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Overfitting In statistics, overfitting is "the production of an analysis that corresponds
too closely or exactly to a particular set of data, and may therefore
fail to fit additional data or predict future observations reliably". - Wikipedia
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Overfitting In statistics, overfitting is "the production of an analysis that corresponds
too closely or exactly to a particular set of data, and may therefore
fail to fit additional data or predict future observations reliably". - Wikipedia
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Error
Overfitting
Training Error
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Increasing Data Size
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To prevent overfitting, the best solution is to use more
training data. A model trained on more data will naturally

generalize better. - Tensorflow
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training data. A model trained on more data will naturally

generalize better. - Tensorflow
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. . To prevent overfitting, the best solution is to use more
Increasmg Data SIZG training data. A model trained on more data will naturally

generalize better. - Tensorflow
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. . To prevent overfitting, the best solution is to use more
Increasmg Data SIZG training data. A model trained on more data will naturally

generalize better. - Tensorflow
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Sample Space
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Sample Space
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Regularization “Regularization is any modification we make to a learning algorithm
that is intended to reduce its generalization error but not its training
error” - Goodfellow

Predictive Underfitting Ideal Range Overfitting
Error
<
Generalization error
N&mr
Model Complexity
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Sample Data for Regularization
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Sample data plot
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X
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: : In statistics, linear regression is a linear approach to modeling the
Linear Reg ression relationship between a scalar response (or dependent variable) and

one or more explanatory variables (or independent variables).

Sample data plot
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Linear Regression

f(x) = Bx L(B)

L) = ) O~ f ()’

=Zm—mm
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Linear Regression

f(x) = Bo + P1x
L) = ) O~ f ()’

= z()’i — Bo — B1x1)?
[ b1
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L(B)

Bo

oL(B)
: Bo "
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Linear Regression
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Sample data plot
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Linear Regression

Linear Regrassion

B
[ )
L] L]
L]
I [ ]
@ ™
@
5 L] . ° °e
° ® 8~ °
L L ] ® L]
= 4 ® ® _ e e
Ce 8 g
L]
3 & P
L]
2 4
* ® Training Data
14 ® ® Test Data
y_pred
] T T T T T T
0 2 4 B B 10
X

f(x) = 0.328x + 2.596

Training RMSE : 09516
Test RMSE :  1.1319

Average Regression
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f(x) = 0x + 4.482

Training RMSE :  1.3056
Test RMSE :  0.7576
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: Large weights tend to cause sharp transitions in the node functions
La rge WEIghtS and thus large changes in output for small changes in the inputs.

. Linear Regrassion . Average Regression
N % N %
’ ® i . ‘ ‘.' = ’ ... ’ ® - d ‘ ‘. - ’ .i.
f(x) =0.328x + 2.596 f(x) = 0x + 4.482
Training RMSE : 09516 Training RMSE :  1.3056
Test RMSE:  1.1319 Test RMSE :  0.7576
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: : A solution to overfitting problem is to update the learning
WEIght Size Penalty algorithm to encourage the network to keep the weights

small.

m/;nzlm — F(x))?

P P
subject to 2,82 <t subject to zlﬁl <t
j=1 j=1
Euclidean distance, L2-norm Manhattan distance, L1-norm
Ridge Regression Lasso Regression
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Ridge Regression

min ) (i~ f ()3

min » (i = f())? +2) B2
¢ J

subject to zﬁz <t
j

Sum of Sum of
Error Square of
Coefficients
= hcol 'n. Data Mining HCAI Open Seminar - October 11 21
’ : ob Quality Analytics



Ridge Regression

L(B)
Sum of Error
OL.. .
aneld) o ; min » (i = f0)? 42 ) B2
_______ aLlinear(ﬁ) —0 i J
Sum|of Square of op
Cpeffidents Sum of Sum of
- - - Error Square of
Briage B B Coefficients
et hcal ..:l. gﬁg‘irr‘;ijr\’:;ﬁyﬂcs HCAI Open Seminar - October 11 22



