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Abstract

Transpilation, or code translation, aims to
convert source code from one programming
language (PL) to another. Recent large lan-
guage model (LLM)-based approaches have
demonstrated immense potential for code trans-
lation. Training-based methods are impor-
tant because LLMs currently do not effec-
tively adapt to domain-specific settings that
suffer from a lack of knowledge without tar-
geted training. However, existing training-
based approaches rely on a pairwise transpi-
lation paradigm, making it impractical to sup-
port a diverse range of PLs. Furthermore,
these methods shape the reinforcement learn-
ing (RL) reward linearly in the test-case pass
rate, which underweights the earliest partial
progress. To address these limitations, we pro-
pose CODEPIVOT, a training framework that
leverages Python as an intermediate represen-
tation (IR), augmented by a novel RL reward
mechanism, Aggressive-Partial-Functional re-
ward, to bootstrap the model’s multilingual
transpilation ability with reduced reliance on
parallel corpora. Experiments involving 10
PLs show that the resulting 7B model, trained
on Python-to-Others tasks, consistently im-
proves performance across both general and
low-resource PL-related transpilation tasks. It
outperforms substantially larger mainstream
models with hundreds of billions more parame-
ters, such as DeepSeek-R1 and Qwen3-235B-
A22B-Instruct-2507, on Python-to-Others tasks
and Others-to-All tasks, respectively, and sur-
passes its counterpart trained directly on Any-
to-Any tasks on general transpilation tasks.
Code and data: https://github.com/lishangyu-
hkust/CodePivot.

1 Introduction

Background. Transpilation, or code translation,
is the conversion of source code from one pro-
gramming language (PL) to another, with each
ordered source-target PL pair constituting a dis-
tinct transpilation task. It supports key practical
needs such as migrating legacy systems to modern
platforms (Sneed, 2010; Ziftci et al., 2025), reduc-
ing long-term maintenance costs (Sneed, 2010),
strengthening security by moving from unsafe PLs
to safer ones (Emre et al., 2021; Ling et al., 2022;
Hans et al., 2025; Sneed, 2010; Hong and Ryu,
2025, 2024; Nitin et al., 2025), and creating parallel
corpora that improve code-synthesis training and
mitigate data scarcity for low-resource PLs (Pan
et al., 2024).

Why training-based methods. Despite decades of
research, high-quality transpilation remains chal-
lenging: classical rule-based approaches (Wang
et al., 2023) depend on heavy static analysis and ex-
tensive engineering, and program synthesis-based
methods (Mariano et al., 2022; Terekhov and Ver-
hoef, 2000) scale poorly due to search complex-
ity and the cost of validation (§ 2). Recent large
language models (LLMs) offer real-time transpila-
tion (Macedo et al., 2025; Yang et al., 2024b) and
may alleviate the scalability limitations of synthe-
sis (Zhang et al., 2025; Wang et al., 2025b; Yuan
et al., 2025). Among these approaches, training-
based methods are particularly important because,
without targeted training, LLMs often do not effec-
tively adapt to domain-specific settings that suffer
from a lack of knowledge (Cassano et al., 2024;
Gururangan et al., 2020). This limitation is espe-
cially evident for low-resource PLs (Wang et al.,
2025a) and in tasks such as migrating COBOL
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Figure 1: Correlation between programming language
resource abundance and average model coding profi-
ciency. The y-axis denotes the coding capability scores
averaged across models evaluated by the Big Code Mod-
els Leaderboard (BigCode, 2023; Li et al., 2023), while
the x-axis (logarithmic scale) represents the resource
availability of each language, quantified by its respective
percentage of GitHub pull requests in 2024 Q1 (Beuke,
2026). A logarithmic trendline is fitted to highlight the
positive correlation.

to Java (Hans et al., 2025; Sneed, 2010), where
COBOL remains critical to financial systems yet
is difficult to maintain because of its decades-old
design and limited developer expertise. Further-
more, with tools such as GitHub Copilot (Mi-
crosoft, 2026) and Codex (Chen et al., 2021), devel-
oper productivity has substantially improved, yet
limited support for low-resource languages places
their programmers at a disadvantage (Zheng et al.,
2023; Zhang et al., 2024b).

As illustrated in Figure 1, a model’s overall cod-
ing proficiency exhibits a strong positive correla-
tion with the resource availability of the target pro-
gramming language. This dependency underscores
a critical limitation of current models, which con-
sistently suffer from degraded performance when
applied to low-resource PLs.

Limitations of existing training-based methods.
Existing training-based approaches rely on a pair-
wise transpilation paradigm, making it impracti-
cal to support a wide variety of PLs. Because
these methods learn each task from data for that
task (Wang et al., 2026b; Jana et al., 2024), support-
ing N languages requires coverage of N(N — 1)
tasks, whose number grows as O(N?), making
it difficult in practice to construct sufficient data
to improve the models’ transpilation capabilities.
This challenge is further exacerbated by the scarcity
of high-quality parallel data for low-resource PLs.
Furthermore, although prior work (Wang et al.,

2026b; Jana et al., 2024) has demonstrated the po-
tential of reinforcement learning (RL) for transpi-
lation, existing approaches remain constrained by
suboptimal reward formulations. These formula-
tions either depend on heavyweight symbolic com-
piler feedback (Jana et al., 2024) or use an exe-
cution reward that is linear in the test-case pass
rate (Wang et al., 2026b; Jana et al., 2024). The
latter assigns credit uniformly across the pass-rate
range and thus provides limited additional incen-
tive during the earliest stages of partial correctness,
when a transpilation attempt begins to pass only a
small fraction of test cases.

Python as an IR. To close these gaps, we pro-
pose CODEPIVOT, a training framework that em-
ploys Python as an intermediate representation (IR)
along with a novel reward mechanism, Aggressive-
Fartial-Functional reward, to bootstrap the model’s
multilingual transpilation abilities with reduced re-
liance on parallel corpora and to harness the po-
tential of RL. To solve a transpilation task from a
source PL [, to a target PL [;,,, we train a model
using transpilation data consisting of Python-to-
lsrc and Python-to-li,, tasks. In other words, we
introduce Python as an IR or shared representa-
tion (Johnson et al., 2017) during training to facili-
tate transfer to the original transpilation task from
lsrc tO lyar. Through this shared Python representa-
tion, CODEPIVOT implicitly aligns the underlying
semantics of diverse PLs within the model’s la-
tent space, thereby enabling zero-shot transfer to
unseen transpilation tasks.

Differences from prior IR-based methods. Some
prior IR-based methods learn source-to-IR map-
pings from large parallel corpora, but either de-
grade on unseen transpilation tasks (Szafraniec
et al., 2023) or primarily target code completion
and understanding (Paul et al., 2024). Others ex-
plicitly translate through a pivot language at in-
ference time (Macedo et al., 2025). In contrast,
CODEPIVOT adopts a one-to-many training scheme
in which a high-resource PL serves only as a shared
semantic representation during training, while the
model directly generates the target program at in-
ference time. Training on Python-to-Others tasks
improves not only the trained tasks but also un-
seen Others-to-Python and Others-to-Others tasks,
avoiding both an inference-time pivot and the pair-
wise data construction required by Any-to-Any
training.

Why an IR, and why Python. The motivation
for using an IR stems from prior work (Szafraniec
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et al., 2023), which demonstrated that a low-level
compiler IR, such as LLVM IR (Lattner and Adve,
2004), can facilitate transpilation. However, this
approach is fundamentally constrained to PLs that
can be compiled to LLVM IR, such as C, C++,
Java, and Rust, lacking extensibility to a broader
spectrum of PLs. It also requires a massive number
of program-to-IR pairs simply for the model to ac-
quire a foundational understanding of the low-level
IR (Paul et al., 2024; Szafraniec et al., 2023), ren-
dering it vulnerable to data scarcity when applied
to low-resource PLs.

These limitations motivate the idea that, rather
than training models to understand low-level com-
piler IRs that current LLMs often do not master,
it is more effective to adopt a high-resource PL
as the IR. We select Python because it is widely
recognized as a high-resource PL (Yang et al.,
2025; Cassano et al., 2023) underpinned by abun-
dant high-quality training corpora (Lozhkov et al.,
2024; Ben Allal et al., 2024), it features concise
and natural-language-inspired syntax (Yun et al.,
2026), and code LLMs generally exhibit strong
performance on Python compared with many other
PLs (Cassano et al., 2023; Wang et al., 2026a).
Other candidates such as JavaScript are also plau-
sible; a systematic comparison of alternative IRs
is orthogonal to our contribution and left to future
work. Because Python is used only to abstract core
functional behavior, our approach also avoids man-
ually modeling language-specific features such as
Rust’s ownership rules or pointer-level memory
semantics. Under this design, we apply a Python-
IR-pivoted supervised fine-tuning (SFT) strategy to
bootstrap multilingual transpilation across 10 PLs,
including low-resource ones, using only Python-to-
Others pairs.

