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Abstract
During software evolution, developers commonly face the problem
of mapping a specific code region from one commit to another. For
example, they may want to determine how the condition of an if-
statement, a specific line in a configuration file, or the definition of
a function changes. We call this the code mapping problem. Existing
techniques, such as git diff, address this problem only insufficiently
because they show all changes made to a file instead of focusing on
a code region of the developer’s choice. Other techniques focus on
specific code elements and programming languages (e.g., methods
in Java), limiting their applicability. This paper introduces Code-
Mapper, an approach to address the code mapping problem in a way
that is independent of specific program elements and programming
languages. Given a code region in one commit, CodeMapper finds
the corresponding region in another commit. The approach consists
of two phases: (i) computing candidate regions by analyzing diffs,
detecting code movements, and searching for specific code frag-
ments, and (ii) selecting the most likely target region by calculating
similarities. Our evaluation applies CodeMapper to four datasets,
including two new hand-annotated datasets containing code re-
gion pairs in ten popular programming languages. CodeMapper
correctly identifies the expected target region in 71.0%–94.5% of
all cases, improving over the best available baselines by 1.5–58.8
absolute percent points.
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1 Introduction
Tracking code across different commits during the evolution of a
project is a vital step for many software development tasks. An em-
pirical study [4] reports that developers examine software histories
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for a variety of reasons, such as keeping up with changes done by
others, understanding the impact of code that the developers are
currently developing, and identifying changes that have introduced
an error. The study highlights that developers are often most inter-
ested in changes affecting their current task, and that a common
strategy is to traverse commits with a specific goal in mind. These
observations imply that developers do not necessarily want to see
all changes, but rather map specific code regions of interest from
one commit to another. Questions on Stack Overflow also show
that developers want to identify and track specific changes, e.g., by
checking the evolution of a variable,1 or by finding changes on a
specific code region.2 The discussions around these posts show that
currently available tools do not fully address developers’ needs.

Git, a popular version control system, provides git diff, with vari-
ous options to show code changes. By default, git diff computes diffs
at the line-level, i.e., showing which lines are removed and added. It
also supports word-level diffs with the “–word-diff” option. While
git diff is powerful, it has limitations when it comes to mapping
specific code regions from one commit to another. One limitation is
that it reports all changes. However, as noted by Codoban et al. [4]
and the posts mentioned above, developers sometimes prefer to
focus on specific parts of a change, and they struggle to find a tool
for this purpose. Another limitation is that it may fail to accurately
match code fragments, especially when the changes are complex.
Git also provides “git log -L”, which shows the commit history for a
specified range of lines. However, it relies on Git’s history tracking
mechanisms, which also underlie git diff, and hence suffers from
the same limitations.

Figure 1 shows an example demonstrating the limitations of git
diff. From version 1 to version 2, the function print is modified and
relocated. However, git diff identifies the changes as deleting code
and adding new code (Figure 1a). Instead, a developer interested in
mapping this function from version 1 to version 2 would benefit
from a tool that accurately recognizes the movement (Figure 1b,
yellow). The git diff output also makes it difficult to see how the
usage of the self.y attribute in the compute function evolves, which
ideally should be shown as illustrated in Figure 1b (orange).

We refer to the problem of mapping a specific code region from
one commit of a project to another commit as the code mapping
problem. To address this problem, we present CodeMapper, a code
mapping approach designed to focus on specific code regions of
the developer’s choice. Given a code region in one commit, Code-
Mapper finds the corresponding region in another commit. The

1How to track changes to a variable’s value in a JavaScript file? [30] and
How to track changes to a specific value in a Python config file? [31]
2Can git diff show only the lines around a specific term? [32]
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(a) Line-level diff.

Version 1. Version 2.

(b) CodeMapper maps a larger region (highlighted in yellow)
and a smaller region (highlighted in orange).

Figure 1: Example of mapping code regions in Python. Red and green highlighting is code that got deleted and added according
to git diff. The yellow and orange highlighting shows correctly mapped code regions, as provided by CodeMapper.

approach works in two phases. In the first phase, it computes can-
didate regions by running several techniques with complementary
strengths. Specifically, the first phase runs git diff with several al-
gorithms and levels of granularity to identify hunks that modify or
relocate the source region. The approach then checks for anymoved
code and provides details if a region got relocated. Additionally, the
approach performs a text search to find exact occurrences of the
given code region in the new file. In the second phase, CodeMapper
selects the most likely candidate region by computing the similarity
between the source region and all candidate regions, while also
considering the code around these regions.

Our work on addressing the code mapping problem is not meant
to replace git diff, but rather to complement it by enabling develop-
ers to focus on a specific code region of their choice. While prior
work has addressed related problems, we are not aware of any ex-
isting approach that addresses the general code mapping problem.
One related line of work focuses on tracking specific code elements,
such as a method or a variable, across the entire version history of
a project [11, 12, 17]. That work gets evaluated based on its ability
to find the commits that modify the specific code element and to
identify the kinds of changes made to the code element in these
commits. In contrast, our problem formulation assumes two com-
mits to be given and focuses on mapping a specific code region from
one commit to the other. Another line of work creates a new version
history in which each method is stored in a separate file named
by its fully qualified class and method name [13, 14]. In contrast,
our approach does not require rewriting history, and it supports
tracking arbitrary code regions, instead of focusing on specific code
elements. CodeMapper also differs from all the above work by being
language-agnostic, instead of relying on language-specific parsers
and heuristics, making it more widely applicable.

We evaluate CodeMapper on four datasets: two newly created
datasets with annotated code regions of various sizes and in ten pop-
ular languages, an existing dataset containing histories of Python
comments that suppress static analysis warnings, and a dataset de-
rived from prior work on tracking the history of code elements in
Java [12, 17]. The results demonstrate CodeMapper’s effectiveness
in mapping code regions and clear improvements over tools that

are currently used in practice (line-level and word-level git diff).
Depending on the dataset, the approach achieves an exact match
rate of 71.0%–94.5%, with a recall of 78.1%–97.7% and a precision of
76.4%–97.4%. The results improve over the best available baselines,
e.g., by 1.5–58.8 absolute percent points in terms of exact match rate.
In addition to being more effective, CodeMapper is also sufficiently
efficient for interactive usage, with an average execution time of
2,327 milliseconds to map a code region.

In summary, this work makes the following contributions:

• The first approach to the code mapping problem that is indepen-
dent of a specific programming language and the kind of code
region to map.
• Two reusable datasets, together containing 200 carefully anno-
tated pairs of code regions mapped across pairs of commits in
ten popular programming languages.
• Experiments that demonstrate CodeMapper to clearly outperform
the current state of the art (git diff) in terms of effectiveness, while
providing an efficiency that is on par with currently used tools.

