
1. Introduction

Due to the complexity of traffic scenarios, the motion of
agents is influenced not only by road geometry and traf-
fic rules but also by surrounding agents, making trajectory
prediction for autonomous vehicles exceptionally challeng-
ing. Accurate and timely trajectory prediction is crucial
for downstream decision-making and traffic planning, thus
significantly enhancing the safety of autonomous vehicles.
Recently, scholars [1, 2, 3] adopted complex network archi-
tectures to integrate heterogeneous information in differ-
ent formats, including agent historical trajectories, inter-
agent interactions, and agent-map interactions. To further
explore the features of heterogeneous information, schol-
ars [4] have proposed three different stages of integrating
heterogeneous information. Additionally, to account for
future uncertainties, recent studies [5, 6, 7] have shifted to-
wards multimodal trajectory prediction. To facilitate the
generation of multimodal trajectories, methods based on
multiple candidate agents as anchors [8, 9] and learnable
query methods [10] can generate various possible predic-
tion results.

The movement pattern of a single vehicle is typically in-
fluenced by nearby vehicles and its surrounding environ-
mental information. Social psychologists have pointed out
that individuals often imitate or follow other members of
a group [11], using them as a reference for their behavior,
which leads to the frequent occurrence of the herd effect
in vehicle movement patterns [12]. A common example is
a group of multiple vehicles, where the movement of the
vehicle group is influenced by each member, each of which
has similar movement patterns and close destinations [13],
while the group of vehicles collectively gathers surround-
ing information. Unlike individual behavior, such a group
can maintain a relatively stable formation, which is signif-
icantly helpful for predicting future trajectories [14].

To account for group relationships, some researchers [14]
have employed multi-scale hypergraph neural networks
among groups, integrating interaction intensity and types
to capture the interactions between multiple agents. Other
researchers [15] have utilized motion coherence [16] to clus-
ter target groups with similar movement trajectories and
transmit their hidden states through shared group infor-
mation in the social pooling layer. However, these meth-
ods tend to be homogeneous, disregarding the diversity
and individual differences within the group that affect
group behavior. Furthermore, they primarily focus on
pedestrian groups, overlooking the exploration of the tra-
jectories of the vehicle groups. Current methods generally
have the following issues: (1) Focusing only on individ-
ual agent feature information, repeatedly encoding and
fusing the features of a single agent to achieve interac-
tion between agents. However, this interaction is essen-
tially independent. Although these methods can implic-
itly capture relationships between individuals, they are

insufficient for the explicit representation of group behav-
ior. Learning only individual-level interactions within the
group, without encoding their group affiliations and fu-
ture paths, can lead to decreased prediction accuracy and
increased network parameters. (2) Inadequate fusion of
heterogeneous information. Single attention fusion mech-
anisms are ineffective for addressing variable map scenes
and complex interaction relationships, making accurate
and timely decision-making more difficult. Existing work
struggles to bridge the semantic gap from heterogeneous
information, thus failing to extract meaningful informa-
tion. To address these issues, we propose a trajectory pre-
diction model for autonomous vehicles based on a grouped
spatial-temporal encoder (GSTEP) building upon existing
methods, with the following contributions:

• We propose a grouped spatial-temporal encoder to si-
multaneously encode group information and spatial-
temporal features, capturing deep commonalities
among the group of vehicles. By dividing agents into
different groups, it captures interactions both within
and between groups, thereby achieving precise trajec-
tory prediction.

• We propose an internal and external synergistic per-
ception fusion module (IESP) for more comprehen-
sive information fusion. The internal and external
synergistic perception mechanism considers both in-
trinsic and extrinsic factors, better capturing the in-
teraction between agents and the environment, result-
ing in a more complete fusion mechanism and signif-
icantly improving model performance. By fully con-
sidering the relationship between agents and the envi-
ronment, it accurately predicts future vehicle trajec-
tories, avoiding potential collisions and better han-
dling various uncertainties and sudden situations.

• We evaluated the proposed method on the public
motion prediction datasets Argoverse 1 [17] and Ar-
goverse 2 [18]. Experimental results show that de-
spite its simplified design,GSTEP outperforms other
state-of-the-art methods and baseline methods. More
importantly, GSTEP achieves efficient multi-agent
trajectory prediction with fewer learnable parame-
ters without sacrificing performance, making it highly
suitable for practical application deployment. We em-
phasize that GSTEP, as a robust model, exhibits
exceptional scalability. Its streamlined architecture
facilitates the direct integration of the latest advance-
ments in the motion prediction field, thereby offering
opportunities for further performance enhancement.

2. Related Work

In the field of autonomous driving trajectory prediction,
current research primarily focuses on how to effectively ex-
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tract and integrate information from the environment and
historical trajectories to achieve accurate future trajectory
prediction. Two notable techniques among these methods
that have garnered widespread attention are context en-
coding and the attention mechanism.

