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“The Bitter Lesson”

Rich Sutton
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1
1+4exp(—x)

Tanh i _ op(x)—exp(-x)
anh B F&) exp(x)+exp(—x)

ReLU PR f(x) = max(0, x)

Logistic % f(x) =

ELU R %% f(x) = max(0,x) +
min (O, y(exp(x) — 1))
SoftPlus 4L f(x) = log (1 + exp(x))

F1x) = f)(1 = f(x))

fl(x)=1- f(x)?
f'(x) =1(x > 0)
f'(x) =1(x>0)+I(x <0) - yexp(x)

1
1+exp(—x)

') =




a=f(Wx+b)
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O #dE: xu )
O &84 {y = h(x|w,b),w, b}
O fFEEN:
B IREEREL: L) =-y'logy,
B ZISHRSEREL
B L(y, h(x;lw, b)) + Allw||* =L(y;,al (xy))
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B s=tE0 (Chain Rule)

= z=f@) y=g&) .

dz dzdy

X—>y—>2Z —
dx dydx

= z=f(x9), x = g(t), y = h(t) N:

— x\z dz_dzdy+dzdx
Sy 77 dr dydt  dxde
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BN IZRE D = {(xM, yWNN_ BHIFE v, 225 R o, IENMLRRA, MK E
L, ML T HEM,1<I<LL.
BENLEIMEE W, b ;

repeat

MIZREE D PRIEA L EHET,
forn=1---Ndo

MIIIZREE D FRIZEEEA (xM), y(M);

R EES B A 2O S E O 5RRE B
RAfEEi RS —ENiRE 5O, /] AR (4.63)
/] WEE—BESRNSH

v, % = §0(al1); /1 A (4.68)
Vi, ac(ym p(n)y _ 50

apD
/] BB

WO — wl — g(50 @) + 2w D),
bD — pD — o5O.

; // T (4.69)

end

13 until PR RZEERIE RS V FRYEEBERANE T

fmith: W, b

Z=KIR: https://nndl.github.io/nndl-book.pdf
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MG

O [0.1, 0.2] -> [1,0]

[ [0.3, 0.4] ->[0,1]
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fpEl = 1), A3 AT,
AR E I RelU

W R 2PMHET (NN TREAD
Kal) . BUERZE A softmax
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NN EREEAR

0 [0.1, 0.2] -> [1,0]

1 [0.3, 0.4] -> [0,1]
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Rel.U WZ Joftma

import numpy as np

np.random.seed(42)

input_size = 2

(¥ 8]

hidden_size =

=)

output_size =

learning_rate = 8.1

W1l = np.random.randn{input_size, hidden size)
bl = np.zeros(hidden_size)
W2 = np.random.randn(hidden_size, output_size)

b2 = np.zeros(output_size)

def relu(x):

return np.maximum(®, x)

def relu_derivative(x):

return (x > @).astype(float)

def softmax(x):
exp_x = np.exp(x - np.max(x, axis=1, keepdims=True})

return exp_x / np.sum(exp _x, axis=1, keepdims=True)

def cross_entropy_loss(y_pred, y_true):
m = y_true.shape[@]
return -np.sum(y_true * np.log(y_pred)) / m

def delta_cross_entropy_softmax(y_pred, y_true):

return y_pred - y_true

33



N 7%

def forward_propagation(X):

71 = X.dot(W1l) + bl
Wl RelLU WZ Joftmax L ~ Al = relu(Zl)
—_— —_— g (}7; y) 72 = Al.dot(W2) + b2

A2 = softmax(Z2)
return Z1, Al, Z2, A2

BESRSKCIARE I 2 BB/ OB A4 X



def backward_propagation{(X, Y, Z1, Al, Z2, A2):

m = X.shape[8]
S dZ2 = delta_cross_entropy_softmax{42, Y)
azz aNZ = (1/m) * np.dot(AL.T, dZZ)
[4/ D@’ db2 = (1/m) * np.sum{dZ2, axis=@)
1 |RelU 2 $Joftmax ~
— | — Ly, y) ]
dAl = np.dot(dZ2, W2.T)
dZl = dAl * relu_derivative(Z1)
dWl = (1/m) * np.dot(X.T, dZ1)
)( 2?1 /11 ZZZ f12 dbl = (1/m) * np.sum{dZl, axis=@)

return dWl, dbl, dW2, db2

def update parameters(dWl, dbl, dW2, db2):
global W1, bl, W2, b2
Wl -= learning_rate * dWl
bl -= learning_rate * dbl
W2 -= learning_rate * dW2
b2 -= learning rate * db2



X

RelLU WZ oftmax

def backward_propagation{(X, Y, Z1, Al, Z2, A2):

m = X.shape[8]

d72 = delta cross entropy softmax({A2, Y)
| dW2 = (1/m) * np.dot(Al.T, dZ2)

db2 = (1/m) * np.SJm{dzl, axis=0)

dAl = np.dot(dZ2, W2.T)

dZl = dAl * relu_derivative(Z1)

dWl = (1/m) * np.dot(X.T, dZ1)

dbl = (1/m) * np.sum{dZl, axis=@)

return dWl, dbl, dW2, db2

def update parameters(dWl, dbl, dW2, db2):
global W1, bl, W2, b2

Wl -=
bl -=
W2 -=
b2 -=

learning_rate * dWl
learning_rate * dbl
learning_rate * dW2

learning rate * db2
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BlF=F3]

