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1. Introduction
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1http://image-net.org/challenges/LSVRC/2015/ and
http://mscoco.org/dataset/#detections-challenge2015.
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3. Deep Residual Learning
3.1. Residual Learning
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½´���ä¤5[Ü�.�N�§Ù¥x´ù
�
�Ñ\"XJõ���5�U
%CE,�¼ê�b
�2´¤á�§@oÒ�duù
�U
%CE,�
í�¼ê§'X§H(x) − x£b�Ñ\ÚÑÑ��Ý

2Tb�E,´���)û�¯K"��[27].
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3.2. Identity Mapping by Shortcuts
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XFig. 2¤«"�©¥��ï¬½ÂXeµ

y = F(x, {Wi}) + x. (1)
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3.3. Network Architectures
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mE,Ý�Ó"·���ÏLstride �2�òÈ�5?
1eæ�"3�ä���´���Û�²þpooling�
Ú��1000a��¹softmax��ë��"\����
ê�34§XFig. 3 (¥)¤«"
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(Fig. 3§�)k���ÈÅìÚ�$�O�E,Ý"
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ü«�Y§�$»ë�
ü«º��A�ã�§þ¦
^stride�2�òÈ"

3.4. Implementation

�éImageNet��ä¢y�Ì
[21, 40]"ã¡UÙ
á>��' ��Uì[256, 480] «m�º��Åæ
�?1ºÝOr[40]"�Å�lã�½Y²º�æ�
���224×224�à}ã�(crop)§z���Ñ~�þ
�[21]"ã�¦^IO�ôÚOr[21]"·�3z��
òÈ���§-¹��cþ¦^1þ�5z(batch nor-
malization, BN)[16]"·��â[12]5Ð©z��,�
l"m©Ôö¤k²ÁÚí��ä"·�¦^�mini-
batch�º��256"ÆSÇl0.1m©§z��ØÇ²
­�òÆSÇØ±10§���.?160 × 104gS�
Ôö"·�ò��P~���0.0001§Äþ�0.9"�
â[16]§·�¿vk¦^Dropout [14]"
3ÿÁ¥§�
é(J�é'·�æ^
I

O�10ò(10-crop)ÿÁ[21]"�
���Z�(J§
·�¦^[40, 12]¥��ë�òÈ/ª�ä§�
ª(J�éõ�º�ã��¢�(J�©�²
þ�£N�ã����¦§�á>�Ý©O
�{224, 256, 384, 480, 640}¤"
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layer name output size 18-layer 34-layer 50-layer 101-layer 152-layer
conv1 112×112 7×7, 64, stride 2

conv2 x 56×56

3×3 max pool, stride 2[
3×3, 64
3×3, 64

]
×2

[
3×3, 64
3×3, 64

]
×3

 1×1, 64
3×3, 64

1×1, 256

×3

 1×1, 64
3×3, 64

1×1, 256

×3

 1×1, 64
3×3, 64

1×1, 256

×3

conv3 x 28×28
[

3×3, 128
3×3, 128

]
×2

[
3×3, 128
3×3, 128

]
×4

 1×1, 128
3×3, 128
1×1, 512

×4

 1×1, 128
3×3, 128
1×1, 512

×4

 1×1, 128
3×3, 128
1×1, 512

×8

conv4 x 14×14
[

3×3, 256
3×3, 256

]
×2

[
3×3, 256
3×3, 256

]
×6

 1×1, 256
3×3, 256
1×1, 1024

×6

 1×1, 256
3×3, 256
1×1, 1024

×23

 1×1, 256
3×3, 256

1×1, 1024

×36

conv5 x 7×7
[

3×3, 512
3×3, 512

]
×2

[
3×3, 512
3×3, 512

]
×3

 1×1, 512
3×3, 512
1×1, 2048

×3

 1×1, 512
3×3, 512

1×1, 2048

×3

 1×1, 512
3×3, 512
1×1, 2048

×3

1×1 average pool, 1000-d fc, softmax
FLOPs 1.8×109 3.6×109 3.8×109 7.6×109 11.3×109

Table 1. éAuImageNet�(�µe")Ò¥��ï¬�ëê(Ó��Fig. 5)§ê��ï¬?1æU"eæ�
dstride�2�conv3 1!conv4 1Úconv5 15¢y"
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4. Experiments

