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Abstract

Vehicle trajectory prediction enables autonomous vehicles to better reason about fast-

changing driving scenarios and thus perform well-informed decision-making tasks. Among

different prediction approaches, deep learning-based (DL-based) methodologies stand

out because of their capabilities to efficiently summarise historical data, infer nonlinear

behavioural patterns from human driving data, and perform long-horizon prediction. This

work reviews the DL-based methods that have shown promising results, organising them

in terms of usage of the input data, separating the encodings of the target vehicle’s his-

torical data, surrounding vehicle’s historical data, and road layout data. In particular, this

paper explores the relationships between the scope of the prediction components and the

input data formats, as well as the connections with other elements in the same prediction

framework, including vehicle interaction and road scene mining. This information is cru-

cial to understand complex architectural decisions and to provide guidance for the design

of improved solutions. This work also compares the performance of the most success-

ful prediction models, establishing that appropriate encodings of vehicle interactions and

road scenes improve trajectory prediction accuracy, with the best performance achieved

by attention mechanism and Transformer-based models. Finally, this work discusses future

research directions, including considerations for real-time applications.

1 INTRODUCTION

Autonomous driving has the potential to improve road safety

and traffic efficiency. To match the performance of experienced

human drivers, autonomous vehicles (AVs) have to evaluate

fast-changing driving scenarios, and predict the trajectories of

surrounding vehicles on the road.

A simple approach for vehicle trajectory prediction is to rely

solely on the current states of the target vehicles, based on the

assumption that the vehicle’s state transition is constant in the

near future and the transition process, initialised by the vehi-

cle’s current states, is governed by the laws of physics. Models

like Constant Velocity (CV) and Constant Turn Rate and Veloc-

ity (CTRV) are commonly used in this case [1]. Different types

of estimators, like Bayes filters, are usually applied to deal with

the uncertainties in the observation of vehicle current states [2].

These methods—based on the physics of expected and simpli-

fied vehicle dynamics—are computationally efficient but have

poor long-term accuracy due to a lack of ability to consider

the effects of the road layout, the interactions with other road
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actors, and driving behaviours related to comfort, kindness,

aggressiveness etc. Hence, they are often suitable in simple sce-

narios with short-term prediction horizons (less than 1 s) [3, 4].

To provide additional contexts about the vehicle manoeuvres,

many methods take into consideration their historical states.

One option is to infer the most likely motion pattern of the

target vehicle and select corresponding prototype trajectories

[5]. The set of motion patterns includes possible manoeuvres

at a given location. For a known road structure, motion patterns

and prototype trajectories can be identified before the predic-

tion tasks, based on road geometry or recorded driving data [6].

In the prediction stage, historical trajectories are matched with

the predefined motion patterns and associated prototype tra-

jectories are selected to represent the future trajectories of the

target vehicle [7, 8]. One limitation of this method is the dif-

ficulty of generalising prototype trajectories for different road

layouts because they are heavily dependent on a specific road

geometry. Also, this approach cannot capture dynamic inter-

actions with surrounding vehicles, leading to a loss of crucial

context.
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In the past few years, DL-based methods have gained atten-

tion for their ability to process complex traffic scene contexts,

model interactions with surrounding vehicles and between vehi-

cles and the road infrastructure. This contributes to effective

long-term predictions. This article focuses on DL-based vehi-

cle trajectory prediction methods and seeks to provide a critical

overview. In this work, the term prediction backbone is used to

refer to the prediction component that focuses on the historical

data of the target vehicle, although it could include additional

data when they are inherently associated together at the sensor

level, like when processing bird-eye view photos. This element is

present in the vast majority of prediction methods, distinguish-

ing it from optional architectural components like the explicit

encoding of vehicle interactions or road layout.

This topic has previously been reviewed in several publica-

tions. Mozaffari et al. [9] have summarised DL-based methods

and have discussed their superior capabilities in traffic scene

understanding and trajectory prediction compared to conven-

tional methods based on physics or classical machine learning

[6], especially for a long prediction horizon. In their work,

DL-based methods are classified according to input represen-

tation, output types and prediction methods. More specifically,

Recurrent Neural Networks (RNNs), Convolutional Neural

Networks (CNNs) and their combinations are considered in

detail. However, there is limited coverage of research works

covering the application of Graph Neural Networks (GNNs),

despite the fact that they have been proven to be powerful

in both vehicle interaction and map structure encodings in

recent years. In [3], DL-based and reinforcement learning-based

(RL-based) methods are discussed, along with the physical-

based and classical machine learning-based methods that have

been mentioned in [6]. In these works, significant attention has

been paid to the classification of DL-based prediction meth-

ods in terms of Sequential Networks, GNNs, and Generative

Models. Details of the deployment of specific NNs are well

summarised. These methods are also discussed by Gomes et al.

[10]. In each classification, the discussion is carried out in

terms of how vehicles’ intentions and interactions are repre-

sented and used in trajectory prediction. Huang et al. [11] have

reviewed the last 5 years’ works on trajectory prediction and

have summarised their improvements on the backbone predic-

tion methods following the general representation of vehicles

and map elements, integration of dynamic and static scene infor-

mation and enhancement of prediction interpretability. The

general framework of prediction methods is first introduced,

including scene information, the scene context encoder, and the

motion predictor. The commonly used input representations,

like arranging scene information in grids or graphs, are also well

illustrated in their work. However, there is no strong exploration

of the relationship between the input representation format and

the model chosen for input encoding.

It is a fact that the same NN class could be used in multiple

parts of one trajectory prediction architecture, but with differ-

ent performances and purposes. For example, CNNs could be

used to extract temporal features of the vehicles. They could

also be applied in the encoding of vehicle interactions and the

extraction of map features, with minor modifications between

these two applications. These applications of CNNs rely heavily

on the format of input data and the type of features, temporal or

spatial, that are expected to be extracted. In order to inform the

reader of the performances of the best DL models and the latest

research trends, this work aims to analyse the relations among

the architectures of the DL-based models for use in vehicle tra-

jectory prediction, the prediction goals, the input information,

and the corresponding data formats. The analysis is organised

in terms of trajectory prediction backbones, vehicle interaction

mining and road scene mining.

This paper contributes to the body of literature with:

1. the review of popular DL-based vehicle trajectory prediction

methods, focusing on the evolution of the methodologies

according to the enhanced importance of vehicle historical

states.

2. the analysis of the relations between the representation for-

mats of driving scenario data and the chosen architectures in

terms of trajectory prediction backbones, vehicle interaction

mining and road scene mining, as shown in Figure 1.

3. the comparison of the performance of the state-of-the-

art DL-based trajectory prediction models, leading to some

discussion on future research directions.

In the rest of this paper, Section 2 introduces the basic

concepts of DL-based vehicle trajectory prediction. Section 3

summarises the fundamental architectures of NNs used in

the trajectory prediction tasks. Section 4 reviews DL methods

used in trajectory prediction in terms of trajectory prediction

backbones, vehicle interaction mining, road scene mining and

vehicle-road fusion. The evaluation metrics and performance

of state-of-the-art prediction models are compared in Sec-

tion 5. Finally, the conclusion and the potential research gap are

discussed in Section 6.

Based on this structure, Section 3 introduces various NN

architectures including FFs, CNNs, RNNs, AMs, TFs, GFs, and

GNNs. The characteristics, strengths and weaknesses of these

methods are discussed with respect to trajectory prediction

tasks.

Section 4 categorises commonly used NNs for DL-based

trajectory prediction into trajectory prediction backbones, vehi-

cle interaction mining, road scene mining and their fusion. For

trajectory prediction backbones, NNs are introduced with pro-

gressively enhanced capability for summarising sequential data.

Subsequently, the reformatted traffic scene representations,

including surrounding vehicles and map data, are discussed

alongside suitable NNs for vehicle interaction mining, road

scene mining and their comprehensive fusion. The strengths

and limitations of each NN in specific applications are analysed

and summarised in tabular form.

Section 5 evaluates state-of-the-art prediction models using

evaluation metrics such as RMSE, minADE and minFDE, while

also analysing the computational complexity of certain meth-

ods. Before delving into detailed comparisons, multi-modal

prediction is introduced as many of the reviewed approaches

provide multi-modal results. The comparison emphasises

the advantages of explicitly mining vehicle interactions and
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FIGURE 1 An overview of classification in this research.

map information. Notably, attention-based methods like the

attention mechanism and transformer demonstrate superior

trajectory prediction accuracy, flexible structural designs and

relatively low computational complexity.

2 PROBLEM FORMULATION OF
VEHICLE TRAJECTORY PREDICTION

The prediction of vehicle trajectories aims to forecast the future

motion states of target vehicles over a fixed-length horizon,

based on the available information of the driving scenario

acquired by the autonomous ego vehicle (EV). More specifically,

the motion states are usually coordinates of the target vehicles

(TVs) at consecutive time steps.

In the driving scenario, the EV perceives the surrounding

environment including other vehicles and road scenes. Among

other vehicles, those vehicles whose trajectories are to be pre-

dicted are defined as TVs. Surrounding vehicles (SVs) are

defined as vehicles around the TVs which might have an influ-

ence on their moving motions. The remaining vehicles are noted

as non-effective vehicles (NVs) which are assumed to have no

influence on the TVs’ behaviour.

With a fixed historical horizon, the observation of vehicles

(i.e. the road objects) is represented by Oobs , and other traffic

scene information regarding road layouts and traffic rules (i.e.

the road scene) are defined as Sobs . The vehicle trajectory pre-

diction aims to obtain the motion states YTVs of the TVs over

the prediction horizon based on Oobs and Sobs :

YTVs =

{
Y i

t+1
,Y i

t+2
, … ,Y i

t+p

}N

i=1
, (1)

where Y i
t is the predicted motion state of the ith TV at time step

t , N is the number of TVs and p is the length of the prediction

horizon. Typically, Y i
t represents the 2D coordinates (x i

t , y
i
t ) of

the TV, with respect to the EV or a static map. Considering the

prediction uncertainty, the prediction task can be expressed in a

conditional probability form: P (YTVs|Oobs , Sobs ).

Due to the finite number of allowed vehicle manoeuvres at

a given location, a multimodal prediction model can be used

to inform the EV of the evolution and likelihood of different

trajectories. A multimodal prediction produces several trajec-

tory predictions at one time, indicating multiple possible sets of

future vehicle motion states. In this case, the multimodal motion

states of each TV could be represented by:

YTV =

{
Y 1

TV
,Y 2

TV
, … ,Y K

TV

}
, (2)

where K denotes the total number of modalities.

3 FUNDAMENTAL DEEPING
LEARNING ALGORITHMS FOR
TRAJECTORY PREDICTION

In order to realise the trajectory prediction, as well as vehi-

cle interaction mining and road scene mining, the following

deep learning methods are often used: Feedforward Neu-

ral Networks (FFs), Convolutional Neural Networks (CNNs),

Recurrent Neural Networks (RNNs), Attention Mechanisms

(AMs), Transformers (TFs), Generative Frameworks (GFs), and

Graph Neural Networks (GNNs).

FFs are basic NNs and are also known as Multilayer Percep-

trons (MLP) or Back-Propagation (BP) neural networks [12].

They are generally used in vehicle trajectory prediction for the

extraction of latent features in high-dimensional space and the

conversion of high-dimensional data into outputs with physical

significance. Their application as trajectory prediction backbone

is summarised in Section 4.1.1.

The processing of sequential data, like historical trajecto-

ries, presents however unique challenges. RNNs specialise in

processing this type of data and capturing long-term depen-

dencies that FFs are not designed to handle. In practice, gated

RNNs, like Long Short-Term Memory (LSTM) [13] and Gated

Recurrent Unit (GRU) [14], are commonly deployed in his-

torical trajectory encoding and future trajectory generation,

considering their superior performance among RNNs against
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gradient vanishing or gradient explosion in the backpropagation

of training. The application of RNNs in trajectory prediction is

summarised in Sections 4.1.3 and 4.2.2.

While RNNs are efficient at capturing dependencies of

sequential data, CNNs excel in extracting spatial features [15].

They are able to explore spatial interrelationships by processing

image-like measurements or bird-eye-view (BEV) representa-

tions of road scenes, resulting in direct trajectory prediction

or improving the prediction in cooperation with RNNs by

exploring spatial relationships between vehicles and road lay-

outs and among traffic agents. The detailed application cases

are summarised in Sections 4.1.2, 4.2.5, 4.3.2 and 4.4.1.

Currently, AMs are popular in the application of trajec-

tory prediction. They were originally proposed to improve the

performance of the encoder-decoder translation model. The

original encoder compresses the sequential inputs iteratively

with a forgetting mechanism for the decoder as a fixed-length

vector [16], which inevitably causes information loss due to its

expressive limitation. The AMs resolve this issue by enabling the

decoder to visit each element of the input sequence and focus

on particular parts [17]. The AMs can be further classified into

self-attention and cross-attention, which learn self-presentation

and allow knowledge integration separately. The TF is based

on these two attention methods [18], within an encoder-

decoder structure. Multi-head attention, a stacked of multiple

self-attentions, is applied to extract a weighted sequence rep-

resentation and cross-attention is used to transfer information

from the encoder to the decoder. The application of AMs and

TFs is presented in Sections 4.1.4, 4.2.4 and 4.4.2.

