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MaTVT: A Transformer-Based Approach for
Multi-Agent Prediction in Complex

Traffic Scenarios
Anran Li , Hongsheng Yu, Yuyan Pan , Zhenlin Xu, Huibo Bi , Member, IEEE, Bolin Gao , Keqiang Li,

and Yanyan Chen

Abstract—The future trajectories of surrounding agents are
critical for the motion planning and control of autonomous
vehicles. Thus, this study employs Transformer to develop a
multi-agent trajectory prediction model named Multi-agent
Trajectory Vector Transformer (MaTVT). MaTVT features a
lightweight architecture, comprising a dual-level encoder formed
by a low-level encoder and a high-level encoder, along with a
multi-modal decoder. Once input enters MaTVT, the low-level
encoder first constructs polar coordinate systems centered on
target agents and then projects historical trajectories and map
elements to each agent-centered coordinate system. Next, it utilizes
attention mechanisms to encode motion features, agent-agent
interactions, and agent-infrastructure constraints independently
and fuses them into the agent encoding sequence. Considering the
agent response delay, the low-level encoder extracts heterogeneous
spatial-temporal features from agent encoding sequences as the
local encodings for target agents. Afterward, the high-level encoder
treats all agents as the nodes in a directed graph and utilizes a
Graph Attention Network to convert inter-agent relationships
into global encodings, which are fused with the local encodings of
target agents. Finally, the multi-modal decoder translates these
fusion encodings into multi-modal trajectory predictions for
target agents. This study selects complex traffic scenarios from the
Argoverse Motion Forecasting dataset to create a dedicated dataset
for MaTVT training, validation, and testing. The test results
demonstrate that MaTVT outperforms advanced benchmark
methods in prediction performance, revealing its superb accuracy,
efficiency, and robustness. In addition, ablation studies further
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explain the interpretability of the main functional components of
MaTVT and their contributions to prediction performance.

Index Terms—Attention mechanism, complex traffic scenario,
multi-agent trajectory prediction, transformer.

I. INTRODUCTION

SAFETY is the paramount concern in vehicle maneuvering.
Therefore, autonomous vehicle (AV) motion planning and

control must thoroughly account for the restrictions imposed
by environmental obstacles and road characteristics [1], [2],
particularly in complex traffic scenarios. This study defines
complex traffic scenarios as those that meet one or more of
the following conditions: lack of clear traffic regulations [3],
dense coexistence of road users [4], or strict restrictions from
the road environment [5]. In complex traffic scenarios, AVs
require an accurate and rapid prediction of future motions of
surrounding agents to support motion planning and control,
ultimately avoiding potential conflicts. However, the prevalent
agent-agent interactions and agent-infrastructure constraints in
complex traffic scenarios significantly increase the uncertainty
of vehicle motion, requiring AVs to comprehensively assess
multiple possible future trajectories of surrounding agents.
To this end, this study proposes a multi-agent trajectory pre-
diction model that can simultaneously generate the trajec-
tory predictions of multiple target agents in complex traffic
scenarios.

Early research commonly employs physics models or ma-
chine learning algorithms to achieve trajectory predictions [6].
However, these approaches cannot adequately model compli-
cated agent-agent interactions and agent-infrastructure con-
straints, limiting their prediction accuracy in complex traffic
scenarios. With the advancement of deep neural networks,
deep learning algorithms are increasingly adopted for trajec-
tory prediction due to their flexible architectures and powerful
nonlinear fitting capabilities [7]. Inspired by computer vision,
some studies employ Convolutional Neural Networks (CNNs)
to extract motion features from video frame-like maps and
construct appropriate kernels to comprehend agent-agent in-
teractions and agent-infrastructure constraints for multi-agent
trajectory prediction [8], [9], but their extensive computation
demands and stringent prerequisites for perception accuracy
hinder widespread application. Recent studies focus on rep-
resenting agent motion features, agent-agent interactions, and
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agent-infrastructure constraints as vectors and employ Recurrent
Neural Networks (RNNs), Graph Neural Networks (GNNs), or
attention mechanisms to perform trajectory prediction [10], [11],
[12], [13], [14], [15], [16], [17]. These methods not only unify
the vectorization of multi-source traffic data to facilitate effi-
cient feature fusion but also effectively capture spatial-temporal
correlations and dependencies in dynamic systems to enhance
prediction accuracy. This capability enables them to adapt to the
requirements of various trajectory prediction tasks.

