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Abstract. Deep Reinforcement Learning (DRL) is a general framework for end-to-end autonomous urban driving. It combines
perception, planning, and control. Research on end-to-end deep reinforcement learning (DRL) path planning in complex
urban environments, addressing issues such as moving obstacles, irregular traffic conditions, and dynamic environments. A
framework has been introduced that combines convolutional neural networks and graph neural networks to create inputs
for feature extraction and relational reasoning. The framework will simultaneously use multiple sensors, such as LiDAR point
clouds, RGB camera images, and vehicle telemetry data. By using the Proximal Policy Optimization algorithm, a decision-
making system with an actor-critic architecture was constructed to achieve continuous control and stable policy updates.
The experiments used high-fidelity simulators to create scenarios from the CARLA and NuScenes datasets, simulating various
traffic and weather conditions. This method outperforms traditional graph-based planners and recent learning-based
baselines. The average route completion time is 102 seconds (compared to 125 seconds for A*), the normalized path length
variance is reduced, and the median collision rate per episode is only 0.8 times. Ablation studies indicate that graph feature
modeling and reward shaping are crucial for good generalization and safety. For supporting adaptive, collision-free, and
interpretable real-world urban deployments, a well-designed deep reinforcement learning framework can significantly
enhance the efficiency and reliability of urban autonomous vehicle navigation.
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Introduction

Due to the complexity, variability, and uncertainty of urban areas, urban autonomous driving needs to be
integrated into intelligent transportation systems, thus facing many challenges [1]. In practice, the difficulties in
achieving precise path planning include a large number of static objects, the volatility of traffic within urban
areas, the instability of driving and pedestrian behaviors, and changes in weather and lighting conditions [2]. In
high-dimensional and rapidly changing environments, traditional navigation and planning methods, such as
graph-based search algorithms and rule-based motion planners, often cannot meet the demands of real-time
reasoning and adaptation [3]. Due to the modularization of sequential tasks and manual feature extraction tasks,
errors occurring during the extraction process can propagate throughout the entire system, limiting its scalability
and adaptability. This situation is particularly evident in older planning methods [4]. As urban traffic areas
expand, these restrictions become more stringent [5].

Deep Reinforcement Learning (DRL) is an end-to-end trainable model that can integrate vision, planning, and
control, with the development of machine learning [6]. Due to the lack of traditional modular pipelines and
handcrafted intermediate steps, DRL-based methods can directly obtain the most effective strategies from
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sensor inputs, which improves adaptability and planning efficiency [7]. In certain urban path planning domains,
DRL agents may outperform rule-based and supervised learning methods [8]. Nevertheless, when applying DRL
to large-scale, heterogeneous urban areas, many issues still need to be addressed. These include scaling
between different urban layouts, robustness to sensor noise, and ensuring safety when exploring in real-world
environments [9]. Many people are researching methods to enhance advanced neural networks [10]. Auxiliary
learning objectives and domain randomization methods are also considered to improve robustness and
generalization capabilities [11]. Benchmarking before full deployment helps assess the generalizability and
safety of deep reinforcement learning methods. These tests need to be conducted in high-fidelity, realistic city
simulators [12]. Optimized reinforcement learning algorithms are a new method for solving navigation problems
in real life [13]. Developing a reliable, efficient, and safe urban autonomous driving path planning framework
based on deep reinforcement learning remains an unresolved academic issue [14].

This paper proposes a new end-to-end deep reinforcement learning method for planning urban autonomous
driving paths, which improves policy stability and generalization ability. To make decisions, the well-structured
neural network in the framework can directly learn meaningful representations of high-dimensional perception
data. By using a policy network, cooperative learning will be employed for perception and planning to achieve
multiple goals simultaneously. Many experiments were conducted to determine whether the aforementioned
method could effectively and flexibly handle simulated urban road networks with varying complexities and
environmental changes. Based on extensive ablation studies and comparisons with stable baseline algorithms,
the new route optimization method can improve the efficiency, collision avoidance capability, and adaptability
of routes within new urban areas. This paper studies end-to-end urban path planning. It also discusses the
theoretical and experimental results of applying deep reinforcement learning in complex and dynamic urban
environments.

