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To ease software interoperability and migration, developers are increasingly embracing transpilers: auto-
mated tools for converting source code from one language to another. Unfortunately, differences in language
constructs, syntax, and semantics leave transpilers facing many translation bugs, emitting incorrect or non-
functional translations. Thorough, proactive transpiler testing is thus critical to the reliability of emergent
translation-oriented development. While fuzzers excel in testing adjacent classes of language processors
(e.g., compilers), current fuzzers remain tied to only the specific code patterns expressed in their inputs—
hardcoded grammars or seed programs—which are costly to curate and extend, constraining their testing to
just narrow subsets of language constructs. Worse yet, their generated programs are often overly complex,
requiring non-trivial reduction to pinpoint the exact code patterns behind transpiler errors. Evaluating current
and future transpilers thus demands a rigorous, input-independent fuzzing strategy—systematically exercising
languages’ broad range of code constructs without needing costly per-language expertise or re-engineering.

To bridge this gap, we present Construct-oriented Fuzzing: alanguage-agnostic yet construct-aware approach
for systematically testing transpilers. Motivated by our insights from past transpiler bugs, revealing most
translation errors embody construct-specific mishandling, our approach explicitly targets the vast space of code
patterns derived from core language constructs. Harnessing large language models’ code understanding and
synthesis, we (1) automatically enumerate a language’s core constructs, before (2) generating self-contained
programs exercising them individually—and combinations thereof—precisely testing transpilers’ many edge-
cases whilst eschewing cumbersome grammars or seeds. In evaluating our prototype, PROGNOSTICATOR,
against four state-of-the-art compiler and transpiler fuzzers across seven transpilers for C, Go, and JavaScript,
we show how our approach attains high per-language validity as well as construct-usage diversity—exposing
77 total transpiler bugs, of which 64 are previously unknown, with 63 since confirmed or fixed by developers.
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1 Introduction

Transpilers (or source-to-source translators) are a growing class of tools built for automatically
converting software from one programming language to another. With continued evolution of
modern language ecosystems, transpilers now see widespread adoption in various software domains,
including web app development (e.g., Emscripten [83], Babel [17]), software migration (e.g., IBM’s
Mono2Micro [51]), security retrofitting (e.g., DARPA’s TRACTOR [36] initiative), and cross-platform
interoperability (e.g., Haxe [23]). Among popular transpilers are efforts translating C to Go [73],
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Rust [47], and Zig [53]; Go to Haxe [74], and WASM [27]; as well as translation between different

versions of JavaScript [17, 26]—supporting a wide range of cross-language translation needs.
Importantly, transpilers must carefully preserve original programs’ functionality while upholding

the syntactic and semantic standards of their targeted languages. However, not all language con-
structs have direct one-to-one mappings to other languages, making translation inherently fraught
with difficulty. For example, C’s variable-length arrays are non-existent in Rust, necessitating
alternative implementations for accommodating dynamically-sized arrays. Similarly, Go-unique
implicit interfaces remain unsupported in Haxe. These and other language-to-language dispari-
ties introduce substantial risk of translation errors, leading to mistranslated or otherwise broken
code—underscoring the need for proactive methods to rigorously assess transpilers’ correctness.
Fuzzing, an automated testing approach based on random input generation, has been highly
successful for other language processors [34, 81, 82], making it a promising candidate for vetting
transpilers. Unfortunately, existing fuzzers see only limited success on transpilers: they rely heavily
on hardcoded language grammars [81] or curated seed programs [40, 41], which are not only labor-
intensive to obtain and extend, but also inherently restrict their generated programs to a narrow
range of supported languages and language constructs—leaving large portions of transpilers’ source-
language handling unexplorable. Worse yet, many fuzzers are further hindered by the high density
and complexity of their generated programs, complicating efforts to pinpoint the specific code
patterns behind transpiler crashes or mistranslations. Effective transpiler testing therefore demands

a fundamentally different approach—one that is input-independent, language-agnostic, and

capable of systematically exercising language constructs in a targeted, interpretable way.
To address these challenges and enable practical transpiler testing, we introduce Construct-

oriented Fuzzing: a method for exhaustively vetting transpilers’ fidelity on the vast space of code
patterns rooted in core input-language constructs. Guided by our insights from prior transpiler de-
fects, Construct-oriented Fuzzing automatically generates minimal programs exercising individual
constructs—and interactions thereof—effectively revealing incorrect handling or omission of spe-
cific language features. To realize our approach, we leverage large language models (LLMs) for their
code understanding and synthesis capabilities, inheriting syntax, semantics, and usage patterns of
diverse programming constructs from pretraining on vast code corpora and language specifications.

Namely, our approach harnesses LLMs to perform (1) construct exploration, enumerating a wide

range of language patterns, followed by (2) construct-oriented program generation to synthesize

valid, self-contained programs targeting these patterns—eliminating the need for seed inputs,
hardcoded language specifications, predefined grammars, or post-hoc program reduction.

We implement Construct-oriented Fuzzing as a prototype, PROGNOSTICATOR, and evaluate it
on seven transpilers spanning six different input-output language pairs: C2Rust [47] (C—Rust),

CxGo [73] (C—Go), Zig Translate-C [53] (C—Zig), Go2Hx [74] (Go—Haxe), TinyGo [27]

(Go—WASM), as well as Babel [17] and SWC [26] (ES6+—ES5 JavaScript). We compare PROGNoOs-

TICATOR against four state-of-the-art compiler and transpiler fuzzers: Polyglot [34], AFL-Compiler-

Fuzzer [41], CSmith [81], and TransFuzz [33]. Across five 24-hour campaigns per transpiler, PROG-

NOSTICATOR attains the highest code pattern diversity—exceeding AFL-Compiler-Fuzzer by 23.26X,

CSmith by 4.23x, Polyglot by 4.15%, and TransFuzz by 3.85xX—while maintaining high language

validity across its test cases. Moreover, PROGNOSTICATOR finds the most transpiler bugs—77 in

total—including 64 previously unknown bugs, with 63 since confirmed or fixed by developers.
In summary, this paper makes the following contributions:

o We introduce Construct-oriented Fuzzing: the first systematic, language-agnostic fuzzing approach
for evaluating the correctness of source-to-source transpilers, motivated by our empirical analysis
of previously reported transpiler bugs that reveals the dominant cause of translation errors is the
mishandling of code exercising core input-language constructs.
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e We show how our approach uses LLMs’ code-reasoning abilities to automate both the exploration
of core construct-usage patterns, and the generation of valid, minimal test programs that explicitly
target them—eliminating the need for seed inputs, formal specifications, or program reduction.

e We implement this approach in a prototype tool, PROGNOSTICATOR, which leverages GPT-4 to
test the correctness of source-to-source code translators.

o We evaluate PROGNOSTICATOR on seven real-world transpilers against four state-of-the-art
fuzzers, showing that it achieves the highest construct diversity while maintaining high validity
and uncovering the most bugs—77 in total, including 64 previously unknown and 63 confirmed.

e We open-source our prototype of PROGNOSTICATOR as well as our evaluation benchmarks and
artifacts at the following URL: https://github.com/FuturesLab/PROGnosticator.

2 Background & Motivation

This section outlines the fundamentals of source-to-source transpilers and their underlying bugs,
as well as the limitations of existing fuzzing techniques relevant to testing transpilers.

2.1 Transpilers and Transpiler Bugs

Transpilers are a class of tools for converting source code from one programming language to
another, while preserving the original software’s full functionality in the new language. At its core,
transpiling involves three key steps [32]: (1) parsing the input source code into an abstract syntax
tree (AST), (2) translating it into an intermediate representation that bridges the input-to-output
language divide, and (3) applying language-specific refinements before ultimately generating the
output code. While this high-level workflow is standard across most transpilers (e.g., C2Rust [47],
Go2Hx [74]), transpiling in practice is fraught with challenges that typically fall into three categories
of failures: transpiler crashes, invalid code, and semantic divergences. We detail each below.

1 #define foo(a) (@ ? (@ 2?1 :2) | 1) : 1) 1 x := [2]int{0,0}
2 int iflags = foo(1); 2 if x !'= [2]int{0,0} { ... }
(a) Original C input. (a) Original Go input.
1 let mut iflags: libc::c_int =
2 if @ !=1i32 { 1 var x = new Array<Int>([0,0]);
3 if 0 !=1i32 {1132} else {2132} | 1i32 2 if (x != new Array<Int>([0,01)) { ... }
by else {1132} (1) CoRust's Rust output. (b) Go2Hx’s Haxe output.

Fig. 1. Invalid code: C2Rust’s mistranslation of nested  Fig. 2. Semantic divergence: Go2Hx’s mis-
conditional macros, resulting in an unmatched closing translation of Go array comparisons, causing
brace that impedes the program from being compilable.  the conditional check to wrongly return true.

Transpiler Crashes: Transpiler crashes are failures in which translation unexpectedly halts
prior to or during output code generation. Crashes may arise from malformed inputs that violate
the input language’s syntax, but more critically from valid yet unsupported input language
constructs triggering front-end errors or internal exceptions within the transpiler. For example,
CxGo aborts [3] when parsing C code such as int a = sizeof(int), emitting an undefined: size_t
error due to its failure to resolve the standard size_t typedef during front-end parsing.