As a core trajectory prediction task, multi-agent trajectory
prediction requires thoroughly leveraging input information to
simultaneously generate possible position or state sequences for
multiple target objects. To ensure accuracy and efficiency, multi-
agent trajectory prediction typically employs specific paradigms
to model both independent feature representations of each target
agent and social relationships among agents and utilizes them
to generate trajectory predictions for target objects in parallel.
Compared to single-agent trajectory prediction, multi-agent tra-
jectory prediction can explicitly model agent-agent interactions
and agent-infrastructure constraints, enabling efficient and ac-
curate inference of future trajectories for multiple target agents.
However, it also faces challenges in computational scalability
and efficient modeling due to the combinatorial complexity
of multi-agent relationships and the multi-modal nature of
agent motion. To this end, this study adopts the Transformer
to develop a lightweight trajectory prediction model named
Multi-agent Trajectory Vector Transformer (MaTVT) due to
the Transformer’s exceptional capability in contextual informa-
tion fusion and parallel computing [18]. Compared to previous
methods, MaTVT pioneers a heterogeneous spatial-temporal
feature extractor to compensate agent response delays and a
hierarchical fusion mechanism integrating local agent-centric
encodings with global sociograms, significantly improving pre-
diction accuracy and model interpretability in complex traffic
scenarios. As depicted in Fig. 1, MaTVT comprises a dual-level
encoder formed by a low-level encoder and a high-level encoder,
along with a multi-modal decoder. Once input enters MaTVT,
the low-level encoder first partitions traffic scenarios into mul-
tiple subregions centered on target agents and then projects
historical trajectories and map waypoints into these agent-
centered coordinate systems [19]. Next, the low-level encoder
employs Fourier transforms and feedforward neural networks
(FNNs) to enhance motion features, agent-agent interactions,
and agent-map constraints, which are fused into agent encoding
sequences through attention computation. It is noteworthy that
agents exhibit response delays in decision making in dynamic
traffic scenarios [20]. Therefore, the low-level encoder extracts
heterogeneous spatial-temporal features from agent encodings
at recent time steps as local encodings for target agents. Af-
terward, the high-level encoder treats all agents as nodes in a
directed graph and employs a Graph Attention Network (GAT) to
generate global encodings that capture inter-agent relationships,
which are fused with local encodings of target agents. Finally, the
multi-modal decoder independently translates fusion encodings
to generate multi-modal trajectory predictions for multiple target
agents. This study selects complex traffic scenarios from the
Argoverse Motion Forecasting dataset to create a dedicated

Fig. 1. MaTVT employs the Transformer architecture to extract local and
global features from historical data and map information and fuses them to
conduct multi-agent trajectory prediction.

dataset for MaTVT training, validation, and testing [21]. The test
results demonstrate that MaTVT achieves comparable predic-
tion accuracy and computational efficiency compared to ad-
vanced benchmark methods. Furthermore, ablation, parameter,
and sensitivity studies on MaTVT further demonstrate its excel-
lent interpretability, adaptability, and robustness. The contribu-
tions of this study are summarized as follows:
� This study develops a Transformer-based model that uti-

lizes historical trajectory data and waypoint-based maps
to perform multi-agent trajectory prediction. Performance
comparison reveals its superb accuracy and adaptability.

� This study employs attention mechanisms to efficiently
encode agent-agent interactions and agent-infrastructure
constraints. Ablation studies demonstrate their significant
contribution to improving predictive accuracy.

� This study addresses agent response delay and extracts
heterogeneous spatial-temporal features as local encodings
for target agents. Ablation studies indicate they enhance
both predictive accuracy and model interpretability.

The remainder of this study is organized as follows: Section II
summarizes related studies. Section III identifies the problem
formulation. Section IV introduces the model architecture. Sec-
tion V presents experimental results and analysis. Section VI
reviews this study and outlines future research.
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II. LITERATURE REVIEW

Existing research on trajectory prediction can be categorized
into physics-based, machine learning-based, deep learning-
based, and reinforcement learning-based approaches [6]. This
section first provides an overview of each category and then
focuses on Transformer-based trajectory prediction methods.

A. Prediction Methods

Physics-based methods construct dynamic or kinematic mod-
els that represent real vehicles, integrating their kinematic prop-
erties, control inputs, and traffic factors to formulate physical
equations to generate trajectory predictions [22], [23], [24].
On this basis, Ammoun and Nashashibi posited that uncer-
tainties in trajectory sequences follow a Gaussian distribution
and employed a Kalman linear filter to iteratively generate
trajectory predictions [25]. Moreover, Polychronopoulos et
al. fitted different Gaussian distributions to govern trajectory
sequences in various traffic scenarios and employed a switching
Kalman filter to perform trajectory predictions with enhanced
accuracy [26]. Besides, Broadhurst et al. employed the Monte
Carlo method to generate trajectory prediction sequences with
equal weights and selected the sequence most compatible with
the static and dynamic constraints of the traffic scenario as the
final prediction result [27]. Wang et al. also employed the Monte
Carlo method to predict multiple high-probability potential tra-
jectories of target vehicles to enable predictive vehicle motion
planning [28]. Although physics-based methods have high com-
putational efficiency and strong interpretability, they struggle to
utilize complex traffic factors to enhance prediction accuracy,
resulting in significant performance degradation for long-term
predictions.

