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Introduction Variable number of input views 3D shape analysis benchmarks

SHREC'17 3D shape retrieval challenge:

% Equivariant representations reduce sample and model complexity.
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< In 3D vision, we seek equivariance to the group of 3D rotations, SO(3). . )
> Currently, this requires specialized architecture and feature topology. .
> State-of-the-art methods use multi-view 2D CNNs and are not equivariant. . :
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% Applications to 3D shape analysis and panoramic scene classification. = {]} ARNNNNRNARNRNNAN NNNNNNNNRNRNNNNN NNNNNRNARNNUNRNN NUNRNNNANNNRNRNN NUNRNNNERRNRNNEN
’\:we/‘\‘\ i /_:/._\ 2N . [1] Kanezaki et al. CVPR'18
LR : Aligned Dataset Rotated Dataset [2] M. Sawva et al. 3DOR'17
| T = 1 A1 [ Invariant features J 100 [3] T. Furuya et al. BMVC'16
Vo A2 K0 . [41H. Suetal. ICCV'15
Q‘; L:T oo ‘?7 e T Vedaldi 1GMLT7 [5] M. Yavartanoo et al. arXiv'18
S - - S N\ N ctoves ot ol ICLR18. I | 0 [6] Haoxuan You et al. ACM'18
Multi-View to Equivariant Multi-View Networks e ereves etel LS “ll |||| ll n . 7z K etal Ty
8] Kostantinos Sfikas C&G'18 |9
: = | | . C. Esteves ECCV'18
, _ / Conventional approaches & N i : : |I « -
CNN - acc (M40) mAP (M40) acc ( |v|10 mAP (M10) acc (M40) MAP M40
.
— : — I | | | ® MVCNN-12[4] = SPNet [5] ® SV2SL[7] ®m PVNet [6] | RotationNet [1] ® MVCNN-80 [4]
. LCNN > VIeYV - E Invarlant 12-element filter input ' | ' \ ' ! ® PANO-ENN [8] ® Ours B Spherical CNN [9] ® Ours
[ pooling = features VA A
1 : E , _
@;\’_:pf 9///_ m:> \ B VONN:H. Suetal |CCV'15/
’,/': X 5- I .tfl.t o =
& ¢ A { [ENNY| / Our approach N ;menvler o (@S
features
CNN 12-element filter N

\\ G-CNNs: Cohen and Welling, ICML’1€J from one SUbgrOUp

e Convolution on discrete groups:
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Outperforms baselines by a large margin!
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Conclusion

% We combine the power of conventional CNNs with the robustness of
equivariant CNNs, enabling joint equivariant reasoning over multiple views.
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We lift homogeneous space features

(f*xh)(z) = [ o Fgn)h(g " z)dg oo the group via correlation )

e Correlation on homogeneous spaces:
(fxh)( f X f gx)h(x)dx é

e Convolution on homogeneous spaces:

% We surpass the state of the art on several 3D shape analysis benchmarks.

% Our code is available at https://github.com/daniilidis-group/emvn




