Convolution Neural Network
Part 1



Z1 O] & (Visual Cortex)

 Local receptive field
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— D.H.Hubel, T.Wiesel (1958
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A2+ O & (Visual Cortex)

« Neocognition
— K.Fukushima (1980)
— I EQIAE 2|3t neural network model
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AlZE O & (Visual Cortex)

 LeNet-5
— LeCun et. al. (1998)
AZYl 2O 28

— Convolution layer / Pooling layer %
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Structure

« Deep neural network (fully connected network)

Affine = RelLU | - Affine - RelLU Affine = RelLU | t Affine -~ RelLU Affine - Softmax|

AL GIO|Ef -> 1A} BIE : QU2 FAO| AN BA|
(ex) 32 x 32 x 3 image -> 3072 x 1 vector
e Convolution neural network

- Conv —Rel U|-Poaling——{Conv/—-{Re U |- Pooling {Conv - ReLU——Affine—~ ReLU} Affine—~Softmaxt
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Convolution Layer
&

« Convolution
— O|Z pixel 28| SX E-d4k (spatial feature)
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Convolution Layer

Padding
— G B X2[9| convolution
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Convolution

Stride
Filter
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Convolution Layer

Color image convolution
— Convolution for 3 channels (R,G,B)
— 3D data convolution
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Convolution

of2f 74 2] filter AHE

Layer
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Convolution Layer

Hyperparameters

Number of filters K
The filter size F
The stride S

The zero padding P

St parameter

F2CK and K biases (C: number of channels)



Convolution Layer

» Filter (kernel) & feature map

e TN
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4S8

Layer

Convolution

* Filter & Feature map
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Convolution Layer

« Batch XN 2|
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Convolution Layer

« Implementation

class Convolution: def backward(self, dout):
def _init_ (self, W, b, stride=1, pad=0): FN, C, FH, FW = self.W.shape
selfW = W dout = dout.transpose(0,2,3,1).reshape(-1, FN)
selfb = b
self.stride = stride self.db = np.sum(dout, axis=0)
self.pad = pad self.dW = np.dot(self.col.T, dout)

self.dW = self.dW.transpose(1, 0).reshape(FN, C, FH, FW)
# =70 O|0|E ( backward A| AFR )
self.x = None dcol = np.dot(dout, self.col_ W.T)
self.col = None dx = col2im(dcol, self.x.shape, FH, FW, self.stride, self.pad)
self.co_W = None
return dx
# 7S K|t HEk Of7f#H=0| 7| 27|
self.dW = None
self.db = None

def forward(self, x):
FN, C, FH, FW = selfW.shape E=g =i L Ents
N, C, H, W = x.shape https://github.com/WegralLee/deep-learning-from-scratch
out_h =1 + int((H + 2*self.pad - FH) / self.stride)
outw =1 + int(W + 2*self.pad - FW) / self.stride)

col = im2col(x, FH, FW, self.stride, self.pad)
col_W = selfW.reshape(FN, -1).T

np.dot(col, col_W) + self.b
out.reshape(N, out_h, out_w, -1).transpose(0, 3, 1, 2)

out
out

selfx = x
self.col = col
self.col W = col W

return out 15



Pooling Layer
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Pooling Layer

« Pooling layer
_ JI2 M2 ko] Z7tS Z0|= AL
— &5 Max pooling, average poollng
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Pooling Layer
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Pooling Layer

Hyperparameter
— Spatial extent F
— Stride S

St parameter
— Nnone



Pooling Layer

* Implementation

class Pooling: def backward(self, dout):
def _init_ (self, pool_h, pool_w, stride=1, pad=0): dout = dout.transpose(0, 2, 3, 1)
self.pool_h = pool_h
self.pool_w = pool_w pool_size = self.pool_h * self.pool_w
self.stride = stride dmax = np.zeros((dout.size, pool_size))
self.pad = pad dmax[np.arange(self.arg_max.size), self.arg_max.flatten()] = dout.flatten()

dmax = dmax.reshape(dout.shape + (pool_size,))

selfx = None

self.arg_max = None dcol = dmax.reshape(dmax.shape[0] * dmax.shape[1] * dmax.shape[2], -1)
dx = col2im(dcol, selfx.shape, self.pool_h, self.pool_w, selfstride, self.pad)

def forward(self, x):

