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PCPNet: An Efficient and Semantic-Enhanced Transformer Network
for Point Cloud Prediction

Zhen Luo Junyi Ma Zijie Zhou Guangming Xiong∗

Abstract— The ability to predict future structure features
of environments based on past perception information is
extremely needed by autonomous vehicles, which helps to
make the following decision-making and path planning more
reasonable. Recently, point cloud prediction (PCP) is utilized
to predict and describe future environmental structures by the
point cloud form. In this letter, we propose a novel efficient
Transformer-based network to predict the future LiDAR point
clouds exploiting the past point cloud sequences. We also
design a semantic auxiliary training strategy to make the
predicted LiDAR point cloud sequence semantically similar
to the ground truth and thus improves the significance of
the deployment for more tasks in real-vehicle applications.
Our approach is completely self-supervised, which means
it does not require any manual labeling and has a solid
generalization ability toward different environments. The
experimental results show that our method outperforms the
state-of-the-art PCP methods on the prediction results and
semantic similarity, and has a good real-time performance.
Our open-source code and pre-trained models are available at
https://github.com/Blurryface0814/PCPNet.

Index Terms— point cloud prediction, semantic auxiliary
training, self-supervised learning.

I. INTRODUCTION

Sequential 3D point clouds can be used to accomplish
multiple complex tasks for autonomous vehicles such as
simultaneous localization and mapping (SLAM) [1], [2],
place recognition [3], [4], object detection [5], [6], and
semantic segmentation [7], [8]. Recently, exploiting the past
3D point cloud sequence to predict the future 3D point
cloud sequence, also known as point cloud prediction (PCP),
has attracted more attention in the field of point cloud
processing [9], [10], [11], [12], [13], [14], [15]. The predicted
point clouds can be directly utilized by the existing point
cloud processing methods to further realize future object
detection and semantic segmentation [12], [13]. Therefore,
PCP methods deployed on autonomous vehicles can greatly
improve the ability to perceive future driving conditions,
thus leading to more reasonable decision-making and path
planning in the following driving strategy. The point cloud
sequence used by PCP methods is ordered in the time
dimension but is unordered in the space dimension within
each observation. Compared to the existing video prediction
methods [16], [17], [18], 3D point cloud prediction needs to
use LiDAR data with both ordered and unordered features
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Fig. 1: PCPNet predicts future F range images based on the given
past P sequential range images. The semantic information in the
sequential range images is extracted for training, making the outputs
of PCPNet closer to the ground truth in semantics.

to solve the sequence-to-sequence problem. In addition,
the sparsity of LiDAR point clouds further increases the
difficulty of this task since it is hard to capture the current
structure information from discrete laser points and then
predict the future point clouds.

In this paper, we propose an efficient point cloud predic-
tion network named PCPNet, as shown in Fig. 1. PCPNet
exploits Transformer to capture the inner correlation within
each sequential LiDAR observations. Compared with the
previous works that directly apply Transformer to point cloud
features [19], [20], we first convert the point cloud to the
range image, and then compress it along the height and width
dimension respectively to generate the sentence-like features
for the following Transformer. In contrast to sparse point
clouds, the orderly arrangement of pixels in the range image
makes the self-attention mechanism of Transformer works
better. To further make the predicted point clouds seman-
tically similar to ground truth, we also design an auxiliary
training strategy that utilizes the semantics of the predicted
point clouds to enhance the prediction performance. The
devised semantic-based loss function helps to increase the
semantic similarities between the predicted point clouds and
the ground truth point clouds, leading to more significant
information for other algorithms deployed on autonomous
vehicles such as high-level point cloud processing and tra-
jectory prediction. To the best of our knowledge, this is
the first work that introduces Transformer and semantic
enhancement into point cloud prediction. In addition, the
overall system of PCPNet is entirely self-supervised since
the input point clouds and ground truth ones are both from
real-time sequential LiDAR observations. Note that we only
use a pre-trained semantic segmentation network to generate
semantic labels online for auxiliary training. This makes
our proposed approach collect training data in any driving
conditions automatically without intensive manual labeling.
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To validate the good prediction performance and solid
generalization ability of our proposed method, we conduct
several experiments on publicly available datasets to compare
our approach with the existing state-of-the-art PCP baselines.
We also provide an ablation study to demonstrate that our
proposed network structure is reasonable and efficient. Be-
sides, we design an experiment to validate the effectiveness
of the proposed semantic auxiliary training strategy.

