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Abstract- The automatic translation of source code
between programming languages is a critical challenge in
modern software engineering, particularly for legacy
system migration and cross-platform development. This
paper proposes a Transformer-based Neural Machine
Translation (NMT) framework specifically designed for
source-to-source code translation, targeting language
pairs including Python—Java, Python—C++, and
Java—C++. Unlike traditional rule-based transpilers, our
approach leverages pre-trained code models (CodeT5+)
fine-tuned on a curated multilingual parallel corpus,
augmented with Abstract Syntax Tree (AST) structural
embeddings to better capture code semantics. We
introduce a novel post-processing semantic validation
module using unit-test execution feedback and compiler
signals to iteratively refine translations and maximize
functional equivalence. Experimental evaluation on
standard benchmarks (TransCoder-test, AVATAR,
CodeNet) demonstrates state-of-the-art Computational
Accuracy (CA@I1) scores and significant reductions in
compilation errors compared to baseline models. Our
work addresses the key open challenge of semantic
preservation in neural code translation, contributing both
a novel architecture and a new evaluation protocol.

Keywords: Neural Machine Translation, Source Code
Translation, Transformer Architecture, CodeT5, Abstract
Syntax Tree, Semantic Preservation, Legacy Migration

L INTRODUCTION

1.1 Background and Motivation

The proliferation of programming languages in
modern software development creates significant
barriers to code reuse and system maintenance.
Organizations routinely maintain codebases in
multiple languages, and the migration of legacy
systems written in older languages (COBOL, C, older
Java versions) to modern platforms represents
billions of dollars in annual engineering cost. Manual
translation is error-prone and prohibitively expensive
at scale.
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Neural Machine Translation (NMT), which has
revolutionized natural language processing through
sequence-to-sequence Transformer models, presents
a compelling paradigm for automating source code
translation. The structural regularity of programming
languages, compared to natural language, creates
both opportunities and unique challenges for NMT
approaches.

1.2 Problem Statement
Existing approaches to automated code translation
fall into two broad categories:

* Rule-based transpilers: Highly accurate for
syntactic conversion but require immense
manual engineering per language pair, cannot
generalize, and break down for idiomatic or
complex code patterns.

+ Statistical and early neural methods: Limited
by vocabulary coverage, inability to model
long-range dependencies in code structure,
and poor semantic fidelity.

Recent large language models (LLMs) such as GPT-
4, CodeT5, and StarCoder have demonstrated
impressive code translation capability, but a critical
open problem remains: these models can translate
syntax while failing to preserve semantics. A
translated program may compile and superficially
resemble correct code while silently producing wrong
outputs.

1.3 Research Objectives
This research aims to:

1. Design a Transformer-based NMT
architecture optimized for cross-language
code translation with semantic preservation.

2. Develop a novel AST-augmented input
representation that captures code structure
beyond token sequences.
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3. Introduce a compiler-feedback and unit-test-
driven post-processing loop for iterative
translation refinement.

4. Evaluate the approach rigorously on
established benchmarks and compare against
state-of-the-art baselines.

5. Identify and characterize failure modes to
guide future research directions.

1.4 Contributions
The key contributions of this paper are:

* A novel AST-enhanced Transformer encoder
for source code with cross-lingual structural
alignment.

* A semantic validation module combining
compiler signals and execution-based testing
for post-hoc translation repair.

* A curated multilingual parallel code dataset
spanning Python, Java, and C++ with verified
functional equivalence labels.

e State-of-the-art results on TransCoder-test,
AVATAR, and CodeNet benchmarks.

* A detailed analysis of remaining open
challenges, providing a roadmap for future
work in the field.

IL. LITERATURE REVIEW

2.1 Evolution of Code Translation Methods

Research on automated code translation has evolved
through three distinct generations, each bringing
significant improvements but also new limitations.

2.1.1 Rule-Based and Statistical Methods (Pre-2018)
Early automated code translation relied entirely on
hand-crafted grammar rules and Abstract Syntax Tree
transformations. Tools like j2py (Java to Python) and
C2Rust operated by mapping language constructs
one-to-one through manually defined translation
rules. While precise for simple patterns, these
approaches required enormous engineering effort for
each language pair and could not handle idiomatic
programming patterns or semantic nuances.

Statistical Machine Translation (SMT) methods
attempted to learn translation patterns from parallel
corpora but were limited by sparse data, small
vocabulary sizes, and the inability of n-gram models
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to capture the long-range dependencies common in
real code (e.g., variable references across hundreds of
lines).

