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Privacy computing receives increasing attention but writing privacy computing code remains challenging for developers
due to limited library functions, necessitating function implementation from scratch, and data-obliviousness requirement,
contradicting intuitive thinking and usual practices of programmers. Automating the generation of privacy computing code
with large language models (LLMs) can streamline development effort and lower the barrier to using privacy computing
frameworks since LLMs exhibit strong capabilities in coding tasks. However, existing LLMs still encounter challenges in code
translation for privacy-preserving computation—such as translating Python to MP-SPDZ—due to the scarcity of MP-SPDZ
data required for effective pre-training or fine-tuning. Moreover, the lack of benchmark further hinders the evaluation of
translation quality. To address the limitations, this work proposes SPDZCoder, a training-free framework that combines LLMs
with expert knowledge for generating privacy computing code. Specifically, SPDZCoder employs a rigorous procedure for
collecting high-quality expert knowledge to represent the semantic-expressing differences between Python and MP-SPDZ, and
derives transformation rules for translating Python to MP-SPDZ based on these knowledge. Then, SPDZCoder progressively
converts Python code into MP-SPDZ code using transformation rules in a three-stage pipeline. To evaluate SPDZCoder, we
manually constructed a benchmark dataset, SPDZEval, which comprises six data splits, each representing a distinct class
of challenging tasks in MP-SPDZ implementation. Extensive experiments demonstrate that SPDZCoder achieves superior
performance, significantly surpassing baselines in pass@1 and pass@2. Specifically, SPDZCoder with GPT-4 as its backbone
attains overall correctness values of 85.94% and 92.01% in pass@1 and pass@2, respectively, whereas the best-performing
baseline achieves only 63.58% and 76.36%, respectively.
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1 Introduction
Multi-party computation (MPC) [20, 67] enables multiple mutually distrustful parties to jointly compute a
function over their private inputs while revealing only the computation output. As regulatory frameworks such
as GDPR [17] and HIPAA [56] impose stringent constraints on data sharing, MPC has become a foundational
technique for privacy-preserving data collaboration, particular in domains such as finance [6] and healthcare [37,
43].

MPC is commonly provided through software frameworks that support protocol execution and arithmetic
operations. Among existing open-sourced MPC frameworks, though most of them remain prototype-oriented
and provide mainly low-level primitives that require users to compose high-level functionality on their own,
Multi-Protocol SPDZ (MP-SPDZ ) [35] stands out as a particularly comprehensive and widely adopted platform
since it provides specialized data types and a modest yet practical set of essential data structures, library functions
and classes, and has been leveraged in academic studies and prototype systems for secure machine learning and
private data analytics.

Despite the growing demand for MPC applications and frameworks such as MP-SPDZ, their adoption remains
far below expectations. One reason is the shortage of skilled developers for privacy-preserving code, as most
developers rely on general programming languages (GPL) such as Python. Moreover, the intricate features
of MPC increase the cost to training programmers, e.g., the data-oblivious requirement (discussed in Sec. 2.1)
contradicts usual programming practices of developers. Thus, this work aims to explore a question: can GPL
code be automatically translated into MP-SPDZ code, enabling developers and researchers to reuse plaintext
implementations to develop privacy-preserving ones, thereby improving the development productivity?

Recently, large language models (LLMs) [3, 13, 19, 32, 49, 51, 53–55] have made remarkable progress. Building
on their success, code LLMs [12, 23, 27, 48] are widely employed in code intelligence tasks such as code translation
[46, 66]. More recently, reasoning LLMs [14, 50, 52] further enhance LLMs’ inference capabilities, improving
their effectiveness in code generation. However, these LLMs still struggle to generate privacy computing code,
such as translating Python to MP-SPDZ. As shown in Figure 1, OpenAI o1 only achieves an overall pass@1 of
35%, indicating the lack of MP-SPDZ-specific knowledge in existing models. We attribute this limitation to the
scarcity of publicly available MP-SPDZ code and Python–MP-SPDZ parallel corpora, which prevents LLMs from
adequately learning the significant semantic-expressing differences between Python and MP-SPDZ.

Moreover, the failure to capture these semantic-expressing differences further reduces the effectiveness
of enhancement strategies [46, 66], since such methods implicitly assume that LLMs already possess target-
language knowledge, and then offer incremental gains through test-case generation [66] or intermediate-language
transformations [46]. When the backbone models lack the knowledge, the gains of these enhancement strategies
are limited.

In this work, we propose a data-free approach that directly targets the semantic-expressing differences
between Python and MP-SPDZ by incorporating expert knowledge. Our core idea is to collect high-quality expert
knowledge to explicitly represent the semantic-expressing differences, and then derive transformation rules
for translating Python to MP-SPDZ based on this knowledge. Thus, with the guidance of rules, we leverage
the powerful LLMs to automatically translate Python code into MP-SPDZ code. We refer to this approach as
SPDZCoder. SPDZCoder does not require additional training data and can be applied to a range of LLMs.

There are two main challenges in implementing the SPDZCoder. The first challenge is how to collect expert
knowledge? To address this challenge, we propose a rigorous procedure, consisting of four steps: (1) MPC
expert recruitment, (2) knowledge elicitation and validation, (3) semantic difference summarization, and (4)
transformation rule derivation. In particular, we categorize the summarized semantic-expressing differences
into low-level and high-level ones. The former refers to cases where Python’s data types, library functions, data
structures, and methods have equivalent or approximate counterparts in MP-SPDZ but differ in naming or syntax,
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Fig. 1. Overall functional correctness (pass@1 and pass@2) of direct translation across recent representative general-purpose,
code and reasoning LLMs on SPDZEval (described in 4.3). Pass@1 is represented in light colors, while pass@2 is represented
in dark colors. DSK stands for DeepSeek.

manifesting as misaligned names. The latter includes deeper discrepancies, such as MP-SPDZ’s data-obliviousness
requirement and the absence of Python-equivalent library functions. Regarding the derivation of transformation
rules, we formulate a set of refactoring rules that can address high-level semantic-expressing differences by
refactoring Python code into a simplified basic form, and we derive a generation rule, which comprises of multiple
in-context learning demonstrations, to address low-level semantic differences by guiding LLMs in replacing
misaligned names and syntactic expressions.

The second challenge is how to combine expert knowledge with LLMs? To address this, we propose a three-stage
pipeline that progressively translates Python code into MP-SPDZ code using transformation rules. Specifically,
SPDZCoder generates MP-SPDZ code through the following stages:

Refactoring stage. We apply a set of refactoring rules to refactor Python by constructing the missing library
functions with basic ones, refactoring non-oblivious statements such as 𝑏𝑟𝑎𝑛𝑐ℎ and 𝑙𝑜𝑜𝑝 into oblivious form,
and, most importantly, replacing non-oblivious algorithms with semantically equivalent functions designed for
privacy computing, which may restructure the computation workflow. We refer to the refactored Python code as
Canonical Form Python code (CFP ).

Generation stage. We leverage the generation rule to translation CFP into MP-SPDZ code. As CFP contains
only “easy” expressions, statements and functions to translate, we dynamically select applicable instructions and
demonstrations from the generation rule, integrate them into a single prompt, and let the LLM generate MP-SPDZ
code from CFP in a single step. We also incorporate a self-reflection rule immediately after the generation process
to alleviate hallucinations of module or function names.
Repair Stage. If test cases are available, we may optionally execute the generated MP-SPDZ code against

them and collect any execution error messages if the generated code is incorrect. We classify error messages into
two categories: compilation/runtime errors (e.g., syntax errors and misused APIs) and logic errors (i.e., incorrect
functionality). We then prompt LLMs with these error messages to fix any bugs or logical issues in the generated
MP-SPDZ code, further improving performance.

To evaluate the effectiveness of SPDZCoder, we manually construct a benchmark named SPDZEval, comprising
313 pairs of <Python, MP-SPDZ> functions with test cases. Furthermore, SPDZEval is partitioned into six
data splits, each representing a distinct class of challenging tasks in MP-SPDZ implementation. We compare
SPDZCoder with the recently advanced LLM-based translation methods, including UniTrans [66] and InterTrans
[46], as well as the state-of-the-art general-purpose, code, and reasoning LLMs with MP-SPDZ documentation
on the SPDZEval dataset. Extensive results show that SPDZCoder outperforms strong baselines in pass@1 and
pass@2. Specifically, SPDZCoder with GPT-4 as its backbone achieves overall functional correctness values of
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85.94% and 92.01% in pass@1 and pass@2, respectively, whereas the best-performing baseline achieves only
63.58% and 76.36%, respectively.

To the best of our knowledge, SPDZCoder is the first to explore how to translate GPL (Python) to MP-SPDZ
code. SPDZCoder explicitly teaches LLM the semantic-expressing differences at different levels by incorporating
expert knowledge. The contribution of our work are as follows:

• We propose a novel training-free framework, named SPDZCoder, that combines LLMs with expert knowl-
edge to translate Python to MP-SPDZ, including a rigorous procedure for collecting expert knowledge
and a pipeline to progressively perform translation.

• We construct a manually-written benchmark dataset containing over 300 pairs of <Python, MP-SPDZ>
functions with test cases for evaluating future approaches.

• We conducted extensive experiments to evaluate SPDZCoder against baselines. Evaluation results demon-
strate the effectiveness of SPDZCoder in performing code translation for privacy computing.

2 Background

2.1 Multi-party Computation
Multi-party computation enables multiple parties who do not trust each other or any trusted third party to
securely compute a function over their private inputs. Concretely, all parties agree on a function to compute, and
then run an MPC protocol to jointly compute its output. All parties learn only the output of the computation,
while dishonest parties cannot infer the private inputs of honest parties. A classical two-party computation (2PC)
problem is Yao’s Millionaires Problem [67] introduced by Andrew Yao in the 1980s: “Two millionaires wish to
know who is richer; however, they do not want to find out inadvertently any additional information about each
other’s wealth.” In such a problem, the function to compute is 𝑓 (𝑥1, 𝑥2) = 𝑥1 ≤ 𝑥2, where 𝑥1 and 𝑥2 are the
private inputs of the two parties, respectively.

MPC requires data-oblivious algorithms. Formally, an algorithm 𝒜 is considered data-oblivious if, for any two
inputs 𝑥 and 𝑦 of the same length, the sequence of instructions executed and the sequence of memory accesses
performed by 𝒜 on 𝑥 and 𝑦 are identical. When an algorithm is not data-oblivious, an adversary can potentially
infer information about the private inputs by observing the execution pattern. Data-oblivious algorithms ensure
that the observable behavior of the computation, which refers to the sequence of executed instructions as well
as the timing and locations of memory accesses, remains independent of the secret inputs, thereby preserving
privacy. Not all algorithms have an oblivious counterpart; for example, there is no oblivious quicksort.

From a software engineering perspective, the motivation to make code privacy-aware stems from the growing
need for collaborative analytics, such as cross-institution credit approval, under data-privacy regulations and
among mutually untrusted parties. Such privacy-aware design is especially critical in finance, where collaboration
yields better intelligence but data privacy remains paramount. For example, Bank A holds users’ income and
asset features, while Bank B holds the users’ behavioral features. The two parties jointly use a decision tree
model to perform credit approval, but neither party is allowed to access the other’s private features.

