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Abstract. In this paper, we present an LLM-based code transla-
tion method and an associated tool called CoTran, that translates
whole-programs from one high-level programming language to an-
other. Existing LLM-based code translation methods lack training to
ensure that the translated code reliably compiles or bears substantial
functional equivalence to the input code. In our work, we fine-tune
an LLM using reinforcement learning, incorporating compiler feed-
back, and symbolic execution (symexec)-based testing feedback to
assess functional equivalence between the input and output programs.
The idea is to guide an LLM during fine-tuning, via compiler and
symexec-based testing feedback, by letting it know how far it is from
producing perfect translations. We conduct extensive experiments
comparing CoTran with 14 other code translation tools, including
human-written transpilers, LLM-based translation tools, and Chat-
GPT. Using a benchmark of over 57,000 code pairs in Java and
Python, we demonstrate that CoTran outperforms the other tools
on relevant metrics such as compilation accuracy (CompAcc) and
functional equivalence accuracy (FEqAcc). For example, in Python-
to-Java translation, CoTran achieves 48.68% FEqAcc and 76.98%
CompAcc, whereas the nearest competing tool (PLBART-base) gets
38.26% and 75.77% respectively. Additionally, CoTran, built on top
of CodeT35, improves FEqAcc by +14.89% and CompAcc by +8.14%
for Python-to-Java (resp., +12.94% and +4.30% for Java-to-Python).

1 Introduction

Automatic translation of code from one high-level language to another
is an important area of software engineering research with applica-
tions in code migration and cross-platform interoperability [14, 27].
Traditional code translation tools, often called transpilers rely on
human-written rules and, thus, can be quite expensive to develop.

To address this issue, many researchers [9, 25] have recently pro-
posed the use of Large Language Models (LLMs) [44] for code trans-
lation. The rise of LLMs is perhaps the most important development
in Al in recent years, and even more remarkably they are being used
successfully for many software engineering tasks such as code synthe-
sis [40] and code completion [46]. In this context, LLMs have been
used for translating a single function from a source (e.g., Java) to
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a target language (e.g., Python) [1, 25, 36]. Unfortunately, function-
to-function translation is not sufficient (refer Section 5.3: Finding
8) for whole-program translation tasks. Further, current LLM-based
methods lack a proactive approach to ensure that the translated code
reliably compiles or bears substantial functional equivalence to the
input code. This is a serious problem, hindering the wider adoption of
LLM-based code translation techniques.

We address this problem by modifying the fine-tuning mechanism
for code LLMs to incorporate feedback from compiler and symbolic
execution (symexec)-based testing. Our method retains the positive
aspect of LLM-based code translation, while improving its accuracy
dramatically. The core idea behind our method is to employ corrective
feedback loops [12, 18] between learning (the LLM) and reasoning
(compiler & symexec), for which we have a two-fold strategy. Firstly,
if the output code produced by the LLM does not compile, a compiler
feedback (CF) is computed. Secondly, if the output and input codes
are not equivalent (w.r.t. a symexec-generated test suite), a suitable
symexec feedback (SF) is computed. This feedback is then used
in a reinforcement learning (RL) framework to fine-tune the LLM.
Our results on Java-to-Python (J2P) and Python-to-Java (P2J)
translation indicate that these new feedback functions significantly
improve accuracy compared to previous methods. Another interesting
feature is that we use two back-to-back LLMs, one for source-to-
target (S — T) and another for target-to-source (1" — S), that are
fine-tuned together. This setup of complementary models simplifies
the automation of functional equivalence checking between the input
(of S - T model) and output (of T — S model), both in S.
Contributions.

e We describe a whole-program translation method (and tool Co-
Tran) based on interleaved training of LLMs through Supervised
Fine-Tuning (SFT)- and RL-based optimization, to incorporate CF
and SF into the fine-tuning process. Currently, CoTran is config-
ured to translate between Java and Python (J2P and P2J). It can
be effortlessly adapted for other language pairs (S, T') given: (i) a
dataset of equivalent code pairs in S and 7', (ii) compilers for both
languages and (iii) an automatic test-case generation tool for either
S or T' — all of which are readily available for popular languages.
A key insight is that LLMs trained for software engineering tasks
(e.g., code synthesis) can greatly benefit from feedback via com-
pilers, program analysis, and test generation tools. (Section 3.2)
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Figure 1: Fine-tuning LL.Ms with Compiler Feedback (CF) and Symbolic Execution Feedback (SF): (a) CoTran (baseline) is an LLM
fine-tuned without feedback loops. It is fine-tuned to optimize cross-entropy loss, employing the proposed keyword-based tokenizer (kw-Tok).
(b) CoTran + CF is an LLM fine-tuned using an RL-based PPOTrainer where the compiler provides feedback in the form of a reward. For P2J,
javac compiler is used. For J2P, we use the pylint [41] static code analyzer as Python is an interpreted language. (c) In CoTran + CF + SF,
we jointly fine-tune back-to-back (b2b) LLMs (the forward LLM for J2P and the backward LLM for P2J) using RL. Through solver-based
analysis of the input Java code, we generate a set of JUnit tests, which are then verified on the output Java code to compute SF. The reward for
each LLM is a combination of SF and the respective CF. (d) We begin with the forward (J2P) and backward (P2J) LLMs, fine-tuned by CoTran
(baseline) and with frozen parameters. We then continue by fine-tuning a parameter-efficient (PE) version of these LLMs by interleaving RL and
SFT, training only a few additional parameters through Low-Rank Adaptation (LoRA) [16] (refer Algorithm 1).

