Information Statistics Il
Lecture 11. Outline of artificial neural networks

Layered artificial neural network

— Pattern-to-pattern transformer by multiple connections between layers of neurons.

— A pattern is expressed by a set of values of neurons in a layer. Neurons in one layer are not
connected to each other; but those in adjacent layers are connected.

— A pattern in a layer is transformed to the next layer. The value of a neuron in the next layer
is determined by weighted sum of the values of connected neurons in the previous layer.
The weight coefficient is assigned to each connection.

— Learning ability. Network is optimized by appropriately modifying the weight coefficients
using errors between temporal outputs and ideal outputs.

Perceptron (simple perceptron with thresholding function)

— Early neural network model. Learning is applied to only the last two layers.

— Learning is achieved by tuning the weight coefficients to compenssate the error between
the ideal output and a temporal output. The amount of correction is proportional to the
value of neuron in the input laye¥-(ule).

— Limitation of expressible functions (onlyear-separable€functions can be achieved by
two layers)
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output layer
input layer = weighted sum followed by thresholding

error = (temporal output) — (ideal output)

(i)

~a error>0 error <0
weighted sum is weighted sum is
too large too small
weight coefficients weight coefficients
will be reduced will be enhanced

How much reduced or enhanced?
wji(new) = w;i(old) — € ([temporal ]; — [ideal];) [input];
error

Fig. 3. Schematic illustration of the concepdatile.
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Fig. 4. Linearly unseparable function.

Error Back Propagation (EBP) algorithm
— Learning algorithm for multilayer neural network
— Errors in the one layer are shared to neurons in the preceding layers
— Criteria: Errors at one neuron in the output layer is shared to errors m-fhth(layer as:

[1] Sharing more errors to neurons whose connection weight to the output neuron is larger:
since the error collection at the-(1)th layer will be more effective at the output layer.

[2] the status of a neuron in the-Q)th layer is determined by the value of a threshold-like
function of the sum of stimuli from the<2)th layer. Sharing more errors to "sensitive"
neurons, that is, ratio of the increment of status of neuron to that of the sum of stimuli is
larger, since the error collection at tme-1)th layer will be also more effective at the
output layer.

— The learning method by the above criteria achieves the steepest decent of the error.
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Fig. 5. Error back propagataion.

— Method:
Let 5:< be the error shared to théh neuron in thé th layer, and5|k+ ! be the error shared to the
th neuron in thekt+1)th layer. Letlvj'ﬂk+ 1 be the weight coefficient of the connection fromjtte
neuron in thé th layer to thé th neuron in thekg-1)th layer, anlsif be the status of theh neuron
in thek th layer. Using these values, "the sum of stimuli from ke X)th layer to th¢th neuron
in thek th layer is as follows:

Sf= 2 wig it (1)

The criterion [1] means that the error propagated frorhttheeuron in thekg-1)th layer to the th

neuron in the th layer is proportional tw}ﬂ"* 1. The criterion [2] means that this valuse is also
proportional todxf/ dS}< . Since such kind of error is propagated from each neuron ik-thh

layer, and its sum gk,

dx
5k IZ(Wkk+1 )5|k+1.

dsk (2)
Let the threshold-like nonlinear function f§§. Since
= (S (3)
we get
dxk
J k
— = f'(§
asi = (4)

and Eqg. (2) will be

Information statistics Il — Lecture 11 (Jan. 9, 2001) page 3/6



3= 3 (whfrir(sef

LZ (ij|k+15|k+1)}f'(8|j() ) (5)

By the error shared by each neuron inktielayer, Equation (5) determines the error shared by the

j th neuron in th& th layer. Since the error is the difference between the ideal output and the current
output in cas& = n, i.e. in the output layer, that is

' =0 -y)f'(S (6)

wherey is the ideal output of theth neuron in the output layer.

Using these errors on each neuron on each layer, the modified connection wetight coﬁﬁiﬁ%t

will be determined by d-rule as in Fig. 3, as follows:

wiT = wh k- gL @)

Appendix 1. Steepest descent method
Let f(x, y, 2 be a potential field an&(S), y(s), Z(s)) be a curve oryzcoordinate. A tangent vector
b is defined as

_,dx dy dz
b= o - ®)

Let D,f be the differentiation dfin the direction ob. We get

pyr =20 =30 (x, OF fy 0f gz

0s ~0x ds 0y ds 0z ds

_dx dy dz, 0f of of
_(ﬁ’ﬁ' ds) E(6x ay’ az) ©)
=b [grad f

We get from Eq. (9) that, b is anti-parallel to grafl the differential is negative and its absolute
value is the maximum. This means that —grawlicates the direction of the curve of steepest
descent, or the curve where the decremehtsomaximum.

Appendix 2: Proof that EBP achieves the steepest descent
[0 The squared sum of the error between the ideal output and the current output (status of a neuron
in then th layer) is defined as follows:

=52 (=), (A1)
In this caseE is a function of the weight coefficients.
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The differential of along the direction ot~ 1K s

JE  _ 9E 0S
aWJkl—lk aSIkaWJkl—lk, (A2)

and from the definition oﬁk in Eq. (1), we get

GRS 0 s
k—1k k—1k i |
GWJ | a:(NJ::- ] . (A3)
= XJ -
Here we define
- 0E
| ask , (A4)
and insert Egs. (A3)(A4) into Eq. (A2), then we get
k-1
awk & = o (A5)
Comparing this to
w kK = whim1k— ggfxk-1 7)

which defines how to modify the weight coefficients, Eq. (7) modifiies the weight coefficients along the
direction ofdE / 0wf~1K i, e. the direction of gradE. Thus the modification by Eq. (7) achieves the

steepest descent Bf

OO Now we prove thad in Eq. (A4) is equivalent to what is derived from the criteria [1][2] in the body of this

document. In case# n,we get

0E _y 0E P! 0

. A6
oSk Tkl axk dsk (A6)
On the other hand,
dxk g (Sk)
S 4
dSk (4)

Since we get by replacing the suffixes of Eq. (1)

S|k+1:|Zth+1X|k, (A8)
aSk-'-l kk+l
XK el (A9)

Insertion of Egs. (4)(A9) into Eq. (A6) yields

aE_Z JoE BNkk+1Df(S}<)

aS:( [ ask+ 1 (AlO)
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From the definition obin Eq.(A4), we get

$:£,5k+1= oE
J asll( I aS|k+l.

Insertion of this into Eq. (A10) yields
61 =2 5 "t Iwfk O (S])

AU RSO

i. e. the same as in the body of this document.

In casek = n,we get

o0E _ 9E AX
oS" ~ oxp ds'-

From Eg. (Al), we get
0E _ 0 [15 yn_yy2|
axp ~ axpl 2% W7
=xX'-y '

Insertion of this into Eq. (A13) yields

E ds!-
From the definition obin Eqg.(A4), we get
- OE
3=,

and from Eqg. (10) we get

dxp

0 = f: N

ag = IS

and insertion of Egs. (A16)(A17) into (A15) yields
I =x"-wi'S),

i. e. the same as in the body of this document.
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