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MTP-GO: Graph-Based Probabilistic Multi-Agent
Trajectory Prediction with Neural ODEs

Theodor Westny* Student Member, IEEE, Joel Oskarsson', Bjorn Olofsson™*, and Erik Frisk*

Abstract—Enabling resilient autonomous motion planning
requires robust predictions of surrounding road users’ future
behavior. In response to this need and the associated challenges, we
introduce our model titled MTP-GO. The model encodes the scene
using temporal graph neural networks to produce the inputs to an
underlying motion model. The motion model is implemented using
neural ordinary differential equations where the state-transition
functions are learned with the rest of the model. Multimodal
probabilistic predictions are obtained by combining the concept
of mixture density networks and Kalman filtering. The results
illustrate the predictive capabilities of the proposed model across
various data sets, outperforming several state-of-the-art methods
on a number of metrics.

Index Terms—Trajectory prediction, Neural ODEs, Graph
Neural Networks.

I. INTRODUCTION

UTONOMOUS vehicles are rapidly becoming a real

possibility—reaching degrees of maturity that have al-
lowed for testing and deployment on selected public roads
[1]. Future progress toward the realization of fully self-driving
vehicles still requires human-level social compliance, heavily
dependent on the ability to accurately forecast the behavior of
surrounding road users. In light of the interconnected nature
of traffic participants, in which the actions of one agent can
significantly influence the decisions of others, the development
of behavior prediction methods is crucial for achieving resilient
autonomous motion planning [2]-[4].

As new high-quality data sets continue to emerge and
many vehicles already possess significant computing power
resulting from vision-based system requirements, the potential
for adopting data-driven behavior prediction is increasing. The
application of Graph Neural Networks (GNNs) for the con-
sidered problem has emerged as a promising approach, partly
because of their strong relational inductive bias that facilitates
reasoning about relationships within the problem domain [5].
Furthermore, their capacity for multi-agent forecasting is a
natural consequence of representing road users as nodes in the
graph, enabling simultaneous predictions for multiple targets.

Despite their adaptability and performance in various tasks,
deep networks often lack interpretability compared to traditional
state-estimation techniques. Recent methods have presented
encouraging results by having a deep network compute the
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Fig. 1. Example predictions by the proposed model, MTP-GO. Samples drawn
from the learned distributions are here used to represent prediction uncertainty.
The samples are closely aligned with the ground truth trajectories, illustrating
the accuracy and confidence of the model. The example also displays the
multimodal capabilities of the method. By studying the samples of the cyan-
colored vehicle, two distinct predicted maneuvers can be seen. The image
background is part of the rounD data set [12].

inputs to an underlying motion model [6]—[8], convincingly im-
proving interpretability through physically feasible predictions.
These approaches are sensible, motivated by the comprehensive
literature on motion modeling [9], [10]. However, different
road users (e.g., pedestrians, bicycles, and cars) exhibit distinct
dynamics, potentially necessitating a collection of customized
models. A possible solution is to employ a more general class
of methods, such as Neural Ordinary Differential Equations
(neural ODEs) [11], to learn inherent differential constraints.

Our main contribution is the proposed MTP-GO' model
with key properties:

1) Sustained relational awareness: The model employs
a spatio-temporal architecture using specially designed
graph-gated recurrent cells that preserve salient inter-agent
interactions throughout the complete prediction process.

2) Dynamic versatility: The model is tailored to adapt to the
perpetually dynamic environment while ensuring consistent
forecasting for all agents present in the scene at prediction
time, irrespective of possible historical information scarcity.

3) Naturalistic predictions: To compute physically feasible
trajectories, the model employs adaptable neural ODEs to
learn dynamic motion constraints from data, effectively
capturing the inherently smooth nature of physical motion.

"Multi-agent Trajectory Prediction by Graph-enhanced neural ODEs
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4) Probabilistic forecasting: To capture the inherent uncer-
tainty and multifaceted nature of traffic, the model combines
a mixture density output with an Extended Kalman Filter
(EKF) to compute multimodal probabilistic predictions.

The MTP-GO model is compared to several state-of-the-art
approaches and evaluated on naturalistic data from various
traffic scenarios. Implementations are made publicly available?.

II. RELATED WORK
A. Traffic Behavior Prediction

The topic of behavior prediction has attracted significant re-
search interest over the past decade. Comprehensive overviews
can be found in surveys on the subject [13]-[15]. Broadly, the
area can be categorized into two primary streams, focusing
on either intention or motion prediction. Furthermore, a third
category may also be recognized—predicting social patterns,
such as the driving style, attentiveness, or cooperativeness of
human drivers [16]. A majority of the methods use sequential
input data, like historical agent positions, and often employ
Recurrent Neural Networks (RNNs), particularly Long Short-
Term Memory (LSTM) networks [13], for their analyses.

The objective of intention prediction methods is to infer
high-level decisions defined by the underlying traffic scene.
This includes predicting intention at intersections [17], or lane-
change probability in highways [18]. Agent trajectories are
labeled according to user-defined maneuvers, and models are
trained using a supervised learning approach. While intention
prediction is a classification problem, the motion prediction
task is regressive by nature, and distance-based measures are
typically employed as learning objectives. However, the two
prediction problems are not disconnected. This is illustrated
in [19], where the predicted intention is used to predict the
future trajectory. Because of the sequential nature of the motion
prediction problem, several methods base their models on the
encoder—decoder framework [20], [21].

Numerous early studies in the field focused on single-agent
motion prediction, taking into account only the historical obser-
vations of the individual target. The concept of social pooling,
initially proposed for pedestrian trajectory prediction, was
introduced in [22]—among the first works to demonstrate the
effectiveness of interaction-aware (IA) modeling. The approach
encodes interactions between neighboring agents using pooling
tensors. Building on the properties of Convolutional Neural
Networks (CNNs), the concept was extended in [23], where
the pooling layer was encoded using a CNN to learn the
spatial dependencies. The model then uses an RNN-based
decoder to generate vehicle trajectories in highway settings.
In [24], a more modular approach was proposed, wherein
pairwise interactions between agents were learned using multi-
head attention mechanisms. Inspired by advancements in
sequence prediction in other domains using Transformers [25],
some researchers have explored their applicability to motion
prediction. In [26], a Transformers-based architecture was
proposed for the task of pedestrian trajectory prediction. The
idea was extended in [27], [28], where IA-mechanisms and

Zhttps://github.com/westny/mtp-go

multimodal outputs were achieved using multiple Transformers.
Considering the challenges in formulating a supervised learning
objective, other studies have investigated the use of inverse
reinforcement learning to learn motion prediction tasks [29].

