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Abstract

Predicting the future motion of dynamic agents is of
paramount importance to ensuring safety and assessing
risks in motion planning for autonomous robots. In this
study, we propose a two-stage motion prediction method,
called R-Pred, designed to effectively utilize both scene and
interaction context using a cascade of the initial trajectory
proposal and trajectory refinement networks. The initial
trajectory proposal network produces M trajectory propos-
als corresponding to the M modes of the future trajectory
distribution. The trajectory refinement network enhances
each of the M proposals using 1) tube-query scene attention
(TQSA) and 2) proposal-level interaction attention (PIA)
mechanisms. TQSA uses tube-queries to aggregate local
scene context features pooled from proximity around trajec-
tory proposals of interest. PIA further enhances the trajec-
tory proposals by modeling inter-agent interactions using
a group of trajectory proposals selected by their distances
from neighboring agents. Our experiments conducted on
Argoverse and nuScenes datasets demonstrate that the pro-
posed refinement network provides significant performance
improvements compared to the single-stage baseline and
that R-Pred achieves state-of-the-art performance in some
categories of the benchmarks.

1. Introduction

In autonomous vehicles and robotics applications, dy-
namic objects move in complex environments while avoid-
ing collisions with other agents. Each dynamic agent plans
its motion by predicting the future motion and behavior of
other agents around it. Motion prediction refers to the task
of predicting the future trajectory of dynamic agents based
on their historical trajectories and information on the sur-
rounding environment. The task of predicting motion is
challenging because the trajectory of an agent is affected
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Figure 1. Key concept of R-Pred. R-Pred performs two stages
of trajectory prediction. ITPNet produces M trajectory proposals
with the corresponding proposal features and TRNet refines each
trajectory proposal using separate networks. ITPNet uses a scene
context acquired from a relatively large area, whereas TRNet uses
a local scene context that exists in a tube-shaped area. TRNet
also refines the trajectory proposal using an inter-agent interaction
context represented at a proposal level.

by a variety of contextual factors, which must be taken
into account when modeling motion. In the context of au-
tonomous vehicles, examples of such factors include per-
missible roads, lanes, traffic signals, blinker states, interac-
tions with other agents, and so forth. The difficulty of pre-
dicting future motion also arises from the fact that the dis-
tribution of future trajectories tends to be multi-modal. In
a given scene, a target agent can choose one of several dis-
tinct maneuvers such as changing lanes, turning left, turning
right, or continuing straight ahead. Accordingly, prediction
models should be able to generate one or more plausible
future trajectories with probabilities.

Recently, deep neural networks have been developed as
a new paradigm in trajectory prediction, and have achieved



considerable improvements in performance compared to
traditional prediction models through data-driven model-
ing of trajectory data. Sequence modeling networks such
as long short term memory (LSTM) [23] or gated recur-
rent unit (GRU) [6] architectures have been shown to be
effective in representing sequential trajectory data [25, 26].
Trajectory prediction task has been successfully performed
using encoder-decoder architectures [35, 53, 29, 30, 16,
19, 45, 55, 43, 32, 26, 15, 17, 10, 8, 20, 24, 40, 28, 36].
Recently, the accuracy of trajectory prediction has been
rapidly improved by utilizing various sources of contextual
information available for prediction. Numerous methods
have jointly modeled the trajectories of multiple neighbor-
ing agents to account for their interactions, including social-
LSTM [1], soft hardwired attention [12], social GAN [20],
MATF [54], Trajectron [24, 40], DESIRE [28], DATF [36],
and SoPhie [39]. Static scene information around the target
agent was also used to generate more physically plausible
trajectories. A scene was represented by a two-dimensional
raster image that describes the scene [ 1, 4, 7, 32, 37, 52].
A vector representation of the scene was also proposed for
scene encoding [13, 29, 53, 19, 55, 26, 16, 34, 30, 10, 45,
47, 48]. Recently, Transformer models [44] have been used
to model the scene and interaction context using the atten-
tion mechanism [30, 34, 55, 33, 45, 50].

In this paper, we propose a new two-stage motion predic-
tion framework, referred to as R-Pred. As shown in Fig. 1,
the proposed R-Pred architecture consists of two-stage net-
works: an initial trajectory proposal network (ITPNet) and
a trajectory refinement network (TRNet). The ITPNet pro-
duces M initial trajectory proposals corresponding to the
M modes of the trajectory distribution for a target agent.
TRNet then refines each trajectory proposal using the con-
texts customized for each proposal. Using the initial trajec-
tory proposals as a priori information, TRNet can utilize the
scene and interaction contexts in more selective and effec-
tive ways.

TRNet employs the following two refinement sub-
modules. First, we present tube-query scene attention
(TQSA) to utilize the local scene context effectively. Un-
like ITPNet, which uses a global scene context, TQSA ex-
tracts local scene context features within a tube-shaped re-
gion around each trajectory proposal. (See Fig. 1 for illus-
tration). Then, the extracted scene context features are used
to enhance the corresponding trajectory proposal through
cross-attention mechanism. TQSA allows the important
scene context to be used to improve each M trajectory pro-
posal. Second, we propose the proposal-level interaction
attention (PIA) mechanism. PIA models inter-agent inter-
actions using the trajectory proposals produced for multiple
neighboring agents by ITPNet. PIA selects a group of tra-
jectory proposals that have the highest influence on the tra-
jectory proposal of interest using the distance-wise proposal

grouping strategy. The proposal group is used to refine the
trajectory of interest through cross-attention.

In fact, our per-proposal refinement strategy is motivated
by two-stage object detectors (e.g., Faster RCNN [38]),
where the initial object proposals are first obtained from
the entire convolutional neural network (CNN) features and
then local features in the region of interest (Rol) are pooled
to refine each object proposal [18, 38, 21]. Similarly, R-
Pred generates the context features based on the initial tra-
jectory proposals produced by I'TPNet and uses them to re-
fine each proposal.

By combining these two sub-modules, R-Pred can gen-
erate refined trajectory outputs. We evaluated the pro-
posed approach using the widely adopted Argoverse [5] and
nuScenes [3] datasets. The results demonstrate that the pro-
posed refinement network significantly improved the accu-
racy of ITPNet baseline. The results also show that R-Pred
achieves the state-of-the-art performance in some categories
of official Argoverse and nuScenes leaderboards.

The main contributions are summarized as follows:

* We propose a novel trajectory refinement network that
refines each of M trajectory proposals using the local
scene context and the proposal-level inter-agent inter-
actions. The per-proposal refinement strategy effec-
tively improves the trajectory predictions obtained by
the first-stage network.

* We introduce the concept of global-to-local hierarchi-
cal attention to effectively utilize the scene context.
Our refinement network uses a tube-query to gather
the scene context from the local region around the pro-
posal trajectory. The proposed global-to-local hierar-
chical attention mechanism is contrasted with factor-
ized attention [34, 33], which iterates attention over
different sources of context.

* We use trajectory proposals of neighboring agents to
model interactions between agents. Using the trajec-
tory proposal features reflecting particular intentions
of other agents, PIA can better model inter-agent inter-
actions than the conventional interaction modeling that
uses the past trajectory features only.

¢ R-Pred can use any off-the-shelf single-stage trajectory
prediction network as the initial trajectory proposal
network. That is, the proposed refinement framework
can also be readily applied to any trajectory prediction
network available.

* The source code used in this work will be released pub-
licly.






























