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Abstract

Predicting future trajectories of surrounding agents and conducting motion plan-

ning based on interaction predictions are of great importance for ensuring the

safety and e�ciency of autonomous driving in real-world scenarios, especially un-

der critical driving scenarios. However, trajectory prediction is challenging due to

its highly interactive and dynamic attributes. The future trajectory of an agent

is usually a↵ected by multiple factors, including the agent’s dynamics, its interac-

tion with other surrounding agents, and the road structure. The motion patterns

of di↵erent tra�c participants, such as vehicles and pedestrians, are di↵erent and

need to be considered separately. Therefore, in real-world applications, trajectory

predictors should be able to simultaneously predict the motions of heterogeneous

tra�c participants. Besides, as for a target agent, there are a variable number of

possible future trajectories existing, and this inherent multimodality characteristic

should also be considered. Further, as trajectory prediction is not the end goal, it

should be incorporated into downstream motion planning and control modules to

further improve the overall performance of autonomous vehicles. This integration

is also challenging and worthwhile investigating.

In this thesis, a series of data-driven algorithms are developed using deep neural

networks to address the opening challenges in trajectory prediction and predictive

motion planning for safe and smart autonomous driving.

In order to tackle the trajectory prediction problem and consider those key features

(e.g., the target agent’s dynamics, interactions, and map features) in a unified

way, a deterministic trajectory prediction framework in which the vehicles and the

road map are represented using a heterogeneous graph, is proposed. Under this

framework, a novel heterogeneous graph social (HGS) pooling method is developed

to model the interdependencies among all associated tra�c participants and the

infrastructures.

Besides, to address the heterogeneity of tra�c participants for simultaneous pre-

diction of multi-agent trajectories, a novel Heterogeneous Edge-enhanced graph
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ATtention network (HEAT) with a three-channel architecture is proposed. The

inter-agent interactions are represented through an edge-featured heterogeneous

graph and processed by the designed HEAT network for interaction modeling.

Map features are shared across all agents by introducing a selective gate mecha-

nism. Type-specific trajectory decoders are designed for various categories of target

agents.

Further, to address the multimodality characteristic of vehicle motion, a map-

adaptive multimodal trajectory predictor is proposed. The proposed method can

predict a variable number of a target vehicle’s possible future trajectories based on

the number of candidate centerlines (CCLs). In this approach, the driving scene

is first represented using a heterogeneous hierarchical graph, wherein one node

represents either an agent or its CCL. Then, a hierarchical graph operator (HGO)

with an edge-masking technology is proposed to further model the scene graph.

The HGO regulates information flow in the graph operations via edge-masking and

outputs the encoded scene features for the downstream map-adaptive trajectory

decoder. The map-adaptive predictor, which associates driving modalities with

lane options, predicts single-CCL guided, cross-CCL guided, and motion-based

predictions in an integrated manner. The motion-based prediction can handle the

corner cases where the target vehicle only follows its own dynamics.

Finally, how trajectory prediction results can facilitate downstream motion plan-

ning is also investigated. A neural network-based predictive planner is designed

by integrating an oracle planner and a trajectory predictor to generate the future

reference path for the ego vehicle. In addition to vehicles’ dynamics, interactions,

and map features, during the training stage of the oracle planner, target agents’

ground truth future motions are also taken as input. At the implementation stage

of the trajectory planning algorithm, the target agents’ ground truth future paths

are replaced with the predicted trajectories generated by the pre-trained predic-

tor. Results of the experimental validations on a real-world dataset show that

both the oracle and predictive planners outperform the non-predictive baselines,

demonstrating the e↵ectiveness of the trajectory planning incorporated with the

prediction module.

Results of the experimental validations on di↵erent real-world driving datasets

show that the proposed trajectory prediction methods achieve state-of-the-art per-

formance with additional capabilities of multi-agent simultaneous prediction and
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strong scene adaptability. Besides, the algorithms developed based on the proposed

HGS pooling technique and the HEAT network won the championships of two

worldwide autonomous vehicle prediction challenges, respectively. These outcomes

demonstrate the feasibility and e↵ectiveness of the proposed methods. In addi-

tion, the high-level algorithm architectures, methodologies employed, and models

developed in this work will expand the current theories of autonomous driving and

intelligent transportation systems. They can also be expanded to a wide range of

robotics and automation applications.
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Chapter 1

Introduction

Integrating advanced communication, sensing, prediction, decision-making, plan-

ning, and control technologies, intelligent transportation systems (ITS) are believed

to make our mobility safer, smarter, more e�cient and sustainable [2–8]. Among

many promising technologies for ITS, autonomous vehicles play an essential role

and have been drawing more and more attention from both academia and indus-

try [9, 10]. In order to operate safely and e�ciently in highly complex, dynamic,

and interactive driving scenarios, autonomous vehicles will need to smartly reason

like human beings via forecasting future motions of surrounding tra�c participants

during navigation [11, 12]. Hence, trajectory prediction has become a hot research

topic, as well as a key module, for autonomous driving in the past decade. How-

ever, achieving accurate and robust trajectory prediction is challenging due to the

following reasons.

• The variable number of interactive agents. The number of associated tra�c

participants within a certain area would vary from time to time. Taking an

intersection as an example, there could be many tra�c participants at times

of congestion but few at other times. Thus, during prediction, a comprehen-

sive representation of the driving scene should be able to accommodate an

arbitrary number of involved tra�c participants.

• The heterogeneity of tra�c participants. Tra�c participants can be roughly

classified as vehicles, pedestrians, and cyclists. However, fine-grained classifi-

cations would be more beneficial to the extraction of heterogeneous features

1



2 Chapter 1. Introduction

of tra�c agents. Thus, the scene representation should be capable of di↵er-

entiating the motion patterns of heterogeneous tra�c participants.

• The complexity of road structures. Road structures in urban areas are com-

plex and diverse. They would a↵ect the motion behaviors of tra�c partici-

pants to a great extent. So di↵erent road structures and various infrastruc-

ture elements should be considered in the scene representation for trajectory

prediction.

• The interdependencies among tra�c participants and infrastructures. The

interdependencies among tra�c participants and infrastructures are of great

importance for interaction modeling and prediction. However, the hetero-

geneity of tra�c participants and the complexity of road structures mentioned

above make the interdependencies extraction even harder. For example, an

agent’s future motion can be a↵ected by the behaviors of other surrounding

agents, road boundaries, lane lines, tra�c rules, and its own driving objec-

tives. Thus an interaction-aware trajectory prediction method is expected

to be able to encode the interdependencies from the associated objects and

further improve the prediction accuracy.

• The multimodality of driving behaviors. The motion patterns of agents can

be considered inherently multimodal. In real-world driving, there is usually

more than one reasonable option for a driver to choose against a specific

driving situation, and so does an autonomous vehicle, and the number of

options varies from case to case. Thus, an intelligent trajectory prediction

method is expected to be human-like and can capture all potential motion

modalities of a set of target surrounding vehicles that may a↵ect the behavior

of the ego car.

Beyond the aforementioned challenges, the trajectory prediction itself is not the end

goal. The predicted results need to be incorporated into the downstream decision-

making, planning, and control modules in appropriate manners to contribute to

the entire pipelines and closed-loop for autonomous driving. In this thesis, the

solutions to these challenges will be investigated and discussed progressively.



Chapter 1. Introduction 3

1.1 Scope and Overview

Prediction for autonomous driving is a broad topic that includes, but is not lim-

ited to, predictions of vehicles’ intentions, trajectories, and driving scenes. The

trajectory prediction task studied in this thesis focuses on the short-term predic-

tion (three to eight seconds ahead) of focused tra�c participants. The trajectory

discussed here is a sequence of plane coordinates over a short-term time horizon.

More specifically, in this work, the predicted trajectory can be a deterministic tra-

jectory of a single target agent, a cluster of deterministic trajectories of multiple

heterogeneous tra�c participants, or a bunch of potential trajectories of a single

agent for multimodal prediction. Historical states of focused agents are used as part

of the inputs across di↵erent sub-work, while the Bird’s Eye View (BEV) maps or

high-definition maps are selectively used for road information representation in dif-

ferent works. An agent’s historical states are composed of a temporal sequence of

measurements of its plane coordinates. Besides, velocities and yaw angles can be

included as well if they are available.

In this thesis, di↵erent interaction-aware trajectory prediction algorithms are pro-

posed based on deep learning for addressing multiple issues associated with urban

driving. In addition, the impacts of trajectory prediction on data-driven path

planning for autonomous vehicles are also investigated. More specifically, in the

scene representation for prediction, the interactive objects are described as nodes

in a directed graph, either homogeneous or heterogeneous, to adapt to di↵erent

numbers of focused objects, including moving agents and road elements. Beyond

the common graph-based representations, the agents and their candidate center-

lines (CCLs) are further studied and represented in a hierarchical heterogeneous

graph. First, widely used graph neural networks (GNNs) are applied for interaction

modeling, and then a novel heterogeneous edge-enhanced graph attention network

is designed to model the heterogeneous interactions for simultaneous multi-agent

trajectory prediction. Next, a hierarchical graph operator, which can extend homo-

geneous graph networks to heterogeneous graphs via edge-masking, is developed.

Further, a map-adaptive multimodal trajectory predictor is proposed to simulta-

neously predict lane-following, lane-crossing, and non-cooperative maneuvers in an

integrated manner. It predicts a variable number of optional lane-following tra-

jectories of a target vehicle based on the number of CCLs. Finally, integrated

prediction and path planning is investigated using a data-driven approach.
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Beyond the scope of trajectory prediction, the proposed high-level frameworks,

methodologies, and algorithms can be extended to a wide range of autonomous

vehicles, intelligent transportation, robotics, and AI domains. The proposed scene

representation methods can be integrated into other important algorithm modules

in autonomous driving, such as decision-making and planning. The proposed tra-

jectory prediction methods can be used for driver cognitive model development, as

well as intelligent tra�c monitoring and management. Moreover, the proposed het-

erogeneous edge-enhanced graph attention network has great potential to be used

in other graph-based learning approaches, including but not limited to tra�c fore-

casting [13], multi-agent systems [14], internet of things [15], social networks [16],

medical diagnosis [17], drug discovery [18], and even virus-spreading modeling.

1.2 Major Contributions

The main contributions of this thesis are summarized as follows.

The heterogeneous graph social pooling. A novel heterogeneous graph social

pooling (HGS) approach is proposed for interaction-aware deterministic trajectory

prediction under urban driving scenarios. It is an important component within the

proposed high-level interaction-aware prediction framework. It represents the in-

teractions among vehicles and infrastructure using a newly designed heterogeneous

graph with multiple nodes. Within the heterogeneous graph representation, a vehi-

cle node contains the dynamics features extracted from its historical states, and an

infrastructure node contains the spatial features extracted from the image of the

local map. The graph representation can deal with a variable number of associated

objects and can be further modeled and processed by GNNs. As an improvement

to the convolutional social pooling method for urban driving, the proposed HGS

also takes the vehicle-infrastructure interaction modeling into consideration. By

jointly considering the heterogeneous features extracted from multimodal interact-

ing agents through the GNNs; as a result, the trajectory prediction accuracy is

significantly improved.

The heterogeneous edge-enhanced graph attention network (HEAT) for

deterministic multi-agent trajectory prediction. To further address the tra-

jectory prediction problem for multiple heterogeneous agents, a novel three-channel
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framework with a heterogeneous edge-featured interaction graph is designed to

model the agents’ interactions. The agents’ dynamics, interactions, and map fea-

tures are jointly considered during prediction. More specifically, the agents’ dy-

namics information is first extracted from their historical states using type-specific

encoders. A novel heterogeneous edge-enhanced graph attention network (HEAT)

is then proposed to process the interaction graph. A HEAT network can be com-

posed by stacking several HEAT layers. A HEAT layer is an extension of a graph

attention network (GAT) layer for heterogeneous graphs with edge features. Given

a heterogeneous graph with edge features, it rebuilds the node features by aggre-

gating features from neighboring nodes via an edge-enhanced masked attention

mechanism. For a target node, the HEAT layer first calculates the attention co-

e�cients over its neighborhood, considering the features of both nodes and edges.

Then the target node’s feature is rebuilt as a weighted sum over mixtures of its

source nodes’ features and corresponding edge features. Besides, the map features

are shared across all focused agents by introducing a selective gate mechanism.

The proposed framework realizes simultaneous multi-agent trajectory prediction

while achieving state-of-the-art performance. The proposed HEAT network can be

extended and used in many other application domains with graph representations.

The map-adaptive multimodal trajectory predictor. Di↵erent from other

existing methods, which predict a fixed number of possible future motions of an

agent, the proposed new map-adaptive predictor can predict a variable number

of future trajectories of an agent based on all feasible CCLs. This predictor can

provide not only single-CCL guided motion predictions but also a prediction cross

CCLs together with a motion-based prediction. These three kinds of predictions

are generated integrally via a single graph operation. The driving scene is rep-

resented with a heterogeneous hierarchical graph, wherein a node can represent

either an agent or its CCL. An agent node contains its dynamics feature encoded

from its historical states, and a CCL node contains the CCL’s sequential feature.

A hierarchical graph operator with the edge-masking technique is proposed for

this predictor to regulate the information flow via graph operations and obtain

the encoded scene feature for the trajectory decoder. Experimental results on a

real-world driving dataset show that our new method can simultaneously predict

map-compliant and motion-based trajectories within a single graph operation and

surpass other existing approaches with respect to prediction accuracy, validating

its feasibility and e↵ectiveness.



6 1.3. Outline of the Thesis

The neural network-based predictive motion planner. Most of the existing

studies address the trajectory prediction and path planning problems separately.

However, the impacts of prediction on trajectory planning have rarely been stud-

ied. Since both trajectory predictor and motion planner can generate a sequence of

waypoints, in this thesis, a novel data-driven predictive planner is proposed based

on neural networks, integrating the prediction results into the downstream plan-

ning module. More specifically, the predictive planner is a combination of an oracle

planner and a trajectory predictor. The oracle planner is firstly trained with the

ground truth of the target agents’ future trajectories, and then it is converted to a

predictive planner when replacing the ground truth with the predicted trajectories.

Next, the impacts of trajectory prediction accuracy on the planning performance

are further investigated via comparison with ground truth-guided trajectory plan-

ning. The results show that the added prediction module does improve planning

performance. However, the prediction accuracy may not necessarily be as high as

possible, as there is a saturation e↵ect on the performance improvement brought

by the prediction.

Inference time and performance. Tab. 1.1 lists the inference time and dis-

placement errors of the methods developed in this thesis and two strong base-

lines. The inference time is obtained by running these methods on similar Nvidia

GeForce RTX graphics processing units (GPUs) with batch size (BS) set to 32.

The displacement errors or the methods developed in the thesis are obtained by

submitting the prediction results to the Argoverse online benchmark (test set) [19].

A short dash means that the corresponding value is not available. For example,

the displacement errors of HEAT-MATP and PrePlan are not shown because these

methods are developed using the INTERACTION dataset [20]. It can be seen that

the methods developed in this thesis show competitive performance and greatly

reduce the inference time.

1.3 Outline of the Thesis

Chapter 1 introduces the trajectory prediction problem of autonomous driving,

defines the scope of the thesis, and provides an overview of it. Major contributions

are listed, followed by an outline of the thesis.
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Table 1.1: Comparison with existing methods

Method
Inference time

Device
FDE FDE

(sec / batch, BS=32) (K=1) (K=6)

HGS-SATP 0.02 2080 3.89 -
HEAT-MATP 0.05 2080 - -
HGO-MMTP 0.02 2080Ti 4.18 1.40
PrePlan 0.03 2080 - -

LaneGCN [21] 0.08 2080Ti 3.78 1.36
DenseTNT [22] 0.63 3080 - 1.49

Chapter 2 reviews the physics-based and learning-based trajectory prediction meth-

ods. The physics-based methods are reviewed according to a taxonomy similar to

existing reviews. The learning-based methods are reviewed based on two classifi-

cation criteria: scene representation and trajectory decoding.

Chapter 3 proposes the high-level trajectory prediction framework with a novel

heterogeneous graph social pooling approach. This is our first attempt to design

a unified trajectory predictor that can accommodate an arbitrary number of inter-

active agents and simultaneously consider the target agent’s dynamics, interaction

with surrounding agents, and the road structure.

Chapter 4 proposes the multi-agent trajectory predictor that can simultaneously

predict trajectories of an arbitrary number of heterogeneous agents. The predictor

represents the interaction among agents as an edge-featured heterogeneous graph

and leverages the proposed heterogeneous edge-enhanced graph attention network

(HEAT) to model the interaction graph. A map selector based on the gate mech-

anism is proposed to share the same map across di↵erent agents in the scene. The

predictor then combines the target agent’s dynamics, interaction, and map features

to generate trajectory predictions for all the target agents.

Chapter 5 addresses the inherent multimodality of driving behaviors by propos-

ing a map-adaptive multimodal predictor. It can predict a variable number of

future trajectories of an agent according to the availability of all CCLs. In ad-

dition to single-CCL guided predictions, it also provides a cross-CCL prediction

and a motion-based prediction integrally. A hierarchical graph operator with edge-

masking technology is proposed for modeling the scene graph wherein a node rep-

resents either an agent or its CCL.
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Chapter 6 designs a predictive neural motion planner that is obtained by training

an oracle planner with access to the ground truth of future trajectories of target

agents and replacing the ground truth with predicted trajectories during implemen-

tation. The relationships between trajectory prediction and trajectory planning are

investigated based on the developed predictive planner.

Chapter 7 summarizes the thesis and provides some promising directions for future

work in the areas of trajectory prediction and planning.



Chapter 2

Literature Review

In this chapter, the trajectory prediction methods are reviewed with the following

two categories first: the physics-based and learning-based methods. Then, they

are further classified and discussed according to di↵erent criteria. The dichotomy

in this chapter shows not only the di↵erence between the two categories but also

the two-stage development of trajectory prediction methods. The physics-based

methods dominate the first stage, while the learning-based methods dominate the

second stage. The physics-based methods are simple and suitable for short-term

prediction, but they are no longer state-of-the-art, so our taxonomy of these meth-

ods is similar to the previous surveys [23, 24]. The learning-based methods show

much better performance than physics-based ones because of their potential to

handle di↵erent factors for prediction. They are developing rapidly and require

new taxonomy for the latest works. We divide a learning-based prediction system

into two stages: 1) scene representation and encoding followed by 2) trajectory

decoding, and categorize them according to their di↵erences in these two stages,

respectively. This is di↵erent from previous surveys [11, 24].

2.1 The Physics-Based Trajectory Prediction

Physics-based trajectory prediction (PTP) methods represent the motion of vehi-

cles with dynamic or kinematic motion models compliant with the laws of physics.

A future trajectory is predicted via state evolution based on these models. Linear

9
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models (constant velocity (CV) and constant acceleration (CA) models), which as-

sume straight motion, are the simplest models. The straight motion assumption of

CV and CA oversimplifies vehicular motion because of rotation ignorance. Curvi-

linear models take into consideration the turn rate (TR) of the vehicle. Similar to

linear models, curvilinear models contain two types, namely Constant Turn Rate

and Velocity (CTRV) and Constant Turn Rate and Acceleration (CTRA) mod-

els. Coupling steering angle and velocity leads to Constant Steering Angle and

Velocity (CSAV) and Constant t Steering Angle and Acceleration (CSAA) models.

Authors of [25] compare and evaluate these models. More details of these models

can be found in their work. These models can be used for physics-based trajectory

prediction in many ways.

Inspired by the taxonomies provided in [23, 24], we subdivide physics-based meth-

ods into state retention-based methods, reachable set-based methods, Monte Carlo

simulation-based methods, and state estimation-based methods. State retention

methods produce a single trajectory according to the target vehicle’s current states,

while reachable set-based methods produce a union of all reachable states. Monte

Carlo simulation-based methods try to approximate the distribution of the target

vehicle’s future motion, and state estimation-based methods introduce uncertainty

estimation into physics-based methods.

PTP via State Retention. State retention is a straightforward approach to tra-

jectory prediction. These methods assume that the target vehicle’s current states

are available, and it will maintain its states (e.g., velocity, acceleration, and cur-

vature) and follow a motion model. Authors of [26] propose a multilevel collision

mitigation approach. They model the target vehicle’s future motion via a constant

acceleration model along curved coordinate axes and determine the time to react

for collision circumvention based on the vehicles’ current states, predicted states,

and physics constraints. Rather than using oversimplified constant velocity (CV)

and constant acceleration (CA) models, authors of [27] use the Constant Turn

Rate and Constant Tangential Acceleration (CTRA) model as the motion model

for cooperative path prediction. The state retention-based methods are simple and

computationally e�cient for real-time applications with limited resources. How-

ever, these methods ignore uncertainties about the future motions of tra�c partic-

ipants. State retention can only produce reliable predictions within a very short
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horizon, so these methods are often used in object tracking rather than long-term

trajectory prediction.

PTP via Reachable Set. Reachability analysis has been widely applied to the

safety assessment of autonomous vehicles, where the reachable set, the union of

all reachable states of a moving object within a time horizon, is computed as a

prediction of tra�c scene [28]. The original scene transition is approximated via

Markov chain abstraction then the probability distribution can be computed by the

Markov chain. Authors of [29] propose a Set-Based Prediction Of Tra�c Partici-

pants (SPOT). SPOT can predict the future occupancy of other tra�c participants

considering their optional maneuvers under physical constraints. Tra�c regulations

are included to reduce the size of the occupancy set. However, a larger occupancy

set can be provided as soon as a tra�c participant violates tra�c rules. The larger

occupancy set assures collision-free planning of the ego vehicle. Reachability anal-

ysis of vulnerable road users is proposed in [30], where the authors argue that it is

impossible to predict the exact movements of pedestrians because of the unknow-

able intentions of pedestrians. The reachable sets of pedestrians are computed

based on a dynamic model with maximal physical limits that can be predefined or

iteratively estimated. Authors of [31] calculate a forward reachable set of the ego

vehicle and backward reachable sets of other agents, which may be occluded, to

identify risk-inducing regions and focuses on only potentially dangerous agents for

motion planning. Compared to state retention methods that produce a determin-

istic prediction according to a vehicle’s current state, reachable set-based methods

consider all possible motions of a vehicle. Even though the size of the reachable set

can be reduced via constraints [32, 33], this kind of prediction can lead to safe but

conservative motion when applied to downstream decision-making and planning

modules.

PTP via Monte Carlo Simulation. Monte Carlo simulation methods try to

approximate the unknown distribution of a vehicle’s future motion by simulating

motion models with randomly selected initial states. They can be described in

three steps: 1) generate inputs and initial states randomly; 2) perform a deter-

ministic simulation starting at each initial state according to the inputs generated

at the previous step; 3) aggregate the results of individual simulations into the

final result [34]. Monte Carlo simulation is used to predict the future motion of
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surrounding vehicles in [35, 36]. These methods rely on deterministic simulations

and ignore the uncertainty in the process.

PTP via State Estimation. Uncertainties introduced by imperfect models, pro-

cess noise, and measurement noise can be addressed via Bayesian filtering-based

state estimation methods. Bayesian filtering operates basically in two steps: pre-

diction and update. In the prediction step, the estimated state at the current time

t is fed to the evolution model to produce a predicted state for the next time step

t + 1. In the update step, the measured state at time t + 1 is combined with the

predicted state into an estimated state for time t+ 1. A predicted trajectory with

associated uncertainty can be obtained by iterating the prediction step of Bayesian

filters. Assuming linear models and normally distributed process and measurement

noises, Kalman filter [37] can be applied for uncertainty-aware trajectory predic-

tion. Authors of [38] use the simple bicycle motion model with a Kalman filter to

predict trajectories of the ego and surrounding agents. The predicted trajectories

are then used to compute possible collisions between paired trajectories for collision

risk estimation. For problems with non-linear models, the extended Kalman filter

(EKF) and the unscented Kalman filter (UKF) can be used in place of the Kalman

filter [39]. Authors of [39] use CTRA as the motion model and apply UKF for pre-

diction. For problems with arbitrary models and random noises, a particle filter

can be used in place of the above-mentioned filters [40, 41]. The above-mentioned

methods rely on a single motion model, ignoring that di↵erent motion models are

suitable for di↵erent driving situations. For example, a CA model is suitable when

the vehicle moves with a constant longitudinal acceleration but inappropriate when

the vehicle is making a turn. To employ multiple kinematic models for di↵erent

situations, authors of [42] propose heuristic rules based on driving recordings to

select the suitable model for a specific scenario. Rather than heuristically selecting

appropriate motion models, authors of [43] propose to continuously estimate prob-

abilities of motion models and select the one with the highest probability. Three

motion models are used in [43] for driving straight, turning left, and turning right,

respectively. Authors of [44] implement four motion models, namely constant lo-

cation, constant velocity, constant acceleration, and constant jerk, for interacting

multiple models (IMM) estimation. The IMM filter used in [44] can provide a com-

bined prediction considering all motion models. IMM estimation can be applied

with a combination of linear and non-linear motion models. Authors of [45] apply
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KF and EKF for linear (CV and CA) and non-linear (CTRV) models, respectively,

and combine these estimations via IMM estimation.

The physics-based methods are simple and computationally e�cient. However,

they ignore interactions among tra�c participants and other factors, making them

more suitable for short-term prediction in tracking and risk assessment tasks rather

than longer-term prediction tasks. Despite their inaccuracy in long-term prediction,

physics-based methods can be used by learning-based methods to generate valid

predictions [46].

2.2 The Learning-Based Trajectory Prediction

The learning-based trajectory prediction (LTP) methods are attracting more and

more interest in the field of trajectory prediction because of the availability of large-

scale datasets [20, 47–53] recorded in the real world and the success of machine

learning methods, especially deep learning, in plenty of research areas [54, 55]. For

a comparison of widely used datasets, please refer to [56].

Similar to the widely used Encoder-Decoder structure [57] in the field of deep learn-

ing, where the system consists of two main components: encoder and decoder, most

LTP methods can be divided into two main stages: encoding and decoding. The

encoding stage takes as input the scene representation and generates a hidden state

with a fixed shape as an intermediate understanding of the scene, while the decod-

ing stage maps the hidden state to trajectories according to task requirements. The

selection of encoding methods is often representation-oriented while decoding meth-

ods are often task-oriented. For example, convolutional neural networks (CNNs)

are often chosen as encoders for rasterization-based scene representations [58–60],

and graph neural networks (GNNs) are more suitable for map-adaptive multimodal

predictions [61]. We also observe that encoding and decoding stages are often de-

coupled, and the same encoding method can be used for di↵erent prediction tasks

by using di↵erent decoders. Based on the above-mentioned modularization and

observation, we propose to classify LTP methods according to two criteria: scene

representation and trajectory decoding. This is di↵erent from the classifications
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in [11], where the authors present three classifications of deep learning-based pre-

diction methods according to input representation, output type, and prediction

method, respectively.

2.2.1 Classification of LTP According to Scene Represen-

tation

In this subsection, we provide a classification of LTP methods according to how

the driving scene is represented. We divide scene representations into five cate-

gories: raw sensor input, sequence, grid, graph, and hybrid representations. We

also discuss encoding methods for these representations.

2.2.1.1 LTP with Raw Sensor Input

These methods rely purely on raw data available with onboard sensors. These

methods are more suitable for autonomous driving in rural areas without assump-

tions about perfect observation and map availability. Without high-level feature

extraction, these methods avoid potential information loss and can learn to ex-

tract useful features for prediction. However, raw sensor inputs are often high-

dimensional and thus require more computational e↵orts for encoding. This prob-

lem can be mitigated via parameter sharing among di↵erent modules of an au-

tonomous driving system [62].

Authors of [63] construct a 3D voxel grid from point cloud data, which is collected

by a roof-mounted LiDAR and represented in the current vehicle coordinate sys-

tem, for each frame. Then they stack 3D tensors over the past n frames to form a

4D tensor. Convolutional operations of di↵erent dimensions are applied for extract-

ing temporal and spatial features. This representation is adopted in a follow-up

work [62] that handles online mapping, perception, prediction, and planning in a

unified way.

2.2.1.2 LTP with Sequence-Based Scene Representation

These methods simply represent the scene as a sequence of the target vehicle’s

historical states, where the states may include positions, velocities, and heading
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angles and can be estimated with onboard sensors or obtained via vehicle-to-vehicle

communications [64].

Authors of [65] represent the scene of a target vehicle with a sequence of its posi-

tion (relative to the ego vehicle), heading angle (in radians), and speed (in meters

per second) and apply a three-layer Long Short-Term Memory (LSTM [66]) net-

work to predict its destinations at a T-shaped intersection. They investigate three

observation lengths (0.2, 0.6, and 1.0 seconds) and report that a longer history

horizon leads to better performance while diminishing returns are observed after

0.6 seconds. Rather than considering only the target vehicle’s states, authors of [67]

propose to take as input the ego vehicle’s speed and yaw rate in addition to the

target vehicle’s position and velocity relative to the ego vehicle at each time step.

They formulate the trajectory prediction task as a sequential multi-class classifica-

tion problem by introducing a local occupancy grid map (OGM). Driver intention

recognition and trajectory prediction are jointly generated via dual LSTMs in [68],

where the sequential inputs are divided into lateral and longitudinal sequences.

The first LSTM (intention recognizer) takes as input the lateral sequence and

outputs an estimated driver intention. Then the second LSTM (trajectory approx-

imator) takes as input both the longitudinal sequence and the embedded semantic

understanding of driving intentions and generates the predicted trajectory. Lateral

constraints can be applied for feasible trajectory prediction. Authors of [69] gener-

alize their previous work on driver intention recognition [65] to predict intentions

and trajectories jointly. A hyper LSTM is applied to the sequence of the target

vehicle’s position, heading, and speed for scene encoding.