Multimodality and probabilistic predictions are essential to
capture the inherent uncertainty in traffic situations. Several
methods account for this, most commonly using Mixture
Density Networks (MDNs) [23], [24], [30]. Other approaches
include generative modeling, such as Conditional Variational
Autoencoder (CVAE) [7], [8] and Generative Adversarial
Network (GAN) [31].

A potential issue with black-box models is that they might
output physically infeasible trajectories. Given the considerable
knowledge of motion modeling, it makes intuitive sense to use
such knowledge also within data-driven models. In response,
some papers have recently included motion constraints within
the prediction framework [6]-[8]. Instead of employing pre-
defined motion constraints that might be cumbersome to derive
or be limited to a single type of road user, the MTP-GO model
integrates neural ODEs to learn these constraints directly from
the underlying data.

B. Graph Neural Networks in Motion Prediction

GNNs is a family of deep learning models for graph-
structured data [32]. Given a graph structure and a set of
associated features, GNNs can be used to learn representations
of nodes, edges, or the entire graph [33]. These representations
can then be utilized in different prediction tasks. GNNs have
demonstrated success in areas such as molecule generation
[34], traffic flow prediction [35], and physics simulation [36].

When graph-structured data are collected over time, the
resulting samples become time series with associated graphs.
Temporal GNNs incorporate additional mechanisms to handle
the time dimension. These models can integrate RNNs [35],
CNNs [37], or attention mechanisms [8] to model temporal
patterns. While most temporal GNNs work with fixed and
known graph structures [35], [38], recent studies have also
explored learning the graph itself [39].

GNNs can be applied to trajectory prediction problems by
letting edges in the graph represent interactions between entities
or agents. The LG-ODE model [40] uses an encoder—decoder
architecture to predict trajectories of interacting physical objects.
A GNN is used to encode historical observations, and a neural
ODE decoder predicts the future trajectories. However, this
model addresses general physical systems rather than focusing
specifically on the traffic setting.

In [41], the use of different GNNs for traffic participant
interactions in motion prediction was investigated. Although an
early study on the topic, the research showed promising results
for IA-modeling. GRIP++ [42] is a graph-structured recurrent
model tailored for vehicle trajectory prediction. The scene is
encoded to a latent representation using GNN layers [43], which
is then passed into an RNN-based encoder—decoder network
for trajectory prediction. In [44], SCALE-net was proposed in
order to handle any number of interacting agents. Contrasting
GRIP++, the node feature updates are encoded using an
attention mechanism induced by graph edge features [45].
In [46], node-wise interactions were proposed to be learned
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exclusively using a graph-attention mechanism [47]. The graph
encoding is then passed to an LSTM-based decoder for vehicle
trajectory prediction. Trajectron++ [7] is a GNN-based method
that performs trajectory prediction using a generative model
combining an RNN with hard-coded kinematic constraints.
Similar to our method, it encodes a traffic situation as a
sequence of graphs. STG-DAT [8] is a similarly structured
model to that of Trajectron++, and both are considered to
be closely related to our model since they utilize temporal
GNNs to encode interactions and differentially-constrained
motion models to compute the output. Importantly, all above
mentioned related works that combine GNNs with some
recurrent module only consider the graph during the encoding
stages. Motivated by the importance of interaction-aware
features, the proposed MTP-GO model instead maintains the
graph throughout the entire prediction process, ensuring the
retention of key interactions for the full extent of the prediction.

Some research has explored incorporating semantic informa-
tion in the graph [48], [49]. In [49], the graph is constructed
based on semantic goals [30], as opposed to being solely based
on the agents themselves. Although this method is not explicitly
tailored for trajectory prediction, it provides a more general
representation of the scene, which could potentially enhance
generalization by transferability. However, the method requires
extensive knowledge of map-based information, such as lane
lines and signaling signs, which might not always be available,
nor does it incorporate agent motion constraints.

III. PROBLEM DEFINITION

The trajectory prediction problem is formulated as esti-
mating the probability distribution of the future positions
x{\1,-.., ]y, over the prediction horizon t; of all agents
v € V, currently in the scene. The model infers the conditional

distribution
p xy ...,z ) } H
({ ( t+1 thty vEV,

given the history H. The history consists of observations
¥ € R4, such as previous planar positions and velocities
from time ¢t — ¢, to t. Given our focus on the method’s
future applicability within a predictive controller, the research
emphasizes architectural aspects and usability in autonomous
motion planning. As a result, we primarily explore lightweight
information typically available from vehicle onboard sensors.
Based on the outlined problem, this research aims to develop
a prediction model that integrates several key properties:

ey

1) The model is required to be interaction-aware, learning in-
teractions from historical observations but also preserving
them throughout the entire prediction process. The model
should therefore predict the future state of the current
traffic scene, rather than the future states of individual
agents independently.

2) As urban traffic is characterized by dynamic environments
in which various road users enter and exit the vicinity
of the ego vehicle, the model must accommodate this
variability and consistently predict future trajectories for
all agents present at the time of prediction. This means

Fig. 2. Example of a sequence of graphs describing a traffic situation starting
with |V1| = 4 agents. After time 2, the faded agent leaves the traffic situation.

that the model might have varying amounts of data from
different agents when making the prediction.

3) Vehicle trajectories typically reside on a smooth manifold;
thus, the model should compute predictions that are
smooth and dynamically feasible. This will be achieved
by integrating a dynamic motion model, which is not fixed
to a specific type but must be adaptable to different types
of road users, e.g., pedestrians, bicycles, or cars.

4) Since predictions of intention and motion will be inher-
ently uncertain and multimodal, the model must represent
the prediction uncertainty.

IV. GRAPH-BASED TRAFFIC MODELING

A traffic situation over n time steps is modeled as a sequence
G1,...,G, of graphs. The node set of the graph G; is V;,
corresponding to the agents involved in the traffic situation.
The edge set &; is introduced to describe possible edge features.
As agents enter or leave the traffic situation over time, the
graphs and the cardinality of the node sets change. An example
is shown in Fig. 2. Trajectory forecasting is done for all agents
V; in the traffic situation at time step ¢. The exact observation
history of length ¢ can be summarized as

H= ({9 (U e Yy @)

Graph construction follows an ego-centric approach, meaning
that the input graph is built around a single vehicle; see Fig. 3.
This is motivated by the connection to autonomous navigation,
where predictions of surrounding vehicles are used for robust
ego-vehicle decision-making. Since agents can enter the traffic
situation at time steps ¢ > t — tp, the feature histories of
different nodes can be of different lengths. Regardless, the
model should still output a prediction for all nodes in V;, despite
possible information scarcity. Motivated by its connection to
model predictive control [50], the prediction horizon was set
toty=35s.

