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Code translation transforms code between programming languages while preserving functionality, which is
critical in software development and maintenance. While traditional learning-based code translation methods
have limited effectiveness due to the lack of sufficient parallel training data, Large Language Models (LLMs)
have recently advanced this field with their strong code generation and comprehension capabilities. However,
code translated by LLMs still suffers from diverse quality issues, such as syntax and semantic errors. In this
work, we propose TRANSAGENT, a novel multi-agent system that eliminates the errors during LLM-based code
translation. The main insight of TRANSAGENT is to localize error-prone code blocks via fine-grained execution
alignment between source and target code. We evaluate TRANSAGENT on a newly constructed benchmark of
recent programming tasks to mitigate data leakage. TRANSAGENT outperforms the latest UNITRANS by up to
33.3% in translation accuracy and achieves an average improvement of 56.7% over AGENTLESS in program
repair performance. We also conduct an ablation study and evaluate TRANSAGENT across different LLMs,
demonstrating its effectiveness and strong generalizability.
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1 Introduction

Code translation aims at transforming the code from one programming language (i.e., source
program) to another (i.e., target program) while still preserving the same functionality. Code
translation is prevalent in software development and maintenance, given the needs of performance
optimization [1, 15], system modernization [16, 24], or technology transitions. While manually
performing code translation can be time-consuming and error-prone, various automated code
translation techniques (i.e., transpilers) [55, 56, 60, 78] have been proposed.
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Traditional rule-based code translation relies on manually written transformation rules to convert
source code into target code [13, 28, 57]. However, crafting these rules requires extensive effort,
and the resulting target programs often suffer from poor readability and usability [55]. To address
this issue, a series of learning-based code translation methods has been proposed to enhance
translation quality [55, 56, 60]. These methods train models on large amounts of parallel data (i.e.,
paired source and target programs), enabling the models to learn translation patterns and mappings
between different languages. However, high-quality parallel data for training is often scarce in
practice [2, 56, 74], and the process of model training is also very time-consuming. For example,
training the TRANSCODER model requires 32 V100 GPUs for 12 days [55].

Recent advancements in large language models (LLMs) further enhance learning-based code
translation. The translation paradigm has also shifted from “train-then-translate” to “translate-
then-fix”, where LLMs first translate the source into the target program and then fix translation
errors [49]. Translation errors in target programs fall into two categories: syntax errors, which
violate the grammar of the target language, and semantic errors, where the program produces
outputs that differ from the source program for the same input. Effective use of LLMs for error
repair requires precise localization and concrete guidance [31, 70, 72, 83]. Syntax errors can be
detected by compilers, but the suggested fixes are often not straightforward. Semantic errors are
difficult to locate, as they manifest only as output discrepancies without causing compilation or
runtime failures.

However, existing methods rely solely on end-to-end LLM reasoning to fix translation errors,
which limits their effectiveness [49, 59, 61, 78]. For example, UNITRANS, the latest LLM-based
translation approach, leverages function-level test cases to guide LLMs in repairing semantic errors
in the target program. Since LLMs cannot accurately access the dynamic runtime behavior of
the target program [10], this prevents the detection of fine-grained logical discrepancies and the
pinpointing of the exact location to repair. Consequently, UNITRANS produces only a marginal
accuracy gain in the error-fixing stage, increasing from 31.25% to 31.90% on the Java-to-Python
task with Llama-7B [78].

To enhance LLM in code translation, particularly for fixing syntax and semantic errors in the
target program, we propose TRANSAGENT, an LLM-based multi-agent system. The main insight of
TRANSAGENT is to pinpoint the error locations in the target program and provide specific fix suggestions,
thus reducing the difficulty of error fixing for LLMs. TRANSAGENT employs four collaborative agents:
Initial Code Translator, Syntax Error Fixer, Code Aligner, and Semantic Error Fixer. First, Initial
Code Translator generates test cases and an initial target program for the given source program;
Second, Syntax Error Fixer captures compiler error messages, converts them into more specific fix
suggestions, and leverages LLM to fix the syntax errors; Third, Code Aligner divides the source
program into blocks using the control flow graph (CFG) and then maps each block to the target
program with LLM; Lastly, based on the mapped blocks between the source and target program,
Semantic Error Fixer localizes the error block in the target program which exhibits different runtime
behaviors from its aligned block in the source program, and then uses LLMs to specifically fix the
error block with the observed runtime difference.

Pinpointing semantic errors in the target program is challenging, as it requires precise knowledge
of the runtime values of variables and how they deviate from their expected outputs. Intuitively, this
challenge can be addressed by comparing the intermediate runtime states of the source and target
programs, much like developers inspect program states to locate errors by debugging. However,
identifying the correspondence between the source and target programs is challenging, as structural
differences frequently arise between their implementations. Existing methods like TRANSMAP [64]
rely solely on LLMs for statement-level alignment, but this approach is fragile; for example, if a
source line translates into multiple target lines or lines are shifted, LLMs often default to naive
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static int minimumArrayLength (int[] nums) { ‘Collections.min’ method does not support
int m = Collections.min (Arrays.asList (nums)); primitive types directly. You need to convert
Buggy Line> hod the array to a List of Integers before using
£ 7>) Convert it. Fix Suggestion
Fix Fix
int m =Collections.min (Arrays. int m = Collections.min (Arrays.asList (
asList (nums)) ; Arrays.stream(nums) .boxed () .toArray (Integer[]::new)));

Fig. 1. Example of Fixing Syntax Errors in Target Java Program

sequential mapping, resulting in misalignments [64]. To address the mapping issue, TRANSAGENT
introduces the Code Aligner, which leverages CFG-based decomposition to partition source code
into atomic blocks and align them with the target program using LLMs. This block-level alignment
is more robust than statement-level alignment; for instance, it groups sequential lines into a single
block and maps it to the target program, effectively resolving issues such as line shifts.

Based on the aligned blocks, the Semantic Error Fixer simultaneously executes the source and
target programs, compares the runtime states of variables within the mapped blocks, detects
divergences, pinpoints the faulty block, and performs targeted repairs. Unlike traditional fault-
localization [5, 29] and repair methods [5, 23] that operate on a single program, the Semantic
Error Fixer leverages cross-program execution comparison to guide precise corrections. Moreover,
unlike coarse-grained approaches such as file- or function-level localization [70, 83], TRANSAGENT
performs fine-grained, block-level localization, where each block consists of several lines of code,
to enhance LLM accuracy in correcting translation errors.

To evaluate TRANSAGENT, we first construct a new benchmark from recent programming
tasks to mitigate the potential data leakage issue. We then evaluate the translation performance
of TRANSAGENT, which achieves 87.1% higher accuracy than the learning-based TRANSCODER
and 33.3% higher than the LLM-based UNITRANs. An ablation study reveals that Syntax Error
Fixer and Semantic Error Fixer substantially enhance translation performance, surpassing the
error-fixing strategy of UNITRANS. TRANSAGENT also demonstrates superior repair accuracy,
exceeding AGENTLESs by 56.7% and TRANSAGENTT)y (with the TRANSMAP strategy) by 14.5%.
Finally, TRANSAGENT exhibits strong generalization to different LLMs.

We summarize our contributions as follows:

e A Novel LLM-based Code Translation Technique. We propose TRANSAGENT, an LLM-
based multi-agent system for fixing the syntax and semantics errors in LLM-based code
translation.

e A Novel Code Mapping Strategy. We design a code mapping strategy (i.e., Code Aligner)
upon the synergy between control flow analysis and LLMs.

e A New Code Translation Benchmark. We construct a new code translation benchmark,
which is constructed from the recent programming tasks, so as to mitigate the data leakage
issue when evaluating LLM-based code translation techniques.

e Comprehensive Evaluation. We systematically evaluate TRANSAGENT across various
perspectives, including the overall translation effectiveness, the ablation study of each agent,
repair accuracy, and generalization.

2 Motivating Example

We illustrate the error-fixing challenges in the latest LLM-based code translation technique, UN1-
TrANS [78] via two examples. Here, we use the version of UNITRANS built upon the backbone LLM
Deepseek-Coder-6.7b-instruct [14]. The first example demonstrates a failure to fix a syntax error,
while the second shows a failure to resolve a semantic error.

