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for i in range(nb_epochs): \
params_grad = evaluate_gradient(loss_function, data, params) Y
params = params - learning_rate * params_grad Y
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for i in range(nb_epochs): \
np.random.shuffle(data) Y
for example in data: Y
params_grad = evaluate_gradient(loss_function, example, params) ¥
params = params - learning_rate * params_grad 0
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for i in range (nb_epochs): \
np.random.shuffle(data) Y
for batch in get_batches(data, batch_size=50): v
params_grad = evaluate_gradient(loss_function, batch, params) ¥
params = params - learning_rate * params_grad 0
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Report MSE on test data
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class Network(object):

def update_mini_batch(self, mini_batch, eta):

- t < —

"""Update the network's weights and biases by applying
gradient descent using backpropagation to a single mint batchd

The "mini_batch" 4s a list of tuples "(z, y)", and "eta" e
is the learning rate. """ \
nabla_b = [np.zeros(b.shape) for b in self.biases] A
nabla_w = [np.zeros(w.shape) for w in self.weights] q
for x, y in mini_batch: Vo
delta_nabla_b, delta_nabla_w = self.backprop(x, y) )
nabla_b = [nb+dnb for nb, dnb in zip(nabla_b, delta_nabla \§¥

)]
nabla_w = [nw+dnw for nw, dnw in zip(nabla_w, delta_nabla W

)]
self .weights = [w-(eta/len(mini_batch))*nw 'Y
\#

Vo


https://github.com/sahebi/basic-super-resolution

for w, nw in zip(self.weights, nabla_wd

]
self .biases = [b-(eta/len(mini_batch))*nb \\%
for b, nb in zip(self.biases, nabla_b)] A

25 5 & g el delta_nabla_w 5 delta_nabla_b ,ize 53 aloes 5 1) Las ) F-TuS el i
3k 02l backprop b .S e sl 8Cm/8w§k 5 801/8173 S sgie il s 5 « backprop
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class Network(object): \
C Y
def backprop(self, x, y): Y
"""Return a tuple "(nmabla_b, nabla_w)" representing the ¥
gradient for the cost function C_xz. "nmabla_b" and 0
"nabla_w" are layer-by-layer lists of numpy arrays, similar ¢
to "self.biases"” and "self.weights". """ v
nabla_b = [np.zeros(b.shape) for b in self.biases] A
nabla_w = [np.zeros(w.shape) for w in self.weights] q
# feedforward \o
activation = x W
activations = [x] # list to store all the activations, layer BYy
layer
zs = [] # list to store all the z wvectors, layer by layer \Y
for b, w in zip(self.biases, self.weights): \Y
z = np.dot(w, activation)+b VO
zs.append(z) \#
activation = sigmoid(z) VY
activations.append(activation) \A
# backward pass \4
delta = self.cost_derivative(activations[-1], y) * \ Yo
sigmoid_prime(zs[-1]) Y\
nabla_b[-1] = delta YY
nabla_w[-1] = np.dot(delta, activations[-2].transpose()) Yy

# Note that the wvariable 1 in the loop below is used a little ¥
# differently to the notation in Chapter 2 of the book. Herey0
# 1 = 1 means the last layer of neurons, 1l = 2 is the A4
# second-last layer, and so on. It's a renumbering of the Yv
# scheme in the book, used here to take advantage of the fact YA
#
f

that Python can use negative indices in lists. Y4
or 1 in xrange (2, self.num_layers): Yo
z = zs[-1] Y

sp = sigmoid_prime(z) Yy
delta = np.dot(self.weights[-1+1].transpose(), delta) * sp‘v
nabla_b[-1] = delta Yy
nabla_w[-1] = np.dot(delta, activations[-1-1].transpose() X0
return (nabla_b, nabla_w) Ys

A



def

def

def cost_derivative(self, output_activations, y):
"""Return the vector of partial derivatives \partial C.z /
\partial a for the output activations."""
return (output_activations-y)

sigmoid(z):
"""The sigmotd function.'"""
return 1.0/(1.0+np.exp(-2))

sigmoid_prime(z):
"""Derivative of the sigmotid function."""
return sigmoid(z)*(l-sigmoid(z))

YV
YA
Y4
¥fo

f

¥
fr
¥Y
\
¥5
v
YA
¥a
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from tqdm import tqdm \
from PIL import Image Y
import numpy as np Y
import torch ¥
import math 0
import glob 4
import cv2 \%
import os A
q
def calculate_weights_indices(in_length, out_length, scale, kernel, Yo
kernel_width, antialiasing):
if (scale < 1) and (antialiasing): 1)
# Use a modified kernel to simultaneously interpolate and Y
antialias—- larger kernel width
kernel _width = kernel_width / scale VY
V¥
# Output-space coordinates VO
x = torch.linspace(l, out_length, out_length) \#
\\%
# Input-space coordinates. Calculate the inverse mapping such thadA
0.5
# in output space maps to 0.5 in input space, and 0.5+scale 1in 4
output
# space maps to 1.5 in input space. Yo
u=x / scale + 0.5 * (1 - 1 / scale) Y
YY
# What is the left-most pizel that can be involved in the Yy
computation?
left = torch.floor(u - kernel_width / 2) YY
YO

