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Abstract

There are two crucial aspects of reliable autonomous driv-
ing systems: the reasoning behind decision-making and the
precision of environmental perception. This paper intro-
duces Decision-Maker and Executor (DME)-Driver, a new
autonomous driving system that enhances performance and
robustness by fully leveraging the two crucial aspects. This
system comprises two main models. The first, the Decision
Maker, is responsible for providing logical driving instruc-
tions. The second, the Executor, receives these instructions
and generates precise control signals for the vehicles. To en-
sure explainable and reliable driving decisions, we build the
Decision-Maker based on a large vision language model. This
model follows the logic employed by experienced human
drivers and simulates making decisions in a safe and reason-
able manner. On the other hand, the generation of accurate
control signals relies on precise and detailed environmental
perception. Therefore, a planning-oriented perception model
is employed as the Executor. It translates the logical decisions
made by the Decision-Maker into accurate control signals for
the self-driving cars. To effectively train the proposed system,
a new dataset named Human-driver Behavior and Decision-
making (HBD) dataset has been collected. This dataset en-
compasses a diverse range of human driver behaviors and
their underlying motivations. By leveraging this dataset, our
system achieves high-precision planning accuracy through a
logical thinking process.

Introduction

Self-driving systems represent a significant advancement in
automobile car technology, combining computer vision and
artificial intelligence. These systems enable cars to perceive
their surroundings (Radecki, Campbell, and Matzen 2016;
Sun et al. 2020), make informed decisions (Hang et al. 2020;
Isele et al. 2018), and navigate without human interven-
tion (Kamath et al. 2023; Shao et al. 2023). The keys to
these systems are sophisticated perception mechanisms and
decision-making algorithms. These components allow cars
to accurately understand their environment and make au-
tonomous decisions, ensuring safe and efficient navigation.
However, the complexity of these systems requires a focus
on interpretability. Achieving interpretability is not just a
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Figure 1: Comparative Structures in Autonomous Driv-
ing Systems: (a) Planning-oriented autonomous driving sys-
tem; (b) LLM-based autonomous driving system; (c) Our
DME-Driver Autonomous Driving System.

technical challenge, but also a crucial step towards wider
acceptance and integration of autonomous cars in society.
Recently, deep learning-based methods have achieved re-
markable success in the realm of autonomous driving (Feng,
Rosenbaum, and Dietmayer 2018; Maqueda et al. 2018).
Some works (Feng et al. 2024; Gu et al. 2023; Huang
et al. 2023) proposed planning-oriented autonomous driv-
ing systems that can be trained end-to-end. As illustrated in
Fig. 1(a), this system (Chen et al. 2023) encompasses sev-
eral critical perception modules, including tracking, map-
ping, motion, and occupancy detection. The output of these
modules is fed into a planner that then generates the con-
trol signals for the vehicle. This approach takes full advan-
tage of the perception models in autonomous driving cars,
significantly enhancing the overall accuracy of the planning
process. However, the end-to-end nature of such methods
leads to a lack of reasoning in terms of human driving logic,
resulting in a system that lacks interpretability. When con-
fronted with scenarios that the model fails to resolve - which
we might term “bad cases” — it becomes challenging to un-



derstand the flawed decision-making process of the system.

Taking advantage of advances in large language models
(LLMs), recent approaches attempted to enhance the reason-
ing of autonomous driving systems by integrating LLLMs into
their frameworks (Li et al. 2024; Liu et al. 2023b; Ma et al.
2023; Wei et al. 2024), as shown in Fig. 1(b). Using their
formidable logic reasoning capabilities and generalization,
LLMs can effectively understand the behavioral logic of hu-
man drivers in various driving scenarios (Ding et al. 2024;
Pan et al. 2024; Peng et al. 2023). In the face of corner cases,
they can attempt to mimic human driver behavior, making
rational judgments and decisions (Kim et al. 2020). More-
over, even when decision-making errors occur, the logical
reasoning process of these models can be used as evidence
to pinpoint the reasons of erroneous judgments and to seek
solutions. However, these methods place LLMs at the core
of the autonomous driving system, treating the outputs of
perception modules as given conditions. These approaches
did not fully utilize the various perception tasks essential for
accurate environmental perception. When perception mod-
els themselves produce erroneous predictions, these errors
can be accumulated in the decision-making process.

