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Abstract—Driving style refers to the behavioral preferences that
drivers maintain during driving, shaped by their diverse experi-
ences, habits, and needs, and is typically reflected in varying levels
of aggressiveness. If humans choose to use autonomous driving
systems, they would expect the driving style of the systems to
closely resemble their own habit. However, this is challenging for
current industrial autonomous driving systems. To address this, we
developed a style controllable action generation method, STAGE,
for driving tasks. Its training process is based on imitation learning,
incorporating both style value and latent value action modality
encoding. Preference learning is then used to identify the user’s
driving style as a continuous, monotonic style value. And to reduce
the cost of human involvement in the preference training process,
we also developed a set of rules to compare driving style in data
pairs. Then, during inference, the user inputs the style value to
control the generated action patterns, dynamically meeting the
user’s expectations. Using the STAGE method, we verified that
the style-controlled action generation results in several typical
road scenarios significantly align with human expectations. Fur-
thermore, through comparisons between the STAGE method and
various other approaches, we reveal the unique functionalities of
STAGE, including its style controllability, style continuity, driving
style alignment capability and driving safety.

Index Terms—Autonomous vehicle navigation, imitation learn-
ing, human factors and human-in-the-loop.

I. INTRODUCTION

AUTONOMOUS driving technology has achieved remark-
able progress, as exemplified by rule-based systems

like Apollo [1], [2] and end-to-end learning models such as
UniAD [3], DriveGPT4 [4]. Simultaneously, Level 2 driving
assistance systems are increasingly being implemented on roads,
substantially reducing driver workload. Despite these advance-
ments, the current limitations of autonomous driving systems
necessitate that drivers remain vigilant and prepared to assume
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control whenever the autonomous system is operational [5]. This
necessity results in a structure of human-machine collaboration,
where both the human and the machine are involved in the
driving process. Importantly, the machine’s driving behavior
has a profound influence on the driver’s psychological and
behavioral state. For example, if autonomous vehicles exhibit
behavior significantly different from that of human drivers, it
can reduce user trust of the system, increasing the likelihood of
drivers taking over control of the vehicle. [6] In light of this,
we propose that autonomous driving systems should integrate
users’ driving preferences and intentions to foster greater trust.
Specifically, the driving behaviors generated by these systems
should be designed to make users feel comfortable, closely
resembling the experience of driving the vehicle themselves.

User driving preferences can be characterized by driving
styles, which denote variations in driving policies shaped by
individual habits while adhering to safety standards. It is usually
manifested as differences in driving aggressiveness such as
habitual driving speed and lane change operations. Accurate
analysis of a user’s driving style is essential to generate behaviors
that closely align with their individual driving patterns.

However, current methods for identifying driving styles have
several limitations. Most existing approaches categorize driving
behaviors into distinct classes [7], [8], such as aggressive, cau-
tious, and standard. While this classification is straightforward
for supervised learning, it often fails to capture the nuances of
individual users in practice. Another category of approaches
focuses on learning continuous latent representations using gen-
erative models, such as Variational Autoencoders (VAEs) [9],
[10] or Generative Adversarial Networks (GANs) to represent
driving styles [11]. These methods facilitate style modification
by manipulating latent variables to control generated actions.
However, the learned latent spaces in these works are often en-
tangled and lack a monotonic relationship with specific semantic
attributes (e.g., aggressiveness). While they allow for changing
the style, they do not provide an intuitive “knob” where increas-
ing the value linearly corresponds to an increase in a specific
driving characteristic. Consequently, users cannot effectively
adjust the latent vector to precisely achieve their desired level
of aggressiveness due to this lack of semantic alignment.