Invalid Code: Invalid-code failures occur when translation finishes, yet the translated code is
syntactically-incorrect or incomplete—such as missing declarations, malformed constructs, or
misplaced tokens—and subsequently cannot be compiled and/or run. For example, in Figure 1a,
the C macro on line #1 defines a nested conditional macro that evaluates to ((a ? 1: 2) | 1) when a
is nonzero and 1 otherwise. Yet, line #2 of C2Rust’s translated code in Figure 1b omits parentheses
around the inner if statement before the bitwise-or operator. As a result, | binds at the wrong
level, leaving an unmatched closing brace and producing an unexpected token } syntax error [1].
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e Semantic Divergences: Semantic divergences emerge when translated code compiles and runs
error-free, but exhibits different runtime behavior than the original input-language program. For
example, Go arrays are compared element-by-element, so both [2]int{0, 0} arrays in line #2 of
Figure 2a are considered equal. However, Go2Hx’s Haxe translation instead uses reference-level
rather than element-level array comparison, causing the same expression—which evaluates to
false in Go—to instead evaluate to true in Haxe (Figure 2b) due to distinct object references [15].

In practice, transpiler failures directly threaten the reliability of transpiled software. As transpilers
evolve to increasingly take on much-needed tasks such as porting critical libraries and legacy
systems [35, 37, 69, 75], undetected errors risk allowing subtle defects to slip into production—
underscoring the need for a rigorous automated testing methodology that exposes tran-
spilers’ language-level errors before they compromise the quality of translated software.

2.2 Transpiler-relevant Fuzzing Techniques

Fuzzing, among today’s most widely used automated testing techniques [40], has long proven

effective in testing many important classes of language processors such as code compilers [39, 59]

and decompilers [58, 82]. Broadly, current fuzzing techniques for language processors fall under

one of two categories: language-specific and language-agnostic. We briefly detail these below.

e Language-specific Fuzzers: Language-specific fuzzers fall into two subtypes: generational,
which synthesize programs using built-in language grammars and semantic constraints; and muta-
tional, which start from pre-created “seed” programs and iteratively apply syntax- and semantics-
conformant transformations to derive new programs. On the generational side, CSmith [81]
and YARPGen [59]—both widely used to fuzz C compilers (e.g., LLVM [56]), with CSmith also
reportedly used by the developers of C-to-Rust transpiler C2Rust [46]—implement a significant
portion of the C/C++ specification, enabling them to generate valid test cases out of the box. Sim-
ilarly, GoSmith [78] targets Go compilers such as gc [20]. On the mutational side, TransFuzz [33]
applies ECMAScript-conformant mutations to pre-created JavaScript seed programs, proving
effective in testing JavaScript-converting transpilers such as Babel [17] and SWC [26].

o Language-agnostic Fuzzers: Unlike language-specific fuzzers, which commonly encode the
semantics of just a single programming language, language-agnostic fuzzers are designed to
work across many languages. They typically start from existing seed programs and apply random
mutations, but differ in what code-structure analysis they implement. AFL-Compiler-Fuzzer [41],
for example, augments fuzzing-standard mutation strategies (e.g., token-level deletions, insertions,
and splicing) with syntax awareness through regular expressions. Polyglot [34] goes further
by lifting seed programs into a common abstract syntax tree (AST) derived from user-provided
grammars, enabling AST-level mutations that preserve structural validity across diverse languages.
Historically, these techniques have revealed many front-end-crashing bugs in compilers [34, 41].

2.3 Limitations of Existing Fuzzers for Transpiler Testing

Despite the successes of both language-specific and language-agnostic fuzzers on other classes

of language processors, existing tools remain universally ill-suited for testing transpilers.

Following our survey in Table 1, we examine the tradeoffs of these approaches and the key obstacles

that limit their effectiveness in uncovering transpilers’ underlying code translation bugs.

e Challenge 1: Broad Language Support. Language-specific fuzzers are tightly coupled to their
target languages, which in practice requires developing a distinct fuzzer for each transpiler’s
source language. Yet, designing and implementing language-specific fuzzers is non-trivial given
their complexity (e.g., CSmith consists of 80K lines of code [81]) and the growing number
of transpilers today [49]. In contrast, despite their generality, language-agnostic fuzzers such
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: Broad : Seed : ProgramGen. : Code Construct Origin Problematic Patterns

Fuzzer : : P R [ .
. Support : Agnostic: Validity Reduced :Diversity

C Language Core Function-like macros; Bit-

AFL-Comp-Fuzz [41]: (4 X X (4 )

Polyglot [34] : X X X v Total bugs: 57 fle'ld/packed strlfcts; Type
YARPGen [59] X H v v X X mismatches; String opera-
CSmith [81] X v v X X tions; Strings within macros
GoSmith [78] D N v X X Platform Specific SIMD intrinsics; Calling
Tl’aHSFUZZ[33] 777777777777777 X X I/VX 7777777 Total bugs: 21 conventions; Built-in func-
PROGNOSTICATOR ' v v HE 4 v v tions; Kernel APls/macros

Table 1. State-of-the-art language processor fuzzers and their key Table 2. Taxonomy of prior bugs in the
tradeoffs with respect to testing transpilers. C2Rust [47] transpiler by construct.

as Polyglot [34] still require detailed grammar annotations and semantic specifications per
each supported language, limiting their scalability. Yet in our experiments (§ 4.1.4), even with a
compatible Go specification, Polyglot still failed to successfully parse Go code—underscoring the
difficulty of supporting multiple diverse programming languages within a single unifying fuzzer.

o Challenge 2: Dependence on Seed Programs. While some language-specific fuzzers [81]
generate programs from scratch, virtually all mutation-based fuzzers (e.g., TransFuzz [33], AFL-
Compiler-Fuzzer [41], Polyglot [34]) depend on pre-created seed programs. Yet without suffi-
ciently diverse seeds, these fuzzers struggle to cover the full range of language constructs, limiting
their effectiveness in systematically testing transpilers. Obtaining seeds that are both valid and
construct-diverse is highly labor-intensive, often requiring substantial manual curation [2, 65].
For more recent programming languages such as Go, where comparable curated corpora are
largely absent, seed availability becomes an even greater bottleneck to transpiler testing.

e Challenge 3: Generating Valid & Reduced Programs. In the absence of language-specific
guardrails, language-agnostic fuzzers often fail to generate valid code conforming to the syntax
and semantics of the transpiler’s input language. For example, AFL-Compiler-Fuzzer’s [41] string-
level mutations frequently break syntax (e.g., var p int = 4 — var p inX = 4); while Polyglot,
despite using grammars, faces self-reported program validity as low as 20% [34] from semantics-
breaking mutations (e.g., deleting a necessary return). Such invalid, language-nonconforming
programs are overwhelmingly rejected by transpilers, leaving their translation logic untestable
by these fuzzers. Moreover, language-specific fuzzers [59, 78, 81] typically emit large, logically
dense programs [77], obscuring the code responsible for triggering transpiler bugs. For example,
our efforts to reduce a CSmith program that exposed a C2Rust bug [6] via C-Reduce [68] took 17
minutes from over 2,800 re-transpilation and re-compilation attempts. This challenge is even
more significant for modern languages like Go, which currently lack dedicated reducer tooling.

e Challenge 4: Code Pattern Diversity. To better understand the nature of translation bugs,
we analyzed all of C2Rust’s [47] previously reported issues and identified a common root cause:
over 73% of errors stem from problematic code patterns exercising core language constructs. As
Table 2 shows, these embody common examples such as string operations, bitfield-containing
unions or structs, and function-like macros. However, current fuzzers’ coverage of code patterns
remains tied to hardcoded grammar rules (e.g., CSmith, GoSmith, YARPGen) or to the code
patterns found in their seeds (e.g., AFL-Compiler-Fuzzer, Polyglot, TransFuzz). For example,
CSmith supports just a subset of C11, neglecting many constructs in real-world codebases such as
variable-length arrays, function pointers, and compound literals. Likewise, AFL-Compiler-Fuzzer
and Polyglot are constrained to the syntactic and semantic patterns of their seed programs,
covering only a fraction of all possible construct usage. As a result, these fuzzers leave most of
the input language’s code patterns unexplored, making many transpiler bugs out of their reach.
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Motivation: Existing language processor fuzzers derive their power from their predefined
grammars or curated seeds, making their effectiveness largely reliant on the richness of these
resources. Beyond other limitations (Table 1), this dependence overwhelmingly yields low-
diversity programs, leaving many transpiler bugs undiscoverable by existing fuzzing approaches.
As we observe that most transpiler bugs stem from distinct code patterns involving core lan-
guage constructs, addressing this gap requires a fuzzing approach systematically exploring
core language constructs and their interactions—without relying on seeds or grammars.

3 Our Approach: Construct-oriented Fuzzing

To address the mismatch between existing fuzzers and the unique challenges of testing transpilers,
we introduce Construct-oriented Fuzzing: the first fuzzing technique purpose-built for exploring the
core language constructs—and interactions thereof—that underlie most translation bugs in practice.
Below, we detail our approach alongside the design of our prototype, PROGNOSTICATOR.

Prompting Stage 1: . Prompting Stage 2: Final Steps:
Construct Usage Enumeration Construct-oriented Program Generation Test Case Realization & Transpiler Testing

[EECN

C1: struct with Get C Core

[2e T\
bitfields < Construct C1: compound literals
C2: enum -> bool | € Usages Based C2: macro with ternary Instrumentation =5
Peant on the Samples operator &
LLM C3: float -> int cast
construct usages' list initial prompt
per teration e Final Programs
l T €4,C5,C6, C7 ....... F‘

Expandiihalgiven enumerated construct list
Construct Usages
Generate a C without repetition
Program per
Construct Usage continuation
prompt

generator prompt

No
Yes
Saturated? —

e Generate a C

Test Programs
=7 [[Transpiler Crash
Invalid Code

[2e 1 Program using ' '
. ) the Combination ! 5 N > @
> | 5 | Diversity of Construct Usages H : )" ;
Calculation 1 ] [Divergence |
e uM .- - Bug Identification
Sample Programs generator prompt Differential Execution

Fig. 3. Flow of Construct-oriented Fuzzing: our LLM-driven approach for language-agnostic transpiler testing.

