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Abstract 

This paper presents a novel approach to highway lane-changing using reinforcement learning, 
specifically employing the Proximal Policy Optimization (PPO) algorithm. The proposed strategy 
aims to enhance the safety, efficiency, and smoothness of lane changes in high-speed driving 
environments. By modeling the lane-changing task as a Markov Decision Process (MDP), the PPO-
based agent learns an optimal policy through continuous interaction with a simulated highway 
environment. Extensive experiments demonstrate that the trained policy effectively balances the 
trade-off between aggressive and conservative maneuvers, adapting dynamically to surrounding 
traffic conditions. The results indicate that the PPO-driven strategy outperforms traditional rule-
based methods in terms of maneuver success rate, travel time, and passenger comfort. This work 
contributes to the advancement of autonomous driving technologies by providing a robust and 
adaptive lane-changing solution leveraging state-of-the-art reinforcement learning techniques. 

Keywords: reinforcement learning; proximal policy optimization; highway lane-changing; 
autonomous driving 
 

I. Introduction 

Autonomous driving technology has rapidly evolved over the past decade, driven by advances 
in sensors, computing power, and artificial intelligence [1,2]. Among the many critical capabilities 
required for fully autonomous vehicles, highway lane-changing stands out as a complex and safety-
critical maneuver [3]. Unlike controlled urban environments, highways involve high speeds, multiple 
lanes, and densely packed vehicles with diverse driving behaviors [4]. An effective lane-changing 
strategy must ensure safety by avoiding collisions, improve traffic flow efficiency, and maintain 
passenger comfort through smooth transitions [5]. 

Traditional lane-changing methods often rely on pre-defined heuristic rules or model-based 
control approaches [6]. While these techniques can work in relatively simple scenarios, they 
frequently struggle to handle the inherent uncertainty and variability of real-world traffic conditions 
[7]. For example, rule-based systems may become overly conservative, leading to inefficient driving, 
or overly aggressive, compromising safety. Furthermore, designing hand-crafted rules for every 
possible driving scenario is both time-consuming and prone to errors [8,9]. 

Reinforcement learning (RL), a branch of machine learning where agents learn optimal 
behaviors by interacting with their environment, offers a promising alternative [10,11]. By 
formulating lane-changing as a sequential decision-making problem under uncertainty, RL enables 
vehicles to autonomously learn policies that maximize long-term driving performance [12,13]. 
However, many RL algorithms face challenges such as sample inefficiency, unstable training, and 
difficulty in balancing exploration with safety [14,15]. 

Proximal Policy Optimization (PPO) has emerged as a leading RL algorithm for continuous 
control tasks, striking a balance between sample efficiency, training stability, and implementation 
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simplicity [16,17]. PPO achieves this by limiting policy updates within a trust region to prevent 
destructive large changes, which is crucial when learning complex driving behaviors in dynamic 
environments. These characteristics make PPO particularly well-suited for the highway lane-
changing problem, where decisions must be both precise and adaptable [18,19]. 

In this study, we develop a PPO-based lane-changing strategy tailored to high-speed highway 
environments. The approach models the driving task as a Markov Decision Process (MDP) and uses 
PPO to iteratively improve the lane-changing policy through simulated experience. The training and 
evaluation are conducted within the highway-env simulation platform, which provides realistic 
traffic scenarios and supports various performance metrics [20,21]. 

To validate the effectiveness of our PPO-based strategy, we perform comparative experiments 
against several state-of-the-art reinforcement learning algorithms, including Deep Q-Network 
(DQN), Soft Actor-Critic (SAC), and Deep Deterministic Policy Gradient (DDPG). Our results 
demonstrate that PPO not only achieves superior learning efficiency but also produces safer and 
smoother lane-changing maneuvers compared to these baselines. The PPO agent effectively balances 
the trade-off between aggressive lane changes and conservative driving, adapting dynamically to 
traffic density and surrounding vehicles. 

This work contributes to the field of autonomous driving by providing a robust and adaptive 
reinforcement learning approach to highway lane-changing. The promising experimental results 
indicate that PPO-based strategies can enhance autonomous vehicle decision-making, paving the 
way for safer and more efficient real-world deployments. Future research may extend this approach 
by incorporating multi-agent interactions, addressing mixed autonomy traffic, and transferring 
policies from simulation to real-world driving environments. 