é,l, def backward_propagation{(X, Y, Z1, Al, Z2, A2):

a_/ll\ aL m = X.shape[8]

dZ2 = delta_cross_entropy_softmax{42, Y)
azz dW2 = (1/m) * np.dot(Al.T, dZ2)

[4/ b@’ db2 = (1/m) * np.sum{dZ2, axis=@)
1 |[RelLU 2 Softmax

>

—_— V
—_— — L()’» y) dAl = np.dot(dZ2, W2.T)

dZl = dAl * relu _derivative(Z1)
dWl = (1/m) * np.dot(X.T, dZ1)
)( 2?1 /11 232 f12 dbl = (1/m) * np.sum{dZl, axis=@)

return dWl, dbl, dW2, db2

def update parameters(dWl, dbl, dW2, db2):
global W1, bl, W2, b2
Wl -= learning_rate * dWl
bl -= learning_rate * dbl
W2 -= learning_rate * dW2
b2 -= learning rate * db2



BlF=F3]

aL aL def backward_propagation(X, Y, Z1, Al, 72, A2):

azl aAl m = X.shape[8]

dZ2 = delta_cross_entropy_softmax{42, Y)
dW2 = (1/m) * np.dot(Al.T, dZ2)

db2 = (1/m) * np.sum{dZ2, axis=@)
Wl RelLU WZ Joftmax ~
— | — Ly, )

>

dAl = np.dot(dZ2, W2.T)

dZl = dAl * relu_derivative(Z1)

aWL = (1/m) * np.dot(X.T, dZ1)
X Zl Al Zz Az dbl = (1/m) * np.sum{dZl, axis=@)

return dWl, dbl, dW2, db2

def update parameters(dWl, dbl, dW2, db2):
global W1, bl, W2, b2
Wl -= learning_rate * dWl
bl -= learning_rate * dbl
W2 -= learning_rate * dW2
b2 -= learning rate * db2



X

ReLU WZ Joftma

X = np.array([[6.1, ©.2], [©.3, @.4]])
Y = np.array([[1, @], [@, 1]])

71, Al, 72, A2 = forward propagation(X)

loss = cross_entropy_loss(A2, Y)

diWl, dbl, dW2, db2 = backward propagation(X, ¥, Z1, Al, Z2, A2)

update parameters(dWl, dbl, dW2, db2)

loss
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REMLE: TTEFEX

X

oL
0Z,
RelLU WZ Joftmax ~
— — L».y)
2Z1 141_ ZZZ le

def forward propagation(X): —

def

1
Al
£2
A2

return £1, Al, Z2, A2

X.dot(Wl) + bl
relu{Zl)
Al.dot(W2) + b2
softmax(Z2)

- WMRZ100=1E?

backward propagation{(X, Y, Z1, Al, Z2, A2):

m =

dZ2
d2
db2

dAl
dZ1
dil
dbl

=

.shape[8]

delta cross_entropy_softmax({4A2, ¥Y)
(1/m) * np.dot(A1.T, d72)
(1/m) * np.sum(dZ2, axis=@)

np.dot(dZ2, W2.T)

dAl * relu derivative(Zl)
(1/m) * np.dot(X.T, dZ1)
(1/m} * np.sum(dZ1l, axis=@)

return dWl, dbl, dW2, db2
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AEMLE: REEERSHEED

X

ReLU WZ Joftma

def backward_propagation{(X, Y, Z1, Al, Z2, A2):

def

>

m =

dZi2 =
dil2 =
db2 =

dAl =
d7l =
dill =
dbl =

.shape[8]

delta_cross_entropy_softmax({A2, ¥Y)
{(1/m) * np.dot{Al1.T, dZ2)
(1/m) * np.sum{dZ2, axis=@)

np.dot(dZ2, W2.T)

dAl * relu_derivative(Zl)
(1/m) * np.dot(X.T, dZ1)
(1/m) * np.sum{dZl, axis=@)

return dWl, dbl, dW2, db2

update_parameters(dWl, dbl, dW2, db2):
global W1, bl, W2, b2

Wl -=
bl -=
W2 -=
b2 -=

learning_rate * dWl
learning_rate * dbl
learning_rate * dW2

learning rate * db2
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def backward_propagation{(X, Y, Z1, Al, Z2, A2):
m = X.shape[8]

a—L dZ2 = delta_cross_entropy_softmax({42, Y)
aZz dW2 = (1/m) * np.dot(Al.T, dZ2)
W]_ ReLU WZ doftmby A db2 = (1/m) * np.sum{dZ2, axis=@)
— | — Ly, y) s
= np.dot(dZ2, W2.T)
i Al * rel ﬁemlE[Zi}
) \n (e 1)
X Zl Al Zz Az g n{dN_ axis=@a)
raturn dW1 . o dW? . dh?
B® Microsoft

£ N

Tormany Chainer

Keras © Caffe?

theano PYTHORCH m
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