Furthermore, recent advancements in Vision-Language-
Action (VLA) driving models have attempted to control driving
behaviors through natural language prompts. While language
offers an intuitive interface, it suffers from inherent ambigu-
ity and granularity issues in the context of vehicle control.
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Fig. 1. Overview of the STAGE method. The solid line arrows represent the
data flow during the training process, and the dotted line arrows indicate the
data flow during the deployment process. (a) shows the network architecture
of the STAGE method, which employs a Transformer-based encoder-decoder
structure for imitation learning. It extends the functionality of imitation learning
with an action modality module consisting of a style encoder and a Variational
Autoencoder (VAE). This module captures diverse action patterns in the driving
dataset and generates driving actions that are consistent with the desired driving
style. (b) describes the three types of losses used for training the model, where the
style preference loss, Kullback-Leibler (KL) loss, Mean Absolute Error (MAE)
loss, are employed to train the human preferences for driving aggressiveness,
capturing action modalities and policy output respectively. In (c), during testing,
the autonomous driver can provide a style value by slide bar, which serves
as a condition for generating both trajectories and vehicle control commands
(steering, throttle), thereby meeting the driver’s diverse needs.

For instance, the command “drive a bit faster” is subjective;
its execution varies significantly depending on the underlying
model and context, lacking a precise definition. In contrast,
driving style—specifically aggressiveness—is better modeled
as a continuous spectrum.

To address these issues, we propose a preference-based style
learning method. Unlike standard VAE approaches that learn
unstructured latent spaces, our method imposes a preference
constraint on driving style latent dimension. It extracts driving
styles from the action modalities of the policy, thereby pro-
viding an accurate, continuous, and trend-consistent numerical
representation of driving styles. The overall architecture of the
method is shown in Fig. 1. First, in the network architecture,
an action modality encoder was designed, taking both state and
action as input to extract the multi-valued distribution caused by
differences in driving styles from the driving dataset. This dis-
tribution reflects the existence of multiple distinct actions under
the same state, collectively referred to as action modalities. And
during training, to minimize human annotation involvement,
our method leverages aggressive scoring to compare randomly
selected action pairs, capturing human preference information
across diverse scenarios and driving trajectories. The trained
model is then capable of evaluating the style value of a given
planning trajectory and vehicle control in a specific state, ef-
fectively quantifying the level of driving aggressiveness. This
approach ensures a monotonic relationship between style value
and driving aggressiveness, where higher values correspond to

more aggressive driving behaviors, thereby aligning the style
value with human driving preferences. Furthermore, the style
value can be utilized as a conditional input in imitation learn-
ing to generate corresponding driving actions. To achieve this,
we propose a STyle-controllable Action GEneration (STAGE)
network, which combines an action modality module with a
Transformer backbone. This network leverages the style value
and multimodal environmental states as conditions to imitate
the driving policies present in the dataset. During deployment,
it allows drivers to adjust the behavior of the autonomous
driving system by inputting a style value until it meets their
preferences, thereby enhancing the comfort and personalization
of autonomous driving.

To summarize our contributions in this work:
� We designed an action modality module using an encoder-

decoder architecture to process the input state and action,
extracting a style value that represents driving aggressive-
ness and a VAE latent that captures the remaining policy
patterns.

� We propose a preference learning method to learn driving
style values, delivering continuous and consistent assess-
ments of driving behaviors across various scenarios. This
approach overcomes the limitations of previous methods,
which could only provide discrete driving styles. Addi-
tionally, we designed rules that use aggressiveness scoring
to automate preference comparisons, reducing the manual
effort required for preference learning.

� We also designed a style-conditioned action generation
method that incorporates both policy imitation and a user
intervention mechanism. Users can directly input their de-
sired style value during model execution, enabling the pol-
icy to generate outputs consistent with the specified style.

II. RELATED WORK

A. Imitation Learning

In recent years, with the advancement of neural network
technology, imitation learning that fits policies from demonstra-
tion data has seen new development opportunities. Behavioral
Cloning (BC) [12], [13] is a fundamental imitation learning
method that directly fits the policy π(a|s) and is readily imple-
mented using neural network architectures. Thus, it has found
widespread application in various domains, such as autonomous
driving [14] and robotic skills transfer [15]. However, it suf-
fers from issues such as error accumulation, multi-modality
confusion, and sometimes difficulty in fitting the policy. To
address these issues, another class of imitation learning methods
based on state-value assessment, known as Inverse Reinforce-
ment Learning (IRL) [16], has been proposed. Subsequent de-
velopments include Generative Adversarial Imitation Learning
(GAIL) [17], which uses generative adversarial networks for
the action generator and reward discriminator, and the decision
transformer (DT) [18], which employs sequence modeling of
task trajectories. The BC and IRL constitute the two major
branches in the field of imitation learning.

