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Abstract— Trajectory prediction and planning in autonomous
driving are highly challenging due to the complexity of pre-
dicting surrounding agents’ movements and planning the ego
agent’s actions in dynamic environments. Existing methods
encode map and agent positions and decode future trajectories
in Cartesian coordinates. However, modeling the relationships
between the ego vehicle and surrounding traffic elements in
Cartesian space can be suboptimal, as it does not naturally
capture the varying influence of different elements based on
their relative distances and directions. To address this limita-
tion, we adopt the Polar coordinate system, where positions
are represented by radius and angle. This representation
provides a more intuitive and effective way to model spa-
tial changes and relative relationships, especially in terms of
distance and directional influence. Based on this insight, we
propose Polaris, a novel method that operates entirely in Polar
coordinates, distinguishing itself from conventional Cartesian-
based approaches. By leveraging the Polar representation, this
method explicitly models distance and direction variations and
captures relative relationships through dedicated encoding and
refinement modules, enabling more structured and spatially
aware trajectory prediction and planning. Extensive experi-
ments on the challenging prediction (Argoverse 2) and planning
benchmarks (nuPlan) demonstrate that Polaris achieves state-
of-the-art performance. We will release our code.

I. INTRODUCTION

Trajectory prediction and planning, which involve pre-
dicting the future trajectories of surrounding vehicles and
pedestrians and planning the ego agent’s future trajectory
using HD maps and historical trajectory data, are crucial for
autonomous driving [1]. In recent years, significant progress
has been made in this area. Some studies focus on improving
the encoding of map and historical trajectory data to enhance
scene context features [2], [3], while others explore better
methods for decoding future trajectories [4], [5], [6], [7].

Existing methods [4], [8], [5], [7] follow a paradigm based
on the Cartesian coordinate system. In these approaches, the
scene context is encoded in Cartesian coordinates, and future
trajectory positions are regressed accordingly, as illustrated
in Figure 1 (a). These methods use (x,y) positions to model
the relationships between the ego vehicle and surround-
ing traffic elements. The varying importance of these ele-
ments—determined by their relative distances and directions
to the ego vehicle—is learned implicitly. Some approaches
attempt to capture such relationships using (Az, Ay); how-
ever, this form still does not directly encode relative distance
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Fig. 1: Comparison between our Polaris and previous
methods. As illustrated in (a), previous methods encode
agents and lanes to predict future trajectories in Cartesian
coordinates. In contrast, our Polaris, shown in (b), operates
entirely in the polar coordinate system, explicitly represent-
ing radius and angle to intuitively model relative distances,
directions, and their variations. This leads to more accurate
trajectory prediction and planning.

and direction, instead relying on the model to infer them.
Such implicit modeling may lead to suboptimal performance.
For example, as shown in Figure 1, pedestrian 1 (on the
right) is directly ahead of the vehicle, while pedestrian 2 (on
the left) is positioned to the side. Pedestrian 1 should have a
greater influence on the ego vehicle’s motion estimation than
pedestrian 2. In Cartesian-based methods, such differences
are not explicitly modeled but instead must be inferred
through learning. In contrast, the Polar coordinate system
provides an explicit representation of relative distances and
directions. This enables the model to directly capture the
varying influence of traffic elements in a more structured
manner, leading to more accurate motion estimation. This
observation motivates the design of new approaches that
can better encode the variations and relative relationships
among traffic elements by leveraging the advantages of Polar
representation.

Motivated by the above insights, we propose a novel
framework, Polaris, for trajectory prediction and planning
based on Polar representation. As shown in Figure 1 (b),
both the input and output are represented in the Polar
coordinate system. By leveraging the intuitive nature of Polar
coordinates—expressed as (r,)—our approach effectively
models the relative distances and directions between the
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target agent and surrounding traffic elements, as well as
their temporal variations. The proposed framework consists
of two main components: Polar Scene Context Encoding
and Polar Relationship Refinement. The Polar Scene Context
Encoding module encodes the motion states (e.g., position,
velocity, acceleration) of agents, as well as lane geometry
and lane-change information from HD maps. It captures
the relative relationships and spatial dynamics within the
scene context. The Polar Relationship Refinement module
refines the proposal output trajectories by interacting with
surrounding agents and the map, further modeling the relative
relationships within the scene. This refinement enhances the
accuracy of prediction and planning. To support this process,
we design a Relative Embedding Transformer, which explic-
itly embeds relative distances and angles, enabling more ef-
fective relationship modeling within the Polar representation.

