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. . .

. . .

C

. . .

. . .

l jth

∆zlj σ(zlj) σ(zlj +∆zlj)
∂C
∂zlj

∆zlj

∆zlj
∂C
∂zlj

∂C
∂zlj

∆zlj
∂C
∂zlj

0 zlj
2 ∂C

∂zlj

l jth δlj

δlj ≡
∂C

∂zlj
(29)

δl l

δl ∂C/∂wl
jk ∂C/∂blj

zlj alj
∂C
∂alj

δlj = ∂C/∂zlj
3

δl

Python

2 ∆zlj
3 96.0% 4.0%
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2.4.

δL

δLj =
∂C

∂aLj
σ′(zLj ) (BP1)

∂C/∂aLj jth

C j δLj
σ′(zLj ) zLj σ

(BP1) zLj
σ′(zLj ) ∂C/∂aLj

∂C/∂aLj
C = 1

2

∑
j(yj − aj)2 ∂C/∂aLj = (aj − yj)

(BP1) δL

δL = ∇aC ⊙ σ′(zL) (BP1a)

∇aC ∂C/∂aLj ∇aC C

(BP1) (BP1a)
(BP1) ∇aC = (aL − y) (BP1)

δL = (aL − y)⊙ σ′(zL) (30)

Numpy

δl+1 δl

δl = ((wl+1)T δl+1)⊙ σ′(zl) (BP2)

(wl+1)T (l + 1)th wl+1

l+ 1th δl+1 (wl+1)T

lth

Hadamard ⊙σ′(zl) l

l δ

(BP1) (BP2) δl (BP1) δL

(BP2) δL−1 (BP2) δL−2

∂C

∂blj
= δlj (BP3)

δlj ∂C/∂blj (BP1) (BP2)
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2.4.

δlj (BP3)

∂C

∂b
= δ (31)

δ b

∂C

∂wl
jk

= al−1
k δlj (BP4)

∂C/∂wl
jk δl al−1

∂C

∂w
= ainδout (32)

ain w δout w

w

∂C
∂w = ainδout

(32) ain ain ≈ 0 ∂C/∂w

(BP4)

(BP1)–(BP4) (BP1)
σ′(zlk) S σ(zLj ) 0 1 σ

σ′(zLj ) ≈ 0 ≈ 0 ≈ 1

(BP2) σ′(zl)

δlj
4

S σ σ′ 0 S

(BP1)–(BP4)

4 wl+1T δl+1 σ′(zlk)
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2.5.

δL = ∇aC ⊙ σ′(zL) (BP1)

δl = ((wl+1)T δl+1)⊙ σ′(zl) (BP2)

∂C
∂blj

= δlj (BP3)

∂C
∂wl

jk
= al−1

k δlj (BP4)

• Hadamard
(BP1) (BP2)

1
(BP1)

δL = Σ′(zL)∇aC (33)

Σ′(zL) σ′(zLj ) 0

∇aC 2 (BP2)

δl = Σ′(zl)(wl+1)T δl+1 (34)

3 1 2

δl = Σ′(zl)(wl+1)T . . .Σ′(zL−1)(wL)TΣ′(zL)∇aC (35)

(BP1) (BP2)
Hadamard

2.5

(BP1)–(BP4)

(BP1) δL

δLj =
∂C

∂zLj
(36)

δLj =
∑

k

∂C

∂aLk

∂aLk
∂zLj

(37)

k kth aLk
k = j jth zLj k ̸= j ∂aLk /∂z

L
j

41

https://en.wikipedia.org/wiki/Chain_rule


2.6.

δLj =
∂C

∂aLj

∂aLj
∂zLj

(38)

aLj = σ(zLj ) σ′(zLj )

δLj =
∂C

∂aLj
σ′(zLj ) (39)

(BP1)
(BP2) δl+1 δl

δl+1
k = ∂C/∂zl+1

k δlj = ∂C/∂zlj

δlj =
∂C

∂zlj
(40)

=
∑

k

∂C

∂zl+1
k

∂zl+1
k

∂zlj
(41)

=
∑

k

∂zl+1
k

∂zlj
δl+1
k (42)

δl+1
k

zl+1
k =

∑

j

wl+1
kj alj + bl+1

k =
∑

j

wl+1
kj σ(zlj) + bl+1

k (43)

∂zl+1
k

∂zlj
= wl+1

kj σ′(zlj) (44)

(42)
δlj =

∑

k

wl+1
kj δl+1

k σ′(zlj) (45)

(BP2)
(BP3) (BP4)

• (BP3) (BP4)

2.6
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2.7.

1. x a1

2. l = 2, 3, ..., L zl = wlal−1 + bl al = σ(zl)

3. δL δL = ∇aC ⊙ σ′(zL)

4. l = L− 1, L− 2, ..., 2 δl = ((wl+1)T δl+1)⊙ σ′(zl)

5. ∂C
∂wl

jk
= al−1

k δlj
∂C
∂blj

= δlj

δl

•
f(
∑

j wjxj + b) f S

• σ σ(z) = z

C = Cx

m

1.

2. x ax,1

• l = 2, 3, ..., L zx,l = wlax,l−1 + bl ax,l = σ(zx,l)

• δx,L δx,L = ∇aCx ⊙ σ′(zx,L)

• l = L− 1, L− 2, ..., 2 δx,l = ((wl+1)T δx,l+1)⊙ σ′(zx,l)

3. l = L − 1, L − 2, ..., 2 wl → wl − η
m

∑
x δ

x,l(ax,l−1)T bl →
bl − η

m

∑
x δ

x,l

2.7
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2.7.

∂Cx/∂blj ∂Cx/∂wl
jk

Python
σ σ′
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2.8.

•

X = [x1, x2, ..., xm] x

S

MNIST
2

2.8

50 60

C = C(w)

w1, w2, . . . wj ∂C/∂wj

∂C

∂wj
≈ C(w + ϵej)− C(w)

ϵ
(46)

ϵ > 0 ej j

wj C ∂C/∂wj (46)
∂C/∂b
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2.9.

1, 000, 000 wj C(w+ ϵej) ∂C/∂wj

1, 000, 000 1, 000, 000

C(w) 1, 000, 001

∂C/∂wj

5

(46)
1986

1980

2.9

wl
jk

∆wl
jk

. . .

. . .

. . .

. . .

. . .

. . .

C

. . .

. . .

∆wl
jk

5
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2.9.

. . .

. . .

. . .

. . .

. . .

. . .

C

. . .

. . .

∆al
j

. . .

. . .

. . .

. . .

. . .

. . .

C

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

C

. . .

. . .

∆C ∆wl
jk

∆C ≈ ∂C

∂wl
jk

∆wl
jk (47)

∂C
∂wl

jk
wl
jk C

∂C/∂wl
jk
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2.9.

