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Machine Learning 2 1. Network Topologies

Logistic Regression (0 hidden layers)

Vs

logistic regression:

input layer

output layer

A

9(x) = p(y = 1] x) = logistic(8"x), xcRM
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Feedforward Neural Network (1 hidden layer)

X1 X2 - XM input layer
2 % 2k hidden layer
\ y / output layer

feedforward neural network (1 hidden layer):

9(x) :=p(y = 1| x) = logistic(; z(x))
zi(x) ::Iogistic(ﬁl-’:kx), k=1,...,K,xeRM
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Machine Learning 2 1. Network Topologies

Feedforward Neural Network (2 hidden layers)

X1 X2 e XM input layer
711212 " .- 71 K, 1st hidden layer
221 2 K, 2nd hidden layer

\\

feedforward neural network (2 hidden layers):

output layer

9(x) :=p(y = 1| x) = logistic(63 z(x))
2 k(x) =logistic(8; kz1), k=1,...,K>
71 k(x) :zlogistic(ﬁ{kx), k=1,...,K,xeRM
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Different Targets y

Binary classification:

§(x) :=ply = 1| x) = logistic(8], 12 (x))
Regression:

A

Y(x) :=Bl21(x)
Regression with multiple outputs:
P(x) =Bri1z1(x), [ € RFouxke
Multi-class classification:
§(x) ==y | x) = softmax(B412.(x))
Notes:
» L hidden layers

» at hidden nodes always are logistic/sigmoid functions
(activation function, transfer function).
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Network Topologies

» feedforward neural network (aka multiplayer perceptron, MLP)
» often just a single hidden layer is used
» NN with single hidden layer is already a universal approximator
» skip arcs can be used to connect layers skipping a hidden layer
» sometimes layers are not connected completely, but have sparse
connections.
» nodes & connections always form a DAG

» recurrent neural network

» neural networks with backward connections / not a DAG.
» used in language modeling
» no simple probabilistic interpretation

» Hopfield networks / associative memory:

» symmetric connections between hidden units
» probabilistic counterpart: Boltzmann machine.
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Machine Learning 2 2. Stochastic Gradient Descent (Backpropagation)

SGD / Loss

feedforward neural network, L hidden layers with Ki, ..., K. nodes each:

,Bg7k€]RKZ*1,k:1,...,Kg
k=1,....Ko:=M
k=1,...,Ki+1:=dim)Y, usually =1

20,4 (x) :=s(B] kze-1),
20 k =Xk,
Vi(x) :==z141 k(x),

A
F(8) Zf Yo 90) + S 1181
gradient for smgle sample x,, yu:
Kit1 4a K
of . OV (Xn) 3ZL+1 K
= ny Y\ Xn 57— tA = e nyYn +A
8ﬁ€,k (.y y( )) l;l aﬁé,k /Bf,k .y .y I;l /857

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
7 /11



Machine Learning 2 2. Stochastic Gradient Descent (Backpropagation)

B
SGD / Layers i

feedforward neural network, L hidden layers with Ki, ..., K. nodes each:

T Ko
zo k(%) :=s(Byx2e-1), Bex ERM L k=1,... K
gradient for single sample x,, yn:
Ko
Ozo = Ozpp 0Zp_yj

9Bk — 9zy 17 OBuk

Ko—1
Ozp S(B] oz ZB 021z
- 1t L9 L

825,;( 0 k!4l — 0 k! k 3ZZ,k
82(/ k' T
——— =5"(By wze—1)Be k' k
O0zpr_1 i ’

82(/ k! ’ T
——— =5 (/BZI k/Zg/_]_)Zg/_
0By -1,k ’
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SGD / Arrange Computations
1. Feedforward:

20,k =Xk kzl,...,KO =M
24 - =5(B] kz-1), (=1,....L+1,k=1,....K

2. Backpropagation:
ford:=L+1,....1, k:=1,... K
for k' :=1,..., Kpy1:

Ket1

Oz = 0zi410 021k ST . 2)B
5, = =275, - 1,k k
8247/( i 82“_17[; 82@7/( i 82“_ £+1, k t+

0zpy1k  Ozip1 0 Ozg e Ozpq1p
0Bk Ozp OBk 0z i

Kit1
8f 8zL+1 k!
76/ n, Y + A
DBer (v Z Be.k

s'(B{kze-1)ze-1
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SGD / Arrange Computations

2. Backpropagation:
ford:=L+1,...,1, k:=1,...,Kp:
for k' :=1,...,Ki11:

Ke+1

+
Oz, = 02110 021 0z 41,10

8247,( i 825_’_1’;( aZ&k i 82“_1
0zp1 60 Ozip1p OZop 32L+1,k'5 (BT 2 )z
= = 0,k Z0—1)Z0—
0B,k 0z OBk 0z k
Kit1
of , Oz, L+1 K’
86@k ‘€ Yn;yn Z +)\6€,k

() _p0) _ () Of 8f
B k ﬂz,k n 9Bk
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Machine Learning 2 3. Regularization

Regularization of Neural Networks

v

L2 regularization

» aka weight decay
» most frequently used method

v

L1 regularization

v

early stopping

v

use a random sample of connections
» drop connect
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Machine Learning 2 3. Regularization

L2 regularization / Example

Neural Network - 10 Units, Weight Decay=0.02

Neural Network - 10 Units, No Weight Decay
Qg Oia ."l ." 5
90 % o4 ; ;
0890 i i :

obgs bl fo8o0 4 s
o o} e 3 d
o ! :

i O

4 §

[SEEY

8

000 2 o S
0. % @ 90 H
0i60% 0
; O@ Training Error: 0.160 ®
Training Error: 0.100 o e} a
Ee] Test Error: 0.223

Testron 0299 Bayes Error:  0.210 (o}
Bayes Error: 0.210 o Y 2O

[HTFFO5, p. 399]
= = E == DA
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Further Readings

» See [Murl2, chapter 16.5] and [HTFFO05, chapter 11].
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