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DL Workshop 23’
1. Introduction

BS in Physics and PhD in (Multivariate Bayesian) Statistics.

Book Used Published 1990.

Took Machine Learning class in 1995. AR

MACHINE
UNIVERSITY OF CALIFORNIA, RIVERSIDE LEARNING

https://www.amazon.com/Readings-Machine-Learning-Morgan-Kaufmann/dp/1558601430

Have seen the rise of the learning machines and a unique perspective.
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DL Workshop 23’
Outline

1. Introduction
NN Structure, Activation/Score Functions, Estimation
2. Linear Regression and Neural Nets
Simple & Multivariate with Gradient Descent
3. Non-Linear Regression and Neural Nets
Simple & Multivariate with Gradient Descent
4. Logistic Regression and Neural Nets
Simple & Multivariate with Gradient Descent
5. Multi-Layer Deep Neural Nets
Two or More Layers
6. Discussion
More to learn hands on.
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DL Workshop 23’
1. Introduction

There are often illustrations, but no details of mathematics.
input layer hidden layer 1 hidden layer 2 hidden layer 3
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This leaves the smence out of Data Science and results in a Data Artist.

https://towardsdatascience.com/training-deep-neural-networks-9fdb1964b964
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DL Workshop 23’
1. Introduction

Assume we want to learn the relationship between x and y.

Sample
outputs INputs

output Y1 X1

| Y2 .
input I I y Y3 X3
X l I y4 X4
Y5 Xs

Yo X6

Y7 X7

Ys Xg

Yo X9

Y10 X10
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DL Workshop 23’

1. Introduction coctent B, f(S) 5(S) = 1_5
1+e
Single input and single output.
functional flow valve Functional Form
1 S= /Bo +181 _
// output y=5

| 1  wl/ probability p(S)
input I I y y =
B 0  w/ probability 1-p(S)
x |

Well known solutions and interpretations.
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DL Workshop 23’
1. Introduction

Single input and single output.

functional flow valve

S= ﬂo + BX
5,

Input y
o |

Well known solutions and interpretations.

A 16 )= —

Functional Form
Yy =3
1  wl/ probability p(S)
Y= {O w/ probability 1-p(S)
Objective Function

QB 5y)

Estimate Parameters

DB Rowe MSSC
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1. Introduction B, 1(S) 1

Multiple inputs and single output.
functional flow valve Functional Form

Yy =3
B 1  wl/ probability p(S)
Y= {0 w/ probability 1-p(S)
Objective Function

Qb 5y)
Estimate Parameters
(Bys--s )

Well known solutions and interpretations.

DB Rowe MSSC 8
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1. Introduction B ()

Multiple inputs and multiple outputs.

functional flow valves Functional Form
Multivariate Linear Regression
Other nonlinear functions
Multinomial Logistic...

Fewer Tools

Well known solutions and interpretations.

DB Rowe MSSC
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1 - In trO d u Ctl O n coefficient  node layer ,Bjkg sz (Skg)

J=0,...,qk=1..,r /=12

Multiple inputs and multiple outputs.

functional flow valves Functional Eorm
Multivariate Linear Regression
Other nonlinear functions
Multinomial Logistic...

Fewer Tools

Many interconnected valves. Functions of functions of ... of inputs.

DB Rowe MSSC



DL Workshop 23’
1. Introduction

Multiple inputs and multlple output

inputs outputs

Many interconnected valves. Functions of functions of ... of inputs.

DB Rowe MSSC



DL Workshop 23’
1. Introduction

Multiple inputs and multiple output.
Inputs 1 outputs

Although you put all the pieces in the box, it is extremely complicated
to understand and interpret. We will examine the basic structure.

DB Rowe MSSC
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1. Introduction N Y

There are many activation functions f(:) from (non)linear
regression, but most used are motivated by neuronal representations.

Linear Rectified Linear Unit Step

DB Rowe MSSC



DL Workshop 23’
1. Introduction N Y

Step and ReLU not differentiable for optimization so smooth
differentiable approximate activation functions, f(-) are used.
Linear Rectified Linear Unit Step
Regression through Origin Logistic
SoftPlus (Not focusing on.) SoftMax
2B 1
f0)=28% f()= In[1+e , ] fO)=—7m
J -

DB Rowe MSSC
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1. Introduction S, = By + B+ + BoX,

The form of the function depends on the type of input/output variable.