2.1. Context Encoding

Driving context is typically divided into two categories:
the historical trajectories of surrounding agents and static
map information. Trajectories, represented as time se-
ries data, are commonly encoded utilizing temporal neu-
ral networks. For map features, early studies commonly
represented them as multi-channel bird’s-eye images, di-
viding different semantic elements into different channels
and then using convolutional neural networks (CNNs) for
feature fusion. Dai et al. [19] used two sets of long short-
term memory (LSTM) networks to predict the trajectory
of the target agents. One set modeled the trajectories of
surrounding agents, while the other modeled the interac-
tions between surrounding agents. Nikhil et al. [20] ar-
gued that compared to CNNs, recurrent neural networks
(RNNs) are more advantageous in trajectory prediction
because trajectories have strong spatial-temporal conti-
nuity. They employed a sequence-to-sequence structure,
using historical trajectories as input. Convolutional layers
were stacked on fully connected layers to maintain tempo-
ral continuity, and future trajectories were generated via
fully connected layers. However, rasterization methods
inevitably result in information loss and a limited field
of view. To address these issues, researchers have pro-
posed vector-based methods [21, 22], which are increas-
ingly being adopted in studies. While some methods em-
ploying RNNs and CNNs have achieved significant success
in extracting Euclidean spatial data features, the vehi-
cle trajectory prediction scenario encompasses numerous
non-Euclidean interaction relationships, which are effec-
tively addressed by graph neural networks (GNNs). Li et
al. [21] proposed a trajectory prediction model based on
graph convolutional networks (GCNs), considering each
agent at each sampling time point as a node and account-
ing for interaction factors. Subsequently, Li et al. [22] pro-
posed an improved model, using fixed and dynamic graph
networks to enhance generalization capability in complex
scenarios. Benz [23] first applied high-definition maps to
trajectory prediction and performed map topology based
on lane information associated with agents to predict their
future trajectories. However, it did not consider the inter-
action relationships between agents. Since the introduc-
tion of the Argoverse dataset [17], researchers have em-
ployed GNNs to extract interaction features among agents
and between agents and maps, thereby improving the ac-
curacy of trajectory prediction. Gao et al. [24] modeled
agents and vector maps within the scene as nodes and
introduced VectorNet, a GNN-based approach for trajec-

tory prediction. Liang et al. [25] used CNNs to extract
features of agents and GCNs to extract lane features from
vector maps, then combined these features for trajectory
prediction. However, these encoding methods overlook the
group commonality among agents, treating each agent as
an individual traffic participant. The latest research on
group commonality has made good progress in studies of
pedestrians [15, 26, 27], but due to the different dynamic
constraints and spatial-temporal characteristics of the sub-
ject, it is still difficult to apply in vehicle studies.

Group encoding is an imperative part of trajectory pre-
diction, as it captures contextual features and spatial in-
formation from the agents’ dynamic group perception rep-
resentations. One widely employed method for group en-
coding is the social grouping approach, which character-
izes the behavioral differences between agents within a
group and those belonging to other groups. Xu et al. [28]
proposed a graph network model, which used a stacked
graph convolution module to extract the global spatial-
temporal features of vehicle historical trajectory data, and
encoded the obtained graph features based on the seq2seq
network to realize the trajectory prediction of road vehi-
cles at different times in the future. Zhao et al.[29] pro-
posed a graph-based information-sharing network (GIS-
Net), which could encode the historical trajectory of ve-
hicles and share the information with the surrounding ve-
hicles. However, none of these methods distinguish the
different groups in a suitable way, nor do they have three
diverse interactions. In fact, these methods are similar
to most pedestrian trajectory prediction methods in that
only intra-group shared information exists[30]. Therefore,
we propose a grouped spatial-temporal encoder to study
the commonality of the vehicle group. By using appro-
priate grouping methods and pooling techniques, vehicles
are assigned to suitable groups while considering vehicle
differences, and the relationships between groups are ag-
gregated. At the same time, the interaction relationships
at the individual and group levels are learned, enabling
the model to capture deep commonality.

2.2. Attention Mechanism

The attention mechanism has been widely applied in se-
quential tasks. Its advantage lies in its ability to enhance
the significance of crucial data components. Recently,
Tim et al. [31] proposed a graph-structured recurrent
model for generating dynamic future trajectories. This
model represents the scene as a directed spatial-temporal
graph, intending to closely integrate with the planning
system of autonomous vehicles. The Transformer [32] has
achieved significant success in natural language processing
and computer vision, largely due to the attention mech-
anism, which examines the entire context and focuses at-
tention on important parts of the input data. Zhou et al.
[2] proposed the hierarchical vector transformer, which de-
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composes the trajectory prediction problem into local con-
text extraction and global interaction modeling to achieve
fast and accurate multi-agent motion prediction. Zhang
et al. [33] proposed a heterogeneous polyline transformer
with relative pose encoding, enabling asynchronous to-
ken updates during online inference and sharing context
among agents. Additionally, many methods [34, 35] also
adopt attention mechanisms to process agent historical
sequences or establish agent-agent and agent-map inter-
action models, achieving significant success in trajectory
prediction. However, trajectory prediction tasks typically
include data across both temporal and spatial dimensions.
Applying attention across multiple dimensions [2, 7] may
be more suitable for trajectory prediction tasks, as it en-
hances semantic consistency and reduces computational
complexity. In our work, the key component IESP mod-
ule also utilizes this approach. By employing an attention
mechanism akin to the Transformer structure, we inte-
grate features across various dimensions of instances and
update features through internal and external synergistic
perception, thereby achieving excellent performance while
reducing computational complexity.

