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Abstract

The development of robust decision-making policies for road-based autonomous vehicles (AV) remains a
critical research challenge. While Reinforcement Learning (RL) and Imitation Learning (IL) show promise,
the research landscape remains fragmented, particularly regarding Proximal Policy Optimization (PPO). This
paper presents a systematic literature review synthesizing PPO applications in autonomous driving. Following
the Kitchenham methodology and SEGRESS guidelines, we searched major digital libraries for studies
published between 2021 and 2025. From 108 initial records, a rigorous selection process yielded 26 primary
studies. Our analysis reveals that standard PPO dominates (73.1%), with modified variants accounting for
23.1%. CARLA serves as the primary evaluation platform (50.0%), with urban driving (42.3%) and lane
changing (30.8%) being the most common tasks. IL integration employed diverse approaches including
Behavioral Cloning, GAIL, and AIRL. A significant finding is evaluation fragmentation, with 14 unique
metrics identified, though collision rate (57.7%) and success rate (30.8%) were most prevalent. Quality
assessment showed 46.2% of studies achieved high methodological quality, while transparency emerged as
the weakest criterion. Our findings underscore the need for standardized benchmarks, sim-to-real transfer
methods, and improved reporting transparency.

Keywords: Autonomous vehicles, imitation learning, proximal policy optimization, reinforcement learning,
systematic literature review

1. Introduction

The field of autonomous vehicles (AV) has be-
come a prominent area of research, driven by the
transformative potential of this technology to im-
prove safety, enhance transportation efficiency, and
increase mobility. This review specifically focuses
on road-based autonomous vehicles such as pas-
senger cars, trucks, and commercial vehicles operat-
ing on public roads, and excludes other autonomous
systems such as unmanned aerial vehicles (UAVs),
unmanned surface vehicles (USVs), and autonomous
robotic systems.

The Society of Automotive Engineers (SAE)
provides a widely adopted framework classifying
driving automation from Level 0 (no automation)
to Level 5 (full automation) [1]. Currently, most
commercially deployed systems, such as Tesla Au-
topilot, operate at Level 2 or 3 [2], highlighting the

considerable challenges that remain in creating a
robust driving policy capable of navigating complex
and unpredictable real-world scenarios.

To overcome the limitations of traditional rule-
based systems, research has increasingly shifted
towards learning-based methods. Reinforcement
Learning (RL), which trains agents through envi-
ronmental interaction [3], has emerged as a powerful
paradigm for developing driving policies. The RL
algorithm landscape for autonomous driving encom-
passes several major families, each with distinct
characteristics and trade-offs:

Value-based methods such as Deep Q-Networks
(DQN) [4] and Rainbow [5] learn action-value func-
tions and have shown success in discrete action
spaces. However, their extension to the continu-
ous control problems characteristic of vehicle steer-
ing and throttle control remains challenging. Pol-
icy gradient methods including Advantage Actor-
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Critic (A3C) [6], Trust Region Policy Optimiza-
tion (TRPO) [7], and Proximal Policy Optimiza-
tion (PPO) [8] directly optimize parametrized poli-
cies and naturally handle continuous action spaces.
Actor-critic methods such as Deep Deterministic
Policy Gradient (DDPG) [9], Twin Delayed DDPG
(TD3) [10], and Soft Actor-Critic (SAC) [11] com-
bine value function approximation with policy opti-
mization, offering improved sample efficiency but
often requiring careful hyperparameter tuning for
stable convergence.

Additionally, Imitation Learning (IL), which
learns from expert demonstrations [12], provides an
alternative or complementary approach. Techniques
such as Behavioral Cloning (BC), Dataset Aggre-
gation (DAgger) [13], and Generative Adversarial
Imitation Learning (GAIL) [14] address the cold-
start problem and can accelerate policy learning
when combined with RL methods.

Table 1 compares key characteristics of promi-
nent RL algorithms applied to autonomous driving,
highlighting their relative strengths and limitations.

Within this diverse algorithmic landscape, Prox-
imal Policy Optimization (PPO) has gained par-
ticular distinction in autonomous driving research
due to its favorable balance between sample effi-
ciency, implementation simplicity, and training sta-
bility. PPO’s clipped surrogate objective provides
robust policy updates that prevent catastrophic per-
formance degradation, a critical property for safety-
sensitive applications where unpredictable policy
changes could lead to dangerous driving behavior.
Unlike TRPO, which requires computationally ex-
pensive second-order optimization, PPO achieves
similar stability guarantees using only first-order
methods, making it more practical for the high-
dimensional state and action spaces characteristic of
autonomous driving. Compared to DDPG and TD3,
PPO exhibits more consistent convergence across
different environments without requiring extensive
hyperparameter search, a crucial advantage when
transferring policies across varied driving scenar-
ios (urban, highway, adverse weather). Furthermore,
PPO’s on-policy nature aligns well with safety con-
straints, as it learns directly from the current policy’s
experience rather than relying on off-policy data that
may reflect outdated or unsafe behaviors.

The algorithm’s widespread adoption in au-
tonomous driving research and its unique position
balancing stability, efficiency, and implementation
accessibility warrant dedicated systematic examina-
tion. However, while there is a substantial body of
primary research applying PPO to AV, the literature
remains fragmented, making it difficult to form a
holistic understanding of how PPO is being applied,

how it relates to IL techniques, and what challenges
persist.

Given the rapid and diverse advancements in this
domain, a systematic literature review is required to
structure the existing evidence. While broad surveys
on deep learning for AV [15], RL for autonomous
driving [16], and trajectory prediction [17] exist,
none provide a focused synthesis of how PPO, one of
the most widely adopted policy gradient algorithms,
is specifically being applied to autonomous driving
tasks. Furthermore, since PPO-based approaches are
often combined with or compared against IL tech-
niques, understanding this relationship is essential.
This review aims to fill that gap by providing a
systematic, evidence-based analysis of PPO appli-
cations in AV, the IL techniques used alongside
them, and the evaluation practices employed in this
research area.

To achieve this, our systematic literature review
is guided by the following research questions:

1) RQ1: How is Proximal Policy Optimization
(PPO) being applied within RL frameworks
for autonomous driving tasks?

2) RQ2: In the context of these PPO studies,
how are IL techniques integrated with or
compared to PPO?

3) RQ3: What types of autonomous driving
tasks and environments are being used to
evaluate these PPO-based and IL policies?

4) RQ4: What performance metrics are used
to assess the effectiveness of these driving
policies in autonomous driving scenarios?

We focus on studies published between January
2021 and July 2025 to capture the most recent
advancements following PPO’s maturation as a stan-
dard algorithm. We exclude multi-agent reinforce-
ment learning (MARL) studies to maintain a focused
scope on single-agent driving policies, as MARL
introduces additional complexity warranting separate
analysis.

The remainder of this paper is organized as
follows. Section II reviews related secondary studies
to situate our work and identify the specific gap this
review addresses. Section III details the systematic
methodology used for study selection and data syn-
thesis. Section IV presents the synthesized results,
structured according to the research questions. Sec-
tion V discusses the implications of our findings
and acknowledges the study’s limitations. Section VI
concludes the paper with a summary of contributions
and directions for future research.

This systematic literature review makes the fol-
lowing contributions:
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Table 1. Comparison of reinforcement learning algorithms for autonomous driving.
Algorithm Sample

Efficiency
Training Stabil-
ity

Continuous
Control

Implementation
Complexity

Key Limitation
for AV

DQN Moderate Moderate Poor (discrete
only)

Low Requires action
discretization

A3C Low Moderate Good Moderate High variance,
many parallel
workers needed

DDPG High Low Excellent Moderate Sensitive to hyper-
parameters, brittle

TD3 High Moderate Excellent Moderate Careful tuning re-
quired

SAC High High Excellent High Computational
overhead, entropy
tuning

TRPO Moderate High Good High Computationally
expensive

PPO Moderate-High High Good Low Moderate sample
complexity

1) Systematic identification and quality assess-
ment of 26 primary studies (2021-2025)
applying PPO to autonomous vehicles

2) Detailed categorization of PPO variants
(standard, modified, baseline) with usage
patterns and implementation approaches

3) Comprehensive mapping of IL integration
techniques with PPO-based systems, in-
cluding BC, GAIL, AIRL, and hybrid ap-
proaches

4) Systematic documentation of evaluation en-
vironments, driving tasks, and performance
metrics, revealing significant fragmentation
(14 unique metrics)

5) Evidence-based identification of research
gaps, challenges, and future directions spe-
cific to PPO in autonomous driving.

2. Related Work

The application of deep reinforcement learning
(DRL) to autonomous driving has gathered substan-
tial research interest, resulting in several comprehen-
sive surveys that synthesize this body of work. This
section reviews three influential surveys that inform
the current study and identifies the specific gap that
motivates this systematic literature review.

2.1. Proximal Policy Optimization: Techni-
cal Overview

To provide context for the systematic review
findings, this section presents a technical overview of
Proximal Policy Optimization (PPO), the algorithm
at the center of this study. While readers familiar
with PPO may skip this section, we include it to

ensure accessibility for those new to the algorithm
or seeking a refresher on its key principles.

2.1.1. Policy Gradient Methods and the Trust
Region Problem. Proximal Policy Optimization
belongs to the family of policy gradient meth-
ods, which directly optimize a parametrized policy
πθ(a|s) that maps states to actions. Unlike value-
based methods (e.g., DQN) that learn action-value
functions, policy gradient methods use gradient as-
cent to maximize expected cumulative reward:

J(θ) = Eτ∼πθ

[
T∑

t=0

γtrt

]
(1)

where τ represents a trajectory, γ is the discount
factor, and rt is the reward at time t.

A fundamental challenge in policy gradient opti-
mization is ensuring that policy updates are neither
too large (causing performance collapse) nor too
small (slowing learning). Trust Region Policy Op-
timization (TRPO) [7] addressed this by constrain-
ing updates to lie within a trust region, ensuring
monotonic improvement. However, TRPO’s reliance
on second-order optimization (computing the Fisher
information matrix and conjugate gradient) makes it
computationally expensive, particularly for the high-
dimensional neural networks used in autonomous
driving.

2.1.2. The PPO Clipped Surrogate Objective.
Proximal Policy Optimization [8] achieves TRPO’s
stability guarantees using a simpler, first-order ap-
proach. PPO introduces a clipped surrogate objective
function that penalizes policy updates that deviate
too far from the current policy:
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LCLIP (θ) = Et

[
min

(
rt(θ)Ât,

clip(rt(θ), 1− ϵ, 1 + ϵ)Ât

)]
(2)

where:

• rt(θ) =
πθ(at|st)

πθold
(at|st) is the probability ratio

• Ât is the advantage function estimating how
much better action at is compared to the
average

• ϵ is the clipping parameter (typically 0.1 to
0.2)

2.1.3. Intuitive Explanation of the Clipping
Mechanism. The clipped objective in Equation 2
implements a conservative update strategy through
three cases:

Case 1: Positive advantage (Ât > 0). If an
action is better than average, we want to increase its
probability. However, if rt(θ) > 1 + ϵ, the clipping
prevents the probability from increasing too much.
The objective becomes (1 + ϵ)Ât, removing the
incentive for further increases.

Case 2: Negative advantage (Ât < 0). If an
action is worse than average, we want to decrease
its probability. However, if rt(θ) < 1−ϵ, the clipping
prevents the probability from decreasing too much.
The objective becomes (1 − ϵ)Ât, removing the
incentive for further decreases.

Case 3: Within trust region (1 − ϵ ≤ rt(θ) ≤
1+ϵ). The clipping has no effect, and standard policy
gradient updates apply.

2.1.4. Implementation and Advantages. In prac-
tice, PPO is implemented using the following pro-
cedure:

1) Collect trajectories by running the current
policy πθold in the environment

2) Compute advantages Ât using Generalized
Advantage Estimation (GAE) [18]

3) Optimize the clipped objective (Equation 2)
using minibatch gradient ascent for multiple
epochs

4) Update the policy: θold ← θ
5) Repeat

This approach offers several advantages for au-
tonomous driving applications:

• Training Stability: The clipping mechanism
prevents large, destabilizing policy updates,
critical for safety-sensitive domains where
erratic behavior could lead to collisions.