Challenges in fixing syntax errors solely with the error messages thrown by the compil-
er/interpreter. UNITRANS relies on compiler error messages to fix syntax errors, but these messages
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1. def minOperations( nums): 1. public static int minOperations (int[] nums) {
2 n = len (nums) o int n = nums.length;
o sortedUniqueNums = s Integer[] sortedUniqueNums =

sorted( (set (nums) )) Arrays.stream(nums) .boxed () .sorted () .toArray (Integer[]::new) ;
4. e = i lmt: res : 05 Whole Program I/O:
5. il = . int j = 0; Input : -

put: nums=[1, 1, 1, 1, 1]
Source Python . . Target Java Expected: 4 Actual: 0

- ag - Fix
Runtime Value Comparison

No maodifications are applied to the Target Java.
Intermediate I/O on the third line:
Input: nums=[1, 1, 1, 1, 1]

Expected: sortedUniqueNums =[1] int[] sortedUniqueNums = Arrays.stre
Actual: sortedUniqueNums = [1, 1, 1, 1, 1] am (nums) .distinct () .sorted() .toArray();

Fix 3.

Fig. 2. Example of Fixing Semantic Errors in Target Java Program

are often vague and lack specific repair guidance, making it difficult for LLMs to resolve issues
effectively. For instance, in Figure 1, the Java program minimumArrayLength [45], translated from
Python, encounters a compilation error: no suitable method found for min(List<int[]>).
The error message fails to explain why the method call is invalid or how to fix it, providing limited
hints for the LLMs to generate correct patches. To enhance the ability of LLMs to correct syntax
errors, it is helpful to convert compiler error messages into clearer, more specific fix suggestions. For
example, rephrasing the message to indicate that Collections.min() requires a List of objects
rather than primitives would better guide the LLM in resolving the issue.

Challenges in fixing semantic errors solely with whole program input and output.
UNITRANS relies on test inputs and outputs of the entire program to address semantic errors, but
this approach is often too complex for LLMs. Reasoning along full execution paths, especially with
multiple logical branches, exceeds the capabilities of LLMs, as noted in recent studies [10]. For
example, in Figure 2, the Java program minOperations [46] translated by UNITRANS from Python
misses a key deduplication operation in Line 3 of the source Python program. This omission causes
the Java program to return an incorrect output (0 instead of 4). Despite using test inputs and
outputs, UNITRANS fails to correct this subtle logic error due to program complexity. Improving
semantic error correction could involve decomposing the problem by localizing fine-grained error
locations (e.g., specific statements or blocks) and using relevant runtime values to fix them. For
instance, comparing variable runtime values between the Python and Java programs could pinpoint
the error to Line 3 in the Java program, providing more focused hints for LLMs to resolve the issue.

3 Approach

Figure 3 illustrates the workflow of TRANSAGENT, which is a multi-agent system consisting of
four different LLM-based agents collaborating with each other, including Initial Code Translator,
Syntax Error Fixer, Code Aligner, and Semantic Error Fixer.

e Initial Code Translator leverages test cases to enhance LLMs in translating the source program
into an initial version of the target program.

e Syntax Error Fixer aims at iteratively addressing the syntax errors in the target program based
on compilation or interpreting error messages with the self-debugging capabilities of LLMs.

e Code Aligner first divides the source program into blocks based on the control flow, and then
leverages LLM to map each block of the source program to that of the target program. The
mapping aims at facilitating a fine-grained comparison of runtime behaviors (e.g., runtime value
of specific variables) between the source program and the target program in the following
Semantic Error Fixer Component. Different from previous code mapping strategies [64] which
purely rely on LLMs to perform statement-level alignment, Code Aligner is novel in incorporating
the synergy of both program analysis and LLMs at the block level.
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Fig. 3. Workflow of TRANSAGENT

e Semantic Error Fixer first localizes the suspicious block in the target program, which exhibits
different runtime behaviors from its aligned block in the source program; and then it leverages
LLMs to specifically fix the error block with the observed runtime difference. Semantic Error
Fixer is novel in fixing the semantic errors during code translation in such a fine-grained way.

In particular, whenever the target program passes all the generated tests, the workflow terminates,
and the target program is returned as the final target program; otherwise, the workflow proceeds
to fix the syntax or semantic errors of the target program.

3.1 Initial Code Translator

Following the previous code translation work UNITRANS [78], Initial Code Translator mainly
includes two parts, i.e., test generation and direct code translation. Test Generation. As revealed
by UNITRANS [78], including test inputs and outputs in the prompt can boost LLM-based code
translation. Specifically, we first leverage LLMs to generate test inputs for the given source program
with the prompt “Please generate five inputs for the given source program”; and the outputs of
executing the source program with the generated inputs would be regarded as the test outputs.
Direct Code Translation. We leverage LLMs to directly generate the target program (i.e., the initial
target program) for the given source program with the generated test inputs and outputs.

3.2 Syntax Error Fixer

Syntax Error Fixer iteratively leverages LLM to fix the syntax errors in the target program through
three steps, i.e., (i) syntax validation, (ii) fixing strategy planning, and (iii) syntax patch generation.
Syntax validation invokes external tools (e.g., compilers for Java/C++ or an interpreter for Python)
to check the syntactic correctness of the target program. If no syntax errors are found, the target
program proceeds to the next agents; otherwise, the process moves to fixing strategy planning,
where error message is collected and converted into specific fix suggestions. As shown in Figure 1,
the fixing suggestion is generated by the LLM based on the collected error message. The underlying
inspiration is that planning can enhance the effectiveness of LLM-based agents [51]. Based on the
suggestion, syntax patch generation prompts LLMs to create patches to fix the errors.

Fixing workflow. The patched target program would further go to syntax validation of the
next iteration. The iterative process terminates when (i) there are no syntax errors or (ii) the same
syntax errors (via String comparison) occur at the same buggy location as the previous iteration (to
prevent an infinite loop). Otherwise, if there are syntax errors different from the previous iteration,
TRaNSAGENT continues the iterative fixing process.
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Python Code is as follows: BLOCKO
1. def minOrAfterOperations (nums:List[int], python
¥ def minOrAfterOperations( nums: List[int], k: int) ->

k:int) -> int: # BLOCKO
2o ans = mask = 0 # BLOCKL
e for b in range (max (nums) .
bit_length() - 1, -1, -1): # BLOCK2
mask |= 1 << b # BLOCK3
cnt = 0 # BLOCK3
and_res = -1 # BLOCK3
for x in nums: # BLOCK4
and_res &= X & mask # BLOCKS
if and res: # BLOCK6

int:

Corresponding Java Code:
Y java
public static int minOrAfterOperations (int[] nums, int

k) | E

BLOCK1:
> python
ans = mask = 0

© 0o U

Java Code is as follows:
1. public static int minOrAfterOperations (int[] nums,

Corresponding Java Code:
Tt java

int k) { int ans = 0, mask = 0;
2o int ans = 0, mask = 0; R LLM Output
3o for (int b = Integer.toString(Arrays.stream

public static int minOrAfterOperations (int[]

(nums) .max () .getAsInt()).length() - 1; b >= 0; --b) { nums, int k) { % )
%o maslz = 4 << 155 int ans = 0, mask = 0; // BLOCKL
5. da @nE = 0, enel mes = —ig for (int b = Integer.toString(Arrays.stream
6. for (int x : num;) { (nums) .max () étAsInt()).length() - 1; b >= 0;
--b) { // BLOCK2
7o and_res = x & mask; mask |= 1 << b; // BLOCK3
8. if (and res != 0) { int cnt = 0, and_res =

for (int x : nums) {
. . and res = X & mask;
Analyze the relationship between Python Code and Java Code, and then if (and res != 0) {

carefully map the Python BLOCK code (marked / BLOCK) to the Java Code. 5000
(2) (b)

Fig. 4. Prompts in Coder Aligner
3.3 Code Aligner

As shown by the motivating example in Section 2, directly fixing semantic errors with test inputs
and outputs can be challenging for LLMs. Mapping the semantically-equivalent code elements (i.e.,
statements or blocks) between the source program and the target program can help localize the
error code element, thus narrowing down the fixing space of semantic errors. Therefore, before
running Semantic Error Fixer, TRANSAGENT first includes the LLM-based agent (i.e., Code Aligner)
to map semantically-equivalent code elements between the source program and the target program.
The previous code mapping technique TRANSMAP [64] purely relies on LLMs to perform statement-
level mapping, however statement-level mapping can be too fine-grained to be practical, as it is
common for (i) one statement aligns (in the source program) with multiple statements (in the target
program) or (ii) the order of statements can be very different between the source program and
target program. As a result, LLMs exhibit limited mapping accuracy as revealed in the evaluation
of TRANSMAP [64]. Therefore, to address these limitations, Code Aligner proposes a block-level
mapping technique, which aligns code elements in a coarse-grained granularity (i.e., block-level)
with the synergy of both program analysis and LLMs. In particular, Code Aligner includes two steps,
i.e., (i) block extraction that divides the source program into blocks via control-flow analysis, and
(ii) block alignment that maps each block in the source program to the target program via LLMs.
For better illustration, we denote the source program as Ps and the target program as Pr.

