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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.

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 L2 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-valued vec-
tors is 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 method than applying auto-
encoders to the raw pixels [14], which does not make use of image labels and hence has a tendency
to 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 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 is missing or far less
obvious in static images.
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[Figure from Krizhevsky, Sutskever and Hinton 2012 – Predictions on ImageNet with CNNs]
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Figure 6: Selected examples of object detection results on the MS COCO test-dev set using the Faster R-CNN
system. The model is VGG-16 and the training data is COCO trainval (42.7% mAP@0.5 on the test-dev set).
Each output box is associated with a category label and a softmax score in [0, 1]. A score threshold of 0.6 is
used to display these images. For each image, one color represents one object category in that image.
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bicubic SRResNet SRGAN original
(21.59dB/0.6423) (23.53dB/0.7832) (21.15dB/0.6868)

Figure 2: From left to right: bicubic interpolation, deep residual network optimized for MSE, deep residual generative
adversarial network optimized for a loss more sensitive to human perception, original HR image. Corresponding PSNR and
SSIM are shown in brackets. [4× upscaling]

perceptual difference between the super-resolved and orig-
inal image means that the recovered image is not photo-
realistic as defined by Ferwerda [15].

In this work we propose a super-resolution generative
adversarial network (SRGAN) for which we employ a
deep residual network (ResNet) with skip-connection and
diverge from MSE as the sole optimization target. Different
from previous works, we define a novel perceptual loss us-
ing high-level feature maps of the VGG network [48, 32, 4]
combined with a discriminator that encourages solutions
perceptually hard to distinguish from the HR reference
images. An example photo-realistic image that was super-
resolved with a 4× upscaling factor is shown in Figure 1.

1.1. Related work

1.1.1 Image super-resolution

Recent overview articles on image SR include Nasrollahi
and Moeslund [42] or Yang et al. [60]. Here we will focus
on single image super-resolution (SISR) and will not further
discuss approaches that recover HR images from multiple
images [3, 14].

Prediction-based methods were among the first methods
to tackle SISR. While these filtering approaches, e.g. linear,
bicubic or Lanczos [13] filtering, can be very fast, they
oversimplify the SISR problem and usually yield solutions
with overly smooth textures. Methods that put particularly
focus on edge-preservation have been proposed [1, 38].

More powerful approaches aim to establish a complex
mapping between low- and high-resolution image informa-
tion and usually rely on training data. Many methods that
are based on example-pairs rely on LR training patches for

which the corresponding HR counterparts are known. Early
work was presented by Freeman et al. [17, 16]. Related ap-
proaches to the SR problem originate in compressed sensing
[61, 11, 68]. In Glasner et al. [20] the authors exploit patch
redundancies across scales within the image to drive the SR.
This paradigm of self-similarity is also employed in Huang
et al. [30], where self dictionaries are extended by further
allowing for small transformations and shape variations. Gu
et al. [24] proposed a convolutional sparse coding approach
that improves consistency by processing the whole image
rather than overlapping patches.

To reconstruct realistic texture detail while avoiding
edge artifacts, Tai et al. [51] combine an edge-directed SR
algorithm based on a gradient profile prior [49] with the
benefits of learning-based detail synthesis. Zhang et al. [69]
propose a multi-scale dictionary to capture redundancies of
similar image patches at different scales. To super-resolve
landmark images, Yue et al. [66] retrieve correlating HR
images with similar content from the web and propose a
structure-aware matching criterion for alignment.

Neighborhood embedding approaches upsample a LR
image patch by finding similar LR training patches in a low
dimensional manifold and combining their corresponding
HR patches for reconstruction [53, 54]. In Kim and Kwon
[34] the authors emphasize the tendency of neighborhood
approaches to overfit and formulate a more general map of
example pairs using kernel ridge regression. The regression
problem can also be solved with Gaussian process regres-
sion [26], trees [45] or Random Forests [46]. In Dai et al.
[5] a multitude of patch-specific regressors is learned and
the most appropriate regressors selected during testing.

Recently convolutional neural network (CNN) based SR
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Figure 2: From left to right: bicubic interpolation, deep residual network optimized for MSE, deep residual generative
adversarial network optimized for a loss more sensitive to human perception, original HR image. Corresponding PSNR and
SSIM are shown in brackets. [4× upscaling]

perceptual difference between the super-resolved and orig-
inal image means that the recovered image is not photo-
realistic as defined by Ferwerda [15].

In this work we propose a super-resolution generative
adversarial network (SRGAN) for which we employ a
deep residual network (ResNet) with skip-connection and
diverge from MSE as the sole optimization target. Different
from previous works, we define a novel perceptual loss us-
ing high-level feature maps of the VGG network [48, 32, 4]
combined with a discriminator that encourages solutions
perceptually hard to distinguish from the HR reference
images. An example photo-realistic image that was super-
resolved with a 4× upscaling factor is shown in Figure 1.

1.1. Related work

1.1.1 Image super-resolution

Recent overview articles on image SR include Nasrollahi
and Moeslund [42] or Yang et al. [60]. Here we will focus
on single image super-resolution (SISR) and will not further
discuss approaches that recover HR images from multiple
images [3, 14].

Prediction-based methods were among the first methods
to tackle SISR. While these filtering approaches, e.g. linear,
bicubic or Lanczos [13] filtering, can be very fast, they
oversimplify the SISR problem and usually yield solutions
with overly smooth textures. Methods that put particularly
focus on edge-preservation have been proposed [1, 38].

More powerful approaches aim to establish a complex
mapping between low- and high-resolution image informa-
tion and usually rely on training data. Many methods that
are based on example-pairs rely on LR training patches for

which the corresponding HR counterparts are known. Early
work was presented by Freeman et al. [17, 16]. Related ap-
proaches to the SR problem originate in compressed sensing
[61, 11, 68]. In Glasner et al. [20] the authors exploit patch
redundancies across scales within the image to drive the SR.
This paradigm of self-similarity is also employed in Huang
et al. [30], where self dictionaries are extended by further
allowing for small transformations and shape variations. Gu
et al. [24] proposed a convolutional sparse coding approach
that improves consistency by processing the whole image
rather than overlapping patches.

To reconstruct realistic texture detail while avoiding
edge artifacts, Tai et al. [51] combine an edge-directed SR
algorithm based on a gradient profile prior [49] with the
benefits of learning-based detail synthesis. Zhang et al. [69]
propose a multi-scale dictionary to capture redundancies of
similar image patches at different scales. To super-resolve
landmark images, Yue et al. [66] retrieve correlating HR
images with similar content from the web and propose a
structure-aware matching criterion for alignment.

Neighborhood embedding approaches upsample a LR
image patch by finding similar LR training patches in a low
dimensional manifold and combining their corresponding
HR patches for reconstruction [53, 54]. In Kim and Kwon
[34] the authors emphasize the tendency of neighborhood
approaches to overfit and formulate a more general map of
example pairs using kernel ridge regression. The regression
problem can also be solved with Gaussian process regres-
sion [26], trees [45] or Random Forests [46]. In Dai et al.
[5] a multitude of patch-specific regressors is learned and
the most appropriate regressors selected during testing.

Recently convolutional neural network (CNN) based SR
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[Figure from Ledig et al. 2017]
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Function view

h0 = x, hL = f(x; ✓)
<latexit sha1_base64="e2vwxvnEKHv3a4VE5HXRp+5tio8=">AAACF3icbZDLSsNAFIYnXmu9VV26GSxCBSmJCAoqFNy4cFHBXqAJYTKdNEMnF2ZOxBL6Fm58FTcuFHGrO9/GaRtQW38Y+PnOOcw5v5cIrsA0v4y5+YXFpeXCSnF1bX1js7S13VRxKilr0FjEsu0RxQSPWAM4CNZOJCOhJ1jL61+O6q07JhWPo1sYJMwJSS/iPqcENHJL1cA18QW2QwKB52f3w0MbB+61Rn7lB55hGwIG5MAtlc2qORaeNVZuyihX3S192t2YpiGLgAqiVMcyE3AyIoFTwYZFO1UsIbRPeqyjbURCppxsfNcQ72vSxX4s9YsAj+nviYyESg1CT3eOVlXTtRH8r9ZJwT91Mh4lKbCITj7yU4EhxqOQcJdLRkEMtCFUcr0rpgGRhIKOsqhDsKZPnjXNo6ql/c1xuXaex1FAu2gPVZCFTlANXaE6aiCKHtATekGvxqPxbLwZ75PWOSOf2UF/ZHx8A0c5nh0=</latexit><latexit sha1_base64="e2vwxvnEKHv3a4VE5HXRp+5tio8=">AAACF3icbZDLSsNAFIYnXmu9VV26GSxCBSmJCAoqFNy4cFHBXqAJYTKdNEMnF2ZOxBL6Fm58FTcuFHGrO9/GaRtQW38Y+PnOOcw5v5cIrsA0v4y5+YXFpeXCSnF1bX1js7S13VRxKilr0FjEsu0RxQSPWAM4CNZOJCOhJ1jL61+O6q07JhWPo1sYJMwJSS/iPqcENHJL1cA18QW2QwKB52f3w0MbB+61Rn7lB55hGwIG5MAtlc2qORaeNVZuyihX3S192t2YpiGLgAqiVMcyE3AyIoFTwYZFO1UsIbRPeqyjbURCppxsfNcQ72vSxX4s9YsAj+nviYyESg1CT3eOVlXTtRH8r9ZJwT91Mh4lKbCITj7yU4EhxqOQcJdLRkEMtCFUcr0rpgGRhIKOsqhDsKZPnjXNo6ql/c1xuXaex1FAu2gPVZCFTlANXaE6aiCKHtATekGvxqPxbLwZ75PWOSOf2UF/ZHx8A0c5nh0=</latexit><latexit sha1_base64="e2vwxvnEKHv3a4VE5HXRp+5tio8=">AAACF3icbZDLSsNAFIYnXmu9VV26GSxCBSmJCAoqFNy4cFHBXqAJYTKdNEMnF2ZOxBL6Fm58FTcuFHGrO9/GaRtQW38Y+PnOOcw5v5cIrsA0v4y5+YXFpeXCSnF1bX1js7S13VRxKilr0FjEsu0RxQSPWAM4CNZOJCOhJ1jL61+O6q07JhWPo1sYJMwJSS/iPqcENHJL1cA18QW2QwKB52f3w0MbB+61Rn7lB55hGwIG5MAtlc2qORaeNVZuyihX3S192t2YpiGLgAqiVMcyE3AyIoFTwYZFO1UsIbRPeqyjbURCppxsfNcQ72vSxX4s9YsAj+nviYyESg1CT3eOVlXTtRH8r9ZJwT91Mh4lKbCITj7yU4EhxqOQcJdLRkEMtCFUcr0rpgGRhIKOsqhDsKZPnjXNo6ql/c1xuXaex1FAu2gPVZCFTlANXaE6aiCKHtATekGvxqPxbLwZ75PWOSOf2UF/ZHx8A0c5nh0=</latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="rPUrBCxkokeuFJT6FhmI1vOB9jI=">AAACDHicbZBLSwMxFIXv1FetVatbN0ERKkiZcaMgguDGhYsK9gGdMmTSTCc08yC5I5ah/8KNf8WNC0Vcu/PfmD5AbT0Q+DgnIfceP5VCo21/WYWl5ZXVteJ6aaO8ubVd2Sk3dZIpxhsskYlq+1RzKWLeQIGSt1PFaeRL3vIHV+O8dc+VFkl8h8OUdyPaj0UgGEVjeZVa6NnkgrgRxdAP8ofRsUtC78ZYQfXHPCcuhhzpkVc5sGv2RGQRnBkcwEx1r/Lp9hKWRTxGJqnWHcdOsZtThYJJPiq5meYpZQPa5x2DMY247uaTvUbk0Dg9EiTKnBjJxP39IqeR1sPINzfHo+r5bGz+l3UyDM66uYjTDHnMph8FmSSYkHFJpCcUZyiHBihTwsxKWEgVZWiqLJkSnPmVF6F5UnMM39pQhD3Yhyo4cAqXcA11aACDR3iGV3iznqwX631aV8Ga9bYLf2R9fAOAF5yh</latexit><latexit sha1_base64="rPUrBCxkokeuFJT6FhmI1vOB9jI=">AAACDHicbZBLSwMxFIXv1FetVatbN0ERKkiZcaMgguDGhYsK9gGdMmTSTCc08yC5I5ah/8KNf8WNC0Vcu/PfmD5AbT0Q+DgnIfceP5VCo21/WYWl5ZXVteJ6aaO8ubVd2Sk3dZIpxhsskYlq+1RzKWLeQIGSt1PFaeRL3vIHV+O8dc+VFkl8h8OUdyPaj0UgGEVjeZVa6NnkgrgRxdAP8ofRsUtC78ZYQfXHPCcuhhzpkVc5sGv2RGQRnBkcwEx1r/Lp9hKWRTxGJqnWHcdOsZtThYJJPiq5meYpZQPa5x2DMY247uaTvUbk0Dg9EiTKnBjJxP39IqeR1sPINzfHo+r5bGz+l3UyDM66uYjTDHnMph8FmSSYkHFJpCcUZyiHBihTwsxKWEgVZWiqLJkSnPmVF6F5UnMM39pQhD3Yhyo4cAqXcA11aACDR3iGV3iznqwX631aV8Ga9bYLf2R9fAOAF5yh</latexit><latexit sha1_base64="SdE4fRuFSZKuTC5zi6CPiiUbilk=">AAACF3icbZDLSsNAFIYn9VbrrerSzWARKkhJ3CioUHDjwkUFe4EmhMl00gydXJg5EUvoW7jxVdy4UMSt7nwbJ21Bbf1h4Oc75zDn/F4iuALT/DIKC4tLyyvF1dLa+sbmVnl7p6XiVFLWpLGIZccjigkesSZwEKyTSEZCT7C2N7jM6+07JhWPo1sYJswJST/iPqcENHLLtcA18QW2QwKB52f3oyMbB+61Rn71B55hGwIG5NAtV8yaORaeN9bUVNBUDbf8afdimoYsAiqIUl3LTMDJiAROBRuV7FSxhNAB6bOuthEJmXKy8V0jfKBJD/ux1C8CPKa/JzISKjUMPd2Zr6pmazn8r9ZNwT91Mh4lKbCITj7yU4EhxnlIuMcloyCG2hAqud4V04BIQkFHWdIhWLMnz5vWcc3S/sas1M+ncRTRHtpHVWShE1RHV6iBmoiiB/SEXtCr8Wg8G2/G+6S1YExndtEfGR/fRfmeGQ==</latexit><latexit sha1_base64="e2vwxvnEKHv3a4VE5HXRp+5tio8=">AAACF3icbZDLSsNAFIYnXmu9VV26GSxCBSmJCAoqFNy4cFHBXqAJYTKdNEMnF2ZOxBL6Fm58FTcuFHGrO9/GaRtQW38Y+PnOOcw5v5cIrsA0v4y5+YXFpeXCSnF1bX1js7S13VRxKilr0FjEsu0RxQSPWAM4CNZOJCOhJ1jL61+O6q07JhWPo1sYJMwJSS/iPqcENHJL1cA18QW2QwKB52f3w0MbB+61Rn7lB55hGwIG5MAtlc2qORaeNVZuyihX3S192t2YpiGLgAqiVMcyE3AyIoFTwYZFO1UsIbRPeqyjbURCppxsfNcQ72vSxX4s9YsAj+nviYyESg1CT3eOVlXTtRH8r9ZJwT91Mh4lKbCITj7yU4EhxqOQcJdLRkEMtCFUcr0rpgGRhIKOsqhDsKZPnjXNo6ql/c1xuXaex1FAu2gPVZCFTlANXaE6aiCKHtATekGvxqPxbLwZ75PWOSOf2UF/ZHx8A0c5nh0=</latexit><latexit sha1_base64="e2vwxvnEKHv3a4VE5HXRp+5tio8=">AAACF3icbZDLSsNAFIYnXmu9VV26GSxCBSmJCAoqFNy4cFHBXqAJYTKdNEMnF2ZOxBL6Fm58FTcuFHGrO9/GaRtQW38Y+PnOOcw5v5cIrsA0v4y5+YXFpeXCSnF1bX1js7S13VRxKilr0FjEsu0RxQSPWAM4CNZOJCOhJ1jL61+O6q07JhWPo1sYJMwJSS/iPqcENHJL1cA18QW2QwKB52f3w0MbB+61Rn7lB55hGwIG5MAtlc2qORaeNVZuyihX3S192t2YpiGLgAqiVMcyE3AyIoFTwYZFO1UsIbRPeqyjbURCppxsfNcQ72vSxX4s9YsAj+nviYyESg1CT3eOVlXTtRH8r9ZJwT91Mh4lKbCITj7yU4EhxqOQcJdLRkEMtCFUcr0rpgGRhIKOsqhDsKZPnjXNo6ql/c1xuXaex1FAu2gPVZCFTlANXaE6aiCKHtATekGvxqPxbLwZ75PWOSOf2UF/ZHx8A0c5nh0=</latexit><latexit sha1_base64="e2vwxvnEKHv3a4VE5HXRp+5tio8=">AAACF3icbZDLSsNAFIYnXmu9VV26GSxCBSmJCAoqFNy4cFHBXqAJYTKdNEMnF2ZOxBL6Fm58FTcuFHGrO9/GaRtQW38Y+PnOOcw5v5cIrsA0v4y5+YXFpeXCSnF1bX1js7S13VRxKilr0FjEsu0RxQSPWAM4CNZOJCOhJ1jL61+O6q07JhWPo1sYJMwJSS/iPqcENHJL1cA18QW2QwKB52f3w0MbB+61Rn7lB55hGwIG5MAtlc2qORaeNVZuyihX3S192t2YpiGLgAqiVMcyE3AyIoFTwYZFO1UsIbRPeqyjbURCppxsfNcQ72vSxX4s9YsAj+nviYyESg1CT3eOVlXTtRH8r9ZJwT91Mh4lKbCITj7yU4EhxqOQcJdLRkEMtCFUcr0rpgGRhIKOsqhDsKZPnjXNo6ql/c1xuXaex1FAu2gPVZCFTlANXaE6aiCKHtATekGvxqPxbLwZ75PWOSOf2UF/ZHx8A0c5nh0=</latexit><latexit sha1_base64="e2vwxvnEKHv3a4VE5HXRp+5tio8=">AAACF3icbZDLSsNAFIYnXmu9VV26GSxCBSmJCAoqFNy4cFHBXqAJYTKdNEMnF2ZOxBL6Fm58FTcuFHGrO9/GaRtQW38Y+PnOOcw5v5cIrsA0v4y5+YXFpeXCSnF1bX1js7S13VRxKilr0FjEsu0RxQSPWAM4CNZOJCOhJ1jL61+O6q07JhWPo1sYJMwJSS/iPqcENHJL1cA18QW2QwKB52f3w0MbB+61Rn7lB55hGwIG5MAtlc2qORaeNVZuyihX3S192t2YpiGLgAqiVMcyE3AyIoFTwYZFO1UsIbRPeqyjbURCppxsfNcQ72vSxX4s9YsAj+nviYyESg1CT3eOVlXTtRH8r9ZJwT91Mh4lKbCITj7yU4EhxqOQcJdLRkEMtCFUcr0rpgGRhIKOsqhDsKZPnjXNo6ql/c1xuXaex1FAu2gPVZCFTlANXaE6aiCKHtATekGvxqPxbLwZ75PWOSOf2UF/ZHx8A0c5nh0=</latexit><latexit sha1_base64="e2vwxvnEKHv3a4VE5HXRp+5tio8=">AAACF3icbZDLSsNAFIYnXmu9VV26GSxCBSmJCAoqFNy4cFHBXqAJYTKdNEMnF2ZOxBL6Fm58FTcuFHGrO9/GaRtQW38Y+PnOOcw5v5cIrsA0v4y5+YXFpeXCSnF1bX1js7S13VRxKilr0FjEsu0RxQSPWAM4CNZOJCOhJ1jL61+O6q07JhWPo1sYJMwJSS/iPqcENHJL1cA18QW2QwKB52f3w0MbB+61Rn7lB55hGwIG5MAtlc2qORaeNVZuyihX3S192t2YpiGLgAqiVMcyE3AyIoFTwYZFO1UsIbRPeqyjbURCppxsfNcQ72vSxX4s9YsAj+nviYyESg1CT3eOVlXTtRH8r9ZJwT91Mh4lKbCITj7yU4EhxqOQcJdLRkEMtCFUcr0rpgGRhIKOsqhDsKZPnjXNo6ql/c1xuXaex1FAu2gPVZCFTlANXaE6aiCKHtATekGvxqPxbLwZ75PWOSOf2UF/ZHx8A0c5nh0=</latexit><latexit sha1_base64="e2vwxvnEKHv3a4VE5HXRp+5tio8=">AAACF3icbZDLSsNAFIYnXmu9VV26GSxCBSmJCAoqFNy4cFHBXqAJYTKdNEMnF2ZOxBL6Fm58FTcuFHGrO9/GaRtQW38Y+PnOOcw5v5cIrsA0v4y5+YXFpeXCSnF1bX1js7S13VRxKilr0FjEsu0RxQSPWAM4CNZOJCOhJ1jL61+O6q07JhWPo1sYJMwJSS/iPqcENHJL1cA18QW2QwKB52f3w0MbB+61Rn7lB55hGwIG5MAtlc2qORaeNVZuyihX3S192t2YpiGLgAqiVMcyE3AyIoFTwYZFO1UsIbRPeqyjbURCppxsfNcQ72vSxX4s9YsAj+nviYyESg1CT3eOVlXTtRH8r9ZJwT91Mh4lKbCITj7yU4EhxqOQcJdLRkEMtCFUcr0rpgGRhIKOsqhDsKZPnjXNo6ql/c1xuXaex1FAu2gPVZCFTlANXaE6aiCKHtATekGvxqPxbLwZ75PWOSOf2UF/ZHx8A0c5nh0=</latexit>

fl(hl�1; ✓l) = �(Wlhl�1 + bl)
<latexit sha1_base64="r2XV5sFG++3bp142OgPx5iUS4nY=">AAACI3icbVDLSsNAFJ3UV62vqks3g0WoiCURQfEBBTcuK9gHNCFMppN26OTBzI1QQv/Fjb/ixoVS3LjwX5y0WWjrgYHDOecy9x4vFlyBaX4ZhaXlldW14nppY3Nre6e8u9dSUSIpa9JIRLLjEcUED1kTOAjWiSUjgSdY2xveZX77iUnFo/ARRjFzAtIPuc8pAS255SvfFdWBm4pTa3xtw4ABccUxvsW24v2AVO2AwMDz0/bYFTjP4RPs6ZBbrpg1cwq8SKycVFCOhlue2L2IJgELgQqiVNcyY3BSIoFTwcYlO1EsJnRI+qyraUgCppx0euMYH2mlh/1I6hcCnqq/J1ISKDUKPJ3MVlbzXib+53UT8C+dlIdxAiyks4/8RGCIcFYY7nHJKIiRJoRKrnfFdEAkoaBrLekSrPmTF0nrrGZp/nBeqd/kdRTRATpEVWShC1RH96iBmoiiZ/SK3tGH8WK8GRPjcxYtGPnMPvoD4/sHX+ei0A==</latexit><latexit sha1_base64="r2XV5sFG++3bp142OgPx5iUS4nY=">AAACI3icbVDLSsNAFJ3UV62vqks3g0WoiCURQfEBBTcuK9gHNCFMppN26OTBzI1QQv/Fjb/ixoVS3LjwX5y0WWjrgYHDOecy9x4vFlyBaX4ZhaXlldW14nppY3Nre6e8u9dSUSIpa9JIRLLjEcUED1kTOAjWiSUjgSdY2xveZX77iUnFo/ARRjFzAtIPuc8pAS255SvfFdWBm4pTa3xtw4ABccUxvsW24v2AVO2AwMDz0/bYFTjP4RPs6ZBbrpg1cwq8SKycVFCOhlue2L2IJgELgQqiVNcyY3BSIoFTwcYlO1EsJnRI+qyraUgCppx0euMYH2mlh/1I6hcCnqq/J1ISKDUKPJ3MVlbzXib+53UT8C+dlIdxAiyks4/8RGCIcFYY7nHJKIiRJoRKrnfFdEAkoaBrLekSrPmTF0nrrGZp/nBeqd/kdRTRATpEVWShC1RH96iBmoiiZ/SK3tGH8WK8GRPjcxYtGPnMPvoD4/sHX+ei0A==</latexit><latexit sha1_base64="r2XV5sFG++3bp142OgPx5iUS4nY=">AAACI3icbVDLSsNAFJ3UV62vqks3g0WoiCURQfEBBTcuK9gHNCFMppN26OTBzI1QQv/Fjb/ixoVS3LjwX5y0WWjrgYHDOecy9x4vFlyBaX4ZhaXlldW14nppY3Nre6e8u9dSUSIpa9JIRLLjEcUED1kTOAjWiSUjgSdY2xveZX77iUnFo/ARRjFzAtIPuc8pAS255SvfFdWBm4pTa3xtw4ABccUxvsW24v2AVO2AwMDz0/bYFTjP4RPs6ZBbrpg1cwq8SKycVFCOhlue2L2IJgELgQqiVNcyY3BSIoFTwcYlO1EsJnRI+qyraUgCppx0euMYH2mlh/1I6hcCnqq/J1ISKDUKPJ3MVlbzXib+53UT8C+dlIdxAiyks4/8RGCIcFYY7nHJKIiRJoRKrnfFdEAkoaBrLekSrPmTF0nrrGZp/nBeqd/kdRTRATpEVWShC1RH96iBmoiiZ/SK3tGH8WK8GRPjcxYtGPnMPvoD4/sHX+ei0A==</latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="HWLAysRlCMe0CiuSGCcPjEzuIT0=">AAACGHicbVDLSgNBEOyNrxijrl69DAYhIoZdL4oiCF48RjAPyIZldjKbDJl9MNMrhCX/4sVf8eJBCV78GyePgyYWDBRVNXR3BakUGh3n2yqsrW9sbhW3Szvl3b19+6Dc1EmmGG+wRCaqHVDNpYh5AwVK3k4Vp1EgeSsY3k/91jNXWiTxE45S3o1oPxahYBSN5NvXoS+rAz+X5+74xsMBR+rLU3JLPC36Ea16EcVBEOatsS/JIkfOSGBCvl1xas4MZJW4C1KBBeq+PfF6CcsiHiOTVOuO66TYzalCwSQfl7xM85SyIe3zjqExjbju5rMbx+TEKD0SJsq8GMlM/f0jp5HWoygwyenKetmbiv95nQzDq24u4jRDHrP5oDCTBBMyLYz0hOIM5cgQypQwuxI2oIoyNLWWTAnu8smrpHlRcw1/dKAIR3AMVXDhEu7gAerQAAYv8AYf8Gm9Wu/WZF5XwVr0dgh/YH39AGc8oUg=</latexit><latexit sha1_base64="HWLAysRlCMe0CiuSGCcPjEzuIT0=">AAACGHicbVDLSgNBEOyNrxijrl69DAYhIoZdL4oiCF48RjAPyIZldjKbDJl9MNMrhCX/4sVf8eJBCV78GyePgyYWDBRVNXR3BakUGh3n2yqsrW9sbhW3Szvl3b19+6Dc1EmmGG+wRCaqHVDNpYh5AwVK3k4Vp1EgeSsY3k/91jNXWiTxE45S3o1oPxahYBSN5NvXoS+rAz+X5+74xsMBR+rLU3JLPC36Ea16EcVBEOatsS/JIkfOSGBCvl1xas4MZJW4C1KBBeq+PfF6CcsiHiOTVOuO66TYzalCwSQfl7xM85SyIe3zjqExjbju5rMbx+TEKD0SJsq8GMlM/f0jp5HWoygwyenKetmbiv95nQzDq24u4jRDHrP5oDCTBBMyLYz0hOIM5cgQypQwuxI2oIoyNLWWTAnu8smrpHlRcw1/dKAIR3AMVXDhEu7gAerQAAYv8AYf8Gm9Wu/WZF5XwVr0dgh/YH39AGc8oUg=</latexit><latexit sha1_base64="PtpUbLnKoBSIMX4nJeCmxPT+Wj8=">AAACI3icbVDLSsNAFJ34rPVVdelmsAgVsSRuFB9QcOOygn1AE8JkOmmGTh7M3Agl9F/c+CtuXCjFjQv/xUmbhbYeGDiccy5z7/ESwRWY5pextLyyurZe2ihvbm3v7Fb29tsqTiVlLRqLWHY9opjgEWsBB8G6iWQk9ATreMO73O88Mal4HD3CKGFOSAYR9zkloCW3cuW7oha4mTizxtc2BAyIK07wLbYVH4SkZocEAs/POmNX4CKHT7GnQ26latbNKfAisQpSRQWabmVi92OahiwCKohSPctMwMmIBE4FG5ftVLGE0CEZsJ6mEQmZcrLpjWN8rJU+9mOpXwR4qv6eyEio1Cj0dDJfWc17ufif10vBv3QyHiUpsIjOPvJTgSHGeWG4zyWjIEaaECq53hXTgEhCQdda1iVY8ycvkvZ53dL8waw2boo6SugQHaEastAFaqB71EQtRNEzekXv6MN4Md6MifE5iy4ZxcwB+gPj+wdep6LM</latexit><latexit sha1_base64="r2XV5sFG++3bp142OgPx5iUS4nY=">AAACI3icbVDLSsNAFJ3UV62vqks3g0WoiCURQfEBBTcuK9gHNCFMppN26OTBzI1QQv/Fjb/ixoVS3LjwX5y0WWjrgYHDOecy9x4vFlyBaX4ZhaXlldW14nppY3Nre6e8u9dSUSIpa9JIRLLjEcUED1kTOAjWiSUjgSdY2xveZX77iUnFo/ARRjFzAtIPuc8pAS255SvfFdWBm4pTa3xtw4ABccUxvsW24v2AVO2AwMDz0/bYFTjP4RPs6ZBbrpg1cwq8SKycVFCOhlue2L2IJgELgQqiVNcyY3BSIoFTwcYlO1EsJnRI+qyraUgCppx0euMYH2mlh/1I6hcCnqq/J1ISKDUKPJ3MVlbzXib+53UT8C+dlIdxAiyks4/8RGCIcFYY7nHJKIiRJoRKrnfFdEAkoaBrLekSrPmTF0nrrGZp/nBeqd/kdRTRATpEVWShC1RH96iBmoiiZ/SK3tGH8WK8GRPjcxYtGPnMPvoD4/sHX+ei0A==</latexit><latexit sha1_base64="r2XV5sFG++3bp142OgPx5iUS4nY=">AAACI3icbVDLSsNAFJ3UV62vqks3g0WoiCURQfEBBTcuK9gHNCFMppN26OTBzI1QQv/Fjb/ixoVS3LjwX5y0WWjrgYHDOecy9x4vFlyBaX4ZhaXlldW14nppY3Nre6e8u9dSUSIpa9JIRLLjEcUED1kTOAjWiSUjgSdY2xveZX77iUnFo/ARRjFzAtIPuc8pAS255SvfFdWBm4pTa3xtw4ABccUxvsW24v2AVO2AwMDz0/bYFTjP4RPs6ZBbrpg1cwq8SKycVFCOhlue2L2IJgELgQqiVNcyY3BSIoFTwcYlO1EsJnRI+qyraUgCppx0euMYH2mlh/1I6hcCnqq/J1ISKDUKPJ3MVlbzXib+53UT8C+dlIdxAiyks4/8RGCIcFYY7nHJKIiRJoRKrnfFdEAkoaBrLekSrPmTF0nrrGZp/nBeqd/kdRTRATpEVWShC1RH96iBmoiiZ/SK3tGH8WK8GRPjcxYtGPnMPvoD4/sHX+ei0A==</latexit><latexit sha1_base64="r2XV5sFG++3bp142OgPx5iUS4nY=">AAACI3icbVDLSsNAFJ3UV62vqks3g0WoiCURQfEBBTcuK9gHNCFMppN26OTBzI1QQv/Fjb/ixoVS3LjwX5y0WWjrgYHDOecy9x4vFlyBaX4ZhaXlldW14nppY3Nre6e8u9dSUSIpa9JIRLLjEcUED1kTOAjWiSUjgSdY2xveZX77iUnFo/ARRjFzAtIPuc8pAS255SvfFdWBm4pTa3xtw4ABccUxvsW24v2AVO2AwMDz0/bYFTjP4RPs6ZBbrpg1cwq8SKycVFCOhlue2L2IJgELgQqiVNcyY3BSIoFTwcYlO1EsJnRI+qyraUgCppx0euMYH2mlh/1I6hcCnqq/J1ISKDUKPJ3MVlbzXib+53UT8C+dlIdxAiyks4/8RGCIcFYY7nHJKIiRJoRKrnfFdEAkoaBrLekSrPmTF0nrrGZp/nBeqd/kdRTRATpEVWShC1RH96iBmoiiZ/SK3tGH8WK8GRPjcxYtGPnMPvoD4/sHX+ei0A==</latexit><latexit sha1_base64="r2XV5sFG++3bp142OgPx5iUS4nY=">AAACI3icbVDLSsNAFJ3UV62vqks3g0WoiCURQfEBBTcuK9gHNCFMppN26OTBzI1QQv/Fjb/ixoVS3LjwX5y0WWjrgYHDOecy9x4vFlyBaX4ZhaXlldW14nppY3Nre6e8u9dSUSIpa9JIRLLjEcUED1kTOAjWiSUjgSdY2xveZX77iUnFo/ARRjFzAtIPuc8pAS255SvfFdWBm4pTa3xtw4ABccUxvsW24v2AVO2AwMDz0/bYFTjP4RPs6ZBbrpg1cwq8SKycVFCOhlue2L2IJgELgQqiVNcyY3BSIoFTwcYlO1EsJnRI+qyraUgCppx0euMYH2mlh/1I6hcCnqq/J1ISKDUKPJ3MVlbzXib+53UT8C+dlIdxAiyks4/8RGCIcFYY7nHJKIiRJoRKrnfFdEAkoaBrLekSrPmTF0nrrGZp/nBeqd/kdRTRATpEVWShC1RH96iBmoiiZ/SK3tGH8WK8GRPjcxYtGPnMPvoD4/sHX+ei0A==</latexit><latexit sha1_base64="r2XV5sFG++3bp142OgPx5iUS4nY=">AAACI3icbVDLSsNAFJ3UV62vqks3g0WoiCURQfEBBTcuK9gHNCFMppN26OTBzI1QQv/Fjb/ixoVS3LjwX5y0WWjrgYHDOecy9x4vFlyBaX4ZhaXlldW14nppY3Nre6e8u9dSUSIpa9JIRLLjEcUED1kTOAjWiSUjgSdY2xveZX77iUnFo/ARRjFzAtIPuc8pAS255SvfFdWBm4pTa3xtw4ABccUxvsW24v2AVO2AwMDz0/bYFTjP4RPs6ZBbrpg1cwq8SKycVFCOhlue2L2IJgELgQqiVNcyY3BSIoFTwcYlO1EsJnRI+qyraUgCppx0euMYH2mlh/1I6hcCnqq/J1ISKDUKPJ3MVlbzXib+53UT8C+dlIdxAiyks4/8RGCIcFYY7nHJKIiRJoRKrnfFdEAkoaBrLekSrPmTF0nrrGZp/nBeqd/kdRTRATpEVWShC1RH96iBmoiiZ/SK3tGH8WK8GRPjcxYtGPnMPvoD4/sHX+ei0A==</latexit><latexit sha1_base64="r2XV5sFG++3bp142OgPx5iUS4nY=">AAACI3icbVDLSsNAFJ3UV62vqks3g0WoiCURQfEBBTcuK9gHNCFMppN26OTBzI1QQv/Fjb/ixoVS3LjwX5y0WWjrgYHDOecy9x4vFlyBaX4ZhaXlldW14nppY3Nre6e8u9dSUSIpa9JIRLLjEcUED1kTOAjWiSUjgSdY2xveZX77iUnFo/ARRjFzAtIPuc8pAS255SvfFdWBm4pTa3xtw4ABccUxvsW24v2AVO2AwMDz0/bYFTjP4RPs6ZBbrpg1cwq8SKycVFCOhlue2L2IJgELgQqiVNcyY3BSIoFTwcYlO1EsJnRI+qyraUgCppx0euMYH2mlh/1I6hcCnqq/J1ISKDUKPJ3MVlbzXib+53UT8C+dlIdxAiyks4/8RGCIcFYY7nHJKIiRJoRKrnfFdEAkoaBrLekSrPmTF0nrrGZp/nBeqd/kdRTRATpEVWShC1RH96iBmoiiZ/SK3tGH8WK8GRPjcxYtGPnMPvoD4/sHX+ei0A==</latexit>

f(x; ✓) = fL � · · · � f2 � f1(x)
<latexit sha1_base64="Hz+do8rIFiqxQFbwZQAgCCHRHyA=">AAACK3icbZDLSgMxFIYz9VbrrerSTbAI7abMFEFBhaIbFy4q2At0SsmkmTY0cyE5I5ah7+PGV3GhCy+49T3MTCvU1gOBj/9ccs7vhIIrMM0PI7O0vLK6ll3PbWxube/kd/caKogkZXUaiEC2HKKY4D6rAwfBWqFkxHMEazrDqyTfvGdS8cC/g1HIOh7p+9zllICWuvlLt2h7BAaOGz+Mz2wYMCAlfIHd7o1NuaR2LwCVkpYqv2DNNJW6+YJZNtPAi2BNoYCmUevmX/RUGnnMByqIUm3LDKETEwmcCjbO2ZFiIaFD0mdtjT7xmOrE6a1jfKSVHnYDqZ8POFVnO2LiKTXyHF2ZrKjmc4n4X64dgXvaibkfRsB8OvnIjQSGACfG4R6XjIIYaSBUcr0rpgMiCQVtb06bYM2fvAiNStnSfHtcqJ5P7ciiA3SIishCJ6iKrlEN1RFFj+gZvaF348l4NT6Nr0lpxpj27KM/YXz/AIBGpzI=</latexit><latexit sha1_base64="Hz+do8rIFiqxQFbwZQAgCCHRHyA=">AAACK3icbZDLSgMxFIYz9VbrrerSTbAI7abMFEFBhaIbFy4q2At0SsmkmTY0cyE5I5ah7+PGV3GhCy+49T3MTCvU1gOBj/9ccs7vhIIrMM0PI7O0vLK6ll3PbWxube/kd/caKogkZXUaiEC2HKKY4D6rAwfBWqFkxHMEazrDqyTfvGdS8cC/g1HIOh7p+9zllICWuvlLt2h7BAaOGz+Mz2wYMCAlfIHd7o1NuaR2LwCVkpYqv2DNNJW6+YJZNtPAi2BNoYCmUevmX/RUGnnMByqIUm3LDKETEwmcCjbO2ZFiIaFD0mdtjT7xmOrE6a1jfKSVHnYDqZ8POFVnO2LiKTXyHF2ZrKjmc4n4X64dgXvaibkfRsB8OvnIjQSGACfG4R6XjIIYaSBUcr0rpgMiCQVtb06bYM2fvAiNStnSfHtcqJ5P7ciiA3SIishCJ6iKrlEN1RFFj+gZvaF348l4NT6Nr0lpxpj27KM/YXz/AIBGpzI=</latexit><latexit sha1_base64="Hz+do8rIFiqxQFbwZQAgCCHRHyA=">AAACK3icbZDLSgMxFIYz9VbrrerSTbAI7abMFEFBhaIbFy4q2At0SsmkmTY0cyE5I5ah7+PGV3GhCy+49T3MTCvU1gOBj/9ccs7vhIIrMM0PI7O0vLK6ll3PbWxube/kd/caKogkZXUaiEC2HKKY4D6rAwfBWqFkxHMEazrDqyTfvGdS8cC/g1HIOh7p+9zllICWuvlLt2h7BAaOGz+Mz2wYMCAlfIHd7o1NuaR2LwCVkpYqv2DNNJW6+YJZNtPAi2BNoYCmUevmX/RUGnnMByqIUm3LDKETEwmcCjbO2ZFiIaFD0mdtjT7xmOrE6a1jfKSVHnYDqZ8POFVnO2LiKTXyHF2ZrKjmc4n4X64dgXvaibkfRsB8OvnIjQSGACfG4R6XjIIYaSBUcr0rpgMiCQVtb06bYM2fvAiNStnSfHtcqJ5P7ciiA3SIishCJ6iKrlEN1RFFj+gZvaF348l4NT6Nr0lpxpj27KM/YXz/AIBGpzI=</latexit><latexit sha1_base64="Hz+do8rIFiqxQFbwZQAgCCHRHyA=">AAACK3icbZDLSgMxFIYz9VbrrerSTbAI7abMFEFBhaIbFy4q2At0SsmkmTY0cyE5I5ah7+PGV3GhCy+49T3MTCvU1gOBj/9ccs7vhIIrMM0PI7O0vLK6ll3PbWxube/kd/caKogkZXUaiEC2HKKY4D6rAwfBWqFkxHMEazrDqyTfvGdS8cC/g1HIOh7p+9zllICWuvlLt2h7BAaOGz+Mz2wYMCAlfIHd7o1NuaR2LwCVkpYqv2DNNJW6+YJZNtPAi2BNoYCmUevmX/RUGnnMByqIUm3LDKETEwmcCjbO2ZFiIaFD0mdtjT7xmOrE6a1jfKSVHnYDqZ8POFVnO2LiKTXyHF2ZrKjmc4n4X64dgXvaibkfRsB8OvnIjQSGACfG4R6XjIIYaSBUcr0rpgMiCQVtb06bYM2fvAiNStnSfHtcqJ5P7ciiA3SIishCJ6iKrlEN1RFFj+gZvaF348l4NT6Nr0lpxpj27KM/YXz/AIBGpzI=</latexit>

✓ = {✓L, . . . , ✓1}
<latexit sha1_base64="bdD+g2L4mmvkZ0fbeJETGjg7QOc=">AAACD3icbZBNS8MwGMdTX+d8q3r0EhyKBxmtCHpQGHjx4GGCe4G1jDRLt7A0LclTYZR9Ay9+FS8eFPHq1ZvfxmztQTcfCPnxf16S5x8kgmtwnG9rYXFpeWW1tFZe39jc2rZ3dps6ThVlDRqLWLUDopngkjWAg2DtRDESBYK1guH1JN96YErzWN7DKGF+RPqSh5wSMFLXPvJgwIDgK+xlOXZvT7DXi0GbKxdcb9y1K07VmQaeB7eACiqi3rW/zAyaRkwCFUTrjusk4GdEAaeCjcteqllC6JD0WcegJBHTfjbdZ4wPjdLDYazMkYCn6u+OjERaj6LAVEYEBno2NxH/y3VSCC/8jMskBSZp/lCYCgwxnpiDe1wxCmJkgFDFzV8xHRBFKBgLy8YEd3bleWieVl3Dd2eV2mVhRwntowN0jFx0jmroBtVRA1H0iJ7RK3qznqwX6936yEsXrKJnD/0J6/MHU/ybjQ==</latexit><latexit sha1_base64="bdD+g2L4mmvkZ0fbeJETGjg7QOc=">AAACD3icbZBNS8MwGMdTX+d8q3r0EhyKBxmtCHpQGHjx4GGCe4G1jDRLt7A0LclTYZR9Ay9+FS8eFPHq1ZvfxmztQTcfCPnxf16S5x8kgmtwnG9rYXFpeWW1tFZe39jc2rZ3dps6ThVlDRqLWLUDopngkjWAg2DtRDESBYK1guH1JN96YErzWN7DKGF+RPqSh5wSMFLXPvJgwIDgK+xlOXZvT7DXi0GbKxdcb9y1K07VmQaeB7eACiqi3rW/zAyaRkwCFUTrjusk4GdEAaeCjcteqllC6JD0WcegJBHTfjbdZ4wPjdLDYazMkYCn6u+OjERaj6LAVEYEBno2NxH/y3VSCC/8jMskBSZp/lCYCgwxnpiDe1wxCmJkgFDFzV8xHRBFKBgLy8YEd3bleWieVl3Dd2eV2mVhRwntowN0jFx0jmroBtVRA1H0iJ7RK3qznqwX6936yEsXrKJnD/0J6/MHU/ybjQ==</latexit><latexit sha1_base64="bdD+g2L4mmvkZ0fbeJETGjg7QOc=">AAACD3icbZBNS8MwGMdTX+d8q3r0EhyKBxmtCHpQGHjx4GGCe4G1jDRLt7A0LclTYZR9Ay9+FS8eFPHq1ZvfxmztQTcfCPnxf16S5x8kgmtwnG9rYXFpeWW1tFZe39jc2rZ3dps6ThVlDRqLWLUDopngkjWAg2DtRDESBYK1guH1JN96YErzWN7DKGF+RPqSh5wSMFLXPvJgwIDgK+xlOXZvT7DXi0GbKxdcb9y1K07VmQaeB7eACiqi3rW/zAyaRkwCFUTrjusk4GdEAaeCjcteqllC6JD0WcegJBHTfjbdZ4wPjdLDYazMkYCn6u+OjERaj6LAVEYEBno2NxH/y3VSCC/8jMskBSZp/lCYCgwxnpiDe1wxCmJkgFDFzV8xHRBFKBgLy8YEd3bleWieVl3Dd2eV2mVhRwntowN0jFx0jmroBtVRA1H0iJ7RK3qznqwX6936yEsXrKJnD/0J6/MHU/ybjQ==</latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="VzocUZ5KGI9NJJLvUZTGOCnNb6U=">AAACBHicbZDNSgMxFIXv1L9aq45u3QSL4kLKjBvdCIIbFy4q2FroDEMmzbShmR+SO0IZ+gZufBU3LhTxGdz5NqadLrT1QsjHOblJ7gkzKTQ6zrdVWVldW9+obta26ts7u/ZevaPTXDHeZqlMVTekmkuR8DYKlLybKU7jUPKHcHQ99R8eudIiTe5xnHE/poNERIJRNFJgH3s45EjJJfGKEoPbU+L1U9RmKwXXmwR2w2k6syLL4M6hAfNqBfaXuYPlMU+QSap1z3Uy9AuqUDDJJzUv1zyjbEQHvGcwoTHXfjGbZ0KOjNInUarMSpDM1N8dBY21HsehORlTHOpFbyr+5/VyjC78QiRZjjxh5UNRLgmmZBoO6QvFGcqxAcqUMH8lbEgVZWgirJkQ3MWRl6Fz1nQN3zlQhQM4hBNw4Ryu4AZa0AYGT/ACb/BuPVuv1kcZV8Wa57YPf8r6/AGnmpoZ</latexit><latexit sha1_base64="VzocUZ5KGI9NJJLvUZTGOCnNb6U=">AAACBHicbZDNSgMxFIXv1L9aq45u3QSL4kLKjBvdCIIbFy4q2FroDEMmzbShmR+SO0IZ+gZufBU3LhTxGdz5NqadLrT1QsjHOblJ7gkzKTQ6zrdVWVldW9+obta26ts7u/ZevaPTXDHeZqlMVTekmkuR8DYKlLybKU7jUPKHcHQ99R8eudIiTe5xnHE/poNERIJRNFJgH3s45EjJJfGKEoPbU+L1U9RmKwXXmwR2w2k6syLL4M6hAfNqBfaXuYPlMU+QSap1z3Uy9AuqUDDJJzUv1zyjbEQHvGcwoTHXfjGbZ0KOjNInUarMSpDM1N8dBY21HsehORlTHOpFbyr+5/VyjC78QiRZjjxh5UNRLgmmZBoO6QvFGcqxAcqUMH8lbEgVZWgirJkQ3MWRl6Fz1nQN3zlQhQM4hBNw4Ryu4AZa0AYGT/ACb/BuPVuv1kcZV8Wa57YPf8r6/AGnmpoZ</latexit><latexit sha1_base64="6ECLZJz2u2y7mADMH+NpPlc1YPE=">AAACD3icbZC7TsMwFIadcivlVmBksahADKhKWGAAqRILA0OR6EVqoshxndaq40T2CVIV9Q1YeBUWBhBiZWXjbXCbDNByJMuf/nOxzx8kgmuw7W+rtLS8srpWXq9sbG5t71R399o6ThVlLRqLWHUDopngkrWAg2DdRDESBYJ1gtH1NN95YErzWN7DOGFeRAaSh5wSMJJfPXZhyIDgK+xmOfq3p9jtx6DNlQuOO/GrNbtuzwIvglNADRXR9KtfZgZNIyaBCqJ1z7ET8DKigFPBJhU31SwhdEQGrGdQkohpL5vtM8FHRunjMFbmSMAz9XdHRiKtx1FgKiMCQz2fm4r/5XophBdexmWSApM0fyhMBYYYT83Bfa4YBTE2QKji5q+YDokiFIyFFWOCM7/yIrTP6o7hO7vWuCzsKKMDdIhOkIPOUQPdoCZqIYoe0TN6RW/Wk/VivVsfeWnJKnr20Z+wPn8AUrybiQ==</latexit><latexit sha1_base64="bdD+g2L4mmvkZ0fbeJETGjg7QOc=">AAACD3icbZBNS8MwGMdTX+d8q3r0EhyKBxmtCHpQGHjx4GGCe4G1jDRLt7A0LclTYZR9Ay9+FS8eFPHq1ZvfxmztQTcfCPnxf16S5x8kgmtwnG9rYXFpeWW1tFZe39jc2rZ3dps6ThVlDRqLWLUDopngkjWAg2DtRDESBYK1guH1JN96YErzWN7DKGF+RPqSh5wSMFLXPvJgwIDgK+xlOXZvT7DXi0GbKxdcb9y1K07VmQaeB7eACiqi3rW/zAyaRkwCFUTrjusk4GdEAaeCjcteqllC6JD0WcegJBHTfjbdZ4wPjdLDYazMkYCn6u+OjERaj6LAVEYEBno2NxH/y3VSCC/8jMskBSZp/lCYCgwxnpiDe1wxCmJkgFDFzV8xHRBFKBgLy8YEd3bleWieVl3Dd2eV2mVhRwntowN0jFx0jmroBtVRA1H0iJ7RK3qznqwX6936yEsXrKJnD/0J6/MHU/ybjQ==</latexit><latexit sha1_base64="bdD+g2L4mmvkZ0fbeJETGjg7QOc=">AAACD3icbZBNS8MwGMdTX+d8q3r0EhyKBxmtCHpQGHjx4GGCe4G1jDRLt7A0LclTYZR9Ay9+FS8eFPHq1ZvfxmztQTcfCPnxf16S5x8kgmtwnG9rYXFpeWW1tFZe39jc2rZ3dps6ThVlDRqLWLUDopngkjWAg2DtRDESBYK1guH1JN96YErzWN7DKGF+RPqSh5wSMFLXPvJgwIDgK+xlOXZvT7DXi0GbKxdcb9y1K07VmQaeB7eACiqi3rW/zAyaRkwCFUTrjusk4GdEAaeCjcteqllC6JD0WcegJBHTfjbdZ4wPjdLDYazMkYCn6u+OjERaj6LAVEYEBno2NxH/y3VSCC/8jMskBSZp/lCYCgwxnpiDe1wxCmJkgFDFzV8xHRBFKBgLy8YEd3bleWieVl3Dd2eV2mVhRwntowN0jFx0jmroBtVRA1H0iJ7RK3qznqwX6936yEsXrKJnD/0J6/MHU/ybjQ==</latexit><latexit sha1_base64="bdD+g2L4mmvkZ0fbeJETGjg7QOc=">AAACD3icbZBNS8MwGMdTX+d8q3r0EhyKBxmtCHpQGHjx4GGCe4G1jDRLt7A0LclTYZR9Ay9+FS8eFPHq1ZvfxmztQTcfCPnxf16S5x8kgmtwnG9rYXFpeWW1tFZe39jc2rZ3dps6ThVlDRqLWLUDopngkjWAg2DtRDESBYK1guH1JN96YErzWN7DKGF+RPqSh5wSMFLXPvJgwIDgK+xlOXZvT7DXi0GbKxdcb9y1K07VmQaeB7eACiqi3rW/zAyaRkwCFUTrjusk4GdEAaeCjcteqllC6JD0WcegJBHTfjbdZ4wPjdLDYazMkYCn6u+OjERaj6LAVEYEBno2NxH/y3VSCC/8jMskBSZp/lCYCgwxnpiDe1wxCmJkgFDFzV8xHRBFKBgLy8YEd3bleWieVl3Dd2eV2mVhRwntowN0jFx0jmroBtVRA1H0iJ7RK3qznqwX6936yEsXrKJnD/0J6/MHU/ybjQ==</latexit><latexit sha1_base64="bdD+g2L4mmvkZ0fbeJETGjg7QOc=">AAACD3icbZBNS8MwGMdTX+d8q3r0EhyKBxmtCHpQGHjx4GGCe4G1jDRLt7A0LclTYZR9Ay9+FS8eFPHq1ZvfxmztQTcfCPnxf16S5x8kgmtwnG9rYXFpeWW1tFZe39jc2rZ3dps6ThVlDRqLWLUDopngkjWAg2DtRDESBYK1guH1JN96YErzWN7DKGF+RPqSh5wSMFLXPvJgwIDgK+xlOXZvT7DXi0GbKxdcb9y1K07VmQaeB7eACiqi3rW/zAyaRkwCFUTrjusk4GdEAaeCjcteqllC6JD0WcegJBHTfjbdZ4wPjdLDYazMkYCn6u+OjERaj6LAVEYEBno2NxH/y3VSCC/8jMskBSZp/lCYCgwxnpiDe1wxCmJkgFDFzV8xHRBFKBgLy8YEd3bleWieVl3Dd2eV2mVhRwntowN0jFx0jmroBtVRA1H0iJ7RK3qznqwX6936yEsXrKJnD/0J6/MHU/ybjQ==</latexit><latexit sha1_base64="bdD+g2L4mmvkZ0fbeJETGjg7QOc=">AAACD3icbZBNS8MwGMdTX+d8q3r0EhyKBxmtCHpQGHjx4GGCe4G1jDRLt7A0LclTYZR9Ay9+FS8eFPHq1ZvfxmztQTcfCPnxf16S5x8kgmtwnG9rYXFpeWW1tFZe39jc2rZ3dps6ThVlDRqLWLUDopngkjWAg2DtRDESBYK1guH1JN96YErzWN7DKGF+RPqSh5wSMFLXPvJgwIDgK+xlOXZvT7DXi0GbKxdcb9y1K07VmQaeB7eACiqi3rW/zAyaRkwCFUTrjusk4GdEAaeCjcteqllC6JD0WcegJBHTfjbdZ4wPjdLDYazMkYCn6u+OjERaj6LAVEYEBno2NxH/y3VSCC/8jMskBSZp/lCYCgwxnpiDe1wxCmJkgFDFzV8xHRBFKBgLy8YEd3bleWieVl3Dd2eV2mVhRwntowN0jFx0jmroBtVRA1H0iJ7RK3qznqwX6936yEsXrKJnD/0J6/MHU/ybjQ==</latexit><latexit sha1_base64="bdD+g2L4mmvkZ0fbeJETGjg7QOc=">AAACD3icbZBNS8MwGMdTX+d8q3r0EhyKBxmtCHpQGHjx4GGCe4G1jDRLt7A0LclTYZR9Ay9+FS8eFPHq1ZvfxmztQTcfCPnxf16S5x8kgmtwnG9rYXFpeWW1tFZe39jc2rZ3dps6ThVlDRqLWLUDopngkjWAg2DtRDESBYK1guH1JN96YErzWN7DKGF+RPqSh5wSMFLXPvJgwIDgK+xlOXZvT7DXi0GbKxdcb9y1K07VmQaeB7eACiqi3rW/zAyaRkwCFUTrjusk4GdEAaeCjcteqllC6JD0WcegJBHTfjbdZ4wPjdLDYazMkYCn6u+OjERaj6LAVEYEBno2NxH/y3VSCC/8jMskBSZp/lCYCgwxnpiDe1wxCmJkgFDFzV8xHRBFKBgLy8YEd3bleWieVl3Dd2eV2mVhRwntowN0jFx0jmroBtVRA1H0iJ7RK3qznqwX6936yEsXrKJnD/0J6/MHU/ybjQ==</latexit>

We always considered x as a vector.
What to do when x is an image? 
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Hidden layers
image vectorized

image



Computer
Vision The activation is a bit problematic

• The linear transformation has two issues

1. Fully connected links leads to too many parameters.
Assume the input is an image of size N0xM0, i.e. 

And the hidden layer has d1 size, i.e.

For example, (N0xM0) = (64,64) and (d1) = (128) leads to 
524288 parameters in only the first layer!