In this paper, we propose the DME (Decision-Maker
Executor)-Driver autonomous driving system, which uti-
lizes the advantages of both LLMs and planning-oriented
perception models. Our system utilizes the capability of
LLMs to comprehend human driving logic, while also
leveraging the precise environmental perception abilities of
planning-oriented autonomous driving models for accurate
vehicle control. As depicted in Fig. 1(c), our system com-
prises two key roles: Decision-Maker and Executor. The
Decision-Maker is based on a Large Vision Language Model
(LVLM), trained through imitation learning on extensive
driving data and human driver behavior logic. It can fully
grasp the relationship between driving scenarios and the un-
derlying driving logic. When the vehicle encounters a new
scene, the Decision-Maker can simulate human-like logical
assessments of key elements, determining whether to accel-
erate, brake, or change lanes. Additionally, the Decision-
Maker can mimic a human driver’s ability to discrimi-
nate key aspects of driving scenes, providing the perception
model with a reliable set of prior information. This helps the
perception models to focus on elements of particular impor-
tance in the current scenario.

The Executor, on the other hand, is responsible for con-
verting the Decision-Maker’s instructions into precise ve-
hicle control signals. It translates the high-level logic and
reasoning from Decision-Maker into precise control signals.
By doing so, the Executor bridges the gap between decision-
making and vehicle control, enabling the system to navigate
safely and efficiently in diverse driving conditions.

In summary, this paper presents four key contributions:

e DME-Driver Autonomous Driving System: We
present the DME-Driver system, which combines the
strengths of LVLMs in logical reasoning with the precise
environmental sensing of planning-oriented models,
improving decision-making robustness and performance
in autonomous driving.
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* Human-Driver Behavior and Decision-Making
(HBD) Dataset: Leveraging both reannotated datasets
and newly collected data, we developed a distinctive
dataset that integrates human driver behavior logic with
detailed environmental perception. It aids in understand-
ing the relationship between driving logic and control
signals.

* Decision-Maker Model Design: Our Decision-Maker
model, based on LVLM, is capable of imitating human
driver instructions and focusing on important elements in
the environment, providing human-like insights for better
decision-making.

* Executor Model Formulation: The Executor model ac-
curately processes environmental data and translates the
Decision-Maker’s instructions into accurate vehicle con-
trol signals, ensuring effective and context-aware re-
sponses in various driving situations.

Empirical evaluations demonstrate that our method
achieves state-of-the-art accuracy in autonomous driving
planning, significantly enhancing the system’s reasoning
ability. Every driving decision made by the system can be
traced back through logs to understand the underlying driv-
ing logic, providing a level of transparency and explainabil-
ity that is unprecedented in autonomous driving systems.

Related Work
Autonomous Driving System

The development of autonomous driving technology has
evolved from traditional rule-based systems to sophisticated
learning-based approaches. Initially, autonomous vehicles
were governed by algorithms that heavily relied on sensor-
based data and predefined rules (Montremerlo et al. 2008).
While these methods provided reliable results in controlled
environments, they struggled with the unpredictability and
complexity inherent in real-world driving conditions.

The advent of deep learning revolutionized this landscape,
enabling systems to learn from vast and varied datasets of
real driving scenarios (Grigorescu et al. 2020; Wu et al.
2023b,a). This shift to learning-based approaches has en-
dowed autonomous systems with the flexibility and adapt-
ability needed to navigate complex and dynamic environ-
ments more effectively, paving the way for more robust and
versatile driving systems.

A significant trend in recent years are the development
of end-to-end autonomous driving systems. These systems
utilize deep neural networks to process sensory inputs di-
rectly into driving actions, seeking to streamline the au-
tonomous driving process (Bojarski et al. 2016; Han et al.
2024). While these approaches simplify the system architec-
ture by eliminating modular decomposition, they raise chal-
lenges in terms of interpretability and robustness. The black
box nature of these systems often hinders their ability to ex-
plain decisions and adapt to novel situations, which is crit-
ical for ensuring safety and gaining user trust in real-world
applications.