3. Methodology

3.1. Problem Definition

The goal of trajectory prediction tasks is to generate pos-
sible future trajectories for target agents based on the ob-
served motion history of moving objects and their sur-
rounding information. Specifically, in a driving scenario
withNa moving agents, we useM to represent the map in-
formation and X = {x0, ..., xNa

} to represent the observed
trajectories of all agents. Each xi = {xi,−H+1, ..., xi,0}
represents the historical trajectory of the i -th agent across
the past H time steps. Typically, a multi-agent trajec-
tory predictor needs to generate possible future trajecto-
ries for all Na agents in the scene, which can be repre-
sented as Y = {y0, ..., yNa

}. For each agent i, K possi-
ble future trajectories and their corresponding probability
scores need to be predicted to capture the multimodal dis-
tribution. The multimodal trajectories are represented as
yi = {y1i , . . . , yKi }, where each yki = {yki,1, ..., yki,T } rep-
resents the predicted trajectory of the i -th agent over
T time steps in the k -th modal. The list of probability
scores corresponding to each modal can be represented as
αi = {α1

i , ..., α
K
i }. Therefore, the multimodal trajectory

prediction for agent i can be considered an estimation of
a mixture distribution:

P (yi|X,M) =

K∑
k=1

αki P (yki |X,M) (1)

3.2. Framework Overview

An overview of the proposed GSTEP method is presented
in Fig.1. First, we use a vectorized scene representation
to convert both map information and agent information
into vector representations. Specifically, for each seman-
tic instance (such as trajectories and lane lines), we con-
struct multiple local encoding modules to decouple in-
herent features and relative information among instances.
Subsequently, the grouped spatial-temporal encoder ex-
tracts features from agents and maps, calculates the rel-
ative poses of agents in pairs, and encodes them using a
multilayer perceptron (MLP) to obtain relative pose em-
bedding (RPE). The group encoding module is used to
capture deep group features. First, it estimates group-
ing information through a group assignment network, then
generates intra-group and inter-group graphs by masking
irrelevant nodes and using group pooling strategies to cap-
ture deep interactions of agents with collective perception.
The weights of inter-group, intra-group, and direct inter-
actions are shared and fused, then concatenated with map
information to form instance tokens. Then the instance
tokens and RPE are sent to the proposed IESP module.
With its compact and comprehensive characteristics, the
model can use dual internal and external attention to co-
operatively update and fuse features. Finally, the updated
group features are fed into a motion decoder, consistent
with the baseline, to obtain the predicted multimodal tra-
jectory results.

3.3. Grouped Spatial-Temporal Encoder

After obtaining the relative poses, map information, and
historical trajectories of the agents, we use relative pose
encoding, map encoding, and group encoding methods to
convert them into feature vectors. The first two encoders
capture the spatial-temporal information of the agents,
while the group encoder captures the group commonality
of the agents.

3.3.1 Relative Pose Encoder

Based on the use of vectorized features to represent agents,
we incorporate their relative poses to supplement the po-
sitional relationship information. Specifically, the average
motion state of agent i in the global coordinate system
over a certain period can be represented by its position
pi ∈ R2 and direction vector vi ∈ R2. According to [36],
we describe the relative pose between agent i and agent
j using three quantities: heading difference as αi→j , rela-
tive azimuth as βi→j , and Euclidean distance as ∥ di→j ∥.
To enhance numerical stability, the angles are represented
using their sine and cosine values due to their periodicity.
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Figure 1: An overview of the proposed approach. The local features of the semantic instances are processed by the
grouped spatial-temporal encoder, and the encoding results are input to the motion decoder after passing through the
internal and external synergistic perception fusion module, which ultimately generates multimodal trajectory prediction
results.

Figure 2: Schematic diagram of relative pose calculation.
A typical scenario is shown on the left. The relative po-
sition between instances i and j can be described by the
heading difference αi→j , the relative azimuth βi→j and the
position distance ∥di→j∥. All relative positions are calcu-
lated and represented as a 3D array.

We define the heading difference αi→j as:

sin(αi→j) =
vi × vj
∥vi∥∥vj∥

,

cos(αi→j) =
vi · vj

∥vi∥∥vj∥

(2)

We define the relative azimuth βi→j (the angle between
displacement vector di→j = pi − pj and direction vector
vj) as:

sin (βi→j) =
di→j × vj

∥ di→j ∥∥ vj ∥
,

cos (βi→j) =
di→j · vj

∥ di→j ∥∥ vj ∥

(3)

For simplicity, we omit the additional positional encoding
process for the distance values used in [36], making the
relative spatial-temporal information a 5-dimensional vec-
tor ri→j = [sin (αi→j), cos (αi→j), sin (βi→j), cos (βi→j),

∥di→j∥]. Therefore, given a scene containingN = Na+Nm

semantic elements, where Na is the number of participants
and Nm is the number of map elements. The resulting rel-
ative pose information is an array with the shape of [N,
N, 5], where ri→j is located at the j -th row and i -th col-
umn. Note that both temporal and spatial computations
are involved in this encoding process, i.e. the process in-
corporates spatial-temporal information. An illustration
of relative pose calculation is shown in Fig. 2.

