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We trained a large, deep convolutional neural network to classity (he 1.2 million
high-resolution images in the ImageNet LSVRC-2010 contest into the 1000 dif-
ferent classes. On the test data, we achieved top-1 and top-35 erroorates of 37.5%
and 17.0% which is considerably better than the previous state-of-the-art. The =AY

-~

. - & . _nb
HT—TFe neural network, which has 60 million| parameters|and 650,000|neurons| consists Hr—=

hik, @&

iERpyeEsy | of five convolutional layers, some of which are followed by max-pooling layers, RT

B4 d three tully-connected layers with a final 1000-way softmax. To make train- @Sf 3
- ing faster, we used non-saturating neurons and a very efficient GPU implemen- @8 3¢¢
tation of the convolution operation. To reduce overfitting in the fully-connected
layers we employed a recently-developed regularization method called “dropout™
that proved to be very effective. We also entered a variant of this model in the
ILSVRC-2012 competition and achieved a winning top-5 test error rate of 15.3%,
compared to 26.2% achieved by the second-best entry.
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Our results show that a large, deep convolutional neural network is capable of achieving record-
breaking results on a highly challenging dataset using purebH supervised learning. |It is notable

—

T3 s ;
2. fikiE 7 i that our network’s performance_degsades Tf 2" Single convolutional layer 1s removed. For example,

ER A4 T T
g¥Jie |remoyving-any of the middle layers results in a loss of about 2% for the top-1 performance of the

%%Fﬁ,’ ’IEQQ&-H_TFfIf_f’_ﬂ_[E?‘_jﬁJT really 1s important for achieving our results.

£F Bert | To simplify our experiifients;-welid not use any unsupervised pre-training jeven though we expect

2 |5, 3k iF|that it will help. especially if we obtain enough computational power to significantly increase the
£ 7 B /& [g]|size of the network without obtaining a corresponding increase in the amount of labeled data. Thus
Z 4k U £8 &#|far, our results have improved as we have made our network larger and trained it longer but we still
> have many orders of magnitude to go in order to match the infero-temporal pathway of the human
visual system. Ultimately we would like to use very large and deep convolutional nets on video
sequences where the temporal structure provides very helpful information that 1s missi
obvious in static images.
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hqpﬂ rd hg:: :::: rdshire bullterrier
E j.gu.r n dead-man's-fingers currant
I cheetah ” o _ 1 _
- snow leopard Figure 4: (Left) Eight ILSVRC-2010 test images and the five labels considered most probable by our model.

. Egyptian cat The correct label 1s written under each 1image, and the probability assigned to the correct label 1s also shown
\ - / with a red bar (1f 1t happens to be 1n the top 5). (Right) Five ILSVRC-2010 test images in the first column. The
remaining columns show the six training images that produceffeature vectors in the last hidden layer I,vith the
smallest Euclidean distance from the feature vector for the test image.
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Model Top-1 | Top-5 ol A £ 3
[ Sparse coding [2] | 47.1% | 28.2% :Eujéi;?ﬁﬂgg
SIFT + FVs [24] | 45.7% | 25.7% %!'& _I.I_,,E;I
CNN 375% | 17.0% ng%’a E?ﬁ%
*I\\\O B
Table 1: Comparison of results on ILSVRC-  FRHREIT .

2010 test set.  In fafics are best results
achieved by others.

Figure 3: 96 convolutional kernels of size
112 113 learned by the first convolutional
layver on the 224 224 » 3 input imapes. The
top 48 kernels were learned on GPU 1 while

| EFT 1 FVs[7] e “Ej ;;;,ﬁ” IR TEMRGHS the bottom 48 kernels were learned on GPU
1 — — : ¢
TCNN T0.7% 182% = XHER, 12 R
5CNNs B1% 16.4% 164% trai =T
TCNN* 39.0% 16.6% - B{‘; tra,,'.nﬁfl ' A” TR ATREE. 2524,
TTCNNS* T6.T% 54% w37 | TESRENS. HNE N e A s S A TR,

WERHRERMEAR TR, (REF
JgEaRERMTA. BA, &
W FER LAY .