In trajectory prediction, GFs are usually used to describe

the underlying ambiguity of future behaviours of vehicles by

introducing a stochastic latent variable while generating the

prediction. The most commonly applied GFs in trajectory pre-

diction are Generative Adversarial Network (GAN) [19] and

Conditional Variational Auto Encoder (CVAE) [20]. GAN con-

sists of a generator and a discriminator. The generator is used to

generate data with a combination of inputs and latent variables.

These generated data are then mixed with the ground truth and

the role of the discriminator is to estimate the probability for

a sample of mixed data to originate from the ground truth set

rather than the generated set. The performance of the generator

and discriminator can be iteratively improved and the probabil-

ity of the discriminator making a mistake will be maximized at

last [21]. Though a latent variable is also used in CVAE, its dis-

tribution is learnable. CVAE usually consists of an encoder and

a decoder. In the encoder, a recognition network is used to pro-

duce the latent variable space, based on the input during model

training. In the decoder, latent variables are selected randomly

from the produced latent variable space and are then combined

with the input to generate the stochastic predictions. Details in

the application can be found in Section 4.1.5.

Other useful NNs for trajectory prediction are the GNNs.

GNNs are usually used when traffic elements are organised by

non-Euclidean metrics, like the interactions among vehicles and

the connections within the road layouts. In a graph, traffic ele-

ments serve as graph nodes and node edges are created by their

(topological, semantic, legal, emotional etc.) interconnections.

FIGURE 2 Illustration of message passing in GCN and GAT separately.

The same structure is used in GCN and GAT, a host node aggregating

information from its three neighbour nodes without self-connection. In GAT,

the aggregated node features from neighbours are assigned different weights.

The higher the weights are, the more important the neighbour nodes are. In

this illustration, 𝛼 is the weight and 𝛼1 > 𝛼3 > 𝛼2.

GNNs update the node features by message passing. Graph

Convolution Network (GCN) and Graph Attention Network

(GAT) are two significant branches of message passing. GCNs

are inspired by traditional CNNs and the nodes update them-

selves by collecting features of their neighbours and performing

aggregations like averaging and pooling [22], which are similar

to the operations inside the CNN kernels. On the other hand,

GATs assign different weights to the neighbours of a node by

computing attention coefficients based on the features of each

pair of nodes [18]. These coefficients are then used to update

node features by a weighted aggregation, allowing the model to

focus more on the most relevant information. An illustration of

message passing in GCN and GAT is shown in Figure 2. Details

of relevant applications can be found in Sections 4.2.3, 4.3.3 and

4.4.3.

4 CLASSIFICATION OF DL-BASED
TRAJECTORY PREDICTION METHODS

In this section, the trajectory prediction backbone is first

reviewed in Section 4.1 to show a general framework of NN

methods. Then NN methods for vehicle interaction mining and

road scene mining are discussed in Sections 4.2 and 4.3 sepa-

rately. At last, methods fusing vehicle interaction and road scene

information are introduced in Section 4.4.

4.1 Basic neural networks for trajectory
prediction backbone

4.1.1 Feedforward neural networks

FFs project the historical states of the vehicles into a high-

dimension hidden space for feature extraction and then infer

future trajectories based on these hidden states [23, 24] as shown

in Figure 3.

The historical observations of the TVs usually include speeds,

steering angles and positions in the historical horizon. In [23],

these data are fed into an FF directly, consisting of one input

layer, one hidden layer and one output layer. The output of the
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FIGURE 3 Illustration of vehicle trajectory prediction methods based on

FF.

FF is as simple as a lateral position point at a specific hori-

zon, for example, the lateral position of the TV at a given

time (e.g. 1 s) in the future. Every time step, the FF processes

a new set of historical samples and thus the predicted trajec-

tory is continuously updated while the prediction model is in

operation.

Though the FF is simple in structure and efficient in execu-

tion, the prediction horizon is constrained to a short horizon

(e.g. 1 s) for its limited performance in exploring time-series

dependencies of vehicle historical states.

4.1.2 Convolutional neural networks

In trajectory prediction, CNNs are often associated with data

inputs in the form of point clouds or RGB images. These

data are common outputs of detection sensors and could be

further processed to create a BEV scenario describing both

the static and dynamic scenes. The CNNs are then applied to

extract spatio-temporal features and predict the trajectory in a

short-term horizon [25, 26].

To facilitate the processing of temporal features from spa-

tial data, the raw data from the sensors are usually concatenated

with each other across historical time frames. FaF [25] uses a

bunch of convolution layers to predict the future tracklets, in

the form of consecutive bounding boxes along the prediction

horizon. 3D point cloud data are arranged in voxel represen-

tation (as shown in Figure 4) and grouped with an extended

temporal dimension, ending up with a 4D tensor encoding an

occupancy grid of the 3D space over several time frames. To

process temporal features of the data, 1D convolution could

be used to do data aggregation across the temporal dimen-

sion. After compression in the temporal dimension, the height

dimension is treated as the channel dimension and 2D convo-

lutions are applied across the X and Y dimensions to extract

spatial features of the whole scenario.

IntentNet [26] modified FaF’s architecture by converting the

voxel representation into an elevation map and concatenating

the time dimension to the height information, ending up with

2D grids. In this case, 3D convolutions are replaced by 2D con-

volutions to extract temporal and spatial features. A similar 2D

convolution is applied to exploit semantic information from the

map of the road layout. And the outputs of these two con-

volution backbones are concatenated together and fed to the

fusion subnetwork for intention estimation and final trajectory

prediction.

Following this work, Casas et al. [27] extend the single-branch

network of PIXOR [28] to a two-stream network, such that

the first stream processes LiDAR point clouds and the other

processes road-layout maps, and their outputs are then con-

catenated along the channel dimension. This concatenation is

further used to produce the bounding boxes of vehicles and to

predict vehicle trajectories.

These researches unify the tasks of object detection, tracking,

and short-term motion forecasting within an end-to-end fully

convolutional approach. One limitation is that they are only per-

forming well with a short prediction horizon, typically around 1

s.

CNNs are valued in vehicle behaviour prediction for their

capabilities of taking raw sensor data, like point clouds, as

input and exploring their short-term temporal dependencies

and spatial relationships. Though RGB images from cameras

are also common inputs to AVs, they are usually processed

through CNNs to perform object detection instead of trajectory

prediction because pure CNNs are not efficient at extracting

TV’s temporal states and encoding them for trajectory pre-

diction purposes. Thus, CNNs are seldom used as prediction

backbones with RGB image inputs.

4.1.3 Recurrent neural networks

RNNs are often used to extract features that represent the

motion of the TV across a historical horizon. The inputs

are usually historical state sequences, including positions and

velocities.

A single LSTM is used in [29] to predict the future posi-

tion of the TV as a regression task. The purpose of the LSTM

layer is to abstract a meaningful representation of the input time

series, while its output is fed into dense layers to extract the final

prediction: the future longitudinal velocity and lateral position.

Additionally, the present states of the TV are also fed directly to

the dense output layer, bypassing the LSTM, to allow the model

to focus on variations from the current states. In [30], in addi-

tion to the trajectory prediction LSTM module, another LSTM

module is used to extract the lateral driving intentions of the TV.

This intention encoding is then concatenated with the sequen-

tial longitudinal features of the TV and fed to the trajectory

prediction LSTM module, which predicts the lateral deviation

and longitudinal acceleration across the prediction horizon. In

[31], an encoder-decoder structure is used, as shown in Figure 5.

The encoder works as an observation stage, extracting features

from historical data that are fed to the decoder to generate the

prediction trajectory.

To improve the encoding of the historical data, LSTMs could

be stacked together. Park et al. [32] use an encoder-decoder
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FIGURE 4 Illustration of trajectory prediction pipeline based on historical point cloud input and CNN methods. Point clouds at each time step are arranged in

the 3D voxel grid, and historical voxel grids are concatenated in temporal sequence to form a 4D tensor. To collapse the temporal dimension, height information in

the voxel grid is treated as channels in the 2D tensor, and 1D convolution is deployed to process the spatial data across the temporal dimension, equivalent to

producing a single point cloud from all frames by weighting their contribution [25].

FIGURE 5 Illustration of LSTM prediction model with an encoder-decoder structure. The input to the encoder is a sequence of historical vehicle state data

and the output is a fixed-length vector summarizing of the whole input. This vector is used as the initial state of the LSTM in the decoder, along with the current

state of the vehicle. The decoder runs recursively to create the output sequence step by step.

LSTM to predict the probability of occupancy on a grid map

and apply a beam search algorithm to select the most probable

future trajectory candidates. The LSTM encoder consists of two

stacked LSTM layers and takes the latest trajectory samples from

the SVs, as well as the state information of the EV, to produce

a fixed-length vector which captures the temporal structure of

the historical trajectory. Based on this fixed-length vector, the

LSTM decoder, also a 2-layer stacked LSTM, generates the

future trajectory on the occupancy grid map (OGM).

Similar to the method in [30], Deo and Trivedi [33] proposed

a separate manoeuvre classification module based on a single

LSTM to predict manoeuvre class probabilities based on the

backbone of the encoder-decoder structure. These manoeuvre

encodings are appended with the vehicle trajectory encod-

ings from the trajectory encoder. Then the decoders, different

for each manoeuvre, use this information to predict the final

position of the TV.

Although RNNs are some of the main NNs associated with

data time series analysis and prediction, they have some defi-

ciencies in modelling spatial relationships such as vehicles’

spatial interaction and processing image-like data such as road

scene contexts. This explains why sophisticated solutions using

RNNs usually exploit additional methods to compensate for the

weakness of a single RNN.

4.1.4 Transformer

Another neural network structure that is skilled at learning

historical data is the Transformer (TF). One difference in pro-

cessing sequential data between TF and LSTM is that TF

needs additional positional encodings in the input because it is

permutation-invariant and cannot distinguish the time flow [18].

The TF is generally made up of an encoder and a decoder, as

shown in Figure 6. In trajectory prediction, the encoder creates

a summary of the complete time-series input, for example, the

historical states, by constructing vectors of queries (Q), keys (K)

and values (V) through self-attention. The decoder runs recur-

sively to predict future positions by focusing on appropriate

information in the input as well as previously generated predic-

tions [34]. Alternatively, in the decoder, the historical states of

the target agent could serve as the input as well [35].

In [36], a structure of dual TFs is used to predict future tra-

jectories of the TV. The inputs of the first TF are the historical

positions of the TV and the interaction information, consisting

of relative states of the SVs, whereas its output is the manoeu-

vre intention. This intention information is concatenated with

the input of the historical trajectory of the TV and fed to

the encoder and decoder of the second TF to produce future

predictions.
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FIGURE 6 Illustration of vehicle trajectory prediction model based on TF.

LSTM may undergo gradient vanishing or information loss

while back-propagating the signal sequentially from the current

to the earliest time step, but TF could learn from every single

input of the historical data because it keeps the complete time-

series encoding. Results have shown that the ability of TF has

outperformed LSTM in pedestrian trajectory prediction [34].

4.1.5 Generative frameworks

When treating trajectory prediction as a regression work, one

of the limitations of pure RNNs is that they cannot consider

the multi-modal character of human drivers. Future predictions

can be inherently ambiguous and have uncertainties as multi-

ple plausible scenarios can be explained under the same past

situation (e.g. a vehicle heading toward an intersection with

decreasing velocities can make turns or just perform giving

way). Thus, learning a deterministic function that directly maps

historical data to deterministic output will under-represent the

potential prediction space and easily overfit training data. More-

over, a naively trained network with a simple loss will produce

predictions that average out all possible outcomes, for example,

the model tends to do a prediction which is an average perfor-

mance of right-turning and going-through trajectories while the

vehicle is driving in a right-turn and straight lane.

GFs solve these issues by introducing stochastic latent

variables in the prediction models. The most commonly

applied GFs in trajectory prediction are Generative Adversar-

ial Network (GAN) and Conditional Variational Auto Encoder

(CVAE). Their structures are shown in Figure 7.

Lee et al. [37] have created a CVAE-based trajectory predic-

tion method based on GRU. In the training phase, the CVAE

encoder encodes the past and future trajectories of an agent

through two separate GRUs. Then these two encodings are con-

catenated to produce the mean and standard deviation values in

the latent variable space with FFs. In the decoder, the latent vari-

able produced by the encoder is reshaped to be combined with

the encoding of the past trajectory through an element-wise

multiplication and is fed into a GRU to generate the candidate

prediction trajectory. In the inference phase, the encoding of the

past trajectory is combined with randomly sampled latent vari-

ables to produce multiple candidate prediction trajectories. In

[38], a similar method is proposed. The difference is that LSTM

layers are used and, in the CAVE encoder, the trajectories of

SVs are added to the trajectory of the TV to consider potential

interactions.
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FIGURE 7 Illustration of GAN and CVAE-based trajectory prediction in (a) and (b) separately. (a) The GAN-based method randomly samples the latent

variable with a known distribution, for example, Gaussian distribution. (b) The CVAE-based method creates latent variable space through training. In the testing

stage, latent variables are sampled from this learned distribution of the latent variable space.

