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Abstract—Decision-making is a critical part of autonomous
driving systems with robust and adaptive policies in complex
traffic scenarios. Although Reinforcement Learning (RL) and
Behavior Cloning (BC) have performed promising, both have
limitations and apply separately (i.e., unsafe exploration in RL,
BC distribution shift). In this contribution, we propose a two-
stage decision-making framework utilizing Proximal Policy Op-
timization (PPO) and BC for maneuver-based Decision-making.
Based on the two-step training, an LSTM-based actor—critic
network is first trained using PPO and then fine-tuned by
real-world driving. A behavior-level representation based on
Adaptive Cruise Control (ACC) and Autonomous Emergency
Braking (AEB) evaluations is proposed for the benefit of learning
efficiency and interpretability. Experiments in simulation and
real-vehicle scenarios show that the proposed framework can
achieve fast convergence, stable training behavior, and reliable
performance in safety-critical scenarios. Real-world test results
demonstrate that the system can recognize emergencies and brake
on a timely basis, demonstrating the utility of the proposed system
in practical autonomous driving applications.

Index Terms—Autonomous Driving, Decision-Making, Rein-
forcement Learning, Behavior Cloning, PPO, LSTM, Simulation-
to-real Transfer.

I. INTRODUCTION

Decision-making is a core component of autonomous driv-
ing systems, responsible for selecting appropriate maneuvers
in complex and dynamic traffic environments [1]. Autonomous
vehicles must continuously balance safety, efficiency, and
comfort while interacting with surrounding traffic participants.
Traditional rule-based and modular control approaches have
shown limited adaptability in highly uncertain scenarios, mo-
tivating the adoption of data-driven learning methods [2].

Behavior Cloning (BC), as a form of imitation learning,
enables vehicles to learn driving policies directly from human
demonstrations [3], [4]. By leveraging large-scale driving
datasets, BC can produce human-like behavior and achieve
strong performance in nominal scenarios. However, BC suffers
from distribution shift and compounding errors, as the learned
policy is only exposed to expert data during training. When
encountering unseen states, BC models often fail to recover,
limiting their robustness in real-world environments [4], [5].
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Reinforcement Learning (RL) provides an alternative
paradigm by optimizing long-term objectives through interac-
tion with the environment. RL has been successfully applied
to various driving tasks, including lane following, adaptive
cruise control, and lane changing [6], [7]. In our previous stud-
ies, RL-based maneuver decision frameworks demonstrated
effective performance in simulation [8], [9]. However, RL
methods face challenges such as low sample efficiency, unsafe
exploration, and reward design complexity, which restrict their
direct application in safety-critical systems [4].

Recent studies have shown that integrating BC and RL
can address the limitations of each individual approach. BC
provides a strong prior and improves learning efficiency, while
RL enables closed-loop optimization and adaptation to novel
situations. Another approach is to first train the policy using
RL and then fine-tune it using BC. Hybrid frameworks, such
as demonstration-regularized RL and learning from demon-
strations, have achieved improved safety and robustness in
challenging driving scenarios. Notably, Waymo’s BC-SAC
framework showed that combining imitation and reinforce-
ment learning significantly reduces safety-critical events [5].

Another major challenge lies in transferring learned policies
from simulation to real vehicles. Differences in sensor noise,
vehicle dynamics, and environmental conditions often lead
to performance degradation. Techniques such as domain ran-
domization, affordance-based representations, and hierarchical
architectures have been proposed to mitigate the sim-to-real
gap [7], [9]. Our previous work validated that maneuver-
based RL policies trained in the Simulation Webots could be
deployed on real vehicles with satisfactory performance [8],
[9], [10].

In this work, we propose a unified decision-making frame-
work that integrates BC and deep reinforcement learning
for longitudinal maneuver decision-making in autonomous
driving, with a particular focus on real-vehicle deployment.
The proposed system applies reinforcement learning for policy
initialization and expert demonstrations for fine-tuning. Ex-
tensive evaluations in simulation and real-world experiments
demonstrate the effectiveness and robustness of the proposed
approach.

