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Revisit to Cost Function

e IEE Q|5 AR Y Lecture03- how to minimize cost

What cost(W) looks like!?
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Revisit to Cost Function

e How to minimize cost?

What cost(W) looks like?
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8 8 3 _8

gw

8




Revisit to Logistic Regression

e Binary classification
* Logistic Hypothesis : z = Wx + b, g(z) -> 0 or 1




Revisit to Logistic Regression

Convex function

cost(W,b) = 1 Z(H(I('i)) — y()2
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def mean squared error(y, t):
return 0.5 % np, sum((y-t)**2)
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»>y =[0.1, 9,05, 0.6, 0,0, 0,05, 0,1, 0,0, 6,1, 0,0, 0,0]

>>> mean_squared _error(np,array(y),

0.097500000000000031
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np.array(t))
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>>y = [0.1, 8.5 0,1, 0,6, 0,65, 0.1, 6.0, 9.6, 0.0, 0,0]

>>> mean_squared _error(np.array(y),

0,59750000000000003

np,array(t))



Cross Entropy Error

« Cross entropy def cross_entropy error(y, t):
- TZ7H1E el y o XtHA= T AlAt = _Zk: trlog yi delta = 1e-7
return -np.sum(t * np.log(y + delta))

D8l 4-3 XHZT y = logxQ| 2

port=10,0,1,0, 60 0 0,0 0 0]

>>>y =01, 0,05, 0,6, 0,0, 0,05, 0.1, 0.6, 0.1, 6.0, 0_0]
>>> cross_entropy_error(np,array(y), np.array(t))
@,51082545709933802

>0 .

>y =[6.1, 0,65 0,1, 0.0, 0,65 0.1, 0.0, 0.6, 0,0, 0.0]
>>> cross_entropy _error(np,array(y), np.array(t))
2.3025840929945458
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Mini-batch Learnin
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S oI A= O o =LA . .
- 28 HO|HOA -8+E FEAYZE &0t SF5 -> mini-batch
import sys, os ;rai;_s%ze i ;(@_train_shape[{ﬂ]
sys . path. append(os pardir) atch_size = . ) , .
. + batch_mask = np,random, choice(train_size, batch_size)
LIport numpy aslnp , _ x_batch = x_train[batch_mask]
from dataset mnist import load mnist t batch = + train[batch mask]

(x_train, t_train), (x_test, t_test) =\
load mnist(normalize=True, one hot label=True)

print(x_train, shape) # (60000, 784)
print(t_train, shape) # (60000, 10)

>>> np,random, choice(60000,
array([ 8013, 14666, 58210,

10)

23832, 52091, 10153, 8107, 19410, 27260, 21411])



Cross Entropy Error with Mini Batch

def cross_entropy_error(y, t):
if yndim ==

t = treshape(1, t.size)

y = y.reshape(1, y.size)
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if t.size == y.size:
t = t.argmax(axis=1)

batch_size = y.shape[0]

return -np.sum(np.log(y[np.arange(batch_size), t])) / batch_size
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Differentiation

S 2710 BigtE
- f(x)2| x0i| Cit O/
» x| &2 Bt 2= f(x)E SOk
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o« =X|0]F(numerical differentiation)
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. B2 8 @X}(rounding error): 22 440]
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« X2 AL SAARE, HEA=E

def numerical diff(f, x):
h = Te-4 # @,0007
return (f(x+h) - f(x-h)) / (2*h)

I _

lim Jx+h)-fx)

1
ax h—0 h

def numerical diff(f, x):
h = 10e-50
return (f(x + h) - f(x)) / h
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Differentiation

« Numerical differentiation SIE 4.7 x=5, x = 1001M2) T : EIMo| 7|27 4| O[R0|A T8t 2k ARSI
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Partial Derivative
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[, x,) =x2 +x32

def function 2(x):
return x[0]x*x2 + x[1]%*2
E= return np,sum(xx%2)

i L i;
axo 9x1
> def function_tmp1(x0): ) ER\L ¥#ﬂ
return x0+x0 + 4.0++2,0 >>> def function_tmp2(x1): a’ “\kaxﬂfrf¢ﬂfréwfﬂ,ﬁf~ﬂ“*:”f;2 3
L e return 3,0%*2 0 + x1*x1 -2 4 0
>>> numerical _diff({function_tmp1, 3.0) -3 -2 0

6. 00000000000378 L . . .
>>> numerical _diff(function_tmp2, 4,0)

7.999999999999119



Gradient
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Gradient Descent Method
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Gradient Descent Method
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Gradient Descent Method
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Implementing Learning Algorithm
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Imblementina | earnina

£ 4-1 TwolLayerNet SeiA7} MBSk Ha

params ARELO Ii7iE ERSs S| B (QUARA Hay)
params[W112 181 &2] 7I5X], params[b 172 1MW e Esk
params[W2'l= 281 £2| 7kEX|, params[b2l= 280 S2| et
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__init__(self, input_size, ZI|3E RSIC,
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predict(self, x) HEFE)E H8sict
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Mini-batch training

04-train_neuralnet.py
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Round Up
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