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for many visual recognition tasks. Solely due to our ex-
tremely deep representations, we obtain a 28% relative im-
provement on the COCO object detection dataset. Deep
residual nets are foundations of our submissions to ILSVRC
& COCO 2015 competitions', where we also won the Ist
places on the tasks of ImageNet detection, ImageNet local-
ization, COCQ detection, and COCQO segmentation.
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1. Introduction
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Deep convolutional neural networks [22, 21] have led
to a series of breakthroughs for image classification [21,
50, 40]. Deep networks naturally integrate low/mid/high-
level features [50] and classifiers in an end-to-end multi-
layer fashion, and the “levels” of features can be enriched
by the number of stacked layers (depth). Recent evidence
|41, 44] reveals that network depth is of crucial importance,
and the leading results [41, 44, 13, 16] on the challenging
ImageNet dataset [36] all exploit “very deep™ [41] models,
with a depth of sixteen [41] to thirty [16]. Many other non-
trivial visual recognition tasks [8, 12, 7, 32, 27] have also

ing error, as r

"http://image-net.org/challenges/LSVRC/2015/ and

http://mscoco.org/dataset/#detections-challenge2015.
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Figure 1. Training error (left) and test error (right) on CIFAR-10
with 20-layer and 56-layer “plain™ networks. The deeper network
has higher training error, and thus test error. Similar phenomena
on ImageNet is presented in Fig. 4.
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Driven by the significance of depth, a question arises: Is
learning better networks as easy as stacking more layers?
An obstacle to answering this question was the notorious
problem of vanishing/exploding gradients [1, 9], which
hamper convergence from the beginning. This problem,
however, has been largely addressed by normalized initial-
ization [23, 9, 37, 13] and intermediate normalization layers
[16]. which enable networks with tens of layers to start con-
verging for stochastic gradient descent (SGD) with back-
propagation [22].

When deeper networks are able to start convergj
degradation problem has been exposed: with the
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Figure 1. Training error (left) and test error (right) on CIFAR-10
with 20-layer and 56-layer “plain” networks. The deeper network
has higher training error, and thus test error. Similar phenomena
on ImageNet is presented in Fig. 4.
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degradation problem has been exposed: with the network
depth increasing, accuracy gets saturated (which might be
unsurprising) and then degrades rapidly. Unexpectedly,
such degradation is not caused by overfitting, and adding
more layers to a suitably deep model leads to higher train-
ing error, as reported in [11, 42] and thoroughly verified by
our experiments. Fig. | shows a typical example.

The degradation (of training accuracy) indicates that not
all systems are similarly easy to optimize. Let us consider a
shallower architecture and its deeper counterpart that adds
more layers onto it. There exists a solution by construction
to the deeper model: the added layers are identity mapping,
and the other layers are copied from the learned shallower
model. The existence of this constructed solution indicates
that a deeper model should produce no higher training error
than its shallower counterpart. But experiments show that
our current solvers on hand are unable to find solutions that
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are comparably good or better than the constructed solution
(or unable to do so in feasible time).

In this paper, we address the degradation problem by
ntroducing a deep residual learning framework. In-
S| of hoping each few stacked layers directly fit a

desired underlying mapping, we explicitly let these lay-
X ers fit a residual mapping. Formally, denoting the desired
rlying mapping as _@, we let the stacked nonlinear
layefs fit another mapping of F(x) : The orig-
inal inapping is recast into F(x) +x. We hypothesize that it

l is easier to optimize the fesidual mapping than to optimize
r\_léc original, unreferenced mapping. To the extreme, if an
I

identity mapping were optimal, it would be easier to push
e residual to zero than to fit an identity mapping by a stack
of nonlinear layers.