∆wl
jk lth jth ∆alj

∆alj ≈
∂alj
∂wl

jk

∆wl
jk (48)

∆alj (l + 1)th

al+1
q

al+1
q

. . .

. . .

. . .

. . .

. . .

. . .

C

. . .

. . .

∆al+1
q ≈

∂al+1
q

∂alj
∆alj (49)

(48)

∆al+1
q ≈

∂al+1
q

∂alj

∂alj
∂wl

jk

∆wl
jk (50)

∆al+1
q wl

jk C

alj , a
l+1
q , ..., aL−1

n , aLm

∆C ≈ ∂C

∂aLm

∂aLm
∂aL−1

n

∂aL−1
n

∂aL−2
p

. . .
∂al+1

q

∂alj

∂alj
∂wl

jk

∆wl
jk (51)

∂a/∂a ∂C/∂aLm
C wl

jk

C

∆C ≈
∑

mnp...q

∂C

∂aLm

∂aLm
∂aL−1

n

∂aL−1
n

∂aL−2
p

. . .
∂al+1

q

∂alj

∂alj
∂wl

jk

∆wl
jk (52)

(47)

∂C

∂wl
jk

=
∑

mnp...q

∂C

∂aLm

∂aLm
∂aL−1

n

∂aL−1
n

∂aL−2
p

. . .
∂al+1

q

∂alj

∂alj
∂wl

jk

(53)
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2.9.

(53)
C

∂alj/∂w
l
jk

∂C/∂wl
jk

. . .

. . .

. . .

. . .

. . .

. . .

C

. . .

. . .

∂al
j

∂wl
jk

∂a
(l+1)
q

∂al
j

∂C
∂aL

m

(53)
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6 (53) al+1
q zl+1

q

al+1
q
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1 0

50



3.1.

0.6 0.9

0.82

0.0

0.0

η = 0.15

C

Run

Input: 1.0

Epoch

Cost

w = +0.60

b = +0.90

Output: 0.82

Input: 1.0

Epoch

Cost

50

w = −0.38

b = −0.08

Output: 0.39 Input: 1.0

Epoch

Cost

100

w = −0.81

b = −0.51

Output: 0.21

51

http://neuralnetworksanddeeplearning.com/chap3.html#the_cross-entropy_cost_function
http://neuralnetworksanddeeplearning.com/chap3.html#the_cross-entropy_cost_function


3.1.

Input: 1.0

Epoch
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Epoch
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Output: 0.11 Input: 1.0
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Cost
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b = −0.98
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Cost
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3.1.

Input: 1.0

Epoch

Cost
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Output: 0.98 Input: 1.0

Epoch

Cost

100

w = +1.65

b = +1.65

Output: 0.96
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Epoch

Cost

200

w = +0.66

b = +0.66

Output: 0.80

Input: 1.0

Epoch
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250

w = −0.29
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Output: 0.21
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3.1.

∂C/∂w ∂C/∂b

(6)

C =
(y − a)2

2
(54)

a x = 1 y = 0

a = σ(z) z = wx+ b

∂C

∂w
= (a− y)σ′(z)x = aσ′(z) (55)

∂C

∂b
= (a− y)σ′(z) = aσ′(z) (56)

x = 1 y = 0 σ′(z)

σ

−4 −3 −2 −1 0 1 2 3 4
0.0

0.2

0.4

0.6

0.8

1.0

Z

sigmoid function

1 σ′(z)

(55) (56) ∂C/∂w ∂C/∂b

3.1.1

x1, x2, . . . w1, w2, . . . b

bx2

x1

x3

a = σ(z)

w1

w2

w3
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3.1.

a = σ(z) z =
∑

j wjxj + b

C = − 1

n

∑

x

[y ln a+ (1− y) ln(1− a)] (57)

n x y

(57)

C > 0 a (57)
(0, 1) b

x 01

y = 0 a ≈ 0 (57)
y = 0 − ln(1− a) ≈ 0 y = 1 a ≈ 1

0

a = σ(z)

(57)

∂C

∂wj
= − 1

n

∑

x

(
y

σ(z)
− (1− y)

1− σ(z)

)
∂σ

∂wj
(58)

= − 1

n

∑

x

(
y

σ(z)
− (1− y)

1− σ(z)

)
σ′(z)xj (59)

∂C

∂wj
=

1

n

∑

x

σ′(z)xj
σ(z)(1− σ(z))

(σ(z)− y) (60)

σ(z) = 1/(1 + e−z) σ′(z) = σ(z)(1− σ(z))

σ′(z) σ(z)(1− σ(z))

∂C

∂wj
=

1

n

∑

x

xj(σ(z)− y) (61)

σ(z)− y

σ′(z) (55)
σ′(z)

1 y 0 1

55



3.1.

∂C

∂b
=

1

n

∑

x

(σ(z)− y) (62)

, (56) σ′(z)

• σ′(z) = σ(z)(1− σ(z))
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Epoch

Cost

w = +0.60

b = +0.90

Output: 0.82
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3.1.
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3.1.
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3.1.

y = y1, y2, . . . aL1 , a
L
2 , . . .

C = − 1

n

∑

x

∑

j

[
yj ln aLj + (1− yj) ln(1− aLj )

]
(63)

∑
j (57)

(63)

S

1 0

• y a

−[y ln a+(1−y) ln(1−a)] −[a ln y+(1−a) ln(1−y)]

y = 0 1

• σ(z) ≈ y

y 1 0

y 0 1

σ(z) = y

C = − 1

n

∑

x

[y ln y + (1− y) ln(1− y)] (64)

−[y ln y + (1− y) ln(1− y)]
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3.1.

•

∂C

∂wL
jk

=
1

n

∑

x

aL−1
k (aLj − yj)σ

′(zLj ) (65)

σ′(zLj )

x δL

δL = aL − y (66)

∂C

∂wL
jk

=
1

n

∑

x

aL−1
k (aLj − yj) (67)

σ′(zLj )

•
S aLj = zLj

x

δL = aL − y (68)

∂C

∂wL
jk

=
1

n

∑

x

aL−1
k (aLj − yj) (69)

∂C

∂bLj
=

1

n

∑

x

(aLj − yj) (70)

3.1.2 MNIST

2 MNIST
30

10 η = 0.5 3 30

2 GitHub
3 η = 3.0

σ′ = σ(1−σ) σ
∫ 1

0
dσσ(1−σ) = 1/6
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3.1.

95.49%
95.42%

100

96.82% 96.59%
3.41% 3.18%

1/14

MNIST

3.1.3

(55) (56) σ′(z)

6
6
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3.1.