3.1 High-level Overview

Motivated by our observation that most transpiler bugs arise from mishandling specific usage of
core language constructs (Table 2), we aim to systematically test transpilers by (1) identifying dis-
tinct construct-usage code patterns (e.g., nested conditionals, array slicing) and then (2) gener-
ating programs incorporating them—alone and in combination (e.g., array slicing within nested
conditionals)—feeding each to the transpiler under test. Whereas prior fuzzers inherit code patterns
from pre-defined artifacts (e.g., hardcoded [33, 59, 78, 81] or human-written [34] grammars or seed
inputs [33, 34, 41]), our approach aims for full decoupling from any language-level tailoring.

To this end, we draw on recent advancements in large language models (LLMs), which highlight
their potential for prompt-driven code synthesis [80]: broadly generating minimized, well-formed
programs encompassing specific language features. Accordingly, we harness LLMs for Construct-
oriented Fuzzing through a two-stage prompting strategy (Figure 3), which we detail below.

3.2 Prompting Stage 1: Construct Usage Enumeration

To synthesize code patterns without relying on grammars or seed programs, we design a multi-
round prompting strategy that, given a desired transpiler input language (e.g., C for C2Rust [47]),
queries LLMs for varied usage patterns of its core code constructs. Retrieved patterns are then
organized into high-level categories, which are iteratively expanded across subsequent rounds until
additional prompting yields diminishing returns in construct-usage diversity. Below, we detail our
code pattern grouping, prompting methodology, and approach to detecting code pattern saturation.
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3.2.1 Code Pattern Grouping. To better structure LLM-retrieved construct-usage patterns amid

today’s diverse language syntaxes, we organize them into two high-level categories, beginning

with language-agnostic patterns that capture foundational aspects of language behavior:

e Primitive Data Usage: Manipulation of primitive constructs (e.g., int, float, bool), including
their declaration, initialization, and use in expressions like arithmetic and comparison operations.

e Composite Data Usage: Manipulation of composite constructs (e.g., array, map, slice, struct),
spanning patterns like indexed access, field assignment, and iteration over collections.

o Control Flow Usage: Manipulation of control-flow constructs like functions, if-else, switch-case,
and loops (for, while, do-while), such as nested conditionals and loop exits using break.

Building on our retrieval of language-agnostic patterns, we also identify language-specific pat-

terns encompassing idiomatic features unique to individual languages, including:

o For C: Features such as qualifiers (e.g., const, volatile), and preprocessor directives and macros.

e For Go: Features such as multiple return values, short variable declarations, type inference,
composite literals, and implicit interface implementations.

o For ES6+ JavaScript: Features such as object and array destructuring, rest/spread operators,
arrow functions, async/await, iterators, and generators.

Through this grouping, we achieve representation of both universal and language-specific code
patterns, ensuring that neither common nor rarer constructs are overlooked [45]. This foundation
sets the stage for our subsequent code pattern retrieval, where prompts are iteratively refined to
cover an expanding share of the language—and the complex cases transpilers encounter in practice.

3.2.2  Prompting-driven Pattern Retrieval. As Figure 3 shows, our approach follows a multi-round
prompting strategy to broadly explore a language’s many distinct construct-usage patterns. Each
round, we query the LLM to propose natural-language examples of core construct usage, guided by
the grouping described in § 3.2.1, which are then analyzed for their syntactic and structural diversity.
This continues until code pattern diversity stagnates, per our saturation criterion detailed in § 3.2.3.

You are an expert in the $LANGUAGE programming language. Your task is to design a diverse and
representative set of code-level core $LANGUAGE construct usages for testing transpilers. The goal e . "
is to cover a wide range of construct usages—including edge cases and uncommon usages—to 1 Primitive Data: [ let and const
ensure transpilers correctly handle various usage patterns in $LANGUAGE. . . T . .
2 variables", "BigInt arithmetic
Group these constructs under high-level categories. Some categories are language-agnostic (e.g.,
Primitive Data Usage, Control Flow Usage), while others are language-specific, such as Qualifiers in 3 operation" , "template literals" ] N
C, Interfaces & Embedding in Go, and Iterators & Generators in JavaScript.
. "
For each category, provide a list of short, descriptive phrases that capture typical usage patterns or 4 : [ "for...of 1009 over
constructs. These phrases should be brief, like: - " oom . . )
"declare int variables" "switch-case inside a loop"  "array destructuring” ] an array", "do..while in function”,
"pointer difference" "float to int cast". "for...of over generators" X .
6 "early return in switch-case" 1],
Include both common and distinctive usages, especially those that are semantically rich or known to
be challenging f(_)r _translatlon. Avoid repeating similar \tems_agross categories; each usage example 7 Iterators & Generators: [ ”spread ( . )
must reflect a distinct usage pattern of core constructs within its category.
) : woon .
Return the result as a JSON object in the following format: 8 over iterable , 'generator with
{ "Category_1": [ "construct usage 1", "construct usage 2"}, 9 yield", "custom iterator in Symbol" ]
"Category_2": [ "construct usage 1", "construct usage 2"], ....... b
Fig. 4. Structure of our code pattern exploration prompt. Fig. 5. Resulting patterns for ES6+ JS.

Focusing strictly on core language constructs, we begin with an initial exploration prompt
(shown in Figure 4) that outlines several examples of both language-agnostic and language-specific
construct-usage code patterns, and additionally instructs the LLM to return as many distinct exam-
ples as possible. Responses are parsed as JSON objects labeled by their § 3.2.1 construct grouping
sub-category (e.g., Primitive Data), each containing lists of minimal natural-language descriptions
of code patterns utilizing constructs in that grouping (e.g., “BigInt arithmetic operation”).

In subsequent rounds, we issue continuation prompts that include all previously retrieved
pattern descriptions, and instruct the LLM to both (1) avoid repeating them and (2) produce 90 new
construct-usage patterns. Figure 5 showcases several returned code patterns for ES6+ JavaScript.
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3.2.3 Diversity-guided Saturation Detection. To determine when further prompting no longer yields
meaningful novelty, we introduce a diversity-guided saturation criterion. For each natural-language
code pattern description returned by the LLM, we (1) synthesize a minimal program incorporating it
in isolation, before (2) extracting the following AST-level structural diversity metrics that quantify
the variety and depth of construct usage, aggregated cumulatively across all prompting rounds:
e D;: unique standalone construct usage (e.g., a goto statement by itself);

e D;: unique composite two-level nestings (e.g., a goto inside an if block);

o Ds: unique three-level nestings (e.g., a goto inside an if, which itself is in a for loop);

e D;: unique four-level nestings (e.g., enclosing the previous pattern in a switch-case);

e Ds: unique five-level nestings (e.g., embedding the above within an outer while loop); and

e D¢: unique six-or-greater nesting levels (e.g., wrapping the full chain from above in a function).

To determine when to stop prompting for new construct-usage patterns, we define saturation as
the point at which additional rounds plateau in producing novel construct usage. This reflects our
observation that, as rounds progress, LLMs increasingly reproduce previously seen patterns rather
than finding new ones, leading to a diminishing rate of change across our D;-Ds diversity metrics.

Accordingly, we quantify saturation as follows: let Dl.(r) denote the value of metric D; at round r,
with i € {1,2,3,4,5,6}. We define the relative growth of each metric as:

Di(r) _ D;rfl)

(r) _
ADi - Di(r—l)

>

which captures the additional diversity gained in round r relative to the previous round.
Saturation is declared when relative growth across all six metrics falls below a pre-set threshold e:

Vie{1,234556), AD" <e.

In our prototype, PROGNOSTICATOR, we set € = 0.10 (10%) based on observed structural-diversity
trends. As shown in our evaluation (Figure 6), diversity growth initially increases and then decays;
once it falls below 10%, additional enumeration rounds yield only marginal new construct combi-
nations with negligible structural variation. In our testing, varying this threshold between 5-15%
affects construct-usage enumeration cost only marginally. Nevertheless, € is fully user-configurable,
enabling users to adjust the trade-off between exploration depth and enumeration cost.

As our subsequent analysis shows (§ 4.2), we observe that the saturation point varies by language:
nine rounds for C, six for Go, and eight for ES6+ JavaScript. Each round, including all pattern
retrieval (§ 3.2.2) and diversity analysis (§ 3.2.3) steps, requires approximately 10 minutes, yielding
a total Construct Usage Enumeration time no greater than 90 minutes per language.

3.3 Prompting Stage 2: Construct-oriented Program Generation

With construct-usage code patterns in hand, we next begin synthesizing minimal test case programs
exercising individual and multiple patterns at a time. This process reflects our core motivation: tran-
spiler bugs overwhelmingly stem not just from isolated constructs, but also from the many unique
interactions among them (Table 2). These programs, produced via LLM prompting, form the
foundational test cases in Construct-oriented Fuzzing’s subsequent transpiler testing stage (§ 3.4).

3.3.1 Generation Prompting. Concretely, our program generation combines up to three random
construct-usage patterns from our previously enumerated list (§ 3.2.2), as our analysis of prior
transpiler bugs indicates that real-world transpiler bugs typically arise from interactions between
one or two constructs, and at most three interacting constructs, with diminishing bug-finding
returns expected beyond this point. We thus design a generation prompt that instructs the LLM
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to: (1) combine the selected patterns into a composite usage; (2) wrap the result in a standalone
function, producing self-contained programs akin to those generated by prior language-processor
fuzzers [58, 78, 81, 82]; and (3) add a corresponding natural-language description as a code comment.
When auxiliary definitions are required (e.g., C’s typedef, Go’s interface), our prompt ensures their
placement outside the function body and updates the function accordingly.