• Sample Efficiency: By reusing collected tra-
jectories for multiple gradient updates (via

the clipping constraint), PPO achieves better
sample efficiency than vanilla policy gradi-
ents while remaining on-policy.

• Implementation Simplicity: Unlike TRPO,
PPO requires only first-order gradients and
standard optimizers (e.g., Adam), making it
easier to implement and scale to large neural
networks.

• Continuous Action Spaces: PPO naturally
handles the continuous control required for
vehicle steering angles and throttle/brake
commands without action discretization.

2.1.5. Relevance to Autonomous Driving. The
properties of PPO align particularly well with the
challenges of autonomous driving:

Safety through stable updates. The clipped ob-
jective ensures that the driving policy does not sud-
denly adopt dangerous behaviors, even when learn-
ing from exploratory or suboptimal experiences.
This is crucial when training in simulators before
real-world deployment.

Handling sparse rewards. Autonomous driving
tasks often have sparse reward signals (e.g., collision
penalties, goal completion rewards). PPO’s advan-
tage estimation and multi-epoch updates help extract
meaningful learning signals from limited feedback.

Scalability to complex scenarios. PPO’s com-
putational efficiency enables training on high-
dimensional sensory inputs (camera images, LiDAR
point clouds) and complex urban environments with
many interacting agents.

These properties have contributed to PPO’s
widespread adoption in autonomous driving re-
search, motivating this systematic review to synthe-
size how the algorithm is being applied, adapted, and
evaluated across diverse driving scenarios.

2.2. Existing Surveys on DRL for Au-
tonomous Driving

Kiran et al. [19] present a comprehensive sur-
vey on DRL for autonomous driving, offering an
extensive overview of the field’s landscape. Their
work systematically reviews core RL concepts, in-
cluding Markov Decision Processes (MDPs), value-
based methods such as Deep Q-Networks (DQN),
and policy gradient approaches including Proximal
Policy Optimization. The survey establishes a useful
taxonomy that categorizes the literature according
to simulator platforms (CARLA, TORCS, SUMO),
application scenarios (lane keeping, intersection nav-
igation, highway driving), and reward function de-
signs. While this survey provides valuable founda-
tional coverage of DRL algorithms for autonomous
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vehicles, its broad scope across all DRL meth-
ods results in limited depth on any single algo-
rithm. Proximal Policy Optimization receives only
brief treatment alongside numerous other algorithms,
without detailed analysis of its specific variants,
implementation patterns, or comparative advantages
in autonomous driving contexts.

Zhu and Zhao [20] contribute a survey that
uniquely addresses both DRL and deep imitation
learning (DIL) for autonomous driving policy learn-
ing. Their work introduces a five-mode taxonomy
that classifies how DRL/DIL models integrate into
autonomous driving system architectures: (1) end-to-
end control, (2) control with high-level commands,
(3) motion planning integration, (4) behavior plan-
ning integration, and (5) hierarchical planning and
control. Beyond architectural considerations, the sur-
vey comprehensively reviews task-driven formula-
tions covering state space design, action space de-
sign, and reward function engineering. The authors
also examine problem-driven methods addressing
driving safety, interaction with traffic participants,
and environmental uncertainty. However, their ex-
tensive coverage across all DRL and DIL algo-
rithms necessarily limits algorithm-specific depth.
PPO appears in only two studies within their anal-
ysis, leaving substantial gaps in understanding how
this increasingly popular algorithm performs across
different autonomous driving applications.

Zhao et al. [21] provide the most recent survey,
proposing a six-mode taxonomy that extends prior
classification schemes to accommodate emerging ar-
chitectural patterns. Their taxonomy distinguishes:
(1) end-to-end control, (2) conditional end-to-end,
(3) motion planning, (4) behavior planning, (5) hi-
erarchical integration, and (6) multi-agent coordi-
nation. The survey notably addresses recent algo-
rithmic developments including constrained policy
optimization variants (PCPO, CPO) and multi-agent
extensions (MAPPO, QMIX). While this survey cap-
tures the field’s evolution through 2023, its com-
prehensive scope across all DRL algorithms means
that PPO-specific analysis remains limited. The sur-
vey identifies PPO variants but does not systemat-
ically examine implementation patterns, integration
approaches with imitation learning, or performance
characteristics specific to PPO-based autonomous
driving systems.

2.3. Research Gap and Motivation

Table 2 summarizes the key characteristics of ex-
isting surveys and positions the current study. While
the reviewed surveys provide valuable contributions
to understanding DRL applications in autonomous

driving, a notable gap exists in the literature: no
existing work provides systematic, in-depth analysis
specifically focused on Proximal Policy Optimiza-
tion. This gap is significant for several reasons.

First, PPO has emerged as one of the most
widely adopted algorithms in autonomous driving
research due to its favorable balance between sample
efficiency, implementation simplicity, and training
stability [8]. The algorithm’s clipped surrogate ob-
jective provides robust policy updates without the
computational overhead of trust region methods like
TRPO, making it particularly suitable for the high-
dimensional state and action spaces characteristic of
autonomous driving tasks. Understanding how re-
searchers adapt, modify, and apply PPO specifically
warrants dedicated systematic examination.

Second, the intersection between PPO and im-
itation learning represents an increasingly impor-
tant research direction that existing surveys do not
adequately address. Approaches such as combining
PPO with behavioral cloning for policy initializa-
tion, using Generative Adversarial Imitation Learn-
ing (GAIL) with PPO as the policy optimizer, and
leveraging demonstration data to shape PPO reward
functions have shown promising results. A system-
atic review of these integration patterns can inform
future research directions and identify best practices.

Third, the existing surveys employ traditional
narrative review methodologies rather than system-
atic literature review protocols. While narrative sur-
veys provide valuable synthesis and expert inter-
pretation, they may introduce selection bias and
limit reproducibility. A systematic approach follow-
ing established methodologies such as Kitchenham’s
guidelines [22] and reporting standards such as SEG-
RESS [23] ensures comprehensive coverage, trans-
parent selection criteria, and reproducible findings.

2.4. Contribution of This Study

This systematic literature review addresses the
identified gap by providing focused, methodolog-
ically rigorous analysis of PPO applications in
autonomous driving. Specifically, this study con-
tributes:

1) Systematic identification and quality assess-
ment of primary studies from 2021–2025
examining PPO for autonomous vehicles;

2) Detailed categorization of PPO implemen-
tation approaches, distinguishing standard
PPO, modified variants, and baseline com-
parisons;

3) Comprehensive mapping of imitation learn-
ing integration patterns with PPO-based
systems;
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4) Systematic documentation of evaluation en-
vironments, driving tasks, and performance
metrics; and

5) Evidence-based identification of research
trends, challenges, and future directions
specific to PPO in autonomous driving.

By narrowing the scope to PPO while maintain-
ing methodological rigor, this review complements
existing broad surveys with the depth necessary for
researchers and practitioners seeking to apply or ex-
tend PPO-based approaches in autonomous driving
systems.

Collectively, these surveys confirm that RL and
IL are pivotal in modern AV research and provide
excellent, broad overviews of the available methods,
applications, and challenges. However, while they
all acknowledge PPO as a prominent and effective
algorithm, none offer a systematic literature review
focused specifically on its application in AV. Given
PPO’s reputation for stability and sample efficiency
in complex control tasks, a dedicated review is
necessary to understand precisely how it is being
applied (RQ1), its relationship with IL techniques
(RQ2), the contexts in which it is evaluated (RQ3),
and the metrics used to measure its performance
(RQ4). This paper fills this gap by providing a
systematic, evidence-based synthesis of the literature
on PPO for autonomous driving. Unlike narrative
surveys that may selectively review literature, a sys-
tematic literature review follows a rigorous, repro-
ducible methodology to minimize bias and provide
comprehensive coverage of the available evidence
[22].

3. Methods

To investigate the advancement of autonomous
vehicles through Proximal Policy Optimization and
imitation learning, we conducted a Systematic Lit-
erature Review (SLR). This review was designed
following established guidelines that distinguish be-
tween the methodology for conducting the review
and the reporting standards for documenting it.

For the review methodology, we followed the
three-stage process proposed by Kitchenham [22],
which comprises: (1) planning the review, including
defining research questions and the review protocol;
(2) conducting the review, including searching, se-
lecting, and extracting data from primary studies;
and (3) reporting the review results. This method-
ology is widely adopted in software engineering
research for its systematic and rigorous approach to
evidence synthesis.

For the reporting standards, we adhered to
the SEGRESS (Software Engineering Guidelines

for REporting Secondary Studies) framework [23],
which provides specific guidance for reporting sys-
tematic reviews in software engineering. SEGRESS
is an adaptation of the PRISMA (Preferred Re-
porting Items for Systematic Reviews and Meta-
Analyses) statement [24] tailored for software en-
gineering contexts. We used the PRISMA flow di-
agram to visualize our study selection process, as
recommended by both frameworks.

Table 3 clarifies the role of each framework in
this study.

3.1. Protocol and Registration

A formal protocol was not pre-registered in a
public repository prior to conducting this systematic
literature review. This decision was made because
the review was conducted as part of an academic
research project with a predefined scope, and the
methodology was established before the search com-
menced. The complete methodology detailed in the
following subsections serves as the full description
of the procedures followed for this study, ensuring
transparency and reproducibility.

3.2. Eligibility Criteria

To ensure a focused and relevant selection of
studies, we defined a specific set of inclusion and
exclusion criteria. These criteria were applied to
every paper identified during the search process.

3.2.1. Inclusion Criteria. To be included in this re-
view, a study must meet all of the following criteria:

• Domain: The study must address au-
tonomous vehicles, self-driving cars, or au-
tomated driving systems.

• Methodology: The study must discuss re-
inforcement learning and imitation learning
approaches.

• Algorithm: The study must utilize or eval-
uate PPO or its variants as a primary or
comparative algorithm.

• Scope: The study must focus on single-
agent reinforcement learning; multi-agent re-
inforcement learning (MARL) studies are
excluded to maintain a focused scope on
single-agent driving policies. MARL intro-
duces additional complexity including com-
munication protocols, coordination mecha-
nisms, and emergent behaviors that war-
rant separate systematic examination. Fur-
thermore, MARL variants like Multi-Agent
Proximal Policy Optimization (MAPPO)
represent algorithmic extensions rather than
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Table 2. Comparison of Existing Surveys and This Systematic Literature Review

Characteristic Kiran et al.a Zhu & Zhaob Zhao et al.c This SLR

Methodology Narrative Narrative Narrative Systematic (Kitchenham + SEGRESS)
Algorithm Scope All DRL All DRL + DIL All DRL PPO-specific
PPO Coverage Brief 2 studies Variants noted 26 studies
IL Integration Limited Comprehensive Moderate PPO-IL intersection
Quality Assessment × × × ✓

Time Period 2020 2020 2023 2021–2025
Reproducibility Limited Limited Limited High

a[19]; b[20]; c[21]. DRL = Deep Reinforcement Learning; DIL = Deep Imitation Learning.

Table 3. Distinction Between Frameworks Used in This Study
Framework Purpose Application in This Study
Kitchenham [22] Methodology Guided how the SLR was planned and conducted (three-stage process)
SEGRESS [23] Reporting Guided how the SLR is documented and structured
PRISMA [24] Visualization Flow diagram template for study selection process

direct applications of PPO in its standard
form.

• Study Type: The study must be a peer-
reviewed primary study, such as a conference
paper or journal article, that presents original
empirical results or a novel technique.

• Publication Date: The study must have been
published between January 1, 2021, and the
search execution date of July 7, 2025, to
ensure the review focuses on recent advance-
ments.

• Language: The study must be written in
English.

3.2.2. Exclusion Criteria. A study was excluded if
it met any of the following criteria:

• Domain: The study does not address au-
tonomous vehicles, self-driving cars, or au-
tomated driving systems.

• Methodology: The study does not discuss
reinforcement learning and imitation learn-
ing.

• Algorithm: The study does not mention
PPO or its variants.

• Non-Primary Studies: The publication is
a secondary study (e.g., systematic review,
survey, or mapping study), an editorial, a
keynote, or a tutorial summary.

• Grey Literature: The publication is non-
peer-reviewed literature, such as university
theses, dissertations, blog posts, preprints
without peer review, or presentation slides.