Compared to physics-based methods, machine learning-based
methods do not explicitly construct predictive models, but in-
stead formulate trajectory prediction as a regression problem
and employ artificial intelligence algorithms to mine evolution
patterns from historical data [29]. For example, Joseph et al.
posited that distinct vehicle driving behaviors are stochastic
functions of Gaussian processes (GP), and used historical tra-
jectory data to fit probability distributions of different driving
behavior modes for trajectory prediction [30]. Similarly, Tran
and Firl also constructed GP expressions representing different
vehicle behavior patterns to achieve accurate trajectory predic-
tions [31]. Moreover, Aoude et al. trained Rapidly-Exploring
Random Trees capable of stochastic sampling in the vehicle
state space and generated trajectory predictions by fitting the
sampling results with vehicle behavior pattern deviations [32].
Kumar et al. further integrated Support Vector Machines with
Bayesian filters, which first estimated the most probable future
behavior modes of vehicles and then generated the final tra-
jectory predictions under those behavior modes [33]. Besides,
Berndt et al. constructed a Hidden Markov Model (HMM)
using vehicle positions and front wheel steering angles to define
state spaces to predict driving maneuvers [34]. Wang et al. also
employed HMM to forecast driving intentions and trajectories
of surrounding vehicles to provide reference information for
subsequent driving decision-making [35]. Although machine

learning-based methods surpass physics-based approaches in
long-term trajectory prediction, they struggle to comprehend
complex agent-agent and agent-infrastructure interactions, ren-
dering them inadequate for multi-agent trajectory prediction
requirements.

Compared to conventional machine learning-based meth-
ods, deep learning-based approaches display superior prediction
performance due to their exceptional nonlinear fitting capabil-
ities and flexible architectures. In early research, Zyner et al.
utilized historical trajectories, azimuth angles, and point veloc-
ities as inputs and employed RNN to generate trajectory predic-
tions [10]. Xing et al. used the Gaussian Mixture Model to differ-
entiate driving styles and employed Long Short-Term Memory
(LSTM) networks to generate diverse trajectory predictions [11].
Phan-Minh et al. categorized the trajectory data into typical
behavior groups and employed CNN for classification-based
trajectory prediction [12]. Moreover, Chandra et al. developed
an LSTM-CNN hybrid network to leverage agent-agent interac-
tions to improve trajectory prediction accuracy [13]. In recent
research, Liang et al. utilized Graph Convolutional Networks
(GCN) to capture agent-agent and agent-map interactions from
historical trajectories and map elements for trajectory predic-
tion [14]. Gu et al. also employed GCN to model agent-agent in-
teractions for trajectory prediction [15]. Giuliari et al. employed
the Transformer architecture to capture spatial-temporal corre-
lations and dependencies from historical trajectories to make
predictions [16]. Huang et al. modeled agent-agent relationships
as social graphs and employed the Transformer architecture to
achieve trajectory prediction in multi-agent scenarios [17]. Cur-
rently, deep learning-based methods have become the dominant
methods for trajectory prediction due to their powerful feature
extraction and nonlinear fitting capabilities, yet they often suffer
from a lack of interpretability.

Furthermore, some approaches formulate trajectory genera-
tion as Markov Decision Processes and employ Reinforcement
Learning algorithms to perform trajectory prediction. For in-
stance, Sun et al. defined vehicle trajectories as a finite set of
driving decisions and leveraged Inverse Reinforcement Learning
(IRL) to continuously determine subsequent driving decisions
and iteratively generate future trajectories [36]. Xu et al. also
utilized IRL to simulate human driver behavior to generate
trajectory predictions [37]. Moreover, Kuefler et al. utilized
Generative Adversarial Imitation Learning (GAIL) to train hu-
man driver models using real trajectory data, thereby simulating
future trajectories of real-world vehicles [38]. Choi et al. also
developed a GAIL-based prediction model that was derived
from real trajectory data to generate analogous trajectory pre-
dictions [39]. Although reinforcement learning-based methods
are commonly leveraged in motion controllers, they require sub-
stantial computational resources and extended training periods.

Multi-agent trajectory prediction cannot be simply extended
from single-agent prediction methods, as the prediction time
delay increases linearly with the number of target objects. Com-
pared to single-agent approaches, multi-agent trajectory predic-
tion emphasizes holistic modeling and continual utilization of
social relationships among agents, which not only enhances
prediction accuracy but also reduces the computational cost
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associated with repeated modeling efforts. Although this enables
accurate and game-theoretically logical trajectory prediction in
complex traffic scenarios, it also introduces serious challenges in
interaction modeling, model interpretability, and multi-agent un-
certainty quantification. Traditional single-agent methods (e.g.,
physics-based or classical machine learning-based methods) fail
to capture these dynamic interactions, whereas deep learning
algorithms excel due to their inherent capacity for powerful
feature extraction and relational modeling. Among deep learning
algorithms, the Transformer is optimal for this task, using the
attention mechanism to efficiently capture complicated spatial-
temporal dependencies within vectorized motions, agent inter-
actions, and environmental constraints. Therefore, subsequent
sections of this study focus on Transformer-based prediction
methods, systematically analyzing their architectural innova-
tions and scenario-specific adaptations.

B. Prediction and Transformer

The Transformer architecture utilizes attention mechanisms
to accurately capture correlations and dependencies from in-
puts [18]. Compared to classical neural networks, Transformer
resolves long-range dependency issues and demonstrates superb
ability to handle contextual information and perform parallel
computing, which enables its increasingly widespread adoption
in trajectory prediction.

