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Abstract

Reliable spatial and motion perception is essential for safe
autonomous navigation. Recently, class-agnostic motion
prediction on bird’s-eye view (BEV) cell grids derived from
LiDAR point clouds has gained significant attention. How-
ever, existing frameworks typically perform cell classifica-
tion and motion prediction on a per-pixel basis, neglect-
ing important motion field priors such as rigidity con-
straints, temporal consistency, and future interactions be-
tween agents. These limitations lead to degraded perfor-
mance, particularly in sparse and distant regions. To ad-
dress these challenges, we introduce PriorMotion, an in-
novative generative framework designed for class-agnostic
motion prediction that integrates essential motion priors by
modeling them as distributions within a structured latent
space. Specifically, our method captures structured mo-
tion priors using raster-vector representations and employs
a variational autoencoder with distinct dynamic and static
components to learn future motion distributions in the la-
tent space. Experiments on the nuScenes dataset demon-
strate that PriorMotion outperforms state-of-the-art meth-
ods across both traditional metrics and our newly proposed
evaluation criteria. Notably, we achieve improvements of
approximately 15.24% in accuracy for fast-moving objects,
an 3.59% increase in generalization, a reduction of 0.0163
in motion stability, and a 31.52% reduction in prediction
errors in distant regions. Further validation on FMCW Li-
DAR sensors confirms the robustness of our approach.

1. Introduction
Autonomous driving systems [1, 16, 18, 24, 33] demand
highly precise spatial perception, including position infor-
mation [11], semantic classification [36], and motion be-
havior [26], which are crucial for ensuring safety and com-
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Figure 1. Comparison of PriorMotion with conventional pipelines.
Top row: Previous SOTA framework, which adopts encoder-
decoder pipeline. Bottom: Our approach leverages prior knowl-
edge from the MFGT, modeling motion prediction as a future gen-
eration task in a structured latent space. Our methods outperforms
the baseline across both (a) traditional mean speed error among
both slow and fast moving objects and (b) newly proposed met-
rics. The radius of the circle represents generalization ability.

fort in open-world scenarios [1, 30, 44]. The traditional
paradigm of object-centric methods models motion behav-
ior estimation as a trajectory prediction task [5, 7, 9, 27, 55],
which, despite its maturity, falters in open environments due
to its reliance on detection-tracking-prediction pipelines
that are ill-equipped to handle inexhaustible categories of
traffic participants critical for system safety [51].

Recently, class-agnostic methods have emerged as a
promising alternative by jointly performing semantic clas-
sification and motion prediction through BEV occupancy
grids, removing the limitation of the requirement to detect
the semantic object first [41]. However, these methods for-
mulate motion prediction and cell classification tasks on the
per-pixel basis, which suffer from poor spatial and tempo-
ral consistency as well as instance interaction. Traditional
pipelines primarily focus on designing novel encoders and
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human-designed loss functions to extract spatial-temporal
features from point clouds and ensure consistency [25, 45–
49]. As depicted in Fig. 1, the discriminative approach with
a simple regression decoder falls short in capturing struc-
tured physical laws, like rigid body characteristics and the
continuous, linear evolution of motion, in BEV grid-based
representations. This shortcoming is especially evident con-
sidering the sparse nature of point clouds [6, 46]. In con-
ventional pipelines that directly regress outputs based on
spatiotemporal features, while effective to some extent, the
inherent sparsity of point clouds limits the optimization po-
tential of feature extraction encoders, leaving fundamental
challenges unaddressed.

We seek to address these challenges by drawing in-
spiration from a common phenomenon in our daily
lives—teaching methodologies—where solutions can often
be derived from the problem itself or inferred from stan-
dard answers. The Motion Field Ground Truth (MFGT), as
a dense and structured representation, inherently contains
implicit prior knowledge. Specifically, the motion within a
single instance should exhibit consistent flow patterns. And
there are global priors such as the motion field at cross-
roads differing from that on regular roads. Furthermore,
high-order interactions, like the deceleration of a leading
vehicle significantly influencing the behavior of following
vehicles, exemplify the complex dependencies captured by
MFGT. Indeed, prior-enhanced frameworks [19, 58] have
already been successfully applied in online mapping. How-
ever, traditional motion prediction pipelines employing sim-
ple convolutional decoders fail to effectively leverage such
priors. Motivated by these observations, two key questions
naturally emerge: (1) Can prior knowledge enhance class-
agnostic motion prediction? (2) How can we integrate pri-
ors into traditional class-agnostic motion prediction frame-
works? To explore the first, we begin with a toy example.
We evaluate previous SOTA methods MotionNet [51], on
our private FMCW LiDAR benchmark, utilizing radial ve-
locity information as additional input. Our results in Tab. 1
confirm that high-quality prior knowledge has a positive im-
pact on the motion prediction task.