The code snippet in Figure 2 illustrates how, during inference, the original plaintext Python implementation of
decision tree 1 are supposed to be rewritten into a privacy-preserving one. As shown in the Figure, in plaintext
settings, the decision tree inference code simply takes all features as direct inputs and performs comparisons and
threshold-based branching, i.e., it follows a single path down the tree (simulated by arrays) until reaching a leaf.
However, when the features are distributed across Bank A and B, and must remain confidential, this plaintext
implementation becomes infeasible. Python provides no secret data types or data structures to load encrypted

1In practical machine learning, decision trees are almost universally stored in an array-based representation rather than as pointer-linked
node objects. This layout enables efficient inference.
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def tree_predict_oblivious(features, feature_idx, threshold,

                           left_child, right_child, leaf_value):

    """

    args:

features    : Array(N_FEATURES, sfix)  - input features(secret)

feature_idx : Array(N_NODES, regint)   - feature index(public)

threshold   : Array(N_NODES, sfix)     - threshold（secret） 

        …

    """

    # m[j]stores the "path probability" of being at node j.

    m = Array(N_NODES, sfix)

    for i in range(N_NODES):

        m[i] = sfix(0)

    m[0] = sfix(1)

    new_m = Array(N_NODES, sfix)

    # Perform MAX_DEPTH levels of oblivious routing

for d in range(MAX_DEPTH):

 

        for i in range(N_NODES):

            new_m[i] = sfix(0)

@for_range(N_NODES)

        def _(j):

         

idx = feature_idx[j]      # public index

            x   = features[idx]       # sfix

            thr = threshold[j]        # sfix

            cond = (x <= thr)     

            c = sfix(cond)       

            go_left  = m[j] * c

            go_right = m[j] * (sfix(1) - c)

            l = left_child[j]

            r = right_child[j]

            new_m[l] = new_m[l] + go_left

            new_m[r] = new_m[r] + go_right

        for i in range(N_NODES):

            m[i] = new_m[i]

    # Accumulate leaf score using path indicators m[j].

    score = sfix(0)

    @for_range(N_NODES)

    def _(j):

        score.update(m[j] * leaf_value[j])

    pred = (score > sfix(0))  # sint(0/1)

    return score, pred

def tree_predict(

features: List[float],

    feature_idx: List[int],

    threshold: List[float],

    left_child: List[int],

    right_child: List[int],

    leaf_value: List[float]):

    ""”

    Standard (non-oblivious) decision tree inference. The tree is 

    represented using parallel arrays, where each index corresponds 

    to a node. For node j, feature_idx[j], threshold[j], 

    left_child[j], right_child[j], and leaf_value[j] store all node 

    attributes. Inference simply updates the current node index based 

    on these arrays instead of navigating pointer-based structures.

    args:

features    : Input feature vector of length n_features.

        feature_idx : For each node, index of the feature used for 

       comparison.

        threshold   : Threshold value for each node.

        left_child  : Index of the left child for each node.

right_child : Index of the right child for each node.

leaf_value  : Score assigned to each leaf.

max_depth   : Maximum number of levels to descend in the tree.

    """

 

    # Start from node

    node = 0

for d in range(MAX_DEPTH):

# if both children point to itself, treat it as a leaf.

        if left_child[node] == node and \

           right_child[node] == node:

            break

        

        # Retrieve the feature and threshold for this node.

        idx = feature_idx[node]

        x = features[idx]

        thr = threshold[node]

        # Follow the appropriate branch to run.

        if x <= thr:

            node = left_child[node]

        else:

            node = right_child[node]

    # The score at the reached leaf node.

    score = leaf_value[node]

    pred = 1 if score > 0 else 0

    return score, pred

1

4

2

3

4

Python MP-SPDZ

1

2

3

4

4

4

Fig. 2. An example of decision tree inference illustrating why secure collaborative analytics requires MPC programs. The tree
is represented by arrays. The left side shows the original Python code, and the right side shows its MP-SPDZ counterpart.
Four changes are introduced in the MPC version, each marked with an Arabic numeral and a matching color block: ¬ data
types, ­ comparison operations, ® data-oblivious branching, and ¯ data-oblivious tree traversal and array access with a
secret index.

values, nor does it support secure operators, secure branching, and array access with secret index. In fact, vanilla
branching itself can leak sensitive information, e.g., high income leading to the right subtree.

Thus, we transform the computation into an MP-SPDZ program. In this example, several key changes are
made: (1) Data types. Plaintext types such as int and float are replaced with secret-shared types, such as sint
and sfix, to ensure that encrypted values cannot be directly inspected. (2) Secure comparison. Operations, e.g.,
comparison, in plaintext cannot support computation on secret-shared values, and is substituted with secure
comparison. (3) Secure branching. All branching is implemented using the combination of results from each
branch instead of using if statements directly. (4) Oblivious traversal. To compute the leaf node value, the
oblivious formulation replaces the data-dependent tree traversal with a parallel propagation of path weights
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across all nodes. Only the nodes on the true decision path retain a weight of 1, while all others remain 0. This
removes data-dependent branches entirely and prevents any leakage of the tree traversal path. Furthermore,
because array access by a secret index is not permitted, the leaf value is computed through a loop that aggregates
all leaf values weighted by these path indicators. All these changes ensure that private data remain usable but
invisible throughout computation.

To support such secure collaboration, MPC platform developers build and integrate the underlying crypto-
graphic primitives, MPC protocols, and developer interfaces into a unified software platform. This platform is
then provided to banks, where application developers are required to write MPC programs by implementing the
computational or operational functions needed for specific financial analytics tasks, such as decision tree, while
ensuring that no raw data are exposed. A real-world commercial case is that TsingJ Corporation launched its
production-level MPC frameworks, named PrivPy [41], in China Everbright Bank. In this deployment, software
engineers at the bank utilize the provided framework to develop MPC-enabled programs at the API or user level.

However, we would also like to emphasize that, even with such platforms available, writing MPC code remains
non-trivial due to the limited availability of rich library functions and the requirement of data obliviousness.
SPDZCoder aims to enhance LLMs to automatically translate Python code into MP-SPDZ, allowing developers
and researchers to reuse plaintext implementations and reducing manual effort.

2.2 MP-SPDZ Framework
As discussed above, MPC is a key technique for secure collaboration on sensitive data. While commercial platforms
such as PrivPy have been deployed in production, they are proprietary and closed-source.

In contrast, most open-source MPC frameworks are prototype-oriented and require developers to manually
assemble higher-level operations. Despite this, they remain indispensable for research and applications. Among
them, MP-SPDZ stands out for its flexibility: it provides developers with a high-level programming interface
for privacy-preserving computation, including specialized data types and a modest yet practical set of data
structures, library functions, and classes. Although MP-SPDZ adopts a Python-like surface syntax, its data types
and operations follow a semantic model defined by secret sharing and cryptographic protocols, which lies outside
Python’s plaintext computation. As a result, Python and MP-SPDZ exhibit fundamental differences in how
program semantics are expressed.

First, the data types and arithmetic operations are not aligned. MP-SPDZ additionally provides secure and
clear data types such as secret integers (sint), secret fixed-point numbers (sfix), clear integers (cint) and
clear fixed-point numbers (cfix), among others. On the one hand, MP-SPDZ uses fixed-point data types and
corresponding arithmetic operations instead of floating-point data types due to efficiency considerations. On the
other hand, each data type supports a limited set of arithmetic operations and has certain restrictions, e.g., values
of type sint do not support bitwise logical operations.

Second, memory access and control flow must be implemented in a data-oblivious manner. For example, when
the condition in if statements is a secret variable, we should represent the final result as a combination of results
from each branch in written code so as to achieve a data-oblivious execution pattern. In the following simple
example, when the variable x is secret, the code:

# Assume x is a floating-point number
from math import sqrt
if x>0:

y = sqrt(x)
else:

y = sqrt(-x)

should be written as a combination of the two branches as follows:

ACM Trans. Softw. Eng. Methodol.
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# Assume x is a sfix number
from Compiler.mpc_math import sqrt
y = (x>0) * sqrt(x) + (x<=0) * sqrt(-x)

We can see that, regardless of the value of variable x, the execution path remains unchanged. Note that, for such a
simple case, one can also use the built-in secure branching construct: y = (x>0).if_else(sqrt(x), sqrt(-x)).

Third, unlike the comprehensive algorithm libraries such as Numpy, MP-SPDZ merely provides a few basic
APIs, requiring programmers to implement many advanced computational functions and operations on Array,
Matrix from scratch. For example, MP-SPDZ only offers 7 basic trigonometric functions and 6 non-linear math
functions in its mpc_math module while Numpy provides 18 and 38 respectively.

3 Approach
In this section, we present SPDZCoder for privacy-preserving code translation from Python to MP-SPDZ. We
first describe how we collect expert knowledge to identify semantic-expressing differences between Python and
MP-SPDZ and derive the corresponding transformation rules (§ 3.1). We then present the rule-guided translation
pipeline, which applies these transformation rules to translate Python code into MP-SPDZ code through three
stages: refactoring, generation, and repair (§ 3.2). Together, these two parts enable SPDZCoder to incorporate
expert knowledge into LLM-based privacy-preserving code translation.

3.1 Collecting Expert Knowledge
We propose a rigorous and structured procedure for collecting expert knowledge. Specifically, we adopt a multi-
session expert elicitation process with well-defined objectives, guided tasks, and iterative validation. We then
summarize semantic-expressing differences between Python and MP-SPDZ and formulate transformation rules.

Expert Recruitment and Session Setup. We engaged four senior MPC experts from TsingJ Corporation 2,
each of whom has at least three years of experience in developing MPC frameworks and applications. Notably,
one participant was the lead designer and developer of the prototype of TsingJ’s proprietary MPC framework
(PrivPy). Although all experts are currently employed at TsingJ, we intentionally selected experts with diverse
educational and professional backgrounds, including both academic and industry experience. The experts were
recruited through institutional collaboration and received standard compensation for their participation. Before
the elicitation sessions, we conducted a short preparatory briefing to familiarize the experts with the research
objectives, the translation task, and the preliminary findings from our pilot analysis, so that all participants
shared a common understanding of the problem scope and evaluation criteria.

Following this preparation, we held four structured elicitation sessions over a two-week period, each lasting
approximately three hours and facilitated by one researcher. All four experts participated in each session, which
followed a consistent agenda focusing on: (1) identifying semantic-expressing differences between Python and
MP-SPDZ and (2) validating and refining the identified differences across examples. The four sessions were
conducted iteratively, with earlier sessions emphasizing exploration and later ones focusing on consolidation and
validation.

Knowledge Elicitation and Validation. We adopt both reactive and proactive elicitation to capture expert
knowledge. For reactive elicitation, we design a semi-structured process combining open-ended discussions
with guided code walkthroughs. During the sessions, experts were presented with representative Python code
snippets covering arithmetic operations, data structures, control flows, and algorithms such as sorting, and
2TsingJ is a startup company that specializes in developing privacy-computing platform and algorithm library (https://www.tsingj.com/index.
html), and the research group works closely with the company.
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were asked to explain how equivalent semantics should be expressed in MP-SPDZ. In addition, we incorporate
proactive elicitation by encouraging experts to propose and supplement semantic-expressing differences they had
encountered in their own development experience, beyond those illustrated in the provided examples. This dual-
mode strategy helps us to capture both prompted and spontaneous expert knowledge, improving the coverage of
domain-specific knowledge.

