[Chap. 4 MLP =HE

Simplified structure of interconnected neurons

2-2-1 for 16 boolean fctns
No jump connection; no feedback connection

AF 0 R YR A A ZE ]
High-level abstractions (representations) of
the front input patterns

“linear algebra’s linear algebra
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http://tw.dictionary.yahoo.com/dictionary?p=Feedforward+
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[ m |t has been shown ]

= that only one layer of hidden units sufices to
approximate any function with finitely many
discontinuities to arbitrary precision,
provided the activation functions of the
hidden units are non-linear (the universal
approximation theorem).

= (Hornik, Stinchcombe, & White, 1989;
Funahashi, 1989; Cybenko, 1989; Hartman,
Keeler, & Kowalski, 1990)
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http://tw.dictionary.yahoo.com/search?ei=UTF-8&p=suffice

[Chapter 4. Hidden tree in MLP

Kolmogorov theorem
Existence theorem

He did not show how to implement it?

An operational solution Is lack.

Even exists such sol, it will be too
much complex to operate.
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[Hidden tree

Pruning neurons

1. two neurons both with the same or
reverse responses to all patterns,

2. delete a neuron has a same
response to all patterns. Delete |it.

3. delete useless neurons 47l|[5]%E data

4 delete a neuron will not generate any
mixed ambiguity cells. fF{E455E
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[Day 6/ 17 #EE NetTalk 1987 wiki |
= Perceptron 1943

= LMS learning = Widraw learning 1960
= Webro 1974 (Harvard)
Backpropagation

LMS 50Yr Celebration Presentation Paul
Werbos part 1 (videos 2009/06/17 [JCNN)

x 1986 a “renaissance” in the field
Book by Rumelhart, Hinton and Williams

1986%4 )& neurons £ KW EEE T
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http://papers.cnl.salk.edu/PDFs/Parallel Networks That Learn to Pronounce English Text 1987-3351.pdf
http://en.wikipedia.org/wiki/NETtalk_(artificial_neural_network)
http://en.wikipedia.org/wiki/Backpropagation
http://www.youtube.com/watch?v=-0-HcQtOFtw
http://www.youtube.com/watch?v=-0-HcQtOFtw
http://www.youtube.com/watch?v=-0-HcQtOFtw
http://www.youtube.com/watch?v=-0-HcQtOFtw
http://en.wikipedia.org/wiki/David_Rumelhart
http://en.wikipedia.org/wiki/David_E._Rumelhart
http://en.wikipedia.org/wiki/Geoffrey_E._Hinton

[NetTaIk B P43 st e & BFT R B R I A ]

= BP SECIRERZHFTHR BESHATE

m BP : solve one type of credit assignment
problem (EHY homework)

= Chemistry application prediction of disulfide
binding state

m  http://www.uow.edu.au/~markus/teaching/C
SCI323/Lecture MLP.pdf
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http://www.cogs.susx.ac.uk/users/andrewop/Courses/NN/NNs5_6_MLP.ppt
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http://www.cogs.susx.ac.uk/users/andrewop/Courses/NN/NNs5_6_MLP.ppt
http://www.cogs.susx.ac.uk/users/andrewop/Courses/NN/NNs5_6_MLP.ppt
http://www.uow.edu.au/~markus/teaching/CSCI323/Lecture_MLP.pdf
http://www.uow.edu.au/~markus/teaching/CSCI323/Lecture_MLP.pdf

[Day 6/17 NetTalk ]

= From where does its mysterious power
come ?

= None of the existing methods or
contemporary technologies can
accomplish such pronunciation task
95% corrections.

= Discovers #H R E (regularity 80%) i
sCIFEA LA

CSIE 5052 922 U1180 neural networks by C.-Y. Liou 9



http://papers.cnl.salk.edu/PDFs/Parallel Networks That Learn to Pronounce English Text 1987-3351.pdf

[NetTaIk ]

= Discovers #1HI[8(L (regularity 80%) i Zc(+
AFHANEAL

= FIYMER: rule based J77AK50
m  formal system 7554

» logic &34

= SRR

m RN FaTRRN
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http://papers.cnl.salk.edu/PDFs/Parallel Networks That Learn to Pronounce English Text 1987-3351.pdf

[NetTalk shows MLP by LMS

Autonomously exploits useful hidden
structures in training dataset; such as

vowels and consonants.
Discovers hidden structures (regularity 80%)
Utilizes those implicit structure + {34531

utilizes those structures to simplify the
problem drastically.

CSIE 5052 922 U1180 neural networks by C.-Y. Liou ;



[Chapter 4 showed, suggested

[t LS [ 4L (REEE)EAY Boltzmann

World not imposed from the above God,
World merged from the low,
(33.00min in video)
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http://video.google.com/videoplay?docid=1900129797336249123&q=serre+oliva+poggio&pr=goog-sl

[Hidden tree

Coding cell =\ “f~ & binary number
A& Minsky FTaEiiHY 2
Neuron 5 MSB and LSB 4'&

~

Neuron does not understand number.

