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Abstract

Modern language models demonstrate impres-
sive coding capabilities in common program-
ming languages (PLs), such as C++ and Python,
but their performance in lower-resource PLs is
often limited by training data availability. In
principle, however, most programming skills
are universal across PLs, so the capability ac-
quired in one PL should transfer to others. In
this work, we propose the task of zero-shot
cross-programming-language transfer for code
RL. We find that, for Llama-3.1, RL training for
code generation in a source PL fails to improve,
and sometimes even degrades, the performance
on other target PLs. To address this, we hypoth-
esize that effective RL transfer requires a gener-
alizable SFT initialization before RL. We thus
propose Parallel-SFT, an SFT strategy that in-
corporates “parallel programs”—functionally
equivalent code implemented in multiple PLs—
into the data mixture. We demonstrate that
this improves transferability: when we subse-
quently perform RL on our Parallel-SFT model,
we observe better generalization to unseen
PLs. Analysis of the model internal representa-
tions reveals that Parallel-SFT leads to a more
functionality-centric latent space, where equiv-
alent programs across PLs are more tightly clus-
tered, which we hypothesize to contribute to
the improved transferability.

1 Introduction

As language models (LMs) are increasingly in-
tegrated into real-world coding workflows, their
ability to handle the long tail of programming lan-
guages (PLs) becomes critical. Yet, LMs often
show vastly disparate performance across PLs de-
pending on their resource availability (Cassano
et al., 2023, 2024; Blinn et al., 2024; Xu et al.,
2025; Chai et al., 2025). This disparity signals a
fundamental inefficiency in leveraging universal
code reasoning. Analogous to human program-
mers who can learn algorithms in a certain source

Figure 1: We propose zero-shot cross-PL transfer for
code RL, where we perform RL training and testing on
different PLs. Llama-3.1 fails to transfer effectively (§3;
not represented in this figure). We find that, compared to
single-PL SFT, multi-PL SFT improves transferability
in downstream RL, which is further enhanced when
the SFT code programs are parallel (§4). The code
validation task is shown here as an example.

PL and reproduce them in other target PLs, LMs
ideally should also generalize their programming
capabilities across PLs.

In this work, we focus on this PL generalization
problem, specifically within the RL stage of code
post-training, where task-specific training usually
takes place. We define the task of zero-shot cross-
programming-language transfer, optimizing a
task policy via RL in a source PL and zero-shot
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evaluating its performance on another target PL.
Empirically, we find that Llama-3.1 (Grattafiori
et al., 2024) exhibits limited transferability: while
RL yields consistent benefits within the source PL,
these gains fail to transfer to different target PLs,
sometimes even degrading the performance.

To overcome this limitation, we hypothesize
that successful RL transfer requires a generaliz-
able SFT initialization. We propose Parallel-SFT,
which incorporates synthetically generated “paral-
lel programs”—functionally-equivalent programs
across PLs—into the SFT data mixture (Figure 1).
Rather than merely modeling the surface form of
code tokens, Parallel-SFT semantically grounds
programs with execution equivalence. Across two
coding tasks, Parallel-SFT outperforms both a
single-source-PL baseline and a standard multi-PL
baseline (without parallel programs) in downstream
RL transfer. Remarkably, Parallel-SFT sometimes
even outperforms direct training on the target PL,
surpassing the standard “oracle” data-rich setting,
highlighting the effectiveness of our method.

In the multilingual NLP literature, successful
LM generalizability between natural languages
is often attributed to language-general represen-
tations, where multilingual models develop repre-
sentations that capture the underlying semantics
of texts (Pires et al., 2019; Wu and Dredze, 2019;
Conneau et al., 2020b; i.a.). Similarly, we hypoth-
esize that Parallel-SFT aligns the PL representa-
tion space, leading to more semantic code repre-
sentations. This enables the policy improvements
learned during source-PL RL to better propagate to
target PLs. Our analysis supports this hypothesis:
Parallel-SFT induces higher similarity between par-
allel programs even in unseen PLs. We hope our
method inspires future work on training generaliz-
able models not only across PLs, but also across
natural languages, domains, and tasks.

2 Background

In this section, we outline the coding tasks consid-
ered in this work and the standard post-training
pipeline to solve them. We then review the
paradigm of zero-shot cross-lingual transfer in NLP,
which motivates our experimental setup.

2.1 Coding Tasks

We focus on two coding tasks: code generation and
code validation.

