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and 17.0% which is considerably better than the previous state-of-the-art. The
neural network, which has 60 million parameters and 630,000 neurons, consists
ol 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% achicved by the second-best entry.

1 Introduction

Current approaches to object recognition make essential use of machine learning methods. To im-
prove their performance, we can collect larger datasets, learn more powerful models, and use bet-
ter techniques for preventing overfitting. Until recently, datasets of labeled images were relatively
small — on the order of tens of thousands of images (e.g., NORB [16], Caltech-101/256 [8, 9], and
CIFAR-10/100 [12]). Simple recognition tasks can be solved quite well with datasets of this size,
especially if they are augmented with label-preserving transformations. For example, the current-
best error rate on the MNIST digit-recognition task (<0.3%) approaches human performance [4].
But objects in realistic settings exhibit considerable variability, so to learn to recognize them it §
necessary 1o use much larger training sets. And indeed, the shoricomings of small image datas
have been widely recognized (e.g., Pinto et al. [217), but it has only recently become possible to
lect labeled datasets with millions of images. The new larger datasets include LabelMe [23], y
consists of hundreds of thousands of fully-segmented images, and ImageNet [6], which con
over 15 million labeled high-resolution images in over 22,000 categories.

To learn about thousands of objects from millions of images, we need a model with a large I¢
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1 Introduction

Current approaches to object recognition make essential use of machine learning methods. To im-
prove their performance, we can collect larger datasets, learn more powerful models, and use bet-
ter techniques for preventing overfitting. Until recently, datasets of labeled images were relatively
small — on the order of tens of thousands of images (e.g., NORB [16], Caltech-101/256 [8, 9], and
CIFAR-10/100 [12]). Simple recognition tasks can be solved quite well with datasets of this size,
especially if they are angmented with label-preserving transformations. For example, the current-
best error rate on the MNIST digit-recognition task (<0.3%) approaches human performance [4].
But objects in realistic settings exhibit considerable variability, so to learn to recognize them it is
necessary 1o use much larger training sets. And indeed, the shortcomings of small image datasets
have been widely recognized (e.g., Pinto et al. [21]), but it has only recently become possible to col-
lect labeled datasets with millions of images. The new larger datasets include LabelMe [23], which
consists of hundreds of thousands of fully-segmented images, and ImageNet [6]. which consists of
over 15 million labeled high-resolution images in over 22,000 categories.

To learn about thousands of objects from millions of images, we need a model with a large learning
capacity. However, the immense complexity of the object recognition task means that this prob-
lem cannot be specified even by a dataset as large as ImageNet, so our model should also have loi
of prior knowledge to compensate for all the data we don’t have. Convolutional neural networ]
(CNNs) constitute one such class of models [16, 11, 13, 18, 15, 22, 26]. Their capacity can be cg
trolled by varying their depth and breadth, and they also make strong and mostly correct assumpiy
about the nature of images (namely, stationarity of statistics and locality of pixel dependenc
Thus, compared to standard feedforward neural networks with similarly-sized layers, CNNs
much fewer connections and parameters and so they are easier to train, while their theoretically-
performance is likely to be only slightly worse.
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ter techniques for preventing overfitting. Until recently, datasets of labeled images were relatively
small — on the order of tens of thousands of images (e.g., NORB [16], Caltech-101/256 [8, 9], and
CIFAR-10/100 [12]). Simple recognition tasks can be solved quite well with datasets of this size,
especially if they are augmented with label-preserving transformations. For example, the current-
best error rate on the MNIST digit-recognition task (<0.3%) approaches human performance [4].
But objects in realistic settings exhibit considerable variability, so to learn to recognize them it is
necessary to use much larger training sets. And indeed, the shortcomings of small image datasets
have been widely recognized (e.g., Pinto et al. [21]), but it has only recently become possible to col-
lect labeled datasets with millions of images. The new larger datasets include LabelMe [23], which
consists of hundreds of thousands of fully-segmented images, and ImageNet [6], which consists of
over 15 million labeled high-resolution images in over 22,000 categories.

To learn about thousands of objects from millions of images, we need a model with a large learning
capacity. However, the immense complexity of the object recognition task means that this prob-
lem cannot be specified even by a dataset as large 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.
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lect labeied dalasets with mllllom oflmages The new Inrgcr datassts 1nc1uéc LabelMe [23], which
consists of hundreds of thousands of fully-segmented images, and ImageNet [6], which consists of
over 15 million labeled high-resolution images in over 22,000 categories.

To learn about thousands of objects from millions of images, we need a model with a large learning
capacily. However, the immense complexity of the object recognition task means that this prob-
lem cannot be specified even by a dataset as large 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
(CNNgs) 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.
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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 powerful
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 overfitting.