Neurons use representations to solve
problem.

(101)" =\ 1X2"2+0X2"1+1X2"0=7

CSIE 5052 922 U1180 neural networks by C.-Y. Liou  ;
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Chap. 4: MLP tree

Over simplified neural structure
No jump connections;
no feedback connections
Capable of high-level logical abstraction
May be called a kind of
5547 machine’ or ‘“474H machine’

or ‘a self-tuning 4744 machine’
CSIE 5052 922 U1180 neural networks by C.-Y. Liou ,




[Finest areas of the first hidden layer

are cells, ZE[E]#; perceptrons V)2l &5z 417
—cell A5 4fi—4H data

or patches Z%[HEEZ AR polyhedral

or building blocks of succeeding layers
Merge - merge - merge layer by layer
Coding - coding - coding =2
Combining 454& - combining - combining
Piling - piling - piling 2>
Grouping = grouping -> grouping -»>

15
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[Finest areas of the first hidden layer

HE (L data space HYE4EZE ]
R

Cell 4R 159512 55— @E ()=
hidden layers HFH7E— & cell BY&F55 2%

training 35 A J545 data training T f&51{k
& S af

5 g 815 Z5(_F) & hidden layers #5485
/FTE%‘{E EIEQI\QQ jt‘?fE Eﬁi HU§[§HU/[\

CSIE 5052 922 U1180 neural networks by C.-Y. Liou
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[Each cell in 2-3-3-1 network

Each cell has a polyhedron shape and
also a convex shape (first hidden layer)

Neighborhood cells are different in one
bit, in one &7 line

Total number # of cells for J hyper-
planes in n dimensional space Is

#(J.n)== {k=03M{n} (J,k)

CSIE 5052 922 U1180 neural networks by C.-Y. Liou



[Equivalent Isomorphism

s F—J2hidden layer Z'S |G FHF(E450E
= #,n)=2_{k=0MN{n}(()/k) BYF(ELS
= Xun Dong

m polyhedral complex

m The bounded complex of a hyperplane
arrangement

= Xun Dong HYZ{E S E 24

13
3334

CSIE 5052 922 U1180 neural networks by C.-Y. Liou
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polyhedral%20complex%20xdong.pdf
polyhedral%20complex%20xdong.pdf
http://www.sciencedirect.com/science?_ob=ArticleURL&_udi=B6WHS-4PPNM3K-1&_user=7761201&_rdoc=1&_fmt=&_orig=search&_sort=d&_docanchor=&view=c&_searchStrId=1017325515&_rerunOrigin=scholar.google&_acct=C000051951&_version=1&_urlVersion=0&_userid=7761201&md5=
http://www.sciencedirect.com/science?_ob=ArticleURL&_udi=B6WHS-4PPNM3K-1&_user=7761201&_rdoc=1&_fmt=&_orig=search&_sort=d&_docanchor=&view=c&_searchStrId=1017325515&_rerunOrigin=scholar.google&_acct=C000051951&_version=1&_urlVersion=0&_userid=7761201&md5=
http://www.sciencedirect.com/science?_ob=ArticleURL&_udi=B6WHS-4PPNM3K-1&_user=7761201&_rdoc=1&_fmt=&_orig=search&_sort=d&_docanchor=&view=c&_searchStrId=1017325515&_rerunOrigin=scholar.google&_acct=C000051951&_version=1&_urlVersion=0&_userid=7761201&md5=
http://www.sciencedirect.com/science?_ob=ArticleURL&_udi=B6WHS-4PPNM3K-1&_user=7761201&_rdoc=1&_fmt=&_orig=search&_sort=d&_docanchor=&view=c&_searchStrId=1017325515&_rerunOrigin=scholar.google&_acct=C000051951&_version=1&_urlVersion=0&_userid=7761201&md5=

[Hidden tree ZHE cells BY4H & 4dtE

There are so many

rules among cells.

SIS ARk T AdmaE —EE cells.

There exist equivalent parts in the

hidden tree structure.

This tree reveals al
relations of cells In

One can see the re

geometrical
nyperspace &-H~Fl.

ations. ¥ EHR A
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[Statistics and probabllity ways

e (i cells B A A EREERY I E cell
Yy data R gE Ry B Al —3H
MLP perceptrons &g [E4idH 28 i
MLP HpmH #8R=0 #R=1 RifeiH

AR #%2=0.3 JZKHH
&= MLP tree m] DIHkH, ambiguity cells 1%
=0..3 /Y cells
HEE #%2=0..3 JH cells B $F¥EHER] cell

j:lj le:IC’:.‘TE 5052 922 U1180 neural networks by C.-Y. Liou




[Statistics and probability ways

ARIEZNIARER %
A A T R B RSB 2

A <0.5 cells B 25 >0.5 cells 47 Rl
E AT A ERY 87 o] DUECE] global

minimum E.

