DATA MINING 2
(Deep) Neural Networks

Riccardo Guidotti
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I single-layered network (perceptron) versus
multi-layered network

| Feed-forward versus recurrent network

; Linear function 1 Sigmoid function
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Actually deep
learning is way
more than having
neural networks
with a lot of layers
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Feature representation
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Feature representation
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abstraction
I Lines, parts, regions
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I The logistic is not widely used in modern ANNSs

tanh(x)

Alternative 1:
tanh

Like logistic function but shifted
to range [-1, +1]
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max(0, z)

Alternative 2: rectified linear unit

/ Linear with a cutoff at zero

Z
/ (Implementation: clip the gradient
when you pass zero)
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Alternative 3: soft exponential linear unit

— log(exp(x) + 1)
10} —  Max(0, x) A
—  1/(1 + exp(-x))

Soft version: log(exp(x)+1)

Doesn’t saturate (at one end)
- Sparsifies outputs
Helps with vanishing gradient
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I Not clear how adjustment in the hidden nodes affect overall error

I No guarantee of convergence to optimal solution
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I For output neurons, weight update

formula is the same as before (gradient
CH#1 8 -& CH#1 8 -& CH#1 8 -&
descent for perceptron) 23 2 254
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How do we update these weights ' ._f S
given the loss is available only at T
the output unit? [ T, i ]
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Error is computed at the output
and propagated back to the input
by chain rule to compute the
contribution of each weight
(a.k.a. derivative) to the loss

A 2-step process

1. Forward pass - Compute the
network output

2. Backward pass — Compute the loss
function gradients and update
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https://mattmazur.com/2015/03/17/a-step-by-step-backpropagation-example/
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https://towardsdatascience.com/how-does-back-propagation-in-artificial-neural-networks-work-c7cad873ea7
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: A problem where you predict a real-value quantity.
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| W1,-%*&+/&#+4%'&"#&"#01.&)(5%*&
I One input node per binary/continuous attribute
I &or '() ~&nodes for each categorical attribute with k values

| W1,-%*&+/8#+4%'&"#8+1.01.8)(5%*

I One output for binary class problem
I &or'() -&nodes for k-class problem
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| Multilayer ANN are universal approximators but could suffer from !"#$%&" & (if
the network is too large.

| Gradient descent may converge to *!+,*-.&(&./.

I Model building can be very time consuming, but testing can be very fast.

I Can handle redundant attributes because weights are automatically learnt.
I Sensitive to noise in training data.

I Difficult to handle missing attributes.



Tips and Tricks of NN Training
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5/($*$/%'$%'0)$& 1* (5#O)B(.&"3&8+?&/(*&(?(B&/*+,&A)+-()&,"#" 1,
I Aim is to select weight values which produce midrange function signals
I Select weight values randomly from uniform probability distribution

I Normalize weight values so number of weighted connections per unit
produces midrange function signal

| VFB&A" % Yokt &*(#A+,&"#"."()"Q(."+H&.+
I Assess robustness
I Have more opportunities to find optimal results
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I Typically 1 training set presentation = "#$%&'
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I Euclidean norm of the gradient vector reaches a sufficiently small value

I Absolute rate of change in the average squared error per epoch is
sufficiently small
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| 8%%"/#6"+,,#."9.+-Prevent the network from learning adequately fitting the
data and learning the concept.

I 8%%"3)..""+,,#."9.+-5"leads to overfitting, unless you regularize heavily (e.g.
dropout, weight decay, weight penalties)

I Cross validation should be used to determine an appropriate number of hidden
units by using the optimal validation error to select the model with optimal
number of hidden layers and nodes.
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| SH+*,&11211 # 0/({! ]3(! 1
| Parameters:! (" | )# & &
| Activations: | (%& () # 4 ) (Z hidden unit activation)

] B+, &I 1 # \/0/% 3)

| Parameters:! (" ) # $ | &
| Activations: | (9%& () # 4" )% (Z hidden unit activation)

| O#5 0F+*, (#4&,+*%"
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Randomly disconnect units from the network during training
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Randomly disconnect units from the network during training
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Randomly disconnect units from the network during training
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Randomly disconnect units from the network during training
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You can also ,0%%$"5+. 1*#"
&%. . #&-+% [dropconnect)