Our contributions are summarized as follows: (i) We are
the first to perform trajectory prediction and planning entirely
in the Polar coordinate. (ii) We propose Polaris, a Polar-based
framework that incorporates Polar Scene Context Encoding
and Polar Relationship Refinement, both equipped with
Relative Embedding Transformer to model relative spatial
relationships. (iii) Extensive experiments on the Argoverse
2 and nuPlan benchmarks demonstrate that Polaris achieves
state-of-the-art performance.

II. RELATED WORK

a) Trajectory prediction: Recent advancements in au-
tonomous driving highlight the importance of accurately
predicting agent behavior through effective scene represen-
tation. Early methods [9], [10] typically converted driving
scenarios into image-based formats and applied convolu-
tional networks for context encoding, but often struggled
to capture fine-grained structural details. This limitation
motivated a transition to vectorized representations [2], [11],
[12], enabling more structured and geometry-aware mod-
eling of the environment. Building upon these representa-
tions, various frameworks have been proposed to predict
multi-modal trajectories. Initial approaches focused on goal-
oriented strategies [13], [14] and probability heatmaps [15],
[16], while more recent models such as MTR [4], QCNet [5],
and others [17], [3] leverage Transformer architectures [18]
to better capture scene-agent interactions. These advances are
further enhanced by emerging paradigms, including graph-
based modeling [19], [20], pre-training [21], [22], history-
aware designs [23], [24], GPT-style decoding [25], [26], and
post-refinement techniques [27], [28]. In parallel, there has
been increasing attention to multi-agent prediction, where
models predict trajectories for all agents jointly, as explored
in [8], [3], aiming to enhance consistency and interaction
reasoning in complex driving scenarios.

b) Trajectory planning: As the final stage of au-
tonomous driving, trajectory planning plays a key role in
ensuring safe and precise navigation. A classic rule-based
method is the Intelligent Driver Model (IDM) [29], which
follows a leading vehicle while maintaining a safe distance.
The release of the nuPlan [30] dataset and its standardized

simulation benchmark has paved the way for advancing
learning-based motion planners. Recent works explore purely
learning-based approaches [7], [31], [32], [33], [34], while
others combine learning and rule-based methods for hybrid
planning [35]. Some methods explore accurate planning by
leveraging large language models [36], [37], [38], [39], [40],
[41], world models [42], [43], tree policy [44], generative
models [45], [46], diffusion models [33], [47], mixture
of experts [48], POMDP planning [49], and reinforcement
learning [50], [51], [52], [53].

c) Polar representation in autonomous driving: While
Cartesian representation is commonly used, Polar representa-
tion is favored in some methods for its inherent advantages in
autonomous driving. In LiDAR-based object detection [54],
[55], [56], Polar coordinates naturally align with the radial
distribution of LiDAR data and the distance-dependent den-
sity variation in point clouds, allowing for more effective
modeling of these characteristics. PolarFormer [57] further
leverages a cross-attention mechanism to capture the geomet-
ric structure of BEV features in Polar space, achieving strong
performance in camera-based object detection. However,
the potential of Polar representation in trajectory prediction
and planning remains underexplored. To the best of our
knowledge, we are the first to introduce it in this context,
and our method achieves notable improvements.

III. METHODOLOGY

In this section, we introduce Polaris, a novel framework
for trajectory prediction and planning using Polar represen-
tation, as illustrated in Figure 2. The architecture comprises
key components, including Polar Scene Context Encoding
and Polar Relationship Refinement, both of which leverage
a Relative Embedding Transformer, as shown in Figure 3. It
also incorporates loss calculation in both Cartesian and Polar
coordinate systems.

