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Generalization

A cat that once sat on a hot stove
will never again sit on a hot stove
or on a cold one either.

Mark Twain
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Generalization

» The network mput-output mapping 1s
accurate for the training data and for test
data never seen before.

* The network interpolates well.
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o The network input-output mapping is
accurate for the training data and for
test data never seen before.

o The network interpolates well.



f Cause of Overfitting

Poor generalization is caused by using a
network that 1s too complex (too many
neurons/parameters). To have the best
performance we need to find the least complex
network that can represent the data (Ockham’s
Razor).
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Poor generalization is caused by using a
network that is too complex (too many
neurons/parameters).

To have the best performance we need to
find the least complex network that can
represent the data (Ockham’s Razor).



/ Ockham’s Razor

Find the simplest model that
explains the data.
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Find the simplest model that explains the data.
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/ Problem Statement

Training Set

ptif, bt} , ..., {PQ, tQ}

Underlying Function

tq B g(pq)+ €4

Performance Function

0
F(X)=E,= S (t,-a)(t-a)

qg=1
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PROBLEM STATEMENT

Training Set

bpti), btz , ..., Ipp to}

Underlying Function
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Poor Generalization

Overfitting  Extrapolation

Interpolation
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Good Generalization

Interpolation

Extrapolation
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Extrapolation in 2-D

/i i
7 ‘
: :::,o‘:‘..:::':“‘:“ t
2l “’ ‘ '!/
7 333\\\\%“ ‘4‘. m,

{"}\ ‘1_‘:0’0’1

3‘\‘:& “““"0
R S :“
\\\“\t “




Prepared by Kazim Fouladi | Fall2017 |2nd Edition

-

e:\.d-’—i

A 93 53 (2bo s

EXTRAPOLATION IN 2-D

e b b 5 0,8

casle (s 908 gub) wlaad 4l S8

—
’H}K



Y

LG gl SLOAS
(sHas SladSsd (u S pidaseas

Prepared by Kazim Fouladi | Fall2017 | 2nd Edition

P

.4\9..524ﬁtLAaJ‘JJ:\4Sc_\..-.ul@&f‘)ﬂaél.wQSAQJJWL;‘SJJSLSJJxL;)flg‘A:\AAJJl%:JLSI‘H

(Lag g 9aad) Lagy g slaad (a yS 3 gaas ()

u"‘s s Gwd 94
slagig, ol
. o L“_' A_’ o
Lbd,}ﬁ LS"\}‘AA‘ (.JAJS 3 gaae (\« GOl 3 psrars
plsias gy 3 g3
Early Stopping
Ogl 2 )Y 95,
Regularization







Measuring Generalization

Test Set

Part of the available data is set aside during the training
process.

After training, the network error on the test set is used as
a measure of generalization ability.

The test set must never be used in any way to train the
network, or even to select one network from a group
of candidate networks.

The test set must be representative of all situations for
which the network will be used.
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MEASURING GENERALIZATION
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/ Methods for Improving Generalization

* Pruning (removing neurons) until the
performance 1s degraded.

» Growing (adding neurons) until the
performance 1s adequate.

* Validation Methods
 Regularization

=N
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/ Early Stopping

« Break up data into training, validation, and test sets.

« Use only the training set to compute gradients and
determine weight updates.

« Compute the performance on the validation set at each
iteration of training.

 Stop training when the performance on the validation set
goes up for a specified number of iterations.

» Use the weights which achieved the lowest error on the
validation set.
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Early Stopping Example

~NValidation
F(x)

Training
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Regularization

Standard Performance Measure

F = E,
Performance Measure with Regularization

0 n
F = BED By (t,-a)(t-a)+ay ¥}

qg=1 i =1

Complexity Penalty

)Smaller weights means a smoother function(.
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Standard Performance Measure
F = E,

Performance Measure with Regularization

.Jd_i'a«SmOOth:J‘W».ﬁswﬁ)w‘)b‘.‘cl;c.}u&Jﬁwdjljﬁﬁ:teu&fom-:. JA‘.—JJG‘] :

0 n
T 2
F= BED+: p Z(tq_aq) (tq_aq)ﬂxzxi
g=1 i=1
/

b slagis olue ¢ sanse
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(Smaller weights means a smoother function.)
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Effect of Weight Changes

25K
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f Bayes’ Rule

P(B|A)P(A)

P(A|B) = P(B)

P(A) — Prior Probability. What we know about A before B 1s known.

