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Abstract—Ensuringthe safe driving and decision-making of au-
tonomous vehicles requires reliable modeling of the multimodal
motion of vehicles. In this paper, we propose a novel scenario-
guided diffusion probabilistic model called RoadDiff to address
these issues. By modeling and interacting with scene-contextual
heterogeneous data at the feature level, we achieve lightweight
and high-quality representations of traffic dynamics. We inter-
polate these representations as guiding conditions into a stochas-
tic iterative denoising process of reverse diffusion, progressively
transforming a known prior distribution into a multimodal tra-
jectory distribution that includes the ground truth mode. Our
well-designed Transformer-based neural network approximates
the denoising matching function of the reverse diffusion process,
and our region of interest-based training strategy ensures that the
sampled multimodal trajectories conform to road and physical
constraints to overcome mode blur. We carefully design two loss
functions to ensure multimodal prediction for regions of interest
and efficient trajectory guidance during this process. Experimental
results on real-world motion datasets demonstrate that RoadDiff
outperforms state-of-the-art methods in terms of prediction multi-
modality and accuracy, indicating its potential as a novel paradigm
for vehicular multimodal motion prediction.

Index Terms—Connected and automated vehicles, heter-
ogeneous representation, multimodal motion prediction, diffusion
probabilistic model.
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I. INTRODUCTION

UTONOMOUS driving is developing rapidly as an emerg-
A ing field with a substantial potential social impact. Con-
nected and automated vehicles (CAVs) will coexist in various
traffic scenarios alongside human-driven vehicles for an ex-
tended period [1]. Understanding interactions between vehi-
cles and anticipating their future motions are prerequisites for
proactive hazard avoidance and one of the critical differences
between machines and human drivers [2]. Developments of
CAVs enable much more accurate and efficient acquisitions of
scene information [3]. Inter-vehicle connectivity by dedicated
short-range communications can extend the sensory coverage
and reduce the response time of intelligent sensing devices,
allowing CAVs to grasp continuous traffic dynamics and quasi-
static high-definition maps comprehensively within the com-
munication range. Thus, future motions of vehicles in dynamic
traffic scenarios can be predicted by autonomous driving systems
leveraging such real-time information.

The crucial challenge in predicting vehicle motions is the
uncertainty of driving modes, such as lane-changing, yielding, or
turning. Each mode requires reasoning with map semantics and
observed features to ensure it is plausible to take over the coming
period. Although recent studies have made significant progress
in multimodal trajectory prediction, existing methods still suffer
from mode collapse [4] or mode blur [5] problems due to their
inherent modeling mechanisms and generative paradigms. As
shown on the left of Fig. 1, mode collapse means all predicted
trajectories converge to individual or finite modes within the
multimodal one, which may cause all predictions to miss the
future entirely, posing a significant collision risk. As shown
on the right of Fig. 1, mode blur means part of the generated
trajectories deviate from the lanes. CAVs are hardly obtaining
valuable references from these predictions, which leads to the
conservative driving of CAVs. Generative adversarial networks
(GANSs) [4] model highly multimodal trajectory distributions
as Gaussian mixture models in an end-to-end manner. Social-
GAN [4] and its improved architecture [6] alleviate mode col-
lapse through variety-loss training and collaborative sampling
strategies, respectively. However, they cannot simultaneously
guarantee the diversity and quality of predicted trajectories.
Conditional variational autoencoders (CVAESs) [7], [8], [9] learn
mappings from samples to points in the latent space and gen-
erate reasonable samples aided by latent variables, which is
revealed to be limited by mode blur in multimodal prediction.
Choi et al. [5]introduced a hierarchical latent structure in CVAEs
and utilized lane-level context vectors to modulate the latent
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Fig. 1. Schematic illustration of mode collapse and mode blur in multimodal
motion prediction. All predictions miss the future entirely when multimodal
predictions collapse into just one mode (left), leading to dangerous decisions
for CAVs that could collide. Most predictions are unrealistic or non-referential
when multimodal predictions occur with mode blur (right). CAVs get confused
and adopt more conservative driving modes, affecting traffic efficiency.

variables for each mode to mitigate mode blur. Proposal-based
approaches introduce a set of target points to mitigate modal
collapse. CTSGI [10] estimates target points for agents and
neighbors employing specific latent distributions of CVAEs. The
proposal-based paradigm leads to mode blur as the predicted
trajectories exceed the drivable area on their paths to target
points. In addition, the above methods rely on regularized fea-
tures of scene contexts to implicitly generate trajectories while
neglecting explicit constraints of reliable road regulations and
driving areas, remaining limited in simultaneously solving mode
collapse and mode blur problems.

Recent studies [11], [12], [13] show that diffusion probabilis-
tic models (DPMs) achieve impressive results in image gen-
eration fields due to their stable multimodal modeling process,
which is proven to be less prone to mode collapse. Nevertheless,
extending the thought from image generation to vehicle motion
prediction to address mode collapse and mode blur requires
overcoming a series of challenges: (1) Implicit controllable
generation of vehicle trajectories by scenario-guided DPMs. We
are interested in learning parameter approximations of Gaussian
transition kernels during reverse diffusion with the stochastic
iterative refinement of scene context conditions mapped to agent
trajectories. (2) Explicit constraint guidance to address mode
blur while ensuring multimodal prediction capability. Pruning
branches with mode blur directly to dynamically optimize pre-
diction results can harm diversity. Because multiple pruning
causes mode collapse, i.e., only the most rational modes are
retained. Mode collapse and mode blur are mutually exclusive
to some extent, making it difficult to simultaneously address
both issues. Thus, we are motivated to answer the following
question: can DPMs be improved in motion prediction to learn
useful guidance representations and encourage generations of
reasonable multimodal trajectories for greater accuracy and
generality?

In this paper, these challenges are explicitly explored and
tackled. We propose a novel end-to-end scenario-guided mo-
tion diffusion model called RoadDiff to model the multimodal
trajectory distribution of vehicles accurately. To overcome the
challenge (1), we naturally interpolate feature-level fusion rep-
resentations of scene heterogeneous data into the reverse process
of DPMs to guide trajectory generation. The cross-modal inter-
actions of high-dimensional information prompt the model with
a better understanding of the compatibilities and interactions
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between agents and map semantics to enrich the engagement and
complementation of map resources. To overcome the challenge
(2), we predict the multimodal region of interest (ROI) of agents
and design two specific loss functions to encourage RoadDiff to
conduct reverse diffusion within the region for efficient distri-
bution propagations and reasonable trajectory generations. We
perform extensive experiments to demonstrate the effectiveness
of our method. The contributions of this paper are summarized
as follows:

® We propose a novel paradigm of scenario-guided diffusion
probabilistic model for vehicle multimodal motion predic-
tion. RoadDiff simultaneously addresses the problems of
mode collapse and mode blur in existing methods caused by
the unbalanced distribution of data modes and generation
mechanisms driven by implicit regularization features. We
employ implicit high-quality representations and explicit
regional constraints to co-guide multimodal predictions,
controlling models to spread distributions via reverse dif-
fusion within multimodal road-compliant ROIs.

e We learn scene context representations from various sub-
spaces and integrate heterogeneous information at the fea-
ture level by cross-modal interactions, prompting models to
perceive the compatibility and constraints of agent motions
with maps. RoadDiff maps these high-quality represen-
tations to the stochastic iterative refinement process of
trajectories to guide the parameter approximation learning
of Gaussian transition kernels. We prove validity of het-
erogeneous representations, providing potential directions
for representation learning of scene contexts.

® We design a diversity loss function for ROI prediction to
eliminate the problems of positive and negative sample
imbalance and mode imbalance during ROI prediction. It
ensures that every complex or sparse mode is captured for
robustly generating multimodal ROIs. We re-design the
Hausdorff distance loss through distance transformations
and inverse mapping of ROIs for the regional training strat-
egy. It prevents enormous computational costs and unstable
training and ensures efficient distribution transitions within
ROIs during the reverse diffusion process.

The remainder of the paper is organized as follows. Section II
outlines a comprehensive literature review of the latest research
advances in vehicle motion prediction and DPMs. Section III
expounds on the modeling procedure of our proposed scenario-
guided DPMs-based vehicle motion prediction. The specific im-
plementation of the critical components in RoadDiff is described
in Section IV. Section V analyses the experiments conducted
and the results. Finally, Section VI concludes and outlooks this

paper.

