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Summary

English Summary

Large language models can generate and modify code for non-trivial program-
ming tasks, but their explanations often remain generic or weakly connected to the
implementation. When an agent edits several files, the developer must understand
what changed and where each explanation is grounded in the code. The main objec-
tive of this dissertation is to design, implement, and evaluate an explainable Al code
generation assistant that connects natural-language explanations to source-code lines.

The system was implemented as an IntelliJ plugin. It combines code gener-
ation through Junie CLI with explanation generation, multiple detail levels, struc-
tured and unstructured formats, explanation-to-code mappings, editor highlighting,
and optional insertion of mapped comments. The methodology includes two evalua-
tion directions. First, a mini-dataset based on annotated labml.ai implementations
compares generated explanations with human-written explanations using an LLM-as-
a-judge score. Second, a paired SWE-bench Verified Mini experiment compares normal
and explanation-enriched repositories.

The findings show that the plugin can produce useful explanation artifacts for
realistic generation and repair workflows. In the explanation-quality evaluation, the
best OpenAl configuration reached a mean score of 0.786, while the Junie-based setting
reached 0.752. In SWE-bench Verified Mini, explanation-enriched repositories solved
33 out of 50 tasks, compared with 32 out of 50 in the regular condition. The results
do not prove a statistically significant improvement, but they indicate that grounded
explanations can support review without harming agent performance. The dissertation
concludes that explanation-to-code mapping is most valuable as a verification layer for
Al-generated code, while broader claims about trust and productivity require larger
benchmarks and human studies.

Keywords: explainable Al, code generation, coding agents, IntelliJ plugin, explana-
tion to code mapping.



Greek Summary

Ta peydia YAOooIKA HovTéAa pmopodv TAEOV v TAPAYOVV KOl VO TPOTOTOLOVV
KOO Yoo oOVOETEG TPOYPOUUOTIOTIKEG €pYOoies, OU®MG ol €ENYNCEIS TOVG GLYVA
TOPOUEVOVY OLPTPNUEVES, YEVIKEG N AVETTOPKMG GLUVOEOEUEVES LLE TNV TPOLYUATIKY] VAOTOINOT).
Avtd dnpovpyel TpoPAnpa eraAnBevong: dtav Evag mpdktopog Tpomonolel TOAAG apyeia,
0 TPOYPOUUATICTAG TPEMEL VO KATOVONGEL O)L LOVO Tt GAA0EE, OAAL Kol O€ TTOEG YPOUUES
Kodwka Paciletarl kaOe e&nynomn. O Pacikdg o100 TG TaPOoVGAS SIMTAMUATIKNAG EPYUGIOG
glval 0 oyxedlaouog, 1 vAomoinon katl 1 agloAdynon evoc eénynoov Bonbov mapaywyng
KMOOIKA, 0 0T010¢ GUVOEEL EENYNOELS PLGIKNG YADOGOS UE CUYKEKPIUEVES YPOLUUES TTNYaiov

KOOKO.

To obompa vioromnke og npdcsbeto yio to IntelliJ IDEA. Xvvdvdalel Topaymyn
Kddwko pécsm tov Junie CLI pe mopaywyn eEnynoemv, moAhamid eninedo AETTOUEPELNG,
OOUNUEVES KOl U1 OQOUNUEVEG LOPPEG TTOPOLSIAONS, PNTES OVTIGTOLYICELS AVAULEGO GE
€ENYNOELS KOl KMOKA, OL0OPOACTIKY] EMCNUOVOT GTOV €NEEEPYAOT] KOl TPOOLPETIKN
gloayoyn ereENynUaTKaOv oxoiiov ota apyeio. H pebBodoloyia mepihapfdver dvo
KatevBvveelg a&lordynong. Ilpdtov, ypnowomnoteitar £va pikpd cbHvoro dedopévmv
Bacwopuévo oe emonuelwpéveg vAomomoelg tov labml.ai, dote o1 mapaydpeveg eEnynoelg
va 6uYKpBoHV pe avlpdmives Tadaymykég eEnynoeig pécm petpikng LLM-as-a-judge.
Agbdtepov, éva Cevyapopévo meipapo paciopévo oto SWE-bench Verified Mini cuykpivet
Kavovika amofetnpia pe amofetrplo epmAovTicuéva Le eENYNOEIS GE EPYOGIES OLTOUATNG
emddopbwonc.

Ta svpnpata detyvovv 611 10 TPOSOETO Popel va ONovpYEl PG TEYVOVPYHLLOLTOL
eENynong yw peaMoTikég poéc epyociog mapaywyng Kot emddphmong kmoKa. XTnv
alohdynon mowdtnrag eEnynoswv, M kKaAvtepn Swpdpeworn OpenAl métvyxe péonm
Babuoroyia 0.786, evd ) drapopemon Junie métvye 0.752 kot £0e1&e otafepr) cCLUTEPIPOPE
oto agloroynuéva apyeio. Xto SWE-bench Verified Mini, ta epmlovticpéva amobetnpio
éoav 33 and 11 50 epyacieg, oe ovykplon pe 32 amd Tic 50 610 KAVOVIKO GEVAPIO.
Ta amoteléopato dev AmOdEKVOOVV GTATIOTIKG onUavTiKy Bedtioon, aAld deiyvouv OTL
ot Ogpelmpéveg eEnynoelg umopovv vo vrootnpifovv tov Eheyyo yopig va PAdmtovv
GLOTNUOTIKA TNV amodoot tov mpdktopa. H epyacio katainyel 6tin avtictoiyion e€nynong
Ko KOJKa eivar 1dtaitepa ypnotn wg enimedo emaindevong kot emBemdPnoNg Yo KOO0 TOV

TOPAYETAL QO TEYVNTI VONLOGUVT).

AEEEIC-KAEIOIG: ENyNOUN TEYVNTH VONLOGUVY, TOPAy®YN KOJKO, TPOYPOUUATIOTIKOT

npaxtopec, Tpdcsbeto Intellid, avtiotoiyion e€fynong kot kKdOSKa.

Vi



Abstract

Large language models are capable of generating code for solving non-trivial
programming tasks. However, the explanations that accompany generated code of-
ten remain overly abstract and poorly related to specific implementation decisions.
This slows down verification, debugging, and maintenance, especially when an agent
modifies several files in different parts of a repository. This dissertation presents an
explainable Al code generation assistant implemented as an IntelliJ plugin. The sys-
tem combines code generation through Junie CLI with multi-level code explanations,
explicit mappings between explanation components and source-code lines, interactive
highlighting, and optional insertion of explanation comments into the edited code.
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1. Introduction

Programming assistants using artificial intelligence are increasingly able to solve
non-trivial tasks, but the quality of explanations remains the main obstacle. In many
tools, users receive either a short explanation that is difficult to relate to the imple-
mentation, or a long narrative without a clear justification for the modified lines.

This issue is becoming more relevant as programmers move from autocomplete
to task-level repository editing. Recent work highlights the value of natural language
representations for code modification [1], documentation creation [2], outlines-based
code understanding [3]. However, in practice, there remains a gap between creating
explanations and bringing them in line with the code.