Method Static↓ Slow↓ Fast↓

Base [35] 0.0644 0.5036 1.0654
Base + Radial Velocity 0.0653 0.4344 0.8897

Table 1. Motion prediction mean error (m) comparison on FMCW.

To address the second question, we propose PriorMo-
tion, a generative design that seamlessly converts conven-
tional motion regression decoders into probabilistic motion
generators. The core idea is to formalize prior knowledge
as probability distributions, allowing the model to capture
the full range of plausible motions [17, 56]. Unlike dis-
criminative models, which focus on conditional predictions,
PriorMotion explicitly learns the underlying distribution of

motion patterns. By integrating generative principles with
regression architectures, our framework overcomes the lim-
itations of deterministic approaches. This enables both ac-
curate predictions and systematic exploration of diverse,
high-fidelity motions based on the learned prior distribu-
tion. As illustrated in Fig. 1, our framework comprises two
key modules, which helps to extract prior knowledge and
guided motion prediction. The Raster-Vector Prior Encoder
(RVpE) extracts prior knowledge from the MFGT using
both rasterized and vectorized representations. Dynamic-
Static prior Generation (DSpG) module draws inspiration
from human visual processing of dynamic-static scene de-
composition. We model structural priors from MFGT using
a dual-branch Variational Autoencoder (VAE), followed by
a Spatial GRU for autoregressive latent space modeling to
refine motion prediction. During inference, we sample from
the learned distributations conditioned on the BEV features
and can thus predict future motion evolution. Our contribu-
tions are summarized as follows:

• Propose a novel paradigm that systematically integrates
structured motion priors to address spatiotemporal incon-
sistencies and model high-order interactions within BEV
cell grids, significantly enhancing motion prediction task.

• Reformulate motion prediction as a generative process
where priors are modeled as distributions, allowing seam-
less integration into conventional pipelines. The RVpE
and DSpG modules collaboratively extract and leverage
these priors to enhance motion prediction tasks.

• Comprehensive experiments on the nuScenes dataset (as
shown in Fig. 1) demonstrate that PriorMotion surpasses
state-of-the-art methods on both traditional benchmarks
and newly proposed evaluation metrics.

2. Related Work

2.1. Motion Prediction
Motion prediction methods aim to predict agents’ future
trajectories from past observations by extracting spatial
and semantic information [23]. These approaches can
be categorized into object-centric and class-agnostic (grid-
centric) methods. Object-centric methods rely on a cas-
caded pipeline of detection [22, 31, 32, 40, 53], tracking
[20, 38, 42], and prediction [8, 50, 52]. Each module se-
quentially depends on object detectors, making these meth-
ods less effective in open-set scenarios with unknown ob-
jects. Class-agnostic methods directly predict cell classi-
fication and motion fields in BEV without relying on de-
tection [25, 34, 45, 46]. MotionNet [51] laid the foun-
dation for grid-based spatial perception, while PillarMo-
tion [29] improved motion accuracy using cross-sensor self-
supervision. BE-STI [47] introduced a spatio-temporal en-
coder for separate decoding of grid semantics and motion,
and ST-Transformer [49] enhanced feature extraction with
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Figure 2. Architecture of PriorMotion. The architecture comprises several key components: a BEV Encoder, a Raster-Vector prior
knowledge Encoder (RVpE) and a Dynamic-Static prior Generator (DSpG). RVpE is only used during training. The motion prior knowledge
extracted by the RVpE module is used to guide the training of the latent space so that even without the RVpE module during inference, the
structural priors of BEV motion can still be involved in the network.

spatio-temporal attention. Despite these advances, most
methods focus on spatial-temporal feature extraction and
struggle with the sparsity of point cloud data. Efforts to
address this also include spatial and temporal consistency
loss functions [25, 45, 46].

In contrast, our generative framework integrates struc-
tural prior knowledge from the MFGT, improving the de-
coder’s ability to produce accurate and adaptable predic-
tions across diverse motion patterns. To advance class-
agnostic methods, we propose a comprehensive evaluation
protocol with novel metrics that assess traditional criteria as
well as motion stability and long-range prediction accuracy.

