
ELSP Artif. Intell. Auton. Syst.

Article | Received 6 November 2025; Revised 12 April 2026; Accepted 22 April 2026; Published 29 May 2026
https://doi.org/10.55092/aias20260005

Multimodal trajectory prediction based on dynamic scene
encoding and relational reasoning

Linwei Song1, Zhengyi Li1, Zhonghua Xiong1, Zhiwen Wei1, Rui Zhao2 and Hongyu Hu1,*

1 State Key Laboratory of Automotive Chassis Integration and Bionics, Jilin University,
Changchun, China

2 College of Automotive Engineering, Jilin University, Changchun, China

* Correspondence author; E-mail: huhongyu@jlu.edu.cn.

Highlights:

• A novel query-based framework (DRTR) is proposed for multimodal trajectory prediction.
• A relational reasoning-based feature selection module reduces model learning difficulty.
• The proposed DRTR model achieves promising results on the Argoverse 1 dataset.

Abstract: Autonomous vehicles require effective prediction of potential future trajectories of surrounding
agents. The current trajectory prediction methods have limitations, firstly, traditional feature fusion
methods merge scene features sequentially in a simplistic manner, often overlooking the intricate
interrelations among scene elements, leading to incomplete selection and insufficient utilization of useful
features; secondly, in multimodal trajectory prediction, the mode collapse issue inherent to probabilistic
approaches results in inadequate expression of agent intent uncertainty, while overly anchor-dependent
proposal-based methods can generate implausible trajectories. To address these limitations, We present a
Dynamic scene and Relational reasoning Transformer (DRTR), a novel multimodal trajectory prediction
method based on dynamic scene encoding and relational reasoning. A pivotal aspect of DRTR is the
dynamic closed-loop modeling framework that effectively combines scene features to output three
dynamic features: dynamic traffic flow, dynamic agents, and interactions between agents. This innovative
framework ensures a comprehensive capture of the dynamic scene and its intricate interrelations. Then,
DRTR initializes a set of trajectory suggestions representing various modalities and carefully refines these
suggestions by sequentially fusing and querying dynamic scene features, ensuring predictions are both
accurate and reflect multimodality. To further enhance model expressiveness, we introduce a feature
selection network based on relational reasoning, which can recognize deep relationships between scene
elements and select beneficial contextual features. Experiments on the Argoverse 1 dataset indicate that
DRTR exhibits superior performance, particularly in multimodal trajectory prediction.
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1. Introduction

The advent of autonomous driving promises to completely transform our mode of travel, offering
new solutions to traffic congestion and reducing traffic accidents [1,2]. Accurately predicting the
future trajectories of surrounding agents is crucial for autonomous vehicles to fully understand their
environment and make safe and efficient decisions. In addition to the dynamic constraints of the target
agents, the limitations imposed by lane lines, traffic regulations, and interactions with surrounding
agents all significantly impact the future trajectories of these agents. At the same time, due to the
uncertainty of the intentions of intelligent agents, future behaviors are also uncertain, and even in the
same scenario, intelligent agents can exhibit different behaviors. Therefore, how to effectively model
the scene, fuse features, and output reasonable multimodal prediction trajectories has long been the core
challenge of trajectory prediction.

The purpose of scene modeling is to efficiently express the scene and guide the learning direction of
the [3]. Trajectory prediction methods leverage information such as historical trajectory data of agents,
traffic rules, map data, and interaction data amongst agents [4]. Every piece of information is interrelated
and the scene is dynamically changing. However, most existing feature fusion methods employ static
fusion and do not consider all correlations [5–7]. For example, some methods incorporate map features
as context features into agent motion features after encoding, which only provides the agent with map
information. Still, the map information remains isolated and static. Another method is directly merging
scene elements in one go-through composition [8–10]. These simple modeling methods all lead to
incomplete scene modeling and insufficient feature utilization issues. Therefore, this paper proposes
dynamic closed-loop modeling of the scene, emphasizing the dynamic correlation between all elements.
This approach to dynamic fusion features and obtains three characteristics: dynamic traffic flow, dynamic
agent, and dynamic agent interaction features.

The widely used methods for integrating the aforementioned key cues usually involve directly
merging all features [8,11–13]. These features are both correlated and redundant. If a neural network learns
without an explicit basis, it becomes challenging to discern the relationships between different features,
leading to learning difficulties and parameter wastage. Therefore, this paper proposes a feature selection
network based on relational reasoning. It infers the relationships between base and context features based
on prior knowledge. Then, it selects features based on the inferred relationships, allowing the neural
network to understand the relationships between features, and effectively select useful information from
the features. This process reduces learning difficulty and enhances prediction performance.

In addressing multimodal trajectory prediction issues, models need to learn how to model the uncertainty
of trajectories and capture the underlying multimodal distribution. Current methods are primarily categorized
into probabilistic methods and proposal-based methods. Probabilistic methods [11,14–16] define potential
models as latent variables, subsequently mapping the merged features or directly constraining them onto
a known probability distribution, thereby achieving implicit uncertainty modeling. This approach heavily
depends on the mapping method and probability distribution, leading to potential issues such as optimization
instability and mode collapse. Proposal-based methods, on the other hand, require predefined candidate
points or trajectories [8,17–20]. Although these methods mitigate some drawbacks of probabilistic methods,
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they still heavily rely on the selection of candidate points. Furthermore, the input used for decoding in these
methods is the feature obtained from the concatenation process during the feature fusion stage, making
it challenging for the decoder to fully utilize cues and eliminate redundant features. To better leverage
each cue and more accurately capture potential multimodal trajectories, this paper proposes a multimodal
trajectory query network. The multimodal trajectories are initialized as multiple query vectors. Each
feature obtained during the dynamic scene modeling process is sequentially fused with the query vectors,
which are finally input into the decoder to obtain the corresponding modal trajectories. Specifically, the
fusion process adopts a feature selection network based on relational reasoning.