Moreover, modern programming assistants are no longer limited to offering in-
dividual code snippets: they are acting as autonomous agents who plan, modify, test,
and improve software systems. In this context, explanations supported by the agent’s
thoughts can help not only human developers understand the implemented changes,
but also other agents to use these explanations as a better context for further gen-
eration. Such explanations can become a form of structured communication between
agents, allowing them to reason about previous modifications, reuse solutions, and
create improved code in subsequent tasks.

This dissertation bridges this gap with an assistant developed based on three
properties: code generation, explanation, and explicit mapping of explanation elements
to code changes. The assistant generates code and explanations aligned with the code.



2. Literature Review

Recent advances show that Al-based programming assistants can efficiently gen-
erate code, but often cannot make their outputs easy to verify. In this dissertation,
explainability is not considered as a separate property. It covers at least four inter-
related levels: an explanation of the generated code artifact, an explanation of the
agent’s observed behavior over time, data on the model’s input-output dependencies,
and an explanation that supports appropriate human trust. This distinction is impor-
tant because modern programmers are moving from autocomplete to task-level agents
that check repositories, edit multiple files, launch tools, and pursue a goal described by
the user. In such circumstances, a brief explanation is not enough. The developer must
understand what has changed, why this change is plausible, where the explanation is
grounded in the code, and how much the result should be trusted.

2.1 Explainability in Human-Agent Systems

The general literature on XAl provides a conceptual framework for this work.
Rosenfeld and Richardson [4] describe explainability in human-agent systems using
questions such as why an explanation is needed, who gets it, what is explained, when
it is provided, and how it is presented. This taxonomy is useful for programming agents
because it prevents a common simplification: using any natural language text next to
the code as an explanation. The explanation for the programming assistant should be
tied to a specific user need, such as checking a patch, checking a changed function, or
understanding why a test failure led to a certain edit.

Miller [5] argues that Al explanations should be based on how people generate,
select, and evaluate explanations in social settings. This is important for software
development because developers usually explain code selectively. They do not describe
each token; instead, they point to a key design decision, an appropriate limitation,
or an unexpected line. Similarly, Langer et al. [6] emphasize stakeholder desiderata:
different users require different forms of explanation. A novice developer may need a
conceptual description, a maintainer may need a line-level rationale, and a reviewer
may need proof that the generated patch matches the context of the repository.



Agent-oriented XAl also emphasizes the importance of time and process.
Alzetta et al. [7] argue that explanations in multi-agent systems should be available
to the user in time so that they can act in accordance with them. For a programming
assistant, this means that explanations are most useful during review and debugging,
and not just after the patch has already been accepted. Sado et al. [8] review
explainable goal-driven agents and robots, and show that explanations can relate to
goals, beliefs, intentions, plans, and actions. This is directly related to programming
agents: the repository editing agent not only creates text, but also forms subgoals,
selects files, invokes tools, and reviews its work. Therefore, a complete explanation of
the coding agent using artificial intelligence should eventually cover both the modified
code and the observed process that led to it.

2.2 Trust and Verification in Al-Assisted Programming

The software engineering literature makes the need for an explanation more
specific. Wang et al. [9] studied developers’ trust in Al-based code generation tools
and found that trust is determined by expectation setting, configuration, and validation
of suggestions. Their findings are important because they show that explanation is not
just a function of usability. This supports calibrated trust: the developer should not
blindly accept the generated code or reject useful suggestions due to the opacity of the
tool.

As programming tools become more autonomous, the verification burden in-
creases. Chen et al. [10] report that programming agents can reduce effort compared
to less autonomous tools, but wider adoption depends on whether users understand the
agents’ behavior. This point distinguishes agentic code generation from the usual code
completion. When the assistant modifies several files, the developer needs to check
not only the final diff, but also the relationship between the task, the selected files,
the generated implementation and the checks performed. Thus, the literature suggests
that an explainable coding assistant should provide artifacts that can be used in the
code review process.

2.3 Natural-Language Representations of Code

Several recent articles have addressed this issue using natural language as an
interface between humans and code. NaturalEdit [1] is the most appropriate reference
for this dissertation. It treats natural language summaries as interactive objects related
to code. Its key features are an abstraction gradient that allows summaries to be
displayed at different levels of detail; interactive matching of natural language phrases



and lines of code; and bidirectional synchronization so that changes in natural language
and code remain consistent. The technical assessment of the authors and user research
show that developers can use such representations to improve understanding, formulate
intentions, and verify validity.

Natural Language Outlines [3] offers a corresponding structured interface. With
this approach, each function is accompanied by an outline: a set of short instructions
in natural language that summarize the main ideas of the code. The article presents
outlines as a modern form of literate programming supported by LLMs. Outlines can
help with navigation, maintenance, code generation, and summarizing code review
results. Compared to NaturalEdit, the focus is not on direct editing using natural
language, but on presenting the structure and purpose of the code in a form that
matches the implementation.

DocAgent [2] expands the discussion from individual functions to repository-
wide documentation. It builds a dependency graph, processes code components in a
topological order, and coordinates the work of specialized agents who read, search,
write, verify, and organize documentation creation. The system evaluates documen-
tation in terms of completeness, usefulness, and truthfulness. This is relevant to this
thesis because it shows that high-quality explanations of code bases require context
management and validation, not just a single file query. At the same time, DocAgent
is primarily a documentation generation system. It is not focused on explaining a spe-
cific patch created by the agent, or linking explanatory components to modified lines
in the IDE.

2.4 Explanation as a Generation Context

Another line of work considers explanations not only as post-hoc descriptions for
people, but also as a context that can improve generation. Geng et al. [11] show that
code comments can serve multiple purposes for a developer, such as explaining what
a piece of code does, why it exists, and how it should be used. This is an important
correction to the simple presentation of explanations with low, medium, and high levels
of detail. Different levels of detail help, but the quality of the explanations also depends
on which question the developer is answering.

The MANGO approach [12] asserts that comments can act as natural logic piv-
ots between problem statements and code. By prompting or training models to create
inline logic comments, the authors improve code generation performance in benchmarks
such as HumanEval and MBPP. This supports the intuition behind repositories en-
riched with explanations: grounded explanations can help future programming agents
decompose the task and understand the surrounding implementation. However, this



advantage depends on correctness. Macke and Doyle [13] show that incorrect docu-
mentation can harm LLM code understanding to a greater extent than the absence
or incompleteness of documentation. In this dissertation, this result is a warning. In-
serted explanatory comments are only useful if they match the code. A plausible but
incorrect explanation can mislead both the human reviewer and the future agent.

2.5 Positioning of This Dissertation

The literature reviewed suggests that explainable Al coding assistance should
be evaluated using four questions. First, is the explanation clear to the stakeholders
and is it useful for solving the developer’s problem? Secondly, is it available at the
right time in the workflow? Third, is it actionable in the code interface? Fourth, is it
faithful enough to support calibrated trust?

The system developed in this dissertation mainly focuses on the third question
and partly on the others. It provides multi-level summaries, explicit mappings of
explanatory components to lines of source code, interactive highlighting, and optional
insertion of explanatory comments. This is closely consistent with the principles of
NaturalEdit and Natural Language Outlines, since it treats natural language as a
structured representation of code, rather than as an ungrounded response in a chat. It
also relies on DocAgent, treating explanation generation as a structured pipeline that
can use different providers and stored artifacts.