2 Approach
2.1 Terminology and Problem Definition
Before presenting our approach, we define important terms used
in this paper and the problem we are addressing. When developers
change code, they transform an old version of the code into a new
version. Because CodeMapper supports mapping code regions both
forward and backward in time, we avoid using terms like “old” and
“new” to refer to versions. Instead, we refer to the version from
where the region gets mapped as the source and the version where
the region gets mapped to as the target. To identify a contiguous
block of changed code, we use the common term hunk, i.e., a con-
tiguous block of lines that have been added, deleted, or modified
between two file versions:
Definition 1 (Hunk). A hunk is a tuple, 𝐻 = (lstartsource, 𝑙

end
source,

𝑙 starttarget , 𝑙
end
target ), where 𝑙 startsource and 𝑙endsource are the first and last line of

the changed block in the source version, and 𝑙 starttarget and 𝑙
end
target are

the first and the last line of the changed block in the target version.
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To define a fragment of code to map, we use character-level
granularity:
Definition 2 (Character range). A character range is a tuple, R =
(l1, c1, l2 , c2), where l1 and c1 are the line number and the character
number where the range starts, and l2 and c2 are the line number
and the character number where the range ends.

All numbers in such a tuple start at one, l1 <= l2 , and a range
includes at least one character. Based on the character range, we
define a region of code:
Definition 3 (Region). A region is a tuple, G = (c, f, R) where 𝑐 is
a commit hash, 𝑓 is the file path of the file containing the region,
and 𝑅 is the character range of the region.

Finally, we define the problem we are addressing, which is to
map a given region from one commit to its corresponding region
in another commit:
Definition 4 (Code mapping problem). Given a source region
𝐺source = (𝑐source, 𝑓source, 𝑅source) and a target commit 𝑐target , deter-
mine the corresponding target regionGtarget = (𝑐target , 𝑓target , 𝑅target ) .

The target region can fall into one of three cases: First, the source
region and target region are the same, because the code in 𝑓source
has not changed. Second, the target region differs from the source
region. Third, the source region does not exist anymore in the target
commit, e.g., because the code was deleted, which we represent
with the special value 𝐺target = (⊥,⊥, ∅). Our work supports all
three of these cases. Moreover, we address this problem without
assuming a specific programming language or kind of program
element to map, allowing developers to map arbitrary code regions
across different versions of a project.

Note that the code mapping problem differs from the code track-
ing problem [11, 12, 17] in terms of what is assumed to be given, as
well as when and how developers may want to use approaches that
address these problems. For code tracking, a single commit 𝑐 and
a specific code element 𝑒 (e.g., a variable or a method) are given,
and the task is to find all commits that modify 𝑒 and the kinds of
changes made to 𝑒 in these commits. This is useful when developers
want to understand the history of a specific code element, e.g., to
understand how a method evolved over the project’s lifetime. In
contrast, the code mapping problem, as addressed here, assumes
two commits 𝑐source and 𝑐target , and a specific code region in the
source commit, to be given. The code region may correspond to
a specific code element, but it may also be a fragment of a code
element or encompass multiple code elements. The code mapping
problem is useful when developers want to understand how the
differences between two commits impact a specific code region,
e.g., when reviewing commits made by others.

2.2 Overview
Figure 2 gives an overview of our approach for tackling themapping
problem. The approach receives a source region and yields the
corresponding target region. It consists of two phases: computing
candidate regions and selecting the target region.

In phase 1, CodeMapper uses three techniques to compute can-
didates for the target region. The motivation for using multiple
techniques is that no single technique is perfect on its own. Instead,
by combining these techniques, we increase the ability of Code-
Mapper to identify the correct region. The first technique builds on

Source region

Movement
detection

Text searchDiff-based candidate
extraction

Refinement of
candidate regions

Phase 1: Computing Candidate Regions

Phase 2: Target Region Selection

Target region

Similarity computationDeduplicated candidate regions

Figure 2: Overview of CodeMapper.

a standard diff computation to obtain hunks, extracts those hunks
that either modify the source region or affect its location, identi-
fies candidate regions from those hunks, and then further refines
them to precisely identify the beginning and end of the region.
The second technique builds on the hunks to detect moved code.
Finally, the third technique searches for occurrences of the text in
the character range of the source region in the target file, which is
motivated by the fact that the hunks may be inaccurate. Each of the
three techniques produces a set of candidates, which the approach
deduplicates and then gives to phase 2.

In phase 2, CodeMapper selects the most likely candidate as the
target region by computing the similarity between each candidate
region and the source region. To compute the similarity between
two regions, the approach compares the code in the regions them-
selves, as well as some contextual code, using Levenshtein distance.

Algorithm 1 provides a more detailed summary of the two phases
of our approach, with further discussion in Sections 2.3 and 2.4.

2.3 Computing Candidate Regions
CodeMapper employs three techniques to compute candidates for
the target region, as described in the following.

2.3.1 Diff-Based Candidate Extraction. This technique uses hunks
in a diff report to extract candidate regions. The approach performs
four steps. At first, it computes the hunks between the source and
target commits based on an existing “diff” tool (line 2 in Algo-
rithm 1). For each hunk, the approach then determines the posi-
tional relationship between the source region and the hunk (lines 4
to 14). The third step computes candidate regions based on the
positional relationship (lines 15 to 16). Finally, the approach refines
the candidate regions to obtain more precise results. We present
each of these four steps in more detail in the following.

Step 1: Extracting Hunks. Because different diff algorithms may
produce different results, CodeMapper uses four different algo-
rithms to increase the likelihood of finding the correct candidate
region. The four algorithms are all implemented in the “git diff”
tool: (i)myers, the default algorithm, (ii)minimal, spends extra time
to make sure the smallest possible diff is produced, (iii) patience,
tends to be more human-readable, and (iv) histogram, extends the
patience algorithm to support low-occurrence common elements.
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Algorithm 1: CodeMapper
Input: Source region Gsource : (csource, fsource, Rsource ) ,

repository repo, target commit ctarget
Output: Target region Gtarget : (ctarget , ftarget , Rtarget )
// Phase 1: Computing candidate regions

1 Candidates, overlappingInfo← ∅
2 diffs← getDiffReports (repo, csource, ctarget , fsource )
3 for diff in diffs do
4 for H in getHunks (diff ) do
5 overlapLoc ← checkOverlap (H , Rsource )
6 if overlapLoc == “fully covered” then
7 addUniqueCandi (𝐶𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒𝑠,

getRefinedRanges (H , fsource, Rsource ) )
8 else if overlapLoc in {“top”, “middle”, “bottom”} then
9 overlappingInfo← (overlapLoc,H )

10 else if overlapLoc == “disjoint” then
11 if H .lendsource < Rsource .𝑙1 then
12 updateCandidateLineNums (Rsource,H )

13 if lineNumsoverlapping == lineNumssource then
14 break

15 for info in overlappingInfo do
16 addUniqueCandi (Candidates, getCandidates (info) )
17 if Rsource is fully_deleted then
18 addUniqueCandi (Candidates, detectMovements (Rsource ) )
19 addUniqueCandi (Candidates, searchTexts (Gsource ) )

// Phase 2: Target region selection

20 similaries← computeSimilarity (Gsource,Candidates)
21 targetIdx ← similaries.index (max (similarities) )
22 Gtarget ← Candidates[targetIdx ]
23 return Gtarget

In addition, we configure “git diff” to apply these algorithms at the
line-level and at the word-level, resulting in a total of eight diff
reports. CodeMapper deduplicates these reports and proceeds to
extract candidate regions from the deduplicated reports.