Sequence-based representations are simple and require fewer computational re-

sources. However, they can only be used for short-term trajectory prediction be-

cause they ignore the interdependencies among tra�c participants and the infras-

tructures, which have a great impact on the target vehicle’s future motion. These

methods are often used as baselines in recent works to show the advantage of other

LTP methods [58, 60, 70, 71].

2.2.1.3 LTP with Grid-Based Scene Representation

One way to model interdependencies between agents (and infrastructures) is to

represent the scene as a grid, which can be either an occupancy grid or a Bird’s
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Eye View (BEV) image since the grid provides a spatial feature of the driving

scene. Occupancy grids are often used for highway scenarios, where the road is well-

structured, and the grid can be easily obtained. For urban scenarios, fine-grained

grids (e.g., images and image-like arrays) are often used to represent driving scenes.

Highways are well-structured, and grids are often used to model interactions be-

tween vehicles. A dynamic occupancy grid map (DOGMa), which provides a spatial

occupancy and velocity distribution over the local area, is adopted in [72] to rep-

resent the scene. The DOGMa, rather than raw sensor data, is fed into a CNN

for scene encoding. Compared to raw sensor data inputs, DOGMa has two main

advantages: 1) it provides a spatial occupancy and velocity distribution via sensor

fusion techniques, which are hard to compensate for via learning-based methods;

2) it is independent of sensor setups and allows learning with various sensor inputs.

DOGMa serves as an adapter between various raw data and the CNN encoder. The

approach can be applied with any sensor inputs as long as a DOGMa can be con-

structed. The work in [72] is further extended with a sequence of DOGMa in [73],

where a ConvLSTM [74] is used as the scene encoder. Authors of [58] represent

the scene with a 13⇥3 spatial grid defined around the target vehicle and propose

a convolutional social pooling technique to model the interdependencies of all ve-

hicles in the scene. The grid is populated with dynamics features of corresponding

vehicles according to their locations. The 13⇥3 grid may include redundant vehi-

cles (up to 38) in congestion. Authors of [60] propose to use a 3⇥3 grid for scene

representation so that only eight vehicles that have the most impact on the target

vehicle’s behavior are considered. Similar to [75], vehicles preceding and following

the target vehicle and the three closest vehicles on the adjacent lanes are selected.

For urban driving, the roads often have complex structures. Thus, fine-grained

grids are required to represent not only interactions among tra�c participants but

also the impacts of infrastructures. Multi-Agent Tensor Fusion (MATF) [70] rep-

resents the scene via a BEV image and applies fully convolutional layers to extract

spatial features from it. Because dynamic features are ignored in the BEV repre-

sentation, MATF needs to combine agents’ dynamic features and the static spatial

feature via spatial alignment. Authors of [76] propose a unified representation,

which rasterizes an HD map surrounding the target agent and the motions of tra�c

participants into an agent-specific BEV image and uses CNNs for scene encoding.

The rasterization represents map elements (e.g., roads, crosswalks, lanes) and agent
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tracks with di↵erent colors. The image representation is straightforward, but the

overlaps between road elements and agents may cause information loss. Rather

than rasterizing the scene into a BEV image, authors of MultiPath [59] propose

to represent the scene context as a three-dimensional array, where the first two

dimensions represent locations from a top-down orthographic perspective, and the

third dimension represents a stack of historical observations over a fixed traceback

horizon via multiple channels. MultiPath provides a simple way to represent static

and dynamic information with a single array without information loss caused by

BEV images. CNN backbones are used for scene encoding. Despite the simplicity

of the above methods, pixel resolution always needs to be carefully determined,

considering the trade-o↵ between image size and representation ability.

Despite grid-based representations’ ability to model interaction for even urban

driving, they have the following drawbacks. First, the resolution of grids and

the size of receptive fields are two critical hyperparameters that need to be tuned

carefully for performance and e�ciency trade-o↵s. Second, rasterizing scenes into

grids inevitably causes information loss. For example, overlapping lane elements

and agents’ states make it hard to distinguish the features of di↵erent objects.

Third, grid representations cannot explicitly represent interactions, making it hard

to inject expert knowledge of interaction identifications. For example, two cars

that are moving in the opposite direction may have weak interaction despite being

close to each other if a road median exists. Fourth, representing all road elements

in a grid ignores the connectivity between road elements provided by HD maps.

These disadvantages can be mitigated to some extent via graph representations.

2.2.1.4 LTP with Graph-Based Scene Representation

A graph is a natural way to represent objects and their relationships with nodes and

edges. To model interactions among agents, we can represent agents as nodes of a

graph and connect pairs of agents that interact with each other. Undirected edges

can be applied to represent mutual influences, while directed edges can represent

asymmetric influences. To represent a road network, we can construct a graph with

junctions as nodes and roads between junctions as edges. To represent the whole

driving scene, we can construct a heterogeneous graph to accommodate all the

objects (e.g., vehicles, pedestrians, lanelets, waypoints, and tra�c signs). Graph

representations allow to accommodate a variable number of objects and explicitly
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represent interdependencies among them with edges. Expert knowledge can be

injected into graph construction by assigning edges between objects determined to

have more interdependency.

Authors of [77] construct the graph with local connectivity, where each node con-

tains a vehicle’s feature at the current time, and apply adaptions of Graph Con-

volutional Networks (GCNs) [78] and Graph Attention Networks (GATs) [79] to

model the interaction. It conceptually proves that modeling interaction as a graph

improves prediction accuracy. However, it ignores temporal dependence between

consecutive time steps by producing the final output with a simple feed-forward

layer. Temporal features extracted using Recurrent Neural Networks (RNNs) are

used as node features in [1]. GRIP [80] considers temporal features by representing

the scene with an undirected spatio-temporal graph, where each node corresponds

to an object at a time step in the scene. Objects that have interactions are con-

nected via spatial edges at each time step. Temporal edges connect the same objects

at di↵erent time steps. GRIP applies convolutional layers and graph operations to

capture temporal and inter-object interaction features. SCALE-Net [81] proposes

to represent the interaction with an edge-featured homogeneous graph, where the

nodes contain physical states of corresponding agents, and the edges contain rela-

tive states between two connected agents. All agents are placed in their exclusive

coordinate systems for generalization, and edge attributes are used to preserve

spatial relationships among agents. Edge-enhanced Graph Convolutional Neural

Networks (EGCNs) [82] are used to explore edge features in the constructed graph.

One common issue of the above-mentioned scene representations is that they all

use homogeneous graphs and ignore infrastructures and the heterogeneity of traf-

fic participants. A heterogeneous graph is constructed for scene representation

in [83], where an extra node containing the map feature is introduced to the in-

teraction graph. The map feature is extracted via a CNN. VectorNet [84] uses a

fully-connected hierarchical graph to model the interactions between vehicles and

infrastructures, where each sub-graph represents an object, and applies GNNs to

model interactions. It operates on vector representations, where all the agents’

trajectories, lane lines, and crosswalks are represented by vectors. This vector

representation is used in their follow-up work [85]. LaneGCN [21] represents the

actor and map separately. It constructs a lane graph from the HD-map preserving

connectivity between lane nodes and saves four types of connections for down-

stream encoders. Rather than representing agents as single nodes, LaneRCNN [86]
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constructs a dynamics-related lane graph for each agent, with each node contain-

ing geometric, semantic, and agent information. EvolveGraph [87] constructs a

fully-connected graph with heterogeneous agent nodes and one context node for

multi-agent trajectory prediction. The same context node is linked to all target

agents, while each agent should have a local context. Social-WaGDAT [88] proposes

Wasserstein Graph Double-Attention Network to model spatio-temporal interac-

tions and employs kinematic constraints for the final prediction. It uses occupancy

density maps and velocity fields generated from training data as a priori knowledge

of the context information.

There is a cluster of LTP methods that apply attention mechanisms for interaction

modeling without specific interaction graph construction [89–91]. These methods

are regarded as graph-based methods considering that attention coe�cients be-

tween pairs of objects can be seen as weighted edges in graphs.

LTP with graph-based scene representation relies heavily on the graph’s structure,

while graph construction is still an open problem. One straightforward way is to

connect every pair of nodes in the graph as did in VectorNet [84] and transformer-

based methods. However, this approach introduces redundant edges and requires

more computational e↵orts. Another way is to construct an interaction graph

according to heuristics, for example, connecting two agents if the distance between

them is below a predefined threshold. However, it is very hard to find a universal

heuristic for graph construction. A promising way is to construct the graph via

interaction identification [92], connecting two objects only if there is an interaction

identified between them. Relying on immature interaction identification methods

may lead to risk if a strong interaction is not identified. Graph representation

provides a unified way to represent driving scenes with di↵erent kinds of objects

for trajectory prediction. However, GNNs for heterogeneous graphs are less studied

despite the rapid development of GNNs [71, 93] in recent years.

2.2.1.5 LTP with Hybrid Scene Representations

Hybrid scene representation provides an easy way to fuse and balance di↵erent

types of information for the trajectory prediction task [71, 94–97]. IntentNet [94]

represents the scene with voxelized 3D point cloud data as in [63] and a raster-

ized map containing static (e.g., lanes and tra�c signs) and dynamic (e.g., tra�c
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lights) information. Multiple CNNs are used for scene encoding. Similar hybrid

representations are adopted in [95, 98]. Trajectron++ [96] represents agent inter-

actions with a directed graph and encodes a local map for each modeled agent to

make use of map information. Interaction and map information are concatenated

to produce a representation, which can be extended to include additional informa-

tion. HOME [97] uses multi-channel rasterization to represent maps and agents’

historical states while agents’ scalar histories are also represented separately. This

representation can be regarded as a combination of rasterization and graph repre-

sentations since the inter-agent interactions are modeled via an attention mecha-

nism, where attention coe�cients can be seen as edge weights of a fully connected

graph. Authors of [71] propose to represent the scene with a heterogeneous edge-

enhanced graph and a static BEV map of the local area. The heterogeneous graph

is constructed to represent interactions among tra�c participants of di↵erent types,

and the BEV map is used for spatial information. A heterogeneous edge-enhanced

graph attention network (HEAT) is proposed to model the interaction, and a CNN

is applied to retrieve spatial information from the map.

2.2.2 Classification of LTP According to Trajectory Decod-

ing

In this section, we review existing trajectory decoding options, which reflect the

objectives of di↵erent trajectory prediction methods. We roughly categorize them

into two groups: unimodal and multimodal trajectory predictions. For a review

of intention and occupancy map prediction, please refer to [11]. As multimodal

prediction has received rising interest in recent years, we subdivide multimodal

prediction methods into four types as we will present.

2.2.2.1 Unimodal Trajectory Prediction

Unimodal trajectory prediction (UMTP) methods predict a single trajectory of a

tra�c participant over a prediction horizon. The predicted trajectory here is not

restricted to a sequence of XY coordinates of the target vehicle [1, 70, 71, 80]. It

can also be displacements between two consecutive time steps [77], combinations
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of longitudinal velocities and lateral positions [75], sequence of positions with esti-

mated uncertainties [99, 100], or sequence of bounding boxes [63]. Above unimodal

methods tend to converge to an average trajectory over multiple driving intentions.

This drawback can be mitigated by conditioning unimodal trajectories on driving

intentions [68, 94, 101]. Authors of [68] classify driving intentions into lane keeping,

left lane change, and right lane change and propose to predict trajectories condi-

tioned on semantic understanding of driving intentions using LSTMs for highway

driving. IntentNet [94] further classifies driving intentions into eight categories for

urban driving and outputs a sequence of bounding boxes conditioned on embedded

intention scores as the predicted trajectory. Authors of [101] propose to classify

driving intentions via LSTMs and then use optimization-based methods to pre-

dict intention-aware trajectory. Even though intention-aware unimodal prediction

methods mitigate mode-collapse risks of other unimodal prediction methods, their

dependence on intention recognition makes them susceptible to mistakes in inten-

tion classification and the definition of intention set. Besides, intention labeling for

intention recognition is time-consuming and error-prone.

2.2.2.2 Multimodal Trajectory Prediction

Multimodal trajectory prediction (MMTP) methods try to capture the multimodal-

ity of driving behaviors and output trajectories for all intentions with or without

mode probabilities. We classify multimodal prediction methods into intention-

aware, sampling and scoring-based, multimodal regression-based, and map-adaptive

methods.

Intention-aware MMTP. These MMTP methods can be constructed by gener-

alizing intention-aware unimodal predictors to output trajectories for all intentions

in the set rather than a selected intention. Authors of [58, 102] classify driving

intention on highways into six maneuver classes and propose a maneuver-based

trajectory decoder to estimate maneuver probabilities and generate parameters of

a sequence of bivariate Gaussian distributions over the prediction horizon as final

outputs. Softmax layers and an LSTM decoder are adopted for maneuver estima-

tion and trajectory generation, respectively. Rather than defining intentions in a

handcrafted manner, MultiPath [59] proposes to learn a set of K anchor trajecto-

ries with assigned probabilities as intentions via the k-means algorithm. It then
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regresses o↵sets from anchor waypoints along with uncertainties for multimodal

prediction.

Intention-aware MMTP methods can handle the multimodality of driving behav-

iors. However, similar to intention-aware UMTP, there are some drawbacks of

these approaches. First, their performance depends on the predefined intention

set, which cannot cover all situations in real-world driving. Second, these methods

rely on manually labeled intentions, which is time-consuming and inflexible. For

example, re-labeling is needed as long as the intention set is updated. Third, driv-

ing intention is coarse-grained, while driving behavior is fine-grained. The former

may not be able to capture the subtlety of the latter for accurate prediction.

Sampling and scoring-based MMTP. These methods try to model the sub-

tlety of driving behaviors via sampling from continuous latent space or discrete

Euclidean space, then capture multimodality by scoring sampled trajectories ac-

cording to some criteria. DESIRE [103] uses conditional variational auto-encoder

(CVAE) [104] to learn a stochastic latent variable that is able to generate a diverse

set of predictions via sampling and decoding. Sampled trajectories are further

scored and refined to output a predefined number of trajectories as the prediction.

Authors of [69] propose to represent multimodal predictions as a weighted mixture

of Gaussian distributions obtained via a Mixture Density Network (MDN) [105]

output layer. They apply a clustering algorithm to produce a ranked set of predic-

tions according to probabilities. Authors of [67] use OGM to discretize the region

of interest, thus formulating the trajectory prediction as a sequential multi-class

classification problem. Beam search is applied to generate a set of trajectories with

the most probabilities. TNT [85] first selects M target points from a large number

of points uniformly sampled on lane centerlines, then produce M trajectories for

each target. These trajectories are then scored to produce a set of K trajectories

as the final prediction. HOME [97] generates a probability heatmap for a local area

and proposes two target sampling algorithms for miss rate (MR) and Final Dis-

placement Error (FDE) optimization, respectively. Full trajectories are generated

for all targets via fully connected layers.

Sampling and scoring-based MMTP methods are expected to model fine-grained

driving behaviors and can potentially generalize to di↵erent driving situations.

However, this generalizability comes with costs. First, It is hard to explain what the

latent space is and how it corresponds to driving multimodality. Second, Euclidean
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space sampling makes the sampled trajectories explainable and intuitive. However,

these methods often rely on a large number (e.g., 1,000) of samples to capture the

distribution. Abundant sampling requests much time and computational resources,

and the subsequent scoring is even more time-consuming.

Multimodal regression-based MMTP. These methods directly output a fixed

number (M) of predictions that are expected to cluster driving behaviors into

M modes. The mode collapse problem is addressed by optimizing the winning

mode(s). MTP [76] directly outputs a fixed number of trajectories via fully con-

nected layers for multimodal prediction. Di↵erent numbers of modes (M = 1, 2, 3, 4)

are implemented for comparison, and MTP with M = 3 is reported to show the

best performance on all metrics in [76]. WIMP [106] learns a mixture of M predic-

tors with LSTM-based decoders to produce M di↵erent trajectories for multimodal

prediction. Similarly, LaneGCN [21] learns a list of K decoders and a classifier for

stochastic multimodal prediction.

Multimodal regression-based MMTP methods avoid predetermining an intention

set. However, these methods require predetermining the number of driving modes

(M), and the selection of M has an impact on the performance. It is obvious

that a predefined M is not applicable to di↵erent situations. For example, MTP

with M = 3 is not able to capture the situations where the target vehicle has four

or more options. In addition, the modality, in this case, is hard to explain. For

instance, an MTP method with M = 2 may output fast and slow modes when

the behavior is restricted to going straight. However, it may output left and right

modes when the target vehicle is approaching a T-shaped intersection with the

same decoder.

Map-adaptive MMTP. Map-adaptive trajectory prediction is less studied in the

literature compared to other multimodal trajectory prediction problems. However,

map-adaptive methods can generalize to di↵erent lane topologies, such as intersec-

tions, roundabouts, and other unusual road structures [61].

GoalNet [61] represents the inputs and outputs in a path-relative coordinate frame

and proposes to use a GNN to generate a variable number of trajectories based

on a set of available paths of the target vehicle. In addition to lane-following pre-

dictions, GoalNet also provides a separate channel to cover non-map-compliant
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driving behaviors. GoalNet links up driving modalities with paths available in spe-

cific driving situations, thus making itself explainable, scalable, and map-adaptive.

Conditioning prediction on a lane addresses the mode collapse problem since lanes

are separated from each other.

Despite the map-adaptive capability of GoalNet, there are some problems that

should be addressed in the future on map-adaptive prediction. GoalNet ignores

the vehicles behind the target and those in other lanes, which can have a critical

impact on the target vehicle’s behavior. For example, the behavior of a target

vehicle operating an unprotected left turn will be a↵ected by the vehicles in the

lane on its left side. However, GoalNet does not consider this information. In

addition, the goal-free prediction, although also named motion-based, is not purely

based on the target vehicle’s past motion, thus not able to cover the critical corner

case where a vehicle drives in an uncooperative way.

This chapter divides trajectory prediction methods into physics-based and learning-

based categories and reviews them according to new subdivisions (A table summa-

rizing these methods can be found in Appendix-E). The reviewed learning-based

methods mainly focus on those based on supervised learning since they are most

related to this project compared to other learning methods, such as clustering and

reinforcement learning. We refer the readers to [11, 24, 107] to gain a broader

understanding of trajectory prediction methods. The technical contents of this

project fit into the literature as follows. Chapter 3 represents the driving scene as

a directed heterogeneous graph and produces a unimodal trajectory for a single tar-

get vehicle. Chapter 4 uses hybrid scene representation with interaction and map

information processed separately and combined via concatenation for simultane-

ous multi-agent trajectory prediction. Chapter 5 tackles the multimodal prediction

task in a map-adaptive manner. A directed hierarchical graph is constructed to

represent interdependencies among agents and their candidate centerlines.



Chapter 3

Deterministic Trajectory

Prediction for a Single Target

Vehicle

This chapter develops an interaction-aware trajectory prediction framework to pre-

dict the future trajectory of a single target agent. A single heterogeneous graph

is constructed to represent tra�c participants and infrastructure. A novel hetero-

geneous graph social (HGS) pooling approach is proposed to model the vehicle-

infrastructure interactions for urban driving.

3.1 Introduction

Researchers in the field of autonomous driving have proposed many works for tra-

jectory prediction, and these methods fall into three categories: physics-based,

maneuver-based, and interaction-aware methods [23]. Physics-based methods con-

sider the object’s individual dynamics to predict its motion ignoring possible ma-

neuvers restricted by the road structure and neighboring agents’ impacts [38].

Maneuver-based methods consider maneuver options and predict trajectory condi-

tioned on maneuvers ignoring the impact of surrounding vehicles [108]. Interaction-

aware methods have attracted more and more interest recently in that they: 1)

25
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naturally treat driving as an interactive activity; 2) show better performance com-

pared to pure physics-based and maneuver-based methods; 3) can be extended to

take physics and maneuvers into account [1, 58, 60, 61, 80, 83, 88].

Interaction-aware approaches, which usually leverage learning-based algorithms

and consider driving as an interactive activity, mainly use either or both graph

neural networks (GNNs) and convolutional neural networks (CNNs) for interac-

tion modeling [71]. In [77], a graph with local connectivity is constructed to model

the interactions. It conceptually proves that modeling interaction as a graph im-

proves the prediction accuracy, but it ignores vehicles’ time serial features. GRIP

applies graph operations on sequential features to take inter-vehicular interactions

into account, ignoring the e↵ects brought by infrastructures [80]. SCALE-Net uses

an Edge-enhanced Graph Convolutional Neural Network (EGCN) on the graph

with physical states as node features to explore edge features in the constructed

graph [81]. Homogeneous graphs, where all nodes only represent vehicles with

neglect of infrastructures’ e↵ects, are used to model interactions in the above-

mentioned works. VectorNet uses a fully-connected hierarchical graph to model

interactions among vehicles and infrastructures, where each sub-graph represents

an object, and GNNs are used for extracting the interaction features [84]. It op-

erates on vector representations, where all the agents’ trajectories, lane lines, and

crosswalks are represented by vectors. The fully-connected global graph used in the

VectorNet is not e�cient since the number of edges increases exponentially with

the increasing number of nodes. EvolveGraph constructs a fully-connected graph

with heterogeneous agent nodes and one context node for multi-agent trajectory

prediction [87]. The same context node is linked to all target agents. However, we

argue that each agent should have a local context.

CNNs are also widely explored for modeling either or both interaction and road

geometry for trajectory prediction [58, 60, 70]. Convolutional social pooling (CS-

LSTM) defines an occupancy grid around the target vehicle, where the cell oc-

cupied by a vehicle contains the vehicle’s dynamics feature encoded using Long

Short-Term Memory (LSTM) networks, and applies a CNN to the grid to extract

interaction features without considering road structures [58]. Multi-agent tensor

fusion (MATF) uses CNNs to encode the static scene context from a Bird’s Eye

View (BEV) image and then fuses the scene context and multiple agents’ dynamics

features to predict their future trajectories [70]. The spatial structure is retained
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in MATF. It considers vehicle-infrastructure interactions, but the infrastructure is

limited to a BEV map. Thus, it is hard to extend the MATF to consider other

infrastructures in the future.

This work focuses on vehicle trajectory prediction. Surrounding vehicles, as well as

infrastructures, are jointly considered. Assuming that the information of vehicles’

dynamic states and the local map are available, we propose a novel interaction-

aware trajectory prediction framework with a heterogeneous graph social (HGS)

pooling method. To represent the scene in a unified and e�cient way, we construct

a star-like heterogeneous graph with an additional map node containing the target

vehicle’s local map feature. This representation is agnostic to map formats, and the

map feature can be obtained from either a BEV map or a high-definition map (HD

map). The star-like graph is sparse, and the number of edges increases linearly with

the number of nodes. As shown in Fig. 3.1, the proposed framework shares the

vehicle dynamics encoder across all vehicles to extract their individual features.

Then, a rotation-sensitive convolutional network is designed to obtain the map

feature, and a target-centered graph is constructed to represent vehicle-vehicle and

vehicle-infrastructure relationships. Further, a novel heterogeneous graph social

(HGS) pooling mechanism, which can handle an arbitrary number of vehicles, is

proposed to explore and leverage vehicle-infrastructure interactions for prediction.

Within the proposed framework, we consider the historical dynamics of the vehicles

and the local BEV map. Other information, such as HD maps, can also be included

in the designed structure if available.

Compared to CS-LSTM [58], which is designed for highway driving, HGS represents

the driving scene with a unified heterogeneous graph containing an additional map

node for complex urban driving. Compared to existing works for urban scenar-

ios [70, 109] that highly rely on CNN extracted map features for spatial alignment

between temporal and spatial features, HGS is agnostic to map representation as

long as the spatial feature is provided for the map node.

The main contributions of this work are summarized as follows: 1) Jointly con-

sidering the temporal features of individual vehicles, the structure of the driving

scenario, and their interactive relationships, a novel spatial-temporal trajectory

prediction framework is proposed for urban driving scenarios; 2) Under the pro-

posed framework, a heterogeneous graph social pooling module is developed to
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Figure 3.1: The proposed scheme. It consists of three encoders: a temporal
dynamics encoder for vehicle dynamics feature extraction, a rotation-sensitive
map encoder for road structure information, and a heterogeneous graph social
pooling for obtaining high-level heterogeneous interaction features. The encoded
dynamics and interaction features are then concatenated and sent to the trajec-
tory decoder for trajectory prediction.

model high-level interactions among vehicles and the road. It can handle various

driving situations with a varying number of interacting vehicles.

The remaining sections of this work are structured as follows. Sec. 3.2 elaborates

on the proposed methodology and algorithms. Sec. 3.3 illustrates the setup of the

experimental validation. Sec. 3.4 shows the experimental results. Sec. 3.5 shows

how the proposed HGS model can be downgraded for highway driving scenar-

ios. Sec. 3.6 provides further discussions on the results and the proposed method.

Sec. 3.7 concludes this study and outlines future works.

3.2 Methodology

In this section, the problem is first formulated. Then the high-level architecture

of the proposed trajectory prediction framework using heterogeneous graph social

pooling is introduced in detail.
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3.2.1 Input and Output

The trajectory prediction task of this work is to predict the future trajectory of a

target vehicle for urban driving. Prediction is conducted based on the target vehi-

cle’s interactions with other surrounding tra�c participants and the road structure.

Both temporal and spatial information is considered.

The input Xt to the model consists of two parts: historical states of all considered

vehicles and a local map.

Xt = [Ht,Mt], (3.1)

where Ht = {h
1
t , . . . , h

n
t } represents historical states of n vehicles at current time

t, and h
i
t = [sit�Th+1, s

i
t�Th+2, . . . , s

i
t] represents vehicle i’s (i = 1 for target vehicle)

historical states at time t. Th is the traceback horizon. The number of considered

vehicles n may vary from case to case. Mt is the local map centered at the posi-

tion of the target vehicle at time t. The number of considered agents n depends

on the radius of the considered area and the real-time tra�c density. When the

radius is fixed, n is the number of agents whose distance to the target agent is

below a certain threshold. The number n can be determined by the di↵erent graph

construction strategies. Because a graph can always accommodate an arbitrary

number of objects, and GNNs can process all nodes in parallel, the graph represen-

tation can always consider a variable number of agents, no matter how the graph

connection strategy is.

The output is the predicted trajectory of the target vehicle:

f
1
t = [(x1

t+1, y
1
t+1), (x

1
t+2, y

1
t+2), . . . , (x

1
t+Tf

, y
1
t+Tf

)], (3.2)

where Tf is the prediction horizon.

3.2.2 Interaction-Aware Trajectory Prediction with Het-

erogeneous Graph Social Pooling

The proposed interaction-aware trajectory prediction framework, as shown in Fig. 3.1,

is comprised of shared temporal dynamics encoders, a rotation-sensitive map en-

coder, a heterogeneous graph social pooling block, and a trajectory decoder. Dy-

namics encoders are applied to process the historical states of individual vehicles,



30 3.2. Methodology

and the rotation-sensitive map encoder is adopted to process the local map for

the spatial feature. Then vehicle dynamics and road structure features are jointly

represented in a target-centered heterogeneous graph, and the heterogeneous graph

social pooling extracts high-level interaction features from the constructed graph.

Finally, the encoded dynamics and interaction features are fed into the trajectory

decoder for prediction. These four components are elaborated on below.

3.2.2.1 Temporal Dynamics Encoder

This work adopts Recurrent Neural Networks (RNNs) to encode vehicles’ dynam-

ics features from their past states since a vehicle’s past states compose a sequence

with temporal dependence. RNNs, like LSTM [66] and Gated Recurrent Unit

(GRU) [110], have been proven to be capable of modeling sequences in many chal-

lenging tasks, such as statistical machine translation, where the inputs and outputs

are sequences with di↵erent lengths. Note that the selection of dynamics encoders

may a↵ect the prediction accuracy, but the proposed framework is agnostic to

sequence models.

A shared temporal dynamics encoder is applied to each vehicle to capture their se-

quential features from historical states. Historical states, which are not restricted

to the positions in the XY coordinates, can be extended with other available in-

formation, such as the vehicles’ velocities and yaw angles. The extendability of

the proposed model is further demonstrated in Sub.Sec. 3.4.2. Eq. 3.3 shows the

dynamics encoder that is applied to process the target vehicle’s historical states.

d
1
t = FC1(Dynenc(Emb(h1

t ))), (3.3)

where Emb() is a linear function embedding low dimensional inputs into a higher

dimensional space. Dynenc is the RNN used in this work for dynamics feature

extracting. FC1 is a fully connected layer applied to the RNN-encoded feature. d1t is

the dynamics feature of the target vehicle. Dynenc here is not restricted to a specific

form in this work and can be implemented using LSTM, GRU, or other state-of-

the-art RNNs. In other words, the dynamics encoder of the proposed model can

be updated with the latest types of sequence models. Vehicles’ dynamics features

also serve as vehicle-node features in the spatio-temporal interaction graph (See

Fig. 3.2).
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3.2.2.2 Rotation-Sensitive Map Encoder

A map, which can be either a high-definition (HD) map or an image one, provides

the road structure information and formulates vehicles’ driving behaviors in the

scene so that it should be considered in the trajectory prediction, especially for

urban situations. In this work, we choose a pictorial BEV map because it is easy

to get and contains enough road information. Specifically, a gray-scale image of the

local map centered at the target vehicle is used for representing road information. A

CNN is designed to extract the map features from the local map in the image. Even

though many state-of-the-art CNNs have been widely used for image processing

tasks, such as image classification [111] and object detection [112], and their pre-

trained models can be easily obtained, we argue that they are not suitable for

map processing. The max-pooling layer used in most CNNs covers the rotation

invariance of images for image classification. It is useful for image classification

tasks, as a rotated object in an image is still the object without any change in

the classification result. However, for driving, a map also contains directional

information, and a rotated map may mislead a vehicle’s navigation. Instead of using

pre-trained existing CNNs, we design a new CNN without max-pooling layers for

map feature extraction. The detailed structure of the designed rotation-sensitive

map encoder is given in Sub.Sec. 3.3.3.