Our contributions can be summarized as follows:
• A Transformer-based neural network with encoder-

decoder architecture named PCPNet is proposed, which
achieves state-of-the-art performance on point cloud
prediction.

• A lightweight semantic segmentation network is inte-
grated to provide semantic labels for auxiliary training,
which increases the semantic accuracy of the predicted
point clouds.

• The overall system is trained in a self-supervised man-
ner to improve the generalization ability and avoid
labor-intensive labeling in real-vehicle applications.

II. RELATED WORK

To capture future features of the environments using past
information, video prediction [16], [17], [18] has been well
investigated in the field of computer vision. In contrast, point
cloud prediction is a novel topic in robotics and only a few
studies have been working on it. PointRNN proposed by Fan
et al. [9] adopts a point-based spatiotemporally-local correla-
tion to aggregate point features and states according to point
coordinates to model and predict point cloud sequences.
Zhang et al. [10] design a dynamic convolution operator
which allows performing convolution operations directly
over point clouds. Deng et al. [11] propose a method based
on FlowNet3D and Dynamic Graph CNN to predict future
LiDAR frames. They use the point-based feature extractor
and furthest point sampling to generate end-to-end architec-
tures that operate directly on point clouds. Lu et al. [12]
propose a motion-based neural network named MoNet which
integrates the motion features between two consecutive point
clouds into the RNN prediction pipeline. Different from the
above-mentioned methods that only use raw point clouds as
input, several existing methods also utilize sequential range
images as input to further improve the operation efficiency.
SPFNet by Weng et al. [13] uses a shared encoder and an
LSTM to extract features from every past scan and model
temporal dynamics respectively. These features are then fed
to a shared decoder to predict future scans. Based on SPFNet,
Weng et al. [14] propose a stochastic SPFNet named S2Net,
which can sample sequences of latent variables to tackle
future uncertainty. Mersch et al. [15] propose a 3D range-
image-based method for predicting future point clouds. They
project past point cloud sequences as 2D range images and
then concatenate them to generate 3D tensors. A 3D spatio-
temporal CNN with encoder-decoder architecture is designed
to predict future point clouds based on these tensors.

The main challenge in point cloud prediction is how to
extract significant spatio-temporal features from the sparse

and disordered point cloud sequences. The existing trajectory
tracking and moving object segmentation approaches have
designed diverse networks to extract spatio-temporal features
in a learning-based manner. Alahi et al. [21] use LSTM
to extract spatio-temporal information to predict pedestrian
trajectories. Huang et al. [22] model the interaction of
tracking objects at each time step by a graph neural network.
Compared to the RNN-based methods, more and more CNN-
based methods have been proposed to achieve state-of-the-art
performance in recent years. For example, Chen et al. [23]
design an encoder-decoder network with combined residual
images as input to improve the performance of moving object
segmentation. Sun et al. [24] use a range-image-based dual-
branch structure to process spatial and temporal information
respectively, and then combine them with motion-guided at-
tention modules. In recent years, Transformer [25] became a
more trendy way to extract spatial features within one single
LiDAR scan, but few works use it to extract temporal features
from sequential LiDAR observations. Fan et al. [20] apply
a point-based Transformer for spatio-temporal modeling of
small-scale point cloud video. Ma et al. [4] utilize sequential
range images as network input and extract significant features
using Transformer to recognize previously seen places.

