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Abstract

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, COCO detection, and COCO segmentation.

Deep convolutional neural networks [22, 21] have led
to a series of breakthroughs for image classification [21,
49, 39]. Deep networks naturally integrate low/mid/high-
level features [49] 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

[40, 43] reveals that network depth is of crucial importance,
and the leading results [40, 43, 12, 16] on the challenging
ImageNet dataset [35] all exploit “very deep” [40] models,
with a depth of sixteen [40] to thirty [16]. - other non-
rivial visual recognition tasks [7, 11, 6, 32, 27] have also

Ihttp://image-net.org/challenges/LSVRC/2015/  and
http://mscoco.org/dataset/#detections-challenge2015.

greatly benefited from very deep models.

An obstacle to answering this question was the notorious
problem of vanishing/exploding gradients [14, 1, 8], which
hamper convergence from the beginning.
however, has been largely addressed by normalized initial-
ization [23, 8, 36, 12] 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 converging, a
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Figure 2. Residual learning: a building block.

underlying mapping as H(X), we let the stacked nonlinear
layers fit another mapping of F(x) := H(x) - x. The orig-
inal mapping is recast into (x)+x. e hypothesize that it
is easier to optimize the residual mapping than to optimize
the original, unreferenced mapping. To the extreme, if an

identity mapping were optimal, it would be easier to push

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, 33, 48] are those skipping one or

more layers. [n our case, the shortcut

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-

ily implemented using common libraries (e.g., Caffe [19])
without modifying the solvers.

depth increases; 2) Our deep residual nets can easily enjoy
accuracy gains from greatly increased depth, producing re-
sults substantially better than previous networks.

On the ImageNet classification dataset [35], we obtain
excellent results by extremely deep residual nets. Our 1524
layer residual net is the deepest network ever presented on
ImageNet, while still having lower complexity than VGG

nets [40]. Our ensemble has 3.57% fop-5 Error on the

ImageNet test set, and won the lst place in the ILSVRC
2015 classification . The extremely deep rep-

resentations also have excellent generalization performance
on other recognition tasks, and lead us to further win the
Ist places on: ImageNet detection, ImageNet localization,
COCO detection, and COCO segmentation in ILSVRC &

COCO 2015 competitions. This Strong evidence Shows that

of them are powerful shallow representations for image re-

trieval and classification [4, 47]. For vector quantization,

residual vectors [17] is shown to be more effec-
encoding original vectors.

In low-level vision and computer graphics, for solv-
ing Partial Differential Equations (PDEs), the widely used
Multigrid method [3] reformulates the system as subprob-
lems at multiple scales, where each subproblem is respon-
sible for the residual solution between a coarser and a finer
scale. An alternative to Multigrid is hierarchical basis pre-
conditioning [44, 45], which relies on variables that repre-

Sent residual vectors between two Scales! It has been shown
%4, 45] that these solvers conveﬁe much faster than stan-
that are unaware of

Shortcut Connections. Practices and theories that lead to
shortcut connections [2, 33, 48] have been studied for a long

time. An early practice of training multi-layer perceptrons
(MLPs) is to add a linear layer connected from the network
input to the output [33, 48]. In [43, 24], & few interme-
diate layers are directly connected to auxiliary classifiers
for addressing vanishing/exploding gradients, The papers
of [38, 37, 31, 46] propose methods for centering layer re-
sponses, gradients, and propagated errors, implemented by
shortcut connections. In [43], an “inception” layer is com-
posed of a shortcut branch and a few deeper branches.
Concurrent with our work, “highway networks” [41, 42]
present shortcut connections with gating functions [15].

layers in highway networks represent non-residual func-
fions. On the contrary, our formulation always learns
residual functions; our identity shortcuts are never closed,
and all information is always passed through, with addi-
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extremely increased depth (e.g., over 100 layers).

3. Deep Residual Learning
3.1. Residual Learning

Let us consider H(x) as an underlying mapping to be

fiitby a few stacked layers (not necessarily the entire
with X denoting the inputs o the first of these layers. If one

hypothesizes that multiple nonlinear layers can asymptoti-
cally approximate complicated functions’, then it is equiv-
alent to hypothesize that they can asymptotically approxi-
mate the residual functions, i.e., Hx) = x (assuming that
the input and output are of the same dimensions). So
rather than expect stacked layers to approximate Hx), we
explicitly let these layers approximate a residual function
(x) = H(x) - x. The original function thus becomes

partl The degradation problem suggests that the solvers
might have difficulties in approximating identity m
by multiple nonlinear layers. With the
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residual mapping to be learned. For the example in Fig. 2
that has two layers, 7 = Wa26(Wix) in which ¢ denotes
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2This hypothesis, however, is still an open question. See [28].

ond nonlinearity after the addition (i.e., c(y ),

The shortcut Eqn.(1) introduce neither
parameter nor computation complexity! This is not only
attractive in practice but also important in our comparisons
between plain and residual networks. We can - com-
pare plain/residual networks that simultaneously have the
same number of parameters, depth, width, and computa-
tioralcost (except for. tlie %ligible-deﬁem-vﬁse.addition).
If this is not the case (e.g., wh!n changing the input/output
channels), we can perform a linear projection Ws by the
shortcut connections to match the dimensions:

y = F(x i) + Wix> @

~

We can also use a square matrix Ws in Eqn.(1). But we will

show by experiments that the identity mapping
and thus

s is only used when matching dimensions.

sent multiple convolutional layers. - _ addi-
tion is performed on two feature maps, channel by channel.

