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Abstract: To enable autonomous driving in real-world environments that involve a di-
verse range of geographic variations and complex traffic regulations, it is essential to
investigate Deep Reinforcement Learning (DRL) algorithms capable of policy learning
in high-dimensional environments characterized by intricate state-action interactions. In
particular, closed-loop experiments, which involve continuous interaction between an agent
and their driving environment, serve as a critical framework for improving the practical
applicability of DRL algorithms in autonomous driving systems. This study empirically an-
alyzes the capabilities of several representative DRL algorithms—namely DDPG, SAC, TD3,
PPO, TQC, and CrossQ—in handling various urban driving scenarios using the CARLA
simulator within a closed-loop framework. To evaluate the adaptability of each algorithm
to geographical variability and complex traffic laws, scenario-specific reward and penalty
functions were carefully designed and incorporated. For a comprehensive performance as-
sessment of the DRL algorithms, we defined several driving performance metrics, including
Route Completion, Centerline Deviation Mean, Episode Reward Mean, and Success Rate,
which collectively reflect the quality of the driving in terms of its completeness, stability,
efficiency, and comfort. Experimental results demonstrate that TQC and SAC, both of which
adopt off-policy learning and stochastic policies, achieve superior sample efficiency and
learning performances. Notably, the presence of geographically variant features—such as
traffic lights, intersections, and roundabouts—and their associated traffic rules within a
given town pose significant challenges to driving performance, particularly in terms of
Route Completion, Success Rate, and lane-keeping stability. In these challenging scenarios,
the TQC algorithm achieved a Route Completion rate of 0.91, substantially outperforming
the 0.23 rate observed with DDPG. This performance gap highlights the advantage of
approaches like TQC and SAC, which address Q-value overestimation through statistical
methods, in improving the robustness and effectiveness of autonomous driving in diverse
urban environments.

Keywords: deep reinforcement learning; TQC; CrossQ; SAC; TD3; DDPG; PPO; autonomous
driving; CARLA simulator

1. Introduction

Autonomous driving technology enables vehicles to perceive their surroundings us-
ing a variety of sensors, such as cameras and LiDAR, and to navigate to a designated
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destination without human intervention by executing real-time control operations includ-
ing steering, braking, and lane keeping. Traditional rule-based decision-making systems
have exhibited limitations in adapting to novel or unpredictable scenarios. However,
with the advancement of artificial intelligence techniques [1-3] and the accumulation of
large-scale datasets [4—6], autonomous driving systems have demonstrated increasingly
robust driving performances across diverse environments, progressing steadily toward
becoming fully autonomous systems. In particular, perception-related modules, such as
Bird’s Eye View (BEV) segmentation [7], lane detection [8], 3D object detection [9], depth
estimation [10], and multi-task learning frameworks [11], have been significantly enhanced
through recent advances in deep learning. Moreover, there has been growing interest in
the integration of large language models (LLMs) and multi-modal large language models
(MLLMs) [12,13], which aim to enrich scene understanding and enable high-level reasoning
in autonomous systems [14,15]. Despite the remarkable progress in perception technolo-
gies, achieving full autonomy still necessitates moving beyond rule-based strategies in the
decision-making domain. It requires adaptive and flexible learning mechanisms grounded
in artificial intelligence to cope with the complexity and uncertainty of real-world driving
environments [16-18].

To address the challenges of decision-making in autonomous driving systems, recent
research has increasingly focused on using various reinforcement learning techniques.
In particular, imitation learning (IL) and Deep Reinforcement Learning (DRL) have emerged
as core paradigms for learning decision policies [16-21]. IL refers to the approach of
learning a driving policy directly from human-expert demonstrations. While IL enables
the rapid acquisition of a competent initial performance, it has been widely adopted due
to its simplicity—as it often bypasses technically demanding components such as explicit
reward function design and stabilization mechanisms during policy training. However,
collecting comprehensive driving data for all possible scenarios from human experts is
practically infeasible. As a result, IL-based approaches often suffer from generalization and
scalability limitations due to issues such as covariate shift [22], error compounding [23],
distributional drift [24], and recovery failure [25-27]. In contrast, DRL offers a more flexible
learning framework, where agents autonomously learn policies by interacting with the
environment and maximizing cumulative rewards. This approach eliminates the need
for explicitly labeled expert data and allows the agent to learn from diverse scenarios
in both simulation and real-world settings, thus addressing several key limitations of
imitation-based learning. DRL therefore represents a promising direction for advancing the
decision-making capabilities of autonomous driving systems.

Efforts to integrate DRL into autonomous driving have evolved in parallel with the
emergence and advancement of DRL techniques. In its early stages, research was primarily
driven by the success of AlphaGo, which brought significant attention to value-based meth-
ods, and particularly Deep Q-Networks (DQNs) [28]. However, since a DQN is inherently
designed for discrete action spaces, its applicability in real-world driving scenarios, which
typically involve continuous control, was limited. This led to the development of DRL
algorithms capable of operating in continuous action spaces. Notably, several attempts
were made to adapt policy-optimization-based algorithms, such as Asynchronous Advan-
tage Actor-Critic (A3C) [29], Proximal Policy Optimization (PPO) [30], and Trust Region
Policy Optimization (TRPO) [31], to autonomous driving domains. Building upon these ad-
vances, actor—critic architectures that facilitate more stable policy learning were introduced.
These include the Deep Deterministic Policy Gradient (DDPG) [32], Twin Delayed DDPG
(TD3) [33], and Soft Actor-Critic (SAC) [34] algorithms, which have since been widely
applied in autonomous driving research. More recently, algorithms that further mitigate the
problem of Q-value overestimation have been proposed, including CrossQ [35] and Trun-
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cated Quantile Critics (TQC) [36], which represent the latest advancements in DRL suitable
for high-dimensional continuous control environments such as autonomous driving.

Despite the notable advancements and stabilization of DRL algorithms, several chal-
lenges remain in directly deploying these methods in real-world autonomous driving sys-
tems. Due to the inherently trial-and-error nature of reinforcement learning, training agents
in real vehicles raises critical safety concerns. Moreover, collecting large-scale datasets of
diverse driving scenarios requires substantial time and costs, posing a major obstacle to
their practical deployment. To overcome these limitations, numerous studies have explored
a progressive deployment strategy wherein the initial performance of decision-making
algorithms is validated in simulation-based closed-loop environments such as CARLA
(Car Learning to Act), followed by fine-tuning in real-world scenarios [37]. This approach
provides a critical technical foundation for enabling real-time decision-making in diverse
geographical environments—such as intersections, roundabouts, pedestrian crossings,
highways, and tunnels—while adhering to traffic regulations including traffic lights, stop
signs, and speed limits. In particular, the CARLA simulation environment offers a rich suite
of maps representative of urban driving, an extensive collection of supporting libraries,
customizable vehicles, and sensor deployment capabilities. Most notably, it benefits from a
well-developed technological ecosystem that facilitates comprehensive experimentation for
autonomous driving research. The ability to effectively simulate diverse driving scenarios
and systematically compare the performance of autonomous agents in simulations is an
essential step toward ensuring the practicality and safety of DRL-based systems in real-
world deployments [38]. In line with this need, recent research has undertaken comparative
and analytical evaluations of DRL algorithms for autonomous driving within simulation
environments [17,38].

However, existing studies have not sufficiently incorporated a wide range of state-of-
the-art DRL algorithms into these assessments, and many lack realistic urban environmental
elements such as traffic lights and road infrastructure. In particular, prior research often
applies DRL algorithms in isolation, without conducting a comprehensive comparative
analysis under unified evaluation criteria. For example, the study in [38] compares DQN
and DDPG using the CARLA simulator, ref. [39] evaluates DON and PPO, and [40] focuses
solely on a comparison between DQN and DDPG. These fragmented efforts limit the
generalizability and depth of our insight into the relative performance of modern DRL
algorithms for autonomous driving. To address this gap, the present study applies six
representative DRL algorithms—DDPG [32], PPO [30], SAC [34], TD3 [33], CrossQ [35],
and TQC [36]—to urban autonomous driving scenarios in the CARLA simulator [41]. These
scenarios include complex geographic environments such as intersections, roundabouts,
crosswalks, highways, and tunnels, while incorporating real-world traffic rules including
traffic lights, stop signs, and speed limit compliance. This study presents an in-depth
evaluation of each algorithm’s driving performance, the effectiveness of its associated
reward functions, and a comparative analysis of their Success Rates across diverse urban
driving conditions.

2. Related Works

This section reviews prior research efforts that have used DRL for autonomous driving,
focusing on the methodologies employed and their associated limitations. We first examine
foundational studies aimed at developing efficient DRL-based autonomous driving systems
and follow this with comparative evaluations of various DRL algorithms.