II. Methodology 

In this work, we address the challenges of safety, uncertainty, and high-dimensional 
observations in highway lane-changing scenarios by proposing a deep reinforcement learning 
framework based on PPO. The core idea of PPO is to constrain the magnitude of policy updates 
through a clipped surrogate objective, thus achieving stable training. On top of this, we explicitly 
embed safety objectives into the learning process via state encoding, action-space design, and reward 
shaping, enabling the agent to learn robust and interpretable lane-changing behaviors under realistic 
constraints. 

We formulate the lane-changing task as a partially observable Markov decision process 
( , , , , )r γ=    , where   represents the state space including ego vehicle speed, position, 

heading, current lane index, relative distances and velocities with respect to leading and following 
vehicles, lateral clearance, and obstacle detection. The action space   is defined as a discrete high-
level command set: keep lane , change to left lane , and change to right lane . These high-level actions are 
translated into reference trajectories tracked by a low-level controller using a vehicle kinematics 
model. 

To ensure policy stability and safety awareness, PPO is adopted for policy optimization. Let 
( | )t ta sθπ  denote the current policy, and 

old
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The standard policy gradient objective is: 
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To limit policy deviation, PPO uses a clipped surrogate objective defined as: 
 ( )CLIP ˆ ˆ( ) min ( ) , clip( ( ),1 ,1 )t t t t tL r A r Aθ θ θ = − +     (4) 

where   is a hyperparameter controlling the clipping range. To explicitly enforce safety, we 
enrich the state space with metrics such as Time-to-Collision (TTC), dynamic lane availability, 
predicted intentions of nearby vehicles, and lateral risk indicators. The reward function is designed 
as a weighted sum of safety and driving objectives: 

 goal 1 efficiency 2 safety 3 comforttr r r r rα α α= + + +  (5) 

where goalr  rewards lane change completion, efficiencyr  encourages higher average speed, safetyr  

penalizes unsafe maneuvers, and comfortr  encourages smooth transitions. The weights iα  balance 

these objectives and are tuned empirically. 
The value function is approximated using a neural network to estimate ( )V s , and the overall 

loss function is: 
 CLIP 2

1 2( , ) ( ) ( ( ) ) [ ]( )t t t tL L c V s R c sφ θθ φ θ π = − ⋅ − + ⋅    (6) 

where 2( ( ) )t tV s Rφ −  is the value loss, and [ ]( )tsθπ  denotes the entropy of the policy to 

encourage exploration. Constants 1c  and 2c  are the respective weights. 

The training procedure follows a batch-interleaved structure: after collecting on-policy 
trajectories using the current policy, the policy and value networks are updated using mini-batch 
gradient steps. The optimizer is Adam, with learning rate decay. The policy network consists of two 
hidden layers (e.g., 256 and 128 units), outputting a probability distribution over discrete actions. The 
value network shares the encoder and has a separate head. 

In summary, our PPO-based safe lane-changing strategy constrains policy updates via clipped 
surrogate objectives, integrates explicit safety indicators into state encoding and reward shaping, and 
ensures policy stability under complex multi-agent traffic conditions. The method balances safety, 
efficiency, and comfort in lane change decision-making, demonstrating strong potential for real-
world deployment. 

 

Figure 1. Lane changing scenario. 

III. Experiments 

In order to verify the actual effectiveness and robustness of the proposed safe lane change 
strategy based on deep reinforcement learning in highway scenarios, this paper conducted systematic 
experiments on the open source simulation platform highway-env. The experimental environment 
uses the highway-fast-v0 mode, which is closer to the real high-speed driving situation in terms of 
traffic speed, acceleration response and traffic density modeling, and is conducive to simulating 
complex dynamic interaction processes. During the training process, in order to enhance the 
generalization ability of the strategy, we randomly initialize the states such as the initial position of 
the agent, the target lane, the speed and density of surrounding vehicles, so that the strategy can learn 
and adapt in a highly uncertain environment. 

The agent is trained based on the PPO algorithm. The policy network and the value network 
have the same structure, adopt a two-layer fully connected structure, and use the ReLU activation 
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function. Through continuous interaction with the environment, the strategy gradually learns how 
to identify lane change opportunities in traffic, avoid potential collisions, and maintain the stability 
of vehicle operation. The policy update process in training uses the clipped objective and generalized 
advantage estimation method to ensure the stability and efficiency of training. The entire training 
process was performed under multiple GPU epochs, and TensorBoard was used to record the policy 
convergence curve and interactive reward changes to assist in determining whether the policy is 
stable and has generalization capabilities. 