B1

'."32’ h\:d o.:.o

Ridge Regression

min » (i = f0)? 42 ) B2
i J

L(B)
Bo
oLp) _ LB _
;e dBo T 0B
ﬁ = (.go» A1) sum of
Error
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Ridge Regression

min » (i = f0)? 42 ) B2
i j

B
Sum of Error ~
/ e
ﬂridge ./
Sum of Square of Bo Sum of
Coefficients Error
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Ridge Regression

A=10

Ridge Regression

8
7 %
L L]
L]
B L
* .
[ 3
5 [ ] ' -:j:-. ee ®
° 8- °
° [] L]
=4 . . & e
e @
3 - °®
®
2
@ Training Dat
1 . Test Data
v_pred
o T
o i 4 & ] 10
X

f(x)=0.317x + 2.657

Training RMSE :  0.9521
Test RMSE :  1.1094
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A =100

Ridge Regression
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f(x) =0.245x + 3.072

Training RMSE : 09779
Test RMSE :  0.9692
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f(x) =0.075x + 4.051

Training RMSE : 1.1750
Test RMSE :  0.7633
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Support Vector Regression
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Maximize margin

/

1
Minimize 5 lwl|3 + CZ(fi +¢&)
i

subject to (wTx+b)—y; <e+¢
yi—(@0'x+b) <e+§
§i,60 =0, i=1,--,n
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Maximize Margin

Epsilon tube & margin

Margin
fOx)=x
epsilon =5
5 > 5 : :
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Epsilon tube & margin

Epsilon tube & margin

Margin\

f(x) =3x

epsilon =5

15
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Margin
f(x) =10x

epsilon =5

% > 5 ; :
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Support Vector Regression

Support Vector Regression
f(xX) =wlx+b

1
min =|lwl||*+ C E & +&D)
) -
i=

Maximize margin ~ Minimize error
= Minimize Coefficient

= Regularized coefficient

Ridge Regression

fx)=B"x+b

min » (i = 90 + 2B
i=1

Minimize error Minimize Coefficient

= Regularized coefficient
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Support Vector Regression

C =1.0

Support Vector Regression, C=1.000000
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f(x) =0.331x + 2.605

Training RMSE :  0.9521
Test RMSE : 1.1240

.8, : Data Mining
'd',” h:a ..:.. Quallity Analytics

C =0.01

Support Vector Regression, C=0.010000
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f(x) =0.210x + 3.240

Training RMSE :  1.0048
Test RMSE :  0.9245
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¢ =0.0001

Support Vector Regression, C=0.000100
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f(x) =0.006x + 4.367

Training RMSE :  1.2962
Test RMSE :  0.7619
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Kernel Trick

Original space
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Feature Space Embedding

Feature space

*] Feature Space
My

y=3+log(x)+sinix)
y_pred
sample data

3+logl(x)+sin(x)

T T
5 3
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Support Vector Regression

C =1.0

Support Vector Regression, C=1.000000
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C =01

Support Vector Regression, C=0.100000
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Support Vector Regression, C=0.010000
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LASSO Regression

least absolute shrinkage and selection operator

mﬁmZm — f(x))? p
i=1 _ mﬁin Z(yi — f(x))? + AZIﬁl
i=1 j=1

p
subject to zlﬁl <t
Jj=1

Sum of Sum of
Error Absolute
Coefficients
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LASSO Regression

B
* Brs
A Error increase
Brasso § || B|| decrease

Bo
181
p
subject to ZI,BI <t
j=1
N : Data Mining : _
"’?b h:a o.:.. Quality Analytics HCAI Open Seminar

p
mé'n;(yi — f(x))* + A;Mﬂ

October 11

Sum of
Error

Sum of
Absolute
Coefficients
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LASSO Regression

B1
* Bis
A A4rincrease
Brasso || B|| decrease
Bo
18111

P
subject to ZI,BI <t
j=1
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b1
* Brs
Error increase
lgridge ”B“ decrease
Bo
1Bl

p
subject to Zﬁz <t
j=1
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LASSO Regression