Type
Data Source Q&A Turns Des | Gaz | Gazr | Act | Actr | 3D
Look Both Ways (Kasahara, Stent, and Park 2022) 3 v v v
BDD-X (Yu et al. 2020) 3 v v v
NuScenes (Caesar et al. 2020) 2 v v v
Newly-collected 5 v v v v v v

Table 1: HBD Dataset Comparison. In this table, “Des” stands for scene description, “Gaz” represents gaze description, “Gaz-
r” indicates gaze understanding, “Act” signifies action prediction, “Act-r” means driving reasoning, and ”3D” represents 3D

perception tasks.

Large Language Model for Autonomous Driving

The development of Large Language Models (LLMs) has
greatly enhanced natural language understanding and gener-
ation. Models such as BERT (Devlin et al. 2018) and GPT
(Radford et al. 2019) laid the foundation for advanced sys-
tems like GPT-3 (Brown et al. 2020), which excel in gen-
erating coherent text and understanding language subtleties,
making them valuable for various applications.

However, LLMs are not without their challenges. The
computational requirements for training and running these
models are substantial, raising concerns about environmen-
tal sustainability and the digital divide (Strubell, Ganesh,
and McCallum 2019). Furthermore, biases in model outputs
and their implications are an ongoing and active research ar-
eas (Bender et al. 2021).

For a long time, autonomous driving systems have been
treated as black boxes with a lack of interpretability, mak-
ing it difficult to understand how decisions are made. The
development of LLMs promises to solve this problem (Ma
et al. 2025; Mao et al. 2023b; Wen et al. 2023). For exam-
ple, GPT-Driver (Mao et al. 2023a) transforms the GPT-3.5
model into a motion planner for autonomous driving, which
demonstrates the motion planning abilities of the LLMs.
DriveGPT4 (Xu et al. 2023), an interpretable end-to-end
autonomous driving system based on LLMs, utilizes mul-
timodal data such as videos, texts, and historical control sig-
nals. It generates textual responses to questions and predicts
control signals for vehicle operation. Also, the reasoning
abilities of LLMs improve the performance in perception
and understanding tasks. LLM-AD (Elhafsi et al. 2023), a
semantic anomaly detection framework utilizing LLMs’ rea-
soning abilities, demonstrates that the LLM-based monitor
aligns with human intuition in both fully end-to-end policies
and classical autonomy stacks utilizing learned perception.

Human Driver Behavior and Decision-Making
Dataset

Dataset Introduction

In order to thoroughly exploit the relationship between the
human driving logic and robust autonomous driving, our
study focuses on following four key aspects:

Human Driver Gaze. Driving on roads requires real-time
responses, often based on subconscious reflexes. To com-
prehend these reflexive actions, we consider human gaze
as an informative behavioral signal. During driving, human
drivers instinctively focus on the most critical parts of the
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scene, which are typically directly influential in the driving
logic of the current scenario. These elements could include
traffic signals or other elements that might interact with the
vehicle shortly. Understanding this gaze behavior is crucial
for our system to recognize and prioritize important aspects
of the driving environment.
Understanding of Driving Scenes. The way human drivers
logically describe driving scenes provides a rich, purposeful
understanding of the scenario. Unlike standard image cap-
tions that offer a global view, human drivers focus on ele-
ments and their interrelations that could impact driving de-
cisions. Based on these logical descriptions, even another
human driver can make accurate judgments about appropri-
ate driving actions. For instance, a description: I am in a
scenario at an intersection where the vehicle is in a left-turn
lane with a red light for turning.
Decision-Making and Rationale. The decision-making
process of human drivers is logical and information-rich. It
encompasses the driver’s synthesis of various factors to de-
termine the appropriate action for a given scenario, along
with the underlying thought process. By comprehending and
emulating this aspect, an autonomous driving system can
mimic human-like decision-making logic. This capability is
particularly valuable in novel or challenging scenarios not
encountered during training, enabling the system to make
safe and reliable judgments.
Precise Control Signals. The ultimate output of an au-
tonomous driving system should be precise control signals
directly applicable to the vehicle. Regardless of robustness
and interpretable the natural language-based driving logic is,
it must be translated into concrete control commands. This
translation is vital to ensure that the detailed understanding
and decisions derived from human driving logic are effec-
tively and safely executed by the autonomous vehicle.
Given the requirement for four distinct types of raw
data, we faced the challenge that no existing open source
dataset covers all these aspects. To address this gap, we
reannotate three different open-source datasets, each con-
tributing one or more of the needed data types. For exam-
ple, Look-Both-Ways (Kasahara, Stent, and Park 2022) pro-
vides precise human driver gaze information collected via
eye tracking devices. BDD-X (Yu et al. 2020) offers man-
ually annotated driving decisions and their underlying rea-
sons. Nuscenes (Caesar et al. 2020) includes detailed con-
trol signals. Using the powerful generalization capabilities
of LVLM, we can extrapolate the knowledge learned from
each dataset to the others, even in the absence of a single
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dataset containing all types of annotation.