A. Problem formulation

Trajectory prediction and planning involve predicting the
future trajectories of surrounding agents and planning the
ego agent’s path, based on the HD map and historical agent
trajectories. We employ a vectorized representation, similar
to that used in other methods [2], [4]. For the input, the HD
map consists of several lane instances, each lane is composed
of multiple points. Specifically, this can be represented as
M € RN;oXLXCm where N,,, L, and C,, denote the number
of lane instances, points per lane, and feature channels (e.g.,
position), respectively. Agents, which include traffic partic-
ipants such as vehicles and pedestrians, are represented as
A € RNaxTuxCa Here, N,, T}, and C, stand for the number
of agents, historical timestamps, and motion states (e.g.,
position, velocity, acceleration). For the output, the model
predicts the future trajectories Ay € REXNaoixTix2 for the
agents of interest, where K, N,q;, Tt indicate the modalities,
the number of agents of interest, and future timestamps,
respectively. The associated probabilities Py € R¥*Naoi are
predicted as well. We utilize Polar coordinates to represent
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Fig. 2: Overview of our Polaris framework. (a) The Polar Scene Context Encoding separately encodes the motion states
of agents, lanes, and lane changes, all within the Polar coordinate. It then employs the Relative Embedding Transformer to
model interactions and derive the scene context. Subsequently, the decoding module predicts the proposal future trajectories
in Polar representation. (b) The Polar Relationship Refinement then re-encodes the proposal trajectories and interacts with the
scene context using the Relative Embedding Transformer to produce the final output. Losses are computed in both Cartesian

and Polar coordinate.

position, velocity, acceleration, and other attributes as (r, )
rather than (z,y).

B. Polar scene context encoding

As shown in Figure 2 (a), when we obtain the Polar
representation of the HD map as M and agents as A, we
need to encode them to effectively capture the scene context.
To enhance the model’s ability to learn, we input the Polar
coordinates in the form of (r, cosf, sinf)). For the HD map,
we utilize a PointNet-based lane encoder, as described in
previous works [4], [21]. To leverage the advantages of
Polar representation for modeling relative relationships, we
compute the difference between the coordinates of adjacent
lane points to obtain the lane change variable, denoted as
dM € RN»x(L=1)xCm We use separate encoders to extract
the map features F,, € RV»*C and Fy, € RV»*C; we
then combine them to derive the final map feature Fi,. The
process can be formulated as:

F,, = PointNety (M),
Fym = PointNetqm (d]\f)7 (D
F, = MLP(Concat(F, Fam))-

For the agents, we aggregate the historical trajectory
features up to the current time step, and utilize Mamba [58]

blocks to extract features F, € RN-*C given their excep-
tional capability for efficient and effective sequence mod-
eling, as described in the previous work [6]. Subsequently,
the scene context features Fy, € RWatNm)XC gre formed
by combining the agent and map features, which are then
propagated through the Relative Embedding Transformer for
intra-interaction learning. The centerpoints of lane instances
and agents (i.e., the middle point of each lane instance
and the current position of each agent) are also input into
the Relative Embedding Transformer. Further details are
discussed below in the Relative Embedding Transformer
section. The overall process can be formulated as:

F, = Mamba(A),
F, = Concat(Fy,, Fy), 2)
F, = Transformer(Fy).