A. Input Features

The historic observations f} associated with every node
v can be divided into node and context features. These both
refer to various positional information but are separated here
since the context features are specific to each data set. Both
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TABLE I
NODE FEATURES

Feature  Description Unit
T Longitudinal coordinate with respect to zg m
Y Lateral coordinate with respect to yo m
Vg Instantaneous longitudinal velocity m/s
vy Instantaneous lateral velocity m/s
ag Instantaneous longitudinal acceleration m/s?
ay Instantaneous lateral acceleration m/s?
P Yaw angle rad

node and context features are time-varying by nature. In
addition, we make use of static features, referring to node-
specific time-invariant information. Furthermore, edge features
are also included in the form of Euclidean distance between
the connected nodes.

1) Node Features: The time-varying features pertaining to
the nodes are summarized in Table I. These include planar
positions, velocities, and accelerations. The planar coordinates
are given relative to a pre-defined origin (xg,yo), which is
specific for each data set. For highway scenarios, this refers
to the graph-centered node’s position at the prediction time
instant. For urban traffic scenarios, such as roundabouts and
intersections, these refer to the roundabout circumcenter and
the road junction point of intersection.

2) Road Context Features: For highway data, context
features add additional information on lateral position with
respect to the current lane centerline and the overall road center
[51]. The lane position, denoted d;, refers to the vehicle’s lateral
deviation from the current lane center, bounded to the interval
[—1, 1] according to

Y+ 1o — Iy

L

dy=2 -1 3)
where [, ; is the lateral coordinate of the left lane divider for
the current lane and [, is the lane width. The road position d,.
is defined similarly, replacing the lane width with the breadth
of the road and using the left-most lane divider as a reference.
The addition of these features is motivated by their potential
to convey information about lane-changing maneuvers [51].
For other scenarios, the context features are simply polar
coordinates. These are given with respect to the origin (o, yo)

o o
-/P\ B

N =

o o0 Y 2O
o

Fig. 3. Graph construction for a highway forecasting problem, centered around
a randomly selected vehicle. The graphs are complete with undirected edges
and it is the model that learns the importance of each edge. This choice of
structure greatly simplifies the implementation.

4

defined in Section IV-A1 and computed according to:
r=/(zo — )2 + (yo — y)? (4a)
6 = arctan2(yo — y, & — ). (4b)

3) Static Features: In this work, only the agent class
(pedestrian, bicycle, car, bus, or truck) is considered for use as
a static feature. These are encoded using a one-hot scheme and
handled separately from the temporal features. Static features
are not included by default; a separate study on their effect
and usability is presented in Section VI-F.

V. TRAJECTORY PREDICTION MODEL

The complete MTP-GO model consists of a GNN-based
encoder—decoder module that computes the inputs to a motion
model for trajectory forecasting. The output is multimodal,
consisting of several candidate trajectories &} ,,...,&7,, ;
for components j € {1,...,M}. In this paper, we set
M = 8, based on an assumption on the number of combined
longitudinal and lateral modes in the data. In addition, each
candidate is accompanied by a predicted state covariance
P/ ,,..., P}, thatis estimated using an EKF.

e Encoder: The traffic scene history is encoded using a
temporal GNN. This module adopts an architecture based
on Gated Recurrent Units (GRUs) [21], [52] but replaces
learnable weight matrices with graph neural networks.

e Decoder: The decoder implements the same underly-
ing structure as the encoder, with an added attention
mechanism to learn temporal dependencies. The decoder
computes the inputs to the motion model and estimates
the process noise used in the EKF.

o Motion model: The motion model takes the output of the
decoder and predicts the future states of the agents. The
dynamics are modeled using neural ODEs [11].

A schematic of the full model is shown in Fig. 4.

A. Temporal Graph Neural Network Encoder

The encoder takes the history H of all agents as input and
computes a set of representation vectors useful for predicting
future trajectories. Using GRUs, the history is processed
sequentially to produce a set of dj,-dimensional representations
{hY }E:tfth, for each agent v € V;. A standard GRU cell
takes as input at time step ¢ the features f} and the previous
representation h;_;. Using these, six new intermediate vectors
are computed according to

(VY lsh ] = Wef) (5a)

[5’1”521 |€iyLz] = Whh;‘/—1 (5b)

where Wy € R34 %45 and W), € R3d»*dn are learnable weight
matrices, and || is the concatenation operation. These vectors

are then used to compute the representation hY for time step ¢
as

r) =o(k;; +&,+b) (6a)
z{ =o(kl; +&,+0b.) (6b)
b = ¢(kf,, + 7! © & +bn) (6¢)
h! =(1-2/)Oh! + 2/ ©hY_,, (6d)
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Fig. 4. Schematic illustration of MTP-GO. The figure presents the process of computing predictions for a single agent v. The same process is performed

concurrently for all agents in V.

where the vectors b,., b., b, € Rz are additional bias terms,
©® is the Hadamard product, o is the sigmoid function, and
¢ is the hyperbolic tangent. An initial representation hjy; is
used as input for the first encoding step. This vector is learned
jointly with other parameters in the model. A standard GRU
[52] captures information in the history of agent v but does
not incorporate any observations from other agents.

1) Graph-Gated Recurrent Unit: In order to accurately
predict the future trajectories of each agent, it is important to
consider inter-agent interactions. Using the graph formulation
in MTP-GO, such interactions can be captured by utilizing
an extended GRU cell where the linear mappings in (5) are
replaced by GNN components [53], [54]. The GNNs take as
input not just the value at the specific node v but also the values
of other nodes in the graph. The intermediate representations
are computed by two GNNs as

(17,12 ol ] = GNNG (£, 4F7 Yoz ) (7a)

[€rlez lgr.] = onNy (R, (BT, ).

Note that since the GNN components are built into the
GRU cell, the spatial properties of the problem are preserved
throughout the encoding and decoding stages. This contrasts
[7], (81, [42], [44], [46] where the spatial encoding is done
prior to the recurrent operations.