σ′(z) x C = Cx

∂C

∂wj
= xj(a− y) (71)

∂C

∂b
= (a− y) (72)

∂C

∂b
=

∂C

∂a
σ′(z) (73)

σ′(z) = σ(z)(1− σ(z)) = a(1− a)

∂C

∂b
=

∂C

∂a
a(1− a) (74)

(72)
∂C

∂a
=

a− y

a(1− a)
(75)

a

C = −[y ln a+ (1− y) ln(1− a)] + constant (76)

constant x

C = − 1

n

∑

x

[y ln a+ (1− y) ln(1− a)] + constant (77)

(71) (72)

x → y = y(x)

x → a = a(x) a y = 1

1− a y = 0 y

Cover and Thomas
Kraft
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3.1.

•
(61) xj xj 0

wj xj

3.1.4

softmax

S
4 zLj =

∑
k w

L
jka

L−1
k + bLj S

zLj j

aLj

aLj =
ez

L
j

∑
k e

zLk
(78)

(78)
(78)

zL1 , z
L
2 , z

L
3 zL4

zL4

zL1 = 2.5 aL
1 = 0.315

zL2 = −1 aL
2 = 0.009

zL3 = 3.2 aL
3 = 0.633

zL4 = 0.5 aL
4 = 0.043

JavaScript
zL4 aL4
zL4 aL4

aL4
4
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3.1.

1 (78)

∑

j

aLj =

∑
j e

zLj

∑
k e

zLk
= 1 (79)

aL4
1

(78)
1

aLj
j MNIST aLj

j

S
S

S

• S aLj 1

(78)
(78)

1

zLj

• j = k ∂aLj /∂z
L
k j ̸= k zLj

aLj

• S aLj aLj = σ(zLj )

aLj

• aLj
zLj = ln aLj + C C j

log-likelihood x y
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3.1.

C ≡ − ln aLy (80)

MNIST 7 − ln aL7
7

aL7 1 − ln aL7
aL7 − ln aL7

∂C/∂wL
jk ∂C/∂bLj

5

∂C

∂bLj
= aLj − yj (81)

∂C

∂wL
jk

= aL−1
k (aLj − yj) (82)

(82) (67)

S
S

S

MNIST

• (81) (82)

•

aLj =
ecz

L
j

∑
k e

czLk
(83)

c c = 1 c

c

c → ∞ aLj

5 y y
7 7 y 7

7 1 0
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3.2.

c = 1

• S
δLj ≡ ∂C/∂zLj

δLj = aLj − yj (84)

3.2

4 6

MNIST 30
24,000 100

80,000
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23,860 50,000 MNIST

1,000
η = 0.5 10

400

7

6 Freeman Dyson

7 overfitting.py

66

http://www.nature.com/nature/journal/v427/n6972/full/427297a.html
http://www.johndcook.com/blog/2011/06/21/how-to-fit-an-elephant/
https://github.com/mnielsen/neural-networks-and-deep-learning/blob/master/fig/overfitting.py


3.2.
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3.2.
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3.2.
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3.2.

1, 000

97.86% 95.33% 1.53%
17.73%

3.2.1

weight decay L2 L2

C = − 1

n

∑

xj

[
yj ln aLj + (1− yj) ln(1− aLj )

]
+

λ

2n

∑

w

w2 (85)

λ/2n λ > 0 n

λ

C =
1

2n

∑

x

∥y − aL∥2 + λ

2n

∑

w

w2 (86)

C = C0 +
λ

2n

∑

w

w2 (87)

C0

λ

λ

∂C/∂w ∂C/∂b
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3.2.

(87)

∂C

∂w
=

∂C0

∂w
+

λ

n
w (88)

∂C

∂b
=

∂C0

∂b
(89)

∂C0/∂w ∂C0/∂b
λ
nw

b → b− η
∂C0

∂b
(90)

w → w − η
∂C0

∂w
− ηλ

n
w (91)

=

(
1− ηλ

n

)
w − η

∂C0

∂w
(92)

1− ηλ
n w

0

m ∂C0/∂w

(20)

w →
(
1− ηλ

n

)
w − η

m

∑

x

∂Cx

∂w
(93)

x Cx

1− ηλ
n

(21)

b → b− η

m

∑

x

∂Cx

∂b
(94)

x

30

10 0.5

λ = 0.1 Python
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9

400

87.1%
82.27% 400

1,000 50,000

30 , 0.5,
10 n = 1, 000

n = 50, 000 1− ηλ
n λ = 0.1

λ = 5.0
9 overfitting.py
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3.2.

1940 Marcel Schein
GE Hans

Bethe Bethe Schein Schein
plate Bethe Schein Bethe

plate Bethe Schein
1/5 Bethe 5

plate Schein plate plate
plate Bethe

Bethe
Schein 11

1859 Urbain Le Verrier

1916

empirical fact

12

11The story is related by the physicist Richard Feynman in an interview with the historian Charles Weiner.
12These issues go back to the problem of induction, famously discussed by the Scottish philosopher David Hume in

”An Enquiry Concerning Human Understanding” (1748). The problem of induction has been given a modern machine
learning form in the no-free lunch theorem (link) of David Wolpert and William Macready (1997).
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100
80,000 50,000 80,000
50,000

13

L2

3.2.3

L2
L1

L1

C = C0 +
λ

n

∑

w

|w| (95)

L2
L1 L2 L1

L1 L2
(95)

∂C

∂w
=

∂C0

∂w
+

λ

n
sgn(w) (96)

sgn(w) w w +1 w −1

L1 L1

w → w′ = w − ηλ

n
sgn(w)− η

∂C0

∂w
(97)

∂C0/∂w L2
13In Gradient-Based Learning Applied to Document Recognition, by Yann LeCun, Léon Bottou, Yoshua Bengio, and

Patrick Haffner (1998).
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(93)
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1− ηλ
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)
− η
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Dropout L1 L2

x y

x

78



3.2.

x

3 3

14

L1 L2

15

MNIST
14ImageNet Classificationwith DeepConvolutional Neural Networks, by Alex Krizhevsky, Ilya Sutskever, andGeoffrey

Hinton (2012).
15Improving neural networks by preventing co-adaptation of feature detectors by Geoffrey Hinton, Nitish Srivastava,

Alex Krizhevsky, Ilya Sutskever, and Ruslan Salakhutdinov (2012).
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30
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50,000

5 MNIST

15◦

MNIST

MNIST

17

MNIST
800

MNIST 98.4%
98.9%

99.3%

• MNIST

17Best Practices for Convolutional Neural Networks Applied to Visual Document Analysis, by Patrice Simard, Dave
Steinkraus, and John Platt (2003)
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SVN
SVM scikit-learn SVM

SVM 18

SVM
scikit-learn

SVM 50,000
94.48% 5,000

93.24%
A

B A B B
19 A

B
18

19 Scaling to very very large corpora for natural language disambiguation, by Michele Banko and
Eric Brill (2001).
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z =
∑

j wjxj + b 500 xj 0 z 501

500 1 z 0√
501 ≈ 22.4 z

−30 −20 −10 0 10 20 30

0.02

|z| z ≫ 1 z ≪ −1

σ(z) 1 0

20

0 1

nin 0 1/
√
nin

0 1

z =
∑

j wjxj + b 0

500 0 500 1 z 0√
3/2 = 1.22 . . .

