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Abstract—Code translation is a crucial task in software devel-
opment and maintenance. While recent advancements in Large
Language Models (LLMs) have improved automated code trans-
lation accuracy, these gains often come at the cost of increased
inference latency—hindering real-world development workflows
that involve human-in-the-loop inspection. To address this trade-
off, we propose EffiReasonTrans, a training framework designed
to improve translation accuracy while balancing inference la-
tency. We first construct a high-quality reasoning-augmented
dataset by prompting a stronger language model DeepSeek-R1
to generate intermediate reasoning and target translations. Each
(source code, reasoning, target code) triplet undergoes automated
syntax and functionality checks to ensure reliability. Based on
this dataset, we employ a two-stage training strategy: super-
vised fine-tuning on reasoning-augmented samples, followed by
reinforcement learning to further enhance accuracy, which also
helps balance inference latency. We evaluate EffiReasonTrans on
six translation pairs. Experimental results show that EffiReason-
Trans consistently improves translation accuracy (up to +49.2%
CA and +27.8% CodeBLEU compared to the base model),
while reducing the number of generated tokens (up to -19.3%)
and lowering inference latency in most cases (up to -29.0%).
Ablation studies further confirm the complementary benefits of
the two-stage training framework. Additionally, EffiReasonTrans
shows improvements of translation accuracy when integrated into
agent-based frameworks. Our code and data are available at
https://github.com/DeepSoftwareAnalytics/EffiReasonTrans,

Index Terms—Code Translation, Large Language Models,
Reasoning, Efficiency

I. INTRODUCTION

ODE translation is a crucial task in software development

and maintenance, involving converting source code from
one programming language into another to suit different appli-
cation scenarios [L], [2]], [3], [4], [5], [6l, [7]. Recent studies
reveal that automated code translation techniques based on
Large Language Models (LLMs) are promising [8]], [3], [9],
(100, (70, (1, (120, (130, 1140, 1150, [16], [17]. For example,
UniTrans[3] enhances code translation accuracy by generating
test cases and iteratively repairing errors using LLMs, while
hmCodeTrans[7] leverages human-machine collaboration to
improve accuracy. While these approaches have improved
translation accuracy, challenges remain in handling complex
translation scenarios. To address such challenges, explicit
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reasoning methods like Chain-of-Thought (CoT) prompting
have been explored, which has been shown to improve perfor-
mance on a range of arithmetic, commonsense, and symbolic
reasoning tasks [18], [19], [20], [21]. Recent studies have
incorporated them into the code translation task to improve
performance [9], [10]]. More recently, models like DeepSeek-
R1 have been designed to generate internal reasoning pro-
cesses without prompting [22], reflecting continued interest in
utilizing the powerful reasoning capabilities of LLMs.

However, the enhanced performance comes at the cost of
longer inference chains, resulting in substantial increases
in inference latency. Our preliminary experiments show
that while the reasoning model (i.e., DeepSeek-R1) improves
translation accuracy from 86% to 92% compared to the non-
reasoning model (i.e., DeepSeek-V3) on UniTrans-Dataset [3],
there is a 540% increase in inference latency. While higher
accuracy may reduce manual review time, the total task
duration is constrained by both subjective human review and
objective machine latency. In interactive development scenar-
ios, developers typically expect rapid and reliable feedback,
making inference speed a critical factor alongside translation
accuracy. Unlike the highly variable human review time,
machine-side latency is an objective, controllable variable that
directly dictates user experience. This is especially relevant
in human-in-the-loop pipelines such as hmCodeTrans [7],
where excessive machine-side delays can disrupt development
continuity and increase user anxiety. Furthermore, as review
tasks are increasingly integrated into automated agent-based
workflows, the latency of machine generation accounts for
a more significant portion of the total execution cycle. In
large-scale industrial systems, this interaction is often indis-
pensable, and high inference latency can significantly hinder
the development workflow. Therefore, we aim to answer this
question: how to optimize the trade-off between accuracy
and efficiency while harnessing LLMs’ powerful reasoning
capabilities?

In this paper, we propose EffiReasonTrans, a training
framework that integrates reasoning-augmented data synthesis
with a two-stage training process to improve code transla-
tion accuracy while optimizing inference latency. Specifically,
EffiReasonTrans consists of three key stages: data synthesis,
supervised fine-tuning, and reinforcement learning. (I) Ef-
fiReasonTrans first synthesizes high-quality (source code, rea-
soning, target code) triplets by leveraging a more capable lan-
guage model (DeepSeek-R1 [22]), and filters out incorrect or
incomplete samples through automated syntax validation and
functional testing. This process produces EffiReasonTrans-
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Data, a reliable reasoning-augmented code translation corpus
that captures the semantic and logical migration from source to
target language. (@) Next, EffiReasonTrans employs supervised
fine-tuning followed by reinforcement learning (using the
GRPO algorithm [23])), guided by a custom reward strategy
with dual objectives: (1) execution correctness (test case pass
rate) and (2) output conciseness (length tolerance), jointly
reducing latency without sacrificing accuracy.

To evaluate the effectiveness of EffiReasonTrans, we con-
duct extensive experiments on 6 translation pairs among
Python, Java, and C++ and obtain the following findings.
(D Experiments demonstrate that EffiReasonTrans achieves
superior accuracy while optimizing latency. For instance, on
Java — Python, it improves CA by 27.4%, APR by 23.1%, and
CodeBLEU by 10.1%, while reducing latency by 29.0%. @
Ablation studies reveal that both supervised fine-tuning and re-
inforcement learning contribute to these gains, with RL further
boosting CA by up to 34.0% and reducing latency by 25.4%.
3 Notably, EffiReasonTrans maintains strong performance
under limited model capacity and benefits from multilingual
training data, showcasing its generalizability. @) Finally, when
integrated into agent-based frameworks, EffiReasonTrans pre-
serves its accuracy improvements in end-to-end pipelines.

Our main contributions in this work include:

o We propose EffiReasonTrans, a two-stage training frame-
work that integrates reasoning-augmented data synthesis
with supervised fine-tuning and reinforcement learning,
aiming to improve the accuracy-efficiency trade-off in
code translation.

o We design a task-driven data synthesis method that lever-
ages a stronger language model to generate reasoning-
augmented code translation triplets, coupled with auto-
mated syntax and functional tests to ensure data quality.
The resulting high-quality dataset is EffiReasonTrans-
Data.

e We design a dual-objective reward strategy for code
translation that considers both execution correctness and
output conciseness.

