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Abstract

Learning the dense bird’s eye view (BEV) motion flow in a
self-supervised manner is an emerging research for robotics
and autonomous driving. Current self-supervised methods
mainly rely on point correspondences between point clouds,
which may introduce the problems of fake flow and incon-
sistency, hindering the model’s ability to learn accurate and
realistic motion. In this paper, we introduce a novel cross-
modality self-supervised training framework that effectively
addresses these issues by leveraging multi-modality data to
obtain supervision signals. We design three innovative super-
vision signals to preserve the inherent properties of scene
motion, including the masked Chamfer distance loss, the
piecewise rigidity loss, and the temporal consistency loss.
Through extensive experiments, we demonstrate that our pro-
posed self-supervised framework outperforms all previous
self-supervision methods for the motion prediction task.

Introduction
Accurate prediction of dynamic motion within a scene
is fundamental for the safe and robust planning of au-
tonomous vehicles. Instead of predicting instance-level tra-
jectories (Chen et al. 2020). An emerging trend is to pre-
dict the dense motion flow in the BEV (Bird’s Eye View)
map directly from raw sequential sensor input in an end-
to-end manner (Wu, Chen, and Metaxas 2020; Wang et al.
2022). This approach is less susceptible to perception errors
and possesses the capability to discern class-agnostic mo-
tion (Wu, Chen, and Metaxas 2020; Wong et al. 2020). Nev-
ertheless, training flow prediction models with supervision
necessitates a substantial volume of annotations for sensor
data and annotating motion labels for sensor data proves to
be intricate and costly. Hence, the effective utilization of vast
amounts of unlabeled raw data for motion prediction train-
ing has emerged as a notable and encouraging challenge. Re-
cently, many works have proposed various self-supervised
frameworks to learn the BEV motion without relying on
ground truth labels (Luo, Yang, and Yuille 2021; Li et al.
2023; Jia et al. 2023).

Inspired by self-supervised scene flow estimation, cur-
rent self-supervised BEV motion prediction methods (Luo,
Yang, and Yuille 2021; Li et al. 2023) primarily rely on
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Figure 1: Problems in current self-supervised motion learn-
ing methods that rely on point correspondence. (a) For static
objects (background building), points with correspondences
in the point cloud sequence may have completely different
locations, misleading the model to learn the fake flow. (b)
Due to the sparse nature of the point cloud, points within an
instance may learn highly varying flow.

chamfer distance loss to establish the point-level correspon-
dences between point clouds. However, this heavy depen-
dence on point-level correspondences leads to two major
problems when learning motion patterns from real-world Li-
DAR point cloud data.

The first problem is fake flows. Due to the alterations in
the viewpoint of the LiDAR sensor, points associated with
the background or static objects often exhibit flow that does
not exist, as shown in Figure 1(a). This fake flow will mis-
lead the model to learn incorrect motion patterns, thereby
adversely affecting the accuracy of predictions. One previ-
ous work (Li et al. 2023) introduces a weakly supervised set-
ting where foreground/background ground truth is available
to mitigate the impact of noise originating from background
points to alleviate the problem. However, the method still
remains limited as extra human annotation is indispensable.

The second problem is the inconsistent flows within one
single object; see an illustration in Figure 1(b). Owing to the
inherent sparsity in point cloud data, the point-level flows as-
sociated with the same objects may exhibit inconsistent mo-
tions when solely relying on the point correspondences. This
problem of inconsistency violates the object-level rigid con-

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

1726



straints and causes confusion for model learning procedures.
(Luo, Yang, and Yuille 2021) aims to preserve the local uni-
formity of motion flow by employing a smoothness loss,
which encourages minimal changes among neighbor flow
values. Unfortunately, this assumption fails in the boundary
region between moving objects and the background and is
unable to ensure instance-level motion consistency.

To address the challenges of fake flow and inconsistent
flow, rather than developing another network model, our fo-
cus is to design dedicated supervision signals to preserve
a series of inherent properties of scene motion. For the
fake flow issue, one common, yet fundamental property
is that motion is restricted to moving objects. Stationary
components should exhibit no motion, allowing us to fil-
ter out background noise and obtain a more precise motion
flow. To tackle the inconsistent flow challenge, we focus on
two primary properties: object and temporal consistency. In
essence, points within rigid objects should move uniformly.
Furthermore, object motions should remain relatively stable
over short periods, ensuring no abrupt changes. By empha-
sizing these key properties, we enhance the uniformity and
reliability of the motion flow.

