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X7|zt Ol 2= Q=091 |12 learning rate (S &) =Lt
Ol at& &S QAAHA HEE FX[DICE

Update(params, grads ) Ml A| E= sGD 1M 0| M BFESHA = 2IC}

import o numpy as np

clazs SGD0:

nrrEtE M A M otAY (Stochastic Gradient Descenty "M

def __init__{self, Ir=0.01):
self.lr = Ir
def update(self, params, grads):
for key in params.keys():
params [key] —-= self.|lr * arads[kevy]

common/optimizer.py

gp
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6.1.4 ZHH
aL
U@)f*ngiﬁm)
W1)+=v(0)
¥ u\r—rj% (4] &3] v(l):av(O)*n%(l)
W—W+y [4 64] w2)+=oll)
28 64 200 ojojr): 30| 22 2718705 0 FR5 BRI
S 2
class Momentum: common/optimizer.py

I”EDJE SGD“H "

def __init__(self, Ir=0.01, momentum=0.9):
self.lr = Ir
self . momentum = momentum
sel|f.v = Mone

def update(self, params, arads):
it zself.w iz Mone:
self v = {}
for key, val in params.items()
self . vlkev] = np.zeros_likelval)

for key in params.keys()
self vlkev] = self momentum*self. vlkev] — self lrxgradslkev]
params[key] += self. vlkey]

I (A 6.3]2 av &2 X7t OFF H &l S YK H2 I A A{S|
SHEAIZ| = 92 oot
(o= 0982 4= d74).

3@ 6-5 DNE| =T HXe il 28

10 . Mum?MUm

i

IIM
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I8 6-6 AdaGradp)] =& 2184 S 2g

10 -ﬂ-dag-rad
claszs AdaGrad: f 1
""" hdaGrad common/optimizer.py
def __init__(=self, Ir=0.01):
self. lr = Ir

self.h = Mone

def update(self, params, grads):
It oself.h iz Mone:
self.h = {}
for key, wal in params.items():
sel|f. hlkev] = np.zeros_like(val)

for key in params.keys():
self hlkey]l += grads[key] * grads[kev]
params[kev] —-= self.Ir * gradslkev] / (np.sarti(self hlkev]) + 1e-7)
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6.1.6 Adam

AdaGrad= D7} #14-0] RIADICHHSHOZ A HES X
0|21 M ZHof N Z23H 7| 0| b2 Adam O|Ch

st

I8 6-6 AdaGrady oo 2j%a; M 2g

10 -ﬂu:laf':rad

—14 1 1 1
=110 -5 o 5 in

Ct.

common/optimizer.py

;p
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6.1.7 0= du g 0/8< A2l

import sys, os

sys . path.append(os . pardir) # F2 ClEH22 e s A

import numpy 25 np

import mateplotlib.pyelot as plt
from collections import OrderedDict
from common.optimizer import =

def flx, vl
return wxx? /2000 + yex?

def df(x, w1
return x /4 10,0, 2.0%y
init_pos = (-7.0, 2.0
params = 1}
params['x'], params['v'] = init_pos[0]. init_pos[1]
grads = {}
grads['='], grads['v'] =0, 0

optimizers = OrderedDict()
optimizers["SG0D"] = SGOCIr=0.95)
optimizers["Momentum"] = Momentum( |r=0.1)
optimizers["A&daGrad"] = AdaGrad(lr=1.5)
optimizers["Adam"] = Adam(|r=0.3)

idx =1

ch06/optimizer_compare_naive.py

for key in optimizers:

optimizer = optimizers[kev]
¥x_history = []
v_history = []

params['x'], params['v'] = init_pos[0],

for i in range(30):
x_history.append(params['x'])
v_history.append{params['v']1)

agrads['='], grads['v'] = dfi{params['x'],

optimizer . update(params, grads)

ne.arange(=-10, 10, 0.01)
ne.arange(-5, 5, 0.01)

W, = np.mesharidix, )
£

# 22 = 27
plt . subplot(?, 2. idx)
idx += 1

plt.plotix_history, v_history, ‘o',

plt. contour(®, ¥, Z)
plt.ylim(=10, 10)
plt.xlim(=-10, 10)
plt . plot(0, 0, '+')
#tcolorbar()
fepring()

plt. title(key)
plt.xlabel("x")
plt.vlabel ("y")

plt.show()

init_pos[1]

params['v'])

color="red")
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SECTION 06 St &H 7|=5&
6.1.8 MNIST HIO|E{Alo 2 2 Al Bhed H| W
import os

import sws

svs . path.appendlos.pardir) # F2 ClEg2le IMEE MHAE &= 2= 24
import matplotlib. pyplot 2z plt

from dataset.mnist import load_mnist

HQJ

from common.util import smooth_curve
from common.multi_laver_net import MultilaverNet M :
from common.optimizer Import * ch06/opt|mlzer_compare_mnlst.py

