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Abstract—Mobile platforms dominate software development,
yet transpiling code between Kotlin (Android) and Swift (iOS) re-
mains a major challenge. This task is essential for cross-platform
accessibility, particularly when porting iOS apps to Android.
Despite its importance, research on Kotlin–Swift transpilation
and particularly, fixing these transpilation bugs is scarce. We thus
present the first large-scale study of Kotlin–Swift transpilation
bugs. We identify 149 real-world bugs, introduce a taxonomy
of common bug types, and propose new mutation operators to
address them. Combined with existing operators, our proposed
operators have potential to fix 101 of these bugs. Building on the
taxonomy of transpilation bugs and the mutation operators we
develop to repair them, we lay out a research agenda for reliable,
fully-automated, end-to-end software transpilation workflows for
the mobile domain.

Index Terms—mobile, transpilation, bug repair, Swift, Kotlin

I. INTRODUCTION

Mobile applications are ubiquitous, with the industry domi-
nated by Android and iOS [1]. As such, developers often need
to transpile code between Kotlin (Android) and Swift (iOS).
Transpilation, automatically transpiling source code written in
one programming language to another [2], can streamline this
process. Reliable automated transpilation between Kotlin and
Swift would improve developer productivity, reduce duplica-
tion, and enhance accessibility. This is especially important
when porting applications from iOS (Apple) to Android as
some applications are developed solely for iOS, despite An-
droid being more widely used due to affordability [3].

Despite this practical need, research on Kotlin-Swift transpi-
lation is limited, as evidenced by the small number of mobile-
focused papers identified in a previous systematic review [4].
Schneider and Schultes conducted an evaluation of three
rule-based transpilers for Kotlin and Swift [5] that analysed
transpilation issues. However, the study did not provide a
bug taxonomy nor offer solutions to fix the issues, as the
focus was on language coverage of the subject transpilers.
Additionally, the results may not reflect the current state of
the art, due to updates to transpilers since. There is existing
work on fixing transpilation bugs in general [6] but none focus
on mobile-specific languages like Kotlin and Swift. Recent
research [6] shows that transpilation remains an unsolved
problem, even in well-studied classical language pairs. For
mobile, the challenge is even more underexplored, despite high
practical impact.

In this study, we situate our approach within the context
of Automated Program Repair (APR) [7], [8], in particular,
the search-based branch. It uses heuristics to explore the vast
search space of possible changes to the code via mutation
operators to automatically find fixes for software bugs. In
this work, first, we transpile a set of input code based on
Kotlin and Swift language constructs bi-directionally, using a
rule-based and an LLM-based transpiler. We then manually
analyse the transpiled code to identify and classify bugs into
an appropriate bug taxonomy. Following this, we suggest how
existing mutation operators could be used to fix bugs in an
automated manner. We propose 3 novel mutation operators
specifically targeted at fixing transpilation bugs between Kotlin
and Swift. Overall, we identified 149 bugs across all transpila-
tions, which we classified into an existing bug taxonomy, and
further classified the bugs into derived finer-grained categories.
Finally, we test the efficacy of large language models in
fixing the identified transpilation bugs. This study is a step
forward towards fully automated Kotlin-Swift transpilation
for mobile, and highlights promising directions for future
research. Insights from our study can help developers identify
transpilation bug patterns in mobile apps, provide fix patterns
for search-based APR tooling, and as context for LLM-based
approaches. To aid replicability we provide our data [9].

II. KOTLIN-SWIFT TRANSPILATION STUDY

In order to understand the types of errors in mobile code
transpilations and propose ways of automating their repair,
we conducted a study guided by the following questions:
RQ1: What is the effectiveness of the selected tools in code
transpilation between Kotlin and Swift? RQ2: What types of
bugs occur when transpiling between Kotlin and Swift? RQ3:
What types of mutation operators can be used to reduce the
number of bugs in the transpiled code? RQ4: What is the
efficacy of LLMs guided by fix patterns in improving the
accuracy of bug fixing in Kotlin-Swift code transpilation?