• Full-Text Unavailability: The full text of
the paper could not be accessed through our
institutional subscriptions or public archives.

• Language: The study is not written in En-
glish.

• Duplicate Reports: The study reports on
the exact same experiment and results as
another, more comprehensive paper already
included in the review (in such cases, the
most complete version was retained).

3.3. Information Sources

To identify relevant primary studies for this re-
view, a comprehensive search was conducted across
several major scientific digital libraries known for
their extensive coverage of computer science, soft-
ware engineering, and robotics research. The se-
lected databases were:

• IEEE Xplore Digital Library
• Scopus
• ScienceDirect

These databases were selected based on their
comprehensive coverage of peer-reviewed publica-
tions in the autonomous driving and machine learn-
ing domains, as well as their support for advanced
Boolean search queries.

3.4. PICOC Framework

To structure our research scope and derive a
systematic search strategy, we applied the PICOC
framework, which is widely recommended for for-
mulating research questions in evidence-based soft-
ware engineering systematic reviews [22]. PICOC
provides a structured approach to define the key
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elements of a review: Population, Intervention, Com-
parison, Outcome, and Context. Table 4 presents the
PICOC elements defined for this systematic litera-
ture review.

Table 4. PICOC Framework for This Systematic Review
Element Description
Population Primary studies on autonomous vehi-

cles, self-driving cars, or automated
driving systems

Intervention Application of PPO or its variants
within reinforcement learning frame-
works

Comparison Imitation Learning techniques, includ-
ing BC, GAIL, and AIRL

Outcome Performance metrics assessing driving
policy effectiveness (e.g., collision rate,
success rate)

Context Simulation environments (e.g.,
CARLA, Highway-Env) and driving
tasks (e.g., urban driving, lane
changing)

The search string was systematically derived
from the PICOC elements to ensure comprehensive
coverage of relevant literature. Table 6 illustrates the
mapping between PICOC elements and the corre-
sponding search terms.

Table 5. Mapping of PICOC Elements to Search Terms
PICOC Element Search Terms
Inclusion
Population “Autonomous vehicles” OR “self-

driving cars” OR “automated driving”
In query
Intervention “Proximal Policy Optimization” OR

“PPO”
In query
Comparison “Reinforcement Learning” AND “Imita-

tion Learning”
In query
Outcome (Performance, effectiveness, metrics)
Screening
Context (Simulation, environment, driving task)
Screening

The Population, Intervention, and Comparison
elements were directly incorporated into the Boolean
search query using appropriate synonyms and log-
ical operators. The Outcome and Context elements
were intentionally excluded from the search string to
maximize recall and avoid missing relevant studies
that may use varying terminology for performance
metrics or evaluation environments. Instead, these
elements were operationalized through the eligibility
criteria defined in Section 3.2, which required stud-
ies to present empirical evaluation results (Outcome)
conducted in autonomous driving contexts (Context).

This PICOC-driven approach ensures that our
search strategy is both systematic and traceable,

directly linking the research questions to the search
execution while maintaining sufficient breadth to
capture the diverse literature in this interdisciplinary
domain.

3.5. Search Strategy

Our search strategy was designed to ensure com-
prehensive coverage of the relevant literature while
maintaining focus on the research scope. The strat-
egy was systematically derived from the PICOC
framework defined in Section 3.4 to ensure trace-
ability between our research questions and the search
execution.

The primary search was conducted using a pre-
defined search string constructed from the PICOC
elements. Population terms (”autonomous vehicles”,
”self-driving cars”, ”automated driving”) were com-
bined using the OR operator to capture variations
in terminology. The Intervention element (”Proxi-
mal Policy Optimization”, ”‘PPO”) was connected
with the AND operator to ensure all results relate
to the target algorithm. The Comparison element
required both ”Reinforcement Learning” and ”Im-
itation Learning” terms to appear, focusing the re-
view on studies addressing the intersection of these
paradigms as specified in RQ2.

The Outcome and Context elements from the
PICOC framework were intentionally excluded from
the search string to maximize recall. Including spe-
cific metric names (e.g., ”collision rate”, ”success
rate”) or environment names (e.g., ”CARLA” ,
”Highway-Env”) would have over-constrained the
search and potentially excluded relevant studies us-
ing different terminology. Instead, these elements
were assessed during the screening phase through
the eligibility criteria defined in Section 3.2.

The final search string, adapted to the syntax
requirements of each database, is as follows:

("Autonomous vehicles" OR
"self-driving cars" OR "automated
driving") AND ("Reinforcement
Learning" AND "Imitation Learning")
AND ("Proximal Policy Optimization"
OR "PPO")

Table 6 summarizes the mapping between
PICOC elements and their operationalization in the
search strategy.

The search was executed on July 7, 2025, across
the digital libraries specified in Section 3.3 (IEEE
Xplore, Scopus, and ScienceDirect). No date restric-
tions were applied at the search level; instead, the
publication date criterion (2021–2025) was applied
during the screening phase to ensure consistent ap-
plication across all databases.
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Table 6. Mapping of PICOC Elements to Search Strategy
Element Search Terms
Applied In
Population ”Autonomous vehicles” OR ”self-

driving cars” OR ”automated driving”
Query
Intervention ”Proximal Policy Optimization” OR

”PPO”
Query
Comparison ”Reinforcement Learning” AND ”Imi-

tation Learning”
Query
Outcome Performance metrics, effectiveness
Screening
Context Environments, driving tasks
Screening

The use of the conjunctive operator (AND)
between ”Reinforcement Learning” and ”Imitation
Learning” represents a deliberate methodological
trade-off between recall and precision. This design
choice prioritizes precision (ensuring all retrieved
studies are highly relevant to the RL-IL intersection)
over recall (capturing all PPO studies regardless
of IL involvement). Specifically, this approach fo-
cuses the review on studies explicitly addressing
both paradigms, which is central to RQ2. The trade-
off is that studies applying PPO purely within RL
frameworks without IL components are excluded.
We judged this acceptable because:

1) Our research questions specifically target
the RL-IL intersection

2) High precision ensures manageable, fo-
cused synthesis

3) Pure RL studies without IL are covered in
existing broad surveys [19, 21]

This limitation is further discussed in Section
5.7.

3.6. Selection Process

The study selection was conducted systemati-
cally to ensure rigorous and unbiased application of
the eligibility criteria defined in Section 3.2.1. The
process was managed using the Mendeley reference
management tool and performed in two main phases.

3.6.1. Title and Abstract Screening. First, all
records identified through the search strategy were
imported into the Mendeley reference manager. Au-
tomated and manual checks were performed to re-
move duplicate entries. Following this, the title and
abstract of each unique record were screened against
the inclusion and exclusion criteria. Each paper was
marked as “include” or “exclude.” Papers marked

as “uncertain” during initial screening were retained
for full-text review. This phase resulted in a list of
potentially relevant studies for full-text assessment.

3.6.2. Full-Text Screening. In the second phase, the
full-text versions of all papers marked as “include”
or “uncertain” from Phase 1 were retrieved. The
complete text of each paper was read and assessed
against the full set of eligibility criteria to make a
final inclusion decision. Reasons for exclusion at this
stage were documented to ensure transparency.

3.7. Data Collection Process

To ensure that all relevant information was ex-
tracted from the included studies in a consistent
manner, we designed a structured data extraction
form. The form was developed using a spreadsheet
application and was based on the specific require-
ments of our research questions.

The data extraction was performed by one pri-
mary reviewer who systematically read each in-
cluded paper and populated the data extraction form.
To mitigate potential bias from single-reviewer ex-
traction, the following measures were implemented:
(1) the extraction form was pilot-tested on three
randomly selected studies before full extraction com-
menced; (2) strict adherence to predefined extraction
categories was maintained; and (3) ambiguous cases
were flagged and resolved through consultation of
the original study text. No contact with the original
study authors was required during this process.

3.8. Data Items

The data extraction form was structured to cap-
ture the specific data items required to answer our
four research questions, along with general biblio-
graphic information for context.

3.8.1. General Study Information. For each in-
cluded study, the following bibliographic data was
extracted:

• Unique study identifier (S1, S2, . . . , Sn)
• Title
• Author(s)
• Publication type (conference paper or journal

article)
• Publication venue
• Year of publication

3.8.2. Algorithm and Technique Details. To an-
swer RQ1 and RQ2, the following data points were
collected:
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• PPO Application (RQ1): The specific vari-
ant of PPO used (e.g., standard PPO, PPO-
Clip, PPO-Penalty, Lagrangian PPO) and a
description of how it was applied within the
RL framework, including any modifications
or enhancements.

• IL Technique (RQ2): The name of any
imitation learning technique that was dis-
cussed, used for comparison, or integrated
into the study’s methodology (e.g., Behav-
ioral Cloning, DAgger, GAIL, inverse rein-
forcement learning).

3.8.3. Application and Evaluation Context. To
answer RQ3 and RQ4, the following data points
were collected:

• Driving Task and Environment (RQ3):
The autonomous driving task addressed (e.g.,
lane keeping, lane changing, urban naviga-
tion, highway driving, racing) and the simu-
lation environment or platform used for eval-
uation (e.g., CARLA, SUMO, HighwayEnv,
MetaDrive).

• Performance Metrics (RQ4): The specific
metrics used to evaluate the performance of
the driving policy, including their mathemat-
ical definitions where provided (e.g., success
rate, collision rate, episode reward, time to
completion, path deviation).

3.9. Study Risk of Bias Assessment

To evaluate the methodological quality and po-
tential for bias in each included primary study, a risk
of bias assessment was performed. This assessment
is crucial for interpreting study results and for deter-
mining the overall certainty of the evidence in our
synthesis.

The assessment was based on a quality check-
list composed of four key questions (QA1–QA4),
designed to evaluate the rigor and transparency of
each study:

• QA1 – Clarity of Context: Is the au-
tonomous driving task and the evaluation en-
vironment clearly and adequately described?

• QA2 – Clarity of Methodology: Is the
implementation of the RL/IL algorithm and
the experimental setup described in sufficient
detail to allow for potential replication?

• QA3 – Validity of Evaluation: Are the per-
formance metrics appropriate for the study’s
stated goals? Is the evaluation conducted
against a meaningful baseline or state-of-the-
art comparison?

• QA4 – Transparency of Findings: Are
the results presented clearly and unambigu-
ously? Do the authors explicitly discuss the
limitations and threats to the validity of their
findings?

Each question was answered on a three-point
scale: “Yes” (1 point), “Partly” (0.5 points), or “No”
(0 points). The assessment for all included studies
was performed by a single reviewer to ensure con-
sistent application of the criteria.

Based on the total score (maximum of 4 points),
studies were categorized into three quality tiers:

• High Quality (Low Risk of Bias): Score >
3

• Medium Quality (Moderate Risk of Bias):
Score > 2 to ≤ 3

• Low Quality (High Risk of Bias): Score ≤
2

The results of this assessment inform the cer-
tainty assessment of our synthesized findings, as
described in Section 3.13.

3.10. Quality Assessment Framework Devel-
opment

The quality assessment framework was synthe-
sized from established systematic review guidelines
to address key methodological concerns relevant to
reinforcement learning research in autonomous driv-
ing. While no single existing tool comprehensively
addresses the specific needs of assessing machine
learning empirical studies, the four assessment ques-
tions were designed to align with core quality prin-
ciples established in systematic review methodology
literature.

3.10.1. Derivation of Assessment Questions.
QA1: Clarity of Context. “Is the autonomous driv-
ing task and the evaluation environment clearly and
adequately described?”

This question addresses the adequacy of con-
textual description emphasized by Kitchenham and
Charters [25] in their systematic review guidelines,
which stress that readers must be able to under-
stand the applicability and generalizability of re-
search findings. The question is essential for au-
tonomous driving research where performance is
highly context-dependent (e.g., highway vs. urban
scenarios, weather conditions, traffic density). This
aligns with PRISMA 2020 requirements for report-
ing study settings and with SEGRESS [23] emphasis
on contextual transparency.
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QA2: Clarity of Methodology. “Is the imple-
mentation of the RL/IL algorithm and the experi-
mental setup described in sufficient detail to allow
for potential replication?”

