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Fig. 1. Experimental methodology. The process is divided into two main steps: (1) The Dataset construction, which starts from the filtered Rosetta Code
dataset and terminates in the H-AfRosettaMP, obtained via code translation, comprising 90 (sub-)datasets. Each dataset is labeled by the author (Human or
Al) and 1s represented by dst (the language of the dataset) and src language (the provenance of the Al-generated part of the dataset): (2) The model training,
that shows the process leading to 90 monolingual models (one per dataset) and 1 multilingual model.
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ROSETTA CODE coda Al labeled part
translation ﬁ
ARRAY CONCATENATION JAVA
PYTHON Translate this

..ullI ] tI 1 I u
n print(len(['apple’, public class Main {

I::> ffgﬁ%?e,{]:‘nm Java |::> public static void main{String(]
- args) {System.out.printin{len{new

print(len(['apple’, 'orange)) Here is the translated . .
/ code\n\n™ String([] {"apple”, "orange”}));}

PYTHON

public static int len{String[]varr)
1 _ { return arr.length;}}

print{len(['apple’, ‘'orange"))

Human labeled part

JAVA

JAVA,

public class ArrayLength {
public static void

public class ArrayLength {

main(String(] Ellrgﬁ]l { public static void
Sylstem.?ut.pn:ntln{new —y main(String[] args) {
“Strlng[l{: apple”, System.out.printin{new
‘orange }.length); } } String[}{"apple”,

"orange"}.length); } }

Fig. 2. Code translation step. The human-labeled part of the dataset (the ArrayLength Java class here) 15 a solution to a task from Rosetta Code (Array
concatenation). The Al-labeled part is obtained via code translation (from Python to Java) wsing StarCoder 2. Input to the translation 1s a human-written
solution for the same task, in a different programming language.
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TABLE II
ACCURACY (%) OF ALL TRAINED CLASSIFIERS WHEN SOLVING THE Al CODE STYLOMETRY TASK.

A=

Mh-oT-.

Language tested

Prov. accuracy

Prov. language C++ C C# Go Java  Javascript Kotlin Python Ruby  Rust (avg. + std)

Monolingual models
C++ - 88.3 87.8 910 814 86.2 91.0 87.2 86.2 84.0 B7T.0+29
C §9.9 - 909 915 920 90.9 04.1 89.9 88.8 88.8 90.8 + 2.0
C# 75.5 87.8 - 036 883 01.5 02.5 87.8 88.3 88.8 BR.24+49
Go 947 947 872 - 90.9 095.2 04.7 84.0 90.4 85.6 90.8 £ 4.1
Java 91.5 920 867 920 - 89.4 92.5 87.8 88.8 83.0 89.3+29
Javascript 909 952 883 915 877 - 03.1 85.6 90.4 84.0 89.6 + 3.4
Kotlin 984 920 947 926 941 96.8 - 94.1 94.7 39.9 941+ 2.4
Python 925 952 E19 909 909 90.9 96.3 - 71.6 85.1 89.0£5.9
Ruby 904 963 86.7 931 87.7 894 04.1 78.2 - 86.2 89.1 £ 5.0
Rust 883 978 909 B73 047 91.5 87.8 RE.8 89 .4 - 90.7T £ 3.3
Language accuracy 90.2 93.2 BR3 915 BO.T 091.3 92.9 87.0 88.3 86.1 -
(avg. £ std) + + + + + + + + + +

5.9 33 34 1.7 3.8 3.0 2.3 4.1 4.3 2.3

Multilingual model
Multilingual model accuracy 888  BE.3 84.0 B94 824 79.3 87.8 79.3 80.8 81.4 84.1 + 3.8
Multilingual model F1 8.8 BEE 8B40 B93 824 78.9 87.8 8.8 80.5 81.1 84.0 - 4.0
Multilingual model AUC 04.1 949 918 939 B§99 90.4 04.6 90.8 88.6 939 92.3+2.1
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TABLE IV
COMPARISON BETWEEN THE ACCURACY OF BASELINES CLASSIFIERS [23], [33] AND CLASSIFIERS INTRODUCED IN THIS WORK. BEST RESULTS FOR
EACH COLUMN ARE SHOWN IN BOLD.

Tested language
Model Java C++ Python Javascript C# C Go Ruby Rust Kotlin

Baseline models

RF Java [23] 79.3 - - - - - - - - -
J48 Java [23] 86.9 - - - - - - - - -
RF C++ [23] - 83.5 - - - - - - - -
J48 C++ [23] - 89.5 - - - - - - - -
XGB-TF-IDF Python [33] - - 92.6 - - - - - - -
Proposed models
Java (monolingual) 941 839 B7.7 90.6 889 B804 867 86.6 85.0 31.3
C++ (monolingual) 893 984 88.0 90.7 86.7 895 86.1 87.0 86.2 24.1
Python (monolingual) 63.1 82.4 94.1 90.2 585 B36 587 9.7 84.0 44.1
Multilingual 824 888 79.3 79.3 840 883 894 80.8 81.4 87.8
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Fig. 6. Accuracy of our best-performing monolingual models. The dashed
orange line corresponds to the Kotlin row in Table II (in-distribution). The
solid blue line shows the accuracy of the same models on test sets with
a different language provenance (potentially out-distribution, as is general
translating solutions for the same task from different languages to the same
language will result in different smppets). Model performances degrade
sienificantly in the latter case.
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Fig. 6. Accuracy of our best-performing monolingual models. The dashed
orange line corresponds to the Kotlin row in Table II (in-distribution). The
solid blue line shows the accuracy of the same models on test sets with
a different language provenance (potentially out-distribution, as is general
translating solutions for the same task from different languages to the same
language will result in different smppets). Model performances degrade
sienificantly in the latter case.
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