After each session, we consolidated expert inputs into a structured list of semantic differences. In the subsequent
session, experts cross-checked and refined this list to further improve its completeness, consistency 3, and accuracy.
The finalized set of differences was then used by the research team as the foundation for designing translation
rules in the next stage.

Summarizing and Categorizing Semantic-Expressing Differences. Based on the elicited knowledge, we
identified semantic-expressing differences between Python and MP-SPDZ that characterize the translation
challenges, particularly the unique constraints and conventions for expressing common semantics in MP-SPDZ.

First, among these differences, some stem from disparities in the richness of ways to express semantic or
fundamental differences in computational paradigms, primarily involving the absence of equivalent library
functions and the data-obliviousness requirements of MPC. For example, the condition in branching statements
cannot include any secret data type to ensure data-obliviousness, and the quicksort algorithm should be replaced
with an oblivious sorting algorithm, such as oblivious radix sort[24], due to the non-existence of oblivious
quicksort. We refer to these differences as high-level semantic-expressing differences, and we summarize them in
Table 1.

Second, the remaining differences primarily involve misaligned names, meaning that data types, library func-
tions, data structures, and methods in Python have equivalent or approximate counterparts in MP-SPDZ but differ
in naming conventions. For example, numpy.power(x,y) is semantically equivalent to mpc_math.pow_fx(x,y)
in MP-SPDZ. We refer to these as low-level semantic-expressing differences.

Deriving Transformation Rules. Building upon the categorized differences, we design two sets of transfor-
mation rules. To address high-level semantic differences, we introduce a set of refactoring rules that systematically
rewrite Python code into a simplified basic form. This basic form serves as an MP-SPDZ-friendly representation, in
which complex semantics are expressed primarily in terms of primitives that are natively supported by MP-SPDZ.
For example, to address the absence of many computational functions in MP-SPDZ, we leverage the fact that
sophisticated nonlinear functions can be expressed using a small set of four fundamental nonlinear functions. Ac-
cordingly, we establish a rule to simplify the implementation of complex nonlinear functions. Similarly, high-level
semantic expressing differences in operations associated with container data types are decomposed into more
fundamental ones, and complex Python syntactic constructs, such as syntactic sugar, are rewritten using basic
statements. Overall, we designed ten types of refactoring rules to cover and address the identified high-level
semantic-expressing differences, and Table 2 presents them and their descriptions related to certain high-level
semantic-expressing difference.

To address low-level semantic differences, we introduce a generation rule based on in-context learning. This
rule applies a single-step generation procedure and provides demonstrations to guide the LLM in resolving
misalignments in data types and naming conventions (including function, method, and module names) cov-
ered by the refactoring rules. For example, we use few-shot demonstrations to instruct the LLM to replace
numpy.power(x, y) with mpc_math.pow_fx(x, y).

Finally, to validate whether LLMs adhere to the intended transformation logic encoded in a rule, we prompt
LLMs with the corresponding rule prompts on sample code snippets and refine the prompts if the generated
transformations deviate from the expected rule behavior.

3Consistency means that the list is free of duplicated or conflicting definitions
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Table 1. Overview of high-level semantic differences with descriptions. Text in red and blue highlights aspects related to
data-obliviousness and those unrelated to it.

High-level Differences Detailed Description

Math and Universal function For non-linear functions, MP-SPDZ includes only six basic functions:
exp2_fx, InvertSqrt, log2_fx, log_fx, pow_fx, and sqrt. For trigono-
metric functions, it contains only seven basic ones such as atan, acos, and
asin. MP-SPDZ supports only basic math functions and does not include
any advanced mathematical functions.

Data structure method MP-SPDZ does not support Python one-dimensional data structure methods
such as append.

Syntax sugar MP-SPDZ lacks support for comprehensions, ternary expressions, and the
for-else syntactic sugar found in Python.

While loop For encrypted computations in MP-SPDZ, iteration is required to be per-
formed using for-loops.

Array/Matrix Creation MP-SPDZ provides creation methods similar to NumPy’s zeros,
zeros_like, full, full_like, array, as_array, mat, matrix, and
as_matrix. However, NumPy offers a much broader set of creation
functions, including eye, identity, empty, diag, linspace, and logspace,
among others.

Array/Matrix Indexing MP-SPDZ supports indexing methods similar to NumPy’s integer array
indexing, [i], [i, j], [:], and [i, :]. However, NumPy provides a richer variety
of indexing functions such as take, choose, diag, select, place, and put.

Array/Matrix Manipulation MP-SPDZ supports operations similar to Python’s concatenate, transpose.
In contrast, NumPy offers a more extensive set of operations, including
reshape, copy, delete, insert, append, stack, and split.

Branch For conditional branches based on secret variables, MP-SPDZ requires the
computation to be represented as a linear combination of each branch.

Chained comparison MP-SPDZ does not support chained comparisons on encrypted data.

Multiple return MP-SPDZ does not allow multiple return statements in encrypted computa-
tions.

Break & Continue MP-SPDZ does not allow jump statements in encrypted computations.

Sort When sorting encrypted data, MP-SPDZ mandates the use of data-oblivious
sorting algorithms.

3.2 Automatic Code Translation Pipeline
In this section, we describe how SPDZCoder leverages expert knowledge, i.e., transformation rules, to guide
LLMs to translate Python code to MP-SPDZ code. As shown in Figure 3, the pipeline comprises three main stages:
(1) Refactoring stage: We apply a set of refactoring rules to prompt the LLM to refactor Python code into
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Table 2. Overview of refactoring rules with corresponding descriptions. Text in red and blue highlights rules related to and
unrelated to data-obliviousness, respectively.

Refactoring Rules Description

Linear & Nonlinear Function When refactoring advanced non-linear function, this rule limit LLM to
use given four basic non-linear functions: ‘exp’, ‘ln’, ‘sqrt’, ‘invertsqrt’.

Data Structure Method This rule explicitly reminds LLM never using List/Set/Tuple method
e.g., ‘append’, ‘extend’, ‘insert’, ‘reverser’, ‘count’, and asks LLM to use
simple, commonly-used, rigid statement.

Syntax Sugar This rule reminds LLMs removing all Python syntax sugars.

While Loop This rule asks LLM to refactor while loop into for loop.

Array Operations This rule asks LLM to break down advanced array operations (array
creation, indexing, slicing and manipulation) into given operations.

Break & Continue This rule demonstrates examples of how to eliminate the break and con-
tinue keywords in code and then refactor the code into data-oblivious
form

NestedIf & MultipleReturn Refactor into plain conditions (without nest condition statement) and
single return statement

Chained Comparison Refactor chained comparison into comparisons with logic operation

Oblivious Format Refactor branch block into the format of combinations of branches.

Sort Refactor sort block into radix sort.

Canonical Form Python (CFP). (2) Generation stage: We apply the generation rule to CFP to generate MP-SPDZ
code, and incorporate a self-reflection component to mitigate hallucinations. (3) Repair stage: We utilize error
messages produced by executing test cases to further refine the translation. We provide an illustrative example of
SPDZCoder’s translation in Appendix § A.1.

Stage 1: Refactor Python Code to CFP.. Each refactoring rule specifies a target modification for a certain
category of high-level semantic-expressing differences. We prompt the LLM with these rules one by one to
perform Python-to-Python refactoring. At this stage, the rules implement missing library functions using more
basic ones(e.g., we implement all non-linear math functions with four basic ones: exp, ln, sqrt and invertsqrt,
all of which have counterparts in MP-SPDZ), convert non-oblivious statements such as branches and loops into
data-oblivious form, and, most importantly, replace the non-oblivious algorithms with semantically equivalent
functions designed for privacy-preserving computation, e.g., replacing quicksort with radix sort. After applying
these rules, we obtain intermediate Python code in which high-level semantic differences are systematically
mitigated. The resulting code is more explicit and constrained: the functions and data structures it uses have
direct counterparts in MP-SPDZ, and its control flow and algorithms are data-oblivious. This reduces the difficulty
of subsequent MP-SPDZ code generation. We refer to this intermediate representation as Canonical-Form Python
(CFP ).
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For example, one category of refactoring rules is the Break rule (row 6 in Table 2), which guides the LLM to
eliminate the break keyword from a Python program, while preserving the original semantics. The following
code example contains a for loop with a break statement.

a = INIT_ARRAY # Assume a is a secret Array
for i in range(len(a)):

if a[i]>2:
break

a[i] += 1

To eliminate break, the rule introduces a boolean flag initialized to False before the loop and uses this flag to
simulate the effect of the break statement. The resulting CFP is as follows:

a = INIT_ARRAY
flag = False
for i in range(len(a)):

flag = flag or (a[i]>2)
a[i] = flag*a[i] + (1-flag)*(a[i]+1)

At the refactoring stage, a given Python program may not exhibit all of the summarized high-level semantic
difference patterns. To address this, we introduce a pattern-matching strategy that enables SPDZCoder to
dynamically select applicable refactoring rules. Specifically, we either parse the input program into an abstract
syntax tree (AST) to search for targeted syntactic constructs, such as break, or query the LLM to analyze whether
the input program exhibits specific high-level semantic differences. If a pattern match succeeds, SPDZCoder
applies the corresponding refactoring rule; otherwise, the rule is skipped. This strategy prevents unnecessary
rule applications and improves overall efficiency.

In the released replication package (introduced at the end of the paper), each refactoring rule is implemented in
a separate file together with the corresponding pattern-matching logic that determines when the rule is triggered.
This organization makes the rule inventory and pattern-selection process directly inspectable and reproducible.

Stage 2: Translate CFP to MP-SPDZ Code. In the generation stage, we apply a generation rule to instruct
the LLM to translate CFP into MP-SPDZ. Specifically, the generation rule consists of multiple in-context learn-
ing demonstrations addressing various low-level semantic-expressing differences, such as data types, logical
operations, and function names. Each demonstration illustrates how a specific CFP construct is translated
into its MP-SPDZ counterpart. For example, the float type is translated into sfix; the logical operation
(x > -3 and x <= 0) is translated into (x > -3).bit_and(x <= 0); and the NumPy function numpy.exp(x)
is translated into the mpc_math function mpc_math.pow_fx(cfix(math.e), x). We employ pattern matching
to select applicable demonstrations and organize them into chat messages for the LLM, each consisting of a
user prompt and an LLM response that illustrate how to translate CFP into MP-SPDZ code for specific low-level
semantic differences.

We observe that buggy code can be generated due to hallucinations, and this issue becomes more pronounced
when generating MP-SPDZ code. We attribute this to the lack of a comprehensive function library in MP-SPDZ
and to LLMs’ insufficient knowledge of MP-SPDZ. Therefore, we incorporate a self-reflection component [11, 31]
immediately after the generation rule, which prompts the LLM to verify whether the operations, module names,
and function names conform to the generation rules. If deviations are found, the LLM revises the corresponding
part of the code.