Eq. 3.4 shows the map encoder applied to the local map at time t.

mt = FC2(Mapenc(Mt)), (3.4)

where Mapenc is the designed map encoder applied to the map image. FC2 is a fully

connected layer applied to the encoded raw map feature. And mt is the feature

vector of the local map. The size of mt is the same as dit. The map feature serves

as a map-node feature in the spatio-temporal interaction graph (Fig. 3.2).

3.2.2.3 Heterogeneous Graph Social (HGS) Pooling

In this work, vehicle-vehicle and vehicle-infrastructure relationships are represented

as a directed heterogeneous graph. In addition, a heterogeneous graph social (HGS)

pooling block is designed for interaction modeling. In the constructed interaction

graph, each node represents either a vehicle or the map, and an edge from one
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node to another represents the directed influence from the former onto the latter.

This representation is selected considering that: 1) Graphs can naturally represent

objects (as nodes) and their relationships (as edges), e.g., the social networks. 2)

The graph representation can accommodate a variable number of objects and is

applicable to tra�c situations with a variable number of interactive vehicles. 3)

The heterogeneous graph allows di↵erent types of objects, such as vehicles and

roads, to be considered jointly.

Definition 1 (Directed Heterogeneous Graph). A graph can be represented by

G = (V,E), where V = {v1, . . . , vN} is the set of N nodes, and E ⇢ V ⇥ V is the

set of edges. If the edge from node i to node j is di↵erent from the one from node

j to node i, the graph can be seen as a directed graph. If there are several kinds

of nodes in the graph, the graph is considered a heterogeneous graph.

One problem with using graphs for tra�c representation is that the graph needs

to be constructed for the task, and the structure of the graph matters. Consider

two extreme cases: 1) A graph with only self-connections, where each node is only

connected with itself, ignores the relationships between nodes. 2) A graph with all

connections, where each node is connected to all nodes, includes unnecessary con-

nections. The number of edges increases quadratically with the increasing number

of nodes. It is more reasonable to construct the interaction graph with neighboring

connections, where each node is connected to nodes in its neighborhood. Specifi-

cally, we construct a sparse graph with self-loops to represent vehicle-infrastructure

interactions.

Target-centered interaction graph. To model interactions as a graph, with-

out loss of generality, we take v1 as the target vehicle, vN as the map node, and

{v2, . . . , vN�1} as the neighboring vehicles. Then the edge set is determined as:

E = {e1,j}(j=1,...,N�1) [ {ei,1}(i=1,...,N), (3.5)

where ei,j represents the directed edge from node i to node j. An example of the

constructed graph, which contains two kinds of nodes: the vehicle node and the

map node, is shown in Fig. 3.2.

A vehicle node in the graph contains the sequential feature of the corresponding

vehicle obtained from the dynamics encoder, and a map node contains the spatial
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Figure 3.2: Target-centered interaction graph. Left, the tra�c context
is split into two parts: vehicles’ historical states and the local map. Right, the
target-centered heterogeneous graph is constructed with local connections.

feature of the local map extracted from the map encoder. Specifically, a vehicle

is selected as the target vehicle’s neighbor if its distance to the target vehicle is

within 20 meters. The local map is set as a 40 ⇥ 40m2 square, centered at the

target vehicle. Node features are concatenated with an indicator one-hot vector

([0,1] for the vehicle nodes and [1,0] for the road node) to handle the heterogeneity.

The graph represented interaction can be processed by numerous GNNs to extract

the interaction features. Compared to traditional graph methods, GNNs are de-

signed to apply neural networks to tasks with graph-like inputs, such as social

network prediction and protein interface prediction, and they show better perfor-

mance in many tasks with graph data [79, 113, 114]. GNNs encode interactions

among nodes into a feature vector by integrating information from variable-size

neighborhoods.

Under the proposed framework, leveraging the power of GNNs, a heterogeneous

graph social (HGS) pooling block is designed to extract the high-level interactions

among vehicles and the road from the constructed spatio-temporal graph. HGS is

agnostic to the selection of graphic encoders. The calculation of the HGS block is
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Figure 3.3: The interactive driving scenarios [20]. The driving scenarios
considered in this work include roundabouts (3, 8, 9, 10), unsignalized intersec-
tions (4, 5, 6, 7), and highway ramps (1, 2).

shown in Eq. 3.6 and Eq. 3.7.

Dt = FC1(Dynenc(Emb(Ht))), (3.6)

gt = FC3(Interenc(Dt,mt, Et)), (3.7)

where Dt is the dynamics features of all vehicles, and Et indicates the edge set at

time t. Interenc denotes the GNN used for interaction. FC3 represents the fully

connected layer applied to the raw feature extracted out from Interenc, and gt is

the target vehicle’s interaction feature.

3.2.2.4 Trajectory Decoder

Finally, an RNN, rather than a multilayer perceptron (MLP), is applied to the

concatenation of the target vehicle’s dynamics and interaction features for trajec-

tory prediction. The RNN is adopted here as it inherently handles the sequential

dependence in a trajectory (the next position of a vehicle is partially dependent on

its previous positions), while the MLP treats contiguous positions independently

in prediction. Eq. 3.8 shows the calculation of the trajectory decoder.

f
1
t = FC4(Trajdec([gtkd

1
t ])), (3.8)

where [gtkd1t ] is the concatenation of gt and d
1
t . Trajdec is the trajectory decoder

for prediction, and FC4 is the fully connected layer mapping decoded features to

proper outputs. In this work, the output is a sequence of XY coordinates.
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3.3 Experimental Setup

In this section, the dataset (3.3.1), evaluation metrics (3.3.2), and implementation

details (3.3.3) for experiments are introduced.

3.3.1 Data

3.3.1.1 Dataset

The proposed scheme is trained and validated using the recently published INTER-

ACTION dataset [20]. It consists of various highly interactive driving situations, in-

cluding highway ramps, roundabouts, and intersections, recorded worldwide using

drones and fixed cameras. For each recorded scenario, it provides a high-definition

(HD) map and vehicle and pedestrian/bicyclist tracks.

As shown in Fig. 3.3, ten driving scenarios, as suggested by the online benchmark,

are considered in this work. The whole dataset is split into training and validation

sets, as suggested by authors of the INTERACTION dataset. The trajectories

are split into segments of 10 seconds, where five seconds are saved as historical

states, and the following five seconds are considered the ground truth. The gap

between the two segments is one second. After the pre-processing stage described

in the following paragraph, the training set contains 317, 335 pieces of data, and

the validation set contains 90, 219 pieces of data.

3.3.1.2 Data Processing

We use a stationary frame of reference with the origin fixed at the target vehicle’s

position at time t for all trajectories. The velocities remain the same as their

recorded values. The yaw angle of the target vehicle at time t is set as zero, and

other values are changed accordingly. The local map is a 40⇥40m2 square centered

at the target vehicle, and it is kept parallel to the vehicle’s current direction. It is

represented by a 160⇥ 160 array.

http://challenge.interaction-dataset.com/prediction-challenge/intro
https://github.com/interaction-dataset/interaction-dataset
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3.3.2 Evaluation Metrics

In this work, the performance of the prediction method is evaluated using three

metrics, i.e., the Displacement Error at time ⌧ (DE⌧ ), the Average Displacement

Error (ADE) over trajectories, and the Final Displacement Error (FDE). They

are all measured in meters. The lower, the better. DE⌧ , ADE, and FDE between

two trajectories can be calculated by Eq. 3.9, Eq. 3.10, Eq. 3.11, respectively.

DE⌧ =
p

(x̂⌧ � x⌧ )2 + (ŷ⌧ � y⌧ )2, (3.9)

ADE =
1

Tf

TfX

⌧=1

DE⌧ =
1

Tf

TfX

⌧=1

p
(x̂⌧ � x⌧ )2 + (ŷ⌧ � y⌧ )2, (3.10)

FDE = DETf
=
q

(x̂Tf
� xTf

)2 + (ŷTf
� yTf

)2, (3.11)

where (x̂⌧ , ŷ⌧ ) is the predicted position in the XY coordinate at time ⌧ , (x⌧ , y⌧ ) is

the ground truth of the position at time ⌧ , and Tf is the prediction horizon.

3.3.3 Implementation Details

In this work, the algorithms are implemented using PyTorch [115] for the overall

structure and PyTorch Geometric [116] for GNN layers, respectively. The model

is trained in an end-to-end manner for ten epochs using Adam [117] with a sched-

uled learning rate, which starts from 0.001 and reduces by half at the end of the

epochs 1,2,4, and 6 for minimizing ADE as defined in Eq. 3.10. The historical

states are firstly embedded into a 64-dimension space and then sent to the tempo-

ral dynamics encoder. The dynamics encoder is a one-layer RNN with a hidden

size of 64, and the trajectory decoder is a two-layer RNN with a hidden size of

128. The rotation-sensitive map encoder is a three-layer convolutional block with

[# filters, kernel size, stride] = [8, 16, 4] for the first layer, [16, 8, 4] for the sec-

ond layer, and [32, 4, 2] for the third layer. The structure is [[Conv, LeakyReLU,

BatchNorm], [Conv, LeakyReLU, BatchNorm], [Conv, LeakyReLU, BatchNorm],

FC, FC]. Max-pooling layers after convolutional layers are all removed to reserve

direction information in the map image. This is designed specifically for the trajec-

tory prediction task. The heterogeneous graph social pooling block uses two GNN
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Figure 3.4: Results of the ablation study. The ablation study takes
(x, y, vx, vy, ) as input states. Traceback horizon: Th = 30 (3 sec). Prediction
horizon: Tf = 50 (5 sec). Graphic encoder: GAT. Dynamics encoder: GRU.

layers to extract the higher-level interaction features. Leaky-ReLU with a negative

slope of 0.1 is the only activation function throughout the implementation.

3.4 Results

In this section, we first investigate the proposed method via ablation study (3.4.1)

and then show the extendibility and renewability of HGS (3.4.2). Next, we study

the impacts of the traceback horizon on the prediction performance (3.4.3) followed

by an inference time study (3.4.4). Finally, we compare HGS with existing methods

by submitting it to test sets of two naturalistic driving datasets (3.4.5).

3.4.1 Ablation Study

The ablation study is conducted to validate the e↵ectiveness and superiority of the

proposed approach. The following methods are implemented and compared:

• R. This model predicts the future trajectory of a vehicle using only its individ-

ual dynamics feature extracted by a single dynamics encoder. No interaction

is considered in this model.
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• GR. This model leverages a homogeneous graph to reflect the interactions

between vehicles, where each node represents a vehicle. It considers the

interactions among vehicles but ignores the e↵ects of infrastructures.

• HGS. This is an implementation of the proposed scheme HGS, which models

the interactions among vehicles and the infrastructure via a heterogeneous

graph.

All the models use vehicles positions ((x, y)), velocities ((vx, vy)), and yaw angles

( ) for historical states.

The results are shown in Fig. 3.4. It can be observed that the interaction-aware

models (GR and HGS) outperform the non-interaction-aware one (R). This obser-

vation is consistent with the results reported in previous works [58, 60], demonstrat-

ing the necessity of modeling interactions for trajectory prediction. In addition, the

proposed HGS outperforms the homogeneous GR method. This result shows the

advances of the proposed method: 1) modeling vehicle-infrastructure interactions

as a heterogeneous graph, 2) obtaining features of di↵erent nodes with di↵erent en-

coders, and 3) leveraging graphic encoder to extract high-level interaction features.

In this work, we consider two kinds of nodes for demonstration, while other types

of nodes can be further considered with the proposed framework in the future.

3.4.2 Extendability and Renewability of HGS

The proposed scheme models interactions among vehicles and infrastructures as

a heterogeneous graph. There is no limitation on input types. In this work, the

heterogeneous graph contains two types of nodes, i.e., vehicle nodes and the road

node. It can be further extended by introducing other kinds of nodes to take

additional tra�c infrastructures, such as tra�c signals, and other agents, such as

pedestrians and bicyclists, into consideration.

For the dynamics encoder, the proposed scheme does not impose any restriction

on the information to be considered. It can be easily extended with the introduc-

tion of richer information if available. To illustrate this, the proposed model is

implemented with three di↵erent inputs, (x, y), (x, y, vx, vy), and (x, y, vx, vy, ).

The results are shown in Fig. 3.5. It is shown that the method, which considers
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Figure 3.5: Extendability of the proposed scheme. HGS-d2: the
proposed model HGS using (x, y) for historical states; HGS-d4: HGS using
(x, y, vx, vy) for historical states; HGS-d5: HGS using (x, y, vx, vy, ) for his-
torical states. Traceback horizon: Th = 30 (3 sec). Prediction horizon Tf = 50
(5 sec). Graphic encoder: GAT. Dynamics encoder: GRU.

velocities in addition to the positions, further reduces the displacement error, but

an additional consideration of the yaw angle does not show noticeable improve-

ment. Please note that the scheme implemented in this section takes A Graph

Attention Network (GAT) as the graphic encoder in the HGS block and GRU as

the dynamics encoder, respectively.

In this work, a rotation-sensitive CNN is used to extract spatial features from a top-

view image of the local map. The top view image can be replaced by a vectorized

representation of an HD map to further reduce the model size, as stated in [84].

The main modules of the proposed framework are decoupled from each other so

that they can be updated without a↵ecting other modules. The proposed model

has no assumption on what recurrent unit to be used for the dynamics encoder.

It could be LSTM [66], GRU [110], or others. In this study, we apply a graphic

encoder to extract the interactions among vehicles and infrastructures for the con-

structed graph with corresponding features. The graphic encoder could be Graph

Convolutional Network (GCNs) [78], GATs [79], or other user-designed graphic

encoders.

To show that HGS can be easily renewed, we implement the proposed scheme

with di↵erent dynamics and graphic encoders. Besides, the performances of their
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Figure 3.6: Renewability of the proposed scheme. HGS-GAT-GRU: the
proposed HGS using GAT as the graphic encoder and GRU as the dynamics en-
coder. The same rule applies to HGS-GAT-LSTM, HGS-GCN-GRU, and HGS-
GCN-LSTM. Traceback horizon: Th = 30 (3 sec). Prediction horizon: Tf = 50
(5 sec). Input data: (x, y, vx, vy)

combinations are also reported. GCN is selected because of its simplicity and

e↵ectiveness, and GAT is selected as it treats neighboring nodes di↵erently using

an attention mechanism. The results shown in Fig. 3.6 show that GAT-based

methods slightly outperform GCN-based methods, and the combination of GAT

and GRU achieves the best performance on trajectory prediction. It is worth noting

that results in Fig. 3.6 show that HGS can be updated with di↵erent encoders, but

the di↵erence in our experiments is not significant. We leave implementing HGS

with other temporal and graphic operators for future work.

3.4.3 Impacts of Traceback Horizon

In this section, we further study how the traceback horizon a↵ects the prediction

accuracy of the proposed scheme and its ablations. The traceback horizons (Th) are

set to three values (10, 30, 50) and studied with the input data (x, y, vx, vy). Fig. 3.7

shows that prolonging Th from 10 to 30 leads to better performance for R and GR,

while further prolonging Th to 50 shows very limited improvement. For HGS,

the di↵erences among di↵erent traceback horizons are minor. Fig. 3.7 also shows

that the e↵ects of traceback horizons vary under di↵erent methods. Compared

to its ablations, the proposed framework shows better performance with a very
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Figure 3.7: Impacts of traceback horizon on prediction performance.
Traceback horizon: Th = 10, 30, 50 (1, 3, 5 sec). Prediction horizon: Tf = 50
(5 sec). Input data: (x, y, vx, vy). Graphic encoder: GAT. Dynamics encoder:
GRU.

short traceback horizon. It improves not only the accuracy but also the data and

computation e�ciency. This is because obtaining data with a longer traceback

horizon is more di�cult and needs more computing e↵ort.

3.4.4 Computational Complexity

Computational complexity is an important aspect of prediction methods for on-

board implementation, especially on platforms with limited computing resources

(e.g., only CPU is available). We run HGS and its ablations with di↵erent batch

sizes (1 or 100) and traceback horizons (Th = 10, 30, 50) for 1,000 (1K) batches to

see the inference time on a CPU (Intel(R) Core(TM) i9-9900K CPU @ 3.60GHz).

The input data consists of sequences of (x, y, vx, vy). The results are listed in

Tab. 3.1. It can be seen that larger Th always leads to a longer inference time for



42 3.4. Results

Table 3.1: Computational complexity analysis

Model No. data Th (ms) Time (s)

R

1K⇥1 10 2.99
1K⇥1 30 3.58
1K⇥1 50 4.03
1K⇥100 10 36.62
1K⇥100 30 44.39
1K⇥100 50 53.75

GR

1K⇥1 10 3.75
1K⇥1 30 4.32
1K⇥1 50 4.81
1K⇥100 10 47.31
1K⇥100 30 55.97
1K⇥100 50 63.41

HGS

1K⇥1 10 4.28
1K⇥1 30 4.87
1K⇥1 50 5.33
1K⇥100 10 52.89
1K⇥100 30 61.19
1K⇥100 50 70.59

all models. Compared to HGS with Th = 50, HGS with Th = 10 can save up to

25% of time without obvious accuracy loss.

3.4.5 Comparison with State-of-the-art Methods

To compare with existing works, we trained our scheme with data augmentation

and submitted the results to the INTERACTION test set hosted online for competi-

tion. Finally, the proposed method (named GH 29 3 for submission) outperformed

all participants and won first place in the INTERPRET Challenge (regular track).

We also compare our method with existing works on the Argoverse test set with an

additional metric, miss rate (MR). MR is defined as the number of scenarios where

none of the predicted trajectories are within 2.0 meters of ground truth according

to endpoint error for up to K = 6 predicted trajectories. Since our method focuses

on single trajectory prediction, we report only the results for K = 1. The test set

is also hosted online and made invisible for easy and fair comparisons. It can be

seen from Tab. 3.2 that our method outperforms all the baselines provided by the

https://github.com/interaction-dataset/interaction-dataset
https://eval.ai/web/challenges/challenge-page/454/leaderboard/1279
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Table 3.2: Comparison with state-of-the-art methods on the Argoverse test set

Methods
Metrics (K=1)

ADE (m) FDE (m) MR

Argo-(CV) [51] 3.53 7.89 0.83
Argo-(NN) [51] 3.45 7.88 0.87
Argo-(LSTM) [51] 2.15 4.97 0.75
Argo-(NN+map) [51] 3.65 8.12 0.94
Argo-(LSTM+map) [51] 2.92 6.45 0.98
Jean [89] 1.74 4.24 0.69
WIMP [106] 1.82 4.03 0.63
LaneGCN [21] 1.71 3.78 0.59
TNT [85] 2.17 4.96 0.71
mmTransformer [118] 1.77 4.00 0.62
PRIME [46] 1.91 3.82 0.59
Scene Transformer [90] 1.81 4.06 0.59

HGS 1.75 3.89 0.61

dataset holder [51] in all metrics. HGS also outperforms WIMP [106], TNT [85],

mmTransformer [118] in terms of all three metrics. Compared to Jean [89] (win-

ner of Argoverse motion challenge 2019), PRIME [46], LaneGCN [21] (winner of

Argoverse motion challenge 2020), and Scene Transformer [90], HGS shows state-

of-the-art performance. Results of Argoverse baselines are obtained from the sup-

plementary file of [51]. Results of other methods are retrieved from the Argoverse

challenges leaderboard on April 19(th), 2022.

3.5 Downgrading to Homogeneous Graph Social

Pooling for Highway Driving

The proposed heterogeneous graph social (HGS) pooling can be downgraded to

homogeneous graph social (HGS(homo)) pooling for highway driving with sim-

ple road structures. In this situation, all the nodes in the interaction graph are

vehicles, i.e., they are homogeneous, so the interaction can be represented by a

homogeneous graph. Fig. 3.8 shows the structure of HGS(homo). It considers two

kinds of vehicles: the target vehicle and its neighboring vehicles. Neighboring vehi-

cles considered are the target vehicle’s preceding (#1) and following (#2) vehicles,
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Figure 3.8: Illustration of the homogeneous graph social
(HGS(homo)) pooling method [1]. RNNs with shared weights are used
to encode the dynamics features of vehicles individually. A GNN-based inter-
action encoder is applied to these dynamics features, which are contained in
corresponding nodes in a directed interaction graph, to summarize the inter-
vehicular interaction feature. Finally, an LSTM decoder predicts the trajectory
by jointly considering the target vehicle’s dynamics and interaction features.

its nearest neighbors in adjacent lanes (#3 and #4) in terms of longitudinal dis-

tance, and their preceding (#5 and #7) and following (#6 and #8) vehicles. The

input to the model (Ht) is a set of historical trajectories of all considered vehicles,

including the target vehicle. The output is the predicted future trajectory of the

target vehicle at time t. The HGS(homo) model contains the temporal dynamics

encoder (3.2.2.1) and the trajectory decoder (3.2.2.4) as HGS. It replaces the het-

erogeneous graph social pooling (3.2.2.3 with a homogeneous graph social pooling.

The map encoder (3.2.2.2) is excluded because of the highway’s simple structure.

The interaction graph is a directed homogeneous graph with nodes representing

vehicles.

We process vehicle trajectories extracted from the publicly available NGSIM US-

101 [47] dataset, collected from 7:50 a.m. to 8:35 a.m. on June 15, 2005, for

training and validation. The study area is a 640 meters segment of U.S. Highway

101, consisting of five main lanes, one auxiliary lane, on-ramp, and o↵-ramp lanes.

The vehicle trajectory data are recorded at 10 Hz using eight synchronized digital

video cameras mounted on the top of a 36-story building. This work selects roughly

balanced data so that the lane-keeping trajectories do not dominate the dataset.

For details on data processing, please refer to [1]. The source codes for this section

are released and can be found in Appendix-C.
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We use the root-mean-square error (RMSE) in meters of the predicted trajectories

against the ground truth future trajectories to evaluate di↵erent models. RMSE is

calculated for each predictive time-step tp within 5 seconds in the future. Previous

works [58, 60, 81] also adopt this metric.

RMSE(tp) =

vuut 1

n

nX

i=1

((x̂i
tp � x

i
tp)

2 + (ŷitp � y
i
tp)

2), (3.12)

where n = 10000 is the size of test set, and (x̂i
tp , ŷ

i
tp) and (xi

tp , y
i
tp) are the predicted

position of the target vehicle in data i at time tp and the corresponding ground

truth, respectively.

The following methods are implemented for comparison:

• Dynamics-only: this is the one-channel ablation of the proposed model

considering the target vehicle’s dynamics feature only for prediction.

• Interaction-only: this is another one-channel ablation using the interaction

feature extracted by the GNN only.

• Two-channel: this is the proposed two-channel model.

The above implementations are trained and validated using the same dataset.

Prediction results of HGS(homo) are reported in Tab. 3.3, along with results re-

ported in some related works. However, this section focuses on comparing results

between the proposed HGS(homo) and its ablations, considering that di↵erent

works are using di↵erent training and validation datasets. Tab. 3.3 shows that:

• Interaction-aware methods (2,3,4,5,6) outperform the dynamics-only method

(1). This demonstrates the necessity of modeling interactions for trajectory

prediction as stated in previous works [58, 60].

• The proposed two-channel model outperforms its interaction-only ablation.

This shows that the target vehicle’s dynamics feature should be emphasized

in some way for trajectory prediction. This work sets an additional channel

for it.



46 3.6. Discussions

• The proposed method matches the CNN-LSTM method with advances in

considering a variable number of surrounding agents and the potential for

multi-trajectory prediction.

• The proposed method outperforms GRIP, SAMMP, and CS-LSTM in longer-

term prediction. However, for the short-term prediction, GRIP shows better

performance, possibly in that GRIP uses the whole dataset from NGSIM,

where the lane-keeping trajectories are dominant and less challenging for

trajectory prediction.

Please note that most existing works listed in Tab. 3.2 are not shown in Tab. 3.3

because they are heavily dependent on the road map, which is not available in the

highway dataset used by methods in Tab. 3.3.

Table 3.3: Prediction performance comparison (RMSE in meters) [1]

Methods
Prediction horizon

1 sec 2 sec 3 sec 4 sec 5 sec

1 Dynamics-only (Ours) 0.74 1.86 3.30 5.07 7.11

2 Interaction-only (Ours) 0.67 1.03 1.34 1.74 2.46

3 Two-channel (Ours) 0.68 0.99 1.21 1.53 2.14

4 CS-LSTM [58] 0.61 1.27 2.09 3.10 4.37

5 SAMMP [89] 0.51 1.13 1.88 2.81 3.98

6 GRIP [80] 0.37 0.86 1.45 2.21 3.16

7 CNN-LSTM [60] 0.64 0.96 1.22 1.53 2.09

Fig. 3.9 visualizes prediction results in situations with di↵erent numbers of sur-

rounding vehicles from the validation set. It shows that the proposed model can

predict the target vehicle is going to keep or change lanes in the next 5 seconds

regardless of how many surrounding vehicles are in sight.

3.6 Discussions

In this study, a unified interaction-aware trajectory prediction scheme for au-

tonomous driving is proposed and validated on real-world datasets collected from
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GT
HGS(homo)

Figure 3.9: Visualized predictions on highways [1]. Squares are consid-
ered vehicles (the target vehicle in blue and neighboring vehicles in gray). Gray
lines are the vehicles’ historical tracks over the last 3 seconds. The green line is
the ground truth (GT) future trajectory of the target vehicle. The blue line is
the prediction of the proposed two-channel model (HGS(homo)). All the vehicles
move from left to right.

di↵erent cities. Experiments show that the proposed method achieves better per-

formance by considering map information in heterogeneous graph social (HGS)

pooling. The proposed HGS is an extension to convolutional social pooling (CS-

LSTM) [58]. The extensions are twofold. First, HGS designs a rotation-sensitive

map encoder to take into consideration the map structure, which is essential for

urban driving under di↵erent situations, and models the interaction between tra�c

participants and the map. However, CS-LSTM ignores road structure because that
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road is almost straight in highway scenarios. Second, HGS represents the inter-

actions between tra�c participants and the map in a unified heterogeneous graph

that can accommodate an arbitrary number of tra�c participants, while CS-LSTM

represents inter-vehicular interactions with an occupancy grid with thirty-nine cells.

Ablation study shows that considering the interaction between tra�c participants

and the road map is essential for trajectory prediction. The extendability examina-

tion shows that considering richer information does not always improve prediction

accuracy. This sheds light on designing a predictor based on enough information

rather than redundant information that requires more e↵ort to collect and com-

pute. The renewability demonstration shows that HGS can be implemented with

di↵erent sequential and graphic models. Even though the di↵erence in our exper-

iment is not significant enough to conclude what sequential and graphic models

are better for HGS implementation, HGS is open to being implemented with more

advanced encoders. Traceback horizon investigation shows that HGS achieves bet-

ter performance with a shorter traceback horizon than its ablations, and a longer

traceback horizon does not always contribute to prediction accuracy. Inference

time comparison confirms that processing data with a longer traceback horizon

leads to more inference time. Traceback horizon and inference time investigations

together provide instructions to design e�cient predictors that require less data

collection and computation e↵orts and provide similar accuracy.

The driving scene is represented by a heterogeneous graph and modeled via the

proposed HGS for trajectory prediction. We would like to point out that the scene

representation and modeling with HGS can be applied to other autonomous driv-

ing tasks that require scene modeling, such as driving intention recognition [119],

driving behavior modeling [120], decision-making [121], and path planning [122].

One of the limitations of this work is the limited factors considered in scene rep-

resentations due to data availability. For example, tra�c signals and rules are

not considered in this work because the data are collected from unsignalized road

junctions. Another limitation is the deterministic prediction that ignores the un-

certainty of driving behaviors. Uncertainties can be included in two ways in the

future. First, a two-dimensional Gaussian distribution can be predicted for each

time step in place of an averaged position. Second, the multimodality of driving

can be modeled by predicting a number of possible trajectories of the target vehi-

cle with estimated possibilities. This thesis addresses the inherent multimodality
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of driving in a map-adaptive way in Chapter 5. This twofold uncertainty aware-

ness can be realized based on HGS by using corresponding decoders and train-

ing losses [58, 59, 76]. Besides, predicting the trajectory of a single target agent

is another limitation that should be addressed to speed up inference time. The

next chapter (Chapter 4) generalizes the single prediction method to simultaneous

multi-agent prediction.

3.7 Conclusions

In this study, a novel framework is proposed with consideration of vehicle-infrastructure

heterogeneous interactions for vehicle trajectory prediction. The proposed scheme

constructs a heterogeneous graph to represent the interactions, where the nodes

contain features extracted from corresponding encoders. Besides, a novel hetero-

geneous graph social (HGS) pooling block is designed to extract high-level inter-

action features. The framework can be easily downgraded for highway driving

scenarios. Experimental results obtained using real-world driving datasets show

that the proposed HGS method outperforms existing interaction-aware methods.