Regulated by unit ,0%$$+.1"
"$#03$)0)3#-#0

Prevents unit &%0),)$-)-+%.
Committee machine effect

Need to adapt $0#,+&-+%."$'")5#
Used at prediction time gives
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| Standard Stochastic Gradient Descent (SGD)
C".:("&4('88%#%' &2
0%88%#952(23(-%#=(9-(2$'(7".2(5"*8&% &+(*"2"
N&.2"75'(#3&;*+'&#'
E82'&(9.'4(6%2$("&/. 20-38'82%"55:(6'%+$2'4($%.23*:(38(-*:%39.(6'%+$2. (#$"&+'.D
l RMSprop
| P4"-2%:"(5"*&%&+(*"2'(1'2$34(?* 49#" .(%2(9.%&+("(13:%&+(":*"+'(38(2$'(.J9"*'4(+*"4%'&2D
| G".2'&.(#3&; "+ &H (T:($";:%8&+(JOVH="5(+*"4%'&2.(6$'&(&#.."*:
I Adagrad
| )%=01-*3- 6%2%$('5'1'8&26%.'(#"5%&+(38(2$'(+*"4%'&2
| <=<>
| 0)1"23(-$(3 4/'+(33%+(&+"5#*&"&")(,,6+3"7(6)&+(8"S(-"+*9+#(%'+-$(3)"&' Yo+, ) 1"+.%."&"/.
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| N#'.9%(48+/88(2"#A&+#)5&F/1))58$+##%$.%4G &) (5%* &(4+0.&F$+#:

)(5%*'G
— 32x32x3 image

" Bx5x3 filter W
2

=

™~ 1 number:
the result of taking a dot product between the

filter and a small 5x5x3 chunk of the image
(i.,e. 5*5*3 = 75-dimensional dot product + bias)

? wlz +b

x
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| 9%06&.50"$())58(00)" %48 " #&#(.1*()&) (HAL(A%&0*+$%" " #A&BWYLC6

e:\ “I”/\ “I”/\ uon
Sample *

y t t t
Key idea: RNNs have an sonmax | 2| [B|| |E]| |
“Internal state” that is - . . e
/ updated as a sequence is 1To 0T5 01.1 o.?z
processed output layer | 28 G0 1 01
4.1 1.2 -1.1 7 I3

T | T [ Wy

hidden layer | -0.1 >

h’t — fW (|ht—1) wt) 0.3 (1).2 |01 fw hn -6.3 ]
0.1

v/ - :
X new state / old state input vector at : °
some time step I ! I [ w_xh
some function 1 o o o
i : 0 1 0 0
with parameters W input layer | o 5 1 ;
0 0 0 0
input chars: *“p" \’ “e" f“l" =



|rj|put. Convolution
multivariate \. o " NN
ottlenec N

1
. . a J
time series e W Convolution =

\ .‘l"\ 7§ /4
f » /1

. ‘n
channels N 7. f :‘\."*
y —
,—r—‘-'-’

\/ .
} time C B P g
’Y.\ ‘J'N

1 [~ 7 output
e /Y multivariate
|~ MaxPooling time series
*

" Convolution
(bottleneck)

Convolutional Neural Network

Slides edited from Stanford
#))7>22/, 5@A"B,)+"8%<&B#&17?,:(&#,?5CAD?/,5@A"ESCADE:#/)1<#CDB7&8
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32x32x3 image -> stretch to 3072 x 1

input

3072

—

Wx

10 x 3072
weights

—

1

activation

=

10
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32x32x3 image -> stretch to 3072 x 1

input activation
P Wax
! 10:x 3072 : |‘G
3072 & /4 10
weights
1 number:

the result of taking a dot product
between a row of W and the input
(a 3072-dimensional dot product)
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32x32x3 image -> preserve spatial structure

32 height

32 width

3 depth
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32x32x3 image

32

— Filters always extend the full

32

depth of the input volume

/

5x5x3 filter

(7

I' Convolve the filter with the image
|.e. “slide over the image spatially,
computing dot products”
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__— 32x32x3 image

5x5x3 filter w
=
the result of taking a dot product between the

filter and a small 5x5x3 chunk of the image

32 (i.e. 5*5*3 = 75-dimensional dot product + bias)

? wlz +b

1 number:
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activation map
__— 32x32x3 image

