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ABSTRACT: Trajectory prediction is a critical task in autonomous driving systems. It enables vehicles to anticipate
the future movements of surrounding traffic participants, which facilitates safe and human-like decision-making in the
planning and control layers. However, most existing approaches rely on end-to-end deep learning architectures that
overlook the influence of driving style on trajectory prediction. These methods often lack explicit modeling of semantic
driving behavior and effective interaction mechanisms, leading to potentially unrealistic predictions. To address these
limitations, we propose the Driving Style Guided Trajectory Prediction framework (DSG-TP), which incorporates a
probabilistic representation of driving style into trajectory prediction. Our approach enhances the model’s ability to
interact with vehicle behavior characteristics in complex traffic scenarios, significantly improving prediction reliability
in critical decision-making situations by incorporating the driving style recognition module. Experimental evaluations
on the Argoverse 1 dataset demonstrate that our method outperforms existing approaches in both prediction accuracy
and computational efficiency. Through extensive ablation studies, we further validate the contribution of each module
to overall performance. Notably, in decision-sensitive scenarios, DSG-TP more accurately captures vehicle behavior
patterns and generates trajectory predictions that align with different driving styles, providing crucial support for safe
decision-making in autonomous driving systems.
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1 Introduction
In autonomous driving systems, accurate trajectory prediction is one of the core tasks [1], enabling

vehicles to predict the future trajectories of surrounding traffic participants. This allows the planning and
decision-making layers to make safe decisions that align with human driving habits. In complex dynamic
urban traffic environments, trajectory prediction requires accurate and efficient modeling of complex
spatiotemporal interactions between traffic participants, road topology, semantic information, and various
driving behaviors [2].

Endsley’s Situation Awareness Theory [3] conceptualizes the driving process into three hierarchical
levels: perception, comprehension, and projection. Achieving accurate trajectory prediction requires a
comprehensive understanding of the driving environment, including the intentions of surrounding vehicles
and constraints imposed by road structures. As shown in Fig. 1, when a vehicle ahead is moving slowly,
aggressive drivers will choose to change lanes, while cautious drivers tend to slow down and wait for vehicles
behind to pass before changing lanes. This demonstrates that differences in personal habits and driving styles
are crucial for precise trajectory prediction.
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Figure 1: Vehicles with different driving styles may adopt distinct strategies in the same scenario. When the leading
vehicle slows down, as shown in (a), cautious drivers typically decelerate and maintain a safe distance rather than
overtaking immediately. In contrast, an aggressive driver, as shown in (b), is more likely to execute a sudden lane change
to overtake quickly

Additionally, in engineering applications, trajectory prediction needs to be deployed in onboard
processors to process large amounts of data from numerous traffic participants in real-time. Therefore,
algorithmic efficiency is particularly important.

In recent years, deep learning methods have rapidly advanced trajectory prediction by encoding agent
interactions and map semantic information [2]. However, while most approaches effectively capture high-
level semantics and driving intentions by encoding vehicle trajectories and environmental interactions [4–6],
end-to-end networks directly transform historical trajectories into future predictions, their opaque nature
makes internal processes uninterpretable, obscuring the behavioral logic behind predictions. In critical
scenarios like intersections and overtaking, providing causal connections and semantic information is
crucial for safe autonomous driving decisions [7–9]. Analysis of the most challenging 20% of prediction
scenarios in our baseline reveals that vehicles in similar situations often exhibit different driving styles. Our
experimental analysis of these vehicles’ historical trajectories confirms significant distinctions in driving
behavior characteristics, highlighting the importance of style-aware prediction.

On the other hand, the Transformer architecture, owing to its powerful attention mechanism [10],
has been widely adopted across various domains, including natural language processing [11,12]. However,
when modeling large-scale spatiotemporal interactions between nodes in trajectory prediction tasks, the
computational demands increase rapidly. For N nodes, the complexity reaches O(N2T2), significantly
increasing the burden on vehicle-mounted mobile devices.

To address these challenges, we introduce the Driving Style-Guided Trajectory Prediction framework
(DSG-TP): a novel trajectory prediction approach that integrates driving style recognition with factorized
attention mechanisms. DSG-TP adopts a deep learning architecture with an efficient and lightweight design,
aiming to balance model capacity and computational overhead. It provides accurate and diverse trajectory
predictions for SAE L1–L5 levels of autonomous driving [13]. Its high-efficiency nature makes it especially
suitable for deployment on in-vehicle computing platforms, meeting the real-time requirements of L3
and higher autonomy levels. Our model identifies driving behavior characteristics from different vehicles’
trajectories and incorporates them into vehicle-environment interactions, ultimately combining the driving
style information to predict future trajectories. Furthermore, a vehicle’s driving style essentially represents
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probabilistic differences in its motion states. By explicitly recognizing driving styles within the network
as decisive factors for trajectory prediction, the model can identify heterogeneous driving behaviors in
similar scenarios, improve trajectory prediction accuracy in complex scenarios, and ensure consistency
between observed behavioral patterns and predicted vehicle paths. Simultaneously, our model’s multi-modal
trajectory predictions coupled with driving style information provide semantic insights about vehicles’
driving habits and decision patterns for the decision-making layer.

In terms of model design, we use factorized attention [14,15] to design a lightweight architecture
that decomposes the original global spatiotemporal interaction into spatial, temporal, and environmental
interaction modules. A local neighborhood partitioning method similar to [16] was adopted. This reduces
computational complexity from O((NT + L)2) to O(NT2 + TNk + Nl), where k and l represent the
number of agents and lanes in the local neighborhood.