In recent studies, Transformer-based methods typically focus
on effectively representing agent motions along with complex
agent-agent interactions and environmental constraints. For ex-
ample, Liu et al. utilized three stacked encoder blocks to inde-
pendently encode agent trajectories, map elements, and agent-
agent interactions, and then fused and decoded the encoded
sequences to generate multi-agent trajectory predictions [40].
Similarly, Huang et al. employed two separate encoders to in-
dependently capture agent-agent interactions and environmental
constraints, embedding them into motion representations to en-
hance predictive accuracy [17]. Moreover, Liu et al. developed a
multi-stage Transformer architecture whose encoder employed
cross-modal and aggregation-stage encoding layers to capture
agent-agent and agent-map interactions to improve trajectory
prediction [41]. In addition, Li and He inserted a parallel in-
teraction extraction block into the encoder-decoder architec-
ture to capture social relations between different agents [42].
Yuan et al. proposed an agent-aware attention network that
simultaneously captured agent-agent interactions in time steps
to facilitate the extraction of spatial-temporal features from in-
puts [43]. In addition, some Transformer-based methods capture
agent-agent and agent-map interactions and fuse them with agent
motion representations before the encoder-decoder structure,
rather than within it. For example, Zhao et al. proposed a
spatial-channel Transformer network that used a channel-wise
attention block to extract agent-agent interactions and integrated
them with the extracted motion features before feeding them into
the encoder-decoder architecture [44]. Zhang et al. employed
CNNs to capture motion representations and used GAT blocks
to model agent-agent and agent-map interactions, subsequently
integrating them into the encoder-decoder structure for

trajectory prediction [45]. Furthermore, Nayakanti et al. con-
structed a scene encoder to independently encode motion fea-
tures, map features, agent-agent interactions, and traffic light
states, subsequently fusing and processing them within an
encoder-decoder architecture to perform multi-modal trajectory
predictions [46]. They also discussed the influence of different
scene feature fusion strategies on trajectory prediction and in-
dicated that models performing scene feature fusion before the
encoder-decoder structure achieved the highest accuracy.

These Transformer-based methods typically comprise three
key modules: the feature encoding module, the feature fusion
module, and the feature decoding module. Among these, the
feature encoding module extracts distinct feature encoding se-
quences from multi-source data, which are then fused by the
feature fusion module and translated by the feature decoding
module to generate trajectory predictions. Based on the classical
framework of Transformer-based methods, this study needs to
develop a multi-agent trajectory prediction model that features
a lightweight architecture and high computational efficiency to
meet real-time requirements for trajectory prediction. In addi-
tion, the proposed trajectory prediction model should demon-
strate strong interpretability to reveal the mechanisms underly-
ing its trajectory prediction process.

III. PROBLEM FORMULATION

Multi-modal trajectory prediction refers to leveraging multi-
ple data modalities (e.g., historical trajectories, road structure
data, semantic information) to generate possible future coordi-
nate or state sequences for multiple target agents. This study
defines the input sequence as X = {X1, X2, . . . , XTh

}, where
Xt ∈ X contains the position coordinates of target agents and
map elements at time step t, and Th represents historical time
steps. Following existing studies [19], [47], xt is defined as the
position coordinate set pt = {p1

t , p
2
t , . . . , p

Nobs
t } and the map

element set m = {m1,m2, . . . ,mNls
}, where Nobs represents

the number of observed agents, Nls represents the number of
lane segments, pit ∈ R2 represents the position coordinate of
agent i at time step t, and mξ ∈ M contains the starting node
p0
ξ ∈ R2, the ending node p1

ξ ∈ R2, and the semantic information
sξ ∈ R2 of lane segment ξ.

This study aims to generate trajectory predictions for target
agents. Due to uncertainties in future trajectories, the trajectory
prediction for target agent i contains multiple possible trajec-
tories pi ∈ RNk×Tf×2 with corresponding probability distribu-
tions P i ∈ RNk , where Nk represents diverse modes and Tf

represents future time steps. To meet the computational com-
plexity and real-time requirements of trajectory prediction, this
study sets a maximum limit Ntar on the number of target agents
that can be simultaneously predicted in a single task execution.

IV. PREDICTION MODEL

This section introduces the MaTVT architecture. It begins
with an overview of MaTVT, followed by detailed explanations
of the low-level encoder, high-level encoder, and multi-modal
decoder. In addition, the MaTVT training objective is also
discussed in this section.
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Fig. 2. The MaTVT architecture with its key modules: a dual-level encoder
formed by low-level and high-level encoders, along with a multi-modal decoder.

A. Model Overview

Fig. 2 illustrates MaTVT with its core modules: the dual-
level encoder consisting of low-level and high-level encoders,
and a multi-modal decoder. Once input enters MaTVT, the
low-level encoder first constructs independent polar coordinate
systems centered on target agents. It then maps the historical
trajectories and waypoints into each agent-centric coordinate
system and employs FNNs combined with Fourier transform to
encode motion features, agent-agent interactions, and agent-map
constraints independently. Next, it uses attention mechanisms
to fuse motion, agent-agent, and agent-map encodings into
agent encoding sequences and extracts heterogeneous spatial-
temporal features as local encodings for target agents. After-
ward, the high-level encoder treats observed agents as nodes
in a directed graph and utilizes GATs to convert inter-agent
relationships into global encodings, which are fused with local
encodings of target agents. Finally, the multi-modal decoder
independently translates these fusion encodings to generate
multi-modal trajectory predictions for target agents. The fol-
lowing text provides a detailed introduction to the key function
modules in MaTVT.

