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Abstract. Automated translation of legacy software into modern lan-
guages is essential for adopting safer programming practices at scale. 
We review current rule-based, neural and neurosymbolic approaches and 
show why none fully address the needs of real-world repositories. Rule-
based tools scale but mirror the source language, producing unidiomatic 
target code. LLM-based methods capture idioms but lack correctness 
guarantees. Hybrid systems partially bridge the gap but remain brittle 
when faced with complex features such as concurrency or third-party 
dependencies. 
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1 Introduction 

Software is at the heart of modern life, from banking systems and medical devices 
to critical infrastructure. Yet ensuring software reliability remains a major chal-
lenge, especially as systems grow in size and complexity. A long-standing and 
pervasive source of reliability issues is memory-safety bugs. Languages such as 
C and C++, which permit unchecked pointer manipulation, have been responsi-
ble for such bugs for decades, with reports from Microsoft and Google revealing 
that approximately 70% of their security vulnerabilities are rooted in memory 
errors [7,25]. 

Traditional approaches—manual code review, testing and formal verifica-
tion tools—help identify bugs but struggle to keep pace with the size and 
evolution of modern software systems. As a result, the software engineering 
community is increasingly embracing modern, safety-focused programming lan-
guages that proactively prevent many classes of vulnerabilities from arising in 
the first place. For instance, languages like Java, Go, C# and Kotlin ensure mem-
ory safety through garbage collection, balancing safety with performance. Newer 
languages such as Swift and Rust take a different approach, using ownership 
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models and compile-time checks to achieve memory safety without incurring a 
runtime overhead. 

While adopting modern languages for new development is relatively straight-
forward, modernising the enormous legacy codebases written in older, unsafe lan-
guages remains the major barrier to practical migration. Translation in today’s 
industrial settings is still predominantly manual, requiring deep domain knowl-
edge, considerable engineering resources, and months, if not years, of sustained 
effort [24,30]. This paper examines whether automated code translation can 
realistically meet the demands of real-world repositories. 

Trade-off Between Scalability, Correctness and Idiomaticity. While automated 
code translation has received sustained attention across a wide range of language 
pairs, substantial challenges remain—particularly when the goal is to produce 
idiomatic, readable and scalable translations suitable for integration into real-
world repositories. Traditional rule-based systems offer stability and semantic 
rigor, but their translations tend to closely mirror the structure and idioms 
of the source language, yielding code that is syntactically correct yet hard to 
understand, modify or extend in the target ecosystem. At the other extreme, 
data-driven or LLM-based approaches can generate high-quality, human-like 
translations that capture idioms, conventions and design patterns, but lack for-
mal guarantees of semantic preservation and struggle to scale to large, real-
world, projects. Consequently, current techniques are effectively constrained by 
a three-way trade-off between idiomaticity, scalability and correctness: improve-
ments along one axis often degrade performance along the others, and different 
approaches choose different compromises. Breaking this trade-off and achieving 
translations that are both high quality and applicable to large, evolving software 
systems remains a core challenge for automated code translation research. 

The remainder of this paper examines different translation directions and 
outlines the unresolved research problems that must be addressed. For concrete-
ness, we focus our discussion on tools that translate other languages into Rust—a 
language whose growing industrial adoption is driven by its strong guarantees 
of memory safety and high performance. In recent years, Rust has emerged as a 
popular target for automated code translation, making it a particularly relevant 
setting for understanding the strengths and limitations of current approaches. 

2 Rule-Based Code Translation 

Automated code translation has been a topic of extensive research for decades [6, 
20]. In programming languages research, this process is often referred to as “tran-
spilation”. Unlike traditional compilers, which convert code from a high-level 
programming language to a lower-level one, transpilers bridge programming lan-
guages that operate at a similar level of abstraction. Throughout this paper, we 
use the term “translation” to refer to this form of transpilation. 

Traditionally, code translation techniques were rule-based, which  work  by  
applying handcrafted rewrite rules to the source code or some representation of
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it such as the Abstract Syntax Tree in order to transform elements of the source 
language into the target language [5,13,22,29]. One advantage of this approach is 
its predictability and stability, as identical inputs always yield the same results, 
as well as the strong correctness guarantees when the rules are rigorously defined 
and verified. The most significant drawback of rule-based translation is that it 
generally produces code that is unreadable and unidiomatic, making it challeng-
ing to maintain [11,24]. This approach often mirrors the structure of the original 
code too closely, failing to fully leverage the features and idiomatic patterns of 
the target language. 