In this paper, we propose PCPNet which first uses Trans-
former to aggregate spatial and temporal information from
sequential range images to forecast point clouds. Besides,
compared to the existing PCP methods which only focus
on low-level structure features, PCPNet also uses high-level
semantic information for auxiliary training to further improve
the prediction performance.

III. OUR APPROACH

A. Overall Architecture

A point cloud sequence with the length of T can be de-
scribed as S = {S1, S2, ..., St, ..., ST }, where St represents
the point cloud frame at time t. Further, St = {pti | i =
1, 2, ..., Nt} contains Nt unordered points, where pti ∈ R3

represents a three-dimensional coordinate vector. Point cloud
prediction is to forecast the future point cloud sequence
{St+1, St+2, ..., St+F } with the length of F based on the
given past point cloud sequence {St−P+1, St−P+2, ..., St}
with the length of P .

To solve this problem, we propose a Transformer-based
network named PCPNet. Considering the advantages of
Transformer in processing sequential data, we first convert
3D LiDAR point clouds to 2D range images by spherical pro-
jection to obtain dense and ordered input data. Specifically,
we project a laser point pi = (x, y, z) ∈ R3 to spherical
coordinates and finally to image coordinates (u, v) ∈ R2 via
a mapping Π : R3 7→ R2(

u

v

)
=

(
1
2

[
1− arctan(y, x)π−1

]
w[

1−
(
arcsin(zr−1) + fup

)
f−1
]
h

)
, (1)

where (h,w) represents the height and width of the range
image, f = fup + fdown is the vertical field-of-view of
the sensor, and r = ‖pi‖2 represents the range of each
laser point, which is the distance to the sensor origin. We
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Fig. 2: The overall architecture of PCPNet. The numbers in the bracket below each cube represent the size of the feature map output from
this layer. The input range images are first downsampled and compressed along the height and width dimensions respectively to generate
the sentence-like features for the following Transformer blocks. The features are then combined and upsampled to the predicted range
images and mask images. Semantic auxiliary training is used to enhance the practical value of point cloud prediction.

assume that the point clouds are located in the current local
coordinate frame of the LiDAR sensor. If no laser point exists
for a corresponding pixel, we set r = 0, and if a pixel
corresponds to more than one laser point, the nearest one
is retained. In addition, the re-projection Π′ : R2 7→ R3 of
a pixel on a range image can be described as x

y

z

 =

 r cos(θ) cos(γ)

r cos(θ) sin(γ)

r sin(θ)

 , (2)

where θ = arctan(y, x) represents the pitch angle and γ =
arcsin(zr−1) represents the yaw angle.

The overall architecture of PCPNet is shown in Fig. 2.
Following the operation of Mersch et al. [15], we concatenate
P range images with height Hp and width Wp along the time
dimension to get a 4D input tensor (Cp, P,Hp,Wp), where
Cp is the number of channels. In this work, Hp is set to 64
and Wp is set to 2048. Since we only use range values as
input, Cp = 1 holds. The encoder uses the combination of
3D convolution, 3D batch normalization, LeakyReLU, and
ECA block [26] to compress the input tensor in the height
and width dimensions while maintaining the size of the time
dimension. ECA is a channel attention mechanism that we
use to enable the network to automatically adjust the weight
of each channel. The output tensor from the encoder is
then fed into both Transformer H block and Transformer W
block for self-attention. The outputs of the two branches are
combined by an ECA block and a 3D convolution, ultimately
being fed to the decoder that mirrors the encoder. The final
output tensor size of the network is (2, F,Hf ,Wf ), including
a range image sequence and a mask image sequence both
with size (1, F,Hf ,Wf ). As done by [13], [15], the mask
image sequence contains a probability for each range image
pixel to be a valid point for re-projection. We combine and
re-project the two image sequences to 3D coordinate system
to obtain the final predicted point cloud sequence using
Eq. (2). Note that we use circular padding to maintain spatial
consistency on the horizontal borders of the range images in
PCPNet. We also use the skip connection to maintain the
details of the prediction, which is also shown in Fig. 2.