To further enhance the LVLM’s capabilities, we collected
a new sub-dataset with multi-round question-answering
conversations. This sub-dataset was created using the
Carla (Dosovitskiy et al. 2017) simulation engine, where
human drivers operated simulated driving controls such as
steering wheels and pedals. This process provided visual in-
formation and control signals for the vehicle. Additionally,
drivers manually annotated their specific decisions and the
reasons behind them at each time. During the driving ses-
sions, an eye tracker was employed to capture the drivers’
gaze, focusing on the objects they observed in real-time.

The re-annotated data include 591,574 images with
985,739 targets, forming 191,786 conversations. Each
conversation contains 2-3 turns of question and answer
exchanges. While the newly collected data comprises
2,608,038 images with more than 3 million targets in to-
tal, forming 207,150 multi-turn conversations. Each conver-
sation includes five turns of Q&A exchanges, covering all
aspects of driving logic understanding. Table 1 presents a
comparison of the different data sources used in the HBD
dataset. The annotation type indicates the type of annotation
provided by each data source. A more detailed analysis of
the HBD dataset is provided in the supplementary material.

Data Collection and Labels Generation

To efficiently process and label these data, we employ a
combination of GPT-4V pre-annotation followed by manual
corrections. Fig. 2 outlines the data collection pipeline for
our HBD Dataset. This pipeline comprises four main steps,
starting from data collection, involving Prompt Design and
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manual correction, to the generation of dialogues.

Step 1: Data Collection Our data collection integrates four
sub-datasets, including three open-source datasets - Look-
Both-Ways (Kasahara, Stent, and Park 2022), BDD-X (Yu
et al. 2020), and Nuscenes (Caesar et al. 2020) - and one
newly collected sub-dataset. This comprehensive combina-
tion provides a rich base of raw data encompassing various
aspects of human driving behavior.

Step 2: Prompt Design To guide GPT-4V in analyzing driv-
ing behaviors from a human driver’s perspective, we crafted
unique prompts for each data type. For example, with human
gaze data, the aim is for LVLM to understand which areas
a human driver focuses on in a given scene and why. We
first convert gaze points into a box indicating the attention
distribution in this scene. This box is then drawn on the im-
age. Finally, we employ GPT-4V to processes this enhanced
image to infer the driver’s focus and intentions.

Step 3: Manual Corrections After GPT-4V generates out-
puts, these data are manually reviewed and corrected. Com-
pletely incorrect responses are deleted and regenerated with
altered prompts. For correct responses, any details that do
not align with typical human driver thought processes are
manually adjusted.

Step 4: Dialogue Generation Once all data are transformed
into detailed textual information, the next step is organizing
this information into dialogues, which involves three sub-
steps:

First-person Conversion: All pronouns in the dialogues are
converted to the first person. This is to ensure that the sub-
sequent LVLM Decision-Maker model can process the dia-
logues from the perspective of the human driver.