3.3.2  Prompt Guardrails. To reduce risk of generating invalid code that would otherwise be rejected
by transpilers, our prompt enforces strict language-specific constraints: for example, any generated
C programs must avoid undefined behavior (e.g., uninitialized variables, out-of-bounds array access,
invalid pointer dereferencing); while Go programs must avoid construct usage leading to compile-
time errors (e.g., unused variables, malformed declarations). Moreover, across all languages, our
prompt prohibits main-like functions, which would conflict with our inserted standalone function;
I/O operations (e.g., printf() or fmt.PrintIn()), which we introduce only in our final stage (§ 3.4); and
nonstandard library headers, which we find seldom produce transpilable code.

3.4 Final Steps: Test Case Realization & Transpiler Testing

After code generation, our mixed-pattern programs are realized as final test cases for the targeted
transpiler. These are then submitted for translation, where any encountered failures—transpiler
crashes, invalid code, and semantic divergences—are caught and classified accordingly.

3.4.1 Preparation for Differential Testing. Although transpiler crashes and invalid-code errors
occur within the translation process, semantic divergences can only be observed at runtime by
comparing the behavior of the original and transpiled code. To detect such errors, we build on the
strategy of prior differential fuzzers [58, 59, 81, 82], which instrument test cases with lightweight
behavioral oracles. In our approach, the return value of our inserted standalone function (§ 3.3.1)
serves as the behavioral oracle for detecting semantic divergences.

To expose this return value at runtime, both the original and transpiled programs are instrumented
post-translation with a language-specific main routine that invokes the standalone function, printing
its return value accordingly: via printf() for C, fmt.Printf() for Go, and std.debug.print() for Zig.
After this, both program variants are ready for semantic comparison via differential execution.

3.4.2 Detecting Transpiler Bugs. With both the original and transpiled test case programs prepared,

we finally perform differential execution on each pair to evaluate the target transpiler’s correctness.

Failures are captured and grouped by the three canonical transpiler bug categories (§ 2.1) as follows:

e Transpiler Crashes: detected when the transpiler itself terminates abnormally due to unhandled
constructs, internal errors, or assertion violations, typically reflecting front-end issues.

o Invalid Code: detected when the transpiler emits target code that fails to compile or otherwise
fails to be executed, revealing back-end code-generation flaws.

e Semantic Divergences: detected when both the original and transpiled programs execute
successfully but produce differing outputs, exposing translation-induced behavioral mismatches.

Following the design of most other fuzzers [40], all bug-triggering test cases are saved to disk for

subsequent manual root cause analysis and reporting to transpiler developers.

3.5 Implementation: PROGNOSTICATOR

We implement Construct-oriented Fuzzing as a prototype transpiler fuzzer, PROGNOSTICATOR,
spanning approximately 1,100 lines of Python code. For Stage-1 Construct Usage Enumeration (§ 3.2)
and Stage-2 Construct-oriented Program Generation (§ 3.3), PROGNOSTICATOR leverages OpenAl’s
GPT-4 model [30] which we call programmatically via OpenAI’s Python API [24]. LLM queries
are issued through a lightweight wrapper that manages structured inputs, response parsing, and
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retry logic, ensuring robustness across long-running campaigns. For measuring D;-Ds structural
diversity (§ 3.2.3), we extract each program’s abstract syntax trees (AST) using the Tree-sitter code
AST parser [29], and implement our own logging routines to enumerate unique subtree patterns.

Our Solution: By decoupling program generation from predefined grammars and seeds,
Construct-oriented Fuzzing enables unbiased exploration of a language’s vast space of code
patterns, allowing even subtle corner cases to emerge naturally during testing. Collectively,
these capabilities position Construct-oriented Fuzzing as a principled and practical methodology
for systematically uncovering correctness flaws in today’s diverse source-to-source transpilers.

4 Evaluation

We evaluate Construct-oriented Fuzzing through our prototype implementation, PROGNOSTICATOR,
guided by the following high-level research questions:

e RQ1: Can PROGNOSTICATOR capture diverse code patterns without grammars or seeds?

o RQ2: Does PROGNOSTICATOR yield higher-quality programs compared to other fuzzers?

o RQ3: Is PROGNOSTICATOR capable of finding translation bugs in real-world transpilers?

4.1 Experimental Setup

4.1.1 Transpiler Benchmarks. We evaluate PROGNOSTICATOR across seven state-of-the-art real-
world transpilers spanning six distinct input-output language pairs (Table 3): C2Rust [47] (C—Rust),
CxGo [73] (C—Go), Zig Translate-C [53] (C—Zig), TinyGo [27] (Go—WebAssembly), Go2Hx [74]
(Go—Haxe), as well as Babel [17] and SWC [26] (ES6+—ES5 JavaScript).

Input — Output Transpiler Version Commit Release Date

C — Rust C2Rust 0.19.0 b9339f4 Sept. 2024

C — Go CxGo 0.5.0 d23185¢ Mar. 2025

C - Zig Zig Translate-C~ 0.14.0  bd237bc Nov. 2024
"Go—WASM  TinyGo 036.0  8c54e3d  Mar. 2025

Go — Haxe Go2Hx 0.1.0 bbc65e0 Feb 2025
"ES6+ — ES5 JavaScript Babel 7283 ef155f5  Aug. 2025

ES6+ — ES5 JavaScript SWC 1.13.5 0c53d85 Aug. 2025

Table 3. Our benchmark transpilers alongside their input and output languages, version, and commit hash.

4.1.2  Competing Fuzzers. We evaluate PROGNOSTICATOR against four state-of-the-art fuzzers for

language processors, spanning both language-specific and language-agnostic testing approaches:

o Language-specific Fuzzers: We include TransFuzz [33], a fuzzer targeting JavaScript transpilers,
as well as C compiler fuzzer CSmith [81] given its reported adoption by C2Rust’s developers [46].

e Language-agnostic Fuzzers: While many language-agnostic fuzzers for language processors ex-
ist today [31, 76], we select Polyglot [34] due to its design goal of generating valid code as well as
its frequent use as a baseline in prior works on fuzzing language processors [39, 44, 85]. We addi-
tionally include AFL-Compiler-Fuzzer [41], a standard compiler-fuzzing baseline [39, 44, 61, 63].

o Excluded Fuzzers: For Go2Hx and TinyGo, we also examined the Go compiler fuzzer Go-
Smith [78]; however, because it targets Go v1.5 and does not support later versions (e.g., v1.23, the
version used by both transpilers at the time of writing), we therefore omit it from our evaluation.
Consistent with prior reports [13, 14], we were also unable to reproduce a functional deployment
of the LLM-driven compiler fuzzer Fuzz4All [80], and thus exclude it from our evaluation.

4.1.3  Fuzzer Setup. As Table 1 shows, Polyglot, AFL-Compiler-Fuzzer, and TransFuzz all require
initial seed program corpora. For C transpilers, we follow prior work [71] in using the “c-
testsuite” [2], which contains 220 hand-curated C programs covering a wide range of constructs.
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For JavaScript transpilers, we follow prior efforts [43] in using the DIE corpus [66, 67], which pro-
vides 597 ES6+ JavaScript programs. For Go transpilers, because no standardized program corpus
exists, we assemble 25 Go seed programs from public sources [16, 21]; as with the C and JavaScript
corpora, these Go programs exercise diverse expressions, statements, and control-flow structures,
while intentionally avoiding translation-derailing artifacts such as external dependencies.

For PROGNOSTICATOR, we configure its large language model (OpenAI’s GPT-4 [30]) with a
default sampling temperature of 1.0. While adjusting sampling temperature is possible, we expect
limited benefit from higher or lower settings, as discussed in § 5.2.

4.1.4  Incompatibilities. Despite being supplied with a compatible Go grammar, Polyglot fails to
generate any valid Go programs, hence we exclude it from comparisons on Go2Hx and TinyGo.
While CSmith supports C2Rust and Zig Translate-C, it unfortunately remains incompatible with
CxGo due to its reliance on tool-specific header files (e.g., csmith.h, safe_math.h) that CxGo fails to
transpile, even in isolation. More broadly, whenever a competitor cannot support a given transpiler
(e.g., CSmith on Go2Hx, TinyGo, Babel, or SWC), we mark these cases as n/a in our results.

4.1.5 Infrastructure. We distribute all experiments and results post-processing tasks across two
Ubuntu 22.04 workstations, each equipped with an Intel Core 19-12900K CPU and 64GB RAM.

4.2 RAQ1: Code Pattern Diversity

Because Construct-oriented Fuzzing aims to explore varied usage patterns of language constructs
without relying on grammars or seeds (Table 1), we evaluate this capability by first analyzing the di-
versity of code patterns returned by PROGNOSTICATOR’s Stage-1 Construct Usage Enumeration (§ 3.2).
As § 3.2.2 and § 3.2.3 detail, our approach prompts the LLM to propose 90 new construct-usage
patterns per round—synthesizing minimal programs that incorporate each—and stops once the rate
of change across D;—Ds AST-level diversity for these programs falls below our € = 10% saturation
threshold. To measure how diversity evolves and when saturation occurs per language, we calculate
D;-Dg growth across all of PROGNOSTICATOR’s Stage-1 programs over five trials for C, Go, and ES6+
JavaScript (i.e., the input languages for our benchmark transpilers in Table 3), shown in Figure 6.

