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Abstract—In autonomous driving, an accurate understand-
ing of environment, e.g., the vehicle-to-vehicle and vehicle-to-
lane interactions, plays a critical role in many driving tasks
such as trajectory prediction and motion planning. Environ-
ment information comes from high-definition (HD) map and
historical trajectories of vehicles. Due to the heterogeneity of
the map data and trajectory data, many data-driven models
for trajectory prediction and motion planning extract vehicle-
to-vehicle and vehicle-to-lane interactions in a separate and
sequential manner. However, such a manner may capture biased
interpretation of interactions, causing lower prediction and
planning accuracy. Moreover, separate extraction leads to a
complicated model structure and hence the overall efficiency
and scalability are sacrificed. To address the above issues, we
propose an environment representation, Temporal Occupancy
Flow Graph (TOFG). Specifically, the occupancy flow-based
representation unifies the map information and vehicle trajec-
tories into a homogeneous data format and enables a consistent
prediction. The temporal dependencies among vehicles can help
capture the change of occupancy flow timely to further promote
model performance. To demonstrate that TOFG is capable of
simplifying the model architecture, we incorporate TOFG with
a simple graph attention (GAT) based neural network and
propose TOFG-GAT, which can be used for both trajectory
prediction and motion planning. Experiment results show that
TOFG-GAT achieves better or competitive performance than
all the SOTA baselines with less training time.

I. INTRODUCTION

Autonomous driving has gained rapid development in
recent years. In a typical autonomous driving system, there
are three indispensable modules [1], [2], i.e., perception,
planning, and control modules. The planning module con-
tains two major tasks, namely, trajectory prediction of sur-
rounding vehicles and motion planning of the ego vehicle.
Both trajectory prediction and motion planning take the HD
map and historical trajectories of vehicles as the environment
inputs. Such two types of data are necessary to capture inter-
actions among vehicles and lanes, which largely determine
the performance of the aforementioned tasks [3]-[5].

Given the great capability of capturing relations among
agents, Graph Neural Network (GNN) [6] based models
have been widely used for trajectory prediction [7]-[10]
and motion planning tasks [11]-[13]. Most of the GNN-
based models adopt attention mechanisms [14] to capture
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the interactions among agents, which helps improve the
model performance. There are two main types of interaction
that are commonly considered in the literature, namely,
vehicle-to-vehicle interactions [15]-[18] and vehicle-to-lane
interactions [19]-[21]. These two types of interactions are
extracted from the sequential historical trajectories and the
graph structured HD map. In the literature, different attention
layers are designed manually to represent different types of
interactions [13], [22]. The manually designed attention order
deems to have some impact on the output of the model since
different directions and orders of data flow lead to different
results. Such approaches create the following issues.

« Firstly, it is hard to design a one-size-fits-all attention
order manually, which can work well in all driving
scenarios.

o Secondly, designing dedicated attention layers for every
type of interactions results in a complex network archi-
tecture, which decreases the computation efficiency and
sacrifices the scalability of the model.

o Thirdly, due to the already complex attention mecha-
nism design, most current GNN models adopt a coarse-
grained map structure to simplify the graph for easy
training. However, such a manner may lead to the loss of
attention in some regions and further cause the decrease
of the overall model performance.

To address the above issues, both vehicle-to-vehicle and
vehicle-to-lane interactions need to be captured with fine-
grained map information simultaneously. To this end, a
unified and fine-grained representation that expresses the
HD map and the trajectory of surrounding vehicles in an
isomorphic way is urged to be explored.

