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Abstract—Point cloud prediction is an important yet chal-
lenging task in the field of autonomous driving. The goal is
to predict future point cloud sequences that maintain object
structures while accurately representing their temporal motion.
These predicted point clouds help in other subsequent tasks
like object trajectory estimation for collision avoidance or
estimating locations with the least odometry drift. In this work,
we present ATPPNet, a novel architecture that predicts future
point cloud sequences given a sequence of previous time step
point clouds obtained with LiDAR sensor. ATPPNet leverages
Conv-LSTM along with channel-wise and spatial attention
dually complemented by a 3D-CNN branch for extracting
an enhanced spatio-temporal context to recover high quality
fidel predictions of future point clouds. We conduct extensive
experiments on publicly available datasets and report impres-
sive performance outperforming the existing methods. We also
conduct a thorough ablative study of the proposed architecture
and provide an application study that highlights the potential
of our model for tasks like odometry estimation.

I. INTRODUCTION

Autonomous navigation is a widely explored research
direction in the robotics domain with applications in au-
tonomous aerial/aquatic drones, vehicles, mobile robots, etc.
Recent advancements in 3D sensing led by commercial
LiDAR (Light Detection and Ranging) technology have rein-
vigorated interest in this field as LiDAR sensors yield large-
scale real-time sequential point clouds ( also represented as
range images), providing high-fidelity perception of the 3D
world in comparison to traditional monocular/stereo based
vision solutions. The availability of such large-scale data
[1], [2] has enabled researchers to explore relevant complex
tasks such as Localization [3], [4], Place Recognition [5],
Segmentation [6], [7] and Obstacle Trajectory Prediction [8].
The majority of existing methods attempting to solve these
tasks rely on captured sequential point clouds available in
a given temporal window of the recent past. Interestingly,
predicting the future 3D point cloud that the sensor is
likely to see, can immensely enhance the performance of
autonomous navigation tasks like active localization [9].

Nevertheless, the task of predicting future point clouds
comes with its own set of challenges. One key challenge is
that the point clouds are unordered in the space dimension
(albeit ordered temporally) and vary in sampling size hence it
is difficult to model spatio-temporal coherence among them.
As a result, conventional architectures for feature encoding
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Fig. 1: (a) Predicted range images by our ATPPNet and existing methods in
comparison to ground truth and, (b) the 3D rendering of the predicted point
cloud by ATPPNet (blue) and ground-truth (red). Green circle/rectangle
highlights regions where ATPPNet’s predictions are superior.

(e.g., CNNs) and sequence prediction (e.g., LSTMs) cannot
be directly employed as they cannot process spatially un-
ordered data. Another key challenge is that the LIDAR point
clouds are extremely sparse making it difficult to capture
the geometrical structures of the objects in the scene and
hence predicting them in the future timesteps is extremely
difficult. The noise in sensing puts additional challenges in
the perception of real-world scenes where objects are largely
cluttered. Moreover, each full-scale point cloud contains
more than 100,000 points. Extracting features from these
sequences of full-scale point clouds becomes a memory-
intensive task.

Traditionally, 3D data is processed with deep learning en-
coders using volumetric [10]-[12], point-cloud [13], [14] and
multi-view projection [15]-[17] methods. In regard to future
point cloud prediction, primarily two lines of work exist,
focusing on point cloud and range image representation. The
existing point cloud prediction methods either reformulate
the task as scene flow estimation [18] or employ RNN kind
of temporal prediction [19], [20]. The former predicts just
a translation of the 3D points and hence does not represent
the future point cloud accurately. At the same time, the latter
works on down-sampled point clouds (for memory efficiency
reasons) thereby limiting the resolution of 3D data.