o Our fine-grained compiler feedback (CF) guides an LLM during
fine-tuning, helping it assess the proximity of generated transla-
tions to a perfectly compiling one. It is much more effective than a
Boolean yes/no feedback e.g., for P2J, CoTran achieves +11.57%
higher functional equivalence accuracy and +17.36% higher com-
pilation accuracy compared to PPOCoder [39]. (Section 3.1)

e Our symexec feedback (SF) is used to fine-tune S — T — S
back-to-back LLMs. We generate unit tests on the input code and
check them on the output translated code, to provide feedback on
their inequivalence. Our method is entirely agnostic to any specific
test-case generation tool. As far as we know, no existing methods
utilize symexec-based test generation for functional equivalence
checking and associated feedback function. (Section 3.1)

e We perform an extensive empirical evaluation and ablation study of
CoTran against 11 state-of-the-art LLM-based translation tools and
3 human-written transpilers. A range of metrics are assessed incl.,
functional equivalence' accuracy (FEqAcc), compilation accu-
racy (CompAcc), BLEU [31], CodeBLEU [35] and the proposed
average first error position (errPos;st). CoTran and its variants
outperform all other tools of similar size for both J2P and P2J.
Compared to the nearest competing tool on FEqAcc, CoTran gets
+9.62% (vs. PPOCoder [39]) in J2P and +10.42% (vs. PLBART-
base [1]) in P2J. CoTran even outperforms ChatGPT [29] (a much
larger model) on all the metrics in P2J and all but one metric (FE-

! Note that program equivalence is an undecidable problem in general, and
we make no claims about establishing program equivalence. By functional
equivalence of two codes, we mean something more limited, namely, that they
produce equivalent results w.r.t. a test suite.

gAcc) in J2P. Furthermore, our tool outperforms transpilers, e.g.,
for J2P, CoTran gets +53.43% in FEqAcc, +38.84% in CompAcc,
and +38.47% in errPos;st (vs. TSS CodeConv [43]). (Section 5)

e We introduce a specialized Keyword Tokenizer (kw-Tok) for code
translation, boosting FEqAcc by +3.57% for J2P and +6.62% for
P2J, and CompAcc by +3.28% and +4.79%, resp. (Section 3)

e We contribute a large, well-curated dataset AVATAR-TC (built on
top of AVATAR [2]) having 57,000+ Java-Python code pairs with
human-written test-cases (TCs). Compared to AVATAR, faulty
codes are manually fixed and TCs (by problem-setters) are col-
lected from coding platforms, enabling the calculation of translator
FEqAcc. Based on what we know, this is the first large-scale dataset
thoroughly testing code pairs with human-written TCs. (Section 4)

2 Related Work

Rule-based Transpilers. Rule-based handcrafted transpilers are usu-
ally built using traditional compiler techniques and concepts such as
parsing and abstract syntax trees. Examples of such transpilers include
java2python [28] and py2java [10]. TSS code converter [43]
is a commercial J2P transpiler. Overall, these transpilers vary by the
intricacies and difficulty level of constructs (e.g., lambda, anonymous
inner class). Many such tools state a disclaimer with limitations that
the translated codes should not be expected to compile and run readily.
Transformer and ML-based Code Translation Tools. The encoder-
decoder architecture of Transformers revolutionized Natural Lan-
guage (NL) translation, using contextualized representations of
words [44]. This led to the evolution of advanced language mod-
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els for code translation task, such as encoder-only CodeBERT [9]
and decoder-only CodeGPT [25]. CodeT5 [47] is an encoder-decoder
architecture that leverages code semantics from developer-assigned
identifiers. Another tool is PLBART [1] which is a unified trans-
former trained through denoising autoencoding and performs a range
of tasks among NL and Programming Language (PL). Conversely,
tree-to-tree [6] is an attention-based LSTM neural network.
LLM-based methods using compiler or unit testing. TransCoder-
ST [37] is an unsupervised code translation tool that uses self-training
and automated unit tests to verify source-target code equivalence.
However, it uses unit tests to create a synthetic dataset of equivalent
codes in two languages, instead of incorporating it for model improve-
ment during training. Recently, Boolean compiler feedback was used
to fine-tune LLM for code generation in an RL-based scheme [46].
PPOCoder [39] is an RL-based code translation framework that addi-
tionally uses CodeBLEU-inspired feedback in the LLM fine-tuning
process. While both the tools use the same Boolean compiler feedback
that is true if the generated code compiles and false otherwise, our
proposed compiler feedback function is fine-grained — it captures how
far the translation is from a perfectly compilable code. Back-to-back
(b2b) code translation although proposed earlier [36], is not leveraged
for symexec-based functional equivalence checking.

3 The CoTran Method

The Code Translation Learning Problem. Let S denote the source
language and 1" the target language. The code translation learning
problem is to learn a language translator fs7 : S — T, such that the
output of the translator is a T-program that is syntactically correct
(as per the grammar of 1T") and is functionally equivalent to the input
S-program (input-output equivalence w.r.t. a test suite).