However, due to the notorious noise and sparsity issues of
point cloud data, relying solely on point cloud sequences
might compromise the accurate representation of scene
motion properties. To compensate, we leverage the multi-
modality information. We specifically incorporate sequen-
tial camera images—readily accessible since most robots are
equipped with cameras, thereby incurring no extra annota-
tion costs. These sequential images enable the extraction of
optical flow, providing a rich layer of motion insights. This
stands in stark contrast to the sparse, irregular, and frag-
mented data in point cloud sequences. Optical flow images
distinctly highlight the coherent and consistent motion of
objects, sharply separating them from the background.

Leveraging the advantages of multi-modality data, we in-
corporate the spirit of preserving scene motion’s inherent
properties into a novel self-supervised training framework
for BEV motion prediction. Specifically, i) to ensure that
motion is exclusive to moving objects, the framework gener-
ates a pseudo static/dynamic mask for each point cloud ac-
cording to the optical flow data. Then this mask will be used
to ensure structural consistency exclusively for the dynamic
portion through a novel masked Chamfer distance loss; ii) to
promote motion consistency in individual objects, we em-
ploy a simple clustering technique to the optical flow image,
discerning instance boundaries and creating pixel clusters in
the image space. Then the cluster information for each pixel
will be projected to the point cloud space, creating rigid
point cloud clusters that should share the same motion flow
to ensure the instance-level rigidity constraints; and iii) for
temporal motion consistency, we introduce a novel tempo-
ral consistency loss, which enforces the smoothness of pre-
dictions across long point cloud sequences. Note that image
data are only used for providing supervision signals in the
training phase; during inference, the proposed BEV motion
prediction network only needs point cloud sequences.

Experimental evaluations conducted on the
nuScenes (Caesar et al. 2020) dataset demonstrate that

our proposed methodology improves upon previous self-
supervised approaches by up to 40%. Notably, our method
achieves performance comparable to weakly-supervised
and fully-supervised methods.

To summarize, the main contributions of our work are:
• We propose a novel cross-modality self-supervised train-

ing framework for BEV motion prediction, which lever-
ages multi-modality data to obtain supervision signals.

• We propose three novel supervision signals to preserve
the inherent properties of scene motion, including the
masked Chamfer distance loss, the piecewise rigidity loss
and the temporal consistency loss.

• Our method achieves state-of-the-art performance. Com-
prehensive experiments demonstrate the effectiveness of
our designed framework.

Related Work
Motion Prediction
The goal of motion prediction is to estimate the future
movements of mobile objects in a scene based on past ob-
servations. Traditional approaches tackle this issue via a
two-stage framework, relying on the results of 3D object
detection and tracking to predict the instance-level trajec-
tories (Casas et al. 2020; Luo, Yang, and Urtasun 2018;
Phillips et al. 2021). However, the dependence on inter-
mediate results may lead to error accumulation and a lim-
ited ability to perceive unknown classes (Wu, Chen, and
Metaxas 2020; Wong et al. 2020). An emerging trend is to
predict dense future motion in an end-to-end framework di-
rectly from sequential sensor input, including multi-frame
point clouds (Wu, Chen, and Metaxas 2020; Lee et al. 2020;
Luo, Yang, and Yuille 2021; Filatov, Rykov, and Murashkin
2020; Wang et al. 2022; Wei et al. 2023) and multi-view im-
ages (Hu et al. 2021; Zhang et al. 2022; Fang et al. 2023).

Training a motion prediction model requires high-quality
manual labels, but obtaining such labels is both expensive
and laborious. Accordingly, some methods aim to mitigate
this issue from various perspectives. (Luo, Yang, and Yuille
2021) proposes a self-supervision method that utilizes point
cloud structure consistency and cross-modality regulariza-
tion; (Li et al. 2023) proposes the use of a weakly super-
vised setting that only utilizes foreground/background infor-
mation, effectively improving the accuracy. (Jia et al. 2023)
employs contrastive learning to learn BEV pillar features
and uses pillar association to predict motion. In this paper,
we propose a novel self-supervised framework and achieve
remarkable performance that is comparable to other weakly
supervised and even fully supervised approaches.