20We discussed this in more detail in Chapter 2, where we used the equations of backpropagation to show that
weights input to saturated neurons learned slowly.
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MNIST 30
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21

96%
87%

93%
100

1/
√
nin

1/
√
nin

1/
√
nin

2012 Yoshua Bengio 22

14 15
21The program used to generate this and the next graph is .
22Practical Recommendations for Gradient-Based Training of Deep Architectures, by Yoshua Bengio (2012).
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• L2
1

λ 2 ηλ ≪ n

exp(−ηλ/m) 3 λ 1/
√
n

n

3.4
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√
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Numpy
Numpy
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23

Python Python
a y

Numpy
0

δL

(66)

δL = aL − y (99)

a y

(30)

L2

23If you’re not familiar with Python’s static methods you can ignore the @staticmethod decorators, and just treat fn
and delta as ordinary methods. If you’re curious about details, all @staticmethod does is tell the Python interpreter
that the method which follows doesn’t depend on the object in any way. That’s why self isn’t passed as a parameter
to the fn and delta methods.
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L2
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JSON Python
Python JSON
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JSON Network
74
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• L1 L1 30 MNIST
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‘CrossEntropyCost.delta‘
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η λ
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λ = 1000.0
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• 10
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λ = 0.0 η η

λ λ = 1.0 10

λ

η

•
λ η

η λ

minibatch
1 minibatch

minibatch

10− 20

minibatch

50 100

100 ;

w → w′ = w − η
1

100

∑

x

∇Cx (100)
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minibatch

w → w′ = w − η∇Cx (101)

50

minibatch 100

w → w′ = w − η
∑

x

∇Cx (102)

100 50

100 minibatch ∇Cx

minibatch
minibatch

minibatch
minibatch

minibatch
η

minibatch minibatch
minibatch

minibatch 10 minibatch
minibatch 1

minibatch
minibatch

**
** grid search

James Bergstra Yoshua Bengio 2012

2012

η λ η

Yoshua Bengio 2012

Bengio
1998 Yann LeCun Léon Bottou Genevieve Orr Klaus-Robert Müller

2012
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3.6.

SVM

3.6

3.6.1

MNIST

Hessian momentum

Hessian
C C w = w1, w2, ... C = C(w)

w

C(w +∆w) = C(w) +
∑

j

∂C

∂wj
∆wj

+
1

2

∑

jk

∆wj
∂2C

∂wj∂wk
∆wk + . . . (103)

C(w +∆w) = C(w) +∇C ·∆w +
1

2
∆wTH∆w + . . . (104)

∇C H Hessian jk-th ∂2C/∂wj∂wk
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3.6.

C

C(w +∆w) ≈ C(w) +∇C ·∆w +
1

2
∆wTH∆w (105)

24

∆w = −H−1∇C (106)

(105) w w+∆w = w−H−1∇C

• w

• w w′ = w −H−1∇C HessianH ∇C w

• w′ w” = w′ −H ′−1∇′C HessianH ′ ∇′C w′

• . . .

(105)
∆w = −ηH−1∇C w η

Hessian Hessian
Hessian

Hessian pathologies
Hessian

Hessian Hessian

Hessian 107 Hessian
107 × 107 = 1014 H−1∇C

Hessian
momentum

momentum Hessian
momentum

momentum

momentum
velocity

momentum

wj v = v1, v2, ...

w → w′ = w − η∇C

24Strictly speaking, for this to be a minimum, and not merely an extremum, we need to assume that the Hessian
matrix is positive definite. Intuitively, this means that the function C looks like a valley locally, not a mountain or a
saddle.
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v → v′ = µv − η∇C (107)

w → w′ = w + v′ (108)

µ

µ = 1 ∇C v

w

−1 −0.5 0
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0

1
0

1

2
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v2

C

momentum

(107) µ µ

1− µ µ = 1 ∇C

µ = 0 (107) (108)
w → w′ = w− η∇C 0 1 µ

hold out µ η

λ

µ µ moment co-
efficient µ momentum

momentum
minibatch

Hessian
momentum

• µ > 1

• µ < 0
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3.6.

• momentum

25

BFGS limited memory BFGS L-BFGS
26 Nesterov momentum

momentum

3.6.2

S
S

tanh tanch hyperbolic tangent
S x w b tanh

tanh(w · x+ b) (109)

S tanh

tanh(z) ≡ ez − e−z

ez + e−z
(110)

σ(z) =
1 + tanh(z/2)

2
(111)

tanh S tanh
25Efficient BackProp, by Yann LeCun, Léon Bottou, Genevieve Orr and Klaus-Robert Müller (1998).
26 On the importance of initialization andmomentum in deep learning, by Ilya Sutskever, JamesMartens,

George Dahl, and Geoffrey Hinton (2012).
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Z
−4 −3 −2 −1 0 1 2 3 4

−1.0

−0.5

0.0

0.5

1.0
tanh function

tanh (−1, 1) (0, 1)

tanh
sigmoid

S tanh (−1, 1)
27 tanh

• (111)

tanh S
tanh 28

tanh S
wl+1
jk l + 1 j

alkδ
l+1
j δl+1

j δl+1
j

wl+1
jk δl+1

j wl+1
jk

tanh tanh 0

tanh(−z) = −tanh(z)

tanh sigmoid sigmoid
tanh

27There are some technical caveats to this statement for both tanh and sigmoid neurons, as well as for the rectified
linear neurons discussed below. However, informally it’s usually fine to think of neural networks as being able to
approximate any function to arbitrary accuracy.

28See, for example, Efficient BackProp, by Yann LeCun, Léon Bottou, Genevieve Orr and Klaus-Robert Müller (1998),
and Understanding the difficulty of training deep feedforward networks, by Xavier Glorot and Yoshua Bengio (2010).
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3.6.

rectified linear neuron rectified
linear unit RLU x w b RLU

max(0, w · x+ b) (112)

max(0, z)

Z
−4 −3 −2 −1 0 1 2 3 4 5

−4

−3

−2

−1

0

1

2

3

4

5
max(o,z)

sigmoid tanh RLU

RLU 29

RLU tanh RLU
sigmoid

0 1 σ′

tanh RLU

RLU

29See, for example, What is the Best Multi-Stage Architecture for Object Recognition?, by Kevin Jarrett, Koray
Kavukcuoglu, Marc’Aurelio Ranzato and Yann LeCun (2009), Deep Sparse Rectifier Neural Networks, by Xavier Glorot,
Antoine Bordes, and Yoshua Bengio (2011), and ImageNet Classification with Deep Convolutional Neural Networks,
by Alex Krizhevsky, Ilya Sutskever, and Geoffrey Hinton (2012). Note that these papers fill in important details about
how to set up the output layer, cost function, and regularization in networks using rectified linear units. I’ve glossed
over all these details in this brief account. The papers also discuss in more detail the benefits and drawbacks of using
rectified linear units. Another informative paper is Rectified Linear Units Improve Restricted Boltzmann Machines, by
Vinod Nair and Geoffrey Hinton (2010), which demonstrates the benefits of using rectified linear units in a somewhat
different approach to neural networks.
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sigmoid

3.6.3

– Yann LeCun

...