Combining Multi-turn Dialogues: The labeling process typ-
ically involves single-question prompts. For practical use,
multi-turn dialogues offer more contextual clues for the
LVLM. We thus concatenate different types of Q&A infor-
mation into multi-turn dialogues, as shown in Fig. 2. The
number of dialogue turns varies — 2 to 3 turns for reanno-
tated data, depending on the information available, and up
to 5 turns for new collected data.

Data Augmentation: To diversify the question-answer labels
and enhance the model’s generalization capabilities, we uti-
lize GPT-3.5 to rewrite the generated dialogues. This process
involves changing the form of the dialogues while keeping
their content consistent.

The Proposed DME-Driver Autonomous
Driving System

In our DME-Driver Autonomous Driving System, as illus-
trated in Fig. 3, the system is divided into two main compo-
nents: the Decision-Maker and the Executor. The Decision-
Maker acts as the central decision-maker, synthesizing ve-
hicle status and current visual inputs to emulate a human
driver’s logical judgments. Its output is expressed in natu-
ral language, providing a logical and interpretable narrative
of driving decisions. However, as natural language cannot
directly control a vehicle, the system incorporates the Ex-
ecutor network, functioning as a translator. This network
converts the Decision-Maker’s linguistic outputs into pre-
cise vehicle control commands. The detailed architecture
and functions of both the Decision-Maker and the Executor
networks are crucial to the system’s effectiveness and will
be elaborated in Sections 4.1 and 4.2 respectively.

Decision-Maker: Driving Logic Understanding

The Decision-Maker in our DME-Driver system is a sophis-
ticated Large Vision Language Model (LVLM) designed to
simulate the decision-making process of human drivers. In
our experiments, we use LLaVA (Liu et al. 2023a) as the
baseline network for the Decision-Maker. This component is
engineered to process inputs from three different modalities:
visual inputs from the current and previous scenes, textual
inputs in the form of prompts, and current status informa-
tion detailing the vehicle’s operating state.
Visual Input: To process the visual input, we utilize a pre-
trained CLIP (Radford et al. 2021) visual encoder Ecprp.
This encoder converts the visual information into feature to-
kens. To better comprehend the context of driving scenes,
we enhance the input by concatenating the previous three
key frames with the current frames into an image array:

F, = Ecrip(Fi—3® Fr—2 @ Fy1 & F}) 6]
Textual and Status Input: The prompt inputs 7}, and cur-
rent status 75 information are handled using a methodology
similar to RT-2 (Brohan et al. 2023), where a text tokenizer is
employed to encode these inputs uniformly. After encoding,
the tokens representing both visual and textual information
are concatenated and fed into the LLaMA 2 (Touvron et al.
2023) model for processing:

F, = Tokenizer(T},) & Tokenizer(Ty)

2
t = LLaMA2(F, + F,) @)
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This integrated approach allows the Decision-Maker to con-
sider all aspects of the driving scenario, ensuring a com-
prehensive understanding and simulation of human-like
decision-making processes. The final step involves a de-
tokenizer, which maps the output tokens back into natural
language.

Executor: The Control Signal Generator

As depicted in Fig. 3, our Executor network in the DME-
Driver system is designed based on the UniAD (Hu et al.
2023) planning-oriented autonomous driving framework,
featuring 4 distinct components:
Backbone Network: The initial layer of the Executor net-
work is a backbone, which is responsible for encoding multi-
view vision inputs. A image encoder is firstly employed
to extract image features and then multi-view image fea-
tures are transformed into Bird’s Eye View (BEV) features
through a process similar to EVFormer (Li et al. 2022).
Perception Modules: The next stage consists of four spe-
cialized perception modules. TrackFormer is designed for
detecting and tracking various elements within the driving
scene. MapFormer generates a segmented map in BEV, pro-
viding detailed spatial information about the environment.
MotionFormer predicts the motion trajectories of each ele-
ment within the scene. OccFormer is responsible for gener-
ating occupancy information, indicating the areas within the
scene that are occupied and those that are free.
Planning Module: Following the perception modules, the
Planning Module takes the output tokens from these mod-
ules as its input. This module’s primary function is to gener-
ate the predicted control signals for the vehicle.
Driver Logic Encoder: Distinct from the UniAD system,
our Executor network incorporates additional enhancements
for the TrackFormer, the OccFormer and the Planning mod-
ule. The TrackFormer and OccFormer combines textual in-
formation from scene descriptions Ty.s and gaze under-
standing 7Ty, while the Planning module integrates decision
making results T,.;. Specifically, we’ve integrated a Bert-
based text encoder Ep.,: to process corresponding textual
inputs:

Ft,pcp = Ebert (Tdes) b Ebert (ng)

Ft,plan = Epert (Tact)a
where Fj ., represents the text encoding for perception
tasks like TrackFormer and OccFormer, while F; | represents
the text encoding for the Planning module. After encoding
the text, we combine the feature B generated by the back-
bone network with the corresponding text encoding using a
transformer fusion structure named LogicalFusioner. In this
structure, we consider the backbone feature as the query and
the text encoding as the key and value. After the aggregating
of the multi-head attention, we add a shortcut connection to
the original B and produce the enhanced backbone feature
B

3)

B’ = LogicalFusioner(B, T')
=MHA(Q=B,K=T,V=T)+B
The Driver Logic Encoder is the core module in our Ex-

ecutor. It gives the Executor ability for integrating decision-
making and scene understanding information provided by

“4)
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Figure 3: The Detailed DME-Driver Autonomous Driving System: There are two main components in our system. The
Decision-Maker serves as the decision-maker, emulating human drivers’ logic in various driving scenarios. The Executor then
translates the Decision-Maker’s instructions into precise control signals, ensuring effective execution of driving decisions.

the Decision-Maker. With this information, it can emulate
human driving logic, achieving robust and accurate vehi-
cle control. Our experiments are conducted on a workstation
with 8x H800 Graphic Cards.

Training

The training of the DME-Driver system is streamlined into
two essential steps. Firstly, training the Decision-Maker in-
volves using multi-type human driver decision data to under-
stand the driving logic. Secondly, the training focuses on the
Executor, which is trained using Decision-Maker instruc-
tions and perception labels. Using these data, the executor
can learn to accurately transform instructions into control
signals.

Decision-Maker Training: The training of the Decision-
Maker network in our DME-Driver system encompasses
two critical stages: pretraining and fine-tuning. Initially, the
model undergoes pretraining on diverse datasets, including
593K image-text pairs from CC3M (Changpinyo et al. 2021)
and 100K video-text pairs from WebVid-10M (Bain et al.
2021), focusing on general video-text alignment. This phase
involves training the video tokenizer while keeping the CLIP
encoder and LLM weights fixed. The fine-tuning stage then
tailors the model to the specific needs of interpretable au-
tonomous driving. Here, the LLM is trained alongside the vi-
sual tokenizer using 39K video-text pairs, from the proposed
HBD Dataset, and supplemented with 80K instruction-
following image-text pairs from LLaVA (Liu et al. 2023a).
Executor Training: The training of the Executor compo-
nent in our DME-Driver system primarily follows the setup
utilized by UniAD (Hu et al. 2023). However, we introduce
specific modifications to enhance the system’s consistency.
Initially, similar to UniAD, we start by jointly training the
perception parts, namely the tracking and mapping modules,
for six epochs. We then proceed to an end-to-end training
phase, which lasts for 20 epochs and encompasses all per-
ception, prediction, and planning modules. To ensure align-
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ment between the output signals of the planning module and
the decisions made by the Decision-Maker, we introduce an
auxilary loss during the training of the planning module.
This component applies a penalty whenever the control sig-
nals deviate from the Decision-Maker’s decisions. Specifi-
cally, we category the Decision-Maker’s decisions into dis-
tinct types, such as moving forward, accelerating, stopped,
among others. For each of these decision types, we’ve es-
tablished specific rules to determine whether a given control
signal corresponds to one of these categories. The influence
of the consistency loss is discussed in the supplementary ma-
terial.