Self-Supervised Scene Flow Estimation
Scene flow estimation aims to determine the 3D motion
displacement at the point level between a pair of point
clouds (Liu, Qi, and Guibas 2019; Puy, Boulch, and Marlet
2020; Jund et al. 2021; Cheng and Ko 2022; Li et al. 2021;
Gu et al. 2019). Learning scene flow in a self-supervised
manner is a popular field of research (Mittal, Okorn, and
Held 2020; Wu et al. 2019; Baur et al. 2021; Kittenplon,
Eldar, and Raviv 2021; Tishchenko et al. 2020). (Mittal,
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Figure 2: An overview of our cross-modality self-supervision learning framework. An overview of our cross-modality self-
supervision learning framework. For self-supervised training, we introduce three innovative self-supervised losses that align
with real-world motion patterns. The inference process only takes the point cloud sequence as input and predicts the motion
flow of each BEV cell (grey area).

Okorn, and Held 2020) was the first to establish a self-
supervised learning framework that utilizes a combination
of nearest neighbor and cycle consistency loss. Following
(Wu et al. 2019), (Kittenplon, Eldar, and Raviv 2021; Pontes,
Hays, and Lucey 2020) use the chamfer distance loss to learn
the point correspondences between two point clouds. (Li
et al. 2022b; Gojcic et al. 2021) employ ego-motion estima-
tion and exploit the piecewise rigid nature of point clouds.

We follow the philosophy of (Wu et al. 2019; Li et al.
2022b) by designing self-supervised loss to maintain struc-
tural consistency between point clouds and exploiting the
piecewise rigidity for regularization. Nevertheless, most of
these methods (Li et al. 2022b; Wu et al. 2019; Mittal,
Okorn, and Held 2020) usually assume strong one-to-one
correspondences between point clouds and incur heavy com-
putational costs, making them unsuitable for real-time per-
ception in autonomous driving. We propose a masked cham-
fer loss to mitigate these issues. Moreover, unlike scene flow
estimation, which identifies motion between a pair of point
clouds, we concentrate on predicting the future of the scene
based on point cloud sequences.

LiDAR-Camera Fusion
LiDAR-camera fusion has been extensively investigated to
enhance scene perception, including various tasks such as
3D object detection (Vora et al. 2020; Li et al. 2022c; Liang
et al. 2022) and scene flow estimation (Rishav et al. 2020;
Liu et al. 2022). A novel line of research is to leverage cross-
modality information as supervised signals to support model
training. (Ding et al. 2023) combines detection and tracking
results from LiDAR point clouds with odometry data and

optical flow to jointly improve radar scene flow learning.
(Li et al. 2022a) generates noisy pseudo-labels from optical
flow to supervise scene flow learning. Additionally, (Luo,
Yang, and Yuille 2021) facilitates motion prediction learning
through LiDAR-camera cross-modality regularization. Op-
tical flow data, which can be easily obtained from camera
video without human labeling, has shown the potential to
aid motion learning on point clouds. However, these meth-
ods solely employ the numerical values of optical flow as
the guidance for point cloud motion and ignore the inherent
advantages of optical flow data over point clouds.

Method
This section introduces a self-supervised training framework
for BEV motion prediction, where three novel supervision
signals are generated from multi-modality inputs, including
point cloud sequences and camera videos.

Problem Formulation
The objective of the motion prediction task is to directly
forecast the motion of mobile grids in the 3D BEV map from
historical point cloud sequences (Li et al. 2023; Wang et al.
2022). The prediction model takes the current frame 0 along
with T past frames of point clouds that synchronized to the
current frame as input. The point cloud sequence is denoted
as Pt = {pti ∈ R3}Nt

i=1, t = 0,−1, · · · ,−T , where Nt rep-
resents the number of points in Pt. The multi-view camera
video is utilized in the training process. The corresponding
multi-view images of Pt are {Ikt ∈ RH×W×3}Nc

k=1, where
Nc is the number of cameras.
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(a) (b) (c) (d)

Figure 3: Rigid piece generation. (a) A frame of sequential images; (b) Over-segmentation on the optical flow image; (c) Over-
segmentation projected to the associated point cloud; (d) Rigid pieces after fusion. In (c) and (d), each color refers to a piece.