At the same time, the limits of this contribution are explained in the literature.
The current system explains the generated code artifact more clearly than the internal
logic of the underlying coding model. It uses modified segments, prompts, and filtered
agent logs to provide context, but does not prove a causal relationship between the
hidden state of the model and the final patch. Thus, the most accurate framing for the
dissertation is an auditable, explanation-grounded Al coding assistant. Its contribution
is to simplify the verification of Al-generated code in an IDE environment, leaving
deeper research on model attribution and calibrating people’s trust for the future.



3. Methodology

3.1 Methodological Overview

The main hypothesis of this thesis is that the generated code becomes easier
to verify when explanations are viewed as structured artifacts rather than as sim-
ple descriptive text added after the fact. Thus, the developed system follows three
methodological principles. First, explanations should be generated at several levels of
abstraction, since users need both a brief overview and a detailed understanding of
the implementation. Secondly, each component of the explanation should be linked
to specific lines of code so that the user can check whether the explanation is based
on the implementation. Thirdly, explanations should not only explain which code is
written, but also why it is implemented in this way.

NaturalEdit[1] is the main design reference. This demonstrates that natural
language summaries can become an interactive representation of code, not just docu-
mentation. The developed plugin retains this idea, but changes the environment and
workflow. NaturalEdit is an extension for VS Code with React web browsing, editing
summaries, and synchronization between edited summaries and code. The implemen-
tation in this thesis is the IntelliJ IDEA plugin, the main use case of which is the
generation of agent code using the Junie CLI, followed by an automatic explanation
of the modified code. Thus, the developed plugin focuses on the actions of the agent,
the integration of IntelliJ, and the artifacts of linked explanations that can be inserted
into the codebase.

3.2 Ethics and Data Statement

This dissertation does not involve human participants, interviews, question-
naires, medical data, or personal data collection. The empirical part of the work uses
publicly available open-source repositories, public benchmark datasets, generated ex-
planations, and local execution logs produced during software experiments. Therefore,
bioethics approval was not required for the conducted study. The evaluation data were
used only for software engineering experimentation, and the official gold patches from
SWE-bench were not provided to the repair agent during the repair phase.



3.3 System Architecture

The implementation is located in explainable-ai-plugin. It is a Kotlin-based
IntelliJ Platform plugin built with Gradle, JDK 21, Kotlin 2.1.20, the IntelliJ Plat-
form Gradle plugin, OkHttp, Kotlin serialization, and Kotlin coroutines. The plugin
registers an IntelliJ tool window named Al assistant, a settings page under Tools
-> Explainable Al, project-level services, and editor popup actions.

The architecture is organized around the following components:

= MyToolWindow builds the main user interface, stores the current explanations and
mappings, displays generation logs, and coordinates user actions.

= OpenAlService wraps OpenAl API calls for direct explanation and mapping
generation.

= JunieCliService executes Junie CLI for code generation and for Junie-based
explanation generation.

= CodeChangeDetector captures pre-generation snapshots of files and computes
changed line ranges after Junie modifies files.

< The comment insertion service inserts high-detail structured explanations into
source files as comments using the language-specific comment style.

= OpenAlSettings and OpenAlSettingsConfigurable store the selected explana-
tion provider, model, temperature, token limit, OpenAl key, and Junie token.

This separation is important because the plugin has two different artificial in-
telligence providers. The OpenAl path is useful for faster and cheaper explanations
and mappings using a selectable model such as gpt-5.5, gpt-5.4, etc. The Junie
path is useful when an explanation needs to be prepared with a deeper analysis of the
repository context. The configuration level allows the user to switch between these
providers without changing the rest of the workflow.

3.4 Agent-Based Code Generation

The first implemented section of the plugin is the workflow of agent-based code
generation. This section is responsible for converting the user’s natural language re-
quest into specific changes in the repository. It is intentionally separated from the
explanation section, since code generation and explanations have different technical
limitations. Code generation is an invasive operation: It can edit files, create new files,



perform internal searches, and change the status of the project. The generation of
explanations, on the contrary, should take into account the code and create structured
descriptions without changing the implementation, unless the user explicitly uses the
tool to insert comments. Separating these two tasks makes the user interface clearer
and also makes it easier to interpret the evaluation results.

The main design decision was to use Junie as an external agent instead of re-
implementing the agent inside the plugin. It was a pragmatic choice. The agent needs
to check a lot of files, monitor the import, analyze the test results and decide which
part of the repository should be changed. Junie already provides this tool usage cycle.
If a different agent is used in a future version of the system, the replacement should
mainly affect the service that runs the external command and analyzes its logs, rather
than the data display model or interaction with the editor.

The user-oriented workflow starts on the Code Generation tab. The tab contains
a task entry area, a create button, a streaming log area, and controls for creating or
inserting explanations after generation. The request is intentionally transmitted to the
agent in the form in which it was written by the user. The plugin does not rewrite the
task into a hidden instruction format, as such rewriting would make the evaluation less
transparent.

The same tab also configures how the generated changes will be explained after
the agent run. Figure 3.1 shows the code-generation tab in both provider modes.
In OpenAl mode, the interface exposes the model selector in addition to detail and
format controls. In Junie mode, the explanation provider is selected directly while the
generation request remains the same.

OpenAl provider Junie provider

Al assistant Al assistant
Explanation Generator ~ Code Generation Explanation Generator ~ Code Generation

Junie Code Generation Junie Code Generation

Enter a natural language prompt to generate or modify code 5
Enter a natural language prompt to generate or modify code

Prompt: [ | J

Prompt: I |

Generate Code
Generate Code

Add Explanation Comments
Add Explanation Comments

Explanation Settings for Code Changes
Configure how changed code will be explained after generation Explanation Settings for Code Changes

Configure how changed code will be explained after generation
Explanation Provider: OpenAl API

Model:  gpt-5.5 | $5.00 Explanation Provider:  Junie

Detail Level: ~ Medium Detail Detail Level: Medium Detail

Format: Paragraph Format: Paragraph

Settings Settings

Figure 3.1: Code-generation tab settings for OpenAl and Junie explanation providers.



Before launching the external agent, the plugin creates a snapshot of the files.
This step is important because the explanation stage should describe the code that
actually changed. The implemented design saves the code before generation and later
compares it with the code created after generation. The resulting modified segments
contain the old code, the new code, the row ranges, and the type of change. These
segments become compact explanatory blocks. They also reduce the use of tokens, as
an explanatory request can focus on the region being edited and an adjustable amount
of contextual information (only some files, full repo, augmented by an agent files, or
without any).

The agent’s log, shown in Figure 3.2, is used for two reasons. Firstly, it is useful
for the user. The user can see which attempts the external agent has made, which
files it has checked, and where the launch may have failed. Secondly, it improves the
context of the explanation. This does not automatically make the explanation correct,
but it does make it more informative than if it used only the differences.

