java(164) 843
gpt 0.52 0.63 90 +0.24 0.76 0.87
qwen 0.50 0.58 66 +0.03 0.53 0.61

Python(164) 932
gpt 0.64 0.71 65 +0.24 0.88 0.95
qwen 0.68 0.74 53 +0.12 0.80 0.86

violations that can be confirmed as functional defects after user
inspection, and (2) legal program behaviors not yet described by the
generated formal specifications. For instance, when using GPT as
the LLMbackend, FuSE reported 90 such candidate paths in Java pro-
grams. This output significantly reduces manual inspection effort
by directing developers to potential implementation-specification
discrepancies and missing requirements—a key practical benefit.
Language-SpecificTrends.The results reveal language-dependent
patterns. FuSE performs best on C programs, achieving final anno-
tation rates of 0.98 (GPT) and 0.99 (Qwen). Performance is strong on
Python and C++, but lower on Java, where initial match rates are re-
duced and the performance gap between LLMs is most pronounced,
indicating potential language- or benchmark-specific challenges.

RQ1 (Effectiveness). FuSE effectively automates functional
annotation, achieving high final success rates (0.87–0.98)
across four languages through its robust two-phase process.
The method also produces a high-priority candidate set PC𝑑
that efficiently guides inspection toward potential discrepan-
cies for user confirmation.

5.2 Results of RQ2: Utility
To answer RQ2, we evaluate FuSE’s utility in improving functional
testing outcomes using two metrics: functional coverage and the
number of functional defects.

We evaluate utility in two settings. First, on benchmarks and real-
world programs, we measure the functional coverage achieved by
FuSE and the number of functional defects it exposes. Functional
coverage is computed automatically, while reported defects are
manually inspected. Second, we conduct a controlled user study to
assess whether these benefits transfer to human testers. There, we
measure the functional coverage achieved and the number of func-
tional defects detected with FuSE’s assistance based on participants’
actual testing results.

Table 3: Main experimental results on benchmarks ( ♯𝐹𝑆 :
number of 𝑓 𝑠, R𝑝 : specification parsing rate, R𝑐 : initial func-
tional coverage, R𝑒𝑐 : enhanced functional coverage, R 𝑓

𝑐 : final
functional coverage)

Lang. (No.) ♯𝑃𝐶 LLM ♯𝐹𝑆 R𝑝 R𝑐 R𝑒𝑐 R 𝑓
𝑐

C(32) 67
gpt 136 0.89 0.27 +0.60 0.87
qwen 144 0.88 0.27 +0.55 0.82

C++(65) 201
gpt 344 0.85 0.36 +0.36 0.72
qwen 369 0.89 0.36 +0.38 0.74

Java(164) 843
gpt 1028 0.93 0.42 +0.42 0.84
qwen 850 0.85 0.43 +0.26 0.69

Python(164) 932
gpt 953 0.99 0.50 +0.43 0.93
qwen 929 0.99 0.53 +0.40 0.93
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Figure 10: Functional Coverage Across Languages and LLMs
(Initial vs. Final).

Functional Coverage on Benchmarks. The performance of FuSE
is first quantified on benchmarks. Our specification generation
phase produces a substantial number of formal specifications ♯𝐹𝑆
that typically exceeds the scenarios covered by baseline unit tests
♯𝑃𝐶 , indicating broader testability. The subsequent matching and
enhancement phases significantly improve the functional cover-
age, as measured by R 𝑓

𝑐 . As shown in Table 3, the final functional
coverage ranges from 69% to 93% across the four languages. The im-
provement from the initial matching stage R𝑐 to the final coverage
R 𝑓
𝑐 is substantial, as also visualized in Figure 10. This demonstrates

that FuSE effectively generates and leverages functional specifica-
tions to achieve high coverage.
Defect Candidate and False Positive Analysis. Beyond cov-
erage, the generated specifications support in-depth analysis of
inconsistencies where test cases satisfy the precondition but do
not satisfy the postcondition. We introduce a classification rule to
interpret these defect candidates, manually labeling each as one
of three root causes. We treat cases labeled as Functional Defect
as confirmed defects, while cases labeled as LLM Hallucination or
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Table 4: Root cause analysis of defect candidates reported by
FuSE (𝑝𝑐 ⇒ 𝑃𝑟𝑒 and ¬(𝑝𝑐 ⇒ 𝑃𝑜𝑠𝑡 )). Root-cause categories are
not mutually exclusive, since a defect candidate may involve
multiple root causes. Percentages are calculated relative to
the total number of unique defect candidates per language.