Our approach combines behavioral semantics with efficient interaction modeling, trained and eval-
uated on the Argoverse [17] dataset, achieving efficient real-time inference in dense traffic scenarios.
The lightweight model is suitable for autonomous driving systems with high real-time requirements.
Additionally, the model predicts trajectories and outputs driving style information. This is crucial for safe
decision-making by autonomous vehicles in complex situations, helping to better address potential risks
from different driving behaviors. The main contributions of this paper are:

• We propose a trajectory prediction model guided by vehicle driving styles, using probabilistically
represented driving style labels as a key factor, mimicking human drivers’ decision-making processes.
Experiments demonstrate that this method significantly improves prediction accuracy in complex traffic
scenarios. Moreover, the predicted trajectories are physically consistent with driver behavior.

• The factorized attention mechanism optimizes data interaction efficiency in large-scale spatiotemporal
scenes. Compared to naive attention designs, the model’s efficiency and inference speed are notably
improved, ensuring real-time performance and efficiency on vehicle-mounted terminals.

2 Related Work

2.1 Efficient Interaction Modeling for Trajectory Prediction
In the field of autonomous driving, deep learning methods have gradually become the mainstream

approach for trajectory prediction. Compared to traditional rule-based and machine learning methods,
deep learning performs better when facing complex dynamic traffic environments [18,19]. Long Short-Term
Memory (LSTM) networks [20], due to their ability to capture long-term dependencies, are suitable for the
sequential modeling of vehicle trajectories. Furthermore, a social pooling module was introduced into the
LSTM architecture, enabling the model to consider interaction information from surrounding vehicles [21].
Graph Neural Networks (GNNs), Generative Adversarial Networks (GANs), and hybrid CNN-LSTM models
have also been applied in the trajectory prediction field [22–24]. At the same time, attention mechanisms [10],
known for their ability to capture global dependencies in parallel, have expanded from speech recognition
and natural language processing to the trajectory prediction domain.

In multi-vehicle interaction scenarios, attention mechanisms can understand complex spatiotemporal
relationships in scene contexts, significantly improving prediction performance, such as Transformer-based
architectures [25] and [26]. These methods adopt multi-head attention mechanisms, allowing models to
more precisely model spatiotemporal interaction relationships. However, in complex urban traffic scenarios
with numerous traffic participants, flattening high-dimensional data leads to excessively long sequences,
causing the computational cost of attention mechanisms to surge. An approach was proposed to limit each
attention operation to a single axis to reduce computational costs and apply this technique to autoregressive
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generative modeling of images [14]. A similar approach was used when building attention-based classifiers
by factorizing the spatial and temporal dimensions of video inputs [15].

Our method adopts a similar factorized attention mechanism. By decomposing spatiotemporal atten-
tion calculations, we process spatial, temporal, and road information interactions in this way. Additionally,
we handle vehicle-road information interactions within local neighborhoods, reducing global interaction
complexity from higher-order relationships to linear relationships.

2.2 Driving Style Recognition
Driving style reflects drivers’ personalized behavioral preferences in the same scenario (such as

aggressive overtaking or conservative following), which is one of the important reference factors for human
drivers to predict the behavior of other vehicles [27,28]. Early research classified styles through rule-based
systems [29–31], but these methods relied on manually designed features and had limited generalization
ability. Machine learning-based methods can be divided into unsupervised clustering [32,33] and supervised
classification [34,35], with the former lacking interpretability and the latter limited by annotation costs.
Recent research has attempted to combine these methods, for example, by improving recognition perfor-
mance by combining K-means clustering with support vector machines [36], but these methods do not
consider the uncertainty and time-varying nature of driving styles in complex environments.

Zhang et al. [37] extracted vehicle Driving Operation Panorama (DOP) and implicitly modeled driving
styles using Convolutional Neural Networks (CNNs) to assist with vehicle lane-changing decisions. However,
implicit style modeling makes internal model information difficult to observe and evaluate. Wang et al. [38]
used transformers to model vehicle behavior, with the decoder generating three-dimensional one-hot driving
style labels (aggressive, smooth, conservative) trained based on K-means clustering results. However, one-
hot labels cannot refine the multi-modal features and temporality of driving styles in complex scenarios, and
K-means clustering assigns data points to fixed clusters, which is not suitable for the inherent fuzziness and
uncertainty of driving styles.

In our work, we first use a Gaussian Mixture Model (GMM) to cluster the kinematic features of historical
trajectories in the dataset. Unlike k-means, the GMM provides a probabilistic representation, assigning
each data point a likelihood of belonging to different clusters. This allows us to generate a probabilistic
representation of driving style labels, which are then used as supervised signals in the model output to guide
training. Our model employs a two-stage approach to driving style prediction. The first stage uses Attention-
LSTM to recognize the vehicle’s initial behavioral tendencies, which helps direct the learning of subsequent
features. Subsequently, we combine this with environmental interactions to output multimodal driving style
information. This approach enables a more accurate identification of the driver’s behavioral characteristics.
The probabilistic representation captures the overlapping nature of real driving styles, while the multimodal
results reflect the inherent uncertainty in actual driving behavior.

2.3 Multimodal Trajectory Prediction
Human behavior is inherently multimodal and uncertain: given historical trajectories and surrounding

environmental information, an agent may have multiple reasonable future trajectories. Multimodal trajectory
prediction generates multiple plausible future paths that account for vehicles’ uncertain intentions and
environmental changes. By providing a set of potential trajectories rather than a single prediction, this
approach enables autonomous driving systems to make more informed and robust decisions [39].

Generative Adversarial Networks encourage the model to produce diverse trajectories through an
adversarial loss function. However, they are sensitive to map resolution and incur significant computational
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costs [22,40]. Conditional Variational Autoencoders (CVAE) generate diverse predictions by maximizing
the evidence lower bound of the feature distribution, allowing better control over the latent distribution.
However, sampling in the latent space can result in predictions that lack temporal correlation and struggle
to capture dynamic changes in complex scenarios [41,42].