Aggressive-Partial-Functional reward. To fur-
ther enhance performance during the RL phase, our
newly proposed Aggressive-Partial-Functional re-
ward emphasizes rollouts with programs that pass
at least one but not all test cases (partially func-
tionally correct), encouraging the model to turn
more rollouts with programs that pass no test cases
(functionally incorrect) into rollouts with partially
functionally correct ones. This mechanism does
not rely on heavyweight compiler symbolic feed-
back (Jana et al., 2024). Unlike prior execution-
based rewards that scale linearly with the test-case
pass rate (Wang et al., 2026b; Jana et al., 2024),
our concave gating function assigns larger rewards
to improvements at low pass rates. Consequently,

early transitions from incorrectness to partial cor-
rectness receive stronger learning signals, thereby
accelerating training progress in the initial stages
(Appendix H).

Dataset and experiments. We build a file-level
transpilation dataset Dpy.Trans based on PyEdu-
R (Liet al., 2025a; Ben Allal et al., 2024; Lozhkov
et al., 2024), containing roughly 1M Python-to-
Others task instances. Target PLs span 9 lan-
guages with diverse paradigms, compilation mod-
els, type systems, and resource levels: C++, C#,
Java, JavaScript, Golang, Perl, Ruby, Rust, and
Haskell. Each instance contains a Python source
program, language-agnostic JSON-formatted test
cases, and metadata.

From Dpy.Trans We derive two benchmarks:
Dry20ruersBenca, 900 Python-to-Others task in-
stances evenly distributed across the 9 target PLs;
and Doruers2ALLBENcH, an 8.1K-instance Others-
to-All suite obtained by pairing 100 oracle pro-
grams per non-Python PL across the 9 source PLs
with 10 target PLs (including Python). For training,
we sample fewer than 30K instances without re-
placement, excluding all benchmark instances, and
instantiate CODEPIVOT on a 7B-parameter base
model Qwen2.5-Coder-7B-Instruct, trained exclu-
sively on Python-to-Others transpilation.

Experiments show consistent improvements
across general transpilation tasks and tasks involv-
ing low-resource PLs. The resulting model out-
performs substantially larger mainstream models,
including Qwen3-235B-A22B-Instruct-2507 and
DeepSeek-R1, gaining 10.67 Pass@ I percentage
points (hereafter “points”) on tasks involving low-
resource PLs and 15.19 points on Others-to-All
tasks relative to Qwen3-235B-A22B-Instruct-2507,
and outperforming DeepSeek-R1 by 5.34 points on
Python-to-Others. In addition, the model trained
on Python-to-Others transpilation is more effective
than its counterpart trained directly on Any-to-Any
pairs.

Contributions. Our main contributions are:

* To the best of our knowledge, we are the first
to propose a training framework using Python
as an intermediate representation to bootstrap
the model’s multilingual transpilation capabil-
ities without direct parallel corpora for every
transpilation task. Our approach achieves mul-
tilingual transpilation training of as many as
10 PLs. Experiments show that it works well
even with low-resource PLs whose training
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data is scarce.

* We propose a novel RL reward, Aggressive-
Partial-Functional reward, to enable our
framework to improve models’ multilingual
transpilation capabilities. Experiments show
that by incorporating the reward for training
Qwen2.5-Coder-7B-Instruct, our framework
yields a 7B-parameter model that surpasses
DeepSeek-R1 (671B) in our experiments.

* We conduct comprehensive experiments show-
ing the effectiveness of CODEPIVOT in the
Others-to-All and Python-to-Others settings,
in which it surpasses models with hundreds of
billions more parameters, and the efficiency
of Python as an IR, which enables it to surpass
its counterpart trained on Any-to-Any pairs
by 5.83 Pass@ ] points.

2 Related work

Code translation. Transpilation, or code trans-
lation, has been studied for decades (Terekhov
and Verhoef, 2000; Sneed, 2010) and has moti-
vated extensive research. Early efforts primar-
ily relied on rule-based methods (Wang et al.,
2023; Sharpen, 2026; C2Rust, 2026; Cxgo, 2026;
J2cstranslator, 2026) that require hand-crafted rules
for each translation setting, which limit scalability
and make it difficult to generalize across languages
and complex programming patterns. More recently,
learning-based and LLM-based approaches have
attracted increasing research attention (Xue et al.,
2025; Pan et al., 2024; Bhattarai et al., 2024; Ou
et al., 2024; Ramos et al., 2024; Cassano et al.,
2023; Feischl and Kern, 2025). Prior work strength-
ens the core code translation capability of LLMs by
leveraging large-scale data and improved training
algorithms (Puri et al., 2021; Zheng et al., 2023;
Roziere et al., 2020; Paul et al., 2024; Szafraniec
et al., 2023; Cassano et al., 2024), while other stud-
ies rely on prompting and pipeline orchestration
to handle challenging cases (Macedo et al., 2025;
Yang et al., 2024b). Although these methods of-
ten generalize well, they typically provide weaker
guarantees of correctness. Some approaches in-
vestigate the synergy between rule-based methods
and LLMs to balance correctness with generaliza-
tion (Ibrahimzada et al., 2025; Bhatia et al., 2024,
Yang et al., 2024a).

Reinforcement learning for code. Reinforce-
ment learning (RL) has become an effective ap-

proach for improving the reasoning capabilities
of LLMs (Guo et al., 2025; Shao et al., 2024; Li
et al., 2022; Wang et al., 2024), with particularly
notable gains in code- and mathematics-oriented
domains. Recent studies have applied RL to en-
hance code generation, including using execution
feedback for code synthesis (Gehring et al., 2025;
Shojaee et al., 2023), training for Verilog program
generation (Zhu et al., 2025), and leveraging syn-
thesized test cases (Zeng et al., 2025). Beyond
code generation, RL has also been explored for
broader programming tasks, including issue res-
olution (Wei et al., 2025), code translation (Jana
et al., 2024; Wang et al., 2026b), reasoning and
planning (Alon and David, 2025), and source code
summarization (Wang et al., 2020). Among these,
the two RL-based transpilation approaches are the
closest to our work. CoTran (Jana et al., 2024) re-
wards the policy using compiler feedback together
with a symbolic-execution check that runs tests on
a round-trip reconstruction of the source program;
this requires a compiler and a test-generation tool
for each language pair, and it has been instantiated
only for Java and Python. EffiReasonTrans (Wang
et al., 2026b) adopts a lighter execution-based re-
ward equal to the fraction of test cases passed, and
covers six transpilation tasks among Python, Java,
and C++. Both learn each task from data for that
task, whereas CODEPIVOT trains only on Python-
to-Others tasks and shapes the reward concavely to
emphasize the earliest partial progress.

3 Methodology

This section establishes the foundational concepts
and outlines the design of CODEPIVOT.

3.1 Problem Formulation

CODEPIVOT focuses on source-to-source transpila-
tion: translating a program from a source PL to a
target PL.

Definition 1 (Test Cases). A fest case (s, S,) is a
pair of input and output strings.

To simplify the execution interface, we format
the test case inputs and outputs as JSON strings
(Appendix D), which currently support numbers,
booleans, strings, arrays, and objects. Extending
to other data types or datasets requires only a task-
specific serializer and execution harness.

Definition 2 (Programs). A program p is modeled
as a function p(s;) = s, that accepts an input string
s; and returns an output string s,.
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For simplicity, we focus exclusively on determin-
istic programs, since nondeterministic programs
may produce different outputs for the same in-
put and lead to unpredictable evaluation behavior.
Extending CODEPIVOT to non-deterministic pro-
grams involves replacing the current exact-match
execution harness with a distributional verifier.

Definition 3 (Functional Correctness). Given a set
of test cases 7 and a program p, p is functionally
correct iff p passes all test cases in 7; partially
functionally correct iff p passes at least one but not
all; and functionally incorrect iff p passes none.

Definition 4 (Behavioral Equivalence). Given 7
and two programs p; and pg, p1 is behaviorally
equivalent to po modulo 7 iff they pass the same
subset of test cases in 7.

Definition 5 (Transpilation Task Instance). A tran-
spilation task instance is a tuple (psrc, T, lsre, ltar )
where pg;. is the source program in a source PL
lsre and 7 is a finite set of test cases specifying
its intended I/0O behavior. A target program piay
is a valid result iff it is in l5, and is behaviorally
equivalent to ps;c modulo 7.

3.2 IR-pivoted Supervised Fine-Tuning

We use a hypothetico-deductive approach to for-
mulate an IR-to-Others training paradigm. Let
L denote the set of considered PLs and r € L
the IR. Treating r as a shared semantic representa-
tion (Johnson et al., 2017), we posit the following
hypotheses.

Hypothesis H1: Transfer to the reverse task.
When training improves the [s-to-l; task, the
learned relationship between the two PLs also im-
proves the reverse [i-to-Ig task, even though the
latter is absent from the training data.