4.1. ImageNet Classification

�©31000a�ImageNet2012êâ8þ[34]é·�
��{?1µ�"Ôö8�¹128�Üã�§�y8
�¹5�Üã�"·�310�ÜÿÁã�þ?1ÿÁ§
¿étop-1Útop-5��ØÇ?1µ�"

²²²ÁÁÁ���äää""" ·�Äkµ�
18�Ú34��²Á�
ä"34���äXãFig. 3 (¥)¤«"18��(�é�
q§äN[!ë�Table 1"

Table 2¥Ð«�(JL²
34���ä'18���
ääk�p��y�ØÇ"�
�«�)ù«y��
�Ï§3Fig. 4 (�)¥·�'�
��ÔöL§¥�Ô
ö9�y�ØÇ"l(J¥·�*ÿ�
²w�òz
¯K))3��ÔöL§¥34���ääk�p�Ô
ö�ØÇ§=¦18��ä�)�m�34�)�m��
�f�m"

·�@�ù«`zþ�(JØ��U´dFÝ��
¤E¤�"Ï�ù
²Á�ä�Ôö¦^
BN [16]§
ùU�yc�D4�&Ò´äk�"���"·�Ó
��y
3��D4�ã�FÝduBN
äkûÐ�
�ª§¤±3c�Ú���ã�&ÒØ¬�3FÝ�

²Á ResNet
18 layers 27.94 27.88
34 layers 28.54 25.03

Table 2. ImageNet�y8þ�Top-1�ØÇ(%, 10-crop test-
ing)"ùp�ResNets¿vk�	O\�ëê"Fig. 4Ð«

��ÔöL§"

��¯K"¯¢þ34��²Á�äE,äkØ��O
(Ç(Table 3)§ùL²
¦)ì3,«§Ýþ�´k�
�"·�íÿ§���²Á�ä�ÂñÇ´�êP~
�§ù�U¬K�Ôö�ØÇ�ü$3"ù«`z(J
��Ï·�ò3±��ó�¥?1ïÄ"

ííí������äää""" �e5·�é18�Ú34��í��
äResNets?1µ�"XFig. 3 (m)¤«§ResNets�
Ä�µeÚ²Á�ä�Ä��Ó§Ø
3z�
é3×3�ÈÅìþV\
��$»ë�"3Table 2±
9Fig. 4(m)�'�¥§¤k�$»Ñ´ð�N�§¿
�¦^0éO\��Ý?1W¿(�YA)"Ïd¦�¿
vkO\�	�ëê"
·�lTable 2ÚFig. 4¥*ÿ�±en:µ1�§�
3·�¦^
�õ�ÔöS�gê(3×)�´E,*ÿ�
òz�

¯K§ùL²
{ü�O\S�gê¿ØUk��)ûù�¯K"
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7x7 conv, 64, /2

pool, /2

3x3 conv, 64

3x3 conv, 64

3x3 conv, 64

3x3 conv, 64

3x3 conv, 64

3x3 conv, 64

3x3 conv, 128, /2

3x3 conv, 128

3x3 conv, 128

3x3 conv, 128

3x3 conv, 128

3x3 conv, 128

3x3 conv, 128

3x3 conv, 128

3x3 conv, 256, /2

3x3 conv, 256

3x3 conv, 256

3x3 conv, 256

3x3 conv, 256

3x3 conv, 256

3x3 conv, 256

3x3 conv, 256

3x3 conv, 256

3x3 conv, 256

3x3 conv, 256

3x3 conv, 256

3x3 conv, 512, /2

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512
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Figure 3. éAuImageNet��äµeÞ~"���µVGG-19�
.[40] £196·�FLOPs¤��ë�"¥¥¥µ²Á�ä§¹
k34�ëê�£36 ·�FLOPs¤"mmmµí��ä§¹
k34�ëê�£36·�FLOPs¤"J�L«�$»O\

�Ý"Table 1Ð«
�õ[!ÚÙ§Cþ"

model top-1 err. top-5 err.