2) Graph Neural Network Layers: Each GNN is built by
multiple layers, each operating on all nodes concurrently. Here
the operation of each layer is described as centered on a node
v. Learnable parameters in the GNNs are shared across all
nodes but unique to each layer. In this work, multiple types of
GNN layers from the literature are adopted:

(7b)

e GraphConv [55] is a straightforward implementation of
the Message Passing Neural Network (MPNN) frame-
work [33], which many GNNs are based on. One Graph-
Conv layer computes a new representation h’” of node v
according to

h" =b+Wh" +

Z Ep, TW2

TEN(v)

®)

where Wi, W5, and b are learnable parameters, e,  is a
weight for the edge (v,7), and N(v) = {7 | (v,7) € £}
is the neighborhood of node v.

o Graph Convolutional Network (GCN) [43] is motivated as
a first-order approximation of a learnable spectral graph
convolution. The GCN layer update formulation for a
node representation is

W =b+ Y

TGN(V)

€v,r
VT

where N (v) = N(v)U{v} is the inclusive neighborhood
of anode v and dj, = 143 () €v,r-

o Graph Attention Network (GAT) [47] layers use an
attention mechanism to compute a set of aggregation
weights over N (v). This enables the GNN to focus more
on specific neighbors in the graph. The improved GAT [56]
version is used, in which attention weights are given by

exp(agy(Walh” R |l 7))
Zuej\?(u) €Xp (GEV(W& [h¥||RY ||€V,v]))

where as and W are learnable parameters, and + is the
leaky ReLU activation function [57]. Note that the edge
weight e, - is included as a feature in the computation

€))

(10)

Ay r =
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of &, .. The new representation is then computed using
the attention weights as

W =b+> a, Wah'.
TEN(V)

(an

GAT layers can also use multiple attention heads, which
are independent copies of the attention mechanism de-
scribed previously. Different heads can pay attention to
different aspects, creating multiple separate representation
vectors. These vectors are then concatenated or averaged
in order to create a new representation.

o GAT+ is a small extension of GAT where an additional
linear transformation is introduced only for the center
node

R =b+ Wih" +Z@V,TW2hT. (12)

TEN (v)

This setup introduces additional flexibility in how the
representation of the center node is used, something that
has shown to be beneficial when evaluating on real data
(see Section VI).

3) Gaussian Kernel Edge Weighting: Following a commonly
used method [35], [38], edge weights are computed using a
Gaussian kernel:

( (d>2>
€y,r = E€Xp| — - 5
Oe¢

where d,, ; is the Euclidean distance between agents v and 7.
The parameter o, controls how much to weigh down edges to
agents that are far away. This parameter is learned jointly with
the rest of the model.

13)

B. Decoder with Temporal Attention Mechanism

The decoder also uses a graph-based GRU unit to compute
the motion model inputs and process-noise estimates for time
steps t + 1,...,% + ty. As the true sequence of graphs is
unknown for these time steps, the decoder always uses the
last known graph G; in the GRU. While the h-input to these
GRU cells functions just as in (7b), the f-input is constructed
through a temporal attention mechanism [25]. At time 7 > t,
the attention weights {a};}j_, , are computed as

qiy = Wa [h7l,/—1||(WIsz—1 + bl)] + ba (143)
th
v eXP(QZl)
{of Yois, = {t} : (14b)
j=1 eXP(qz‘,j) =1

where W, € RInxMds p < Rdn TV, € R»*2dn  gpd
b, € R are learnable parameters. For inference, the agent
states x;_; comes from the prediction of the M components
at the previous time step. During training, teacher forcing
[58] is used, where the ground-truth value of x}_; is used.
The attention weights represent how much attention is paid
to the full encoder representation of = [k} , ||---[/hf] at
decoder time step <. The relevant encoded information is then

summarized as .

v o__ v v
S; = E Oéi,zhz

I=t—ty,

(15)

6

and the KY,-representations given by
fr=n(wilstizal+b;) (160
sl i ) = o (£ {fy ) aen

where +y is the leaky ReLU activation function. The new decoder
representation kY is finally computed according to (6). This
representation is then mapped through additional linear layers
to compute the motion model input w and parameters defining
the process noise matrix ) for all M components. Learnable
parameters in the decoder are shared across all time steps.

C. Motion Model

There exist well-established models used in target tracking
[9] and predictive control applications [10] that hold potential
for use in trajectory prediction. However, while wheeled
vehicles are often well described by nonholonomic constrained
models, other road users, like pedestrians, may not share the
same constraints. The commonality between agents is that
their motion is typically formulated mathematically using
ODEs. With the recent proposal of neural ODEs [11], such
a flexible formulation could apply here by instead learning
the underlying motion model but still enjoying the benefits of
smooth trajectories. A neural ODE should learn the parameters
0 that best describe the state derivative

dx(t)

Br7ale f(x(t),0),

where the states can be retrieved by solving an initial value
problem. This part of the network is denoted as the motion
model f and implemented using a fully-connected neural
network with ELU activation functions [59]. The function f
accepts two input vectors: the prior state  and the current input
u. Motivated by the degrees of freedom in ground vehicles,
the dimensionality of the input u is fixed to two. In MTP-GO,
both a first and a second-order model are investigated.

1) First-Order Model: For the first-order model, there are
two model states (x,y). Two separate neural ODEs, f; and
f2, are used to describe the state dynamics where each model
is associated with its respective input:

)

T = f1($7y7ul)
18
y:f2(xvyvu2) ( )

2) Second-Order Model: The same design principle is
employed for higher-order models. The neural ODEs are
assigned to model the highest-order state dynamics:

T = v,
Y=y
Uy = f1(Vz, vy, u1)

z-)y = fz(vzavyﬂ@)

19)

While it may not share the maneuverability properties of
the first-order model, the additional integrations increase the
smoothness of the trajectory, which might be useful in some
scenarios. For an extended study on motion models in graph-
based trajectory prediction, see [60].
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D. Uncertainty Propagation

For multi-step forecasting, it is reasonable that the estimated
uncertainty depends on prior predictions. To provide such an
estimate, the time-update step of the EKF is employed. For a
given differentiable state-transition function f, input uy, and
process noise wy:

Tpi1 = [(Tk, uk) + we, (20)

the prediction step of the EKF is formulated as:
Tpgp1 = [(Tpp, ur) (21a)
Py = Fy Py F + GQy Gl (21b)

h
where of
F, =~ . (22)
oz Bk Uk

In (21), & and P refer to the state estimate and state covariance
estimate, respectively. The matrix ) denotes the process
noise covariance and should, in combination with G, describe
uncertainties in the state-transition function f, e.g., because
of noisy inputs or modeling errors. Here the state-transition
function f is taken as the current motion model.

To compute the estimated state covariance matrix Py, the
decoder is tasked with computing the covariance Qy, for every
time step k. For all motion models f, the process noise w
is assumed to be a consequence of the predicted inputs and
therefore enters into the two highest-order states. Here, w is
assumed to be zero-mean with covariance matrix

2
. o1 pPo102
Q <p0'102 0% )

where —1 < p < 1 and o1 > 0,02 > 0. To get the correct
signs of the correlation coefficient and standard deviations,

(23)

they are passed through Softsign and Softplus activations [58].