# D MN | ST I:‘” |:|| E‘I g_l :,'l —————======
(x_train, t_train), (x_test, t_test) = load_mnist{normalize=Trus)

train_size = x_train.shapel[0]
batch_size = 128
max_iterations =

2000

1. 2EE HH==========
optimizers = {}

optimizers['SG0D'] = SGOC)
optimizers[ 'Momentum'] = Momentum()
optimizers['AdaGrad']l = AdaGrad()
optimizers['Adam'] = Adam()
foptimizers['RMSprop'] = RMSpropt)

networks = {}
train_loss = {}
for key in optimizers. keys()
networks[kev] = MultilaverMet(
input_size=784, hidden_size_list=[100, 100, 100, 100],
output_size=10)
train_losslkey] = []

> > EHISFE AIES

rir

g2
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e
6.1.8 MNIST HO[HAM o= 2 A4 & Hlw

2., A AlE==========

for i in range(max_iterations):
batch_mask = np.random.choice(train_size, batch_size)
%_batch = x_train[batch_mask]
t_batch = t_trainlbatch_mask]

for key in optimizers.keys():
grads = networks[key] .gradient(x_batch, t_batch)
optimizers[key] .update(networks[kev] .params, grads)

loss = networkslkev] . loss(x_batch, t_batch)
train_losslkev]  append(loss)

o R 100 == O
print{ "ss=========" + "jteration:" + str{i) + "s==========")
for key in optimizers. keys():
loss = networks[kev] . loss{x_batch, t_batch)
print(key + """ + str(loss))

markers = {"3G0D": "o", "Momentum": "x", "AdaGrad": "s", "Adam": "D"}
x = np.arange(max_iterations)
for key in optimizers keys():

plt . plotl(x, smooth_curvel(train_loss[kev]), marker=markers[kev], markevery=100,

plt.xlabel("iterations")
plt.vlakel (" loss")
plt . ylim(O, 1)

plt. legend()

plt. show()

labe | =key)

gp
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6.1.8 MNIST HIO|HA 2 2 A4 2 H| W

1.0
—8— SGD
—»— Momentum
—#— AdaGrad
0.8 4 —- Adam
0.6 -
i
i
ke
0.4 -
0.2 -
0.0 .

0 250 500 750 1000 1250 1500 1750 2000
iterations
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=1 A, =1 AL = g = np.dotix, w)
ol 12 I = -
= |_|- ul 7 = =2 ;p
# Edst 2 M K=ol 2R
- - — z = sigmoid(al
et 22 i 2 = Rell(a)
# z = tanhia)
o Lm0l HABIgHE S S| 53 Hlo|H)e £EE cctivationslil = :
AEHSIH S0t HEE ¥2 =Lt # a0 027
— . for i, a in activations.items():
mport nuUmBY 85 N ch06/weight_init_activation_histogram.py o1t subplot(l. lentact ivat fons) . 1+1)
import matplotlib.pyelot as plt plt. title(str{i+l) + "—laver")
it =00 pltowticks(L], [1)
#opltoclim(O.1, 1)
def sigmoidix): #oplt.ylim{0, 7000)
return 1 /4 (1 + np.expl-x)) plt.hist(a.flatten(), 30, range=(0,1))
plt. show()
def RelU{x):
§ r:turi ne . maximamt 0, %) 40000 —LaYer Zlayer 3-layer Alayer _-layer
35000
def tanh(x): 30000
return npe.tanh(x) 25000
20000
input_data = ne.random.randn{1000, 100} # 1000242 OOl & 15000
node_num = 100 # = 2922 L E(xd) ¢ 10000
hidden_laver_size =5 # ZXZ0[ 54
activations = {} # 0|20 24z 2E HE 5000
« = input_data %.00.2 0406081.0000.20406081.0000.20406081.00.0020.40.60.81.00.00.20.40.60.81.0
for !firj Tan%e(hidden_layer_size}! 2 6-10 7tEX 8 EEHAMQ MR EE 27|k o] ZF Jo| st =&
i l=
% = activations[i-1] _
Y Sz Llersiol Wl Mo Ol O] & 7ot 10f| X[ 2K 22 SHA =™ HHIe| 7| 27| 40| &
SRR E X Kb X
w = np.random. randn(node_num no-:ie_num:l w1 o _|O|-X||:|-7|- A|-E|-|_||:|', o
# w = ne.random. randn{node_num, node_num) = 0,01 O|Zd0| 7127 iAEIgradientvanishingolal- %E1£ ?_‘x'lloll:"
# w = np.random. randn{node_num, node_num) * np.sart(1.0 / node_num)
# w = np.random. randnCnode_num, node_num) * np.sartl{2.0 / node_num)

rir

> > HHISRE AlESHs ©eEld
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7tE K| 228021, L H Xavier 2232 M E LTt