Stage 3: Compilation and Runtime Messages as Feedback. In the repair stage, we optionally execute the
generated MP-SPDZ code against test cases if they are available, and collect any resulting error messages. These
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refactoring rule 2
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Fig. 3. Overview of the translation pipeline. The pipeline consists of three stages: (1) the refactoring stage converts Python
code into Canonical Form Python (CFP) using refactoring rules; (2) the generation stage translates CFP into MP-SPDZ code
using the generation rule, and (3) the repair stage utilizes error messages produced by executing test cases to further refine
the translation.

error messages indicate whether the code fails to execute due to compilation or runtime errors, or instead contains
logical errors, i.e., incorrect functionality.

If a compilation or runtime error occurs, we populate the FixCompilationRuntimeError prompt template
with the placeholders {CFP}, {error message}, and {generated MP-SPDZ code}. If the code exhibits incorrect
functionality, we populate the FixFunctionalityError prompt template with {CFP} and {generated MP-SPDZ
code}. We then use these prompts together with the few-shot demonstrations selected in the generation stage to
prompt the LLM to repair the code through another round of translation. The repair process repeats until the
MP-SPDZ code is correct or a predefined retry limit is reached. If the limit is reached, we accept the last revised
MP-SPDZ code as the final output.

4 Experimental Setup

4.1 ResearchQuestions
RQ1. What is the effectiveness of SPDZCoder compared to baselines? We evaluate SPDZCoder against

three categories of LLM-based translation approaches on SPDZEval (§ 4.3). We also investigate the performance
of SPDZCoder using various LLMs as backbones to mitigate bias.

RQ2. What is the impact of refactoring and repair stages? We evaluate the contributions of the refactoring
and repair stages in SPDZCoder through ablation studies. In addition, we perform an error taxonomy analysis to
characterize the failure modes of SPDZCoder.
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RQ3. What is the correctness ratio of refactoring Python to CFP in SPDZCoder? We investigate the
refactoring correctness in refactoring stage since mis-refactoring can lead to performance drops in the generation
stage.

RQ4. What are the token usage, runtime cost, and token savings achieved through pattern-matching
strategy? We compare SPDZCoder with the baselines on average token consumption and runtime overhead. We
also quantify the token savings brought by the rule pattern-matching strategy in the refactoring and generation
stages separately.

4.2 SPDZCoder Setup
LLM Backbone. We employ a set of general-purpose, code, and reasoning LLMs as the backbone models

for SPDZCoder, including GPT-4 [51], GLM-4 [19], DeepSeek-V2.5 [12], DeepSeek-V3 [13], OpenAI o1 [50] and
DeepSeek-R1 [14], to evaluate its effectiveness across diverse LLMs.

Generation Configuration and Hyper-parameters. Following prior work on code generation evaluation,
such as HumanEval [9] and MBPP [5], we adopt stochastic decoding with a temperature of 0.7 to obtain diverse
candidate outputs for pass@k estimation. Using a non-zero temperature is necessary for meaningful pass@k
evaluation: when the temperature approaches 0, the model becomes nearly deterministic, resulting in 𝑘 identical
samples and causing pass@k to collapse to pass@1.The choice of 0.7 follows widely used decoding configurations
in prior literature. For reproducibility, an evaluation stability analysis under temperature sampling is provided in
§ 6.5. All other generation configurations of the backbone LLMs remain unchanged.

Our experiments involve two hyperparameters: repetition and max_feedback. The repitition parameter deter-
mines the number of MP-SPDZ code samples generated by our pipeline for each Python function in SPDZEval,
while max_feedback limits the maximum number of retries allowed in the repair stage. We set repetition to 2
and max_feedback to 3.

4.3 Evaluation Dataset
In this section, we first review existing benchmarks and then present the construction process of SPDZEval.

Review of Existing Resources. Evaluating Python-to-MP-SPDZ code translation requires paired source-target
program artifacts, program units at an appropriate level of granularity, and coverage of MPC-specific features.
Therefore, we examine existing code-generation benchmarks such as HumanEval [9], MBPP [5], LLMTrans [63],
and RepoTransBench [61]. Our findings are summarized in Table 3.

Overall, the existing benchmarks do not meet the requirements of our task for several reasons: (1) While
existing benchmarks have significantly advanced empirical evaluation for code generation, they are scoped to
conventional plaintext programming settings. As a result, they do not support cross-language translation across
fundamentally different semantic models, and thus do not incorporate MPC-specific data types, data structures,
data-oblivious control flow, or arithmetic constraints. (2) Many benchmarks provide only natural-language
descriptions or partial code fragments, without paired source–target snippets necessary for translation evaluation
(e.g., HumanEval, MBPP, MathQA-Python [5]). (3) Several benchmarks target incompatible task types, such as
code completion or issue-driven code repair (e.g., SWE-Bench Lite [33]), or they emphasize problem domains
unrelated to numerical computation or MPC semantics (e.g., competitive-programming tasks or UI/UX-oriented
logic). Therefore, we develop SPDZEval, a new benchmark tailored for Python-to-MP-SPDZ code translation.

Our BenchmarkDataset. To construct SPDZEval, we engaged an undergraduate student and several engineers
with strong proficiency in Python and MPC to carry out problem collection, implementation, and quality review.

ACM Trans. Softw. Eng. Methodol.

 



14 • Dong et al.

Table 3. Overview of representative code benchmarks and their limitations for privacy-preserving code translation. SPDZEval
is the only dataset designed for Python-to-MP-SPDZ translation. #Samples denotes the number of samples in the dataset,
while #LOC denotes lines of code. PL stands for programming language, and <Python, MSZ> stands for <Python, MP-SPDZ>.

Dataset Language Code Task Source Granularity # Samples #LOC Misalignment with Our Task

DS-1000 [38] Python Code infilling Stack Overflow Statement 1000 3.8 Targets code tasks that are largely unrelated to numerical computation and include only
limited computational content.

APPS [25] Python Code synthesis Codewars, AtCoder Function 10000 18 Designed for algorithmic problem solving rather than paired code translation, with tasks
emphasizing competitive-programming logic instead of computation or MPC semantics.

HumanEval [9] Python Code completion Human Function 164 11.5 Provides only function signatures and docstrings without paired source–target code,
and lacks coverage of numerical computation and MPC-specific structural constraints.

MBPP [5] Python Code synthesis — Function 974 6.8 Not a paired translation benchmark; tasks consist of small, self-contained exercises that
do not capture numerical computation patterns or MPC requirements.

MathQA-Python [5] Python Code synthesis Math Study Sites Statement 2,985 7.6 Targets NL mathematical reasoning rather than code translation, focuses on symbolic
word problems, and does not provide paired executable programs.

CoderEval-Python [69] Python Code synthesis Github Function 230 30 Generates non-standalone functions that depend on large contextual codebases, making
it incompatible with function-level paired translation.

ClassEval [16] Python Code completion — Class 100 45.7 Targets class-skeleton completion for management, formatting, or game logic, and its
class-level granularity is overly coarse for early-stage MPC translation studies.

CodeArena [65] 44 PLs Code completion Online Code QA Function 400 — Focuses on UI/UX, tooling, or data-handling tasks common in Q&A platforms, with
limited computational Python coverage.

SWE-Bench Lite [33] Python Code edit Github Repository 300 — Built around PyPI <issue, PR> pairs, reflecting software-maintenance workflows rather
than code translation tasks.

CoST [72] 7 PLs Code translations GeeksforGeek Statement 132046 3 Uses similarity–based evaluation and omits MP-SPDZ as a target language; its statement-
level granularity is too fine-grained for assessing MPC-specific translation semantics.

HumanEval-X [71] 5 PLs Code translations HumanEval Function 164 8 A multilingual HumanEval variant that lacks MP-SPDZ as a target language and cannot
capture MPC behavior.

LLMTrans [63] 8 PLs Code translations Rosetta Code, d2l-ai File 350 24 Uses similarity-based evaluation without MP-SPDZ support, and its class-level granular-
ity is too coarse for exploratory MPC translation.

RepoTransBench [61] <Python, Java> Code translation The Stack v1&v2 Repository 100 352 Requires additional configuration files, and its repository-level granularity is too coarse
for preliminary MPC translation evaluation.

SPDZEval <Python, MSZ> Code translation
Programming sites
& Data science pack-
age library

Function 313 9.5 4

For problem collection, under the engineers’ guidance, the student curated candidate problems from Python
programming websites [57, 58] and instantiated each problem as a function. In addition, the student curated
functions directly from the NumPy library. The curation process followed three principles: diversity (e.g., varied
syntax, control-flow, and data-manipulation patterns), coverage (e.g., basic and advanced arithmetic, array and
matrix operations, and complex mathematical routines), and semantic relevance to computational workloads. For
implementation, the student first drafted a docstring for each selected problem or function to ensure an unam-
biguous specification then implemented the function in both Python and MP-SPDZ, producing a ⟨source, target⟩
program pair. Each pair was accompanied by a set of input–output test cases designed by the student.

All implementations and test cases underwent manual inspection by the engineers. The review assessed: (1)
the correctness of both Python and MP-SPDZ implementations; (2) the faithfulness between the docstring and
the two program artifacts; and (3) whether the examples exhibited adequate complexity in MPC-related data
types, control flow, and computation patterns. Pairs that failed to meet these criteria were revised or discarded. If
certain common computational workloads were underrepresented, the student was instructed to supplement the
collection accordingly.

Through this process, we obtained 313 ⟨Python, MP-SPDZ⟩ function pairs. A comparison between SPDZEval
and existing benchmarks is also presented in Table 3. Overall, SPDZEval is specifically designed for MPC-oriented
code translation, whereas existing datasets primarily focus on conventional plaintext code completion tasks.
Moreover, SPDZEval uses function-level granularity 4, which occupies a middle ground between statement-level
benchmarks (often too simple) [5, 38, 68] and class- or repository-level datasets (often much more difficult) [16].

4Function-level code tasks ask an LLM to generate a single, standalone code unit, providing richer semantics than statement-level tasks while
remaining tractable for an exploratory translation study.
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Table 4. Overview of the data splits in SDPZEval

Split Name Abbr. # Entries Split Description and Corresponding Challenging Tasks

array AR 43 Array access or traverse, including list indexing, slicing, iteration
and access.

loop LO 97 Loop, iteration, multiple if, break and continue, multiple return,
and tasks containing them.

branch BR 34 Multiple kinds of branch, e.g., nested if, multiple if, multiple return,
and tasks consisting of them.

math MA 38 Python scalar math functions and computations

numpy NP 66 NumPy array universal functions and NumPy array operation,
e.g., creation, indexing, manipulation.

syntax SX 35 Advanced syntax or syntax sugars in Python and built-in sophis-
ticated functions, e.g., map().

In practice, the task difficulty in SPDZEval is moderately higher than that of function-level datasets such as
MBPP [5] and HumanEval [9].

We divide SPDZEval into six data splits, as summarized in Table 4. Each split corresponds to a distinct set of
code patterns and is designed to evaluate a method’s ability to translate functions exhibiting those patterns. For
instance, the NumPy split (the fifth row) focuses on array creation, manipulation, and NumPy universal functions,
namely ndarray-level mathematical functions, thereby enabling an assessment of translation performance on
code involving such operations.