...
... ...

dropout 30

dropout
dropout

30From ImageNet Classification with Deep Convolutional Neural Networks by Alex Krizhevsky, Ilya Sutskever, and
Geoffrey Hinton (2012).
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4

f(x)

x

f(x)

x f(x)

x f(x)

f = f(x1, . . . , xm)

m = 3 n = 2
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x3

x2

x1

f2(x1, x2, x3)

f1(x1, x2, x3)

1

2

mp4
3

1Approximation by superpositions of a sigmoidal function, by George Cybenko (1989). The result was very much
in the air at the time, and several groups proved closely related results. Cybenko’s paper contains a useful discussion
of much of that work. Another important early paper is Multilayer feedforward networks are universal approximators,
by Kurt Hornik, Maxwell Stinchcombe, and Halbert White (1989). This paper uses the Stone-Weierstrass theorem to
arrive at similar results.

2

3

112

http://www.dartmouth.edu/~gvc/Cybenko_MCSS.pdf
http://www.sciencedirect.com/science/article/pii/0893608089900208


4.1.

4.1

f(x)

x f(x)

ϵ > 0 f(x)

g(x) x |g(x) − f(x)| < ϵ

4.2

113



4.2.

x

f(x)

f

x

w w

x

w = 8

b = −4

0 0.2 0.4 0.6 0.8 1

0.2

0.4

0.6

0.8

x

σ(wx+ b) σ(z) ≡ 1/(1 + e−z)

S

114



4.2.

S
4

b

2 3

w = 100

x = 0.3

−4 −2 0 2 4
0

0.2

0.4

0.6

0.8

1

x

w = 8, b = −4

w = 8, b = 4

w = 3, b = 4

w = 105, b = 4

w = 999

x

w = 999

b = −400

0 0.2 0.4 0.6 0.8 1
0

0.2

0.4

0.6

0.8

1

x

4

115



4.2.

S
S

w

x

w b b

w

s = −b/w

x

w = 100

b = −40

0 0.2 0.4 0.6 0.8 1
0

0.2

0.4

0.6

0.8

1

−b/w = 0.40

s s = −b/w

s

x

s = 0.40

0 0.2 0.4 0.6 0.8 1
0

0.2

0.4

0.6

0.8

1

x

w –
b = −ws

116



4.2.

s1 s2

w1 w2

x

w2 = 1.2

w1 = 0.6

s1 = 0.40

s2 = 0.60
0 0.2 0.4 0.6 0.8 1

0

0.2

0.4

0.6

0.8

1

x

w1a1 + w2a2 a1 a2
5 a activations

s1

s1 s2

s2

0
w1 0.8 w2 −0.8 s1

s2 0.8

x

w2 = −0.8

w1 = 0.8

s1 = 0.40

s2 = 0.60
0 0.2 0.4 0.6 0.8 1

0

0.2

0.4

0.6

0.8

1

x

5 σ(w1a1 +w2a2 + b) b

117



4.2.

h

s1 = . . . w1 = . . .

x

0.60

0.40

−0.6

0.6

h = 0.6

0 0.2 0.4 0.6 0.8 1
0

0.2

0.4

0.6

0.8

1

x

h

x

s = 0.49

0 0.2 0.4 0.6 0.8 1
0

0.2

0.4

0.6

0.8

1

x

h h

[0, 1] N N

118



4.2.

N = 5

x

0.6

0.4

0.4

0.2

0.6

0.8

0.2

0.0

0.8

1.0

0.2

0.8

0 0.2 0.4 0.6 0.8 1
0

0.2

0.4

0.6

0.8

1

x

0, 1/5 1/5, 2/5

4/5, 5/5

h h −h

h

h +h −h

h

119



4.2.

x
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f(x) = 0.2 + 0.4x2 + 0.3x sin(15x) + 0.05 cos(50x) (113)
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y
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1
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0.6

x
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Output
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x

y

0.60
x

0.40
x

0.30
y

0.70
y

h = 0.30

b = −0.5
−0.3

0.3

0.3

−0.3

0 0.2 0.4 0.6 0.8 1

0
0.5

1

0.4

0.45

0.5

x
y

Output

h

b ≈ −3h/2

h = 10

x

y

8

0

−5

0 0.2 0.4 0.6 0.8 1

0
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1
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1

x
y

Output

h

h b = −3h/2
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0.8

0.7

0.3
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s2

t2

s1

t3

x1

x2

x3

t1

s3

x1, x2, x3 s1, t1

s1, t1, s2, . . . +h,−h

h −5h/2

x1 s1 t1 x2 s2 t2

x3 s3 t3 1 0

1 0

m (−m+ 1/2)h

f(x1, . . . , xm) ∈
Rn n f1(x1, . . . , xm), f2(x1, . . . , xm)

f1 f2

•

a x y

b a
c c

4.4 S

S S
x1, x2, . . . σ(

∑
j wjxj + b) wj b σ S
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z

σ(z)

s(z)

z

s(z)

x1, x2, . . . w1, w2, . . . b

s(
∑

j wjxj + b) S
w = 100

x
w = 6

b = −3

0 1

x

S

s(z) s(z) z → −∞ z → ∞

s(z)
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•

• s(z) = z

4.5

0 1

1

x

f

σ−1 ◦ f(x)
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1

−2

−1

1

x

σ−1 ◦ f(x)

σ−1 ◦ f(x)
σ−1 ◦ f(x)/2
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σ−1 ◦ f(x)/2

σ−1 ◦ f(x)/2
σ−1 ◦ f(x)

2

M σ−1 ◦ f(x)/M
M

4.6
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7

7 Jen Dodd Chris Olah Chris
Mike Bostock Amit Patel

Bret Victor Steven Wittens
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1980

input layer

hidden layer

output layer

98%
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5.1.

input layer
hidden layer 1 hidden layer 2 hidden layer 3

output layer

1

5.1

1 Razvan Pascanu, Guido Montúfar, and Yoshua Bengio 2014 On the
number of response regions of deep feed forward networks with piece-wise linear activations

Yoshua Bengio 2009 Learning deep architectures for AI
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5.1.