Related Work

Urban Autonomous Driving Path Planning

Due to the need for these vehicles to navigate through complex urban environments with changing obstacles,
unstable road conditions, and unpredictable traffic participants, path planning for urban autonomous vehicles
is a relatively new research topic [15]. Early methods typically used deterministic graph search algorithms, such
as A*, Dijkstra's algorithm, or hybrid variants. These algorithms are designed to find the optimal or near-optimal
navigation path between a specified starting point and endpoint [16]. Although suitable for static environments,
the aforementioned methods generally have high computational costs and may not be able to promptly adapt
to real-time environmental fluctuations or unpredictable factors in urban areas [17].

To better handle the needs of dynamic constraints and real-time replanning, the aforementioned research
utilized probabilistic frameworks and heuristic search methods, such as improved algorithms like Rapidly-
exploring Random Trees (RRT) and Probabilistic Roadmaps (PRM) [18]. Probabilistic planners have garnered
attention for their ability to quickly search large-scale problem spaces. The use of planners in dense, highly
structured urban networks also brings new challenges, particularly in terms of scalability and high-fidelity
perception data integration [19]. On the other hand, rule-based and behavior-based planning frameworks have
also been introduced to directly embed specific traffic policies or social interaction behaviors [20]. But these
frameworks are not well-suited to unstable urban environments.

Deep Reinforcement Learning in Path Planning

With the development of deep learning, deep reinforcement learning (DRL), as a data-driven method for
integrating perception and decision-making, has become increasingly popular [21]. By using deep neural
networks to approximate the value function or directly model the policy distribution, DRL learns autonomous
action selection strategies and then learns through trial-and-error interactions with the urban simulation
environment [22]. In order to handle spatiotemporal sequences from multiple sensors, DRL structures
commonly used in autonomous driving include convolutional layers and recurrent layers. This provides a scalable
and trainable alternative for modular planning systems [23].
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Planners based on DRL are more suitable for dynamic, uncertain, and high-dimensional urban path planning
compared to traditional algorithms [24]. Understand how to predict the movement of other vehicles and achieve
multiple goals such as safety and convenience under various weather conditions simultaneously. However, low
sample efficiency, unstable training, and the requirements of large-scale training environments are common
obstacles encountered by the aforementioned end-to-end methods.

Generalization and Robustness in Reinforcement Learning

In terms of theory and practice, the generalization and robustness of reinforcement learning strategies remain
the most important issues. Most deep reinforcement learning (DRL) models perform well in training
environments, but they still encounter issues when applied to new urban areas or when faced with unforeseen
situations. Here, generalization refers to the agent's ability to function normally in any city or environment not
included in the training set.

Domain randomization, curriculum learning, and adding auxiliary tasks during training to promote more abstract
and transferable representations are methods to improve generalization ability. Robustness refers to the agent's
ability to perform well in the presence of perceptual noise, adversarial inputs, and system failures. Current
leading research includes algorithmic and architectural adjustments, such as regularization loss, robust
optimization, and adversarial training, to reduce policy vulnerability. It also integrates model-based
reinforcement learning and uncertainty estimation to predict and handle environmental changes.

Implementing autonomous driving in real life requires meticulously designed training environments and high-
performance learning algorithms. The research on the generalization and robustness of urban autonomous
driving still requires significant improvement and is an urgent issue in the field of intelligent vehicles.

Proposed Methodology

Overview of the End-to-End Framework

The core of this project is a powerful end-to-end deep reinforcement learning (DRL) system for planning urban
autonomous driving routes. The framework can collect various high-dimensional sensor data, such as LiDAR
point clouds, RGB camera images, and multi-source vehicle telemetry data. Then, it can process this data within
a single multimodal perception backbone network. Using GNN and CNN to extract spatial features from images,
while obtaining topological and relational information to understand urban driving conditions.

Let 0, € R" represent the raw observation vector at time t, integrating all sensor streams. The perception
module transforms o, via a sequence of nonlinear mappings:

he = fenn(00) Eq.(1)
where h; is the hierarchical spatial feature embedding produced by the CNNs.

Next, relational embeddings are produced by applying a GNN to the spatial features h, with respect to a
dynamically constructed graph G, :

9e = fonn(he, Gt) Eq.(2)
Here, g; encodes the relationships among detected agents, obstacles, and map elements at time ¢.

These processed embeddings are subsequently concatenated and input to the policy network. The core decision-
making module adopts an actor-critic architecture. The actor outputs the continuous control action a;, while
the critic estimates the value of the current state V (s;) :

ar = mo([ge; hel) Eqa.(3)
where 1y is the parametric policy, and [g;; h;] denotes the concatenated feature vector from spatial and
relational pathways. The action a; typically represents a composite control vector (e.g., steering, throttle,
braking) applied by the autonomous vehicle at each time step.