4.4 Baselines and Metric
4.4.1 Baselines. As shown earlier in Figure 1 in § Introduction, existing LLMs fail to directly translate Python
code into MP-SPDZ program. To evaluate SPDZCoder, we design or adopt three strong baseline approaches.

API Documentation (API Doc). Modern LLMs are capable of capturing long-range dependencies and can
effectively learn from extended input contexts. Therefore, we enhance translation by providing MP-SPDZ API
documentation as in-context guidance for long-form reasoning, explicitly highlighting semantic-expressing
differences in the prompt. For general-purpose LLMs, we additionally instruct them to summarize the Python
code before translation, placing the code summary after the MP-SPDZ API documentation in the prompt. However,
we do not apply this to code LLMs and reasoning LLMs, as code LLMs are less adept at generating natural language,
and reasoning LLMs inherently follow a think-before-answer paradigm.

UniTrans. UniTrans [66] enhances LLM-based translation by augmenting the translation with LLM-generated
test cases. It employs an error analyzer to extract error information—including error lines and error mes-
sages—from the execution results of incorrectly translated programs. This error information serves as guidance
for correcting incorrect programs. We find that LLMs, when using their original prompt, cannot generate valid
test cases for this task, either in format or in expected behavior. Thus, we replace the automatically generated
test cases with our manually prepared ones, i.e., the same test case suite used throughout our experiments.

InterTrans. InterTrans [46] leverages the multilingual capabilities of LLMs to enhance code translation via
transitive intermediate translations. InterTrans first employs a collection of intermediate programming languages
and utilizes a planning algorithm (ToCT) to generate candidate translation paths (source–target or source–
intermediate–target). It then sequentially executes translation paths and validate the correctness of the translated
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Table 5. Functional correctness (pass@1 and pass@2) of SPDZCoder and baseline methods across six data splits on SPDZEval.
Each method is evaluated with a comprehensive set of LLM backbones, covering general, code and reasoning models. All
results are presented in percentage format (%). The best results are highlighted in bold.

Method
pass@1 pass@2

array loop branch math numpy syntax overall array loop branch math numpy syntax overall

API Doc

GPT-4 44.19 24.74 26.47 10.53 39.39 37.14 30.35 60.47 53.61 32.35 26.32 53.03 62.86 49.84
DeepSeek-V3 51.16 32.99 35.29 10.53 34.85 34.29 33.55 60.47 53.61 55.88 26.32 40.91 42.86 47.61
GLM-4 34.88 21.65 5.88 23.68 21.21 17.14 21.4 55.81 22.68 20.59 31.58 34.85 25.71 30.99
Qwen2.5-Coder-32B 72.09 47.42 44.12 28.95 34.85 45.71 45.37 83.72 63.92 64.71 36.84 43.94 62.86 59.11
Qwen2.5-Coder-7B 48.84 15.46 17.65 18.42 15.15 22.86 21.41 62.79 27.84 26.47 39.47 19.7 31.43 32.59
DeepSeek-V2.5 79.07 52.58 55.88 47.37 45.46 62.86 55.59 1.4 60.82 64.71 50.0 51.51 65.71 61.34
DeepSeekCoder-33B 37.21 21.65 20.59 7.89 16.67 11.43 19.81 48.84 34.02 26.47 15.79 25.76 31.43 30.99
OpenAI-o1 69.77 60.82 79.41 65.79 53.03 65.71 63.58 81.4 80.41 97.06 65.79 62.12 77.14 76.36
OpenAI-o3-mini 58.14 71.13 79.41 55.26 57.57 60.0 64.21 67.44 81.44 85.29 73.68 66.67 68.57 74.44
DeepSeek-R1 55.81 46.39 88.24 60.53 45.45 54.29 54.63 79.07 71.13 94.12 73.68 60.6 77.14 73.48
Qwen-QwQ 34.88 22.68 50.0 31.58 28.79 17.14 29.07 48.84 35.05 79.41 44.74 39.39 31.43 43.45

UniTrans
DeepSeek-V3 51.16 40.21 26.47 23.68 42.42 48.57 39.62 69.77 52.58 47.06 31.58 51.51 57.14 52.08
DeepSeek-V2.5 48.84 34.02 26.47 10.53 31.82 34.29 31.95 62.79 44.33 50.0 23.68 40.91 51.43 45.05
OpenAI-o1 34.88 47.42 44.12 23.68 33.33 28.57 37.38 51.16 64.95 61.76 34.21 46.97 45.71 53.03

InterTrans
DeepSeek-V3 55.81 43.3 35.29 26.32 39.39 45.71 41.53 67.44 53.61 52.94 36.84 51.52 54.29 53.04
DeepSeek-V2.5 46.51 32.99 29.41 13.16 28.78 28.57 30.67 60.47 43.3 55.88 23.68 43.93 42.86 44.73
OpenAI-o1 46.51 48.45 50.0 31.58 27.27 42.86 41.2 60.47 63.92 61.76 42.11 42.43 57.14 55.27

SPDZCoder

GPT-4 83.72 84.54 100 94.74 83.33 74.29 85.94 93.02 92.78 100 97.37 86.36 85.71 92.01
GLM-4 74.42 75.26 94.12 92.11 60.61 60.0 74.44 81.40 82.47 97.06 94.74 69.69 71.43 81.47
DeepSeek-V2.5 90.7 83.51 97.06 81.58 77.27 62.86 82.11 97.67 86.6 100 92.11 80.3 71.43 87.22
DeepSeek-V3 86.05 83.51 100 97.37 83.33 68.57 85.63 95.35 90.72 100 97.37 87.88 77.14 91.05
OpenAI-o1 86.05 92.78 97.06 86.84 78.79 77.14 86.9 95.35 95.88 97.06 89.47 84.85 82.86 91.38
DeepSeek-R1 88.37 91.75 100 89.47 80.30 80.00 88.18 90.70 96.91 100 92.11 87.88 88.57 92.97

program through test cases, enabling early termination. Consistent with their setting, we employ Rust, JS, C++,
and Go as intermediate programming languages.

The baseline methods use the following backbone LLMs. For API Doc, we employ recent and high-performing
general-purpose, code, and reasoning LLMs. Specifically, we adopt the following general-purpose LLMs: GPT-
4 [51], DeepSeek-V3 [13], and GLM-4 [19]; the following code LLMs: Qwen2.5-Coder-7B and 32B [27], DeepSeek-
V2.5 [12], and DeepSeek Coder-33B [23]; and the following reasoning LLMs: OpenAI o1 and o3-mini [50],
DeepSeek-R1 [14], and Qwen-QwQ [52]. For UniTrans [66] and InterTrans [46], we replace their original LLM
backbones with more advanced alternatives: DeepSeek-V3, DeepSeek-V2.5, and OpenAI o1.

4.4.2 Evaluation Metric. The pass@k metric [36] measures functional correctness, where 𝑘 code samples are
generated per problem, and if any of the 𝑘 samples passes a given set of unit tests, the problem is deemed
solved [9]. The metric reports the proportion of successfully solved problems. Consistent with mainstream work
[5, 9, 16, 42, 69], we adopt this metric to evaluate whether the generated MP-SPDZ code is functionally correct.
Specifically, we report pass@1 and pass@2 for SPDZCoder on SPDZEval.

5 Evaluation and Analysis
In this section, we comprehensively evaluate SPDZCoder and report the experimental results of the research
questions.

5.1 RQ1. Effectiveness of SPDZCoder.
We evaluate the effectiveness of SPDZCoder on SPDZEval against strong baselines that employ general-purpose,
code, and reasoning LLMs as backbones, with results shown in Table 5. We also report pass@1 and pass@2 for
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SPDZCoder, together with 95% confidence intervals across different backbone models, in Table 6. Our observations
are fourfold:

(1) SPDZCoder consistently surpasses the most recently advanced baselines in pass@1 and pass@2
by a large margin across different LLM backbones. The superiority remains robust under the reported
95% confidence intervals. For example, SPDZCoder with GPT-4 as its backbone achieves an overall func-
tional correctness of 85.94% (95% CI: [82.11, 89.46]) and 92.01% (95% CI: [88.82, 94.89]) for pass@1 and pass@2,
respectively, whereas the best-performing baseline attains 63.58% and 76.36%.

SPDZCoder’s advantage over the baselines can be attributed to two main factors. First, SPDZCoder decomposes
the translation task into a refactoring stage and a generation stage, where semantic-expressing differences
at different levels are separately addressed. In particular, the refactoring stage reduces the difficulty of the
subsequent generation process, as the CFP code consists solely of basic statements and functions while satisfying
the data-obliviousness requirement. This enables the target MP-SPDZ code to be generated in a single step.
Second, SPDZCoder incorporates error messages returned by test-case execution as feedback, guiding LLMs to
rectify incorrectly translated programs, as discussed later in § 5.2.

Table 6. Functional correctness (pass@1 and pass@2) of SPDZCoder across different LLM backbones, reported with 95%
confidence intervals. All results are reported as percentages (%).

GPT-4 GLM-4 DeepSeek-V2.5 DeepSeek-V3 OpenAI-o1 DeepSeek-R1
pass@1 85.94 ([82.11, 89.46]) 74.44 ([69.33, 79.23]) 82.11 ([77.64, 86.26]) 85.63 ([81.47, 89.46]) 86.90 ([83.07, 90.73]) 88.18 ([84.35, 91.69])
pass@2 92.01 ([88.82, 94.89]) 81.47 ([77.00, 85.62]) 87.22 ([83.39, 90.73]) 91.05 ([87.86, 93.93]) 91.38 ([88.18, 94.26]) 92.97 ([90.10, 95.85])

(2) Together with the direct translation results shown earlier in Figure 1, we observe that API Doc
modestly improves LLM performance. For example, when using the reasoning LLM DeepSeek-R1 as the
backbone, API Doc achieves pass@1 and pass@2 scores of 64% and 75%, respectively, whereas direct translation
achieves only 42% and 54%. This improvement may stem from API documentation providing LLMs with coarse-
grained domain knowledge through long-context reasoning over MP-SPDZ APIs. These results suggest that
effectively supplying MP-SPDZ knowledge to LLMs is important for translation.

(3) Similarly, together with the direct translation results, we observe that UniTrans and InterTrans
provide almost no enhancement for Python-to-MP-SPDZ code translation. Specifically, UniTrans, using
OpenAI o1 as the backbone, yields only a 2.23% absolute improvement in pass@1 and no improvement in pass@2.
InterTrans, with the same backbone, yields only 6.05% and 0.63% absolute improvements in pass@1 and pass@2,
respectively. We conjecture that this is because these approaches primarily target widely used programming
languages, for which extensive online resources exist. Consequently, LLMs have already been well trained on
these languages and exhibit strong baseline translation capabilities, allowing such methods to further enhance
performance in those settings. However, MP-SPDZ code and parallel corpora for ⟨Python, MP-SPDZ⟩ are scarce,
meaning that the LLMs lack task-specific knowledge for MP-SPDZ. As a result, these methods cannot effectively
perform Python-to-MP-SPDZ code translation.

