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IHQ

import sys, os

sys . path.appendios . pardir) # T2 ClEHZ 2 IEE NHHE = 2= 4
import pickle

import numpy 25 np

from collections import OrderedDict

from common. lavers import =

kA

ch08/deep_convnet.py

clazs DeeplonvMet:

II““@%E 99% O|)q§p'-9| ﬂg% A

L=

o
i

g
HEH=Z FHZ 0t2fe €&
cony — relu - conv- relu - pool -
cony — relu — conv— relu — pool -
cony — relu — conv— relu — pool -
affine - relu - dropout - affine — dropout — softmax

def __init__(self, input_dim=(1, 28, 28,

conv_param_1 = {'filter_num' 16, 'filter_size':3, 'pad':1, 'stride':1}
conv_param_2 = 1'filter_num' 16, 'filter_size':3, 'pad':1l, 'stride':1}
conv_param_3 = {'filter_num':32, 'filter_size' '3, 'pad':1, 'stride':1},
conv_param_4 = {'filter_num':32, 'filter_size':3, 'pad':2, 'stride':1},
conv_param_5 = {'filter_num':64, 'filter_size':3, 'pad':1, 'stride':1}
conv_param_B = {'filter_ num"Ed, "filter_size':3, 'pad':1, 'stride':1}
hidden_size=50, output_size=10):

# EA J‘3|9}===========

2 E2 7Y SiLtE & 22 B O mdY AZE =2 (TODO: AME OAIHEIAH dEE A

pre_node_nums = np.array([]*S*S, 16%3*3, 1B= 3 3 32#3%3, 32+3%3, G4»3x3, GB4»4x4, hidden_size]l)

wight_init_scales = np.sqarti?2.0 / pre_node_nums) # RelUE AP EE e HE £2gf

self . params = {}

pre_channel _num = input_dinl0]

for idx, conv_param in enumeratel[conv_param_1, conv_param_2. conv_param_3, conv_param_4, conv_param_3, conv_param_B1):
self.params['W' + striidx+1)] = wight_init_scales[idx] * np.random.randn{conv_param('filter_num'], pre_channel_num, conv_param['filter_size']l, conv_param['filter_size'])
self . params['b' + str(idx+1)] = np.zeros{conv_param['fi|ter_num'])
pre_channel_num = conv_paraml ' filter_num']

self . params[ W7 '] wight_init_scales[B] * np.random.randn(Bd=4x4, hidden_size)

self.params['b7"'] np.zerosChidden_size)

self . params['W5"'] wight_init_scales[7] * np.random.randnthidden_size, ocutput_size)

self.params[ 'bE'] np.zeros(output_size)
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def predictiself, x, train_flg=Falze):
for laver in self.lavers:
it isinstanceflaver, Dropout):

IIIQ

% = layver forward(x, train_flg)
else:
x = laver forward(x)
return x
Y def loss(self, x, t):
EE?ifja;;;; = [ v = self predict(x, train_flg=True)
self. lavers.append(Convalution(self . params['W1'], self params['b1'], return self. last_laver . forward(y, t)
cony_param_1['stride'], conv_param_1['pad']1)]
self. lavers.append(Relul )} def accuracy(self, x, t. batch_size=100):
self. lavers.append(Convalution(self . params['W2'], self params['b2'], if tondim !'= 1 t = np.argmax(t, axis=1)
cony_param_2['stride'], conv_param_2[ 'pad']1)]
self. lavers.append{Relu()] acc = 0.0

self.lavers.append(Poolinglpool _h=2, pool_w=2, stride=2))
self. lavers.append(Convolution(self . params[ ' W3'], self.params['b3 '],

Tk AL oad 1) for i in rangelint{x. chapel0] / batch_size))
self. lavers aDDend(EgTEE??ram_ SIS S comy_pRran-at be tx = x[!*batch_s!zei(!+1)*batch_s!ze]
self.lavers.append({Convolution(self.params[ ' Wd'], self . params['bd'], tt__ tE%*batah_i&ie-(L+1?*b?TCEESiZE%

conv_param_4['stride'], conv_param_4[ 'pad'])} ¥ —oselb predictix. train_tigmrai=c
self. lavers.append(Relul)] y = np.argmax(y, axis=1]
self. lavers.append(Pooling(pool_h=2, pool_w=2, stride=2)) acc += np.sumiy == tt)
self . lavers.append({Convolution(self params['W5'], self . params['b5'],
cony_param_5['stride'], conv_param_5[ 'pad'])) return ace / x.shapel0]
self. lavers.append(Relul))
self. lavers.append(Convolution(self params['WE'], self.params['bE'], def gradientiself, =, t):
cony_param_B6['stride'], conv_param_B[ 'pad'])) #f forward
self.lavers.appendi{Relu(}) self. lossix, 1)
self. lavers.append(Poolinalpool _h=2, pool_w=2, stride=21)
self. lavers.append(Affine(self params['W7 '], self.params['b7'1)) i backward
self. layers.append(Relul)) dout = 1
self. layers.append(Dropout(0.5)) dout = self.last_laver . backward{dout)

self. lavers.append(Affine(self params['W8'], self.params['b8'1))

self.lavers.append(Dropout(0.5)) tnp_lavers = self. layers. copy()

self last_layer = SoftmaxWithLoss() tmp_lavers.reverse()
for laver in tmp_lavers:
dout = laver backward{dout)