How to construct G, depends on the assumptions about
the noise wj, and how it enters into f. If it is assumed to be
non-additive (cf. (20)), such that ¢y 1 = f(xg, uk, wy), then
G|, is defined by the Jacobian:

of

ow Iz, up

Gi (24)
While this is often a design choice, such a formulation is
necessary for a completely general neural ODE motion model,
where, e.g., each input enters into every predicted state. By
the presented modeling approach and assuming the noise is
additive, G, can be designed as a matrix of constants. In the
simplest case with two state variables, then G, = T I», where
T, is the sample time. For higher-order state-space models,
G/, can be generalized as:

00
Gp=Ts|: - (25)
10
0 1

An interesting consequence is that this formulation simplifies
generating P when the number of states > 2. In several
previous works, only the bivariate case is considered. With
the proposed approach, the method can be generalized to any
number of states as long as uy is 2-dimensional and Qy, is
modeled explicitly.

E. Multimodal Probabilistic Output

Inspired by MDNs [61], [62], the model computes multi-
modal predictions by learning the parameters of a Gaussian
Mixture Model (GMM) for each future time step. Each output
vector yy, of the model contains mixing coefficients 7/, along
with the predicted mean &) of the states xj; and estimated

state covariance P} for all mixtures j € {1,...,M}:
(i (27 piAM
Y = (7TJ’ {:Bk, P }j:l)'

Note that the mixing coefficients 7, used to represent the
weight of the component j, are constant over the prediction
horizon t¢. For notational convenience, the predictions will
be indexed from k£ =1,...,t;. The learning objective is then
formulated as the Negative Log-Likelihood (NLL) loss

(26)

ty
L = Z —log Zﬂ'jN(mk‘C&ia P;ﬁ) (27)
J

k=1

1) Winner Takes All: MDNs are notoriously difficult to train,
and several attempts employ special training mechanisms such
as learning parts of the distribution in sequence [63]. Although
this might lead to increased stability in the learning process,
many MDNs still suffer from mode collapse. The Evolving
Winner Takes All (EWTA) loss, proposed in [63], is adopted
for the prediction task to address these challenges:

ty M

EEWTA(K) = Z ZCJE(C&;C,$]¢) (283)
k=1 j=1

¢; =08(j € B), (28b)

where §(+) is the Kronecker delta and B is the set of component
indices pertaining to the current maximum number of winners
K (epoch dependent)

ty
B = argminz Z K(iz,wk),

‘ﬁ,"c_f;{ k=1i€A’

(29)

where A = {1,...,M}. This is applied as a loss function
during the first training epochs. For fast initial convergence,
£(-) was chosen to be the Huber loss function [64]—used for
winner selection and training.

VI. EVALUATION & RESULTS

An evaluation of the capabilities of the proposed MTP-GO
model was conducted using multiple investigations. Based on
the proposals in Section V-A2, a study on different GNN
layers and their usability for the considered task is discussed
in Section VI-E. Second, an investigation of static features
and their usability in the prediction context is presented in
Section VI-F. Third, a comparison of the proposed model
against related approaches across several data sets and scenarios
is presented in Section VI-G. Finally, the results of an ablation
study are presented in Section VI-H.



JOURNAL OF KX CLASS FILES

A. Data Sets

Three different data sets: highD [65], rounD [12], and
inD [66] were used for training and testing. The data sets con-
tain recorded trajectories from different locations in Germany,
including various highways, roundabouts, and intersections.
The data contain several hours of naturalistic driving data
recorded at 25 Hz. The input and target data are down-sampled
by a factor of 5, effectively setting the sampling time to
Ty = 0.2 s. The maximum length of the observation window,
i.e., the length of the model input, is set to 3 s, motivated by
prior work [67]. Because of the inherent maneuver imbalance,
the highD data were balanced prior to training using data
re-sampling techniques. This was done by oversampling lane-
change instances and undersampling lane-keeping instances
[51]. The pre-processed highD, rounD, and inD data sets
consist of 100404, 29248, and 7820 samples (graph sequences),
respectively. We allocate 80% of the total samples for training,
10% for validation, and 10% for testing.

B. Training and Implementation Details

All implementations were done in PyTorch [68] and for
GNN components, PyTorch Geometric [69] was used. Jacobian
computations were made efficient by the functorch package
[70]. The optimizer Adam [71] was used with a batch size of
128. Learning rate and hidden dimensionality were tuned using
grid search independently for each experiment.

1) Scheduling of Training Objective: The model was trained
using two loss functions, EWTA and NLL. If 7 is the total
number of training epochs, the EWTA is used during an initial
warm-up period of T yam = T /4 epochs. Additionally, for the
first Tewra = 7 /8 epochs the EWTA loss is used exclusively.
The exact loss calculation for each epoch n is described in
Algorithm 1.

ALGORITHM 1: SCHEDULING OF TRAINING OBJECTIVE
1: if n < TEewra then
22 K =[M-(Tewma —n)/Tewra] /number of winners
3: L=LeEwTA (K)
4: else if Tewra <7 < T wam then

S: ﬁ = (Twarm - n)/(Twarm - TEWTA)

6: L= -Lewra(K=1)+1-p5)-LnLL
7: else

8: L=LNLL

9: end if

C. Evaluation Metrics

Typically, L2-based metrics are used to evaluate prediction
performance. However, it is also important to measure the
prediction likelihood, as it is an indicator of the model’s ability
to capture the uncertainty in its prediction. The metrics are here
presented for a single agent. These values are then averaged
over all agents in all traffic situations in the test set. For the
non-probabilistic metrics, it is important to consider which of
the predicted components should be used. Since MTP-GO is
punished against mode-collapse during training, it is counter-
intuitive to take the average over all components. To that end,

L?-based metrics are provided with regard to & from the
GMM component j* with the predicted largest weight

j* = argmax mwl (30)

J
Here, the reduced state-vector @ = [z, y] is used and corre-
spondingly for &.
o Average Displacement Error (ADE): The average L?-norm
over the complete prediction horizon is

Zi
1
ADE = — T —T 31
. > lldk — @kl 3D
k=1
o Final Displacement Error (FDE): The L?-norm of the
final predicted position reflects the model’s accuracy in
forecasting distant future events:

FDE = H:itf _wtfHQ (32)

e Miss Rate (MR): The ratio of cases where the predicted
final position is not within 2 m (from [14]) of the ground
truth. This indicates prediction consistency.

o Average Path Displacement Error (APDE): The average
minimum L2-norm between the predicted positions and
ground truth is used to estimate the path error. This is
used to determine predicted maneuver accuracy:

ty
1
APDE = — § |&r — xp~l2
trim (33)

k* = argmin||&; — x;||2
i

e Average Negative Log-Likelihood (ANLL): This metric
provides an estimate of how well the predicted distribution
matches the observed data:

ty
1 , o
ANLL = . g —log E TN (|27, Py) (34)
= J

It is also useful in determining the correctness of
maneuver-based predictions if the method is multimodal.

o Final Negative Log-Likelihood (FNLL): The NLL equiva-
lent of FDE is

FNLL = —log | Y w/N(x,, |8, P))| (39

J

D. Models Compared
The following models are included in the comparative study:

+ Constant Acceleration (CA): Open-loop model assuming
constant acceleration.