VGG-16 [40] 28.07 9.33
GoogLeNet [44] - 9.15
PReLU-net [13] 24.27 7.38

²Á-34 28.54 10.02
ResNet-34 A 25.03 7.76
ResNet-34 B 24.52 7.46
ResNet-34 C 24.19 7.40
ResNet-50 22.85 6.71
ResNet-101 21.75 6.05
ResNet-152 21.43 5.71

Table 3. 3ImageNet�y8þ��ØÇ(%, 10-crop test-
ing)"VGG-16´Äu·�ÿÁ��ä"ResNet-50/101/152¦
^
�YB))|^N�5��O\��Ý"

²Á�ä��§34��ResNet'18�ResNet�(J�
`(2.8%)"�­��´§34 ��ResNet3Ôö8Ú�
y8þþÐyÑ
�$��ØÇ"ùL²
ù«��
�±éÐ�)ûòz¯K§¿�·��±dO\��
Ý5JpO(Ç"
1 � § � é A � ² Á � ä � ' §34�

�ResNet3top-1 �ØÇþü$
3.5% (Table 2)§
ù�ÃuÔö�ØÇ�ü$(Fig. 4mvs.�)"ù��y

34���ä¥í�ÆS�k�5"
��§·�Ó�5¿�§18��²Á�äÚí��

ä�O(Çé�C(Table 2)§�´ResNet �Âñ�Ý
�¯�õ"(Fig. 4mvs.�)"XJ�ä“¿Ø´AO�”
(X18�)§yk�SGDU
éÐ�é²Á�ä?1¦
)§
ResNetU
¦`z���¯�Âñ"

ððð���$$$»»»ëëë���vs. NNN���$$$»»»ëëë���""" ·�®²Ð«
Ã
ëê�ð�$»ë�´kÏuÔö�"�e5·�ï
ÄN�$»ë�(Eqn.(2))"3Table 3¥§·�'�
n
«�Yµ(A)éO\��Ý¦^0W¿§¤k�$»´
Ãëê�(�Table 2ÚFig. 4 (m)�Ó)¶(B)éO\��
Ý¦^N�$»§Ù§¦^ð�$»¶(C)¤k�Ñ´
N�$»"

Table 3L²
n«�Y��.Ñ'éu�²Á�.
�Ð"BÑÐuA§·�@�ù´Ï�A¥�Ö"�{
¤¼���ê¿vkí�ÆS"CÑÐuB§·�rù
�8(u�õ�£13�¤N�$»¤Ú\�ëê"

3A!B!Cn�(J¥[���å�L²
N�$»
ë�éu)ûòz¯K¿Ø´7I�"¤±·�3�
©�e5�SN¥§�
~�E,ÝÚ�.º�§¿
Ø¦^�YC��."ð�$»ë�ÏÙÃ�	E,Ý

é±e0��´¶(�c�­�"

���ÝÝÝ´́́¶¶¶(((���"""�e5·�0��éImageNetêâ8

�9�����."�Ä�Ôö�m���§·�
ò�ï¬?U¤´¶��O4.éuz��í�¼êF§

4����´¶ResNets(e.g., Fig. 5�)Ó��X�ÝO\§O(Ç
��
Jp(XCIFAR-10þ¤«)§�´�'u´¶�ResNets5ó¿
Ø´@o¢¨"Ïd´¶�OÌ�´�é¢^5��Ä"·��5
¿�§3´¶�O¥Ó�Ñy
òz¯K�,�"
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method top-1 err. top-5 err.

VGG [40] (ILSVRC’14) - 8.43†

GoogLeNet [44] (ILSVRC’14) - 7.89
VGG [40] (v5) 24.4 7.1
PReLU-net [13] 21.59 5.71
BN-inception [16] 21.99 5.81
ResNet-34 B 21.84 5.71
ResNet-34 C 21.53 5.60
ResNet-50 20.74 5.25
ResNet-101 19.87 4.60
ResNet-152 19.38 4.49

Table 4. üüü������...3ImageNet�y8þ��ØÇ(%)(Ø
† ´
3�y8þ�(J)"

method top-5 err. (test)
VGG [40] (ILSVRC’14) 7.32
GoogLeNet [44] (ILSVRC’14) 6.66
VGG [40] (v5) 6.8
PReLU-net [13] 4.94
BN-inception [16] 4.82
ResNet (ILSVRC’15) 3.57

Table 5. |||ÜÜÜ���...3ImageNetÿÁ8þ�top-5�ØÇ"
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Figure 5. éuImageNet������í�¼êF"�µ
éuResNet-34�XFig. 3£ã��ï¬"mµéuResNet-
50/101/152�“´¶”�ï¬"

