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Abstract—In mixed autonomous driving environments, accu-
rately predicting the future trajectories of surrounding vehicles
is crucial for the safe operation of autonomous vehicles (AVs).
In driving scenarios, a vehicle’s trajectory is determined by the
decision-making process of human drivers. However, existing
models primarily focus on the inherent statistical patterns in
the data, often neglecting the critical aspect of understanding
the decision-making processes of human drivers. This oversight
results in models that fail to capture the true intentions of
human drivers, leading to suboptimal performance in long-term
trajectory prediction. To address this limitation, we introduce
a Cognitive-Informed Transformer (CITF) that incorporates a
cognitive concept, Perceived Safety, to interpret drivers’ decision-
making mechanisms. Perceived Safety encapsulates the varying
risk tolerances across drivers with different driving behaviors.
Specifically, we develop a Perceived Safety-aware Module that
includes a Quantitative Safety Assessment for measuring the
subject risk levels within scenarios, and Driver Behavior Profiling
for characterizing driver behaviors. Furthermore, we present a
novel module, Leanformer, designed to capture social interactions
among vehicles. CITF demonstrates significant performance
improvements on three well-established datasets. In terms of
long-term prediction, it surpasses existing benchmarks by 12.0 %
on the NGSIM, 28.2% on the HighD, and 20.8% on the MoCAD
dataset. Additionally, its robustness in scenarios with limited or
missing data is evident, surpassing most state-of-the-art (SOTA)
baselines, and paving the way for real-world applications.

Index Terms—Autonomous Driving, Trajectory Prediction,
Perceived Safety, Mixed Autonomy Traffic, Cognitive Modeling

I. INTRODUCTION

N the evolving landscape of autonomous driving (AD)

systems, the complex interactions between autonomous
vehicles (AVs) and human-driven vehicles (HVs) present a
significant challenge to achieving accurate trajectory predic-
tion [1], [2]. The future trajectory of human-driven vehicles
is essentially the result of the human driver’s decision-making
process [3], [4]. Since human drivers require reaction time to
adjust their behavior when facing changes in the external envi-
ronment [5]-[7], the dynamics of the vehicle will not change
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drastically in the short term, making short-term (< 2 seconds)
predictions relatively straightforward. Nevertheless, long-term
prediction necessitates models that accurately estimate the
impact of numerous factors on the decision-making process of
human drivers, a feat that is particularly challenging to achieve
[8]. Recent advancements in algorithms and the availability
of driving datasets have led to significant breakthroughs in
trajectory prediction [9]. However, the accuracy of long-term
predictions (i.e., >2 seconds) remains a persistent challenge,
primarily due to the inherent complexity of real-world driving
scenarios. These challenges stem from the complex inter-
actions between traffic agents, the impact of environmental
factors like weather and road conditions, and the unpredictable
nature of human driver behavior. These factors introduce
significant uncertainty, making reliable long-term forecasts a
persistent struggle for researchers in the field.

This backdrop prompts us to ask critical questions about the
future trajectory of AD: Is the key to advancing AD not just in
accumulating more data or refining algorithms, but in gaining a
deeper understanding of the driving environment itself? How
can we reshape our models to interpret and respond to the
intricate human dynamics that underpin driving? Motivated
by these questions, our research embarks on an innovative
path. We propose a paradigm shift, extending beyond conven-
tional data-driven approaches to embrace a critical yet often-
neglected aspect of driving — the concept of perceived safety.

This concept, pivotal in shaping driving behaviors and
decisions, is deeply rooted in psychological constructs, as
detailed in [10]. According to the Theory of Planned Behav-
ior, individual actions in driving are influenced by attitudes
(driving behaviors towards others), subjective norms (personal
evaluation of safety), and perceived behavioral control (con-
fidence in driving ability) [11]. Further depth is added by
neuroscientific research, such as studies by [12], [13] and
[14], which unveil that perceived safety is an intricate blend
of both conscious and instinctive responses, involving the
amygdala’s emotional processing and the prefrontal cortex’s
rational decision-making. Notably, this nuanced understanding
of perceived safety is exemplified in diverse driving scenarios.
For instance, when encountering a close car ahead, differ-
ent drivers exhibit markedly varied responses. An aggressive
driver, possibly influenced by sensation-seeking tendencies
[15], might quickly swerve, perceiving lower risk. Conversely,
a cautious driver, perhaps more risk-averse [16], might opt for
a complete stop. These behaviors, far from being random, are
intricately linked to each driver’s psychological profile and
past experiences, revealing a significant limitation in current
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AD systems: their inability to account for these complex,
cognitive behavioral patterns. Overall, perceived safety and its
influence on the decisions of drivers with different behaviors.

In response, our research introduces the Cognitive-Informed
Transformer (CITF) that integrates the concept of perceived
safety into trajectory prediction for AVs. This integration does
more than add a new variable; it injects a human-centric
perspective into the heart of these systems. By doing so,
we aim to enhance the models’ ability to interpret driving
behaviors, leading to optimal long-term predictions. This ap-
proach, promises a transformative impact on the predictive
capabilities of AD systems, aligning them more closely with
the multifaceted nature of human driving behavior.

Overall, the key contributions of this study include:

« We introduce the Quantitative Safety Assessment (QSA)
as a cornerstone component for objectively evaluating
the safety of driving scenarios. In addition, we establish
Driver Behavior Profiling (DBP) upon the QSA frame-
work to differentiate between distinct driver profiles.
This DBP effectively captures and interprets continuous
nuances in driving behavior, while eliminating the depen-
dence on manual labeling or predefined time windows.

¢ We introduce an innovative module, named Leanformer,
that represents a significant advancement in understand-
ing social interactions on the road. This lightweight
transformer-based framework is adept at capturing the
subtle and complex inter-vehicular interactions that occur
in everyday traffic. This development reflects a paradigm
shift in AD research, aligning with the latest advance-
ments and understanding of vehicular social dynamics.

o CITF significantly outperforms the SOTA baseline mod-
els when tested on the NGSIM, MoCAD, and HighD
datasets. It maintains impressive performance even when
trained on only 25% of the dataset and with a much
smaller number of model parameters, demonstrating its
efficiency and adaptability in various traffic scenes, in-
cluding highways, campuses, and busy urban locales.
Importantly, in a significant stride towards practical appli-
cability, CITF shows unparalleled resilience in scenarios
with incomplete or inconsistent data.

II. RELATED WORK

Trajectory Prediction For Autonomous Driving. In
the field of trajectory prediction, the analysis of prediction
performance is often categorized into short-term and long-term
horizons [3], [17]. Early research employed physical models to
represent vehicle motion dynamics, thereby estimating future
trajectories. In [18], a trajectory prediction model based on
the bicycle model was proposed and successfully applied to
an accident warning system. While physical models achieved
significant progress in short-term prediction horizons, their
inherent simplicity limited their performance in long-term
predictions [19]. The complexity of human driving behavior,
influenced by numerous factors such as cognitive processes,
interactions with surrounding vehicles, and environmental con-
ditions, renders long-term prediction a particularly challenging
task [17], [20]. In response to these challenges, researchers