In summary, we propose a model, named Dynamic scene and Relational reasoning Transformer (DRTR),
that uses dynamic scene information and relational reasoning to predict the future multimodal trajectories of
agents. The proposed model is composed of an encoder, a feature fusion network, a multimodal trajectory
query network, and a decoder. The encoder is divided into agent encoding and map information encoding.
The agent encoding uses a multi-head attention mechanism and convolutional blocks, while the map feature
encoding borrows from the LaneGCN [11]. The feature fusion network completes the dynamic coupling
of all scene elements, and outputs three features: dynamic traffic flow, dynamic agent, and dynamic
agent interaction features. At the same time, we propose a feature selection network based on relational
reasoning, which eliminates a large amount of redundant information while effectively selecting useful
information from the features. The multimodal trajectory query network randomly initializes suggestions
representing multimodality, then combines them with the feature selection network based on relational
reasoning to efficiently query scene dynamic information and refine multimodal suggestions. The decoder
uses refined multimodal trajectory suggestions as input to generate multimodal trajectories and their
probabilities. Finally, comparative experiments and ablation experiments are conducted to demonstrate
the advantages of the proposed model, and some instances are visualized to qualitatively explain the
prediction results.

The main contributions of this work can be summarized as follows:
• We propose a query-based multimodal trajectory prediction framework (i.e., DRTR) that

effectively models scene interaction relations and integrates dynamic scene context information for
multimodal prediction.

• We introduce a feature selection module based on relational reasoning, allowing base features to
purposefully and hierarchically select the context features. This network is applied in the dynamic feature
fusion module and the multimodal trajectory query network, reducing the learning difficulty of DRTR.

• Experimental results demonstrate that the proposed model framework and feature selection
network bring about actual improvements. Our model has achieved promising results on the
Argoverse 1 dataset.

The remainder of the paper is organized as follows. Section 2 summarizes the methods and current
progress in multimodal trajectory prediction research. In Section 3, the proposed approach is presented.
Section 4 explains the experiments conducted using the Argoverse 1 dataset to validate the performance of
the proposed method. Conclusions are presented in Section 5.
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2. Related works

This section focuses on trajectory prediction methods based on deep learning, and briefly reviews the key
technologies and methods involved, including Extracting Scene Contextual Information, Feature Fusion,
and Multimodal Trajectory Prediction.

2.1. Extracting scene contextual information

Trajectory prediction necessitates the integration of rich contextual information from the scene. Inspired
by convolutional neural networks (CNNs), early works utilized bird’s-eye view raster images as inputs for
learning [16,18,19,21]. However, the performance of these methods is constrained by the spatial resolution
of raster images, which are easily disturbed by irrelevant raster areas. Additionally, raster images suffer
from lossy rendering and high costs. Consequently, encoding schemes based on raster images have been
gradually phased out in favor of more efficient vector-based encoding methods. Vector-based encoding
describes topological information and ignores irrelevant details, particularly in scenarios like long, straight
highways that contain a lot of redundant information. This significantly compensates for the shortcomings
of raster image encoding methods. VectorNet [9] represents agents and roads in vector form for the first
time, avoiding information loss and the need for dense convolution-related calculations in raster image
rendering. Graph convolution methods, represented by LaneGCN [11], have demonstrated the powerful
capability of vectorization in feature expression [22–24].

2.2. Feature fusion

Vector-based methods effectively aggregate information in traffic scenes, with many advanced
trajectory prediction models [10,25–27] employing attention mechanisms for feature encoding
and fusion. Most models traditionally encode map and agent features first, then integrate map
information into agent information, and subsequently perform inter-agent feature fusion [5–7].
Another method is simply to complete the fusion of all features in a single layer [8–10]. This type of
method also has the commonality of outputting only feature sets that aggregate all elements. These
methods all lead to feature fusion obtaining static scene information and failing to fully express and
integrate scene features. To address these issues, our method proposes dynamic closed-loop fusion,
achieving a complete fusion of scene features.

Currently, deep learning models typically aggregate features by directly fusing the hidden states among
various features, such as [14,28–30]. Other models use basic priors such as distance to filter elements
of interest in the scene. For instance, the multi-head attention-based Long Short-Term Memory (LSTM)
encoder/decoder structure proposed by Messaoud et al. [31] maps agent positions to an attention matrix
and visualizes their relative importance around the ego-vehicle; similarly, STAG [32] infers the relative
importance of surrounding vehicles through distance information. These simplistic approaches that do
not meticulously select predictive features from prior knowledge limit the expressive capacity of the
models, failing to leverage their potential advantages fully. Recent studies have explored the relationships
among traffic elements in greater depth. For instance, Liao et al. [33] proposed the behavior-aware
trajectory prediction model BAT, which characterizes driving behaviors in dynamic geometric graphs
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by introducing centrality measures as prior knowledge, thereby capturing potential interactions among
vehicles. HLTP [34] proposed a novel vision-aware pooling mechanism that simulates the dynamic
adaptation of a driver’s visual sector with vehicle speed: as the speed increases, the visual sector becomes
narrower to focus more on the area ahead, whereas as the speed decreases, the visual sector becomes
wider to enhance the perception of the surroundings. Xu et al. [35] propose GroupNet, a multiscale
hypergraph neural network, which explicitly reasons some relational factors including the interaction
category, interaction strength, and interaction function; Xu et al. [36] introduced the Joint-Relation
Transformer, which has achieved significant results by using explicit relational data such as the distance
between two individuals, as well as skeletal and joint information of the individuals, as prior knowledge
for feature fusion. Inspired by this, this paper introduces a feature selection network based on relational
reasoning. This network takes the distance and feature correlation between base and context features as
inputs to infer the deep internal relationships and carefully selects key predictive features in the context
based on these relationships, significantly improving the model’s expressive power.