C. Trajectory decoding

After obtaining the scene context features, we aim to
decode multi-modal future trajectories for the agents of
interest. We utilize vanilla Transformer blocks to facilitate in-
teractions between the multi-modal trajectory queries and the
scene context features. Subsequently, an MLP is employed
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Fig. 3: Overview of our Relative Embedding Transformer.
We use U queries and V' keys and values as an example to
illustrate the feature dimensions. For simplicity, the batch
size dimension is omitted.

to decode the proposal trajectories Ay =~ € REXNaoixTix2

in the Polar coordinate system, represented by (r,6), along
with their associated probabilities P, € R *Naoi,

D. Polar relationship refinement

As shown in Figure 2 (b), to further enhance the interac-
tion between future trajectories and scene context features,
we design Polar Relationship Refinement modules to refine
the proposal trajectories. The proposal trajectories are re-
encoded with an MLP to obtain the multi-modal trajectory
queries Qiraj € REXNaoixC  Additionally, the endpoints
Pg(rg, 0g) of the multi-modal trajectories, which are crucial
for the accuracy of the overall trajectory, are extracted and
combined with the centerpoints of lane instances and agents.
The centerpoints are the same as those discussed in the
encoder section. These keypoints of future trajectories and
scene context features are used to model relative relation-
ships within the Relative Embedding Transformer. Then, the
trajectory queries Qiraj, the scene context features Fg, and
the keypoints of query, key and value are input into the
Relative Embedding Transformer. Finally, an MLP is used
to obtain the refined outputs, including trajectories Ay, , and
probabilities P, .. The refinement module is iterated multiple
times to achieve the final results. The refinement process can
be described as:

Qtraj = MLP(4,.,),
Qtraj = Transformer(Q = Qiraj, K,V = Fy),  (3)
Afref? Pf = MLP(Qtraj)-

ref

E. Relative embedding transformer

As shown in Figure 3, taking full advantage of the
strengths of Polar representation, the Relative Embedding

Transformer is designed to embed the relative positions of the
query, key, and value during interactions. First, the relative
distances and angles of the keypoints (e.g., centerpoints for
lane instances and agents, endpoints for future trajectories)
in the query, key, and value are calculated in the form of
(Ar, cos(AB), sin(Af)). An MLP is then used to encode
these relative positions into relative position features. The
relative relationships among the query, key, and value are
determined by relative distances and angles of their keypoints
in this manner. The query, key, and value features are
repeated to match the size of the relative position features.
The query, key, and value features, along with the relative
position features, are then concatenated and passed through
an MLP to adjust their dimensions, forming the new key and
value. Finally, cross-attention and self-attention mechanisms
are applied to obtain the output features. In the encoder part,
the query, key, and value all correspond to the scene context
features Fy. In the refinement part, the query consists of the
multi-modal trajectory queries Qraj, While the key and value
remain the scene context features Fj.

F. Training losses

During the training process, predicted trajectories are su-
pervised using the smooth-11 loss L,¢s for regression, while
the associated probabilities are supervised using the cross-
entropy loss L. for classification. Losses are calculated
for both the proposal outputs and the refinement outputs.
The total loss comprises two parts: the Polar loss, derived
from the direct outputs in Polar coordinates (r,6), and the
Cartesian loss, derived from transforming the outputs into
Cartesian coordinates (x,y). All losses are weighted equally,
and the winner-take-all strategy is employed, optimizing only
the best prediction with the minimal average prediction error
compared to the ground truth. The overall process can be
formulated as follows:

‘Cproposal/reﬁne = Ercg + »Cclsa
EPolar/Cartesian = [’proposal + ﬁreﬁney (4)
Liotal = Lpolar + Lcartesian-
IV. EXPERIMENTS
A. Experimental settings