# W = np_random randn{ncde num node num) & 1

¥ = np.random.randni{node_num, node_num) * @81

J8 6-12 Xavier =280 F2802 ZEmEET; Ln 0] E=E 473 (2 ¥ 58 L= 5]
nAje =

HEHAI0.019 HTHEEE 27|22 o] T ———==mw Loagnsmaaow

i -

W

0

45000 —L12YET Layer layer. Alayer Sayer

40000 -
35000}
30000} AN
25000} - : "

20000
15000|
10000}
5000}

AN

node mum = 188 ¢ @f 29 o 5

%.0 0.20406081.000020406081.00.00.204060.81.00.00.204060.81.00.00.2040.60.81.0 w = np.random. randnfnode_num_ node_nus)| ' np. syt {node_ms)

%Fg §|-Zi‘%0| Il _CI>_I| E E'(')I'_:I E_=II% x-”'c‘irélj- JE 613 FHERIS] 2SR Navier 22EE OIBT 12 2 S| SUNT BT
Cl= 2= 0 A E&|7F =T

; 1-Iay:er Z-Ila el -l aper A-laver
| l ||
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6.2.4 MNIST HIO|HA 22 & 7}FX| 2217 |1

impart ol
eort sys ch06/weight_init_compare.py
svs.path.appendlos.pardir) # F2 CleEg2e MY E MHAHE ¢+ UEE &8

Import numpy 25 np

import matplot!lib.pyplot as plt

from dataset . mnist import load_mnist

from common.util import smooth_curve

from common.multi_laver_net import MuoltilaverMet

from common.optimizer import SGO

# I:I. MN | ST E” |:I| E-I g_l :,'l == =====

{x_train, t_train), (x_test, t_test) = load_mnist{normalize=Tru=)
train_size = rain.shapel[0]
hatch_size =
max_iteration

weight_init_types = {'std=0.01": 0.01, 'Havier'' 'siamoid', 'He': 'relu'}
optimizer = SGO{ 1 r=0.01)

networks = {}
train_lozs = {}
for key, weight_tvpe in weight_init_types.items():
networks[kev] = MultilaverMNet{ input_size=784, hidden_size_list=[100, 100, 100, 100]
output_size=10, weight_init_std=weight_tvpe)
train_loss[key] = []
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6.2.4 MNIST HIO|E{lo 2 2 7S K| =21

2 FEH AlL==========

for i in range(max_iterations):
batch_mask = np.random.choiceltrain_size,
x_batch = x_train[batch_mask]
t_batch = t_train[batch_mask]

batch_size)

for key in weight_init_tvpes . keys():
grads = networks[key] gradient(x_batch,
optimizer . update(networks[kev] .params,

t_batch)
grads)

loss = networkslkev] . loss(x_batch, t_batch)
train_losslkev] . append(loss)

PR 100 ==

Drint(“:::::::::::“ + "yteration:" + Str(ij + "=======

for key in weight_init_tvpes . keys():
loss = networks[key] . loss{x_batch,
printikey + """ + str(loss))

t_batch)

# 3. 2= _?EJJ|==========

markers = {'std=0.01": 'o',

¥ = np.arange(max_ |terat|on5)

for key in weight_init_tvpes keys():
plt.plot(x, smooth_curve(train_loss[kev]),

plt. xlabel("iterations")

plt . vlabel (" loss")

plt . vlim{0, 2.5)

plt. legend(]

plt. show()

"Yawier': 's', 'He': 'D'}

g2

rir

> > EHISFE AIES

marker=markers[kev],

H| !

markewvery=100,

label=key)

ch06/weight_init_compare.py

HQJ
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6.3 HiX| Yet
6.3.1 HiX| 3t La2E