In terms of combinations of CVAE and CNN, Dulian et al.

[39] have used a CNN-based encoder to extract features of

road scenario data, including separate layers of drivable areas,

lanes and road actors. The latent variable space is then cre-

ated based on these layer encodings, along with the agent

state encoding. In [40], the encoder is LSTM-based and sim-

ilar to that in [38], and a U-Net-like CNN [41] is used to

process the road scene context, working as part of the CVAE

decoder.

A summary of each backbone NN can be found in Table 1.

4.2 Neural networks for interaction mining

Vehicles move on the road according to the actions of SVs,

adjusting the heading angles and velocities to avoid potential

crashes and negotiating the space to improve traffic efficiency.

To this end, if the interactions between the TV and its SVs could

be modelled effectively, the trajectory prediction accuracy will

likely improve.

SVs are usually identified as having a potential influence on

the motion of the TV. Adjacent vehicles in the eight directions

around the TV are usually identified as direct neighbours and

considered SVs [33, 38]. Often, the vehicle in front of the for-

ward vehicle is also identified as SV [29]. See the vehicle ff in

Figure 8a.

Taking into account the moving speeds, a rectangle field

centred at the TV is considered a region of interest (RoI) and all

moving objects in this field are considered SVs [44, 45]. In this

case, the RoI is converted into a grid and vehicles inside each

grid cell are identified as SVs and their information is assigned

to the corresponding grid cells, as shown in Figure 8c. The

above definitions of SVs are usually used in simple scenarios,

where the SVs move in the same direction as the TV, like

highways.

However, this neighbour topology does not cater to the

urban scenario or unstructured roads, where SVs might move

transversally in the direction of the TVs and the interaction

between the TV and SVs is generally more complicated. In [46,

47], the SVs are identified in a polar coordinate system. More

generally, a graph-like neighbour topology could be established

as shown in Figure 8b.

4.2.1 Implicit encoding

After identifying the SVs and their dynamic information, the

interaction between the SVs and the TV could be explored. One

solution is to concatenate the information of the SVs with the

information of the TV as a comprehensive input to the predic-

tion model. This method fuses the SVs’ interaction with the TV

in an implicit way.



YIN ET AL. 9 of 29

TABLE 1 A summary of backbone architectures.

NNs Inputs Works Pros Cons

FF historical state

sequences

[23, 24] ∙ Simple in structure and efficient in

execution
∙ Useful to project mined traffic scene

context into final trajectory prediction

∙ Limited performance in exploring time-series

dependencies of agents’ historical states

CNN Point clouds [25–28] ∙ Capable of keeping the spatial

relationship of the traffic scene input

data, enabling modelling of the

interactions between agents and the

road scene context

∙ Only performing well with a short prediction

horizon, typically around 1 s, because of its

limitation on extracting temporal features

RNN historical state

sequences

[29–33] ∙ Powerful in data time series analysis

and prediction

∙ Deficiencies in modelling spatial relationships

such as agents’ spatial interaction and road

scene contexts
∙ Undergoing gradient vanishing or

information loss while back-propagating the

signal sequentially from the current to the

earliest time step

TF historical state

sequences

[34–36, 42] ∙ Skilled at learning historical data from

every single input of the historical data
∙ Easy to realise multi-modal prediction

∙ Needing additional positional encodings in

the input because it is permutation-invariant

and cannot distinguish the time flow
∙ Having more trainable parameters and

achieving limited performance with a small

training dataset

GF historical state

sequences

[37–41, 43] ∙ Introducing stochastic latent variables

in the prediction models to ease the

production of multi-modal predictions
∙ The distribution of the latent variables

can be predefined or learned

∙ The selection of latent variables in the

inference stage might be arbitrary, and not

able to model the uncertainty in driving

intentions, which might produce unrealistic

trajectories
∙ latent variables are assumed to have a specific

distribution which might not aligned with the

traffic scene

For the SVs, the most used information is the position. Both

global coordinates [24, 33] and coordinates relative to the TV

[29, 32] are used. The relative coordinates are easier to be recog-

nised by human drivers and sensors on the vehicle. Meanwhile,

the speeds of SVs are also used as input for the prediction model

[24, 29, 32]. Other information is also sometimes used in the

inputs, such as the heading angle of the vehicles [31], yaw rate

[32], acceleration [24] and time to collision [29].

Since the speed and acceleration are the first-order and

second-order derivatives of the position, NNs could extract

these features from the historical position data. But providing

them directly allows for a reduction of the model size and the

training requirements. There is some research using the con-

trol inputs of the TV like the steering wheel angle [23], but this

information is not easily measured for SVs.

In the implicit fusion of data about the TV and SVs, no

explicit process of computing the interaction feature exists,

despite using states that are relative to the TV as direct inputs.

While this approach is easy to implement, it has certain limita-

tions. NNs may struggle to effectively capture the interactions

among the TV and SVs from the complex input arrays, which

include the original states of both the TV and SVs. This

challenge becomes more pronounced when dealing with high-

dimensional input arrays that incorporate variables like speed,

position and heading, especially when a large number of SVs

are involved.

Thus, analysis of the interaction between vehicles as a sepa-

rate procedure and producing a high-dimensional intermediate

encoding can be combined with the TV states to facilitate

trajectory prediction [48]. Such high-dimensional intermedi-

ate encoding is produced by analysing the spatial relationship

between the TV and its SVs by models like CNNs and GNNs.

This is more explicit than simply appending the original states

of SVs to the model input. Apart from the spatial relation-

ship among SVs, the historical features are also extracted by

pre-processing the historical states with models like CNNs and

RNNs.

4.2.2 Recurrent neural networks

With identified SVs, the TV could be paired with each one of

them to model the respective interaction. In [49], this pair-wise

interaction is encoded by LSTM. Firstly, two different LSTM

layers are used to separately encode the historical trajectories

of the TV and its SVs. Then the historical encoding of the TV

is paired with that of the SVs. Further, this concatenation is

processed by a stacked LSTM to further encode the impact of
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FIGURE 8 Illustration of the identification methods of SVs. The TV is in

purple; the identified SVs are in dark blue and the irrelevant road actors are in

light blue. In (a), eight SVs are identified based on whether they are directly

adjacent to the target vehicle. The SVs are marked according to their relative

positions to the target vehicle including behind (b), forward (f), left (l) and right

(r). Some positions might not be covered by any SV, as expressed by the dashed

contours. In (b), SVs are identified based on their Euclidean distances relative

to the TV. In (c), a space grid is created and vehicles inside the grid cells are

identified as SVs.

spatial interaction between the TV and its SVs. In [50], GRU

encoders are used to model the pairwise interaction between

the TV and each of the SVs. In each pair, two GRUs with

shared parameters are used to encode the individual manoeu-

vre histories and dynamics. The two GRU encodings are then

concatenated to represent the pair-wise interaction.

4.2.3 Graph neural networks

If the SVs are identified with a graph-like structure, GNN could

be used to propagate the information between the TV and its

SVs. The TV and SVs in this structure could form a graph,

where each of them serves as graph nodes and their potential

interactions form the graph edges. The connection could be bi-

directional or unidirectional. An illustration of graph-like vehicle

interaction is shown in Figure 8b.

In [27], a fully connected directed graph is created based on

potential interactions between the TV and its SVs, as well as the

interactions among the SVs. The road actors are represented by

bounding boxes and act as nodes in the graph. The node states

are the convolution results of the fixed-size feature map of vehi-

cle nodes. During message passing, the concatenation of two

connected nodes is first created and then processed by MLP to

produce the message. Then the node updates its states by aggre-

gating messages from all of its local neighbour nodes with an

ordering-invariant, feature-wise max operator. By this feature-

wise max operation, the model could figure out the interplay

for each pair of vehicles in a bidirectional fashion. In [51], GAT

is used to characterise the interdependences of heterogeneous

traffic agents, including vehicles, bicycles and pedestrians. Traf-

fic agents are treated as graph nodes, and within an identified

TV and SV pair, the attention coefficient is calculated by matrix

product based on the feature encodings of the nodes. Then the

node feature is updated by the weighted sum of its neighbours.

GAT is also used in [52] while the attention coefficient is cal-

culated by normalized attention operation among all connected

neighbour nodes [53]. In [54], convolutional layers are used to

extract node features and GCN is used to aggregate node fea-

tures from neighbours for the purpose of encoding interactions.

In [55], the node features from the neighbours are weighted

by the reciprocal of the sum of the distance between the two

nodes. This operation is designed to emphasize the influence

of the SVs by their relative distance to the TV. The adjacency

matrices of most GNN-based interaction mining methods are

established through prior knowledge, like setting matrix val-

ues to be reciprocals of geographic distances. This static matrix

lacks the adaptive learning capability to depict the evolution of

agent interactions through time. In [56], a learnable adaptive

graph is used to resolve this deficiency. More specifically, an

adjacency matrix is initialised by the element-wise multiplication

of the learnable embedding array of all agent nodes and their

transpose. Then softmax is used to determine if a connection

exists.

With these graph-like structures, the spatial relationships

among the TVs and SVs can be explored. However, this struc-

ture only establishes spatial connections among vehicles at the

current time frame. In [57, 58], to integrate the influence of the

neighbours both in spatial and temporary dimensions, a spatio-

temporal graph is created where edges across the historical

time frames and through the spatial space are established. More

specifically, at each time step, spatial edges are created among

spatial-adjacent traffic agents; for the same traffic agent, tempo-

ral edges are produced to connect its states in adjacent frames.

Based on these temporal and spatial edges, an instance layer

is created for the message passing and the interaction capture

among individual nodes. The interaction among traffic agents is

modelled by a weighted sum of neighbour features, which is fur-

ther concatenated with the temporal feature to update the node

feature. Additionally, a category layer is established to identify

traffic agents of the same type and a super node is used to sum-

marise the shared behaviours of the same category by averaging

node features in the whole layer. This feature is then transmit-

ted back to the instance layer to form final interaction encoding,

by connecting individual nodes to its corresponding super node.

A simplified spatio-temporal graph can be established by creat-

ing a separate spatial graph at all temporal time steps [59, 60].

The spatial graph describes the interaction among vehicles and

graphs across the time domain enable a dynamic description

of interaction variation. To better evaluate the diverse influ-

ence of each SV across the time domain, an adaptive adjacency

matrix is used in [59]. In the adjacency matrix, the edge weights

between one node and its neighbours are calculated by nor-

malized attention operation based on node-neighbour encoding
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concatenations. This adaptive adjacency matrix has the ability

to capture interactions among vehicles that are not explicitly

covered by intuitive manual linkages [53].

4.2.4 Attention mechanism

The influence of the SVs on the TV is not identical. For exam-

ple, the SV following the TV might have less influence on the

decision-making of the TV than the SV in front or the SV that

wants to merge into the lane of the TV. To identify the SVs that

have more influence on the TV and better encode interactions,

attention-based methods could be used. These methods often

work in a kind of one-directional information transfer way, in

which the interactive features of SVs are aggregated and linked

to the TV.

In [61], the historical states of all agents in the scene are

encoded with a sequential combination of 1D convolution and

a variation of GRU. Then these encodings are used to create the

Q, K and V vectors for the AM. The Q vector is generated based

on the TV’s encoding, while the K and V vectors are based on

the SVs’ encodings. The normalized dot product of Q and K

vectors creates an attention map and then this attention map is

used to pool their value features into a context vector, which

encodes the influence of the SVs on the TV. A similar struc-

ture is used in [62]. GRU is used to encode historical states of

the vehicles in the scene and the final results of SVs are assem-

bled into a global embedding matrix. Then attention weights

among the TV and SVs are calculated by dot production of the

TV’s hidden states and the generated global embedding matrix,

which is further used to mine the interaction among vehicles.

In [63], the historical states, future trajectories and reference

path waypoints are encoded with a temporal convolutional layer

and LSTM. Those encodings are fed into the linear layers for

mapping Q, K and V vectors in the attention. A self-attention

structure is then used to capture the interactions between agents

in the historical time domain. A similar strategy is also used in

[64]. Considering that the SVs are arranged in the occupancy

grid, K and V vectors are mapped from the grid map instead of

individual SVs in [65].

4.2.5 Convolutional neural networks

Another popular solution to deal with interactions from mul-

tiple neighbours is to use social pooling [48, 66]. For this

operation, a grid map is created, which is centred on the TV.

Then each cell in the grid map is filled with states of SVs.

The vehicle states could be their original dynamic informa-

tion or high-dimensional states, processed by NNs like LSTMs.

If multiple SVs occupy the same grid cell, the grid cell will

be populated with aggregation of their states by an operation

like adding. This social pooling preserves the spatial informa-

tion of SVs and enables spatially proximal road actors to share

information with the TV.