3.3.2 Group Encoder

As shown in Fig.3, in the group encoding module, we first
estimate grouping information using a group assignment
module, then generate intra-group/inter-group graphs by
masking irrelevant nodes and performing agent group
pooling to capture socially aware interactions. Next, the
graphs are fed into the target encoding module, the ob-
tained inter-group/intra-group/direct interaction weights
are shared, and inter-group features are unpooled and in-
put into the group fusion module along with intra-group
and direct interaction features. Finally, the output from
the group fusion module is transmitted to the subsequent
perception module to facilitate the comprehension of ad-
ditional diverse information.

Group Assignment Module. In trajectory prediction,
each node needs to retain its original identity index in-
formation and describe the dynamic attributes of group
behavior in the scene, so that the original identity infor-
mation can be restored in subsequent steps. We intro-
duce both Euclidean distance and velocity direction into
the grouping rules to enable the model to consider the
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Figure 3: Schematic diagram of group encoding. Group commonality is captured through a triad of inter-group/intra-
group/direct interaction.

effects of both speed and distance on grouping. Our re-
search found that a group assignment module is needed
to estimate the grouping information of the agents. It is
known that distance information, speed difference infor-
mation, and directional angle information between agents
can all play a significant role in grouping. Therefore, we
use each agent’s historical trajectory, Euclidean distance,
and speed to calculate the feature similarity between all
pairs of agents. Based on the obtained similarity, all po-
tential group members belonging to the same group can
be selected. The pairwise distance matrix D and a set of
group member indices P are defined as:

Dij =∥ Fφ(XiVi)− Fφ(XjVj) ∥ for i, j ∈ [1, 2, ..., N ],

P = {pair(i, j) | i, j ∈ [1, 2, ..., N ], i ̸= j,Dij ≤ π}
(4)

Where Fφ is a learnable convolutional layer used to learn
deep group features. X and V represent the agent’s his-
torical position information and velocity direction infor-
mation, respectively. π is a learnable threshold parameter.
pair(·,·) represents agent pairs that may be in the same
group.

Specifically, we calculate the mutual distance between each
pair of agents to obtain the distance matrix Dmatrix and
the calculated velocity similarity matrix Vmatrix. The fea-
ture similarity matrix is defined as: Fmatrix = Dmatrix ·
(1 − Vmatrix), where Vmatrix is calculated based on the
cosine similarity between the velocities of the agents. We
provide the cosine similarity formula:

cosϑ =
A ·B

||A|| · ||B|| (5)

Where A and B represent the velocity vectors of different
agents, respectively. According to the cosine similarity
formula, both the magnitude and direction of the veloci-
ties determine the cosine similarity. In other words, the

more similar the velocities of the agents, the larger the
result value, closer to 1. From the matrix representing the
Euclidean distance between agent pairs, it can be inferred
that the closer the agents are, the smaller the result value,
closer to 0. To measure consistency, we use(1 − Vmatrix)
as a determining parameter. After obtaining the feature
similarity matrix Fmatrix, a group is formed based on the
lower value of the two-agent pair. Then, the group index
set can be constructed based on the relationships between
the members, where k is the k -th group, and is the union
of each pair (i,j ). There are no overlapping members be-
tween each group. The indices of all members in group G
are defined as:

G = {Gk | Gk =
⋃

(i,j)∈P

{i, j},

Ga ∩Gb = ∅ for a ̸= b}
(6)

In extreme cases, when all agents have similar speeds and
distances, they are usually grouped together. In fact, in
such an extreme grouping situation the intra-group inter-
action and direct interaction will still work, and the rest
of the model will function normally and ultimately be able
to effectively make predictions.

Group Pooling and Group Unpooling. To achieve an
efficient and accurate agent trajectory prediction model,
we use GNNs for modeling. In our model, each graph
node must retain its identity index information to ensure
that no unnecessary nodes are introduced or redundan-
cies are removed. Zhu et al. [37] discuss the impact of
aggressive driving behavior on traffic flow and surround-
ing vehicles, pointing out that vehicles with high speeds
and frequent lane changes affect the vehicles around them,
causing them to increase speeds as well. According to our
observations, there must be certain factors within a group
that generate different weights, enabling more reasonable
aggregation. Just like in a team, there must be one or
more leaders who contribute significantly to the team, and
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through the behavior of these leaders, the behavior of the
entire group can be better reflected [38]. Therefore, we in-
fer that the weights of these determining factors should be
emphasized during group aggregation. As shown in Fig.4,
the stronger the determining factors of different agents,
the greater their weights, and the more they influence the
group’s actions.

Figure 4: Schematic representation of pooling types (left:
average of pooling, right: attention pooling according to
determinants). Different colors represent different agents,
the weight is indicated by the radius of the circle below
the agents, and the determinant factor is indicated by the
dotted line below the agents.