Step 2: Determining Positional Relationships. Given the hunks in
a diff report, CodeMapper determines which hunks are relevant
for the source region by analyzing their positional relationship.
We consider a hunk to be relevant if it either modifies the source
region or affects its location. To collect relevant hunks, CodeMapper
considers threemajor categories of positional relationships between
the source region and hunks, as shown in Figure 3, which we further
describe in the following:
i Fully covered: The source region is fully covered by a hunk, i.e.,
the hunk is relevant.

ii Overlapping: The source region overlaps with one or more
hunks at the top, middle, or bottom, i.e., the hunk is relevant.
Specifically, we consider four cases: top overlapping, bottom
overlapping, top-bottom overlapping, and middle overlapping.

iii Disjoint: The source region does not overlap with any hunk, i.e.,
its content remains unchanged. However, if the location of the
source region change because of the hunks preceding it, then
the hunk is relevant.

...

...
Unchanged
Changed
Source region

Hunk
Unchanged line(s)

(ii) Overlapping

Top overlapping

Candidate
region

Top-bottom overlapping

...

...

...

...

...

...

Bottom overlapping Middle overlapping

(i) Fully covered

...

...

(iii) Disjoint

...

...

Figure 3: Positional relationships between a source region
and hunks.

[Version 1] a= values.old
[Version 2] a= values.updated

[Word-level diff] a = [-values.old-]{+values.updated+}
[CodeMapper] a= values.old  >>  values.updated  Map

Add
Delete

Figure 4: Refinement of candidate regions.

Step 3: Extracting Candidate Regions. After identifying the rel-
evant hunks, CodeMapper extracts candidate regions from them
(function getCandidates in line 16 of Algorithm 1). Recall from Def-
initions 2 and 3 that the range of a candidate region is represented
as Rtarget=(l1, c1, l2 , c2 ). For hunks that fully cover the source region,
CodeMapper first checks whether the region has been removed
in the target commit. To this end, the approach checks whether
the target block (lstarttarget , l

end
target ) of a hunk is empty, and if so, gener-

ates the special candidate region (⊥,⊥, ∅). Otherwise, CodeMapper
continues by determining a coarse-grained candidate range by as-
signing c1 to a default value 1, c2 to the length of line lendtarget in the
target file, and updating the candidate range as (lstarttarget , 1, l

end
target , c2 ).

Then, the refinement step described in the following paragraph
will refine the range to make it more precise, e.g., by excluding
unrelated characters. For overlapping hunks, e.g., in the case of top
overlapping (refer to Figure 3), the candidate region is a combina-
tion of two parts: one where the source region overlaps with the
top overlapping hunk (marked with a blue box), and another that
remains unchanged (marked with an orange box). CodeMapper gets
a coarse-grained start position of Rtarget by setting (l1, c1) as (lstarttarget ,
1), and searches the unchanged part to get the (l2 , c2 ). Then, the ap-
proach runs the refinement step to get a refined start position. The
other overlapping cases are handled similarly. For disjoint hunks,
CodeMapper first initializes candidate ranges to be the same as the
source range, and then updates the line numbers by accounting for
the changes caused by the hunks located above the source region
(line 12).

Step 4: Refinement of Candidate Regions. To motivate the fourth
and final step of our diff-based candidate extraction, consider the
example in Figure 4. The code change in the first two lines modifies
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old into updated. Suppose the source region is old, i.e., ideally, we
want to find updated as the target region. However, word-level diff
gives the candidate region values.updated, even though it identifies
changes at the word level, the candidate is still insufficiently precise.

To obtain more precise candidate regions, CodeMapper refines
the candidate regions extracted from hunks that fully cover a source
region and from overlapping hunks (excluding middle overlapping).
Intuitively, the refinement step aims to adjust the start and end
positions of the candidate regions to more closely match the source
region. Algorithm 2 summarizes the refinement step, which takes
three inputs: a source range Rsource , a reference hunk Href , and a
candidate range Rtarget . The Href depends on the scenario:
• If a hunk fully covers the source region, then Href is Hfully_cover ,
which is used to refine both the start and end positions of the
candidate region.
• For top overlapping and bottom overlapping hunks, the reference
hunk is Htop and Hbottom, respectively.
• For a top-bottom overlapping hunk, CodeMapper runs the al-
gorithm twice: Htop as Href for refining the start position and
Hbottom as Href for refining the end position.
The algorithm shows the details on how to get the refined start

position of a candidate region. To refine the end of the region,
CodeMapper follows a similar approach, but analyzing the Href
in reverse. The algorithm starts by identifying in the reference
hunk the first line containing a delete operation. This ensures that
the refinement starts from the most significant point of change,
aligning with the start line of the source region. Subsequently, the
algorithm uses a word-level diff report to extract text fragments,
which represent individual changes, such as deletions, unchanged
segments, and additions in the line. For each such fragment, Code-
Mapper calculates fragment lengths and updates character indices
(line 7). If the current character index exceeds the starting character
position, the algorithm further refines the position at the character-
level (line 5). At the character-level, the algorithm identifies the
overlap between the current fragment and the start of the source
region, and then uses this information to exclude any preceding
characters not present in the source region. Finally, the algorithm
outputs a refined candidate range R′target .

For example, in Figure 4, CodeMapper checks the overlap be-
tween the fragment values.old and source characters old, excludes
the values., and gives a candidate updated.

2.3.2 Movement Detection. Developers sometimes move code frag-
ments via cut-and-paste from one location to another. Unfortu-
nately, git diff may not always detect such movements, which could
lead CodeMapper to miss the correct target region. For example,
the print(s) in line 9 is moved to line 14 in Figure 1b, but Figure 1a
misidentifies it is deleted. To address this issue, CodeMapper in-
cludes a movement detection technique that identifies moved code
fragments, which is loosely inspired by prior work on generating
edit scripts [15]. We consider two kinds of movements: (i) Vertical
movements: Lines are cut-and-pasted to another location, without
modifying the lines. (ii) Horizontal movements: Lines are moved
inside or outside a structural unit, such as a block of code.

