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Abstract

Automated code translation plays an important role in improving software reusability and
supporting system migration, particularly in scenarios where Python implementations
need to be converted into efficient C++ programs. However, existing approaches often
rely heavily on large external models or static inference pipelines, which limits their ability
to improve translation quality over time.To address these challenges, this paper proposes
ODEL, an On-Demand Experience-enhanced Learning framework for Python-to-C++ code
translation. ODEL adopts a hybrid inference architecture in which a lightweight internal
model performs routine translation, while a more capable external model is selectively
invoked upon verification failure to conduct error analysis and generate structured expe-
rience records. These experience records are accumulated and reused across subsequent
translation phases, enabling progressive improvement through a closed-loop workflow
that integrates generation, verification, consideration, and experience refinement. Experi-
ments on the HumanEval-X benchmark demonstrate that ODEL significantly improves
translation accuracy compared with competitive baselines. Specifically, the framework
increases Pass@1 from 71.82% to 81.10% and Pass@10 from 74.30% to 89.02%, and exhibits
a consistent performance improvement across multiple translation phases. These results
indicate that experience reuse within a continuous task stream can effectively enhance
automated code translation without modifying model parameters.

Keywords: Python-to-C++ code translation; experience-augmented learning; teacher—student
framework; large language models (LLMs)

1. Introduction

The increasing diversity of programming environments and the demand for cross-
platform compatibility have made automated code translation a critical technology for
improving software reusability and accelerating project migration and integration [1].
This need arises from the complementary strengths of programming languages across
different application domains. In practice, converting code between languages is often
essential to meet specific performance targets, platform constraints, or system integration
requirements [2]. For instance, in high-performance computing and embedded systems,
Python (e.g., version 3.9) is favored for rapid prototyping and algorithm validation due
to its expressive syntax and rich libraries, while C++ (compiled with GCC version 11.4.0)
is preferred for deployment because of its execution efficiency and fine-grained memory
control [3]. Automatically translating Python into optimized C++ thus bridges the gap
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between development agility and production performance, offering significant engineering
benefits [4].

Early approaches to code translation largely relied on rule-based systems, which
performed conversions through manually defined syntactic mappings. Although such
methods offer transparency, they suffer from several limitations: crafting comprehensive
rule sets is labor-intensive, difficult to scale to diverse language constructs and edge cases,
and often yields output that lacks optimizations characteristic of the target language [5]. In
recent years, large language models (LLMs) have transformed the landscape by learning
cross-lingual syntactic and semantic patterns from large-scale code corpora, enabling more
fluent and context-aware translation [6]. However, deploying these models in real-world
settings remains challenging. Large closed-source models impose practical limitations
related to deployment and scalability, while lightweight open-source models often struggle
with complex translation tasks due to limited reasoning capability [7].

More fundamentally, existing LLM-based translation pipelines face persistent chal-
lenges in adapting to long-term usage scenarios, while larger models can achieve strong
performance, most current systems remain static; they do not systematically learn from
translation errors encountered during application, leading to repeated mistakes and lim-
ited adaptability over time [8-10]. Recent work on multi-agent collaboration attempts to
decompose translation tasks across specialized agents [11], but these approaches primarily
focus on within-task coordination and lack mechanisms for accumulating experience across
successive translation instances.

To address these challenges, this paper proposes an ODEL framework, a system-level
experience-driven architecture for Python-to-C++ code translation that targets progressive
performance improvement under practical deployment constraints. Unlike prompt en-
gineering, self-reflection, or multi-agent orchestration methods that focus on improving
within-task reasoning, ODEL emphasizes experience reuse across successive translation
iterations within a continuous task stream. The core design of ODEL adopts a hybrid
inference strategy. A lightweight internal model is responsible for routine translation,
while a more capable external model is selectively invoked only when verification fails to
perform error diagnosis and experience distillation. Importantly, the external model does
not directly generate final code outputs; instead, it produces structured experience records
that are accumulated and reused in subsequent translation phases. By integrating experi-
ence retrieval, verification-driven feedback, and experience refinement into a closed-loop
workflow, ODEL enables incremental performance improvement without modifying model
parameters or requiring fine-tuning. Compared with existing prompt engineering, multi-
agent collaboration, and iterative refinement approaches, ODEL emphasizes cross-instance
experience reuse rather than solely focusing on within-task reasoning enhancement. By
decoupling experience accumulation from model parameter updates, the proposed frame-
work offers a flexible system-level solution for improving code translation quality across
successive translation phases under practical deployment constraints [12,13].