Block Extraction. We first construct the control flow graph of the source program and then
divide the source program into blocks based on the control flow with the following division criteria.

o A continuous sequence of statements that have no jumps in or out of the middle of a block would
be regarded as a block. For example, in Figure 4.a, Line 4 - 6 is a block (i.e., marked as BLOCK3).

e Any control flow statement (i.e., the statement that can result in different execution paths, such
as while, for, try, or if) would be regarded as a block. For example, in Figure 4.a, Line 3 is a
block (i.e.,, BLOCK2) with a for statement; Line 9 is a block (i.e., BLOCK6) with an if statement.

In fact, the block here is similar to the concept of basic blocks [58] in the control flow graph.
However, the basic block is often on the granularity of a three-address instruction, which can be
too fine-grained for the code translation scenario. Therefore, we adjust the scope of the basic block
in this work based on the two criteria above. We alternatively refer to the blocks in the source
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Algorithm 1: Error Block Localization Algorithm

t
Input: Ps =< Bsy, Bsy, ...Bsn >, Pr =< Br1,Bra, ..Brn >, Vs = {V,F},

V= {V;* 1T = {t1. ta. et} fomaps fid
Output: Error block in target program B,
1 fortx inT do
2 1« 0;

while I < len(V;*) do

3
4 Vs VoK [1]; Vi Vik[1];

5 Bsi — fia(Vs); Brj < fia(Vr);

6 if V7 == NULL then

. | return fynap (Bsi) ;

8 if BT]' ifmap(BSi) then

9 if Br; is a control flow statement then
10 ‘ return B-rj :

1 else

12 L return frqp (Bs;) ;

13 else

14 if Equal(Vs, Vr) then

15 ‘ continue;

16 else

17 L return BTj ;

18 L l—1+1;

program as source blocks and those in the target program as target blocks. After extraction, the
source program is divided into a sequence of numbered blocks, i.e., Ps =< Bgy, By, ...Bs, > where
Bg; denotes the source block in the source program (as shown in Figure 4.a).

Block Alignment. After dividing the source program into blocks, Code Aligner further leverages
LLMs to map each block to the target program. As shown in Figure 4.a, LLMs are prompted to
map the numbered source blocks to the corresponding target block; the top part of Figure 4.b
shows the mapping outputs generated by LLMs, which are further post-processed into a structured
representation (as shown in the bottom part of Figure 4.b). After the block alignment, the target
program is then divided into target blocks, i.e., Pr =< Bry, Brg, ...Brn, >, with mapping function

fmap(Bsi) = Brj.

3.4 Semantic Error Fixer

Based on the block-level mapping between source and target program, TRANSAGENT then performs
a fine-grained fixing process by (i) first localizing the error target blocks by comparing the dynamic
behaviors of each mapped pair of source blocks and target blocks (i.e., Error Block Localization)
and (ii) then specifically fixing the error target block with relevant error information (i.e., Semantic
Patch Generation). Unlike previous LLM-based code translation works [49, 78] that directly leverage
LLMs to fix semantic errors without pinpointing the suspicious location, Semantic Error Fixer can
(i) not only narrow down the fixing space by pinpointing the error target block (ii) but also provide
detailed error information about the runtime values within the block rather than only providing
the test inputs/outputs of the entire program. We then explain each step in detail.

3.4.1 Error Block Localization. For error block localization, TRANSAGENT first collects the runtime
values of blocks in both source and target programs (i.e., Runtime value collection) and then detects
the target block with different values from its mapped source block (i.e., Runtime value comparison).

Runtime value collection. TRANSAGENT first collects the runtime values of all the variables
within each block for both source and target programs. In particular, TRANSAGENT first instruments
both source and target programs by adding logging statements at the entry or exit of each block
(more details are in Section 4.5); then TRANSAGENT executes the instrumented source and target
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program with each test input and collects the runtime values of all the variables within each block
for both source and target programs. Specifically, the execution trace of the instrumented source
program Pg with test case t; can be denoted as a list VS[" =< Vst’f , Vst’zc sy Vstf >, where Vst;‘ contains
the runtime values within the [ execution instance of the source block Sg;, i.e., Sg; = fl—d(VSt;‘ s
and the function f; returns the block of the execution block instance. Additionally, the runtime
values of source program Ps with the entire test suite T can be denoted as Vg = {Vstk }. Similarly,
the runtime values of target program Pr with the entire test suite T can be denoted as V1 = {VTtk I
where V¥ =< V5, V2E L VE, >

Runtime value comparison. As illustrated in Algorithm 1, TRANSAGENT then localizes the
error target block by comparing the collected values of each pair of mapped blocks. The algorithm
iterates the comparison over each test case t; (Line 1). In particular, along the execution trace of
the target program (Line 3), the algorithm compares each block execution instance iteratively. First,
when the runtime values of the current target block do not exist (i.e., indicating there is some
runtime error when the target program executes the block), the algorithm returns the target block
that is mapped with the current source block as the error block (Line 6 - 7). Second, if the current
source block and the current target block are not mapped (Line 8), which indicates there is some
mismatching introduced into the control flow, the algorithm returns the control flow statement as
the error block. Third, if the current source block and the current target block are mapped and their
runtime values are equal (Line 14), which indicates these two blocks are semantically equivalent,
the algorithm proceeds to the next iteration; otherwise, the current target block is returned as the
error block when the runtime values are not equal between the mapped pair of the source block
and the target block.

3.4.2 Semantic Patch Generation. After identifying the specific error block within the target
program, TRANSAGENT leverages LLMs to generate patches for the error target block. In particular,
we include both the vanilla fixing strategy and the value-aware fixing strategy as follows.

e Vanilla fixing strategy prompts LLMs to fix the error target block based on static information
(i.e., the code of the error target block and its mapped source block);

o Value-aware fixing strategy prompts LLMs to fix the error target block by further providing the
collected runtime values of the error target block and its mapped source block.

These two fixing strategies are complementary, as existing LLMs exhibit imperfect capabilities
of reasoning the runtime behaviors of program [10]. As a result, runtime values can sometimes
be helpful for LLMs to understand bug causes, especially for the cases with extreme values like
data overflow (which are the cases value-aware fixing strategies can be helpful for); but sometimes
runtime values can be too obscure and overwhelming to negatively limit LLMs in understanding
bugs (which are the cases vanilla fixing strategies can be helpful for). Our ablation study results in
Section 5.2 further confirm the complementarity between these two fixing strategies.

For example, Figure 5.a and Figure 5.b show the prompts used in the vanilla and value-aware
fixing strategies, respectively. For both cases, the error block identified in the previous localization
step is the code segment between the markers “~1-” and “~2-". In particular, we adopt a cloze-style
fixing prompt by querying LLMs to directly re-generate the correct code (i.e., “Fill in the Correct
Code Here”), which is commonly used in LLM-based program repair[68, 71, 73, 82]; in addition,
both fixing strategies follow Chain-of-Thought reasoning prompts with two steps, which have
been shown to be effective in previous research [66, 67, 79].

