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U Biological Neurons

_ Dendritescarry electrical signalsin into the neuron body.
Dendrites The neuron body integrates and thresholds the incoming signals.
The axon isasingle long nerve fiber that carries the signal from
the neuron body to other neurons.

A synapse is the connection between dendrites of two neurons.

Synapse + Incoming signals to a dendrite may be inhibitory or excitatory.
The strength of any input signal is determined by the strength of
Its synaptic connection. A neuron sends an impulse down its axon
If excitation exceeds inhibition by a critical amount (threshold/
offset/bias) within atime window (period of latent summation).

Memories are formed by the modification of the synaptic strengths
which can change during the entire life of the neura systems..

+ Biological neurons are rather dow (103 s) when compared with
the modern eectronic circuits. ==> The brain is faster than an
electronic computer because of its massively parallel structure.
\/\\ The brain has approximately 10! highly connected neurons (approx.
10* connections per neuron).
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U Historical Sketch of Neural Networks

1940s

Natural components of mind-like machines are simple abstractions based on the behavior
of biologica nerve cells, and such machines can be built by interconnecting such elements.

{} W. McCulloch & W. Pitts (1943) the first theory on the fundamentals of neural computing
(neuro-logicalnetworks) “A Logica Calculus of the Ideas Immanent in Nervous Activity”
==> McCulloch-Pitts neuron model; (1947) “How We Know Universals’ - an essay on networks
capable of recognizing spatia patternsinvariant of geometric transformations.

Cybernetics: attempt to combine concepts from biology, psychology, mathematics, and engineering.

<

D.O. Hebb (1949) “The Organization of Behavior” the first theory of psychology on conjectures
about neura networks (neural networks might learn by constructing internal representations of
concepts in the form of “cell-assemblies’ - subfamilies of neurons that would learn to support one
another’s activities). ==>Hebb’s learning rule: “When an axon of cell A is near enough to excite a
cell B and repeatedly or persistently takes part in firing it, some growth process or metabolic change
takes place in one or both cells such that A’s efficiency, as one of the cellsfiring B, isincreased.”

<
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1950s

Cybernetic machines devel oped as specific architectures to perform specific functions.
==> “machines that could learn to do things they aren’t built to do”

<> M. Minsky (1951) built areinforcement-based network learning system.

<)> |RE Symposium “The Design of Machinesto Simulate the Behavior of the Human Brain” (1955)
with four panel members: W.S. McCulloch, A.G. Oettinger, O.H. Schmitt, N. Rochester, invited
questioners. M. Minsky, M. Rubinoff, E.L. Gruenberg, J. Mauchly, M.E. Moran, W. Pitts, and the
moderator H.E. Tompkins,

<)> F. Rosenblatt (1958) the first practical Artificial Neural Network (ANN) - the perceptron, “The
Perceptron: A Probabilistic Model for Information Storage and Organization in the Brain.”.

I:> By the end of 50s, the NN field became dormant because of the new Al advances based on
seria processing of symbolic expressions.
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1960s

Connectionism (Neura Networks) - versus - Symbolism (Formal Reasoning)

{} B. Widrow & M.E. Hoff (1960) “ Adaptive Switching Circuits’ presents an adaptive percepton-like
network. The weights are adjusted so to minimize the mean square error between the actual and desired
output ==> Least Mean Square (LMS) error algorithm (1961) Widrow and his students “ Generalization
and Information Storage in Newtworks of Addine “Neurons.”

{} M. Minsky & S. Papert (1969) “Perceptrons” aforma analysis of the percepton networks explaining
their limitations and indicating directions for overcoming them ==> relationship between the perceptron’s
architecture and what it can learn: “no machine can learn to recognize X unless it poses some scheme

for representing X.”

D> Limitations of the perceptron networks led to the pessmist view of the NN field as having
no future ==> no more interest and funds for NN research!!!
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1970s

Memory aspects of the Neural Networks.

T. Kohonen (1972) “Correlation Matrix Memories’ a mathematical oriented paper proposing a
correlation matrix model for associative memory which istrained, using Hebb'’ s rule, to learn
associations between input and output vectors.

+ J.A. Anderson (1972) “A Simple Neural Network Generating an Interactive Memory” a physiological
oriented paper proposing a“linear associator’ model for associative memory, using Hebb' s rule, to learn
associations between input and output vectors.

+ S. Grossberg (1976) “Adaptive Pattern Classification and Universal Recording: I. Paralel Development
and Coding of Neura Feature Detectors’ describes a self-organizing NN model of the visual system
consisting of a short-term and long term memory mechanisms. ==> continuous-time competitive
network that forms a basis for the Adaptive Resonance Theory (ART) networks.
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1980s

Reviva of Learning Machine.

connectionst network but from highly evolved arrangements of smaller, specialized networks

H [Minsky]: “The marvel ous powers of the brain emerge not from any single, uniformly structured
which are interconnected in very specific ways.”

+ D.E. Rumdhart & J.L. McClelland, eds. (1986) “Paralld Distributed Processing: Explorationsin the
Microstructure of Cognition: Explorations in the Microstructure of Cognition” represents a milestone
in the resurgence of NN research.