·�¦^
n�U\�
Ø´ü�(Fig. 5)"ùn�©
O´1×1!3×3 Ú1×1 �òÈ§1×1 ��Ì�KI~
�,�O\£¡E¤�Ý§�e�3×3��5~�Ñ
\ÚÑÑ��Ý"Fig. 5Ð«
��~f§ùü«�O
äk�C��mE,Ý"

Ãëê�ð�$»éu´¶(�c�­�"XJ¦
^N�$»ë�5O�Fig. 5 (m)¥�ð�$»ë�§
ò¬uy�mE,ÝÚ�.º�Ñ¬O\��§Ï�
$»ë�
ü�p�à§¤±ð�$»ë�éu´¶
�O´�\k��"

50���ResNetµµµ·�ò34��ä¥2���¬O�
¤3��´¶�¬§���.�ÒC¤
50��ResNet
(Table 1)"·�¦^�YB5�,�"���.¹
k38·�FLOPs"

101���ÚÚÚ152���ResNetsµµµ·�¦^�õ�3��¬5
�ï101�Ú152��ResNets (Table 1)"��5¿�
´§�,���Ý²wO\
§�´152�ResNet�
O�E,Ý(113·�FLOPs)E,'VGG-16(153 ·

�FLOPs)ÚVGG-19(196·�FLOPs¤��éõ"
50/101/152�ResNets'34�ResNet�O(Ç�p�

õ(Table 3 Ú 4)"
�·�¿vk*ÿ�òz¯K"
¤k��IÑy¢
�Ý�5�Ð?"(Table 3Ú 4)"

������ `̀̀DDD���{{{���'''���""" 3Table 4¥·�'�
8
c�Ð�ü�.(J"·��34�ResNets��

�~Ð�(J§152��ResNet�ü�.top-5�y�
ØÇ=�4.49%§$�'kc|Ü�.�(J��
Ð(Table 5)"·�ò6�ØÓ�Ý�ResNetsÜ¤��|
Ü�.(3J�(J��^�2�152���.)"ù3
ÿÁ8þ�top-5�ØÇ=�3.57% (Table 5)§ù��
3ILSVRC 2015þ¼�
1�¶�¤1"

4.2. CIFAR-10 and Analysis

·�3�¹5�ÜÔöã�Ú1�ÜÿÁã�
�10aCIFAR-10êâ8[20]þ?1
?�Ú�ïÄ"
·�3Ôö8þ?1Ôö§3ÿÁ8þ?1�y"
·�'5�´4��.��J§
Ø´J¦�Ð�(
J§Ïd·��¦^{ü�µeXe"
²Á�äÚí��ä�µeXFig. 3 (¥/m)¤«"

�ä�Ñ\´32×32�~K��þ��ã�"1��
´3×3�òÈ�",�·�¦^6n�3×3�òÈ��æ
U§òÈ�éA�A�ãkn«º�µ{32, 16, 8}§z
�º�òÈ��êþ�2n �§éA�ÈÅìêþ©
O�{16, 32, 64}"¦^strde�2�òÈ�?1eæ�"
3�ä���´���Û�²þpooling�Ú��10a
��¹softmax��ë��"��k6n+2�æU��­
�"äN�(��eLµ

output map size 32×32 16×16 8×8
# layers 1+2n 2n 2n
# filters 16 32 64

¦^$»ë���3×3�òÈ�é(�k3n �$»ë
�)"3ù�êâ8þ·�¤k��.Ñ¦^ð�$»
ë�(i.e., �YA)§Ïd·��í��.ÚéA�²Á
�.äk�Ó��Ý!°ÝÚëêþ"
�­�P~���0.0001§Äþ�0.9§æ^


[13]¥���Ð©z±9BN [16]5Ôö�ä§
�´Ø¦^Dropout§mini-batch����128§�.
32 ¬GPU þ?1Ôö"ÆSÇÐ©�0.1§3
132000Ú48000gS��òÙØ±10§o�S�gê
�64000§ù´d45000/5000�Ôö8/�y8©�¤û
½�"·�3Ôö�ã�Ì[24] ¥�êâOr�Kµ
3ã��z^>W¿4���§,�3W¿��ã�½
ö§�Y²º�þ�Åà}��32×32 �ã�¬"3
ÿÁ�ã§·��¦^�©32×32�ã�?1µ�"
· � ' � 
n = {3, 5, 7, 9}� � ¹ § � Ò