B. Transformer Block

The use of Transformer allows the network to notice the
correlation between different locations throughout the input
sentence [25], [3]. An important problem to be solved in
applying Transformer to point clouds is to generate the
input features with the sentence-like form (Cl, L), where Cl

represents the number of channels and L is the length of the
sentence. Therefore, we design the Transformer block which
is shown in Fig. 3. The tensors generated by the encoder
are fed to the Transformer H block and the Transformer W
block respectively. The down-sampling module maintains
one dimension in height or width while compressing the
other to the size of 1. Then the compressed tensors are
concatenated along the time dimension to obtain a continuous
image sentence with a larger width. The image sentence is
input into Transformer, then upsampled to the previous size
through the mirror operation.

Our method is well suited for Transformer to extract
spatio-temporal features. Taking the Transformer W block
as an example, the height dimension of the feature volume
is compressed to size 1, and thus the channel dimension
contains more distinct information. Each column of the
image sentence aggregates all the information of a width
slice. The concatenated image sentence can be expressed
as {wi | i = 1, 2, ..., P ·Wl}, where wi represents the word
vector at the width i and Wl represents the length of each of
the P image sentences. In detail, the concatenated image sen-
tence contains the temporal position and the spatial position
of each vertical slice. Therefore, Transformer can capture
the spatio-temporal correlation between vertical slices in the
image sentence, and further improves the performance of
point cloud prediction.

C. Semantic Auxiliary Training

In real vehicle applications, the predicted point cloud
sequences can be used to serve the following downstream
tasks such as future scene understanding [27] and object
detection [6]. Therefore, the predicted point cloud needs
to be closer to the ground truth in semantics to improve
its practical value. Motivated by this, we propose semantic
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Fig. 3: The architecture of Transformer block. The feature volumes from the sequential range images are concatenated into a longer image
sentence before Transformer, and then re-concatenated into the previous shape after Transformer.

Fig. 4: The details of semantic auxiliary training. The semantic loss
is calculated directly on the multi-channel feature volume output by
the segmentation network.

auxiliary training to enhance the performance of PCPNet.
As shown in Fig. 4, we randomly select one of the t
range images from the predicted sequence generated by
PCPNet for one forward propagation. The selected range
image is then fed to the pre-trained RangeNet++ [7], a
lightweight semantic segmentation network together with
the corresponding ground truth range image. The output
tensor of the segmentation network is (Cs, Hs,Ws), where
Cs represents the number of classes in semantics. We cal-
culate L1 loss between the semantic map from the output
of PCPNet and the one from the ground truth to obtain
the semantic loss. Note that the random selection in one
prediction aims to reduce the calculation costs and inference
time. Besides, we use the semantic output from ground truth
range images as the labels to calculate the semantic loss. This
helps to achieve the self-supervised training process since
no manually annotated labels of semantic segmentation are
needed.

We do not perform the argmax operation on channels
and calculate the cross-entropy loss as most semantic seg-
mentation methods do [28], [7], [8] because the output of
the segmentation network is probability distributions for

different classes, and even the wrong semantic results contain
features that are worth learning. L1 loss can make the
semantic probability distribution between the output and the
ground truth closer, rather than simply making the output
close to a certain class.