A new development direction in imitation learning is the use
of scene vision and embodied vision to provide observational
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information, which can avoid the need for unique state space
designs for various tasks. However, this also imposes new re-
quirements on learning algorithms. For example, implicit behav-
ior cloning (IBC) [19] uses an energy-based model to perform
implicit regression to predict future actions, achieving better
results in high-dimensional action spaces and with visual image
inputs. Recently published algorithms, such as Action Chunking
Transformer (ACT) [20] and Diffusion Policy [21], represent
the state of the art in the field of visual imitation learning. The
former leverages the multimodal compatibility of transformers
combined with Conditional-VAE (CVAE) design to achieve skill
learning from small datasets, while the latter, based on the
diffusion model, proposes a denoising approach to fit action
sequences. In the field of autonomous driving, similar ideas
have been applied to end-to-end driving, where driving policies
are generated without the need for a HD map. The UniAD [3]
method outlines the paradigm for end-to-end autonomous driv-
ing, introducing a pipeline that requires only visual information.
It is planning-oriented and employs collaborative learning of
perception, prediction, and planning, showing excellent results
across various outputs. Therefore, our approach uses the charac-
teristics of end-to-end driving and imitation learning, utilizing
a transformer architecture to learn trajectory planning.

B. Driving Style

Overall, current methods for recognizing driving style can
be divided into two categories: statistical learning-based and
deep learning-based. Statistical learning methods typically use
techniques like Principal Component Analysis (PCA) and Sup-
port Vector Machine (SVM) to transform driving style recog-
nition into a classification problem based on driving states.
For example, using PCA, driving styles can be classified as
aggressive, moderate, and conservative, guiding the Intelligent
Driver Model (IDM) strategy to generate three types of poli-
cies [22]. Other methods model the driving process using the
Mixture of the Hidden Markov Model (MHMM) [23], ensuring
smooth transitions in style recognition. SVM, as an efficient
classification method, can be combined with human-designed
rules for low-cost style recognition [24].

In deep learning-based driving style recognition, the methods
can be categorized as explicit or implicit. Explicit methods treat
driving style as a classification problem, such as classifying the
driving styles of other vehicles and using them as input to the
vehicle policy to help in better decision making [25]. Implicit
style recognition is more beneficial for generating the trajectory
of the ego vehicle. For example, statistical features of driving
behavior over time can represent driving style, forming a driving
operational picture (DOP). A neural network then encodes the
DOP as part of the policy input to generate human-like lane-
changing strategies [26]. Furthermore, the GAIL method can
learn implicit representations of driving styles [11] and generate
new trajectories.

However, we observe that classification-based methods can-
not precisely align with driver intent, while implicit style rep-
resentations make it difficult for drivers to directly adjust the
generated trajectory. Our approach addresses these issues by

incorporating a continuous style value that corresponds mono-
tonically with the driving aggressiveness.

III. METHOD

The STAGE method consists of two parts: preference-based
style learning and style conditioned action generation. In the
style learning part, we first designed a preference-based com-
parison method for driving data pairs, enabling the model to
learn continuous and consistent style values. Subsequently, we
constructed our imitation learning network, which takes envi-
ronmental states and human actions as inputs to extract environ-
mental features and action modalities, while separating the style
value and training it using preference. The action modality and
environmental state are then fed into the transformer decoder
to generate customized actions. The advantage of the STAGE
method lies in its ability to allow users to specify style values
in real-time during testing, enabling the generation of the model
consistent with the specified driving style.