Example illustration. Figure 5.a illustrates the vanilla fixing strategy, which prompts LLMs
to generate the correct code for the error target block based on the mapped source block and
surrounding contexts. Figure 5.b illustrates the value-aware fixing strategy. After being translated
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Source Python Code is as follows:
def minOrAfterOperations( nums: List[int], k: int) -> int:

Source Python Code is as follows:

spend = 0
ans = mask = 0
# - 1------ ARSI R
for b in range (max(nums).bit_length() - 1, -1, -1): spend += max (composition j * mid - stock j, 0) *
# - 2----m- = —
mask = 1 << b P // Patch code generated by LLM

if and_res: ...

el + long spend = 0;

and_res = -1 Translated Java Code is as follows: O » )

v m Original buggy line removed
and_res &= x & mask int spend = 0; / i E B

Translated Java Code is as follows: // R PR R .
public static int minOrAfterOperations(intl1 nums. int k) { [Fill in the Correct Cods Here] i !
., int ani = 0, mask = 0; // Original buggy line removed Y7/ R— P \//th code gw;mted by LLM
. [Fill in the Correct Code Here] Given the Input at ‘~1—; ;aig.e;:x zcon(ésgféion )
____________ S {'mid": 100000000, ‘cost': [7, 8], 'stock': [5, 6], i i) * mid -
mask |= 1 << b; h() - 1; & 1, % 0, 'composition': [[1, 21, [3, 41} Ziﬁc‘;’;iﬁj‘f’ o)mid
int cnt = 0; // Patch code generated by LLM Actual Output at *--2-- in the Java code: -
int and res = -1; + for (int b = {'cost" [7, 8], 'stock': [5, 6], 'mid": 100000000, . ’
for (int x : nums) { Integer.toBinaryString ( 4': 1, 0, 'composition': [[1, 2], [3, 4]], 'spend': -1994967379}
ERELZe8 © & 0 mesky Arrays.stream(nums) .max () . But Expected Output:
AZ (emel zos 0= Q) getAsInt()).length() - 1; {'cost_j": 8, 'stock_j" 6, 'mid": 100000000, 'composition_j': 2, 'spend': 2299999917}
b >= 0; b--) {
Please follow the two steps below to correct the Java Code and make it equivalent to the Please follow the two steps below to fix the Java Code and make it equivalent to the
Python Code! Python Code!
Step 1: Generate descriptive comments for the Python Code. Step 1: Check for the issues in the Java code based on the Actual Output at position "--2--".
Step 2: Based on the Fill in the Correct Code between *--1--" and "--2-- in Java Code. | | Step 2: Fix the Java code and make it equi to the Python Code.
(a).Vanilla Fixing Strategy Prompt (b).Value-aware Fixing Strategy Prompt

Fig. 5. Prompts in Semantic Patch Generation

from Python to Java, the target program encounters a data overflow issue where the spend variable
exceeds the range for its type. The expected output is “2,299,999,917” within the mapped source
block, but the actual output within the target block is “-1,994,967,379” due to the data overflow.
By including such extreme runtime values in the prompt, the value-aware fixing strategy can
remind LLMs of the potential type errors leading to such extreme runtime values. As a result, the
value-aware fixing strategy can fix the error target block by re-declaring spend as the Long type.

Fixing workflow. During the semantic patch generation, TRANSAGENT iteratively applies both
fixing strategies. In each iteration, each generated patch would be executed to validate whether the
error block of the new target program exhibits no difference in the runtime values compared to
the source program. If the runtime value difference of the current error block has been eliminated,
TRANSAGENT proceeds to fix the next error block (if has any); otherwise, the fixing process
terminates by concluding as a failed attempt.

4 Experimental Setting

We evaluate TRANSAGENT by answering the following research questions:

e RQ1 (Overall Effectiveness): How does TRANSAGENT compare to state-of-the-art transpilers?
¢ RQ2 (Ablation Evaluation): How does each agent in TRANSAGENT boost code translation?

¢ RQ3 (Repair Accuracy): How accurate is TRANSAGENT in repairing errors?
o RQ4 (Generalization): How does TRANSAGENT perform with different backbone LLMs?

4.1 Benchmark

Limitations of Existing Benchmarks. Al-

though there are many existing code translation Table 1. Line Distribution and Average Line Coverage

benchmarks [2, 34, 55, 56, 74], they have the Line Python (%) Java (%) C++ (%)
following limitations. First, all existing bench-  Distribution | Pct. | Cov. | Pct. [ Cov. | Pct. | Cov.
marks suffer from potential data leakage issues, [0,5) 11.0 | 1000 | 27 | 100.0 | 3.2 | 100.0
as their translation tasks are constructed from [5,10) 24.6 | 100.0 | 13.1 | 100.0 | 13.6 | 100.0
public programming competitions by the train- [1015) | 355 | 98.2 | 249 | 990 |31.2 | 99.9
ing data timestamp of the most recent LLMs (1520) | 16.2 | 968 | 267 | 97.6 | 20.8 | 100.0
[20,60) 12.7 | 952 | 32.6 | 98.6 | 31.2 | 99.0

(e.g., the most widely-used evaluation dataset
TransCoder-ST [55] is created in 2020). Second,
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some benchmarks involve the translation between only two languages [3, 11, 43, 47], such as the
Java-C# benchmark CodeTrans [43] or the Java-Python benchmark AVATAR [3], which limits the
generalization of evaluation. Third, some benchmarks (e.g., CodeNet [50]) suffer from quality issues,
and half of its tasks are manually identified as incorrect code by experts [84], thus can harm the
soundness of the evaluation.

New Benchmark Construction. To mitigate the aforementioned limitations, particularly the
critical issue of data leakage, we establish a novel benchmark for code translation. Our selection
of programming languages for this benchmark focuses on Java, Python, and C++. This choice
is primarily driven by their long-standing and consistent presence among the top three most
popular languages according to the TIOBE index [62]. Furthermore, this aligns with the prevailing
focus of prior research in code translation [3, 34, 55, 74, 78], which predominantly concentrates on
translation among these three languages. Specifically, from the programming competition websites
(e.g., LeetCode [35] and GeeksforGeeks [18]), we collect the solutions of programming tasks for
these three programming languages, which are released after August 2023. As the solutions in these
websites typically come with only two or three test cases, which can be insufficient for guaranteeing
the semantic correctness of code [38], we further leverage gpt-40-mini [20] to generate 10 additional
test cases per solution, to ensure the sufficiency of tests for each translation task. We execute the
collected code solutions with test cases and discard the tasks whose solutions exhibit inconsistent
behaviors between different languages. Lastly, two authors of this work further manually check
each translation task to ensure the benchmark quality.

Benchmark Statistics. In this way, we obtain 210 pairs of Python-Java translation tasks, 200
pairs of Python-C++ translation tasks, and 204 pairs of Java-C++ translation tasks. Table 1 presents
the line distribution of our benchmark and its corresponding average line coverage. Furthermore,
the overall average line coverage of each program with test cases achieves 98.4% for Python, 98.7%
for Java, and 98.4% for C++, indicating the test sufficiency for each translation task.

4.2 Baselines

Code Translation Baselines. We include the following state-of-the-art LLM-based and learning-
based transpilers as baselines.

o UNITRANS [78] is the latest LLM-based code translator, which iteratively fixes translated
programs with LLMs. It is notable that another LLM-based technique proposed by Pan et
al. [49] also shares a similar fixing approach as UNITRANS, thus we do not include it as a
separate baseline.

e TraNsCODER [55] is a representative learning-based code translation technique, which has
been evaluated by almost all the previous code translation research [2, 34, 56, 60, 74, 78].

Program Repair Baseline. To evaluate the error repair performance of TRANSAGENT, we
compare it with AGENTLESs [70], a widely evaluated LLM-based program repair approach [41, 51,
76]. We exclude AUTOCODEROVER [83], another commonly evaluated LLM-based method, in our
comparison because its coarse-grained, function-level repair strategy is incompatible with our
evaluation setting. Furthermore, to assess the impact of code mapping on repair effectiveness, we
construct a variant named TRANSAGENTr) based on TRANSMAP. In this variant, only the Code
Aligner component of TRANSAGENT is replaced with the mapping strategy from TRANSMaP, while
all other components remain unchanged.
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4.3 Studied Models

In RQ4, we evaluate TRANSAGENT with several open-source LLMs to study its generalization. In
particular, we focus on models with fewer than 10 billion parameters and whose training data
cutoff predates our benchmark, to avoid data leakage.

o Deepseek-Coder-6.7b-instruct [14] with 6.7 billion parameters, initialized from deepseek-Coder-
6.7b-base and fine-tuned on 2 billion tokens of instruction data with a knowledge cutoff of
February 2023.

o Llama-3-8B-Instruct [42] with 8 billion parameters, which is an instruction-tuned model from
the Llama-3 family, optimized for dialogue usage with a knowledge cutoff of March 2023.

e ChatGLM2-6b [9] with 6 billion parameters, which is the second version of ChatGLM-6B [8]
released in June 2023 and fine-tuned for general-purpose tasks.