Table 2: Comparison of error rates on ILSVRC-2012 validation and
test sets. In falics are best results achieved by others. Models with an
asterisk® were “pre-trained” to classify the entire ImageMNet 2011 Fall
release. See Section 6 for detmls.
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Introduction (1/5)

F—E:
13— NEE: BROIERTAHAR,
BT HA, BEWNAE,

Current approaches to object recognition make essential use of machine learning methods. To im- A / N 74
prove therr performance, we can collect larger datasets, leam more powerful models, and use bet- X7 EFE-IEH_A' ng—A{EEgO

ter techniques for preventing overfitting. Until recently. datasets of labeled images were relativel

smiall == on the order of tens of thousands of mages (e.g.. NORB [16], Caltech-101/256 [8, 9], and

CIFAR-1¥100 [12]). Simple recognition tasks can be solved quite well with datasets of this size, 2. }%‘F;E?}ﬁ%iﬁ—‘lqmageNetl

especially if they are augmented with label-preserving transformations. For example, the curmrent- — " .

Iacust E;jr{.'rr rate on |T,:hE' MN[:'ST digitti-_ll;qc{}gnitilr;!;k [{{}3];‘5%'} apprna:l:es human pcrf_nr:r:::n _[-*-1.]_ miﬁ%ﬂé@éﬁ&;’%ﬂ’géﬁﬂp . &2
t objects in realistic settings exhibit consi e variability, so to learn to recognize them it is .~ — A ke X

necessary to use much Ia.tgcrE:raining sets. And indeed. the sﬂlnncnming:-; of :-;mallgimagﬂ datasets lﬁT_FM¢§&}E$ZEEE1+/L\¢$EI‘J

have been widely recognized (e.g.. Pinto et al. [21]), but it has only recently become possible to col- e =RIR= =
lect labeled datasets with millions of images. The new larger datasets include LabelMe [23], which = E*—Fﬂjfmﬁg ! E EIJZEIJ:DUAW_{TEF

1 Introduction

consists of hundreds of thousands of fully-segmented images, and ImageNet [6], which consists of 77 /NE = SMIAY ===
over 15 million labeled high-resolution images in over 22 (00 categornies. 1’.]‘&]2_(_ | M?E*J:ﬁ&ﬂg*gﬂ'nim

BiME, AIZFEH. WSEIAER
Bis, BRESFEZELE, K=
BREZINEEN T ERR,
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- < 2+ B

To learn about thousands of objects from millions of images, we need a model with a large learning 1. s246znt. A7 ...... '
capacity. However, the immense complexity of the object recognition task means that this prob- FRLAREA 1
lem cannot be specified even by a dataset as laree as ImageNet, so our model should also have lots
of prior knowledge to compensate for all the data we don’t have. Convolutional neural networks
(CNNs) constitute one such class of models [16, 11, 13, 18, 15, 22, 26]. Their capacity can be con-
trolled by varying their depth and breadth, and they also make strong and mostly correct assumptions
about the nature of images (namely, stationarity of statistics and locality of pixel dependencies).
Thus, compared to standard feedforward neural networks with similarly-sized layers, CNNs have
much fewer connections and parameters and so they are easier to train, while their theoretically-best
performance is likely to be only slightly worse. l

2. BRI, HTRRZBHEMEFM, 1551=2CNN,

O I8 IMEZHARRFNEZ. (RARZETFHSHHEMEIES
HEHNENIR, MEHFEE. AALENNERHAZRHEME, RSAH
AR THEXIFRA.

O LbiFpiiEZ S @R — T AR EAM, EREMLEErSE (SRelated
WorkliFRz) , AGHBHEIIBCHGIE.

Xinyu Ou | Yunnan University of Finance and Economics SiEIEeNE 2024£E8H26H 16/35




IEXBIESZARMMTE (Writing and Academic Norms )

WIS : SEE

Introduction (3/5)

Despite the attractive qualities of CNNs, and despite the relative efficiency of their local architecture,

they have still been prohibitively expensive to apply in large scale to high-resolution images. Luck-
ily, current GPUs, paired with a highly-optimized implementation of 2D convolution, are powertul

enough to facilitate the training of interestingly-large CNNs, and recent datasets such as ImageNet
contain enough labeled examples to train such models without severe overfit