Ablative studies also show that considering vehicle-infrastructure heterogeneous

interactions e↵ectively improves the trajectory prediction accuracy compared to

those considering inter-vehicular interactions only.

In the future, the proposed HGS method can be further improved from di↵erent as-

pects. One way is to consider a more informative HD map instead of a pictorial one.

Other types of nodes, such as tra�c signals, together with proper encoders, can

also be involved in order to improve performance. Besides, the proposed method

predicts the trajectory for only one target vehicle, which can be further general-

ized and expanded to simultaneous trajectory predictions for multiple vehicles to

support the downstream decision-making and planning of connected automated ve-

hicles. Other graph construction strategies can also be investigated to check their

impacts on prediction performance.





Chapter 4

Multi-Agent Trajectory

Prediction with Heterogeneous

Edge Enhanced Graph Attention

Networks

This chapter generalizes and expands the single-agent trajectory prediction frame-

work developed in Chapter 3 to a multi-agent setting, where the predictor is ex-

pected to simultaneously predict future trajectories of a variable number of di↵erent

tra�c participants. A hybrid scene representation, which represents interactions

among agents with a heterogeneous graph and the shared local map with an im-

age, is adopted. A novel Heterogeneous Edge-enhanced graph ATtention network

(HEAT) is proposed to model the interaction graph, and a map selector is designed

to share the local map information across agents selectively1.

4.1 Introduction

Most existing interaction-aware methods represent the motion of all agents in a

shared coordinate system, which is sensitive to translation and rotation, and only

aim at predicting the trajectory of a single agent [58, 60, 70, 83, 88]. However,

1The contents in this chapter are obtained from the published paper [71].
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autonomous vehicles should simultaneously predict the future states of multiple

surrounding agents, e.g., vehicles and pedestrians, to navigate in complex and

highly dynamic urban driving scenarios.

This work focuses on simultaneously predicting future trajectories of multiple het-

erogeneous agents for both urban and highway driving by jointly considering agents’

individual dynamics, their interactions, and the road structure. Agents’ past states

and a top view image of the area of interest are assumed to be available leveraging

the vehicle-to-vehicle and vehicle-to-infrastructure communications [64].

Since a moving agent’s future motion is a↵ected by many factors, including but

not limited to its own dynamics, social interactions, and the road structure, ide-

ally, a trajectory predictor should consider as many of these associated factors as

possible. Considering the availability of the datasets, we propose a three-channel

framework for multi-agent trajectory prediction to handle these factors accord-

ingly, enabling the modularized design and analysis. For agents’ dynamics, we

place each agent in its exclusive coordinate system to eliminate the impacts of

coordinate shifting. This is because an agent’s recorded states, no matter placed

in which coordinate system, can always be converted to its own coordinate system

without a↵ecting other agents. For inter-agent interaction, we represent the inter-

action among agents as an edge-featured heterogeneous graph and design a novel

heterogeneous edge-enhanced graph attention network to model the interaction

among agents of di↵erent types. For the road structure, a pictorial map is shared

across all agents with a gated map selector. Please see Fig. 4.1 for an overview of

the proposed framework.

The main contributions of this work can be summarized as follows:

• A three-channel framework is proposed for multi-agent trajectory prediction.

It jointly considers agents’ individual dynamics, their interactions, and the

road structure for trajectory prediction.

• A comprehensive and transformation-insensitive interaction representation is

proposed based on the edge-featured heterogeneous graph, where the nodes

and edges fall into di↵erent categories and contain corresponding attributes.
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Figure 4.1: Proposed multi-agent trajectory prediction framework.
Historical states of agents are encoded with type-specific history encoders to
get their individual dynamics features. Inter-agent interaction is represented by
an edge-featured heterogeneous graph with each node containing the dynamics
feature of its corresponding agent. Then the proposed HEAT is applied to the
interaction graph to extract interaction features for all agents in parallel. The
map feature for an agent is processed with a gate mechanism by considering its
dynamics on the map. Then features from these three channels are concatenated
and fed to the agent-type-specific trajectory predictor to predict the future tra-
jectories of all target agents.

• A novel heterogeneous edge-enhanced graph attention network (HEAT) is

designed to model the inter-agent interaction for multi-agent trajectory pre-

diction.

• A gate-based map selector is proposed to allow sharing the map information

across all target agents in a selective manner rather than storing a local map

for each agent or sharing the same map across all agents.

The remainder of this work is structured as follows: Sec. 4.2 introduces existing

works most related to this work. Sec. 4.3 provides an overview of the proposed

method. Sec. 4.4 elaborates on the proposed method and its key components.

Sec. 4.5 validates the proposed method on real-world driving datasets collected

from both urban and highway scenarios. Sec. 4.6 concludes this work and outlines

possible future improvements.
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4.2 Related Work

This section reviews interaction representation for interaction-aware trajectory pre-

diction, various graph neural networks (GNNs) proposed for graph-based tasks,

and how GNNs can be applied to trajectory prediction tasks. The distinction

and advantages of the proposed interaction representation, graph neural network,

and trajectory prediction framework are illustrated following each group of related

works.

4.2.1 Interaction Representation

Interaction-aware trajectory prediction methods have employed many ways to rep-

resent inter-agent interactions recently. Convolutional social pooling designs an

occupancy grid, where each cell contains the feature of the agent that falls in it,

to model the interaction among agents in the grid [58]. The grid representation

is modified in [60] to observe only the eight agents that mostly a↵ect the target

vehicle’s behavior. The grid representation is applicable to highway driving since

the highway is almost straight and can be easily divided into a grid. But this is not

the case for urban driving. Therefore, to model interaction beyond highway driv-

ing, multi-agent tensor fusion (MATF) models the interaction by aligning agents’

individual features to a top-view image of the driving scene [70]. However, it still

ignores the relationships among agents. More and more recent works represent in-

teractions as a graph, where each node represents an agent, and the edge represents

the inter-agent relationship. Authors of [77] propose to represent the inter-vehicle

interaction as a homogeneous directed graph for highway driving, where each ve-

hicle is connected to up to eight of its neighbors. GRIP also uses a homogeneous

graph to model the interaction [80]. The drawback of this kind of method is that

the homogeneous graph ignores the type of agents. On the other hand, ReCoG

proposes to represent the interaction as a heterogeneous graph, where a node rep-

resents either an agent or a map, and an agent is connected to other agents within

a neighborhood [83]. ReCoG ignores the edge attributes between nodes. Vector-

Net [123] and TNT [124] both use a hierarchical heterogeneous graph to represent

the interaction, where each object is represented by a sub-graph, and all the ob-

jects are then represented by a fully-connected graph. Nonetheless, these methods
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fail to consider the edge attributes between nodes. SCALE-Net considers edge at-

tributes and proposes to represent the interaction with an edge-featured homoge-

neous graph, where the edge feature contains relative states between two connected

agents [81]. It ignores the heterogeneity of tra�c participants. Social-WaGDAT

proposes to generate a dynamic pair of history and future graphs for each time

step, yet the nodes are assumed to be homogeneous and with a fixed number [88].

EvolveGraph learns an interaction graph that considers the heterogeneity of nodes

and edges’ types and directions [87]. However, the edge attribute is not considered.

Representing inter-agent interaction as a graph is more natural than using an im-

age or a grid. However, most existing graph representations place all the agents

on the same target-centered coordinate system, which is suitable for single-agent

trajectory prediction but can hardly generalize to multi-agent situations because of

the e↵ects of coordinate translation and rotation. SCALE-Net places all agents in

their own exclusive coordinate systems for generalization and uses edge attributes

to preserve spatial relationships among agents [81]. However, the graph representa-

tion in SCALE-Net is not comprehensive to cover the heterogeneity of agents and

their relationships for trajectory prediction. In this work, we propose to represent

the inter-agent interaction in exclusive coordinate systems as a directed hetero-

geneous edge-featured graph, where di↵erent agents are represented by di↵erent

nodes, and the edge between two agents is assigned with both attribute and type.

4.2.2 Graph Neural Networks

Neural networks have proven their powerful expression ability on tasks with well-

structured data, e.g., image classification [54] with grid-like data and machine

translation [55] with chain-like data. However, there are many interesting tasks

with data represented in the form of graph [125]. More and more recent works

are proposed to generalize neural networks to the graph domain. These works are

either spectral [126–128] or non-spectral approaches [129–131]. Spectral meth-

ods, e.g., Graph Convolutional Networks (GCNs) [128], depend on the Laplacian

eigenbasis of the graph, which is hard to calculate for a large graph, while non-

spectral methods, e.g., Graph Attention Networks (GATs) [131], perform infor-

mation aggregation only on the local neighborhood, avoiding heavy calculation of

Laplacian eigenbasis. However, GATs are designed for homogeneous graphs [131].
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Although it introduces an attention mechanism to aggregate features from neigh-

boring nodes according to edge connections, the edge attribute is not considered.

To address this issue, edge enhanced graph neural network (EGNN) considers con-

tinuous multi-dimensional edge features by using each dimension to guide an in-

dividual attention operation [82]. Convolution with Edge-Node Switching graph

neural network (CensNet) utilizes the line graph of the original undirected graph

and designs convolution operations on both graphs to explore edge features [132].

NENN incorporates node-level and edge-level attentions in a hierarchical manner

and learns the node and edge embeddings in the corresponding level [133]. EGAT

extends GAT with edge embedding to handle continuous edge features of undi-

rected homogeneous graphs [134]. Nonetheless, the heterogeneity of nodes and

edges in a graph is ignored in the above-mentioned works. Heterogeneous graph

attention network (HAN) proposes to handle heterogeneous nodes in a graph with

a hierarchical attention mechanism, where the node-level attends over meta-path-

based neighbors, and the semantic-level attends over di↵erent meta-paths [135].

Heterogeneous Graph Transformer (HGT) proposes node- and edge-type depen-

dent attention mechanism to handle both node and edge heterogeneity in a graph,

followed by a heterogeneous message passing mechanism and target-specific aggre-

gation for feature updating [136]. These GNNs can handle heterogeneity in a graph

but ignore the edge features. For more information about GNNs, please refer to

recent review articles [114, 137].

Most existing GNNs handle heterogeneity and edge features separately and cannot

be directly used to model the interaction represented by a directed edge-featured

heterogeneous graph. In this work, we extend GAT [131] to handle both het-

erogeneity and edge features for interaction modeling in multi-agent trajectory

prediction.

4.2.3 Trajectory Prediction with GNNs

Graph-based interaction representation has attracted more and more interest in

the field of trajectory prediction, which gives rise to the application of GNNs. Au-

thors of [77] test two widely used GNNs (GCN [128] and GAT [131]) and their

adaptions on the trajectory prediction task and find that adaptions of GNNs,

which discern between the target and surrounding agents, outperform the GNNs
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that treat them without distinction. They conceptually prove the e↵ectiveness of

graph-based interaction representation, but the agents’ dynamics are not consid-

ered in their work. GRIP proposes a graph convolutional model, which comprises

convolutional and graph operation layers alternatively, to summarize the temporal

and spatial features of interactive agents [80]. The convolutional layer is applied

to the temporal dimension, and the graph operation is applied to spatial rela-

tionships. Then an LSTM-based encoder-decoder is used for the final prediction.

GRIP can predict the trajectories of multiple agents, but it ignores edge attributes.

SCALE-Net constructs edge attributes with the relative measurements between

two agents and employs Edge-enhanced Graph Convolutional Neural Network [82]

to summarize interactions considering edge attributes [81]. One common issue of

the above-mentioned models is that they ignore the heterogeneity of tra�c par-

ticipants. Social-WaGDAT designs Wasserstein Graph Double-Attention Network

to learn the structure of the interaction graph dynamically and applies kinematic

constraints on the predicted trajectory [88]. VectorNet applies GNNs to a fully-

connected hierarchical graph, where a sub-graph contains the feature of an object

(either an agent or a map component) represented by a sequence of vectors [123].

Heterogeneity is considered in the constructed graph, but the fully-connected graph

ignores the spatial structure of interaction, and the number of edges increases ex-

ponentially with the number of nodes. TNT adopts VectorNet as an interaction

feature extractor and further considers the multimodality of driving by predict-

ing multiple trajectories conditional on selected target points in the map [124].

It shares the drawbacks of VectorNet. ReCoG constructs a heterogeneous graph

to represent agent-agent and agent-infrastructure relationships, where the infras-

tructure (a top-view map) is a node in the graph, and applies GAT and GCN to

extract interaction features [83]. However, edge attributes and types are ignored

in ReCoG.

Existing trajectory prediction methods are proposed for specific interaction repre-

sentations, and they can hardly be applied to new representations. In this work,

we propose our three-channel framework for simultaneous multi-agent trajectory

prediction along with our interaction representation and HEAT network.
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Figure 4.2: Input, graph, and output. Left, the one-second historical tracks
of multiple agents of di↵erent types navigating in a roundabout scene. Middle,
The structure of the constructed directed heterogeneous graph with neighboring
connections. Self-loop is masked out for clarity. Right, the three-second future
trajectories of multiple heterogeneous agents in the scene. The pink and blue
dots show the current positions of vehicle and pedestrian/bicyclist agents, re-
spectively. The solid red lines in the left figure are the historical trajectories of
the agents over the last second. The solid green lines in the right figure are the
corresponding future trajectories in three seconds. This figure is sampled from
a roundabout scenario named DR USA Roundabout FT in the INTERACTION
dataset.

4.3 Structure Overview

This section introduces the high-level structure of the proposed framework for

heterogeneous multi-agent trajectory prediction and its key components, namely,

agent-type-specific history encoder, HEAT-based heterogeneous interaction en-

coder, adaptive map selector, and agent-type-specific trajectory predictor. The

proposed framework has three channels for dynamics, interaction, and map fea-

tures, respectively, then jointly considers these features to predict future trajecto-

ries of heterogeneous agents. See Fig. 4.1 for an illustration of the three-channel

framework.

Input and output. The task (see Fig. 4.2 for an illustration) of this work is to

simultaneously predict multi-agent trajectories of a group of heterogeneous interac-

tive agents considering their inter-agent interactions and the scene context (shown

in the left of Fig. 4.2). At a time t, the input Xt contains each agent’s historical

states and the map of the scene (shown on the left of Fig. 4.2).

Xt = [Ht,M], (4.1)

where Ht = {h
1
t , h

2
t , . . . , h

n
t } contains the historical states of n agents at time t,

M is the scene context. Agent i’s historical states at time t is represented by

h
i
t = [sit�Th+1, s

i
t�Th+2, . . . , s

i
t], with Th as the traceback horizon. The state s

i
t, for
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instance, can be agent i’s position and velocity at t. The number of observed agents

n is variable from case to case. The map M is to be shared by all the agents. The

output contains predicted trajectories of m  n heterogeneous agents (shown in

right of Fig. 4.2):

Ft = {f
1
t , f

2
t , . . . , f

m
t }, (4.2)

where f i
t = [(xi

t+1, y
i
t+1), . . . , (x

i
t+Tf

, y
i
t+Tf

)] is a sequence of the predicted 2D coor-

dinates of agent i over a prediction horizon Tf , Ft is the set of predicted trajectories

of m agents. Please note that the number of target agents m is not necessary to be

equal to n and can vary from case to case. This is a typical situation in which an

autonomous vehicle would need to predict the trajectories of the agents it is inter-

acting with (the target agents), considering other non-target agents’ information.

Agent-type-specific history encoder. To handle the heterogeneity of tra�c

participants, we propose to share a history encoder over a specific type of tra�c

participants. In this work, we assume that there are two types of tra�c participants

(i.e., vehicle and pedestrian/bicyclist), such that there will be two type-specific his-

tory encoders, one for each (see Fig. 4.1). History encoders are applied to individual

agents’ historical states to extract their dynamics features. The dynamics features

are also used in the interaction channel as node features.

HEAT-based heterogeneous interaction encoder. In this work, we repre-

sent the interaction among heterogeneous tra�c participants with a directed edge-

featured heterogeneous graph (see the middle of Fig. 4.2 for an illustration and

Sub.Sec. 4.4.2 for details) and propose a novel heterogeneous edge-enhanced graph

attention network (HEAT) to extract interaction features (see Fig. 4.1). Nodes in

the graph contain dynamics features of corresponding agents out from their history

encoders.

Adaptive map selector. We design a convolutional neural network (CNN) to

extract road features from a bird’s eye view map of the driving scene and selectively

share the map feature across all target agents according to their current positions,

velocities, and yaw angles, by introducing a gate mechanism (see Fig. 4.1).

Agent-type-specific trajectory predictor. Similar to the history encoder, a

trajectory predictor is shared over a specific type of target agents. The target

agents in this work also fall into two categories (i.e., vehicle and pedestrian/bicy-

clist). To simultaneously predict trajectories, the predictor jointly considers the
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target agents’ dynamic features extracted from the history encoder, their interac-

tion features obtained from the interaction encoder, and their corresponding map

features received from the map selector. Please note that the input features of the

trajectory predictors are hidden features (represented by high-dimensional vectors)

from neural networks. See Fig. 4.1.

4.4 Method

This section first provides the architecture of the proposed multi-agent trajectory

prediction framework (4.4.1), then elaborates on the proposed interaction represen-

tation (4.4.2), the proposed heterogeneous edge-enhanced graph attention network:

HEAT (4.4.3), and gated map selector (4.4.4) for the framework.

4.4.1 Heterogeneous Multi-Agent Trajectory Prediction

The framework shown in Fig. 4.1 is proposed for multi-agent trajectory predic-

tion, where there are two types of agents, leveraging both the historical states of

agents and the infrastructure information. To handle the heterogeneity of agents,

we design specific encoders (4.4.1.1) and decoders (4.4.1.4) for each type of agent.

Considered agents are placed in their own exclusive coordinate system, and their in-

teractions are represented by a directed edge-featured heterogeneous graph (4.4.2).

A novel heterogeneous edge-enhanced graph attention network is proposed to ex-

tract interaction features from the constructed graph (4.4.1.2). To utilize the road

structure and share it across all considered agents, we propose an adaptive map

selector (4.4.1.3).

4.4.1.1 Agent-Type-Specific History Encoder

For an agent of type , 2 {vehicle, pedestrian/bicyclist}, its historical states hi
t

is represented by a temporal sequence that can be passed to a type-specific encoder

to extract its dynamics feature. Recurrent Neural Networks (RNNs), e.g., Long

Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU), are widely used

for sequence modeling in machine translation [57, 138] and trajectory prediction [58,
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83]. We adopt GRUs as history encoders in this work (Eq. 4.3) because of their

e↵ectiveness and simplicity:

r
i
t = GRU

hist(h
i
t), (4.3)

where GRU
hist is the historical encoder of agent type  implemented using GRU,

and r
i
t is the dynamics feature of vehicle i at time t. The output of this module is

the dynamics features of all the agents:

Rt = {r
1
t , r

2
t , . . . , r

n
t }, (4.4)

where the dynamics features Rt also serve as the node features in the graph-based

interaction representation.

4.4.1.2 Heterogeneous Interaction Modeling with HEAT

To comprehensively model the inter-agent interaction among heterogeneous agents,

we represent the interaction as a directed edge-featured heterogeneous graph and

propose a novel Heterogeneous Edge-enhanced graph ATtention network (HEAT)

to extract interaction features from the graph representation. Details of the inter-

action representation and the proposed HEAT can be found in Sub.Sec. 4.4.2 and

Sub.Sec. 4.4.3, respectively.

Agents’ dynamics features Rt are put into their corresponding nodes in the graph.

Then the proposed HEAT is applied to the graph to model the interaction features

for all agents simultaneously.

Gt = {g
1
t , g

2
t , . . . , g

n
t } = HEATenc(Rt, Et), (4.5)

where Et is the edge set containing edge indexes, edge attributes, and edge types,

g
i
t the interaction feature of agent i at time t, and Gt interaction features of all

agents.

4.4.1.3 Map Selection with Gate Mechanism

Road structure shapes the motion of agents navigating within an urban scene, so it

is necessary to take into consideration the road structure for trajectory prediction.

Previous single trajectory prediction methods use a fixed-size local map centered at
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the target vehicle’s current position. But for simultaneous multi-agent trajectory

prediction, this map representation has at least two drawbacks: 1) It needs to save

multiple maps for multiple agents. 2) The fixed-size map can be either too large

for a slow agent or too small for a fast agent. To handle the above-mentioned

drawbacks, we propose an adaptive map selection method that allows sharing a

global map across all the agents according to their current positions, velocities,

and yaw angles:

m
i
t = Selectormap

�
M, (xi

t, y
i
t, vx

i
t, vy

i
t,�

i
t)
�
, (4.6)

where M is the global map and (xi
t, y

i
t, vx

i
t, vy

i
t,�

i
t) is the current position, velocity,

and yaw angle of agent i in the map. The selector allows the method to selectively

consider the global map and focus on the most relevant areas. The selected map

feature of agent i is conditioned on its states.

4.4.1.4 Agent-Type-Specific Future Decoder

For an agent of type , 2 {vehicle, pedestrian/bicyclist}, its future trajectory is

predicted using an agent-type-specific future trajectory decoder by jointly consid-

ering its individual dynamics rit, its interaction with other agents git, and the map

feature regarding its current states mi
t.

f
i
t = LSTM

fut([r
i
tkg

i
tkm

i
t]), (4.7)

where LSTM
fut is the future decoder shared across agents of type , [ritkg

i
tkm

i
t] the

concatenation of features, and f
i
t the predicted future trajectory of agent i.

4.4.2 Interaction Representation with Directed Edge-Featured

Heterogeneous Graph.

In this work, we place all agents in their own exclusive coordinate systems and

represent their interaction as a directed edge-featured heterogeneous graph.
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: historical trajectory: vehicle : pedestrian/bicyclist

Shared coordinate system Exclusive coordinate system

Figure 4.3: Shared and exclusive coordinate systems. Left, Heteroge-
neous agents in a shared coordinate system. Right, Heterogeneous agents with
exclusive coordinate systems. An agent’s exclusive coordinate system is with its
origin fixed at the vehicle’s current position and its horizontal axis pointing to
the vehicle’s moving direction.

4.4.2.1 Exclusive Coordinate System

Most existing interaction-aware trajectory prediction methods use either a shared

coordinate system for all agents or an exclusive coordinate system for each to rep-

resent trajectories. A shared coordinate system preserves the spatial relationship

among agents. However, it is sensitive to translation and rotation. The input

to the model becomes totally di↵erent when a new shared coordinate system is

applied. But in the case of the exclusive coordinate system, agents’ states are

represented locally and independent of other agents. The localized exclusive co-

ordinate system standardizes the states of agents but omits spatial relationships

among agents, which should be reserved with edge features to take advantage of

the exclusive coordinate system.

4.4.2.2 Graph Represented Interaction

In this work, we propose to represent inter-agent interaction as a directed edge-

featured heterogeneous graph for multi-agent trajectory prediction. Each node

represents a tra�c participant with a specific type and contains its feature extracted

from a sequence recorded in its exclusive coordinate system. An edge from node

j to node i means that node i’s behavior is influenced by node j, and the edge
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attribute is relative measurements of node j to node i, e.g., position, velocity, and

yaw angle. The edge type is a concatenation of the type of node j and node i. For

details of the edge construction in this work, please refer to Sub.Sec. 4.5.1, and the

code will be released soon.

Definition 2 (Directed Edge-Featured Heterogeneous Graph). A directed edge-

featured heterogeneous graph can be represented by G = (V,E), where V =

{v1, . . . , vn} is the set of n nodes, and E ⇢ V ⇥ V is the set of directed edges.

Each node contains its node feature and belongs to a specific type. Each directed

edge contains an edge attribute and falls into a specific edge type.

Compared to previous works that represent interaction as a homogeneous graph [77],

edge-featured homogeneous graph [81], or heterogeneous graph without edge at-

tributes [87], the proposed representation is more comprehensive. It covers the

heterogeneity of tra�c participants with heterogeneous nodes, preserves their indi-

viduality with exclusive coordinate systems, considers the di↵erence of the mutual

influence between two agents with directed edges, and maintains the spatial rela-

tionship of all the agents using edge attributes.

Transformation-insensitive interaction graph. To model the interaction among

agents of di↵erent types, we construct a directed heterogeneous graph to represent

these inter-agent relationships. An edge eij pointing from agent j to agent i is

constructed if agent j is within a predefined neighborhood of agent i. Each valid

edge eij is assigned with edge attribute and edge type. Then the edge set is:

E = {eij}(j2Ni), i = 1, . . . , n, (4.8)

where i and j are the indexes of agents, and Ni is the neighborhood of agent i.

Self-loops (eii) are included in the edge set. An example of the constructed graph

is shown in the middle of Fig. 4.2

4.4.3 HEAT Layer

The above-mentioned interaction representation should be treated with a graph

neural network that can handle the heterogeneity of nodes, directed edges, and

continuous edge attributes. However, as shown in related works, existing GNNs do
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not handle this in one fell swoop. In this work, we design a heterogeneous edge-

featured graph attention network (HEAT), an extension of GAT, for the proposed

comprehensive interaction representation. HEAT can be constructed by stacking

HEAT layers. A HEAT layer updates node features by aggregating information

from neighborhoods. It first transforms node and edge features accordingly, then

aggregates node features via edge-enhanced masked attention (or optional multi-

head attention) mechanism.

4.4.3.1 Input and Output

The input to the HEAT layer contains a set of node features: h = {~hi|i 2 [1, n]},

where ~hi 2 RFh is the feature vector of node i; and a set of edge attributes: eattr =

{e
attr
ij |i, j 2 [1, n]}, where e

attr
ij 2 RFattr

e is the attribute of the edge pointing from

node j to node i. A set of edge types is represented as etype = {e
type
ij |i, j 2 [1, n]},

where e
type
ij 2 RF type

e is the type of the edge pointing from node j to node i. The

output of the HEAT layer is a new set of node features: h0 = {~h
0
i|i 2 [1, n]},~h0

i 2

RF 0
h .

4.4.3.2 Heterogeneous Transformation

Di↵erent kinds of nodes in a heterogeneous graph have di↵erent feature spaces and

should be projected to a shared feature space. We adopt the node-type-specific

transformation matrixMi( 2 {vehicle, pedestrian/bicyclist}) introduced in [135]

to handle two kinds of nodes in this work. The transformation can be expressed as
~hi = Mi ·~hi. Please note that we will simply re-use symbols including ~hi, eattr, etype

to indicate the transformed feature in the attention ( 4.4.3.3) and aggregation

( 4.4.3.4) parts.

Existing works either consider edge attributes or edge types as edge features,

whereas this is not the case for multi-agent trajectory prediction. We argue that,

for trajectory prediction, edge feature and type are two di↵erent attributes. The

edge features are usually some measurements in a continuous space, such as the

distance between two nodes. However, the edge type is always a discrete indicator.

Thus, we separately consider the edge features and types by introducing the edge
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attribute transformation: eattr = M� · eattr, where M� is the edge attribute trans-

formation matrix, and the edge type transformation: etype = M� · etype, where M�

is the edge type transformation matrix.

4.4.3.3 Edge-Enhanced Masked Attention

For an edge pointing from node j to node i, its edge feature: eij = [eattrij ke
type
ij ], is

a concatenation of its transformed edge attribute and type. For node i, a concate-

nated feature vector e
+
ij = [eijk~hj] represents the feature of node j from node i’s

point of view considering the edge attribute and type. e+ij is then sent to a shared

attention mechanism [55], which is a single-layer feed-forward neural network, ~a,

followed by LeakyReLU non-linearity and softmax normalization. The attention

coe�cient ↵ij indicates the importance of the node j to node i jointly considering

node and edge features. A GAT layer performs masked attention, which attends

over the neighborhood of node i only, to utilize the structural information of the

graph while casting away the edges’ feature and type [131]. In this work, an edge-

enhanced masked attention in Eq. 4.9 is performed to fully consider the graph

attributes:

↵ij =
exp

⇣
LeakeyReLU

⇣
~aT [~hike

+
ij]
⌘⌘

P
k2Ni

exp
⇣
LeakeyReLU

⇣
~aT [~hike

+
ik]
⌘⌘ , (4.9)

where Ni is the neighborhood of node i in the graph. The attention coe�cients

are then used to update the feature of node i with a linear combination over its

neighborhood.

4.4.3.4 Node Feature Aggregation

The feature of node i is updated by calculating a weighted sum of edge-integrated

node features over its neighborhood, followed by a Sigmoid function:

~h
0
i = �

 
X

j2Ni

↵ijWh[e
attr
ij k~hj]

!
. (4.10)

Edge types are not included in the edge-integrated feature since it is discrete

and already considered in the previous attention mechanism (Eq. 4.9). Similar
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Table 4.1: Notations of HEAT layers

~hi Feature vector of node i

h The set of node features in a graph

e
attr
ij The attribute of edge from j to i

eattr The set of edge attributes in a graph

e
type
ij The type of edge from j to i

etype The set of edge types in a graph

eij Concatenation of projected attribute and type

e
+
ij Concatenation of eij and ~hj

↵ij Node j’s attention coe�cient for node i

Ni Neighborhood of node i

k Concatenation

~aT Attention mechanism

� Sigmoid function

h0 The set of updated node features in a graph

to GAT [131], HEAT allows the running of several independent attention mecha-

nisms to stabilize the self-attention mechanism.

The elements of the proposed HEAT layer are listed in Tab. 4.1 for convenience.