Distribution Activation Likelihood
Continuous Real Valued Linear Normal

2 —n/2 1 2
y, ~ Normal(f(S,),c®) f(S)=S L(B,-... B,) = (27) exp{_gzi(yi_f(si)) }
Continuous Real Valued SoftPlus Normal

(Not focusing on.)

i~ Normal(f(5,).0%)  f(S)=In(1+e") L(ﬂl,..-,ﬂq)=(2n)“’Zexp{—%‘zzi(yi—f(si»ﬂ

Discrete 0/1 Valued Logistic 1 Bernoulli

y,~Bemoulli(p(S)  P(S)=—5 (... 5)=[[p(SI'IL- p(S)T"

These are motivated from statistics!

DB Rowe MSSC
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1. Introduction S. ::Bo +,31X1i Fot BoX

We generally take the natural log of the likelihood for the score functlon

Distribution Activation Score/Objective Function
Continuous Real Valued Linear Least Sqyares

~ Normal(f (S,),c?)  f(S,)=S Q== Vi ﬂ
Y ormal(f(S;),c”) (S) =S i j Jl
Continuous Real Valued SoftPlus Least Squares

(Not focusing on.)

y, ~ Normal(f(S,),0?) f(S)=In(l+e*) Q= Z[y,—ln(1+exp(z,31 mIk

Discrete 0/1 Valued Logistic 1 Bernoulli

v~ Bermoulli(p(S))  P(S)=r——= Q=Y y(XAx)- Y Inlt+exp(} 4x;)]

1+e

And optimize the score function using “training” data x,,...,x!

DB Rowe MSSC
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1. Introduction S, = B, + By o+ By
. . . L = 2., Bi%i
We can differentiate the score function for optimization.

Score/Objective Function

Derivative

Distribution Activation

Least Squares-Linear

Q= Tl-T A 5 L TAXIR)

ea?;oﬂ;';;e.sg il : an RS exp(zﬂ % ))]exp(zﬂ )
—In(1+ex Y
Q= Z[y. (L+ p(Zﬂ, i)l o8 n4 1+exp(Zﬂ X;)

Bernoulli-Logistic

Q:Zyi(zlgjxji)—Zln[1+exp(Zﬂiji)] Z Y Z1+exp( Z,BX)

And optimize the score function using tralnlng data xl,...,xn!

DB Rowe MSSC
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1. Introduction

Single input and single output.

functional flow valve

1/ / \l/ output

' ]
Input Y/
X; l I & 1=1

1=1...n

A well known general numerical solution.

/Bj f(S) S:Zjﬂjxji

1) Start with initial t=0
values (5, gV)

2) Run n data through
Qi(t) = [yi - f(ZBj(t)Xij )]2

1=1,...,n
3) Calculate score function

QY = Z[y. - f(Zﬂ(”X., )

4) Update Coefn(:lents GD

( ,B(t+1) ,Bl(t+l)) VQ
5) Return to Step 2.

DB Rowe MSSC
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2. Linear Regression and Neural Nets

Often we believe that there is a linear relationship between an
Independent variable x and a dependent variable y with measurement
error.

Vi = Dot 0% + &

1=1....Nn

Could assume normal error or use least squares.

Q :%i(yi _:Bo _:31)(i)2

DB Rowe MSSC
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2. Linear Regression and Neural Nets V. = B +BX% +é

We can estimate the "best” linear relationship between an independent
variable x and a dependent variable y using the score function

1 n
Q:HZ(M _ﬂo_ﬂ1xi)2 Vst
=1
by taking derivatives with respect to the 5 coefficients -
Q 2 -
—_x __= X (V. — X.. 1=1....n
a,Bj niz IJ(yl Zj:ﬁj Ij) Xi0:1 j:]_’.",q
written in vector form as L
VQ:—E(X'y—X'X,B) Y=Y ¥n)
N //Bo 3\ 50
setting equal to zero and solving to get £=| VQ =[£J
p=(X"X)"X"y B, !