Early approaches to decision-making in autonomous driving primarily relied on IL,
where an agent learns to mimic the behavior of a human expert [25,26,42-47].
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One of the earliest attempts to apply IL to autonomous driving is presented in [42],
where a neural network was trained via supervised learning to predict steering angles
from a camera input. This study was also among the first to experimentally highlight the
problem of covariate shift in IL-based driving.

In [43], the authors proposed PilotNet, a pioneering end-to-end driving model that
extracted visual features from camera images using a convolutional neural network (CNN)
and directly output steering commands. The model was trained using behavior cloning on
a large-scale human driving dataset. However, its trajectory completion performance was
limited in complex scenarios. To enhance IL, ref. [25] introduced a hierarchical command-
conditioned imitation learning approach, where high-level navigational commands
(e.g., turn left/right, go straight) guided the agent’s behavior. In [26], the authors pro-
posed Generative Adversarial Imitation Learning (GAIL), in which a discriminator network
distinguishes between expert and learner trajectories, thereby guiding the agent to produce
expert-like behavior through adversarial training. Similarly, ref. [44] presented a genera-
tive model that learns trajectory distributions via Conditional Variational Autoencoders
(VAEs), enabling multi-modal trajectory generation through flexible planning. In [45],
an end-to-end learning environment was established by integrating the CARLA simulator
with OpenAl Gym, where deep imitation learning was empirically validated through
autonomous driving experiments. However, these IL-based approaches had significant
limitations in their generalization and scalability due to common issues such as covariate
shift [22], error compounding [23], distributional drift [24], and recovery failure [25,26].
To mitigate such limitations, hybrid approaches combining IL and reinforcement learning
have been explored. For example, ref. [46] proposed a Hierarchical Behavior and Motion
Planning (HBMP) framework, integrating PPO with DAGGER-based imitation learning to
enable efficient and safe lane-change planning. Likewise, ref. [47] attempted to overcome
the limitations of IL by combining it with SAC, leveraging the strengths of both paradigms.
Nevertheless, these hybrid approaches represent transitional efforts made during a period
when DRL techniques had not yet fully matured. As DRL methodologies have advanced,
the focus of research has increasingly shifted toward direct policy learning through DRL
itself, aiming to exploit its full potential in autonomous decision-making tasks.

Early research on autonomous driving decision-making using DRL predominantly fo-
cused on the Deep Q-Network (DQN) algorithm [28] and its variants, such as Double DQN
(DDQN), Dueling DON (DulDQN), and Prioritized Experience Replay DQN (PRDQN)
[39,40,48-53]. While these methods laid foundational groundwork for learning decision
policies, their applicability in real-world driving was limited by the discrete nature of the
action space inherent to a DQN, making it difficult for it to directly learn fine-grained
control signals such as steering angles and throttle commands.

To address this limitation, several DRL algorithms were subsequently proposed to
handle continuous action spaces, including those based on deterministic actor—critic ar-
chitectures. Among these, the Deep Deterministic Policy Gradient (DDPG) algorithm [32]
gained significant attention, leading to its application in various autonomous driving
studies [37,54-59]. In [54], the authors introduced Controllable Imitative Reinforcement
Learning (CIRL), a vision-based end-to-end control framework for urban driving. CIRL
combines model-based supervised learning with DDPG in a dual-stage training proce-
dure to overcome the exploration inefficiency of RL and the generalization limitations
of imitation learning. Ref. [57] proposed a hybrid framework that combines affordance
learning and DDPG for urban autonomous driving. In this approach, a high-dimensional
camera input is processed by a CNN to extract six key environmental factors: (1) steering
angle deviation, (2) traffic light state (e.g., red light detection), (3) distance to the leading
vehicle, (4) speed limit, (5) lateral lane offset, and (6) presence of hazards (e.g., pedestrians).
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These affordances, along with vehicle speed and lane departure information, are used
to generate continuous control outputs for steering, acceleration, and braking. Ref. [37]
proposed a two-stage DDPG framework for the car-following problem in autonomous
vehicles, combining both real-world and simulated data. In the first stage, the agent is
trained in the CARLA simulator using standard DDPG. In the second stage, additional
fine-tuning is performed using real driving data from the Napoli dataset via a practical
replay buffer, enhancing the policy’s adaptability to real-world dynamics. While DDPG is
effective for continuous control, it is based on a deterministic actor—critic structure, which
makes it vulnerable to Q-value overestimation. This leads to performance degradation
in situations involving multi-modal decision-making, which are commonly encountered in
complex autonomous driving tasks.

In response to the limitations of deterministic actor—critic methods, a new line of
research has emerged that seeks to mitigate the Q-value overestimation problem through
stochastic policy-based approaches. Among these, PPO [30], which constrains policy up-
dates via a clipping mechanism, has been applied to various autonomous driving decision-
making tasks [60-63]. In [60], the authors proposed an end-to-end autonomous driving
policy learning method that integrates PPO with curriculum learning in the CARLA simu-
lator. The study demonstrated that even without prior knowledge, the agent could learn
robust driving behaviors through a staged curriculum with gradually increasing task dif-
ficulties. Additionally, the authors addressed issues related to unstable value function
updates and the normalization of the advantage function. Ref. [61] applied PPO to the
tactical decision-making problem for autonomous vehicles navigating intersection sce-
narios, with the goal of ensuring both safety and efficiency during maneuvering. In [63],
the authors conducted a comparative study of DDPG and PPO in the TORCS simulator,
evaluating their performance in lane-keeping, obstacle detection, and collision avoidance
tasks. While PPO has shown promise in improving stability and reducing Q-value overes-
timation to some extent, it is fundamentally an on-policy algorithm. As such, it requires
repeated rollouts with fresh data, making it sample-inefficient compared to its off-policy
counterparts. Furthermore, its limited capacity to fully resolve overestimation issues has
led to performance bottlenecks in complex autonomous driving scenarios.

To overcome the performance limitations of DDPG and PPO, TD3 [33] was intro-
duced as an enhancement to DDPG, specifically designed to address the Q-value overes-
timation problem. TD3 improves policy learning stability by employing a double critic
architecture and selecting the minimum of the two Q-value estimates. Furthermore, it
introduces policy smoothing by adding clipped noise to the target policy values, which
mitigates overfitting to narrow Q-function peaks. As an off-policy method, TD3 also im-
proves sample efficiency, making it suitable for continuous control in complex driving
environments [64-67]. In [64], TD3 was applied to a human-machine shared driving frame-
work for lane-changing decision-making. The study demonstrated that TD3’s capability for
fine-grained continuous control allowed for more natural and safe lane transitions in mixed
traffic scenarios. Further studies [65-67] explored the use of TD3 in high-density urban
intersections, aiming to enhance both its safety and driving efficiency. Notably, ref. [67]
proposed a hybrid TD3+Behavior Cloning (TD3+BC) algorithm, which achieved up to a
17.38% improvement in intersection navigation efficiency, demonstrating the potential of
combining reinforcement learning with expert-driven priors. Despite its advantages, TD3
remains a deterministic policy algorithm, which limits its ability to represent multi-modal
action distributions. This constraint may reduce the agent’s adaptability in situations where
multiple plausible actions exist, thereby restricting its responsiveness to highly dynamic
and uncertain environments.
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The SAC algorithm [34] was proposed as an enhancement of TD3, aiming to address
the limitations of deterministic policies in dynamic environments by introducing the
concept of the soft Q-function. Unlike traditional Q-functions, which solely accumulate
rewards, the soft Q-function incorporates both the expected cumulative reward and the
entropy of the current policy, thereby encouraging policy stochasticity and enhancing
exploratory behavior during learning [68-72]. In [68], the authors proposed a hybrid
method that combines the SAC-Discrete algorithm with a motion-prediction-based safety
controller to address the highway merging problem in mixed traffic environments. Their
approach demonstrated significant improvements in reducing collision rates and increasing
traffic flow efficiency across varying traffic densities in simulations. Ref. [69] employed
the SAC algorithm to manage the roundabout entry problem in complex urban scenarios.
Their method leveraged a CNN-based feature extractor combined with a destination
vector to enable smooth and safe vehicle navigation through roundabouts. Experimental
results using the CARLA simulator indicated that the SAC-based policy achieved faster
convergence and higher Success Rates compared to DQN and PPO. In [70], the SAC
framework was integrated with a residual sensor fusion approach that combines image
sensor and tracking sensor data for enhanced control policy learning. This technique
improved the learning performance of the autonomous agent by leveraging complementary
sensor modalities, yielding robust results across multiple autonomous driving scenarios.

While TD3 and SAC have demonstrated the ability to mitigate Q-value overestima-
tion, residual overestimations—particularly in nonlinear critic networks—continue to be
a source of instability in policy learning. To address this, CrossQ [35] introduces a novel
approach based on cross-critic regularization, which incorporates an additional regulariza-
tion term that enforces mutual alignment between two critic networks. This regularization
discourages the critics from diverging excessively during training, thereby improving the
stability of value estimates. Despite its conceptual promise, CrossQ is a relatively recent
development, and no prior studies have explored its application within the autonomous
driving domain. To the best of our knowledge, this work is the first to apply CrossQ in
urban autonomous driving scenarios and to conduct a comparative analysis with other
state-of-the-art DRL algorithms under realistic driving conditions.