—e— D1 (Nodes) 90 —e— D1 (Nodes) 90 —e— D1 (Nodes)
D2 (Pairs) D2 (Pairs) D2 (Pairs)

§ —e— D3 (Triplets) c\? —e— D3 (Triplets) ;\? —e— D3 (Triplets)

= —e— D4 (Quadruplets) = 70 —e— D4 (Quadruplets) = 70 —e— D4 (Quadruplets)
£ —e— D5 (Quintuplets) £ 60 —e— D5 (Quintuplets) £ 60 —e— DS (Quintuplets)
V] —=— D6 (Sextuplets) O 50 —e— D6 (Sextuplets) o —e— D6 (Sextuplets)
@ -=+ 10% Threshold o -=- 10% Threshold o -=- 10% Threshold
2 = 40 2

® & 30 &

& & 2 &

1 2 3 4 5 6 71 8 9 1 2 3 4 5 6 1 2 3 4 5 6 7 8
Prompt Round Prompt Round Prompt Round

(@ C (b) Go (c) ES6+ JavaScript
Fig. 6. Mean per-round growth in D;—Dgs AST-level diversity during PROGNosTICATOR’s Stage-1 Construct
Usage Enumeration (§ 3.2). We compute each prompting round’s growth in construct-usage pattern diversity
across five independent trials, terminating each once the € = 10% diversity saturation threshold is reached.

Overall, PROGNOSTICATOR’s relative D;—Dg diversity growth falls below our € = 10% threshold
after nine prompting rounds for C, six for Go, and eight for JavaScript. As Figure 6 shows, diversity
peaks in the second round across all three languages, after which further rounds yield diminishing
returns in code-pattern uniqueness. To further analyze the impact of explicitly seeking novel code
patterns (§ 3.2.2), we also evaluate an alternative configuration, random-PROGNOSTICATOR,
where prompting selects construct-usage patterns at random, irrespective of prior outputs. Figure 7
compares the resulting C language D;-Ds AST-level diversity for PROGNOSTICATOR versus random-
PROGNOSTICATOR, averaged over five trials with each capped at 1,000 total construct-usage patterns.

Proc. ACM Softw. Eng., Vol. 3, No. FSE, Article FSE040. Publication date: July 2026.



FSE040:12 Yeaseen Arafat and Stefan Nagy

B random-PROGnosticator
Em PROGnosticator

D4 +205%

+201%

AST Nesting Depth

+196%)|

102 10°
Unique AST Patterns (log scale)
Fig. 7. Mean C language D;-Dg AST-level diversity for PROGNOSTICATOR vs. random-PROGNOSTICATOR across
five Stage-1 Construct Usage Enumeration (§ 3.2) trials capped at 1,000 construct-usage patterns each. Values
are log-scaled, with PROGNOSTICATOR’s relative improvements over random-PROGNOSTICATOR on the right.

As Figure 7 shows, PROGNOSTICATOR’s resulting code patterns consistently outrank random-
PROGNOSTICATOR’s in structural diversity across all D;—Dg AST-level diversity depth metrics.
In total, PROGNOSTICATOR’s relative diversity gains include 36% more distinct standalone con-
structs (D;), 89% more two-level construct nestings (D;), and up to 150% more four-level construct
nestings (D,), with similarly strong improvements at other nesting depths. Together, these re-
sults showcase the effectiveness of Construct-oriented Fuzzing’s guided, LLM-driven construct
exploration in producing structurally diverse and construct-rich programs.

RQ1: Construct-oriented Fuzzing’s guided construct enumeration uncovers a broad range of code patterns,
providing a solid foundation for systematically generating diverse programs to test transpilers’ correctness.

4.3 RQ2: Generated Program Quality

We next evaluate the overall quality of Construct-oriented Fuzzing’s resulting transpiler test case
programs versus those of state-of-the-art compiler and transpiler fuzzers. Following the fuzzing
evaluation standard of Klees et al. [55], we perform five 24-hour fuzzing campaigns, collecting
all generated test case programs from PROGNOSTICATOR’s Stage-2 Construct-oriented Program
Generation (§ 3.3.1) as well as from each competing fuzzer; and analyze their language validity rate,
code density (total lines of code), and D;-Dg AST-level diversity (§ 3.2.3).

As PROGNosTICATOR and CSmith operate as standalone program generators, we run each
on all supported languages (i.e., C for CSmith) for five 24-hour program generation campaigns.
Conversely, Polyglot, AFL-Compiler-Fuzzer, and TransFuzz only retain their test case programs
during transpiler fuzzing. To obtain representative per-language corpora for these fuzzers, we
merge their fuzzing-generated program corpora trial by trial across all supported transpilers per
language (§ 4.1.4). Despite our efforts, Polyglot and AFL-Compiler-Fuzzer could not retain test
cases on Babel or SWC, nor could AFL-Compiler-Fuzzer on TinyGo or Go2Hx, as these transpilers
are out-of-the-box incompatible with their expected mode of operation (i.e., grey-box fuzzing [84]).
Thus, we omit these fuzzers from the corresponding language-level program quality evaluations.

4.3.1 Code Validity and Density. We measure fuzzers’ validity rates as the proportion of their
generated programs that successfully compile and successfully execute pre-translation, reflecting
the practical constraint that transpilation proceeds only for well-formed, language-conforming
programs. As shown in Table 4, PROGNOSTICATOR averages high validity across all three languages—
73.01% for C, 70.05% for Go, and 91.66% for JavaScript—second only to language-specific fuzzers
CSmith (93.09% for C) and TransFuzz (99.97% for JavaScript). In contrast, we observe that the syntax-
and semantics-breaking mutations of AFL-Compiler-Fuzzer leave it reaching just 1.30% average
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validity; while Polyglot’s similarly leave it struggling at an average 21.26% validity, on-par with its
own self-reported semantic validity of ~20% [34]. Additionally, as Table 4 shows, PROGNOSTICATOR
exhibits small standard deviations and narrow confidence intervals for every language, indicating
stable validity across all program generation campaigns per language.

Mean Language Validity Program Size (LoC)
Lang. Fuzzer .

#Programs | Mean StDev [Cljy, Clhign] | [Min, Max] Mean

AFL-Compiler-Fuzzer 3,182.40 1.30% 0.10 [1.21, 1.39] [3, 126] 19.17

c Polyglot 8,373.60 21.26% 1.93 [19.57, 22.95] [3, 222] 86.06
CSmith 108,164.40 | 93.09% 0.19 [92.92, 93.26] [18, 14,990]  1403.50
PROGNOSTICATOR 10,305.00 | 73.01% 1.56 [71.64, 74.38] [7,87] 22.64

Go  PROGNOSTICATOR 10,120.00 | 70.05%  0.80 [69.35, 70.75] [7,96] 27.93

IS TransFuzz 11,397.70 | 99.97% 0.01  [99.96, 99.98] [5, 164] 14.28

PROGNOSTICATOR 10,810.00 91.66%  0.36 [91.34, 91.98] [6, 68] 22.31

Table 4. Per-language statistics of competing fuzzers’ resulting transpiler test case programs versus PROG-
NOSTICATOR’s across five 24-hour program generation campaigns. We compute 95% confidence intervals for
program validity, measured as the proportion of resulting programs that compile and run prior to transpilation.

With respect to program size, PROGNOSTICATOR's test cases exhibit more compactness, with a
mean 22.64 lines of code (LoC) for C, 27.93 for Go, and 22.31 for JavaScript, compared to CSmith’s
and Polyglot’s far larger programs (over 1,400 and over 86 LoC, respectively). Overall, these results
underscore that Construct-oriented Fuzzing upholds high validity while producing smaller, more
targeted test case programs, striking a balance between correctness and structural diversity.

4.3.2 Code Pattern Diversity. Table 5 summarizes each fuzzer’s per-language D;-Ds AST-level
diversity across five 24-hour program generation campaigns. As our competitors either do not
support Go, or cannot retain their generated Go programs when fuzzing Go transpilers (§ 4.3), we use
our Go seed corpus (§ 4.1.3) as the baseline for comparing PROGNOsSTICATOR’s Go program diversity.

Lang. Fuzzer D1 D2 D3 D4 D5 D6 i 2 D1-Dé6
Mean 127 330 610 791 850 789 3497
AFL-Compiler-Fuzzer | StDev ~ 4.16 17.05 39.10 41.68 58.66 78.08 221.07
CI [123,131] [315,345] [576,644]  [754,828] [799, 902] [721,858] : [3304,3691]
Mean 135 411 1357 2961 4886 6724 16474
Polyglot StDev 1.10 6.38 52.22 244.96 595.81 997.72 1892.57
c CI [134,136] [405,417] [1311,1403] [2746,3176]  [4363,5409]  [5849,7599] :[14814, 18131]
Mean 109 281 704 1746 3991 9374 16205
CSmith StDev 0.00 0.84 2.17 3.05 4.34 14.67 20.07
CI  [109,109] [280,282] [702,706] [1743,1749] [3987,3995]  [9361,9387] :[16186, 16221]
Mean 197 1111 5002 13309 26236 38999 84854
PROGNOSTICATOR StDev 2.80 8.30 66.90 320.70 1059.70 2069.70 3479.60
CI  [194,200] [1104,1119] [4943,5061] [13028, 13591] [25307, 27165] [37185, 40814] : [81804, 87904]
Go seed programs Mean 110 241 384 502 532 528 H 2297
Go Mean 174 956 3524 8282 14500 22276 49712
PROGNOSTICATOR StDev 1.79 10.24 102.22 647.84 719.55 1262.33 2563.05
CI [172,176] [947,965] [3434,3614] [7714,8850] [13869, 15131] [21170, 23383] : [47464, 51957]
Mean 140 538 1688 3607 5976 8341 . 20290
TransFuzz StDev  0.89 1.64 13.16 4454 80.38 126.13 262.24
1s CI  [139,141] [536,540] [1676,1700] [3567,3647] [5905,6047]  [8230, 8452] [20060, 20519]
Mean 174 933 4564 13517 29203 50218 98609
PROGNOSTICATOR StDev 1.64 7.79 35.39 107.24 258.63 378.30 752.55
CI [172,176] [926,940] [4532,4596] [13423,13611] [28976, 29430] [49886, 50550] : [97948, 99267]

Table 5. Per-language mean, standard deviation, and 95% confidence intervals (Cl) of D;—Dg AST-level code
pattern diversity for the transpiler test-case programs generated by each fuzzer across five 24-hour campaigns.

