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Abstract— Trajectory prediction serves as a pivotal compo-
nent within the autonomous driving technology stack. However,
predicting trajectories in heterogeneous traffic environments
remains a formidable challenge, primarily due to the intricate
interactions among agents and the significant distinctness in
kinematic patterns across different object categories. To address
these issues, we propose a novel trajectory prediction frame-
work named Multi-graph Fusion and Future Interaction-Aware
Network (MGFI). Specifically, we first construct a multi-graph
spatio-temporal feature encoding module designed to com-
prehensively capture complex interaction information among
traffic participants. This module employs four independent
graph neural network branches on heterogeneous nodes. To
synthesize the node features derived from these branches, we
introduce a hierarchical feature fusion module that selectively
aggregates features from the aforementioned multi-graph fea-
tures. Finally, the fused node representations are fed into a
sequence prediction module, which is further augmented by
anticipated future interaction features to enhance prediction
accuracy. Extensive experiments conducted on ApolloScape
dataset demonstrate that the proposed MGFI significantly
outperforms state-of-the-art trajectory prediction algorithms in
terms of both prediction accuracy and robustness.

Keywords—Autonomous driving, Heterogeneous trajec-
tory prediction, Deep learning.

I. INTRODUCTION

With the advent of the era of intelligence, a growing
number of industries are undergoing a profound intelligent
transformation [1]–[3]. As a strategic frontier in this era,
autonomous driving technology has garnered significant at-
tention due to its potential to reshape modern mobility pat-
terns by mitigating human errors and substantially enhancing
road safety and traffic efficiency [4]. To navigate safely
and efficiently within complex real-world environments, au-
tonomous vehicles (AVs) require not only precise perception
capabilities but also the foresight to anticipate the future
states of surrounding dynamic agents [5], [6]. In this context,
trajectory prediction serves as a pivotal bridge connecting the
upstream perception module and the downstream decision-
making module [7].

Early research on trajectory prediction primarily focused
on homogeneous environments, where agents in the scene
possess similar dynamic properties and behavioral patterns,
such as homogeneous crowds or highway traffic flows [8]–
[11]. However, in highly heterogeneous urban traffic scenar-
ios, the complexity of the task increases significantly. Urban
traffic is not merely a collection of vehicles but a mixed
space encompassing cars, buses, non-motorized vehicles,
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and pedestrians. These heterogeneous agents possess distinct
kinematic properties and behavioral intentions. Additionally,
semantic interaction challenges also exist, as the interaction
logic among traffic participants in heterogeneous environ-
ments is inherently diverse [12].

Drawing on experience from homogeneous environments,
Chandra et al. [13] combine CNNs and LSTMs to pro-
pose TraPHic, a heterogeneous trajectory prediction network
designed to extract ego-trajectory and interaction features.
However, this network exhibits limitations in interaction
modeling. To address this issue, Li et al. [14] employ a
spatio-temporal graph to model heterogeneous agents on the
road and feed the agent features into a category-specific
LSTM encoder-decoder structures for prediction. More ad-
vanced models, such as Trajectron++ [15], models the scene
as a directed spatio-temporal graph and explicitly introduce
dynamic constraints to ensure the physical feasibility of
predicted trajectories. Nevertheless, such methods are lim-
ited by a single graph network structure, which is often
insufficient for modeling complex road environments. To
fully reflect road conditions using graph structures, Fang
et al. [16] adopt a dual-graph framework, utilizing driving
risk and environmental semantic information as priors for
future trajectory prediction. However, the graphs constructed
in this method merely rely on prior knowledge and the dual-
graph feature fusion strategy is relatively simplistic. Zhang
et al. [17] attempt to employ Graph Attention Network
as the node feature aggregation module, coupled with a
Transformer to progressively generate predicted trajectories
stepwise. Although this method improved prediction accu-
racy, the introduction of extensive attention computations
severely constrains inference and training speeds, hindering
practical deployment.