The overall learning objective is to maximize the expected cumulative discounted reward from each state:
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T-1
J(0) =Eg, [Z YTk | St] Eq.(4)
Here, y is the discount factor balancing immediate and future rewards, and 7; is the reward received at time t.

Since the entire architecture is end-to-end trained, there is no need for intermediate manually designed modules
to integrate perception and control, allowing them to combine better. In order to improve the system's
adaptability and long-term generalization capabilities, it learns directly from raw inputs to obtain high-level
semantic relationships and low-level environmental cues during the decision-making process. Figure 1 shows
how the pipeline converts multimodal raw observations into high-level control commands.
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Figure 1. The overall structure of the proposed deep RL network

Reinforcement Learning Process Design

The agent's learning process is formulated as a Markov Decision Process (MDP), defined by the tuple
(S, A,P,R,y), where § is the set of states, A is the set of available actions, P is the transition probability
function, R is the reward function, and y is the discount factor. At every time step t, the agent receives a new
observation s;, selects an action a; according to policy g, and is rewarded based on the outcome, receiving r;
and transitioning to S; 4.

The agent's objective is to maximize the expected cumulative discounted reward:

T-1
J(6) = Ex, [Z ytnl E.(5)
t=0

Proximal Policy Optimization (PPO) is used for policy optimization, with high sample efficiency and relative
stability in continuous control problems. By increasing the clipped surrogate objective, update the actor network:

LEUP(9) = E[min(r,(8) 4., clip(r:(6),1 — €,1 + €)4,)] Eq.(6)
where 1;:(0) is the probability ratio between the new and old policy, and At is the advantage estimate.

An incentive behavior function has already been designed for the agent. Reduce the length of the path, avoid
collisions, comply with traffic rules, and improve the passenger experience. The following formula represents
the reward at time t:

Tt =Wy refﬁciency + W, rsafety + W3 T comfort + W4rlegal1'ty Eq-(7)
where the weights w; are tuned to balance competing objectives depending on the urban context.

A set of different urban environments was used in the training. Each round starts at a random location on the
simulated city map. The agent studies and improves navigation strategies through multiple interactions. The DRL
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agent accumulates experience and then uses mini-batches with stochastic gradient descent to train the policy
and value networks.

Figure 2 shows the various parts of the learning process: sensory input, policy evaluation, action deployment,
and reward collection in the simulation loop.
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Figure 2. Training and interaction workflow

Training Strategy and Urban Environment Adaptation

In order to implement autonomous urban path planning systems in different real-world environments, stable
training and adaptability are required. According to the above requirements, use curriculum learning, domain
randomization, and adversarial robustness simultaneously to enhance the resilience and generalization of
policies in challenging urban environments.

First, appropriately reduce the policy parameter 8 to ensure reasonable performance under large-scale
environmental changes and operational disturbances. Training begins with a loss function that includes task
rewards, domain adaptation penalties, and regularization terms:

Ltotal (6) = LPPO (6) + )lregLreg (9) + Aa’om Ldom (9) Eq.(8)
where Lppo(0) denotes the standard policy gradient loss (as defined by PPO), L, (8) is a weight regularization
term to prevent overfitting, and Ly, (8) captures penalties for poor cross-domain adaptation. The scalars 4o,
and Ag,m tune the balance among the objectives.

During each training episode, the environment parameters-such as weather ( w ), illumination ([ ), traffic
density ( d ), and obstacle configuration ( o0 )-are randomly sampled from predefined distributions:

w,l,d,0) ~ Py Eq.(9)
Domain randomization is used to create continuous distributions of dynamic and perceptual challenges for
agents. This helps enhance their generalization ability while preventing them from straying too far from specific
areas.

Curriculum learning is implemented by defining a dynamic task complexity variable c¢;, which controls the
mixture of easy and difficult scenarios presented to the agent according to a schedule or performance-based
adaptation rule:

P {ct + 6, ifSuccessRate(c,) >t
H1 7y, otherwise
where § is the curriculum progression step size and T is the performance threshold required to advance.

Eq.(10)

To further enhance robustness, adversarial augmentation is periodically introduced during training, including
the injection of sensor noise €, and synthetic rare events with a predefined probability p :
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0" =0, +€,€6 ~N(0,02) Eq.(11)
This will enable the strategy to learn a fallback mode and enhance its sensitivity to sensor errors and other
unforeseen disasters.

