
DATA MINING 2
(Deep) Neural Networks
Riccardo Guidotti

a.a. 2020/2021

Slides edited from a set of slides titled “Introduction to 
Machine Learning and Neural Networks” by Davide Bacciu
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! >(*"+1'&.50%'&+/&#%1*()&#%.?+*@&.+0+)+A5
! single-layered network (perceptron) versus 

multi-layered network
! Feed-forward versus recurrent network
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Actually deep 
learning is way 
more than having 
neural networks 
with a lot of layers
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!"#$%&$#'()*+*'),
! Deep Network can build up 

increasingly higher levels of 
abstraction

! Lines, parts, regions

!"#$%&'()*+$(,+-.&#/ 0''(12345(67879
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! The logistic is not widely used in modern ANNs

Alternative 1: 
tanh

Like logistic function but shifted 
to range [-1, +1]
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Alternative 2: rectified linear unit

Linear with a cutoff at zero

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

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

Doesn’t saturate (at one end)
Sparsifies outputs
Helps with vanishing gradient 

J.%/#4K0+,4$%..%6,4-+&#)
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! L*+-)%,I&8+?&.+&4%.%*,"#%&.8%&.*1%&2()1%&+/&* /+*&8"44%#&#+4%'K

! 900*+:",(.%&%**+*&"#&8"44%#&#+4%'&-5&%**+*&"#&.8%&+1.01.&#+4%'
! L*+-)%,'I&

! Not clear how adjustment in the hidden nodes affect overall error 
! No guarantee of convergence to optimal solution
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! For output neurons, weight update 
formula is the same as before (gradient 
descent for perceptron)

! For hidden neurons:
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How do we update these weights 
given the loss is available only at
the output unit?

!
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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

A::%D@EE$#::$#F<*G=+$E678HE7IE8JE#KD:'%KLMKD:'%KL#=/%*+%#.#:>+-K'"#$%&'E

https://mattmazur.com/2015/03/17/a-step-by-step-backpropagation-example/
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! N#&+*4%*&.+&A%.&.8%&)+''&+/&(&#+4%&
B%6A6&OPC3&?%&,1)."0)5&.8%&2()1%&+/&".'&
$+**%'0+#4"#A&/EBQC&-5&.8%&)+''&+/&.8%&
#+4%&".&"'&$+##%$.%4&.+&"#&.8%&#%:.&
)(5%*&B4%).(RSC3&-5&.8%&?%"A8.&+/&.8%&
)"#@&$+##%$."#A&-+.8&#+4%'6

! D%&4+&.8%&4%).(&$()$1)(."+#&'.%0&(.&
%2%*5&1#".3&-($@T0*+0(A(."#A&.8%&)+''&
"#.+&.8%&#%1*()&#%.3&(#4&/"#4"#A&+1.&
?8(.&)+''&%2%*5&#+4%U1#".&"'&
*%'0+#'"-)%&/+*6

A::%D@EE:+?#*CDC#:#D=>'-='G=+$EA+?KC+'DKL#=/K%*+%#.#:>+-K>-K#*:>)>=>#&K-'<*#&K-':?+*/D K?+*/ K=J=#CNJI'#J

https://towardsdatascience.com/how-does-back-propagation-in-artificial-neural-networks-work-c7cad873ea7
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! V8%&%**+*U)+''U$+'.&/1#$."+#&*%41$%'&())&.8%&2(*"+1'&A++4&(#4&-(4&
('0%$.'&+/&(&0+''"-)5&$+,0)%:&'5'.%,&4+?#&.+&(&'"#A)%&#1,-%*3&(&
'$()(*&2()1%3&?8"$8&())+?'&$(#4"4(.%&'+)1."+#'&.+&-%&$+,0(*%46

! N.&"'&",0+*.(#.3&.8%*%/+*%3&.8(.&+-$%./)#+*')%."*+-./001%2$32$4$)+%'/2%
5$4*()%('"046&

! N/&?%&$8++'%&(&0++*&%**+*&/1#$."+#&(#4&+-.("#&1#'(."'/($.+*5&*%'1).'3&
.8%&/(1).&"'&+1*'&/+*&-(4)5&'0%$"/5"#A&.8%&A+()&+/&.8%&'%(*$86