Sample data plot
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LASSO Regression

A =0.001

Lasso Regression, lambda=0.0010
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£(x) = 0.0001x% — 0.0018x5 — 0.0005x*
+0.2737x3 — 2.1021x2 + 5.2628x + 0.4608

Training RMSE :  0.6183
Test RMSE :  0.6352
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A=1

Lasso Regression, lambda=1.0000
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£(x) = —0.0001x° + 0.0007x5
—0.0014x* + 3.2642

Training RMSE :  0.8264
Test RMSE :  1.0387
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i j

A=10

Lasso Regression, lambda=10.0000

, %
F(x) = —0.0000x6 + 0.0004x5
+3.1664

Training RMSE :  0.8313
Test RMSE :  1.0872
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Ridge Regression

Support Vector Regression

LASSO Regression
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Principal Component Analysis

To find a set orthogonal bases(principal component)
to preserve the variance of the original data.

Z,
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Principal Component Analysis

To find a set orthogonal bases(principal component)
to preserve the variance of the original data.

Z,

Principal Component
Space Embedding
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Principal Component Analysis

X4 X5 X3 Xy

Ni | x11 X122 X3 X1p

Ny  Xx31 X33 X3 X2p

N3 x31 X33 X33 X3p

Np | Xp1 Xnz  Xpg3 Xnp
Data Mining

'."'3?? hcol o.:..

Quallity Analytics

Principal Component
Space Embedding
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N1 711 Z12 Zy3 Z1p
Ny Zy1  Zyp  Zy3 Z2p
N3 | 7Z31  Z3p  Z33 Z3p
Nn | Zni  Zny  Zns Znp

42



Principal Component Analysis
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7, 7, Zs Z,
Zl = 61X = 611X1 + 312X2 + 813X3 + -+ elep
Ni | z11 Z12  Zp3 Z1p
Zz = 82X = 821X1 + 822X2 + 823X3 + .-+ €, X
Ny |z Zap  Zp3 Z2p PP
Z3 = e3X = e31X1 +e3Xy +e33X3+ -+ e3,X
N3 Z31 Z39 Z33 ng 3 3 3141 3242 3343 3p2p
Zp = er = ep1X1 + ep2X2 + ep3X3 + .-+ eprp
Nn ' Zp1  Zny  Zp3 Znp

Data Mining
Quallity Analytics

e; : ith eigen vector, A;:itheigenvalue, A,>A; > A3 > >4,
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Principal Component Analysis
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|
I
|
I
Zl ZZ ZS |

: Zl = 61X = 611X1 + 312X2 + 813X3 + -+ elep
Ny z1n Zip Z13 )

N : Zz = 82X = 821X1 + 822X2 + 823X3 + -4 eszp
2| 221 “Z22 223 |

; Z3 = e3X = e31X1 te3Xy +e33X3 + -+ e3,X

N3 z31 Z3; Z33 ! 3 T ATy BEe D s T PTP
I
|
I
|
Nn  Zni  Znz  Zpz |
I
: e; : ith eigen vector, A;:itheigenvalue, A,>A; > A3 > >4,
|
Data Mining

Quallity Analytics
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Principal Component Regression

Principal Component Regression

Z Z, Zs Zy

Ny | z11 Z12 713 Z1p

N, Zy1  Z32 Z73 Z2p

N3 Z31  Z32 Z33 Z3p

Nn Zn1 Zn2 Zn3 an
Y=Z2q+¢
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V1
Y2
V3

Yn

Accuracy

100

0.95

090

085

00

075

070

MNIST Dataset Logistic Regression Result

Max Accuracy 09087
#of PC =120

100 200 300 400 500 600 700

Number of Principal Component
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LASSO Regression

Principal Component Regression
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Decision Tree Regression