2.3. Multimodal trajectory prediction

In trajectory prediction tasks, the future state of the scene is unpredictable, and the intentions of agents
are highly uncertain, predicting diverse multimodal trajectories is more advantageous in addressing the
uncertainty of agent behaviors compared to unimodal predictions. Currently, there are two main methods
for decoding multimodal trajectories. The first method decodes a set of discrete trajectories directly using
features from the model’s scene encoding module [11,14–16,37]. This approach is simple to implement
and allows for the output of multiple trajectory hypotheses, but it heavily depends on the encoder’s
performance and the decoder’s ability to extract useful features. Given that only one real trajectory can be
observed in the training data, this method poses significant challenges. The second method is based on
anchors, which utilizes predefined operations and candidate trajectories [8,17–20] to achieve multimodal
predictions. This method is clearly influenced by the quality of the anchors, and an excessive focus on
candidate trajectories can overlook the potential meanings of scene features. Our proposed multimodal
trajectory query network has been improved in two aspects: feature utilization and anchor refinement.
The specific implementation is to randomly initialize trajectory suggestions and gradually refine them
based on dynamic scene features to obtain reasonable multimodal trajectories.

3. Development of proposed model

This section begins by introducing the trajectory prediction problem, detailing the inputs and prediction
objectives. It continues with a comprehensive examination of the various sub-modules within DRTR and
the associated loss functions. Additionally, this section includes schematic diagrams of the overall model
structure and the feature selection network based on relational, facilitating a deeper understanding of the
model’s operating mechanism.

3.1. Problem formulation

To enhance the accuracy of trajectory prediction, all information within the environment that could
potentially impact future trajectories is incorporated as inputs to the model, specifically categorized into
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agent information and scene information.

The set of agents is denoted as A = {A0,A1, ...,ANs}, where A0 is the target agent, and Ns represents
the number of other perceived agents besides the target agent. Ai = {a−th+1

i ,a−th+2
i , ...,a0

i }, where th
is the length of the perceived time series, i = 0,1, ...,Ns, and at

i ∈ R fa , fa is the number of features
per agent. The coordinate system of the scene is fixed at the position of the target agent at time t = 0
(i.e., the current moment), with the driving direction of the target agent defined as the x-axis and a 90°
counterclockwise rotation defined as the y-axis. Meanwhile, we select the features of the vehicle at time t

as at
i = {∆xt

i,∆ yt
i,classi, f lagt

i}. Note that t =−th +1,−th +2, ...,−1,0, where ∆xt
i and ∆yt

i represent the
differences in the x and y coordinates of the agent between times t and t −1, classi represents the type of
agent (such as vehicle, non-motor vehicle, or pedestrian), and f lagt

i is a placeholder indicating whether
the agent is perceived at the current moment. To facilitate the relational reasoning module and feature
selection network, we also input the coordinates d of each agent at time t = 0.

Scene information S includes lane markings, traffic signs and traffic lights. Lane markings are
vectorized and structured into a graph, with lane nodes denoted as L = {L0,L1, ...,LNl} and the adjacency
matrix as M = {M0,M1, ...,MNl}. The number of lane vector elements in the scene is Nl +1. For
convenience in feature representation, information such as traffic lights is integrated into the lane features.
Specifically, L j = {∆x j,∆ y j,heading j, turn j, light j} and j = 0,1, ...,Nl , where ∆x j and ∆y j represent the
difference between the endpoint and starting point of the lane node on the x-axis and y-axis, heading j

is the orientation of lane nodes, turn j indicates the permissible directions of the lane (straight, left
turn, or right turn), and light j describes the traffic light control affecting the lane. The adjacency
matrices M j = {M1:6

j,p ,M
1:6
j,s ,M j,r,M j,l}, M j ∈ R(Nl+1)×(Nl+1), where M1:6

j,p ,M
1:6
j,s ,M j,r,M j,l represents the

predecessors, successors, right neighbors, and left neighbors of the lane, respectively, and 1:6 considers
the 6 predecessors or successors of the current lane line.

The network proposed in this study aims to predict the trajectories Ŷ t
i,k = (∆x̂t

i,k,∆ŷt
i,k)

T of all agents in
the scene within a future time span of t f , in K different modes, along with the corresponding probabilities
p̂k

i of each trajectory, where, i = 0,1, ...,Ns, k = 0,1, ...,K −1, and t = 1,2, ..., t f .

3.2. Proposed model

The proposed network consists of four main components: an encoder, a feature selection network based on
relational reasoning, a multimodal trajectory query network, and a decoder. Initially, the network performs
feature encoding of both agent information and scene information. It then proceeds to fuse multi-source
heterogeneous features and to query and refine multimodal trajectory features. Ultimately, the decoder
outputs the multimodal trajectories. The model structure is shown in Figure 1, and the following sections
will provide a detailed explanation of each module’s functionality and significance.
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Figure 1. Schematic of DRTR. The input to the Encoder is shown by Input. The network is mainly
composed of the Encoder, Feature Fusion Network, Trajectory Query Network, and Decoder. The
output of DRTR is shown by Output.

3.2.1. Encoder

The primary task of the encoder is to encode the features of agents and lane lines. The features of agents
include time-series information and thus are encoded using a sequence feature encoding [38]. In contrast,
lane line features do not contain time-series information and are structured as graphs, necessitating a
different encoding strategy.

The encoder adopts the scaled dot-product attention mechanism [39] and convolutional neural
networks. And stack Na-layers. To effectively utilize the temporal information of agent A historical
features, we employ Position Embedding (PE) layers, similar to those in the original Transformer.
Subsequently, the agent’s historical trajectory features are processed using a Multi-Head Self-Attention
mechanism, and the outputs from all heads are concatenated. Let the input to the attention module be
denoted as XA ∈RL×dmodel , XA is the result of embedding Ai, the sequence length as L, with the observation
time length th in the first convolutional pooling unit, followed by the output sequence length of the
previous convolutional pooling unit, and the input feature dimension as dmodel . Then, the output of the
multi-head attention can be represented as follows:
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XMA = concat(MHSA(XA,h +PE)) (1)

where h = 1,2, ...,H, and H represents the number of heads. Subsequently, the output of the multi-head
attention is added to the original input and layer normalized to integrate the features:

Xm
A = φ(XA +XMA) (2)

where φ is the normalization function. Then, the feedforward layer is adopted as:

X f
A = φ(XA +ReLU(Xm

A W m
A1 +bm

A1)W
m
A2 +bm

A2) (3)

where W m
A1 ∈Rdmodel×4dmodel , bm

A1 ∈R4dmodel , W m
A2 ∈R4dmodel×dmodel , bm

A2 ∈Rdmodel , representing is the weights
and biases of linear layers.