DB Rowe MSSC
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2. Linear Regression and Neural Nets S, = Sy + Xy +o o+ Xy

A Neural Net is a way to perform Multiple Linear Regression by using a
linear activation function with the corresponding normal likelihood and

least squares score function. " 60
Linear Activation 1 —_—
™ O
B
f(S)=> BX, : A\ &
j A, _| 9Q
X, | VQ - — >
Normal Likelihood Score 6ﬁ1
X2 0 and @
Q Z [y| Zﬂj Ji p=0CX)EXy 6ﬂ2
| Y=y, - -
Gradient 2
Derivatives VQ — —H (X ! y — X ! X ﬂ) Linear
6Q 2 Z[ Zﬂ X. ]( X ) Gradient Descent
n | yl ij ij A A

LY = O - NQ(BY)

]=0,12

DB Rowe MSSC
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2. Linear Regression and Neural Nets

| Data
Example: Given observed data: (X,Y)
(1,1.4)
(2,2.3)
Linear Activation 1 N (3’17)
f(X)=f, + X ¢ O\ (4,3.0)
(5,3.4)
%
use the Neural Net structure X
and Gradient Descent to iteratively estimate the parameters.
1 2 A(t+ At At
Q:_Zi[yi_Zﬂiji]Z VQ:__(XIy_XIXﬂ) IB( 1):/6()_7VQ(IB())
n ,- N y =.0001

DB Rowe MSSC 22
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2. Linear Regression and Neural Nets

Example: Given observed data:

True Values

(ﬂo ’181 ) — (0-801 0-50)

Linear Activation 1

A

f(X)=,BO-I—,31X f

A\

t=0 po
(B, p) = (1.50,1.00) g
~Run data through with g© = (3®, 30)’
Calculate vQ(pY) = —E(x 'y—X'X "), y=.0001
Calculate new gt = B(” —NQ(BYY, t=t+1—

Data
(x,y)

(1,1.4)
(2,2.3)
(3,1.7)
(4,3.0)
(5,3.4)

DB Rowe MSSC
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2. Linear Regression and Neural Nets

Data
Example: Given observed data s (X,y)
Start ) L'OO} Ao | | | (1114)
1A S, =0.80 |
- N | (223
Inear Activation 0022 _:,__ ) 1 | (3’ 1 .7)
f (X) — IBO + Ile N, 018 __jj » H‘\ | (4’3.0)
0:14 Q =0.1286 Bl N ] (5,34)
; a5 om0
p =Y - VQ(sY)
Normal Likelihood Score Finish cr
1 ) Ié _ |:095} 0al”
Q = HZ, [yi_;ﬂjxji] 0.47 o “iteration”

DB Rowe MSSC
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2. Linear Regression and Neural Nets Sic = Lo + BuXy ++ PyXy

A Neural Net is a way to do Multivariate Linear Regression with linear
activation function and normal likelihood — least squares score function.

Li Activati an
inear Activation 8ﬂ
fk (Sik) — Z:Bjkxji AD -

,- “ vQ, =| 22
=
Normal Likelihood Score >y, aﬁlk
oQ
1 , X5 K
Qk :Hzi[yi_Zﬁijji _aﬂ2k_
J Gradient 2
Derivatives va :_H(le_x 'Xﬂk)\
an 2 Gradient Descent C,gn iezg() 0; r)Kjllg;t' y
o - HZ[yi - Zﬁjkxij](_xij) S A ) Yie = (Yareeos Vi)'
jkj:012 II<—12 J e =B = VQU(B)

DB Rowe MSSC
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2. Linear Regression and Neural Nets

Sil = 1801 T 1811X1i oot Pk

A Neural Net is a way to do Multivariate Linear Regression with linear

activation function and normal likelihood —

Linear Activation

fl(Sil) — Zﬂjlxji
]
Normal Likelihood Score

1
Q1 = Hzi[yi_Zﬂjlxji 2
]

0Q 2 ) .
op; N Zi:[yi Zj:ﬂjlxij]( X;)

j=012

0Q,
\/5’01 aﬂm
D\ vo | 2
- 0P
0Q,
OB

least squares score function.

Gradient 2
VQ]. — _H(X 'y B X 'Xﬂl)\ can set to 0 and get

Gradient Descent Bi= (X" X)Xy,

1 Y1:(Y11 ''''' ynl)l
B = B0 - VQUA)

DB Rowe MSSC



DL Workshop 23’
2. Linear Regression and Neural Nets Si2 = Poo + BuoXy +++ BoXg

A Neural Net is a way to do Multivariate Linear Regression with linear
activation function and normal likelihood — least squares score function.