Decision Tree Regression, max_leaf_nodes=6
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®
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®
2 y_pred
° e Training Data
1 ry @ Test Data
0 2 3 & B 10
X

Training RMSE :  0.5319
Test RMSE :  0.8482

x> 6.6385
v v
x> 04562 x> 94421
y T v 4
1.2773 x> 5.4684 5.9703 4.6871
¢ 7777777777777777 v
x> 5.4685 4.2582
| L
3.9177 2.8465

.-'.3% I"x:d ..:n. Data Mining HCAI Open Seminar - October 11
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Decision Tree Regression

2 08915 0.8381
3 06813 0.7665
4 0.6045 0.8383
5 05762 0.8963
6 0.5319 08482

.8, : Data Mining
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x > 6.6385

Decision Tree Pruning
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Decision Tree Regression

Decision Tree Space Embedding X > T

x > 6.6385 T, T, T T3 T3
yv__ L x> 04562 x>054684 x>54685 x>6.6385 x>9.4421
x > 0.4562 x > 9.4421
v OTTTTTY ¢y Ny 1 1 0 0 0
1.2773 x > 5.4684 5.9703 4.6871
3 N, 1 1 1 0 0
x> 5.4685 42582 N3 1 0 0 0 0
3.9177 2.8465
N, 1 1 1 1 0
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Decision Tree Regression

Decision Tree Space Embedding X > T

x> 6.6385 T Ty
g v x> 0.4562 x > 6.6385
x > 0.4562 5.7137
e | N, 1 0
1.2773 x > ?}»9578 N2 1 0
N3 1 0
N,, 1 1

Decision Tree Pruning = Variable Selection

N : Data Mining : _ 50
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Decision Tree Regression
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Mobile price dataset

100 | == training set
test set
095 1
£ 090
(=]
a
s
[T
085 1
080 -
25 50 =] 100 125 150 175 200
# of Max Terminal node
2XE = N i3 BXE £ =50
Dataset
Accuracy = Precision Recall F1-Score =~ Accuracy | Precision Recall
Training 1.000 1.000 1.000 1.000 0.939 0.939 0.939
Test 0.843 0.843 0.843 0.843 0.858 0.855 0.858
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F1-Score
0.939
0.857
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Support Vector Regression

LASSO Regression

PCA Regression

Decision Tree Regression

52



Ensemble = Collective Intelligence

Tree #1 Tree #2

YEnsemble

.a, H Data Mining
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Tree #N

Majority voting

N

VEnsemble = argr_naxz 5(5;] = i) ,i €{0,1}

l
Weighted voting

YEnsemble = argmax
i
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j=1

N
]:

1 TrnAcc; -5(57]- = i)

Z?’zl TrnAcc;

i €{0,1}
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Ensemble = Collective Intelligence

Tree #1 Tree #2

YEnsemble

.a, H Data Mining
"'ft’ l-‘\:a o.:.o Quality Analytics

N

J=1

Tree #N Averaging
A 1 A
YEnsemble — Nz Vi
Weighted Averaging
YN

YEnsemble =
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1 Z?’zl TrnAccj - 9;

N Y1 TrnAcg
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Ensemble = Collective Intelligence

Tree #1 Tree #2 Tree #N Blending
Vensemble = fBlening (Y1, Y2, YN)
Y2
Y1 Y
YEnsemble
YEnsemble
.0 : Data Mining : _
..?fr h\’:Ol ..:l. Quality Analytics HCAI Open Seminar - October 11



Bootstrap

Original Dataset Bootstrap Dataset1 Bootstrap Dataset?