MNIST 2

Python 2.7 Numpy

Python MNIST

784 28× 28 = 784

30 10 10 MNIST (’0’, ’1’, ’2’, ..., 9)
30 10 η = 0.1

λ = 5.0 3

96.48%

30

96.90%

96.57%

96.53%

4

2MNIST
3Note that the networks is likely to take some minutes to train, depending on the speed of your machine. So if

you’re running the code you may wish to continue reading and return later, not wait for the code to finish executing.
4See this later problem to understand how to build a hidden layer that does nothing.
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[784, 30, 30, 10] 30

∂C
∂b

6

5

δlj = ∂C/∂blj l j δ1

δ2

||δ1||
||δ2||

||δ1|| = 0.07 ||δ2|| = 0.31

[784, 30, 30, 10]

0.012, 0.060, 0.283

30
0.003, 0.017, 0.070, 0.285

1000 500 batch
minibatch 1000

50, 000 minibatch

[784, 30, 30, 30, 10]

5
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5.2.

[784, 30, 30, 30, 30, 10]

100

BP

vanishing gradient problem

exploding gradient
problem **

**

f(x) f ′(x)

MNIST

** **

5.2

b1 b2 b3 b4
w1 w2 w3 w4

C

w1, w2, ... b1, b2, ... C j

aj = σ(zj) σ sigmoid zj = wj ∗ aj−1 + bj

C a4

∂C/∂b1 ∂C/∂b1

∂C/∂b1

b1 b2 b3 b4
w2 w3 w4

C

∂C
∂b1

= σ′(z1)× w2 × σ′(z2)× w3 × σ′(z3)× w4 × σ′(z4)× ∂C
∂a4

140



5.2.

σ′(zj) wj ∂C/∂a4

BP

b1 ∆b1

∆a1 ∆z2

∆a2 ∆C

∂C

∂b1
≈ ∆C

∆b1
(114)

∂C/∂b1

∆b1 a1 a1 = σ(z1) = σ(w1a0 + b1)

∆a1 ≈
∂σ(w1a0 + b1)

∂b1
∆b1 (115)

= σ′(z1)∆b1 (116)

σ′(z1) ∂C/∂b1

∆b1 ∆a1 ∆a1 z2 = w2 ∗ a1 + b2:

∆z2 ≈
∂z2
∂a1

∆a1 (117)

= w2∆a1 (118)

∆z2 ∆a1 b1

z2

∆z2 ≈ σ′(z1)w2∆b1 (119)

∂C/∂b1

σ′(zj)

wj ∆C

∆b1

∆C ≈ σ′(z1)w2σ
′(z2) . . .σ

′(z4)
∂C

∂a4
∆b1 (120)

∆b1

∂C

∂b1
= σ′(z1)w2σ

′(z2) . . .σ
′(z4)

∂C

∂a4
(121)
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∂C

∂b1
= σ′(z1)w2σ

′(z2)w3σ
′(z3)w4σ

′(z4)
∂C

∂a4
(122)

wjσ′(zj)

sigmoid
σ′(0) = 1/4

0 1 |wj | < 1

wjσ′(zj) < 1/4

**

∂C/∂b1 ∂C/∂b3

∂C
∂b1

= σ′(z1)

< 1
4︷ ︸︸ ︷

w2σ
′(z2)

< 1
4︷ ︸︸ ︷

w3σ
′(z3)w4σ

′(z4)
∂C

∂a4︸ ︷︷ ︸

∂C
∂b3

= σ′(z3)

︷ ︸︸ ︷

w4σ
′(z4)

∂C

∂a4

common terms

∂C/∂b1 < 1/4

∂C/∂b1 ∂C/∂b3 1/16 ** **

wj wjσ′(zj)

wjσ′(zj) < 1/4 1
BP

** **

w1 = w2 = w3 = w4 = 100

σ′(zj)

zj = 0 sigma′(zj) = 1/4 z1 = w1 ∗ a0 + b1

b1 = −100 ∗ a0
wj ∗ σ′(zj) 100 ∗ 1/4 = 25

** **
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5.3

input layer
hidden layer 1 hidden layer 2 hidden layer 3

output layer

BP
L l

δl = Σ′(zl)(wl+1)TΣ′(zl+1)(wl+2)T . . .Σ′(zL)∇aC (124)

Σ′(zl) l σ′(z) wl

∇aC

(wj)TΣ′(zj) (pair) Σ′(zj) 1/4

wj (wj)Tσ′(zl)

sigmoid

5.4

2010 Glorot Bengio sigmoid
sigmoid 0
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sigmoid

2013 Sutskever, Martens, Dahl Hinton
momentum SGD
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MNIST

pooling GPU
dropout

ensemble 10,000 MNIST
9,967

33
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6.1.

9 8 8
9

RNN LSTM
intention-driven

user interfaces
BP softmax

MNIST

Beta bug
mn@michaelnielsen.org
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6.1.

input layer
hidden layer 1 hidden layer 2 hidden layer 3

output layer

28× 28 784 = 28× 28

’0’, ’1’, ’2’, ..., ’8’,
or ’9’

98% MNIST

1

local receptive fields shared
weights pooling

28× 28

28× 28

1The origins of convolutional neural networks go back to the 1970s. But the seminal paper establishing themodern
subject of convolutional networks was a 1998 paper, ”Gradient-based learning applied to document recognition”, by
Yann LeCun, Léon Bottou, Yoshua Bengio, and Patrick Haffner. LeCun has since made an interesting remark on the
terminology for convolutional nets: ”The [biological] neural inspiration inmodels like convolutional nets is very tenuous.
That’s why I call them ’convolutional nets’ not ’convolutional neural nets’, and why we call the nodes ’units’ and not
’neurons’ ”. Despite this remark, convolutional nets use many of the same ideas as the neural networks we’ve studied
up to now: ideas such as backpropagation, gradient descent, regularization, non-linear activation functions, and so on.
And so wewill follow common practice, and consider them a type of neural network. I will use the terms ”convolutional
neural network” and ”convolutional net(work)” interchangeably. I will also use the terms ”[artificial] neuron” and ”unit”
interchangeably.
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input neurons

5× 5 25

input neurons

hidden neuron
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6.1.

input neurons
first hidden layer

input neurons
first hidden layer

28× 28 5× 5

24× 24

23 23

2 2

1 2

5× 5 24× 24

2As was done in earlier chapters, if we’re interested in trying different stride lengths then we can use validation data
to pick out the stride length which gives the best performance. For more details, see the earlier discussion of how to
choose hyper-parameters in a neural network. The same approach may also be used to choose the size of the local
receptive field - there is, of course, nothing special about using a 5 × 5 local receptive field. In general, larger local
receptive fields tend to be helpful when the input images are significantly larger than the 28× 28 pixel MNIST images.
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j, k

σ

(
b+

4∑

l=0

4∑

m=0

wl,maj+l,k+m

)
(125)

σ S b

wl,m 5× 5 ax,y x, y
3

4

28× 28 input neurons 3× 24× 24 neurons

3 5× 5

3
3

MNIST LeNet-5 6

5 × 5 LeNet-5
20 40

5

3

4In fact, for the MNIST digit classification problem we’ve been studying, the images are centered and size-
normalized. So MNIST has less translation invariance than images found ”in the wild”, so to speak. Still, features
like edges and corners are likely to be useful across much of the input space.