B=E: RI5F—TAXE
FAGPURSEM, LUK
A ERGPURSCHR,
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The specific contributions of this paper are as follows: we trained one of the largest convolutional
neural networks to date on the subsets of ImageNet used in the ILSVRC-2010 and ILSVRC 2{}12
cumpetltmns {2] and achleved hy tar the best results ever reported on these datasets. WWe wrote a
highly-optimized GPU implementation of 2D convolution and all the other operations mhenent n
tralmng -::nnvulutmﬂal neural netwn[ks which we make available publicly!. Our network contains
a number of REW AR IRUSEANTEaTes whlch improve its performance and reduce its training time,
which are detailed in Section 3. The size of our network made overfitting a significant problem, even
with 1.2 million labeled training examples, so we used SEVCIANCHECHIVETEERRIGHES for preventing
overfitting, which are described in Section 4. Our final network contains five convolutional and
three fully-connected layers, and this depth seems to be important: we found that removing any
convolutional layer (each of which contains no more than 1% of the model’s parameters) resulted in
inferior perfurmaﬂce.

BEER

1. ?Jaﬁmﬂ?—/\#_jciCNerLSVRCJ:ﬁ g 7 RFRYTEEE; o

2. BHIS T — /M RIFHGPUSSIMAICNNIELE; Hf— B EE?
3. BiNEE T —LEHhY. SRR SRS A F BTG RT I,
4. BiERA—LE RS A RGNS

5. BRI T—/HEMLE, MASIREESEM0.

<<
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In the end, the network’s size is limited mainly by the amount of memory available o Us
and by the amount of training time that we are willing to tolerate. Our network tak ve
and six days to train on two GTX 580 3GB GPUs. All of our experiments suggest Its

can be improved simply by waiting for faster GPUs and bigger datasets to becomea ZRH]

ETE, (FER 7 —TEERISCIRFIR:

1. JIFXLA—1PKRERIMEZIERI, fmEREZEGPURIEIR

2.So, {EAT5~6KKiE, FHERAT2/GTX58049GPU (cuda-convnet, Z#1T)
3. HEIFRIGPUISE KAV EUREE T LABUETERE.

AT, JWF—IMARIENEKR, I ERBEXAK. AARSEAGTHIEEXR, TiIEER
MIABGRBERBEBINE, 1ISHIEWTFRALENIERIR, TELMNADERRTRI. H3EL,
BEEEARSEHF M IEEEFcuda-convnet3g5Sh, 8iF Alex FAERRBHEFRE.
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The Dataset S8, REIEENIRE, REdEE
LR, BEEDAENER, B
{tisEROEE 2 ImageNethotse, FRLl

ImageNet is a dataset of over 15 million labeled high-resolution images belonging to roughly 22,000 mﬁn\iﬁgo (1&*}&%532%5)

2 The Dataset

categories. The images were collected from the web and labeled by human labelers using Ama-
zon’s Mechanical Turk crowd-sourcing tool. Starting in 2010, as part of the Pascal Visual Object
Challenge, an annual competition called the ImageNet Large-Scale Visual Recognition Challenge
(ILSVRC) has been held. ILSVRC uses a subset of ImageNet with roughly 1000 images in each of
1000 categories. In all, there are roughly 1.2 million training images, 50,000 validation images, and
150,000 testing images.

a2 /N Bk
ILSVRC-2010 is the only version of ILSVRC for which the test set labels are available, so this is ltgﬁl!:. B'%:a LK EIE%EEHEI"E'
the version on which we performed most of our experiments. Since we also entered our model in (BIFEHREEEIFHEIFH =K
the ILSVRC-2012 competition, in Section 6 we report our results on this version of the dataset as ‘*, 1212;!%’1%?{&%:52{“ (iz
well, for which test set labels are unavailable. On ImageNet, it is customary to report two error rates: BENEHXEIEN S ST =

top-1 and top-5, where the top-5 error rate is the fraction of test images for which the correct label Z—)
is not among the five labels considered most probable by the model.
1. ZiEFRALiE

ImageNet consists of variable-resolution images. while our system requires a constant input dimen- s _
sionality. Therefore, we down-sampled the images to a fixed resolution of 256 x 256. Given a 2. ]\ raw RGB?:&&:J!'QE (,E']d
rectangular image, we first rescaled the image such that the shorter side was of length 256, and then to-end) - ;*,gq's-lﬁ7£1‘eﬂg
cropped out the central 256 x 256 patch from the resulting image. We did not pre-process the images ZICeUFR

in any other way, except for subtracting the mean activity over the training set from each pixel. So

we trained our network on the (centered) raw RGB values of the pixels.
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B

3 The Architecture

The architecture of our network is summarized [in Figure 2

features of our network’s architecture. Sections 3.1
their importance, with the most important first.