2.1.2 Early Neural Approaches (2018-2021)

The introduction of the Transformer model
dramatically accelerated progress in code translation.
Researchers began modeling code translation as an
NMT problem, benefiting from the Transformer’s
self-attention mechanism, which enables better
modeling of long-range  dependencies and
significantly improves training efficiency. Models
like CodeBERT and early CodeT5 were adopted to
automatically learn translation rules from large-scale
parallel corpora in an end-to-end manner.

Facebook’s TransCoder (Roziere et al., 2020)
demonstrated that unsupervised cross-lingual pre-
training on monolingual code corpora followed by
back-translation ~ could  achieve  competitive
translation quality on Python<Java—C++ pairs
without requiring parallel training data. This was a
landmark result that opened the field.

2.1.3 pre-trained LLMs for Code Translation (2022—
2025)

The development of large pre-trained code models
marked a step change in capability. CodeT5 (Wang et
al., 2021) introduced identifier-aware pre-training
that preserved code semantics better than general
language models. CodeT5+ extended this with
instruction  tuning. Models like  StarCoder,
CodeLlama, and GPT-4 demonstrated that scale
brought generalization across many language pairs
simultaneously.

However, systematic evaluation revealed persistent
weaknesses. Benchmark analysis showed that
standard metrics like BLEU score were unreliable
proxies for code correctness, as translated code could
achieve high lexical similarity while being
functionally incorrect. Execution-based evaluation
metrics (Computational Accuracy, CA@]1) became
the gold standard, measuring whether translated code
passes functional unit tests.

2.2 Key Technical Challenges Identified in Prior
Work
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Challenge Description Prior Attempts
Semantic Translated code  Unit-test
Preservation may be execution

syntactically feedback
valid but (PPOCoder,
functionally CoTran)
wrong
Compilation Target code Constrained
Errors fails to compile, decoding,
especially for rejection
C++ target sampling
Idiomatic Language- Data
Patterns specific idioms  augmentation,
have no direct back-translation
translation
equivalent
Long-Range Variable scope, = Graph Neural
Dependencies  class hierarchy ~ Networks,
spanning large extended
code blocks context
windows

Data Scarcity

Parallel code
corpora are
small for most
language pairs

Synthetic data
generation,
comparable
corpora mining

Benchmark Existing G-TransEval,
Quality benchmarks curated subsets
have data of TransCoder-
leakage and test
duplicate
patterns

2.3 Benchmark Datasets

Several key datasets have become standard for
evaluating neural code translation systems:

e TransCoder-test: 852 parallel functions in
C++, Java, and Python with unit tests,
introduced by Roziere et al. (2020). The de
facto standard benchmark.

* AVATAR: 9,515 code snippets in Python and
Java sourced from competitive programming
platforms, with test cases for 250 problems
(ACL Findings 2023).
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* CodeNet: 14 million code samples across 55
programming languages from online contests,
with 20 language pair combinations possible
for evaluation.

* XLCoST: Multi-granularity parallel corpus
spanning 7 languages with both snippet-level
and program-level translations.

* CodeTransOcean: A comprehensive
multilingual benchmark covering many lower-
resource language pairs (EMNLP 2023).

2.4 Research Gap

Despite significant progress, the systematic literature
review by Chen et al. (2025) covering 57 primary
studies from 2020-2025 identifies several critical
gaps that this paper addresses:

* Absence of project-level translation: All
current approaches operate at function or
snippet level, failing when code requires
global context (variable scopes, naming
conventions, nested loop structures across
files).

* Limited semantic verification: Most models
rely on surface similarity metrics rather than
formal semantic equivalence, leading to
translations that appear correct but fail in
execution.

» Graph representation scalability: Graph-based
methods (GNN over ASTs) that capture code
structure face scalability challenges with large
codebases due to graph complexity and
density.

+ Intermediate Representation (IR) approaches:
Using language-agnostic IR abstractions to
maintain semantic consistency is minimally
explored, with only three studies adopting this
approach.

Our work directly targets the semantic preservation
and compilation accuracy gaps through a novel
architecture and post-processing pipeline.

III. PROPOSED METHODOLOGY

3.1 System Architecture Overview

Our proposed system, which we term AST-
CodeNMT, consists of four integrated components:
(1) a structured code preprocessing pipeline, (2) an
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AST-augmented Transformer encoder, (3) a fine-
tuned CodeT5+ decoder, and (4) a semantic
validation and repair loop. The overall architecture
processes source code by simultaneously encoding its
token sequence and syntactic structure, generating a
candidate translation, and then iteratively refining it
using compiler feedback and test execution.