With a huge compression from 64x64 dimensions to 128!

x 2 RN0⇥M0
<latexit sha1_base64="Z2HB4Qtl0pGkawwvjXSUxsMmvns=">AAACEnicbVC7TsMwFL3hWcqrwMhiUSHBUiUICQaGSiwsoILoQ2pK5LhOa9VxIttBVFG+gYVfYWEAIVYmNv4Gp+0ALUeydHzOvbr3Hj/mTGnb/rbm5hcWl5YLK8XVtfWNzdLWdkNFiSS0TiIeyZaPFeVM0LpmmtNWLCkOfU6b/uA895v3VCoWiVs9jGknxD3BAkawNpJXOnRDrPt+kD5kyGUCjb9+epPdpVee7WoWUoUuPTvzSmW7Yo+AZokzIWWYoOaVvtxuRJKQCk04Vqrt2LHupFhqRjjNim6iaIzJAPdo21CBzaROOjopQ/tG6aIgkuYJjUbq744Uh0oNQ99U5huraS8X//PaiQ5OOykTcaKpIONBQcKRjlCeD+oySYnmQ0MwkczsikgfS0y0SbFoQnCmT54ljaOKY/j1cbl6NomjALuwBwfgwAlU4QJqUAcCj/AMr/BmPVkv1rv1MS6dsyY9O/AH1ucPGsidsQ==</latexit><latexit sha1_base64="Z2HB4Qtl0pGkawwvjXSUxsMmvns=">AAACEnicbVC7TsMwFL3hWcqrwMhiUSHBUiUICQaGSiwsoILoQ2pK5LhOa9VxIttBVFG+gYVfYWEAIVYmNv4Gp+0ALUeydHzOvbr3Hj/mTGnb/rbm5hcWl5YLK8XVtfWNzdLWdkNFiSS0TiIeyZaPFeVM0LpmmtNWLCkOfU6b/uA895v3VCoWiVs9jGknxD3BAkawNpJXOnRDrPt+kD5kyGUCjb9+epPdpVee7WoWUoUuPTvzSmW7Yo+AZokzIWWYoOaVvtxuRJKQCk04Vqrt2LHupFhqRjjNim6iaIzJAPdo21CBzaROOjopQ/tG6aIgkuYJjUbq744Uh0oNQ99U5huraS8X//PaiQ5OOykTcaKpIONBQcKRjlCeD+oySYnmQ0MwkczsikgfS0y0SbFoQnCmT54ljaOKY/j1cbl6NomjALuwBwfgwAlU4QJqUAcCj/AMr/BmPVkv1rv1MS6dsyY9O/AH1ucPGsidsQ==</latexit><latexit sha1_base64="Z2HB4Qtl0pGkawwvjXSUxsMmvns=">AAACEnicbVC7TsMwFL3hWcqrwMhiUSHBUiUICQaGSiwsoILoQ2pK5LhOa9VxIttBVFG+gYVfYWEAIVYmNv4Gp+0ALUeydHzOvbr3Hj/mTGnb/rbm5hcWl5YLK8XVtfWNzdLWdkNFiSS0TiIeyZaPFeVM0LpmmtNWLCkOfU6b/uA895v3VCoWiVs9jGknxD3BAkawNpJXOnRDrPt+kD5kyGUCjb9+epPdpVee7WoWUoUuPTvzSmW7Yo+AZokzIWWYoOaVvtxuRJKQCk04Vqrt2LHupFhqRjjNim6iaIzJAPdo21CBzaROOjopQ/tG6aIgkuYJjUbq744Uh0oNQ99U5huraS8X//PaiQ5OOykTcaKpIONBQcKRjlCeD+oySYnmQ0MwkczsikgfS0y0SbFoQnCmT54ljaOKY/j1cbl6NomjALuwBwfgwAlU4QJqUAcCj/AMr/BmPVkv1rv1MS6dsyY9O/AH1ucPGsidsQ==</latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="Oj+A+EyPz6eMx0iA5gkGJcIufQg=">AAACB3icbZC9TsMwFIVv+C2lQGBlsaiQYKkSFhiRWFhABdEfqQmR4zqtVceJbAdRRXkGFl6FhQGEeAM23gan7QAtV7L0+Rxb994Tppwp7Tjf1tLyyuraemWjulnb2t6xd2ttlWSS0BZJeCK7IVaUM0FbmmlOu6mkOA457YSji9LvPFCpWCLu9DilfowHgkWMYG2kwD72YqyHYZQ/FshjAk2vYX5b3OfXgeNpFlOFrgKnCOy603AmhRbBnUEdZtUM7C+vn5AspkITjpXquU6q/RxLzQinRdXLFE0xGeEB7RkU2HTy88lKBTo0Sh9FiTRHaDRRf//IcazUOA7Ny3JiNe+V4n9eL9PRmZ8zkWaaCjJtFGUc6QSV+aA+k5RoPjaAiWRmVkSGWGKiTYpVE4I7v/IitE8aruEbByqwDwdwBC6cwjlcQhNaQOAJXuAN3q1n69X6mMa1ZM1y24M/ZX3+AFdknDo=</latexit><latexit sha1_base64="Oj+A+EyPz6eMx0iA5gkGJcIufQg=">AAACB3icbZC9TsMwFIVv+C2lQGBlsaiQYKkSFhiRWFhABdEfqQmR4zqtVceJbAdRRXkGFl6FhQGEeAM23gan7QAtV7L0+Rxb994Tppwp7Tjf1tLyyuraemWjulnb2t6xd2ttlWSS0BZJeCK7IVaUM0FbmmlOu6mkOA457YSji9LvPFCpWCLu9DilfowHgkWMYG2kwD72YqyHYZQ/FshjAk2vYX5b3OfXgeNpFlOFrgKnCOy603AmhRbBnUEdZtUM7C+vn5AspkITjpXquU6q/RxLzQinRdXLFE0xGeEB7RkU2HTy88lKBTo0Sh9FiTRHaDRRf//IcazUOA7Ny3JiNe+V4n9eL9PRmZ8zkWaaCjJtFGUc6QSV+aA+k5RoPjaAiWRmVkSGWGKiTYpVE4I7v/IitE8aruEbByqwDwdwBC6cwjlcQhNaQOAJXuAN3q1n69X6mMa1ZM1y24M/ZX3+AFdknDo=</latexit><latexit sha1_base64="PJIX4iQpJSwEAf6tjBASmDiaLQo=">AAACEnicbVC7TsMwFHXKq5RXgJHFokKCpXJYYGCoxMICKog+pCZEjuu0Vh0nsh1EFeUbWPgVFgYQYmVi429w2g7QciRLx+fcq3vvCRLOlEbo2yotLC4tr5RXK2vrG5tb9vZOS8WpJLRJYh7LToAV5UzQpmaa004iKY4CTtvB8Lzw2/dUKhaLWz1KqBfhvmAhI1gbybeP3AjrQRBmDzl0mYCTb5Dd5HfZlY9czSKq4KWPct+uohoaA84TZ0qqYIqGb3+5vZikERWacKxU10GJ9jIsNSOc5hU3VTTBZIj7tGuowGaSl41PyuGBUXowjKV5QsOx+rsjw5FSoygwlcXGatYrxP+8bqrDUy9jIkk1FWQyKEw51DEs8oE9JinRfGQIJpKZXSEZYImJNilWTAjO7MnzpHVccwy/RtX62TSOMtgD++AQOOAE1MEFaIAmIOARPINX8GY9WS/Wu/UxKS1Z055d8AfW5w8ZiJ2t</latexit><latexit sha1_base64="Z2HB4Qtl0pGkawwvjXSUxsMmvns=">AAACEnicbVC7TsMwFL3hWcqrwMhiUSHBUiUICQaGSiwsoILoQ2pK5LhOa9VxIttBVFG+gYVfYWEAIVYmNv4Gp+0ALUeydHzOvbr3Hj/mTGnb/rbm5hcWl5YLK8XVtfWNzdLWdkNFiSS0TiIeyZaPFeVM0LpmmtNWLCkOfU6b/uA895v3VCoWiVs9jGknxD3BAkawNpJXOnRDrPt+kD5kyGUCjb9+epPdpVee7WoWUoUuPTvzSmW7Yo+AZokzIWWYoOaVvtxuRJKQCk04Vqrt2LHupFhqRjjNim6iaIzJAPdo21CBzaROOjopQ/tG6aIgkuYJjUbq744Uh0oNQ99U5huraS8X//PaiQ5OOykTcaKpIONBQcKRjlCeD+oySYnmQ0MwkczsikgfS0y0SbFoQnCmT54ljaOKY/j1cbl6NomjALuwBwfgwAlU4QJqUAcCj/AMr/BmPVkv1rv1MS6dsyY9O/AH1ucPGsidsQ==</latexit><latexit sha1_base64="Z2HB4Qtl0pGkawwvjXSUxsMmvns=">AAACEnicbVC7TsMwFL3hWcqrwMhiUSHBUiUICQaGSiwsoILoQ2pK5LhOa9VxIttBVFG+gYVfYWEAIVYmNv4Gp+0ALUeydHzOvbr3Hj/mTGnb/rbm5hcWl5YLK8XVtfWNzdLWdkNFiSS0TiIeyZaPFeVM0LpmmtNWLCkOfU6b/uA895v3VCoWiVs9jGknxD3BAkawNpJXOnRDrPt+kD5kyGUCjb9+epPdpVee7WoWUoUuPTvzSmW7Yo+AZokzIWWYoOaVvtxuRJKQCk04Vqrt2LHupFhqRjjNim6iaIzJAPdo21CBzaROOjopQ/tG6aIgkuYJjUbq744Uh0oNQ99U5huraS8X//PaiQ5OOykTcaKpIONBQcKRjlCeD+oySYnmQ0MwkczsikgfS0y0SbFoQnCmT54ljaOKY/j1cbl6NomjALuwBwfgwAlU4QJqUAcCj/AMr/BmPVkv1rv1MS6dsyY9O/AH1ucPGsidsQ==</latexit><latexit sha1_base64="Z2HB4Qtl0pGkawwvjXSUxsMmvns=">AAACEnicbVC7TsMwFL3hWcqrwMhiUSHBUiUICQaGSiwsoILoQ2pK5LhOa9VxIttBVFG+gYVfYWEAIVYmNv4Gp+0ALUeydHzOvbr3Hj/mTGnb/rbm5hcWl5YLK8XVtfWNzdLWdkNFiSS0TiIeyZaPFeVM0LpmmtNWLCkOfU6b/uA895v3VCoWiVs9jGknxD3BAkawNpJXOnRDrPt+kD5kyGUCjb9+epPdpVee7WoWUoUuPTvzSmW7Yo+AZokzIWWYoOaVvtxuRJKQCk04Vqrt2LHupFhqRjjNim6iaIzJAPdo21CBzaROOjopQ/tG6aIgkuYJjUbq744Uh0oNQ99U5huraS8X//PaiQ5OOykTcaKpIONBQcKRjlCeD+oySYnmQ0MwkczsikgfS0y0SbFoQnCmT54ljaOKY/j1cbl6NomjALuwBwfgwAlU4QJqUAcCj/AMr/BmPVkv1rv1MS6dsyY9O/AH1ucPGsidsQ==</latexit><latexit sha1_base64="Z2HB4Qtl0pGkawwvjXSUxsMmvns=">AAACEnicbVC7TsMwFL3hWcqrwMhiUSHBUiUICQaGSiwsoILoQ2pK5LhOa9VxIttBVFG+gYVfYWEAIVYmNv4Gp+0ALUeydHzOvbr3Hj/mTGnb/rbm5hcWl5YLK8XVtfWNzdLWdkNFiSS0TiIeyZaPFeVM0LpmmtNWLCkOfU6b/uA895v3VCoWiVs9jGknxD3BAkawNpJXOnRDrPt+kD5kyGUCjb9+epPdpVee7WoWUoUuPTvzSmW7Yo+AZokzIWWYoOaVvtxuRJKQCk04Vqrt2LHupFhqRjjNim6iaIzJAPdo21CBzaROOjopQ/tG6aIgkuYJjUbq744Uh0oNQ99U5huraS8X//PaiQ5OOykTcaKpIONBQcKRjlCeD+oySYnmQ0MwkczsikgfS0y0SbFoQnCmT54ljaOKY/j1cbl6NomjALuwBwfgwAlU4QJqUAcCj/AMr/BmPVkv1rv1MS6dsyY9O/AH1ucPGsidsQ==</latexit><latexit sha1_base64="Z2HB4Qtl0pGkawwvjXSUxsMmvns=">AAACEnicbVC7TsMwFL3hWcqrwMhiUSHBUiUICQaGSiwsoILoQ2pK5LhOa9VxIttBVFG+gYVfYWEAIVYmNv4Gp+0ALUeydHzOvbr3Hj/mTGnb/rbm5hcWl5YLK8XVtfWNzdLWdkNFiSS0TiIeyZaPFeVM0LpmmtNWLCkOfU6b/uA895v3VCoWiVs9jGknxD3BAkawNpJXOnRDrPt+kD5kyGUCjb9+epPdpVee7WoWUoUuPTvzSmW7Yo+AZokzIWWYoOaVvtxuRJKQCk04Vqrt2LHupFhqRjjNim6iaIzJAPdo21CBzaROOjopQ/tG6aIgkuYJjUbq744Uh0oNQ99U5huraS8X//PaiQ5OOykTcaKpIONBQcKRjlCeD+oySYnmQ0MwkczsikgfS0y0SbFoQnCmT54ljaOKY/j1cbl6NomjALuwBwfgwAlU4QJqUAcCj/AMr/BmPVkv1rv1MS6dsyY9O/AH1ucPGsidsQ==</latexit><latexit sha1_base64="Z2HB4Qtl0pGkawwvjXSUxsMmvns=">AAACEnicbVC7TsMwFL3hWcqrwMhiUSHBUiUICQaGSiwsoILoQ2pK5LhOa9VxIttBVFG+gYVfYWEAIVYmNv4Gp+0ALUeydHzOvbr3Hj/mTGnb/rbm5hcWl5YLK8XVtfWNzdLWdkNFiSS0TiIeyZaPFeVM0LpmmtNWLCkOfU6b/uA895v3VCoWiVs9jGknxD3BAkawNpJXOnRDrPt+kD5kyGUCjb9+epPdpVee7WoWUoUuPTvzSmW7Yo+AZokzIWWYoOaVvtxuRJKQCk04Vqrt2LHupFhqRjjNim6iaIzJAPdo21CBzaROOjopQ/tG6aIgkuYJjUbq744Uh0oNQ99U5huraS8X//PaiQ5OOykTcaKpIONBQcKRjlCeD+oySYnmQ0MwkczsikgfS0y0SbFoQnCmT54ljaOKY/j1cbl6NomjALuwBwfgwAlU4QJqUAcCj/AMr/BmPVkv1rv1MS6dsyY9O/AH1ucPGsidsQ==</latexit>

W1 2 R(d1)⇥(N0⇥M0)
<latexit sha1_base64="Y3o7AOk8DwbR9S9B2+Y28slAzZU=">AAACInicbZBNS8NAEIY3ftb6FfXoZbEI7aUkIqjgoeDFi1LFfkBTw2a7aZduNmF3I5SQ3+LFv+LFg6KeBH+MmyYHbR0YeHhnhpl5vYhRqSzry1hYXFpeWS2tldc3Nre2zZ3dtgxjgUkLhywUXQ9JwignLUUVI91IEBR4jHS88UVW7zwQIWnI79QkIv0ADTn1KUZKS6555gRIjTw/6aSuDR3KYS54yW16n1QHrl1zFA2IrF67FswRXrlWLXXNilW3pgHnwS6gAopouuaHMwhxHBCuMENS9mwrUv0ECUUxI2nZiSWJEB6jIelp5Eiv6ifTF1N4qJUB9EOhkys4VX9PJCiQchJ4ujO7X87WMvG/Wi9W/mk/oTyKFeE4X+THDKoQZn7BARUEKzbRgLCg+laIR0ggrLSrZW2CPfvyPLSP6rbmm+NK47ywowT2wQGoAhucgAa4BE3QAhg8gmfwCt6MJ+PFeDc+89YFo5jZA3/C+P4Bguii9A==</latexit><latexit sha1_base64="Y3o7AOk8DwbR9S9B2+Y28slAzZU=">AAACInicbZBNS8NAEIY3ftb6FfXoZbEI7aUkIqjgoeDFi1LFfkBTw2a7aZduNmF3I5SQ3+LFv+LFg6KeBH+MmyYHbR0YeHhnhpl5vYhRqSzry1hYXFpeWS2tldc3Nre2zZ3dtgxjgUkLhywUXQ9JwignLUUVI91IEBR4jHS88UVW7zwQIWnI79QkIv0ADTn1KUZKS6555gRIjTw/6aSuDR3KYS54yW16n1QHrl1zFA2IrF67FswRXrlWLXXNilW3pgHnwS6gAopouuaHMwhxHBCuMENS9mwrUv0ECUUxI2nZiSWJEB6jIelp5Eiv6ifTF1N4qJUB9EOhkys4VX9PJCiQchJ4ujO7X87WMvG/Wi9W/mk/oTyKFeE4X+THDKoQZn7BARUEKzbRgLCg+laIR0ggrLSrZW2CPfvyPLSP6rbmm+NK47ywowT2wQGoAhucgAa4BE3QAhg8gmfwCt6MJ+PFeDc+89YFo5jZA3/C+P4Bguii9A==</latexit><latexit sha1_base64="Y3o7AOk8DwbR9S9B2+Y28slAzZU=">AAACInicbZBNS8NAEIY3ftb6FfXoZbEI7aUkIqjgoeDFi1LFfkBTw2a7aZduNmF3I5SQ3+LFv+LFg6KeBH+MmyYHbR0YeHhnhpl5vYhRqSzry1hYXFpeWS2tldc3Nre2zZ3dtgxjgUkLhywUXQ9JwignLUUVI91IEBR4jHS88UVW7zwQIWnI79QkIv0ADTn1KUZKS6555gRIjTw/6aSuDR3KYS54yW16n1QHrl1zFA2IrF67FswRXrlWLXXNilW3pgHnwS6gAopouuaHMwhxHBCuMENS9mwrUv0ECUUxI2nZiSWJEB6jIelp5Eiv6ifTF1N4qJUB9EOhkys4VX9PJCiQchJ4ujO7X87WMvG/Wi9W/mk/oTyKFeE4X+THDKoQZn7BARUEKzbRgLCg+laIR0ggrLSrZW2CPfvyPLSP6rbmm+NK47ywowT2wQGoAhucgAa4BE3QAhg8gmfwCt6MJ+PFeDc+89YFo5jZA3/C+P4Bguii9A==</latexit><latexit sha1_base64="Y3o7AOk8DwbR9S9B2+Y28slAzZU=">AAACInicbZBNS8NAEIY3ftb6FfXoZbEI7aUkIqjgoeDFi1LFfkBTw2a7aZduNmF3I5SQ3+LFv+LFg6KeBH+MmyYHbR0YeHhnhpl5vYhRqSzry1hYXFpeWS2tldc3Nre2zZ3dtgxjgUkLhywUXQ9JwignLUUVI91IEBR4jHS88UVW7zwQIWnI79QkIv0ADTn1KUZKS6555gRIjTw/6aSuDR3KYS54yW16n1QHrl1zFA2IrF67FswRXrlWLXXNilW3pgHnwS6gAopouuaHMwhxHBCuMENS9mwrUv0ECUUxI2nZiSWJEB6jIelp5Eiv6ifTF1N4qJUB9EOhkys4VX9PJCiQchJ4ujO7X87WMvG/Wi9W/mk/oTyKFeE4X+THDKoQZn7BARUEKzbRgLCg+laIR0ggrLSrZW2CPfvyPLSP6rbmm+NK47ywowT2wQGoAhucgAa4BE3QAhg8gmfwCt6MJ+PFeDc+89YFo5jZA3/C+P4Bguii9A==</latexit>

h1 2 Rd1
<latexit sha1_base64="TXf8jQPizGllBQ7BpQH7dd2zg/o=">AAACAXicbZDLSsNAFIZP6q3WW9SN4GawCK5KIoIuXBTcuKxiL9DGMJlM26GTSZiZCCXEja/ixoUibn0Ld76Nk7YLbf1h4OM/5zDn/EHCmdKO822VlpZXVtfK65WNza3tHXt3r6XiVBLaJDGPZSfAinImaFMzzWknkRRHAaftYHRV1NsPVCoWizs9TqgX4YFgfUawNpZvHwx9F/WYQL0I62EQZLf5fRb6bu7bVafmTIQWwZ1BFWZq+PZXL4xJGlGhCcdKdV0n0V6GpWaE07zSSxVNMBnhAe0aFDiiyssmF+To2Dgh6sfSPKHRxP09keFIqXEUmM5iTzVfK8z/at1U9y+8jIkk1VSQ6Uf9lCMdoyIOFDJJieZjA5hIZnZFZIglJtqEVjEhuPMnL0LrtOYavjmr1i9ncZThEI7gBFw4hzpcQwOaQOARnuEV3qwn68V6tz6mrSVrNrMPf2R9/gCrU5Ze</latexit><latexit sha1_base64="TXf8jQPizGllBQ7BpQH7dd2zg/o=">AAACAXicbZDLSsNAFIZP6q3WW9SN4GawCK5KIoIuXBTcuKxiL9DGMJlM26GTSZiZCCXEja/ixoUibn0Ld76Nk7YLbf1h4OM/5zDn/EHCmdKO822VlpZXVtfK65WNza3tHXt3r6XiVBLaJDGPZSfAinImaFMzzWknkRRHAaftYHRV1NsPVCoWizs9TqgX4YFgfUawNpZvHwx9F/WYQL0I62EQZLf5fRb6bu7bVafmTIQWwZ1BFWZq+PZXL4xJGlGhCcdKdV0n0V6GpWaE07zSSxVNMBnhAe0aFDiiyssmF+To2Dgh6sfSPKHRxP09keFIqXEUmM5iTzVfK8z/at1U9y+8jIkk1VSQ6Uf9lCMdoyIOFDJJieZjA5hIZnZFZIglJtqEVjEhuPMnL0LrtOYavjmr1i9ncZThEI7gBFw4hzpcQwOaQOARnuEV3qwn68V6tz6mrSVrNrMPf2R9/gCrU5Ze</latexit><latexit sha1_base64="TXf8jQPizGllBQ7BpQH7dd2zg/o=">AAACAXicbZDLSsNAFIZP6q3WW9SN4GawCK5KIoIuXBTcuKxiL9DGMJlM26GTSZiZCCXEja/ixoUibn0Ld76Nk7YLbf1h4OM/5zDn/EHCmdKO822VlpZXVtfK65WNza3tHXt3r6XiVBLaJDGPZSfAinImaFMzzWknkRRHAaftYHRV1NsPVCoWizs9TqgX4YFgfUawNpZvHwx9F/WYQL0I62EQZLf5fRb6bu7bVafmTIQWwZ1BFWZq+PZXL4xJGlGhCcdKdV0n0V6GpWaE07zSSxVNMBnhAe0aFDiiyssmF+To2Dgh6sfSPKHRxP09keFIqXEUmM5iTzVfK8z/at1U9y+8jIkk1VSQ6Uf9lCMdoyIOFDJJieZjA5hIZnZFZIglJtqEVjEhuPMnL0LrtOYavjmr1i9ncZThEI7gBFw4hzpcQwOaQOARnuEV3qwn68V6tz6mrSVrNrMPf2R9/gCrU5Ze</latexit><latexit sha1_base64="TXf8jQPizGllBQ7BpQH7dd2zg/o=">AAACAXicbZDLSsNAFIZP6q3WW9SN4GawCK5KIoIuXBTcuKxiL9DGMJlM26GTSZiZCCXEja/ixoUibn0Ld76Nk7YLbf1h4OM/5zDn/EHCmdKO822VlpZXVtfK65WNza3tHXt3r6XiVBLaJDGPZSfAinImaFMzzWknkRRHAaftYHRV1NsPVCoWizs9TqgX4YFgfUawNpZvHwx9F/WYQL0I62EQZLf5fRb6bu7bVafmTIQWwZ1BFWZq+PZXL4xJGlGhCcdKdV0n0V6GpWaE07zSSxVNMBnhAe0aFDiiyssmF+To2Dgh6sfSPKHRxP09keFIqXEUmM5iTzVfK8z/at1U9y+8jIkk1VSQ6Uf9lCMdoyIOFDJJieZjA5hIZnZFZIglJtqEVjEhuPMnL0LrtOYavjmr1i9ncZThEI7gBFw4hzpcQwOaQOARnuEV3qwn68V6tz6mrSVrNrMPf2R9/gCrU5Ze</latexit>

al = Wlhl�1 + bl
<latexit sha1_base64="TjGXhXVKxFNm2ZN13VVKIVEpSKc=">AAACCXicbVDLSsNAFL2pr1pfVZduBosgiCURQRcKBTcuK9gHtCFMppN26GQSZiZCCdm68VfcuFDErX/gzr9x0mahrQcGzpxzL/fe48ecKW3b31ZpaXllda28XtnY3Nreqe7utVWUSEJbJOKR7PpYUc4EbWmmOe3GkuLQ57Tjj29yv/NApWKRuNeTmLohHgoWMIK1kbwqwh5H16gfYj3yg7STme/IS/mpk6ET5Hvcq9bsuj0FWiROQWpQoOlVv/qDiCQhFZpwrFTPsWPtplhqRjjNKv1E0RiTMR7SnqECh1S56fSSDB0ZZYCCSJonNJqqvztSHCo1CX1TmW+s5r1c/M/rJTq4dFMm4kRTQWaDgoQjHaE8FjRgkhLNJ4ZgIpnZFZERlphoE17FhODMn7xI2md1x/C781rjqoijDAdwCMfgwAU04Baa0AICj/AMr/BmPVkv1rv1MSstWUXPPvyB9fkDNnOYtw==</latexit><latexit sha1_base64="TjGXhXVKxFNm2ZN13VVKIVEpSKc=">AAACCXicbVDLSsNAFL2pr1pfVZduBosgiCURQRcKBTcuK9gHtCFMppN26GQSZiZCCdm68VfcuFDErX/gzr9x0mahrQcGzpxzL/fe48ecKW3b31ZpaXllda28XtnY3Nreqe7utVWUSEJbJOKR7PpYUc4EbWmmOe3GkuLQ57Tjj29yv/NApWKRuNeTmLohHgoWMIK1kbwqwh5H16gfYj3yg7STme/IS/mpk6ET5Hvcq9bsuj0FWiROQWpQoOlVv/qDiCQhFZpwrFTPsWPtplhqRjjNKv1E0RiTMR7SnqECh1S56fSSDB0ZZYCCSJonNJqqvztSHCo1CX1TmW+s5r1c/M/rJTq4dFMm4kRTQWaDgoQjHaE8FjRgkhLNJ4ZgIpnZFZERlphoE17FhODMn7xI2md1x/C781rjqoijDAdwCMfgwAU04Baa0AICj/AMr/BmPVkv1rv1MSstWUXPPvyB9fkDNnOYtw==</latexit><latexit sha1_base64="TjGXhXVKxFNm2ZN13VVKIVEpSKc=">AAACCXicbVDLSsNAFL2pr1pfVZduBosgiCURQRcKBTcuK9gHtCFMppN26GQSZiZCCdm68VfcuFDErX/gzr9x0mahrQcGzpxzL/fe48ecKW3b31ZpaXllda28XtnY3Nreqe7utVWUSEJbJOKR7PpYUc4EbWmmOe3GkuLQ57Tjj29yv/NApWKRuNeTmLohHgoWMIK1kbwqwh5H16gfYj3yg7STme/IS/mpk6ET5Hvcq9bsuj0FWiROQWpQoOlVv/qDiCQhFZpwrFTPsWPtplhqRjjNKv1E0RiTMR7SnqECh1S56fSSDB0ZZYCCSJonNJqqvztSHCo1CX1TmW+s5r1c/M/rJTq4dFMm4kRTQWaDgoQjHaE8FjRgkhLNJ4ZgIpnZFZERlphoE17FhODMn7xI2md1x/C781rjqoijDAdwCMfgwAU04Baa0AICj/AMr/BmPVkv1rv1MSstWUXPPvyB9fkDNnOYtw==</latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="zYWGEKkDezfaT2NXNmiZYtXxcB8=">AAAB/nicbZDNSgMxFIXv1L9aq45u3QSLIIhlxo1uBMGNywr2B9phyKSZNjTJDElGKMNs3fgqblwo4mO4823MtF1o64XAl3Nyyb0nSjnTxvO+ncra+sbmVnW7tlPf3dt3D+odnWSK0DZJeKJ6EdaUM0nbhhlOe6miWEScdqPJbel3H6nSLJEPZprSQOCRZDEj2FgpdBEOObpGA4HNOIrzbmGv4zDn536BzlAU8tBteE1vVmgV/AU0YFGt0P0aDBOSCSoN4Vjrvu+lJsixMoxwWtQGmaYpJhM8on2LEguqg3y2SYFOrDJEcaLskQbN1N8dORZaT0VkX5YT62WvFP/z+pmJr4KcyTQzVJL5R3HGkUlQGQsaMkWJ4VMLmChmZ0VkjBUmxoZXsyH4yyuvQuei6Vu+96AKR3AMp+DDJdzAHbSgDQSe4AXe4N15dl6dj3lcFWeR2yH8KefzB6gvl0k=</latexit><latexit sha1_base64="zYWGEKkDezfaT2NXNmiZYtXxcB8=">AAAB/nicbZDNSgMxFIXv1L9aq45u3QSLIIhlxo1uBMGNywr2B9phyKSZNjTJDElGKMNs3fgqblwo4mO4823MtF1o64XAl3Nyyb0nSjnTxvO+ncra+sbmVnW7tlPf3dt3D+odnWSK0DZJeKJ6EdaUM0nbhhlOe6miWEScdqPJbel3H6nSLJEPZprSQOCRZDEj2FgpdBEOObpGA4HNOIrzbmGv4zDn536BzlAU8tBteE1vVmgV/AU0YFGt0P0aDBOSCSoN4Vjrvu+lJsixMoxwWtQGmaYpJhM8on2LEguqg3y2SYFOrDJEcaLskQbN1N8dORZaT0VkX5YT62WvFP/z+pmJr4KcyTQzVJL5R3HGkUlQGQsaMkWJ4VMLmChmZ0VkjBUmxoZXsyH4yyuvQuei6Vu+96AKR3AMp+DDJdzAHbSgDQSe4AXe4N15dl6dj3lcFWeR2yH8KefzB6gvl0k=</latexit><latexit sha1_base64="9P1rVZYj0/DxBB0WqkZsGoXVi4Y=">AAACCXicbVDLSsNAFL3xWesr6tLNYBEEsSRudKFQcOOygn1AG8JkOmmHTiZhZiKUkK0bf8WNC0Xc+gfu/BsnbRbaemDgzDn3cu89QcKZ0o7zbS0tr6yurVc2qptb2zu79t5+W8WpJLRFYh7LboAV5UzQlmaa024iKY4CTjvB+KbwOw9UKhaLez1JqBfhoWAhI1gbybcR9jm6Rv0I61EQZp3cfEd+xs/cHJ2iwOe+XXPqzhRokbglqUGJpm9/9QcxSSMqNOFYqZ7rJNrLsNSMcJpX+6miCSZjPKQ9QwWOqPKy6SU5OjbKAIWxNE9oNFV/d2Q4UmoSBaay2FjNe4X4n9dLdXjpZUwkqaaCzAaFKUc6RkUsaMAkJZpPDMFEMrMrIiMsMdEmvKoJwZ0/eZG0z+uu4XdOrXFVxlGBQziCE3DhAhpwC01oAYFHeIZXeLOerBfr3fqYlS5ZZc8B/IH1+QM1M5iz</latexit><latexit sha1_base64="TjGXhXVKxFNm2ZN13VVKIVEpSKc=">AAACCXicbVDLSsNAFL2pr1pfVZduBosgiCURQRcKBTcuK9gHtCFMppN26GQSZiZCCdm68VfcuFDErX/gzr9x0mahrQcGzpxzL/fe48ecKW3b31ZpaXllda28XtnY3Nreqe7utVWUSEJbJOKR7PpYUc4EbWmmOe3GkuLQ57Tjj29yv/NApWKRuNeTmLohHgoWMIK1kbwqwh5H16gfYj3yg7STme/IS/mpk6ET5Hvcq9bsuj0FWiROQWpQoOlVv/qDiCQhFZpwrFTPsWPtplhqRjjNKv1E0RiTMR7SnqECh1S56fSSDB0ZZYCCSJonNJqqvztSHCo1CX1TmW+s5r1c/M/rJTq4dFMm4kRTQWaDgoQjHaE8FjRgkhLNJ4ZgIpnZFZERlphoE17FhODMn7xI2md1x/C781rjqoijDAdwCMfgwAU04Baa0AICj/AMr/BmPVkv1rv1MSstWUXPPvyB9fkDNnOYtw==</latexit><latexit sha1_base64="TjGXhXVKxFNm2ZN13VVKIVEpSKc=">AAACCXicbVDLSsNAFL2pr1pfVZduBosgiCURQRcKBTcuK9gHtCFMppN26GQSZiZCCdm68VfcuFDErX/gzr9x0mahrQcGzpxzL/fe48ecKW3b31ZpaXllda28XtnY3Nreqe7utVWUSEJbJOKR7PpYUc4EbWmmOe3GkuLQ57Tjj29yv/NApWKRuNeTmLohHgoWMIK1kbwqwh5H16gfYj3yg7STme/IS/mpk6ET5Hvcq9bsuj0FWiROQWpQoOlVv/qDiCQhFZpwrFTPsWPtplhqRjjNKv1E0RiTMR7SnqECh1S56fSSDB0ZZYCCSJonNJqqvztSHCo1CX1TmW+s5r1c/M/rJTq4dFMm4kRTQWaDgoQjHaE8FjRgkhLNJ4ZgIpnZFZERlphoE17FhODMn7xI2md1x/C781rjqoijDAdwCMfgwAU04Baa0AICj/AMr/BmPVkv1rv1MSstWUXPPvyB9fkDNnOYtw==</latexit><latexit sha1_base64="TjGXhXVKxFNm2ZN13VVKIVEpSKc=">AAACCXicbVDLSsNAFL2pr1pfVZduBosgiCURQRcKBTcuK9gHtCFMppN26GQSZiZCCdm68VfcuFDErX/gzr9x0mahrQcGzpxzL/fe48ecKW3b31ZpaXllda28XtnY3Nreqe7utVWUSEJbJOKR7PpYUc4EbWmmOe3GkuLQ57Tjj29yv/NApWKRuNeTmLohHgoWMIK1kbwqwh5H16gfYj3yg7STme/IS/mpk6ET5Hvcq9bsuj0FWiROQWpQoOlVv/qDiCQhFZpwrFTPsWPtplhqRjjNKv1E0RiTMR7SnqECh1S56fSSDB0ZZYCCSJonNJqqvztSHCo1CX1TmW+s5r1c/M/rJTq4dFMm4kRTQWaDgoQjHaE8FjRgkhLNJ4ZgIpnZFZERlphoE17FhODMn7xI2md1x/C781rjqoijDAdwCMfgwAU04Baa0AICj/AMr/BmPVkv1rv1MSstWUXPPvyB9fkDNnOYtw==</latexit><latexit sha1_base64="TjGXhXVKxFNm2ZN13VVKIVEpSKc=">AAACCXicbVDLSsNAFL2pr1pfVZduBosgiCURQRcKBTcuK9gHtCFMppN26GQSZiZCCdm68VfcuFDErX/gzr9x0mahrQcGzpxzL/fe48ecKW3b31ZpaXllda28XtnY3Nreqe7utVWUSEJbJOKR7PpYUc4EbWmmOe3GkuLQ57Tjj29yv/NApWKRuNeTmLohHgoWMIK1kbwqwh5H16gfYj3yg7STme/IS/mpk6ET5Hvcq9bsuj0FWiROQWpQoOlVv/qDiCQhFZpwrFTPsWPtplhqRjjNKv1E0RiTMR7SnqECh1S56fSSDB0ZZYCCSJonNJqqvztSHCo1CX1TmW+s5r1c/M/rJTq4dFMm4kRTQWaDgoQjHaE8FjRgkhLNJ4ZgIpnZFZERlphoE17FhODMn7xI2md1x/C781rjqoijDAdwCMfgwAU04Baa0AICj/AMr/BmPVkv1rv1MSstWUXPPvyB9fkDNnOYtw==</latexit><latexit sha1_base64="TjGXhXVKxFNm2ZN13VVKIVEpSKc=">AAACCXicbVDLSsNAFL2pr1pfVZduBosgiCURQRcKBTcuK9gHtCFMppN26GQSZiZCCdm68VfcuFDErX/gzr9x0mahrQcGzpxzL/fe48ecKW3b31ZpaXllda28XtnY3Nreqe7utVWUSEJbJOKR7PpYUc4EbWmmOe3GkuLQ57Tjj29yv/NApWKRuNeTmLohHgoWMIK1kbwqwh5H16gfYj3yg7STme/IS/mpk6ET5Hvcq9bsuj0FWiROQWpQoOlVv/qDiCQhFZpwrFTPsWPtplhqRjjNKv1E0RiTMR7SnqECh1S56fSSDB0ZZYCCSJonNJqqvztSHCo1CX1TmW+s5r1c/M/rJTq4dFMm4kRTQWaDgoQjHaE8FjRgkhLNJ4ZgIpnZFZERlphoE17FhODMn7xI2md1x/C781rjqoijDAdwCMfgwAU04Baa0AICj/AMr/BmPVkv1rv1MSstWUXPPvyB9fkDNnOYtw==</latexit><latexit sha1_base64="TjGXhXVKxFNm2ZN13VVKIVEpSKc=">AAACCXicbVDLSsNAFL2pr1pfVZduBosgiCURQRcKBTcuK9gHtCFMppN26GQSZiZCCdm68VfcuFDErX/gzr9x0mahrQcGzpxzL/fe48ecKW3b31ZpaXllda28XtnY3Nreqe7utVWUSEJbJOKR7PpYUc4EbWmmOe3GkuLQ57Tjj29yv/NApWKRuNeTmLohHgoWMIK1kbwqwh5H16gfYj3yg7STme/IS/mpk6ET5Hvcq9bsuj0FWiROQWpQoOlVv/qDiCQhFZpwrFTPsWPtplhqRjjNKv1E0RiTMR7SnqECh1S56fSSDB0ZZYCCSJonNJqqvztSHCo1CX1TmW+s5r1c/M/rJTq4dFMm4kRTQWaDgoQjHaE8FjRgkhLNJ4ZgIpnZFZERlphoE17FhODMn7xI2md1x/C781rjqoijDAdwCMfgwAU04Baa0AICj/AMr/BmPVkv1rv1MSstWUXPPvyB9fkDNnOYtw==</latexit>



Computer
Vision The activation is a bit problematic

• The linear transformation has three issues

1. Fully connected links leads to too many parameters.

2. Images are composed of a hierarchy of local statistics

al = Wlhl�1 + bl
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Computer
Vision The activation is a bit problematic

• The linear transformation has two issues

1. Fully connected links leads to too many parameters.

2. Images are composed of a hierarchy of local statistics

3. Lack of translation invariance

al = Wlhl�1 + bl
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Computer
Vision The activation is a bit problematic

• The linear transformation has two issues

1. Fully connected links leads to too many parameters.

2. Images are composed of a hierarchy of local statistics

al = Wlhl�1 + bl
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al,k =
X

j

wl,kjhl�1,j + bl,k
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Fully connected architecture

Convolutional architecture



Computer
Vision The activation is a bit problematic

• The linear transformation has two issues

1. Fully connected links leads to too many parameters.

2. Images are composed of a hierarchy of local statistics

al = Wlhl�1 + bl
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al,k =
X

j

wl,kjhl�1,j + bl,k
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Fully connected architecture

Convolutional architecture
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<latexit sha1_base64="u2Xp5vyYtOZvrueuGF5a/DzT7Xo=">AAAB7HicbZBNSwMxEIZn61etX1WPXoJFEA9lVwQ9Frz0WMFtC+1Ssmm2Dc1ml2RWLaW/wYsHRbz6g7z5b0zbPWjrC4GHd2bIzBumUhh03W+nsLa+sblV3C7t7O7tH5QPj5omyTTjPktkotshNVwKxX0UKHk71ZzGoeStcHQ7q7ceuDYiUfc4TnkQ04ESkWAUreU/kgvy1CtX3Ko7F1kFL4cK5Gr0yl/dfsKymCtkkhrT8dwUgwnVKJjk01I3MzylbEQHvGNR0ZibYDJfdkrOrNMnUaLtU0jm7u+JCY2NGceh7YwpDs1ybWb+V+tkGN0EE6HSDLlii4+iTBJMyOxy0heaM5RjC5RpYXclbEg1ZWjzKdkQvOWTV6F5WfUs311VavU8jiKcwCmcgwfXUIM6NMAHBgKe4RXeHOW8OO/Ox6K14OQzx/BHzucP03eOCw==</latexit><latexit sha1_base64="u2Xp5vyYtOZvrueuGF5a/DzT7Xo=">AAAB7HicbZBNSwMxEIZn61etX1WPXoJFEA9lVwQ9Frz0WMFtC+1Ssmm2Dc1ml2RWLaW/wYsHRbz6g7z5b0zbPWjrC4GHd2bIzBumUhh03W+nsLa+sblV3C7t7O7tH5QPj5omyTTjPktkotshNVwKxX0UKHk71ZzGoeStcHQ7q7ceuDYiUfc4TnkQ04ESkWAUreU/kgvy1CtX3Ko7F1kFL4cK5Gr0yl/dfsKymCtkkhrT8dwUgwnVKJjk01I3MzylbEQHvGNR0ZibYDJfdkrOrNMnUaLtU0jm7u+JCY2NGceh7YwpDs1ybWb+V+tkGN0EE6HSDLlii4+iTBJMyOxy0heaM5RjC5RpYXclbEg1ZWjzKdkQvOWTV6F5WfUs311VavU8jiKcwCmcgwfXUIM6NMAHBgKe4RXeHOW8OO/Ox6K14OQzx/BHzucP03eOCw==</latexit><latexit sha1_base64="u2Xp5vyYtOZvrueuGF5a/DzT7Xo=">AAAB7HicbZBNSwMxEIZn61etX1WPXoJFEA9lVwQ9Frz0WMFtC+1Ssmm2Dc1ml2RWLaW/wYsHRbz6g7z5b0zbPWjrC4GHd2bIzBumUhh03W+nsLa+sblV3C7t7O7tH5QPj5omyTTjPktkotshNVwKxX0UKHk71ZzGoeStcHQ7q7ceuDYiUfc4TnkQ04ESkWAUreU/kgvy1CtX3Ko7F1kFL4cK5Gr0yl/dfsKymCtkkhrT8dwUgwnVKJjk01I3MzylbEQHvGNR0ZibYDJfdkrOrNMnUaLtU0jm7u+JCY2NGceh7YwpDs1ybWb+V+tkGN0EE6HSDLlii4+iTBJMyOxy0heaM5RjC5RpYXclbEg1ZWjzKdkQvOWTV6F5WfUs311VavU8jiKcwCmcgwfXUIM6NMAHBgKe4RXeHOW8OO/Ox6K14OQzx/BHzucP03eOCw==</latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="ingEi65svSi9jbTNmKLYYLDtmpY=">AAAB4XicbZDNSgMxFIXv1L9aq1a3boJFEBdlxo0uBTcuKzhtoR1KJr3ThiaZIcmoZegzuHGhiC/lzrcx/Vlo64HAxzkJuffEmeDG+v63V9rY3NreKe9W9qr7B4e1o2rLpLlmGLJUpLoTU4OCKwwttwI7mUYqY4HteHw7y9uPqA1P1YOdZBhJOlQ84YxaZ4VP5II892t1v+HPRdYhWEIdlmr2a1+9QcpyicoyQY3pBn5mo4Jqy5nAaaWXG8woG9Mhdh0qKtFExXzYKTlzzoAkqXZHWTJ3f78oqDRmImN3U1I7MqvZzPwv6+Y2uY4KrrLcomKLj5JcEJuS2eZkwDUyKyYOKNPczUrYiGrKrOun4koIVldeh9ZlI3B870MZTuAUziGAK7iBO2hCCAw4vMAbvHvKe/U+FnWVvGVvx/BH3ucPsliMrg==</latexit><latexit sha1_base64="ingEi65svSi9jbTNmKLYYLDtmpY=">AAAB4XicbZDNSgMxFIXv1L9aq1a3boJFEBdlxo0uBTcuKzhtoR1KJr3ThiaZIcmoZegzuHGhiC/lzrcx/Vlo64HAxzkJuffEmeDG+v63V9rY3NreKe9W9qr7B4e1o2rLpLlmGLJUpLoTU4OCKwwttwI7mUYqY4HteHw7y9uPqA1P1YOdZBhJOlQ84YxaZ4VP5II892t1v+HPRdYhWEIdlmr2a1+9QcpyicoyQY3pBn5mo4Jqy5nAaaWXG8woG9Mhdh0qKtFExXzYKTlzzoAkqXZHWTJ3f78oqDRmImN3U1I7MqvZzPwv6+Y2uY4KrrLcomKLj5JcEJuS2eZkwDUyKyYOKNPczUrYiGrKrOun4koIVldeh9ZlI3B870MZTuAUziGAK7iBO2hCCAw4vMAbvHvKe/U+FnWVvGVvx/BH3ucPsliMrg==</latexit><latexit sha1_base64="/TZfTAE68iMelaaqr7b6u39nNY8=">AAAB7HicbZBNS8NAEIYnftb6VfXoZbEI4qEkXvRY8NJjBdMW2lA22027dLMJuxO1hP4GLx4U8eoP8ua/cdvmoK0vLDy8M8POvGEqhUHX/XbW1jc2t7ZLO+Xdvf2Dw8rRccskmWbcZ4lMdCekhkuhuI8CJe+kmtM4lLwdjm9n9fYD10Yk6h4nKQ9iOlQiEoyitfxHckme+pWqW3PnIqvgFVCFQs1+5as3SFgWc4VMUmO6nptikFONgkk+Lfcyw1PKxnTIuxYVjbkJ8vmyU3JunQGJEm2fQjJ3f0/kNDZmEoe2M6Y4Msu1mflfrZthdBPkQqUZcsUWH0WZJJiQ2eVkIDRnKCcWKNPC7krYiGrK0OZTtiF4yyevQuuq5lm+c6v1RhFHCU7hDC7Ag2uoQwOa4AMDAc/wCm+Ocl6cd+dj0brmFDMn8EfO5w/SN44H</latexit><latexit sha1_base64="u2Xp5vyYtOZvrueuGF5a/DzT7Xo=">AAAB7HicbZBNSwMxEIZn61etX1WPXoJFEA9lVwQ9Frz0WMFtC+1Ssmm2Dc1ml2RWLaW/wYsHRbz6g7z5b0zbPWjrC4GHd2bIzBumUhh03W+nsLa+sblV3C7t7O7tH5QPj5omyTTjPktkotshNVwKxX0UKHk71ZzGoeStcHQ7q7ceuDYiUfc4TnkQ04ESkWAUreU/kgvy1CtX3Ko7F1kFL4cK5Gr0yl/dfsKymCtkkhrT8dwUgwnVKJjk01I3MzylbEQHvGNR0ZibYDJfdkrOrNMnUaLtU0jm7u+JCY2NGceh7YwpDs1ybWb+V+tkGN0EE6HSDLlii4+iTBJMyOxy0heaM5RjC5RpYXclbEg1ZWjzKdkQvOWTV6F5WfUs311VavU8jiKcwCmcgwfXUIM6NMAHBgKe4RXeHOW8OO/Ox6K14OQzx/BHzucP03eOCw==</latexit><latexit sha1_base64="u2Xp5vyYtOZvrueuGF5a/DzT7Xo=">AAAB7HicbZBNSwMxEIZn61etX1WPXoJFEA9lVwQ9Frz0WMFtC+1Ssmm2Dc1ml2RWLaW/wYsHRbz6g7z5b0zbPWjrC4GHd2bIzBumUhh03W+nsLa+sblV3C7t7O7tH5QPj5omyTTjPktkotshNVwKxX0UKHk71ZzGoeStcHQ7q7ceuDYiUfc4TnkQ04ESkWAUreU/kgvy1CtX3Ko7F1kFL4cK5Gr0yl/dfsKymCtkkhrT8dwUgwnVKJjk01I3MzylbEQHvGNR0ZibYDJfdkrOrNMnUaLtU0jm7u+JCY2NGceh7YwpDs1ybWb+V+tkGN0EE6HSDLlii4+iTBJMyOxy0heaM5RjC5RpYXclbEg1ZWjzKdkQvOWTV6F5WfUs311VavU8jiKcwCmcgwfXUIM6NMAHBgKe4RXeHOW8OO/Ox6K14OQzx/BHzucP03eOCw==</latexit><latexit sha1_base64="u2Xp5vyYtOZvrueuGF5a/DzT7Xo=">AAAB7HicbZBNSwMxEIZn61etX1WPXoJFEA9lVwQ9Frz0WMFtC+1Ssmm2Dc1ml2RWLaW/wYsHRbz6g7z5b0zbPWjrC4GHd2bIzBumUhh03W+nsLa+sblV3C7t7O7tH5QPj5omyTTjPktkotshNVwKxX0UKHk71ZzGoeStcHQ7q7ceuDYiUfc4TnkQ04ESkWAUreU/kgvy1CtX3Ko7F1kFL4cK5Gr0yl/dfsKymCtkkhrT8dwUgwnVKJjk01I3MzylbEQHvGNR0ZibYDJfdkrOrNMnUaLtU0jm7u+JCY2NGceh7YwpDs1ybWb+V+tkGN0EE6HSDLlii4+iTBJMyOxy0heaM5RjC5RpYXclbEg1ZWjzKdkQvOWTV6F5WfUs311VavU8jiKcwCmcgwfXUIM6NMAHBgKe4RXeHOW8OO/Ox6K14OQzx/BHzucP03eOCw==</latexit><latexit sha1_base64="u2Xp5vyYtOZvrueuGF5a/DzT7Xo=">AAAB7HicbZBNSwMxEIZn61etX1WPXoJFEA9lVwQ9Frz0WMFtC+1Ssmm2Dc1ml2RWLaW/wYsHRbz6g7z5b0zbPWjrC4GHd2bIzBumUhh03W+nsLa+sblV3C7t7O7tH5QPj5omyTTjPktkotshNVwKxX0UKHk71ZzGoeStcHQ7q7ceuDYiUfc4TnkQ04ESkWAUreU/kgvy1CtX3Ko7F1kFL4cK5Gr0yl/dfsKymCtkkhrT8dwUgwnVKJjk01I3MzylbEQHvGNR0ZibYDJfdkrOrNMnUaLtU0jm7u+JCY2NGceh7YwpDs1ybWb+V+tkGN0EE6HSDLlii4+iTBJMyOxy0heaM5RjC5RpYXclbEg1ZWjzKdkQvOWTV6F5WfUs311VavU8jiKcwCmcgwfXUIM6NMAHBgKe4RXeHOW8OO/Ox6K14OQzx/BHzucP03eOCw==</latexit><latexit sha1_base64="u2Xp5vyYtOZvrueuGF5a/DzT7Xo=">AAAB7HicbZBNSwMxEIZn61etX1WPXoJFEA9lVwQ9Frz0WMFtC+1Ssmm2Dc1ml2RWLaW/wYsHRbz6g7z5b0zbPWjrC4GHd2bIzBumUhh03W+nsLa+sblV3C7t7O7tH5QPj5omyTTjPktkotshNVwKxX0UKHk71ZzGoeStcHQ7q7ceuDYiUfc4TnkQ04ESkWAUreU/kgvy1CtX3Ko7F1kFL4cK5Gr0yl/dfsKymCtkkhrT8dwUgwnVKJjk01I3MzylbEQHvGNR0ZibYDJfdkrOrNMnUaLtU0jm7u+JCY2NGceh7YwpDs1ybWb+V+tkGN0EE6HSDLlii4+iTBJMyOxy0heaM5RjC5RpYXclbEg1ZWjzKdkQvOWTV6F5WfUs311VavU8jiKcwCmcgwfXUIM6NMAHBgKe4RXeHOW8OO/Ox6K14OQzx/BHzucP03eOCw==</latexit><latexit sha1_base64="u2Xp5vyYtOZvrueuGF5a/DzT7Xo=">AAAB7HicbZBNSwMxEIZn61etX1WPXoJFEA9lVwQ9Frz0WMFtC+1Ssmm2Dc1ml2RWLaW/wYsHRbz6g7z5b0zbPWjrC4GHd2bIzBumUhh03W+nsLa+sblV3C7t7O7tH5QPj5omyTTjPktkotshNVwKxX0UKHk71ZzGoeStcHQ7q7ceuDYiUfc4TnkQ04ESkWAUreU/kgvy1CtX3Ko7F1kFL4cK5Gr0yl/dfsKymCtkkhrT8dwUgwnVKJjk01I3MzylbEQHvGNR0ZibYDJfdkrOrNMnUaLtU0jm7u+JCY2NGceh7YwpDs1ybWb+V+tkGN0EE6HSDLlii4+iTBJMyOxy0heaM5RjC5RpYXclbEg1ZWjzKdkQvOWTV6F5WfUs311VavU8jiKcwCmcgwfXUIM6NMAHBgKe4RXeHOW8OO/Ox6K14OQzx/BHzucP03eOCw==</latexit>

Image: x

Convolution kernel: w
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Image: x

Convolution kernel: w

aij =
X

p

X

q

x(i�p)(j�q)w(p)(q)
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Computer
Vision Convolutions instead of projections

• Each hl-1,j is a number and so is al,k

• Each hl is a vector of neurons and 
al is a vector of activation
• There is a separate wl,kj that is 

linking each neuron hl-1,j to each 
al,k. 
• High dimensions of hl-1 and al lead 

to high number of weights

• Each hl-1,j is an image of neurons
and so is al,k.
• There is a separate convolutional 

kernel linking images hl-1,j and al,k. 
Same kernel applies to the entire 
image of neurons
• In the literature hl,j are called 

channels
• wl,kj are convolutional filters. 

al,k =
X

j

wl,kjhl�1,j + bl,k
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Nonlinearities following activations remain similar



Computer
Vision Image of neurons - channel

Fully connected
Vector of neurons form a layer

Convolutional architecture
Image of neurons form a channel



Computer
Vision Vector of channels forms a layer

Fully connected
Vector of neurons form a layer

Convolutional architecture
Vector of channels form a layer



Computer
Vision Analogy between two: each neuron 

becomes a channel

Fully connected
Vector of neurons form a layer

Convolutional architecture
Vector of channels form a layer



Computer
Vision Tensor representation

Fully connected architecture:
Vector representation of layers

Nl

Ml

dl

dl

Convolutional architecture:
Tensor representation of layers



Computer
Vision

We can also use the same graphical 
representation

Fully connected architecture:
dl neurons

Convolutional architecture:
dl channels



Computer
Vision Connections represent convolutions

Fully connected link
Multiplication followed by addition

Convolutional link
Convolution followed by addition

al,k =
X

j

wl,kjhl�1,j + bl,k
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<latexit sha1_base64="sxnsvGUpsfYaN9BSfZDUsKZjdt4=">AAACGXicbZDLSsNAFIYn9VbrLerSzWARRGtJRNCFQsGNywr2Am0Ik+mknXYmCTMTpYS8hhtfxY0LRVzqyrdxmmahrT8MfPznHM6c34sYlcqyvo3CwuLS8kpxtbS2vrG5ZW7vNGUYC0waOGShaHtIEkYD0lBUMdKOBEHcY6Tlja4n9dY9EZKGwZ0aR8ThqB9Qn2KktOWaFnITVhml8Ap2ZczdZJjCh8wapkdwoOnErmjvGHrTRtcsW1UrE5wHO4cyyFV3zc9uL8QxJ4HCDEnZsa1IOQkSimJG0lI3liRCeIT6pKMxQJxIJ8kuS+GBdnrQD4V+gYKZ+3siQVzKMfd0J0dqIGdrE/O/WidW/oWT0CCKFQnwdJEfM6hCOIkJ9qggWLGxBoQF1X+FeIAEwkqHWdIh2LMnz0PztGprvj0r1y7zOIpgD+yDQ2CDc1ADN6AOGgCDR/AMXsGb8WS8GO/Gx7S1YOQzu+CPjK8fKnyfGg==</latexit><latexit sha1_base64="sxnsvGUpsfYaN9BSfZDUsKZjdt4=">AAACGXicbZDLSsNAFIYn9VbrLerSzWARRGtJRNCFQsGNywr2Am0Ik+mknXYmCTMTpYS8hhtfxY0LRVzqyrdxmmahrT8MfPznHM6c34sYlcqyvo3CwuLS8kpxtbS2vrG5ZW7vNGUYC0waOGShaHtIEkYD0lBUMdKOBEHcY6Tlja4n9dY9EZKGwZ0aR8ThqB9Qn2KktOWaFnITVhml8Ap2ZczdZJjCh8wapkdwoOnErmjvGHrTRtcsW1UrE5wHO4cyyFV3zc9uL8QxJ4HCDEnZsa1IOQkSimJG0lI3liRCeIT6pKMxQJxIJ8kuS+GBdnrQD4V+gYKZ+3siQVzKMfd0J0dqIGdrE/O/WidW/oWT0CCKFQnwdJEfM6hCOIkJ9qggWLGxBoQF1X+FeIAEwkqHWdIh2LMnz0PztGprvj0r1y7zOIpgD+yDQ2CDc1ADN6AOGgCDR/AMXsGb8WS8GO/Gx7S1YOQzu+CPjK8fKnyfGg==</latexit><latexit sha1_base64="sxnsvGUpsfYaN9BSfZDUsKZjdt4=">AAACGXicbZDLSsNAFIYn9VbrLerSzWARRGtJRNCFQsGNywr2Am0Ik+mknXYmCTMTpYS8hhtfxY0LRVzqyrdxmmahrT8MfPznHM6c34sYlcqyvo3CwuLS8kpxtbS2vrG5ZW7vNGUYC0waOGShaHtIEkYD0lBUMdKOBEHcY6Tlja4n9dY9EZKGwZ0aR8ThqB9Qn2KktOWaFnITVhml8Ap2ZczdZJjCh8wapkdwoOnErmjvGHrTRtcsW1UrE5wHO4cyyFV3zc9uL8QxJ4HCDEnZsa1IOQkSimJG0lI3liRCeIT6pKMxQJxIJ8kuS+GBdnrQD4V+gYKZ+3siQVzKMfd0J0dqIGdrE/O/WidW/oWT0CCKFQnwdJEfM6hCOIkJ9qggWLGxBoQF1X+FeIAEwkqHWdIh2LMnz0PztGprvj0r1y7zOIpgD+yDQ2CDc1ADN6AOGgCDR/AMXsGb8WS8GO/Gx7S1YOQzu+CPjK8fKnyfGg==</latexit><latexit sha1_base64="sxnsvGUpsfYaN9BSfZDUsKZjdt4=">AAACGXicbZDLSsNAFIYn9VbrLerSzWARRGtJRNCFQsGNywr2Am0Ik+mknXYmCTMTpYS8hhtfxY0LRVzqyrdxmmahrT8MfPznHM6c34sYlcqyvo3CwuLS8kpxtbS2vrG5ZW7vNGUYC0waOGShaHtIEkYD0lBUMdKOBEHcY6Tlja4n9dY9EZKGwZ0aR8ThqB9Qn2KktOWaFnITVhml8Ap2ZczdZJjCh8wapkdwoOnErmjvGHrTRtcsW1UrE5wHO4cyyFV3zc9uL8QxJ4HCDEnZsa1IOQkSimJG0lI3liRCeIT6pKMxQJxIJ8kuS+GBdnrQD4V+gYKZ+3siQVzKMfd0J0dqIGdrE/O/WidW/oWT0CCKFQnwdJEfM6hCOIkJ9qggWLGxBoQF1X+FeIAEwkqHWdIh2LMnz0PztGprvj0r1y7zOIpgD+yDQ2CDc1ADN6AOGgCDR/AMXsGb8WS8GO/Gx7S1YOQzu+CPjK8fKnyfGg==</latexit>



Computer
Vision Connections represent convolutions

Convolutional link
Convolution followed by addition

al,k =
X

j

wl,kj ⇤ hl�1,j + bl,k
<latexit sha1_base64="sxnsvGUpsfYaN9BSfZDUsKZjdt4=">AAACGXicbZDLSsNAFIYn9VbrLerSzWARRGtJRNCFQsGNywr2Am0Ik+mknXYmCTMTpYS8hhtfxY0LRVzqyrdxmmahrT8MfPznHM6c34sYlcqyvo3CwuLS8kpxtbS2vrG5ZW7vNGUYC0waOGShaHtIEkYD0lBUMdKOBEHcY6Tlja4n9dY9EZKGwZ0aR8ThqB9Qn2KktOWaFnITVhml8Ap2ZczdZJjCh8wapkdwoOnErmjvGHrTRtcsW1UrE5wHO4cyyFV3zc9uL8QxJ4HCDEnZsa1IOQkSimJG0lI3liRCeIT6pKMxQJxIJ8kuS+GBdnrQD4V+gYKZ+3siQVzKMfd0J0dqIGdrE/O/WidW/oWT0CCKFQnwdJEfM6hCOIkJ9qggWLGxBoQF1X+FeIAEwkqHWdIh2LMnz0PztGprvj0r1y7zOIpgD+yDQ2CDc1ADN6AOGgCDR/AMXsGb8WS8GO/Gx7S1YOQzu+CPjK8fKnyfGg==</latexit><latexit sha1_base64="sxnsvGUpsfYaN9BSfZDUsKZjdt4=">AAACGXicbZDLSsNAFIYn9VbrLerSzWARRGtJRNCFQsGNywr2Am0Ik+mknXYmCTMTpYS8hhtfxY0LRVzqyrdxmmahrT8MfPznHM6c34sYlcqyvo3CwuLS8kpxtbS2vrG5ZW7vNGUYC0waOGShaHtIEkYD0lBUMdKOBEHcY6Tlja4n9dY9EZKGwZ0aR8ThqB9Qn2KktOWaFnITVhml8Ap2ZczdZJjCh8wapkdwoOnErmjvGHrTRtcsW1UrE5wHO4cyyFV3zc9uL8QxJ4HCDEnZsa1IOQkSimJG0lI3liRCeIT6pKMxQJxIJ8kuS+GBdnrQD4V+gYKZ+3siQVzKMfd0J0dqIGdrE/O/WidW/oWT0CCKFQnwdJEfM6hCOIkJ9qggWLGxBoQF1X+FeIAEwkqHWdIh2LMnz0PztGprvj0r1y7zOIpgD+yDQ2CDc1ADN6AOGgCDR/AMXsGb8WS8GO/Gx7S1YOQzu+CPjK8fKnyfGg==</latexit><latexit sha1_base64="sxnsvGUpsfYaN9BSfZDUsKZjdt4=">AAACGXicbZDLSsNAFIYn9VbrLerSzWARRGtJRNCFQsGNywr2Am0Ik+mknXYmCTMTpYS8hhtfxY0LRVzqyrdxmmahrT8MfPznHM6c34sYlcqyvo3CwuLS8kpxtbS2vrG5ZW7vNGUYC0waOGShaHtIEkYD0lBUMdKOBEHcY6Tlja4n9dY9EZKGwZ0aR8ThqB9Qn2KktOWaFnITVhml8Ap2ZczdZJjCh8wapkdwoOnErmjvGHrTRtcsW1UrE5wHO4cyyFV3zc9uL8QxJ4HCDEnZsa1IOQkSimJG0lI3liRCeIT6pKMxQJxIJ8kuS+GBdnrQD4V+gYKZ+3siQVzKMfd0J0dqIGdrE/O/WidW/oWT0CCKFQnwdJEfM6hCOIkJ9qggWLGxBoQF1X+FeIAEwkqHWdIh2LMnz0PztGprvj0r1y7zOIpgD+yDQ2CDc1ADN6AOGgCDR/AMXsGb8WS8GO/Gx7S1YOQzu+CPjK8fKnyfGg==</latexit><latexit sha1_base64="sxnsvGUpsfYaN9BSfZDUsKZjdt4=">AAACGXicbZDLSsNAFIYn9VbrLerSzWARRGtJRNCFQsGNywr2Am0Ik+mknXYmCTMTpYS8hhtfxY0LRVzqyrdxmmahrT8MfPznHM6c34sYlcqyvo3CwuLS8kpxtbS2vrG5ZW7vNGUYC0waOGShaHtIEkYD0lBUMdKOBEHcY6Tlja4n9dY9EZKGwZ0aR8ThqB9Qn2KktOWaFnITVhml8Ap2ZczdZJjCh8wapkdwoOnErmjvGHrTRtcsW1UrE5wHO4cyyFV3zc9uL8QxJ4HCDEnZsa1IOQkSimJG0lI3liRCeIT6pKMxQJxIJ8kuS+GBdnrQD4V+gYKZ+3siQVzKMfd0J0dqIGdrE/O/WidW/oWT0CCKFQnwdJEfM6hCOIkJ9qggWLGxBoQF1X+FeIAEwkqHWdIh2LMnz0PztGprvj0r1y7zOIpgD+yDQ2CDc1ADN6AOGgCDR/AMXsGb8WS8GO/Gx7S1YOQzu+CPjK8fKnyfGg==</latexit>
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Same filter is used for all neurons in 
the same channel: Weight sharing