4.4.4 Gated Map Selection

The road structure highly a↵ects the motions of tra�c participants, so trajectory

prediction cannot ignore this information. Single-agent trajectory prediction meth-

ods, such as ReCoG [83], use a fixed-size local map centered at the target vehicle’s

current position. However, a fixed-size local map ignores the dynamics of agents.

A small map is enough to predict a slow agent, while a larger map is needed for a

fast-moving agent. Multi-agent prediction methods, such as MATF [70], share the

same map feature across all target vehicles ignoring the fact that di↵erent target

agents are a↵ected by di↵erent parts of the map. To enable selective map sharing,

we propose to apply the gate mechanism on the CNN-extracted map feature for

map selection, which has been widely used in sequence modeling [66, 110, 139].

For example, LSTM has three gates (input gate, forget gate, and output gate) to
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manage the information flows along the sequence data [139]. The input gate is

designed to select what information about the current step is to be added to the

memory of the network. In this work, we design the selection gate z
i
t to select a

map feature for an agent i according to its current state in the map:

z
i
t = �(Wz[ ~Mks

i
t] + bz), (4.11)

where ~M is the map M’s feature vector extracted using a CNN, sit is agent i’s

current state in the map’s coordinate system, Wz is a projection weight matrix, bz

is a bias, � is a Sigmoid function. Thus, zit is a vector with each element containing

a number between 0 and 1. Then the map feature of agent i at time t is selected

with this gate:

m
i
t = z

i
t �

~M, (4.12)

where � is element-wise production and m
i
t is the selected map feature.

4.5 Real-World Dataset Validation

This section first compares the proposed trajectory prediction method with state-

of-the-art models on the recently published INTERACTION dataset [20] for urban

driving, then on the NGSIM US-101 [47] dataset for highway driving. The IN-

TERACTION dataset is provided by the Mechanical Systems Control (MSC) Lab

of the University of California, Berkeley, the Centre for Robotics of MINES Paris-

Tech, and the Institute for Measurement and Control Technology (MRT) of FZI

Research Center for Information Technology and Karlsruhe Institute of Technology.

The NGSIM dataset is provided by the U.S. Federal Highway Administration.

4.5.1 Validation on Heterogeneous Dataset

The proposed heterogeneous multi-agent trajectory prediction method is trained

and validated on the INTERACTION [20]. The full name of the dataset is INTER-

national, Adversarial and Cooperative moTION Dataset. It contains naturalistic

trajectories of di↵erent tra�c participants, e.g., vehicles and pedestrians, in highly

interactive urban scenarios worldwide. The recorded scenarios fall into three cate-

gories: roundabout, intersection, and merging.
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Figure 4.4: Processed data. Left, the directed edge-featured heterogeneous
interaction graph (top) obtained after processing and the map (bottom). Middle,
the mask vectors. Right, the legend of this figure. The interaction graph is
constructed via a close connection strategy, where each node is only connected
to its neighboring nodes via directed edges. A directed edge is identified via its
edge index and contains edge type and edge attribute.

4.5.1.1 Heterogeneous Dataset

INTERACTION dataset provides states of agents at each timestamp along with

a high-definition (HD) map. The state of a vehicle at a timestamp includes its

position, velocity, yaw angle, and shape, while the state of a pedestrian/bicyclist

includes only its position, velocity, and yaw angle. Since this work aims at simul-

taneously predicting trajectories of multiple heterogeneous agents and proposes to

represent inter-agent interaction as a heterogeneous edge-featured graph, the raw

dataset is processed accordingly. Please see Fig. 4.4 for an illustration of the pro-

cessed data and the appendix for a detailed description. The processed dataset is

split to train and validation set following the split suggested by the authors of the

INTERACTION dataset. The processed dataset contains 425, 192 data pieces for

training and 104, 627 for validation.

4.5.1.2 Comparison with State-of-the-art Methods

In this work, we evaluate prediction performance using Average Displacement Er-

ror (ADE) and Final Displacement Error (FDE) in meters adopted by previous

works [83, 124]. The proposed method is compared with the following methods on

the INTERACTION dataset.

• DESIRE: DESIRE predicts multimodal trajectories by jointly considering

motion history, static scene context, and inter-agent interactions. It first
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Table 4.2: Comparison with state-of-the-art methods on the INTERACTION
dataset

Methods MM ADE@3sec (m) FDE@3sec (m)

DESIRE [103] X 0.32 (min6) 0.88 (min6)
MultiPath [59] X 0.30 (min6) 0.99 (min6)
TNT [124] X 0.21 (min6) 0.67 (min6)
ReCoG [83] 0.19 0.65

HEAT-I-R (Ours) 0.19 0.66

generates diverse hypothetical future prediction samples using a conditional

variational auto-encoder, then ranks and refines the samples in an inverse

optimal control framework with regression [103].

• MultiPath: MultiPath handles driving uncertainty by hierarchically mod-

eling intent and control uncertainties. It first produces a set of K anchor

trajectories as intents, then predicts future trajectories conditioned on an-

chors, where the uncertainty is modeled as a Gaussian distribution given an

intent [59].

• TNT: TNT utilizes VectorNet [123] to encode the target agent’s interaction

with surrounding agents and the environment. It first predicts an agent’s

target states within a prediction horizon, then generates trajectories for each

target. Finally, a set of predictions is selected according to estimated likeli-

hoods for multimodality [124].

• ReCoG: ReCoG represents vehicle-vehicle and vehicle-infrastructure interac-

tions as a heterogeneous graph and applies state-of-the-art GNNs for interac-

tion encoding. It predicts a single trajectory for a single target vehicle [83].

Tab. 4.2 compares the proposed three-channel model HEAT-I-R with existing meth-

ods. It shows that: 1) The proposed HEAT-I-R outperforms DESIRE [103] and

MultiPath [59], even though these two methods predict multimodal (MM) trajec-

tories for a single agent and the ADE and FDE are reported with the minimum val-

ues among the multiple predictions [124]; 2) HEAT-I-R matches the performance

of TNT [124] and ReCoG [60]. Please note that TNT [124] predicts six-modal

trajectories for a single agent and reports the minimum ADE and FDE over all

predictions, and ReCoG [83], the winner solution of the INTERPRET Challenge
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Table 4.3: Ablative comparison on the INTERACTION dataset’s DR USA
Roundabout FT scenario

Methods ADE@8sec (m) FDE@8sec (m)

R 3.99 11.64
GAT 3.98 11.59
GAT-R 3.5 10.62

HEAT 3.10 8.83
HEAT-R 3.09 8.84
HEAT-I-R 2.97 8.56

(NeurIPS 2020) [140], predicts a single trajectory for a single target. Compared to

TNT [124] and ReCoG [83], the proposed HEAT-I-R is able to predict trajectories

of multiple agents (MA) simultaneously. The inference time satisfies the real-time

requirements. It uses 0.06 seconds to predict the trajectories of a batch of 128 data

pieces, including hundreds of target agents.

4.5.1.3 Ablative Study

In this work, we conduct ablative studies on the INTERACTION dataset’s DR

USA Roundabout FT scenario for a longer prediction horizon (eight seconds). The

eight-second horizon is selected to challenge our method since a longer-term predic-

tion is intrinsically more di�cult than a short-term one [53]. The following settings

are trained and validated on the same dataset.

• R: One-channel model considering the target vehicle’s RNN-encoded dynam-

ics feature only for future trajectory prediction.

• GAT: One-channel model predicting the future trajectory of the target vehicle

considering its graph-modeled interaction feature extracted using GAT.

• GAT-R: Two-channel model jointly considering the GAT-extracted interac-

tion and RNN-encoded dynamics features for trajectory prediction.

• HEAT: One-channel model predicting the future trajectory of the target vehi-

cle considering its graph-modeled interaction feature extracted using HEAT.

• HEAT-R: Two-channel model jointly considering the HEAT-extracted inter-

action and RNN-encoded dynamics features for trajectory prediction.
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Figure 4.5: Box plots of the TDEs of ablative models. GAT, HEAT,
and HEAT-I-R are selected for the clarity of the box plots.

• HEAT-I-R: The proposed three-channel framework, which combines the tar-

get vehicle’s individual dynamics feature, its interaction feature, and the

selected map feature for trajectory prediction.

The source codes for this section are available online and can be found in Appendix-

C.

Tab. 4.3 shows the ADE@8sec and FDE@8sec of the above-listed implementations.

It is observed that the proposed three-channel framework (HEAT-I-R) outperforms

its two-channel (HEAT-R) and one-channel (HEAT) ablations, which supports the

intuition that individual dynamics, inter-agent interactions, and road information

all benefit trajectory prediction. It is also noticed that the one-channel GAT-

based method (GAT in Tab. 4.3) performs as poorly as the non-interaction-aware
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method (R in Tab. 4.3.), but their combination (GAT-R) improves prediction accu-

racy. GAT-based methods are not suitable for trajectory prediction with exclusive

coordinate systems, where the spatial relationships of agents are stored in edge

features because GATs ignore edge features.

Fig. 4.5 shows box plots of the TDE (displacement error over time) of three abla-

tives models (GAT, HEAT, and HEAT-I-R) over an eight-second prediction hori-

zon. The red boxes show the results of GAT, the green boxes the results of HEAT,

and the blue boxes the result of the proposed HEAT-I-R. Outliers and the results of

other ablative models are not plotted for clarity. It can be seen that the proposed

HEAT-based model shows more stable performance (with a shorter interquartile

range (IQR)) than the GAT-based model, and the proposed three-channel frame-

work (HEAT-I-R) further improves accuracy and stability.

4.5.2 Validation On Homogeneous Dataset

The proposed HEAT is an immediate extension to GAT [131] while the GAT is

designed for homogeneous graphs. To compare the proposed HEAT with GAT

on the single-agent trajectory prediction task, we construct two homogeneous

datasets using vehicle trajectories provided by the publicly accessible NGSIM US-

101 dataset [47]. The trajectories in NGSIM US-101 dataset are recorded from a

segment of U.S. Highway 101 at 10 Hz. Since most of the trajectories did not change

lanes throughout the study area, we reprocess the dataset to build a roughly bal-

anced dataset where lane-keeping trajectories do not dominate the dataset. The

dataset is constructed by first selecting target vehicles that have changed their

lanes only once during recording, then selecting trajectory segments for the target

vehicle and its neighboring vehicles. The data processing procedure is similar to

that in CNN-LSTM [60], a previous work focusing on the NGSIM dataset, except

that an arbitrary number of neighboring vehicles is allowed in this work. After the

above processing, a total of 63, 176 data pieces are selected for training (53, 176)

and validation (10, 000). The selected data is further processed to formulate two

di↵erent datasets, one with exclusive coordinate systems and the other one with a

shared coordinate system. In the former dataset, each agent is placed in its own

coordinate system, in which the agent’s current position and yaw angle are zeros,

while in the latter one, all the agents share the coordinate system whose origin
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is fixed at the current position of the target vehicle and horizontal axis points to

the direction of the target vehicle’s current velocity. The former dataset has edge

attributes containing the relative position of the agent in the source node to the

agent in the target node, while the latter one does not have edge attributes because

of the shared stationary frame of reference.

Similar to the ablative study on the heterogeneous dataset, we implement five

models, namely R, GAT, GAT-R, HEAT, and HEAT-R, to show the e↵ectiveness of

the proposed HEAT layer. Descriptions of these models can be found in 4.5.1.3. All

these models are trained and validated on the dataset with the exclusive coordinate

system, and the GAT-based baselines are further implemented in the dataset with

a shared coordinate system.

We compare the proposed model with state-of-the-art methods and report the

results in Tab. 4.4. The prediction results in this section are evaluated using root-

mean-square error (RMSE) in meters to compare with the existing works [58, 60,

81].

Tab. 4.4 compares the proposed method with existing works. It shows that the

proposed HEAT-R method outperforms existing models at longer prediction hori-

zons (3–5 sec) and matches the state-of-the-art methods in short-term prediction

(1–2 sec). It can be seen that the accuracy of the proposed HEAT-R is quite close

to that of CNN-LSTM [60], which uses a share coordinate system and accepts

exactly eight close neighboring vehicles. However, HEAT-R is able to handle an

arbitrary number of neighboring vehicles and use the exclusive coordinate system

that standardizes the input sequence and narrows down the search space for the

input encoder.

Tab. 4.5 compares HEAT with GAT-based and RNN-based methods, where the

first five rows (#1–5) show the results on the dataset with the exclusive coordinate

system, and the last two rows (#6–7) show the results of GAT-based models on

the dataset with the shared coordinate system. It can be seen that the graph-based

interaction-aware methods (#2–7) outperform the non-interaction-aware RNN-

based one (#1). This observation is consistent with previous works [58, 60, 70],

which shows again the necessity to model interaction for trajectory prediction. The

GAT-based methods show better performance on the second dataset (shared, #6,7)
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compared to the results on the first dataset (exclusive, #2,3). This is quite reason-

able in that GAT ignores the spatial relationship among agents contained in the

edge features in the first dataset, while the spatial relationship is preserved by the

shared coordinate system in the second dataset. The proposed HEAT-based meth-

ods (#4–5) for the dataset with the exclusive coordinate system outperform all

GAT-based methods. This shows the advantage of using the exclusive coordinate

system and applying HEAT for interaction extraction.

It can also be found that the results reported in this section seem poorer than that

of the previous section. But we avoid comparing methods across datasets for the

following reasons: 1) in this section, the main model HEAT-R does not consider

road structure since the highways are usually relatively straight; 2) the average

speed of highway driving is usually higher than that of the urban driving, which

makes the prediction task more challenging; 3) the proposed method is designed

for heterogeneous multi-agent prediction, so it is more suitable for multiple agents’

prediction.

Table 4.4: Prediction performance comparison with existing works (RMSE in
meters) on the NGSIM dataset

Methods
Prediction horizon

1 sec 2 sec 3 sec 4 sec 5 sec

1 HEAT-R (Ours) 0.68 0.92 1.15 1.45 2.05

2 CS-LSTM [58] 0.61 1.27 2.09 3.10 4.37
3 GRIP [80] 0.37 0.86 1.45 2.21 3.16
4 CNN-LSTM [60] 0.64 0.96 1.22 1.53 2.09
5 CS-LSTM(M) [58] 0.62 1.29 2.13 3.20 4.52
6 GAIL-GRU [141] 0.69 1.51 2.55 3.65 4.71
7 Scale-Net [81] 0.46 1.16 1.97 2.91 -
8 MATF-GAN [70] 0.66 1.34 2.08 2.97 4.13

4.5.3 Implications and Limitations

It can be seen from the validation results that the proposed method can simulta-

neously predict multiple heterogeneous objects’ trajectories with state-of-the-art

performance. The assumption and concept of this method are in line with the

real-world implementation scenarios, where autonomous vehicles interact with dif-

ferent types of other road users and need to predict their future motions for better
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Table 4.5: Prediction performance comparison over ablative implementations
(RMSE in meters) on the NGSIM dataset

Methods
Prediction horizon

1 sec 2 sec 3 sec 4 sec 5 sec

1 R-1 0.6931 1.7275 3.0850 4.7735 6.7855
2 GAT-1 0.7808 1.4916 2.3914 3.4981 4.8713
3 GAT-R-1 0.8228 1.6987 2.7385 3.9672 5.4129
4 HEAT-1 0.6590 0.8556 1.0469 1.3216 1.8894
5 HEAT-R-1 0.6794 0.9212 1.1528 1.4457, 2.0518

6 GAT-2 0.7685 1.2115 1.7343 2.4533 3.5466
7 GAT-R-2 0.6439 0.9592 1.2643 1.6489 2.3124

decision-making. The prediction results can be used by the downstream decision-

making and planning modules to improve safety and e�ciency. In addition, not

limited to autonomous driving, this method can be expanded and applied to many

other robotic application domains.

Despite the performance and scalability, the proposed method still has limitations.

Currently, it can only make deterministic predictions, while the motion of moving

agents would have inherent multimodality. This thesis addresses the inherent mul-

timodality of driving behaviors in a map-adaptive way in Chapter 5. In this work,

we assume that the input data is ready to use, but the quality and availability of

the data will be a↵ected by the hardware settings in real-world applications, and

the integration of the proposed method with other sub-modules and algorithms

still needs to be configured in vehicle implementations.

4.6 Conclusions

In this work, we propose a three-channel framework for simultaneous heterogeneous

multi-agent trajectory prediction. We represent the inter-agent interaction in traf-

fic with a directed edge-featured heterogeneous graph, design a novel heterogeneous

edge-enhanced graph attention network for inter-agent interaction modeling, and

introduce a gate mechanism for selective map sharing across all target agents. Val-

idations on both urban (INTERACTION) and highway (NGSIM) driving datasets

show that the proposed method achieves state-of-the-art performance and is able
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to simultaneously predict multi-agent trajectories of an arbitrary number of het-

erogeneous agents.

For future works, one promising direction is to handle the multimodality of tra�c

participants’ behaviors by introducing multimodal prediction. This will largely

reduce the minimum ADE. Another direction is to incorporate rich infrastructure

information, such as tra�c lights, into our framework, to enhance the prediction

accuracy.





Chapter 5

Map-Adaptive Multimodal

Trajectory Prediction Using

Hierarchical Graph Neural

Networks

Both Chapter 3 and Chapter 4 focus on deterministic trajectory prediction ig-

noring the multimodality of driving behaviors. This chapter further extends the

deterministic prediction to map-adaptive multimodal prediction. A heterogeneous

hierarchical graph containing agents and their candidate centerlines (CCLs) is de-

veloped to represent the driving scene. A hierarchical graph operator (HGO) is

proposed to regulate the information flow in graph operations and obtain the en-

coded scene feature for the trajectory decoder. The trajectory decoder is able to

predict a set of possible trajectories of the target vehicle according to its CCLs,

thus making the predictor map-adaptive.

5.1 Introduction

Most recent works have proposed to jointly consider the target agent’s own dy-

namics, its interaction with surrounding agents, and the impacts of infrastructures.

Surrounding agents are the agents that can potentially impact the target vehicle’s

future motion [11]. The selection of criteria varies from study to study. They

79
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represent the agents and the map either separately or integrally and try to predict

multimodal future motions of target agents [21, 59, 61, 76, 86, 124]. However, scene

representation and multimodality for trajectory prediction are far from being well

explored. Most existing works predict a predefined number of possible future mo-

tions of a target agent. A prediction set with a fixed number of options limits the

model to generalize to complex map geometries, and few studies have been done for

map-adaptive prediction. Goal-Net [61] is the map-adaptive method that is most

related to our work. It predicts a set of lane-following trajectories according to

lane centerlines, making it adaptive to di↵erent road structures. It also generates

a motion-based trajectory to cover critical corner cases where a vehicle drives in

an uncooperative way.

In this work, we attempt to represent the complex driving scene and predict the

multimodal motions of a target vehicle in an integrated manner. The following

challenges are to be tackled: First, the number of tra�c participants can vary

from case to case. Second, the road structure is quite complex and shapes the

motion of vehicles to a great extent. Third, the interdependencies among vehicles

and infrastructures are complicated. Forth, driving behavior is multimodal, mean-

ing that given the same situation, there may exist di↵erent future motions. For

example, a vehicle approaching an intersection can either go straight forward or

turn left/right. Fifth, driving behavior is not always rational in some critical cor-

ner cases. We represent the driving scene with a heterogeneous hierarchical graph,

wherein a node is either an agent or one of its CCLs and contains the corresponding

feature. This representation can accommodate an arbitrary number of agents and

their centerlines, thus tackling the first two challenges. We represent interdepen-

dencies among nodes with directed edges and propose a three-stage graph operator

to encode the scene graph. An edge-masking technology is used to regulate infor-

mation flow in di↵erent stages. The hierarchical graph operator is designed to cope

with the third challenge. To handle the fourth and fifth challenges, we design an

integrated multimodal predictor via graph operation and edge-masking that can si-

multaneously predict single-CCL, cross-CCL, and motion-based future trajectories

of a target agent. The graph operation allows our predictor to output a variable

number of trajectories according to the target agent’s CCLs. Thus our method is

map-adaptive.

The main contributions of this work can be summarized as follows:
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Figure 5.1: Overview of the proposed scheme. Given a driving scene con-
sisting of agents and the HD map, we first assign a variable number of CCLs to
each agent according to its dynamics and the road structure. Then we represent
the driving scene with a heterogeneous hierarchical graph (scene graph) with an
additional virtual target agent node. Next, we process the scene graph using our
proposed hierarchical graph operator. Finally, we apply a map-adaptive predic-
tion decoder to predict a variable number of trajectories. These predictions of
the target agent fall into three categories, namely single-CCL, cross-CCL, and
motion-based predictions.

• At the high level, this work designs a map-adaptive multimodal trajectory pre-

diction framework that jointly considers the target agent’s own dynamics, its

interaction with other agents, and the road structure.

• For scene representation and encoding, this work represents the complex driving

scene with a single heterogeneous hierarchical graph. It proposes a hierarchical

graph operator augmented with an edge-masking technology to encode the scene

graph for trajectory prediction.

• For map-adaptive trajectory decoding, this work proposes a comprehensive map-

adaptive multimodal predictor implemented with a graph operation and edge-

masking technology. It produces three kinds of predictions: 1) a set of CCL-

guided trajectories adaptive to the road topology and can generalize to unseen

road structures; 2) a cross-CCL trajectory conditioned on the overall topology,

considering that a driver will not always follow a single centerline; 3) a motion-

based trajectory to cover the corner case where the vehicle is not following the

map topology.

The remaining part of the paper proceeds as follows: Sec. 5.2 introduces two clus-

ters of related works. Sec. 5.3 outlines the main parts of the proposed framework.



82 5.2. Related Work

Sec. 5.4 describes the proposed method in detail. Sec. 5.5 shows the validation re-

sults on a large-scale dataset. Sec. 5.6 provides discussions on the results. Sec. 5.7

concludes this work and lists some possible future works.

5.2 Related Work

This section reviews scene representations for interaction-aware trajectory predic-

tion and multimodal trajectory prediction methods. The distinction and advantage

of the proposed scene representation and multimodal predictor are illustrated fol-

lowing each group of related work.

5.2.1 Scene Representations

Most recent works jointly consider agent and map information for trajectory pre-

diction. The map (with or without agents) information can be represented via

rasterization or vectorization. Rasterization methods render the map (with or

without agents) information into a multi-channel image. Each layer of the image

contains some semantic information, such as the tra�c signals, the road structure,

and the agents’ past trajectories. Multiple-Trajectory Prediction (MTP) renders

the actor’s surrounding map and other actors into an actor-specific RGB (red,

green, and blue) image and distinguishes objects with shapes and colors [76]. Mul-

tiPath uses a single 3-dimensional array to represent the scene, with the first two

dimensions representing spatial locations in a Bird’s Eye View (BEV) image and

the depth dimension holding a rich dynamic and semantic information [59]. ReCoG

represents a target-centered local map as a 2D image, where only road structure is

rendered, then takes the map as a node in a heterogeneous graph to comprehen-

sively represent the scene [83]. HEAT renders the global map into a 2D image and

shares the map information across all target agents via a gate-based map selector.

The agents and the map are represented separately in HEAT [71]. Rasterization is

adopted in previous works because of its simplicity. However, it inevitably losses

information provided by the high-definition map (HD map), like the connectivity

of the lane segments.
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A graph is a natural way to represent the relationships (e.g., either or both of

inter-agent interaction and lanelet connectivity) among objects [125, 142]. ReCoG

represents the relationships among agents and the map via a star-like heteroge-

neous graph, wherein the map node contains features extracted from a raster im-

age [83]. HEAT represents the relationships among di↵erent kinds of agents using

a heterogeneous edge-featured graph. Map information is considered via another

channel [71]. VectorNet represents the driving scene with a hierarchical hetero-

geneous graph, where a higher-level node contains either an agent’s trajectory or

a map feature, and a lower-level node is a vector in a sequence (polyline). The

graph is constructed with full connection ignoring the connectivity among vectors.

The fully-connected graph structure is ine�cient since the number of edges in the

graph grows quadratically with the number of nodes [84]. LaneGCN represents

actors and the map separately. It constructs a lane graph from the HD map pre-

serving connectivity between lane nodes, and saves four types of connections for

downstream encoders [21]. Rather than representing agents as single nodes, Lan-

eRCNN constructs a dynamics-related lane graph for each agent, with each node

containing geometric, semantic, and agent information [86].

We represent the driving scene with a heterogeneous hierarchical graph containing

both agent and CCL nodes. An agent’s CCLs are only connected to the agent itself,

and all the surrounding agents are connected only to the target agent. This star-like

connection makes the number of edges grows linearly, rather than quadratically,

with the number of nodes. Each edge in the graph is assigned a type label, and

the connection of the graph can be stored in a sparse manner. Rather than saving

multiple edge sets and applying a specific graph neural network (GNN) for each,

we utilize an edge-masking strategy to regulate information flow in the graph and

apply a GNN for a subset of edge types hierarchically.

5.2.2 Multimodal Trajectory Predictions

For capturing the inherent multimodality of a moving agent’s future motion, many

works have been proposed to output multiple possible future trajectories of a tar-

get agent. MTP uses a convolutional neural network (CNN) to produce a fixed

number of trajectories for a target agent [76] and shows that setting the model
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to produce three modalities gives the best performance on their metrics. Multi-

Path first clusters trajectories in the training set via K-means to obtain a set of

anchor trajectories then reformulates the task into anchor selection and regres-

sion [59]. CoverNet [143] dynamically generates a trajectory set according to the

target agent’s current dynamic state, then follows the anchor selection and regres-

sion operations introduced in MultiPath [59]. TNT first predicts a fixed number of

targets (final points in a fixed prediction horizon) for a given agent, then estimates

trajectories conditioned on the targets, and finally scores and selects a fixed num-

ber of trajectories as the final prediction [124]. Heatmaps are also used in some

recent works for goal generation [22, 144].

There are also some generative methods for multimodal prediction using conditional

variational auto-encoders (CVAE) or Generative Adversarial Networks (GAN) [103,

145, 146]. However, they are not quite related to our method.

Rather than selecting a fixed number of anchors or targets for all driving scenarios,

Goal-Net [61] predicts a variable number of trajectories that are adaptive to the

road structure. Specifically, it first generates goal paths for a target agent, where

the number of goal paths is determined by the number of centerlines of the mapped

lanes, then constructs a graph to represent the relationship between the target

agent and its goal paths and applies a GNN to predict goal-based trajectories.

Besides, it also has a separate motion-based prediction channel to capture non-

map-compliant behaviors. The map-adaptive nature of the Goal-Net allows it to

handle di↵erent mapped lane topologies. However, GoalNet ignores the vehicles

behind the target and those in other lanes, which can have a critical impact on the

target vehicle’s behavior. For example, the behavior of a target vehicle operating

an unprotected left turn will be a↵ected by the vehicles in the lane on its left side.

However, GoalNet does not consider this information. In addition, the goal-free

prediction, although also named as motion-based, is not purely based on the target

vehicle’s past motion, thus not able to cover the critical corner case where a vehicle

just maintain its motion, which can be in either normal (e.g., cruising) or critical

situations (e.g., brake failure). However, the assumption that a vehicle will always

follow a given lane ignores the fact that a vehicle sometimes navigates through

references not covered by a single centerline, as stated in [147].

To address the above-mentioned limitations of GoalNet, we propose a map-adaptive
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multimodal trajectory predictor that can predict single-CCL, cross-CCL, and motion-

based trajectories of a target agent simultaneously based on a comprehensive rep-

resentation of all nearby agents and CCLs. CCL-based predictions condition the

target agent’s future motions on individual CCLs, while the cross-CCL prediction

tries to produce an overall prediction considering all the information in case a

specific CCL cannot explain the target agent’s behavior or there is no CCL can

be retrieved from the lane graph. The motion-based prediction extrapolates the

actor’s current motion into the future to capture non-map-compliant behaviors,

which is a corner case critical for safety.

5.3 Structure Overview

This section introduces the high-level architecture of the proposed map-adaptive

multimodal trajectory predictor. The predictor takes as input both the historical

states of multiple agents and their CCLs retrieved from the HD map and then

outputs a variable number of possible future trajectories of a target agent. The

number of predictions depends on the number of the target agent’s CCLs. Given

the input, our framework first represents the input as a heterogeneous hierarchical

graph (scene graph). Then it encodes the scene graph with a hierarchical graph

operator. Next, it applies a map-adaptive graph operator for multimodality. Fi-

nally, a decoder is applied to each modality to produce the final trajectories. See

Fig. 5.1 for an illustration of the pipeline.

Input and output. This work aims to predict a set of multimodal trajectories

of a target agent given the agents’ dynamics and the local map. At a time t, the

input Xt contains historical states of considered agents and their CCLs:

Xt = [Ht, Ct], (5.1)

where Ht = {h
1
t , h

2
t , . . . , h

n
t } contains the historical states of n agents at time t

and Ct = {c
1,1
t , c

1,2
t , . . . , c

2,1
t , c

2,2
t , . . . , c

n,m�1
t , c

n,m
t } contains the CCLs of each agent.

h
i
t = [sit�Th+1, s

i
t�Th+2, . . . , s

i
t] is the historical states of agent i over a traceback

horizon Th, where s
i
t = [xi

t, y
i
t, vx

i
t, vy

i
t] is the states (position and velocity) of agent

i at time t. ci,jt = [(x, y)i,j1 , (x, y)i,j2 , . . . , (x, y)i,j20 ] is the jth CCL of agent i at time t
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that contains 20 way-points. Note that the number of considered agents n and the

number of CCLs of an agent m vary from case to case.