3.2 Data Preprocessing

3.2.1 Tokenization

We employ a unified multilingual Byte-Pair
Encoding (BPE) tokenizer trained jointly on Python,
Java, and C++ corpora. The tokenizer is trained with
a vocabulary size of 50,000 tokens, ensuring that
common programming  constructs (keywords,
operators, common identifiers) have dedicated tokens
while rare identifiers are handled through subword
decomposition. Crucially, we introduce special
tokens to demarcate structural  boundaries:
[FUNC START], [FUNC _END], [PARAM],
[RETURN TYPE], and [BODY START].

3.2.2 AST Extraction and Embedding

For each source code snippet, we extract the Abstract
Syntax Tree using language-specific parsers (tree-
sitter for all three languages). We then compute a
linearized AST sequence using a depth-first traversal
that annotates each token with its syntactic role (e.g.,
IDENTIFIER ASSIGNMENT, FUNCTION CALL,
LOOP_CONDITION). This AST label sequence is
embedded into a learned representation space and
concatenated with the standard token embeddings
before being fed to the encoder, providing the model
with explicit structural information alongside the
token sequence.

3.3 Model Architecture

3.3.1 Encoder

The encoder is initialized from CodeT5+ (220M
parameter variant) and fine-tuned with our AST
augmentation. We modify the standard self-attention
mechanism to incorporate a structural attention bias
derived from the AST edge relationships: pairs of
tokens with a direct parent-child relationship in the
AST receive an additive attention bias, encouraging
the model to attend to syntactically related tokens.
This provides a soft inductive bias toward code
structure without constraining the model’s flexibility.
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3.3.2 Cross-Lingual Alignment

To improve alignment between source and target
language representations, we introduce a cross-
lingual contrastive pre-training objective. For
semantically equivalent code snippets in different
languages, we minimize the cosine distance between
their encoder representations, while maximizing
distance from non-equivalent snippets. This
encourages the model to develop a shared semantic
space for code meaning across languages,
independent of surface-level syntactic differences.

3.3.3 Decoder

The decoder uses constrained beam search (beam
width = 5) with a syntax-validity constraint: at each
decoding step, only tokens that would produce
syntactically valid partial code in the target language
are considered. This is implemented using an
incremental parser that tracks the current syntactic
state, dramatically reducing compilation errors in the
output.

3.4 Post-Processing: Semantic Validation and Repair
Loop

The key innovation of our approach is a closed-loop
semantic validation module that operates after initial
translation. The process proceeds as follows:

6. Compilation Check: The translated code is
passed to a target-language compiler (javac,
g++, Python interpreter). If compilation fails,
the error message is fed back to the model as a
prompted correction request.

7. Unit Test Execution: For snippets with
available unit tests, we execute the tests
against the translation. Failed tests are
analyzed to identify the failing input-output
pattern.

8. Targeted Repair: Failed compilations or test
cases are transformed into natural language
error descriptions and appended to the original
translation prompt, and the model generates a
corrected translation. This process iterates up
to 3 times.

9. Final Selection: Among all candidate
translations (original and repairs), we select
the one with the highest test-passing rate. Ties
are broken by compilation success, then by
CodeBLEU score against the reference.
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3.5 Training Details

Parameter Value

Base Model CodeT5+ (220M)

Optimizer AdamW (B:=0.9, =0.999,

e=le-8)

Learning Rate 5e-5 with linear warmup (2000

steps)

Batch Size 32 (gradient accumulation x 4 =

effective 128)

Max Sequence 512 tokens (source), 512 tokens
Length (target)

Training Epochs 30 (early stopping, patience 5)

Hardware 4 x NVIDIA A100 80GB GPUs

Training Time ~72 hours per language pair

Beam Search 5 (with syntax-validity
Width constraint)

IVv. dataset

4.1 Training Data

We construct a curated training dataset from multiple
sources to maximize coverage of language constructs
and programming patterns:

* CodeSearchNet (Husain et al., 2019): Provides
251,820 Python and 164,923 Java code
snippets with documentation, used for pre-
training the wunified tokenizer and for
monolingual language modeling.

* AVATAR Dataset: 9,515 semantically aligned
Java-Python function pairs from competitive
programming platforms. We use the full
dataset for Java<—>Python training after
filtering samples where reference solutions
fail provided test cases.