Finally, cross-city migration was conducted to determine whether rapid fine-tuning could adapt and support.
The continuous monitoring strategy played a role in the unseen city layouts. If a significant performance drop is
detected, the prioritized experience replay buffer will be used for fine-tuning, which contains samples from
difficult learning or erroneous prediction situations:

[£ toras (6] Eq.(12)
where a is the learning rate and By, is the buffer consisting of diverse scenarios gathered from new city
environments.

0<06-— aVGIE(S,a,r,S’)~B

replay

Due to these mechanisms, the new training methods possess strong adaptability, increased safety margins, and
excellent transferability, making them highly suitable for real-world urban autonomous driving scenarios.

Experimental Evaluation

Experimental Settings and Baselines

We have built a fully functional experimental system aimed at rigorously testing the performance of our
proposed end-to-end deep reinforcement learning framework for urban autonomous driving. The experimental
system is based on high-fidelity simulation environments and standard benchmark datasets. The evaluation
protocol needs to be fair, reproducible, and comparable to existing protocols [25].

The first simulation environment is based on the CARLA urban driving simulator (v0.9.14), equipped with an
extended sensor suite to simulate real-world hardware. These sensor sets include 64-beam LiDAR, dual RGB
forward-facing cameras, GPS, IMU, and redundant vehicle telemetry channels. The traffic density, intersection
topology, dynamic obstacles, weather conditions, and training maps of the digital road network are all included
[26]. Systematically extract scene configurations from the NuScenes dataset to record the statistical differences
in traffic agents, infrastructure layouts, and temporal patterns in our study [27]. The natural operating
environment consists of weather (sunny days, rainy days, foggy days, nighttime) and the distribution of actor
speeds and event frequencies.

All experiments adhere to a consistent set of agent and environment parameters. The neural network backbone
follows a modular design with three convolutional encoding blocks, a twolayer graph neural network, and an
actor-critic policy head parameterized by a 256-128-64 fully connected structure. Training employs Proximal
Policy Optimization (PPO) with a learning rate of 3 x 10™%, discounted future reward parameter y = 0.99, GAE
advantage estimation, and batch sizes of 8192 transitions per update. Each training run lasts for up to 50 million
environment steps; early stopping is triggered by convergence in route success rate across multiple held-out
validation towns [28]. Evaluation metrics include average route completion time, path length, energy usage,
collision incidence rate, comfort indices, and rule violation counts.

Three representative challenging urban layouts are independently set up in CARLA to demonstrate the model's
robustness: rare intersection geometries, dense multimodal traffic, and random weather fluctuations. After
adjustments on the two reference city maps, the hyperparameters were fixed for all subsequent benchmarks.
In the comparative study, the five state-of-the-art benchmarks are the classic A* search planner [29]; a rule-
based behavior cloning model; a hierarchical reinforcement learning agent; an end-to-end supervised learning
approach with a ResNet encoder; and the latest DRL path planner from the LOKI challenge [30]. To ensure
statistical consistency, each benchmark model underwent training and evaluation under the same simulation
and sensor conditions.

To ensure the reliability of the algorithms and the discernible performance changes in the reported results, a
standardized multi-scenario protocol will be used.
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Quantitative Analysis and Performance Comparison

Collect all quantitative evaluation data related to urban driving, and then compare our proposed DRL path
planning method with other methods. To ensure statistical significance and fair comparison, all experiments
were conducted using 500 random evaluation rounds [31].

The average completion time, normalized path length, and total energy consumption are efficiency metrics for
the route. As shown in Figure 3(a), the average completion time of the DRL planner is 102 seconds. This is
significantly lower than A* (125 seconds), behavior cloning (134 seconds), HRL (118 seconds), and the best SOTA-
DRL baseline (110 seconds). The distribution of normalized path lengths is also relatively narrow, as shown in
Figure 3(b). In other words, this method achieves short and stable paths (an average of 540 meters, with a
standard deviation of about 13 meters), and the variance of the distribution is much smaller than that of other
methods (the median path length for BC is 610 meters, with a similar distribution). Figure 3(c) also shows the
energy consumption of 15 representative high-complexity scenarios. Compared to SOTA-DRL (152 kJ) and HRL
(159 kJ), our DRL solution achieved a lower average energy consumption (147 kJ, standard deviation 2 kJ). In
addition, it saves at least 15 to 30 kJ per episode compared to A* and BC.
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Figure 3. (a) Comparison of average route completion time across DRL and baseline methods. (b) Box plot showing normalized path length
distribution for all tested algorithms. (c) Energy consumption for 15 representative episodes, grouped by method.