« We conduct extensive experiments to show that EffiRea-
sonTrans effectively improves translation accuracy while
reducing latency.

II. RELATED WORK
A. Automated Code Translation

Automated code translation refers to the task of converting
source code from one programming language to another,
aiming to support software reuse, cross-platform compatibility,
and long-term maintainability [11], [2], [3], [4], [5], [6], [7].
Early approaches were dominated by rule-based methods re-
lying on handcrafted grammars and language-specific transfor-
mation rules [24], [25]. However, these methods often suffered
from low readability and correctness [4], [6]. Therefore, a
series of learning-based code transpilers have emerged to
address these limitations [5], [26], [27], [28]]. For exam-
ple, some studies adopt unsupervised or weakly supervised
strategies, leveraging large-scale monolingual corpora to train
models. However, a critical limitation is that their translation

performance remains insufficient for real-world deployment.
Recently, with the advent of LLMs, automated code translation
has gained renewed momentum. Recent studies reveal that
LLM-based translation methods are particularly promising [8]],
131, [90, (101, (70, [11h, 1291, (301, (311, [32], (330, [34], [L2],
[35], [36]. For instance, UniTrans [3] improves translation
accuracy by generating test cases and iteratively repairing
incorrect outputs, while hmCodeTrans [7] demonstrates the
effectiveness of human-in-the-loop collaboration. These meth-
ods have shown notable improvements over earlier paradigms,
particularly in terms of execution correctness and end-to-end
automation.

B. Balancing Accuracy and Latency in Code Translation

While most prior work on automated code translation has
improved translation accuracy, LLM-based systems still strug-
gle with complex semantic transformations. Recent approaches
have integrated Chain-of-Thought (CoT) prompting strategies
into the code translation task [9]], [10]], encouraging LLMs to
reason through multiple intermediate steps before producing
the final output. More advanced models, such as DeepSeek-R1
[22], are designed to generate reasoning processes without ex-
plicit prompting. Compared to DeepSeek-V3, which produces
direct outputs without intermediate reasoning, DeepSeek-R1
achieves higher accuracy (from 86% to 92%). However, this
improvement comes at the cost of a substantial 540% increase
in inference latency.

These observations reveal a growing tension between
reasoning-enhanced translation quality and inference effi-
ciency. However, to the best of our knowledge, no existing
framework has been specifically designed to balance the trade-
off between accuracy gains and inference latency in the
domain of automated code translation.

C. Internalization of CoT

Since the introduction of Chain-of-Thought (CoT) prompt-
ing [18], numerous studies have explored ways to reduce the
length of reasoning traces or internalize the reasoning process
altogether [37], [38], (391, (4001, (411, [42], [43], [44], [45],
(461, 1471, 48], [49], [50], [51]. These efforts aim to retain
the benefits of intermediate reasoning while mitigating the
associated inference cost.

For example, Kang et al. [37] proposed C30T, a CoT
compression framework that generates shorter yet informative
reasoning traces. By using a conditioned training strategy,
the model learns to map long CoTs to their compressed
counterparts. In a more radical shift, Hao et al. [40] introduced
Coconut, a latent reasoning framework that replaces natural
language CoTs with hidden states. Instead, the model performs
reasoning directly in latent space, enabling breadth-first explo-
ration and reduced token-level computation. These approaches
demonstrate two promising directions: (1) compressing CoT
sequences in the language space, and (2) fully internalizing
reasoning into latent representations.

Building on these insights, our work explores an alternative
internalization strategy tailored for code translation, which
balances reasoning quality and inference efficiency through
stepwise training.
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III. APPROACH
A. Overview

In this section, we introduce EffiReasonTrans, a training
framework for code translation that aims to enhance translation
accuracy while balancing inference latency. The overview
of EffiReasonTrans is shown in Figure comprising three
components: a data synthesis stage, followed by a two-stage
model training process combining supervised fine-tuning and
reinforcement learning. In the first stage, we construct a
high-quality dataset by prompting a stronger LLM DeepSeek-
R1 [22]] to generate reasoning-augmented translation samples.
Each sample includes a triplet of source code, explicit rea-
soning, and target code, and is filtered through automated
syntax and functionality checks to ensure reliability. This
execution-based filtering logic aligns with prior work [52],
[S3], [54], which leverage the correctness of final outputs to
validate the quality of the underlying reasoning paths. Based
on the synthesized dataset, called EffiReasonTrans-Data, we
then perform a two-stage training process: first, the target
model is fine-tuned to learn reasoning-aware code translation
patterns; second, reinforcement learning is applied to further
improve accuracy using reward signals derived from the model
generations and the code execution results. This design aims
to leverage explicit reasoning to enhance translation accuracy
while mitigating the latency overhead typically introduced by
longer inference chains.

B. Data Synthesis

The first component of EffiReasonTrans is a data synthesis
stage, where we construct a high-quality dataset to support
reasoning-aware code translation. This stage consists of two
steps: collecting clean source programs with reliable test cases,
and generating reasoning-augmented translation data using a
reasoning-capable LLM.

1) Collecting Source Programs: We start from a publicly
available dataset hosted on Hugging Faceﬂ The dataset con-
tains parallel functions implemented in Python, Java, and
C++, along with associated test cases. We perform a series
of steps to filter out low-quality samples: those that fail to
compile or run, or those whose tests do not pass are removed.
Additionally, to prevent data leakage, we exclude samples that
overlap with the test dataset used in our evaluation. After these
filtering steps, we retain a curated set of 180 parallel functions
across the three languages. Each function is accompanied by
at least ten test cases, with average code coverage exceeding
95% (in many cases reaching 100%). This ensures that the test
cases provide sufficient functional validation, which is crucial
for later evaluation. Notably, these test cases serve only as
ground-truth signals during training; once trained, EffiReason-
Trans performs inference independently without requiring any
external test cases or execution environments [55]], [56].

2) Generating Reasoning Augmented Translations: To gen-
erate reasoning-augmented training samples, we use the latest
open-source version of DeepSeek-R1 (DeepSeek-R1-0120)

Uhttps://huggingface.co/datasets/ziwenyd/transcoder- geeksforgeeks

TABLE I: Overview of EffiReasonTrans-Data.