{} J.A. Anderson & E. Rosenfeld (1988) “Neurocomputing: Foundations of Research” contains over forty
semina papersin the NN field.

{} DARPA Neural Network Study(1988) a comprehensive review of the theory and applications of the
Neural Networks.

+ I nternational Neural Network Society (1988) .... IEEE Tr. Neural Networks (1990).

University of Ottawa Sensing and Modelling Research Laboratory
School of Information Technology - STE SMRLab - Prof. Emil M. Petriu



@

U Artificial Neural Networks (ANN)

Some transfer functions “f”

{>> M cCulloch-Pitts modd of an artificial neuron

P —» yA
_ Hard Limit: y =0 if z<0 1
: y=1if z>=0 5>z

pj_',@ S 2yl f > Y y
. ‘ A
b

Symmetrical: y=-1 if z<0

' 1
-1

HardLimit y=+1 if z>=0

Ya
‘1. 1
_ Log—Sigrmld. ...............................
y=f(w,p,+...+ W p +... Wy pg + b) o~
o yRUwe) =,
y=f(Wp+D) y
Linear:
p=(p, ... ,Pr)" istheinput column-vector y=z2 z
W= (w,, ..., Wg) istheweight row-vector
*) Thebias b can be treated as a weight whose input is always 1.
University of Ottawa Sensing and Modelling Research Laboratory

School of Information Technology - STE SMRLab - Prof. Emil M. Petriu



Number of inputs and outputs of the network;

+ The Architecture of an ANN :>

Number of layers,;

How the layers are connected to each other;

The transfer function of each layer;

Number of neurons in each layer;

H ANNSs map input/stimulus values
to output/response values: Y=F (P).

[> Intelligent systems generalize:

their behavioral repertoires exceed
thelr experience. An intelligent
system is said to have a credtive
behaviour if it provides appropriate
Measure of system’s F credtivity: responses when faced with new stimuli. Usually the new stimuli
P’ resemble known stimuli P and their corresponding responses
Y resemble known/learned responses Y.

Volume of “stimuli ball B, * -
Volume of “response ball B,”
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A

linear output layer.

A

without biases.

Most of the mapping functions can be implemented by atwo-layer ANN: asigmoid layer feeding a

ANNSs with biases can represent relationships between inputs and outputs than networks

\/ Feed-forward ANNSs cannot implement temporal relationships. Recurrent ANNSs have internal

feedback paths that alow them to exhibit tempora behaviour.

Y (3R3)
—

Feed-forward architecture with threelayers

> Y@

Ly YR

Recurrent architecture (Hopfield NN)

The ANN is usually supplied with an initial
input vector and then the outputs are used
as inputs for each succeeding cycle.
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{>> L earning Rules (Training Algorithms) :> Procedure/algorithm to adjust the weights and biases
in order for the ANN to perform the desired task.

P> Supervised Learning

For agiven training set of pairs
{p(2),t(1)},...{p(n),t(n)}, where p(i)
IS an instance of the input vector and
t(i) isthe corresponding target
value for the output y, the learning
rule calculates the updated value of
the neuron weights and bias.

P> Reinforcement Learning

Similar to supervised learning - instead of being provided with the correct output value for each given
input, the algorithm is only provided with a given grade/score as a measure of ANN’s performance.

P> Unsupervised Learning

The weight and unbiased are adjusted based on inputs only. Most agorithms of thistype learn to
cluster input patterns into a finite number of classes. ==> e.g. vector quantization applications
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* THE PERCEPTRON

P> Frank Rosenblatt (1958), Marvin Minski & Seymour Papert (1969)

P> [Minski] “Perceptrons make decisions/determine whether or not event fits a certain patern
by adding up evidence obtained from many small experiments’

P> The per ceptron is aneuron with a hard limit transfer function and aweight adjustment mechanism
(“learning”) by comparing the actual and the expected output responses for any given input /stimulus.

P —»
' : f o Perceptrons are well suited for
: A pattern classification/recognition.

: z 11—
b —( W S—»—t>—7

' ‘ o Theweight adjustment/training

: mechanism is called the perceptron
pR—> b learning rule.

y=f(Wp+b)
NB: W isarow-vector and p isacolumn-vector.
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{>> Per ceptron Learning Rule

= Supervised learning

t <==thetarget value

e=ty <==theeror

Because of the perceptron’s hard limit
transfer function vy, t, e can take only
binary values

Perceptron learning rule:

B

if e=1, then Wrew = \\old + p prew = [pold + 7,

{ if e=-1,then Wrew =\\pold - p  prev = pold - 1 -

if e=0,then Wrew = \\fpold,

P1

—> — Y

S
|
b

Pn

éﬁé

p=(p, ... ,Pr)" istheinput column-vector
W= (X, ..., Xg) istheweight row-vector

Whnew = WOld + epT

I:‘> prew = pold + g
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> The hard limit transfer function (threshold function) provides the ability to classify input vectors
by deciding whether an input vector belongs to one of two linearly separable classes.