To achieve this, we propose group pooling and unpooling
methods for agent graphs. Based on the group behav-
ior properties of collecting surrounding information and
sharing behavior patterns among group members, we first
group the agent nodes and aggregate the features of the
corresponding nodes into one node based on the attention
weights. Then, the group features processed by the tar-
get encoding module are stacked for the subsequent group
fusion module. Through group pooling, the most repre-
sentative features of each agent node are selected, with
the speed of the group members determining their influ-
ence. If a member has a higher speed, its influence on
the group is greater, and the assigned weight is corre-
spondingly larger. With this feature, we can model the
re-grouped graph structure, which has fewer nodes than
before. The clustered trajectory feature Z is defined as:

Z = {Zk | k ∈ [1, 2, . . . ,K]}, Zk = Wk

∑
i∈Gk

Xi (7)

Where K is the total number of groups, and W is the at-
tention weight. Next, unpooling operations are needed to
reconstruct the grouped graph structure back to its origi-
nal size. This allows each agent trajectory to be predicted
using the deep feature information of the fused output.
Considering that the convolution process on zero vector
nodes cannot display group attributes [39], we choose to
copy the group features and assign them to all relevant
group member nodes to ensure they have the same group
behavior information. The unpooling of vehicle groups
can be expressed as:

X =
{
Xn | n ∈ [1, 2, . . . , N ]

}
,

Xn = Zk where n ∈ Gk

(8)

Our initial motivation for replicating group features and
assigning them to all group members is to capture the
collective characteristics and patterns of the group as a
whole. This is done to simplify the representation of the
group and to improve the model’s ability to understand
and process group-related information.

Target Encoding Module. To maintain the simplic-
ity of GSTEP, we use a 1D CNN-based network [25] as
our target encoding module to process historical trajec-
tories. The target encoding module encodes the intra-
group/inter-group/direct interaction features and outputs
them to the group fusion module. The target encoding
module is a combination of 1D CNN and Feature Pyramid
Network (FPN). The 1D CNN processes the trajectories,
extracts multi-scale features and improves the efficiency of
parallel computation, and then the feature pyramid net-
work fuses the multi-scale features for output.

Group Fusion Module. We incorporate interactions be-
tween agents as a form of group-level interaction into the
constructed target encoding module. By providing three
different types of graph structure data (intra-group/inter-
group/direct) to the same encoding module, rich features
are extracted. The vehicle graph is defined as Gveh =
(Vveh, Eveh), consisting of a set of agent nodes Vveh =
{Xn | n ∈ [1, 2, . . . , N ]} and the corresponding edges
Eveh = {ei,j | i, j ∈ [1, 2, . . . , N ]. The intra-group in-
teraction graph is defined as Gmember = (Vveh, Emember),
consisting of a set of agent nodes Vveh and the pair-
wise interaction edges Emember of the group members.
Emember = {ei,j | i, j ∈ [1, 2, . . . , N ], {i, j} ⊂ Gk, k ∈
[1, 2, . . . , N ]}. Through this graph representation, agent
nodes can learn the norms of internal collision avoidance
and following among group members while maintaining
their own formation and direction. Interactions between
groups are equally important for learning norms between
groups. We define the inter-group interaction graph as
Ggroup = (Vgroup, Egroup). The nodes represent the fea-
tures of each group as Vgroup = {Xk|k ∈ [1, 2, . . . ,K]},
and the edges represent the interactions between groups
as Egroup = {ep,q | p, q ∈ [1, 2, . . . ,K]}.
Weights are shared to reduce the number of parameters.
Subsequently, the output features are aggregated, and the
group fusion features generated by the group fusion mod-
ule Fψ are denoted as Ŷ , represented as:

Ŷ = Fψ( Fθ(X,Gveh)︸ ︷︷ ︸
Direct interaction

,

Fθ(X,Gmember)︸ ︷︷ ︸
Intra-group interaction

,

Fθ(X,Ggroup)︸ ︷︷ ︸
Inter-group interaction

)

(9)

Where Fψ and Fθ are learnable parameters, randomly ini-
tialized at the beginning of the experiment.

6



3.3.3 Map Encoder

To maintain the simplicity of GSTEP, we use a PointNet-
based encoder [24] as our map encoding module to extract
static map features.

Map encoder encodes map data by representing road el-
ements as polylines, where each polyline consists of a se-
quence of vectorized segments. These segments are mod-
eled as local subgraphs, capturing intra-polyline spatial
relationships. A global graph is then constructed by con-
necting local subgraphs, allowing for the modeling of inter-
polyline interactions, such as intersections and lane con-
nections. The encoding process leverages a hierarchical
graph neural network that first aggregates node features
within each local subgraph and subsequently aggregates
across the global graph, enabling efficient extraction of
both local and global map features.

In general, we let all potential features have D chan-
nels. Therefore, the generated agent and map tokens have
shapes [Na, D ] and [Nm, D ]. Additionally, relative poses
are further encoded by an MLP to obtain RPE with shape
[N, N, D ].