Additionally, we also include Deepseek-Coder-33b-instruct (33B parameters) in our experiments
to evaluate the generalization of TRANSAGENT on larger LLMs.

4.4 Evaluation Metrics

Code Translation Metrics. Following previous work [2, 55, 56], we use the following metrics to
evaluate the effectiveness of code translation techniques.

o Computational Accuracy (CA) [55], the most important metric in code translation, which measures
translation accuracy based on functional correctness. CA assesses whether the target program
passes all test cases, i.e., whether the target and source programs produce the same outputs with
the same test inputs.

o CodeBLEU [53], a metric for the similarity between target and source program.

4.5 Implementation

Baseline Implementation. For UNITRANS [78], we obtain its implementation from its replication
package and make the following adjustments for comparison with TRANSAGENT. First, we replace
the backbone LLM in UNITRANS with the same LLM used in TRANSAGENT. Second, we modify its
fixing phase by splitting it into a syntax error fixer and a semantic error fixer, so as to compare
with relevant components of TRANSAGENT. Furthermore, we align its iteration strategy (i.e., only
iterating within a fixed threshold of iterations) into the same dynamic strategy as TRANSAGENT,
for fair comparison. For TRANSCODER [55] implementation, we directly replicate it with the released
implementation with its optimal model weights. We fix the beam_size parameter at 10 and select
the first output to re-evaluate it on our benchmark. For TRANSAGENTTy, we replace the Code
Aligner component with the TRANsMaP-related implementation. For AGENTLESS, we directly use
the publicly released implementation.

TrRANSAGENT Implementation. For each agent in TRANSAGENT, (i) Initial Code Translator
adopts the same setting as UNITRANS; (ii) Syntax Error Fixer adopts javac for Java, GCC for C++,
and the Python interpreter for Python, for syntax validation; (iii) Code Aligner adopts Joern [30], a
static code analysis tool to generate control flow graphs, which supports multiple languages; (iv) in
Semantic Error Fixer, for Error Block Localization, we insert log statements at either the entry or
exit points of each block to capture the runtime values of all variables within the block. If the code
block contains a return statement, a log statement is inserted at the entry to capture the return
value; otherwise, it is located at the exit. For Runtime Value Comparison, we convert the recorded
variable values into “JSON” format for standardized comparison. Data types such as “List,” “Array,’
and “Deque” are mapped to “JSON” arrays, and “int,” “float,” and other numeric types are converted
to “JSON” numbers. Such a conversion helps standardize comparison across different programming
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Table 2. Translation Effectiveness of Different Transpilers

Java to Python | Javato C++ C++toJava | C++ to Python | Python to C++ | Python to Java

Transpil
TANSPLers  mEA@) | CB | CA(%) | CB | CA(%) | CB | CA(%) | CB | CA(%) | CB | CA(%)| CB
TRANSCODER 12.1 29.3 13.4 433 41.5 47.0 24.5 31.1 10.5 36.0 2.4 40.1
UNITRANS 85.0 45.3 93.0 69.1 65.5 77.3 86.0 46.5 81.8 59.7 56.2 65.8
TRANSAGENT 93.2 46.0 94.0 69.2 91.0 80.5 94.5 47.1 87.4 59.9 89.5 69.8

languages, which might have varying data types and structures. In addition, we also include a
one-shot example in all prompts to guide LLMs in generating the required output format.

LLM Settings. For each studied open-source LLM, we use their released model and weights
from HuggingFace [26]. To control randomness in our experiments, we set the parameters to
“temperature=0” and “do_sample=False”.

4.6 Experimental Procedure

In this section, we introduce the corresponding evaluation methodology for each research question.

RQ1 (Overall Effectiveness). RQ1 compares the overall code translation effectiveness of
TRANSAGENT with two baselines (i.e., UNITRANS [78] and TRANSCODER [55]) in terms of CA and
CodeBLEU metrics.

RQ2 (Ablation Evaluation). RQ2 evaluates the contribution of each agent in TRANSAGENT
(except Initial Code Translator as it is a basic component widely used in previous code translation
work [78] but not the contribution of our approach). For better illustration, we adopt the following
abbreviations: ICT for Initial Code Translator, SynEF for Syntax Error Fixer, and SemEF for Semantic
Error Fixer. In particular, we investigate the following variants of TRANSAGENT for an ablation
study. (i) ICT: including only Initial Code Translator for code translation; (ii) ICT + SynEF: including
both ICT and SynEF agents; (iii) ICT + SynEF + SemEF: including ICT, SynEF, and SemEF agents.
Additionally, we further evaluate the complementarity between two fixing strategies for semantic
errors (ie., vanilla and value-aware fixing strategies) with the following variants: (iv) ICT + SynEF +
Val, which applies the value-aware fixing strategy to the ICT + SynEF variant, and (v) ICT + SynEF
+ Val + Van, which further applies the vanilla fixing strategy to the ICT + SynEF + Val variant.

ROQ3 (Repair Accuracy). RQ3 assesses the program repair performance of TRANSAGENT in
comparison with AGENTLEsS and TRANSAGENTTy. Given an initial target program containing
translation errors, generated by the Initial Code Translator, we apply each approach to repair it. A
repair succeeds if the resulting target program passes all test cases; otherwise, it fails. We use CA
as the evaluation metric.

RQ4 (Generalization Evaluation). RQ4 replaces the default backbone LLM (i.e., Deepseek-
Coder-6.7b-instruct) in TRANSAGENT with three different LLMs (i.e., Llama-3-8B-Instruct, ChatGLM2-
6b and Deepseek-Coder-33b-instruct) to evaluate the generalization of TRANSAGENT.

5 EXPERIMENTAL RESULTS
5.1 RQ1: Overall Effectiveness

Table 2 shows the translation performance of TRANSAGENT and baselines. Overall, TRANSAGENT
achieves the best performance across all six translation scenarios, particularly for translations
between dynamic and statically typed languages. For example, in the Python-to-Java translation
task, TRANSAGENT outperforms TRANSCODER in CA by 87.1% (= 89.5% - 2.4%) and UNITRANS by
33.3% (= 89.5% - 56.2%). In addition, we also conduct the Wilcoxon signed-rank test [54] to assess
the statistical significance of the performance differences. The results yield p < 0.001 against both
UnN1TRANS and TRANSCODER, indicating that TRANSAGENT significantly outperforms the baselines.
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Our manual analysis of the translation results of the TRANSAGENT and baselines (TRANSCODER
or UNITRANS) shows that there are no cases in which the baselines (TRANSCODER or UNITRANS)
succeed while TRANSAGENT fails. This result underscores the inherent limitations of learning-
based approaches (i.e., TransCoder), which rely on data-driven learning and are fundamentally
constrained by the quality and coverage of their training data. In contrast, LLM-based methods like
TrRANSAGENT and UNITRANS possess broader generalization capabilities. However, TRANSAGENT
and UN1TRrANS differ in their error correction strategies. TRANSAGENT adopts a two-step process,
first localizing faults and then performing targeted repairs, while UNITRANS attempts to fix errors
directly without explicit localization, relying solely on its end-to-end capabilities. This lack of
precise fault localization ultimately limits the overall translation performance of UNITRANS.

To better understand the underlying causes of these differences, we conduct a qualitative analysis
of cases where the baselines fail while TRANSAGENT succeeds. For TRANSCODER, frequent failures
arise from either duplicating source language syntax in the target language or mismatching APIs,
two bug categories summarized by [49] that are not observed in TRANSAGENT. For UNITRANS, the
failed translations exhibit two patterns, including modifying code lines unrelated to the root cause
of the error and returning the same program as the buggy translated program [78]. One potential
reason is that, without fine-grained fault localization, UNITRANS faces challenges in accurately
modifying the buggy program based solely on test inputs and outputs. For example, as shown in
Figure 2, UNITRANS fails to resolve the error because it fails to identify that the fault originates from
the third line of the program. In contrast, TRANSAGENT accurately detects the fault by analyzing
runtime execution to pinpoint the exact error location, and then leveraging an LLM to perform a
precise repair.