The future motion is represented in the form of a BEV
(bird’s eye view) map. Assuming the model predicts T ′

frames of future motion field, Mt ∈ RX×Y×2, t =
1, · · · , T ′ represents the motion field of the t frame, where
X×Y is the shape of the BEV map according to the vehicle-
ego coordinates at the current timestamp. Considering that
each grid in the BEV map represents a rather small area in
the real-world scene, points within the same pixel grid have
identical motion flow. To generate a point-level 3D motion
flow, each point can be assigned the motion of its corre-
sponding position in the BEV map based on its 3D coor-
dinates, and the vertical motion is set as zero. The motion of
points is denoted as Ft =

{
f t
i ∈ R3

}N0

i=1
, t = 1, · · · , T ′.

Apart from predicting the future motion from time 1 to
T ′, the model can also infer the motion situation from the
current frame to the past frames. Therefore, in the following
section, T = {t1, · · · , tn} is used to represent the entire set
of time frames that the model predicts, including 1 to T ′ and
possible backward predictions (for example, −1).

Overview
Figure 2 overviews our training framework. Since the pre-
diction model is not our focus, we directly adopt Motion-
Net (Wu, Chen, and Metaxas 2020). The key of this work
is to leverage multi-modality inputs to provide three super-
vision signals that can preserve inherent properties of scene
motion. They include: 1) pseudo static/dynamic mask loss
generated from sequential video, 2) the piece-wise rigidity
loss, and 3) temporal motion consistency loss. Here are the
detailed descriptions.

Pseudo Static/Dynamic Mask Loss
We employ Chamfer Distance as the foundation of learn-
ing structural consistency. The Chamfer Distance serves as
a measure of similarity between two sets of points. In self-
supervised training (Wu et al. 2019; Kittenplon, Eldar, and
Raviv 2021) or optimization (Li, Kaesemodel Pontes, and
Lucey 2021; Pontes, Hays, and Lucey 2020) methods re-
lated to point clouds, the chamfer distance loss is a widely
used technique that helps maintain the structural consistency
of two point clouds.

For any frame t, with the predicted point-level flow Ft

from frame 0 to frame t, the predicted point cloud can be
calculated as P′

t = {p′i ∈ R3 | p′i = p0i + f t
i }

N0
i=1. Given

the point cloud Pt at frame t, the self-supervised chamfer
distance loss can be defined as

Lcd(Pt,P
′
t) =

∑
pj∈Pt

min
p′i∈P′

t

∥∥pj − p′i
∥∥2

2
+

∑
p′i∈P′

t

min
pj∈Pt

∥∥p′i − pj
∥∥2

2
.

(1)
However, the point cloud data is often sparse and full of

noise points. Even for stationary objects, the point cloud rep-
resentation can vary significantly with the sensor’s move-
ment (Khurana et al. 2023). This poses great challenges and
introduces noise when relying on Chamfer distance loss for
learning. To better understand the motion of a dynamic 3D
scene, it is crucial to focus on moving targets while dis-
regarding the background and stationary objects. However,
due to the sparse and noisy nature of the point cloud, it is dif-
ficult to distinguish between the static and dynamic parts of
a point cloud in open scenes. In contrast, optical flow in the
image space is much more accessible and easier to obtain.
Video data is abundant with superior temporal and texture
information, and the relevant techniques are already well-
established (Sun et al. 2018; Teed and Deng 2020). Previous
works (Luo, Yang, and Yuille 2021; Ding et al. 2023) have
utilized the value of image optical flow to assist in learning
point cloud scene flow. In our method, we propose to extract
a pseudo static/dynamic mask from the optical flow results
of the image data to aid in structure consistency learning.

Given the point cloud time frame t ∈ T, we can get the
adjacent image pairs (Ikt , I

k
t+δt), k = 1, · · · , Nc from the

camera video. For brevity, we omit the superscript k for
camera index and the subscript t for frame index in sub-
sequent contents, and use I and I′ to denote Ikt and Ikt+δt.
The optical flow generated from I and I′ is denoted as
F2D ∈ RH×W×2.