II. RELATED WORK

A. Imitation Learning for Autonomous Driving

Imitation Learning (IL), particularly Behavior Cloning, has
long been used to train autonomous driving policies by mim-
icking human drivers [3]. From early systems like ALVINN



to NVIDIA’s DAVE-2, research has demonstrated that neural
networks can map visual inputs to control commands. Modern
BC approaches, combining deep convolutional networks with
large-scale datasets, have achieved strong performance in lane-
keeping and basic navigation tasks [2]. Techniques such as
Conditional Imitation Learning have further enhanced adapt-
ability in complex scenarios.

Recent studies show that vision-based BC models still main-
tain high accuracy and real-time performance in real-world
environments [2], [5]. However, their effectiveness heavily
depends on the training distribution and they are prone to
accumulating errors in out-of-distribution settings. To address
this, methods such as data augmentation, noise injection,
and imitation regularization have been proposed to improve
robustness [3]. However, pure BC still struggles with long-
tail scenarios and complex decision-making problems, and is
therefore increasingly combined with reinforcement learning

[7].

B. Reinforcement Learning for Driving Decision-Making

RL treats autonomous driving as a sequential decision-
making problem, learning optimal policies through a reward
mechanism. Existing studies have applied algorithms such as
DQN, PPO, SAC, and DDPG to tasks like lane changing,
merging, and longitudinal control, demonstrating their advan-
tages in continuous action spaces [6], [7].

In our previous work, we employed RL for Adaptive Cruise
Control (ACC) and Autonomous Emergency Braking (AEB),
using high-level maneuver modeling to enhance training sta-
bility and safety [8]. Experimental results show that DDPG
tends to favor smooth and efficient driving, while PPO places
more emphasis on safety [9].

Furthermore, incorporating mechanisms such as LSTM,
GRU, or temporal attention can improve the policy’s ability
to model temporal dependencies, thereby enhancing robustness
in dynamic environments [10], [11].

C. Hybrid Imitation and Reinforcement Learning

At present, hybrid approaches based on BC to RL represent
an emerging paradigm in autonomous driving. Traditional hy-
brid methods either pretrain RL models via imitation learning,
fine-tune them using reinforcement signals, or using imitation
priors to regularize RL to guide the system toward safe and
efficient policies [5], [7].

In one case, RL is first used to learn a powerful expert
policy, which is distilled or fine-tuned via imitation learning
into a deployable policy [5]. Several recent studies adopt this
RL-to-IL (teacher—student) paradigm, in which an RL expert
policy is trained first and then transferred through supervised
imitation learning [4]. This approach leverages RL to discover
effective driving behaviors, while imitation learning transfers
those behaviors to models suitable for deployment under
limited sensing or computational resources.

Zhang et al. proposed a two-stage framework in which
an RL agent is first trained as a high-performance expert
in the CARLA simulator, and then a supervised imitation

learning agent is trained to mimic the RL expert’s behavior
using monocular camera input [4]. The RL coach provides
dense supervision, enabling the student policy to achieve better
generalization. In addition, Huang et al. introduced a method
in which an imitation expert policy obtained via BC is used
to regularize a deep RL agent [6]. The imitation component is
further employed during fine-tuning to constrain and refine the
RL policy, effectively embedding supervised objectives into
the reinforcement learning framework.

III. METHODOLOGY

This study proposes a hybrid training framework that inte-
grates PPO and BC to learn a robust longitudinal decision-
making policy for discrete switching between ACC and AEB
modes. As shown in Fig. 1, the overall pipeline consists
of (i) simulation-based PPO pretraining and (ii) real-data-
driven BC fine-tuning. During deployment, the trained LSTM-
based policy receives behavior-level observations and outputs
discrete control decisions in real time.