Linear Activati aQZ
inear Activation 1 aﬂ
fz(Siz) :Zﬁjzxji B g

j Xy ~— VQ = aQZ
o B N Ji;
Normal Likelihood Score f, >y, 12
/ﬂzz aQ
1 , % 2
Qz :HZi[yi_ZﬁjZin _81822_
J Gradient 2
Derivatives VQZ :_H(X ly_ X 'XﬂZ)\
8Q2 2 Gradient Descent Czn iet(t;z ?;;9'19;' y
aIB :HZ[yI _Z'BJZXU](_XU) A (t+1) (1) A (1) Yo =(Yi2s-s Yn2)'
j2 | J , =5 —VQ,(5;)

]=0,12

DB Rowe MSSC
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2. Linear Regression and Neural Nets Sic = Box + BuXy ++ + Ly

Two independent parallel Multiple Regressions yield the same coefficient
estimate as simultaneous multivariate regression (different covariance).

3= (X'X)IX'Y
1 VIB
B=(5.,5,) ) b A
Y = (y11 y2) 5 <,312/
ﬂzl 7Yo
0 [ -1 I Xy %ﬁzz
131 — (X X) X yl
B, = (X' X)Xy, +
Yi = Yigrer Yor)' 'Bl(t V= (t) WQl(ﬂl(t))

Yo = (Yizses Yna)' Az(m) — 2(t) - VVQZ (,éz(t))

Now the trained Neural Net can be applied to new data.
DB Rowe MSSC
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3. Non-Linear Regression and Neural Nets

We might believe that there is a non-linear relationship between an
iIndependent variable x, and a dependent variable y with measurement error.

y. = f(x)+e& 1=1....n

We can assume normal errors or use least squares.

Q=%_i(yi ~f(x))?

D Bix;
As an example consider the SoftPlus function f()=In(L+e’' ).

DB Rowe MSSC
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3. Non-Linear Regression and Neural Nets S, = By + X+ X,

A Neural Net is a way to do Non-Linear Regression with SoftPlus
activation function and normal likelihood — least squares score function.

N 0Q
SoftPlus Activation 1 N _—
f(S;)=Inl+e™) N N c’;ﬂo

X4 /ﬂl VQ — _Q

Normal Likelihood Score 6ﬁ1

! o Q
Q=" ly-In(+e")F B,
;ranlent 8Q j

Derivatives I 1 SOftPILS
0 2 %,[y; — InL+ exp Z,B X.,))]GXIO(Z,B X;) = lop,

B, n4 1+exp Z Bx) BED Z B0 _ w0 (30)

J=0U.4

DB Rowe MSSC
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3. Non-Linear Regression and Neural Nets

50 2 %[y —InL+ exp(Zﬂ X.,))]exp(Zﬁ X;) |
Example: Given observed data: 5—&-:52 1+eXp(Zﬂ X;)
SoftPlus Activation 1 N
f(S;) = In(L+ e ) }@ A\
A
use the Neural Net structure X

and Gradient Descent to iteratively estimate the parameters.

Normal Likelihood Score Gradient Gradient Descent

1 | 0Q S(t+1 At At
— | __| 1 Po+Pri%i V12 Vv ( ): (t)y (t)
Q== [yi=In(+e™#)f vQ = [aﬂ] B = Y - VQ(B )y .

DB Rowe MSSC 31



DL Workshop 23’
3. Non-Linear Regression and Neural Nets

aQ 2 le[y| T In(1+ eXp(Zﬂ le))] eXp(Zﬁ XIJ)
Example: Given observed data: B, nA4 1+eXp(Zﬂ )
(o)
Linear Activation . L
f (X) — ﬂo + ,le B f ﬁ
t=0 Ao
«

(B, B
~Run data through with g = (8", s0)'

Calculate vQ(a™) , 7 =.0001
Calculate new gt = gO _nvQ(BY), t=t+1—

DB Rowe MSSC
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3. Non-Linear Regression and Neural Nets Sic = Box + BuXa +++ BuXy