+ Constant Velocity (CV): Open-loop model assuming
constant velocity.

+ Sequence to Sequence (Seq2Seq): Baseline LSTM-based
encoder—decoder model (non-interaction-aware).

4+ Social LSTM (S-LSTM) [22]: Uses an encoder—decoder
network based on LSTM for trajectory prediction. Inter-
actions are encoded using social pooling tensors.

+ Convolutional Social Pooling (CS-LSTM) [23]: Similar
to S-LSTM, but learns interactions using a CNN.
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Graph Recurrent Network (GNN-RNN) [46]: Encodes in-
teractions using a graph network and generates trajectories
with an RNN-based encoder—decoder.

mmTransformer [27]: Transformer-based model for multi-
modal trajectory prediction. Interactions are encoded using
multiple stacked Transformers.

Trajectron++ [7]: GNN-based recurrent model. Performs
trajectory prediction by a generative model together with
hard-coded kinematic constraints.

4+ MTP-GO1: Our method with a first-order neural ODE.
+ MTP-GO2: Our method with a second-order neural ODE.

The selection of related methods (S-LSTM, CS-LSTM, GNN-
RNN, mmTransformer, and Trajectron++) was based on their
relevance and the availability of the authors’ code to the public.
Although the implementation of STG-DAT [8], a method
closely related to ours, is not publicly accessible, we consider
it comparable to Trajectron++ due to their similarities. In
order to achieve a fair comparison, the methods were modified
to make use of the same input features (see Sections IV-Al
through IV-A2) as MTP-GO, including edge weights for graph-
based methods (GNN-RNN and Trajectron++). It was also
observed that both mmTransformer and Trajectron++ were
highly sensitive to feature scaling, requiring the standardization
of input features to have zero mean and unit variance in order
to attain desired performance. Apart from these modifications,
the models were preserved as per their original proposals and
code. All methods were subject to some hyperparameter tuning,
specifically using methods to find good learning rates [72],
before being trained until convergence.

¥

y
<

E. Parameterizing Graph Neural Network Layers in MTP-GO

Different types of GNN layers can be used in the graph
components of MTP-GO. Additionally, the GAT and GAT+
layers can incorporate different numbers of attention heads.
These choices can significantly impact the ability of the model
to capture interactions in the traffic scenario. In Table II, MTP-
GO2 models with different types of GNN layers are compared
empirically on the highD and rounD data sets. The metrics
reported here are averaged over all vehicles in the traffic scene.

The results indicate that the best choice for the GNN
layers in MTP-GO is GAT+. Also, the comparatively simple
GraphConv layer performs surprisingly well. Both of these
layers feature some form of parameterization that handles the
center node separately from the neighborhood. This seems
particularly useful for the roundabout scenario in rounD. In
general, differences in performance are small for the highD data
set, but the choice of GNN layer can be crucial for rounD. Using
multiple attention heads is slightly beneficial for models with
GAT layers but does not make a notable difference for GAT+.
All types of layers incorporate edge weights in some way.
Using these weights has shown to be important for accurately
modeling agent interactions. As a comparative example, a
model with GCN layers not using edge weights achieves an
ADE of 0.86 m on highD and 5.61 m on rounD. On the rounD
data set in particular, the edge weights are highly informative,
as there can be agents on the other side of the roundabout that
do not impact the prediction significantly. For comparison with

TABLE 11
PERFORMANCE OF MTP-GO2 USING DIFFERENT TYPES OF GNN LAYERS

ADE  FDE MR APDE ANLL FENLL
highD
GraphConv 0.29 097 0.06 0.28 —1.67 1.61
GCN 0.29  0.99 0.07 0.28 —1.75 1.60
GAT (1 head) 0.32 1.04  0.07 0.31 —1.56 1.68
GAT (3 head) 0.30  0.96 0.07 0.28 —1.57 1.61
GAT (5 head) 0.28 091 0.06 0.27 —-1.76 1.42
GAT+ (1 head) 029 094 0.06 0.27 —-1.75 1.43
GAT+ (3 head) 0.28 091 0.06 0.27 —1.78 1.44
GAT+ (5 head) 0.27 090 0.06 0.26 —1.86 1.40
rounD
GraphConv 1.03 3.28 0.38 0.62 —0.14 3.96
GCN 1.86 5.68 0.62 1.13 1.15 4.95
GAT (1 head) 1.36  4.12 0.44 0.84 0.57 4.27
GAT (3 heads) 1.37  4.08 0.47 0.84 0.67 4.33
GAT (5 heads) 1.24 377 043 0.78 0.56 4.28
GAT+ (1 head) 0.97 3.05 0.36 0.60 —0.17 3.86
GAT+ (3 heads) 0.98  3.06 0.35 0.61 —0.06 3.88
GAT+ (5 heads) 0.97 3.02 0.35 0.62 —0.03 3.90

other methods in the following sections, MTP-GO using GAT+
layers with one attention head is used.

F. Static Features in MTP-GO

MTP-GO makes no assumptions about the underlying motion
model. Therefore, it could potentially benefit from additional
information about the types of agents present in the scene. This
was investigated by concatenating the neural-ODE inputs with
a one-hot encoding of the agent classes (see Section IV-A3).
To fully illustrate their usability, the inD data set was used
because of its comprehensive content of diverse road users.
The resulting prediction performance is presented in Table III,
with the CA and CV models as references. Here, the -S suffix
adheres to models that include static features. Note that the
models are trained for all agent types concurrently; the results
are only separated for the test data.

Overall, the first-order model, MTP-GO1, performs the best.
Interestingly, its connection to the CV model, the best of the two
reference models, illustrates that additional maneuverability
is important in this context. The addition of static features
does not offer conclusive results. While it does seem to have
a minor positive impact on the second-order model, MTP-
GO2, the results suggest the opposite for MTP-GO1. However,
the most pronounced effect was instead observed during the
training process, where models that included static features
had a tendency to overfit toward the training data, becoming
overconfident in their predictions. Overall this indicates that
the use of static features has a potential effect on prediction
performance but requires additional research. In the comparative
study (Section VI-G), the static features are not included.