Hypothesis H2: IR-mediated transfer. For dis-
tinct non-IR languages ls, Iy € L\ {r}, improve-
ments in both [g-to-r and r-to-I jointly improve
ls-to-l; transpilation without training on the [¢-to-l;
task.

Under these hypotheses, training only on the 7-
to-{ task for every [ € L\ {r} directly targets the
IR-to-Others tasks. H1 predicts transfer to every
untrained [-to-r task. H2 then combines the gains
on these reverse tasks with those on the trained
r-to-/ tasks and predicts transfer to every ls-to-l;
task among the non-IR PLs. Thus, training on
only |L| — 1 tasks yields the testable prediction of
improvements across all | L|(|L| — 1) tasks, without

constructing task-specific training data for each one.
We test H1 and H2 empirically in § 4.

Since our primary focus is on functional correct-
ness, we use the IR only to abstract core functional
behavior rather than to model language-specific
features such as Rust’s ownership rules or pointer-
level memory semantics. As discussed in § 1,
we select Python as the IR because it is a widely
used, high-resource PL (Yang et al., 2025; Wang
et al., 2026a), has concise and natural-language-
inspired syntax (Yun et al., 2026), and is a language
on which code LLMs often exhibit strong perfor-
mance (Cassano et al., 2023; Wang et al., 2026a).
Other high-resource PLs could, in principle, serve
the same role, and we leave a systematic compari-
son of alternative IRs to future work.

Leveraging Python, we apply a Python-IR-
pivoted supervised fine-tuning (SFT) approach to
bootstrap multilingual transpilation. We sample
Python-to-Others transpilation tasks without re-
placement from Dpy.Trans and use this subset to
distill Claude-Sonnet-4. We employ execution-
based rejection sampling, retaining only responses
yielding a functionally correct py,;. Each validated
response paired with its prompt forms a distillation
pair, populating the SFT dataset Dpy20ruErs-SFT
with approximately 20K pairs distributed across
the 9 target PLs. CODEPIVOT then performs SFT
strictly on these Python-to-Others pairs as illus-
trated in Figure 2, bootstrapping the model’s gen-
eral transpilation capability without requiring ex-
tensive parallel corpora for every language combi-
nation.

Consequently, this methodology bootstraps the
model’s general transpilation capability while mit-
igating the need to train on extensive parallel cor-
pora for every language combination.

3.3 Reinforcement Learning Augmented by
Aggressive-Partial-Functional Reward

During the Aggressive-Partial-Functional reward-
augmented RL stage (Figure 2), for each target
PL we sample without replacement 800 Python-
to-Others task instances distinct from those in
Dpy20ruers-SFT to construct the RL training set
Dpy20THERS-RL-

Given a transpilation task instance
(Psre, Ty lsre, lear ), let ¢ denote its natural-language
prompt and 7y (- | ¢) a conditional text-generation
model. The instance is successfully solved by
m iff there exists o ~ mg(- | ¢) that contains
a program pi,,; written in [y, and behaviorally
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Figure 2: The workflow of the training process of CODEPIVOT. The core components of the workflow consist of
the IR-pivoted SFT stage (Section 3.2) and the Aggressive-Partial-Functional reward (APF) augmented RL stage

(Section 3.3).

equivalent to pgyc.

During RL, after my generates a rollout o, we
compute its reward. Conventional linear execution-
based schemes assign rewards purely based on the
number of passed test cases and ignore the under-
lying program state. We classify the extracted piay
into three states: functionally incorrect (lacks es-
sential main logic), partially functionally correct
(largely implements the main logic but fails some
corner cases), and functionally correct. We hypoth-
esize that a functionally incorrect program cannot
easily become partially functionally correct, while
a partially functionally correct program can more
readily become functionally correct because it al-
ready has nearly correct main logic.

Based on this intuition, we propose the
Aggressive-Partial-Functional reward that assigns
a higher reward weight to rollouts whose programs
are partially functionally correct.

Definition 6 (Aggressive-Partial-Functional Re-
ward).

(1
where p, is extracted from o and R is the format-
compliance reward. We check for the required
<think> and <answer> tags and a fenced code

Ri0) = o | {ss50) €7 o) = )

+R0)

block. Ry = 0.2 when both checks pass, 0.1 when
one passes, and O otherwise. The concave gate
function o is defined as follows:

1-Ae

U(iv)—l_i/\_p A>1, (2
with A controlling the extent to which partial func-

tional correctness is rewarded.

This reward encourages the policy to convert
rollouts with functionally incorrect programs into
rollouts with partially functionally correct ones.
We apply the standard GRPO algorithm (Shao et al.,
2024) for RL training; details in Appendix H.

4 Evaluation

This section evaluates CODEPIVOT across mul-
tiple dimensions: its effectiveness across multi-
ple PLs, the effectiveness of its training pipeline
with Aggressive-Partial-Functional reward, the ef-
ficiency of the IR-based design, and the impact of
different RL reward designs via ablation.

4.1 Experimental Setup

Implementation. We use LLaMAFac-
tory (Zheng et al., 2024) for SFT and verl (Sheng
et al., 2025) for RL on 8 H800-80G GPUs. Full
implementation details, including hyperparameters
and the program-execution environment, are in
Appendix C.
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Evaluation metrics. We adopt Pass@k: given
a transpilation task instance (pgyc, T, lsrc, ltar) and
k generated programs, Pass@k indicates that at
least one generated program is a valid result of
the instance. Since each pg;c in our benchmarks is
functionally correct modulo 7, Pass@k also indi-
cates one of the k programs is functionally correct.
Throughout, differences between two Pass@ [ val-
ues are reported in percentage points, and % is
reserved for Pass@ I levels, proportions, and rela-
tive changes.

LLM settings. Beyond our trained model, we
evaluate existing mainstream LLMs that vary in
institution, parameter count, open-source availabil-
ity, data cutoff, and pretraining objective. We
set temperature to 0 (greedy decoding) for con-
sistency. Untrained baselines are accessed through
official APIs; our trained models are served via
VLLM (Kwon et al., 2023). We report the average
Pass@ [ over three runs.

Dataset and benchmarks. Dpy.Tgrans 18 a file-
level Python-to-Others transpilation dataset of
roughly 1M task instances built on PyEdu-R (Li
et al., 2025a; Ben Allal et al., 2024; Lozhkov et al.,
2024). Each instance contains a Python source
program pgc, language-agnostic JSON-formatted
test cases, and metadata. Source programs span
algorithms, logic puzzles, math, scientific compu-
tation, and system modeling, and they invoke ex-
ternal APIs (e.g., container management and file
1/0O) to reflect real-world migration scenarios. Con-
struction details and sampling strategy are in Ap-
pendix D.

For training, we sample fewer than 30K
instances from Dpy.Trans (excluding bench-
mark instances) to form Dpyroruers-sFT and
Drpysoruers-RL due to computational overhead.
To systematically evaluate CODEPIVOT, we
construct two benchmarks.  Dpy20raErsBENCH
contains 900 Python-to-Others task instances
evenly distributed across 9 tasks, sampled from
Drpy.Trans With structurally complex Python
sources. Doruers2ALLBencu contains 8.1K Others-
to-All task instances spanning 81 tasks (100 in-
stances per task): we distill Claude-Sonnet-4 on
Python-to-Others tasks and execution-filter the re-
sults to obtain 100 oracle programs per non-Python
PL, then pair them with each distinct target PL
among the 10 PLs considered.

In contrast to existing benchmarks that are lim-
ited to function- or class-level transpilation (Cas-

sano et al., 2023; Xue et al., 2025), cover nar-
row PL sets (Ahmad et al., 2023; Roziere et al.,
2020; Zheng et al., 2023), or exhibit limited
problem diversity (Ahmad et al., 2023; Roziere
et al., 2020), our benchmarks offer file-level scope,
multilingual coverage, and richer diversity. We
use the mainstream LLMs listed in Table 6 (Ap-
pendix F) as baselines. No directly comparable
IR-based approach exists for our setting: a full-
coverage LLLVM comparison is infeasible because
JavaScript, Python, Perl, and Ruby lack a uni-
form off-the-shelf LLVM pipeline, and restricting
coverage would exclude the dynamically typed and
low-resource PLs we target; IRCoder (Paul et al.,
2024) performs continued pretraining on source
code and LLVM IR for code completion and under-
standing rather than file-level transpilation.