2.2. Generative Framework
Generative methods have been widely applied in various
fields, including image processing [15, 37], text generation
[2], and malware classification [3]. In autonomous driving,
their utility in trajectory prediction is particularly notewor-
thy [43, 54, 56]. For example, Social GAN [13] integrates
adversarial training for pedestrian motion forecasting, while
TrajGen [54] generates diverse and realistic trajectories to
enhance system adaptability in complex scenarios. DiffMap
[17] is the prior work to use the generative method with dif-
fusion models to improve map segmentation.

Our work presents a pioneering generative framework
tailored for motion prediction, addressing a significant void
in the utilization of generative models for class-agnostic
motion prediction tasks.

3. The proposed Approach

3.1. Problem Formulation
Input data representation. The input to our model is a se-
quence of LiDAR point clouds, denoted as Pt = {P i

t }
Nt
i=1,

where P i
t ∈ R3 represents the coordinates of a point at time

t, and Nt is the number of points in the cloud. These point

clouds are synchronized to the ego vehicle’s coordinate sys-
tem. The point clouds are transformed into a voxelized rep-
resentation Vt ∈ {0, 1}H×W×C , where H , W , and C are
the voxel grid dimensions along the X, Y, and Z axes. Non-
empty voxels are set to 1, and empty ones to 0.
Output data representation. The model outputs cater
to three tasks: motion prediction, cell classification, and
state estimation. For motion prediction, we predict the
future trajectory of each cell in the BEV pseudo-image
as:

{
Mt = (xt, yt) | Mt ∈ RH×W×2

}T

t=1
where Mt de-

notes the BEV motion field, and T is the number of pre-
dicted frames. For cell classification, we predict the class
of each cell at the current time step, represented as Ct ∈
RH×W×NC , where Ct contains the class labels of each cell,
and NC denotes the number of detectable cell categories.
For state estimation, we predict the probability of each cell
being static, represented as St ∈ RH×W , which denotes the
static probability for each cell.
Problem formulation. Given a sequence of LiDAR point
clouds {Pt}Tt=1, our goal is to predict future object posi-
tions, classify each cell, and estimate its state in the BEV
map. We aim to learn a function f such that:

f({Pt}Tt=1) → (Mt, Ct,St) (1)

3.2. PriorMotion Network
We introduce PriorMotion, a prior-enhanced generative ar-
chitecture designed to improve motion prediction in au-
tonomous driving. As illustrated in Fig. 2, our architec-
ture consists of three key components: a BEV Encoder
(Sec. 3.2.1) that extracts spatial and temporal features from
voxelized LiDAR data; RVpE (Sec. 3.2.2) that captures
instance-level and grid-level priors in the motion field dur-
ing training; and DSpG (Sec. 3.2.3) that learns latent struc-
tural priors by disentangling dynamic and static elements
and generating future motion in this learned latent space.
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Figure 3. RVpE Module. The top row illustrates the Vector Prior
Encoder (VpE), which captures sparse interactions between in-
stances. The bottom part shows the Raster Prior Encoder (RpE),
which encodes dense rasterized representations of the motion field
to enhance class-agnostic grid predictions.

3.2.1. BEV Encoder
The BEV Encoder processes multiple frames of voxelized
point clouds Vt. The BEV feature encoder in our framework
can be flexibly chosen from various state-of-the-art archi-
tectures, including the Spatio-Temporal Pyramid Network
(STPN) [51], or the temporally and spatially bidirectional
enhanced encoder (TeSE and SeTE) from BE-STI [47]. Us-
ing the backbone network, it outputs a BEV feature map
B ∈ RH×W×C′

.

3.2.2. Raster-Vector prior Encoder
The prior knowledge extractor in PriorMotion is designed
to distill valuable prior knowledge from the motion field,
which is crucial for enhancing the network’s performance.
Given that tasks operate on grid data in the BEV pseudo-
image, we naturally leverage dense rasterized representa-
tions to represent prior knowledge. Additionally, to account
for the instance characteristics of objects, we also extract
sparse vectorized representations to capture the interactions
between instances. This dual approach ensures comprehen-
sive integration of prior knowledge through two main com-
ponents: the Raster Prior Encoder (RpE) and the Vector
Prior Encoder (VpE), as shown in Fig. 3.
Raster prior Encoder. To effectively extract features from
dense feature maps, convolutional operations are naturally
employed [47, 51]. However, conventional encoders often
struggle to capture essential global details, potentially over-
looking critical scene-wide information. Such information
is crucial for understanding complex traffic scenarios, such
as those encountered at intersections. In this work, we treat
the motion field as the primary feature map and introduce
a raster prior encoder that incorporates both global and lo-
cal processing branches. The CNNs enhance the extraction
of local features in high-resolution images, while attention
mechanisms are utilized on low-resolution inputs to effi-
ciently gather global scene information, thereby reducing
computational overhead.