Generation Log

[stdout] The project module configuration file was opened, revealing its structure and settings.
[stdout]

[stdout] e Thinking

[stdout]

[stdout] The project is a simple Kotlin project with an empty ‘Main.kt'. I need to add a binary search
function to it. I will implement the function and a test script to verify it.

[stdout]

[stdout] e Edited files

[stdout]

[stdout] Updated src/Main.kt

[stdout]

[stdout] A binary search function and a main function to test it with a sample array and target value have
been added to the file.

[stdout]

Figure 3.2: Junie generation log for the prompt add function for binary search
to Main.kt.

Another important detail is that in the generation section, explanations are not
inserted into the code immediately. The first result is an explanation artifact displayed
in the tool window. The user can view it, change the level of detail, click on the
matched phrases and only then insert comments if they are useful.

3.5 Explanation Data Model

The explanation schema follows the NaturalEdit reference but is implemented
in Kotlin data classes. The core explanation object contains a title and six ex-
planation variants: low_unstructured, low_structured, medium_unstructured,
medium_structured, high_unstructured, and high_structured. This creates two
independent controls for the user: detail level and format. Low detail gives a compact



overview, medium detail gives a practical explanation, and high detail gives the most
implementation-specific description. The structured variants use bullet points, while
the unstructured variants use paragraph style.

Mappings are represented by dedicated mapping objects. Each mapping con-
tains an explanationComponent, which must be an exact substring of the displayed
explanation, and a list of CodeSegment objects. Each code segment contains a code
fragment and an absolute line number. A mapping container stores mappings for all six
explanation variants. Finally, the combined explanation-with-mappings artifact joins
the explanation and its mappings into one object.

3.6 OpenAl-Based Explanation Generation

The OpenAl explanation generation is based on OpenAlService. The service
reads the endpoint, model name, temperature, token limit, and API key from the plugin
settings. The API key is extracted from the secure password store of IntelliJ, while
the unclassified configuration is saved in the plugin state. This separation is important
because the plugin is an IDE extension, not a short-lived script. Users can keep the
plugin installed for a long time, and credentials should not be written to repository files
or logs. On the same settings page, the user can also select an explanation provider.
In practice, this allows you to configure the explanation subsystem without changing
the code.

The OpenAl provider exposes the model choice directly in the plugin Ul. The
implemented list is stored in MyToolWindow as a model-pricing map and is used by the
model combo boxes in both the selected-code explanation tab and the code-generation
tab. The available OpenAl models are gpt-5.5, gpt-5.4, gpt-5.4-mini, gpt-4.1,
gpt-4.1-mini, gpt-4.1-nano, o3, gpt-4o, and gpt-4o-mini. For generated-code
explanations, the OpenAl request also includes the filtered agent trace as part of the
context.

The six-option explanation format was chosen to support different reading sit-
uations. An unstructured explanation with a low level of detail is useful when the
user wants to get a quick answer only to the question ”what does this code do?”.
A structured explanation with a low level of detail is useful for scanning. Medium
granularity increases the responsibility for implementation and data flow, while high
granularity allows you to describe algorithms, conditions, edge cases, and interactions
between functions. Structured options are especially important for display, as marker-
like components provide natural units that can be connected to the code. Unstructured
options still persist because prose can be easier to read when the user wants a coherent
narrative rather than a checklist.

10



The matching request is more rigorous than the usual explanation request. The
model is asked to select explanation components that are exact substrings of the dis-
played explanation. For each component, it should return one or more code segments
with the code text and line numbers. This exact matching requirement is important
for an interactive user interface. The plugin highlights explanatory phrases by viewing
the displayed explanatory text. If the returned component is just a paraphrase, the
user interface cannot reliably know which phrase should be highlighted in color. Thus,
the strict display format binds the output of the model to a specific rendering behavior.

The implementation includes several response correction mechanisms, since lan-
guage models often generate almost correct JSON rather than a valid JSON file. The
service removes the limitations of markdown, searches for a top-level object, allows ad-
ditional surrounding text, and tries to decode the result into Kotlin serialization data
classes. After decryption, the plugin performs a semantic check. It checks whether
the components of the explanation are displayed in the selected explanation option.
It checks whether the line numbers match the selected range of codes. It corrects the
relative line numbers when it seems that the model is counted from the beginning of
the fragment, and not from the beginning of the file. It also performs a tolerant code
search when the exact code fragment cannot be found in the claimed string. These steps
do not allow you to completely hide model errors, but they prevent small formatting
deviations that can lead to the destruction of a useful artifact.

3.7 Junie-Based Explanation Generation

3.7.1 Purpose of the Junie Explanation Provider

The Junie explanation provider connects repository-level code generation with
structured review artifacts. After an agent run, the plugin detects the changed seg-
ments and sends the relevant context to the provider: the old code, the new code, the
user request, and the filtered agent trace. Thus, the Junie provider also receives the
agent trace as part of the explanation context. The purpose is not to create generic
documentation, but to explain the concrete implementation that was produced by the
agent.

In the current implementation, the provider uses gemini-3.1-flash-lite-
preview for the explanation step. The model is asked to generate one combined JSON
artifact that contains both explanation and mappings. This unified generation is
important because mapping components must be exact substrings of the displayed ex-
planation. When the same model response creates the text and the line-level grounding
together, the artifact is more internally consistent than when the explanation and map-
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ping are produced as unrelated calls.

The high-level flow of the Junie CLI service is shown in Figure 3.3. The original
repository is modified by the external Al agent, the plugin then derives a compact diff
and filtered agent trace from the original and updated repositories, and the explanation
provider turns this context into explanations with line-level mappings.

Updated
Repo Al Agent
Repo

Explanations
Diff + Agent Trace ] Hligent
J with Mapping

Figure 3.3: High-level architecture of the Junie CLI service workflow.

3.7.2 Input Context and Prompt Construction

The Junie explanation prompt is built from several pieces of context. For
selected-code explanation, the most important input is the selected source code and
its real line range in the file. For generated-code explanation, the prompt additionally
contains the old code, the new code, the change type, the changed line range, the orig-
inal user request, and the filtered agent trace. This richer prompt is necessary because
a diff alone can be ambiguous. A small code edit may represent a bug fix, a compati-
bility change, a performance improvement, or a defensive check. The agent trace and
user request help the explanation provider choose the interpretation that matches the
actual generation task.

The prompt asks Junie to produce an artifact that follows the same schema as
the rest of the plugin. The explanation must contain six variants: low-detail unstruc-
tured, low-detail structured, medium-detail unstructured, medium-detail structured,
high-detail unstructured, and high-detail structured. The mappings must connect ex-
planation components to concrete code segments and line numbers. The explanation
component is required to be an exact substring of the explanation text displayed to
the user. This requirement is not cosmetic. The Ul highlights explanation compo-
nents by locating them inside the rendered explanation. If Junie returns a paraphrased
component, the plugin cannot reliably color it or connect it to a click action.

The prompt also instructs Junie to avoid unsupported speculation. The expla-
nation should describe the provided code and the observed change, not invent hidden
requirements or claim that tests passed unless that information is present in the con-
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text. This constraint is especially important for generated code. An explanation that
overstates correctness can reduce trust and slow review. The goal is to make code
easier to inspect, not to certify that the patch is correct.