4.2 Main Results

Training Qwen2.5-Coder-7B-Instruct exclusively
on Python-to-Others tasks yields an SFT vari-
ant Base-7B-SFT on Dpyr0ruers-seT and an
RL variant Base-7B-RL-Ryggressive Via Aggressive-
Partial-Functional reward-augmented RL on
Drpy20ruers-RL- We evaluate zero-shot generaliza-
tion on Doruers2ALLBENCH-

Table 1 presents representative results for
Base-7B, Base-7B-SFT, Base-7B-RL-R,ggressives
and three baselines (Qwen3-235B-A22B-Instruct-
2507, DeepSeek-V3.1, and Qwen3-Next-80B-
A3B-Instruct). Base-7B-SFT outperforms Base-
7B on all 81 Others-to-All tasks, by 44.49
points on average. Base-7B-RL-Ryggressive fUr-
ther improves upon Base-7B-SFT on 98.77%
of the tasks, adding 8.55 points on average.
Despite having substantially fewer parameters,
Base-7B-RL-Raggressive Outperforms the three base-
lines on 91.36%, 90.12%, and 93.83% of the tasks,
by 15.19, 20.83, and 21.22 points on average. The
baselines remain stronger on dynamically typed
targets (Python, Perl, JavaScript) and a subset
of Rust tasks, which may be partly attributed to
Rust’s paradigm-blending design (Yun et al., 2026;
Matsakis and Klock, 2014).

Hypothesis assessment. These results support
both hypotheses: Base-7B-SFT improves over
Base-7B on all nine untrained Others-to-Python
tasks, supporting H1, and on all 72 untrained
Others-to-Others tasks, supporting H2. Together,
they support our prediction that training on the nine
Python-to-Others tasks transfers to all 81 untrained
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Table 1: Performance comparison in Pass@ [ (%) of models on representative tasks of DorugrsoaLiBencu. Columns
specify source PLs from C++ to Haskell, and row blocks specify target PLs. Base-7B denotes the base model,
and Base-7B-SFT and Base-7B-RL-R aggressive denote the resulting models further trained. Full results in Table 5 in

Appendix E.

Languages Model From From From From From From From From From
C++ Java C# JS Golang Rust Perl Ruby Haskell
Qwen3-235B-A22B-Instruct-2507 66.00 65.67 64.67 64.00 60.00 80.33 N/A 64.67 68.33
DeepSeek-V3.1 82.00 69.33 81.67 80.67 75.67 78.67 N/A 71.33 70.67
To Qwen3-Next-80B-A3B-Instruct 7233 63.67 73.67 67.00 69.33 68.00 N/A 58.67 69.33
Perl Base-7B (Qwen2.5-Coder-7B-Instruct) | 29.33 27.67 40.00 32.00 34.00 39.00 N/A 19.67 11.67
Base-7B-SFT 73.67 6433 72.00 75.33 65.33 64.00 N/A 66.00 54.00
Base-7B-RL-Rggressive (Ours) 74.00 7033 83.33 81.00 7633 69.00 N/A 72.00 71.00
Qwen3-235B-A22B-Instruct-2507 66.67 65.67 69.33 58.00 55.33  66.67 59.00 N/A 58.67
DeepSeek-V3.1 44.00 5733 6233 25.67 46.00 45.00 43.33 N/A 62.00
To Qwen3-Next-80B-A3B-Instruct 57.00 55.00 58.67 49.00 53.00 51.67 43.00 N/A 58.00
Ruby Base-7B (Qwen2.5-Coder-7B-Instruct) | 51.00 47.33 40.67 43.67 42.00 43.00 41.67 N/A 25.67
Base-7B-SFT 78.00 72.67 60.00 74.67 68.00 63.00 71.00 N/A 54.67
Base-7B-RL-Raggressive (Ours) 84.33 83.33 78.00 86.00 78.00 78.00 80.00 N/A 67.67
Qwen3-235B-A22B-Instruct-2507 10.33  15.67 17.00 9.67 12.67 20.33 11.00 11.33 N/A
DeepSeek-V3.1 15.67 12.00 12.33 10.00 8.67 17.33 1433 10.33 N/A
To Qwen3-Next-80B-A3B-Instruct 0.67 1.00 1.00  0.00 1.00  2.67 1.00  0.00 N/A
Haskell Base-7B (Qwen2.5-Coder-7B-Instruct) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 N/A
Base-7B-SFT 30.33 25.00 21.00 29.00 22.33  36.33 21.00 24.67 N/A
Base-7B-RL-Ruggressive (Ours) 31.33 28.67 36.00 41.00 37.67 4333 31.33 34.33 N/A

tasks. paradigm-blending designs (Yun et al., 2026; Mat-

Performance on tasks involving low-resource
PLs. Figure 3 compares High-to-Low (H-L),
Low-to-High (L-H), and Low-to-Low (L-L) tasks
that pair high-resource PLs (Python, C++, Java,
JavaScript) with low-resource PLs (Rust, Perl,
Haskell) (Cassano et al., 2023; TIOBE, 2026;
Cassano et al., 2024). Averaging the three per-
task means, Base-7B-SFT outperforms Base-7B by
42.00 points and Base-7B-RL-R aggressive adds a fur-
ther 7.99 points; Base-7B-RL-Raggressive SUrpasses
the three baselines by 10.67, 14.09, and 18.16
points, indicating that CODEPIVOT advances low-
resource transpilation while mitigating parallel-
corpora scarcity. Per-task breakdowns are in Ap-
pendix E.

4.3 Effectiveness of the Training Pipeline

We directly evaluate CODEPIVOT’s training
pipeline on Dpyr0rHErRSBENCH- Table 2 re-
ports Base-7B-RL-Ryggressive  alongside main-
stream LLMs. Base-7B-RL-Ryggressive achieves
the highest overall Pass@ I, surpassing DeepSeek-
R1 (671B) and Claude-Sonnet-4 by 5.34 and 14.08
points. It is best on 6 of 9 Python-to-Others
tasks, with an average margin of 6.78 points over
the second-best model per language. The short-
falls on Python-to-JavaScript, Python-to-Golang,
and Python-to-Rust are attributable to JavaScript’s
high-resource prevalence and to Golang/Rust’s

sakis and Klock, 2014); even so, relative to Base-
7B, Base-7B-RL-Rggressive improves Pass@ 1 by
1671.77% on Python-to-Golang and 1555.67% on
Python-to-Rust. Full results are in Appendix F.

4.3.1 Ablation of Different RL Rewards

We compare Aggressive-Partial-Functional reward
against three alternative rewards trained from Base-
7B-SFT on Dpyoomuers-RL: (1) a linear execution
reward o(x) = xz; (2) a Conservative-Partial-
Functional reward with a convex gate o(z) =
% (A > 1) that emphasizes fully correct roll-
outs; and (3) a discrete reward o(z) = [z = 1]
that rewards only fully correct programs. We fix
A = 20 throughout. At 25/50/75/100% pass rates,
the functional reward is about 0.555/0.817/0.941/1,
emphasizing early progress while still distinguish-
ing partially correct programs.

Table 3 shows that all four RL variants
outperform Base-7B-SFT on every Python-to-
Others task, confirming the value of RL.
Base-7B-RL-Raggressive achieves the best overall
Pass@] (64.67%), leads on 7 of 9 PLs, and yields
a 12.71-point overall RL gain. This corresponds to
absolute gains of 3.41, 3.78, and 4.11 points over
the linear, conservative, and discrete rewards, re-
spectively, or 36.67%, 42.33%, and 47.79% larger
RL-stage improvements. There are two exceptions.
Base-7B-RL-Rjjnear, the second-best variant over-
all, leads on Python-to-Rust; we attribute this to
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Table 2: Performance comparison in terms of Pass@ [ (%) of representative models on Dpyr0ruersBency- Columns
correspond to the nine Python-to-Others tasks, from Python-to-C++ through Python-to-Haskell. The Total column
presents the overall Pass@ I score across DpysoruersBencu- Full results in Table 6 in Appendix F.

Model ‘ C++ Java C# JavaScript Golang Rust Perl Ruby Haskell ‘ Total
Claude-Sonnet-4 20.33  64.67 60.67 68.00 49.67 6533 67.33 2433 3500 | 50.59
DeepSeek-R1 35.67 70.00 63.33 77.00 67.67 63.00 67.33 67.67 2233 | 59.33
Qwen3-235B-A22B-Instruct-2507 3233 40.00 21.67 30.33 2533 2833 26.67 20.00 6.67 25.70
Base-7B (Qwen2.5-Coder-7B-Instruct) | 1.33  3.67  0.00 5.67 3.33 3.00 433 10.67 0.00 3.56
Base-7B-RL-Ryggressive (Ours) 68.67 70.00 69.00 74.33 59.00 49.67 72.00 84.00 3533 64.67

Table 3: Performance comparison in Pass@ I (%) of models trained with different rewards on Dpys0ruersBency- The
Total column reports the overall Pass@ I across Dpy2oruersBenc; the value in parentheses is the gain in Pass@ [
percentage points over Base-7B-SFT. Further trained on Base-7B-SFT using Dpy20rhers-RL, Base-7B-RL-Riinear,
Base-7B-RL-Ronservatives Base-7B-RL-Rgiscrete, and Base-7B-RL-Ryggressive denote the resulting models using the
linear execution reward, the Conservative-Partial-Functional reward, the discrete reward, and the Aggressive-Partial-

Functional reward in RL, respectively.