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-2012
competitions [2] and achieved by far the best results ever reported on these datasets. We wrote a
highly-optimized GPU implementation of 2D convolution and all the other operations inherent in
training convolutional neural fetworks; which we make available publicly'. Our network contains
a number of new and unusual features which 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 several effective techniques 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 performance.

In the end, the network’s size is limited mainly by the amount of memory available on curre:
and by the amount of training time that we are willing to tolerate. Our network takes betw]
and six days to train on two GTX 580 3GB GPUs, All of our experiments suggest that ou|
can be improved simply by waiting for faster GPUs and bigger datasets to become available

2 The Dataset
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ILSVRC-2010 is the only version of ILSVRC for which the test set labels are available, so this is
the version on which we performed most of our experiments. Since we also entered our model in
the ILSVRC-2012 competition, in Section 6 we report our results on this version of the dataset as
well, for which test set labels are unavailable. On ImageNet, it is customary to report two error rates:
top-1 and top-5, where the top-5 error rate is the fraction of test images for which the correct label
is not among the five labels considered most probable by the model.

ImageNet consists of variable-resolution images, while our system requires a constant input dimen-
sionality. Therefore, we down-sampled the images to a fixed resolution of 256 x 256. Given a
rectangular image, we first rescaled the image such that the shorter side was of length 256, and then
cropped out the central 256 x 256 patch from the resulting image. We did not pre-process the images
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,

3 The Architecture

The architecture of our network is summarized in Figure 2. It contains eight learned layeg
five convolutional and three fully-connected. Below, we describe some of the novel or uj
features of our network’s architecture. Sections 3.1-3.4 are sorted according to our estima
their importance, with the most important first.
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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
etal. [11] claim that the nonlinearity f(z) = [tanh(xz)|
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 ReLUs. Faster learning has a great influence on the
performance of large models trained on large datasets.

3.2 Training on Multiple GPUs

A single GTX 580 GPU has only 3GB of memory, which limits the maximum size of t
thnt can be tlamcd on. it. It turn'; out that 1. 2 million trammg cxamplcs are cnough to Lr

Trainin

Epachs

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 thd
effect demonstrated here varies with network
architecture, but networks with ReLUs consis-
tently learn several times faster than equivalents
with saturating neurons,
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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 laye
at the bottom. The GPUs communicate only at certain layers. The network’s input is 150,528-dimensioj
the number of neurons in the network’s remaining layers is given by 253,440-186,624—64,896-64,89
409640961000,

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 lavers are connected to one another withont anv inte
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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.

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 kernels of the third
convolutional layer are connected to all kernel maps in the second layer. The ncurons 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.

The first convolutional layer filters the 224 > 224 x 3 inﬁut image with 96 kernels 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 co
and parameter files provided here: http:/fcode.google.com/p/cuda-convnet/.
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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

The easiest and most common method to reduce overfitting on image data is to artificially enlarge
the dataset using label-preserving transformations (e.g., [25, 4, 5]). We employ two distinet forms
of data augmentation, both of which allow transformed images to be produced from the original
images with very little computation, so the transformed images do not need to be stored on disk.
In our implementation, the transformed images are generated in Python code on the CPU while the
GPU is training on the previous batch of images. So these data augmentation schemes are, in effect,
computationally free.

The first form of data augmentation consists of generating image translations and horizontal reflec-
tions. We do this by extracting random 224 x 224 patches (and their horizontal reflections) from the
256 x 256 images and training our network on these extracted patches®. This increases the size of our

=training set by a factor of 2048, though the resulting training examples are, of course, highly ig
dependent. Without this scheme, our network suffers from substantial overfitting, which wou
forced us to use much smaller networks. At test time, the network makes a prediction by e
five 224 x 224 patches (the four corner patches and the center patch) as well as their hq
reflections (hence ten patches in all), and averaging the predictions made by the network’s
layer on the ten patches.

The second form of data augmentation consists of altering the intensities of the RGB cha
Y training images. Specifically, we perform PCA on the set of RGB pixel values througl
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values, respectively, and «; is the aforementioned random variable. Each «; is drawn only once
for all the pixels of a particular training image until that image is used for training again, at which
point it is re-drawn. This scheme approximately captures an important property of natural images,
namely, that object identity is invariant to changes in the intensity and color of the illumination. This
scheme reduces the top-1 error rate by over 1%.

4.2 Dropout

Combining the predictions of many different models is a very successful way to reduce test errors
[1, 3]. but it appears to be too expensive for big neural networks that already take several days
to train. There is, however, a very efficient version of model combination that only costs about a
factor of two during training. The recently-introduced technique, called “dropout” [10], consists,
of setting to zero the output of each hidden neuron with probability 0.5. The neurons which arg
“dropped out™ in this way do not contribute to the forward pass and do not participate in back!
propagation. So every time an input is presented, the neural network samples a different architecturefs=
but all these architectures share weights. This technique reduces complex co-adaptations of neurons,
since a neuron cannot rely on the presence of particular other neurons. It is, therefore, forced to
learn more robust features that are useful in conjunction with many different random subsets of the
other neurons. At test time, we use all the neurons but multiply their outputs by 0.5, whichds

reasonable approximation to taking the geometric mean of the predictive distributions prod
the exponentially-many dropout networks.