have begun integrating deep learning models to account for
these factors in the trajectory prediction process. Notable
prior efforts [8], [21], [22] have explored the complex social
dynamics among traffic participants, revealing crucial latent
insights that enhance predictive accuracy. Transformer-based
models [23], [24] have been increasingly employed for their
ability to predict future trajectory distributions effectively.
Graph Neural Networks (GNNs) are also gaining traction
for capturing dynamic interactions in complex traffic scenes
[25], [26]. These approaches primarily focus on understanding
the temporal and spatial interplays between traffic agents
from historical data to optimize accuracy. Generative models
[27], including Variational Auto Encoders (VAEs), Diffusion
models, and Generative Adversarial Networks (GANs), are
also being explored for their potential to generate multiple
future trajectory possibilities from latent distributions, offering
a probabilistic perspective of future paths in this field.
Perceived Safety Concept. The notion of perceived safety
has been a focal point in psychology and physical human-
robot interaction (pHRI) studies [28]. In pHRYI, it is crucial for
assessing and representing individuals’ perceptions of danger
and comfort during interactions with autonomous systems like
mobile robots [29], industrial manipulators [30], humanoid
robots [31] and AVs [32]. Despite its relevance, perceived
safety remains a challenging concept to quantify due to its sub-
jective nature [33]. Our study breaks new ground in this area
by proposing a novel quantitative criterion for perceived safety
in self-driving trajectory prediction, drawing from Safety State
Metrics (SSMs) and human decision-making processes. This
innovation enables our model to more accurately interpret
driving behavior and traffic conditions, thereby enhancing
prediction accuracy in mixed autonomy environments.
Driving Behavior Understanding. Existing studies in driv-
ing behavior have formulated various criteria and metrics for
detecting and representing driving patterns, using scales like
the Social Value Orientation (SVO) [34], Driving Anger Scale
(DAS) [35], among others [36]. While these methods have
been successful, as noted by [1] and [37], they typically de-
pend on manually annotated labels and predetermined sliding
time windows for analysis. Our research diverges from these
traditional approaches by proposing a dynamic, adaptive set of
behavior-aware criteria. This model captures driving behavior
in real-time through continuous behavioral data representation,
eliminating the reliance on manual labeling in the training
phase. This novel approach not only offers enhanced flexibility
over fixed-category methods but also effectively addresses
the challenges of label shifts and time window selection,
leading to a more accurate and fluid representation of driving
behavior. This advancement significantly contributes to the
development of more refined and effective behavior prediction
methodologies in autonomous driving systems.

III. PROBLEM FORMULATION

In mixed autonomy traffic scenarios, trajectory prediction
models within AVs are tasked with forecasting the future
trajectories of all surrounding vehicles within their perception
range. According to surveys by Mozaffari et al. [38] and
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Fig. 1: Pipeline of CITFE. It is an encoder-decoder model (a) and includes four essential parts: Perceived Safety-Aware
Module generates both safety and behavior features through driver behavior profiling (b) and quantitative safety assessment (c)
components, respectively. These features, along with the priority feature derived from the Priority-Aware Module, are integrated
into the Interaction-Aware Module, embedded by the Leanformer framework. Finally, this integration results in a high-level
fusion, which is then fed into the Multimodal Decoder to produce a multimodal prediction distribution for the target vehicle.

Ding et al. [39], the single-agent prediction setting remains a
prevalent approach in the field of trajectory prediction. In this
setting, the model is developed by selecting one vehicle from
the surrounding vehicles as the prediction target. During the
evaluation phase, the model’s predictive capability is assessed
in a traversal manner, which treats each vehicle in the scene
as the prediction target once. Adhering to this setting, we can
define the terminology used in our study as follows:
o Target vehicle: The vehicle is designated as the subject
of the trajectory prediction task.
o Surrounding agents: The AV and all of its perceived
traffic agents, excluding the target vehicle.
In summary, our problem could be formulated as developing
a trajectory prediction model that could utilize the historical
states (position, velocity, etc.) of both the target vehicle
X7 and the surrounding vehicles X}, """ spanning from
time t —t;, to present moment ¢, to predict the future trajectory
Yomﬂf of the target vehicle over the ensuing ¢; time intervals.

A. Discretized Inputs and Outputs

Theoretically, the inputs (historical states) and outputs (fu-
ture trajectories) should be represented in a continuous form.
However, in practical deployment, the sensors on AVs collect
data at fixed intervals. Therefore, to maintain consistency with
the collected data, it is widely accepted in both academia [40],
[41] and industry [42] to use discretized inputs and outputs
when developing trajectory prediction models. Specifically, we
define the inputs and outputs as follows:

o Inputs: The historical states Xé;f’“t of the target vehi-

cle and its surrounding agents, consists of a sequence

of historical states { X', X"t Xt 1. At any
time ¢, the historical states X¢.,, comprise 2D position
coordinates p}.,,, velocity v{.,,, and acceleration af,,.

e Outputs: The tprf;iicted trajectory of the target vehicle,

denoted as Y0:t 7, consists of a sequence of predicted

s t+1 42 t+tp—1 t4ty
positions {p;"", Py “,-- -, Po Py '}

B. Multi-modal Probabilistic Maneuver Prediction

we adopt a multimodal prediction framework to tackle the
inherent uncertainty and variability in predictions. By evaluat-
ing different possible maneuvers that the target vehicle might
perform, the framework computes the probability of each
maneuver based on historical states X~ """, which include 2D
position coordinates, velocity, and acceleration over a defined
time horizon tj. This approach generates multiple predictions
while also quantifying the confidence level associated with
each prediction. This allows AVs to account for and respond
to the uncertainty inherent in prediction outcomes, providing
a valuable advantage for decision-making processes.

In this study, we employ a hierarchical Bayesian framework
to predict future trajectories. At each time step, we evaluate the
probability distribution over the possible maneuvers M of the
target vehicle. To capture the driver’s behavioral nuances, we
decompose the vehicle’s potential maneuvers into two distinct
sub-maneuvers: M = (M), M,). Here, M), represents the
position sub-maneuver, encompassing three discrete driver
decisions: left lane change my, right lane change m,, and
lane keeping my. Similarly, M, denotes the speed sub-
maneuver, with three options: accelerating m,, braking my,
and maintaining constant speed m..
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Following this categorization, the framework generates de-
tailed trajectories for the vehicle conditioned on each maneu-
ver within a predefined distributional form. At each current
time ¢, we extend the trajectory prediction task to compute the
plausible trajectory distribution P (th:tﬂf | M ,Xé;f’“t)
In particular, given the estimated maneuvers M, the prob-
ability distribution of the multimodal trajectory predictions
th:t'i'tf is parameterized as a bivariate Gaussian distribution
with the estimable parameters €2:

tittty

P (K) tit+ty

| M, X{,") = Pa(Y; (M)
= N (Y (X5, DX )
Here, Q@ = [QF!, ... Q] and Q = [u,E7] repre-
sents the mean and variance of the distribution of predicted
trajectory point at time t. Correspondingly, the multi-modal
predictions are then formulated as a Gaussian Mixture Model:
P (0 v x)
= ZP (Mz | Xé;:’h:t) Pq (Yot:t-Hf
Vi

where M; denote the i-th element in possible maneuvers M.

| M, X5, ")

t—tp:t
IMi’XO:nh )

IV. TRAJECTORY PREDICTION MODEL

Figure 1 shows the hierarchical framework of CITF. Rooted
in the encoder-decoder paradigm, the model seamlessly in-
corporates four novel modules: the Perceived Safety-Aware
Module, the Priority-Aware Module, the Interaction-Aware
Module, and the Multimodal Decoder. Collectively, these
modules are designed to capture human-machine interactions
between the target vehicle and its surrounding agents and
emulate the human decision-making process during driving.
Detailed overviews of these modules follow.

A. Perceived Safety-Aware Module

As mentioned before, perceived safety [43] plays a critical
role in human decision-making during driving. The nuances
in perceived safety can significantly affect human driver be-
havior and further impact AV’s inability to account for the
complex, cognitive behavioral patterns in mixed autonomy
environments. Recognizing this, the Perceived Safety-Aware
Module is introduced to establish precise criteria and quantify
specific criteria for evaluating perceived safety. It consists of
two integral components: 1) Quantitative Safety Assessment:
This component focuses on the development of physically
based, measurable criteria that can accurately reflect how
humans subjectively assess the level of danger; 2) Driver
Behavior Profiling: This component aims to provide in-depth,
real-time analysis and profiling of the continuous driving
behavior of human drivers especially those influenced by
their perceived safety. Together, as shown in Table I, these
components are meticulously designed to enhance AVs’ under-
standing of perceived safety in driving contexts, allowing them
to better understand and anticipate human driver responses. By
incorporating this type of valuable prior knowledge, we facil-
itate the synthesis of human-like contextual patterns for the
proposed model. This enhancement, along with the Priority-
Aware Module, allows our Interaction-Aware Module to better

decipher and assimilate the intentions of traffic agents and
more closely match the intricacies of human cognition and
decision-making in driving scenarios, resulting in improved
overall model performance.