3.8 Interactive Mapping and Code Highlighting

The tool window displays the selected explanation according to the current
detail controls and format. If comparisons are available, the explanation text is dis-
played as an interactive text area. Each mapped component of the explanation gets
a background color from the overall palette. When the user clicks on the highlighted
explanation phrase, the plugin opens the corresponding file, finds the matched code
fragments, highlights their ranges in the editor and proceeds to the first matched line.

Figures 3.4 and 3.5 show the generated mapping artifact for the same Main.kt
binary-search example in two display formats. The bullet-point view in Figure 3.4
separates the explanation into scan-friendly mapped components, while the paragraph
view in Figure 3.5 keeps the explanation as a continuous text. In both layouts, the
explanation phrase on the right is highlighted with the same color as the corresponding
lines in the editor, making the natural-language explanation act as a navigational layer
over the generated code.

) [ Mainkt Al assistant

= fun main() { ¥ Explanation Generator  Code Generation )
e S

¥ Code Changes Explanation @

fun binarySearch(arr: IntArray, target: Int): Int {
var low = 0 Main.kt
var high = arr.size - 1
Binary Search Implementation
while (low <= high) { « Implements the standard binary search algorithm in Kotlin.
val mid = low + (high - low) / 2 + Initializes low and high pointtrs representing the search space boundaries,
+ Enters a while loop as long as low <= high.
when { Computes the mid index using low + (high - low) / 2.
arr[mid] == target -> return mid Utilizes a when expression to handle comparisons.
anb MLl < targete i = mlaonsi g tums mid if found, shifts low if target is larger, or shifts high if target is
else -> high = mid - 1 « Returns -1 if the target is not found after the loop finishes.
}
}

return -1

Figure 3.4: Interactive mapping for the generated binary-search explanation in bullet-
point format.
3.9 Explanation Comments

The plugin can turn explanation mappings into source-code comments. For se-
lected code, the Add Explanation Comments action generates a high-detail structured
explanation and inserts mapped explanation components before their corresponding
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= fun main() { ¥ Explanation Generator  Code Generation
=]

} Code Changes Explanation g

fun binarySearch(arr: IntArray, target: Int): Int { 4
var low = 6 Main.kt
var high = arr.size - 1
Binary Search Implementation
while (low <= high) { The binarySearch function efficiently locates a target value in a sorted IntArray using
val mid = low + (hiah - low) / 2 two pointers, low and high, inXialized to the array's boundaries. A while loop
iterates as long as low <= high, computing the mid index to prevent potential overflow.

Inside, a when expression compares the element at mid with the target to adjust the
arr[mid] == target -> return mid search range, ultimately returning the target index if found or -1 if the loop

arr[nid] < target -> low = mid + 1 completes without a match.
else -> high = mid - 1
) &
}

return -1

when {

Figure 3.5: Interactive mapping for the generated binary-search explanation in para-
graph format.

code chunks. For generated code, the Code Generation tab can insert comments for
all explained change summaries.

ExplanationCommentinserter determines the comment style using IntelliJ lan-
guage commenters. If a language-specific line comment prefix is available, it uses
line comments. Otherwise, it falls back to block comments, with special handling for
HTML, XML, and SVG files. The inserter groups multiple explanation components
that target the same line and inserts comments in descending line order. This prevents
earlier insertions from invalidating later offsets. After insertion, the plugin shifts the
stored mapping line numbers so that interactive highlighting still points to the correct
code after comments have been added.

3.10 Storage and Configuration

Credentials are not stored in plain configuration files. The plugin stores OpenAl
and Junie tokens through IntelliJ’s PasswordSafe API. General settings, such as end-
point, model, temperature, maximum tokens, and the selected explanation provider,
are stored in the plugin state file. The default explanation provider is Junie, while the
OpenAl API remains available as a legacy and controlled provider.
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4. Evaluation and Results

4.1 Parallel Dataset and Comparison Metric

The first assessment required a dataset that would measure the quality of the
explanations, not just the presence of comments next to the code. This distinction
is important for the project. Many of the available code-comment datasets contain
brief embedded comments, instructions for action, or descriptions at a superficial level.
Such comments are useful for some documentation tasks, but they do not provide
a reasonable, user-friendly explanation of what this system is aimed to create. The
required dataset should contain the code along with human-written explanations that
describe the conceptual role of the code snippets and can serve as a reference for
comparing the generated explanations.

Finding such a dataset was a separate research task. After reviewing the possi-
ble code-comment and code-documentation datasets, | chose the labml.ai annotated
deep learning paper implementations repository [14]. The repository is a collection of
implementations of PyTorch neural networks and related machine learning methods.
This format is extremely convenient for evaluating explanations: the same artifact
contains executable code and detailed explanatory text designed to teach readers how
the algorithm works. For this dissertation, this is more useful than the usual source
code comments, since the reference text reflects a person’s pedagogical understanding,
rather than a brief hint at the implementation.

The resulting mini-dataset contains five representative labml.ai files: GAN
losses, LSTM, Adam optimizer, batch normalization, and knowledge distillation. For
each file, the original human-written explanatory components were saved as a reference.
During generation, these explanations were removed from the input data, resulting in
clean source code for the system. The system then generated a structured explanation
with a high degree of detail and a mapping of the components of the explanation to
the code segments. During evaluation, this generated artifact is compared with the
original human reference. The reference and the generated mappings do not have to
have exactly the same boundaries. Instead, the comparison checks whether the gen-
erated explanation retains the same logical decomposition, covers the same important
concepts, and explains the code with comparable accuracy and depth.
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The LLM-as-a-judge score is used as a metric. The local judge script uses o3
as the evaluation model. OpenAl describes 03 as a reasoning model for complex tasks,
and its reasoning-oriented behavior is useful here because the judge must compare two
structured explanations, reason about code coverage, and assign a calibrated qual-
ity score [15]. For each file, the judge receives generated components and expected
components written by a human. The prompt suggests evaluating three aspects: seg-
mentation, the quality of explanations, and the coverage of important concepts. It
should return a JSON object with a numeric value metric from 0.0 to 1.0 and a brief
text justification. In the rubric, values of 0.0-0.1 are rated as awful, 0.1-0.3 as poor,
0.4-0.6 as acceptable, 0.7-0.9 as good, and 1.0 as equivalent in quality to the reference.

This metric is noisy and should not be interpreted as a substitute for human
evaluation. The judge may prefer a certain style of wording, may reward a certain
degree of detail in segmentation, and may overlook minor algorithmic omissions. How-
ever, this provides a useful first quantitative signal. This allows the experimenter
to compare the generated explanations with the same human reference, rather than
evaluating them without a target. This is why the first part of the results uses the
LLM-as-a-judge score as an approximate but informative indicator of the quality of
the explanation.

The two generation settings were evaluated separately. The OpenAl service
setting generated explanations using OpenAl models using the structured high-detail
format. The Junie service setting used Junie generation with the structured high-
detail format also; in this case, gemini-3.1-flash-lite was used. This distinction is
important because the result of Junie is not just a choice of a different model.