BFG"/')0"+12&/')*&%+?*$+99

! Regression: A problem where you predict a real-value quantity.
! E92-92()":'*F(E&'(&34'(6%2$("(5%&'"*("#2%;"2%3&(9&%2/
! )3..(G9&#2%3&F(H9"4*"2%#()3..(?!'"&(IJ9"*'4(C**3*(?!ICDD

! Classification: Classify an example as belonging to one of K classes
! E92-92()":'*F(

! !"#$"%&#$'()*$+$,(-.%(&$+/)(0+)(%"$1"()$23456
! 3$%1)71)$"%&#,$("$+$,%8).+9:+;#<$23=56

! )3..(89&#2%3&F(K*3..>'&2*3-:(?%/'/(&'+"2%;'(53+(5%='5%$334D

�	�‘�”�™�ƒ�”�† ���ƒ�…�•�™�ƒ�”�†

���—�ƒ�†�”�ƒ�–�‹�…J =
1
2

(y ! y! )2 dJ
dy

= y ! y!

���”�‘�•�• ���•�–�”�‘�’�›J = y! �H�Q�;(y) + (1 ! y! ) �H�Q�;(1 ! y)
dJ
dy

= y! 1
y

+ (1 ! y! )
1

y ! 1
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! W1,-%*&+/&#+4%'&"#&"#01.&)(5%*&
! One input node per binary/continuous attribute
! &or '() "&nodes for each categorical attribute with k values

! W1,-%*&+/&#+4%'&"#&+1.01.&)(5%*
! One output for binary class problem
! &or '() "&nodes for k-class problem

! W1,-%*&+/&#+4%'&"#&8"44%#&)(5%*
! N#"."()&?%"A8.'&(#4&-"('%'
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! Multilayer ANN are universal approximators but could suffer from !"#$%&''&()if 
the network is too large.

! Gradient descent may converge to *!+,*-.&(&./. .
! Model building can be very time consuming, but testing can be very fast. 
! Can handle redundant attributes because weights are automatically learnt.
! Sensitive to noise in training data.
! Difficult to handle missing attributes.



Tips and Tricks of NN Training
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! !"#$%$%&'()*+'1'%&.+&104(.%&.8%&?%"A8.'6&=%$+*4'&"#&.8"'&'%.&(*%&
*%0%(.%4)5&"#&*(#4+,&+*4%*6&V8%&?%"A8.&104(.%&%X1(."+#&(*%&(00)"%4&
(/.%*&(&$%*.("#&#1,-%*&+/&*%$+*4'6

! ,#-$.#*$/%'()*+'1'%&.+&4%$"4%&?8%#&.+&'.+0&.*("#"#A&+#)5&-5&
,+#".+*"#A&.8%&%**+*&(#4&.+&'%)%$.&.8%&-%'.&,+4%)&$+#/"A1*(."+#

! !)(*'()*+ 1'%&.+&.%'.&.8%&0%*/+*,(#$%&+/&.8%&#%1*()&#%.?+*@6&N.&'8+1)4&
#+.&-%&1'%4&('&0(*.&+/&.8%&#%1*()&#%.?+*@&4%2%)+0,%#.&(#4&,+4%)&
'%)%$."+#&$5$)%
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! J8+"$%&+/&$%$*$#-'0)$&1*'2#-3)('$('$45/"*#%*'#('*1$('.)6$.)('(*#"*$%&'
5/($*$/%'$%'0)$&1*'(5#6)7'V8(.&"'3&8+?&/(*&(?(5&/*+,&A)+-()&,"#",1,

! Aim is to select weight values which produce midrange function signals 
! Select weight values randomly from uniform probability distribution
! Normalize weight values so number of weighted connections per unit 

produces midrange function signal

! V*5&4"//%*%#.&*(#4+,&"#"."()"Q(."+#&.+
! Assess robustness
! Have more opportunities to find optimal results
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! 2$31$%-"(4&5/#$&&!"# $%&#'()*+",-.*+&,()"/)0'/$0.++'/#1)
! !"#$%&'()*+,&"+(,-&".(",/%(."/0.+'(#'(*."'"1&"+
! 2,13(4"#$%&()*+,&"'5(/,1(6)#/7".(/018".$"1/"(9)&(,:'0(;,7"(:",.1#1$(:"''('&,9:"