B. Model Architecture

1) Low-Level Encoder: Fig. 3 illustrates the rotation-
invariant encoding paradigm adopted by the low-level en-
coder [48], [49], [50]. Once X enters MaTVT, the low-level
encoder constructs independent polar coordinate systems cen-
tered on target agents at time step Th. For example, the polar
coordinate system φi for agent i is defined with its final position
piTh

as the origin and the final motion vector piTh
− piTh−1 as the

polar axis. Subsequently, the historical trajectory coordinates
of the target agent i and its surrounding agents are assigned to
φi and converted into Fourier features p̂it ∈ R2 and p̂jt ∈ R2 to

Fig. 3. The low-level encoder extracts motion, agent-agent, and agent-map
features and integrates them into the encoding sequences for target agents.

enhance high-frequency features [51], [52]. Next, the low-level
encoder employs FNNs with Rectified Linear Units (ReLU)
to extract the motion feature zit ∈ Rdh and agent-agent feature
zjt ∈ Rdh from p̂it and p̂jt :

zit = ReLU
(
Wc(p̂

i
t − p̂it−1) + bc

)
, (1)

zi,jt = ReLU
(
Ws

[
(p̂jt − p̂jt−1), (p̂

j
t − p̂it)

]
+ bs

)
, (2)

where dh represents the hidden dimension, and Wc ∈ Rdh×2,
Ws ∈ Rdh×2, bc ∈ Rdh , and bs ∈ Rdh are learnable matrices.
Afterward, it transforms zit into qit ∈ RNh×dk , and zi,jt into the
key vector ki,jt ∈ RNh×dk and the value vector vi,jt ∈ RNh×dk ,
subsequently performing multi-head attention computation:

ui,j
t = Concat(head1, head2, . . . , headNh

)WO, (3)

headh = Softmax

(
qi,jt (ki,jt )�√

dk

)
vi,jt , (4)

where ui,j
t ∈ Rdh represents the agent-agent interaction be-

tween the target agent i and the surrounding agent j at time step
t, Nh represents the number of heads, dk represents the head
dimension, and WO ∈ Rdh×dh is a learnable matrix. Finally,
the low-level encoder integrates the agent-agent interactions
between the target agent i and all surrounding agents at time
step t:

ui
t =

Ni
t∑

j=1

Wuu
i,j
t , (5)

where ui
t ∈ Rdh represents the agent-agent encoding of the

target agent i at time step t, N i
t represents the number of agents

surrounding agent i, and Wu ∈ Rdh×dh is a learnable matrix.
To ensure efficient computation, N i

t considers only surrounding
agents whose distance to the target agent i is less than the
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threshold δ1. In this way, the agent-agent encoding sequence
for agent i can be expressed as ui = {ui

1, u
i
2, . . . u

i
Th
}.

Similarly, the low-level encoder also maps the starting node
p0
ξ and the ending node p1

ξ of the lane segment ξ to φi. It then
applies Fourier transforms to p0

ξ and p1
ξ, and subsequently fuses

them with the semantic information sξ to generate p̂0
ξ ∈ R2 and

p̂1
ξ ∈ R2. Next, it utilizes an FFN to capture agent-map features:

zi,ξt = ReLU
(
Wl

[
(p̂1

ξ − p̂0
ξ), (p̂

0
ξ − p̂it)

]
+ bl

)
, (6)

where zi,ξt ∈ Rdh represents the agent-map feature of lane
segment ξ at time step t, and Wl ∈ Rdh×2 and bl ∈ Rdh are
learnable matrices. Following (3) and (4), it uses attention
mechanisms to extract agent-map constraints wi,ξ

t ∈ Rdh at
time step t between agent i and lane segment ξ from zit and
zi,ξt . Following (5), it weights and aggregates the agent-map
constraints from lane segments whose distance to target agent
i is less than δ1 at each time step to generate the agent-map
encoding sequence wi = {wi

1, w
i
2, . . . w

i
Th
} for agent i.

The low-level encoder also uses attention mechanisms to
transform zit into the motion encoding mi

t ∈ Rdh of agent i at
time step t and stacks mi

t across all historical time steps to form
its motion encoding sequencemi = {mi

1,m
i
2, . . . m

i
Th
}. Subse-

quently, it concatenatesmi,ui, andwi with positional encodings
and applies a linear transformation to produce the agent encoding
sequence si ∈ RTh×dh . Next, it transforms si into the query
vector qi ∈ RTh×Nh×dk , key vector ki ∈ RTh×Nh×dk , and value
vector vi ∈ RTh×Nh×dk and performs multi-head self-attention
computation:

hi = Concat(head1, head2, . . . , headNh
)WO, (7)

headh = Softmax

(
qi(ki)�√

dk
+M

)
vi, (8)

where hi ∈ RTh×dh represents the heterogeneous spatial-
temporal feature sequence of agent i and M ∈ RTh×Th is an
upper triangular matrix to prevent future information leakage.
In this way, hi

t ∈ hi aggregates heterogeneous spatial-temporal
features from time steps up to t in si while excluding information
from time steps after t. Concerned with agent response delay,
the low-level encoder extracts heterogeneous spatial-temporal
features from hi for the last Tr time steps to generate the local
encoding ĥi ∈ RTr×dh of agent i, where Tr represents agent
response delay.