Table 4.1 reports the evaluation results for each of the five algorithms. The
results show that the complex files are not the same for each method. gpt-4o-mini
does not work well with LSTM and batch normalization, while gpt-4.1 works best
with Adam and remains stable in most topics. Junie successfully handles LSTM, Adam,
batch normalization, and distillation, although their explanations are usually coarser

than humans’.

Topic Reference components | gpt-40-mini | gpt-4.1-mini | gpt-4.1 | Junie (gemini-3.1-flash-lite)
GAN Josses 8 0.55 0.78 0.65 0.65
LSTM 23 0.25 0.83 0.83 0.78
Adam optimizer 30 0.50 0.50 0.85 0.75
Batch normalization 19 0.28 0.55 0.80 0.78
Knowledge distillation 47 0.50 0.82 0.80 0.80

Table 4.1: LLM-as-a-judge scores for each labml.ai mini-batch topic.

Table 4.2 shows the same results for all five topics. gpt-4.1 scores the highest
average score. Junie is slightly behind with an average score of 0.752 and the lowest
standard deviation among the evaluated methods. gpt-4.1-mini remains competitive,
while gpt-4o-mini is clearly inferior in this dataset. The average number of reference
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components was 25.4 per file, so all the generated outputs are coarser than human-
generated annotations. The judges’ explanations show that such a coarser segmentation
is acceptable when the generated components still correspond to the basic structure
of the code, but the score decreases if the explanations lack mathematical motivation,
algorithmic rationale, or detailed conceptual background.

Service Method Mean | Median | Min | Max | Std. | Avg. generated components | Avg. reference components
OpenAl service | gpt-40-mini 0.416 | 0.500 | 0.250 | 0.550 | 0.140 10.2 25.4
OpenAl service | gpt-4.1-mini 0.696 | 0.780 | 0.500 | 0.830 | 0.158 19.6 25.4
OpenAl service | gpt-4.1 0.786 | 0.800 | 0.650 | 0.850 | 0.079 16.6 25.4
Junie service Junie (gemini-3.1-flash-lite) | 0.752 | 0.780 | 0.650 | 0.800 | 0.060 8.4 25.4

Table 4.2: LLM-as-a-judge statistics for each labml.ai mini-batch topic.

4.2 SWE-bench Verified Mini Evaluation Methodology

4.2.1 SWE-bench Benchmark

SWE-bench is a benchmark to assess whether agents with a language model can
solve real-world software development problems. The original benchmark contains 2294
issue-resolution tasks compiled from real-world issues on GitHub and pull requests from
12 popular Python repositories [16]. Each task provides the agent with information
about the repository state and a description of the problem. The expected result is
a patch that will change the repository so that the problem is fixed. This makes
SWE-bench more realistic than isolated code generation benchmarks, since solving the
problem may require navigating the repository, analyzing multiple files, editing existing
code, and verifying fixes using project tests.

In a typical SWE-bench workflow, the agent is provided with a repository at a
specific commit and problem_statement. It is assumed that the agent should not see
the gold solution patch. It checks the codebase, edits the files, and sends the generated
patch. The evaluator then applies this patch in a controlled environment and runs
tests related to a specific task. The official SWE-bench evaluation guide describes
evaluation as applying generated patches to real repositories and running repository
tests in a Docker environment to ensure reproducibility [19]. The prediction sent to the
official harness is a JSONL record containing the task instance_id, the model name,
and the generated model_patch.

Table 4.3 shows the main task fields used in this dissertation. Some fields are
part of the agent’s input data, while others are for evaluation purposes only. This
distinction is important because using patch or test_patch directly during repair will
leak the answer or the evaluation criteria.

The main metric of SWE-bench is whether the problem has been solved. The
task is considered resolved when the generated patch is successfully applied and passes
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Field Role in evaluation

instance_id Unique task identifier used to compare regular and explained
runs and to report results.

repo GitHub repository containing the problem.

base_commit Repository revision used as the starting point for the task.

problem_statement Problem text sent to the agent as a repair prompt.

patch Gold developer patch. It is used as reference metadata and
should not be shared with the repair agent.

test_patch Official evaluation-test patch applied after the agent completes
its work.

FAIL_TO_PASS Tests that should fail before the fix and pass after the correct
fix.

PASS_TO_PASS Regression tests that should continue to pass after the generated
patch.

Table 4.3: Main SWE-bench task fields and their role in evaluation.

the official evaluation tests. The official evaluation results report the number of sub-
mitted instances, completed instances, resolved instances, and the resolution rate [19].
This binary signal, resolved/not-resolved, is more rigorous than checking whether the
agent has created syntactically plausible code: the fix must satisfy the tests related to
the real problem.

SWE-bench Verified is a specially curated subset of SWE-bench. OpenAl and
the authors of SWE-bench introduced it after they found that some of the original
SWE-bench tasks were insufficiently specified or contained tests that could unfairly
reject acceptable solutions [17]. The Verified construction used a human annotation
campaign with professional Python developers. OpenAl reports that 93 developers
annotated 1699 random SWE-bench samples with three independent annotators for
each sample. The samples were filtered out when the problem description was too
incomplete, when FAIL_TO_PASS tests unfairly excluded acceptable solutions, or when
annotators found other serious problems. The final SWE-bench Verified subset contains
500 expert-reviewed tasks and is listed in the official SWE-bench dataset guide as a
high-quality evaluation option [18].

4.2.2 SWE-bench Verified Mini Benchmark

This dissertation uses SWE-bench Verified Mini, published as a Hugging Face
dataset MariusHobbhahn/swe-bench-verified-mini [20]. The source code for cre-
ating the mini dataset is available in the public GitHub repository mariushobbhahn/
SWEBench-verified-mini [21]. The mini dataset contains 50 tasks instead of the 500
tasks in SWE-bench Verified. Its goal is to reduce the cost and simplify conducting
experiments, while maintaining approximately the same distribution of performance,
test pass rates, and complexity as in the full Verified set. The dataset card contains
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a test split of 50 rows with fields such as repo, instance_id, base_commit, patch,
test_patch, problem_statement, FAIL_TO_PASS, and PASS_TO_PASS.

The GitHub repository explains how the mini subset was selected. The author
compared several possible subsets of 50 tasks: the full 500-task set, a representative
subset with k-means, a random subset, and a size-optimized subset. The ultimate goal
was to select 50 data points whose score distribution remained close to the full Verified
dataset while reducing storage requirements. During the construction, data points
are first clustered using k-means, and then linear programming is used to select tasks
that minimize storage size while keeping important parameters such as performance,
number of tests passed, and complexity close to the full benchmark [21].

The local copy used in this experiment contains all 50 mini tasks. It is bal-
anced between two repositories: 25 tasks from django/django and 25 tasks from
sphinx-doc/sphinx.

4.2.3 Paired Evaluation Protocol

The experiment compares the behavior of an agent in two conditions: in a
regular repository and in a repository supplemented with explanations. Both conditions
use the same SWE-bench task, the same instance_id, the same base_commit, the
same problem_statement, and the same official evaluation tests. The only intended
difference is whether the repository contains generated explanation comments before
the repair agent starts working.