Plain Network. Our plain baselines (Fig. 3, middle) are
mainly inspired by the philosophy of VGG nets [40] (Fig. 3,
left). The convolutional layers mostly have 3x 3 filters and

It is worth noticing that our model has fewer filters and
lower complexity than VGG nets [40] (Fig. 3, left). Our 34-
layer baseline has 3.6 billion FLOPs (multiply-adds), which
is only 18% of VGG-19 (19.6 billion FLOPs).
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Figure 3. Example network architectures for ImageNet. Left: the

VGG-19 model [40] (19.6 billion FLOPs) as a reference. Mid-
dle: a plain network with 34 parameter layers (3.6 billion FLOPs).
Right: a residual network with 34 parameter billion
FLOPs). The dotted shorteuts increase dimensions.

more details and other variants.

Network. Based on the above plain network, we
insert shortcut connections (Fig. 3, right) which turn the
network into its counterpart residual version. The identity

3.4. Implementation

Our implementation for ImageNet follows the practice

in [21, 40]. The image is resized with its Shorter Side ran-

domly sampled in [256°480] for scale augmentation [40].

A 224x 224 crop is fandomly sampled from an image or its

4. Experiments

4.1. ImageNet Classification

We evaluate our method on the ImageNet 2012 classifi-
cation dataset [35] that consists of 1000 classes. The models
are trained on the 1.28 million training images, and evalu-
- . . - - - We also obtain a final
result on the 100k test images, reported by the test

We evaluate both top-1 and top-5 error rates.

18-layer plain net is of a similar form. See Table 1 for de-
tailed architectures.

The results in Table 2 show that the deeper 34-layer plain
net has higher validation error than the shallower 18-layer
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reducing of the training error’.

layer residual nets (ResNets).

accuracy gains from increased depth.
Second, compared to its plain counterpart, the 34-layer

3We have experimented with more ﬁaininﬁraﬁons 3% ) and still ob-
served the ﬁ problem, suggesting that this cannot be

| 2!



model top-1 err. top-5 err.

VGG-16 [40] 28.07 933
GoogleNet [43] f ous

PReLU-net [12] 24.27 7.38
plain-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

Table 3. Error rates (%, 10-crop testing) on ImageNet validation.
ViGG=16 is based on our fest: ResNet-50/101/152 are of option B

that only uses projections for increasing dimensions.

method top-1err.  top-5 err.
VGG [40] (ILSVRC’14) - 8.43"
GoogLeNet [43] (ILSVRC’14) - 7.89
VGG [40] (v5) 24.4 7.1
PReLU-net [12] 21.59 5.71
BN-inception [16] 2199 581
ResNet-34 B 2184 571
ResNet-34 C 2153 5.60
ResNet-50 2074 525
ResNet-101 19.87 4.60
ResNet-152 19.38 4.49

Table 4. Error rates (%) of single-model results on the ImageNet

validation set (except | reported on the test set).

method top-5 err. (test)
VGG [40] (ILSVRC’14) 7.32
GoogLeNet [43] (ILSVRC’14) 6.66
VGG [40] (v5) 6.8
PReLU-net [12] 4.94
BN-inception [16] 4.82
ResNet (ILSVRC’15) 3.57

Table 5. Error rates (%) of ensembles. The top-5 error is on the

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

learning on extremely deep systems.
Last, we also note that the 18-layer

are comparably accurate (Table 2), but the 18-layer

converges faster (Fig. 4 right vs. left). When the net

overly deep” (18 layers here), the current SGD solver is

able fo find good Solutions {o fhe plain net. In this case, the

ResNet eases the optimization by providing faster conver-
gence at the early stage.

Identity Vs. Projection Shortcuts. We have shown that

256-d

Telu
Ix1, 256

| relu relu

Figiire 5! A decpet fesidial fiinction F fot fmageNel Lefi: a

building block (on 56* 56 feature maps) as in Fig. 3 for ResNet-

for increasing dimensions, and all shortcuts are parameter-

frec (the same as Table 2 and Fig. 4 right); (B) projec-
tion shortcuts are used for increasing dimensions, and other
shortcuts are identity; and (C) all shortcuts are projections.