The formulation of F(x) + x can be realized by feedfor-
ward neural networks with “shortcut connections” (Fig. 2).
Shortcut connections [2, 34, 49] are those skipping one or
more layers. In our case, the shortcut connections simply
perform identity mapping, and their outputs are added to
the outputs of the stacked layers (Fig. 2). Identity short-
cut connections add neither extra parameter nor computa-

([ J
o FFXRiA:
o HAEEMLSGY:H(x)
o FREMS:F(x):=H(x)-x
o mAEH:F(x)+x
o MRUEBE: MhBEEMFLLERMUEHLURFAERS
9) FHEZFEIRIMILE 06:33

Figure 2. Residual learning: a building block.
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end-to-end‘by SGD with backpropagation, and can be eas- Shortcut Connections. P
ily implemented using common libraries (e.g., Caffe [19])
without modifying the solvers.

shortcut connections [2, 34
time. An early practice of

We present comprehensive experiments on ImageNet (MLPs) is to add a linear 1
[36] to show the degradation problem and evaluate our input to the output [34, 4
method. We show that: 1) Our extremely deep residual nets diate layers are directly c
are easy to optimize, but the counterpart “plain™ nets (that for addressing vanishing/c
simply stack layers) exhibit higher training error when the of [39, 38, 31, 47] propos
depth increases; 2) Our deep residual nets can easily enjoy sponses, gradlents and pr
accuracy gains from greatly increased depth, producing re- shorteut conneg

sults substantially better than previous networks.

Similar phenomena are also shown on the CIFAR-10 set
[20], suggesting that the optimization difficulties and the
effects of our method are not just akin to a particular dataset.
We present successfully trained models on this dataset with
over 100 layers, and explore models with over 1000 layers.

On the ImageNet classification dataset [36], we obtain
excellent results by extremely deep residual nets. Our 152-
layer residual net is the deepest network ever presented on
ImageNet, while still having lower complexity than VGG
nets [41]. Our ensemble has 3.57% top-5 error on the
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in [21, 41]. The image is resized with its shorter side ran-
domly sampled in [256, 480] for scale augmentation [41].
A 224 %224 crop is randomly sampled from an image or its

) horizontal flip, with the per-pixel mean subtracted [21]. The

standard color augmentation in [21] is used. We adopt batch
normalization (BN) [16] right after each convolution and

before activation, following [16]. We initialize the weights

as in [13] and train all plain/residual nets from scratch. We
v use SGD with a mini-batch size of 256. The learning rate
starts from 0.1 and is divided by 10 when the error plateaus,
and the models are trained for up to 60 x 10% iterations. We

use a weight decay of 0.0001 and a momentum of 0.9. We

) do not use dropout [14], following the practice in [16].
) In testing, for comparison studies we adopt the stangd

10-crop testing [21]. For best results, we adopt the
convolutional form as in [41, 13], and average the
at multiple scales (images are resized such that the
side is in {224, 256, 384, 480, 640}).
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_J betore activation, tollowing | 16]. We imtialize the weights

as in [13] and train all plain/residual nets from scratch. We

¥ use SGD with a mini-batch size of 256. The learning rate

starts from 0.1 and is divided by 10 when the error plateaus,

and the models are trained for up to 60 x 10 iterations. We

use a weight decay of 0.0001 and a momentum of 0.9. We
do not use dropout [14], following the practice in [16].

In testing, for comparison studies we adopt the standard
10-crop testing [21]. For best results, we adopt the fully-
convolutional form as in [41, 13], and average the scores
at multiple scales (images are resized such that the shorter§
side is in {224, 256, 384, 480, 640}).

4. Experiments
4.1. ImageNet Classification

We evaluate our method on the ImageNet 2012
cation ddtdbe[ [36] that conslsts of 1000 clds.bes Thg
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H L‘, We evaluate our method on the ImageNet 2012 classifi-
H cation dataset [36] that consists of 1000 classes. The models
i are trained on the 1.28 million training images, and evalu-
0 -E@ ated on the 50k validation images. We also obtain a final
i result on the 100k test images, reported by the test server.
1 - We evaluate both top-1 and top-5 error rates.
Plain Networks. We first evaluate 18-layer and 34-layer
plain nets. The 34-layer plain net is in Fig. 3 (middle). The
res for ImageNet. Left: the 18-layer plain net is of a similar form. See Table 1 for
OPs) as a reference. Mid- tailed architectures.
r layers (3.6 billion FLOPs). The results in Table 2 show that the deeper 34-layeif
arameter layers (3.6 billion net has higher validation error than the shallower 18
dimensions. Table 1 shows plain net. To reveal the reasons, in Fig. 4 (left) we &