1) Quantitative Safety Assessment: As shown in Figure
1 (c), this component H includes two safety indices: the
Safe Magnitude Index (SMI) and the Risk Tendency Index
(RTT). In a nutshell, the SMI focuses primarily on quantifying
the spatio-temporal distance between different agents and the
possibility of collision to evaluate the absolute safety level
in real-time scenarios. Conversely, RTI tends toward a more
subjective analysis, capturing dynamic shifts in safety trends
and congestion conditions that reveal potential escalation or
mitigation of risk over time.

Safe Magnitude Index. In the traffic safety domain, three
metrics in SSMs have gained prominence for their comprehen-
sive portrayal of on-road risks: Time-to-Collision, Time Ex-
posed Time-to-Collision (TET), and Time Integrated Time-to-
Collision (TIT) [44]. Originating from traffic conflict studies,
these metrics are essential tools in microscopic traffic simula-
tions to assess traffic safety. Correspondingly, we synthesize
TTC, TIT, and TET into a ternary composite structure within
SMI. This composite structure is introduced to evaluate the
dynamics of interaction between traffic agents and to estimate
the likelihood of potential collisions for each vehicle in real-
time scenarios. Specifically, the SMI for an agent at a specific
time ¢ can be expressed as S [TTC!, TET!, TIT!].
To align these with the traffic scenarios, we made slight
modifications. Using the 2D position coordinates pf, p’ and
velocity vf, v§ for vehicles 7 and j at time ¢.

1) Time-to-Collision: TTC is a widely accepted measure
used to evaluate the time available before two vehicles collide
if they continue on their current trajectories. It offers insights
into imminent collision risks and serves as an early warn-
ing indicator.tThe TTC for the i-th vehicle is computed as

TTC! =

_Zig
It
di.j

vehicles i and 7, and di,j is its rate of change:

, where d; ; represents the distance between

dy =~ 0t)" (0 1)
diy =gt (i =vh) " (vf =)

Accordingly, the higher the TTC value, the lower the risk of
collision for the vehicle in this case.

2) Time Exposed Time-to-Collision: TET measures the
exposure duration to critical TTC values within ¢5,. It is the
sum product of a switching variable and a time threshold
Tee (set at 0.1s): TET* = 37y, , 6i(ty) - Tse with the
switching variable given by:

sty =4 LY 0 < TTC* < TTC*
R0 otherwise

In our study, TTC* = 3.0s, delineating safety threshold.

3) Time Integrated Time-to-Collision: An adaptation of
TET, TIT integrates the TTC profile to evaluate safety levels.
It factors in the evolution of each vehicle’s TET temporally:

3)

“4)

th
TIT = % [TTC" = TTC;(ts)] - Tec

tp=t—tys

®)
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TABLE I: Perceived-Safety criteria and their interpretations.

Indies Sub-indicators

Definition

Time-to-Collision (TTC)

Time until a potential collision occurs between the agent
and another agent moving at the current velocity

Safe Magnitude Index (SMD) 15 gy oced Time-to-Collision (TET)

Cumulative sum of instances in which a driver approaches
a leading vehicle with a TTC below a predefined threshold value

Time Integrated Time-to-Collision (TIT)

Integral of the TTC profile over time if it remains below a specified threshold

Subjective Risk Perception (SRP)
Risk Tendency Index (RTI)

Congestion level of each agent in complex traffic environment

Dynamic Risk Volatility (DRV)

Rate of change of congestion level for each agent in a complex traffic environment

Elevated values of TTC, TET, and TIT imply sustained expo-
sure to potential collision risks, underscoring a deterioration
in perceived safety. Overall, the SMI provides both real-time
crash risk assessment and an aggregated risk evaluation over a
defined period, eliminating the need for historical crash data.
It also takes into account the fluctuation and rate of change
of these risks, assessing the safety benefits of AVs in mixed
autonomy environments, and offering a comprehensive safety
evaluation for each agent.

Risk Tendency Index. To further capture congestion pat-
terns in complex traffic environments, we propose an index
between the i-th and j-th vehicles at time ¢, denoted as sub-
jective risk perception indicator (SPR), i.e. R, and dynamic
risk volatility indicator (DRV), i.e. RZ _j» respectively:

In this context, the vector Rf,j with larger values indi-

cates an increased risk of collision, while the vector Rtivj
characterizes the dynamic congestion conditions in complex
traffic scenarios. Then, the set of the safety indices H =
{Sé_t’“t,Ré_t’“t, .,Sit_t":t,Rﬁ_t’“t Vi € [1,n]} serve as
contextual cues and are then fed into the safety encoder for
embedding into high-level safety features. The definitions of
SPR and DRV are defined as follows:

aj gt
Rﬁ,j = Rzz = { L/etd, g55 >0

7
quf,jzo ( )

where the DRV Rt ;
tuations in SPR Rt .

represents the gradient to evaluate fluc-
and can be expressed as follows:

T
The quantities q - and q . are calculated based on several crit-
ical parameters related to the dynamics of two traffic agents.
These parameters include the lateral veloc1ty vt, longitudinal
velocity v , 2D position coordlnate p., and py, as well as
the lateral aland longitudinal a . Mathematically, it can be
represented as follows:

A; vt x Ay pt + Aol x A
qu rnax( 4,7 Yz ,me \J y ,pr 0) (9)
’ A, 02+ A
gij=—

®)

%, y
A jal, x D jph + A y Ai,jp,f/

10
A;jaz + A jad {10

where the A, ;(-) denotes the difference between quantities

of the i-th and j-th vehicles. A larger vector R ; indicates a

higher risk of collision, while the vector Rtm- describes the
dynamic congestion conditions in complex traffic scene.

Safety Encoder. This encoder applies the GCNs [45] to
analyze the spatial layouts of traffic agents and their environ-
mental context. Next, it enhances the scaled dot-product multi-
head self-attention mechanism [46] for a nuanced analysis of
temporal relationships within safety indices.

Specifically, for GCN, we employ a convolutional neural
network on a fully connected interaction multigraph to capture
the dynamic geometric relationships among traffic agents. This
multigraph operational layer sequentially incorporates the set
of safety indices H as nodes. These nodes represent various
security-related properties and states of the traffic agents over
time. To establish the connections between these nodes, we
use an adjacency matrix A, which is detailed in the following
subsection. This matrix represents the edges of the graph and
is critical in defining the interactions and relationships between
different nodes (agents) within the graph. Formally,

71 = grav (D1 AD b ZEW)) (11
where the matrix D serves as the scale factor of A is the
degree matrix for normalizing the graph structure. It helps to
balance the influence of each node based on its connectivity.
The W} represents the trainable weight matrix of the GCN
for the k-th layer, while ¢reLy is the Rectified Linear Unit
(ReLU) activation function. Consequently, the matrix A can be
defined as A = A+ Aaln, where A4 is the weight and I is
the identity matrix. The output of the k-th convolutional layer,
denoted as Z’“Jrl , represents the learned feature matrix of the i-
th agent. Moreover the initial feature Z? = ¢yrp(H), where
omLp denotes a Multi-Layer Perceptron (MLP). The MLP
serves as a fully connected layer to embed the safety indices
H into a feature space suitable for graph convolution. In
addition, we employ a tri-layer convolutional neural network
that incorporates scatter and gathers operations to parallelize
the learning of contextual information and spatio-temporal
agent interdependencies.