P
{>> Two-Input Perceptron ?

y =sgn(b) y =€gn (-b)

D B b,
1

—
P2 —p@ ‘ 0

}Q

[ y = hardlim (2) = hardlim{ [w, ,w,] - [p,, p,]” + b}

” Thetwo classes (linearly separable regions) in the two-dimensional
input space (p,, p,) are separated by the line of equation z = 0.

” Theboundary is aways orthogonal to the weight vector W.
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U _Example#1: Teaching atwo-input perceptron to classify five input vectorsinto two classes

}

(0.5, -0.6)T

p(d) =
(5 =0

1

0.2 0.9 0.40.1-0.6];

[11000];

W[ -2 2],
b=-1;

}

p(4) = (0.1, 0.1)7

{R@=o

P=[0.6 -0.2 -0.3 0.1 0.5;

(0.3, 0.4)T

p) =
t(3)=0

1

P> The MATLAB solution is:

A P

(0.2, 0.9)T

1

P(2)
t(2)

, O.2)T} {

p(1) = (0.6
=1

t(2)

1

0

pl ot pc(Wb);

T
pl ot pv(P, T);
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U Example#1: Input Vector Classification
2 T T T 1 T T T ) T

After nepoc = 11
(epochs of training
gtarting from an
initial weight vector

15

WE[-2 2] and a 1 i
bi as b=-1)
the weights are:

0.5 .
w, = 2.4
w,=3.1 &

0 R U — .
and the biasis: |
=- -05 i .
b=-2 | o
1k | i
_15 ! ! ! |: ! ! / / !
-08 -06 -04 -02 0 0.2 04 0.6 0.8 1 1.2
P1
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> The larger an input vector p is, the larger isits effect on the weight vector W during the learning process

B> L ong training times can be caused by the presence of an “outlier,” i.e. an input vector
whose magnitude is much larger, or smaller, than other input vectors.

&> Normalized perceptron learning rule, Wrew = Weld + epT /| p |
the effect of each input vector on the

weightsis of the same magnitude: brew = pod + e

+ Per ceptron Networksfor Linearly Separable Vectors

P> The hard limit transfer function of the perceptron provides the ability to classify input vectors
by deciding whether an input vector belongs to one of two linearly separable classes.

p=[0011; p=[0011;
0101] 0101]
tapo=[0 00 1] tor=[01 1 1]
(= (=
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{>> Three-Input Perceptron

” Thetwoclassesin P
the 3-dimensiona
input space (p,, P, P P2
are separated by the
plane of equation z = 0. Ps

y =hardlim(z)
= hardlim{ [w, ,w, ,w;] -
[Py, P, PS]™ + 0}

bhi

b
EXAMPLE
P=[-111-1-111-1, | T=[01001110]
-1-111-1-11 1,
-1-1-1-1 111 1]

-2 2
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’ One-layer multi-per ceptron classification of linearly separable patterns

MATLAB representation:

Demo P3 inthe “MATLAB Neural Network
@ Toolbox - User's Guide’

| nput Perceptron Layer

r Y ~ P=[0.10.7 08 08 1.0 0.3 0.0 -0.3 -05 -15

M p y 12 1816 06 08 05 0.2 08 -15 -1.3]
EZ W ™ Sx1 T=[1110011100; 00=0;10=+
SR | SL2, [ 0000011111]@{01:*;11:)(}
Sx1 Where: 4 . : : \ :

| 1> b R = # Inputs
R Sx1 S=# Neurons

\ A N _

y = hardlim(W* p+b)

5
10

_ o}
R = 2 inputs
5 S=2neurons
m d b
107 - : : — 4% Epochs 3 :
0 2 4 6 8 -3 2 1 0 1 2 3
Py
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{>> Per ceptron Networ ks for Linearly Non-Separ able Vectors

If astraight line cannot be drawn between the set of
’ Input vectors associated with targets of 0 value and
] the input vectors associated with targets of 1, than a
] perceptron cannot classify these input vectors.

¢ One solution isto use atwo layer architecture, the perceptrons in the first layer are
used as preprocessors producing linearly separable vectors for the second layer.
(Alternatively, it is possible to use linear ANN

or back-propagation networks
P1 » 71, 1A vi, propag )
P, »‘ > o] sz» 1A_ - Y2
1
@ | bll fl S ——O—P
() 1] 2
b2
—p
_> | o * Wi Wi 11 bl, -1.5
bL, i1 Woy Woo | [ 11 bl, | | -05

> Therow index of aweight indicates the destination
neuron of the weight and the column index indicates [w2,, w2,,] =[-1 1] [ b2, ] =[-0.5]
which source is the input for that weight.
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* LINEAR NEURAL NETWORKS (ADALINE NETWORKY)

I nput Linear Neuron Layer
' - v R ( Linear neurons have a linear transfer functionthat
P y allowsto use a Least Mean-Square (LM S) procedure
_’
W ST - \Widrow-Hoff learning rule- to adjust weights and
SXR S LZ > 7L biases according to the magnitude of errors.
1
1» b [