To identify otherwise missed movements, CodeMapper marks a
source region as potentially moved if it is fully deleted according
to line-level git diff. For any such potentially moved source regions,

Algorithm 2: Refinement of candidate ranges.
Input: Source region with range Rsource : (ls1, cs1, ls2, cs2 ) , reference

hunk: Href , candidate range Rtarget : (lt1, ct1, lt2, ct2 )
Output: Refined candidate range: R′target : (l′t1, c′t1, lt2, ct2 )

1 l′t1 ← getFirstModifiedLine (Href )
// Identify text fragments in the modified line

2 currentSrcCharIdx, cndCharIdx ← 0
3 for fragment in l′t1 do
4 if currentSrcCharIdx ≥ cs1 then

// Further refine character indices

5 c′t1 ← computeStartChar (Rsource, fragment, cndCharIdx )
6 break

7 currentSrcCharIdx, cndCharIdx ←
updateCharIndices (fragment, currentSrcCharIdx, cndCharIdx )

8 R′target ← (l′t1, c′t1, lt2, ct2 )
9 return R′target

the approach checks all hunks to find a corresponding movement.
Specifically, it checks for hunks that contain all lines of the source
region as newly added lines, which detects vertical movements,
and for hunks that contain the source region’s lines except for
whitespace, which detects horizontal movements. If such a match
is found, it adds those “added” lines as a candidate region. This step
is summarized as detectMovements in line 18 of Algorithm 1.

2.3.3 Text Search. As a third technique to identify candidate tar-
get regions, CodeMapper searches for the exact string from the
source region in the target file. Text searching is typically useful
for relatively small source regions, e.g., a single variable or a short
expression, which may get lost in a larger hunk. The approach adds
any exactly identical occurrences of the source region in the target
file as candidate regions (Algorithm 1, line 19).

2.4 Target Region Selection
The approach described so far (phase 1) results in three sets of
candidates: diff-based, movement-detected, and searched. Phase 2
selects the most likely target region from these candidates. At first,
CodeMapper merges and deduplicates these sets. Next, it computes
the similarity (details in next paragraph) between the source region
and each candidate region. Finally, the approach selects the candi-
date with the highest similarity score as the target region. If multi-
ple candidates have the same priority, CodeMapper heuristically
prioritizes the diff-based candidates over the movement-detected
candidates, and then the searched candidates. A benefit of ranking
all candidates and then selecting the most similar one is that we
avoid the need to set a similarity threshold [5, 28], which can be
challenging to determine and may lead to incorrect results [24].

To compute the similarity of a source region and a candidate
region, CodeMapper considers both the content of the regions and
their context. As a similarity metric, we use Levenshtein similarity,
which is based on the number of character-level edits required to
transform one string into another. Other metrics, e.g., based on neu-
ral code embeddings could be easily integrated into CodeMapper,
but we have chosen Levenshtein similarity for its simplicity.
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Because the correct target region may modify the code in the
source region, computing the similarity only between these two re-
gions may give misleadingly low similarities. Instead, CodeMapper
also considers the context of these regions, i.e., a fixed number of un-
changed lines before and after these regions. Function computeSimilarity
(Algorithm 1, line 20) receives a source region Gsource and a set
of candidates as inputs. It iterates through each candidate region
Gtarget and computes its similarity to the source region as follows:

simil(addContext (𝐺𝑠𝑜𝑢𝑟𝑐𝑒 ), addContext (𝐺𝑡𝑎𝑟𝑔𝑒𝑡 ))

where the function addContext () retrieves the context for each
region. One exception to the above is that CodeMapper does not add
any context when computing the similarity for movement-detected
candidate regions. The rationale is that moved code fragments are
likely to have different context lines in the source and target files,
as the surrounding lines are often changed when the region is
relocated. We set the context size as 15 lines before and 15 lines
after the region. This size strikes a balance: A smaller size risks
incorrect candidate regions occasionally sharing the same context
lines, while a larger size may reduce the impact of the actual region.
Section 3.4.1 evaluates the impact of the context size on our results.

3 Evaluation
3.1 Research Questions
Our evaluation investigates the following research questions:

RQ1 Effectiveness: How effective is CodeMapper in finding the target
region for a given source region?

RQ2 Impact of parameters and components: How do different pa-
rameters and components impact CodeMapper’s effectiveness?

RQ3 Efficiency: How much execution time does CodeMapper take?

3.2 Experimental Setup
3.2.1 Datasets. We apply CodeMapper to three datasets, which
are all based on real-world commits. Table 1 provides an overview
of the datasets, which we explain in more detail in the following.

Annotated Data A and B. As there is no existing dataset for the
code mapping problem, we create and manually annotate two new
datasets, called Data A and Data B. Each dataset consists of 100
pairs of a source region and its corresponding target region. We
start by selecting 20 projects on GitHub based on programming
language and popularity. Specifically, we pick ten programming
languages that are popular on GitHub, randomly select two popular
projects for each language, and then randomly sample from the
latest 200 commits of each project. To avoid trivial code mapping
tasks, we select only files that are modified in the chosen commits.
To select source and target commits, we define commit distance as
the number of commits between source commit and target commit
that change the specified file. We sample half of the source-target
pairs from neighboring commits, i.e., a commit distance of one, and
the other half from non-neighboring commits with a maximum
distance of five. Additionally, we randomly choose for each pair a
mapping direction (forward or backward), i.e., whether the old or
the new code version serves as the source.

Next, we annotate source-target pairs, covering four change
operations: no change (25%) and change, move, and delete (75%).

For Data A, we first manually select a source region and then its
corresponding target region. To encompass various scenarios, we
annotate source regions of different sizes (each contributing 20%):
single identifier or word, single expression or part of a sentence,
single line, multiple lines, and structural unit. For Data B, to further
reduce bias, we select source regions automatically and annotate
only the corresponding target regions manually. To prevent mean-
ingless source ranges, e.g., a generated source region starting in the
middle of a token, we compute the Abstract Syntax Tree (AST) of
each selected file with tree-sitter, and then generate source regions
with three strategies (each contributing 33.3%): (i) randomly select
a single node as a source region, (ii) randomly select a sequence
of consecutive sibling nodes as a source region, and (iii) randomly
select a sequence of consecutive lines as a source region. The gen-
erated source regions vary in size, ranging from individual tokens,
over partial and full lines, to multiple consecutive lines. Given the
automatically generated source regions, we manually annotate the
target regions. For both Data A and Data B, two of the authors
annotate each example individually. One annotator is a PhD-level
researcher, the other is a senior researcher. Both have over five
years of experience in software development and extensive expe-
rience in software evolution. The annotation process leads to an
initial agreement on 94/100 and 92/100 examples, followed by a
discussion during which the annotators resolve any disagreements.

