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Biological Neuron

@ Nucleus: The nucleus in the neuron cell
— — —

Soma: Soma is the cell body of neuron containing the nucleus
— —— —

@ Dendrite: the branched protoplasmic extensions of a nerve cell that propagate the
electrochemical stimulation received from other neural cells to the cell body, or soma, of
the neuron

@ Synapse: the small gap between the dendrites of connecting neurons.

neuron
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McCulloch-Pitts Model

@ in 1943: First model of neuron was invented by McCulloch (Ehxsmloglstf and Pitts
(LQELCLED) [1]. It was later named the McCulloch-Pitts model.

@ The model had two inputs and a single output.

@ A neuron would not activate if only one of the inputs was active.

@ Weights for each input were equal and fixed and the output was binary.

@ Until inputs summed up to a certain threshold level, output would remain zero.

@ This model is known nowadays as a logical gate, such as AND, OR, NQT, etc.

@ Formula: \ - A\ \
i -

AN

where xp = 1 is for bias (intercept).
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Hebbian learning

@ Hebbian theory is a neuropsychological theory claiming that an increase_in synaptic
efficacy arises from a presynaptic cell’s repeated and persistent stimulation of a
—_———— —
postsynaptic cell.
ikt Al s

@ In simple words: the more two adjacent neurons are activated (fired) together, the
stronger the connection becomes between them.

@ Hebbian learning - proposed by Donald Hebb in his 1949 book “Mga_riz_a_tio&f
Behavior” [2]:
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Perceptron

@ Perceptron tried to learn by neuron, as done in brain.

Perceptron is the building block of nowadays’ neural networks.
—
@ Perceptron was implemented by Rosenblatt (physiologist) in 1958, at Cornell Aeronautical
— —_————— — —— e
Laboratory [3].
@ It was for binary classification. It was useful because:
> Binary logic could do computer operations.
> Even when we have multiple classes, we can consider pairs of classes.

@ Rosenblatt randomly connected Perceptrons and changed the weights in order to achieve

learning”. In later attempts, Hebbian learning [2] was used for learning in Perceptron.

@ In a 1958 press conference organized by the US Navy, Rosenblatt gave a speech about the
perceptron. Afterwards, New York Times reported the Perceptron to be “The embryo of
an electronic computer that [the Navy] expects will be able to walk, talk, see,_write
riyﬂc_i_tf_ejsilf, and be conscious of its existence.” [4]

@ They thought they have solved Al!
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Perceptron

@ Hebbian learning [2]:

/\/\“_h
M
% WJ.@WJ.JFW)_XE Viefl....d}Vie{l,...n}, -

wo == wo +n(y; —0;),, Vie{l,..., n},
N—
where 1 > 0 is the learning rate,(x\= [xi1, ..., xig] T € R? is the i-th input data, y; is its

target label and o; is the corresponding output of Perceptron for that input data.

@ We can merge these two into one formula:

* wj = w; +n(y; — 0i)x;, Vj€A{0,...,d},Vie{l,...,n}, 3)

where xjp := 1.
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Perceptron

@ In batch learning of Hebbian learning:

Wj3:Wj+7]§ (yi—oi)xj, Yie{l,...,d},
N [ ——
i=1
— (4)

b
wo = wo + 1Y (vi — o),
i—1

where b is the batch size.
@ Interpretation:
wj = wj +n(y; —oj)x;, VjeA{l,...,d},Vie{l,...,n}.

When the output o; is the same as the target E‘,-, then we should not have any update:

o =Yy, — n(y,- — O,‘)X,‘j =0.
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Perceptron with Signum Activation Function

W4 o (3-07) A

@ |If the activation function is the sign (signum ngtion, then we have:

% Wi = Wi if o; #£yi & (5)
¥ S @ if 0j = yj, &
Vje{l,....d},Vie{l,...,n}.
_J wot+2ny; foi#y
K o= { wo if o; = yi, ©)
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Perceptron with Signum Activation Function