3.1 ReLU Nonlinearity

The standard way to model a neuron’s output f as
a function of its input z is with f(z) = tanh(z)
or f(z) = (1L + e~")~'. In terms of training time
with gradient descent, these saturating nonlinearities
are much slower than the non-saturating nonlinearity
flz) = max(0,z). Following Nair and Hinton [20]
we refer to neurons with this nonlinearity as Rectified
Linear Units (ReLUs). Deep convolutional neural net-
works with ReLUs train several times faster than their
equivalents with tanh units. This is demonstrated in
Figure 1, which shows the number of iterations re-
quired to reach 25% training error on the CIFAR-10
dataset for a particular four-layer convolutional net-
work. This plot shows that we would not have been
able to experiment with such large neural networks for
this work if we had used traditional saturating neuron
models.

We are not the first to consider alternatives to tradi-
tional neuron models in CNNs. For example, Jarrett
etal. [11] claim that the nonlinearity f(x) = |tanh(z)|
works particularly well with their type of contrast nor-
malization followed by local average pooling on the
Caltech-101 dataset. However, on this dataset the pri-
mary concem is preventing overfitting, so the effect
they are observing is different from the accelerated
ability to fit the training set which we report when us-
ing ReLUs. Faster learning has a great influence on the
performance of large models trained on large datasets.

2
-~

Training eror rate
L
r

Epochs

Figure 1: A four-layer convolutional neural
network with ReLUs (solid line) reaches a 25%
training error rate on CIFAR-10 six times faster
than an equivalent network with tanh neurons
(dashed line). The learning rates for each net-
work were chosen independently to make train-
ing as fast as possible. No regularization of
any kind was employed. The magnitude of the
effect demonstrated here varies with network
architecture. but networks with ReLUs consis-
tently learn several times faster than equivalents
with saturating neurons.

3.1 RelLU

ance and Economics

32 Training on Multiple GPUs

A single GTX 580 GPU has only 3GB of memory, which limits the maximum size of the networks
that can be trained on it. It turns out that 1.2 million training examples are enough to train networks
which are too big to fit on one GPU. Therefore we spread the net across two GPUs. Current GPUs
are 1l-suited to cross-GPU i as they are able to read from and write to
one another’s memory directly, without going through host machine memory. The parallelization
scheme that we employ essentially puts half of the kernels (or neurons) on each GPU, with one

dditional trick: the GPUs icate only in certain layers. This means that, for example, the
Kernels of layer 3 take input from all kernel maps in layer 2. However, kernels in layer 4 take input
only from those kernel maps in layer 3 which reside on the same GPU. Choosing the pattern of
connectivity is a problem for cross-validation, but this allows us to precisely tune the amount of
communication until it is an acceptable fraction of the amount of computation.

The resultant architecture is somewhat similar to that of the “columnar” CNN employed by Ciresan

etal. [5], except that our c#Manns tin i hjf scheme reduces our top-1
and top-5 error rates by W and g%, wilh a net with half as many
kernels in each convolutivd®? lgpcffmincd, 0- et takes slightly less time

to train than the one-GPU net®.

3.3 Local Response Normalization

ReLUs have the desirable property that they do not require input normalization to prevent them
from saturating. If at least some training examples produce a positive input to a ReLU, learing will
happen in that neuron. However, we still find that the following local normalization scheme aids
generalization. Denoting by a}, ,, the activity of a neuron computed by applying kemnel i at position
(z,) and then applying the ReLU nonlinearity, the response-normalized activity b}, is given by

the expression
min(N=1,+n/2) P
by = aoy/ |k +a 5 ()’

jmmax(0,i-n/2)
where the sum runs over n “adjacent” kernel maps at the same spatial position, and N is the total
number of kernels in the layer. The ordering of the kernel maps is of course arbitrary and determined
before training begins. This sort of response normalization implements a form of lateral inhibition
inspired by the type found in real neurons, creating competition for big activities amongst neuron
outputs computed using different kernels. The constants k, 7, a, and 3 are hyper-parameters whose
values are determined using a validation set; we used k = 2,n =5, a = 10~ %, and 3 = 0.75. We
applied this normalization after applying the ReLU nonlinearity in certain layers (see Section 3.5).