‘We use dropout in the first two fully-connected layers of Figure 2. Without dropout, our ne
hibits substantial overfitting. Dropout roughly doubles the number of iterations required to d
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‘We use dropout in the first two fully-connected layers of Figure 2. Without dropout, our network ex-
hibits substantial overfitting. Dropout roughly doubles the number of iterations required to converge.

5 Details of learning

We trained our models using stochastic gradient descent
with a batch size of 128 examples, momentum of 0.9, and
weight decay of 0.0005. We found that this small amount
of weight decay was important for the model to learn. In  Figure 3: 96 convolutional kernels of size
other words, weight decay here is not merely a regularizer: 111153 learned by the first convolutional
it reduces the model’s training error. The update rule for jayer on the 224 224 x 3 input images. The
weight w was 1op 48 kernels were learned on GPU 1 while
aL the bottom 48 kernels were learned on GPU
-

vigr = 0.9-v; —0.0005-€-w; —€- < 2. See Section 6.1 for details.

dw
Wipr = Wi + Vi
Aw

where ¢ is the iteration index, v is the momentum variable, ¢ is the learning rate, and <”’—’ \w_> is
if Dy

the average over the ith batch D; of the derivative of the objective with respect to w, evaluata
wy.

We initialized the weights in each layer from a zero-mean Gaussian distribution with st
viation 0.01. We initialized the neuron biases in the second, fourth, and fifth convoluti
as well as in the fully-connected hidden layers, with the constant 1. This initializatioy
the early stages of learning by providing the ReL.Us with positive inputs. We initializg
biases in the remaining layers with the constant 0.

[ J We used an equal learning rate for all lavers, which we adiusted manually throu
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the average over the ith baich 1); of the derivative of the objective with respect to w, evaluated at
w;.

where 7 is the iteration index, © is the momentum variable, € is the learning rate, and <ﬂ L > is
i/ D,

We initialized the weights in each layer from a zero-mean Gaussian distribution with standard de-
viation 0.01. 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 learning 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
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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
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reduced three times prior to termination. We trained the network for roughly 90 cycles through the
training set of 1.2 million images, which took five to six days on two NVIDIA GTX 580 3GB GPUs.

6 Results

Our results on ILSVRC-2010 are summarized in Table 1. Our network achieves top-1 and
test set error rates of 37.5% and 17.0%°. The best performance achieved during the ILg
2010 competition was 47.1% and 28.2% with an approach that averages the predictions pi
from six sparse-coding models trained on different features (2], and since then the
lished results are 45.7% and 25.7% with an approach that averages the predictions of t
fiers trained on Fisher Vectors (FVs) computed from two types of densely-sampled feg
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reduced three times prior (o ermination. We trained the network for roughly 90 cycles through the
training set of 1.2 million images, which took five to six days on two NVIDIA GTX 580 3GB GPUs.

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-I [ 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 1A75% | 170%
we tried. In the remainder of this paragraph, we use
validation and test error rates interchangeably because Table 1: Comparison of results on ILSVRC,
in our experience they do not differ by more than 0.1% 2010 test sel.  In italics are best g
(see Table 2). The CNN described in this paper achieves achieved by others.
a top-3 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
volutional layer over the last pooling layer. to classify the entire ImageNet Fall
(15M images, 22K categories). and then “fine-tuning”™ it on ILSVRC-2012 gives an
16.6%. Averaging the predictions of two CNNs that were pre-trained on the entire |
lease with the aforementioned five CNNs gives an error rate of 15.3%. The secg
test eniry achieved an error rate of 26.2% with an approach that averages the predi >~
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we tried. In the remainder of this paragraph, we use
validation and test error rates interchangeably because Table 1: Comparison of results on ILSVRC-
in our experience they do not differ by more than 0.1% 2010 test set. In iralics are best results
(see Table 2). The CNN described in this paper achieves  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 release
(15M images, 22K categories), and then “fine-tuning”™ it on ILSVRC-2012 gives an error rate of
16.6%. Averaging the predictions of two CNNs that were pre-trained on the entire Fall 2011 re-
lease with the aforementioned five CNNs gives an error rate of 15.3%. The second-best con-
test entry achieved an error rate of 26.2% with an approach that averages the predictions of sev-
eral classifiers trained on FVs computed from different types of densely-sampled features [7].