X1 X2 X3 X4 X5 Y X1 X2 X3 X4 X5 Y X1 X2 X3 X4 X5 Y
1 | 088 094 032 030 027|090 2 | 081 03 036 026 037 | 08 5 | 082 05 026 017 027 | 085
2 | 081 03 036 02 037 | 08 5 | 082 05 026 017 027 | 085 6 | 075 0% 070 05 061 | 082
3 |08 089 030 028 041 | 089 8 | 069 095 055 073 063 | 079 3 |08 089 030 028 041 | 089
4 | 079 014 048 02 010 | 081 5 | 082 05 026 017 027 | 085 3 | 08 08 030 028 041 | 089
5 | 082 05 026 017 027 | 085 5 | 082 05 026 017 027 | 085 9 | 073 097 05 073 068 | 078
6 | 075 0% 070 052 061 | 082 4 | 079 014 048 022 010 | 081 1 |08 094 032 030 027 | 090
7 | 068 095 037 065 044 | 076 1 |08 094 032 030 027 | 090 4 | 079 014 048 022 010 | 081
8 | 069 095 05 073 063 | 079 4 | 079 014 048 022 010 | 081 7 | 068 095 037 065 044 | 076
9 | 073 097 054 073 068 | 078 3 | 086 089 030 028 041 | 089 1 |08 094 032 030 027 | 090

From the total N data,
choosing N data uniformly at random with replacement.

N : Data Mining : _
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Random subspace

Original Dataset Random subspace Dataset1 Random subspace Dataset2

X1 X2 X3 X4 X5 Y X1 X2 X3 X4 X5 Y X1 X2 X3 X4 X5 Y
1 | 088 094 032 030 027|090 1 | 088 094 032 030 027 | 090 1 |08 094 032 030 027|090
2 | 081 03 036 02 037 | 08 2 | 081 03 03 026 037 | 08 2 | 081 03 036 026 037 |08
3 |08 089 030 028 041 | 089 3 |08 089 030 028 041 | 089 3 |08 089 030 028 041 | 089
4 | 079 014 048 02 010 | 081 4 | 079 014 048 022 010 | 081 4 | 079 014 048 02 010 | 081
5 | 082 05 026 017 027 | 085 5 | 082 05 02 017 027 | 085 5 | 082 052 026 017 027 | 085
6 | 075 0% 070 052 061 | 082 6 | 075 0% 070 05 061 | 082 6 | 075 0% 070 052 061 | 082
7 | 068 095 037 065 044 | 076 7 | 068 095 037 065 044 | 076 7 | 068 09 037 065 044 | 076
8 | 069 095 05 073 063 | 079 8 | 069 095 05 073 063 | 079 8 | 069 09 05 073 063 | 079
9 | 073 097 054 073 068 | 078 9 | 073 097 05 073 068 | 078 9 | 073 097 05 073 068 | 078

From the total p variables,
choosing m variables uniformly at random.

N : Data Mining : _
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Random forest Regression

Original Training Data

v v S v
Training Data #1 Training Data #2 Training Data #N Bootstrap
v v v
Column Set #1 Column Set #2 Column Set #N Random Subspace
v v v
Tree #1 Tree #2 Tree #N
(5 Ensemble
Y2
Y1 YN
Y
"r??’ h\':d ..:n. gﬁﬁir@?ﬂﬁyﬂcs HCAI Open Seminar - October 11
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Regularization

Data Mining
Quallity Analytics

Ensemble
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Ridge Regression

Support Vector Regression

LASSO Regression

PCA Regression

Decision Tree Regression

Random Forest Regression
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Dropout

A Simple Way to Prevent Neural Networks from Overfitting

e
N
DT

/

|||
/ \
\AHK T/

Data Mining ; _
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roF] Dropout: a simple way to prevent neural networks from overfitting
N Srivastava, G Hinton, A Krizhevsky... - The journal of machine ..., 2014 - jmir.org

Dezp neural nets with a large number of parameters are very powerful machine leamning Overﬁtting
systems. However, overfitting is a serious problem in such netwarks. Large networks are

also slow to use, making it difficult to deal with overfitting by combining the predictions of ...