Overall, PROGNOSTICATOR achieves the highest structural diversity across all languages: outper-
forming AFL-Compiler-Fuzzer by 23.26Xx, CSmith by 4.23x%, Polyglot by 4.15%, and TransFuzz by
3.85x% in cumulative D1—Dy diversity, computed as the sum of all mean D;-Ds values per language.
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These improvements hold consistently from D; diversity (i.e., single-construct patterns) to D3—Dg
diversity (i.e., multi-construct patterns), indicating that Construct-oriented Fuzzing enriches both
surface-level construct usage as well as deeper structural composition. Moreover, the standard
deviations and confidence intervals in Table 5 show that these gains are stable across trials, with
PROGNoOsTICATOR exhibiting consistently tight confidence bounds even at greater structural depths,
and no overlap with the confidence intervals of other fuzzers.

Interestingly, while CSmith sees the highest C-level program validity and generates over an
order of magnitude more programs per trial on average than PROGNosTICATOR (Table 4), its lack of
support for much of C’s syntax (§ 2.3) ultimately limits the diversity of its resulting programs relative
to PROGNoOsTICATOR’s. TransFuzz, though attaining near-perfect validity on JavaScript, faces the
same constraint, as its grammar-based mutations repeatedly recycle many of the same JavaScript
code patterns. Even when compared to our Go seed program corpus (§ 4.1.3), PROGNOSTICATOR
still produces substantially richer AST-level structures in Go (Table 5). Collectively, these results
show Construct-oriented Fuzzing’s potential for synthesizing structurally diverse programs in
a fully language-agnostic manner, free of grammar- or seed-specific tailoring.

RQ2: Construct-oriented Fuzzing’s generated programs uniquely balance validity, compactness, and high
structural diversity—in every language—facilitating more rigorous evaluation of transpilers’ correctness.

4.4 RQ3: Transpiler Bug Discovery

Finally, we evaluate Construct-oriented Fuzzing’s effectiveness in uncovering translation defects in
the real-world transpilers shown in Table 3. Following our experiment procedure from § 4.3, we
run five 24-hour transpiler testing campaigns per each competing fuzzer, feeding their resulting
test case programs to their supported transpiler(s) and monitoring for the canonical indicators of
potential bugs (§ 3.4.2): transpiler crashes, invalid-code failures, or semantic divergences.

While CSmith is equipped with its own built-in differential testing mechanism for catching
semantic divergences, we extend PROGNosTIcATOR’s differential-testing instrumentation (§ 3.4.1)
to all other fuzzers such as Polyglot and AFL-Compiler-Fuzzer, since they do not provide such
functionality themselves. Following manual root cause analysis and deduplication, we report all
newly discovered bugs and reproducer programs to their respective transpiler developers. Table 6
summarizes our bug-finding results: the number of previously known, newly discovered, as well as
developer-confirmed new bugs found per transpiler. Fuzzers not listed uncover zero bugs, while
n/a denotes CSmith’s incompatibilities (§ 4.1.4) or unsupported (i.e., non-C) transpilers.

Transpiler PROGNOSTICATOR . CSmith
Old Bugs | New Bugs Confirmed | Old Bugs : New Bugs Confirmed

C2Rust 8 § 15 14 2 : 0 0

Zig Translate-C 4 9 9 3 1 1

CxGo 0 : 11 11 n/fa n/a n/a
CTingGo | T 2 2 n/a i nja  na

Go2Hx 0 15 15 n/a : n/a n/a
CBabel [0 T 2 P nja i n/a  n/a

SwC 0 : 10 10 n/a n/a n/a

Total: 13 : 64 63 5 1 1

Table 6. Total old (previously known), new, and newly-found bugs that are since confirmed by transpiler devel-
opers after reporting. n/a: transpiler unsupported by that fuzzer. Fuzzers not shown (i.e., AFL-Compiler-Fuzzer,
Polyglot, and TransFuzz) find zero bugs across our entire evaluation and are therefore omitted for brevity.

Proc. ACM Softw. Eng., Vol. 3, No. FSE, Article FSE040. Publication date: July 2026.



PROGnosticator: Testing Source-to-Source Code Translators via Construct-Oriented Fuzzing FSE040:15

4.4.1 Discovered Bugs. Overall, PROGNOSTICATOR finds the most transpiler bugs—77 in total—
including 64 new bugs, of which 63 are so far confirmed or fixed by transpiler developers following
our reporting. Beyond uncovering the most bugs, PROGNOSTICATOR rediscovers eight known
issues in C2Rust [5-7, 19], four in Zig Translate-C [4, 8—10], and one in TinyGo [28], highlighting
Construct-oriented Fuzzing’s broad effectiveness across diverse transpilers. In contrast, CSmith finds
four bugs in Zig Translate-C, including one new bug (issue #23975) and three known bugs [4, 8, 9],
as well as two known bugs in C2Rust [6, 7]; while all other competing fuzzers each find zero bugs
in total. Table 7 lists all new bugs found by PROGNOSTICATOR, including their type, how they were
detected, bug-triggering code patterns, and reporting status.

Target Type Cause Implicated Construct Pattern Iss. ID  Target Type Cause Implicated Construct Pattern Iss. ID

C2Rust TC UC  (++/-) in compound literal #1165" ZigT-C IC TM  Cast: pointer to 2D array 422045
1C SE Invalid compound literal address #1166 SD CM  string vs literal compare #22136"
TC UC  enum in compound literal #1168 IC SE Addr of struct literal immutable ~ #22139°
TC UC  struct init via expressions #1717 IC  UC  anonenum not translated #22148:
SD TM  const treated as mutable #1184° IC  TM  bool to pointer cast #22964
IC SE Misuse of max_align_t #1208 IC TM  Bad function pointer type #23283*
SD CM array decay misrepresented #1217° IC CM  (exprl, bool_expr) mishandled #23975
SD CM  compound literal comparison #12317 Ic CM  Bitwise NOT on bool wrong #23987
TC UC anon enum in anon union #1233" IC CM  Bad pointer cast (int")1 #24010
TC UC  Macro-gen anon enum init #1234 SwC SD CM  proxy property loss in rest #110397
ICTM  enumtoarray cast #1236, SD CM  object rest misorderin, #11040°

) 8
I TM - Purdecrement on struct field #1257, SD CM  Missed TDZ ReferenceFrror #1045
IC TM  Array cast to VOIAd . #1238.;. SD CM  Nested object yield #11046"
1C CM packf.zd étn{ct m}stranslatlon #1239' SD CM  Destructuring array hole #11047"
Ic TM  volatile int” to literal #1240° SD CM  default array hole missing #11048T

Go2Hx SD CM Interface w/ slice, map, func #1837 SD  CM  Promise leaked in async array #11049;
SD CM  slice/map comparison #184" SD CM  Async short-circuit break #11050;
SD  CM  func ptr comparison wrong #1857 SO CM Ol?jef:t unp.ack in condition ‘ #1 1051;
ICc SE Nil to array conversion #4186 SD CM  Missing write-back across await ~ #11052"
Ic SE double-panic mishandled #187j CxGo 1C SE compound string initializer #90°
SD CM  recover in defer mishandled #188 TC UC  switch-based loop unrolling 491
SD CM len(*nilPtrToArray) mishandled — #222" SD CM  %zu format mishandled 492"
SD CM  Double pointer reassignment #225:’ IC SE Null function pointer wrong #93"
SD  CM  Tuple to struct” error #226 TC UC  max_align_t unrecognized #95°
SD CM Nil pointer iteration bug #230 TC UC _Complex unsupported #96
SD CM channel data translation #2317 IC SE Invalid pointer arithmetic 497"
SD CM  Ambiguous interface method #232° IC TM  Bad char array init #98"
SD CM _in tuple unpacking mishandled ~#256 SD TM  External const var wrong #99°
SD CM  goto mishandling in loop exit #2767 1C CM  Vars before switch mishandled #100°
SD CM  struct map key mishandled #277" SD CM function pointer error #1017

TinyGo TC  UC  len() on nil array pointer #4786 Babel SD CM ..rest yields subclass #175027
TC UC  generic type alias crash #4819" IC TM  Incorrect Bigint exponentiation #17190°

Table 7. PROGNosTICATOR’s 64 newly-found transpiler bugs and their corresponding types, root causes, impli-
cated construct patterns, public GitHub issue IDs, and reporting statuses. Bug Type: TC=Transpiler Crash,
IC=Invalid Code, SD=Semantic Divergence. Cause: SE=Syntax Error, TM=Type Mismatch, CM=Construct
Mistranslation, UC=Unhandled Construct. Status: ffixed post-reporting, *confirmed and awaiting fix.