1) Transpilers: SequalsK [10] was chosen as the subject
transpiler out of available (7 total) tools, as it was the only one
that was bi-directional, not deprecated, and showed promising
results in previous work [5]. CodeLlama [11] was chosen as
the subject LLM following a review of relevant literature. It
meets two key criteria: it has empirical evidence of being an
effective transpilation tool [12] [13] and it is open-source,
providing wide availability.
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2) Data Collection: We use Schneider and Schultes’ [5]
test code as a starting point. It covers 98 language constructs
for the Swift to Kotlin transpilation direction, and 94 language
constructs for the Kotlin to Swift transpilation direction. The
data for our study was collected by transpiling the input test
code using the chosen tools. We transpiled all the Kotlin test
code files into Swift and all the Swift test code files into
Kotlin. The transpilation using SequalsK [10] was done as
follows: for each file in the test code, we copied and pasted
the input code into the SequalsK website, and then copied
the transpiled code from the output into a separate file. We
accessed the CodeLlama-7B-Instruct variant, of size 7 billion
parameters, via the Ollama library (version 0.11.6). We created
a custom Python script to send a pre-determined prompt to
the CodeLlama model containing the input code and save its
output into a designated output file. The aim of this study is
not to examine how different prompts can be used to produce
more optimised results. Therefore, we use the same “vanilla
prompt” template as Pan et al. [14] which refers to a prompt
that only contains 4 basic pieces of information: instructions
in natural language to perform the transpilation task, source
language, target language, and the code to be transpiled.

3) Data Analysis: After transpiling the input code, each
output was manually compared to its expected output file,
and any potential bugs were noted. The expected output
files, transpiled by Schneider and Schultes [5], served as
ground truth. Following this, the bugs were classified into
the bug taxonomy defined by Catolino et al. [15], which
provides a general bug taxonomy. Categories were then further
refined. Thematic analysis was used for this process [16].
The themes identified were the different root causes for the
bugs under the pre-existing umbrella taxonomy. Lastly, the
resulting taxonomy was examined to determine which bugs
could potentially be fixed using mutation operators. Based on
this analysis, mutation operators were proposed to repair the
bugs automatically.

4) Large Language Model Set Up: To identify a suitable
prompt for CodeLlama, we experimented with zero-shot, one-
shot and few-shot prompts, from which a one-shot prompt
approach consisting of the task, buggy code and only short
descriptions of mutation operators produced better bug fixes.
Providing just the buggy code snippet, rather than the full file,
also improved results. The final prompt used is listed in Fig. 1.
In practice, a fault localisation tool could be integrated in the
framework to provide the location of the bug. Finally, all buggy
code transpilations were input into the LLM. Outputs were
manually analysed to assess if a suitable fix was generated.

III. RESULTS

A. RQ1: Tool Effectiveness

After transpiling the test code, we manually analysed the
output for bugs to assess transpilation tool effectiveness. The
results are presented in Table I. ‘Bugs’ are defined as transpiled
code that differs from the expected transpilation as indicated
in the test code files, which would lead to behaviour that is
incorrect in relation to the expected behaviour of the code.

Fig. 1. Prompt Used for Kotlin Code Snippets to Fix Buggy Code

TABLE I
TOTAL BUGS IDENTIFIED ACROSS ALL TRANSPILED CODE.

Transpilation Bugs
SequalsK CodeLlama Total

Kotlin to Swift 20 27 47
Swift to Kotlin 45 57 102

Total 65 84 149

A total of 149 bugs was identified across all the transpi-
lations. We observed that CodeLlama transpilation ouptputs
contained more bugs compared to SequalsK, across both
transilation directions. Both tools produced more bugs when
translating from Swift to Kotlin than from Kotlin to Swift.
Next, we present a few examples of the identified bugs.

Bug: Transpilation of switch Statement and when
Expression In Swift a switch statement can be transpiled
into a Kotlin when or a cascading if-else statement. Both
tools sometimes handled these cases incorrectly.

Bug: Array/List Types A common bug in both tools and
transpilation directions was incorrect transpilation of varying
data structure types. In particular, incorrect transpilations for
array and list types occurred a total of 14 times.

RQ1: SequalsK outperforms CodeLlama in
Kotlin–Swift transpilation tasks, with fewer bugs
in both directions (13.42% vs. 18.12% for Kotlin to
Swift, and 30.20% vs. 38.26% for Swift to Kotlin).
Both tools struggle more with Swift to Kotlin, where
bug rates more than double.

B. RQ2: Transpilation Bug Types

The identified bugs all fall under the category of “Program
Anomaly” in the general bug taxonomy [15]. Thus, we provide
a more detailed taxonomy based on our results.