5The feature maps illustrated come from the final convolutional network we train, see here.
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20 20 5× 5

5 × 5

Gabor
Matthew Zeiler Rob Fergus

2013 Visualizing and Understanding Convolutional Networks

25 = 5 × 5 26

20 20 × 26 = 520

784 = 28 × 28 30

784× 30 30

23, 550 40

convolutional (125)
convolution a1 = σ(b+w ∗ a0) a1

a0 ∗

pooling layers
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6

2× 2

max-pooling
2× 2

hidden neurons (output from feature map)

max–pooling units

24× 24 12× 12

28× 28 input neurons 3× 24× 24 neurons
3× 12× 12 neurons

L2 L2 pooling
2×2

L2

6The nomenclature is being used loosely here. In particular, I’m using ”feature map” to mean not the function
computed by the convolutional layer, but rather the activation of the hidden neurons output from the layer. This kind
of mild abuse of nomenclature is pretty common in the research literature.
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10 10 MNIST
’0’ ’1’ ’2’

28× 28 input neurons 3× 24× 24 neurons
3× 12× 12 neurons

28 × 28 MNIST
5×5 3 3×24×24

2× 2 3

3× 12× 12

• (BP1)–
(BP4)

6.2

MNIST
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6.2.

7

GitHub

Python Numpy

Theano 8 Theano
Theano

Theano CPU GPU GPU

Theano
Theano Theano 0.69 GPU Mac OS X Yosemite

NVIDIA GPU Ubuntu 14.04

Theano GPU
Google Theano

GPU Amazon Web Services EC2 G2 GPU
CPU

CPU

100

60 η = 0.1 10
10

97.80%

7Note also that network3.py incorporates ideas from the Theano library’s documentation on convolutional neural
nets (notably the implementation of LeNet-5), from Misha Denil’s implementation of dropout, and from Chris Olah.

8See Theano: A CPU and GPU Math Expression Compiler in Python, by James Bergstra, Olivier Breuleux, Frederic
Bastien, Pascal Lamblin, Ravzan Pascanu, Guillaume Desjardins, Joseph Turian, David Warde-Farley, and Yoshua Ben-
gio (2010). Theano is also the basis for the popular Pylearn2 and Keras neural networks libraries. Other popular neural
nets libraries at the time of this writing include Caffe and Torch.

9As I release this chapter, the current version of Theano has changed to version 0.7. I’ve actually rerun the examples
under Theano 0.7 and get extremely similar results to those reported in the text.

10Code for the experiments in this section may be found in this script. Note that the code in the script simply
duplicates and parallels the discussion in this section.
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11

97.80% 98.04%
100

60 10 η = 0.1

S

5× 5

1 20 2× 2

28× 28

convolution layer
20× 24× 24 pooling layer

20× 12× 12

100 sigmoid
neurons

10 neurons
output layer
(softmax)

...

...

12

11In fact, in this experiment I actually did three separate runs training a network with this architecture. I then reported
the test accuracy which corresponded to the best validation accuracy from any of the three runs. Using multiple runs
helps reduce variation in results, which is useful when comparing many architectures, as we are doing. I’ve followed
this procedure below, except where noted. In practice, it made little difference to the results obtained.

12I’ve continued to use a mini-batch size of 10 here. In fact, as we discussed earlier it may be possible to speed
up training using larger mini-batches. I’ve continued to use the same mini-batch size mostly for consistency with the
experiments in earlier chapters.
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98.78%

• –

98.78%
– –

5× 5 2× 2

99.06%
–

– 12× 12

–

20

– 20 × 20 × 12 20

– – –

20× 5× 5 –
13

13This issue would have arisen in the first layer if the input images were in color. In that case we’d have 3 input
features for each pixel, corresponding to red, green and blue channels in the input image. So we’d allow the feature
detectors to have access to all color information, but only within a given local receptive field.
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• tanh tanh S
S

tanh
tanh 14 S 20

60 60

tanh S 60

tanh
tanh S

15

tanh S
tanh

tanh

1998 16

LeNet-5 MNIST

S
f(z) ≡ max(0, z) 60 η = 0.03

L2 λ = 0.1

99.23% S 99.06
S

S tanh

17

14

15 σ(z) = (1 + tanh(z/2))/2
16”Gradient-based learning applied to document recognition”, by Yann LeCun, Léon Bottou, Yoshua Bengio, and

Patrick Haffner (1998).
17A common justification is that max(0, z) doesn’t saturate in the limit of large z, unlike sigmoid neurons, and this

helps rectified linear units continue learning. The argument is fine, as far it goes, but it’s hardly a detailed justification,
more of a just-so story. Note that we discussed the problems with saturation back in Chapter 2.
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shell
18

50, 000 MNIST 250, 000

5

60

99.37%

2003 Simard Steinkraus
Platt19 MNIST 99.6%

– 100

MNIST

99.6%
18

19Best Practices for Convolutional Neural Networks Applied to Visual Document Analysis, by Patrice Simard, Dave
Steinkraus, and John Platt (2003).
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•

300 1, 000 99.46% 99.43%
99.37%

100

99.43%
300 1, 000 99.48% 99.47%

MNIST

99.60%
100 99.37%
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40

1, 000 100

300 1, 000

1, 000

5

99.6%
5

99.67%
33 10, 000

NMIST

6 5
6 0 5

3 8 9
6

9,967
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MNIST Rodrigo Benenson

Cireșan
Meier Gambardella Schmidhuber 2010 20

2, 500 2, 000 1, 500 1, 000 500 Simard

80
MNIST 99.65%

GPU
10−3 10−6

1 2

3 S 3–5
4 GPU 40

5 MNIST
30 3 4 30

20Deep, Big, Simple Neural Nets Excel on Handwritten Digit Recognition, by Dan Claudiu Cireșan, Ueli Meier, Luca
Maria Gambardella, and Jürgen Schmidhuber (2010).
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– 4

4

2 2015

1 2

2000

6.3

Theano
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Theano
GPU [Theano documenta-

tion](http://deeplearning.net/software/theano/index.html)
sigmoid

tanh Rectified Linear Function

python

dropout dropout

Theano
max-pooling softmax
softmax layer

sigmoid
sigmoid tanh

softmax
0 ad hoc

Network
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Theano x y

Theano

Theano max-pooling
BP

mini-batch mini-batch size

dropout dropout
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x y mini-batch
Theano
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log-likelihood
Theano

Theano minibatch
minibatch

minibatch

21

21 GPU Theano GPU

mn@michaelnielsen.org
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•
early stopping Early stopping

•

• η

this link

•

•

•
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6.4.