pare their training/validation errors during the training
cedure. We have observed the degradation prof
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GoogLeNet [44] - 9.15
PRel.U-net [13] 24.27 7.38
plain-34 28.54 10.02
ResNet-34 A 25.03 7.76
ResNet-34 B 24.52 7.46 i
ResNet-34 C 24.19 740 ; lg_l‘g_e S'b ;A i"("peg?"'jdgi
uilding block (on 56
Rixbiet-50 22.85 6_'71 34. Right: a “bottleneck™ bt
ResNet-101 21.75 6.05
~ ResNet-152 21.43 5.71

Table 3. Error rates (%, 10-crop testing) on ImageNet validation.
VGG-16 is based on our test. ResNet-50/101/152 are of option B
that only uses projections for increasing dimensions,

method top-1 err. top-5 err.
VGG [41] (ILSVRC’ 14) E 8.43
GoogLeNet [44] (TLSVRC’ 14) - 7.89
VGG [41] (v5) 24.4 7.1
PRelLU-net [13] 21.59 5.71
BN-inception [16] 21.99 5.81
ResNet-34 B 21.84 5.71
o " ResNet-34C 21.53 5.60
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the bottleneck architectures that are introduced below.

Deeper Bottleneck Architectures. Next we describe our
deeper nets for ImageNet. Because of concerns on the train-
ing time that we can afford, we modify the building block
as a bottleneck design®. For each residual function F, we
use a-stack of 3 layers instead of 2 (Fig. 5). The three layers
are 11, 3x3, and 1x 1 convolutions, where the 1 x| layers
are responsible for reducing and then increasing (restoring)
dimensions, leaving the 3 x3 layer a bottleneck with smaller
input/output dimensions. Fig. 5 shows an example, where
both designs have similar time complexity.

The parameter-free identity shortcuts are particularly im-
portant for the bottleneck architectures. If the identity short-
cut in Fig. 5 (right) is replaced with projection, one can
show that the time complexity and model size are doubled,
as the shortcut is connected to the two high-dimensi
ends. So identity shortcuts lead to more efficient mq
for the bottleneck designs.

50-layer ResNet: We replace each 2-layer block

#Deeper non-bottleneck ResNets (e.g., Fig. 5 left) also gain
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x| b [ 1”2’6"3 ]xz [ 3?(; gi %3 Ix3,64 |3 Ix3,64 | x3 Ix3,64 | x3
gl e B | 1x1,256 | | 1x1,256 | 1x1,256 |
- : [1x1,128 | 11,128 [ 11,128 |
x | 28x28 { ;i; ]é: ]xZ ;i; }ig stt 3x3,128 | x4 3%3,128 | x4 33,128 | x8
* L | 1x1,512 | | 11,512 | 1x1,512 |
. 1%1,256 1x1,256 1x1,256 ]
x | 14x14 [ ;z; ;ig ]xz gi;;g: -‘x6 Ix3,256 [x6 || 3x3,256 |x23 || 3x3,256 |x36
' ' 1x1, 1024 1x1, 1024 1x1,1024 |
. 1x1,512 1x1,512 1x1,512
X %7 [ ;z;;}; ]x2 ;i;;g } x3 || 3x3,512 [x3 3x3,512 [ %3 3x3,512 | x3
5 LS 1x1,2048 11,2048 1x1, 2048
1x1 average pool, 1000-d fc, softmax )
FLOPs L8x10Y | 36x10® | 38x10° | 7.6x10° 11.3x10°

mageNet. Building blocks are shown in brackets (see also Fig. 5), with the numbers of

onv3_1, convd_1, and conv5_1 with a stride of 2.
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ResNet-34 C 21.53 5.60 L, AU WO awuun