On the other hand, range image based representations
project the point cloud data to a 2D virtual image plane of
the LiDAR sensor, thereby retaining only the single (closest,
farthest, or average) depth of the scene for every pixel. Early
work with this representation [21] used LSTMs to process the
temporal sequences and predict a sequence of future range
images. [22] used 3D-CNNs with circular padding and skip-
connections to predict a sequence of future range images
while [23] used Conv-LSTMs on each of the features from
the convolution encoder for the prediction task. However,
their network is cumbersome and they use the auto-regressive
approach for prediction of range images. Recent work in [24]
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uses the self-attention mechanism of Transformers along with
a semantic-based loss function. This method compresses the
3D tensors into height and width dimensions and processes
each of them separately using two separate transformer
blocks. As a result, they are using self-attention only on the
channels and since they are compressing the feature tensor
into height and width they are also losing the spatial context.
Additionally, their model size in terms of the number of
parameters is large.

In this paper, we propose a novel architecture for pre-
dicting future point clouds from a given sequence of past
point clouds represented as LiDAR range images. More
specifically, we propose ATPPNet: Attention based Temporal
Point cloud Prediction Network that leverages Conv-LSTM
[25] blocks along with channel-wise and spatial attention
modules for extracting an enhanced spatio-temporal context
for the task of future point cloud prediction. Further, we
also leverage a complimentary 3D-CNN branch to spatio-
temporally encode the global feature embeddings of the
range images. Additionally, we also predict the re-projection
mask associated with the predicted range images to re-
tain only the valid range values when re-projecting to the
point cloud. Compared to [24], we show that processing
the range image sequences using Conv-LSTM and using
spatial and channel-wise attention directly on learned spatio-
temporal 3D features works better without the need for a
separate semantic-based loss function. Our proposed archi-
tecture achieves state-of-the-art performance on two publicly
available datasets. Our method yields real-time future point
cloud prediction (faster than a typical rotating 3D LiDAR
sensor point cloud rate i.e., 10Hz). We conduct thorough
qualitative and quantitative evaluations as well as provide
a detailed ablation study to validate the effectiveness of our
proposed architecture. To summarize, our main contributions
are as follows:

« We proposed a novel architecture (ATPPNet) that lever-
ages Conv-LSTM and spatial and channel-wise attention
for predicting future point clouds from a sequence of
past point clouds.

o ATPPNet achieves SOTA performance on various pub-
licly available datasets while beating the existing meth-
ods by 8 —9% margin.

« We empirically show that ATPPNet improves the perfor-
mance of downstream tasks, like odometry estimation.

II. OUR APPROACH

We provide details of our novel ATPPNet (Attention based
Temporal Point cloud Prediction Network) that leverages
Conv-LSTM blocks along with channel-wise and spatial
attention modules complemented by a 3D-CNN branch to
process a past sequence of 3D point clouds to predict
future point clouds. Let Sp = {S;—m+1,S—m+2,---S:} be
the set of input 3D point cloud sequence of M time steps
in a temporal window where S; € R? is set of 3D points
captured at specific time step 7. The goal of our ATPPNet
is to predict the future sequence of 3D point clouds for
a temporal window of N time steps represented as Sp =

{841,842, .-, Se4n}. Similar to [22], we adopt the range
image representation by first converting the point clouds
into the spherical coordinate system and then projecting the
corresponding point cloud (S; € R?) to the virtual image
plane of the LiDAR sensor, represented as R; € R?. Let
Rp={Ri—y+1,Ri—pm+2,...R:} be the sequence of past range
images in a fixed temporal window (obtained from Sp )
and similarly Rp = {R,+1,Ri12,...,Ri+n} be the sequence
of predicted range images associated with Sr.