A. Style Learning From Pairwise Preference

Previous methods for style recognition relied on manually
labeled supervised classification learning. We believe that this
approach hinders alignment between human expectations and
driving behaviors, as well as the generation of diverse style
trajectories. In contrast, continuous driving style values are
more suitable for representing driving styles. To address this,
STAGE uses preference learning to output continuous style
values. Additionally, other methods typically equate driving
style with driving aggressiveness, whereas the STAGE method
can derive style values representing richer driving characteristics
through preference learning, enabling influence on the behavior
of autonomous driving systems across multiple dimensions.
However, in the current paper, we align with existing driving
style literature by primarily focusing on a one-dimensional style
value aligned with driving aggressiveness, where a higher style
value indicates more aggressive driving behavior.

Specifically, preference learning formalizes the style learning
problem as follows:

P ((x+, a+) � (x−, a−)) =
eV (x+,a+)

eV (x+,a+) + eV (x−,a−) (1)

Here, P ((x+, a+) � (x−, a−)) denotes the probability that
taking action a+ (the planning trajectory and control signal)
in state x+ is more aggressive than taking action a− in state
x−, and V (x, a) is used to evaluate the style value of taking
action a in state x, representing the level of aggressiveness. The
training of the style value is conducted by obtaining the pref-
erence ranking between different (x, a) pairs. It is noteworthy
that the style value V (x, a) here can be directly extended to
a multidimensional vector, thereby defining additional driving
style characteristics on the (x, a) pair. However, this requires
more data and annotation support.

Although human involvement can achieve this, the need for
human annotation during the training process results in excessive
labor costs. To address this, we opt for preference comparison
rules as a low-cost alternative that offers similar performance.
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Specifically, samples from dataset were preprocessed into struc-
tured information. This includes the control signal of the ego
vehicle (the self vehicle in the autonomous driving system), its
lane deviation, and speed, as well as its relationship with other
vehicles (such as changes in following distance or overtaking
other vehicles). Then, this information is input into an aggres-
siveness scoring function for evaluation, allowing comparison
of which action in a pair is more aggressive. We developed a
generalized aggressiveness scoring rule, where the speed and
throttle amplitude of the ego vehicle are proportional to the
aggressiveness score. When the nearest other vehicle is within
20 meters, two additional scoring terms are considered: one
inversely proportional to the distance to the nearest vehicle,
indicating that closer proximity to other vehicles reflects more
aggressive driving, and another proportional to the deviation
from the lane line, signifying that overtaking other vehicles
represents aggressive driving. Notably, our style value model,
trained through preference learning, aligns with these rules.
However, potential users can modify the alignment of style val-
ues by adjusting the rule or utilizing human annotated datasets.
In Fig. 3 describes this process.

Thus, the loss of preference learning can be expressed as the
negative logarithmic likelihood of the probabilities, which will
be part of the overall loss:

Lp = −E(x+,a+),(x−,a−)∼D log

[
eV (x+,y+)

eV (x+,y+) + eV (x−,y−)

]
(2)

In this context, E(x+,a+),(x−,a−)∼D represents the expectation
over pairs of data (x+, a+) and (x−, a−) sampled from the
dataset D.

B. Stylized Action Generation Framework

Inspired by recent advances in efficient imitation learn-
ing based on Transformers, we propose an effective imita-
tion learning model, which combines action modality learning,
style preference supervision, and action supervision, built upon
transformer-based supervised learning. The model leverages the
multimodal information fusion capabilities of the Transformer
encoder, allowing the simultaneous input of map images, the
history states of the ego vehicle and other vehicles, as well
as sensor data from the ego vehicle for feature extraction. At
the same time, the action modality encoder will encode the
current state and the actions taken by humans in the dataset
at that state, representing the diverse patterns reflected in the
human policy (such as different behaviors in the same state).
And, this action modality information is also fed as input to the
transformer encoder. Finally, after processing by the encoder,
the transformer decoder generates a future trajectory that aligns
with the desired driving style and outputs the corresponding
steering and throttle control signals for vehicle execution. The
overall network architecture diagram of the STAGE method is
shown in Fig. 2.