ResNet-50 20.74 5.25 by many (thirteen)
ResNet-101 19.87 4.60 ferences among AJ
ResNet-152 19.38 A @ not essential for ad

do not use option C
ory/time complexit
particularly import

Table 4. Error rates (%) of single-model results on the ImageNet
validation set (except f reported on the test set).

the bottleneck arch
method top-5 err. (test)
VGG [41] (ILSVRC’ 14) 752 Deeper Bottlenec]
GoogLeNet [44] (ILSVRC'14) 6.66
VGG [41] (v5) 6.8
PReLU-net [13] 4.94
BN-inception [16] 4.82
ResNet (ILSVRC’15) 1357

Table 5. Error rates (%) of ensembles. The top-5 error is on the
test set of ImageNet and reported by the test server.

ResNet reduces the top-1 error by 3.5% (Table 2), resulting
from the successfully reduced training error (Fig. 4 right vs.
left). This comparison verifies the effectiveness of residual

g MEEIRF: MResNet-34(921.84% top-15E1R Z & Fl|ResNet-152919.38%
o WERER: FHSHERMAFIAR3.57% top-55EIRE
o WM LZIRFERREHLAETR

2) CIFAR-10%{#E & FAySLIE 36:25

® CIFAR-10%#E&E X 325 B A9 36:29
o BIEKER: CFARL10Z—NEEERE, Ba832x3209/\RTE R, F103K45
AR
o XBHEM: BUEBLEERIIREMFZNENMN, ETUEREMNE)IZT
Rl NEE

simple architectures as follows.

The plain/residual architectures follow the form in Fig. 3
(middle/right). The network inputs are 3232 images, with

plainvnets. The dee)
and exhibit highcr
phenomenon is simi

the per-pixel mean subtracted. The first layer is 33 convo- on MNIST (see [42
lutions. Then we use a stack of 6n layers with 3x3 convo- difficulty is a funda
lutions on the feature maps of sizes {32, 16, 8} respectively, Fig. 6 (middle)

with 2n layers for each feature map size. The numbers of
filters are {16, 32, 64} respectively. The subsampling is per-
formed by convolutions with a stride of 2. The network ends
with a global average pooling, a 10-way fully-connected
layer, and softmax. There are totally 6n+2 stacked weighted
layers. The following table summarizes the architecture:

similar to the Imag
manage to overcom
strate accuracy gam

output map size 32x32 16x 16 8x8
# layers 1+2n 2n 2n
# filters 16 32 64

When shortcut connections are used, they are connected
to the pairs of 3x3 layers (totally 3n shortcuts). On this
dataset we use identity shortcuts in all cases (i.e., option A),

° f% %t 36:45
o Eﬁﬂ‘.—n#ﬂ:
BIAN32x32E1R, BEABREHE
BHEH3x3ER
WE6nZE3x3E5R, FIEERRTHCOR 4{32,16,8}, BRI N2nE
TR R E MR 4{16,32,64)
BIEP K2R T TR
£ FFEII A +104E £ iE 3E +softmax
o BEEE: Riftent2/MNNER
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o 1= 0 T () DII- H|ghway 142, 43] 32 1.25M 3.80
ResNet 20 027M | 875

accurate than ResNet 32 046M | 7.51
‘able 3 and 4). ResNet 44 0.66M | 7.17
i and thus en- ResNet 56 0.85M | 697
1bly increased ResNet 110 1.7M 6.43 (6.61+0.16)
*all evaluation ResNet 1202 194M | 793

Table 6. Classification error on the CIFAR-10 test set. All meth-
1s. In Table 4 ods are with data augmentation. For ResNet-110, we run it 5 times
model results. and show “best (meanz:std)” as in [43].

very compet-

single-model . .
~-model result so our residual models have exactly the same depth, width,