To address the aforementioned challenges, this paper pro-
poses a novel network named MGFI. To effectively cope
with complex interactions in heterogeneous environments,
we introduce a Multi-Graph Spatio-Temporal Feature En-
coding Module. This module constructs four distinct graph
topologies across different interaction dimensions: Driv-
ing Scene Graph, Category Graph, Similarity Graph, and
Adaptive Graph. Specifically, the first three graphs employ
prior knowledge to explicitly model interaction relation-
ships, whereas the Adaptive Graph utilizes a data-driven
approach to capture latent, non-prior interaction semantics.
Subsequently, to rationally and effectively synthesize fea-
tures from these independent graph branches, we propose a
Hierarchical Graph Feature Fusion Module (HGF). Finally,
to mitigate the oversight of evolving interactions in the



future horizon, we design an Attention-Enhanced Sequence
Prediction Module (AESPM). In this module, we introduce
a sparse self-attention mechanism to dynamically update
spatial correlations and ensure the spatial consistency of the
predicted trajectories during the decoding phase.

The reminder of this paper is structured as follows: Section
II presents the problem formulation for heterogeneous traffic
trajectory prediction. The proposed model is elaborated in
Section III. Section IV reports the experimental results and
analysis. Finally, the paper is concluded in Section V.

II. PROBLEM DESCRIPTION

Precise trajectory forecasting empowers autonomous vehi-
cles to transition from passive reaction to proactive planning
in response to their surroundings, which is particularly
crucial for improving their forward-looking capabilities in
complex environments. Consider a traffic scene comprising
N agents across K categories. At time step t, the spatial
coordinates of the i-th agent of category c is defined as
st

ci
= (xt

ci
,yt

ci
). We define the past Tobs time steps as the

observation horizon and the future Tpred time steps as the
prediction horizon. The past state sequence of agent ci is
denoted as:

xci =
[
st−Tobs+1

ci
,st−Tobs+2

ci
, . . . ,st

ci

]
. (1)

The collection of past trajectories for all agents is represented
as:

X = {xci | i ∈ {1, . . . ,Nc},c ∈ {1, . . . ,K}} . (2)

Similarly, the set of future predicted trajectories is denoted
as:

Y = {yci | i ∈ {1, . . . ,Nc},c ∈ {1, . . . ,K}} , (3)

where yci =
[
st+1

ci
,st+2

ci
, . . . ,s

t+Tpred
ci

]
represents the predicted

trajectory sequence of agent ci .
In summary, this paper aims to predict future trajectories

by leveraging the past trajectory information and correspond-
ing category information of multi-agents. Given the inherent
uncertainty in future movements, we employ a conditional
probability model to formulate the predicted trajectories.
The probability distribution of the future trajectories can be
written as P(Y |X). In this paper, we set the number of agent
categories to K = 3, focusing primarily on environments
comprising vehicles, bicycles and pedestrians.

III. METHOD

As illustrated in Figure 1, the proposed MGFI network
primarily consists of three modules. First, we construct
multi-graph to extract complex spatial-temporal interaction
features. Second, the multi-graph features are fused through
hierarchical feature fusion module. Finally, we employ Con-
vGRU to construct the sequence prediction module. The
remainder of this section details the overall network design
and the specific implementation of each constituent module.

A. Multi-Graph Spatio-Temporal Feature Encoding Module

1) Construction of Multi-Graph: We model the past fea-
tures of traffic participants as a unified spatio-temporal graph
sequence G = {G1,G2, . . . ,GT}, where T denotes the length
of the historical sampling horizon, and Gt represents the
spatial graph structure at time step t. Inspired by Ref. [18],
we design four distinct graph topologies to comprehensively
extract the latent interactions among traffic participants. In
the following, we will describe the construction of the four
proposed graph structures in detail. For simplicity, we omit
the time step superscript.