This question addresses reproducibility require-
ments established in Kitchenham and Charters [25]
and reinforced by SEGRESS [23], ensuring inde-
pendent verification is feasible. Reproducibility is a
fundamental concern in machine learning research,
as noted in reproducibility checklists developed for
venues such as NeurIPS and ICML. The question as-
sesses whether critical implementation details (net-
work architectures, hyperparameters, training proce-
dures) are sufficiently documented for replication.

QA3: Validity of Evaluation. “Are the per-
formance metrics appropriate for the study’s stated
goals? Is the evaluation conducted against a mean-
ingful baseline or state-of-the-art comparison?”

This question addresses outcome assessment
rigor adapted from Cochrane Risk of Bias principles
and quality concerns identified in software engi-
neering systematic review research [26]. It ensures
that performance claims are properly supported by
appropriate metrics and meaningful comparisons.
The question recognizes that evaluation validity in
autonomous driving research depends both on metric
appropriateness (e.g., using safety metrics for safety
claims) and on baseline quality (comparisons against
relevant alternatives rather than weak strawmen).

QA4: Transparency of Findings. “Are the re-
sults presented clearly and unambiguously? Do the
authors explicitly discuss the limitations and threats
to the validity of their findings?”

This question addresses reporting transparency
requirements emphasized by SEGRESS [23] and
contemporary reproducibility standards in machine
learning research. Limitation discussion is critical
for enabling readers to assess the boundary condi-
tions of reported findings and avoid inappropriate
generalization. The question also encompasses code
and data availability, which are increasingly recog-
nized as essential for reproducible research [23].

These four questions were synthesized to pro-
vide a focused assessment appropriate for the au-
tonomous driving reinforcement learning context,
while maintaining alignment with established sys-
tematic review quality principles. The questions ad-
dress the most critical dimensions of methodological
rigor identified across multiple systematic review
frameworks, adapted to the specific characteristics
of machine learning empirical research.

3.11. Analysis and Synthesis Methods

To answer the research questions, the data ex-
tracted from the included studies were analyzed and

synthesized using quantitative methods. The specific
approach was chosen based on the nature of each
research question.

3.11.1. Synthesis for Research Questions. For
RQ1, RQ2, RQ3, and RQ4, which focus on iden-
tifying the distribution of techniques, tasks, envi-
ronments, and metrics, a quantitative synthesis was
performed. We used frequency analysis to count
the occurrences of specific PPO applications, IL
techniques, driving tasks, simulation environments,
and performance metrics across the set of included
studies.

The results were aggregated and presented vi-
sually using tables and bar charts to provide a
clear mapping of the research landscape. Descriptive
statistics (frequencies and percentages) were calcu-
lated to characterize the distribution of each variable
of interest.

3.12. Reporting Bias Assessment

We acknowledge the potential for reporting bias
(publication bias), where studies with positive or sig-
nificant results may be more likely to be published
than those with negative findings. The presence of
such bias could skew the overall conclusions of our
synthesis.

As this systematic literature review does not per-
form a quantitative meta-analysis, formal statistical
methods for assessing publication bias (e.g., funnel
plots, Egger’s test) are not applicable. Instead, our
primary method for mitigating this risk was to design
and execute a comprehensive search strategy across
multiple databases, as detailed in Section 3.5.

By combining searches across multiple major
digital libraries, we aimed to identify as much of
the relevant literature as possible, regardless of the
direction of findings. While no search can be guar-
anteed to be completely exhaustive, we are confident
that our rigorous process has minimized the risk of
reporting bias influencing the results of this review.

3.13. Certainty Assessment

To determine the overall confidence in the body
of evidence for each synthesized finding, a certainty
assessment was performed after data synthesis was
complete. This assessment evaluated the extent to
which we can be confident that the findings from our
synthesis are a correct representation of the available
evidence.

For our quantitative findings (RQ1–RQ4), the
certainty of findings related to the frequency and
distribution of algorithms, techniques, and evaluation
practices was assessed based on two main factors:
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1) Comprehensiveness of the Evidence
Base: The total number of studies contribut-
ing to each finding.

2) Overall Risk of Bias: The distribution of
quality assessment scores among the con-
tributing studies, with higher proportions of
high-quality studies increasing certainty.

Findings supported by a larger number of high-
quality studies were assigned higher certainty, while
findings derived from fewer studies or studies with
methodological limitations were assigned lower cer-
tainty and interpreted with appropriate caution.

4. Results

This section presents the findings of our system-
atic literature review. The execution of our search
strategy across all specified information sources ini-
tially yielded a total of 108 records. After a two-
phase selection process involving duplicate removal
and screening of titles, abstracts, and full texts
against our eligibility criteria, a final set of 26 pri-
mary studies were included in the synthesis. The
following subsections provide a detailed account of
this selection process, an overview of the character-
istics of the included studies, the results of the risk
of bias assessment, and the synthesized findings for
each research question.

4.1. Study Selection

The execution of our search strategy across all
specified information sources yielded a total of 108
records: 72 from IEEE Xplore, 28 from ScienceDi-
rect, and 8 from Scopus. Table 7 provides a detailed
breakdown of the selection process at each phase.

Pre-screening Phase. After importing all
records into the Mendeley reference manager, 4
duplicate records were identified and removed. An
additional 3 records could not be accessed through
our institutional subscriptions. This resulted in 101
unique records available for screening.

Phase 1: Title and Abstract Screening. The
titles and abstracts of all 101 records were screened
against the eligibility criteria. Records that were
clearly outside the scope were excluded at this stage.
A total of 52 records were excluded: 17 were not in
the autonomous vehicles domain, 24 did not mention
imitation learning, 8 were secondary studies (surveys
or reviews), and 3 focused on multi-agent reinforce-
ment learning. This phase resulted in 49 potentially
relevant studies advancing to full-text assessment.

Phase 2: Full-text Assessment. The full texts of
the 49 candidate studies were retrieved and assessed
against the complete eligibility criteria. A total of 23

Table 7. Study Selection Statistics by Phase
Selection Phase Count
Identification

Records from IEEE Xplore 72
Records from ScienceDirect 28
Records from Scopus 8
Total records identified 108

Pre-screening removal
Duplicate records removed 4
Records not accessible 3
Records for screening 101

Phase 1: Title & Abstract Screening
Excluded (not AV domain) 17
Excluded (no IL mention) 24
Excluded (secondary study) 8
Excluded (multi-agent RL) 3
Total excluded in Phase 1 52
Passed to full-text review 49

Phase 2: Full-text Assessment
Excluded (not AV domain) 6
Excluded (no IL mention) 10
Excluded (secondary study) 5
Excluded (multi-agent RL) 2
Total excluded in Phase 2 23

Studies included in synthesis 26

studies were excluded: 6 upon closer examination
were not primarily focused on the AV domain, 10
did not substantively discuss imitation learning (only
brief mentions in related work), 5 were identified as
secondary studies, and 2 were found to focus on
multi-agent scenarios.

This rigorous two-phase selection process re-
sulted in a final set of 26 primary studies included
in the synthesis. The complete selection process is
illustrated in the PRISMA flow diagram in Figure 1.

Summary of Exclusions. Across both phases,
the total exclusions by reason were: 23 not in AV
domain (17+6), 34 no IL mention (24+10), 13 sec-
ondary studies (8+5), and 5 multi-agent RL (3+2),
totaling 75 excluded records.

4.2. Study Characteristics

This section provides an overview of the general
characteristics of the 26 primary studies included in
this review. A detailed summary of each individual
study, including its publication venue, year, and the
specific learning method used, is presented in Ap-
pendix A. The following paragraphs summarize the
key trends observed across the evidence base.

4.2.1. Publication Type. The majority of the in-
cluded studies (n = 21, 80.8%) were published in
peer-reviewed conference proceedings. The remain-
ing 5 studies (19.2%) were published in archival
journals, such as IEEE Transactions on Intelligent
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Figure 1. PRISMA flow diagram illustrating the study selection process. The search yielded 108 records, with 26 primary
studies included in the final synthesis.

Vehicles and Neurocomputing. Figure 2 shows the
distribution of publications by type.

4.2.2. Publication Year. Figure 3 illustrates the dis-
tribution of publications by year. The data reveals
growing interest in this research area over time. Pub-
lications from 2021 account for 6 studies (23.1%),
followed by 3 studies in 2022 (11.5%), 5 studies in
2023 (19.2%), 8 studies in 2024 (30.8%), and 4 stud-
ies in 2025 (15.4%). Overall, 65.4% of the included
studies (n = 17) were published between 2023 and

2025, indicating rapidly increasing research activity
in recent years.

4.3. Visual Summary of Key Themes

To provide a high-level visual summary of the
dominant themes across the included literature, a
word cloud was generated from the combined titles
and abstracts of all 26 primary studies. As shown in
Figure 4, after filtering common academic and topic-
specific stopwords, keywords related to evaluation
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Figure 2. The distribution of publications based on pub-
lication type.

Figure 3. Distribution based on the publication year.

environments, safety, and specific learning architec-
tures emerge prominently.

The importance of terms such as ’environment’,
’scenario’, ’safety’, ’behavior’, ’agent’, and ’end-to-
end’ visually reinforces the quantitative findings of
this review. These terms indicate a strong community
focus on developing and training agents in simulated
scenarios where safety and realistic behavior are
paramount. Furthermore, the appearance of domain-
specific terms such as ’CARLA’, ’GAIL’, ’adver-
sarial’, and ’human’ directly reflects the specific
tools, algorithms, and concepts that are common in
this research area. Section 4.5 provides a detailed
quantitative analysis of these themes.

4.4. Risk of Bias in Studies

Each of the 26 included studies was evaluated for
risk of bias using the quality assessment checklist
detailed in Section 3.9. The assessment was per-
formed by a single reviewer to ensure consistent
application of the criteria across all studies. Overall,
12 studies (46.2%) achieved high quality scores, 9

(34.6%) medium quality, and 5 (19.2%) low quality.
A detailed breakdown of the scores for each individ-
ual study against each quality question (QA1–QA4)
is available in Appendix A.

4.5. Results of Syntheses

This section presents the synthesized findings
from the 26 included studies, structured to directly
answer each of our four research questions.

4.5.1. RQ1: How is PPO being applied within
RL frameworks?. Our analysis of the included
studies reveals that Proximal Policy Optimization is
applied in various forms within autonomous driving
research. As illustrated in Figure 5, the distribution
of PPO application types is as follows:

The standard PPO algorithm is the most fre-
quently used implementation, found in 19 studies
(73.1%). These studies apply the original PPO al-
gorithm with its clipped surrogate objective func-
tion without significant architectural modifications,
though they may customize reward functions and
neural network configurations for their specific driv-
ing tasks.

A notable portion of the literature (n = 6,
23.1%) utilizes modified PPO variants, involving
algorithmic enhancements tailored to autonomous
driving requirements. Examples of modifications
identified in the included studies include:

• Adaptive Clipping PPO (ACP-
PO/ACPPO+): Dynamically adjusts the
clipping range based on sample importance,
allowing larger updates when learning from
expert demonstrations (S2, S8)

• Roach: A modified PPO incorporating ex-
ploration loss and specialized training pro-
cedures for end-to-end urban driving (S7)

• T3PO: Trajectory Predictive PPO integrat-
ing multi-step trajectory prediction (S17)

• Guided PPO (GPPO): Incorporates expert
demonstrations through Answer Set Pro-
gramming rules (S26)

• Leaky PPO: Addresses issues in original
PPO versions for improved autonomous driv-
ing performance (S13)

One study (3.8%) mentioned PPO but used a dif-
ferent algorithm as the main contribution, employing
PPO as a baseline for comparative evaluation (S6).

4.5.2. RQ2: Which IL techniques are discussed
or used?. To answer RQ2, we analyzed which Im-
itation Learning (IL) techniques were discussed or
utilized within the 26 included PPO-focused studies.
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Figure 4. Word cloud generated from the titles and abstracts of the 26 included studies, highlighting the most frequent
and significant terms.

Figure 5. Distribution of PPO application types across the
26 included studies.

As illustrated in Figure 6, the findings reveal diverse
approaches to IL integration.