After implementing the multihead self-attention mechanism, to further extract useful features,
convolutional pooling units are employed. The first Na − 1 layers consist of two one-dimensional
convolution layers, a normalization layer, and a non-linear activation function layer. Following these
processes, the data is then sent to a max pooling layer for further feature extraction:

Xc1
A = ReLU(ϕ(Conν1d(X f

A ))) (4)

Xc2
A = ELU(ϕ(Conν1d(Xc1

A ))) (5)

Xout
A = MaxPool(Xc2

A ) (6)

where Xc1
A is the output of the first convolution block, Xc2

A is the output of the second convolution
block, Xout

A ∈ RL/2×dmodel is the output of max pooling, Maxpool is the Max Pooling Layer. In the final
convolutional pooling unit, we switch from max pooling to average pooling to compress the sequence
length to 1, thereby obtaining the final output:

Xout
A = AvgPool(Xc2

A ) (7)

where Xout
A ∈ Rdmodel , AvgPool is the Average Pooling Layer.

Lane vectors L are encoded using LaneGCN [11]. Given that agents typically have high longitudinal
speeds, which allow them to cover considerable distances in a short period, there is an increased reliance
on additional lane vectors along the direction of the lane. Consequently, it is necessary to convolve more
predecessor and successor lane vectors. LaneGCN incorporates dilated convolution operators to capture
more dependencies along the direction of the lane lines.

Xm
L = LWL + ∑

i∈{l,r}
MiLWi +

C

∑
c=1, j∈{s,p}

(Mkc
j LWj) (8)

where W. is the weight of LaneConv, and kc is the cth dilation size. Normalization and rectified linear
units are adopted after each LaneConv and linear layer. Subsequently, it is passed through a connected
multi-layer perceptron (MLP), followed by a skip connection and another non-linear activation:

Xn
L = ReLU(φ(Xm

L )) (9)

Xout
L = ReLU( fMLP(Xn

L )+L) (10)
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where, φ represents the normalization function, and fMLP refers to the function of the multi-layer
perceptron. It is important to note that to enhance the extraction of lane line features, we stack Nl layers
of LaneGCN in the model.

3.2.2. Feature fusion module

After completing the initial feature encoding, to facilitate dynamic closed-loop modeling of the scene, a
series of feature fusions are performed. This includes three feature fusion modules: agent-to-lane line,
lane line-to-agent, and agent-to-agent, which respectively yield features of dynamic traffic flow, agent
features after integrating dynamic traffic flow, and interaction features between agents. These feature
fusion processes are implemented using a feature selection network based on relational reasoning, which
is detailed in Section 3.2.3.

3.2.3. Feature selection network based on relational reasoning

After encoding through the encoder, both agent features and lane vector features are encoded. During
feature fusion, agents or lane lines and unrelated features that do not require attention complicate network
learning and diminish the model’s expressiveness. For instance, in the process of feature fusion between
agents, it is unreasonable to consider all agents in the scene, as those far away will not impact the future
trajectory of the target vehicle. Moreover, even after selecting agents to focus on based on distance,
determining the attention weight for each agent requires network learning. Additionally, high-dimensional
features often contain a lot of redundant elements, which also need to be identified and eliminated by
the network. Failure to address these issues results in learning difficulties and parameter waste. To
enable agents to selectively focus on relevant scene elements purposefully and to assign greater weight
to important elements and features, this study proposes a feature selection network based on relational
reasoning, primarily implemented through a sparse attention mechanism.

The input to the sparse attention mechanism includes the base features (Base) and the context features
(Context), which, under the premise of prior knowledge and relational reasoning, enables the base features
to aggregate useful context features. Initially, the Euclidean distance between the base and context features
is used as prior knowledge to preliminarily filter the set of context features of interest, denoted as Xse, and
to record these Euclidean distances Dse:

Dse = {duv | duv = du −dv,∥duv∥2 < δd} (11)

Xse = {xv | ∥duv∥2 < δd} (12)

where du, dv are the coordinates of the basic and the context element in the local coordinate system
respectively, u = {0,1, ...,Nt},v = {0,1, ...,Nc}, Nt +1 and Nc +1 are the number of base and context
elements and δd is the Euclidean distance threshold of the area of interest.

Next, the base feature xu, each element of interest xv, and the corresponding Euclidean distance duv

are fed into linear layers, resulting in the processed base feature Xba, context feature Xctx, and distance
information Dbc. These are then concatenated and passed into another linear layer. After normalization,
the Exponential Linear Units (ELU) are used as the activation function, resulting in the input for the
feature selection network based on relational reasoning:

9



Artif. Intell. Auton. Syst. Article

V = ELU(φ(concat(Xba,Xctx,Dbc)WV +bV )) (13)

where WV and bV are the weights and biases of the linear layer respectively.
This study initially establishes the relationships between base features and context features through

relational reasoning and then employs a gating mechanism to select useful features from the context.
The initial step involves obtaining the raw features through a linear layer:

I =VWI +bI (14)

where WI and bI are the weights and biases of the linear layer respectively. In the relational reasoning
part, this study bases its reasoning of foundational features on feature correlation and distance. For
feature correlation Ra, inspired by the dot-product attention mechanism [39], we input the base feature
Xba and the context feature Xctx into a linear layer, then calculate their Hadamard product (element-wise
multiplication), followed by one-dimensional convolution. For distance feature Rd , it is directly mapped
using a linear layer:

Ra =Conν1d((XbaWat +bab)⊙ (XctxWac +bac)) (15)

Rd = XdWd +bd (16)

At this point, we have obtained the initial features Ra and Rd representing the relationships between
the base features and context features. Next, we will further extract and express these relationships to
infer and obtain the deep relational features R:

Rad = concat(Ra,Rd)WRad +bRad (17)

R = f (Rad)+ f ( f (Xba +Rad)⊙ f (Xctx +Rad)) (18)

Where f is the linear layer. Following this, we employ a gating mechanism based on the deep relational
features R to select useful features from the context.