II. RELATED WORK

We focus on state-of-the-art methods of modeling scene
context and multimodal motion prediction as well as research
progress in DPMs, which leads us to propose RoadDiff.

A. Scene Context Representation

In early works on trajectory prediction, researchers utilized
variants based on attention mechanisms to represent the degree
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of mutual influence and interactions between agents at different
levels, such as spatial-temporal attention [14], social atten-
tion [15], graph attention [16], and agent-aware attention [8].
These approaches provide the underlying methodology for more
complex forms of scene context modeling.

Pretraining-based methods establish specific loss functions
against the inherent structure of spatio-temporal data, encour-
aging models to learn scalable and robust representations from
the scenario context to accommodate various downstream tasks.
BTCL [17] maximizes the similarity between different am-
plifications of the same trajectory while minimizing the sim-
ilarity between different trajectory amplifications through a
jointly constructed pretext task. Poibrenski et al. [18] proposed
source-domain data augmentation and target-domain pseudo-
label weighting strategies to improve the generalization of tra-
jectory prediction models across different domains.

Growing researchers are beginning to focus on rendering,
representing, and modeling scene contexts containing HD maps.
MTP [19] and P2T [20] methods encode the contextual infor-
mation of traffic scenes into raster images and leverage convo-
lutional neural networks to extract spatial features and dynamic
information. Trajectron++ [7] leverages graph structures to inte-
grate agent dynamics and heterogeneous data, enabling future-
conditional predictions that adhere to dynamic constraints while
producing full probability distributions. Integrated graphical
representation [21] quantifies the impact of elements in dynamic
traffic scenarios by rendering color-scaled rasterized feature
maps based on collision hazard levels. SGN [22] extracts generic
static and dynamic representations of driving scenarios utiliz-
ing semantic and domain knowledge, followed by introduc-
ing semantic graphs to model the spatio-temporal structural
relationships. Although the above methodologies have made
great progress in modeling driving scenarios through single data
forms, how to fuse heterogeneous data and whether they benefit
from each other are rarely explored.

B. Multimodal Motion Prediction

Probabilistic generation methods support the end-to-end mod-
eling of highly multimodal trajectory distributions, followed
by the outputs of future trajectories by sampling [23]. Due to
the training instability and mode collapse encountered during
the process of reaching Nash equilibrium, GANs are revealed
to be mainly constrained to relatively limited variation tasks.
The variety loss of Social-GAN [4] only penalizes the samples
closest to the ground truth and does not suppress low-quality
samples during the training process. The ability of CVAEs
models to approximate the ground truth posterior distribution
relies on the choice of the posterior distribution and the design of
the loss function, which suffers from poor sample accuracy and
mode blur in multi-agent motion modeling. ScePT [9] captures
the interactions between agents with Gibbs distributions and pre-
dicts mode probabilities for a whole clique. Social-CVAE [24]
proposes a graph neural network architecture based on message-
passing of sparse graph attention and a series of measures to
correctly encode social interactions into latent spaces of varia-
tional self-encoders. Limited by the implicit generation of latent
regularization features, such methods are inadequate in explicit
guidance and still have limitations in overcoming model blur.
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Proposal-based approach explicitly generates various can-
didate proposals, which are then regressed into multimodal
motion trajectories [25]. Methods that leverage bridging in-
tentions as proposals pursue multimodal results by traversing
unimodal predictions over embedded combinations of inten-
tions. CS-LSTM [26] fuses intention-specific features to output
a multimodal trajectory distribution based on agent intention
categories. iNATran [15] identifies crucial features strongly
correlated with future trajectories from middle representations
of intention estimation and generates queries in one step via
an intention-aware decoder query generation module. This pre-
diction paradigm embeds intentions across all modes in any
scenario, leading to high diversity but inefficient, low-quality
multimodal prediction samples and mode blur phenomenon.
Methods that leverage target points or anchors as proposals [27]
begin by predicting a set of turning points, endpoints, paths,
etc. Real-Time [28] designs multi-task learning branches with
dynamic adaptive anchors as part of end-to-end learning to
improve coverage of multimodal trajectories. CoverNet [29]
dynamically generates the trajectory set based on the current
state of the agent and then transforms the trajectory prediction
problem into the classification of possible physically feasible tra-
jectories. LaPred [30] generates trajectory lane features for each
lane candidate and then predicts multimodal future trajectories
given multiple lane candidates. HOME [31] generates heatmaps
representing probability distributions of agent locations through
lane map representations and sparse projections of HD maps,
followed by sampling possible endpoints from heatmaps. This
prediction paradigm only constrains target points to drivable
areas but not to the target-conditional motion estimation stage.
The predicted trajectories may exceed drivable areas on paths
to target points, leading to mode blur. Driving region is a robust
map attribute, yet little work goes into applying it rationally. In
this paper, we propose trajectory prediction methods with ROIs
as proposals. We co-guide multimodal trajectory prediction
through implicit regularization features and explicit multimodal
region constraints to overcome mode collapse and mode blur
problems.

C. Diffusion Probabilistic Models for Motion Prediction

MID [32] adjusts the length of the parameterized Markov
chains to control the degree of uncertainty and balance the
diversity and determinacy of the predictions. SingularTrajec-
tory [33] constructs Singular spaces to unify human dynamics
representations and utilizes environmentally adaptive anchors
and cascading denoising diffusion predictors to improve cross-
task trajectory prediction performance. LADM [34] extracts the
pedestrian-group interaction features and then utilizes VAEs
as generators and DPMs as refiners to improve the accuracy
and real-time performance of predicted trajectories. MotionDif-
fuser [35] and OptTrajDiff [36] address the high computational
cost and efficiency bottleneck in the controlled generation of
joint trajectories by optimizing the initialization distribution and
controlled sampling process of DPMs. TGD [37] inputs the
BEV raster maps as conditions into DPMs and then extracts
the rough trajectories from the generated raster maps, fed into
the trajectory refiner to output the exact trajectories. Different
from the above works, we design a ROI-based strategy to guide
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Fig. 2. Overview of RoadDiff.

reasonable distributional transitions during reverse diffusion. It
explicitly considers the compatibility of mode blur and mode
collapse while maintaining the strong diversity capability of
DPMs.

III. SCENARIO-GUIDED DIFFUSION PROBABILISTIC MODELS
FOR VEHICLE MOTION PREDICTION

Creating noise from one trajectory is easy; creating multi-
modal trajectories from noise is RoadDiff. The diffusion process
gradually transforms the complicated original trajectory distri-
bution into the standard Gaussian distribution by progressively
injecting tiny amounts of noise. The scenario-guided reverse
diffusion process allows us to exploit useful information in
the scenario contextual representation for accurate modeling.
The stochastic Gaussian distribution is then transformed into
a regionally constrained original data distribution by stepwise
denoising, which contains multimodal results including the
ground truth mode. The overview and core elements of RoadDiff
architecture are shown in Fig. 2, and more details are presented
in the following subsections.

A. Problem Formulation

With a known high-definition map M of urban roads, we
describe the motion prediction problem as predicting the future
trajectory Fo of the target agent in the future T},eq time period
based on the observed trajectories H of the road participants
in the past Ty, time period. M contains relevant semantic
information that constrains and guides vehicle driving, such
as drivable areas, angles, candidate lanes, turning signs, etc.
Consider a driving scenario containing m agents, where number
1= 11s the target agent and number 2 ~ m is the surrounding road
participants, including other vehicles and pedestrians, etc. We
aim to predict n possible multimodal future trajectories ¢ of
the target agent. At any moment k, the agent position is defined
as (x*, y*). In summary, the problem can be formulated as:
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where #@t denotes the trained multimodal motion prediction
model and ¢ denotes the weights and parameters of the model.
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B. Diffusion Processes for Vehicular Motions

Suppose the future trajectory Fy of the motion dataset obeys
the unknown data distribution ggq:,(Fo). The diffusion process
Fi, Fa. .., Fz transforms Fy into a prior Gaussian distribution
by gradually injecting noise, of which the approximate posterior
distribution can be expressed as a fixed Markov chain process
without training parameters:

4(F1, Fay o Fz | Fo) = L 1q(Fe | Fom),
q(fz |~Fz71):N(-/—'.z;\/lfwz]:zflywzl)a (2)

where Z denotes the length of the longest Markov chain,
q(F, | F.—1) denotes a Gaussian perturbation kernel, and {w, €
(0,7)}%, denotes an increasing positive variance schedule
satisfying =t .= “Z L < 1. The perturbation process be-
comes 1ncreasmgly dramatic as the noise scale increases. The
final perturbed variable Fz of the ground truth trajectory Fo
converges to an isotropic standard Gaussian distribution when
Z — 0.