4.4.2 Transpiler Bug Case Studies. Below, we present several notable transpiler bugs discovered by

PROGNosTICATOR that highlight key challenges in source-to-source translation.

e C2Rust: Figure 8 (a—b) shows two C2Rust bugs. In the first (issue #1184), C2Rust translates the
constant integer x in line 1 of Figure 8a into a mutable global in Rust (line 1 of Figure 8b), turning
an immutable constant into a mutable global and introducing potential data races. In the second
(issue #1217), line 3 of Figure 8a initializes s with a compound literal array of automatic storage
duration, so the array remains valid for the entire function and thus prints 42. Instead, C2Rust
takes a pointer s to a temporary array [42] whose lifetime ends with the expression in line 3 of
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const int x = 1;

X ; L int extern const int x = 1;
void main() { LICRX

~(5>3);

1
1
X =
- .- = ~ - 2 switch (@) { int y;
3 int xs = (int[1){42}; 2 int ¢ = ((a=b), (1 & 1)); 3 case @: y=3;
4 print(xs); } (c) Original C input. 4 break; }
(a) Original C input. . . - .
1 var x:c_int = ~(as(c_int, (e) Original C input.

case @ : y=3 }

1 pub static mut x:c_int = 1; 5) > as(c_int, 3)); 1 var x int = 1:
2 fn main() { 2 var c: c_int = ((a=b), . switch 0 { ’
3 let s: *mut i32 = [42].as_mut_ptr(); (true && true)); ;

1

i ! .
println!(unsafe {*s}); } (d) Zig Translate-C's output Zig. () CxGo'soutput
(b) C2Rust’s output Rust. xGo's output Go.

Fig. 8. New translation bugs discovered by PROGNosTICATOR in C-consuming transpilers. C2Rust (a-b):
semantic divergence caused by incorrect handling of constant mutability and compound-literal lifetimes
(issues #1184 and #1217, respectively). Zig Translate-C (c—d): invalid code caused by incorrect handling of
boolean-to-integer conversions (issues #23987 and #23975, respectively). CxGo (e—f): semantic divergence and
invalid code caused by incorrect treatment of qualifiers and switch-local declarations, respectively (issues #99
and #100, respectively). Matching highlighting denotes corresponding original and translated code fragments.

Figure 8b, leaving the pointer dangling in the subsequent print statement. Although the program
may still print 42, the translation introduces undefined behavior, which Rust’s built-in checks
correctly detect. A correct translation would instead allocate a local array with let mut s = [42];
and then obtain its pointer via s.as_mut_ptr(), ensuring the array is valid for the function’s scope.

o Zig Translate-C: Figure 8 (c—d) illustrates two Zig Translate-C bugs. In the first (issue #23987), C
expression int x = ~(5 > 3); in line 1 of Figure 8c performs bitwise negation (~) only after evaluating
the comparison to 0 or 1. Without the negation, Zig Translate-C handles the conversion correctly,
generating intFromBool(as(c_int, 5) > as(c_int, 3));. However, with the negation, Zig Translate-C
emits ~(as(c_int, 5) > as(c_int, 3)) in line 1 of Figure 8d, producing an illegal bitwise negation of
a boolean result. Correct translation must first convert the comparison result to an integer prior
to negation (e.g., ~(intFromBool(as(c_int, 5) > as(c_int, 3)))). In the second (issue #23975), the
comma expression in line 2 of Figure 8c evaluates (1 && 1) and yields the integer value 1. Zig
Translate-C instead wrongly renders this expression as (true && true), whose result has type bool
in Zig. The subsequent assignment to c: c_int in line 2 of Figure 8d therefore incorrectly attempts
to store a bool in an integer variable. To match C’s implicit conversion, the correct translation
must instead utilize an explicit boolean-to-integer cast (e.g., intFromBool(true && true)).

o CxGo: Figure 8 (e—f) highlights two CxGo bugs. In the first (issue #99), the C variable declaration
extern const int x = 1; in line 1 of Figure 8e combines external linkage with immutability. On
translation, CxGo instead emits var x int = 1in line 1 of Figure 8f, dropping both qualifiers so that
x becomes mutable and loses external linkage, thereby diverging from the original’s C semantics.
In the second (issue #100), line 2 of Figure 8e declares y inside a switch block before the first case
label, which is permitted in C. CxGo omits this declaration and emits only the assignment y = 3
in line 3 of Figure 8f, leaving y undefined in the generated Go code. To uphold correctness, the
translation must instead hoist the declaration of y outside the switch.

e Go2Hx and TinyGo: Figure 9 presents several bugs in Go-consuming transpilers. In the first
(issue #222 for Go2Hx and issue #4786 for TinyGo), the expression len(*f()) in line 2 of Figure 9a
evaluates to the constant 2 in Go because the length of an array is determined by its type,
even when the pointer returned by f() is nil. Go2Hx instead emits print((f()).length); in line 2 of
Figure 9b, producing the result 0 and diverging from the original Go semantics, while TinyGo
panics on the same input. In the second (Go2Hx issue #256), line 3 of Figure 9¢ performs multiple
assignment with the blank identifier _, correctly binding the second field of p to res and producing
the result 2. Go2Hx instead emits var _, _, res = _0, _1, _2 in line 3 of Figure 9d, incorrectly
binding the third field to res, causing the code to produce the divergent runtime output 3.
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1 f() *[2]byte { return nil } 1 f():GoArray<GoByte> { return null }
2 print(len(xf())) 2 print((f()).length);
(a) Original Go program result: 2. (b) Go2Hx-translated program result: 0.

1 type S struct{ a, b, c int }
2 p:=S5{1, 2, 3}

var p = S{1, 2, 3}
var _@ = p.a, _1 =p.b, _2 =p.c
3 _, res, _=p.a, p.b, p.c var _, _, res = _0, _1 2
I print(res) print(res)
(C) Original Go program result: 2. (d) Go2Hx-translated program result: 3.

) —

y -

T

Fig. 9. New translation bugs discovered by PROGNosTICATOR in Go-consuming transpilers. Go2Hx and
TinyGo (a-b): semantic divergence and runtime panic (issue #222 and issue #4786, respectively) caused
by incorrect handling of array length computation on a dereferenced nil pointer. Go2Hx (c—-d): semantic
divergence caused by incorrect handling of multiple assignment with the blank identifier (issue #256).
Matching highlighting denotes corresponding original and translated code fragments.

1 console.log(42n ** 3n); 1 console.log(Math.pow(42n, 3n));

(a) Original ES6+ JavaScript program result: 74088n. (b) Babel-translated program result: TypeError.
1 let a, r; 1 wvar a, r;
2 const s = { get a() {delete this.z; 2 var s = { get a() {delete this.z;
3 return 1; 3}, y: 2, z: 3 }; 3 return 1; 3}, y: 2, z: 3 };
I ({a, ...r}=s); I r = _object_without_properties(s,["a"1);
5 console.log(Object.keys(r)); 5 a=s.a;

6 console.log(Object.keys(r));
(c) Original ES6+ JavaScript program result: [y’]. (d) SWC-translated program result: ['y’)z’].

Fig. 10. New translation bugs discovered by PROGNosTICATOR in ES6+ JavaScript-consuming transpilers.
Babel (a-b): invalid code caused by incorrect handling of BigInt exponentiation (issue #17190). SWC (c—d):
semantic divergence caused by incorrect evaluation order in object destructuring (issue #11040). Matching
highlighting denotes corresponding original and translated code fragments.

o Babel: Figure 10 (a-b) shows a Babel bug (issue #17190) in the handling of Biglnt exponentiation.
In line 1 of Figure 10a, the original ES6+ JavaScript program evaluates 42n ** 3n to 74088n. Babel
instead lowers the operator to Math.pow, emitting Math.pow(42n, 3n) in line 1 of Figure 10b,
which throws a TypeError at runtime because Math.pow does not accept BigInt arguments.

e SWC: Figure 10 (c—d) illustrates an SWC bug (issue #11040) in object destructuring. In the original
ES2018+ JavaScript program, the destructuring assignment { a, ...r } = s in line 4 of Figure 10c
triggers the getter for a (line 2), which deletes property z before the rest object is constructed,
leaving only ['y’]. SWC instead constructs the rest object in line 4 of Figure 10d before invoking
the getter in line 5, producing [’y’,z’] and thereby diverging from the specified evaluation order.

4.4.3  Construct Interaction Analysis. We further analyze the construct composition of the programs
that triggered the 64 transpiler bugs found by PROGNOsTICATOR. Among these, 12 arise from
usage of a single core language construct, 30 from interactions between two constructs, and
22 from three. Thus, the majority of transpiler bugs emerge from interactions among multiple
constructs, supporting Construct-oriented Fuzzing’s explicit targeting of multi-construct program
generation § 3.3.1. Consistent with this observation, PROGNOSTICATOR uncovered five distinct
bugs in C2Rust and CxGo where C compound literals triggered failures only when combined with
other constructs, such as enums, strings, increment/decrement expressions, or pointers (Table 7).

Importantly, competing state-of-the-art language processor fuzzers struggle to exercise the
nuanced construct-usage patterns underlying these bugs, limiting their ability to expose real-world
transpiler failures. For example, because CSmith cannot presently generate programs containing
compound literals (without substantial refactoring), the multi-construct bugs found by PROG-
NOSTICATOR were missed by C2Rust’s own in-house CSmith-based testing [46]. In summary, by
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systematically exploring the vast space of how core language constructs can be used—in isolation
and in combination—Construct-oriented Fuzzing uncovers complex translation defects often over-
looked by developers, bringing critical challenges in source-to-source translation to light.