These grid cell states are concatenated end to end before

being fed into the prediction model, therefore losing their

spatial organisation. To overcome this issue, CNN is used to

capture the spatial inter-dependencies of the social pooling ten-

sor. In [45, 67], convolutional and pooling layers are used to

learn the locally useful features within the spatial grid of the

social tensor. Two convolutional layers and one pooling layer

are used to obtain the social context encoding. In [68], an addi-

tional MLP is used to process the output of the pooling layer to

obtain the final interaction vector. Multi-Agent Tensor Fusion

(MATF) encoding and decoding is introduced in [69]. In the

encoding part, a social tensor, augmented with convolutional

encoded scene context channels, is fed to a U-net-like [41] fully

convolutional network to fuse interaction among agents and

between agents and scene context while keeping spatial locality.

This combined method is also used in [44], but the AM is used

to select the most noteworthy SVs at each time step. In [46],

the SVs around the TV are identified in the polar coordinate.

The relative position and velocity are concatenated with each

vehicle’s LSTM hidden state and processed independently by an

MLP. Finally, the MLP output is max-pooled element-wisely to

compute the pooling vector of the TV. In this way, the inter-

dependencies of the motion of SVs are captured without being

restricted to a specific grid size.

A summary of NNs for agent interaction mining is illustrated

in Table 2.

4.3 Neural networks for road scene mining

Vehicle motion is constrained by map-relevant information

such as road structures and traffic rules. For example, the vehi-

cles will follow the geometry of driving lanes and manoeuvre

according to the lane connectivity and priority rules. More and

more prediction models consider the fusion of map information

to improve prediction accuracy.

4.3.1 Implicit encoding

One way to explore the influence of road geometry on trajectory

prediction is to represent the vehicle states relative to the road

elements. In [70], the index of the occupied lane and the devi-

ation from the lane centerline are considered part of the model

input. In [30], the relative displacement to the lane markings and

lane centre lines, as well as the first and second-order derivatives,

are used as inputs of an LSTM model.

4.3.2 Convolutional neural networks

One popular method to process road scene contexts, including

road geometries and traffic dynamics, is to form an image-like

representation of traffic scenarios and deploy CNNs for spatial

and temporal feature extraction. Basic ideas for creating image-

like representations are to discretise the road scene around the

TV into regular grids in BEV and further digitise the road scene

with numerical values or RGB values to form multiple-channel

grid maps or rasterisation images [61, 71–73]. In [72, 74], the
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TABLE 2 A Summary of interaction mining architectures.

NNs Inputs Works Pros Cons

Implicit Matrices to contain

both the TV’s and

SVs’ states

[24, 29,

31–33]

∙ No extra NNs needed to process

interactions
∙ Easy to arrange data and simple in structure

∙ Challenging to capture

interactions because the input

vector might be too large for

the NNs to effectively extract

and summarise the relevant

features

RNN historical state

sequences

[49, 50] ∙ Simple to implement ∙ Restricted to mine pair-wise

interaction

GNN Agent node feature

matrix and adjacency

matrix

[27, 51–60] ∙ Flexible to define connections among

vehicles
∙ Able to build connections across both the

spatial and temporal dimensions
∙ Flexible to choose message passing

technologies, such as multi-step

aggregation, bi-directional or unidirectional

aggregation, attention-based aggregation

∙ Inefficient storage because the

number of SVs might vary and

sometimes this ends up with a

very sparse matrix

AM Matrices of TV’s and

SVs’ states

[61–64] ∙ Able to mine the interaction according to

the learned importance of SVs
∙ Ordering-independent arrangement of SVs

∙ Additional NNs needed to

extract features before being

taken as AM input

CNN Grid maps with SV’s

states

[41, 44–46,

48, 66–68]

∙ Efficient in the operation of feature

extraction
∙ Able to preserve the spatial information of

SVs and enables spatially proximal road

actors to share information with the TV

and capture the spatial inter-dependencies

of the social pooling tensor

∙ Requirements of representing

SVs in a grid-like structure
∙ Computational intensity in

converting SVs’ information to

a fine-grained image

RGB images are used and they are created through rasterisation,

where different static contexts of the vector road-layout map are

assigned distinct RGB colours.

In [72], a multiple-layer rasterisation image is created to rep-

resent the traffic scenario around the TV. The traffic scenario

is represented by pieces of vector layers, representing traffic

elements like driving lane polygons, road boundary polylines

and directional lane centreline polylines. The generated layer is

discretised into grids and grid cells overlapping with the traf-

fic elements are assigned distinct RGB values to make them

prominent, as shown in Figure 9b. At last, a rasterisation image

could be obtained by stacking RGB images on top of each other

starting from layers that represent macro areas such as road

polygons to layers that represent finer structures like lane cen-

trelines, where the subsequent images will overlay the content

of the previous one. A similar technology is also used in [61].

Different from overwriting subsequent images, a multi-channel

image is created to store the rasterised road scenes without

loss of spatial features. For example, the completeness of the

lane markers will not be affected when they are obstructed

by agent boxes since these two features are stored in different

channels.

The main difference between multi-channel grid maps and

RGB images is that the grid cells in grid maps are populated with

numerical values instead of RGB values. This mechanism allows

grid cells to store dynamic traffic contexts like traffic light states,

which is not easy for RGB representation. Also, predefining

orderings while stacking RGB images could be avoided.

FIGURE 9 Road layout maps could be represented in rasterized images

or map graphs, as shown in (b) and (d) separately. The rasterized map in (b) is

created from (a), where the drivable areas (in grey), lane markings (lane

markings in light yellow, pedestrian crossings in white) and lane centrelines are

filled with identical colours. The map graph in (d) is created from (c), showing

the traversability of lane segments.

In [26], road geometries and traffic rules, including traffic

lights and lane types, are encoded by 17 binary maps in which

the spatial grid cells are assigned with 1 or −1 if they are crossed
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by lane markings or ruled by traffic rules. This parametrisation

of the map allows the model to extract rich scene information

from the geometric details together with traffic rule informa-

tion. In [75], to enable variable receptive fields in the grid maps,

single-channel grid maps with three different discretisation res-

olutions are created to represent the scene. The three grid sizes

are classified into ‘local’, ‘medium’ and ‘global’ to describe the

scenario from micro trajectory features to the whole scenario

context. In a grid map with a specific resolution type, grid

cells are filled with values representing the severity of collision

with the occupying traffic agents, and the constraint intensity of

traffic rules on vehicles. Cases of high severity of potential colli-

sions and highly constraining traffic rules are assigned with high

numerical values. For example, motorcycles are given higher val-

ues than cars because they are more vulnerable when involved

in an accident. And solid line markings have bigger values than

dashed line markings because the solid ones are more restrictive.

The advantage of using image-like representation is that

CNNs can efficiently and effectively abstract RL map features

[56] in a broad spectrum of road scenes, ranging from simple

highways to complex urban environments. Nevertheless, some

limitations lie in road connectivity representation, topology-

guided feature exploration and real-time application. First,

image-like representation is not able to semantically describe

lane connection types of lane pairs [76], for example, it is not

easy to distinguish adjacent lane pairs in the same or oppo-

site directions. Additionally, 2D convolution may not be able

to capture global topology features among road lanes because

of the limited receptive fields of the convolution kernel. This

could be partly resolved by generating images with larger grid

sizes [75], which might cover more global connectivity infor-

mation in the convolution kernel. However, the efficiency of

this solution is still limited. Second, topology-guided feature

exploration cannot be realised, like the feature extraction along

a specific lane. Expansion on the reception field could cover

more intended areas along a target lane but will inevitably con-

tain more redundant regions since the kernel treats the image

pixels homogeneously. Lastly, the continuous discretisation of

elements around the TV poses a challenge for real-time appli-

cations [27, 77] because it is time-consuming and should be

conducted at each time step.

4.3.3 Graph neural networks

In autonomous driving, road-layout maps are usually served as

prior. They are arranged with a set of lane segments and their

connectivity in a vectorised way, providing structured represen-

tations of the scenarios with geometric and semantic pairs or

with geometry entities alone. To better use this geographic and

semantic information and preserve the map element connec-

tivity, these vectorised road-layout maps are usually converted

to a directed graph for further feature extraction, as shown in

Figure 9d.

A primary map graph could be constructed based on actors’

traversability across the connected lane nodes. These lane nodes

usually consist of lane segments with similar lengths. A lane seg-

ment length of 10–20 m could represent the roads on the map

at a macro scale, while a length of 1 m or even smaller represents

the roads at a micro scale [64]. These lane segments often con-

tain a sequence of ordered lane centrepoints [78]. Since these

sequential centrepoints capture both the direction of the traf-

fic flow and the legal routes that each driver can follow, their

physical characteristics are often used as the lane node features

[79].

Graph nodes

The basic lane node is described by features inherited from lane

centrepoints, typically their coordinates and orientations (e.g.

yaw or tangent direction), capturing the geometry of the lane

segments [76, 79, 80]. Semantic information like traffic control

elements could also be added to the node features as a sup-

plement to indicate whether the centrepoints lie on a stop line

or crosswalk [79], to distinguish turning directions [80] and to

show traffic light statuses [81].

Further, lane node features sometimes include road actors’

information. To show the accessibility of a lane node, the spatio-

temporal occupancy status of the lane segments is incorporated

into the lane node features based on the historical trajectories of

road actors [80]. In [81], apart from the above-mentioned geo-

metric and semantic features, a lane node is matched with its

nearby road actors, and these road actors’ positions and orien-

tations relative to the matched lane segment centres over their

historical horizon are also added to the node feature. In this way,

the lane node encodes the road actors’ manoeuvre intention into

its features, like approaching or leaving the matched lane node.

In [79], lane node encodings are updated with nearby agent

encodings using multi-head attention. In [76], spatial attention

is used to capture actor-map interactions. Road actors within a

spatial range of the selected lane node are extracted. The lane

node features and road actor features are concatenated together

and then projected into the new lane node feature. With this

spatial attention, real-time traffic information is introduced into

lane nodes, modelling road blockages and availability of the

lanes.

Apart from the lane centrepoints, vectors of polyline ele-

ments in road-layout maps could also be treated as graph nodes.

In [77], a node is a polyline vector consisting of sequential points

from lane boundaries (or motion trajectories). The node fea-

tures are the start and end locations of each polyline, along with

other attributes such as polyline ID and semantic labels.

Graph edges

Individual lane nodes are linked by edges in the graph, repre-

senting the lane segment connectivity in road-layout maps [82].

According to the adjacency of the lane segments in the map,

edges have types of predecessors, successors, and left and right

neighbours. Given a lane segment, its predecessor and succes-

sor are other lane segments that can directly travel to and from

the selected segment. Left and right neighbours refer to the

lane segments which can be directly reached without violating

traffic rules in the traversal directions [76]. In [79], an idea of

proximal edges is also used, which accounts for lane-changing

manoeuvres between neighbouring lane segments. In this
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application, a distance threshold is used to identify the neigh-

bour lane segments and their orientations are checked to be

within a yaw threshold of the ego lane segment to avoid

erroneous assignment of nodes when multiple lanes overlap.

The edges are often stored in the form of an adjacency

matrix. A value of one in the p row and q column represents

that node p and node q have linkage, and vice versa. In [76, 81],

four edge matrices instead of one edge matrix are used to store

linkage information. Storing linkage information of all types

of connections in separate matrices enables non-interfering

exploration of individual connection types.

Graph

A map graph could be constructed in a global way by connecting

all lane nodes in the scenario according to the map topology.

A fully connected graph is simple to construct but has high

computational cost and it ignores specific semantic connections

between elements.

To better explore local scenes and global topology, graph

layers of both micro and macro levels are created simultane-

ously to encode information on a different scale. The global

graph preserves the map structure and the local graph captures

the more fine-grained information within a small region. In

[80], two separate map graphs are established to focus on local

traversability and global topological information separately. The

nodes in the local graph are sampled points on the drivable

area with a resolution of 1 m around the target road actor,

noted as the drivable area (DA) layer. And the global graph is

created based on the lane segment centreline with a resolution

of 2 m , noted as the lane segments (LS) layer. The DA and

LS layers are from the same map data and thus always spa-

tially overlapped. To realise better local-global feature fusion,

inter-layer edges between nodes of these two layers are estab-

lished by matching nodes in the LS layer with their Euclidean

neighbours in the DA layer. This connection enables message

propagation forward and backward between these two layers.

In [77], a hierarchical graph network is established. Based on

the idea of constraining the connectivity of the graph based on

the spatial and semantic proximity of the nodes, a subgraph is

established with nodes in the same polyline sharing the same

semantic labels. Then, all local graphs are fully connected with

each other to form a global graph for information exchange. In

[81], a local graph named LaneRoI is built by nearby lane nodes

of the TV and extensions of these nearby lane nodes along

the graph topology. Multiple LaneRoIs are then connected to

form a global graph. This topology could better represent the

local scenario context while maintaining awareness of global

topology.

Message propagation

The lane node feature above only captures the local information

of a lane segment. To aggregate the topology information of the

lane graph at a larger scale, the encoded lane nodes exchange

information by message propagation through the graph, updat-

ing lane node encodings by collecting encoding info from its

surroundings.