Lastly, TQC [36] was proposed to address the instability in policy updates caused by
noisy Q-values in the upper quantiles of the estimated value distribution. TQC builds on the
principles of distributional reinforcement learning, where the critic learns a full distribution
of Q-values rather than a single scalar estimate. By truncating the highest quantiles, which
are often noisy and overestimated, TQC constructs a more robust Q-target, improving both
its learning stability and representational accuracy. Although TQC offers a theoretically
grounded approach to reducing Q-value overestimation while capturing uncertainty in
future rewards, it remains underexplored in the field of autonomous driving. As such, this
study represents the first empirical investigation of TQC’s performance within autonomous
driving tasks, providing a comparative evaluation against other leading DRL techniques.

Table 1 summarizes the studies related to the application of DRL in the field of
autonomous driving, as discussed above.

Accordingly, this study establishes a comprehensive DRL-based autonomous driv-
ing framework within the CARLA simulator, incorporating diverse geographic environ-
ments—including intersections, roundabouts, crosswalks, highways, and tunnels—as well
as various traffic regulations such as traffic lights, stop signs, and speed limits.

The primary contributions of this study are summarized as follows:

¢  This work presents the first application of CrossQ and TQC in autonomous driving,
conducting a comprehensive comparative analysis of their performance alongside
that of existing algorithms such as DDPG, PPO, SAC, and TD3. Evaluations are
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performed within a closed-loop simulation environment that incorporates diverse
geographic variations and complex traffic regulations. The analysis also includes
a detailed investigation of failure factors, from which key insights for algorithmic
improvements are derived.

* A set of comprehensive evaluation metrics is proposed to assess driving performance
under varying geographic and regulatory conditions. These metrics capture multiple
dimensions of performance, including the effectiveness, stability, efficiency, and com-
fort of driving.

*  Asetof adaptive reward and penalty functions is designed to facilitate effective policy
training under dynamic driving scenarios that reflect complex geographic variations
and real-world traffic regulations, enhancing the robustness and generalization of
DRL-based decision-making.

Table 1. Summary of DRL approaches in autonomous driving.

Limitations

RL Category

Representative Works

Advantages

Imitation Learning

Simple training via
expert data; good

Poor generalization;

[25,26,42-45] L. . covariate shift;
(IL) initial policy .
. error compounding

generation

Combines strengths of  Still sensitive to initial
Hybrid (IL + RL) [46,47] IL (stability) and RL policy; intermediate

(adaptability) complexity

Effective for discrete Not §u1tab1e for
Value-based DRL . . continuous control;

. [28,48,49] action learning; well . . .

(DON and variants) limited fine-grained

understood .

behavior
Deterministic Supports continuous Q-value
Actor—Critic [32,37,64] action; efficient policy overestimation risk;
(DDPG, TD3) learning limited multi-modality
Stochastic Better stability and faprg llsef)i?lggg?;ﬁnd
Actor—Critic [30,68,69] exploration; robust to S ACpma ol ’
(PPO, SAC) noise Y
overestimate

Regularized Conservative updates;  Relatively new; limited
Actor—Critic [35,36] reduced Q-value noise; use in
(CrossQ, TQC) robust convergence autonomous driving

3. System Model
3.1. Policy Network Model

Figure 1 presents a schematic overview of how the system operates, including the
CARLA simulator and the interacting DRL module. Among the core tasks of autonomous
driving, i.e., perception, decision-making, and control, the CARLA simulator is responsible
for perception by collecting the camera-based visual information required for downstream
decision-making. This perceived information is then transmitted to the DRL module, which
performs decision-making based on a reinforcement learning algorithm. The resulting
control actions are subsequently processed through action smoothing (a weighted sum
between the previous and current action values) and sent back to the CARLA simulator to
control the ego vehicle. Finally, the resulting reward for the executed action is fed back to
the DRL module to evaluate the action and update the policy accordingly.

In detail, the CARLA simulator receives front-facing RGB images from the ego ve-
hicle and processes them using the Variational Autoencoder (VAE) network illustrated



Appl. Sci. 2025, 15, 6838

8 of 32

in Figure 2, producing segmentation outputs that encode essential environmental fea-
tures such as road lines, road surfaces, and sidewalks. In addition, sensor data that de-
scribe the current state of the vehicle—namely RGB camera feeds, GPS signals, and IMU
measurements—are used to estimate the vehicle’s position and heading angle. These
perception-related observations, denoted by R, are concatenated and forwarded to the DRL
module. Furthermore, the DRL module receives navigation-related information A from
the CARLA simulator, which includes the coordinates of the next 15 waypoints 7, and the
state of traffic lights ny; within an approximate 18 m forward range. Here, the 15 forward
waypoint coordinates 7, are initially determined by Global Path Planning (GPP) using
the A* algorithm [73,74]. The 15 waypoints are selected based on their proximity to the ve-
hicle’s current position, while also considering road curvature, lane geometry, and junction
structures. Lastly, the DRL module is also provided with the current control information
of the vehicle C, including its steering angle cs; € [—1.0,1.0], throttle ¢y, € [0.0,1.0], brake
cpr € [—1.0,0.0], and velocity csp. The output range of each control parameter is defined

as follows:
cst € [—1.0,1.0], (1)
¢, € 10.0,1.0], (2)
cpy € [—1.0,0.0], 3)

where cg; is defined as a normalized value ranging from —1.0 to 1.0, corresponding to a
steering angle between —70° and +70°. When considering a conventional vehicle operating
below 9000 Revolutions Per Minute (RPM), the throttle value cy;, is mapped to a propulsion
torque of ¢y, X 743.0 Nm. Similarly, the brake value c;, is mapped to a braking torque of
cpr X 700 Nm. It is important to note that when the brake value is activated, the throttle is
automatically set to zero, and vice versa, ensuring mutual exclusivity between the throttle
and braking operations.

This information is integrated into the vehicle state information S and provided to the
DRL module. The DRL module then utilizes the vehicle state information S to compute an
optimal control action, which is passed through an action smoothing process to mitigate
abrupt behavior changes before being applied to the environment. Subsequently, the next
state and corresponding reward are received as feedback. This interaction constitutes a
single step, and the system operates at a frequency of 15 steps per second (SPS), where each
step corresponds to approximately 66.7 ms. At each step, a driving decision is made and an
associated reward is assigned accordingly.

Figure 3 illustrates the temporal structure of the experiment. Each experiment is
conducted in episode-based units, where a predefined driving route is assigned per episode,
and each episode comprises a sequence of multiple steps. If the ego vehicle violates a
traffic regulation, a penalty, represented as a negative reward, is imposed, and the episode
is immediately terminated. The details of the reward function and its components are
discussed further in Section 3.4.

3.2. DRL Module

The key parameters that constitute the DRL module are defined as follows: the ego
vehicle serves as the agent that performs actions, while the environment represents the
external world with which the agent interacts. The environment is modeled as a state s € S,
which can be represented at each time step t as s;. The state space S is identical to the
vehicle state information S provided by the CARLA simulator. The action is defined as
a € A, where the action space A is composed of all elements of the control information C
except for csp: A = {cst, Cip, Cpy - The reward is defined as r € R.
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Figure 1. Brief system operation of CARLA simulator and DRL module.
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Figure 2. VAE architecture: the image features are extracted through four 4 x 4 convolutional layers
to generate the latent space Z, which is subsequently decoded into a segmentation image using four
transposed convolutional layers.

Generating a target driving route If the ego vehicle violates traffic rules,
that includes the origin and destination a penalty is imposed and the episode terminates.

episode i

l | I | [ |
Step 0 Step 1 Step 2 Step t Step T,

Figure 3. A conceptual illustration of the approximate timing and granularity of the simulation
operation.

Policies are categorized into two types depending on whether their probability distri-
butions are deterministic or stochastic. In the case of a deterministic policy, the selection of
action a given state s is defined as ji(s) = a. In contrast, for a stochastic policy, the proba-
bility distribution of actions a given state s is denoted as 77(a|s). The transition probability
from a state s to a subsequent state s’ under action 4 is represented as T(s'|s, a). The dis-
count factor for future returns is denoted by v € [0,1]. At each time step ¢, the return
is represented by Gy, the corresponding state value function under policy 7t is denoted
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as V7 (s), and the action value function is given by Q™ (s,a), which are formally defined
g y y

as follows:
G = Y Y rew
k=0
V™(s) = Ex[Gi|st=s]= Z ZT (s'|s,a)[r(s,a,s") +yV™(s")],

Q"(s,a) = Ex[Gt|st=sar=a]=) T(s|s,a)|r(s,as —l—'yz (d'|s")Q™(s',d")|.