´20!32!44±956���ä"Fig. 6 (�) Ð«
²
Á�ä�(J"�Ý²Á�ä�X�ê�\�§
Ôö�ØÇ�C�"ù�y��3ImageNet(Fig. 4,
�)ÚMNIST (�[41])þ�(Jé�q§L²
`zþ
�JÝ(¢´��é­��¯K"
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Figure 6. CIFAR-10þ�Ôö�J"J�L«Ôö�ØÇ§¢�L«ÿÁ�ØÇ"���µ²Á�ä"²Á-110��ØÇp�60%
±þ§Ïd¿vkÐ«Ñ5"¥¥¥µResNets. mmmµ110�Ú1202��ResNets"

method error (%)
Maxout [10] 9.38

NIN [25] 8.81
DSN [24] 8.22

# layers # params
FitNet [33] 19 2.5M 8.39

Highway [41, 42] 19 2.3M 7.54 (7.72±0.16)
Highway [41, 42] 32 1.25M 8.80

ResNet 20 0.27M 8.75
ResNet 32 0.46M 7.51
ResNet 44 0.66M 7.17
ResNet 56 0.85M 6.97
ResNet 110 1.7M 6.43 (6.61±0.16)
ResNet 1202 19.4M 7.93

Table 6. CIFAR-10ÿÁ8þ�©a�ØÇ"·�éêâ?1

Or"X[42]¤ã§éuResNet-110§·�$1
5H§,
�Ð«
“(þ�±��)�`”�(J"

Fig. 6 (¥)Ð«
ResNets��J"�ImageNet(Fig. 4,
m)¥aq§·��ResNetsU
éÐ��Ñ`zJK§
¿��X�Ý\�§O(Ç���
J,"

·�?�Ú&¢
n = 18§�Ò´110��ResNet"
3ùp§·�uy0.1�Ð©ÆSÇk:��
ØU
éÐ�Âñ5"¤±·�fm©¦^0.01�ÆSÇ§
�Ôö�ØÇ380%±e(��400gS�)��§2
òÆSÇN£0.1UYÔö"�{�ÆSÚ�c��
�"110��ResNetséÐ�Âñ
(Fig. 6, ¥)"§�Ù
¦���Ä�.§XFitNet [33] ÚHighway [41] (Ta-
ble 6)�'§äk���ëê§,
%��
�Ð�
(J(6.43%, Table 6)"

Analysis of Layer Responses. Fig. 7Ð«
��A�
IO��(std)"�A´z��3×3òÈ�3BN��!
��5�(ReLU/addition)�c�ÑÑ"éuResNets§
ù�©Û(J��«
í�¼ê�ArÝ�Cz
�¹"Fig. 7L²
ResNets��A'§éA�²Á�
ä��A��"ù
(J��y
·��Ä�Ä
Å(Sec.3.1)§=í�¼ê'�í�¼ê��Cu0"

5�Ð©ÆSÇ���0.1�§�.3A�epochs��m©Âñ(�
ØÇ<90%)§�E,U
��éÐ�O(Ç"
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Figure 7.3CIFAR-10þ��A�IO��(std)"�A´z�
�3×3òÈ��BN��!��5��c�ÑÑ"ºººÜÜÜµ�´
Uì§��©�^S"...ÜÜÜµ�AUüSü�"

lFig. 7¥ResNet-20!56Ú110�(J§·��5¿
�§���ResNet��AÌÝ��"�¦^�õ�
�§ResNets¥ü��é&Ò�UC��"

Exploring Over 1000 layers. ·�&¢
���
L1000��4Ù���."·���n = 200§�Ò
´1202���ä�.§Uìþã?1Ôö"·���
{é103���.¿ØJ`z§¿���
<0.1%�Ô
ö�ØÇ(Fig. 6,m)§§�ÿÁ�ØÇ���$(7.93%,
Table 6)"
�´3ù���4Ù���.þ§E,�3éõ

¯K"1202��.�ÿÁ(J'110��(J��§
¦+§��Ôö�ØÇ�Øõ"·�@�ù´L[
Ü���"ù���1202���.éu��êâ85
`��
(19.4M)"3ù�êâ8þQA^
rå��
Kz�{§Xmaxout [10] ½ödropout [14]§â¼�

�Ð�(J([10, 38, 24, 33])"�©¥§·�¿vk¦
^maxout/dropout§�Oþ
ó´�
=ÏLO�½~
��ä(���Ý5Ú\�Kz§
�Ø^ú%`z
�JÝ"�´ÏLrå��Kz½NU
Jp¢�(
J§·�¬38�?1ïÄ"

4.3. Object Detection on PASCAL and MS COCO

·���{3Ù§£O?ÖþÐyÑ
éÐ�
�zUå"Table 7 Ú 8 Ð«
3PASCAL VOC 2007
Ú2012 [5] ±9COCO [25]þ�8Iuÿ(J"·�
¦^Faster R-CNN [31]��uÿ�{"3ùp§·�
'�'5dResNet-101O�VGG-16 [40]¤�5�5U
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training data 07+12 07++12
test data VOC 07 test VOC 12 test
VGG-16 73.2 70.4

ResNet-101 76.4 73.8

Table 7. 3PASCAL VOC 2007/2012ÿÁ8þ¦^Faster R-
CNN�8IuÿmAP (%)"�õ(J�Table 10Ú11"

metric mAP@.5 mAP@[.5, .95]
VGG-16 41.5 21.2

ResNet-101 48.4 27.2

Table 8.3COCO�y8þ¦^Faster R-CNN�8IuÿmAP
(%)"�õ(J�Table 9"

J,"¦^ØÓ�ä?1uÿ�¢y(�N¹)´��
�§¤±uÿ(J�U�Ãu�Ð��ä"���
5¿�´§3COCO êâ8þ§·�3COCO�IO
�I(mAP@[.5, .95])þ'kc�(JO\
6.0%§ù
��u28%��éJ,"
ù���Ãu¤Æ��L
�"
Äu�Ýí��ä§·�3ILSVRC & COCO

2015¿m�ImageNetuÿ!ImageNet½ !COCOuÿ
±9COCO©�þ¼�
1�¶"äN�[!�N
¹"
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A. Object Detection Baselines
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B. Object Detection Improvements
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U?ÑÄu��A�§ÏdAT�Ãuí�
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MS COCO
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�½ "3Faster R-CNN¥§�ª�ÑÑ��£8�
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³�(NMS)§IoU�K��0.3 [8]§,�?1>.Ý
¦(box voting) [6]">.°[zU3mAPþJp2�z
©:(Table 9)"

�Ûþe©"·�3Fast R-CNNÚ½¥(Ü
�Ûþ
e©"�½�Ìã¡�òÈA�ã§·�¦^�Û
�m7i©³z(SPP) [12]5³zA�"(¦^��“ü
?”7i©)§ù��u^�Ìã¡�>.µ��RoI5
?1“RoI” pooling"ù�³z���A��D�post-
RoI�Ò�±�����Ûþe©A�"ù��Ûþ
e©A���©z�«��A�ë�å5§,��
��©a�±9��>.£8�"ù�#�µe´
à�à�"�Ûþe©U3mAP@.5þJp1�z©
:(Table 9)"

õºÝÿÁ" �c�m�(JÑ´dü�ºÝ�Ô
ö/ÿÁ¤¼��[31]§3ù�ºÝe§ã¡�á>
��s = 600��"õºÝÔö/ÿÁ®²kL�

uÐ§X3[12, 7]¥ÏLlA�7i©¥ÀJ��
ºÝ±93[31]¥Ó�maxout��¦^"3·��¢
�¥§·�¦^[?]¥��{?1õºÝÿÁ¶·�
Ø?1õºÝÔö´Ï��m���"d	·��
3Fast R-CNNÚ½¥?1õºÝÿÁ(
¿Ø3RPNÚ
½¥?1)"éuÔöÐ��.§·�3��ã�
7i©þO�òÈA�ã§Ù¥ã��á>�Ý
�s ∈ {200, 400, 600, 800, 1000}"�â[31]§·�l7
i©¥ÀJü����º�§¿3ùü�ºÝ�
A�ãþO�RoI pooling±9����[31]§,�2
ÏLmaxout?1Ü¿[31]"õºÝÿÁU3mAPþJ
p2�z©:(Table 9)"