The main contributions of this work are summarized as follows:

1.  An experience-driven, on-demand enhancement translation framework, ODEL, sig-
nificantly outperforms existing baseline methods. By on-demand invocation of a
high-performance external model for deep error analysis and structured experience
distillation, the framework systematically improves the translation accuracy of the
lightweight internal model. On the HumanEval-X benchmark, ODEL increases Pass@1
from 71.82% to 81.10% and Pass@10 from 74.30% to 89.02%, clearly demonstrating the
effectiveness and superiority of its experience accumulation and reuse mechanism in
enhancing code translation quality.
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2. A sustainable experience accumulation and self-evolution mechanism enables long-
term performance improvement across successive tasks. Through a multi-phase trans-
lation experiment, we demonstrate that ODEL can achieve sustained self-optimization
without external intervention, across successive translation phases within a continu-
ous task stream.

3. A teacher-student collaborative experience distillation mechanism effectively en-
hances both the quality of accumulated experience and the performance ceiling of
the system. By introducing a high-performance external model (DeepSeek 685B) as
the “teacher” for deep error diagnosis and structured experience generation, ODEL
produces higher-quality and more generalizable experience units. Experiments show
that, compared to using only the internal model for experience generation, the external
experience mechanism further improves Pass@1 by 6.35 percentage points, under-
scoring the critical role of high-quality external experience in pushing the system’s
performance boundaries.

2. Related Work

This section reviews prior studies related to automated code translation and
experience-enhanced code generation. We first summarize approaches based on foun-
dation models, followed by system-level frameworks that improve translation performance
through architectural design. Finally, we discuss multi-agent collaboration methods and
analyze their limitations in long-term experience accumulation.

2.1. Methods Based on Foundation Models

Recent advances in large language models (LLMs) have significantly advanced re-
search in code intelligence. Pioneering efforts such as CodeX (OpenAl Codex, codex-1
release, accessed on 19 January 2025 via https:/ /openai.com/blog/openai-codex/) [14]
and AlphaCode [15] demonstrated the capability of pre-trained models to perform complex
code generation tasks. Subsequent open-source models, including CodeLlama (v1.0) [16]
and Qwen-Coder (v1.0) [17], further improved performance across a wide range of pro-
gramming benchmarks.

Static Code Translation. Notably, TransCoder [2] introduced an unsupervised frame-
work for translating between C++, Java, and Python using masked language modeling
and back-translation, without requiring parallel data. More recently, CodeT5+ [18] and
StarCoder [19] leverage encoder—decoder architectures trained on massive multilingual
code corpora to support diverse translation scenarios. Despite their success, these models
treat translation as a fixed mapping: once deployed, they cannot incorporate new feedback
or correct recurring errors without costly retraining or fine-tuning.

Prompt Engineering-Based Methods. Prompt engineering-based methods focus on
designing structured prompts or in-context examples to guide LLMs toward more accurate
translations. Prior studies have shown that incorporating example-based guidance or
error-aware prompts can improve output correctness [20,21]. However, these methods rely
heavily on manually designed prompts and lack a systematic mechanism for learning from
recurring translation errors over time.

Fine-Tuning-Based Methods. Fine-tuning—based methods adapt pre-trained models
to specific language pairs using parallel code corpora, while fine-tuning can significantly
improve translation accuracy [22,23], it depends on large volumes of high-quality aligned
data and requires retraining when adapting to new tasks or domains, which limits flexibility
in dynamic development environments.

Positioning of Our Approach. In contrast to the aforementioned methods, the frame-
work proposed in this work does not require expensive fine-tuning or extensive prompt
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engineering. Instead, it functions as a lightweight, modular enhancement that can be
integrated into existing translation pipelines. By equipping the base model with precise,
contextually relevant experiential guidance—derived from structured error analysis and ac-
cumulated correction knowledge—our system significantly improves translation accuracy
while maintaining deployment feasibility under practical constraints. This design effec-
tively bridges the gap between static model capabilities and the dynamic, experience-driven
demands of practical code translation.