In code generation, the model takes a natural

language description of a coding question, q, and
generates a solution code program c. c is evalu-
ated against a suite of instance-specific test cases,
and is considered correct iff it passes all. Perfor-
mance is typically measured using the pass@k
metric: for each question, the model samples k
solutions, and the instance is considered solved
if at least one sample passes all tests. Broadly,
the field distinguishes between two difficulty lev-
els: competition coding that consists of complex
Olympiad-level questions (Li et al., 2022b), and
more general coding questions that are familiar to
software engineers (Chen et al., 2021; Austin et al.,
2021; Hendrycks et al., 2021; i.a.). In this work,
we evaluate on the former, but train on the latter
too.

In code validation, the model takes as input a
tuple (q, c) containing a question and a candidate
code solution, and it outputs whether c is correct,
i.e., whether c solves q. Performance is measured
by boolean accuracy.1

2.2 Training for Coding Tasks
The standard recipe for training coding tasks in-
cludes three stages: pretraining, supervised fine-
tuning (SFT), and RL. First, a model is pretrained
on massive corpora of text and code. Second, the
model undergoes SFT on a dataset of instruction
and ground-truth response pairs, (xSFT, ySFT). Like
in pretraining, the SFT data also usually includes
both natural language tasks and coding tasks.

Finally, we perform RL to optimize for a specific
coding task. It requires a dataset of prompts xRL

and a verifier.2 For code generation, xRL = q, the
coding question, and the verifier is a code executor
with test cases. For code validation, xRL = (q, c),3

and the verifier extracts the boolean prediction
from the code solution and compares it against
the ground truth. During training, the policy model
samples a response, which is scored by the verifier.
This binary signal is used to update the policy using
RL algorithms such as GRPO (Shao et al., 2024).

2.3 Zero-Shot Cross-Lingual Transfer
Zero-shot cross-lingual transfer is a core paradigm
in multilingual NLP. In this setup, a multilingual

1Code validation models are useful in RL post-training
as reward models to estimate the correctness of generated
programs, circumventing the need for tests and the sometimes
high execution cost.

2Or a reward model for non-verifiable tasks, which we do
not consider.

3Precisely, the xRL in both cases also requires a template.
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Figure 2: Failure of Naive Cross-Lingual Transfer. We visualize the pass@1 performance on a target language
(e.g., Go) during RL training on the same vs. different source languages (averaged over 10 source PLs). Shaded
regions indicate 95% confidence intervals. While RL on the target language itself leads to consistent gains, cross-PL
transfer from a different source language leads to limited improvements or even performance degradation.

model is finetuned on task data in a source language
and then evaluated zero-shot on the same task in
a different target language. Despite never seeing
any task data in the target language, models of-
ten achieve surprisingly high performance (Huang
et al., 2019; Conneau and Lample, 2019; Conneau
et al., 2020a), provided that they were exposed
to unsupervised target-language data during pre-
training. This transferability is often attributed to
language-general representations (Conneau et al.,
2020b). This is most intuitive when an LM is fine-
tuned by training a task-specific head while freez-
ing the pretrained parameters (Peters et al., 2018,
2019; Artetxe and Schwenk, 2019; i.a.), where
language-general representations allow the task
head’s decision boundary to naturally generalize
across languages (Conneau et al., 2018). While
modern models typically update the pretrained pa-
rameters too, a language-general initialization still
enables a general learning process.

While this paradigm is successful for natural
languages, its application to programming lan-
guages has yielded mixed results. Early work fo-
cused on pretraining encoder models on code-only
corpora (Feng et al., 2020; Wang et al., 2021b).
These studies typically involved non-generative
tasks (e.g., code search; Chen et al., 2022; Bal-
taji et al., 2025) or training a separate decoder from
scratch to pair with the pretrained encoder (Ahmed
and Devanbu, 2021; Chen et al., 2022). Despite
mostly positive transfer effects, these settings are
far removed from the current pretraining paradigm.
Recently, Baltaji et al. (2025) investigated cross-PL
code generation in modern LLMs via in-context
learning, but found that cross-PL transfer often
underperforms zero-shot prompting. Furthermore,
interpretability studies have revealed low cross-PL

representation generality in code models (Utpala
et al., 2024), potentially limiting transferability.

3 Cross-Programming-Language
Generalization Evaluation

We quantify the zero-shot cross-lingual transferabil-
ity of current models for code RL. Starting from an
LM, we perform RL for a coding task in a source
PL, and then zero-shot evaluate the resulting model
on the same task in another target PL.

Model & Task. We use Llama-3.1-8B-Instruct
(Grattafiori et al., 2024) as our initial model.4,5 We
consider the task of competition-level code gener-
ation and use the CodeForces dataset for training
and evaluation (Penedo et al., 2025). See dataset
statistics in §B.