¦^�yêâ" �e5·�¦^8�+4��Ôö�y
8?1Ôö§¦^2��test-dev?1�y§test-dev¿
vkúmý�§�y(J´d�yÑÖìJø�"3
ù���e§mAP@.5��
55.7%§mAP@[.5, .95]�
�
34.9% (Table 9)"ù�´·�ü��.�(J"

�.|Ü" 3Faster R-CNN¥§XÚ^5ÆSregion
proposal±98I©aì§Ïd�±^�.�|Ü5é

val2 test

GoogLeNet [43] (ILSVRC’14) - 43.9

our single model (ILSVRC’15) 60.5 58.8
our ensemble (ILSVRC’15) 63.6 62.1

Table 12. 3ImageNetuÿêâ8þ�(J(mAP, %)"·�
�uÿXÚ´Table 9¥U?�Faster R-CNN [31]§¦^

ResNet-101�ä"

LOC
method

LOC
network

testing
LOC error
on GT CLS

classification
network

top-5 LOC error
on predicted CLS

VGG’s [40] VGG-16 1-crop 33.1 [40]
RPN ResNet-101 1-crop 13.3
RPN ResNet-101 dense 11.7
RPN ResNet-101 dense ResNet-101 14.4

RPN+RCNN ResNet-101 dense ResNet-101 10.6
RPN+RCNN ensemble dense ensemble 8.9

Table 13. 3ImageNet�y8þ�½ �ØÇ(%)"3“LOC
error on GT class” ([40]) �¥§¦^
aOý�"
3“testing”�¥§“1-crop”�LX224×224�����center
crop§“dense”�LXÈ�(�òÈ)ÚõºÝÿÁ"

ü�?Ö?1J«"·�¦^��|Ü5J�region
proposal§,�ù
proposal�8Ü2ÏLz�«�©
aì�|Ü5?n"Table 9Ð«
·�¦^3��ä5
|Ü�(J"3test-devþ�mAP�59.0%Ú37.4%"ù
�(J3COCO 2015uÿ?Öþ¼�
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VOC 2012þ�(J'�c�Ð�(JpÑ
10�z©
:[6]"

ImageNet Detection

ImageNetuÿ(DET)?Ö�¹
200�8IaO"
O(Ç�I´mAP@.5"éuImageNet DET§·�
�8Iuÿ�{ÚTable 9¥�MS COCO��"�
ä31000a�ImageNet©aêâ8þýÔö§,�
3DETêâ8þ�N"�â[8]§·�ò�y8©
�üÜ©(val1/val2)"·�¦^DETÔö8Üval15
�N�.§val2^5�y"·�¿Ø¦^Ù§
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1
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training data COCO train COCO trainval
test data COCO val COCO test-dev
mAP @.5 @[.5, .95] @.5 @[.5, .95]
baseline Faster R-CNN (VGG-16) 41.5 21.2
baseline Faster R-CNN (ResNet-101) 48.4 27.2
+box refinement 49.9 29.9
+context 51.1 30.0 53.3 32.2
+multi-scale testing 53.8 32.5 55.7 34.9
ensemble 59.0 37.4

Table 9.3MS COCOþ¦^Faster R-CNNÚResNet-101�U?"

system net data mAP areo bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv

baseline VGG-16 07+12 73.2 76.5 79.0 70.9 65.5 52.1 83.1 84.7 86.4 52.0 81.9 65.7 84.8 84.6 77.5 76.7 38.8 73.6 73.9 83.0 72.6
baseline ResNet-101 07+12 76.4 79.8 80.7 76.2 68.3 55.9 85.1 85.3 89.8 56.7 87.8 69.4 88.3 88.9 80.9 78.4 41.7 78.6 79.8 85.3 72.0
baseline+++ ResNet-101 COCO+07+12 85.6 90.0 89.6 87.8 80.8 76.1 89.9 89.9 89.6 75.5 90.0 80.7 89.6 90.3 89.1 88.7 65.4 88.1 85.6 89.0 86.8