In our approach, similar to [43], we parameterize multimodal future trajectories as a Laplace mixture
distribution. Unlike Gaussian mixture density networks, the Laplace distribution has heavier tails, enabling
it to handle extreme events and outliers (sudden lane changes, hard braking) that occur in dynamic
traffic scenarios.

3 Method

3.1 Overview
Our model is trained and tested using the Argoverse 1 dataset, which includes 324,557 traffic scenarios,

each containing 5-second vehicle trajectories and map information sampled at 10 Hz. The prediction
framework utilizes 2-second historical observations to predict 3-second future trajectories. The model
architecture follows an Encoder-Decoder structure, generating multimodal predicted trajectories for all
vehicles in each scene in parallel.

As illustrated in Fig. 2, the model consists of several components: driving behavior recognition, spatio-
temporal interaction, multimodal fusion, global interaction, driving style decoder, and trajectory decoder.
First, we extract kinematic features related to driving styles from vehicle trajectory data and utilize Attention-
LSTM to capture driving behavior features. These are then integrated with the agent’s features, enabling the
model to more accurately capture dynamic driving behavior. Next, the model interacts with neighboring
vehicles’ motion state, lane topology, and semantic features, allowing it to learn the spatial, temporal,
and semantic information of the surrounding environment. Global information is incorporated after local
interactions with all vehicles, capturing long-range relationships from a broader perspective. The Feature-
wise Linear Modulation (FiLM) [44] was introduced to modulate local features with driving behavior
features, and then integrates global features, which are used to predict multimodal driving styles through an
MLP. Finally, the fused multimodal driving style predictions, along with local and global interaction features,
are combined for multimodal trajectory prediction using the Final Decoder.

3.2 Scene Representation
The Argoverse dataset provides trajectory data for multiple vehicles in each scenario, along with scene

map data in vector form as input to the model. Scene-centered representation helps the model learn
information about the relative poses between vehicles, while an ego-vehicle perspective helps preserve
local motion characteristics. We convert the original global coordinates to perspectives centered on each
vehicle, simultaneously leveraging the advantages of both ego-vehicle and global perspectives in our model
to combine their strengths.
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Figure 2: Architecture of DSG-TP. The model takes vehicle historical trajectories and map information as input,
and outputs multi-modal future trajectories with corresponding driving styles. Film denotes Feature-wise Linear
Modulation, which is used to fuse the driving features and local features. The DS decoder and Final decoder are
responsible for generating the multi-modal driving styles and future trajectories, respectively, with different colors used
to distinguish each mode

Within the same scene, cm represents the map environment vector of that scene. For vehicle i, we
transform the original global trajectory coordinates into ego-vehicle perspective centered on that vehicle:
pl

i ,t . To extract interaction features between agent i and surrounding vehicles, we first encode the state of
agent i by inputting its position pl

i ,t at the current time step t into a multilayer perceptron (MLP). Then, we
use a similar encoding method to obtain nt

i j, which represents the interaction information between agent i
and vehicle j, including their relative motion. The detailed process is as follows:

st
i = MLPtraj ([pl

i ,t]) (1)

nt
i j = MLPneigh ([pl

j ,t ; pl
j ,t − pl

i ,t]) (2)

Here, MLPtraj is structured as two (Linear → LayerNorm → ReLU) blocks. The MLPneigh uses two
identical blocks to embed the input components separately, sums their outputs, and then applies an
aggregation block (LayerNorm → ReLU → Linear → LayerNorm).

3.3 Driving Style Pre-Clustering
To initialize driving style labels for model supervision, we extract kinematic features from filtered

trajectories and apply a Gaussian Mixture Model (GMM). Following the study on kinematic feature-based
driving style clustering by [45], we select four key features that effectively distinguish different driving styles.
For each agent i’s trajectory pl

i ,t , we use an Extended Kalman Filter (EKF) to estimate its kinematic state:
Xi = EKF(pl

i ,t). Where Xi = [pt , vt , at , jt]⊺, here, pt , vt , at and jt represent position, velocity, acceleration,
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and jerk, respectively. Four key features are calculated for each agent: fi = [v̄ i , ā+i , ā−i , σj y]
⊺. Where v̄ i is mean

speed, ā+i and ā−i are mean accelerations and deceleration, and σj y is lateral jerk STD. The dataset’s feature
matrix F = [ f1 , . . . , fN] ∈ RN×4 is clustered using a Gaussian Mixture Model (GMM). After clustering, the
probability of each feature vector fi belonging to each cluster is given by the following formula:

p( fi) =
B
∑
k=1

πkN( fi ∣μk , Σk) (3)

where B represents the number of clusters, and πk denotes the probability that agent i belongs to cluster k. μk
and Σk are the mean vector and covariance matrix of the k-th Gaussian component, respectively. In the work
of [46]and [47], an analysis of the Akaike Information Criterion (AIC) and Bayesian Information Criterion
(BIC) for different cluster sizes revealed that the optimal number of clusters for characterizing driving styles
is 3, as it minimizes both the AIC and BIC values. Accordingly, we categorize driving behaviors into three
representative styles: conservative, moderate, and aggressive.

3.4 Driving Behavior Recognition
The goal of the Driving Behavior Recognition module is to process the relevant kinematic features from

the vehicle trajectory to extract the semantic information related to the vehicle’s driving behavior. For agent
i, pl

i ,t (t ∈ {0, 19}) denotes its historical trajectory sequence, and its kinematic states are estimated using
the Extended Kalman Filter (EKF): Xi = [pt , vt , at , jt]⊺. Here, pt , vt , at , and jt represent position, velocity,
acceleration, and jerk, respectively. The purpose of extracting these features is to alleviate computational load
by allowing the model to focus on the key information and avoid the interference of irrelevant features.