Root cause C++ Java Python
Functional Defect 10 (47.62%) 61 (67.03%) 31 (44.93%)
LLM Hallucination 13 (61.90%) 21 (23.08%) 36 (52.17%)
Ambiguous Requirement 2 (9.52%) 9 (9.89%) 11 (15.94%)
Total Unique Cases 21 91 69

Table 5: Results on real-world programs (cf. metrics in Table
2 and 3 )

Lang. LLM R𝑚 R𝑒𝑚 R 𝑓
𝑚 ♯𝑃𝐶𝑑 R𝑐 R𝑒𝑐 R 𝑓

𝑐

C
gpt 0.78 0.11 0.89 1 0.13 0.52 0.65
qwen 0.33 0.11 0.44 5 0.06 0.27 0.33

Java
gpt 0.77 0.11 0.88 1 0.64 0.22 0.86
qwen 0.75 0.09 0.84 1 0.50 0.25 0.75

Python
gpt 0.88 0.12 1.00 2 0.79 0.14 0.93
qwen 0.65 0.27 0.92 2 0.61 0.06 0.67

Ambiguous Requirement are considered false positives from the
perspective of defect reporting:
• Functional Defect: The program behavior violates a clear, un-
ambiguous requirement and is confirmed by manual inspection.
• LLM Hallucination: The postcondition adds content not in the
original requirement.
• AmbiguousRequirement: The inconsistency stems from vague
or missing requirements.

Three authors independently inspected each case from the experi-
mental round that yielded the highest number of inconsistencies,
and all disagreements were resolved by consensus.

Table 4 reveals that a substantial portion of the reported de-
fect candidates (up to 67.03% for Java) are confirmed as Functional
Defects after manual inspection (e.g., unhandled edge cases). The
remaining cases mainly stem from LLM Hallucinations (especially
in C++/Python) or Ambiguous Requirements. Notably, Ambigu-
ous Requirements result in underspecified prompts, which can lead
LLMs to produce interpretations misaligned with the original intent.
This misalignment renders final diagnosis a matter of careful adjudi-
cation, especially for cases with multiple root causes. This analysis
clarifies the reliability boundary of FuSE: it reports validated can-
didates rather than final defect judgments. The results show that
FuSE narrows the inspection space by producing actionable defect
candidates that still require user confirmation.
Validation on Real-World Programs. To evaluate generalization,
we applied FuSE to real-world programs. Table 5 shows that FuSE
maintains high final functional coverage (R 𝑓

𝑐 ) and matching success
rate (R 𝑓

𝑚), averaging 81% and 92%, respectively. This suggests that
FuSE can be extended to more complex, practical scenarios.
Controlled User Study. A controlled, one-hour study with 40
experienced testers further shows the practical utility of FuSE. Par-
ticipants were given testing tasks to compare FuSE against the
state-of-the-art baseline, UnitTestBot. Table 6 presents the results.
Testers using FuSE achieved significantly higher functional cover-
age (66.67% vs. 50.83%) and identified nearly twice as many con-
firmed functional defects (44.17% vs. 22.50%) compared to the base-
line. This clear advantage in a realistic, time-constrained setting
highlights the potential utility of the method for practitioners.

Table 6: Functionality coverage and functional defects con-
firmed by participants in the user study

Language Functional Coverage Confirmed Functional Defects
FuSE UnitTestBot Increased FuSE UnitTestBot Increased

C&C++ 77.78% 44.44% +33.33% 44.44% 20.37% +24.07%
Java 56.67% 70.00% -13.33% 60.00% 40.00% +20.00%
Python 58.33% 44.44% +13.89% 30.56% 11.11% +19.44%
Sum 66.67% 50.83% +15.83% 44.17% 22.50% +21.67%

Table 7: Quality Assessment via Manual Inspection
Metric C++ Java Python
Consistency 0.92 0.85 0.95
Correctness 0.84 0.90 0.90
Completeness 0.63 0.75 0.75

RQ2 (Utility). FuSE significantly enhances functional testing,
reaching 69%-93% coverage on benchmarks and 81% on real-
world programs. It reports defect candidates, of which 44%-67%
are confirmed as real errors after manual inspection. In a user
study, it helped testers achieve 15.8% higher coverage and find
twice as many confirmed functional defects as the baseline.