Coias)
" =

@ |If the activation function is the sign (signum) function, in batch learning of Hebbian
~Sarcl sarning ¢

learning: (—"‘
b
<+ wj = wj +27]Zyixij]1(0i # vi), )
=1y b—
vje{l,...,d}.

wo = WO/(Z Yi ]I(OI # YI (8)
W, ﬂrb =\
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Perceptron with Signum Activation Function

O‘Proof 1: l
wj = wj +n(y; —oj)x;, VjeA{l,...,d},Vie{l,...,n}

When the output o; and the target label y; have levels +1:

yio € {-1,1},

yi=1l0i=1 = n(y; — 0i)x; =0,

0 = —1 = n(yi — 0i)xj = (1 — (=1))xj = 2nxj = 2nyiXj,
or =1 = nlyi —oi)xj = n(~1 = 1)x;j = Z2nx; = 20Y;x;j,
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Perceptron with Signum Activation Function
Eﬁgflzﬂ(using gradient descent):

@ We want to find a linear decision boundary where one class falls in one side and the other
class falls on the other side.

W
@ The equation of a line for linear decision boundary: y
* E/Tz(- +wp =0, (9)

where x € RY is the data point, w € RY is the normal vector of the linear line, and wp is
the bias (intercept) of the line.

@ Consider any two points x1 and x» on the decision boundary. As the line passes through
each of them, they both satisfy Eq. (9):

T T T T
Lw X1+:/o ”W X2 + wo \ IW X1+ yho=w x2+ oJ
= w (x1—x2)=0 = w L (x1 —x2),
w R - —
which verifies that w is the normal vector of the decision boundary.
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Perceptron with Signu

Actlvatlon Function \8/

@ Consider a point xo on the decision boundary and a point x on one of the sides of the
decision boundary. Therefore:

wixg+w=0,—= wop=—w'xo. /'\"IT?h Z @'j" (10)

@ Assume the normal vector w |s normalized, i.e., it has unit length. The distance of point

x from the decision bounaar

_ T T, (10 T @
@_ w w x@w xo = w x{H{wo, (11)
@ The distance should be non-negative so we have:

d=|wTx+wl !

However, the absolute value is non-smooth and non-differentiable. Therefore, we can
multiply the distance with the target label to make it always non- negatlve

XK -:wﬂ@ H: w'x+wp <0, (12)

= d:=y(w x+w). (13)
+r—J
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Perceptron with Signum Activation Function
@ A possible cost function: number of misclassified data points to be minimized. But it is
discrete and }lme—di&;;e as the cost function.

@ Approach 1: We want to maximize the distance of points from the decision boundary, so
e —

we use gradient ascent for maximizing the distances of points from the decision boundaryl:

-
.ﬁ distance = ®E E?(WTX,‘ +, %
[8d|stance _ Zylx” [8distance _ i_yl" 5@
= 74

owg
L= o

We should use gradient ascent to maximize the distances:

b
[w = w@@Zy,—x,-j, je{l,...,d},

U=t (14)
b
¥ w= WO@nZYh
=

where we can update only for o; # y; cases to have Egs. (7) and (8).

Note that it is not like support vector machine which maximizes the distance of only support vectors, and not all points,
from the decision boundary. ™ ——
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Perceptron with Signum Activation Function

@ Approach 2: We take the distances of misclassified data points as the cost function.

According to Eq. (12), the distance in Eq. (13) is for correctly classified data points. So,
we should multiply distance by —1 to have the distances of misclassified points:

,—/ﬁ
3¢ error = Z@y,(w x; + wp) Z)’: w x; + wo), OOO ’)
+

L_.“/

We should use gradient descent to minimize the error:
D — -—_—

b
w = w@nZy,-x,-j, vje{l,...,d},
i=1
(15)

b
wo = woDn> i,
i=1

where we can update only for o; # y; cases to have Egs. (7) and (8).
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@7

@ In 1969, Minsky and Papert published a book titled “Perceptrons”’ [5] and showed that
Perceptron can only solve linearly separable problems. For example, they showed that it

cannot classify XOR classes, which is a nonlinear classification problem.

Problems with Perceptron

@ Perceptron is for binary classification.