The advantage of the attention mechanism lies in its ability to dynamically select important features,
allowing the model to focus on the most critical parts of the sequence. While LSTM excels at capturing
temporal dependencies, the attention mechanism further enhances this capability by allowing the model to
effectively concentrate on the crucial time steps in the sequence.

Therefore, we first use the LSTM to map these input features to the hidden state space, generating
the hidden state sequence H = [h0, h1 , . . . , hT−1], where ht ∈ Rh is the hidden state at time step t. Next, a
soft attention mechanism is applied to help the model focus on the important segments of the sequence,
improving its understanding of the driving behavior.

αt = Softmax{Wa ⋅ ht + ba} (4)

ci =
T−1
∑
t=0

αt ⋅ ht (5)

The resulting context vector ci is then passed through three layers of LSTM and MLP to further extract
temporal sequence features. Finally, we obtain the driving behavior feature bi ∈ Rd for agent i.

3.5 Vehicle-Environment Interaction
3.5.1 Factorized Attention

To improve computational efficiency in multi-agent trajectory prediction, we adopt a factorized atten-
tion architecture that decomposes interactions into spatial, temporal, and agent-lane dimensions. Let N, T,
and L denote the number of agents, historical time steps, and lane segments, respectively.
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For temporal modeling, each agent attends to its own T-step history, leading to a complexity ofO(NT2).
For spatial interaction, we restrict agent-agent interactions to k local neighbors at each time step, resulting
in O(TNk). For agent-lane attention, we limit to l nearby lanes per agent, contributing O(Nl). Thus, the
total local interaction complexity is: O(NT2 + TNk + Nl).

This is significantly more efficient than the original dense attention of O((NT + L)2) used in some
previous methods [25,26]. Our design follows a hierarchical attention strategy similar to [4,43] and preserves
key interaction patterns with reduced computation.

For agent i at time step t, the spatial interaction with other vehicles in the local area is calculated at
the same time. Since vehicles with different driving behaviors correspond to different interaction patterns,
driving behavior features are included as part of the query. The query, key, and value matrices are:

Qi = WQ[st
i , bi], Ki j = WK nt

i j , Vi j = WV nt
i j ,∀ j ∈N(i) (6)

where N(i) represents the set of vehicles in agent i’s local neighborhood, with the interaction radius
controlled by hyperparameter r. [st

i , bi] denotes the encoding that incorporates driving behavioral features
and positional states, and nt

i j represents the relative position encoding with agent j.
Environmental context is incorporated using gated attention weights, which are multiplied with

attention scores to amplify the weights of key interactions. The final local spatial features for agent i are
obtained as:

ŝ t
i = ∑ Softmax

⎛
⎝

Qi KT
i j√

dk

⎞
⎠

Vi j ⊙ σ (Wg[st
i , nt

i j]) , j ∈N(i) (7)

where σ represents the sigmoid activation function, and ⊙ represents the Hadamard product.
The spatial features of agent i are calculated at each time step: ŝ t

i , yielding the sequence Ŝi = {ŝ t
i ∣ t ∈ T},

where T represents the total number of time steps. To capture features at various temporal scales, such as
short-term fluctuations and long-term trends, a multi-head attention mechanism is applied to these temporal
features. The computation for each attention head proceeds as:

Z(i) = softmax(Q(i)(K(i))T
√

dh
+ Mtemp)V (i) (8)

Here, the query Q(i), key K(i), and value V (i) are obtained through linear transformations of the spatial
feature sequence Ŝi . The matrix Mtemp is a temporal mask matrix, ensuring that the attention mechanism
only focuses on past time steps, thereby preserving the inherent causality in temporal data.

A multilayer perceptron (MLP) maps the MHA output to the local spatiotemporal features of agent i:

zi = MLP [MHA(Ŝi)] (9)

Residual connections and layer normalization are added during training to enhance stability and
improve the model’s generalization ability.

3.5.2 Agent-Lane Interaction
The map encoding features include lane topology and semantic information critical to vehicle behavior.

Therefore, it is necessary to perform cross-modal interaction between the agent’s spatiotemporal features zi
and map encoding li . We achieve this by mapping zi to a query vector and li to key and value vectors. For
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lane segments within the interaction area of agent i, the following map feature encoding is applied. Then,
we use a cross-attention mechanism to model the interaction between these two modalities, generating the
multi-modal fusion features for agent i:

li = MLPlane ([zi ; cm]) ; ẑ i = MLP [MHA(zi , li)] (10)

3.5.3 Global Interaction
To capture global dependencies across local regions, a global interaction module is designed. For agents

i and j, their global position coordinates and heading angle difference at time step t are represented as
pw

i ,t , pw
j ,t ∈ R2, Δθi j = θ j − θi . Their geometric relationship is encoded as relative position encoding (RPE):

ei j = MLPrel [(pw
j − pw

i ), cos Δθi j , sin Δθi j] (11)

Using ẑ i as the query, and concatenating ẑ j and ei j as keys and values:

Qi = Wglobal
Q ẑi , Ki j = Wglobal

K [ẑ j; ei j], Vi j = Wglobal
V [ẑ j; ei j] (12)

Long-range information is captured through the aforementioned spatial attention computation to
interact with each agent from a global perspective, obtaining the global interaction features for agent i: zg

i .