Xs = σ(I +R)⊙V (19)

Xg = ReLU(φ(V +Xs)) (20)

where σ(·) is the sigmoid function. Then, the selected features are added to the base features and normalized:

Xm = φ(Xba ⊕Xg) (21)

where ⊕ indicates an index-add. Subsequently, the data is fed into a feedforward layer consistent with
Equation (3) to produce the output Xout . It is important to note that each step of the feature fusion
process involves the use of Nb layers of the feature selection network based on relational reasoning,
stacked together.

Through the feature selection network based on relational reasoning, base features are fused with
selected useful features, thereby reducing learning complexity and achieving efficient feature integration.
This network serves as a submodule applied in the feature fusion processes for agent-to-lane lines,
dynamic traffic flow to agents, agent-to-agent interactions, and in the map and interaction query modules
of multimodal trajectory queries network described in the next section. Specifically, in the agent-to-lane

10



Artif. Intell. Auton. Syst. Article

line module, the base features are lane line features Xout
L , and the context features are agent features Xout

A ,
aiming to integrate dynamic vehicle information into the lane line data to obtain dynamic traffic flow
features Xout

dl . In the dynamic traffic flow to agent module, the base features are agent features Xout
A , and

the context features are dynamic traffic flow Xout
dl , intended to focus the agent on the dynamic traffic and

obtain dynamic agent features Xout
da . In the agent-to-agent module, both the base and context features are

dynamic agent features Xout
da , aiming to facilitate dynamic interactions between agents and obtain dynamic

agent interaction features Xout
di , where is further divided into target agent feature Xout

tar and surrounding
agent Xout

sur . In the query network, the base features are query vectors, while the context features include
dynamic traffic flow Xout

dl and agent interaction features Xout
di , enabling the query vectors to select useful

features for feature fusion. Figure 2 illustrates this with an example of agent interaction feature fusion.
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Figure 2. Schematic of feature selection network based on relational reasoning.

3.2.4. Multimodal trajectory query network

This study aims to predict multimodal trajectories of target agents, and integrating multi-source
information poses significant challenges. Inspired by DETR [40], we define Transformer queries as
multimodal trajectory suggestions. This approach allows each suggestion to independently integrate
information from the feature fusion module without interference, ensuring that each trajectory suggestion
corresponds directly to its respective modality. During execution, features from the ego-vehicle, map, and
interactions are fused hierarchically. Each layer updates and refines the trajectory suggestions, with the
refined suggestions from one layer directly serving as the input for the next layer. Given that different
modal suggestions may need to focus on different scene features, the feature selection network based on
relational reasoning is also employed to enable trajectory suggestions to select important features for
trajectory updating and refinement. Initially, trajectory suggestions are randomly initialized and their
gradients are frozen:

Q = {Qi|i = 0,1, ...,Ns,grads = False} (22)

where Q0 =Q1 = ...=QNs ∈RK×dmodel , Ns+1 is the number of agent. Following the previously described
hierarchical feature aggregation method, we first aggregate the features of the target agent, followed by
the aggregation of lane line information, and finally, the aggregation of interaction features:

QT = concat(Xout
tar ,Q)WT +bT (23)

QM = RE(QT ,Xout
dl ) (24)
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QI = RE(QM,Xout
di ) (25)

where QT , QM, and QI represent the refined trajectory suggestions after feature aggregation of the target
dynamic agent, dynamic traffic flow feature aggregation, and interaction feature aggregation, respectively.
WT is the weight of the fully connected layer, bT is the bias of the fully connected layer, and RE(·, ·)
refers to the relational reasoning and feature selection network function described in Section 3.2.3.

3.2.5. Decoder

The decoder module is divided into two branches: a multimodal trajectory generator and a probability
generator for the corresponding trajectories. The multimodal trajectory generator employs a three-layer
MLP to generate predicted trajectories:

Y = {Ŷi|Ŷi = fMLP(QI), i = 0,1, ...,Ns} (26)

where Ŷi ∈ RK×T×2. To enhance the performance of trajectory classification, the predicted value Ŷ
t f
i ∈

RK×2 at the last moment t f is used alongside the distance dby from the current position of the target agent
as context features. These features are concatenated with the trajectory suggestions QI , then decoded
through a three-layer MLP. Finally, the probabilities of each predicted trajectory are output through a
Softmax layer:

P = {p̂i | p̂i = So f tmax( fMLP(concat(QI,Ŷ
t f
i )))} (27)

where p̂i ∈ [0,1]K×1, i = 0,1, ...,Ns.

3.2.6. Loss function

The network proposed in this study is designed to predict the multimodal trajectories of agents and
their corresponding probabilities. All modules of the network are differentiable, thus allowing for fully
supervised end-to-end training. The loss components include probability classification loss for trajectories,
trajectory regression loss, and multimodal classification loss.

For any agent, let k∗ = argmax(p) be the trajectory with the highest probability. To increase the
confidence of the k∗th trajectory, we set k∗ as the positive class and k ̸= k∗ as the negative class, using the
cross-entropy loss function for calculation:

LC =−

Ns
∑

ns=0

K
∑

c=1
p̃k∗

ns
log p̂c

ns

Ns +1
(28)

To enhance the multimodal expression capability of the multimodal trajectory query network, we
employ Max-margin loss as an auxiliary function. This loss function is designed to optimize the model to
more effectively distinguish between different modalities, thereby improving the overall expressiveness
of the model:

LM =

Ns
∑

ns=0
∑

k ̸=k∗
max(0, p̂k

ns
− p̂k∗

ns
+ εM)

(Ns +1)(K −1)
(29)
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For trajectory regression, we utilize the Smooth L1 Loss to calculate the discrepancy between
predicted values and actual values:

LR =



Ns
∑

ns=0

t f
∑
j=1

1
2

∥∥∥Ŷ j
ns,k∗−Y j

ns

∥∥∥2

2
Ns+1 , if

∥∥∥Ŷ j
ns,k∗ −Y j

ns

∥∥∥<1

Ns
∑

ns=0

t f
∑
j=1

∥∥∥Ŷ j
ns,k∗−Y j

ns

∥∥∥− 1
2

Ns+1 ,otherwise

(30)

The final loss function is the sum of the above three items:

L = LC +LM +LR (31)

4. Experiment

4.1. Experimental setting

The Argoverse [41] public motion dataset used in this study contains agent information of cars, bicycles,
and pedestrians, as well as High-Definition (HD)-map information collected on urban roads in Pittsburgh
and Miami in the United States. All data were collected by vehicles equipped with LiDAR and cameras
at a frequency of 10 Hz. The dataset was split into training, validation, and testing sets with 205,942,
39,472, and 78,143 sequences, respectively. The future trajectory of the test set was not provided, and
there was no geographic overlap between sets. A 5-s period was selected to describe the trajectory of
each vehicle: 2 s were used as historical input, and 3 s were used as the trajectory to be predicted.