(4) The performance varies slightly across LLM backbones. When adopting the reasoning-oriented LLM
DeepSeek-R1 as the backbone, SPDZCoder achieves overall correctness of 88.18% and 92.97% in pass@1 and
pass@2, respectively, indicating that reasoning LLMs can provide an incremental improvement over general-
purpose LLMs. In contrast, replacing GPT-4 with a considerably weaker backbone model, such as GLM-4-9B,
as its backbone leads to absolute drops of 11.5% and 10.54% in pass@1 and pass@2, although SPDZCoder still
surpasses baselines that employ substantially more capable LLMs as backbones.
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5.2 RQ2. Impact of Refactoring and Repair Stages in SPDZCoder.
We evaluate the contributions of SPDZCoder’s refactoring and repair stages through ablation studies, with
the results summarized in Table 7. For the refactoring stage, we observe that removing it causes the overall
functional correctness to drop drastically to 33.23% and 45.37% in pass@1 and pass@2, respectively, highlighting
the importance of separately addressing semantic differences at different levels in SPDZCoder.

For the repair stage, adding it improves the overall functional correctness from 73.16% and 83.39% to 85.94%
and 92.01%, yielding absolute gains of 12.78% and 8.62% in pass@1 and pass@2, respectively. These results
indicate that runtime error messages provide useful feedback that helps SPDZCoder repair incorrectly translated
programs. Additionally, SPDZCoder still outperforms all baselines even without the repair stage.

Table 7. Functional correctness of SPDZCoder under different ablations of the refactoring and repair stages. All results are
obtained with GPT-4 as the backbone model and reported as percentages. Performance drop is calculated as the absolute
difference.

Setting
pass@1 pass@2

array loop branch math numpy syntax overall (Δ) array loop branch math numpy syntax overall (Δ)

SPDZCoder 83.72 84.54 100 94.74 83.33 74.29 85.94 93.02 92.78 100 97.37 86.36 85.71 92.01
w/o refactoring 58.14 29.9 20.59 21.05 34.85 34.29 33.23 (52.7%↓) 65.12 41.24 41.18 31.58 43.94 54.29 45.37 (46.6%↓)
w/o repair 74.42 72.16 85.29 78.95 71.21 60.0 73.16 (12.8%↓) 90.7 84.54 85.29 92.11 78.79 68.57 83.39 (8.6%↓)

Moreover, to better understand the failure modes of SPDZCoder, we conduct an error taxonomy analysis. We
inspect all translation failures and categorize them into several classes: (1) Type mismatch or misuse, referring to
incorrect use of plaintext types where MP-SPDZ secret types are required, or overly restrictive use of specific
secret types; (2) Function or method misuse, including incorrect use of type conversions, operators, initializers,
functions, methods, or control structures, as well as invoking nonexistent functions or methods; (3) Package
misuse or missing arguments, referring to importing incorrect packages, using types/functions/classes that do
not exist in the imported package, omitting required function arguments, or referencing undefined variables; (4)
Wrong functionality, where the generated code contains logical errors; (5) Others, such as leaving placeholders
unimplemented or triggering index errors.

Table 8. Error taxonomy of SPDZCoder. Pre-Rep. and Post-Rep.
denote the number of occurrences of each error category that
are corrected before and after the repair stage, respectively.
Prop. denotes the repair success rate for each error category.

Error Category Pre-Rep. Post-Rep. Prop.

Type mismatch or misuse 16 12 25%
Function or method misuse 24 14 42%
Package or variable misuse 23 9 61%
Wrong functionality 18 6 67%
Others 3 2 33%

Total 84 43 49%

For each error category, we report the number of
occurrences before and after the repair stage, together
with the repair success rate. As shown in Table 8, the
distribution of error types before the repair stage is rel-
atively balanced overall. After the repair stage, we ob-
serve a clear divergence in repair effectiveness across
error categories. In particular, package and/or vari-
able misuse and wrong functionality errors are cor-
rected most effectively, achieving repair success rates
of 61% and 67%, respectively, whereas the other error
categories remain difficult to repair. These results indi-
cate that the repair stage is more effective at resolving
package- and variable-related issues and certain logic errors, while errors related to type inference and method
misuse are comparatively harder to correct.

To illustrate how the repair stage rectifies incorrect function logic, we provide an example in Figure 4. In this
example, although no compilation errors occur, the feedback component identifies the faulty logic in its generated
bubble_sort function and successfully restores correct functionality by adjusting the assignment statement.
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from Compiler.types import Array, sint
def bubble_sort(arr):

"""Perform bubble sort on the array using an oblivious approach in MP-SPDZ framework."""
n = len(arr)
for i in range(n-1):

for j in range(n-1-i):
# Using MP-SPDZ conditional operations
condition = arr[j] >= arr[j+1]
# Secure swapping based on condition
temp = condition.if_else(arr[j], arr[j+1])
arr[j+1] = condition.if_else(arr[j+1], arr[j])
arr[j] = temp

return arr

incorrect function logic!

if arr[j] >= arr[j+1]:
temp = a[j]
a[j+1] = a[j+1] 
a[j] = temp 

✘

from Compiler.types import sint, Array
def bubble_sort(arr):

"""Perform bubble sort on the array using an oblivious approach in the MP-SPDZ framework."""
n = len(arr)
for i in range(n-1):

for j in range(n-1-i):
condition = arr[j] >= arr[j+1]
# Secure swapping based on condition
temp = condition.if_else(arr[j+1], arr[j]) # Swap if condition is true
arr[j+1] = condition.if_else(arr[j], arr[j+1])
arr[j] = temp

return arr

correct func.on logic! ✓

Before Repairing

After Repairing

Fig. 4. Example of the repair component correcting the faulty logic in a bubble sort function.

Finally, we analyze the contribution of the self-reflection to correcting two name-related error types: Function
or method misuse and Package or variable misuse since it mainly targets hallucinations of module and function
names. Specifically, before self-reflection, the numbers of these two error types are 29 and 26, respectively; after
self-reflection, they decrease to 24 and 23, respectively; these latter numbers correspond to those reported in
Table 8. These results show that self-reflection modestly contributes to reducing name-related translation errors.

5.3 RQ3. Evaluating the Accuracy of Python Code Refactoring in SPDZCoder.

Table 9. Overall accuracy of refactoring stage using various
LLMs as backbone models. SPDZCoder uses GPT-4 as its back-
bone model.

SPDZCoder
pass@1 pass@2
91.24 95.26

with GLM-4 85.77 93.43
with DeepSeek-V2.5 90.88 91.61
with DeepSeek-V3 91.24 95.26

A high accuracy in the refactoring stage is impor-
tant for establishing a strong foundation for the sub-
sequent generation stage. Accordingly, we evaluate
the correctness of the refactoring stage in SPDZCoder.
Specifically, GPT-4 is used as the default backbone of
SPDZCoder, and we further replace it with GLM-4,
DeepSeek-V2.5, and DeepSeek-V3 to examine the gen-
erality of the refactoring stage across different LLM
backbones. We then use GPT-4-turbo to generate five
test cases for each Python code sample in SPDZEval,
and evaluate the functional correctness of the gener-
ated CFP code using Python unit tests, with the results shown in Table 9.

As shown in Table 9, GPT-4 performs the refactoring task effectively, achieving an overall correctness of 91.24%
in pass@1 and 95.26% in pass@2. Replacing GPT-4 with weaker models, such as GLM-4 and DeepSeek-V2.5,
results in a slight decline in accuracy. For instance, when GLM-4 serves as the backbone model, the overall
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pass@1 and pass@2 scores drop to 85.77% and 93.43%, respectively. Meanwhile, DeepSeek-V3 achieves the same
performance as GPT-4, suggesting comparable refactoring capabilities.

Together with the earlier results in Table 5, we further observe that although GLM-4 achieves refactoring
correctness comparable to GPT-4, its translation performance is not equivalently comparable. This discrepancy
arises because SPDZCoder’s translation process requires CFPs to be both functionally correct and structurally
compliant with refactoring rules, whereas the latter cannot be automatically verified. To investigate further,
we manually inspected the CFPs generated by GLM-4 and found that they sometimes did not strictly adhere
to the refactoring rule prompts. Common deviations included failing to utilize the provided basic nonlinear
mathematical functions to rewrite advanced ones and, albeit rarely, violating the obliviousness requirement.
This observation suggests that strong in-context learning and instruction-following capabilities are required for
SPDZCoder’s backbone.

5.4 RQ4. What are the Token Usage, Runtime Cost, and Token Savings Achieved through
Rule Pattern Matching?

We first measure the average token consumption of SPDZCoder in comparison with the baselines, presenting the
results in Figure 5. As shown in the figure, SPDZCoder does not incur a significant increase in prompt token
consumption compared with API Doc, the best-performing baseline. Specifically, SPDZCoder consumes 10, 343
prompt tokens and 1, 824 completion tokens per code example. Additionally, removing the repair stage reduces
prompt token consumption to 6, 377, which is comparable to API Doc.
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Fig. 5. Average token consumption and runtime cost of SPDZCoder and baseline methods. SPDZCoder* denotes the variant
without the repair stage. The left y-axis shows the average token consumption on a logarithmic scale, while the right y-axis
reports the corresponding execution time cost in seconds.

We then evaluate the runtime overhead of SPDZCoder against the same baselines. As shown in Figure 5,
SPDZCoder has a longer execution time than all baseline methods, with an average runtime of 185.64 seconds.
This overhead mainly stems from the additional repair stage. In particular, removing the repair stage, denoted
by SPDZCoder*, reduces the runtime to 124.02 seconds, making it comparable to the UniTrans and InterTrans
baselines. Overall, while the baseline methods are faster, both SPDZCoder and SPDZCoder* achieve substantially
higher functional correctness at the cost of moderately higher execution time.

Finally, we quantify the token savings achieved by our pattern-matching strategies in the refactoring and
generation stages. The savings are computed as the difference between the total token count of all rule prompts
and the average prompt token consumption per code example after applying pattern matching.
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Table 10. Prompt token consumption with and without pattern-matching strategies in the refactoring and generation stages.

Setting Refactoring Stage Generation Stage
w/o pattern matching 4355 8973
w/ pattern matching 1567 4810

As shown in Table 10, employing pattern matching significantly reduces prompt token consumption, improves
translation efficiency, and prevents unnecessary rules from being applied. Pattern-matching strategies not only
improve resource efficiency but also allow us to incorporate a larger set of designed rules into SPDZCoder.

6 Discussion

6.1 Threats to Validity
Internal Validity. The threats to internal validity are as follow: (1) One potential threat is parameter selection,

including seed, temperature, and top-p. To mitigate this, we uniformly set these values across all LLMs. While
these settings may not be optimal for any specific LLM, they do not impact our ability to analyze performance
improvements over direct translation introduced by different methods. (2) Data leakage is another possible concern.
However, as it affects all evaluated methods equally, the relative comparisons remain valid. Moreover, publicly
available training data typically contain limited parallel corpora, particularly when the target programming
language involves privacy-preserving computation. (3) A third threat is the choice of LLM backbone. While
different LLMs may yield varying absolute performance values, the comparative evaluation between SPDZCoder
and baseline methods remains unaffected.