A Neural Net is a way to do Multivariate Non-Linear Regression with SoftPlus

activation function and normal likelihood —

SoftPlus Activation 1

£(S,)=In(L+e%)

,311
,312

Normal Likelihood Score ﬂ
21

x, | £ P

:%Zi[yi—ln(ﬂ %)

Derivatives Xu[ylk In 1+ eXp Zﬂjkxu ]eXp Zﬂjkxlj
0Q, _2

Vﬁm

0Py N5 1‘|'eXp Zﬂjkxlj

1=012 k=12

least squares score function.

oQ,
S\ 0Py
vQ, =| X
7Y, op,,
oQ,
B 0P |
o, =] 2 ]
Gfaditnt_De c§r1t8 Ik SoftPlus

9 = 0 - MO, ()

DB Rowe MSSC
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3. Non-Linear Regression and Neural Nets

S _IBOk+181kX1|+ T qk q|

A Neural Net is a way to do Multivariate Non-Linear Regression with SoftPlus
activation function and normal likelihood — least squares score function.

SoftPI ivati _ an _
oftPlus Activation 1 N aIB
f (Sil) — In(1_|_ eSil) P 3 A 01
/:811 . ale_
X1 VQl

Normal Likelihood Score aﬂll

1 5.1 \12 & / 0Q,
leﬁzi[yi_ln(l"'e )l _81821_

Gradient
- _| 9
o o A (L A k) [ DL@/;,J
8,511 A 1+exp Z BiiX;) B = 4O _ Q) (B0
1

DB Rowe MSSC
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3. Non-Linear Regression and Neural Nets

Si2 ::Boz +1512)(“ Tt Pk

A Neural Net is a way to do Multivariate Non-Linear Regression with SoftPlus
activation function and normal likelihood — least squares score function.

SoftPlus Activation 1 SQZ
f(,,) =In(L+e%) i o
X1~ >\® VQ — Qz
Pro > oB
Normal Likelihood Score f, >y, 12
1 Si2 \12 o [P R,
=2 lyi-In@+e™)] 3B,
Gradient
» _| 99,
Dertatves |y [y~ In(L+exp Z Bi%i))exp( Z BoX) VQ, = [ 0B ] SoftPlus
6_Q2 :E Gradient Descent 12
L B R P
j=

DB Rowe MSSC
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3. Non-Linear Regression and Neural Nets = Bop + B -+ BooXe

Two independent Non-Linear Regressions yield the same coefficient
estimate as simultaneous Non-Linear Regression.

1
e . N4,
B:(lgl’IBZ) B P A
Y =(Y;,Y,) - <'312,
ﬂZl 7 y2
x, | £ P

P The last one in iteration.

Bz The last one in iteration.

B = B - ~QUAY)

Y, = (y11 """ ynl)'

Yo = (Yizses Yna)' Az(m) — 2(t) - W Qz (,Bz(t))

Now the trained Neural Net can be applied to new data.
DB Rowe MSSC
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4. Logistic Regression and Neural Nets

Often the probability p of an event E depends upon an
Independent variable x, such as the probabillity of getting
an A on a class final depends on the number of hours that
a student studies x.

So p is a function of x, p(x). 0< p(x) < 1.

DB Rowe MSSC

Hours (Xx) A (y)

6
8
10
12
14
16
18
20
22
24
26
28
30
32
34
36
38
40

0

P P RPPRPPOOPFPRFOO0COOCEKF, OOODO
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4. Logistic Regression and Neural Nets

This dependency of a probabillity p(x), 0< p(x) <1, on an independent
variable X, -co< X < oo, IS generally described through a link function,
here the logistic mapping function

1
p=p(x) = 14 Borhn

If the event E occurs, then we say y=1 and if not, y=0.