# 2o A E
grads = {}
for 1, laver_idx in enumerate({0, 2, 5, 7, 10, 12, 15, 18))
grads['W' + strii+1)] self lavers[layer_idx] . dW
grads['b' + str{i+1}] self lavers[laver_idx].db

return arads



def predictiself, x, train_flg=Falze):
for laver in self.lavers:
it isinstanceflaver, Dropout):

IIIQ

% = layver forward(x, train_flg)
else:
x = laver forward(x)
return x
Y def loss(self, x, t):
EE?ifja;;;; = [ v = self predict(x, train_flg=True)
self. lavers.append(Convalution(self . params['W1'], self params['b1'], return self. last_laver . forward(y, t)
cony_param_1['stride'], conv_param_1['pad']1)]
self. lavers.append(Relul )} def accuracy(self, x, t. batch_size=100):
self. lavers.append(Convalution(self . params['W2'], self params['b2'], if tondim !'= 1 t = np.argmax(t, axis=1)
cony_param_2['stride'], conv_param_2[ 'pad']1)]
self. lavers.append{Relu()] acc = 0.0

self.lavers.append(Poolinglpool _h=2, pool_w=2, stride=2))
self. lavers.append(Convolution(self . params[ ' W3'], self.params['b3 '],

Tk AL oad 1) for i in rangelint{x. chapel0] / batch_size))
self. lavers aDDend(EgTEE??ram_ SIS S comy_pRran-at be tx = x[!*batch_s!zei(!+1)*batch_s!ze]
self.lavers.append({Convolution(self.params[ ' Wd'], self . params['bd'], tt__ tE%*batah_i&ie-(L+1?*b?TCEESiZE%

conv_param_4['stride'], conv_param_4[ 'pad'])} ¥ —oselb predictix. train_tigmrai=c
self. lavers.append(Relul)] y = np.argmax(y, axis=1]
self. lavers.append(Pooling(pool_h=2, pool_w=2, stride=2)) acc += np.sumiy == tt)
self . lavers.append({Convolution(self params['W5'], self . params['b5'],
cony_param_5['stride'], conv_param_5[ 'pad'])) return ace / x.shapel0]
self. lavers.append(Relul))
self. lavers.append(Convolution(self params['WE'], self.params['bE'], def gradientiself, =, t):
cony_param_B6['stride'], conv_param_B[ 'pad'])) #f forward
self.lavers.appendi{Relu(}) self. lossix, 1)
self. lavers.append(Poolinalpool _h=2, pool_w=2, stride=21)
self. lavers.append(Affine(self params['W7 '], self.params['b7'1)) i backward
self. layers.append(Relul)) dout = 1
self. layers.append(Dropout(0.5)) dout = self.last_laver . backward{dout)

self. lavers.append(Affine(self params['W8'], self.params['b8'1))

self.lavers.append(Dropout(0.5)) tnp_lavers = self. layers. copy()

self last_layer = SoftmaxWithLoss() tmp_lavers.reverse()
for laver in tmp_lavers:
dout = laver backward{dout)

# 2o A E
grads = {}
for 1, laver_idx in enumerate({0, 2, 5, 7, 10, 12, 15, 18))
grads['W' + strii+1)] self lavers[layer_idx] . dW
grads['b' + str{i+1}] self lavers[laver_idx].db

return arads
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ch08/train_deepnet.py
TR 8-2 VISR R OI0IXIS 124 A B = B H0IE. 2B ORKE 0] LB FE U

345,
< 3.
A ”b G
995 4 1

import sys, os
sys.path.append(os.pardir) #f 2 ClEF2e WEE HHE 5+ UL E

import numpy &8s np &'
import matelotlib.pyelot as plt "

from dataset.mnist import load_mnist
from deep_convnet import DeepConvNet
from common.trainer import Trainer

Nz
o

7

(x_train, t_train), (x_test, t_test) = load_mnist(flatten=Falz=e) iil
network = DeepConvMet() i S
trainer = Trainerinetwork, =_train, t_train, x_test, t_test, 7
epochs=20, mini_batch_size=100,
optimizer="4dam', optimizer_param=1{'|r':0. 001},
evaluate_samp|le_num_per_epoch=1000) L

Lf lﬁ ., lﬁ

L | |=
3
{5;;;;;

trainer . trainf)

# O H = 22
network .save_params("deep_convnet_params.pkl")
print{"saved Metwork Parameters!")
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8.2.4 ResNet
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