First, we propose a Driving Scene Graph (DSG) to intu-
itively depict traffic scenarios. In the DSG, we incorporate
the influence of distance and field of view among traffic
participants on their future trajectories. By integrating these
factors, the calculation formula for edge weights in the DSG
can be formulated as follows:

aS
cic′j

=


Ocic

′
j

e

∥∥∥∥∥Pci−Pc′j

∥∥∥∥∥/σ

−1

, i f
∥∥∥Pci −Pc′j

∥∥∥< dD

0, otherwise.

(4)

where Pci =
(

xci ,yc′i

)
denotes the position of agent ci and∥∥∥Pci −Pc′j

∥∥∥ denotes the Euclidean distance between agent
ci and agent c′j. The decay rate hyperparameter σ is con-
strained such that 0 < σ < dD

2 . Ocic′j
represents the visibility

coefficient of agent c′j relative to agent ci. The value of Ocic′j
is set to cosφi if φi ∈ [−π/2,π/2] and 0 otherwise, where
φci is the angle between the relative position vector c⃗ic′j and
agent ci’s heading. The field of view is modeled as a 180◦

semicircle symmetric about the motion vector.
To capture the categorical characteristics inherent in het-

erogeneous traffic environments, we introduce a Category
Graph (CG). The edge weights of the category graph are
defined by the following formulation:

aC
cic′j

=

{
1, i f c = c′

0, otherwise. (5)

Through the structural constraint, this graph emphasizes the
similarity in driving intentions among agents with the same
class.

While the CG effectively captures intention similarity
within the same class, heterogeneous traffic settings often
exhibit shared motion intentions across different classes. In
this case, we introduce a Similarity Graph (SG) to capture
shared motion patterns among diverse agents. By leveraging
the similarity of historical trajectories, the edge weights
calculated as follows:

aSim
cic′j

=


Sim

(
xci ,xc′j

)
∥∥∥∥Pci−Pc′j

∥∥∥∥ i f
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∥∥∥< dD

0, otherwise.

(6)

where x(·) ∈ RC×T represents the past trajectory sequence
vector of a traffic agent, Sim(·, ·) measures the similarity
between the past trajectory sequences of different agents
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Fig. 1 Schematic diagram of heterogeneous trajectory prediction network structure.

and we employ cosine similarity for this computation.
Following the construction of the prior graphs, separate
Spatial-Temporal Graph Convolutional Networks are de-
ployed within each branch for node feature aggregation.

With three prior-based graphs mentioned above, complex
heterogeneous interactions may still cause certain key fea-
tures to be inadequately modeled or fall outside the scope of
the pre-defined priors. To extract these implicit features and
compensate for the structural limitations of the prior-based
graph networks, inspired by [19], we introduce an adaptive
graph as a supplement to the structured graphs constructed
from prior knowledge. The adjacency matrix of the adaptive
graph is constructed using two learnable node embedding
matrices E1 and E1, formulated as follows:

Ãad p = D− 1
2 Aad pD− 1

2 = softmax(ReLu(E1E2
T )). (7)

2) Hierarchical Graph Feature Fusion Module: To ef-
fectively exploit multiple prior structures while mitigating
noise from the learned adaptive graph, we propose a hierar-
chical graph feature fusion module. Let {Fk}k∈{S,C,Sim} and
Fad p denote the node features derived from the prior graph
branches and the adaptive branch, respectively. All features
share the shape RN×C×T×V . We first aggregate the prior
branches via an adaptive weighting mechanism to secure a
stable representation, followed by a residual correction using
the adaptive features. The detailed operations of this module
are presented as follow.

First, we project the heterogeneous features from each
prior branch into a unified subspace via a 1 × 1 convo-
lution. To capture dynamic spatiotemporal dependencies,
we compute position-wise fusion weights α based on the
concatenated representations:

X̃k = Wk ∗Norm(Fk), k ∈ {S,C,Sim}, (8)

α = softmax(W2 ∗δ
(
W1 ∗

[
X̃S ∥ X̃C ∥ X̃Sim])), (9)

Fprior = ∑
k

αk ⊙ X̃k, (10)

where ∥ denotes concatenation, δ is the ReLU activation,
and W(·) are learnable parameters. This mechanism ensures
the model selectively focuses on the most informative prior
interaction types at each spatiotemporal location.