Next, the feature matrix Zf“, Zf and Zf_l output from
the (k+ 1),k and (k — 1)-th GCNs is then converted to the
query, key, value vectors, respectively, by the multi-head self-
attention mechanism within the encoder to produce the high-
level safety features. Formally,

Q" =W yp (ZF+)
K = W gyp (zF)

VI W (2)

(12)
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where the W@ WX WV are learnable weights that can
be optimized via gradient descent. For the i-th self-attention
head head;, the formulation is as follows:
safety safety \ T
headf — ¢mﬁmax (Qz(Kl)>
Vs
In the equation provided, @gma(-) denotes the softmax
activation function, while dy represents the dimensionality
of the projected key vectors. The output generated by the
self-attention mechanism can be expressed as o*¥" =
Zf: 1 head;’ , where h is the total number of attention heads.
To increase training stability and efficiency, our model takes
inspiration from ResNet [47] and incorporates Gated Linear
Units (GLUs) [48] along with Layer Normalization (LN) [49]
for the output of multi-head attention mechanism o*¥*" to
efficiently manage features. Formally,

O™ = ¢y (dure(dorus(e)))

In particular, GLUs provide a mechanism to control the flow
of information through the network, making the model more
adaptable, which can be defined as:

¢GLU.$(Q) = (an + bl) O] ¢sigmoid(aw2 + b2)

where « represents the safe attention coefficient from the
multi-head attention mechanism, W; and Wy are the learnable
weight parameters associated with the GLUs layer, b; and b
are the corresponding biases, ® denotes element-wise multi-
plication, @sigmoiq is the sigmoid activation function, and ¢zn(-)
stands for Layer Normalization. Correspondingly, the output
of the encoder within the Quantitative Safety Assessment is
the high-level safety features, denoted as Of(;et[‘t

2) Driver Behavior Profiling: As shown in Figure 1 (b), we
represent vehicles and their interactions as nodes and edges,
respectively, thereby constructing a Dynamic Geometric Graph
(DGG). Leveraging this graph-based framework, we employ
centrality measures from graph theory to profile continuum
driver behavior in an unsupervised manner.

Dynamic Geometric Graph. Due to the dynamic nature of
traffic scenarios, the structure of the DGG evolves over time.
At any given moment ¢, we define the DGG G* = {V* E'}.
Specifically, the node set V! = {vf,v!,...,v.}, where node
v} represents vehicle i. The adjacency matrix A’ illustrates
whether edges exist between nodes, signifying the presence
of interactions between vehicles. The establishment of this
matrix is based on the distances between vehicles, which can
be mathematically represented as follows:

A, ) = {d(vf,vﬁ) if d(vj,v%) < andi#j

anfety

K2

(13)

(14)

15)

. (16)
0 otherwise

where d(vf,v%) denotes the distance between vehicle i and
vehicle j, and r is a predefined threshold. The number of
vehicles interacting with vehicle i is represented as N/}

With these configurations in place, we then apply centrality
measures to assess agent behavior, identify key agents, and
evaluate the overall connectivity within the traffic graph.

Centrality Measures. Driver behavior significantly shapes

the interaction patterns between the driver and surrounding

agents, resulting in distinct spatiotemporal dynamics. There-
fore, we posit that spatiotemporal dynamics can effectively
differentiate between various driver behaviors. Given that
centrality measures in graph theory provide a comprehensive
description of the properties of nodes within a graph [50],
[51], we employ centrality indicators such as degree J! (D),
closeness J!(C), eigenvector J!(F), betweenness J!(B),
power J!(P), and Katz J!(K) centrality to characterize the
spatial interaction dynamics of agent ¢ at each moment ¢. To
account for both the temporal and spatial dimensions of these
dynamics, we further analyze the temporal evolution of these
indicators and establish the Behavior-aware Criteria, enabling
the continuous differentiation of diverse driving behaviors.

1) Degree Centrality: The number of agents a vehicle
can influence reflects its significance within the traffic scene.
Degree centrality Jf(D), a metric that measures the number of
connections a node has, is thus naturally employed to describe
the importance of each vehicle ¢. Formally,

JH(D) = |N{|+ T{~H(D)

where |A}| denotes the total agents in N/.

2) Closeness Centrality: The position of a vehicle within
a scene also reflects its significance. It is well-recognized that
vehicles located centrally exert greater influence than those at
the periphery. Consequently, closeness centrality J!(C'), which
measures the proximity of a node to the center of the graph,
is employed to characterize the importance of a vehicle as:

e
Zw;e/\f; d(vf,v;)

3) Eigenvector Centrality: The vehicle’s behavior can
influence a broader set of agents through those it directly
interacts with, meaning that the importance of the directly
connected agents also reflects the vehicle’s significance. Eigen-
vector centrality, which considers the importance of connected
nodes, is used to assess the vehicle’s importance. The eigen-
vector centrality of the vehicle ¢ can be formulated as follows:

 Dwent 4 (v, 05)
N A

a7)

Ji(C)

(18)

Ji (E)

19)

where )\ is the eigenvalue [52].

4) Betweenness Centrality: The vehicle’s influence can
be transmitted to distant agents through intermediary agents,
implying that vehicles frequently acting as intermediaries play
a more crucial role in the network. Betweenness centrality
J}(B), a metric that measures the extent to which a node
serves as an intermediary within the shortest path between any
two nodes, is naturally used to assess the vehicle’s importance.

2.

va,v}ce\/t

ok (v})

T3,k

JHB) = (20)

where V' denotes the set of all agents present in the scene,

0,k signifies the total number of shortest paths between agent
v} and agent v}, and o} 1,(v;) represents the number of those

paths traversing the agent v!.
5) Power Centrality: An interaction loop is a closed
loop formed by a group of agents through direct or indirect
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interactions. A vehicle’s participation in more interaction loops
indicates greater influence within the overall traffic network.
Power centrality J/(P), which measures the frequency with
which a node is part of closed cycles formed by edges, is used
to describe the vehicle’s influence.

Al

t —

21

where A% denotes the i-th diagonal element of the adjacency
matrix raised to the k-the power, k! signifies the factorial.

6) Katz Centrality: To address the limitation of degree
centrality, which considers only direct interactions, we employ
Katz centrality to emphasize both direct and distant inter-
actions of the vehicle. Mathematically, the Katz centrality
JH(K) of an agent v! at time ¢ can be formulated as:

1

max
(22)
where 7 is the number of agents in the traffic scenario, o
denotes the decay factor, 3* represents weight for immediate
neighbors, and Afj is the i,j-th element of the k-th power of
the adjacency matrix. And A,ax denotes the largest eigenvalue
of the adjacency matrix. By carefully selecting the value of the
decay factor, Katz centrality can underscore the importance of
closer interactions while discounting more distant connections.

