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Abstract
Agentic AI systems are increasingly integrated into software devel-
opment workflows, contributing code alongside human developers.
However, some AI-authored changes are later reverted, reflecting
situations where agent-generated contributions are judged unsuit-
able after integration. This paper presents a large-scale empirical
study of reverted changes introduced by AI coding agents to better
understand the causes behind their rejection. We analyze 33,580
agentic pull requests comprising 86,315 commits authored by five
major AI coding agents: Claude, Copilot, Cursor, Devin, and Ope-
nAI Codex. Our results show that 2.66% of agentic pull requests
contain at least one reverting commit, with substantial variation
across agents, ranging from 0.7% for OpenAI Codex to 7.6% for
GitHub Copilot indicating notable differences in code generation
reliability. Through a manual analysis of 500 reverting commits,
we derive a taxonomy comprising eight categories and 25 themes
that explain why agent-generated code is reverted. The most com-
mon causes are unintended side effects (22.33%), overengineering
(22.13%), functional incorrectness (17.71%), and dependency man-
agement problems (12.47%). Overall, our findings indicate that AI
coding agents struggle primarily with scope management and con-
textual understanding, rather than purely functional defects. This
study provides actionable guidance for practitioners, informs the de-
sign of human-AI collaboration workflows, and highlights priority
areas for improving agentic code generation systems.

CCS Concepts
• Software and its engineering→ Software verification and
validation.
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1 Introduction
AI-powered coding agents have become a prominent component
of software development workflows by automating code imple-
mentation tasks [20, 33]. AI agents like Claude1, Copilot2, Cursor3,
Devin4, and OpenAI Codex5 generate and propose non-trivial code
changes, which are reviewed and merged by human developers via
commits and pull requests (PRs) [26].

Despite their growing adoption, AI agents may introduce incor-
rect or undesired changes, including out-of-scope or unintended
modifications, which may lead to defects and increase the cogni-
tive load of developers during review, debugging, and maintenance
tasks [19, 39, 40, 47]. As in human-driven software development,
such changes are commonly mitigated through reverting commits
(i.e., commits that revert changes), which provide a rollback mecha-
nism to undo prior modifications [37]. For instance, in the GitHub
project shadcnblocks/kibo, the Copilot AI coding agent created a
PR (PR#171[35]) titled “Add Tree component for displaying collapsi-
ble hierarchical data" to introduce new functionality. As shown
in Figure 1, during code review, a maintainer asked the agent to
undo changes that affected unrelated packages, noting that these
modifications were out of scope. Subsequently, Copilot reverted the
unintended changes [34] and addressed compilation issues. How-
ever, the PR was eventually abandoned after nearly two months of
review (from June 25 to August 20, 2025). This example shows how
AI-generated commits can cause unintended side effects, leading to
partial or complete reverts, often due to a mismatch between the
agent’s behavior and the developer’s intent.

To understand the factors that lead to reverted changes, in the
code review process, prior studies [37, 43, 45] have characterized
the causes of reverted commits in human-driven software develop-
ment. However, the prevalence and underlying causes of reverted
changes in PRs generated by AI coding agents remain underex-
plored. In agentic PRs, code change reverts may arise not only from
defect correction but also from unintended side effects, deviations
1https://claude.com/solutions/coding
2https://copilot.microsoft.com/
3https://cursor.com/
4http://devin.ai/
5https://chatgpt.com/features/codex
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Figure 1: An example Reverted Copilot-Authored Change.

from developer intent, or an expanded review scope. Such reverts
typically translates to a substantial number of instances where
AI-generated code fails to meet expectations, requiring intensive
manual intervention [18, 32, 44]. The lack of empirical evidence
on the prevalence of such reverts and the factors that trigger them
limits our understanding of how AI coding agents behave, and how
they are trusted in real-world development workflows.

In this paper, we aim to investigate the prevalence of reverting
commits and understand why AI-assisted changes are reverted in
agent-generated PRs. To achieve this goal, we conduct a mixed-
methods empirical study that combines quantitative and qualitative
analyses. Using the AIDev dataset [26], which includes more than
33K agentic PRs spanning 86,315 commits from fivemajor AI agents,
we analyze 1,141 reverting commits and their corresponding 893
agent-generated pull requests. We define two research questions:
— RQ1: What is the prevalence of reverted changes in agentic
PRs? We quantify revert rates across five AI agents to understand
how frequently AI-generated code requires rollback. We find 2.66%
of PRs contain reverts, with rates varying tenfold across AI agents
(0.7%-7.6%).
— RQ2: Why are agentic changes being reverted? We develop
a taxonomy of revert reasons to characterize the specific failure
modes of agentic code generation using thematic analysis. We
identify 8 categories and 25 themes, with overengineering/side
effects (22.33%) and functional incorrectness (22.13%) as dominant
failure modes.