Language Selection. Since our goal is to im-
prove performance on medium- and low-resource
PLs, we select 3 diverse target PLs: Go, PHP, and
Ruby. Respectively, they rank 15th, 16th, and 25th
on the TIOBE popularity index (as of December
2025), even lower than PLs like Ada and MAT-
LAB.6 This categorization aligns with past work
on medium-/low-resource code modeling (Ahmed
and Devanbu, 2022; Du et al., 2024; Cassano et al.,

4It is not an SFT model, which typically precedes the RL
stage, but it has also gone through preference tuning with DPO.
We do not believe this affects our results, especially since it is
common for current LMs to undergo multiple stages of policy
optimization (Yang et al., 2025a; Bercovich et al., 2025; i.a.).
In §A, we validate this with our own custom-trained SFT
models and observe qualitatively similar results.

5While Qwen models (Qwen et al., 2025; Yang et al.,
2025a) have higher raw coding scores, past work has sug-
gested likely substantial data contamination on coding bench-
marks, and Llama models to a much less extent (Wu et al.,
2025a). We thus choose to use Llama-3.1 as a cleaner testbed.

6https://www.tiobe.com/tiobe-index/

26585

https://www.tiobe.com/tiobe-index/


2023). We also consider 8 additional languages
that we only treat as source: Python, C, C++, Java,
C#, JavaScript, Bash, and Lua.

Results. Figure 2 shows the transfer performance
throughout RL training, averaged over 10 source
languages (11 PLs in total, minus the target lan-
guage itself). We also show the in-PL performance,
where the same target language is used for RL train-
ing. We see that while training using the target
language yields consistent improvements, transfer-
ring from another source language leads to limited,
or sometimes degraded effects (negative transfer).
This is consistent with the observation from Baltaji
et al. (2025) that was based on in-context learning
rather than RL. In §A, we show similar results ini-
tializing not from the instruct model but the base
pretrained model and performing our own source-
PL SFT. This confirms that this is a fundamental
issue and not due to model variations.

4 Method: Parallel-SFT

Observing unsatisfactory cross-PL generalization,
in contrast to prior success for natural languages
(§2.3), we reflect on differences between natural
languages and programming languages. Past work
on multilingual NLP has attributed multilingual
capabilities to organic parallel texts (i.e., transla-
tions) in pretraining corpora. They function like a
“Rosetta Stone” to help align the model representa-
tions of different languages. Balashov (2025) dis-
tinguishes between two kinds of such parallel texts,
“local” (parallel texts within a single pretraining in-
stance) and “global” (parallel texts across different
pretraining instances). We argue that both signals
are lacking for programming languages.

First, natural language corpora benefit from “in-
cidental bilingualism,” where a single document
contains parallel text. For example, Briakou et al.
(2023) found that 0.34% of PaLM’s (Chowdhery
et al., 2022) pretraining data contains parallel sen-
tences, totaling over 30 million pairs. In contrast,
code files are almost exclusively monolingual, let
alone containing parallel programs.

Globally, across pretraining instances, parallel
sentences abound in training corpora: people dis-
cuss similar topics in all languages. Fundamentally,
this is because natural languages are grounded in
the same physical world and model the same “un-
derlying reality” (Huh et al., 2024). This creates
a shared semantic structure that models leverage,
for example as their generalizability benefits from

domain similarity (Lample et al., 2018a; Conneau
et al., 2020b). Programming languages, however,
are often domain-specialized. It is rare for an LM
training script in Python to have a direct counterpart
in Ruby or C++, as those languages are typically ap-
plied to different domains (e.g., web development
or systems programming). This domain mismatch
limits the organic emergence of parallel signals,
and in turn leads to empirically fragmented repre-
sentations across PLs (Utpala et al., 2024) and weak
semantic understanding in lower-resource PLs (Gu
et al., 2025). This contributes to the negative trans-
fer effects observed in §3.

To bridge this gap, we propose Parallel-SFT: a
method to improve cross-PL capabilities by explic-
itly constructing “parallel programs”—functionally
equivalent code programs across PLs—anchored
by (near-)identical natural language instructions.
This is reminiscent of second-order co-occurrences
in word models, where models can infer from a
sentence pair “I have an adorable pet Corgi.” and
“I have an adorable pet Samoyed.” the relation-
ship between the words “Corgi” and “Samoyed”.
Similarly, we hypothesize we can improve the
model’s cross-PL representation with training in-
stances such as “Write a Python implementa-
tion of binary search. def binary_search(...”
and “Write a Java implementation of binary
search. public int binarySearch(...”. Intu-
itively, this semantically grounds code models with
execution equivalence.

