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imageNet Large Scale Visual Recognition
Challenge (ILSVRC)
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AlexNet
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ImageNet Classification with Deep Convolutional Neural Networks(Alex Krizhevsky et al.)
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ConvNet Configuration
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ResNet
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ResNet

layer name | output size 18-layer 34-layer 50-layer 101-layer 152-layer
convl 112x112 7x7, 64, stride 2
3x3 max pool, stride 2
[ 1x1,64 ] [ 1x1,64 ] 7] :64+
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: 4 [ 1x1, 128 11, 128 T i1 128
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2 L T e | ], A | | 1], 52 | . 1,512 |
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7 ? ) °
convd_x 14x14 gig ;gg X2 222 222 X6 3x3,256 | x6 3x3,256 | x23 3x3,256 | x36
- L T | 1x1,1024 | 1x1,1024 | 1x1,1024
. . [ 15¢1: 512 1x1,512 1x1,512
5 ; ; :
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Rt N Sttt | 1x1,2048 | 1x1,2048 1x1,2048
1x1 average pool, 1000-d fc, softmax
FLOPs 1.8x 10 3.6x10° 3.8x10° 7.6x10° 11.3x10°
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3D Shape Retrieval Contest (SHREC)
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e« 2016 MVCNN: Multi-view Convolutional Neural Network (H. Su
et al)

« 2017 RotationNet (A. Kanezaki)
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Multi-view Convolutional Neural Networks for 3D Shape Recognition
H. Su, S. Maji, E. Kalogerakis, and E. Learned-Miller. IEEE ICCV, 2015. £ V) 5|H
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RotationNet: Joint Object Categorization and Pose Estimation Using Multiviews from Unsupervised Viewpoints
A. Kanezaki, Y. Matsushita, and Y. Nishida (https://arxiv.org/pdf/1603.06208.pdf) &£ V) 5|8



B L7 T — L

e BREANZAHSTUWEHEWETILENRE LT-X XY

« 2016F GIFT: A Real-time and Scalable 3D Shape Search Engine
(S. Bai et al)

« 2017% DLAN: Deep aggregation of local 3D geometric features (T.
Furuya et al)
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GIFT: A Real-time and Scalable 3D Shape Search Engine
S. Bai, X. Bai, Z. Zhou, Z. Zhang, and L. J. Latecki. CVPR 2016 & ") 5|
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within SOI Deep Local feature Aggregation Network (DLAN)

Deep Aggregation of Local 3D Geometric Features for 3D Model Retrieval
T. Furuya, R. Ohbuchi. BMVC 2016 K& V) 5|F
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