Dropout: A Simple Way to Prevent Neural Networks from

Yr DD Citedby 14569 Related articles Al 25 versions Web of Science: 5045 99 Nitish Srivastava NITISH@CS. TORONTO.EDU
Geoftrey Hinton HINTON@QCS. TORONTO.EDU
Alex Krizhevsky KRIZEGCS. TORONTO.EDU
Ilya Sutskever ILYA®CS. TORONTO.EDU
Ruslan Salakhutdinov RSALAKHU@CS. TORONTO.EDU

Department of Computer Science
University of Toronto
10 Kings College Road, Bm 3302

[roF] Improving neural networks with dropout
Toronto, Ontarie, M55 3G4, Canada.

N Srivastava - University of Toronto, 2013 - cs.toronto.edu

Neural networks are powerful computational models that are being used extensively for
solving problems in vision, speech, natural language processing and many other areas. In Editor: Yoshua Bengio
spite of many successes, neural networks still suffer from a major weakness. The presence

Y7 U9 Cited by 168 Related articles Al 7 versions 89
Abstract

Deep neural nets with a large number of parameters are very powerful machine learning
systems. However, overfitting is a serious problem in such networks. Large networks are also
slow to use, making it diffiecult to deal with overfitting hy combining the predictions of many
different large neural nets at test time. Dropout is a technique for addressing this problem.
The key idea is to randomly drop units (along with their connections) from the neural
network during training. This prevents units from co-adapting too much. During training,
dropout samples from an exponential number of different “thinned” networks. At test time,
it is easy to approximate the effect of averaging the predictions of all these thinned networks
by simply using a single unthinned network that has smaller weights. This significantly
reduces overfitting and gives major improvements over other regularization methods. We
show that dropout improves the performance of neural networks on supervised learning
tasks in vision, speech recognition, document classification and computational biology,
obtaining state-of-the-art results on many benchmark data sets.

Keywords: neural networks, regularization, model combination, deep learning
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Dropout : A Simple Way to Prevent Neural Networks from Overfitting

Abstract

Deep neural nets with a large number of parameters are very powerful machine learning systems. However,
overfitting is a serious problem in such networks. Large networks are also slow to use, making it difficult to
deal with overfitting by combining the predictions of many different large neural nets at test time. Dropout is
a technique for addressing this problem. The key idea is to randomly drop units (along with their connections)
from the neural network during training. This prevents units from co-adapting too much. During training,
dropout samples from an exponential number of different “thinned" networks. At test time, it is easy to
approximate the effect of averaging the predictions of all these thinned networks by simply using a single
“unthinned” network that has smaller weights. This significantly reduces overfitting and gives major
improvements over other regularization methods. We show that dropout improves the performance of neural
networks on supervised learning tasks in vision, speech recognition, document classification and
computational biology, obtaining state-of-the-art results on many benchmark data sets.

N : Data Mining : _ 63
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Neural Network

Input

/£
KL

.0 : Data Mining
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Neural Network

Too many parameters

Input

lead to overfitting.

.0 : Data Mining
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~ Output

65



Dropout = Variable selection

.0 : Data Mining
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Regularization

Data Mining
Quallity Analytics

Weight Size Penalty

Ensemble

HCAI Open Seminar - October 11

Dropout
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Dropout = Variable selection

Srhed o8

Data Mining
Quallity Analytics

Too sparse parameters
lead to underfitting.
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Dropout = Ensemble

.8, : Data Mining
'd',” h:a ..:.. Quallity Analytics
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Ensemble
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Dropout at training time

X1
X2
X3 y
Xa
5; = Wlxl + W2X2 + W3x3 + W4X4 + W5X5
X5

N : Data Mining : _
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Dropout at training time

X1

Wq
X3 Ws S

We Yy =wixg +
X5

N : Data Mining : _
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+ W3 X3 +

—+ W5 X5
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Dropout at training time

X1
Wy
x3 v‘v':; )
Wy
X4
y=wix; +
N : Data Mining : _
.'?fr h’_‘_a ..:n. Quality Anlyfics HCAI Open Seminar - October 11
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Dropout at test time

.e, : Data Mining
'd'g” l-k\:a o.:.. Quality Analytics

y =
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<

W1x1+ W2x2+ W3x3+ W4x4+ W5x5
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Dropout at test time