We optimized the route while ensuring safety. As shown in Figure 4(a), our DRL strategy has reduced the median
collision rate per episode to 0.8, while the collision rates for A*, BC, and HRL are 2.6, 3.5, and 1.8, respectively,
which are higher than their levels. As shown in Figure 4(b), the near-miss frequency of our method is very close
to 1. Moreover, even in scenarios with increased complexity, the baseline method had up to six near misses in
the most difficult cases. As shown in the radar chart in Figure 4(c), our DRL agent achieved the highest overall
safety KPIs, namely policy compliance (0.96), mitigation (0.94), emergency handling (0.95), and early response
(0.93). Other algorithms consistently fall short by 5%-15% on the aforementioned key indicators [32].
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Figure 4. (a) Box plot of episode collision rates for each path planning model. (b) Scatter plot correlating near-miss frequency to scenario
complexity. (c) Radar chart of aggregated safety KPIs for all approaches.
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Robustness under structural and environmental perturbations was also evaluated, with results shown in Figure
5. The DRL method achieves a median transfer success rate of 0.89 across domain shift tasks, compared to
baselines (A*: 0.73, BC: 0.62, HRL: 0.79, SOTA-DRL: 0.82) as shown in Figure 5(a). In Figure 5(b), the largest task
reward shares are achieved in the "Roundabout" (22%) and "Bridge" (17%) scenarios, highlighting our
approach’s adaptability, while baseline algorithms exhibit much less variation in reward allocation across
different domains. Figure 5(c) further illustrates that DRL maintains stability indices above 0.9 across diverse
stressors—including noise, transfer, density, and unseen maps—whereas BC and others register larger drops
(lowest index near 0.85) under similar perturbations [33].

Conduct ablation studies to determine the weight of each module. According to the divergence of the two
efficiency curves, as shown in Figure 6(a), when GNN is not included, the average efficiency decreases by 5%. As
shown in Figure 6(b), these modules are very effective in improving safety. Removing auxiliary goals or reward
shaping modules reduces the safety score from 0.96-0.90 (full model) to a minimum of 0.80 (without multimodal
or curriculum). The radar analysis in Figure 6(c) shows that by adding reward shaping, all major planning KPIs
(efficiency, safety, robustness, generalization ability, and smoothness) improved by 0.05 to 0.08 points.
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Figure 6. (a) Line graph: route efficiency with versus without GNN module. (b) Bar chart: comparison of safety scores under different
architectural ablations. (c) Radar diagram: impact of reward shaping strategies on planning KPls.

From the above analysis, it can be seen that this solution will be effective in practical applications. As shown in
Figure 7(a), for all 64 combinations of 8 sensor noise settings and 8 weather severity settings, our DRL achieves
an average success rate greater than 0.6 under moderate disturbances, below 0.4 under smooth declines, and
below 0.4 under the most severe conditions. As shown in the 10x10 heatmap in Figure 7(b), only a few areas
exhibit high obstacle and traffic density, while the collision rate of the DRL is generally below 0.30. Finally, as
shown in Figure 7(c), the mean and standard deviation of the episode success rate under various environmental
scenarios are as follows: the success rate is 0.945 (sunny) and 0.80 (night), with low variance and strong
adaptability in all urban environment tests.

356



End-to-End Deep Reinforcement Learning Approach for Urban Autonomous Driving Path Planning
https://doi.org/10.64972/jaat.2025v3.214p26e:348-361

(a) Success Rate VS Weather for Each Noise Level (b) Collision Rate Heatmap
o
0.9 1 0.45
—
081 TN 0.40
>
3
D 0.7 1
© Fy 0.35 8
o ] 3
0 < c
0 0.6 [ 5]
8 e L0302
& 0.5{ Sensor Noise Level 2 ©
=== Noise=0.05 4!;1‘
= Noise=0.11 o -0.25
Noise=0.18 o
041 Noise=0.24
Noise=0.31 |
Noise=0.37 0.20
0.31 Noise=0.44
=== Noise=0.50
0.05 0.17 0.29 0.41 0.54 0.66 0.78 0.90 0 1 2 3 4 5 6 7

Weather Severity Traffic Density Level

(c) Success Rate + Std under Environments

0.950 A Q.
\\

0.925 1

o
©
o
)

0.875 A

0.850 A

Episode Success Rate

o
0
N
a

Clear | .

o :
0.800{ Q Dense 0
© Adverse
Q@ Rain
QO Fog
Night

0.775 A

10

0.750

cleal pense AV erse Rraif fod Wight

Figure 7. (a) Multiline plot: success rate as a function of weather severity for each sensor noise level. (b) Heatmap: collision rates under
diverse obstacle/traffic densities. (c) Errorbar plot: mean and standard deviation of episode outcome for each environment scenario.