Data from Suppression Study. CodeMapper is valuable not only
for helping developers find target regions based on a given source
region, but also for enabling empirical studies on software evolution.
For example, our approach could be used to support empirical
studies on the evolution of specific kinds of code elements, such
as type annotations [10], comments [16], or suppressions of static
analysis warnings [16]. To evaluate this usage scenario, we reuse
a dataset from a study on suppressions in Python code bases [16].
The term “suppression” here refers to the intentional practice of
ignoring certain warnings generated by static analysis tools by
adding an annotation or special comment into the code. The existing
dataset contains histories of suppressions, i.e., a sequence of code
changes that tracks a specific suppression across the lifetime of a
project. The original dataset has been created by a custom tool that
tracks suppressions in Python code bases, and has been validated for
correctness by the original authors [16]. We here evaluate whether
CodeMapper could have been used to map suppressions in Python
code bases from one commit to another, which would have saved
the effort of creating a custom tracking tool.

The suppression study data consists of 187 source-target pairs,
each representing a change that modifies a suppression in a Python
file. We target all code changes used in the original study where (i)
the file containing the suppression still exists in the new version
and (ii) the line containing the suppression is involved in a change.
In addition, the original dataset contains changes where entire
files are deleted and where the line containing the suppression is
not changed at all. We exclude these changes here because those
suppressions are trivial to map.

Data from Prior Work on Code Tracking. To further evaluate
generalizability, we build on a dataset from CodeTracker, i.e., prior
work on code tracking [12, 17]. Since our code mapping task differs
from their code tracking task (cf. end of Section 2.1), we process
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Table 1: Summary of datasets.

Annotated data Suppression
study data

CodeTracker data

Data A Data B Variable Block Method

Programming language(s) Python, Java, JavaScript, C#, C++,
Go, Ruby, TypeScript, PHP, HTML Python Java

Number of projects 20 8 10
Number of source-target pairs 100 100 187 530 949 526
Avg. char size of source region 210.5 39.8 26.1 7.8 784.6 930.4
Avg. char size of target region 204.8 31.5 13.3 7.7 742.2 904.8
Avg. commit distance 2.1 2.0 – 15232.5 4626.6 3695.0
Direction of change 50% forward, 50% backward 100% forward 100% backward

recall =
overlapping_chars

all_ground_truth_chars

precision =
overlapping_chars

all_target_region_chars

F1-score = 2 · recall · precision
recall + precision

* overlapping_chars is the number of
common characters between the target
region and the ground truth.

char_dist =
��𝑖 − 𝑖′�� + ��𝑗 − 𝑗 ′

��
Figure 5: Evaluation metrics.

their data to retrofit it to the codemapping task. The original dataset
contains ground truth histories of variables, blocks, and methods in
Java projects, where each history consists of a sequence of commits
[𝑐1, 𝑐2, ..., 𝑐𝑛] that modify the code element. To transform this data
into a code mapping dataset, we extract all pairs of commits that
are consecutive in the given code element history, i.e., (𝑐𝑖 , 𝑐𝑖+1) for
𝑖 = 1, ..., 𝑛 − 1. Note that the project’s history may contain many
other commits in between such a pair of commits, which affect
the code around the code element in question, but not the code
element itself. Furthermore, to fit the existing data into our code
mapping task, we require the code region (Definition 2) of the code
element to be specified in both commits. To this end, we parse the
corresponding code files and extract the detailed location of the
changed code elements. Following the original work [12, 17], the
task is to map the code regions backward in time, and we focus
on the “test” partition of the entire dataset. After this processing,
we obtain a total of 2,005 source-target pairs, including 530 for
variables, 949 for blocks, and 526 for methods.

3.2.2 Baselines. We compare CodeMapper against two baselines:
line-level git diff and word-level git diff, which we refer to as diffline
and diffword, respectively.We select these baselines because they are
widely used in practice and because our approach builds on them.
Given a source region, we use git diff to identify its relevant hunk(s).
Then, we use the corresponding hunk(s) in the target commit as
the target region. This process mimics what a developer trying to
map a code region would do using git diff.

In addition to reusing data from prior work on code tracking (Sec-
tion 3.2.1), we also considered directly comparing against work on
code tracking. The twomost recent approaches are CodeTracker [12,
17] and FinerGit [14]. However, these approaches are not directly
comparable to CodeMapper because they address a different prob-
lem, namely the problem of finding the commits in which a method,
variable, or code blocks gets changed (cf. Section 3.2 of [17] and
Section 5.1 of [14]).3 In contrast, our work assumes a source commit
and a target commit to be given, and aims to identify the target
region in the target commit that corresponds to a source region in
the source commit.

3.2.3 Evaluation Metrics. We evaluate an identified target region
by comparing it with a ground truth using several metrics. First,

3CodeTracker is also evaluated on its ability to determine the kind of code change,
e.g., whether method’s documentation or parameters have changed, but this is not the
focus of our evaluation.
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  7 
  8 export function useAttrs(): 
            SetupContext['attrs']
  9
10 export function useSlots(): 

    SetupContext['slots']

  6 export const h: CreateElement
  7 
  8 export function useSlots(): 

    SetupContext['slots'] 
  9 export function useAttrs(): 
            SetupContext['attrs']
10 export function useListeners(): 

    SetupContext['listeners']

Deleted
Deleted

Ground truth 

CodeMapper

Figure 6: A source region involved in a vertical movement.
Only CodeMapper finds an exact match of the target region.

we check whether the target region overlaps with the ground truth.
If yes, we further distinguish between an exact match, i.e., the
predicted target region is exactly the same as the ground truth and
a partial overlap. In addition, we compute for all target regions the
metrics in Figure 5. Finally, for partial overlaps, we compute the
character distance between the target region and the ground truth.
To compute this, we view the target region and the ground truth
as substrings in the sequence of characters of a file, ranging from
indices 𝑖 to 𝑗 and 𝑖′ to 𝑗 ′, respectively. The character distance is
defined as shown in Figure 5. For example, if one region starts at
20 and ends at 55, and the other region starts at 18 and ends at 63,
then the character distance is |20 − 18| + |55 − 63| = 10.

3.3 RQ1: Effectiveness
3.3.1 Results on Data A. The leftmost block (Data A block) of
Table 2 shows the results of mapping code regions in the Data A.
As there are 100 tasks in the dataset, all percentages mentioned in
the following equal the absolute numbers. CodeMapper identifies
95% overlapping target regions, compared to diffline with 89% and
diffword with 86%. Specially, our approach successfully identifies
77% exactly matched target regions, outperforming both diffline
(43%) and diffword (54%). The exact matches include eight cases
where both baselines fail to identify movements, while CodeMapper
provides exact matches by utilizing its movement detection. The
character distance indicates that the 18 partial overlaps of Code-
Mapper are 55.2 characters away from the expected regions, on
average, which is clearly better than both baselines (147.0 and 71.1
characters). That is, even when the approach cannot exactly identify
the target region, it still provides more precise regions than the
baselines.