Translation Pair # Samples # Avg. Tokens
Java — Python 1,258 1311.42
C++ — Java 1,074 1217.08
Python — C++ 691 1269.12
Overall 3,023 1,268.24

E]—a reasoning-oriented large language model that extends
DeepSeek-R1-Zero [22]. DeepSeek-R1 introduces multi-stage
training and cold-start data strategies prior to reinforcement
learning, which address issues like language mixing and
readability. These improvements enable the model to produce
more reliable and explicit reasoning chains.

For input prompts, we adopt the template as shown in Figure
[2l which provides a structured translation instruction along
with source code context. When queried with this prompt,
DeepSeek-R1 naturally outputs two components: an explicit
reasoning sequence describing the translation process, and the
final translated target code.

3) Constructing Reasoning Augmented Triplets: Out of
approximately 3,400 raw triplets initially generated by
DeepSeek-R1, 89% survived our automated execution-based
filtering pipeline (comprising syntax and functional checks)
in about one hour. After validation, we construct a dataset
EffiReasonTrans D = {(Cs, R, C})}, including 3023 training
samples, where each element is a triplet composed of:

o C5: The source code snippet to be translated, covering
diverse data structures and algorithmic patterns. These
are selected from the filtered source program set.

o R: The explicit reasoning steps produced by DeepSeek-
R1 during translation generation.

e (C;: The final translated code in the target language,
functionally equivalent to Cs, and extracted from the
answer section of the model’s output.

EffiReasonTrans-Data offers supervision for training models to
not only generate accurate translations but also to understand
the rationale behind the translation process, thus laying a solid
foundation for the subsequent training stages. As shown in
Tablem it comprises 1,258 Java — Python samples, 1,074 C++
— Java samples, and 691 Python — C++ samples, covering
a diverse range of translation scenarios.

C. Supervised Fine-Tuning

In this stage, we fine-tune a reasoning-capable language
model to learn how to translate source code into the tar-
get language through step-by-step reasoning. The training is
conducted on the synthesized dataset EffiReasonTrans-Data,
where each triplet includes the source code Cj, the explicit
reasoning process R, and the translated code C}.

To construct each training sample, we design a structured
prompt that guides the model to follow a reasoning path
before producing the final output. As illustrated in Figure [3]
the prompt consists of three parts: (1) task prompt: a task-
specific instruction that indicates the translation direction (e.g.,

Zhttps://github.com/deepseek-ai/DeepSeek-Coder
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Fig. 1: Overview of EffiReasonTrans.

Prompt Template for Data Synthesis

## Role Description
You are a professional developer proficient in Java, Python, and C++.

## Task Description

Given a {Source Language} program:
“*{Source Language}

{Program Code}

Please translate above {Source Language} program to {Target Language}.

Fig. 2: The prompt template for data synthesis.

Prompt Template for Supervised Fine-Tuning

## Role Description
You are a professional developer proficient in Java, Python, and C++.

## Task Description

Given a {Source Language} program:

“*{Source Language}

{Program Code}

Please translate above {Source Language} program to {Target Language}.

## Problem Analysis (Internal Process)
{Reasoning Steps}

## Final Answer

Fig. 3: The prompt template for supervised fine-tuning.

“Translate the above C++ code into Java code”) and provides
the input code; (2) a problem analysis section that encourages
the model to analyze the semantics of the input code and plan

its translation; and (3) an answer cue (e.g., “Final Answer:”)
that prompts the model to begin generating the output. During
supervised fine-tuning, although the model’s output naturally
includes intermediate reasoning steps R followed by the
translated code C}, we apply a masking mechanism to focus
the optimization. Specifically, the training labels and the asso-
ciated cross-entropy loss are computed solely on the tokens of
the translated code C}. The tokens within the reasoning section
R are masked out during the loss computation, meaning they
do not directly contribute to the gradient updates.

Despite this, we observe that the model continues to exhibit
consistent reasoning behavior, which contributes to improved
translation quality.

We use DeepSeek-R1-Distill-Qwen-1.5B as the back-
bone model for fine-tuning. This model is distilled from
DeepSeek-R1 [22], inheriting its reasoning ability. We select
the 1.5B parameter scale primarily because it significantly
reduces computational and memory costs. As shown in later
experiments of RQ3, this lightweight model still achieves
competitive translation performance compared to models with
several times more parameters.

The fine-tuning is implemented using the Hugging Face
Transformers library [57] with the Trainer APL. We op-
timize the model using the standard cross-entropy loss [58].
To ensure proper supervision, input prompt tokens are masked
during loss computation. This stage enables the model to learn
reasoning-aware translation patterns in a fully supervised man-
ner and serves as the foundation for subsequent reinforcement
learning.
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D. Execution-Based Reinforcement Learning

Algorithm 1 Execution-based Reward Strategy

Require: Completions C', Target Language L, Test Cases T’
Ensure: Rewards R
I R« 0
2: for all ¢ in C do
3. code < ExtractCode(c, L)
script <— PrepareTestScript(code, T, L)
try

4

5:

6: result < RunTestScript(script, L)

7 r d «— CountPassedTests(result)
ewar CountTotalTests (result)

8:  catch

9

reward < 0
10 R« RU{reward}
11: end for
12: return R

Algorithm 2 Length-Based Reward Strategy

Require: Completions C, Ground Truth G, Max Length M,
Tolerance T

Ensure: Rewards R

L R+ 0

2: for all (¢,g) in (C,G) do

3. l. <+ Len(c), l; + Len(g)

4. if . > M then
5: reward < 0
6: else if % < 7 then
7
8
9

|lc_lg‘

reward < 1 — L
else
: reward < 0.1
10:  end if
11: R < RU {reward}
12: end for

13: return R

In the second stage of training, we further optimize the
model using reinforcement learning to enhance translation ac-
curacy and reduce inference latency. The training data remains
the same as in the previous stage, consisting of reasoning-
augmented triplets {(Cs, R, Cy)} that capture the translation
process from source code to target code via intermediate
reasoning. Following the insights from the DeepSeek-R1 [22],
we initialize reinforcement learning from the supervised fine-
tuned model, which ensures stable optimization and preserves
the reasoning capability acquired during SFT. Then, we adopt
the GRPO algorithm [23] for policy optimization, using the
GRPOTrainer implementation provided by the TRL library
[S9]. The input prompt format follows the same template used
in the SFT stage, which is shown in Figure [3] encouraging
the model to generate outputs consisting of reasoning steps
followed by final translated code.