=
o =21 gH0| 37 Q| =S| BE=Ch@ % obZ 2213t M Zojof ok
o 2HI|E S ANV LHEFOIR 52 2RE ).
38 6-16 Hix| TakE AR LI ol
— Affirm -m o Anlll &ffirm -m o AnLLl Affrm | = Softm—
I m
Hy g 2%
z 1
oy -—ﬁi;\fxe—.l"g}!
Xi- EE
4 o [46.7]
: 1,-"'-ch' +£ s

IIM

PR [46.8]

8 6-17 K| Et=te| Al At i =,




e a-io

Import sys, 05

sys.path.appendlos . pardir) # T2 ClEH22 IMEE NMHE = 2= £ 3
Import o numpy 825 np

import matplotlib.pyplot as plt

from dataset.mnist import leoad_mnist

from common.multi_laver_net_extend import MultilaverMetExtend

from common.optimizer import SGOD, Adam

IIIQ

def __train{weight_init_std):
bn_network = MultilaverMetExtend( input_size=784, hidden_size_list=[100, 100, 100, 100, 100], output_size=10,
weight_init_std=weight_init_std, use_batchnorm=True)
network = MultilaverMetExtend(input_size=784, hidden_size_list=[100, 100, 100, 100, 100], output_size=10,
weight_init_std=weight_init_std)
optimizer = SGO(|r=learning_rate)

train_acc_list = []
bn_train_acc_list = []

iter_per_epoch = max({train_size / batch_size, 1)
epoch_cnt = 0O

for 1 in range( 10000000007 :
batch_mask = np.random.choicel(train_size, batch_size)
%_batch = x_train[batch_mask]
t_batch = t_trainlbatch_mask]

for _network in (bn_network, network):
grads = _network.gradient{x_batch, t_batch)
optimizer . updatel_network .params, grads)

It i B iter_per_epoch ==
train_acc = network.accuracy(x_train, t_train)
bn_train_acc = bn_network  accuracy(x_train, t_train)
train_acc_list.append(train_acc)
bn_train_acc_list. append(bn_train_acc)

printi{"epoch:" + striepoch_cnt) + " | " + str(train_acc) + " - " + stribn_train_acc))

epoch_cnt += 1
It epoch_cnt »= max_epochs:
break

return train_acc_list, bn_train_acc_list




J|||_|EJ

(x_train, t_train), (x_test, t_test) = load_mnist(normalize=True)

# S MogHE &Y
x_train = x_train[:1000]
t_train = t_train[:1000]

max_epochs = 20

train_size = x_train.shapel[0]
batch_size = 100
learning_rate = 0,01

# j EH E j EJ :_.'l —=========
weight_scale_list = np. logspace(0, -4, num=18)
¥ = np.arangelmax_epochs)

for i, w in enumerate({weight_scale_list):
Driﬂt( "= Y 4 Str(i+1) + “f]E” + ::::::::::::::”)
train_acc_list, bn_train_acc_list = __trainiw)

plt.subplot(d, 4, 1+1]
plt. title("W:" + striw))
F i == 15:

plt . plot(x, bn_train_acc_list, label="EBatch Mormalization', markevery=2)

plt.plot(x, train_acc_list, linestvle = "-=", label="Normal{without BatchMorm)', markewvery=2)
eloe!

plt.plot(x, bn_train_acc_list, markeverv=2)

plt.plot(x, train_acc_list, linestvle="—", markeverwy=2)

plt.vlim(0, 1.0)
[N - &
plt . vticks([])
elzel
plt.vlabel("accuracy™)
i< 12
plt.xticks([])
else:
plt. xlabel("epochs")
plt. legend( loc="lower right')

> > QUHIEHRE A|RtSH= Hald plt.show()
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12 6-18 HiX| Frt=tel = ut: BiX| =2tot
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18 6-19 A0 HiX| Y=t E AHES 42, 0| AL8oIX| H2 8%
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4
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o
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4
o
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4
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=
=

4
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o
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W:1.0

W:0.541169526546
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W:0.0857695898591
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W:0.0251188643151
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W:0.0073564225446
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W:0.000184784979742

W:0.0001

epochs

20

epochs
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ch06/overfit_weight_decay.py

import os
Imeort sys

sys.path.append(os.pardir) # 2 ClEEZL MEE NHE = 9= &

Import numpey as np

import matplot!lib.pyplot as plt

from dataset . mnist import load_mnist

from common.multi_laver_net import MultilaverMet
from common.optimizer import SGO

(x_train, t_train), (x_test, t_test) = load_mnist{normalize=Tru=)