In some applications, message propagation among lane

nodes is processed by pooling methods. In [77], message prop-

agation is done by concatenating the target node encoding with

the max-pooling results of its neighbour node encodings. In

[81], different local graphs (LaneRoI) can include the same lane

node because of their spatial overlapping. To update the lane

node feature, node features of all its neighbours, inside both its

current local graph and other local graphs containing this node,

are pooled based on MLPs. In [80], the features of the neighbour

nodes are arranged in a stacked grid and a max-pooling opera-

tion is used to get the global feature inside the local DA graph.

This max-pooled feature is then concatenated with the target

node’s feature and further processed by a fully connected layer.

Pooling methods usually lead to a one-step aggregation from

the node’s direct neighbours. For a multi-step aggregation from

indirect neighbours with a given exploration depth, GCN could

be used [64]. In [76], a graph convolution method is used to

realise multi-scale message propagation along different direc-

tions. Because road actors usually move farther in the lane

longitudinal direction than the lateral direction over the pre-

diction horizon, the graph convolution operates within four

separate adjacency matrices to enable exploration in prede-

cessors, successors, left neighbours, and right neighbours with

diverse depths. To accommodate the long-range dependency of

lane node information, the graph convolution is further set to

enable exploration with customised depth along the lane edges,

mimicking the long-range exploration ability of the dilated 2D

convolution operator by enlarging the receptive field. In [81],

a similar multi-scale anisotropic graph convolution method

is built but it operates inside each LaneRoI, a local graph

embedding both actor and map information.

In [80], GAT is used to realise message propagation accord-

ing to the importance of the neighbours. The attention weights

are calculated based on encodings of node features and the node

aggregates neighbour encodings through weighted sum.

A summary of NNs for road scene mining is illustrated in

Table 3.

4.4 Neural networks for fusion

Vehicles drive on the road, guided by the road geometries and

layouts. These vehicles also have an influence on the dynamic

states of the road scene, like the real-time traffic density. To

form a comprehensive encoding vector which includes both

vehicle and map information, the map encodings and agent

encodings are commonly concatenated along a specific dimen-

sion [83, 84]. However, this simple concatenation does not well

explore the internal relation between vehicles and maps, like the

guidance of the road to the vehicle motion and the evolution of

traffic densities.

To provide a map-aware agent encoding or an agent-aware

map encoding, these two heterogeneous encodings could be

fused by exchanging features with each other, as shown in

[76]. Based on the literature, the most commonly used methods

include CNNs, AM, TF and GNNs.
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TABLE 3 A summary of road scene mining architectures.

NNs Inputs Works Pros Cons

Implicit Vehicles’

states relative

to road

elements

[30, 70] ∙ Simple in input data arrangement
∙ No extra NNs needed to process road scene data
∙ Efficient in simple road scenes like highways

∙ Lack of awareness of the global road scene

GNN Lane node

features and

adjacent

matrices

[64, 76–82] ∙ Able to construct a heterogenous graph to contain

both geometry and semantic information
∙ Able to realise topology-guided feature

exploration, like the feature extraction along a

specific lane
∙ Reduce time consumption because static road

layout can be pre-processed and reused in the

stage of training
∙ Enable multi-step message passing with

customised depth
∙ Flexible to explore both local and global scenarios

∙ Time-consuming and storage-inefficient to

construct and store a dynamic graph at

each time step

CNN Rasterised

images

[61, 72, 75, 74] ∙ Efficient and effective abstraction of map features
∙ Uniform representation of traffic scene contexts

like surrounding vehicles and road lane markings
∙ Highly adaptive to a broad spectrum of road

scenes, ranging from simple highways to complex

urban environments

∙ Time-consuming in scenario rasterisation
∙ Have information loss because of spatial

occlusion of different elements
∙ Inefficient in capturing global topology

features because of the limited receptive

fields of the convolution kernel
∙ Not able to perform topology-guided

feature exploration

Grid maps [26, 75] ∙ Efficient and effective abstraction of map features
∙ Allow storing traffic contexts like traffic light

states
∙ Avoid predefining orderings of different traffic

scene context
∙ More informative because channel layers can be

customised
∙ Highly adaptive to a broad spectrum of road

scenes, ranging from simple highways to complex

urban environments

∙ Time-consuming in scenario discretisation
∙ Inefficient in capturing global topology

features because of the limited receptive

fields of the convolution kernel
∙ Not able to perform topology-guided

feature exploration
∙ Occupy more storage than RGB images

4.4.1 Convolutional neural networks

CNN does the fusion based on a combination of representa-

tion of road scene and agent motion. With the rasterised road

scene layers that have described the map elements [61, 72],

traffic agents’ dynamics are stacked additionally on top of the

rasterised images. Each traffic agent is assigned a polygon to

represent its pose at the current time step and multiple poly-

gons of the same colour but with reduced brightness levels to

represent its historical states. Then CNNs are used to process

these images uniformly [74, 85] to encode the spatial correla-

tion between the agent and the map elements. The limitations

of these fusion methods are related to the difficulties of CNN

in encoding temporal and semantic relationships, as discussed

in Sections 4.2.5 and 4.3.2.

4.4.2 Attention mechanism and transformer

In some sources, the encodings of traffic agents and road

layouts are fused for a map-aware agent encoding or agent

intention estimation.

Both AMs and TFs explore the interrelationships among

vehicles and road layout elements by cross-attention, in which a

map-aware agent encoding or agent intention estimation is gen-

erated. For example, Ngiam et al. [86] have used a TF-based

method to enable the agent features to be updated by attending

to the road graph. In this method, the Q vectors are gener-

ated from the agent encodings and K and V vectors are from

the road graph embeddings. The map-aware agent encoding is

calculated by cross-attention based on these Q, K and V vec-

tors. Conversely, in other research works [64, 87, 88], vehicle

information is projected into the lane node feature with similar

approaches. For example, Guo et al. [87] map the Q vector from

the centreline node feature encoding while obtaining K and

V vectors from the vehicles’ encodings. And then multi-head

attention is used to calculate the weights of influence of differ-

ent vehicles on each lane node, after which vehicle encodings

are allocated according to their weights. In that way, the traffic

flow density could be inferred in the model. A stacked structure

is used in [42] to incorporate multiple channels of agent motion

and traffic scene data. More specifically, three TFs are arranged

in a hierarchy to produce an initial prediction trajectory proposal

and fuse map and interaction information step by step.
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AMs and TFs can also identify potential succeeding lane seg-

ments in the prediction horizon. For lane selection, Luo et al.

[89] have fused the embeddings of the historical trajectory of

the TV and centrelines of potential proceeding lanes to pre-

dict the probability of each potential lane that the vehicle might

head for. The historical trajectory is encoded by LSTM while the

centrelines are encoded by 1D convolution for efficiency. Then

dot-product and a Softmax layer are used to calculate the final

probabilities of each potential lane.

4.4.3 Graph neural networks

When GNN techniques are used, map elements are usually

arranged as nodes in the graph structure. The information

exchange between vehicles and map elements could be oper-

ated by integrating vehicle information into the map nodes first

and then propagating through the whole map graph.

Liang et al. [76] aggregate vehicle encodings to the lane node

features to capture the real-time traffic information and then

GCN is used to propagate this fused information over the lane

graph. This approach is also applied in [87] and [80].

Alternatively, vehicles could also act as nodes in the graph to

engage in message propagation directly with lane nodes.

Mo et al. [90] have used GAT to fuse vehicle and map

information to model the effects of a TV’s neighbours and

centrelines on its future motion. A heterogeneous hierarchical

graph containing both traffic agents and lane centrelines is cre-

ated. These two types of node features are fused step by step.

Three separate GATs are used to gather information from cen-

trelines to the SVs, from the SVs to the TV, and finally from

centrelines to the TV. By this sequential fusion, the TV obtains

information both from SVs and road layouts.

Tang et al. [59] accumulate information from the TV’s neigh-

bourhood to the TV by GCN at each historical time stamp. The

TV’s neighbourhood information includes both SVs’ histori-

cal trajectories and lane border segments. By message passing

through both nodes of SVs and map elements, the TV gener-

ates a comprehensive neighbourhood context encoding. This

dynamic graph is also used in [91]. A comprehensive adjacency

matrix is created by extending the vehicle-vehicle adjacency

matrix with road network connection information through a

weighting factor, which determines the influence of the road

network topology on the vehicle interaction graph.

A summary of NNs for traffic scene context fusion is

illustrated in Table 4.

5 PERFORMANCE COMPARISON

This section first introduces some commonly used quantitative

evaluation metrics. Then the effectiveness of some state-of-the-

art prediction models is compared.

5.1 Evaluation metric

Commonly used displacement error metrics for single-modal

trajectory prediction include Final Displacement Error, Aver-

age Displacement Error, Root Mean Square Error and Mean

Absolute Error.

Final displacement error (FDE): This metric calculates the

L2 distance between the predicted trajectory endpoint and the

ground truth endpoint:

FDE =

√(
xt+p − x

gt
t+p

)2

+

(
yt+p − y

gt
t+p

)2

, (3)

where xt+p and yt+p represent the predicted 2D position coor-

dinates of a TV at the last time step (t + p) of the prediction

horizon. The superscript gt represents that the data are from

the ground truth. The final trajectory prediction point is related

to the TV’s driving intention, so it is important to evaluate its

accuracy.

Average displacement error (ADE): It is used to measure

the overall distance deviation of the predicted trajectory to the

ground truth:

ADE =
1

p

p∑

i=1

√(
xt+i − x

gt

t+i

)2

+

(
yt+i − y

gt

t+i

)2

, (4)

where xt , yt represent the predicted trajectory point at the

timestep t + i. The same variables are used in later formulas.

Root mean square error (RMSE): This metric is sensitive

to large prediction errors and is one of the commonly used met-

rics for trajectory prediction. It is the average sum of squared

distances of total timesteps from a single predicted trajectory to

the ground truth:

RMSE =

√√√√1

p

p∑

i=1

[(
xt+i − x

gt

t+i

)2

+

(
yt+i − y

gt

t+i

)2
]
. (5)

Mean absolute error (MAE): It is the average absolute error

between the predicted trajectory and the ground truth t, and is

generally used in the horizontal and vertical directions:

MAEx =
1

Tpred

Tpred∑

t=1

|||xt − x
gt
t
||| , (6)

MAEy =
1

Tpred

Tpred∑

t=1

|||yt − y
gt
t
||| . (7)

The evaluation metrics commonly used for multimodal tra-

jectory prediction include minFDE-K, and minADE-K, where

K denotes the total number of modalities of the predicted

trajectories. minFDE-K means the minimum FDE among

K predicted trajectories. In Argoverse [92], minADE-K cor-

responds to the ADE of the predicted trajectory with the

minimum FDE value, which aims to ensure the consistency of

the optimal predicted trajectory.

Miss rate (MR): If the predicted trajectory’s endpoint devia-

tion from the true endpoint exceeds a threshold d for a sample,

that sample is called a miss. The ratio of the total number of

misses m to all samples M is called the miss rate. MR reflects
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TABLE 4 A summary of fusion architectures.

NNs Works Pros Cons

CNN [61, 72, 74, 85] ∙ Efficient in feature extraction operation
∙ Well explore the spatial relation between

map elements and agents

∙ Time-consuming and storage-intensive in

scenario rasterisation
∙ Hard to extract semantic constraints of the

map elements on the vehicle motions

AM & TF [64, 86–89] ∙ Allow information fusion among

heterogeneous scenario encodings

parallelly
∙ Powerful in interaction extraction
∙ Aggregate interaction information

according to importance

∙ Burden in cached storage while the sizes of

the attended elements and their features are

large

GNN [59, 76, 80, 87,

90, 91]

∙ Enable direct information exchange by

building a heterogenous graph
∙ Provide customised connections among

traffic scene elements, such as

priority-aware and distance-aware

connections

∙ Time-consuming and storage-intensive to

construct a dynamic graph at each time step

the overall closeness of the model’s prediction of the trajectory

endpoint. In Argoverse [92], a predefined fixed threshold d of

2 m is used.

To account for the influence of probability in the multi-modal

prediction, minFDE and minADE can be further extended to

p_minFDE and p_minADE, which add the probability of the

best-predicted trajectory into evaluation:

p_minFDE = minFDE + min
(
− log

(
p
)
,− log

(
pthold

))
, (8)

p_minADE = minADE + min
(
− log

(
p
)
,− log

(
pthold

))
,
(9)

where pthold is set to be 0.05 in Argoverse [92].

Two other probability-based metrics are also commonly used:

brier_minFDE = minFDE +

(
1 − p

)2
, (10)

brier_minADE = minADE +

(
1 − p

)2
. (11)

In (8)–(11), p refers to the probability of the best-forecasted

trajectory and thus accounts for uncertainty information in the

evaluation.

In some research, predictions are represented as a mean value

with Gaussian uncertainties. Negative Log Likelihood (NLL) is

used to evaluate the prediction accuracy at the time step of t + i:

NLL =
1

2

(
Yt+i −Y

gt

t+i

)⊺
Σ−1

(
Yt+i −Y

gt

t+i

)
+

1

2
ln det (Σ) − ln (2𝜋) .