External Validity. The first threat to external validity concerns the quality and representativeness of the
SPDZEval benchmark dataset. To mitigate quality-related threat, we involved an undergraduate student with a
strong programming background in constructing the dataset, and the final dataset was manually inspected by
development engineers to ensure its quality.The functions in the dataset vary in complexity and diversity. However,
although SPDZEval includes several MPC-oriented micro-kernels, such as secure numerical computations, secure
tree inference, and secure logistic regression, the benchmark still primarily focuses on Python programming tasks.
As a result, it may not fully capture the diversity and complexity of real-world privacy-preserving computation
workloads implemented in MP-SPDZ. Future work may extend SPDZEval with more tasks that directly target
privacy-preserving computations and explicitly require MP-SPDZ-specific capabilities.

The second threat lies in the choice of experimental models. To reduce the risk that our findings are specific
to a particular model family, we evaluated SPDZCoder on representative general-purpose, code, and reasoning
LLMs. In addition, we used a consistent prompt template for SPDZCoder across all LLM backbones to ensure fair
comparisons.

The third threat is the limited diversity of participating experts. Our expert recruitment process involved four
MPC experts from the same organization, which may limit the diversity of perspectives represented during
knowledge collection. To mitigate this risk, we intentionally recruited experts with diverse educational and
professional backgrounds, including both academic and industry experience. Nevertheless, the resulting semantic-
expressing discrepancy set may still implicitly reflect development conventions or practices specific to that
organization.

6.2 Transpilation Techniques for Privacy-Computing Code Translation.
Transpilation typically performs code translation by applying rule-based, surface-level syntactic mappings
between two programming languages, without requiring deep semantic reasoning about the code. Therefore, such
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approaches primarily target programming language pairs with similar structural correspondences and semantic
models. In our literature review, we identify only three transpilers, all of which operate in plaintext settings
and require nontrivial engineering effort to build: C2Rust [28], CxGo [21], and Java2C# [30]. For these language
pairs, rule-based syntactic mappings used by transpilers are generally feasible, but may still involve multiple
transformation passes and manual cleanup.

In the context of translating Python into MP-SPDZ, many required transformations depend on understanding
the underlying semantics. For example, as discussed earlier, plaintext quicksort cannot be translated directly into
MP-SPDZ. A correct MP-SPDZ implementation must first recognize that the code block performs sorting and then
restructure the entire computation workflow into an oblivious algorithm, such as oblivious radix sort. Another
example is presented in change ¯ of Figure 2. Traditional transpilers cannot perform such transformation and
would systematically fail in this setting. Consequently, we do not consider transpilers as competitive baselines
for Python-to-MP-SPDZ translation.

Beyond the choice of baseline space, a related but distinct question concerns the internal design of the
generation stage in SPDZCoder. In this stage, the required transformations could, in principle, be implemented
using transpilers. However, an LLM enables these transformations to be performed in an end-to-end manner,
integratingmultiple syntactic transformations within a single step. Moreover, the LLM-based approach is relatively
easier to extend to new libraries and emerging patterns, and is well suited to support future extensions such as
class-level translation. We therefore adopt a unified LLM-based generation design.

6.3 The Potential Benefits of Fine-tuning with Parallel Data.
Effective fine-tuning requires a large and diverse parallel corpus between Python and MP-SPDZ to achieve
robust generalization. Such data is currently scarce for this task, and constructing it would be labor-intensive.
Nevertheless,to illustrate the potential impact of fine-tuning when a certain amount of parallel data is available,
we fine-tune three representative code models, namely Yi-Coder-9B-Chat [2], CodeGeeX4-All-9B [71], and
Qwen2.5-Coder-32B-Instruct [27], using a subset of SPDZEval.

Notably, both Yi-Coder-9B-Chat and CodeGeeX4-All-9B rank among the strongest publicly available code-
generation models under 10B parameters on recent benchmarks [29, 70, 73]. In particular, CodeGeeX4-All-9B is a
multilingual model continually trained on the GLM-4-9B family, which substantially enhances its code-generation
capability. For fair comparison, we report the performance of the three fine-tuned models against SPDZCoder with
GLM-4-9B as its backbone, rather than comparing against much larger models such as GPT-4 or DeepSeek-V3.

We use one-third and one-half of the SPDZEval benchmark for supervised fine-tuning and evaluate the resulting
models on the remaining two-thirds or one-half, respectively. Formally, let the full dataset be denoted as 𝒟, and
we fine-tune models on two types of training splits, 𝒟∗

SFT and 𝒟†
SFT, where the former is obtained by randomly

sampling one-third of the data within each split of 𝒟 and the latter by randomly sampling one-half of the data
within each split. The evaluation sets are their complements, namely 𝒟∗

eval = 𝒟 ∖ 𝒟∗
SFT and 𝒟†

eval = 𝒟 ∖ 𝒟†
SFT,

respectively. Table 11 summarizes the fine-tuning results, and we highlight the main observations below.
First, fine-tuning consistently improves the translation performance of all three vanilla LLMs. For example,

when fine-tuned on 𝒟∗
SFT, CodeGeex-9B achieves an overall accuracies of 46.84% and 51.23% in pass@1 and

pass@2 on 𝒟∗
eval, respectively, significantly surpassing the API-doc-based long-text reasoning approach. This

demonstrates that parallel supervision is effective for enhancing Python-to-MP-SPDZ translation. However, even
with fine-tuning, these models still fall considerably short of SPDZCoder with GLM-4-9B as its backbone, which
achieves an overall functional correctness of 77.57% and 83.92% in pass@1 and pass@2, respectively. Using the
larger training split 𝒟†

SFT yields qualitatively consistent findings.
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Second, the extent of improvement varies with model size. For smaller models, fine-tuning yields large gains,
outperforming the API Doc baseline by over 20% on average. For the mid-sized model, Qwen2.5-Coder-32B-
Instruct, the relative advantage of fine-tuning becomes less pronounced, likely because its stronger long-context
reasoning allows it to better exploit documentation embedded in the prompt. We observe similar trends under
both the 𝒟∗

SFT and 𝒟†
SFT training settings, suggesting a scale-dependent effect: smaller models benefit more from

explicit parallel supervision, whereas larger ones can partially compensate through long-context reasoning.
Finally, increasing the amount of fine-tuning data, from 𝒟∗

SFT to 𝒟†
SFT, further improves the performance of

all three fine-tuned models, indicating that access to more high-quality parallel data can further strengthen the
effectiveness of supervised fine-tuning.

Table 11. Functional correctness (pass@1 and pass@2) of supervised fine-tuning compared with API Doc and SPDZCoder.
SPDZCoder is evaluated with GLM-4-9B as its backbone. Qwen2.5-Coder represents the Qwen2.5-Coder-32B-Instruct model.
All evaluation results are presented in percentage format. The best results are highlighted in bold.

Method
pass@1 pass@2

array loop branch math numpy syntax overall array loop branch math numpy syntax overall

Fine-tune on 𝒟∗
SFT and evaluate on 𝒟∗

eval

SFT
Yi-Coder-9B 78.57 48.44 59.09 32.0 13.96 43.48 43.9 2.14 56.25 59.09 40.0 16.26 47.83 48.78
CodeGeeX4-All-9B 89.29 56.25 59.09 28.0 16.33 34.78 46.84 89.29 67.19 59.09 32.0 18.64 34.78 51.23
Qwen2.5-Coder 85.71 60.94 63.64 40.0 21.04 34.78 50.76 89.29 70.31 63.64 60.0 25.69 43.48 58.56

API Doc
Yi-Coder-9B 35.71 23.44 9.09 12.0 13.85 34.78 21.44 46.43 28.12 22.73 32.0 16.2 43.48 29.74
GLM-4-9B 39.29 21.88 4.55 24.0 23.22 17.39 22.43 57.14 23.44 18.18 32.0 41.79 26.09 32.67
Qwen2.5-Coder 64.29 48.44 40.91 28.0 37.17 47.83 44.87 78.57 68.75 59.09 36.0 48.81 60.87 59.99

SPDZCoder w. GLM-4-9B 78.57 79.69 95.45 92.0 65.17 60.87 77.57 82.14 87.5 100.0 92.0 72.16 73.91 83.92

Fine-tune on 𝒟†
SFT and evaluate on 𝒟†

eval

SFT
Yi-Coder-9B 85.71 60.42 70.59 68.42 21.21 29.41 54.19 85.71 64.58 76.47 73.68 30.3 47.06 60.64
CodeGeeX4-All-9B 80.95 58.33 64.71 52.63 33.33 29.41 52.9 80.95 64.58 70.59 73.68 45.46 41.18 61.94
Qwen2.5-Coder 61.9 77.08 47.06 84.21 30.3 52.94 60.0 76.19 87.5 58.82 84.21 54.54 52.94 71.61

API Doc
Yi-Coder-9B 23.81 18.75 11.76 21.05 21.21 23.53 20.0 38.1 22.92 17.65 36.84 21.21 35.29 27.1
GLM-4-9B 28.57 27.08 5.88 15.79 27.27 11.76 21.93 52.38 27.08 29.41 31.58 36.36 17.65 32.26
Qwen2.5-Coder 71.43 50.0 47.06 36.84 45.46 41.18 49.03 85.71 58.33 76.47 42.11 51.52 52.94 60.0

SPDZCoder w. GLM-4-9B 80.95 83.33 94.12 84.21 48.48 52.94 73.55 80.95 87.5 100.0 89.47 63.64 64.71 80.65

6.4 Trade-offs Between Manual MP-SPDZ Programming and Automatic Translation Pipelines.
An alternative to SPDZCoder is to train developers to write MP-SPDZ code. However, this approach introduces
cognitive and engineering overhead in practice. MP-SPDZ differs from conventional programming languages in
its data obliviousness and the limited availability of mature high-level libraries. Therefore, developers require
considerable domain-specific training to efficiently implement correct MP-SPDZ code.

In contrast, leveraging LLMs to translate existing Python code into MP-SPDZ can improve developer produc-
tivity. Consistent with prior LLM-based code generation methods, SPDZ coder does not aim to eliminate human
involvement or automate deployment, but targets to better harness LLMs for assisting code development.

Reviewing LLM-generated MP-SPDZ code is less labor-intensive than manually writing it from scratch, while
still allowing developers to enforce domain-specific correctness and privacy-preservation requirements through
inspection and testing. Moreover, manually preparing MP-SPDZ test cases in the optional repair stage is less
costly than full-scale manual coding. Test cases typically encode input–output behavior and can be reused across
iterations, leading to a much lower marginal cost. Finally, Addressing the unreliability of LLM-generated test
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cases in this task or opting not to use the optional repair stage can further reduce the human effort required by
the current approach.

6.5 Evaluation Stability under Temperature-Based Stochastic Decoding
In SPDZCoder, we adopt stochastic decoding to generate diverse candidate outputs for pass@k estimation.
A natural concern for reproducibility is whether the evaluation results of SPDZCoder remain stable under
temperature-based stochastic decoding. To examine this, we perform an evaluation stability analysis through
repeated runs with the temperature fixed at 0.7. Specifically, we employ DeepSeek-V3 as the backbone LLM and
repeat the evaluation three times. The results are summarized in Table 12.