Figure 6 shows an example where a source region is moved
vertically, with lines 8 and 10 swapped. The source and expected
target regions are highlighted in yellow. Both baselines misidentify
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Table 2: Results on Data A, Data B, and Suppression study data.

Data A Data B Suppression study data

diffline diffword CodeMapper diffline diffword CodeMapper diffline diffword CodeMapper

Overlapping 89 (89.0%) 86 (86.0%) 95 (95.0%) 91 (91.0%) 87 (87.0%) 91 (91.0%) 133 (71.1%) 125 (66.8%) 156 (83.4%)
Exact matches 43 (43.0%) 54 (54.0%) 77 (77.0%) 44 (44.0%) 54 (54.0%) 71 (71.0%) 41 (21.9%) 41 (21.9%) 151 (80.7%)
Char. dist. 147.0 71.1 55.2 59.1 61.7 18.5 199.4 194.1 29.2
Recall 0.890 0.849 0.932 0.906 0.859 0.892 0.709 0.666 0.834
Precision 0.656 0.741 0.889 0.681 0.721 0.883 0.351 0.377 0.824
F1-score 0.705 0.766 0.898 0.721 0.741 0.882 0.412 0.433 0.827

Table 3: Results on CodeTracker data: Variable, Block, and Method.

Variable Block Method

diffline diffword CodeMapper diffline diffword CodeMapper diffline diffword CodeMapper

Overlapping 432 (81.5%) 363 (68.5%) 414 (78.1%) 890 (93.8%) 890 (93.8%) 871 (91.8%) 516 (98.1%) 516 (98.1%) 516 (98.1%)
Exact matches 225 (42.5%) 226 (42.6%) 401 (75.7%) 702 (74.0%) 746 (78.6%) 776 (81.8%) 449 (85.4%) 489 (93.0%) 497 (94.5%)
Char. dist. 643.6 882.6 75.8 989.6 1287.2 126.4 615.8 1522.0 384.3
Recall 0.815 0.685 0.781 0.927 0.924 0.904 0.977 0.977 0.977
Precision 0.449 0.455 0.764 0.877 0.880 0.900 0.962 0.962 0.974
F1-score 0.468 0.469 0.767 0.885 0.886 0.898 0.962 0.962 0.972

79 export function
             registerServerReference<T>(
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83 ): ServerReference<T> {

Figure 7: A close match found by refining candidate regions.

the source region as deleted. Instead, CodeMapper benefits from
its movement detection (Section 2.3.2) and finds the exact target
region, highlighted in green.

Figure 7 illustrates the importance of refining candidate regions.
Both baselines report a region much larger than the expected target
region. Although CodeMapper does not achieve an exact match, its
output is very close to the ground truth. This is mainly because it
successfully refines a diff-based candidate (Step 4 of Section 2.3.1).

3.3.2 Results on Data B. The Data B block of Table 2 presents the
results on this dataset. CodeMapper identifies 71% exact matches,
surpassing diffline at 44% and diffword at 54%. It also achieves the
lowest average character distance of 18.5 characters. diffword has
a larger average character distance than diffline because character
distance is calculated only for partial overlaps, and diffline has
fewer partial overlaps. This indicates that diffline incorrectly maps
some cases, while diffword provides a partial overlap. Additionally,
CodeMapper achieves the highest precision (0.883) and the highest
F1-score (0.882). However, diffline attains the highest recall (0.906),
followed by CodeMapper with a recall of 0.892. This difference
occurs because diffline always assigns a line-level target region,
even when only a single token within the line is affected. These
results, consistent with those for Data A, show that CodeMapper is
effective at finding target regions for varying sizes of source regions
across different programming languages.

170 if err != nil {
171    logger.LogIf(ctx, fmt.Errorf("grid:
                reading connect: %w", err))
172    w.WriteHeader(http.StatusForbidden)
173    return
174 }

170 if err != nil {
171   writeErr(fmt.Errorf( 

"reading connect: %w", err))
172    w.WriteHeader(http.StatusForbidden)
173    return
174 }

Deleted

Ground truth 
CodeMapper

Figure 8: An exact match found by searching texts.

Figure 8 provides an example where the line containing the
source region has changed, but the source region itself remains the
same. diffline reports the entire modified line (highlighted in blue)
as the target region, and diffword identifies the change as a deletion.
Meanwhile, CodeMapper benefits from text search (Section 2.3.3)
and accurately detects an exact match, marked with green color.

3.3.3 Results on Suppression Study Data. The “Suppression study
data” block of Table 2 summarizes the results of mapping Python
suppressions. CodeMapper identifies 151 (80.7%) exact matches,
outperforming both diffline and diffword, which both identify only
41 (21.9%) exact matches. This improvement of 58.8 absolute percent
points is mainly due to refinements of candidate regions, the move-
ment detection, and the text search. CodeMapper also significantly
reduces the character distance to 29.2, showing an improvement
over diffline (199.4) and diffword (194.1). It also achieves the high-
est recall at 0.834, the highest precision at 0.824, and the highest
F1-score at 0.827. Excluding the 21.9% exact matches found by all
three approaches, the difference between the partial overlaps arises
because diffword focuses on detailed intra-line changes, whereas
diffline considers entire lines. Entire lines have a higher chance of
overlapping with the expected target regions. In contrast, by trying
to identify detailed changes, diffword achieves a lower character
distance and a higher precision of 0.377 (diffline with 0.351).

Figure 9 shows an example where a suppression is deleted in the
target file. The baselines give incorrect mappings for the source



CodeMapper: A Language-Agnostic Approach to Mapping Code Regions Across Commits ICSE ’26, April 12–18, 2026, Rio de Janeiro, Brazil

1 """Classes for heterogeneous graphs."""
2 
3 # pylint: disable=unnecessary-pass
4 class DGLBaseHeteroGraph(object):
5     """Base Heterogeneous graph class.
6 
7     A Heterogeneous graph is defined as 

    a graph with node types and edge
8     types.

19 class DGLBaseHeteroGraph(object):
20     """Base Heterogeneous graph class.
21
22     Do NOT instantiate from this class directly; 

use:mod:`conversion methods
23     <dgl.convert>` instead.
24 
25  A Heterogeneous graph is defined as 

  a graph with node types and edge
26     types.

Ground truth 
CodeMapper

Deleted

Deleted

Figure 9: Only CodeMapper correctly recognizes that the
source region gets deleted.

region. This could mislead an empirical study on suppression evo-
lution by suggesting that the suppression is moved or changed.
Instead, CodeMapper correctly identifies the deletion, matching the
expected ground truth.

