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Comments to the author Comments to author (Associate Editor)
=====================================
The paper improves the run-time performance of existing
methods for 3D object detection from point clouds
(PointPillars) by exploiting the sparse nature of the input
while sacrificing detection performance.
However, this paper is primarily a combination of several
works by other groups [3][5][6], thus there is very limited
technical contribution. Also, there is no quantitative and
qualitative comparison with other sparse convolution-based
detectors like SECOND/SBNet.

---------------------------------------Comments on Video Attachment:
slow down the narrative
Comments to author (Editor)
================================
Authors are highly encouraged to address the reviewer
comments.
---------------------------------------Comments on Video Attachment:
Good complement to the paper.

Reviews of this Submission
Reviewer Review Comments to the author
number
ID
8

14795

Summary:
The paper improves the run-time performance of an existing
method for 3D object detection from pointclouds
(PointPillars) by exploiting the sparse nature of the input
while sacrificing detection performance.

Attachment Comment on the Video Attachment
to the
review
The video provides a useful summary of the paper.
it appears that the audio has been sped up, which
difficult to follow unless slowed down. I suggest
down the content so that the audio is of normal s

The main contribution is the modification of the Feature
Net and Backbone of the PointPillars using existing methods
that exploit input data sparsity. In particular, in the
Feature Net, rather than forming a dense pseudoimage from
the feature vectors, a tensor format from prior work
(coordinate format) is used to construct a sparse
pseudoimage. In the Backbone, 3x3 stride-2 convolutions are
replaced by 2x2 stride-2 convolutions, and sub-manifold
convolutions (from prior work) are used instead of full
convolutions. A combination of the tensor format used and
the type of convolutions used results in the maintainance
of the input sparsity in the final output of the Backbone
with fewer computations.
The method is evaluated on two datasets - the KITTI dataset
and a dataset constructed from Matterport3D for chair
detection. The results show that the author's method has a
lower runtime and a lower object detection performance. The
runtime decreases even more significantly when inference is
on a CPU.
Overall impression:
The paper addresses a very relevant problem in robotics,
namely, being able to run state-of-the-art machine learning
models on limited hardware resources while still
maintaining a reasonable performance. The novelty is
limited, however, since the authors use existing methods
for the base model and the modifications. The descriptions
of the modifications performed are good, but could do with
more details (described below). The experimental evaluation
is valuable since it clearly shows the benefits of the
authors' modifications, particularly when used on typical
hardware available on mobile robots. It is also very
helpful that all materials (code, models, weights etc.) are
provided to reproduce the results.
Some detailed comments:
Fig 2: If it can be incorporated without too much clutter,
the type of modifications done at each stage would be a
useful addition to the figure (e.g. a label for sparse
psuedo image, and sparse conv/SubM conv in the backbone)
III A: it is a bit unclear what the terms "gather" and
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"scatter" mean in this context. They may be terms used in
the original PointPillars paper, but should be clarified
here.
III A: it would be helpful to shortly describe what the COO
format is
III B: "uses sparse convolutions [27] and ..SubM
convolutions [6]" -- the way in which SubM convolutions are
used is clear, but it is not clear where/how sparse
convolutions are used. Is it the replacement of 3x3
stride-2 convolutions with 2x2 stride-2 convolutions? What
exactly is a sparse convolution?
Fig 4: the caption mentions that BatchNorm is only used on
non-zero entries but this is not mentioned in the main
text. Is this a feature of the SubM convolutions, or is it
an additional step? Fig 3. also mentions BatchNorm being
removed. Is this only for illustration purposes, or is this
performed in the actual implementation of the original
PointPillars? In general a few sentences addressing
BatchNorm should be mentioned in the main text.
Fig 5: this illustration is very helpful in understanding
SubM convolutions
IV: are the densities mentioned associated with the
selected pillar and pseudoimage sizes mentioned in V?
Table 1: the table lists several expressions for the number
of convolutions performed in both versions, but it is not
clear how these expressions were arrived at. IV mainly
discusses the implications of the input density on Sparse
Pillars. A description or derivation of at least one of the
terms in the table would be helpful in understanding the
process by which they were derived.
Table 1/Fig 6: Conv^T are presumably deconvolutions - this
can be explicitly mentioned in the text or captions
Fig 6: the size of each of the Conv^T filters can be
mentioned here, since they are mentioned in Table 1
V A: What was the intended purpose and expected result of
the two abalations?
V A: How does the 9x9 Conv simulate smearing if the SubM
conv only convolves when centered on non-zero entries? Does
this depend on the density of non-zero entries?
V A: Given that for the Matterport dataset, the sparse
Backbone runs faster that the baseline on a CPU (compared
to slower on a GPU), it would be useful to see a similar
result with the KITTI dataset.
Code: A pointer in the README to the particular files where
the contributions of your work can be seen can be added
(e.g. where is the pseudoimage represented with the COO
format, or where are SubM convolutions used)
Minor comment regarding phrasing: the term 'maintain and
exploit' is perhaps used too often in the first few
sections of the paper (including twice in the abstract). It
should probably be emphasized again in the conclusions
though.

9

39665

This paper proposes to use sparse convolution to accelerate
the inference of PointPillar for efficient 3d object
detection, which is desirable in robotics and autonomous
driving. Overall, the results seem good, and the
presentation is good. However, this paper is mainly just a
combination of several works: [3][5][6], thus there is
nearly no technical contribution. Also, there is no
quantitative and qualitative comparison with other sparse
convolution-based detector like SECOND/SBNet in the
experiments.

good

Strongness:
[1] The results seem good, and the presentation is good.
[2] The code is released, and the video seems good.
[3] The experiments are good in terms of efficiency, and
this is really useful for the hardware implement in the
real-world scenario.
Weakness:
[1] The novelty is limited, this paper is mainly just a
combination of several works: [3][5][6], thus there is
nearly no technical contribution.
[2] There is no quantitative and qualitative comparison
with other sparse convolution-based detector like
SECOND/SBNet in the experiments. What's your key advantages
compared to the existing sparse detectors?
[3] The figure is copied from the original PointPillar
paper without any modifications, which makes me suprised.
Conclusion:
The novelty is limited and the experiments are not
comprehensive. Therefore, the authors are suggested to

https://ras.papercept.net/conferences/scripts/auspace.pl

3/4

1/31/22, 4:07 PM

Reviews overview
improve their work in terms of technical novelty and
experiments to make it publishable in ICRA.
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