Local Branch: For the ground-truth BEV motion field
M, we initially apply a 1 × 1 3D convolution operation

to extract spatial and temporal features, subsequently inte-
grating the temporal dimension into the channel dimension,
denoted as F local

M . Similarly, for the ground-truth cell clas-
sification C and state S, concatenation is first performed be-
fore applying a 1×1 2D convolution to extract their features,
represented by F local

C,S in Eq. 2, then a concatenation opera-
tion is employed to form the final local features F local

M,C,S .

F local
M = 3DConv(M), F local

C,S = 2DConv([C,S]) (2)

Here, [·] denotes the concatenation operation.
Global Branch: We start by reducing the resolution

of the motion field M and then apply a Temporal Self-
Attention (TSA) module to generate a new feature map
Fglobal

M . After acquiring this temporally enriched global
feature map, it is concatenated with the category map C and
motion state map S and fused by a Spatial Self-Attention
(SSA) module to form an integrated feature map Fglobal

M,C,S .

Fglobal
M = TSA(M),Fglobal

M,C,S = SSA([Fglobal
M , C,S]) (3)

Ultimately, we introduce a learnable factor ρ to dynamically
merge global and local information into PR, facilitating the
adaptive allocation of feature weights.

PR = ρ×Fglobal
M,C,S + (1− ρ)×F local

M,C,S (4)

Vector prior Encoder. To capture instance-aware dynam-
ics, we construct Nins instance sequences through motion
field sampling. For each instance, N grid points (xi, yi)
are sampled along its trajectory, analogous to SD map poly-
line extraction, with 2D interpolation for underpopulated in-
stances. Each grid is characterized by: 1) sinusoidal posi-
tional embeddings, 2) instance-specific displacement vec-
tor, and 3) one-hot category encoding.

The temporal evolution of the instance-aware displace-
ment MI ∈ RT×2 is captured through an LSTM layer.

The final instance representation I ∈ RNins×DI inte-
grates spatial interaction features:

DI = N · dpos︸ ︷︷ ︸
geometry

+ NC︸︷︷︸
semantics

+T · dM︸ ︷︷ ︸
motion

(5)

where dpos is the dimension of positional embedding, dM is
the dimension of LSTM output, and DI is the dimension of
the instance representation.

Transformer encoder for vector priors. Given the in-
stance sequence representation of motion field, we wish
to use a Transformer encoder to learn a feature represen-
tation. The Transformer Encoder consists of L layers of
self-attention(L = 6 in this work), allowing the network
to model global relationships between instances with their
corresponding motion across the entire scene. The output
PV is a vector prior knowledge representation of shape
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Nins × DI produced by the instance-level self-attention
(ISA) mechanism, which can be formulated as follows:

PV = ISA(I) (6)

Prior fusion. After extracting raster and vector prior
knowledge, we apply Prior Cross-Attention (PCA) between
the BEV features and vector priors. We then concatenate the
enriched BEV features with raster priors, resulting in vec-
tor prior-enhanced BEV features. The final fused features
Bprior ∈ RH×W×C′

combine BEV features from voxelized
point clouds and prior knowledge, offering a comprehensive
representation for downstream tasks.

Bprior = [B,PR,PCA(q = B, k = v = PV)] (7)

3.2.3. Dynamic-Static prior Generator
Considering that motion fields often exhibit structured pat-
terns such as instance consistency and rigid dynamics, we
formulate the prediction tasks as generating realistic motion
and classification maps M and C,S in BEV space, con-
ditioned on features B to leverage these structured priors.
Unlike conventional convolutional decoders, we model this
process as M ∼ p(M|B) and C,S ∼ p(C,S|B).