While prior graphs provide structural stability, they may
miss latent interactions in complex scenarios. To address
this, we incorporate the adaptive graph feature Fad p as a
residual supplement. We design a completion gate γ ∈ [0,1]
to regulate the magnitude of this supplementation:

X̃ad p = Wad p ∗Norm(Fad p), (11)

γ = σ

(
fγ

([
Fprior ∥ X̃ad p

]))
, (12)

F f usion = Fprior + γ ⊙ X̃ad p, (13)

where σ is the sigmoid function and fγ follows the same
structure as the gating network in Eq. (9). This gated
residual connection allows the adaptive branch to specifically
compensate for deficiencies in the prior knowledge without
introducing noise during early training stages.

B. Attention-Enhanced Sequence Prediction Module

1) ConvGRU-Based Trajectory Prediction Module: To
effectively capture complex temporal dependencies while
preserving the spatial topology of fused features, we employ
a ConvGRU-based Sequence-to-Sequence (Seq2Seq) archi-
tecture as the trajectory prediction module at the end of the
network. Specifically, the module comprises an Encoder and
a Decoder, both of which are composed of stacked ConvGRU
layers. The Encoder map the historical input sequence into
hidden state tensors containing deep spatiotemporal seman-
tics. The Decoder uses these tensors as initial states to
progressively infer future prediction sequences via recursive
generation. Following Ref. [18], we adopt independent pre-
diction modules for different categories of traffic participants
to mitigate the impact of class heterogeneity on prediction
accuracy. The feature calculation for a specific category of



traffic participants is formulated as follows:

H enc = Encoder
(
F f usion

)
, (14)

H dec
t = Decoder

(
Ŷt−1,H

dec
t−1

)
, (15)

where Ŷt−1 denotes the embedding of the predicted position
from the previous step. The final decoded tensor Fdec ∈
RN×Cdec×Tpred is constructed by stacking the decoded features
across all prediction time steps. Finally, we apply a fully
connected layer to generate the parameters of the trajectory
probability distribution.

2) Attention-Enhanced Module: As indicated in the de-
scription of the prediction module, the encoder is responsible
for extracting temporal features, while the decoder generates
predicted trajectories step-by-step based on these features.
However, this configuration neglects the interactions among
traffic agents at the already generated prediction timesteps.

To address this limitation, we propose an Attention-
Enhanced Module (AE) to capture interaction features among
agents at the previous prediction timestep and integrate
them into the decoder’s trajectory generation via a gating
mechanism, thereby enhancing spatial dependencies during
temporal prediction. Unlike standard dense attention, we
introduce a sparse attention mechanism to model the inter-
agent interactions at the last prediction time step. Let Fdec

t−1 ∈
RN×C denote the decoder output from the previous time step,
representing the latent states of N agents. We first project
Fdec

t−1 into queries Q, keys K, and values V. The raw attention
matrix A ∈ RN×N is computed via the scaled dot-product:

A = Softmax
(

QK⊤
√

dk

)
. (16)

To eliminate redundant interactions, we propose a learn-
able masking strategy. The raw attention matrix A is first
compressed via a 1 × 1 convolution layer followed by a
ReLU activation to obtain a feature map FA. Subsequently,
we generate a binary sparsity mask M based on a predefined
threshold ξ :

Mi j = I(σ(FA)i j > ξ ) , (17)

where σ(·) is the sigmoid function and I(·) is the indicator
function. This mask retains only significant interactions. The
sparsified attention output X̃sp is then computed by applying
the mask to the attention weights and aggregating the values:

X̃sp = LayerNorm
(
(M⊙A)V+Fdec

t−1

)
. (18)

Finally, the enhanced feature X̃sp is concatenated with the
input of the next prediction step, enriching the trajectory
generation with sparse yet salient social context.