a) Datasets and evaluation metrics: We evaluate our
method on two widely used and challenging datasets: the
Argoverse 2 [1] dataset for trajectory prediction and the
nuPlan [30] dataset for trajectory planning. The Argoverse
2 dataset is sampled at 10 Hz and provides 5 seconds
of historical trajectories along with 6 seconds of future
predictions. The nuPlan dataset uses a simulator that runs
each scenario for 15 seconds at 10 Hz. For trajectory
prediction, we use standard metrics, including minADE,
minFDE, MR, and b-minF' DE. For trajectory planning,
nuPlan evaluates performance using three key metrics: the
open-loop score (OLS), the non-reactive closed-loop score
(NR-CLS), and the reactive closed-loop score (R-CLS). The
evaluations cover 6 modes for both Argoverse 2 and nuPlan.
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Method ‘ minFDEy |  minADEy1 | minFDEg | minADEg |  MRg ||  b-minFDEg |
MTR[4] 4.39 1.74 1.44 0.73 0.15 1.98
GANet [59] 4.48 1.77 1.34 0.72 0.17 1.96
ProphNet [60] 4.74 1.80 1.33 0.68 0.18 1.88
QCNet [5] 4.30 1.69 1.29 0.65 0.16 1.91
CaDeT [61] 4.33 1.74 1.24 0.67 0.15 1.86
SmartRefine [28] 4.17 1.65 1.23 0.63 0.15 1.86
RealMotion [62] 3.93 1.59 1.24 0.66 0.15 1.89
Polaris (Ours) 3.78 1.53 1.15 0.62 0.13 1.80
QCNet [5] 3.96 1.56 1.19 0.62 0.14 1.78
DyMap [63] 3.99 1.59 1.21 0.66 0.15 1.78
DeMo [6] 3.70 1.49 1.11 0.60 0.12 1.73
Polaris (Ours) 3.78 1.53 1.11 0.61 0.12 1.71

TABLE I: Performance of trajectory prediction on the Argoverse 2 single-agent test set from the official leaderboard. For
each metric, the best result is highlighted in bold, and the second-best is underlined. The upper section reports results from
single-model, while the lower section includes results with model ensembling.

Method langinFDEl | avgMinADE, | avgMinFDEg | avgMinADEg | actorMRe |
FIMP [64] 4.00 1.52 1.89 0.81 0.23
Forecast-MAE [21] 3.33 1.30 1.55 0.69 0.19
RealMotion [62] 2.87 1.14 1.32 0.62 0.18
DeMo [6] 278 112 1.24 0.58 0.16
Polaris (Ours) 2.67 1.07 1.18 0.56 0.15

TABLE II: Performance of trajectory prediction on the Argoverse 2 multi-agent test set from the official leaderboard.

Type [ Method [ OLS 1+ NR-CLSt R-CLS?
Rule IDM [29] 0.20 0.56 0.62
PDM-Closed [35] 0.26 0.65 0.75
Hybrid GameFormer [65] 0.75 0.67 0.69
y PDM-Hybrid [35] | 0.74 0.66 0.76
UrbanDriver [66] 0.77 0.52 0.49
PDM-Open [35] 0.79 0.34 0.36
PlanCNN [67] 0.52 0.49 0.52
Learning | GC-PGP [68] 0.74 0.43 0.40
PlanTF [7] 0.83 0.73 0.62
BeTopNet [32] 0.84 0.77 0.69
Polaris (Ours) 0.86 0.74 0.70

TABLE III: Performance of open-loop and closed-loop plan-
ning on the nuPlan dataset under the Test 14 Hard bench-
mark.

b) Implementation details: We train our models for 80
epochs using the AdamW optimizer, with a batch size of 4
per GPU. The training process is end-to-end with a learning
rate of 0.001 and a weight decay of 0.01. Additionally, we
use a cosine learning rate schedule with a 10-epoch warm-up
phase. Experiments are conducted on 8 NVIDIA GeForce
RTX 3090 GPUs. The training process requires about 20
hours. As for the number of layers in each component, the
encoding module has 3 Relative Embedding Transformer
layers, the decoding module has 2 vanilla Transformer layers,
and there are 2 refining modules, each with 2 Relative
Embedding Transformer layers.

B. Comparison with state of the art

We compare Polaris with several recent models on the
Argoverse 2 dataset, as shown in Table 1. To ensure a fair
comparison, the performance is evaluated both with and

without model ensembling. In the single-model setting, the
results show that Polaris outperforms all previous methods
across all metrics, including state-of-the-art models such as
QCNet [5], SmartRefine [28], and RealMotion [62]. When
employing ensembling techniques similar to those used by
other methods, Polaris further improves its performance,
significantly surpassing most existing approaches across all
metrics and achieving results comparable to DeMo [6].
We also evaluate Polaris under the multi-agent setting, as
reported in Table II, where it continues to demonstrate strong
performance.