In the transformer encoder, to accommodate multimodal in-
put, image information is encoded using ResNet to form several
token embeddings, while vector information (such as radar scan
points and the historical trajectories of the ego vehicle and

Fig. 2. A network architecture diagram of the STAGE method. The action
modality learning module utilizes a network architecture similar to compression
encoding, while simultaneously training both preferences and VAE latent vari-
ables. The actions imitation adopts a Transformer architecture with multimodal
inputs (based on DETR architecture) to extract features and output customized
driving actions.

other vehicles) is directly mapped into tokens via an Multi-
layer Perceptron (MLP) network. Subsequently, the driving style
and randomness of driving behavior extracted from the action
modality are also embedded as a token, which together with the
previous information constitutes the input token sequence of the
transformer encoder. Finally, the transformer encoder extracts
features of the environmental state through the self-attention
mechanism.

Next, we focus on the action modalities within the dataset.
Action modalities refer to the multi-valued distribution of state-
action pairs in the collected dataset, a phenomenon frequently
observed in human driving behavior. This arises because humans
exhibit diverse driving patterns influenced by habits or situa-
tional demands. We observed a close correlation between ac-
tion modalities and driving styles: action modalities encompass
driving styles but also include other patterns unrelated to driving
styles. For instance, when driving on an open roundabout, the
driving speed reflects the level of aggressiveness and is thus
related to driving style, whereas the steering angle adjustments
are merely to maintain a circular trajectory within the round-
about, independent of driving style. This separability indicates
that the previously mentioned style preference learning is insuf-
ficient to fully capture driving behavior. Therefore, we need to
separately extract two components from the action modalities:
driving style and general behavioral patterns. To this end, we
designed a two-part approach in the compression encoding of
the MLP-based action module. The first part aligns with human
understanding of driving style, using style values derived from
preference learning to represent the driving aggressiveness. The
second part aims to capture the remaining behavioral patterns,
employing latent variables from a variational autoencoder (VAE)
to represent the diversity of driving behaviors. The combined
effect of these two components enables the model to fully
leverage the diversity within the dataset while enhancing its
ability to intuitively align with human driving styles.

This design introduces a second loss function based on VAE,
further enhancing the model’s ability to replicate human-like
driving behaviors:

Lvae = E(x,a)∼DKL(qθ(z|x, a)||N (0, I)) (3)
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Fig. 3. Composition of the loss function. The overall loss consists of three
components: the MAE fitting loss for learning the output trajectory and control
signals, the KL divergence for capturing general action modalities, and the style
preference loss based on aggressive scoring rules which compares the driving
aggressiveness between pairs of actions.

Here, KL represents the Kullback-Leibler (KL) divergence,
which measures the distance between the posterior distribution
qθ(z|x, a) and the prior distribution N (0, I). And qθ refers to
the network that encodes the latent variables.

This structure for action modality offers an additional benefit:
it enables controllable generation. During execution, the action
modality encoder is not required. For VAE latent variables, zero
will be fed during generation to retrieve the most well-trained ac-
tions, enhancing the stability of the policy output. As for the style
value, it will be manually provided by the user; larger inputs will
lead to more aggressive driving behaviors, aligning the actions
with the preferences of users. In summary, this structure can be
viewed as one in which the state of the environment determines
the base policy, while the user can intervene in the policy by
changing the style value, tailoring the action modalities to their
needs and thus improving the autonomous driving experience.

In using the Transformer decoder to output the policy, we
choose to output the planning trajectory, steering, throttle, and
brake commands for the ego vehicle as actions. To achieve this,
for each sampling moment in the dataset, both the control signals
at that moment and the future position of the ego vehicle are used
as supervision for training. After training, the policy will predict
the ego vehicle’s current control signals and future position. The
control signals are then executed by a simulation, and the future
trajectory is visualized. This leads to a loss function for action
fitting:

Lmae = E(x,a)∼D||â− a||1 (4)

Here, a is extracted from the dataset, containing both the tra-
jectory and the control signals, while â represents the predicted
actions from the model.