Dynamic-static prior modeling. Drawing inspiration
from how humans perceive the environment with varying
focus on dynamic and static elements, we utilize an off-the-
shelf perception model to initially generate dynamic and
static masks. Our VAE framework projects BEV features
into a structured latent space using dynamic/static masks
from a pretrained perception model. The encoder outputs
distribution parameters:

p(Z|M(Bdynamic,Bstatic)) ∼ N (µf , σ
2
f ) (8)

yielding compressed latent representation in BEV space
Z ∈ RH/4×W/4×DZ through spatial downsampling.

Latent future motion generation. Once the latent prior
distribution of the future motion field is obtained, we de-
code the latent representations into explicit motion fields

in the BEV space. A direct approach would involve feed-
ing the latent features into a decoder to generate the mo-
tion field, along with cell classification and state estimation.
However, such an approach neglects the temporal evolution
and interaction dynamics of grids. To address this concern,
we decode latent states Z0 using a Spatial GRU (SGRU)
that models temporal evolution and :

Zt+1 = SGRU(Zt), Mt+1 = FSD(Zt+1) (9)

Subsequently, we decode the motion field for the next time
step, MT+1, using a Feature Selection Decoder (FSD) with
SE layer [14](explained in appendix). This process models
the joint conditional probability:

p(M(B) | Z0) = p(Mt+1 | Z0) · p(Mt+2 | Mt+1,Z0) · · ·
· p(Mt+T | Mt+1, · · · ,Mt+T−1,Z0)

(10)
t denotes the current timestamp and T is the prediction hori-
zon, which is set to 20 in this work. For classification tasks,
we decode through:

p(C,S|Z0) = B′ ⊕Z0 (11)

where ⊕ denotes feature fusion. The complete architecture
of DSpG module is shown in Fig. 4.

3.2.4. Loss Function
The PriorMotion model is trained using a composite loss
function that optimizes motion prediction, cell classifica-
tion, state estimation, and motion field priors. For motion
prediction, classification, and state estimation, we follow
standard practices from [51], with details in the appendix.

Prior loss. We introduce a Kullback-Leibler (KL) diver-
gence loss to model motion field priors. This loss ensures
the predicted BEV distribution p(Z|B) matches the ground
truth p(Z|B′), enforcing consistency with learned motion
priors:

Lprior = KL (p(Z|B) ∥ p(Z|Bprior)) (12)

The total loss is a weighted sum of individual terms, bal-
ancing their contributions during training:

L = λmot ·Lmot+λstate ·Lstate+λcls ·Lcls+λprior ·Lprior (13)

where λmot, λstate, λcls, and λprior are hyperparameters con-
trolling the importance of each loss term.

4. Experiment
In this section, we conduct experiments to address the fol-
lowing questions: (1) Does our generative framework im-
prove the performance of class-agnostic motion prediction
algorithms across different backbones? (2) How do RVpE
and DSpG influence learning performance and enhance the
motion field with prior knowledge? (3) Does incorporating
prior knowledge through our method unlock new capabili-
ties such as motion stability, distant region perception with
sparse point cloud inputs, and improved generalization?
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Method Backbone
Static Speed ≤ 5m/s Speed > 5m/s

Mean↓ Median↓ Mean↓ Median↓ Mean↓ Median↓

StaticModel Rules 0 0 0.6111 0.0971 8.6517 8.1412
FlowNet3D[28] PointNet 0.0410 0 0.8183 0.1782 8.5261 8.0230
HPLFlowNet[12] BCL 0.0041 0.0002 0.4458 0.0960 4.3206 2.4881
PointRCNN[57] PointNet 0.0204 0 0.5514 0.1627 3.9888 1.6252
LSTM-EM[34] LSTM 0.0358 0 0.3551 0.1044 1.5885 1.0003

Pillar.M(L&I)[29] Pillar.E 0.0245 0 0.2286 0.0930 0.7784 0.4685
SelfBEV(L&I)[10] STPN 0.0514 0 0.4212 0.1073 2.0766 1.3226

WeakMotion[25] STPN 0.0426 0 0.4009 0.1195 2.1342 1.2061
SelfMotion[45] STPN 0.0419 0 0.3213 0.1061 2.2943 1.0508
MotionNet[51] STPN 0.0262 0 0.2467 0.0961 0.9878 0.6994
MotionNet[51]† STPN 0.0201 0 0.2292 0.0952 0.9454 0.6180
MotionNet[46]‡ STPN 0.0271 0 0.2267 0.0945 0.8427 0.5173
STPN /w(Ours) STPN 0.0251(↓4.20%) 0 0.2247(↓8.92%) 0.0949 0.8324(↓15.73%) 0.6069

