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ABSTRACT

Vehicle trajectory prediction plays a vital role in intelligent transportation systems and autonomous
driving, as it significantly affects vehicle behavior planning and control, thereby influencing traffic
safety and efficiency. Numerous studies have been conducted to predict short-term vehicle trajec-
tories in the immediate future. However, long-term trajectory prediction remains a major challenge
due to accumulated errors and uncertainties. Additionally, balancing accuracy with interpretability
in the prediction is another challenging issue in predicting vehicle trajectory. To address these
challenges, this paper proposes a Goal-based Neural Physics Vehicle Trajectory Prediction Model
(GNP). The GNP model simplifies vehicle trajectory prediction into a two-stage process: deter-
mining the vehicle’s goal and then choosing the appropriate trajectory to reach this goal. The
GNP model contains two sub-modules to achieve this process. The first sub-module employs a
multi-head attention mechanism to accurately predict goals. The second sub-module integrates a
deep learning model with a physics-based social force model to progressively predict the complete
trajectory using the generated goals. The GNP demonstrates state-of-the-art long-term predic-
tion accuracy compared to four baseline models. We provide interpretable visualization results to
highlight the multi-modality and inherent nature of our neural physics framework. Additionally,
ablation studies are performed to validate the effectiveness of our key designs.

Keywords: Vehicle Trajectory prediction, Neural differential equations, Goal-based Prediction,
Transformer, Vehicle Intentions
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1. INTRODUCTION

Vehicle trajectory prediction is a crucial component in intelligent transportation systems (ITS)
and autonomous driving, with significant implications for vehicle behavior planning and control.
On one hand, the collection of high-quality vehicle trajectory data is becoming more feasible as
vehicles can promptly share accurate position and speed information, along with data about sur-
rounding vehicles and road environments gathered through various sensors, using high-quality
communication networks like 5G. On the other hand, for autonomous vehicles (AVs) and con-
nected autonomous vehicles (CAVs), precise trajectory prediction is a necessary prerequisite for
reliable decision-making, trajectory planning, and control instructions (/). Effectively leveraging
vehicle trajectory data, as well as information about surrounding vehicles and road environments,
to achieve high-performance prediction is an imperative task in ITS and autonomous driving.

Earlier models for vehicle trajectory prediction relied on physical models or traditional
machine learning algorithms. Physics-based models employ mechanics or kinematics equations,
iterating the prediction step to forecast the trajectory (2). Traditional machine learning methods in-
cluded Bayesian learning, hidden Markov models (HMMs), support vector machines (SVMs), and
Gaussian Processes (GP) (3). However, these methods often struggled with long-term predictions
as they could not anticipate changes due to maneuvers or external factors and required extensive
feature engineering. More recently, deep learning models have revolutionized vehicle trajectory
prediction and perform great accuracy by demonstrating the ability to extract intricate tempo-
ral and spatial features from data. Recurrent neural networks (RNNs), including long short-term
memory network (LSTM) and gated recurrent unit (GRU) variants (4-6), and transformer-based
models (7, 8) excel in capturing temporal features from sequential trajectory data. For spatial
features and interactions, convolutional neural networks (CNNs) (9—-11), and graph neural net-
works (GNNs) (12, 13) are employed to analyze Euclidean or non-Euclidean spatial dependencies
between vehicles and the infrastructures. Additionally, to model the high uncertainty of vehicle
trajectories, some models adopt a multi-modality approach to predict multiple possible motion be-
haviors. These models include those using predefined explicit driving maneuvers or pre-clustered
anchors, as well as generative deep learning models such as variational autoencoders (VAEs) (/4)
and generative adversarial networks (GANs) (11, 15). However, despite their high accuracy, deep
learning models have limitations. They require large amounts of labeled data, are computationally
intensive, and often act as "black boxes" with limited interpretability, which may hinder safety-
critical applications in autonomous driving.

Although previous trajectory prediction studies have achieved notable success, we have
identified and analyzed two key issues from these findings. First, vehicle trajectory prediction has
uncertainties, largely due to the unknown intention of the vehicle. The uncertainty in a vehicle’s
trajectory primarily arises from two main factors: the unknown driving intention of the driver
over a specific period and the indeterminate path the vehicle will take to fulfill this intention. In
a highway environment, the former has a significant influence on trajectory prediction outcomes.
For instance, whether a vehicle chooses to proceed straight or change lanes leads to completely
different trajectory patterns. Additionally, the behavior of surrounding vehicles—such as slowing
down, speeding up, and lane changes—directly influences the current vehicle’s decisions. The lat-
ter is also relevant, as once the vehicle determines its intention (goal), there may be several path
options to execute. Previous studies primarily inferred future motion states from historical trajec-
tories and environmental information, i.e., focusing solely on the latter factor but neglecting the
modeling of driving intentions. Consequently, designing a model that can accurately understand
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and distinguish a vehicle’s intention is crucial for precise trajectory prediction. Recently, goal-
based prediction frameworks have gained popularity and proven effective in trajectory prediction
tasks (/6-22). In terms of vehicle trajectories, studies such as (/9) and (20) feed historical tra-
jectories and context information into neural network layers to explicitly output grid-based goals
and then complete the full trajectories. Nonetheless, the goal prediction module in these models
relies solely on the historical trajectory segment, neglecting the future general pattern of vehicle
trajectories. This oversight makes it challenging to accurately predict the distribution of possible
goals.