Computer
Vision Layer size and number of parameters at 

the beginning

x 2 RN0⇥M0
<latexit sha1_base64="TQtNcp4e2SOLVs/ljOhzKa4L+VU=">AAACIHicbVDLSsNAFJ34rPFVdelmsBRclUSEunBRcONGqWIf0MQwmUzaoZNJmJmIJeRT3Pgrblwoojv9GqdtFrX1wMDhnHOZe4+fMCqVZX0bS8srq2vrpQ1zc2t7Z7e8t9+WcSowaeGYxaLrI0kY5aSlqGKkmwiCIp+Rjj+8GPudByIkjfmdGiXEjVCf05BipLTkleuPDuVOhNTA97Pb/D679ixH0YhIeOVZueOY1YFn6wycCQWe7ZUrVs2aAC4SuyAVUKDplb+cIMZpRLjCDEnZs61EuRkSimJGctNJJUkQHqI+6WnKkV7BzSYH5rCqlQCGsdCPKzhRZycyFEk5inydHG8p572x+J/XS1V45maUJ6kiHE8/ClMGVQzHbcGACoIVG2mCsKB6V4gHSCCsdKemLsGeP3mRtE9qtuY3p5XGeVFHCRyCI3AMbFAHDXAJmqAFMHgCL+ANvBvPxqvxYXxOo0tGMXMA/sD4+QUB+qLP</latexit><latexit sha1_base64="TQtNcp4e2SOLVs/ljOhzKa4L+VU=">AAACIHicbVDLSsNAFJ34rPFVdelmsBRclUSEunBRcONGqWIf0MQwmUzaoZNJmJmIJeRT3Pgrblwoojv9GqdtFrX1wMDhnHOZe4+fMCqVZX0bS8srq2vrpQ1zc2t7Z7e8t9+WcSowaeGYxaLrI0kY5aSlqGKkmwiCIp+Rjj+8GPudByIkjfmdGiXEjVCf05BipLTkleuPDuVOhNTA97Pb/D679ixH0YhIeOVZueOY1YFn6wycCQWe7ZUrVs2aAC4SuyAVUKDplb+cIMZpRLjCDEnZs61EuRkSimJGctNJJUkQHqI+6WnKkV7BzSYH5rCqlQCGsdCPKzhRZycyFEk5inydHG8p572x+J/XS1V45maUJ6kiHE8/ClMGVQzHbcGACoIVG2mCsKB6V4gHSCCsdKemLsGeP3mRtE9qtuY3p5XGeVFHCRyCI3AMbFAHDXAJmqAFMHgCL+ANvBvPxqvxYXxOo0tGMXMA/sD4+QUB+qLP</latexit><latexit sha1_base64="TQtNcp4e2SOLVs/ljOhzKa4L+VU=">AAACIHicbVDLSsNAFJ34rPFVdelmsBRclUSEunBRcONGqWIf0MQwmUzaoZNJmJmIJeRT3Pgrblwoojv9GqdtFrX1wMDhnHOZe4+fMCqVZX0bS8srq2vrpQ1zc2t7Z7e8t9+WcSowaeGYxaLrI0kY5aSlqGKkmwiCIp+Rjj+8GPudByIkjfmdGiXEjVCf05BipLTkleuPDuVOhNTA97Pb/D679ixH0YhIeOVZueOY1YFn6wycCQWe7ZUrVs2aAC4SuyAVUKDplb+cIMZpRLjCDEnZs61EuRkSimJGctNJJUkQHqI+6WnKkV7BzSYH5rCqlQCGsdCPKzhRZycyFEk5inydHG8p572x+J/XS1V45maUJ6kiHE8/ClMGVQzHbcGACoIVG2mCsKB6V4gHSCCsdKemLsGeP3mRtE9qtuY3p5XGeVFHCRyCI3AMbFAHDXAJmqAFMHgCL+ANvBvPxqvxYXxOo0tGMXMA/sD4+QUB+qLP</latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="IoDZYmdcGku3r2iPaB50hWbrutA=">AAACFXicbVDLSgMxFL3js9aq1a2bYCm4Khk3dSm4caNUsQ/ojEMmzbShmcyQZMQy9FPc+CtuXCiiO//G9LGorRcCh3NOuOeeMBVcG4x/nLX1jc2t7cJOcbe0t39QPiy1dJIpypo0EYnqhEQzwSVrGm4E66SKkTgUrB0OLyd6+5EpzRN5b0Yp82PSlzzilBhLBeX6k8elFxMzCMP8bvyQ3wTYMzxmGl0HeOx5xeogcK0HLZh6gRuUK7iGp4NWgTsHFZhPIyh/e72EZjGThgqiddfFqfFzogyngo2LXqZZSuiQ9FnXQklsBD+fHjhGVcv0UJQo+6RBU3bxR05irUdxaJ2TlHpZm5D/ad3MROd+zmWaGSbpbFGUCWQSNGkL9bhi1IiRBYQqbrMiOiCKUGM7LdoS3OWTV0HrrOZafIuhAMdwAqfgQh0u4Aoa0AQKz/AK7/DhvDhvzuesrjVn3tsR/Bnn6xcI0KFK</latexit><latexit sha1_base64="IoDZYmdcGku3r2iPaB50hWbrutA=">AAACFXicbVDLSgMxFL3js9aq1a2bYCm4Khk3dSm4caNUsQ/ojEMmzbShmcyQZMQy9FPc+CtuXCiiO//G9LGorRcCh3NOuOeeMBVcG4x/nLX1jc2t7cJOcbe0t39QPiy1dJIpypo0EYnqhEQzwSVrGm4E66SKkTgUrB0OLyd6+5EpzRN5b0Yp82PSlzzilBhLBeX6k8elFxMzCMP8bvyQ3wTYMzxmGl0HeOx5xeogcK0HLZh6gRuUK7iGp4NWgTsHFZhPIyh/e72EZjGThgqiddfFqfFzogyngo2LXqZZSuiQ9FnXQklsBD+fHjhGVcv0UJQo+6RBU3bxR05irUdxaJ2TlHpZm5D/ad3MROd+zmWaGSbpbFGUCWQSNGkL9bhi1IiRBYQqbrMiOiCKUGM7LdoS3OWTV0HrrOZafIuhAMdwAqfgQh0u4Aoa0AQKz/AK7/DhvDhvzuesrjVn3tsR/Bnn6xcI0KFK</latexit><latexit sha1_base64="c50zWrzlPfJ4Pl5De0Je9dIWUB4=">AAACIHicbVC7TsMwFHXKq4RXgJHFoqrEVCUsZWCoxMICKog+pCZEjuO0Vh0nsh1EFfVTWPgVFgYQgg2+BqftUFqOZOnonHPle0+QMiqVbX8bpZXVtfWN8qa5tb2zu2ftH7RlkglMWjhhiegGSBJGOWkpqhjppoKgOGCkEwwvCr/zQISkCb9To5R4MepzGlGMlJZ8q/7oUu7GSA2CIL8d3+fXvu0qGhMJr3x77LpmdeA7OgPnQqHv+FbFrtkTwGXizEgFzND0rS83THAWE64wQ1L2HDtVXo6EopiRselmkqQID1Gf9DTlSK/g5ZMDx7CqlRBGidCPKzhR5ydyFEs5igOdLLaUi14h/uf1MhWdeTnlaaYIx9OPooxBlcCiLRhSQbBiI00QFlTvCvEACYSV7tTUJTiLJy+T9mnN0fzGrjTOZ3WUwRE4BifAAXXQAJegCVoAgyfwAt7Au/FsvBofxuc0WjJmM4fgD4yfXwC6oss=</latexit><latexit sha1_base64="TQtNcp4e2SOLVs/ljOhzKa4L+VU=">AAACIHicbVDLSsNAFJ34rPFVdelmsBRclUSEunBRcONGqWIf0MQwmUzaoZNJmJmIJeRT3Pgrblwoojv9GqdtFrX1wMDhnHOZe4+fMCqVZX0bS8srq2vrpQ1zc2t7Z7e8t9+WcSowaeGYxaLrI0kY5aSlqGKkmwiCIp+Rjj+8GPudByIkjfmdGiXEjVCf05BipLTkleuPDuVOhNTA97Pb/D679ixH0YhIeOVZueOY1YFn6wycCQWe7ZUrVs2aAC4SuyAVUKDplb+cIMZpRLjCDEnZs61EuRkSimJGctNJJUkQHqI+6WnKkV7BzSYH5rCqlQCGsdCPKzhRZycyFEk5inydHG8p572x+J/XS1V45maUJ6kiHE8/ClMGVQzHbcGACoIVG2mCsKB6V4gHSCCsdKemLsGeP3mRtE9qtuY3p5XGeVFHCRyCI3AMbFAHDXAJmqAFMHgCL+ANvBvPxqvxYXxOo0tGMXMA/sD4+QUB+qLP</latexit><latexit sha1_base64="TQtNcp4e2SOLVs/ljOhzKa4L+VU=">AAACIHicbVDLSsNAFJ34rPFVdelmsBRclUSEunBRcONGqWIf0MQwmUzaoZNJmJmIJeRT3Pgrblwoojv9GqdtFrX1wMDhnHOZe4+fMCqVZX0bS8srq2vrpQ1zc2t7Z7e8t9+WcSowaeGYxaLrI0kY5aSlqGKkmwiCIp+Rjj+8GPudByIkjfmdGiXEjVCf05BipLTkleuPDuVOhNTA97Pb/D679ixH0YhIeOVZueOY1YFn6wycCQWe7ZUrVs2aAC4SuyAVUKDplb+cIMZpRLjCDEnZs61EuRkSimJGctNJJUkQHqI+6WnKkV7BzSYH5rCqlQCGsdCPKzhRZycyFEk5inydHG8p572x+J/XS1V45maUJ6kiHE8/ClMGVQzHbcGACoIVG2mCsKB6V4gHSCCsdKemLsGeP3mRtE9qtuY3p5XGeVFHCRyCI3AMbFAHDXAJmqAFMHgCL+ANvBvPxqvxYXxOo0tGMXMA/sD4+QUB+qLP</latexit><latexit sha1_base64="TQtNcp4e2SOLVs/ljOhzKa4L+VU=">AAACIHicbVDLSsNAFJ34rPFVdelmsBRclUSEunBRcONGqWIf0MQwmUzaoZNJmJmIJeRT3Pgrblwoojv9GqdtFrX1wMDhnHOZe4+fMCqVZX0bS8srq2vrpQ1zc2t7Z7e8t9+WcSowaeGYxaLrI0kY5aSlqGKkmwiCIp+Rjj+8GPudByIkjfmdGiXEjVCf05BipLTkleuPDuVOhNTA97Pb/D679ixH0YhIeOVZueOY1YFn6wycCQWe7ZUrVs2aAC4SuyAVUKDplb+cIMZpRLjCDEnZs61EuRkSimJGctNJJUkQHqI+6WnKkV7BzSYH5rCqlQCGsdCPKzhRZycyFEk5inydHG8p572x+J/XS1V45maUJ6kiHE8/ClMGVQzHbcGACoIVG2mCsKB6V4gHSCCsdKemLsGeP3mRtE9qtuY3p5XGeVFHCRyCI3AMbFAHDXAJmqAFMHgCL+ANvBvPxqvxYXxOo0tGMXMA/sD4+QUB+qLP</latexit><latexit sha1_base64="TQtNcp4e2SOLVs/ljOhzKa4L+VU=">AAACIHicbVDLSsNAFJ34rPFVdelmsBRclUSEunBRcONGqWIf0MQwmUzaoZNJmJmIJeRT3Pgrblwoojv9GqdtFrX1wMDhnHOZe4+fMCqVZX0bS8srq2vrpQ1zc2t7Z7e8t9+WcSowaeGYxaLrI0kY5aSlqGKkmwiCIp+Rjj+8GPudByIkjfmdGiXEjVCf05BipLTkleuPDuVOhNTA97Pb/D679ixH0YhIeOVZueOY1YFn6wycCQWe7ZUrVs2aAC4SuyAVUKDplb+cIMZpRLjCDEnZs61EuRkSimJGctNJJUkQHqI+6WnKkV7BzSYH5rCqlQCGsdCPKzhRZycyFEk5inydHG8p572x+J/XS1V45maUJ6kiHE8/ClMGVQzHbcGACoIVG2mCsKB6V4gHSCCsdKemLsGeP3mRtE9qtuY3p5XGeVFHCRyCI3AMbFAHDXAJmqAFMHgCL+ANvBvPxqvxYXxOo0tGMXMA/sD4+QUB+qLP</latexit><latexit sha1_base64="TQtNcp4e2SOLVs/ljOhzKa4L+VU=">AAACIHicbVDLSsNAFJ34rPFVdelmsBRclUSEunBRcONGqWIf0MQwmUzaoZNJmJmIJeRT3Pgrblwoojv9GqdtFrX1wMDhnHOZe4+fMCqVZX0bS8srq2vrpQ1zc2t7Z7e8t9+WcSowaeGYxaLrI0kY5aSlqGKkmwiCIp+Rjj+8GPudByIkjfmdGiXEjVCf05BipLTkleuPDuVOhNTA97Pb/D679ixH0YhIeOVZueOY1YFn6wycCQWe7ZUrVs2aAC4SuyAVUKDplb+cIMZpRLjCDEnZs61EuRkSimJGctNJJUkQHqI+6WnKkV7BzSYH5rCqlQCGsdCPKzhRZycyFEk5inydHG8p572x+J/XS1V45maUJ6kiHE8/ClMGVQzHbcGACoIVG2mCsKB6V4gHSCCsdKemLsGeP3mRtE9qtuY3p5XGeVFHCRyCI3AMbFAHDXAJmqAFMHgCL+ANvBvPxqvxYXxOo0tGMXMA/sD4+QUB+qLP</latexit><latexit sha1_base64="TQtNcp4e2SOLVs/ljOhzKa4L+VU=">AAACIHicbVDLSsNAFJ34rPFVdelmsBRclUSEunBRcONGqWIf0MQwmUzaoZNJmJmIJeRT3Pgrblwoojv9GqdtFrX1wMDhnHOZe4+fMCqVZX0bS8srq2vrpQ1zc2t7Z7e8t9+WcSowaeGYxaLrI0kY5aSlqGKkmwiCIp+Rjj+8GPudByIkjfmdGiXEjVCf05BipLTkleuPDuVOhNTA97Pb/D679ixH0YhIeOVZueOY1YFn6wycCQWe7ZUrVs2aAC4SuyAVUKDplb+cIMZpRLjCDEnZs61EuRkSimJGctNJJUkQHqI+6WnKkV7BzSYH5rCqlQCGsdCPKzhRZycyFEk5inydHG8p572x+J/XS1V45maUJ6kiHE8/ClMGVQzHbcGACoIVG2mCsKB6V4gHSCCsdKemLsGeP3mRtE9qtuY3p5XGeVFHCRyCI3AMbFAHDXAJmqAFMHgCL+ANvBvPxqvxYXxOo0tGMXMA/sD4+QUB+qLP</latexit>

h1 2 Rd1
<latexit sha1_base64="uWmRSAFqOUOsM3bStYo2LSRkNEQ=">AAACInicbVDLSsNAFJ34rPEVdelmsBRclUQEFVwU3LhRqtgHNDFMJtN26GQSZiZiCfkWN/6KGxeKuhL8GCdtF7X1wMDhnHOZe0+QMCqVbX8bC4tLyyurpTVzfWNza9va2W3KOBWYNHDMYtEOkCSMctJQVDHSTgRBUcBIKxhcFH7rgQhJY36nhgnxItTjtEsxUlryrbPKo0u5GyHVD4LsNr/Prn3bVTQiEl75du66Zt93dAROZ0LfyX2rbFftEeA8cSakDCao+9anG8Y4jQhXmCEpO46dKC9DQlHMSG66qSQJwgPUIx1NOdI7eNnoxBxWtBLCbiz04wqO1OmJDEVSDqNAJ4s95axXiP95nVR1T72M8iRVhOPxR92UQRXDoi8YUkGwYkNNEBZU7wpxHwmElW7V1CU4syfPk+ZR1dH85rhcO5/UUQL74AAcAgecgBq4BHXQABg8gRfwBt6NZ+PV+DC+xtEFYzKzB/7A+PkF5mCj2w==</latexit><latexit sha1_base64="uWmRSAFqOUOsM3bStYo2LSRkNEQ=">AAACInicbVDLSsNAFJ34rPEVdelmsBRclUQEFVwU3LhRqtgHNDFMJtN26GQSZiZiCfkWN/6KGxeKuhL8GCdtF7X1wMDhnHOZe0+QMCqVbX8bC4tLyyurpTVzfWNza9va2W3KOBWYNHDMYtEOkCSMctJQVDHSTgRBUcBIKxhcFH7rgQhJY36nhgnxItTjtEsxUlryrbPKo0u5GyHVD4LsNr/Prn3bVTQiEl75du66Zt93dAROZ0LfyX2rbFftEeA8cSakDCao+9anG8Y4jQhXmCEpO46dKC9DQlHMSG66qSQJwgPUIx1NOdI7eNnoxBxWtBLCbiz04wqO1OmJDEVSDqNAJ4s95axXiP95nVR1T72M8iRVhOPxR92UQRXDoi8YUkGwYkNNEBZU7wpxHwmElW7V1CU4syfPk+ZR1dH85rhcO5/UUQL74AAcAgecgBq4BHXQABg8gRfwBt6NZ+PV+DC+xtEFYzKzB/7A+PkF5mCj2w==</latexit><latexit sha1_base64="uWmRSAFqOUOsM3bStYo2LSRkNEQ=">AAACInicbVDLSsNAFJ34rPEVdelmsBRclUQEFVwU3LhRqtgHNDFMJtN26GQSZiZiCfkWN/6KGxeKuhL8GCdtF7X1wMDhnHOZe0+QMCqVbX8bC4tLyyurpTVzfWNza9va2W3KOBWYNHDMYtEOkCSMctJQVDHSTgRBUcBIKxhcFH7rgQhJY36nhgnxItTjtEsxUlryrbPKo0u5GyHVD4LsNr/Prn3bVTQiEl75du66Zt93dAROZ0LfyX2rbFftEeA8cSakDCao+9anG8Y4jQhXmCEpO46dKC9DQlHMSG66qSQJwgPUIx1NOdI7eNnoxBxWtBLCbiz04wqO1OmJDEVSDqNAJ4s95axXiP95nVR1T72M8iRVhOPxR92UQRXDoi8YUkGwYkNNEBZU7wpxHwmElW7V1CU4syfPk+ZR1dH85rhcO5/UUQL74AAcAgecgBq4BHXQABg8gRfwBt6NZ+PV+DC+xtEFYzKzB/7A+PkF5mCj2w==</latexit><latexit sha1_base64="uWmRSAFqOUOsM3bStYo2LSRkNEQ=">AAACInicbVDLSsNAFJ34rPEVdelmsBRclUQEFVwU3LhRqtgHNDFMJtN26GQSZiZiCfkWN/6KGxeKuhL8GCdtF7X1wMDhnHOZe0+QMCqVbX8bC4tLyyurpTVzfWNza9va2W3KOBWYNHDMYtEOkCSMctJQVDHSTgRBUcBIKxhcFH7rgQhJY36nhgnxItTjtEsxUlryrbPKo0u5GyHVD4LsNr/Prn3bVTQiEl75du66Zt93dAROZ0LfyX2rbFftEeA8cSakDCao+9anG8Y4jQhXmCEpO46dKC9DQlHMSG66qSQJwgPUIx1NOdI7eNnoxBxWtBLCbiz04wqO1OmJDEVSDqNAJ4s95axXiP95nVR1T72M8iRVhOPxR92UQRXDoi8YUkGwYkNNEBZU7wpxHwmElW7V1CU4syfPk+ZR1dH85rhcO5/UUQL74AAcAgecgBq4BHXQABg8gRfwBt6NZ+PV+DC+xtEFYzKzB/7A+PkF5mCj2w==</latexit>

W1 2 Rd1⇥(N0⇥M0)
<latexit sha1_base64="fed9ogYCoZssJTnn4d48Y2HWNaQ=">AAACIXicbZBNS8NAEIY39avWr6hHL4tFqJeSiGAPHgpevChV7Ac0MWy2m3bpZhN2N0IJ+Ste/CtePCjSm/hn3LQ5aOvAwMM7M8zM68eMSmVZX0ZpZXVtfaO8Wdna3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1x1d5vftEhKQRf1CTmLghGnIaUIyUljyz4YRIjfwg7WaeDR3K4Vzw0/vsMR3kmqIhkbB261kF3njWaeaZVatuzQIug11AFRTR8sypM4hwEhKuMENS9m0rVm6KhKKYkaziJJLECI/RkPQ1cqRXuenswwyeaGUAg0jo5ArO1N8TKQqlnIS+7szPl4u1XPyv1k9U0HBTyuNEEY7ni4KEQRXB3C44oIJgxSYaEBZU3wrxCAmElTa1ok2wF19ehs5Z3dZ8d15tXhZ2lMEROAY1YIML0ATXoAXaAINn8ArewYfxYrwZn8Z03loyiplD8CeM7x8CmqK5</latexit><latexit sha1_base64="fed9ogYCoZssJTnn4d48Y2HWNaQ=">AAACIXicbZBNS8NAEIY39avWr6hHL4tFqJeSiGAPHgpevChV7Ac0MWy2m3bpZhN2N0IJ+Ste/CtePCjSm/hn3LQ5aOvAwMM7M8zM68eMSmVZX0ZpZXVtfaO8Wdna3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1x1d5vftEhKQRf1CTmLghGnIaUIyUljyz4YRIjfwg7WaeDR3K4Vzw0/vsMR3kmqIhkbB261kF3njWaeaZVatuzQIug11AFRTR8sypM4hwEhKuMENS9m0rVm6KhKKYkaziJJLECI/RkPQ1cqRXuenswwyeaGUAg0jo5ArO1N8TKQqlnIS+7szPl4u1XPyv1k9U0HBTyuNEEY7ni4KEQRXB3C44oIJgxSYaEBZU3wrxCAmElTa1ok2wF19ehs5Z3dZ8d15tXhZ2lMEROAY1YIML0ATXoAXaAINn8ArewYfxYrwZn8Z03loyiplD8CeM7x8CmqK5</latexit><latexit sha1_base64="fed9ogYCoZssJTnn4d48Y2HWNaQ=">AAACIXicbZBNS8NAEIY39avWr6hHL4tFqJeSiGAPHgpevChV7Ac0MWy2m3bpZhN2N0IJ+Ste/CtePCjSm/hn3LQ5aOvAwMM7M8zM68eMSmVZX0ZpZXVtfaO8Wdna3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1x1d5vftEhKQRf1CTmLghGnIaUIyUljyz4YRIjfwg7WaeDR3K4Vzw0/vsMR3kmqIhkbB261kF3njWaeaZVatuzQIug11AFRTR8sypM4hwEhKuMENS9m0rVm6KhKKYkaziJJLECI/RkPQ1cqRXuenswwyeaGUAg0jo5ArO1N8TKQqlnIS+7szPl4u1XPyv1k9U0HBTyuNEEY7ni4KEQRXB3C44oIJgxSYaEBZU3wrxCAmElTa1ok2wF19ehs5Z3dZ8d15tXhZ2lMEROAY1YIML0ATXoAXaAINn8ArewYfxYrwZn8Z03loyiplD8CeM7x8CmqK5</latexit><latexit sha1_base64="fed9ogYCoZssJTnn4d48Y2HWNaQ=">AAACIXicbZBNS8NAEIY39avWr6hHL4tFqJeSiGAPHgpevChV7Ac0MWy2m3bpZhN2N0IJ+Ste/CtePCjSm/hn3LQ5aOvAwMM7M8zM68eMSmVZX0ZpZXVtfaO8Wdna3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1x1d5vftEhKQRf1CTmLghGnIaUIyUljyz4YRIjfwg7WaeDR3K4Vzw0/vsMR3kmqIhkbB261kF3njWaeaZVatuzQIug11AFRTR8sypM4hwEhKuMENS9m0rVm6KhKKYkaziJJLECI/RkPQ1cqRXuenswwyeaGUAg0jo5ArO1N8TKQqlnIS+7szPl4u1XPyv1k9U0HBTyuNEEY7ni4KEQRXB3C44oIJgxSYaEBZU3wrxCAmElTa1ok2wF19ehs5Z3dZ8d15tXhZ2lMEROAY1YIML0ATXoAXaAINn8ArewYfxYrwZn8Z03loyiplD8CeM7x8CmqK5</latexit>

x 2 RN0⇥M0
<latexit sha1_base64="TQtNcp4e2SOLVs/ljOhzKa4L+VU=">AAACIHicbVDLSsNAFJ34rPFVdelmsBRclUSEunBRcONGqWIf0MQwmUzaoZNJmJmIJeRT3Pgrblwoojv9GqdtFrX1wMDhnHOZe4+fMCqVZX0bS8srq2vrpQ1zc2t7Z7e8t9+WcSowaeGYxaLrI0kY5aSlqGKkmwiCIp+Rjj+8GPudByIkjfmdGiXEjVCf05BipLTkleuPDuVOhNTA97Pb/D679ixH0YhIeOVZueOY1YFn6wycCQWe7ZUrVs2aAC4SuyAVUKDplb+cIMZpRLjCDEnZs61EuRkSimJGctNJJUkQHqI+6WnKkV7BzSYH5rCqlQCGsdCPKzhRZycyFEk5inydHG8p572x+J/XS1V45maUJ6kiHE8/ClMGVQzHbcGACoIVG2mCsKB6V4gHSCCsdKemLsGeP3mRtE9qtuY3p5XGeVFHCRyCI3AMbFAHDXAJmqAFMHgCL+ANvBvPxqvxYXxOo0tGMXMA/sD4+QUB+qLP</latexit><latexit sha1_base64="TQtNcp4e2SOLVs/ljOhzKa4L+VU=">AAACIHicbVDLSsNAFJ34rPFVdelmsBRclUSEunBRcONGqWIf0MQwmUzaoZNJmJmIJeRT3Pgrblwoojv9GqdtFrX1wMDhnHOZe4+fMCqVZX0bS8srq2vrpQ1zc2t7Z7e8t9+WcSowaeGYxaLrI0kY5aSlqGKkmwiCIp+Rjj+8GPudByIkjfmdGiXEjVCf05BipLTkleuPDuVOhNTA97Pb/D679ixH0YhIeOVZueOY1YFn6wycCQWe7ZUrVs2aAC4SuyAVUKDplb+cIMZpRLjCDEnZs61EuRkSimJGctNJJUkQHqI+6WnKkV7BzSYH5rCqlQCGsdCPKzhRZycyFEk5inydHG8p572x+J/XS1V45maUJ6kiHE8/ClMGVQzHbcGACoIVG2mCsKB6V4gHSCCsdKemLsGeP3mRtE9qtuY3p5XGeVFHCRyCI3AMbFAHDXAJmqAFMHgCL+ANvBvPxqvxYXxOo0tGMXMA/sD4+QUB+qLP</latexit><latexit sha1_base64="TQtNcp4e2SOLVs/ljOhzKa4L+VU=">AAACIHicbVDLSsNAFJ34rPFVdelmsBRclUSEunBRcONGqWIf0MQwmUzaoZNJmJmIJeRT3Pgrblwoojv9GqdtFrX1wMDhnHOZe4+fMCqVZX0bS8srq2vrpQ1zc2t7Z7e8t9+WcSowaeGYxaLrI0kY5aSlqGKkmwiCIp+Rjj+8GPudByIkjfmdGiXEjVCf05BipLTkleuPDuVOhNTA97Pb/D679ixH0YhIeOVZueOY1YFn6wycCQWe7ZUrVs2aAC4SuyAVUKDplb+cIMZpRLjCDEnZs61EuRkSimJGctNJJUkQHqI+6WnKkV7BzSYH5rCqlQCGsdCPKzhRZycyFEk5inydHG8p572x+J/XS1V45maUJ6kiHE8/ClMGVQzHbcGACoIVG2mCsKB6V4gHSCCsdKemLsGeP3mRtE9qtuY3p5XGeVFHCRyCI3AMbFAHDXAJmqAFMHgCL+ANvBvPxqvxYXxOo0tGMXMA/sD4+QUB+qLP</latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="IoDZYmdcGku3r2iPaB50hWbrutA=">AAACFXicbVDLSgMxFL3js9aq1a2bYCm4Khk3dSm4caNUsQ/ojEMmzbShmcyQZMQy9FPc+CtuXCiiO//G9LGorRcCh3NOuOeeMBVcG4x/nLX1jc2t7cJOcbe0t39QPiy1dJIpypo0EYnqhEQzwSVrGm4E66SKkTgUrB0OLyd6+5EpzRN5b0Yp82PSlzzilBhLBeX6k8elFxMzCMP8bvyQ3wTYMzxmGl0HeOx5xeogcK0HLZh6gRuUK7iGp4NWgTsHFZhPIyh/e72EZjGThgqiddfFqfFzogyngo2LXqZZSuiQ9FnXQklsBD+fHjhGVcv0UJQo+6RBU3bxR05irUdxaJ2TlHpZm5D/ad3MROd+zmWaGSbpbFGUCWQSNGkL9bhi1IiRBYQqbrMiOiCKUGM7LdoS3OWTV0HrrOZafIuhAMdwAqfgQh0u4Aoa0AQKz/AK7/DhvDhvzuesrjVn3tsR/Bnn6xcI0KFK</latexit><latexit sha1_base64="IoDZYmdcGku3r2iPaB50hWbrutA=">AAACFXicbVDLSgMxFL3js9aq1a2bYCm4Khk3dSm4caNUsQ/ojEMmzbShmcyQZMQy9FPc+CtuXCiiO//G9LGorRcCh3NOuOeeMBVcG4x/nLX1jc2t7cJOcbe0t39QPiy1dJIpypo0EYnqhEQzwSVrGm4E66SKkTgUrB0OLyd6+5EpzRN5b0Yp82PSlzzilBhLBeX6k8elFxMzCMP8bvyQ3wTYMzxmGl0HeOx5xeogcK0HLZh6gRuUK7iGp4NWgTsHFZhPIyh/e72EZjGThgqiddfFqfFzogyngo2LXqZZSuiQ9FnXQklsBD+fHjhGVcv0UJQo+6RBU3bxR05irUdxaJ2TlHpZm5D/ad3MROd+zmWaGSbpbFGUCWQSNGkL9bhi1IiRBYQqbrMiOiCKUGM7LdoS3OWTV0HrrOZafIuhAMdwAqfgQh0u4Aoa0AQKz/AK7/DhvDhvzuesrjVn3tsR/Bnn6xcI0KFK</latexit><latexit sha1_base64="c50zWrzlPfJ4Pl5De0Je9dIWUB4=">AAACIHicbVC7TsMwFHXKq4RXgJHFoqrEVCUsZWCoxMICKog+pCZEjuO0Vh0nsh1EFfVTWPgVFgYQgg2+BqftUFqOZOnonHPle0+QMiqVbX8bpZXVtfWN8qa5tb2zu2ftH7RlkglMWjhhiegGSBJGOWkpqhjppoKgOGCkEwwvCr/zQISkCb9To5R4MepzGlGMlJZ8q/7oUu7GSA2CIL8d3+fXvu0qGhMJr3x77LpmdeA7OgPnQqHv+FbFrtkTwGXizEgFzND0rS83THAWE64wQ1L2HDtVXo6EopiRselmkqQID1Gf9DTlSK/g5ZMDx7CqlRBGidCPKzhR5ydyFEs5igOdLLaUi14h/uf1MhWdeTnlaaYIx9OPooxBlcCiLRhSQbBiI00QFlTvCvEACYSV7tTUJTiLJy+T9mnN0fzGrjTOZ3WUwRE4BifAAXXQAJegCVoAgyfwAt7Au/FsvBofxuc0WjJmM4fgD4yfXwC6oss=</latexit><latexit sha1_base64="TQtNcp4e2SOLVs/ljOhzKa4L+VU=">AAACIHicbVDLSsNAFJ34rPFVdelmsBRclUSEunBRcONGqWIf0MQwmUzaoZNJmJmIJeRT3Pgrblwoojv9GqdtFrX1wMDhnHOZe4+fMCqVZX0bS8srq2vrpQ1zc2t7Z7e8t9+WcSowaeGYxaLrI0kY5aSlqGKkmwiCIp+Rjj+8GPudByIkjfmdGiXEjVCf05BipLTkleuPDuVOhNTA97Pb/D679ixH0YhIeOVZueOY1YFn6wycCQWe7ZUrVs2aAC4SuyAVUKDplb+cIMZpRLjCDEnZs61EuRkSimJGctNJJUkQHqI+6WnKkV7BzSYH5rCqlQCGsdCPKzhRZycyFEk5inydHG8p572x+J/XS1V45maUJ6kiHE8/ClMGVQzHbcGACoIVG2mCsKB6V4gHSCCsdKemLsGeP3mRtE9qtuY3p5XGeVFHCRyCI3AMbFAHDXAJmqAFMHgCL+ANvBvPxqvxYXxOo0tGMXMA/sD4+QUB+qLP</latexit><latexit sha1_base64="TQtNcp4e2SOLVs/ljOhzKa4L+VU=">AAACIHicbVDLSsNAFJ34rPFVdelmsBRclUSEunBRcONGqWIf0MQwmUzaoZNJmJmIJeRT3Pgrblwoojv9GqdtFrX1wMDhnHOZe4+fMCqVZX0bS8srq2vrpQ1zc2t7Z7e8t9+WcSowaeGYxaLrI0kY5aSlqGKkmwiCIp+Rjj+8GPudByIkjfmdGiXEjVCf05BipLTkleuPDuVOhNTA97Pb/D679ixH0YhIeOVZueOY1YFn6wycCQWe7ZUrVs2aAC4SuyAVUKDplb+cIMZpRLjCDEnZs61EuRkSimJGctNJJUkQHqI+6WnKkV7BzSYH5rCqlQCGsdCPKzhRZycyFEk5inydHG8p572x+J/XS1V45maUJ6kiHE8/ClMGVQzHbcGACoIVG2mCsKB6V4gHSCCsdKemLsGeP3mRtE9qtuY3p5XGeVFHCRyCI3AMbFAHDXAJmqAFMHgCL+ANvBvPxqvxYXxOo0tGMXMA/sD4+QUB+qLP</latexit><latexit sha1_base64="TQtNcp4e2SOLVs/ljOhzKa4L+VU=">AAACIHicbVDLSsNAFJ34rPFVdelmsBRclUSEunBRcONGqWIf0MQwmUzaoZNJmJmIJeRT3Pgrblwoojv9GqdtFrX1wMDhnHOZe4+fMCqVZX0bS8srq2vrpQ1zc2t7Z7e8t9+WcSowaeGYxaLrI0kY5aSlqGKkmwiCIp+Rjj+8GPudByIkjfmdGiXEjVCf05BipLTkleuPDuVOhNTA97Pb/D679ixH0YhIeOVZueOY1YFn6wycCQWe7ZUrVs2aAC4SuyAVUKDplb+cIMZpRLjCDEnZs61EuRkSimJGctNJJUkQHqI+6WnKkV7BzSYH5rCqlQCGsdCPKzhRZycyFEk5inydHG8p572x+J/XS1V45maUJ6kiHE8/ClMGVQzHbcGACoIVG2mCsKB6V4gHSCCsdKemLsGeP3mRtE9qtuY3p5XGeVFHCRyCI3AMbFAHDXAJmqAFMHgCL+ANvBvPxqvxYXxOo0tGMXMA/sD4+QUB+qLP</latexit><latexit sha1_base64="TQtNcp4e2SOLVs/ljOhzKa4L+VU=">AAACIHicbVDLSsNAFJ34rPFVdelmsBRclUSEunBRcONGqWIf0MQwmUzaoZNJmJmIJeRT3Pgrblwoojv9GqdtFrX1wMDhnHOZe4+fMCqVZX0bS8srq2vrpQ1zc2t7Z7e8t9+WcSowaeGYxaLrI0kY5aSlqGKkmwiCIp+Rjj+8GPudByIkjfmdGiXEjVCf05BipLTkleuPDuVOhNTA97Pb/D679ixH0YhIeOVZueOY1YFn6wycCQWe7ZUrVs2aAC4SuyAVUKDplb+cIMZpRLjCDEnZs61EuRkSimJGctNJJUkQHqI+6WnKkV7BzSYH5rCqlQCGsdCPKzhRZycyFEk5inydHG8p572x+J/XS1V45maUJ6kiHE8/ClMGVQzHbcGACoIVG2mCsKB6V4gHSCCsdKemLsGeP3mRtE9qtuY3p5XGeVFHCRyCI3AMbFAHDXAJmqAFMHgCL+ANvBvPxqvxYXxOo0tGMXMA/sD4+QUB+qLP</latexit><latexit sha1_base64="TQtNcp4e2SOLVs/ljOhzKa4L+VU=">AAACIHicbVDLSsNAFJ34rPFVdelmsBRclUSEunBRcONGqWIf0MQwmUzaoZNJmJmIJeRT3Pgrblwoojv9GqdtFrX1wMDhnHOZe4+fMCqVZX0bS8srq2vrpQ1zc2t7Z7e8t9+WcSowaeGYxaLrI0kY5aSlqGKkmwiCIp+Rjj+8GPudByIkjfmdGiXEjVCf05BipLTkleuPDuVOhNTA97Pb/D679ixH0YhIeOVZueOY1YFn6wycCQWe7ZUrVs2aAC4SuyAVUKDplb+cIMZpRLjCDEnZs61EuRkSimJGctNJJUkQHqI+6WnKkV7BzSYH5rCqlQCGsdCPKzhRZycyFEk5inydHG8p572x+J/XS1V45maUJ6kiHE8/ClMGVQzHbcGACoIVG2mCsKB6V4gHSCCsdKemLsGeP3mRtE9qtuY3p5XGeVFHCRyCI3AMbFAHDXAJmqAFMHgCL+ANvBvPxqvxYXxOo0tGMXMA/sD4+QUB+qLP</latexit><latexit sha1_base64="TQtNcp4e2SOLVs/ljOhzKa4L+VU=">AAACIHicbVDLSsNAFJ34rPFVdelmsBRclUSEunBRcONGqWIf0MQwmUzaoZNJmJmIJeRT3Pgrblwoojv9GqdtFrX1wMDhnHOZe4+fMCqVZX0bS8srq2vrpQ1zc2t7Z7e8t9+WcSowaeGYxaLrI0kY5aSlqGKkmwiCIp+Rjj+8GPudByIkjfmdGiXEjVCf05BipLTkleuPDuVOhNTA97Pb/D679ixH0YhIeOVZueOY1YFn6wycCQWe7ZUrVs2aAC4SuyAVUKDplb+cIMZpRLjCDEnZs61EuRkSimJGctNJJUkQHqI+6WnKkV7BzSYH5rCqlQCGsdCPKzhRZycyFEk5inydHG8p572x+J/XS1V45maUJ6kiHE8/ClMGVQzHbcGACoIVG2mCsKB6V4gHSCCsdKemLsGeP3mRtE9qtuY3p5XGeVFHCRyCI3AMbFAHDXAJmqAFMHgCL+ANvBvPxqvxYXxOo0tGMXMA/sD4+QUB+qLP</latexit>

h1 2 Rd1⇥(N1⇥M1)
<latexit sha1_base64="XtQsJloJHLMbcEAlKkEDRnINa0c=">AAACF3icbZBNS8NAEIY39avWr6hHL4tFqJeSiKAHDwUvXpQq9gOaGDabbbt0swm7G6GE/Asv/hUvHhTxqjf/jZs2iLYODDy8M8PMvH7MqFSW9WWUFhaXllfKq5W19Y3NLXN7py2jRGDSwhGLRNdHkjDKSUtRxUg3FgSFPiMdf3Se1zv3REga8Vs1jokbogGnfYqR0pJn1oeeDR3KoRMiNfT99Ca7SwPPdhQNiYS1qx+89OzDzDOrVt2aBJwHu4AqKKLpmZ9OEOEkJFxhhqTs2Vas3BQJRTEjWcVJJIkRHqEB6WnkSK9y08lfGTzQSgD7kdDJFZyovydSFEo5Dn3dmV8vZ2u5+F+tl6j+qZtSHieKcDxd1E8YVBHMTYIBFQQrNtaAsKD6VoiHSCCstJUVbYI9+/I8tI/qtubr42rjrLCjDPbAPqgBG5yABrgATdACGDyAJ/ACXo1H49l4M96nrSWjmNkFf8L4+Ab4lZ6C</latexit><latexit sha1_base64="XtQsJloJHLMbcEAlKkEDRnINa0c=">AAACF3icbZBNS8NAEIY39avWr6hHL4tFqJeSiKAHDwUvXpQq9gOaGDabbbt0swm7G6GE/Asv/hUvHhTxqjf/jZs2iLYODDy8M8PMvH7MqFSW9WWUFhaXllfKq5W19Y3NLXN7py2jRGDSwhGLRNdHkjDKSUtRxUg3FgSFPiMdf3Se1zv3REga8Vs1jokbogGnfYqR0pJn1oeeDR3KoRMiNfT99Ca7SwPPdhQNiYS1qx+89OzDzDOrVt2aBJwHu4AqKKLpmZ9OEOEkJFxhhqTs2Vas3BQJRTEjWcVJJIkRHqEB6WnkSK9y08lfGTzQSgD7kdDJFZyovydSFEo5Dn3dmV8vZ2u5+F+tl6j+qZtSHieKcDxd1E8YVBHMTYIBFQQrNtaAsKD6VoiHSCCstJUVbYI9+/I8tI/qtubr42rjrLCjDPbAPqgBG5yABrgATdACGDyAJ/ACXo1H49l4M96nrSWjmNkFf8L4+Ab4lZ6C</latexit><latexit sha1_base64="XtQsJloJHLMbcEAlKkEDRnINa0c=">AAACF3icbZBNS8NAEIY39avWr6hHL4tFqJeSiKAHDwUvXpQq9gOaGDabbbt0swm7G6GE/Asv/hUvHhTxqjf/jZs2iLYODDy8M8PMvH7MqFSW9WWUFhaXllfKq5W19Y3NLXN7py2jRGDSwhGLRNdHkjDKSUtRxUg3FgSFPiMdf3Se1zv3REga8Vs1jokbogGnfYqR0pJn1oeeDR3KoRMiNfT99Ca7SwPPdhQNiYS1qx+89OzDzDOrVt2aBJwHu4AqKKLpmZ9OEOEkJFxhhqTs2Vas3BQJRTEjWcVJJIkRHqEB6WnkSK9y08lfGTzQSgD7kdDJFZyovydSFEo5Dn3dmV8vZ2u5+F+tl6j+qZtSHieKcDxd1E8YVBHMTYIBFQQrNtaAsKD6VoiHSCCstJUVbYI9+/I8tI/qtubr42rjrLCjDPbAPqgBG5yABrgATdACGDyAJ/ACXo1H49l4M96nrSWjmNkFf8L4+Ab4lZ6C</latexit><latexit sha1_base64="XtQsJloJHLMbcEAlKkEDRnINa0c=">AAACF3icbZBNS8NAEIY39avWr6hHL4tFqJeSiKAHDwUvXpQq9gOaGDabbbt0swm7G6GE/Asv/hUvHhTxqjf/jZs2iLYODDy8M8PMvH7MqFSW9WWUFhaXllfKq5W19Y3NLXN7py2jRGDSwhGLRNdHkjDKSUtRxUg3FgSFPiMdf3Se1zv3REga8Vs1jokbogGnfYqR0pJn1oeeDR3KoRMiNfT99Ca7SwPPdhQNiYS1qx+89OzDzDOrVt2aBJwHu4AqKKLpmZ9OEOEkJFxhhqTs2Vas3BQJRTEjWcVJJIkRHqEB6WnkSK9y08lfGTzQSgD7kdDJFZyovydSFEo5Dn3dmV8vZ2u5+F+tl6j+qZtSHieKcDxd1E8YVBHMTYIBFQQrNtaAsKD6VoiHSCCstJUVbYI9+/I8tI/qtubr42rjrLCjDPbAPqgBG5yABrgATdACGDyAJ/ACXo1H49l4M96nrSWjmNkFf8L4+Ab4lZ6C</latexit>

W1 = {w1,1, w1,2, . . . , w1,d1}
<latexit sha1_base64="9ylxhQe6O27wzx4S2apWUi/uKkM="></latexit><latexit sha1_base64="9ylxhQe6O27wzx4S2apWUi/uKkM="></latexit><latexit sha1_base64="9ylxhQe6O27wzx4S2apWUi/uKkM="></latexit><latexit sha1_base64="9ylxhQe6O27wzx4S2apWUi/uKkM="></latexit>

w1,j 2 Rk1⇥k2
<latexit sha1_base64="ZP8d2L9h3Yh7WA4P9BJpPSzA15I=">AAACD3icbVC7TsMwFHXKq5RXgJHFogIxoCqpkGBgqMTCWBB9SE2IHNdpTR0nsh1QFeUPWPgVFgYQYmVl429w2gzQcqQrHZ1zr+69x48Zlcqyvo3SwuLS8kp5tbK2vrG5ZW7vtGWUCExaOGKR6PpIEkY5aSmqGOnGgqDQZ6Tjjy5yv3NPhKQRv1HjmLghGnAaUIyUljzz8MFL7eO7zKEcOiFSQ99Pr7PbdOTZ0FE0JBKOvHrmmVWrZk0A54ldkCoo0PTML6cf4SQkXGGGpOzZVqzcFAlFMSNZxUkkiREeoQHpacqR3uSmk38yeKCVPgwioYsrOFF/T6QolHIc+rozP1nOern4n9dLVHDmppTHiSIcTxcFCYMqgnk4sE8FwYqNNUFYUH0rxEMkEFY6wooOwZ59eZ606zVb86uTauO8iKMM9sA+OAI2OAUNcAmaoAUweATP4BW8GU/Gi/FufExbS0Yxswv+wPj8AU15nCg=</latexit><latexit sha1_base64="ZP8d2L9h3Yh7WA4P9BJpPSzA15I=">AAACD3icbVC7TsMwFHXKq5RXgJHFogIxoCqpkGBgqMTCWBB9SE2IHNdpTR0nsh1QFeUPWPgVFgYQYmVl429w2gzQcqQrHZ1zr+69x48Zlcqyvo3SwuLS8kp5tbK2vrG5ZW7vtGWUCExaOGKR6PpIEkY5aSmqGOnGgqDQZ6Tjjy5yv3NPhKQRv1HjmLghGnAaUIyUljzz8MFL7eO7zKEcOiFSQ99Pr7PbdOTZ0FE0JBKOvHrmmVWrZk0A54ldkCoo0PTML6cf4SQkXGGGpOzZVqzcFAlFMSNZxUkkiREeoQHpacqR3uSmk38yeKCVPgwioYsrOFF/T6QolHIc+rozP1nOern4n9dLVHDmppTHiSIcTxcFCYMqgnk4sE8FwYqNNUFYUH0rxEMkEFY6wooOwZ59eZ606zVb86uTauO8iKMM9sA+OAI2OAUNcAmaoAUweATP4BW8GU/Gi/FufExbS0Yxswv+wPj8AU15nCg=</latexit><latexit sha1_base64="ZP8d2L9h3Yh7WA4P9BJpPSzA15I=">AAACD3icbVC7TsMwFHXKq5RXgJHFogIxoCqpkGBgqMTCWBB9SE2IHNdpTR0nsh1QFeUPWPgVFgYQYmVl429w2gzQcqQrHZ1zr+69x48Zlcqyvo3SwuLS8kp5tbK2vrG5ZW7vtGWUCExaOGKR6PpIEkY5aSmqGOnGgqDQZ6Tjjy5yv3NPhKQRv1HjmLghGnAaUIyUljzz8MFL7eO7zKEcOiFSQ99Pr7PbdOTZ0FE0JBKOvHrmmVWrZk0A54ldkCoo0PTML6cf4SQkXGGGpOzZVqzcFAlFMSNZxUkkiREeoQHpacqR3uSmk38yeKCVPgwioYsrOFF/T6QolHIc+rozP1nOern4n9dLVHDmppTHiSIcTxcFCYMqgnk4sE8FwYqNNUFYUH0rxEMkEFY6wooOwZ59eZ606zVb86uTauO8iKMM9sA+OAI2OAUNcAmaoAUweATP4BW8GU/Gi/FufExbS0Yxswv+wPj8AU15nCg=</latexit><latexit sha1_base64="ZP8d2L9h3Yh7WA4P9BJpPSzA15I=">AAACD3icbVC7TsMwFHXKq5RXgJHFogIxoCqpkGBgqMTCWBB9SE2IHNdpTR0nsh1QFeUPWPgVFgYQYmVl429w2gzQcqQrHZ1zr+69x48Zlcqyvo3SwuLS8kp5tbK2vrG5ZW7vtGWUCExaOGKR6PpIEkY5aSmqGOnGgqDQZ6Tjjy5yv3NPhKQRv1HjmLghGnAaUIyUljzz8MFL7eO7zKEcOiFSQ99Pr7PbdOTZ0FE0JBKOvHrmmVWrZk0A54ldkCoo0PTML6cf4SQkXGGGpOzZVqzcFAlFMSNZxUkkiREeoQHpacqR3uSmk38yeKCVPgwioYsrOFF/T6QolHIc+rozP1nOern4n9dLVHDmppTHiSIcTxcFCYMqgnk4sE8FwYqNNUFYUH0rxEMkEFY6wooOwZ59eZ606zVb86uTauO8iKMM9sA+OAI2OAUNcAmaoAUweATP4BW8GU/Gi/FufExbS0Yxswv+wPj8AU15nCg=</latexit>

W1 2 Rd1⇥(k1⇥k2)
<latexit sha1_base64="rOz0TXWYFyPLS+fNqLLu5mv+xfU=">AAACIXicbZBNS8NAEIY3ftb6FfXoZbEI9VKSItiDh4IXj1XsBzQxbDabdulmE3Y3Qgn5K178K148KNKb+GfctDlo68DAwzszzMzrJ4xKZVlfxtr6xubWdmWnuru3f3BoHh33ZJwKTLo4ZrEY+EgSRjnpKqoYGSSCoMhnpO9Pbop6/4kISWP+oKYJcSM04jSkGCkteWbLiZAa+2HWzz0bOpTDheBn9/ljFhSaohGRsD7x7BInXvMi98ya1bDmAVfBLqEGyuh45swJYpxGhCvMkJRD20qUmyGhKGYkrzqpJAnCEzQiQ40c6VVuNv8wh+daCWAYC51cwbn6eyJDkZTTyNedxflyuVaI/9WGqQpbbkZ5kirC8WJRmDKoYljYBQMqCFZsqgFhQfWtEI+RQFhpU6vaBHv55VXoNRu25rvLWvu6tKMCTsEZqAMbXIE2uAUd0AUYPINX8A4+jBfjzfg0ZovWNaOcOQF/wvj+AWKwovc=</latexit><latexit sha1_base64="rOz0TXWYFyPLS+fNqLLu5mv+xfU=">AAACIXicbZBNS8NAEIY3ftb6FfXoZbEI9VKSItiDh4IXj1XsBzQxbDabdulmE3Y3Qgn5K178K148KNKb+GfctDlo68DAwzszzMzrJ4xKZVlfxtr6xubWdmWnuru3f3BoHh33ZJwKTLo4ZrEY+EgSRjnpKqoYGSSCoMhnpO9Pbop6/4kISWP+oKYJcSM04jSkGCkteWbLiZAa+2HWzz0bOpTDheBn9/ljFhSaohGRsD7x7BInXvMi98ya1bDmAVfBLqEGyuh45swJYpxGhCvMkJRD20qUmyGhKGYkrzqpJAnCEzQiQ40c6VVuNv8wh+daCWAYC51cwbn6eyJDkZTTyNedxflyuVaI/9WGqQpbbkZ5kirC8WJRmDKoYljYBQMqCFZsqgFhQfWtEI+RQFhpU6vaBHv55VXoNRu25rvLWvu6tKMCTsEZqAMbXIE2uAUd0AUYPINX8A4+jBfjzfg0ZovWNaOcOQF/wvj+AWKwovc=</latexit><latexit sha1_base64="rOz0TXWYFyPLS+fNqLLu5mv+xfU=">AAACIXicbZBNS8NAEIY3ftb6FfXoZbEI9VKSItiDh4IXj1XsBzQxbDabdulmE3Y3Qgn5K178K148KNKb+GfctDlo68DAwzszzMzrJ4xKZVlfxtr6xubWdmWnuru3f3BoHh33ZJwKTLo4ZrEY+EgSRjnpKqoYGSSCoMhnpO9Pbop6/4kISWP+oKYJcSM04jSkGCkteWbLiZAa+2HWzz0bOpTDheBn9/ljFhSaohGRsD7x7BInXvMi98ya1bDmAVfBLqEGyuh45swJYpxGhCvMkJRD20qUmyGhKGYkrzqpJAnCEzQiQ40c6VVuNv8wh+daCWAYC51cwbn6eyJDkZTTyNedxflyuVaI/9WGqQpbbkZ5kirC8WJRmDKoYljYBQMqCFZsqgFhQfWtEI+RQFhpU6vaBHv55VXoNRu25rvLWvu6tKMCTsEZqAMbXIE2uAUd0AUYPINX8A4+jBfjzfg0ZovWNaOcOQF/wvj+AWKwovc=</latexit><latexit sha1_base64="rOz0TXWYFyPLS+fNqLLu5mv+xfU=">AAACIXicbZBNS8NAEIY3ftb6FfXoZbEI9VKSItiDh4IXj1XsBzQxbDabdulmE3Y3Qgn5K178K148KNKb+GfctDlo68DAwzszzMzrJ4xKZVlfxtr6xubWdmWnuru3f3BoHh33ZJwKTLo4ZrEY+EgSRjnpKqoYGSSCoMhnpO9Pbop6/4kISWP+oKYJcSM04jSkGCkteWbLiZAa+2HWzz0bOpTDheBn9/ljFhSaohGRsD7x7BInXvMi98ya1bDmAVfBLqEGyuh45swJYpxGhCvMkJRD20qUmyGhKGYkrzqpJAnCEzQiQ40c6VVuNv8wh+daCWAYC51cwbn6eyJDkZTTyNedxflyuVaI/9WGqQpbbkZ5kirC8WJRmDKoYljYBQMqCFZsqgFhQfWtEI+RQFhpU6vaBHv55VXoNRu25rvLWvu6tKMCTsEZqAMbXIE2uAUd0AUYPINX8A4+jBfjzfg0ZovWNaOcOQF/wvj+AWKwovc=</latexit>

(k1 ⇥ k2) : kernel size
<latexit sha1_base64="TNNsgzsaYUQPk1pzbYCW6+pBpOw=">AAACDHicbVC7SgNBFJ31GeMramkzGITYhN0gKGIRsLGMYB6QhDA7uUmGnZ1dZu6KcckH2PgrNhaK2PoBdv6Nk0ehiQcGDuecy517/FgKg6777Swtr6yurWc2sptb2zu7ub39mokSzaHKIxnphs8MSKGgigIlNGINLPQl1P3gauzX70AbEalbHMbQDllfiZ7gDK3UyeULQcdroQjB0KBTOrmgLYR7TAPQCiQ14gFGNuUW3QnoIvFmJE9mqHRyX61uxJMQFHLJjGl6boztlGkUXMIo20oMxIwHrA9NSxWz29vp5JgRPbZKl/YibZ9COlF/T6QsNGYY+jYZMhyYeW8s/uc1E+ydt1Oh4gRB8emiXiIpRnTcDO0KDRzl0BLGtbB/pXzANONo+8vaErz5kxdJrVT0LL85zZcvZ3VkyCE5IgXikTNSJtekQqqEk0fyTF7Jm/PkvDjvzsc0uuTMZg7IHzifP6Lbmrg=</latexit><latexit sha1_base64="TNNsgzsaYUQPk1pzbYCW6+pBpOw=">AAACDHicbVC7SgNBFJ31GeMramkzGITYhN0gKGIRsLGMYB6QhDA7uUmGnZ1dZu6KcckH2PgrNhaK2PoBdv6Nk0ehiQcGDuecy517/FgKg6777Swtr6yurWc2sptb2zu7ub39mokSzaHKIxnphs8MSKGgigIlNGINLPQl1P3gauzX70AbEalbHMbQDllfiZ7gDK3UyeULQcdroQjB0KBTOrmgLYR7TAPQCiQ14gFGNuUW3QnoIvFmJE9mqHRyX61uxJMQFHLJjGl6boztlGkUXMIo20oMxIwHrA9NSxWz29vp5JgRPbZKl/YibZ9COlF/T6QsNGYY+jYZMhyYeW8s/uc1E+ydt1Oh4gRB8emiXiIpRnTcDO0KDRzl0BLGtbB/pXzANONo+8vaErz5kxdJrVT0LL85zZcvZ3VkyCE5IgXikTNSJtekQqqEk0fyTF7Jm/PkvDjvzsc0uuTMZg7IHzifP6Lbmrg=</latexit><latexit sha1_base64="TNNsgzsaYUQPk1pzbYCW6+pBpOw=">AAACDHicbVC7SgNBFJ31GeMramkzGITYhN0gKGIRsLGMYB6QhDA7uUmGnZ1dZu6KcckH2PgrNhaK2PoBdv6Nk0ehiQcGDuecy517/FgKg6777Swtr6yurWc2sptb2zu7ub39mokSzaHKIxnphs8MSKGgigIlNGINLPQl1P3gauzX70AbEalbHMbQDllfiZ7gDK3UyeULQcdroQjB0KBTOrmgLYR7TAPQCiQ14gFGNuUW3QnoIvFmJE9mqHRyX61uxJMQFHLJjGl6boztlGkUXMIo20oMxIwHrA9NSxWz29vp5JgRPbZKl/YibZ9COlF/T6QsNGYY+jYZMhyYeW8s/uc1E+ydt1Oh4gRB8emiXiIpRnTcDO0KDRzl0BLGtbB/pXzANONo+8vaErz5kxdJrVT0LL85zZcvZ3VkyCE5IgXikTNSJtekQqqEk0fyTF7Jm/PkvDjvzsc0uuTMZg7IHzifP6Lbmrg=</latexit><latexit sha1_base64="TNNsgzsaYUQPk1pzbYCW6+pBpOw=">AAACDHicbVC7SgNBFJ31GeMramkzGITYhN0gKGIRsLGMYB6QhDA7uUmGnZ1dZu6KcckH2PgrNhaK2PoBdv6Nk0ehiQcGDuecy517/FgKg6777Swtr6yurWc2sptb2zu7ub39mokSzaHKIxnphs8MSKGgigIlNGINLPQl1P3gauzX70AbEalbHMbQDllfiZ7gDK3UyeULQcdroQjB0KBTOrmgLYR7TAPQCiQ14gFGNuUW3QnoIvFmJE9mqHRyX61uxJMQFHLJjGl6boztlGkUXMIo20oMxIwHrA9NSxWz29vp5JgRPbZKl/YibZ9COlF/T6QsNGYY+jYZMhyYeW8s/uc1E+ydt1Oh4gRB8emiXiIpRnTcDO0KDRzl0BLGtbB/pXzANONo+8vaErz5kxdJrVT0LL85zZcvZ3VkyCE5IgXikTNSJtekQqqEk0fyTF7Jm/PkvDjvzsc0uuTMZg7IHzifP6Lbmrg=</latexit>