P(y=1)=p and P(y=0)=1-p. ... This is a Bernoulli trial. —

1+e7*

DB Rowe MSSC
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4. Logistic Regression and Neural Nets

The likelihood function

L(By B) = [T LPOOT I - p(X)I Y, ={0.1} Caution!
. —00 < X, < 00 Do not use least squares!
Where p(xi) — 1+ e_ﬂo_ﬁlxi

has log likelihood function

LL(S,. B) = > L yiInlp OO+ (@ - y,) In[L- p(x)]
= > yIn[pO)I+ Y (- y) In[L- p(x)]
= > In[l=pOO1+ . i In[p(x) 7 (= p(x))]
= VB +Bx]1-D In[l+e” AN

DB Rowe MSSC
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4. Logistic Regression and Neural Nets

We can estimate the “best” logistic relationship between x and 0/1 y using
the score function

Q=2 %2 B%)— 2 Inll+exp(}_B;x;)]
by taking derivatives with respect to the beta’s
i=1...n J=1..¢
Z i z1+eX|O( Zﬂ Xi;) Xio =1

with no closed form solutlon.
~ 1
1+exp(-) BiX;)
J

— s o oo > o o o

DB Rowe MSSC
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4. Logistic Regression and Neural Nets

A Neural Net is a way to represent Multiple Logistic Regression with
Logistic activation and Bernoulli likelihood score function.

Logistic Activation

1
1+ exp(—z,ﬁjxj)

Bernoulli Likelihood Score

Q= Z Y, (Z/Bjxji)_Zln[l_l_exp(ZlBiji)]

f(x) =

Derivatives

0Q . B Xij
o, T e S )

j=012

DB Rowe MSSC

1N

5
s,
/

Gradieri @
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Gradient D scentJ

LY = O - NQ(BY)

o
s
Q
oA,
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4. Logistic Regression and Neural Nets

Simple Logistic Regression
Given observed data:

1
1+ exp(—z,ﬁjxj)

f (x)

1

use the Neural Net structure X

/131

and Gradient Descent to
iteratively estimate the parameters.

DB Rowe MSSC

Gradieri @
ves [@ﬂj )

Gradient Déscent

LY = O - NQ(BY)

Hours (Xx) A (y)
6 0
8 0
10 0
12 0
14 0
16 1
18 0

20 0
22 0
24 0
26 1
28 0
30 0
32 1
34 1
36 1
38 1
40 1
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4. Logistic Regression and Neural Nets

Hours (Xx) A (y)

Simple Logistic Regression —1—

Given observed data: 10

True Values 12

(B f,) = (-5.00,0.20) ”

1 A 16
A

1

_ 18
1+ eXp(—Z,B,-X,-) /® & i~

f (x)

22
24
t=0 pY 26
50) A0)y _ « 1 28
(8,7, 8;")=(3.00,0.50) 30
32

~Run data through with g© = (3®, 30)’ 34
X..

Calculate V(") = X xy, - X oo es = 0001 s
i ]| 40

Calculate new gt :'ﬁ(” —NQ(BYY), tEt+1

P P RPPRPPOOPFPRFOO0COOCEKF, OOODO
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4. Logistic Regression and Neural Nets

Simple Logistic Regression results:

B, =-5.00

B, =0.20

3
(1)
2 [ O
i
|
ol
ol
[
-2 _|I
|
3t ',I
=4 Illl‘-
-5} \-\\‘
-6 !
0 4 6 8 10
w104
2
(t)
1
1.5}
]
0.5}
| (
_D'SD -I4 ) . EIS 8 10
|terat|0n w109
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4. Logistic Regression and Neural Nets

A Neural Net is a way to represent Multivariate Logistic Regression
with logistic activation and Bernoulli score function.

Logistic Activation an
1 op
f (X)= . 0k
T Lexp(=Y. BiX;) A _| 9Q
j X, VQk —
Bernoulli Likelihood Score >y, aﬁlk
Xy an
Q=2 Y QL Aixy) = 2 InfL+exp(y_ By x;)] OB
! ) ! J Gradient
Derivatives VQk o [SQK j
an . X Xij Gradient De entﬂjk
0B. Z i Vi~ Z]_ _ At+D) A A(t)
'Biijf L +exp(=2_ By ¢ =B —VQ(B)
— Ui = J
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4. Logistic Regression and Neural Nets

A Neural Net is a way to represent Multivariate Logistic Regression

with logistic activation and Bernoulli score function.