5.3 Results of RQ3: Quality
To assess the quality of annotations automatically generated by
FuSE, we evaluated them from two complementary perspectives: an
internal manual inspection and an external user study. The results
from both assessments confirm the high quality of the annotations.
Internal Manual Inspection. As summarized in Table 7, FuSE
achieves high consistency (0.85-0.95) and correctness (0.84-0.90),
indicating that the generated annotations are semantically accurate
and internally consistent. The high consistency ratios further sug-
gest that our under-approximation is effective in practice. Although
executable validation does not guarantee logical implication, man-
ual inspection shows that in 0.85-0.95 of the inspected cases, the
path constraints of the generated test cases also logically imply
the corresponding formal specifications. Completeness is lower
(0.63-0.75), leaving room for improvement in covering the full in-
put domain. Overall, FuSE produces reliable and logically sound
specifications with reasonable input coverage.

We find that the consistency of specification-matched annota-
tions (0.93 for C++, 0.85 for Java, and 0.93 for Python) is very close
to the overall consistency (0.92, 0.85, and 0.95, respectively), suggest-
ing that PC Enhancement does not introduce an obvious quality gap
in the current evaluation. However, PC-enhanced annotations have
a different risk profile: they rely more directly on the concrete im-
plementation and may generate implementation-specific or overly
strong conditions, such as input == x. This risk is particularly
relevant for exceptional paths, where inferred exception conditions
may become too narrow or tied to implementation-specific checks.
External User Study. To evaluate the annotation quality from
a practitioner’s perspective, we conducted a user study with 40
experienced software testers. Participants were asked to rate var-
ious attributes of the generated annotations on a 5-point Likert
scale (1=Not Well, 5=Extremely Well). The rated attributes include:
Formal Specifications: Correctness 𝐹𝑆𝑐𝑜𝑟 , Accuracy 𝐹𝑆𝑎𝑐𝑐 , and Com-
pleteness 𝐹𝑆𝑐𝑜𝑚 . Functional Descriptions: Correctness 𝐹𝐷𝑐𝑜𝑟 , Ac-
curacy 𝐹𝐷𝑎𝑐𝑐 , and Completeness 𝐹𝐷𝑐𝑜𝑚 . Functional Annotations:
Usability 𝐹𝐴𝑢𝑠𝑒 , Necessity 𝐹𝐴𝑛𝑒𝑐 .
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Table 8: User Study Ratings (5-point Likert Scale)
Language 𝐹𝑆𝑐𝑜𝑟 𝐹𝑆𝑎𝑐𝑐 𝐹𝑆𝑐𝑜𝑚 𝐹𝐷𝑐𝑜𝑟 𝐹𝐷𝑎𝑐𝑐 𝐹𝐷𝑐𝑜𝑚 𝐹𝐴𝑢𝑠𝑒 𝐹𝐴𝑛𝑒𝑐

C&C++ 4.39 4.50 3.94 4.89 4.56 4.17 4.11 4.11
Java 3.90 3.70 4.10 4.20 4.10 3.90 3.60 3.50
Python 4.42 4.25 4.08 4.42 4.33 4.08 4.00 4.08
Average 4.28 4.22 4.03 4.58 4.38 4.08 3.95 3.95

The user study results are presented in Table 8. The average
ratings across all attributes range from 3.95 to 4.58, corresponding
to a perception between “Very Well” and “Extremely Well”. These
consistently high ratings provide empirical evidence that practi-
tioners perceive the automatically generated annotations as highly
usable, accurate, and valuable in real-world scenarios.

RQ3 (Quality). FuSE generates high-quality annotations.
Manual inspection shows high consistency (up to 0.93) and
correctness (up to 0.90). A user study further validates high
practical acceptance, with average ratings of 3.95-4.58 (5-point
scale). FuSE produces practitioner-endorsed annotations.

5.4 Threats to Validity
Threats to validity are categorized as internal and external. A core
internal threat stems from our reliance on LLM-derived specifi-
cations, which depend on the quality and ambiguity of the input
requirements. Ambiguous or underspecified requirements can lead
to inconsistent or incorrect LLM outputs, which subsequently af-
fect the functional annotations and defect detection. FuSEmitigates
this threat by treating LLM outputs as candidate specifications
rather than ground truth and using executable checks to determine
whether feasible symbolic execution paths imply the specifications.
It therefore reports defect candidates for user confirmation rather
than final correctness judgments.