! 6(-,7&5/#$&!"22$%&#')"/)0'/$'0",-1)
! !"#$%&'()*+,&"+(,-&".(,::(."/0.+'(,."(*."'"1&"+
! <,1(9"(8".3(':04(,1+(:",+(&0(&.,**#1$(#1(",.:3(:0/,:(;#1#;,

! 8"%"9(-,7&5/#$&!.)3%'#4)"2)+-')+5").3"6'1)
! !"#$%&'()*+,&"+(,-&".(,(-"4(."/0.+'(=-.0;(&"1'(&0(&%0)',1+'>(,."(*."'"1&"+(
! ?"'&(0-(90&%(=,1+($00+(-0.(@AB>
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! Y%(*#"#A&"'&+-.("#%4&-5&*%0%(.%4)5&'100)5"#A&.*("#"#A&4(.(&(#4&
(4Z1'."#A&-5&-($@0*+0(A(."+#

! Typically 1 training set presentation = !"#$%&'

! D%&#%%4&(&'.+00"#A&$*".%*"(&.+&4%/"#%&$+#2%*A%#$%
! Euclidean norm of the gradient vector reaches a sufficiently small value
! Absolute rate of change in the average squared error per epoch is 

sufficiently small 
! ()*+,)-+%."/%0"1#.#0)*+2)-+%."$#0/%03).&#4"5-%$"6'#."1#.#0)*+2)-+%."

$#0/%03).&#"0#)&'#5")"$#)7
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! =1##"#A&.++&,(#5&%0+$8'&,(5&'6$2+2"*).8%&#%.?+*@&(#4&*%'1).&"#&
'6$2.*++*)((#4&0%*/+*,&0++*)5&"#&A%#%*()"Q(."+#

! [%%0&(&8+)4T+1.&2()"4(."+#&'%.&(#4&.%'.&($$1*($5&(/.%*&%2%*5&%0+$86&
\("#.("#&?%"A8.'&/+*&-%'.&0%*/+*,"#A&#%.?+*@&+#&.8%&2()"4(."+#&'%.&
(#4&'.+0&.*("#"#A&?8%#&%**+*&"#$*%('%'&-%5+#4&.8"'

! 9)?(5'&)%.&.8%&#%.?+*@&*1#&/+*&'+,%&%0+$8'&-%/+*%&4%$"4"#A&.+&'.+0&
B3"+*$)#$%3"2"7$+$2C3&.8%#&-($@.*($@&.+&-%'.&*%'1).

!"#$"%$&'"()*

&++"+
,+-././0$*&1

2-3.4-1."/$*&1
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! 8%%"/#6"'+,,#."9.+-5"prevent the network from learning adequately fitting the 
data and learning the concept. 

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

! 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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! J+#'.*("#&.8%&)%(*#"#A&,+4%)&.+&(2+"4&+2%*/".."#A&(#4&8%)0&",0*+2"#A&
A%#%*()"Q(."+#6

! 944&3$)"0*8"+*')%+$274%.+&.8%&)+''&/1#$."+#&.8(.&,-./01 .8%&,+4%)&/+*&
%:$%''"2%&1'%&+/&*%'+1*$%'

! Limit the )3%9.-"%/"6#+1'-5"that is used to learn a task
! Limit the -%-)*")&-+;)-+%."%/".#90%.5"in the network  

* %# * ' (' $ + ,- &.)

- &/ &)

- &0)

L:-'*-"*"1'2'* 23(7'(
#$3.'& %&(134'5(.'5'#2%3&

M'&"52:(3&(-"*"1'2'*.