(J Linear neurons suffer from the same limitation as the
Sx1 perceptron networks: they can only solve linearly
\ )~ : ~ separable problems
y = purein(W*p+b)

T |

Where: R =#Inputs, S=# Neurons ( ADALINE <== ADAptive LInear NEuron)

{>> Widrow-Hoff Learning Rule ( The ) Rule)

The LMS algorithm will adjust ADALINE’s weights
v =2) y and biases in such away to minimize the mean-square-
error E[€?] between all sets of the desired response
and network’ s actual response:

E[ty)?]=E[(t-(W,...wg b)-(p;... Pr DT)? ]
=E[(t-W p)*]

LMS
[ Learning Rule } (NB: E[...] denotes the “expected value’; p is column vector)
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>> Widrow-Hoff algorithm

E[€]=E[ (t-W -p)?] ={asfor deterministic signals the expectation becomes a time-average}
= E[t7] - 2W -E[tp] + W -E[ppT] -WT

The cross-correlation j,—/ ——
between the input vector The input cross @ If the input correlation matrix is positive
and its associated target. correlation matrix the LM S agorithm will converge as there will

aunique minimumof the mean squareerror.

U The W-H ruleis an iterative algorithm uses the “ steepest-descent” method to reduce the mean-square-error.
The key point of the W-H agorithm is that it replaces E[€?] estimation by the squared error of the iteration k:

e2(k). At each iteration step k it estimates the gradient of this error V) with respect to W as avector consisting
of the partial derivatives of €(k) with respect to each weight:

N* _fe?(k) _ | we?(k) Te? (k) Te? (k)
k — W (k) = Jw,(k) === fwg (k) » fb(k)

The weight vector is then modified in the direction that decreases the error:
_ o Te (k) _ fe(k)
W(k+1)=W(K)- m- N, =W(k)- m- g =W (k)- 2m- e(k) - sw

<> Ast(k) and p(k) - both affecting e(k) - are independent of W (k), we obtain the final expression of the
Widrow-Hoff learning rule:

W(k+1) =W (k) + 2me(k) p(K) | ) p(k+1) = b(k) +2me(k)

where m the “learning rate” and (k) = t(k)-y(k) = t(k)-W (K) - p(k)
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>> Widrow-Hoff algorithm

} Demo Lin 2inthe“MATLAB Neural Network Toolbox - User’s Guide”

[ 1.0 -1.2] |::> One-neuron one-input ADALINE, starting from some random
[05 1.0]

P
T values for w = -0.96 and b= -0.90 and using the “trainwvh” MATLAB
NN toolbox function, reaches the target after 12 epochs with an error
€< 0.001. The solution found for the weight and biasis:

w =-0.2354 and b= 0.7066.

Error

-1 0.5 I (=5 1
Weight W
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{} Back-Propagation Learning P. Werbos (Ph.D. thesis 1974);
- The Generalized ) Rule D. Parker (1985), Y ann Le Cun(1985),
D. Rumelhart, G. Hinton, R. Williams (1986)

O Singlelayer ANNSs are suitable to only solving linearly separable classification problems. Multiple feed-
forward layers can give an ANN greater freedom. Any reasonable function can be modeled by atwo layer
architecture: asigmoid layer feeding a linear output layer.

O Singlelayer ANNSs are only able to solve linearly Widrow-Hoff learning applies to single layer networks.
==> generaized W-H agorithm (D -rule) ==> back-propagation lear ning.

O Back-propagation ANNS often have one or more hidden layers of
sigmoid neurons followed by an output layer of linear neurons.

Two-layer ANN that can approximate
any function with a finite number of
of discontinuities, arbitrarily

| nput Sgmoid Neuron Layer Linear Neuron Layer _ =
p y — — well, given sufficient neurons
— 1 in the hidden layer.
Rz; W1 ;1x1> W2 —» —’82x1
SIXR S z1 = sxsl | g 72 7L e2= (t-y2) = (t- purelin
S1x1l SZx’l (W2*tansg(W 1*p
1% bl > 15 p2 +bl) +b2))
R Six1 S2x1 The error isan indirect
\ )~ : ~ ~~ : ~ function of the weights
y1 =tansig(W1*p+bl) y2 = purelin(W2*y1+b2) in the hidden layers.
University of Ottawa Sensing and Modelling Research Laboratory
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>>Back-Propagation

U Back-propagation is an iterative steepest descent algorithm, in which the performance index
IS the mean sgquare error E [€2] between the desired response and network’ s actual response:

I nput >
Yy
] Phase | : The input vector is propagated forward (fed- " >
forward) trough the consecutive layers of the ANN. Syx1

Phase Il : The errors are recursively back-propagated
trough the layers and appropriate weight changes are
made. Because the output error is an indirect function

of the weightsin the hidden layers, we have to use the
“chain rule” of calculus when calculating the derivatives
with respect to the weights and biases in the hidden layers.
These derivatives of the squared error are computed first
at the last (output) layer and then propagated backward
\from layer to layer using the “chain rule.”