Secondly, previous models often face a dilemma between interpretability and data-fitting
ability. These models can be broadly categorized into two types: physics-based and data-driven
models. Physics-based models offer good interpretability as they are constructed using explicit
geometric optimization or ordinary/partial differential equations. They typically use combinations
of physical quantities, formulas, and parameters to obtain results. However, the parsimonious
structures of a physics model may not always effectively capture the complex nonlinearities, high
dimensionality, or latent patterns of vehicular trajectory data, thus limiting its predictive capability.
In contrast, data-driven models excel at fitting data because they can be trained on large datasets
with numerous parameters. However, their black-box nature hinders researchers from interpreting
the predictions. Relying solely on such models without understanding their internal working mech-
anisms poses safety risks. Interpretability allows researchers to identify potential errors and avoid
risks. Moreover, interpretability provides transparency, enabling users and decision-makers to trust
the model’s output. Therefore, developing a vehicle trajectory prediction model that balances pre-
diction accuracy and interpretability is critical. (23) proposed a PIT-IDM model that integrates the
Transformer with a car-following model, the Intelligent Driver Model (IDM). By employing the
novel physics-informed neural networks (PINNs) framework, this model achieves great prediction
accuracy and transferability and delivers highly explainable visualizations. However, they train
the deep-learning and physics components separately and merge them only in the final loss func-
tion, thereby not fully exploiting their combined potential benefits. Additionally, their model only
investigates vehicle trajectory prediction in the longitudinal direction.

To tackle the aforementioned issues, we propose a model that predicts the intentions of
vehicles while also ensuring interpretability. We construct a model with two sub-modules: a goal
prediction sub-module and a trajectory prediction sub-module. The model first estimates possible
future goals based on historical data, and these goals guide the trajectory. Next, we combine a
physical model with neural networks for trajectory completion in the latter sub-module. Drawing
inspiration from recent advancements in neural differential equations (22, 24), we utilized a deter-
ministic social force model. Unlike traditional social force models and their variants, we replace
fixed or calibrated parameters with learnable neural networks. This method utilizes the superior
data-fitting abilities of neural networks to more accurately represent the dynamics of variables in
the physical model. Overall, the first sub-module effectively exploits complex uncertainty by esti-
mating dynamic vehicle motion goals, while the second sub-module leverages the benefits of both
physics-based models and deep learning to achieve good data-fitting and interpretability.

1.5 Main contributions and chapter organization of this paper
The primary contributions of this paper are as follows:
1. We explore the general pattern of vehicle trajectories to investigate possible driving
intentions, explicitly predicting multiple potential goals over a period of time.
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2. We design a neural differentiable equation model to forecast the complete trajectory,
calculating the key parameters of attraction and repulsion forces in the Social Force
Model through neural networks and progressively determining future positional coordi-
nates based on vehicle dynamics.

3. We introduce a novel Goal-based Neural Physics Vehicle Trajectory Prediction Model
(GNP) that integrates deep learning models with physical social force models to achieve
both high prediction accuracy and interpretability. We demonstrate the effectiveness of
this model through extensive experiments and visualizations.

2. METHODOLOGY

In this study, we focus on predicting the trajectory of the target vehicle in a multi-lane highway
scenario based on the historical movement states of the target vehicle and its neighborhood vehi-
cles. Our methodology emphasizes goal-based prediction, considering the interaction between the
target vehicle and its surrounding vehicles and road marking information.

2.1 Problem Definition
We suppose that a sequence of vehicle state from time t = 1 to t = T as Q1.7 = (¢',¢%,...,q"7),

where an observation or state of the vehicle at time 7 is denoted as ¢’ = [p‘ D' } T, p, p € R? denotes
the position and velocity. For a single state ¢: of vehicle i, we also consider its neighborhood
set Qf € RN comprising its surrounding vehicle states {qtj : j € QL}. Therefore, the observed
sequence of vehicle state is X = Q1.7 and the future or ground truth sequence is Y = Qr,, 1.7.
The predicted trajectory is denoted as ¥ = (pTorst1 plont2 5T We aim to predict the position
trajectory of the target vehicle.