1) Execution-based reward: To guide the policy updates,
we design an execution-based reward function, shown in
Algorithm[I] Specifically, after the model generates a response,
we extract the translated code segment. This code is then

validated against a set of test cases associated with the input
function. For each sample, we calculate the reward as the
fraction of test cases passed. For example, if the translated
code passes 6 out of 10 test cases, the resulting reward is 0.6.
This reward is used to update the model’s generation policy
via the GRPO algorithm.

2) Length reward: To constrain the verbosity of the model
outputs and encourage concise generation, we introduce a
length-based auxiliary reward, as shown in Algorithm [2| Here,
the “ground truth length” [, is defined as the total number
of tokens in the reference output synthesized in Stage I,
encompassing both the explicit reasoning trace and the trans-
lated code. By considering the combined length, we assign
higher rewards to generations whose total lengths fall within
a relative tolerance window (e.g., £20% of [ ). This design
choice is motivated by our goal to achieve holistic efficiency:
the model is encouraged not only to internalize and shorten
its reasoning path but also to avoid generating redundant
code structures. Additional ablation results in the appendix
further illustrate the impact of the tolerance hyperparameter 7.
Specifically, outputs whose lengths fall outside the tolerance
window are assigned a small reward, while outputs exceeding
the predefined maximum length receive zero reward, to ensure
that the essential logic for functional correctness is preserved.

Overall, by incorporating reward signals derived from actual
execution outcomes, the reinforcement learning stage explic-
itly aligns the model’s generation behavior with the ultimate
objective of producing semantically and functionally correct
translations. In addition to the execution-based reward, we
also introduce a length-based auxiliary reward to encourage
concise and efficient outputs. This reward penalizes responses
that are either excessively long or significantly shorter than the
reference solution, while assigning higher rewards to outputs
whose lengths fall within an acceptable tolerance window.

IV. EXPERIMENTS

In this section, we evaluate EffiReasonTrans across six
translation pairs using the UniTrans-Dataset. We provide the
implementation details, dataset specifications, and evaluation
metrics used to assess performance in terms of both effective-
ness and efficiency.

A. Experimental Setup

1) Implementation Details: We implement EffiReasonTrans
with a 2.0 x 1076 learning rate and a cosine scheduler for 3
epochs (batch size 8, gradient accumulation 4). For GRPO,
reward weights are set to 2.0 for execution and 0.5 for length.
Decoding uses 7' = 0.6 and top_p = 0.95. Training is
conducted on an NVIDIA A100-80GB GPU, while evaluation
uses an NVIDIA RTX 3090 GPU (both with CUDA 12.1).

2) Dataset: To assess the effectiveness of EffiReasonTrans,
we use UniTrans-Dataset[3]. This dataset contains 568 par-
allel functions implemented in Python, Java, and C++, each
paired with corresponding unit tests to support execution-based
evaluation. In total, the dataset includes 464 unit tests for
Python, 482 for Java, and 467 for C++, depending on the
availability of code samples in the source data. All samples
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originate from GeeksforGeeks [60], a popular online platform
that provides coding problems and solutions across multiple
programming languages. We evaluate models across six trans-
lation pairs: C++ — Python, C++ — Java, Java — C++, Java
— Python, Python — C++, and Python — Java. This diverse
set of translation pairs allows us to thoroughly examine the
generalizability and robustness of our method across different
source-target language combinations.

3) Base Model: To evaluate the generalizability of our
method while considering limited experimental resources,
we adopt two representative reasoning-capable models as
the base models: DeepSeek-R1-Distill-Qwen-1.5B [22] and
DeepScaleR-1.5B-Preview [61]. The former is a distilled
version of DeepSeek-R1 that retains its explicit reasoning
capability while significantly reducing model size and com-
putational cost. The latter is a high-performance reasoning
model trained via large-scale reinforcement learning to further
optimize problem-solving consistency and accuracy. In our ex-
periments, we compare the vanilla models with versions fine-
tuned using our proposed framework, analyzing performance
improvements across all translation pairs.

4) Metrics: To comprehensively assess the performance
of EffiReasonTrans, we design dual-dimensional evaluation
metrics covering effectiveness and efficiency.

Effectiveness focuses on how well the translated code
preserves functional correctness. We assess the effectiveness
using the following three metrics.

o Computational Accuracy (CA): the proportion of func-
tions whose translated code passes all associated unit tests.
This and the following metric are originally proposed by
Yang et al. [3].

o Average Pass Rate (APR): the average proportion of
passed test cases per function, which reflects the functional
correctness of translated code by evaluating how many unit
tests are passed on average.

e CodeBLEU [62]: an enhanced version of BLEU [63]
tailored for code. It incorporates syntax (via abstract syntax
trees) and semantics (via data-flow analysis), and has been
widely adopted in multiple studies as a standard evaluation
metric for code-related tasks [64]], [65].

Efficiency is evaluated from two perspectives: the number
of generated tokens and the inference latency:

« Average Number of Generated Tokens (#Tokens): We
report the average number of generated tokens per sample,
denoted as:

1 N
#Tokens = — > T}
okens Nl:Zl

where T; is the number of tokens generated for the i-
th input and N is the total number of samples. A lower
number of generated tokens typically indicates more con-
cise output, which helps reduce memory consumption and
decoding time. #Tokens provides a reproducible, hardware-
agnostic proxy for generation conciseness and inference
cost [66], [67].

Output of Base LLM

Okay, | need to translate... Let me first understand
what the C++ code is doing... Looking at the code, it
initializes a 2D array... Let me draft the code step by
step... I think this should work.” (1865 tokens omitted)

Output of EffiReasonTrans
Okay, | need to translate... The function LCSubStr takes
two char pointers ... I'll initialize... Let me write the code
step by step. (736 tokens omitted)

‘ Extracted Program
def LCSubStr(X, Y, m, n):
LCSuff = [[0] * (n + 1) for _
result = @
for i in range(m + 1):
for j in range(n + 1):

def LCSubStr(char* X, char* Y, int m, int n) {
int lesuff[me1][n+1];
int result = 0;
for (int i = 0; i <= m; i++) {
for (int j = 05 3 <= n; j++) {

om0
} b :A:- Invalid Syntax

return result;

¥

in range(m + 1)]

&7

(a) Solution of Base Model (b) Solution of EffiReasonTrans

Fig. 4: Case study (id: LONGEST_COMMON_SUBSTRING).

return result

o Average Inference Latency (Latency): We measure the
average inference latency (in seconds) across the dataset,
calculated as:

1
Latency = N Z t;
i=1

where t; is the time taken to generate a complete re-
sponse for the i¢-th input. This metric directly reflects
the responsiveness of the model, which is crucial for
real-time applications and human-in-the-loop development
scenarios. Unlike #Tokens, Latency measures end-to-end
execution time. It accounts for non-linear factors such as
prefilling and framework overhead, which prevent latency
from being strictly proportional to token counts [68]], [[69].

