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L.oss Function
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e import numpy as np

.
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import matplotlib.pyplot as plt

[3] 1 def MSE(y, yH):
2 n=y.shape[0]
3 return sum((y-yH)**2)/n



y=np.array([1.9, 2.8, 3.7])
yH=np.array([2, 3, 4])
y.shape[0

MSE(y, yH)




XXM (Cross Entropy)
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EntropyEaz4% Fi#4& » f£ShannonZ A .k
4AZInformation Theory : Entropy= % #H# &L
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B RZfF, H p(B) > 0, ATERRFE B BRIL I Z BRI

p(AN B)
p(B)

M ZEF A Bl B 8 Sy %77 224 (Independent Events)
< p(ANB)=p(A)p(B)

p(A|B) =




BayesiE H#H

= A Bl B =R H p(A) >0 8 p(B) > 0,

p(B)p(A|B) = p(A)p(BJ|A) -
fig,Entropy
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Binary cross entropy
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#E TR log(0)EE FiEER > a8 g AEZEN, yH=0 or 1ZHEE
def x _entropy(y, yH):
return -1*(y*np.log(yH)+(1-y)*np.log(1-yH))

[8] 1 x entropy(l, 0.99)
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y = np.linspace(0,1,12)

epsilon =le-6

yH = np.asarray((0,1,0,0,1,1,1,0,1,1])
yH= np.abs(yH-epsilon)

log loss = x_entropy(y[1l:-1], yH)

print('y :', y[1:-1]) ndarray: log loss

print('yH :', yH)
ndarray with shape (10,)

PR W

print("binary cross entropy:", log loss)

y : [0.09090909 0.18181818 0.27272727 0.36363636 0.45454545 0.54545455
0.63636364 0.72727273 0.81818182 0.90909091 ]
yH : [1.00000e-06 9.99999¢-01 1.00000e-06 1.00000e-06 9.99999¢-01 9.99999¢-01

9.99999¢-01 1.00000e-06 9.9999%¢-01 9.99999%¢-01]
binary cross entropy: [ 1.25595641 11.30359973 3.76786724 5.02382266 7.53573349 6.27977807

5.02382266 10.04764431 2.51191183 1.25595641]
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yH=np.linspace(0,1, 1002)
yH=yH[1:-1]

log lossO=x_entropy(0, yH)
log lossl=x_entropy(1l, yH)
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plt.plot(yH, log lossO, 'r--',label="y=0" )
plt.plot(yH, log lossl, 'g--',label="y=1" )
plt.xIim(0, 1)

plt.ylabel("cross entropy")

plt.xlabel("yH prediction")
plt.legend(loc="best")

plt.savefig('x entropy.jpg')

plt.show()
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Xn=Xn—1 —NVL (xn—l)

« Gradient Descent » st #¥loss tunctionf {1
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loss function /s sF






TN BRI

Learning
rate

P __ HRESEBRK,
KIREZEAZIBR

A [B B4 EHMN=5



(e, 78

SGD ) R 183 > &

dense (None, 784)

\ | demse
2
3 ML W




AR E T (SGD)

print ( Loss functionfZ&’ )
model. compile (
loss="categorical crossentropy ,

H= 2 Do —

optimizer=optimizers. SGD (learning rate=0.01), #EEHERSE &
metrics=|" accuracy ]
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SGD thtE a2 4 sk &AL o s hikk & (minibatch)
R

» M7 R/ NIK =
« /Mt EBIEWeight Matrix

history=model. fit(
X train, v train, batch size=128, epochs=30,
verbose=1,
validation data=(X test, vy test)

O = 2 DD



SGD pSEU‘dO stochastic_gradient_descent(X, y, learning_rate=0.01, epochs=30,
COde batch_size=128):

initialize weights (including bias)
for epoch in range(epochs):
shuffle data (X, y)
for i in range(0, len(X), batch_size):
X_batch, y_batch = get_next_batch(X, y, i, batch_size)
predictions = predict(X_batch, weights)
errors = predictions - y_batch
gradient = compute_gradient(X_batch, errors)

update weights using gradient and learning_rate
return weights



batch-size #% =

.[60000
128

} — [468.75]=469
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Adagrad - RMSprop -
Momentum and
Adam
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while (lcondition):
An=Xn—-1 — UVC(xn—l)

e Gradient Descent > st #loss function Cf
o (YI8RALR)



Chain Rule & Backpropagation

EX E] https://towardsdatascience.com/understanding-
backpropagation-algorithm-7bb3aa2f95fd

For a single weight (w_jk)~l, the gradient is:

oC  oC 0z

- = — : chain rule
dwy.  0z; dwy

m
7122_“,1 -1 I .
Z Wiy +bj by definition
k=1

m — number of neurons in [ —1 layer

07!
~7 e s i i : . ;
a—! = a;i ! by differentiation (calculating derivative
w;
Jk

final value
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print C h/@Dense’ )
h=int (input C £ J&Dense, h="))

def construct model (activation= relu’, hidden=h):

model=Sequential ()
model. add (Dense (64, activation= relu’,
for  in range(h-1):

input shape=(784, )))

model. add (Dense (64, activation= relu’))
model. add (Dense (10, activation=" softmax ))

return model
model=construct model (hidden=h) # numbers

of hidden layers=h



= ° 1 model.evaluate(X test, vy _test)

E) 313/313 [ ] — 1s 3ms/step — loss: 0.1185 — accuracy: 0.9638
[0. 11852539330720901, 0.9638000130653381]

[27] 1 from datetime import datetime

° 1  np. random. seed(int (datetime. now (). timestamp()))
2  I=np. random. choice(y test.shape[0], 10, replace=False)
3 X c=X_test[I]
4 y c=y test[I]
5 for i in range(10):
6 plt. subplot (1, 10, i+1)
7 plt. imshow(X clil. reshape ((28, 28)))
8 plt. show()
9 prediction=np. argmax (model. predict (X ¢), axis=1)
10 print ("predict: " prediction)

11  print("true value:”, np.argmax(y c, axis=1))
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