Without loss of generality, we number the target agent with one. Then the output

is a set of its future trajectories:

Ft = {f
1,1
t , f

1,2
t , . . . , f

1,m
t , f

1,m+1
t , f

1,m+2
t }, (5.2)

where f
1,j
t = [(x1,j

t+1, y
1,j
t+1), . . . , (x

1,j
t+Tf

, y
1,j
t+Tf

)] is jth sequence of predicted XY coor-

dinates of the target agent over a prediction horizon Tf . The first m predictions are

based on the target agent’s m CCLs. f 1,m+1
t is the cross-CCL prediction and f

1,m+2
t

is the motion-based prediction. The predicted trajectories are further described in

Sub.Sec. 5.4.4.

Heterogeous hierarchical scene graph. Given the agents and their CCLs, we

represent their relationships with a heterogeneous hierarchical graph. A node in

the graph is either an agent or a CCL of an agent. To keep the connection sparse,

the CCL nodes of an agent are only connected to the agent node itself, and all

the surrounding agents are only connected to the target agent node. We adopt a

distance threshold [80] to select surrounding agents. That is, only agents whose

distances to the target vehicle are below a threshold are considered surrounding

agents. Specifically, the threshold is set to 50 meters in implementation. Each

raw node feature is first processed by a corresponding Recurrent Neural Network

(RNN). Then an agent node contains its dynamics feature, and a CCL node con-

tains its sequential feature accordingly. We also introduce a virtual target node

into the graph to preserve the dynamics feature of the target agent from graph

operation for motion-based prediction.

Hierarchical graph operator. We design a three-stage graph operator with in-

formation flow regulation to encode the scene graph. The information flow is reg-

ulated by an edge-masking technology that masks out certain edges in the graph

before graph operation. The first stage lets information flows from surrounding

agents’ CCLs to the surrounding agents. Then the second stage lets information

flows from surrounding agents to the target agent. The third stage lets the target

agent collect information about its CCLs. These stages are implemented by apply-

ing a graph operator on the graph with masked edge indexes. After this operation,
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the target agent node collects information about its surrounding agents and its

own options.

Map-adaptive trajectory predictor. Rather than implicitly account for multi-

modal behaviors by generating a fixed number of future trajectories via multimodal

regression, we explicitly link driving modalities with CCL options and propose to

predict a set of future trajectories of a target agent according to the number of

its CCLs. This is realized via graph representation and operation. In addition to

predictions relying on CCLs, the predictor also produces a motion-based predic-

tion concurrently to cover corner cases. The motion-based prediction is integrated

into the graph representation and operation by introducing a virtual target node

into the graph. Besides adding a virtual target node to the graph, no further op-

eration is needed for motion-based prediction. This is because that graph neural

networks (GNNs) process all nodes at the same time, no matter whether the node

is connected to others or not.

5.4 Method

In this section, we describe our map-adaptive trajectory prediction method in de-

tail. We first show how we represent the driving context as a heterogeneous hier-

archical graph (5.4.1) and how we process raw node features for the usage of the

downstream hierarchical graph operator (5.4.2). Then we describe the hierarchi-

cal graph operator (5.4.3) and the prediction decoder (5.4.4), followed by a short

introduction to the loss used for training (5.4.5).

5.4.1 Heterogeneous Hierarchical Scene Graph

In this work, we represent the driving scene as a heterogeneous hierarchical graph,

where the nodes and edges fall into di↵erent categories. The hierarchical graph

contains two layers, where the lower layer is the agent-CCL graph and the upper

layer is the inter-agent interaction graph. The agent-CCL graph is a star-like graph

with the agent at the center and all its CCLs linked to it (indicated by deep gray

arrows in the second block of Fig. 5.1). The interaction graph is another star-like

graph with the target agent at the center and all neighboring nodes linked to it
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(indicated by light gray arrows in the second block of Fig. 5.1). In addition to

the objects in the driving scene, we introduce a virtual target agent node (light

green node with a dashed border in the second block of Fig. 5.1) for motion-based

prediction. The virtual node is isolated in the graph and has no CCL nodes to

form a sub-graph. We also assume that each node in the graph has a self-loop for

information preservation. But, for clarity, these self-loops are not plotted. The

graph contains five kinds of nodes and many kinds of edges.

There are many advantages of this representation: 1) the graph representation can

accommodate an arbitrary number of objects; 2) the heterogeneous graph can com-

prehensively represent di↵erent kinds of objects; 3) the star-like graph structure is

sparse so that it is more e�cient compared to graphs with dense connectivity [124];

4) the hierarchical structure allows information flow from local to global; 5) the

introduced virtual node preserves the target agent’s dynamics for motion-based

prediction.

Candidate centerlines selection. The Argoverse dataset provides centerline

segments and their connectivity. It also provides a map API (Application Pro-

gramming Interface) to interact with the HD map. We can get a vehicle’s CCLs

given its latest trajectory with this API. For more details of this map API, please

refer to their released code.

Graph construction. We construct a heterogeneous hierarchical graph to rep-

resent the interdependencies among agents and CCLs. The graph contains two

types of objects (agents and CCLs), and they are further divided into four types

of nodes (target agent, surrounding agents, target agent’s CCLs, and surrounding

agents’ CCLs). In addition to these nodes, we introduce a virtual target node in

the constructed graph to integrate motion-based prediction. For an agent node,

the raw node feature is the agent’s historical states. For a CCL node, the raw node

feature is a sequence of XY coordinates of this CCL. A directed edge pointing from

node j to node i means that node j has an impact on node i, and there will be

information flow from node j to node i. Each edge is associated with an edge type

determined by the edge’s source and target nodes. The edge set is represented as:

E = {eij}(j2Ni), i = 1, . . . , N, (5.3)

https://github.com/argoai/argoverse-api/blob/469bb466a8df04d48cc1c1c840c4695fd3d97e74/argoverse/map_representation/map_api.py
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Table 5.1: Nodes and edges in the scene graph

TarAg Target agent node
VirTarAg Virtual target agent node
SurAg Surrounding agent node
TarCCL Target agent’s CCL node
SurCCL Surrounding agent’s CCL node

TarAg-Loop Self-loop of the TarAg node
VirTarAg-Loop Self-loop of the VirTarAg node
SurAg-Loop Self-loop of the SurAg node
TarCCL-Loop Self-loop of the TarCCL node
SurCCL-Loop Self-loop of the SurCCL node
SurCCL!SurAg Edge from SurCCL node to SurAg node
SurAg!TarAg Edge from SurAg node to TarAg node
TarCCL!TarAg Edge from TarCCL node to TarAg node
TarAg!TarCCL Edge from TarAg node to TarCCL node

Agent 
Encoder

CCL 
Encoder

Agent sequences

CCL sequences

Dynamics 

features

Sequential

features

: Target agent
: Directed edge

: Surrounding agent : Virtual target agent
: Candidate centerline

: Past trajectory
: Node feature

Figure 5.2: Agent and CCL encoders. Given the agents’ historical states
and CCLs, we apply agent and CCL encoders to extract sequential dependence
in corresponding sequences. Then we take the extracted features as node features
of the scene graph.

where eij is a directed edge from node j (the source node) to node i (the target

node), Ni is the neighborhood of node i, and N is the number of nodes in the

graph. Self-loops (eii) are included in the edge set since a node is also counted as

a neighbor of itself. An example of the constructed graph is shown in the second

block of Fig. 5.1. Tab. 5.1 shows the node and edge types in this heterogeneous

hierarchical graph.



90 5.4. Method

5.4.2 Agent and CCL Encoders

Since there are two kinds of objects in our scene graph, i.e., vehicles and their

CCLs, we introduce one shared encoder for each type. We assume that the CCLs

are sequences of XY coordinates and the historical states of vehicles are sequences

of their positions and velocities over the last two seconds. All coordinates are

defined in the target-centered coordinate framework, whose origin is fixed at the

target agent’s current position and horizontal axis aligned to the target agent’s

current heading direction.

5.4.2.1 Agent Dynamics Encoder

An agent is represented by a sequence of its historical states. We use a Gated

Recurrent Unit (GRU [110]) network to model its dynamics from its historical

states:

r
i
t = GRUagn(h

i
t), (5.4)

where hi
t is the historical sequence of vehicle node i at time t, GRUagn is the GRU

network for agents dynamics encoding, and r
i
t is is the extracted temporal feature.

5.4.2.2 Candidate Centerline Encoder

A CCL is represented by a sequence of XY coordinates. We use another GRU

network to model the sequential dependencies in a centerline sequence:

r
j
t = GRUccl(c

j
t), (5.5)

where cjt is the way-point sequence of CCL j at time t, GRUccl is the GRU network

for centerline encoding, and r
j
t is is the extracted sequential feature. Then the

extracted features Rt = {r
1
t , r

2
t , . . . , r

i
t, r

j
t , . . . , r

N�1
t , r

N
t } are taken as node features

of the scene graph. Please see Fig. 5.2 for an illustration of the sequence encoding.
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: Target agent : Surrounding agent : Virtual target agent : Candidate centerline
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Figure 5.3: Information flow in the hierarchical graph operator
(HGO). The information flow is regulated by edge-masking. The first stage
of HGO is for surrounding agents’ CCL-awareness. The second stage is for the
target agent’s interaction-awareness. The third stage is for the target agent’s
CCL-awareness. Each stage is implemented with a graph operation with edge-
masking.

5.4.3 Hierarchical Graph Operator

In this subsection, we introduce the hierarchical graph operator (HGO) with the

edge-masking technique (5.4.3.1) designed to encode the scene graph. HGO consists

of three stages, namely 1) surrounding agents’ CCL-awareness, 2) the target agent’s

interaction-awareness, and 3) the target agent’s CCL-awareness. The first stage

(5.4.3.2) allows the surrounding agents to gather information from their CCLs.

The second stage (5.4.3.3) then allows the target agent to model its interaction

with the surrounding agents. The third stage (5.4.3.4) then brings CCL-awareness

to the target agent. Each stage is implemented with a separate Graph Attention

Network (GAT [131]) with information flow regulated by the edge-masking tech-

nology. GAT is selected because it is widely used and powerful in even handling

heterogeneous graphs. Authors of [93] prove that GAT with proper inputs can gen-

erally match or outperform existing heterogeneous GNNs across various scenarios.

It is worth noting that HGO is open to being implemented with other GNNs (e.g.,

Graph Convolutional Networks (GCNs)). The information flow in HGO is shown

in Fig. 5.3. Since GAT is utilized to implement the graph operators throughout

this work, we first briefly introduce it before diving into the details.

Graph Attention Network. In this work, we want to model the e↵ects of a

target vehicle’s surrounding agents and CCLs on its future motion and represent

this relationship as a graph. Many GNNs are designed to apply neural networks to

graph learning tasks. We select GAT [131] considering that: 1) its e↵ectiveness has
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been proven in many graph learning tasks; 2) it operates in the local neighborhood;

3) its attention mechanism allows us to model the importance of di↵erent factors.

For a node i, a GAT layer first computes attention coe�cients over its neighbor-

hood:

↵ij =
exp

⇣
LeakeyReLU

⇣
~aT [W~hikW~hj]

⌘⌘

P
k2Ni

exp
⇣
LeakeyReLU

⇣
~aT [W~hikW~hk]

⌘⌘ , (5.6)

where ~hi is the node feature of node i, ~hj the node feature of node i’s neighboring

node j, W a shared linear transformation applied to every node, ~aT an attention

mechanism implemented with a single-layer fully-connected network, LeakeyReLU

the used nonlinearity, and Ni the neighborhood of node i. Then it updates the

feature of node i via a linear combination of features of neighboring nodes according

to the normalized attention coe�cients:

~h
0
i = �

 
X

j2Ni

↵ijWh
~hi

!
, (5.7)

whereWh is the linear transformation matrix, and � is the sigmoid function. Please

note that GAT also supports multi-head attention for learning stabilization. In

a GAT operation, information only flows along directed edges so that it can be

regulated by manipulating the edge set. For details of the GAT layer, please refer

to [131].

5.4.3.1 Edge-Masking

Data masking is a technique to hide irrelevant information from a model so that

it can be trained on more relevant data for a specific task. This technique is

widely used in language and vision models and shows promising improvements [148,

149]. Inspired by data masking, we propose edge-masking, a technique that hides

irrelevant edges of a graph before processing it with a GNN, to train task-specific

GNNs. In the setting of GNNs, information flows from one node to another through

the edge between them. The information in node j can only be passed to node

i through GNN operations if there is an edge from j to i. So we can regulate

information flow from nodes to nodes (which can be of di↵erent types) by hiding

irrelevant edges via edge-masking to train GNNs for specific sub-tasks. This is

di↵erent from HetGNN [150], which applies a GNN for each type of edge connection.
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Using the edge-masking technique, we only need to save one edge set with several

edge masks for each graph operator.

5.4.3.2 Surrounding Vehicles’ CCL-Awareness

Before modeling interactions between the target and its surrounding agents, we first

let these surrounding agents gather information from their own CCLs. This opera-

tion, when modeling inter-agent interactions in the following stage, gives the target

agent a broader view of the road structure and possible motions of its surround-

ing agents. We apply a GAT to the entire graph with edge-masking to regulate

information flow in this graph operation so that the information only flows from

surrounding agents’ CCL nodes to themselves:

G
1
t = GAT1(Rt, E1), (5.8)

where Rt contains node features for both agent and CLL nodes, and E1 is the edge

set retrieved via masking for this stage. GAT1 is the GAT for this stage, and G
1
t is

the output of this stage. Each surrounding agent node inG
1
t is with CCL-awareness.

All the other nodes, i.e., the target, the virtual target, and all the centerline nodes,

remain isolated. The information flow regulated by edge-masking is shown in the

first block of Fig. 5.3. Specifically, the edges of the following types are used in

this graph operator: {SurCCL!SurAg, TarAg-Loop, SurAg-Loop, TarCCL-Loop,

VirTarAg-Loop}.

5.4.3.3 Target Vehicle’s Interaction-Awareness

In the second stage, we allow the target agent to gather information from its

neighborhood. Since its neighboring agents are aware of their corresponding CCLs,

this stage provides interaction-awareness to the target vehicle along with further

road-awareness from its neighbors:

G
2
t = GAT2(G

1
t , E2), (5.9)

where G
1
t is the output of Eq. 5.8, E2 the edge set retrieved via masking for this

stage, GAT2 the GAT for this stage, and G
2
t the output of this stage. This stage

brings interaction-awareness (ITA-awareness) to the target agent node. All the
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other nodes, i.e., the surrounding agents, the virtual target, and all the CCL nodes,

remain isolated. The information flow regulated by edge-masking is shown in the

second block of Fig. 5.3. Specifically, the edges of the following types are used in

this stage: {SurAg!TarAg, TarAg-Loop, SurAg-Loop, TarCCL-Loop, VirTarAg-

Loop}.

5.4.3.4 Target Vehicle’s CCL-Awareness

The third stage is to make the target agent aware of its options, that is, its CCLs:

G
3
t = GAT3(G

2
t , E3), (5.10)

where G
2
t is the output of Eq. 5.9, E3 the edge set retrieved via masking for this

stage, GAT3 the GAT for this stage, and G
3
t the output of this stage. This stage lets

the target agent look at its CCLs with knowledge of surrounding agents’ options

and interactions. All the other nodes, i.e., the surrounding agents, the virtual

target, and all the CCL nodes, remain isolated. The information flow regulated by

edge-masking is shown in the third block of Fig. 5.3. Specifically, the edges of the

following types are used in this stage: {TarCCL!TarAg, TarAg-Loop, TarCCL-

Loop, VirTarAg-Loop}.

5.4.4 Map-Adaptive Trajectory Predictor

Our approach utilizes a variable number of CCLs to predict three kinds of future

trajectories of a vehicle of interest. The number of CCLs depends on the lane

geometry of the driving scene, and the predicted trajectories include single-CCL,

cross-CCL, and motion-based predictions. This design is based on the following

observations: 1) the road structure mainly shapes the motion of vehicles, and

the vehicles tend to follow centerlines when driving to keep a safe distance from

each other; 2) there are some situations where a vehicle will drive along with a

combination of two or more centerlines; 3) the motion of a vehicle can purely

depend on its own dynamics in some corner-cases.

To handle the variable number of CCLs, we adopt the graph representation and a

GNN in this predictor. Fig. 5.4 shows an illustration of this predictor. The graph
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Figure 5.4: Map-adaptive trajectory predictor. After encoding, we apply
another GAT on the graph with edges shown in the left block of this figure. This
is to distribute the target agent’s feature to the CCL nodes and let the target
agent node reconsider its options (CCLs). Then we apply a trajectory decoder
to output the final multimodal prediction.

structure used by this predictor is shown in the left block of Fig. 5.4, which is

a heterogeneous graph containing three types of nodes: a target node, a virtual

target node, and a set of CCL nodes of the target vehicle. The graph structure

is also obtained via edge-masking. Throughout all the previous encoding stages

with our information flow regulation strategy, the node features are updated and

contain corresponding features for three types of predictions. The target node

contains the overall information of the scene; the virtual target node contains its

own dynamics; the target vehicle’s CCL nodes contain corresponding CCL features.

Since we are focusing on the target agent, all surrounding agents and their CCL

nodes are ignored in this part. Given the number of the target vehicle’s CCLs, our

predictor will output m+ 2 predictions:

Ft = MLPpred

�
GATpred(G

3
t , E4),Masktar

�
, (5.11)

where G
3
t is the output of Eq. 5.10, E4 the edge set retrieved for this stage via

masking, GATpred the GAT used for prediction. Masktar is used to select the tar-

get agent node and the target CCL nodes from the output of GATpred. MLPpred is

the trajectory decoder implemented with a multilayer perceptron (MLP), and Ft is

the predicted future trajectories of the target agent. Ft contains m single-CCL pre-

dictions, one cross-CCL prediction, and one motion-based prediction. Specifically,

the edges of the following types are used in this graph operator: {TarCCL!TarAg,

TarAg!TarCCL, TarAg-Loop, TarCCL-Loop, VirTarAg-Loop}.
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5.4.5 Modified MTP Loss for This Work

We modify the Multiple-Trajectory Prediction (MTP) loss proposed in [76] to train

our map-adaptive prediction framework in an end-to-end way. The modified MTP

loss takes as input a set of predicted trajectories and one ground truth trajectory of

the target agent. Unlike the original MTP loss, the modified MTP loss minimizes

the regression loss only. It first selects the predicted trajectory with the smallest

average L2 distance to the ground truth as the best mode, then calculates the

smoothed L1 loss between the best prediction and the ground truth trajectory.

For more details about the MTP loss, please refer to [76].

5.5 Real-World Dataset Validation

In this section, we first introduce the large-scale real-world dataset (5.5.1) and

metrics (5.5.2) used for validation. Then we compare our method with existing

methods on the Argoverse motion forecasting benchmark (5.5.3). Next, we show

the results of our ablation studies (5.5.4) followed by visualized predictions (5.5.5)

and the implementation details of this work (5.5.6).

5.5.1 Argoverse Motion Forecasting Dataset

The proposed scheme is trained and validated using the recently published Argo-

verse motion forecasting dataset [51]. The dataset consists of 327,790 interesting

driving scenarios extracted from over 1,000 driving hours. Each scenario is a 5-

second long segment and contains the 2D, birds-eye-view centroid of each tracked

object sampled at 10 Hz. The first 2 seconds are observation and the next 3 sec-

onds are to be predicted. The dataset also provides an HD map for each scenario

along with a map API for easily using the map information (e.g., get the CCLs

of an agent given its past trajectory). The dataset is split into 208,272 training

sequences, 40,127 validation sequences, and 79,391 test sequences.

Since this work focuses on trajectory prediction for a single target agent, we use

a shared coordinate system for all the trajectories and waypoints. The origin

of the shared frame of reference is fixed at the target agent’s current position,
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and the horizontal axis is aligned with the target agent’s heading direction. This

makes our method robust to coordinate transformation since data represented in

other coordinate systems can always be transformed to be target-centric. For an

agent node, its raw node feature is the historical states (a 20⇥ 4 array containing

[x, y, vx, vy] at each time step) of the agent over the past two seconds. Note that

the velocity ([vx, vy]) is calculated rather than provided by the dataset. For a CCL

node, its raw node feature is a sequence of waypoints sampled from the CCL. All

the CCLs are reshaped into a 20⇥ 2 array.

5.5.2 The Evaluation Metrics

We adopt Average Displacement Error (ADE) and Final Displacement Error (FDE)

in meters to evaluate prediction performances. ADE and FDE are widely used in

previous works [83, 124], and they are calculated as below:

ADE =
1

Tf

TfX

⌧=1

p
(x̂⌧ � x⌧ )2 + (ŷ⌧ � y⌧ )2, (5.12)

FDE =
q
(x̂Tf

� xTf
)2 + (ŷTf

� yTf
)2, (5.13)

where (x̂⌧ , ŷ⌧ ) and (x⌧ , y⌧ ) are the predicted and ground truth positions in XY

coordinates at time ⌧ , respectively, and Tf is the prediction horizon. We evaluate

the multimodal prediction with minimum ADE (minADE) and minimum FDE

(minFDE) over multiple modalities.

5.5.3 Comparison with existing Methods

We compare our model with existing models proposed in recent years and two o�-

cial baselines provided by the Argoverse dataset on the Argoverse motion forecast-

ing benchmark. The benchmark allows up to six predictions so that we replace our

map-adaptive decoder with a decoder that predicts six possible future trajectories

of a target agent for a fair comparison. We report the results in terms of minADE,

minFDE, and miss rate (MR). Miss rate is the number of scenarios where none of

the predicted trajectories of a target agent are within 2.0 meters of the ground truth

according to endpoint error [152]. The MR is listed, but the comparison is mainly
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Table 5.2: Performance on Argoverse motion forecasting benchmark (test set)

Methods
K=1 K=6

minADE minFDE MR minADE minFDE MR

1 Argoverse Baseline [51] 2.96 6.81 0.81 2.34 5.44 0.69
2 Argoverse Baseline (NN) [51] 3.45 7.88 0.87 1.71 3.29 0.54
3 Holmes [151] 2.91 6.54 0.82 1.38 2.66 0.42
4 cxx [19] 1.91 4.31 0.66 0.99 1.71 0.19
5 Jean [19, 89] 1.86 4.18 0.63 0.93 1.49 0.19
6 LaneGCN [21] 1.71 3.78 0.59 0.87 1.36 0.16
7 LaneRCNN [86] 1.68 3.69 0.59 0.90 1.45 0.12
8 DenseTNT [22] - - - 0.94 1.49 0.11
9 TNT [124] 2.17 4.96 0.71 0.91 1.44 0.17
10 GOHOME [144] - 3.65 0.57 0.94 1.45 0.11

11 Ours 1.88 4.18 0.64 0.89 1.40 0.17

on minADE and minFDE. It can be seen from Tab. 5.2 that our model significantly

outperforms both baselines and the Holmes method. Our model also outperforms

cxx (the third-place winner of the Argovese motion forecasting challenge 2019),

Jean (the first-place winner of the Argovese motion forecasting challenge 2019),

LaneRCNN, TNT, DenseTNT, and GOHOME in terms of minADE and minFDE.

The performance of our model matches that of LaneGCN, which is the first-place

winner of the Argoverse motion forecasting challenge 2020. These results show the

e↵ectiveness of the proposed scene representation and encoding approach.

5.5.4 Ablative Studies

We conduct ablative studies to show the importance of each module (g1, g2, g3)

and the superiority of the proposed approach compared to a single GAT (G). In

Tab. 5.2, r, if checked, means that the model uses RNN (GRU) to encode sequences;

each of the graph operators (g1, g2, and g3), if checked, means that the model uses

the checked encoder(s); G, if checked, means that the model uses a single GNN

to encode the entire hierarchical heterogeneous graph. All the ablative models are

implemented with the proposed map-adaptive predictor (5.4.4). The number of

predicted trajectories adapts to the number of CCLs of the target agent. They

di↵er from each other mainly in the encoder part:

• cl-r: The simplest model that encodes only the target agent’s past dynamics

using an RNN for prediction. No interaction and lane information is considered.
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Table 5.3: Ablative study results

Methods r g1 g2 g3 G minADE minFDE

1 cl-r X 0.883± 0.008 1.716± 0.017
2 cl-r-g2 X X 0.827± 0.01 1.561± 0.019
3 cl-r-g3 X X 0.838± 0.015 1.602± 0.033
4 cl-r-g1g2 X X X 0.817± 0.017 1.533± 0.042
5 cl-r-g2g3 X X X 0.798± 0.014 1.487± 0.036
6 cl-r-G X X 0.817± 0.011 1.549± 0.029
7 cl-r-g1g2g3 X X X X 0.783± 0.003 1.448± 0.006

• cl-r-g2: The model that encodes all vehicles’ dynamics and their interactions

using RNN and GAT (g2), respectively. No lane information is considered in

this model.

• cl-r-g3: The model that encodes the target agent’s past dynamics and its CCLs

using di↵erent RNNs and realizes the target vehicle’s CCL-awareness using a

graph operation (g3). No interaction is considered.

• cl-r-g1g2: The model that encodes all vehicles’ dynamics and the surround-

ing agents’ CCLs, then updates surrounding agents’ features with their CCLs

information using a GAT (g1), next models their interaction with the target

vehicle using another GAT(g2). The target agent’s CCLs are not considered in

the encoding part.

• cl-r-g2g3: The model that first encodes all vehicles’ dynamics and the target

agent’s CCLs using RNNs (r), then models inter-agent interaction using a GAT

(g2), next updates the target node with its CCLs information using another GAT

(g3). Surrounding agents’ CCLs are not considered.

• cl-r-G: The model that encodes all vehicles’ dynamics using RNNs and models

the complex relationship, represented by a heterogeneous hierarchical graph,

using a one-layer GAT (G). This model has access to the target vehicle’s CCLs

and surrounding vehicles.

• cl-r-g1g2g3: The proposed model.

The results of the implemented models are shown in Tab. 5.3, where we run each

model five times and report the mean and standard deviation of their minADE and

minFDE. It can be observed that as we progressively add more graph operators,
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both minADE and minFDE decrease and the proposed method shows the most sta-

ble performance. This demonstrates the e↵ectiveness of our framework. Besides,

there are some more observations we can draw from Tab. 5.3: 1) comparing row 2

and row 3 with row 1, we can see that both the target agent’s interaction-awareness

(g2) and overall CCL-awareness (g3) improve the performance, respectively; 2)

comparing row 4 with row 2, we can observe that the surrounding agents’ CCL

awareness (g1) is useful for trajectory prediction; 3) comparing row 5 with row 2

and row 3, we can see that combining the target agent’s interaction awareness (g2)

and its overall CCL awareness (g3) improves the performance; 4) comparing row

5 with row 6, we can observe that our framework with hierarchical graph operator

(g2g3) outperforms the model using a single GAT (G) to model a heterogeneous

hierarchical graph, despite both having access to the same data in the graph. 5)

Comparing row 7 with the rest of the rows, we can tell that the proposed hierar-

chical graph operator outperforms all its ablations. This shows the e↵ectiveness of

the proposed HGO.

We also show the minADE and minFDE results of all ablative models in Fig. 5.5

for an intuitive comparison. The results of one ablative model are shown in the

same color. The top of Fig. 5.5 shows the minADE results, and the bottom shows

the minFDE results. The average values over five experiments are shown in colored

bars, and the standard deviations are shown at the top of the corresponding bars.

It can be seen that the proposed model outperforms all the ablative models and

achieves the best minADE and minFDE in a more stable way.

5.5.5 The Visualized Results

In Fig. 5.6, we show that our method is able to predict a variable number of

trajectories of a target agent according to its CCLs. It can be seen that our method

is able to predict three types of trajectories. The left part of Fig. 5.6 shows the

case where the target vehicle has only one CCL. It can be seen that motion-based

prediction extrapolates its historical track, and the cross-CCL prediction is the

closest to the ground truth. The middle part shows the case where the target

vehicle has two CCLs. It can be seen that the proposed model is able to generate

four predictions according to the number of CCLs, and one of the single-CCL

predictions is closest to the ground truth. The right part shows the case where
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Figure 5.5: Minimum ADE and FDE of ablative models. Top, the mi-
nADE results of all ablative models over five experiments. Bottom, the minFDE
results of all ablative models over five experiments. Standard deviations are
shown at the top of the bars.

the target vehicle has three CCLs. It can be seen that single-CCL predictions are

aligned with CCLs, and the motion-based prediction is closest to the ground truth.

Three cases in Fig. 5.6 together show that our method is able to predict a variable

number of trajectories according to di↵erent situations (di↵erent numbers of CCLs).

Fig. 5.6 also demonstrates the necessity to produce three kinds of predictions (e.g.,

single-CCL, cross-CCL, and motion-based predictions) since the best performance

(the closest to the ground truth) is achieved by di↵erent kinds of predictions in

di↵erent situations.