Qualitative Results and Case Studies

We provide a set of qualitative analyzes and case studies aimed at further demonstrating the effectiveness and
feasibility of the proposed Deep Reinforcement Learning (DRL) path planner. These case studies were conducted
in various complex urban environments. The purpose of the aforementioned tests is to improve interpretability
and demonstrate the system's real-time responsiveness under various adverse weather conditions.

Strategies based on DRL outperform traditional and learning-based baselines in actual deployment because they
can reliably create smooth and efficient navigation paths that take the environment into account, and they have
been tested multiple times. At busy intersections, we often need to adjust our speed and direction to avoid
other vehicles and unexpected driving behaviors. We choose the appropriate route every time. A* and behavior
cloning strategies tend to take more circuitous routes or make sudden turns, which leads to reduced situational
awareness [34].

The planner demonstrated strong generalization capabilities in migration experiments with previously unseen
urban layouts and discovered new ways to reduce unnecessary detours. Due to adaptive behavior, the path
length increases, but energy efficiency decreases. Therefore, deep policy learning is more effective than fixed-
structure graph planners [35]. In addition, the model learns how to comply with local traffic rules in new layouts
and adheres to these rules to a certain extent.

In adverse weather conditions or other environmental changes, as well as sensor errors, the DRL agent can still
function normally. When observing ambiguity, rule-based and shallow learning baselines may exhibit abnormal
or overly defensive behavior. Therefore, to address environmental uncertainty and reduce the risk of navigation
stalls and collisions, it is recommended to use semantic and contextual cues [36]. In cases of reduced light and
certain sensor failures, its resilience is comparable to various interferences.
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In addition to successful navigation, qualitative checks of the agent control signals indicate an improvement in
passenger comfort. The DRL strategy naturally limits instances of excessive acceleration, braking, and sharp turns,
resulting in smoother motion trajectories compared to heuristic controllers. These characteristics directly
translate into improved ride quality and safety, confirming the overall advantages of the proposed method in
practical applications [37]. Finally, case studies show that multi-agent models can still be used for strategic long-
term planning and flexible local responses to sudden changes in high-density areas. They can be combined to
meet the execution of complex tasks as well as the requirements for safe and understandable decision-making,
making them suitable for various aspects of urban driving [38].

Conclusion

This paper introduces a new deep reinforcement learning (DRL) framework that can address issues of efficiency,
safety, robustness, and adaptability in complex and dynamic urban environments. After extensive experiments,
the new method outperformed the old model and other algorithms in many aspects. These performances
include robustness to changes, generality, shortest path length, and collision-free operation. Based on
guantitative and qualitative analysis, this new approach is more suitable for the local environment while
achieving global planning objectives, making it more reliable, stable, and safe in use. Based on the above
investigation, we propose a new idea based on the DRL framework and demonstrate the feasibility of using
autonomous driving in complex urban environments.

The proposed method extends previous work in certain aspects, but there are still shortcomings. First, the
structure based on DRL is too complex for real-time operation on resource-constrained embedded systems.
Therefore, their practical deployment becomes more difficult. The system performs well under many different
city layouts and disturbances, but certain rare edge cases, such as abnormal agent behavior or severe weather
occurring simultaneously with sensor failures, can still pose problems for the strategy, indicating that negative
transfer or strategy vulnerability remains an issue. Finally, although the training and testing environments for
large-scale evaluations have been meticulously prepared, experimental results may not align with real-world
situations due to flaws in the sensor noise model, actuator delays, and unknown road rules.

The following are the key points for future research. To improve computational efficiency, the following may
integrate lightweight neural networks and model compression techniques for real-time execution on embedded
automotive hardware. It is possible to collect more real-world data on a large scale, develop more advanced
curriculum learning systems, and implement formal safety verification strategies to enhance the policy's
resilience to adversarial and rare edge cases. In the future, multiple agents will cooperate and negotiate to
improve the efficiency of intelligent traffic coordination in large cities. Finally, to address the gap between
simulation and reality, cross-domain adaptation and continuous learning technologies will be employed. This
will enable autonomous navigation systems to perform optimally in unstable and changing urban areas.
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