STI[47] STI 0.0244 0 0.2375 0.0950 0.9078 0.6262
BE-STI[47]† STI 0.0220 0 0.2115 0.0929 0.7511 0.5413
STI /w(Ours) STI 0.0239(↓2.05%) 0 0.2264(↓4.67%) 0.0882 0.7739(↓14.75%) 0.5772

Table 2. Comparison with State-of-the-Art Results on nuScenes. We report the mean errors for static grids, slow moving grids with speed ≤
5 m/s, and fast moving grids with speed > 5 m/s. Pillar.M(I&L)[29] is the only method trained using both camera and LiDAR modalities.
†: MGDA [35]. ‡: Data augmentation from [46]. STPN: MotionNet backbone. STI: BE-STI backbone.

4.1. Experimental Setup

Dataset. We conduct our experiments on the nuScenes
dataset [4], a large-scale autonomous driving benchmark
that provides comprehensive sensor data, including a 360-
degree LiDAR, cameras, and radars. The dataset consists
of 1000 scenes, with 850 scenes for training and validation,
and 150 scenes for testing. Following the standard split,
we use 500 scenes for training, 100 scenes for validation,
and 250 scenes for testing. Each scene lasts approximately
20 seconds, with annotations provided at 2Hz and LiDAR
point clouds captured at 20Hz.

Implementation details. For fair comparison, the same
data preprocessing pipeline is adopted as in [51] with 3D
bounding box annotations. Input point clouds are cropped
to the range of [−32m, 32m]× [−32m, 32m]× [−3m, 2m]
and voxelized with a resolution of 0.25m× 0.25m× 0.4m.
Each sequence consists of 5 frames, with the last frame cor-
responding to the current time and the previous 4 frames
from past timestamps. During training, we supervise the
model with both motion prediction and cell classification
tasks. We use the Adam optimizer [21] with an initial learn-
ing rate of 0.0016, which is decayed by a factor of 0.5 at
epochs 10, 20, 30, and 40. The network is trained for 45
epochs with a batch size of 4 on a single Tesla A100 GPU.

Evaluation metrics. To evaluate our model, we follow the
protocol in [51], dividing non-empty cells into three speed
groups (static: speed ≤ 0.2m/s, slow: speed ≤ 5m/s, fast:
speed > 5m/s) and reporting mean and median prediction
errors for each group. We also report overall accuracy (OA)

and mean category accuracy (MCA) for cell classification.
Additionally, we propose novel metrics for a more compre-
hensive evaluation:

Generalization metric. We assess the model’s ability to
generalize to unseen categories by masking the loss for a
specific category during training. At test time, we compute
the displacement error for the masked category. Let M be
the set of masked cells, and v̂i and vi be the predicted and
ground truth velocities for cell i. The error and generaliza-
tion index (GI) are defined as:

LMc
=

1

|M |
∑
i∈M

∥v̂i − vi∥2, GI =
LMask

Mc

LMc

(14)

where LMask
Mc

is the error for the masked category during
masked training, and LMc

is the error without masking. A
higher GI indicates better generalization.

Motion stability metric. This metric measures the sta-
bility of motion for grids within the same instance. Let I be
the set of instances, and Di the set of displacement vectors
for instance i. The stability for instance i is:

σ2
i =

1

|Di|
∑
d∈Di

∥d− d̄i∥22 (15)

where d̄i is the mean displacement vector for instance i.
Distance-based displacement error metric. We eval-

uate displacement prediction performance across three dis-
tance ranges: [0, 10], [10, 20], and [20,∞) meters. For each
range R, the mean displacement error is computed.
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Method
Classification Accuracy(%)↑

Bg Vehicle Ped. Bike Others MCA OA

PointRCNN[39] 98.4 78.7 44.1 11.9 44.0 55.4 96.0
LSTM-ED[34] 93.8 91.0 73.4 17.9 71.7 69.6 92.8
MotionNet[51] 97.6 90.7 77.2 25.8 65.1 71.3 96.3
MotionNet†[51] 97.0 90.7 77.7 19.7 66.3 70.3 95.8
BE-STI[47] 97.3 91.1 78.6 24.5 66.5 71.6 96.0
BE-STI[47]† 94.6 92.5 82.9 25.9 77.3 74.7 93.8
STPN /w(Ours) 94.6 92.1 86.9 27.3 80.4 76.3 93.6

Table 3. Performance on the cell classification task on nuScenes.