Therefore, the update of the neural network can be performed
in an end-to-end manner, and the overall loss function can be
expressed as follows:

L = Lmae + λ1Lp + λ2Lvae (5)

Here, λ1, λ2 is the weight coefficient for the preference learning
and VAE latent. A simplified diagram of the training process is
shown in Fig. 3.

Fig. 4. Our simulation engine utilizes the fast and convenient MetaDrive, with
data collection conducted through an Logitech G923 steering wheel and pedal.
Additionally, user style value inputs during testing are provided via a slider
implemented by PySimpleGUI library.

IV. EXPERIMENTS AND EVALUATION

Considering the potential risks of implementing highly ag-
gressive driving in physical vehicles, we collected diverse driv-
ing data within a driving simulator. We utilized MetaDrive [27],
a lightweight driving simulator capable of generating diverse
map roads and traffic flows, thus ensuring the dataset covers a
wide range of scenarios. MetaDrive also employs the Intelligent
Driver Model (IDM) for other vehicles, making that all trajecto-
ries in the dataset are generated in a closed-loop manner, which
is valuable for reflecting real-world driving conditions.

To record various human driving behaviors for preference
comparisons and closely mimic real-world driving scenarios, we
used the Logitech G923 steering wheel and pedal set as input for
the ego vehicle. The rotation angles of the steering wheel and the
throttle and brake of the pedal were assigned to the simulation
system. This semiphysical setup allows human participants to
behave as realistically as possible during data recording, thereby
minimizing the disparity between the simulation system and
real-world driving. This system is demonstrated in Fig. 4.

We instructed drivers collecting data to deliberately exhibit
diverse driving styles in the simulation to cover potential behav-
iors typical of everyday human driving. For example, during an
unprotected left turn, drivers might either proceed without slow-
ing down despite oncoming traffic or wait at the intersection until
other vehicles have passed. Similarly, on a straight road, drivers
might choose to follow a slow-moving vehicle or overtake it.
This diversity in behavior increases the likelihood of generat-
ing effective comparisons in preference learning, thus aiding
in the learning of style values. Moreover, to facilitate testing
and comparison of experimental results, the style values of the
trained model were scaled to the range [−1, 1]. A style value of
0 represents the regular driving behaviors, while negative values
indicate conservative behavior and positive values represent
aggressive behavior. Thus, larger style values correspond to
more aggressive behavior specifications.

To validate the performance of our algorithm and compare
it with other methods, we conducted three sets of experiments:
(A) Style Value Behavior Evaluation where trajectory planning
results of the STAGE method in representative road scenarios are
analyzed. This experiment verifies that the model’s behavior is
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Fig. 5. The results of the STAGE model in three typical scenarios are shown.
The “s” following the subheading represents the style value used in this case.
In each figure, the yellow rectangle represents the position of the ego vehicle,
blue boxes represent the positions of other vehicles, and the respective trails
indicate the historical movements of the vehicles. The red dotted line represents
the planned trajectory of the ego vehicle over the next 1 s, and a longer dotted line
indicates that the ego vehicle will have a higher speed in the future. From left to
right, the style value setting increases sequentially, and from top to bottom, the
scenarios are as follows: left turn at an intersection, right turn at an intersection,
and overtaking on a straight road.

controlled by the style value and qualitative aligned with human
intent; (B) Style Value Alignment Evaluation, which compares
the functionality of STAGE with various advanced methods in
terms of style values and contrasts the style alignment results of
STAGE with discrete style trajectory generation strategies. The
results demonstrate that our method achieves the best driving
style alignment capability; (C) Safety Evaluation, which ana-
lyzes the enhancement of driving safety through action modality
learning, based on the average safe driving distance and the
aggressiveness of throttle control commands.