University of Ottawa Sensing and Modelling Research Laboratory
School of Information Technology - STE SMRLab - Prof. Emil M. Petriu



EXAMPLE: | Function Approximation by Back-Propagation Demo BP4 in the” MATLAB Neural
Network Toolbox User’s Guide’
Input Sgmoid Neuron Layer Linear Neuron Layer
' -~ N 'z Y
P 1 2 .
L Wl y;, W2 > y R = 1 input
RxQ Six1 5 Ol Sl= 5 neurons
R SIXQ S 241, 4 S2xS1 S £ o 7L in layer #1
SIxQ %0 S2 =1 neuron
in layer #2
vectors
Q . Sk S L S s2,

y1 = tandg(W 1* P+b1)

1 ! ! !

Target vector T

-1 -0.5 0 0.5 1
Input vector P

y2 = purein(W2*y1+b2)

The back-propagation agorithm took 454 epochsto
approximate the 21 target vectors with an error < 0.02

Error

0 50 100 150 200 250

Epochs

1 L
300 350
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D HARDWARE NEURAL NETWORK ARCHITECTUCTURES

{>> ANNSs / Neur ocomputer s ==>architectures optimized for neuron model implementation

= general-purpose, able to emulate a wide range of NN models;

= gspecial-purpose, dedicated to a specific NN mode.

1012

109

106

108

4 Number of nodes

RAMS
Specia-purpose heurocomputers
Computatlonal arays

:O /General puUrpose neurocomputers
«‘ ~——Sygtalic arrays

Conventiona parallel
computers

LN =S N Sequential computers
> >

“VLS

AY
I I~ I

.
18 106 100 102  Node complexity

[VLS area/node]

[from P. Treleaven, M. Pacheco, M. Vellasco,

| Architectures for Neural Networks,”

|IEEE Micro, Dec. 1989, pp. 8-27]

ANN VLS Architectures:
 analog ==> compact,high speed,
asynchronous, no guantization
errors, convenient weight “+”and “X”;
« digital ==> more efifcient VLS| technology,
robust, convenient weight storage;

Pulse Data Representation:

 Pulse Amplitude Modulation (PAM) -
not satisfactory for NN processing;

 Pulse Width Modulation (PWM);

* Pulse Frequency Modulation (PFM).

D> Pulse Stream ANNSs: combination of
different pulse data representation methods
and opportunistic use of both analog and
digital implementation techniques.

University of Ottawa
School of Information Technology - STE

Sensing and Modelling Research Laboratory

SMRLab - Prof. Emil M. Petriu



HARDWARE NEURAL NETWORK ARCHITECTURES USING
RANDOM-PULSE DATA REPRESENTATION

+ Looking for amode to prove that algebraic operations with analog variables can be performed by
logical gates, von Neuman advanced in 1956 the idea of representing analog variables by the mean
rate of random-pulse streams [J. von Neuman, “ Probabilistic logics and the synthesis of reliable
organisms from unreliable components,” in Automata Sudies, (C.E. Shannon, Ed.), Princeton, NJ,
Princeton University Press, 1956].

+ The “random-pulse machine” concept, [ST. Ribeiro, “ Random-pulse machines,” |EEE Trans. Electron.
Comp., vol. EC-16, no. 3, pp. 261-276,1967], a.k.a. "noise computer”, "stochastic computing*, “dithering”
deals with analog variables represented by the mean rate of random-pulse streams allowing to use digital
circuitsto perform arithmetic operations. This concept presents a good tradeoff between the electronic
circuit complexity and the computational accuracy. The resulting neural network architecture has a high
packing density and is well suited for very large scale integration (VLS).
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+«* HARDWARE ANN USING RANDOM-PULSE (1-BIT) DATA REPRESENTATION

[ E.M. Petriu, K. Watanabe, T. Yeap, "Applications of Random-Pulse Machine Concept to
Neural Network Design,"” IEEE Trans. Instrum. Meas., Vol. 45, No.2, pp.665-669, 1996. |
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*%* HARDWARE ANN USING MULTI-BIT RANDOM-DATA REPRESENTATION

[ E.M. Petriu, L. Zhao, S.R. Das, and A. Cornell, "Instrumentation Applications of Random-Data Representation,”
Proc. IMTC/2000, IEEE Instrum. Meas. Technol. Conf., pp. 872-877, Baltimore, MD, May 2000]
[ L. Zhao, "Random Pulse Artificial Neural Network Architecture,” M.A.Sc. Thesis, University of Ottawa, 1998]
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>>> Random-Pulse Hardware ANN
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>>> Random-Pulse Hardware ANN
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>>> Random-Pulse Hardware ANN
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>>> Random-Pulse Hardware ANN