Formally, our SFT data follows the format{(
(qi, c

Python
i ), (qi, c

C++
i ), · · ·

)}
i
, where the clang

are mutual translations that all solve q. By forc-
ing the model to map the same question q to dif-
ferent language-specific realizations clang, Parallel-
SFT encourages a functionality-centric, rather than
syntax-centric, representation space. We will show
that Parallel-SFT enables a more generalizable SFT
model: the subsequent RL stage in a source lan-
guage transfers better to target languages.

5 Experimental Setup

5.1 Parallel Data Construction
We construct a high-quality parallel program
dataset. Following our examples in §4 and com-
mon practices (Rozière et al., 2024; Lambert et al.,
2025; i.a.), we use instances of the code generation
task for SFT training. We utilize a combination
of the APPS (Hendrycks et al., 2021) and Code-
Contests (Li et al., 2022a) datasets, which contain
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diverse code generation instances. To ensure rig-
orous evaluation, we filter the data to exclude any
CodeForces data which we reserve for RL training
and evaluation (§5.3). We also filter out questions
that have visual inputs.

These datasets contain mostly solutions in
Python. To generate parallel programs in other lan-
guages, we perform synthetic code translation: for
each instance (q, cPython), we translate cPython into
cC++, cJava, etc., by prompting Llama-4-Maverick,
a 400B-parameter mixture-of-expert model (Meta
AI, 2025). We include our translation prompt in
§C. This model generally has good translation ac-
curacy: it achieves 57.3% pass@1 when validated
on the tests in the datasets. We further filter out all
translations that fail the tests to ensure translation
quality.7

These datasets contain multiple Python solu-
tions per question. We sample 8 generations per
source cPython solution to ensure an abundance of
candidate programs. Our final synthetic dataset
contains 3,111 unique questions and, on average,
181 instances per language per question, totaling
≈6.2 million instances. Formally, the dataset is
{(qi, (CPython

i , CC++
i , · · · ))}Ni=1 where N = 3, 111.

Each set C lang
i = {clang

ij }N
lang
i

j=1 is the set of verified

code solutions in PL “lang”, with N
lang
i averaging

to 181. This amplifies the parallel program sig-
nal: if a question is only seen once per language, it
could easily be forgotten in the course of training.

5.2 SFT Dataset Mixtures

We construct a realistic general-purpose SFT
dataset by utilizing the Tulu 3 SFT mixture (939k
instances; Lambert et al., 2025). We only retain
its natural language data on instruction following,
safety, etc. To be clean, we remove its coding in-
stances (N=142k) and replace them with an equal-
sized sample from our synthetic dataset in §5.1.

For this sampled subset (of N=142k), we com-
pare three mixtures:
1. 1 Language (source): This is the monolingual
baseline where the SFT data contains code exclu-
sively in the source language of downstream RL
training. This represents the standard setting where
one relies solely on the high-resource language
available for both SFT and RL. We ensure that all
3,111 questions in our dataset are included, uni-
formly sampling solutions within each question.

7As a sanity check, we also filter out original Python solu-
tions that fail the tests in our execution environment.

2. 8 Languages (parallel): This is our proposed
method. We distribute the 142k instances equally
across the 8 languages and all 3,111 questions. All
questions appear in all languages. We use Python,
C, C++, Java, C#, JavaScript, Bash, and Lua, the
same as in §3.
3. 8 Languages (non-parallel): To isolate the ef-
fect of parallel programs from simply seeing more
PLs during SFT, we construct a PL-disjoint mix-
ture. We ensure that no question appears in more
than one language, removing the parallel alignment
signal. The solution distribution across languages
is still uniform.
These mixtures have the same diversity as they
cover the same number of questions (N=3,111) and
the same number of solutions (N=142k). They
differ in the number of solutions per question and
per language.8

To put the transfer performance into perspective,
we also consider an oracle: 1 Language (target).
It is analogous to 1 Language (source) but the data
is exclusively in the target language of the down-
stream transfer. In the subsequent RL stage, this
SFT model is always paired with target-language
RL training data, representing the ideal "data-rich"
scenario where transfer is unnecessary.

5.3 Training Setup

We evaluate the transfer effect from a source PL
to another target PL. For the source, we consider
C++ and Python, two high-resource languages. For
the target PL, we consider Go, PHP, and Ruby, the
same as in §3, all of which are unseen during SFT.
We also consider the other SFT languages as target
languages whenever appropriate.

We initialize from the Llama-3.1-8B base
model9 and train 3 SFT models on the mixtures
in §5.2,10 as well as the oracle. For the oracle, we
continue from the 1 Language (target) SFT model
and further RL-train it with target PL data to get
the “data-rich” in-language training performance.