A. System Overview

The proposed system follows a two-stage learning strategy.
First, an LSTM-based actor-critic policy is pretrained via
reinforcement learning in a simulated environment to acquire
fundamental longitudinal control behaviors and safety-aware
decision patterns. Second, the pretrained policy is adapted
to real-world driving conditions using supervised behavior
cloning on real driving data. This design combines the explo-
ration capability of reinforcement learning with the stability
and realism of supervised learning, thereby reducing the
simulation-to-reality gap.

B. PPO-Based Reinforcement Learning Pretraining

In the pretraining stage, the policy is optimized with PPO
through interactions with the Webots environment [8], [12].
PPO is a policy-gradient method that stabilizes learning by
restricting the policy update magnitude using a clipped surro-
gate objective. The overall PPO objective used in this work is
defined as

Lppo = Leaip + 1Ly, (1)

where L, is the clipped surrogate objective and Ly is the
value-function regression loss. The scalar c¢; balances the critic
loss contribution.

The clipped objective is given by

Leip = Elmin(r(0) A, clip(r4(0),1 —€,1+¢€) Ay)], (2)
with the probability ratio
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where 7y and mg_, denote the updated and previous policies,
respectively. A; is the advantage estimate computed using
Generalized Advantage Estimation (GAE), and ¢ is the clip-
ping threshold. The clipping mechanism prevents overly large
policy updates and improves training stability.
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Fig. 1. Reinforcement Learning Pretraining and Behavior Cloning

The value-function loss is defined as

Ly = E[(Vo(s) - vi)’] o)
where V(s;) is the critic value estimate with parameters ¢,
and V"8 is the target return computed from the collected
trajectories (e.g., via GAE).

The policy network employs an LSTM backbone to capture
temporal dependencies in longitudinal driving. During train-
ing, trajectories are stored in a batch buffer and the actor—critic
parameters (0,¢) are updated after each optimization cycle
[10].

C. Behavior Cloning Fine-Tuning

To further improve the generalization capability and robust-
ness of the learned policy in real-world driving scenarios,
a BC-based fine-tuning stage is introduced on top of the
pretrained PPO model. This stage leverages real driving data
to refine the policy in a supervised manner, enabling it to
better align with human driving behaviors and mitigate the
performance degradation caused by the simulation-to-reality
gap. In addition to mimicking expert behaviour, the BC
fine-tuning stage also serves to correct biased or unstable
behaviours learned during simulation-based PPO pretraining.
Specifically, the BC phase utilizes a dataset D consisting of
expert demonstrations collected from human drivers or high-
confidence autonomous systems, where each sample contains
state—action pairs (s¢,ay;""). The Actor network is optimized
by maximizing the log-likelihood of expert actions under the
current policy distribution, resulting in the following cross-
entropy loss:

LEE" =B, avr)p [~ log mo(ay™ | 51)]. (5)

In addition, the critic is refined using a regression loss:

LEE = Eon | (Volse) = u)?] ©)
where y; = ngg ~v*r, 41 denotes the Monte-Carlo return
computed from expert trajectories. Both networks are updated
via supervised gradient descent to align the policy with real
driving behaviors and mitigate the simulation-to-reality gap
[13].

During training, both the Actor and Critic networks are
jointly updated via supervised gradient descent. This BC-based
fine-tuning stage serves as an effective regularization mecha-
nism that corrects biased behaviors learned in simulation and
adapts the policy to real-world dynamics and environmental
uncertainties.

D. Training and Deployment Architecture

The complete training and deployment pipeline integrates
simulation-based reinforcement learning, real-data-driven fine-
tuning, and behavior-level perception.

Instead of directly using raw sensor measurements as the
reinforcement learning state, the proposed system introduces
an intermediate behavior evaluation layer, as shown in Fig.
2. During both training and deployment, raw sensor data are
first processed by ACC and AEB behavior evaluators, which
extract high-level metrics related to driving intention, comfort,
and safety. Applicability shows if a behaviour is possible in the
current driving situation. Desire shows if the current driving
objective is preferred. Comfort shows how smooth manoeuvres
are. Risk estimates potential collision or safety hazards.