2.2. Methods Based on System-Level Frameworks

Unlike methods that modify model parameters, system-level approaches aim to
enhance translation performance through external architectural innovations and post-
processing mechanisms. These can be classified into two principal categories, each with
distinct design philosophies and operational characteristics.

Multi-Round Verification Methods. This class of methods employs iterative refine-
ment cycles, typically driven by test execution or compiler feedback, to progressively
correct translation outputs. For instance, Chen et al. [24], who proposed a compiler-guided
evaluation and repair loop, and Cassano et al. [25], who developed a multilingual bench-
mark incorporating verification phases, while these techniques can improve functional
correctness through runtime feedback, they often entail significant practical deployment
constraints due to repeated execution and analysis. Moreover, they generally lack a struc-
tured mechanism to capture, generalize, and reuse correction patterns across tasks, limiting
long-term efficiency gains.

External Knowledge-Enhanced Methods. Another line of research seeks to augment
LLMs by retrieving relevant information from external knowledge bases or historical corpora.
For instance, Parvez et al. [26] explored retrieval-augmented generation for code repair
and synthesis. Recent efforts like ReACC [27] apply retrieval-augmented generation (RAG)
to code completion, yet their application to cross-language translation remains limited.
Crucially, most retrieval systems store raw code snippets rather than structured error-fix
knowledge, making them less effective for targeted correction in translation contexts.

Positioning of Our Framework. In contrast to the above approaches, our proposed
framework advances system-level design by introducing a experience generation and
reuse mechanism. Rather than relying solely on post hoc verification or generic retrieval,
our system triggers targeted error analysis and structured knowledge extraction only
when needed, converting translation failures into reusable corrective experiences. This
design not only reduces unnecessary computational overhead but also enables the system
to accumulate and apply translation-specific expertise in a context-aware manner. This
strategy addresses a key gap in current system-level methods: the transition from passive
correction to active, experience-driven learning.

2.3. Multi-Agent Collaboration Methods

A more recent research direction explores multi-agent collaboration, where multiple
LLM-based agents with specialized roles work in concert to tackle complex translation
tasks. For instance, Karanjai et al. [28] proposed the UniTranslator framework, in which a
central DirectorLLM coordinates concept agents, language specialists, and test generators
to decompose translation into structured subtasks. Such architectures can be viewed as a
systematic extension of advanced prompt engineering, effectively distributing complexity
across specialized modules, while multi-agent collaboration can enhance performance
through task decomposition and role specialization, its capabilities remain largely confined
to within-task coordination. These systems generally lack mechanisms for accumulating
knowledge across tasks or consolidating experience over time, as also observed by Athi-
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waratkun et al. [29], who highlighted the limited capacity of existing frameworks for
cross-task learning and experience transfer.

Recent agent-based systems like Reflexion [11] and Self-Refine [12] introduce reflective
loops, but they operate within a single agent’s internal memory and do not externalize
knowledge for system-wide reuse. Similarly, experience-augmented program synthesis
frameworks such as DreamCoder [30] store successful programs but not the diagnostic
reasoning behind corrections—limiting their applicability to error-driven translation repair.

Synthesis and Research Gap. Collectively, existing work falls into three categories:
(1) static translators (e.g., TransCoder [2], CodeT5+ [18]) that cannot adapt post-deployment;
(2) iterative debuggers (e.g., Reflexion [11], Self-Refine [12]) that improve within-task
but forget across tasks; and (3) retrieval-based systems (e.g., Parvez et al. [26]) that lack
structured, actionable error-fix representations. None provide a unified mechanism for
parameter-free, cross-task, and experience-grounded adaptation—precisely the gap our
framework addresses.

Positioning of Our Approach. Our framework extends the multi-agent paradigm by
introducing a temporal learning dimension. Rather than treating each translation task
in isolation, we enable agents to accumulate, structure, and reuse corrective experiences
across tasks, thereby supporting adaptation and performance evolution. This design trans-
forms multi-agent collaboration from a static, task-specific orchestration into a dynamic,
experience-enriched learning system, addressing a fundamental limitation in current col-
laborative translation methods.

