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Abstract

In the domain of end-to-end autonomous driving, conven-
tional sensor fusion techniques exhibit inadequacies, partic-
ularly when facing challenging scenarios with numerous dy-
namic agents. Imitation learning hampers the performance
by the expert and encounters issues with out-of-distribution
challenges. To overcome these limitations, we propose a
transformer-based algorithm designed to fuse diverse repre-
sentations from RGB-D cameras through knowledge distilla-
tion. This approach leverages insights from multi-task teach-
ers to enhance the learning capabilities of single-task stu-
dents, particularly in a Reinforcement Learning (RL) setting.
Our model consists of two primary modules: the perception
module, responsible for encoding observation data acquired
from RGB-D cameras and performing tasks such as seman-
tic segmentation, semantic depth cloud mapping (SDC), ego
vehicle speed estimation, and traffic light state recognition.
Subsequently, the control module decodes these features, in-
corporating additional data, including a rough simulator for
static and dynamic environments, to anticipate waypoints
within a latent feature space. Vehicular controls (e.g., steer-
ing, throttle, and brake) are obtained directly from measure-
ment features and environmental states using the RL agent
and are further refined by a PID algorithm that dynamically
follows waypoints. The model undergoes rigorous evaluation
and comparative analysis on the CARLA simulator across
various scenarios, encompassing normal to adversarial con-
ditions. Our code is available at https://github.com/pagand/
e2etransfuser/ to facilitate future studies.

Introduction and Research Questions
The objective of this research is to develop an end-to-end au-
tonomous driving system that ensures safe navigation with-
out violating traffic rules while avoiding collisions with dy-
namic obstacles. The research aims to address the challenges
of perception and control in autonomous driving through
the utilization of deep learning techniques and transformer-
based sensor fusion. The key research questions include:

Can the proposed model outperform our previous ap-
proach, LeTFuser (Agand et al. 2023), in terms of route
completion and driving score? How can the fusion of multi-
ple RGB-D camera representations with the SDC map im-
prove scene understanding and enhance the model’s abil-
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ity to handle complex driving scenarios? What benefits can
be obtained from incorporating additional metadata, such as
traffic light and ego vehicle speed information, into the per-
ception module? How can the model be further improved
through distillation modules and modified gradient normal-
ization (MGN) for different driving tasks, as well as 2D
attention-based fusion for knowledge augmentation from
various sources? Can we utilize the transformer’s capabil-
ity to learn the environment and optimal policy as a se-
quence modeling problem instead of relying solely on im-
itation learning?

Related Work

The research builds upon the existing work of using deep
learning and imitation learning for autonomous driving.
The baseline method proposed in (Natan and Miura 2022a)
serves as a foundation, employing EfficientNet for per-
ception and GRU-based control modules. The LeTFuser
model advances this baseline by incorporating transformer-
based sensor fusion, utilizing convolutions vision trans-
former (CVT) (Wu et al. 2021) for local and global feature
extraction, and introducing multi-task learning for simul-
taneous perception and control tasks (Agand et al. 2023).
Additionally, the study draws inspiration from recent ad-
vancements such as the distillation model from (Jacob,
Agarwal, and Stenger 2023), trajectory guided control (Wu
et al. 2022), and the modified gradient normalization (MGN)
(Natan and Miura 2022b) for improved task-based learn-
ing. Chen et al. (2021) introduced an innovative approach,
transforming the RL problem into a sequential modeling
problem by employing the reward-to-go technique. Never-
theless, it encounters challenges due to the inherent distinc-
tion between policy and environment Markov Decision Pro-
cess (MDP), leading to a decline in performance in intricate
scenarios such as autonomous driving. Concurrently, Janner,
Li, and Levine (2021) exclusively concentrate on enhancing
the maximum log-likelihood of all tokens rather than min-
imizing the Mean Squared Error (MSE) between predicted
and ground-truth actions from the trajectory. They argue that
learning to predict states and returns-to-go is crucial for op-
timal performance.
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Proposed Research Plan

As of August 2023, significant progress has been made in
the development of the model. It has built on top of our
previous lightweight model, LeTFuser, successfully incor-
porating CvT for sensor fusion and multi-task learning, and
evaluating its performance using the CARLA simulator. The
control module is functional, utilizing a PID algorithm and
direct prediction for vehicular controls. Since then, the fu-
sion module has been enhanced, and the distillation tech-
nique on one task has been implemented. Evaluation results
have demonstrated the model’s capability to achieve higher
driving scores. However, several aspects require further in-
vestigation and improvement. The research plan for the fu-
ture includes as follows:

Implement distillation modules to improve the extraction
of single-task teachers for the multi-task student in the per-
ception module. Employ transformers to convert a reinforce-
ment learning problem into a sequential model learning ap-
proach to improve imitation learning downsides. Develop a
fusion module that utilizes 2D attention to augment knowl-
edge from different sources, including RGB, SDC map, and
simulation measurements. Evaluate the enhanced model us-
ing various scenarios (different weather, adversarial situa-
tions) in the CARLA simulator, comparing its performance
against the most recent models.

Timeline

March 2022: Worked on smart traffic light control and pro-
posed EcoLight (Agand, Iskrov, and Chen 2023), a reward
shaping scheme for RL algorithms to reduce CO2 emissions
while maintaining competitive results in other metrics like
travel time.
September 2022: Undertook the second project on monoc-
ular depth estimation for autonomous driving and proposed
DMODE, a class-agnostic method that estimates object dis-
tance without requiring object class information (Agand,
Chang, and Chen 2022). Employed differential approaches
to combine changes in object size over time and camera mo-
tion for distance estimation.
March 2023: Made significant progress in developing the
perception and control modules of the LeTFuser model for
end-to-end autonomous driving with transformer-based sen-
sor fusion and multi-task learning (Agand et al. 2023).
May 2023: Developed and integrated the fusion module with
2D attention in the model for improved feature representa-
tion and knowledge augmentation.
September 2023: Implemented distillation modules and
modified gradient normalization (MGN) to enhance percep-
tion learning in the model.
February 2024: Implemented the sequential modeling of the
decision-making problem with the help of pretrained trans-
formers to optimize vehicular command.
August 2024: Completed the research plan, including the fi-
nal evaluation and comparative analysis of the model using
the CARLA simulator.

Conclusion
Throughout my PhD journey, I have engaged in various
projects, each contributing to the field of AI and autonomous
driving. From smart traffic light control (EcoLight) and
monocular depth estimation (DMODE) to end-to-end au-
tonomous driving, each project has provided valuable in-
sights and experience in different aspects. These diverse
projects have prepared me for the challenges in developing a
foundational/pretrained model to optimize the driving score
and route completion for different driving situation.
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