Furthermore, let v,=1 — wz,'_yZ:HZZI vn. Based on the
reparameterization [38] and the regeneration of the independent
Gaussian distribution, the diffusion process defined in (2) allows
us to directly sample any step of it with an analytic solution
conditional on the input Fy [39]:

Q(]:z|]:0):N(]:z7\/’772f07(1_’7z)1) (3)
Since the sampling action is discrete and non-differentiable,
the perturbation variable F, after adding z-step noise is obtained
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by employing the reparameterization technique again:

Fo=VFo+ 1= 7ze “

Therefore, the randomness from the computational graph is
transferred to the Gaussian noise €, guaranteeing that gradients
are propagated.

C. Scenario-Guided Reverse Diffusion Processes

To distinguish the training process from the sampling process
for the reverse diffusion process, we employ ., without super-
script to denote the perturbation variables in the training process
that depend on the diffusion process, and F, with superscript to
denote the denoising variables sampled directly from the prior
distribution. The reverse diffusion process Fz,Fz_i,...,Fo
is a Markov chain with learning parameters, starting from a
standard Gaussian distribution p(Fz) = N (Fz;0,I) of the
same dimension as Jy. The scenario-guided reverse diffusion
process converts the standard Gaussian distribution p(F ) back
to an approximate ground truth data distribution qgqu¢q(Fo) by
gradually eliminating the noise added at each diffusion process
step utilizing a parameterized Gaussian transition kernel:

p@(]:zflu:za C) :N(]:zfl; NB(]:Za 2, (C); UQ(FZ, Z, (C)I),

&)
where 119 is a learnable parameter conditioned on the denoising
variable F, the diffusion step z, and the scene context repre-
sentation C. Following recent empirical work [32], we focus
the training parameters on yg and thus set oy (F, z, C)I = w,1
to be time-dependent, which leads to more stable training. The
final data distribution model py(Fp) is parsed by the following
joint distribution:

po(Fz, Fzt1, .- Fo | C)=p(Fz)ype(F.ry | Fz, C). (6)
The original data distribution ggq+(Fo) can be learned by
maximizing the log-likelihood utilizing the variational evi-

dence lower bound (ELBO) of Jensen’s inequality [39], whose
Kullback-Leibler (KL) divergence form can be calculated by:

max Eq,,,,(7)log pe(Fo | C)]

Z
= — ZDKU(Q(]‘—zq |fZ7]'—0)||P9(-7'—z71 |FZ7 (C))
z=2

— Dxi2(q(Fz | Fo) || p(Fz)) +1ogpe(Fo | F1,C).
(N
Item Dxj , contains no training parameters, which can be ignored
in the subsequent calculation process. log pg (Fo | Fi, C) canbe
regarded as a particular case of Dgy; when z = 1 and merged
into Dgy1. The ¢(F._y | F., Fo) in Dk represents the poste-
rior probability distribution in the diffusion process. According
to Fo = (F. — /1 —7.)/+/7- deduced from (4) and Bayes’
rule, Ho et al. [12] proved that the mean of ¢(F,_; | F.,Fo)
could also be described by Gaussian distribution as follows:

1 Wy
— | Fe(Fo,€) — ——=€ ] . 8
ﬁ(f(fo ) ﬁ_%> ®)
Both the g¢-distribution and the py-distribution are Gaussian
distributions. According to the KL divergence formula for the
Gaussian distribution, KL(N (111, 07) || N(p2,03)) = log 2+

ol + ()’
20%

ﬁz(fzva) =

— %, the term Dyp | as the objective function to be
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trained is parsed as:
1 R -
Eq |55 | = (Fes Fo) = pio(Fo, 2, C)F | +-C. )

Convert the mean matching to noise matching of varying
levels added during diffusion and reweight the objective function
towards obtaining more stable gradient updates. The final loss
function to be trained is formulated as:

Lon=Eryq(Fy),cni0.0),:~110,2)1(2)|[e— €0 (F=,2,C)|F],  (10)
where the perturbation variable F isresolved by (4), and C hasa
10% probability of being a zero vector. We employ the classifier-
free guidance technique [40] to trade off mode coverage and
sample quality by adjusting the weight O:

& = (14 9)eg(Fs, 2,C) — deg(F, 2). (11)

Utilizing p19 (]:'Z7 z, C) with the reverse diffusion process de-
fined in (5) & (6), we are able to obtain the denoised distribution
after sampling an arbitrary steps on the prior distribution by
reparameterization technique:

~ 1 ~ Wy
Fooi=—|F.— —

VG ( VI=7:
where € is a standard Gaussian distribution but takes zero when
sampled to F(. We introduce the concept of Hausdorff distance
(HD) [41], widely applied to evaluate image segmentation meth-
ods, to constrain the reverse sampling process within ROI, which
can be calculated by:

hd(F,ROI) = ma mn | f—all,.

EZ> + \/w.€, (12)

13)

Employing HD directly as a loss function is intractable and
leads to large computations as well as unstable training.
Karimi et al. [42] successfully reduced the HD loss by a distance
transform method of segmentation boundaries. We extend this
concept naturally to distance transformations between trajecto-
ries and ROI with appropriate refinements:

- 1 -
Lap(Fo,RON) = & 3~ (F- ©ROD) 0 dyy),

where the symbol & denotes the difference set between sets F,
and ROI, the symbol o denotes the Hadamard product, and €2
denotes the number of outliers. 8 determines the penalty degree
for out-of-region trajectories, which means we systematically
correct all predictions that violate the ROI rule, rather than
focusing only on the maximum prediction error defined by (13).
dror is the dimensionless distance from the trajectory outside
the region to the boundary. However, continuous trajectories
need to be filled into the rasterized map with integer coordinate
forms, which is a non-differentiable discrete process. To solve
this problem, we transfer the computational graph to an inverse
mapping of ROI, which is then mapped to the dimension of 7,
through the query way. Finally, we can constrain F, within ROI
through regression. The modified Hausdorff distance (MHD)
loss can be given by:

Lrp (F, R?)I) = [ireg(R‘(ﬁ:)I(]t'z)7 F. o mask),

(14)

5)

where ROI denotes the inverse mapping of ROI, i.e., the map
outside ROI is filled with boundary coordinates with dror
distance from the ROI boundary, and the map within ROI is
loaded with zero. The symbol mask is a matrix with one as the
outlier and zero as the internal points. Please refer to Fig. 3
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hd(F:,ROI)

() (b) ©

Fig. 3. Tllustration of the ROI distance transformation and inverse mapping
processes. (a) The background is the predicted rasterized map of ROI. The
foreground is HD representations hd(]:'z, ROI) between the samples and ROL.
(b) The background is a distance-transformed map of the ROI boundary, where
each pixel value equals its shortest distance to the boundary. The foreground is
the corresponding mapping of the samples on the map. The maximum dro1
value outside ROI is indicated by red points, corresponding to hd(]—z =, ROI).
(c) The background is an inverse mapping of the ROI, and each pixel outside
the ROI stores the boundary coordinates with the dror distance from the ROI
boundary. Here, we visualize the sum of the coordinates in each pixel. Outliers
will be regressed to the ROI boundary.

for detailed descriptions of ROI distance transformation and
inverse mapping. Once ROI prediction network is trained, the
ROI inverse mapping only requires to be computed once. Then,
the regression coordinates can be derived employing the query
method, significantly reducing calculation costs. In summary,
the final objective function for training the reverse diffusion
process is defined as follows:

Lip = LpN(Fey2,C) + AL (Fs, R?)I) (16)

Algorithm 1 summarizes the core training process of Road-
Diff. As illustrated by the reverse diffusion process in Fig. 2,
once €p training is completed, the reverse sampling process
starts from the prior distribution F ~ A(0, I). Following Z
iterations of (12), noise is gradually removed to generate the
predicted trajectory that conforms to ROI constraint.