(12)

In (12), Σ is the covariance matrix of the prediction:

Σ =

[
𝜎2

x �𝜎x𝜎y

�𝜎x𝜎y 𝜎2
y

]

, (13)

where 𝜎x and 𝜎y are the variances of the predicted values xt+i

and yt+i , respectively, and � is their correlation coefficient.

5.2 Multi-modal prediction

Future trajectory predictions are inherently ambiguous and

uncertain due to the diverse, unobservable intentions of each

agent and the complex interactions within traffic scenarios.

Even under similar conditions, agents’ trajectories can vary sig-

nificantly. To account for these uncertainties and enhance the

accuracy of trajectory predictions, it is beneficial to predict

a set of plausible trajectories rather than relying on a single

deterministic outcome. This approach, aiming to infer multi-

ple potential trajectories, is known as multi-modal trajectory

prediction.

Multi-modal prediction methods are generally categorised

into two types: end-to-end prediction and two-stage predic-

tion, depending on whether to produce intermediate outputs

regarding driving manoeuvres.

In the end-to-end prediction approach, K modalities of future

trajectories can be generated simultaneously, either by assign-

ing K prediction headers to decode the same traffic scene

encoding [76, 78] or by generating K traffic scene encodings

through the addition of unique latent variables before feeding

them into a single prediction header [69, 93]. These two meth-

ods are referred to as multi-header-based and probability-based

predictions, respectively.

The multi-header-based prediction can be seen as an exten-

sion of uni-header prediction, commonly used for generating

uni-modal trajectories, which makes this approach relatively

straightforward to implement. However, it may suffer from

modal collapse since all prediction headers share the same

context encoding. On the other hand, probability-based predic-

tion employs GFs like CVAEs [37]. Here, latent variables are

randomly sampled from a predefined or learned distribution

representing the modality distribution. This approach tends to

generate statistically significant trajectory patterns observed in

the training data, which might lead to modal collapse. Further-

more, the lack of physical interpretability in the latent variables

can result in physically implausible predictions.
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A more structured approach divides the prediction process

into two stages. The first stage involves predicting interme-

diate outputs that represent potential driving manoeuvres,

such as driving intention proposals, anchor trajectories, or

final goals. The second stage uses these clues to generate or

refine the trajectory predictions. These methods are known

as proposal-based, anchor-based, and goal-based predictions,

respectively.

Driving intention proposals typically include potential lat-

eral (e.g. going straight, turning left or right) and longitudinal

(e.g. accelerating, braking) motion patterns [45, 47, 94]. In

proposal-based methods, the probabilities for each motion pat-

tern are predicted first, and then these intermediate outputs

are used to generate predictions for each pattern. Similarly,

anchor-based methods use a set of possible trajectory seg-

ments, or “anchors”, to represent potential manoeuvres [85,

95]. These anchor trajectories, clustered from datasets, serve

as priors. During prediction, the most likely anchor trajectories

are selected and refined to produce the final predictions. Both

approaches align well with physical manoeuvres and narrow the

solution space. However, these predefined patterns may not

suffice in more complex traffic scenarios. For example, stop-

and-go motions may not be accurately captured by predefined

proposals or anchor trajectories. This limitation can be partially

addressed by predicting final goals, which are the positions an

agent aims to reach by the end of the prediction horizon and

reflect the agent’s driving intentions. Using these predicted goals

in combination with traffic scene context encodings, complete

trajectories can be generated to achieve multi-modal prediction

[61, 81, 96].

The expressive ability of NNs in manoeuvre representation is

constrained by the predefined patterns in proposals and anchor

trajectories. With advancements in TF models, multi-modal pre-

dictions have become more feasible through the use of learnable

proposals, which are represented in latent space. These pro-

posals are initialised with either learnable position encodings

or random vectors and are iteratively updated to integrate traf-

fic scene context [38, 97, 98]. The updated proposals are then

treated as query vectors within the TF framework and used to

predict trajectories via a unified prediction header. This method

is advantageous because it allows for easy scaling of the number

of queries, potentially reducing the risk of mode collapse.

An alternative to predefined anchors is the generation of

adaptive anchors based on the dynamic traffic scene con-

text, allowing for better accommodation of varying scenarios

[99–101]. This approach offers greater flexibility and adapt-

ability, making it more suitable for complex and evolving

environments.

A summary of multi-modal prediction methods and relevant

sources can be found in Table 5.

5.3 Comparison of state-of-the-art methods

The training and validation of DL-based prediction algorithms

are dataset-dependent. Different datasets may have distinct

evaluation metrics, making it difficult to directly compare all

methods. This subsection will compare some state-of-the-art

methods based on two frequently used datasets: NGSIM [103]

and Argoverse [92] as presented in Tables 6 and 7. A more

detailed summary of the characteristics of these methods is

provided in Tables A1 and A2 of the Appendix. The data in

the tables are all from the publications and model parame-

ters are fine-tuned by models’ creators to achieve competitive

performance.

Table 6 includes the RMSE of trajectory prediction across

various prediction horizon values. The results are sorted by

ascending the final prediction error (at 5 s). It can be seen that

the larger the prediction horizon, the lower the prediction accu-

racy (lower RMSE values, better the prediction performance).

Regarding the prediction backbones, LSTMs are popular. They

are commonly used in encoding historical states of the TV,

as well as those of SVs. The produced encodings of SVs are

then permutated and used in interaction mining. Though the

pipeline is similar across different interaction mining methods,

the details of how SVs are identified and arranged vary. CS-

LSTM [45] selects most adjacent SVs and arranges them in

a grid centred on the TV. This TV-centric interaction mining

narrows down the field of interest (FOI) to explore potential

interaction and turns out to be more effective than identifying

all vehicles in the current scene, as used in MATF [69]. Pre-

diction accuracy is further improved when SVs are arranged in

non-Euclidean ways, like a graph [54] or in polar coordinates

[46, 47]. These topologies better identify SVs and are more

adaptive to different road geometry like, for example, a curve.

Advanced NNs like GNNs [54] and AMs [47, 94] can be used

for interaction mining. In HLTP [94], a combination of NNs

is used to mine the agent interaction. An AM-based method is

used to explore the short-term interaction with neighbours in

the forward vision while another CNN-based method is used

to mine the interaction of all SVs. Then these two encodings

are fused by TFs to generate a comprehensive encoding of the

traffic context. Through Table 6, it can be seen that explicit

interaction mining has proven to provide more accurate tra-

jectory prediction results than implicit mining, which is used

in S-LSTM [29] and D-LSTM [30], because NNs have limited

ability to mine interaction directly from tedious input matrices

consisting of original states of both the TV and SVs.

Despite the advancements in the organisation of SVs, the

development of the prediction backbone is crucial to improve

the prediction accuracy. In the applications of LSTM, the

sequential structure of the encoder-decoder helps reduce pre-

diction errors. Table 6 shows that, though implicit interaction

mining is used, M-LSTM [33] has an encoder-decoder-based

model and achieves better results than S-LSTM [29] and D-

LSTM [30] which do not have an equivalent LSTM decoder.

Further improvements are achieved by applying AM and TF in

the prediction backbone. In IH-Net [68], the prediction back-

bone is still an LSTM-based encoder-decoder. Differently from

the widely applied encoder architecture that uses the hidden

state of the last LSTM cell as the encoder’s final output, hid-

den states at all time steps are cached in a feature matrix. In the

decoding stage, additional high-dimension features are obtained

by attending the hidden state of the decoder LSTM cell to
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TABLE 5 A summary of multi-modal prediction methods.

Multi-modal solutions Subclass Works Summary

Multi-modal Proposal-based Learnable

proposals

[38, 97, 98] ∙ These proposals can be initialised by learnable positional

encodings [38] or random latent vectors [97].
∙ To have a comprehensive understanding of traffic

scenarios, these proposals will be updated with the traffic

scene encodings that encompass agent historical state

encoding, road scene encoding and corresponding

interaction encoding. This updating process can be carried

out either hierarchically or uniformly.
∙ MLPs are usually used to generate final trajectory

predictions based on these updated proposals.
∙ Pros: easy to implement in TF structures and flexible to

set modality numbers

Predefined

proposals

[33, 45, 47, 46,

94, 90]

∙ Proposals are predefined according to the potential

longitudinal and lateral manoeuvres of agents.
∙ The probabilities of all proposals are predicted according

to the traffic scene context encodings and are then used to

produce manoeuvre encodings, which will be

concatenated with traffic scene context encodings to

predict the trajectory for each proposal.
∙ Pros: good interpretability and reduced exploring scope
∙ Cons: limit the expressive ability in driving manoeuvre

identification of NNs

Multi-header-

based

- [48, 59, 78, 76,

82, 99, 102]

∙ All modalities will have unique prediction headers, which

share the same NN structure but have different

parameters, to predict the trajectories based on the shared

traffic scene encoding.
∙ MLPs are usually used as the prediction headers.
∙ Pros: simple to implement
∙ Cons: susceptible to modal collapse because of the shared

traffic scene context across headers

Anchor-based Adaptive

anchors

[99–101] ∙ Compared to pre-defined anchors, adaptive anchors are

generated with flexibility according to the varying traffic

scenarios. They can be initialised by a learnable vector and

be updated with traffic scene encodings [100, 101], or

generated directly from the traffic scene encodings [99].
∙ Pros: flexible to set modality numbers and adaptive to

scenarios
∙ Cons: hard to train the model in the two-stage structure

Predefined

anchors

[85, 95] ∙ A set of fixed anchor trajectories can be obtained in

advance by clustering trajectory samples from the datasets.
∙ Future trajectory points are predicted as offsets to the

anchor trajectory points.
∙ Pros: Avoid the modal collapse and gain
∙ Cons: Require a large amount of anchors to cover all

potential modalities

Goal-based - [61, 79–81,

96]

∙ Goals are possible final positions of an agent and they are

predicted before the trajectory prediction.
∙ With the predicted goals, complete trajectories could be

generated by NNs like MLPs.
∙ Pros: good interpretability and adaptive to different

scenarios

Probability-

based

Latent variables [37, 39, 40, 69,

93]

∙ These latent variables can be obtained from a pre-defined

distribution or a learned distribution by NNs.
∙ A latent variable will be added to the fused traffic scene

encoding to form a unique final encoding for each

modality.
∙ Pros: easy to implement with GFs
∙ Cons: lack of interpretability and modal collapse

Uni-modal Uni-header - [29, 30, 49, 51,

54, 68, 77]

∙ Predict a single trajectory based on the traffic scene

encoding and one prediction header.
∙ Not able to capture the multi-modal characteristics.
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TABLE 6 Comparison of state-of-the-art model performance based on NGSIM.

RMSE

Literature Backbone

Interaction

mining

Scene

mining Fusion 1 s 2 s 3 s 4 s 5 s

IH-Net [68] LSTM, AM CNN – – 0.45 0.81 1.11 1.50 1.86

HLTP [94] LSTM AM, CNN, TF – – 0.48 0.99 1.54 2.22 3.09

GRIP [54] LSTM CNN, GNN – – 0.64 1.13 1.80 2.62 3.60

BAT [47] LSTM AM – – 0.23 0.81 1.54 2.52 3.62

Polar-V [46] LSTM Pooling – – 0.25 0.84 1.58 2.53 3.75

ST-LSTM [49] LSTM LSTM – – 0.56 1.19 1.93 2.78 3.76

CS-LSTM [45] LSTM CNN – – 0.61 1.27 2.09 3.10 4.37

M-LSTM [33] LSTM Implicit – – 0.58 1.26 2.12 3.24 4.66

MATF [69] LSTM CNN CNN Concat. 0.67 1.51 2.51 3.71 5.12

D-LSTM [30] LSTM Implicit Implicit – 0.49 1.41 2.60 4.06 5.79

S-LSTM [29] LSTM, MLP Implicit Implicit – 0.72 2.00 3.76 5.97 9.01

TABLE 7 Comparison of DL-based model performance on argoverse.