The vehicle driving process for a specific period is summarized as follows. Firstly, within
the time scope of a trajectory 7', the drivers decide on a set of possible destinations on the high-
way, which we call goals g € {1,2,... ,ngoals}, where ngo15 denotes the number of goals; second,
oriented by the potential goals and considering the influence of surrounding vehicles and road
markings, they choose one goal and manipulate the vehicle towards it via a route. In a 2D scene,
the goal g of the target vehicle is defined as the last longitudinal and lateral position of the fu-
ture time step, denoted as Hr 4. Therefore, the goal-based prediction model can be presented as
follows:

ngu(X7Q)7 (1)
?:FG@(X’Q?gAaE)) (2)

where G and u are the Goal Prediction sub-module in Section 2.3 and its learnable parameters
(neural network weights), ¢ is the estimated goals of the Goal Prediction sub-module. Similarly, in
Equation 2, F is the Goal-based Neural Social Force Trajectory Prediction sub-module introduced
in Section 2.4, 0 and ¢ are interpretable parameters presented later and uninterpretable parameters
in neural networks. Here, E represents the environmental information.

2.2 Model Architecture

Based on the defined problem, we introduce the architecture of our GNP model in this section. As
depicted in Figure 1, the GNP model comprises two sub-modules: the Goal Prediction sub-module
and the Trajectory Prediction sub-module. The Goal Prediction sub-module employs a refined
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FIGURE 1 Model architecture proposed in this paper. This dual sub-module framework first
estimates the intentions and predicts multiple possible goals, then forecasts the full trajecto-
ries using a deep-learning enhanced social force model.

transformer encoder-decoder architecture to generate diverse goals for vehicles. This sub-module
encodes observed historical trajectories and a future trajectory trend (intention mode) obtained
through clustering. It decodes the observed trajectories of neighboring vehicles to capture social
interactive dependencies. By parsing the vehicle’s historical trajectories, surrounding vehicle in-
formation, and intention modes, the Goal Prediction sub-module models the vehicle’s intentions
and samples multiple goals for the subsequent trajectory prediction.

Following this, the Trajectory Prediction sub-module employs a new neural differential
equations model to predict the complete trajectory by computing acceleration values in conjunction
with the vehicle dynamics. Specifically, we achieve this model by integrating a physical model, the
social force, with a neural network. To accurately evaluate the vehicle’s acceleration, the Trajectory
Prediction sub-module uses previously generated goals and observed trajectories to train and learn
the key parameters of the two components of the social force. Finally, full future trajectories are
predicted step by step by adhering to the aforementioned vehicle dynamics.
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2.3 Goal Prediction

To model intentions and predict goals for vehicles, we developed an enhanced transformer encoder-
decoder architecture based on the design in (25). First, the mode-level transformer encoder parses
the intention modes and observed embeddings, capturing possible future trends in vehicle trajec-
tories. The encoder’s output, combined with information about neighboring vehicles, is fed into
the social interaction-level transformer decoder to explore inter-vehicle relationships. Finally, the
model produces multiple possible goals, determining the vehicle’s driving intention over a speci-
fied period.

In contrast to other transformer-based trajectory prediction models, our model aims to pre-
dict goals by estimating driving intentions. Previous methods typically depend only on observed
trajectories and neighboring vehicles, encoding temporal and spatial features from these sequences.
Our model, however, incorporates general patterns of future vehicle behavior into the input token,
enabling it to identify potential future driving directions and targets and thereby predict the goals.

Trajectory modes and observed embeddings: The input token of our model combines the de-
signed intention mode and the observed trajectory sequence. By interpreting this token with a
mode-level transformer encoder, the model captures the overall pattern and trend of the trajectory
sequence. The intention mode differentiates general driving behaviors on the highway, indicating
various driving purposes. For example, lane-changing trajectories differ significantly from straight-
ahead trajectories, allowing us to infer whether a vehicle intends to change lanes or go straight.
However, determining intention solely based on subjective evaluations like going straight or chang-
ing lanes is insufficient. Therefore, we first perform two rigid transformations—translation and ro-
tation—on the input trajectory sequence and then obtain the intention mode using a distance-based
method.

From a bird’s eye view of the highway, the trajectory segments are distributed across var-
ious parts of the roadway and travel in two different directions. To extract the general features
of the vehicle trajectories, it is essential to normalize the trajectories using two rigid transforma-
tions: translation and rotation. It is important to note that trajectories exhibit rigid transformation
invariance. For instance, the trajectory of a vehicle moving from east to west and changing lanes
to the right can be rotated and translated to represent the same vehicle moving from west to east
and changing lanes to the right under identical conditions. The trajectory data in the training set
is divided into two segments: the first segment with a length of 7,,, and the second segment with
a length of T,,.4. First, we translate the entire trajectory by shifting the 7, + 1 point of each
trajectory to the origin of the coordinate system, i.e., subtracting the 2D coordinates of the 7, + 1
point from all trajectory points. Then, considering the presence of trajectories with two travel
directions on the highway in some datasets, we rotate all trajectories around the coordinate ori-
gin and uniformly convert them to trajectories traveling from west to east. For the transformed
trajectories, the distance between the trajectory points with similar intention behavior is smaller.
Hence, a distance-based approach can be used here to distinguish the different intention modes of
the trajectories.