Model ‘ C++ Java C#  JavaScript Golang Rust Perl Ruby Haskell ‘ Total
Base-7B-SFT 56.67 54.67 54.67 65.33 43.00 4033 64.00 65.67 23.33 51.96
Base-7B-RL-Riinear 62.67 67.00 66.33 66.00 58.33 53.67 69.33 80.67 2733 61.26 (+9.30)
Base-7B-RL-R ¢onservative 61.33 65.67 67.67 69.33 56.00 47.67 74.00 78.33  28.00 60.89 (+8.93)
Base-7B-RL-R giscrete 65.00 66.33 61.67 69.00 57.00 51.00 7033 76.67 28.00 60.56 (+8.60)
Base-7B-RL-Rggressive (Ours) | 68.67  70.00  69.00 74.33 59.00 49.67 72.00 84.00 3533 64.67 (+12.71)

Table 4: Performance comparison in Pass@ 1 (%) on
Doruers2ALLBENcH DEtween two models fine-tuned on
Python-to-Others pairs and Any-to-Any pairs, respec-
tively.

SFT Data Type ‘ Model Performance (%)
Python-to-Others pairs 53.85
Any-to-Any pairs 48.02

Rust’s syntactic complexity (Yun et al., 2026; Mat-
sakis and Klock, 2014), which makes it difficult to
convert rollouts with partially functionally correct
programs into those with functionally correct ones.
Base-7B-RL-Rconservative 1€ads only on Python-to-
Perl (74.00%), which we attribute to Perl’s simpler
syntax and high initial performance (64.00%), so
that partially correct rollouts are already plentiful
and emphasizing them adds little. Conversely, on
Python-to-Haskell, the weakest task, Aggressive-
Fartial-Functional reward improves Pass@ [ from
23.33% to 35.33%, a 12-point gain that is three
times the 4-point gain of the linear reward. Em-
phasizing partial test-case success is particularly
beneficial where baseline performance is low.

4.4 Efficiency of IR-pivoted Training

We evaluate the efficiency of the IR-based de-
sign by comparing SFT on Python-to-Others
pairs against SFT on Any-to-Any pairs. From

Drpyr0trers-SFT (~20K Python-to-Others pairs),
we build an Any-to-Any SFT dataset by permut-
ing functionally correct target programs across lan-
guages within each source-program group, since
all programs in a group solve the same problem.
This yields ~160K Any-to-Any pairs, not balanced
across tasks because distillation does not always
yield a correct program for every target.

We fine-tune Qwen2.5-Coder-7B-Instruct on
each dataset for three epochs. Table 4 presents
Doruers2aLLBencu performance: the model trained
on 20K Python-to-Others pairs outperforms the
one trained on 160K Any-to-Any pairs by 5.83
points, indicating that IR-pivoted training is more
data-efficient than training directly on parallel pairs
across languages.

5 Conclusion

We present CODEPIVOT, combining Python-
IR-pivoted SFT, Aggressive-Partial-Functional
reward-augmented RL, and language-agnostic test
cases to bootstrap multilingual transpilation with-
out parallel corpora for every task. Our results
show that (1) Python as the IR transfers Python-to-
Others gains to untrained tasks; (2) concave reward
shaping strengthens RL by emphasizing early par-
tial progress; and (3) together, they enable a 7B
model to outperform substantially larger models on
our benchmarks.
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Limitations

In our evaluation and training, we rely on cur-
rently mainstream large language models, which
may limit the validity of our conclusions for future
model generations. To mitigate this risk, we evalu-
ate multiple models from different institutions with
varying parameter scales and open-source availabil-
ity, ensuring that our findings reflect a broad set of
models. We train the model on only 10 PLs that
are mainstream at present, and it remains unclear
whether the approach can scale to a substantially
larger set of languages. To mitigate this limitation,
we select languages to cover diverse type systems,
resource availability, and programming paradigms,
and we focus on widely used and well-known lan-
guages that are broadly representative. Due to the
computational overhead, we sample only around
10 test cases for each program to keep reinforce-
ment learning computationally feasible. The lim-
ited number of test cases may not fully characterize
the function of the program, but our approach is
to approximate the behavior represented by the
given set of test cases, which the experimental re-
sults demonstrate to be effective, and the approach
naturally incorporates more test cases when more
computational resources are available.
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A Discussion

Future work. Potential future work includes
systematically investigating the application of
Aggressive-Partial-Functional reward in RL train-
ing for coding-related tasks such as code genera-
tion. In addition, the use of the high-resource PL
Python as an intermediate representation to address
low-resource PL transpilation warrants further ex-
ploration, particularly by leveraging such IRs to
enhance the code generation capabilities of current
LLMs. Furthermore, while investigating alternative
PLs as potential IRs remains a compelling direc-
tion, the dearth of comparable high-quality corpora
for other PLs constrains current efforts, and we
therefore leave this exploration to future work. Ad-
ditionally, while Dpy.Trans provides high-quality,
complex file-level transpilation tasks, it intention-
ally excludes repository-level complexities, such
as multi-file structures and build systems, which
are beyond the current scope and are left for future
work.

B Additional Related Work

Intermediate representation. An intermediate
representation is an abstract form of a program
and has been a foundational concept since the
early development of compiler design (Strong et al.,
1958; Huskey et al., 1960; Merrill, 2003; David-
son and Fraser, 1980; Lattner and Adve, 2004).
LLVM IR stands out for its language agnosticism,
well-defined semantics, and rich toolchain support,
which have made it a widely adopted foundation
for modern research in static analysis for bug de-
tection (Sui and Xue, 2016a; Shi et al., 2018; Sui
and Xue, 2016b; Sui et al., 2012, 2014; Tang et al.,
2024; Chen et al., 2025), program synthesis and
migration (Zhang et al., 2024a; Li et al., 2025b),
verification (Nelson et al., 2017; Lopes et al., 2021;
Li et al., 2026), and compiler optimization (Lopes
etal.,2015; Tan et al., 2025). More recently, LLVM
IR has also been used to study and enhance the
multilingual capabilities of code models. Prior
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work (Zhang and Leach, 2025) trains models to
learn compiler IR, while other studies (Szafraniec
et al., 2023) leverage LLVM IR to improve transpi-
lation performance. In addition, some studies (Paul
et al., 2024) investigate the use of compiler interme-
diate representations to improve the multilingual ca-
pabilities of Code LMs and facilitate cross-lingual
transfer.

C Implementation Details

During the IR-pivoted supervised fine-tuning (SFT)
stage, we use LLaMAFactory (Zheng et al., 2024)
to perform SFT of the open-source base model
Qwen2.5-Coder-7B-Instruct on Dpy20rHERS-SET-
We train the model for 3 epochs with a learning rate
of 1 x 107 and a batch size of 32. The distilled
model is used for later RL.

During the RL stage, we implement CODEPIVOT
with a non-linear Aggressive-Partial-Functional re-
ward in the verl (Sheng et al., 2025) framework and
further train the distilled model on Dpy20rHERS-RL
using GRPO (Shao et al., 2024). We set the total
context length to 22,528, train with a batch size of
32, a clipping range € of 0.2, and a learning rate
of 1 x 1075, and run for about 350 steps until the
reward curves converge. The rollout temperature
is fixed at 1.0, and the maximum lengths are set to
5,120 tokens for the instruction and 16,384 tokens
for the response.

All experiments are conducted on 8§ H800-80G
GPUs. The supervised fine-tuning (SFT) stage
requires approximately 4 hours, while the RL
stage requires about 50 hours. All generated pro-
grams are executed on an Ubuntu 20.04 LTS server
equipped with two 16-core Intel(R) Xeon(R) Gold
6444Y processors (45M cache, 3.60 GHz base
clock) and 256 GiB of DDR5-4800 ECC RDIMM
memory.

D Dataset Construction and Sampling
Strategy

Programming language resource-level definition.
We adopted a definition based on GitHut 2.0 (2024
Q1) (Beuke, 2026), computed across all 69 PLs
with complete pull-request, issue, push, and star
records. For each indicator, a PL received a high-
resource vote at or above the 95th percentile and a
low-resource vote below the 85th percentile; inter-
mediate values received neither. For each indicator,
the top 5% account for about 50% of activity, the
next 10% for about 35%, and the remaining 85%

for only about 15%. We aggregated the four votes
using a three-out-of-four rule: a PL was classified
as high-resource if it received at least three high-
resource votes, low-resource if it received at least
three low-resource votes, and medium-resource oth-
erwise. For our experiments, we selected Python,
C++, Java, and JS from the high-resource PLs;
C#, Go, and Ruby from the medium-resource PLs;
and Rust, Perl, and Haskell from the low-resource
PLs.