While rule-based techniques can effectively scale to entire projects—with 
notable examples targeting C to Rust [2,9,38], C to Go [1], and Java to C# [3]— 
developing these rules is a highly labor-intensive process and may fall short of 
being exhaustive. The sheer number of translation rules required to handle all 
cases across all involved codebases, including libraries, makes comprehensive cov-
erage a significant challenge [31]. Moreover, rule-based translation systems typi-
cally operate with a local view of the code: individual rewrite rules are triggered 
by syntactic patterns or local AST fragments. However, high-quality translations 
often require global semantic information—how data flows through the program, 
how pointers relate, or how abstractions are used across modules. Without such 
context, these systems tend to replicate low-level constructs from the source lan-
guage rather than recovering appropriate abstractions in the target language. 

A prime example of a rule-based translator is C2Rust [2], an industrial-
strength tool that rewrites C programs into Rust syntax while preserving seman-
tics. Because its translation rules operate locally and do not synthesise an own-
ership model, C pointers are mapped directly to raw Rust pointers. This in turn 
produces large regions of code that must be marked with unsafe, , signalling that 
the compiler cannot enforce Rust’s safety guarantees and shifting the burden of 
correctness back onto the programmer. Although the resulting Rust compiles, it 
preserves C’s pointer-centric design rather than Rust’s ownership-oriented pat-
terns. The generated code is therefore harder to read, reason about and main-
tain, and fails to leverage Rust’s idiomatic abstractions such as Box, Option, 
borrowing or pattern matching—ultimately undermining many of the benefits 
motivating migration to Rust in the first place. 

Subsequent work attempts to post-process such translations to recover safer 
idioms. Laertes [10] explores the space of candidate rewrites, guided by Rust 
compiler error messages, in order to eliminate unnecessary unsafe blocks. While 
effective in targeted cases, its search remains brittle and leaves many unsafe 
constructs unresolved. CROWN [38] addresses this limitation by placing owner-
ship at the core of the translation process. Starting from the C2Rust output, it 
performs static analyses over Rust MIR to infer a pointer ownership model com-
patible with Rust’s semantics, and then rewrites pointers using safe abstractions 
(Box<T>, &mut T, etc.). This ownership-guided pipeline enables the transla-
tion of real-world C codebases (up to hundreds of thousands of lines of code) 
into significantly safer and more idiomatic Rust. However, CROWN still strug-
gles when encountering patterns not covered by its predefined rewrite rules, often
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producing code that still fails to provide meaningful safety improvements over 
the original C. 

Beyond these approaches that target unsafe pointers, Hong and Ryu exam-
ine other specific pain points in the C2Rust translation and redesign them 
using Rust-appropriate abstractions. They propose automated rewrites for C 
lock APIs [15], translation of tagged unions [18], and the elimination of output-
parameter patterns in favour of algebraic data types [17]. These studies highlight 
the benefits of domain-specific refactorings, but each targets a narrow class of 
features, leaving many others untreated. As a result, the overall translation still 
diverges significantly from what an expert Rust developer would naturally write. 

3 Neural-Based Code Translation 

Neural-based code translation offers substantial advantages over rule-based 
methods in terms of idiomaticity. Neural models can produce code that bet-
ter reflects human-written idioms and, unlike handcrafted rewrite systems, are 
typically not bound to a single language pair [11,27]. A seminal line of work 
by Rozière et al. demonstrated that unsupervised neural models can translate 
functions across C++, Java, and Python without paired training data [30,31], 
showing that neural representations capture cross-language structure and pat-
terns often invisible to purely syntactic rewriting. 

However, these early approaches were largely evaluated on small, self-
contained snippets—typically from GeeksforGeeks [14], competitive program-
ming datasets [23,28], or educational corpora [4,34]. Such settings privi-
lege short, isolated problems and fail to reflect the architectural dependencies, 
implicit invariants and cross-module interactions characteristic of real software 
systems. Although subsequent works introduce improved training objectives, 
prompt strategies or post-generation repair [21,33,36], they largely remain con-
fined to this small-program paradigm. 