All experiments were performed on an Intel Core(R) i9-13900K CPU, NVIDIA GeForce(R) RTX
4090 24-GB GPU with 64-GB of RAM running the Ubuntu 20.04 LTS edition. All program tasks were
conducted on Python 3.7, and the deep learning framework was based on PyTorch.

4.2. Training setting and experimental metrics

The model processes input sequences of length th = 20 for the agent, and outputs predicted trajectories
of length t f = 30 across K = 6 modalities. The feature dimension dmodel within the model is set to 128.
In the multi-head attention mechanism, H = 4 is selected. The agent encoder employs the attention
mechanism stacked Na=4 times, while the number of stacking operations for map fusion with agents,
agents merging with dynamic traffic flow, and interactions among agents is set to Nb = 2. The model
is trained for a total of 40 epochs with a batch size set to 48, utilizing the Adam optimizer. A variable
learning rate strategy is adopted: the learning rate is set to 10−3 for the first 25 epochs, then reduced
to 10−4 for the epochs from 26 to 35, and further decreased to 10−5 for the final five epochs. For the
distance threshold in Equation (11), we set δd = 6 in both the agent-to-lane feature fusion module
and the dynamic traffic flow-to-agent feature fusion module, and δd = 100 in the agent-to-agent
interaction feature fusion module.

For prediction performance evaluation, average displacement error (ADE) and final displacement
error (FDE) were adopted. ADE is the average L2 distance between the prediction trajectory and the
ground truth, and FDE is the L2 distance between endpoint of the prediction trajectory and the ground
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truth. In this study, minimum ADE (minADE) and minimum FDE (minFDE) at K = 1 and K = 6,
respectively, were used as evaluation metrics to obtain the performance of the best predicted trajectory
under single- and multi-modal cases.

4.3. Comparison experiment

To validate the proposed model, its results were compared to those of models proposed by other excellent
studies conducted in recent years:

• Nearest-neighbor (NN) regression (Argoverse Baseline) [41]: The baseline builds on NN and
prunes the number of predicted trajectories based on how often they exit the drivable area.

• Target-driven trajectory (TNT) [8]: A prediction framework that contains three training stages.

• VectorNet [9]: A hierarchical graph neural network that first exploits the spatial locality of
individual road components represented by vectors, then it models the high-order interactions
among all components.

• LaneGCN [11]: A lane-graph CNN that captures the complex topology and long-range
dependencies of the lane graph.

• LaneRCNN [24]: A graph-centric motion prediction model that learns each participant’s LaneRol
to encode its past motion and local map topology.

• mmTransformer [42]: A neural network prediction framework based on the stack Transformer
structure models multi-modality at the feature level through a fixed set of independent proposals.

• DenseTNT [43]: An anchor-free, end-to-end trajectory prediction model that directly outputs a set
of trajectories from dense goal candidates.

• HOME [44]: A framework that tackles the motion forecasting problem with an image output
representing the probability distribution of the agent’s future location.

• Autobot [45]:It is an encoder-decoder architecture that generates scene-consistent multi-agent
trajectories based on the Latent Variable Sequential Set Transformer. Trajectory prediction is
achieved by alternately perform equivariant processing across the temporal and social dimensions.

• DRTR: The model proposed in this study.

Table 1 presents the minFDE and minADE for K = 1 and K = 6. We see that the performance of the
DRTR was slightly worse than that of DenseTNT on K = 1 minFDE, and the proposed method performed
best comprehensively with multiple performance metrics.

VectorNet, LaneGCN, and DRTR are all based on vector representations. VectorNet solely connects
features through graph convolutional networks. LaneGCN encodes agents’ historical trajectories using a
feature pyramid network and fuses features between agents and lane lines through an attention mechanism.
The model proposed in this research demonstrates significant improvements across all metrics compared
to the previous two models. A crucial factor contributing to these enhancements is the relational reasoning
network introduced in this study, which pre infers the relationships between various features. This deeper
learning of the relationships between feature vectors serves as explicit criteria for the neural network to
select features, making the neural network more comprehensive, adequate, and efficient in feature fusion
and propagation. Additionally, the decoding of multimodal trajectories in this study employs randomly
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initialized anchors for progressive refinement, ensuring the predictions are diverse yet plausible.

Table 1. Metrics of each model in the 3 s prediction horizon on the Argoverse test set.

Model
K = 6 K = 1

min-ADE min-FDE min-ADE min-FDE

NN (baseline) [41] 1.713 3.287 3.455 7.883

VectorNet [9] 3.11 6.723 3.11 6.723

LaneRCNN [24] 0.904 1.453 1.685 3.692

HOME [44] 0.89 1.292 1.699 3.681

TNT [8] 0.91 1.446 2.174 4.959

DenseTNT [43] 0.882 1.282 1.679 3.632

LaneGCN [11] 0.87 1.362 1.702 3.762

mmTransformer [42] 0.844 1.338 1.774 4.003

Autobot [45] 0.876 1.372 1.84 4.102

DRTR (Ours) 0.825 1.267 1.664 3.667

Note: VectorNet is a unimodal baseline. Therefore, the results under K = 6 coincide with those under K = 1,
and do not indicate explicit multimodal distribution learning. We keep the K = 6 column to compare methods
under the same output cardinality.