A. Style Value Behavior Evaluation

We demonstrated the STAGE algorithm across several rep-
resentative scenarios generated by simulator, including straight
driving, left and right turns at intersections, as shown in Fig. 5.
Within these scenarios, we showcased how users can generate
different behavior planning for the ego vehicle by adjusting the
style value. Furthermore, since the traffic flow in these scenarios
is generated randomly, the autonomous driving behaviors ob-
served here further indicate that our method possesses a certain
level of generalizability.

A comparison of the results in (a), (b), and (c) reveals that in
the unprotected left-turn scenario, the style value directly influ-
ences the length of the planned trajectory. Larger style values

TABLE I
COMPARISON OF STAGE WITH OTHER REPRESENTATIVE METHODS

result in trajectories with higher future speeds, aligning with
human understanding of driving aggressiveness. Additionally,
in Figures (d), (e), and (f), it can be observed that different style
values sometimes influence the lane into which the vehicle turns
during a right turn. We believe this is because the model con-
siders the motion capability constraints allowed by the vehicle’s
speed when making decisions, thereby reflecting the potential
relationship between the style value and driving aggressive-
ness. And, due to the presence of numerous nearby vehicles,
the generated trajectories are relatively conservative to avoid
collisions with surrounding vehicles. Finally, in Figures (g), (h),
and (i), the policy with low style values exhibits characteristics
such as maintaining the same speed as other vehicles or waiting
behind for other vehicles to pass. In contrast, the policy with high
style values generates trajectories that overtake other vehicles.
This indicates that higher style values result in more aggressive
driving behaviors when interacting with other vehicles.

In summary, these validations demonstrate that the STAGE
has the capability to generate style trajectories that align with
human user understand of aggressiveness. This makes au-
tonomous driving behaviors more consistent with human inten-
tions, thereby reducing distrust in autonomous driving systems.

B. Style Value Alignment Evaluation

We validate the uniqueness of the STAGE method by com-
paring its functionality with various advanced approaches.
Specifically, we include several methods from the field of
driving style policy generation, such as DETR-based Be-
havioral Cloning (BC) [28], Generative Adversarial Imitation
Learning (GAIL) [11], Conditional Variational Autoencoder
(CVAE) [29], CVAE with Discrete Style (CVAE+Discrete
Style) [25], [30], and a variant of the STAGE method constructed
by removing the CVAE component: Imitation Learning with
Preference-Based Style (BC+Preference Style). Their functional
comparison is presented in Table I. The table evaluates these
methods based on the controllability and continuity of driving
styles. We find that existing methods fail to satisfy both crite-
ria simultaneously, thereby hindering progress in style driving
trajectory generation. In contrast, the proposed STAGE method
and its variant achieve both functionalities concurrently, reveal-
ing the significant potential of applying preference learning to
driving style learning.

To further compare the effectiveness of style alignment, we
contrast STAGE with a representative discrete style trajectory
generation strategy. Initially, human driving data is collected,
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Fig. 6. The style value alignment comparison results are presented. The style
value sequence of the human policy (green dashed line) was compared to the
style value sequence of the STAGE policy (blue solid line) and CVAE+Discrete
Style policy (orange dashed line). Spearman correlation coefficient R2 is used
to measure the extent to which the two methods approximate human driving
styles.

and the style value sequence is calculated based on STAGE’s
style value module, serving as the style benchmark. Subse-
quently, this sequence is input into both the STAGE model
and the discrete style CVAE model to generate new driving
trajectories. The style values of the generated trajectories are
then evaluated using their respective style value modules as the
outcome of driving style imitation. In this process, the style
values of the STAGE method are normalized to the range [−1, 1],
while the discrete three-category style values (conservative,
moderate, and aggressive) are mapped to −1, 0, 1. Finally, the
Spearman correlation coefficient (R2) is used as a measure of
similarity to the style value benchmark, where a value closer
to 1 indicates better style imitation performance. Fig. 6 presents
the experimental results of style value alignment, showing that
the R2 of the STAGE is closer to 1, demonstrating a superior
reproduction of human intent style values. Additionally, discrete
styles often exhibit short-term abrupt changes, leading to insta-
bility in the driving process. This suggests that continuous style
representation facilitates the alignment of autonomous driving
style with human driving styles.