The regular condition is run from a repository with clean source code copied
from repos. The explained condition is run from the corresponding copy of the repos-
itory in the repos-explained section. Before launching the repair run, this explained
repository contains comments derived from high-detailed structured explanations. For
each task, the explanation-generation pipeline selects the files related to the task, gen-
erates explanations, maps the explanation components to the source-code ranges, and
inserts comments before the mapped code regions. In the controlled explained repos-
itories, explanations are generated for files that appear in the gold patch and for 10
additional randomly selected files. This reduces the emphasis on only the known target
files while avoiding the cost of generating explanations for the entire repository. The
repair agent is then run in this modified repository, so explanations are available in
the normal context of the source code while the agent is reviewing the files.

The official gold patch is not provided to Junie during the repair phase. It is
used offline only to prepare a repository enriched with explanations, mainly to select
files related to the task in this controlled experiment. This project checks whether
explanations next to the corresponding code can help in agentic repair. It should not
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be interpreted as a search strategy in a production environment. In the workflow of a
production plugin or agent, the relevant files must be selected through retrieval, static
analysis, user selection, or an earlier agent pass.

For each task, run_junie_swebench.py performs the following procedure:

1. Copy the source repository to an isolated temporary worktree.

2. Check out the task’s base_commit, unless you are using an already prepared
repository with explanations.

3. Create a local baseline commit if comments are already included in the repository
with explanations.

4. Run Junie with a prompt based on SWE-bench problem_statement.

5. Save Junie’s stdout, stderr, generated patch, return code, timing information,
and working directory artifacts.

6. Restore agent edits under tests/ and restore files affected by the official
test_patch.

7. Apply the official test_patch.
8. Resolve framework-specific test labels for Django and Sphinx.

9. Run the FAIL_TO_PASS tests and, if they are not disabled, the PASS_TO_PASS
tests.

10. Save a text file result.json for each task, then summarize the result files into
CSV comparison tables.

The main metric is the task success value: whether the generated patch passes
the evaluation command. A secondary process metric is the number of visible Junie
actions. This number of actions is not an ideal indicator of internal reasoning, but it is
constantly displayed in the execution logs and gives an approximate idea of the agent’s
observed effort. Therefore, two questions arise when comparing. Firstly, does the
explained repository solve more, fewer, or the same number of tasks as a regular repos-
itory? Secondly, does it change the number of visible actions that the agent performs
when completing tasks? The paired design controls the identity of the task and the
official tests, but it does not fully control the non-determinism of the external agent.
Therefore, the comparison should be interpreted as an empirical mini-benchmark ex-
periment rather than as a statistically reliable statement. The quantitative results for

these questions are reported later in the Quality and Agent Performance section.
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4.3 Plugin Ul

The result of the implementation is a working IntelliJ IDEA plugin. The plu-
gin provides a tool window where the user can generate code using Junie, view the
generation logs, and then view explanations of the modified code. The presentation
of explanations supports multiple levels of detail and both paragraph and structured
format. For each explanation displayed, the plugin saves explicit mappings of the
explanation components to the source-code lines.

In addition to explanations of generated code, the plugin includes an
explanation-only workflow. The separate Explanation Generation tab allows the
user to manually select a fragment of source code in the editor and press the explain
action. In this mode, no coding task is launched and the agent tracer is not used,
because the agent does not produce a patch. The explanation provider instead
relies on the selected code, the repository context available to the plugin, and the
surrounding source-code information to describe what the selected fragment does.

The user interface makes the mapping artifact interactive. When the user se-
lects an explanatory component, the corresponding fragment of the source code is
highlighted in the editor. The user can also insert explanatory comments into the
source file. After insertion, the plugin shifts the saved line numbers so that the selec-
tion matches the edited file. This demonstrates that the presentation of explanations
is not only an artifact of evaluation; it can be used in the development process.

The plugin also supports two explanation providers. The OpenAl path is useful
for controlled model comparison, while the Junie path is closer to the repository-
aware workflow. Settings for selecting a provider, model, endpoint, and credentials are
available through the plugin configuration user interface and are stored in the IntelliJ
platform services. Thus, a working user interface is one of the results of the project:
it turns the generated explanations and mappings into an easy-to-view interface for
developers.

4.4 Quality and Agent Performance

The generated SWE-bench artifacts contain 50 task directories. For this exper-
iment, explanation artifacts were generated by the Junie explanation provider using
gemini-3.1-flash-lite-preview, which corresponds to Gemini 3.1 Flash-Lite. Code
generation in both conditions, the regular repositories and the explanation-enriched
repositories, was performed by Junie using its default gemini-3-flash-preview model
alias, corresponding to Gemini 3 Flash. They are stored under repos-explained.
Across these tasks, the generation pipeline created 548 explained files and 3554 high-
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detail mappings. The artifacts are distributed across two repositories: Django tasks
contain 277 explained files and 1802 mappings, while Sphinx tasks contain 271 ex-
plained files and 1752 mappings. Table 4.4 reports this artifact coverage by repository.

Repository Tasks | Explained files | Total mappings | Avg. mappings/task
django/django 25 277 1802 72.08
sphinx-doc/sphinx 25 271 1752 70.08
Combined 50 548 3554 71.08

Table 4.4: Explanation artifacts generated for SWE-bench Verified Mini tasks.

The generated repositories contain explanations and mappings for several files
for each task, which makes the artifacts suitable for checking whether the agent benefits
from the additional context of the code. At the same time, the artifacts themselves
do not prove the correctness of the explanation; they only show the coverage of the
generation. Correctness still depends on the quality of the mapping and whether the
explanation helps in subsequent code generation.

The final results compare regular Junie runs and runs with additional explana-
tions. Table 4.5 reports the pass rates.

Dataset Regular solved | Explained solved | Regular rate | Explained rate
Django, 25 tasks 20 20 80% 80%
Sphinx, 25 tasks 12 13 48% 52%
Combined, 50 tasks 32 33 64% 66%

Table 4.5: SWE-bench Verified Mini pass rates for regular and explanation-enriched
runs.

For Django, the same number of tasks were completed in both conditions: 20
out of 25. The result did not change: every Django task that passed in the regular
condition also passed in the explained condition, and every failed task remained failed.
For Sphinx, the explained condition solved one additional task. The modified task was
sphinx-doc__sphinx-8638, which failed in a regular run and was completed in an
explained run. Thus, across all 50 tasks, one additional success was achieved in the
explained condition.

Table 4.6 shows secondary process indicators. The signal about the number
of actions is ambiguous, but favorable for the condition with additional explanations.
The average number of visible agent actions in the summary data remained virtually
unchanged: 47.76 actions for regular runs and 47.80 for runs with additional expla-
nations. However, the median number of actions decreases from 45.5 to 42.5. This
means that the explained repositories solved one additional task without requiring a
significant increase in the average observed effort and with fewer typical actions. For
Django, the average number of actions in the explained condition is slightly lower. For
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Sphinx, the average number of actions is slightly higher, but the median number of
actions is lower. Timing data is less stable because the launch of an external agent can
be affected by service latency, retries, local machine load, and rerun history. For this
reason, pass rate and action count are considered as the main quantitative indicators
in this experiment.