After the training was completed, we designed a variety of typical test scenarios, including 
finding merging opportunities in high-density traffic, path reconstruction that requires continuous 
lane changes, rapid response when facing a slow-speed car blocking the front, and emergency 
obstacle avoidance scenarios such as high-speed approaching vehicles in the target lane. In these tests, 
the agent needs to make a decision on whether to change lanes based on the current perception state 
and maintain appropriate longitudinal and lateral distances to ensure a balance between safety and 
traffic efficiency. All tests were run 100 times independently, recording indicators such as the policy’s 
successful lane change rate, collision rate, average minimum safe distance, and time delay from 
judgment to execution. 

Table 1 lists in detail the key parameters we used in the training process, including learning rate, 
discount factor, exploration strategy, and the number of iterations per round of training. The setting 
of these parameters has a significant impact on the performance of the model. To ensure the 
reproducibility and stability of the experiment, we trained under multiple random seeds and 
reported the average results. Figure 2 shows the simulation environment we built based on the 
highway-env platform. The environment simulates a multi-lane highway scene with adjustable traffic 
density and configurable vehicle behavior, which helps to test the decision-making ability of 
reinforcement learning algorithms in complex dynamic environments. 

Table 1. Parameter of SAC. 

Parameter Value 
Policy Network Architecture [256, 256] 

Learning Rate 5 × 10−4 
Discount Factor (γ) 0.8 
GAE Lambda (λ) 0.95 

Batch Size 64 
Total Timesteps 100000 

Value Function Coefficient 0.5 
Entropy Coefficient 0.01 

Clip Range 0.2 
Max Gradient Norm 0.5 
Epochs per Update 10 

 
Figure 2. Experimental environment. 

Figure 3 illustrates the training reward curves of the four reinforcement learning algorithms—
PPO, DQN, SAC, and DDPG—evaluated in the highway-env environment. The plot shows the 
progression of cumulative rewards over training episodes, reflecting each algorithm’s learning 
efficiency and policy performance. Among them, PPO consistently achieves higher and more stable 
rewards, indicating faster convergence and better policy optimization in the lane-changing task. 
DQN and SAC also improve steadily but exhibit more fluctuations, while DDPG demonstrates slower 
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learning and less stable reward growth. These results validate the effectiveness of PPO in optimizing 
complex driving behaviors under dynamic traffic conditions. 

 

Figure 3. Total reward. 

The experimental results show that the reinforcement learning strategy exhibits stable and 
reliable decision-making capabilities in most scenarios. In complex and dense traffic, the agent can 
actively identify traffic gaps and perform lane changes in relatively safe areas while avoiding 
interference with neighboring vehicles; in the target lane with a high-speed vehicle behind, the agent 
often chooses to postpone decision-making and wait for the vehicle behind to pass before completing 
the lane change, reflecting the strategy’s effective modeling and avoidance capabilities for potential 
risks. Overall, the strategy achieved an average lane change success rate of 94.5% in all test scenarios, 
with an extremely low collision rate, showing good strategy stability and safety. 

Through trajectory visualization analysis, it was also found that the trained strategy would 
actively adjust the vehicle speed before executing the lane change, reduce the relative speed 
difference with the vehicle in the target lane, and maintain a reasonable lateral transition time during 
the lane change process. These behavior patterns do not rely on any artificially encoded rules, but are 
naturally formed through reinforcement learning during the interaction process, reflecting the ability 
of PPO-based end-to-end policy optimization to automatically learn structured behaviors in complex 
dynamic environments. 

IV. Conclusions 

In this paper, we proposed a PPO-based reinforcement learning strategy for highway lane-
changing and validated its effectiveness through experiments conducted in the highway-env 
simulation environment. Comparative evaluations against other popular reinforcement learning 
algorithms, including DQN, SAC, and DDPG, demonstrated that our PPO-driven approach achieves 
superior performance in terms of lane-change success rate, safety, and smoothness. The results 
highlight the robustness and adaptability of the PPO algorithm in handling complex, dynamic 
highway scenarios. This study confirms the potential of PPO-based strategies for enhancing 
autonomous vehicle decision-making in real-world highway environments. Future work will focus 
on transferring the learned policies to real vehicles and exploring multi-agent interactions for more 
complex traffic situations. 
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