G. Comparative Study

Since only a handful of the considered methods have multi-
agent forecasting capabilities, the metrics are provided with
regard to the graph-centered vehicle to provide a fair compari-
son. The methods S-LSTM, CS-LSTM, and MTP-GO offer the
possibility to compute the NLL analytically, which is not the
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TABLE III TABLE IV
IND PERFORMANCE PER ROAD USER HIGHD PERFORMANCE
Model Pedestrians Bicycles Cars Model ADE FDE MR APDE  ANLL FNLL
ADE FDE ADE FDE ADE FDE CA 0.78 2.63 0.55 0.73 — —
cv 149 401 079  1.89 — —
CA 0.72 2.20 1.87 5.95 2.35 7.61 Seq2Seq 0.57 1.68 0.29 0.54 — —
cv 0.58 142 206 540 290 7.42 S-LSTM [22] 041 149 022 039  —0.61 3.20
MTP-GO1 0.38 1.03 0.90 3.38 1.07 3.38 CS-LSTM [23] 0.39 138 019 037  —0.66 3.33
MTP-GO1-S 0.39 1.05 0.90 2.65 1.08 3.32 GNN-RNN [46] 0.40 140 017 038 — —
MTP-GO2 0.42 1.13 1.01 3.00 1.27 3.86 mmTransformer [27] 0.39 1.13 0.15 0.39 — —
MTP-GO1 0.30 1.07 0.13 0.30 —1.59  2.02
MTP-GO2 035 116 015 034  -1.34 2.18
case for the sampling-based Trajectron++. While it might not
reflect the true likelihood, the NLL values of Trajectron++ are TABLE V
. . . ROUND PERFORMANCE
computed using a kernel density estimate based on samples
drawn from the predictive distribution [7] (marked by italics in ™ pjogel ADE FDE MR APDE  ANLL  ENLL
Tab'les IV and V). Furthermore, the nor}—probablllstlc metrics of T, 183 162 095  3.90 — —
Trajectron++ are computed by averaging over samples drawn  CV 6.49 17.1 094  4.34 — —
. L . Seq2Seq 146  3.66 0.59  0.82 —
from the most likely component. Similarly, t.he metI:ICS of  JTemm [22] 120 347 056 074 175 5.12
mmTransformer are computed based on the predicted trajectory ~ CS-LSTM [23] 119 357  0.60  0.69 2.09 5.54
. GNN-RNN [46] 113 311 051  0.69 — —
with the largest confidence score [27]. . . mmTransformer [27]  1.29  3.50 059  0.77 — —
1) Highway: The performance on the highD data set is Trajectron++ [7] 1.09 353 054 059  (—4.25) (1.50)
presented in Table IV. Given the high mean velocity of the  mTP-GO1 0.96 2.95 0.46  0.59 0.22 3.38
MTP-GO2 0.92 297 048 057 —0.22 385

vehicles in the data, the challenge of the task lies in predicting
over large distances. Despite this, the learning-based methods
are very accurate, with a maximum reported FDE of approxi-
mately 1.7 m; less than the length of an average car. Out of
all methods considered, MTP-GO shows the best performance
across most metrics, except in reported NLL. However, the
estimated NLL of Trajectron++ might not be comparable to
the analytical NLL values of other models. As a comparison,
using the kernel density estimation method from Trajectron++
to samples drawn from the predicted distribution of MTP-GO2,
the calculated values are —7.16 and —3.35 for the average
and final likelihood. This illustrates a potential limitation of
sampling-based estimates as they may not accurately represent
the true likelihood of the distribution. Although considered
methodologically close to MTP-GO, Trajectron++ does not
achieve comparable performance on L2-based metrics. While
the method was not originally intended for the investigated
data set, it went through the same hyperparameter tuning
as all others considered and trained approximately 4 times
longer, possibly attributed to difficulties linked to the CVAE
formulation [7]. Still, Trajectron++ achieves one of the lowest
values on APDE, indicating that it can predict the correct
path, which is possibly attributed to the underlying motion
model. Between MTP-GO1 and MTP-GO2, the former achieves
slightly better performance. This is interesting considering that
real highway driving is typically smooth, which would motivate
the use of additional states in MTP-GO2. Moreover, the CA
model performs relatively well compared to learning-based
methods, possibly indicating that highway trajectory prediction
is a simpler prediction problem.

2) Roundabout: In Table V, the performance is presented for
the rounD data set. Upon initial examination, it is evident that
predicting roundabout trajectories poses a greater challenge than
the highway counterpart. While the significance of interaction-
aware modeling concerning the highway prediction problem
was not so pronounced, the results are more indicative in this

specific context, clearly favoring graph-modeled interactions.
This is further corroborated by the worse performance of
the CA, CV, and Seq2Seq models. In Fig. 5, three different
scenarios from the roundabout test set are illustrated. Analyzing
the prediction quality revealed that several related methods
showed competitive performance. However, one key contributor
to the improved metrics of MTP-GO is its ability to correctly
predict decelerating and yielding maneuvers, an aspect that
many other methods struggle with (see Fig. 5b). This is arguably
attributed to the interaction-aware properties of MTP-GO and
its capacity to preserve the graph. Incorporating differential
constraints within the prediction framework was observed to
not only stabilize the training process but also provide valuable
extrapolation capabilities, enabling the model to generalize
beyond observed data. This presents a distinct advantage
over conventional neural network models, which can exhibit
shortcomings in this regard (see Fig. 5c).

H. Ablation Study

The MTP-GO model consists of several components, each
with their contribution to the overall performance. In order
to get a better understanding of how they affect the model’s
predictive abilities, an ablation study was conducted. The goal
of the ablation study is to dissect the architecture with the
objective to determine which mechanisms are most important.
The study was conducted for both the highD and rounD data
sets, using MTP-GO2 with single-attention-head GAT+ layers.
Three components were considered for the ablation study:

1) Graph Neural Network: Removing the GNN is comparable
to reducing the graph-GRU module to a standard GRU
cell. In practice, this is done by removing all edges in the
graphs, such that no nodes may share information. This
is investigated for both the encoder and decoder.



JOURNAL OF I£TEX CLASS FILES

¥ Ground Truth
mmTransformer

== [nput

@D Vehicle =

® CS-LSTM  + Trajectront++
GNN-RNN ¥ MTP-GO

(a) While many methods achieve good prediction results, MTP-GO is the most
accurate overall. In this example scenario, MTP-GO is the only method correct
in its maneuver prediction.

(b) Several methods struggle with predicting decelerating maneuvers. Under-
standing the social queues without knowledge of traffic rules requires substantial
interaction-aware capabilities and foresight.

(c) Incorporating differential constraints into prediction models enhances their
extrapolation capabilities. By extending the prediction horizon to ty = 7 s,
the models must compute trajectories beyond the observed data (shown by the
dashed line). Although this presents a challenge for the majority of models,
Trajectron++ and MTP-GO still perform well, which can be ascribed to the
differential constraints within these models.

Fig. 5. Example predictions from the roundabout test set using different
compared models. Scenarios have been specifically picked to illustrate
the properties of the investigated methods. For methods with multimodal
capabilities, only the most probable component is shown for clarity. The image
background is part of the rounD data set [12].