P(A|B) — Posterior Probability. What we know about A
after we know the outcome of B.

P(BJA) — Conditional Probability (Likelihood Function).
Describes our knowledge of the system.

P(B) — Marginal Probability. A normalization factor.

\ e
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P(B|A)P(A)

P(A|B)= P0B)

P(A) — Prior Probability. What we know about A before B is known.

P(A|B) — Posterior Probability. What we know about A
after we know the outcome of B.

P(B|A) — Conditional Probability (Likelihood Function).
Describes our knowledge of the system.

P(B) — Marginal Probability. A normalization factor.



/ Example Problem

1% of the population have a certain disease.

A test for the disease 1s 80% accurate in detecting
the disease in people who have it.

10% of the time the test yields a false positive.

If you have a positive test, what 1s your
probability of having the disease?
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BAYES’ RULE

= 1% of the population have a certain disease.

= A test for the disease is 80% accurate in detecting the disease in people
who have it.

= 10% of the time the test yields a false positive.

= [fyou have a positive test, what is your probability of having the disease?
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/ Bayesian Analysis

P(B|A)P(A)

P(A|B)= 20

A — Event that you have the disease.

B — Event that you have a positive test.

P(4) =0.01
P(B|4)=0.8
P(B) = P(B|A)P(A) + P(B|~A)P(~4) = 0.8 0.01 + 0.1 0.99 = 0.107

P(BIA)P(A) _ 08 x0.0] _ 0748

PAIB) = —p5 0107
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BAYES’ RULE

P(B|A)P(A)
P(B)

P(A|B) =

A — Event that you have the disease.

B — Event that you have a positive test.

P(4) = 0.01
P(B|4) = 0.8
P(B) = P(B|A)P(A) + P(B|~A)P(~4) = 0.8 0.01 + 0.1 0.99 = 0.107

P(BIA)P(A) _ 08 x0.01 _ ¢ o748

PA1B) = —p05; 0.107
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Signal Plus Noise Example

t = x+ &
_ 1 £ _ 1 [_i
1 t—xzj At 0OAx)
t) = - -
e mexp[ 2o M = =75
fxp)
A
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SIGNAL PLUS NOISE EXAMPLE
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/ NN Bayesian Framework

(MacKay 92)

ol

Posterior ~— Prior

} l |
P
P(X| D, B M) = 22 '?&& (AX)()XM)

.

Normalization
(Evidence)

D - Data Set
M - Neural Network Model
x - Vector of Network Weights
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NN BAYESIAN FRAMEWORK

(MacKay 92)
Posterior Likelilhood l/ Prior
}
X P(x
POX|D, B, M) = ELI% B M7 (X]or, M)
J P(Dlo, B, M)
Joli ‘)‘J‘)..s
Laoubl 5 Lag sy (s4as
SOy LNormalization
(Evidence)
D - Data Set

M - Neural Network Model (¥ 52508 gu0s slaad [ lag¥ ulass)

x - Vector of Network Weights
o, P - Regularization Parameters
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Gaussian Assumptions

Gaussian Noise

1 /
P(DIX. By M) = 75 exp(-B Ep) ZyB) = (2n62) " = (w/p )

Gaussian Prior:

1

P(X |a, M) =ZW(a)eXp(—(xEW) Z o) = (2chsfv)n/2 = (n /o)

| 1
Z D Z,B )exp(—(BED toEy))

POX] D, a.p. M) = Normalization Factor B Z (o, B )eXp( _FT )

F=BE +takEy, [Minimize F to Maximize P.]