1) Mobile Transpilation Bug Taxonomy: Fig 2 presents the
results of our proposed mobile transpilation bug taxonomy
split by transpilation tool and direction. The four main bug
categories are: Incorrect Code, Extra Code, Missing Code and
Earlier Transpilation Error Carried Forward (bugs caused by
earlier bugs in the code). As expected, the ‘Incorrect Code’
category is the most common reason for a bug, followed by
‘Missing Code’ and ‘Extra Code’. The pattern of frequency
is consistent across both transpilation directions and tools.
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Fig. 2. Bug Distribution By Tool and Transpilation Direction.

Additionally, the SequalsK transpilation tool and the Kotlin
to Swift transpilation direction has no bugs caused by Extra
Code or Errors Carried Forward and has the least number of
bugs overall (only 20), while other configurations have over
30 bugs in one single category.

2) Finer-Grained Sub-Categories of the Bug Taxonomy:
Within these categories, there are further finer-grained sub-
categories derived that provide more detailed context as de-
tailed in Table II. The most popular sub-category is the ‘Incor-
rect Type’ at 23 bugs, followed closely by ‘Incorrect Invalid’
(invalid code) at 21 and ‘Incorrect Swift Concepts/Keywords’
at 20. ‘Missing Specific Value’ is the most common sub-
category within the ‘Missing Code’ category, whilst ‘Extra
General Code’ is the most common for the ‘Extra Code’
category. Unsurprisingly, the sub-categories which are quite
specific such as the ‘Extra New Line’, and ‘Extra Cast’ are
the least common with at most 2 issues. However, some less-
specific sub-categories are also uncommon, such as ‘Extra
Function’ which has 1 issue.

RQ2: All bugs fell under the ‘Program Anomaly’
category. They can be further split into: ‘Incorrect
Code’ (65.77%), ‘Missing Code’ (21.48%), ‘Extra
Code’ (8.72%) and ‘Error Carried Forward’ (4.02%).

C. RQ3: Mutation Operators for Transpilation Bugs

Following on from the taxonomy, we propose mutation
operators that could be used to enhance automated repair
tooling to fix transpilation bugs between Kotlin and Swift.

Existing generic mutation operators [17] can be used to
reduce the bugs occurring during transpilations: Deletion can
address any bugs caused by ‘extra’ code, making it applicable
to 13 bugs. Insertion of statements could also be utilised
to copy code snippets from the existing program and insert
them randomly within the transpiled code. Potentially any bugs
caused by ‘missing’ code could be fixed using this mutation
operator, making it applicable to 32 bugs. However, these
provide a more general rather than strategic approach to reduce
the number of bugs.

We identify three novel mutation operators to provide a
targeted approach towards reducing the number of transpila-
tion bugs. Firstly, the Variable Type Mutation mutation could
tackle the common bug seen where the transpiled type of a

variable was wrong. The mutation would involve identifying
variables in the code, and randomly mutating the type of the
variable from a pre-defined list of variable types. Second, the
Library Import Insertion would involve randomly inserting
common import statements into the beginning of the code.
The source of the import statements could be a list of common
libraries in Swift and Kotlin. Additionally, this could be further
customised based on the type of transpilation, and which
libraries are more common for certain code tasks. Finally, the
Skeleton Code of Key Concepts/Keywords Insertion mutation.
A common bug was caused by an incorrect transpilation of
specific Kotlin and Swift concepts or keywords. For example,
the Kotlin when expression is usually transpiled into the Swift
switch statement or a cascading if-else statement, which
was commonly incorrectly transpiled. This mutation would
insert skeleton code of common concepts. Profiling could be
used to provide targeted code insertions.

RQ3: Existing generic mutation operators of ‘deletion‘
and ‘insertion’ can be used to reduce the numbers of
bugs. Additionally, 3 novel mutation operators have
been proposed, that are targeted at specifically re-
ducing transpilation bugs occurring when transpiling
between Kotlin and Swift. Together they have potential
to fix 101 out of 149 bugs in our dataset.

D. RQ4: Efficacy of Large Language Models

Overall, CodeLlama provided adequate fixes for 12 out of
149 total bugs. Results are shown in Table III. Majority of bug
fixes (11 of 12) were for SequalsK transpilations, with only
1 fix for CodeLlama. Fixes introduced no incorrect code, and
redundant code was limited to LLM comments. Unfortunately,
none of the proposed fixes explicitly made use of the mutation
operators included in the prompt. Using larger models and
further prompt engineering may improve results. Nonetheless,
this study demonstrates that it is possible to integrate an
LLM into a framework to reduce the number of bugs in
transpilations between Kotlin and Swift.