The main external threat is scalability to larger, more complex
systems. FuSE inherits the scalability limits of symbolic execution,
as its cost growswith the number and complexity of paths. However,
it does not require modifying the symbolic executor or exhaustively
exploring all paths, and it can be applied modularly or with bounded
path exploration. To mitigate this threat, we constructed our evalu-
ation suite from established benchmarks and real-world programs
across domains to improve the validity and breadth of the study.
Nonetheless, our evaluation is based on a specific set of programs
and languages; applying the approach to more complex systems or
other programming languages requires further investigation.

6 Related Work
LLMs for Symbolic Execution. Existing work primarily uses
LLMs to enhance symbolic execution. For example, LLMSym [30]
guides test input generation, LangSym [68] mitigates path explo-
sion via context-aware prompting, and LLM-Sym [63] assists SMT
solvers in resolving path constraints. SymPrompt [56] decomposes
test generation into staged prompts per path, while AutoBug [38]
introduces “LLM-powered symbolic execution” to interpret and
steer the process. Together, these approaches employ LLMs to
produce tests or guide execution. In contrast, FuSE uses LLMs
as requirement-aware specification annotators: it explicitly con-
nects requirement-derived functional specifications with explored
symbolic paths, shifting the focus from guiding path exploration to
interpreting paths in terms of intended functionality.

LLMs for Test Generation. Research explores using LLMs for
test generation. Approaches such as intention-guided IntUT [54]
and path-sensitive JUnitGenie [39] directly synthesize unit tests.
Others address challenges: SlicePromptTest4J [64] improves cov-
erage via decomposition; CodaMosa [36] overcomes stagnation in
search-based testing; UniTSyn [19] enhances accuracy with static
analysis; and TestPilot [57] auto-generates JavaScript unit tests.
UTGen [13] further integrates search-based testing with LLMs to
produce more comprehensible unit tests. Collectively, these works
focus on generating executable test cases. In contrast, FuSE does
not use LLMs primarily to produce test data; instead, it attaches
requirement-derived pre-/postconditions to symbolic paths, mak-
ing each path a unit for functional annotation, functional coverage
assessment, and discrepancy analysis.
Automated and LLM-based SpecificationGeneration. Research
on specification generation falls into two categories. The first de-
rives specifications from code, as in tools such as Atlas [65], TOGA
[14], EvoSpex [51], SpecFuzzer [50], SpecGen [43], and SpecEval
[42]. The second generates specifications from language artifacts.
This includes works that translate documentation (e.g., Toradocu
[18], Jdoctor [9], C2S [70]), use LLMs to produce postconditions (e.g.,
nl2postcond [15]), or employ documentation (e.g., Javadoc com-
ments) to generate test oracles (e.g., Doc2OracLL [22] and Tratto
[52]). Unlike prior work that treats specification generation as the
end result, FuSE uses LLMs to decompose natural language re-
quirements into candidate pre-/postconditions and align them with
symbolic execution paths, enabling path-level functional analysis.
Inferred and Executable Specifications. Specification mining
and invariant inference infer implementation-level properties from
executions, traces, or program states [6, 16, 17, 69]. Since these
properties are derived from observed behavior, they are faithful
to the implementation rather than to the intended requirements.
As a result, they do not determine whether a program realizes
requirement-level functionality. Executable specification languages
and contract systems, such as Alloy [28], TLA+ [33, 34], JML [35],
and design-by-contract frameworks [47, 48], enable property check-
ing and behavioral validation but require formal specifications in
advance. In contrast, FuSE derives candidate pre-/postconditions
from natural language requirements and aligns them with sym-
bolic execution paths, enabling path-level functional annotation
and discrepancy analysis without pre-existing formal specifications.

7 Conclusion
This paper presents FuSE, an LLM-enabled symbolic execution
for automated functional analysis, which bridges the gap between
informal requirements and formal specifications by leveraging an
LLM to decompose natural language descriptions into preconditions
and postconditions. These conditions are then linked to test inputs
and outputs, enabling functional annotation of program paths. We
implement the framework for C/C++, Java, and Python based on
UnitTestBot. Our evaluation shows that FuSE significantly enhances
the functional analysis and practical utility of symbolic execution, as
evidenced by extensive experiments and qualitative user feedback.

8 Data-Availability Statement
Our artifact is available on Zenodo [40].
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