Fully connected Convolutional

Larger layers with sparser connections with lower number of parameters



Computer
Vision

Sparser connections
Naïve approach – fully connected Convolutional link

x
<latexit sha1_base64="bbQ3lqD8HWD4mEG4hELz1/4OKTg=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx4MVjC/YD2lA220m7drMJuxuxhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk9t5vfOISvNY3ptpgn5ER5KHnFFjrebToFxxq+5CZB28HCqQqzEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ1HSCLWfLRadkQvrDEkYK/ukIQv390RGI62nUWA7I2rGerU2N/+r9VIT3vgZl0lqULLlR2EqiInJ/Goy5AqZEVMLlCludyVsTBVlxmZTsiF4qyevQ/uq6lluXlfq9TyOIpzBOVyCBzWowx00oAUMEJ7hFd6cB+fFeXc+lq0FJ585hT9yPn8A5aGM+g==</latexit><latexit sha1_base64="bbQ3lqD8HWD4mEG4hELz1/4OKTg=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx4MVjC/YD2lA220m7drMJuxuxhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk9t5vfOISvNY3ptpgn5ER5KHnFFjrebToFxxq+5CZB28HCqQqzEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ1HSCLWfLRadkQvrDEkYK/ukIQv390RGI62nUWA7I2rGerU2N/+r9VIT3vgZl0lqULLlR2EqiInJ/Goy5AqZEVMLlCludyVsTBVlxmZTsiF4qyevQ/uq6lluXlfq9TyOIpzBOVyCBzWowx00oAUMEJ7hFd6cB+fFeXc+lq0FJ585hT9yPn8A5aGM+g==</latexit><latexit sha1_base64="bbQ3lqD8HWD4mEG4hELz1/4OKTg=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx4MVjC/YD2lA220m7drMJuxuxhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk9t5vfOISvNY3ptpgn5ER5KHnFFjrebToFxxq+5CZB28HCqQqzEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ1HSCLWfLRadkQvrDEkYK/ukIQv390RGI62nUWA7I2rGerU2N/+r9VIT3vgZl0lqULLlR2EqiInJ/Goy5AqZEVMLlCludyVsTBVlxmZTsiF4qyevQ/uq6lluXlfq9TyOIpzBOVyCBzWowx00oAUMEJ7hFd6cB+fFeXc+lq0FJ585hT9yPn8A5aGM+g==</latexit><latexit sha1_base64="bbQ3lqD8HWD4mEG4hELz1/4OKTg=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx4MVjC/YD2lA220m7drMJuxuxhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk9t5vfOISvNY3ptpgn5ER5KHnFFjrebToFxxq+5CZB28HCqQqzEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ1HSCLWfLRadkQvrDEkYK/ukIQv390RGI62nUWA7I2rGerU2N/+r9VIT3vgZl0lqULLlR2EqiInJ/Goy5AqZEVMLlCludyVsTBVlxmZTsiF4qyevQ/uq6lluXlfq9TyOIpzBOVyCBzWowx00oAUMEJ7hFd6cB+fFeXc+lq0FJ585hT9yPn8A5aGM+g==</latexit>

x
<latexit sha1_base64="bbQ3lqD8HWD4mEG4hELz1/4OKTg=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx4MVjC/YD2lA220m7drMJuxuxhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk9t5vfOISvNY3ptpgn5ER5KHnFFjrebToFxxq+5CZB28HCqQqzEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ1HSCLWfLRadkQvrDEkYK/ukIQv390RGI62nUWA7I2rGerU2N/+r9VIT3vgZl0lqULLlR2EqiInJ/Goy5AqZEVMLlCludyVsTBVlxmZTsiF4qyevQ/uq6lluXlfq9TyOIpzBOVyCBzWowx00oAUMEJ7hFd6cB+fFeXc+lq0FJ585hT9yPn8A5aGM+g==</latexit><latexit sha1_base64="bbQ3lqD8HWD4mEG4hELz1/4OKTg=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx4MVjC/YD2lA220m7drMJuxuxhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk9t5vfOISvNY3ptpgn5ER5KHnFFjrebToFxxq+5CZB28HCqQqzEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ1HSCLWfLRadkQvrDEkYK/ukIQv390RGI62nUWA7I2rGerU2N/+r9VIT3vgZl0lqULLlR2EqiInJ/Goy5AqZEVMLlCludyVsTBVlxmZTsiF4qyevQ/uq6lluXlfq9TyOIpzBOVyCBzWowx00oAUMEJ7hFd6cB+fFeXc+lq0FJ585hT9yPn8A5aGM+g==</latexit><latexit sha1_base64="bbQ3lqD8HWD4mEG4hELz1/4OKTg=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx4MVjC/YD2lA220m7drMJuxuxhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk9t5vfOISvNY3ptpgn5ER5KHnFFjrebToFxxq+5CZB28HCqQqzEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ1HSCLWfLRadkQvrDEkYK/ukIQv390RGI62nUWA7I2rGerU2N/+r9VIT3vgZl0lqULLlR2EqiInJ/Goy5AqZEVMLlCludyVsTBVlxmZTsiF4qyevQ/uq6lluXlfq9TyOIpzBOVyCBzWowx00oAUMEJ7hFd6cB+fFeXc+lq0FJ585hT9yPn8A5aGM+g==</latexit><latexit sha1_base64="bbQ3lqD8HWD4mEG4hELz1/4OKTg=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx4MVjC/YD2lA220m7drMJuxuxhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk9t5vfOISvNY3ptpgn5ER5KHnFFjrebToFxxq+5CZB28HCqQqzEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ1HSCLWfLRadkQvrDEkYK/ukIQv390RGI62nUWA7I2rGerU2N/+r9VIT3vgZl0lqULLlR2EqiInJ/Goy5AqZEVMLlCludyVsTBVlxmZTsiF4qyevQ/uq6lluXlfq9TyOIpzBOVyCBzWowx00oAUMEJ7hFd6cB+fFeXc+lq0FJ585hT9yPn8A5aGM+g==</latexit>

h1
<latexit sha1_base64="G85YyL0rqEP8w7srrvarEYIkhog=">AAAB6nicbZBNSwMxEIYn9avWr6pHL8EieCq7Iuix4MVjRVsL7VKy6Wwbms0uSVYoS3+CFw+KePUXefPfmLZ70NYXAg/vzJCZN0ylMNbzvklpbX1jc6u8XdnZ3ds/qB4etU2SaY4tnshEd0JmUAqFLSusxE6qkcWhxMdwfDOrPz6hNiJRD3aSYhCzoRKR4Mw6637U9/vVmlf35qKr4BdQg0LNfvWrN0h4FqOyXDJjur6X2iBn2goucVrpZQZTxsdsiF2HisVogny+6pSeOWdAo0S7pyydu78nchYbM4lD1xkzOzLLtZn5X62b2eg6yIVKM4uKLz6KMkltQmd304HQyK2cOGBcC7cr5SOmGbcunYoLwV8+eRXaF3Xf8d1lrdEo4ijDCZzCOfhwBQ24hSa0gMMQnuEV3ogkL+SdfCxaS6SYOYY/Ip8/8qmNjg==</latexit><latexit sha1_base64="G85YyL0rqEP8w7srrvarEYIkhog=">AAAB6nicbZBNSwMxEIYn9avWr6pHL8EieCq7Iuix4MVjRVsL7VKy6Wwbms0uSVYoS3+CFw+KePUXefPfmLZ70NYXAg/vzJCZN0ylMNbzvklpbX1jc6u8XdnZ3ds/qB4etU2SaY4tnshEd0JmUAqFLSusxE6qkcWhxMdwfDOrPz6hNiJRD3aSYhCzoRKR4Mw6637U9/vVmlf35qKr4BdQg0LNfvWrN0h4FqOyXDJjur6X2iBn2goucVrpZQZTxsdsiF2HisVogny+6pSeOWdAo0S7pyydu78nchYbM4lD1xkzOzLLtZn5X62b2eg6yIVKM4uKLz6KMkltQmd304HQyK2cOGBcC7cr5SOmGbcunYoLwV8+eRXaF3Xf8d1lrdEo4ijDCZzCOfhwBQ24hSa0gMMQnuEV3ogkL+SdfCxaS6SYOYY/Ip8/8qmNjg==</latexit><latexit sha1_base64="G85YyL0rqEP8w7srrvarEYIkhog=">AAAB6nicbZBNSwMxEIYn9avWr6pHL8EieCq7Iuix4MVjRVsL7VKy6Wwbms0uSVYoS3+CFw+KePUXefPfmLZ70NYXAg/vzJCZN0ylMNbzvklpbX1jc6u8XdnZ3ds/qB4etU2SaY4tnshEd0JmUAqFLSusxE6qkcWhxMdwfDOrPz6hNiJRD3aSYhCzoRKR4Mw6637U9/vVmlf35qKr4BdQg0LNfvWrN0h4FqOyXDJjur6X2iBn2goucVrpZQZTxsdsiF2HisVogny+6pSeOWdAo0S7pyydu78nchYbM4lD1xkzOzLLtZn5X62b2eg6yIVKM4uKLz6KMkltQmd304HQyK2cOGBcC7cr5SOmGbcunYoLwV8+eRXaF3Xf8d1lrdEo4ijDCZzCOfhwBQ24hSa0gMMQnuEV3ogkL+SdfCxaS6SYOYY/Ip8/8qmNjg==</latexit><latexit sha1_base64="G85YyL0rqEP8w7srrvarEYIkhog=">AAAB6nicbZBNSwMxEIYn9avWr6pHL8EieCq7Iuix4MVjRVsL7VKy6Wwbms0uSVYoS3+CFw+KePUXefPfmLZ70NYXAg/vzJCZN0ylMNbzvklpbX1jc6u8XdnZ3ds/qB4etU2SaY4tnshEd0JmUAqFLSusxE6qkcWhxMdwfDOrPz6hNiJRD3aSYhCzoRKR4Mw6637U9/vVmlf35qKr4BdQg0LNfvWrN0h4FqOyXDJjur6X2iBn2goucVrpZQZTxsdsiF2HisVogny+6pSeOWdAo0S7pyydu78nchYbM4lD1xkzOzLLtZn5X62b2eg6yIVKM4uKLz6KMkltQmd304HQyK2cOGBcC7cr5SOmGbcunYoLwV8+eRXaF3Xf8d1lrdEo4ijDCZzCOfhwBQ24hSa0gMMQnuEV3ogkL+SdfCxaS6SYOYY/Ip8/8qmNjg==</latexit>

h1,k
<latexit sha1_base64="VuBTZjkmzggTfL5Cc45QiaSLtKg=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8CAlkYIeC148VrAf0Iay2W7aJZtN2J0IJfRHePGgiFd/jzf/jds2B219YeHhnRl25g1SKQy67rdT2tjc2t4p71b29g8Oj6rHJx2TZJrxNktkonsBNVwKxdsoUPJeqjmNA8m7QXQ3r3efuDYiUY84Tbkf07ESoWAUrdWdDHPvKpoNqzW37i5E1sEroAaFWsPq12CUsCzmCpmkxvQ9N0U/pxoFk3xWGWSGp5RFdMz7FhWNufHzxbozcmGdEQkTbZ9CsnB/T+Q0NmYaB7Yzpjgxq7W5+V+tn2F46+dCpRlyxZYfhZkkmJD57WQkNGcopxYo08LuStiEasrQJlSxIXirJ69D57ruWX5o1JrNIo4ynME5XIIHN9CEe2hBGxhE8Ayv8Oakzovz7nwsW0tOMXMKf+R8/gDpnI9F</latexit><latexit sha1_base64="VuBTZjkmzggTfL5Cc45QiaSLtKg=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8CAlkYIeC148VrAf0Iay2W7aJZtN2J0IJfRHePGgiFd/jzf/jds2B219YeHhnRl25g1SKQy67rdT2tjc2t4p71b29g8Oj6rHJx2TZJrxNktkonsBNVwKxdsoUPJeqjmNA8m7QXQ3r3efuDYiUY84Tbkf07ESoWAUrdWdDHPvKpoNqzW37i5E1sEroAaFWsPq12CUsCzmCpmkxvQ9N0U/pxoFk3xWGWSGp5RFdMz7FhWNufHzxbozcmGdEQkTbZ9CsnB/T+Q0NmYaB7Yzpjgxq7W5+V+tn2F46+dCpRlyxZYfhZkkmJD57WQkNGcopxYo08LuStiEasrQJlSxIXirJ69D57ruWX5o1JrNIo4ynME5XIIHN9CEe2hBGxhE8Ayv8Oakzovz7nwsW0tOMXMKf+R8/gDpnI9F</latexit><latexit sha1_base64="VuBTZjkmzggTfL5Cc45QiaSLtKg=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8CAlkYIeC148VrAf0Iay2W7aJZtN2J0IJfRHePGgiFd/jzf/jds2B219YeHhnRl25g1SKQy67rdT2tjc2t4p71b29g8Oj6rHJx2TZJrxNktkonsBNVwKxdsoUPJeqjmNA8m7QXQ3r3efuDYiUY84Tbkf07ESoWAUrdWdDHPvKpoNqzW37i5E1sEroAaFWsPq12CUsCzmCpmkxvQ9N0U/pxoFk3xWGWSGp5RFdMz7FhWNufHzxbozcmGdEQkTbZ9CsnB/T+Q0NmYaB7Yzpjgxq7W5+V+tn2F46+dCpRlyxZYfhZkkmJD57WQkNGcopxYo08LuStiEasrQJlSxIXirJ69D57ruWX5o1JrNIo4ynME5XIIHN9CEe2hBGxhE8Ayv8Oakzovz7nwsW0tOMXMKf+R8/gDpnI9F</latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="/8pZXgIxVGLRNhL3CodDGDpGDSI=">AAAB43icbZBLSwMxFIXv1FetVatbN8EiuJAy40aXghuXFewD2qFk0jttaCYzJHeEMvRHuHGhiP/Jnf/G9LHQ1gOBj3MScu+JMiUt+f63V9ra3tndK+9XDqqHR8e1k2rbprkR2BKpSk034haV1NgiSQq7mUGeRAo70eR+nnee0ViZ6ieaZhgmfKRlLAUnZ3XGgyK4mswGtbrf8BdimxCsoA4rNQe1r/4wFXmCmoTi1vYCP6Ow4IakUDir9HOLGRcTPsKeQ80TtGGxGHfGLpwzZHFq3NHEFu7vFwVPrJ0mkbuZcBrb9Wxu/pf1copvw0LqLCfUYvlRnCtGKZvvzobSoCA1dcCFkW5WJsbccEGuoYorIVhfeRPa143A8aMPZTiDc7iEAG7gDh6gCS0QMIEXeIN3L/NevY9lXSVv1dsp/JH3+QO9a43u</latexit><latexit sha1_base64="/8pZXgIxVGLRNhL3CodDGDpGDSI=">AAAB43icbZBLSwMxFIXv1FetVatbN8EiuJAy40aXghuXFewD2qFk0jttaCYzJHeEMvRHuHGhiP/Jnf/G9LHQ1gOBj3MScu+JMiUt+f63V9ra3tndK+9XDqqHR8e1k2rbprkR2BKpSk034haV1NgiSQq7mUGeRAo70eR+nnee0ViZ6ieaZhgmfKRlLAUnZ3XGgyK4mswGtbrf8BdimxCsoA4rNQe1r/4wFXmCmoTi1vYCP6Ow4IakUDir9HOLGRcTPsKeQ80TtGGxGHfGLpwzZHFq3NHEFu7vFwVPrJ0mkbuZcBrb9Wxu/pf1copvw0LqLCfUYvlRnCtGKZvvzobSoCA1dcCFkW5WJsbccEGuoYorIVhfeRPa143A8aMPZTiDc7iEAG7gDh6gCS0QMIEXeIN3L/NevY9lXSVv1dsp/JH3+QO9a43u</latexit><latexit sha1_base64="2gfNMKm7GrUkK0YxUp4NU+J9Zbc=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8CAl8aLHgBePFewHtKFstpt2yWYTdidCCf0RXjwo4tXf481/47bNQVtfWHh4Z4adecNMCoOu++1UNja3tnequ7W9/YPDo/rxScekuWa8zVKZ6l5IDZdC8TYKlLyXaU6TUPJuGN/N690nro1I1SNOMx4kdKxEJBhFa3Unw8K7imfDesNtuguRdfBKaECp1rD+NRilLE+4QiapMX3PzTAoqEbBJJ/VBrnhGWUxHfO+RUUTboJise6MXFhnRKJU26eQLNzfEwVNjJkmoe1MKE7Mam1u/lfr5xjdBoVQWY5cseVHUS4JpmR+OxkJzRnKqQXKtLC7EjahmjK0CdVsCN7qyevQuW56lh/chu+XcVThDM7hEjy4AR/uoQVtYBDDM7zCm5M5L86787FsrTjlzCn8kfP5A+hcj0E=</latexit><latexit sha1_base64="VuBTZjkmzggTfL5Cc45QiaSLtKg=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8CAlkYIeC148VrAf0Iay2W7aJZtN2J0IJfRHePGgiFd/jzf/jds2B219YeHhnRl25g1SKQy67rdT2tjc2t4p71b29g8Oj6rHJx2TZJrxNktkonsBNVwKxdsoUPJeqjmNA8m7QXQ3r3efuDYiUY84Tbkf07ESoWAUrdWdDHPvKpoNqzW37i5E1sEroAaFWsPq12CUsCzmCpmkxvQ9N0U/pxoFk3xWGWSGp5RFdMz7FhWNufHzxbozcmGdEQkTbZ9CsnB/T+Q0NmYaB7Yzpjgxq7W5+V+tn2F46+dCpRlyxZYfhZkkmJD57WQkNGcopxYo08LuStiEasrQJlSxIXirJ69D57ruWX5o1JrNIo4ynME5XIIHN9CEe2hBGxhE8Ayv8Oakzovz7nwsW0tOMXMKf+R8/gDpnI9F</latexit><latexit sha1_base64="VuBTZjkmzggTfL5Cc45QiaSLtKg=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8CAlkYIeC148VrAf0Iay2W7aJZtN2J0IJfRHePGgiFd/jzf/jds2B219YeHhnRl25g1SKQy67rdT2tjc2t4p71b29g8Oj6rHJx2TZJrxNktkonsBNVwKxdsoUPJeqjmNA8m7QXQ3r3efuDYiUY84Tbkf07ESoWAUrdWdDHPvKpoNqzW37i5E1sEroAaFWsPq12CUsCzmCpmkxvQ9N0U/pxoFk3xWGWSGp5RFdMz7FhWNufHzxbozcmGdEQkTbZ9CsnB/T+Q0NmYaB7Yzpjgxq7W5+V+tn2F46+dCpRlyxZYfhZkkmJD57WQkNGcopxYo08LuStiEasrQJlSxIXirJ69D57ruWX5o1JrNIo4ynME5XIIHN9CEe2hBGxhE8Ayv8Oakzovz7nwsW0tOMXMKf+R8/gDpnI9F</latexit><latexit sha1_base64="VuBTZjkmzggTfL5Cc45QiaSLtKg=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8CAlkYIeC148VrAf0Iay2W7aJZtN2J0IJfRHePGgiFd/jzf/jds2B219YeHhnRl25g1SKQy67rdT2tjc2t4p71b29g8Oj6rHJx2TZJrxNktkonsBNVwKxdsoUPJeqjmNA8m7QXQ3r3efuDYiUY84Tbkf07ESoWAUrdWdDHPvKpoNqzW37i5E1sEroAaFWsPq12CUsCzmCpmkxvQ9N0U/pxoFk3xWGWSGp5RFdMz7FhWNufHzxbozcmGdEQkTbZ9CsnB/T+Q0NmYaB7Yzpjgxq7W5+V+tn2F46+dCpRlyxZYfhZkkmJD57WQkNGcopxYo08LuStiEasrQJlSxIXirJ69D57ruWX5o1JrNIo4ynME5XIIHN9CEe2hBGxhE8Ayv8Oakzovz7nwsW0tOMXMKf+R8/gDpnI9F</latexit><latexit sha1_base64="VuBTZjkmzggTfL5Cc45QiaSLtKg=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8CAlkYIeC148VrAf0Iay2W7aJZtN2J0IJfRHePGgiFd/jzf/jds2B219YeHhnRl25g1SKQy67rdT2tjc2t4p71b29g8Oj6rHJx2TZJrxNktkonsBNVwKxdsoUPJeqjmNA8m7QXQ3r3efuDYiUY84Tbkf07ESoWAUrdWdDHPvKpoNqzW37i5E1sEroAaFWsPq12CUsCzmCpmkxvQ9N0U/pxoFk3xWGWSGp5RFdMz7FhWNufHzxbozcmGdEQkTbZ9CsnB/T+Q0NmYaB7Yzpjgxq7W5+V+tn2F46+dCpRlyxZYfhZkkmJD57WQkNGcopxYo08LuStiEasrQJlSxIXirJ69D57ruWX5o1JrNIo4ynME5XIIHN9CEe2hBGxhE8Ayv8Oakzovz7nwsW0tOMXMKf+R8/gDpnI9F</latexit><latexit sha1_base64="VuBTZjkmzggTfL5Cc45QiaSLtKg=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8CAlkYIeC148VrAf0Iay2W7aJZtN2J0IJfRHePGgiFd/jzf/jds2B219YeHhnRl25g1SKQy67rdT2tjc2t4p71b29g8Oj6rHJx2TZJrxNktkonsBNVwKxdsoUPJeqjmNA8m7QXQ3r3efuDYiUY84Tbkf07ESoWAUrdWdDHPvKpoNqzW37i5E1sEroAaFWsPq12CUsCzmCpmkxvQ9N0U/pxoFk3xWGWSGp5RFdMz7FhWNufHzxbozcmGdEQkTbZ9CsnB/T+Q0NmYaB7Yzpjgxq7W5+V+tn2F46+dCpRlyxZYfhZkkmJD57WQkNGcopxYo08LuStiEasrQJlSxIXirJ69D57ruWX5o1JrNIo4ynME5XIIHN9CEe2hBGxhE8Ayv8Oakzovz7nwsW0tOMXMKf+R8/gDpnI9F</latexit><latexit sha1_base64="VuBTZjkmzggTfL5Cc45QiaSLtKg=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8CAlkYIeC148VrAf0Iay2W7aJZtN2J0IJfRHePGgiFd/jzf/jds2B219YeHhnRl25g1SKQy67rdT2tjc2t4p71b29g8Oj6rHJx2TZJrxNktkonsBNVwKxdsoUPJeqjmNA8m7QXQ3r3efuDYiUY84Tbkf07ESoWAUrdWdDHPvKpoNqzW37i5E1sEroAaFWsPq12CUsCzmCpmkxvQ9N0U/pxoFk3xWGWSGp5RFdMz7FhWNufHzxbozcmGdEQkTbZ9CsnB/T+Q0NmYaB7Yzpjgxq7W5+V+tn2F46+dCpRlyxZYfhZkkmJD57WQkNGcopxYo08LuStiEasrQJlSxIXirJ69D57ruWX5o1JrNIo4ynME5XIIHN9CEe2hBGxhE8Ayv8Oakzovz7nwsW0tOMXMKf+R8/gDpnI9F</latexit>

W1 2 Rd1⇥(N0⇥M0)
<latexit sha1_base64="fed9ogYCoZssJTnn4d48Y2HWNaQ=">AAACIXicbZBNS8NAEIY39avWr6hHL4tFqJeSiGAPHgpevChV7Ac0MWy2m3bpZhN2N0IJ+Ste/CtePCjSm/hn3LQ5aOvAwMM7M8zM68eMSmVZX0ZpZXVtfaO8Wdna3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1x1d5vftEhKQRf1CTmLghGnIaUIyUljyz4YRIjfwg7WaeDR3K4Vzw0/vsMR3kmqIhkbB261kF3njWaeaZVatuzQIug11AFRTR8sypM4hwEhKuMENS9m0rVm6KhKKYkaziJJLECI/RkPQ1cqRXuenswwyeaGUAg0jo5ArO1N8TKQqlnIS+7szPl4u1XPyv1k9U0HBTyuNEEY7ni4KEQRXB3C44oIJgxSYaEBZU3wrxCAmElTa1ok2wF19ehs5Z3dZ8d15tXhZ2lMEROAY1YIML0ATXoAXaAINn8ArewYfxYrwZn8Z03loyiplD8CeM7x8CmqK5</latexit><latexit sha1_base64="fed9ogYCoZssJTnn4d48Y2HWNaQ=">AAACIXicbZBNS8NAEIY39avWr6hHL4tFqJeSiGAPHgpevChV7Ac0MWy2m3bpZhN2N0IJ+Ste/CtePCjSm/hn3LQ5aOvAwMM7M8zM68eMSmVZX0ZpZXVtfaO8Wdna3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1x1d5vftEhKQRf1CTmLghGnIaUIyUljyz4YRIjfwg7WaeDR3K4Vzw0/vsMR3kmqIhkbB261kF3njWaeaZVatuzQIug11AFRTR8sypM4hwEhKuMENS9m0rVm6KhKKYkaziJJLECI/RkPQ1cqRXuenswwyeaGUAg0jo5ArO1N8TKQqlnIS+7szPl4u1XPyv1k9U0HBTyuNEEY7ni4KEQRXB3C44oIJgxSYaEBZU3wrxCAmElTa1ok2wF19ehs5Z3dZ8d15tXhZ2lMEROAY1YIML0ATXoAXaAINn8ArewYfxYrwZn8Z03loyiplD8CeM7x8CmqK5</latexit><latexit sha1_base64="fed9ogYCoZssJTnn4d48Y2HWNaQ=">AAACIXicbZBNS8NAEIY39avWr6hHL4tFqJeSiGAPHgpevChV7Ac0MWy2m3bpZhN2N0IJ+Ste/CtePCjSm/hn3LQ5aOvAwMM7M8zM68eMSmVZX0ZpZXVtfaO8Wdna3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1x1d5vftEhKQRf1CTmLghGnIaUIyUljyz4YRIjfwg7WaeDR3K4Vzw0/vsMR3kmqIhkbB261kF3njWaeaZVatuzQIug11AFRTR8sypM4hwEhKuMENS9m0rVm6KhKKYkaziJJLECI/RkPQ1cqRXuenswwyeaGUAg0jo5ArO1N8TKQqlnIS+7szPl4u1XPyv1k9U0HBTyuNEEY7ni4KEQRXB3C44oIJgxSYaEBZU3wrxCAmElTa1ok2wF19ehs5Z3dZ8d15tXhZ2lMEROAY1YIML0ATXoAXaAINn8ArewYfxYrwZn8Z03loyiplD8CeM7x8CmqK5</latexit><latexit sha1_base64="fed9ogYCoZssJTnn4d48Y2HWNaQ=">AAACIXicbZBNS8NAEIY39avWr6hHL4tFqJeSiGAPHgpevChV7Ac0MWy2m3bpZhN2N0IJ+Ste/CtePCjSm/hn3LQ5aOvAwMM7M8zM68eMSmVZX0ZpZXVtfaO8Wdna3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1x1d5vftEhKQRf1CTmLghGnIaUIyUljyz4YRIjfwg7WaeDR3K4Vzw0/vsMR3kmqIhkbB261kF3njWaeaZVatuzQIug11AFRTR8sypM4hwEhKuMENS9m0rVm6KhKKYkaziJJLECI/RkPQ1cqRXuenswwyeaGUAg0jo5ArO1N8TKQqlnIS+7szPl4u1XPyv1k9U0HBTyuNEEY7ni4KEQRXB3C44oIJgxSYaEBZU3wrxCAmElTa1ok2wF19ehs5Z3dZ8d15tXhZ2lMEROAY1YIML0ATXoAXaAINn8ArewYfxYrwZn8Z03loyiplD8CeM7x8CmqK5</latexit>

W1 2 Rd1⇥(k1⇥k2)
<latexit sha1_base64="rOz0TXWYFyPLS+fNqLLu5mv+xfU=">AAACIXicbZBNS8NAEIY3ftb6FfXoZbEI9VKSItiDh4IXj1XsBzQxbDabdulmE3Y3Qgn5K178K148KNKb+GfctDlo68DAwzszzMzrJ4xKZVlfxtr6xubWdmWnuru3f3BoHh33ZJwKTLo4ZrEY+EgSRjnpKqoYGSSCoMhnpO9Pbop6/4kISWP+oKYJcSM04jSkGCkteWbLiZAa+2HWzz0bOpTDheBn9/ljFhSaohGRsD7x7BInXvMi98ya1bDmAVfBLqEGyuh45swJYpxGhCvMkJRD20qUmyGhKGYkrzqpJAnCEzQiQ40c6VVuNv8wh+daCWAYC51cwbn6eyJDkZTTyNedxflyuVaI/9WGqQpbbkZ5kirC8WJRmDKoYljYBQMqCFZsqgFhQfWtEI+RQFhpU6vaBHv55VXoNRu25rvLWvu6tKMCTsEZqAMbXIE2uAUd0AUYPINX8A4+jBfjzfg0ZovWNaOcOQF/wvj+AWKwovc=</latexit><latexit sha1_base64="rOz0TXWYFyPLS+fNqLLu5mv+xfU=">AAACIXicbZBNS8NAEIY3ftb6FfXoZbEI9VKSItiDh4IXj1XsBzQxbDabdulmE3Y3Qgn5K178K148KNKb+GfctDlo68DAwzszzMzrJ4xKZVlfxtr6xubWdmWnuru3f3BoHh33ZJwKTLo4ZrEY+EgSRjnpKqoYGSSCoMhnpO9Pbop6/4kISWP+oKYJcSM04jSkGCkteWbLiZAa+2HWzz0bOpTDheBn9/ljFhSaohGRsD7x7BInXvMi98ya1bDmAVfBLqEGyuh45swJYpxGhCvMkJRD20qUmyGhKGYkrzqpJAnCEzQiQ40c6VVuNv8wh+daCWAYC51cwbn6eyJDkZTTyNedxflyuVaI/9WGqQpbbkZ5kirC8WJRmDKoYljYBQMqCFZsqgFhQfWtEI+RQFhpU6vaBHv55VXoNRu25rvLWvu6tKMCTsEZqAMbXIE2uAUd0AUYPINX8A4+jBfjzfg0ZovWNaOcOQF/wvj+AWKwovc=</latexit><latexit sha1_base64="rOz0TXWYFyPLS+fNqLLu5mv+xfU=">AAACIXicbZBNS8NAEIY3ftb6FfXoZbEI9VKSItiDh4IXj1XsBzQxbDabdulmE3Y3Qgn5K178K148KNKb+GfctDlo68DAwzszzMzrJ4xKZVlfxtr6xubWdmWnuru3f3BoHh33ZJwKTLo4ZrEY+EgSRjnpKqoYGSSCoMhnpO9Pbop6/4kISWP+oKYJcSM04jSkGCkteWbLiZAa+2HWzz0bOpTDheBn9/ljFhSaohGRsD7x7BInXvMi98ya1bDmAVfBLqEGyuh45swJYpxGhCvMkJRD20qUmyGhKGYkrzqpJAnCEzQiQ40c6VVuNv8wh+daCWAYC51cwbn6eyJDkZTTyNedxflyuVaI/9WGqQpbbkZ5kirC8WJRmDKoYljYBQMqCFZsqgFhQfWtEI+RQFhpU6vaBHv55VXoNRu25rvLWvu6tKMCTsEZqAMbXIE2uAUd0AUYPINX8A4+jBfjzfg0ZovWNaOcOQF/wvj+AWKwovc=</latexit><latexit sha1_base64="rOz0TXWYFyPLS+fNqLLu5mv+xfU=">AAACIXicbZBNS8NAEIY3ftb6FfXoZbEI9VKSItiDh4IXj1XsBzQxbDabdulmE3Y3Qgn5K178K148KNKb+GfctDlo68DAwzszzMzrJ4xKZVlfxtr6xubWdmWnuru3f3BoHh33ZJwKTLo4ZrEY+EgSRjnpKqoYGSSCoMhnpO9Pbop6/4kISWP+oKYJcSM04jSkGCkteWbLiZAa+2HWzz0bOpTDheBn9/ljFhSaohGRsD7x7BInXvMi98ya1bDmAVfBLqEGyuh45swJYpxGhCvMkJRD20qUmyGhKGYkrzqpJAnCEzQiQ40c6VVuNv8wh+daCWAYC51cwbn6eyJDkZTTyNedxflyuVaI/9WGqQpbbkZ5kirC8WJRmDKoYljYBQMqCFZsqgFhQfWtEI+RQFhpU6vaBHv55VXoNRu25rvLWvu6tKMCTsEZqAMbXIE2uAUd0AUYPINX8A4+jBfjzfg0ZovWNaOcOQF/wvj+AWKwovc=</latexit>



Computer
Vision

x
<latexit sha1_base64="bbQ3lqD8HWD4mEG4hELz1/4OKTg=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx4MVjC/YD2lA220m7drMJuxuxhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk9t5vfOISvNY3ptpgn5ER5KHnFFjrebToFxxq+5CZB28HCqQqzEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ1HSCLWfLRadkQvrDEkYK/ukIQv390RGI62nUWA7I2rGerU2N/+r9VIT3vgZl0lqULLlR2EqiInJ/Goy5AqZEVMLlCludyVsTBVlxmZTsiF4qyevQ/uq6lluXlfq9TyOIpzBOVyCBzWowx00oAUMEJ7hFd6cB+fFeXc+lq0FJ585hT9yPn8A5aGM+g==</latexit><latexit sha1_base64="bbQ3lqD8HWD4mEG4hELz1/4OKTg=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx4MVjC/YD2lA220m7drMJuxuxhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk9t5vfOISvNY3ptpgn5ER5KHnFFjrebToFxxq+5CZB28HCqQqzEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ1HSCLWfLRadkQvrDEkYK/ukIQv390RGI62nUWA7I2rGerU2N/+r9VIT3vgZl0lqULLlR2EqiInJ/Goy5AqZEVMLlCludyVsTBVlxmZTsiF4qyevQ/uq6lluXlfq9TyOIpzBOVyCBzWowx00oAUMEJ7hFd6cB+fFeXc+lq0FJ585hT9yPn8A5aGM+g==</latexit><latexit sha1_base64="bbQ3lqD8HWD4mEG4hELz1/4OKTg=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx4MVjC/YD2lA220m7drMJuxuxhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk9t5vfOISvNY3ptpgn5ER5KHnFFjrebToFxxq+5CZB28HCqQqzEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ1HSCLWfLRadkQvrDEkYK/ukIQv390RGI62nUWA7I2rGerU2N/+r9VIT3vgZl0lqULLlR2EqiInJ/Goy5AqZEVMLlCludyVsTBVlxmZTsiF4qyevQ/uq6lluXlfq9TyOIpzBOVyCBzWowx00oAUMEJ7hFd6cB+fFeXc+lq0FJ585hT9yPn8A5aGM+g==</latexit><latexit sha1_base64="bbQ3lqD8HWD4mEG4hELz1/4OKTg=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx4MVjC/YD2lA220m7drMJuxuxhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk9t5vfOISvNY3ptpgn5ER5KHnFFjrebToFxxq+5CZB28HCqQqzEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ1HSCLWfLRadkQvrDEkYK/ukIQv390RGI62nUWA7I2rGerU2N/+r9VIT3vgZl0lqULLlR2EqiInJ/Goy5AqZEVMLlCludyVsTBVlxmZTsiF4qyevQ/uq6lluXlfq9TyOIpzBOVyCBzWowx00oAUMEJ7hFd6cB+fFeXc+lq0FJ585hT9yPn8A5aGM+g==</latexit>

x
<latexit sha1_base64="bbQ3lqD8HWD4mEG4hELz1/4OKTg=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx4MVjC/YD2lA220m7drMJuxuxhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk9t5vfOISvNY3ptpgn5ER5KHnFFjrebToFxxq+5CZB28HCqQqzEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ1HSCLWfLRadkQvrDEkYK/ukIQv390RGI62nUWA7I2rGerU2N/+r9VIT3vgZl0lqULLlR2EqiInJ/Goy5AqZEVMLlCludyVsTBVlxmZTsiF4qyevQ/uq6lluXlfq9TyOIpzBOVyCBzWowx00oAUMEJ7hFd6cB+fFeXc+lq0FJ585hT9yPn8A5aGM+g==</latexit><latexit sha1_base64="bbQ3lqD8HWD4mEG4hELz1/4OKTg=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx4MVjC/YD2lA220m7drMJuxuxhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk9t5vfOISvNY3ptpgn5ER5KHnFFjrebToFxxq+5CZB28HCqQqzEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ1HSCLWfLRadkQvrDEkYK/ukIQv390RGI62nUWA7I2rGerU2N/+r9VIT3vgZl0lqULLlR2EqiInJ/Goy5AqZEVMLlCludyVsTBVlxmZTsiF4qyevQ/uq6lluXlfq9TyOIpzBOVyCBzWowx00oAUMEJ7hFd6cB+fFeXc+lq0FJ585hT9yPn8A5aGM+g==</latexit><latexit sha1_base64="bbQ3lqD8HWD4mEG4hELz1/4OKTg=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx4MVjC/YD2lA220m7drMJuxuxhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk9t5vfOISvNY3ptpgn5ER5KHnFFjrebToFxxq+5CZB28HCqQqzEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ1HSCLWfLRadkQvrDEkYK/ukIQv390RGI62nUWA7I2rGerU2N/+r9VIT3vgZl0lqULLlR2EqiInJ/Goy5AqZEVMLlCludyVsTBVlxmZTsiF4qyevQ/uq6lluXlfq9TyOIpzBOVyCBzWowx00oAUMEJ7hFd6cB+fFeXc+lq0FJ585hT9yPn8A5aGM+g==</latexit><latexit sha1_base64="bbQ3lqD8HWD4mEG4hELz1/4OKTg=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx4MVjC/YD2lA220m7drMJuxuxhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk9t5vfOISvNY3ptpgn5ER5KHnFFjrebToFxxq+5CZB28HCqQqzEof/WHMUsjlIYJqnXPcxPjZ1QZzgTOSv1UY0LZhI6wZ1HSCLWfLRadkQvrDEkYK/ukIQv390RGI62nUWA7I2rGerU2N/+r9VIT3vgZl0lqULLlR2EqiInJ/Goy5AqZEVMLlCludyVsTBVlxmZTsiF4qyevQ/uq6lluXlfq9TyOIpzBOVyCBzWowx00oAUMEJ7hFd6cB+fFeXc+lq0FJ585hT9yPn8A5aGM+g==</latexit>

h1
<latexit sha1_base64="G85YyL0rqEP8w7srrvarEYIkhog=">AAAB6nicbZBNSwMxEIYn9avWr6pHL8EieCq7Iuix4MVjRVsL7VKy6Wwbms0uSVYoS3+CFw+KePUXefPfmLZ70NYXAg/vzJCZN0ylMNbzvklpbX1jc6u8XdnZ3ds/qB4etU2SaY4tnshEd0JmUAqFLSusxE6qkcWhxMdwfDOrPz6hNiJRD3aSYhCzoRKR4Mw6637U9/vVmlf35qKr4BdQg0LNfvWrN0h4FqOyXDJjur6X2iBn2goucVrpZQZTxsdsiF2HisVogny+6pSeOWdAo0S7pyydu78nchYbM4lD1xkzOzLLtZn5X62b2eg6yIVKM4uKLz6KMkltQmd304HQyK2cOGBcC7cr5SOmGbcunYoLwV8+eRXaF3Xf8d1lrdEo4ijDCZzCOfhwBQ24hSa0gMMQnuEV3ogkL+SdfCxaS6SYOYY/Ip8/8qmNjg==</latexit><latexit sha1_base64="G85YyL0rqEP8w7srrvarEYIkhog=">AAAB6nicbZBNSwMxEIYn9avWr6pHL8EieCq7Iuix4MVjRVsL7VKy6Wwbms0uSVYoS3+CFw+KePUXefPfmLZ70NYXAg/vzJCZN0ylMNbzvklpbX1jc6u8XdnZ3ds/qB4etU2SaY4tnshEd0JmUAqFLSusxE6qkcWhxMdwfDOrPz6hNiJRD3aSYhCzoRKR4Mw6637U9/vVmlf35qKr4BdQg0LNfvWrN0h4FqOyXDJjur6X2iBn2goucVrpZQZTxsdsiF2HisVogny+6pSeOWdAo0S7pyydu78nchYbM4lD1xkzOzLLtZn5X62b2eg6yIVKM4uKLz6KMkltQmd304HQyK2cOGBcC7cr5SOmGbcunYoLwV8+eRXaF3Xf8d1lrdEo4ijDCZzCOfhwBQ24hSa0gMMQnuEV3ogkL+SdfCxaS6SYOYY/Ip8/8qmNjg==</latexit><latexit sha1_base64="G85YyL0rqEP8w7srrvarEYIkhog=">AAAB6nicbZBNSwMxEIYn9avWr6pHL8EieCq7Iuix4MVjRVsL7VKy6Wwbms0uSVYoS3+CFw+KePUXefPfmLZ70NYXAg/vzJCZN0ylMNbzvklpbX1jc6u8XdnZ3ds/qB4etU2SaY4tnshEd0JmUAqFLSusxE6qkcWhxMdwfDOrPz6hNiJRD3aSYhCzoRKR4Mw6637U9/vVmlf35qKr4BdQg0LNfvWrN0h4FqOyXDJjur6X2iBn2goucVrpZQZTxsdsiF2HisVogny+6pSeOWdAo0S7pyydu78nchYbM4lD1xkzOzLLtZn5X62b2eg6yIVKM4uKLz6KMkltQmd304HQyK2cOGBcC7cr5SOmGbcunYoLwV8+eRXaF3Xf8d1lrdEo4ijDCZzCOfhwBQ24hSa0gMMQnuEV3ogkL+SdfCxaS6SYOYY/Ip8/8qmNjg==</latexit><latexit sha1_base64="G85YyL0rqEP8w7srrvarEYIkhog=">AAAB6nicbZBNSwMxEIYn9avWr6pHL8EieCq7Iuix4MVjRVsL7VKy6Wwbms0uSVYoS3+CFw+KePUXefPfmLZ70NYXAg/vzJCZN0ylMNbzvklpbX1jc6u8XdnZ3ds/qB4etU2SaY4tnshEd0JmUAqFLSusxE6qkcWhxMdwfDOrPz6hNiJRD3aSYhCzoRKR4Mw6637U9/vVmlf35qKr4BdQg0LNfvWrN0h4FqOyXDJjur6X2iBn2goucVrpZQZTxsdsiF2HisVogny+6pSeOWdAo0S7pyydu78nchYbM4lD1xkzOzLLtZn5X62b2eg6yIVKM4uKLz6KMkltQmd304HQyK2cOGBcC7cr5SOmGbcunYoLwV8+eRXaF3Xf8d1lrdEo4ijDCZzCOfhwBQ24hSa0gMMQnuEV3ogkL+SdfCxaS6SYOYY/Ip8/8qmNjg==</latexit>

h1,k
<latexit sha1_base64="VuBTZjkmzggTfL5Cc45QiaSLtKg=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8CAlkYIeC148VrAf0Iay2W7aJZtN2J0IJfRHePGgiFd/jzf/jds2B219YeHhnRl25g1SKQy67rdT2tjc2t4p71b29g8Oj6rHJx2TZJrxNktkonsBNVwKxdsoUPJeqjmNA8m7QXQ3r3efuDYiUY84Tbkf07ESoWAUrdWdDHPvKpoNqzW37i5E1sEroAaFWsPq12CUsCzmCpmkxvQ9N0U/pxoFk3xWGWSGp5RFdMz7FhWNufHzxbozcmGdEQkTbZ9CsnB/T+Q0NmYaB7Yzpjgxq7W5+V+tn2F46+dCpRlyxZYfhZkkmJD57WQkNGcopxYo08LuStiEasrQJlSxIXirJ69D57ruWX5o1JrNIo4ynME5XIIHN9CEe2hBGxhE8Ayv8Oakzovz7nwsW0tOMXMKf+R8/gDpnI9F</latexit><latexit sha1_base64="VuBTZjkmzggTfL5Cc45QiaSLtKg=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8CAlkYIeC148VrAf0Iay2W7aJZtN2J0IJfRHePGgiFd/jzf/jds2B219YeHhnRl25g1SKQy67rdT2tjc2t4p71b29g8Oj6rHJx2TZJrxNktkonsBNVwKxdsoUPJeqjmNA8m7QXQ3r3efuDYiUY84Tbkf07ESoWAUrdWdDHPvKpoNqzW37i5E1sEroAaFWsPq12CUsCzmCpmkxvQ9N0U/pxoFk3xWGWSGp5RFdMz7FhWNufHzxbozcmGdEQkTbZ9CsnB/T+Q0NmYaB7Yzpjgxq7W5+V+tn2F46+dCpRlyxZYfhZkkmJD57WQkNGcopxYo08LuStiEasrQJlSxIXirJ69D57ruWX5o1JrNIo4ynME5XIIHN9CEe2hBGxhE8Ayv8Oakzovz7nwsW0tOMXMKf+R8/gDpnI9F</latexit><latexit sha1_base64="VuBTZjkmzggTfL5Cc45QiaSLtKg=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8CAlkYIeC148VrAf0Iay2W7aJZtN2J0IJfRHePGgiFd/jzf/jds2B219YeHhnRl25g1SKQy67rdT2tjc2t4p71b29g8Oj6rHJx2TZJrxNktkonsBNVwKxdsoUPJeqjmNA8m7QXQ3r3efuDYiUY84Tbkf07ESoWAUrdWdDHPvKpoNqzW37i5E1sEroAaFWsPq12CUsCzmCpmkxvQ9N0U/pxoFk3xWGWSGp5RFdMz7FhWNufHzxbozcmGdEQkTbZ9CsnB/T+Q0NmYaB7Yzpjgxq7W5+V+tn2F46+dCpRlyxZYfhZkkmJD57WQkNGcopxYo08LuStiEasrQJlSxIXirJ69D57ruWX5o1JrNIo4ynME5XIIHN9CEe2hBGxhE8Ayv8Oakzovz7nwsW0tOMXMKf+R8/gDpnI9F</latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="/8pZXgIxVGLRNhL3CodDGDpGDSI=">AAAB43icbZBLSwMxFIXv1FetVatbN8EiuJAy40aXghuXFewD2qFk0jttaCYzJHeEMvRHuHGhiP/Jnf/G9LHQ1gOBj3MScu+JMiUt+f63V9ra3tndK+9XDqqHR8e1k2rbprkR2BKpSk034haV1NgiSQq7mUGeRAo70eR+nnee0ViZ6ieaZhgmfKRlLAUnZ3XGgyK4mswGtbrf8BdimxCsoA4rNQe1r/4wFXmCmoTi1vYCP6Ow4IakUDir9HOLGRcTPsKeQ80TtGGxGHfGLpwzZHFq3NHEFu7vFwVPrJ0mkbuZcBrb9Wxu/pf1copvw0LqLCfUYvlRnCtGKZvvzobSoCA1dcCFkW5WJsbccEGuoYorIVhfeRPa143A8aMPZTiDc7iEAG7gDh6gCS0QMIEXeIN3L/NevY9lXSVv1dsp/JH3+QO9a43u</latexit><latexit sha1_base64="/8pZXgIxVGLRNhL3CodDGDpGDSI=">AAAB43icbZBLSwMxFIXv1FetVatbN8EiuJAy40aXghuXFewD2qFk0jttaCYzJHeEMvRHuHGhiP/Jnf/G9LHQ1gOBj3MScu+JMiUt+f63V9ra3tndK+9XDqqHR8e1k2rbprkR2BKpSk034haV1NgiSQq7mUGeRAo70eR+nnee0ViZ6ieaZhgmfKRlLAUnZ3XGgyK4mswGtbrf8BdimxCsoA4rNQe1r/4wFXmCmoTi1vYCP6Ow4IakUDir9HOLGRcTPsKeQ80TtGGxGHfGLpwzZHFq3NHEFu7vFwVPrJ0mkbuZcBrb9Wxu/pf1copvw0LqLCfUYvlRnCtGKZvvzobSoCA1dcCFkW5WJsbccEGuoYorIVhfeRPa143A8aMPZTiDc7iEAG7gDh6gCS0QMIEXeIN3L/NevY9lXSVv1dsp/JH3+QO9a43u</latexit><latexit sha1_base64="2gfNMKm7GrUkK0YxUp4NU+J9Zbc=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8CAl8aLHgBePFewHtKFstpt2yWYTdidCCf0RXjwo4tXf481/47bNQVtfWHh4Z4adecNMCoOu++1UNja3tnequ7W9/YPDo/rxScekuWa8zVKZ6l5IDZdC8TYKlLyXaU6TUPJuGN/N690nro1I1SNOMx4kdKxEJBhFa3Unw8K7imfDesNtuguRdfBKaECp1rD+NRilLE+4QiapMX3PzTAoqEbBJJ/VBrnhGWUxHfO+RUUTboJise6MXFhnRKJU26eQLNzfEwVNjJkmoe1MKE7Mam1u/lfr5xjdBoVQWY5cseVHUS4JpmR+OxkJzRnKqQXKtLC7EjahmjK0CdVsCN7qyevQuW56lh/chu+XcVThDM7hEjy4AR/uoQVtYBDDM7zCm5M5L86787FsrTjlzCn8kfP5A+hcj0E=</latexit><latexit sha1_base64="VuBTZjkmzggTfL5Cc45QiaSLtKg=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8CAlkYIeC148VrAf0Iay2W7aJZtN2J0IJfRHePGgiFd/jzf/jds2B219YeHhnRl25g1SKQy67rdT2tjc2t4p71b29g8Oj6rHJx2TZJrxNktkonsBNVwKxdsoUPJeqjmNA8m7QXQ3r3efuDYiUY84Tbkf07ESoWAUrdWdDHPvKpoNqzW37i5E1sEroAaFWsPq12CUsCzmCpmkxvQ9N0U/pxoFk3xWGWSGp5RFdMz7FhWNufHzxbozcmGdEQkTbZ9CsnB/T+Q0NmYaB7Yzpjgxq7W5+V+tn2F46+dCpRlyxZYfhZkkmJD57WQkNGcopxYo08LuStiEasrQJlSxIXirJ69D57ruWX5o1JrNIo4ynME5XIIHN9CEe2hBGxhE8Ayv8Oakzovz7nwsW0tOMXMKf+R8/gDpnI9F</latexit><latexit sha1_base64="VuBTZjkmzggTfL5Cc45QiaSLtKg=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8CAlkYIeC148VrAf0Iay2W7aJZtN2J0IJfRHePGgiFd/jzf/jds2B219YeHhnRl25g1SKQy67rdT2tjc2t4p71b29g8Oj6rHJx2TZJrxNktkonsBNVwKxdsoUPJeqjmNA8m7QXQ3r3efuDYiUY84Tbkf07ESoWAUrdWdDHPvKpoNqzW37i5E1sEroAaFWsPq12CUsCzmCpmkxvQ9N0U/pxoFk3xWGWSGp5RFdMz7FhWNufHzxbozcmGdEQkTbZ9CsnB/T+Q0NmYaB7Yzpjgxq7W5+V+tn2F46+dCpRlyxZYfhZkkmJD57WQkNGcopxYo08LuStiEasrQJlSxIXirJ69D57ruWX5o1JrNIo4ynME5XIIHN9CEe2hBGxhE8Ayv8Oakzovz7nwsW0tOMXMKf+R8/gDpnI9F</latexit><latexit sha1_base64="VuBTZjkmzggTfL5Cc45QiaSLtKg=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8CAlkYIeC148VrAf0Iay2W7aJZtN2J0IJfRHePGgiFd/jzf/jds2B219YeHhnRl25g1SKQy67rdT2tjc2t4p71b29g8Oj6rHJx2TZJrxNktkonsBNVwKxdsoUPJeqjmNA8m7QXQ3r3efuDYiUY84Tbkf07ESoWAUrdWdDHPvKpoNqzW37i5E1sEroAaFWsPq12CUsCzmCpmkxvQ9N0U/pxoFk3xWGWSGp5RFdMz7FhWNufHzxbozcmGdEQkTbZ9CsnB/T+Q0NmYaB7Yzpjgxq7W5+V+tn2F46+dCpRlyxZYfhZkkmJD57WQkNGcopxYo08LuStiEasrQJlSxIXirJ69D57ruWX5o1JrNIo4ynME5XIIHN9CEe2hBGxhE8Ayv8Oakzovz7nwsW0tOMXMKf+R8/gDpnI9F</latexit><latexit sha1_base64="VuBTZjkmzggTfL5Cc45QiaSLtKg=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8CAlkYIeC148VrAf0Iay2W7aJZtN2J0IJfRHePGgiFd/jzf/jds2B219YeHhnRl25g1SKQy67rdT2tjc2t4p71b29g8Oj6rHJx2TZJrxNktkonsBNVwKxdsoUPJeqjmNA8m7QXQ3r3efuDYiUY84Tbkf07ESoWAUrdWdDHPvKpoNqzW37i5E1sEroAaFWsPq12CUsCzmCpmkxvQ9N0U/pxoFk3xWGWSGp5RFdMz7FhWNufHzxbozcmGdEQkTbZ9CsnB/T+Q0NmYaB7Yzpjgxq7W5+V+tn2F46+dCpRlyxZYfhZkkmJD57WQkNGcopxYo08LuStiEasrQJlSxIXirJ69D57ruWX5o1JrNIo4ynME5XIIHN9CEe2hBGxhE8Ayv8Oakzovz7nwsW0tOMXMKf+R8/gDpnI9F</latexit><latexit sha1_base64="VuBTZjkmzggTfL5Cc45QiaSLtKg=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8CAlkYIeC148VrAf0Iay2W7aJZtN2J0IJfRHePGgiFd/jzf/jds2B219YeHhnRl25g1SKQy67rdT2tjc2t4p71b29g8Oj6rHJx2TZJrxNktkonsBNVwKxdsoUPJeqjmNA8m7QXQ3r3efuDYiUY84Tbkf07ESoWAUrdWdDHPvKpoNqzW37i5E1sEroAaFWsPq12CUsCzmCpmkxvQ9N0U/pxoFk3xWGWSGp5RFdMz7FhWNufHzxbozcmGdEQkTbZ9CsnB/T+Q0NmYaB7Yzpjgxq7W5+V+tn2F46+dCpRlyxZYfhZkkmJD57WQkNGcopxYo08LuStiEasrQJlSxIXirJ69D57ruWX5o1JrNIo4ynME5XIIHN9CEe2hBGxhE8Ayv8Oakzovz7nwsW0tOMXMKf+R8/gDpnI9F</latexit><latexit sha1_base64="VuBTZjkmzggTfL5Cc45QiaSLtKg=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8CAlkYIeC148VrAf0Iay2W7aJZtN2J0IJfRHePGgiFd/jzf/jds2B219YeHhnRl25g1SKQy67rdT2tjc2t4p71b29g8Oj6rHJx2TZJrxNktkonsBNVwKxdsoUPJeqjmNA8m7QXQ3r3efuDYiUY84Tbkf07ESoWAUrdWdDHPvKpoNqzW37i5E1sEroAaFWsPq12CUsCzmCpmkxvQ9N0U/pxoFk3xWGWSGp5RFdMz7FhWNufHzxbozcmGdEQkTbZ9CsnB/T+Q0NmYaB7Yzpjgxq7W5+V+tn2F46+dCpRlyxZYfhZkkmJD57WQkNGcopxYo08LuStiEasrQJlSxIXirJ69D57ruWX5o1JrNIo4ynME5XIIHN9CEe2hBGxhE8Ayv8Oakzovz7nwsW0tOMXMKf+R8/gDpnI9F</latexit>

Weight sharing – fewer parameters
Naïve approach – fully connected Convolutional link

W1 2 Rd1⇥(N0⇥M0)
<latexit sha1_base64="fed9ogYCoZssJTnn4d48Y2HWNaQ=">AAACIXicbZBNS8NAEIY39avWr6hHL4tFqJeSiGAPHgpevChV7Ac0MWy2m3bpZhN2N0IJ+Ste/CtePCjSm/hn3LQ5aOvAwMM7M8zM68eMSmVZX0ZpZXVtfaO8Wdna3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1x1d5vftEhKQRf1CTmLghGnIaUIyUljyz4YRIjfwg7WaeDR3K4Vzw0/vsMR3kmqIhkbB261kF3njWaeaZVatuzQIug11AFRTR8sypM4hwEhKuMENS9m0rVm6KhKKYkaziJJLECI/RkPQ1cqRXuenswwyeaGUAg0jo5ArO1N8TKQqlnIS+7szPl4u1XPyv1k9U0HBTyuNEEY7ni4KEQRXB3C44oIJgxSYaEBZU3wrxCAmElTa1ok2wF19ehs5Z3dZ8d15tXhZ2lMEROAY1YIML0ATXoAXaAINn8ArewYfxYrwZn8Z03loyiplD8CeM7x8CmqK5</latexit><latexit sha1_base64="fed9ogYCoZssJTnn4d48Y2HWNaQ=">AAACIXicbZBNS8NAEIY39avWr6hHL4tFqJeSiGAPHgpevChV7Ac0MWy2m3bpZhN2N0IJ+Ste/CtePCjSm/hn3LQ5aOvAwMM7M8zM68eMSmVZX0ZpZXVtfaO8Wdna3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1x1d5vftEhKQRf1CTmLghGnIaUIyUljyz4YRIjfwg7WaeDR3K4Vzw0/vsMR3kmqIhkbB261kF3njWaeaZVatuzQIug11AFRTR8sypM4hwEhKuMENS9m0rVm6KhKKYkaziJJLECI/RkPQ1cqRXuenswwyeaGUAg0jo5ArO1N8TKQqlnIS+7szPl4u1XPyv1k9U0HBTyuNEEY7ni4KEQRXB3C44oIJgxSYaEBZU3wrxCAmElTa1ok2wF19ehs5Z3dZ8d15tXhZ2lMEROAY1YIML0ATXoAXaAINn8ArewYfxYrwZn8Z03loyiplD8CeM7x8CmqK5</latexit><latexit sha1_base64="fed9ogYCoZssJTnn4d48Y2HWNaQ=">AAACIXicbZBNS8NAEIY39avWr6hHL4tFqJeSiGAPHgpevChV7Ac0MWy2m3bpZhN2N0IJ+Ste/CtePCjSm/hn3LQ5aOvAwMM7M8zM68eMSmVZX0ZpZXVtfaO8Wdna3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1x1d5vftEhKQRf1CTmLghGnIaUIyUljyz4YRIjfwg7WaeDR3K4Vzw0/vsMR3kmqIhkbB261kF3njWaeaZVatuzQIug11AFRTR8sypM4hwEhKuMENS9m0rVm6KhKKYkaziJJLECI/RkPQ1cqRXuenswwyeaGUAg0jo5ArO1N8TKQqlnIS+7szPl4u1XPyv1k9U0HBTyuNEEY7ni4KEQRXB3C44oIJgxSYaEBZU3wrxCAmElTa1ok2wF19ehs5Z3dZ8d15tXhZ2lMEROAY1YIML0ATXoAXaAINn8ArewYfxYrwZn8Z03loyiplD8CeM7x8CmqK5</latexit><latexit sha1_base64="fed9ogYCoZssJTnn4d48Y2HWNaQ=">AAACIXicbZBNS8NAEIY39avWr6hHL4tFqJeSiGAPHgpevChV7Ac0MWy2m3bpZhN2N0IJ+Ste/CtePCjSm/hn3LQ5aOvAwMM7M8zM68eMSmVZX0ZpZXVtfaO8Wdna3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1x1d5vftEhKQRf1CTmLghGnIaUIyUljyz4YRIjfwg7WaeDR3K4Vzw0/vsMR3kmqIhkbB261kF3njWaeaZVatuzQIug11AFRTR8sypM4hwEhKuMENS9m0rVm6KhKKYkaziJJLECI/RkPQ1cqRXuenswwyeaGUAg0jo5ArO1N8TKQqlnIS+7szPl4u1XPyv1k9U0HBTyuNEEY7ni4KEQRXB3C44oIJgxSYaEBZU3wrxCAmElTa1ok2wF19ehs5Z3dZ8d15tXhZ2lMEROAY1YIML0ATXoAXaAINn8ArewYfxYrwZn8Z03loyiplD8CeM7x8CmqK5</latexit>