Beyond code translation, our work also relates to broader research on continual
learning and memory-augmented systems in artificial intelligence. Continual learning
aims to enable models to accumulate knowledge over time while avoiding catastrophic
forgetting. Prior approaches often rely on model fine-tuning or replay buffers [10,23],
which can be computationally expensive or infeasible in deployment settings where model
weights are frozen. In contrast, ODEL achieves incremental improvement through its
experience repository—storing verified error-fix records from past tasks and reusing them
to guide future code generation without updating the underlying model parameters.

Similarly, memory-augmented architectures enhance model capabilities by retriev-
ing external knowledge during inference [13], while existing methods such as retrieval-
augmented generation typically retrieve raw text or unstructured examples, ODEL’s ex-
perience library stores structured, validated debugging experiences that capture not only
what went wrong but also how a fix applies. This design aligns with the goal of building
systems that learn from mistakes over time—a principle explored in reflective agents [11]
and lifelong learning frameworks—but instantiated here in the context of cross-language
code translation

3. ODEL Framework

To address the static limitations of existing code translation systems—particularly their
inability to learn experience continuously from translation errors—this paper introduces a
ODEL framework. It establishes a learning cycle that transforms isolated error instances
into reusable experiential knowledge. By integrating a hybrid inference architecture with a
systematic experience accumulation mechanism, our approach enables lightweight models
to progressively improve translation accuracy in Python-to-C++ conversion tasks.

3.1. Architecture and Workflow of the Framework

The proposed framework adopts a three-module collaborative design, as illustrated in
Figure 1. The ODEL is embedded throughout the translation pipeline, forming a closed-
loop workflow that seamlessly integrates task analysis, code generation, verification, and
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experience refinement. This architecture enables continuous interaction between inference,
validation, and knowledge accumulation, ensuring that translation errors are systemat-
ically captured, analyzed, and transformed into reusable corrective guidance.Notably,
experience generation and external model invocation are conditionally triggered only upon
verification failure.

‘Test case’

|@| |@| |@|

Logic Interpreter Code Generator Code Validator
p” *h* > %% Quen2.5 328 % Qwen2.5 328 % Quen2.5 328 F—
/" Input python task ™\ : - \
( description —y Parse code CrrarEe CameEs C++ code Gty Pass RUNS_ pased! Output:C++ )
\ J i test case code code ests A8
“.and code framework " N ~
e : T @ DeepSeek 6858 Fail Fai
= Generate \A/
- DD Current iterations<=
. Experience h ' Max iterations — N
Task prompt k. 1
—_—
Yes'

Figure 1. ODEL framework.

3.2. Logic Interpreter

As the initial stage of the translation workflow, the Logic Interpreter module performs
dual parsing functions upon receiving the code task description and relevant contextual
information (Figure 2). First, it transforms high-level task requirements into a structured
programming logic representation, producing a detailed blueprint to guide subsequent code
generation. Second, based on its functional understanding, it automatically synthesizes
corresponding verification test cases (The generated test cases aim to capture core functional
behaviors rather than exhaustively covering all edge cases), establishing a standardized
validation baseline for downstream modules. This dual-output design ensures the system
operates from a semantically grounded, verifiable foundation, thereby enhancing both the
interpretability and reliability of the translation pipeline from its earliest phase.

4 R
System Role:
Autonomous code analysis agent
[STEP1]: Parse the source code ({source_lang}) and extract its abstract syntax and semantics. Include:
Program units: functions, classes, modules (name, parameters, return type)
Symbols: variables/constants (name, type, mutability, scope, initialization)
Control flow: if/for/while/return/break/continue (conditions)
Data flow: assignments, updates, dependencies
External interactions: imports, library calls
[STEP2]: Generate exactly THREE representative test cases for the code. Each test case includes:
"input": mapping of parameters to concrete values
"expected": exact expected output
S J

Figure 2. Logic interpreter prompts.

3.3. Code Generator

The Code Generator (Code Generation and Experience Retrieval Module) operates as
the central generation and learning component, employing an experience-guided genera-
tion strategy (Figure 3). Upon receiving the structured logic representation from the Logic
Interpreter, it first retrieves relevant historical experiences from the experience knowledge
base. Guided by this contextual knowledge, it generates an initial version of the target
C++ code. If subsequent verification fails, a deep error reflection mechanism is triggered:
the experience retrieval module analyzes the root cause of the failure, extracts structured
corrective experience records associated with the observed failure patterns, and updates the
experience repository. The module then regenerates the code, now informed by the refined
experience. This process establishes a closed-loop iterative cycle of generation, verification,
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reflection, and knowledge refinement, enabling continuous improvement in translation

quality through systematic experience accumulation.