# PHIULEZE THEG2 Holl &5 Oolyg =8 &Y
x_train = w_train[:300]

t_train = t_trainl:300]
fweight_decav_lambda = 0 # weight decavE A ESHH %HE &2

weight_decav_lambda = 0.1

# el ———————————————————————————————————————————

network = MultilaverNet(input_size=784, hidden_size_list=[100, 100, 100,
optimizer = SGOCIr=0.01) # S =0] 0,012 SGOZE OH2HH == 24
max_epochs = 201

train_size = x_train.shapel[0]

batch_size = 100

train_loss_list = []
train_acc_list = []
test_acc_list = []

iter_per_epoch = maxitrain_size / batch_size, 1)
epoch_cnt = 0

d

100,

100,

1007,

gp

output_size=10)




6.4 HIZ St5F Tl

6.4.1 2u{Olg

for i in rangel 10000000007 :

batch_mask = np.random.choice(train_size, batch_size)

x_train[batch_mask]
t_trainlbatch_mask]

¥_hatch
t_hatch

grads = network.gradient{x_batch, t_batch)
optimizer . update{network . params, garads)

It 0 % iter_per_epoch ==

train_acc = network.accuracyv(x_train, t_train)

test_acc = network.accuracw(x_test, t_test)
train_acc_list.appendi{train_acc)
test_acc_list.appenditest_acc)

print{"epoch:" + striepoch_cnt) + ", train acc:"

epoch_cnt += 1

It epoch_cnt >*= max_epochs:

brealk

# j E_H E 1 E_I :,Il === ====
markers = {'train': 'o', 'test': 's'}
¥ = np.arangelmax_epochs)
plt . plot(x, train_acc_list, marker='0', label="train', markevery=10)
plt.plot(x, test_acc_list, marker='s', label="test', markevery=10)

plt.xlabel("epochs")

plt . vlabel("accuracy")
plt.ylim(0, 1.07

plt. legendl loc="lower right'}
plt . show()

+ str{train_acc) +

1.0

HQJ

0.8 A

o
[=)]
1

accuracy

o
E
1

0.2 1

—o— ftrain
—— test

0.0 T T T

25 50 75 100 125 150 175 200
epochs

o 4

. test aco!" + stritest_acc))

12 6-20 & G| O|EH(train)2f A|& O|O|E(test)2| (| ZY Hat = 30|




6.4 HHE S5 9ol

6.4.2 7tSX &2

QHIOE AXECZE O=2REH QO| 0|82 WHE T
7|’§X| 7|:II-—)|\—weightdecavEl-E Z‘JO' (RIIKEI-

v = self.predictix)

weight_decay = 0
for idx in rangeil, self.hidden_laver_num + 2):
W = self.params['W' + str(idx)]

|||le

common/multi_layer_net.py

import svs, Os

svs . path.appendlos . pardir) # 2 CleElg22 MEE HAHE = s &4
Import numpy 25 np

from collections import OrderedDict

from common. lavers (mport »

from common.gradient import numerical_gradient

clazs MultilayverMet:
||||||%|__?{-|q::q;\:| I:_l.% A|§D|‘

— = —

Farameters

input_size @ &= 22 (MNISTE 259 784)
hidden_size_list : 2 EY Z9 78 =2 2 21 A~E (e.g. [100, 100, 100])
output_size @ £ I (MNISTE] 24 10)
activation © EHE& &= - 'relu’ E2 'siagmoid’
weight_init_std @ 22 B8 AME (a0 0.01)

‘relu'll 'he'Z A HESIEH 'He 22lg'2z2 #43

‘sigmoid 'Lt 'xavier' 2 Al ESIE 'Havier £4ldb'2=Z2 4 H
weiaght_decay_lambda @ ISR 24002 HEL] M D

weight_decay += 0.9 * self . weight_decay_lambda * np.sum(W == 2]

return self. last_laver . forward(y, t) + weight_decay




6.4.2 75X &

def gradient(self, x,
Il EJE TED

Farameters

» o w=® dlolgy
t o HY Yo =
Feturns

2 Zo JEDJNE
grads['W1'].
grads['b1"'].

#f forward

self.loss(x, t)

#t backward
dout 1
dout

layers = list{self.lavers.values())
lavers . reversel )
for laver in lavers:

dout = laver . backward({dout)

2o A H
grads = {}

for idx in range(l, self.hidden_laver_num+2):

|_

grads['W2"'].
grads['bZ"'].

self. last_laver . backward{dout)