3.4. Internal and External Synergistic Perception
Fusion Module

Once the instance tokens and corresponding RPE are ob-
tained, we use the proposed IESP module to collabora-
tively update the instance tokens both internally and ex-
ternally. Fig.5 shows the overall structure of the proposed
IESP module, which consists of multiple stacked IESP lay-
ers, similar to a standard Transformer [32]. Essentially,
the driving scene can be considered a complete digital
graph with self-loops, where the features centered on the
input instances are the nodes, and the RPE describes the
related edge information. During the update process, node
features are only influenced by edges related to the target
node. At the microscopic level, the tokens of the i -th
and j -th instances are denoted as fi and fj , respectively.
The RPE vector associated with the edge from fi to fj
is designated as r

′

i→j to contain all the information to be
propagated from node i to node j. Therefore, a simple
MLP can be used to encode these features (fi, fj , r

′
i→j)

and obtain the i -th contextual feature vector of node j :

ci→j = ϕ
(
fi ⊕ fj ⊕ r

′

i→j

)
(10)

Where ⊕ denotes the concatenation operator, and ϕ :
R3D → RD represents the MLP, consisting of linear layers,
layer normalization, and ReLU activation. Then cross-
attention is performed on the target node and its context:

f ′
j = MHA(Query: fj ,Key: Cj ,Value: Cj) (11)

MHA(·, ·, ·) is the standard multi-head attention function,
and Cj = {ci→j}i∈{1,...,N} is the set of contextual feature
vectors for node j. Note that Cj also includes ci→j , in-
dicating that each node has a self-loop. Similar to the
standard Transformer, a point-wise feed-forward layer is
integrated after the attention mechanism. Additionally,
in each layer, we update the RPE in two ways simultane-
ously: first, through self-updating with extrinsic attention
r
′

i→j , and second, by re-encoding the contextual feature

vector with another MLP to update r
′

i→j .

It should be noted that RPE corresponds to the instance
tokens. As the instance tokens undergo a series of updates,
the RPE needs to be updated both intrinsically and ex-
trinsically to match the latest tokens. This allows RPE
to not only focus on the state and behavior of the vehicle
itself but also on changes in the surrounding environment,
such as other vehicles and traffic maps. Therefore, we
further enhance RPE through external attention to fea-
ture learning. Specifically, the RPE implicitly learns the
connections between samples through two memory units
(Mk and Mv). External attention[40] is characterized by
simplicity and low complexity compared to the standard
self-attention, and is suitable for calculating attention at
different locations on the same sample. This characteristic
makes it suitable for use in efficient models. The structure
of external attention is shown in Fig.6.

First, given the input instance tokens as F ∈ RN×D, we
unfold and replicate them N times along different dimen-
sions to establish source arrays and target arrays, both
shaped [N,N,D ]. By concatenating the source array, tar-
get array, and corresponding RPE, we obtain a tuple ar-
ray and then apply ϕ to get the contextual feature array
C ∈ RN×N×D. Note that the j -th row of C is exactly Cj
, representing the set of contextual features centered on
token j. Thus, C is used as the key and value, while the
expanded F ∈ RN×1×D is used as the query. Then, the
standard multi-head attention module transfers informa-
tion from the contextual features to the instance tokens.
Other components of the IESP layer are also vectorized,
but we will not delve into the details due to their sim-
plicity. It is noteworthy that our proposed IESP layer is
similar to recent “query-centric” methods [7, 41], but we
have incorporated attention and RPE updates, making the
design more comprehensive and detailed.

3.5. Motion Decoder

After the internal and external synergetic perception mod-
ules, the model collects instance tokens to feed into the
multimodal motion decoder, which generates predictions
for all agents. We predict a total of k future trajectories,
and for each mode a simple MLP is applied, which has
a trajectory regression header and a classification header,
which is followed by a softmax function to compute the
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Figure 5: Illustration of the proposed IESP module with L layers. RPE and tokens are updated at each IESP layer.

Figure 6: Schematic diagram of the structure of external
attention. RPE will learn implicit features through two
memory units.

corresponding probability scores.

It is worth noting that in the regression header, we chose to
use a continuous parameterized representation, introduc-
ing Bernstein basis polynomials (Bezier curves) for better
convergence.

In practice, a simple MLP is used to perform the mapping
of the regression head and we can calculate the coordinates
of the predicted trajectory positions.

4. Experiments

4.0.1 Quantitative Analysis

4.1. Experimental Setup

Datasets. We evaluated the proposed method on the
Argoverse 1 and Argoverse 2 motion forecasting datasets.
The Argoverse 1 contains 205942, 39472, and 78143 se-
quences for training, validation, and testing, respectively.
Each sequence is sampled at 10Hz, and the task is to pre-
dict future 3-second motion trajectories based on 2 sec-
onds of historical observations (i.e., H=20, T=30). The

Argoverse 2 contains 200000, 25000, and 25000 sequences
for training, validation, and testing. The sequences are
also sampled at 10Hz, and the task is to predict future 6-
second motion trajectories based on 5 seconds of historical
observations (i.e., H=50, T=60). Both datasets provide
high-definition maps.

Evaluation Metrics. We use standard metrics com-
monly used in multimodal trajectory prediction, includ-
ing minimum average displacement error (minADEk),
minimum final displacement error (minFDEk), miss rate
(MRk), and brier-minFDEk. All these metrics evalu-
ate the best predicted trajectory of a single target agent
among k hypotheses against the ground truth. The
minADEk is the average Euclidean distance between
the predicted trajectory and the ground truth, while
minFDEk only considers the error at the predicted end-
point. MRk is the percentage of sequences with a pre-
diction error greater than 2 meters under the minFDEk
metric. Brier-minFDEk adds an additional Brier score
(1 − p)2 to minFDEk, where p represents the probability
of the best predicted trajectory. For detailed definitions,
refer to [17].