To account for inference non-determinism and system fluc-
tuations, we repeat each evaluation three times and report
the average to ensure statistical reliability. When reporting
the averaged results, we treat #Tokens and Latency as com-
plementary efficiency metrics: #Tokens reflects algorithmic
conciseness and approximate generation cost, while Latency
captures the practical runtime behavior in the evaluated imple-
mentation. Together, these metrics provide a comprehensive
view of translation quality and practical deployability.

B. Evaluation Results

In this section, we conduct experiments to investigate and
answer the following research questions (RQs):

e RQ1: How effective is EffiReasonTrans in code transla-
tion?

« RQ2: How does each component impact the performance
of EffiReasonTrans?

e RQ3: Can a small model trained with EffiReasonTrans
rival the performance of a larger model?

« RQ4: How does multilingual training data impact model
performance?

« RQS5: How does EffiReasonTrans generalize to agent-based
frameworks?

1) Overall Effectiveness (RQ1): To investigate whether Ef-
fiReasonTrans can effectively improve code translation accu-
racy while reducing inference latency, we compare its perfor-
mance with the base models (e.g., DeepSeek-R1-Distill-Qwen-
1.5B) on six translation pairs using UniTrans-Dataset. We eval-
uate the models on both effectiveness metrics—Computational
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TABLE 1II: Ablation study results across different translation pairs based on the DeepSeek-R1-Distill-Qwen-1.5B model.
Superscripts indicate relative improvements of EffiReasonTrans over the Base method.

Translation Pair Method CA (%) APR (%) CodeBLEU (%) # Tokens Latency (s)

Java — Python Base 56.68 62.84 35.96 1389.48 73.59
EffiReasonTrans ~ 72.201274%  77311230% 39 55110.0% 1344.03433%  53,174291%

C++ — Java Base 38.17 40.74 37.93 1177.90 38.45
EffiReasonTrans  47.30"29%  49.39721-2%  41,00781% 1077.24'85%  33,694124%

Python — C++ Base 26.55 28.35 28.98 1494.97 56.54
EffiReasonTrans  39.61"2%  42.331492%  37,051278% 1205.30419°%  44.06+!%

C++ — Python Base 54.31 59.53 35.28 1483.46 56.15
EffiReasonTrans 64.22T18~2% 70-58T18.6% 38.59T9.4% 1231.33J,17.0% 42-17$24.9%

Python — Java Base 33.20 37.27 36.57 1347.48 44.61
EffiReasonTrans  45.85"%%1%  49,08731.7%  40,53111.0% 1199.484111%  34.931216%

Java — C++ Base 41.97 44.56 38.41 1188.10 46.29
EffiReasonTrans  50.547204%  53,04T190%  43.34712.8% 967.684185%  37.31419.2%

Note: All values are means of 3 independent runs. SDs are within: CA (£.22), APR (£+.32), CodeBLEU (+£.19), #Tokens (£7.15), Latency (£1.21). All improvements of
EffiReasonTrans over Base are statistically significant at p < 0.001 (Welch’s t-test).

TABLE III: Ablation study results across different translation pairs based on the DeepScaleR-1.5B-Preview model. Superscripts

indicate relative improvements of EffiReasonTrans over the Base method.

Translation Pair Method CA (%) APR (%) CodeBLEU (%) # Tokens Latency (s)

Java — Python Base 47.09 52.11 33.89 1615.90 43.49
EffiReasonTrans  70.11M89%  76.107460%  39,131155% 1253.78V224%  35.464185%

Cat — Java Base 41.42 44.04 37.94 1458.46 39.11
EffiReasonTrans  63.357°29%  65.74M93%  44.97118.5% 948.361350%  25.501348%

Python — C++ Base 21.91 23.32 27.44 1716.06 46.01
EffiReasonTrans  24.69"'27%  27.39117:5%  33,041204% 1373.504200%  31.004326%

C++ — Python Base 50.07 54.79 33.97 1617.79 42.83
EffiReasonTrans  69.261%33%  75331375%  3g 73114.0% 1331.92H77%  38,05+112%

Python — Java Base 34.92 37.03 34.92 1637.36 43.79
EffiReasonTrans ~ 54.917°72%  58351576% 39 ,9qT143% 1108.834323%  30.084313%

Java — C++ Base 32.62 35.06 32.23 1497.31 39.89
EffiReasonTrans ~ 49.757°2%%  51,30M63%  4725146.6% 1161.78%224%  30.70+30%

Note: All values are means of 3 independent runs. SDs are within: CA (4.24), APR (£.29), CodeBLEU (+£.15), #Tokens (+7.97), Latency (£.92). All improvements of

EffiReasonTrans over Base are statistically significant at p < 0.01 (Welch’s t-test).

Accuracy (CA), Average Pass Rate (APR), CodeBLEU and
efficiency metrics—#Tokens and Latency.

Table |lI| and Table summarize the experimental results.
Across all six translation pairs and different base models,
EffiReasonTrans consistently outperforms the base model in
terms of translation accuracy. Specifically, CA improvements
range from 12.7% to 57.2%, with similar trends observed in
APR (17.5%-57.6%) and CodeBLEU (8.1%—46.6%), indicat-
ing better syntactic and semantic quality of generated code
across various architectures.

Importantly, EffiReasonTrans achieves these accuracy im-
provements while substantially reducing inference latency. The
average number of generated tokens decreases ranging from
3.3% to 35.0%. Correspondingly, average inference latency
is consistently reduced ranging from 11.2% to 34.8% for all
translation pairs under different base model settings.