HQJ

grads['W' + striidx)] = self. lavers['Affine' + striidx)].dW + self . weight_decav_lambda * self.lavers['affine’ + striidx)] W

grads['b' + striidx)]

return grads

HFEHRE AlRtSHE El3d

rir

self. layers['Affine' + striidx)].db




6.4 HIE

(=15
=1

6.4.2 7tSX &2

ch06/overfit_weight_decay.py

== 7ok

import os
Import sys

sys.path.append(os . pardir) # 2 ClEH2e WYE NHE = 2IcE A
Import numey 82: np

import matplot!lib. pyplot as plt

from dataset. mnist import load_mnist

Trom common.multi_laver_net import MultilaverMet

from common.optimizer import SGO

(x_train, t_train), (x_test, t_test) = load_mnist{normalize=Tru=)

# THIEE MG #Holl &5 dolg =2 =Y
w_train = x_train[:300]

t_train = t_train[:300]
# WEIth deca‘:.‘.-' (jl‘%_l jl:ll-il.:l fg@ :::::::::::f:::::::::::
fweight_decay_lambda = 0 # weight decavE ALESIA HE EF

weight_decav_lambda = 0.1

network = MultilaverMNet(input_size=784, hidden_size_list=[100, 100, 100,

weight_decay_lambda=weight_decay_lambda]
optimizer = SG0(1r=0.01) #f S ==0 0.01¢ SG0= Of2HH=F A4

max_epochs = 201
train_size = x_train.shapel[0]
batch_size = 100

train_loss_list = []
train_acc_list = []
test_acc_list = []

iter_per_epoch = max(train_size / batch_size, 1)
epoch_cnt = 0

=

100,

100,

100], output_size=10,

.




6.4 HHZ 8t& 2 93l

0.4.2 715X U 058 1

for i in range(1000000000):
batch_mask = np.random.choice(train_size, batch_size)
¥_batch = x_train[batch_mask]
t_batch t_trainlbatch_mask]

o
h
1

accuracy

o
F Y
|

grads = network.gradient{x_batch, t_batch)

optimizer . update(network .params, grads)

. . 0.2 -

It 0 % iter_per_epoch == _
train_acc = network.accuracy(x_train, t_train) —¢— tmain
test_acc = network.accuracy(x_test, t_test) —8- st
train_acc_list.append(train_acc) 25 80 75 100 125 180 175 200
test_acc_list.append({test_acc) epochs

o 4

print{"epoch: " + striepoch_cnt) + ", train acc:" + stritrain_acc) + ", test acc:" + stritest_acc))

epoch_cnt += | A8 6-21 7k5%| S 0|82 28 H|O|E(train)2t Al H|O|E(test)2| O 5 & F=t= 0]

—

e

It epoch_cnt >*= max_epochs:
brealk

#3= D22 ==========

markers = {'train': 'o', 'test': 's'}

¥ = np.arangelmax_epochs)

plt . plot(x, train_acc_list, marker='o', label="train', markeverw=10]}
plt plot(x, test_acc_list, marker='s', label='test', markevery=10)
plt.xlabel("epochs")

plt . vlabel("accuracy")

plt.ylim(0, 1.07

plt. legendl loc="lower right'}

plt . show()
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SECTION 06

10t
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J8 6-23 E5E =RoiE oL 2252 =R0EE HET dn{dropout_ratio = 015

6-4-3 EEOF% it /.“J-W al
T ,r ,...---.-.-I-I-I-I-I-I-I-I-I-I-lrl-I'| A
] )f| E
: g
=F 1 BE
common/layers.py i u
— TR —a it
B ot -
clazs Dropout: ' % L I L u h T s

htte: Afarxiv, ora/abs /1207, 0580
def __init__(self, dropout_ratio=0.5):
se|f . dropout_ratico = dropout_ratio
self . mask = FMone
x| A 7|7} ZHEE|X| UOLA]...
def forward(self, x, train_flg=True): | I7F SEEIX] B0t

It train_fla: N B
self.mask = np.random.rand(*x.shape) > self.dropout_ratio selfmaskO| A X||g 7 H 2 falseE HA|
return x * self . mask -~

elze:
return x % (1.0 - self.dropout_ratio) Test A| HE

def backward(self, dout):
S dout *'selfmask AWM A| SISO QFDN Al MBS £} JX| FOB M AHE




0.8

accuracy
o

o

s

o
S
L

0.2 4

0.0

ch06/overfit_dropout.py

—e— frain
—#— test

T
0

T
100

T
200

T
300

epoc

T
400
hs

T
500

T T
600 700

Import os

Import sws

sys.path.appendios . pardir) # F52 ClEH2le MEE MHAE = UEE &8
import numpy 25 np

import matplotlib.pyplot as plt

from dataset.mnist import load_mnist

Trom common.multi_laver_net_extend import MultilaverNetExtend

from common.trainer import Trainer

(x_train, t_train), (x_test, t_test) = load_mnist{normalize=Tru=)