K = 1 K = 6

Literature Backbone

Interaction

mining

Scene

mining Fusion

min

ADE

min

FDE MR

min

ADE

min

FDE MR Params (K) GFLOPs

SEPT [97] TF, MLP AM AM AM 1.44 3.18 0.52 0.73 1.06 0.10 – –

QCNet [100] AM AM AM AM – – – 0.73 1.07 0.11 – –

Wayformer [98] TF AM AM AM – – – 0.77 1.16 0.12 – 2.13 [99]

LAformer [93] GRU AM GRU AM – – – 0.77 1.16 – 2654 [93] –

ProphNet [99] TF MLP MLP AM 1.52 3.33 0.77 1.14 0.11 – 0.40 [99]

HiVT [102] MLP AM MLP AM, MLP – – – 0.77 1.17 0.13 2529 [102] –

Multipath++ [101] LSTM, MLP LSTM, AM MLP AM – – – 0.79 1.21 0.13 – 2.19 [99]

mfTransformer [104] TF TF TF TF – – – 0.82 1.28 0.14 2469 [104] 0.41 [104]

HVTD [59] AM GCN GCN AM 1.59 3.62 0.58 0.82 1.27 0.15 892 [59] –

mmTransformer [42] TF TF GNN TF 1.77 3.78 0.59 0.84 1.34 0.15 2607 [104] 0.18 [104]

LaneGCN [76] MLP AM GCN FC, GCN 1.71 3.78 0.59 0.87 1.36 0.16 3701 [104] 1.07 [104]

LaneRCNN [81] MLP GCN GCN GCN 1.69 3.69 0.57 0.90 1.45 0.12 – –

HOME [61] GRU, MLP AM CNN – 1.69 3.65 0.57 0.94 1.45 0.10 5100 [104] 4.80 [104]

LaPred [78] MLP, LSTM FC LSTM FC 1.48 3.29 – – – – 1830 [105] 3.61 [105]

HeteroGCN [96] MLP, GRU GCN GCN GCN 1.57 3.41 0.54 – – – – –

SSL-Lanes [82] MLP AM GCN AM 1.63 3.56 0.57 – – – – –

DSP [80] MLP, CNN GAT GCN GAT 1.69 3.71 0.58 – – – – –

VectorNet [77] MLP GCN MLP GCN 1.81 4.01 – – – – 72K [77] 0.04 [77]

the feature matrix by cross attention. This feature encoding is

then concatenated with the decoder LSTM hidden state to pre-

dict the future position. This combination of LSTM and AM

improves the ability to extract historical features and makes IH-

Net rank first in the NGSIM dataset considering its RMSE of

1.86 m at the final prediction time stamp.

In NGSIM, although road scene information like the cor-

responding driving lane of vehicles and deviations to the lane

markings are provided, road layout information is seldom used

for a lack of a fine-grained road layout map.

Table 7 compares some state-of-the-art methods based on

the Argoverse 1 Motion Forecast Dataset [92]. The Argov-

erse dataset provides varying traffic scenes in urban scenarios.

An accurate trajectory prediction relies on a comprehen-

sive understanding of the traffic scene and a good handling

of manoeuvre uncertainties. The former challenge calls for
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powerful methodologies on agent interaction and road scene

mining while the latter is usually resolved by a multi-modal

prediction.

In Argoverse, the observation horizon and prediction hori-

zon are 2 s and 3 s, respectively. The selected metrics are

minADE, minFDE, and MR (the distance threshold of MR

is 2 m). Different methods are sorted in ascending order by

minADE (K = 6), where a smaller value indicates a better

result in the multi-modal prediction. If the minADE (K = 6)

does not exist, the models are sorted by minADE (K = 1)

instead. In addition, the numbers of trainable parameters and

giga floating-point operations (GFLOPs) of some prediction

models are listed, the latter of which reflects the overall com-

putation required to complete the prediction. These values are

collected from [77, 93, 99, 102, 104, 105] and are highly related

to model sizes and their computation complexity.

Argoverse samples anchor points across the whole driv-

able area (DA) in a dense and even-distributed way. Benefiting

from these prior points, it is convenient to relate the dynamic

and static traffic scene elements to these points and create a

uniform discrete representation in rasterised RGB images or

multi-channel grid maps. CNNs are usually used as backbones

to predict the multi-modal predictions in these cases.

Despite the efficiency of CNNs, the rasterisation of traffic

scenes can be time-consuming, potentially hindering real-time

applications. To address this issue, VectorNet [77] introduces

a novel approach by representing agent trajectories and lane

boundaries as sparse polyline elements. It leverages GNNs to

extract high-dimensional features within each polyline, while

AM is applied to capture interactions among all agent and

lane boundary polylines. VectorNet achieves a minADE of

1.810 m and a minFDE of 4 .010 m. Although its performance

does not surpass CNN-based models like HOME, which has a

minADE of 1.690 m , a minFDE of 3.650 m , and a parame-

ter count of 5100K, VectorNet stands out with its lightweight

model of only 72K parameters and its capability to explore

both local and global road scenes. Consequently, it is still widely

used in other methods as a preprocessing step for road scene

information [42, 97].

LaneGCN [76] builds on VectorNet’s concept by repre-

senting lane segments using their centrelines and constructing

lane graphs based on the connection types of these centre-

lines. Unlike VectorNet, which fuses agent interactions and

road scene information in a single step by creating a heteroge-

neous graph containing both lane and agent nodes, LaneGCN

introduces a map-aware agent encoding process that is per-

formed step by step. First, agents’ encodings are aggregated into

their surrounding lane nodes using AM. Next, GCN propagates

information among the connected lane nodes. Finally, the agent

encodings are updated by aggregating the lane node features

back to the agents through AM. This fusion process enables

agents to better perceive the traffic and geometric characteristics

of lanes, leading to a more accurate understanding of traffic sce-

narios, as evidenced by a minADE of 1.710 m and a minFDE of

3 .780 m. This hierarchical fusion approach is also employed by

models like LaneRCNN [81], DSP [80], and HeteroGCN [96].

In these methods, for enhanced local exploration, lane nodes

surrounding the agent are retrieved to form a local graph and

GNNs are used to propagate information among both agent

and lane nodes. Subsequently, a global graph is constructed to

facilitate interaction mining on a broader scale.

From Table 7, it can be seen that top-performing models

surpass the others by incorporating AM and TF technolo-

gies, particularly excelling in multi-modal evaluations. Generally,

these models achieve reliable multi-modal predictions by equip-

ping TF decoders with learnable queries to generate predictions,

drawing inspiration from the TF-based object detection method

DETR [106]. These learnable queries are updated through the

process of interaction mining and road scene mining, thus

capturing the traffic scene context.

mmTransformer [42] is among the first models to apply TFs.

It utilises three stacked TFs to extract historical motion features

of agents, aggregate global static map information and mine

agent-agent interactions. Within each TF, the learnable decoder

queries are updated with the output of the TF encoder, gradu-

ally incorporating traffic scene features. This strategy turns out

to be efficient and effective, outperforming GNN-based and

CNN-based solutions with a minADE (K = 6) of 0.840 m and

a minADE (K = 1) of 1 .360 m. The performance of scene

understanding is further enhanced by focusing on the neigh-

bourhood of the TV and then integrating this local information

with a global operator, as demonstrated in HiVT [102]. In this

approach, a local region is identified around each agent, where

agent-agent and agent-lane interactions are explored using AM

at each time step. These local features are then integrated and

processed through self-attention to learn spatial interactions

among agents.

Advancing this concept, a more comprehensive approach

involves combining all map encodings and agent encodings

and applying self-attention to simultaneously capture interac-

tions and road scene context. This method has proven more

effective in traffic scene analysis, as seen in models like Proph-

Net [99], Wayformer [98] and SEPT [97]. SEPT [97], which

ranks first in Table 7, further enhances its ability to capture

agent motion and road scene features through self-supervised

learning. Specifically, its agent motion and road scene encoders

are pre-trained before the trajectory prediction training stage

to reconstruct partially masked trajectory and road borderline

samples by self-supervised learning, in which smaller deviations

from the reconstructed sample to the ground truth indicate a

deeper understanding of the traffic scenes. Then, these pre-

trained encoders are trained together with the decoder in the

motion prediction training stage.

Considering the comprehensive reasoning abilities of AM

and TF, there appears to be a trend to replace the GNN-based

message propagation mechanism with the attention mechanism,

though vehicles and road layout elements are still represented in

a graph.

From Table 7, a notable feature associated with the appli-

cation of AMs (including TFs) is the significant increase in

the model size due to the additional parameters required in

attention computation. Models employing LSTM or MLP back-

bones typically have fewer learnable parameters, often less

than 2000K, as shown by LaPred [78] and VectorNet [77].
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In contrast, TF-based methods like mmTransformer [42] and

mfTransformer [104] generally have parameter sizes around

2500K.

CNN-based methods usually have moderate parameter sizes

in a single CNN layer. However, thorough scene exploration

often requires stacked CNN layers with progressively larger

channel sizes, leading to models with considerable learnable

parameters, as exemplified by HOME [61]. LaneGCN [76],

despite using an MLP-based backbone and GCN for scene min-

ing, exhibits a much larger model size of up to 3701K. This is

primarily due to the multiple applications of AMs for capturing

agent-to-lane, lane-to-agent, and agent-to-agent interactions.

While model size partially reflects computational complexity,

the relationship between learnable parameters and computa-

tional demands (measured by GFLOP) is not strictly linear.

For example, LaPred [78] has fewer parameters (1830K) but a

higher GFLOP (3.619) compared to LaneGCN [76]. Similarly,

mfTransformer [104] achieves a low GFLOP (0.408) despite its

larger parameter size. This misalignment is because computa-

tional efficiency depends not only on model size but also on

model inputs. The computational complexity of GNN-based

models like LaneGCN [76] and VectorNet [77] depends on the

number of graph nodes in the scene. And this vectorised map

input is more efficient than the rasterised image input used in

models like HOME [61].

Though AMs introduce more parameters and therefore

increase computation complexity, their efficiency could be

enhanced by uniform and compact structures [99]. For example,

removing computationally expensive operations like multi-axis

attention and autoregressive sequential prediction can reduce

the inference costs, with a comparison of Wayformer [98] and

ProphNet [99]. Operations like parallel interaction mining in

mfTransformer [104] further improve the efficiency. Moreover,

methods incorporating AMs can achieve low GFLOPs by rear-

ranging target traffic scene elements and focusing on effective

feature exploration during agent interaction mining and scene

mining. For instance, HiVT [102] reduces the attention scope to

a moderate range, which turns out to speed up inference.

5.4 Discussions of future research
directions

The following are some of the outstanding challenges and

research gaps in vehicle trajectory prediction and could be

considered as opportunities for future works:

1. Time efficiency: Most of the existing works in the literature

mainly focus on the improvement of prediction accuracy.

The complexity surges because a single NN is stacked multi-

ple times for dedicated feature mining and different types of

NNs are integrated for heterogeneous data processing, for

example, image data and numerical data. Those can poten-

tially propose challenges in real-time applications. Thus, in

model design, the runtime performance characteristics of

NNs should be taken into consideration, for example, if

parallel computation is supported. Some metrics of compu-

tational burden should also be included during the model

evaluation to assess the applicability of trajectory prediction.

2. Storage requirement: The implementation of the trajectory

prediction models relies on both dynamic and static mem-

ories. The intermediate outputs between two sub-modules

and dynamic sequential data, like historical trajectory data,

consume dynamic memories. At the same time, road scene

data, like road layout data, may occupy static memories.

Thus, it is worth studying prediction models with light

and integrated structures to enable fewer intermediate out-

puts. The application of sparsely represented road layout

data should be explored because, despite some limita-

tions in accurate scene representation, it enables efficient

vehicle-map matching and minimal storage requirements.

3. Model generalisation: Currently, trajectory prediction

models are trained in a small variety of scenarios, like several

roundabouts, cross intersections and highways, limited by

the availability of the datasets. These datasets contain distinct

manoeuvres, for example, datasets collected in urban might

pay more attention to turning instead of lane changing on the

highways and even lane-changing manoeuvres are different

among different scenarios. Also, some data imbalance exists

in these datasets. For example, going-through trajectories

might dominate the manoeuvres while few turning trajec-

tories exist. These two issues result in poor performances

when the models are exposed to scenarios with different

geometries, topologies and traffic characteristics. So, the

applicability of the proposed models to different scenarios

should be carefully evaluated. Besides, weather conditions

are hardly considered. They are also crucial elements for tra-

jectory prediction accuracy. A model trained on sunny days

might fail on rainy days because agents’ behaviour will be

different.

4. Accurate prediction of heterogeneous traffic agents:

Most datasets only provide monotonous scenarios, with

either vehicles or vulnerable road users dominating the traf-

fic scenarios. Based on these datasets, a trained model might

not perform well while predicting trajectories of hetero-

geneous traffic agents, since they might have significantly

different motion patterns. A prediction model that enables

an accurate prediction of all types of road actors will improve

the prediction and the safety of AVs, since heterogenous

traffic is very common, especially in urban areas.

5. Robustness and turbulence tolerance: Complete observ-

ability of all traffic agents and smooth tracking are assumed

in most of the available datasets. This is not the case in

many real-world applications, because measurement noises

and occlusions are important factors to consider from the

perspective of onboard sensors. The performance of predic-

tion models should therefore be assessed while considering

these factors.

6. Insufficient scenario information: Assumptions are made

that the EV has full observation of the TV with a histori-

cal horizon. However, this is not true, especially the newly

perceived TV with a short observation horizon. These TVs
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might pose a great threat to the EV and it is hard for cur-

rent trajectory prediction models to estimate their motions

due to a lack of enough historical information. Further, some

prediction models deeply use complete road layout informa-

tion. If the lanes are occupied temporally, for example, due

to road obstructions such as accidents or construction, the

trained prediction model might struggle to anticipate their

motion accurately, as lane-changing manoeuvres in these sit-

uations can differ significantly from those in normal driving

conditions.

7. Model ensemble: A prediction model can hardly be gen-

eralised among various scenarios. With pre-trained models,

solutions can be explored to identify the characteristics of

the traffic scenario and adaptively select the most suitable

model to infer the predictions, not limited to meta-learning.