2) High-Level Encoder: The target agent-centric local en-
coding ignores large-scale spatial relationships among all ob-
served agents, which hampers improving predictive accuracy.
Thus, this study develops a high-level encoder that uses GATs to
encode the global relationships among observed agents. Specifi-
cally, it considers all observed agents as nodes in a directed graph
GTh

= (V,ETh
), where V represents observed agents, and ETh

contains social relations among observed agents at time step Th:

ei,jTh
=ReLU

(
Wg

[
(pjTh

−piTh
), sin(Δθi,jTh

), cos(Δθi,jTh
)
]
+bg

)
,

(9)

where ei,jTh
∈ ETh

represents the social relation between agent i

and agent j at time step Th, Δθi,jTh
represents the included angle

between the azimuth of agent i and agent j at time step Th,
and Wg ∈ Rdh×2 and bg ∈ Rdh are learnable matrices. It then
calculates the attention of agent i to agent j:

αi,j
Th

=
exp(LeakyReLU(a�(Wcĥ

i
Th
||Wnĥ

j
Th
||Wee

i,j
Th
)))∑Nobs

j=1 exp(LeakyReLU(a�(Wcĥi
Th
||Wnĥ

j
Th
||Wee

i,j
Th
)))

,

(10)

where αi,j
Th

∈ R represents the attention weight of agent i

to agent j, and a ∈ Rdh , Wc ∈ Rdh×dh , Wn ∈ Rdh×dh , and
We ∈ Rdh×dh are learnable matrices. On this basis, it performs
weighted aggregation on local encodings:

giTh
= ReLU

⎛
⎝Wg

⎡
⎣Nobs∑

j=1

αi,j
Th
ĥj
Th
||

Nobs∑
j=1

αi,j
Th
ei,jTh

⎤
⎦
⎞
⎠ , (11)

where giTh
∈ Rdh represents the global encoding of agent i at

time stepTh, andWg ∈ Rdh×dh is a learnable matrix. Moreover,
it linearly fuses ĥi

t ∈ ĥi and giTh
to generate the fusion encoding

f i ∈ RTr×dh for agent i.
3) Multi-Modal Decoder: This study employs a Transformer

decoder to translate f i into multi-modal trajectory predictions
for agent i. It utilizes attention mechanisms to decode f i,
followed by two separate FNNs that transform the decoding
sequence into future potential trajectories yi ∈ RNk×Tf×2 for
agent i with corresponding probability distributions P i ∈ RNk .

C. Training Objective

This study adopts a fully supervised end-to-end prediction
framework that generates potential future trajectories and their
associated probabilities. Existing studies demonstrate that these
potential future trajectories can be modeled as distinct compo-
nents of a Laplacian distribution [19], which can be expressed
as follows:

pit =

Nk∑
k=1

P i,k

Tf∏
t=1

Laplace
(
pit|pi,kt , P i,k

)
, (12)

where yit ∈ R2 represents the final predicted position coordi-
nates of agent i at time step t, and πi,k ∈ R represents the mix-
ture coefficient of the k-th trajectory prediction for agent i. To
reduce the error between predicted trajectories and ground-truth
trajectories, this study defines training loss as a weighted sum
of classification loss Lcls and regression loss Lreg:

L = Lcls + λLreg, (13)

where λ is a learnable parameter to balance Lcls and Lreg [53].
This study employs the cross-entropy loss of πi,k as Lcls and
the mean negative log-likelihood loss between yit and pit asLreg .
In training, the MaTVT parameters are iteratively optimized by
minimizing L until convergence is achieved.
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V. EXPERIMENTS AND RESULTS

A. Datasets

This study utilizes the Argoverse Motion Forecasting dataset
for training and validating MaTVT, which comprises 324,557
real-world traffic scenarios and high-definition maps [21]. These
traffic scenarios provide ground-truth trajectory data sampled
at 10 Hz over 5 seconds, including initial 2-second observa-
tions and subsequent 3-second predictions. Additionally, each
scenario includes map elements represented as lane centerlines
composed of waypoints. Based on the definition of complex
traffic scenarios, this study constructs a dedicated dataset com-
prising 265,452 traffic scenarios selected from the Argoverse
dataset, characterized by either complex road structures (e.g.,
left/right turns and intersections) or a large number of agents
(more than 8) [3], [4], [5]. The dedicated dataset is split into
training, validation, and test sets, consisting of 185,816, 26,546,
and 53,090 traffic scenarios, respectively. The Argoverse dataset
is available at https://www.argoverse.org.

B. Implementations

This study deploys MaTVT on a blade server with an Intel
Xeon Gold 5218 CPU, and dual NVIDIA Tesla V100S GPUs,
and runs on Ubuntu 22.04 LTS. MaTVT is implemented using
the PyTorch 1.5 framework in a Python 3.8 environment. This
study employs Adam optimizer to train MaTVT [54], with a
learning rate of 10−3, batch size of 64, β1 set at 0.9, β2 set at
0.99, and epsilon set at 10−8.

This study constructs the low-level encoder comprising one
agent-agent encoding layer, one agent-map encoding layer, and
three heterogeneous spatial-temporal feature extractors, while
the high-level encoder stacks three global relation embedding
layers. Moreover, this study sets the maximum target agent
number at 32, the predicted modesNk at 6, the hidden dimension
dh at 64, the attention heads Nh at 8, and the head dimension
dk equals dh/Nh. In addition, this study determines the agent
response delay Tr and the distance threshold δ1 as 6 and 60
meters, respectively.