# 2HUEE MAS? #Holl &5 OolyH =8 =2
w_train = x_train[:300]

t_train = t_train[:300]
use_dropout = True # SEOUEE ME %HE e False
dropout_ratio = 0.2

network = MultilaverMetExtend{ input_size=784, hidden_size_list=[100, 100, 100,

output_size=10, use_dropout=use_dropout, dropout_ration=dropout_ratic)

trainer = Traineri{network, =_train, t_train, =_test, t_test,

epochs=301, mini_batch_size=100,

optimizer="sgd', optimizer_param=1'Ir': 0.01}, wverbose=True)
trainer.train()

train_acc_list, test_acc_list = trainer . train_acc_list, trainer.test_acc_|list

# = 2| 2| ==========

markers = {'train': 'o', 'test': 's'}

x = np.arangel len(train_acc_list))

plt.plotix, train_acc_list, marker='o', label="train', markevery=10)
plt.plotix, test_acc_list, marker='s', label="test', markeverw=10)

plt. xlabel("epochs")
plt.vlabel("accuracy")
plt o ylim(0, 1.0)

plt. legend( loc="lower right')
plt. show()

100,

100,

1007,




6.5 MZst

OFO| Itk ol B 24

310

52

[«

=)

6.5.1 235 HlolH

utatol e 2k &7
% 27, B BT 1R 22 5

= & H| 0| E{(training set): O 7l B == 5t

IIM

sto|mHmteto|HE - e M= 50| Itetn| M-8 =HQl | o] B 7 B Q 5Lt
SOl HI2tO|E =Y & HIO|HE M2 2 AS O Ol Husssionsnn BF 11 FE LY A= §| O| E{ (validation set): 5}O| I I}20|Ef M5 7}
A|°4 Ci| O] B (test set): M B[ HE 5 %47f
(x_train Tt _train) (x_test t_test) = load mnist() common/util.py
# E¢ cio|oi§ S|4=ct.
' .I = _|. - . . def shuffle_dataset(x, t):
¥_train, t_train = shuffle_dataset{x_train, t_train) o A2 S A=)
7 20cF HE clociz BE Parameters
validation_rate = @.28 * =4 dlolH
validation num = int{x_train_shape[8] » walidation rate) t o HE Yol =2
x_val = x_train[:vplidation_num] ﬁ?tg[gf
t-val = t_train| -validation_nu] vt S42 =3 dolge BY ole
¥ _traim = x_train[validation mnum:) non
t_train = t_train[validation_num:] permutation = np.random.permutation(x.shape[0])
¥ = x[permutation,:] If x.ndim == 2 else x[permutation,:,:,:]
t = tlpermutation]
return x, t
SE AlZoHE B2l
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J

6.5.3 sto|mutztn|Ef =3}
23817

ch06/hyperparameter_optimization.py

124

LL

‘==

imeort sys, oS

sys . path.append{os . pardir)
Import numpey as np

import matplot!lib.pyplot as plt

from dataset . mnist import load_mnist

from common.multi_laver_net import MultilaverMet
from common.util import shuffle_dataset

from common.trainer import Trainer

# 72 Cldyede HEE HHE = AE 24

(x_test, t_test) = load_mnist{normalize=Tru=)

#E2UE H=H D2 Ha
¥_train = x_train[:500]
t_train = t_trainl[:500]

(x_train, t_train),.

&3

ol E =4

t20RE d5 HOUHE =%

val idation_rate = 0,20

validation_num = int{x_train.shapel0] * validation_rate)
x_train, t_train = shuffle_dataset{x_train., t_train)
x_val = x_trainl:validation_num]

t_wval = t_trainl:wvalidation_num]

¥_train = x_trainlvalidation_num:]

t_train = t_trainlvalidation_num:]

def __train(lr, weight_decay, epocs=50):
network = MultilaverNet{input_size=784, hidden_size_list=[100, 100, 100,
output_size=10, weight_decav_lambda=weight_decay)
trainer = Trainerinetwork, x_train, t_train., x_wval, t_wal,
epochs=epocs, mini_batch_size=100,
optimizer="=ad', optimizer_param={'Ir"': Ir},

100, 100,

1007,

verbose=Falze)
trainer. traini)

return trainer . test_acc_list, trainer.train_acc_list

IIM




| =

optimization_tria 100
results_val = {}

results_train = {}

for _ in rangeloptimization_trial):