Table 5). We and number of parameters as the plain counterparts.
1 an ensemble We use a weight decay of 0.0001 and momentum of 0.9,
f submitting). and adopt the weight initialization in [13] Ell?d BN [16] but
set (Table 5). with no dropout. These models are trained with a mj
batch size of 128 on two GPUs. We start with a leary
rate of 0.1, divide it by 10 at 32k and 48k iterations
terminate training at 64k iterations, which is determig

soi7s a 45k/5k train/val split. We follow the simple data aug]
O AR-10 dataset FERUPOR SR & P T O SN Rr. SICHE Sy (RS ERy RS i P RS T,

o fEiBsE:
B EZEH0.0001, ih%o 9
R
u %ﬂﬁh*“jﬁo 1, 7£32k$ﬂ48k SRR BR 10
64kiER L& 1E Tl %k
o EIEEE: XFB24IMNERIGRTA, FNETAMEE
o 1REBINTLL:
B ResNet-20: 0.27MZ %, 8.75%f5i= &R
B ResNet-110: 1.7MB L, 6.43%(6.61£0.16)%EIR &K
B ResNet-1202: 19.4MB#;, 7.93%5iR %R
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Figure 6. Training on CIFAR-10. Dashed lines denote training error, and bold lines denote testing error.
of plain-110 is higher than 60% and not displayed. Middle: ResNets. Right: ResNets with 110 and 1202

~ training data | 07+
test data VOCO
VGG-16 73.
ResNet-101 76.

60
ayetingexorcinal) Table 7. Object detection mAF
2007/2012 test sets usjpe
ble 10 and 11 for be

— ResNet-110

] E0) a0 60 80 100
layer index (sorted by magnitude)

Figure 7. Standard deviations (std) of layer responses on CIFAR-
10. The responses are the outputs of each 3 x3 layer, after BN and
before nonlinearity. Top: the layers are shown in their original
order. Bottom: the responses are ranked in descending order.

networks such as FitNet [35] and Highway [42] (Table 6),
yet is among the state-of-the-art results (6.43%, Table 6).
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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 49.9 299

+context 51.1 30.0 533 322
+multi-scale testing 538 325 | 557 349
ensemble | 59.0 374

Table 9. Object detection improvements on MS COCO using Faster R-CNN and ResNet-101.

net data ) MAP | areco  bike bird  boat botle  bus car cat  chair cow table dog horse
VGG-16 07+12 732 (765 79.0 709 63.5 52.1 83.1 84.7 864 52.0 819 657 848 84.6 B
ResNet-101 07+12 76.4 |79.8 80.7 76.2 68.3 559 85.1 83.3 8Y9.8 56.7 87.8 69.4 883 88.9
| 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 8

Jetection results on the PASCAL VOC 2007 test set. The baseline is the Faster R-CNN systa 5
« refinement, context, and multi-scale testing in Table 9. v

net data mAP | areo  bike bird boat boule bus car  cal chair cow table
VGG-16 07++12 70.4 [84.9 79.8 74.3 53.9 498 77.5 75.9 88.5 45.6 77.1 553
ResNet-101 074+12 73.8 [86.5 81.6 77.2 58.0 51.0 78.6 76.6 93.2 48.6 804 59.0,

Peonza-101 | COCO+07++12 | 83.8 |92.1 88.4 848 75.9 714 86.3 37.8 942 66.8 89.4 69.7
o
o BHEAE: 7EResNet-101E R _F kKA Nbox refinement. contextFImulti-scale

testing
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conv5_x Tx7 [ 223,312 ]

bl o [ 3x3,512 } o

3x3,512

><3

1x1,512 1x1,512
3x3,512 | =3 3x3,512
1x1,2048 1x1,2048 }

Ix1 EIVL\‘BgL pnol 1000-d fe. softmax
FLOPs 18x10° | 36x109 | 3.8%107 7.6x10°

Table 1. Architectures for ImageNet. Building blocks are shown in brackets (see also Fig. 5), with
sampling is performed by conv3_1, conv4_1, and conv5_1 with a stride of 2.
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Figure 4. Training on ImageNet. Thin curves denote training error, and b
networks of 18 and 34 layers. Right: ResNets of 18 and 34 layers. In this
.. their plain counterparts.
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