The recently proposed Occupancy Flow Field (OFF) [23]
is a potential solution that has been utilized to provide
a unified representation of the environment for predicting
traffic from a macroscopic view. OFF, however, neglects the
microscopic interaction and trajectory of a single vehicle. In
this paper, we adopt and adapt OFF to construct a Tempo-
ral Occupancy Flow Graph (TOFG) representation that
unifies the HD map information and historical trajectories
of vehicles in an isomorphic data format. Specifically, the
information of lanes, vehicles, and other road information
are represented as nodes in the TOFG. Spatial and temporal
edges are then created among them to simultaneously capture
the vehicle-to-vehicle and vehicle-to-lane interactions in a
consistent manner for more accurate prediction results. Such
a unified representation can simplify the GNN structure and
further help to improve computation efficiency and scalabil-

1565



ity. Moreover, the simplification of TOFG also leaves room to
enable a fine-grained map structure. Our main contributions
are summarized as follows:

o We propose TOFG to completely characterize the het-
erogeneous environment in a unified way and simul-
taneously capture vehicle-to-vehicle and vehicle-to-lane
interactions. Both the historical trajectories of surround-
ing vehicles and the HD maps are encoded with fine-
grained representations to include the temporal and spa-
tial environment information effectively and efficiently.

e We apply a simple Graph Attention (GAT) based neu-
ral network with TOFG, referred to as TOFG-GAT,
to showcase that our proposed TOFG is capable of
simplifying the model architecture without sacrificing
performance. Specifically, compared with several SOTA
models, the extensive experiment results show that
TOFG-GAT can achieve better performance in both
trajectory prediction and motion planning with 68.57 %
fewer parameters and 33.69% less training time.

o We visualize the attention map of TOFG-GAT and other
baselines. The results show that TOFG-GAT produces
a more effective and rational driving interaction logic
of the model.

The rest of the paper is organized as follows. In Section II,
we use an example to motivate the necessity of unified rep-
resentation and then present the architecture of our proposed
TOFG for environment representation. We then elaborate on
the details of the TOFG-GAT for trajectory prediction and
motion planning tasks in Section III. We conduct extensive
experiments in Section IV to demonstrate the superiority of
our proposed TOFG in representing environments. Finally,
we conclude this paper in Section V.

II. TEMPORAL OCCUPANCY FLOW GRAPH

In this section, we present our unified environment rep-
resentation TOFG. To begin with, we use a motivation
example to illustrate the limitations of separately extracting
vehicle-to-vehicle and vehicle-to-lane interactions. Then, we
introduce how a TOFG can be constructed based on the input
of HD maps and historical vehicle trajectories in details.

A. Motivation Example

To motivate the necessity of unified representation, we
take LaneGCN [13] as an example, which uses three GATs,
namely Actor-to-Lane (A2L), Lane-to-Actor (L2A), and
Actor-to-Actor (A2A), to capture the interactions among
vehicles and lanes. Specifically, A2L. aggregates vehicle
information to lanes, L2A passes fused traffic information to
vehicles, and A2A handles the interaction between vehicles.
We use a simple overtaking driving scenario to demonstrate
that the order of attention layers does have impacts on
capturing the interaction and the prediction accuracy, as
shown in Figure 1.

In Figure 1, the red ego vehicle is overtaking its blue
neighbor vehicle, and L is a lane node representing the
lane segment in front of the neighbor vehicle. Consider two
different sequential orders of LaneGCN’s attention layers:

Attention module order: Agent-to-Lane (A2L) 2>

Observed ‘ ... > Agent-to-Agent (A2A)
scenario A
0. 0 O O 0
O O Q
By - e
{0 O O O o O
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A2L attention ego A2A attention  Prediction X !

Attention module order: Agent-to-Agent (A2A)

O QO ‘ - Agent-to-Lane (A2L) > ...
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L, | e
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Ground-truth

future scenario ‘ ., ° 9 *y°
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@ Neighbor vehicle <> Agent node
/ Ego direction / Neighbor direction
Fig. 1. A failure case of LaneGCN. Manually designed attention order

could not handle vehicle-to-vehicle and vehicle-to-lane interactions com-
prehensively.