# EfAbSt SOl I 20/ H 2] HY Al E===============
weight_decay = 10 ** np.random.uniform(-8, -4)
lr = 10 *»* np.random.uniform{-6, -2)

# e sl e —————————————————————

val_acc_list, train_acc_list = __train{lr, weight_decay)

print("val acc:" + strival_acc_list[-1]) + " | |r:" + strlr) + ", weight decay:" + striweight_decaw))
key = "lr:" + str(lr) + ", weight decav:" + striweight_decay)

results_vall[kev] = val_acc_list
results_trainlkev] = train_acc_list

# 22 = 2| 0| ========================================================
print("=========== Hyper-Parameter Optimization Result ===========")
graph_draw_num = 20

col_num = 5

row_num = intinp.ceil{graph_draw_num ¢/ col_num))
=10

for key, wval_acc_list in sortediresults_val.items(), kev=lamnbda x:x[11[-1]., reverse=Tru=):
print("Best-" + str{i+1) + "(val acc:" + strival_acc_list[-1]1) + ") | " + key)

plt. subplot{row_num, col_num, i+1)
plt title("Best-" + str{i+1))
plt.ylimC0,0, 1.00

Tl BB pltowticksC[])
plt.xticks([])

x = np.arangef len{val_acc_list))
plt. plot(x, val_acc_list)

plt.plot(x, results_trainlkey], "—--")
| 4= 1

It 1 = graph_draw_num:
break

plt.show()
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SECTION 06 st &2t J|=5& 100
/= = L == os |
0.50
— — ] — x —t -] |
6.5.3 sto|muteto| | X[ M3t 2357 025
0.00 Best-8 Best-9 Best-10
1.00
0.75 )
0.50 - o~ T =
0.25 - ! ol 2
0.00 Best-13 Best-14 Best-15
1.00
0.75 4
0.50 1 /;" s ./ el .
021 = ’ ~ /:,/—_/ /
=========== Hyper-Parameter Optimization Result =========== 0.00 Best-16 Best-17 Best-18 Best-19 Best-20
Best-1(wval acc:0.79) | Ir:0.007775929506396434, weight decay:5.90045828295005=-07 1.00
Best-2(val acc:0.79) | Ir:0.007254343305128658, weight decay:1.1524225087770819=-07
Best-3{val acc:0.75) | Ir:0.0047233458759333045, weight decay:'§.526982342958834e-07 0.75
Best—4(wval acc:0.74) | |r:0.009487279828549822, weight decay: 2.4101815416504603=-08
Best-5{val acc:0.72) | Ir:0.008334948326110887, weight decay: ?.4BR5GB0405615925e-07 0.50 1 =" g . L
Best-B{val acc:0.65) | Ir:0.0047667E0772381838, weight decay:' 5. 47786435787 2687e-05 0.25 4 ’,/“ - ’_/’v‘,j=4—’_ - "
Best-7(wval acc:0.62) | Ir:0.005723943990980994, weiaght decaw:1.48B6747340883507e-05 ’ —~ _ = o~ -
Best-8(wval acc:0.53) | Ir:0.0040467229183121575, weight decay:1.9709929854417675e-08 0.00
Best-9¢val acc:0.52) | Ir:0.003756794149683187, weight decay:1.1570823320127555=-04 ’

A1) |F10.002915555901114859, weight decay:9.983520058371334=-07

Best-10{val acc:0

Best-11{wval acc:0.5) | Ir:0.0046394900261658885, weight decay:1.2905732940586724e-07
Best—12{val acc:0.44) | [r:0.0019425702812241477, weight decay:B.460292887055926e-06
Best-13{val acc:0.43) | Ir:0.002577659210075172, weight decay:?.5288553496405504e-00
Best-14(val acc:0.43) | Ir0.00414809786323954, weight decay: 3.2122720220744856e-06
Best-15(wval acc:0.37) | |r:0.0029268534436303214, weight decay:9 . B72252853405284e-06
Best—16{wval acc:0.36) | Ir:0.002576096234743461, weight decay:2.1247725015282106e-05
Best-17{val acc:0.36) | Ir:0.002283440475666735, weight decay:2.1436435980283782e-07
Best-18(wval acc:0.34) | Ir:0.0024578556353405054, weight decay:2.0305153910454517e-08
Best-19(wval acc:0.31) | Ir:0.000869751678862249, weight decaw:9.227599137136632e-07
Best-20{val acc:0.28) | Ir:0.001953066528491176, weight decay:3 BE10855405633556e-07