Behavioral Cloning (BC) appeared in 3 stud-
ies (11.5%) as the primary IL technique. BC was
typically used for policy pre-training, where ex-
pert demonstrations initialize the PPO agent before
fine-tuning through reinforcement learning. This ap-
proach addresses the cold-start problem and accel-
erates convergence.

Generative Adversarial Imitation Learning
(GAIL) was found in 3 studies (11.5%). GAIL-
based approaches use PPO as the policy optimizer
within the adversarial framework, learning to match
the state-action distribution of expert demonstra-
tions.

Adversarial Inverse Reinforcement Learning
(AIRL) appeared in 3 studies (11.5%), used for
learning reward functions from expert demonstra-

tions that can then guide PPO training.
Multiple IL techniques were combined in 5

studies (19.2%), including combinations such as BC
with GAIL, BC with DAgger, and other hybrid
approaches.

A substantial number of studies (n = 6, 23.1%)
employed other IL techniques not falling into the
above categories. These included:

• Reinforcement Learning from Demonstra-
tions (RLfD)

• Joint Imitation-Reinforcement Learning
(JIRL) frameworks

• Teacher-student learning with knowledge
transfer

• Hybrid reward shaping using demonstration
data

• Custom imitation learning architectures (e.g.,
LORD, SafeVIPER)

Notably, 6 studies (23.1%) did not specify or
utilize IL techniques despite appearing in our search
results. This finding indicates that some studies men-
tion both RL and IL in their text (e.g., in related
work sections or as baseline comparisons) without
actively integrating IL into their proposed method-
ology. This is a consequence of our search string
design, which required both terms to appear in the
paper, as discussed in Section 5.7.

4.5.3. RQ3: What are the common tasks and
environments?. Our analysis of the included studies
identified a range of autonomous driving tasks and
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Figure 6. Distribution of Imitation Learning techniques
across the 26 included studies.

evaluation environments. As shown in Figures 7 and
8, certain tasks and platforms dominate the research
landscape.

Driving Tasks. Urban driving was the most
frequently targeted task, appearing in 11 studies
(42.3%). Urban scenarios typically involve naviga-
tion through intersections, traffic light compliance,
pedestrian avoidance, and interaction with multiple
road users in complex city environments.

Lane changing maneuvers were addressed in 8
studies (30.8%), focusing on lateral decision-making
on highways or multi-lane roads. These studies ex-
amine safe and efficient lane change execution in the
presence of surrounding traffic.

Other tasks identified include:

• Racing scenarios: 2 studies (7.7%) – high-
speed control in competitive driving environ-
ments

• Highway driving: 2 studies (7.7%) – longi-
tudinal control and navigation on highways

• Other tasks: 3 studies (11.5%) – including
lane keeping, continuous control, and obsta-
cle avoidance

Evaluation Environments. The CARLA sim-
ulator was the dominant evaluation platform, uti-
lized in 13 studies (50.0%). CARLA’s open-source
nature, realistic urban environments, diverse weather
conditions, and extensive sensor suite make it par-
ticularly suitable for end-to-end autonomous driving
research. One additional study used both CARLA
and Highway-Env (3.8%).

Highway-Env was the second most com-
mon platform, found in 4 studies (15.4%). This
lightweight OpenAI Gym-compatible environment is
particularly suited for highway scenarios and behav-
ioral decision-making tasks due to its simplicity and
fast simulation speed.

Other environments identified include:

Figure 7. Distribution of autonomous driving tasks ad-
dressed in the 26 included studies.

Figure 8. Distribution of evaluation environments used in
the 26 included studies.

• SUMO: 1 study (3.8%) – traffic simulation
for lane-changing behavior

• Unity-based simulators: 1 study (3.8%) –
custom racing environments

• Other/Custom: 3 studies (11.5%) – includ-
ing TORCS, MetaDrive, and custom imple-
mentations

• Not specified: 3 studies (11.5%) – simula-
tion environment not clearly stated

4.5.4. RQ4: What performance metrics are
used?. Our analysis identified 14 unique metrics
used across the included studies to evaluate the per-
formance of PPO-based driving policies. This variety
indicates a notable lack of standardized evaluation
protocols within the research community. A com-
plete list of all identified metrics and their frequen-
cies is provided in Table 8.

As shown in Table 8, metrics related to safety
and task completion were the most prevalent.
Collision rate was the most commonly reported
metric, appearing in 15 studies (57.7%), reflecting
the paramount importance of safety in autonomous
driving evaluation. This was followed by average
reward (10 studies, 38.5%), which serves as a gen-
eral indicator of policy quality, and success rate (8
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Table 8. Frequency of Performance Metrics Used in In-
cluded Studies (n = 26)

Performance Metric Count Percentage

Collision Rate 15 57.7%
Average Reward 10 38.5%
Success Rate 8 30.8%
Navigation Distance 5 19.2%
Driving Score 4 15.4%
Center Deviation 3 11.5%
Lane Keeping Accuracy 3 11.5%
Driving Speed 2 7.7%
RMSE 2 7.7%
Reaction Time 2 7.7%
Traffic Light Violation 2 7.7%
Route Completion 1 3.8%
Inter-vehicle Distance 1 3.8%
Lane Violation 1 3.8%

studies, 30.8%), measuring task completion reliabil-
ity.

Other frequently used metrics included naviga-
tion distance (5 studies) for assessing exploration
and route completion, and driving score (4 studies),
typically a composite metric combining multiple
evaluation criteria. Metrics related to driving quality,
such as center deviation and lane keeping accuracy,
were each found in 3 studies.

The wide range of metrics used presents a sig-
nificant challenge for the research community, as
direct comparison of policy performance across dif-
ferent studies becomes difficult without standardized
benchmarks. This issue is explored further in Section
5.

Metric Definitions. To facilitate understand-
ing and support future standardization efforts, we
provide formal definitions for the most commonly
used metrics:

Collision Rate measures the proportion of
episodes in which the autonomous vehicle collides
with any object (vehicles, pedestrians, or infrastruc-
ture):

Collision Rate =
Ncollisions

Nepisodes
(3)

where Ncollisions is the number of episodes with at
least one collision, and Nepisodes is the total number
of test episodes.

Average Reward represents the mean cumula-
tive reward obtained by the agent during evaluation:

Average Reward =
1

N

N∑
i=1

Ri (4)

where Ri is the cumulative reward in episode i, and
N is the total number of episodes.

Success Rate quantifies how often the vehicle
completes a task successfully without collisions or
rule violations:

Success Rate =
Nsuccess

Nepisodes
(5)

Center Deviation measures the average lateral
distance from the lane center:

Center Deviation =
1

T

T∑
t=1

|xt − xcenter| (6)

where xt is the lateral position at time step t, and
xcenter is the lane center position.

Lane Keeping Accuracy evaluates the propor-
tion of time the vehicle remains within lane bound-
aries:

Lane Keeping Accuracy =
Tin lane

Ttotal
(7)

where Tin lane is the time spent within lane bound-
aries, and Ttotal is the total driving time.

Driving Score is typically a weighted composite
metric incorporating multiple evaluation criteria:

Driving Score =

m∑
j=1

wj · sj (8)

where wj is the weight and sj is the score for the
j-th criterion (e.g., safety, efficiency, comfort).

5. Discussion

This section interprets the synthesized findings
from our systematic review, situates them within
the broader context of autonomous driving research,
and discusses their implications for researchers and
practitioners. We also acknowledge the limitations of
this study and propose directions for future research.

5.1. Summary of Evidence

Our systematic literature review identified 26 pri-
mary studies published between 2021 and 2025 that
apply Proximal Policy Optimization to autonomous
driving tasks while engaging with imitation learning
concepts. The evidence reveals several key findings.

Regarding PPO application (RQ1), the standard
PPO algorithm dominates the field, with 73.1% of
studies (19/26) applying the original implementa-
tion without significant architectural modifications.
However, a growing subset of research (23.1%,
6/26) develops modified PPO variants specifically
tailored to autonomous driving requirements, includ-
ing adaptive clipping mechanisms (ACPPO), tra-
jectory prediction integration (T3PO), and expert-
guided approaches (GPPO). This suggests that while
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PPO’s core algorithm provides a stable founda-
tion, researchers increasingly recognize the need for
domain-specific enhancements.

For imitation learning integration (RQ2), our
findings reveal a diverse landscape of IL techniques
combined with PPO-based frameworks. Behavioral
Cloning, GAIL, and AIRL each appeared in 11.5%
of studies, while 19.2% employed multiple IL tech-
niques in combination. Notably, 23.1% of studies
did not actively integrate IL despite appearing in our
search results, a consequence of our search strategy
that required both terms but captured studies men-
tioning IL only in related work or as baselines. This
finding itself highlights an important methodological
consideration for future systematic reviews in this
domain.

Concerning evaluation environments and tasks
(RQ3), the CARLA simulator emerged as the domi-
nant platform (50.0%), with urban driving scenarios
(42.3%) and lane changing tasks (30.8%) being the
most frequently addressed. This concentration re-
flects both the maturity of CARLA as a research
platform and the community’s focus on complex,
realistic driving scenarios that require sophisticated
decision-making.

Regarding performance metrics (RQ4), our anal-
ysis identified 14 unique metrics across the included
studies, with collision rate (57.7%), average reward
(38.5%), and success rate (30.8%) being most preva-
lent. This diversity presents both opportunities and
challenges, as discussed in subsequent subsections.

5.2. Interpretation of Findings

5.2.1. The Prevalence of Standard PPO. The
dominance of standard PPO in autonomous driving
research (73.1%) can be attributed to several fac-
tors. First, PPO’s clipped surrogate objective pro-
vides inherent stability guarantees that are particu-
larly valuable in safety-critical applications where
unpredictable policy updates could lead to catas-
trophic failures. Second, the algorithm’s relatively
low sample complexity compared to other policy
gradient methods aligns well with the computa-
tional constraints of driving simulation, where each
episode requires substantial resources. Third, PPO’s
implementation simplicity, with robust open-source
libraries such as Stable Baselines3 and RLlib, lowers
the barrier to entry for researchers exploring au-
tonomous driving applications.

However, the emergence of modified PPO vari-
ants (23.1%) signals growing awareness that vanilla
PPO may be insufficient for the unique challenges of
autonomous driving. Modifications such as Adaptive
Clipping PPO (ACPPO) address the tension between

exploration and exploitation when learning from ex-
pert demonstrations, while trajectory-predictive vari-
ants (T3PO) incorporate multi-step planning crucial
for anticipatory driving behavior. These trends sug-
gest an evolution toward more specialized algorithms
that retain PPO’s stability while addressing domain-
specific requirements.

5.2.2. The Role of Imitation Learning. Our find-
ings reveal that imitation learning serves multi-
ple complementary roles in PPO-based autonomous
driving systems. When used for pre-training (as with
BC in 11.5% of studies), IL addresses the cold-start
problem by providing reasonable initial policies that
can be refined through reinforcement learning. When
integrated into the training loop (as with GAIL
and AIRL, each at 11.5%), IL shapes the learn-
ing objective to match expert behavior distributions,
potentially improving sample efficiency and policy
quality.

The diversity of IL techniques observed includ-
ing RLfD, teacher-student learning, and hybrid re-
ward shaping indicates that researchers are actively
exploring the optimal way to combine demonstra-
tion data with PPO’s policy optimization. This ex-
perimentation is valuable, but the lack of system-
atic comparisons between different integration ap-
proaches makes it difficult to identify best practices.
Future research should prioritize controlled ablation
studies that isolate the contributions of different IL
components within PPO frameworks.

5.2.3. Simulation Dominance and the Sim-to-
Real Gap. The overwhelming reliance on simula-
tion, with CARLA accounting for 50.0% of eval-
uation environments, reflects both the maturity of
available simulation tools and the practical impos-
sibility of training RL agents directly on real ve-
hicles. CARLA’s dominance is well-justified: it of-
fers photorealistic rendering, realistic physics, di-
verse weather conditions, and an extensive sensor
suite that closely approximates real-world perception
challenges.

However, this concentration raises important
concerns. First, the sim-to-real gap (the discrepancy
between simulation and real-world dynamics) re-
mains a fundamental challenge for deploying RL-
trained policies. Only a small number of included
studies addressed this gap explicitly through domain
randomization or transfer learning techniques. Sec-
ond, CARLA’s specific characteristics (its physics
engine, rendering pipeline, and scenario definitions)
may inadvertently bias the research community to-
ward solutions that perform well in CARLA but
may not generalize to other simulators or real-world
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conditions. Third, the relative scarcity of studies
using alternatives such as Highway-Env (15.4%),
SUMO, or custom environments limits the diversity
of evaluation scenarios.