Brief Overview of our Method. Please refer to Figure 1 for an
architectural overview of the CoTran tool. In order to learn the
language translator, we build off a sequence-to-sequence (seq2seq)
attention-based transformer model consisting of an encoder and de-
coder stack [44]. For the remainder of the paper, we use the term
Large Language Models (LLMs) to refer to such models. The pro-
posed fine-tuning pipeline consists of two steps. In the first step, we
separately perform supervised fine-tuning (SFT) on LLMy : S - T
and LLM,; : T' — S (the forward and backward models respectively)
to optimize cross-entropy loss. In the second step, we jointly fine-tune
these two models in a parameter-efficient way on the back-to-back
translation task i.e., S - 1" — S. For this process, use an RL+SFT
interleaved training loop that incorporates compiler- and symexec-
feedback. Figure 1 illustrates the feedback mechanisms.

Keyword Tokenizer (kw-Tok). The code Scoqe € S is first tokenized
based on the syntax (grammar) of the corresponding language. Next,
the code-specific tokens thus obtained, are converted to a sequence
of token-ids using a RoOBERTa tokenizer, which is modified for the
PL translation task. To avoid splitting the PL keywords into multiple
subtokens, we add all the keywords (e.g., volatile,transitive
in Java; elif, instanceof in Python) and operators (e.g., >=,
x+=) of S and T to the tokenizer vocabulary. These are collected
from the list of terminal symbols of these languages’ formal grammar.
Grammars-v4 [32] provides a collection of formal grammars for most
common languages in use. We also add special tokens to the vocabu-
lary e.g., NEW_LINE, INDENT, DEDENT for Python. We refer to this
modified RoBERTa tokenizer as Keyword Tokenizer (kw-Tok). This
modification ensures that kw-Tok generates a single token-id for all the
special tokens, keywords, and operators of languages S and 7. Thus,
given a training example (Scode, teode ) € dataset D, the tokenizer pre-

processes these to a sequence of token-ids viz., s = (s1,82,...,8n)
and t = (t1,t2,...,tm). The LLM (S — T) takes the source se-
quence s and generates a target sequence t = (1,%2,...,%,).

3.1 Definitions: CE Loss, CF, and SF

Refer to Figure 1 for a pictorial representation of cross-entropy (CE)
loss, compiler feedback (CF), and symexec feedback (SF). Let 6 and
0y be the trainable parameters for LLM and LLM,, respectively.
Cross-Entropy (CE) Loss. As is typical [47, 44] in translation tasks,
LLMs are fine-tuned to minimize the cross-entropy (CE) loss through
supervised learning. For the forward LLM that generates t given a
tokenized training instance (s, t), the CE loss is defined as:

Mr\

i . 1 V]
L, (6,) =7 Zln,-]- log P,/ )
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where, ¢ = max (|?| ) |t|) and V is the tokenizer vocabulary. 1;; is
1 iff the i token in reference translation t is the 5™ word of V and,
Pfjf is the probability that the ™ token in predicted translation t is

the j‘h word of V. The CE loss is, however, more suitable for machine
translation of NLs than PLs. For NLs, the grammar is lenient, and
an approximate translation is oftentimes good enough. But in PL
translation where the grammar is strict and functional equivalence
is paramount, the aim is to generate compilable codes in the target
language and, to make sure that t is functionally equivalent to s.
Compiler Feedback (CF). We use a compiler to assess the syntactic
correctness of an LLM-generated translation during fine-tuning and
in turn, provide feedback to the LLM. This guides the model in
determining how the translation fares relative to a perfectly compilable
code. For CF, the position of the first compilation error serves as a
key heuristic in evaluating syntactic correctness. If it appears near the
end of the code, it typically indicates fewer cascading errors and a
closer-to-perfect compilation. So, for the forward LLM that generates
T given a tokenized instance (s, t), we formulate the feedback as:

+2 ,if T compiles

Weompiler (?) = { f (compiler ) otherwise (2)
[E]+1 ’

where, the function f(-,-) applies the T-language compiler on t and
returns the token position (e [17 |f|]) of the first syntax error. So,
Weompiler 18 +2 for a perfect compilation and goes on decreasing from
+1 to 0 as the token position of the first syntax error is closer to the
beginning of the code. However, the LLM should not game the system
to generate t as a dummy code with no compilation error e.g., a Hello-
World program. To penalize such cases we posit that t should also be
close-by in length to t. Accordingly, CF is defined as the product of

Weompiter and the value of a (0, 1] Gaussian distribution at |t |, which
It]

7> as follows:

is centered at [t| and has a standard deviation of

- - ,;(M)z
wer (t’t) = Weompiler ( t) xe 2\ [tl/4 3)

Symbolic Execution Feedback (SF). We also introduce a symexec
feedback (SF) that lets the LLM during fine-tuning know the extent
to which the generated translation is (in)-equivalent > to the source-
language code. As it can be challenging to assess functional inequiv-
alence among two codes of different languages (s and t), we use
two back-to-back (b2b) LLMs: S — T and T' — S such that the

2 1t goes without saying that one cannot guarantee functional equivalence
between two programs with a purely testing approach. However, we can
establish inequivalence via a sufficient amount of testing.
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same test suite can be used for inequivalence testing. Given a tok-
enized training instance (s, t), the forward LLM (S — T') translates
s to an intermediate target-language sequence t, which the backward
LLM (T — S) translates back to §in an attempt to reconstruct s. To
compute SF, we use solver-based analysis by an industrial-strength
symexec tool called Symflower [49]. Through symexec, Symflower
generates essential unit tests even for functions involving complex
data types. It computes the necessary inputs and expected outputs to
cover all linearly independent control-flow paths within a function.
For J2P, S is Java and T is Python. We use Symflower to automati-
cally generate JUnit tests (Js) for each function in s € S. These unit
tests are checked on the corresponding function inS and both LLMs
get feedback on how many tests pass. Accordingly, SF is defined as:

€+ Z jlj(g)ESuccess
je€Js

€+ |Js|

where, € is a small positive value and 1 j(s)=success 1S 1 when the j‘h
JUnit test on s successfully passes on '8, else it is 0. Our interleaved
training loop (Section 3.2) incorporates CF on individual LLMs, in
addition to SF. So, a feedback on (s, §)-inequivalence with a feedback
on compilability of t and 8, correlates to (s, t )-inequivalence.