CSIE 5052 922 U1180 neural networks by C.-Y. Liou  ,;



[Statistics and probabllity ways

Cells 73 =1&157 /7l (Z1& 75 HFiE )

1. 42 cells 41 Chap.4 AKX

2. i 5 cells + KR cells

Sel@ &R E cells FHEEHEIEHR cells
3. 4kt cells HE = Hig

= <0.5 cells B 75k >0.5 cells 47 R
e EANERYFEE v PUEE] global

minimum E.
CSIE 5052 922 U1180 neural networks by C.-Y. Liou ,,




[Minsky ]

= Neurons do not know 12 (8§=&) comes
from,12=7+57? , see video 39.50 37.48

= Neurons do not know numbers.

= Neurons use representations to solve
problem.

= PJJE| input space f5 & & = (B &) L2

CSIE 5052 922 U1180 neural networks by C.-Y. Liou  ,;



http://mitworld.mit.edu/video/484

[MLP tree & logic

Can express any Boolean fctn by
Iterative logic fctn F1(F2(F3(X)))

#Eug (and, or) L FF 2 nest Z#{E

Tree =

logic relations in spatial space. 44k 45+

Marriage gl logic and geometric relations
Logic may have no spatial content,
Conversely, space has no logic content

BN

&£l X space into finest cells

and coding them
Combine coded cells into high-level codes

CSIE 5052 922 U1180 neural networks by C.-Y. Liou ,,



[I\/ILP

Marriage of logic and geometric space
ZEfE 4Rk L Logic & Logic {HEL F]
] Logic H)]

MLP tree &Y% A[7E ) data Z=5[E] 451
Piling = piling - piling -

Grouping = grouping -2 grouping -2

CSIE 5052 922 U1180 neural networks by C.-Y. Liou



[Hidden tree

Codes of areas are symbols.
Codes are not binary numbers.

Neurons develop symbols to solve
problem.

Neurons do not understand numbers.
Neurons do not understand probabillity.

Neurons do not use probability to solve
problem < - Bayes.

CSIE 5052 922 U1180 neural networks by C.-Y. Liou 5




/Y

| MLP izt logic Py

Even more,
neurons do not understand logic.

Neurons use group force
(representatlons) collectively to solve
77 97E problems.

& Logic & FI|H Logic #HE)

CSIE 5052 922 U1180 neural networks by C.-Y. Liou  ,,



[I\/ILP tree: constructive way

MSB LSB neurons

Redundant neurons

Retrain locally and use local data
Divide and conquer

Constructive way

BP errors tend to get lost in front
layers

CSIE 5052 922 U1180 neural networks by C.-Y. Liou 5



[Tree nodes are representations

1-bit neighbors, [F—1F&ER4E,
Tree support 375 dataset 2545+ spatial
structure

FHADATHY AR data m]gERR N RE RISR RATE
Hamming dist.=2
2-bit neighbors,
1-bit neighbors’ neighbors
excluding itself and 1-bit neighbors

CSIE 5052 922 U1180 neural networks by C.-Y. Liou




[Notes on BP and MLP

1. 47E% grouping of output vectors of
first hidden layer by PCA H{{< binary
tree in NetTalk o] FH HH & H47Ef

2. Mark each sample in PCA with its
error (Fo0n), B iR ARk}
SAFFEHAEWEEREE T (RIER)
4. Pk H A o7 JEHYE R} samples 5517
n AP

CSIE 5052 922 U1180 neural networks by C.-Y. Liou 4




[\Iotes on BP and MLP

5.5 M A LHYHRFBI B A KR AL

HEACEREEHVH—4H neurons
(majority), see NetTalk

6. {CFEERFEEETH, MSB LSB neurons
a%}% 5l|%% LSB neurons (MSB A & &)

7. SREE DR A SR Y24 (E hyper-

planes — B3ty PUBEILES

Ilrn

CSIE 5052 922 U1180 neural networks by C.-Y. Liou 5,



[\Iotes on BP and MLP

8. | weight I~~0 [& pl|4% 21 75% weight fE4&

a2 fi AX
RFE G F7E | weight I~~0 RTEE B 5%

ASE hoise B\ fitfE = 1 B aUERYBE
(I

EHL 5 ez

=1\ A | weight I~~0 {{3& don’t

care fE4gim A &R BEREETE (BP &lF

& MSE 7igpk ~~0 W) [Eim i A=kt
e

Zah~~0 (£ A=

CSIE 5052 922 U1180 neural networks by C.-Y. Liou 5,



[Notes on BP and MLP

8. 4! | weight I~~0 #YF+H neurons

| weight [~~0 {{3& don’t care s A &R} &R}

EFJE (BP BIZ{K MSE A& ~~0 )
fErpEim A &R AT ~~0 B{Eim A&
ol

0. f—sampletZ |- £ =Y label codes

10. A hard-limit £E&.4&— sample HY error
error=0 #Y sample BP-~M&1E

_a

CSIE 5052 922 U1180 neural networks by C.-Y. Liou



[I\/ILP 2K A HI | ]