IV. PROPOSED MODEL

This section describes the specific implementation of the
critical components in RoadDiff, namely the scene context
representation, the denoising matching function ey, and ROI
prediction decoder.

A. Scene Context Representation

High-quality conditional representations are essential for the
controllable generation of DPMs. High-definition maps contain-
ing extensive semantic information guiding and limiting vehicle
movements and the observed trajectories of road participants
are highly coupled to the future trajectory of the target agent.
Fig. 4 gives a detailed unfolding of the social space in Fig. 2. We
model maps and trajectory information through representations
of three distinct attributes. For undifferentiated training, we
rotate the interaction region to establish a coordinate system
centered on the target agent. ROI and the denoising matching
function selectively apply these heterogeneous representations
to further generate high-quality cross-modal fusion represen-
tations through the complementation and interaction between
high-dimensional information.
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Fig. 4. Heterogeneous representations of scene contexts.

1) Rasterized Representation of Scene Context: The raster-
ized representation allows for explicitly modeling the interac-
tions and positional relationships between agents and maps. We
render dynamic contextual scenes of the target agent within
Tops of the past period, including static semantic maps, dynamic
agent behaviors, etc., as a set of continuous multi-dimensional
images. The size of each image frame is (288, 288), where each
raster represents a realistic scene of 0.5 x 0.5 m? area, i.e.,
it covers a 144 x 144 m? area of interaction centered on the
target agent. Vision Transformer (ViT) [43] boasts remarkable
performance in cross-modal representation learning due to its
excellent computational efficiency and extensibility [44]. As in
the standard ViT, our encoder embeds the chunked raster map
through linear projections with positional embedding informa-
tion, yielding C,qer following a series of Transformer Blocks.

2) Observed Trajectory Representation: We represent the
observed trajectories of road participants with lightweight
LSTM encoders to better exploit their interactions in down-
stream tasks. Specifically, we select surrounding agents within a
72 m radius of the target agent as the critical factors influencing
its motions, reducing the redundancy of parameters and compu-
tational complexity. The target agent is encoded independently
from the surrounding agents but shares the identical structure
for representation, including an LSTM network (LS) and a
fully connected layer (£'C'). The network output utilizes layer
normalization (LN) to ensure the stability of the data feature
distribution, and ultimately the non-linear representation of the
encoder is enhanced by the ELU activation function ¢. Described
by the formula as:

Cug = o(LN(FC(LS(H)))). a7)

3) Topological Graph Representation of Scene Context: The
advantage of the graph topology over the rasterized map is more
sensitive to the connectivity between lanes and the extension
tendency of agent motion. We vectorize the dynamic actions
and scene contexts of agents, followed by aggregating the node
features of individual polyline subgraphs at the vector level
utilizing hierarchical graph networks [45]. Global aggregation
of trajectories and structured maps is then performed by means
of the graph convolutional network (GCN):

{g} = GEN({g"}, Adjacency), (18)
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Fig. 5. Overview of the network fitted to the denoising matching function €.

where {gy)} and Adjacency correspond to the features and
adjacency matrix of the polyline node set. We model the high-
order interactions employing multi-head attention calculations:

Coraph = MultiHead(LN (FC({g!"T"}))),

where v denotes the number of layers of GCN networks.

19)

B. Denoising Matching Function

The diffusion model relies on the solid fitting ability of the
neural network to approximate the denoising matching function
€p. Transformer has a natural potential for capturing temporal
correlation and dependent coupling between inputs and outputs
due to its theoretical signal transmission distance of O(1).
Hence, we follow MID with Transformer as the core for the
network structure of the denoising matching function.

Fig. 5 gives a detailed unfolding of the denoising matching
function €y in Fig. 2. The diffusion step encoding C, is employed
to indicate the execution progression of the sampling process.
The cross-modal heterogeneous representations with embedded
diffusion step features are fed into the model, guaranteeing
that RoadDiff extends trajectory diversity through coarse sam-
pling of the prior distribution in the early stages and further
improves trajectory generation accuracy through fine-grained
noise in the later stages. Unlike pre-training methods that depend
heavily on the feature extraction process, our modal interaction
strategy focuses on the lightweight and rapid embedding of
various modalities. Specifically, we employ a combination of
self-attention computation and fully-connected layers as the
modality interaction module, modeling optional inter-modal and
intra-modal interactions. Contributions of cross-modal informa-
tion are adaptively distinguished, and more modalities could be
integrated than cross-attention. Modal interaction representa-
tions and perturbation variables ., are fused and dimensionally
enhanced through a series of concat squash (CS) [46], [47]
operations:

Xop1 = (X Wi +b1) 0o o(CW, + by) + CW3, (20)

where W; and b; are weights and bias vectors to control output
dimensions. X, and X, are inputs and outputs of the concat
squash layer, and X is the perturbation variable F,. o denotes
the sigmoid activation function. Latent dependencies and spatio-
temporal cues between inputs and outputs are efficiently learned
through a series of ViT blocks in high-dimensional spaces.
Correspondingly, the outputs are gradually mapped to the noise
dimension through the symmetrical CS dimension reduction
operations and a regression layer.
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Fig. 6. Overview of the ROI decoder 7. Legend shared with Fig. 5.

C. Region of Interest Prediction

The motion dataset provides the drivable area of the vehicle,
which is large and discontinuous. Therefore, we further narrow
down driving range of the vehicle from the drivable area to ROI,
i.e., the possible activity region of the vehicle for a period of
time Tyreq in the future. Fig. 6 provides an overview of our
proposed ROI decoder rg. The trajectory representation Ciy;
is merged into the rasterized representation Ci,g., through the
modality interaction module. We employ standard 1-D position
embedding with gradient updates, and another series of stacked
ViT blocks performing decoding operations. The projection
layer combines a fully connected layer and a sigmoid activation
function that aligns the output dimension with the ROI patches.

ROI constraining motion trajectories is multimodal due to
the complexities of driving scenarios and agent interactions,
which presents two unbalanced challenges. ROI (foreground) is
much smaller than the background region, resulting in gradients
being concentrated in the background region, which causes an
imbalance in the distribution of the gradient norm. This phe-
nomenon, which causes poor predictions of foreground areas,
is referred to as the positive and negative sample imbalance.
The agent intentions are unevenly distributed, e.g., most agents
on regular roads are keeping straight, with individual agents
choosing to change lanes. The model tends to optimize towards
the direction with high frequency of intentions, as this leads
to an overall gradient update gain [48]. Minority modes are
neglected to the detriment of multimodal prediction, referred
to as mode imbalance. Inspired by the focal loss [49], we design
a diversity loss function for ROI prediction to compensate for
both imbalances:

A5 .
_p 52 J—a(l — Ps) log(Ps) if Ps>0
Lror=="Y (Ps— P,)- 2 - )
ROT™g ZQ:( ) {(1 — a)P?log(1 — P,) otherwise
(2D

where the weight modulation hyperparameters o and ¢ regulate
sample and mode imbalances, respectively. S is the pixel count
of the output image. P; represents the ground truth of the prob-
abilistic raster map, which is the image of the trajectory mapped
onto the rasterized map after standard Gaussian convolution.
The range of ROI is modulated by the hyperparameters of the
Gaussian convolution. P is the prediction corresponding to P.
g is the mask matrix representing the drivable area attribute in
the high-definition map with the same size as P, which avoids
unnecessary gradient calculations.

Please refer to Fig. 7 for an overview of our process for
robustly extracting ROI and its boundaries from the predicted
probabilistic raster map via the disjoint set algorithm. The pre-
processing stage converts a probabilistic raster map in Fig. 7(a)
into a binarized image. Iterate over all valued pixels in the
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(@ (b) @

Fig. 7. Schematic illustration of the process to extract ROI boundaries via the
disjoint set algorithm. (a) The predicted probabilistic raster map. (b) Connected
regions (or noise) found by the disjoint set algorithm. (c) Region of interest after
noise removal. (d) The extracted boundaries.

binarized image. If the pixel values in the historical neighbor-
hood are all zero, the location is given a new label. Otherwise,
if there are various labels in the historical neighborhood, the
location is marked as the smallest label, and all the labels are
connected utilizing the disjoint set. Next, iterate through all
non-zero labels. Utilizing the find method of constructed disjoint
sets, we update each label with a constant time complexity in
the connected domain to the value corresponding to the root
node, i.e., the smallest label in the set. Fig. 7(b) shows the final
connected regions found. As shown in Fig. 7(c), we filter the
anomalous regions or noise and take the connected region with
the highest probability as the region of interest. Therefore, our
method has an anti-interference ability and can automatically
shield abnormal prediction regions. Fig. 7(d) shows the contours
extracted for the ROI inverse mapping algorithm.