Here, we perform a clustering operation on the normalized future trajectories to identify L
centers C € RE*Tpea*2 with C = {cy,...,c.} and each {c; |1 € {1,...,L}} representing a trajec-
tory of length 7},,.4. These centers C represent the general intention modes and act as one of the
inputs for the next mode-level transformer encoder. Staying consistent with the original text, the
clustering operation here is a preparatory step, C does not affect the efficiency of validation or test
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stage.

The intention mode requires two more processing steps to serve as the input token for the
next mode-level transformer encoder. They are first reshaped into a L X 27,4 features and then
embedded by a learnable linear transformation, resulting in the input embedding E, as follows:

EC = ¢(C7WC>7 (3)

where ¢(-,-) denotes a linear transformation characterized by a learnable parameter matrix W, €
R27prea*De and E, € RE*Pe denotes the intention mode embedding.

To ensure accurate goal prediction, it is necessary to analyze the observed historical tra-
jectories in addition to the intention mode. Therefore, the intention mode and observed trajectory
X € RB*Tobs*2 are combined here. Specifically, the embedded X is concatenated to the intention
mode embedding E, as follows:

E, = ¢(X, W), “)
E.=E.+E,, )

where B denotes the batch size, X denotes reshaped into B x 2T,,, followed by a linear trans-
formation, W, € R?%ovs*De denotes the learnable parameter matrix. The dimensions of E. and
E, are broadcast to B x L x D,, followed by an addition operation to obtain the input embedding
E, € RB*LXDe _(Classical Transformer models typically require positional encoding to incorporate
sequential order information into the sequence. However, unlike tasks such as natural language
processing, the input data in vehicle trajectory prediction inherently possesses temporal sequential
information. Therefore, following the approach in (25), we do not add positional embedding to the
input embedding.

Mode-level transformer encoder: The mode-level transformer encoder is designed to analyze
intention modes and observed trajectories to predict the vehicle’s potential goals or destinations
over time. Given the input embedding E,., which represents general intention modes and the ob-
served trajectory, the mode-level transformer encoder employs the standard encoder architecture
of a naive transformer. Each encoder block features a multi-head self-attention layer and a Feed-
Forward Network (FFN) with residual connections (26). Unlike the naive transformer encoder, we
do not add positional embedding at each encoder block as proposed in (25), but only provide the
combined input embedding once.

Social interaction-level transformer decoder: The social-level transformer decoder is designed
to extract social interactions with neighboring entities and follows the standard decoder architec-
ture of a naive transformer, which includes an attention layer and a Feed-Forward Network (FFN).
Referring to the work of (25), the differences from the naive transformer are threefold: 1. The
decoder receives masked neighboring embeddings instead of masked output embeddings. The
mask’s main role is to exclude non-existent neighbors. 2. The decoder retains the encoder-decoder
attention mechanism but omits self-attention. 3. Positional embeddings are removed since the
positional relationship between the vehicle and its neighbors is incorporated in the trajectory se-
quences.

Assume that a pedestrian has N neighbors, represented by the neighbor observed trajecto-
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ries X, € RV>*Tons*2 Each trajectory in X; is flattened into a feature vector, leading to a feature
matrix X; € RV*?%ors Then, we embed the feature matrix by a learnable linear transformation to
obtain the input embeddings of the social-level transformer decoder as follows:

Es — ¢(XS‘7W€)7 (6)

where E; € RV*Pe ig the input embeddings of the decoder, W € R2%obs*De ig the learnable pa-
rameter matrix. After that, the input embeddings E are transformed into output embeddings with
the subsequent encoder-decoder attention layer and an FFN layer with the residual connection. In
this case, these output embeddings attend to the social interactions to forecast social-acceptable
trajectories and corresponding probabilities by the next dual prediction.

Output: To accurately describe the possible driving intentions of the vehicle, we output multiple
potential goals and their corresponding probabilities. Based on the literature (25), we use a goal
prediction head and a probability prediction head to output the predicted goals and their proba-
bilities. Here, the probability prediction head is directly connected to the mode-level transformer
encoder, while the goal prediction head is applied after the social interaction-level transformer de-
coder. We adopt different strategies during the training and deployment phases. In training, we
use a greedy strategy, assuming that the predicted goal with the highest probability originates from
the cluster center nearest to the ground truth goal p”. Specifically, we first calculate the distance

between the cluster centers C = {cj,...,cz} and the ground truth goal p” to identify the nearest

clustering center ¢;,i € {1,...,L}.

i=arg min Y —cil3). 7
g, min, (I —cil3) )

Then, the soft probability p of ¢; can be expressed using the normalized negative distance
as shown below.

p = softmax({—||¥ —ci|j5 |ie{1,...,L}}). (8)

As such, the predicted goal 57 and its corresponding probability p are derived by applying a series
of deep transformations to c;. In the testing phase, we adopt a Top-K strategy, i.e., we select the
K highest probability goals from the model’s multiple outputs to represent the final set of possible
driving goals.