Logistic Activation 1 1 .
£ (x) = e .
1 1+ exp(—z,ﬁjlxj) 1 A
J
Bernoulli Likelihood Score B,
% |

Q= Z Yi1(z BiaXi) - Z In[1+ eXp(Z Bi%;)]

| ) | ) Gradient
Derivatives VQk — [an j
an Xij Gradient De gtﬂjk

=2 %Y~ 2. A1) _ Al o1t
Pn = "L+ exp(=2_ B;%) =B -VQBY)

]=012 j

VQ,

0Q,
0P
0Q,
0P
0Q,
0P _
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DL Workshop 23’
4. Logistic Regression and Neural Nets

A Neural Net is a way to represent Multivariate Logistic Regression
with logistic activation and Bernoulli score function.

Logistic Activation

1

fz(x) —

Bernoulli Likelihood Score

Q, = Z in(ZIBjZXij) _Z In[1+ exp(ZIBjZXij )]

Derivatives

aﬂjz ) |

j=012

Ry _ inj Yio _Z

1+exp(_Zﬂj2Xj)

X..

1

1+ exp(_z :szxij)

Po

B
f, 7Y,

P
Gradient
vQ,=| X
Q, = o5
Gradient Descent 12

9 = - Q)

VQ, =

0Q,
0P
0Q,
or
0Q,

| OB

DB Rowe MSSC
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4. Logistic Regression and Neural Nets

Two independent parallel regressions yield the “Multivariate” Logistic

Regression results we are after.

Estimated Coefficients 1

Vﬁm

B=(8,5)

N ﬂn
ﬂlz
Maximizing Score Functions ﬂ21 >V,
x, | £ P
Q= Z yil(z BiaXi) - Z In[1+ exp(z Bi%;)]
i ] i j
Indep_endently (t 1) (t) (t)
Q, :Zin(ZIBjZXij)_Zln[l-l_exp(ZIBjZXij)] ooamated P ' T WQl(ﬂl )
I | escen p
| | B =B+ VQ,(8)

VQ,

0Q,
OPor
0Q,
0P
0Q,

9P _
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5. Multi-Layer deep Neural Nets

Neural Nets can have more than one “hidden” layer.
The outputs from one layer become the inputs to the next.

3 w ﬂon ! vﬂou
B (@ b Lot @ A
X 18111 18122
1 <<
By ‘ B \
16211 18222 @ A
X2 18221

Let’'s go through the process as multiple one layer Neural Nets,
from right to left, Backpropagation.

coefficient  node layer

J=012 k=12 r¢=12
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5. Multi-Layer deep Neural Nets

Neural Nets can have more than one “hidden” layer.
The outputs from one layer become the inputs to the next.

1
;ﬂm
f11 kP42 @ A

ﬂ122

[ \ i\

We consider the first output layer as input to the second layer.
Estimate coefficients.

coefficient  node layer

J=012 k=12 r¢=12
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5. Multi-Layer deep Neural Nets

Neural Nets can have more than one “hidden” layer.
The outputs from one layer become the inputs to the next.

And first focus only on the first node.
Estimate coefficients.

coefficient  node layer

J=012 k=12 r¢=12
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5. Multi-Layer deep Neural Nets

Neural Nets can have more than one “hidden” layer.
The outputs from one layer become the inputs to the next.

Porz
AN
P

far B @ A

Then focus on the second node.
Estimate coefficients.

coefficient  node layer

J=012 k=12 r¢=12
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5. Multi-Layer deep Neural Nets

Neural Nets can have more than one “hidden” layer.
The outputs from one layer become the inputs to the next.

Let’'s go through the process as multiple one layer Neural Nets,
from right to left, Backpropagation.

coefficient  node layer

J=012 k=12 r¢=12
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5. Multi-Layer deep Neural Nets

Neural Nets can have more than one “hidden” layer.
The outputs from one layer become the inputs to the next.

RN
Pous

—/T1,

/18111

16211

And first focus only on the first node.
Estimate coefficients.

coefficient  node layer

J=012 k=12 r¢=12
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5. Multi-Layer deep Neural Nets

Neural Nets can have more than one “hidden” layer.
The outputs from one layer become the inputs to the next.

18021

X1
B i

X, //ﬂm

Then focus on the second node.
Estimate coefficients.

coefficient  node layer

J=012 k=12 r¢=12
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5. Multi-Layer deep Neural Nets

Neural Nets can have more than one “hidden” layer.
The outputs from one layer become the inputs to the next.