Construction of Dpy.rans. We build Dpy.Trans
on top of PyEdu-R(easoning) (Li et al., 2025a), a
reasoning-focused subset of Python-Edu contain-
ing approximately 369K Python code files sourced
from The Stack v2 (Lozhkov et al., 2024). We
start by extracting high-quality Python code snip-
pets and adding a main function that formats inputs
and outputs as JSON. We then use LLMs to auto-
matically synthesize test inputs for each program
with prompts that emphasize edge cases, execute
each program twice, and discard programs whose
outputs disagree across runs, which is an effective
heuristic for filtering non-deterministic programs.
Each retained deterministic program pg,. is paired
with its test cases (s;, s,) € T and an automatically
assigned problem category, and target PLs are des-
ignated from C++, C#, Java, JavaScript, Golang,
Perl, Ruby, Rust, and Haskell. Tterating this
pipeline yields Dpy.Trans, comprising roughly 1M
Python-to-Others transpilation task instances with
problem-diverse, high-quality source programs that
incorporate real-world constructs such as external
API invocation and exception handling.

Language-agnostic test cases. Inconsistencies
in I/O formats across PLs have long hindered scal-
ing of transpilation datasets (e.g., decimal handling,
integer widths, string/encoding boundaries, con-
tainer iteration order). We adopt language-agnostic
JSON-formatted I/O test cases so that the same pg;¢
and 7 can validate transpiled programs in any tar-
get PL, enabling Dpy.Trans to be fully exploited
during RL training across all target PLs.

Sampling weight function. Given a program p,
let P(p) denote the specific problem solved by p,
and let C'() be a function that maps a problem to
its corresponding problem class. We define the
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sampling weight function as follows:

w(p) - ‘{(psr“ 7 lSer ltar) € DPY—TRANS
| C(P(psee)) # C’(P(p))}‘.

Sampling strategy. To construct the task subset,
we sample Dpy.Trans Without replacement based
on the defined weight function. We restrict our
selection to transpilation tasks where pg,. has over
50 lines of code, distributed uniformly across the
target PLs.

E Complete Main Results

In this section, we conduct an experiment study-
ing the effectiveness of CODEPIVOT in improving
transpilation capabilities across multiple PLs and
on tasks involving low-resource PLs.

By exclusively training the Base-7B model,
Qwen2.5-Coder-7B-Instruct, on Python-to-Others
transpilation tasks, we obtain an SFT variant
trained on Dpy20rtuers-SFT, Base-7B-SFT, and an
RL variant, Base-7B-RL-Raggressive. Which is fur-
ther optimized via Aggressive-Partial-Functional
reward-augmented RL on Dpyr0rhers-rL. We sub-
sequently evaluate the zero-shot generalization ca-
pabilities of these models on Others-to-All transpi-
lation tasks, without any direct training, using the
benchmark Dorugrs2ALLBENCH-

Table 5 presents the performance of six models:
Base-7B, Base-7B-SFT, Base-7B-RL-R,ggressives
and three baseline models, namely Qwen3-235B-
A22B-Instruct-2507, DeepSeek-V3.1, and Qwen3-
Next-80B-A3B-Instruct. Compared with Base-7B,
Base-7B-SFT consistently improves performance
across all Others-to-All tasks and yields an aver-
age gain of 44.49 points. Relative to Base-7B-SFT,
Base-7B-RL-Raggressive improves performance on
98.77% of Others-to-All tasks, with only one task
remaining unchanged. Overall, the RL stage yields
an average improvement of 8.55 points. These re-
sults suggest that Python serves as an effective IR
for enhancing code understanding across multiple
PLs.

Despite possessing hundreds of billions fewer
parameters, Base-7B-RL-Raggressive Outperforms
the baseline models Qwen3-235B-A22B-Instruct-
2507, DeepSeek-V3.1, and Qwen3-Next-80B-
A3B-Instruct on 91.36%, 90.12%, and 93.83% of
the evaluated tasks, respectively. Furthermore, it
achieves average performance improvements of

15.19, 20.83, and 21.22 points relative to each re-
spective baseline.

This substantial gain underscores the effective-
ness of CODEPIVOT in systematically enhancing
a model’s general transpilation capabilities. How-
ever, the baselines retain an advantage in specific
tasks involving translation into dynamically typed
languages, such as Python, Perl, and JavaScript.
We hypothesize that this may be partly attributed
to their structural flexibility and natural-language-
inspired syntax (Pandey et al., 2024; Yun et al.,
2026), as code LLMs often exhibit strong per-
formance on PLs with such characteristics (Cas-
sano et al., 2023; Wang et al., 2026a). Further-
more, Base-7B-RL-Raggressive s underperformance
in certain Rust transpilation tasks can be ascribed
to the PL’s paradigm-blending design (Yun et al.,
2026) and complex feature set (Matsakis and Klock,
2014), which introduce intricate semantic chal-
lenges that hinder the model’s learning process.

Performance on tasks involving low-resource
PLs. Figure 3 presents a performance compari-
son across tasks involving low-resource PLs. These
tasks are categorized into High-to-Low (H-L), Low-
to-High (L-H), and Low-to-Low (L-L), pairing
high-resource PLs, such as Python, C++, Java,
and JavaScript, with low-resource PLs, such as
Rust, Perl, and Haskell (Cassano et al., 2023;
TIOBE, 2026; Cassano et al., 2024). The eval-
uation results indicate that both Base-7B-SFT
and Base-7B-RL-Rggressive consistently enhance
performance on all tasks involving low-resource
PLs. In particular, Base-7B-SFT outperforms
Base-7B by an average margin of 42.00 points,
while Base-7B-RL-Rggressive yields a further av-
erage increase of 7.99 points relative to Base-
7B-SFT. Notably, Base-7B-RL-Ryggressive OUtper-
forms the baseline models, Qwen3-235B-A22B-
Instruct-2507, DeepSeek-V3.1, and Qwen3-Next-
80B-A3B-Instruct, by considerable margins of
10.67, 14.09, and 18.16 points, respectively. Col-
lectively, these findings indicate the effectiveness
of CODEPIVOT in advancing models’ low-resource
transpilation capabilities while mitigating the chal-
lenge of data scarcity for low-resource PLs.

F Effectiveness of CODEPIVOT’s training
pipeline with
Aggressive-Partial-Functional reward

In this section, we directly evaluate the effec-
tiveness of the training pipeline of CODEPIVOT,
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Figure 3: Performance of models on transpilation tasks involving low-resource PLs.

Table 6: Performance comparison in terms of Pass@ [ (%) of different models on Dpys0ruersBencu. Columns
correspond to the nine Python-to-Others tasks, from Python-to-C++ through Python-to-Haskell. The Total column
presents the overall Pass@ I score across Dpy2oruersBencu- Base-7B-RL-Raggressive 18 the model trained using our
training pipeline with the Aggressive-Partial-Functional reward from the base model, Base-7B. Bold values indicate
the highest Pass@ ] rate in each column. * denotes closed-source models.

Model | C++ Java C# JavaScript Golang Rust Perl Ruby Haskell | Total
GPT-40* 17.33 37.00 27.33 41.33 33.00 2933 4500 38.00 0.33 | 29.85
GPT-4.1* 2433 65.00 60.00 73.33 51.67 58.67 6833 39.00 24.67 | 51.67
Gemini-2.5-Flash* 54.00 5033 53.67 75.00 4433 49.67 56.00 54.67 17.00 | 50.52
Claude-Sonnet-4* 2033 64.67 60.67 68.00 49.67 6533 6733 2433 3500 | 50.59
GPT-4.1-mini* 1533 50.33 44.67 65.67 46.67 5933 6633 2267 30.33 | 44.59
DeepSeek-R1 35.67 70.00 63.33 77.00 67.67 63.00 6733 67.67 2233 | 59.33
Qwen3-235B-A22B-Instruct-2507 32.33  40.00 21.67 30.33 2533 2833 2667 2000 6.67 | 2570
Qwen3-Coder-480B-A35B-Instruct 2233 4133 3267 43.00 28.67 33.67 4133 19.00 11.33 | 30.37
DeepSeek-V3.1 13.67 4333 4267 46.00 3433 46.00 4833 47.67 1233 | 37.15
DeepSeek-V3.2 17.33  47.00 43.67 49.67 3433 4500 55.00 4333 800 | 38.15
Qwen3-Next-80B-A3B-Instruct 2533 28.00 23.00 47.67 13.00 2867 33.00 3933 033 | 2648
Qwen?2.5-72B-Instruct 6.67 133 14.67 12.00 333 9.67 1833 2667 0.00 | 10.96
Qwen3-30B-A3B-Instruct-2507 10.00 2433 1333 25.00 7.00 2033 2333 29.00 0.00 | 16.93
Qwen3-14B 233 567 11.67 10.67 3.67 467 1600 28.00 033 9.22
Qwen3-8B 200 6.67 7.33 8.33 3.00 500 1400 800 0.0 6.04
Base-7B (Qwen2.5-Coder-7B-Instruct) | 1.33  3.67  0.00 5.67 3.33 3.00 433 10.67 0.00 3.56
Base-7B-RL-Ryggressive (Ours) 68.67 70.00 69.00 74.33 59.00 49.67 72.00 84.00 3533 | 64.67

including the Python-IR-pivoted SFT stage and
the Aggressive-Partial-Functional reward aug-
mented RL stage, in enhancing the models’ per-
formance on Python-to-Others transpilation tasks
in Dpy2oruersBencu- We do not evaluate Python as
an IR.

