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Abstract

We trained a large, deep convolutional neural network to classify the 1.2 milliq
high-resolution images in the ImageNet LSVRC-2010 contest into the 1000 d
ferent classes. On the test data, we achieved top-1 and top-5 error rates of 37,
and 17.0% which is considerably better than the previous state-of-the-art.
neural network, which has 60 million parameters and 650,000 neurons, co
of hve convolutlonal layer‘; some of which are followed by max- poolmg l

FEREE I TP, RS A

BRENE: 021207 KSAPRER, 551000 REX3)

M gEIEHR: 7EImageNet LSVRC-2010= ZE H B Btop-1§E12 & 37.5%Ftop-55512 £ 17.0%
o IRAEIFIIR: 1260005 NSEFI65 T MEHETT

2. EENZ 02:16

o HBAETR: ZULZARFHP, BEGeoffrey HintonFHE ML EE A

® RN ULKWHERIS, MmIEEICHER

o FEXWM RYEFETITENURAE 4T, BT REENVHREIR
3. 8% 05:39

<D a [ Alehot. e -

Abstract

We trained a large, deep convolutional neural network to classify the 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-5 error rates of 37.5%
and 17.0% which is considerably better than the previous state-of-the-art. The
neural network, which has 60 million parameters and 650,000 neurons, consists
of five convolutional layers, some of which are followed by max-pooling layers,
and three fully-connected layers with a final 1000-way softmax. To make train-
ing faster, we used non-saturating neurons and a very efficient GPU implemen-
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.

1 Introduction

Current approaches to object recognition make essential use of machine learning
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Computing similarity by using Euclidean distance between two 4096-dimensional, real-valued vec-
tors 1s inefficient, but it could be made efficient by training an auto-encoder to compress these vectors
to short binary codes. This should produce a much better image retrieval methad than applying auto-
encoders to the raw pixels [14], which does not make use of image labels and hence has a tendency
1o retrieve images with similar patterns of edges, whether or not they are semantically similar.

7 Discussion

Our results show that a large, deep convolutional neural network is capable of achieving record-
breaking results on a highly challenging dataset using purely supervised learning. It is notable
that our network’s performance degrades if a single convolutional layer is removed. For example,
removing any of the middle layers results in a loss of about 2% for the top-1 performance of the
network. So the depth really is important for achieving our results.

To simplify our experiments, we did not use any unsupervised pre-training even though we expect
that it will help, especially if we obtain enough computational power to significantly increase the
size of the network without obtaining a corresponding increase in the amount of labeled data. Thus
far, our results have improved as we have made our network larger and trained it longer but we stll
have many orders of magnitude to go in order to maich 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 is missing or far,
obvious in static images.
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Figure 4: (Left) Eight ILSVRC-2010 test images and the five labels considered most probable by of
The correct label is written under each image, and the probability assigned to the correct label is al
with a red bar (if it happens to be in the top 5). (Right) Five ILSVRC-2(10 test images in the first co
remaining columns show the six training images that produce feature vectors in the last hidden lay,
smallest Euclidean distance from the feature vector for the test image.
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6 Results

Our results on ILSVRC-2010 are summarized in Table 1. Our network achieves top-1 and top-5
test set error rates of 37.5% and 17.0%°, The best performance achieved during the ILSVRC-
2010 competition was 47.1% and 28.2% with an approach that averages the predictions produced
from six sparse-coding models trained on different features [2], and since then the best pub-
lished results are 45.7% and 25.7% with an approach that averages the predictions of two classi-
fiers trained on Fisher Vectors (FVs) computed from two types of densely-sampled features [24].

We also entered our model in the ILSVRC-2012 com- | Model Top-1 | Top-5
petition and report our results in Table 2. Since the | Sparse coding [2] | 47.1% | 28.2%
ILSVRC-2012 test set labels are not publicly available, | SIFT + FVs [24] | 45.7% | 25.7%
we cannot report test error rates for all the models that | CNN 37.5% | 17.0%

we (ried. In the remainder of this paragraph, we use

validation and test error rates interchangeably because
in our experience they do not differ by more than 0.1%
(see Table 2). The CNN described in this paper achieves

Table 1: Comparison of results on ILSVRC-
2010 test set. In fralics are best results
achieved by others.

a top-5 error rate of 18.2%. Averaging the predictions
of five similar CNNs gives an error rate of 16.4%. Training one CNN, with an extra sixth con-
volutional layer over the last pooling layer, to classify the entire ImageNet Fall 2011 relea:
(15M images, 22K categories). and then “fine-tuning™ it on ILSVRC-2012 gives an error rate
16.6%. Averaging the predictions of two CNNs that were pre-trained on the entire Fall 2011
lease with the aforementioned five CNNs gives an error rate of 15.3%. The second-best g
test entry achieved an error rate of 26.2% with an approach that averages the predictions of
eral classifiers trained on FVs computed from different types of densely-sampled features|

Finally, we also report our error

([ J rates on the Fall 2009 version of - ["Nodel [ Top-1 (val) | Ton-5 (val) | Ton-5 (tes
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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, ag
the number of neurons in the network’s remaining layers is given by 253,440~ 186.624-64,896-64,896-43 2§
4096-4096-1000.

neurons in a kernel map). The second convolutional layer takes as input the (response-nor
and pooled) output of the first convolutional layer and filters it with 256 kernels of size 5 x |

[ ] The third, fourth, and fifth convolutional layers are connected to one another without any inter,
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