N, C, H, W = x.shape return dx

out_h = int(1 + (H - self.pool_h) / selfstride)

out.w = int(1 + (W - self.pool_w) / selfstride)

col = im2col(x, self.pool_h, self.pool_w, selfstride, self.pad)
col = col.reshape(-1, self.pool_h*self.pool_w)

arg_max = np.argmax(col, axis=1)
out = np.max(col, axis=1)

out = out.reshape(N, out_h, out_w, C).transpose(0, 3, 1, 2)

selfx = x
self.arg_max = arg_max

return out

20



7|2 CNN ¢+ =

« Typical CNN

— Convolution layer + Pooling layer + Fully connected layer
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7|2 CNN ¢+ =

RELU RELU
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CNN % - SimpleConvNet

class SimpleConvNet :

ekt std s MEdY

conv - relu - pool - affine - relu — affine - softmax

-—

Parameters
input_size : 2 37| (MNISTLS| A= 7
hidden_size_list : Zt 2452l w3 =& =2 2|AE (e.g. [100, 100, 100])
output_size : &2 37| (MN
activation : =Mst gt - 'relu’ B2
weight_init_std : 7F&5%|9] ZZ=HX|
‘relu'tt 'he'Z X|YstH 'He =gt ez AH
'sigmoid' Lt 'xavier '2 X|HstH 'Xavier =g Z MAH
def __init__(self, input_dim=(1, 28, 28),
conv_param={"filter_num':30, 'filter_size':5, 'pad':0, 'stride':1},
hidden_size=100, output_size=10, weight_init_std=0.01):
filter_num = conv_param['filter_num']
filter_size = conv_param['filter_size']
filter_pad = conv_param[ 'pad']
filter_stride = conv param['stride']
input_size = input_dim[1]
conv_output_size = (input_size - filter_size + 2«filter_pad) / filter_stride + 1
pool_output_size = int(filter_num * (conv_output_size/2) = (conv_output_size/2))

# 7tE R =7\t
self.params = {}

self.params[ 'W1'] = weight_init_std = #

self.params[ 'b1']
self.params[ 'W2']

self.params[ 'b2']
self.params[ 'W3']

self.params[ 'b3']

np.random.randn(filter_num, input_dim[0], filter_size, filter_size)

np.zeros(filter_num)

weight_init_std = W
np.random.randn(pool_output_size, hidden_size)
np.zeros(hidden_size)

weight_init_std = #
np.random.randn(hidden_size, output_size)

= np.zeros(output_size)

23



#AS 44

self.layer
self.layer
self.layer
self.layer
self.layer
self.layer

self.layer
self.last_

def predict(se
for layer
x = la

return x

def loss(self,

nnnANAl 5
=

Parameters

s = OrderedDict()

s['Conv1'] = Convolution(self.params[ 'W1'], self.params['b1'],
conv_param[ 'stride'], conv_param['pad'])

s['Relutl'] = Relu()

s['Pool1'] = Pooling(pool_h=2, pool_w=2, stride=2)

s['Affinel'] = Affine(self.params[ 'W2'], self.params['b2'])

s['Relu2'] = Relu()

s['Affine2'] = Affine(self.params[ 'W3'], self.params['b3'])

layer = Sof tmaxWithLoss()

[f, x):
in self.layers.values():
yer . forward(x)

X, t

) ):
+g Pt

rot

x o ¢4 Hol&
t o ZE 2ols

y = self.p
return sel

def accuracy(s
if t.ndim

acc = 0.0

for i inr
tx = x
tt =t
y = se
y = np
acc +=

return acc

redict(x)
f.last_layer.forward(y, t)

elf, x, t, batch_size=100):
=1 : t =np.argmax(t, axis=1)

ange(int(x.shape[0] / batch size)):
[i*batch_size:(i+1)*batch_size]
[i*batch_size:(i+1)*batch_size]
[f.predict(tx)

.argmax(y, axis=1)

np.sum(y == tt)

/ x.shape[0]

24



def numerical_gradient (self, x, t):
o ||7|%7|% ?_?_H:l_ (ﬁi\_ilul_i_)

Parameters

Returns

Zt 9| 7|27/ =2 AtH(dictionary) #H=
grads['W1']. grads[ 'W2']. Zt 59| &%
grads['b1']. grads['b2']. ... 2t &9 Het

loss_w = lambda w: self.loss(x, t)

grads = {}

for idx in (1, 2, 3):
grads[ 'W' + str(idx)]
grads[ 'b' + str(idx)]

numer ical_gradient (loss_w, self.params['W' + str(idx)])
numer ical_gradient (loss_w, self.params['b' + str(idx)])

return grads

def gradient(self, x, t
"I7127| € el AN M I ) |

Parameters

x © @2 dlolg
t: FE ol

Returns

2t =o| 7|27|2 2 AlM(dictionary) B
grads['W1']. grads['W2']. ... Zt £9| JI=X|
grads['b1']. grads['b2']. ... 2} £2o| HsEk