3.3.4 Results on CodeTracker data. Table 3 presents the mapping
results on the CodeTracker data. CodeMapper identifies the most
exact matches and the smallest character distances for partial over-
laps across all three types of program elements. Specifically, Code-
Mapper achieves exact match rates of 75.7% for variables, 81.8% for
blocks, and 94.5% for methods, outperforming the baselines by up
to 33.2 percentage points. Compared to the other three datasets,
the results show relatively larger character distances, which can
be attributed to the characteristics of CodeTracker data: Variables
are generally small and may occur multiple times, causing par-
tial overlaps to cover larger code regions. For blocks and methods,
since their source and target regions are much larger (as shown
in Table 1), a partial overlap that fails to correctly identify the ex-
pected start or end lines may include multiple extra lines, which
increases the character distance. In line with the other datasets,
CodeMapper achieves the highest precision and F1-score, showing
its contribution over the state of the art.

3.3.5 Analysis of Incorrect Target Regions. To gain insights into
cases where CodeMapper selects incorrect target regions, we ana-
lyze 219 corresponding cases from the four datasets. We observe
three recurring reasons for incorrect target regions: (i) Semantic
changes not accurately captured by diff : This category includes 98
cases where semantic changes are not accurately captured by diff.
For example, in one case, x:CompileBindings="True" was removed,
and ClassModifier="internal" was added, which diff incorrectly
reported as a match, even though the source region was actually
deleted. (ii) Coincidental occurrences of the source region: This com-
prises 75 cases where coincidental occurrences of the source region
appear at unrelated locations. CodeMapper mitigates this kind of
mis-selection by using unchanged lines as context. (iii)Detecting file
renames and movements: Detecting file renames and movements is
generally challenging, especially when a file undergoes significant
changes. CodeMapper uses git log to detect file renames and move-
ments, which sometimes (46 cases) fails to identify the correct file
in the target commit. Language-specific techniques for detecting
file names and movements, such as RefactoringMiner [29], as used
by CodeTracker [12, 17], could mititgate this issue, but is inherently
limited to the programming language it supports.

3.3.6 Impact of Programming Language. To investigate whether the
mapping results differ across programming languages, we analyze
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Figure 10: F1-scores with different context sizes.

the results of Data A and B grouped by language. For Data A, F1-
scores range from 0.698 to 1.000, with examples including Python
(0.950), Java (0.853), and Ruby (1.000). For Data B, F1-scores range
from 0.750 to 1.000, with examples including JavaScript (0.870), C++
(0.871), and Go (0.980). We attribute these variations in F1-scores to
the randomized procedure of creating these datasets. For instance,
a particularly complex source region appearing in one language
could lower the F1-score for that language. Additionally, the fixed
annotation ratios (e.g., 25% no-change, 50% forward time-order)
and the inclusion of non-code files (e.g., Markdown and YAML)
contribute to an unbalanced number of source regions across lan-
guages. Although the possibility of language-specific trends cannot
be entirely excluded, the present results do not provide consistent
or statistically significant evidence to support this conclusion.

Answer to RQ1: CodeMapper is effective at mapping code
regions for various kinds of source regions across different
programming languages. The approach identifies 77.0% exact
matches for Data A, 71.0% for Data B, 80.7% for the suppression
study data, 75.7% for CodeTracker data variable, 81.8% for block,
and 94.5% for method, surpassing the best available baselines
by 1.5–58.8 absolute percent points.

3.4 RQ2: Impact of Parameters and
Components of CodeMapper

To better understand the impact of different parameters and compo-
nents of CodeMapper on its effectiveness, we conduct two ablation
studies: one examining different context sizes and another analyz-
ing specific components of the approach.

3.4.1 Context Size. CodeMapper uses code context to help identify
target regions (Section 2.4). We evaluate different context sizes
and present the corresponding F1-scores in Figure 10. We plot the
F1-score as it represents the overall trend and in line with the
other metrics. The results show that using a context size of five or
more provides better results than small values, meaning that Code-
Mapper effectively leverages contextual information. At the same
time, context sizes between 5 and 20 provide similar effectiveness,
i.e., the approach is robust to minor changes of this parameter. We
use 15 as the default context size in all other experiments.



ICSE ’26, April 12–18, 2026, Rio de Janeiro, Brazil Huimin Hu and Michael Pradel

0.00 0.25 0.50 0.75 1.00

Disable diff-based
candidate extraction

Disable candidate
refinement

Disable movement
detection

Disable text search

Disable context-aware
similarity

CodeMapper

0.310

0.960

0.882

0.930

0.790

0.932

0.310

0.816

0.838

0.847

0.747

0.889

0.310

0.849

0.848

0.867

0.758

0.898

Data A

0.0 0.2 0.4 0.6 0.8

0.430

0.926

0.882

0.809

0.672

0.892

0.429

0.852

0.873

0.749

0.665

0.883

0.429

0.874

0.872

0.755

0.662

0.882

Data B

0.0 0.2 0.4 0.6 0.8

0.497

0.829

0.829

0.703

0.717

0.834

0.497

0.814

0.818

0.507

0.710

0.824

0.497

0.817

0.822

0.552

0.712

0.827

Suppression study data

0.0 0.2 0.4 0.6 0.8

0.454

0.689

0.886

0.644

0.837

0.887

0.455

0.680

0.878

0.589

0.830

0.879

0.455

0.680

0.878

0.594

0.830

0.879

CodeTracker data
Recall
Precision
F1-score

Figure 11: Ablation study of different components.

3.4.2 Importance of Different Components. We study five variants
of the approach, each with one part disabled. Specifically, we disable
diff-based candidate extraction, refinement of candidate regions,
movement detection, text search, and the context-aware similarity
metric. Figure 11 shows the results of the ablation study for the
four datasets. The results show that diff-based candidate extraction
is the most critical component, as disabling it leads to the largest
decrease in all metrics. This is unsurprised since CodeMapper relies
on diff reports for basic line mappings. Without it, the approach
relies solely on movement detection, which helps only when the
code region actually was moved, and text search, which helps only
when the code region is unchanged. Disabling text search leads
to a relatively large drop for the suppression study data and the
CodeTracker data, with F1-scores decreasing from 0.827 to 0.552
and from 0.879 to 0.594, respectively. This is mainly because text
search remains effective at mapping unchanged code regions, such
as some suppressions and variables, highlighting its contribution
to the overall performance. Disabling the other components also
reduces the effectiveness, either on some or all datasets. For ex-
ample, disabling movement detection significantly reduces recall
on Data A, missing seven moved code regions that CodeMapper
identifies as an exact match. Another example is that refining candi-
date regions increases precision, e.g., from 0.816 to 0.889 on Data A,
which is exactly what this component is designed for.