The optical flow F2D cannot yet be directly used to deter-
mine the motion status of each pixel. Apart from the optical
flow generated by dynamic targets in the scene, the move-
ment of the ego vehicle also produces flow in the camera
view. Following (Luo, Yang, and Yuille 2021), we divide
the optical flow into two parts, F2D = F2D

ego + F2D
mot, where

F2D
ego corresponds to the optical flow caused by vehicle mo-

tion and F2D
mot corresponds to the optical flow caused by dy-

namic objects.
The numerical value of F2D

ego can be calculated through
the sensors’ poses. Let pi ∈ P represent a point within the
image I and TP→I represent the transformation matrix from
the lidar point cloud P to the image I

(ui, vi) = TP→I(pi). (2)

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

1729



(a) (b)

Figure 4: An example of the generated static/dynamic mask
and the rigid piece labels. Left: green represents dynamic
points while black represents static points; Right: each color
except black refers to a rigid piece label.

The value of F2D
ego corresponding to pi is then

F2D
ego(ui, vi) = TP→I′(pi)− TP→I(pi). (3)

Ideally, the calculated F2D
mot corresponding to a stationary

target or background would be close to 0. Thus, static points
can be distinguished by setting a small threshold for F2D

mot.
Nevertheless, when dealing with distant moving objects

that are far from the camera, their corresponding optical flow
values may be small and incorrectly classified as static. To
mitigate such effect, we employ the projected 3D scene flow
to supplement the static assessment. Denote F2D

mot(ui, vi)
as f 2D

i . With the constraint of zero vertical motion, we can
project the 2D optical flow f 2D

i to a 3D scene flow origi-
nating from pi. The operation is represented by a projection
Toptf→sf (see more info in supp.).

f 3D
i = Toptf→sf(f

2D
i ). (4)

The pseudo static/dynamic status si of pi is estimated as

si =

{
0, f 2D

i < τ 2D and f 3D
i < τ 3D,

1, otherwise.
(5)

A pseudo static/dynamic mask St ∈ RNt is produced for
the point cloud Pt at each time frame. Utilizing St, Pt can
be separated into two parts: a pseudo dynamic point cloud
P̃t and a pseudo static point cloud P̄t. The Chamfer distance
loss calculation is then performed on the pseudo dynamic
point cloud instead of the entire point cloud. The masked
Chamfer loss can be defined as

Lmc =
1

|T|
∑
t∈T

(
Lcd(P̃t, P̃

′
t) + Lstatic(P̄0, t)

)
, (6)

where Lcd(·) is the Chamfer loss and

Lstatic(P̄0, t) =
1

|P̄0|
∑

pi∈P̄0

||f t
i ||1, (7)

which pushes the motions of static points to be zero.

Piecewise Rigidity Loss
When considering flow estimation on point clouds, local
rigidity is an important physical prior that is frequently uti-
lized (Dong et al. 2022; Gojcic et al. 2021; Li et al. 2022b;
Shen et al. 2023). Unlike previous self-supervised methods
for point clouds that maintain rigidity by clustering on a
single-frame point cloud (Li et al. 2022b; Shen et al. 2023),
we introduce a simple yet effective method for point cloud
piecewise rigidity based on optical flow image clustering.
Compared to a single-frame point cloud, optical flow images
exhibit several desirable properties. The motion consistency
of dynamic objects is more pronounced in optical flow im-
ages and is easier to recognize and extract. In contrast to
the sparsity and noise of point clouds, the pixels of moving
objects in optical flow images are adjacent, with high unifor-
mity and smoothness. Additionally, the boundaries between
objects and the background are more salient.

For the optical flow image F2D, we apply a simple im-
age clustering method (Achanta et al. 2012) to obtain over-
segmentation labels (Figure 3(b)). The over-segmentation
divides the entire image into numerous small pieces. Due
to the optical flow consistency of moving objects, it is easy
to ensure that almost all pixels in a single small piece belong
to the same object.

Through the point cloud to image projection function
TP→I, we can retrieve the corresponding label in the im-
age over-segmentation for each point pi. By projecting the
over-segment result labels from Nc camera views, we obtain
an over-segmentation result on the whole point cloud.