For the trajectory planning task, we compare Polaris with
other top-performing methods on the nuPlan dataset under
the Test 14 Hard benchmark, as shown in Table III. As a
purely learning-based method with no hand-crafted rules, Po-
laris outperforms state-of-the-art models such as PlanTF [7]
and BeTopNet [32], and achieves competitive performance
compared to the rule-based method PDM-Closed [35].

C. Ablation study

a) Effects of components: Table IV demonstrates the
effectiveness of each component in our method. The baseline
is shown in ID-1. While the pipeline is similar to previ-
ous methods in the Cartesian coordinate system, we input
and output in the Polar coordinate system, and only the
agent position and lane position are encoded. In ID-2, the
Agent and Lane Change Embedding is incorporated. By
integrating changes in adjacent lane points and changes in
agent position (i.e., velocity and acceleration), we observe a
notable performance improvement. In ID-3, we add Polar Re-
lationship Refinement modules using the vanilla Transformer.
These modules aim to capture the relationship between the
predicted trajectories and the scene context features. To

21875



ID | AL.C. Embed Polar Refine Rel. Transf. | minFDE{ minADE1 minFDEg ~ minADEg ~ MRg
1 4.51 1.79 1.48 0.76 0.21
2 v 4.46 1.78 1.40 0.72 0.19
3 v v 4.26 1.69 1.35 0.70 0.18
4 v v v 3.88 1.55 1.21 0.63 0.14

TABLE IV: Ablation study on the core components of Polaris on the Argoverse 2 validation set. “A.L.C. Embed” indicates
Agent and Lane Change Embedding. “Polar Refine” indicates Polar Relationship Refinement module. “Rel. Transf.” indicates

Relative Embedding Transformer.

90°/1.57 rad

270° /471 rad

Fig. 4: Predicted multi-modal trajectories in the Polar repre-
sentation (left), and their conversion to Cartesian represen-
tation (right). The solid line represents the future trajectory
of the proposal, while the dashed line represents the future
trajectory after refinement.

effectively improve prediction accuracy, they need to be
combined with the Relative Embedding Transformer. As a
result, the performance is only slightly better than that of
ID-2, which uses the vanilla Transformer. Finally, in ID-4,
we use the Relative Embedding Transformer to replace the
vanilla Transformer. After integrating all these techniques,
our model achieves outstanding performance.

b) Effects of losses: Table V demonstrates the effec-
tiveness of different loss calculation strategies. We observe
that computing the loss solely in either the Polar coordinate
system or the Cartesian coordinate system leads to moderate
performance. Notably, as shown in the third row, calculating
the loss in both coordinate systems simultaneously results in
a significant performance improvement. This indicates that
leveraging both coordinate systems during training enables
the model to make more accurate trajectory predictions.

Cartesi Pol ; i

Toss  Low | MnFDEs  minADEs  MRg

v 1.29 0.68 0.16
v 1.34 0.71 0.17

v v 1.21 0.63 0.14

TABLE V: Ablation study on the losses.

c) Effects of the depth of refinement modules: Table VI
shows the number of Polar Relationship Refinement mod-
ules. The first row presents the results without the refinement
modules. We observe that a depth of two achieves an optimal
balance between efficiency and performance.