3.6 Decoder
3.6.1 Driving Style Decoder

Since local features vary across different driving behaviors, Feature-wise Linear Modulation (FiLM) [44]
is introduced to dynamically adjust their representation. FiLM is a conditioning mechanism that modulates
neural network activations through affine transformations, allowing local features to adaptively respond to
driving behaviors:

zl
i = FiLM(ẑ i , bi) + ẑ i ; FiLM(ẑ i , bi) = γ(bi) ⊙ ẑ i + β(bi) (13)

where bi represents the driving behavior feature, and γ(bi) and β(bi) are the corresponding scaling factor
and bias. Unlike traditional concatenation approaches, FiLM enables more efficient feature modulation with
fewer parameters while providing stronger conditional influence over the network. Residual connections are
incorporated to stabilize training and mitigate gradient vanishing, yielding the final local feature zl

i .
Local features are then fused with global features to integrate fine-grained local interactions with scene-

level global context:

hc
i = MLP ([zl

i ; zg
i ]) (14)

A multilayer perceptron decodes hc
i , outputting driving style probabilities for k modalities: Di ∈

R
k×N×3. For each agent i, Dm

i represents the probabilities of cautious, moderate, and aggressive behavior for
modality m.

3.6.2 Final Prediction
In the final stage, the k-modal driving style representations produced by the driving style decoder are

combined with local encodings and global interaction features to serve as input for the trajectory generation
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decoder. By explicitly conditioning on driving style, the model enforces stronger physical constraints during
trajectory generation. As a result, k distinct trajectory predictions are produced in a single forward pass.

Given that predicted vehicle trajectories often exhibit sharp peaks and heavy tails, a Laplacian distribu-
tion is employed to model each mode. The multi-modal prediction output is thus represented as a mixture
of k Laplacian distributions, each corresponding to a unique parameterization aligned with one modality.

To fuse style and contextual features, the vectors Dm
i , zl

i , and zg
i are aligned in dimension and

concatenated. This fusion is implemented through the following transformation:

Fi = MLP([Di ; zl
i ; zg

i ]) (15)

The decoder architecture follows the ADAPT [48], which enhances prediction quality by refining
endpoint estimates. In the initial stage, rough endpoints are predicted using an MLP. These are then
refined through an additional MLP-based process, improving spatial accuracy. Intermediate trajectory
points are generated separately, also via an MLP network. Prediction uncertainty is estimated through a
Softplus activation layer, while mode probabilities (mixture coefficients) are produced by another MLP and
normalized using a Softmax function.

The final output trajectory integrates the predicted points, refined endpoints, and their corresponding
uncertainties. This output is represented as Ym

i = [ŷm
t , um

t ], where ŷm
t ∈ R2 and um

t ∈ R2 denote the predicted
coordinates and uncertainty of agent i under modality m.

The time complexity of Algorithm 1 isO(kND2 + kNTp), dominated by the MLP computations, where
N is the number of agents, k the number of modes, D the hidden dimension, and Tp the prediction horizon.

Algorithm 1: Final prediction
Require: Final features F ∈ Rk×N×D , where k is the number of modes, N is the number of agents, and D is

the hidden dimension
Ensure: Predicted trajectory and uncertainty Y ∈ Rk×N×30×4, mixture coefficients π ∈ Rk×N

1: E ← MLPend(F) ⊳ Predict endpoint
2: O ← MLPrefine(F, E) ⊳ Refine endpoint
3: E ← E + O ⊳ Refine endpoint
4: T ← MLPtraj(F, E) ⊳ Predict intermediate trajectory points
5: U ← Softplus(MLPscale(F)) + 1.0 ⊳ Predict uncertainty
6: π ← Softmax(MLPc l s[F]) ⊳ Generate mixture coefficients
7: Y ← Concat(T, E, U)
8: return Y; π

3.7 Model Training
During the training phase, to constrain the consistency between generated trajectories and their

corresponding driving styles, we first determine an optimal modality. For agent i, the optimal mode m∗i is
calculated as follows:

m∗i = arg min
m∈{1, . . . ,k}

{(1 − α)
T
∑
t=1

∥ ŷm
t − yt∥2 + αDKL (Dm

i ∥p( fi))} (16)
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The term ∑T
t=1 ∥ ŷm

t − yt∥2 denotes the L2 error between the predicted trajectory and the corresponding
ground truth. To measure the divergence between the predicted driving style distribution Dm

i and the GMM-
generated pseudo-labels p( fi), the KL divergence DKL (Dm

i ∥p( fi)) is employed, quantifying deviation from
the expected driving behavior.

The hyperparameter α is fine-tuned to ensure that the selected optimal mode m∗i achieves a balance
between trajectory accuracy and consistency with driving style. Losses are computed separately for the
selected mode in terms of trajectory regression and driving style matching, reinforcing the alignment of
predicted motions with the physical patterns encoded by their respective driving styles.

For the selected mode m∗i , the trajectory is modeled as a Laplacian distribution. The designed regression
loss penalizes overconfident uncertainty estimates while optimizing absolute positional errors, thereby
enhancing both prediction accuracy and robustness:

Lreg =
1
N ∑

i∈N
wi

T
∑
t=1

⎡⎢⎢⎢⎢⎣
log(2um∗i

t ) + ∥ ŷm∗i
t − yt∥1

um∗i
t

⎤⎥⎥⎥⎥⎦
(17)

where ŷm∗i
t denotes the predicted position, um∗i

t represents the associated uncertainty, and N is the number
of vehicles involved. To address the class imbalance problem identified in our dataset, we introduce a sample
weight wi that is inversely proportional to the frequency of the driving style class of sample i. This weighting
scheme ensures that the model pays more attention to underrepresented driving styles during training. All
logarithms use the natural base e.