4.2. Main Results

Comparison with SOTA methods. We show our perfor-
mance on the nuScenes dataset in Tab. 2, comparing results
of motion prediction models with and without PriorMotion.
For fairness, no data augmentation or multi-gradient de-
scent algorithm (MGDA) is used.

Our generative prior-enhanced framework significantly
boosts performance compared to traditional models with-
out such enhancements, especially in predicting both slow
and fast-moving objects. It is compatible with multiple
backbone architectures, including STPN and STI, consis-
tently improving results across different setups. Specifi-
cally, when compared to MotionNet [51], PriorMotion re-
duces the mean prediction error by approximately 8.92%
for slow-moving objects and 15.73% for fast-moving ob-
jects. Compared to STI, the reductions are about 4.67%
and 14.75%, respectively. In cell classification tasks, our
method also shows superior accuracy, particularly in identi-
fying dynamic objects such as bicycles.
Generalization analysis. Object-level methods strug-
gle under masking, producing random-like outcomes due
to their reliance on detection, tracking, and prediction
pipelines, which are highly sensitive to masked objects.
In contrast, class-agnostic methods demonstrate stronger
generalization, effectively handling incomplete or partially
obscured data even when loss is not propagated through
masked regions during training. Our generative architecture
further enhances this generalization by capturing abstract
prior knowledge. By leveraging structured priors and a rich
latent space representation, the model effectively general-
izes to unseen scenarios, including masked regions. This
capability improves adaptability and reliability, ensuring ac-
curate predictions in novel or partially occluded environ-
ments, making it well-suited for real-world applications.
Prediction performance at distant regions. We evaluate
our framework across different distance ranges and observe
a significant reduction in prediction errors at longer dis-
tances compared to other methods. Traditional approaches
often suffer in distant regions due to the sparsity of point
cloud data, as they mainly focus on encoder design. In con-
trast, our generative model leverages motion field priors and
a structured latent space, effectively addressing point cloud
sparsity and maintaining high prediction accuracy. These

Method Backbone
Mean Speed↓

Generalization(%)↑
≤ 5(m/s) > 5(m/s)

MotionNet STPN 0.0704 0.2579
81.6

MotionNet(†) STPN 0.0927 0.3159

STPN /w(Ours) STPN 0.0674 0.1969 86.4(↑5.88%)
STPN /w(Ours)(†) STPN 0.0669 0.2278

BE-STI STI 0.0736 0.2077
84.3

BE-STI(†) STI 0.0744 0.2463

STI /w(Ours) STI 0.0615 0.1672 85.4(↑1.30%)
STI /w(Ours)(†) STI 0.0637 0.1956

Table 4. Evaluation of the proposed generalization metric. The †
symbol denotes that the ”other” category cells are masked.

results highlight the robustness of PriorMotion in challeng-
ing scenarios involving distant objects.

Method Backbone Static↓ Slow↓ Fast↓ Motion S. ↓
MotionNet STPN 0.0224 0.2587 1.2990 0.0267
STPN /(Ours) STPN 0.0263 0.2207 0.8549 0.0088

STI STI 0.0215 0.2784 1.1200 0.0221
STI /(Ours) STI 0.0254 0.1922 0.7962 0.0075

Table 5. Comparison of SOTA methods on long-distance(over 20
meters) speed error and motion stability metrics.

Runtime analysis. For real-time autonomous driving, Li-
DAR point cloud processing must stay within 100ms. Our
model runs at 69ms(in Tab. 6), with 12ms for point cloud
voxelization and 57ms for the forward pass.

Params RVpE DSpG Static↓ Slow↓ Fast↓ Infer.T↓

(a)8.0M ✗ ✗ 0.0240 0.2467 1.0109 19ms
(b)9.2M ✗ ✗ 0.0244 0.2375 0.9078 45ms

(c)8.3M ✓ ✗ 0.0274 0.2273 0.9028 24ms
(d)11.5M ✓ ✓ 0.0251 0.2247 0.8318 69ms

Table 6. Results with different backbones: (a) MotionNet, (b) STI,
Baseline variants: Our approaches: (c) RVpE module /w simple
decoder, (d) Ours. Inference time measured on an RTX 3090.