N .
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(GAUSSIAN ASSUMPTIONS 1
Gaussian Noise B="or
! 2 N2 N /2
P(DI|x, B, M) = ZD(B) exp(—B Ep ) ZD(B) = (2no ) = (n/B)
Gaussian Prior: N=0xS"
1

n/2

Px|a, M) = ZW(a)eXp(_aEW) Z o) = (ZTEva)n/Z = (n/a)

1
L exp((PE, +aEy)) R
exp o
P(x|D,a,p. i) = 2D D0 S S
Normalization Factor Z(a,B) W
F=BEy+taky, [ Minimize F to Maximize P.
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Optimizing Regularization Parameters

Evidence from First Level

|
P(D|o, B, M)P(at, B|M)
P(D|M)

Second Level
of Inference

.
immmaM%=

P(DIX,B, M)P(X|a, M)
P(X |D, o, B, M)

(L]

Evidence: P(D|o,B,M) =
1

Z o)

Ze(a py FOD)

_ Z(o, B) .exp(—BED—ocEW): Z(a,P)
ZpB X)) exp(~F(X)) Zp(B)Zy (o)

eXP (ot EW)]

1
Zp(B)

Zp(a,B) 1s the only unknown 1n this expression.

\ .
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OPTIMIZING REGULARIZATION PARAMETERS

Lasals 535 5 B s O slasial ks cnaeds (10 oal, 5330 rdun
SV el S Ha g0 Julas 4 jli <= Evidence frorrI First Level
Second Level P(D|o, B, M)P (o, B|M)
P(a. pID. 1) = 221 |
of Inference P(D|M)

P(D|X,B, M)P(X|a, M)
P(X |D, o, B, M)

oYlaial ghan (o sl 2,5 L [ZD(B ) P (P ED):I[ZWI(Q)GXP(_OLEW)]

Evidence: P(D|o,B,M) =

Zion py )

Zp(o,B)  exXp(-BE,-0Ey)  Za,p)
ZpBVyla)  exp(-F(X)  Zp(B)Zy(a)

Zg(a,B) 1s the only unknown in this expression.
e B sl b L, Zp
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Quadratic Approximation

Taylor series expansion:
1
F(X)~ F(XMP) +5(X - xMP)THMP(x_ xMP) H =BV2E, +aV2E,
Substituting into previous posterior density function:

P(X|D, o, B, M)zZLeXp [—F(XMP) _%(x_ xMPYTHMP (x xMP)]
F

P(X|D, o, B, M) = {Lexp (-Femry) }exp

Z

_l(x _ XMP)THMP(X _XMP):I
7 2

Equate with standard Gaussian density:

P(X) = 1 -exp(_%(x_ XMP) THMP(X _XMP))
Jm ||

Comparing to previous equation, we have:

p-1 1/2
Zp(a,B)=(2m) )
\

n/2

(det((H"y 1)) exp(-F(xMPY)
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QUADRATIC APPROXIMATION

Taylor series eXpansion:  iw oLulS s ss e s IS8 F ol aas o Jsa sk s b
F(X)~ F(XMP) + %(x_ XMP)THMP(X_ XMP) H - BVzED +ocV2EW
Substituting into previous posterior density function: JERIKIES

P(X|D, o, B, M)~ Ziexp [_ F(XMPy _ %( x — xMPyTHMP(x _ XMP)]

F

P(X|D, o, B M) = {LGXP (-FxiPy) }exp (=X I x|

Zp

Equate with standard Gaussian density:

1 1
P(X) = — 71-exp —5(X— XMPY THMP(X _XMP))
Jn )]
Comparing to previous equation, we have:

Z (o, B)~(2m)" "
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Optimum Parameters

If we make this substitution for Z in the expression for the
evidence and then take the derivative with respect to o and
B to locate the minimum we find:

oMP Y BMP - N-vy

2E,(x") 2 (x")

Effective Number of Parameters

-1
Y = n —2aMPtr(HMP)
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OPTIMUM PARAMETERS

If we make this substitution for Z in the expression for the evidence
and then take the derivative
with respect to o and P to locate the minimum we find:

MP Y BMP _ N —y
MP. MP,
2EW(X ) 2ED(X )

La el 5y 55 5o aluas
Effective Number of Parameters
$d o oaliis) 3o Hsbods Uad Asls (uls GEalS u (Gebls [ 00s) S slasial )k 5 sulass 4o

HMPy !

)

Y =n —ZOLMPtr(
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Gauss-Newton Approximation

It can be expensive to compute the Hessian matrix.

Try the Gauss-Newton Approximation.

H = v2Fx) =28 I+ 20l

This is readily available if the Levenberg-Marquardt
algorithm 1s used for training,.
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GAUSS-NEWTON APPROXIMATION

It can be expensive to compute the Hessian matrix.

Try the Gauss-Newton Approximation.