• rectified linear unit sigmoid tanh
sigmoid RLU

c c

softmax RLU sigmoid

RLU

• sigmoid RLU
** **

6.4

1998 MNIST
GPU MNIST

2100 2011 2015
2100

2012 LRMD 2012 22

LRMD LRMD ImageNet
2011 ImageNet 16,000,000

20,000 Mechanical Turk
ImageNet 23

22Building high-level features using large scale unsupervised learning, by Quoc Le, Marc’Aurelio Ranzato, Rajat
Monga, Matthieu Devin, Kai Chen, Greg Corrado, Jeff Dean, and Andrew Ng (2012). Note that the detailed architecture
of the network used in the paper differed in many details from the deep convolutional networks we’ve been studying.
Broadly speaking, however, LRMD is based on many similar ideas.

23These are from the 2014 dataset, which is somewhat changed from 2011. Qualitatively, however, the dataset
is extremely similar. Details about ImageNet are available in the original ImageNet paper, ImageNet: a large-scale
hierarchical image database, by Jia Deng, Wei Dong, Richard Socher, Li-Jia Li, Kai Li, and Li Fei-Fei (2009).
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ImageNet

MNIST LRMD
15.8% ImageNet

9.3%
ImageNet

2012 KSH LRMD Krizhevsky, Sutskever Hinton KSH 24 2012
KSH ImageNet

ImageNet Large-Scale Visual Recognition
Challenge ILSVRC

ILSVRC-2012 1,200,000 ImageNet 1,000
50,000 150,000 1,000

ILSVRC ImageNet
ImageNet

ImageNet 5

5 KSH 84.7%
73.8% KSH 63.3%

KSH
KSH GPU

GPU GPU NVIDIA GeForce GTX 580
GPU

KSH 7 5

2 1, 000 1, 000

KSH 25 2

2 GPU
24ImageNet classification with deep convolutional neural networks, by Alex Krizhevsky, Ilya Sutskever, and Geoffrey

E. Hinton (2012).
25 Ilya Sutskever
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3 × 224 × 224 224 × 224 RBG
ImageNet

KSH 256

256× 256 KSH 256× 256 224× 224

KSH 224 × 224

KSH
Alex Krizhevsky cuda-convnet

Theano 26 GPU
Caffe KSH

Model Zoo

2014 ILSVRC 2012 2014 ILSVRC
2012 120, 000 1, 000 5

27 22

GoogLeNet LeNet-5 GoogLeNet 93.33% 5

2013 Clarifai 88.3% 2012 KSH 84.7%
GoogLeNet 93.33% 2014

ILSVRC 28

ILSVRC Andrej Karpathy
GoogLeNet

...the task of labeling images with 5 out of 1000 categories quickly turned out to be
extremely challenging, even for some friends in the lab who have been working on
ILSVRC and its classes for a while. First we thought we would put it up on [Amazon
Mechanical Turk]. Then we thought we could recruit paid undergrads. Then I orga-
nized a labeling party of intense labeling effort only among the (expert labelers) in our

26Theano-based large-scale visual recognition with multiple GPUs, by Weiguang Ding, Ruoyan Wang, Fei Mao, and
Graham Taylor (2014).

27Going deeper with convolutions, by Christian Szegedy, Wei Liu, Yangqing Jia, Pierre Sermanet, Scott Reed,
Dragomir Anguelov, Dumitru Erhan, Vincent Vanhoucke, and Andrew Rabinovich (2014).

28ImageNet large scale visual recognition challenge, by Olga Russakovsky, Jia Deng, Hao Su, Jonathan Krause,
Sanjeev Satheesh, Sean Ma, Zhiheng Huang, Andrej Karpathy, Aditya Khosla, Michael Bernstein, Alexander C. Berg,
and Li Fei-Fei (2014).
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lab. Then I developed a modified interface that used GoogLeNet predictions to prune
the number of categories from 1000 to only about 100. It was still too hard - people
kept missing categories and getting up to ranges of 13-15% error rates. In the end I
realized that to get anywhere competitively close to GoogLeNet, it was most efficient
if I sat down and went through the painfully long training process and the subsequent
careful annotation process myself... The labeling happened at a rate of about 1 per
minute, but this decreased over time... Some images are easily recognized, while
some images (such as those of fine-grained breeds of dogs, birds, or monkeys) can
require multiple minutes of concentrated effort. I became very good at identifying
breeds of dogs... Based on the sample of images I worked on, the GoogLeNet classi-
fication error turned out to be 6.8%... My own error in the end turned out to be 5.1%,
approximately 1.7% better.

Karpathy 12.0%
top-5 GoogLeNet

top-5
5.1%

ILSVRC

top-5

ImageNet

Google
Google 29 100, 000, 000

Google Maps

OCR

2013 30

ImageNet

29Multi-digit Number Recognition from Street View Imagery using Deep Convolutional Neural Networks, by Ian J.
Goodfellow, Yaroslav Bulatov, Julian Ibarz, Sacha Arnoud, and Vinay Shet (2013).

30Intriguing properties of neural networks, by Christian Szegedy, Wojciech Zaremba, Ilya Sutskever, Joan Bruna,
Dumitru Erhan, Ian Goodfellow, and Rob Fergus (2013)
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KSH

31

31Deep Neural Networks are Easily Fooled: High Confidence Predictions for Unrecognizable Images, by Anh Nguyen,
Jason Yosinski, and Jeff Clune (2014).
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and beyond RNN
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Hochreiter Schmidhuber 1997 LSTM RNN
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DBN 32 DBN
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DBN

Geoffrey Hinton to recognize
shapes first learn to generate images DBN

DBN
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RNN

DBN
32 Geoffrey Hinton, Simon Osindero Yee-Whye Teh 2006 A fast learning algorithm for deep belief

nets, Geoffrey Hinton Ruslan Salakhutdinov 2006 Reducing the dimensionality of data with
neural networks
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Conway Conway
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AI 747

Werner von Braun
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deep 33
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AI
AI [
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Prolog

Prolog Eurisko

Conway

33 deep
BP ** **

34Interestingly, often not by leading experts in deep learning, who have been quite restrained. See, for example, this
thoughtful post by Yann LeCun. This is a difference from many earlier incarnations of the argument.
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log-likelihood, 64
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overfitting, 67
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rectified linear neuron, 108
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shared weights, 147
softmax, 63
softmax function, 63
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