Table 10.3PASCAL VOC 2007ÿÁ8þ�uÿ(J"Ù¥baseline´Faster R-CNNXÚ§“baseline+++”�)
Table 9¥�>.°
[z!þe©ÚõºÝÿÁ"

system net data mAP areo bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv

baseline VGG-16 07++12 70.4 84.9 79.8 74.3 53.9 49.8 77.5 75.9 88.5 45.6 77.1 55.3 86.9 81.7 80.9 79.6 40.1 72.6 60.9 81.2 61.5
baseline ResNet-101 07++12 73.8 86.5 81.6 77.2 58.0 51.0 78.6 76.6 93.2 48.6 80.4 59.0 92.1 85.3 84.8 80.7 48.1 77.3 66.5 84.7 65.6
baseline+++ ResNet-101 COCO+07++12 83.8 92.1 88.4 84.8 75.9 71.4 86.3 87.8 94.2 66.8 89.4 69.2 93.9 91.9 90.9 89.6 67.9 88.2 76.8 90.3 80.0

Table 11. PASCAL VOC 2012ÿÁ8þ�uÿ(J(http://host.robots.ox.ac.uk:8080/leaderboard/displaylb.
php?challengeid=11&compid=4)"Ù¥baseline´Faster R-CNNXÚ"“baseline+++”�)
Table 9¥�>.°[z!þe
©ÚõºÝÿÁ"

C. ImageNet Localization
ImageNet½ (LOC)?Ö[34]I�é8I?1©aÚ

½ "�â[39, 40]§·�b�k¦^ã�?©aì5
ýÿã��aO§,��â¤ýÿ�aO¦^½ �
{5ýÿ>.µ"·�æ�“per-class regression” (PCR)
[39, 40]�üÑ5éz�aÆS��>.µ"·�k�
éImageNet©aé�.?1ýÔö§,��é½ é
�.?1�N"·�31000a�ImageNetÔö8þÔ
ö·���."
·��½ �{´3[31]�RPNµe�Ä:þ?1


�
?U"�[31]¥�aOÃ'(category-agnostic)Ø
Ó�´§·�^5½ �RPN´±per-class�/ª�
O�"[31]¥�RPN"àë�
ü�Ó?�1×1òÈ
�§��^5��©a(cls)§,��^5�>.£
8"�[31]¥ØÓ�´§·��.¥�cls�Úreg�Ñ
´per-class�/ª"äN5`§cls�äk1000��Ñ
Ñ§z��Ñ´^5ýÿ´ÄáuTa���Ü6£
8¶reg�äk1000×4��ÑÑ§§d1000 a�>.
£8|¤"�X[31]§·�´�âã�¥z�� ��
õ�²£ØC�“anchor”5?1>.µ£8�"
�·��éImageNet©a�Ôö(Sec. 3.4)��§

·��Å�lOr�ã�¥æ8224×224�crops"
3�NL§¥mini-batch ����256"�
;�K
��3��8¥'~L�§lzÌã�¥�Åæ

6http://host.robots.ox.ac.uk:8080/anonymous/3OJ4OJ.html,
submitted on 2015-11-26.

method
top-5 localization err
val test

OverFeat [39] (ILSVRC’13) 30.0 29.9
GoogLeNet [44] (ILSVRC’14) - 26.7
VGG [40] (ILSVRC’14) 26.9 25.3
ours (ILSVRC’15) 8.9 9.0

Table 14.3ImageNetêâ8þ��Ð�{�½ �ØÇ(%)�
'�"

88�anchors§¿�±�Kanchors�'~�1:1 [31]"
�ä3ã�þ¦^�òÈ5?1ÿÁ"

Table 13'�
�
�{�½ (J"�â[40]§
·�k^aý���aýÿ(J5?1“oracle”
ÿÁ"VGG�©Ù¥[40]�w
�¦^aý��
¦��center-crop�ØÇ�33.1% (Table 13)"3�
Ó���e§¦^ResNet-101�RPN�{òcenter-
crop�ØÇü�
13.3%"ùÐ«
·�µe�
`û5U"3È�(�òÈ)ÚõºÝÿÁþ§
�¦^aý��§ResNet-101��ØÇ�11.7%"

¦^ResNet-101�aýÿ(J(top-5©a�ØÇ
�4.6%§Table 4)�§top-5�½ �ØÇ�14.4%"
± þ � ( J = = ´ Ä u éFaster R-CNN

[31]¥RPN�U?§·���±|^Faster R-CNN¥�
uÿ�ädetection network (Fast R-CNN [7])5U?(
J"�´·�5¿�§3ù�êâ8þ§zÜã�Ï
~��¹��ÓÌ�/ �8I§
proposal regions�
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