The driving style loss aims to minimize the KL divergence between the predicted style distribution and
its corresponding GMM pseudo-label. These pseudo-labels serve as behavioral anchors for the driving style
decoder, constraining the predicted styles to remain consistent with the physical characteristics of observed
trajectories. Similarly, we apply class-based weighting to this loss term:

Lds =
1
N

N
∑
i=1

wi DKL (Dm∗
i ∥p( fi)) (18)

The optimal mode is selected by jointly minimizing trajectory errors and style discrepancies, formulated
as a weighted cross-entropy loss with soft assignments π̂i to train the mixture coefficients πi .

Lcls = − 1
N

N
∑
i=1

wi

k
∑
m=1

π̂m
i log πm

i (19)

The sample weight wi is calculated as:

wi =
N

B ⋅ Nbi

(20)

where N is the total number of samples, B is the number of driving style classes, and Nbi is the number
of samples in the driving style class to which sample i belongs. This weighting scheme effectively gives
higher importance to samples from underrepresented classes, mitigating the bias toward more prevalent
driving styles.

As mentioned in [22], variety loss can alleviate the problem of modal collapse. Finally, our training
objective includes three parts of the loss functions:

Loss = λ1Lreg + λ2Lds + λ3Lcls (21)
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λ1, λ2 and λ3 are adjustable hyperparameters.

4 Experiments

4.1 Dataset
This study employs the Argoverse 1 benchmark dataset, widely recognized in the autonomous driving

field, for model training and evaluation. The dataset contains 324,557 scenarios, each recording 5-second
vehicle trajectories and high-precision map information at a 10 Hz sampling rate. The prediction task
requires models to forecast 3-second motion trajectories based on 2 s of historical observation data. The
data distribution encompasses diverse driving scenarios, ensuring the model’s generalization capability. Our
experimental training, validation, and test sets contain 205,942, 39,472, and 78,143 scenarios, respectively.

4.2 Evaluation Metrics
This study uses widely accepted evaluation metrics for performance testing, including minimum Final

Displacement Error (minFDE), minimum Average Displacement Error (minADE), and Miss Rate (MR). The
minFDE and minADE quantify geometric deviations between predicted and actual trajectories, while MR
reflects the model’s accuracy in capturing target endpoint positions.

4.3 Implementation Details
The model employs advanced spatial-temporal interaction modeling methods. For the spatial dimen-

sion, the ego vehicle interacts with lanes and vehicles within a 50-meter radius. The driving behavior feature
dimension is set to 64. The number of attention heads in all modules is set to 8. The training framework was
deployed on an NVIDIA RTX 4090 Ti GPU platform with a batch size of 64 for 50 epochs. The optimization
strategy uses AdamW with initial learning rate, weight decay, and dropout rate set to 4 × 10−4, 5 × 10−4, and
0.3, respectively. Loss function weighting parameters were validated and set to λ1 = 0.7, λ2 = 0.1, λ3 = 0.2,
with the α for optimal modality set to 0.3. The model outputs multi-modal predictions with 6 modalities.

4.4 GMM Clustering Analysis
Due to the lack of driving style annotations in large-scale traffic datasets, this study employs Gaussian

Mixture Models (GMM) for unsupervised clustering of vehicle trajectory data to automatically extract driv-
ing style features and generate labels for training. We extracted average velocity, average acceleration, average
deceleration, and lateral jerk variance as kinematic features for clustering, constructing a multi-dimensional
feature space. By optimizing GMM parameters through the Expectation-Maximization (EM) algorithm,
driving behaviors were categorized into three representative style clusters: conservative, aggressive, and
moderate. The radar chart in Fig. 3 visually compares the normalized features across different driving styles.
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Figure 3: Radar chart visualizing normalized kinematic features across three driving styles: conservative (green),
moderate (blue), and aggressive (red)

To evaluate the quality and reliability of clustering results, we applied t-SNE [49] to downscale
high-dimensional features to 3D space for visualization. The t-SNE technique captures and maintains the
relative distance relationships among data points, exposing the underlying clustering structures within
high-dimensional feature spaces. As illustrated in Fig. 4, the feature distributions of distinct driving styles
exhibit clear separation. The visualization highlights the emergence of three well-defined clusters, each
corresponding to a specific driving style. This distinct partitioning within the reduced feature space reinforces
the efficacy of the GMM clustering approach in differentiating driving behaviors with precision.

Figure 4: The figure illustrates the GMM pre-clustering distribution of driving styles in the Argoverse dataset. The
t-SNE dimensionality reduction visualization is presented in (a). Panels (b) and (c) provide visualizations of different
sample feature distributions. The green, blue, and red sample points represent distinct driving styles: conservative,
moderate, and aggressive, respectively
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Table 1 details the statistical parameters of the three driving styles. Notably, lateral jerk variance is the
most significant feature dimension for distinguishing driving styles, showing order-of-magnitude differences
across the three behavior types. This parameter quantifies the smoothness of lane changes and lateral control
characteristics. Additionally, average acceleration and deceleration serve as important distinguishing indi-
cators, reflecting drivers’ power output preferences and braking behavior patterns. Average velocity reflects
overall behavioral preferences. The statistical clustering results clearly differentiate systematic variations
across driving styles in dimensions of speed control strategies, power response characteristics, braking habits,
and lane-changing behaviors.