H = v27rx) = 283 I+ 20l

et o le (5l B

This 1s readily available if the Levenberg-Marquardt algorithm
is used for training.
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Algorithm (GNBR)

1. Initialize o, B and the weights.
2. Take one step of Levenberg-Marquardt to minimize F(w).

3. Compute the effective number of parameters
v =n— 2o tr(H-1), using the Gauss-Newton approximation
for H.

4. Compute new estimates of the regularization parameters
o =v/(2Ey) and B = (N —-Y)/(2E)).

5. Iterate steps 1-3 until convergence.
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GAUSS-NEWTON BAYESIAN REGULARIZATION ALGORITHM (GNBR)

1B oS Ghas b (e G sle 88 Sl aaliiwl b ¢ sl 0 5¥ S5 510 s oo ol

Sikaislaoss 1. Initialize o, B and the weights.

Fseuse 20 Take one step of Levenberg-Marquardt to minimize F(w).
F(w)=BE, +0kE,

v<s 3. Compute the effective number of parameters
0<y<n v =n-— 2o tr(H1),
using the Gauss-Newton approximation for H.

Psaswwt= 4, Compute new estimates of the regularization parameters
o =v/(2Ey) and B = (N —vy)/(2Ep).

2S5, |terate steps 1-3 until convergence.
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/ Checks of Performance

» Ifvyis very close to n, then the network may be too small.

* Add more hidden layer neurons and retrain.

 [f the larger network has the same final vy, then the smaller
network was large enough.

» Otherwise, increase the number of hidden neurons.

» If anetwork is sufficiently large, then a larger network will
achieve comparable values for vy, £, and Ejy
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CHECKS OF PERFORMANCE

o Ifyis very close to n, then the network may be too small.

o Add more hidden layer neurons and retrain.

o If the larger network has the same final vy, then the
smaller network was large enough.

o Otherwise, increase the number of hidden neurons.

o If anetwork is sufficiently large, then a larger network
will achieve comparable values for y, £, and E.
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GNBR Example

a/B=0.0137
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GNBR EXAMPLE

a/f=0.0137 1-20-1 cesos

T -0.8 -06 -0.4 -0.2 0 02 0.4 06 08 1

—
3 ”}; b/
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10°
Ep
10°
Training
107
10° 10’ 10° 10°
Iteration
107"
107
107 OL/ B
10" : .
10° 10’ 10° 10°
Iteration

Convergence of GNBR

10°
10°} ED 3
10 Testing
10" : -
10° 10' 10° 10°
Iteration
10°
10° ; s
10° 10" 10° 10°
Iteration

75
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CONVERGENCE OF GNBR

10° . 10’
1-20-1 seos
; L.):)J AP
. 10°}
10° |
10’
-2
107}
o 1 I? 3 100 o 1 2 3
10 10 10 10 10 10 10 10
10" 10°
-2
10 .

10'l | 52 = LEILQ.J 'Y
10° (058 7N SN 0ds P )
107 . . 10° ) .

10° 10’ 10° 10° 10° 10" 10° 10°

Tb/ e olilae + (55100 1 SEH5 (4Sd plas



@nnd'l?rbreg - *
Eile Edit Miew Insert Tools Desktop  Window Help N

MATLAB

>> nndl3breg
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Linear Network

Input Linear Neuron
r N A
P a
Rx1 W \ Sx1'
SXR n 7'Z
Sx 1 a = purelin(Wp+b) = Wp+b
1 b %
R Sx1 S
'/ \ J
a = purelin(Wp+b)
wi,l
; 3 T r w.
a; = purelin(n;) = purelin(;(W p+b;) = wWp+b wo= |52
wi, R

\

81
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PENPILN.
LINEAR NETWORK
Input Linear Neuron
N\ h
p a
] W \ Sx1 >
SXR n 7'Z :
j 5T a = purelin(Wp+b) = Wp+b
1-P{ b
% R Sx1 S
NN J
- a = purelin(Wp+b)
E Ws i
r g L
] a; = purelin(n;) = purelin(;W p+b;) = W p+b s WI;Q
Vi R

P




/
Performance Index

Training Set:
{Puty, P2t} ..., {Poto}

Input: P, Target: t,

Notation:
X = |:1W:| 7 = [p] a — 1VVTp +b |::> a = XTZ
b 1

Mean Square Error:
F(x)= E[¢’] = E[(1—a)’] = E[(t-X"2)"] =E,
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PERFORMANCE INDEX