C. Safety Evaluation

We will use the safety evaluation of the different policy
to illustrate the advantages of our proposed action modality
architecture. We defined the Average Completion Rate met-
ric, which represents the mean and standard deviation of the

Fig. 7. The figure illustrates a comparison of driving comfort derived from
throttle and brake control signals. In the figure, brake values range from [−1, 0],
while throttle values range from [0, 1]. Frequent braking and extreme accel-
eration can cause discomfort to the driver, thereby reducing trust in the safety
of autonomous driving. A good driver typically maintains a steady speed with
minimal throttle input.

percentage of mileage safely completed by the policy across
20 randomly generated driving scenarios in simulation. Table I
lists the performance results of various methods, with BC and
GAIL methods scoring the lowest due to their lack of explicit
learning of action modalities. Next is the preference-based BC,
which captures some action modalities based on aggressiveness
scoring rules but misses style-independent action modalities, re-
sulting in suboptimal driving safety. Methods incorporating the
CVAE architecture (CVAE, CVAE+Discrete Style, and STAGE)
achieve the best results, indicating that the CVAE architecture
excels at capturing the action distribution in driving datasets.
Furthermore, for methods that allow human driver interven-
tion in the driving process, STAGE and CVAE+Discrete Style
achieve similarly superior performance. This highlights the role
of human drivers in autonomous driving systems, enhancing
safety by controlling the driving style dynamically.

On the other hand, statistics of control signals can demonstrate
that style learning within action modalities enhances driving
safety by improving driving comfort. Fig. 7 presents the statistics
of throttle and brake usage during driving. It is evident that
GAIL, BC, and CVAE, which lack driving style learning, exhibit
a higher proportion of heavy throttle behavior. Additionally,
the BC and CVAE methods show the most frequent braking
actions, indicating poor learning of action modalities and a
tendency to switch between various action modalities, resulting
in more frequent acceleration and deceleration behaviors. In
contrast, the STAGE method with continuous style values and
BC+Preference Style both exhibit fewer braking actions and
less extreme acceleration. They typically employ light throttle
for driving, thereby enhancing the driver’s experience and im-
proving driving safety.

V. CONCLUSION

We present STAGE, a human-machine collaborative driving
system that generates trajectories based on driving style values.
Built upon a multimodal imitation learning framework, STAGE
employs a compressed encoding structure to capture action
modalities, which are then decomposed into two components:
driving style preferences and VAE latent variables. Driving style
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preferences are learned through aggressive scoring rules. The re-
sulting style values go beyond the coarse-grained classification-
based driving style recognition of previous methods, enabling
fine-grained and monotonic correspondence to driving behav-
iors. And during execution, the human driver inputs a style value
as a condition for human-like trajectory generation, enabling a
low attention cost, human-intended self driving paradigm.

However, this work has several limitations. One notable chal-
lenge is aligning styles across different traffic scenarios. As
observed in Fig. 5, driving trajectories generated with the same
style value in different road scenarios may be perceived by
the same driver as exhibiting varying levels of aggressiveness.
For instance, the same style value could correspond to fully
accelerating at the starting point or making a slow turn at an
intersection. This discrepancy may require drivers to frequently
adjust the style value across scenarios to meet their dynamic
preferences. Addressing this issue may involve designing more
comprehensive aggression scoring mechanisms that consider
diverse driving scenarios. Another limitation is how to effi-
ciently learn multidimensional style values. As mentioned in
Section III.A, while our method can theoretically be extended
to more driving characteristics, learning a style value vector
requires a larger data scale to accommodate combinations across
dimensions, a condition we currently do not meet. Therefore,
exploring more efficient style representation methods, such as
natural language, would be beneficial. This approach can also
be better integrated with the widely used VLA methods, thereby
enhancing the safety of model-driven driving. This challenge
presents intriguing directions for future research.
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