We find that both pass@1 and pass@2 exhibit only minor fluctuations across runs, and the variations fall well
within the confidence intervals reported in Table 6. For example, the overall pass@2 score varies within a narrow
range of roughly ±1.6% across repeated runs. These observations indicate that the decoding randomness does not
undermine reproducibility.

Table 12. Functional correctness (pass@1 and pass@2) of SPDZCoder evaluated over repeated runs with DeepSeek-V3 as
the backbone model. All results are presented in percentage format (%). Δ is calculated as the absolute difference.

Run ID
pass@1 pass@2

array loop branch math numpy syntax overall (Δ) array loop branch math numpy syntax overall (Δ)

0 86.05 83.51 100 97.37 83.33 68.57 85.63 95.35 90.72 100 97.37 87.88 77.14 91.05

1 90.7 84.54 97.06 84.21 77.27 80.0 84.67 (0.96%↓) 95.35 91.75 97.06 94.74 84.85 85.71 91.05 (0%)
2 90.7 85.57 91.18 89.47 78.79 74.29 84.67 (0.96%↓) 95.35 92.78 94.12 100 87.88 88.57 92.65 (1.6%↑)
3 86.05 81.44 94.12 86.84 78.79 74.29 82.75 (2.88%↓) 93.02 91.75 97.06 89.47 84.85 80.0 89.46 (1.59%↓)

6.6 Limitations
The methodology of SPDZCoder is reusable when the source language changes; however, it requires a new
analysis of the semantic-expressing differences between that language and MP-SPDZ. Specifically, refactoring
rules that address obliviousness requirements can be directly reused, as these constraints remain consistent across
source languages. In contrast, the remaining refactoring rules and the generation rule depend on the syntactic
complexity of the source language, making them less transferable without modification when the language
contains more sophisticated features beyond Python. In addition, examples used in rule prompts need to be
adapted to the corresponding source language. These adaptation requirements also reflect inherent limitations of
rule-based approaches.

Another limitation is that SPDZCoder is primarily designed to improve the functional correctness of Python-to-
MP-SPDZ translation. As a result, our evaluation does not further measure the runtime communication overheads
of the translated MP-SPDZ code. Moreover, although we report confidence intervals for pass@k on the whole
benchmark, we do not conduct more fine-grained per-split statistical tests. In addition, our functional correctness
evaluation relies on author-written test cases, which may introduce potential bias despite our manual inspection
and validation efforts. Future work may incorporate more systematic differential or metamorphic testing to
further improve the robustness and impartiality of the evaluation.

Finally, our supervised fine-tuning dataset is derived from a subset of SPDZEval and remains relatively small,
while no large-scale public parallel corpus exists for this task. As a result, the performance of fine-tuned models
may not fully reflect the potential achievable with larger or more diverse supervision, and the generalizability of
our observations may therefore be constrained. Expanding the availability of high-quality parallel data remains
an important challenge for future work.
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7 Related Work

7.1 Large Language Models
General LLMs [3, 7, 10, 13, 19, 32, 49, 51, 53–55, 62] have rapidly advanced, demonstrating remarkable capabilities
across diverse tasks. For example, GPT-4o has achieved state-of-the-art performance on code benchmarks[5, 9].
Building on the success of LLMs, many research efforts have leveraged their capabilities to address specific
challenges in software engineering [15, 26, 40, 45, 64], including code translation [46, 66].

Code LLMs are trained on multiple programming languages to support code understanding and genera-
tion. A collection of studies focuses pre-training code LLMs, such as DeepSeek-V2.5 [12], Qwen2.5-Coder [27],
CodeGen [48], CodeGeeX [71], StarCoder [39], and DeepSeek-Coder [23]. Another line of research focuses on
fine-tuning them to improve performance or to adapt them to specific coding tasks, such as WizardCoder[44]
and InstructCodeT5+ [59].

Reasoning LLMs enhance LLMs’ capability in structured logical inference, which is particularly crucial for
coding and mathematical tasks. DeepSeek-R1 [14] is trained via large-scale reinforcement learning (RL) as the
preliminary step, and it achieves performance comparable to OpenAI-o1 on reasoning tasks. Qwen-QwQ [52]
and OpenAI o1 [50] also belong to RLLMs.

Pre-training or fine-tuning LLMs requires large amount of high-quality code corpora, which is scarce in privacy
computing. Instead, we employ long-text reasoning to enhance code translation in baselines.

7.2 Code Translation
Code translation approaches generally fall into three categories: transpiler-based, learning-based and LLM-based
methods. Transpiler approaches [21, 28, 30] rely on program analysis techniques to convert code between
languages but are limited to syntactic transformations. Learning-based methods leverage Transformer-based
architectures, requiring training data to develop deep models for either specific or general code translation tasks.
Notable works in this category include CodeBERT[18], CuBERT[34], GraphCodeBERT[22], CodeT5[60] and
PLBART[1].

Beyond deep learning, LLMs are employed as backbone to perform code translation. For example, UniTrans
[66] incorporates test cases to augment code translation and iteratively repairs bugs for incorrectly translated
programs prompted by test case execution results. InterTrans [46] utilizes a planning algorithm (ToCT) to generate
candidate translation paths, and leverages intermediate translations to enhance code translation. SPDZCoder
also uses LLMs for code translation, but unlike UniTrans and InterTrans, our target programming language is not
familiar to LLMs.

7.3 Code Generation Benchmark
Many works were proposed to benchmark the code generation ability of LLMs [4, 5, 8, 9, 16, 25, 38, 42, 69].
The Mostly Basic Programming Problems (MBPP) dataset [5], consisting of 974 programming tasks, measures
the ability of LLMs to synthesize short Python programs from natural language descriptions. Human-eval[9]
measures functional correctness for synthesizing programs from docstring. Liu et al. proposed an enhanced code
synthesis evaluation framework named EvalPlus[42], which augments HumanEval with large amounts of newly
produced test-cases. Similar work also includes Multi-HumanEval [4]. More recently, parallel with ClassEval[16],
Yu et al. proposed CoderEval[69] to evaluate the effectiveness of code LLMs in generating code beyond only
standalone functions. There are also code generation benchmarks for specific purpose, e.g., type inference [47].
SPDZEval differs from them in terms of coding task and target programming language.
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8 Conclusion
We propose SPDZCoder, a data-free framework designed to teach LLMs to harness code translation in privacy
computing settings. SPDZCoder utilizes expert-defined rules to help LLMs learn the unique ways and constraints
of expressing common semantics in MP-SPDZ, without requiring experts to manually generate massive amounts
of training data. It addresses this task by considering semantic-expressing differences at various levels, lever-
aging the refactoring and generation stages to mitigate these differences at high and low levels, respectively.
Furthermore, SPDZCoder incorporates execution messages from test cases as feedback, guiding LLMs to rectify
incorrectly translated programs. To evaluate SPDZCoder against recent advanced baselines, we introduce SPDZE-
val, a benchmark dataset tailored for this task. Extensive experimental results demonstrate that SPDZCoder
significantly outperforms strong baselines and maintains consistent effectiveness across different LLM backbones.
Our work provides new insights into teaching LLMs to synthesize privacy computing code from existing plaintext
implementation and suggests that SPDZCoder can facilitate better code translation practices within the privacy
computing community. For future work, we aim to extend SPDZCoder to support translation at file-level program
granularity. We provide the research artifact for this study 5, which includes the source code, execution scripts,
dataset, and documentation.
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A Appendix

A.1 Translation Example
We provide a qualitative example below to illustrate how SPDZCoder progressively translates Python code into
MP-SPDZ code through the transformation rules introduced in Section 3.2. The example implements an RMSProp
update step and demonstrates transformations from the original Python program to Canonical Form Python
(CFP), and subsequently from CFP to MP-SPDZ.

In the refactoring stage, SPDZCoder first rewrites Python-specific constructs into simpler and more explicit
forms while preserving the original program semantics. As shown in Figure 6, the list comprehension used to
initialize s is expanded into an explicit for loop. Similarly, the loop based on enumerate(zip(grads, layers))
is transformed into an index-based loop. These transformations remove high-level Python syntactic sugar and
expose the underlying data access and control-flow structure, yielding a CFP program that is structurally closer
to MP-SPDZ.

In the generation stage, SPDZCoder translates the CFP program into MP-SPDZ code while largely preserving
its control-flow structure. The remaining translation mainly involves replacing Python and NumPy abstractions
with MP-SPDZ-specific types and operations. For example, floating-point constants are represented using sfix,
and the state vector is initialized using an Array of sfix values followed by assign_all(0). NumPy operations
are also rewritten using their MP-SPDZ-compatible counterparts: element-wise squaring is expressed through
explicit multiplication, while square-root computation is performed using the sqrt() operation provided by
the MP-SPDZ type. Consequently, after refactoring, the CFP-to-MP-SPDZ transformation becomes largely a
structurally aligned translation.

This example highlights the pipeline of SPDZCoder: instead of requiring LLMs to directly bridge the semantic
differences between Python and MP-SPDZ in a single step, SPDZCoder first normalizes the source program into
CFP and then performs a more localized domain-specific translation.
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import numpy as np
def RMS_prop_step(grads, layers):

"""
Root mean square propagation step.
"""
alpha = 0.5
beta = 1.0
s = [np.zeros_like(grad) for grad in grads]
for i, (grad, layer) in enumerate(zip(grads, 

layers)):
s[i] = beta*s[i] + (1-beta)*grad**2
grad = alpha * (grad/(np.sqrt(s[i])))
layer = layer+grad

return layers

import numpy as np
def RMS_prop_step(grads, layers):
"""
Root mean square propagation step.
"""
alpha = 0.5
beta = 1.0
s = []
for grad in grads:

s.append(np.zeros_like(grad)) # Explicitly using 
append here to build the list

for i in range(len(grads)):
grad = grads[i]
layer = layers[i]
s[i] = beta * s[i] + (1 - beta) * np.square(grad)
grad = alpha * (grad / np.sqrt(s[i]))
layers[i] = layer + grad

return layers

Python

CFP

from Compiler.types import Array, sfix

def RMS_prop_step(grads, layers):
"""
Root mean square propagation step.
"""
alpha = sfix(0.5)
beta = sfix(1.0)
s = []

# Initialize s[i] for each grad in grads with zeros of the same size
# for grad in grads:
s.append(Array(len(grad), sfix)) # Create an Array of sfix with the 
same length as grad
s[-1].assign_all(0) # Assign all elements to 0

for i in range(len(grads)):
grad = grads[i]
layer = layers[i]

# Update s[i] = beta * s[i] + (1 - beta) * grad^2
temp = grad * grad # Element-wise square of grad
s[i] = s[i] * beta + temp * (sfix(1) - beta)

# Update grad = alpha * (grad / sqrt(s[i]))
temp = grad / s[i].sqrt() # Element-wise division followed by sqrt
grad = temp * alpha

# Update layer
layers[i] = layer + grad

return layers

MP-SPDZ

refactor: eliminate syntax sugar

refactor: use basic statement 

From CFP to MP-SPDZ: almost parallel translation

Fig. 6. A translation example of SPDZCoder
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