Training Set:
{Puty, P2t} ..., {Poto}
Input: P, Target: t,
Notation:
_ T T
X = 1W 7 = p] a — W p +b a = X Z
[b] [1 ! t

Mean Square Error:

F(x)= E[e'] = E[(t-a)’] = E[(t-x"2)’] =E,

Prepared by Kazim Fouladi | Fall2017 |2nd Edition
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/ Error Analysis

F(x)= E[¢'] = E[(t-a)’'] = E[(t-x"z)"]
F(X)= E[t2—2thz+xTzsz]

F(x) = E[£]-2xTE[tz] +xTE[zz" ]x

[F(x) - ¢-2x h+ x' Rx ]

¢c = E#]  h=Eua] R = E[zz']

The mean square error for the Linear Network is a
quadratic function:

F(x) = c+ d'x + %xTAx

d = 2h A = 2R
N
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ERROR ANALYSIS

F(x)= E[¢’] = E[(t—a)’] = E[(t—x"z)"]
F(x)= E[t2—2thz+xTzsz]

F(x) = E[7]-2xTE[tz] +xTE[zz" ]x

F(x) =c¢ —2x h+ x'Rx

T
¢ = E[£] h = E[1z] R = E[zz ]
The mean square error for the Linear Network is a quadratic function:

F(x) = c+ d'x + %xTAx

Prepared by Kazim Fouladi | Fall2017 |2nd Edition
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/ Example

Inputs  Two-Input Neuron {plz 1’t1:1} (Probability = 0.75)
r N A 1

{pz = [_1] Iy = 1} (Probability = 0.25)
B 1

F(x) =c-2x"h+x'Rx =E,

NN J L )
a = purelin(Wp+h) c = E[r] = (1)°(0.75)+ (-1)7(0.25) = 1

h = E[iz] = (0.75)(1)[1] +(0.25)(1)[1] = [1]
| 1 0.5

R = E[zz]] = plplT(O.75)+ p2p2T(0.25)

= 075 H [ ] +o02s [11] [11]- [0%5 01-5]
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Jlie
EXAMPLE
{pl = H 1= 1} (Probability = 0.75)
Inputs  Two-Input Neuron 1
N\ N

{p )= [1] .1, =—1} (Probabilty = 0.25)
P Wi 1

> Z n ' 74 a I

2% lb F(x) = c-2x"h+x'Rx =E,

/ J 5 5 5
a = purelin(Wp+Db) c = E[r] = (1)(075)+ (-1)7(0.25) = 1

= Elz] = (0.75)(1)[]+(025)( 1)[ ] [ ]
0.5

R = E[zz'] = p pT(O.75)+p pT(O.25)

oas 16 o] 00 3- [,
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Performance Contour

Optimum Point (Maximum Likelihood) Hessian Matrix
s L ) e[
05 1] |o. 0 12
Eigenvalues
2-0 1

| A_M| = = W An+3= (h—1)(A-3) = M=1, =3

2 -
Eigenvectors

[A-ar]v =0
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PERFORMANCE CONTOUR
Optimum Point (Maximum Likelihood) Hessian Matrix
ML -1
05 1] |o. 0 12
Eigenvalues
|A_M|= 2%21}» =W ahH3= A-D(A-3) 2> M=1, A=

Eigenvectors

[A-ar]v =0
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Contour Plot of £,

o
T
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CONTOUR PLOT OF E2
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Xp+1 =

Steepest Descent Trajectory

Xp—ogr = Xk—OL(AXk+ d)

X; —oA(X, + A_ld) = X, —aA(X, — x*

)

— [I—OLA]Xk+()LAXML = Mxk+[I—M]xML M = [I—ocA]]

X, = Mx,+[1I- M]XML

X, = Mx, +1-mx"*

= M xg+ M[I-M]x" " +[I-M]x "

2 ML 2 ML ML ML
=Mx,+tMx -Mx +x -Mx

2 ML
= Mx,+x -M'x

XM= MPxo +[1-M7]x

[Xk = kao +[I—Mk]xML J

ML
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STEEPEST DESCENT TRAJECTORY

Xp+1 = Xp—0gr = Xk—OL(AXk—i-d)