A. Overall Architecture

Figure 2 provides the overview of the proposed ATPPNet
architecture. A shared convolution encoder processes the
input range images Rp and generates L number of multi-scale
feature tensors for each of the range images. Subsequently,
the first L — 1 feature tensors are fed to Conv-LSTMs to
model the spatio-temporal relationships across Rp. Further,
we exploit spatial as well as channel-wise attention on
the outputs of Conv-LSTMs to obtain the L — 1 context
tensors (i.e., the consolidated spatio-temporal encoding of
Rp). Additionally, for the final L-th feature tensor, we use
a 3D-CNN layer to process the spatio-temporal relationship
and generate the L-th feature tensor for N future time steps.
On the decoder side, we feed the context tensor along with
the hidden state of the last time step to L — 1 Conv-LSTMs
and generate the feature tensors for each of the L — 1 layers
for N time steps into the future. All these L feature tensors
on the decoder side are subsequently processed to generate
the range image sequence Ry along with their corresponding
re-projection masks Mg for all the N future time steps where
each pixel of M; € Mf can be interpreted as the probability
for each of the range image pixels to be valid or invalid.
This re-projection mask is used while back-projecting a range
image to a point cloud where we only retain the range
values corresponding to probabilities greater than 0.5. The
construction of specific architectural blocks is given below.

B. Convolution Encoder & Decoder block

The convolution encoder block takes the range image
and first performs a 2D-convolution operation, resulting in
a tensor with an increased number of channels but the
same spatial resolution. This tensor is further processed
using L convolutional sub-blocks. Each sub-block takes as
input a feature tensor and applies a combination of 2D-
convolution, 2D-batch normalization, and leaky-ReLU opera-
tion while keeping the tensor dimensions the same. A strided-
convolution operation is subsequently performed, resulting in
a down-sampled tensor.

The convolution decoder block follows the reversed struc-
ture of the convolution encoder block. There are L sub-
blocks, each of which takes an input tensor and passes
it through a 2D-transposed convolution, 2D-batch normal-
ization, and leaky-ReLU operation resulting in a spatially
scaled-up tensor while keeping the number of channels the
same. Another 2D-convolution operation is then performed,
to decrease the channel size of the tensor. The output of the
L-th layer is finally passed through another 2D-convolutional
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Fig. 2: ATPPNet Architecture. ATPPNet leverages Conv-LSTM along with channel-wise and spatial attention dually complemented by a 3D-CNN branch
for extracting an enhanced spatio-temporal context to recover high quality fidel predictions of future point clouds.

layer resulting in the predicted range images and the associ-
ated re-projection mask.

C. Conv-LSTM encoder

We propose to use L —1 Conv-LSTMs to exploit the
spatio-temporal context of input sequences. Similar to the
S2Net [23] architecture, we used multiple Conv-LSTM lay-
ers for each of the feature tensors. This helps us in preserving
the high-frequency details across the range image sequences.
The Conv-LSTMs for each of the L — 1 features generate a
hidden state for each of the M time steps.

D. Attention Module

Let te[t—M+1,...,t —1,¢] be a specific time step in
the given input temporal window, and the feature tensors for
the layer [ at every time step be represented as f.. Similarly,
let the output of /-th Conv-LSTM at time step ¢ denoted as
g where [ € [1,...L— 1]. As part of the attention module,
we first compute the joint embedding /Tl of fé and gﬁ as
(using the formulation [26]):

It =01(Wrfr ©Wegl),

where o] is a non-linear activation function chosen as
ReLU and @ is the concatenation operation. Wy and W,
are implemented as 2D-convolution operations with 1 x 1
kernel. The use of o1, Wr, and W, allows the network to
learn non-linear relationships between the features, which is
especially important when the image is noisy like our range
images. The resulting tensors /T’ are passed through the
spatial and channel-wise attention module [27] to find the
3D attention map . (_7!) € RA>*H>Wi_ The refined feature
tensor for layer / at time step 7T is computed as:

fo=fro(77).
Here ® is the element-wise multiplication. To compute
the 3D attention map .#(J%), we compute the channel-wise

attention and spatial attention separately and then combine
them as

M(J7) =0 (Mc( 77) @ My( F7))a,

where ¢ is the Sigmoid function and ® is the element-
wise multiplication operation. The M, function first applies
the global average pooling operation on the 3D tensor /Tl
to get the channel tensor which is then passed through an
MLP layer to get the channel-wise attention values. The M
function applies 2D-convolution operation on the 3D tensor
/Tl and returns a single channel tensor which represents the
spatial attention values.