2.4 Goal-based Neural Social Force Trajectory Prediction

Following to the two-stage hypothesis of vehicle trajectory execution, this sub-module is dedicated
to accurately developing the trajectory towards the predetermined goal. According to (22), we
developed a goal-based neural social force model. As we mentioned in Section 2.1, the state ¢’ of
the ith vehicle at any time # can be observed on the highway. Then a sequence of vehicle state can
be represented as a function of time ¢(¢). Similarly, the sequences of neighborhood vehicle states
is also a function of time Q(¢). Therefore, the vehicle dynamics in a highway in this neural social
force model can be formulated as follows:

dq

dt (t):fe,(i)(t?‘I(t)?'Q(t)?qT?E)a (9)
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where 0 and ¢ are interpretable parameters presented later and uninterpretable parameters in neural
networks. The vehicle dynamics determined by function f, which is governed by time 7, the current
state ¢(t), its neighboring vehicle state Q(z) and the environment E.

Given the initial and final condition ¢(0) = ¢° and ¢(T) = ¢”, then we have the following
representation:

T
d" ="+ [ foolt.a(0).00).4" E)ds (10)

Assuming p(t) is second-order differentiable, we expands ¢(¢) using Taylor’s series for a
first-order approximation:

- va — (P() p(t)

qt+Ar) =~ q(t)+q(t)Ar = (p(;)) + At (p‘(t)) (11)
where At is the time step. The stochasticity a(z,q'* ™) is assumed to only influence p. Equation
11 is general and any dynamical system with second-order differentiability can be employed here.

Further, we hypothesize that each vehicle behaves as a particle in a particle system and
follows Newton’s second law of motion. The acceleration jj() that we establish depends primarily
on two component forces: the Goal attraction force Fy,,; and the inter-vehicle and environmental
repulsion Fi .

(1) = Fooal(1,q" 1 @) + Frep(t, ¢, Q") (12)

Unlike the traditional social force model, some parameters in our model are obtained
through neural network training. We assume that the goal or destination PT of each trajectory is
given, although in practice, the goal P” needs to be learned or sampled during prediction. There-
fore, we employ the Goal Prediction sub-module described in Section 3.3 to sample P’ for each
trajectory. For trajectory prediction, the Goal Prediction sub-module is a pre-trained model. When
new trajectory data is collected during testing, the Goal Prediction sub-module samples the goal
PT for each trajectory, and the Trajectory Prediction sub-module predicts the future trajectories.

Given the current state and goal, we calculate Fyo, using the goal network NNy, as de-
scribed in Equation 13 and Fep using the repulsion network NNy, as described in Equation 14.
The goal network first encodes the current state ¢’, which is then input into a Long Short-Term
Memory (LSTM) network to capture the dynamics. After a linear transformation, the LSTM out-
put is concatenated with the embedded goal p’ . Finally, the key parameter 7 is computed using a
Multi-Layer Perceptron (MLP). The architecture of the collision network is similar. Each agent qtj
in the neighborhood Q! is encoded and concatenated with the encoded target vehicle state ¢',. The
parameter kj; is then computed. Through these steps, the interpretable key parameters 7 and kj
for Fyoa and Frep are derived.

Goal attraction: A vehicle navigates towards its destination or goal driven by its intrinsic driving
intentions, which we abstractly model as an attraction generated by the goal. At time ¢, a vehicle
has a desired driving direction ¢/, determined by the goal p’ and the current position p': e/ =

T— ! . . . . . . . . .
ﬁ. Without any interfering forces, the vehicle adjusts its current velocity to align with the
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desired velocity v}, = vie', where V{; and ¢’ denote the magnitude and direction of the velocity,
respectively. Unlike the static vy used in previous models, we dynamically update 1j, at each time

step to reflect the changing desired speed as the vehicle approaches its destination: v{; = %

The goal attraction force Fyoy) indicates the vehicle’s natural tendency to adjust its current velocity
p' to the desired velocity v} . within time 7.

1
Fyoul = ;(vées —p') where T=NNy(q,p") (13)

where 7 is learned through a neural network (NN) parameterized by ¢;.