(width increases

with values)

the first one is <A2L, L2A, A2A>, which is the same as
the order in [13], and the second one is <A2A, A2L, L2A>.
In the first case, A2L is computed first, so the neighbor
vehicle has a higher probability of appearing at L since it
is closer. Then, L2A passes such information of L to two
vehicles. In the following A2A, the red vehicle may abort
overtaking since it has received the information about the
blue vehicle from L. Thus, in A2A, the red vehicle node
sends weak lane overtaking intention to the blue vehicle
node, leading to wrong prediction results. In the second
case, A2A is computed first, and thus only the current
information between vehicles is exchanged. When A2L is
performed, the red vehicle will have no information that the
blue vehicle may occupy node L. Hence, the red vehicle may
still have a higher probability of appearing at node L. In
the following L2A, the blue vehicle receives the information
that the red vehicle will occupy L, and thus it may give the
road. Based on the above two cases, either order of attention
modules could not handle the scenario comprehensively since
they do not compute vehicle interaction and lane occupation
simultaneously. Generally speaking, a fixed attention order
brings biased understanding of the environment, leading to
a decrease of prediction accuracy. To verify the existence
of above issues, we conduct experiments to compare the
prediction accuracy of the aforementioned two LaneGCN
models with different attention layer orders. Please refer to
Section IV-A for details.

To tackle the above issues, we propose Occupancy Flow
Graph (OFG) and Temporal Occupancy Flow Graph (TOFG),
two vectorized representations combining HD maps and
vehicle trajectory information, which enables capturing more
accurate interactions simultaneously.
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Fig. 2. TOFG construction process. (1) Extract lane centerlines from raw map data and cut the lane centerlines into fine-grained lane segments. (2) Build
lane graph based on extracted lane segments and their connections. (3) Build OFG for frame ¢. Compute occupancy flows given vehicles’ trajectories and
construct vehicle interaction edges and multi-scale geometric edges. (4) Connect OFGs in consecutive frames with temporal edges.

B. Occupancy Flow Graph (OFG)

Given the lane information provided by HD maps, an OFG
is constructed based on the lane graph structure. Current HD
maps are built based on the geometry of lanes and lane
connectors, i.e., ramps or crossroads. We first extract the
geometry of the center line for each lane and connections
among lanes, which are usually represented by polylines.
Each center line can be represented as a sequence of lane
segments, denoted as L = (I3, 1o, ...leeg) with Ngeg being
the number of segments. Treating each lane segment as a
graph node, all these lane segments form a lane graph.
The lane segments are short for defining the detailed and
fine curves or polygons of lanes. These short lane segments
serving as nodes allow the OFG to capture a more fine-
grained map structure. To trade-off between the precision
and complexity of the OFG, we set the average length of
these lane segments as 0.3 meters.

We use the above lane segments and lane graph to rep-
resent the environment and model the obstacles in it. We
expand each lane segment | = [(x1,y1) — (22,y2)] to a
rectangle R; according to the lane width. A lane segment
is occupied if its expanded rectangle R; intersects with
the bounding box of a vehicle. If more than one vehicle’s
bounding box intersects with R;, then the one closest to or
containing the centroid (£1t%2 #1392) of R, is considered
to be the occupant.

Inspired by [23] which proposes OFF to extract the motion
and future movement of occupant vehicles, we further extend
OFF to graphs to effectively extract interactions and integrate
more informative features. With the lane graph structure
described above, we could build an OFG as Gor = {V, E'},
where V = {uj,usg,...,u,} is the set of n nodes, and E
is the set of edges. For clearer distinction, we consider the
following features to construct the node in the graph.

Lane segment features: Each lane segment [ starting from
(z1,y1) to (z2,y2), is represented by its midpoint coordi-
nates (£1F22 1142 and its vector form (z2 — 21, Y2 — Y1)
Occupant vehicle features: Each vehicle that occupies lane
segments includes an occupancy value O € {0,1} and an
occupancy flow vector (—v,, —vy, 0, w), where v = (v, vy)