We further analyze the contribution of the four git diff algorithms.
The results indicate that CodeMapper identifies 2,405 candidates
solely due to one of the three non-default algorithms: 1,955 from
patience, 305 from histogram, and 145 from minimal (Section 2.3.1).
From these 2,405 candidates, phase 2 of our approach selects 74 as
target regions, leading to 22 exact matches and 23 partial overlaps.
Given the relatively low computational cost of running multiple
diff algorithms (Section 3.5), CodeMapper uses all four algorithms
to increase the chance of collecting more candidate regions.

Answer to RQ2: Considering contextual lines helps in select-
ing the most likely target region, and CodeMapper is robust to
minor changes of context size. Each component of CodeMapper
enhances its overall effectiveness, with the diff-based candidate
extraction and text search being the most critical.

3.5 RQ3: Efficiency of CodeMapper
To measure efficiency, we record the execution times of Code-
Mapper. Figure 12 visualizes the overall execution time, averaged
over five runs. In its default configuration, CodeMapper takes 2,327
milliseconds to compute a target region. Because the baselines do
not first compute candidate regions and then select the best target
region, they are faster, with an average of 1,624 and 1,628 millisec-
onds for diffline and diffword, respectively. Despite the increased
effort performed by CodeMapper, our approach is fast enough for
interactive usage. Because smaller context sizes than our default of
15 also provide competitive results (Figure 10), Figure 12 also shows
the execution time with smaller context sizes. Reducing the context
significantly reduces the execution time, offering users a knob for
trading slightly reduced effectiveness for even higher efficiency.

The breakdown of where time is spent, as shown with distinct
colors in Figure 12, reveals that CodeMapper takes 1,665 millisec-
onds to compute candidates for a source region and 661milliseconds
to select a target region. While computing candidates, the approach
runs diff eight times (Section 2.3.1), whereas the baselines use only
one diff result. The time taken for “target region selection” is mostly
due to computing the Levenshtein distances.

Answer to RQ3: CodeMapper takes an average of 2,327 mil-
liseconds to identify a target region, which, despite being slower
than the baselines, is sufficiently fast for interactive usage. Re-
ducing the context size further reduces the execution time.

4 Threats to Validity
The primary threat to validity concerns the datasets. Data A is
created by the authors, which may introduce bias. To reduce this
bias, Data B starts from randomly selected source regions. Each
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Figure 12: Execution time across the four datasets.

of the 200 examples has been annotated independently by two
authors, followed by a discussion to reach consensus. With only
6 and 8 initial disagreements in Data A and B, respectively, we
consider the annotation results highly reliable. A related threat is
using the suppression study data [16] as ground truth. To mitigate
this, we randomly inspect 20 history pairs, all of which we found
correct. Another potential threat is the limited size of the first three
datasets. We mitigate this by also evaluating CodeMapper on the
larger CodeTracker data [12, 17], which was created independently.
Finally, our approach uses git diff as a component and baseline, but
other diff implementations exist. We selected git diff because it is
widely used and represents the state of the art in diff computation.

5 Related Work
Studies of Developer Needs and Behaviors. LaToza et al. [19] con-

duct a survey to identify questions about code that developers find
challenging to answer. Their findings indicate that developers are
interested in code histories at the code snippet level, whereas many
existing tools require navigating through all changes at the file
level to locate specific smaller changes of interest. CodeMapper
addresses this gap by enabling developers to map customized code
regions from one commit to another. Lin et al. [21] investigate the
characteristics of fine-grained change types and find that changes
to functions and statements are the most prevalent. Codoban et
al. [4] study why developers check program histories. They observe
different motivations, which can be categorized into three groups:
finding specific commits, being aware of changes, and finding safe
points for backtracking. Our approach could help developers in all
three categories by providing a more detailed view of code changes.

Tracking of Code Elements. Previous work [11, 12, 17] focuses
on tracking specific program elements across version histories.
CodeShovel [11] supports Java methods. CodeTracker [17] supports
Java methods and variables, while CodeTracker 2.0 [12] extends this
to blocks. Our work differs by addressing the code mapping prob-
lem, where two commits are given, and the task is to find the target
region for a source region. We also present a language-agnostic
approach applicable to arbitrary code regions. FinerGit [14] and
Historage [13] utilize a finer-grained Git repository structure by
reorganizing Java methods into individual files for precise tracking.
FinerGit enhances Historage’s ability by breaking down method

lines into single tokens for token-based diff computation. How-
ever, this reorganization is time-consuming and increases disk
space usage in large repositories. In contrast, CodeMapper achieves
character-level tracking on existing repositories.

Approaches based on Diffs. MergeGen [7] divides line-level con-
flicts into smaller, more precise conflicts. Language-independent
diff techniques [1, 3, 25] operate on textual code representation.
HyperDiff [20] computes scalable AST-level diffs over large code
histories. Unlike our work, these approaches cannot track specific
regions of interest. Matsumoto et al. [23] combine AST structures
and line differences to improve diff comprehension. Higo et al. [15]
consider copy-and-paste actions to enhance diff understandabil-
ity. These works emphasize either language independence or fine-
grained change capture. In contrast, CodeMapper addresses both
by employing text-based diffs and character-level regions.

Reasoning about Code Changes. Etemadi et al. [8] enhance code
diffs with runtime information. DiffSearch [9] allows developers to
query code changes. B2SFINDER [34] addresses binary-to-source
code matching. Wu et al. [33] manage evolving software artifacts
using differential facts for unified analysis. LibvDiff [6] identifies
software versions by leveraging symbol information and detecting
function-level differences. These works emphasize the importance
of detailed code analysis and suggest techniques for future enhance-
ments of CodeMapper. Integrating dynamic information may fur-
ther improve mapping accuracy in future versions of CodeMapper.

Reasoning about Code Line Evolution. Meta-differencing [22] rep-
resents source code with abstract syntax information, enabling
queries and searches for changes but requires parsing code into an
AST and operates only at the line level. Other line-level approaches
identify related changes [35], detect change types applied to lines
over time [2], and track related code lines across versions [26, 27].
In contrast, CodeMapper maps code regions between commits. Kim
et al. [18] surveys matching techniques for cross-version analysis,
noting limitations such as applicability only to parsable projects and
fixed granularity. Our work addresses these by supporting arbitrary
code regions and being language-agnostic.

6 Conclusion
CodeMapper empowers developers to map arbitrary code regions
between commits. Given a source region, it combines novel tech-
niques to identify candidates for the target region and selects the
most likely one based on code similarity. Like the git diff tool, Code-
Mapper works across all text-based programming languages. Unlike
git diff, our approach allows developers to focus on specific code
regions rather than showing all changes at once. Our evaluation
across hundreds of code changes in ten languages demonstrates
the effectiveness and efficiency of CodeMapper.

Data Availability
https://github.com/sola-st/CodeMapper
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