These findings reveal that current agentic coding tools exhibit
quality variations and struggle primarily with software engineering
concerns. For practitioners, our results suggest prioritizing human
review of agentic generated changes. For researchers and tool de-
velopers, we identify scope control and contextual awareness as
critical areas for improvement in next-generation agentic systems.

Replication Package.We provide our custom scripts and data
in a comprehensive replication package [6].

2 Study Design
Our goal is to investigate reverted changes in AI-generated pull re-
quests, focusing on their prevalence and underlying causes. Figure 2
provides an overview of our approach.

Revert Identification

Quantitative analysis

Qualitative analysis

Select agentic repos with more 
than 100 stars

Phase 1: Data collection

Extract human PR 
information

RQ1

RQ2

Compare Revert rate (Agentic vs. Human)

4.7% 2.66%

Thematic analysis of commits 

Taxonomy creation

Phase 2: Data analysis

Figure 2: Approach Overview.

2.1 Data Collection
We use the AIDev dataset [25], comprising 33,580 AI-generated
PRs with over 80K commits from five major coding agents: GitHub
Copilot, OpenAI Codex, Anthropic Claude Code, Cursor, and Devin.
Each PR includes metadata such as patches and commit messages.
Human PR data was extracted using the GitHub REST API 6 for
comparative analysis.

2.2 Data Analysis
2.2.1 Quantitative Analysis. To address RQ1, we identify revert-
ing commits using: (1) Git Revert Detection: regular expressions
matching standard format (e.g., “Revert ”... This reverts commit
<hash>” ) [37], and (2) Semantic Revert Detection: NLP identifying
phrases like “revert”, “undo”, “rollback”, and “backing out”. There-
after, we manually validated 500 commits (Section 2.2.2) achieving
96.2% precision [45], false positives were primarily metaphorical
uses. This yields 1,141 revert commits across 893 PRs. We calculate:
PR Revert Rate = # PRs having at least one revert

Total PRs × 100 overall and per
agent, enabling comparison across AI agents.

2.2.2 Qualitative Analysis. To answer RQ2, we apply thematic anal-
ysis [5, 15, 38] to construct a revert taxonomy. We randomly sample
500 commits stratified by agent distribution, exceeding thresholds
for 95% confidence and theoretical saturation [5, 7, 8, 11, 12, 38].
Our taxonomy comprises categories (high-level failure modes) and
themes (specific revert reasons), developed through four steps:

Step 1: Initial Reading. Two authors independently analyzed
all 500 commits, examining: (1) commit messages and diffs, (2)
PR discussions and agent interactions (e.g., “@copilot”), and (3)
surrounding context to identify primary reversion reasons.

Step 2: Label Generation and Refinement. Each author inde-
pendently assigned descriptive labels. Authors then met to discuss
and refine labels, identifying 19 initial labels. Semantically distinct
cases were split (e.g., extracting “merge conflict” from “breaking
changes”), yielding 25 final labels.

Step 3: Disagreement Resolution. Initial coding achieved sub-
stantial agreement (𝜅 = 0.62) [13, 23]. Through consensus discus-
sion, we reassigned themes to appropriate categories, identified
missing themes (e.g., “wrong naming”), and refined labels for clar-
ity (e.g., “CI & Integration Failures” became “Workflow & Pipeline
Issues”). Final agreement reached 𝜅 = 1.0 [28].

Step 4: Hierarchical Categorization. Through iterative organi-
zation, similar themes were grouped into higher-level categories.
For example, “Violations of conventions,” “Redundant logic,” “For-
matting issues,” “Wrong naming,” and “Documentation Issues” were
grouped under “Code Quality & Maintainability Issues.” This en-
sured coverage and mutual exclusivity, yielding 8 categories and
25 themes.

3 Empirical Study Results
3.1 RQ1: What is the prevalence of reverted

changes in agentic PRs?
Our analysis reveals that 2.66% of agentic PRs (893 out of 33,580)
contain at least one AI authored reverting commit, indicating a non-
negligible prevalence. Although this percentage appears low, re-
verted commits often incur disproportionate effort due to rework, CI