(C))

WSF (S,g) =

3.2 The CoTran Training Loop

Given a training instance (Scode, tcode ) € dataset D, kw-Tok converts
them into token-ids, s = (s1,82,...,8,) and t = (t1,%2,...,tm).
We outline a two-step process for fine-tuning the LLMs.

Supervised fine-tuning of translation models, LLM¢ and LLM},:
In the first phase, we separately perform SFT on LLM¢ and LLM,
to minimize the CE loss over the respective translation tasks. LLMf
translates s to a T-sequence t = (71,%z, . . .,%;). Through SFT, it is
optimized to minimize the CE loss betweent and t i.e., Lecf ()
as defined in Eqn. 1. Similarly, LLM, translates t to a .S-sequence
$=(%1,%%,...,5-) and is optimized to minimize Eg’E (s,9).
Jointly fine-tuning LLM and LLM,, using interleaved RL+SFT:
Next, we further fine-tune LLM ¢ and LLM,, but this time together
through back-to-back (b2b) translation in order to incorporate CF and
SF. Given a source-language code, a successful code translation calls
for generating a target-language code that compiles and is functionally
equivalent to the input code. Here, optimizing LLMs with CE is
not sufficient. So, we defined feedback mechanisms (CF and SF) to
inform an LLM during fine-tuning about its proximity to achieving
a perfect translation. However as CF and SF are non-differentiable
functions, they cannot be directly used as loss functions to fine-tune
an LLM. So, it is essential to construct an RL setting.

The scheme for jointly fine-tuning LLM; and LLM,, is given in
Algorithm 1. In short, we interleave RL-based fine-tuning by Proximal
Policy Optimization (PPO) [38] and SFT-based optimization of CE
loss by Adam optimizer. First, LLM (S — T') translates s to generate
an intermediate 7'-sequence t. With this as input, LLM,, (T" - S)
tries to reconstruct sequence s and generates a S-sequence . In RL-
based fine-tuning, the reward for LLM; and LLM,, is the sum of SF
computed among s and § and the respective CF among t, t and s, S. To
ensure that the LLMs being fine-tuned do not diverge much from the
reference LLMs we started with, a KL.-divergence [30] (dk.) term is
subtracted from the reward. This ensures that the PPO algorithm does
not over-optimize and is appropriately penalized when the trained
model starts to diverge too much from their references. Conversely,
for the SFT-based optimization, the forward and backward models are
fine-tuned by back-propagating the respective CE losses between the
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Algorithm 1: RL+SFT Interleaved Training for CoTran

:My (forward LLM); M,, (backward LLM); T'ok (kw-Tok);
tP (-) (trainable param); Dym, Dy, (training & validation data)
Output :Learned LLMs My (for S — T") and My, (for T — S)

Input

1 Function RL_Bx2Bxk (LLMj, LLM;“f . LLM;,, LLM/, PPOy, PPO, D)
2 | for epoch € [1, E] do

3 | |foreach (s,t) € D do

4 T <« LLM;(s); 8« LLMy ()

5 Tf < wcp(t,f) + WSE (S,g) - B . dKL(LLMf,LLM?f)

6 Th < WCF (S7§) + WsF (S,’S\) - 6 . dKL(LLMb,LLMrbef)

7

BackProp: LLM; < PPO; (LLMg, 7¢) ; // Bs: tP(LLM;)
¢
8 BackProp: LLMy, < PPOy, (LLMy, 1) ; // Op: tP (LLMp)
)
9 | return LLM;, LLM,
10 Function SFT_Bk2BK (LLMy, LLM, Adamf, Adamy, D) :
u | for epoch € [1, E] do
12 | |foreach (s,t) € D do
13 T« LLM;(s); 8« LLMy (%)
1 | | | BackP: LLM; < Adamg (LLMy, £81, (6,8)); // 0:: te (v
[
15 BackP: LLM, < Adamy (LLMb,EQCPE (s,’s‘)); // Oy: tP(LLMy)
O
16 | return LLM¢, LLM,,
17 Function LoRA (LLM) :
18 |LLM <« deep copy of LLM ; // 0: tP(LLM), 0': tP(LLM)

19 | foreach query/value layer L; € R%n*%ou of LLM do

20 Initialize projection-up layer A; € R%n*" randomly from A/(0, 1),
projection-down layer B; « {0}7*dou

x| |Replace L; of LLM  with L; + 2 (A; x B;)

2 |6« 6UAUB. Freeze params in 0 except A, B
23 | return LLM

24 Function EVAL (LLMy, LLM,) :
25 | return wsg(s,S) averaged over all s in the tokenized Dy,
with LLMy¢, LLMjy, as back-to-back models

MAIN FUNCTION

’

27 Mf, M; <~ LoRA(Mf) , LORA (Mp)
2 Initialize RL Optimizers: PPO f, POy, for M ;, M,
’

29 Initialize SFT Optimizers: Adam s, Adam;, for M I3 M,b
30 (?l?;f)k < [(TOk(Scode)v TOk(tcode)) for (Scodea tcode) in D[m]
)

n |MST, MY « SFT_Bx2Bx (M,
n |MRE MR « RL_Bx2Bk (M, My, My, My, PPOy, PPO,, DL%)
34 | valAccgpr, valAccrr, < EVAL (Mff‘T, M) EVAL (MJISL, MEL)
35 M'f, M’b « (valAccgy > valAccspr) ? M?L, MI;L : M?FT, MleT
36 while valAccry, valAccspr converged or maxEpochs reached,

M,, Adam, Adamy,, D)

trn

predicted translation and the corresponding gold-standard translation.