Random Pulse Addition :

x1. \\
Is
X1RQ .
——_1s
4
I
MAVXIRQ
dz1 .
Is
x2. =-3
Is
-\ - -
X2RQ ST — . _ e o gt
R ! 7 LN g SRR T TR T e ==
4 7
- ,
- v
MAVX2RQ == 3  hemeeemerenmes ek / _
- 3.5
dz2
Is
x1 i34-X2i5_-6 i i hl .'rn—l.—rr!Irr!rl:r:!rl.—! I._!ﬂ.'!._!mﬂ'l 'I Mimmmin kst e sl _I_n _IH_I'!._!._
- § § i A T !!EH i g |i'i [ |EEEE|'|' R it i
SUMRQX § § i a1 iR e Eatl a@d i I iiu'i i |i'i Eiu!i i |EEEE|'|' ii il 'iii it il
s g5 L L ) 999 1 A4 iEii LSy owim LEiab ms g NI TR U
4
-
MAVSUMRQX -6
Is ."..4‘“
- . -‘- Y
! 4 t a0 PR i O =
azs i J A e W W “\oporoy
S LI L 4 Ay 1.

- ] ,’ Y'ing = T .Y S
dH g A i \ AR
- Uercoy, Al Vo Nry
dL .

Is

.'I'!II.'!IE'! ﬂ?ﬂl?!m n Irl'n._!._l_l_ﬂﬂ E'H'Imllm'l'll'l'l1l1]_l_w_|m1_|llm1ﬂ 'I1II'I 'II'I Ehhaihkhid
TiSNER BEINEE N MR MDD PG EEiu'iu'I HEIRLGEE B LN 1 BNl (HEEND NG Eii AR
MGELS R BEIGEIE 1 0 aaald Rl REAIL nENiRdIE A LanhEE E' 'iiiiu‘u' |iiEi' E ihg i tRRE A B 'i iu |i'|i'

ILEEIE M PPITIIMIY B P 133 U3 3 J'.ﬂ'_lﬂ!lJlJl 1malnal n usiaLuae 1 1113 11 J'.LI ﬂll_lJ'.I
i
a2 1 I
32 266 500

1S

University of Ottawa Sensing and Modelling Research Laboratory
School of Information Technology - STE SMRLab - Prof. Emil M. Petriu



>>> Random-Pulse Hardware ANN
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>>> Random-Pulse Hardware ANN
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>>> Random-Pulse Hardware ANN
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>>> Random-Pulse Hardware ANN

jﬁ

—
E ﬁ Recovery of 30% occluded patterns
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NEURAL NETWORK MODELS OF PHYSICAL PROCESSES

Modelling alowsto simulate the behavior of asystem for avariety
of initial conditions,excitations and systems configurations
- often in a much shorter time than would be required to
physically build and test a prototype experimentally

i\g The quality and the degree of the approximation of the model can be
determined only by avalidation against experimental measurements.

* The convenience of the model meansthat it is capable of performing
extensive parametric studies, in which independent parameters
describing the model can be varied over a specified rangein order to gain
aglobal understanding of the response.

EE) A more relevant model might be one which provides results more
rapidly - even if adegradation in a solution accuracy results.
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Analog Computer vs. Neural Network Tools
for Physical Processes Modelling

O Both the Analog Computers and the Neural Networks are continuous
modelling devices.

O The Analog Computer (AC) alowsto solve the linear or nonlinear differential
and/or integral equations representing mathematical model of a given physica
process. The coefficients of these equations must be exactly known asthey are
used to program/adjust the coefficient-potentiometers of the AC’ s computing
-elements (OpAmps). The AC doesn’t follow a sequential computation, all its
computing elements perform simultaneously and continuoudly.

As an interesting note, “because of the difficulties inherent in

analog differentiation the [differential] equation is rearranged so that it can be
solved by integration rather than differentiation.” [A.S. Jackson, Analog
Computation, McGraw-Hill Book Co., 1960].
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>> Anaog Computer vs. Neural Network Tools for Physical Processes Modelling

0  TheNeura Network (NN) doesn’t require a prior mathematical model.
A learning algorithmis used to adjust, sequentially by trail and error
during the learning phase, the synaptic-weights/ coefficient-potentiometers
of the neurons/computing-elements. Asthe AC, the NN don’t follow a
sequential computation, all its neuron performing simultaneously and

continuously. The neurons are also integrative-type computing/processing
elements.
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ANALYTIC
MODEL - NEURAL NETWORK
NUMERI CAL AND/OR - OFF LINE TRAINING
SOLUTION

Neural Network Models

DATA

EXPERIMENTAL
MEASUREMENT

NEURAL NETWORK
- ON LINE MODEL
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EMC Modelling

<>> EMC Design Levels

for Electronic Design Automation

<~ Optimum Approach to EMC Design

Svstem

o {Design+Test+Anaysis} Synergy

M otherboard

Eauipment

Sub-Svstem

« EMC_Behavior = F (Design_Principle,

PC. Boad

Component/Device

Analysis& Modeling& Simulation_Tooals,
Test Methodology& I nstrumentation)