6https://docs.github.com/en/rest?apiVersion=2022-11-28
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re-execution, and additional review [37]. 1,141 distinct revert com-
mits distributed across the 893 affected PRs, averaging 1.27 reverts
per affected PR. This finding suggests that when AI-generated code
requires correction, developers typically address issues through a
single revert, although some PRs undergo multiple revert iterations.
Comparing AI agents to human developers provides important
context for evaluating code quality. Human-authored PRs exhibit
a revert rate of 4.68% (310 of 6,618 PRs), approximately 1.76 times
higher than the aggregate AI agent rate of 2.66%. This suggests that,
overall, AI-generated code requires less correction through reverts
than human-written code. However, as illustrated in Figure 3, revert
rates vary substantially across individual AI agents, spanning more
than a tenfold range from 0.72% to 7.57%. GitHub Copilot exhibits
the highest revert rate at 7.57% (376 of 4,967 PRs), exceeding the
human by 62%. Claude Code follows closely at 7.21% (33 of 458
PRs), also exceeding the human rate. Devin (6.03%, 291 of 4,822 PRs)
and Cursor (2.34%, 36 of 1,540 PRs) fall below the human baseline,
while OpenAI Codex demonstrates a remarkably low revert rate
of 0.72% (157 of 21,793 PRs), more than six times lower than hu-
mans and over ten times lower than Copilot, despite contributing
the largest volume of PRs to the dataset. These disparities suggest
that the tendency for generating revert-triggering code varies con-
siderably across agents. OpenAI Codex’s notably low revert rate
may indicate more conservative code-generation strategies, better
alignment with established development patterns, or specialization
in well-defined tasks with precise requirements. Conversely, higher
rates for Copilot and Claude Code might reflect more aggressive
feature suggestions, broader task scopes, or different interaction
paradigms that encourage exploratory code generation. The fact
that two agents (Copilot / Claude Code) exceed human revert rates
while three others fall below suggests that agent architecture and
design choices significantly impact code quality.

3.2 RQ2: Why are agentic changes being
reverted?

Our manual analysis revealed 8 categories and 25 themes char-
acterizing why AI-generated changes are reverted. As shown in
Figure 4, our taxonomy includes: (1) Overengineering Side Effects,
(2) Functional Incorrectness, (3) Code Quality Issues, (4) De-
pendency Management Issues, (5) Test Failures, (6)Workflow

& Pipeline Issues, (7) Security Violations, and (8) Ambiguous
Revert.

� (C1) Overengineering Side Effects account for 22.33% of
reverts, representing significant integration challenges. AI agents
frequently introduce unnecessary complexity, “gold plating” [27],
manifesting as unintended behavioral changes (12.47%), unrelated
file changes (7.04%), and excessive refactoring (2.82%). These subtle
alterations reveal AI’s struggle with restraint and scope manage-
ment. Agents optimize for comprehensiveness when developers
need precision, creating technical debt where maintenance costs
outweigh productivity gains [22]. Current AI models lack the holis-
tic system understanding to judge when “good enough” suffices and
when touching working code introduces more risk than value [10].

� (C2) Functional Incorrectness. represents the second major
challenge, accounting for 22.13% of all reverted changes. These
are traditional bugs in which AI-generated code does not work as
intended. The breakdown reveals the specific failure modes: logical
errors dominate at 11.67%, followed by partial implementations that
leave functionality incomplete (7.44%), misinterpreted requirements
in which the AI solves the wrong problem (1.61%), and edge-case
failures in which the code breaks under unexpected conditions
(1.41%). This distribution shows that, despite their sophistication,
AI models still struggle with the fundamental task of translating
intent into executable code. The prevalence of logical errors and
partial implementations suggests that AI agents often understand
what to build, but falter in the how [17]. These findings underscore
a critical reality: AI can accelerate code generation, but it cannot
yet replace human oversight, rigorous testing, and critical thinking
required to ensure functional correctness [46], making verification
processes more essential than ever in AI-assisted development
workflows.

� (C3) Code Quality Issues drive 17.71% of reverts, demon-
strating functional correctness alone is insufficient. Documentation
issues lead at 6.04%, followed by convention violations at 5.43%.
For example, PR #58076 [3] required reverting “docs: revert incorrect
platform/release_notes links” to correct misleading documentation.
AI agents deliver working code that fails professional standards:
proper structure, consistent naming, adequate documentation, and
established conventions [30]. The code executes correctly but cre-
ates friction for developers who must later maintain it. This creates
subtle technical debt where AI solves today’s problem while creat-
ing tomorrow’s maintenance burden [29]. Documentation issues
suggest agents struggle to explain their code, while convention
violations indicate failure to internalize project-specific standards
despite diverse training [7, 41].

� (C4) Dependency Management Issues account for 12.47% of
reverts, exposing critical weaknesses in handling external libraries
and version compatibility. Breaking changes from upgrades domi-
nate at 6.64%, where agents introduce incompatible version updates
without understanding downstream consequences. For instance,
in PR #62036 [4], an agent upgraded @microsoft/signalr-protocol-
msgpack from version 5.0.0 to 10.0.0 without verifying compatibility
with existing infrastructure. The revert removed the version specifi-
cation entirely, reverting to the stable version. Lock file restorations
(3.42%) and missing or incompatible dependencies (2.41%) reveal
how AI treats dependencies as simple additions rather than inter-
connected ecosystem components [16]. Agents confidently upgrade
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Figure 4: Taxonomy of causes behind revert commits in AI agents pull requests.

libraries without recognizing compatibility breaks or add packages
without checking conflicts. A single mismanaged dependency can
trigger cascading build failures, runtime errors, and subtle bugs [14].