W1 2 Rd1⇥(k1⇥k2)
<latexit sha1_base64="rOz0TXWYFyPLS+fNqLLu5mv+xfU=">AAACIXicbZBNS8NAEIY3ftb6FfXoZbEI9VKSItiDh4IXj1XsBzQxbDabdulmE3Y3Qgn5K178K148KNKb+GfctDlo68DAwzszzMzrJ4xKZVlfxtr6xubWdmWnuru3f3BoHh33ZJwKTLo4ZrEY+EgSRjnpKqoYGSSCoMhnpO9Pbop6/4kISWP+oKYJcSM04jSkGCkteWbLiZAa+2HWzz0bOpTDheBn9/ljFhSaohGRsD7x7BInXvMi98ya1bDmAVfBLqEGyuh45swJYpxGhCvMkJRD20qUmyGhKGYkrzqpJAnCEzQiQ40c6VVuNv8wh+daCWAYC51cwbn6eyJDkZTTyNedxflyuVaI/9WGqQpbbkZ5kirC8WJRmDKoYljYBQMqCFZsqgFhQfWtEI+RQFhpU6vaBHv55VXoNRu25rvLWvu6tKMCTsEZqAMbXIE2uAUd0AUYPINX8A4+jBfjzfg0ZovWNaOcOQF/wvj+AWKwovc=</latexit><latexit sha1_base64="rOz0TXWYFyPLS+fNqLLu5mv+xfU=">AAACIXicbZBNS8NAEIY3ftb6FfXoZbEI9VKSItiDh4IXj1XsBzQxbDabdulmE3Y3Qgn5K178K148KNKb+GfctDlo68DAwzszzMzrJ4xKZVlfxtr6xubWdmWnuru3f3BoHh33ZJwKTLo4ZrEY+EgSRjnpKqoYGSSCoMhnpO9Pbop6/4kISWP+oKYJcSM04jSkGCkteWbLiZAa+2HWzz0bOpTDheBn9/ljFhSaohGRsD7x7BInXvMi98ya1bDmAVfBLqEGyuh45swJYpxGhCvMkJRD20qUmyGhKGYkrzqpJAnCEzQiQ40c6VVuNv8wh+daCWAYC51cwbn6eyJDkZTTyNedxflyuVaI/9WGqQpbbkZ5kirC8WJRmDKoYljYBQMqCFZsqgFhQfWtEI+RQFhpU6vaBHv55VXoNRu25rvLWvu6tKMCTsEZqAMbXIE2uAUd0AUYPINX8A4+jBfjzfg0ZovWNaOcOQF/wvj+AWKwovc=</latexit><latexit sha1_base64="rOz0TXWYFyPLS+fNqLLu5mv+xfU=">AAACIXicbZBNS8NAEIY3ftb6FfXoZbEI9VKSItiDh4IXj1XsBzQxbDabdulmE3Y3Qgn5K178K148KNKb+GfctDlo68DAwzszzMzrJ4xKZVlfxtr6xubWdmWnuru3f3BoHh33ZJwKTLo4ZrEY+EgSRjnpKqoYGSSCoMhnpO9Pbop6/4kISWP+oKYJcSM04jSkGCkteWbLiZAa+2HWzz0bOpTDheBn9/ljFhSaohGRsD7x7BInXvMi98ya1bDmAVfBLqEGyuh45swJYpxGhCvMkJRD20qUmyGhKGYkrzqpJAnCEzQiQ40c6VVuNv8wh+daCWAYC51cwbn6eyJDkZTTyNedxflyuVaI/9WGqQpbbkZ5kirC8WJRmDKoYljYBQMqCFZsqgFhQfWtEI+RQFhpU6vaBHv55VXoNRu25rvLWvu6tKMCTsEZqAMbXIE2uAUd0AUYPINX8A4+jBfjzfg0ZovWNaOcOQF/wvj+AWKwovc=</latexit><latexit sha1_base64="rOz0TXWYFyPLS+fNqLLu5mv+xfU=">AAACIXicbZBNS8NAEIY3ftb6FfXoZbEI9VKSItiDh4IXj1XsBzQxbDabdulmE3Y3Qgn5K178K148KNKb+GfctDlo68DAwzszzMzrJ4xKZVlfxtr6xubWdmWnuru3f3BoHh33ZJwKTLo4ZrEY+EgSRjnpKqoYGSSCoMhnpO9Pbop6/4kISWP+oKYJcSM04jSkGCkteWbLiZAa+2HWzz0bOpTDheBn9/ljFhSaohGRsD7x7BInXvMi98ya1bDmAVfBLqEGyuh45swJYpxGhCvMkJRD20qUmyGhKGYkrzqpJAnCEzQiQ40c6VVuNv8wh+daCWAYC51cwbn6eyJDkZTTyNedxflyuVaI/9WGqQpbbkZ5kirC8WJRmDKoYljYBQMqCFZsqgFhQfWtEI+RQFhpU6vaBHv55VXoNRu25rvLWvu6tKMCTsEZqAMbXIE2uAUd0AUYPINX8A4+jBfjzfg0ZovWNaOcOQF/wvj+AWKwovc=</latexit>



Computer
Vision Larger hidden layers

x 2 RM0⇥N0
<latexit sha1_base64="o6dHbIl5QiowIqS01kLvTsAPaZQ=">AAACCnicbVA9SwNBEN3zM8avqKXNahCswp0IWlgEbGyUKOYDcuext9kkS/b2jt05MRxX2/hXbCwUsfUX2Plv3CRXaOKDgcd7M8zMC2LBNdj2tzU3v7C4tFxYKa6urW9slra2GzpKFGV1GolItQKimeCS1YGDYK1YMRIGgjWDwfnIb94zpXkkb2EYMy8kPcm7nBIwkl/ae8Aul9gNCfSDIL3J7tJL38Yu8JBpfOXbmV8q2xV7DDxLnJyUUY6aX/pyOxFNQiaBCqJ127Fj8FKigFPBsqKbaBYTOiA91jZUErPJS8evZPjAKB3cjZQpCXis/p5ISaj1MAxM5+hkPe2NxP+8dgLdUy/lMk6ASTpZ1E0EhgiPcsEdrhgFMTSEUMXNrZj2iSIUTHpFE4Iz/fIsaRxVHMOvj8vVszyOAtpF++gQOegEVdEFqqE6ougRPaNX9GY9WS/Wu/UxaZ2z8pkd9AfW5w/qRZm7</latexit><latexit sha1_base64="o6dHbIl5QiowIqS01kLvTsAPaZQ=">AAACCnicbVA9SwNBEN3zM8avqKXNahCswp0IWlgEbGyUKOYDcuext9kkS/b2jt05MRxX2/hXbCwUsfUX2Plv3CRXaOKDgcd7M8zMC2LBNdj2tzU3v7C4tFxYKa6urW9slra2GzpKFGV1GolItQKimeCS1YGDYK1YMRIGgjWDwfnIb94zpXkkb2EYMy8kPcm7nBIwkl/ae8Aul9gNCfSDIL3J7tJL38Yu8JBpfOXbmV8q2xV7DDxLnJyUUY6aX/pyOxFNQiaBCqJ127Fj8FKigFPBsqKbaBYTOiA91jZUErPJS8evZPjAKB3cjZQpCXis/p5ISaj1MAxM5+hkPe2NxP+8dgLdUy/lMk6ASTpZ1E0EhgiPcsEdrhgFMTSEUMXNrZj2iSIUTHpFE4Iz/fIsaRxVHMOvj8vVszyOAtpF++gQOegEVdEFqqE6ougRPaNX9GY9WS/Wu/UxaZ2z8pkd9AfW5w/qRZm7</latexit><latexit sha1_base64="o6dHbIl5QiowIqS01kLvTsAPaZQ=">AAACCnicbVA9SwNBEN3zM8avqKXNahCswp0IWlgEbGyUKOYDcuext9kkS/b2jt05MRxX2/hXbCwUsfUX2Plv3CRXaOKDgcd7M8zMC2LBNdj2tzU3v7C4tFxYKa6urW9slra2GzpKFGV1GolItQKimeCS1YGDYK1YMRIGgjWDwfnIb94zpXkkb2EYMy8kPcm7nBIwkl/ae8Aul9gNCfSDIL3J7tJL38Yu8JBpfOXbmV8q2xV7DDxLnJyUUY6aX/pyOxFNQiaBCqJ127Fj8FKigFPBsqKbaBYTOiA91jZUErPJS8evZPjAKB3cjZQpCXis/p5ISaj1MAxM5+hkPe2NxP+8dgLdUy/lMk6ASTpZ1E0EhgiPcsEdrhgFMTSEUMXNrZj2iSIUTHpFE4Iz/fIsaRxVHMOvj8vVszyOAtpF++gQOegEVdEFqqE6ougRPaNX9GY9WS/Wu/UxaZ2z8pkd9AfW5w/qRZm7</latexit><latexit sha1_base64="o6dHbIl5QiowIqS01kLvTsAPaZQ=">AAACCnicbVA9SwNBEN3zM8avqKXNahCswp0IWlgEbGyUKOYDcuext9kkS/b2jt05MRxX2/hXbCwUsfUX2Plv3CRXaOKDgcd7M8zMC2LBNdj2tzU3v7C4tFxYKa6urW9slra2GzpKFGV1GolItQKimeCS1YGDYK1YMRIGgjWDwfnIb94zpXkkb2EYMy8kPcm7nBIwkl/ae8Aul9gNCfSDIL3J7tJL38Yu8JBpfOXbmV8q2xV7DDxLnJyUUY6aX/pyOxFNQiaBCqJ127Fj8FKigFPBsqKbaBYTOiA91jZUErPJS8evZPjAKB3cjZQpCXis/p5ISaj1MAxM5+hkPe2NxP+8dgLdUy/lMk6ASTpZ1E0EhgiPcsEdrhgFMTSEUMXNrZj2iSIUTHpFE4Iz/fIsaRxVHMOvj8vVszyOAtpF++gQOegEVdEFqqE6ougRPaNX9GY9WS/Wu/UxaZ2z8pkd9AfW5w/qRZm7</latexit>
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h1 2 Rd1
<latexit sha1_base64="uWmRSAFqOUOsM3bStYo2LSRkNEQ=">AAACInicbVDLSsNAFJ34rPEVdelmsBRclUQEFVwU3LhRqtgHNDFMJtN26GQSZiZiCfkWN/6KGxeKuhL8GCdtF7X1wMDhnHOZe0+QMCqVbX8bC4tLyyurpTVzfWNza9va2W3KOBWYNHDMYtEOkCSMctJQVDHSTgRBUcBIKxhcFH7rgQhJY36nhgnxItTjtEsxUlryrbPKo0u5GyHVD4LsNr/Prn3bVTQiEl75du66Zt93dAROZ0LfyX2rbFftEeA8cSakDCao+9anG8Y4jQhXmCEpO46dKC9DQlHMSG66qSQJwgPUIx1NOdI7eNnoxBxWtBLCbiz04wqO1OmJDEVSDqNAJ4s95axXiP95nVR1T72M8iRVhOPxR92UQRXDoi8YUkGwYkNNEBZU7wpxHwmElW7V1CU4syfPk+ZR1dH85rhcO5/UUQL74AAcAgecgBq4BHXQABg8gRfwBt6NZ+PV+DC+xtEFYzKzB/7A+PkF5mCj2w==</latexit><latexit sha1_base64="uWmRSAFqOUOsM3bStYo2LSRkNEQ=">AAACInicbVDLSsNAFJ34rPEVdelmsBRclUQEFVwU3LhRqtgHNDFMJtN26GQSZiZiCfkWN/6KGxeKuhL8GCdtF7X1wMDhnHOZe0+QMCqVbX8bC4tLyyurpTVzfWNza9va2W3KOBWYNHDMYtEOkCSMctJQVDHSTgRBUcBIKxhcFH7rgQhJY36nhgnxItTjtEsxUlryrbPKo0u5GyHVD4LsNr/Prn3bVTQiEl75du66Zt93dAROZ0LfyX2rbFftEeA8cSakDCao+9anG8Y4jQhXmCEpO46dKC9DQlHMSG66qSQJwgPUIx1NOdI7eNnoxBxWtBLCbiz04wqO1OmJDEVSDqNAJ4s95axXiP95nVR1T72M8iRVhOPxR92UQRXDoi8YUkGwYkNNEBZU7wpxHwmElW7V1CU4syfPk+ZR1dH85rhcO5/UUQL74AAcAgecgBq4BHXQABg8gRfwBt6NZ+PV+DC+xtEFYzKzB/7A+PkF5mCj2w==</latexit><latexit sha1_base64="uWmRSAFqOUOsM3bStYo2LSRkNEQ=">AAACInicbVDLSsNAFJ34rPEVdelmsBRclUQEFVwU3LhRqtgHNDFMJtN26GQSZiZiCfkWN/6KGxeKuhL8GCdtF7X1wMDhnHOZe0+QMCqVbX8bC4tLyyurpTVzfWNza9va2W3KOBWYNHDMYtEOkCSMctJQVDHSTgRBUcBIKxhcFH7rgQhJY36nhgnxItTjtEsxUlryrbPKo0u5GyHVD4LsNr/Prn3bVTQiEl75du66Zt93dAROZ0LfyX2rbFftEeA8cSakDCao+9anG8Y4jQhXmCEpO46dKC9DQlHMSG66qSQJwgPUIx1NOdI7eNnoxBxWtBLCbiz04wqO1OmJDEVSDqNAJ4s95axXiP95nVR1T72M8iRVhOPxR92UQRXDoi8YUkGwYkNNEBZU7wpxHwmElW7V1CU4syfPk+ZR1dH85rhcO5/UUQL74AAcAgecgBq4BHXQABg8gRfwBt6NZ+PV+DC+xtEFYzKzB/7A+PkF5mCj2w==</latexit><latexit sha1_base64="uWmRSAFqOUOsM3bStYo2LSRkNEQ=">AAACInicbVDLSsNAFJ34rPEVdelmsBRclUQEFVwU3LhRqtgHNDFMJtN26GQSZiZiCfkWN/6KGxeKuhL8GCdtF7X1wMDhnHOZe0+QMCqVbX8bC4tLyyurpTVzfWNza9va2W3KOBWYNHDMYtEOkCSMctJQVDHSTgRBUcBIKxhcFH7rgQhJY36nhgnxItTjtEsxUlryrbPKo0u5GyHVD4LsNr/Prn3bVTQiEl75du66Zt93dAROZ0LfyX2rbFftEeA8cSakDCao+9anG8Y4jQhXmCEpO46dKC9DQlHMSG66qSQJwgPUIx1NOdI7eNnoxBxWtBLCbiz04wqO1OmJDEVSDqNAJ4s95axXiP95nVR1T72M8iRVhOPxR92UQRXDoi8YUkGwYkNNEBZU7wpxHwmElW7V1CU4syfPk+ZR1dH85rhcO5/UUQL74AAcAgecgBq4BHXQABg8gRfwBt6NZ+PV+DC+xtEFYzKzB/7A+PkF5mCj2w==</latexit>

h1 2 Rd1⇥(N1⇥M1)
<latexit sha1_base64="XtQsJloJHLMbcEAlKkEDRnINa0c=">AAACF3icbZBNS8NAEIY39avWr6hHL4tFqJeSiKAHDwUvXpQq9gOaGDabbbt0swm7G6GE/Asv/hUvHhTxqjf/jZs2iLYODDy8M8PMvH7MqFSW9WWUFhaXllfKq5W19Y3NLXN7py2jRGDSwhGLRNdHkjDKSUtRxUg3FgSFPiMdf3Se1zv3REga8Vs1jokbogGnfYqR0pJn1oeeDR3KoRMiNfT99Ca7SwPPdhQNiYS1qx+89OzDzDOrVt2aBJwHu4AqKKLpmZ9OEOEkJFxhhqTs2Vas3BQJRTEjWcVJJIkRHqEB6WnkSK9y08lfGTzQSgD7kdDJFZyovydSFEo5Dn3dmV8vZ2u5+F+tl6j+qZtSHieKcDxd1E8YVBHMTYIBFQQrNtaAsKD6VoiHSCCstJUVbYI9+/I8tI/qtubr42rjrLCjDPbAPqgBG5yABrgATdACGDyAJ/ACXo1H49l4M96nrSWjmNkFf8L4+Ab4lZ6C</latexit><latexit sha1_base64="XtQsJloJHLMbcEAlKkEDRnINa0c=">AAACF3icbZBNS8NAEIY39avWr6hHL4tFqJeSiKAHDwUvXpQq9gOaGDabbbt0swm7G6GE/Asv/hUvHhTxqjf/jZs2iLYODDy8M8PMvH7MqFSW9WWUFhaXllfKq5W19Y3NLXN7py2jRGDSwhGLRNdHkjDKSUtRxUg3FgSFPiMdf3Se1zv3REga8Vs1jokbogGnfYqR0pJn1oeeDR3KoRMiNfT99Ca7SwPPdhQNiYS1qx+89OzDzDOrVt2aBJwHu4AqKKLpmZ9OEOEkJFxhhqTs2Vas3BQJRTEjWcVJJIkRHqEB6WnkSK9y08lfGTzQSgD7kdDJFZyovydSFEo5Dn3dmV8vZ2u5+F+tl6j+qZtSHieKcDxd1E8YVBHMTYIBFQQrNtaAsKD6VoiHSCCstJUVbYI9+/I8tI/qtubr42rjrLCjDPbAPqgBG5yABrgATdACGDyAJ/ACXo1H49l4M96nrSWjmNkFf8L4+Ab4lZ6C</latexit><latexit sha1_base64="XtQsJloJHLMbcEAlKkEDRnINa0c=">AAACF3icbZBNS8NAEIY39avWr6hHL4tFqJeSiKAHDwUvXpQq9gOaGDabbbt0swm7G6GE/Asv/hUvHhTxqjf/jZs2iLYODDy8M8PMvH7MqFSW9WWUFhaXllfKq5W19Y3NLXN7py2jRGDSwhGLRNdHkjDKSUtRxUg3FgSFPiMdf3Se1zv3REga8Vs1jokbogGnfYqR0pJn1oeeDR3KoRMiNfT99Ca7SwPPdhQNiYS1qx+89OzDzDOrVt2aBJwHu4AqKKLpmZ9OEOEkJFxhhqTs2Vas3BQJRTEjWcVJJIkRHqEB6WnkSK9y08lfGTzQSgD7kdDJFZyovydSFEo5Dn3dmV8vZ2u5+F+tl6j+qZtSHieKcDxd1E8YVBHMTYIBFQQrNtaAsKD6VoiHSCCstJUVbYI9+/I8tI/qtubr42rjrLCjDPbAPqgBG5yABrgATdACGDyAJ/ACXo1H49l4M96nrSWjmNkFf8L4+Ab4lZ6C</latexit><latexit sha1_base64="XtQsJloJHLMbcEAlKkEDRnINa0c=">AAACF3icbZBNS8NAEIY39avWr6hHL4tFqJeSiKAHDwUvXpQq9gOaGDabbbt0swm7G6GE/Asv/hUvHhTxqjf/jZs2iLYODDy8M8PMvH7MqFSW9WWUFhaXllfKq5W19Y3NLXN7py2jRGDSwhGLRNdHkjDKSUtRxUg3FgSFPiMdf3Se1zv3REga8Vs1jokbogGnfYqR0pJn1oeeDR3KoRMiNfT99Ca7SwPPdhQNiYS1qx+89OzDzDOrVt2aBJwHu4AqKKLpmZ9OEOEkJFxhhqTs2Vas3BQJRTEjWcVJJIkRHqEB6WnkSK9y08lfGTzQSgD7kdDJFZyovydSFEo5Dn3dmV8vZ2u5+F+tl6j+qZtSHieKcDxd1E8YVBHMTYIBFQQrNtaAsKD6VoiHSCCstJUVbYI9+/I8tI/qtubr42rjrLCjDPbAPqgBG5yABrgATdACGDyAJ/ACXo1H49l4M96nrSWjmNkFf8L4+Ab4lZ6C</latexit>

Convolutional:

Fully connected:
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Vision Local vs. global information gathering
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Fully connected architecture:
The entire image needs to be 
represented in a single vector

Convolutional architecture:
Local neighborhoods are represented in 
a single vector

To retain similar level of 
information you need a 
large d1 Don’t need a very large 

d1 to retain information



Computer
Vision Layer size and number of parameters at 

an intermediate layer
Fully connected Convolutional

hl�1 2 Rdl�1
<latexit sha1_base64="dJQcSJO2YrpexvUrjh4EDYmModE=">AAACCXicbZDLSsNAFIZP6q3WW9Slm8EiuLEkIujCRcGNyyr2Ak0sk+mkHTqZhJmJUEK2bnwVNy4UcesbuPNtnLRdaOsPAx//OYc55w8SzpR2nG+rtLS8srpWXq9sbG5t79i7ey0Vp5LQJol5LDsBVpQzQZuaaU47iaQ4CjhtB6Orot5+oFKxWNzpcUL9CA8ECxnB2lg9Gw17GT9xc+QxgbwI62EQZLf5fdaf+nnPrjo1ZyK0CO4MqjBTo2d/ef2YpBEVmnCsVNd1Eu1nWGpGOM0rXqpogskID2jXoMARVX42uSRHR8bpozCW5gmNJu7viQxHSo2jwHQWu6r5WmH+V+umOrzwMyaSVFNBph+FKUc6RkUsqM8kJZqPDWAimdkVkSGWmGgTXsWE4M6fvAit05pr+OasWr+cxVGGAziEY3DhHOpwDQ1oAoFHeIZXeLOerBfr3fqYtpas2cw+/JH1+QPorZnQ</latexit><latexit sha1_base64="dJQcSJO2YrpexvUrjh4EDYmModE=">AAACCXicbZDLSsNAFIZP6q3WW9Slm8EiuLEkIujCRcGNyyr2Ak0sk+mkHTqZhJmJUEK2bnwVNy4UcesbuPNtnLRdaOsPAx//OYc55w8SzpR2nG+rtLS8srpWXq9sbG5t79i7ey0Vp5LQJol5LDsBVpQzQZuaaU47iaQ4CjhtB6Orot5+oFKxWNzpcUL9CA8ECxnB2lg9Gw17GT9xc+QxgbwI62EQZLf5fdaf+nnPrjo1ZyK0CO4MqjBTo2d/ef2YpBEVmnCsVNd1Eu1nWGpGOM0rXqpogskID2jXoMARVX42uSRHR8bpozCW5gmNJu7viQxHSo2jwHQWu6r5WmH+V+umOrzwMyaSVFNBph+FKUc6RkUsqM8kJZqPDWAimdkVkSGWmGgTXsWE4M6fvAit05pr+OasWr+cxVGGAziEY3DhHOpwDQ1oAoFHeIZXeLOerBfr3fqYtpas2cw+/JH1+QPorZnQ</latexit><latexit sha1_base64="dJQcSJO2YrpexvUrjh4EDYmModE=">AAACCXicbZDLSsNAFIZP6q3WW9Slm8EiuLEkIujCRcGNyyr2Ak0sk+mkHTqZhJmJUEK2bnwVNy4UcesbuPNtnLRdaOsPAx//OYc55w8SzpR2nG+rtLS8srpWXq9sbG5t79i7ey0Vp5LQJol5LDsBVpQzQZuaaU47iaQ4CjhtB6Orot5+oFKxWNzpcUL9CA8ECxnB2lg9Gw17GT9xc+QxgbwI62EQZLf5fdaf+nnPrjo1ZyK0CO4MqjBTo2d/ef2YpBEVmnCsVNd1Eu1nWGpGOM0rXqpogskID2jXoMARVX42uSRHR8bpozCW5gmNJu7viQxHSo2jwHQWu6r5WmH+V+umOrzwMyaSVFNBph+FKUc6RkUsqM8kJZqPDWAimdkVkSGWmGgTXsWE4M6fvAit05pr+OasWr+cxVGGAziEY3DhHOpwDQ1oAoFHeIZXeLOerBfr3fqYtpas2cw+/JH1+QPorZnQ</latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="zJbUO/5Bos11d7aa3bWIcMXjOBY=">AAAB/nicbZC9TsMwFIVvyl8pBQIri0WFxEKVsMCIxMJYEP2RmhA5jtNadZzIdpCqKCsLr8LCAEI8Bhtvg9N2gJYjWfp0ji3fe8KMM6Ud59uqra1vbG7Vtxs7zd29ffug2VNpLgntkpSnchBiRTkTtKuZ5nSQSYqTkNN+OLmu8v4jlYql4l5PM+oneCRYzAjWxgpsNA4KfuaWyGMCeQnW4zAs7sqHIpr7ZWC3nLYzE1oFdwEtWKgT2F9elJI8oUITjpUauk6m/QJLzQinZcPLFc0wmeARHRoUOKHKL2ablOjEOBGKU2mO0Gjm/n5R4ESpaRKam9WsajmrzP+yYa7jS79gIss1FWT+UZxzpFNU1YIiJinRfGoAE8nMrIiMscREm/IapgR3eeVV6J23XcO3DtThCI7hFFy4gCu4gQ50gcATvMAbvFvP1qv1Ma+rZi16O4Q/sj5/AE5lmGI=</latexit><latexit sha1_base64="zJbUO/5Bos11d7aa3bWIcMXjOBY=">AAAB/nicbZC9TsMwFIVvyl8pBQIri0WFxEKVsMCIxMJYEP2RmhA5jtNadZzIdpCqKCsLr8LCAEI8Bhtvg9N2gJYjWfp0ji3fe8KMM6Ud59uqra1vbG7Vtxs7zd29ffug2VNpLgntkpSnchBiRTkTtKuZ5nSQSYqTkNN+OLmu8v4jlYql4l5PM+oneCRYzAjWxgpsNA4KfuaWyGMCeQnW4zAs7sqHIpr7ZWC3nLYzE1oFdwEtWKgT2F9elJI8oUITjpUauk6m/QJLzQinZcPLFc0wmeARHRoUOKHKL2ablOjEOBGKU2mO0Gjm/n5R4ESpaRKam9WsajmrzP+yYa7jS79gIss1FWT+UZxzpFNU1YIiJinRfGoAE8nMrIiMscREm/IapgR3eeVV6J23XcO3DtThCI7hFFy4gCu4gQ50gcATvMAbvFvP1qv1Ma+rZi16O4Q/sj5/AE5lmGI=</latexit><latexit sha1_base64="2dCQ297wpgV1E/Q/DHTr2W40M00=">AAACCXicbZC7TsMwFIZPuJZyCzCyWFRILFQJCwwMlVgYC6IXqQmV4zqtVceJbAepirKy8CosDCDEyhuw8TY4bQZo+SVLn/5zjnzOHyScKe0439bS8srq2nplo7q5tb2za+/tt1WcSkJbJOax7AZYUc4EbWmmOe0mkuIo4LQTjK+KeueBSsVicacnCfUjPBQsZARrY/VtNOpn/NTNkccE8iKsR0GQ3eb32WDm53275tSdqdAiuCXUoFSzb395g5ikERWacKxUz3US7WdYakY4zateqmiCyRgPac+gwBFVfja9JEfHxhmgMJbmCY2m7u+JDEdKTaLAdBa7qvlaYf5X66U6vPAzJpJUU0FmH4UpRzpGRSxowCQlmk8MYCKZ2RWREZaYaBNe1YTgzp+8CO2zumv4xqk1Lss4KnAIR3ACLpxDA66hCS0g8AjP8Apv1pP1Yr1bH7PWJaucOYA/sj5/AOdtmcw=</latexit><latexit sha1_base64="dJQcSJO2YrpexvUrjh4EDYmModE=">AAACCXicbZDLSsNAFIZP6q3WW9Slm8EiuLEkIujCRcGNyyr2Ak0sk+mkHTqZhJmJUEK2bnwVNy4UcesbuPNtnLRdaOsPAx//OYc55w8SzpR2nG+rtLS8srpWXq9sbG5t79i7ey0Vp5LQJol5LDsBVpQzQZuaaU47iaQ4CjhtB6Orot5+oFKxWNzpcUL9CA8ECxnB2lg9Gw17GT9xc+QxgbwI62EQZLf5fdaf+nnPrjo1ZyK0CO4MqjBTo2d/ef2YpBEVmnCsVNd1Eu1nWGpGOM0rXqpogskID2jXoMARVX42uSRHR8bpozCW5gmNJu7viQxHSo2jwHQWu6r5WmH+V+umOrzwMyaSVFNBph+FKUc6RkUsqM8kJZqPDWAimdkVkSGWmGgTXsWE4M6fvAit05pr+OasWr+cxVGGAziEY3DhHOpwDQ1oAoFHeIZXeLOerBfr3fqYtpas2cw+/JH1+QPorZnQ</latexit><latexit sha1_base64="dJQcSJO2YrpexvUrjh4EDYmModE=">AAACCXicbZDLSsNAFIZP6q3WW9Slm8EiuLEkIujCRcGNyyr2Ak0sk+mkHTqZhJmJUEK2bnwVNy4UcesbuPNtnLRdaOsPAx//OYc55w8SzpR2nG+rtLS8srpWXq9sbG5t79i7ey0Vp5LQJol5LDsBVpQzQZuaaU47iaQ4CjhtB6Orot5+oFKxWNzpcUL9CA8ECxnB2lg9Gw17GT9xc+QxgbwI62EQZLf5fdaf+nnPrjo1ZyK0CO4MqjBTo2d/ef2YpBEVmnCsVNd1Eu1nWGpGOM0rXqpogskID2jXoMARVX42uSRHR8bpozCW5gmNJu7viQxHSo2jwHQWu6r5WmH+V+umOrzwMyaSVFNBph+FKUc6RkUsqM8kJZqPDWAimdkVkSGWmGgTXsWE4M6fvAit05pr+OasWr+cxVGGAziEY3DhHOpwDQ1oAoFHeIZXeLOerBfr3fqYtpas2cw+/JH1+QPorZnQ</latexit><latexit sha1_base64="dJQcSJO2YrpexvUrjh4EDYmModE=">AAACCXicbZDLSsNAFIZP6q3WW9Slm8EiuLEkIujCRcGNyyr2Ak0sk+mkHTqZhJmJUEK2bnwVNy4UcesbuPNtnLRdaOsPAx//OYc55w8SzpR2nG+rtLS8srpWXq9sbG5t79i7ey0Vp5LQJol5LDsBVpQzQZuaaU47iaQ4CjhtB6Orot5+oFKxWNzpcUL9CA8ECxnB2lg9Gw17GT9xc+QxgbwI62EQZLf5fdaf+nnPrjo1ZyK0CO4MqjBTo2d/ef2YpBEVmnCsVNd1Eu1nWGpGOM0rXqpogskID2jXoMARVX42uSRHR8bpozCW5gmNJu7viQxHSo2jwHQWu6r5WmH+V+umOrzwMyaSVFNBph+FKUc6RkUsqM8kJZqPDWAimdkVkSGWmGgTXsWE4M6fvAit05pr+OasWr+cxVGGAziEY3DhHOpwDQ1oAoFHeIZXeLOerBfr3fqYtpas2cw+/JH1+QPorZnQ</latexit><latexit sha1_base64="dJQcSJO2YrpexvUrjh4EDYmModE=">AAACCXicbZDLSsNAFIZP6q3WW9Slm8EiuLEkIujCRcGNyyr2Ak0sk+mkHTqZhJmJUEK2bnwVNy4UcesbuPNtnLRdaOsPAx//OYc55w8SzpR2nG+rtLS8srpWXq9sbG5t79i7ey0Vp5LQJol5LDsBVpQzQZuaaU47iaQ4CjhtB6Orot5+oFKxWNzpcUL9CA8ECxnB2lg9Gw17GT9xc+QxgbwI62EQZLf5fdaf+nnPrjo1ZyK0CO4MqjBTo2d/ef2YpBEVmnCsVNd1Eu1nWGpGOM0rXqpogskID2jXoMARVX42uSRHR8bpozCW5gmNJu7viQxHSo2jwHQWu6r5WmH+V+umOrzwMyaSVFNBph+FKUc6RkUsqM8kJZqPDWAimdkVkSGWmGgTXsWE4M6fvAit05pr+OasWr+cxVGGAziEY3DhHOpwDQ1oAoFHeIZXeLOerBfr3fqYtpas2cw+/JH1+QPorZnQ</latexit><latexit sha1_base64="dJQcSJO2YrpexvUrjh4EDYmModE=">AAACCXicbZDLSsNAFIZP6q3WW9Slm8EiuLEkIujCRcGNyyr2Ak0sk+mkHTqZhJmJUEK2bnwVNy4UcesbuPNtnLRdaOsPAx//OYc55w8SzpR2nG+rtLS8srpWXq9sbG5t79i7ey0Vp5LQJol5LDsBVpQzQZuaaU47iaQ4CjhtB6Orot5+oFKxWNzpcUL9CA8ECxnB2lg9Gw17GT9xc+QxgbwI62EQZLf5fdaf+nnPrjo1ZyK0CO4MqjBTo2d/ef2YpBEVmnCsVNd1Eu1nWGpGOM0rXqpogskID2jXoMARVX42uSRHR8bpozCW5gmNJu7viQxHSo2jwHQWu6r5WmH+V+umOrzwMyaSVFNBph+FKUc6RkUsqM8kJZqPDWAimdkVkSGWmGgTXsWE4M6fvAit05pr+OasWr+cxVGGAziEY3DhHOpwDQ1oAoFHeIZXeLOerBfr3fqYtpas2cw+/JH1+QPorZnQ</latexit><latexit sha1_base64="dJQcSJO2YrpexvUrjh4EDYmModE=">AAACCXicbZDLSsNAFIZP6q3WW9Slm8EiuLEkIujCRcGNyyr2Ak0sk+mkHTqZhJmJUEK2bnwVNy4UcesbuPNtnLRdaOsPAx//OYc55w8SzpR2nG+rtLS8srpWXq9sbG5t79i7ey0Vp5LQJol5LDsBVpQzQZuaaU47iaQ4CjhtB6Orot5+oFKxWNzpcUL9CA8ECxnB2lg9Gw17GT9xc+QxgbwI62EQZLf5fdaf+nnPrjo1ZyK0CO4MqjBTo2d/ef2YpBEVmnCsVNd1Eu1nWGpGOM0rXqpogskID2jXoMARVX42uSRHR8bpozCW5gmNJu7viQxHSo2jwHQWu6r5WmH+V+umOrzwMyaSVFNBph+FKUc6RkUsqM8kJZqPDWAimdkVkSGWmGgTXsWE4M6fvAit05pr+OasWr+cxVGGAziEY3DhHOpwDQ1oAoFHeIZXeLOerBfr3fqYtpas2cw+/JH1+QPorZnQ</latexit>

hl 2 Rdl
<latexit sha1_base64="5pq/Iv+E3NYP/ieXnHyICDBzBc0=">AAACBXicbZDLSsNAFIZP6q3WW9SlLgaL4KokIujCRcGNyyr2Ak0sk+mkHTqZhJmJUEI2bnwVNy4Uces7uPNtnLRdaOsPAx//OYc55w8SzpR2nG+rtLS8srpWXq9sbG5t79i7ey0Vp5LQJol5LDsBVpQzQZuaaU47iaQ4CjhtB6Orot5+oFKxWNzpcUL9CA8ECxnB2lg9+3DYy3iOPCaQF2E9DILsNr/P+oWb9+yqU3MmQovgzqAKMzV69pfXj0kaUaEJx0p1XSfRfoalZoTTvOKliiaYjPCAdg0KHFHlZ5MrcnRsnD4KY2me0Gji/p7IcKTUOApMZ7Gpmq8V5n+1bqrDCz9jIkk1FWT6UZhypGNURIL6TFKi+dgAJpKZXREZYomJNsFVTAju/MmL0DqtuYZvzqr1y1kcZTiAIzgBF86hDtfQgCYQeIRneIU368l6sd6tj2lryZrN7MMfWZ8/FFaY7A==</latexit><latexit sha1_base64="5pq/Iv+E3NYP/ieXnHyICDBzBc0=">AAACBXicbZDLSsNAFIZP6q3WW9SlLgaL4KokIujCRcGNyyr2Ak0sk+mkHTqZhJmJUEI2bnwVNy4Uces7uPNtnLRdaOsPAx//OYc55w8SzpR2nG+rtLS8srpWXq9sbG5t79i7ey0Vp5LQJol5LDsBVpQzQZuaaU47iaQ4CjhtB6Orot5+oFKxWNzpcUL9CA8ECxnB2lg9+3DYy3iOPCaQF2E9DILsNr/P+oWb9+yqU3MmQovgzqAKMzV69pfXj0kaUaEJx0p1XSfRfoalZoTTvOKliiaYjPCAdg0KHFHlZ5MrcnRsnD4KY2me0Gji/p7IcKTUOApMZ7Gpmq8V5n+1bqrDCz9jIkk1FWT6UZhypGNURIL6TFKi+dgAJpKZXREZYomJNsFVTAju/MmL0DqtuYZvzqr1y1kcZTiAIzgBF86hDtfQgCYQeIRneIU368l6sd6tj2lryZrN7MMfWZ8/FFaY7A==</latexit><latexit sha1_base64="5pq/Iv+E3NYP/ieXnHyICDBzBc0=">AAACBXicbZDLSsNAFIZP6q3WW9SlLgaL4KokIujCRcGNyyr2Ak0sk+mkHTqZhJmJUEI2bnwVNy4Uces7uPNtnLRdaOsPAx//OYc55w8SzpR2nG+rtLS8srpWXq9sbG5t79i7ey0Vp5LQJol5LDsBVpQzQZuaaU47iaQ4CjhtB6Orot5+oFKxWNzpcUL9CA8ECxnB2lg9+3DYy3iOPCaQF2E9DILsNr/P+oWb9+yqU3MmQovgzqAKMzV69pfXj0kaUaEJx0p1XSfRfoalZoTTvOKliiaYjPCAdg0KHFHlZ5MrcnRsnD4KY2me0Gji/p7IcKTUOApMZ7Gpmq8V5n+1bqrDCz9jIkk1FWT6UZhypGNURIL6TFKi+dgAJpKZXREZYomJNsFVTAju/MmL0DqtuYZvzqr1y1kcZTiAIzgBF86hDtfQgCYQeIRneIU368l6sd6tj2lryZrN7MMfWZ8/FFaY7A==</latexit><latexit sha1_base64="5pq/Iv+E3NYP/ieXnHyICDBzBc0=">AAACBXicbZDLSsNAFIZP6q3WW9SlLgaL4KokIujCRcGNyyr2Ak0sk+mkHTqZhJmJUEI2bnwVNy4Uces7uPNtnLRdaOsPAx//OYc55w8SzpR2nG+rtLS8srpWXq9sbG5t79i7ey0Vp5LQJol5LDsBVpQzQZuaaU47iaQ4CjhtB6Orot5+oFKxWNzpcUL9CA8ECxnB2lg9+3DYy3iOPCaQF2E9DILsNr/P+oWb9+yqU3MmQovgzqAKMzV69pfXj0kaUaEJx0p1XSfRfoalZoTTvOKliiaYjPCAdg0KHFHlZ5MrcnRsnD4KY2me0Gji/p7IcKTUOApMZ7Gpmq8V5n+1bqrDCz9jIkk1FWT6UZhypGNURIL6TFKi+dgAJpKZXREZYomJNsFVTAju/MmL0DqtuYZvzqr1y1kcZTiAIzgBF86hDtfQgCYQeIRneIU368l6sd6tj2lryZrN7MMfWZ8/FFaY7A==</latexit>

Wl 2 Rdl⇥dl�1
<latexit sha1_base64="QQ+nBUjL23mTGWWDeKRi7rLvaNk=">AAACGXicbVDLSsNAFJ3UV62vqEs3g0VwY0lE0IWLghuXVewDmhgmk0k7dDIJMxOhDPkNN/6KGxeKuNSVf+Ok7UJbD1w4nHMv994TZoxK5TjfVmVpeWV1rbpe29jc2t6xd/c6Ms0FJm2cslT0QiQJo5y0FVWM9DJBUBIy0g1HV6XffSBC0pTfqXFG/AQNOI0pRspIge14CVLDMNbdImDQoxxOhVDfFvc6KjVFEyJhFGh24hZFYNedhjMBXCTujNTBDK3A/vSiFOcJ4QozJGXfdTLlayQUxYwUNS+XJEN4hAakbyhHZpuvJ58V8MgoEYxTYYorOFF/T2iUSDlOQtNZni3nvVL8z+vnKr7wNeVZrgjH00VxzqBKYRkTjKggWLGxIQgLam6FeIgEwsqEWTMhuPMvL5LOacM1/Oas3rycxVEFB+AQHAMXnIMmuAYt0AYYPIJn8ArerCfrxXq3PqatFWs2sw/+wPr6AccfoLw=</latexit><latexit sha1_base64="QQ+nBUjL23mTGWWDeKRi7rLvaNk=">AAACGXicbVDLSsNAFJ3UV62vqEs3g0VwY0lE0IWLghuXVewDmhgmk0k7dDIJMxOhDPkNN/6KGxeKuNSVf+Ok7UJbD1w4nHMv994TZoxK5TjfVmVpeWV1rbpe29jc2t6xd/c6Ms0FJm2cslT0QiQJo5y0FVWM9DJBUBIy0g1HV6XffSBC0pTfqXFG/AQNOI0pRspIge14CVLDMNbdImDQoxxOhVDfFvc6KjVFEyJhFGh24hZFYNedhjMBXCTujNTBDK3A/vSiFOcJ4QozJGXfdTLlayQUxYwUNS+XJEN4hAakbyhHZpuvJ58V8MgoEYxTYYorOFF/T2iUSDlOQtNZni3nvVL8z+vnKr7wNeVZrgjH00VxzqBKYRkTjKggWLGxIQgLam6FeIgEwsqEWTMhuPMvL5LOacM1/Oas3rycxVEFB+AQHAMXnIMmuAYt0AYYPIJn8ArerCfrxXq3PqatFWs2sw/+wPr6AccfoLw=</latexit><latexit sha1_base64="QQ+nBUjL23mTGWWDeKRi7rLvaNk=">AAACGXicbVDLSsNAFJ3UV62vqEs3g0VwY0lE0IWLghuXVewDmhgmk0k7dDIJMxOhDPkNN/6KGxeKuNSVf+Ok7UJbD1w4nHMv994TZoxK5TjfVmVpeWV1rbpe29jc2t6xd/c6Ms0FJm2cslT0QiQJo5y0FVWM9DJBUBIy0g1HV6XffSBC0pTfqXFG/AQNOI0pRspIge14CVLDMNbdImDQoxxOhVDfFvc6KjVFEyJhFGh24hZFYNedhjMBXCTujNTBDK3A/vSiFOcJ4QozJGXfdTLlayQUxYwUNS+XJEN4hAakbyhHZpuvJ58V8MgoEYxTYYorOFF/T2iUSDlOQtNZni3nvVL8z+vnKr7wNeVZrgjH00VxzqBKYRkTjKggWLGxIQgLam6FeIgEwsqEWTMhuPMvL5LOacM1/Oas3rycxVEFB+AQHAMXnIMmuAYt0AYYPIJn8ArerCfrxXq3PqatFWs2sw/+wPr6AccfoLw=</latexit><latexit sha1_base64="QQ+nBUjL23mTGWWDeKRi7rLvaNk=">AAACGXicbVDLSsNAFJ3UV62vqEs3g0VwY0lE0IWLghuXVewDmhgmk0k7dDIJMxOhDPkNN/6KGxeKuNSVf+Ok7UJbD1w4nHMv994TZoxK5TjfVmVpeWV1rbpe29jc2t6xd/c6Ms0FJm2cslT0QiQJo5y0FVWM9DJBUBIy0g1HV6XffSBC0pTfqXFG/AQNOI0pRspIge14CVLDMNbdImDQoxxOhVDfFvc6KjVFEyJhFGh24hZFYNedhjMBXCTujNTBDK3A/vSiFOcJ4QozJGXfdTLlayQUxYwUNS+XJEN4hAakbyhHZpuvJ58V8MgoEYxTYYorOFF/T2iUSDlOQtNZni3nvVL8z+vnKr7wNeVZrgjH00VxzqBKYRkTjKggWLGxIQgLam6FeIgEwsqEWTMhuPMvL5LOacM1/Oas3rycxVEFB+AQHAMXnIMmuAYt0AYYPIJn8ArerCfrxXq3PqatFWs2sw/+wPr6AccfoLw=</latexit>

hl�1 2 Rdl�1⇥(Nl�1⇥Ml�1)
<latexit sha1_base64="M0OAwPpMCFg/uJmidcpPZK2jSn8=">AAACJnicbVDLSsNAFJ34rPUVdelmsAh1YUlE0IVCwY0bpYp9QBPLZDJph04mYWYilJCvceOvuHFREXHnpzhps9DWCwPncS937vFiRqWyrC9jYXFpeWW1tFZe39jc2jZ3dlsySgQmTRyxSHQ8JAmjnDQVVYx0YkFQ6DHS9oZXud9+IkLSiD+oUUzcEPU5DShGSks983LQS9mxnTmUOyFSA89L77PH1C9URUMiYfV2SmHBb6b0KOuZFatmTQrOA7sAFVBUo2eOHT/CSUi4wgxJ2bWtWLkpEopiRrKyk0gSIzxEfdLVkCO9zk0nZ2bwUCs+DCKhH1dwov6eSFEo5Sj0dGd+ipz1cvE/r5uo4NxNKY8TRTieLgoSBlUE88ygTwXBio00QFhQ/VeIB0ggrHSyZR2CPXvyPGid1GyN704r9YsijhLYBwegCmxwBurgGjRAE2DwDF7BGLwbL8ab8WF8TlsXjGJmD/wp4/sHuYulPA==</latexit><latexit sha1_base64="M0OAwPpMCFg/uJmidcpPZK2jSn8=">AAACJnicbVDLSsNAFJ34rPUVdelmsAh1YUlE0IVCwY0bpYp9QBPLZDJph04mYWYilJCvceOvuHFREXHnpzhps9DWCwPncS937vFiRqWyrC9jYXFpeWW1tFZe39jc2jZ3dlsySgQmTRyxSHQ8JAmjnDQVVYx0YkFQ6DHS9oZXud9+IkLSiD+oUUzcEPU5DShGSks983LQS9mxnTmUOyFSA89L77PH1C9URUMiYfV2SmHBb6b0KOuZFatmTQrOA7sAFVBUo2eOHT/CSUi4wgxJ2bWtWLkpEopiRrKyk0gSIzxEfdLVkCO9zk0nZ2bwUCs+DCKhH1dwov6eSFEo5Sj0dGd+ipz1cvE/r5uo4NxNKY8TRTieLgoSBlUE88ygTwXBio00QFhQ/VeIB0ggrHSyZR2CPXvyPGid1GyN704r9YsijhLYBwegCmxwBurgGjRAE2DwDF7BGLwbL8ab8WF8TlsXjGJmD/wp4/sHuYulPA==</latexit><latexit sha1_base64="M0OAwPpMCFg/uJmidcpPZK2jSn8=">AAACJnicbVDLSsNAFJ34rPUVdelmsAh1YUlE0IVCwY0bpYp9QBPLZDJph04mYWYilJCvceOvuHFREXHnpzhps9DWCwPncS937vFiRqWyrC9jYXFpeWW1tFZe39jc2jZ3dlsySgQmTRyxSHQ8JAmjnDQVVYx0YkFQ6DHS9oZXud9+IkLSiD+oUUzcEPU5DShGSks983LQS9mxnTmUOyFSA89L77PH1C9URUMiYfV2SmHBb6b0KOuZFatmTQrOA7sAFVBUo2eOHT/CSUi4wgxJ2bWtWLkpEopiRrKyk0gSIzxEfdLVkCO9zk0nZ2bwUCs+DCKhH1dwov6eSFEo5Sj0dGd+ipz1cvE/r5uo4NxNKY8TRTieLgoSBlUE88ygTwXBio00QFhQ/VeIB0ggrHSyZR2CPXvyPGid1GyN704r9YsijhLYBwegCmxwBurgGjRAE2DwDF7BGLwbL8ab8WF8TlsXjGJmD/wp4/sHuYulPA==</latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="5iE+GcBOySDpJSTHaaj/SSUoB5Y=">AAACG3icbVBNS8MwGH47v+acWr16CQ5hHhytF70IghcvyhTnBtssaZZtYWlaklQYpb/Gi3/Fi4eJiP/GdO1BN18IPB8Jb57HjzhT2nG+rdLK6tr6RnmzslXd3tm196qPKowloS0S8lB2fKwoZ4K2NNOcdiJJceBz2vYnV5nffqZSsVA86GlE+wEeCTZkBGsjefbF2Ev4iZv2mOgFWI99P7lPn5JBoWoWUIXqtzlFBb/J6XHq2TWn4cwHLQO3ADUopunZs94gJHFAhSYcK9V1nUj3Eyw1I5ymlV6saITJBI9o10CBzbp+Mo+ZoiOjDNAwlOYIjebq7xcJDpSaBr65mUVRi14m/ud1Yz087ydMRLGmguSLhjFHOkRZZ2jAJCWaTw3ARDLzV0TGWGKiTbMVU4K7GHkZPJ42XIPvHCjDARxCHVw4g0u4hia0gMALvMEMPqxX6936zOsqWUVv+/BnrK8fpsajsQ==</latexit><latexit sha1_base64="5iE+GcBOySDpJSTHaaj/SSUoB5Y=">AAACG3icbVBNS8MwGH47v+acWr16CQ5hHhytF70IghcvyhTnBtssaZZtYWlaklQYpb/Gi3/Fi4eJiP/GdO1BN18IPB8Jb57HjzhT2nG+rdLK6tr6RnmzslXd3tm196qPKowloS0S8lB2fKwoZ4K2NNOcdiJJceBz2vYnV5nffqZSsVA86GlE+wEeCTZkBGsjefbF2Ev4iZv2mOgFWI99P7lPn5JBoWoWUIXqtzlFBb/J6XHq2TWn4cwHLQO3ADUopunZs94gJHFAhSYcK9V1nUj3Eyw1I5ymlV6saITJBI9o10CBzbp+Mo+ZoiOjDNAwlOYIjebq7xcJDpSaBr65mUVRi14m/ud1Yz087ydMRLGmguSLhjFHOkRZZ2jAJCWaTw3ARDLzV0TGWGKiTbMVU4K7GHkZPJ42XIPvHCjDARxCHVw4g0u4hia0gMALvMEMPqxX6936zOsqWUVv+/BnrK8fpsajsQ==</latexit><latexit sha1_base64="O1xa7L4sHaHjlkOAEo/BojUtpTw=">AAACJnicbVDLSsNAFJ3UV62vqEs3g0WoC0viRhcKBTdulCr2AU0tk8mkHTqZhJmJUEK+xo2/4sZFRcSdn+KkyUJbLwycx73cuceNGJXKsr6M0tLyyupaeb2ysbm1vWPu7rVlGAtMWjhkoei6SBJGOWkpqhjpRoKgwGWk446vMr/zRISkIX9Qk4j0AzTk1KcYKS0NzMvRIGEndupQ7gRIjVw3uU8fE69QFQ2IhLXbnMKC3+T0OB2YVatuzQouArsAVVBUc2BOHS/EcUC4wgxJ2bOtSPUTJBTFjKQVJ5YkQniMhqSnIUd6XT+ZnZnCI6140A+FflzBmfp7IkGBlJPA1Z3ZKXLey8T/vF6s/PN+QnkUK8JxvsiPGVQhzDKDHhUEKzbRAGFB9V8hHiGBsNLJVnQI9vzJi6B9Wrc1vrOqjYsijjI4AIegBmxwBhrgGjRBC2DwDF7BFLwbL8ab8WF85q0lo5jZB3/K+P4BuEulOA==</latexit><latexit sha1_base64="M0OAwPpMCFg/uJmidcpPZK2jSn8=">AAACJnicbVDLSsNAFJ34rPUVdelmsAh1YUlE0IVCwY0bpYp9QBPLZDJph04mYWYilJCvceOvuHFREXHnpzhps9DWCwPncS937vFiRqWyrC9jYXFpeWW1tFZe39jc2jZ3dlsySgQmTRyxSHQ8JAmjnDQVVYx0YkFQ6DHS9oZXud9+IkLSiD+oUUzcEPU5DShGSks983LQS9mxnTmUOyFSA89L77PH1C9URUMiYfV2SmHBb6b0KOuZFatmTQrOA7sAFVBUo2eOHT/CSUi4wgxJ2bWtWLkpEopiRrKyk0gSIzxEfdLVkCO9zk0nZ2bwUCs+DCKhH1dwov6eSFEo5Sj0dGd+ipz1cvE/r5uo4NxNKY8TRTieLgoSBlUE88ygTwXBio00QFhQ/VeIB0ggrHSyZR2CPXvyPGid1GyN704r9YsijhLYBwegCmxwBurgGjRAE2DwDF7BGLwbL8ab8WF8TlsXjGJmD/wp4/sHuYulPA==</latexit><latexit sha1_base64="M0OAwPpMCFg/uJmidcpPZK2jSn8=">AAACJnicbVDLSsNAFJ34rPUVdelmsAh1YUlE0IVCwY0bpYp9QBPLZDJph04mYWYilJCvceOvuHFREXHnpzhps9DWCwPncS937vFiRqWyrC9jYXFpeWW1tFZe39jc2jZ3dlsySgQmTRyxSHQ8JAmjnDQVVYx0YkFQ6DHS9oZXud9+IkLSiD+oUUzcEPU5DShGSks983LQS9mxnTmUOyFSA89L77PH1C9URUMiYfV2SmHBb6b0KOuZFatmTQrOA7sAFVBUo2eOHT/CSUi4wgxJ2bWtWLkpEopiRrKyk0gSIzxEfdLVkCO9zk0nZ2bwUCs+DCKhH1dwov6eSFEo5Sj0dGd+ipz1cvE/r5uo4NxNKY8TRTieLgoSBlUE88ygTwXBio00QFhQ/VeIB0ggrHSyZR2CPXvyPGid1GyN704r9YsijhLYBwegCmxwBurgGjRAE2DwDF7BGLwbL8ab8WF8TlsXjGJmD/wp4/sHuYulPA==</latexit><latexit sha1_base64="M0OAwPpMCFg/uJmidcpPZK2jSn8=">AAACJnicbVDLSsNAFJ34rPUVdelmsAh1YUlE0IVCwY0bpYp9QBPLZDJph04mYWYilJCvceOvuHFREXHnpzhps9DWCwPncS937vFiRqWyrC9jYXFpeWW1tFZe39jc2jZ3dlsySgQmTRyxSHQ8JAmjnDQVVYx0YkFQ6DHS9oZXud9+IkLSiD+oUUzcEPU5DShGSks983LQS9mxnTmUOyFSA89L77PH1C9URUMiYfV2SmHBb6b0KOuZFatmTQrOA7sAFVBUo2eOHT/CSUi4wgxJ2bWtWLkpEopiRrKyk0gSIzxEfdLVkCO9zk0nZ2bwUCs+DCKhH1dwov6eSFEo5Sj0dGd+ipz1cvE/r5uo4NxNKY8TRTieLgoSBlUE88ygTwXBio00QFhQ/VeIB0ggrHSyZR2CPXvyPGid1GyN704r9YsijhLYBwegCmxwBurgGjRAE2DwDF7BGLwbL8ab8WF8TlsXjGJmD/wp4/sHuYulPA==</latexit><latexit sha1_base64="M0OAwPpMCFg/uJmidcpPZK2jSn8=">AAACJnicbVDLSsNAFJ34rPUVdelmsAh1YUlE0IVCwY0bpYp9QBPLZDJph04mYWYilJCvceOvuHFREXHnpzhps9DWCwPncS937vFiRqWyrC9jYXFpeWW1tFZe39jc2jZ3dlsySgQmTRyxSHQ8JAmjnDQVVYx0YkFQ6DHS9oZXud9+IkLSiD+oUUzcEPU5DShGSks983LQS9mxnTmUOyFSA89L77PH1C9URUMiYfV2SmHBb6b0KOuZFatmTQrOA7sAFVBUo2eOHT/CSUi4wgxJ2bWtWLkpEopiRrKyk0gSIzxEfdLVkCO9zk0nZ2bwUCs+DCKhH1dwov6eSFEo5Sj0dGd+ipz1cvE/r5uo4NxNKY8TRTieLgoSBlUE88ygTwXBio00QFhQ/VeIB0ggrHSyZR2CPXvyPGid1GyN704r9YsijhLYBwegCmxwBurgGjRAE2DwDF7BGLwbL8ab8WF8TlsXjGJmD/wp4/sHuYulPA==</latexit><latexit sha1_base64="M0OAwPpMCFg/uJmidcpPZK2jSn8=">AAACJnicbVDLSsNAFJ34rPUVdelmsAh1YUlE0IVCwY0bpYp9QBPLZDJph04mYWYilJCvceOvuHFREXHnpzhps9DWCwPncS937vFiRqWyrC9jYXFpeWW1tFZe39jc2jZ3dlsySgQmTRyxSHQ8JAmjnDQVVYx0YkFQ6DHS9oZXud9+IkLSiD+oUUzcEPU5DShGSks983LQS9mxnTmUOyFSA89L77PH1C9URUMiYfV2SmHBb6b0KOuZFatmTQrOA7sAFVBUo2eOHT/CSUi4wgxJ2bWtWLkpEopiRrKyk0gSIzxEfdLVkCO9zk0nZ2bwUCs+DCKhH1dwov6eSFEo5Sj0dGd+ipz1cvE/r5uo4NxNKY8TRTieLgoSBlUE88ygTwXBio00QFhQ/VeIB0ggrHSyZR2CPXvyPGid1GyN704r9YsijhLYBwegCmxwBurgGjRAE2DwDF7BGLwbL8ab8WF8TlsXjGJmD/wp4/sHuYulPA==</latexit><latexit sha1_base64="M0OAwPpMCFg/uJmidcpPZK2jSn8=">AAACJnicbVDLSsNAFJ34rPUVdelmsAh1YUlE0IVCwY0bpYp9QBPLZDJph04mYWYilJCvceOvuHFREXHnpzhps9DWCwPncS937vFiRqWyrC9jYXFpeWW1tFZe39jc2jZ3dlsySgQmTRyxSHQ8JAmjnDQVVYx0YkFQ6DHS9oZXud9+IkLSiD+oUUzcEPU5DShGSks983LQS9mxnTmUOyFSA89L77PH1C9URUMiYfV2SmHBb6b0KOuZFatmTQrOA7sAFVBUo2eOHT/CSUi4wgxJ2bWtWLkpEopiRrKyk0gSIzxEfdLVkCO9zk0nZ2bwUCs+DCKhH1dwov6eSFEo5Sj0dGd+ipz1cvE/r5uo4NxNKY8TRTieLgoSBlUE88ygTwXBio00QFhQ/VeIB0ggrHSyZR2CPXvyPGid1GyN704r9YsijhLYBwegCmxwBurgGjRAE2DwDF7BGLwbL8ab8WF8TlsXjGJmD/wp4/sHuYulPA==</latexit>

hl 2 Rdl⇥(Nl⇥Ml)
<latexit sha1_base64="QGVWtPBJRGgdw8w9sLkdDe22bFc=">AAACHnicbVDLSsNAFJ3UV62vqEs3g0Wom5KIogsXBTdulCr2AU0tk8mkHTqZhJmJUEK+xI2/4saFIoIr/RsnaRbaemHgPO7lzj1uxKhUlvVtlBYWl5ZXyquVtfWNzS1ze6ctw1hg0sIhC0XXRZIwyklLUcVINxIEBS4jHXd8kfmdByIkDfmdmkSkH6Ahpz7FSGlpYJ6MBglLHcqdAKmR6ya36X3i5ZqiAZGwdp0RWLCrjBymA7Nq1a284DywC1AFRTUH5qfjhTgOCFeYISl7thWpfoKEopiRtOLEkkQIj9GQ9DTkSC/rJ/l5KTzQigf9UOjHFczV3xMJCqScBK7uzI6Qs14m/uf1YuWf9RPKo1gRjqeL/JhBFcIsK+hRQbBiEw0QFlT/FeIREggrnWhFh2DPnjwP2kd1W+Ob42rjvIijDPbAPqgBG5yCBrgETdACGDyCZ/AK3own48V4Nz6mrSWjmNkFf8r4+gHPE6N0</latexit><latexit sha1_base64="QGVWtPBJRGgdw8w9sLkdDe22bFc=">AAACHnicbVDLSsNAFJ3UV62vqEs3g0Wom5KIogsXBTdulCr2AU0tk8mkHTqZhJmJUEK+xI2/4saFIoIr/RsnaRbaemHgPO7lzj1uxKhUlvVtlBYWl5ZXyquVtfWNzS1ze6ctw1hg0sIhC0XXRZIwyklLUcVINxIEBS4jHXd8kfmdByIkDfmdmkSkH6Ahpz7FSGlpYJ6MBglLHcqdAKmR6ya36X3i5ZqiAZGwdp0RWLCrjBymA7Nq1a284DywC1AFRTUH5qfjhTgOCFeYISl7thWpfoKEopiRtOLEkkQIj9GQ9DTkSC/rJ/l5KTzQigf9UOjHFczV3xMJCqScBK7uzI6Qs14m/uf1YuWf9RPKo1gRjqeL/JhBFcIsK+hRQbBiEw0QFlT/FeIREggrnWhFh2DPnjwP2kd1W+Ob42rjvIijDPbAPqgBG5yCBrgETdACGDyCZ/AK3own48V4Nz6mrSWjmNkFf8r4+gHPE6N0</latexit><latexit sha1_base64="QGVWtPBJRGgdw8w9sLkdDe22bFc=">AAACHnicbVDLSsNAFJ3UV62vqEs3g0Wom5KIogsXBTdulCr2AU0tk8mkHTqZhJmJUEK+xI2/4saFIoIr/RsnaRbaemHgPO7lzj1uxKhUlvVtlBYWl5ZXyquVtfWNzS1ze6ctw1hg0sIhC0XXRZIwyklLUcVINxIEBS4jHXd8kfmdByIkDfmdmkSkH6Ahpz7FSGlpYJ6MBglLHcqdAKmR6ya36X3i5ZqiAZGwdp0RWLCrjBymA7Nq1a284DywC1AFRTUH5qfjhTgOCFeYISl7thWpfoKEopiRtOLEkkQIj9GQ9DTkSC/rJ/l5KTzQigf9UOjHFczV3xMJCqScBK7uzI6Qs14m/uf1YuWf9RPKo1gRjqeL/JhBFcIsK+hRQbBiEw0QFlT/FeIREggrnWhFh2DPnjwP2kd1W+Ob42rjvIijDPbAPqgBG5yCBrgETdACGDyCZ/AK3own48V4Nz6mrSWjmNkFf8r4+gHPE6N0</latexit><latexit sha1_base64="QGVWtPBJRGgdw8w9sLkdDe22bFc=">AAACHnicbVDLSsNAFJ3UV62vqEs3g0Wom5KIogsXBTdulCr2AU0tk8mkHTqZhJmJUEK+xI2/4saFIoIr/RsnaRbaemHgPO7lzj1uxKhUlvVtlBYWl5ZXyquVtfWNzS1ze6ctw1hg0sIhC0XXRZIwyklLUcVINxIEBS4jHXd8kfmdByIkDfmdmkSkH6Ahpz7FSGlpYJ6MBglLHcqdAKmR6ya36X3i5ZqiAZGwdp0RWLCrjBymA7Nq1a284DywC1AFRTUH5qfjhTgOCFeYISl7thWpfoKEopiRtOLEkkQIj9GQ9DTkSC/rJ/l5KTzQigf9UOjHFczV3xMJCqScBK7uzI6Qs14m/uf1YuWf9RPKo1gRjqeL/JhBFcIsK+hRQbBiEw0QFlT/FeIREggrnWhFh2DPnjwP2kd1W+Ob42rjvIijDPbAPqgBG5yCBrgETdACGDyCZ/AK3own48V4Nz6mrSWjmNkFf8r4+gHPE6N0</latexit>