Cost Evaluation. We collect the num-
ber of iterations and average time costs for
TRANSAGENT. Table 3 presents the distribu- #lteration | 0 | 1 | 2 |[34]
tion of iteration counts across different transla-
tion tasks. In over 92% of cases, TRANSAGENT
completes repair in no more than two itera-
tions, indicating low iteration overhead. Addi-
tionally, a time consumption analysis shows
that TRANSAGENTtakes an average of 19 sec-
onds per example, while UNITRANS takes 24
seconds, highlighting the greater efficiency of TRANSAGENT.

Table 3. Iteration Proportions in TRANSAGENT

Java to Python | 89.5% | 7.5% | 1.5% | 1.5%
Java to C++ 93.3% | 1.6% | 0.5% | 4.7%
C++ to Java 89.0% | 4.2% | 1.6% | 5.2%

C++ to Python | 92.7% | 5.2% | 2.1% | 0.0%

Python to C++ | 88.5% | 5.7% | 2.1% | 3.7%

Python to Java | 80.9% | 6.9% | 4.4% | 7.8%

Translation Effectiveness Evaluation Summary: TRANSAGENT is an effective approach
for code translation tasks, consistently outperforming existing state-of-the-art transpilers.
Meanwhile, TRANSAGENT incurs relatively low iteration and time costs.

5.2 RQ2: Ablation Evaluation

Table 4 illustrates the contribution of each agent in UNITRANs and TRANSAGENT to the translation
performance. Overall, the Syntax Error Fixer and Semantic Error Fixer components in TRANSAGENT
positively contribute to translation performance. For example, TRANSAGENT achieves a 31.0%
improvement over the Initial Code Translator in the C++-to-Java task and a 40.0% improvement in
the Python-to-Java scenario.

Both the Syntax Error Fixer and the Semantic Error Fixer in TRANSAGENT vyield larger gains in
translation performance than their counterparts in UNITRANSs. For example, in the Python-to-Java
task, the Syntax Error Fixer in TRANSAGENT outperforms that in UNITRANS by 27.2% (=32.9%-5.7%),
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Table 4. Performance Comparison of UNITRANS (UT) and TRANSAGENT (TA) Agents

CA (%) Java to Python | Javato C++ | C++ to Java | C++ to Python | Python to C++ | Python to Java
UT | TA UT [ TA [UT| TA [UT | TA UT | TA UT [ TA
ICT 84.5 89.1 60.0 83.0 76.8 49.5
ICT+SynEF 85.0 85.0 91.0 | 91.0 | 64.8 | 87.9 | 86.0 87.5 79.0 81.3 55.2 82.4
ICT+SynEF+SemEF | 85.0 93.2 93.0 | 94.0 | 65.8 | 91.0 | 86.0 94.5 81.0 87.4 56.2 89.5
AICT+SynEF/Val% - 6.3 - 2.5 - 2.1 - 6.5 - 4.6 - 4.3
AICT+SynEF+Va1/Van% - 1.9 - 0.5 - 1.0 - 0.5 - 1.5 - 2.8

Table 5. Repair Performance Comparison of AGENTLESS, TRANSAGENTtp and TRANSAGENT

CA (%) ‘ Java to Python ‘ Java to C++ ‘ C++ to Java ‘ C++ to Python ‘ Python to C++ ‘ Python to Java
AGENTLESS 9.3 18.2 2.5 20.6 2.2 0.9
TRANSAGENT 37.5 31.8 77.2 55.9 40.9 63.2
TrRaNSAGENT 59.4 454 83.5 76.5 50.0 79.2

while the Semantic Error Fixer shows a 6.1% (=7.1%-1.0%) improvement. The substantial performance
gains of the Syntax Error Fixer in TRANSAGENT over UNITRANS stem from its planning strategy
for handling error messages, while the advantage of the Semantic Error Fixer lies in its fine-grained
fault localization prior to repair.

The Semantic Error Fixer in TRANSAGENT is more effective at repairing translation errors
between dynamic and static languages than between dynamic languages. For example, in the
Java-to-C++ scenario, the Semantic Error Fixer improves the performance of TRANSAGENT by
3.0%, whereas in the Python-to-Java scenario it delivers a 7.1% improvement. This difference
arises from the structural gaps between dynamic and static languages. Dynamic languages such as
Python often employ compact constructs, for example, “stnum = " join(sorted(str(num)))”, which
combine multiple operations (e.g., type conversion, string manipulation, sorting, and aggregation)
into a single line. When performing program translation, LLMs struggle to disentangle the densely
packed operations in such expressions, often resulting in semantic mismatches. In this case, the
sorted function in Python defaults to ascending order, but the ICT incorrectly translates it into
Arrays.sort(.., Collections.reverseOrder()), which produces descending order and breaks
semantic consistency. To address such errors, the Semantic Error Fixer compares runtime states
to identify inconsistencies. During repair, it then provides test cases (e.g., input num = 2134 with
expected output 1234) that reveal the correct behavior, enabling the LLM to generate accurate fixes.

Both Value-aware and Vanilla fixing strategies in Semantic Error Fixer can improve the overall
performance of TRANSAGENT in code translation. For instance, in the Java-to-Python translation
scenario, the Value-aware strategy increases CA by 6.3% over ICT + SynEF, while the Vanilla
strategy provides an additional 1.9% improvement. This shows that the two fixing strategies are
complementary, enhancing the ability of TRANSAGENT to correct errors and improve translation
performance.

Ablation Evaluation Summary: Both the Syntax Error Fixer and the Semantic Error Fixer
in TRANSAGENT contribute positively to improving the translation performance of LLMs.
Moreover, these components are more effective than their counterparts in UNITRANS.

5.3 RQ3: Repair Accuracy

Table 5 presents the program repair performance of TRANSAGENT and the baselines. The re-
sults show that TRANSAGENT consistently outperforms both AGENTLEss and TRANSAGENT ;.
Overall, TRANSAGENT achieves an average repair accuracy that is 56.7% higher than AGENTLESS
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1.int maximumSetSize (vector<int> &numsl,
vector<int> &nums2) {

2. unordered set<int> setl (numsl.begin(),
numsl.end());

unordered_set<int> set2 (nums2.begin(),
nums2.end()) ;

int common = 0;

for (int x: setl){ Source C++ Program
common += set2.count(x);} ....

.public static int maximumSetSize (int[]

numsl, int[] nums2) {

HashSet<Integer> setl =

HashSet<Integer> set2 =

for (int num : numsl) {
setl.add (num) ;}

for (int num : nums2) {
set2.add (num); }

int common = 0;

9. for (int x : setl) {

10. if (set2.contains(x)) {

11. common++;}} ....

TransMap: 1 >1; 2>2; 3>3; 4>4; 5>5; 6>6;... °
Code Aligner:  [11>[1]; [2,3,41>12,3,4,5,6,7,81;
[5]>1[9];[6]>[10,11]; .. Mapping Result

W

~loy ;o

new HashSet<>();
new HashSet<>();

SIS NE I NI OUN Y

Target Java Program

Fig. 6. Mapping Example: TRANSMaAP vs. Code Aligner

and 14.5% higher than TRANSAGENTy;, which employs the TRANSMAP mapping strategy. The
Wilcoxon Signed-Rank Test [54] yields p = 1.5 x 1078 versus AGENTLEss and p = 1.0 X 10™*
versus TRANSAGENTty, indicating that TRANSAGENT significantly outperforms the baselines in
error repair (p < 0.001). This advantage stems from two key innovations: a hybrid code mapping
strategy that integrates program analysis with LLMs for source-to-target alignment, and a fault
localization method that leverages intermediate runtime states to identify and fix errors.