This scheme bears some resemblance to the local contrast normalization scheme of Jarrett etal. [11],
but ours would be more correctly termed “brightness normalization™, since we do not subtract the
mean activity. Response normalization reduces our top-1 and top-5 error rates by 1.4% and 1.2%,
respectively. We also verified th! cti s of IFAR-10 dataset: a four-layer
CNN achieved a 13% test error w‘(h or1 ith normalization®.

ZiBIEENY

It contains eight learned layers — ﬁfﬂﬁ?-?ﬁ%ﬂﬁﬂsﬂgﬁgé’éw
five convolutional and three fully-connected. Below, we describe some of the novel or unusual B Figurez (FERE—RBPRES
-3.4 are sorted according to our estimation of Hgm} /I\)

34 ovenapnine i3 <4 OVErlapping Pooling

Pooling layers in CNNs summarize the outputs of neighboring groups of neurons in the same kernel
map. Traditionally, the neighborhoods summarized by adjacent pooling units do not overlap (e.g.,
[17, 11, 4]). To be more precise, a pooling layer can be thought of as consisting of a grid of pooling
units spaced s pixels apart, each summarizing a neighborhood of size z x z centered at the location
of the pooling unit. If we set s = z, we obtain traditional local pooling as commonly employed
in CNNs. If we set s < z, we obtain overlapping pooling. This is what we use throughout our
network, with s = 2 and z = 3. This scheme reduces the top-1 and top-5 error rates by 0.4% and
0.3%, respectively, as compared with the non-overlapping scheme s = 2,z = 2, which produces
output of equivalent dimensions. We generally observe during training that models with overlapping
pooling find it slightly more difficult to overfit.

3.5 E{BZEE

Now we are ready to describe the overall architecture of our CNN. As depicted in Figure 2, the net
contains eight layers with weights; the first five are convolutional and the remaining three are fully-
connected. The output of the last fully-connected layer is fed to a 1000-way softmax which produces
a distribution over the 1000 class labels. Our network maximizes the multinomial logistic regression
objective, which is equivalent to maximizing the average across training cases of the log-probability
of the correct label under the prediction distribution.

3.5 Overall Architecture

The kernels of the second, fourth, and fifth convolutional layers are connected only to those kernel
maps in the previous layer which reside on the same GPU (see Figure 2). The kemels of the third
convolutional layer are connected to all kernel maps in the second layer. The neurons in the fully-
connected layers are connected to all neurons in the previous layer. Response-normalization layers
follow the first and second convolutional layers. Max-pooling layers, of the kind described in Section
3.4, follow both response-normalization layers as well as the fifth convolutional layer. The ReLU
non-linearity is applied to the output of every convolutional and fully-connected layer.
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3.1 ReLU Nonlinearity

The standard way to model a neuron’s output f as
a function of its input = is with f(z) = tanh(z)
or f(x) = (14 e~*)~L. In terms of training time
with gradient descent, these saturating nonlinearities
are much slower than the non-saturating nonlinearity
1ax(0, z). Following Nair and Hinten [20];
er to neurons with this nonlinearity as Rectified
ear Units (ReLUs). Deep convolutional neural net-
works with ReLLUs train several times faster than their
equivalents with tanh units. This is demonstrated in
Figure 1, which shows the number of iterations re-
quired to reach 25% training error on the CIFAR-10
dataset for a particular four-layer convolutional net-
work. This plot shows that we would not have been
able to experiment with such large neural networks for
this work if we had used traditional saturating neuron
models.