D. Loss Function
We use a combination of multiple losses including the

average range loss LR, the average mask loss LM , the
average semantic loss LS , and the chamfer distance loss LC

to train our network. The average range loss LR between the
predicted range images r̂c,i,j ∈ RF×Hf×Wf and the ground
truth range images rc,i,j ∈ RF×Hf×Wf can be formulated
as

LR =
1

F ×Hf ×Wf

∑
c,i,j

‖r̂c,i,j − rc,i,j‖1, (3)

where ‖ • ‖1 represents L1 norm. Since there are invalid
points on the ground truth range images, we only calcu-
late LR using the valid points. We further calculate the
binary cross-entropy loss between the mask images m̂c,i,j ∈
RF×Hf×Wf and the ground truth mask images mc,i,j ∈
RF×Hf×Wf to get the average mask loss LM by

LM =
1

F ×Hf ×Wf

∑
c,i,j

[−mc,i,j log m̂c,i,j

− (1−mc,i,j) log (1− m̂c,i,j)],
(4)

where m̂c,i,j is the predicted probability to demonstrate
whether (c, i, j) is a valid point. mc,i,j = 1 represents
that the ground truth point (c, i, j) is valid and mc,i,j = 0
otherwise. The average semantic loss LS between a predicted
multi-channel semantic image ŝc,i,j ∈ RCs×Hs×Ws which is
randomly selected and the corresponding ground truth multi-
channel semantic map sc,i,j ∈ RCs×Hs×Ws is given by

LS =
1

Cs ×Hs ×Ws

∑
c,i,j

‖ŝc,i,j − sc,i,j‖1, (5)
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Fig. 5: Qualitative comparison conducted on sequence 08 of the KITTI dataset. The predicted points (blue) and the ground truth points
(red) are combined for better visual comparison. The upper row shows the predicted step t = 1 and the lower row the predicted step
t = 5. Local structures in large-scale point clouds are circled and enlarged to better observe local details.

which is also calculated only at the valid points just like LR.
Besides the LR, LM , and LS which are range-image-

based losses, we also calculate the point-based loss to further
improve the accuracy of point cloud prediction. Follow-
ing [9], [12], [15], we use the Chamfer Distance [29] to
measure the difference between the predicted point cloud
Ŝ = {p̂i ∈ R3 | i = 1, 2, ..., N} reprojected from the
masked range image and the ground truth point cloud S =
{pi ∈ R3 | i = 1, 2, ...,M}. The chamfer distance loss LC

is calculated by

LC =
1

N

∑
p̂∈Ŝ

min
p∈S
‖p̂− p‖22 +

1

M

∑
p∈S

min
p̂∈Ŝ
‖p̂− p‖22, (6)

where ‖ • ‖2 represents L2 norm. Therefore, the total loss
function that we ultimately use is

L = LR + LM + αSLS + αCLC , (7)

where αS and αC represent the weight coefficients to demon-
strate whether using LS and LC for training respectively.

IV. EXPERIMENTS

A. Experimental settings
We train our proposed PCPNet in a self-supervised manner

since no manually annotated labels are needed. The length of
the past point cloud sequence P and the future point cloud
sequence F are both set to 5, which means the time step t ∈
[1, 5]. Each range image in the input and output sequences
has the size 64 × 2048, and the probability threshold for
each mask image is set to 0.5 to mask out possible invalid
points in the predicted range images. We use sequences 00 to
05 of KITTI Odometry dataset [30] for training, sequences
06 and 07 for validation, and sequences 08 to 10 for testing.
During the training process, we use the Adam optimizer [31]
with default parameters and set the initial learning rate to
10−3 with an exponential decay weight 0.99. Semantic aux-
iliary training exploits RangeNet++ which is pre-trained on
SemanticKITTI [32] as the semantic segmentation network.
Our proposed network and all the baseline models are trained
for 50 epochs. During the experiments, αS is set to 1.0 for the
model using semantic auxiliary training and 0.0 otherwise.
In addition, we set αC = 0.0 for pre-training and αC = 1.0
for fine-tuning to realize better performance and less training
time. We conduct all the following experiments on a system
with an Intel i7-10875H CPU and an Nvidia RTX 3070 GPU.