is the velocity of this vehicle, # and w are the yaw and yaw
rate of the occupant vehicle, respectively. Here we follow
the backward flow representation in [23] and use negative
velocity.
The above features are used to form the node of the graph.
The edges that connect the nodes are defined as follows.
Geometric edges: Two adjacent lane segments are connected
using an edge following the geometric edges of the lane
graph extracted from the HD map.
Multi-scale geometric edges: In order to capture long
range dependencies, we extend normal geometric edges and
propose the multi-scale geometric edges. They are a union
of all n-scale geometric edges, where n = {1,2, ..., Ngcale }»
and an n-scale geometric edge connects the current node with
the node n hops away. In this paper, we choose Nyca1e = 4.
Vehicle interaction edges: We design vehicle interaction
edges to integrate the vehicle-to-vehicle interactions in our
OFG. We assume that there would be interactions between
every two vehicles when the distance between them is less
than a threshold, which is empirically set to 100 meters
in this paper. For two interacting vehicles, the vehicle in-
teraction edges connect the nodes between the bounding
boxes of the two vehicles. Specifically, if vehicle A occupies
a set of nodes V4 = {uj,us, - ,uy,} and vehicle B
occupies Vg = {uj,ub, - ,ul}, where m < n, the
set of the vehicle interaction edges F4p are the injection
from V4 to Vp without loss of generality, namely Eap =
{(ulv ull)v (u27 u,2)7 s (um) u;n)}

The creation of an OFG given a frame of the data is
illustrated in the first part of Figure 2.

C. Temporal Occupancy Flow Graph (TOFG)

Existing literature has proved that the historical trajec-
tories of a moving object contribute to its future action
prediction [24]. Moreover, human drivers, even autonomous
vehicles, have reaction time due to the time lag of perception
and information processing so that a driving behavior may
be resulted from some events seconds ago. Therefore, a
single OFG cannot effectively handle such hysteretic time
dependencies between perceived environment and observed
driving decisions. To this end, we further propose Temporal
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Occupancy Flow Graph (TOFG) Gror, the combination of
multiple OFGs Ggiﬂ in a given time horizon.

The temporal edges are introduced to connect the nodes
between two OFGs in consecutive frames so that the tempo-
ral information could be propagated. For a vehicle which
occupies V; = {ugt),ug),...,ugﬁ)} at time ¢, if it exists
in the previous OFG at time ¢ — 1 and occupies V,_1 =
{ugt_l),u(;_l),...,ugf_l)}, we conduct the following two
operations to construct the temporal edges. First, we trans-
form the coordinates of the occupied nodes to relative
coordinates using the relative frame of the vehicle. Then,
temporal edges are built to connect all occupied nodes at
time ¢ to their closest nodes at time £— 1 in the relative frame
in a similar way to vehicle interaction edges. The creation of
TOFG from several consecutive OFGs is shown in the right
part of Figure 2.

III. GAT MoDEL WITH TOFG

Our proposed TOFG can be applied in many tasks, among
which two representatives are motion planning and trajectory
prediction. By unifying the map information and vehicles’
trajectories into a homogeneous graph, TOFG enables the
downstream models to encode consistent interaction among
vehicles and lanes using a simplified model structure without
sacrificing accuracy. To facilitate the subsequent demon-
stration of these merits, we propose TOFG-GAT for the
downstream tasks and introduce the detailed model design
in the rest of this section.

A. Model Design

Considering that the attention mechanism performs a great
capability of capturing the relations among nodes, we apply
a GAT-based model with our proposed TOFG, i.e., TOFG-
GAT to predict the trajectory of the ego vehicle. As shown
in Figure 3, our model consists of three components. The
first component is TOFG construction based on trajectory
and HD map inputs. The second component is a GAT net-
work. To enrich semantic information, we embed some other
road information with TOFG, which includes the following
features: (1) the traffic light status, which could be one of
{red, yellow, green, none}, and (2) the on-route status of
lane segments, which could be “on route” or “off route”.
Given the above inputs, the GAT network is responsible for
extracting spatial and temporal interaction features from the
environment. Note that the graph attention layers adopted
here are slightly different from the one in [6]. Given a
node 7 in TOFG, the features from its adjacent nodes j are

Architecture of TOFG-GAT.

aggregated as Equation 1.

R = hi+ Y d((hallhy)Wi)We

J

(1)

where h; is the embedding of node u;, W7, W5 are trainable
weight matrices, ¢ is the combination of layer normalization
and ReLU, symbol || is concatenation.