Implementation Details. The overall loss function is
consistent with the baseline and consists of a regression
loss function as well as a classification loss function, re-
spectively. The regression task handles multimodal pre-
dictions according to the winner-take-all rule. For each
agent, the best prediction among the k predictions is based
on the one with minimum final displacement error. The
maximum marginal loss is used in the classification task to
make a distinction. We set all potential vector dimensions
to D = 128 and the number of fusion layers to L = 4. For
the multimodal decoder, we set the number of modes to
k = 6, following the common setups. GSTEP was trained
end-to-end on a single Nvidia RTX 3090 GPU server with
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Table 1: Comparison of experimental results for different models on the test split on the Argoverse 1 motion forecasting
dataset. (The best result is in bold while the second best result is underlined .)

Method minADEk minFDEk MRk b-minFDEk Param
AutoBot[42] 0.89 1.41 - - 1.5M
LaneGCN[25] 0.87 1.36 0.162 2.05 3.7M
mmTrans[43] 0.84 1.34 0.154 2.03 2.6M
D-TNT[44] 0.88 1.28 0.126 1.98 1.1M
THOMAS[45] 0.94 1.44 0.100 1.97 -
TPCN[46] 0.82 1.24 0.133 1.93 -
SceneTrans[47] 0.80 1.23 1.126 1.89 15.3M
HiVT[2] 0.77 1.17 0.127 1.84 2.5M
GANet[48] 0.81 1.16 0.118 1.79 -
HPNet[49] 0.76 1.10 0.107 1.74 -
LTP[5] 0.83 1.30 0.155 1.86 1.1M
ADAPT[49] 0.80 1.18 - 1.82 1.4M
SIMPL[41] 0.79 1.18 0.123 1.81 1.8M
GSTEP(ours) 0.65 0.97 0.084 1.60 1.9M

Table 2: Comparison of experimental results for different models on the test split on the Argoverse 2 motion forecasting
dataset.

Method minADEk minFDEk MRk b-minFDEk Param
HDGT[50] 0.84 1.60 0.214 2.24 12.1M
GoReal[36] 0.76 1.48 0.220 2.01 -
QCNet[7] 0.65 1.29 0.160 1.91 7.3M
SIMPL[41] 0.72 1.43 0.192 2.05 1.9M
GSTEP(ours) 0.67 1.35 0.180 1.95 2.0M

a batch size of 8 for 30 epochs. The Adam optimizer was
used with an initial learning rate of 1e-3, which gradually
decreased to 1e-4 after 20 epochs.

4.2. Experimental Analysis

As shown in Table 1, GSTEP is compared with state-of-
the-art models on the Argoverse 1 motion dataset, and
GSTEP achieves highly competitive results among all
listed methods. We select models such as LaneGCN which
is a graph convolutional networks (GCNs) variant, and
GANet which is a generative adversarial networks (GANs)
variant. These models are chosen as they represent com-
mon and well-established approaches in the field of deep
learning for trajectory prediction. Notably, SceneTrans-
former [47] has a larger model size but performs worse,
indicating a higher demand for data and a lack of general-
ity. HiVT [2] explicitly considers relative pose during fea-
ture fusion, while GSTEP has a simpler design and better
performance. The LTP [5] model is smaller and has fewer
parameters, making it difficult to handle slightly complex
interactions, resulting in relatively poorer performance.
ADAPT [49] uses dynamic weight learning similar to our
group encoding concept, but its experimental results are
slightly inferior to GSTEP. Although GSTEP does not
have the fewest parameters, it achieves the best perfor-

mance within the limited parameters. The experimental
results on the Argoverse 2 motion dataset are shown in
Table 2. Compared to the baseline SIMPL [41], GSTEP
only adds 0.1M parameters but achieves significant im-
provements in both ADE and FDE evaluation metrics.
The evaluation results of inference latency are depicted
in Fig.7. All experiments are conducted using the origi-
nal PyTorch implementation on the same GPU. In Fig.7,
with the benefit of the small number of parameters and
concise model design, the inference latency of GSTEP is
superior to HiVT[2] and LaneGCN[25]. With the same ac-
celeration, GSTEP achieves high-speed inference capabil-
ity, which is expected to be followed by further real-world
applications. Overall, GSTEP achieves the desired results
with fewer parameters by effectively extracting deep com-
mon features of agent groups and employing an attention
fusion mechanism, successfully generating multiple agent
trajectories that follow specific scene constraints in com-
plex scenarios. GSTEP is designed in a modular and hier-
archical manner. A key aspect that promotes its potential
scalability is its relatively small number of parameters. A
smaller number of parameters means that the model re-
quires less computational resources and memory during
training and inference.
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Table 3: Ablation studies for each module. Both group encoder (GE) and the IESP module enhance model performance.

GE IESP minADEk minFDEk MRk b-minFDEk Param
0.793 1.179 0.123 1.809 1.8M√
0.688 1.017 0.095 1.624 1.9M√
0.695 1.055 0.102 1.688 1.8M√ √
0.654 0.973 0.084 1.602 1.9M

Figure 7: Evaluation results of the average inference la-
tency of different methods on the Argoverse 1 dataset in
relation to the number of target agents.