The refined feature tensors for all the M time steps for
each of the L — 1 layers are then used to compute the context
tensors, that are subsequently served as input to the decoder
Conv-LSTMs.

t—M+1 .
context] = Z fé
T=t

E. Conv-LSTM decoder

The Conv-LSTM decoder follows a similar structure as
the Conv-LSTM encoder. L — 1 Conv-LSTM decoders are
used to predict L — 1 feature tensors for each of the N future
time steps. Let T € [f+1,...,N] be a specific time step in the
predicted future temporal window. For the 7-th time step, the
[-th Conv-LSTM decoder takes as input the context tensor
contextf’l where [ € [1,...,L — 1] along with the hidden
state of the Conv-LSTM for time step T —1 to compute
the output feature tensor. This output feature tensor along
with the hidden states of the previous time steps are used
to re-compute the context tensor context/ to be used for the
next time step. These output feature tensors on the Conv-
LSTM decoder side are used by the convolutional decoder
to generate the predicted range images Rr

F. 3D-CNN block

The feature tensors for the L layer from the convolutional
encoder block for all the past M time steps are concatenated
to create a 4D tensor. A 3D-CNN layer is used to process
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this feature tensor and generate N feature maps for the L-th
convolutional decoder block.

It is important to note that since 3D-CNNs place their
spatial focus on fewer, contiguous areas in the feature tensors
[28], we employ 3D-CNN on the last L —th layer of the
feature tensor (obtained with 2D-CNN) as it tends to capture
global structures in the range image [29], [30]. Thus, the 3D-
CNN block extracts only the complementary spatio-temporal
context as the primary spatio-temporal context is already
obtained by applying Conv-LSTM’s on the initial layers of
the convolutional encodings as they tend to capture the high
frequency details in the range images. This also gives us the
additional advantage of speeding up our inference time.

G. Loss Function

We use a combination of losses when training the network.
Since our ground truth point clouds are projected onto 2D
range images of dimension H x W, we can use 2D image-
based losses.

Firstly, we use the average range loss .Zx to compute the
error between the predicted range values 77 ; ; € RN*HXW and
the ground-truth range values r¢; ; € RV*#*W_ The average
range loss can be formulated as:

t+N H W

YY) M i —reijlhs

t=t+1i=1 j=1

A

NxHxW
where || o ||; represents the L; norm. The range loss %% is
computed only for the valid ground truth points. To train the
re-projection mask output, we use the Binary Cross-Entropy
loss between the predicted mask values 77 ; ; € RV *#>W and
the ground truth mask values m;; ; € RV*#>W _The average
mask loss %) is computed as:

1 t+N H W

L — —mg;jloghe; ;i (1)
NXxHXW ‘r:;rl PZ]I;]

— (1= me ) log(1 —riz,.), @

where 71 ; ; is the predicted probability of whether the range
value is valid. mq;; is 1 if the ground-truth range value is
valid and O otherwise. A masked range image is generated
by taking only the range values from the range image whose
corresponding mask values are greater than 0.5. Since we are
re-projecting the predicted masked range images into point
clouds, we use Chamfer distance [31] represented as £ for
evaluating fidelity of the predicted point clouds.
The combined loss function is given as

L =L+ L+ acke.
oc is the weight associated with the Chamfer distance.