- Xk—ocA(XkJrA_ld) = Xk—ocA(Xk—XML)

ML

— [I-aA]x, +aAX = = Mx, +[I-M]x [M - [I—ocA]]

x, = Mx, +[I—M]XML

X, = Mx, +[I—M]XML

= Mxy + M[I-M]x"" +[1-Mx""

2 ML 2 ML ML ML
=Mx0+Mx ~-Mx +x —Mx

ML 2_ML

= M2x0+x -M'x" " = M2x0+[I—M2]xML
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Regularization

F(X) = Ep+pEy  (p=0/p)

1 T
Ew = 5(X =Xg) (X-Xp)

To locate the minimum point, set the gradient to zero.
VAX) = VE,+pVEy

VE, = (X —Xq) VE,= Ax -x "5

VAX)= Ax x5 1px-x,)=0
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REGULARIZATION

F(X) = Ep+pEy  (p=a/p)

1 T
Ew = 5(X -Xg) (X-Xp)
To locate the minimum point, set the gradient to zero.
VAX)= VE,+pVEy

VE, = (X —X() VE,= Ax-x"5

VAX) = Ax-x"") +px-x) = 0
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B

X

MP

A(Xx

MAP - ML

M P ML MP M P ML M.
—x"y = pxM” —xg) = p(xM T xM e xM o xp)

MP ML ML
= -p(x X )-p(x  —Xp)

(A +pD)(xMP _xMhy = p(x - x"h)
(xMP _xMy = p(A+pD)7(x, - xMH)

xML _ p(A +pI)_1xML +p(A + pI)_le = xML _MpoL +M

M, = p(A +pI)"!

MP ML
X =Mpx0+[I_Mp]x ]

p

X

0

97
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MAP - ML

XMP
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P

A(x

M P ML ML ML

MP M P
-X ) = —p(x -Xy) = —p(X -X +X T —Xq)

= —p(x"" —xMh - p(xM - xg)
(A +pD)(xM? _xMhy = p(x, - xMh
(xMP_xMy = p(A+pD(x, - xMh)

xML_ oA +pl )y IxME 4 p(A + pI)_lx0 = xML _MpXML +Mpx0

M = p(A +pl) !

xMP o _ Mpx0+[I_Mp]xML




/ Early Stopping — Regularization

M =[1-cA] M, = p(A +pl)!

Eigenvalues of M¥:

[I-aAlz, =z,-0Az, = z,-a)lz, = (1l -akr)z,
\V_/

z, - eigenvector of A Eigenvalues of M

1

A, -eigenvalue of A

1

cigM") = (1-an)F

Eigenvalues of M;:

eig( Mp) = O“L‘i‘p)

=N

99
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EARLY STOPPING — REGULARIZATION

X, = Mbx, +[1- MHx"E } [ XMP M x, +[1- M JxM

M =[I-aA] M = p(A +pl)!

Eigenvalues of M¥:

[I-0Alz, =z,-aAz;, = z,-a)rz, = (l-ak)z,
\f__/

z; - eigenvector of A Eigenvalues of M

1

A, - eigenvalue of A

cigM") = (1-an)¥

Eigenvalues of M,;:

cigMy) =

Prepared by Kazim Fouladi | Fall2017 |2nd Edition
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, R
f Reg. Parameter — Iteration Number

M*and M, have the same eigenvectors. They would be
equal if their eigenvalues were equal.

P k : ] A
T (1-ak)) Taking log : —1og(1+ 5) = klog(1-al )

Since these are equal at A; = 0, they are always equal if the
slopes are equal.

1 ko, (1-ak))

1
- L (~a) 1
( x>p T—ak, e SR

1+ -
p

If a; and A /p are small, then:

ok = 1 (Increasing the number of iterations is equivalent to
decreasing the regularization parameter!)

N p Y,
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REG. PARAMETER — ITERATION NUMBER
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&
&

M*and M, have the same eigenvectors. They would be
equal if their eigenvalues were equal.

P _ k : . A
Grpy - (7oA Taking log : —log(l-i-a) = klog(1-0a )

i

Since these are equal at A; = 0, they are always equal if the
slopes are equal.