Inter vehicle and environment repulsion: Besides the goal attraction force, vehicles on a high-
way are subject to certain repulsive forces. The repulsive force stems from two major components:
(1) maintaining a safety distance from surrounding vehicles to avoid collisions, and (2) adher-
ing to lane constraints, where lane changes can be made at the dashed lines but never across the
road boundary lines. Given a target vehicle n, a neighboring vehicle j € Q! at relative position
r,j=p,— p , and lane boundaries [ € A!, at distances d,;, the repulsive force Frep exerted on
vehicle 7 is based on the gradient of the total repulsive potential field Uiy

Frep - Vr,,] Utotal (14)

Under previous assumptions, the total repulsive potential field Uy, consists of two com-
ponents: the potential field from surrounding vehicles Uyepicles and the potential field from lane
boundaries Ujjpes. The total repulsive potential field is given by:

il
Utotal = Z (rcolknje "eol ) + Z Uline,l (15)

jeQy leA!,

Here, o1 is a scaling factor for the repulsive potential, k,; is a coefficient representing the
interaction strength between the target vehicle n and the neighboring vehicle j, and ||r,;| is the
distance between these vehicles. The term Ujiye s represents the potential field contributions from
the lane boundaries and includes the interaction strength parameter &,,;, given by:

(16)

k1 225 for boundary lines

nl

2 .
ke~ (@) for center lines
Uhne I —

The selection of Ujipe ; is based on the different characteristics and roles of center lines and
boundary lines in the highway, as referenced in (27, 28). Center lines are typically crossable by
vehicles, indicating vehicles can change lanes for overtaking or other maneuvers. Therefore, an
exponential decay model k,; e~ (% s used, which provides a decent potential field when close
to the center line but rapidly diminishes as the distance increases, reflecting the flexibility and
frequent interaction with the center line. Conversely, boundary lines are generally non-crossable,
serving as strict limits to the vehicle’s movement, such as road edges or barriers. Thus, an inverse
square model knz is used for boundary lines. This generates a stronger and more persistent

repulsive force as the vehicle approaches the boundary line, ensuring that the vehicle maintains a
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safe distance and avoids collisions with these non-crossable boundaries.

Moreover, to ensure that the total repulsive potential field Uy, varies over time, we treat
knj and ky as learnable dynamic variables. We define [ky;,ku| = a * sigmoid(NNy,(q;,,q,J €
QL pi,1 € Al)), and adjust the hyperparameter a to guarantee the learned k,,; and k,,; are realistic.

3.RESULTS AND DISCUSSION

3.1 Experimental Dataset and Setting

Our research employs two datasets. The first one, known as the Next Generation Simulation
(NGSIM) dataset, provides comprehensive vehicle trajectory data from eastbound I-80 in the San
Francisco Bay area and southbound US 101 in Los Angeles. This data, collected by the U.S. De-
partment of Transportation in 2015, captures real-world highway conditions via overhead cameras
operating at 10 Hz. The second dataset is HighD, derived from drone video recordings at 25 Hz be-
tween 2017 and 2018 around Cologne, Germany. It covers approximately 420 meters of two-way
roads and documents 110,000 vehicles, including both cars and trucks, traveling a cumulative dis-
tance of 45,000 km. We trim each trajectory to a length of 8 seconds. Given 3 seconds of trajectory
data, we train the model to predict the remaining 5 seconds of trajectory points. Specifically, for
the NGSIM dataset, 30 frames are used to predict 50 future frames, while for the HighD dataset,
75 frames are input to predict 125 future frames.

3.2 Metrics

We evaluate our proposed and compared methods using three metrics: Root Mean Square Error
(RMSE), Average Displacement Error (ADE), and Final Displacement Error (FDE). Given a true
future trajectory (ground truth) {p; = (x,,yt)}tT:TobS 1 and the corresponding predicted trajectory

{pr = (%, )A’t)}rT:Tobg 1. these metrics measure the ¢ distance between the ground truth and the
predicted trajectory. ADE calculates the average ¢, distance between the predicted trajectory and
the ground truth trajectory across the entire prediction period. FDE calculates the ¢, distance
between the predicted final position and the actual final position at the end of the prediction period.
RMSE assesses overall accuracy by computing the square root of the average squared differences
between predicted and actual positions across all time steps. The metrics are defined as follows:

1 ! N N
ADE = (X — %)%+ (v — 91)2,
pred r=7p +1
FDE = \/(xT—J?T)2+(YT—)7T)2, (17)
1 ; )2 6.2
RMSE = (= %)%+ (e —91)?)
T —Tobs | —fe 11

3.3 Baseline models
We compare our model with the following baselines:
¢ Social-LSTM (S-LSTM) (29): This model uses a shared LSTM to encode the raw tra-
jectory data for each vehicle. The extracted features from different vehicles are then

aggregated using a social pooling layer.
* Convolutional Social-LSTM (CS-LSTM) (9): Unlike S-LSTM, this model captures
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social interactions by stacking convolutional and pooling layers, and it considers multi-
modality based on the predicted intention.