= Practically, n_1>>n 2>>n 3

= The number of neurons in the first
hidden layer is much larger than that in
the second hidden layer.

= The number of neurons in the first
hidden layer Is estimated n_1=2n+1 .
Komogorov theory 1957 Poggio(MIT)

m Nash’s Embedding Theorem on 2n+1
CSIE 5052 922 U1180 neural networks by C.-Y. Liou  **



http://cbcl.mit.edu/projects/cbcl/people/poggio/journals/girosi-poggio-NeuralComputation-1989.pdf
http://cseweb.ucsd.edu/~naverma/manifold/nash.pdf

[Conclusions of hidden tree

The most important conclusion of Chapter 4
on hidden tree is:

“To get perfect performance (100%
correction; global solution) on training
dataset, the MLP must be accomplished in a
bottom-up manner.”

Any BP algorithm will converge to a local
minimum solution. BP errors will get lost In
front layers.

CSIE 5052 922 U1180 neural networks by C.-Y. Liou



[Chapter 4

_MS

~ront layers (N2 input)

Rear layers or deep layers (_E£2 output)
_F#F provides logical (representation) track

NetTalk learns
80%reqular rules + 20% irregualr cases

CSIE 5052 922 U1180 neural networks by C.-Y. Liou 4



[LI\/IS by Widrow

Minimizing probability expectation E(error**2)
IS a wrong direction. JEf¢|F4E raw &

SN ER R E PSS
Record errors for each pattern and for each
neuron. One can develop various
manipulations k% for the training
sequence during training.

Tune welights for large errors with priority.
There is no need to introduce the
assumption “stationary, ...." E

CSIE 5052 922 U1180 neural networks by C.-Y. Liou 4,



[%‘E’\] Homework #1 Google cancer

Write BP program for 2-3-3-1 network + online hidden
tree.

NelTalk updating eq. for w(t+1)

Show how BP distributes corrections of error to each
neuron. BP/ il %12 see NetTalk

Record the 1-bit neighbors + 2-bit neighbors
Hidden representations

+ hidden tree by Sejnowski
Generate artificial data set or use real dataset
MSB & LSB neurons + pruning

CSIE 5052 922 U1180 neural networks by C.-Y. Liou 4


http://cloud4cancer.appspot.com/
http://papers.cnl.salk.edu/PDFs/Parallel Networks That Learn to Pronounce English Text 1987-3351.pdf

[I\/ILP & math ]

= Widrow adaptive

m Kolmogorov learning NN theory
= Kolmogorov ;[ K=

m MIT open course ware

= Kolmogorov space filling 2n+1
= Kolmogorov Fr

CSIE 5052 922 U1180 neural networks by C.-Y. Liou


http://en.wikipedia.org/wiki/Least_mean_squares_filter
D:/D/CYLIOU/文件/課程/類神經網路/NNNov27/kolmogrov.pdf
computational-power-of-neural.pdf
http://scholar.ilib.cn/abstract.aspx?A=zdhxb200106010
http://www.youtube.com/watch?v=PXTQsHOSpv4
http://portal.acm.org/citation.cfm?id=607644&dl=acm&coll=&CFID=15151515&CFTOKEN=6184618
http://www.springerlink.com/content/jh1ynbkk2p11mxu5/

[Komogorov theory 1957 ]

= Debates

m Kolmogorov's Theorem Is irrelevant
= An exact representation is hopeless

m Kolmogorov's Theorem Is Relevant
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http://cbcl.mit.edu/projects/cbcl/people/poggio/journals/girosi-poggio-NeuralComputation-1989.pdf
http://cbcl.mit.edu/people/poggio/journals/girosi-poggio-NeuralComputation-1989.pdf
http://cbcl.mit.edu/people/poggio/journals/girosi-poggio-NeuralComputation-1989.pdf
http://cbcl.mit.edu/people/poggio/journals/girosi-poggio-NeuralComputation-1989.pdf
http://www.mitpressjournals.org/doi/abs/10.1162/neco.1991.3.4.617
http://www.mitpressjournals.org/doi/abs/10.1162/neco.1991.3.4.617
http://www.mitpressjournals.org/doi/abs/10.1162/neco.1991.3.4.617