We consider the two coding tasks in §2.1. For
code generation, we use CodeForces, following
§3. For code validation, we use the CodeForces
submissions dataset11 that consists of human sub-

8It may also be tempting to compare to the original Tulu
coding mixture, but this would be confounded by distinct
dataset properties, e.g., data complexity, the PLs covered, etc.

9See Footnote 5 for our rationale.
10Note that we have two 1 Language (source) models corre-

sponding to the two source languages.
11https://huggingface.co/datasets/open-r1/

codeforces-submissions
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Figure 3: Parallel-SFT improves cross-PL RL transfer. We report performance across two source languages and
two coding tasks. We report the (average) transfer effect to 3 unseen languages (left) and the SFT languages (right;
7 PLs for code generation excluding the source; 5 for code validation (see Footnote 15)). Shaded regions denote
95% confidence intervals. Parallel-SFT yields the best transferability, outperforming the baselines and, in some
cases, surpassing the target-language oracle. Non-parallel multi-PL training sometimes is beneficial too.

missions to the CodeForces website. It contains
submissions in multiple PLs, including all of our
3 target languages. See dataset statistics and addi-
tional training details in §B.

During evaluation, we sample 8 times per ques-
tion for both tasks. Pass@8 for code generation re-
quires all 8 samples. For pass@1 as well as boolean
accuracy for code validation,12 we treat them as in-
dependent samples to reduce estimation variance.

6 Results

Figure 3a presents the transfer performance for
code generation. On the left, we visualize the zero-
shot transfer results to the 3 target PLs unseen dur-
ing SFT. When C++ is the source language, simple
(non-parallel) multi-PL training already offers gen-
eralization benefits over the monolingual baseline.
Theoretically, this is consistent with prior literature
that posited multi-task training as a form of meta-
learning that facilitates better downstream adapta-
tion (Wang et al., 2021a). Empirically, this aligns
with the multilingual literature where more training
languages enable better generalization (Arivazha-
gan et al., 2019; Aharoni et al., 2019; i.a.). Parallel-

12Though accuracy is the metric, we do not train a classifi-
cation model because LMs can develop chains-of-thought.

SFT enables further improvements and leads to the
best transfer performance throughout RL.

On the right, we show the performance when the
target PL is in the 8-Language SFT mixture.13 Re-
markably, when Python is the source PL, Parallel-
SFT not only outperforms the baselines but even
the in-language oracle.14 This supports our hypoth-
esis that Parallel-SFT creates a high-quality “gener-
alist” initialization that allows models to leverage
abundant high-quality source data effectively, com-
pared to SFT- and RL-training on the target PL
alone, which may suffer from noise. Additional re-
sults measured in pass@8 (§E) show similar trends.

While the code generation results validate the
effectiveness of Parallel-SFT, we acknowledge that
zero-shot transfer is primarily a scientific question
for this task, but not a practical challenge. This is
because its training instances are PL-agnostic, with
only a natural language prompt and stdin-stdout
tests. When we “train in a source language,” we

13Here, comparing the 8 Languages models with the 1 Lan-
guage model is no longer fair because the latter does not see
these languages during SFT, unlike the former.

14We conjecture that this may be due to models learning
more effectively on higher-resource PLs, analogous to multi-
lingual models learning more effectively in English. We leave
further studies on this phenomenon to future work.
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Figure 4: Parallel-SFT improves representation generality. We measure the cross-PL alignment of program
representations for unseen languages across model layers. Non-parallel multi-PL training induces more aligned
parallel program representations, while Parallel-SFT further improves them. The inverted U-shape suggests that
alignment peaks in the middle layers, where semantic reasoning occurs.

instruct the model to generate programs in that
language and execute the output in that language.
Therefore, while the improved transferability from
Parallel-SFT is still scientifically meaningful, we
also consider the code validation task. In code
validation, the code program in the input is PL-
dependent, making zero-shot transfer a real practi-
cal problem. Figure 3b summarizes the results.15

Overall, we observe similar trends to code genera-
tion, corroborating the utility of Parallel-SFT.

Furthermore, in §D, we also confirm that
Parallel-SFT, while achieving improved cross-
language generalizability, does not sacrifice in-
language performance.

7 Analysis

Inspired by the multilingual NLP literature (§2.3),
we investigate whether the improved transferability
correlates with more PL-general representations.
Specifically, we check if Parallel-SFT promotes the
representation similarity between standalone paral-
lel programs (i.e., without contexts), as is standard
in multilingual research (Wu et al., 2025b; Shen
et al., 2025; Gao et al., 2025; i.a.).