5.5.6 The Implementation Details

The proposed model and its ablations are implemented using PyTorch [115] and

PyTorch Geometric [116]. All the models can be trained end-to-end, and they are
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Figure 5.6: Visualized prediction results. This figure showcases some
scenarios with di↵erent numbers of CCLs selected from the validation set of
the Argoverse motion forecasting dataset. Light blue dots (Vehicle) show the
current positions of all the agents, and red curves show their corresponding his-
torical trajectories (Hist.). Dashed curves (CCL) show the CCLs of the target
agent. Yellow curves (GT) and stars (GT Final Pos.) show the target agent’s
ground truth trajectory and final position over the prediction horizon, respec-
tively. Green stars (Single-CCL Final Pos.) show the final positions of the
single-CCL predictions. Green dots (Cross-CCL Final Pos.) show that of the
cross-CCL prediction. Green diamonds (Motion-Based Final Pos.) show that of
the motion-based predictions. Green curves (Pred.) followed by predicted final
positions are their corresponding trajectories.

trained for 50 epochs using Adam as the optimizer. The learning rate of Adam

starts from 0.002 and decreases by half at the ends of epochs: 1, 6, 12, 18, 24, and

30. For the proposed model, the raw agent and CCL features are first embedded

into a 32-dimensional space separately before being sent to their corresponding

GRU encoders. The hidden sizes of both GRU encoders are 64. The GATs in the

hierarchical graph operator are one-layer GATs with three attention heads, and

their hidden sizes are all set to 128. The GAT in the map-adaptive trajectory

decoder uses only a single attention head. Finally, a two-layer MLP is used to

produce the trajectories. LeakyReLU is used as the activation function between

layers.

5.6 Discussions

Very little was found in the literature on the question of map-adaptive trajectory

prediction [61], despite the fact that map-adaptability is essential to the general-

ization of these methods. This study aims to design a map-adaptive multimodal

trajectory predictor that can represent driving scenes in a unified form and account

for map-compliant and non-map-compliant driving behaviors in a single graph op-

eration. Numerical results show that the proposed method achieves competitive
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performance on a large-scale real-world dataset and outperforms all its ablations.

Visualization results show that the proposed method is map-adaptive. We find

that all three factors (surrounding vehicles’ CCL-awareness, the target vehicle’s

interaction-awareness, and its CCL-awareness) positively a↵ect the prediction per-

formance. However, an inappropriate encoder can impair performance. For exam-

ple, cl-r-G performs much worse than cl-r-g2g3 despite using the same input. This

is because that cl-r-G does not distinguish node and edge types in the heteroge-

neous interaction graph.

We provide more descriptions of existing methods listed in Tab. 5.2. Jean [19, 89],

in their presentation, uses an attention mechanism to allow the vehicle to attend

to centerline segments and then uses another attention mechanism to model inter-

vehicular interactions. It can be seen from the slides that Jean is not using CCLs,

and all the vehicles share the same centerline segments. In contrast, our model

utilizes CCLs provided by Argoverse so that each vehicle has its CCLs retrieved

according to its past trajectory. The method called cxx [19] encodes trajectories

and velocity sequences using standard Long Short-Term Memory (LSTM [66]) and

encodes lanes using 1-D CNNs. Then it uses an attention mechanism to fuse the

dynamics and lane features. No inter-vehicular interaction is considered explicitly.

LaneRCNN [86] constructs a lane graph for each actor according to their dynamics

and embeds each node feature with geometric, semantic, and actor information.

It then scores the lane nodes, selects K lane nodes as target waypoints, and pro-

duces the final prediction via interpolation and refinement. Since there could be

many lanes in the lane graph, scoring and selecting target nodes is still challenging.

LaneGCN [21] constructs a lane graph from the HD map, designs a special GCN

to consider dilated connections in the graph, and exploits a fusion network to cap-

ture four types of interactions. The actor and map are represented separately in

LaneGCN, which is not comprehensive and can hardly generalize to accommodate

new types of information, such as tra�c signals. LaneGCN introduces multiple ad-

jacency matrices for the lane graph, which is memory-consuming. We comprehen-

sively represent the actor and map information with a heterogeneous hierarchical

graph, and regulate the information flow via an edge-masking strategy. Instead of

saving a graph for each edge type, our framework allows selecting a subset of edge

types for message passing. It is more flexible for heterogeneous graphs than saving

multiple adjacency matrices. TNT [124] uses VectorNet [84] to encode the driv-

ing scene and proposes a three-stage prediction framework. It first predicts a set
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of target waypoints sampled from the centerlines, then estimates a trajectory for

each target, next scores and selects trajectories with the highest scores as the final

multimodal prediction. The three-stage framework of TNT is reasonable, but the

context is represented by a fully-connected hierarchical graph, which is ine�cient

and makes it hard to generalize to large-scale graphs. DenseTNT [22] also uses

VectorNet as the context encoder, so it shares the ine�ciency of TNT caused by

the fully-connected graph. GOHOME [144] constructs a road graph with lanelets

utilizing geometric and connectivity information provided by the HD map. It then

scores and selects lanelets with the highest probability of containing the endpoint

of the target agent. Next, it generates partial heatmaps for these lanelets and

then combines them into a global heatmap. Finally, it sparsely samples endpoints

from the heatmap and produces a trajectory for each. Our method avoids time-

consuming sampling and scoring by linking CCLs with driving modalities since

CCLs provide real-time references for vehicles.

One limitation of the proposed method is that it only accounts for the spatial

multimodality of driving. Temporal multimodality can be included by subdividing

spatial modes as did in [58, 61] in the future. Another limitation is that the

proposed method relies heavily on the CCLs. We believe that more advanced CCL

identification methods can improve performance and flexibility. If we can provide

CCLs that can represent not only spatial but also temporal multimodalities, we

can directly extend the current method for spatio-temporal multimodal prediction.

5.7 Conclusions

In this work, we propose a map-adaptive multimodal trajectory prediction frame-

work that can predict an agent’s single-CCL, cross-CCL, and motion-based tra-

jectories in an integrated manner. We represent the driving scene using a het-

erogeneous hierarchical graph and design a hierarchical graph operator with an

edge-masking technology to encode the driving scene. Validation on the Argoverse

motion forecasting benchmark shows that our method matches the performance

of recent works with the merit of map-adaptability. In addition to map-compliant

predictions, our method also considers the corner case where a vehicle’s future
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motion purely depends on its own motion. Considering this crucial corner case is

essential for the safety of an autonomous vehicle.

In the future, we plan to incorporate probability prediction for each possible motion

and temporal multimodality prediction into this framework.





Chapter 6

Predictive Motion Planning Using

Neural Networks

A series of trajectory prediction methods have been developed from Chapter 3 to

Chapter 5. However, the ultimate goal of trajectory prediction is to improve the

downstream decision-making, planning, and control of autonomous vehicles. In

this chapter, the impacts of trajectory prediction on motion planning performance

are investigated. A predictive motion planner based on neural networks is proposed

and leveraged for the study.

6.1 Introduction

Most works on trajectory prediction state that prediction is crucial for an au-

tonomous vehicle to navigate in complex scenarios via planning and focus on im-

proving prediction accuracy in di↵erent metrics. However, prediction and planning

are treated separately in most recent works, even though these two modules are

complexly coupled, and combing optimal modules may lead to sub-optimal overall

performance. Recently, authors of [95] propose a neural motion planner trained

with an additional perception/prediction loss to infuse perception and prediction

information into intermediate representations. Authors of [62, 98] propose to uti-

lize predictions explicitly to calculate collision costs of sampled trajectories. A

contingency planner is proposed in [153] to generate a set of contingent trajec-

tories for diverse predicted future scenes. These optimization-based predictive

107
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planners [62, 98] require handcrafted parameter tuning to design a suitable cost

function, which is time-consuming. Despite these studies on neural motion plan-

ning and predictive planning, the best performance a predictive planner can achieve

and the relationship between prediction and planning are not well studied. In this

chapter, we follow [95] and propose a predictive planner that is trained to utilize

future information to produce trajectories similar to human demonstrations. We

define the best performance of this planner as its performance achieved with access

to ground truth future motions of other agents and study how prediction accu-

racy can a↵ect its performance. The proposed predictive planner can be trained

end-to-end without hand-engineered cost functions.

The remaining sections of this chapter are structured as follows. Sec. 6.2 elabo-

rates on the proposed predictive planner and its components. Sec. 6.3 describes the

experiments conducted on a real-world dataset. Sec. 6.4 reports the experimen-

tal results. Sec. 6.5 provides further discussions on the results and the proposed

method. Sec. 6.6 concludes this study and outlines directions for future studies.

6.2 Method

We propose a predictive motion planner that can generate a trajectory over a pre-

defined planning horizon. Both observed information and predicted trajectories

of other vehicles are considered for planning. Our planner takes as input the ob-

served historical states of all considered tra�c participants and a local map shared

by them and produces target agents’ future trajectories predicted over the planning

horizon as intermediate representations. The predicted trajectories improve inter-

pretability and are explicitly taken as input to the planner. The final output of our

planner is a trajectory of the ego vehicle over the prediction horizon. We train our

planner with a loss encouraging it to produce trajectories similar to human demon-

strations. The planner is agnostic to the choice of predictor as long as predicted

trajectories of target vehicles are available. In this section, we first formulate the

problem of predictive planning (6.2.1). Then we introduce how we represent and

encode the driving scene (6.2.2). Next, we describe the multi-agent trajectory pre-

dictor (6.2.3) and oracle planner (6.2.4) that together makes our predictive planner

(6.2.5).
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Figure 6.1: The proposed predictive motion planner. The dynamics
encoder takes as input agents’ historical states and outputs their individual dy-
namics features. An interaction graph is then constructed with nodes containing
the dynamics features of corresponding agents. The interaction encoder takes as
input the graph and produces interaction features of all agents. The map encoder
extracts spatial features of the shared map, and then the gate-based map selector
generates specified map features for agents according to their relative states on
the map. Target agents’ dynamics, interaction, and map features are combined
as inputs to the predictor that predicts future trajectories of them. Then a fu-
ture encoder, similar to a dynamics encoder, captures dynamics features from
predictions. Next, an interaction graph containing the ego agent’s interaction
and target agents’ future dynamics features is constructed and processed by an-
other interaction encoder. Finally, the predictive planner takes as inputs the ego
agent’s dynamics, interaction, future interaction, and selected map features and
generates a planned trajectory for the next seconds. (Ego Agn: ego agent. Tar
Agn: target agent. Sur Agn: surrounding agent. GT Traj: ground truth trajec-
tory. Pred Traj: predicted trajectory. Cur Int: current interaction feature. Fut
Int: future interaction feature. Cur Dyn: current dynamics feature. Fut Dyn:
future dynamics feature. Map: map feature.).

6.2.1 Problem Formulation

6.2.1.1 Agents Terminology

To define the problem of predictive planning, we divide tra�c participants in a

local area into three categories:

• Ego Vehicle (EV) is the autonomous vehicle that navigates in a local area

through predictive planning.
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Figure 6.2: Terminology and interaction graph. Left, the distance-based
terminology indicated by colors. The vehicles within a certain distance to the
EV are considered TAs whose future trajectories need to be predicted for the
EV’s navigation. Other agents that fall into the neighborhood of target agents
are considered to have impacts on TAs’ behaviors. These agents are SAs that
will be used for prediction. Right, the interaction graph with distance-based
connections. Two vehicles are connected if the distance between them is within
a threshold. Self-loops are included but not plotted for clarity.

• Target Agents (TAs) are the tra�c participants of interest whose future

trajectories are to be predicted by the EV.

• Surrounding Agents (SAs) are other tra�c participants that have poten-

tial impacts on the TAs’ future motions.

They are divided according to distance-based criteria. The left part of Fig. 6.2

shows an example of this terminology.

6.2.1.2 Frame of Reference

Considering that planning is ego-centric, we choose to use an ego-centric frame of

reference and place tra�c participants and the local map into the shared frame of

reference for both prediction and planning. The spatial relationships among tra�c

participants and the local map are preserved in their states. From the EV’s per-

spective, the frame of reference is designed with its origin fixed at the EV’s current

position and its horizontal axis aligned with the EV’s current heading direction.

This frame of reference is independent of the observation coordinate system and
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can be easily applied to autonomous vehicles using onboard sensors. In addition,

it normalizes the observations to a certain extent and makes the algorithms more

robust to the translation and rotation of coordinate systems. An illustration of

this frame of reference can be found in the left part of Fig. 6.2.

6.2.1.3 Predictive Planning

A modularized autonomous driving system can be implemented in-order with the

following modules, sensing, perception, prediction, planning/decision-making, and

control. This pipeline works in a periodic way. Predictive planning is to explicitly

consider prediction results in the planning module. We take Ht to represent the

historical states of all tra�c participants (including EV, TAs, and SAs) and Mt

the shared local map. Specifically,

Ht = {h
0
t , h

1
t , . . . , h

m
t , h

m+1
t , . . . , h

n
t },

where h
0
t is the historical states of the EV, h

1
t , . . . , h

m
t are that of TAs, and

h
m+1
t , . . . , h

n
t are that of SAs. Then the input to the predictive planner is Xt =

[Ht,Mt]. The predictive planner is expected to generate a trajectory y
0
t for the EV

to navigate in the next seconds. Given the input Xt, a planner tries to capture the

probabilistic distribution P (y0t |Xt), a predictor tries to capture P (Zt|Xt), where

Zt = [z1t , . . . , z
m
t ] represents future trajectories of the TAs. Based on the planner

and predictor, we formulate our predictive planner (PrePlan) as an approximation

of:

P (y0t |Xt) = P (y0t |Zt, Xt)P (Zt|Xt). (6.1)

We also define a planner taking as input the ground truth future trajectories of

TAs (Zgt) for approximating P (y0t |Z
gt
t , Xt). Since Z

gt
t is not accessible in inference,

we name this planner an oracle planner (OrcPlan). We assume that the trajec-

tories are unimodal and use deterministic mappings y
0
t = fpl(Xt), Zt = fpr(Xt),

y
0
t = fpp(Zt, Xt), and y

0
t = fop(Z

gt
t , Xt) for planner, predictor, predictive planner,

and oracle planner, respectively. All the mappings (fpl, fpr, fpp, and fop) are ap-

proximated with neural networks in implementation. We can move on to our scene

representation and encoding with the formulated problem.
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6.2.2 Scene Representation and Encoding

In this work, the driving scene is represented by a shared local map and an inter-

action graph. The local map is a Bird’s Eye View (BEV) image of the local area,

and the interaction graph is a directed graph with nodes representing tra�c par-

ticipants. Two tra�c participants are linked if their distance is below a threshold.

An illustration of the interaction graph can be found in the right part of Fig. 6.2.

This representation contains temporal and spatial information in di↵erent forms

and needs to be processed separately with di↵erent encoders before an overall scene

encoding. We design the following modules: dynamics encoder, map encoder, map

distributor, and interaction encoder to obtain scene features. These modules are

similar to previous works[71, 83].

6.2.2.1 Temporal Encoder

The temporal encoder is expected to capture an agent’s dynamics feature from a

temporal sequence of its historical states. A simple way is to flatten the sequence

into a one-dimensional vector and apply a multilayer perceptron (MLP) as the en-

coder. MLP is easy but ignores the temporal dependence between time steps, which

is essential for sequence modeling. So Recurrent Neural Networks (RNNs) are of-

ten adopted for sequence modeling in previous works. Between two widely-used

RNNs, namely Long Short-Term Memory (LSTM) networks and Gated Recurrent

Unit (GRU) networks, we adopt a GRU as our temporal encoder. To achieve per-

formance on par with LSTMs, GRUs usually need fewer parameters and simpler

computation, thus providing faster training and inference [110]. The dynamics

encoder is described as follows:

Dt = Dynenc(Ht), (6.2)

where Dynenc is the temporal encoder implemented with a two-layer GRU, and Dt

represents the dynamics features of all tra�c participants.
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6.2.2.2 Spatial Encoder

The spatial encoder is designed to extract spatial features from the local map.

Considering that direction in the map is essential information for navigation, we

adopt a rotation-sensitive map feature extractor as the spatial encoder:

mt = Sptenc(Mt), (6.3)

where Sptenc is the rotation-sensitive spatial encoder, and mt is the spatial feature

of the shared local map. The spatial encoder is implemented with a four-layer

convolutional block without max-pooling layers.

6.2.2.3 Map Distributor

To share the map information between all agents, we employ a map distributor that

prepares a customized spatial feature vector mi
t for agent i. The spatial feature is

customized according to agent i’s state (position, velocity, and yaw angle) in the

local map via a gate mechanism [71, 110]:

m
i
t = Sptgate(mt, s

i
t), (6.4)

where sit is agent i’s state at time t, and m
i
t is its customized spatial feature. Sptgate

is the map distributor based on a gate mechanism.

6.2.2.4 Current Interaction Encoder

With all agents’ dynamics features placed in corresponding nodes in the constructed

interaction graph (see the right part of Fig. 6.2), we can model inter-agent inter-

actions by processing the graph via graph neural networks (GNNs):

Gt = Intcurenc(Dt, Et), (6.5)

where Et is the edge set of the interaction graph, and Gt contains the interaction

features of all the agents. Considering that all tra�c participants and the local map

are placed in the ego-centric frame of reference, where no edge features are needed

for spatial information, Intcurenc is implemented with a one-layer graph attention
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network (GAT) [131] and can be implemented with multilayer GATs easily for

higher-order interaction features.

6.2.2.5 Future Interaction Encoder

To utilize information about the future, we need a future information encoder. As

our oracle and predictive planners rely on the future trajectories of other agents, we

adopt another GNN-based interaction encoder for future trajectories. Similar to

the above current interaction encoder, the future interaction encoder is expressed

by the following equation:

Ft = Intfutenc(Tt, D
0
t , Et), (6.6)

where Tt is the future trajectories of TAs, D0
t the dynamics feature of the EV, and

Ft the future interaction feature. For the oracle planner, Tt is T
GT
t , the ground

truth future trajectories of TAs, while for the predictive planner, Tt is replaced

with TAs’ predicted trajectories T PT
t .

6.2.3 Multi-Agent Trajectory Predictor

The trajectory predictor shares the same encoder with the planners. It predicts

TAs’ trajectories over the next 5 seconds. After encoding, the prediction decoder

combines target vehicles’ dynamics, interaction, and selected map features and

predicts their future trajectories simultaneously:

T
PT
t = MATP(GTA

t , D
TA
t ,m

TA
t ), (6.7)

where GTA
t , DTA

t , and m
TA
t are the interaction, dynamics, and spatial features of all

TAs, respectively. T
PT
t contains the predicted trajectories. We empirically select

LSTMs as decoders since the choice depend heavily on the dataset [110]. Despite

our implementation, decoders in this work can be replaced with other sequential

models for performance comparison. The predictor is trained independently of the

planner and can be replaced with other predictors that may contribute to better

performance. Note that our oracle planner relies on the unimodal ground-truth

future motions of TAs. We implement the predictor for unimodal modal prediction,
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whose outputs can be directly used by the predictive planner. Predictive planning

considering multimodal prediction of multiple agents is left for future research.

6.2.4 Oracle Planner

The oracle planner is designed to take as input the ground truth future trajectories

of TAs for planning. The future interaction features Ft are obtained via Eq. 6.6.

Then the oracle planner can be expressed as:

y
0
t = Planorc(F

0
t , G

0
t , D

0
t ,m

0
t ), (6.8)

where Planorc is the oracle planner, and y
0
t is the planned trajectory. The oracle

planner is implemented for training.

6.2.5 Predictive Planner

For inference, we replace TAs’ ground truth future trajectories TGT
t with predictions

T
PT
t and apply Eq. 6.6 again to extract future interaction features F

0
t . Then we

get a predictive planner:

y
0
t = Planpre(F

0
t , G

0
t , D

0
t ,m

0
t ), (6.9)

where Planpre is the predictive planner, and y
0
t is the planned trajectory. The

predictive planner is implemented for inference. The predictive planner is a com-

bination of a predictor and our oracle planner. It is independent of the predictor.

6.3 Experiments with Real World Driving Data

6.3.1 The Real World Driving Dataset

As a representative dataset in the area of intelligent transportation systems, the IN-

TERACTION dataset provides naturalistic interactive motions of di↵erent tra�c

participants collected from di↵erent countries. The dataset is dedicated to support-

ing many behavior-related tasks, including but not limited to motion prediction,
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Figure 6.3: Map and tra�c. Map and recorded tra�c in the study area. Blue
lines are trajectories of vehicles, and green lines are that of pedestrian/bicyclist
agents.

behavior analysis and modeling, decision-making, planning, interactive behavior

recognition, and driving behavior generation. We use part of this dataset collected

from an unsignalized intersection for research on predictive planning. This part

is named DR USA Intersection GL in the dataset. The road map and recorded

tra�c of the study area are plotted in Fig. 6.3, where blue and green lines show

trajectories of 8,434 vehicles and 184 pedestrian/bicyclist agents, respectively.

6.3.2 Data Processing

To process data for training and validation, we first determine the frames to be

considered, and then we select EVs for each frame. For each frame-ego pair, we

obtain a piece of data. The steps are summarized below: 1) Initialize an empty

directed graph (DG). 2) Get the EV’s historical states (h0
t ) and add EV to the DG

with h
0
t as node feature. 3) Find agents within 30 meters of the EV as TAs and add

them to the DG with h
1
t , . . . , h

m
t as node features. 4) Add future trajectories of the

EV and TAs as ground truths for planning and prediction, respectively. 5) Find

neighboring agents for each TA and add a SA node with historical states if it is not
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in the DG. 6) Add self-loops for each node. 7) Add directed edges between each

pair of neighboring nodes. 8) Record in-map attributes for the EV and TAs. We

also save a shared map of the study area. Two agents are defined as each other’s

neighbors if the distance between them is less than 30 meters.

6.3.3 Baselines

We implement the following baselines for comparison:

• Ego-motion (EM). This is a neural motion planner that extrapolates the

EV’s historical motions to the next seconds. This baseline is implemented as

a sequence-to-sequence model that takes as input only the EV’s historical

states and outputs its future trajectory. This is di↵erent from the Ego-

motion baseline in [95], where a four-layer MLP is implemented as the Ego-

motion planner. The Ego-motion planner in [95] outperforms Adaptive Cruise

Control (ACC) based and manual cost based planners.

• Planner-c (Pc). This is a neural motion planner that takes as input the

current states of tra�c participants and the local map, trying to approximate

traditional planners. Using this baseline, we would like to investigate how

considering the historical states can a↵ect the planner and how the future

trajectory of other agents can a↵ect the planner.

• Planner-h (Ph). This is a neural motion planner that combines EM and

Pc. It takes as input the EV’s historical states, other agents’ current states,

and the local map.

• Planner-H (PH). This is an extension to Ph. It takes the historical states

of the EV and other agents and the local map as input.

All these baselines can generate a trajectory for the ego to follow in the next five

seconds. The above baselines can be used to investigate how knowing vehicles’

historical states can improve the neural motion planner.



118 6.3. Experiments with Real World Driving Data

6.3.4 Predictors

We implement two trajectory predictors to investigate how di↵erent predictors can

a↵ect the performance of the predictive planner.

• Predictor-D. This is a non-interaction-aware predictor that takes as input

only the TV’s historical states as input.

• Predictor-IMD. This is the interaction-aware trajectory predictor intro-

duced in 6.2.3.

These two predictors are pre-trained with the same dataset. They are implemented

to investigate how prediction accuracy can a↵ect downstream planners.

6.3.5 Our Planners

We use TAs’ ground truth future trajectories to train an oracle planner (OrcPlan)

and investigate how knowing other agents’ future motions can improve planning

performance. However, ground truths are not accessible in inference. This is also

the reason we call it an oracle planner. For inference, we replace the ground truth

trajectories used by the oracle planner with predicted trajectories and call the

oracle planner for inference our predictive planner (PrePlan).

6.3.6 Metrics

We adopt three metrics (Average Displacement Error (ADE), Final Displacement

Error (FDE), and Miss Rate (MR)) from trajectory prediction tasks to evaluate

how the implemented planners can imitate human driving behaviors. Eq. 6.10 and

Eq. 6.11 shows the calculation of ADE and FDE:

ADE =
1

Tf

TfX

⌧=1

p
(x̂⌧ � x⌧ )2 + (ŷ⌧ � y⌧ )2, (6.10)

FDE =
q

(x̂Tf
� xTf

)2 + (ŷTf
� yTf

)2, (6.11)
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where (x̂⌧ , ŷ⌧ ) is the predicted position in the XY coordinates at time ⌧ , (x⌧ , y⌧ )

is the ground truth of position at time ⌧ , and Tf is the prediction horizon. MR is

defined as the number of scenarios where the predicted trajectories are two meters

away from ground truths according to endpoint error. Collision rate (CR), jerk,

acceleration (Acc.), and deceleration (Decel.) are also adopted to evaluate planners.

6.4 Results

This section reports the results of our experiments. We first compare the perfor-

mances of our baselines to show how historical states can improve planners. Then

we present the planning performances of our oracle and predictive planners to illus-

trate how prediction can help planners. Finally, we provide an overall comparison

between all the implemented planners.

6.4.1 Impacts of Historical States

Table 6.1: Planning performances of baselines

Th = 1 Th = 3 Th = 5 Th = 8 Th = 10
ADE #

Ego-motion 0.945±0.002
Planner-c 1.235±0.01
Planner-h 0.963±0.012 0.911±0.011 0.892±0.015 0.874±0.023
Planner-H 0.954±0.011 0.909±0.016 0.879±0.02 0.864±0.013

FDE #

Ego-motion 3.044±0.012
Planner-c 3.327±0.034
Planner-h 2.829±0.035 2.721±0.032 2.69±0.034 2.64±0.048
Planner-H 2.809±0.023 2.709±0.028 2.658±0.047 2.612±0.026

MR #

Ego-motion 0.502±0.006
Planner-c 0.504±0.008
Planner-h 0.456±0.007 0.443±0.006 0.443±0.008 0.437±0.007
Planner-H 0.449±0.006 0.437±0.01 0.431±0.011 0.427±0.004

Tab. 6.1 compares the performances of our baselines ( 6.3.3) in terms of ADE,

FDE, and MR. The Ego-motion planner is trained with Th = 10. Planner-c is

trained with Th = 1. Planner-h and Planner-H are trained with Th range from 3
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to 10. All the results are obtained by calculating the mean and standard devia-

tion of five experiments. Comparing Ego-motion and Planner-c, we can see that

Ego-motion shows better performance, indicating the importance of ego’s motion

in planning. We can also observe that the performances of both Planner-h and

Planner-H increase with the length of the traceback horizon (Th), and Planner-H

shows consistent but marginal advances.

6.4.2 Performances of Predictive Planners

Table 6.2: Prediction performances

Tf = 10 Tf = 20 Tf = 30 Tf = 40 Tf = 50
DE⌧

Predictor-D 0.3058 0.5423 1.1333 1.9154 2.773
Predictor-IMD 0.2958 0.5066 1.0198 1.6677 2.3611

We train two predictors and show their performances in terms of Displacement

Error in meters at time ⌧ (DE⌧ ) in Tab. 6.2, where Tf is the prediction horizon.

We can see that Predictor-IMD always shows better performance compared to

Predictor-D, especially for long-term predictions, indicating the necessity of con-

sidering interactions for predictors. Combining these two predictors with our oracle

planners, we obtain PrePlan (PT-D) and PrePlan (PT-IMD), respectively. Perfor-

mances of our oracle and predictive planners are presented in Tab. 6.3 along with

that of Planner-H (Th = 10). Planner-H (Th = 10) is compared here because it

uses the same inputs as our predictive planner (PrePlan (PT-D)). We can see that

OrcPlan shows better performance as Tf increases and outperforms other planners

with Tf � 20, indicating that knowing the future motion of surrounding agents

can help neural motion planners to imitate human drivers. However, the predic-

tive planners achieve the best performance at Tf = 30 (rather than Tf = 50),

which is better than Planner-H (Th = 10). Comparing OrcPlan with Tf = 10 and

Planner-H with Th = 10, we observe a counterintuitive result that using ground

truth of surrounding agents’ motions in the next one second raises counteractive

for planning. Even though OrcPlan outperforms all the planners, the achieved dis-

placement error and miss rate remain higher than expected. Another interesting

observation is that PrePlan (PT-IMD) does not show significantly better perfor-

mance than PrePlan (PT-D) despite the better predictor used. This indicates that
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improvement in the prediction module does not contribute to proportional gain in

the predictive planning module.

Table 6.3: Planning performances of oracle and predictive planners

Tf = 10 Tf = 20 Tf = 30 Tf = 40 Tf = 50 Planner-H (Th = 10)

ADE
OrcPlan 0.871±0.015 0.835±0.007 0.822±0.011 0.783±0.022 0.777±0.007

0.864±0.013
PrePlan (PT-IMD) 0.871±0.014 0.85±0.004 0.847±0.011 0.864±0.019 0.878±0.007
PrePlan (PT-D) 0.872±0.014 0.853±0.004 0.846±0.009 0.883±0.018 0.907±0.009

FDE
OrcPlan 2.632±0.027 2.542±0.027 2.476±0.03 2.339±0.06 2.303±0.02

2.612±0.026
PrePlan (PT-IMD) 2.632±0.027 2.591±0.017 2.576±0.03 2.632±0.042 2.671±0.019
PrePlan (PT-D) 2.639±0.025 2.596±0.014 2.579±0.026 2.697±0.04 2.759±0.017

MR
OrcPlan 0.433±0.005 0.411±0.006 0.398±0.008 0.375±0.013 0.366±0.006

0.427±0.004
PrePlan (PT-IMD) 0.434±0.005 0.424±0.005 0.423±0.009 0.434±0.012 0.434±0.006
PrePlan (PT-D) 0.433±0.005 0.425±0.005 0.424±0.008 0.445±0.013 0.45±0.005

6.4.3 Comparison with Human Drivers

Table 6.4: Planning performance comparison with human demonstrations

Planner CR # Jerk Acc. Decel.