D. RoadDiff Training and Complexity Analysis

The main steps of the training process for the pro-
posed RoadDiff are shown in Algorithm 1. We first give
the time complexity of basic components in RoadDiff. The
time complexity of multi-head attention can be computed
S Khead (Sins €emd) = D _p (48in€2,q + 252 €ema), Where si, and
eemd denote the input sequence length and embedding dimen-
sion, respectively, and h represents the number of attention
heads. The time complexity of ViT modules can be computed
as Kyit(Sins €emd) = Y 7 (Khead (Sin, €emd) + 2€emaerr), Where eg
represents the hidden dimension of the feedforward network
and J denotes the number of encoder blocks. We simply com-
pute the time complexity of CS layers as fs(€emd, €exp) =
2% "1 (T€exp + 2€emd€exp), Where r denotes the dimension of the
inputs, eexp denotes the hidden dimension, and eeg denotes the
embedding dimension of condition Cyj.

The HD map features and agent trajectories involved in each
scene context are extracted after translating and rotating the
interaction region (Line 1). These different forms of informa-
tion are constructed as trajectory representations, raster repre-
sentations, and topology representations, as shown in Fig. 4,
followed by building them as heterogeneous representation
wrappers to give compatible cross-modal fusion representation
schemes for different downstream tasks (Lines 2~3). The time
complexity of Cyyj i8 O(>_,, (Tobs(Cinenia + ekq) + enidCout))s
where cj, denotes the input feature dimension, epg denotes
the hidden dimension of LSTM, and c,,; means the output
dimension of the fully connected layer. The time complexity
of Cgppn is linear in the number of edges F, which can be
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Algorithm 1: Model Training Process with RoadDiff.

Input: Observed scene contexts {H, M};
Ground truth future trajectories J
Output: Trained network weights of Cyy, Cy,, 79, and €y
1:  Preprocess HD map and trajectories in the scene
contexts
2:  Construct representations of trajectory Ciyj by (17),
raster Cyyger by ViT blocks, and topology Cgrapn by

(19)

3: Build heterogeneous representation wrappers Cy; and
Co2

4:  Set model training and diffusion process
hyperparameters

5: Initialize the network weights of Cy;, Cyo, 7¢, and €y
6: while No early stopping do
7 repeat
8: Take Cyg, as the input to ROI decoder 7 in Fig. 6
9: Generate P, through the forward propagation
10: Compute the loss function Lros(Ps, P, )in (21)
11: Take gradient step on Vo (Lror)
12: Co1, 19 < Backward(Vg)
13: until Model convergence
14:  end while R
15:  Extract ROI from Py by disjoint set algorithm in Fig. 7

16:  Build the inverse mapping R6I via the process in

Fig. 3
17:  while No early stopping do
18: repeat

19: Take Cy, as the input to €y in Fig. 5
20:  Fo, z < Sample(qaan(Fo)), Uniform({1,...,Z})
21: Calculate F, by (4) and F. by (12)
22: Generate noise through the forward propagation
23: Compute loss functions by (10) and Eq.(15):
Loy =n(2) || € —es(F2, 2, Coa)|I?
Lyup = Ereg(ROI( .), F. o mask)
24: Take gradient step on Vo (Lpn + Lamp)
25: Cpa, €9 + Backward(Vg)
26: until Model convergence
27: end while

denoted as O(v|E| + Khead(Sin, €emd))- Craster has time com-
plexity O(_, u*w?ein€ema + Fvit(Sin; €ema)), Where u denotes
the size of output feature maps. w, ej,, and eeyq indicate the
convolution kernel size, and the number of input and output
channels, respectively. Here sj, is the number of patches in
the rasterized map. In the initialization stage of models (Lines
4~.5), we initialize the hyperparameters for model training,
including batch size, number of data-loading subprocesses, and
optimizer settings. We initialize non-training parameters of the
diffusion process, including the variance schedule w,, Markov
chain length Z, and ~,. The weights of Cy;, Cyy, 79, and €y
are also randomly initialized, where Cg; = {Cij, Craster} and
Co2 = {Cluj, Craser, Ceraph, C: }. 79 denotes the ROI decoder,
and ey denotes the denoising matching function.

The ROI decoder employs a dynamic learning rate combined
with an early-stopping training strategy (Lines 6 ~ 14). It takes
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Cy; as input and generates the probabilistic raster map P, by for-
ward propagation with the time complexity O(&nead (Sin, €emd) +
Kes(€emds €exp) T Kvit(Sin, €exp)) (Lines 8 ~ 9). Gradients are
computed as the partial derivatives of the ROI diversity loss
function Lro; with respect to model parameters (Lines 10 ~
11). Adam optimizer backpropagates loss function gradients to
each layer of models through the chain rule to progressively
update network weights of Cy; and 7y (Line 12). Finally, the
ROI decoder will be kept training until it converges. ROI and
its boundaries are extracted from the probabilistic raster map P,
by the disjoint set algorithm after the ROI prediction (Line 15).

We build the ROI inverse mapping ROI to serve the trajectory
generation (Line 16).

The denoising matching function €y takes Cg; as input (Line
19). We obtain training samples from the trajectory dataset (Line
20), where qgq (Fo) denotes the original unknown distribution
of the dataset, and F( denotes a randomly selected sample from
the dataset. z obeys the uniform distribution, which is randomly
selected from the variance schedule {w, € (0,7)}Z_,. The
noise added at each step is predicted by the forward propagation
with the time complexity O(Knead(Sin, €emd) + Fvit(Sin, €emd))s
followed by the calculation of Lpy and Ly;gp loss functions
(Lines 21 ~ 23). Gradient updating and backpropagation are
done by Adam optimizer until the model converges (Lines 24
~27).

V. EXPERIMENTAL EVALUATIONS

A. Experimental Settings

Extensive experiments have been performed on real-world
datasets from various perspectives.

1) Dataset: The Argoverse dataset [50] tracks more than
300,000 driving scenes in Miami and Pittsburgh over a distance
of 290 kilometers. Each sample consists of 2 s of historical states
and 3 s of ground truth future trajectory, sampled at 10 Hz. The
nuScenes dataset [51] is a large-scale public autonomous driving
dataset with support for multimodal perception developed by the
Motional team, containing 1000 complex driving scenarios from
Boston and Singapore. Each scene lasts 20 s, and keyframes
are annotated at 2 Hz. Following the existing work [24], [28],
we conduct evaluations utilizing the Argoverse and nuScenes
validation sets.

2) Evaluation Criteria: Average displacement error (ADE)
and final displacement error (FDE) are two specialized measures
of prediction accuracy that are widely used to evaluate the
performance of various trajectory prediction models:

1 Thored ~
]:t _ ]_‘f,
e I LR
T,

FDE = || Fy™ — F™ | . (22)

We estimate the accuracy of multimodal trajectory predictions
by applying the following four metrics: (1) Minimum final dis-
placement error (minFDE): the minimum endpoint L, distance
between the ground truth and predicted trajectory. (2) Minimum
average displacement error (minADE): the average L, distance
between the minFDE trajectory and the ground truth over all time
steps. (3) Miss rate (MR): percentage of scenes where none of
the FDEs of the predicted trajectories are within 2.0 meters of the

ADE =
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ground truth. (4) Drivable area compliance (DAC): (A — G) /A,
where A and G denote the number of predicted trajectories
generated by the model and those that are not exactly in the
drivable area, respectively.