For example, Figure 4] illustrates a representative case from
the C++ — Python translation task. The left side shows the

output of the base model. The model directly copies C++ con-
structs such as “int lesufffm+1][n+1];” and “for (int i=0; ...)”,
leading to syntax errors in Python due to mismatched language
paradigms. In contrast, the right side demonstrates the output
from EffiReasonTrans, which exhibits better understanding
of Python’s syntax. It allocates arrays using Pythonic list
comprehensions and applies correct “for i in range(...)” loops.
Moreover, after applying EffiReasonTrans, the reasoning part
in this case becomes more concise (from 1865 tokens to 736
tokens). At the same time, the inference latency is reduced
from 70.01 to 33.21, indicating that the simplification of
reasoning contributes to lower latency.

Overall, these results demonstrate that EffiReasonTrans suc-
cessfully balances accuracy and efficiency. By combining RL
with SFT on reasoning-augmented data, EffiReasonTrans gen-
erates more accurate translations with fewer tokens, thereby
reducing inference latency. This trade-off is critical for real-
world deployment, where both high accuracy and low latency
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are essential.

RQ1 Summary: EffiReasonTrans significantly improves
translation accuracy (up to 57.2% CA 1) while producing
more concise outputs (up to 32.3% #Tokens |) across all
six translation pairs and multiple base models, effectively
balancing accuracy and efficiency.

2) Component Contribution (RQ2): To investigate how the
main components (supervised fine-tuning and reinforcement
learning) of EffiReasonTrans contribute to its performance,
we conduct ablation studies by comparing the following five
training settings:

o Base: The pretrained base model (DeepSeek-R1-Distill-
1.5B) without fine-tuning.

o SFT-Only: Base model with only supervised fine-tuning
on reasoning-augmented data.

e RL-Only: Base model with only reinforcement learning
(no SFT).

o EffiReasonTrans “° %.: The model trained with rein-
forcement learning but without the length-based auxiliary
reward.

« EffiReasonTrans: Our full two-stage approach (SFT fol-
lowed by RL).

All the five training strategies are implemented on the syn-
thesized reasoning-augmented dataset EffiReasonTrans-Data.
Based on the experimental results, we have the following
observations:

(1) Supervised fine-tuning lays a strong foundation .
Across all translation pairs, supervised fine-tuning leads to
noticeable improvement over the base setting and RL-Only.
For example, in the Java — Python task, SFT-Only improves
CA from 56.68% (Base) and 50.72% (RL-Only) to 71.34%,
achieving relative gains of 14.7% and 20.6% respectively.
Similar trends are observed in other pairs. Compared to the
base setting, SFT-Only also helps to decrease the number of
generated tokens and inference latency in most cases, such as
Python — C++ (#Tokens] 6.5%, Latency] 19.5%).

(2) Reinforcement learning directly shows limited im-
provement in accuracy. From the experimental results, we
observe that directly applying reinforcement shows limited
improvement in accuracy. For some translation pairs, such
as Java — Python, RL-Only even decreases from 56.68% to
50.72% in CA. We attribute this to the lack of proper SFT
initialization, causing RL to start from a weak policy with a
large exploration space and unstable gradients. This often leads
to suboptimal policies. Thus, prior SFT provides a stronger
initialization, improving both accuracy and convergence speed.

(3) EffiReasonTrans offers improved effectiveness-
efficiency trade-offs. The full two-stage approach generally
achieves better performance by improving accuracy signif-
icantly while generally reducing the number of generated
tokens and inference latency. For example, in the Python —
C++ task, EffiReasonTrans achieves significant improvements
from 26.55% to 39.61% (+49.2%) in CA while decreasing
Latency from 56.54s to 44.06s (-22.1%). Similar trends are

observed across other translation pairs.

(4) Necessity of Length-based Reward. To isolate the im-
pact of the length reward (Ry), we compare EffiReasonTrans
with its variant EffiReasonTrans ¥/ f2 . As shown in Table[IV]
while SFT provides a concise logical baseline by imitating the
Teacher model, the model tends to generate verbose reasoning
traces if RL is guided solely by execution results. For instance,
in the C++ — Java task, removing Ry causes the average
#Tokens to surge from 1077.24 to 1258.45. This confirms
that R; is indispensable for pruning reasoning redundancy
and ensuring optimal inference efficiency during reinforcement
learning.

RQ2 Summary: Directly applying reinforcement learning
to the base model yields limited improvements. In contrast,
supervised fine-tuning plays a crucial role in the two-stage
training process. Furthermore, the length-based reward in
the reinforcement learning stage is essential for pruning
reasoning redundancy and achieving a better accuracy-
efficiency trade-off.

3) Performance Comparability Between Small-Scale And
Larger-Scale Models (RQ3): To investigate whether a small-
scale model equipped with EffiReasonTrans can achieve per-
formance comparable to a larger-scale model, we compare
two models of different sizes: the 8B-parameter DeepSeek-
R1-Distill-Llama-8B and the 1.5B-parameter DeepSeek-R1-
Distill-Qwen-1.5B [22]]. According to the results in DeepSeek-
R1 report [22], DeepSeek-R1-Distill-Llama-8B consistently
outperforms DeepSeek-R1-Distill-Qwen-1.5B across several
benchmarks, including AIME 2024 [70], MATH-500 [22],
GPQA Diamond[71]], LiveCode [72], CodeForces [73], Live-
CodeBench [72].

As shown in Figure [5] our EffiReasonTrans-enhanced 1.5B
model (denoted as “1.5B-EffiReasonTrans”) consistently nar-
rows the performance gap with the 8B model across all transla-
tion pairs and metrics. Specifically, in the Java — Python task,
the 1.5B-EffiReasonTrans model achieves a CA of 72.20%,
surpassing the 8B model’s 68.53%, along with higher APR and
CodeBLEU scores. A similar trend is observed in the C++ —
Java task and the Python — Java task, where the smaller model
also outperforms the 8B counterpart. Moreover, the 1.5B-
EffiReasonTrans model leads to notable performance gains
over the 1.5B-Base model in the remaining three translation
tasks, significantly reducing the gap with the 8B model. These
improvements are often accompanied by reductions in either
the average number of output tokens or inference latency,
demonstrating enhanced efficiency in addition to improved
translation quality.

RQ3 Summary: EffiReasonTrans enables small models
(1.5B) to achieve comparable or superior performance to
larger models (8B), with 1.5BgfRreasonTrans OUtperforming
the 8B model in Java — Python and C++ — Java
tasks while reducing latency by 3.2x. This demonstrates
that reasoning optimization can effectively compensate for
model scale reduction, making high-accuracy translation
feasible on resource-constrained devices.
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TABLE IV: Ablation study results across different translation pairs. Superscripts indicate relative improvements over Base.

w/o EL denotes training without the length-based reward.