III. EXPERIMENTS AND RESULTS
A. Experimental Settings

We train ATPPNet in a self-supervised manner in the sense
that we use only sequential point cloud data sans no manually
annotated labels. For our experiments, we keep the temporal
window size M = N = 5. In the convolutional encoder block,

Prediction TCNet PCPNet PCPNet- ATPPNet
Step [22] [24] Semantic (Ours)
[24]
1 0.554 0.543 0.503 0.468
2 0.671 0.662 0.620 0.570
3 0.779 0.773 0.727 0.667
4 0.878 0.872 0.825 0.760
5 0.974 0.973 0.920 0.851
[ Mean [ 0.771 [ 0.765 [ 0.719 [ 0.663 ]

TABLE I: Range Loss results on the KITTI odometry test set verifies that
ATPPNet has a performance improvement of 7.788% over SOTA on the
mean range loss. Bold values correspond to the best performing model in
that corresponding time step.

the initial convolutional operation outputs 16 channels while
retaining the spatial dimension. We use L = 4 sub-blocks
where the channel size increases by a factor of 2 for every
successive sub-block obtained by the convolutional encoder.
In each of the sub-blocks, the first convolutional operation
uses a kernel size of 3 x 3 with stride (1,1), and the second
convolution operation uses a kernel size of 2 x 4 with stride
(2,4). All the convolutional operations use circular padding
[22]. Each Conv-LSTM block uses 3 layers.

Similar to the trend in the literature [22], [24], we train our
architecture for 50 epochs with o = 0 and then fine-tuned
with the Chamfer distance loss for the next 10 epochs by
setting o¢c = 1. We train our model on a system with an Intel
Xeon E5-2640 CPU and 3 Nvidia RTX 2080 GPUs using the
Distributed Data Parallel strategy. While training, we have
used the ADAM optimizer [32] with default parameters and
an initial learning rate of 0.0003 and the StepLR learning
rate scheduler with gamma as 0.99.

1) KITTI Odometry dataset [2]: We use sequences 00 —
05 for training, 06 — 07 for validation, and 08 — 10 for testing.
The LiDAR used in the KITTI dataset [2] has 64 channels,
so we have used range images of size 64 x 2048.

2) nuScenes dataset [1]: We trained our network on this
dataset with the same training strategy we used on the KITTI
dataset. Following PCPNet [24], we used sequence 00 — 69
for training, scenes 70 — 84 for validation, and 85 — 99 for
testing. We trained our architecture on range images of size
32 % 1024 since the LiDAR used here has 32 channels.

B. Qualitative Analysis

Figure 3 (and Figure 1) shows a qualitative comparison
of the predicted point clouds generated using our proposed
ATPPNet and the other methods: TCNet [22], PCPNet and
PCPNet-semantic [24]. The areas of interest are highlighted
with numbered green circles.

In the predicted sequence ¢+ 1 shown in Figure 3, we
can observe over the circles a,b,c & d that our ATPPNet
outperforms the other methods by generating point clouds
that are less noisy and structurally more similar to the ground
truth. We can observe in time step #+ 35 (bottom row) that the
circles numbered a,b,c,d,e & f in the point cloud generated
by ATPPNet is more fidel to the ground truth compared to
the predicted point clouds from the other methods that have
large visible deviations from the ground truth and are more
noisy.
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Fig. 3: Qualitative comparison conducted on sequence 10 of the KITTI odometry dataset. The predicted points (blue) and the ground truth points (red)
are combined for a better visual comparison. The top row shows the point clouds at prediction step 7+ 1 and the bottom row shows the point clouds at

prediction step ¢+ 5. The areas of interest are circled in green.

Sampled Point Cloud Full-Scale Point Clouds
Prediction | PointLSTM| MoNet TCNet PCPNet PCPNet- ATPPNet TCNet PCPNet PCPNet- ATPPNet
Step [19] [20] [22] [24] Semantic (Ours) [22] [24] Semantic (Ours)
[24] [24]
1 0.332 0.278 0.290 0.285 0.280 0.258 0.253 0.252 0.242 0.225
2 0.561 0.409 0.357 0.341 0.340 0.311 0.309 0.301 0.298 0.270
3 0.810 0.549 0.441 0411 0.412 0.375 0.377 0.362 0.354 0.326
4 1.054 0.692 0.522 0.492 0.495 0.445 0.448 0.435 0.427 0.391
5 1.299 0.842 0.629 0.580 0.601 0.523 0.547 0.514 0.503 0.461
[ Mean [ 0.811 [ 0.554 [ 0.448 [ 0.422 [ 0.426 [ 0.382 H 0.387 [ 0.373 [ 0.365 [ 0.335 ]