Further, as jointly fine-tuning both LLMs is resource-intensive we
follow a parameter-efficient approach. For every linear layer of these
LLMs that is either query or value, we create Low-Rank Adapta-
tion [16] layers viz., a projection-up matrix A and projection-down
matrix B, whose matrix-multiplication is initially zero. Except those
in A and B, all the original parameters of LLM ¢ and LLM,, are frozen
— making the fine-tuning process space-time efficient.

4 The AVATAR-TC Dataset

This paper introduces a new dataset AVATAR-TC (built on top of the
AVATAR [2]) that has pairs of whole-programs in Java and Python (a
statically- and dynamically-typed language, with different syntactic
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Table 1: Benchmark Suite: Statistics of the AVATAR-TC dataset

# problem-stmts with test-cases

Sub-dataset # pairs of Java-Python codes

Train Valid Test Train Valid Test
Aizu 762 41 190 14,019 41 190
AtCoder 619 19 97 13,558 19 97
Codeforces 1,625 96 401 23,311 96 401
Google CodeJam 59 1 4 347 1 4
LeetCode 81 7 18 81 7 18
GeeksForGeeks 3,753 268 995 3,753 268 995
Project Euler 110 11 41 110 11 41
Total 7,009 443 1,746 55,179 443 1,746

styles), each accompanied by human-written test-cases (TCs). Based
on what we know, AVATAR-TC is the first such large-scale dataset
where code compilability (syntactic correctness) is ensured, and code
pairs have undergone thorough testing w.r.t. human-written TCs.
Note that these TCs are not used in training any of the CoTran
variants (which rely on automated unit test generation); in this paper,
we use them to evaluate translators with FEqAcc (Section 5.2).
Data Source. Similar to AVATAR, we gather a collection of code pairs
written in Java and Python by scraping five competitive coding web-
sites that host regular contests: Aizu [3], AtCoder [4], Codeforces [7],
G-CodeJam [8], LeetCode [22] and two coding platforms: Geeks-
ForGeeks [13], Project Euler [33]. These serve as great resources
for mining code solutions of a problem statement across multiple
languages. Also, a participant’s code gets checked on multiple test-
cases (TCs) curated by the problem-setter. For AVATAR-TC, we
web-crawled these data sources and collected such human-written
TCs to complement each problem statement.
Data Cleaning. Several code pairs in AVATAR dataset did not
compile and/or pass our collected TCs. Consequently in AVATAR-
TC, we preprocessed codes afresh from their sources. Utilizing the
javalang [42] and tokenize [34] modules, they were parsed
into code-specific tokens. We manually corrected minor faults in code
pairs, that did not match the expected output when provided with the
TC inputs. Code pairs with major issues were discarded. Our criteria
for output matching include case insensitivity, whitespace removal,
punctuation disregard (unless significant to the output), and normaliza-
tion of numeric or floating-point values to a common representation.
Statistics of AVATAR-TC dataset. The train/validation/test parti-
tioning of problem statements is kept the same as AVATAR, except
removal of some pairs during data cleaning. This resulted in 57,368
Java-Python pairs at a train : validation : test ratio of 76 : 5 : 19, across
9,198 problems. For the train split, at most 25 pairs correspond to one
problem, while for validation and test, there is a unique one-one pair-
problem mapping. To ensure out-of-distribution testing, no problem
overlaps across splits. Refer to Table 1 for AVATAR-TC statistics.

5 Experiments
5.1 Experimental Setup and Competing Tools

CoTran (baseline) refers to an LLM fine-tuned without feedback
loops (refer Figure 1a). We use the pre-trained CodeT5-base [47]
architecture from Huggingface [17] and fine-tune it with CE loss,
employing the proposed keyword-based tokenizer (kw-Tok). The
maximum length for the source and target sequences is set at 512.
For additional design choices adopted during implementing CoTran,
please refer to Appendix A.2. The baseline CoTran and its variants are
compared against (See Table 2): (a) three human-written transpilers,
(b) three SOTA LLM-based unsupervised translation tools (trained on
function pairs from ~2.5M open-sourced repositories of the GitHub
dataset from Google BigQuery Public Datasets), (c) ChatGPT [29]

and, (d) seven LLM-based supervised translation tools. All the tools
above are compared on the same set of 1,746 whole-programs from
AVATAR-TC (Test). Additionally, each of the supervised tools and
CoTran variants are fine-tuned on AVATAR-TC (Train). For ChatGPT,
we use OpenAl API to access the gpt -3 .5-turbo-0301 model.
This version of ChatGPT has a knowledge cutoff of March 1, 2023,
which predates the public release of AVATAR-TC on GitHub. This
minimizes the risk of AVATAR-TC (Test) pairs being included in
ChatGPT’s training data, ensuring a fair evaluation. Following a
standardized protocol [48] for ChatGPT, we use "Translate [S]
to [T]:[Scode] \n DO not return anything other
than the translated code." as the prompt. Temperature
and top_p are set at O (this ensures reproducibility and does not
notably alter the translation performance).