3 w ﬂon ! vﬂou
B (@ b Lot @ A
X 18111 18122
1 <<
By ‘ B \
16211 18222 @ A
X2 18221

And hence solve the two or multi layer problem.

coefficient  node layer

J=012 k=12 r¢=12
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5. Discussion

Linear, Logistic, and Non-Linear Regression can be represented as
Neural Nets. e

V S / Softiiax /

Coefficients are estimated via Gradient Descent.

V@ =[%} L = O —vQ(BY)
Discussed foundational Ideas of Neural Nets.

These ideas can be expanded in many directions.

1

X1

X
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Thank You

Questions?

Daniel.Rowe@Marquette.Edu
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i
wtere  MATH4931/MSSC 5931
BE THE DIFFERENCE. — suMMEn 2023

[

,/.

Gamery

Topics:

» Discrete image representation.
» Time Series & Image Convolution

» Image enhancement via local pixel weighting
(spatial kernel filter and image space convolution).
» Kerrnel filter design with weight assignments.
» Pixel noise reduction via local averaging (smoothing filters).
» Edge enhancement via local differencing (gradient filters).
» Statistical properties of local averaging or differencing (pixel mean, variance, and correlation).
» Image text recognition, letter or word identification (letter A, word MATH).
» Time averaging (temporal recursive filters) for pixel noise reduction in image sequences.
» Identifying and tracking of objects including orientation through a sequence of images
(car moving across a scene in a se.quelt\ce of images). Find ob|ect m
» The DFT for accelerated convolutions in frequency space
» Line tracing within an image via discrete derivatives, gradients, and Hessians.
» Image object representations (perimeter, area, elongation, etc.), feature extraction.
» Statistical classification of image objects using features (square, circle, and rectangle).
» Computational implementations and examples will be given with Matlab.
» Additional topics covered if time permitting.

Prerequisites/Notes:

> COSC 1010, MATH 1451, and MATH 4720 or the equiv. Find industrial R

G <0, then local max at (x5,
a oas . D, tr it
> MSSC 5931 will have additional assignments. concavities 0 g e Wappom ot G

For more information, email the instructor:
» Dr. Daniel Rowe (Daniel.Rowe@Marguette.Edu)

Find text  “If your|pictures|aren’t good

ot enough, you’re not close enough.”
@ — Robert Capa

[ MARQUETTE | Bewe_ .

DB Rowe MSSC

MARQUE]TE

UNIVERSITY

e versce {ATH 4790/MSSC 5790 — Faut 2023
Bayesian Statistics

Tentative topics: .
(8,1 4)= 24180

» Conditional probability and Bayes’ rule. Br 1

» Discrete and continuous distributions of data;

o binomial, beta, gamma, inverse gamma, normal and Student-t.

o The bivariate normal and the normal-inverse gamma distributions.
Maximum likelihood estimation. - =X Tean v :
Conditional and marginal distributions. SErereetiaacuin j e
Conjugate and non-conjugate prior distributions. SEE % | ; e
Maximum a-posteriori and marginal mean estimation.
Bayesian binomial probability

o (binomial likelihood, beta prior, beta posterior).
Bayesian normal mean estimation s :

o (normal likelihood, normal-inverse gamma prior, Student-t marginal postenor)

» Bayesian multiple regression
o (normal likelihood, bivariate normal-inverse gamma prior, bivariate Student-t marginal posterior).
» LASSO (normal likelihood, Laplace-inverse gamma priors).
» Naive Bayesian Classification
o {normal class likelihoods, normal-inverse gamma class priors with discrete uniform prior class probabilities).
» Markov chain Monte Carlo numerical integration including

VVVVYY

v

o importance sampling, Gibbs sampling, and the Hastings algorithm. i r)“A
» Sequential updating of previous Bayesian models. /‘% /?)f(y,ol‘l
» A computational flavor throughout. i U Qe ,y,.\ M y
.. e L JAhen
Prerequisites/Notes: f (M0 \ Y

» COSC 1010, MATH 1451, and MATH 4720 or the equivalents
» Students enrolled in MSSC 5790 will have additional assignments

For more information, email the instructor:

» Dr. Daniel Rowe (Daniel.Rowe@Marqguette. Edu)

it BE THE
W Mf\\ﬁ%yEHE DIFFERENCE.