Table 1: The table summarizes the statistical characteristics of three driving styles clustered by the GMM. The mixture
coefficient denotes the proportion of each style in the dataset. Speed/ACC/DEC Mean and STD refer to the mean and
standard deviation of speed, acceleration, and deceleration, respectively. Lateral jerk Mean and STD represent the mean
and standard deviation of lateral jerk

Styles Mixture
coefficient

Speed
mean

Speed
STD

ACC
Mean

ACC
STD

DEC
Mean

DEC
STD

Lateral
jerk

Mean

Lateral
jerk
STD

Conservative 0.42 7.08 3.50 0.47 0.17 0.30 0.11 13.48 7.45
Moderate 0.45 8.34 3.36 0.79 0.30 0.59 0.24 29.21 18.85
Aggressive 0.13 10.84 5.18 1.19 0.48 0.93 0.41 82.31 72.02

4.5 Analysis of Driving Style Influence in Different Traffic Scenarios
Based on the inference results of the baseline model, we selected several common traffic scenarios from

the top 20% most challenging scenes in the Argoverse validation set: straight lanes, intersection-through, left
turns, right turns, and lane changes. We then analyzed the driving styles of agents under these scenarios. As
shown in Table 2 and Fig. 5, in complex scenarios such as intersections and turning, drivers with different
habits exhibit more varied behaviors. In contrast, vehicle behavior on straight roads is more uniform, with the
smallest standard deviation in driving style. In lane change scenarios, vehicles often accelerate and decelerate
frequently, resulting in the highest average driving style value.

Table 2: Driving style statistics across different traffic scenarios (Top 20% Hard Cases in Argoverse 1 validation datasets)

Scenario type Sample count Mean Std dev
Straight Lane 1103 (13.8%) 0.4674 0.2412

Intersection Through 5703 (71.3%) 0.4078 0.2748
Left Turn 345 (4.3%) 0.3454 0.3153

Right Turn 306 (3.8%) 0.3864 0.3262
Lane Change 542 (6.8%) 0.5964 0.3520

Next, we conducted two sets of comparative experiments in these five scenarios. The first group used the
baseline model, while the second group employed DSG-TP for inference. As shown in Fig. 6, the prediction
performance of DSG-TP improved across all scenarios. In scenarios with significant variations in driving
style, DSG-TP achieved notable accuracy gains by effectively capturing style-related features. In lane-change
scenarios, ADE decreased by 20.1% and FDE decreased by 36.0%.
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Figure 5: This figure shows the statistical distribution of driving styles across different traffic scenarios. μ and
σ represent the mean and standard deviation of driving styles in each scenario, respectively. The driving style is
represented on a scale from 0 to 1, indicating conservative to aggressive behavior

Figure 6: Performance comparison: ADE&FDE across scenarios

5 Results
We compared our method with mainstream trajectory prediction algorithms on the Argoverse test

set, using evaluation metrics including minimum Final Displacement Error (minFDE), minimum Average
Displacement Error (minADE), and Miss Rate (MR). As shown in Table 3, our method ranks second
in all quantitative metrics, demonstrating stronger trajectory prediction capabilities compared to most
existing models. Our approach incorporates multimodal driving style information, allowing the generated
trajectories to better match various driving behaviors and reduce mode collapse in complex traffic situations.
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Table 3: Performance comparison of different methods on K = 6. Lower values indicate better performance. Bold
numbers denote the best performance in each column

Method Year minADE ↓ (K = 6) minFDE ↓ (K = 6) MR ↓ (K = 6)
LaneGCN [50] 2020 0.868 1.364 0.163
DenseTNT [51] 2021 0.882 1.282 0.126

Scene Transfomer [5] 2021 0.803 1.232 0.126
Wayformer [4] 2023 0.767 1.163 0.119

GANet [52] 2023 0.806 1.161 0.118
FFINet [53] 2024 0.761 1.121 0.112

DSG-TP – 0.772 1.145 0.116

Ablation Study
We conducted ablation experiments on the Argoverse 1 validation set to evaluate the impact of each

module on model performance. First, we removed the global interaction module, which made it difficult
for the model to capture cooperative relationships between vehicles due to the lack of global information
constraints, resulting in an overall decrease in trajectory prediction accuracy. Second, the multi-modal fusion
module allows vehicles to interact with lanes, traffic environment, and other information, enabling a more
comprehensive understanding of the driving scene. Experimental results show that this module played a
key role in improving prediction accuracy. The spatio-temporal interaction module is the most critical
component in almost all trajectory prediction models, as it captures dynamic features in both time and space
dimensions, ensuring that the model can generate reasonable trajectory distributions. After removing this
module, the model’s prediction capability significantly declined.

The improvement in overall performance of the Driving Behavior Recognition module was particularly
significant. Experimental data showed that the introduction of the module reduced MR by 9.7% and minADE
by 11.2%. minFDE was optimized to the greatest extent possible, with a reduction of 18.7%, as the module was
able to better understand the vehicle’s driving behavior and thus generate a reasonable trajectory. Moreover,
we evaluated the impact of removing the sample-weighted loss, which had been introduced to balance the
underrepresented driving style. Without this weighting, performance degraded by 2.6% in minADE, 4.7%
in minFDE, and 12.3% in MR, confirming that the weighted loss effectively mitigates class imbalance. A
summary of these ablation experiments is presented in Table 4.

Table 4: Results of ablation studies of different components, including the Global interaction module (Global), the
Agent-Lane interaction module (A-L), the Spatio-Temporal interaction module (S-T), the Driving Behavior Recognition
module (Driving Behavior), and the Sample-weighted loss module (Sample-weighted loss). Bold numbers denote the
best performance in each column

Global A-L S-T Driving behavior Sample-weighted loss minADE minFDE MR
✓ ✓ ✓ ✓ 0.685 1.025 0.0094

✓ ✓ ✓ ✓ 0.694 1.033 0.0091
✓ ✓ ✓ ✓ 0.820 1.106 0.0103
✓ ✓ ✓ ✓ 0.739 1.159 0.0099
✓ ✓ ✓ ✓ 0.681 1.023 0.0101
✓ ✓ ✓ ✓ ✓ 0.664 0.977 0.0090
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As Fig. 7 demonstrates, we selected multiple highly dynamic and interactive scenes from the most
challenging 20% of the Argoverse 1 validation datasets to compare our method with models that do not
consider driving styles. The visualization results illustrate that our approach achieves superior predictive
performance, generating more realistic and feasible trajectories in complex environments.