B. Qualitative Evaluation

We first make a qualitative comparison between PCPNet
and the range-image-based baseline method TCNet [15] to
show the superiority of our method intuitively, and the results
are shown in Fig. 5. PCPNet does not use semantic auxiliary
training while PCPNet-Semantic does throughout the whole
training process. In the predicted sequence, the t = 1 frame
shows that both PCPNet and PCPNet-Semantic outperform
TCNet in terms of the structural details of the surrounding
environments. From the parts enclosed and magnified by
the black circles in Fig. 5, the walls predicted by PCPNet
and PCPNet-Semantic are closer to the ground truth. The
distribution of point clouds predicted by PCPNet is more
regular and less fluctuated compared to the results from
TCNet. Besides, our proposed methods can also predict the
shape of the car better than TCNet, and the PCPNet-Semantic
forecasts best because our proposed semantic auxiliary train-
ing further helps to maintain the structure information in the
semantic level.

With the increase of time steps, the prediction of point
clouds becomes more difficult since there is a larger time
gap between the current perception and the predicted one.
At the t = 5 frame, the prediction of TCNet at wall corners
has an obvious deviation compared to the results of PCPNet.
PCPNet-Semantic outperforms all the baseline methods over-
all, which indicates the use of semantic information enhances
the ability to predict the future shape of the perceived objects
with large time gaps.

C. Quantitative Evaluation

We quantitatively compared our methods with multiple
baselines including PointLSTM [9], MoNet-LSTM [12],
MoNet-GRU [12], and TCNet [15] on the KITTI test set,
and the results support that our proposed PCPNet achieves
the state-of-the-art performance on point cloud prediction.
Here we use Chamfer distance [m2] as the metric to measure
the difference between the predicted point cloud and the
ground truth point cloud. PointLSTM, MoNet-LSTM, and
MoNet-GRU are all point-based methods, so they use down-
sampled point clouds to accelerate calculation, while TCNet
and our proposed PCPNet are range-image-based methods
and can predict full-scale point clouds. For the point-based
methods, we follow the operation reported by their authors
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TABLE I: Chamfer Distance Results on the KITTI Test Set

Sampled Point Clouds Full-scale Point Clouds

Prediction
Step

PointLSTM
[9]

MoNet-LSTM
[12]

MoNet-GRU
[12]

TCNet
[15]

PCPNet
(Ours)

PCPNet-
Semantic

(Ours)

TCNet
[15]

PCPNet
(Ours)

PCPNet-
Semantic

(Ours)
1 0.317 0.286 0.278 0.290 0.285 0.280 0.256 0.252 0.247
2 0.507 0.412 0.392 0.357 0.341 0.340 0.314 0.302 0.298
3 0.750 0.567 0.543 0.441 0.411 0.412 0.387 0.363 0.361
4 0.982 0.719 0.681 0.522 0.492 0.495 0.459 0.436 0.436
5 1.210 0.874 0.830 0.629 0.580 0.601 0.554 0.514 0.530

Mean 0.753 0.572 0.545 0.448 0.422 0.426 0.394 0.373 0.374

to downsample the input point clouds to 16384 points to
save the computing cost, while the more lightweight ar-
chitectures allow the range-image-based methods PCPNet
and TCNet to maintain a very low computing cost on more
laser points. Since our method predicts range images, direct
down-sampling for the reprojected point clouds significantly
affects the final prediction results. Therefore, we follow the
operation of TCNet [15] to downsample the input point
clouds to 65536 points to compare with the point-based
baseline methods. The results of the quantitative evaluation
are shown in Tab. I. In terms of the sampled point clouds, our
methods produce more stable predictions than other baselines
as the prediction steps increase, which is reflected in the
smaller chamfer distance for the larger prediction steps.
Even affected by the down-sampling operation, our methods
perform better on average chamfer distance at every single
step. We further provide an evaluation on full-scale point
clouds in Tab. I. It can be seen that our methods also perform
better than the other range-image-based method TCNet at
step 1 ∼ 5 on full-scale point clouds. In general, PCPNet-
Semantic only outperforms PCPNet on chamfer distance
with smaller time gaps, but can forecast the future structure
information with larger time gaps which further support the
clarification in Sec. IV-B.