~
System Role:
Autonomous code translation agent.

No fixes, optimizations, or refactoring.

Constraints:

- Output ONLY valid {target_lang} code

- No text, explanations, or comments outside code block

Rules:

- Exact given C++ signature

- Only allowed to add headers

- No extra functions/includes

Semantics:

- Strictly follow source logic

- Preserve flow, edges, flaws

Style:

- const-correct

- Idiomatic {target_lang}

- No comments

Experience-Guided Translation

The following lessons are distilled from prior translation failures.
They are provided as guidance to avoid repeating known mistakes,

{lessons1}

{lessons2}

{lessons3}

Input:

Source: {analysis}
Signature: {declaration}
Output:

c++

<translated C++ code>

-

Direct, semantics-preserving translation from {source_lang} to {target_lang}.

but MUST NOT alter the intended semantics or structure of the source logic:

Figure 3. Code generator prompts.

3.4. Code Validator

The Code Validator (Verification Feedback and Process Control Module) serves as

the quality assurance and iterative control unit (Figure 4). It receives both the generated

C++ code and the corresponding test cases, executes compilation and functional testing,

and dynamically determines the subsequent workflow based on the verification outcome.

If the code passes all tests, the module outputs the final translated result. If verification

fails and the max iteration has not been reached, it returns detailed error information

to the Code Generator to initiate a new refinement cycle. When the maximum iteration

count is exceeded, the process terminates and returns the current best-effort solution. This

resource-aware control mechanism ensures that the system always produces a feasible

translation within bounded computational resources (Algorithm 1).
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Algorithm 1 Code Validator

Require: code < output from Code Generator
test_cases < output from Logic Interpreter
Ensure: Validated code (success) or failure after max retries
1: Set max_attempts < 3
2: Set attempt < 0
3: while attempt < max_attempts do
Step 1: Perform quick syntactic checks
if syntactic check fails then
Record error information
Send error feedback to Code Generator
attempt < attempt + 1
continue
10:  end if
11:  Step 2: Invoke compiler for syntax validation
12:  if compilation fails then

R R

13: Record error information

14: Send error feedback to Code Generator
15: attempt < attempt + 1

16: continue

17:  end if

18:  Step 3: Construct complete executable test program
19:  Step 4: Write to temporary file and compile
20:  if compilation fails then

21: Record error information

22: Send error feedback to Code Generator
23: attempt ¢— attempt + 1

24: continue

25:  else

26: return code {All steps passed}

27:  endif

28: end while
29: return code {Max retries exhausted}

System Role:

Autonomous verification agent (senior C++ QA engineer).
Validate translated C++ code with minimal executable test assertions.
Hard Constraint:

Maximum THREE (3) assertions only. One assertion = one test case.
Rules:

- Preserve original implementation verbatim

- Add tests only in main()

- Mark test section with comments (e.g., // Test code)

- Use <cassert>, <iostream>, using namespace std;

- Use standard assert() only

Output:

- ONLY one complete, valid C++ source file

- No explanations, markdown, or comments outside code
- No modifications to original code

Input:

Implementation: {target_code}

Test Cases: {test_cases}

Output:

test

// combined C++ implementation and test code

- J

Figure 4. Code validator prompts.
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3.5. Sustainable Experience Integration Mechanism

At the core of the proposed framework lies a sustainable experience-driven opti-
mization cycle, designed to enable performance evolution through continuous knowledge
application, validation, and refinement. This mechanism operates through an iterative
two-phase process: (1) experience application—where retrieved knowledge guides ini-
tial code generation—and (2) experience evolution—where verification failures trigger
structured knowledge extraction and experience updating. Together, these phases form a
self-reinforcing learning loop that progressively enhances the system’s translation capability
without requiring model retraining, as illustrated in Figure 5.