TABLE II: Chamfer distance results on KITTI Odometry test sequence with the sampled point clouds on the left and full-scale point clouds on the right.
ATPPNet has a performance improvement of 9.478% over SOTA for the sampled point clouds and 8.219% over SOTA for the full-scale point clouds. Bold
values correspond to the best performing model in that corresponding time step.

Evaluation TCNet [22] PCPNet- ATPPNet
metric Semantic [24] (Ours)
Mean Chamfer 1.389 1.360 0.932
Distance
Mean Range 0.719 0.704 0.598
Loss

TABLE III: Mean Range Loss and Chamfer distance on the nuScenes test
set. ATPPNet is making an improvement of 15.056% over SOTA on the
mean Range loss and 31.470% over SOTA on the mean Chamfer distance.

C. Quantitative Analysis

In this section, we perform a quantitative analysis of our
proposed ATPPNet with two point based methods (PointL-
STM [19], MoNet [20]) on the KITTI [2] test set, and
three range image based methods (TCNet [22], PCPNet and
PCPNet-semantic [24]) on the KITTI [2] and the nuScenes
[1] test set. The point based methods [19], [20] use down-
sampled point clouds to 65536 points and this is also adopted
by us and other methods i.e., [22], [24]. We use the range
loss and Chamfer distance to evaluate the predicted range
images and the point clouds, respectively.

Table I shows the quantitative results of the range loss
for all the methods on the KITTI test set. Compared to the
other methods, ATPPNet generates better range images as the
prediction time step increases, which can also be verified by
the improvement of 7.788% over SOTA (PCPNet-semantic

[24]) in the mean range loss.

In Table II, we evaluate the Chamfer distance on the
sampled point clouds (left column) and full-scale point
clouds (right column) on the KITTI test set. As we can
observe, our method is having an improvement of 9.478%
over SOTA on sampled point clouds and an improvement of
8.219% over SOTA on full-scale point clouds. It can also
be observed that the margin of Chamfer distance between
ATPPNet and other methods increases as the prediction time
step increases (i.e., farther in future). This indicates a more
stable prediction of the point clouds across all the time steps
as depicted in Figure 3.

In Table III, we report the quantitative analysis of our
model trained on the nuScenes dataset. ATPPNet is im-
proving 15.056% on the mean range loss and 31.470% on
the mean Chamfer distance over SOTA. Our inference time
on the KITTI and nuScenes dataset is 89.5 and 70.7 ms
respectively.

D. Ablation Study

In this section, we conduct a thorough investigation of the
relevance of different blocks of our architecture on the KITTI
test set and demonstrate the effectiveness of our method.

Impact of Attention Module: In Table IV column A,
we show the results of our ablation study on the attention
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A) Attention Module B) Conv-LSTM (CLSTM) layers
Evaluation No Attention S-Attention C-Attention L—1 CLSTM L—1&L-2 all L CLSTM ATPPNet
metric CLSTM (Ours)
Chamfer 0.365 0.359 0.356 0.405 0.378 0.366 0.335
distance
Range loss 0.719 0.687 0.690 0.770 0.698 0.717 0.663

TABLE IV: Results of Ablation study on Attention Module and Conv-LSTM layers. Bold values correspond to the best performing model.

Window size 3 5 7 ‘
T+1 0.221 0.255 0.258
T+2 0.274 0.270 0.306
T+3 0.344 0.326 0.363
T+4 NA 0.391 0.426
T+5 NA 0.461 0.498
T+6 NA NA 0.580
T+7 NA NA 0.657

TABLE V: An ablation study on how the performance changes as we vary
the sequence length.