M'&"52:(3&("#2%;"2%3&.
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! ST#+*,&11211' # %(! 13(! 1
! Parameters: ! " ! # $$" ! $$"

#

! Activations:  ! %&' ( # $$% ' $$"
# (Z hidden unit activation)

! ] T#+*,&11211) # %(! 3(!
)

! Parameters: ! " ! # $$" ! $$#
#

! Activations:  ! %&' ( # $$% ' $$#
# (Z hidden unit activation)

! 9#50T#+*, (#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



>$*#*2'+!"-27($)L(')*&
Randomly disconnect units from the network during training

! Regulated by unit ,0%$$+.1"
':$#0$)0)3#-#0

! Prevents unit &%),)$-)-+%.
! Committee machine effect
! Need to adapt $0#,+&-+%."$')5#
! Used at prediction time gives 

$0#,+&-+%.5"6+-'"&%./+,#.&#"
+.-#0;)*5

You can also ,0%$"5+.1*#"
&%..#&-+%.5(dropconnect)

… …

9

9

9

9

9
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! 744&#8).)+'/9)+")5'&8-+):04.+')';:.+&"#)+")*+"/').#)'<0"#'#+&.%%=)
5'&8-+)-&*+"/=)"2)0/'6&":*)5'&8-+*),-.#8'*

! >'4:,&#8)0/"3%'9*)"2)&#*+.3&%&+=)5-&%')&#,/'.*&#8)+-')/.+')"2),"#6'/8'#,'

! ?2)5'&8-+),-.#8'*)+'#4)+")-.6')*.9') *&8#*()+-')9"9'#+:9) +'/9)
&#,/'.*'*).#4)8/.4&'#+)4',/'.*')*0''4):0),"#6'/8'#,')"#)*-.%%"5)
8/.4&'#+

! ?2)5'&8-+),-.#8'*)+'#4))-.6')"00"*&#8)*&8#*()+-')9"9'#+:9) +'/9)
4',/'.*'*).#4)8/.4&'#+)4'*,'#+)*%"5*)+")/'4:,')"*,&%%.+&"#*)
!*+.3&%&@'*1)

! A.#)-'%0)'*,.0')3'&#8)+/.00'4)&#)%",.%)9&#&9.



HA**%)&-+'A"+B#')4)L(')*&+.7-*$)'A4

! Standard Stochastic Gradient Descent (SGD)
! C".:("&4('88%#%'&2
! 0%88%#952(23(-%#=(9-(2$'(7'.2(5'"*&%&+(*"2'
! N&.2"75'(#3&;'*+'&#'
! E82'&(9.'4(6%2$(.*."&'/. ?'O-3&'&2%"55:(6'%+$2'4($%.23*:(38(-*';%39.(6'%+$2.(#$"&+'.D

! RMSprop
! P4"-2%;'(5'"*&%&+(*"2'(1'2$34(?*'49#'.(%2(9.%&+("(13;%&+(";'*"+'(38(2$'(.J9"*'4(+*"4%'&2D
! G".2'&.(#3&;'*+'&#'(7:($";%&+(J9%#='*(+*"4%'&2.(6$'&(&'#'.."*:

! Adagrad
! )%='(,!I-*3- 6%2$('5'1'&2>6%.'(.#"5%&+(38(2$'(+*"4%'&2

! <=<>
! 0)1"+23(-$(3 4/'+(33%+(&+"5#*&"&')(,,6+3"7(6)&-+(8"$(-"+*9+#(%'+-$(3)"&'%+,)1"+.*."&'/.



H*&0*72')*&(7+9"2$(7+9"':*$;%

! 9*%&.50"$())5(00)"%4/+* .8%$)(''"/"$(."+# +/ ",(A%'&(#4&.",%&'%*"%'
! N#'.%(4&+/&8(2"#A&+#)5&F/1))5&$+##%$.%4G&)(5%*'&(4+0.&F$+#2+)1."+#()&

)(5%*'G
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! 9*%&.50"$())5&(00)"%4&"#&#(.1*()&)(#A1(A%&0*+$%''"#A&BWYLC6



Convolutional Neural Network
Slides edited from Stanford
*))7>??/,5@A"B,)+"8%<&B#&1?,:(&#,?5CAD?/,5@A"E5CADE:#/)1<#CDB7&8
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H*&0*72')*&+,(5"$
Filters always extend the full
depth of the input volume
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8 7 8