5.2 Evaluation Metrics

We evaluate our method using greedy decoding that considers only the
top translation with the highest log probability. The different metrics
for evaluating code translation quality are:

BLEU, CodeBLEU score. BLEU [31] computes the ‘closeness’ with
the reference translation through n-gram overlaps. CodeBLEU [35]
additionally checks weighted n-gram match, syntactic AST match
(SM) and semantic data-flow match (DM). Both range in [0, 100].
Exact String Match (EM). EM is the percentage of generated codes
that exactly match the reference translation. It can be low even if the
generated codes are compilable and functionally equivalent.
Compilation Accuracy (CompAcc) and Functional-Equivalence
Accuracy (FEqAcc). CompAcc is defined as the percentage of gener-
ated translations that compile correctly. FEqAcc is the percentage of
generated translations that are 10 equivalent to the source-language
code w.r.t. a set of human-written test-cases.

Additionally, we propose three new quality measures, namely:

Average First Error Position (errPos,st). errPos st is a fine-grained
version of CompAcc, relating to the closeness of the translations
from a perfect compilation. Averaged over all translations on test set,
errPos, st () calculates the position of the first token responsible for
a syntactic error in t, normalized by |t|. It is computed by pylint
and javac for Python and Java respectively. Let’s consider that a
translator achieves errPos;st = €%. This implies that, on average, the
first compilation error (if any) is located within the last (100 — €)%
portion of the generated translations. As e approaches 100, the human
developer only needs to inspect a small section of each translated code
to rectify the error, thereby facilitating ease of manual debugging.
Average #Errors per Code (EpC). EpC is the average count of
compilation (syntactic) errors per translated code. Zero errors indicate
full syntactic correctness. A higher count implies that substantial
effort from a human end-user is required for rectification.
Ratio of FEqAcc and CompAcc (%rate). {rate is the percentage rate
at which a translator generates functionally-equivalent codes com-
pared to the compilable ones. In a real-world deployment, checking
equivalence of translator-generated codes is infeasible. Thus, it is
beneficial when a syntactically correct code produced by a translator
implies functional equivalence i.e., ideally grate tends to 100%. frate
is computed as the percentage ratio of FEqAcc and CompAcc.

5.3 Analysis of Empirical Results and Ablation Study

In Table 2, we compare CoTran against 14 competing tools for J2P and
P2J translation. PLBART-base, CodeT5-base, and PPOCoder perform
best among the competitors, while transpilers underperform (refer
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Table 2: Code Translation Results: Comparison of CoTran against 14 other tools for Java-Python (J2P) and Python-Java (P2J) translation. (In
each column, the highest value is marked in bold, second-highest underlined.)

Java — Python (J2P)

Python — Java (P2J)

Method / Tool Model
FEqAcc  CompAcc  errPos;sc  CodeBLEU BLEU EM FEqAcc  CompAcc errPos;sc CodeBLEU BLEU EM
java2python [28] 332 4146 2862 2031 1754 0 - - - - -
Transpilers TSS CodeConv [43] 0.46 58.30 54.26 41.87 24.44 0 - - - - -
py2java [10] - - - 0 0 1.61 4156 4859 0
Recent TransCoder [36] 046 8809  63.57 3507 3207 0 0 0 457 3502 3506 0
competing tools TransCoder-DOBF [20] 0.46 63.00 47.10 39.98 33.84 0 0 0 3.11 33.33 32.72 0
(unsupervised trng.)  TransCoder-ST [37] 046 9158 7468 4004 3730 0 0 0 467 2988 2815 0
ChatGPT GPT-3.5-turbo [29] 7606 9536 90.88 5211 5319 029 | 2165 2497 3086 5408 5558 0
CodeBERT [9] 1231 8477 7957 4600 4810 046 | 074 9679 9951 2010 1962 0
GraphCodeBERT [15] 1088 8505  79.78 4553 4726 057 | 046 8975  98.05 2372 1621 0
] RCIFC“‘I | CodeGPT [25] 2486 7892 89.21 3838 3864 149 | 1340 4513 9450 4051 3796 0.52
(i‘;;:‘gi e ;’r‘,’l; CodeGPT-adapted [25] 2417 7675 8931 36.84  37.36 155 | 2050 5200  97.60 4146 3815 103
on AVATAR-TC) ~ PLBART-base [1] 3855 9147 90.79 5477 5934 132 | 3826 7577 96.64 5596 5924 097
CodeT5-base [47] 4095 9284 9376 5534 60.03 241 | 3379 6884  98.02 57.64  60.16  0.86
PPOCoder [39] 4427 9347 9144 5516 5951 189 | 3711 5962  96.77 5504 5852 052
Our tool CoTran (baseline) 4452 9612 92.07 5544 5871 211 | 4041 7363 9216 5911 6112 1.66
Ourtool with ~ CoTran + CF (RL-based fine-tuning) 4702 9656 91.58 5610  60.59 223 | 4278 7480 9691 5855 6126 1.60
CF only CoTran + CF (RL+SFT interleaved) 4983 9679 92.08 5607  60.61 223 | 4593 7577  96.89 5828 6121 160
Ourtool (h2b)  CoTran + CF + SF (RL-based fine-tuning) | 5045 9679  92.15 56.17  60.60 223 | 4392 7514 9693 5859 6128  1.60
with CE, SF CoTran + CF + SF (RL+SFT interleaved) | 53.89 9714  92.73 5624 60.69 229 | 48.68 7698 9693 5838 6119 160
2 — — \ T T PP r ses the sum of compiler 1), syntactic match
) M) OCSOI\c/lIet[%9] uze; i gsu 0 }fo p f);/([wlt( ’E), sy hta%tf atcd
, 15 DM(E,T) compilergg () | score SM(t, . ) and dataflow match score ( ,t) as the RL reward.
2 1 We hypothesize that even though these functions are good tools to
< —_ ., .
_>U 05 compare t with t, they are not the best when it comes to an RL reward.
s In Figure 2, t is a tokenized Java code for reversing an integer
3 0 . . . . =
2 using for-loop, while t is its truncated version. We vary |t/ [t| from
-0.5 0 to 1 and plot the respective reward. For a significant portion of
-1 the z-axis, especially when t is near empty or is almost same as t,