Table 2 summarizes the key characteristics of the DRL modules utilized in the experi-
ments, while Figure 4 provides a schematic comparison of the architectural structures of
each algorithm.

Table 2. Characteristics of DRL algorithms.

DRL Algorithm  Experience Reusability =~ Key Characteristics

DDPG Off-Policy Deterministic Actor—-Critic Architecture

TD3 Off-Policy Twin Q-Networks, Delayed Policy Updates

SAC Off-Policy Max1mu.m Entropy Framework with Soft
Q-Function

TQC Off-Policy Dlsjcrlbgtlonal RL, Quantile-Based Q-Value
Estimation

CrossQ Off-Policy Cross-Critic Regularization

PPO On-Policy Policy Update Clipping for Stability

DDPG follows a standard actor—critic framework, employing target networks for both
the actor and critic to stabilize Q-value estimation and policy learning.

Let us now provide a formal mathematical formulation. The current reward r; is
combined with the output of the target critic Q' evaluated in the next state s; .1 and the
action selected by the target actor (policy) /, resulting in the target Q-value y; being the
learning objective. The target network is introduced to mitigate the instability caused by
abrupt parameter updates. Accordingly, the target Q-value y; can be expressed as follows:

yr =1+ 7Q (141, ' (5141)).- 4)

The Q-network is subsequently trained using the mean squared error (MSE) loss to
minimize the discrepancy between the current estimate Q(s¢, ;) and the previously defined
target value y;, as expressed by the following objective:

L(¢) = E[(Q(st,a5.9) — i)’ ©)

Finally, for policy optimization, the gradient of the deterministic policy y is updated
indirectly via the Q-network by applying the chain rule, as formulated below:

Vol (9) = E[VaQ(s,8: 9)],._, ) Van(s:0)]- ©®)

In contrast, TD3 improves upon DDPG by introducing two critic networks and employ-
ing a minimum Q-value selection strategy for the target critics to mitigate overestimation
within the critic module.
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Figure 4. A comparative overview of the DRL algorithms used in the experiment and their corre-
sponding module architectures.

Then, the target Q-function y;, which selects the minimum value between the two
Q-networks Q1 and Qy, can be expressed as follows:

v = e+ min Qsie, W' (sr1) +6), €~ clip(N(0,0), —.c), @)

where the exploration noise € is introduced to prevent overfitting and is defined using a
value sampled from (0, ) and clipped within the range [—c, c].
The loss function for the Q-update can be defined as follows:

L(¢i)) =E [(Qi(st/ﬂt/‘ ¢i) — yt)z} ®)

where ¢; and ¢, denote the neural network weights of the two Q-networks, Q;
and Q», respectively.

Each policy is updated periodically, and for the sake of stability, the update is per-
formed based solely on Q;:

Vol (6) = E[VaQi (5,0 1), ) Vor(s:6)| ©)

SAC utilizes a stochastic policy and performs critic updates based on the smaller of the
two Q-values from the critic and target critic, while also incorporating an entropy bonus
into both policy and critic updates to encourage exploration.

Therefore, the target Q-network in SAC can be formulated as follows by incorporating
the entropy bonus:

yr=r+ YEa on [Q(st+1ra/) - log 7T(Ll/|st+1)] (10)
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where a denotes the entropy temperature coefficient, which regulates the contribution of
the entropy term.

Similarly, to ensure that the predicted Q-value for the current state—action pair closely
approximates the target y;, the critic network is optimized using the loss function L(¢;),
which is formulated as follows:

L(¢i) = E|(Qilst,as¢) = 1) an

Through this formulation, the policy is updated to favor actions with higher estimated
returns—based on the minimum of the two Q-values—while simultaneously promoting
diversity by incorporating an entropy term.

Val(6) = By [Eay-r, [10g ma(als) —min Qs 1) | 12)

TQC is an algorithm that extends SAC within the distributional reinforcement learning
paradigm. It leverages an ensemble of critic networks to estimate quantile-based return
distributions and applies a truncation-and-averaging mechanism to both the critic and tar-
get critic by discarding excessively high quantile values and averaging the remaining ones.
This approach is motivated by the tendency of upper quantiles to induce overestimation,
and thus TQC has improved policy stability.

The target value y; for Q-learning can be formulated as follows:

Yyt = 1t + v - mean of bottom (K — M) quantiles of {Z;(s;11,a¢11)} (13)

where Z; denotes the quantile-based Q-values, representing the predicted return values
for a given state—action pair, as a set of K quantiles. In other words, among the total K
quantiles, the top M quantiles prone to overestimation are discarded, and the remaining
K — M lower quantiles are retained. The mean of these retained quantiles is then used to
compute the target Q-value.

Furthermore, the loss function for the Q-update is formulated as follows:

1 N K )
= g L LAt —z(snaie)), (14)

i=1j=1

where p} represents the Quantile Huber Loss, N is the number of critic networks, and
zj(st,at; ¢;) denotes the j-th quantile output of the i-th critic network evaluated in the
state—action pair (s¢, a¢).

The policy update follows the same principle as that in SAC, incorporating the entropy
term a log 7 (a¢]s¢) along with multiple Q-networks. The update is performed using the
mean of the truncated quantile Q-values as follows:

V()](Q) = ESt

Ea;~r, [uc log 7 (at|st) mm— Z Z (st, H (15)

CrossQ extends the conventional DDPG and TD3 architectures by introducing a conser-
vative Q-update scheme based on a cross-validation mechanism. Specifically, it constructs
multiple actor—critic pairs, where each actor—critic pair participates in target generation
and value estimation for the others in a crosswise manner. This design mitigates the over-
estimation bias by avoiding self-referential updates, thus promoting more conservative
and stable learning dynamics. Furthermore, to enhance training stability, CrossQ integrates
batch renormalization into the critic architecture.
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This can be formulated as follows:
ye=ri +7'Igéi]r.1 Qj(st41, pi(st+1)) (16)

where p;(s;41) denotes the action generated by the i-th actor for the next state s
and Qj(s¢1) represents the predicted Q-value from the j-th critic corresponding to
that action.

In Equation (16), the condition i # j implies that the action used to compute the target
Q-value is generated by actor i’s policy, while the corresponding Q-value is evaluated
using critic j. By selecting the minimum of multiple Q-values, the approach enables a
more conservative Q estimation. This cross-validation mechanism prevents an actor from
evaluating the Q-value of its own generated actions using its corresponding critic, thereby
mitigating overfitting and overly optimistic value estimates.

The loss function for the Q-update is defined as follows:

L(¢:) = E[(Qi(strﬂt} ¢i) — yt)z} (17)

Additionally, for the policy update, the action is generated based on the policy of actor
i, and the update is performed using the evaluation from the critic Q;:

Vol 0) = E[VaQ;(st,3:9))],_,, o Vokilss0) |, j #i (18)

PPO is an on-policy reinforcement learning algorithm that seeks to balance sample
efficiency and training stability. It leverages trajectory memory to estimate advantage values
and computes the probability ratio between its current and previous policies. A clipped
surrogate loss function is then formulated and minimized to update the policy, while
constraining large updates to ensure stable learning. Unlike previous off-policy algorithms
that rely on a state-action value function Q(s, ) for their critic, PPO employs the state
value function V(s) to perform the critic’s role.

The clipped surrogate loss function used to update the policy network 7ty is defined
as shown below. It compares the probability of actions under the new policy and the old
policy using an importance sampling ratio.

LCYP(9) = B¢ [min (r+(8) Ar, clip(r:(6),1 — €, 1+ €) A;)] (19)

where A; denotes the advantage estimate at time step t, and € is a small hyperparam-
eter (typically in the range of 0.1-0.2) introduced to limit the extent of policy updates.
Additionally, the importance ratio r;(6) is defined as follows:

ﬂe(ﬂt|5t)

, 20
TT0o14 (at]s) 20)

r1(0) =
where the probability ratio is between the new policy and the old policy for the action
actually taken at state s;. It acts as a correction factor in the surrogate objective.
Finally, the regression loss function based on the value function V(s;; ¢) is defined
as follows:

L) =E[(V(si) - %)’ 1)

where V; is a target value computed from the returns.
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3.3. VAE Encoder

To enhance the stability and efficiency of policy learning in complex urban environ-
ments, we adopt a VAE-based encoder for the visual perception component of the agent’s
state vector. In contrast to conventional CNN-based encoders, which tend to produce
high-dimensional and semantically opaque latent representations, the VAE compresses
high-resolution visual data into a structured low-dimensional latent space. Each latent
variable is trained to follow a standard Gaussian distribution, enabling the representation
to retain semantically meaningful features such as lane count and object density. This not
only facilitates better interpretability of the latent space but also acts as a form of regular-
ization by enforcing smoothness and disentanglement across the latent dimensions. Prior
studies [75,76] have empirically demonstrated that under the same reinforcement learn-
ing algorithm, agents utilizing VAE-based encoders outperform their CNN counterparts
in terms of average rewards and driving distance, while also reducing GPU usage and
improving inference speed. These findings provide strong evidence that the VAE serves
as an effective representation learner, offering superior capacity, regularization benefits,
and interpretability compared to alternative encoder architectures.