Some points in the point cloud may be occluded from the
camera view due to the slight difference between the Li-
DAR sensor position and the camera sensor position. For
each segment piece, we consider the distance between all
points in the piece and the camera and find the smallest dis-
tance dmin. We set a threshold ∆d such that if a point in the
piece is more than dmin +∆d away from the camera, it will
be excluded from the piece.

As a result, we obtain hundreds of rigid pieces from the
point cloud (Figure 3(c)). In order to achieve more accurate
and unified segmentation, we employ a simple height-based
rigid piece fusion method. Since the visual perspective of
the multi-view cameras is typically parallel to the ground,
rigid pieces derived from images can easily appear at differ-
ent heights in the same location. Given the assumption that
points within the same grid of the BEV map have the same
motion, we consolidate multiple rigid piece labels into a sin-
gular label if a grid contains points with distinct labels.

Finally, we generate Nr rigid pieces for the point cloud
P0 (Figure 3(d)). R1, · · · ,RNr are the Nr rigid pieces,
where R represents a set of points that have the same rigid
piece label. For any frame t ∈ T, the piecewise rigidity loss
function is defined as

Lt
pr =

1

Nr

Nr∑
j=1

1

|Rj |
∑

pi∈Rj

|fmean
Rj

− f t
i |, (8)

where fmean
Rj

=
∑

pi∈Rj
f t
i /|Rj |, j = 1, · · · , Nr. The

final piecewise rigidity loss Lpr is the mean of Lt
pr over all

time frames t.
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Temporal Motion Consistency Loss
For moving objects in traffic scenes, such as cars, pedestri-
ans, and bicycles, their motion patterns do not undergo sig-
nificant changes over short periods of time. In a point cloud
sequence, the displacement of points belonging to a mov-
ing object should remain consistent over equal time inter-
vals. Therefore, for self-supervised learning of point cloud
sequences, we can apply point-level temporal consistency
constraints to the predicted motion. The temporal consis-
tency loss is defined as

Ltc =
1

N0

N0∑
i=1

1

|T|
∑
t∈T

|fmean
i − f t

i |, (9)

where fmean
i =

∑
t∈T f t

i /(t|T|), i = 1, · · · , N0.

Overall Loss
In summary, the total loss for the model training is a
weighted sum of the proposed masked Chamfer distance
loss, piecewise rigidity loss and temporal consistency reg-
ularization.

L = λmc · Lmc + λpr · Lpr + λtc · Ltc, (10)

where λmc, λpr, and λtc are the balancing parameters.

Experiments
Experimental Setup
Dataset. We evaluate our approach on the NuScenes (Caesar
et al. 2020) dataset. NuScenes contains 1000 scenes, each of
which has 20 seconds of LiDAR point cloud sequences and
multi-view camera videos annotated at 2Hz. Following the
setting in previous works for fair comparisons (Wu, Chen,
and Metaxas 2020; Wang et al. 2022; Luo, Yang, and Yuille
2021; Li et al. 2023; Jia et al. 2023), we adopt 500 scenes
for training, 100 scenes for validation, and 250 scenes for
testing. During training, we utilize both the LiDAR point
clouds and camera images, while only LiDAR point cloud
data is required for the validation and testing of the model.
The ground truth BEV motion flow for validation and testing
is generated from the detection and tracking annotation from
the NuScenes dataset.
Implementation details. Initially, the BEV feature maps
are extracted from the multi-frame point clouds by (Lang
et al. 2019). Our model backbone is built upon Motion-
Net (Wu, Chen, and Metaxas 2020), which takes sequen-
tial BEV features as input and extracts spatial-temporal fea-
tures. The input point clouds are cropped within a range of
[−32, 32]× [−32, 32]× [−3, 2] meters, and the BEV output
map is 256× 256 in size, which means each cell has a range
of 0.25m×0.25m. It is worth noting that our proposed cross-
modality self-supervision framework is independent of the
network backbone. Also, during the inference process, only
sequential point cloud data is needed as the model input.