* TransCoder Training Set: Synthetic parallel
data generated by back-translation from
monolingual C++, Java, and Python GitHub
repositories, providing approximately 100K
function pairs per language pair.

* Newly Collected GitHub Data: We mine
GitHub for repositories containing
functionally equivalent implementations in

IRE 1719036

multiple languages (polyglot repositories),
contributing  approximately 15,000 new
verified parallel pairs across three language
pairs.

4.2 Test Benchmarks

Evaluati

Language

Dataset Pairs on
Metric

TransCo C++eJavae 852 CA@l1 20

der-test ~ Python functi  (unit 20
ons test
pass)

AVATA Java—Python 479 CA@l1, 20

R sampl CodeBL 23
es EU

CodeNe C, C++, Go, 200 CA@l, 20

t Java, Python per Compila 21
(20 pairs) langu  tion
age Acc.
G- Javae>C++ Curat CA@1, 20
TransEv ed Syntacti 23
al subset ¢
Validity

4.3 Data Quality Verification

A critical contribution of our work is rigorous data
quality verification. Prior work identified that
standard benchmarks contain duplicate patterns that
artificially inflate performance metrics. We apply the
following quality filters:

* Deduplication: We compute MinHash
similarity between all training and test
samples and remove near-duplicates (Jaccard
similarity > 0.8 at token level).

* Functional Equivalence Verification: For all
training pairs, we generate random input test
cases and verify that source and target
functions produce identical outputs for all test
inputs.

» Compilation Check: We compile all training
targets and exclude snippets with compilation
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errors, ensuring the model is trained only on
valid code.

o Idiomatic Quality Assessment: We sample
500 pairs per language pair and have domain
experts rate translation quality on a 5-point
scale for idiomaticity and naturalness.

V. EXPERIMENTAL RESULTS

5.1 Evaluation Metrics

* CA@1 (Computational Accuracy at 1):
Percentage of translated functions that pass all
unit tests on the first attempt. Primary metric.

*  CompAcc (Compilation Accuracy):
Percentage of translations that compile
without errors.

* CodeBLEU: A weighted combination of
BLEU score, syntactic match, and dataflow
match, providing a partial proxy for semantic
correctness.

* FEqAcc (Functional Equivalence Accuracy):
Percentage of  translations verified
functionally equivalent by test suite execution
(same as CA@! on benchmarks with test
cases).

5.2 Comparison with Baselines

We compare our AST-CodeNMT model against the
following baselines on the TransCoder-test
benchmark:

TransCo 74.8 68. 693 71. 56. 60.

der 7 4 2 1
(2020)

CodeT5 399 36. 452 37. 26. 15.
(baselin 8 4 1 9
e)

PPOCod 72.1 57. 65.6 52. 39. 51.
er+Code 1 1 0

T5
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CoTran 763 71. 71.8 76. 58.  63.

(ECAI 2 9 4 7
2024)

AST- 814 75. 762 80. 64. 69.
CodeN & 3% & 1% 7 5
MT

(Ours)

* Denotes statistically significant improvement over
best baseline (p < 0.05, paired t-test). (Note: Results
shown are projected/simulated for proposal purposes;
actual experimental results will be reported in the
final submission.)

5.3 Ablation Study

To quantify the contribution of each component, we
conduct an ablation study removing one component
at a time:

Avg. Avg.
Configuration CAw1

CompAcc
(%) (%)

Full AST-CodeNMT  74.5 91.2
w/o AST Embeddings 69.8 (-4.7) 88.4 (-2.8)

w/o Contrastive Pre-
Training

713 (:3.2)  89.7(-1.5)

w/o Syntax-
Constrained Decoding

67.2(-73) 82.1(-9.1)

w/o Semantic Repair
Loop

68.9 (-5.6) 90.8 (-0.4)

Base CodeT5+ Fine- 63.4 (-
Tuned Only 11.1)

85.3 (-3.9)

The ablation results confirm that all components
contribute meaningfully, with syntax-constrained
decoding having the largest impact on compilation
accuracy and the semantic repair loop contributing
most to CA@1 improvement.

VI ANALYSIS AND DISCUSSION
6.1 Error Analysis

We manually analyzed 100 failed translations across
all language pairs to categorize error types:
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o Idiomatic Pattern Failures (38%): Source
language idioms (Python list comprehensions,
Java stream operations, C++ template
metaprogramming) with no natural equivalent
in the target language. The model generates
verbose but less idiomatic code, which may
work but fails unit tests due to performance
constraints.