# What is the mazimum number of pixzels that can be involved in thé&f
# computation? Note: <t's OK to use an extra pixel here; if the YV
# corresponding wetights are all zero, 1t will be eliminated at th&A

end
# of this function. Y4
P = math.ceil(kernel_width) + 2 Yo
Y\
# The indices of the input pizels tnvolved in computing the k-th YY
output
# pizel are in Tow k of the indices matriz. Yy

indices = left.view(out_length, 1).expand(out_length, P) + torch. Y¥
linspace(0, P - 1, P).view(

1, P).expand(out_length, P) Yo

Y&

# The weights used to compute the k-th output pizel are in row k d&F

the

# weights matriz. YA

distance_to_center = u.view(out_length, 1).expand(out_length, P) ¥4
indices

¥ |

VY



# apply cubic kernel Yo

if (scale < 1) and (antialiasing): YY
weights = scale * cubic(distance_to_center * scale) \al
else: ¥¥
weights = cubic(distance_to_center) o

# Normalize the weights matriz so that each rTow sums to 1. A4
weights_sum = torch.sum(weights, 1).view(out_length, 1) fv
weights = weights / weights_sum.expand(out_length, P) A
AL

# If a column in weights 4is all zero, get rid of it. only consideme
the first and last column.

weights_zero_tmp = torch.sum((weights == 0), 0) 0)
if not math.isclose(weights_zero_tmp[0], O, rel_tol=1e-6): oY
indices = indices.narrow(l, 1, P - 2) oy
weights = weights.narrow(l, 1, P - 2) 0¥
if not math.isclose(weights_zero_tmp[-1], 0, rel_tol=1e-6): 00
indices = indices.narrow(i1, 0, P - 2) of
weights = weights.narrow(l, 0, P - 2) ov
weights = weights.contiguous () OA
indices = indices.contiguous() 04
sym_len_s = -indices.min() + 1 Fo
sym_len_e = indices.max() - in_length £
indices = indices + sym_len_s - 1 Y
return weights, indices, int(sym_len_s), int(sym_len_e) 7Y
7Y
# matladb 'imresize' function, mnow only support 'bicubic' £0
def cubic(x): 44
absx = torch.abs(x) vV
absx2 = absx**2 FA
absx3 = absx**3 £9
return (1.5 * absx3 - 2.5 * absx2 + 1) * ( Ve
(absx <= 1) .type_as(absx)) + (-0.5 * absx3 + 2.5 * absx2 - 4 #)
absx + 2) * ((
(absx > 1) * (absx <= 2)).type_as(absx)) VY
\Al
def imresize_np(img, scale, antialiasing=True): v¥
# Now the scale should be the same for H and W vo
# input: img: Numpy, HWC BGR [0,1] \44
# output: HWC BGR [0,1] w/o round \aY%
img = torch.from_numpy(img) VA
V4
in_H, in_W, in_C = img.size() Ao
_, out_H, out_W = in_C, math.ceil(in_H * scale), math.ceil(in_W * A)
scale)
kernel _width = 4 AY
kernel = 'cubic' AY
A¥
# Return the desired dimension order for performing the resize. AO
The
# strategy is to perform the resize first along the dimension withf
the
# smallest scale factor. AY
# Now we do mnot support this. AA
A4
# get weights and indices Qo
weights_H, indices_H, sym_len_Hs, sym_len_He = Q)

\A1




calculate_weights_indices(

in H, out_H, scale, kernel, kernel_width, antialiasing) QY
weights_W, indices_W, sym_len_Ws, sym_len_We = qy
calculate_weights_indices(
in_W, out_W, scale, kernel, kernel_width, antialiasing) Q¥
# process H dimension a0
# symmetric copying 45
img_aug = torch.FloatTensor(in_H + sym_len_Hs + sym_len_He, in_W, 4V
in_C)
img_aug.narrow(0, sym_len_Hs, in_H).copy_(img) A

44
sym_patch = img[:sym_len_Hs, :, :] Yoo
inv_idx = torch.arange(sym_patch.size (0) 1, -1, -1).longQ) Vo
sym_patch_inv = sym_patch.index_select(0, inv_idx) Vo]
img_aug.narrow(0, 0, sym_len_Hs).copy_(sym_patch_inv) VoY

\o ]
sym_patch = img[-sym_len_He:, :, :] Vo)
inv_idx = torch.arange(sym_patch.size (0) 1, -1, -1).long(Q) Yof
sym_patch_inv = sym_patch.index_select(0, inv_idx) VoV
img_aug.narrow(0, sym_len_Hs + in_H, sym_len_He).copy_( VoA

sym_patch_inv)