To generate the optical flow, we employ (Teed and Deng
2020) as the optical flow estimation model with the pre-
trained parameters offered by Pytorch. The static/dynamic
classification thresholds in eq.5 are τ 2D = 5pixels and

τ 3D = 1m. Besides, we extract the points of the ground
plane based on the heights and designate them as the static
part of the scene. For the training loss in eq.10, we set
λmc = 1, λpr = 0.1 and λtc = 0.4. We employ
AdamW (Loshchilov and Hutter 2017) optimization algo-
rithm for training. All models are trained on four NVIDIA
3090 GPUs with a batch size of 64. We train the model for
100 epochs with an initial learning rate of 0.008, and we de-
cay the learning rate by 0.5 every 20 epochs.
Metrics. Following previous works (Wu, Chen, and
Metaxas 2020; Wang et al. 2022; Luo, Yang, and Yuille
2021; Li et al. 2023; Jia et al. 2023), we use the mean and
median errors of motion flow on non-empty cells for eval-
uation. The error is computed by the L2 distance between
the predicted motion flow and ground truth flow for the next
1s future. The final results are presented in three categories
divided by varying speeds: static (background and static ob-
jects), slow (speed ≤ 5 m/s), and fast (speed > 5m/s). Re-
garding the whole model, we directly utilize the 1s future
flow output to calculate the metrics. In ablation studies, if
the model only predicts the subsequent 0.5s of future flow,
we employ linear interpolation to estimate the predicted flow
for the next 1s future.

Comparison with SOTA Methods
Table 1 presents a comprehensive comparison between our
proposed self-supervised approach and other methods for
BEV motion prediction. Based on the training supervision,
all approaches can be categorized into three groups: fully
supervised, weakly supervised, and self-supervised. We see
that our method achieves state-of-the-art performance in the
self-supervised group and surpasses previous methods by a
significant margin. Compared to the previous state-of-the-
art method (Jia et al. 2023), we exhibit a remarkable im-
provement of 41% in fast speed metrics, which represent the
more challenging and crucial part of motion prediction, 7%
in slow speed metrics, and 38% in static metrics.

(Li et al. 2023) is a weakly supervised method that adopts
foreground/background annotation as extra supervision sig-
nals. Notably, our method shows comparable performance
and even surpasses it in terms of the mean error of fast mo-
tion. Furthermore, our method outperforms some fully su-
pervised methods such as (Gu et al. 2019) and (Shi, Wang,
and Li 2019) by 52% and 48% respectively.

Ablation Studies
Masked Chamfer loss. To enhance the robustness of self-
supervised learning by mitigating the noises in point cloud
sequence data, we design a masked Chamfer distance loss
based on the pseudo static/dynamic mask generated from
optical flow images. An example of the generated static/-
dynamic mask is illustrated in Figure 4(a). Exp. 1&3, 2&5
in Table 2 compare the results of the original Chamfer dis-
tance loss (eq. 1) with the masked Chamfer distance loss
(eq. 6). We can see that the masked Chamfer distance loss
can improve all metrics by a large margin. Especially for
the static motion metrics, the masked Chamfer distance loss
can bring up to 75% improvement. This shows its effective-
ness of eliminating noise and disturbances originating from
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Method Supervision Static Speed ≤ 5 m/s Speed > 5 m/s
Mean↓ Median↓ Mean↓ Median↓ Mean↓ Median↓

HPLFlowNet (Gu et al. 2019) supervised 0.0041 0.0002 0.4458 0.0960 4.3206 2.4881
PointRCNN (Shi, Wang, and Li 2019) supervised 0.0204 0 0.5514 0.1627 3.9888 1.6252

LSTM-ED (2019) supervised 0.0358 0 0.3551 0.1044 1.5885 1.0003
MotionNet (Wu, Chen, and Metaxas 2020) supervised 0.0201 0 0.2292 0.0952 0.9454 0.6180
PillarMotion (Luo, Yang, and Yuille 2021) supervised 0.0245 0 0.2286 0.0930 0.7784 0.4685

BE-STI (Wang et al. 2022) supervised 0.0220 0 0.2115 0.0929 0.7511 0.5413

WeakMotionNet (Li et al. 2023) weakly sup. 0.0426 0 0.4009 0.1195 2.1342 1.2061

FlowNet3D (Liu, Qi, and Guibas 2019) pre. 2.0514 0 2.2058 0.3172 9.1923 8.4923
HPLFlowNet (Gu et al. 2019) pre. 2.2165 1.4925 1.5477 1.1269 5.9841 4.8553