We are not the first to consider alternatives to tradi-
tional neuron models in CNNs. For example, Jarrett
et al. [11] claim that the nonlinearity f(x) = |tanh(z)|
works particularly well with their type of contrast nor-
malization followed by local average pooling on the
Caltech-101 dataset. However, on this dataset the pri-
mary concern is preventing overfitting, so the effect
they are observing is different from the accelerated
ability to fit the training set which we report when us-
ing RelLUs. Faster learning has a great influence on the
performance of large models trained on large datasets.

SiEIEeNE

075

(MEXFEFRE, ERZ)
SIS EE.
1. £CIFAR-10_E¥JRelLU
FTanhi#13 7 XJEL.

0.5+ \
~
S
~
—
— -
-~ - _
0254 S
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Training eror rate
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Figure 1: A four-layer convolutional neural
network with ReL.Us (solid line) reaches a 25%
training error rate on CIFAR-10 six times faster
than an equivalent network with tanh neurons
(dashed line). The learning rates for each net-
work were chosen independently to make train-
ing as fast as possible. No regularization of
any kind was employed. The magnitude of the
effect demonstrated here varies with network
architecture, but networks with ReLUs consis-
tently learn several times faster than equivalents
with saturating neurons.

2. AT LLERIEFES
f8E (error rate = 0.25)
3. ReLUEkTanh{R64Z, /

FNBHEICE:
(EESINT—HelilaciEh
SRATRGEEREIReLU, LABT;
BB, (BEFXRICNNE,
WREAE, BEVEERR, X
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Tanh, SXEA{J&AFEReLU,
(B EFEECEE.
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3.2 Training on Multiple GPUs

A single GTX 580 GPU has only 3GB of memory, which limits the maximum size of the networks ‘ E$ﬁ]*ﬂu E-EE ;Klj\, Z:EL‘}

that can be trained on it. It turns out that 1.2 million training examples are enough to train networks NS = e :
which are too big to fit on one GPU. Therefore we spread the net across two GPUs. Current GPUs H-Fg L *;i° ED*""EEE :

are particularly well-suited to cross-GPU parallelization, as they are able to read from and write to

one another’s memory directly, without going through host machine memory. The parallelization ] = St =g o, vy
scheme that we employ essentially puts half of the kernels (or neurons) on each GPU, with one ® *BB‘J:' ,znlzﬁmﬁl*i I.EHEE';E'

additional trick: the GPUs communicate only in certain layers. This means that, for example, the 1??9*“%%?-“}1 Hgi‘ei , EZ(EE?I]IEJEI}
kernels of layer 3 take input from all kernel maps in layer 2. However, kernels in layer 4 take input Z;E!I%:%u * 15 yg? Fﬁi‘j*%gﬂg ﬁ

only from those kernel maps in layer 3 which reside on the same GPU. Choosing the pattern of

connectivity is a problem for cross-validation, but this allows us to precisely tune the amount of ;ﬁ (tB!ll]%UA'I‘Z@E{fREgEﬂK*/ﬁ{
communication until it is an acceptable fraction of the amount of computation. Hg%;ﬁkg;}:' Hﬁ‘ﬁ{ﬂgﬁa‘*‘ “Rﬂg:lﬁ

The resultant architecture is somewhat si1:m'lar to that of the r“cnlumnar”‘CNN employed by Ciresan ;,E‘Z;El‘uggim{mﬂg'*giﬁ) , m'{EJ'L‘ JE
et al. [5], except that our columns are not independent (see Figure 2). This scheme reduces our top-1 N
and top-5 error rates by 1.7% and 1.2%, respectively, as compared with a net with half as many é;iE_-Fo

kernels in each convolutional layer trained on one GPU. The two-GPU net takes slightly less time

to train than the one-GPU net?. ® 1EE ﬁﬁiﬂﬁﬁﬁﬁ ' Hiﬁ*ﬂIﬁE mﬁﬁ '
18 E Ly LARRRIX EE R EE,

o FilA, HSLXFTIIEEIMAIERS, 17
JLUAAREIZIE, FIHMEF—T
BALIR,
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3.3 Local Response Normalization

ReL.Us have the desirable property that they do not require input normalization to prevent them
from saturating. It at least some training examples produce a positive mput to a ReL U, leaming will
happen in that neuron. Howeyer, we still find that the following local normalization scheme aids
generalization. Denoting by a;, , the activity of a neuron computed by applying kemel 7 at position