# forward
self.loss(x, t)

25



def

def

# backward
dout =1
dout = self.last_layer.backward(dout)

layers = list(self.layers.values())
layers.reverse()
for layer in layers:

dout = layer.backward(dout)

# 23 ME

grads = {}

grads[ 'W1'], grads[ 'b1'] = self.layers['Convl'].dW, self.layers['Convi'].db
grads[ 'W2'], grads['b2'] = self.layers['Affinet'].dW, self.layers[ 'Affinel'].db
grads[ 'W3'], grads[ 'b3'] = self.layers['Affine2'].dW, self.layers[ 'Affine2'].db

return grads

save_params(self, file_name="params.pkl"):

params = {}

for key, val in self.params.items():
params[key] = val

with open(file_name, 'wb') as f:
pickle.dump(params, f)

load_params(self, file_name="params.pkl"):
with open(file_name, 'rb') as f:
params = pickle.load(f)
for key, val in params.items():
self.params[key] = val

for i, key in enumerate(['Convl', 'Affinel', 'Affine2']):
self.layers[key].W = self.params['W' + str(i+1)]
self.layers[key]l.b = self.params['b' + str(i+1)]

26



CNN 73 — MNIST &

# coding: utf-8

import sys, os

sys.path.append(os.pardir) # F2 Cl2EZ(e TelS IS = JUEE AY
import numpy as np

import matplotlib.pyplot as plt

from dataset.mnist import load_mnist

from simple_convnet import SimpleConvNet

from common.trainer import Trainer

’

# OOl ei7|
(x_train, t_train), (x_test, t_test) = load_mnist(flatten=False)

# AlZto| 2ef ZE A2 HlolgE Zelct.
#x_train, t_train = x_train[:5000], t_train[:5000]
#x_test, t_test = x_test[:1000], t_test[:1000]

max_epochs = 20
network = SimpleConvNet (input_dim=(1,28,28),

conv_param = {'filter_num': 30, 'filter_size': 5, 'pad': 0, 'stride': 1},
hidden_size=100, output_size=10, weight_init_std=0.01)

trainer = Trainer(network, x_train, t_train, x_test, t_test,
epochs=max_epochs, mini_batch_size=100,
optimizer="'Adam', optimizer_param={"'Ir': 0.001},
evaluate_sample_num_per_epoch=1000)

trainer.train()

# O 2=
network.save_params("params.pkl")
print("Saved Network Parameters!")



# el = 2|7
markers = {'train': 'o', 'test': 's'}

X:

plt.
plt.
plt.
plt.
plt.
plt.
plt.

np.arange(max_epochs)

plot(x, trainer.train_acc_list, marker='o', label="train', markevery=2)
plot(x, trainer.test_acc_list, marker='s', label="test', markevery=2)
xlabel ("epochs")

ylabel("accuracy")

ylim(0, 1.0)

legend( loc="1lower right')

show()

28



CNN 2 — Visualize Filter

# coding: utf-8

import numpy as np

import matplotlib.pyplot as plt

from simple_convnet import SimpleConvNet

def filter_show(filters, nx=8, margin=3, scale=10):

c.f. https://gist.github.com/aidiary/07d530d5e08011832b12#f i le —-draw_weight-py

FN, C, FH, FW = filters.shape
ny = int(np.ceil(FN / nx))

fig=plt.figure()
fig.subplots_adjust (left=0, right=1, bottom=0, top=1, hspace=0.05, wspace=0.05)

for i in range(FN):
ax = fig.add_subplot(ny, nx, i+1, xticks=[], yticks=[])
ax.imshow(filters[i, 0], cmap=plt.cm.gray_r, interpolation='nearest"')
plt.show()

network = SimpleConvNet ()
# FERI(HY) =715 =2 JIEA]

filter_show(network.params[ 'Wi'])

# stEE JHE X
network. load_params( "params.pk!l")
filter_show(network.params[ 'W1'])

T = AN hitps://github.com/Wegralee/deep-learning-from-scratch .



CNN %

. Parameter (Weight)
M: random
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CNN % — Visualize Filter

Layer Z O[O0 = & #H3}

Conv 1: Edge+Blob Conv 3: Texture Conv 5: Object Parts Fe8: Object Classes

TR S2 o2t =& 3BM S2 H2aN, 5HM S2 A= €5, O
9 2tH A AT 2 A=l E20h, MHSKt )0 w70l BhE
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CNN Demo

Network Visualization

Input (32x32x3) Activations:
ConvNetJS CIFAR-10 demo max aclsation 034313, i -n.ageoa--
max gradient: 0.04784, min: -0.0368
Description

conv (32x32%16)

This demo trains a Convolutional Neural Network on the CIFAR-10 dataset in your browser, with nothing but filtar ..: \:&3-1 Tzaa: ; s

Javascript The state of the art on this dataset is about 90% accuracy and human performance is at about 94% x;m,ﬁ" 0.03521, e 0.0%065

(not perfect as the dataset can be a bit ambiguous). | used this python seript to parse the original files (python paramelers: 16x5x5xd+16 = 1218

version) intc batches of images that can be easily loaded into page DOM with img tags.