3.4. Reward Function

The reward function for the agent is primarily designed to encourage speed main-
tenance, lane keeping, and traffic rule compliance. The detailed structure of the reward
functions used is summarized in Table 3.

Table 3. Reward and penalty parameters comprising the total reward function.

Reward and Penalty Value Terminology

Reward (22)  Speed Reward (Green Light or No Traffic Light)
(23) Speed Reward (Red Light)
(26) Speed Reward (Yellow Light)
(27)  Centerline Distance Reward
(28) Centerline Standard Deviation Reward
(29)  Vehicle Heading Reward

Penalty —10  Vehicle stopped
Off-Track
Too Fast
Red Light Violation
Collision
Total (31) Total Reward Function
3.4.1. Reward

The underlying philosophy of the reward’s design is centered on promoting safe and
compliant driving behavior. To this end, the reward function contains multiple contributing
factors that encourage the agent to (1) maintain an appropriate speed, (2) stay within
lane boundaries, (3) align its heading with the road direction, and (4) obey various traffic
regulations. These objectives are jointly enforced through a composite reward function.

Throughout each episode, driving decisions are made at every decision step, and a
reward value ranging from 0 to 1 is assigned at each step. The cumulative reward accumu-
lated over the course of an episode is employed as a quantitative measure of overall driving
performance. The individual reward components and their corresponding formulations,
computed at each step, are presented as described below.

The Speed Reward Ry is computed based on the current traffic signal state. Specif-

G

ically, it is categorized as follows: R speed

for a green light, indicating normal driving con-
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Y

ditions; RR . for a red light, requiring the vehicle to stop; and R! peed

speed
suggesting deceleration.

for a yellow light,

When a green light is active or the vehicle is navigating a section with no available

G

speed” which can be calculated

traffic light information, the speed reward assigned is R
according to Equation (22):

Vego .
Vo if Vego < Vinin,
G — Vegu - Vtarget .
Rspeed =4q10- Vinax—Viarget! if Vtarget < Vego < Vinax, (22)

1.0, if Vmin < Vego < Vtargeb

where V¢, denotes the current speed of the ego vehicle. The reward value pr ced 18 designed
to yield higher scores when V¢, lies within the desirable range, between the minimum
speed threshold V,,,;, and the target speed Vigrget. If Vego falls below V,,,;,, or exceeds Vigrget,
the reward is gradually reduced. Furthermore, if the vehicle exceeds the maximum allow-
able speed V,4x, a negative reward is applied to penalize unsafe driving. In the experimental
setup of this study, the parameters used were as follows: Vigrger = 25 km/h, V5, = 20 km/h
and Vyzx = 35 kimm/h.

In the case of a red traffic light, the Speed Reward value RR

spee

Equation (23), such that the vehicle is encouraged to approach the stop line gradually from

g 18 formulated as in

its current position.
preed = (wd X dStOp) + (wv X ﬁego), (23)

where w; and w, denote the weighting coefficients for the distance to the stop line and the
ego vehicle’s speed, respectively. In the experiment, they were set to 0.4 and 0.6. The terms
dAStop and Jeqo represent the normalized values of the distance from the vehicle’s current
position to the stop line Dssop and the current speed of the ego vehicle Vg, respectively.
The corresponding normalization formulas are defined in Equations (24) and (25).

A D
dstop = 1 — max (o, min (1, “"”) ) (24)
maxstop
Oego = max | 0,min| 1 1 (25)
ego — 7 7 1 + ‘/ego 7

where Dygxstop denotes the maximum allowable distance from the current vehicle position
to the stop line, which was set to 30 m in this experiment. In other situations, specifically,
when the traffic light is yellow, the vehicle is designed to drive defensively at a minimum
speed V. To implement this behavior, the Speed Reward Rzp coq 18 defined according
to Equation (26):

(26)

To encourage the vehicle to maintain lane alignment during driving, the reward
function is designed to assign higher rewards when the vehicle remains close to the
center of the road. Accordingly, the Centerline Distance Reward Reenter is defined as in
Equation (27):

D
Reenter = max(l - centeri O)/ (27)

max
where D enter denotes the Euclidean distance between the current position of the vehicle

and the center of the road. Dy, represents the maximum allowable value of Depter, which
was set to 3 m.
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To further promote stable driving along the road centerline, the Centerline Standard
Deviation Reward, based on the standard deviation of the centerline distance, Ry, is
defined as shown in Equation (28):

Ry = max (1 — M, 0) (28)
Omax

where 0¢enter denotes the standard deviation of the distance between the ego vehicle and the
road centerline during driving. ¢yu.y represents the maximum allowable standard deviation,
which was set to 0.4 in this experiment.

The Vehicle Heading Reward R, is designed to prevent abnormal directional devia-
tions, such that higher rewards are given when the vehicle’s heading aligns closely with
the road direction. This reward is defined by Equation (29):

0

R; = max(l — | €g0|, 0), (29)
Qmax

where 0., represents the heading angle between the vehicle’s current orientation and the

road direction, while 8, denotes the maximum allowable heading angle, which was set

to 90° in this experiment.

3.4.2. Penalty

The Penalty refers to the negative reward of —10 that is assigned when an episode
terminates due to abnormal driving conditions. This penalty is applied upon the occurrence
of events such as vehicle stopped, off-track, too fast, red light violation, and collision.

p € {Vehicle Stopped, Off-Track, Too Fast, Red Light Violation, Collision}, (30)

where Vehicle stopped refers to the case in which the vehicle’s speed remains below 1.0 for
more than 10 s without a stop signal, Off-track occurs when the vehicle deviates beyond
the allowable maximum distance D,y from the road centerline, Too fast corresponds to
situations where the vehicle exceeds the predefined maximum allowable speed Vj;uy,
Red light violation is triggered when the vehicle passes through an intersection despite a red
traffic light signal, and finally Collision occurs when the vehicle collides with an obstacle.

3.4.3. Total Reward Function

Based on the previously defined reward values and penalty values, the Total Reward
Function in each step Rstep is computed as shown in Equation (31). Here, P is a parameter
representing the penalty value, which remains zero under normal driving conditions in
which no penalty violations occur.

Rstep = (Rspeed X Reenter X Rstd X RL) +P (31)

4. Evaluation Metrics

This section introduces the evaluation metrics used to assess the performance of
DRL-based autonomous driving techniques. These metrics are defined for a given driv-
ing episode i in terms of the travel distance, Route Completion, driving stability, and
cumulative reward.

¢ Travel Distance Dir wwel: Lhe distance traveled by the agent during episode i is calcu-
lated by cumulatively summing the distance covered at each step until the final time
step, as illustrated in Figure 3.
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Route Completion C': This metric represents the proportion of the intended route
Di

router eNerated from the start to the destination in episode i, that the ego vehicle

successfully traveled from the starting point. It is computed according to Equation (32):

Ci _ Dilfmvel (32)

route

Speed Mean Vggo
entire duration of episode i and is computed as shown in Equation (33).

This metric denotes the average speed of the ego vehicle over the

T;
ego = 2 ego (33)

where V2! ¢go Tepresents the vehicle’s speed at each step t and T; denotes the total number
of steps in episode i.

Centerline Deviation Mean D, ., : This metric quantifies how far the vehicle deviates

center®
from the lane centerline during driving and is computed accordmg to Equation (34). It
is based on the average of the Centerline Deviation values Dcenter at each time step.
A smaller value indicates stable lane keeping, whereas a larger value suggests a higher

likelihood of lane departure.

center = Z D center (34)

Episode Reward R : Episode Reward R’ . represents the total cumulative reward

epi* epi
obtained by the agent during episode i and is computed according to Equation (35).

T;
Rlepz = Z R;;ep' (35)

Episode Reward Mean R,,; and Step Reward Mean Ri,, : The average reward metric

ste

is defined along two temporal scales. The first is the Eglsode Reward Mean, which
is calculated by summing the total rewards R} pi obtained across all N episodes and
dividing by the number of episodes. This metric represents the average reward per
episode and is computed according to Equation (36). The second is the Step Reward
Mean, which is calculated by dividing the total episode reward Répi by the total
number of steps T; in episode i. This metric represents the average reward per step

and is computed according to Equation (37).
epz = X7 Z Repz/ (36)

t
SfEP T Z Rlstep = epz (37)

Reward Standard Deviation c: This metric represents the variability of the rewards
obtained by the agent during episode i and is defined as shown in Equation (38).
A lower value indicates that the learned policy is more stable and consistently
acquires rewards.