A to@

i Output
Translate Code SEits S P
read experiences

l/ . N "

: Experiencel : A

| [ExperienceZ| ! compile error test error results

: Experience3 |

' Experience4 :

i Experience5 | 1

: Experience6 :

] v e ____d_.___ -

i , N - N
: : : Vt v \| I’ v \
1

:‘ ] b Errorl Errorl i ! Resultl i
: | 1 Result2 |
! 1 i Result3| !
I | i Result4 !
! i p Result5 1
: | i [Resulté| |
| ! d |

Generate Experience ! 1 i ’ 1

: | i |
\ 3 H |

Figure 5. Experience integration mechanism diagram.

Read Experience Phase. In this stage, accumulated structured knowledge is trans-
formed into executable logic or contextual constraints that directly inform the code gener-
ation process. This conversion allows abstract correction patterns and semantic rules to
be dynamically integrated into translation, ensuring that historical experience is not only
retrieved but also effectively operationalized to guide new generation tasks.

Generate Experience Phase. Translation errors serve as the catalyst for systematic
knowledge base updates. When a failure occurs, the system performs in-depth contextual
and causal analysis, extracting new, generalizable experience units from the error trace. This
process expands and refines both the content and the relational structure of the knowledge
repository, enabling the system to learn autonomously from usage and achieve sustained
performance improvement over time.In this work, sustainability refers to performance
improvement across successive translation phases within a continuous task stream.

3.6. Capability Alignment

To facilitate progressive performance improvement without modifying model param-
eters, the proposed framework incorporates a teacher—student collaboration mechanism
for capability alignment. In this setting, a powerful external model (e.g., DeepSeek 685B)
serves as a teacher for error diagnosis and experience distillation, while a lightweight
internal model (e.g., Qwen 32B) acts as the student responsible for routine code generation,
as illustrated in Figure 6.
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Experience Library

(Deepseek 685B)

Q\) principles

% methods
Update the experience library @} . .
E:} patterns v

Updater
(Deepseek 685B)

@ exp3

Figure 6. Model alignment diagram.

When verification fails for code generated by the internal model, the corresponding
error context is submitted to the external model for diagnostic analysis. Leveraging its
advanced reasoning and code understanding capabilities, the external model identifies the
root causes of translation failures and distills structured corrective experience records, in-
cluding error patterns, corrective strategies, and applicability conditions. These experience
records are then stored in the experience repository.

In subsequent translation iterations, the internal model retrieves relevant experience
records and incorporates them as contextual guidance during code generation. Through
repeated exposure to and application of such structured guidance, the internal model is
progressively better aligned with the target translation requirements, enabling improved
generation quality without parameter updates or fine-tuning. Importantly, this alignment
is achieved through experience-conditioned inference rather than direct modification of the
model’s internal representations.

This design allows the framework to benefit from the analytical strength of large models
while maintaining the efficiency and deployability of a lightweight internal model, providing
a practical pathway for sustained performance improvement under real-world constraints.

4. Experiments and Results Analysis

To evaluate the effectiveness of the proposed ODEL in Python-to-C++ code transla-
tion, we conducted a comprehensive experimental evaluation based on the HumanEval-X
benchmark. Our experimental design is guided by the following research questions:

1.  RQ1 (Accuracy Improvement): To what extent does the ODEL framework improve
the functional correctness and overall accuracy of automated code translation?

2. RQ2 (Performance Evolution Across Translation Phases): Can the ODEL system
achieve stable performance improvement over successive translation trials through its
experience accumulation and reuse mechanism, thereby demonstrating self-evolution
and sustained learning ability?

3. RQ3 (Impact of External Model): How does leveraging a more capable external model
for error analysis and experience distillation contribute to further performance gains?

4.1. Experimental Setup

We evaluate our framework on the Python-to-C++ translation tasks from the
HumanEval-X benchmark [29], which consists of 164 programming problems spanning
a range of algorithmic and conceptual difficulties. Each task includes a natural language
description, a Python reference implementation, a canonical C++ solution, and a set of
functional test cases.

To ensure objective and reproducible assessment of translation quality, we adopt the
unbiased Pass@k metric [14], which is widely used in code generation and translation re-
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search. This metric evaluates whether a generated C++ implementation passes all provided
test cases, providing a reliable measure of functional correctness.

)
) ] @

where n = 10 is the number of generated candidates, c is the count of passing samples, and
k € {1,10}.

Pass@k = E

4.2. Baselines

To systematically analyze the contribution of each component, we designed five
comparative experimental configurations.