PillarMotion (Luo, Yang, and Yuille 2021) self. 0.1620 0.0010 0.6972 0.1758 3.5504 2.0844
ContrastMotion (Jia et al. 2023) self. 0.0829 0 0.4522 0.0959 3.5266 1.3233

Ours self. 0.0514 0 0.4212 0.1073 2.0766 1.3226

Table 1: Evaluation results of BEV motion prediction on nuScenes (Caesar et al. 2020) test set. There are four kinds of training
supervision: supervised, weakly-supervised (weakly sup.), pre-trained (pre.), and self-supervised (self.). Our method outper-
forms other self-supervised methods by a significant margin.

the static background, which constitutes the majority of the
point cloud data.
Piecewise rigidity. To ensure uniformity of motion within
the same instance, we design an algorithm to generate in-
stance pieces initially from over-segmentation on optical
flow images and propose a piecewise rigidity loss to regulate
the motion consistency in each piece. Figure 4(b) provides
an illustration of the generated pieces.

Exp. 1&2, 3&5 in Table 2 demonstrate the effectiveness
of the piecewise rigidity loss, resulting in an improvement
of approximately 15% across all evaluation metrics. Exp.4
in Table 2 utilizes a simple neighborhood smoothness loss
to constrain the local rigidity of prediction motion, which
serves a similar purpose to our piecewise rigidity approach
(see more info in supp.). Exp. 4&5 indicates that our method
outperforms the alternative smoothness loss in performance.
Moreover, the piecewise rigidity loss brings significant ad-
vantages in terms of training time and computational re-
sources.
Temporal consistency. Table 3 presents the results of the
ablation study conducted on temporal consistency and pre-
diction frames. It is evident that all experiments incorpo-
rating the temporal consistency loss exhibit higher perfor-
mance, which highlights the effectiveness of temporal con-
sistency as a motion pattern that aids in the learning of
motion prediction. Furthermore, we explore the impact of
different prediction frames on training a motion predic-
tion model. The complete framework predicts the motion
of frames -1, 1, and 2 during training with a time inter-
val of 0.5 seconds, and the temporal consistency loss is
applied across all predicted frames. In Table 3, the ’past’
frame refers to the backward frame -1 and the ’future’ frame
refers to frame 2. We see that i) As the number of frames
involved in motion prediction learning increases, the predic-
tion performance improves correspondingly. This is because
the temporal consistency pattern becomes more prominent
over a longer point cloud sequence. ii) Predicting backward
motion (frame -1) yields a larger improvement compared to
predicting a further future frame (frame 2). Due to the ego
vehicle’s movement, the variations in point cloud data be-

Exp. m.c. smooth. p.r. Static Speed Speed
≤ 5 m/s > 5 m/s

1 0.2515 0.8771 3.4098
2 ✓ 0.2097 0.7135 3.1892
3 ✓ 0.0704 0.4815 2.5389
4 ✓ ✓ 0.0677 0.4493 2.2142
5 ✓ ✓ 0.0514 0.4212 2.0766

Table 2: Ablation of masked Chamfer distance and piece-
wise rigidity losses. m.c.: masked Chamfer distance loss;
smooth.: smoothness regularization; p.r.: piecewise rigidity.

past future temp. Static Speed Speed
≤ 5 m/s > 5 m/s

✓ ✓ 0.1150 0.5549 2.7503
✓ ✓ 0.0748 0.5307 2.8830

✓ ✓ 0.0838 0.5074 2.1814
✓ ✓ ✓ 0.0514 0.4212 2.0766

Table 3: Ablation for prediction frames and temporal con-
sistency loss. past: backward frame -1; future: frame 2 into
the future; temp.: temporal consistency loss.

come larger when the time interval expands, which makes
learning the correspondence between point clouds a more
challenging task

Please refer to the supplementary materials for more qual-
itative results and ablation studies.

Conclusions
In this paper, we present a novel cross-modality self-
supervised method for BEV motion prediction. Concretely,
we exploit static/dynamic classification and rigid pieces on
point clouds from sequential multi-view images to facilitate
motion learning without any manual annotations. Moreover,
we enforce temporal consistency across multiple frames,
ensuring temporal smoothness of predicted motion. Com-
prehensive experiments conducted on the nuScenes dataset
demonstrate that our proposed method achieves state-of-the-
art performance and all designed modules are effective.
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