1

2
b
T (Rlstep R;tep) (38)

|
HMH



Appl. Sci. 2025, 15, 6838

18 of 32

e Success Rate S: For each episode i, the binary success indicator S' is defined according
to Equation (39), which determines whether the ego vehicle successfully reached its
destination. In this formulation, an episode is considered successful (S’ = 1) if the
final vehicle position (x}, %) is within 5 m of the goal position (xi,, ). Otherwise,
it is considered a failure (S’ = 0). The overall Success Rate S is then computed by
averaging the success indicators across all N episodes, as defined in Equation (40).

1, if \/(xd, — xd)2 4 (y, — yi)2 < 5
0, otherwise,

Sl = (39)

1

S5=—Y'g. (40)
Ni

™z

1

where N denotes the total number of executed episodes.

5. Experimental Setup
5.1. CARLA Simulation Map

The simulation environment used in the experiments was based on five urban maps
provided by CARLA. Figure 5 illustrates the layout of each town map, while Table 4
summarizes the specific driving environment characteristics of each town. Table 5 presents
the durations of the traffic light cycles for each town. As shown in Figure 5, a total of five
towns were selected, with four distinct driving episodes assigned to each town. The route
length of each episode ranged from a minimum of 150 m to a maximum of 900 m.

e

(c) Town 03 (d) Town 04 (e) Town 05

Figure 5. CARLA town maps used in the experiments.
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Table 4. Driving environment variations across five urban towns.

Town Map Size (m) Cross T Round Max Lane  Tunnel  Traffic Light Highway

Town01 342 x 413 0 12 0 1 0 36 No
Town02 205 x 208 0 9 0 1 0 24 No
Town03 438 x 483 5 14 2 2 1 38 No
Town04 816 x 914 8 21 0 4 0 43 Yes
Town05 430 x 486 13 8 0 3 0 54 Yes
Table 5. Traffic light cycle durations in each CARLA town (s).

Town01 Town02 Town03 Town04 Town05
Red 32.0 32.0 47.0 32.0 47.0
Green 10.0 10.0 10.0 10.0 10.0
Yellow 3.0 3.0 3.0 3.0 3.0

In this study, we used all five towns presented in Figure 5, which are publicly avail-
able and designed for urban driving scenarios, from the ten towns provided in CARLA
version 0.9.13.

Town02 features the smallest map among the five towns, characterized by a relatively
simple road layout with a limited number of T-shaped intersections and traffic lights.
Despite its compact size, it contains a large number of signalized intersections, making it
particularly suitable for the initial policy learning of reinforcement learning agents being
trained under diverse traffic regulations and geographical variations. In contrast, Town01 is
a small urban map that also includes numerous T-intersections and traffic signals, offering
a similar baseline environment for early autonomous driving experiments.

Town03 includes a small number of cross-shaped intersections and two-lane roads. It
is the only town among the five that contains a roundabout and a tunnel, thus providing a
more complex setting in which to evaluate the models’ driving performance under diverse
geographic variations. Town04 features the widest roadways, with four-lane highways,
and includes a highway driving scenario. It is used to train and evaluate mixed urban
and highway driving strategies, including highway merging, exiting, and lane changes.
Town(05 incorporates the greatest number of cross-shaped intersections and traffic lights,
along with highway and multi-lane roads. It is designed to challenge agents with high-level
intersection handling, frequent lane changes, and responsiveness to traffic signals [77].

To evaluate the generalization capabilities of the learned driving policies, training
was conducted exclusively in Town(2, where the driving route was randomly set for each
episode. Table 6 summarizes the maximum route lengths (in meters (m)) of each episode
run across the five towns (Town01-Town05) for the training policy.

Table 6. Driving distance per episode (m).

Episode 01 Episode 02 Episode 03 Episode 04 Total Mean
Town01 930 759 784 279 2752 688.0
Town02 175 264 313 156 908 227.0
Town03 545 433 341 399 1718 4295
Town04 196 352 558 387 1493 3733
Town05 418 388 341 340 1487  371.8

Town01 includes the episode with the longest driving distance, featuring a total route
length of 2752 m, and has an average episode length of 688 m, which is more than twice
that of the other towns. Despite its relatively simple road structure, the extended route
lengths in Town01 increase its difficulty. In contrast, Town02 offers the shortest evaluation
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paths, with a total distance of 908 m and an average of 227 m, indicating that the agent was
trained repeatedly on relatively short trajectories.

Finally, Figure 6 illustrates a representative driving scenario, presenting (a) the front-
view RGB image input received by the VAE, (b) the reconstructed segmentation observation
generated by the decoder, and (c) the RGB image overlaid with waypoints corresponding
to the current environment. The perceptual information from (a) and (b) is integrated into
the Recognition module R as described in Figure 1 and subsequently utilized within the
DRL framework as part of the state representation S used for training the policy network.

o BTN T T

© R
é -\

Figure 6. Visual overview of the observation pipeline. (a) Raw front-view RGB image perceived by

the vehicle. (b) VAE decoder output, with segmentation-style reconstruction. (c) Waypoint-guided
RGB image captured by a front observer camera, which is not part of the agent’s input but serves as
a reference.

5.2. Hyperparameter Setup for DRL Training

The critical hyperparameter configurations for the DDPG, SAC, TD3, PPO, TQC,
and CrossQ algorithms are outlined below. For all algorithms, an exponential decay learn-
ing rate schedule was adopted, whereby the initial learning rate was set to 5 x 10~*and
gradually decreased throughout training to 1 x 10~°. This approach enables rapid explo-
ration during the early training phase while promoting stability and convergence in the
later training stages.

For the on-policy algorithm PPO, which does not utilize a replay buffer, training was
conducted using newly sampled data at every iteration. Accordingly, the number of steps
collected from the environment per training iteration was set to 1024, and the number of
epochs, i.e.,, how many times the collected data is reused for policy updates, was set to 10.

In contrast, all other algorithms (DDPG, SAC, TD3, TQC, CrossQ) are off-policy meth-
ods. These models train by sampling transitions from a replay buffer of size 300 K, which
enables improved sample efficiency and policy refinement over extended training horizons.

The model complexity and inference latency of each trained DRL algorithm are sum-
marized in Table 7. The model size (in MB) is reported separately for the actor (policy),
critic, and target networks (target policy and target critic). All algorithms employ a uniform
neural network architecture denoted as [400, 300], which refers to a fully connected network
with two hidden layers consisting of 400 and 300 neurons, respectively, followed by an
output layer. In this configuration, each individual network with the [400, 300] architecture
contains approximately 0.62 MB of parameters.

Inference latency was measured in the Town02 scenario. For all algorithms, the average
step-wise latency was computed over 4.5 k steps.

As shown in Table 7, despite TD3 having the largest total model size, it demonstrates
relatively low inference latency. In contrast, TQC has both a moderately large model size
and relatively high latency. Meanwhile, DDPG and PPO incur the lowest latency among
the evaluated algorithms.
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Table 7. Model size and inference latency.

DDPG TD3 SAC TQC CrossQ PPO

Policy size (MB) 0.62 062 0.62 0.62 0.63 0.62
Target policy size (MB) 0.62 062 0.0 0.0 0.0 0.0
Critic size (MB) 0.62 124 124 130 1.25 0.62
Target critic size (MB) 0.62 124 124 130 0.0 0.0
Total size (MB) 248 372 310 321 1.88 1.24
Latency (ms) 1.05 129 146 1.80 1.41 1.10

6. Simulation Result

Each algorithm was trained for 1 million steps, and performance varied according to
the structural characteristics and learning paradigms of each method.

Figure 7 visualizes the progression of six performance metrics—the Episode Reward
Mean, Step Reward Mean, Route Completion Rate, Success Rate, Centerline Deviation
Mean, and Speed Mean—across training checkpoints from 200 k to 1 M steps. In particular,
the Step Reward Mean graph represents the average reward received per step. As observed
in Figure 7, there is no strict proportional relationship between the Episode Reward Mean
and Step Reward Mean. This discrepancy arises because the Episode Reward denotes
the total cumulative reward over an entire driving episode, while the Step Reward Mean
reflects the average reward per time step. Consequently, a high Episode Reward Mean
does not necessarily imply a high Step Reward Mean, particularly in longer or partially
successful episodes. Therefore, the joint interpretation of both metrics enables a more
precise evaluation of each algorithm’s performance in terms of both its overall driving
success and per-step reward efficiency.

In Sections 6.1-6.3, the model that achieved the best performance within the 200 K-1 M
steps of learning for each algorithm is selected and compared across key evaluation metrics
in tabular format. Furthermore, Section 6.4 provides a quantitative analysis of penalty
occurrence rates, as defined in Section 3.4, for each algorithm and town. To ensure the sta-
tistical reliability of the penalty evaluation, five additional trials were conducted per route
scenario. The average penalty ratio was then computed based on the aggregated results.