IV. EXPERIMENTS AND RESULTS
A. Datasets

To validate the accuracy and reliability of our proposed
model for heterogeneous traffic trajectory prediction, we
utilize ApolloScape [20] dataset for experiment. Following
the data processing protocol in existing work [21], we define
a 3 seconds historical observation window to predict the
future trajectories of each agent over the next 3 seconds.

B. Evaluation Metrics

Average Displacement Error (ADE) and Final Displace-
ment Error (FDE) are common metrics for homogeneous
trajectory prediction tasks. Building upon these, we further
employ the Weighted Sum of ADE (WSADE) and Weighted
Sum of FDE (WSFDE) to accurately evaluate the model’s
prediction performance for diverse traffic participants in
heterogeneous environments. Following the weight assign-
ment in [20], the error weights for vehicles, bicycles, and
pedestrians are set to 0.20, 0.22, and 0.58, respectively.
Consequently, the formulations for WSADE and WSFDE are
expressed as:

WSADE = 0.2×ADEveh +0.58×ADEped +0.22×ADEbike,
(19)

WSFDE = 0.2×FDEveh +0.58×FDEped +0.22×FDEbike.
(20)

C. Implementation Details

Environment setting. The proposed heterogeneous traffic
trajectory prediction model is developed using the PyTorch
framework (version 2.4.0). In the training phase, the batch
size B is set to 64, and the total number of training epochs
R is set to 150. We utilize the Adam optimizer to update
model parameters with an initial learning rate of LR = 0.01.
To accelerate the convergence of the loss function, we adopt
a multi-step learning rate decay strategy. The learning rate
is decayed every 40 epochs with a decay factor of γ = 0.5.
The entire training process is conducted on an NVIDIA GTX
3060 GPU.

Loss function. Considering the inherent uncertainty of
future trajectories, we formulate the predicted coordinates
of each traffic participant at any given future time step as
random variables governed by a bivariate Gaussian distri-
bution. Under this probabilistic framework, the model is
optimized by minimizing the negative log-likelihood (NLL)
of the ground-truth observations. Formally, the loss function
is defined as:

Loss =−
N

∑
n=1

T+t f

∑
t=T+1

(
P
(
xt

n,y
t
n | µ̂

t
n, σ̂

t
n, ρ̂

t
n
))

. (21)

D. Experiments

1) Comparative Analysis: To showcase the superiority of
the proposed framework in heterogeneous trajectory predic-
tion, we benchmark it against the following state-of-the-art
methods in this subsection.
• Social LSTM [8]: This baseline model accounts for

inter-agent interactions by introducing a social pooling
layer.

• CS-LSTM [22]: This baseline model adopts an over-
all ”encoder-decoder” architecture, integrating LSTM,
CNN, and social interactions.

• GRIP++ [14]: This baseline employs a fixed graph
convolutional blocks to extract spatio-temporal features.

• AI-TP [23]: This baseline model employs a graph at-
tention model to construct agent interactions. It weights



TABLE I: Comparison with baselines on the ApolloScape dataset. Data are in meters.
Model ADEv ADEp ADEb WSADE FDEv FDEp FDEb WSFDE

Social LSTM 2.95 1.29 2.56 1.89 5.28 2.32 4.54 3.40
CS-LSTM - - - 2.14 - - - 4.70
GRIP++ 2.24 0.71 1.80 1.25 4.07 1.37 3.41 2.36
AI-TP 1.98 0.67 1.71 1.15 3.52 1.26 3.14 2.13

D2-TPred - - - 1.02 - - - 1.69
ours 1.58 0.62 1.29 0.95 2.65 1.01 2.09 1.56

neighbor nodes in a data-driven manner to highlight
critical interactions.

• D2-TPred [24]: This baseline model utilizes a heteroge-
neous graph neural network to enhance the interaction
between traffic participants and the environment.