Behavior-aware Criteria. Given the centrality metrics that
capture the spatial interaction dynamics of traffic agents,
we establish Behavior-aware Criteria that identify driving
behavior not only based on the magnitude of these metrics
but also on their temporal variation. Numerous studies have
demonstrated the feasibility of this approach, showing that
driving behavior can be identified using not only the instanta-
neous magnitude of features like speed but also their temporal
derivatives, such as acceleration and jerk [53]. This approach
also aligns with human intuition, as driving behaviors charac-
terized by large and fluctuating centrality measures over short
periods are more likely to be relevant to driving behavior as
sudden changes in acceleration within short intervals. Inspired
by the established triadic relationship between velocity, ac-
celeration, and jerk, we introduce three continuous criteria:
Behavior Magnitude Index (BMI) C!, which measures the
influence of driving behaviors by evaluating their centrality;
Behavior Tendency Index (BTI) £!, which quantifies behavior
propensity by calculating temporal derivatives, larger deriva-
tives suggesting higher probabilities of specific behaviors;
and Behavior Curvature Index (BCI) I}f, which uses the jerk
concept to measure the intensity of driving behaviors by cal-
culating the second-order derivatives of continuous centrality
measures. At time ¢, the behavior jit for v; can be defined as
Jt = [ct, £t 71" Bach component meticulously evaluates
the magnitude, probability, and intensity of diverse driving
behaviors exhibited by the target vehicle and its surrounding
agents. This assessment is conducted through the computation
of threshold rates, gradients, and concavities associated with
centrality measures, which capture behaviors such as lane
changes, acceleration, and deceleration, as well as aggressive,
neutral, or conservative driving tendencies. The underlying

THK) =) a*Af+8%,Vi, j € [0,n], where o <
kg

rationale is that driving behaviors characterized by substantial
and volatile centrality measure values over short time intervals
are more likely to exert a significant influence on nearby
agents, emphasizing the temporal dynamics that are integral
to human drivers’ decision-making processes.

1) Behavior Magnitude Index. The BMI is designed to
quantify the scale and interconnectedness of various driving
behaviors by assessing their centrality measures. The BMI
encapsulates the absolute values of these measures, providing a
quantitative representation of a behavior’s influence on the sur-
rounding traffic agents. Specifically, the BMI focuses on each
agent’s centrality measures, with a higher index indicating that
a particular driving behavior exerts a more significant impact
on the current traffic dynamics. Formally, we first formulate
the BMI C for vehicle ¢ as follows:

¢t = (|7 D), 7O, |F B, |7 (BT (P |J;<K(>2!3J)T
where |-| denotes the absolute value operator.

2) Behavior Tendency Index. Building on the BMI, the
BTI incorporates human factors in driving, particularly those
behaviors that may cause significant fluctuations in centrality
measures, such as aggressive driving, sudden lane changes,
or abrupt braking. Specifically, the BTI aims to quantify the
propensity for various driving behaviors by calculating their
temporal derivatives. By capturing the temporal interaction
dynamics of driving behavior, the BTI can identify instances
where large gradients and local extrema suggest a higher
probability of particular behaviors. This approach enables the
model to estimate the likelihood of specific behaviors, even in
the absence of explicit behavior classification. Mathematically,

oct :HamD) ajf(@’ REEATS

ot ot ot ot

3) Behavior Curvature Index. BCI introduces the concept
of jerk to quantify the potential impact of driving behavior
on surrounding agents. Building upon the BTI, the BCI
captures driving behavior by calculating the second derivative
of sequential centrality measures. The motivation behind BCI
stems from the observation that abrupt changes in BTI over
short periods, such as during braking or acceleration, result
in peaks in the BCI curve. Additionally, BCI considers the
duration of behavior fluctuations, positing that behaviors with
prolonged fluctuations have a greater impact on the traffic
environment than short-term variations. For instance, a driver
who frequently changes lanes or adjusts speed over an ex-
tended period may confuse and pressure other drivers, thereby
significantly disrupting the dynamic traffic environment.

‘655 _ [ BQJﬂD)’, 2IHO)| 7'8;7500' B

T
Li= ’ , } 24)

Tt =

(3

ot 9%t 9%t 0%t @)

The introduction of the BMI, BTI, and BCI provides a
holistic understanding of individual driving behaviors. Addi-
tionally, our proposed behavior-aware criteria eliminate the
need for manual labeling during the training phase, effectively
mitigating challenges associated with dynamic behavior labels
and the selection of appropriate time windows.

Behavior Encoder. To leverage the high-level prior knowl-
edge embedded in the Behavior-aware Criteria, we introduce
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the behavior encoder to extract behavior features. The Behav-
ior encoder comprises two main components: the LSTM and
the multi-head self-attention mechanism. The behavior J; =tnit
are first processed by the LSTM, yielding temporal vectors:

Ji = rstv (ht e (T ),¢MLP(O;}(,%},L:t)) (26)

Here, the LSTM incrementally updates the hidden state of
agent v; on a frame-by-frame basis using shared weights.
To enhance this process, we incorporate a multi-head self-
attention mechanism and GLUs to calculate attention weights
across diverse agent behaviors. This approach yields precise
sequential behavioral features Openavior, akin to the QSA:

Ot th:t ¢LN (¢MLP(¢GLUS(abehavior)))

behavior ~—
where « is the output of the multi-head self-attention
mechanism within the behavior encoder.

27)

behavior

B. Priority-Aware Module

1) Pooling Mechanism: In light of recent advances in
cognitive studies [8], [54], it has become evident that the
spatial positioning of vehicles within a scene can variably
influence the behavior and decisions of a target vehicle. For
instance, vehicles located directly in the anticipated trajectory
path tend to exert greater influence relative to those situated
behind. Furthermore, during overtaking maneuvers, vehicles
positioned on the left may carry augmented significance. Rec-
ognizing these spatial intricacies, we introduce the Priority-
Aware Module. This sophisticated module adeptly transforms
the spatial coordinates of agents, encoding them into high-
dimensional positional vectors, producing positional features.

Our pooling mechanism adeptly amalgamates dynamic po-
sitional information from the encompassing traffic scenario,
effectively capturing both individual and multi-agent position
vectors. This mechanism emphasizes the dynamic nuances of
position data, accommodating historical agent states, denoted
as Sf k as well as the intricate spatial interplay symbolized by
Pi’i"‘-. Mathematically, these relationships are represented as:

Sih = [pte — ple=t gl gyl gtk _ gle=1y (28)
Correspondingly,
Pl = =gl = at — ) (9)

By converting the position point sets into sequential vectors,
this pooling mechanism effectively indicates the potential spa-
tial relationship between the target agent and its neighboring
agents at each scene and time step. This allows the module to
accurately represent the necessary interactions over dynamic
and spatial position characteristics of each agent.

2) Priority Encoder: Within this module, the encoder,
which combines both LSTM and multi-head attention mecha-
nisms, processes the dynamic position vectors. This processing
involves transforming discrete position vectors into a more
continuous spatio-temporal domain, thereby improving the
representation of temporal and spatial dynamics. At each
discrete temporal instance ¢, the encoder assimilates recent
historical position vectors via an LSTM network:

t—tp, t—tnit—1 qt—tpit—1 pt—tp:t—1
Oprwnty ¢LSTM (h’z 7Si 7Pi,j )

(30)

Then, the output of the LSTM is then channeled through
a multi-head attention mechanism and GLUs, similar to the
quantitative safety assessment, culminating in the synthesis of
refined priority features:

Oprioit = iy (dmp(daLus (o ™)) 31)

where a P"°"" is the output of the multi-head attention mech-
anism in the priority encoder.

C. Interaction-Aware Module

To better understand the synergistic influence of surrounding
vehicles’ risk levels, positions, and one’s behavior on the target
vehicle’s future trajectory, we introduce an Interaction-Aware
Module. This Module is based on a novel lightweight Trans-
former framework, i.e. Leanformer, which is an adaptation
of the Linformer architecture [55]. Departing from traditional
Transformer models that rely on fully connected weight matri-
ces, our framework refines the Transformer design, especially
in its attention mechanism. By adopting a low-rank matrix
approximation, we significantly increase the computational
efficiency. This approach effectively reduces the computational
complexity of self-attention from O(n?) to O(n x d), where
n represents the sequence length and d denotes a much
smaller projected dimension. Mathematically, the interaction
is represented as follows:

¢MLP( safety )||¢MLP(Obehavml)||¢MLP(Otprli)ﬁ”ltt\)
(32)

This equation captures the integrated effect of safety per-
ception, behavioral tendencies, and spatial positioning on the
target vehicle’s trajectory.