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 design4. For each residual function F, we
use a stack of 3 layers instead of 2 (Fig. 5). The three -
are 1x 1, 3% 3, and 1x 1 convolutions, where the 1x 1 layers

dimensions, leaving the 3x 3 layer a bottleneck with smaller

The parameter-free identity shortcuts are particularly im-
portant for the bottleneck architectures. if ihe - short-

as the bottleneck ResNets.
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We conducted more studies on the CIFAR-10 dataset
[20], which consists of 50k training images and 10k test-
ing images in 10 classes. We present experiments frained
on the fraining Set and evaluated on the fest set. Our focus
is on the behaviors of extremely deep networks, but not on
pushing the state-of-the-art results, so we intentionally use
simple architectures as follows.

The plain/residual architectures follow the form in Fig. 3
(middle/right). The network inputs are 32x 32 images, with

the per-pixel mean subtracted. The first layer is 3x 3 convo-
lutions. Then we use a stack of 67 layers with 3x 3 convo-
lutions on the feature maps of sizes 932¢ 16<8Orespectively,
with 27 [ayers for each feature - Size. The numbers of
filters are Y16< 32< 64Orespectively. The Subsampling is per-
by convolutions with a stride of 2. The network

a global average pooling, a 10-way fully-connected
layer, and softmax] There are totally 67+2 stacked weighted
layers, The following table summarizes the architecture:

output map size | 32%32 | 16%16 | 8%8
# layers 1+2n 2n 2n

to the pairs of 3x 3 layers (totally 37 shortcuts). On this
dataset we use identity shortcuts in all cases (i.e., option A),

method error (%)
Maxout [9] 9.38
NIN [25] 8.81
_ DSN[4 |82
#layers | # params
FitNet [34] 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 | 02 |8
ResNet 82 | D4eM | @si
ResNet 44 0.66M | 7.17
ResNet 56 0.85M | 6.97
ResNet 110 1.7M | 6.43 (6.61% 0.16)
ResNet 1202 | 194M |7.93

and show “best (mean std)” as in [42].

and number of parameters as the plain counterparts.

the single view of the original 32x 32 image.
We compare " = 935799 Jeading to 20, 32, 44, and

phenomenon is similar to that on ImageNet (Fig. 4, left) and
on MNIST (see [41]), suggesting that such an optimization
difficulty is a fundamental problem.

Fig. 6 (middle) shows the behaviors of ResNets. Also

middle)! It has fewer parameters than other deep and thin
SYWith an initial Iearning ate of 0.1, if Starts Converging (< 90% error)

after several epochs, but still reaches similar accuracy.
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the outputs of each 3x 3 layer, after BN and before other
nonlinearity (ReLU/addition). For ResNets, this analy-
sis reveals the response strength of the residual functions.

deep models. The
is worse than that of

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

[able 7 Object detection mAP (%) on the PASCAL VOC
2007/2012 test sets using baseline Faster R-CNN. See also ap-
pendix for better results.

metric mAP@.5 | mAP@].5, .95]
VGG-16 41.5 21.2
ResNet-101 48.4 27.2

using baseline Faster R-CNN. See also appendix for better results.

25, 24, 34]) onl this dataset| In this paper, we

use no maxout/dropout and just simply impose regulariza-
tion via deep and thin architectures by design, without dis-
tracting from the focus on the difficulties of optimization.
But combining with stronger regularization may improve
results, which we will study in the future.

method. Here we are intereste

&
>
=
=
z.
=
=
z

of replacing VG

g

in a 6.0% increase in COCO’s standard metric (mAP@].5,
.95]), which is a 28% relative improvement. This gain is
solely due to the learned representations.

Based on deep residual nets, we won the 1st places in
several tracks in ILSVRC & COCO 2015 competitions: Im-
ageNet detection, ImageNet localization, COCO detection,
and COCO _ The details are in the appendix.
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About Al Detection

Our Al Detector is the only enterprise-level solution that can verify if the content was written by a human or generated by Al, including source code and text that has
been plagiarized or modified. Learn more

Al Text OHuman Text

A body of text that has been generated or altered by Al technology.  Any text that has been fully written by a human and has not been
Learn more altered or generated by Al. Learn more

Copyleaks Al Detector Effectiveness

Credible data at scale, coupled with machine learning and widespread adoption, allows us to continually refine and improve our ability to understand complex text
patterns, resulting in over 99% accuracy—far higher than any other Al detector-and improving daily. Learn more

Ideal Text Length

The higher the character count, the easier for our technology to determine irregular patterns, which results in a higher confidence rating for Al detection. Learn more

Reasons It Might Be Al When You Think It's Not

The Al Detector can detect a variety of Al-generated text, including tools that use Al technology to paraphrase content, auto-complete sentences, and more. Learn
more

User Al Alert History

Historical data of how many times a user has been flagged for potentially having Al text within their content. Learn more

Al Logic

The number of times a phrase was found more frequently in Al vs human text is shown according to low, medium, and high frequency. Learn more
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