D. Generalization Study

To prove the solid generalizability of our proposed
method, we also conduct a generalization study on the
nuScenes dataset [33] with the training strategy similar to the
experiments on the KITTI dataset. We use scenes 00 to 69 for
training (70 in total), scenes 70 and 84 for validation (15 in
total), and scenes 85 to 99 for testing (15 in total). Since our
proposed method is self-supervised once semantic labels are
available, the semantic segmentation network utilized in the
auxiliary training strategy affects the generalization ability
of PCPNet most. In this experiment, PCPNet is trained in a
self-supervised manner on the nuScenes dataset, where the
semantic labels are provided by RangeNet++ which is still
pre-trained on the SemanticKITTI dataset. Since the KITTI
dataset contains point clouds collected by a 64-beam LiDAR
while the nuScenes dataset uses a 32-beam one, we re-
train RangeNet++ on the SemanticKITTI dataset with range
images of size 32× 1024 to adapt to the input data form of
nuScenes dataset. As shown in Tab. II, all losses of PCPNet-
Semantic are less than TCNet on the nuScenes dataset, which
supports that our method generalizes well into other driving
environments even with semantic auxiliary training. Due to

TABLE II: Generalization Study on the nuScenes Test Set

Approach LR LM LS LC
TCNet 0.719 0.240 0.043 1.389

PCPNet-Semantic 0.704 0.236 0.034 1.360

TABLE III: Ablation Study on the KITTI Validation Set

Approach LR LM Runtime (ms)
PCPNet-W 0.784 0.296 5.20
PCPNet-H 0.763 0.293 6.02
PCPNet 0.742 0.288 8.72

the use of a 32-beam LiDAR in the nuScenes dataset, the
amount of point cloud data decreases significantly, which
results in larger chamfer distance of both PCPNet and TCNet
compared to the evaluation on the KITTI dataset.

E. Ablation Study

In the Transformer block of PCPNet, the input features are
compressed along the height and width dimensions respec-
tively, and then enhanced by the self-attention mechanism,
which is introduced in Sec. III-B. To further validate the
effectiveness of the proposed Transformer block, we conduct
the ablation study on the KITTI validation set with two base-
lines, PCPNet-W and PCPNet-H. PCPNet-W only maintains
Transformer W and discards Transformer H, while PCPNet-
H only uses Transformer H rather than Transformer W. Here
we use full-size point clouds as inputs and use LR and LM

as the evaluation metrics. As shown in Tab. III, PCPNet out-
performs PCPNet-W and PCPNet-H on both losses, which
means that the two types of Transformer enhance the perfor-
mance of point cloud prediction together. Besides, PCPNet-H
performs better than PCPNet-W indicating that Transformer
can capture more distinct spatio-temporal information along
the height dimension than the width dimension. We also
show the average runtime of one prediction in Tab. III. As
can be seen, PCPNet costs larger inference time due to its
more complex architecture than the baselines with only one
Transformer block.

F. Study on Semantic Auxiliary Training

In this experiment, we compared TCNet, PCPNet, and
PCPNet-Semantic on the KITTI validation set to verify the
enhancement from the proposed semantic auxiliary training.
Here we propose a novel metric named as semantic similarity
to measure the difference between the semantic map ŷc,i,j ∈
RCs×Hs×Ws output by the semantic segmentation network
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TABLE IV: Comparison of Semantic Similarity on the KITTI
Validation Set

Approach Semantic Similarity
TCNet 2.789

PCPNet (Ours) 2.876
PCPNet-Semantic (Ours) 2.913

Ground Truth (Upper Bound) 3.877

Fig. 6: Visualization of the outputs of semantic segmentation
network. Label refers to the manual labels from SemanticKITTI,
and Ground Truth refers to the semantic map obtained from the
ground truth point clouds.

and the ground truth semantic label yc,i,j ∈ RCs×Hs×Ws ,
which can be formulated as