(x,y) and then applying the ReLU nonlinearity, the response-normalized activity b , is given by

the expression
min( N—1,i+n/2) A
bow=0azy/| k+a Z {a—;_y)z

j=max(0,i—n/2)

where the sum runs over n “adjacent” kernel maps at the same spatial position, and NV is the total
number of kernels in the layer. The ordering of the kernel maps is of course arbitrary and determined
before training begins. This sort of response normalization implements a form of lateral inhibition
inspired by the type found in real neurons, creating competition for big activities amongst neuron
outputs computed using different kernels. The constants k,n,a, and 3 are hyper—parameters whose
values are determined using a validation set; weused k = 2, n =5, a« = 107", and 3 = 0.75. We
applied this normalization after applying the ReLU nonlinearity in certain layers (see Section 3.5).

This scheme bears some resemblance to the local contrast normalization scheme of Jarrettet al. [11],
but ours would be more correctly termed “brightness normalization”, since we do not subtract the
mean activity. Response normalization reduces our top-1 and top-5 error rates by 1.4% and 1.2%,
respectively. We also verified the effectiveness of this scheme on the CIFAR- 10 dataset: a four-layer
CNN achieved a 13% test error rate without normalization and 11% with normalization.

SiEIEeNE

CNNRMI£E5R1)
EETES, e LRIMEREEAT A
SR THE.

XJF Local Respopnse Normalization

FiR, (EENEBRIRE: ReLUATERAILE
M*ﬁﬁE@W'EWMEU@EKﬂM

ZnLlREIZCEEND.

{(BscfFE ERiR, LALERIRERE, FSBiHEE
AT AEEALRN, RERBENEEAM.
HE, XBREAKXFINSIELE. IAER!

ZaNRESEZ:, (BUNRAEFIRIBEEREE,
(REFBHNECHBENEIESZEED. B
=EESBRAMTLULIESZ. WFE
TiRFE, MhEXEEEmET.
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3.4 Overlapping Pooling

¥

Pooling layers in CNNs summarize the outputs of neighboring groups of neurons in the same kemel g
map. Traditionally, the neighborhoods summarized by adjacent pooling units do not overlap (e.g..
[17, 11, 4]). To be more precise, a pooling layer can be thought of as consisting of a grid of pooling

BRETIS. MEEFE,
AUEETAES,

S, EETIERELL
ERI2HE.

units spaced s pixels apart, each summarizing a neighborhood of size z X z centered at the location
of the pooling unit. If we set s = z, we obtain traditional local pooling as commonly employed
in CNNs. If we set s < z, we obtain overlapping pooling. This is what we use throughout our
network, with s = 2 and z = 3. This scheme reduces the top-1 and top-5 error rates by 0.4% and
(0.3%, respectively, as compared with the non-overlapping scheme s = 2,z = 2, which produces

output of equivalent dimensions. We generally observe during training that models with overlapping
pooling find it slightly more difficult to overfit.

IRIES(ENEAREE "SS9 & "SE958" |, (RALESME—THENS

=RILAiE, EEISEESR. X—EES$iR 7— T, overlapping pooling

aJllikoverfitEEM., MRIR2MENEFEIN, BAMRZTRNZE, FE
ERESEHXMEAR LA E S SR,
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3.5 Overall Architecture

Now we are ready to describe the overall architecture of our CNN. As depicted in Figure 2, the net

.. contains eight layers with weights; the first five are convolutional and the remaining three are fully-
 connected. The output of the last fully-connected layer is fed to a 1000-way softmax which produces
! adistribution over the 1000 class labels. Our network maximizes the multinomial logistic regression

objective, which is equivalent to maximizing the average across training cases of the log-probability

convolutional layer are connected to all kernel maps in the second layer. The neurons in the fully-
connected layers are connected to all neurons in the previous layer. Response-normalization layers
follow the first and second convolutional layers. Max-pooling layers, of the kind described in Section
3.4, follow both response-normalization layers as well as the fifth convolutional layer. The ReLLU
non-linearity is applied to the output of every convolutional and fully-connected layer.