The third component is a cross-attention model to calculate
the ego vehicle’s attention score to every node of TOFGs
in order to plan its future trajectory. We only use one
multi-head attention layer [14] with Npeaq = 4 so that
the attention scores can be summarized in one attention
map, which can provide comprehensive information. The
computing process of the multi-head cross-attention layer is
defined in Equation 2.

T
Attention(Q, K, V) = softmax( QK

W

B

head; = Attention(Q(hego), K (htotg), V(hiora)) 2

yare = (|25 head, )W *"*

where hego and hiof are the embedding of the ego vehicle
and the embedding matrix of the TOFG nodes, respectively;
Q, K, and V are query, key, and value networks, respectively,
and dy, is the output dimension of () and K. and W% is
a trainable weight matrix. The output of the cross-attention
module y,4+ is fed into a Muti-Layer Perceptron (MLP) layer
to generate a discrete trajectory for several future time steps.

B. Training Loss

We follow the classic imitation learning setting [25]
and use imitation loss as the loss function for our
model. Denote 7T {(@1,71), (@2,72), -, (@7, Yp)}
as the trajectory planned by our model and 7
{(z1,91), (z2,y2), -, (xp,yr)} as the ground truth trajec-
tory of the vehicle in the dataset. The imitation loss is defined

as Limitation = Zthl \/(Et - xt)Q + (yt - yt)Q'

IV. EXPERIMENT

To demonstrate the superiority of TOFG-GAT in the tasks
of trajectory prediction and motion planning, we compare
it with the following baseline models: LaneGCN [13], mm-
Transformer [8], and HiVT [7]. Note that we slightly change
the output layer of the original HiVT to fit in our experiment
settings. All the three baseline models are constructed based
on GNNs while different attention mechanisms are adopted
to capture the interactions among vehicles and lanes.

To train and evaluate both the proposed model and the
baselines, NuPlan [26] mini dataset is utilized. NuPlan
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provides 1500 hours of human driving data from 4 cities
across the US and Asia with diverse traffic patterns, and
the mini dataset is a teaser version of the full dataset and
contains about 2.5% of all data (around 40 hours). We
choose trajectory prediction and motion planning tasks to
illustrate the performance of our TOFG-GAT. We randomly
extract 5000 scenario samples from NuPlan mini dataset and
split them into training (70%), validation (15%), and testing
set (15%). Each of the models is trained on the training set
for 60 epochs. We use Adam optimizer with a learning rate
of 1 x 107° and set batch size as 3 due to the limitation of
GPU memory. We select the checkpoint that performs the
best in validation from training epochs for testing.

A. Trajectory Prediction

We perform a single-agent trajectory prediction task to
illustrate our motivation example numerically and the su-
periority of TOFG-GAT. The problem of the single-agent
trajectory prediction is to predict a 6-second future trajectory
of ego vehicle 7o = (35", 8512, ... 85, given the 1.5-
second historical trajectory of ego and surrounding vehicles
II = (mg, 71, ..., Tn) and map information M, where m; =
(si7T st=TH1 . st) is the historical trajectory of vehicle
i, st = (xt,y!,0!) is the state of vehicle i at time ¢,
and H and T are the numbers of time steps in prediction
horizon and past time horizon, respectively. Here, we set
H = 12 and T = 5 following NuPlan’s setting. We use
the following four metrics to evaluate the performance:
average displacement error (ADE), average heading error
(AHE), final displacement error (FDE), and final heading

error (FHE). They are formally defined as Equation 3.

H
1 At4i 7 P
ADE = 7 3 115 = 5"l FDE = 57" 557
p 3)

96+'L _ oéJr’b 96+H _ 96+H

, FHE =

1 H

AHE = ;

First, we verify our motivation by training the aforemen-
tioned two LaneGCN models in Section II-A: the vanilla
LaneGCN (attention layer order:<A2L, L2A, A2A>) and
the modified LaneGCN (attention layer order: <A2A, A2L,
L2A>). Since the lane change is a more complicated and
challenging scenario, different from the conventional training
procedures, we extract 5000 lane-changing scenarios from
NuPlan mini dataset for a better illustration of the impact
of attention order. The extracted scenarios are divided into
training (70%), validation (15%), and testing set (15%).
Both models are trained on the training set for 30 epochs
and tested on the testing set. The result of the verification
experiment is shown in Table I. We can see that except for
AHE, the overall performance of the modified LaneGCN is
better than the original one, verifying our motivation that
there is no one-size-fits-all attention order.