@E

@ Therefore, researchers lost interest in Perceptron and artificial neural networks!

@ Researchers guessed that they should have multilayer Perceptrons but they did not know
how to train multilayer Perceptrons.

@ Also, Perceptron cannot generalize well enough

because, for linearly separable classes, it finds one of the many possible decision boundaries.
haan

ool
(nd senemlize well)

@ Because of this problem, two things were developed:

> ADALINE which generalizes better.
> Support Vector Machines (SVM) which found the best decision boundary by
optimization of teh distances of the support vectors from the decision boundary.
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ADALINE

In 1960: Widrow and his student Hoff, at Stanford University, proposed a method, named
ADALINE, for adjusting adjusting weights [6, 7].
ADALIINE adjusting weights

In 1960; articles claimed that robots can think!
fatioH robots can thin

It has more generalization compared to Perceptron.
ADALINE minimizes ieastjmean squares (LMS) error using gradient descent. This training

method is referred to as LMS algorithm or V_!uﬂannﬂ.lea:w Te.

.}_72(\3\’@;5@

)A\/V“"

MZWV\
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ADALINE

@ In ADALINE, the target label is compared with the output before activation function. This
is while Perceptron compares the target label with the output after activation function.

@ LMS error: \L
d
e= Z yi— (ZV"J'X"J'+W°>5:2? (16)
lj:l |
where b is the batch size, x; = [x1, ... ,x;d]T € RY is the i-th input data, and y; is its
target label. -
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ADALINE

@ We had the LMS error:

* Qg P

@ The gradients: ¥
M
o _ (—(Zd: i+ )» Vie{1,. .. d}
ow; N (o) vie{l...d),
de b d
2 S (o (Som))O
i=1 j=1

@ The gradient descent updates:
-

Oe .
@:ijin%7 VJ€{17’d}7
<<y T
Oe

= wy —nN——
wo 0 WBWO

where > 0 is the leanring rate.
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MADALINE
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MADALINE

@ At Stanford university, Widrow and his students stacked several ADALINE neurons to be
able to have nonlinear classification. They proposed MAD. E (Many ADALINEs).
@ MADALINE Rule 1 (MRI): proposed in 1962 [8] and could not adapt the weights of the

hidden-output layer.
@ MADALINE Rule 2 (MRII): proposed in 1988 [9] and improved MRI to be able to also
train the weights of the hidden-output layer.

@ MADALINE Rule 3 (MRIII): proposed in 1990 [10] and changed signum activation
function to sigmoid function for having float outputs rather than merely binary outputs.
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Logistic Regression {(x,9) P(Als) Ply)

W PCyla)f (@)

@ Logistic regression is popular in bio-statistics and bio-informatics.

@ Let x € RY be data and y € R be class label. Baye's rule:
[oo&-l(/(\ &

where P(y|x) and P(x|y) are the posterior and likelihood, respectively, and P(x) and P(y)
are the priors.

\\'\ﬂel”/wi

o (20)
FV\

@ In contrast to Linear Discriminant Analysis (LDA), logistic regression works on the

posterior P(y|x) directly rather than working on likelihood P(x|y) and prior P(y).
v

W N N—
00
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. B B ‘9( N .
Logistic Regression ‘ 1 \ gl
4 .
’ (2 B
~0s o
@ Logistic regression is a binary classifier where it assigns probability between zero and one
for belonging to one of the classes.

@ The logistic function, used in logistic regression, was initially proposed in 1845 for
modeling the population growth [11]. It was further improved in the 20th™century [12].
See [13] for the history of logistic regression.

@ It considers the classification problem as a regression problem where it regresses (predicts)
the probability of belonging to a class. It first considers a linear regressio ‘Ga +i
However, in order to not have the bias, it assumes that x is d +1 dimensional with-an
additional element of 1 for bias, i.e., x = [x1,...,X4,1] . The B € R s the learnable
parameter of the logistic regression model. As a result, the linear regression becomes 37 x.
—_— ——

@ However, there is no bound on this regression while logistic regression desires the output
to be in the range [0, 1] to behave like a probability. Therefore, Logistic regression model
the posterior using a logistic function, also called the sigmoid function, to make this
regression between zefo and one.