As shown in Figure 2, the sequence O'~" serves as the
input to the Transformer-based framework. The queries @,
keys K, and values V are obtained by performing linear trans-
formations on the input sequence using low-rank projection
matrices, as illustrated below:

Q = WO (dprp(O" 4 L))
K = WX (gpp(O'" 4 Ly))
V =WV (¢urp(O~ 1))

Ot—th:t

(33)

Here, W<, WX and WV represent low-rank projection matri-
ces for the queries, keys, and values, respectively. Notably, we
introduce additional tokens L, and Ly, to the end of the queries
@ and keys K to enhance feature representation and ensure
training stability. This augmentation can be mathematically
represented as follows:

2 | baar(

At—tn: At—tp:t
L(I = ¢GRU (ZSMLP(Ovafet}y Obeha?finr))

34
L = ¢cru ( dmer(Ofpls™) H¢MLP(O,§H§ZJ)) oY
where ¢gry denotes the GRU framework. The output matrix 0
is computed as the sum of the outputs from all attention heads,
denoted as head,;, where i ranges from 1 to h, representing the
total number of attention heads. Each attention head has its
own set of projection matrices WiQ, WiK , and Wiv, while skip
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Fig. 2: Architecture of the proposed Leanformer and the scaled dot-product linear attention mechanism.

connections are also used in this framework. This is expressed
mathematically as follows:

h
0 =" head; + (¢wrr(Q)|| bazr(V)) (35)

=1

In this equation, head,; refers to the output of the i-th attention
head. The query matrix Q € R"*%, key matrix K € R"*%,
and value matrix V € R™* % are all of dimensionality n x d.,.
The attention mechanism in each attention head computes
a context mapping matrix P of size (k x d) using scaled dot-
product attention. It involves the following calculations:
Qw? (UK WH)"

)

where U; € R™** denotes a fixed linear projection matrix,
while dy, is the dimensionality of the projected key vectors.

Finally, the output matrix head; is obtained by multiplying
P with the projected value matrix FVW} using a linear
projection matrix F; € R"*F:

P = (bsoftmax ( (36)

head; = PFVWZV = ¢Attentinn (leQa UzKWK, FlVWzV)

K2

(37
This can also be expressed as follows:
— WE2 (U, KW)T
head; = ¢softmax Q ! ( g ) FZVWZV
Vi —— (3%
kxd
P:nxk

where the attention weights are obtained by calculating the
scaled dot product of the query and key projection matrices,
followed by the softmax activation function. The resulting
weights are then used to compute the weighted sum of
the value projection matrix, which represents the composite
interactive vectors O fed into the Multimodal Decoder to
generate the future trajectories for the target vehicle.

D. Multimodal Decoder

The decoder, rooted in a Gaussian Mixture Model with
multimodality, employs a dedicated LSTM and a fully con-
nected layer. It processes the composite interactive vectors

O to forecast the target vehicle’s trajectory. The predicted
trajectory, Yot't+tf , is determined by:

Yy = By (F4(0)) (39)
such that,
FG(') = ¢ReLU (¢MLP [(bGN (d)LSTM(’))]) (40)

Here, ¢gn is Group Normalization, used for improved
training stability. The decoder’s output comprises multiple
future trajectories for the vehicle.

V. EXPERIMENTS
A. Experimental Setups

To validate the prediction capability of our model across
different scenarios, we conduct a series of experiments on
three widely used traffic datasets: NGSIM, MoCAD, and
HighD. The experiments on NGSIM and HighD primarily
assess the model’s performance in highway scenarios with
varying traffic densities, while the experiments on MoCAD
focus on its ability to predict in urban and campus-like,
unstructured environments. To ensure a fair comparison with
existing models [21], [56], we adopt the same training and
evaluation protocols as those used in prior benchmarks. Specif-
ically, we define a reference time point, utilizing the preceding
three seconds of data as input to the model and the subsequent
five seconds as ground truth for supervising model training.
In addition, we provide a detailed analysis of our model’s
performance across both short-term (< 2 seconds) and long-
term prediction horizons (>2 seconds). Moreover, we utilize
the Root Mean Square Error (RMSE) as the evaluation metric.

Acknowledging a gap in existing research regarding data
omissions in prediction, we develop an innovative approach to
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TABLE II: Evaluation results of the proposed model and baseline methods on the short-term prediction horizon (< 2 seconds).
The metric is RMSE (m), with lower values indicating better performance. Cells marked with (‘-’) indicate data not available.
Bold and underlined values indicate the best and the second-best performance in each category, respectively.

NGSIM MoCAD HighD

Model 1 2 1 2 1 2
CS-LSTM [58] 0.61 1.27 1.45 1.98 0.22 0.61
NLS-LSTM [59] 0.56 1.22 0.96 1.27 0.20 0.57
CF-LSTM [60] 0.55 1.10 0.72 091 0.18 0.42
iNATran [61] 0.39 0.96 - - 0.04 0.05
BAT [8] 0.23 0.81 0.35 0.74 0.08 0.14
MHA-LSTM [62] 0.41 1.01 1.25 1.48 0.19 0.55
STDAN [3] 0.39 0.96 0.62 0.85 0.19 0.27
HLTP [12] 0.41 091 0.55 0.76 0.09 0.16
HLTP++ [13] 0.46 0.98 0.64 0.86 0.12 0.18
WSIP [21] 0.56 1.23 0.70 0.87 0.20 0.60
CITF 0.30 0.81 0.28 0.63 0.04 0.09
CITF (drop 3-frames) 0.38 0.86 0.35 0.80 0.05 0.11
CITF (drop 5-frames) 0.41 0.90 0.45 0.94 0.16 0.30
CITF (drop 8-frames) 0.42 0.94 0.65 1.03 0.17 0.44
CITF (25%) 0.42 0.93 0.55 0.96 0.08 0.21

tackle the issue of missing data. We establish the missing test
set, which is further categorized into three subsets based on
the duration of data omissions: drop 3-frames, drop 5-frames,
and drop 8-frames. Omissions are purposefully made around
the midpoint of the historical trajectory. For instance, in the
drop 5-frames subset, data ranging from the (¢ — 8)-th to the
(t — 12)-th frame is excluded. To manage these omissions, we
employ simple linear interpolation. The evaluation results on
these subsets are reported as CITF (drop 3-frames), CITF
(drop 5-frames), and CITF (drop 8-frames), respectively.
Furthermore, to demonstrate the adaptability and efficiency of
our model, we train it on a limited training set, which contains
only 25% of the available training datasets. This model variant
is denoted as CITF (25%) in this study.

B. Training and Implementation Details

Our model was trained on an NVIDIA A40 GPU with 48GB
of memory. The training process utilized a batch size of 64 and
was conducted over 20 epochs. We adopted a dynamic learning
rate strategy, initially set at 1072 and gradually reducing
to 107°. The Adam optimizer was employed, coupled with
the CosineAnnealingWarmRestarts scheduler to manage the
learning rate adjustments. Following the multi-task learning
framework [57], our loss function combines the RMSE and the
Negative Log-Likelihood (NLL) metrics. The RMSE metric
quantifies the average Euclidean distance between predicted
and ground truth trajectories, serving as a general measure of
predictive accuracy. The NLL metric is particularly valuable
for assessing the fidelity of trajectory predictions relative
to expected maneuvers, ensuring the reliability of trajectory
forecasting within action-based models.