Figure 7: Visualization of trajectory prediction results across various complex scenarios. The upper portion of the
figure displays predictions from our DSG-TP, where different driving styles in the multimodal future trajectories are
distinguished by colors (green, yellow, and red represent conservative, moderate, and aggressive styles, respectively).
The optimal modal trajectory endpoint is marked with a triangle. The lower portion of the figure shows prediction
results without the driving style recognition module

The optimal weight coefficient for the modal selection in Eq. (16) was determined through experiments:
when α = 0.4, the model can simultaneously balance the L2 error of the real trajectory and the physical
constraints of driving style, thereby generating future trajectories that more closely match the vehicle’s driving
habits, as shown in Table 5.

Table 5: Performance with different optimal mode hyperparameter α. Bold numbers denote the best performance in
each column

α minADE minFDE MR
0.0 0.705 1.130 0.0111
0.1 0.674 1.043 0.0096
0.2 0.666 1.004 0.0086
0.4 0.664 0.977 0.0090
0.6 0.676 1.004 0.0094
0.8 0.694 1.072 0.0101

Computational Performance: We reproduced the Lane-GCN [50], HiVT-128 [43], and GANet [52]
models under identical hardware conditions and evaluated trajectory prediction performance on the Argo-
verse 1 validation dataset. To ensure rigorous comparison, we conducted independent t-tests to assess the
statistical significance of performance differences between models. As shown in Table 6, DSG-TP achieves
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competitive prediction accuracy while maintaining a more lightweight parameter footprint compared to
these models. The improvement in minFDE for DSG-TP over the HiVT-128 is statistically significant
(p < 0.01). Furthermore, our implementation of factorized attention significantly reduces computational
demands, resulting in DSG-TP’s average inference time across all scenarios being second only to HiVT-128.

Table 6: Comparison of computational performance across methods (** indicates p < 0.01 compared to DSG-TP,
independent t-test), Bold numbers denote the best performance in each column

Method minFDE ↓ Param(M)↓ Infer time(ms)↓
LaneGCN 1.38** 3.70 18.6
HiVT-128 1.12** 2.47 14.3

GANet 1.16** 5.21 27.3
DSG-TP 0.977 3.40 17.2

To rigorously assess model robustness in critical situations, we further curated a subset of safety-
decision-related cases, comprising 1830 emergency braking and 2093 sharp turning instances, from the
dataset and conducted dedicated real-time performance and accuracy tests in these scenarios. As illustrated
in Table 7, DSG-TP demonstrates superior prediction accuracy across all scenarios while maintaining
acceptable inference times for safety-critical applications. Statistical significance testing reveals that DSG-
TP’s performance improvements over HiVT-128 are highly significant in all scenario categories (p < 0.001
for general scenarios, p < 0.01 for emergency braking, and p < 0.001 for sharp turning scenarios). This
performance advantage is particularly pronounced in emergency braking and sharp turning scenarios, where
accurate trajectory prediction is essential for timely safety interventions.

Table 7: Performance comparison in safety-critical scenarios (**p < 0.01, ***p < 0.001 compared to DSG-TP, indepen-
dent t-test), Bold numbers denote the best performance in each column

Method Params(M) All Data Emergency
braking

Sharp turns

Infer(ms) minFDE↓ Infer(ms) minFDE↓ Infer(ms) minFDE↓
HiVT-

128
2.47 14.3 1.121*** 16.1

(+12.8%)
1.462**

(+30.4%)
16.5

(+15.2%)
1.911***

(+70.5%)
DSG-TP 3.40 17.2 0.977 18.9

(+9.7%)
1.158

(+18.2%)
18.7

(+8.7%)
1.598

(+62.2%)

6 Discussion
Our analysis of vehicle motion characteristics in the Argoverse 1 dataset reveals significant differences

in driving styles among vehicles in similar scenarios. By integrating driving behavior recognition modules
with prediction networks, DSG-TP demonstrates significant improvements over baseline methods.

We further investigate typical failure cases to better understand model limitations. As shown in Fig. 8,
our analysis reveals that the model occasionally struggles with challenges related to:

• Multi-agent interactions within complex road topologies where intentions are ambiguous or
contradictory.

• Challenges posed by sensor noise and resulting input data distortion.
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Figure 8: Visualization of several representative failure cases in trajectory prediction. Gray dots indicate surrounding
interactive vehicles near the target agent

These visualization analyses suggest potential improvement directions. To address the challenges in
these areas, future work will focus on:

• Enhancing spatio-temporal interaction modeling to explicitly consider future states and potential future
interactions among multiple agents.

• Enhancing model robustness against input noise and distortion, potentially through refining data
preprocessing pipelines, employing noise-aware training techniques.

Furthermore, addressing the generalization capability across different datasets remains an important
challenge. Developing universal prediction capabilities that generalize across diverse driving cultures, road
designs, and traffic regulations represents a critical direction for future research.

7 Conclusion
We propose DSG-TP, a novel trajectory prediction architecture that integrates driving style recognition

with prediction networks. The results demonstrate that driving style recognition is crucial for accurately
capturing vehicle intentions. Compared to our base model, DSG-TP shows significant improvements in
trajectory prediction performance in complex, challenging scenarios. The factorized attention mechanism
enables our model to maintain these performance advantages while remaining computationally efficient.
This research advances trajectory prediction methods by explicitly modeling driving style characteristics,
with important implications for autonomous driving safety.
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