Ego-Motion 0.06 2.511 0.764 0.547
Planner-c 0.057 2.001 0.36 0.614
Planner-h (Th = 10) 0.047 1.83 0.517 0.464
Planner-H (Th = 10) 0.046 2.712 0.465 0.789

PrePlan (PT-D, Tf = 30) 0.037 2.265 0.586 0.582
PrePlan (PT-IMD, Tf = 30) 0.036 2.274 0.591 0.593

OrcPlan 0.025 2.291 0.595 0.595

Human 0.009 1.366 0.509 0.485

We also compare all the implemented planners with human driving data in terms

of collision rate (CR), jerk, acceleration (Acc.), and deceleration (Decel.). As

shown in Tab 6.4, the predictive planner (PrePlan (PT-IMD, Tf = 30)) achieves

the lowest CR among all planners except the oracle planner. This demonstrates

the e↵ectiveness of incorporating prediction into planning. We can see there is

still a gap between predictive planners and the oracle planner. This indicates

that the performance of the predictive planner can be improved with a better

trajectory predictor that can approximate the ground truth closely enough. Ideally,

if the predictor can predict future motions of TAs without displacement error, it
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will achieve the same performance as the oracle planner. If we compare Ego-

motion and Planner-c over results in Tab. 6.1 and Tab. 6.4, we can see that even

though Ego-Motion achieved much better performance in terms of ADE, FDE, and

MR, it fails to outperform Planner-c in terms of CR, the most critical metric for

motion planning. We can also see that even human drivers present a CR close

to one percent. This observation is consistent to [20], where it is clearly stated

that the INTERACTION dataset contains near-collision and collision situations.

Comparing planners with human drivers in terms of Jerk, Acc., and Decel., we can

see that Planner-h (Th = 10) surprisingly presents the closest records to that of

human drivers. It also shows the lowest Jerk and Decel. among all planners and

its Decel. is even lower than that of humans. However, the lowest Acc. is shown

by Planner-c.

6.4.4 Inference Time

The inference time of a learning-based planner is important in practical applica-

tions, and our planner can satisfy the real-time requirements with limited com-

putational resources. We run our planner to do inference on about 15,000 data

and observe that it takes 135 seconds to finish inference on these data with batch

size set to 1. The average time for a single inference is 0.009 seconds. When we

set the batch size to 32, the planner takes 16 seconds to do inference on the same

amount of data. The average batch inference time is 0.033 seconds. Both the single

and batch inference of the proposed neural motion planners satisfy the real-time

requirement. The real-time inference can is achieved with a single GPU (using

only 15% memory and 25% GPU utilization of an NVIDIA GeForce RTX 2080

SUPER) plus a single CPU (a single core of the Intel(R) Core(TM) i9-9900K CPU

@ 3.60GHz).

Overall, the results in this chapter provide essential insights into the design of

neural motion planners. It is shown that both the historical states of the ego and

the current states of other agents are important for motion planners, and combining

these two kinds of information leads to better performance. The e↵ectiveness of

incorporating prediction into planning is verified, while there is still a gap between
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predictive planners and oracle planners. Both prediction horizon and accuracy can

a↵ect the performance of a predictive planner.

6.5 Discussions

This study aims to design a predictive planner that takes as input the predicted

trajectories of several target agents and to investigate how prediction can improve

planning performance. The results show that our oracle and predictive planners

outperform all the baselines and demonstrate the e↵ectiveness of the designed pre-

dictive planner and the necessity of incorporating prediction into planning. One

interesting finding is that the improvement in the prediction module does not lead

to a corresponding improvement in the planning module. A possible explanation

for this might be that the current predictive planner cannot take full advantage

of the improved prediction. Another possible explanation is that the relationship

between prediction and planning modules is inherently complex and needs more in-

vestigation. Another finding is that knowing the ground truth motion of others in a

longer horizon leads to better performance. This is what we expected. However, in-

corporating short-term (one-second) prediction, even ground truth, into planning

shows a negative e↵ect on planning. This is unanticipated because information

about the future is additional and does not cause loss of other information. It is

di�cult to explain this, but it may be that the current predictive planner can not

handle short-term prediction (or ground truth) properly. This observation should

be interpreted with caution because it is counterintuitive. Contrary to the finding

in the oracle planner, a longer prediction horizon does not always result in better

planning performance. The best performance is achieved when the prediction hori-

zon is three seconds rather than five. One possible reason is that the prediction

error goes unacceptable after three seconds, so the prediction misleads the planner

that is trained with ground truth. It is also observed that the Ego-motion planner

outperforms Planner-c in terms of ADE, FDE, and MR but shows higher CR. This

can be explained by the lack of interaction information in Ego-motion.

The proposed predictive planner shows a way to incorporate prediction and plan-

ning by training an oracle planner and implementing it with pre-trained predictors.

The results of this study raise intriguing questions regarding the nature of human
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driving behaviors and the design of predictive planners. The oracle planner’s per-

formance shows a top ceiling of the planner that is almost impossible for the current

planner to break through by endlessly improving prediction accuracy, so we should

focus on not only improving prediction accuracy but also designing planners that

can take full advantage of predictions.

In the future, if the planning method is used for multiple vehicles that interact with

each other, there may exist conflicts between the planned trajectories of di↵erent

vehicles at a time t. Then these vehicles will be involved in a game process that ends

up with some vehicles yield or occasional collision. In this process, the planning

method will update the planned trajectory every time a new observation is received.

The game process is common in human driving scenarios, where two interacting

vehicles can have the same goal. They would then play a game against that goal.

The potential conflicts among either or both of self-driving and human-driving

vehicles should be addressed carefully in the future for the safety of autonomous

driving.

One of the limitations of the proposed predictive planner is that it does not consider

prediction uncertainties. This can be addressed in a two-step manner. The first

step is to estimate the uncertainties of predictions and the second step is to design

a predictive planner that can cover these uncertainties. Another limitation is that

the oracle planner cannot take full advantage of the ground truth.

6.6 Conclusions

An interaction-aware predictive planner is designed in this work to imitate human

driving behaviors. The predictive planner is obtained via training an oracle planner

aware of target agents’ ground truth future trajectories and replacing the ground

truth with predicted trajectories for inference. Experimental results on a real-world

dataset show that the proposed predictive planner achieves the best performance

over many baselines in terms of displacement error, miss rate, and collision rate.

The gap between the predictive planner and the oracle planner shows that it is

promising to improve prediction accuracy for a better planner since the oracle

planner can be deemed as a predictive planner with a zero-error predictor.
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Future works are suggested to design predictive planners considering prediction

uncertainty since prediction can never be exactly the same as ground truth. We also

suggest further investigations on the relationship between prediction and planning

based on our observation that an improvement in prediction does not contribute

to proportional improvement in planning.





Chapter 7

Conclusion & Future Work

7.1 Conclusion

In this thesis, a series of interaction-aware trajectory prediction methods, includ-

ing single-agent trajectory prediction, multi-agent trajectory prediction, and mul-

timodal trajectory prediction, are developed for autonomous driving. Besides, the

impacts of trajectory prediction on trajectory planning are also investigated.

In Chapter 3, a novel framework with consideration of vehicle-infrastructure het-

erogeneous interactions is proposed for trajectory prediction of a single target ve-

hicle. In the proposed scheme, a heterogeneous graph is developed to represent

the interactions, where the nodes contain features extracted from corresponding

encoders. Besides, a novel heterogeneous graph social pooling (HGS) module is

designed to extract high-level interaction features. The framework can be eas-

ily expanded for highway driving scenarios. Experimental results obtained using

real-world driving datasets show that the proposed HGS method outperforms ex-

isting interaction-aware methods in terms of prediction accuracy. Besides, ablative

studies demonstrate that the consideration of vehicle-infrastructure heterogeneous

interactions e↵ectively improves the prediction accuracy compared to those meth-

ods only considering inter-vehicle interactions.

Then, the above prediction method for single-agent is generalized and expanded

for heterogeneous multi-agent trajectory prediction in Chapter 4. To do this, a

novel three-channel framework is designed to jointly consider tra�c participants’

127
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dynamics, interaction, and map features. The driving scene is represented in a hy-

brid way, where the inter-agent interaction in the tra�c system is represented with

an edge-featured heterogeneous graph, and the shared local map is represented

with a Bird’s Eye View (BEV) image. Two shared Recurrent Neural Networks

(RNNs) are adopted to capture vehicles’ and pedestrians’ dynamics features from

their historical states, respectively. A novel heterogeneous edge-enhanced graph

attention network (HEAT) is proposed to model the inter-agent interactions, and

a map-sharing technique based on the gate mechanism is also leveraged to share the

local map across all target agents. Experimental validations on real-world driving

datasets of both urban and highway scenarios show that the proposed method not

only achieves state-of-the-art performance but also can provide simultaneous pre-

dictions of multi-agent trajectories for a variable number of heterogeneous agents.

Besides the unimodal predictions for single and multiple agents, this thesis also

tackles the inherent multimodality problem of driving behaviors for prediction in

Chapter 5. A novel map-adaptive multimodal trajectory prediction framework is

proposed. Within this framework, through a single graph operation, a variable

number of map-compliant trajectories and a non-map-compliant trajectory can be

generated. Map-compliant predictions are conditioned on either a single candidate

centerline (CCL) or a bunch of all CCLs, making the predictor adaptive to di↵erent

road structures. The non-map-compliant prediction captures the irrational driving

behavior for safety concerns. The driving scene is represented with a heterogeneous

hierarchical graph containing both agents and their CCLs. A hierarchical graph

operator (HGO) with an edge-masking technology is proposed to encode the driving

scene. Validation on the Argoverse motion forecasting benchmark shows that the

proposed method achieves state-of-the-art performance with the advantage of map-

adaptive capacity.

Beyond pure prediction, in Chapter 6, predictive planning and the impacts of pre-

diction on downstream trajectory planning are also investigated. An interaction-

aware predictive planner, which is trained to imitate human driving behaviors,

is designed to investigate the problem of how prediction would a↵ect the perfor-

mance of motion planning. The predictive planner is obtained by training an

oracle planner, which is aware of target agents’ ground truth future trajectories,

and replacing the ground truth with the predicted trajectories for inference during
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implementation. Experimental results on a real-world dataset show that the pro-

posed predictive planner achieves better performance over other baselines in terms

of displacement error, miss rate, and collision rate. The gap between the predictive

planner and the oracle planner shows that it is promising to further enhance the

planning performance by improving the prediction accuracy.

To be implemented in real-world self-driving systems, the proposed methods re-

quire upstream localization, perception, and tracking results, since the historical

states of other tra�c participants are needed as the input of the proposed meth-

ods. Perception can be realized using either or both of camera and LiDAR. Other

sensors, such as radar, can also be used for better perception via sensor fusion. For

the single-agent and multi-agent prediction methods in Chapter 3 and Chapter 4,

we are using BEV maps, where only the map is needed. We do not need a BEV

image to show the real-time tra�c. The map can be obtained from main-stream

map providers and converted into images for the usage of our method. The map-

adaptive multimodal method in Chapter 5, however, requires a high-definition map

(HD map) of the local area since we need the candidate centerlines of vehicles of in-

terest. The methods can run on both CPUs or GPUs, and using GPUs is suggested

for faster inference.

7.2 Future Work

Although many studies have been done in trajectory prediction and path planning

in the past years, there are still many aspects that need to be further investigated

in the future.

Scene representation and encoding. Researchers have proposed many methods

to encode driving scenes with di↵erent representations. However, there is no unified

representation of various driving scenes so far. The lack of a universal representa-

tion limits the generalizability of prediction methods with large-scale deployment

in autonomous vehicles in the real world because a method can hardly be applied

to a situation that cannot be described. Among many representation approaches

proposed so far, graph-based representations are promising because a graph can

accommodate an arbitrary number of heterogeneous objects and represent their

interdependencies via directed edges. For example, when modeling a driving scene
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in the context of tra�c systems, a node can represent a vehicle, a pedestrian, a

lanelet, a junction, a tra�c signal, etc. A new object can always be added to the

existing graph. There are three important steps that need to be done to further

improve the graph-based scene representation and encoding in the future. The first

aspect is to construct the graph with proper connections, that is, to determine the

edge set of the graph. This step needs to identify interdependencies between pairs

of nodes and connect nodes with directed edges for information flow in the graph.

Once the graph structure is settled, the second step is to assign the node, and edge

features properly. This requires researchers to select or design proper encoders

for di↵erent kinds of nodes and edges. Then the third step is required to design

graph operators to handle the heterogeneity in the scene graphs. In this step, the

advances in heterogeneous graph neural networks can be leveraged.

Trajectory decoding. For future work, an immediate step is to generalize the

map-adaptive multimodal prediction method proposed in Chapter 5 with uncer-

tainty estimations. The uncertainty includes both motion and mode uncertainties.

The motion uncertainty captures the distribution of agents’ position over a planar

map at each time step, and the mode uncertainty captures the possibility of driving

modalities. The former can be modeled via bivariate Gaussian distributions, and

the latter can be treated as a multi-class classification problem over a variable num-

ber of modalities. Then the next step can focus on generalizing uncertainty-aware

multimodal predictions to multi-agent settings by modeling the joint distribution

of multiple agents’ behaviors. Social consistency should be considered in this step

such that there is no conflict between any pair of trajectories in a joint modality

in normal cases. Besides, trajectory predictors should be designed from the ego

vehicle’s point of view. One possible way is to design a decoder that can output

trajectories upon the ego’s request. For example, the predictor can focus on a small

set of target agents requested by the ego vehicle rather than all the agents in sight.

For a specific target agent, the predictor can focus on predicting its driving options

that may a↵ect the ego’s planned trajectories. This attentive approach can reduce

computation e↵orts for real-time implementations.

Predictive planning. The ultimate goal of trajectory prediction is to further

improve the performance of decision-making and motion control of autonomous

vehicles with respect to safety, smartness, and e�ciency. So prediction must be in-

tegrated into the planning module, and therefore predictive planning is worthwhile
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exploring. There are many problems that should be addressed for the development

of predictive planners. First, predictive planners should be able to address predic-

tion uncertainty since prediction can never be exactly the same as the ground truth.

Second, the relationship between prediction and planning needs to be further stud-

ied in order to answer the following questions: 1) How would the improvement in

prediction a↵ect the downstream planning performance? 2) Is there a floor of pre-

diction error below which improving prediction accuracy leads to no improvement

or even a negative e↵ect on planning? 3) Can we design a predictive planner that

is scalable to predictors of di↵erent uncertainties as long as these uncertainties are

known? Third, learning-based motion planners should be further investigated since

they have great potential to be incorporated with data-driven predictions. How-

ever, the current limitations in explainability and reliability need to be addressed.

In general, plenty of e↵ort is needed in these research areas.





Appendix A

Visualization and Detailed

Results for Chapter 3

A.1 Visualization

Visualization of the HGS predictions on the INTERACTION validation set is pre-

sented in Fig. A.1, where GT is the ground truth for future trajectory, and HGS is

the corresponding predicted trajectory. Fig. A.1 shows that the proposed scheme

HGS is able to accurately predict the future trajectory of the target vehicle under

various driving situations.

A.2 Detailed Results

Tab. A.1 shows the detailed ADE and FDE values of the implemented models

(Method), trained and validated with the dataset described in Sub.Sec. 3.3.1, on

di↵erent driving scenarios (Scene). The scenarios are numbered consistent with

those in Fig. 3.3. It can be seen that the proposed method outperforms its ablations

throughout all the scenarios.
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Figure A.1: Visualized results of HGS using the INTERACTION
validation dataset. Traceback horizon: Th = 30. Prediction horizon: Tf = 50.
Input data: (x, y, vx, vy). Graphic encoder: GAT. Dynamics encoder: GRU.
GT: Ground truth trajectory. HGS: HGS predicted trajectory. Black dots and
red lines are current positions and historical tracks of vehicles, respectively.



Appendix A. Visualization and Detailed Results for Chapter 3 135

Table A.1: Detailed quantitative results in ADE / FDE (m) for Th = 30 and
st = (x, y, vx, vy)

Scene Method
Prediction horizon

1.0s 2.0s 3.0s 4.0s 5.0s

1
R 0.0121 / 0.0276 0.0589 / 0.2034 0.1763 / 0.615 0.366 / 1.2225 0.6183 / 1.9784
GR 0.0115 / 0.0263 0.0487 / 0.1568 0.1288 / 0.4121 0.2447 / 0.7527 0.3926 / 1.1912
HGS 0.0101 / 0.023 0.0451 / 0.1481 0.1222 / 0.3958 0.2345 / 0.7279 0.3788 / 1.1578

2
R 0.0195 / 0.0437 0.0863 / 0.2879 0.2507 / 0.8727 0.5301 / 1.8304 0.9304 / 3.1607
GR 0.02 / 0.0428 0.0761 / 0.2362 0.1977 / 0.64 0.3887 / 1.2578 0.6527 / 2.117
HGS 0.0185 / 0.0378 0.0678 / 0.2089 0.1724 / 0.5467 0.3297 / 1.0358 0.5422 / 1.7086

3
R 0.0429 / 0.0938 0.1681 / 0.536 0.4662 / 1.5894 0.9801 / 3.4339 1.7768 / 6.3827
GR 0.036 / 0.0758 0.147 / 0.4929 0.4319 / 1.5193 0.9331 / 3.3296 1.7024 / 6.1131
HGS 0.0428 / 0.0816 0.1298 / 0.3783 0.3256 / 1.0632 0.6667 / 2.297 1.2017 / 4.3426

4
R 0.0254 / 0.0542 0.0994 / 0.3201 0.2789 / 0.9565 0.579 / 1.9574 0.9927 / 3.2482
GR 0.0253 / 0.0545 0.0941 / 0.2946 0.2519 / 0.8372 0.508 / 1.6797 0.8618 / 2.8047
HGS 0.0234 / 0.0502 0.0865 / 0.2685 0.2269 / 0.7403 0.4465 / 1.4326 0.7374 / 2.3117

5
R 0.0275 / 0.0597 0.1069 / 0.3386 0.2922 / 0.9885 0.6025 / 2.0382 1.0393 / 3.4463
GR 0.027 / 0.0582 0.1017 / 0.3179 0.2719 / 0.9053 0.5509 / 1.8362 0.9416 / 3.0947
HGS 0.027 / 0.0566 0.0971 / 0.2972 0.2515 / 0.8184 0.4959 / 1.6023 0.8264 / 2.6341

6
R 0.0212 / 0.0473 0.09 / 0.2975 0.2626 / 0.9244 0.564 / 1.9771 1.0026 / 3.463
GR 0.0218 / 0.0471 0.086 / 0.2771 0.2415 / 0.8286 0.506 / 1.7409 0.8881 / 3.0291
HGS 0.0203 / 0.0441 0.0803 / 0.2579 0.223 / 0.7585 0.4604 / 1.5564 0.7963 / 2.666

7
R 0.024 / 0.0559 0.1159 / 0.4038 0.366 / 1.3454 0.819 / 2.9557 1.4837 / 5.2434
GR 0.0259 / 0.0581 0.1114 / 0.3704 0.3263 / 1.147 0.6987 / 2.441 1.2403 / 4.3134
HGS 0.0235 / 0.052 0.0982 / 0.3234 0.2818 / 0.974 0.5891 / 2.0049 1.0212 / 3.4444

8
R 0.0251 / 0.057 0.1132 / 0.3837 0.3396 / 1.2063 0.7299 / 2.5401 1.2775 / 4.2798
GR 0.025 / 0.055 0.1022 / 0.3352 0.2924 / 1.0126 0.6144 / 2.1038 1.0698 / 3.5969
HGS 0.0237 / 0.0506 0.0927 / 0.2972 0.2534 / 0.8447 0.5075 / 1.655 0.8503 / 2.7286

9
R 0.025 / 0.0545 0.1088 / 0.3703 0.3322 / 1.1984 0.7311 / 2.613 1.318 / 4.6179
GR 0.0264 / 0.0557 0.1047 / 0.3438 0.304 / 1.0683 0.6516 / 2.2798 1.1558 / 3.9752
HGS 0.0238 / 0.0512 0.094 / 0.3052 0.2667 / 0.92 0.5582 / 1.907 0.9704 / 3.2597

10
R 0.0246 / 0.0526 0.0947 / 0.2984 0.2567 / 0.864 0.5267 / 1.7711 0.9022 / 2.9615
GR 0.0249 / 0.0531 0.0886 / 0.2683 0.2257 / 0.7256 0.4426 / 1.4318 0.7405 / 2.3781
HGS 0.0223 / 0.0473 0.0795 / 0.242 0.2021 / 0.6449 0.3908 / 1.2415 0.6454 / 2.0413





Appendix B

Processed Data and Visualization

for Chapter 4

B.1 Processed Data

A processed data are stored as:

• Historical states: The historical states within a traceback horizon of all

agents. The historical states of agent i (position, velocity, and orientation)

are stored in its own exclusive coordinate system with the origin fixed at its

current position and the horizontal axis pointing to its current direction. See

Fig. 4.3 for the illustration of the exclusive coordinate system.

• Edge indexes: The graph connectivity represented as a set of directed edges.

A directed edge from node j to node i means that agent j is within the

neighborhood of agent i and a↵ects the behavior of agent i. In this work,

if agent j is within 30 meters to agent i, then it is treated as a neighbor of

agent i.

• Edge attributes: The attributes of all edges. The attribute of an edge from

agent j to agent i contains agent j’s relative states to that of agent i. In this

work, the relative states contain (�x,�y,�vx,�vy,� ).

• Edge types: The types of all edges. The type of an edge from agent j to

agent i contains a concatenation of the types of agent j and agent i. In this
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work, the edge type of a directed edge from node j of type [1, 0, 0] to node i

of type [0, 0, 1] is set to [1, 0, 0, 0, 0, 1].

• Target masks: The mask of the agents to be predicted. If agent i’s future

trajectory is to be predicted, its mask is set to 1, and else it’s set to 0.

• Vehicle masks: The mask of the vehicles in a scene with 1 represents a vehicle,

and 0 represents a non-vehicle.

• Pedestrian masks: The mask of the pedestrians in a scene with 1 represents

a pedestrian, and 0 represents a non-pedestrian.

• Target vehicle masks: The mask of the vehicles to be predicted with 1 means

that the vehicle’s future trajectory is to be predicted.

• Scene map: The map of the scene represented by a top-view image. Since

we propose a learned map selector to share the map across all agents, the

map can be stored outside each piece of data just once. That saves a great

amount of disk space. A corresponding map is saved for each of the scenarios

in the INTERACTION dataset. For examples of the scenario maps, please

refer to Fig. B.1. The image map of a scenario is shared across all the agents

in this scenario via the designed map selector.

• Vehicle-to-map attributes: The states of all agents relative to the map’s center

at the current time t.

• Ground truth future trajectories: The recorded future trajectories of all tar-

get agents over the prediction horizon.

B.2 Visualization

Prediction results of the proposed framework on several scenarios in the INTER-

ACTION dataset are shown in Fig. B.1.
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Figure B.1: Visualized prediction results. This figure visualizes the pre-
diction results of the proposed HEAT-based multi-agent trajectory prediction
method on various driving scenarios on the INTERACTION dataset. Deep pink
dots (vehicle in the legend) are the vehicles’ current positions. Deep sky blue dots
(pedestrian/bicyclist in the legend) are the pedestrian/bicyclist agents’ current
positions. Red lines (historical track in the legend) are their one-second his-
torical trajectories, and blue lines (prediction of HEAT-I-R in the legend) are
the trajectories predicted by the proposed framework with HEAT. It shows that
the proposed method is able to simultaneously predict trajectories of a variable
number of heterogeneous agents (vehicle and pedestrian/bicyclist) in di↵erent
scenarios.





Appendix C

Source Codes

C.1 Source Codes for Chapter 3

The source codes for single-agent trajectory prediction in highway scenarios are

released at https://github.com/Xiaoyu006/SATP-with-GNN.

C.2 Source Codes for Chapter 4

The source codes for multi-agent trajectory prediction are released at https://

github.com/Xiaoyu006/MATP-with-HEAT.
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Appendix D

Datasets

The data-driven methods proposed in the thesis are mainly developed on two

datasets, the INTERACTION dataset and the Argoverse motion forecasting dataset.

The sizes of datasets used in each chapter are listed in Tab. D.1.

D.1 INTERACTION Dataset

The INTERACTION dataset is released by the Mechanical Systems Control (MSC)

Lab (University of California, Berkeley) in collaboration with researchers from

Centre of Robotics (MINES ParisTech) and FZI Research Center for Information

Technology and Karlsruhe Institute of Technology.

The INTERACTION dataset contains trajectories of around 40,000 tra�c partic-

ipants recorded in di↵erent countries. The length of the recorded video is around

1,000 minutes.

This dataset can be found at https://interaction-dataset.com/.

D.2 Argoverse motion forecasting dataset

The Argoverse motion forecasting dataset is released by Argo AI, LLC.
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The Argoverse motion forecasting dataset contains 333,441 (about 330K) 5-second

sequences of highly interactive driving scenarios mined from 1,000 hours of videos,

which are collected from two districts in Miami and Pittsburgh, USA.

This dataset can be found at https://www.argoverse.org/av1.html#forecasting-link.

Table D.1: Datasets used in this thesis

Chapter Dataset Data Size

Ch3, HGS-SATP
INTERACTION 410K

Argoverse 330K

Ch4, HEAT-MATP INTERACTION 530K

Ch5, HGO-MMTP Argoverse 330K

Ch6, PrePlan
DR USA Intersection GL

80K
of INTERACTION dataset

https://www.argoverse.org/av1.html#forecasting-link


Appendix E

Summary of trajectory prediction

methods

The methods introduced in the literature review (Chapter 2) are summarized in

Tab. E.1 for a clear comparison.
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Table E.1: Summary of trajectory prediction methods

Classes Methods

PTP

State Retention Reachable Set Monte Carlo Simula-
tion

State Estimation

Pros: straightforward,
simple, e�cient

Pros: uncertainty-
aware, safe

Pros: model analyt-
ically intractable dis-
tribution

Pros: uncertainty-
aware

Cons: ignore uncer-
tainty, ignore interac-
tion

Cons: conservative,
ignore interaction

Cons: ignore uncer-
tainty, ignore inter-
action, susceptible to
sample size

Cons: ignore interac-
tion

Refs: [26, 27] Refs: [28–33] Refs: [34–36] Refs: [38–45]

LTP inputs

Raw Sequence Grid Graph

Pros: suitable in rural
areas

Pros: simple, e�cient
in computation

Pros: interaction
modeling, map inclu-
sive

Pros: general repre-
sentation

Cons: expensive in
computation

Cons: ignore interac-
tion

Cons: ignore connec-
tions of road elements,
need resolution tuning

Cons: susceptible to
graph structure, need
new graph neural net-
workds

Refs: [62, 63] Refs: [65, 67–69] Refs: [58–60, 70, 72,
73, 75, 76]

Refs: [1, 21, 77, 80, 81,
84–88]

Unimodal LTP

Direct regression Intention-aware

Pros: straightforward Pros: mitigate mode-collapse

Cons: mode collapse Cons: need intention labeling,
susceptible to wrong intention
classification

Refs: [1, 63, 70, 71, 75, 77, 80, 99, 100] Refs: [68, 94, 101]

Multimodal LTP

Intention-aware Sampling & Scoring Multimodal regression Map-adaptive

Pros: explainable
modes

Pros: fine-grained
driving behavior,
good generalizability

Pros: straightforward Pros: good generaliz-
ability, explainable

Cons: restricted by
intention set, need
intention labeling,
coarse-grained driving
behavior

Cons: time-
consuming redundant
sampling

Cons: unexplainable
modes, less generaliz-
ability

Cons: rely on HD
maps

Refs: [58, 59, 102] Refs: [67, 69, 85, 97,
103]

Refs: [21, 76, 106] Refs: [61]
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and Publications1

Awards

• 2021 Winner (1st place) of the Interaction Prediction track of the Waymo

Open Dataset Challenges at CVPR 2021, USA. Link: Waymo Open Dataset

Challenges 2021.

• 2021 Winner (2nd place) of the Motion Prediction track of the Waymo Open

Dataset Challenges at CVPR 2021, USA. Link: Waymo Open Dataset Chal-

lenges 2021.

• 2020 Winner (1st place) of the regular track in the INTERACTION-Dataset-

Based PREdicTion (INTERPRET) Challenge at NeurIPS 2020, USA. Link:

INTERPRET Challenge, NeurIPS 2020.

Patents

• Trajectory Predicting Methods and Systems. International Publication Num-

ber: WO 2022/231519 A1, 03 November 2022.

Journal Articles

• Mo, X., Huang, Z., Xing, Y., & Lv, C. (2022). Multi-Agent Trajectory

Prediction With Heterogeneous Edge-Enhanced Graph Attention Network.

IEEE Transactions on Intelligent Transportation Systems, Accepted, In Press.

1The superscript ⇤ indicates corresponding authors
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action Prediction for Urban Driving. In 2022 IEEE International Intelligent

Transportation Systems Conference (ITSC). IEEE.
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Network-based Vehicle Trajectory Prediction For Highway Driving. In 2021
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• Mo, X., Xing, Y., & Lv, C. (2020, October). Interaction-aware trajectory

prediction of connected vehicles using cnn-lstm networks. In IECON 2020

The 46th Annual Conference of the IEEE Industrial Electronics Society (pp.

5057-5062). IEEE.

• Liu, Q., Mo, Y., Mo, X., Lv, C., Mihankhah, E., & Wang, D. (2019, June).

Secure pose estimation for autonomous vehicles under cyber attacks. In 2019
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