5.2.4. The Metric Fragmentation Problem. Per-
haps the most significant finding from our review
is the fragmentation of performance metrics, with
14 unique metrics identified across only 26 stud-
ies. While collision rate (57.7%) and success rate
(30.8%) provide intuitive safety and task completion
measures, the proliferation of study-specific metrics,
including various formulations of driving score, lane
keeping accuracy, and navigation distance, severely
limits the ability to compare results across different
works.

This fragmentation is not merely an inconve-
nience; it actively impedes scientific progress. With-
out standardized evaluation protocols, it becomes
impossible to establish whether a novel algorithm
genuinely advances the state of the art or simply
performs well on a narrowly defined metric. The
absence of common benchmarks also makes it dif-
ficult to identify systematic weaknesses in existing
approaches that might guide future research direc-
tions.

5.3. Temporal Evolution of PPO Applica-
tions (2021–2025)

Analysis of the 26 included studies reveals clear
temporal trends in how PPO is being applied to au-
tonomous driving, with progressive sophistication in
algorithmic modifications and integration strategies
over the five-year period.

5.3.1. Early Period (2021–2022): Establishing
Foundations. The early period comprises 9 studies
(34.6%) that primarily established PPO’s viability
for autonomous driving while beginning to explore
modifications and hybrid approaches. Among these,
4 studies (44.4%) used standard PPO implemen-
tations, while 5 studies (55.6%) introduced early
modifications.

Representative examples from this foundational
period include:

S7 [27] introduced Roach, an RL expert using
modified PPO with exploration loss for end-to-end
urban driving in CARLA. This study demonstrated
that RL-trained policies could achieve state-of-the-
art performance on the CARLA Leaderboard and
NoCrash-dense benchmark, establishing an impor-
tant baseline for subsequent imitation learning re-
search. The addition of exploration loss helped ad-
dress the challenge of diverse scenario coverage.

S20 [28] proposed SafeVIPER, combining PPO
with verified rule-based controllers for urban naviga-
tion. This hybrid approach recognized early that pure
RL policies may be insufficient for safety-critical
deployment, incorporating formal safety guaran-
tees alongside learned policies. The framework
achieved balanced performance between exploration
and safety constraints in complex urban scenarios.

S22 [29] explored Generative Adversarial Im-
itation Learning (GAIL) with PPO as the policy
optimizer for end-to-end urban driving. This study
demonstrated the benefits of adversarial IL tech-
niques over simple behavioral cloning, reducing col-
lision rates in CARLA urban environments. The use
of PPO within GAIL established a pattern of treating
PPO as a reliable policy optimization backend for IL
frameworks.

S18 [30] applied meta-reinforcement learning
with PPO for lane-changing maneuvers in Highway-
Env, achieving improved generalization to new en-
vironments. This early work recognized that stan-
dard PPO required enhancement for transfer learning
across diverse driving conditions.

5.3.2. Middle Period (2023): Algorithmic Inno-
vations. The 2023 period (5 studies, 19.2%) shows
a marked shift toward algorithmic modifications,
with 4 of 5 studies (80%) employing modified PPO
variants or novel integration strategies—a substantial
increase from the 55.6% in 2021–2022.

Key innovations during this period include:
S16 [31] applied Adversarial Inverse Reinforce-

ment Learning (AIRL) with PPO for traffic simu-
lation in Highway-Env. Rather than hand-crafting
reward functions, AIRL learned reward models from
naturalistic human driving data, producing more
human-like lane-changing behaviors. This repre-
sented a shift from reward engineering to reward
learning approaches.

S17 [32] introduced T3PO (Trajectory Predic-
tive PPO), embedding trajectory prediction directly
into the RL framework. This modification addressed
PPO’s challenge of planning in dynamic environ-
ments by incorporating multi-step prediction, en-
abling more anticipatory driving policies.

S26 [33] developed Guided PPO (GPPO) using
Answer Set Programming to inject expert knowledge
from answer sets into PPO training. This knowledge-
guided approach combined symbolic reasoning with
neural policy learning, targeting complex urban in-
tersection scenarios where standard PPO struggled.

S25 [34] proposed an efficient lane-changing
algorithm combining IL initialization with PPO fine-
tuning, reducing training time while achieving low
collision rates in highway scenarios. This two-stage
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approach acknowledged both PPO’s sample ineffi-
ciency and its strength for policy refinement.

5.3.3. Recent Period (2024–2025): Integration
Maturity. The most recent period (12 studies,
46.2%) demonstrates increasing maturity through
sophisticated algorithmic modifications and refined
integration with imitation learning. Modified variants
now represent 6 of 12 studies (50%), with grow-
ing emphasis on adaptive mechanisms and domain-
specific enhancements.

Notable recent contributions include:
S2 [35] introduced SOAR-ACPPO, integrating a

cognitive architecture (SOAR) with Adaptive Clip-
ping PPO for lane changing in CARLA. ACPPO
dynamically adjusts the clipping parameter based
on sample importance, specifically whether samples
originate from expert policies or the agent’s own
exploration. This allows larger updates when learn-
ing from high-quality expert demonstrations while
maintaining stability. The framework demonstrated
improved learning efficiency and safety compared
to both standalone SOAR rules and traditional PPO.

S4 [36] developed an adversarial scenario gen-
eration framework using naturalistic human driving
priors from NGSIM and INTERACTION datasets.
The approach uses GAIL to learn realistic human
behavior models, then employs PPO to generate
safety-critical scenarios that balance adversariality
(challenging the AV) with naturalness (avoiding un-
realistic collisions). This addressed the problem of
generating meaningful test scenarios for AV valida-
tion.

S8 [37] proposed the S2CD (Simple-to-Complex
Collaborative Decision) framework with ACPPO+
algorithm. A teacher model is first trained rapidly
in simplified Highway-Env, then guides a student
model learning in high-fidelity CARLA through in-
tervention based on Q-value comparisons. ACPPO+
incorporates samples from both teacher and student
policies with adaptive clipping and KL divergence
constraints to accelerate knowledge transfer. This
curriculum learning approach significantly improved
both training efficiency and safety.

S13 [38] introduced GP3Net (Graph-based Pre-
diction and Planning Policy Network), integrating
multi-step trajectory prediction directly into PPO’s
policy network for dense traffic scenarios. This ar-
chitectural modification enabled anticipatory plan-
ning in dynamic environments.

S3 [39] proposed hierarchical GAIL (hGAIL)
using a GAN to generate Bird’s-Eye View represen-
tations from raw camera images, with PPO as the
policy optimizer. This achieved 98% success rate in
urban intersection navigation across different cities,
demonstrating strong generalization.

S14 [40] introduced LORD (Large Models based
Opposite Reward Design), leveraging large pre-
trained models as zero-shot reward mechanisms for
PPO-based driving. This represented an emerging
trend of incorporating foundation models into RL
reward design.

5.3.4. Observed Trends Across Periods. Three
clear trends emerge from this temporal analysis:

1. Progressive shift from standard to modified
PPO. Standard PPO usage declined from 44.4%
(2021–2022) to 20% (2023) to 41.7% (2024–2025),
while modified variants increased correspondingly.
This suggests growing recognition that vanilla PPO
requires domain-specific enhancements for challeng-
ing autonomous driving scenarios.

2. Evolution of IL integration sophistica-
tion. IL integration evolved from simple behav-
ioral cloning pre-training (2021–2022) to sophisti-
cated adversarial methods (GAIL, AIRL) and reward
learning (2023), and finally to adaptive multi-modal
integration with cognitive architectures and curricu-
lum learning (2024–2025). The nature of integration
shifted from sequential (pre-train then fine-tune) to
concurrent and adaptive.

3. Increasing focus on practical deployment
concerns. Early studies emphasized algorithmic fea-
sibility and basic performance. Middle-period work
introduced efficiency improvements (training time
reduction). Recent studies increasingly address real-
world deployment requirements: safety-critical sce-
nario generation (S4), interpretability via cognitive
architectures (S2), curriculum learning for safe train-
ing (S8), and sim-to-real considerations through do-
main randomization.

4. Broadening of application scope. While
highway lane-changing dominated early work (S1,
S18, S22), recent studies tackle more complex sce-
narios: urban intersections (S26, S3), multi-agent
roundabouts (S5), dynamic route planning (S3), and
safety-critical event generation (S4). This progres-
sion reflects both algorithmic maturity and commu-
nity confidence in PPO-based approaches.

5.4. Comparative Performance Patterns

While direct quantitative comparison across
studies is limited by environmental and methodolog-
ical heterogeneity, systematic analysis of reported
performance outcomes reveals consistent patterns
regarding the relative effectiveness of different ap-
proaches.

5.4.1. PPO versus Pure Imitation Learning.
Multiple studies explicitly compared PPO-based ap-
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proaches against pure imitation learning baselines,
with consistent findings:

Studies S7, S8, S15, S22, and S25 all reported
that PPO outperformed pure behavioral cloning in
their respective scenarios. The consistent pattern
across diverse tasks (urban driving, lane changing,
racing) suggests PPO’s exploration capability pro-
vides meaningful performance gains over policies
limited to mimicking expert demonstrations. Be-
havioral cloning typically achieved adequate per-
formance in nominal scenarios but struggled with
recovery from near-failures or adaptation to distri-
bution shifts—situations where PPO’s reinforcement
signal enabled corrective learning.

However, this advantage comes with a cost: S1,
S8, S18, and S25 all noted PPO’s sample ineffi-
ciency, with training requiring substantially more
environment interactions than IL approaches. This
motivated the widespread adoption of hybrid meth-
ods in later years.

5.4.2. Hybrid Approaches Outperform Single
Paradigms. A particularly consistent finding across
studies is the superiority of hybrid RL-IL approaches
over either paradigm alone:

S2 (SOAR-ACPPO) demonstrated that combin-
ing cognitive architecture guidance with adaptive
PPO exceeded the performance of both standalone
rule-based SOAR and traditional PPO. The cognitive
architecture provided sample-efficient initialization
and safety constraints, while PPO enabled learning
beyond hand-coded rules.

S7 (Roach + IL) showed that an imitation learn-
ing agent trained on Roach’s (RL-expert) demonstra-
tions achieved state-of-the-art CARLA Leaderboard
performance, surpassing both the RL expert alone
and pure IL approaches. This two-stage approach
(RL coach → IL student) combined PPO’s explo-
ration with IL’s stability.

S8 (S2CD framework) reported that teacher-
student frameworks with guided exploration out-
performed both standalone PPO and pure imitation
learning across safety and efficiency metrics. The
guided exploration accelerated learning while main-
taining safety bounds.

S22 (GAIL + PPO) found that adversarial
imitation learning (using PPO as the policy opti-
mizer) achieved lower collision rates than behavioral
cloning in urban scenarios. The adversarial training
addressed BC’s distribution mismatch problem.

S25 (IL initialization + PPO) demonstrated that
initializing PPO with IL pre-training substantially re-
duced training time compared to PPO from scratch,
while achieving better final performance than pure
IL. This sequential integration captured benefits of
both approaches.

This pattern strongly suggests that the optimal
strategy lies in thoughtful integration rather than
committing to a single paradigm. The specific inte-
gration mechanism varies—cognitive guidance (S2),
staged training (S7, S25), adversarial learning (S22),
or curriculum learning (S8)—but the principle of
complementarity consistently yields superior results.

5.4.3. Modified PPO Variants Show Domain-
Specific Improvements. Studies introducing
domain-specific PPO modifications reported
substantial improvements over standard
implementations in their target scenarios:

S2 (ACPPO) adaptive clipping based on sam-
ple importance demonstrated improved learning ef-
ficiency and convergence compared to fixed-clipping
standard PPO, particularly when learning from
mixed expert-agent experience.

S8 (ACPPO+) further refined adaptive clipping
with KL divergence constraints for knowledge trans-
fer, achieving better performance than both standard
PPO and safe RL variants (CPO, TRPO) in highway
scenarios.