We construct a held-out dataset with 312 code
programs from our SFT distribution, each from
a different question. None of the questions has

15Because of the realistic data constraint, we no longer
have sufficient target-PL RL data for the oracle results for
code validation. Additionally, the RL dataset lacks data in
Bash and Lua, so when we consider the SFT languages as
the target PLs, we only average over 5 languages (8 training
languages minus the source PL itself as well as Bash and Lua).

been observed in SFT. We consider translations of
these programs in 3 languages unseen during SFT—
Go, PHP, and Ruby—obtained from the synthetic
translation procedure in §5.1. This yields a list
of parallel programs {(cGo

i , cPHP
i , c

Ruby
i )}Ni=1 where

N = 312.
For each SFT model, we derive program repre-

sentations, separately at each layer ℓ, e.g. rGo
i,ℓ . We

compute the program representations via echo em-
bedding (Springer et al., 2025) that repeats the pro-
gram twice in a lightweight template which empiri-
cally produces strong sequence representations.16

Representation similarity is most straightfor-
wardly computable by cosine similarity. It, how-
ever, can be misleading due to the anisotropy of the
representation space (Ethayarajh, 2019). That is, it
is possible that a model simply utilizes a small sub-
set of its representation space for code, embedding
all programs closer together, not just parallel pro-
grams. We account for this in two robust metrics:
1. Retrieval accuracy measures whether a pro-
gram and its translation have closer representations
than all other non-corresponding programs (Artetxe
and Schwenk, 2019; Feng et al., 2022; Shen et al.,
2025; i.a.). Formally, e.g., we measure the accu-
racy cos(rGo

i,ℓ , r
PHP
i,ℓ ) > maxj ̸=i cos(r

Go
i,ℓ , r

PHP
j,ℓ ).

16The intuition is that autoregressive models do not attend
to the future, but future information is helpful for a good
representation. By repeating the sequence twice, the early
tokens in the second occurrence can attend to future tokens in
the first occurrence. We lightly adapt the template in Springer
et al. (2025): “Rewrite the following code: {x}. The rewritten
code: {x}” where “{x}” is substituted with the code program.
We mean-pool the token representations in the second “{x}”.
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2. Adjusted cosine similarity. Following Wu et al.
(2025b), we correct for baseline anisotropy by sub-
tracting the cosine similarities between non-parallel
pairs. Formally, e.g., we measure cos(rGo

i,ℓ , r
PHP
i,ℓ )−

Ej ̸=i[cos(r
Go
i,ℓ , r

PHP
j,ℓ )]. We estimate the second term

with a single random sample.
We show the results in Figure 4. We observe that

simple (non-parallel) multi-PL training already im-
proves program alignment over the monolingual
baseline, and explicit parallel program training fur-
ther promotes it. This confirms that Parallel-SFT
induces more functionality-centric representations.

Furthermore, interestingly, the similarity mea-
sures both follow an inverted U-shape, higher in in-
termediate layers and lower on the two ends. This
is a familiar trend in multilingual studies (Pires
et al., 2019; Wu and Dredze, 2019; Conneau et al.,
2020b; Wu et al., 2025b; i.a.). The initial/final lay-
ers need to map from/to the surface form of PLs
and are thus more specialized to the syntax of indi-
vidual PLs. The middle layers, on the other hand,
serve as a “semantic hub” and perform more ab-
stract reasoning (Wendler et al., 2024; Wu et al.,
2025b). Parallel-SFT accentuates this trend: for
example, its adjusted cosine similarities are sim-
ilar to the baseline models on the two ends, but
notably higher in the middle layers, where more
PL-independent reasoning occurs.

8 Discussion and Related Work

Multilingual representation learning is a founda-
tional problem in NLP, from traditional word em-
beddings (Mikolov et al., 2013; Al-Rfou’ et al.,
2013; Ammar et al., 2016; i.a.) to later sequence
models (Schwenk and Douze, 2017; España-Bonet
et al., 2017; Eriguchi et al., 2018; i.a.). These
models achieve remarkable zero-shot cross-lingual
generalizability, both on early classification tasks
such as entailment (Huang et al., 2019; Conneau
and Lample, 2019; Conneau et al., 2020a; Hu et al.,
2020; i.a.) and more recently on tasks in the LM
post-training pipeline, such as SFT and reward
modeling (Wu et al., 2024; Shaham et al., 2024;
Chen et al., 2024; Shimabucoro et al., 2025; i.a.).