C. Metrics

This study uses three standard evaluation metrics to assess
prediction accuracy: minimum mean Average Displacement
Error (minADEk), minimum mean Final Displacement Error
(minFDEk), and Miss Rate (MRk). MinFDEk evaluates the
average Euclidean distance between the generated trajectory
predictions and corresponding ground-truth trajectories, and
minFDEk assesses the average Euclidean distance between the
endpoints of the trajectory predictions and the final ground-truth
coordinates:

minADEk =
1

NtarTf

Ntar∑
i=1

Tf∑
t=1

∥∥pit,k − pit
∥∥, (14)

minFDEk =
1

Ntar

Ntar∑
i=1

∥∥piTf ,k
− piTf

∥∥. (15)

Fig. 4. Multi-modal trajectory prediction of MaTVT in multi-agent scenarios,
with dots of different colors denoting different types of agents, solid lines de-
noting ground-truth trajectories, and dashed lines denoting predicted trajectory
components. (a) Straight scene. (b) Left turn. (c) Right turn. (d) Intersection.

MRk represents the proportion of trajectory predictions with
minFDEk less than 2.0 meters.

D. Results and Analysis

1) Quantitative Results: Table I quantitatively compares the
prediction performance of MaTVT with benchmark methods,
demonstrating consistent superiority in both single-modal and
multi-modal trajectory prediction. For single-modal trajectory
prediction (k = 1), MaTVT achieves state-of-the-art perfor-
mance in all metrics, outperforming the best benchmark Proph-
Net (minADE1: −1.34%, minFDE1: −0.15%, MR1: −0.76%).
For multi-modal trajectory prediction (k = 6), MaTVT demon-
strates comprehensive superior prediction performance com-
pared to benchmarks (minADE6: −0.94%, minFDE6: −2.36%,
MR6: +2.94%). It should be noted that MaTVT performs slightly
inferior to GOHOME in MR6 because GOHOME is specifically
optimized to decrease MR6 during training. Moreover, MaTVT
maintains a parameter count of 2851 K, exceeding the lightest
benchmark mmTransformer (2607 K) by only 9.36%. The re-
sults collectively validate the exceptional prediction accuracy
and parameter-efficient architecture of MaTVT.

2) Qualitative Results: Fig. 4 illustrates the representative
prediction results of MaTVT, demonstrating its ability to per-
form multi-modal trajectory predictions for multiple target
agents simultaneously in complex traffic scenarios, with both
predicted paths and final positions exhibiting a high similarity
to ground-truth trajectories. During prediction, MaTVT first
generates Nk possible trajectory predictions and then produces
either all possible predictions with corresponding probabilities
or the highest-probability alternative as the final output. This
validates the flexibility of MaTVT in multi-agent trajectory
prediction, enabling accurate trajectory forecasting while fully
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TABLE I
PREDICTION COMPARISON BETWEEN MATVT AND BENCHMARKS. THE BEST RESULT IS BOLDFACED, WHILE THE SECOND-BEST RESULT IS UNDERLINED

Fig. 5. Attention bias of the component with the high probability in multi-
modal trajectory prediction toward waypoints. Representative examples only
display waypoints with attention scores exceeding 0.05, with darker colors
indicating higher attention bias. (a) Straight scene. (b) Left turn. (c) Right turn.
(d) Intersection.

accounting for uncertainties in future motions of surrounding
agents.

Fig. 5 illustrates the attention bias towards the waypoints
in multi-modal trajectory predictions. To improve visualization,
these representative examples display only the component with
the highest probability in multi-modal trajectory predictions and
its waypoint preferences. The attention bias of this trajectory
component for all input waypoints undergoes softmax normal-
ization to obtain attention scores, with those exceeding 0.05
being displayed. These representative examples demonstrate
that MaTVT not only correctly identifies the lane where the
ground-truth trajectory is located, but also utilizes waypoints
to enhance its prediction accuracy, improving both predictive
performance and interpretability.

3) Ablation Studies: To confirm the contributions of func-
tional components to prediction performance, this study devel-
ops MaTVT variants and conducts three independent ablation

Fig. 6. Sensitivity analysis of MaTVT on learning rate and batch size, and
the model convergence at the optimal learning rate and batch size. (a) The
minADE6 of MaTVT at different learning rates and batch sizes. (b) The
minADE6 of MaTVT at different batch sizes and the optimal learning rate.
(c) The convergence of MaTVT at the optimal learning rate and batch size.
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TABLE II
ABLATION STUDIES OF DIFFERENT FUNCTIONAL COMPONENTS IN MATVT TO ITS PREDICTION PERFORMANCE

TABLE III
PARAMETER ANALYSIS ON THE IMPACT OF HIDDEN DIMENSION AND ATTENTION HEADS ON MATVT

studies. Except for modified components, these variants utilize
the same experimental setups as the complete model. During
testing, this study records the sample size and processing time
for each batch of test samples and utilizes the total number
of samples and total processing time to calculate the average
delay time per sample to measure the computational efficiency
of MaTVT and its variants.