Autobot, mmTransformer, and DRTR all employ a framework similar to the DETR decoder
for addressing multimodal trajectory prediction challenges, which involves multiple query vectors
(random anchors) that participate in scene encoding and trajectory decoding. A review of recent studies
indicates that Transformers perform well in extracting and fusing multi-source information. Both Autobot
and mmTransformer utilize the original Transformer architecture, with mmTransformer additionally
employing a specific region-based training strategy to stack Transformer blocks. DRTR enhances the
anchor refinement process by employing the proposed relational reasoning network, which allows each
modality to fully focus on the features critical to that modality, ensuring an efficient and reasonable
refinement process. In the initial feature fusion stage, DRTR performs dynamic feature fusion, maintaining
three groups of features: dynamic traffic flow, dynamic agents, and dynamic agent interaction features.
This approach not only ensures the relevance of the features but also preserves their independence.
The combined effect of these modules reduces the complexity of model training and results in superior
performance on multimodal trajectory prediction tasks.

Figure 3 illustrates predictive instances from the Argoverse validation set in a bird’s-eye view format.
For simplicity, only the prediction results for a single agent are displayed. Figure 3a demonstrates the
prediction scenario where the agent continues in a straight line. Despite being at an intersection, the
agent’s history of high speed makes a turning maneuver unlikely, hence all modalities predict continued
straight-line movement. Figure 3b shows two images at a crossroads where the historical trajectory
already exhibits clear turning characteristics, hence the model accurately predicts the turning intent and
the trajectories quite precisely. Figure 3c features scenarios with numerous agents in front of the target
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agent, involving significant interaction. Relying on a robust relational reasoning module, the model
accurately captures the interactions among agents, resulting in effective predictions in such scenarios.
For example, the graph below Figure 3c accurately predicts the agent’s deceleration behavior. Figure 3d
portrays a more complex intersection scenario. The historical trajectory does not indicate future directions.
In the upper image, the target agent is on a lane designated for going straight or turning right, leading
the model to provide multimodal predictions for both straight and right-turn movements. The lower
image shows the target agent in a lane that allows for going straight, turning left, or turning right, thereby
producing three distinct predictions: straight, left turn, and right turn, and the predicted trajectory is
very accurate.

(a) (b) (c) (d)

Figure 3. Prediction instances from the bird’s-eye view of Argoverse validation dataset. The blue
dot represents the agent being discussed, the green dots represent surrounding agents, the green
dashed lines represent historical trajectories, the yellow dashed lines represent the actual future
trajectories, and the six red solid lines represent the trajectories predicted by the network across six
different modalities.

4.4. Ablation experiment

In order to verify the performance of each module proposed in this model, an ablation experiment was
performed. Here we define the feature encoding of the agent in the encoder as A, the feature encoding
of the map as M, the feature fusion module from the agent to the lane line as A2M, dynamic traffic
flow features to agents as M2A, the fusion of interaction features between agents as A2A, the fusion of
trajectory proposals and target agent as A2Q, the fusion of trajectory proposals and dynamic traffic flow
as M2Q, and the fusion of trajectory proposals and interaction features as I2Q:

• Non-Trajectory Query Network: in the feature fusion stage, first complete the feature fusion of
A2M and M2A, then use the output of M2A as input to perform A2A feature fusion, and finally
the decoder decodes the output of A2A to obtain the predicted trajectory;
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• Non-Dynamic Scene Closed-Loop Modeling: A2M is removed and dynamic traffic flow is not
output. M2A and M2Q in the trajectory query network directly use the output of map encoding in
the encoder;

• Non-Feature Fusion Module: the trajectory query module directly uses the output of the encoder;
• Full Feature Network: the full feature network directly adds context features to the base features

and normalizes them. It is specifically divided into a replacement feature fusion module, a
replacement trajectory query module, and replace both;

• Full Elements: directly select all agents and lane lines in the scene;
• Complete Model proposed in this study

Table 2 shows the metrics of ablation in the 3-s prediction horizon using the Argoverse validation
set. The following inferences were obtained based on these results:

Table 2. Metrics of the ablation model in the 3 s prediction horizon for the Argoverse validation set.

Encoder Feature Fusion Trajectory Query K = 6 K = 1
A M A2M M2A A2A A2Q M2Q I2Q FDE ADE FDE ADE

✓ ✓ ✓ ✓ ✓ 1.051 0.699 2.919 1.327
✓ ✓ ✓ ✓ ✓ 1.089 0.71 3.083 1.397
✓ ✓ ✓ ✓ ✓ ✓ ✓ 1.045 0.694 2.953 1.35
✓ ✓ FF FF FF ✓ ✓ ✓ 1.073 0.701 3.011 1.369
✓ ✓ ✓ ✓ ✓ ✓ FF FF 1.049 0.698 2.965 1.348
✓ ✓ FF FF FF ✓ FF FF 1.179 0.747 3.41 1.528
✓ ✓ FE FE FE ✓ FE FE 1.097 0.721 3.124 1.439
✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 1.042 0.691 2.939 1.344

Note: FF represents Full Features, FE represents Full Elements.

Comparison between the Non-Trajectory Query Network and the Complete Model: The
Non-Trajectory Query Network achieves the best performance under unimodal conditions, while the
Complete Model has the best performance under multimodal scenarios. In the multimodal framework, the
multimodal trajectory of the complete model is gradually refined by trajectory recommendations. These
anchors are unaffected by variations in scene dynamics or inherent qualities of the anchors themselves.
Each anchor represents a specific type of behavior, allowing for targeted decoding based on the outcome
of feature fusion. This level of targeted behavior representation is absent in the Non-Trajectory Query
Network. Under unimodal conditions, despite the Complete Model still operating under the guidance of a
single anchor, it is challenging and impractical to expect one anchor to decode various trajectories in
the real world. By removing the trajectory query network, the model decodes directly from the output
of feature fusion without these constraints, making learning easier in unimodal. This approach also
corroborates the design intent behind using multiple anchors, confirming their diversity where each
anchor symbolizes a distinct behavioral pattern (and corresponding trajectory). Overall, the trajectory
query module underscores the inherent uncertainties of future events and the diversity of actions, offering
a distinct advantage in tackling multimodal trajectory predictions.