Wl 2 Rdl�1⇥dl⇥(k1⇥k2)
<latexit sha1_base64="i2GVlIUHBRiVcWATfcAXHFW+ki0="></latexit><latexit sha1_base64="i2GVlIUHBRiVcWATfcAXHFW+ki0="></latexit><latexit sha1_base64="i2GVlIUHBRiVcWATfcAXHFW+ki0="></latexit><latexit sha1_base64="i2GVlIUHBRiVcWATfcAXHFW+ki0="></latexit>

j = 1, . . . , dl�1, k = 1, . . . , dl
<latexit sha1_base64="flHcXBtbHFUtiDOV4OCaToeN6DM="></latexit><latexit sha1_base64="flHcXBtbHFUtiDOV4OCaToeN6DM="></latexit><latexit sha1_base64="flHcXBtbHFUtiDOV4OCaToeN6DM="></latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="vRbhb4lrosKwPdyqoMDaGzX2Ntw="></latexit><latexit sha1_base64="vRbhb4lrosKwPdyqoMDaGzX2Ntw="></latexit><latexit sha1_base64="hssaqd0zYRlnj8wW4CscfyzoWQw="></latexit><latexit sha1_base64="flHcXBtbHFUtiDOV4OCaToeN6DM="></latexit><latexit sha1_base64="flHcXBtbHFUtiDOV4OCaToeN6DM="></latexit><latexit sha1_base64="flHcXBtbHFUtiDOV4OCaToeN6DM="></latexit><latexit sha1_base64="flHcXBtbHFUtiDOV4OCaToeN6DM="></latexit><latexit sha1_base64="flHcXBtbHFUtiDOV4OCaToeN6DM="></latexit><latexit sha1_base64="flHcXBtbHFUtiDOV4OCaToeN6DM="></latexit>

Wl = {wl,jk} ,
<latexit sha1_base64="YroShj1/xUz5oM+XuEeluwK6J/k="></latexit><latexit sha1_base64="YroShj1/xUz5oM+XuEeluwK6J/k="></latexit><latexit sha1_base64="YroShj1/xUz5oM+XuEeluwK6J/k="></latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="xNplCEG2LRgKpOmdXK55OiQB3l0="></latexit><latexit sha1_base64="xNplCEG2LRgKpOmdXK55OiQB3l0="></latexit><latexit sha1_base64="jgtfv8EtjACBoxdnlYHV379yIAQ="></latexit><latexit sha1_base64="YroShj1/xUz5oM+XuEeluwK6J/k="></latexit><latexit sha1_base64="YroShj1/xUz5oM+XuEeluwK6J/k="></latexit><latexit sha1_base64="YroShj1/xUz5oM+XuEeluwK6J/k="></latexit><latexit sha1_base64="YroShj1/xUz5oM+XuEeluwK6J/k="></latexit><latexit sha1_base64="YroShj1/xUz5oM+XuEeluwK6J/k="></latexit><latexit sha1_base64="YroShj1/xUz5oM+XuEeluwK6J/k="></latexit>

Larger layers with sparser connections with lower number of parameters



Computer
Vision Channel size

• Channel size is linked with kernel size and the type of convolution 

aij =
X

p

X

q

x(i�p)(j�q)w(p)(q)

<latexit sha1_base64="FwSU/BLKYFS8RfWFLJLSTs7VdZU=">AAACF3icbZC7TsMwFIYdrqXcAowsFhVSO7RKEBIMIFViYSwSvUhtFTmu07p1nNR2gCrKW7DwKiwMIMQKG2+Dm2aAliPZ+vyfc3R8fjdkVCrL+jaWlldW19ZzG/nNre2dXXNvvyGDSGBSxwELRMtFkjDKSV1RxUgrFAT5LiNNd3Q1zTfviJA04LdqEpKuj/qcehQjpSXHrCAnpsMEXsKOjHwnTO8xfHDiIi2HpeKwPC4l9/qlWZNjFqyKlQZcBDuDAsii5phfnV6AI59whRmSsm1boerGSCiKGUnynUiSEOER6pO2Ro58IrtxulcCj7XSg14g9OEKpurvjhj5Uk58V1f6SA3kfG4q/pdrR8o778aUh5EiHM8GeRGDKoBTk2CPCoIVm2hAWFD9V4gHSCCstJV5bYI9v/IiNE4qtuab00L1IrMjBw7BESgCG5yBKrgGNVAHGDyCZ/AK3own48V4Nz5mpUtG1nMA/oTx+QPaK55q</latexit><latexit sha1_base64="FwSU/BLKYFS8RfWFLJLSTs7VdZU=">AAACF3icbZC7TsMwFIYdrqXcAowsFhVSO7RKEBIMIFViYSwSvUhtFTmu07p1nNR2gCrKW7DwKiwMIMQKG2+Dm2aAliPZ+vyfc3R8fjdkVCrL+jaWlldW19ZzG/nNre2dXXNvvyGDSGBSxwELRMtFkjDKSV1RxUgrFAT5LiNNd3Q1zTfviJA04LdqEpKuj/qcehQjpSXHrCAnpsMEXsKOjHwnTO8xfHDiIi2HpeKwPC4l9/qlWZNjFqyKlQZcBDuDAsii5phfnV6AI59whRmSsm1boerGSCiKGUnynUiSEOER6pO2Ro58IrtxulcCj7XSg14g9OEKpurvjhj5Uk58V1f6SA3kfG4q/pdrR8o778aUh5EiHM8GeRGDKoBTk2CPCoIVm2hAWFD9V4gHSCCstJV5bYI9v/IiNE4qtuab00L1IrMjBw7BESgCG5yBKrgGNVAHGDyCZ/AK3own48V4Nz5mpUtG1nMA/oTx+QPaK55q</latexit><latexit sha1_base64="FwSU/BLKYFS8RfWFLJLSTs7VdZU=">AAACF3icbZC7TsMwFIYdrqXcAowsFhVSO7RKEBIMIFViYSwSvUhtFTmu07p1nNR2gCrKW7DwKiwMIMQKG2+Dm2aAliPZ+vyfc3R8fjdkVCrL+jaWlldW19ZzG/nNre2dXXNvvyGDSGBSxwELRMtFkjDKSV1RxUgrFAT5LiNNd3Q1zTfviJA04LdqEpKuj/qcehQjpSXHrCAnpsMEXsKOjHwnTO8xfHDiIi2HpeKwPC4l9/qlWZNjFqyKlQZcBDuDAsii5phfnV6AI59whRmSsm1boerGSCiKGUnynUiSEOER6pO2Ro58IrtxulcCj7XSg14g9OEKpurvjhj5Uk58V1f6SA3kfG4q/pdrR8o778aUh5EiHM8GeRGDKoBTk2CPCoIVm2hAWFD9V4gHSCCstJV5bYI9v/IiNE4qtuab00L1IrMjBw7BESgCG5yBKrgGNVAHGDyCZ/AK3own48V4Nz5mpUtG1nMA/oTx+QPaK55q</latexit><latexit sha1_base64="FwSU/BLKYFS8RfWFLJLSTs7VdZU=">AAACF3icbZC7TsMwFIYdrqXcAowsFhVSO7RKEBIMIFViYSwSvUhtFTmu07p1nNR2gCrKW7DwKiwMIMQKG2+Dm2aAliPZ+vyfc3R8fjdkVCrL+jaWlldW19ZzG/nNre2dXXNvvyGDSGBSxwELRMtFkjDKSV1RxUgrFAT5LiNNd3Q1zTfviJA04LdqEpKuj/qcehQjpSXHrCAnpsMEXsKOjHwnTO8xfHDiIi2HpeKwPC4l9/qlWZNjFqyKlQZcBDuDAsii5phfnV6AI59whRmSsm1boerGSCiKGUnynUiSEOER6pO2Ro58IrtxulcCj7XSg14g9OEKpurvjhj5Uk58V1f6SA3kfG4q/pdrR8o778aUh5EiHM8GeRGDKoBTk2CPCoIVm2hAWFD9V4gHSCCstJV5bYI9v/IiNE4qtuab00L1IrMjBw7BESgCG5yBKrgGNVAHGDyCZ/AK3own48V4Nz5mpUtG1nMA/oTx+QPaK55q</latexit>

• When the kernel is placed in the image – no problem



Computer
Vision Channel size

• Channel size is linked with kernel size and the type of convolution 

aij =
X

p

X

q

x(i�p)(j�q)w(p)(q)

<latexit sha1_base64="FwSU/BLKYFS8RfWFLJLSTs7VdZU=">AAACF3icbZC7TsMwFIYdrqXcAowsFhVSO7RKEBIMIFViYSwSvUhtFTmu07p1nNR2gCrKW7DwKiwMIMQKG2+Dm2aAliPZ+vyfc3R8fjdkVCrL+jaWlldW19ZzG/nNre2dXXNvvyGDSGBSxwELRMtFkjDKSV1RxUgrFAT5LiNNd3Q1zTfviJA04LdqEpKuj/qcehQjpSXHrCAnpsMEXsKOjHwnTO8xfHDiIi2HpeKwPC4l9/qlWZNjFqyKlQZcBDuDAsii5phfnV6AI59whRmSsm1boerGSCiKGUnynUiSEOER6pO2Ro58IrtxulcCj7XSg14g9OEKpurvjhj5Uk58V1f6SA3kfG4q/pdrR8o778aUh5EiHM8GeRGDKoBTk2CPCoIVm2hAWFD9V4gHSCCstJV5bYI9v/IiNE4qtuab00L1IrMjBw7BESgCG5yBKrgGNVAHGDyCZ/AK3own48V4Nz5mpUtG1nMA/oTx+QPaK55q</latexit><latexit sha1_base64="FwSU/BLKYFS8RfWFLJLSTs7VdZU=">AAACF3icbZC7TsMwFIYdrqXcAowsFhVSO7RKEBIMIFViYSwSvUhtFTmu07p1nNR2gCrKW7DwKiwMIMQKG2+Dm2aAliPZ+vyfc3R8fjdkVCrL+jaWlldW19ZzG/nNre2dXXNvvyGDSGBSxwELRMtFkjDKSV1RxUgrFAT5LiNNd3Q1zTfviJA04LdqEpKuj/qcehQjpSXHrCAnpsMEXsKOjHwnTO8xfHDiIi2HpeKwPC4l9/qlWZNjFqyKlQZcBDuDAsii5phfnV6AI59whRmSsm1boerGSCiKGUnynUiSEOER6pO2Ro58IrtxulcCj7XSg14g9OEKpurvjhj5Uk58V1f6SA3kfG4q/pdrR8o778aUh5EiHM8GeRGDKoBTk2CPCoIVm2hAWFD9V4gHSCCstJV5bYI9v/IiNE4qtuab00L1IrMjBw7BESgCG5yBKrgGNVAHGDyCZ/AK3own48V4Nz5mpUtG1nMA/oTx+QPaK55q</latexit><latexit sha1_base64="FwSU/BLKYFS8RfWFLJLSTs7VdZU=">AAACF3icbZC7TsMwFIYdrqXcAowsFhVSO7RKEBIMIFViYSwSvUhtFTmu07p1nNR2gCrKW7DwKiwMIMQKG2+Dm2aAliPZ+vyfc3R8fjdkVCrL+jaWlldW19ZzG/nNre2dXXNvvyGDSGBSxwELRMtFkjDKSV1RxUgrFAT5LiNNd3Q1zTfviJA04LdqEpKuj/qcehQjpSXHrCAnpsMEXsKOjHwnTO8xfHDiIi2HpeKwPC4l9/qlWZNjFqyKlQZcBDuDAsii5phfnV6AI59whRmSsm1boerGSCiKGUnynUiSEOER6pO2Ro58IrtxulcCj7XSg14g9OEKpurvjhj5Uk58V1f6SA3kfG4q/pdrR8o778aUh5EiHM8GeRGDKoBTk2CPCoIVm2hAWFD9V4gHSCCstJV5bYI9v/IiNE4qtuab00L1IrMjBw7BESgCG5yBKrgGNVAHGDyCZ/AK3own48V4Nz5mpUtG1nMA/oTx+QPaK55q</latexit><latexit sha1_base64="FwSU/BLKYFS8RfWFLJLSTs7VdZU=">AAACF3icbZC7TsMwFIYdrqXcAowsFhVSO7RKEBIMIFViYSwSvUhtFTmu07p1nNR2gCrKW7DwKiwMIMQKG2+Dm2aAliPZ+vyfc3R8fjdkVCrL+jaWlldW19ZzG/nNre2dXXNvvyGDSGBSxwELRMtFkjDKSV1RxUgrFAT5LiNNd3Q1zTfviJA04LdqEpKuj/qcehQjpSXHrCAnpsMEXsKOjHwnTO8xfHDiIi2HpeKwPC4l9/qlWZNjFqyKlQZcBDuDAsii5phfnV6AI59whRmSsm1boerGSCiKGUnynUiSEOER6pO2Ro58IrtxulcCj7XSg14g9OEKpurvjhj5Uk58V1f6SA3kfG4q/pdrR8o778aUh5EiHM8GeRGDKoBTk2CPCoIVm2hAWFD9V4gHSCCstJV5bYI9v/IiNE4qtuab00L1IrMjBw7BESgCG5yBKrgGNVAHGDyCZ/AK3own48V4Nz5mpUtG1nMA/oTx+QPaK55q</latexit>

• When the kernel is placed in the image – no problem
• When it is placed on the boundary – it is not well 

defined
• Out-of-boundary values are not defined
• Two options: 

1. Valid convolution: only evaluate convolution 
when all the elements are defined

2. Padding (Same): pad the boundaries so that result 
of the convolution will have the same size



Computer
Vision Valid convolution

• If the kernel is centered, i.e. w(0)(0) is the center of 
the kernel, then convolution can only be evaluated 
within the red area

• You loose a pixel at each end of the picture
• If the kernel center is the top left corner, then the 

green area is the valid area
• You loose two pixels at the bottom and right of the 

image

hl�1 2 Rdl�1⇥(Ml�1⇥Nl�1)
<latexit sha1_base64="ExOqrT+MvPLMxN87hWSsFgwZ0NY=">AAACJ3icbVDLSsNAFJ3UV62vqEs3g0WoC0sigl1JwY0bpYp9QFPLZDJph04mYWYilJC/ceOvuBFURJf+idOkgrZeGDj3nHO5c48bMSqVZX0ahYXFpeWV4mppbX1jc8vc3mnJMBaYNHHIQtFxkSSMctJUVDHSiQRBgctI2x2dT/T2PRGShvxWjSPSC9CAU59ipDTVN8+G/YQd2Sl0KIdOgNTQdZOb9C7xct5RNCCycvnjylp4lbeHad8sW1UrKzgP7Ckog2k1+uaL44U4DghXmCEpu7YVqV6ChKKYkbTkxJJECI/QgHQ15Eiv6yXZnSk80IwH/VDoxxXM2N8TCQqkHAeudk4ukbPahPxP68bKr/USyqNYEY7zRX7MoArhJDToUUGwYmMNEBZU/xXiIRIIKx1tSYdgz548D1rHVVvj65NyvTaNowj2wD6oABucgjq4AA3QBBg8gCfwCt6MR+PZeDc+cmvBmM7sgj9lfH0DEMulYg==</latexit><latexit sha1_base64="ExOqrT+MvPLMxN87hWSsFgwZ0NY=">AAACJ3icbVDLSsNAFJ3UV62vqEs3g0WoC0sigl1JwY0bpYp9QFPLZDJph04mYWYilJC/ceOvuBFURJf+idOkgrZeGDj3nHO5c48bMSqVZX0ahYXFpeWV4mppbX1jc8vc3mnJMBaYNHHIQtFxkSSMctJUVDHSiQRBgctI2x2dT/T2PRGShvxWjSPSC9CAU59ipDTVN8+G/YQd2Sl0KIdOgNTQdZOb9C7xct5RNCCycvnjylp4lbeHad8sW1UrKzgP7Ckog2k1+uaL44U4DghXmCEpu7YVqV6ChKKYkbTkxJJECI/QgHQ15Eiv6yXZnSk80IwH/VDoxxXM2N8TCQqkHAeudk4ukbPahPxP68bKr/USyqNYEY7zRX7MoArhJDToUUGwYmMNEBZU/xXiIRIIKx1tSYdgz548D1rHVVvj65NyvTaNowj2wD6oABucgjq4AA3QBBg8gCfwCt6MR+PZeDc+cmvBmM7sgj9lfH0DEMulYg==</latexit><latexit sha1_base64="ExOqrT+MvPLMxN87hWSsFgwZ0NY=">AAACJ3icbVDLSsNAFJ3UV62vqEs3g0WoC0sigl1JwY0bpYp9QFPLZDJph04mYWYilJC/ceOvuBFURJf+idOkgrZeGDj3nHO5c48bMSqVZX0ahYXFpeWV4mppbX1jc8vc3mnJMBaYNHHIQtFxkSSMctJUVDHSiQRBgctI2x2dT/T2PRGShvxWjSPSC9CAU59ipDTVN8+G/YQd2Sl0KIdOgNTQdZOb9C7xct5RNCCycvnjylp4lbeHad8sW1UrKzgP7Ckog2k1+uaL44U4DghXmCEpu7YVqV6ChKKYkbTkxJJECI/QgHQ15Eiv6yXZnSk80IwH/VDoxxXM2N8TCQqkHAeudk4ukbPahPxP68bKr/USyqNYEY7zRX7MoArhJDToUUGwYmMNEBZU/xXiIRIIKx1tSYdgz548D1rHVVvj65NyvTaNowj2wD6oABucgjq4AA3QBBg8gCfwCt6MR+PZeDc+cmvBmM7sgj9lfH0DEMulYg==</latexit><latexit sha1_base64="ExOqrT+MvPLMxN87hWSsFgwZ0NY=">AAACJ3icbVDLSsNAFJ3UV62vqEs3g0WoC0sigl1JwY0bpYp9QFPLZDJph04mYWYilJC/ceOvuBFURJf+idOkgrZeGDj3nHO5c48bMSqVZX0ahYXFpeWV4mppbX1jc8vc3mnJMBaYNHHIQtFxkSSMctJUVDHSiQRBgctI2x2dT/T2PRGShvxWjSPSC9CAU59ipDTVN8+G/YQd2Sl0KIdOgNTQdZOb9C7xct5RNCCycvnjylp4lbeHad8sW1UrKzgP7Ckog2k1+uaL44U4DghXmCEpu7YVqV6ChKKYkbTkxJJECI/QgHQ15Eiv6yXZnSk80IwH/VDoxxXM2N8TCQqkHAeudk4ukbPahPxP68bKr/USyqNYEY7zRX7MoArhJDToUUGwYmMNEBZU/xXiIRIIKx1tSYdgz548D1rHVVvj65NyvTaNowj2wD6oABucgjq4AA3QBBg8gCfwCt6MR+PZeDc+cmvBmM7sgj9lfH0DEMulYg==</latexit>

wl,·· 2 Rk1⇥k2
<latexit sha1_base64="0MwHbMFXJm4JSnoLykrxYnjWFQI=">AAACF3icbVDLSsNAFJ3UV62vqks3g0VwISUpgl0W3LisYh/Q1DCZTtuhk0mYuVFKyF+48VfcuFDEre78G6dpFtp6YIbDOfdy7z1+JLgG2/62Ciura+sbxc3S1vbO7l55/6Ctw1hR1qKhCFXXJ5oJLlkLOAjWjRQjgS9Yx59czvzOPVOah/IWphHrB2Qk+ZBTAkbyytUHLxFnLh2EkH2py6UbEBj7fnKT3iUTz8Eu8IBpPPFqqVeu2FU7A14mTk4qKEfTK3+5g5DGAZNABdG659gR9BOigFPB0pIbaxYROiEj1jNUEjOpn2R3pfjEKAM8DJV5EnCm/u5ISKD1NPBN5WxlvejNxP+8XgzDej/hMoqBSTofNIwFhhDPQsIDrhgFMTWEUMXNrpiOiSIUTJQlE4KzePIyadeqjuHX55VGPY+jiI7QMTpFDrpADXSFmqiFKHpEz+gVvVlP1ov1bn3MSwtW3nOI/sD6/AG1wqAx</latexit><latexit sha1_base64="0MwHbMFXJm4JSnoLykrxYnjWFQI=">AAACF3icbVDLSsNAFJ3UV62vqks3g0VwISUpgl0W3LisYh/Q1DCZTtuhk0mYuVFKyF+48VfcuFDEre78G6dpFtp6YIbDOfdy7z1+JLgG2/62Ciura+sbxc3S1vbO7l55/6Ctw1hR1qKhCFXXJ5oJLlkLOAjWjRQjgS9Yx59czvzOPVOah/IWphHrB2Qk+ZBTAkbyytUHLxFnLh2EkH2py6UbEBj7fnKT3iUTz8Eu8IBpPPFqqVeu2FU7A14mTk4qKEfTK3+5g5DGAZNABdG659gR9BOigFPB0pIbaxYROiEj1jNUEjOpn2R3pfjEKAM8DJV5EnCm/u5ISKD1NPBN5WxlvejNxP+8XgzDej/hMoqBSTofNIwFhhDPQsIDrhgFMTWEUMXNrpiOiSIUTJQlE4KzePIyadeqjuHX55VGPY+jiI7QMTpFDrpADXSFmqiFKHpEz+gVvVlP1ov1bn3MSwtW3nOI/sD6/AG1wqAx</latexit><latexit sha1_base64="0MwHbMFXJm4JSnoLykrxYnjWFQI=">AAACF3icbVDLSsNAFJ3UV62vqks3g0VwISUpgl0W3LisYh/Q1DCZTtuhk0mYuVFKyF+48VfcuFDEre78G6dpFtp6YIbDOfdy7z1+JLgG2/62Ciura+sbxc3S1vbO7l55/6Ctw1hR1qKhCFXXJ5oJLlkLOAjWjRQjgS9Yx59czvzOPVOah/IWphHrB2Qk+ZBTAkbyytUHLxFnLh2EkH2py6UbEBj7fnKT3iUTz8Eu8IBpPPFqqVeu2FU7A14mTk4qKEfTK3+5g5DGAZNABdG659gR9BOigFPB0pIbaxYROiEj1jNUEjOpn2R3pfjEKAM8DJV5EnCm/u5ISKD1NPBN5WxlvejNxP+8XgzDej/hMoqBSTofNIwFhhDPQsIDrhgFMTWEUMXNrpiOiSIUTJQlE4KzePIyadeqjuHX55VGPY+jiI7QMTpFDrpADXSFmqiFKHpEz+gVvVlP1ov1bn3MSwtW3nOI/sD6/AG1wqAx</latexit><latexit sha1_base64="0MwHbMFXJm4JSnoLykrxYnjWFQI=">AAACF3icbVDLSsNAFJ3UV62vqks3g0VwISUpgl0W3LisYh/Q1DCZTtuhk0mYuVFKyF+48VfcuFDEre78G6dpFtp6YIbDOfdy7z1+JLgG2/62Ciura+sbxc3S1vbO7l55/6Ctw1hR1qKhCFXXJ5oJLlkLOAjWjRQjgS9Yx59czvzOPVOah/IWphHrB2Qk+ZBTAkbyytUHLxFnLh2EkH2py6UbEBj7fnKT3iUTz8Eu8IBpPPFqqVeu2FU7A14mTk4qKEfTK3+5g5DGAZNABdG659gR9BOigFPB0pIbaxYROiEj1jNUEjOpn2R3pfjEKAM8DJV5EnCm/u5ISKD1NPBN5WxlvejNxP+8XgzDej/hMoqBSTofNIwFhhDPQsIDrhgFMTWEUMXNrpiOiSIUTJQlE4KzePIyadeqjuHX55VGPY+jiI7QMTpFDrpADXSFmqiFKHpEz+gVvVlP1ov1bn3MSwtW3nOI/sD6/AG1wqAx</latexit>

hl 2 Rdl⇥(Ml⇥Nl)
<latexit sha1_base64="PWw/KwUZhsm6xx+RyDOHP7sf3Jk=">AAACH3icbVDLSsNAFJ3UV62vqEs3g0Wom5KIaJcFN26UKvYBTSyTyaQdOpmEmYlQQv7Ejb/ixoUi4q5/46TNQlsvDJx7zrncuceLGZXKsqZGaWV1bX2jvFnZ2t7Z3TP3DzoySgQmbRyxSPQ8JAmjnLQVVYz0YkFQ6DHS9cZXud59IkLSiD+oSUzcEA05DShGSlMD82I0SFkGHcqhEyI18rz0PntM/Zx1FA2JrN3MHbMG3ubNaTYwq1bdmhVcBnYBqqCo1sD8dvwIJyHhCjMkZd+2YuWmSCiKGckqTiJJjPAYDUlfQ470Mjed3ZfBE834MIiEflzBGft7IkWhlJPQ0878Brmo5eR/Wj9RQcNNKY8TRTieLwoSBlUE87CgTwXBik00QFhQ/VeIR0ggrHSkFR2CvXjyMuic1W2N786rzUYRRxkcgWNQAza4BE1wDVqgDTB4Bq/gHXwYL8ab8Wl8za0lo5g5BH/KmP4AJUWjmg==</latexit><latexit sha1_base64="PWw/KwUZhsm6xx+RyDOHP7sf3Jk=">AAACH3icbVDLSsNAFJ3UV62vqEs3g0Wom5KIaJcFN26UKvYBTSyTyaQdOpmEmYlQQv7Ejb/ixoUi4q5/46TNQlsvDJx7zrncuceLGZXKsqZGaWV1bX2jvFnZ2t7Z3TP3DzoySgQmbRyxSPQ8JAmjnLQVVYz0YkFQ6DHS9cZXud59IkLSiD+oSUzcEA05DShGSlMD82I0SFkGHcqhEyI18rz0PntM/Zx1FA2JrN3MHbMG3ubNaTYwq1bdmhVcBnYBqqCo1sD8dvwIJyHhCjMkZd+2YuWmSCiKGckqTiJJjPAYDUlfQ470Mjed3ZfBE834MIiEflzBGft7IkWhlJPQ0878Brmo5eR/Wj9RQcNNKY8TRTieLwoSBlUE87CgTwXBik00QFhQ/VeIR0ggrHSkFR2CvXjyMuic1W2N786rzUYRRxkcgWNQAza4BE1wDVqgDTB4Bq/gHXwYL8ab8Wl8za0lo5g5BH/KmP4AJUWjmg==</latexit><latexit sha1_base64="PWw/KwUZhsm6xx+RyDOHP7sf3Jk=">AAACH3icbVDLSsNAFJ3UV62vqEs3g0Wom5KIaJcFN26UKvYBTSyTyaQdOpmEmYlQQv7Ejb/ixoUi4q5/46TNQlsvDJx7zrncuceLGZXKsqZGaWV1bX2jvFnZ2t7Z3TP3DzoySgQmbRyxSPQ8JAmjnLQVVYz0YkFQ6DHS9cZXud59IkLSiD+oSUzcEA05DShGSlMD82I0SFkGHcqhEyI18rz0PntM/Zx1FA2JrN3MHbMG3ubNaTYwq1bdmhVcBnYBqqCo1sD8dvwIJyHhCjMkZd+2YuWmSCiKGckqTiJJjPAYDUlfQ470Mjed3ZfBE834MIiEflzBGft7IkWhlJPQ0878Brmo5eR/Wj9RQcNNKY8TRTieLwoSBlUE87CgTwXBik00QFhQ/VeIR0ggrHSkFR2CvXjyMuic1W2N786rzUYRRxkcgWNQAza4BE1wDVqgDTB4Bq/gHXwYL8ab8Wl8za0lo5g5BH/KmP4AJUWjmg==</latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="FsV2JocG4YNj6sX1dVNJ8CqipbM=">AAACFHicbVBNS8NAEJ3Ur1qrRq9eFotQLyXxoB4FL16UKvYDmlg22227dLMJuxuhhPwTL/4VLx4UEW/+GzdpD9r6YOHNezPMzgtizpR2nG+rtLK6tr5R3qxsVbd3du29altFiSS0RSIeyW6AFeVM0JZmmtNuLCkOA047weQy9zuPVCoWiXs9jakf4pFgQ0awNlLfPh33U54hjwnkhViPgyC9yx7SQa56moVU1a9nHUWBbvLiOOvbNafhFEDLxJ2TGszR7Ntf3iAiSUiFJhwr1XOdWPsplpoRTrOKlygaYzLBI9ozVGCzzE+L+zJ0ZJQBGkbSPKFRof6eSHGo1DQMTGd+g1r0cvE/r5fo4bmfMhEnmgoyWzRMONIRysNCAyYp0XxqCCaSmb8iMsYSE20irZgQ3MWTl0n7pOEafutAGQ7gEOrgwhlcwBU0oQUEnuAF3uDderZerY9ZXCVrnts+/IH1+QMkPKIa</latexit><latexit sha1_base64="FsV2JocG4YNj6sX1dVNJ8CqipbM=">AAACFHicbVBNS8NAEJ3Ur1qrRq9eFotQLyXxoB4FL16UKvYDmlg22227dLMJuxuhhPwTL/4VLx4UEW/+GzdpD9r6YOHNezPMzgtizpR2nG+rtLK6tr5R3qxsVbd3du29altFiSS0RSIeyW6AFeVM0JZmmtNuLCkOA047weQy9zuPVCoWiXs9jakf4pFgQ0awNlLfPh33U54hjwnkhViPgyC9yx7SQa56moVU1a9nHUWBbvLiOOvbNafhFEDLxJ2TGszR7Ntf3iAiSUiFJhwr1XOdWPsplpoRTrOKlygaYzLBI9ozVGCzzE+L+zJ0ZJQBGkbSPKFRof6eSHGo1DQMTGd+g1r0cvE/r5fo4bmfMhEnmgoyWzRMONIRysNCAyYp0XxqCCaSmb8iMsYSE20irZgQ3MWTl0n7pOEafutAGQ7gEOrgwhlcwBU0oQUEnuAF3uDderZerY9ZXCVrnts+/IH1+QMkPKIa</latexit><latexit sha1_base64="0gT9YbkNlQBnpWk20dDJ7p55Ck8=">AAACH3icbVC7TsMwFHV4lvIKMLJYVEhlqRIG6FiJhQVUEH1ITYgcx22tOk5kO0hVlD9h4VdYGEAIsfVvcNIM0HIlS+eec66u7/FjRqWyrJmxsrq2vrFZ2apu7+zu7ZsHh10ZJQKTDo5YJPo+koRRTjqKKkb6sSAo9Bnp+ZOrXO89ESFpxB/UNCZuiEacDilGSlOeeTH2UpZBh3LohEiNfT+9zx7TIGcdRUMi6zdzR9HA27w5yzyzZjWsouAysEtQA2W1PfPbCSKchIQrzJCUA9uKlZsioShmJKs6iSQxwhM0IgMNOdLL3LS4L4OnmgngMBL6cQUL9vdEikIpp6GvnfkNclHLyf+0QaKGTTelPE4U4Xi+aJgwqCKYhwUDKghWbKoBwoLqv0I8RgJhpSOt6hDsxZOXQfe8YWt8Z9VazTKOCjgGJ6AObHAJWuAatEEHYPAMXsE7+DBejDfj0/iaW1eMcuYI/Clj9gMkBaOW</latexit><latexit sha1_base64="PWw/KwUZhsm6xx+RyDOHP7sf3Jk=">AAACH3icbVDLSsNAFJ3UV62vqEs3g0Wom5KIaJcFN26UKvYBTSyTyaQdOpmEmYlQQv7Ejb/ixoUi4q5/46TNQlsvDJx7zrncuceLGZXKsqZGaWV1bX2jvFnZ2t7Z3TP3DzoySgQmbRyxSPQ8JAmjnLQVVYz0YkFQ6DHS9cZXud59IkLSiD+oSUzcEA05DShGSlMD82I0SFkGHcqhEyI18rz0PntM/Zx1FA2JrN3MHbMG3ubNaTYwq1bdmhVcBnYBqqCo1sD8dvwIJyHhCjMkZd+2YuWmSCiKGckqTiJJjPAYDUlfQ470Mjed3ZfBE834MIiEflzBGft7IkWhlJPQ0878Brmo5eR/Wj9RQcNNKY8TRTieLwoSBlUE87CgTwXBik00QFhQ/VeIR0ggrHSkFR2CvXjyMuic1W2N786rzUYRRxkcgWNQAza4BE1wDVqgDTB4Bq/gHXwYL8ab8Wl8za0lo5g5BH/KmP4AJUWjmg==</latexit><latexit sha1_base64="PWw/KwUZhsm6xx+RyDOHP7sf3Jk=">AAACH3icbVDLSsNAFJ3UV62vqEs3g0Wom5KIaJcFN26UKvYBTSyTyaQdOpmEmYlQQv7Ejb/ixoUi4q5/46TNQlsvDJx7zrncuceLGZXKsqZGaWV1bX2jvFnZ2t7Z3TP3DzoySgQmbRyxSPQ8JAmjnLQVVYz0YkFQ6DHS9cZXud59IkLSiD+oSUzcEA05DShGSlMD82I0SFkGHcqhEyI18rz0PntM/Zx1FA2JrN3MHbMG3ubNaTYwq1bdmhVcBnYBqqCo1sD8dvwIJyHhCjMkZd+2YuWmSCiKGckqTiJJjPAYDUlfQ470Mjed3ZfBE834MIiEflzBGft7IkWhlJPQ0878Brmo5eR/Wj9RQcNNKY8TRTieLwoSBlUE87CgTwXBik00QFhQ/VeIR0ggrHSkFR2CvXjyMuic1W2N786rzUYRRxkcgWNQAza4BE1wDVqgDTB4Bq/gHXwYL8ab8Wl8za0lo5g5BH/KmP4AJUWjmg==</latexit><latexit sha1_base64="PWw/KwUZhsm6xx+RyDOHP7sf3Jk=">AAACH3icbVDLSsNAFJ3UV62vqEs3g0Wom5KIaJcFN26UKvYBTSyTyaQdOpmEmYlQQv7Ejb/ixoUi4q5/46TNQlsvDJx7zrncuceLGZXKsqZGaWV1bX2jvFnZ2t7Z3TP3DzoySgQmbRyxSPQ8JAmjnLQVVYz0YkFQ6DHS9cZXud59IkLSiD+oSUzcEA05DShGSlMD82I0SFkGHcqhEyI18rz0PntM/Zx1FA2JrN3MHbMG3ubNaTYwq1bdmhVcBnYBqqCo1sD8dvwIJyHhCjMkZd+2YuWmSCiKGckqTiJJjPAYDUlfQ470Mjed3ZfBE834MIiEflzBGft7IkWhlJPQ0878Brmo5eR/Wj9RQcNNKY8TRTieLwoSBlUE87CgTwXBik00QFhQ/VeIR0ggrHSkFR2CvXjyMuic1W2N786rzUYRRxkcgWNQAza4BE1wDVqgDTB4Bq/gHXwYL8ab8Wl8za0lo5g5BH/KmP4AJUWjmg==</latexit><latexit sha1_base64="PWw/KwUZhsm6xx+RyDOHP7sf3Jk=">AAACH3icbVDLSsNAFJ3UV62vqEs3g0Wom5KIaJcFN26UKvYBTSyTyaQdOpmEmYlQQv7Ejb/ixoUi4q5/46TNQlsvDJx7zrncuceLGZXKsqZGaWV1bX2jvFnZ2t7Z3TP3DzoySgQmbRyxSPQ8JAmjnLQVVYz0YkFQ6DHS9cZXud59IkLSiD+oSUzcEA05DShGSlMD82I0SFkGHcqhEyI18rz0PntM/Zx1FA2JrN3MHbMG3ubNaTYwq1bdmhVcBnYBqqCo1sD8dvwIJyHhCjMkZd+2YuWmSCiKGckqTiJJjPAYDUlfQ470Mjed3ZfBE834MIiEflzBGft7IkWhlJPQ0878Brmo5eR/Wj9RQcNNKY8TRTieLwoSBlUE87CgTwXBik00QFhQ/VeIR0ggrHSkFR2CvXjyMuic1W2N786rzUYRRxkcgWNQAza4BE1wDVqgDTB4Bq/gHXwYL8ab8Wl8za0lo5g5BH/KmP4AJUWjmg==</latexit><latexit sha1_base64="PWw/KwUZhsm6xx+RyDOHP7sf3Jk=">AAACH3icbVDLSsNAFJ3UV62vqEs3g0Wom5KIaJcFN26UKvYBTSyTyaQdOpmEmYlQQv7Ejb/ixoUi4q5/46TNQlsvDJx7zrncuceLGZXKsqZGaWV1bX2jvFnZ2t7Z3TP3DzoySgQmbRyxSPQ8JAmjnLQVVYz0YkFQ6DHS9cZXud59IkLSiD+oSUzcEA05DShGSlMD82I0SFkGHcqhEyI18rz0PntM/Zx1FA2JrN3MHbMG3ubNaTYwq1bdmhVcBnYBqqCo1sD8dvwIJyHhCjMkZd+2YuWmSCiKGckqTiJJjPAYDUlfQ470Mjed3ZfBE834MIiEflzBGft7IkWhlJPQ0878Brmo5eR/Wj9RQcNNKY8TRTieLwoSBlUE87CgTwXBik00QFhQ/VeIR0ggrHSkFR2CvXjyMuic1W2N786rzUYRRxkcgWNQAza4BE1wDVqgDTB4Bq/gHXwYL8ab8Wl8za0lo5g5BH/KmP4AJUWjmg==</latexit><latexit sha1_base64="PWw/KwUZhsm6xx+RyDOHP7sf3Jk=">AAACH3icbVDLSsNAFJ3UV62vqEs3g0Wom5KIaJcFN26UKvYBTSyTyaQdOpmEmYlQQv7Ejb/ixoUi4q5/46TNQlsvDJx7zrncuceLGZXKsqZGaWV1bX2jvFnZ2t7Z3TP3DzoySgQmbRyxSPQ8JAmjnLQVVYz0YkFQ6DHS9cZXud59IkLSiD+oSUzcEA05DShGSlMD82I0SFkGHcqhEyI18rz0PntM/Zx1FA2JrN3MHbMG3ubNaTYwq1bdmhVcBnYBqqCo1sD8dvwIJyHhCjMkZd+2YuWmSCiKGckqTiJJjPAYDUlfQ470Mjed3ZfBE834MIiEflzBGft7IkWhlJPQ0878Brmo5eR/Wj9RQcNNKY8TRTieLwoSBlUE87CgTwXBik00QFhQ/VeIR0ggrHSkFR2CvXjyMuic1W2N786rzUYRRxkcgWNQAza4BE1wDVqgDTB4Bq/gHXwYL8ab8Wl8za0lo5g5BH/KmP4AJUWjmg==</latexit>

Ml = Ml�1 � k1 + 1
<latexit sha1_base64="vpiVOdOedsAPIlpV1MJF0RAjFvw=">AAACAHicbZDLSsNAFIZPvNZ6i7pw4WawCIK0JCLYjVBw46ZQwV6gDWEynbRDJ5MwMxFK6MZXceNCEbc+hjvfxmmbhbb+MPDxn3M4c/4g4Uxpx/m2VlbX1jc2C1vF7Z3dvX374LCl4lQS2iQxj2UnwIpyJmhTM81pJ5EURwGn7WB0O623H6lULBYPepxQL8IDwUJGsDaWbx/XfY5uUN3PeNmdoDIa+S66QK5vl5yKMxNaBjeHEuRq+PZXrx+TNKJCE46V6rpOor0MS80Ip5NiL1U0wWSEB7RrUOCIKi+bHTBBZ8bpozCW5gmNZu7viQxHSo2jwHRGWA/VYm1q/lfrpjqsehkTSaqpIPNFYcqRjtE0DdRnkhLNxwYwkcz8FZEhlphok1nRhOAunrwMrcuKa/j+qlSr5nEU4ARO4RxcuIYa3EEDmkBgAs/wCm/Wk/VivVsf89YVK585gj+yPn8AP32Tjg==</latexit><latexit sha1_base64="vpiVOdOedsAPIlpV1MJF0RAjFvw=">AAACAHicbZDLSsNAFIZPvNZ6i7pw4WawCIK0JCLYjVBw46ZQwV6gDWEynbRDJ5MwMxFK6MZXceNCEbc+hjvfxmmbhbb+MPDxn3M4c/4g4Uxpx/m2VlbX1jc2C1vF7Z3dvX374LCl4lQS2iQxj2UnwIpyJmhTM81pJ5EURwGn7WB0O623H6lULBYPepxQL8IDwUJGsDaWbx/XfY5uUN3PeNmdoDIa+S66QK5vl5yKMxNaBjeHEuRq+PZXrx+TNKJCE46V6rpOor0MS80Ip5NiL1U0wWSEB7RrUOCIKi+bHTBBZ8bpozCW5gmNZu7viQxHSo2jwHRGWA/VYm1q/lfrpjqsehkTSaqpIPNFYcqRjtE0DdRnkhLNxwYwkcz8FZEhlphok1nRhOAunrwMrcuKa/j+qlSr5nEU4ARO4RxcuIYa3EEDmkBgAs/wCm/Wk/VivVsf89YVK585gj+yPn8AP32Tjg==</latexit><latexit sha1_base64="vpiVOdOedsAPIlpV1MJF0RAjFvw=">AAACAHicbZDLSsNAFIZPvNZ6i7pw4WawCIK0JCLYjVBw46ZQwV6gDWEynbRDJ5MwMxFK6MZXceNCEbc+hjvfxmmbhbb+MPDxn3M4c/4g4Uxpx/m2VlbX1jc2C1vF7Z3dvX374LCl4lQS2iQxj2UnwIpyJmhTM81pJ5EURwGn7WB0O623H6lULBYPepxQL8IDwUJGsDaWbx/XfY5uUN3PeNmdoDIa+S66QK5vl5yKMxNaBjeHEuRq+PZXrx+TNKJCE46V6rpOor0MS80Ip5NiL1U0wWSEB7RrUOCIKi+bHTBBZ8bpozCW5gmNZu7viQxHSo2jwHRGWA/VYm1q/lfrpjqsehkTSaqpIPNFYcqRjtE0DdRnkhLNxwYwkcz8FZEhlphok1nRhOAunrwMrcuKa/j+qlSr5nEU4ARO4RxcuIYa3EEDmkBgAs/wCm/Wk/VivVsf89YVK585gj+yPn8AP32Tjg==</latexit><latexit sha1_base64="vpiVOdOedsAPIlpV1MJF0RAjFvw=">AAACAHicbZDLSsNAFIZPvNZ6i7pw4WawCIK0JCLYjVBw46ZQwV6gDWEynbRDJ5MwMxFK6MZXceNCEbc+hjvfxmmbhbb+MPDxn3M4c/4g4Uxpx/m2VlbX1jc2C1vF7Z3dvX374LCl4lQS2iQxj2UnwIpyJmhTM81pJ5EURwGn7WB0O623H6lULBYPepxQL8IDwUJGsDaWbx/XfY5uUN3PeNmdoDIa+S66QK5vl5yKMxNaBjeHEuRq+PZXrx+TNKJCE46V6rpOor0MS80Ip5NiL1U0wWSEB7RrUOCIKi+bHTBBZ8bpozCW5gmNZu7viQxHSo2jwHRGWA/VYm1q/lfrpjqsehkTSaqpIPNFYcqRjtE0DdRnkhLNxwYwkcz8FZEhlphok1nRhOAunrwMrcuKa/j+qlSr5nEU4ARO4RxcuIYa3EEDmkBgAs/wCm/Wk/VivVsf89YVK585gj+yPn8AP32Tjg==</latexit>

Nl = Nl�1 � k2 + 1
<latexit sha1_base64="9Y7XPCRtuplakBwOCEmUBcbitvk=">AAACAHicbZDLSsNAFIZP6q3WW9SFCzeDRRCkJSmC3QgFN65KBXuBNoTJdNIOnVyYmQglZOOruHGhiFsfw51v47TNQlt/GPj4zzmcOb8XcyaVZX0bhbX1jc2t4nZpZ3dv/8A8POrIKBGEtknEI9HzsKSchbStmOK0FwuKA4/Trje5ndW7j1RIFoUPahpTJ8CjkPmMYKUt1zxpuhzdoKab8oqdoQqauDV0iWzXLFtVay60CnYOZcjVcs2vwTAiSUBDRTiWsm9bsXJSLBQjnGalQSJpjMkEj2hfY4gDKp10fkCGzrUzRH4k9AsVmru/J1IcSDkNPN0ZYDWWy7WZ+V+tnyi/7qQsjBNFQ7JY5CccqQjN0kBDJihRfKoBE8H0XxEZY4GJ0pmVdAj28smr0KlVbc33V+VGPY+jCKdwBhdgwzU04A5a0AYCGTzDK7wZT8aL8W58LFoLRj5zDH9kfP4ARDOTkQ==</latexit><latexit sha1_base64="9Y7XPCRtuplakBwOCEmUBcbitvk=">AAACAHicbZDLSsNAFIZP6q3WW9SFCzeDRRCkJSmC3QgFN65KBXuBNoTJdNIOnVyYmQglZOOruHGhiFsfw51v47TNQlt/GPj4zzmcOb8XcyaVZX0bhbX1jc2t4nZpZ3dv/8A8POrIKBGEtknEI9HzsKSchbStmOK0FwuKA4/Trje5ndW7j1RIFoUPahpTJ8CjkPmMYKUt1zxpuhzdoKab8oqdoQqauDV0iWzXLFtVay60CnYOZcjVcs2vwTAiSUBDRTiWsm9bsXJSLBQjnGalQSJpjMkEj2hfY4gDKp10fkCGzrUzRH4k9AsVmru/J1IcSDkNPN0ZYDWWy7WZ+V+tnyi/7qQsjBNFQ7JY5CccqQjN0kBDJihRfKoBE8H0XxEZY4GJ0pmVdAj28smr0KlVbc33V+VGPY+jCKdwBhdgwzU04A5a0AYCGTzDK7wZT8aL8W58LFoLRj5zDH9kfP4ARDOTkQ==</latexit><latexit sha1_base64="9Y7XPCRtuplakBwOCEmUBcbitvk=">AAACAHicbZDLSsNAFIZP6q3WW9SFCzeDRRCkJSmC3QgFN65KBXuBNoTJdNIOnVyYmQglZOOruHGhiFsfw51v47TNQlt/GPj4zzmcOb8XcyaVZX0bhbX1jc2t4nZpZ3dv/8A8POrIKBGEtknEI9HzsKSchbStmOK0FwuKA4/Trje5ndW7j1RIFoUPahpTJ8CjkPmMYKUt1zxpuhzdoKab8oqdoQqauDV0iWzXLFtVay60CnYOZcjVcs2vwTAiSUBDRTiWsm9bsXJSLBQjnGalQSJpjMkEj2hfY4gDKp10fkCGzrUzRH4k9AsVmru/J1IcSDkNPN0ZYDWWy7WZ+V+tnyi/7qQsjBNFQ7JY5CccqQjN0kBDJihRfKoBE8H0XxEZY4GJ0pmVdAj28smr0KlVbc33V+VGPY+jCKdwBhdgwzU04A5a0AYCGTzDK7wZT8aL8W58LFoLRj5zDH9kfP4ARDOTkQ==</latexit><latexit sha1_base64="9Y7XPCRtuplakBwOCEmUBcbitvk=">AAACAHicbZDLSsNAFIZP6q3WW9SFCzeDRRCkJSmC3QgFN65KBXuBNoTJdNIOnVyYmQglZOOruHGhiFsfw51v47TNQlt/GPj4zzmcOb8XcyaVZX0bhbX1jc2t4nZpZ3dv/8A8POrIKBGEtknEI9HzsKSchbStmOK0FwuKA4/Trje5ndW7j1RIFoUPahpTJ8CjkPmMYKUt1zxpuhzdoKab8oqdoQqauDV0iWzXLFtVay60CnYOZcjVcs2vwTAiSUBDRTiWsm9bsXJSLBQjnGalQSJpjMkEj2hfY4gDKp10fkCGzrUzRH4k9AsVmru/J1IcSDkNPN0ZYDWWy7WZ+V+tnyi/7qQsjBNFQ7JY5CccqQjN0kBDJihRfKoBE8H0XxEZY4GJ0pmVdAj28smr0KlVbc33V+VGPY+jCKdwBhdgwzU04A5a0AYCGTzDK7wZT8aL8W58LFoLRj5zDH9kfP4ARDOTkQ==</latexit>



Computer
Vision Same padding

• Alternatively you can pad the image on the 
boundaries so that channels will have the same 
size across layers

• Where you pad depends on where the center of 
the kernel is. 

• Commonly you would use centered kernels –
padding around the image as shown on the left

• The value you pad is a parameter, 0 is used often 
but you can use symmetric padding for certain 
applications

hl�1 2 Rdl�1⇥(Ml�1⇥Nl�1)
<latexit sha1_base64="ExOqrT+MvPLMxN87hWSsFgwZ0NY=">AAACJ3icbVDLSsNAFJ3UV62vqEs3g0WoC0sigl1JwY0bpYp9QFPLZDJph04mYWYilJC/ceOvuBFURJf+idOkgrZeGDj3nHO5c48bMSqVZX0ahYXFpeWV4mppbX1jc8vc3mnJMBaYNHHIQtFxkSSMctJUVDHSiQRBgctI2x2dT/T2PRGShvxWjSPSC9CAU59ipDTVN8+G/YQd2Sl0KIdOgNTQdZOb9C7xct5RNCCycvnjylp4lbeHad8sW1UrKzgP7Ckog2k1+uaL44U4DghXmCEpu7YVqV6ChKKYkbTkxJJECI/QgHQ15Eiv6yXZnSk80IwH/VDoxxXM2N8TCQqkHAeudk4ukbPahPxP68bKr/USyqNYEY7zRX7MoArhJDToUUGwYmMNEBZU/xXiIRIIKx1tSYdgz548D1rHVVvj65NyvTaNowj2wD6oABucgjq4AA3QBBg8gCfwCt6MR+PZeDc+cmvBmM7sgj9lfH0DEMulYg==</latexit><latexit sha1_base64="ExOqrT+MvPLMxN87hWSsFgwZ0NY=">AAACJ3icbVDLSsNAFJ3UV62vqEs3g0WoC0sigl1JwY0bpYp9QFPLZDJph04mYWYilJC/ceOvuBFURJf+idOkgrZeGDj3nHO5c48bMSqVZX0ahYXFpeWV4mppbX1jc8vc3mnJMBaYNHHIQtFxkSSMctJUVDHSiQRBgctI2x2dT/T2PRGShvxWjSPSC9CAU59ipDTVN8+G/YQd2Sl0KIdOgNTQdZOb9C7xct5RNCCycvnjylp4lbeHad8sW1UrKzgP7Ckog2k1+uaL44U4DghXmCEpu7YVqV6ChKKYkbTkxJJECI/QgHQ15Eiv6yXZnSk80IwH/VDoxxXM2N8TCQqkHAeudk4ukbPahPxP68bKr/USyqNYEY7zRX7MoArhJDToUUGwYmMNEBZU/xXiIRIIKx1tSYdgz548D1rHVVvj65NyvTaNowj2wD6oABucgjq4AA3QBBg8gCfwCt6MR+PZeDc+cmvBmM7sgj9lfH0DEMulYg==</latexit><latexit sha1_base64="ExOqrT+MvPLMxN87hWSsFgwZ0NY=">AAACJ3icbVDLSsNAFJ3UV62vqEs3g0WoC0sigl1JwY0bpYp9QFPLZDJph04mYWYilJC/ceOvuBFURJf+idOkgrZeGDj3nHO5c48bMSqVZX0ahYXFpeWV4mppbX1jc8vc3mnJMBaYNHHIQtFxkSSMctJUVDHSiQRBgctI2x2dT/T2PRGShvxWjSPSC9CAU59ipDTVN8+G/YQd2Sl0KIdOgNTQdZOb9C7xct5RNCCycvnjylp4lbeHad8sW1UrKzgP7Ckog2k1+uaL44U4DghXmCEpu7YVqV6ChKKYkbTkxJJECI/QgHQ15Eiv6yXZnSk80IwH/VDoxxXM2N8TCQqkHAeudk4ukbPahPxP68bKr/USyqNYEY7zRX7MoArhJDToUUGwYmMNEBZU/xXiIRIIKx1tSYdgz548D1rHVVvj65NyvTaNowj2wD6oABucgjq4AA3QBBg8gCfwCt6MR+PZeDc+cmvBmM7sgj9lfH0DEMulYg==</latexit><latexit sha1_base64="ExOqrT+MvPLMxN87hWSsFgwZ0NY=">AAACJ3icbVDLSsNAFJ3UV62vqEs3g0WoC0sigl1JwY0bpYp9QFPLZDJph04mYWYilJC/ceOvuBFURJf+idOkgrZeGDj3nHO5c48bMSqVZX0ahYXFpeWV4mppbX1jc8vc3mnJMBaYNHHIQtFxkSSMctJUVDHSiQRBgctI2x2dT/T2PRGShvxWjSPSC9CAU59ipDTVN8+G/YQd2Sl0KIdOgNTQdZOb9C7xct5RNCCycvnjylp4lbeHad8sW1UrKzgP7Ckog2k1+uaL44U4DghXmCEpu7YVqV6ChKKYkbTkxJJECI/QgHQ15Eiv6yXZnSk80IwH/VDoxxXM2N8TCQqkHAeudk4ukbPahPxP68bKr/USyqNYEY7zRX7MoArhJDToUUGwYmMNEBZU/xXiIRIIKx1tSYdgz548D1rHVVvj65NyvTaNowj2wD6oABucgjq4AA3QBBg8gCfwCt6MR+PZeDc+cmvBmM7sgj9lfH0DEMulYg==</latexit>

hl�1 2 Rdl�1⇥((Ml�1+k1�1)⇥(Nl�1+k2�2))
<latexit sha1_base64="ihBIXuanvCe/fd+uCbK61DD4Jn4="></latexit><latexit sha1_base64="ihBIXuanvCe/fd+uCbK61DD4Jn4="></latexit><latexit sha1_base64="ihBIXuanvCe/fd+uCbK61DD4Jn4="></latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="H12Bq0MU8ZYQowpDVNpVhEfIFok=">AAACLHicbZBPS8MwGMbf+nfOqdWrl+AQNmTS7qJHwYsXxxS3CessaZa5sDQtSSqM0m/lxa/hTS8eFPFjmK1DdPOFwJPfm5c3zxPEnCntOC/W0vLK6tp6YaO4Wdra3rF3S20VJZLQFol4JG8DrChngrY005zexpLiMOC0E4zOJ/3OA5WKReJGj2PaC/G9YANGsDbItxtDP+U1N0MeE8gLsR4GQXqd3aX9nHuahVRVKpf59WjkuzW3inKMKo0fXK/Vq9XMt8vOsTMttCjcmSjDrJq+/ez1I5KEVGjCsVJd14l1L8VSM8JpVvQSRWNMRviedo0U2KztpVPfGTo0pI8GkTRHaDSlvydSHCo1DgPzcuJMzfcm8L9eN9GD017KRJxoKki+aJBwpCM0CRH1maRE87ERmEhm/orIEEtMtIm6aEJw5y0vinb92DX6yoEC7MMBVMCFEziDC2hCCwg8wiu8w4f1ZL1Zn3lcS9Ystz34U9bXNykdqBY=</latexit><latexit sha1_base64="H12Bq0MU8ZYQowpDVNpVhEfIFok=">AAACLHicbZBPS8MwGMbf+nfOqdWrl+AQNmTS7qJHwYsXxxS3CessaZa5sDQtSSqM0m/lxa/hTS8eFPFjmK1DdPOFwJPfm5c3zxPEnCntOC/W0vLK6tp6YaO4Wdra3rF3S20VJZLQFol4JG8DrChngrY005zexpLiMOC0E4zOJ/3OA5WKReJGj2PaC/G9YANGsDbItxtDP+U1N0MeE8gLsR4GQXqd3aX9nHuahVRVKpf59WjkuzW3inKMKo0fXK/Vq9XMt8vOsTMttCjcmSjDrJq+/ez1I5KEVGjCsVJd14l1L8VSM8JpVvQSRWNMRviedo0U2KztpVPfGTo0pI8GkTRHaDSlvydSHCo1DgPzcuJMzfcm8L9eN9GD017KRJxoKki+aJBwpCM0CRH1maRE87ERmEhm/orIEEtMtIm6aEJw5y0vinb92DX6yoEC7MMBVMCFEziDC2hCCwg8wiu8w4f1ZL1Zn3lcS9Ystz34U9bXNykdqBY=</latexit><latexit sha1_base64="HYt0hxx8qsAO+Q0DVIrVsp5QBsE="></latexit><latexit sha1_base64="ihBIXuanvCe/fd+uCbK61DD4Jn4="></latexit><latexit sha1_base64="ihBIXuanvCe/fd+uCbK61DD4Jn4="></latexit><latexit sha1_base64="ihBIXuanvCe/fd+uCbK61DD4Jn4="></latexit><latexit sha1_base64="ihBIXuanvCe/fd+uCbK61DD4Jn4="></latexit><latexit sha1_base64="ihBIXuanvCe/fd+uCbK61DD4Jn4="></latexit><latexit sha1_base64="ihBIXuanvCe/fd+uCbK61DD4Jn4="></latexit>

hl 2 Rdl⇥(Ml⇥Nl)
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Computer
Vision Question: Number of parameters

• Classification network with 16 possible output classes
• How many parameters are in the following fully connected 

networks, where each arrow is a fully connected link

• How many parameters and how many hidden neurons in 
each layer in the following convolutional neural network, 
where double arrows are convolutional links with 5x5 kernels 
and “valid” convolutions, and arrows are fully connected links

x 2 R64⇥64 ! 256 ! 128 ! 64 ! 16
<latexit sha1_base64="oXwHFrBirNLlLQX3RF9mom2Ra44="></latexit><latexit sha1_base64="oXwHFrBirNLlLQX3RF9mom2Ra44="></latexit><latexit sha1_base64="oXwHFrBirNLlLQX3RF9mom2Ra44="></latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="aDffebLy94WdbfJG1vgHc7J+qjk=">AAACOnicbZA9T8MwEIYvfFO+CiuLBUJiqpKqhI5ILIyAaIvUlMpx3dbCcSL7AlRR/hwLOxv/gIUBhJhxSwdCOcnSe+9ry3dPmEhh0HVfnLn5hcWl5ZXV0tr6xuZWeXu9aeJUM95gsYz1dUgNl0LxBgqU/DrRnEah5K3w9nSct+64NiJWVzhKeCeiAyX6glG0VrccPJBAKBJEFIdhmF3mN5lfC1BE3BC/lpNAi8EQqdbxPake+YXeq9YLvV8rxn63vO9W3EmRWeFNxT5M67xbfg56MUsjrpBJakzbcxPsZFSjYJLnpSA1PKHslg5420pF7ZidbEIhJwfW6ZF+rO1RSCbu7xcZjYwZRaG9Od7W/M3G5n9ZO8V+vZMJlaTIFfv5qJ9KgjEZIyU9oTlDObKCMi3srIQNqaYMLfiSheD9XXlWNKsVz+oLF1ZgF/bgEDw4hhM4g3NoAINHeIV3+HCenDfn8wfXnDPltgOFcr6+AU95rvc=</latexit><latexit sha1_base64="aDffebLy94WdbfJG1vgHc7J+qjk=">AAACOnicbZA9T8MwEIYvfFO+CiuLBUJiqpKqhI5ILIyAaIvUlMpx3dbCcSL7AlRR/hwLOxv/gIUBhJhxSwdCOcnSe+9ry3dPmEhh0HVfnLn5hcWl5ZXV0tr6xuZWeXu9aeJUM95gsYz1dUgNl0LxBgqU/DrRnEah5K3w9nSct+64NiJWVzhKeCeiAyX6glG0VrccPJBAKBJEFIdhmF3mN5lfC1BE3BC/lpNAi8EQqdbxPake+YXeq9YLvV8rxn63vO9W3EmRWeFNxT5M67xbfg56MUsjrpBJakzbcxPsZFSjYJLnpSA1PKHslg5420pF7ZidbEIhJwfW6ZF+rO1RSCbu7xcZjYwZRaG9Od7W/M3G5n9ZO8V+vZMJlaTIFfv5qJ9KgjEZIyU9oTlDObKCMi3srIQNqaYMLfiSheD9XXlWNKsVz+oLF1ZgF/bgEDw4hhM4g3NoAINHeIV3+HCenDfn8wfXnDPltgOFcr6+AU95rvc=</latexit><latexit sha1_base64="mpE3iHmk3IfXykdZV6EvD8MsObc="></latexit><latexit sha1_base64="oXwHFrBirNLlLQX3RF9mom2Ra44="></latexit><latexit sha1_base64="oXwHFrBirNLlLQX3RF9mom2Ra44="></latexit><latexit sha1_base64="oXwHFrBirNLlLQX3RF9mom2Ra44="></latexit><latexit sha1_base64="oXwHFrBirNLlLQX3RF9mom2Ra44="></latexit><latexit sha1_base64="oXwHFrBirNLlLQX3RF9mom2Ra44="></latexit><latexit sha1_base64="oXwHFrBirNLlLQX3RF9mom2Ra44="></latexit>

x 2 R64⇥64 ) 16 ) 16 ) 16 ! 16
<latexit sha1_base64="bFYqOn211zIQwWpGAdyeubu5q/s="></latexit><latexit sha1_base64="bFYqOn211zIQwWpGAdyeubu5q/s="></latexit><latexit sha1_base64="bFYqOn211zIQwWpGAdyeubu5q/s="></latexit><latexit sha1_base64="bFYqOn211zIQwWpGAdyeubu5q/s="></latexit>



Computer
Vision Hierarchically aggregating local spatial 

features
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.