[E]/1¢]
Figure 2: Reward Analysis: Plot of different rewards for RL

Appendix A.4). ChatGPT exhibits weak performance in P2J with a
significant shortfall in FEqAcc (-27.03%), CompAcc (-52.01%),
and errPos;st (—66.07%) compared to the best CoTran method. A low
errPos, st indicates that ChatGPT-generated translations are hard to
debug. But, in J2P, ChatGPT leads with a FEqAcc of 76.06%. Given
that CoTran is built on CodeT5-base with ~220M parameters, we
believe that fine-tuning a model as large as ChatGPT (rumored to have
100B+ parameters) using our method would outperform ChatGPT
in J2P across all metrics. However, while ChatGPT supports fine-
tuning, it is closed-source and its interface is not yet tailored to receive
symbolic feedback from tools such as compilers, testers, and solvers.
Hereafter, we report CoTran improvements w.r.t. CodeT5-base.

Hypothesis: LLMs are good at code translation. Having said that,
incorporating compiler and symexec feedback (CF, SF) during fine-
tuning significantly improves its capability of producing compilable
and functionally equivalent translations.

Our results validate this hypothesis when evaluated across the diverse
AVATAR-TC dataset. In the process, we have made several findings:

Finding 1: RL turned out to be much more effective than the SFT
schemes we tried, for incorporating feedback during fine-tuning.

We considered two non-RL schemes of SFT-based LLM training, com-
bining CE loss and CF, SE. However, they underperform compared to
the RL-based methods. Please refer to Appendix A.3 for more details.
Finding 2: For RL reward, a Boolean feedback from compiler and
other existing feedback are not as effective as ours.

For RL-based optimization of LLMs, it is essential to fabricate a good
reward function. CompCoder [46] attempts RL-based code generation
using a Boolean feedback compilergoo(t), that returns —1 or +1.

values of compilerpooi (), SM(t,t) and DM(t,t ) remain constant.
So, CompCoder and PPOCoder offer the same RL reward for several
closely-related translations. This limits the RL agent’s ability to gauge
improvement. In contrast, our proposed reward weor(t,t) better
detects small changes, guiding the RL agent towards smaller goals
and improving the overall compilation accuracy. Thus, CoTran + CF
(RL only) outperforms PPOCoder, despite both using CodeT5-base.

Finding 3: Interleaving RL and SFT improves the LLM’s performance,
compared to an RL-only fine-tuning approach.

To prevent RL-based fine-tuning from deviating the back-to-back
LLMs from their CE loss objective, we occasionally interleave it with
supervised fine-tuning (SFT). This improves the overall translation
performance. In order to incorporate CF (CoTran + CF), we fine-
tune the baseline model in an RL setting to maximize CF as a reward
(refer Figure 1b). This approach improves J2P and P2J translation
by +6.07%, +8.99% in FEgAcc, and +3.72%, +5.96% in CompAcc,
respectively. The RL+SFT interleaved training boosts these gains to
+8.88%, +12.14% in FEqAcc and +3.95%, +6.93% in CompAcc.
Note that for CoTran + CF, the interleaved training is similar to
Algorithm 1 with the difference that wsr is not considered (there
are no b2b LLMs, only the forward LLM). When both CF and SF
are incorporated (CoTran + CF + SF) using RL with b2b LLMs
(Figure 1c), the improvements are +9.50%, +10.13% in FEqAcc
and +3.95%, +6.30% in CompAcc. Interleaving RL+SFT (Figure 1d
and Algorithm 1) further increases these to +12.94%, +14.89% in
FEqAcc and +4.30%, +8.14% in CompAcc. Additionally, CoTran +
CF + SF achieves 92.73% and 96.93% on errPos,s for J2P and P2J,
thus signifying easy-to-debug translations.

Finding 4: Adding keywords to tokenizer vocabulary by kw-Tok im-
proves the code translation performance.

For J2P and P2J translation respectively, kw-Tok itself accounts for
+3.57%, +6.62% increase on FEqAcc and, +3.28%, +4.79% in-
crease on CompAcc (CoTran baseline v/s CodeT5-base).
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Translated Java program ID (arranged in ascending order of y-axis value)
Figure 3: Count of compilation errors per code (EpC): #Errors per
translated code in P2J translation, sorted in the ascending order

Finding 5: Incorporating compiler and symexec feedback during
fine-tuning reduces the count of syntactic errors per translated code.
In Figure 3, we compare the number of compilation (syntactic) er-
rors per code (EpC) produced in Python-to-Java (P2J) translation on
AVATAR-TC (Test). ChatGPT exhibits significantly poorer perfor-
mance with an EpC of 10.98 +9.67 (i.e., mean + stdev). CodeT5-base
reduces this to 0.95 + 2.58. Our CoTran + CF + SF (RL+SFT) further
lowers the EpC value to 0.71 + 2.15. This indicates that the proposed
feedback results in producing more easy-to-debug translations.
Finding 6: Integrating compiler and symexec feedback during fine-
tuning markedly improves { rate metric across diverse codebases.