3) Implementation Details: The batch size and the number
of data-loading subprocesses are set to 128 and 8, respectively.
The weight modulation hyperparameters of the diversity loss
function in (21) are set to aw = 0.75 and 0 = 2. The hidden
dimension of the LSTM network is 64 and the output dimension
of the fully connected layer is 128 in C,;j. The number of GCN
layers v and attention heads are 4 and 14 in Cgpapn, respectively.
The Gaussian convolution kernel size for modulating the ROI
range is 6 and the variance is 3. The modality interaction module
has four attention heads, and the fully connected layer maps the
output dimension to 256. In the denoising matching function €y,
the number of CS layers L. = 2, whose hidden dimension is 512.
The number of attention heads is 8, the vector representation
dimension is 512, and the hidden dimension of the feed-forward
network is 2048. We employ gradient clipping techniques to
restrict the max norm for the gradients of y and €y networks to
1.0, maintaining the stability of the model parameter updates.

B. Comparison With State-of-The-Art

1) Baseline Methods: We compare models based on dif-
ferent modeling mechanisms from recent years to more fully
validate the effectiveness of RoadDiff for trajectory prediction.

Methods evaluated on Argoverse: 1) CSDI [52]: a masked
self-supervised learning approach based on attention mecha-
nism and DPMs. 2) TNC [53]: an unsupervised representa-
tion learning approach designed to learn potential dynamics
of non-smooth data via adaptive temporal neighborhood cod-
ing. 3) BTCL [17]: a self-supervised bidirectional trajectory
comparison learning model based on jointly constructed pretext
tasks. 4) CS-LSTM [26]: a LSTM encoder-decoder based model
for multimodal trajectory prediction of vehicles with maneuver
categories as proposals. 5) DESIRE [25]: the method generates
trajectories using CVAE, which are then ranked and refined
by inverse optimal control RNN. 6) HOME [31]: the method
samples endpoint coordinates from the projected heat map to
generate multimodal trajectories. 7) Social-GAN [4]: a genera-
tive adversarial model that models interactions between agents
through an introduced pooling module. 8) R2P2 [23]: the method
balances trajectory diversity and accuracy by parameterizing the
model distribution as the push forward of a simple underlying
distribution under the simulation operator. 9) Social-CVAE [24]:
the method improves trajectory prediction accuracy by miti-
gating the social posterior collapse problem in the variational
autoencoder for interaction modeling. 710) MID [32]: a model
that performs the trajectory prediction by modeling the reverse
process of motion uncertainty diffusion.

Methods evaluated on nuScenes: 1) MTP [19]: a method
that uses raster images to encode the surroundings and CNN
models for trajectory prediction. 2) P27 [20]: a maximum en-
tropy inverse reinforcement learning and grid sampling based
trajectory prediction approach. 3) CoverNet [29]: an approach
to solving the trajectory prediction problem by classifying a
diverse set of trajectories. 4) LaPred [30]: a multimodal trajec-
tory prediction method based on instance-level lane information.
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TABLE I
RESULTS OF DIFFERENT METHODS FOR VEHICLE TRAJECTORY PREDICTION ON THE ARGOVERSE DATASET

5) Real-Time [28]: a heterogeneous agent trajectory prediction
method for hierarchical modeling via global scene extraction and
local agent learning. 6) ScePT [9]: a scene-consistent trajectory
prediction model based on policy planning. 7) Trajectron++ [7]:
a generative trajectory prediction method coupled with dynam-
ics and graph structure. 8) AgentFormer [8]: an approach to
simultaneously modeling the temporal and social dimensions of
agent trajectories.

2) Results on Argoverse: Table I summarizes the results of
evaluating multimodal trajectory predictions for all methods on
the Argoverse dataset, selecting the most likely trajectories for
K =1and K =6. The best results for each metric are highlighted
in bold and the suboptimal results are underlined.

RoadDiff achieves significantly better results compared to
pre-training-based approaches. The CSDI, BTCL, and TNC
methods obtain information-rich low-dimensional representa-
tions from the inherent potential dynamic structure of motion
trajectories employing mask prediction or contrastive learn-
ing. Although these representations are more generalizable and
robust, their specially tailored deployment patterns and loss
functions limit the ability of the model to capture agent-map
interactions and performance on individual supervised tasks.
Instead of training cumbersome pre-training modules, our ap-
proach adopts learnable heterogeneous representations to simu-
late higher-order interactions between agents and maps.

RoadDiff outperforms the proposal-based multi-phase model
in terms of composite metrics. CS-LSTM outputs multimodal
trajectory distributions based on agent intention categories. Its
prediction diversity is the same in each scenario, leading to low
efficiency and prediction quality. DESIRE regressively refines
the highly rated candidate trajectories through an iterative feed-
back mechanism. Nevertheless, the inference process encounters
cumulative errors at various stages. RoadDiff directly models
highly multimodal ground truth trajectory distributions in an
end-to-end manner. Furthermore, it restricts the trajectories to
ROI that strictly obeys road rules and physical constraints.
Cumulative errors and unreasonable predicted trajectories are
thus avoided. HOME predicts vehicle endpoints in the form
of probabilistic heat maps to pursue the extreme MR (K = 6)
metric. Although it is ahead of us in this metric, the method
is limited to the resolution of the heat maps. We outperform
HOME on remaining metrics, which is sufficient to prove the
competitiveness of our approach.

Method K=1 K=6

minADE] MR/ minFDE minADE] MR/ minFDE. DAC?T
£ CSDI [52] 2.07 0.67 4.19 1.36 0.42 2.57 0.87
2 TNC [53] 1.90 0.64 3.82 1.23 0.43 2.34 0.87
& BTCL [17] 1.61 0.59 3.55 1.12 0.34 2.13 0.91
3 CS-LSTM [26] 2.79 0.69 5.33 1.51 0.52 2.92 0.70
2 DESIRE [25] 2.38 - 4.64 1.09 - 1.89 -
E HOME [31] 1.64 0.58 3.50 0.97 0.15 1.71 0.98
2 Social-GAN [4] 2.34 0.71 5.18 1.49 0.44 291 0.78
:__Z_’ R2P2 [23] 3.02 - 5.41 1.40 - 2.35 -
S Social-CVAE [24] 1.59 - 3.52 1.15 - 1.98 -
@ MID [32] 1.67 0.58 3.59 1.14 0.38 2.08 0.89
A RoadDiff (Ours) 1.520_07J( 0.560'02¢ 3'390-11l 0.86()‘1 1 0'180-03T 1.360_35J( 0.99(1()”~

TABLE I

RESULTS OF DIFFERENT METHODS FOR VEHICLE TRAJECTORY PREDICTION ON
THE nuScenes DATASET

Method K=5 K =10
minADE| minFDE| minADE| minFDE|
o MTP [19] 222 4.83 1.74 3.54
& P2T [20] 1.51 3.16 1.25 2.35
3 CoverNet [29] 2.54 5.08 1.97 3.39
% LaPred [30] 1.56 341 1.23 2.39
& | Real-Time [28] 1.60 3.34 1.23 2.32
é ScePT [9] 1.90 3.99 1.71 3.54
= | Trajectron++ [7] 1.88 3.87 1.51 3.07
S | AgentFormer [8] | 1.86 3.89 145 2.86
E RoadDiff (Ours) 1'470-04~L 3'230-07T 1.120.] 10 2'290-03~L

RoadDiff is more efficient in generating highly accurate
motion trajectories than other methods based on probability
distribution modeling, which is reflected in the overwhelming
advantage of RoadDiff on different metrics. Social-CVAE alle-
viates the social posterior collapse phenomenon of conditional
variational autoencoders but still has limitations in improving
prediction ability. While Social-GAN mitigates mode collapse
through the variety loss function, it ultimately learns to be
uniformly distributed, i.e., generating high-diversity and low-
quality predictions. MID explores the social interactions of
agents while ignoring the constraining effect of lane graphs on
motion trajectories. In this way, mode blur is easily triggered,
limiting the high accuracy of trajectory prediction.

3) Results on nuScenes: Table II summarizes the results of
evaluating all methods for multimodal trajectory prediction on
the nuScenes dataset. K is taken to be 5 and 10 for a better com-
parison of multimodal prediction performance. We can observe
that RoadDiff provides optimal trajectory inference performance
with all metrics within acceptable limits.