.e, : Data Mining
'd'g” l-k\:a o.:.. Quality Analytics

p : Dropout rate

<

Yy = pwixy + pwyx, + pwsXs + pwaXy + pWsXs
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Dropout Evaluation

Dropout rate Test Accuracy

o e 00 0.862

' i et

! o 0.1 0872
W ';ﬁ!.-"n
f Kk T P S, b e,

o] ] ;" T A AR 0.2 0874
> i m*li““:"ﬂ,:i"w T VR PP DRN SN WV SN Y 03 0902
o } .w
E 08 ;," ,‘: Dropout rate = 0.6 04 0.898

wﬂ Max Test Accuracy = 0.928 05 0912

or{ L rainace 06 0928

:u! il" test-acc
i Fl === frain-acc_dr=06 07 0924
i l: === test-acc dr=0.6
oo 5 ] 100 200 300 400 500 08 0312
epochs
09 0.852
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Dropout Evaluation

arheol o

Training Accuracy

o P e
; '\"f'\\nmr_n-r.-k‘.r'.h"#""“ e
I g"r“‘"‘i"" pathie
09 e
z
el === train-acc_dr=0.1
2 0 | train-acc_dr=0.2
z° -== frain-acc_dr=0.3
=== ftrain-acc_dr=0.4
=== train-acc_dr=0.5
=== train-acc_dr=0.6
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=== train-acc_dr=0.8
train-acc_dr=0.9
——- train-acc
06 T T T T
200 300 400 500
epochs
Data Mining
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Test Accuracy
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Place of dropout layer

Before the activation layer

x = Conv2D(channel, kernal_size, strides, padding)(x)
x = Dropout(0.5)(x)
x = LeakyReLU()(x)

x = Conv2D(channel, kernal_size, strides, padding)(x)

After the activation layer

x = Conv2D(channel, kernal_size, strides, padding)(x)
x = LeakyReLU()(x)
x = Dropout(0.5)(x)

x = Conv2D(channel, kernal_size, strides, padding)(x)

.-'.3% I"x:d ..:n. Data Mining HCAI Open Seminar - October 11

Quallity Analytics
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Dropout Description 1

'."'32? hcol o.:..

Standard neural network
) 1+1 I+1
Zi(l+1) _ Wi( )y(z) + bi( )
() y, (D) = f(zl-(l“))
(a) Standard network (b) Dropout network Dropout neura | network
Figure 3: Comparison of the basic operations of a standard and dropout network.
r;(W~Bernoulli(p)
Consider a neural network with L hidden layers.
- ; 5 = () 0
Letl € {1,...,L} index the hidden layers of network. y =rv/*xy

Let z® the vector of inputs to layer L.
Let y the vector of outputs to layer

w®, bW weight and biases at layer

Data Mining
Quallity Analytics

7D = Wi(l+1)3~,(z) + bi(l+1)

yi(l+1) — f(Zi(l+1))

L (y© =x)

HCAI Open Seminar - October 11
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Dropout Description 2

In linear regression, mMi/nIIy — Xw|| 2

+ dropout m\/&n Er~Bernoulti(p) [y = (R * X)w]|*]
This reduces to mvin“y —pXw|l* + p(1 = p)[ITw||?
Another way mvinlly—Xszllz +1;p||l“ﬂ7||2

N : Data Mining : _
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R;j~Bernoulli(p)

= (diag (XTX))%
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Dropout Description 2

— 1—p
Another way mV3n||y—XW||2 + ——||ITW||? 0<p<1, oo>720

p: the probability of retaining a unit in the network

AT ~B L pt ~wt
. . ; 5.2 2
Ridge regression mﬁan(}’i =397 + AlBl AL~B1 pl~wt
i=1
el hcol ..:n. gﬁgnr‘;i/:‘:;ﬁyﬂcs HCAI Open Seminar - October 11 8l
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