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Tutorial 3 results
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Tutorial 3 results
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Tutorial 3 results

FFNN for 20000 epochs, Adam Ir = 0.001
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Tutorial 3 results

Classifier accuracy in terms of branch number
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Tutorial 3 results
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Let's walk through applying the following 3x3 top sobel kernel to the image of aface from above.

[top sobel ~|
1 2 1
0 0 0
( )
-1 -2 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.

(+ﬂ+
x1 x2 x1
x0 x0 x0

kernel:

:_top sobel |

input image

output image

One subtlety of this process is what 110 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
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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.
oo
x 1 ®2 x 1
‘2|
x0 x0 x0
BEE
x -1 X -2 x -1
= BRh¥

kernel:
| top sobel v

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.
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Hover over matrix to
see how it is flattened

into a 1D array!
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LeNet

e 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 rg: jayer OUTPUT
20 g Bl
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Applications of CNNs
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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

XCenter for Computational Quantum Physics, Flatiron Institute, 162 5th Avenue, New York, New York 10010, USA

M  (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 tjat 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 ansitz 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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Demonstration of CNNs
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