Table 6 presents the performance of
Base-7B-RL-Rggressive and mainstream LLMs
on Python-to-Others transpilation tasks. Across
all evaluated models, Base-7B-RL-Rjggressive
achieves the highest overall Pass@] on
Drpyo0oruersBencu- 1t outperforms other main-
stream LLMs, such as DeepSeek-R1 (671B)
and Claude-Sonnet-4, by 5.34 and 14.08 points

in overall Pass@ I, respectively. This indicates
that Base-7B-RL-Rggressive has the best multi-
lingual transpilation capability. In particular,
Base-7B-RL-Raggressive delivers the best results in
6 out of 9 Python-to-Others tasks and yields an
average margin of 6.78 points over the second-best
model for each PL. We attribute these gains
to the effectiveness of the training pipeline of
CODEPIVOT, which enables a smaller model to
better understand programs and to develop stronger
reasoning-driven transpilation capabilities across

multiple PLs.
For the Python-to-JavaScript task,
Base-7B-RL-Rggressive  €xhibits a  2.67-point
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Figure 4: Scatter plot illustrating the relationship be-
tween model size (B) and Pass@ [ performance (%) on

DPYZOTHERSBENCH .

decrease in Pass@ [ relative to the best-performing
model. We attribute this to the high-resource
nature of JavaScript, which constitutes a large
share of the training corpora of current LLMs.
Base-7B-RL-Raggressive does not achieve the best
results for the Python-to-Golang and Python-
to-Rust tasks. This is attributed to the fact that
Golang and Rust are modern multi-paradigm lan-
guages (Yun et al., 2026) with paradigm-blending
designs that combine functional, procedural,
and object-oriented approaches. Such paradigm
blending increases syntactic and grammatical
complexity, particularly in Rust (Matsakis and
Klock, 2014), often requiring more elaborate
constructs to express equivalent semantics and
introducing substantial divergence from other
languages. This hinders the easy conversion of
partially correct programs into functionally correct
ones. Despite this, compared to the initial Pass@ /
performance of Base-7B, the performance of
Base-7B-RL-Raggressive 1mproves by 1671.77%
on the Python-to-Golang task and by 1555.67%
on the Python-to-Rust task, further indicating the
effectiveness of the CODEPIVOT training pipeline
with Aggressive-Partial-Functional reward.

Figure 4 presents the relationship between model
size and Pass@ I across open-source models. It in-
dicates that the model trained with the CODEPIVOT
pipeline attains the highest Pass@ I with the fewest
parameters, underscoring the pipeline’s effective-
ness.

G Evaluation Beyond the Distillation
Teacher

The Original DOTHERSZALLBENCH benchmark was
distilled from Claude-Sonnet-4. Since our model is
also trained on data distilled from Claude-Sonnet-4,

we constructed a new version of Doryers2 ALLBENCH
using Gemini 3.5 Flash and the same execution fil-
tering described in § 3.2 to evaluate our trained
model beyond its distillation teacher.

Table 7: Performance comparison in Pass@ [ (%) on
Dorners2aLLBenca constructed using Gemini 3.5 Flash.
Base-7B denotes the base model, while Base-7B-SFT
and Base-7B-RL-Ryggressive denote the models obtained
through further training.

Model | Pass@1 (%)
Qwen3-235B-A22B-Instruct-2507 52.75
Qwen3-Next-80B-A3B-Instruct 41.09
Base 18.91
Base-SFT 50.86
Base-RL (Ours) 60.36

Table 7 presents the results, indicating that
CODEPIVOT’s gains persist with a different bench-
mark teacher.

H Training Dynamics

When applying the standard GRPO algo-
rithm (Shao et al., 2024) for RL training, the policy
LLM 7y(- | q) produces multiple rollouts o for
each input prompt ¢. Given the group size G, the
rollouts are denoted by {0;}%, ~ ., (- | @)
Therefore, the policy LLM aims to optimize the
following GRPO objective:

|o;]

0)=E Lg l;
J(0) = G;MZ it s

t=1
. Pi,tAi,t7
4; + = min .
clip(pi, 1 —€,14+€)A;y
— BDxL(ma(- | q) || Tret (- | @),

79(0it | q,0i<t)
T0o1a (Oi,t | q, 0i,<t> ’

3)

Pit =

where € and /3 are hyperparameters, and 7y (- | q)
and 7ef(- | ¢) are the probability distributions of
the policy and reference models, respectively. The

reward 7, = R(0;) and the advantages A;; =
rimmean(ry, 1) are calculated using the normal-
std(r1,...,rq)

ized rewards within each group following GRPO.
D1, denotes the estimated KL-divergence (Schul-
man, 2020).

Figure 5 presents the trajectories of the mean
reward during reinforcement learning (RL) training
under four distinct reward formulations. Notably,
all four curves show upward trends, indicating that
the policy progressively improves code quality and
test-case pass rates across all formulations.
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Figure 5: Comparison of mean reward trajectories during RL training under four distinct reward formulations. All
curves are smoothed using an exponential moving average for clarity.

The discrete reward exhibits highly unstable be-
havior and is prone to plateaus. Among the four for-
mulations, APF achieves the highest mean reward
throughout most of the training phase, followed
by Linear Execution (LE), Conservative-Partial
Functional (CPF), and Discrete rewards. This sug-
gests that reward formulations providing denser
and more continuous signals support smoother op-
timization and more stable training progress in pro-
gram translation. By contrast, the linear execution
reward exhibits a highly unstable trajectory with a
pronounced drop during the early stages, resulting
in lower overall reward growth. A similar pattern
is observed for CPF, whose trajectory consistently
remains below that of APF throughout the training
process.

Both reward designs yield substantially lower
value trajectories and weaker late-stage improve-
ment.

Furthermore, the Discrete reward consistently
exhibits the lowest values with a relatively flat
learning curve. This stark contrast highlights the
inherent challenges of sparse reward optimization.
Because the Discrete strategy assigns rewards only
to functionally correct outputs (x = 1), the re-
sulting reward scores lack meaningful gradation
during the early exploration stage. Consequently,
the model finds it much more difficult to escape
initially suboptimal behaviors than under formu-
lations with richer and more informative reward
signals.

34907



Table 5: Performance comparison in Pass@ I (%) of models across the tasks in DorugrsaaLiBencu. Columns specify
source PLs from C++ to Haskell, and row blocks specify target PLs. Base-7B denotes the base model, and
Base-7B-SFT and Base-7B-RL-Rggressive denote the resulting models further trained. Values highlighted in bold
indicate the highest Pass@ I rate for each task.

Languages Model From From From From From From From From From
C++ Java C# JS Golang Rust Perl Ruby Haskell

Qwen3-235B-A22B-Instruct-2507 90.33 92.67 96.00 94.67 91.00 92.33 95.67 90.00 92.67
DeepSeek-V3.1 93.00 97.67 9533 95.00 92.00 96.00 94.67 98.33 92.33

To Qwen3-Next-80B-A3B-Instruct 93.33 94.00 95.00 93.00 90.33 97.00 78.67 96.00 88.00
Python Base-7B (Qwen2.5-Coder-7B-Instruct) | 65.00 54.67 71.67 66.00 62.67 57.33 6833 71.00 46.00
Base-7B-SFT 89.33 86.67 84.00 82.33 83.00 72.33 88.33 88.00 77.00
Base-7B-RL-Rggressive 93.67 95.00 96.33 95.33 9233 83.67 96.33 90.67 83.33
Qwen3-235B-A22B-Instruct-2507 N/A  57.00 63.33 51.67 55.67 5233 45.00 62.67 56.33
DeepSeek-V3.1 N/A  46.67 16.00 17.67 56.67 30.00 10.00 8.33 36.33

To Qwen3-Next-80B-A3B-Instruct N/A  43.33  50.00 54.00 53.33  60.00 49.33 43.67 52.33
Cint Base-7B (Qwen2.5-Coder-7B-Instruct) N/A 0.00  0.00 0.00 0.00 0.00 0.67 0.00 0.00
Base-7B-SFT N/A  62.00 68.67 76.33 7833 73.00 74.00 67.33 64.00
Base-7B-RL-R aggressive N/A  76.67 87.67 80.33 8233 87.00 76.67 69.00 75.00
Qwen3-235B-A22B-Instruct-2507 60.67 N/A 4533  40.67 54.67 50.00 58.33 41.00 56.33
DeepSeek-V3.1 46.00 N/A  45.67 37.00 31.67 38.67 39.67 42.00 43.00