Specifically, an 8-metric observation vector is constructed
as

Oy = [Aa007 Dacc; Cacca Racca Aaeba Daeba Caeb7 Raeb}t ) (7)
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Fig. 2. Training and Deployment Architecture

where A, D, C, and R denote applicability, desire, comfort,
and risk indicators for ACC and AEB modes, respectively.

This behavior-level representation serves as the state input
to the reinforcement learning agent. Compared with raw sensor
inputs, the proposed abstraction reduces input dimensionality,
improves semantic interpretability, and enhances learning ef-
ficiency.

During training, the PPO-LSTM model interacts with the
simulation environment using the observation vector o; as the
state input and outputs a discrete action a; € {ACC, AEB}.
The environment executes the selected control mode and
returns the next observation and reward, forming a closed-
loop learning process. PPO optimization is performed using
the objectives in Egs. (1)—(4).

After PPO pretraining, the learned policy is transferred to
the BC module and fine-tuned using real driving data with
supervised losses in Eqgs. (5)-(6), yielding the final updated
model.

During deployment, onboard sensors continuously collect
environmental and vehicle-state information. These measure-
ments are transformed into behavior metrics by the evaluation
modules and assembled into observation vectors. The trained
LSTM policy receives a sequence of observation vectors and
outputs real-time switching decisions between ACC (IDM-
based control) and AEB (emergency braking) [8].

This hierarchical architecture decouples low-level percep-
tion from high-level decision-making, enabling robust learn-
ing, efficient training, and reliable real-world operation.

IV. EXPERIMENTS AND RESULTS
A. System Overview

The experimental vehicle platform is designed to sup-
port systematic testing and evaluation of autonomous driving
decision-making algorithms under real-world conditions. The
system follows a centralized architecture integrating multi-
modal perception, high-performance onboard computing, and
reliable in-vehicle networking, as shown in Fig. 3.

The perception subsystem consists of a stereo camera, a
MEMS solid-state LiDAR, and three 32-channels LiDARs,
which together provide complementary visual and geometric
information of the surrounding environment. To ensure precise

Fig. 3. Vehicle Hardware Overview

global localization and time synchronization, a NovAtel GNSS
receiver is combined with a roof-mounted GPS antenna, pro-
viding position, velocity, and reference timing information. All
sensor data are transmitted via an industrial Ethernet switch to
centralized computing units, namely the NVIDIA Jetson AGX
Orin. A 5G router is integrated into the onboard network, so
that the GNSS system can provide the precise localization
information by using the Real-Time Kinematic (RTK).

This embedded high-performance platform executes the
main software pipeline, including sensor preprocessing, multi-
sensor fusion, localization, decision-making and controlling.
To support experimental management, all components are
running in a K3S cluster [14].

B. Experimental Procedure and Data Collection

The experimental evaluation of the proposed reinforcement
learning-based decision-making system was conducted using
the vehicle platform described in the previous section. The
overall experimental procedure consisted of three main stages:
simulation-based pretraining, enhanced simulation validation,
and real-world data collection.

In the first stage, PPO-LSTM based models are trained in
a dedicated simulation environment in Webots as shown in
Fig. 4(a). This environment is configured to provide funda-
mental traffic scenarios, enabling efficient large-scale training
and stable policy convergence. During this phase, multiple
candidate models are obtained, and the model with the most
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Fig. 4. Training, simulation, and real-world evaluation scenes.

competitive performance is selected as the baseline model for
further experiments.

In the second stage, additional datasets are collected using
an enhanced simulation environment, as shown in Fig. 4(b).
Compared with the original training environment, this sim-
ulator is configured to more closely approximate real-world
driving conditions. Specifically, it incorporates higher traffic
density, more diverse road topologies, and various dynamic
obstacles. These modifications enabled the trained policy to
be evaluated under more complex and challenging scenarios,
thereby improving its generalization capability before real-
world deployment.