RoadDiff outperforms MTP and P2T methods in comprehen-
sive metrics. MTP focuses the predictions on main modes when
calculating the probability distributions and has limitations in
more modal predictions. P2T performs better in finite modes
and slightly outperforms us in minFDE (K=5). We surpass it on
the remaining metrics, especially with more modal predictions
(K =10).
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TABLE III
SAMPLES GENERATED BY DPM-SOLVER WITH DIFFERENT NUMBER OF
FUNCTION EVALUATIONS ON THE ARGOVERSE DATASET

NFE 5 10 20 50
minADEg 0.93 0.90 0.88 0.87
minFDEg 1.50 1.42 1.39 1.40

Real-Time (s) 0.25 0.47 0.93 2.16

RoadDiff outperforms proposal-based multimodal trajectory
prediction methods. Compared to CoverNet, LaPred, and Real-
Time, our model performance improves by an average of 63.5%,
6.5%, and 5.8% on four metrics, respectively. By addressing
mode collapse and mode blur, RoadDiff can predict diverse
and accurate trajectories more robustly in complex scenarios.
CoverNet selects fixed modes of customized scenes from a set of
static anchors, and the results are primarily limited to the spatial
coverage and quality of the anchors. Although the Real-Time
method enhances the scene adaptation of multimodal prediction
results by constructing dynamic adaptive anchors, it is prone
to suffer from the mode blur problem during anchor genera-
tions. LaPred predicts future trajectories with lane candidates as
proposals. The complex behaviors of target agents are usually
challenging to represent by single-lane instances fully. This
coarse-grained modeling approach limits model performance
in dealing with diverse behaviors, especially in complex or
unstructured scenarios.

The prediction performance of RoadDiff beats the CVAE-
based multimodal probabilistic generation models. Compared to
ScePT, Trajectron++, and AgentFormer, our model performance
improves by an average of 40.0%, 29.1%, and 25.3% on four
metrics, respectively. ScePT introduces the method of condi-
tional value at risk to avoid mode collapse. However, ScePT
cannot exploit the sparsity of the interaction graph to consider
only the neighbors of each node, which leads to ignoring the
interactions between nodes in different cliques and decreasing
accuracy in congested traffic scenarios. Trajectron++ employs
an autoregressive decoder to generate trajectories. Predictions
at each step depend on the results of the previous step and
have limited effectiveness in handling long-time dependencies.
AgentFormer can capture temporal and social dimensional de-
pendencies but has limited ability to model complex map in-
teractions at a fine-grained level. In addition, Trajectron++ and
AgentFormer are prone to mode collapse when dealing with
complex traffic scenarios, retaining only a few high-probability
predictions, leading to a decrease in the diversity and accuracy
of predictions.

4) Sampling Efficiency: Sampling from DPMs is slow as
the reverse diffusion process involves iterating highly computa-
tionally expensive denoising matching networks. This process
can be viewed as solving the corresponding diffusion ordinary
differential equation (ODE). Our method supports any training-
free accelerated DPM sampler. We select DPM-Solver [54],
a diffusion ODE solver with convergence order guarantee, to
observe the sampling speed of the existing trained DPMs. To
fulfill the requirements of autonomous vehicles, we test the
average real-time performance when predicting 32 agents on the
Argoverse dataset. Table III records the inference results when
sampling from DPMs with uniform time steps of 5, 10, 20, and
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Fig. 8. Analytical results of two critical hyperparameters in RoadDiff.
(a) Cosine schedule with s = 0.008. (b) Linear schedule with 7 = 0.05. (¢)
Linear schedule with 7 = 0.1. (d) Linear schedule with 7 = 0.2.

50 function evaluations. Specifically, the real-time consumed
by trajectory sampling grows approximately linearly with the
number of function evaluations (NFE). The DPM-Solver can
converge to a satisfactory result in 5 to 20 function evaluations.
Continuing to increase NFE optimizes partial performance but
also brings several folds of time consumption. Generally, DPM-
Solver allows our models to maintain an acceptable range of
sampling efficiency and inference performance.

C. Parameter Sensitivity

We report the effects of two crucial hyperparameters in the
diffusion process: (1) the Markov chain length Z and (2) the
variance schedule w on the performance of multimodal motion
prediction (K =6). Fig. 8 illustrates the effect of the hyperpa-
rameters adjustment on performance under control variables,
with lower bars representing better model performance.

We perform a grid search over the hyperparameters. In terms
of variance schedules, performances of cosine variance sched-
ules [55] and linear variance schedules [12] with three various
configurations are reported. The cosine variance schedule grad-
ually increases the noise addition variance w, at a non-linear
rate throughout the diffusion process:

w: =1=f(2)/f(z—1),
f(2) = cos[(z/Z +5)/(1 +5) - (w/2)],

where the offset s = 8¢~ is employed to prevent w, from being
too small when close to z = 0. For the linear variance schedule,
we set w; = le *, and w, from the search space 7 € [0.05, 0.1,
0.2]. In terms of Markov chain length, we restrict the search

(23)
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Fig. 9. Visualize kernel density distributions of sample diffusion processes
when Z is taken to various values. Latent samples are from Z = 80 (top) and
Z = 120 (bottom), respectively.

space to Z € [80, 120, 160, 200] based on practical experience
from recent work [32].

Different parameter combinations coupled with each other
jointly determine the quality and speed of the diffusion process.
Asindicated by the brown bars in Fig. 8(c), the parameter combi-
nation with the best model performance is 7 = 0.1 and Z = 200.
All noise shares a uniform denoising matching function, while
the non-linear noise addition makes it harder to align various
noise levels. As shown in Fig. 8(a), the performance under the
cosine variance schedule mode is much lower than that of the
linear variance schedule. Noise is injected smoothly and evenly
under the linear variance schedule, with performance influenced
by noise granularity. As shown in Fig. 8(b), the slow diffusion
process contains redundant steps when the noise granularity is
overly fine (7 = 0.05). The model has difficulty in learning
valuable information with limited steps. As shown in Fig. 8(d),
coarse-grained noise (7 = 0.2) reduces the sampling accuracy
of the reverse diffusion process, leading to a degradation of the
trajectory generation performance.

As shown by blue bars in Fig. 8, we note that in most cases
the model performance at Z = 80 is much lower than the perfor-
mance under other parameters. To analyze the reason behind this
phenomenon, we focus on visualizing the diffusion process in
Fig.9at Z =80 and Z = 120 when 7 = 0.1. It can be observed
that at Z = 80, the original data distribution is quickly perturbed
to a Gaussian-like distribution as the noise addition variance
rapidly expands. Since these different magnitudes of noise share
adenoising matching network, the model has difficulty adapting
to this drastic evolutionary process. When Z = 120, the transi-
tion between modes is more natural and smooth, allowing the
model to learn fine-grained noise, which brings an accuracy gain
in trajectory generation.

D. Ablation Study

We conduct ablation experiments on RoadDiff with the Argo-
verse dataset to explore the impact of three vital components (1)
denoising matching network, (2) heterogeneous representation,
and (3) loss function for ROI prediction.

1) Denoising Matching Network: We replace three com-
monly used diffusion model backbone networks to approximate
the denoising matching function ey, respectively, verifying the
effectiveness of our designed network. U-Net [56] consists of
systolic paths that capture context and symmetric extended
paths that support exact localization. We convert the Conv2d
to Convld convolution in U-Net to better fit the trajectory
data. Pointwise-Net [46] comprises stacked CS layers, and the
network configuration recommended in the original paper is
adopted.
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TABLE IV
RESULTS OF AN ABLATION STUDY OF DENOISING MATCHING NETWORK

Alternative Model ~minADEg] MRg| minFDEg] DACgT

U-Net 1.17 0.28 2.19 0.96

Pointwise-Net 1.49 0.35 2.88 0.90

Transformer 1.02 0.27 1.93 0.97

Ours 0.86 0.18 1.36 0.99
TABLE V

RESULTS OF AN ABLATION STUDY OF HETEROGENEOUS REPRESENTATIONS

Ablation Item minADEg| MRg| minFDEg| DAC¢T

Craster 0.88 0.18 1.38 0.98
Ceraph 0.89 0.19 1.42 0.98
Craster & Cgraph 0.93 0.20 1.49 0.98
No Ablation 0.86 0.18 1.36 0.99

The best results for each experiment are summarized in
Table IV. Compared to the best performance in the comparison
network backbone, RoadDiff leads in each metric by 29.46%
(minFDEg), 32.24% (MRg), 15.93% (minADEg), and 2.06%
(DACy), respectively. Although U-Net possesses elegantly sim-
ple architecture and resilient deformation data augmentation, it
does not consider how to learn temporal correlations, perform-
ing poorly in predicting motion trajectories with rich spatio-
temporal information. The CS layers of Pointwise-Net provide
well integrated representation of scene context and perturbation
distribution ¢(F). However, it is a variant of the MLP, with a
shallow network layer and without considering temporal correla-
tion. Pointwise-Net thus performs the worst on all metrics. Road-
Diff provides better performance than Transformer because we
build on it by properly encoding heterogeneous representations
into the latent space of RoadDiff through self-attention and
upsampling operations. The role of conditional representations
in the latent space is strengthened, and the problem of social
posterior collapse [24] is avoided.