Dataset Reg. mean actions | Expl. mean actions | Reg. median actions | Expl. median actions
Django 38.52 38.36 36.0 38.0
Sphinx 57.00 57.24 54.0 53.0
Combined 47.76 47.80 45.5 42.5

Table 4.6: Agent action counts in SWE-bench runs.
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5. Discussion

The main practical result is that explanation-enriched repositories are suitable
for solving SWE-bench-style tasks. The generated artifacts cover hundreds of files and
thousands of mappings, and the performance of complex problem solving remains com-
parable to the regular baseline. The additional success of Sphinx alone is not enough to
talk about a statistically significant improvement, but it indicates that mapped expla-
nations can provide useful context without systematically reducing agent performance.

The current system is the most effective as a verification and inspection layer.
The user can ask the assistant to generate the code, view the modified segments, read
the explanations at different levels of detail, click on the explanatory phrases to see
the corresponding code, and if desired, insert the explanation into the repository. This
makes the agent’s output more easily verifiable than a simple patch. The system is
less effective as an autonomous means of improving productivity, since the amount of
evaluation is small, and the quality of explanations strongly depends on the model and
the reliability of the syntax analysis.
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6.1

Conclusion

Key points
The key achievements of the work can be summarized as follows:

A working IntelliJ IDEA plugin was implemented as a developer-facing tool
for agentic code generation, explanation generation, line-level explanation-to-
code mappings, interactive highlighting, and insertion of mapped comments into
source files.

The system supports two types of explanation generation: OpenAl-based gener-
ation for controlled model comparison and Junie-based generation for repository-
aware explanations after agentic code changes.

The explanation data model supports six explanation variants: three levels of
detail combined with structured and unstructured presentation formats. This
makes the same generated artifact usable both as a short overview and as a
detailed review aid.

A labml.ai-based evaluation methodology was developed for assessing explana-
tion quality. The dataset was selected because it contains source code paired
with detailed human-written pedagogical explanations. The generated high-
detail structured explanations were compared with these references using an o3-
based LLM-as-a-judge rubric that scores segmentation, explanation quality, and
coverage of important concepts. This gives a repeatable quantitative signal while
still preserving a qualitative justification for each score.

A custom paired mini-benchmark methodology was developed on top of SWE-
bench Verified Mini. Each task was run in two conditions: a regular reposi-
tory and an explanation-enriched repository. The paired design kept the same
instance_id, base_commit, problem_statement, and official evaluation tests,
making it possible to compare pass rate and visible Junie action counts while
keeping the task identity fixed.
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= Using the labml.ai methodology, five annotated deep learning implementations
were evaluated against human-written references. The best OpenAl configura-
tion, gpt-4.1, reached a mean LLM-as-a-judge score of 0.786. The Junie-based
setting reached a mean score of 0.752 and had the lowest standard deviation,
0.060, among the evaluated methods.

= For SWE-bench Verified Mini, the explanation-generation pipeline prepared ar-
tifacts for all 50 tasks. Across these tasks, it produced 548 explained files and
3554 high-detail mappings.

= In the paired SWE-bench experiment, the regular repositories solved 32 out of
50 tasks, or 64%. The explanation-enriched repositories solved 33 out of 50
tasks, or 66%. The difference came from one additional solved Sphinx task,
sphinx-doc__sphinx-8638, while Django remained unchanged at 20 out of 25
tasks in both conditions.

= The explanation-enriched condition did not introduce a measured regression in
the collected benchmark results. The average number of visible Junie actions
stayed almost unchanged, from 47.76 in regular runs to 47.80 in explained runs,
while the median decreased from 45.5 to 42.5 actions.

6.2 Limitations of the study

The study is limited by the size of the dataset, provider variability, evaluation
noise, and the cost of the experiment. The parallel explanation-quality dataset contains
only five files, so it is useful for targeted comparison, but not for broad generalization.
The LLM-as-a-judge metric is also imperfect, as it can be sensitive to the wording,
segmentation, and preferences of a particular model. The SWE-bench experiment
is larger, but still limited to 50 tasks and two repositories. Performing larger-scale
evaluations is expensive because the pipeline uses a lot of tokens in several stages:
generating explanations, creating mappings, and evaluating the LLM as a judge. These
stages also require paid model calls and lengthy launches by external agents. For
an unfunded dissertation project, this creates real practical difficulties: a full-scale
evaluation in many repositories, in many model configurations and repeated runs would
require significantly more money and computing budget than was available. Time
measurement is subject to noise, as agent startup may be affected by external service
delays, local machine load, retries, and restart history. Finally, the explained SWE-
bench condition allows comments to be inserted into repositories. This is useful so
that explanations are visible to the command-line agent, but it is not identical to the
explanation layer used only in the IDE. Another limitation is the lack of statistically
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significant human-subject studies. The most direct way to assess whether explanations
help people is to collect feedback from domain experts and plugin users. Such a study
would require the involvement of participants, the development of controlled tasks or
interviews, the payment of remuneration to participants, and the investment of time in
qualitative and quantitative analysis. These requirements went beyond the time and
financial constraints associated with the current work.

6.3 Suggestions for future research

Future work should evaluate the system based on the full SWE-bench Veri-
fied dataset and additional repositories, when this is made possible by financing and
compute budget. The parallel explanation-quality dataset should be expanded with
more files, more algorithm families, more programming domains, and human expert
assessments. Larger datasets would allow us to check whether the observed results
correspond to the five examples labml.ai and a mini-subset of SWE-bench, consisting
of 50 tasks. The plugin could support an explanation-only context that does not insert
comments into source files, which allows for a more accurate comparison of visible IDE
explanations and explanations that modify the repository. Another promising area is
the use of mappings as retrieval units for multi-agent workflows, so that subsequent
agents can extract not only code, but also grounded explanations for previous changes.
In future experiments, different file selection strategies should also be compared, since
for production use, one cannot rely on gold patch files when choosing targets for expla-
nation. Finally, future research should include user studies involving developers and
domain experts. This study should find out whether the plugin makes it easier to check
the generated code, whether the mapped explanations help users find the relevant code
faster, whether the inserted comments are useful or distracting, and whether the tool
changes trust in patches generated by the agent.

The public source repository and the build commands needed for installation
are provided in Appendices A and B.
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A. Plugin Source Code

Due to the large volume of our code base, we decided not to include the imple-
mentation directly in this paper. However, the full source code is publicly available on
GitHub at the following link:

https://github.com/yule44ka/explainable-ai-plugin/

This repository contains all the relevant code, documentation, and instructions
necessary to reproduce the experiments and results discussed in this paper.
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B. Plugin Build for Installation

The plugin can be built from the repository root as follows:

cd explainable-ai-plugin/plugin/explainable-ai-plugin
./gradlew build

For local development and manual testing in an IntelliJ sandbox, the following
command starts an IDE instance with the plugin loaded:

./gradlew runlde
The implementation requires JDK 21 or later. For code generation, Junie CLI

must be installed and available in PATH; for OpenAl-based explanations, an OpenAl
APl key must be configured in Settings -> Tools -> Explainable Al.
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