8. Prediction result leverage: The purpose of trajectory pre-

diction is to help the EV better understand the dynamic

traffic scenarios during risk assessment and trajectory plan-

ning tasks. It is still an open question to make use of

the prediction results, especially when the prediction results

are represented with Gaussian uncertainties or multi-modal

predictions are provided. A probabilistic scenario represen-

tation with a long horizon, initialised from the prediction

results, introduces massive input information and thus poses

challenges to trajectory planning algorithms.

6 CONCLUSION

The DL-based methods used in vehicle trajectory prediction

were reviewed by organising them into three categories: trajec-

tory prediction backbone, interaction mining, and road scene

mining. In the prediction backbone, vehicle trajectory pre-

diction highly depends on vehicle historical states, which are

usually obtained by stacking historical data across the temporal

dimension. For the representation of vehicle interactions and

road scenes, relevant data are arranged in specific structures,

like graphs and grids. These data are sometimes further con-

verted into formats that are suited for the operations of NNs,

typically to encode temporal or spatial features. For example,

vector maps are often converted to rasterised images for the

convenience of CNN processing. This analysis revealed why

a specific NN architecture is chosen according to the com-

ponent scope and the input data type and how similar NN

architectures could be used in very different components of the

prediction model, with different scopes and input structures.

Furthermore, the performance of several prediction models

was compared according to some commonly used evaluation

metrics. It was found that appropriate encodings of vehicle

interaction and road scenes improve the prediction accuracy

because they provide a better understanding of the driving

scenario. In addition, the results showed that AMs have the

ability to mine both vehicle interaction and road scenes, achiev-

ing state-of-the-art prediction performance compared to other

NNs. At last, some potential research directions were outlined

in this article, mainly focusing on the practical application of

vehicle trajectory prediction models.
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APPENDIX

To give a summary of all approaches listed in Section 5.3, their

pros and cons are listed in the following tables (Tables A1 and

A2).
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TABLE A1 Summary of characteristics of methods in Table 6.

Works Pros Cons

CS-LSTM [45] ∙ Retain the spatial relationship among SVs while extracting

interaction by using CNN

∙ The topology of SVs does not cater to curved roads

MATF [69] ∙ Provide a comprehensive traffic scene encoding by

concatenating agent encodings and road scene encodings

in a multi-channel grid map
∙ Improve the prediction accuracy by GAN

∙ Redundant interaction mining exists because all vehicles

on the scene are identified as SVs

BAT [47] ∙ Improve the generalisation of the model by identifying

SVs in polar coordinates
∙ Use a more informative representation of agents’

behaviour in the form of a high-dimension vector, instead

of discrete behaviour categories

∙ Lose some interaction features because of applying max

pooling to aggregate the encodings of SVs

Polar-V [46] ∙ Improve the generalisation of the model by identifying

SVs in polar coordinates

∙ Lose some interaction features because of applying max

pooling to aggregate the encodings of SVs

M-LSTM [33] ∙ Facilitate a manoeuvre-aware prediction by using a

separate LSTM module to identify the driving manoeuvres

∙ Limit the performance of NNs in manoeuvre

identification because the number of driving manoeuvre

patterns might be beyond predefined discrete types

HLTP [94] ∙ Mimic the human perceptual patterns in identifying SVs

and mining their interactions with the TV
∙ Mock the selective and dynamic focusing of human vision

in interaction mining by a shift-window attention

∙ Have not taken into consideration the road scene

information and adjusted identification strategy of SVs

according to the road geometries

GRIP [54] ∙ Create a spatiotemporal graph representation by

connecting the agents to their historical states and their

spatially adjacent SVs
∙ Avoid the high computational burden and storage burden

by dividing temporal and spatial connections into a

separate adjacency matrix

∙ Over-smoothing might happen in multi-step GCN

operation while mining agent interaction
∙ CNN might be insufficient to extract temporal features,

like motion patterns, of agents

S-LSTM [29] ∙ Provide a simple structure in the application of

LSTM-based solutions in trajectory prediction

∙ Have insufficient interaction mining by encoding both

interaction and road scenes implicitly
∙ Have a too-long observation stage, like 10 s

ST-LSTM [49] ∙ Fasten the learning process by calculating the importance

coefficient of SVs according to prior knowledge
∙ Improve the prediction accuracy by a two-stage process:

generating preliminary trajectory predictions and then

correcting them by adding additional spatial interaction

information

∙ Lower the efficiency by arranging SVs pair-wisely with the

TV and calculating pair-wise interaction
∙ Do not consider the interaction among SVs

D-LSTM [30] ∙ Create a unified framework of trajectory prediction for

lane keeping and lane change manoeuvres
∙ Reduce the effect of data imbalance by introducing

recognition of target lanes in the prediction model

∙ Need post-process of the predictions since the

longitudinal and lateral states of agents are predicted

separately
∙ Rely on accurate target lane prediction

IH-Net [68] ∙ Avoid temporal feature loss in the decoder by attending to

all of LSTM’s historical hidden states with AM
∙ Improve the prediction accuracy of lane-changing

behaviours by applying temporal attention and spatial

attention to all of LSTM’s historical hidden states

∙ Explore the interaction between agents only based on their

states at individual time steps, without historical

information
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TABLE A2 Summary of characteristics of methods in Table 7.

Works Pros Cons

SEPT [97] ∙ Provide simple and powerful traffic scene mining by extracting

spatiotemporal relationships of agent-agent and agent-map in a

parallel way
∙ Improve the spatiotemporal feature extraction ability of traffic

scene encoders by leveraging self-supervised learning

∙ Lead to feature loss in the temporal dimension because of

collapsing the temporal dimension by max pooling

mmTransformer

[42]

∙ Refine the initial trajectory proposals hierarchically by fusing

agent-to-agent and agent-to-map mining results step-by-step
∙ Provide a well-structured traffic scene fusion by exploring

agent-to-agent per time step, temporal dependencies per agent

and agent-to-lane interactions hierarchically

∙ Fuse agent-to-agent interactions into the proposals twice

which might cause redundancy and increase computation

complexity

Wayformer [98] ∙ Enable adaptive positional embeddings in AM-based traffic

scene encoders to improve scene-mining abilities
∙ Provide simple and powerful traffic scene mining by creating a

heterogeneous mix of static road scene and dynamic agent inputs

and extracting spatiotemporal relationships of agent-agent and

agent-map in a parallel way

∙ Fail to perform sufficient exploration along the lane but the

neighbour lane pieces

LAformer [93] ∙ Narrow down the scope of traffic scene mining by dynamic

selection of the most potential lane segments
∙ Provide a well-structured traffic scene fusion by exploring

lane-to-agent, agent-to-lane and agent-to-agent interactions

hierarchically
∙ Improve the prediction accuracy by a two-stage process:

generating prior predictions based on lane-aware proposals and

then refining trajectories

∙ Rely heavily on the right identification of currently occupied

lanes
∙ Generate unexpected proposal patterns because of

introducing a random latent vector

mfTransformer

[104]

∙ Provide simple and powerful traffic scene mining by extracting

spatiotemporal relationships of agent-agent and agent-map in a

parallel way
∙ Provide efficient road scene mining by restricting the attention

between points within a lane

∙ Extract unrepresentative lane features by self-attention of all

points inside a lane
∙ Extract insufficient trajectory features in the temporal

dimension because of applying an average pooling across the

temporal dimension

HiVT [102] ∙ Provide a fine-grained and efficient exploration of local traffic

scenes by operating agent-centric context extraction and

compensate for the restricted local receptive fields by applying

another global interaction among local regions
∙ Perform efficient traffic scene mining by narrowing down the

attention space at local regions of each time step and using

factorized attention across spatial and temporal dimensions

separately
∙ Provide a well-structured traffic scene fusion by exploring

agent-to-agent per time step, temporal dependencies per agent

and agent-to-lane interactions hierarchically

∙ Produce insufficient agent-to-agent and agent-to-lane

interaction mining because of focusing on relative states of

agents just at one individual time step instead of the complete

historical horizon

LaPred [78] ∙ Generate a lane-level traffic scene understanding by relating

agents’ features to those of instance-level lane entities
∙ Produce a comprehensive understanding between agents and

their surrounding lanes by aggregating all relevant lane

information into the target agent

∙ Encode the neighbour information implicitly, in which way

the interaction between neighbours might not be sufficiently

extracted
∙ Lack of flexibility in lane representation since the candidate

lane should have the same length
∙ Only identify the agents on the candidate lane as the

neighbours which is not adequate in agent interaction mining

LaneGCN [76] ∙ Enable customized exploration depths by setting different

aggregation steps along different lane directions
∙ Enable efficient long-range exploration by dilated connection

between graph nodes
∙ Provide a well-structured traffic scene fusion by exploring

agent-to-lane, lane-to-lane, lane-to-agent and agent-to-agent

interactions hierarchically

∙ Represent the location of the lane piece by its centroid which

might be insufficient, especially in the case of a long lane
∙ Challenge the storage if the map is fine-grained with a high

resolution

HVTD [59] ∙ Generate a comprehensive encoding of local regions by

heterogeneous attention among both agent and lane encodings
∙ Adaptively learn the importance of different neighbours by

arranging them in a graph creating a learnable adjacency matrix
∙ Enable the acquisition of both local and global information by

decomposing the traffic scene mining into local patches and

global interactions

∙ Fail to perform sufficient exploration along the lane but the

neighbour lane pieces
∙ Challenge on-chip storage because of maintaining a dynamic

graph across the temporal dimension

(Continues)
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TABLE A2 (Continued)

Works Pros Cons

ProphNet [99] ∙ Provide simple and powerful traffic scene mining by extracting

spatiotemporal relationships of agent-agent and agent-map in a

parallel way
∙ Generate adaptive trajectory anchors from dynamic traffic scenes

and avoid the multimodality collapse by adding additional

goal-based embeddings generated from historical encodings of

the target agent and initial learnable proposals

∙ Fail to enhance the agent-to-lane interactions because of

using only the agent encoding at the current step instead of its

complete historical encoding

QCNet [100] ∙ Realise efficient and fine extraction of agents’ temporal features

by conducting factorized attention at each past time step
∙ Generate adaptive trajectory anchors from dynamic traffic scenes

and initial proposals to avoid modal collapse, and improve their

diversity by self-attention
∙ Improve the prediction accuracy by a two-stage process:

generating trajectory anchors and then leveraging these anchors

to refine the predictions

∙ Fail to better aggregate lane information by identifying

relevant lane elements by a range search instead of a

topology-based search along the current lane element

Multipath++ [101] ∙ Generate informative anchors in the form of high-dimension

embeddings and update them with fused traffic scene encodings
∙ Create a novel and efficient gated fusion module to replace the

computationally intensive cross-attention

∙ Use max pooling as one of the key technologies in the

proposed gated fusion module which inevitably causes

information loss

HOME [61] ∙ Generate uniform and informative traffic scene representation

by rasterised images
∙ Realise efficient traffic scene feature extraction by the

combination of rasterised images and CNNs

∙ Cause information redundancy while matching the size of the

agent’s encoding and that of the road scene encoding
∙ Raise computation burden in the process of traffic scene

rasterization
∙ Cause information loss of the road scene because of

overlapping of road scene elements in the rasterised image

LaneRCNN [81] ∙ Better explore the local regions by extracting surrounding lane

segments which an agent might go to and creating agent-centric

subgraphs
∙ Enable efficient message passing globally by projecting lane

segments of local graphs into a global lane graph

∙ Represent the location of the lane piece by its centroid which

might be insufficient, especially in the case of a long lane
∙ Challenge on-chip storage by maintaining a dynamic graph

for each agent
∙ Cause computational burden while calculating relative

relations between a lane segment and its surroundings at each

time step

HeteroGCN [96] ∙ Provide a heterogeneous representation of the traffic scenarios

by grouping both agents and lane elements in a dynamic graph
∙ Narrow down the interaction mining scope by searching relevant

lane nodes according to map topologies

∙ Have redundant information in the identified lane segment

since they are selected by depth-first-search and some of them

are not reachable in the prediction horizon

SSL-Lanes [82] ∙ Self-learning is used to train the traffic scene encoder with a

better understanding of both local and global map structure

∙ Enhance different traffic scene encoders with self-learning

once at a time, which did not provide a comprehensive

enhancement of the overall prediction performance

DSP [80] ∙ Create a hierarchical graph representation that emphasizes both

local traversability and global topologies, enabling the agent to

explore space of adjacent lanes that is geometrically close but

topologically distant
∙ Bridge nodes between the local graph and the global graph

according to nodes’ geometrical adjacency to enable message

passing

∙ Challenge the on-chip storage because both local and global

graphs are constructed with a high resolution

VectorNet [77] ∙ Provide a tight representation of the traffic scene by treating the

agent trajectories and map elements as sequences of vectors
∙ Enable traffic scene mining both locally and globally by

constructing two hierarchical graphs
∙ Enhance the global interaction mining performance by

self-learning

∙ Partly lose spatial features of vector sequences because of

max pooling operations on polyline-level elements
∙ Provide only an unimodal solution
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