For code mapping, the Code Aligner in TRANSAGENT employs a hybrid strategy that combines
CFG analysis with LLM-based alignment. It first decomposes the source program into semantically
coherent code blocks and then aligns them using the LLM, effectively handling complex scenarios
such as line shifts. For example, as shown in Figure 6, the Code Aligner groups C++ lines 2-4
as a logical block and accurately maps them to Java lines 2-8, demonstrating robustness to non-
sequential and interleaved mappings. In contrast, TRANsMAP in TRANSAGENTTy; relies solely on
sequential LLM-based alignment, which is prone to mapping errors in Figure 6, for instance, by
incorrectly aligning line 5 in the source with line 5 in the target, thereby reducing the effectiveness
of fault localization and repair.

For fault localization, TRANSAGENT analyzes the intermediate runtime states of both the source
and target programs, enabling it to precisely identify the root causes of errors rather than relying on
coarse-grained error signals. In contrast, AGENTLESS depends solely on end-to-end LLM reasoning
for both localization and repair. When only high-level error information is available, AGENTLESS
must infer the root cause directly, which is challenging for current LLMs and results in substantially
lower repair accuracy.

Repair Accuracy Evaluation Summary: TRANSAGENT achieves substantial program re-
pair performance by combining hybrid code mapping with runtime-guided fault localization,
effectively overcoming key limitations of existing LLM-based repair methods.

5.4 RQ4: Generalization Evaluation

Table 6 presents the translation performance of each component in TRANSAGENT across different
LLMs. The results indicate that TRANSAGENT generalizes effectively, consistently enhancing the
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Table 6. Generalization of TRANSAGENT in Llama-3-8B-Instruct (L3), ChatGLM2-6b (CG), and Deepseek-
Coder-33b-instruct (D33)

CA (%) ‘ Java to Python ‘ Java to C++ ‘ C++ to Java ‘ C++ to Python ‘ Python to C++ ‘ Python to Java

i [ 13 [CG[D33| L3 [CG[D33| L3 [CG [D33| L3 [ CG [D33| L3 | CG [ D33 | L3 [ CG | D33

ICT 729 | 184|932 | 751 | 7.5 | 89.3 | 535 | 6.0 | 78.0 | 79.5 | 16.5 | 94.0 | 66.5 | 4.5 | 89.0 | 29.7 | 54 | 72.2
ICT+SynEF 78.7 | 19.3 | 93.7 | 81.1 | 144 | 954 | 70.5 | 7.0 | 95.0 | 83.5 | 17.0 | 955 | 75.5 | 6.0 | 92.0 | 55.0 | 7.2 | 86.1
ICT+SynEF+SemEF | 87.9 | 48.8 | 96.6 | 86.6 | 20.4 | 959 | 77.0 | 11.5 | 96.0 | 90.5 | 55.0 | 98.5 | 78.5 | 13.5 | 93.5 | 61.2 | 14.9 | 91.9

code translation performance of all LLMs. Even for the large-scale Deepseek-Coder-33b-instruct,
TRANSAGENT provides substantial gains. For example, in the Python-to-Java task, TRANSAGENT
improves performance by 31.5% (=61.2%-29.7%) with Llama-3-8B-Instruct, by 9.5% (=14.9%-5.4%)
with ChatGLM2-6b, and by 19.7% (=91.9%-72.2%) with Deepseek-Coder-33b-instruct.

Both the Syntax Error Fixer and the Semantic Error Fixer demonstrate strong adaptability across
different LLMs, contributing to consistent improvements in translation performance. The Syntax
Error Fixer achieves gains of 25.3% with Llama-3-8B-Instruct in Python-to-Java and 6.9% with
ChatGLM2-6b in Java-to-C++. Similarly, the Semantic Error Fixer yields improvements of 9.2% with
Llama-3-8B-Instruct in Java-to-Python and 38.0% with ChatGLM2-6b in C++-to-Python. These
results indicate that each component of TRANSAGENT generalizes effectively across models, thereby
enhancing overall translation performance.

Generalization Evaluation Summary: TRANSAGENT can be applied to different LLMs to
enhance their performance in code translation tasks.

6 Discussion
6.1 Translation Performance Impact Analysis

Code Complexity Impact. We analyze how source code complexity, measured by lines of code
(LOC) and cyclomatic complexity (CC), affects the translation performance of TRANSAGENT and
baselines, as shown in Table 7. First, the translation performance of TRANSAGENT remains stable as
LOC or CC increases. For instance, in the LOC group from [31, 45] to [46, 60], TRANSAGENT’s CA
increases from 84.6% to 100.0%, and in the CC group from [11, 15] to [16, 20], CA increases from
89.5% to 100.0%. Second, for the same ranges of LOC or CC, TRANSAGENT consistently outperforms the
baseline. For example, in the LOC range [31, 45], TRANSAGENT achieves a CA that is 78.4% higher
than TRANSCODER and 7.7% higher than UNITRANS. This performance advantage primarily results
from TRANSAGENT performing fine-grained fault localization by comparing intermediate runtime
states between the source and target programs, which enables precise correction of translation
errors. In contrast, UNITRANs and TRANSCODER rely solely on end-to-end semantic reasoning and
cannot exploit the intermediate states of the target program. Consequently, they fail to address
subtle discrepancies that emerge only at runtime, such as precision-related issues [78]. As illustrated
in Figure 5.a, the translated program incorrectly infers the type of the variable spend as int instead
of the expected long. Neither UNITRANS nor TRANSCODER can correct this error. In contrast, by
analyzing and comparing the intermediate states of the source and target programs, TRANSAGENT
detects the divergence in the runtime values of spend, pinpoints the faulty statement, and leverages
the mismatch between the observed and expected outputs to perform precise correction.
TrRANSAGENT demonstrates stable performance on complex function-level code and thus shows
promising potential for project-level extension. Existing project-level translation approaches gener-
ally adopt a decompositional paradigm, in which a project is first decomposed into smaller units
(typically functions) and then translated in a bottom-up order following the call graph [7, 21, 27]. Un-
der this paradigm, TRANSAGENT can be naturally integrated into project-level workflows by being
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Table 7. Translation Performance (CA%) of TRANSAGENT and Baselines across Line of Code (LOC) and
Cyclomatic Complexity (CC)

LOC Groups TRANSCODER UNITRANS TRANSAGENT ‘ CC Groups TRANSCODER UNITRANS TRANSAGENT

(1,15] 19.8 75.6 91.9 (1,5] 203 75.8 92.1
[16,30] 16.0 81.1 92.2 [6,10] 134 813 90.8
[31,45] 6.2 76.9 84.6 [11,15] 42 79.2 89.5
(46, 60) 0.0 84.6 100.0 (16, 20) 0.0 833 100.0

Table 8. Translation Performance on Existing Benchmark

CA(%) ‘ Java to Python ‘ Java to C++ ‘ C++ to Java ‘ C++ to Python ‘ Python to C++ ‘ Python to Java
TRANSCODER 51.0 85.5 71.2 46.0 63.6 37.8
SDA-TRANS 58.1 84.7 66.3 55.4 41.2 42.6
UNITRANS 92.5 65.8 94.0 92.3 59.0 89.8
TrANSAGENT 95.7 98.0 95.2 94.7 96.2 93.3

applied to individual functions during translation, thereby providing fine-grained runtime feedback
and repair at the unit level. By improving per-function correctness and stability, TRANSAGENT
enhances the overall reliability of project-level translation.

Cross-Language API Mapping Impact. TRANSAGENT performs cross-language core API
mapping by leveraging LLMs’ pre-trained knowledge of standard library APIs across different pro-
gramming languages. Since LLMs are pretrained on large-scale multilingual code and documentation
corpora, they exhibit strong capabilities in understanding common APIs [12, 65, 69] (e.g., Python’s
math and collections, Java’s java.io.* and java.lang. *, and C++’s <iostream> and <queue>)
within given code contexts. For instance, in our benchmark, TRANSAGENT successfully identifies
the count () function in the Python expression (nums.count(m)+1)//2 and correctly maps it to
Java’s java.util.Collections.frequency() as (Collections.frequency(nums,m)+1)/2. In
addition, during the error-fixing stage, TRANSAGENT guides LLMs to correct mistranslations
in API usage. For example, in the statement “stnum = ""join(sorted(str(num)))”, the densely
packed operations cause LLMs to incorrectly translate sorted function as Arrays.sort(..,
Collections.reverseOrder()). In the error-fixing stage, supplying num=2134 with the expected
output stnum=1234 guides LLMs to produce the correct translation, Arrays. sort(numChars).