Translation Pair Method CA (%) APR (%) CodeBLEU (%) #Tokens Latency (s)
Base 56.68 62.84 35.96 1389.48 73.59
RL-Only 50.72+105% 56 7549-7% 35.48+1:3% 1235.1541 1% 79 8510-7%
Java — Python SFT-Only 71.347259%  76,06T211%  39.1318:8% 1350.10+2:8% 68.59+6-6%
EffiReasonTrans “/° fr 69.541227% 73 85M17:6% 39 9919.1% 1435.1213-3% 54.85+25-3%
EffiReasonTrans 72.20127-4%  77.31123.0% 39 55110.0% 1344.0343:3%  52.171201%
Base 38.17 40.74 37.93 1177.29 38.45
RL-Only 39.4913:5% 41.72124% 38.0110-3% 1198.25T1:8% 71.25185:3%
Ct+ — Java SFT-Only 45.44T190% 46 7oT46% 41 5gTO-T% 1028.184127% 45 74119:2%
EffiReasonTrans “/° fL  49.93780-8% 51 35126.0% 49 55112:5% 1258.4510:9%  46.25120-3%
EffiReasonTrans 47.30723:9%  49.39121-2% 47 Qf®1% 1077.24'85%  33.694124%
Base 26.55 28.35 28.98 1494.97 56.54
RL-Only 25.3444-6% 27.05447% 30.7576-1% 1512.2571-2% 83.05M40-9%
Python — C++ SFT-Only 29.55T11:3% 31 5Tt1:0% 99 7812:8% 1397.5346-5% 45.34+19-5%
EffiReasonTrans “/° r  31.91720:2% 38 35135:3% 34 g5720.6% 1588.4576-3% 50.15+11:0%
EffiReasonTrans 39.61749:2% 42 33149-2% 37 o5127-8% 1205.33419:3% 44 06+221%
Base 54.31 59.53 35.28 1483.46 56.15
RL-Only 49.2849-3% 55.72+6-4% 34 7541:5% 1505.1511-5% 82.55147-0%
C++ — Python SFT-Only 63.151163%  8.23114:6% 37 .9117:5% 1265.654147%  44.40+20-9%
EffiReasonTrans “/° r  67.317239% 73 65123.7% 38 g5T10-1% 1442.2542-8% 44.55+20-6%
EffiReasonTrans 64.22118:2% 70 58718:6% 38 5g19-4% 1231.33417:0% 42 17+24.9%
Base 33.20 37.27 36.57 1347.48 44.61
RL-Only 36.0318:5% 40.3518:3% 36.8510-8% 1368.1511-5% 77.55173:8%
Python — Java SFT-Only 42.741287%  46.41124:5%  40,0819-6% 1083.93419-6% 38 97414:3%
EffiReasonTrans */¢ Br  39.28M8:3% 49 59Tl41%  3g ()514.0% 1402.25141% 40.8548-4%
EffiReasonTrans 45.85138:1% 49 0873177  40.53110-8% 1199.48411:0% 34 93+21.7%
Base 41.97 44.56 38.41 1188.10 46.29
RL-Only 42.1110-3% 45 32ML7% 37.45+2:5% 1235.1514:0% 72.95157-6%
Java — C++ SFT-Only 44.97TT1%  48.20™82%  421619-8% 985.86+17-0% 49.9517-9%
EffiReasonTrans “/° fir  47.25T126% 47 6516-9% 46.45120:9% 1178.1540:8% 41.25+10:9%
EffiReasonTrans 50.54720:4% 53 04119-0% 43 34112.8% 967.68418:5% 37 371119:2%

Note: All values are means of 3 independent runs. SDs are within: CA (£.25), APR (£.32), CodeBLEU (£.19), #Tokens (£9.15), Latency (£1.35). The performance differences

across the evaluated settings are statistically significant at p < 0.001 (Welch’s t-test).
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Fig. 5: Performance of EffiReasonTrans-enhanced 1.5B model vs. 8B model across six translation pairs.

4) Multilingual Training Impact (RQ4): To investigate the
impact of multilingual training data, we compare three variants
of our method:

« Base: the original base model (DeepSeek-R1-Distill-1.5B)
without any fine-tuning.

« EffiReasonTrans-single: the model trained by EffiReason-
Trans on single-translation-pair data. Specifically, we col-
lect 1,809 samples for the Java-to-Python translation pair
based on the data synthesis procedure described earlier.

« EffiReasonTrans-multi: the model trained by EffiReason-
Trans on multilingual data. We collect 1,809 samples in
total, including 603 for Java-to-Python, 603 for C++-to-
Java, and 603 for Python-to-C++, all constructed using the
same data synthesis approach.

The experimental results are presented in Figure [6] We
analyze the outcomes from two perspectives, as detailed below.
In terms of effectiveness, EffiReasonTrans-single ex-
hibits large performance variance across tasks. For instance,
EffiReasonTrans-single performs well in Java — Python but
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Fig. 6: Performance comparison of different compositions of training data.

poorly in Python — Java (CA drops to 30.71%, even lower
than the base model’s 33.20%). In contrast, EffiReasonTrans-
multi maintains strong performance across all tasks. For
instance, in the Python — Java task, EffiReasonTrans-multi
achieves 50.83% CA, outperforming both the base model
(33.20% CA) and EffiReasonTrans-single (30.71% CA). This
suggests that training on a single translation pair lacks gen-
eralization ability, while EffiReasonTrans-multi benefits from
cross-lingual knowledge and shows robust gains across diverse
translation pairs.

In terms of efficiency, EffiReasonTrans-multi reduces the
number of generated tokens and inference latency compared
to the base model and EffiReasonTrans-single in some cases.
For example, in the Java — C++ task, EffiReasonTrans-multi
reduces the average number of tokens from 1187.64 (base)
to 966.20, and latency from 46.16s to 36.74s. Similarly, in
Python — C++, both token length and latency are significantly
reduced (1494.25 — 1209.63 tokens; 56.33s — 44.92s).

RQ4 Summary: In summary, training on multilingual
data improves both the effectiveness and generalization
of the model across diverse translation tasks, while also
offering potential gains in inference efficiency.