S13 (GP3Net) integration of multi-step trajec-
tory prediction into PPO’s policy network showed
significant improvements in dense traffic scenarios
compared to standard PPO, which struggles with
anticipatory planning.

S26 (GPPO) knowledge-guided PPO using sym-
bolic reasoning demonstrated superior performance
in complex urban intersections compared to standard
PPO, which often failed to navigate multi-agent
conflict zones.

These modifications address specific limitations
of standard PPO (sample importance weighting,
multi-step planning, symbolic knowledge integra-
tion) rather than proposing general improvements.
This trend suggests that PPO’s strength lies partly
in its modifiability, the algorithm provides a sta-
ble foundation that can be enhanced with domain-
specific mechanisms.

5.4.4. Limitations of Cross-Study Comparison.
We emphasize several critical limitations that con-
strain quantitative comparison:

Environmental diversity. CARLA versions
ranged from 0.9.10 to 0.9.14 across studies, with
variations in physics models, sensor simulations, and
scenario configurations. Highway-Env, SUMO, and
custom environments introduce further variability.

Scenario inconsistency. Even within CARLA,
studies used different maps, weather conditions, traf-
fic densities, and task definitions. “Lane changing”
in sparse highway traffic (S18) versus dense urban
intersections (S26) represents fundamentally differ-
ent challenges.
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Metric heterogeneity. Success rate definitions
varied (collision-free completion vs. collision-free +
goal-reaching + comfort constraints). Some studies
reported single-run results while others provided
multi-seed statistical analyses.

Baseline selection. Comparison fairness depends
on baseline implementation quality. When studies
reported PPO outperforming BC, it remains unclear
whether BC was optimally configured (e.g., dataset
size, network architecture, data augmentation).

These comparisons should therefore be inter-
preted as indicative patterns, consistent across mul-
tiple independent studies, rather than definitive rank-
ings. The field would benefit from standardized
benchmarks (e.g., CARLA Leaderboard) applied
uniformly across studies.

5.5. Comparison with Previous Surveys

Our findings both align with and extend those of
previous surveys on deep reinforcement learning for
autonomous driving.

Kiran et al. [19] provided a comprehensive sur-
vey of DRL applications in autonomous driving but
did not focus specifically on PPO or its variants.
Their observation that DRL research remains pre-
dominantly simulation-based is strongly confirmed
by our findings, with 100% of included studies
evaluating policies in simulated environments. How-
ever, our focused analysis reveals the specific extent
of CARLA’s dominance (50.0%) and the diversity
of PPO modifications being developed, details not
captured in broader surveys.

Zhu and Zhao [20] introduced a five-mode taxon-
omy for DRL and IL integration but identified PPO
in only two of their reviewed studies. Our systematic
review, covering more recent literature (2021–2025)
with a targeted search strategy, identified 26 studies
that apply PPO in conjunction with IL concepts. This
dramatic increase demonstrates PPO’s rapid adop-
tion in autonomous driving research and validates
the timeliness of our focused analysis.

Zhao et al. [21] discussed PPO variants including
PCPO and MAPPO in their recent survey but did not
provide systematic quantification of how different
PPO variants are applied or how they integrate with
IL techniques. Our analysis fills this gap by provid-
ing concrete statistics on PPO application patterns
(73.1% standard, 23.1% modified, 3.8% baseline)
and IL integration approaches.

Unlike these previous surveys, which employed
narrative review approaches, our systematic method-
ology following Kitchenham guidelines [22] with
explicit search strategies, eligibility criteria, and
quality assessment enables reproducible findings and

quantifiable evidence synthesis. This methodological
rigor distinguishes our work and provides a founda-
tion for future meta-analyses as the field matures.

5.6. Quality of Evidence

The methodological quality of the included stud-
ies, as assessed through our risk of bias evaluation,
was generally acceptable but revealed important pat-
terns. While 46.2% of studies achieved high quality
ratings (low risk of bias), nearly one-fifth (19.2%)
exhibited significant methodological weaknesses.

The most common deficiencies were related to
transparency of findings (QA4), with many studies
failing to adequately discuss limitations or threats
to validity. This pattern is concerning because it
may lead to overconfident claims about algorithm
performance that do not account for potential con-
founds. Additionally, some studies lacked sufficient
methodological detail (QA2) to enable replication,
with absent hyperparameter specifications, unclear
reward function definitions, or unavailable source
code.

These quality concerns should temper the inter-
pretation of our synthesized findings. The evidence
base, while growing, would benefit from more rigor-
ous reporting standards. We recommend that future
studies in this domain adopt standardized reporting
guidelines and make training code, hyperparameters,
and evaluation scripts publicly available.

5.7. Limitations

This systematic review has several limitations
that should be considered when interpreting the find-
ings.

5.7.1. Single Reviewer. A primary methodological
limitation is the use of a single reviewer for the data
extraction stage, as acknowledged in Section 3.7.
While the extraction was conducted systematically
using predefined data items and a pilot-tested extrac-
tion form, the absence of independent verification in-
troduces potential for subjective bias or unintentional
errors. Readers should consider this limitation when
interpreting the synthesized findings, particularly for
categorization decisions that required judgment (e.g.,
classifying a PPO implementation as “standard” ver-
sus “modified”).

5.7.2. Search Strategy. Our search strategy, which
required the Boolean AND operator between rein-
forcement learning and imitation learning terms, was
a deliberate methodological choice to focus on stud-
ies addressing the intersection of these paradigms.
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However, this design may have excluded relevant
studies that apply PPO to autonomous driving with-
out engaging with imitation learning concepts. The
finding that 23.1% of included studies did not ac-
tively integrate IL despite mentioning both terms,
illustrates the imprecision of text-based search strate-
gies and suggests that our review captures only a
subset of the broader PPO-for-autonomous-driving
literature.

Future reviews might complement our approach
with alternative search strategies: either broadening
the search to capture all PPO-autonomous driving
studies (accepting lower precision) or employing
snowball sampling from the included studies to iden-
tify related work that our search may have missed.

Exclusion of Multi-Agent Scenarios. Our de-
liberate exclusion of MARL studies limits the ap-
plicability of our findings to cooperative or compet-
itive multi-vehicle scenarios. As autonomous vehi-
cles increasingly operate in mixed-autonomy traffic
environments where vehicle-to-vehicle coordination
becomes critical, future systematic reviews should
specifically examine multi-agent PPO variants (like
MAPPO) and their application to cooperative driv-
ing tasks. This represents an important but distinct
research direction requiring dedicated analysis.

5.7.3. Temporal Coverage. Our search, conducted
in July 2025, captures literature published through
that date. Given the rapid pace of advancement in
both deep reinforcement learning and autonomous
driving, findings from this review may become dated
as new algorithms, simulation platforms, and eval-
uation methodologies emerge. The temporal distri-
bution of included studies (65.4% from 2023–2025)
indicates an accelerating research pace, suggesting
that periodic updates to this review will be valuable.

5.7.4. Language and Database Limitations. Our
review was limited to English-language publications
indexed in the specified databases (IEEE Xplore,
Scopus, and ScienceDirect). This may have excluded
relevant research published in other languages or in
venues not indexed by these databases, particularly
work from non-English speaking research commu-
nities that are active in autonomous vehicle devel-
opment.

5.7.5. Technology Maturity and Deployment
Readiness.. All 26 reviewed studies (100%) conduct
evaluation exclusively in simulation environments
(CARLA, Highway-Env, SUMO, Unity, F1TENTH
gym, or custom simulators), with zero studies
demonstrating real-world deployment or even sim-
to-real transfer validation. This indicates the tech-
nology remains at an early research stage, with

significant gaps separating current simulation per-
formance from production-ready deployment. Key
challenges remain largely unaddressed in the liter-
ature: (1) the sim-to-real transfer gap, as simulators
employ simplified physics and sensor models that
may not reflect real-world complexity, (2) computa-
tional scalability, as the subset of studies reporting
training requirements (n=8, 30.8%) indicated 100–
1000+ GPU hours per policy, raising questions about
deployment on embedded automotive hardware, (3)
multi-scenario generalization, as no study demon-
strated a single policy generalizing across substan-
tially different driving contexts (urban, highway,
parking), and (4) safety certification pathways, with
only 3 studies (11.5%) incorporating formal safety
constraints or verified controllers. While simulation
results are promising, substantial additional work is
required to bridge the gap from research prototypes
to production autonomous driving systems. Future
research should prioritize real-world validation stud-
ies, standardized sim-to-real transfer protocols, and
hybrid architectures combining learned policies with
verified safety layers.

5.7.6. Dataset and Benchmark Standardization.
Our systematic review did not extract detailed
dataset-level information (e.g., specific datasets
used, demonstration sources, data collection meth-
ods) as this was outside our defined research ques-
tions. However, this represents an important gap:
without systematic analysis of whether studies use
comparable datasets and standardized benchmarks,
it is difficult to determine whether performance dif-
ferences across studies reflect algorithmic improve-
ments or merely variations in evaluation difficulty.
Future systematic reviews should explicitly extract
dataset characteristics and benchmark usage to en-
able more rigorous cross-study comparison.

5.8. Implications

The findings of this systematic literature review
have several important implications for researchers,
practitioners, and the broader autonomous driving
community.

5.8.1. For Researchers.
Standardization of Evaluation Protocols. The

fragmentation of performance metrics identified in
this review presents a critical challenge. We strongly
recommend that the research community work to-
ward establishing standardized benchmark suites
for PPO-based autonomous driving research. Such
benchmarks should include:
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• A core set of mandatory metrics covering
safety (collision rate), task completion (suc-
cess rate), and efficiency (completion time or
distance)

• Standardized driving scenarios with defined
difficulty levels, including urban navigation,
lane changing, and emergency maneuvers

• Clear reporting requirements for environ-
mental conditions, sensor configurations, and
training details

The CARLA Leaderboard provides a founda-
tion for such standardization, but adoption remains
incomplete. Community-driven efforts to establish
and enforce common benchmarks would substan-
tially improve the ability to compare and build upon
existing research.

Addressing the Sim-to-Real Gap. The exclu-
sive reliance on simulation in the included studies
underscores the pressing need for research focused
on policy transfer to real-world environments. Spe-
cific directions include:

• Systematic investigation of domain random-
ization techniques and their effectiveness for
autonomous driving tasks

• Development of improved physics models
that better capture real-world vehicle dynam-
ics

• Hybrid approaches that combine simulation
training with limited real-world fine-tuning

• Benchmarking of sim-to-real transfer meth-
ods across multiple simulators and vehicle
platforms

Systematic Comparison of IL Integration Ap-
proaches. The diversity of imitation learning tech-
niques identified in this review presents both an op-
portunity and a gap. Future research should prioritize
controlled experiments that systematically compare
different IL integration strategies (pre-training, re-
ward shaping, adversarial learning) within consistent
PPO frameworks and evaluation settings.

5.8.2. For Practitioners.
Algorithm Selection. For practitioners de-

veloping autonomous driving systems, our findings
suggest that standard PPO provides a robust baseline
with well-established stability properties. However,
the emergence of domain-specific modifications in-
dicates that performance gains may be available
through algorithmic enhancements tailored to spe-
cific driving requirements. Practitioners should con-
sider:

• Starting with standard PPO implementations
using established libraries

• Incorporating imitation learning pre-training
when expert demonstration data is available

• Evaluating modified PPO variants (e.g.,
ACPPO, GPPO) for applications where stan-
dard PPO shows limitations

Simulation Platform Selection. While
CARLA’s dominance reflects its capabilities,
practitioners should consider environment selection
based on specific requirements. Highway-Env
offers faster iteration cycles for highway-
focused applications, while custom Unity-based
environments may provide greater flexibility for
specialized scenarios. The key recommendation
is to validate policies across multiple simulation
environments before considering real-world
deployment.

Safety Considerations. The prevalence of
safety-related metrics (collision rate in 57.7% of
studies) reflects appropriate prioritization of safety in
autonomous driving research. However, practition-
ers should note that simulation-based safety eval-
uation may not capture all real-world risks. We
recommend complementing RL-trained policies with
traditional safety mechanisms (rule-based overrides,
motion planning constraints) as a defense-in-depth
approach.