Extracting task specific features from the images. 
As the layers progress, more global information is encoded.



Computer
Vision

Layer 2Layer 1

Hierarchically gathering local spatial 
statistics

x derivative after Relu

y derivative after Relu
Different channels in the 2nd layer
Weighted sums of 2nd order derivatives



Computer
Vision Translation invariance is native to fully 

connected networks
• These images will most likely lead to a very 

different activations in the hidden layer 
• Rest of the network will see different 

activations
• In most vision applications, these images 

should lead to identical outputs 
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Computer
Vision Question

• What are some applications where 
these two images should lead to 

1. Identical outputs
2. Different outputs
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Computer
Vision Question

• What are some applications where 
these two images should lead to 

1. Identical outputs
• Recognition
• Detection

2. Different outputs
• Localization 
• Segmentation
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Computer
Vision Translation invariance is native to fully 

connected networks
• These images will most likely lead to a very 

different activations in the hidden layer 
• Rest of the network will see different 

activations
• In most vision applications, these images 

should lead to identical outputs 
• It is possible to teach a fully connected 

network to be invariant to translations
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Computer
Vision Question

• How can we teach a fully 
connected network to be invariant 
to translations? 
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Computer
Vision Translation invariance is native to fully 

connected networks
• These images will most likely lead to a very 

different activations in the hidden layer 
• Rest of the network will see different 

activations
• In most vision applications, these images 

should lead to identical outputs 
• It is possible to teach a fully connected 

network to be invariant to translations by 
having random translations of each image 
in your training set 

• Not the most elegant way
• Convolution operation can help – it is 

translation equivariant
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Computer
Vision Translation equivariance

• Equivariance: applying a transformation to the input yields the same result as 
applying the transformation to the output

• Convolution is linear shift invariant, so? 
f(T � x) = T � f(x)
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Computer
Vision Translation equivariance

• Equivariance: applying a transformation to the input yields the same result as 
applying the transformation to the output

• Convolution is linear shift invariant, it has translation equivariance 
f(T � x) = T � f(x)
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Vision Translation invariance

• It does not have translation invariance
• In what application do we need 

translation equivariance
translation invariance



Computer
Vision Translation invariance

• It does not have translation invariance
• In what application do we need 

translation equivariance >> segmentation, localization 
translation invariance >> recognition



Computer
Vision Convolutional layers is a great idea but

• Translation invariance would be very useful

• Dimensionality reduction requires many parameters

Et.¥¥¥¥#¥¥E¥¥¥¥¥÷'¥¥¥#¥¥÷
.

128x128 124x124

Assume we use convolution kernels
of size 5x5 and valid padding in a 
recognition system >> output channel 
size should be 1x1 (with number 
channels equal to the number of 
classes)

You would need many layers.

Or very large kernels.
There might another way to do this…

120x120 116x116 …



Computer
Vision Strides 

• In a normal convolution you 
only move one pixel in each 
direction, not skipping any 
pixels
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• In a normal convolution you 
only move one pixel in each 
direction, not skipping any 
pixels
• However, you can decide to 

skip several pixels while 
shifting your kernel >> instead 
you can skip 2 pixels



Computer
Vision Strides 

• In a normal convolution you 
only move one pixel in each 
direction, not skipping any 
pixels
• However, you can decide to 

skip several pixels while 
shifting your kernel >> instead 
you can skip 2 pixels
• You take a stride of 3 instead 

of 1
• Reduction in channel size 

increases

Channel size change with valid convolutions

Nl =

�
Nl�1 � k2

s2

⌫
+ 1
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Computer
Vision Strides 
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128x128 124x124 120x120 116x116 …

Assume we use convolution kernels
of size 5x5, valid padding with stride 2 
in a recognition system >> output 
channel size should be 1x1 (with 
number channels equal to the number 
of classes)

62x62 29x29 12x12

Nl =

�
Nl�1 � k2

s2

⌫
+ 1
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The dimension drops very quickly. The 
rate of drop will be faster if stride is 
increased. 

You lose information. Higher stride 
means higher loss of information. 
You do not gain translation invariance.

If used, it is most common to use 
stride 2 in all directions. 



Pooling layers



Computer
Vision Cheap dimensionality reduction



Computer
Vision Pooling

• Pool information in a neighborhood
• Represents the region with one 

number >> summarizes information
• Applied to each channel separately
• Max-pooling – maximum of the 

activation values
• Min-pooling – minimum of the 

activation values
• Both are non-linear operations, like 

median filtering
• Averaging pooling – linear operator
• Max-pooling is the most commonly 

used version



Computer
Vision Max pooling

• Represents the entire region with 
the neuron that achieves the 
highest activation
• Leads to partial local translation 

invariance
• 617 in the highlighted area can be 

in any of the neurons, the pooled 
value will not change
• Does not lead to complete 

translation invariance
• Often applied with strides equal 

to the size of the kernel



Computer
Vision Max pooling

• Represents the entire region with 
the neuron that achieves the 
highest activation
• Leads to partial local translation 

invariance
• 617 in the highlighted area can be 

in any of the neurons, the pooled 
value will not change
• Does not lead to complete 

translation invariance
• Often applied with strides equal 

to the size of the kernel



Computer
Vision Dimensionality reduction

• Leads to a substantial dimensionality reduction
• Even when the pooling kernel is of size 2x2, it 

can halve the image!
• As the size of the pooling kernel increase, the 

reduction increases as well
• Non-linear dimensionality reduction
• Only the most prominent activation is 

transmitted to the next layer
• More advanced pooling mechanisms exist 

CapsuleNets [Sabour, Frosst and Hinton 2017]

617 614

614 625



Computer
Vision Recognition network with pooling



Computer
Vision Network architecture for a simple object 

recognition system

Output
Number of neurons

equal number of classes

aL = WLhL�1 + bL 2 RK
<latexit sha1_base64="Ubko6DUq2BU4WeG0f6iHH7f2K6g=">AAACGnicbVDLSgMxFL3js9ZX1Z1ugkUQxDLjRhcKBTeCXVSxD2jrmEkzbWgmMyQZoQzzHW78CT/AjQtF3Ikb/8b0sdDWA4Fzz7mX3Hu8iDOlbfvbmpmdm19YzCxll1dW19ZzG5tVFcaS0AoJeSjrHlaUM0ErmmlO65GkOPA4rXm984Ffu6dSsVDc6H5EWwHuCOYzgrWR3JyD3RI6Q80A667nJ7XUlF03KR06KTpAnqmaTIxtL7lOby/dXN4u2EOgaeKMSb64/ZTeAUDZzX022yGJAyo04ViphmNHupVgqRnhNM02Y0UjTHq4QxuGChxQ1UqGp6Vozyht5IfSPKHRUP09keBAqX7gmc7BjmrSG4j/eY1Y+yethIko1lSQ0Ud+zJEO0SAn1GaSEs37hmAimdkVkS6WmGiTZtaE4EyePE2qRwXH8CuTximMkIEd2IV9cOAYinABZagAgQd4hld4sx6tF+vd+hi1zljjmS34A+vrB7nEoPU=</latexit><latexit sha1_base64="hWi28s+C/Ugqy/d5W5sm4dj51F8="></latexit><latexit sha1_base64="hWi28s+C/Ugqy/d5W5sm4dj51F8="></latexit><latexit sha1_base64="x5jKr0CMHH2WmLcudPKI4XeJFxE=">AAACGnicbVDLSsNAFJ3UV62vqEs3g0UQxJK40YVCwY1gF1XsA5oYJtNJO3QyCTMToYR8hxt/xY0LRdyJG//GSZuFth4YOPece5l7jx8zKpVlfRulhcWl5ZXyamVtfWNzy9zeacsoEZi0cMQi0fWRJIxy0lJUMdKNBUGhz0jHH13mfueBCEkjfqfGMXFDNOA0oBgpLXmmjbwGvIBOiNTQD9JOpsuhlzaO7QweQV9XDuWF7ae32f21Z1atmjUBnCd2QaqgQNMzP51+hJOQcIUZkrJnW7FyUyQUxYxkFSeRJEZ4hAakpylHIZFuOjktgwda6cMgEvpxBSfq74kUhVKOQ1935jvKWS8X//N6iQrO3JTyOFGE4+lHQcKgimCeE+xTQbBiY00QFlTvCvEQCYSVTrOiQ7BnT54n7ZOarfmNVa2fF3GUwR7YB4fABqegDq5AE7QABo/gGbyCN+PJeDHejY9pa8koZnbBHxhfPya5nw0=</latexit>

X

k2C
p(y = k) = 1

<latexit sha1_base64="NqgiMMbmNFmuyAyEURb+h4rkcCg=">AAACCnicbZC9SgNBFIXv+htj1FVLm9EgxCbs2mhhIJDGMoL5gWwIs5NJMmR2dpmZFZYlYGfjq9hYKGLrE9j5Gj6Bs0kKTTww8HHuvcy9x484U9pxvqyV1bX1jc3cVn67sLO7Z+8fNFUYS0IbJOShbPtYUc4EbWimOW1HkuLA57Tlj2tZvXVHpWKhuNVJRLsBHgo2YARrY/XsY0/FQS8de0wgL8B6RDBPa5NJVEoq4zNUQW7PLjplZyq0DO4citVa4fseAOo9+9PrhyQOqNCEY6U6rhPpboqlZoTTSd6LFY0wGeMh7RgUOKCqm05PmaBT4/TRIJTmCY2m7u+JFAdKJYFvOrNt1WItM/+rdWI9uOymTESxpoLMPhrEHOkQZbmgPpOUaJ4YwEQysysiIywx0Sa9vAnBXTx5GZrnZdfwjUnjCmbKwRGcQAlcuIAqXEMdGkDgAZ7gBV6tR+vZerPeZ60r1nzmEP7I+vgBpWqbsw==</latexit><latexit sha1_base64="yp7STbT9PpInn+lYw/8nuLhE/54=">AAACCnicbZDNSgMxFIUz9a/WqqOCGzfRItRNmXGjCwuFblxWsD/QKSWTpm1okhmSjDAO3QluXPsWblwo4tYncOdr+ARm2i609UDg49x7yb3HDxlV2nG+rMzS8srqWnY9t5Hf3Nq2d3YbKogkJnUcsEC2fKQIo4LUNdWMtEJJEPcZafqjalpv3hCpaCCudRySDkcDQfsUI22srn3oqYh3k5FHBfQ40kOMWFIdj8NiXB6dwDJ0u3bBKTkTwUVwZ1CoVPPfd/u3j7Wu/en1AhxxIjRmSKm264S6kyCpKWZknPMiRUKER2hA2gYF4kR1kskpY3hsnB7sB9I8oeHE/T2RIK5UzH3TmW6r5mup+V+tHen+eSehIow0EXj6UT9iUAcwzQX2qCRYs9gAwpKaXSEeIomwNunlTAju/MmL0DgtuYavTBoXYKosOABHoAhccAYq4BLUQB1gcA+ewAt4tR6sZ+vNep+2ZqzZzB74I+vjBzMsnN0=</latexit><latexit sha1_base64="yp7STbT9PpInn+lYw/8nuLhE/54=">AAACCnicbZDNSgMxFIUz9a/WqqOCGzfRItRNmXGjCwuFblxWsD/QKSWTpm1okhmSjDAO3QluXPsWblwo4tYncOdr+ARm2i609UDg49x7yb3HDxlV2nG+rMzS8srqWnY9t5Hf3Nq2d3YbKogkJnUcsEC2fKQIo4LUNdWMtEJJEPcZafqjalpv3hCpaCCudRySDkcDQfsUI22srn3oqYh3k5FHBfQ40kOMWFIdj8NiXB6dwDJ0u3bBKTkTwUVwZ1CoVPPfd/u3j7Wu/en1AhxxIjRmSKm264S6kyCpKWZknPMiRUKER2hA2gYF4kR1kskpY3hsnB7sB9I8oeHE/T2RIK5UzH3TmW6r5mup+V+tHen+eSehIow0EXj6UT9iUAcwzQX2qCRYs9gAwpKaXSEeIomwNunlTAju/MmL0DgtuYavTBoXYKosOABHoAhccAYq4BLUQB1gcA+ewAt4tR6sZ+vNep+2ZqzZzB74I+vjBzMsnN0=</latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="UCBeRC9GswcJq6/IdY24sRxM3lo=">AAAB/3icbZDNSgMxFIXv1L9aq1a3bqJFqJsy40Y3BaEblxVsK3SGIZNm2tAkMyQZoQyzduOruHGhiG/hzrcx/Vlo64HAxzkJufdEKWfauO63U9rY3NreKe9W9qr7B4e1o2pPJ5kitEsSnqiHCGvKmaRdwwynD6miWESc9qNJe5b3H6nSLJH3ZprSQOCRZDEj2FgrrJ36OhNhPvGZRL7AZkwwz9tFkTamrckFaiEvrNXdpjsXWgdvCXVYqhPWvvxhQjJBpSEcaz3w3NQEOVaGEU6Lip9pmmIywSM6sCixoDrI56sU6Nw6QxQnyh5p0Nz9/SLHQuupiOzN2bR6NZuZ/2WDzMTXQc5kmhkqyeKjOOPIJGjWCxoyRYnhUwuYKGZnRWSMFSbGtlexJXirK69D77LpWb5zoQwncAYN8OAKbuAWOtAFAk/wAm/w7jw7r87Hoq6Ss+ztGP7I+fwBWVaYRw==</latexit><latexit sha1_base64="UCBeRC9GswcJq6/IdY24sRxM3lo=">AAAB/3icbZDNSgMxFIXv1L9aq1a3bqJFqJsy40Y3BaEblxVsK3SGIZNm2tAkMyQZoQyzduOruHGhiG/hzrcx/Vlo64HAxzkJufdEKWfauO63U9rY3NreKe9W9qr7B4e1o2pPJ5kitEsSnqiHCGvKmaRdwwynD6miWESc9qNJe5b3H6nSLJH3ZprSQOCRZDEj2FgrrJ36OhNhPvGZRL7AZkwwz9tFkTamrckFaiEvrNXdpjsXWgdvCXVYqhPWvvxhQjJBpSEcaz3w3NQEOVaGEU6Lip9pmmIywSM6sCixoDrI56sU6Nw6QxQnyh5p0Nz9/SLHQuupiOzN2bR6NZuZ/2WDzMTXQc5kmhkqyeKjOOPIJGjWCxoyRYnhUwuYKGZnRWSMFSbGtlexJXirK69D77LpWb5zoQwncAYN8OAKbuAWOtAFAk/wAm/w7jw7r87Hoq6Ss+ztGP7I+fwBWVaYRw==</latexit><latexit sha1_base64="whzfG9m/TmG9NU7MvfK/Abd4/f4=">AAACCnicbZC7TsMwFIadcivlFmBkMVRIZakSFhioVKkLY5HoRWqiyHGd1qrjRLaDFEWZWXgVFgYQYuUJ2HgbnDYDtPySpU//OUc+5/djRqWyrG+jsra+sblV3a7t7O7tH5iHR30ZJQKTHo5YJIY+koRRTnqKKkaGsSAo9BkZ+LNOUR88ECFpxO9VGhM3RBNOA4qR0pZnnjoyCb1s5lAOnRCpKUYs6+R53EhbswvYgrZn1q2mNRdcBbuEOijV9cwvZxzhJCRcYYakHNlWrNwMCUUxI3nNSSSJEZ6hCRlp5Cgk0s3mp+TwXDtjGERCP67g3P09kaFQyjT0dWexrVyuFeZ/tVGigms3ozxOFOF48VGQMKgiWOQCx1QQrFiqAWFB9a4QT5FAWOn0ajoEe/nkVehfNm3Nd1a9fVPGUQUn4Aw0gA2uQBvcgi7oAQwewTN4BW/Gk/FivBsfi9aKUc4cgz8yPn8A8RKZsg==</latexit><latexit sha1_base64="whzfG9m/TmG9NU7MvfK/Abd4/f4=">AAACCnicbZC7TsMwFIadcivlFmBkMVRIZakSFhioVKkLY5HoRWqiyHGd1qrjRLaDFEWZWXgVFgYQYuUJ2HgbnDYDtPySpU//OUc+5/djRqWyrG+jsra+sblV3a7t7O7tH5iHR30ZJQKTHo5YJIY+koRRTnqKKkaGsSAo9BkZ+LNOUR88ECFpxO9VGhM3RBNOA4qR0pZnnjoyCb1s5lAOnRCpKUYs6+R53EhbswvYgrZn1q2mNRdcBbuEOijV9cwvZxzhJCRcYYakHNlWrNwMCUUxI3nNSSSJEZ6hCRlp5Cgk0s3mp+TwXDtjGERCP67g3P09kaFQyjT0dWexrVyuFeZ/tVGigms3ozxOFOF48VGQMKgiWOQCx1QQrFiqAWFB9a4QT5FAWOn0ajoEe/nkVehfNm3Nd1a9fVPGUQUn4Aw0gA2uQBvcgi7oAQwewTN4BW/Gk/FivBsfi9aKUc4cgz8yPn8A8RKZsg==</latexit><latexit sha1_base64="yp7STbT9PpInn+lYw/8nuLhE/54=">AAACCnicbZDNSgMxFIUz9a/WqqOCGzfRItRNmXGjCwuFblxWsD/QKSWTpm1okhmSjDAO3QluXPsWblwo4tYncOdr+ARm2i609UDg49x7yb3HDxlV2nG+rMzS8srqWnY9t5Hf3Nq2d3YbKogkJnUcsEC2fKQIo4LUNdWMtEJJEPcZafqjalpv3hCpaCCudRySDkcDQfsUI22srn3oqYh3k5FHBfQ40kOMWFIdj8NiXB6dwDJ0u3bBKTkTwUVwZ1CoVPPfd/u3j7Wu/en1AhxxIjRmSKm264S6kyCpKWZknPMiRUKER2hA2gYF4kR1kskpY3hsnB7sB9I8oeHE/T2RIK5UzH3TmW6r5mup+V+tHen+eSehIow0EXj6UT9iUAcwzQX2qCRYs9gAwpKaXSEeIomwNunlTAju/MmL0DgtuYavTBoXYKosOABHoAhccAYq4BLUQB1gcA+ewAt4tR6sZ+vNep+2ZqzZzB74I+vjBzMsnN0=</latexit><latexit sha1_base64="yp7STbT9PpInn+lYw/8nuLhE/54=">AAACCnicbZDNSgMxFIUz9a/WqqOCGzfRItRNmXGjCwuFblxWsD/QKSWTpm1okhmSjDAO3QluXPsWblwo4tYncOdr+ARm2i609UDg49x7yb3HDxlV2nG+rMzS8srqWnY9t5Hf3Nq2d3YbKogkJnUcsEC2fKQIo4LUNdWMtEJJEPcZafqjalpv3hCpaCCudRySDkcDQfsUI22srn3oqYh3k5FHBfQ40kOMWFIdj8NiXB6dwDJ0u3bBKTkTwUVwZ1CoVPPfd/u3j7Wu/en1AhxxIjRmSKm264S6kyCpKWZknPMiRUKER2hA2gYF4kR1kskpY3hsnB7sB9I8oeHE/T2RIK5UzH3TmW6r5mup+V+tHen+eSehIow0EXj6UT9iUAcwzQX2qCRYs9gAwpKaXSEeIomwNunlTAju/MmL0DgtuYavTBoXYKosOABHoAhccAYq4BLUQB1gcA+ewAt4tR6sZ+vNep+2ZqzZzB74I+vjBzMsnN0=</latexit><latexit sha1_base64="yp7STbT9PpInn+lYw/8nuLhE/54=">AAACCnicbZDNSgMxFIUz9a/WqqOCGzfRItRNmXGjCwuFblxWsD/QKSWTpm1okhmSjDAO3QluXPsWblwo4tYncOdr+ARm2i609UDg49x7yb3HDxlV2nG+rMzS8srqWnY9t5Hf3Nq2d3YbKogkJnUcsEC2fKQIo4LUNdWMtEJJEPcZafqjalpv3hCpaCCudRySDkcDQfsUI22srn3oqYh3k5FHBfQ40kOMWFIdj8NiXB6dwDJ0u3bBKTkTwUVwZ1CoVPPfd/u3j7Wu/en1AhxxIjRmSKm264S6kyCpKWZknPMiRUKER2hA2gYF4kR1kskpY3hsnB7sB9I8oeHE/T2RIK5UzH3TmW6r5mup+V+tHen+eSehIow0EXj6UT9iUAcwzQX2qCRYs9gAwpKaXSEeIomwNunlTAju/MmL0DgtuYavTBoXYKosOABHoAhccAYq4BLUQB1gcA+ewAt4tR6sZ+vNep+2ZqzZzB74I+vjBzMsnN0=</latexit><latexit sha1_base64="yp7STbT9PpInn+lYw/8nuLhE/54=">AAACCnicbZDNSgMxFIUz9a/WqqOCGzfRItRNmXGjCwuFblxWsD/QKSWTpm1okhmSjDAO3QluXPsWblwo4tYncOdr+ARm2i609UDg49x7yb3HDxlV2nG+rMzS8srqWnY9t5Hf3Nq2d3YbKogkJnUcsEC2fKQIo4LUNdWMtEJJEPcZafqjalpv3hCpaCCudRySDkcDQfsUI22srn3oqYh3k5FHBfQ40kOMWFIdj8NiXB6dwDJ0u3bBKTkTwUVwZ1CoVPPfd/u3j7Wu/en1AhxxIjRmSKm264S6kyCpKWZknPMiRUKER2hA2gYF4kR1kskpY3hsnB7sB9I8oeHE/T2RIK5UzH3TmW6r5mup+V+tHen+eSehIow0EXj6UT9iUAcwzQX2qCRYs9gAwpKaXSEeIomwNunlTAju/MmL0DgtuYavTBoXYKosOABHoAhccAYq4BLUQB1gcA+ewAt4tR6sZ+vNep+2ZqzZzB74I+vjBzMsnN0=</latexit><latexit sha1_base64="whzfG9m/TmG9NU7MvfK/Abd4/f4=">AAACCnicbZC7TsMwFIadcivlFmBkMVRIZakSFhioVKkLY5HoRWqiyHGd1qrjRLaDFEWZWXgVFgYQYuUJ2HgbnDYDtPySpU//OUc+5/djRqWyrG+jsra+sblV3a7t7O7tH5iHR30ZJQKTHo5YJIY+koRRTnqKKkaGsSAo9BkZ+LNOUR88ECFpxO9VGhM3RBNOA4qR0pZnnjoyCb1s5lAOnRCpKUYs6+R53EhbswvYgrZn1q2mNRdcBbuEOijV9cwvZxzhJCRcYYakHNlWrNwMCUUxI3nNSSSJEZ6hCRlp5Cgk0s3mp+TwXDtjGERCP67g3P09kaFQyjT0dWexrVyuFeZ/tVGigms3ozxOFOF48VGQMKgiWOQCx1QQrFiqAWFB9a4QT5FAWOn0ajoEe/nkVehfNm3Nd1a9fVPGUQUn4Aw0gA2uQBvcgi7oAQwewTN4BW/Gk/FivBsfi9aKUc4cgz8yPn8A8RKZsg==</latexit>

p(y = k) = fk(x; ✓) =
eaL,k

P
k02C e

aL,k0
<latexit sha1_base64="KoXSh4HOG3iRkGqLSMzUPszV7CU="></latexit><latexit sha1_base64="SswlqTzvGDDXEhIYmkkng9vwirM="></latexit><latexit sha1_base64="SswlqTzvGDDXEhIYmkkng9vwirM="></latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="F20CJVuVZuPGhFlVUbFHLNNSqMg="></latexit><latexit sha1_base64="F20CJVuVZuPGhFlVUbFHLNNSqMg="></latexit><latexit sha1_base64="MpEpY/ylq6MHiPRV3DhAqnZ40s8="></latexit><latexit sha1_base64="MpEpY/ylq6MHiPRV3DhAqnZ40s8="></latexit><latexit sha1_base64="SswlqTzvGDDXEhIYmkkng9vwirM="></latexit><latexit sha1_base64="SswlqTzvGDDXEhIYmkkng9vwirM="></latexit><latexit sha1_base64="SswlqTzvGDDXEhIYmkkng9vwirM="></latexit><latexit sha1_base64="SswlqTzvGDDXEhIYmkkng9vwirM="></latexit><latexit sha1_base64="MpEpY/ylq6MHiPRV3DhAqnZ40s8="></latexit>

Convolution followed by non-linearity followed by max-pooling

Fully connected layer: transformation followed by non-linearity



Computer
Vision

aL = WLhL�1 + bL 2 RK
<latexit sha1_base64="Ubko6DUq2BU4WeG0f6iHH7f2K6g=">AAACGnicbVDLSgMxFL3js9ZX1Z1ugkUQxDLjRhcKBTeCXVSxD2jrmEkzbWgmMyQZoQzzHW78CT/AjQtF3Ikb/8b0sdDWA4Fzz7mX3Hu8iDOlbfvbmpmdm19YzCxll1dW19ZzG5tVFcaS0AoJeSjrHlaUM0ErmmlO65GkOPA4rXm984Ffu6dSsVDc6H5EWwHuCOYzgrWR3JyD3RI6Q80A667nJ7XUlF03KR06KTpAnqmaTIxtL7lOby/dXN4u2EOgaeKMSb64/ZTeAUDZzX022yGJAyo04ViphmNHupVgqRnhNM02Y0UjTHq4QxuGChxQ1UqGp6Vozyht5IfSPKHRUP09keBAqX7gmc7BjmrSG4j/eY1Y+yethIko1lSQ0Ud+zJEO0SAn1GaSEs37hmAimdkVkS6WmGiTZtaE4EyePE2qRwXH8CuTximMkIEd2IV9cOAYinABZagAgQd4hld4sx6tF+vd+hi1zljjmS34A+vrB7nEoPU=</latexit><latexit sha1_base64="hWi28s+C/Ugqy/d5W5sm4dj51F8="></latexit><latexit sha1_base64="hWi28s+C/Ugqy/d5W5sm4dj51F8="></latexit><latexit sha1_base64="x5jKr0CMHH2WmLcudPKI4XeJFxE=">AAACGnicbVDLSsNAFJ3UV62vqEs3g0UQxJK40YVCwY1gF1XsA5oYJtNJO3QyCTMToYR8hxt/xY0LRdyJG//GSZuFth4YOPece5l7jx8zKpVlfRulhcWl5ZXyamVtfWNzy9zeacsoEZi0cMQi0fWRJIxy0lJUMdKNBUGhz0jHH13mfueBCEkjfqfGMXFDNOA0oBgpLXmmjbwGvIBOiNTQD9JOpsuhlzaO7QweQV9XDuWF7ae32f21Z1atmjUBnCd2QaqgQNMzP51+hJOQcIUZkrJnW7FyUyQUxYxkFSeRJEZ4hAakpylHIZFuOjktgwda6cMgEvpxBSfq74kUhVKOQ1935jvKWS8X//N6iQrO3JTyOFGE4+lHQcKgimCeE+xTQbBiY00QFlTvCvEQCYSVTrOiQ7BnT54n7ZOarfmNVa2fF3GUwR7YB4fABqegDq5AE7QABo/gGbyCN+PJeDHejY9pa8koZnbBHxhfPya5nw0=</latexit>

X

k2C
p(y = k) = 1

<latexit sha1_base64="NqgiMMbmNFmuyAyEURb+h4rkcCg=">AAACCnicbZC9SgNBFIXv+htj1FVLm9EgxCbs2mhhIJDGMoL5gWwIs5NJMmR2dpmZFZYlYGfjq9hYKGLrE9j5Gj6Bs0kKTTww8HHuvcy9x484U9pxvqyV1bX1jc3cVn67sLO7Z+8fNFUYS0IbJOShbPtYUc4EbWimOW1HkuLA57Tlj2tZvXVHpWKhuNVJRLsBHgo2YARrY/XsY0/FQS8de0wgL8B6RDBPa5NJVEoq4zNUQW7PLjplZyq0DO4citVa4fseAOo9+9PrhyQOqNCEY6U6rhPpboqlZoTTSd6LFY0wGeMh7RgUOKCqm05PmaBT4/TRIJTmCY2m7u+JFAdKJYFvOrNt1WItM/+rdWI9uOymTESxpoLMPhrEHOkQZbmgPpOUaJ4YwEQysysiIywx0Sa9vAnBXTx5GZrnZdfwjUnjCmbKwRGcQAlcuIAqXEMdGkDgAZ7gBV6tR+vZerPeZ60r1nzmEP7I+vgBpWqbsw==</latexit><latexit sha1_base64="yp7STbT9PpInn+lYw/8nuLhE/54=">AAACCnicbZDNSgMxFIUz9a/WqqOCGzfRItRNmXGjCwuFblxWsD/QKSWTpm1okhmSjDAO3QluXPsWblwo4tYncOdr+ARm2i609UDg49x7yb3HDxlV2nG+rMzS8srqWnY9t5Hf3Nq2d3YbKogkJnUcsEC2fKQIo4LUNdWMtEJJEPcZafqjalpv3hCpaCCudRySDkcDQfsUI22srn3oqYh3k5FHBfQ40kOMWFIdj8NiXB6dwDJ0u3bBKTkTwUVwZ1CoVPPfd/u3j7Wu/en1AhxxIjRmSKm264S6kyCpKWZknPMiRUKER2hA2gYF4kR1kskpY3hsnB7sB9I8oeHE/T2RIK5UzH3TmW6r5mup+V+tHen+eSehIow0EXj6UT9iUAcwzQX2qCRYs9gAwpKaXSEeIomwNunlTAju/MmL0DgtuYavTBoXYKosOABHoAhccAYq4BLUQB1gcA+ewAt4tR6sZ+vNep+2ZqzZzB74I+vjBzMsnN0=</latexit><latexit sha1_base64="yp7STbT9PpInn+lYw/8nuLhE/54=">AAACCnicbZDNSgMxFIUz9a/WqqOCGzfRItRNmXGjCwuFblxWsD/QKSWTpm1okhmSjDAO3QluXPsWblwo4tYncOdr+ARm2i609UDg49x7yb3HDxlV2nG+rMzS8srqWnY9t5Hf3Nq2d3YbKogkJnUcsEC2fKQIo4LUNdWMtEJJEPcZafqjalpv3hCpaCCudRySDkcDQfsUI22srn3oqYh3k5FHBfQ40kOMWFIdj8NiXB6dwDJ0u3bBKTkTwUVwZ1CoVPPfd/u3j7Wu/en1AhxxIjRmSKm264S6kyCpKWZknPMiRUKER2hA2gYF4kR1kskpY3hsnB7sB9I8oeHE/T2RIK5UzH3TmW6r5mup+V+tHen+eSehIow0EXj6UT9iUAcwzQX2qCRYs9gAwpKaXSEeIomwNunlTAju/MmL0DgtuYavTBoXYKosOABHoAhccAYq4BLUQB1gcA+ewAt4tR6sZ+vNep+2ZqzZzB74I+vjBzMsnN0=</latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="UCBeRC9GswcJq6/IdY24sRxM3lo=">AAAB/3icbZDNSgMxFIXv1L9aq1a3bqJFqJsy40Y3BaEblxVsK3SGIZNm2tAkMyQZoQyzduOruHGhiG/hzrcx/Vlo64HAxzkJufdEKWfauO63U9rY3NreKe9W9qr7B4e1o2pPJ5kitEsSnqiHCGvKmaRdwwynD6miWESc9qNJe5b3H6nSLJH3ZprSQOCRZDEj2FgrrJ36OhNhPvGZRL7AZkwwz9tFkTamrckFaiEvrNXdpjsXWgdvCXVYqhPWvvxhQjJBpSEcaz3w3NQEOVaGEU6Lip9pmmIywSM6sCixoDrI56sU6Nw6QxQnyh5p0Nz9/SLHQuupiOzN2bR6NZuZ/2WDzMTXQc5kmhkqyeKjOOPIJGjWCxoyRYnhUwuYKGZnRWSMFSbGtlexJXirK69D77LpWb5zoQwncAYN8OAKbuAWOtAFAk/wAm/w7jw7r87Hoq6Ss+ztGP7I+fwBWVaYRw==</latexit><latexit sha1_base64="UCBeRC9GswcJq6/IdY24sRxM3lo=">AAAB/3icbZDNSgMxFIXv1L9aq1a3bqJFqJsy40Y3BaEblxVsK3SGIZNm2tAkMyQZoQyzduOruHGhiG/hzrcx/Vlo64HAxzkJufdEKWfauO63U9rY3NreKe9W9qr7B4e1o2pPJ5kitEsSnqiHCGvKmaRdwwynD6miWESc9qNJe5b3H6nSLJH3ZprSQOCRZDEj2FgrrJ36OhNhPvGZRL7AZkwwz9tFkTamrckFaiEvrNXdpjsXWgdvCXVYqhPWvvxhQjJBpSEcaz3w3NQEOVaGEU6Lip9pmmIywSM6sCixoDrI56sU6Nw6QxQnyh5p0Nz9/SLHQuupiOzN2bR6NZuZ/2WDzMTXQc5kmhkqyeKjOOPIJGjWCxoyRYnhUwuYKGZnRWSMFSbGtlexJXirK69D77LpWb5zoQwncAYN8OAKbuAWOtAFAk/wAm/w7jw7r87Hoq6Ss+ztGP7I+fwBWVaYRw==</latexit><latexit sha1_base64="whzfG9m/TmG9NU7MvfK/Abd4/f4=">AAACCnicbZC7TsMwFIadcivlFmBkMVRIZakSFhioVKkLY5HoRWqiyHGd1qrjRLaDFEWZWXgVFgYQYuUJ2HgbnDYDtPySpU//OUc+5/djRqWyrG+jsra+sblV3a7t7O7tH5iHR30ZJQKTHo5YJIY+koRRTnqKKkaGsSAo9BkZ+LNOUR88ECFpxO9VGhM3RBNOA4qR0pZnnjoyCb1s5lAOnRCpKUYs6+R53EhbswvYgrZn1q2mNRdcBbuEOijV9cwvZxzhJCRcYYakHNlWrNwMCUUxI3nNSSSJEZ6hCRlp5Cgk0s3mp+TwXDtjGERCP67g3P09kaFQyjT0dWexrVyuFeZ/tVGigms3ozxOFOF48VGQMKgiWOQCx1QQrFiqAWFB9a4QT5FAWOn0ajoEe/nkVehfNm3Nd1a9fVPGUQUn4Aw0gA2uQBvcgi7oAQwewTN4BW/Gk/FivBsfi9aKUc4cgz8yPn8A8RKZsg==</latexit><latexit sha1_base64="whzfG9m/TmG9NU7MvfK/Abd4/f4=">AAACCnicbZC7TsMwFIadcivlFmBkMVRIZakSFhioVKkLY5HoRWqiyHGd1qrjRLaDFEWZWXgVFgYQYuUJ2HgbnDYDtPySpU//OUc+5/djRqWyrG+jsra+sblV3a7t7O7tH5iHR30ZJQKTHo5YJIY+koRRTnqKKkaGsSAo9BkZ+LNOUR88ECFpxO9VGhM3RBNOA4qR0pZnnjoyCb1s5lAOnRCpKUYs6+R53EhbswvYgrZn1q2mNRdcBbuEOijV9cwvZxzhJCRcYYakHNlWrNwMCUUxI3nNSSSJEZ6hCRlp5Cgk0s3mp+TwXDtjGERCP67g3P09kaFQyjT0dWexrVyuFeZ/tVGigms3ozxOFOF48VGQMKgiWOQCx1QQrFiqAWFB9a4QT5FAWOn0ajoEe/nkVehfNm3Nd1a9fVPGUQUn4Aw0gA2uQBvcgi7oAQwewTN4BW/Gk/FivBsfi9aKUc4cgz8yPn8A8RKZsg==</latexit><latexit sha1_base64="yp7STbT9PpInn+lYw/8nuLhE/54=">AAACCnicbZDNSgMxFIUz9a/WqqOCGzfRItRNmXGjCwuFblxWsD/QKSWTpm1okhmSjDAO3QluXPsWblwo4tYncOdr+ARm2i609UDg49x7yb3HDxlV2nG+rMzS8srqWnY9t5Hf3Nq2d3YbKogkJnUcsEC2fKQIo4LUNdWMtEJJEPcZafqjalpv3hCpaCCudRySDkcDQfsUI22srn3oqYh3k5FHBfQ40kOMWFIdj8NiXB6dwDJ0u3bBKTkTwUVwZ1CoVPPfd/u3j7Wu/en1AhxxIjRmSKm264S6kyCpKWZknPMiRUKER2hA2gYF4kR1kskpY3hsnB7sB9I8oeHE/T2RIK5UzH3TmW6r5mup+V+tHen+eSehIow0EXj6UT9iUAcwzQX2qCRYs9gAwpKaXSEeIomwNunlTAju/MmL0DgtuYavTBoXYKosOABHoAhccAYq4BLUQB1gcA+ewAt4tR6sZ+vNep+2ZqzZzB74I+vjBzMsnN0=</latexit><latexit sha1_base64="yp7STbT9PpInn+lYw/8nuLhE/54=">AAACCnicbZDNSgMxFIUz9a/WqqOCGzfRItRNmXGjCwuFblxWsD/QKSWTpm1okhmSjDAO3QluXPsWblwo4tYncOdr+ARm2i609UDg49x7yb3HDxlV2nG+rMzS8srqWnY9t5Hf3Nq2d3YbKogkJnUcsEC2fKQIo4LUNdWMtEJJEPcZafqjalpv3hCpaCCudRySDkcDQfsUI22srn3oqYh3k5FHBfQ40kOMWFIdj8NiXB6dwDJ0u3bBKTkTwUVwZ1CoVPPfd/u3j7Wu/en1AhxxIjRmSKm264S6kyCpKWZknPMiRUKER2hA2gYF4kR1kskpY3hsnB7sB9I8oeHE/T2RIK5UzH3TmW6r5mup+V+tHen+eSehIow0EXj6UT9iUAcwzQX2qCRYs9gAwpKaXSEeIomwNunlTAju/MmL0DgtuYavTBoXYKosOABHoAhccAYq4BLUQB1gcA+ewAt4tR6sZ+vNep+2ZqzZzB74I+vjBzMsnN0=</latexit><latexit sha1_base64="yp7STbT9PpInn+lYw/8nuLhE/54=">AAACCnicbZDNSgMxFIUz9a/WqqOCGzfRItRNmXGjCwuFblxWsD/QKSWTpm1okhmSjDAO3QluXPsWblwo4tYncOdr+ARm2i609UDg49x7yb3HDxlV2nG+rMzS8srqWnY9t5Hf3Nq2d3YbKogkJnUcsEC2fKQIo4LUNdWMtEJJEPcZafqjalpv3hCpaCCudRySDkcDQfsUI22srn3oqYh3k5FHBfQ40kOMWFIdj8NiXB6dwDJ0u3bBKTkTwUVwZ1CoVPPfd/u3j7Wu/en1AhxxIjRmSKm264S6kyCpKWZknPMiRUKER2hA2gYF4kR1kskpY3hsnB7sB9I8oeHE/T2RIK5UzH3TmW6r5mup+V+tHen+eSehIow0EXj6UT9iUAcwzQX2qCRYs9gAwpKaXSEeIomwNunlTAju/MmL0DgtuYavTBoXYKosOABHoAhccAYq4BLUQB1gcA+ewAt4tR6sZ+vNep+2ZqzZzB74I+vjBzMsnN0=</latexit><latexit sha1_base64="yp7STbT9PpInn+lYw/8nuLhE/54=">AAACCnicbZDNSgMxFIUz9a/WqqOCGzfRItRNmXGjCwuFblxWsD/QKSWTpm1okhmSjDAO3QluXPsWblwo4tYncOdr+ARm2i609UDg49x7yb3HDxlV2nG+rMzS8srqWnY9t5Hf3Nq2d3YbKogkJnUcsEC2fKQIo4LUNdWMtEJJEPcZafqjalpv3hCpaCCudRySDkcDQfsUI22srn3oqYh3k5FHBfQ40kOMWFIdj8NiXB6dwDJ0u3bBKTkTwUVwZ1CoVPPfd/u3j7Wu/en1AhxxIjRmSKm264S6kyCpKWZknPMiRUKER2hA2gYF4kR1kskpY3hsnB7sB9I8oeHE/T2RIK5UzH3TmW6r5mup+V+tHen+eSehIow0EXj6UT9iUAcwzQX2qCRYs9gAwpKaXSEeIomwNunlTAju/MmL0DgtuYavTBoXYKosOABHoAhccAYq4BLUQB1gcA+ewAt4tR6sZ+vNep+2ZqzZzB74I+vjBzMsnN0=</latexit><latexit sha1_base64="whzfG9m/TmG9NU7MvfK/Abd4/f4=">AAACCnicbZC7TsMwFIadcivlFmBkMVRIZakSFhioVKkLY5HoRWqiyHGd1qrjRLaDFEWZWXgVFgYQYuUJ2HgbnDYDtPySpU//OUc+5/djRqWyrG+jsra+sblV3a7t7O7tH5iHR30ZJQKTHo5YJIY+koRRTnqKKkaGsSAo9BkZ+LNOUR88ECFpxO9VGhM3RBNOA4qR0pZnnjoyCb1s5lAOnRCpKUYs6+R53EhbswvYgrZn1q2mNRdcBbuEOijV9cwvZxzhJCRcYYakHNlWrNwMCUUxI3nNSSSJEZ6hCRlp5Cgk0s3mp+TwXDtjGERCP67g3P09kaFQyjT0dWexrVyuFeZ/tVGigms3ozxOFOF48VGQMKgiWOQCx1QQrFiqAWFB9a4QT5FAWOn0ajoEe/nkVehfNm3Nd1a9fVPGUQUn4Aw0gA2uQBvcgi7oAQwewTN4BW/Gk/FivBsfi9aKUc4cgz8yPn8A8RKZsg==</latexit>

p(y = k) = fk(x; ✓) =
eaL,k

P
k02C e

aL,k0
<latexit sha1_base64="KoXSh4HOG3iRkGqLSMzUPszV7CU="></latexit><latexit sha1_base64="SswlqTzvGDDXEhIYmkkng9vwirM="></latexit><latexit sha1_base64="SswlqTzvGDDXEhIYmkkng9vwirM="></latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="F20CJVuVZuPGhFlVUbFHLNNSqMg="></latexit><latexit sha1_base64="F20CJVuVZuPGhFlVUbFHLNNSqMg="></latexit><latexit sha1_base64="MpEpY/ylq6MHiPRV3DhAqnZ40s8="></latexit><latexit sha1_base64="MpEpY/ylq6MHiPRV3DhAqnZ40s8="></latexit><latexit sha1_base64="SswlqTzvGDDXEhIYmkkng9vwirM="></latexit><latexit sha1_base64="SswlqTzvGDDXEhIYmkkng9vwirM="></latexit><latexit sha1_base64="SswlqTzvGDDXEhIYmkkng9vwirM="></latexit><latexit sha1_base64="SswlqTzvGDDXEhIYmkkng9vwirM="></latexit><latexit sha1_base64="MpEpY/ylq6MHiPRV3DhAqnZ40s8="></latexit>

Putting it all together: Basic
Convolutional neural network (CNN)



Computer
Vision Remember backpropagation

…

Forward pass for prediction

Backward pass for 
computing gradients



Computer
Vision

Putting it all together: Classification
Convolutional neural network (CNN)
aL = WLhL�1 + bL 2 RK

<latexit sha1_base64="Ubko6DUq2BU4WeG0f6iHH7f2K6g=">AAACGnicbVDLSgMxFL3js9ZX1Z1ugkUQxDLjRhcKBTeCXVSxD2jrmEkzbWgmMyQZoQzzHW78CT/AjQtF3Ikb/8b0sdDWA4Fzz7mX3Hu8iDOlbfvbmpmdm19YzCxll1dW19ZzG5tVFcaS0AoJeSjrHlaUM0ErmmlO65GkOPA4rXm984Ffu6dSsVDc6H5EWwHuCOYzgrWR3JyD3RI6Q80A667nJ7XUlF03KR06KTpAnqmaTIxtL7lOby/dXN4u2EOgaeKMSb64/ZTeAUDZzX022yGJAyo04ViphmNHupVgqRnhNM02Y0UjTHq4QxuGChxQ1UqGp6Vozyht5IfSPKHRUP09keBAqX7gmc7BjmrSG4j/eY1Y+yethIko1lSQ0Ud+zJEO0SAn1GaSEs37hmAimdkVkS6WmGiTZtaE4EyePE2qRwXH8CuTximMkIEd2IV9cOAYinABZagAgQd4hld4sx6tF+vd+hi1zljjmS34A+vrB7nEoPU=</latexit><latexit sha1_base64="hWi28s+C/Ugqy/d5W5sm4dj51F8="></latexit><latexit sha1_base64="hWi28s+C/Ugqy/d5W5sm4dj51F8="></latexit><latexit sha1_base64="x5jKr0CMHH2WmLcudPKI4XeJFxE=">AAACGnicbVDLSsNAFJ3UV62vqEs3g0UQxJK40YVCwY1gF1XsA5oYJtNJO3QyCTMToYR8hxt/xY0LRdyJG//GSZuFth4YOPece5l7jx8zKpVlfRulhcWl5ZXyamVtfWNzy9zeacsoEZi0cMQi0fWRJIxy0lJUMdKNBUGhz0jHH13mfueBCEkjfqfGMXFDNOA0oBgpLXmmjbwGvIBOiNTQD9JOpsuhlzaO7QweQV9XDuWF7ae32f21Z1atmjUBnCd2QaqgQNMzP51+hJOQcIUZkrJnW7FyUyQUxYxkFSeRJEZ4hAakpylHIZFuOjktgwda6cMgEvpxBSfq74kUhVKOQ1935jvKWS8X//N6iQrO3JTyOFGE4+lHQcKgimCeE+xTQbBiY00QFlTvCvEQCYSVTrOiQ7BnT54n7ZOarfmNVa2fF3GUwR7YB4fABqegDq5AE7QABo/gGbyCN+PJeDHejY9pa8koZnbBHxhfPya5nw0=</latexit>

X

k2C
p(y = k) = 1
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Gradient based optimization



Computer
Vision

Progressively aggregating spatial 
information to reach a global decision
Local features are extracted and aggregated throughout the network
The last layers “sees” the entire image and the features encode global
information



Computer
Vision Essential blocks lead to powerful 

algorithms
• Convolutional layers and pooling are the essential blocks
• They have been used to create complicated networks
• First one

• Then silence for a long time

Fig. 2. Architecture of LeNet-5, a convolutional NN, here used for digits recognition. Each plane
is a feature map, i.e., a set of units whose weights are constrained to be identical.

or other 2-D or one-dimensional (1-D) signals, must be
approximately size normalized and centered in the input
field. Unfortunately, no such preprocessing can be perfect:
handwriting is often normalized at the word level, which
can cause size, slant, and position variations for individual
characters. This, combined with variability in writing style,
will cause variations in the position of distinctive features
in input objects. In principle, a fully connected network of
sufficient size could learn to produce outputs that are invari-
ant with respect to such variations. However, learning such
a task would probably result in multiple units with similar
weight patterns positioned at various locations in the input
so as to detect distinctive features wherever they appear on
the input. Learning these weight configurations requires a
very large number of training instances to cover the space of
possible variations. In convolutional networks, as described
below, shift invariance is automatically obtained by forcing
the replication of weight configurations across space.
Secondly, a deficiency of fully connected architectures is

that the topology of the input is entirely ignored. The input
variables can be presented in any (fixed) order without af-
fecting the outcome of the training. On the contrary, images
(or time-frequency representations of speech) have a strong
2-D local structure: variables (or pixels) that are spatially or
temporally nearby are highly correlated. Local correlations
are the reasons for the well-known advantages of extracting
and combining local features before recognizing spatial
or temporal objects, because configurations of neighboring
variables can be classified into a small number of categories
(e.g., edges, corners, etc.). Convolutional networks force
the extraction of local features by restricting the receptive
fields of hidden units to be local.

A. Convolutional Networks
Convolutional networks combine three architectural ideas

to ensure some degree of shift, scale, and distortion in-
variance: 1) local receptive fields; 2) shared weights (or
weight replication); and 3) spatial or temporal subsampling.
A typical convolutional network for recognizing characters,
dubbed LeNet-5, is shown in Fig. 2. The input plane
receives images of characters that are approximately size
normalized and centered. Each unit in a layer receives
inputs from a set of units located in a small neighborhood

in the previous layer. The idea of connecting units to local
receptive fields on the input goes back to the perceptron in
the early 1960’s, and it was almost simultaneous with Hubel
and Wiesel’s discovery of locally sensitive, orientation-
selective neurons in the cat’s visual system [30]. Local
connections have been used many times in neural models
of visual learning [2], [18], [31]–[34]. With local receptive
fields neurons can extract elementary visual features such
as oriented edges, endpoints, corners (or similar features in
other signals such as speech spectrograms). These features
are then combined by the subsequent layers in order to
detect higher order features. As stated earlier, distortions or
shifts of the input can cause the position of salient features
to vary. In addition, elementary feature detectors that are
useful on one part of the image are likely to be useful across
the entire image. This knowledge can be applied by forcing
a set of units, whose receptive fields are located at different
places on the image, to have identical weight vectors [15],
[32], [34]. Units in a layer are organized in planes within
which all the units share the same set of weights. The set of
outputs of the units in such a plane is called a feature map.
Units in a feature map are all constrained to perform the
same operation on different parts of the image. A complete
convolutional layer is composed of several feature maps
(with different weight vectors), so that multiple features
can be extracted at each location. A concrete example of
this is the first layer of LeNet-5 shown in Fig. 2. Units
in the first hidden layer of LeNet-5 are organized in six
planes, each of which is a feature map. A unit in a feature
map has 25 inputs connected to a 5 5 area in the input,
called the receptive field of the unit. Each unit has 25
inputs and therefore 25 trainable coefficients plus a trainable
bias. The receptive fields of contiguous units in a feature
map are centered on corresponding contiguous units in the
previous layer. Therefore, receptive fields of neighboring
units overlap. For example, in the first hidden layer of
LeNet-5, the receptive fields of horizontally contiguous
units overlap by four columns and five rows. As stated
earlier, all the units in a feature map share the same set of 25
weights and the same bias, so they detect the same feature
at all possible locations on the input. The other feature
maps in the layer use different sets of weights and biases,
thereby extracting different types of local features. In the
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Computer
Vision Why silence

• Models had too many parameters
• They overfit for small datasets
• We did not have very large datasets
• Even for large sets, we did not have enough computation 

power to train the models until…

General purpose Graphical Processing Units (GPUs)
Allowed parallel processing



Computer
Vision Then first this happened in 2006

• A fast algorithm to train deep 
belief networks by stacking 
restricted Boltzmann machines
• Layer-wise pre-training with 

contrastive divergence
• Set a state-of-the-art 

performance on MNIST
• However, this did not use GPUs 

yet

LETTER Communicated by Yann Le Cun

A Fast Learning Algorithm for Deep Belief Nets

Geoffrey E. Hinton
hinton@cs.toronto.edu
Simon Osindero
osindero@cs.toronto.edu
Department of Computer Science, University of Toronto, Toronto, Canada M5S 3G4

Yee-Whye Teh
tehyw@comp.nus.edu.sg
Department of Computer Science, National University of Singapore,
Singapore 117543

We show how to use “complementary priors” to eliminate the explaining-
away effects that make inference difficult in densely connected belief nets
that have many hidden layers. Using complementary priors, we derive a
fast, greedy algorithm that can learn deep, directed belief networks one
layer at a time, provided the top two layers form an undirected associa-
tive memory. The fast, greedy algorithm is used to initialize a slower
learning procedure that fine-tunes the weights using a contrastive ver-
sion of the wake-sleep algorithm. After fine-tuning, a network with three
hidden layers forms a very good generative model of the joint distribu-
tion of handwritten digit images and their labels. This generative model
gives better digit classification than the best discriminative learning al-
gorithms. The low-dimensional manifolds on which the digits lie are
modeled by long ravines in the free-energy landscape of the top-level
associative memory, and it is easy to explore these ravines by using the
directed connections to display what the associative memory has in mind.

1 Introduction

Learning is difficult in densely connected, directed belief nets that have
many hidden layers because it is difficult to infer the conditional distribu-
tion of the hidden activities when given a data vector. Variational methods
use simple approximations to the true conditional distribution, but the ap-
proximations may be poor, especially at the deepest hidden layer, where
the prior assumes independence. Also, variational learning still requires all
of the parameters to be learned together and this makes the learning time
scale poorly as the number of parameters increases.

We describe a model in which the top two hidden layers form an undi-
rected associative memory (see Figure 1) and the remaining hidden layers

Neural Computation 18, 1527–1554 (2006) C⃝ 2006 Massachusetts Institute of Technology
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Figure 5: A hybrid network. The top two layers have undirected connections
and form an associative memory. The layers below have directed, top-down
generative connections that can be used to map a state of the associative memory
to an image. There are also directed, bottom-up recognition connections that are
used to infer a factorial representation in one layer from the binary activities in
the layer below. In the greedy initial learning, the recognition connections are
tied to the generative connections.

are directed. The undirected connections at the top are equivalent to having
infinitely many higher layers with tied weights. There are no intralayer
connections, and to simplify the analysis, all layers have the same number
of units. It is possible to learn sensible (though not optimal) values for the
parameters W0 by assuming that the parameters between higher layers will
be used to construct a complementary prior for W0. This is equivalent to
assuming that all of the weight matrices are constrained to be equal. The
task of learning W0 under this assumption reduces to the task of learning
an RBM, and although this is still difficult, good approximate solutions can
be found rapidly by minimizing contrastive divergence. Once W0 has been
learned, the data can be mapped through WT

0 to create higher-level “data”
at the first hidden layer.

If the RBM is a perfect model of the original data, the higher-level “data”
will already be modeled perfectly by the higher-level weight matrices. Gen-
erally, however, the RBM will not be able to model the original data perfectly,
and we can make the generative model better using the following greedy
algorithm:
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Figure 6: The 125 test cases that the network got wrong. Each case is labeled by
the network’s guess. The true classes are arranged in standard scan order.

(John Platt, personal communication, 2005). An almost identical result of
1.51% was achieved in a net that had 500 units in the first hidden layer and
300 in the second hidden layer by using “softmax” output units and a reg-
ularizer that penalizes the squared weights by an amount carefully chosen
using a validation set. For comparison, nearest neighbor has a reported error
rate (http://oldmill.uchicago.edu/wilder/Mnist/) of 3.1% if all 60,000
training cases are used (which is extremely slow) and 4.4% if 20,000 are
used. This can be reduced to 2.8% and 4.0% by using an L3 norm.

The only standard machine learning technique that comes close to the
1.25% error rate of our generative model on the basic task is a support vector
machine that gives an error rate of 1.4% (Decoste & Schoelkopf, 2002). But
it is hard to see how support vector machines can make use of the domain-
specific tricks, like weight sharing and subsampling, which LeCun, Bottou,
and Haffner (1998) use to improve the performance of discriminative
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Vision Then in 2012

• Krizhevsky et al. almost halved 
the error rate in the ImageNet 
challenge
• A simple CNN 
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Neural Networks
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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 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 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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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 253,440–186,624–64,896–64,896–43,264–
4096–4096–1000.

neurons in a kernel map). The second convolutional layer takes as input the (response-normalized
and pooled) output of the first convolutional layer and filters it with 256 kernels of size 5⇥ 5⇥ 48.
The third, fourth, and fifth convolutional layers are connected to one another without any intervening
pooling or normalization layers. The third convolutional layer has 384 kernels of size 3 ⇥ 3 ⇥
256 connected to the (normalized, pooled) outputs of the second convolutional layer. The fourth
convolutional layer has 384 kernels of size 3 ⇥ 3 ⇥ 192 , and the fifth convolutional layer has 256
kernels of size 3⇥ 3⇥ 192. The fully-connected layers have 4096 neurons each.

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

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 distinct 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⇥ 224 patches (and their horizontal reflections) from the
256⇥256 images and training our network on these extracted patches4. This increases the size of our
training set by a factor of 2048, though the resulting training examples are, of course, highly inter-
dependent. Without this scheme, our network suffers from substantial overfitting, which would have
forced us to use much smaller networks. At test time, the network makes a prediction by extracting
five 224 ⇥ 224 patches (the four corner patches and the center patch) as well as their horizontal
reflections (hence ten patches in all), and averaging the predictions made by the network’s softmax
layer on the ten patches.

The second form of data augmentation consists of altering the intensities of the RGB channels in
training images. Specifically, we perform PCA on the set of RGB pixel values throughout the
ImageNet training set. To each training image, we add multiples of the found principal components,

4This is the reason why the input images in Figure 2 are 224⇥ 224⇥ 3-dimensional.

5

with magnitudes proportional to the corresponding eigenvalues times a random variable drawn from
a Gaussian with mean zero and standard deviation 0.1. Therefore to each RGB image pixel Ixy =
[IRxy, I

G
xy, I

B
xy]

T we add the following quantity:

[p1,p2,p3][↵1�1,↵2�2,↵3�3]
T

where pi and �i are ith eigenvector and eigenvalue of the 3 ⇥ 3 covariance matrix of RGB pixel
values, respectively, and ↵i is the aforementioned random variable. Each ↵i 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 are
“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 architecture,
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, which is a
reasonable approximation to taking the geometric mean of the predictive distributions produced by
the exponentially-many dropout networks.

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.

Figure 3: 96 convolutional kernels of size
11⇥11⇥3 learned by the first convolutional
layer on the 224⇥224⇥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.

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

vi+1 := 0.9 · vi � 0.0005 · ✏ · wi � ✏ ·
⌧
@L

@w

��
wi

�

Di

wi+1 := wi + vi+1

where i is the iteration index, v is the momentum variable, ✏ is the learning rate, and
D

@L
@w

��
wi

E

Di

is
the average over the ith batch Di of the derivative of the objective with respect to w, evaluated at
wi.

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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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.

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 L2 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-valued vec-
tors is 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 method than applying auto-
encoders to the raw pixels [14], which does not make use of image labels and hence has a tendency
to 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 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 is missing or far less
obvious in static images.
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Abstract

The explosion of image data on the Internet has the po-

tential to foster more sophisticated and robust models and

algorithms to index, retrieve, organize and interact with im-

ages and multimedia data. But exactly how such data can

be harnessed and organized remains a critical problem. We

introduce here a new database called “ImageNet”, a large-

scale ontology of images built upon the backbone of the

WordNet structure. ImageNet aims to populate the majority

of the 80,000 synsets of WordNet with an average of 500-

1000 clean and full resolution images. This will result in

tens of millions of annotated images organized by the se-

mantic hierarchy of WordNet. This paper offers a detailed

analysis of ImageNet in its current state: 12 subtrees with

5247 synsets and 3.2 million images in total. We show that

ImageNet is much larger in scale and diversity and much

more accurate than the current image datasets. Construct-

ing such a large-scale database is a challenging task. We

describe the data collection scheme with Amazon Mechan-

ical Turk. Lastly, we illustrate the usefulness of ImageNet

through three simple applications in object recognition, im-

age classification and automatic object clustering. We hope

that the scale, accuracy, diversity and hierarchical struc-

ture of ImageNet can offer unparalleled opportunities to re-

searchers in the computer vision community and beyond.