Table 4: Ablation studies of the IESP module design on
the Argoverse 1 test split. D and L represent the potential
vector dimension and the number of IESP layers, respec-
tively.

Model D L minADEk minFDEk MRk
M1 64 2 0.70 1.08 0.105
M2 128 4 0.65 0.97 0.084
M3 128 6 0.64 0.96 0.080
M4 256 4 0.62 0.95 0.085

Table 5: Ablation studies with group assignment modules.

Method minADEk minFDEk MRk b-minFDEk
- 0.793 1.179 0.123 1.809

0.5d+0.5c 0.721 1.082 0.104 1.681
d 0.695 1.035 0.097 1.641
c 0.714 1.090 0.122 1.670

d*c 0.688 1.017 0.095 1.624

Table 6: Ablation studies for group pooling.

Method minADEk minFDEk MRk b-minFDEk
Attention 0.688 1.006 0.092 1.616
Average 0.688 1.017 0.095 1.624

4.2.1 Qualitative Analysis

The qualitative results on the Argoverse 1 dataset are
shown in Fig.8. GSTEP can simultaneously predict re-
alistic, reasonable, and accurate multimodal future tra-
jectories for multiple agents in the complex scene. This
excellent performance is due to GSTEP’s ability to delin-
eate appropriate groups within the traffic flow. As shown
in the second row of Fig.8, by grouping similar agents, our
GSTEP can capture the relationships and interactions be-
tween group members. By encoding group features and
leveraging both internal and external synergistic percep-
tion, the proposed GSTEP method improves prediction
accuracy and ensures a clear estimation of the overall di-
rection of group members’ actions. This manifestation
of the model’s decision-making ability and effectiveness
demonstrates the advantages of our GSTEP in vehicle
trajectory prediction tasks. Through reasonable decision-
making and accurate predictions, our GSTEP can better
simulate and understand vehicle behavior, providing use-
ful information and guidance for practical applications.

4.2.2 Ablation Study

To test the effectiveness of the proposed approach, we con-
ducted ablation studies on each of the proposed innova-
tions, as shown in Table 3. It is noteworthy that both
group encoder (GE) and the IESP module enhance model
performance. The overall model performance improved af-
ter adding group encoding, which forms intra-group and
inter-group interactions, demonstrating that group encod-
ing can indeed capture deep commonalities among agents.
We found that the experimental results further improved
to the best level when the IESP module was added, indi-
cating that the IESP module can better fuse and update
data through dual attention mechanisms.

As shown in the Table 4, we found that GSTEP achieves
better performance in all metrics (M1→M4) as the poten-
tial vector dimension and the number of IESP layers in-
creased. However, at the cost of a large number of param-
eter increases, the prediction accuracy was only slightly
improved, which was not desirable in real-time applica-
tions (M2→M3,M2→M4). We therefore chose M2 as the
parameter configuration for our experiments.

Additionally, to further verify the effectiveness of group
encoding, ablation studies were also conducted on the
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Figure 8: Visualization of qualitative results and corresponding group relationships for the Argoverse 1. (First row)
The target agents are shown in red, while other agents of interest are shown in blue. Ground truth endpoints are
denoted by asterisks and predicted trajectories are denoted by dashed lines. For conciseness, we omit the motion
results for the ignored agent (gray). (Second row) Different agents are represented by different colors, arrows refer to
the direction of movement, and group relationships are circled in gray.

grouping module and group pooling. As shown in Table 5,
experiments were conducted on the impact of different re-
lationships between the distance matrix Dmatrix and the
velocity similarity matrix Vmatrix in the feature similar-
ity matrix Fmatrix on model performance, where d and c
represent Dmatrix and (1-Vmatrix), respectively. The ex-
periments revealed that the combined case of d*c achieved
the best performance. Comparing this with experiments
using only d or c, it can be concluded that using a single
determining parameter alone cannot achieve appropriate
grouping results and thus cannot reach the desired exper-
imental outcomes. These experiments demonstrate that
distance is an important factor for group assignment, but
the direction of velocity is also indispensable.

In group pooling, determining factors were chosen to re-
flect the weight of agents in group pooling. To verify the
effectiveness of these determining factors, a comparison
was made with average pooling, which has no weight dif-
ferences. As shown in Table 6, it was found that using at-
tention for pooling improves group performance compared
to average pooling. Overall, the experiments demonstrate
the effectiveness of determining factors.

5. Conclusion

In this paper, we present a trajectory prediction model
based on a grouped spatial-temporal encoder. To explore

the deep commonalities among traffic participants, the
GSTEP model groups and pools the features of all traffic
participants, capturing and integrating group commonal-
ities to obtain deep features. To maintain synchronized
fusion and updating of RPE with relevant features, we
propose a compact and efficient internal-external collabo-
rative perception fusion module, achieving comprehensive
and efficient global feature fusion, thus improving model
accuracy. Experimental results on the large-scale pub-
lic dataset Argoverse 1&2 show that the GSTEP achieves
competitive results in terms of model size and accuracy.
In the future, we will further investigate the prediction
challenges of interactions between pedestrian groups and
vehicle groups.
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