*  Qwen2.5-Coder (Single-Agent): Direct translation using Qwen2.5-Coder (32B) [31].

*  UniTrans Method [32]: UniTrans is a multi-agent framework built on large lan-
guage models, where multiple specialized agents cooperate through test generation,
translation, execution feedback, and iterative refinement to improve automated code
translation accuracy.

*  Multi-Agent (No Experience): The framework’s main body uses Qwen2.5-Coder (32B)
for translation and iteration.

e  ODEL (Internal Experience): The framework’s main body uses Qwen2.5-Coder (32B)
for translation and iteration, with its own "reflection” module responsible for error
analysis and internal experience generation.

*  ODEL (External Experience): The framework uses Qwen2.5-Coder (32B) for transla-
tion and iteration, but calls DeepSeek 685B as an external analyzer for in-depth error
diagnosis and high-quality experience generation.

*  Deepseek-Coder (Single-Agent): Direct translation using Deepseek-Coder (33B) [33].

*  Deepseek-Coder ODEL (External Experience): The framework uses Deepseek-Coder
(33B) for translation and iteration, but calls DeepSeek 685B as an external analyzer for
in-depth error diagnosis and high-quality experience generation.

4.3. Effectiveness of the ODEL

To address RQ1 (Does the ODEL framework significantly improve translation func-
tional correctness?), we design a controlled experiment to validate the contribution of
ODEL by comparing the performance of different learning mechanisms. The results are
presented in Table 1.

Table 1. Performance comparison of different learning mechanisms on HumanEval-X.

Method Pass@1 Pass@10
Qwen2.5-Coder (Single-Agent) 71.82% 74.30%
UniTrans Method 72.16% 76.64%
ODEL (External Experience) 81.10% 89.02%

As shown in Table 1, the ODEL framework with external experience integration
achieves significant performance improvements over both the baseline and UniTrans meth-
ods. Specifically, it enhances Pass@1 by 9.28 percentage points (from 71.82% to 81.10%) and
Pass@10 by 14.72 percentage points (from 74.30% to 89.02%). These results demonstrate
empirically that ODEL’s mechanism for systematic error analysis, experience extraction,
and knowledge reuse effectively enhances translation accuracy through continuous learn-
ing adaptation.
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4.4. Performance Evolution Across Translation Phases

To address RQ2 (Can the ODEL system achieve stable performance improvement over
successive translation trials through its experience accumulation and reuse mechanism,
thereby demonstrating self-evolution and sustained learning ability?), we designed a
longitudinal experiment that simulates performance evolution in successive translation
trials. This setup mimics a realistic deployment scenario, where the system processes
a sequence of tasks and incrementally refines its knowledge base. Figure 7 illustrates
the progression of the Pass@1 metric in five consecutive trials for the ODEL (external
experience) configuration.

Dynamic Experience Generator (External Experience )
The first five experiments

79 % 78.04
78 EEE

77 A 76.21
75.61
76

75 74.39
73.7

pass@1

741
731
72 A
71-

1 2 3 4 5

Experiment Number
Figure 7. Pass@1 ODEL (external experience) the first five experiments.

As shown in Figure 7, the Pass@1 performance on the full test set exhibits a mono-
tonically increasing trend as the system processes successive task phases and accumulates
experience. This progression directly confirms that experience generated in earlier stages is
effectively retrieved and applied to subsequent translation tasks.

The performance gain observed after the first phase largely stems from the frame-
work’s trial-and-error learning and initial experience generation. Improvements in each
subsequent phase reflect the generalization and transfer of previously acquired experience
to a wider variety of tasks. These results validate that ODEL not only learns within individ-
ual translation instances but also consolidates and transfers that knowledge across the task
stream, enabling sustained, incremental improvement over time.

It is worth noting that the multi-phase evaluation in this work is conducted on a
fixed task set from the HumanEval-X benchmark, following a consistent task ordering
across phases. The observed performance improvements therefore reflect sustained learn-
ing behavior under a stable task stream rather than strict order-invariant generalization.
Importantly, the experience accumulated by ODEL is stored in an abstract, pattern-based
form derived from error analysis, rather than as task-specific solutions or test cases, which
mitigates the risk of direct data leakage across phases.