5x5x3 filter /
.
@>@ ”

convolve (slide) over all

spatial locations
32 28
1
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8| 7| 8
-
1x1 1x0 1x1 0 0 ! i
Qo 1x1 1x0 1 0 4 O+I;I'?::§<:>+-
0,041,/1]1
0(0(1|1]|0
O(1(1|0]0
Convolved
Image

Feature



Kernel Channel #1

l

308

+

Kernel Channel #2

l

—498

+

o | o | o o] o ol oo o] o o| oo
156 | 155 | 156 | 158 | 158 167 | 166 | 167 | 169 | 169 163 | 165 | 165
153 | 154 | 157 | 159 | 159 164 | 165 | 168 | 170 | 170 164 | 166 | 166
149 | 151 | 155 | 158 | 159 160 | 162 | 166 | 169 | 170 0 | 156 | 158 | 162 | 165 | 166
146 | 146 | 149 | 153 | 158 156 | 156 | 159 | 163 | 168 o | 155 | 155 | 158 | 162 | 167
145 | 143 | 143 | 148 | 158 155 | 153 | 153 | 158 | 168 0 154 | 152 | 152 | 157 | 167

Input Channel #1 (Red) Input Channel #2 (Green) Input Channel #3 (Blue)

ok ek |l 1 0 0
0 k|| =k 1]-1]-1
0 il 1 1 0| -1

Kernel Channel #3

l

164 +1=-25

Bias=1

I

Output

-25
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_— 32x32x3 Image

-

-

_ 5x5x3 filter
S A
A/
@>O convolve (slide) over all
spatial locations
32

activation maps

y {

28

[

1
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For example, if we had 6 5x5 filters, we’ll get 6 separate activation maps:

activation maps

Y

Convolution Layer

32 A

3 6

28

We stack these up to get a “new image” of size 28x28x6!
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Image Maps
Input
\Nutput
x N
Pl =t x
Convolutions Fully Connected

Subsampling



H*&0*72")*&(7+9"2%$(7+9™:*$;

| JWWE"&(&'%X1%HSY0& +/&I+#2&Y (5% 3&"#.%*0%* %48 ?" . 8&($."2
| IWW&'S*'#@'&2+)1,%'&'0(."())56&

| MBABE. ]: ]&"#01.&$+#2+)2%4&*%0%(.%4)5&?".8& TR NEA}H& BO6S
| 1I8*"H@"HA&. ++&/(.& " &#+ . &A++43&A+WHE . &?+* @ &?%))6

A A A

CONV, CONV, CONV,
RelLU RelU RelU

7%
XIX 5x5x6
32 filters 28 fltars A

w|
®|

RN

o
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Low-level Mid-level High-level Linearly
> —| separable —
features features features s
classifier

VGG-16 Conv1 1
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/X7 input (spatially)
assume 3x3 filter

=> 5x5 output




3'$)="

/X7 input (spatially)
assume 3x3 filter
applied with stride 2
=> 3x3 output!




3'$)="

/

/X7 input (spatially)
assume 3x3 filter
applied with stride 37

doesn’t fit!

cannot apply 3x3 filter on
/X7 input with stride 3.
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N

Output size:
(N - F) / stride + 1

eg.N=7,F=3:

5 stride 1 => (7-3)/1 +1 =
stride 2 => (7-3)2 +1 =

stride 3 => (7-3)/3 +1=2.33:\
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e.g. input 7x7
3x3 filter, applied with stride 1
pad with 1 pixel border => what is the output?

"1#$%68 %0 &(

In general, common to see CONV layers with stride
1, filters of size FxF, and zero-padding with (F-1)/2.
(will preserve size spatially)

' F=3=>zero pad with 1 pixel

' F=5=>zero pad with 2 pixel

| F=7=>zero pad with 3 pixel

QPR O | Q| O
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e Accepts a volume of size W; x Hy; x D
 Requires four hyperparameters:
o Number of filters K,
o their spatial extent F',
o the stride S,
o the amount of zero padding P.
e Produces a volume of size Wy x Hy x D, where:
o Wo=(W, —F+2P)/S+1
o Hy = (Hy; — F + 2P)/S + 1 (i.e. width and height are computed equally by symmetry)
° D2 =1
« With parameter sharing, it introduces F' - F' - D, weights per filter, for a total of (F' - F'- D, ) - K weights
and K biases.
« In the output volume, the d-th depth slice (of size W5 x H>) is the result of performing a valid convolution
of the d-th filter over the input volume with a stride of S, and then offset by d-th bias.
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| \(@%'&.8%&*%0* %' Yot (."+# &', () Yo* & (#A&,+*%&, (#(AY(-)%
| <0%*(.%'&+2%*&%($8&($."2(."+#&, (08" #A%0%H#AY#.)5

224x224x64
112x112x64

pool

> o 112
224 downsampling .