2) Extended Kalman Filter: Removing the EKF means that
the decoder is tasked with directly computing the state
covariance estimate. Although MTP-GO2 has four states,
the covariance is only predicted for the first two, i.e., for
a bivariate distribution over positions in R?.

3) Neural ODE: Eliminating the neural ODE removes differ-
ential constraints on outputs, requiring direct future state
prediction. Note that when the motion model is removed,
the EKF cannot be used either (see (21)), such that the
complete model reduces to an MDN.

To ensure that the outcomes were not resulting from random
variations in model initialization and optimization, each model
configuration was trained 10 times using different random
seeds. Test performance is presented with an error margin,

11

based on the 95% confidence interval (CI)

Cl=X+ ti,

vn

where X is the sample mean, S is the sample standard deviation,

n = 10 is the sample size, and t = 2.26 derived from a

t-distribution with 9 degrees of freedom [73]. The metrics

are computed based on an average of all agents in the scene,

similar to the study in Section VI-E. The results are presented in

Table VI where a checkmark indicates a component’s inclusion
in the model whereas a cross indicates exclusion.

In comparison to nominal results, removing the differential
constraints impairs the model’s effectiveness, although it is
more prominent for the highway scenario (H; vs. Hs). Inter-
estingly, when compared to the removal of other components
which have more impact on L?-based metrics, the likelihood
is seemingly worst affected (R; vs. R5). We hypothesize that
this is because the model needs to predict a larger variance
to accommodate for the added flexibility that comes with the
removal of the differential constraints.

Removing the EKF also has a significant effect on the
overall performance, seemingly on all metrics (see Hy and Ry).
Although it should not directly affect the displacement error, the
reason why performance on L2-based metrics declines can be
attributed to its impact on the learning process. By excluding
the EKF, the model is tasked with directly computing the
state covariance estimate while attempting to maximize the
likelihood. The increased difficulty of the task leads the model
to concentrate more on refining covariance estimates rather
than minimizing displacement errors. This removal also makes
the model more susceptible to random variations, evidenced
by the variance in computed likelihood (see Hy and H7).

This study, along with prior research, emphasizes the
significance of modeling interactions for enhancing prediction
accuracy. Notably, our work presents a novel contribution
by exploring the placement of interaction-aware components
within an encoder-decoder framework. Interestingly, in the
highway scenario, the placement of GNN components, whether
situated in the encoder or decoder, does not appear to impact
the results, provided they are present in some capacity (Hg
vs. {Hy,Ha,Hs}). It is worth pointing out that eliminating
the GNN entirely does not substantially diminish perfor-
mance (Hg). This observation is connected to the findings
in Section VI-G1, which reveal that although interaction-aware
mechanisms enhance prediction performance, the improvement
is less prominent in the highway study. In contrast, the
roundabout scenario reveals a different outcome—removing
the GNN from the decoder leads to a considerable reduction in
prediction performance across all metrics (R; vs. R3). However,
eliminating the GNN from the encoder yields slight, albeit
positive, improvements (Ry). This is interesting for several
reasons. First, if excluding GNN operations from the encoder
has minimal or no impact on performance, this translates to a
reduced need for parameter optimization and decreased memory
requirements. Secondly, this finding is in stark contrast to
previous proposals in the context of behavior prediction, where
GNN-based models typically incorporate graph operations
exclusively during the encoding stages [7], [8], [42], [44],
[46].

(36)



JOURNAL OF KX CLASS FILES

TABLE VI
ABLATION STUDY

Data Set Index Encoder GNN  Decoder GNN EKF ODE ‘ ADE FDE MR APDE ANLL FNLL
Hi v v v v 0.28 £0.00 0.92+0.01 0.06+0.00 0.27+0.00 —1.74 £ 0.05 1.48 +0.05
Ha X v v v 0.28 £0.00 0.92+0.01 0.06+0.00 0.27+0.00 —1.75+0.06 1.47+£0.05
Hs v X v v 0.28 £+ 0.00 0.94 +£0.01 0.06 £0.00 0.274+0.00 —1.81+0.03 1.44+0.02

highD Ha v v X v 0.29 £+ 0.02 0.97 +0.03 0.07 £ 0.01 0.28 £+ 0.02 —1.76 £ 0.86 1.58 +0.28
Hs v v X X 0.44 £0.02 1.15+0.08 0.18 +0.03 0.42 £+ 0.02 0.63 +0.12 2.22 +£0.05
He X X v v 0.30 £ 0.00 1.03 £0.01 0.07 £ 0.00 0.29 £ 0.00 —1.75 £ 0.05 1.61 +0.02
H7 X X X v 0.31 £0.02 1.07 +0.03 0.08 £+ 0.00 0.30 £0.01 —1.34+1.12 1.83+0.36
R1 v v v v 0.99 £+ 0.02 3.10 +£0.05 0.37 £0.02 0.61+0.02 —0.18 £ 0.02 3.78 £ 0.02
R2 X v v v 0.984+0.01 3.05+0.04 0.37+0.02 0.61+0.02 —0.21+0.02 3.79 £0.02
R3 v X v v 1.07 £ 0.02 3.40 £ 0.06 0.40 £ 0.02 0.63 £0.01 —0.10 £+ 0.06 3.924+0.03

rounD Ry 4 v X v 1.23 £0.07 3.83+0.18 0.57 +0.03 0.72 £+ 0.03 0.20 £ 0.08 4.08 +0.07
R5 v v X X 1.06 £ 0.02 3.05 4+ 0.05 0.45 4+ 0.03 0.65 £+ 0.02 1.60 £ 0.02 3.48 £0.01
R¢ X X v v 1.13+£0.01 3.64 +£0.04 0.40 £ 0.02 0.61 + 0.02 —0.17 £ 0.02 3.95 4+ 0.02
R7 X X X v 1.25+0.01 3.98 +£0.04 0.51 £0.02 0.70 £0.01 0.06 £ 0.05 4.03 +0.03

VII. CONCLUSIONS

In this paper, we have presented MTP-GO, a method for
probabilistic multi-agent trajectory prediction using an encoder-
decoder model based on temporal graph neural networks
and neural ordinary differential equations. By incorporating
a mixture density network with the time-update step of
an extended Kalman filter, the model computes multimodal
probabilistic predictions. Key contributions of MTP-GO include
its interaction-aware capabilities, attributable to the model’s
ability to preserve the graph throughout the prediction process.
Additionally, the use of neural ODEs not only enables the
model to learn the inherent differential constraints of various
road users but also provides it with valuable extrapolation
properties that enhance generalization beyond observed data.
MTP-GO was evaluated on several naturalistic traffic data
sets, outperforming state-of-the-art methods across multiple
performance metrics, and showcasing its potential in real-world
traffic scenarios.
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