To Qwen3-Next-80B-A3B-Instruct 51.67 N/A  42.00 41.67 36.00 59.00 45.00 42.00 42.00
Java Base-7B 30.33 N/A  15.00 9.67 24.00 20.00 10.00 8.00 19.00
Base-7B-SFT 66.67 N/A  39.00 77.00 81.00 76.33 70.67 71.33 63.33
Base-7B-RL-Rggressive 82.33 N/A  66.67 77.00 87.00 84.33 75.67 74.67 73.33
Qwen3-235B-A22B-Instruct-2507 33.67 28.00 N/A 5433 45.67 63.00 63.67 50.33 54.33
DeepSeek-V3.1 49.67 57.67 N/A 5433 35.33 52.00 5433 56.33 56.33

To Qwen3-Next-80B-A3B-Instruct 49.00 22.00 N/A 46.33 60.67 5433 4533 27.00 50.33
C# Base-7B (Qwen2.5-Coder-7B-Instruct) 1.33 0.67 N/A 1.67 0.00 0.33 1.67 1.33 0.33
Base-7B-SFT 55.00 62.67 N/A 71.33 51.33  66.67 6533 61.67 52.67
Base-7B-RL-R aggressive 66.00 72.00 N/A 78.33 75.67 69.67 7233 66.33 67.33
Qwen3-235B-A22B-Instruct-2507 91.67 81.33 90.00 N/A 81.67 90.33 8733 76.67 84.67
DeepSeek-V3.1 87.33 73.00 71.00 N/A 84.00 78.67 70.67 54.00 83.33

To Qwen3-Next-80B-A3B-Instruct 89.00 82.33 91.00 N/A 81.00 88.67 85.67 79.67 83.33
Js Base-7B (Qwen2.5-Coder-7B-Instruct) | 29.67 15.67 18.00 N/A 3133 21.33  10.33 7.33 11.33
Base-7B-SFT 84.00 77.33 83.67 N/A 77.33 83.67 80.67 78.00 74.67
Base-7B-RL-Raggressive 93.00 82.33 91.33 N/A 85.00 92.00 83.67 81.33 78.67
Qwen3-235B-A22B-Instruct-2507 37.67 38.67 30.67 27.33 N/A  40.67 29.33 25.00 37.33
DeepSeek-V3.1 28.33 3533 36.33 38.00 N/A  27.00 24.00 33.33 28.67

To Qwen3-Next-80B-A3B-Instruct 27.00 27.67 30.00 24.00 N/A  27.67 19.00 25.33 26.33
Golang Base-7B (Qwen2.5-Coder-7B-Instruct) 6.00 13.33 4.33 7.33 N/A  21.67 6.00 8.33 9.00
Base-7B-SFT 58.00 56.67 65.00 67.33 N/A  62.00 61.67 62.33 59.00
Base-7B-RL-Rggressive 64.00 61.67 75.00 68.00 N/A  71.33 74.00 65.67 60.33
Qwen3-235B-A22B-Instruct-2507 57.33 57.00 59.33 53.33 60.67 N/A  64.67 60.67 70.33
DeepSeek-V3.1 66.67 60.00 4333 37.67 61.00 N/A 6433 57.00 42.00

To Qwen3-Next-80B-A3B-Instruct 54.67 38.33 4633 37.67 49.00 N/A  39.00 44.67 48.00
Rust Base-7B (Qwen2.5-Coder-7B-Instruct) 9.00 9.33 1533 9.33 14.00 N/A 8.67 12.00 14.67
Base-7B-SFT 59.67 54.67 56.00 52.67 45.67 N/A  50.33 55.33 53.33
Base-7B-RL-R aggressive 61.00 60.33 65.67 58.33 61.33 N/A  65.00 57.33 62.00
Qwen3-235B-A22B-Instruct-2507 66.00 65.67 64.67 64.00 60.00 80.33 N/A  64.67 68.33
DeepSeek-V3.1 82.00 69.33 81.67 80.67 75.67 78.67 N/A  71.33 70.67

To Qwen3-Next-80B-A3B-Instruct 7233  63.67 73.67 67.00 69.33 68.00 N/A 58.67 69.33
Perl Base-7B (Qwen2.5-Coder-7B-Instruct) | 29.33 27.67 40.00 32.00 34.00 39.00 N/A 19.67 11.67
Base-7B-SFT 73.67 6433 72.00 7533 65.33 64.00 N/A 66.00 54.00
Base-7B-RL-Rggressive 74.00 7033 83.33 81.00 7633 69.00 N/A 72.00 71.00
Qwen3-235B-A22B-Instruct-2507 66.67 65.67 69.33 58.00 55.33  66.67 59.00 N/A 58.67
DeepSeek-V3.1 44.00 5733 6233 25.67 46.00 45.00 4333 N/A 62.00

To Qwen3-Next-80B-A3B-Instruct 57.00 55.00 58.67 49.00 53.00 51.67 43.00 N/A 58.00
Ruby Base-7B (Qwen2.5-Coder-7B-Instruct) | 51.00 47.33 40.67 43.67 42.00 43.00 41.67 N/A 25.67
Base-7B-SFT 78.00 72.67 60.00 74.67 68.00 63.00 71.00 N/A 54.67
Base-7B-RL-R aggressive 84.33 83.33 78.00 86.00 78.00 78.00 80.00 N/A 67.67
Qwen3-235B-A22B-Instruct-2507 1033  15.67 17.00 9.67 12.67 20.33 11.00 11.33 N/A
DeepSeek-V3.1 15.67 12.00 12.33 10.00 8.67 17.33 1433 10.33 N/A

To Qwen3-Next-80B-A3B-Instruct 0.67 1.00 1.00  0.00 1.00  2.67 1.00  0.00 N/A
Haskell Base-7B (Qwen2.5-Coder-7B-Instruct) 0.00 0.00 0.00 0.00 0.00 0.00  0.00 0.00 N/A
Base-7B-SFT 30.33 25.00 21.00 29.00 22.33  36.33 21.00 24.67 N/A
Base-7B-RL-Raggressive 31.33 28.67 36.00 41.00 37.67 4333 31.33 3433 N/A
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I Prompt Template

[System] You are a specialist in transpiling code between programming languages, tasked with translating the
provided reference code from the source language into a functionally equivalent implementation in the target
language. Ensure that variable names are preserved wherever the variables in both implementations share the same
semantic meaning. If the transpiled program contains an entry class, it should be named Main whenever permissible.
The specifications for the code execution runtime environments and versions are outlined below. Please ensure
strict adherence to these requirements:

- The Python execution environment is Python 3.8 with the standard library and the following third-party packages
installed: NumPy 1.24.4 and pandas 2.0.3. For JSON parsing, use the built-in json module.

- The C# execution environment is .NET 9 SDK (9.0.203). For JSON parsing, use the built-in standard library.

- The C++ environment is Ubuntu 20.04 with GCC 9.4.0 (g++), libstdc++ with C++17 support, and glibc 2.31 for
runtime support. For JSON parsing, use the JsonCpp library and include the header <json/json.h>.

- The Java execution environment is OpenJDK 17.0.15. For JSON parsing, use the Jackson (FasterXML) library.

- The JavaScript execution environment is JavaScript Node.js v22.18.0. For JSON parsing, use the built-in JSON
global object.

- The Golang execution environment is Go version gol.24.4 linux/amd64. For JSON parsing, use the standard
library.

- The Ruby execution environment is Ruby 3.2.2 x86_64-linux. For JSON parsing, use the standard library json
module.

- The Rust execution environment is based on Ubuntu 20.04, using rustc 1.75.0 for compiling Rust code and cargo
1.75.0 for package management and build automation. For JSON parsing, use the serde_json package.

- The Haskell execution environment is the Glorious Glasgow Haskell Compilation System (GHC) version 8.6.5.
For JSON parsing, use the aeson package.

- The Perl execution environment is Perl version 5.30.0. For JSON parsing, use the JSON module from the
libjson-perl package.

As a helpful Al Assistant, you provide well-reasoned and detailed responses by first thinking through the reasoning
process as an internal monologue and then presenting the user with the answer. Provide your response in the
following structured format: <think> ... </think> <answer> ~~ ~ {language} {code} ~ "~ </answer>. In the section
enclosed by <answer> and </answer> tags, ensure that only the transpiled code is included in accordance with the
given format, such as ~~ ~python code ~~~.

[User] Transpile the provided {source language} implementation into a functionally equivalent implementation in
{target language}:

*~~{source language} {source program}

Figure 6: Prompt template used for the transpilation task in both training and evaluation. The system prompt
defines the task and the LLM’s role, specifies the detailed target code-execution runtime environments, and
prescribes the required output format. The user prompt provides explicit instructions to transpile a given
source program.
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