� (C5) Test Failures comprise 9.86% of reverts, involving test
maintenance and validation issues. Missing test updates lead at
4.63%, where agents modify code without updating tests, followed
by incorrect test expectations (4.23%) and nondeterministic be-
havior (1.01%). For example, in PR #18584 [2], an agent modified
CLIEvent handling in the F# compiler service, breaking three exist-
ing tests. The developer reverted with: “Revert changes to CLIEvent
handling to fix test failures,” directly addressing the agent: “@copi-
lot: You caused 3 test failures”, detailing how modifications altered
event classification behavior violating existing test expectations.
Agents either neglect test updates entirely or introduce changes
breaking existing expectations, creating false security where modi-
fications appear valid until the test suite reveals fundamental behav-
ioral changes [9]. This highlights the need for AI models capable of
understanding and maintaining the contract between code behavior
and test expectations [24].

� (C6) Workflow & Pipeline Issues account for 6.44% of re-
verts, encompassing build configurations, CI/CD pipelines, and
development workflows. Broken CI scripts or pipeline definitions
(2.62%) and incorrect build configurations (2.01%) dominate. Agents
inadvertently disrupt automated systems by making incorrect mod-
ifications without understanding full implications [42]. Given the
complexity and project-specific nature of pipelines, agents struggle
to grasp how modifications ripple through the entire software de-
velopment ecosystem beyond individual code files [21], where AI’s
narrow focus on immediate code generation conflicts with broader
context needed for successful delivery [36].

� (C7) Security Violations represent only 2.01% of reverts
but carry disproportionate risk. Insecure defaults (1.01%), non-
compliance with standards (0.80%), and credential exposure (0.20%)
reveal howAI models can inadvertently learn and replicate insecure
coding patterns from public code [31]. Agents can also introduce is-
sues by misapplying protective mechanisms. In PR #1270 [1], Codex
attempted to clean user input before security validation by sanitiz-
ing aWordPress nonce. The developer reverted with: “We shouldn’t
clean up a submitted nonce. If we have to, it should be considered
invalid and rejected.” This illustrates how agents may misunder-
stand security best practices, sanitizing a nonce before verification

undermines the security check itself, as valid nonces should not
require sanitization. Such misapplications can introduce vulnera-
bilities including SQL injection, cross-site scripting, or weakened
cryptographic guarantees.

� (C8) Ambiguous Revert accounts for 2.21% of cases where
reversion reasons couldn’t be determined. This encompasses com-
mits with: (1) uninformative revert messages (e.g., simply “revert”
without explanation), (2) deleted or unavailable PR discussions, (3)
insufficient context, or (4) multiple potential reasons with no clear
primary cause. Despite thorough examination of commit diffs, PR
history, and related discussions, some reverts remain unclear.

4 Conclusion and Takeaways
As AI coding agents become more integrated into software develop-
ment workflows, understanding how and why their contributions
fail in practice is increasingly important. In this study, we analyzed
1,141 reverting commits across 893 PRs authored by five widely
used AI coding agents. While reverts remain relatively uncommon
overall (2.67%), they reveal systematic reliability differences and
recurring challenges beyond conventional bug fixing.

Takeaway #1: Revert rates vary substantially across agents.
Although only a small fraction of agentic PRs contain reverting
commits, the observed rates differ markedly across tools, ranging
from 0.7% (OpenAI Codex) to 7.6% (GitHub Copilot). This variability
suggests that agent behavior and failure profiles are not uniform,
and that practitioners should account for agent-specific reliability
when integrating AI agents into production pipelines.

Takeaway #2: Failures often stem from scope and bound-
ary misalignment, not just incorrect code. Overengineering and
unintended side effects (22.33%) occur at a rate comparable to func-
tional defects (22.13%). In many cases, the reverted changes were
technically correct but exceeded the intended scope by modifying
unrelated components or introducing unnecessary complexity. This
indicates that current AI agents struggle to interpret the contextual
boundaries of change, underscoring the importance of explicitly
reviewing scope when assessing AI-generated contributions.

Takeaway #3: Infrequent security-related errors still war-
rant special attention. Security-related reverts represent a small
proportion of cases (2.01%), yet they include errors with potentially
high impact, such as weakening authentication or misapplying
sanitization logic. These findings suggest that AI-generated code
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should be subject to targeted security checks, combining automated
analysis with focused human review.

Overall, our results show that the reverted AI-generated changes
provide a valuable lens into the practical limitations of current agen-
tic systems. By characterizing where and how these failures occur,
this study provides evidence to inform safer deployment practices,
more effective reviewworkflows, and future improvements to agent
design.
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