_liAi-e2 llo. @7@

( =

e
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Logistic Regression

@ Assume we have two classes y € {0,1}.
2 =todd

@ Logistic regression models the posterior using a logistic function, also called the sigmoid
‘ogistic Tunction, Igmoid
function:
function.

T
e x

‘7%*' Ply =11X =x) = 14 ed s’ (21)
L— v ~
C)-’K‘)f Py =0X=x)=1—P(y =1|X = x) k (22)
- 5 -~ 0 4
"
where 8 € R is the Iearngme parameter of t\'ue logistic regression model.
e s e
2 Ve k
b 14ef” e ’F!
e @'-/} ------ R’%— X
—2
o=y %
{
= i) [P =
+€

/’ST;( ;/7
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Logistic Regression as a Neural Network

@ Logistic regression can be seen as a neural network with one neuron where the activation
function is the nonlinear sigmoid (logistic) function.

ﬁ,

=
“

lg'y\gM neredl 1N
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Logistic Regression

@ Consider n data points {(x;,y;)}7_; in the dataset. Assuming that they are independent

and identically distributed (r.i.d), eWis:
2
X PUIX) . (P’(;;/:ufx:x,-)ﬁ(\yjf\:/\mm(yf = 0X = x)(yZ ), (23)
L———_) k/\/\/ — o

where I(.) is the indicator function which is one if its condition is satisfied and is zero

otherwise.

@ As the labels are either zero or one, i.e., y; € {0,1}, this equation can be restated as:

[ 50
X PRyIX) = H( (vi = 11X = x; (P(y,:owx:x,-)” (24)
l 1 t/'\/\_,
(

£

@ Substituting Egs. (21) and (22) in this equation gives:

n BT x;
R (e 2
=1y Y "
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Logistic Regression ﬁDKEPMJML): @(M)_,, lD(Jac £

@ The log posterior is:

87
e Xi 1 1—y;
«B) = P(yIX = x) —‘H ) )

@

:zn:(yzlog@@ *1) — yjlog(1 + €” ")—(@))

—Z B xi—yi Ioggﬁ Iog(1+eﬁ )+ yilogu A e < )

,Z(yﬁ x; — Iog(l—f—e’a i
J
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Logistic Regression o lafd) | 29¢)

R - ﬂ(&) L
@ The log tiketihood~ofte posterior is: = N (/'/_1: [;)( {)
X 6B =D (BT~ low(Lt ). f

i=1

@ Newton's method can be used to find the optimum 3. The first derivative, or the

gradient, it:
o=
ou3 -3 (i - eﬁ i) =30 (i - i (@)
w N~ =t Lt BT ’

Its transpose is:
-
o¢(B) eP i
S L)
\/‘\/—\_J
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Logistic Regression

@ The second derivative is:

82. o o 9 /N B xi @
opop’,~ 9B a;(ﬁ)) %(Z(y’ 1ieaw)
- J r—J S|

> (- ;;<1+96T >)@

T
,{
Q
><4
X

@ We define:
P(X,'B) 1 + eBT
Therefore:
n { )
824(B) I°] )
x 98037 _,.; (5 Eio))~
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2%
Logistic Regression % (_%.) _ DK, k- Sacz

@ We have:

eﬁ"

(/(\Lif;\(lﬂ“ J E Ll

@ Substituting it in Eq. (28) gives the second derivative, i.e., the Hessian matrix:

/|,
X a,@aﬁT @Z( (xi18) (1 = P(x;18))x; ) x]"-
\/V\_J
"
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Logistic Regression

@ It is possible to write the Newton's method in matrix form. We define:

A BR QL s k)

K R 5 W = diag(P(x;|8) (1 — P(xi[8)) ),
— /

¥‘ @:3y3:[ylz-~~7yn]T7

& R 5pi=| i ki
Rop=[Q0mm oo
f _J

@ The Egs. (26) and (29 b tated ag: y\4n
e Egs. ( nd (29) can be restate aié\\‘_ o