The prediction accuracy of the proposed model and the
baseline models on the ApolloScape dataset is reported in
Table I. As shown in the Table I, our proposed model
outperforms almost all existing models. Compared to D2-
TPred, the second-best performing model, our model still
shows considerable improvements in both weighted accuracy
metrics. Observing the metrics across different categories, the
performance gain for vehicles and bicycles is notably higher
than that for pedestrians. This is because bicycles and vehi-
cles move at relatively higher speed, making their patterns
more distinct in the data. Consequently, the weighted average
error derived from different categories effectively reflects the
overall model performance. Due to space limitations, detailed
experimental results and analysis on the nuScenes dataset are
provided in the extended arXiv version of this paper.

2) Ablation Study: To further demonstrate the effective-
ness of the individual modules within the network proposed
in this paper, we conduct ablation studies in this section.
These experiments aim to validate the positive contribution of
the relevant modules to the model’s prediction performance.
We trained distinct model variants by removing specific mod-
ules or their key components. The detailed configurations of
each variants are listed in Table II.
TABLE II: Comparison of the WSADE metrics for the
ablation experiments on the ApolloScape dataset. Data are
in meters.

Index DSG CG SG AG HGF SPM AE WSADE

A1
√

× × × × × × 1.36
A2

√ √
× × × × × 1.25

A3
√ √ √

× × × × 1.17
A4

√ √ √ √
× × × 1.12

A5
√ √ √ √ √

× × 1.04
A6

√ √ √ √ √ √
× 0.98

A7
√ √ √ √ √ √ √

0.95

As demonstrated by the results of model variants A1 to
A7, the progressive integration of each module leads to a
consistent reduction in prediction error. Results from variants
A1 to A3 highlight the role of prior graph branches in
lowering prediction errors. By introducing an adaptive graph,
variant A4 captures the heterogeneous interactions omitted
by prior models, yielding further error reductions. Variant
A5 refines the feature fusion mechanism by adopting a
hierarchical fusion strategy to integrate multi-graph features,

ultimately generating the fused node representations. Lastly,
the attention-enhanced sequence prediction module further
improves the model’s prediction performance.

3) Qualitative Analysis: This subsection visually analyzes
the model’s prediction performance in typical interaction
scenarios to intuitively demonstrate its trajectory prediction
capability when handling multi-agent interactions. Given that
the model outputs a probability distribution of trajectories,
the mean of the distribution is adopted as the final predicted
trajectory to facilitate a direct comparison with the ground
truth and the baseline model (GRIP++).

The visualization results are presented in Fig. 2, covering
six representative time frames. Overall, the proposed model
demonstrates robust prediction performance, outperforming
the GRIP++ model in prediction accuracy for various traf-
fic participants across most scenarios. Fig. 2(a)-(b) depict
heterogeneous interaction scenarios involving mixed inter-
actions among vehicles, pedestrians, and cyclists. Fig. 2(c)
illustrates a scenario where pedestrians cross a two-way
road. The model accurately captures the pedestrians’ crossing
intentions. Fig. 2(d)-(e) depict car-following and parallel
driving scenarios within a homogeneous vehicle environ-
ment. The results indicate that the model accurately predicts
the future trajectories of these vehicles, demonstrating strong
kinematic consistency. Fig. 2(f) features a collision avoidance
interaction. In summary, the visualization results fully vali-
date the accuracy and rationality of the proposed model in
predicting trajectories for diverse traffic participants within
complex and dynamic traffic environments.

V. CONCLUSIONS

In this paper, we have proposed a novel framework named
MGFI to address the challenges of trajectory prediction
in heterogeneous traffic environments. By constructing a
multi-graph spatio-temporal feature encoding module, we
explicitly model the complex interactions among diverse
agents through four specific graphs. To effectively synthesize
these features, we propose a hierarchical fusion module to
combine prior knowledge with data-driven adaptive features.
Furthermore, we design an attention-enhanced sequence pre-
diction module to capture dynamic spatial dependencies
during the future trajectory generation process. Extensive
experiments on the ApolloScape dataset demonstrate that our
MGFI significantly outperforms state-of-the-art methods in
terms of prediction accuracy and robustness.
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Fig. 2 Schematic of visualized prediction results
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