7 8 7

8 7 8

O+-B+&<:>+-
P'*-'&
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! JWW&"'&(&'%X1%#$%&+/&J+#2&Y(5%*'3&"#.%*'0%*'%4&?".8&($."2(."+#&/1#$."+#'6
! JWW&'8*"#@'&2+)1,%'&'0(."())56&
! M6A6&_]:_]&"#01.&$+#2+)2%4&*%0%(.%4)5&?".8&`:`&/").%*'H&B_]&Ta&]b&Ta&]c&666C6&

! !8*"#@"#A&.++&/('.&"'&#+.&A++43&4+%'#E.&?+*@&?%))6



H99+?*$+D4(-"+H7(%%)?)/(')*&
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3'$)="



3'$)="



3'$)="



M(==)&-

!"!#$%&'%&(
In general, common to see CONV layers with stride 
1, filters of size FxF, and zero-padding with (F-1)/2. 
(will preserve size spatially)
! F = 3 => zero pad with 1 pixel
! F = 5 => zero pad with 2 pixel
! F = 7 => zero pad with 3 pixel
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M**7)&-+,(5"$

! \(@%'&.8%&*%0*%'%#.(."+#'&',())%*&(#4&,+*%&,(#(A%(-)%
! <0%*(.%'&+2%*&%($8&($."2(."+#&,(0&"#4%0%#4%#.)5



6(NM**7)&-(&=+.0-M*7)&-



M**7)&-+3244($5
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Recurrent Neural Network
Slides edited from Stanford
*))7>??/,5@A"B,)+"8%<&B#&1?,:(&#,?5CAD?/,5@A"E5CADE:#/)1<#ACB7&8



I5#"%+*?+!"/2$$"&'+9"2$(7+9"':*$;%

Q#->&&#22 3$#.'( KKR(
5'S<'-=' +)(T+*CD
3$#.'( O#%:>+->-.

5'S<'-=' +)(T+*CDKKR
5'-:>$'-:

5'-:>$'-: O&#DD>)>=#:>+-
U5(O&#DD>)>=#:>+-

5'S<'-=' +)(T+*CDKKR(
5'S<'-=' +)(T+*CD
V#=A>-'(U*#-D&#:>+-

Q>C'+(O&#DD>)>=#:>+-
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! D%&$(#&0*+$%''&(&'%X1%#$%&+/&2%$.+*'&8 -5&(00)5"#A&(&")63"")%6)'
9/"43-#' (.&%2%*5&.",%&'.%0I
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!99P+H*4#2'(')*&(7+<$(#A

W'$>-C'*@(W'K<D'(:A'(D#$' ?'>.A: $#:*>"#: 'B'*M :>$' KD:'%
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!"?"$"&/"%

! 9*."/"$"()&W%1*()&W%.?+*@6&J8(0.%*&`6c&(#4&
`6`6&N#.*+41$."+#&.+&d(.(&\"#"#A6

! e(#4' T+#&\($8"#%&Y%(*#"#A&?".8&!$"@".T
Y%(*#3&[%*(' f&V%#'+*/)+?6&9&0*($."$()&
8(#4-++@&.+&'.(*.&?*%'.)"#A&?".8&\($8"#%&
Y%(*#"#A&,+4%)'&B]#4&%4C6

! d%%0&Y%(*#"#A6&N(#&g++4/%))+?3&h+'81(
i%#A"+3&(#4&9(*+#&J+1*2"))%6&V8%&
*%/%*%#$%&-++@&/+*&4%%0&)%(*#"#A&,+4%)'6



Exercises - Neural Network
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M$"=)/':)'A+(+9"2$(79"':*$;+ 83*72')*&
, %X(D>.-17GY(Z(K8([(7G8(Z(8(K7G69(X(

X(D>.-1K7GH9(X(K8
, 5 X(D>.-17G7(Z(K8([(K7GY(Z(8(K7G69(X(

X(D>.-1K7G\9(X(K8
, 6 X(D>.-1K7G8(Z(K8([(7GY(Z(8(K7G69(X(

X(D>.-17GI9(X(8

] %X(D>.-17G6(Z(K8([(7G6Z(K8([(7GI(Z(8(K7G69(X(
X(D>.-1K7GI9(X(K8
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