5) Generalization to Agent-based Framework (RQS5):
Recent advances in code translation have introduced agent-
based frameworks that leverage LLMs to iteratively refine
translations based on execution feedback [3l], [L1]. In this
subsection, we adopt the UniTrans framework [3] to assess the
effectiveness of EffiReasonTrans in the agent-based setting.
Specifically, UniTrans utilizes LLM-generated test cases to
guide the translation and subsequent error-fixing process. Fol-
lowing its original configuration, we generate three test cases
per example and conduct experiments over two interaction
rounds across six translation pairs.

Table |V| shows the final results of UniTrans, comparing
the base model (DeepSeek-R1-Distill-Qwen-1.5B) and our
EffiReasonTrans-enhanced model. Based on the experimental
results, we summarize the following observations:

(1) Substantial improvements in execution correctness.
EffiReasonTrans consistently improves execution-based met-
rics (CA and APR) across nearly all translation pairs. For
instance, in the Java — Python task, CA increases from 55.6%
to 73.49% (+32.2%), and APR improves from 63.34% to
79.98% (+26.3%). These results demonstrate that EffiReason-
Trans enables the model to generate more functionally correct
programs, which is critical in agent-based frameworks where

the overall performance largely depends on the deployed LLM.
(2) Mixed impact on efficiency-related metrics. While
EffiReasonTrans brings substantial improvements in execution
correctness, its performance on efficiency metrics such as #To-
kens and Latency is less consistent. Specifically, in the Java —
C++ task, EffiReasonTrans produces fewer generated tokens
than the base model (1074.42 to 1069.00 #Tokens) and gains
improvements of CA (36.53% to 40.04%), indicating that the
model produces more concise and effective translations when
guided by the agent framework. However, despite the reduced
token length, the Latency is still notably higher than the base,
possibly due to more computationally intensive reasoning
steps induced by EffiReasonTrans. What’s more, both #Tokens
and Latency show a noticeable increase compared to the
base model across most translation pairs. This degradation
suggests that the additional round of interaction amplifies the
computational burden introduced by EffiReasonTrans, possibly
because the model generates more elaborate fixes in response
to failed test cases or overfits to verbose reasoning patterns.

RQ5 Summary: EffiReasonTrans improves execution
correctness in agent-based frameworks, consistently en-
hancing Computational Accuracy and Average Pass Rate
across translation pairs and rounds. However, it also in-
creases inference latency and output length, particularly in
later rounds, revealing a trade-off between accuracy and
efficiency in multi-round workflows.

V. THREATS TO VALIDITY

Despite our efforts to conduct a comprehensive evaluation,
several factors may pose threats to the validity of our findings.

One potential threat lies in the reliance on reasoning-
augmented data automatically generated during the data syn-
thesis stage. To ensure reliability, we use a stronger language
model to generate reasoning outputs and verify them through
execution, filtering invalid results. However, the generated
reasoning process may still contain hallucinated steps, and
guaranteeing the correctness of all reasoning steps remains
challenging due to the large amount of textual information.
Future work could incorporate stronger verification methods
to further improve the reliability of detailed reasoning.

Another potential threat to validity involves the diver-
sity of base models used in our experiments. We evaluate
EffiReasonTrans using DeepSeek-R1-Distill-Qwen-1.5B and
DeepScaleR-1.5B-Preview, as these models offer strong rea-
soning capabilities and high computational efficiency, enabling
comprehensive evaluations across multiple translation pairs
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TABLE V: Performance of base and EffiReasonTrans across different translation pairs in the agent-based setting. Relative
changes of EffiReasonTrans are shown as superscript arrows to the right of values.

Translation pair Method CA (%) APR (%) CodeBLEU (%) #Tokens Latency (s)

Java — Python Base 55.60 63.34 34.58 973.72 36.96
EffiReasonTrans 73.491322% 79.98126.3% 39.821152% 1235.12126.8% 69.98189.3%

Base 4236 4473 36.52 1030.29 46.31
C++ — Java 6.8% 6.9% 10.4% 42.1% 55.4%
EffiReasonTrans 45.4416-8% 48.0516.9% 40.77110.4% 1464.05T42-1% 72.00155:4%

Python —s Cit Base 21.20 23.40 28.19 1050.44 51.69
y EffiReasonTrans 27.84131.3% 30.02128:3% 32.221143% 1360.57129-5% 33.22435.7%

C++ _ Python Base 54.09 61.12 34.00 1089.06 50.59
EffiReasonTrans 72.63134.3% 79.07129-4% 39.27115:5% 1112.0212.1% 68.81136.0%

Python s Java Base 36.50 39.00 35.70 1300.00 48.00
EffiReasonTrans 45.23123.9% 47.82122.6% 39.82111.5% 1458.43T12.2% 61.67128:5%

Java — Ca+ Base 36.53 38.71 34.53 1074.42 40.80
EffiReasonTrans 40.0419:6% 41.8818:2% 36.6716:2% 1069.0040-5% 62.521532%

within our available resources. However, testing on a broader REFERENCES

range of architectures remains necessary to fully establish
generalizability. Future work will explore larger-scale models
to further assess the robustness of EffiReasonTrans.

Finally, a potential threat is the choice of programming
languages used for evaluation. In this work, we focus on
three widely-used languages: Python, Java, and C++. These
languages are selected due to their high popularity in both
academic and industrial settings, which also facilitates com-
parison with prior work. However, this choice may limit the
generalizability of our conclusions to other languages, par-
ticularly low-resource programming languages (e.g., ArkTS).
Extending the evaluation to a broader set of programming
languages is a promising direction for future work and would
further verify the robustness of our method in more diverse
translation scenarios.

VI. CONCLUSION

In this paper, we propose EffiReasonTrans, a reasoning-
enhanced training framework that balances accuracy and effi-
ciency in code translation. It comprises three stages: reasoning-
augmented data synthesis, supervised fine-tuning, and re-
inforcement learning. High-quality (source code, reasoning,
target code) triplets are generated by a powerful LLM and
filtered via syntax and functional tests. Moreover, a dual-
objective reward strategy is introduced to optimize both ex-
ecution correctness and output conciseness. Experiments on
six translation pairs show that EffiReasonTrans consistently
improves accuracy while generally reducing inference latency.
Ablation and extension studies further highlight the contribu-
tions of each component and demonstrate effectiveness in mul-
tilingual and agent-based settings, suggesting EffiReasonTrans
’s practical value for real-world development workflows.
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