Next, we compare the performance of TOFG-GAT and
the baselines on the trajectory prediction task. The training
setting of the prediction task follows the aforementioned con-
ventional one in the beginning of this section. The result of
the trajectory prediction task using our model and baselines

TABLE I
TRAJECTORY PREDICTION PERFORMANCE COMPARISON ACHIEVED BY
TWO DIFFERENT LANEGCNS.

Metric Vanilla LaneGCN  Modified LaneGCN
ADE (m) 2.348 2.235
AHE (rad) 0.0851 0.0889
FDE (m) 5.650 5.231
FHE (rad) 0.1353 0.1324
TABLE II

TRAJECTORY PREDICTION PERFORMANCE COMPARISON ACHIEVED BY
TOFG-GAT AND BASELINES.

Metric TOFG- LaneGCN mmTrans HiVT
GAT
ADE (m) 1.818 2.258 1.836 3.5571
AHE (rad) 0.0463 0.0721 0.1133 0.1014
FDE (m) 4.538 5.063 4.210 8.4658
FHE (rad) 0.0818 0.1094 0.1421 0.1340
Num parameters 542K 1.9M 1.6M 1.7M

are shown in Table II. It can be seen from the table that
TOFG-GAT performs the best in ADE, AHE, and FHE. And
our FDE is preceded only by mmTransformer. Specifically,
our model has the smallest heading errors among baseline
models, implying that our model performs better in terms of
both position and heading orientation.

B. Motion Planning

To compare our model with the baselines in the motion
planning task, we adopt close loop simulation, which pro-
vides a more in-depth evaluation since compounding errors
during simulation largely affect future observations and could
significantly diverge from the ground truth. In the close loop
simulation, each model is required to plan a trajectory 7'
every k ms for controlling the ego vehicle given historical
trajectory of ego and surrounding vehicles II and map
information M at time ¢. We assume that the ego vehicle can
perfectly follow 7* and move to the corresponding position
s'*% on # at time step ¢+ k. As for surrounding vehicles, we
simply replay their driving behaviors from the dataset. For
safety concerns, we add an extra auto-correction mechanism
for ego vehicle to avoid collision or driving out of the road.

We randomly select 50 simulation scenarios from NuPlan
mini dataset. Each simulation lasts for 20 seconds. For each
scenario, there is a goal state Sgoal = (Tgoal, Ygoals Ogoal)s
which is the true final state of ego vehicle. Given the
trajectory 7, = (3°,...,57°) of ego vehicle planned by the
motion planning model and the ground truth one meyxpery =
(s°,...,5T), where T is the duration time of the simulation.
We use the following metrics to evaluate motion planning.
(1) L2 distance to expert trajectory: This metric evalu-
ates the trajectory difference between expert trajectory and
vehicle trajectory. We also include the heading error in this
metric, with a weight factor wy = 2.5. The metric could
be formulated as My = Y10 (||(@ — 2,7 — y)|l2 +
we ‘ét — Gt )

(2) Distance to goal: This metric is the distance from each
planned waypoint to the simulation goal, and a smaller value
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TABLE III
MOTION PLANNING PERFORMANCE COMPARISON ACHIEVED BY
TOFG-GAT AND BASELINES.