~—\ XA
M 24(8) @@”
2@ )@ wa 28 = a@) (30)

02¢(8)
(d+1)x (d+1) _

@ Using Newton's method for maximization of the log posterior is:
JEwron 5 methoc

203 . 508))
# [ = g 20 S G)

6(T+1) — ﬁ(f@(xwx—r)*lx(y _ P), (32)
I i S

where 7 is the iteration index. It is repeated until convergence of 3.
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Logistic Regression /AQIKJ LV e HZJxJ

Y

@ In the test phase, the class of a point x is determined as: O\L
BT x J
H €
y:{l f teTs 205 SCEAVEE
0 Otherwise. 2

@ Comparison to LDA: ¥
> Logistic regression estimates|\(d + 1) |parameters in 3, but LDA estimates many
more parameters:

* prior of each class: 1. We have two classes: 2 x 1 = 2.
* mean of each class: d. We have two classes: 2 X d = 2d.

* covariance matrix of each class: We have two classes:
@x (d(d +1)/2) = d(d +1).
* so, in total: 2+ 2d Fd(d+1) Jd*+2d +2|¥
> LDA assumes the distribution of each class is Gaussian which may not be true.
However, logistic regression does not assume anything about the distribution of
data.
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Other History

@ in 1969 Arthur E. Bryson and Yu Chi Ho described backpropagation as a multi-stage
dynamic system optimization method [14, 15].

@ Starting 1969, people started inventing and re-inventing backpropagation algorithm for
training multilayer Perceptron.

@ in 1972: SWg proposed networks capable of learning XOR function.

@ in 1986. the main and succesful backpropagation was proposed by David E Rumelhart,
Geoffrey E Hinton, and Ronald J Williams [16].

@ in 1980's: successful era of neural networks.

@ Kernel support vector machines [17] resulted in the winter of neural networks in the last

years of previous century until around 2006.

Aot
oD° —F
L ‘@0 K 7 ~
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Other History

@ Hinton et. al. had proposed Boltzmann Machine (BM) and Restricted Boltzmann
Machine (RBM) in 1983 and 1985 [18, 19].

) mnter of neural networks, Hinton tried to save neural networks from being
forgotten in the history of machine learning. So, he returned to hjs previously proposed
RBM and proposed a learning method for RBM with the help of some other researchers
including Max Welling [20, 21].

@ They proposed training the weights of BM and RBM using maximum likelihood
estimation. BM and RBM can be seen as generative models where new values for neurons
can be generated using Gibbs sampling [22].

@ Hinton noticed RBM because he knew that the set of weights between every tw

a neural network is an RBM. It Was in the year 2006 [23 24] that he thought it is possible

to train a network in a greedy way? [25] where the we weights of every layer of network is

trained us using RBM training.
@ This stack of RBM models with a greedy algorithm for training was named Deep Belief

Network (DBN) [24, 26]. DBN allowed the networks to become deep by preparing a good
iiiti_al_iga_tigﬂ_oiﬂeighti(using RBM training) for backpropagation. This good starting
point for backpropagation optimization did not face the problem of vanishing gradients

anymore.

2
A greedy algorithm makes every decision based on the most benefit at the current step and does not care about the final
outcome 3t the fina step. This greedy approach hopes that the final step will obtain a good result by small best steps based on
their current benefits.
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Other History

@ Since the breakthrough in 2006 [23], the winter of neural networks started to end
gradually because the networks could get deep to become more nonlinear and handle more
nonlinear data.

_
@ DBN was used in different applications including speech recognition [27, 28, 29] and
—_—

action recognitien [30].
@ Hinton was very excited about the success of RBM and was thinking that them
neural networks belongs to DBN.

@ However, two important techniques were proposed, which were the ReLU activation
function (2011) [31] and the dropout technique (2014) [32]. These two regularization
methods prevented overfitting [33] and resolved vanishing gradients even without RBM
pre-training.

@ Hence, backpropagation could be used alone if the new regularization methods were
utilized. The success of neural networks was found out more [34] by its various
applications, for example in image recognition [35].
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