University of Ottawa
School of Information Technology - STE

Sensing and Modelling Research Laboratory
SMRLab - Prof. Emil M. Petriu



Product Design Cycles for Traditional and Virtual Prototyping

Electronics Electronics
Hand Partitioning Virtual Prototyping
l i - Floorplan & partition
¢ - Trade-off anaysis
Placement 1 - Design Optimization
¢ | 2-4w ] ¢
. I
Eng. Review Placement
¢_ | 12w [ ¢
Rouing <« Routing
Eng. Review [ L Z4W Analysis
v , \ v
Analysis — 24w | 1 Prototype @
v Acceptable Design
2-4 Prototypes > (10-14 weeks) Optimized Design (3-4 weeks)
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Electromagnetic Compatibility (EMC) Modelling Methods

€ circuit theory to describe the conducted disturbances (such as
overvoltages, voltage dips, voltage interruptions, harmonics,
common ground coupling);

o eguivalent circuit with either distributed or lumped parameters
(such asinlow frequency electromagnetic field coupling expressed
in terms of mutual inductances and stray capacitances, field-to-line
coupling using the transmission line approximation, and cable crosstalk);

o formal solutions to Maxwell's equations and the appropriate
field boundary conditions (as for example in problems involving
antenna scattering and radiation).

University of Ottawa Sensing and Modelling Research Laboratory
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Electromagnetic Models Based on Maxwell's Equations

{)> linear phenomena: appropriate models can be
developed directly from Maxwell's equations

<= nonlinear behavior: necessary to combine
measurements of the nonlinear behavior together
with the Maxwell equations.
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Parallel and Distributed Processing Techniques
for Electromagnetic Field Solution

* Classical numerical EM modelling using sequential algorithms
such as TLM (transmission-line matrix) or FEM (finite element method)
IS computer intensive, particularly as spatial discretization, geometry
complexity, and domain size requirements become more demanding.

a

* More efficient parallel and distributed computing techniques must be
developed to reduce the execution time for these methods so that they can
be used in commercial CAD software. Speed of execution is particularly
important when the field analysisis to be coupled with optimization,
which may require several hundred analyses to be performed within a

reasonabletime. mm=) NN models
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* NN modeling of the 3D EM field radiated by a dielectric-ring
resonator antenna

[I. Ratner, H.O. Ali, E.M. Petriu, "Neural Network Simulation of
a Dielectric Ring Resonator Antenna," J. Systems Architecture,
vol. 44, No. 8, pp. 569-581, 1998. ]

Maxwell'sequations: N xH=(s +jwe)E Finite Element Method (FEM)

1400 frequency steps 2-16 GHz;

N xE = -jwmH 31 didlectric constants; a=d=5.14 mm
. _ Frequency is 7 GHz
N x N xH= -jwm(s +jW€)H L ,-T\ Fing height is 4 cm
.g-am / |
2 o)
» E—'II:IH_
e
“-{:ﬂ:__:_
10:,

Digletric Gonstant 04

Ring Radius, cm
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>> NN modeling of dielectric-ring resonator antenna EMF

FEM numerica
Solution =>
1.310° s on
SPARC 10 UNIX

NEURAL NETWORK
Two input neurons (frequency, dielectric constant) + Two hidden layers (5 neurons
each, with hyperbolic tangent activation function) + One ouput linear neuron;
Backpropagation using the L evenberg-Marquard algorithm;

55 s /200 epochs to train the NN off lineon SPARC 10 UNIX station;

0.5 s to render on line5,000 pointsof the EM field surface- model, SPARC 10 UNIX.

Frequency is 7 GHz

=30 - Ring height is 4 cm

Reflection Coefficient, dB

Dielectric Canstant
Ring Radius, cm
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* Modeling Single Stripline Interconnects

[ Mao Jie, “NN Modeling of Single Stripline Interconnects,” Technical Report,
SMRLab, SITE, University of Ottawa, 1998

12
H2 — i > Model for Z,,
w2 t

Didlectric, € 1 H1 > Model for Cyand L,

\ )

Ground Plane
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>> Modeling Single Stripline Interconnects

NN architecture modelling Z,

. > .
W —_ tansig purelin Z
h —
E— 12 neurons > 14 neurons
t
Hidden Layer Output Layer
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>> Modeling Single Stripline Interconnects
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>> Modeling Single Stripline Interconnects

NN architecture modelling C, and L,
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>> Modeling Single Stripline Interconnects

recalling result
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>> Modeling Single Stripline Interconnects

recalling result L,
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NEURAL NETWORK MODELLING OF
PLAIN AND GROOVED MICROSTRIPS

[ A. Chubukjan, “Computational Aspects in Modelling Electromagnetic Field Parameters in Microstrips,
“Ph.D. Thesis, University of Ottawa, 2000 ]

** The problem was solved by “Vector Finite Element Method” VFEM,

and the values of the microstrip characteristic impedance for both plain and grooved
geometries were obtained. These values describing both the frequency-dependent
and/or groove-dependent behaviour of each microstrip geometry were used to

train the NN models.