This success is typically driven by two factors:
structural isomorphism and explicit alignment
signals. Early approaches rely on the latter, pro-
viding explicit supervised signals such as bilin-
gual lexicons (Mikolov et al., 2013; Kočiský et al.,
2014; Faruqui and Dyer, 2014; Ammar et al., 2016;
i.a.) or parallel texts (Schwenk and Douze, 2017;

Artetxe and Schwenk, 2019; Conneau and Lample,
2019; Huang et al., 2019; i.a.). Later work showed
that representation alignment could also emerge
from purely unsupervised signals, due to structural
isomorphism alone (Lample et al., 2018a,b), al-
though explicit parallel data is still helpful (Reid
and Artetxe, 2023; Shen et al., 2025). However,
we argue that these factors are often absent for
programming languages.

First, natural languages have distributionally sim-
ilar lexicons, where most words have translations in
other languages. However, PLs’ lexical structures
usually differ due to heterogeneous paradigms. For
instance, non-object-oriented languages lack key-
words related to classes; some PLs rely on specific
control flow structures like switch statements or
lazy returns (yield) that others lack; and mecha-
nisms such as garbage collection and concurrency
can be explicitly specified via certain keywords
in some PLs but are implicit in others. Even for
shared concepts, usage distributions diverge vastly:
while the boolean type is universal, it may be syn-
tactically required in Java (boolean x = true;)
but implicitly typed in Python (x = True).

Beyond structure similarities, parallel natural
language sentences provide explicit alignment sig-
nals, whether deliberately leveraged in pretrained
objectives or organically emerging in unsupervised
corpora. However, as we discussed in §4, they
are often lacking for programming languages too.
Without these explicit signals or the implicit struc-
tural isomorphism of natural languages, zero-shot
transfer in code becomes challenging.

Prior work has attempted to bridge this gap
through either data-centric or structure-centric
methods. Data-centric approaches attempt to
scale up multi-PL datasets, but existing resources
are typically scarce beyond small-scale evalua-
tion benchmarks (Khan et al., 2024; Chai et al.,
2025; Xu et al., 2025; i.a.). Others have syntheti-
cally generated data in low-resource PLs via trans-
lation (Cassano et al., 2024), a practice termed
“translate-train” in the multilingual NLP nomencla-
ture (Conneau et al., 2018). Alternatively, structure-
centric approaches enforce alignment by leveraging
language-agnostic intermediate forms such as Ab-
stract Syntax Trees (Guo et al., 2022; Chen et al.,
2023; Gong et al., 2024; i.a.) and Intermediate
Representations (Ma et al., 2023; Szafraniec et al.,
2023; Paul et al., 2024).

Our approach diverges from these methods. We
augment data via synthetic translation, similar to
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translate-train methods, but with more flexibility
afforded by zero-shot cross-PL transfer rather than
requiring task- and language-specific translations.
And unlike structure-centric methods, we do not
need parsers or compilers, allowing the model
flexibility to learn necessary structures from raw
text—analogous to the shift in NLP away from ex-
plicit syntactic and semantic structures. Concurrent
work (Yang et al., 2025b) also leverages parallel
programs, but focuses on pretraining scaling laws.

9 Conclusion

In this work, we identified unsatisfactory zero-shot
cross-PL transferability for Llama-3.1. To address
this, we proposed Parallel-SFT that uses parallel
programs to train a more generalizable SFT model
prior to RL. We demonstrated that our method
improves transferability across PLs, and our an-
alysis confirms that Parallel-SFT induces a more
PL-general representation space through ground-
ing code with execution equivalence. This kind
of semantic understanding of code is crucial for
many application including coding agents and code
retrieval (Gu et al., 2025), and we hope that Parallel-
SFT inspires future work to train more general and
transferrable code models.

Limitations

While Parallel-SFT demonstrates improvements in
cross-PL transfer, our exploration was not exhaus-
tive. We did not perform a search over many design
decisions, including SFT data formatting, curricula,
or mixing ratios. Further iterations on these could
yield further gains, perhaps additionally leveraging
typological similarities between PLs, which would
better inform transfer. Additionally, our experi-
ments focused on fundamental coding tasks. We
anticipate that the benefits of Parallel-SFT extend
to more complex settings, such as reasoning mod-
els and coding agents, but verifying this remains
an open question. We leave these explorations to
future work.
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A Cross-Programming-Language
Evaluation of Custom-Trained SFT
Models

In §3, we observed limited transferability using
Llama-3.1-8B-Instruct. It is an SFT + DPO model,
and we append a code RL training stage. While this
is consistent with state-of-the-art practices that in-
clude multiple stages of policy optimization (Yang
et al., 2025a; Bercovich et al., 2025; i.a.), the ex-
isting DPO stage may confound transfer effects in
the RL stage. Therefore, we conduct a controlled
experiment where we train custom SFT models, ini-
tializing from the Llama-3.1-8B base model. We
replicate the 1 Language (source) setup from §5.2
and Figure 1. For each of our 11 possible source
PLs, we generate an SFT mixture that contains both
the general-purpose Tulu 3 SFT data and our cod-
ing SFT data exclusively in the source language.
The subsequent RL training stage uses the same
source PL. This simulates the setting where we only
have access to the source PL data for both SFT and
RL. As shown in Figure 5, the results are qualita-
tively similar to those in §3: same-language RL
consistently leads to performance improvements,
but RL-training using a different PL has limited
benefits. This confirms that the transfer failure is
fundamental, rather than an artifact of the specific
instruct model used.