* Planning-informed Prediction (PiP) (30): This model integrates trajectory prediction
with the planning of the target vehicle by conditioning on multiple candidate trajectories
for the target vehicle.

* Spatial-temporal dynamic attention network (STDAN) (31): This paper introduces
a spatiotemporal dynamic attention network designed for intention-aware vehicle tra-
jectory prediction. It uses hierarchical modules to capture various levels of social and
temporal features, employing a multi-head attention mechanism to extract data from raw
trajectories and a novel feature fusion method for joint intention recognition and trajec-
tory prediction.

* GNP: Our proposed model integrates physics and deep learning for goal-based trajectory
prediction in this paper.

3.4 Quantitative Results

Table 1 shows the comparison results with the baseline models. Our proposed models consistently
outperform S-LSTM, CS-LSTM, PIP, and STDAN models in all 1-5 second predictions. We use
the RMSE metric to compare the accuracy of the models. Our proposed model is evaluated with
three metrics: ADE, FDE, and RMSE. The results with the best accuracy are highlighted in bold.
The goal-based framework achieves excellent results in terms of accuracy, effectively capturing
the goals even though the full trajectory prediction is derived from a physical model. Additionally,
the model performs better on the HighD data compared to NGSIM data. This may be because
the scenarios in HighD data have fewer lanes and the shorter distances required for lane changes,
which make the prediction task less challenging.

TABLE 1 Prediction Error Obtained by Different Models

Dataset Horizon RMSE ADE/FDE/RMSE
(s) S-LSTM CS-LSTM PiP STDAN \ GNP

NGSIM 10 0.65 0.61 0.55 0.42 0.3387/0.6228/ 0.2733
20 1.31 1.27 1.18 1.01 0.67/1.30/ 0.55
30 2.16 2.08 1.94 1.69 1.03/2.07/ 0.86
40 3.25 3.10 2.88 2.56 1.43/2.93/1.21
50 4.55 4.37 4.04 3.67 1.86/3.91/ 1.59

HighD 10 0.22 0.22 0.17 0.29 0.11/0.19/ 0.09
20 0.62 0.61 0.50 0.68 0.21/0.38/ 0.17
30 1.27 1.24 1.05 1.17 0.32/0.57/ 0.26
40 2.15 2.10 1.76 1.88 0.44/0.80/ 0.37
50 341 3.27 2.63 2.76 0.59/1.07/ 0.50

3.5 Visualization Results

Unlike deep learning-based trajectory prediction models, our GNP model inherently provides in-
terpretable results by analyzing the forces acting on the target vehicle. Figure 2 illustrates several
examples of the GNP model applied to a two-lane scenario in the HighD dataset, viewed from a
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right-to-left vehicle travel perspective for clarity. In Figure 2 (a), the vehicle continues traveling
straight in the right lane. The yellow car represents the current position of the target vehicle. The
GOAL attraction force (yellow arrow) pulls it forward due to the two cars ahead in the left lane
and a clear path in the right lane. The vehicle is repelled to the right by neighboring vehicles (blue
arrows) and to the left by the lane boundary (black arrows), balancing the repulsion forces to keep
it in the right lane. In Figure 2 (b), the opposite scenario unfolds. Here, the target vehicle faces
two cars directly ahead in its current lane, while the adjacent right lane is clear. This prompts the
vehicle to initiate a lane change to the right.

Figure 2 (c) depicts a more straightforward case. The vehicle is not influenced by any
neighboring vehicle and is centered in its lane, thus unaffected by repulsion forces. Driven solely
by the goal’s attraction force, it changes lanes to the right. As it nears the centerline, a leftward
repulsion force emerges but does not prevent the lane change due to the dominant goal attrac-
tion force. Subsequent ablation experiments demonstrate that the attraction force predominantly
influences the model’s prediction accuracy.

(a)

20

Lateral Position (m)
=
5]

0 50 100 150 200 250 300 350 400

Lateral Position (m)

Lateral Position (m)

250 300

Longitudinal Position (m)

mmmm History == Ground Truth === Best Predicted Trajectory Best Predicted Goal @ Neighbor

FIGURE 2 Interpretability of vehicle trajectory predictions visualized in three example sce-
narios.Yellow arrow denotes the goal attraction force, blue arrow denotes the combined re-
pulsive forces generated by the neighboring vehicles and the black arrow indicates the com-
bined repulsive forces exerted by the lane lines.