112
224
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max pooling

20 30
112 37

average pooling
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Accepts a volume of size W; x H; x D,
Requires three hyperparameters:
o their spatial extent F',
o the stride S,
Produces a volume of size Wy x Hy x D5 where:
o Wo=(W; —F)/S+1
o Hy=(H, - F)/S+1
© D2 — D]
» [ntroduces zero parameters since it computes a fixed function of the input
e Note that it is not common to use zero-padding for Pooling layers
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fc_3 fc_4
Fully-Connected Fully-Connected
Neural Network Neural Network
Conv_1 Conv_2 RelLU activation
Convolution Convolution /—M
- LA LU L ,_* =
(5 X 5) kerr.iel Max-Pooling (5 x 5) kernel Max-Pooling (with
valid padding (2x2) valid padding (2x2) 4
I * P B | g \\\
r ~N e N N r L I gl S 0
1
______ ) 2

INPUT nl channels nl channels n2 channels n2 channels ||

(28 x 28 x 1) (24 x24 x n1) (12 x 12 x n1) (8 x 8 xn2) (4x4xn2) OUTPUT

n3 units



Recurrent Neural Network

Slides edited from Stanford
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one to one one to many many to one many to many many to many
f Pt 1 ! il N
f ! L1 t t o
Q#->& 22 3$#.(KR(  5'S<-=" +)(+*CDKR 5'S<'-=' +)T+*CDKR( Q>C'Q&#DD>)>=#:>+-
5'S<’-=' +)(T+*CD 5'-1>%'-: 5'S<’-=' +)(T+*CD

3$#. ( O#%:>+->5"->%'-:  O&#HDD>)>=#:>+- VH#=A>-'U*#-D&#:>+-
US0&#DD>)>=#>+-
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Key idea: RNNs have an
“Internal state” that is

/ updated as a sequence Is
processed
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| DY%&S(#E&O0*+$%" & (& 'YX 1%#$% & FER4BONSREARER")%66)
0/"43-#' (.&%2%*58&." ,%&" %0l

ht . fW(ht—lv xt)

new state old state input vector at
some time step

some function
with parameters W X
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h0—>fw—>h1—>fw—>h2—>fw—>h3—> —»hT
W X1 X2 X3

W'$>-C*@(WED'(CA'(D#S' ?2'>.A: $#*>"#:.'B*M >$' DO:'%



1I99P+H*4#2'(")*&(7+<$(#AP+6(&5+™*+6(&5




199P+H*4#2'(")*&(7+<$(#AP+6(&5+*+B&"




1I99P+EN(4#7"+1$0) &) &-

Vocabulary:

[h,e,l,0]

Example training 3 B 0 0

sequence: input layer | © 1 ; ;

“hello” 0 0 0 0
“h” “e” T |

input chars:
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Example:
Character-level
Language Model

hy = tanh(Whprhi—1 + Wenxt)

: 0.3 1.0 0.1 -0.3
VocabUIary' hidden layer | -0.1 » 0.3 =1 -0.5 - 0.9
[h,e,l,0] 0.9 0.1 0.3 0.7

a N R R %
Example training s = = 5
sequence: input layer | 9 4 3 .
“hello” D 2 D 2
input chars: “p” “e” 3 i i
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o,

target chars: “e” a1z

Example: 1.0 0.5 0.1 0.2
Character-level output layer | 2% 92 92 7o
4.1 1.2 -1.1 22

