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= Geometric deep learning provides a blueprint for set

= |[n particular, we consider permutation invariant

= Existing literature has extensively explored improving
equivariant backbones, while the impact of the pooling
layer is often overlooked.

neural networks that leverage the permutation

symmetry of set-structured data (e.g. point clouds).

networks, composed of a permutation equivariant
backbone, permutation invariant global pooling, and

regression/classification head.

-

Objective: Explore the interplay between

backbone architecture and pooling approach on
model performance for point cloud classification.
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Large-Scale Study of the Effect of Backbone and Pooling
Layers on Point Cloud Classification

Depth vs. Width
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Depth vs Width in MLP

GMHA MMHA
d=1 d=2 d=3 d=4 d=5 d=1 d=2 d=3 d=4 d=5

w=128

w=256

w=512

w=1024

Paired Poolings

d=1 d=2 d=3 d=4 d=5

R\ RN

4 NP\ NP
Q @ N S

o o"ﬁ\ é\?’+ \(-"“ QQ\V SR

()

O R N\ v
P F ¥ § QR N 4 o N N o ¥ W
S R F 0V (727G N W

)

(2
<2~6Q6

0.8

GAP
GeM
Max

k-Max

PMA
F-PSWE

76.76 77.36
L-PSWE| 756

FSPool

GMHA

7
= = =
5 2y S o
Q o S 95 a o o e <
2 g J& 82 § 5 3 S
0.8+ | |
g e
5 T
3 0.6+ 2
g % , ‘% re)
0a- S
o F 8
0.2- n
0.0 T T T T T T T T I3 T T T T T T
-12 10 -8 6 4 -2 -9 -8 -7 -6 -5 -4 0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0
& ] & ] o &
() (]
= ] g 3, g s £ 3
s 23285 3 S 2§ &% § S @ & 5 5
L2 s 5 LaR (SRS N J&L a¥ G S q 9 L G
0.8+ ; ; E
t
- (©
1 p
0.6 )
2
()
0.4+ o
©
N
0.2+ v
0.0 T T T T T 1 T T T T T I3 T T T T T T
-12 -10 -8 -6 -4 -2 -9 -8 -7 -6 -5 -4 0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0
Logarithm of Forward Time Logarithm of Backward Time Model Size
—e— GAP —— Max —— PMA —— L-PSWE GMHA ——— MMHA ApprRepSet
GeM k-Max ~——+ F-PSWE ~——+—— FSPool
Limited Training Data
X X X
& & ¥ & & ¥ & & ¥
S s © S s © S NI
O Q. O . O 2.
Lo S F F&& S Lo S F F&& S Lo NP F gt S
0.8+ 0.8+ | 0.8 | ‘
a —
© 0.6 0.6 0.6
35
(9]
S04 04t J 0.4
0.2-/ 0.2-7 0.2
0.0

Y0 o5 10 15 20 25 30 35 40 %% o5 10 15 20 25 30 35 40 %% o5 10 15 20 25 30 35 40

Model Size(Mb)/ 5% data Model Size(Mb)/ 10% data Model Size(Mb)/ 25% data

—— GAP —¢— Max —— PMA F-PSWE —<— L-PSWE ———— FSPool GMHA ———— MMHA ——— ApprRepSet
GeM k-Max

MMHA

AppRepSet

Single Pooling

76.32 76.72

Findings

0.88

0.86

0.84

0.82

0.80

0.78

0.76

= Complex pooling methods, such as transport-based or
attention-based poolings, can significantly boost the
performance of simple backbones, but the benefits
diminish for more complex backbones.

= Even complex backbones can benefit from
high-complexity pooling layers in low data scenarios.

= Surprisingly, the choice of pooling layers can have a
more significant impact on the model’s performance
than adjusting the width and depth of the backbone.

= Pairwise combination of pooling layers can significantly
improve the performance of a fixed backbone.