Yo
out_1 = torch.FloatTensor(out_H, in_W, in_C) Yo
kernel_width = weights_H.size (1) WY
for i in range(out_H): 1Y

idx = int(indices H[i][0]) VY]

out_1[i, :, 0] = img_auglidx:idx + kernel_width, :, 0]. Y]
transpose (0, 1).mv(weights_H[il])

out_1[i, :, 1] = img_aug[idx:idx + kernel_width, :, 1]. AAIA
transpose (0, 1) .mv(weights_H[i])

out_1[i, :, 2] = img_augl[idx:idx + kernel_width, :, 2]. W\ 8

transpose (0,

# process W dimension
# symmetric copying
out_1_aug
, in_C)
out_1_aug.narrow(1l,

sym_len_Ws

\YY
sym_patch = out_1[:, :sym_len_Ws, :] \YY
inv_idx = torch.arange(sym_patch.size (1) 1, -1, -1).longQ) \YY
sym_patch_inv = sym_patch.index_select(l, inv_idx) VY4
out_1_aug.narrow(l, 0, sym_len_Ws).copy_(sym_patch_inv) \Y 5

\YY
sym_patch = out_1[:, -sym_len_We:, :] \Y
inv_idx = torch.arange(sym_patch.size (1) 1, -1, -1).longQ) \Y4
sym_patch_inv = sym_patch.index_select(l, inv_idx) \Yo
out_1_aug.narrow(l, sym_len_Ws + in_W, sym_len_We).copy_( YN

sym_patch_inv)

\YY
out_2 = torch.FloatTensor(out_H, out_W, in_C) Y'Y
kernel_width = weights_W.size (1) Y'Y
for i in range (out_W): \Y4

idx = int(indices_W[i] [0]) \YS
out_2[:, i, 0] = out_1_augl:, idx:idx + kermel_width, 0].mv( Y

weights_W[il)

1) .mv(weights_HI[i])

torch.FloatTensor (out_H,

, in_W).copy_(out_1)

Vo

W
AN
Y4
in_ W + sym_len_Ws + sym_len_Wo

'Y




out_2[:, i, 1] = out_1_augl:, idx:idx + kermnel_width, 1].mv( V¥
weights_W[il)

out_2[:, i, 2] = out_1_augl[:, idx:idx + kermel_width, 2].mv( ¥
weights_W[il)

\¥o
return out_2.numpy () V¥
VY
def crop(infile,height,width): \¥
im = Image.open(infile) \¥
imgwidth, imgheight = im.size VY
for i in range(imgheight//height): 'Y
for j in range(imgwidth//width): VY
box = (j*width, ixheight, (j+1)*width, (i+1)*height) \¥
yield im.crop(box) \¥
V0o
if __name__=='__main__"': VO
height = 512 \O
width = 512 VO
start_num = 0 VO
k=0 VO
for ext in ('jpg',): \0
file_list = glob.glob(f'.\images\src\*.{ext}"') \0
for infile in file_list: VO
src_path = os.path.dirname(infile) \0
if not os.path.isdir(infile): \# o
for piece in tqdm(crop(infile,height,width)): V2
k += 1 \#
img = Image.new('RGB', (height,width), 255) \#
img.paste(piece) \#
dest = os.path.join('./images/tile/',"tile-%s.png"?
% k)

img.save(dest) \#
\#
# Make Samples \F
image = cv2.imread(dest) \#
Vo
up_scale = 2 WY
widthx = int(np.floor (image.shapel[1l] / up_scale))V
heightx = int(np.floor (image.shape[0] / up_scale))V
A\
# High Resolution Sample A\
image_HR = image[0:up_scale * height, O:up_scale AV

width]

cv2.imwrite (os.path.join("./images/dataset", f'{k v
}.2.0orginal.{ext}'), image_HR)

cv2.imwrite (os.path.join("./images/dataset", f'{k\Vv
}.4.0orginal.{ext}'), image_HR)

cv2.imwrite (os.path. join("./images/dataset", f'{k\v
}.8.orginal.{ext}'), image_HR)

VAq
image_LR2 = imresize_np(image HR, 1 / 2, True) A\
image_lr2bc = imresize_np(image_LR2, 2, True) \A

cv2.imwrite (os.path.join("./images/dataset", f'{k\A
}.2.1r.{ext}'), image_lr2bc)

A

image_LR4 = imresize_np(image_LR2, 1 / 2, True)A

\ %4



image_lr4bc = imresize_np(image_LR4, 4, True) \AS
cv2.imwrite (os.path.join("./images/dataset", f'{k \AY
}.4.1r . {ext}'), image_lr2bc)

A
image_LR8 = imresize_np(image_LR4, 1 / 2, True)A§
image_lr8bc = imresize_np(image_LR8, 8, True) V44

cv2.imwrite(os.path.join("./images/dataset", f'{k V4
}.8.1r.{ext}'), image_lr8bc)

\A%
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received by each cell decreases; Hardware methods to achieve higher quality images and resolution
are very expensive and practically impossible to some extent, and usually can not be exceeded due
to technical limitations in integrated circuit technology. The use of software method to increase
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