Pose error TCNet PCPNet PCPNet- ATPPNet
[22] [24] Semantic (Ours)
[24]
.,2”12“ 0.1342 0.1363 0.1280 0.1209
,2”,2*2 0.2412 0.2282 0.2235 0.2065
3}*3 0.3670 0.3388 0.3343 0.3038
3}*4 0.5084 0.4630 0.4558 0.4128
!4’,"’5 0.6736 0.6022 0.5878 0.5328
[ Mean [ 0.3849 [ 0.35374 [ 0.3459 [ 0.3154 ]

TABLE VI: LOAM pose error. We adopt LOAM [36] and evaluate the
disparity between the motion estimates on ground truth and predictions.

module. To conduct this study, we set up 3 experiments:
(1) removing the attention module (column “No Attention”),
(2) using just spatial attention (column “S-Attention”) and
(3) using just channel-wise attention (column “C-Attention”).
We observe in all the 3 experiments that the range loss and
Chamfer distance deteriorates as compared to our original
method.

Effects of Spatio-Temporal Modelling: In Table IV
column B, we demonstrate the impact of varying the number
of feature tensors from the convolutional encoder to be mod-
elled spatio-temporally. For this, we adopt three experimental
setups: (1) modelling only the L — 1-th feature tensor with
Conv-LSTM and L-th tensor with 3D CNN. (column “L —1
CLSTM”), (2) modelling only the L — 1-th and L — 2-th
feature tensor with Conv-LSTM and L-th tensor with 3D
CNN. (“L—1 & L—2 CLSTM”), and (3) modelling all
the L layers from the convolutional encoder with Conv-
LSTM (column “all L CLSTM”). For the aforementioned
experiments we observe a deterioration in the performance
compared to our original method. We can also conclude
the importance of the 3D-CNN layer for the L-th layer
from experiment (3). This verifies that 3D CNNs are better
at modelling contiguous areas in the feature tensors [28]
which tend to appear at the lower level features from the
convolutional encoder [29], [30].

Impact of Sequence Length: In Table V, we report the
results by varying the temporal window size. It is important
to note that the temporal window size is kept the same for

both input and output. We can observe a decrease in the
Chamfer distance as we increase the window size from 3 to
5. However, further increasing the window size from 5 to
7 leads to an increase in the Chamfer distance. A possible
explanation for this is that the window size of 3 is too short
to model the spatio-temporal context of the scene while, for
the window size of 7, the context length and the prediction
horizon is too long.

E. Results on Downstream Task

In this section, we analyze the impact of our model on a
downstream task of generating motion estimates (i.e., odom-
etry) for the ego vehicle. We adopt LOAM [33], and evaluate
the disparity between the motion estimates on ground truth
and predictions. Let p* € R? denote the trajectory pose
obtained using predicted point clouds and p*® € R? denote
the trajectory pose obtained using ground truth point clouds
at time step 7, where T € [t+1,...,# + N]. The pose error

5 is given as:

L5l =" I3

As reported in Table VI, the pose error (£7) for ATPPNet
is the least as compared to the other methods. This verifies
that the improved point cloud prediction from our proposed
method translates to a tangible outcome in the form of
improved localization vis-a-vis other methods. Additionally,
such prediction of localization error can be effectively lever-
aged by active localization strategies [9] that steer the vehicle
to regions where the localization is expected to be better.

IV. CONCLUSION

In this paper, we propose a new self-supervised method
for predicting future point cloud sequences from past ones.
We combine spatial and channel-wise attention with Conv-
LSTMs and a 3D-CNN branch to model spatio-temporal
information efficiently. Our approach, ATPPNet, outper-
forms existing methods in experiments on various real-
world datasets. We also demonstrate its potential through an
application study. Future work could involve predicting point
clouds by querying specific locations over time to identify
areas with minimal motion drift.
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