C. Experiment Results

1) Performance Comparison on Short-term Horizon: We
present comparative results of our model’s prediction perfor-
mance on the short-term prediction horizon (< 2 seconds)
against existing baseline models on the NGSIM, MoCAD,
and HighD datasets in Table II. Our model achieves the
best or second-best performance across all three datasets.
Among existing approaches, the BAT model demonstrates

the best results on the NGSIM and MoCAD datasets, while
the iNATran model performs best on the HighD dataset.
Therefore, a comparative analysis of these two models is both
essential and representative. Compared to the BAT model,
although our model slightly underperforms in the 1-second
prediction horizon on the NGSIM dataset, it surpasses BAT
on all other datasets. Specifically, on the MoCAD dataset, our
model achieves a minimum improvement of 14.8% in short-
term prediction horizons, while on the HighD dataset, the
improvement is at least 35.8%. Similarly, when compared to
the iNATran model, our model falls slightly behind only in the
2-second prediction horizon on the HighD dataset. However, it
demonstrates significant improvements on the NGSIM dataset,
achieving gains of 23.1% and 15.6% in the 1-second and 2-
second prediction horizons, respectively. We further conducted
a comprehensive evaluation of the robustness of our proposed
model using the missing test set and compared its performance
with SOTA baselines. As shown in Table II, CITF outperforms
most models, including CS-LSTM and WSiP, on the missing
test set, even surpassing their performance on the complete test
set. Additionally, we assessed the ability of various baselines to
handle data missingness challenges using the NGSIM missing
dataset, with results presented in Table III. A clear trend
emerges: as the proportion of missing data increases, the ad-
vantages of CITF become even more pronounced. Specifically,
CITF outperforms the previous best-performing BAT model
by at least 9.0% and 20.0% in the drop 5-frames and drop
8-frames scenarios, respectively. Overall, while CITF does
not show a distinct advantage over previous baseline models
in short-term prediction horizons, it significantly outperforms
them in the presence of data omissions—a common challenge
in real-world applications due to observational constraints.

2) Performance Comparison on Long-term Horizon: As
shown in Table IV, our model achieves the best performance
across all datasets for long-term prediction horizons (>2
seconds). On the NGSIM dataset, our model significantly
surpasses all baselines from 2018 to 2024, achieving improve-
ments of 7.8%, 15.7%, and 17.1% for the 3-second, 4-second,
and 5-second prediction horizons, respectively. Similarly, re-
sults on the MoCAD dataset highlight the strong performance
of our model in busy urban traffic scenarios, with improve-
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TABLE III: Comparative evaluation of our model on the short-term prediction horizon against selected baselines on the
missing test set of the NGSIM dataset. RMSE (m) is used as the evaluation metric. Bold values indicate the best performance,
while underlined values indicate the second-best performance in each category.

Drop 3-frames

Drop 5-frames Drop 8-frames

Model

Is 2s Is 2s Is 2s

CS-LSTM [58] 0.67 1.47 0.75 1.52 0.84 1.72
CF-LSTM [60] 0.59 1.14 0.64 1.37 0.70 1.46
WSIP [21] 0.60 1.29 0.69 1.37 0.76 1.58
STDAN [3] 0.42 1.00 047 1.12 0.57 1.37
BAT [8] 0.28 0.88 0.48 0.99 0.52 115
HLTP [12] 0.49 1.21 0.67 1.34 0.75 1.46
HLTP++ [13] 0.48 1.09 0.63 1.26 0.70 1.34
CITF 0.38 0.86 0.41 0.90 0.42 0.94

TABLE IV: Evaluation results of the proposed model and baseline methods on the long-term prediction horizon (>2 seconds).
The accuracy is measured using RMSE (m), with lower values indicating better performance. Cells marked with (‘-’) indicate
data not available. underlined values indicate the best and the second-best performance in each category, respectively.

NGSIM MoCAD HighD
Model
3 4 5 ‘ 3 4 5 ‘ 3 4 5
CS-LSTM [58] 2.09 3.10 4.37 2.94 3.56 4.49 1.24 2.10 3.27
NLS-LSTM [59] 2.02 3.03 4.30 2.08 2.86 3.93 1.14 1.90 291
CF-LSTM [60] 1.78 2.73 3.82 1.73 2.59 3.44 1.07 1.72 2.44
iNATran [61] 1.61 2.42 3.43 - - - 0.21 0.54 1.10
BAT [8] 1.54 2.52 3.62 1.39 2.19 2.88 0.20 0.44 0.62
MHA-LSTM [62] 1.74 2.67 3.83 2.57 322 420 1.10 1.84 2.78
STDAN [3] 1.61 2.56 3.67 1.62 2.51 3.32 0.48 0.91 1.66
WSiP [21] 2.05 3.08 4.34 1.70 2.56 3.47 1.21 2.07 3.14
HLTP++ [13] 1.52 2.17 3.02 1.56 2.40 3.19 0.30 0.47 0.75
CITF 142 2.04 2.82 1.09 1.67 2.28 0.18 0.30 0.43
CITF (drop 3-frames) 151 2.32 295 124 175 240 023 035 047
CITF (drop 5-frames) 1.52 2.40 3.31 1.30 1.80 2.72 0.43 0.64 0.92
CITF (drop 8-frames) 1.65 2.45 3.51 1.63 2.13 2.98 0.83 1.25 1.72
CITF (25%) 1.55 2.54 3.30 1.35 222 3.10 0.41 0.62 0.92

TABLE V: Comparative evaluation of our model on the long-term prediction horizon against selected baselines on the missing
test set of the NGSIM dataset. RMSE (m) is used as the evaluation metric. Bold values indicate the best performance, while
underlined values indicate the second-best performance in each category.

Drop 3-frames

Drop 5-frames Drop 8-frames

Model

3s 4s Ss 3s 4s Ss 3s 4s Ss

CS-LSTM [58] 2.34 3.60 4.71 247 3.82 4.97 2.64 3.97 5.34
CF-LSTM [60] 1.82 2.77 3.91 1.94 2.33 3.98 221 3.10 4.47
WSIP [21] 2.10 3.17 4.42 2.19 3.41 4.77 237 3.64 5.10
STDAN [3] 1.68 2.64 3.72 1.81 2.75 3.88 2.14 3.04 4.19
BAT [8] 159 259 3.67 174 261 3.84 1.82 2.69 3.98
CITF 1.51 2.32 2.95 1.52 2.40 3.31 1.65 245 3.51

ments of 21.6%, 23.7%, and 20.8% over the same horizons.
Furthermore, our model demonstrates substantial performance
gains on the HighD dataset, outperforming the BAT and
DACR-AMTP models with remarkable improvements of up to
31.8% and 57.4% in RMSE, respectively. In the 5-second pre-
diction horizon, our model surpasses iNATran by an impressive
60.9%. We also investigated the impact of data omissions
on the model’s long-term prediction performance. As shown
in Table IV, even when faced with the drop 3-frames and
drop 5-frames scenarios, CITF outperforms existing baselines
on the majority of prediction horizons across all datasets.
Specifically, at the 5-second prediction horizon, CITF (drop 3-
frames) achieved improvements of 13.2%, 16.7%, and 24.2%
on the NGSIM, MoCAD, and HighD datasets, respectively.
Table V further illustrates CITF’s performance against other
models on the missing test set of the NGSIM dataset. CITF
outperforms all other models across all prediction horizons,
and this advantage increases as the proportion of data omis-
sions grows. On the drop 8-frames test set, CITF surpasses the
best existing models by 9.3%, 8.9%, and 11.8% at the 3, 4,

and 5-second prediction horizons, respectively. Overall, CITF
exhibits better performance in long-term prediction horizons
compared to short-term horizons. These results underscore the
model’s ability to capture long-term intentions and deliver
accurate predictions over long-term horizons.