RQ3: By systematically exercising core language constructs in varied ways, Construct-oriented Fuzzing
generates programs that expose a much wider range of transpiler failures than prior fuzzing approaches.

5 Discussion & Threats to Validity

In the following, we weigh several potential limitations of both Construct-oriented Fuzzing as well
as our prototype implementation, PROGNOSTICATOR.

5.1 Bug Impacts and Developer Responses

While transpiler crashes and invalid-code errors manifest as obvious failures—blocking translation
and/or code execution outright—semantic divergences pose a deeper risk: they introduce subtle
semantic correctness issues that may remain hidden until long after translation. This risk is
magnified as transpilers gain increasing adoption, underscored by initiatives such as DARPA’s
TRACTOR [36], which seeks to accelerate automated C-to-Rust translation with the explicit goal
of rewriting critical legacy software such as Gzip and Apache. Amidst this landscape, Construct-
oriented Fuzzing effectively uncovers every canonical class of transpiler failure (§ 2.1), revealing
defects across all seven real-world transpilers we evaluated.

While some bugs listed in Table 7 remain pending developer confirmation, the majority of those
found by PROGNOSTICATOR were promptly acknowledged, with 33 already patched and another
30 reportedly with fixes underway. In our correspondence, transpiler developers noted that many
failures involved troublesome yet common code patterns, with many PROGNOSTICATOR-generated
programs since being adopted within transpilers’ internal test suites (e.g., [22, 25]).

Notably, one bug affecting TinyGo (issue #4786) was traced back to the Go compiler—a defect in
SSA handling of len(*f()) when f() returns a nil pointer to an array—showing that Construct-oriented
Fuzzing can surface subtle code translation edge cases that stem even beyond the transpiler itself.

5.2 Code Hallucinations, Undefined Behavior, and Sampling Randomness.

Because Construct-oriented Fuzzing relies on large language models (LLMs), it inherits their well-
known tendency to hallucinate [86], potentially producing incomplete or otherwise incorrect code.
For example, generated programs may erroneously lack PROGNOSTICATOR’s required wrapping
function (§ 3.3.1), resulting in invalid code that cannot be compiled. Nevertheless, PROGNOSTICATOR
still attains a mean code validity rate above 70% across all languages (Table 4), ultimately yielding
more transpiler bugs than all other evaluated fuzzers.

Moreover, while our prompting strategy also attempts to explicitly forbid generation of code with
undefined behavior (§ 3.3.2), such as returning a pointer to a local variable in C, these patterns still
occasionally arise. However, our manual analysis using LLVM’s UndefinedBehaviorSanitizer [56]
reveals that out of PROGNOSTICATOR’s total 51,525 generated C programs, only 1,426 (2.76%)
exhibit undefined behavior, indicating that such cases are rare and largely inconsequential.

Additionally, our current work does not evaluate PROGNOSTICATOR under varying LLM sampling
configurations, relying only on a default sampling temperate of 1.0. Although PROGNOSTICATOR can
be indeed configured to operate deterministically by minimizing temperature, doing so only yields
near-identical programs across runs—counter to fuzzing’s fundamental reliance on randomness
to produce diverse test cases that surface distinct bugs [42]. Further, as Table 4 and Table 5 show,
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PROGNOSTICATOR exhibits a low overall cross-run variability despite using stochastic sampling,
suggesting that Construct-oriented Fuzzing remains relatively stable in the face of sampling noise.

5.3 Testing New Transpilers and Language Features.

Our evaluation targets a representative set of popular transpilers spanning diverse input and output
languages pairs (Table 3). While this selection provides broad coverage of different syntactical and
semantic translation challenges, extending PROGNOSTICATOR to other languages remains straight-
forward, requiring minimal input-language-specific prompt tailoring and supporting infrastructure.
Accordingly, we leave extension of PROGNosTICATOR and Construct-oriented Fuzzing to other
transpiler ecosystems as future work.

Additionally, our testing for Rust-targeting transpilers (e.g., C2Rust [47]) omits memory-safety
properties like ownership, borrowing, or aliasing. We posit that this scope aligns with existing
transpilers’ current limitations at the time of writing: C2Rust, despite being today’s most mature
Rust-targeting transpiler, has yet to fully support generation of safe and idiomatic Rust. Accordingly,
our work focuses on language features currently supported by existing transpilers, deferring
memory-safety-aware testing to future work as transpiler toolchains evolve.

Finally, our current prototype of PROGNOSTICATOR remains restricted to generating sequential
programs, and does not yet support concurrency-related code constructs (e.g., C’s threading or
Go’s goroutines). While we have preliminary support for concurrency-aware program generation,
we leave the engineering and requisite reevaluation as a future update to PROGNOSTICATOR.

5.4 Costs of LLM Utilization.

Unlike the other fuzzers in our evaluation, our current prototype of PROGNOSTICATOR incurs
an additional financial cost due to its reliance on an LLM that is, at the time of writing, only
commercially available (i.e., OpenAI's GPT-4 [30]). In analyzing PROGNOSTICATOR’S runtime costs,
we calculate that its Stage-1 Construct Usage Enumeration (§ 3.2.2) averages per-trial costs of $10.65,
$10.27, and $12.67 for C, Go, and JavaScript, respectively; while its Stage-2 Construct-oriented
Program Generation (§ 3.3) averages $0.015 per generated program (~$150 per 10,000-program
trial)—on-par with the costs seen in other recent LLM-driven program generation approaches for
fuzzing (e.g., PromptFuzz’s reported $0.016 per generated program [60]).

Although cost reductions are possible from adopting more economical or free-to-use LLMs, we
leave the requisite reevaluation to future work. To maximize community benefit from our initial in-
vestment in deploying PROGNOSTICATOR, we publicly release all PROGNoOSTICATOR-generated
corpora (§ 8), enabling their reuse for bootstrapping testing of current and future transpilers.

6 Related Work

Below we discuss related work on large language models, their applications in software testing,
and fuzzing techniques for language processors beyond source-to-source transpilers.

Large Language Models. Advancements in natural language processing [62] have led to an explosion
of large language models (LLMs) for both natural-language tasks [87] as well as code compre-
hension and synthesis [50]. Modern LLMs generally span one of two types: fine-tuned models,
which are trained on domain-specific corpora (e.g., code repositories or bug-fix datasets) and thus
require substantial labeled data; and prompt-based models [64] (e.g., GPT-4 [30], Claude [18]),
which achieve strong generalization without task-specific training. While our current prototype,
PROGNOSTICATOR, leverages prompt-based models, we see strong potential in further leveraging
models fine-tuned for the tasks of language-specific code construct reasoning and code synthesis.
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LLM-driven Software Testing. Recent work applies LLMs to software testing tasks, including unit test
generation [57, 70] and fuzzing test case synthesis [38, 48, 80]. For example, TestPilot [70] constructs
prompts containing function source code and example usage to generate unit tests and repair
incorrect ones. Fuzz4All [80], by contrast, focuses on emergent language features (e.g., C++23’s
if consteval [11]) and standard-library APIs (e.g., Go’s atomic package [12]), leveraging code
documentation and snippets to guide code synthesis. By contrast, PROGNOSTICATOR is the first
to systematically explore core language constructs—the predominant source of today’s transpiler
bugs (Table 2)—enabling broad evaluation of transpilers’ handling of fundamental code patterns.

Fuzzing for Language Processors. Fuzzing has long been applied to test different language processors:
compilers [33, 34, 41, 59, 81], decompilers [72, 82], assemblers [52, 54], and instruction decoders [79].
While CSmith [81] and YARPGen [59] synthesize testcases using hardcoded C grammar rules to
target C/C++ compilers such as LLVM [56], TransFuzz [33] instead applies ECMAScript-compliant
mutations to existing JavaScript programs to test JavaScript-targeting transpilers such as Babel [17]
and SWC [26]. AFL-Compiler-Fuzzer [41] employs syntax-aware, string-level mutations guided
by regular expressions, whereas Polyglot [34] parses seed programs using the target language’s
grammar, lifts them into a unified abstract syntax tree (AST), and applies structure-preserving
mutations, filtering its generated programs via type-inference-guided semantic validation.

To uncover bugs in binary decompilers, Cornucopia [72] mutates compiler optimization flags to
generate diverse binaries, while Bin2Wrong [82] mutates source code, compilers, optimizations,
and executable formats in combination. TheHuzz [52] generates random instruction sequences to
uncover processor bugs, while AsFuzzer [54] infers assembly grammar rules to better guide fuzzing
of assemblers. Mishegos [79] performs differential testing of instruction decoders by cross-checking
competing implementations for inconsistencies.

To our knowledge, PROGNOSTICATOR remains the first language-agnostic approach to bring
fuzzing to source-to-source transpilers, extending the strengths of LLMs to systematically test this
long-undervetted class of language processors.

7 Conclusion

As transpilers see wider adoption for source-to-source translation, early detection of their underly-
ing defects is critical to preserving translated software quality. Analyzing historical bug reports, we
find that most failures arise from mishandled core language constructs. Accordingly, we introduce
Construct-oriented Fuzzing, which harnesses LLMs to systematically target these constructs and
their interactions to expose translation errors—without relying on language-specific seed inputs or
grammar specifications. Our evaluation demonstrates that our approach achieves both the highest
structural diversity and the highest transpiler bug discovery, culminating in 64 newly discovered
defects across 7 real-world transpilers, of which 63 have since been confirmed or fixed.

8 Data Availability

We open-source our prototype of PROGNOSTICATOR as well as our evaluation benchmarks and
artifacts at the following URL: https://github.com/FuturesLab/PROGnosticator.
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