The first study alternately removes agent-agent encod-
ings (AAE), agent-map encodings (AME), and global encod-
ings (GE) from MaTVT to investigate their contributions.
Table II indicates that AAE improves the prediction ac-
curacy of MaTVT (minADE1: −5.89%, minFDE1: −6.70%,
MR1: −5.96%, minADE6: −6.95%, minFDE6: −6.04%, MR6:
−8.70%), indicating its ability to comprehend agent-agent in-
teractions. The contributions of AME (minADE1: −9.09%,
minFDE1: −11.44%, MR1: −9.55%, minADE6: −10.79%,
minFDE6: −11.83%, MR6: −13.93%) and GE (minADE1:
−1.06%, minFDE1: −1.51%, MR1: −1.47%, minADE6:
−2.81%, minFDE6: −3.67%, MR6: −2.86%) are also con-
firmed, demonstrating that MaTVT utilizes them to capture
features from map elements and global relationships to enhance
prediction accuracy.

The second study investigates the impact of heterogeneous
spatial-temporal features on model performance. Table II in-
dicates that the increase in response delay Tr enhances the
prediction accuracy of MaTVT, indicating that heterogeneous

spatial-temporal features not only compensate for the response
delay of agents but also filter out noise from long-term his-
torical data. However, this improvement exhibits diminishing
marginal returns and essentially reaches saturation when Tr is
equal to 6. Meanwhile, the increase in Tr consecutively bur-
dens the complexity of spatial-temporal dependency modeling
and the computational cost of noise suppression, resulting in a
superlinear decline in the computational efficiency of MaTVT.
Therefore, MaTVT setsTr to 6 to identify heterogeneous spatial-
temporal features that optimally balance prediction accuracy
and computational efficiency. The configuration enhances the
interpretability of MaTVT by elucidating its performance
boundaries and operational mechanisms.

The third study investigates the impact of the local encoding
scope on MaTVT. Table II indicates that the predictive accuracy
of MaTVT improves with increasing δ1 until it exceeds 60 m.
One possible explanation for this trend is that target agents
focus on nearby agents and traffic conditions during navigation,
while neglecting those farther away. Moreover, the average
computation delay of MaTVT increases rapidly with increasing
δ1. Therefore, this study sets δ1 at 60 m to ensure both accurate
prediction and efficient computation.

4) Parameters Analysis: This study conducts two parameter
studies to investigate the effects of the hidden dimension dh
and the attention heads Nh on the prediction performance of
MaTVT. Except for these parameters, the MaTVT structure
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and its remaining parameters and experimental settings remain
unchanged. Table III shows that MaTVT’s prediction perfor-
mance remains largely stable in different dh and Nh, indicating
its strong robustness.

5) Sensitivity Analysis: This study conducts two additional
experiments to investigate the impact of the learning rate and
batch size on convergence during MaTVT training. In these
experiments, this study presets a series of learning rates and
batch sizes and uses minADE6 to measure the convergence of
MaTVT in different training configurations. Fig. 6(a) compares
the training effects of MaTVT at different learning rates and
batch sizes and reveals that MaTVT achieves optimal perfor-
mance when the learning rate is set to 0.001. Fig. 6(b) presents
the training effects of MaTVT with optimal learning rates across
different batch sizes, determining 16 as the optimal batch size.
Fig. 6(c) records the effect of MaTVT training after each training
epoch with the appropriate learning rate and batch size. The
MaTVT training curve initially drops sharply and then gradually
stabilizes, demonstrating its strong convergence.

VI. CONCLUSION

This study integrates GAT and Transformer architecture to de-
velop MaTVT, a novel multi-agent trajectory prediction method
for complex traffic scenarios. It constructs a dual-level encoder:
the lower-level encoder captures local encodings from historical
data and map information, while the high-level encoder converts
inter-agent relationships into global encodings. On this basis,
MaTVT integrates local and global encodings into fused encod-
ings, which are decoded into multi-modal trajectory predictions
for target agents. This study selects complex traffic scenarios
from the Argoverse dataset to train and validate MaTVT, con-
firming its outstanding accuracy, interpretability, robustness, and
computational efficiency.

The experimental results indicate three key advantages of
MaTVT. Firstly, MaTVT develops the hierarchical fusion mech-
anism that extracts local encodings from motion features, agent-
agent interactions, and agent-infrastructure constraints and fuses
them with global encodings representing spatial relationships
between agents for multi-agent trajectory prediction. Secondly,
MaTVT constructs a heterogeneous spatial-temporal feature
extractor that not only achieves an optimal balance between
prediction accuracy and computational efficiency by compen-
sating for agent response delays but also indirectly reveals its
attention bias towards historical spatial-temporal data to enhance
model interpretability. Thirdly, MaTVT features a lightweight
architecture with strong adaptability, enabling accurate multi-
modal trajectory predictions for multiple agents simultaneously
in various traffic scenarios.

Future research will focus on MaTVT in three key aspects.
Firstly, MaTVT will be further optimized to improve its predic-
tion accuracy and computational efficiency. Secondly, MaTVT
will classify different driving styles and utilize them to guide
local encoding generation, illuminating their impact on multi-
modal trajectory prediction. Thirdly, MaTVT will be packaged
as a functional module and integrated into AVs as a safety
constraint for their predictive cruise control systems.
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