Number | minFDEg  minADEg  MRg
0 1.33 0.69 0.17
1 1.25 0.65 0.15
2 1.21 0.63 0.14
3 1.20 0.63 0.14

TABLE VI: Ablation study on the number of the Polar
Relationship Refinement modules.

d) Polar v.s. Cartesian: To highlight the advantages
of Polar representation, we conduct an ablation study com-
paring the performance of Cartesian and Polar representa-
tions. As shown in Table VII, the first row represents the
original version of the Cartesian representation, where all
model components are kept consistent, varying only the input
and output in the Cartesian coordinate system using (x,y).
To ensure a fair comparison, we still calculate the rela-
tive relationships between traffic elements using (Ar, Af).
The results indicate that the Cartesian representation is not
naturally suited for extracting relative relationships, such
as distances and angles between elements. This requires
complex mathematical computations, leading to inference
speeds nearly twice as slow as those achieved with Polar
coordinates. In the second row, we modify the architecture
for Cartesian-based input, using (Az, Ay) to calculate the
relative relationships between traffic elements, better aligning
with the Cartesian coordinate system, while keeping the other
components consistent. The results show that, although faster
than the first row, this approach still falls short because
the Cartesian representation does not naturally capture the
influence of traffic elements based on distance and direction,
making it slightly less effective than the first row.

The comparison of results between the first, second, and
third rows shows that trajectory prediction and planning in
Polar representation better aligns with these relative rela-
tionships, leading to superior performance in the third row
compared to the Cartesian representation in the first and
second rows. This highlights the advantage of our approach.

Coordinate ‘ minFDEg ~ minADEg ~ MRg Inf.
Cartesian,-; 1.30 0.68 0.16 110ms
Cartesian,,, ,q 1.33 0.69 0.16 67ms
Polar 1.21 0.63 0.14 48ms

TABLE VII: Ablation study on the coordinate systems. “Inf.”
indicates inference speed.
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Fig. 5: Qualitative results on the Argoverse 2 validation set.
The predicted trajectories are shown in green, and the ground
truth trajectory is shown in pink.

D. Efficiency analysis and qualitative results

a) Efficiency analysis: Optimizing the trade-offs be-
tween performance, inference speed, and model size is
crucial for deployment. We compare our model with recent
state-of-the-art models on the Argoverse 2 benchmark. For
model size, our model is 4.4M, whereas QCNet [5] is
7.7M, and SmartRefine [28] is 8.0M. Despite its smaller
size, our model achieves superior performance compared to
these recent high-performance methods. For inference speed,
measured on an NVIDIA GeForce RTX 3090 GPU with a
batch size of 1, the average inference time of Polaris is 48
ms, significantly faster than QCNet’s 88 ms.

b) Qualitative results: We present qualitative results
to highlight the effectiveness of our model. As shown in
Figure 4, we provide an example of predicted multi-modal
trajectories in the Polar coordinate system and their conver-
sion to the Cartesian coordinate system. The solid line and
the dashed line mean the proposal trajectories and the refined
trajectories, respectively. As shown, predicting multi-modal
trajectories involves forecasting trajectory point coordinates,
which can result in large variations. However, in the Polar
representation, both r and 6 exhibit relatively small changes,
making the predictions more stable and accurate compared
to the larger variations in (x,y) coordinates in the Cartesian
coordinate system. We can also observe the significant op-
timization of the trajectories after refinement. As shown in
Figure 5, we also present the trajectory prediction results of
our model. The design of our framework enables accurate
forecasting of driving behavior. It not only predicts future
trajectories precisely but also provides multi-modal outputs,
capturing diverse behaviors such as turning, following, and
lane-changing for overtaking.

V. CONCLUSION

We propose a framework, Polaris, that advances trajectory
prediction and planning by leveraging the Polar coordinate
system. Compared to traditional Cartesian-based approaches,
our method more effectively captures both the movement of
traffic elements and their relative spatial relationships. By
integrating Polar Scene Context Encoding and Polar Rela-
tionship Refinement, both utilizing the Relative Embedding

Transformer, Polaris enables precise modeling of interactions
between traffic elements. Experiments on Argoverse 2 and
nuPlan validate that Polaris achieves state-of-the-art perfor-
mance in trajectory prediction and planning.

a) Limitations and future work: The conversion be-
tween Cartesian and Polar coordinates introduces compu-
tational overhead, which may affect efficiency. In future
work, we aim to explore Polar representations in end-to-end
autonomous driving.
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