Metric TOFG- LaneGCN mmTrans HiVT
GAT
max 50.7751 53.7209  60.6808  50.0980
Mo mean 23.7583 27.3519  28.7099  23.1862
(lower-the-better) max 52.1662 55.6454 62.9381 51.6376
(yaw)
mean 24.7023 28.7969  30.3691 24.1930
(yaw)
M max 215.0541 217.4206 215.7068 215.2509
(lowejjfﬁfg;‘ter) min 118.7215  140.1732  190.6343 1513336
mean 166.5199 179.3244  202.9253 184.6144
Mprog2g0al absolute  89.0107  66.3626 19.1848  59.1334
(higher-the-better) relative  0.8671 0.8312 0.5415 0.7435
Mprog2exp total 81.0641 66.1283 26.1031 58.4340
(higher-the-better) ratio 0.7844 0.6887 0.3508 0.6121
Inference time (s) 0.0122 0.0250 0.0125 0.0164

is better. We take the maximum, minimum, and average of
this metric for comparison, i.e., Maist2gonr = ®({|(Z" —
Tgoals ¥' —Ygoat)||2}¢),t = 0,1, ..., Ty, where ® is min, max,
or avg.

(3) Distance progress to goal: This metric measures the
progress of the ego vehicle toward the goal position. It is
calculated using Mprogagoal = || (T° — Zgoals ¥° — Ygoal) |l2 —
|| (ETS — Tgoal, yTS - ygoal) HQ

(4) Distance progress along expert route: This metric
accumulates ego vehicle’s progress distance along the expert
route, denoted as My,og2¢ap, and a higher value is better. Ego
vehicle is on the expert route if it is on the same roadblock
of expert trajectory or the skipped road block connected to
the next roadblock of expert trajectory.

The result of motion planning is shown in Table III.
TOFG-GAT has an overall best performance in terms of
these four metrics. It is only slightly worse than HiVT in L2
distance. The reason behind this is that the planning accuracy
of the first few frames of HiVT is slightly better than ours.
The superiority of our model in the other three metrics
demonstrates that TOFG-GAT has a better understanding of
the environment and the intention of the ego vehicle since our
representation can better capture inter-vehicle interactions
and vehicle-lane interactions. Additionally, TOFG-GAT has
the shortest inference time among the four models.

C. Attention Map Visualization and Analysis

Finally, we analyze the attention map extracted from
TOFG-GAT and LaneGCN. Figure 4(a) shows a lane-
changing scenario extracted from NuPlan dataset: ego vehicle
marked with green is changing to the lane on its right. The
last frame’s attention map of the cross-attention layer from
TOFG-GAT and the ego vehicle’s attention maps from A2L
and A2A module of LaneGCN are shown using heat maps
in Figure 4(b), 4(c), and 4(d), respectively.

In Figure 4(b), the attention values on the target lane
are higher than those on other lanes. Also, the attention
values on the lane segments around neighbor vehicles, which

Attention
value
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(b) Attention map by TOFG-GAT

Attention
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Fig. 4. Visualization of attention maps from TOFG-GAT and LaneGCN.
The attentions of TOFG-GAT points out the target lane and places near
the vehicles in interactions, while the attentions of LaneGCN are basically
related to distance between ego and the attention subject.

are likely to have interactions with the ego vehicle, are
higher than others vehicles. Such pattern allows our model
to make a similar choice to the ground truth while keeping
ego vehicle from colliding with others. The attention maps
from LaneGCN are less informative than ours, as shown
in Figure 4(c) and 4(d). The A2L attention is basically a
monotonic increase function to distance between ego vehicle
and the lane segment. Similarly, in A2A attention map,
the attention value seems to be higher when the distance
between the ego vehicle and the other vehicle become larger.
Moreover, the vehicles interacting with the ego vehicle do
not get larger attention value. The above case studies well
demonstrates that our model can obtain more informative
attention than baseline models.

V. CONCLUSION

In this paper, we proposed a unified environment repre-
sentation TOFG to include both the map information and
trajectory of vehicles in a homogeneous graph. The lane
segments are partitioned with a smaller length to construct
a graph with fine-grained information. Such a unified and
fine-grained graph can contribute to simultaneously and
accurately capturing the interactions so that the performance
of downstream models can be further improved. As the
complex attention layers are no longer required to tackle
different interactions of heterogeneous data, a simplified
model TOFG-GAT with fewer parameters can achieve a
competitive and even better performance than that of SOTA
models. In future work, we plan to analyze the attention
map numerically to summarize a common interaction-aware
guideline that can be applied to all types of models of
autonomous driving tasks.
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