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Introduction

Aggregated Residual Transformations for Deep Neural Networks

2017 CVPR Conference “Aggregated Residual Transformations for Deep Neural Networks” 2t= &7 Z1} & &

2016 & 2 arxivE 371 |04, 2016 ILSVRC CHZ| 0| Al 252 $4¢

“Cardinality” 718 =&
256-din

‘///_.# 256-din
_-_H_L_""‘—l..;_

256, 1x1, 64 256,1x1,4 | | 256,1x1,4 |, ;.| 256,1x1,4
0| =29l ResNet 2} | H=t5H Hl £ 2|5 + + ¥ paths 3
s o 64, 3x3, 64 4,3x3, 4 4,3x3,4 | ==e+ | 4,3x3,4
FLOPs complexity= 7+ X| ot &'Ej 2 A7 ¥ % + -
64, 1x1, 256 4,1x1,256 | | 4,1x1,256 4,1x1, 256

256-d out

256-d out

Figure 1. Left: A block of ResNet [14]. Right: A block of
ResNeXt with cardinality = 32, with roughly the same complex-
ity. A layer is shown as (# in channels, filter size, # out channels).
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Aggregated Residual Transformations for Deep Neural Networks (1)

Aggregated Transformations

(i) Splitting: the vector x is sliced as a low-dimensional embedding.
it is a single-dimension subspace x;.

(ii) Transforming: the low-dimensional representation is transformed. => w;x;

(iii) Aggregating: the transformations in all embeddings are aggregated by '/, w;x; A simple neuron that performs inner product.
(o
F(x) = Z Ti(x) C (cardinality) : size of the set of transformations to be aggregated
i=1
(o
Aggregted Residual Transformations: y = x + Z T (x)
=1
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Aggregated Residual Transformations for Deep Neural Networks (2)

Cardinality
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Figure 3. Equivalent building blocks of ResNeXlt. (a): Aggregated residual transformations, the same as Fig. 1 right. (b): A block equivalent
to (a), implemented as early concatenation. (¢): A block equivalent to (a,b), implemented as grouped convolutions [24]. Notations in bold
text highlight the reformulation changes. A layer is denoted as (# input channels, filter size, # output channels).
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Grouped Convolution

Input 2| channelS = ¢12] 7H2] group2 2 LI+0] SE X2 2 Convolutions +Y

Ex) Input Channel : 128  group :32 Output Channel : 128 & I,
12871 X' S 327l12] A E 2 & L} convolution= +alSIH, Zt IE2 472 X2 = Z=C}.
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Aggregated Residual Transformations for Deep Neural Networks (3)

Model Capacity
ResNet-50 FLOPs : [1 * 1 * 256 * 64] + [3 *3 x 64 *x64] + [1 1 * 64 * 256] = 70k
ResNeXt FLOPs: C * [(1x1%256*d)+ (3*3xd*d)+ (1x1xd *256)] HIM (C,d) =(32,4), = 70k

stage | output ResNet-50 ResNeXt-50 (32 :<4d) = ol o Mo ol
convl| 112x112 77, 64, stride 2 7 %7, 64, stride 2 =, o E°._|'compIeX|ty OIIIA-I L_'-I = %EE ==
3»3 max pool, stride 2 33 max pool, stride 2
conv2| 56x56 1x1, 64 1x1,128
3x3,64 | x3 3x3, 128, C=32 | %3
| 1x1,256 | 1x1,256 ] — —
T 1%l 128 ] [ 1x1.256 . - SK-way classification | | K-way classification
conv3| 28x28 3%3,128 | x4 3x3,256, C=32 | x4 setting | top-1 top-5 top-1 top-5
| 1x1,512 | | 1x1,512 | ResNet-50 1 x 64d| 455 19.4 27.1 8.2
[ 1x1,256 | [ 1x1,512 ] ResNeXt-50 |32 x 4d| 42.3 16.8 24.4 6.6
R 3x3,256 | X6 || 3x3,512, O=32 | %6 ResNet-101 |1 x 64d| 424 [ 169 | 242 [ 6.8
1x1, 1024 1x1, 1024
= = = - ResNeXt-101 (32 x 4d| 40.1 15.1 22.2 5.7
1x1,512 1x1, 1024
convs| 7x7 3x3,512 | %3 3x3,1024, C=32 | x3 ,
1x1 2048 [ Ix1. 2048 } Table 6. Error (%) on ImageNet-SK. The models are trained on
- - ImageNet-5K and tested on the ImageNet-1K val set, treated as a
Ix1 global average pool global average pool S5K-way classification task or a 1K-way classification task at test
1000-d fc, softmax 1000-d fc, softmax s y >S5 o -way clas ) ! i )
# params. 35.5<10° 35.0<10° yme. ResNe}(:I and its ResNet u::m.m[erpm*t have similar c-::nfnplex-
FLOPs 312107 4.2<10° ity. The error is evaluated on the single crop of 224 x 224 pixels.
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nataser CIFAR-10

Here are the classes in the dataset, as well as 10 random images from each:
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ResNeXt using CIFAR-10
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Name # params  precision recall accuracy

95.0 1 SE-ResNetl10
ResNet-20 0.27M  91.69%  91.62%  91.63% Q.

_ _ResNe DenseNet sNe
ResNet-32 0.46M  92.21%  92.18% 92.19% e o G Resties? ResNets6 Restieriay
@) ResNet20 ResNet44

ResNet-44 0.66M 91.57% 91.52% 91.53% g 20.07
ResNet-56 0.85M 92.46% 92.48% 92.48% 87.5 1
ResNet-110 1.7M  93.19% = 93.17% 93.17% 650
DenseNet 1.78M 93.76% 93.77% 94.22% irs
ResNeXt-29(2 x 32d) 3.75M 93.71% 93.32% 94.11%
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Which data fits ResNeXt model?
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