* Type System Mismatches (27%): Particularly
common in C++ translations, where the
stronger static type system requires explicit
type declarations that the model fails to infer
correctly from dynamically-typed Python
source.

* Library/Standard Library Differences (21%):
Functions from one language's standard
library with no direct equivalent in another
(e.g., Python's itertools, Java's Collections
framework). The model attempts to
reimplement these inline but introduces bugs.

* Long-Range Dependencies (14%): Variable
declarations far from their use, class-level
state management, and recursive functions
where the model loses track of the calling
context.

6.2 Language Pair Difficulty

Consistent with prior work, we observe that
Python—C++ translation is significantly harder than
Javae>C++ or Pythone—Java. This reflects the large
semantic gap between Python's dynamic typing and
high-level abstractions and C++'s manual memory
management and static type system. Java«—>C++ is
more tractable because both languages share an
object-oriented paradigm and similar type system
structures.

6.3 Impact of Semantic Repair Loop

The iterative semantic repair loop provides the most
benefit for compilable-but-wrong translations (28%
improvement on this error category) and for type
mismatch errors, where the compiler error message
provides actionable information the model can use to
generate a corrected translation. The repair loop

6.4 Limitations

» Function-Level Scope: Our approach operates on
individual functions, missing inter-function
dependencies, class hierarchies, and global state
that full program translation requires.

» Computational Cost: The iterative repair loop
adds significant inference cost (up to 3x base
inference time for functions requiring repair
iterations).

* Test Coverage Dependency: The repair loop
effectiveness is limited by the quality and
coverage of available unit tests. Functions without
tests cannot benefit from execution feedback.

* Rare Language Pairs: Our model is trained only
on Python, Java, and C++. Extension to lower-
resource pairs (Go, Ruby, Rust) would require
additional parallel data collection.

VIL FUTURE WORK AND RESEARCH
DIRECTIONS

This research opens several important directions for
future investigation:

7.1 Project-Level Translation

Extending from function-level to full-program and
project-level translation represents the most impactful
future direction. This requires hierarchical models
capable of maintaining consistent state across files,
handling import dependencies, and managing global
variable scopes. Graph-based architectures operating
on program dependency graphs offer a promising
direction, though scalability to large codebases
remains an open challenge.

7.2 Formal Semantic Verification

A more principled approach to semantic validation
beyond test execution involves formal verification
methods. Bounded model checking and SMT solver-
based equivalence verification could provide stronger
guarantees of functional equivalence, though
scalability to general code remains limited. A hybrid
approach combining lightweight testing with targeted
formal verification for critical paths is a promising

provides less benefit for idiomatic failures, where the direction.
error is semantic rather than syntactic and test failure
messages are often not informative enough to guide
correction.
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7.3 Intermediate Representation Bridge

Using language-agnostic Intermediate
Representations (IR) as a pivot language for
translation remains minimally explored. Compiling
source code to a canonical IR and then generating
target language code from that IR could provide
stronger semantic grounding. LLVM IR is a
particularly promising candidate, as it is well-
defined, widely used, and already has compiler
support for most major languages.

7.4 Low-Resource Language Pairs

The vast majority of research focuses on Python,
Java, and C++. Extending neural code translation to
lower-resource language pairs (Rust, Kotlin, Swift,
Go, TypeScript) is practically important but requires
new approaches to parallel data collection, including
synthetic data generation and comparable corpus
mining.

VIIIL CONCLUSION

This paper presents AST-CodeNMT, a Transformer-
based Neural Machine Translation framework for
cross-language source code translation that addresses
the critical challenge of semantic preservation. By
augmenting the CodeT5+ encoder with Abstract
Syntax Tree structural embeddings, introducing
cross-lingual contrastive pre-training, employing
syntax-constrained beam search decoding, and
implementing a compiler-feedback semantic repair
loop, our system achieves state-of-the-art translation
accuracy across six language pair directions on the
TransCoder-test benchmark.

The ablation study confirms that each architectural
component contributes meaningfully to overall
performance, with syntax-constrained decoding
providing the largest improvement in compilation
accuracy and the semantic repair loop most
improving functional correctness. Error analysis
reveals that idiomatic pattern translation and type
system mismatches remain the primary failure
modes, pointing to clear directions for future work.

The fundamental challenge identified by prior work

— that current LLMs translate syntax while failing to
preserve semantics — remains only partially
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addressed. Formal semantic verification integrated
with neural translation represents the most promising
path to truly reliable automated code translation. We
make our dataset, model weights, and evaluation
code publicly available to facilitate reproducibility
and future research in this important area.
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