1. Introduction
The digital era has brought with it an enormous explo-

sion of data. The latest estimations put a number of more
than 3 billion photos on Flickr, a similar number of video
clips on YouTube and an even larger number for images in
the Google Image Search database. More sophisticated and
robust models and algorithms can be proposed by exploit-
ing these images, resulting in better applications for users
to index, retrieve, organize and interact with these data. But
exactly how such data can be utilized and organized is a
problem yet to be solved. In this paper, we introduce a new
image database called “ImageNet”, a large-scale ontology
of images. We believe that a large-scale ontology of images

is a critical resource for developing advanced, large-scale

content-based image search and image understanding algo-

rithms, as well as for providing critical training and bench-

marking data for such algorithms.

ImageNet uses the hierarchical structure of WordNet [9].
Each meaningful concept in WordNet, possibly described
by multiple words or word phrases, is called a “synonym
set” or “synset”. There are around 80, 000 noun synsets
in WordNet. In ImageNet, we aim to provide on aver-
age 500-1000 images to illustrate each synset. Images of
each concept are quality-controlled and human-annotated
as described in Sec. 3.2. ImageNet, therefore, will offer
tens of millions of cleanly sorted images. In this paper,
we report the current version of ImageNet, consisting of 12
“subtrees”: mammal, bird, fish, reptile, amphibian, vehicle,

furniture, musical instrument, geological formation, tool,

flower, fruit. These subtrees contain 5247 synsets and 3.2
million images. Fig. 1 shows a snapshot of two branches of
the mammal and vehicle subtrees. The database is publicly
available at http://www.image-net.org.

The rest of the paper is organized as follows: We first

show that ImageNet is a large-scale, accurate and diverse

image database (Section 2). In Section 4, we present a few
simple application examples by exploiting the current Ima-
geNet, mostly the mammal and vehicle subtrees. Our goal
is to show that ImageNet can serve as a useful resource for

visual recognition applications such as object recognition,

image classification and object localization. In addition, the
construction of such a large-scale and high-quality database
can no longer rely on traditional data collection methods.
Sec. 3 describes how ImageNet is constructed by leverag-
ing Amazon Mechanical Turk.

2. Properties of ImageNet
ImageNet is built upon the hierarchical structure pro-

vided by WordNet. In its completion, ImageNet aims to
contain in the order of 50 million cleanly labeled full reso-
lution images (500-1000 per synset). At the time this paper
is written, ImageNet consists of 12 subtrees. Most analysis
will be based on the mammal and vehicle subtrees.

Scale ImageNet aims to provide the most comprehensive
and diverse coverage of the image world. The current 12
subtrees consist of a total of 3.2 million cleanly annotated

1
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from 26% to 16% [14]. This led to dropping classification
errors every year through various systems as shown in figure
11. Since then DNNs, in particular CNNs outperform any other
form of machine learning approach by orders of magnitude
especially at Computer Vision applications such as object
detection and classification.
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Figure 11. Winner results of the ImageNet large scale visual recognition
challenge (LSVRC) of the past years on the top-5 classification task: The
green bar indicates the best computer vision approach, whereas the blue bars
are all deep neural network architectures. The human score is represented as
the red bar. (The values for the diagram are compiled from the image-net
homepage [36]).

B. The Dark Side

1) Labelled Data: Most DNNs are trained with supervised
learning that requires massive amounts of labelled training
and testing data. Having enough labeled data is important,
as DNNS tend to overfit. An indication for overfitting, due
to too little training data, is when the error on the training
dataset is already small but the error on an unseen test set
is still high. To overcome this problem companies employ
thousands of people to label their data. It is approximately
800 hours of work labelling collected driving footage to
recieve one hour of usable data [26] as every video frame
is basically one image, which makes 108, 000 images to be
labelled at 30 frames per secound (fps). Therefore Amazon
hosted a platform called Mechanical Turk [37]. It is a service
to outsource the labelling of data to companies and schools in
low wage countries. Although it provides reasonable results,
supporting it is questionable.

2) Sensor Fusion: Another big challenge is sensor fusion
as it is especially difficult to filter unneeded information
and to fuse the different kind of data provided by sensors
working on an autonomous car. Possible sensor signals
include cameras, lidar, radar, GPS, ultrasonic, Infra-red and
audio, moreover driver signals such as steering angle, brake-
and acceleration pedal position and finally vehicle dynamic
signals such as speed, yaw rate, damper force and wheel
slip. To refine this wast amount of information collected
by sensors to make them suitable for training is one major
hindrance to autonomous driving because it still needs lots of
man working power.

3) Blackbox Problem: DNNs are often seen as Blackboxes
[26], this is especially problematic in end-to-end realizations.
The fact that it is not really visible what happens inside the
hidden layers between in- and output and how it finally gets
to its solution is the reason a lot of companies hesistate to
use DNNs. Furthermore, troubleshooting and debugging can
sometimes be a hard task the deeper a network gets. Especially
in applications concerning the security of human life it is
absolutely necessary to know exactly what the system does.
It is one major hindrance to first collect enough training data
of so called ”corner cases”, situations in autonomous driving
that are extremely rare but dangerous at the same time, and
later validate the behaviour of the network in those cases [19].

4) Manipulability: Although DNNs perform robust in
various conditions, they are not completely secure against
manipulation. In 2013, a Group of Scientists from Google,
Facebook and some major US Universities published a paper
where they were able to spoof at that time state-of-the-art
DNNs such as AlexNet with putting filters or minimal
distortions over test pictures that a human eye can’t even
recognize but led the DNNs to drop their accuracy by
a factor of ten. This Problem is not limited to camera
signals, also other sensors like Lidar are spoofable with
similar tricks [38]. To overcome this problem, techniques
like the previously mentioned data augmentation or batch
normalization, introduced by Ioffe et al. [39] to reduce
covariate shift, are used.

5) Safety Validation: The final challenge is to make security
and safety validation of DNNs in autonomous driving meet
auto industy standards as they calculate stochastic results that
are likely to make false positive and false negative decisions
[19]. The human level safety is said to be near a mean time
between failure of 109 hours. It would take a fleet of million
cars that operates one hour a day thousand days of testing to
see one catastrophic failure. In fact, you must repeat testing
several times to achieve statistically signifcant statements.
Furthermore, it is impossible to test every corner situation
that may occur due to exponentially exploding combination
possibilities of different kind of impacts such as sensor or
system failure, weather conditions, unusual behaviour of other
road users and many more. To cope with these blind spots
in the safety validation of DNNs a relatively mature testing
technology could be fault injection. The reason why very
high Automotive Safety Integrity Levels (ASIL) [40] must
be achieved with full autonomy is that there might be critical
situations where the driver does not have the ability to take
corrections, instead the computer system must handle any
fault or risk occurance. An approach to lessen this Problem
is to use ASIL-decomposition where a monitor/actuator
architecture is used. The monitor is designed with high
level ASIL while the actuator can work on a lower level. In
combination with heterogeneous redundancy the ASIL level
is further increased and the system is able to do a saftey
fail-stop if necessary.

This section examined the advantages and hindrances
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Survey of neural networks in autonomous driving
Gustav von Zitzewitz

Abstract—For the last five years neural networks are in the center
of attention when talking about the reachability of autonomous
driving. After briefly introducing the theoretical background
of deep neural networks this report gives an overview of
current applications using state-of-the-art system architectures
like recurrent and convolutional neural networks. Furthermore,
it examines the advantages and hindrances that are connected
to the use of deep learning. It raises and tries to answer the
questions that a vehicle needs to be able to answer to achieve
autonomy: Where am I? Where is everybody else? How do I get
from A to B? What is the driver up to? Finally, it discusses the
state of research and gives a hint about future possibilities for
further improvement.

I. INTRODUCTION TO DEEP NEURAL NETWORKS

DEEP neural networks (DNN) are at the moment the field
of research in data science where the most effort and as a

result progress is made. Every year new network architectures
and improvements to existing systems are presented by a wide
range of scientists all over the globe. Big tech companies such
as Google and Facebook as well as carmakers such as BMW
and Tesla invest billions in the research of deep learning, which
pushes the development to not yet seen levels. As the objective
of this report is to survey neural networks in autonomous
driving, the report is structured as follows: First there is a brief
introduction on the topic of DNNs. Therefore the main char-
acteristics as well as the most important network architectures
for autonomous driving approaches, recurrent neural networks
(RNN) and convolutional neural networks (CNN) are intro-
duced. Moreover, different learning techniques like supervised,
unsupervised and reinforcement learning and various types of
fundamental tasks for DNNs, such as classification, regression,
object detection and segmentation are presented. Since there
are plenty of available sources, such as Goodfellow et al.
[1] concerning deep learning (DL) and neural nets (NN), the
mathematical basics are not discussed because it would exceed
the scope of this report and as they can be quickly acquired if
necessary. Second current applications including localization
and mapping, scene understanding, movement planning and
driver state are presented. Third advantages and hindrances
of DL are weighted against each other to finally discuss the
results, followed by a possible outlook for the future.

A. Characteristics
Neural networks contain three types of layers: Input, hidden
and output, each consisting of one to many nodes whereas
each node is represented by a set of weights and one bias. This

Authors: Gustav von Zitzewitz (3636797, Gustav.Zitzewitz@tum.de),
Course: Advanced Seminar Summer Semester 2017 Submitted: July 13, 2017
Supervisor: Dipl.-Math. Florian Mirusa. Neuroscientific System Theory (Prof.
Dr. Jörg Conradt), Technische Universität München, Arcisstraße 21, 80333
München, Germany.

leads to the question, what makes a NN deep? It is the fact
that multiple hidden layers are connected between the input
and output layer whereas several mathematical functions are
combined in each of them. The essential part of each hidden
layer is the activation function to introduce non-linearity into
the network, which makes it able to solve non-linear equations.
DL works with increasing the complexity of those combined
functions with layer depth. After the information is passed
through the net it is most often reassembled. This can be
done for example with fully connected layers to feed an N-
way softmax function that transfers weights to possibilities
of N possible outcomes. In contrast to that, DNNs can also
be trained in an end-to-end fashion where the input is maped
directly to a control signal as output. Finally, there are two
different states of a network: First the training process, where
a calculated error is minimized by backpropagation, where the
weights and bias are adjusted according to the negative gradi-
ent, in combination with various optimization possibilitest like
adaptive learningrate or momentum [2], [3]. Second inference,
where training is completed and the network operates on it’s
specific task on unseen data.
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a mechanical system, which usually contains rich information in the raw data and is sensitive to
training time as well as model size.

Aiming to address the two problems of multi-sensor data fusion mentioned above, this paper proposes
an adaptive data fusion method based on DCNN and applies it to detect the health conditions of a planetary
gearbox. Different from conventional methods, the proposed method is able to (1) extract features from
raw data automatically and (2) optimize a combination of different fusion levels adaptively for any specific
fault diagnosis task with less dependence on expert knowledge or human labor.

The rest of the paper is organized as follows. In Section 2, the typical architecture of DCNN and
an adaptive training method are briefly described. Section 3 illustrates the procedures of the proposed
method, the design of the DCNN model, and several comparative methods introduced to further
analyze the performance of the proposed method. In Section 4, an experimental system of a planetary
gearbox test rig is used to validate the effectiveness of the proposed method. Finally, the conclusions
are drawn in Section 5.

2. Deep Convolutional Neural Networks

2.1. Architecture of Deep Convolutional Neural Networks

DCNN is a type of DNN model inspired by visual system structure [11,21], and it has
become the dominant approach for almost all recognition and detection tasks in image and speech
analysis [22–24]. DCNN contains three kinds of layers [25], which are the convolutional layer,
pooling layer, and fully-connected layer. As shown in Figure 1, the first several layers of a typical
DCNN usually consist of a combination of two types of layers—convolutional layers, followed by
pooling layers—and the last layer is a fully-connected layer. In the following part, we will describe
these three kinds of layers in more detail.

Figure 1. A typical architecture of deep convolutional neural network (DCNN).

The convolutional layer is composed of a number of two-dimensional (2D) filters with weighted
parameters. These filters convolute with input data and obtain an output, named as feature maps.
Each filter shares the same weighted parameters for all the patches of the input data to reduce the
training time and complication of the model, which is different from a traditional neural network
with different weighted parameters for different patches of the input data. Suppose the input of the
convolutional layer is X, which belongs to RA�B, and A and B are the dimensions of the input data.
Then the output of the convolutional layer can be calculated as follows [26]:

Ccn = f

�
CC

�
cc=1

Xl�1
cc � Wl

cn + Bl
cn

�
(1)

Figure 1. Exemplary architecture of a CNN with multiple hidden layers
[4]: Next to the Input there are several layers containing convolutional and
pooling stages. After the final fully connected layer the softmax regression is
computed as output. The activation function stages are not explicitly shown
in the picture but they are applied after each convolutional stage.

B. Architecture
There are multiple architectures of DNNs [5], [6] that can
handle all kind of input data for different tasks, but they are
basically separable in two main types: Feedforward (FFNN)
and recurrent neural networks.

1) Convolutional Neural Networks: For computer vision
tasks the current benchmark are CNNs. They typically contain
three stages in most hidden layers as shown in figure 1. Next
to the activation functions, which are most likely rectified
linear units (ReLU) [7], convolutional filter stages are applied
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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 253,440–186,624–64,896–64,896–43,264–
4096–4096–1000.

neurons in a kernel map). The second convolutional layer takes as input the (response-normalized
and pooled) output of the first convolutional layer and filters it with 256 kernels of size 5⇥ 5⇥ 48.
The third, fourth, and fifth convolutional layers are connected to one another without any intervening
pooling or normalization layers. The third convolutional layer has 384 kernels of size 3 ⇥ 3 ⇥
256 connected to the (normalized, pooled) outputs of the second convolutional layer. The fourth
convolutional layer has 384 kernels of size 3 ⇥ 3 ⇥ 192 , and the fifth convolutional layer has 256
kernels of size 3⇥ 3⇥ 192. The fully-connected layers have 4096 neurons each.

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

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 distinct 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⇥ 224 patches (and their horizontal reflections) from the
256⇥256 images and training our network on these extracted patches4. This increases the size of our
training set by a factor of 2048, though the resulting training examples are, of course, highly inter-
dependent. Without this scheme, our network suffers from substantial overfitting, which would have
forced us to use much smaller networks. At test time, the network makes a prediction by extracting
five 224 ⇥ 224 patches (the four corner patches and the center patch) as well as their horizontal
reflections (hence ten patches in all), and averaging the predictions made by the network’s softmax
layer on the ten patches.

The second form of data augmentation consists of altering the intensities of the RGB channels in
training images. Specifically, we perform PCA on the set of RGB pixel values throughout the
ImageNet training set. To each training image, we add multiples of the found principal components,

4This is the reason why the input images in Figure 2 are 224⇥ 224⇥ 3-dimensional.
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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 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 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.

1
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VERY DEEP CONVOLUTIONAL NETWORKS
FOR LARGE-SCALE IMAGE RECOGNITION

Karen Simonyan∗ & Andrew Zisserman+
Visual Geometry Group, Department of Engineering Science, University of Oxford
{karen,az}@robots.ox.ac.uk

ABSTRACT

In this work we investigate the effect of the convolutional network depth on its
accuracy in the large-scale image recognition setting. Our main contribution is
a thorough evaluation of networks of increasing depth using an architecture with
very small (3× 3) convolution filters, which shows that a significant improvement
on the prior-art configurations can be achieved by pushing the depth to 16–19
weight layers. These findings were the basis of our ImageNet Challenge 2014
submission, where our team secured the first and the second places in the localisa-
tion and classification tracks respectively. We also show that our representations
generalise well to other datasets, where they achieve state-of-the-art results. We
have made our two best-performing ConvNet models publicly available to facili-
tate further research on the use of deep visual representations in computer vision.

1 INTRODUCTION

Convolutional networks (ConvNets) have recently enjoyed a great success in large-scale im-
age and video recognition (Krizhevsky et al., 2012; Zeiler & Fergus, 2013; Sermanet et al., 2014;
Simonyan & Zisserman, 2014) which has become possible due to the large public image reposito-
ries, such as ImageNet (Deng et al., 2009), and high-performance computing systems, such as GPUs
or large-scale distributed clusters (Dean et al., 2012). In particular, an important role in the advance
of deep visual recognition architectures has been played by the ImageNet Large-Scale Visual Recog-
nition Challenge (ILSVRC) (Russakovsky et al., 2014), which has served as a testbed for a few
generations of large-scale image classification systems, from high-dimensional shallow feature en-
codings (Perronnin et al., 2010) (the winner of ILSVRC-2011) to deep ConvNets (Krizhevsky et al.,
2012) (the winner of ILSVRC-2012).

With ConvNets becoming more of a commodity in the computer vision field, a number of at-
tempts have been made to improve the original architecture of Krizhevsky et al. (2012) in a
bid to achieve better accuracy. For instance, the best-performing submissions to the ILSVRC-
2013 (Zeiler & Fergus, 2013; Sermanet et al., 2014) utilised smaller receptive window size and
smaller stride of the first convolutional layer. Another line of improvements dealt with training
and testing the networks densely over the whole image and over multiple scales (Sermanet et al.,
2014; Howard, 2014). In this paper, we address another important aspect of ConvNet architecture
design – its depth. To this end, we fix other parameters of the architecture, and steadily increase the
depth of the network by adding more convolutional layers, which is feasible due to the use of very
small (3× 3) convolution filters in all layers.

As a result, we come up with significantly more accurate ConvNet architectures, which not only
achieve the state-of-the-art accuracy on ILSVRC classification and localisation tasks, but are also
applicable to other image recognition datasets, where they achieve excellent performance even when
used as a part of a relatively simple pipelines (e.g. deep features classified by a linear SVM without
fine-tuning). We have released our two best-performing models1 to facilitate further research.

The rest of the paper is organised as follows. In Sect. 2, we describe our ConvNet configurations.
The details of the image classification training and evaluation are then presented in Sect. 3, and the

∗current affiliation: Google DeepMind +current affiliation: University of Oxford and Google DeepMind
1http://www.robots.ox.ac.uk/˜vgg/research/very_deep/
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Table 1: ConvNet configurations (shown in columns). The depth of the configurations increases
from the left (A) to the right (E), as more layers are added (the added layers are shown in bold). The
convolutional layer parameters are denoted as “conv⟨receptive field size⟩-⟨number of channels⟩”.
The ReLU activation function is not shown for brevity.

ConvNet Configuration
A A-LRN B C D E

11 weight 11 weight 13 weight 16 weight 16 weight 19 weight
layers layers layers layers layers layers

input (224× 224 RGB image)
conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64

LRN conv3-64 conv3-64 conv3-64 conv3-64
maxpool

conv3-128 conv3-128 conv3-128 conv3-128 conv3-128 conv3-128
conv3-128 conv3-128 conv3-128 conv3-128

maxpool
conv3-256 conv3-256 conv3-256 conv3-256 conv3-256 conv3-256
conv3-256 conv3-256 conv3-256 conv3-256 conv3-256 conv3-256

conv1-256 conv3-256 conv3-256
conv3-256

maxpool
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512 conv3-512
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512 conv3-512

conv1-512 conv3-512 conv3-512
conv3-512

maxpool
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512 conv3-512
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512 conv3-512

conv1-512 conv3-512 conv3-512
conv3-512

maxpool
FC-4096
FC-4096
FC-1000
soft-max

Table 2: Number of parameters (in millions).
Network A,A-LRN B C D E
Number of parameters 133 133 134 138 144

such layers have a 7 × 7 effective receptive field. So what have we gained by using, for instance, a
stack of three 3×3 conv. layers instead of a single 7×7 layer? First, we incorporate three non-linear
rectification layers instead of a single one, which makes the decision function more discriminative.
Second, we decrease the number of parameters: assuming that both the input and the output of a
three-layer 3× 3 convolution stack has C channels, the stack is parametrised by 3

(

32C2
)

= 27C2

weights; at the same time, a single 7 × 7 conv. layer would require 72C2 = 49C2 parameters, i.e.
81% more. This can be seen as imposing a regularisation on the 7× 7 conv. filters, forcing them to
have a decomposition through the 3× 3 filters (with non-linearity injected in between).

The incorporation of 1 × 1 conv. layers (configuration C, Table 1) is a way to increase the non-
linearity of the decision function without affecting the receptive fields of the conv. layers. Even
though in our case the 1× 1 convolution is essentially a linear projection onto the space of the same
dimensionality (the number of input and output channels is the same), an additional non-linearity is
introduced by the rectification function. It should be noted that 1×1 conv. layers have recently been
utilised in the “Network in Network” architecture of Lin et al. (2014).

Small-size convolution filters have been previously used by Ciresan et al. (2011), but their nets
are significantly less deep than ours, and they did not evaluate on the large-scale ILSVRC
dataset. Goodfellow et al. (2014) applied deep ConvNets (11 weight layers) to the task of
street number recognition, and showed that the increased depth led to better performance.
GoogLeNet (Szegedy et al., 2014), a top-performing entry of the ILSVRC-2014 classification task,
was developed independently of our work, but is similar in that it is based on very deep ConvNets

3
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Figure 2: Inception module

ber of filters in the previous stage. The merging of output
of the pooling layer with outputs of the convolutional lay-
ers would lead to an inevitable increase in the number of
outputs from stage to stage. While this architecture might
cover the optimal sparse structure, it would do it very inef-
ficiently, leading to a computational blow up within a few
stages.

This leads to the second idea of the Inception architec-
ture: judiciously reducing dimension wherever the compu-
tational requirements would increase too much otherwise.
This is based on the success of embeddings: even low di-
mensional embeddings might contain a lot of information
about a relatively large image patch. However, embed-
dings represent information in a dense, compressed form
and compressed information is harder to process. The rep-
resentation should be kept sparse at most places (as required
by the conditions of [2]) and compress the signals only
whenever they have to be aggregated en masse. That is,
1⇥1 convolutions are used to compute reductions before
the expensive 3⇥3 and 5⇥5 convolutions. Besides being
used as reductions, they also include the use of rectified lin-
ear activation making them dual-purpose. The final result is
depicted in Figure 2(b).

In general, an Inception network is a network consist-
ing of modules of the above type stacked upon each other,
with occasional max-pooling layers with stride 2 to halve
the resolution of the grid. For technical reasons (memory

efficiency during training), it seemed beneficial to start us-
ing Inception modules only at higher layers while keeping
the lower layers in traditional convolutional fashion. This is
not strictly necessary, simply reflecting some infrastructural
inefficiencies in our current implementation.

A useful aspect of this architecture is that it allows for
increasing the number of units at each stage significantly
without an uncontrolled blow-up in computational com-
plexity at later stages. This is achieved by the ubiquitous
use of dimensionality reduction prior to expensive convolu-
tions with larger patch sizes. Furthermore, the design fol-
lows the practical intuition that visual information should
be processed at various scales and then aggregated so that
the next stage can abstract features from the different scales
simultaneously.

The improved use of computational resources allows for
increasing both the width of each stage as well as the num-
ber of stages without getting into computational difficulties.
One can utilize the Inception architecture to create slightly
inferior, but computationally cheaper versions of it. We
have found that all the available knobs and levers allow for
a controlled balancing of computational resources resulting
in networks that are 3� 10⇥ faster than similarly perform-
ing networks with non-Inception architecture, however this
requires careful manual design at this point.

5. GoogLeNet

By the“GoogLeNet” name we refer to the particular in-
carnation of the Inception architecture used in our submis-
sion for the ILSVRC 2014 competition. We also used one
deeper and wider Inception network with slightly superior
quality, but adding it to the ensemble seemed to improve the
results only marginally. We omit the details of that network,
as empirical evidence suggests that the influence of the ex-
act architectural parameters is relatively minor. Table 1 il-
lustrates the most common instance of Inception used in the
competition. This network (trained with different image-
patch sampling methods) was used for 6 out of the 7 models
in our ensemble.

All the convolutions, including those inside the Incep-
tion modules, use rectified linear activation. The size of the
receptive field in our network is 224⇥224 in the RGB color
space with zero mean. “#3⇥3 reduce” and “#5⇥5 reduce”
stands for the number of 1⇥1 filters in the reduction layer
used before the 3⇥3 and 5⇥5 convolutions. One can see
the number of 1⇥1 filters in the projection layer after the
built-in max-pooling in the pool proj column. All these re-
duction/projection layers use rectified linear activation as
well.

The network was designed with computational efficiency
and practicality in mind, so that inference can be run on in-
dividual devices including even those with limited compu-
tational resources, especially with low-memory footprint.

• A linear layer with softmax loss as the classifier (pre-
dicting the same 1000 classes as the main classifier, but
removed at inference time).

A schematic view of the resulting network is depicted in
Figure 3.

6. Training Methodology

GoogLeNet networks were trained using the DistBe-
lief [4] distributed machine learning system using mod-
est amount of model and data-parallelism. Although we
used a CPU based implementation only, a rough estimate
suggests that the GoogLeNet network could be trained to
convergence using few high-end GPUs within a week, the
main limitation being the memory usage. Our training used
asynchronous stochastic gradient descent with 0.9 momen-
tum [17], fixed learning rate schedule (decreasing the learn-
ing rate by 4% every 8 epochs). Polyak averaging [13] was
used to create the final model used at inference time.

Image sampling methods have changed substantially
over the months leading to the competition, and already
converged models were trained on with other options, some-
times in conjunction with changed hyperparameters, such
as dropout and the learning rate. Therefore, it is hard to
give a definitive guidance to the most effective single way
to train these networks. To complicate matters further, some
of the models were mainly trained on smaller relative crops,
others on larger ones, inspired by [8]. Still, one prescrip-
tion that was verified to work very well after the competi-
tion, includes sampling of various sized patches of the im-
age whose size is distributed evenly between 8% and 100%
of the image area with aspect ratio constrained to the inter-
val [ 34 ,

4
3 ]. Also, we found that the photometric distortions

of Andrew Howard [8] were useful to combat overfitting to
the imaging conditions of training data.

7. ILSVRC 2014 Classification Challenge

Setup and Results

The ILSVRC 2014 classification challenge involves the
task of classifying the image into one of 1000 leaf-node cat-
egories in the Imagenet hierarchy. There are about 1.2 mil-
lion images for training, 50,000 for validation and 100,000
images for testing. Each image is associated with one
ground truth category, and performance is measured based
on the highest scoring classifier predictions. Two num-
bers are usually reported: the top-1 accuracy rate, which
compares the ground truth against the first predicted class,
and the top-5 error rate, which compares the ground truth
against the first 5 predicted classes: an image is deemed
correctly classified if the ground truth is among the top-5,
regardless of its rank in them. The challenge uses the top-5
error rate for ranking purposes.
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Figure 3: GoogLeNet network with all the bells and whistles.
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Abstract

Deeper neural networks are more difficult to train. We
present a residual learning framework to ease the training
of networks that are substantially deeper than those used
previously. We explicitly reformulate the layers as learn-
ing residual functions with reference to the layer inputs, in-
stead of learning unreferenced functions. We provide com-
prehensive empirical evidence showing that these residual
networks are easier to optimize, and can gain accuracy from
considerably increased depth. On the ImageNet dataset we
evaluate residual nets with a depth of up to 152 layers—8⇥
deeper than VGG nets [41] but still having lower complex-
ity. An ensemble of these residual nets achieves 3.57% error
on the ImageNet test set. This result won the 1st place on the
ILSVRC 2015 classification task. We also present analysis
on CIFAR-10 with 100 and 1000 layers.

The depth of representations is of central importance
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 competitions1, where we also won the 1st
places on the tasks of ImageNet detection, ImageNet local-
ization, COCO detection, and COCO segmentation.

1. Introduction

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

1
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.

greatly benefited from very deep models.
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 converging, a
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. 1 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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Figure 3. Example network architectures for ImageNet. Left: the
VGG-19 model [41] (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 layers (3.6 billion
FLOPs). The dotted shortcuts increase dimensions. Table 1 shows
more details and other variants.

Residual 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
shortcuts (Eqn.(1)) can be directly used when the input and
output are of the same dimensions (solid line shortcuts in
Fig. 3). When the dimensions increase (dotted line shortcuts
in Fig. 3), we consider two options: (A) The shortcut still
performs identity mapping, with extra zero entries padded
for increasing dimensions. This option introduces no extra
parameter; (B) The projection shortcut in Eqn.(2) is used to
match dimensions (done by 1⇥1 convolutions). For both
options, when the shortcuts go across feature maps of two
sizes, they are performed with a stride of 2.

3.4. Implementation

Our implementation for ImageNet follows the practice
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
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⇥ 104 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 classifi-
cation dataset [36] that consists of 1000 classes. The models
are trained on the 1.28 million training images, and evalu-
ated on the 50k validation images. We also obtain a final
result on the 100k test images, reported by the test server.
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
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
plain net. To reveal the reasons, in Fig. 4 (left) we com-
pare their training/validation errors during the training pro-
cedure. We have observed the degradation problem - the
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Figure 2. Residual learning: a building block.

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
introducing a deep residual learning framework. In-
stead of hoping each few stacked layers directly fit a
desired underlying mapping, we explicitly let these lay-
ers fit a residual mapping. Formally, denoting the desired
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 F(x)+x. We 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
the 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-
tional complexity. The entire network can still be trained
end-to-end by SGD with backpropagation, and can be eas-
ily implemented using common libraries (e.g., Caffe [19])
without modifying the solvers.

We present comprehensive experiments on ImageNet
[36] to show the degradation problem and evaluate our
method. We show that: 1) Our extremely deep residual nets
are easy to optimize, but the counterpart “plain” nets (that
simply stack layers) exhibit higher training error when the
depth increases; 2) Our deep residual nets can easily enjoy
accuracy gains from greatly increased depth, producing re-
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

ImageNet test set, and won the 1st place in the ILSVRC
2015 classification competition. The extremely deep rep-
resentations also have excellent generalization performance
on other recognition tasks, and lead us to further win the
1st places on: ImageNet detection, ImageNet localization,
COCO detection, and COCO segmentation in ILSVRC &
COCO 2015 competitions. This strong evidence shows that
the residual learning principle is generic, and we expect that
it is applicable in other vision and non-vision problems.

2. Related Work

Residual Representations. In image recognition, VLAD
[18] is a representation that encodes by the residual vectors
with respect to a dictionary, and Fisher Vector [30] can be
formulated as a probabilistic version [18] of VLAD. Both
of them are powerful shallow representations for image re-
trieval and classification [4, 48]. For vector quantization,
encoding residual vectors [17] is shown to be more effec-
tive than 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 [45, 46], which relies on variables that repre-
sent residual vectors between two scales. It has been shown
[3, 45, 46] that these solvers converge much faster than stan-
dard solvers that are unaware of the residual nature of the
solutions. These methods suggest that a good reformulation
or preconditioning can simplify the optimization.

Shortcut Connections. Practices and theories that lead to
shortcut connections [2, 34, 49] 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 [34, 49]. In [44, 24], a few interme-
diate layers are directly connected to auxiliary classifiers
for addressing vanishing/exploding gradients. The papers
of [39, 38, 31, 47] propose methods for centering layer re-
sponses, gradients, and propagated errors, implemented by
shortcut connections. In [44], an “inception” layer is com-
posed of a shortcut branch and a few deeper branches.

Concurrent with our work, “highway networks” [42, 43]
present shortcut connections with gating functions [15].
These gates are data-dependent and have parameters, in
contrast to our identity shortcuts that are parameter-free.
When a gated shortcut is “closed” (approaching zero), the
layers in highway networks represent non-residual func-
tions. On the contrary, our formulation always learns
residual functions; our identity shortcuts are never closed,
and all information is always passed through, with addi-
tional residual functions to be learned. In addition, high-
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Figure 2: Inception module

ber of filters in the previous stage. The merging of output
of the pooling layer with outputs of the convolutional lay-
ers would lead to an inevitable increase in the number of
outputs from stage to stage. While this architecture might
cover the optimal sparse structure, it would do it very inef-
ficiently, leading to a computational blow up within a few
stages.

This leads to the second idea of the Inception architec-
ture: judiciously reducing dimension wherever the compu-
tational requirements would increase too much otherwise.
This is based on the success of embeddings: even low di-
mensional embeddings might contain a lot of information
about a relatively large image patch. However, embed-
dings represent information in a dense, compressed form
and compressed information is harder to process. The rep-
resentation should be kept sparse at most places (as required
by the conditions of [2]) and compress the signals only
whenever they have to be aggregated en masse. That is,
1⇥1 convolutions are used to compute reductions before
the expensive 3⇥3 and 5⇥5 convolutions. Besides being
used as reductions, they also include the use of rectified lin-
ear activation making them dual-purpose. The final result is
depicted in Figure 2(b).

In general, an Inception network is a network consist-
ing of modules of the above type stacked upon each other,
with occasional max-pooling layers with stride 2 to halve
the resolution of the grid. For technical reasons (memory

efficiency during training), it seemed beneficial to start us-
ing Inception modules only at higher layers while keeping
the lower layers in traditional convolutional fashion. This is
not strictly necessary, simply reflecting some infrastructural
inefficiencies in our current implementation.

A useful aspect of this architecture is that it allows for
increasing the number of units at each stage significantly
without an uncontrolled blow-up in computational com-
plexity at later stages. This is achieved by the ubiquitous
use of dimensionality reduction prior to expensive convolu-
tions with larger patch sizes. Furthermore, the design fol-
lows the practical intuition that visual information should
be processed at various scales and then aggregated so that
the next stage can abstract features from the different scales
simultaneously.

The improved use of computational resources allows for
increasing both the width of each stage as well as the num-
ber of stages without getting into computational difficulties.
One can utilize the Inception architecture to create slightly
inferior, but computationally cheaper versions of it. We
have found that all the available knobs and levers allow for
a controlled balancing of computational resources resulting
in networks that are 3� 10⇥ faster than similarly perform-
ing networks with non-Inception architecture, however this
requires careful manual design at this point.

5. GoogLeNet

By the“GoogLeNet” name we refer to the particular in-
carnation of the Inception architecture used in our submis-
sion for the ILSVRC 2014 competition. We also used one
deeper and wider Inception network with slightly superior
quality, but adding it to the ensemble seemed to improve the
results only marginally. We omit the details of that network,
as empirical evidence suggests that the influence of the ex-
act architectural parameters is relatively minor. Table 1 il-
lustrates the most common instance of Inception used in the
competition. This network (trained with different image-
patch sampling methods) was used for 6 out of the 7 models
in our ensemble.

All the convolutions, including those inside the Incep-
tion modules, use rectified linear activation. The size of the
receptive field in our network is 224⇥224 in the RGB color
space with zero mean. “#3⇥3 reduce” and “#5⇥5 reduce”
stands for the number of 1⇥1 filters in the reduction layer
used before the 3⇥3 and 5⇥5 convolutions. One can see
the number of 1⇥1 filters in the projection layer after the
built-in max-pooling in the pool proj column. All these re-
duction/projection layers use rectified linear activation as
well.

The network was designed with computational efficiency
and practicality in mind, so that inference can be run on in-
dividual devices including even those with limited compu-
tational resources, especially with low-memory footprint.

al,k =
X

j

wl,kj ⇤ hl�1,j + bl,k
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Figure 2. Residual learning: a building block.

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
introducing a deep residual learning framework. In-
stead of hoping each few stacked layers directly fit a
desired underlying mapping, we explicitly let these lay-
ers fit a residual mapping. Formally, denoting the desired
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 F(x)+x. We 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
the 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-
tional complexity. The entire network can still be trained
end-to-end by SGD with backpropagation, and can be eas-
ily implemented using common libraries (e.g., Caffe [19])
without modifying the solvers.

We present comprehensive experiments on ImageNet
[36] to show the degradation problem and evaluate our
method. We show that: 1) Our extremely deep residual nets
are easy to optimize, but the counterpart “plain” nets (that
simply stack layers) exhibit higher training error when the
depth increases; 2) Our deep residual nets can easily enjoy
accuracy gains from greatly increased depth, producing re-
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

ImageNet test set, and won the 1st place in the ILSVRC
2015 classification competition. The extremely deep rep-
resentations also have excellent generalization performance
on other recognition tasks, and lead us to further win the
1st places on: ImageNet detection, ImageNet localization,
COCO detection, and COCO segmentation in ILSVRC &
COCO 2015 competitions. This strong evidence shows that
the residual learning principle is generic, and we expect that
it is applicable in other vision and non-vision problems.

2. Related Work

Residual Representations. In image recognition, VLAD
[18] is a representation that encodes by the residual vectors
with respect to a dictionary, and Fisher Vector [30] can be
formulated as a probabilistic version [18] of VLAD. Both
of them are powerful shallow representations for image re-
trieval and classification [4, 48]. For vector quantization,
encoding residual vectors [17] is shown to be more effec-
tive than 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 [45, 46], which relies on variables that repre-
sent residual vectors between two scales. It has been shown
[3, 45, 46] that these solvers converge much faster than stan-
dard solvers that are unaware of the residual nature of the
solutions. These methods suggest that a good reformulation
or preconditioning can simplify the optimization.

Shortcut Connections. Practices and theories that lead to
shortcut connections [2, 34, 49] 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 [34, 49]. In [44, 24], a few interme-
diate layers are directly connected to auxiliary classifiers
for addressing vanishing/exploding gradients. The papers
of [39, 38, 31, 47] propose methods for centering layer re-
sponses, gradients, and propagated errors, implemented by
shortcut connections. In [44], an “inception” layer is com-
posed of a shortcut branch and a few deeper branches.

Concurrent with our work, “highway networks” [42, 43]
present shortcut connections with gating functions [15].
These gates are data-dependent and have parameters, in
contrast to our identity shortcuts that are parameter-free.
When a gated shortcut is “closed” (approaching zero), the
layers in highway networks represent non-residual func-
tions. On the contrary, our formulation always learns
residual functions; our identity shortcuts are never closed,
and all information is always passed through, with addi-
tional residual functions to be learned. In addition, high-
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Abstract

Deeper neural networks are more difficult to train. We
present a residual learning framework to ease the training
of networks that are substantially deeper than those used
previously. We explicitly reformulate the layers as learn-
ing residual functions with reference to the layer inputs, in-
stead of learning unreferenced functions. We provide com-
prehensive empirical evidence showing that these residual
networks are easier to optimize, and can gain accuracy from
considerably increased depth. On the ImageNet dataset we
evaluate residual nets with a depth of up to 152 layers—8⇥
deeper than VGG nets [41] but still having lower complex-
ity. An ensemble of these residual nets achieves 3.57% error
on the ImageNet test set. This result won the 1st place on the
ILSVRC 2015 classification task. We also present analysis
on CIFAR-10 with 100 and 1000 layers.

The depth of representations is of central importance
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 competitions1, where we also won the 1st
places on the tasks of ImageNet detection, ImageNet local-
ization, COCO detection, and COCO segmentation.

1. Introduction

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

1
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.

greatly benefited from very deep models.
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 converging, a
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. 1 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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Figure 3. Example network architectures for ImageNet. Left: the
VGG-19 model [41] (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 layers (3.6 billion
FLOPs). The dotted shortcuts increase dimensions. Table 1 shows
more details and other variants.

Residual 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
shortcuts (Eqn.(1)) can be directly used when the input and
output are of the same dimensions (solid line shortcuts in
Fig. 3). When the dimensions increase (dotted line shortcuts
in Fig. 3), we consider two options: (A) The shortcut still
performs identity mapping, with extra zero entries padded
for increasing dimensions. This option introduces no extra
parameter; (B) The projection shortcut in Eqn.(2) is used to
match dimensions (done by 1⇥1 convolutions). For both
options, when the shortcuts go across feature maps of two
sizes, they are performed with a stride of 2.

3.4. Implementation

Our implementation for ImageNet follows the practice
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
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⇥ 104 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 classifi-
cation dataset [36] that consists of 1000 classes. The models
are trained on the 1.28 million training images, and evalu-
ated on the 50k validation images. We also obtain a final
result on the 100k test images, reported by the test server.
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
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
plain net. To reveal the reasons, in Fig. 4 (left) we com-
pare their training/validation errors during the training pro-
cedure. We have observed the degradation problem - the

4



Computer
Vision So far only image-wide classification

Fig. 2. Architecture of LeNet-5, a convolutional NN, here used for digits recognition. Each plane
is a feature map, i.e., a set of units whose weights are constrained to be identical.

or other 2-D or one-dimensional (1-D) signals, must be
approximately size normalized and centered in the input
field. Unfortunately, no such preprocessing can be perfect:
handwriting is often normalized at the word level, which
can cause size, slant, and position variations for individual
characters. This, combined with variability in writing style,
will cause variations in the position of distinctive features
in input objects. In principle, a fully connected network of
sufficient size could learn to produce outputs that are invari-
ant with respect to such variations. However, learning such
a task would probably result in multiple units with similar
weight patterns positioned at various locations in the input
so as to detect distinctive features wherever they appear on
the input. Learning these weight configurations requires a
very large number of training instances to cover the space of
possible variations. In convolutional networks, as described
below, shift invariance is automatically obtained by forcing
the replication of weight configurations across space.
Secondly, a deficiency of fully connected architectures is

that the topology of the input is entirely ignored. The input
variables can be presented in any (fixed) order without af-
fecting the outcome of the training. On the contrary, images
(or time-frequency representations of speech) have a strong
2-D local structure: variables (or pixels) that are spatially or
temporally nearby are highly correlated. Local correlations
are the reasons for the well-known advantages of extracting
and combining local features before recognizing spatial
or temporal objects, because configurations of neighboring
variables can be classified into a small number of categories
(e.g., edges, corners, etc.). Convolutional networks force
the extraction of local features by restricting the receptive
fields of hidden units to be local.

A. Convolutional Networks
Convolutional networks combine three architectural ideas

to ensure some degree of shift, scale, and distortion in-
variance: 1) local receptive fields; 2) shared weights (or
weight replication); and 3) spatial or temporal subsampling.
A typical convolutional network for recognizing characters,
dubbed LeNet-5, is shown in Fig. 2. The input plane
receives images of characters that are approximately size
normalized and centered. Each unit in a layer receives
inputs from a set of units located in a small neighborhood

in the previous layer. The idea of connecting units to local
receptive fields on the input goes back to the perceptron in
the early 1960’s, and it was almost simultaneous with Hubel
and Wiesel’s discovery of locally sensitive, orientation-
selective neurons in the cat’s visual system [30]. Local
connections have been used many times in neural models
of visual learning [2], [18], [31]–[34]. With local receptive
fields neurons can extract elementary visual features such
as oriented edges, endpoints, corners (or similar features in
other signals such as speech spectrograms). These features
are then combined by the subsequent layers in order to
detect higher order features. As stated earlier, distortions or
shifts of the input can cause the position of salient features
to vary. In addition, elementary feature detectors that are
useful on one part of the image are likely to be useful across
the entire image. This knowledge can be applied by forcing
a set of units, whose receptive fields are located at different
places on the image, to have identical weight vectors [15],
[32], [34]. Units in a layer are organized in planes within
which all the units share the same set of weights. The set of
outputs of the units in such a plane is called a feature map.
Units in a feature map are all constrained to perform the
same operation on different parts of the image. A complete
convolutional layer is composed of several feature maps
(with different weight vectors), so that multiple features
can be extracted at each location. A concrete example of
this is the first layer of LeNet-5 shown in Fig. 2. Units
in the first hidden layer of LeNet-5 are organized in six
planes, each of which is a feature map. A unit in a feature
map has 25 inputs connected to a 5 5 area in the input,
called the receptive field of the unit. Each unit has 25
inputs and therefore 25 trainable coefficients plus a trainable
bias. The receptive fields of contiguous units in a feature
map are centered on corresponding contiguous units in the
previous layer. Therefore, receptive fields of neighboring
units overlap. For example, in the first hidden layer of
LeNet-5, the receptive fields of horizontally contiguous
units overlap by four columns and five rows. As stated
earlier, all the units in a feature map share the same set of 25
weights and the same bias, so they detect the same feature
at all possible locations on the input. The other feature
maps in the layer use different sets of weights and biases,
thereby extracting different types of local features. In the
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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 253,440–186,624–64,896–64,896–43,264–
4096–4096–1000.

neurons in a kernel map). The second convolutional layer takes as input the (response-normalized
and pooled) output of the first convolutional layer and filters it with 256 kernels of size 5⇥ 5⇥ 48.
The third, fourth, and fifth convolutional layers are connected to one another without any intervening
pooling or normalization layers. The third convolutional layer has 384 kernels of size 3 ⇥ 3 ⇥
256 connected to the (normalized, pooled) outputs of the second convolutional layer. The fourth
convolutional layer has 384 kernels of size 3 ⇥ 3 ⇥ 192 , and the fifth convolutional layer has 256
kernels of size 3⇥ 3⇥ 192. The fully-connected layers have 4096 neurons each.

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

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 distinct 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⇥ 224 patches (and their horizontal reflections) from the
256⇥256 images and training our network on these extracted patches4. This increases the size of our
training set by a factor of 2048, though the resulting training examples are, of course, highly inter-
dependent. Without this scheme, our network suffers from substantial overfitting, which would have
forced us to use much smaller networks. At test time, the network makes a prediction by extracting
five 224 ⇥ 224 patches (the four corner patches and the center patch) as well as their horizontal
reflections (hence ten patches in all), and averaging the predictions made by the network’s softmax
layer on the ten patches.

The second form of data augmentation consists of altering the intensities of the RGB channels in
training images. Specifically, we perform PCA on the set of RGB pixel values throughout the
ImageNet training set. To each training image, we add multiples of the found principal components,

4This is the reason why the input images in Figure 2 are 224⇥ 224⇥ 3-dimensional.
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Figure 3. Example network architectures for ImageNet. Left: the
VGG-19 model [41] (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 layers (3.6 billion
FLOPs). The dotted shortcuts increase dimensions. Table 1 shows
more details and other variants.

Residual 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
shortcuts (Eqn.(1)) can be directly used when the input and
output are of the same dimensions (solid line shortcuts in
Fig. 3). When the dimensions increase (dotted line shortcuts
in Fig. 3), we consider two options: (A) The shortcut still
performs identity mapping, with extra zero entries padded
for increasing dimensions. This option introduces no extra
parameter; (B) The projection shortcut in Eqn.(2) is used to
match dimensions (done by 1⇥1 convolutions). For both
options, when the shortcuts go across feature maps of two
sizes, they are performed with a stride of 2.

3.4. Implementation

Our implementation for ImageNet follows the practice
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
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⇥ 104 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 classifi-
cation dataset [36] that consists of 1000 classes. The models
are trained on the 1.28 million training images, and evalu-
ated on the 50k validation images. We also obtain a final
result on the 100k test images, reported by the test server.
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
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
plain net. To reveal the reasons, in Fig. 4 (left) we com-
pare their training/validation errors during the training pro-
cedure. We have observed the degradation problem - the
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• A linear layer with softmax loss as the classifier (pre-
dicting the same 1000 classes as the main classifier, but
removed at inference time).

A schematic view of the resulting network is depicted in
Figure 3.

6. Training Methodology

GoogLeNet networks were trained using the DistBe-
lief [4] distributed machine learning system using mod-
est amount of model and data-parallelism. Although we
used a CPU based implementation only, a rough estimate
suggests that the GoogLeNet network could be trained to
convergence using few high-end GPUs within a week, the
main limitation being the memory usage. Our training used
asynchronous stochastic gradient descent with 0.9 momen-
tum [17], fixed learning rate schedule (decreasing the learn-
ing rate by 4% every 8 epochs). Polyak averaging [13] was
used to create the final model used at inference time.

Image sampling methods have changed substantially
over the months leading to the competition, and already
converged models were trained on with other options, some-
times in conjunction with changed hyperparameters, such
as dropout and the learning rate. Therefore, it is hard to
give a definitive guidance to the most effective single way
to train these networks. To complicate matters further, some
of the models were mainly trained on smaller relative crops,
others on larger ones, inspired by [8]. Still, one prescrip-
tion that was verified to work very well after the competi-
tion, includes sampling of various sized patches of the im-
age whose size is distributed evenly between 8% and 100%
of the image area with aspect ratio constrained to the inter-
val [ 34 ,

4
3 ]. Also, we found that the photometric distortions

of Andrew Howard [8] were useful to combat overfitting to
the imaging conditions of training data.

7. ILSVRC 2014 Classification Challenge

Setup and Results

The ILSVRC 2014 classification challenge involves the
task of classifying the image into one of 1000 leaf-node cat-
egories in the Imagenet hierarchy. There are about 1.2 mil-
lion images for training, 50,000 for validation and 100,000
images for testing. Each image is associated with one
ground truth category, and performance is measured based
on the highest scoring classifier predictions. Two num-
bers are usually reported: the top-1 accuracy rate, which
compares the ground truth against the first predicted class,
and the top-5 error rate, which compares the ground truth
against the first 5 predicted classes: an image is deemed
correctly classified if the ground truth is among the top-5,
regardless of its rank in them. The challenge uses the top-5
error rate for ranking purposes.
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Figure 3: GoogLeNet network with all the bells and whistles.



Computer
Vision Detection via classification: recall

• If object may be in a cluttered scene, slide a window around 
looking for it.

• a brute-force approach with many local decisions.

Car/non-car 
Classifier

Slide adapted from Kristen Grauman



Computer
Vision Regions with CNN features

• [Images adapted from the article]

• Very similar idea as sliding windows

• However, instead of sliding windows, 
they use region proposal schemes to 
make the algorithm very fast.

• Three modules:

1. Region proposals by selective search
[Uijlings et al. 2012] and warp regions 
to a fixed size

2. CNNs to extract features

3. SVM to classify

Multi-stage method and can be slow



Computer
Vision Fast Region-based CNN – Fast R-CNN

• [Images adapted from publication]
• Unifying the feature extraction and 

classification into one step
1. Region proposals are constructed
2. A CNN takes input the image and 

region proposals and classifies each 
region. 

• Roi pooling layer makes it possible
• Unified multi-class training
• Faster at test time



Computer
Vision How do we extend this to 

segmentation?
• Classification CNN 

progressively reduces the 
size of the network
• Segmentation needs to keep

the size of the image
constant
• Pixel-wise classification
• Commonly used training loss 

is pixel-wise cross entropy

Fig. 2. Architecture of LeNet-5, a convolutional NN, here used for digits recognition. Each plane
is a feature map, i.e., a set of units whose weights are constrained to be identical.

or other 2-D or one-dimensional (1-D) signals, must be
approximately size normalized and centered in the input
field. Unfortunately, no such preprocessing can be perfect:
handwriting is often normalized at the word level, which
can cause size, slant, and position variations for individual
characters. This, combined with variability in writing style,
will cause variations in the position of distinctive features
in input objects. In principle, a fully connected network of
sufficient size could learn to produce outputs that are invari-
ant with respect to such variations. However, learning such
a task would probably result in multiple units with similar
weight patterns positioned at various locations in the input
so as to detect distinctive features wherever they appear on
the input. Learning these weight configurations requires a
very large number of training instances to cover the space of
possible variations. In convolutional networks, as described
below, shift invariance is automatically obtained by forcing
the replication of weight configurations across space.
Secondly, a deficiency of fully connected architectures is

that the topology of the input is entirely ignored. The input
variables can be presented in any (fixed) order without af-
fecting the outcome of the training. On the contrary, images
(or time-frequency representations of speech) have a strong
2-D local structure: variables (or pixels) that are spatially or
temporally nearby are highly correlated. Local correlations
are the reasons for the well-known advantages of extracting
and combining local features before recognizing spatial
or temporal objects, because configurations of neighboring
variables can be classified into a small number of categories
(e.g., edges, corners, etc.). Convolutional networks force
the extraction of local features by restricting the receptive
fields of hidden units to be local.

A. Convolutional Networks
Convolutional networks combine three architectural ideas

to ensure some degree of shift, scale, and distortion in-
variance: 1) local receptive fields; 2) shared weights (or
weight replication); and 3) spatial or temporal subsampling.
A typical convolutional network for recognizing characters,
dubbed LeNet-5, is shown in Fig. 2. The input plane
receives images of characters that are approximately size
normalized and centered. Each unit in a layer receives
inputs from a set of units located in a small neighborhood

in the previous layer. The idea of connecting units to local
receptive fields on the input goes back to the perceptron in
the early 1960’s, and it was almost simultaneous with Hubel
and Wiesel’s discovery of locally sensitive, orientation-
selective neurons in the cat’s visual system [30]. Local
connections have been used many times in neural models
of visual learning [2], [18], [31]–[34]. With local receptive
fields neurons can extract elementary visual features such
as oriented edges, endpoints, corners (or similar features in
other signals such as speech spectrograms). These features
are then combined by the subsequent layers in order to
detect higher order features. As stated earlier, distortions or
shifts of the input can cause the position of salient features
to vary. In addition, elementary feature detectors that are
useful on one part of the image are likely to be useful across
the entire image. This knowledge can be applied by forcing
a set of units, whose receptive fields are located at different
places on the image, to have identical weight vectors [15],
[32], [34]. Units in a layer are organized in planes within
which all the units share the same set of weights. The set of
outputs of the units in such a plane is called a feature map.
Units in a feature map are all constrained to perform the
same operation on different parts of the image. A complete
convolutional layer is composed of several feature maps
(with different weight vectors), so that multiple features
can be extracted at each location. A concrete example of
this is the first layer of LeNet-5 shown in Fig. 2. Units
in the first hidden layer of LeNet-5 are organized in six
planes, each of which is a feature map. A unit in a feature
map has 25 inputs connected to a 5 5 area in the input,
called the receptive field of the unit. Each unit has 25
inputs and therefore 25 trainable coefficients plus a trainable
bias. The receptive fields of contiguous units in a feature
map are centered on corresponding contiguous units in the
previous layer. Therefore, receptive fields of neighboring
units overlap. For example, in the first hidden layer of
LeNet-5, the receptive fields of horizontally contiguous
units overlap by four columns and five rows. As stated
earlier, all the units in a feature map share the same set of 25
weights and the same bias, so they detect the same feature
at all possible locations on the input. The other feature
maps in the layer use different sets of weights and biases,
thereby extracting different types of local features. In the
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Computer
Vision Two competing factors

Integrating larger context
• Decision for each pixel

should look at a large portion
of the image to decide the
semantic label. 
• But this means information 

for neighboring pixels are 
very similar – difficult to 
disambiguate boundaries. 

Distinguishing neighboring 
boundary pixels
• Network should be able to 

distinguish neighboring 
pixels – focusing on fine level 
details. 
• Only focusing on fine level 

details cannot integrate the 
larger image context and 
have trouble determining the 
semantic labels. 



Computer
Vision Naïve approach

• Classification network for 
each pixel
• Sliding window approach
• Each window only predicts

the central pixel’s class
• Conceptually easy
• Straightforward training
• Can be slow in test time
• Good in context not very 

good in boundaries



Computer
Vision Fully convolutional network 

Pixel-wise
Softmax

Depth equals the 
number of possible 
semantic classes



Computer
Vision How did that happen?

• The penultimate layer is deep but has a very small channel size
• The last, output, layer has a very large channel size – as large as the 

input image
• There are two basic ways of doing this: transposed convolutions and 

upsampling
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Vision
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Computer
Vision

Image
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Transposed 
Convolution
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Sometimes referred 
to as deconvolution 
but that is not 
correct!



Computer
Vision Up-sampling followed by convolution

Upsampling
e.g. bilinear

Convolution filter



Computer
Vision Receptive fields

• This channel must see large areas of the image so we can determine 
semantic labels for the pixels. 

• Due to the preceding convolutions and pooling each neuron in this 
channel sees a large area of the image – it has a receptive field



Computer
Vision Receptive fields

• Receptive field grows progressively as we go backwards through the 
network

• Normally, to grow the receptive field the options are: 
• Convolution, pooling, strides
• Pooling and strides reduce the size of the channels by a large margin
• Leads to resolution and coverage loss



Computer
Vision Solves the context integration

Pixel-wise
Softmax



Computer
Vision Trouble with distinguishing between

boundary pixels

Some modifications can mitigate 
the issue to some extent



Computer
Vision Alternative I: dilated convolutions

• Convolution with dilated filters
• Can achieve substantial

increase in receptive field
• No loss of resolution or 

coverage 
• Leads to results that do not

lose resolution, maintaining 
high level details



Computer
Vision

Dilated 
Convolutions

[Image adapted from the publication]



Computer
Vision Alternative II: Skip Connections – U-Net

• The encoding part of the 
network is like the fully 
convolutional network
• It pools local information and 

achieve global representation 
at the bottom layers
• The skip connections passes 

high-resolution information to 
retain information necessary to 
distinguish neighboring 
boundary pixels. 

Encoding Part Decoding Part



Computer
Vision Context and fine level 



Computer
Vision To help with training

• CNNs have large number of parameters
• It is important to have lots of training images to be able to

train deep networks
• In smaller training size scenarios there are various tools that 

may help
• Normalization: batch, layer, …
• Drop-out
• Regularization
• Data augmentation
• Transfer learning



Computer
Vision Data augmentation

• Augment the training set with random transformations of 
the observed samples: 
• Rotations, scaling, up-down & left-right flip, … 

• This simple approach is used very widely



Computer
Vision Transfer learning – finetuning 

• There are many networks 
available online that has been 
trained with ImageNet – with > 
1 million images
• Transfer learning takes a pre-

trained network and retrains it 
for the new task and new 
dataset starting from the 
learned weights
• You can also consider taking a 

part of the network instead of 
the whole

Published as a conference paper at ICLR 2015

Table 1: ConvNet configurations (shown in columns). The depth of the configurations increases
from the left (A) to the right (E), as more layers are added (the added layers are shown in bold). The
convolutional layer parameters are denoted as “conv⟨receptive field size⟩-⟨number of channels⟩”.
The ReLU activation function is not shown for brevity.

ConvNet Configuration
A A-LRN B C D E

11 weight 11 weight 13 weight 16 weight 16 weight 19 weight
layers layers layers layers layers layers

input (224× 224 RGB image)
conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64

LRN conv3-64 conv3-64 conv3-64 conv3-64
maxpool

conv3-128 conv3-128 conv3-128 conv3-128 conv3-128 conv3-128
conv3-128 conv3-128 conv3-128 conv3-128

maxpool
conv3-256 conv3-256 conv3-256 conv3-256 conv3-256 conv3-256
conv3-256 conv3-256 conv3-256 conv3-256 conv3-256 conv3-256

conv1-256 conv3-256 conv3-256
conv3-256

maxpool
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512 conv3-512
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512 conv3-512

conv1-512 conv3-512 conv3-512
conv3-512

maxpool
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512 conv3-512
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512 conv3-512

conv1-512 conv3-512 conv3-512
conv3-512

maxpool
FC-4096
FC-4096
FC-1000
soft-max

Table 2: Number of parameters (in millions).
Network A,A-LRN B C D E
Number of parameters 133 133 134 138 144

such layers have a 7 × 7 effective receptive field. So what have we gained by using, for instance, a
stack of three 3×3 conv. layers instead of a single 7×7 layer? First, we incorporate three non-linear
rectification layers instead of a single one, which makes the decision function more discriminative.
Second, we decrease the number of parameters: assuming that both the input and the output of a
three-layer 3× 3 convolution stack has C channels, the stack is parametrised by 3

(

32C2
)

= 27C2

weights; at the same time, a single 7 × 7 conv. layer would require 72C2 = 49C2 parameters, i.e.
81% more. This can be seen as imposing a regularisation on the 7× 7 conv. filters, forcing them to
have a decomposition through the 3× 3 filters (with non-linearity injected in between).

The incorporation of 1 × 1 conv. layers (configuration C, Table 1) is a way to increase the non-
linearity of the decision function without affecting the receptive fields of the conv. layers. Even
though in our case the 1× 1 convolution is essentially a linear projection onto the space of the same
dimensionality (the number of input and output channels is the same), an additional non-linearity is
introduced by the rectification function. It should be noted that 1×1 conv. layers have recently been
utilised in the “Network in Network” architecture of Lin et al. (2014).

Small-size convolution filters have been previously used by Ciresan et al. (2011), but their nets
are significantly less deep than ours, and they did not evaluate on the large-scale ILSVRC
dataset. Goodfellow et al. (2014) applied deep ConvNets (11 weight layers) to the task of
street number recognition, and showed that the increased depth led to better performance.
GoogLeNet (Szegedy et al., 2014), a top-performing entry of the ILSVRC-2014 classification task,
was developed independently of our work, but is similar in that it is based on very deep ConvNets
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