B RL Training Details

Code generation. We use the CodeForces
dataset with its existing train/test split. We exclude
instances that have custom checker functions as
tests and those that do not use stdin-stdout tests.
The resulting dataset has 6,617 training instances
and 377 test instances. We train with batch size 16.

Code validation. We use the CodeForces sub-
missions dataset. We use C++ and Python as our
source languages because they have the largest
amount of data in this dataset. For these two
PLs, we manually perform a train-test split. We
use batch size 32 and notice that the performance
plateaus early and only report performance for 200
steps. We train with all distinct samples for these
6,400 instances. For evaluation, we use the re-
maining instances for each PL. To prevent class
imbalance from skewing the accuracy, we manu-
ally balance the correct and incorrect solutions via
truncation, on a per-PL basis. The statistics of the
final evaluation instances are: Python: 19996 sam-

ples, Go: 1502 samples, PHP: 992 samples, Ruby:
1150 samples, Java: 75194 samples, C++: 19998
samples, Rust: 534 samples, Javascript: 2440 sam-
ples, C#: 8074 samples.

For both settings, we use a learning rate of 5×
10−7.

C Synthetic Translation Prompt

We use the below prompt for synthetic translation
(§5.1). {code} is the original Python code snippet
in the coding dataset; {instruction} is the natu-
ral language description of the code, from the same
source; {lg_long} is the human-readable name of
the target programming language (e.g., C++); and
{lg_short} is the short name used for Markdown
formatting (e.g., cpp).

Translate the following code from Python
to {lg_long}. The functionality should
be exactly the same across all possible
inputs.

```python
{code}
```

For reference, the original Python code
was generated according to the following
request:
'''
{instruction}
'''

Now translate the code into {lg_long}
and wrap it in
```{lg_short}
```
Closely follow the stylistic aspects of
the original Python code, for example:
(1) Respecting the amount of comment
(e.g., function-level/line-level/etc.)
and not be over-verbose or under-verbose;
(2) Not writing sample inputs **if** the
original Python code doesn't have them;
(3) The original Python code can be
directly run with top-level statements.
If this is allowed in {lg_long}, follow
this behavior; if this is impossible in
{lg_long}, put the top-level statements
in a canonical entry point, such as a
main function.

D In-Language Performance of
Parallel-SFT

We empirically test the extent to which paral-
lel program training degrades in-language per-
formance (i.e., training and testing on the same
PL). We performed in-language RL training and
evaluation (using Python), starting from both the
8-language non-parallel SFT model and the 8-
language Parallel-SFT model. After 500 RL steps,
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Figure 5: Validation of Transfer Failure with Custom SFT. We replicate the experiment from §3 and Figure 2
using custom SFT models trained from the Llama-3.1-8B base model, removing the DPO priors. We visualize the
pass@1 performance on a target language (e.g., Go) during RL training on the same vs. different source languages
(averaged over 10 source PLs). Shaded regions indicate 95% confidence intervals. Consistent with the instruct
model results, cross-PL transfer from a different source language leads to limited improvements compared to
same-language training.

non-parallel training leads to 12.47% pass@1 (95%
CI: [11.32, 13.71]) and parallel training leads to
12.36% pass@1 (95% CI: [11.22, 13.60]). The dif-
ference is not statistically significant, confirming
that parallel training does not sacrifice in-language
performance.

E Additional Results

Figure 6 shows the code generation results using
the pass@8 metric, complementing the pass@1
results in Figure 3a. The trends are consistent,
corroborating the effectiveness of Parallel-SFT.
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Figure 6: Parallel-SFT improves cross-PL RL transfer (pass@8). We report pass@8 performance across two
source languages. We report the (average) transfer effect to 3 unseen languages (left) and the SFT languages (right;
7 PLs excluding the source). Shaded regions denote 95% confidence intervals. Consistent with the pass@1 results
in Figure 3a, parallel-SFT yields the best transferability, outperforming the baselines and, in some cases, surpassing
the target-language oracle.
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