3) Performance Comparison on Limited 25% Training Set:
To challenge our model’s adaptability, we trained it using only
a quarter of the available training set from the NGSIM, HighD,
and MoCAD datasets, yet evaluated its performance on the
complete test set. Impressively, as shown in Tables II and
IV, even with this limited training data, our model delivered
RMSE values that were notably lower than most baseline
models. Such results underscore our model’s efficiency and
robustness in trajectory prediction. This performance indicates
a promising potential: our model might substantially cut down
on the data demands typically associated with training AVs,
particularly in scenarios that are data-scarce. In summary, our
findings attest to the model’s reliability, resource efficiency,
and precision in forecasting vehicle trajectories.
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TABLE VI: Comparative evaluation of CITF with selected
baselines. Highlighting the accuracy metric (Average RMSE
(m)) and complexity measured by the number of parameters

#Param. (K). indicates the performance of our model.
Average RMSE (m)

#Param. (K

Model NGSIM  HighD MoCAD @
CS-LSTM [58] 229 1.49 2.88 194.92
CF-LSTM [60]  1.99 1.17 1.88 387.10
WSiP [21] 2.25 1.44 1.86 300.76
GaVa [63] 1.65 0.39 1.63 360.75
CITF 148 0.21 1.00 294.61

TABLE VII: Inference time comparison of CITF with the

SOTA baselines on NGSIM. The inference time is for 10

batches with a size of 128 on two Nvidia A40 48G GPUs.
indicates the performance of our model.

Model Average RMSE (m) Inference time (s)
CS-LSTM [58] 2.29 0.22
MHA-LSTM [64] 1.93 0.11
TS-GAN [65] 2.06 0.23
WSiP [21] 2.25 0.25
STDAN [3] 1.87 0.22
CITF 1.48 0.15

4) Comparative Analysis of Model Performance and Com-
plexity: As shown in Table VI, our model is benchmarked
against several top baselines across three real-world datasets.
A notable challenge in this field is the limited availability
of efficiency metrics, compounded by restricted access to the
source code of various models. Consequently, our comparison
mainly focuses on open-source models. Although our model is
not the most parameter-efficient, it surpasses all competitors
by achieving the lowest average RMSE across all datasets.
Remarkably, this high level of accuracy is attained with
substantially reduced model complexity—using 18.3% fewer
parameters than Gava. Additionally, we assess the inference
speed of CITF on the NGSIM dataset. As presented in Table
VII, while our model’s inference speed is slightly slower than
that of the MHA-LSTM model, it ranks among the most ac-
curate. Specifically, CITF outpaces the previous SOTA model
STDAN, with inference speeds 31.8% faster, respectively.
These findings highlight CITF’s ability to balance speed and
accuracy, further emphasizing its lightweight, efficient, and
precise performance in predicting future vehicle trajectories.

D. Ablation Studies

We perform a detailed ablation study to assess the spe-
cific contributions of each component within our trajectory
prediction model. The summarized results are presented in
Table IX. Notably, Model F, which integrates all components,
consistently outperforms other variations across all evaluation
metrics, underscoring the combined value of these components
in optimizing performance. In contrast, Model A, which omits
the Driver Behavior Profiling within the Perceived Safety-
Aware Module, experiences a substantial decline in perfor-
mance, particularly in short-term predictions, with reductions
of at least 19.8% on the NGSIM dataset and 30.7% on the

TABLE VIII: Different components of ablation study.

Ablation methods

Components

Driver Behavior Profiling
Perceived Safety-Aware Module
Priority-Aware Module
Interaction-Aware Module
Multimodal Decoder

SRS %>
SR x @
RIUx§Nn
Sx NN\ ©
x S\ \m
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TABLE IX: Evaluation results of the ablation analysis for
different models on the NGSIM and HighD datasets, with
RMSE (m) as the evaluation metric.

Model

Dataset Time (s) A B C D E F
1 0.47 0.45 0.41 0.43 0.39 0.30
2 1.01 0.97 0.89 0.93 0.88 0.81

NGSIM 3 1.50 1.69 1.77 1.54 1.59 1.42
4 2.58 2.70 2.39 2.47 227 2.04
5 3.32 3.41 3.10 3.26 2.98 2.82
1 0.06 0.05 0.04 0.05 0.05 0.04
2 0.13 0.14 0.10 0.12 0.11 0.09

HighD 3 0.25 0.25 0.21 0.24 0.22 0.18
4 0.40 0.42 0.36 0.38 0.36 0.30
5 0.58 0.67 0.51 0.55 0.49 0.43

HighD dataset. This underscores the critical role of Driver
Behavior Profiling in improving trajectory prediction accuracy.
Model B, a reduced version of Model F without the Perceived
Safety-Aware Module shows a significant reduction in RMSE,
especially for long-term predictions, with improvements of at
least 16.0% and 28.0% on the NGSIM and HighD datasets,
respectively. This highlights the importance of considering
perceived safety factors in trajectory prediction, especially
for long-term prediction. Model C, which uses absolute co-
ordinates instead of relative positions in the Priority-Aware
Module, displays non-negligible reductions in prediction met-
rics, highlighting the importance of spatial relationships in
achieving accuracy. Model D, which lacks the Interaction-
Aware Module, shows performance losses of at least 14.8%
and 25% on the NGSIM and HighD datasets for short-term
prediction, and at least 8.5% and 26.7% for long-term pre-
diction, respectively. Finally, Model E reduces the multimodal
probabilistic maneuver prediction in the Decoder, resulting in
a performance degradation of at least 5.7% and 13.9% in the
NGSIM and HighD datasets, respectively. This suggests their
importance in improving prediction accuracy.

E. Qualitative Results

Figure 3 compares the performance of CITF with the top
baselines, BAT and WSiP, in complex highway scenarios.
All three models perform well in short-term predictions, with
predicted trajectories closely aligning with the ground truth.
However, as shown in Figure 3 (a), in the long-term pre-
diction horizon, CITF (ours) successfully identifies the target
vehicle’s intent to merge into an adjacent lane and predicts
the overtaking maneuver, producing an accurate forecast. In
contrast, both the BAT and WSiP baselines incorrectly predict
that the vehicle will continue driving straight. Moreover, in
Figures 3 (b-c), facing the intricate dynamics and interactions
typical of long-term predictions, such as sudden lane changes,
surrounding traffic congestion, and potential collisions, CITF
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Fig. 3: Visual insights from CITF and top baselines on the
NGSIM dataset, illustrating short-term and long-term predic-
tions for three complex driving scenarios: (a) merging, and
(b-c) rightward lane change. A darker blue shade indicates an
increased risk to the target vehicle, and vice versa.

excels at capturing the subtle influences of driver behavior.
It effectively models the traffic scene, recognizing the im-
portance of surrounding vehicles and their impact on the
target vehicle’s trajectory, thus maintaining high prediction
accuracy. These visual results reveal that other models struggle
to accurately discern vehicle intentions in complex long-
term scenarios. This also further underscores the competitive
performance of CITF in short-term predictions, as well as its
outstanding capabilities in long-term prediction tasks.

VI. CONCLUSION

On the journey to fully autonomous driving, long-term
trajectory prediction remains a complex challenge. This study
introduces an innovative approach rooted in cognitive insights,
emphasizing the critical role of perceived safety in driver
decision-making. Our Perceived Safety-Aware Module har-
moniously merges Quantitative Safety Assessment and Driver
Behavior Profiling, offering a detailed perspective on safety
perceptions in driving. Rigorous evaluations on real-world
driving datasets demonstrated the adaptability of our model,
even under data constraints and missing data. In long-term
prediction horizons, our proposed CITF significantly outper-
forms existing models, highlighting the promise of combining
computational advantages with human cognitive processes
to enhance both the safety and efficiency of autonomous
driving. Despite significant progress in prediction accuracy
and efficiency, the limitations of our model in short-term low-
complexity scenarios warrant further investigation. In such
scenes, minimal interactions between the target and surround-
ing vehicles make short-term dynamics largely governed by
basic kinematic principles. A promising avenue for future
research is to integrate physical models with deep learning
techniques to better account for varying traffic scenes and
improve the robustness of the model.
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