Table 9. Comparison of Block Mapping Accuracy Between TRANSAGENT and TRANSMAP

Mapping Accuracy(%) | Java to Python ‘ Java to C++ ‘ C++ to Java ‘ C++ to Python ‘ Python to C++ ‘ Python to Java
TrANSMaP | 64.6 | 792 | 583 | 80.2 | 93.8 | 67.7
TrANSAGENT | 95.8 | 979 | 919 ] 99.0 | 100.0 | 96.9

Block Mapping Impact. Block-level mapping plays a critical role in improving translation
correctness by providing fine-grained structural alignment between source and target programs.
To assess the reliability of the mapping results, we compare TRANSAGENT with TRANSMAP via
manual inspection. In particular, we manually inspect 290 mapped source—target block pairs
(95% confidence level, 0.05 margin of error) and report the mapping accuracy in Table 9. Overall,
TRANSAGENT achieves 95.8%-100% mapping accuracy across all six language pairs, substantially
outperforming TRANSMAP (64.6%—-93.8%). This accuracy gap indicates that TRANSAGENT provides
more reliable alignment signals, which are crucial for guiding the subsequent error fixing. Moreover,
occasional mapping failures are unlikely to mislead the subsequent repair process. This is because
TRANSAGENT compares only the runtime values of variables with the same names within aligned
blocks, thereby naturally limiting the impact of imperfect alignments. For example, between
Python’s “a,b=0,1” and Java’s “a=0”, only the shared variable “a” is used for runtime comparison,
preventing unintended mismatches.
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In addition, we compare TRANSAGENT with BaTFix [52], which matches source and target
control-flow graphs via a MaxSAT-based formulation. Since BATF1x only supports Java-to-C++
and Python-to-C++, we conduct comparisons on these two language pairs. Overall, TRANSAGENT
achieves substantially higher mapping accuracy than BATFIX, reaching 97.0% vs. 73.0% on Java-to-
C++ and 98.0% vs. 32.0% on Python-to-C++.

6.2 Existing Benchmark Evaluation

In the experiments, we collect a new dataset to assess the translation performance of TRANSAGENT
and the baselines, mitigating potential data leakage issues. To further evaluate the generalization of
TrANSAGENT across different datasets, we use the benchmark released by Roziere et al.[55], which
is widely evaluated in prior work [2, 11, 32, 55, 56, 78]. Additionally, we include a new baseline,
SDA-TrANS [36], which is a learning-based method augmented with symbolic analysis. Table 8
presents the translation performance of TRANSCODER, SDA-TRANS (using the results reported in the
original paper, as the reproduction packages are unavailable [36]), UNITRANS, and TRANSAGENT
on this benchmark. As shown in the table, TRANSAGENT consistently outperforms all baselines on
this benchmark, highlighting its robustness and generalization ability. Furthermore, TRANSAGENT
achieves a CA of up to 98.0% on this dataset, translating nearly all programs correctly. This highlights
the necessity of constructing a new evaluation dataset to reliably assess translation performance.

7 Threats to Validity

We categorize threats to the effectiveness of this work into internal effectiveness and external
effectiveness. (i) One threat to validity is potential bugs in the code implementation of TRANSAGENT,
which could lead to translation failures. To mitigate this, we use instances of translation failures
to debug and improve the implementation. (ii) Another threat is potential data leakage due to
overlap between the evaluation dataset and the training data of LLMs. To address this, we manually
construct a new dataset from a time frame after the knowledge cutoff date of LLM, specifically after
August 2023. We also design comprehensive test cases and calculate line coverage to ensure the
equivalence of the constructed source and target code. (iii) Another threat to internal effectiveness
is that TRANSAGENT assumes the source program is executable, as it relies on runtime feedback
to perform block-level alignment and to validate repairs. If the source code is not runnable (e.g.,
missing dependencies, incomplete environments, or uncompilable projects), TRANSAGENT may
fail to obtain reliable execution signals and thus cannot proceed. This executability assumption is
also common in execution-guided translation/repair approaches [49, 59, 64, 78]. To mitigate this
threat in our evaluation, we only include instances whose source programs can be executed in
a controlled environment. Regarding test data, TRANSAGENT does not rely on pre-existing test
suites, as it can automatically generate additional tests when needed. (iv) Another threat involves
the reproduction of baseline and the calculation of metrics. To minimize these threats, we strictly
follow the reproduction documentation and use the source code provided for the baseline. All
baselines are evaluated consistently on our collected dataset, and we reuse the code provided in [2]
for implementing evaluation metrics like CodeBLEU.

8 Related Work

8.1 Code Translation

Early code translation research relied on program analysis techniques with manually formulated
rules, such as C2Rust [6] for translating C into Rust, and Sharpen [57] and JavaSharp [28] for
converting Java to C#. However, these methods are time-intensive and limit the accuracy and
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readability of the translated programs [55]. Learning-based approaches have since emerged [32, 48],
significantly improving over rule-based methods but still struggling with data scarcity and the
time-consuming training process [60, 78, 84].

LLMs have shown promise in software engineering tasks [37], such as code generation [25, 39, 77],
program repair [17, 22, 51, 72], and code summarization [4, 19]. Pan et al. [49] identify key syntactic
and semantic challenges in LLM-based code translation. Therefore, adopting the “translate-then-fix”
paradigm is an effective way to enhance LLM-based translation performance. UNITRANS [78], a state-
of-the-art method, adopts this paradigm to conduct code translation. However, the error-fixing stage
suffers from poor performance due to the lack of detailed runtime error information. TRANSMAP
improves the manual fixing process by aligning source and target code, but this alignment is purely
statement-level and solely relies on the LLM, without structural or semantic guidance [64]. As a
result, this mapping approach is fragile in complex mapping scenarios; for example, a single source
line may translate into multiple target lines, or lines may be shifted, ultimately compromising the
effectiveness of error repair. To address these issues, we propose TRANSAGENT. In the mapping
phase, TRANSAGENT employs CFG-based decomposition to partition the source program into
atomic blocks, each forming an independent structural unit. LLMs then map these blocks to the
target program. This hybrid approach improves mapping robustness and mitigates the limitations
of TRaANSMAP. In the fixing phase, TRANSAGENT compares the intermediate execution states of
the source and target programs to detect semantic discrepancies. This runtime-based localization
offers clearer repair cues, substantially improving error correction accuracy and overcoming the
limitations of UNITRANS.

8.2 Program Repair

Program repair involves fixing bugs in the code. Early methods relied on heuristic approaches [80],
constraint-based techniques [75], and pattern-based methods [33, 40]. However, these approaches,
which depend on manually designed templates, struggle with generalizing to diverse repair tasks.
Learning-based methods like CoCoNut [44] and Tare [85] improve performance by learning
bug-fixing patterns from large datasets [81]. Recent LLM-based methods such as RING [31], Au-
TOCODEROVER [83], and AGENTLESs [70] perform program repair using static information, such
as issue descriptions and code similarity. However, these approaches are primarily designed for
single-program scenarios within a single language, making them ill-suited for code translation
tasks that involve reasoning across both source and target programs in different languages. In
contrast, TRANSAGENT leverages dynamic information by analyzing the runtime behaviors of basic
blocks partitioned via control-flow analysis in both the source and target programs. This allows for
more precise fault localization and significantly improves repair performance. Our empirical results
further demonstrate that TRANSAGENT outperforms AGENTLESS in the context of code translation
error correction.

9 Conclusion

In this paper, we introduce TRANSAGENT, a novel multi-agent system to improve LLM-based
code translation with fine-grained execution alignment. The experimental results show that
TRANSAGENT outperforms the latest LLM-based code translation technique UNITRANS in both
translation effectiveness and efficiency; additionally, our ablation study demonstrates the contri-
bution of each agent, and the error repair evaluation shows that TRANSAGENT exhibits superior
error-repair capabilities compared with AGENTLESS; lastly, we further evaluate the generalization
of TRANSAGENT across different LLMs.

Proc. ACM Softw. Eng., Vol. 3, No. FSE, Article FSE071. Publication date: July 2026.



FSE071:20 Zhigiang Yuan, Weitong Chen, Hanlin Wang, Xin Peng, Zhenpeng Chen, and Yiling Lou

10 Data Availability

Our data and code are included in our replication package [63].
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