4.5. Impact of Experience Source on Translation Performance (Ablation Study)

To address RQ3 (Does leveraging a stronger external model for error analysis and
experience distillation yield additional performance gains?), we systematically examined
how the source of experience generation influences overall translation quality. Within
the same ODEL framework, we compared three distinct configurations: (1) no experience
learning, (2) internal lightweight model for experience generation, and (3) powerful external
model for experience distillation. The experimental outcomes are presented in Table 2.

https:/ /doi.org/10.3390/app16031506


https://doi.org/10.3390/app16031506

Appl. Sci. 2026, 16, 1506

13 of 16

Table 2. Performance comparison on the HumanEval-X dataset.

Method Pass@1 Pass@10
Multi-Agent (No Experience) 72.56% 81.65%
ODEL (Internal Experience) 74.75% 84.70%
ODEL (External Experience) 81.10% 89.02%

Table 2 reveals several important findings:

(1) Even in the absence of experience learning, the multi-agent architecture itself yields
measurable improvements over the baseline (Pass@10: 81.65% vs. 74.30%).

(2) Introducing experience learning with the internal model (Qwen 32B) further elevates
Pass@10 to 84.70%, confirming the intrinsic value of the experience-driven paradigm.

(3) Most notably, when the powerful external model (DeepSeek 685B) is employed for
deep error diagnosis and structured experience distillation, performance reaches its
peak: Pass@1: 81.10% and Pass@10: 89.02%. This corresponds to a 6.35 percentage-
point gain in Pass@1 and a 4.32 percentage-point gain in Pass@10 over the internal-
model experience configuration.

These results underscore that a stronger analytical model can produce higher-quality,
more generalizable experiences, effectively raising the system’s upper performance bound
under the evaluated setting while maintaining the efficiency of a lightweight internal model.

4.6. Deepseek-Coder (33B)

As shown in Table 3, Deepseek-Coder’s Pass@1 score was 60.37%; after integrat-
ing with ODEL, Pass@1 increased to 69.09%, and Pass@10 rose even more significantly
to 86.59%. This indicates that even models with relatively weaker initial capabilities
can effectively enhance generation quality through external experience in ODEL, further
demonstrating the framework’s generalizability and effectiveness.Our model still remains
among the best.

Table 3. Deepseek-Coder (33B) Performance comparison on the HumanEval-X dataset.

Method Pass@1 Pass@10
Deepseek-Coder (Single-Agent) 60.37% 60.37%
Deepseek-Coder ODEL (External Experience) 69.09% 86.59%
Qwen2.5-Coder (Single-Agent) 71.82% 74.30%
UniTrans Method 72.16% 76.64%
ODEL (External Experience) 81.10% 89.02%

4.7. Discussion

Beyond its technical contribution, ODEL offers economic and societal benefits. By
enabling accurate, deployment-efficient code translation without repeated model retraining,
it can reduce the cost associated with software development. The parameter-free adaptation
mechanism also lowers reliance on expensive large language models and computational
resources, improving accessibility for smaller teams and promoting sustainable Al practices.

5. Conclusions

This paper introduces ODEL,an on-demand experience-enhanced learning framework
designed for Python-to-C++ code translation. ODEL implements a hybrid collaborative
architecture: a lightweight internal model (Qwen2.5-Coder 32B) handles routine trans-
lation tasks, while a powerful external model (DeepSeek 685B) is engaged only when
verification fails, performing deep error diagnosis and distilling structured experiential
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knowledge. This approach enhances the system’s analytical depth without requiring con-
tinuous external model involvement. At its core, ODEL establishes a closed-loop learning
cycle—integrating experience retrieval, code generation, verification feedback, and knowl-
edge refinement—that transforms translation failures into reusable corrective experiences,
enabling sustained performance evolution. Evaluated on the HumanEval-X benchmark,
ODEL significantly improves functional correctness, increasing Pass@1 from 71.82% to
81.10% and Pass@10 from 74.30% to 89.02%. Ablation studies confirm the critical con-
tribution of externally generated experience to performance gains and demonstrate the
framework’s ability to achieve autonomous, incremental improvement through accumu-
lated experiential learning. In summary, ODEL advances code translation by combining
selective external analysis with an internal experience-driven learning loop, fostering
both high translation accuracy and long-term adaptive capability without dependence on
persistent external model engagement.
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