2) Heterogeneous Representation: We explore the impact
of heterogeneous representations on RoadDiff performance
by ablating the single scene contextual representation, re-
spectively. As seen from the experimental results recorded in
Table V, removing the heterogeneous representation from the
RoadDiff results in considerable degradation. The performance
of RoadDiff decreases by 9.77% (minFDEg), 11.01% (MRg),
8.22% (minADEg), and 1.01% (DACs), respectively. The high-
quality representation improves performance overall as the well-
designed denoising network is carried through to each training
step in the reverse diffusion process. Heterogeneous represen-
tations enrich the resources for scene contextual representation
learning, allowing models to better understand the compatibility
and higher-order interactions of agents and map semantics.
The ablated graph topology representation Cgy,py degrades the
model performance more significantly than the ablated raster
representation Cp,q.,. This is attributed to the ability of the graph
topology to more compactly represent the mapping structure
between map-lane-agent and to be more sensitive in sensing
the connectivity between lanes and the extensional tendency of
agent motion. Additionally, the fusion of more heterogeneous
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(a) (b) (c)

Fig. 10.  Effectiveness of ROI prediction by training the model with different
loss functions. (a) Binary cross-entropy loss function. (b) Regression loss
function. (c) Our proposed ROI diversity loss function. (d) Ground truth.

(d)

information does not exacerbate performance gains. While het-
erogeneous representations enable complementary information,
they also introduce redundancy and duplication of information.

3) Loss Function for ROI Prediction: We replace two com-
monly used loss functions to observe the prediction results,
respectively. As shown in Fig. 10, compared to the binary
cross-entropy and regression loss functions, our approach can
capture the multimodal properties of the ROL, and the predictions
do not miss the ground truth.

The inability to overcome mode imbalance is the main reason
for the failed predictions of binary cross-entropy and regression
loss functions. The frequency of various modes taken by agents
in the same scenario may vary tens of times, while model
gradients tend to move in the direction of more frequent modes
that make the overall gradient update gain large. Modes with
lower frequencies are swamped, leading to the phenomenon of
mode collapse in ROI prediction. As shown in Fig. 10(a) and (b),
the binary cross-entropy and regression loss functions can only
focus predictions on the most frequent modes in the dataset,
thus failing to capture multimodality. They miss ground truth
that may be sparse instances and even present small or isolated
prediction regions. Our method can modulate mode imbalance,
which dynamically reduces the loss weights assigned to the
numerous easy instances during training to focus learning efforts
on difficult or sparse instances. As shown in the light-colored
part in Fig. 10(c), our method captures the modes of the sparse
instances so that the ground truth can be covered. In other words,
if we do not modulate the mode imbalance, the lighter-colored
predictions will disappear, leading to prediction failures similar
to other loss functions. This phenomenon in turn demonstrates
the effectiveness of our proposed diversity loss function. The
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Fig. 11.  Qualitative examples of multimodal trajectories generated by Road-
Diff in several typical scenarios covering various modes.

success of multimodal ROI prediction allows us to proceed to
the next stage of multimodal trajectory prediction robustly.

E. Qualitative Analysis

We give qualitative examples in this section to demonstrate
the performance of RoadDiff in typical scenarios and its effec-
tiveness in improving mode blur and mode collapse.

1) Typical Scenarios: Typical examples include the driving
modes of going straight, turning, acceleration and deceleration,
and overtaking in complicated intersections and roundabouts
scenarios. To visually reproduce the real-world situation as much
as possible and to more clearly represent our work, we visualize
the lane structure and the ROI contours in Fig. 11. The predicted
ROI is an excellent reflection of the probable activity range of
the agent in which the multimodal trajectories are successfully
generated. Each mode is as likely to be taken by the agent in the
current maneuvering state and the traffic environment, of which
one or more predictions can cover the ground truth trajectory.
These impressive results are attributed to the excellent ability of
RoadDiff to capture the contextual interactions of the scene and
the robustness of modeling multimodal motions.

2) Mode Blur: To avoid redundant and cumbersome com-
parisons, we chose HOME, the best performer in the compari-
son method, as our comparator to make our experiment more
convincing. As observed in Fig. 12(a), HOME suffers from
mode blur. Since HOME only restricts the endpoints to the
drivable area and does not constrain the target conditional motion
estimation phase. This results in the predicted trajectories being
out of the drivable area on the path to the endpoints. As shown
in Fig. 12(b), our method performs better for the identical scene.
Different from the proposal-based prediction model typified by
HOME, our approach provides a more robust ROI prediction
strategy and constrains the entire trajectory generation process
within it, avoiding mode blur.

Fig. 13(a) depicts the mode blur phenomenon of the HOME
method due to anomalous endpoints caused by noise or other
factors (unstable training, sampling method, etc.). As seen in
Fig. 13(b), our method still has correct results in the identical
scenario. ROI is the element with the highest probability in the
set of connected regions generated by the disjoint set algorithm.
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Fig. 12.  The phenomenon of mode blur due to neglecting the trajectory
constraints and the corresponding performance of our method. The probabilis-
tic raster maps represent the endpoint regions (a) and ROI (b), respectively.
(a) HOME. (b) Ours.

(a) (b)

Fig. 13. The phenomenon of mode blur due to anomalous endpoints and
the corresponding performance of our approach. Legend shared with Fig. 12.
(a) HOME. (b) Ours.

(a) (b)
el i
© (d)

Fig. 14. The phenomenon of mode collapse in both scenarios (a) & (c¢) and
the corresponding performances (b) & (d) of our approach. Legend shared with
Fig. 12. (a) BTCL. (b) Ours. (c) BTCL. (d) Ours.
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Thus, RoadDiff has the natural ability to resist interference, au-
tomatically masking anomalous prediction regions and avoiding
incorrect prediction results.

3) Mode Collapse: To validate the strength of RoadDiff in
mitigating mode collapse, the well performing BTCL model is
selected for comparison. Fig. 14 shows the different performance
of the two methods in the specific scenarios of turning right
and going straight. Predictions of BTCL collapse on one mode
and therefore miss the future entirely. Our method achieves
multimodal predictions and successfully covers the ground truth
trajectory. RoadDiff is able to preserve the semantic structure
of the data, allowing a highly multimodal distribution of tra-
jectories to be modeled directly and sampled accurately with
useful information learned from contextual scenarios. Hence,
the trajectories generated by RoadDiff are more referential than
BTCL and can effectively facilitate the security of autonomous
vehicle decisions.

VI. CONCLUSION

In this paper, we have proposed RoadDiff which enables the
controllable generation of multimodal trajectories by leverag-
ing beneficial information from scene-contextual heterogeneous
representations. The ROI-based training strategy and specialized
loss functions ensure stable and efficient distribution propaga-
tion during the reverse diffusion process.

CAV platooning can exploit RoadDiff to anticipate the cut-in
maneuvers or collision hazards of non-platooning vehicles in
mixed traffic flows, guaranteeing vehicle-following stability and
proactive security through lead control. In future work, we plan
to incorporate risk-sensitive reinforcement learning or safety
optimization algorithms to improve the generalizability and
robustness of models in complex or extreme traffic scenarios. In
addition, we aim to conduct online interaction and closed-loop
validation on CAVs to evaluate the practical performance of
models under real-world conditions, including communication
uncertainty, perception disturbances, and dynamic behavioral
feedback.
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