The first convolutional layer filters the 224 x 224 x 3 input image with 96 kemels of size 11 x 11 x 3
with a stride of 4 pixels (this is the distance between the receptive field centers of neighboring

*We cannot describe this network in detail due to space constraints, but it is specified precisely by the code
and parameter files provided here: http://code.google.com/p/cuda-convnet/.

SiEIEeNE

BRIk, &
: = :
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The kemnels of the second, fourth, and fifth convolutional layers are connected only to those kemel / 'ny} 1 IXHEI1
maps in the previous layer which reside on the same GPU (see Figure 2). The kemels of the third |
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Figure 2: An illustration of the architecture of our CNN, explicitly showing the delineation of responsibilities
between the two GPUs. One GPU runs the layer-parts at the top of the figure while the other runs the layer-parts
at the bottom. The GPUs communicate only at certain layers. The network’s input is 150,528-dimensional, and
the number of neurons in the network’s remaining layers is given by 253.440-186,624—-64.896—-64.806—43.264—
4096-4096—1000.

WFARERIE. KBFEE, EUZERIPORIENFITHFE. Input, Processing, Output
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4 Reducing Overfitting

Our neural network architecture has 60 million parameters. Although the 1000 classes of ILSVRC
make each training example impose 10 bits of constraint on the mapping from image to label, this
turns out to be insufficient to learn so many parameters without considerable overfitting. Below, we
describe the two primary ways in which we combat overfitting.

4.1 Data Augmentation 4.2 Dropout

AERICXH— M HREZNEFR, S, EfERIERBRERHLMEEN HMARHRES

S IR,
o —NEHIEERNESHANIIE, FTLAEREUEE;
¢ F—\EERERITHheERETRAIERE, FrLURH T Dropout,

O ™5, XAPMAESES LRREFE, BREAFENET/EPFHIAIER, SINEMSERER
AR, AR LUIRSZAY,
O XENMNEEERAEANE, ST RERNERER, BRABENEARGE, BRRSENETENES

RisE,
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5 Details of learning

We trained our models using stochastic gradient descent
with a batch size of 128 examples, momentum of (.9, and
weight decay of 0.0005. We found that this small amount

of weight decay was important for the model to learn. In
other words, weight decay here is not merely a regularizer:
it reduces the model’s training error. The update rule for
weight w was

Figure 3: 96 convolutional kernels of size
1111 x 3 learned by the first convolutional
layer on the 224 % 224 x 3 input images. The
top 48 kernels were learned on GPU 1 while
the bottom 48 kernels were learned on GPU
2. See Section 6.1 for details.

oL
viy1 = 0.9-v; —0.0005-€-w; —€-{ =—

- y L
Ow 'wi D

Wig1 = W; +vip

where i is the iteration index, v is the momentum variable, ¢ is the learning rate, and <% - > is

i D'.
the average over the ith batch D; of the derivative of the objective with respect to w, evaluated at
.

We initialized the weights in each layer from a zero-mean Gaussian distribution with standard de-
viation (.01. We initialized the neuron biases in the second, fourth, and fifth convolutional layers,
as well as in the fully-connected hidden layers, with the constant 1. This initialization accelerates
the early stages of leaming by providing the ReLUs with positive inputs. We initialized the neuron
biases in the remaining layers with the constant 0.

We used an equal learning rate for all layers, which we adjusted manually throughout training.
The heuristic which we followed was to divide the learning rate by 10 when the validation error
rate stopped improving with the current learning rate. The learning rate was initialized at 0.01 and

Xinyu Ou | Yunnan University of Finance and Economics
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Figure 4: (Left) Eight ILSVRC-2010 test images and the five labels considered most probable by our model.
The correct label is written under each image, and the probability assigned to the correct label is also shown
with a red bar (if it happens to be in the top 5). (Right) Five ILSVRC-2010 test images in the first column. The
remaining columns show the six training images that produce feature vectors in the last hidden layer with the
smallest Euclidean distance from the feature vector for the test image.

In the left panel of Figure 4 we qualitatively assess what the network has learned by computing its
top-5 predictions on eight test images. Notice that even off-center objects, such as the mite in the
top-left, can be recognized by the net. Most of the top-5 labels appear reasonable. For example,
only other types of cat are considered plausible labels for the leopard. In some cases (grille, cherry)
there is genuine ambiguity about the intended focus of the photograph.
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