As a result, recent progress has been driven by large language models (LLMs), 
which have become the de-facto foundation for neural translation [8,21,33,35, 
36]. A prominent line of work combines LLMs with static program analysis [12, 
21,35,36]. In C to Rust pipelines [26,39], scalability is typically achieved by first 
invoking C2Rust [2] and then using LLMs to “idiomatise” the output. Because 
these approaches inherit C2Rust’s pointer-centric structure, they operate on 
syntactically translated, largely unsafe Rust. While the LLM is able to correct 
some of the unidiomatic parts, a large proportion is still present in the result. 

For end-to-end LLM approaches without a rule-based front-end, Ibrahimzada 
et al. [19] propose a compositional pipeline for translating Java to Python, gen-
erating code module by module and validating local invariants. Shiraishi and 
Shinagawa [32] instead target C to Rust, using a context-aware segmentation 
strategy to partition repositories prior to translation. While both approaches 
scale to entire projects, their translations largely fail to preserve the behaviour 
of the original code, highlighting the difficulty of full-project translation with 
LLMs alone. For translating Go to Rust, Zhang et al. introduce a neurosymbolic
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pipeline implemented in Oxidizer [37]. Oxidizer couples LLM-based generation 
with static mapping of constructs between the source and target languages, 
type-compatibility checks, and input–output semantic validation, demonstrat-
ing that repository-scale translation becomes practical when neural generation 
is grounded in domain-specific program analysis. 

4 Current Limitations 

Despite progress in rule-based, neural and neurosymbolic pipelines, current sys-
tems still fall short of the requirements for real-world translation. The remainder 
of this section examines several of the most persistent barriers. 

Concurrency. Translating concurrent code remains highly challenging. Program-
ming languages often embody fundamentally different concurrency paradigms— 
e.g. shared-memory threads, message passing, async/await—which makes rule-
based translation unfeasible in the general case. Existing work has so far only 
tackled narrow subproblems; for instance, Hong and Ryu’s Concrat system auto-
matically rewrites C lock APIs to Rust equivalents, but is restricted to lock-based 
synchronization and requires accurate static summaries of lock behaviour to suc-
ceed [16]. LLM-based approaches do not solve this: concurrency invariants are 
hard to specify and even harder to verify, and neural-based translation may intro-
duce subtle race conditions or deadlocks. Meaningful progress likely depends on 
advances in scalable program verification for concurrent systems. 

Third-Party Dependencies. Automated translation also struggles when source 
code depends on rich ecosystems of libraries. Rule-based systems can only cover 
APIs they explicitly know how to rewrite, while neural approaches often hal-
lucinate import paths and APIs, or generate syntactically correct but seman-
tically incompatible replacements. Moreover, target languages may lack direct 
equivalents for libraries used in the source project. Bridging this gap requires 
explicit modeling of dependency ecosystems, for example through API mapping 
databases or retrieval-augmented approaches to API translation. 

Lack of Formal Verification in Neural-Based Translation. Most current neural 
or neurosymbolic translation pipelines ultimately validate the correctness of the 
generated code using input–output examples. These checks provide only partial 
assurance: they can detect obvious regressions, but cannot guarantee preserva-
tion of behaviour across the (potentially infinite) input space or through complex 
execution paths. This limitation is particularly acute for repository-level trans-
lation, where small errors in data structures or pointer manipulation can remain 
latent until deployment. Formal verification offers a more principled alternative, 
but so far has only seen early adoption. One notable example is VERT [35], which 
combines LLM-generated Rust with an oracle Rust program compiled from 
WebAssembly, and then performs property-based testing and bounded model 
checking to verify semantic equivalence. While VERT demonstrates that formal
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guarantees are feasible, it remains constrained: verification must be performed 
function-by-function, requires bounds on loops, and faces scalability limits for 
real-world codebases. Meaningful progress will likely require advances in scal-
able software verification, including automated invariant inference and robust 
verification techniques that operate across language boundaries. 

5 Conclusions 

Automated translation of real-world codebases remains challenging. Rule-based 
approaches scale and preserve semantics, but typically produce unidiomatic code 
that is hard to read and maintain. Neural approaches generate idiomatic code, 
yet remain brittle and opaque. Neurosymbolic pipelines offer a pragmatic mid-
dle ground, combining analysis-driven guidance with validation, but still struggle 
with external dependencies, concurrency abstractions and the absence of formal 
guarantees. Addressing these challenges will require hybrid methods that inte-
grate language-specific reasoning, richer specification mechanisms and verifica-
tion that goes beyond input–output testing to provide trustworthy translations 
at repository scale. 
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