17



Artif. Intell. Auton. Syst. Article

Comparison of Models with Non-Feature Fusion Network, Non-Dynamic Scene Closed-Loop
Modeling, and Complete Model: Without the feature fusion module, the entire model lacks the capability
to extract interaction information between agents and maps, and between agents themselves. Trajectory
queries rely solely on independent agent and map information, resulting in significant performance
degradation. Removing A2M leads to a performance improvement compared to Non-Feature Fusion
Module, yet the map features do not integrate the agents’ motion and location information, failing to
reflect the relevance of agents to the map. This absence of integration does not support the output of
dynamic traffic flow information, rendering the map data static. Consequently, when executing M2A and
M2Q, the map features are static, and the model’s feature fusion does not form a closed loop, leading to
a decline in performance. Therefore, fusing context features of the scene is essential, and performing
dynamic closed-loop modeling enhances the expression of feature interrelations, providing robust feature
selection for subsequent trajectory queries.

Comparison of Full Feature Network, Non-Feature Fusion Network, and Non-Trajectory Query
Network: The poorest performance was observed when both the feature fusion and trajectory query
modules operated on Full Feature Network. This outcome is due to the presence of abundant extraneous
information in complex urban road scenarios, while crucial information is particularly vital. This
complexity increases the learning burden on the network, adversely affecting predictive performance.
When the feature fusion and trajectory query network utilize feature selection networks individually, there
is a notable improvement in performance, confirming that useful features are successfully screened in
module. It is also evident that whether comparing the Non-Feature Fusion Network with Full Feature
Fusion Network or comparing Non-Trajectory Query Network with Full Feature Trajectory Query
Network, the latter shows enhanced performance in both cases. This improvement occurs because,
although full feature selection introduces irrelevant features, the robust learning capabilities of neural
networks still manage to express useful features effectively. Therefore, feature selection based on relational
reasoning guided by the prior knowledge of distance and the hidden feature of feature correlation can
learn more accurate features.

Comparison of Full Element Network, Full Feature Network, and Complete Modal: The Full Element
Network, which explicitly incorporates elements that do not impact the target vehicle within the scene,
such as vehicles far from the target agent, shows a performance decline. This highlights the necessity for
neural networks to eliminate irrelevant features. Despite introducing additional elements, the Full Element
Network shows improved performance over the Full Feature Network. This is because, with the robust
feature filtering capability of the feature selection network based on relational reasoning, it manages
to discard ineffective information. This improvement indirectly validates the powerful feature filtering
capability of the feature selection network based on relational reasoning, underscoring its effectiveness in
enhancing overall model performance by focusing on relevant features.

Figure 4 visualizes several instances of the Argoverse validation set to qualitatively analyze the
prediction results of the full model and the trajectory-removed query network.

As illustrated in Figure 4, intersections present complex traffic scenarios where the future trajectories
of agents are highly uncertain due to potential behaviors such as going straight or turning. The absence of a
trajectory query network and an overly simplistic decoder, leads to inaccurate or even implausible trajectory
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predictions. In contrast, our complete model, guided by trajectory suggestions and refined by scene features,
can accurately predict various behaviors and trajectories, including precise correct predictions.

In the scenario depicted in Figure 4a, the historical trajectory indicates a tendency to turn; hence,
the model without a trajectory query network predicts turning for all six modalities. However, at such
an intersection, there is a significant possibility that the agent might continue straight. Accordingly, the
complete model correctly identifies this possibility. The scenario in Figure 4b is similar to a; although the
agent does indeed turn, the model without the trajectory query network fails to adequately consider the
constraints of lane lines (traffic rules), resulting in an unreasonable prediction of the turn. Meanwhile, the
complete model accurately predicts the lane to be taken and the final position. In Figure 4c, the historical
trajectory does not clearly indicate whether the agent will go straight or turn. Both models offer various
suggestions, but it is evident that the turning suggestions provided by the model without a trajectory
query network are highly unreasonable, even veering out of the lane. In contrast, the complete model
not only provides more accurate predictions for going straight, but its suggested turning trajectories are
also reasonable.

(a) (b) (c)

Figure 4. Compare Complete Module and Non-Trajectory Query under predicted instances in
the bird’s eye view of the Argoverse validation dataset. The blue dot represents the agent being
discussed, the green dots represent surrounding agents, the green dashed lines represent historical
trajectories, the yellow dashed lines represent the actual future trajectories, and the six red solid lines
represent the trajectories predicted by the network across six different modalities. The three pictures
above are the complete model, and the three pictures below are the Non-Trajectory Query Module.
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5. Conclusion

In this paper, we introduce DRTR, a novel trajectory prediction model comprising an encoder,
feature fusion network, multimodal trajectory query network, and decoder. This model addresses the
challenges of inadequate scene modeling, inefficient feature utilization, and difficulties in multimodal
trajectory prediction. In the feature fusion network, we dynamically close-loop fuse scene features
and output dynamic traffic flow, dynamic agent, and agent interaction information, ensuring the
relevance and independence of each feature. The multimodal trajectory query network starts with
randomly initialized anchors and refines step-by-step based on the output from the feature fusion
network, ensuring rational and accurate multimodal trajectory predictions. Both modules employ
the feature selection network based on relational reasoning, which uses distance as prior knowledge
and feature correlation as a latent feature for relational reasoning, and selects useful features based
on these inferences, allowing the entire model to effectively utilize valid features and enhance its
expressiveness. On the Argoverse 1 dataset, this model outperforms other trajectory prediction
models. Ablation studies validate the effectiveness of the proposed modules.

Despite the promising performance of the proposed method, there are limitations. The Argoverse
1 dataset contains few examples of highly interactive or extremely complex scenes, which does not
fully validate the model’s effectiveness in highly complex scenarios, and the model’s inference speed
is also not fast. In the future, we plan to extend the network to more complex interactive systems and
improve the model to enhance inference speed. DRTR does not explicitly consider scene consistency;
ensuring the mutual compatibility of predicted multi-agent trajectories remains an important research
direction for future work. Moreover, the iterative query-based multimodal refinement introduces
additional computation, and future work will focus on improving inference speed while preserving
multimodal quality.
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