Figure 3 illustrates the intention modes mentioned in Section 2.3, derived from clustering
the HighD and Ngsim datasets. In Figure 3 (a), three primary trends are identified: straight forward,
left lane change, and right lane change, with straight travel being the most common. For instance,
in left lane changes, an upward-opening curve indicates a gradual decrease in the trend to the
left, suggesting the vehicle is completing a lane change. Conversely, a downward-opening curve
indicates a faster trend to the left, suggesting the vehicle is beginning to change lanes. Figure 3
(b) reveals that, unlike HighD data, Ngsim data shows a lower traveling speed but a wider range
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of lane changes, due to differences in traffic volume and number of lanes. However, both datasets
display the same trends of straight travel, left lane change, and right lane change. Therefore, the
intention modes effectively capture common motion behaviors and underlying driving intentions.
We will later demonstrate the impact of these intention modes on prediction accuracy through
ablation experiments.

(a) Clustered Intention Modes for HighD Dataset
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(b) Clustered Intention Modes for Ngsim Dataset
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FIGURE 3 Clustered intention modes from HighD (a) and Ngsim (b) dataset

Figure 4 demonstrates the GNP model’s robust prediction performance across different
driving behaviors, including straight ahead (a, b), left lane change (c, d), and right lane change (e,
f). The best predicted trajectory is highlighted in dark red, while lime green represents other po-
tential predictions. In Figure 4 (a) and (b), the model accurately predicts straight-ahead trajectories
at different speeds, while also considering the potential for lane changes. Figure 4 (c) shows a his-
torical trajectory with a clear left lane-change tendency, leading to more concentrated predictions.
In contrast, Figure 4 (d) has a nearly straight historical trajectory, but the model still accounts for a
possible left lane change. The right lane change predictions in Figure 4 (e) and (f) exhibit similar
characteristics to the left lane change predictions. Thus, the GNP effectively models multiple goals
and ultimately capturing the vehicle’s possible future motion behaviors with high accuracy.
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FIGURE 4 Multiple prediction results on 3 different bahaviors: straight ahead (a, b), left
lane change (c, d), and right lane change (e,f)

3.6 Ablation experiments

We evaluate the significance of GNP’s key components by comparing various model variants on 5-
second predictions using the HighD dataset. In Table 2, "IM" denotes the Intention Modes derived
from clustering in the Goal Prediction module, "F_Goal" represents the GOAL attraction force in
the Trajectory Prediction module, and "F_Rep" indicates the repulsive force generated by neigh-
boring vehicles and lane lines. From Table 2, we observe that variant 1, which excludes IM, cannot
accurately predict the goal due to the absence of intention modeling, leading to inaccurate predic-
tion results. Furthermore, variants 3 and 4 demonstrate that F_Goal has already achieved great
performance even without the repulsion force. This can be attributed to two factors. Firstly, the
Trajectory Prediction module is trained progressively, with F_Goal capturing the majority of fea-
tures initially, while F_Rep provides additional details. Secondly, highway driving behaviors are
typically straightforward; vehicles generally achieve their intentions of either maintaining straight
paths or changing lanes, with surrounding vehicles and lane lines serving mainly as constraints
to avoid collisions. Consequently, the attraction force exerts a more significant influence on the
vehicle’s trajectory.

4. CONCLUSION

In this paper, we have presented a novel goal-based vehicle trajectory prediction model that inte-
grates the strength of deep learning with a physics-based social force model for better accuracy
and interpretability. By modeling both vehicle intention estimation and full trajectory prediction,
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TABLE 2 Comparison of Different Variants in Ablation Experiments
Variant IM F_GOAL F_REP ADE/FDE/RMSE

(1) X 4 v 2.21/4.02/3.53
(2) X 4 X 2.63/4.11/3.68
3) v 4 X 0.87/1.46/0.77
4) v v v 0.59/1.07/0.50

our dual sub-modules model effectively addresses the inherent uncertainties in vehicle trajectory
prediction. First, the Goal Prediction sub-module introduced in Section 2.3 employs a multi-head
attention mechanism to accurately capture driving intentions (goals), tackling the challenge of an-
ticipating vehicle maneuvers over a specific period. Second, the Goal-based Neural Social Force
Trajectory Prediction sub-module introduced in Section 2.4 combines the interpretability of the so-
cial force model with the strong data-fitting capabilities of deep learning, progressively predicting
the complete trajectory based on the estimated goals.

Our experimental results on two highway datasets demonstrate that our model achieves
state-of-the-art long-term prediction accuracy, outperforming baseline models. Additionally, the
integration of neural differential equations within the social force framework enhances the model’s
interpretability, providing transparent and trustworthy predictions through visualization. By effec-
tively balancing accuracy and interpretability, our model offers a promising solution for addressing
trajectory prediction challenges in intelligent transportation systems and autonomous driving.

In the future, we plan to improve the clustered intention modes with more advanced designs
to better explore the potential driving goals of vehicles and estimate the goals more accurately.
Furthermore, the potential field model used to calculate the repulsion force in this paper is relatively
basic; a more refined potential field can be developed to better capture the inter-vehicle and vehicle-
road relationships. Finally, our experiments were limited to straight highway sections, so future
work should consider more complex scenarios such as urban road networks and highways with
ramps.
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