TQC exhibited the most outstanding performance across all evaluation metrics, achiev-
ing top values in Episode Reward Mean, Step Reward Mean, Route Completion, Success
Rate, and Centerline Deviation Mean after 1 million training steps. SAC initially demon-
strated a learning trajectory similar to TD3 but accelerated its performance improvements in
the later stages and ultimately converged stably, securing the second-best performance after
TQC. Both TQC and SAC are grounded in the Maximum Entropy reinforcement learning
framework, which incorporates entropy terms into its policy and critic networks. This for-
mulation promotes extensive exploration during the early stages of training by maintaining
high entropy, while gradually reducing entropy to enable the precise estimation of the
optimal action distribution as training progresses. TQC further enhances this approach
by adopting Quantile-based Distributional Learning, which learns the return distribution
for each state rather than a single Q-value. This enables more refined value estimation in
complex environments. Although this additional optimization of return distributions occa-
sionally caused TQC to underperform compared to SAC in certain intermediate metrics, it
ultimately outperformed SAC at the final 1 M steps of learning.

TD3, developed to mitigate the Q-value overestimation issue inherent in DDPG us-
ing a Twin Q-Network structure, consistently outperformed DDPG throughout training.
However, its performance remained at a mid-level relative to TQC and SAC. This suggests
that TD3’s deterministic policy is less capable of effectively covering complex state-action
spaces compared to the stochastic policies employed by SAC and TQC.
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Figure 7. Performance variation trends over 1M steps of learning.

PPO also yielded a mid-range performance comparable to that of TD3. However, it
exhibited relatively irregular reward trends during training, which can be attributed to its
on-policy nature, which precludes replay buffer usage, resulting in low sample efficiency.
Although PPO integrates entropy bonuses and policy clipping mechanisms to suppress
abrupt policy shifts, repeated learning based on limited freshly sampled data introduced
difficulties in consistent optimization, thereby exposing its limitations.

CrossQ achieved a moderately acceptable performance in the Step Reward Mean
and Centerline Deviation Mean metrics but showed very low scores in Route Completion
and Success Rate, indicating clear limitations in mission completion. The root causes of
CrossQ’s performance degradation are analyzed in Section 6.4. Finally, DDPG recorded
the lowest performance across all metrics and failed to demonstrate meaningful learning
throughout the training period. This underperformance is attributed to a combination of
persistent Q-value overestimation and inadequate exploration, which jointly hindered the
agent’s ability to discover optimal behaviors.

The driving trajectories visualized in Figure 8 illustrate the performance of each DRL
algorithm at three distinct intersections: a T-Intersection in Town01, a Cross-Intersection in
Town05, and a Round-Intersection in Town03. Intersections are highly challenging scenar-
ios due to abrupt changes in road geometry and the need for complex decision-making,
including vehicle turning and stopping and the timing of its entry. These characteristics
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make intersections ideal benchmarks for evaluating the policy learning stability of DRL
algorithms. The trajectories were plotted by marking the ego vehicle’s position every
two steps throughout the episode. Overall, the driving paths frequently exhibited nonlin-
ear and highly deviated behavior, particularly during intersection entry, often failing to
establish a stable route. Numerous episodes also terminated prematurely due to violations
of predefined penalty conditions.

The DDPG algorithm demonstrated a relatively stable driving performance on straight
roads; however, it consistently failed across all intersection types, even as training pro-
gressed. This instability is attributed to the increasing difficulty of accurately estimating
Q-values in more complex traffic scenarios, which amplifies Q-value overestimation and
undermines policy reliability. While PPO mitigates Q-value overestimation to some extent
and succeeded in the T- and Cross-Intersections as training advanced, it failed to navigate
the Round-Intersection even after 1M training steps. CrossQ showed partial success in the
Round-Intersection scenario but repeatedly failed at the T- and Cross-Intersections with
traffic lights, displaying similar tendencies to those of DDPG.

In contrast, TD3, SAC, and TQC successfully completed all intersection tasks after
approximately 600k training steps. This success is interpreted as being a result of their
double critic structures, which suppress Q-value overestimation, and their entropy-based
exploration strategies, which facilitate stable policy learning even in complex environments.

These results collectively suggest that successful intersection navigation in urban
environments relies not only on expressive state representations but also, critically, on the
exploration strategy and stability of Q-value estimation within the DRL algorithm.
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Figure 8. Comparison of driving performance at T-, Cross-, and Round-Intersections for each algo-
rithm. For each RL algorithm, its driving trajectories at different training stages are visualized (green
for 200 k steps, red for 600 k steps, and blue for 1 M steps). The legend indicates the success or failure
of each trajectory, and in cases of failure, the cause of failure is also specified.

6.1. Evaluation of Driving Performance

Table 8 presents a comparative analysis of each algorithm in terms of three key naviga-
tion metrics: Travel Distance, Route Completion, and Success Rate.

Table 8. Metrics for evaluating driving performance after 1 M steps of learning (Bold text indicates
the method that achieves the best performance for each metric).

Travel Distance (m) Route Completion Success Rate
DDPG 1888 0.23 0.00
TD3 6435 0.77 0.60
SAC 6960 0.83 0.65
TQC 7614 0.91 0.80
CrossQ 1843 0.22 0.00
PPO 5800 0.69 0.40

TQC achieved the best performance across all three navigation metrics. Notably, its
Success Rate reached 80%, indicating that the learned policy was capable of consistently
completing routes under diverse road conditions.

SAC exhibited a comparable performance to TQC in terms of Travel Distance and
Route Completion, but its Success Rate was slightly lower, at approximately 65%. This
suggests that while SAC displayed robust route-following behavior, it may have encoun-
tered penalties that led to task failures. Similarly, TD3 showed a reasonably high Route
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Completion of 77%, yet its Success Rate dropped to 60%, highlighting limitations in its
generalization or rule adherence.

In contrast, both CrossQ and DDPG demonstrated significantly lower values in Route
Completion and Success Rate. In particular, both algorithms recorded a Success Rate of 0%,
indicating a complete failure in mission completion.

Overall, the results suggest that a higher Travel Distance and Route Completion gener-
ally correlate to a higher Success Rate. Since the Success Rate reflects full Route Completion,
while Travel Distance and Route Completion represent partial progress, the latter two can
be seen as necessary, but not sufficient, conditions. Completing a full route successfully
requires further policies that incorporate the robust handling of traffic regulations and
lane-keeping across the entire route.

6.2. Evaluation of Reward-Based Performances

Table 9 presents a comparative analysis of the reward-based performance of each algo-
rithm in terms of Episode Reward Mean, Step Reward Mean, and Reward Standard Deviation.

Table 9. Performance comparison of reward-based metrics over 1 M steps of learning (Bold text
indicates the method that achieves the best performance for each metric).

Episode Reward Step Reward Reward Standard
Mean Mean Deviation
DDPG 64.5 0.21 0.71
TD3 693.8 0.46 0.31
SAC 823.9 0.52 0.33
TQC 977.7 0.62 0.28
CrossQ 144.7 0.35 0.68
PPO 644.1 0.46 0.40

TQC consistently outperformed all other algorithms across these three metrics. It
achieved the highest Episode Reward Mean of 977.7 and the highest Step Reward Mean of
0.62. Additionally, it recorded the lowest Reward Standard Deviation of 0.28, indicating
that the learned policy was capable of acquiring rewards in a stable and consistent manner
at each time step. This suggests that TQC’s distributional reinforcement learning frame-
work effectively minimized reward volatility while maximizing reward gains, even under
uncertain autonomous driving scenarios.

SAC ranked second in both Episode Reward Mean and Step Reward Mean, closely
following TQC. It also maintained a relatively low Reward Standard Deviation of 0.33,
demonstrating good stability in reward acquisition throughout each episode.

TD3 performed moderately well in the reward-related metrics. Although its Reward
Standard Deviation (0.31) was slightly lower than SAC’s, it fell behind in terms of total
reward accumulation, reflected in its lower values for Episode Reward Mean and Step
Reward Mean. PPO produced a similar level of mean rewards to TD3 but exhibited a higher
Reward Standard Deviation of 0.40, indicating greater variability and suggesting that PPO’s
on-policy nature led to less stable policy updates during training.

CrossQ and DDPG recorded relatively poor performance across all reward-based
metrics. However, CrossQ outperformed DDPG in all three indicators, Episode Re-
ward Mean, Step Reward Mean, and Reward Standard Deviation, implying that CrossQ
achieved relatively improved policy optimization over DDPG despite its overall low Route
Completion performance.
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6.3. Evaluation of Driving Stability, Efficiency, and Comfort

Table 10 compares the performance of various DRL algorithms in terms of Center-
line Deviation Mean and Speed Mean, which represent their lane-keeping stability and
driving efficiency, respectively.