Experiment
Human Driver Logic

To assess the accuracy of the Decision-Maker in simulating
human driver decision-making in driving scenarios, we con-
ducted an evaluation using the test set of the HBD dataset. In
our evaluation process, we adapted a method similar to pre-
vious works (Xu et al. 2023), utilizing an advanced version
of ChatGPT to generate assessment metrics. Details about
the evaluation procedure is provided in the supplementary
material.

The evaluation of the Decision-Maker’s accuracy was
conducted across four key dimensions: Gaze: Assessing the
accuracy of the Decision-Maker in identifying areas of focus
during the driving process. Scene Understanding: Evalu-
ating how precisely the Decision-Maker describes the ele-
ments present in the current driving scene. Logic: Determin-
ing the accuracy of the final driving decisions made by the
Decision-Maker and the corresponding reasoing. To evalu-
ate our system’s performance, we compared the Decision-
Maker’s accuracy with that of other general-purpose large
models, including LLaVA and GPT-4V, in similar scenarios.
The outcomes of these comparisons are detailed in Table 3.
Examples of the decision-making results can be found in the
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Table 2: Planning Accuracy. This table shows the comparison with SOTA methods on the planning task.

Method Gaze Scene Logic
ChatGPT41
LLaVA-7B(Liu et al. 2023a) 453 59.6 432
LLaVA-13B(Liu et al. 2023a)  48.3 60.5 453
GPT-4V(Yang et al. 2023) 75.3 79.8 67.1
DME-Driver 852 81.6 78.5

Table 3: Driving Logic Understanding. This table contrasts
our Decision-Make with other large language models using
GPT-4 evaluation.

supplementary material.

Planning

The aim of this experiment is to validate the accuracy of the
entire DME-Driver system in making autonomous driving
decisions. Following methodologies established in previous
works, we focus on evaluating the planning accuracy of the
system. As shown in Table 2, the results of our experiments
demonstrate that the DME-Driver system successfully har-
nesses the logic-driven prompts from the Decision-Maker,
enhancing the decision-making precision of the planning
module. This integration not only leads to higher decision
accuracy in diverse driving situations but also maintains a
detailed log of the decision-making process. The ability to
trace back and understand the rationale behind each decision
is a critical aspect of our system, adding a layer of reason-
ing and accountability that is crucial for autonomous driving
systems. More comprehensive experiments on other percep-
tion tasks are provided in the supplementary material.

Module L2(m)] Col.Rate(%)]
Executor 1.03 0.31
GT+Executor 0.94 0.28
Decision-Maker + Executor 0.97 0.27

Table 4: Ablation Study Results: This table presents the
impact of various components within our DME-Driver sys-
tem, illustrating how each part contributes to the overall ef-
fectiveness and decision-making accuracy.
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Ablation Study

In our ablation study of the DME-Driver system, we me-
thodically dissected the impact of decision-making effec-
tiveness, as shown in Table 4. We began by assessing the
standalone performance of the Executor without Decision-
Maker guidance, establishing a baseline. Next, we evalu-
ated the impact of substituting the Decision-Maker’s guid-
ance with ground truth language cues, observing potential
improvements. Following this, we examined the combined
performance of the Decision-Maker and Executor, gauging
their collaborative efficiency.

Conclusion

In addressing the challenges of interpretability and insuffi-
cient use of human driver behavior patterns in self-driving
systems, this paper introduces the DME-Driver Autonomous
Driving System, a novel framework comprising two inte-
gral components: the Decision-Maker and the Executor. The
Decision-Maker serves as the central decision-maker, un-
derstanding and emulating human driver logic, thus ensur-
ing each action is both logical and accountable. The Ex-
ecutor complements this by effectively translating the nu-
anced decisions of the Decision-Maker into precise vehicle
control signals, harnessing the strengths of perception tasks
and planning algorithms. To facilitate comprehensive train-
ing and understanding of human driver behavior, we devel-
oped the HBD dataset, rich in diverse and essential driving
information such as gaze, decision logic, and operational
signals. Our empirical tests showcase the system’s capabil-
ity to accurately simulate human driver reasoning and ac-
tions. Under the Decision-Maker’s guidance, the Executor
successfully converts these into operational commands, ele-
vating the overall decision-making efficacy to a state-of-the-
art level.
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