Qualitative results. Results are shown in Fig. 5. Our
framework accurately predicts motion across diverse object
categories and improves motion stability and prediction ac-
curacy in distant regions. This provides robust and reliable
perception information for downstream tasks. More quali-
tative results are available in supplementary material.

4.3. Ablation Study
We conduct extensive ablation studies to evaluate the con-
tribution of different components in our framework. The
baseline model we used is MotionNet.

Effect of RVpE. To validate the effectiveness of the
RVpE, we experiment with a simple generative frame-
work(Simple.G), using concatenation to fuse prior knowl-
edge. Incorporating the Rasterized and Vectorized prior

27290



1-(a) 1-(b)

1-(c) 1-(d)
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Figure 5. Qualitative comparison between PriorMotion and the baseline model. Top row: (a) object-level ground truth (BEV); (b) grid-
level ground truth. Bottom row: (c) baseline predictions; (d) PriorMotion predictions. Motion directions are indicated by arrows; colors
represent object categories: Cyan: background; purple: vehicle; black: pedestrian; green: bike; red: others.

Method
Module Static Speed≤5m/s Speed > 5m/s

VpE RpE DSpM LFmG Mean↓ Median↓ Mean↓ Median↓ Mean↓ Median↓

Simple.G ✗ ✗ ✗ ✗ 0.0255 0 0.2477 0.0974 0.9733 0.7052
(a) ✓ ✗ ✗ ✗ 0.0318 0 0.2464 0.0960 0.9580 0.7003
(b) ✗ ✓ ✗ ✗ 0.0267 0 0.2356 0.0955 0.9351 0.6380
(c) ✓ ✓ ✗ ✗ 0.0274 0 0.2273 0.0953 0.9028 0.6216

(d) ✗ ✗ ✓ ✗ 0.0235 0 0.2360 0.0985 0.9564 0.6548
(e) ✗ ✗ ✓ ✓ 0.0249 0 0.2256 0.0930 0.8943 0.6892
(f) ✓ ✓ ✓ ✓ 0.0251 0 0.2247 0.0949 0.8324 0.6069

Table 7. Performance comparison of our models with different combinations of components on nuScenes.

representations individually and jointly—improves perfor-
mance(shown in Tab. 7). Specifically, adding VpE alone
reduces the mean prediction error for fast-moving objects
by 1.57%, as it captures instance-level prior knowledge
from vectorized representations, enhancing dynamic mo-
tion modeling. However, static cells show a slight perfor-
mance drop due to the sparse nature of vector priors.

RpE further reduces the mean prediction error by 4.88%
for slow-moving and 3.92% for fast-moving objects. By
extracting prior knowledge from rasterized representations,
RpE offers global-local, spatially consistent cues that com-
plement VpE. The combination of both modules yields the
most significant overall improvement, especially in motion
stability, highlighting the benefit of integrating raster and
vector priors for comprehensive scene understanding.

Effect of DSpG. We also investigate the role of the
DSpG, with dynamic-static prior modeling (DSpM) and la-
tent future motion generation (LFmG). As shown in Tab. 7,
when using LFmG alone, we directly use a SGRU to gradu-
ally produce motion prediction given the simple prior injec-
tion. While SGRU effectively considers the temporal dy-
namics of motion prediction, it may introduce some com-
plexity, leading to potential overfitting in static regions.
With only the DSpM module, we directly decode the en-

tire motion from the latent space, the dual modeling with
dynamic and static avoid performance reduction of static
cell grids. We see that both modules are effective and im-
prove the performance. Combining the two modules further
improves the performance by a large margin.

Performance on our private dataset. We further eval-
uate PriorMotion’s performance on a private dataset col-
lected using FMCW LiDAR. Our method shows consistent
improvements in motion stability and speed accuracy in dis-
tant regions. Detailed results are provided in the appendix.

5. Conclusion

We presented PriorMotion, a generative framework enhanc-
ing class-agnostic motion prediction through the integration
of motion priors modeled as distributions within a struc-
tured latent space. Our method includes a RVpE to extract
motion field priors and a DSpG to model dynamic-static
Gaussian distributions, enabling high-order interactions and
producing more accurate future motion fields using learned
structural priors. Experiments on the nuScenes dataset
demonstrated that PriorMotion outperforms SOTA meth-
ods, achieving notable improvements in accuracy for fast-
moving objects, enhanced generalization, increased motion
stability, and reduced errors in distant regions.
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