In Figure 4, we compare the P2J performance of four SoTA tools
and three CoTran-based methods over the different sub-datasets of
AVATAR-TC (Test). CodeBERT demonstrates the highest rate of
compilable translations (with over 90% CompAcc across most sub-
datasets). However, the resultant translations lack meaningfulness,
with only around 1% of them being functionally equivalent. In con-
trast, CodeGPT, PLBART-base, and CodeT5-base yield functionally
equivalent codes at rates of 29.69%, 50.49%, and 49.08% respectively,
relative to the number of compilable translations they generate across
all sub-datasets. This frate increases to 63.24% for CoTran + CF + SF
(RL4+SFT). Our method consistently ranks among the top two in {rate
for each sub-dataset. Note that G-CodeJam is a small sub-dataset, and
all tools exhibit similarly poor performance when translating P2J.
Finding 7: It is easier for a code translator to achieve good perfor-
mance if the source language is statically-typed.

Java is a statically-typed language, while Python is dynamically-
typed. When translating J2P, Java’s explicit variable-type declarations
are ignored as they are redundant in Python. Conversely, in Python,
variable-types are not explicitly declared, requiring the translator to in-
fer them during P2]J translation. Even for humans experienced in both
languages, deducing types for variables in Python can be challenging
and demand repeated engrossed mental evaluations. Consequently,
learning P2J is much more challenging than J2P. Thus, the source
language being statically-typed makes learning code translation easier.
Finding 8: Function-to-function translation is not sufficient for whole-
program translation tasks.

The TransCoder-based unsupervised tools are trained on function-
level translations. As per Roziere et al. [36], this keeps training
batches shorter and unit test-based model evaluation simpler. But
consequently, these tools cannot efficiently generate compilable,
functionally-equivalent translations for whole-programs. For instance,
in J2P, all three TransCoder-based tools fail drastically in FEqAcc
(0.46%). Similarly, for P2J, no (0%) translated code is compilable.

Benefits of automatic test-case generation (TCgen) during train-
ing. During fine-tuning S — T' — S back-to-back LLMs (Section 3.2),
we automatically generate unit tests on s and test them onS. Note that

B B : partially-correct (only compiles)

B & : fully-correct (compiles + functionally equivalent)

O : CodeBERT 0O : CodeGPT 00O : PLBART-base OOOO : CodeT5-base
% : CoTran (baseline) % : CoTran + CF (RL+SFT)
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Figure 4: Sub-dataset wise performance w.r.t. {rate: Comparison
of P2J translation, across the 7 sub-datasets of AVATAR-TC (Test)
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equivalence checking of programs is an undecidable problem. Our
idea is to assess the inequivalence of s and § (detectable via sufficient
testing) w.r.t. a test suite produced by TCgen tool and thereby, to
calculate symexec feedback (SF) for the LLM during fine-tuning. To
our knowledge, no existing LLM-based code translation tool employs
automatic symexec-based TCgen for functional equivalence checking
and feedback. All existing tools like PPOCoder [39], TransMap [45],
RLTF [24], CodeRL [21] use human-written test-cases for fixing
LLM-generated codes. In contrast, CoTran does not require anything
extra than what is required for a CE loss-based supervised fine-tuning
of LLM i.e., a dataset of S, T" code pairs. Also, compared to human-
written test-cases, symexec-based testing has a higher probability of
covering all linearly independent control-flow paths.
Generalizability regarding choice of TCgen tool. We want to em-
phasize that our approach is entirely agnostic to any specific TCgen
tool, including Symflower. The selection of Symflower is driven by
the fact that we tested CoTran with Java as Sinthe S - T — S
back-to-back training loop, and Symflower stands out as a commercial
industrial-strength symexec engine for Java. Its efficiency and relia-
bility make it a preferred choice. MLB, JBMC, and GDart (the top 3
verification tools for Java in SV-COMP 2024 [5]) can also be consid-
ered as potential alternatives to Symflower. In fact, similar efficient
TCgen tools (e.g., EvoSuite [11] for Java, KLOVER [23] for C++,
Pynguin [26] for Python) are available for most popular languages. If
not, LLVM-based TCgen tools (e.g., KLEE) offer an alternative, as
many languages can be readily translated into LLVM IR.

Reproducibility and Supplementary. The AVATAR-TC dataset and
all our code can be accessed at https://github.com/PrithwishJana/
CoTran. The supplementary material (Appendix) is included in the
full version [19] of this paper, available on arXiv.

6 Conclusion and Future Work

In this paper, we present an LLM-based code translation method
(CoTran) that incorporates feedback from compiler and symexec-
based solver during fine-tuning. The paper showcases the power of
symbolic feedback in making code translation LLMs more accurate.
Another key insight is the efficacy of fine-tuning LLMs with fine-
grained feedback, pinpointing proximity to an ideal solution, rather
than simple Boolean directives like yes/no. Our results show that CF
and SF, especially with RL+SFT interleaved training, significantly
improve code translation quality. CoTran outperforms state-of-the-art
tools in producing compilable and functionally equivalent codes. We
plan to extend CoTran to translate legacy code to modern languages.
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