RQ4: CodeLlama, using our enhanced prompt, pro-
vided 12 suitable bug fixes out of 149 tested bugs, with
11 for SequalsK and 1 for CodeLlama transpilations.

IV. RESEARCH AGENDA

As this study provides an initial exploration of the bugs that
occur during transpilation between Kotlin and Swift, it opens
several avenues for future research. The taxonomy presented
for transpilation bugs helps identify common pain points in
transpilation tools and for developers in the mobile industry.
Here, we propose mutation operators that target specific bug
patterns, which is a first step towards systematically testing
and improving transpilers and LLMs in transpilation tasks.
These suggested operators can be used to inject mutations,
when mutation testing, to assess the quality of code. They are

109



TABLE II
FINER-GRAINED BUG TAXONOMY SUB-CATEGORIES WITH DESCRIPTION OF EACH CATEGORY AND SUB-CATEGORY.

Category Sub-Category Number Description
Incorrect Invalid 21 Code that is entirely invalid, with no identifiable atomic issue.
Incorrect Kotlin Concepts/Keywords 13 Code containing errors specific to Kotlin concepts/keywords.
Incorrect Object-Oriented 10 Errors in object-oriented concepts (constructors, classes, etc)
Incorrect Specific Value 2 Very specific value is incorrect.
Incorrect Swift Concepts/Keywords 20 Code containing errors specific to Swift concepts/keywords.
Incorrect Type 23 Incorrect code relating to types of variables.
Incorrect User-Defined Functions 3 Code with errors in transpiling user-defined functions.
Incorrect Function 6 Incorrect built-in functions used.
Extra Cast 2 Code with unnecessary type casting.
Extra Function 1 An extra function wrapper in the code.
Extra General Code 6 General extra valid code, such as extra methods.
Extra Invalid 3 Invalid code due to extraneous, non-transpiled additions.
Extra New Line 1 Extra new line character.
Missing Imports 8 Missing imports in the transpilation.
Missing Return 3 Missing code relating to return values
Missing Object-Oriented 3 Missing object-oriented concepts (constructors, classes, etc)
Missing Specific Value 9 Missing very specific code, such as a specific value/keyword.
Missing Transpilation 7 Transpiled code missing corresponding parts from input code.
Missing Type 2 Missing type specifications.
Error Carried Forward Earlier Error Carried Forward 6 Issue directly due to an earlier error in transpilation.

TABLE III
RESULTS FOR NUMBER OF BUGS FIXED BY THE LLM

SequalsK CodeLlama
Fixed Not Fixed Fixed Not Fixed

Kotlin to Swift 5 15 0 27
Swift to Kotlin 6 39 1 56

Total 11 54 1 83

equally applicable to be used to detect common bug patterns
in transpiled code between Kotlin and Swift. LLMs can fill
in the gaps where rule-based tools fall short. Insights from
the suggested mutation operators and bug taxonomy can be
used to guide both prompt designs and repair workflows in
LLMs. This opens a path towards fully-automated transpilation
repair in mobile development. Finally, a new framework can
be built that automates this workflow, through combining
bug taxonomy, mutation-based program repair and LLM-based
repair. This framework could serve as a platform for research
and tool development to improve transpilation quality.

V. CONCLUSIONS & FUTURE WORK

Transpilation in the mobile industry is an under-explored
area of research within software engineering. Here, we provide
an initial overview into the bugs occurring when transpiling
between Kotlin and Swift using automated tools. We present
a taxonomy for the identified bugs and suggestions for novel
mutation operators to enhance program repair techniques for
fixing transpilation bugs. We identified 149 bugs in our dataset,
of which 101 are potentially fixable with the proposed mu-
tation operators. Additionally, we tested the efficacy of the
CodeLlama LLM guided by the suggested mutation operators
in fixing those bugs, generating 12 suitable fixes. Insights from
this work can be used to improve rule-based and LLM-based
transpilation approaches and potentially derive a new frame-
work to automate the suggested workflow. This study is a step

forward towards fully automated Kotlin-Swift transpilation,
and highlights promising directions for future research.
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