5.8.3. For the Research Community.
Reproducibility and Open Science. The qual-

ity assessment revealed that insufficient methodolog-
ical detail hampers reproducibility in this domain.
We call on the research community to embrace open
science practices, including:

• Publishing complete source code and trained
model weights

• Providing detailed hyperparameter specifica-
tions and ablation studies

• Sharing standardized evaluation scripts and
scenario definitions

• Documenting negative results and failed ap-
proaches

Alternative Simulation Platforms. While
CARLA’s dominance is well-justified, over-reliance
on a single platform carries risks. We encourage
exploration of alternative environments, including
general-purpose game engines such as Unity (with
ML-Agents) or Godot (with Godot-RL), which offer
advanced physics engines, high-fidelity rendering,
and flexibility for creating custom scenarios. Di-
versifying evaluation platforms would improve the
robustness and generalizability of research findings.
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5.9. Future Research Directions

Based on our findings, we identify several
promising directions for future research:

5.9.1. Safety-Constrained PPO Variants. While
standard PPO provides policy update stability, it
does not inherently enforce safety constraints. Con-
strained PPO variants (e.g., CPO, PCPO, PPO-
Lagrangian) that explicitly incorporate safety con-
straints into the optimization objective represent a
promising direction. Future research should system-
atically evaluate these variants in autonomous driv-
ing contexts and develop specialized safety con-
straints for driving applications.

5.9.2. Multi-Agent and Cooperative Driving. The
included studies predominantly focused on single-
agent scenarios. As autonomous vehicles increas-
ingly share roads with both human drivers and
other autonomous systems, research on multi-agent
PPO variants (e.g., MAPPO, IPPO) for cooperative
and competitive driving scenarios becomes essen-
tial. This includes vehicle-to-vehicle coordination,
mixed-autonomy traffic, and negotiation in ambigu-
ous situations.

5.9.3. Interpretability and Explainability. End-to-
end driving policies trained with PPO often function
as black boxes, making it difficult to understand
and validate their decision-making. Future research
should explore methods for interpreting PPO-trained
policies, including attention visualization, policy dis-
tillation into interpretable representations, and for-
mal verification of safety properties.

5.9.4. Real-World Deployment. The complete ab-
sence of real-world evaluation in the included studies
represents the field’s most significant gap. While
simulation remains essential for initial development,
the ultimate goal of autonomous driving research
is real-world deployment. Future research should
develop systematic methodologies for safe, incre-
mental real-world testing of RL-trained policies, in-
cluding confidence-based intervention systems and
graceful degradation strategies.

5.9.5. Efficiency and Resource Constraints.
Many modified PPO variants introduce computa-
tional overhead that may be impractical for embed-
ded vehicle systems. Research on efficient PPO im-
plementations, including model compression, quan-
tization, and hardware-aware optimization, would fa-
cilitate the practical deployment of RL-based driving
policies.

6. Other Information

6.1. Competing Interest

The authors declare that they have no competing
interests.

6.2. Availability of Data, Code, And Other
Materials

All supplementary materials for this systematic
literature review, including the full list of included
studies, the complete data extraction spreadsheet,
and the analysis scripts used to generate the figures
in this paper, are available upon request.

Appendix

This appendix provides a comprehensive list of
the 26 primary studies that were included in this
systematic literature review after the full selection
process. Table 9 summarizes key bibliographic in-
formation for each study, including its unique iden-
tifier (code) used throughout this paper, the citation,
publication year, publication type, and publication
venue.

This appendix provides the detailed results of the
risk of bias assessment conducted for each of the 26
primary studies included in this systematic literature
review. The assessment was performed using the
quality assessment checklist described in Section 3.9
of the main paper.

1. Quality Assessment Questions

Each study was evaluated against four quality
assessment questions (QA1–QA4), with responses
scored as follows: Yes = 1, Partly = 0.5, No = 0.
The maximum possible score is 4 points.

• QA1 – Clarity of Context: Does the study
clearly describe the autonomous driving task,
environment, and problem context?

• QA2 – Clarity of Methodology: Does the
study provide sufficient detail about the algo-
rithm implementation, hyperparameters, and
experimental setup to enable replication?

• QA3 – Validity of Evaluation: Does the
study use appropriate metrics and evaluation
procedures to assess the proposed approach?

• QA4 – Transparency of Findings: Does the
study discuss limitations, threats to validity,
and provide access to code or data?
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Table 9. Summary of Included Studies (n = 26)
Code Paper Year Type Publication Venue

S1 [41] 2021 Conference IEEE International Conference on Unmanned Systems (ICUS)
S2 [35] 2024 Journal Neurocomputing
S3 [39] 2024 Journal IEEE Transactions on Intelligent Vehicles
S4 [36] 2024 Journal IEEE Transactions on Intelligent Vehicles
S5 [42] 2024 Conference IEEE Intelligent Vehicles Symposium (IV)
S6 [43] 2025 Conference Joint International Conference on Automation-Intelligence-Safety (ICAIS)

& International Symposium on Autonomous Systems (ISAS)
S7 [27] 2021 Conference IEEE/CVF International Conference on Computer Vision (ICCV)
S8 [37] 2025 Journal Advanced Engineering Informatics
S9 [44] 2022 Conference International Conference Radioelektronika
S10 [45] 2024 Conference IEEE/SICE International Symposium on System Integration (SII)
S11 [46] 2021 Conference IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS)
S12 [47] 2022 Journal IEEE Transactions on Vehicular Technology
S13 [38] 2024 Conference AAAI Conference on Artificial Intelligence (AAAI)
S14 [40] 2025 Conference IEEE/CVF Winter Conference on Applications of Computer Vision (WACV)
S15 [48] 2023 Conference IEEE Intelligent Vehicles Symposium (IV)
S16 [31] 2023 Conference IEEE International Conference on Intelligent Transportation Systems (ITSC)
S17 [32] 2023 Conference IEEE International Conference on Digital Twins and Parallel Intelligence (DTPI)
S18 [30] 2021 Conference IEEE Intelligent Vehicles Symposium (IV)
S19 [49] 2025 Conference International Conference on Electronics, Information, and Communication (ICEIC)
S20 [28] 2021 Conference IEEE Intelligent Vehicles Symposium (IV)
S21 [50] 2024 Conference International Conference on Computational Intelligence and Network Systems (CINS)
S22 [29] 2021 Conference IEEE Symposium Series on Computational Intelligence (SSCI)
S23 [51] 2022 Conference IEEE Intelligent Vehicles Symposium (IV)
S24 [52] 2024 Conference International Conference on Artificial Intelligence and Computer Applications (ICAICA)
S25 [34] 2023 Conference IEEE Intelligent Vehicles Symposium (IV)
S26 [33] 2023 Conference IEEE International Conference on Tools with Artificial Intelligence (ICTAI)

2. Quality Score Classification

Based on the total scores, studies were classified
into three quality tiers:

• High Quality (Low Risk of Bias): Total
Score > 3.0

• Medium Quality (Moderate Risk of Bias):
Total Score > 2.0 and ≤ 3.0

• Low Quality (High Risk of Bias): Total
Score ≤ 2.0

3. Assessment Results

Table 10 presents the complete risk of bias as-
sessment results for all 26 included studies.

4. Summary Statistics

The distribution of studies across quality tiers is
summarized below:

• High Quality (Low Risk of Bias): 12 studies
(46.2%) – S2, S3, S4, S6, S7, S8, S9, S10,
S11, S20, S22, S25

• Medium Quality (Moderate Risk of Bias):
9 studies (34.6%) – S1, S12, S13, S14, S15,
S16, S18, S23, S26

• Low Quality (High Risk of Bias): 5 studies
(19.2%) – S5, S17, S19, S21, S24

5. Score Distribution by Criterion

Table 11 summarizes the score distribution for
each quality assessment criterion across all 26 stud-
ies.

6. Observations

Analysis of the quality assessment results reveals
several important patterns:

QA1 – Clarity of Context. The majority of
studies performed well on this criterion, with 22
studies (84.6%) receiving full scores. Most studies
clearly described their autonomous driving tasks,
simulation environments (e.g., CARLA, Highway-
Env), and problem contexts. Only one study (S17)
received a score of 0 due to unclear task description
and unspecified environment.

QA2 – Clarity of Methodology. Performance
on this criterion was more variable. While 16 stud-
ies (61.5%) received full scores, 3 studies (11.5%)
received scores of 0 (S14, S19, S24). Common
deficiencies included:

• Missing or incomplete hyperparameter spec-
ifications

• Lack of detailed experimental procedures
• Absence of publicly available source code
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Table 10. Risk of Bias Assessment Results (n = 26). Scoring: Yes = 1, Partly = 0.5, No = 0. Maximum total score = 4.

Code QA1 QA2 QA3 QA4 Total Quality Tier

S2 1 1 1 1 4.0 High
S3 1 1 1 0.5 3.5 High
S4 1 1 1 1 4.0 High
S6 1 1 1 0.5 3.5 High
S7 1 1 1 0.5 3.5 High
S8 1 1 1 1 4.0 High
S9 1 1 1 0.5 3.5 High
S10 1 1 1 0.5 3.5 High
S11 1 1 1 0.5 3.5 High
S20 1 1 1 1 4.0 High
S22 1 1 1 0.5 3.5 High
S25 1 1 1 0.5 3.5 High

S1 1 1 0.5 0.5 3.0 Medium
S12 0.5 1 1 0.5 3.0 Medium
S13 1 0.5 1 0.5 3.0 Medium
S14 1 0 1 1 3.0 Medium
S15 1 0.5 1 0.5 3.0 Medium
S16 1 0.5 1 0.5 3.0 Medium
S18 1 1 0.5 0.5 3.0 Medium
S23 0.5 1 1 0.5 3.0 Medium
S26 1 0.5 1 0.5 2.5 Medium

S5 0.5 0.5 1 0 1.5 Low
S17 0 0.5 1 0.5 2.0 Low
S19 1 0 0.5 0.5 2.0 Low
S21 1 0.5 0.5 0 2.0 Low
S24 1 0 1 0 2.0 Low

Table 11. Score Distribution by Quality Assessment Cri-
terion (n = 26)
Score QA1 QA2 QA3 QA4

Yes (1) 22 (84.6%) 16 (61.5%) 22 (84.6%) 5 (19.2%)
Partly (0.5) 3 (11.5%) 7 (26.9%) 4 (15.4%) 18 (69.2%)
No (0) 1 (3.8%) 3 (11.5%) 0 (0%) 3 (11.5%)

Mean Score 0.90 0.75 0.92 0.54

• Following configurations from other publica-
tions without explicit details

QA3 – Validity of Evaluation. This criterion
showed the strongest performance across studies.
All 26 studies received at least partial scores, with
22 studies (84.6%) receiving full scores. Studies
generally employed appropriate metrics (e.g., col-
lision rate, success rate, driving score) and included
comparisons with baseline methods or alternative
approaches.

QA4 – Transparency of Findings. This cri-
terion showed the greatest weakness across the in-
cluded studies. Key observations:

• Only 5 studies (19.2%) received full scores

for discussing limitations and providing
comprehensive results presentation

• The majority (18 studies, 69.2%) received
partial scores, typically presenting results
clearly but failing to discuss limitations

• 3 studies (11.5%) received no credit, failing
to discuss limitations or threats to validity

The mean score for QA4 (0.54) was substantially
lower than the other criteria (QA1: 0.90, QA2: 0.75,
QA3: 0.92), indicating a significant opportunity for
improvement in research transparency within the
PPO-for-autonomous-driving community.

7. Implications for Evidence Synthesis

The quality assessment results have important
implications for interpreting the synthesized find-
ings:

1) Overall Acceptable Quality: With 46.2%
of studies rated as high quality and only
19.2% rated as low quality, the evidence
base provides a reasonably reliable founda-
tion for synthesis.
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2) Transparency Gap: The consistent weak-
ness in QA4 suggests that findings should
be interpreted with caution, as potential lim-
itations may not be fully reported across the
literature.

3) Replication Challenges: The variability in
QA2 scores indicates that replicating some
studies may be difficult due to incomplete
methodological reporting.

4) Evaluation Strength: The strong perfor-
mance on QA3 suggests that evaluation
methodologies are generally sound, lending
credibility to reported performance results.
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