Semantic Similarity =
Cs ×Hs ×Ws∑

c,i,j

−yc,i,j log ŷc,i,j
. (8)

According to Eq. (8), the greater the semantic similarity,
the closer ŷc,i,j is to yc,i,j . Note that our method is com-
pletely self-supervised and we can only use the semantic map
of the ground truth point clouds to train the network, but here
we evaluate the effectiveness of the semantic auxiliary train-
ing using annotated semantic labels from SemanticKITTI
dataset. The comparison of the semantic similarity on the
KITTI validation set is shown in Tab. IV, where Ground
Truth represents the semantic similarity between the semantic
map from the ground truth range image and the ground
truth semantic label, and is regarded as the upper bound
performance. As can be seen, our methods outperform TCNet
in the semantic level. Besides, the semantic similarity of
PCPNet-Semantic is further improved by applying semantic
auxiliary training.

The quantitative experimental results in Tab. V show that
all losses of PCPNet-Semantic decrease, especially the aver-
age semantic loss LS which is 23.4% lower than PCPNet. In
addition, our approach still performs better than TCNet even
without the enhancement from semantic auxiliary training.

The visualization of the comparison results is shown
in Fig. 6. Both TCNet and PCPNet lose some semantic
information, such as roads and grasses. In contrast, this
situation is alleviated by PCPNet-Semantic and more laser
points are correctly classified.

G. Complexity Analysis

In this experiment, we first compare the runtime of
PCPNet with other baseline methods. The performance on
chamfer distance v.s. runtime of networks on the KITTI test
set is illustrated in Fig. 7. As can be seen, our proposed

TABLE V: Comparison of Losses on the KITTI Validation Set

Approach LR LM LS LC
TCNet 0.8143 0.2990 0.0445 0.4796

PCPNet (Ours) 0.7865 0.2932 0.0423 0.4541
PCPNet-Semantic (Ours) 0.7694 0.2914 0.0324 0.4510

TABLE VI: Complexity Analysis on the KITTI Test Set

Approach
FLOPs
(billion)

Params
(million)

PointLSTM 16384 pts 50.01 1.23
65536 pts 200.04 1.23

MoNet-LSTM 16384 pts 92.76 4.00
65536 pts 371.03 4.00

MoNet-GRU 16384 pts 59.76 3.31
65536 pts 239.06 3.31

TCNet 30.26 17.01
PCPNet (Ours) 54.34 22.60

PCPNet performs best on chamfer distance while maintain-
ing good real-time performance (8.72 ms to predict 5 future
point clouds). Moreover, the complexity analysis of all the
PCP methods is shown in Tab. VI. Compared with the
point-based methods, the range-image-based methods have
relatively lower time complexity. For example, the FLOPs
of the MoNet-GRU is 239.06 billion for predicting 65536
points, while the FLOPs of our proposed PCPNet is only
54.34 billion with points predicted twice as MoNet-GRU.
Although the time and space complexities of PCPNet are
slightly greater than the other range-image-based method
TCNet, PCPNet has better performance in predicting future
point clouds due to the sophisticated network architecture.

V. CONCLUSION

In this paper, we propose a self-supervised method to
predict future point cloud sequences based on the given past
point clouds. Benefiting from the self-attention mechanism
of Transformer, our proposed network can aggregate spatio-
temporal information along multiple dimensions. We also
propose a semantic auxiliary training strategy to enhance the
performance of forecasting more realistic point clouds for
real-vehicle applications. The proposed network is evaluated
on publicly available datasets using multiple metrics, and the
experimental results support that our method outperforms the
other state-of-the-art methods in point cloud prediction while
maintaining a very fast running speed.

In the future, more types of semantic loss functions except
for L1 norm can be adopted for an ablation study in different
driving scenes. Furthermore, it may be possible to discuss
whether our proposed semantic auxiliary training strategies
can improve the performance of other point cloud prediction
models in the future.
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