Language Model

—
—>
_’ %
S

2

-

e

g 0.3 1.0 0.1 -0.3
VocabUIary' hidden layer | -0.1 » 03 |——=| -05 M 09
[h,e,l,0] 0.9 0.1 0.3 0.7
Example trainin T T T TW‘Xh

p g 1 0 0 0
sequence. input layer g 2) ? ?
“hello” 0 0 0 0

input chars: “R” “e” 7 i 3 3
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Example: Sample |
Character-level 03
Soft :
Language Model ormar s
Sampling .
output layer _%%
4.1
Vocabulary: T
[h,e,I,O] ) 0.3
hidden layer | -0.1 ——
0.9
At test-time sample T
characters one at a time, o é
feed back to model °

input chars: “p"
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Example: Sample f,\
Character-level 03
Soft :
Language Model e Ea
Sampling =
output layer _%%
4.1
Vocabulary: T
[h,e,l,o] . 0.3
hidden layer | -0.1
0.9
At test-time sample T
characters one at a time, i é z
0 0

feed back to model

input chars: “p” \ ;
4
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Example: e j‘ﬂ 5
Character-level 03 25
Language Model softmax BNl (S
Sampling m |
output layer 231[’) 2-%
Vocabulary: 4{ T
[h’e’I’O] hidden layer _%_3; - 8:3 il
0.9 0.1

At test-time sample T
characters one at a time, R é
0
h

feed back to model

input chars: “p"
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Example: o e/\ :/\ |/\ “o”

t 1 t
Character-level 3 2| |m n
Softmax 100 05 68 .08
Language Model ‘84 50 03 7
: t t t t
Sampllng 1.0 0.5 0.1 0.2
output layer .?3,%) 3% (1)3 :(1)?
4.1 1.2 1.1 2.2

Vocabulary: T T ] P w_ny
LEL e wsonoer [0\ | [ 1 [
0.9 0.1 -0.3 0.7

At test-time sample T T T [ w_en
characters one at a time, R é E § §
feed back to model I \* 0 \ ’ \}?
input chars: “h” “e" }” 7 5
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Exercises - Neural Network



input layer

e Given the following NN with
— assigned weights (see figure)
— activation function f(S) = sign(S-0.2) for all nodes

e Label the test set on the right, then compute accuracy,
and precision & recall for both classes

0.4
02
11 0.1
0.0 0.2
-0.4
12 0.1 03
0.4
hidden layer

output layer

M$"=)/") A+(19"2$(79™:*S;

11 12
-1 il
Tl +1
+1 -1
Tl -1
-1 1
+il 1
-1 -1
+1 *d.
-1 -1
+1 .
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. i : : , uX0>.17GYR([(7G8(ZBG69(X(
Given the following NN with D> 17 GHOKX(

- assigned weights (see figure) , s XO>.17GT@([(KGY(ZE8BG69(X(
XD>. 2 G\I(W

— activation function f(S) = sign(S-0.2) for all nodes 6 XD>. W GS(B([(7GY (ZRBG6I(X(

« Label the test set on the right, then compute accuracs  *0>-17GI(X(@®
and precision & recall for both classes ] 9eXD>.17G6@([(7GE6B([(7GI(Z(BIG69(>

0 I 2 C XO>.KGI9(
' -1 o | -1
" . 0.2 1 1 +1
0.0 +1 -1 -1
0.2 O +1 -1 +1
0.3 = +1 +1
+1 +1 +1
12 0.1 93 - = .
0.4 +1 +1 -1
: -1 -1 -1
input layer hidden layer output layer 1 +1 1
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Given the neural network below (on the left), apply it to the test set provided (on the right). The weights are reported beside
each connection, while the activation function is simply f(S) = sign(S), i.e. -1 for positive values, +1 for positive ones and 0
for S=0. For each case, show the output also of the nodes on the hidden layer.

0.4 'H1 '
o 0.3

. . _ 11 12 0
g o) N ) +0 1

‘ f0.4 '

12 | 01 | +1 +0
— N -1 +1
06 H3 ] )

input layer hidden layer output layer +1 .1



0.4 H1 Answer:

a8 0.3 11 |12 O
S Ja E oy o = o
2 . '.0"_0 H2 0.3 ’ o +0 -1 -1
LW e +1 i, +1
A_ 12 DY 1 +1 3
| 0.6 H3___ +1 +1 +1
input layer hidden layer output layer +1 1 +1
Inputl 0 1 -1 1§
Input2 -1 0 1 -1
H1
H2
H3

Output