** A feedforward network with backpropagation, having one or more hidden
layers with non-linear transfer functions and one output layer with alinear
transfer function, is capable of approximating any function with a finite number
of discontinuities with arbitrary accuracy. A two-layer ssgmoid/linear NN can
represent any functional relationship between inputs and outputsif the sigmoid
layer has enough neurons.
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>> NN modelling of microstrips

e The grooved microstrip was modelled initially by two separate

one hidden-layer NN architectures, having 50 and 60 hidden neurons
respectively. These networks were trained both by decimation and by

the standard way. The resulting error obtained by decimation was
comparable to that obtained by standard training, and at times, was superior.
The networks reached the desired error goa easily, with excellent
sum-squared error figures. Nevertheless, the NN architecture with

60 neuron hidden-layer gave better results compared to the 50 neuron
hidden-layer architecture, and it was selected for further modelling.
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>> NN modelling of microstrips
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>> NN modelling of microstrips

Groove Depth = 0.045 mm 1 HL -- 60 Neurons -- 6+6+5=17 Epochs
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MODEL CALIBRATION

The whole idea of virtual prototyping relies on the ability
to develop models conformable to the physical objects and
phenomena which represent reality very closely.

Ll

Thereisaneed for calibration techniques able to validate
the conformance with the physical reality of the models
incorporated in the new prototyping tools.
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Experimental Measurements

{>> The EM field training data are conveniently obtained as analytical
estimations of far-field valuesin 3D space and frequency from near-field
data using the finite element method combined with method of integral
absorbing boundary conditions.

< The near field data could be obtained analytically and/or by physically
measuring EM field values at for given frequency values and 3D space locations.

{>> This approach allows to replace the usual cumbersome open site far-field
measurement technique by anechoic chamber measurements.
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i/\( The amount and extent of the area of measurementsis significantly
reduced by collecting data in the near-field only and calculating
then the far-field values using Poggio's equation:

¢ 1G{r r U

"1 .¢ "\NTH(r ( ’ )U
H(r )_4p ngG(r,r )Jﬂn_l H(r) n lL:IIdSl

e u

where:
-S, is the surface on which measurements are made,
closed or made closed,
-nisthe normal to S, and
IS the free space Green’ s function.

* Thisequation states that if the field values and their derivatives are known on a closed

surface enclosing all inhomogeneities, then the field outside the surface can be calculated.

University of Ottawa Sensing and Modelling Research Laboratory
School of Information Technology - STE SMRLab - Prof. Emil M. Petriu



Experimental setup for the noninvasive measurement of the 3D near field data
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NEURAL NETWORK MODELLING OF HUMAN AVATARS
IN INTERACTIVE VIRTUAL ENVIRONMENTS

Avatar Machine-level Instructions

COMPILER

INVERSE KINEMATIC CONTROL
SCHEDULER

CONCURRENCY MANAGER

3-D ARTICULATED AVATAR

Face Modell Body Model
(Facial Action Coding) (Joint Control )

Joint-
activation
instructions

Face
muscle-
activation
instructions

Story-level
Instructions

\ 4

Voice
synthesizer

i
O -

ANIMATION
SCRIPT
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Scripting Language: Abstraction Levels

» Threelevelsof abstraction for the avatar animation scripting language:
— Highedt: story-level description
» constrained English-like description

» syntactic and semantic analysis to extract information such as. main player(s), action,
subject and object of the action, relative location, degree, etc.

« trandatein aset of skill-level instructions, that may be executed sequentially or
concurrently

— Middle: skill-level macro-instructions
» describe basic body and facial skills (such as walk, smile, wave hand, etc.)

 each skill involves a number of musclée/joint activation instructions that may be executed
sequentialy or concurrently

— Lowest: muscle/joint activation instructions
 activation of individual muscles or joints to control the face, body or hand movement

University of Ottawa Sensing and Modelling Research Laboratory
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Personalizing Skills

 Add “personality” to skill-level macro-instructions
— different avatars may perform acertain skill in a “personalized” way
« examples: “walk like Charlie Chaplin”
“write like Emil”

— thereisaskill generalization/specialization relationship (similar to object-
oriented systems) between

* ageneric skill
» one or more specialized (or personalized) skills
» Personalizing skills
— by using Neural Network models
« off-linetraining
* on-linerendering
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STORY-LEVEL DESCRIPTION

DanielA sits on the red chair.

DaniedlA writes“Hello” on stationary.
Daniel A sees HappyCat under the white table
and starts smiling.

HappyCat grins back.

DanielA’sright hand movesthe pen to follow the trace representing “H”.
DanielA’ s right hand moves the pen to follow the trace representing “€’.
DanielA’s right hand moves the pen to follow the trace representing “I”.
DanielA’ s right hand moves the pen to follow the trace representing “I”.
Daniel A’ s right hand moves the pen to follow the trace representing “o”.
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SKILL-LEVEL MACRO-INSTRUCTIONS

DanielA’sright hand movesthe pen to follow the trace representing “H”.

3-D Model of
DanieA’s
Rotate Wristto a | Right Hand .
DanielA’s specific style > y
pf. moving -hIS“rlg’ht arm Rotate Elbow to b | Shoulder
joints to write “H >
( NN model capturing
DanielA’s writing personality ) Rotate Shoulder to gk
4
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