Finally, we also report our error

rates on the Full 2009 versiun.(:l' [ Model Top-1 (val) | Top-5 (val) | Top-5 (test) |
ImageNet with 10,184 categories SIFT + FVs [7] — = —
and 8.9 million images. On this '—I CNN : 07% 1826 -
dataset we follow the convention - |-—gyrs 1% 164% 16.4%

in the literature of using half of TONNF 39.0% 16.6%

the images for training and half 5 Syear 5, - q;

for testing, Since there is no es- FCNNS 6.7% 15 LK

tablished test set, our split neces-
sarily differs from the splits used
by previous authors, but this does
not affect the results appreciably.
Our top-1 and top-5 error rates
on this dataset are 67.4% and
40.9%, attained by the net described above but with an additional, sixth convolutional layer oy
last pooling layer. The best published results on this dataset are 78.1% and 60.9% [19].
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Table 2: Comparison of error rates on ILSVRC-2012 validation an
test sets. In italics are best results achieved by others. Models with a
asterisk® were “pre-trained” to classify the entire ImageNet 2011
release. See Section 6 for details,
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for testing. Since there is no es- [/ =¥NST [ ot | ASEE [ MO ]
tablished test set, our split neces-
sarily differs from the splits used
by previous authors, but this does
not affect the results appreciably.
QOur top-1 and top-5 error rates
on this dataset are 67.4% and
40.9%, attained by the net described above but with an additional, sixth convolutional layer over the
last pooling layer. The best published results on this dataset are 78.1% and 60.9% [19].

Table 2: Comparison of error rates on ILSVRC-2012 validation and
test sets. In italics are best results achieved by others. Models with an
asterisk* were “pre-trained” to classify the entire ImageNer 2011 Fall
release. See Section 6 for details.

6.1 Qualitative Evaluations

Figure 3 shows the convolutional kernels learned by the network’s two data-connected layers, The
network has learned a variety of frequency- and orientation-selective kernels, as well as various col-
ored blobs. Notice the specialization exhibited by the two GPUs, a result of the restricted connec-
tivity described in Section 3.5. The kernels on GPU 1 are largely color-agnostic, while the kernels
on on GPU 2 are largely color-specific. This kind of specialization occurs during every run and is
independent of any particular random weight initialization (modulo a renumbering of the GPUs).

*The error rates without averaging predictions over ten patches as described in Section 4.1 are 39.0% an
18.3%.
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test sets. In italics are best results achieved by others. Models with an
asterisk® were “pre-trained” to classify the entire ImageNet 2011 Fall
release. See Section 6 for details.

by previous authors, but this does
not affect the results appreciably.
Qur top-1 and top-5 error rates
on this datasel are 67.4% and
40.9%, attained by the net described above but with an additional, sixth convolutional layer over the
last pooling layer. The best published results on this dataset are 78.1% and 60.9% [19].

6.1 Qualitative Evaluations

Figure 3 shows the convolutional kernels learned by the network’s two data-connected layers, The
neiwork has learned a variety of frequency- and orientation-selective kernels, as well as various col-
ored blobs. Notice the specialization exhibited by the two GPUs, a result of the restricted connec-
tivity described in Section 3.5. The kernels on GPU 1 are largely color-agnostic, while the kernels
on on GPU 2 are largely color-specific. This kind of specialization occurs during every run and is
independent of any particular random weight initialization (modulo a renumbering of the GPUs).

*The error rates without averaging predictions over ten patches as described in Section 4.1 are 39.0% and
18.3%.

3MEBE: 7EILSVRC-2012%3B £ BB top-14LiRK67.4%, top-5EEIRE7R40.9%
BUERRA: EINEANEREEHER (KRiZPEKEE)

LR YR REATFLERH78.1% (top-1) #60.9% (top-5)
FEFOEIRR]: NEEEBRURE B EGR P OE (kLA R)
) FZWZAELE 7 B R 7% 51:48

N

Almhint, pef -

O LA DB E S & . =

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 (il it happens 1o 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 gualitatively 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.

Another way to probe the network’s visual knowledge is to consider the feature activations induced
by an image at the last, 4096-dimensional hidden layer. If two images produce feature activation
vectors with a small Euclidean separation, we can say that the higher levels of the neural network
consider them to be similar. Figure 4 shows five images from the test set and the six images from
the training set that are most similar to each of them according to this measure. Notice that at the
pixel level, the retrieved training images are generally not close in L.2 to the query images in the first
column. For example, the retrieved dogs and elephants appear in a variety of poses. We present the
results for many more test images in the supplementary material.

Computing similarity by using Euclidean distance between two 4096-dimensional, real-valug
tors is inefficient, but it could be made efficient by training an auto-encoder to compress these
to short binary codes. This should produce a much better image retrieval method than applyij
encoders to the raw pixels [14], which does not make use of image labels and hence has a,
to retrieve images with similar patterns of edges, whether or not they are semantically sing
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