This dataset is more difficult and it takes longer to train a network. Data augmentation includes random flipping
and random image shifts by up ta 2px horizontally and verically,

By default, in this demo we're using Adadelta which is one of per-parameter adaptive step size methods, so we (LS
don't have to worry about changing learning rates or mementum over time. Howaver, | still included the text fields .....
for changing these if you'd like to play around with SGD+Momentumn trainer.

Report questions/bugs/suggestions to @karpathy. -..-..

http://cs.stanford.edu/people/karpathy/convnetjs/demo/cifar10.html
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CNN 7=

ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

30 282
152 layers| |152 layers| |152 layers
25
A e b
20
16.4
15
19 layers| |22 layers;|
10
7.3 67/
' 5.1
5 3.6
A e B
2010 2011 2012 2013 2014 2014 2015 2016 2017 Human
Lin et al Sanchez &  Krizhevsky etal  Zeiler & Simonyan &  Szegedy et al He et al Shao et al Hu et al Russakovsky et al
Perronnin (AlexNet) Fergus Zisserman (VGG) (GoogleNet) (ResNet) (SENet)
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CNN &

e LeNet-5

— Yann LeCun (1988)
— MNIST X ¥

£ - S4u =37 7 37| ASRIOIC g
£ HHEE - 10 - - RBF
F6 il | = B84 = = tanh
Cbh ] 120 1x1 5x5 1 tanh
sS4 o 24 16 Exb 2x2 2 tanh
C3 g 16 10%10 5x5 1 tanh
82 o+ =2 6 14x14 2X2 2 tanh
C1 20 6 28x28 5X5 1 tanh

o o 1 32x32 - - -



CNN 7=

« AlexNet
— Alex Krizhevsky (2012)
— ImageNet L2 5 (error rate: 17%)
_ EX|
-1 O
- AXZH Conv. Layer
« DropOut H-&:50%
- Data augmentation 7|8 &

£ oz - 1,000 - - - Softmax
F0o &FAd = 4096 = = = Rel U
Fo = g = 4096 - = - RelLU
FB Zcif 22 256 6X6 3Xx3 2 valid -

7 P 258 13x13 3x3 1 same Rel U
C6 s 384 13x13 33 1 same RelLU
Ccs e 384 1313 3x%3 1 same RelU
54 Fch 23 256 13%x13 3x3 2 wvalid =

c3 geE 256 27 %27 5x%5 1 same RelU
52 Foif 2 06 27 %27 3x3 2 valid -

C1 = 06 55X55 11x11 4 valid RelU
oF ol 3(RGB)  227x227 - - - -

35



CNN 7=

« Data Augmentation

- H2AE ds& =0[7| #5140 &5 oy 54

« Horizontal flips
» Contrast & brightness
« Random crops /Scales (ResNet)

36



CNN 7=

e VGGNet

— Simonyan & Zisserman, 2014

— Alex net Cl{H| Conv. Kernel size € &0|1 layer £ &
« 0§21 7H2| 3x3 conv. &= 1712| 7x7 conv. 2} effective receptive field 7} &S
» Deeper, more non-linearities

e ]
= ] CEmw ]
< 1 [rcak ]
| FC 4098 ] | Pool |
L_recaoes ] | comv 512 ]
| Foal ] | 1
| 51209 | i 1
1 S |
| ) 2 1 1 Soil |
[ Fool ] [ ™ 1

 —r— | [ ) ]
[ ) C==iv]
] ==l
[ ] ] | Bool ]
=] =]
[ 1 )
C—— =1
| 1 1 conv. 128 ]
{ =1 CE==nTE)
[ Foal ] | Fool ]
[ | CEsane )
[ ] | i )
C—e 1 [ Toul ] | e ]

37
AlexNet VGG16 VGG19



CNN 7=

« GoogleLeNet

— Christian Szegedy (2015)
— ILSVRC 2014 LH=| 25 (error rate: 7%)
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ResNet (residual network)
— Kaiming He (2015)

CNN 7=

— ILSVRC 2015 CHZ| 25 (error rate 3.6%)
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« 152 layers

« Skip connection & residual learning: back propagation 7§
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Residual learning
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