(1-0ad)

he=> ——— = —— _(—a) _ 1
S ( k‘)p 1—oh, —— ak_‘;m

1+ =
p

If oA, and A /p are small, then:

sl & gl 50,5¥ 6K SRell GRalK L Julae La 1SS ol 3
ok = (Increasing the number of iterations is equivalent to
P decreasing the regularization parameter!)
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Inputs

'

\

Example

Two-Input Neuron {
Vs ~N {pl = i 4= 1} (Probability = 0.75)
Wi {pz = |:_1:|, L, = —1} (Probability = 0.25)

n a '
XA 1
wi, | b
F(X) = Ep+ pE

! J 7”,V |7

a = purelin(Wp+b) Ep=c+x d+§x Ax

VZAX) = V2E ,+ pV2E,, = [2j+p[1 0] = [2“’ ! ]
1 01 1 2+

103
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REG. PARAMETER — ITERATION NUMBER

_ 11 _
Inputs  Two-Input Neuron {pl - |:J» L= 1} (Probability = 0.75)
r N7 A\

P, } EREE {pz = [ﬂ t, = —1} (Probability = 0.25)
-y /1 2
W, , lz’;

P

F(X) = Ep+pE

/U J
S a = purelin(Wp+Db) W
g - . |7
& Ep=ctx d+5x AXx
5 E =—XTX c=1 d2h|:2] A =2R = [2 1]
" -1 12
§ sz(x) = VzED+pszW: |:2j+p|:1 O] _ [2+p 1 ]

R

1 01 1 2+

-
)U};ﬁb/



p=0,2,0
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REG. PARAMETER — ITERATION NUMBER

0.5¢

-0.5 0 0.5 1 1.5



-0.5

P=0—>o0

0.5¢

0.5

1.5
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REG. PARAMETER — ITERATION NUMBER
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Steepest Descent Path

051

-05
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REG. PARAMETER — ITERATION NUMBER

1 T T
_ (04
=5
A5 LSD geais 057 1 Oselo¥ S, el
‘)l:t.uu.i) 4.:‘_4.7.@ ¢ ‘:&AJJ:)
st (L Su
oS Sl SlSsolas O 7
b X,
%
L Joles
P s S, sl Llase
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Eile Edit Miew Insert Tools Desktop  Window Help N

..

MATLAB

>> nndl3esr
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/ Eftective Number of Parameters

Yy =n- 20LMP'[Y{(HMP)1}

H(x) = V’F(X) =BV2Ep+aV2E,, = BV2Ep +2al
tryH 1y = : !
D' B, +2a

i=1

n n 7\/
— w26 MPE] (HMP) p
Y= -2 {( } Z x+2a T
i=1

Effective number of parameters will equal number of large eigenvalues of the Hessian.

_ pr, _ & LT
VT X pnt2a XU T B 20 Vel

K i=1 i=1 /
112
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EFFECTIVE NUMBER OF PARAMETERS
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P

Y =n- QOLMPtr{( HMP)I}

H(x) = V’F(X) =BV2Ep+aV2E,, = BV2E), +2al

n 1
D I P
i=1

- no2 nB,
[ {( ) } "2 pht2a | 2Pk 2a
i=1 i=1

Effective number of parameters will equal number of large eigenvalues of the Hessian.

_ L — 1
Y= T ¥; Vi T o V<y.<1
2 p o 2T © B, + 20 Y
i=1 i=1
el VZER(X) s G 53le (S 31 558) S50 s85m5 soolie alasd = La el s 55 alaas
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Objectives

One of the key i

aumber of neurons to use, 1.- wlfect, u;.r.l- dwd:]-:!n‘- «.u..lup..-

In Chaptes 11 we showed that H'the number of peurens b to largs, the nst-
werk will overfit the Lﬂb\iqunb This means that the error an the train-

ing dota will be very small,

wt the wetwork will fail to perform os well

when preseated with new data, A network that mmhuu well will per-

form a2 well on uud.nmundmennumamgdn
Th i 1 ek i ined by the

rameters that it hu iweights and biases), which in turn is Amrulmd by
the number of peurcns. If o network i too complex for lmd.ahnm
genernlizati

then it is likely to everdlt and to have poor

I this chapter we will see that we can adjust the complexity of a nstwark
to fit the complexity of the datn. In addition, this ean be done without
ehanging the number of peurons. We can adjust the effective number of
fres paramaeters without changing the actunl number of free parnmeters.
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