It is important to note that these two metrics often exhibit an inverse relationship.
A higher Speed Mean may lead to an increased Centerline Deviation Mean due to the
influence of vehicular inertia, particularly during curved driving. However, excessively
reducing the speed to maintain center alignment can degrade driving efficiency. Therefore,
an optimal trade-off between stability and efficiency must be maintained, as encouraged
through reward function’s design.

Table 10. Performance comparison of Centerline Deviation Mean and Speed Mean across DRL algo-
rithms over 1 M steps of learning (Bold text indicates the method that achieves the best performance
for each metric).

Center Dev Mean Speed Mean
DDPG 0.41 16.69
TD3 0.19 14.54
SAC 0.16 13.24
TQC 0.11 14.37
CrossQ 0.18 14.73
PPO 0.20 13.52

TQC achieved the lowest Centerline Deviation Mean of 0.11, indicating its superior
ability to maintain alignment with the lane center throughout the driving episodes. SAC
followed closely with a deviation of 0.16, also demonstrating effective and stable lane-
keeping behavior.

CrossQ, TD3, and PPO recorded deviations of 0.18, 0.19, and 0.20, respectively, re-
flecting their moderate performance in terms of lateral control. Notably, CrossQ exhibited
relatively favorable lane-keeping stability despite its overall low Route Completion perfor-
mance, which is a noteworthy observation.

In contrast, DDPG recorded the highest Centerline Deviation Mean of 0.41, suggesting
significant deviation from the center of the lane. This outcome highlights a severe limitation
in DDPG’s ability to maintain stable vehicle alignment.

Driving speed, represented by Speed Mean, encapsulates aspects of both driving
efficiency and passenger comfort [78]. In terms of efficiency—and excluding DDPG—TD3,
TQC, and CrossQ exhibited the highest performance. The fact that TQC simultaneously
maintained excellent lane stability and a high average speed underscores its overall effec-
tiveness in balancing safety and efficiency.

On the other hand, DDPG showed an abnormally high average speed combined with
poor lateral control, implying a potentially uncomfortable and erratic driving experience
for passengers. This suggests that DDPG may not be suitable for deployment in scenarios
requiring both safety and ride comfort.

6.4. Analysis of Penalty and Failure Factors

Tables 11 and 12 present a quantitative comparison of the occurrence rates of five
penalty types—vebhicle stopped, off-track, too fast, red light violation, and collision—across
different DRL algorithms and simulated towns.

Among all algorithms, the most frequently triggered penalty was vehicle stopped,
followed by red light violation. The vehicle stopped penalty was typically induced when
a vehicle failed to proceed after a green signal or unnecessarily halted upon detecting a
traffic light despite it displaying a go signal. Additionally, in many cases, vehicles misin-
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terpreted the road structure—particularly in complex or nonlinear layouts—and stopped
inappropriately even when a red light was correctly detected.

Table 11. Results of analysis of penalty factors according to the DRL algorithm tested. (Bold text
indicates the method that achieves the best performance for each metric).

DDPG TD3 SAC TQC CrossQ PPO (I\T,[":aarll)
Vehicle stopped 063 018 018 007 069 037 0.35
Off-track 008 003 001 001 000 002 0.03
Too fast 000 012 009 010 029  0.07 0.11
Red light violation 019 012 014 013 002 025 0.14
Collision 010 011 002 001 000  0.00 0.04

Total (mean) 0.20 0.11  0.09 0.06 0.20 0.14

Table 12. Results of analysis of penalty factors across different towns. (Bold text indicates the town
with the highest penalty for each metric).

Town01l Town02 Town03 Town04 TownO05

Vehicle stopped 0.32 0.30 0.52 0.38 0.26
Off-track 0.03 0.02 0.06 0.00 0.02
Too fast 0.03 0.01 0.14 0.04 0.12
Red light violation 0.28 0.09 0.08 0.18 0.30
Collision 0.03 0.02 0.03 0.12 0.01
Total (mean) 0.14 0.09 0.16 0.14 0.14

Both TQC and SAC achieved the lowest penalty rates across all categories, indicat-
ing that these algorithms effectively learned driving policies that balance both road-rule
compliance and trajectory stability.

In contrast, CrossQ recorded the highest overall penalty rates, with especially high
frequencies in the vehicle stopped (0.69) and too fast (0.29) categories. These shortcomings
can be attributed to CrossQ’s architectural design. Unlike standard actor—critic frameworks,
CrossQ eliminates the use of a target network to enhance sampling efficiency and reduce
computational cost, instead employing Batch Renormalization within the critic network.
While this design promotes faster convergence and structural simplicity, it comes at the
cost of omitting stabilizing mechanisms like target networks, making it vulnerable to
Q-value overestimation and reduced policy robustness in challenging driving environ-
ments, such as signalized intersections. Previous research has also reported a tendency
for CrossQ to exhibit a higher Q-function bias—including overestimation—than other
algorithms [35], which aligns with the unstable performance and elevated penalty rates
observed in our study.

Town03 yielded the highest penalty rates among all environments. Specifically, its
roundabout sections posed challenges for directional perception, often leading to vehicle
stopped penalties. Moreover, off-track and too fast penalties were also quite frequent in
Town03, likely due to the increased difficulty of maintaining lane discipline and speed
control while navigating complex circular intersections.

Town05, characterized by the largest number of signalized intersections, showed the
highest incidence of red light violations. Meanwhile, although Town01 has a relatively
simple urban layout, its longer routes increased the likelihood of encountering penalty
events during extended navigation. In contrast, Town(2, which served as the training
environment, recorded the lowest penalty rates across all categories. This highlights the
importance of focused pretraining in the target deployment domain to improve operational
safety and compliance in autonomous driving systems.
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In summary, the penalty analysis reveals that beyond overall Success Rate, significant
variability exists in rule adherence and stability performance across both algorithmic
designs and simulation environments. Notably, the presence of complex road structures
and rule-based elements amplifies the differences among DRL models and underscores the
critical impact of pretraining strategies in minimizing penalty risks.

7. Conclusions

To enable autonomous driving under a diverse range of real-world geographic varia-
tions and complex traffic regulations, this study conducted a comparative analysis of the
best driving policy algorithms based on DRL within a closed-loop CARLA simulator frame-
work. Six representative DRL algorithms—DDPG, SAC, TD3, PPO, TQC, and CrossQ—were
selected as benchmark methods, and custom-designed reward and penalty functions were
formulated and integrated into the experiment to reflect various situational factors. Our
experimental results demonstrate that off-policy methods that maximize sample efficiency
and employ stochastic policies, particularly TQC and SAC, achieve the most effective
learning performance. It was also observed that geographically variant elements within
the towns—such as traffic lights, intersections, and roundabouts—as well as their corre-
sponding regulatory constraints, acted as degradation factors in metrics such as Route
Completion, Success Rate, and Centerline Deviation Mean. For instance, Route Completion
improved from 0.23 with DDPG to 0.91 with TQC, while the Success Rate increased from
0.0 with DDPG to 0.8 with TQC. These results highlight that the challenges introduced
by environmental variation and rule compliance can be effectively addressed using DRL
approaches like SAC and TQC, which mitigate the Q-value overestimation problem via
statistical learning techniques. Nevertheless, despite the relative stability of TQC and SAC,
certain limitations persist—especially in areas such as precise stop-point determination
under various traffic light scenarios and the modulation of optimal speeds to prevent
abrupt acceleration or deceleration.

8. Future Work

In future research, we plan to extend our study to more realistic autonomous driving
scenarios that involve dynamic and heterogeneous traffic environments, including vary-
ing levels of vehicle density and the presence of pedestrian crossings. By incorporating
such traffic conditions, we aim to assess the performance of the current DRL algorithms
as well as develop improved versions capable of robust decision-making in complex
real-world contexts.

Additionally, we will explore a Sim-to-Real transfer pipeline by adapting the DRL-
based optimal policy network, which has been validated in the CARLA simulator, to real-
world data. This will involve modeling data distribution shifts and conducting thorough
performance evaluations to ensure the generalizability and applicability of the trained
policies to physical driving platforms.

Furthermore, we intend to design a novel reward function that incorporates differenti-
ated importance weights for each step and episode. This approach aims to better reflect the
safety-critical nature of autonomous driving by assigning higher significance to decision
points that have greater influence on safety during driving.

Finally, we will investigate the applicability of emerging reinforcement learning algo-
rithms to autonomous driving. In particular, we aim to explore model-based methods such
as DreamerV3 [79], off-policy methods with auxiliary tasks like SAC-X [80], generative
policy learning using Diffusion Policy [81], and generalist transformer-based architectures
such as Gato [82]. These advanced techniques offer the potential for improved sample
efficiency, multi-modal decision modeling, and scalability across diverse driving tasks.
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