In addition, real-world driving experiments are carried out
on the proposed experimental vehicle platform as shown in
Figs. 4(c) and 4(d). The synchronized multi-modal sensor data,
vehicle state data, and environment features were recorded
during field tests. These data included sensor data and RL
model inputs.

The real-world and improved simulation data are used for
behavior cloning training and performance evaluation. Figure
5 shows the training during behavior cloning. Both the Actor
and Critic losses drop quickly in the early epochs, suggesting
that the supervised learning is well converged. In particular,
the Actor loss drops to near zero after a few iterations, while
the Critic loss drops steadily in general, as the value estimation
accuracy increases. The classification accuracy also increases
from 68.99% in the first epoch to nearly 100% from the second
epoch onward and stays stable throughout training.

C. Test with real vehicle

To test the effectiveness of our optimized model, real-
vehicle experiments are conducted in real-world driving con-
ditions. We conduct multiple tests in multiple conditions
including obstacle-free navigation to the destination, static
obstacles along the route and obstacle emergence in front
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Fig. 5. Loss and Accuracy During Behavior Cloning

of the autonomous vehicle. This section presents the results
corresponding to the third scenario in the following.

The development of autonomous vehicle velocity vy,
distance d, and relative velocity vry between autonomous ve-
hicle and obstacle is shown in Fig. 6. A stable after-condition
is obtained with a relatively large distance and a small relative
velocity, or without relative velocity if there is no detected
target obstacle. If the sudden obstacle appears in front of the
vehicle, the distance between the vehicles is rapidly reduced,
with large variation of both vehicle speeds (i.e. collision risk).
The system then slows down and eventually is able to stabilize
the distance and velocity. This is a fundamental transition from
normal driving - ACC to emergency braking - AEB. For safety
considerations during field tests, the maximum vehicle velocity
is limited to 10 km/h.
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Fig. 6. Sensor data: autonomous vehicle’s velocity v 4y, relative velocity
vry and distance d.

Figure 7 provides further insights into the evaluation of ACC
and AEB performance. ACC and AEB scores are computed
for different aspects (applicability, desire, comfort and risk)
and last active behavior. ACC scores are more important in
the early stages and active behavior equals 1, indicating ACC
activation. As distance between vehicle and obstacle decreases
and risk increases, AEB scores become rapidly and highly
important in terms of applicability and risk. This gives the
opportunity to switch from ACC to AEB at high frequency. In
the late stages, scores for both behaviors match, so that they
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are back to equilibrium.

Overall, the results indicate that the model can adapt quickly
and reliably to critical driving situations, i.e., safe and stable
decisions can be made while autonomous decisions can have a
sustained performance. BC-tuned PPO-LSTM has been able to
detect AEB scenarios reliably and perform timely emergency
braking in real driving experiments.

V. CONCLUSIONS

In this paper we presented a hybrid decision-making frame-
work that combines reinforcement learning and behavior
cloning for longitudinal control of self-driving systems. To
combine PPO pretraining with supervised fine-tuning on real
driving data, our approach utilizes the exploration advantage
of reinforcement learning as well as the stability of imitation
learning. Furthermore, with the introduction of behavior-level
representations, our technique can effectively learn while
maintaining semantic interpretability.

Experimental results from simulation and real-vehicle tests
demonstrated that our approach achieves fast convergence
and stable training and reliable performance in safety-critical
situations. In particular, the proposed system is able to de-
tect emergency braking scenarios and switch the behavioral
switches between ACC and AEB modes efficiently. These
results demonstrate the effectiveness of our proposed ap-
proach to reduce the simulation-to-reality gap and enhance
the deployment reliability. Future work will include large
scale field tests under more diverse traffic conditions and
extend our framework to multi-agent interaction and lateral
maneuver decisions. Further, we will study online adaptation
and uncertainty-aware learning to further improve robustness
and generalization in a more complex real-life environment.
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