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[ XoN ] B | €) conv_arithmeticlgifino_padding X  Image Kemels explained visually X [} CNN Explainer X NNSVG x  + ~
C O B https://setosa.iofeviimage-kernels/ B % L O 5 =
Ler's walk tnroUugn applying The TOIOWINE 3%3 SNarpen Kernel 1o the IMage o a Tace Tromnm anove.
sharpen v
0 -1 0
-1 5 -1
( )

Below, for each 3x3 block of pixels in the image on the left, we multiply each pixel by the corresponding entry of the kernel and then
take the sum. That sum becomes a new pixel in the image on the right. Hover over a pixel on either image to see how its value is
computed.

x0 x-1

++ 244

% -1 x5

q . B

x0 x-1

kernel:

sharpen

input image output image

One subtlety of this process is what to do along the edges of the image. For example, the top left corner of the input image only has
three neighbors. One way to fix this is to extend the edge values out by one in the original image while keeping our new image the
same size. In this demo, we've instead ignored those values by making them black.

Here's a playground were you can select different kernel matrices and see how they effect the original image or build your own
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LeNet

* Here's the LeNet architecture, which was applied to handwritten digit recognition on
MNIST in 1998:

C3: f. maps 16@10x10
: S4: f. maps 16@5x5

CS: layer Fg: layer OUTPUT
120 a1 T 10

C1: feature maps
INPUT 6@28x28

32x32

S2: 1. maps |
6@14x14 | @

 p

L —
1

| Full connection Gaussian
Convolutions Subsampling Convolutions ~ Subsampling Full connection
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AlexNet

e AlexNet, essentially like LeNet but scaled up in every way (more layers, more units,
more connections, etc.):

- ENg ! T4 | i
5 i 3 3N
! 192 128 2048 Zoag \dense
L 128 Al T
5 27
13 13 \ 13
1
N i ense ense
\ . 27 1 \1 3J_’____I.3 13
RN 3N 1000
11 192 192 128 Max || ||
. 2048 2048
2248\ strid Max 128 Max pooling
“of 4 pooling pooling
3 T

(Krizhevsky et al., 2012)

e AlexNet’s performance on the ImageNet competition got everyone excited about deep
learning in 2012.
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Classification

¢ |ImageNet results over the years. There are 1000 classes. Note that errors are top-5 errors (the network
gets to make 5 guesses).

Year Model Top-5 error
2010  Hand-designed descriptors + SVM 28.2%
2011  Compressed Fisher Vectors + SVM 25.8%
2012  AlexNet 16.4%
2013  a variant of AlexNet 11.7%
2014  GoogLeNet 6.6%
2015  deep residual nets 4.5%

¢ Human-level performance is around 5.1%.

e They stopped running the object recognition competition because the performance is already so good.
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Applications of CNNs

Credit: www.datasciencecentral.com
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Applications of CNNs

Review

An overview of deep learning in medical
imaging focusing on MRI

Alexander Selvikvdg Lundervold *® 2 =, Arvid Lundervold * €9

Output
@)
o (_l
Vectorised )
Input image Feature maps  pgoling window feature map(s,-ﬂ.} ,
/ Ko~ ()
/ =0k
/7, / Pooled Feature maps o, ) )
=] . feature maps i X O
— A i;:‘_‘-\ Pooled ["—) { e ) (\
F R m:feature maps ) &
L [ ()
Ch=—l] % o O
Filter Convolution and Pooling  Convolution and  Pooling
activation activation Vectorisation
Input layer Convolutional layer Convolutional layer Fully connected layer

Pirsa: 25030038 Page 30/32



Applications of CNNs

Y

Astronomia ex machina: a
history, primer, and outlook on
neural networks in astronomy

Michael J. Smith and James E. Geach

Department of Physics, Astronomy & Mathematics,
School of Physics, Engineering and Computer Science,
University of Hertfordshire, Hatfield, AL10 SAB
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Applications of CNNs

Two-dimensional frustrated J,-J> model studied with neural network quantum states

Kenny Choo ©,' Titus Neupert,' and Giuseppe Carleo®
! Department of Physics, University of Zurich, Winterthurerstrasse 190, 8057 Zurich, Switzerland
*Center for Computational Quantum Physics, Flatiron Institute, 162 5th Avenue, New York, New York 10010, USA

™ (Received 23 March 2019; revised manuscript received 17 July 2019; published 11 September 2019)
(-]

The use of artificial neural networks to represent quantum wave functions has recently attracted interest as
a way to solve complex many-body problems. The potential of these variational parametrizations has been
supported by analytical and numerical evidence in controlled benchmarks. While approaching the end of the
early research phase in this field, it becomes increasingly important to show how neural-network states perform
for models and physical problems that constitute a clear open challenge for other many-body computational
methods. In this paper, we start addressing this aspect, concentrating on a presently unsolved model describing
two-dimensional frustrated magnets. Using a fully convolutional neural network model as a variational ansiitz,
we study the frustrated spin-1/2 J,-J, Heisenberg model on the square lattice. We demonstrate that the resulting
predictions for both ground-state energies and properties are competitive with, and often improve upon, existing
state-of-the-art methods. In a relatively small region in the parameter space, corresponding to the maximally
frustrated regime, our ansiitz exhibits comparatively good but not the best performance. The gap between the
complexity of the models adopted here and those routinely adopted in deep-learning applications is, however,
still substantial, such that further improvements in future generations of neural-network quantum states are likely
to be expected.
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